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Abstract

Outdoor air pollution (AP) is a serious public threat which has been linked to severe
respiratory and cardiovascular illnesses, and premature deaths especially among those
residing in highly urbanised cities. As such, there is a need to develop early-warning
and risk management tools to alleviate its effects. The main objective of this research is
to develop AP forecasting models based on Artificial Neural Networks (ANNs) accord-
ing to an identified model-building protocol from existing related works. Plain, hybrid
and ensemble ANN model architectures were developed to estimate the temporal and
spatiotemporal variability of hourly NO3 levels in several locations in the Greater Lon-
don area. Wavelet decomposition was integrated with Multilayer Perceptron (MLP)
and Long Short-term Memory (LSTM) models to address the issue of high variability
of AP data and improve the estimation of peak AP levels. Block-splitting and cross-
validation procedures have been adapted to validate the models based on Root Mean
Squared Error (RMSE), Mean Absolute Error (MAE), and Willmott’s index of agree-
ment (IA). The results of the proposed models present better performance than those
from the benchmark models. For instance, the proposed wavelet-based hybrid approach
provided 39.15% and 28.58% reductions in RMSE and MAE indices, respectively, on
the performance of the benchmark MLP model results for the temporal forecasting of
NO3; levels. The same approach reduced the RMSE and MAE indices of the benchmark
LSTM model results by 12.45% and 20.08%, respectively, for the spatiotemporal esti-
mation of NO2 levels in one site at Central London. The proposed hybrid deep learning
approach offers great potential to be operational in providing air pollution forecasts in
areas without a reliable database. The model-building protocol adapted in this thesis

can also be applied to studies using measurements from other sites.
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Chapter 1

Introduction

Research on the development of air quality models continues to rapidly progress as out-
door air pollution (AP) remains the biggest environmental risk to public health (Oliveri
Conti et al., 2017). For instance, 4.2 million premature mortalities worldwide per year
were linked to outdoor AP the majority of which were due to ischaemic heart dis-
eases and strokes (see Figure 1.1a). Furthermore, the number of respiratory diseases
among children and adults and premature deaths due to outdoor AP is projected to
skyrocket at substantial levels from 2010 to 2060 (see Figure 1.1b). Although outdoor
air quality has improved in many areas especially in high-income countries over the past
decades (Fann et al., 2009; Crippa et al., 2016), peak AP levels continue to escalate at

an alarming rate a ecting economies and public health due to rapid industrialisation.

(@) (b)

Fig. 1.1. (a) Breakdown of outdoor AP-related premature death causes per
year (WHO, 2016), and (b) Projected number of cases (in millions) of AP-related
respiratory diseases and premature deaths from 2010 to 2060 (OECD, 2016).
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As such, various approaches have been implemented by policy-makers and the sci-
entic community to manage and mitigate the adverse e ects of outdoor AP levels
especially on public health. Firstly, abatement measures have been put in place to en-
sure that concentration levels of pollutants such as ozone (), ne patrticles (PM 19 and
PM2:5), and nitrogen dioxide (NO>), fall within acceptable legislative standards (Bak-
lanov et al., 2007; Gers et al., 2001). For instance, European Union (EU) member
states are mandated to assess their AP levels especially in densely-populated areas via
measurements, modelling and other empirical techniques and report the collected data
to the European Commission for compliance (Nagl et al., 2016). On the other hand,
the modelling of outdoor AP levels has been employed to assist urban planners in pro-
viding well-informed decisions that reduce the impacts of outdoor AP (Baklanov et al.,
2007; Chen et al., 2018; McLaren and Williams, 2015). For instance, the restriction
on driving and certain industries has been implemented during the predicted periods
of peak pollution episodes in Santiago, Chile (Gers et al., 2001). Such an action was
reported to minimise PM».5 concentration levels by 20% and reduced around 8 deaths
per day. Rapid alerts derived from AP forecasting models also act as early-warning
systems which can reduce the health and economic burdens of peak AP episodes in
urbanised locations (McLaren and Williams, 2015; Kelly et al., 2012). In detall, the
public especially those with underlying respiratory conditions can enforce personal mit-
igation measures against outdoor AP. For instance, daily pollution forecasts in Canada
have been found to help decrease the number of asthma-related cases by 25% (Chen
et al., 2018). This has lead to the increasing demand for intensive research e orts to
help improve the performance of existing AP modelling systems.

However, AP modelling is a non-trivial task, and the di culty of such task primarily
depends on the speci ¢ purpose of the AP model itself. Colls (2001) summarises the

di erent purposes of AP models as follows:

~

to determine which sources are responsible for what proportion of AP concentra-

tion at any location where a measuring device is placed;

" to estimate population exposure on a higher spatial or temporal resolution than

is practicable by measurement;
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" to target emission reductions on the highest contributors; and

~

to forecast and predict AP concentration variations over time.

In the context of building AP forecasting models, modellers have faced limitations
due to the complex, non-linear, and poorly understood dynamics that exist between
outdoor air pollutants and many parameters in the environment, e.g. meteorology,
tra c, etc. (Colls, 2001; Gardner and Dorling, 1998; Sportisse, 2010). Colls (2001) de-
scribes a perfect AP model as \one that is able to predict the spatial and temporal
variations of AP concentrations to su cient accuracy for all practical reasons, deeming
other measurements unnecessary." Since then, various outdoor AP forecasting ap-
proaches attempting to satisfy the conditions of the above-mentioned de nition have
already been developed. They are fundamentally categorised as eithphysics-basedor

statistical approaches.

1.1 Physics-based Approaches

Physics-based approaches model air quality through a detailed understanding of the
physical, chemical and uid dynamical processes in the atmosphere (Colls, 2001; Gard-
ner, 1999). They require parameters that describe the formation, generation and dis-
persion of air pollutants in the ambient environment In order to operate (Jacobson,
1997). The main advantage of implementing physics-based models is their ability pro-
vide insights describing the mechanisms between AP and meteorological variables in
the atmosphere.

Popular examples of physics-based models include the Urban Airshed Model (UAM)
(Chang and Cardelino, 2000), Weather Research and Forecasting Model with Chem-
istry (WRF/Chem) (Chuang et al., 2011), Community Multiscale Air Quality (CMAQ)
model (Mueller and Mallard, 2011) and ensemble systems (Ganev et al., 2008).

However, physics-based models are limited in various aspects. Firstly, they rely on
highly-simpli ed assumptions concerning air pollutant behaviours, e.g. constant source
emissions and homogeneous atmospheric conditions over space and time (Gardner,

1999; Lagzi et al., 2013). This can restrict the usefulness and accuracy of model out-

3
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puts especially in locations with highly dynamic conditions of variables associated with
outdoor AP levels (Lu and Xue, 2015; Luecken et al., 2006).

Physics-based models also yield results that do not share the spatial resolution of
real-world observations from monitoring sites (Colls, 2001; Chave and Levin, 2003; Na-
tional Research Council, 2007). In more detail, the dynamics describing the dispersion
of air pollutants is usually complex that modellers resort to producing forecasts on
coarse grids. As such, the resulting forecasts can be useless in most cases when utilised
to explain the outdoor AP conditions in local situations (Valput et al., 2019). Further-
more, such results cannot be automatically compared to conventional observations of
real-world pollutant levels.

Physics-based models also require several types parameters which are di cult to
obtain and usually estimated by modellers based on experience leading to reduced
accuracy of results (Xu et al., 2017; De Ridder et al., 2012).

Finally, the implementation of physics-based models can be computationally ex-
pensive and intractable (Beelen et al., 2009; Dutot et al., 2007; Fernando et al., 2012;

Gocheva-llieva et al., 2014).

1.2 Statistical Approaches

In contrast, statistical models estimate the underlying dynamics between a pollutant
behaviour directly from measured data. That is, data on AP concentration levels at
a given site alongside explanatory data that might a ect them are used to estimate
their future values. Hence, statistical models do not share the di culties exhibited
by physics-based models. Many of the traditional statistical AP models include re-
gression methods, time series analysis, classi cation and cluster analysis and princi-
pal component analysis (Gardner, 1999; Shahraiyni and Sodoudi, 2016). Given the
complex non-linear and ill-de ned dynamics between outdoor air pollutants and envi-
ronmental parameters, the performance of traditional linear statistical models is often
limited (Gardner and Dorling, 1998; Shahraiyni and Sodoudi, 2016). In detail, most
statistical models assume linearity between AP concentration levels and explanatory

variables making them unable to capture the complex non-linear relationship among
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di erent variables in the ambient environment.

Alternatively, statistical models that incorporate Al-based techniques have gained
massive popularity in recent years as they are able to circumvent the limitations of tra-
ditional statistical models (Gardner and Dorling, 1998; Shahraiyni and Sodoudi, 2016;
Abderrahim et al., 2016; Chen et al., 2008). Such a shift of interest can also be due
to the availability of more powerful computing systems that are capable of perform-
ing more sophisticated algorithms (IEEE Spectrum, 2018). Popular examples include
Arti cial Neural Networks (ANNs) (McCulloch and Pitts, 1943), Support Vector Ma-
chines (SVMs) (Corani, 2005), Fuzzy Logic (FL) (Zadeh, 1988) and hybrid Al-based
models. More speci cally, research activity involving the use of ANNs in AP forecast-
ing applications has skyrocketed over past the 19 years alone (Cabaneros et al., 2019).
ANNSs have successfully been employed to address the issues encountered by its linear
statistical and physics-based counterparts (Gardner and Dorling, 1998; Shahraiyni and
Sodoudi, 2016). Hence, this research solely focuses on the development of e ective

AP forecasting models based on ANNSs.

1.3 Arti cial Neural Network Models

ANNSs are essentially simple abstractions of biological neural networks. The basic prin-
ciple of an arti cial neuron was rst conceptualised by Warren McCulloch and Walter
Pitts in their paper \A Logical Calculus of the Ideas Immanent in Nervous Activ-
ity" (McCulloch and Pitts, 1943).

Figure 1.2 illustrates the similarities between a biological and an arti cial neuron.
The tree-like nerve receptors calleddendrites collect information from neighbouring
neurons and carry electrical signals into thecell body The cell body then processes
the incoming signals by summing and mapping them. The single long ber called
an axon then carries the resulting signal from the cell body to the dendrites of other
neurons. The point of contact between an axon of one neuron and a dendrite of another
neuron is called the synapse. Synaptic weights determine the strength of the signals
being transferred from one neuron to another. The adjustable network parameters are

formally called the weightsand biases while the non-linear mapping is commonly called
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as the transfer function.

(@) (b)

Fig. 1.2. (a) A cartoon drawing of a biological neuron (Durak, 2020), and (b) its
mathematical model.

In comparison, an arti cial neuron resembles its biological counterpart in two re-
spects: 1) their building blocks are both highly interconnected, and 2) the connections
between neurons dictate the function of the network (Hagan et al., 1995).

ANNSs are popularly employed in a wide range of applications due to the following

advantages:

" ANNs can approximate any mapping between a set of input variables orpre-
dictors to a set of target variable(s) or predictands They also operate without
any assumption regarding the statistical distribution of the data being used and

instead rely on the data being used to "train” them.

ANNs can model non-linear relationships, setting them apart from many tradi-
tional statistical models which assume linearity between predictors and predic-
tands (Hornik et al., 1989). For instance, ANNs have been found to be suitable
tools in the atmospheric sciences as the dynamics between numerous variables in
the ambient environment is usually non-linear (Colls, 2001; Gardner and Dorling,
1998).

~

ANNSs can adaptively learn through network training, e.g. calibration of its weights
and bias parameters, just as a biological neuron understands patterns over time

through the maodi cation of their synaptic strengths (see Chapter 3 Section 3.2.5).

Just like any other modelling scheme, ANN models also encounter limitations.

Firstly, there is no clean-cut approach in developing them. One can only provide a set of
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guidelines that help modellers build their own ANN models. Developing ANN models
generally comprises several steps, e.g. division of data, data preprocessing, determina-
tion of model inputs and network architecture, training, validation (Maier and Dandy,
2000). The implementation of each step requires the selection of several settings that
usually involve a combination of a priori knowledge, an ad-hoc approach and optimi-
sation schemes. Consequently, this lack of one-size- ts-all approach creates more free
parameters than any conventional physics-based or statistical models, thus creating
more uncertainty among modellers. Maier and Dandy (2000) once argued that the lack
of the comprehensive guide makes it di cult for future modellers to draw meaningful
comparisons between existing ANN models. Gardner (1999) even pointed out that the

unguided use of ANN models will not automatically guarantee superior model results.

Furthermore, ANN models are case-specic. In the context of AP modelling,
ANN models, are site-speci c, e.g. they can be only employed in areas where the data
used to train them were collected. Thus, the application of AP forecasting models
based on ANNSs is limited in areas with the lack or absence of monitoring stations due
to defective instruments, budget cuts, etc. In such cases, modellers usually resort to
spatial interpolation techniques in which available measurements from other monitoring
stations are utilised to model AP concentration levels at unmonitored stations. While
ANN models have been employed to estimate spatiotemporal variations of AP levels
more recently, this is currently a growing sub- eld within the ANN modelling liter-
ature (Cabaneros et al., 2019). Most existing works also employ plain ANN models
which can limit the overall performance of their developed models (Alimissis et al.,

2018; Pfei er et al., 2009; Tzanis et al., 2019).

Finally, ANN models have been found to have di culties when dealing with extreme
AP concentration levels (Catalano et al., 2016; Gong and Ordieres-Mee, 2016). This
issue is attributed to the limited continuous observations of extreme pollutant levels
leading to fewer representative training data, e.g.the imbalance data problem and
the highly variable concentration levels at a local scale. To address the said issue, a
number of studies dealing with hybrid or ensemble forms of ANN models has grown

rapidly in the past ve years alone (Cabaneros et al.,, 2019). One popular class of
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hybrid models is known as data-intensive in which raw AP time series are initially
decomposed into several sub-series in order to extract important features, and make
the forecasting scheme more accurate. For instance, decomposition techniques based on
wavelets have been shown to improve the performance of plain ANN models (Cabaneros
et al., 2019; Siwek and Osowski, 2012; Osowski and Garanty, 2007). The use of more
sophisticated forms of ANNSs, including the Non-linear Autoregressive ANN model with
Exogenous Inputs (NARX-ANN) and the deep learning techniques such as the Long
Short-term Memory (LSTM) models, has been also been shown to outperform standard
ANN models (Shahraiyni and Sodoudi, 2016; Cabaneros et al., 2019). On the other
hand, the development of ensemble systems wherein the results of multiple models are
integrated into one nal output has been recently proposed in the literature (Siwek
and Osowski, 2012; Di et al., 2019; Araujo et al., 2020). Ensemble modelling has been
argued to take advantage of the strengths of the individual models. Simultaneously, it
compensates for the weaknesses of the individual models. However, results pertaining
to the e ectiveness of both hybrid and ensemble approaches are still limited (Cabaneros

et al., 2019).

1.4 Research Aim and Objectives

Therefore, the primary aim of this research is to develop temporal and spatiotemporal
models based on state-of-the-art ANN models in forecasting outdoor AP levels. In

detail, this work attempts to achieve the following objectives:

1. conduct a critical review of existing works and state-of-the-art ANN models to

identify gaps in the literature;

2. develop AP forecasting models based on ANNs according to the identi ed ANN

model-building protocol from the literature review;

3. build and evaluate wavelet-based data-intensive hybrid ANN models for the tem-
poral and spatiotemporal forecasting of outdoor AP levels, e.g. extrapolation in
the temporal and spatiotemporal domain, respectively, across several monitoring

sites in Central London; and
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4. build and evaluate data-intensive ensemble forms of ANN models in the spa-

tiotemporal forecasting of outdoor AP levels across the Greater London area.

This work investigates the use of popular feedforward ANN model, e.g. the Mul-
tilayer Perceptron (MLP), and a deep recurrent ANN models, e.g. LSTM model, and
their hybrid forms to model outdoor AP. The selection of these models was based
upon the perceived bene ts that the techniques o ered when compared to traditional

statistical and other forms of ANN models.

1.5 Project Methodology

This research will perform a thorough review of related literature from published peer-
reviewed articles dealing with ANN models for outdoor AP forecasting. Research gaps
will then be identi ed to justify the objectives of this thesis. Three general experiments
will then be conducted to achieve the said objectives. The said experiments are as

follows:

Experiment 1: Temporal modelling of hourly NO, levels in London Marylebone Road

using ANN models and various feature selection techniques;

Experiment 2: Temporal and spatiotemporal modelling of hourly NO; levels in Cen-

tral London with wavelet-based ANN models;

Experiment 3: Spatiotemporal modelling of hourly NO» levels in Greater London

using wavelet-based fully-connected LSTM models;

The model development and parameter con gurations of each experiment are described

in detail in Chapters 3 and 4.

1.6 Thesis Structure

To encompass the overall aim and objectives, this thesis is structured as follows:
Chapter 1 provides a background on the use of ANN models in ambient AP fore-

casting. This chapter also provides the main aims and objectives of the research.

9
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Chapter 2 presents the results of the undertaken critical review of the application
of ANN models in forecasting outdoor AP levels. This chapter also provides a brief
discussion of the stages in building ANN models and the taxonomy of options available
for each step as guides in assessing existing works in the literature.

Chapter 3 discusses the underlying theories regarding the methods applied in each
of the experiments carried out. Most importantly, the underlying mechanisms of feed-
forward ANN models are described in more detail in this chapter.

Chapter 4 outlines the experimental settings adapted to performing the experi-
ments. The said settings include details regarding the collected data and case study
locations, and model and software parameter values utilised.

Chapter 5 compares and analyses the results obtained from the experiments. This
chapter particularly makes critical comparisons between plain, hybrid and ensemble
forms of ANN-based models developed in this research.

Chapter 6 draws conclusions based on the analysis of the experimental results pre-
sented in the preceding chapters and identi es the components of this research and
current state of AP modelling using ANN models that need to be addressed by future

researchers.
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Literature Review

2.1 Introduction

The objectives of this chapter are twofold: (1) to provide a critical review of the
application of ANN models in forecasting outdoor AP levels, and (2) to identify current
research gaps in the literature. A total of 139 papers have been selected and reviewed
in this chapter (see Appendix A for a full list of the identied papers for review).
Details regarding the methods and scopes applied in the selection process can be found

in Cabaneros et al. (2019).

The papers are reviewed in terms of the following components: (a) basic model set-
tings, (b) model development protocol, and (¢) model performance. Basic settings such
as the distribution of papers according to the year of publication, model time-steps,
forecasting horizon, and utilised air pollutant parameters are discussed in Chapter 2
Section 2.2.1. The general protocol in building ANN models are described in Chapter 2
Section 2.2.2. The identi ed papers are then assessed in terms of model performance in
Chapter 2 Section 2.2.3. A summary of the key ndings of this review is found in Chap-
ter 2 Section 2.3. Finally, the identi ed research gaps according to the aforementioned

results are presented in Chapter 2 Section 2.4.
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2.2 AP Forecasting using ANN models

2.2.1 Overview of identi ed modeling settings

The distribution of articles by year of publication is given in Figure 2.1. There is

a growing number of published articles since year 2000 that deal with AP forecast-
ing using ANN models. Almost half of the identied papers were published since
2015 alone. This can be well explained by the availability of more computing envi-
ronments tailored for running algorithms supporting ANN models (IEEE Spectrum,

2018). Furthermore, large datasets of good quality are frequently collected due to the
installation of more monitoring sites in many cities, especially those regulated by air

quality directives (Date, 2018; Jinran, 2017; Upadhay, 2019).

Fig. 2.1. Distribution of papers by year of publication.

The number of occurrences in which various air pollutant variables were exam-
ined is shown in Figure 2.2. Airborne particulate matter with a diameter smaller
than 10 m (PM i) and 2.5 m (PM:5), oxides of nitrogen (NO, NOy, and NO,) and
ozone () are the most selected variables for estimation by the identi ed papers. In
more detail, particulate matter was examined 89 times, almost 50% of which dealt with
PM 10 prediction, while almost 45% of which for PM,.5, and the remainder for ne dust

and total suspended particles (TSP). The results above highlight the growing number
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of studies that investigate the reduction of the disease burden resulting from PMg and
PM2.s exposure using early warning mechanisms such as ANN models (RCP, 2016).
On the other hand, oxides of nitrogen and Q were examined by 53 and 45 papers,
respectively. The forecasting of carbon monoxide (CO) and sulphur dioxide (S@) were
carried out by 18 and 23 papers, respectively. It is also worth noting that a third of

the identi ed papers examined more than one air pollutant species.

Fig. 2.2. Number of occurrences various pollutants were predicted.

The number of occurrences various time-steps have been utilised is shown in Fig-
ure 2.3. The hourly time step was most commonly utilised (71 times), followed by
daily (51 times), yearly (5 times) and 5-minute steps (4 times). Several time steps
including 2-hourly, 4-hourly, 1-minute and 30-minute were also used. The time steps
of the selected variables are primarily determined by the sampling periods of the in-
struments used to measure pollutant species and meteorological data at monitoring
stations. For instance, the predominant use of hourly time steps is in uenced by the
guidelines set by most legislative directives, and the availability of reliable measured
data (DEFRA, 2004). In some cases, however, authors pre-process their data via aver-
aging and linear interpolation techniques to create model datasets with consistent time

steps.
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Fig. 2.3. Number of occurrences various time steps have been utilised.

Figure 2.4 shows the number of times various forecasting time steps have been used
by the identi ed papers. Only 105 (64%) of the reviewed papers explicitly described the
forecast length they used. Of these papers, short-term forecasting (forecast length = 1)
was carried out 73 times. Long-term forecasting (forecast lengtk» 1) was done 94 times.

In more detail, + 24 h, + 48 h and + 72 h forecasts were carried out 26, 7, and 4 times,
respectively. This result highlights the need for early-warning mechanisms that can
provide longer range forecasts. Finally, prediction (forecast length of 0) was carried

out by 5 papers.

Fig. 2.4. Number of occurrences various forecasting horizons have been utilised.
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2.2.2 Model development protocol

Building an ANN model generally requires eight main steps, namely: (1) data collec-
tion, (2) data preprocessing, (3) selection of predictors, (4) data splitting, (5) selection
of model architecture, (6) determination of model structure, (7) model training, and
(8) model performance validation (Cabaneros et al., 2019; Maier and Dandy, 2000).
The said steps, alongside the manner the collected data move through them, and their
corresponding outputs are presented in Figure 2.5. Each step, as well as their corre-
sponding taxonomy of options, is presented in the following sections. The identi ed

papers are then assessed according to the options presented above.

2.2.2.1 Data Collection

ANN models are data-dependent which means their performance primarily relies on
the following factors: (a) size and (b) type of data utilised to train them.

In terms of data size, one important requirement is for the dataset to span the
full range of input space for which the network will be trained to approximate (Hagan
et al.,, 1995). In AP forecasting applications, the use of predictors covering a period
of a year or more has been highly recommended to ensure that seasonal factors that
strongly in uence AP levels are taken into account (Colls, 2001; Arhami et al., 2013;
Kumar et al., 2017).

The number of occurrences various lengths of input data have been collected is
shown in Figure 2.6. All but six studies provided details regarding input data lengths.
The majority of the papers utilised input data with lengths covering more than a period
of one year. Datasets with a duration from one to three years were used 60 times, while
those with lengths longer than three years 43 times. The use of datasets covering a
period of less than 6 months occurred 22 times, while only 8 studies used data with

lengths between six months to one year.
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Fig. 2.5. Basic stages in building an ANN model (Maier et al., 2010).
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Fig. 2.6. Number of occurrences various data lengths have been collected.

The selection of various predictor types also a ects the performance of ANN mod-
els as air quality is a complex function of meteorology, emissions and other parame-
ters (Colls, 2001). In this research, predictors are categorised as eitheneteorological
emissions trac , or others for simplicity. Meteorological predictors refer to parame-
ters in uenced by the turbulence within the atmosphere. Variables such as wind speed,
wind direction, relative humidity and atmospheric turbulence have been found to have
a massive in uence on the dispersion and concentration of several air pollutants such
as O3, NO,, PM 19 and PM,.5 (Colls, 2001; Kumar et al., 2017; Dominick et al., 2012;
Peng et al., 2017). Emissions predictors refer to primary and secondary air pollutant
species in the ambient environment. They are also considered important as they are
highly correlated to other air pollutants (Colls, 2001; WHO, 2018). Trac predic-
tors refer to parameters that characterise tra ¢ behaviour. These include trac ow
density, speed, occupancy degree, queues length, and travel time which are typically
monitored on roads in close proximity to air quality stations.

As shown in Figure 2.7, the use of both meteorological and pollutant emissions
variables was observed 92 times. The removal of both meteorological and emissions
predictors has been found to cause negative e ects on model performance (A{Dabbous
et al., 2017; Juhos et al., 2009; Rahimi, 2017). On the other hand, the utilisation of

only meteorological predictors was carried out 9 times, while the sole use of emissions
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data 14 times. Additionally, the use of tra ¢ data alongside other variables occured in

18 papers. The use of data based on satellite-derived imagery also appeared in 6 papers.
For instance, the utilisation of satellite-derived Aerosol Optical Depth (AOD) variables
was explored in the forecasting of PM.s on several occasions (Mao et al., 2017; Wen
et al., 2019; Yeganeh et al., 2017). Other predictors such as land-use, economic and
stability predictors were used by only a few identi ed papers, limited mainly to spatial

or spatiotemporal forecasting of AP levels (Chen et al., 2008; Yeganeh et al., 2017;

Antanasijevct et al., 2018; Alam and McNabola, 2015; Yeganeh et al., 2018).

Fig. 2.7. Number of occurrences various sets of predictors have been utilised.

2.2.2.2 Data Preprocessing

Data preprocessing refers to the preliminary techniques that improve the representation
of predictors. Two popular data preprocessing techniques in the eld of AP modelling
are data normalisation or missing data imputation.

Normalisation is applied to make sure that predictor values fall within a similar
range. This process is important as inputs with large values disproportionately mask
the impact of those with smaller ones (Hagan et al., 1995). Normalisation techniques
are either categorised agange scaling or standardisation techniques (see Figure 2.8).
Under range scaling, predictor values are being mapped to a range of values between 0

and 1 or -1 to 1, inclusive. In contrast, standardisation converts an old variable into a
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new variable with zero mean and unit standard deviation.

Fig. 2.8. Taxonomy of data normalisation techniques.

The majority of the studies identi ed (76 papers) did not provide su cient details
describing the methods utilised for data normalisation. Of those that did, 43 papers
employed the standard normalisation scheme. There are 10 occasions where the input
data were adjusted to have zero mean and unity variance. However, there are only
two occasions where other normalisation methods were used. For instance, Osowski
and Garanty (2007) transformed all their data using reverse Mallat Itering, while Zhu
et al. (2018) divided each sample by the maximum value of the entire dataset for each

predictor.

Fig. 2.9. Number of occurrences various missing data normalisation techniques have
been implemented.

Missing data imputation addresses the issue of missing data, which is a common
problem in air quality forecasting (Junninen et al., 2004). Missing data is caused by

many factors such as insu cient sampling, errors in measurements or faults in data

19



Chapter 2. Literature Review

acquisition (Junninen et al., 2004). Over the years, several imputation techniques
have been developed (Junninen et al., 2004; Pigott, 2001; Plaia and Bond, 2006). A

taxonomy of missing data imputation approaches is given in Figure 2.10.

Fig. 2.10. Taxonomy of missing data imputation procedures.

One popular missing data imputation approach is the list-wise or pair-wise deletion
of predictors with missing data. Another one is the substitution of missing values with
the mean of the entire dataset. However, the said practices are highly discouraged as
they can disrupt the inherent structure of the original dataset, thus potentially degrad-
ing the performance of a model (Junninen et al., 2004). Other missing data imputation
techniques such as univariate, multivariate, nearest neighbour, and the hybrid of the
previous approaches are also available (Junninen et al., 2004; Plaia and Bond , 2006).
Univariate methods include linear (LIN), spline and nearest neighbour (NN) interpo-
lation. Multivariate methods include regression-based imputation, nearest neighbour
interpolation, Self-organizing Map (SOM) and MLP models. A more detailed discus-
sion of the said techniques can be found in Junninen et al. (2004) and Plaia and Bond
(20086).

Figure 2.11 shows the number of occurrences various missing data imputation ap-
proaches has been undertaken. Only 34 papers provided details regarding missing data.
The deletion of predictors with missing data was the most predominant step under-
taken (16 times). Under univariate methods, the NN interpolation was carried out
5 times, whereas linear interpolation was only used 4 times. There are 6 instances in
which the combination of multiple methods was implemented to address speci ¢ gap

lengths.
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Fig. 2.11. Number of occurrences various missing data imputation techniques have
been implemented.

2.2.2.3 Predictor Selection

The performance of ANN models is highly dependent on model predictors (Hagan
et al., 1995; Bishop, 1995). However, the inclusion of too many predictors results in
more network connections leading to over tting issues (Hagan et al., 1995). Conversely,
the absence of relevant predictors inhibits the model from correctly approximating the

underlying dynamics between predictors and predictands (Maier and Dandy, 2000).
As such, several approaches that determine the most signi cant predictors have been
proposed and tested. They are categorised as eithenodel-free or model-based(Maier

et al., 2010), see Figure 2.12.

Fig. 2.12. Taxonomy of approaches to selection of optimal model predictors.
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Model-free approaches select predictors without relying on the performance of the
developed ANN models. In detail, such approaches carry out the selection before an
ANN model is trained. Model-free approaches can further be classi ed as eithead-hoc
or analytical. The selection of predictors in an arbitrary manner or based on domain
knowledge falls under the ad-hoc approach. In contrast, the analytic approach employs
a statistical measure of dependence between predictors and predictands. This is mostly
carried out through Correlation Analysis (CA). On the other hand, model-based ap-
proaches operate by determining the e ect of a candidate predictor or set of predictors
on the overall model performance. One popular example is the stepwise selection, where
a network iteratively selects, e.g.forward selection or removes, e.gbackward elimina-
tion, a candidate predictor. An ad-hoc approach can also be carried out in which ar-
bitrary combinations of model predictors are tested. Global approaches employ global
optimisation algorithms to select the combination of predictors that maximises model
performance. Finally, an approach based on sensitivity analysis examines the plots of
the in uence of each predictor to a predictand or set of predictands.

The number of occurrences various predictor selection approaches have been applied

is shown in Figure 2.13.

Fig. 2.13. Number of times various predictor selection techniques have been used.

Model-free approaches were implemented 95 times, while model-based approaches

were employed 40 times. There are several factors that might explain the predominant
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use of the former over the latter. The implementation of the model-based approach is

time-consuming as ANN models also need to be trained in the process. The approach
might also not clearly identify the e ects of sets of predictors on model performance,

as the latter is also a function of other model components such as model structure and
calibration settings. Of the model-free approaches, ad-hoc methods were most widely
implemented occurring in 82 papers. Linear approaches, especially correlation analysis,
were utilised in 13 papers, while non-linear methods only 4 times. Stepwise techniques

were applied 10 times, while the use of global search approaches 7 times.

2.2.2.4 Data Splitting

Data division is carried out by splitting the available data into three subsets, namely, the
training , validation and test sets. The training subset is used for computing the gradient
and adjusting the network weights and biases (see Chapter 2 Section 2.2.2.7). On the
other hand, the validation subset is utilised to stop the network training before model
over tting occurs. Model over tting is a scenario in which the network memorises the
data in the training subset making it unable to generalise new situations or unforeseen
data (Hagan et al., 1995). The error in the validation subset monitors the network
performance during training. When this error begins to increase for several iterations,
the training is stopped. The weights and bias values that yielded the minimum error
are then used as the nal trained network weights and biases. Lastly, the testing subset
is used to determine the generalisation ability of the developed model.

Data splitting approaches can be categorised as eithesupervised or unsupervised
approaches (see Figure 2.14). Supervised approaches split the collected dataset into
three subsets while accounting for the statistical properties of each subset. On the
other hand, unsupervised approaches do not take the statistical properties of the sub-
sets into account explicitly. Only strati ed unsupervised approaches ensure that the
statistical properties of the subsets are similar (Maier et al., 2010). Random unsuper-
vised approaches split data in a random manner. They-fold cross-validation randomly
divides the dataset into v independent subsets, of whichv 1 subsets are chosen for

training while remaining data is used for testing. The process is repeated several times
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until a criterion is met. Physics-based approaches split data into di erent classes ac-
cording to knowledge about the underlying physical processes. Ad-hoc approaches split
data in an ad-hoc manner. One popular example is known as block splitting which al-
locates the rst N observations for the training set, and the next group of observations

for the validation and testing sets.

Fig. 2.14. Taxonomy of data splitting techniques.

Only a few identi ed papers did not discuss the process of data division explicitly.
Of those that did, only unsupervised methods were implemented (see Figure 2.15). In
more detail, the ad-hoc method was implemented 79 times, while random data division
methods were carried out 40 times. Thev-fold cross-validation method was imple-
mented only 8 times. Finally, only a small number of papers employed unsupervised

strati ed techniques.

Fig. 2.15. Number of occurrences various unsupervised data splitting methods have
been implemented.
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2.2.2.5 Selection of Model Architecture

Model architecture refers to how information ows from one layer to the subsequent

layers in a given network. The taxonomy of model architectures is shown in Figure 2.16.

Fig. 2.16. Taxonomy of model architectures.

Two of the most popular network architectures for prediction and function approx-
imation are the feedforward and recurrent networks (Hagan et al., 1995). In a feedfor-
ward network, information moves from the input layer through the succeeding layers
in a single direction. The Multilayer Perceptron (MLP) is a very popular feedforward
ANN model for the non-linear approximation of AP variables (Gardner and Dorling,
1998; Cabaneros et al., 2019). Other examples of feedforward ANNs include Radial
Basis Function Networks (RBFNs), General Regression Neural Networks (GRNNS),
Ward Neural Networks (WNNs) and Extreme Learning Machine (ELM). In contrast,
Recurrent Neural Networks (RNNs) allow feedback in which some output nodes are
connected to the nodes of the preceding layers. One popular example of RNNs is the
Elman network, while recent sophisticated examples of RNNs include LSTM networks.
RNNs have been argued to be potentially more e ective than feedforward ANNs be-
cause of their feedback mechanism which improves their capacity to learn (Hagan et al.,
1995; Samarasinghe, 2006).

The application of hybrid ANN models has also been highlighted in recent years
(Makridakis et al., 2018). The hybrid modelling approach has been argued to capitalise
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on the strengths and overcomes the weaknesses of the individual models involved (Chen
et al., 2008; Shahraiyni et al., 2015; Sharma et al., 2005). In this work, hybrid models
are categorised as eithedata-intensive, model-intensive or technigue-intensive (Maier

et al., 2010). Data-intensive approaches initially classify input data with respect to var-
ious dynamics dependent on the problem speci cations or the criteria set by the mod-
eller. Separate models are then developed for the identi ed separate classes. Popular
examples include the use of ANNs and techniques such as Principal Component Anal-
ysis (PCA), k-means clustering, Ensemble Empirical Mode Decomposition (EEMD)
and Wavelet Transformation (WT). The model-intensive approach employs di erent
models for di erent sub-components of the overall physical system and then aggre-
gates the various responses calculated from di erent models. Popular examples include
Fuzzy-neuro networks, e.g. the hybrid of a feedforward ANN and fuzzy systems, multi-
ple Restricted Boltzmann Machine (RBM) layers and a Back-propagation (BP) layer,
and LSTM and Convolutional Neural Networks (CNNs). Lastly, a technique-intensive
approach is one that combines an ANN model with a di erent technique to develop an
ensemble approach exploiting the advantages o ered by di erent techniques. Examples
include the use of MLP with SVM, and Stacked Auto-encoders (SAE) with a Learning
Regression (LR) layer.

Figure 2.17 shows the number of times various model architectures have been used
by the identi ed papers. MLP models were found to be the most commonly used model
architecture, implemented in 73 papers. The number of studies in which alternative
network architectures were employed was reasonably uniform, ranging from 4 to 13.
Other feedforward ANN models were also applied, including the GRNN (Antanasijevc
et al., 2018, 2013; Singh et al., 2012; Stamenkovt et al., 2017) and RBFN (Ibarra-
Berastegi et al., 2008; Ordieres et al., 2005; Zhou et al., 2014; Zito et al., 2008). Plain
recurrent models such as the Elman network (Brunelli et al., 2007; Bianco ore et al.,
2015, 2017; Chelani et al., 2002) and LSTM models (Li et al., 2017; Freeman et al.,
2018; Wang et al., 2018) were also chosen.
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Fig. 2.17. Number of occurrences various model architectures have been used.

The majority of the implemented hybrid models are data-intensive (25 papers). One
of the most popular data-intensive approaches involves the use of wavelets. The predic-
tion of several subseries with lower variability has been shown to yield more accurate
estimation results than predicting the original time series of higher variability (Siwek
and Osowski, 2012; Osowski and Garanty, 2007; Dunea et al., 2015; Prakash et al.,
2011). Other examples include the use of EMMD and GRNN model (Zhou et al.,
2014), Imperialist Competitive Algorithm (ICA), EMMD and BPNN model (Jiang
et al., 2018), and ICA, EMMD and ELM model (Li and Zhu, 2018). Several model-
intensive approaches were also applied in 18 occasions. Examples include the use of
CNN and LSTM models (Wen et al., 2019; Huang and Kuo, 2018; Pak et al., 2018; Qin
et al., 2019), Fully-connected LSTM models (Zhao et al., 2019), and Neuro-Fuzzy (NF)
models (Yeganeh et al., 2017, 2018; Dursun and Taylan, 2015; Jain and Khare, 2010;
Taylan, 2017).

Network architecture also refers to the way information is mapped from the input
nodes through the nodes of the succeeding layers. The said mapping is in uenced by
the choice of transfer function. Furthermore, the superimposition of di erent trans-
fer functions determines the ability of an ANN to approximate di erent input-output
dynamics (Gardner and Dorling, 1998; Hagan et al., 1995; Bishop, 1995). In fact, feed-

forward ANNs with linear transfer functions and without hidden nodes are equivalent
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to linear statistical models (Bishop, 1995). Transfer functions are selected based on the
nature of the task and the layer in which they are to be utilised. In AP forecasting,
sigmoidal functions are commonly used in the hidden layer as they are non-linear and
easily di erentiable (Gardner and Dorling, 1998). Popular sigmoid functions include
the logistic and hyperbolic tangentfunctions. Linear or identity function is commonly
used in the output layer (see Chapter 3 Section 1.3).

Almost 30% of the identi ed papers did not provide details concerning their use
of transfer functions. Among those that did provide information, the logistic sigmoid
function was predominantly used in the hidden layer nodes, to be followed by hyperbolic
tangent function. In the output nodes, identity function was widely utilised, followed

by logistic sigmoid.

2.2.2.6 Determination of Model Structure

Model structure refers to the number of layers and the number of nodes in each layer.
Determining the number of nodes in both input and output layers is fairly easy as they
correspond to the number of predictors and predictands, respectively. However, nding
the optimal number of hidden layers and nodes is a non-trivial task as the relationship
between predictors and predictands is captured in the hidden layer (Hagan et al., 1995).
Furthermore, the hidden layer structure directly corresponds to the number of network
weights which directly in uences model complexity.

Hidden layer parameters are case-speci ¢ as they are dependent on the data com-
plexity of a speci ¢ application (Gardner and Dorling, 1998). Unfortunately, a general
method for model structure determination still remains unknown (Cabaneros et al.,
2019). As a result, di erent approaches have been employed to address the said uncer-
tainty.

The methods for determining the optimal ANN model structure can be classi ed
either asglobal stepwise trial-and-error or ad-hoc (see Figure 2.18). Global approaches
employ global methods based on competitive evolution found in nature, e.g. Genetic
Algorithm (GA), Particle Swarm Optimisation (PSO), simulated annealing, etc. Using

this approach, it is possible to simultaneously optimize the network weights and biases,
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and the number of hidden layers and nodes. If implemented properly, global methods
are likely to yield the best ANN structure and parameters. However, they are found to

be computationally expensive (Maier and Dandy, 2000).

Fig. 2.18. Taxonomy of model structure determination procedures.

Stepwise trial-and-error approaches can also be used, in which a basic ANN struc-
ture is rst assumed, which is modi ed with each trial with the objective of achieving a
structure that is neither too complex nor too simple. They can further be categorised
into two types, one based on pruning algorithms and the other on constructive ap-
proaches. Lastly, ad-hoc approaches determine the optimal model structure without
adhering to strict pruning and constructive techniques. One ad-hoc approach is based
entirely on trial-and-error approach. The partial ad-hoc approach is based on the use of
both a trial-and-error approach and an empirical formula that provides upper and/or
lower bounds of the number of hidden nodes. Finally, the knowledge-based ad-hoc
approach is based on the experience or intuition of the modeller.

The number of occurrences various model structure optimisation techniques has
been used is shown in Figure 2.19. The ad-hoc approach was by far the most popular,
with 132 instances. It is worth noting that 15 identi ed papers implemented both a
trial-and-error and empirical rules. Of the structured approaches, constructive stepwise

approaches were implemented 4 times, while global approaches only three times.
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Fig. 2.19. Number of occurrences various model structure optimisation techniques
have been used.

2.2.2.7 Calibration of Model Parameters

Training an ANN is the process of calibrating the connection network weights to im-
prove the performance of the resulting model. Weights and biases are usually initialised
randomly (Bishop, 1995). The network is repeatedly presented with the desired re-
sponse for each input pattern as the network weights and biases are calibrated un-
til the target outcome, e.g. the acceptable di erence between the desired and actual
output, is met. Network calibration methods are classi ed as either local or global

approaches (see Figure 2.20).

Fig. 2.20. Taxonomy of model calibration techniques.
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Local methods usually work on gradient information and are therefore prone to be-
coming trapped in local optima if the error surface is reasonably rugged. However, these
methods are generally computationally e cient. Gradient methods can be further sub-
divided into rst-order , e.g. back-propagation, orsecond-order methodse.g. Newton's
method and conjugate gradient method (Hagan et al., 1995; Bishop, 1995). With back-
propagation, suitable values of the network training parameters, e.glearning rate and
momentum term, also need to be initialised. The suitable values of the said parameters
are also case-speci c. A few empirical formulas for calculating them are available in the
literature (Gardner and Dorling, 1998; Hagan et al., 1995; Samarasinghe, 2006). There
are several established criteria for initialising the training parameters to attain optimum
model performance. Global optimization methods, such as genetic algorithms, have an
increased ability to nd global optima in the error surface, although this is generally at
the expense of computational e ciency. Alternatively, stochastic calibration methods
can be applied to account for parameter uncertainty. These approaches can be used to
obtain distributions of the model parameters, rather than nding a single parameter
vector. This advantage lies in their ability to estimate con dence intervals. In order to

achieve this, Bayesian methods are commonly used (Maier et al., 2010; Bishop, 1995).

The number of occurrences various training methods have been used is shown in Fig-

ure 2.21.

Fig. 2.21. Number of occurrences various training methods have been used.
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Deterministic local calibration techniques were predominantly used, e.g. 93 times
out of the 107 cited techniques by the identi ed papers. Of those deterministic tech-
niques, rst-order and second-order approaches were employed in 43 and 35 instances,
respectively. Additionally, there were 9 studies that utilised global techniques and

3 that employed stochastic techniques.

2.2.2.8 Validation of Model Performance

A wide range of statistical indices must be employed to quantify model performance
which is usually assessed using quantitative error metrics. There are three aspects of
model validity, namely, replicative validity, predictive validity, and structural validity .

In this review, the studies were assessed only in terms of predictive validity, e.g. the
ability of models to approximate unforeseen or independent data. Other works such
as Humphrey et al. (2017), Gass (1983) and Dawson et al. (2007) provide a more
detailed discussion regarding model validation. The commonly used predictive validity
metrics are categorised as squared, relative, absolute or correlation metrics.

Squared errors are based on the squares of the di erences between actual and mod-
elled output values. Common examples include the Mean Squared Error (MSE), Sum
of Squared Errors (SSE) and Root Mean Squared Errors (RMSE). Absolute errors are
based on the absolute di erences between actual and modelled outputs. Metrics under
this type include the Mean Sum of Absolute Deviations (MSAD) and Total Sum of
Absolute Deviations (TSAD). Relative errors measure the performance of models with
outputs. Common examples under this type include the Average Absolute Relative Er-
ror (AARE), Normalised Root Mean Squared Error (NRMSE) and Normalised Mean
Bias Error (NMBE). Correlation errors measure the empirical error between actual
and modelled outputs. One common example is the Pearson correlation coe cient (R).
Other metrics include the information criteria, such as the Akaike Information Crite-
rion (AIC) and Bayesian Information Criterion (BIC), which consider model complexity
in addition to model error. Visual inspection tools qualitatively describe the perfor-
mance of developed models by either comparing the plots between real and estimated

values or providing several charts of the model residual errors, e.g. bar charts, error
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scatter plots, and error distribution.

The number of times various model predictive performance metrics were used to
validate the models is shown in Figure 2.22. While correlation and squared error metrics
were also widely used (163 and 118 times, respectively), measures based on absolute

and relative errors, were also employed extensively.

Fig. 2.22. Number of occurrences various predictive validity metrics have been con-
sidered.

Visual inspection was carried out by the majority of the papers identi ed. The com-
parison between plots of actual and predicted values was predominantly shown (44 times),

to be followed by scatter plots (36 times) and error histogram and surfaces (9 times).
2.2.3 Comparison of model performance

2.2.3.1 MLP vs. linear statistical models

As one of the most popular ANN architectures applied for outdoor AP modelling,
MLP models have been demonstrated by many studies to outperform traditional linear
statistical models such as Multiple Linear Regression (MLR) models (Gardner and
Dorling, 1998; Shahraiyni and Sodoudi, 2016; Cabaneros et al., 2019).

The scope and results of the said studies are summarised in Table 2.1. Note that
those with the superscript denotes results derived from a testing set collected from

warm season, while from cold season. Although the studies included in the table
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have di erent forecast targets and locations and a direct comparison of the results is

not possible, they were included nonetheless for completeness.

Table 2.1. Identi ed studies comparing the performance of MLP and linear statistical
models.
Performance
Publication Location MLP MLR
a) Forecasting of PM  15:
Kukkonen et al. (2003) Helsinki R? =0.30-0.43; R?=0.03-0.38;
R? = 0.20 R? =0.26
Vlachogianni et al. (2011) Athens R = 0.64-0.72* R = 0.59-0.73*
Paschalidou et al. (2011) 4 sites in Cyprus R? =0.65-0.76  R? = 0.33-0.35
Russo et al. (2015) Lisbon R =0.81 R =0.75
b) Forecasting of NO  »:
Kukkonen et al. (2003) Helsinki R? =0.44-0.73; R? =0.47-0.48;
R? =0.28-059 R?=0.01
Agirre-Basurko et al. (2006) 4 sites in Bilbao R = 0.89-0.91; R =0.88;
R = 0.85-0.89; R = 0.84;
R = 0.89-0.90; R = 0.88;
R =0.88 R =0.88
Elangasinghe et al. (2014) Auckland R? = 0.77 R? = 0.17-0.60
Rahimi (2017) Tabriz R2=0.92 R2 =0.41
c) Forecasting of NO  y:
Vlachogianni et al. (2011) Athens R = 0.85-0.76* R = 0.64-0.73*
R = 0.62-0.74** R = 0.60-0.69**
Rahimi (2017) Tabriz R2=0.94 R2 = 0.44
d) Forecasting of O 3:
Agirre-Basurko et al. (2006) 4 sites in Bilbao R = 0.91-0.92; R = 0.88;
R = 0.92-0.93; R = 0.90;
R =0.91-0.93; R =0.91;
R = 0.83-0.90 R =0.89

The majority of the studies indicate a signi cant improvement in terms of R or
R? score whenever MLP models are compared to MLR models. In the study of Rahimi
(2017) to provide short-term forecasts of hourly NG, and NOy concentrations at two lo-
cations in Tabriz, the results report the superiority of MLP models (R? of 0.92 and 0.94
for NO, and NOy, respectively) over linear statistical models (R of 0.41 and 0.44 for
NO, and NOy, respectively). Elangasinghe et al. (2014) also demonstrated the superi-
ority of MLP models over linear regression models in their study to forecast NQ levels

in a major highway in Auckland. Their results reported an improvement in terms of
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R? scores from 0.17 to 0.60 of the benchmark model results when MLP models were
employed. Kukkonen et al. (2003) developed several MLP models with a linear model
and a deterministic modelling system in estimating NG, and PM1q levels at two urban
locations in Helsinki. Despite the poor performance of the said developed, their ndings
revealed a better agreement between the actual and predicted NOand PM1o values
from the MLP models than those by the benchmark models. Agirre-Basurko et al.
(2006) implemented MLP and MLR models to forecast NG and Oj levels at four lo-
cations in Bilbao. The work developed a total of 32 models, accounting for the four
stations at each forecasting time stepk, for k = 1, 2, ..., 8. Their results showed that
the MLP models performed better than the MLR models in 75% of the cases (in six
forecasts up to eight) in the study area.

However, a few studies report a marginal improvement of forecasting results achieved
by the MLP models. Vlachogianni et al. (2011) suggests the use of simpler statistical
techniques as alternatives to the use of ANN models especially for regulatory purposes,
while Russo et al. (2015) reports no clear superiority of non-linear models over linear

models in general.

2.2.3.2 Hybrid vs. plain ANN models
As shown in Table 2.2, hybrid forms of ANN models have been shown to be superior

to plain ANN models by numerous identi ed studies.

Table 2.2. Identi ed studies comparing the performance of MLP and linear statistical
models.

Model Performance Model Details*

Publication Hybrid Plain Hybrid Plain
a) Forecasting of PM  1p:

Daz-Robles et al. (2008) R2=0.98 R2 =0.77 ARIMAX; MLP

MLP

Siwek and Osowski (2012) R=092 003 R=061 0.09 WT;MLP MLP
Ul-Sau e et al. (2013) R2=0.78 R2 =0.64 PCA; MLP MLP
Dunea et al. (2015) R=0.97 R =0.76 WT; MLP MLP
Bai et al. (2016) RMSE = 1539 RMSE =23.62 WT,; MLP MLP

b) Forecasting of PM  ,.5:

Continued on next page
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Table 2.2 { Continued from previous page

Model Performance Model Details*

Publication Hybrid Plain Hybrid Plain
Zhou et al. (2014) RMSE =29.41 RMSE =3231 EEMD-GRNN GRNN
Feng et al. (2015) R =0.86 R=0.71 WT; MLP MLP
Yeganeh et al. (2017) R? =0.84 R2 =0.61 Neuro-Fuzzy MLP
Li and Zhu (2018) R2=0.90 R2 =0.21 ICEEMDAN MLP
-ICA-ELM
Bai et al. (2019) RMSE = 12.08 RMSE =24.30 EEMD-LSTM  MLP
Zhao et al. (2019) RMSE =35.82 RMSE =37.71 LSTM-FC MLP
Qi et al. (2019) AAR = 0.81*  AAR =0.74*  GC;LSTM MLP
Wen et al. (2019) RMSE = 12.08 RMSE =39.92 C-LSTME SVR
Qin et al. (2019) R =0.97 R =0.92 CNN; LSTM  MLP
Huang and Kuo (2018) RMSE = 23.83 RMSE =29.99 CNN;LSTM  MLP
Ma et al. (2019) RMSE = 8.24 RMSE = 11.20  BLSTM; IDW  MLP
RMSE = 8.24 RMSE = 8.98 BLSTM; IDW LSTM
c) Forecasting of NO
Dunea et al. (2015) R =0.79 R =0.76 WT; MLP MLP
Bai et al. (2016) RMSE = 2.62 RMSE = 5.41 WT; MLP MLP
Catalano et al. (2016) R =0.92 R =0.91 Ensemble: MLP
SARIMAX;
MLP
Li and Zhu (2018) R? =0.90 R2 =0.50 ICEEMDAN MLP
-ICA-ELM
d) Forecasting of O 3:
Feng et al. (2011) RMSE = 18.01 RMSE =67.89  SVM-ANN ANN
Mishra and Goyal (2016) R =0.85 R =0.83 Neuro-Fuzzy ANN
R=0.85 R=0.84
R=0.84 R = 0.67
R =0.92 R =0.79
Pak et al. (2018) RMSE = 3.20 RMSE =21.37  CNN; LSTM MLP
RMSE = 3.20 RMSE = 4.98 CNN; LSTM  LSTM
Li and Zhu (2018) R? =091 R2 =0.55 ICEEMDAN MLP
-ICA-ELM
e) Forecasting of SO
Li and Zhu (2018) R? =097 R2=0.72 ICEEMDAN MLP
-ICA-ELM

To cite a few, Mishra and Goyal (2016) demonstrated that hybrid NF models pro-

vided approximately 14% more accurate predictions than the benchmark plain ANN
model. Yeganeh et al. (2018) showed that their NF models improved the performance

of plain ANN models. Bai et al. (2016) reported that the estimates of wavelet-based
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hybrid models are closer to the actual observations than those yielded by the plain
ones. The same conclusions were reached in a study by Dunea et al. (2015) where
hybrid ANN models based on the Daubechies Db3 wavelets were utilised to estimate
the hourly AP levels at four various urban locations in Romania.

Data-intensive hybrid models have also been shown to signi cantly improve the
performance of benchmark models in almost all cases (Siwek and Osowski, 2012; Dunea
et al.,, 2015; Li and Zhu, 2018; Ul-Sau e et al.,, 2013; Bai et al., 2016; Feng et al.,
2015). On the other hand, model-intensive hybrid models based on deep learning
have been shown to outperform MLP and LSTM models, especially in the forecasting
of PMy:5 levels (Huang and Kuo, 2018; Pak et al., 2018; Qin et al., 2019; Qi et al.,
2019).

Finally, Table 2.2 reveals that MLP models have been widely used as benchmarks
for hybrid models. It appears that it is standard practice to compare the performance

of the proposed hybrid approaches to MLP models.

2.2.4 Spatial or spatiotemporal modelling using ANN models

Several studies have also attempted to incorporate ANN models in estimating the spa-
tial and spatiotemporal variations of AP concentration levels in ambient environments.
One popular approach is by utilising predictors from neighbouring sites to estimate
the concentration levels of a given target site. For instance, Li et al. (2017) estimated
PM2:s levels in China using multiple RBM (Restricted Boltzmann machine) layers and
a BP layer. The proposed model was trained using PMs observations from both
neighbouring sites and the same station along with other predictors. Alimissis et al.
(2018) applied MLP models to spatially forecast NG, NO, O3, CO and SO, levels
at several locations in Athens. The models were trained using only the information
from the neighbouring sites to estimate the concentration levels at the target site. A
similar methodology was employed by Tzanis et al. (2019) to spatially estimate PMg
and PM2 5 levels at several sites in Athens. The results also demonstrated the superior
performance of MLP models when compared to other spatial interpolation schemes,

e.g. MLR, Inverse Distance Weighting (IDW) and Linear Mixed E ects (LME) models.
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Papaleonidas and lliadis (2013) estimated @Q levels at an urban location in Athens
utilising various predictors from neighbouring sites using feedforward ANN models. The
selection of the optimal neighbouring sites was carried out using correlation analysis.
Kurt and Oktay (2010) built three MLP models based on geographic modelling to
predict the concentration levels of SQ, CO, and PMyg at ten di erent locations in
Istanbul. The rst geographic model utilised additional observed AP values from a
selected neighbouring site, the second used two neighbouring sites instead of one, and

the third considered the distance between the triangulating districts.

The utilisation of predictors revealing spatial information of a given geographical
area of interest is also a popular approach. For instance, Yeganeh et al. (2018) applied
an NF model to estimate the spatiotemporal variability of the monthly mean NO - lev-
els at 1km spatial resolutions at a location in Australia using land-use, meteorological,
satellite, and tra c predictors from 12 monitoring sites. Yeganeh et al. (2017) applied
NF, SVR and MLP models to estimate the spatiotemporal variations of the monthly
PM,.5 levels in using land-use, satellite, and meteorological predictors from eight mon-
itoring stations in Queensland. Di et al. (2019) proposed a generalised additive model
based on ANN, random forest and gradient boosting to estimate daily PM:s5 levels at
a 1 km x 1 km resolution across the contiguous USA. Each model of the ensemble ap-
proach was trained using several predictors including satellite, meteorological, land-use,
emissions and others. Mao et al. (2017) developed MLP models using meteorological
and satellite-based predictors. Backward air mass trajectory predictors were also used
to account for the contribution of regional transport of PM ».5. Each grid cell on the
AOD retrievals was assigned to a prediction model trained by information from the

nearest neighbouring station.

The use of sophisticated deep learning ANN models, especially LSTM models, have
been recently applied to extract both temporal and spatial features from collected
datasets. Such studies usually entail a vast amount of training data from numerous
monitoring sites. For instance, Li et al. (2016) developed a model based on a Stacked
Autoencoder (SAE) and a logistic regression layer to forecast PMl5 levels at 12 sta-

tions in Beijing. Tong et al. (2019) applied a bidirectional LSTM model to perform
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spatiotemporal interpolation of PM ».5 levels in Florida using several predictors from
neighbouring sites. The authors argued the use of a bidirectional variant of an LSTM
model to account for both past and future values of PM.s levels which can provide
valuable information for the estimation of the current PM 5.5 levels. Qi et al. (2019)
proposed a hybrid approach based on graph CNN and LSTM models to estimate the
spatiotemporal variation of PM .5 levels in Jing-Jin-Ji. Li et al. (2017) applied extended
LSTM models to forecast the spatiotemporal variations of PM.5 levels at 12 monitor-
ing stations in Beijing. Wang et al. (2018) proposed an ensemble approach consisting
of several LSTM models with regression layers to forecast multiple pollutant species
at 35 stations in Beijing. The relevant neighbouring sites were selected based on the
Granger causality analysis of the spatial correlations among the stations. Zhao et al.
(2019) proposed an approach combining LSTM models and a feedforward ANN model
to respectively extract temporal and spatial features of the input data. In more detalil,
the hybrid model was applied to estimate the PM,.5 concentration of a given central

site Beijing using the previous measurements of the same site and neighbouring sites.

2.3 Summary

A critical review of 139 papers dealing with the forecasting of outdoor AP levels using
ANN models was conducted for this research. The results of the comprehensive review

are as follows:

1. Pollutants such as PMg, PM2.5, and oxides of nitrogen have been the most examined
variables. Most identi ed studies also utilised data covering more than one year for
ANN model development which is considered a good practice (Hagan et al., 1995;
Arhami et al., 2013). However, the practice does not fully address other prevailing
issues regarding input data including the imbalanced data problem, and high levels
of data variability (Fernando et al., 2012; Gong and Ordieres-Mege, 2016; Bai et al.,
2019);

2. Meteorological and pollutant emissions data have been most commonly utilised pre-

dictors. However, the choice of predictor types and size should be dealt with extra
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care as the use of too many predictors tend to reduce non-linear models such as

ANN models to linear models (Ibarra-Berastegi et al., 2008);

3. Data-processing has been handled really well by most practitioners, except for miss-

ing data imputation in which data deletion was commonly practised;

4. Ad-hoc approaches have been employed predominantly in predictors selection, data
splitting and model architecture and structure selection. That is, there has been a
little adoption on the utilisation of systematic approaches limiting future modellers

from repeating the results of the identi ed papers (Wu et al., 2014);

5. Much e ort has been directed towards the application of existing popular ANN
architectures, especially MLP models. However, there has been a growing interest
in the use of novel and more sophisticated network types recently. In more detalil,
hybrid models incorporating deep learning ANN models have been built in the spatial

and spatiotemporal estimation of pollution levels;

6. First-order and second-order local search procedures, such as the backpropagation
algorithm, have been primarily used in training ANN models. However, studies
investigating the potential bene ts of using global optimization techniques in terms

of improving the predictive ability of ANN models are rather limited; and

7. A wide range of performance criteria, mainly those assessing the predictive per-
formance of models, was used predominantly by the identi ed papers. While this
suggests a good modelling practice, the replicative and structure validity of the

models developed were generally ignored.

2.4 Research Gaps
Based on the results of the undertaken review, the following gaps were identi ed:

1. Systematic approaches that implement most of the steps in developing ANN models.
Analytic techniques in developing ANN models should be further examined. This is

critical given the lack of a clean-cut set of ANN model settings for all applications.
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This can be circumvented by adhering to a set of general model building guidelines
to minimise uncertainty and increase the reproducibility of the results of a given
application: data preprocessing (Bowden et al., 2012), predictor selection (Galelli
et al., 2014), data splitting (Wu et al., 2013), model architecture selection (Hunter
et al., 2018), model structure selection (Kingston et al., 2008), and model valida-

tion (Humphrey et al., 2017; Dawson et al., 2007).

2. The development of data-intensive ANN modelsCoupling ANN models with tech-
niques that reveal additional information regarding the predictors can address exist-
ing issues such as the imbalanced data problem and measurements exhibiting high

variability (Gong and Ordieres-Mee, 2016; Siwek and Osowski, 2012).

3. The use of sophisticated models, especially those that employ deep learning and en-
semble modelling techniquesData-intensive hybrid model approaches based on deep
learning models and ensemble modelling techniques should be tested and validated
given the rapidly increasing availability of data from continuous sensors in recent

years.

4, The demand for robust ANN models capable of revealing inherent features from a
small number of predictors. Although the utilisation of several signi cant predictors
is encouraged, parsimonious ANN models developed especially in monitoring sites

where data is limited should be developed and tested.

The aim of this research is to Il the said gaps as mentioned in Chapter 1 Section 1.4.
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Chapter 3

Methodology

3.1 Introduction

This chapter presents the methods involved in implementing the experiments brie y
outlined in Chapter 1 Section 1.5. A diagram of the framework for each experiment is

provided to guide the readers.

3.2 Modelling Hourly NO 5, using ANN Models with Pre-

dictor Selection Techniques

This section discusses the various predictor selection techniques implemented in Exper-
iment 1.

As shown in Figure 3.1, the experiment has two main components: (1) predictor
selection, and (2) the training of the feedforward ANN model. The experiment attempts
to determine the optimal set of p out of a candidate of setP predictors (p P) using
various predictor selection techniques, e.g. model-free and model-based techniques. The
said predictor selection techniques are discussed in Section 3.2.1 through Section 3.2.4.
Finally, the MLP model, as well the basic theories behind ANN computations to be

trained using the selected predictors, is thoroughly described in Section 3.2.5.
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Fig. 3.1. The framework of the proposed forecasting model in Experiment 1.

3.2.1 Stepwise Regression

Stepwise regression is a linear search strategy procedure based on two known predictor
selection techniques, namelyforward selection and backward elimination. It is a lter
type class (model-free) selection technique as the results of the linear search strategy
do not rely on the results of an ANN model. (The following notations are consistent

with those used by Wilks (2006).)

Forward selection begins without any predictor, yielding an uninformative predic-

tion model:

¢ = by; (3.1)

whereyis the estimate of the predictand,Y, and by is the intercept which is the sample
mean of the predictand. The process proceeds by subsequently adding a predictory,
from a set of P predictors that is most linearly correlated with the predictand. The

resulting model is then given by

¥ = b+ byXy; (3.2)
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wherely is the coe cient of x;. Note that Iy is no longer the average of theY values.
Together with the previously selected predictor, x1, an additional predictor from the
remaining (P 1) predictors is then selected. The predictor that provides the best

regression performance of the model given by

§ = o+ bixy + bpxo (3.3)

is selected as<,. The performance of the model is usually assessed in terms of the?R
MSE and F values. The same selection process is carried out in the subsequent steps
until a stopping criterion is met. Note that as the regression equations are updated,
the coe cients for the intercept and for the previously chosen predictors will change.
Algorithm 1 provides the pseudocode for the basic steps of Forward Selection tech-

nique.

Algorithm 1 Forward Selection

1. De ne L that measures the correlation between a predictor X * and the predictand Y
2. Create an empty candidate set of predictors: C*) = f.,g , k =0

3. Select the best remaining predictor:

h i
X* arg max L c®[ x*
x +2c k)

4. 1L cW x® > c®

a) Update: c*d  cM [ x+*
b) k k+1

c) Repeat step 2

On the other hand, backward elimination is the opposite of Forward Selection.

Backward elimination begins with the regression model utilising allP predictors:

9= p+ bpxg+ bpxo+ i1 bpXp: (3.4)

At each step of the process, the predictor whose coe cient is smallest in absolute value
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relative to its estimated standard error is removed from the equation.

3.2.2 Neighbourhood Component Analysis (NCA) with Regularisa-

tion

Neighbourhood component analysis (NCA) with regularisation is a nearest neighbour-
based method predictor weighting technique developed by Yang et al. (2012). NCA is a
Iter type (model-free) predictor selection technique which learns the predictor weights
that minimise an objective function evaluating the prediction loss over the training

data. (The following notations are consistent with those used by Yang et al. (2012).)

vector which corresponds to thei-th sample of the all predictors, y; is the i-th sample
of the predictand Y, and N is the number of samples. The objective of NCA is to nd
a weighting vector w that lends itself to select the predictor subset optimising nearest

neighbour prediction.

Now consider a randomised regression model that randomly picks a reference point
for x, Ref(x), and sets the response value ak equal to the response value of the
reference point Refk). The probability P (Ref(x) = x; j T) that point X; is picked

from T as the reference point forx is given by:

: K (dw (X;Xj))
PRef(x)=x;jT)= P : 3.5
where dy, (Xi; Xj) measures the weighted distance between two sampleg and x;,
dw (Xi3Xj) = WiXip  Xjpj; (3.6)
p=1

where wp, is the weight associated with thep-th predictor. Afterwards, a leave-one-out
approach is applied in which the response fo; using the data in T !, e.g. the set

T without the point ( X;;y;), is estimated. Hence, the probability P (Ref(x) = xj j T)
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that point x; is picked from T as the reference point forx is

k (dw (X;Xj)) .
e K (dw (X))

P Ref(x)=x;jT ' =P (3.7)
Now, let L : R? 7! R be a loss function that measures the disagreement between the
predicted value of the randomised regression modely;*and response,y;. Then, the
average value ofL (yi;¥) is given by

X

Li=E L(ys$)jT ' = pi L (Viy;): (3.8)
j=1;j6i

The objective function to be minimised is then given by:

X x
fw=g Lit wy; (3.9)
i=1 r=1
where is a regularisation parameter for all weights.
Algorithm 2 provides the pseudocode for the basic steps of NCA predictor selection

technique.

Algorithm 2 Neighbourhood Component Analysis

1. Initialise: w®) =(1;1;::::1), k=0

2. Select Ref(x)

3. Compute: dy (xi;X;) and P (Ref(x) = x; j T) using w(¥)
4w arg Minge o0 F (W)

5. Update: w(®)  w

6. k k+1

7. Repeat step 2

3.2.3 Sequential Forward Selection (SFS)

Sequential forward selection (SFS) is a technique that identi es a subset of optimal

predictors by sequentially selecting predictors until there is no improvement in the
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prediction or a stopping criterion is met.

SFS adapts the same forward selection approach of stepwise regression in Sec-
tion 3.2.1 by starting from an empty set of candidate predictors. However, unlike
stepwise regression, SFS carries out a 10-fold cross-validation procedure by utilising
the candidate set of predictors to train a given regression model. This makes SFS a
wrapper (model-based) predictor selection technique. SFS then assesses the importance
of the predictors based on a prede ned loss function. SSE is a commonly used loss func-
tion. A candidate predictor that minimises the mean loss value is then selected, and
SFS continues until the addition of more predictors does not reduce the loss value.

Algorithm 3 provides the pseudocode for the basic steps of SFS technique.

Algorithm 3 Sequential Forward Selection

1. Initialise predictor set: C*¥) = f,g , k=0
2. De ne estimator F such that §; = F C®
3. De ne criterion E measuring the error between estimated y and y; 2 Y

4. Select an optimal predictor:

h i
X* arg mn E c®W[x*
X *+2c (k)

5. 1fE CcO[ x®W <g c®

a) Update: ¢ cM[ x*
b) k k+1

c) Repeat step 4

3.2.4 Classication and Regression Trees (CART)

Classi cation and Regression Trees (CART) is a set of statistical procedures intro-
duced by Breiman et al. (1984). CART employs the methodology known as theBinary
Recursive Partitioning (BRP) algorithm.

As described by Merkle and Shaer (2011), the BRP algorithm has three main

characteristics:
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(1) it estimates the value of the predictand by partitioning the training data into

subgroups based on the predictors;
(2) at any step, it partitions the training data into two subgroups; and

(3) within the subgroups produced from a predictor, it repeats the partitioning pro-

cess based on other predictors or other splits of the same predictor.

Classi cation trees are designed for predictands that take a nite number of un-
ordered values, whileregression treesare for predictands that take continuous or or-
dered discrete values. Since this work only utilises predictors with continuous values,
this paper shall be focusing on regression trees henceforth.

In a regression problem, there is a training dataset oih observations on a predic-

split in the predictor space X that best discriminates between classes of the predictand
with continuous values. The result of the said process is a binary decision tree, whose
terminal nodes represent distinct classes or categories of data.

The binary decision tree starts with a root nodet derived from a predictor in the
dataset that minimises the measure of impurity or entropy of the two sibling nodes.
The node impurity is usually evaluated by the sum of squared deviations about the
mean and the node predicting the sample mean o¥ . The regression model is then
tted to each node to give the predicted values ofY . The binary splitting of the original
dataset is repeatedly performed to determine the predictors that minimise Eq. (3.10)
and until some pre-speci ed criteria are met. The importance of the predictors are
then assessed by summing the changes in the mean squared error incurred due to splits
on every predictor and dividing the sum by the total number of branch nodes formed:

The said node impurity is given by
o X 2 X 2
i(J;s) = i Yc)°+ i 9c)7; (3.10)
i:xi2Ca(j;s) i:xi2C2(j:s)

where C1 and C, denote the two distinct non-overlapping regions (child node 1 and

child node 2) produced by dividing the predictor space set using the splitting points 2 S
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for any predictor j, and y and ¥ are the actual and predicted values using regression
according to the points in C; and Co.
Algorithm 4 gives the pseudocode for the basic steps of the Regression Tree predictor

selection technique.

Algorithm 4 Pseudocode for Regression Tree construction

1. Start at the root node

2. For each predictor X, select the best split s
s argmin [i(j;s)]

3. If a stopping criterion is reached, exit

4. Otherwise, repeat step 2 to each child node

3.2.5 The Multilayer Perceptron (MLP) model

As mentioned in Chapter 2 Section 2.2.2.5, the MLP is one of the most commonly
used feedforward ANN forms for prediction and function approximation (Gardner and

Dorling, 1998). Although the inner mechanisms of feedforward ANNs were mentioned
several times in the preceding chapters, the following provides a mathematical descrip-

tion of their structure and training. The MLP consists of the following components:

an input layer with p inputs, corresponding to the number of utilised predictors,

one or more hidden layer, where each layer has an arbitrary number of nodes,

and

an output layer with o number of nodes, corresponding to the number of outputs

of the ANN.

Each layer in an MLP network is fully-connected to the succeeding layer, forming
a forward connection between each node in layel to each node in layerl + 1. Fig-
ure 3.2 shows a graphical representation of an MLP withP input nodes, one hidden
layer with M nodes, and an output layer with K nodes. The MLP shown in the gure

has P + M + K) nodes.
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Input Hidden Output
layer layer layer

Fig. 3.2. A feedforward ANN with N input, M hidden, and K output nodes.

The structure of a node is shown in Figure 3.3. Each node in the hidden layer is

the network connection weightsw and biasesb. The resulting value n is then mapped

by f to each node in the succeeding layers.

Fig. 3.3. Structure of an ANN hidden node.

Adapting the notations used in Bishop (1995), the forward process described above

is generally given by Eqg. (3.11):

g = f xiw-(-l) + g ; (3.11)
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wherej 2 [1;M], and M is the number of hidden nodes,wj(i')

and bias parameters, respectivelyf () is the mapping commonly referred to as the

and q(') are the weights

transfer function, and the superscript (I) denotes that the corresponding parameters

are those in thel-th layer of the network.

Transfer functions can be any mapping and are normally chosen based on the na-
ture of the modelling task (Hagan et al.,, 1995). One of the most popular transfer
functions in environmental modelling applications is the sigmoid transfer function. As
shown in Figure 3.4a, a sigmoid function has a graph that looks like a stretched "S' and
has a range between either 0 to 1 or -1 to 1. These characteristics enable an ANN to
approximate any non-linear and complex relationships between predictors and predic-
tands (Hornik et al., 1989; Bishop, 1995). As such, the sigmoid function is commonly

used in the nodes of the hidden layers (Cabaneros et al., 2019).

@ f(xX)= /=~ (b) f(x)= x

Fig. 3.4. The graphs of the (a) sigmoid and (b) linear transfer functions.

Another popular transfer function is the linear transfer function which is com-
monly used in the output nodes of ANNs employed to estimate continuous predictand
values (see Figure 3.4b). For a comprehensive list of transfer functions, the reader is

referred to Hagan et al. (1995).

Following Eg. (3.11), the nal result of the output layer of an ANN with only one
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hidden layer can be computed as follows:
P = awy? + 0, (3.12)

wherek 2 [1; k], and |, refers to the output layer.

The training of feedforward ANNSs is carried out in a supervised manner in which a
series of input and target output values are presented to the model. That is, an ANN

model is fed with the following sequence of proper network behaviour:

fp1y19:fp2;y20;: 5 fpQiyeg; (3.13)

where pq is an input to the ANN model and yq is the corresponding target output.
The values of the weights and bias parameters are initially set at random. During the
training process, the weights and bias values are adjusted based on the network error,
e.g. the di erence between the input and target values (see Figure 3.5). The process is

repeated until a prede ned threshold is met.

Fig. 3.5. ANN training algorithm (Cabaneros et al., 2017).
The network error is given by:
E=o5 i W (3.14)

where Q is the total number of training data. ANNs are trained using the backpropa-

gation algorithm which adjusts the weights and biases of the network according to the
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error gradient to descend the error surface. The algorithm attempts to improve the
performance of an ANN by reducing the network error along its gradient.
Note that E in Eq. (3.14) can be expressed as the function of the network weights

and biases. The MSE of the network outputs can then be given by:

Fw)=(y(k) ¢ (k) ¢K)= e (Ke); (3.15)

As mentioned in Chapter 2 Section 2.2.2.7, there are several variants of the gradient
descent methods. The Levenberg-Marquardt (LM) algorithm is utilised in the experi-
ments of this thesis. The LM algorithm is a variant of the backpropagation algorithm
for minimising functions that are sums of squares of other non-linear functions. Since
the performance or error index for MLP models is the MSE, the use of the LM algo-
rithm is considered appropriate (Hagan et al., 1995; Bishop, 1995). A full description
of the algorithm is provided in Appendix B.

Based on Figure 3.2 and Eq. (3.12)y“ls dependent on the transfer function of the
output node and the collective outputs of the hidden nodes. As such, the nal output

of an ANN in general depends on the inputs and hidden-node transfer functions.

3.2.6 Multiple Linear Regression (MLR) model

The MLR model is one of the most popular statistical models in AP forecasting appli-
cations (Shahraiyni and Sodoudi, 2016; Cabaneros et al., 2019).

The general form of the MLR model is given by:
Y= o+ X1+ oXip* it pXip + i (3.16)

where, for thei-th observation, ¥; is the estimated value of the predictandY;, ¢ is the
regression coe cient, and , are the coe cients of the P independent predictors x;,
p=1;2;:::;P,and ; is the residual error.

The MLR model assumes linearity between the predictors and a predictand, inde-
pendence between predictors, and normality and independence between residual errors

i, with 0 mean and 2 constant variance. As such, a linear predictor selection technique
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is normally applied to identify the set of independent predictors of the model.
To employ the MLR model, ; coe cients are initially estimated using the obser-
vations during the calibration stage. The estimated coe cients are then used to apply

the model using the test set for assessing model performance.

3.3 Temporal and spatiotemporal modelling of hourly NO 2
levels in Central London using wavelet-based ANN mod-

els

This section describes the wavelet-based modelling approach adapted in Experiment 2
which has been split into two sub-experiments, namely the temporal and the spatiotem-
poral analyses. With regards to the temporal modelling of NQ levels, data from the
target site, e.g. MAR site, are utilised in training the proposed and benchmark models.
On the other hand, the spatiotemporal modelling involves the estimation of pollutant
NO; levels at a given site using only the data from the neighbouring sites. In detail, six
sites in Central London are examined in the sub-experiment (see Chapter 4 Section 4.4).
As shown in Figure 3.6, the experiment has three main stages, namely: (1) wavelet
preprocessing or decomposition, (2) ANN model development and training, and (3) re-
construction of results. In more detail, a wavelet decomposition technique is initially
applied on the collected AP concentration time series. Discrete wavelet transformation
is described in Section 3.3.1, while the Daubechies wavelets are de ned in Section 3.3.2.
The resulting subseries are then considered as the new predictands. Afterwards, sepa-
rate ANN models are developed and trained to estimate the said predictands. Finally,
the results of the ANN models are combined to yield the nal wavelet-based ANN model
result. Finally, other forms of ANN models are considered in the current experiment
instead of the standard feedforward approach which was applied in Experiment 1. The

said model are discussed in Section 3.3.3.
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Fig. 3.6. The framework of the proposed spatio-temporal forecasting model in Exper-
iment 2.

3.3.1 Discrete Wavelet Transformation (DWT)

Discrete Wavelet Transformation (DWT) is a technique that decomposes a given time
series into several subseries of various scales. In general, wavelet transformation can
be thought of as a prism that exhibits the properties such as points of abrupt changes,
seasonality or periodicity of a given time series (Parmar and Bhardwaj, 2013). The

following describes the way the original time series is decomposed using DWT.

A sequence of wavelet and binary scale functions, denoted by;y (t) and ' jx (1),

respectively, can be calculated as
ik (=272 2t Kk ; (3.17)

Yk (=272 e kg (3.18)
where t, j, and k denote the time, scaling, and translation parameters, respectively,
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(t) is a given mother wavelet function, and" (t) is its corresponding scaling function.
The initial step of DWT is to map the elements of a given time seriesS to its wavelet
coe cients, and from these coe cients, two components are formed, hamely a smooth
version calledapproximation and a component corresponding to the deviations called
details of the signal:

X X x
SMH= ¢k jk®+ dix jk (1) (3.19)
k=1 j=1 k=1
where ¢k and djx denote the approximation and detailed coe cients, respectively, at
scalej and locationk, n is the size of the original time series, and is the decomposition
level.
For instance, a decomposition ofS (t) into a low frequency part A; (t) and a high
frequency part D1 (t) is given by S (t) = D1 (t)+ A1 (t). The same process is carried out
on A1 (t) in order to obtain decomposition in ner scales: A; (t) = Dy (t) + A, (1) (see

Figure 3.7).

Fig. 3.7. Decomposition of time seriesS into approximation A; and detailed compo-
nents D; i 2 [1;J].

Hence, Eg. (3.19) can be simpli ed into

X
S(t)y=" Di()+ As(t); (3.20)
i=1
P n P n
where D (t) = |, _; dix jk (t) and Ay (t) = | _; Gk . In other words, DWT rep-
resentsS in terms of the sum of subseries consisting of high frequency detail signals
D1;Dy; :::; Dy and a low frequency approximation signalAj.

The proposed approach in this work is to use the separately-built ANN models in
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estimating the detailed and approximation signals, instead of a single original time

seriesS;. The form of the nal estimated value of S (t) is then given by

X
St)= DBi)+ A @); (3.21)
i=1
where D; (t) and A (t) are respectively the detailed and approximation coe cients

separately estimated by ANN models.

3.3.2 Daubechies wavelets

The Daubechies mother wavelets (Daubechies, 1988) are chosen in this work because
they provide a smoother overall approximation of any given signal (Nievergelt, 2013).
Daubechies wavelets are based on a basic "building block" or "scaling function”, de-

noted by ' . The Daubechies basic building block is shown in Figure 3.8.

Fig. 3.8. Daubechies' scaling function' .

The said building block function has no closed form, although it satis es several alge-
braic relations that prove as useful as a formula for the purpose of calculations (Niev-

ergelt, 2013). For instance,’ equals zero outside [(3]:

"(r)=0ifr Oor3 r (3.22)
. . el ' _ ' _ l+p é ' _ 1 P §
Furthermore, starting with the initial values ' (0) =0, ' (1) = ===, (2) = ===,
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and' (3) =0, the building block ' satis es the following recurrence relation:

_ p_
' (r):71+4 3. (2r)+ 73+4 3 (2r 1) 203
3 Pz 1 P3 | (3:23)

+ 7] 2r 2)+ 2r 3):

The function ' serves as the basic building block for the associated Daubechies mother

wavelet, denoted by , de ned by the following recursion:

p
M= 3@ 1+ 3 o

g P f P (3.24)
"(2r+2):

The Daubechies wavelet function is shown in Figure 3.9.

Fig. 3.9. Daubechies' wavelet function

Figure 3.10 illustrates a sample decomposition in four subsequent components of
the NO, time series collected at Westminster-Marylebone Road site from 01/01/2007
at 00:00 to 11/02/2007 at 13:00 (King's College London, 2019). It is evident that the
uctuation patterns of each subseries di er, and that higher wavelet levels exhibit lower
signal variability. Consequently, the task of estimating the said wavelets using a general
approximator such as ANNs becomes signi cantly easier as demonstrated by previous

studies (Siwek and Osowski, 2012; Dunea et al., 2015).
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Fig. 3.10. Example of time series decomposition for N@ concentrations in g/m?3
recorded at MY1 site using Daubechies db4 level-3 mother wavelet, whereto D3 are
the detail signals and Ag is the level 3 approximation signal.

3.3.3 Long Short-term Memory Neural Network (LSTM) Model

LSTM neural networks are special types of RNNs in which self-connected neurons are
used to allow a cyclic ow of information. The LSTM neural network was proposed
by Hochreiter and Schmidhuber (1997).

LSTM neural networks consist of one input layer, one output layer, and a series of
memory blocks. Each LSTM block is composed of one or more self-recurrent memory
cells and three multiplicative units, i.e. input, output and forget gates. Each gate pro-
vides continuous analogs of read, write and reset operations for the blocks, respectively.

The blocks enable the network to accumulate enough information to update their train-
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ing parameters. These mechanisms allow LSTM models to extract long-range temporal
dependencies of inputs in the form of sequential series. An LSTM memory block with

a single cell is illustrated in Figure 3.11.

Fig. 3.11. A diagram of a single LSTM memory block

The input gate allows incoming information to modify the state of the nodes. The
output gate permits or impedes the cell state from a ecting other neurons. The forget
gates were designed to learn and reset memory cells once their status is out of date,
thereby preventing the cell status from growing without bounds and causing saturation
of the transfer functions.

The forward training process of an LSTM unit with X, ¢, and h; as the input,
memory cell status and output values, respectively, can be formulated as described
in Eq. (3.25) to Eg. (3.29):

Fo= w® xe+wt) hy g+ w© ¢ 1+ 6P (3.25)
o= w) xe+wt) by g+ w© ¢ g+ D (3.26)
G=F ¢ 1+ It W(C) Xt + W(H) hy 1+ b(c) (3.27)
O = W(O) Xt + W(H) hy 1+ W(C) G + b(o) (3.28)
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hi=0¢ (a) (3.29)

where |, O, and F; are the function values of the input, output and forget gates at
time t, respectively, ¢; and h; represent the activation vector for each cell and memory
block, respectively, denotes the transfer function, andw and b are the weighting and
bias constants. Commonly used transfer functions for the LSTM model include the

sigmoid, tanh and relu functions.

3.4 Spatiotemporal modelling of hourly NO > levels in Greater
London using fully-connected wavelet-based LSTM mod-

els

3.4.1 Framework of the fully-connected Hybrid Deep Learning Ap-

proach

The proposed modelling approach is presented in this section and is depicted in Fig-
ure 3.12. The proposed modelling approach consists of four parts, each of which is
brie y summarised as follows:

(1) The k-optimal neighbouring sites of each target site are selected based on the

Pearson correlation coe cient, r ('), of the concentration values between sites; and s;

Cov(si;sj).

(si) (s))’

r(si;sj) = (3.30)
where Cov( ) denotes the covariance function, and () is the standard deviation. A
correlation threshold value is initially set, and the k-optimal sites with correlation values
higher than the threshold value are chosen. Hence, the number of neighbouring sites for
each target site may vary. It is also worth noting that the most relevant neighbouring
sites may not necessarily be the nearest ones due to the presence of other meteorological
factors and human activities (Wang and Song, 2018). Hence, the distance constraint is
not considered in the selection of the neighbouring sites.

The selection process is carried out to reduce the tendency of model over tting due

62



Chapter 3. Methodology

Fig. 3.12. The framework of the proposed fully-connected hybrid LSTM modelling
system in Experiment 3.

to the utilisation of too many irrelevant or redundant predictors (Bishop, 1995). It is
worth noting that as much as previous works have reported the advantages of utilising
other auxiliary predictors such as meteorological and tra ¢ variables (Shahraiyni and
Sodoudi, 2016; Cabaneros et al., 2019), this work only considered the past concentration
values from the selected neighbouring sites. This is to ensure that the results are
in uenced not by the relationship between the utilised predictors but only by the past

NO, data and complexity of the proposed model architectures. Furthermore, the said
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scheme attempts to assess the spatiotemporal performance of hybrid ANN architectures
using only minimum number of predictors.

(2) The hourly AP concentration data from the selected k neighbouring sites are
then decomposed into several sub-series through DWT (see Section 3.3.1).

(3) Each decomposed data, i.e. the subseries, from each selected sites is then fed to
a single temporal approximator represented by the LSTM models (see Section 3.3.3).
LSTM models are selected to extract temporal information from the input time series.
The individual LSTM model estimates are then reconstructed using Eq. (3.21) to form
the nal LSTM result. Note that the said results represent the initial estimates (or
pre-estimates) of the pollutant concentration at the target station by the LSTM models
using only the information from the k neighbouring sites.

(4) The LSTM pre-estimates are then fed to a fully-connected ANN represented
by the MLP model (see Section 3.2.5). The MLP is chosen to extract information
regarding the spatial variation of the individual forecasts from the neighbouring sites.
The output of the feed-forward model is considered as the nal forecasting result of the

proposed hybrid spatiotemporal wavelet-based model.

3.5 Summary

The Chapter has described the methods that are applied to implement the various
experiments needed to achieve the objectives of this research. The schematics for each
experiment were discussed in detail, while the individual techniques needed to carry
out each component of the said schematics were fully described.

The basic components such as the network architecture, hidden node con gurations,
and calibration schemes of a standard feedforward ANN model, e.g. the MLP model,
were fully covered. Sophisticated recurrent variant of the MLP model, e.g. the LSTM
model, was also covered.

The basic theory behind the proposed predictor selection techniques, e.g. stepwise
regression, NCA with regularisation, SFS and CART, were also discussed in this chap-
ter. Furthermore, distinctions between Iter-, wrapper-, and ensemble-type techniques

were described according the mechanisms of the selected predictor selection techniques.
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Finally, the underlying principles into developing data-intensive hybrid and ensem-
ble ANN models were discussed. For instance, the development of hybrid ANN models
that underwent wavelet preprocessing and various ensemble modelling approaches were

fully covered in this chapter.
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Chapter 4

Experimental Design and Model

Development

4.1 Introduction

In this chapter, the settings of the experiments in this thesis are presented. Details
including the model-building protocol, data rati cation and monitoring site types, the

multi-step forecasting scheme, and performance evaluation indices are rst covered in
Section 4.2, while the settings of the experiments mentioned in Chapter 1 Section 1.6

are described in Sections 4.3 through 4.5.

4.2 An overview of the experimental settings

4.2.1 Model-building protocol

As discussed in Chapter 2 Section 2.2.2, the development of ANN models generally
consists of the following steps: (1) data collection, (2) data preprocessing, (3) predictor
selection, (4) data splitting, (5) selection of model architecture selection, (6) model
structure determination, (7) model training, and (8) model validation. The settings of
each experiments in the following sections are therefore described according to the said
steps. The choice of certain parameters and techniques that were incorporated in the

experiments are also justi ed in the succeeding sections.
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4.2.2 Data collection and site location details

A special emphasis on the details regarding the collected data and case study locations
are provided due to the data-driven nature of ANN models. There are a couple of
technical terms relating to the locations where the data have been obtained that need to
be de ned. Such details include site environment types and data rati cation practices.

First, several site environment types were considered in the following experiments.
A detailed description of various air quality monitoring site types is provided in Ta-
ble 4.1. Common instruments used for the continuous monitoring of @ concen-
trations include the Dobson spectrophotometer and the Brewer spectrophotometer,
while NO, concentrations are monitored using the chemiluminescent analyser (DEFRA,
2004). Fine particles such as PMp and PM,.5 are measured using the Tapered Ele-
ment Oscillating Microbalance (TEOM) analysers Model 1400AB with di erent sam-
pling heads design, Filter Dynamics Measurement System (FDMS) and -attenuation
analysers (Charron and Harrison, 2005).

Finally, the data presented online by DEFRA are either marked asprovisional or
fully ratied . Hourly mean monitoring results from the Automatic Urban and Rural
Monitoring Network (AURN) are uploaded as provisional data. Data validation is
then undertaken in which the provisional data are screened and \cleaned". Additional
reviews and screenings on a quarterly basis are then carried out to exclude faulty values
as far as possible (DEFRA, 2017). When provisional data have been quality-assured,
they are considered fully rati ed or veri ed. All data utilised in all the experiments in
this research have been fully rati ed, and are therefore t for computational analyses
and interpretation (DEFRA, 2017). A screenshot of DEFRA's online data selector

interface is shown in Appendix C.
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Table 4.1. Description of various site environment types (DEFRA, 2004).

Type Description

Urban area (U) Area with complete or at least highly predominant building-up of the
street front side by buildings with at least two oors or large detached
building with at least two oors. With the exception of city parks, the
built-up area is not mixed with non-urbanised areas. For the measure-
ment of O3, the urban area is described as residential or commercial
areas of cities, parks (away from trees), big streets or squares with
very little or no tra c, open areas characteristic of educational, sports
or recreation facilities. Urban sites should measure air quality which
is representative of a few km?.

Suburban area (S) Area with contiguous settlement of detached buildings of any size
with a lesser building density than those in urban areas.

The built-up is mixed with non-urbanised areas such as agricultural,
lakes and woods. For the measurement of Q, suburban areas include
where population, sensitive crops or natural ecosystems located in
the outer fringe of an agglomeration are exposed to high ozone levels.
Suburban sites should measure air quality which is representative

of some tens of kn?.

Rural area (R) Area situated more than 20 km away from agglomerations and more
than 5 km away from other built-up areas, industrial installations
or motorways major roads. Rural sites should measure air quality
which is representative of at least 1000 km?.

Tra c station (T) Area located such that its pollution level is determined predominantly
by the emissions from nearby tra c, such as roads, motorways, and
highways. Tra ¢ sites should measure air quality representative of
a street segment no less than 100m length. Furthermore, sampling
probes shall be at least 25m from the edge of major junctions and
more than 10m from the kerbside.

Industrial station (I) Area located such that its pollution level is in uenced by emissions
from nearby single industrial sources or industrial areas with many
sources. Industrial stations should measure air quality representative
of at least 250m  250m.

Background station (B) Area located such that its pollution level is not in uenced signi -
cantly by any single source or street, but rather by the integrated
contribution from all sources upwind of the station, e.g. by all
tra ¢, combustion sources, etc. upwind of the station in the city.
Background sites should measure air quality representative for
several kn?.

4.2.3 Forecasting horizon

The structure of a multi-step ahead forecasting scheme which was adapted in the ex-
periments is given in Figure 4.1. It can be seen that some related measurements in

the previous hours is utilised by the model. The parameterh refers to the forecasting
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horizon. It can be seen that the farther out the forecasting horizon, i.e. the greater the
value of h, the lesser samples become available due to the time shifting required. As
such, the total amount of samples available for training and training could be calculated
as total samples = (N h), where N is the total number of samples. On the other
hand, the parameterd refers to the delay or lag, which determines how much data in

the past are used for model training.

Fig. 4.1. The structure of the multi-step ahead forecasting scheme.

4.2.4 Performance Indices

The models that were developed in all the experiments are validated using various
comprehensive performance metrics. In detail, the replicative and predictive validity
of the model results are assessed to ensure that the models can be utilised for their
intended purpose with con dence.

As thoroughly discussed by Humphrey et al. (2017), replicative validation metrics
ensure that the model has captured the underlying relationship in the training data,
while predictive validation metrics assess the generalisation ability of the model.

The following statistical metrics were employed: the RMSE, MAE, and Index of

Agreement (IA) or Willmott's index (Willmott et al., 2012). The said metrics are
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described in Table 4.2. The RMSE is one of the most popular indices based on the
squares of the di erences between actual and modelled output values, while MAE is
based on the absolute di erences between actual and modelled output values. Lower
RMSE and MAE values translate to better model performances. IA is a dimensionless
index that is more rationally accounts the accuracy of model results than any other
existing indices. In fact, the use of the more traditional linear correlation coe cient, R,
and its square, R, are not recommended as a measure of model performance as their
magnitudes are not consistently related to the accuracy of model results (Willmott,
1982). The metric values are bounded by -1.0 and 1.0, and should be closer to 1.0 for

best-performing models.

Table 4.2. Model performance metrics.

Abbreviation  De nition Formula
\A
g
RMSE Root Mean Squared Error RMSE = t N (P 0)?
i=1
X
MAE Mean Absolute Error MAE = N iPi  GOij
i=l p
— iN=1 (Pi oi)2
1A Index of Agreement IA=1 p 5

i=1 Pi O + O O

Note that P; and O; are the predicted and observed values of N@ concentration,
respectively, andP and O are the mean value of the predicted and observed values of
the predictand, respectively.

The models developed in Experiment 2.2 are further assessed by determining their
ability to accurately forecast hourly AP limit exceedances or hourly episodes, see the
contingency table shown in Table 4.3 The columns are the forecast values and the rows

are the actual values. In the matrix,

TN is the number of hourly episodes correctly identi ed as an episode;

" FP is the number of hourly episodes incorrectly identi ed as an episode, e.g. false

alarm;

~

FN is the number of hourly episodes incorrectly identi ed as a non-episode, and
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" TP is the number of hourly episodes correctly identi ed as an episode.

The NO> level of 100 g/m® was selected as it is found that levels beyond it are
considered unhealthy for sensitive groups, including those with lung disease, children

and older adults (USEPA, 2016).

Table 4.3. Contingency table for a two-category forecast.

Forecast

< 100 g/m?3 100 g/m?

Actual < 100 g/m? TN FP
100 g/m? FN TP

Based on Table 4.3, several metrics can be calculated:

" probability of detection (POD) which represents the fraction of correctly forecast

NO; limit exceedance, ranging between 0 to 1 and with the best value of 1; and

"~ false alarm rate (FAR) which is the fraction of false alarms over the total forecast

positive events, ranging between 0 to 1 and with the best value of O.

Ideally, the POD score should be reasonably high while the FAR score should be rea-
sonably low to maintain public con dence in the NO, level early warnings. The said

ratios are given by Eq. (4.1), and Eq. (4.2), respectively:

TP
POD= N+ 7P’ (4.1)
FP

Lastly, a visual inspections was undertaken to reveal the performance of the models.
For instance, the following gures were shown: scatter plots of actual versus predicted

data, plots of actual and predicted data, and histogram of residuals.

4.2.5 Software and Hardware Speci cations

All computations such as the development of the ANN models and implementation of

all preprocessing techniques are carried out in MATLAB R2019b environment (The
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MathWorks, 2019). All spatial analyses and mapping were performed by ArcGIS soft-
ware version 10.6 (Environmental Systems Research Institute, 2020). Furthermore, the
computations were performed in an Intel(R) Xeon(R) E5-2620 CPU with 2.10GHz
processors, 8 physical cores, 16 logical processors, NVIDIA Quadro K620 2 GB DDR3
GPU memory, and 16 GB memory.

4.3 Settings for Experiment 1

4.3.1 Collected data and site locations

The selected target site for Experiment 1 is the London Marylebone Road (MAR)
which is a busy road comprising of three lanes of tra c in each direction and carry-
ing approximately 90,000 vehicles per weekday (DEFRA, 2020). As such, MAR site
is considered as one of the most polluted streets in the United Kingdom, exceeding
annual legal limit of 40 g/m 2 for NO> levels several times in the past four years (The
Guardian, 2017). The dataset collected from MAR site thus exhibits a wide range of
NO> levels, particularly numerous peak levels. As such, the dataset was as selected
to assess the performance of the proposed models of all experiments in this thesis.
MAR site is also expected to represent many other urban locations exhibiting a similar
range of NO, concentration values. To account for the in uence of the AP levels from

a neighbouring site, measurements from the London Bloomsbury (BLM) site, which is
approximately 2 km away from MAR site, were also collected. As shown in Figure 4.2,

MAR and BLM sites fall under tra ¢ and background types, respectively.

(&) MAR site (b) BLM site

Fig. 4.2. Maps describing a) MAR and b) BLM sites (via Google Maps).
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Continuous measurements of emissions and meteorological predictors were used to
train the MLP models in Experiment 1. In more detail, hourly values of NO, NO», CO,
PMig, PM2.5, Oz, barometric pressure (BP), temperature (T), wind direction (WD)
and wind speed (WS) levels measured from January 2014 to December 2016 were col-
lected. The set of predictors were initially selected based on availability and complete-
ness. Furthermore, a combination of primary and secondary gaseous and particulate air
pollutants were chosen as relationships between them are known to occur. The meteo-
rological parameters were selected as they in uence the dispersion of air pollutants in
the ambient environment. Note that the wind-related variables were transformed into
two components, namely, W, = WS cos (WD), and Wy = -WS sin (WD), to account
for their cyclic characteristic and avoid sudden jumps of values (Arhami et al., 2013).

Table 4.4 lists the selected predictors and their statistical properties for the speci ed
collection period. Note that those ending with '_bg' denote the predictors collected from

a background site, e.g. BLM site.

Table 4.4. Descriptive statistics of hourly air pollutant and meteorological data for
the period January 2014 to December 2016 (DEFRA, 2004).

Predictor  Unit Mean Median  Std. Dev. Min Max Missing
data (%)

NO, g/m? 90.35 84.63 40.91 8.06 32191 134
O3 gm? 1481 10.28 13.18 0 98.69 3.06
NO g/m?® 142.19 108.19 115.37 1.53 87283 1.34
CO g/m?®* 0.52 0.47 0.27 0 251 6.56
PM 1o g/m?® 25.44 22.70 14.14 0 118,50 6.19
PM2:s g/m? 16.63 14.40 10.88 0 97.10 3.37
WD 19740 225.00 98.14 0 360.00 3.10
WS m/s 3.42 3.10 1.68 0 12.60 3.10
T C 10.16 10.10 5.70 -6.70 29.60 3.10
BP m 1009.99 1011.00 9.90 976.00 1038.00 3.10
O3-bg gm? 28.12 26.14 19.88 0 138.09 1.03
NO _bg gm? 18.91 8.66 29.71 0.06 432.42 1.49
NO,_bg g/m?®  46.92 45.23 21.21 0.48 19243 154
PM1_bg g/m?® 19.40 16.10 12.61 0 147 12.28
PM.5_bg g/m?®* 1251 9.40 10.71 0 96.50 4.62
WD _bg 202.33  229.80 92.36 0 360 3.01
WS_bg m/s 3.34 3.00 1.72 0 13.10 3.01
T _bg C 10.34 10.30 5.75 -6.80 29.40 3.01

The collected NO, data from MAR site has the mean and median concentrations of
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90.35 g/m*® and 84.63 g/m?3, respectively. The statistics reveal the relatively higher
pollution levels in MAR site when compared to those collected from BLM site. Fur-
thermore, the emissions data in MAR site exhibit higher variability than those from
BLM site according to the computed standard deviation values of the NGQ data from
both sites. Finally, it is evident that the collected dataset su er from varying amounts

of missing values, ranging from 1.03% to 12.28%.

Figure 4.3 displays the complete (and imputed) time series of the hourly NQ data,
the parameter to be estimated in the current experiment. Note that the Data Aug-
mentation (DA) was used to address the issue of missing data (see Section 4.3.2 for
more details). The collected hourly NG, levels appear to vary rapidly and cover a wide
range of values between short periods of time. Due to the complexity of the dynamics
between NG, pollution and other parameters, a more comprehensive visual inspection
needs to be done. The time series plots of the predictors utilised in Experiment 1 can

be found in Appendix E.

Fig. 4.3. Hourly NO, measured in MAR site during from January 2014 to December
2016.

Figure 4.4 shows the plot of the same hourly NQ values over hourly (at the top)
and daily (at the bottom) cycles. Higher mean values and amplitudes take place from
7am to 10am and from 3pm to 6pm in comparison to the other times of the day. The
said observed peaks represent peak travel hours demonstrating the strong in uence of
road transportation especially from diesel vehicles on roadside N®levels (DEFRA,

2004; Colls, 2001; WHO, 2003). The said di erences in the mean concentration level
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and the amplitude of the hourly time series indicate the presence of hourly seasonality.
Furthermore, the box plot of the collected data over daily cycles exhibits seasonality of
NO, levels. For instance, higher levels are observed on weekdays while lower ones are

seen during on weekends.

Fig. 4.4. Hourly box plots of the collected NO, data for each hour from January 2014
to December 2016.

However, such values introduce abrupt changes especially when fed to sigmoidal transfer
function. To avoid discontinuity and account for their cyclic trend, the temporal pre-
dictors were transformed using the following expressions: sin (8= 24), cos (2h= 24),
sin(2d=7), and cos (2d=7), where h is the hour of the day, and d the day of the
week (Chelani et al., 2002).
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4.3.2 Model Development

The Data Augmentation (DA) algorithm (Tanner and Wong, 1987) was applied to
address the missing data. It consists of an iterative process that alternatively llIs in
missing data and makes inferences about the unknown parameters in a random manner.
Details regarding the algorithm can be found in Appendix D. Furthermore, the max-
min data normalisation was performed to ensure that all values fall between zero to
one (Hagan et al., 1995). Given a predictor sefX , the technique can be described as
follows:

X Xmin

Xnorm = ——————— (4.3)
Xmax  Xmin
where Xnorm 1S the normalised value ofx 2 X, and Xmin and Xmax are the minimum

and maximum values of X , respectively.

Several MLP models based on di erent sets predictors selected by stepwise regres-
sion, NCA with regularization, SFS, and regression trees techniques were built in this
experiment. In addition, a MLP model that use all set of collected predictors was also
developed to serve as a benchmark. Table 4.5 shows the settings used to implement

the said predictor selection techniques.

Table 4.5. List of parameter settings utilised by the predictor selection techniques.

Technique Parameter Value

Stepwise Regression Intercept term Constant
Distribution Normal (default)
Criterion SSE

NCA with regularisation  Regularisation ()
Fitting method

Weight solver

Optimised via 5-fold CV partition
Fitting using all data
Stochastic Gradient Descent

Loss function MSE

Gradient tolerance le-4

Epsilon value (Interquartile range of Y)/13.49

Iteration limit 30
SFS No. of CV partition 10-fold

Objective function MSE of MLP model results
Regression Tree Leaf Merge Flag On

Minimum parent size 10

No. of bins Empty

Predictor Selection

Curvature Test
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Furthermore, a plain MLR model was also developed to serve as linear benchmark
to the employed non-linear models in this experiment. Note that the only stepwise
regression was applied to identify the best predictors for the MLR model. Table 4.6
lists all the models built in Experiment 1.

Table 4.6. List of proposed and benchmark models developed in Experiment 1.

Model Code Model Details

MLP sgr MLP model using the predictors selected by Stepwise Regression
MLP nca MLP model using the predictors selected by NCA with regularisation
MLP sks MLP model using the predictors selected by SFS

MLP gr MLP model using the predictors selected by Regression Tree

MLP ALl MLP model using all predictors

MLP met MLP model using only meteorological predictors

MLP poL MLP model using only emission-type predictors

MLP tive MLP model using only time-scale predictors

MLR sr MLR model using the predictors selected by Stepwise Regression

Both 10-fold cross-validation and block splitting approaches were applied to train
and evaluate the performance of the developed models. In detail, all points during
the collection period, e.g. from January 2014 to December 2016, were utilised for the
training and testing of the model under 10-fold cross-validation. On the other hand,
the rst 90% of the collected hourly data were allocated to train the models while the
remaining points were used for validation purposes under block splitting.

The MLP-based models built in this experiment have the structure P-H-1, where
P denotes the number of predictors used, H is the number of nodes in the hidden
layer, and 1 output node. Only one hidden layer was applied as it was found to be
Su cient in approximating any smooth measurable mapping between predictors and
predictands (Hornik et al., 1989). The value of H is determined through a trial-and-
error approach in which several models with various hidden node con gurations were
run 100 times to account for the sensitivity of the initial random values of the weight
and bias parameters. The value of H that yields the least average residual scores of the
model using the training set was then chosen for the model testing stage. Finally, the
log sigmoid transfer function was chosen for the hidden layers, and the linear function
for the output layer.

The MLP models in this experiment were trained using the LM algorithm. In

78



Chapter 4. Experimental Design and Model Development

addition, the forecasting horizon values used in this experiment ardr = 0; 1; 2; 3. Lastly,

the models were evaluated using the statistical indices described in Table 4.2.

4.4 Settings for Experiment 2

4.4.1 Collected data and site locations

The models employed in Experiment 2 were developed based on the air quality data
collected in Central London. For the Experiment 2.1 which involves the temporal
modelling of NO, levels, predictors from MAR site were utilised. The selection of the
optimal predictors is based on the results of Experiment 1. On the other hand, several
monitoring sites surrounding MAR site were chosen in Experiment 2.2 dealing with the
spatiotemporal modelling of NO, levels. The number of sites considered for investiga-
tion was limited to ve, representing those closest to MAR site. As such, the following
sites were selected: (1) London Marylebone Road, (2) London Bloomsbury, (3) Cam-
den Kerbside, (4) North Kensington, (5) Tower Hamlets Roadside, and (6) London

Westminster (see Figure 4.5).

Fig. 4.5. Case study area.
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The number of sites considered for investigation was limited to ve, representing
those closest to MAR site. The neighbouring sites were also selected based on data
availability and site environment type. In more detail, only urban type monitoring sites
and those with missing values of less than or equal to ve percent of the total number
of data from January 2013 to December 2014 were selected. A total of 105,120 data
points were collected in total, e.g. 17,520 data points from each chosen site.

Table 4.7 provides the location and description of the selected monitoring sites,

while the maps describing the selected sites and their vicinity are given in Figure 4.6.

Table 4.7. Air quality monitoring sites, coordinates, and site environment type.

Site name Site Latitude / Longitude Environment
Code type
London Marylebone Road MAR 51 31°21.10°N,0 9°16.59°W  Urban trac
London Bloomsbury BLM 51 31°20.24%N,0 7°33.20°W  Urban background
Camden Kerbside CAM 51 32°39.15°N,0 16°30.96°°W Urban trac
North Kensington KEN 51 31°15.78°N,0 12°48.57°°W  Urban background
Tower Hamlets Roadside ~ HAM 51 31°21.10°N,0 2°31.75°w  Urban trac
London Westminster WST 51 29°40.81%°N,0 7°54.92°°W  Urban background

All selected monitoring stations are part of the AURN that has been monitoring AP
levels since 1997 (DEFRA, 2004). The key characteristics of the said sites are described
as follows:

1) MAR is a kerbside site located within one meter of the edge of a busy six-lane
road, A501. Its surrounding area forms a canyon;

2) KEN is a background site situated at a mainly residential area and is 5 meters
away from a quiet residential road, St. Charles Square. CAM is a kerbside site situated
at the southern end of a broad street canyon where the road is often busy;

3) BLM is a background site situated within the north-east corner of a central
London garden with all four sides surrounded by a two-lane one-way road system. The
site is surrounded by small buildings;

4) WST is a background site situated in the car park of a building, Westmin-
ster Coroner's Court, 17 meters away from an intersection between two-lane roads,
B323 Horseferry Road and Regency Street. The site is surrounded by a mix of com-

mercial and residential areas; and
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(8) MAR (b) BLM
(c) CAM (d) KEN
(e) HAM (f) WST

Fig. 4.6. Maps of the selected sites and their vicinity (via Google Maps).

5) HAM is a kerbside site situated within an existing building, part of Queen Mary
and West eld College, on a busy dual carriageway road, A1l Mile End Road. Its

surrounding area consists of commercial and residential buildings.

Table 4.8 presents the measure of central tendency and dispersion of the collected
NO, concentration data from all chosen sites. It is evident that the NO, concentration
measured from MAR, CAM and HAM sites during the period 2013-2014 su er from
high NO, concentrations with recorded mean values of 89.18g/m 3, 68.10 g/m? and
61.29 g/m?3. In fact, breaches of the legal limit were observed 127 and 56 times at MAR
and CAM sites, respectively, while a breach was recorded only twice at HAM site. On

the other hand, the annual mean NG concentration levels at KEN, BLM and WST sites
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were signi cantly lower, e.g. 35.63 g/m?, 51.46 g/m?3, and 45.40 g/m?3, respectively,
compared to those from the roadside sites. Finally, the missing N@ concentration data

in this study ranged from approximately 0.5% to 2.0%.

Table 4.8. Descriptive statistics of the collected hourly NO, concentration data.

Sites
MAR KEN CAM BLM WST HAM

Mean [ g/m?®] 89.18 3563 68.10 5146 4540 61.29
Median [ g/m 3] 8299 31.03 6246 50.27 43.62 59.36
Maximum [ g/m 3] 280.74 173.73 368.86 19243 174.72 237.79
Minimum [ g/m 3] 7.25 0 5.56 1.14 0.29 0.92
Standard deviation [ g/m3] 40.30 21.32 35.58 22.47 22.57 28.63
Missing data [%] 1.32 1.63 0.47 1.26 1.03 1.79

The observations above are in agreement with the box plots of the hourly variations
of the collected NGO, concentration data shown in Figure 4.7. The time series plots of
the collected NO, data can be found in Appendix H. Higher mean NG concentration
values and range are exhibited by the data collected from MAR, CAM and HAM
sites in comparison to those shown by the data from BLM, KEN and WST sites.
Results from using the said collected datasets with a wide range of characteristics
could provide valuable information revealing the in uence of site location types on

model performance.

Fig. 4.7. Hourly box plots of the collected NO, data from the selected monitoring
sites during the two-year study period.

82



Chapter 4. Experimental Design and Model Development

4.4.2 Model development

In this experiment, the schemes employed in the data preprocessing in the previous
experiment are also applied. Experiment 2 can be split into two main sub-experiments,
namely, temporal modelling, and spatiotemporal modelling. As such, there are major

distinctions regarding the predictors selected for the models of each sub-experiment.

For the temporal modelling tasks, the schemes applied for prediction selection in
Experiment 1 adapted. In contrast, leave-one-out cross-validation methodology and
correlation analysis were carried out to train the spatiotemporal models. In more detalil,
the information from the neighbouring sites will be used to estimate the pollutant level
of a given target site. For instance, the NG levels in MAR site will be modelled using
only NO» levels from the neighbouring sites. The aim of this approach is to determine
to ability of the proposed wavelet-based ANN models estimate the spatiotemporal

variations of air pollutant levels.

A similar ANN architecture, e.g. a feedforward ANN (the MLP model), was also cho-
sen as benchmark models for both sub-experiments. However, a deep RNN, e.g. LSTM
model, was developed in Experiment 2.2 for the spatiotemporal estimation of N@ lev-

els.

Data-intensive hybrid models that underwent wavelet preprocessing were proposed
to test their superiority over the plain MLP models in both sub-experiments. As
described in Chapter 3 Section 3.3.1, a wavelet decomposition technique is applied to
split the original time series exhibiting high variability into several subseries with lower
variability. Daubechies wavelets were chosen to approximate the raw time series signal
for various reasons. Firstly, Daubechies wavelets are a family sophisticated wavelets
capable of approximating continuous signals more accurately with fewer xed scaling
functions (Nievergelt, 2013). Secondly, Daubechies wavelets have been found to perform
well in the past (Siwek and Osowski, 2012; Osowski and Garanty, 2007; Dunea et al.,
2015). The names of the Daubechies family wavelets are usually written as DN
where N, is the number of vanishing moments which determine the ability a wavelet

to approximate any given signal (Nievergelt, 2013).
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Several types and levels of the Daubechies wavelet were tested and selected based on
the ratio std (Aj) =std (S). That is, the standard deviation of A; must be substantially
smaller than that of the original time series S. However, choosing a larger value of
increases the number of terms in Eq. (3.19), thus accumulating more approximation
errors when Eg. (3.19) is computed (Osowski and Garanty, 2007). As such, the levels
of the tested Db wavelets were limited from 3 to 5. On the other hand, the number
of vanishing moments, N,, was limited from 4 to 6. Considering the above-mentioned
conditions, various con gurations of Daubechies wavelets were selected.

The use of wavelets has implications on the resulting structure of the ANN models.
Since several wavelets are applied to decompose each time series, the hidden layer
con gurations of resulting ANN models corresponding to the number of wavelets need
to optimised. The same trial-and-error procedure for determining the hidden layers for
the MLP models in Experiment 1 was applied here.

All models except the LSTM model are trained and tested using the same process
described in Chapter 4 Section 4.3.2. The LSTM model trained using the ‘adam’
training algorithm. Finally, the forecasting horizon values for Experiment 2.1 are h =
0;1;6;12. Only 1-h ahead forecasts are to be carried out in Experiment 2.2.

The list of models to be developed in Experiment 2.1 are as follows: W-MLP
model, e.g. the wavelet-based MLP temporal model, and MLP model, e.g. the plain
MLP temporal model.

On the other hand, the list of models to be developed in Experiment 2.2 is provided

in Table 4.9. Note that CA denotes correlation analysis.

Table 4.9. List of proposed and benchmark models developed in Experiment 2.2.

Model code Model description

W-LSTM-CA  Wavelet-based LSTM with predictors selected via CA
W-LSTM Wavelet-based LSTM with all predictors

LSTM-CA Plain LSTM with predictors selected via CA

LSTM Plain LSTM with all predictors

W-MLP-CA Wavelet-based MLP with predictors selected via CA
W-MLP Wavelet-based MLP with all predictors

MLP-CA Plain MLP with predictors selected via CA

MLP Plain MLP with all predictors
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4.5 Settings for Experiment 3

45.1 Collected data and site locations

The proposed models were developed using the hourly NOconcentration data from
monitoring sites across the Greater London area. Figure 4.8 shows the distribution of

the selected air quality monitoring sites across the Greater London area.

Fig. 4.8. The selected monitoring sites for Experiment 3.

The monitoring sites are part of the AURN of the United Kingdom, and maintained
by the London boroughs, DEFRA, and Transport for London (TfL). Only urban or
suburban monitoring sites with at least 80% of available NGQ concentration data were
considered. As such, 19 monitoring sites were selected, of which approximately 74%
are considered as strategic for AP level assessments by Moorcroft and Marner (2011).
As shown in Table 4.10, the selected sites consist of two kerbside, eleven roadside, two

suburban, and four urban background sites.
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Table 4.10. Air quality monitoring sites, coordinates, and site environment
type (King's College London, 2019).

Site name Site Site type Latitude / Longitude

code
Bexley - Slade Green BX1  Suburban 51 27°57.71°N, 4 11°5.30%E
Brent - Ikea BT4  Roadside 51 33°8.98%N, 0 15°929.86°°W
Camden - Bloomsbury BLO  Background 51 31°20.24%°N, 0 7°33.20%°w
Camden - Shaftesbury Avenue CD3  Roadside 51 30°55.92°N, 0 79%7.30%°wW
Camden - Swiss Cottage CD1  Kerbside 51 32%39.16°°N, 0 10%30.97%°w
City of London - Sir John Cass CT3  Background 51 30%9.85°N, 0 4°9.96%°wW
City of London - Walbrook Wharf CT6  Roadside 51 30°37.80%°N, 0 5°929.8%°w
Greenwich - A206 Burrage Grove GNO  Roadside 51 29°92592%°N, 0 4°26.4%E
Greenwich - Trafalgar Road GR5  Roadside 51 29°0.42°°N, 0 0°%.52%w
Greenwich - Westhorne Avenue GR9  Roadside 51 27°22.90%°N, 0 2°26.59E
Greenwich - Woolwich Flyover GR8  Roadside 51 29°912.78%°N, 0 194.44%E
Greenwich - Eltham GR4  Suburban 51 27%:32°N, 0 4%5:28°E
Hackney - Old Street HK6  Roadside 51 31°35.23°N, 0 5°5.68°W
Islington - Holloway Road IS2 Roadside 51 33°19.41°N, 0 6°58.06°°W
Kensington and Chelsea - North Ken KC1  Background 51 31°1578%N, 0 12°48.57%°w
Tower Hamlets - Blackwall TH4  Roadside 51 30°54.17°N, 0 0°30.31%°w
Tower Hamlets - Mile End Road TH2  Roadside 51 31°21.11°N, 0 2°31.76%°w
Westminster - Horseferry Road WMO Background 51 29°40.81°N, 0 7°54.95°w
Westminster - Marylebone Road MY1  Kerbside 51 31°21.11°°N, 0 9°16.59%°wW

The kerbside and roadside sites are located within 1 and 12 meters from major
roads. Many of the sites, i.e. CD3, CD1, GR5, GR8, TH4, are situated near a junction
while CT6, HK6, IS2 and MY1 sites are located in street canyons. Only BT4, GNO,
GR9 and TH2 sites are placed in open areas. On the other hand, the urban background
and suburban sites, i.e. CT3, BX1, BLO, GR4, KC1 and WMO, are mostly located on
the outskirts of a city which are away from major AP sources.

Table 4.11 presents the descriptive statistics for the collected hourly N@ concen-
tration data from the 19 selected monitoring sites within the period 2007 to 2012. The
average hourly NO, concentrations at all sites are between 24.94 g/m3 at GR4 and
118.78 g/m3 at CT6. In all selected sites except BX1, GR4 and KC1, the mean
NO, values fell above the EU limit value of 40 g/m? annual average. The majority
of the high average NQ levels are observed from roadside and kerbside sites while
relatively low average NO; levels are exhibited by the urban background and suburban

sites (Beckerman et al., 2008).
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Table 4.11. Descriptive statistics for the collected NO, concentration data from the
19 selected monitoring sites.

Site code Available Mean NO, Median NO, Min NO, Max NO, Standard

Data (%) ( g/m?) ( g/m? ( g/m® ( g/m?®  deviation
( gim?)
BX1 95.48 33.22 29.00 -0.51 187.00 21.36
BT4 86.65 69.73 67.00 3.20 331.30 29.46
BLO 94.27 55.95 53.00 6.00 300.00 23.32
CD3 89.93 81.72 78.80 10.20 303.90 29.43
CD1 90.30 78.06 71.00 -8.88 390.00 43.84
CT3 96.01 55.32 53.00 6.10 247.65 23.49
CT6 85.81 124.27 117.70 9.60 367.00 49.50
GNO 96.60 52.65 49.00 -2.34 251.50 29.65
GR5 86.51 52.34 49.60 1.10 258.70 26.80
GR9 96.28 44.07 40.00 -1.05 209.50 27.58
GRS8 97.29 74.32 69.50 0.10 310.40 39.00
GR4 93.11 26.56 21.00 -3.56 151.00 19.49
HK6 90.02 66.88 64.40 3.50 294.20 26.53
1S2 98.99 63.58 61.10 0.10 281.50 29.11
KC1 94.93 35.59 31.00 -1.95 401.00 23.57
TH2 81.49 63.56 61.00 2.00 300.00 30.66
TH4 95.08 63.35 60.35 4.80 257.10 27.05
WMO 93.85 41.33 38.00 -1.06 225.00 23.51
MY1 97.49 108.31 99.00 4.00 378.00 55.13

Figure 4.9 shows the box plots of the collected N@ concentration data from the

selected monitoring sites across the Greater London area.

Fig. 4.9. Box plots of the collected NO, data from all 19 sites.

The data collected roadside sites clearly exhibit higher mean values, e.g. all greater
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than 63 g/m2, and amplitudes than those collected from suburban or background sites.
The roadside and kerbside sites are selected as target sites while the remaining sites
are utilised as reference sites. The evaluation of the proposed modelling approach is
performed through the use of the leave-one-out cross-validation methodology, where the
pollutant concentration of each selected target site is estimated using the information

from the neighbouring sites.
4.5.2 Model Development

The collected data in the current experiment are also preprocessed using the techniques
applied in the previous experiments. To avoid model over tting, 90% of the data were
allocated for the training, while 10% was utilised for the testing set. For instance, data
from 01/01/07 to 25/05/12 was used to train the model while the data from 26/05/12

to 31/12/12 was used to evaluate the performances of the model.

The architecture of the proposed model is a deep wavelet-based LSTM model,
e.g. wavelet FC-LSTM model. On the other hand, the following models are devel-
oped to serve as benchmark models: (1) a plain feed-forward ANN model, i.e. MLP
model, (2) a plain LSTM model, and (3) a wavelet-based LSTM model. Note that
the benchmark models are built using the same parameter settings used to develop the
proposed model.

The optimal network structure, e.g. hidden nodes and input lags, of both the LSTM
and feed-forward ANN models are determined by trial and error. The optimum number
of hidden layer nodes for the LSTM layer was selected between 100 to 200, and the
optimum number of hidden layer nodes was searched between 10 to 45. Furthermore,
A trial and error procedure was carried out by running the models 100 times to account
for the sensitivity of the training algorithm to initial synaptic weights. The individual
parameter setting that yields the least average forecasting error, i.e. root mean squared
error (RMSE) value was selected. Finally, only 1-h ahead forecasts are to be carried
out in Experiment 3.

The parameter settings of the modelling schemes are shown in Table 4.12.
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Table 4.12. Parameter setting of the developed models.

Modelling process Parameter setting

Wavelet-based LSTM model Input node: S (t); Input lag: 4; Output node: & (t);
LSTM: single layer; LSTM node: [100; 125];
Transfer functions: tanh (state) and sigmoid (gate);
Solver: 'adam’; Train epoch: 100; Gradient threshold: 1;
Initial learning rate: 0.005; Learn rate drop period: 125;
Drop factor: 0.2.

Feed-forward ANN model Input node: & (t); Input lag: 12; Output node: 7; (t + 1);
Hidden layer: single; Hidden node: [30; 40; 45];
Transfer functions: tanh (hidden) and linear (output);
Training algorithm: Levenberg-Marquardt; Train epoch: 1000
Initial weights and bias values: random values between -1 and 1.

4.6 Summary

This Chapter has described the settings applied in developing the proposed and bench-
mark models in this research. The site locations and data utilised in training the ANN
models were discussed. More than two years worth of hourly N9measurements at sev-
eral roadside locations in Central London were considered in the proposed experiments
set out in Chapter 1.5. The application of the speci ¢ model development protocol de-
scribed in Chapter 2.2.2 was also documented in the current chapter. The di erences
model con gurations between experiments, e.g. predictors utilised, network architec-
ture, hidden layer con gurations, etc., were fully described and justi ed. Finally, the
performance metrics applied in assessing the predictive and replicative validity of the

results of the proposed models were discussed.
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Chapter 5

Results and Discussion

5.1 Introduction

As detailed in Chapter 4, several experiments were conducted to determine the e ec-
tiveness of state-of-the-art ANN-based models in forecasting outdoor AP levels. The
following sections provide the results of each step of the model development protocol
presented in Figure 2.5. It is worth noting that the results of the preceding experiments

were utilised in the succeeding experiments which will be thoroughly discussed in the

following sections.
5.2 Experiment 1 results

In the current experiment, four predictor selection techniques have been applied to
identify the best predictors from a candidate set of 21 predictors (see Table 4.4). Several
variants of MLP models were then trained based on the various selected predictor
subsets. In addition, benchmark MLP models based on a pre-de ned set of predictors
were also developed to test whether the use predictor selection techniques improve the

performance of plain MLP models.

5.2.1 Predictor Selection

Table 5.1 shows the predictors that were identi ed by several predictor selection tech-

niques discussed in Chapter 3 Section 3.2. Note that the complete results of the pre-

91



Chapter 5. Results and Discussion

dictor selection techniques are given in Appendix F. From an initial set of 21 potential
predictors, forward SR technique identied W, T _bg and HoDyx as insigni cant pre-
dictors. NCA with regularisation technique eliminated CO, PM 19, PM10_bg, Wy _bg,

T _bg and HoDy as predictors. SFS technique considered a combination of emissions,
meteorological and temporal-based dummy variables, e.g. § NO, Wy, T, O3_bg, and
HoDy, as signi cant model inputs. Lastly, RT technique only identied O 3, NO, CO,
PM,.5, T, O3_bg, and HoDy as signi cant predictors. For completeness, the predictors

of the benchmark models other than MLP, . were also shown in the table.

Table 5.1. Predictors identi ed by the predictor selection techniques.

Predictor selection techniques

SR NCA SFS RT MET POL TIME

Predictors

X

(@]
(@)
X X X X X
X X X X X X x X >
x
<
X X x x
X x X X X

X X X X X X xX X X x
>
X x X X X

)
S
x
X
<
X X X x

In summary, predictors such as Q, T, and O3_bg were identi ed as signi cant by
all predictor selection technigues, while PM.s was selected by at least three of the
said techniques. The nding supports several results within the literature indicating
that the concentration of any pollutant depends mainly on meteorological conditions
and emission rates (Gorai and Mitra, 2017; Robeson and Steyn, 1990; Ziomas et al.,

1995). The temporal-based dummy predictors such as Ho HoDy, DoWy, and DoWy
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were also chosen by the said selection techniques. This nding reveals that the said
predictors can provide information needed by the model to account for the variations
in outdoor NO» emissions according to these time scales (Elangasinghe et al., 2014).
In contrast, T _bg was considered irrelevant by all of the techniques, which could be
explained by the presence of another variable, e.g. T, that already has a signi cant

in uence on the target variable.

5.2.2 Hidden Layer Optimisation

The results of the trial-and-error scheme for identifying the optimal number of hid-
den nodes according to the selected predictors are shown in Table 5.2. Note that all
models share the same initial training parameters. In more detail, each model were
implemented using the similar data splitting con gurations, number of max iteration

limits, initial weights and bias factors, and training algorithm.

Table 5.2. Final structure of the MLP-based models (wheren;, n, and n, denote the
number of nodes in the input, hidden and output layers, respectively).

Model Predictors utilised nNi Np No

MLP sgr O3, NO, CO, PM 10, PM2:5, Wy, T, BP, O 3_bg, NO_bg, NO>_bg, 18-27-1
PM10_-bg, PM2:5_bg, Wy _bg, Wy _bg, HoDy, DoWy, DoW,
MLP nca O3, NO, PM 2.5, Wy, Wy, T, BP, 0O 3.bg, NO_bg, NO,_bg, PM2.5_bg, 16-25-1
W,y _bg, HoDy, DoWy, DoW,

MLP sks O3, NO, W, T, O3,bg, HoDy 6-28-1
MLP gr O3, CO, PM2:5, T, O3_bg, NO_bg, NO;,_bg, HoDy 8-28-1
MLP A All predictors 21-25-1
MLP mer Wy, Wy, T, BP, W x _bg, Wy _bg, T_bg 7-28-1
MLP poL 03, NO, CO, PM 10, PM2:5, Og,bg, NO,bg, NOz,bg, PMlo,bg 10-27-1
MLP Time HoDy, HoDy, DoW, DoW, 4-20-1

The minimum and maximum number of hidden nodes were chosen according to the
results of an initial study (Cabaneros et al., 2017). Table 5.2 indicates that most models
exhibit minimal average RMSE values on the testing set using 25 to 28 hidden nodes.
Furthermore, the ndings reveal that a higher number of utilised predictors does not
necessarily translate to higher number of optimal hidden nodes. This observation is
demonstrated by the MLPnca and MLP a4 . models. The complete results are provided

in Appendix G.
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5.2.3 Model Validation Results

Table 5.3 shows the validation results of the developed ANN models in forecasting
hourly NO, concentration levels in MAR site using the test sets. The third to fth
columns of the table show the performance metrics results in terms of RMSE (in
g/m3), MAE (in g/m?3) and IA, respectively, using the block data splitting con-
guration. The last three columns of the table show the same metrics but using 10-fold
cross-validation.

The best forecasting results are achieved by the models that implemented predictor
selection techniques. In detail, the MLPsgs models yielded the best results, with 1A
scores ranging from 0.87 to 0.97 and from 0.93 to 0.98 using block splitting and 10-fold
cross-validation, respectively. This nding indicates that a combination of emissions,
e.g. O3, O3_bg and NO, meteorological, e.g. W and T, and temporal-based, e.g. HOR,
variables can accurately approximate the hourly NG levels in MAR site 0-h to 3-h in
advance. The ndings are in agreement with the results of previous related case studies
within the literature (Cabaneros et al., 2019).

The MLP gt models also provided satisfactorily superior results comparable to those
from the MLP sgs models. Although both MLP sg and MLP yca models also exhibit
highly accurate forecasts, MLPsyr and MLP sgs models outperform the rest in terms of
model parsimony. That is, the models provided accurate results while only utilising a
minimal number of predictors. This is bene cial in some real-world applications where
only a few predictors are available or measured accurately. Satisfactory results are also
achieved by the MLPpo models, indicating the signi cance of emission-type predictors
in estimating the concentration levels of outdoor air pollutants such as NQ (Colls,
2001).

On the other hand, poor performance are exhibited by the MLPrywe and MLP et
with IA scores below 0.70 and RMSE and MAE scores higher than 36 g/m?3 and
27 g/m?3, respectively. This indicates that information either temporal-based or me-

teorological parameters alone are not enough in accurately modelling NDlevels.
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Table 5.3. Predictive validation results of the developed models for the forecasting of
hourly NO» levels.

Performance Criteria

Model — Horizon "puse MAE 1A RMSE oo MAEcy Aoy

MLP _SR +0hr 15862 11.753 0.964 13.641 10.114 0.969
+1hr 21.089 14904 0.933 18.502 13.772  0.940
+2hr 24502 17.573 0.908 22.283 16.842 0.905
+3hr 27199 19.565 0.880 24.788 18.856 0.876

MLP nca +0hr 16.514 12298 0.961 12.093 25,595 0.976
+1hr 21378 15360 0.931 17.325 25.610 0.948
+2hr 25458 18.075 0.897 20.585 26.011 0.923
+3hr 27783 20.264 0.873 22.476 26.395 0.904

MLP sks +0hr 13.754 10.120 0.972 11.855 8.534 0.977
+1hr 19.228 13.792 0.942 17.169 12557 0.949
+2hr 23551 17.248 0.905 20.355 15.102 0.925
+3hr 26953 20.128 0.868 22.374 16.763 0.905

MLP gy +0hr 15901 12.054 0.965 12.311 8.911 0.975
+1hr 21237 15.115 0.933 17.843 13.087 0.944
+2hr 24879 17.925 0.901 21.793 16.313 0.911
+3hr 28516 21.055 0.861 24.376 18.507 0.882

MLP aLL +0hr 17.456 15.591 0.927 16.698 13.459 0.948
+1hr 22159 18.434 0.899 21.708 17.182 0.912
+2hr 25432 20826 0.874 24.368 19.260 0.903
+3hr 27.351 23438 0.856 26.086 20.651 0.878

MLP wmet +0hr 36.444 28.013 0.693 32.570 25,595 0.718
+1hr 36.028 27.771 0.701 32.424 25.610 0.722
+2hr 35931 27.736 0.701 32.757 26.011 0.712
+3hr 36.076 27.948 0.695 33.173 26.395 0.698

MLP poL +0hr 17.138 12931 0.958 12.713 9.212 0.974
+1hr 21077 14922 0.931 18.732 13.843 0.938
+2hr 26270 19.135 0.880 24.093 18.085 0.885
+3hr 30.642 23.036 0.821 27.785 21.162 0.831

MLP tive +0hr 37575 30.590 0.657 33.219 26.500 0.701
+1hr 37584 30.591 0.657 33.203 26.495 0.701
+2hr 37580 30592 0.657 33.211 26.497 0.702
+3hr 37575 30581 0.657 33.215 26.492 0.702

Figure 5.1 shows the plots of the rst 500 samples of the 1-h ahead forecasting
results of MLPA | and MLPsgs models. The plots represent the results of the said
models using the block data splitting scheme, e.g. the plotted values represent those
hourly NO, concentration levels measured and modelled from 03/01/17 at 22:00 to

24/01/17 at 18:00. The plot of the forecasting results of the MLPsgs model coincides
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very well with the actual hourly NO , data, which is in agreement with the error indices
in Table 5.3. In contrast, the MLP 5 | model clearly encounters some di culties in
approximating peak actual NO; levels measured at MAR site. Even the MLRsgs model
slightly fails in estimating several peak NO, concentration trends. This nding can be
explained the inability of empirical models in general to capture extreme concentration
levels due to the under-representation of these cases in the training data (Gong and

Ordieres-Meg, 2016).

Fig. 5.1. Comparison of the lh-ahead forecasting results of MLE , and MLP sks
models.

The ndings above can also be said of the model results using the training sets (see
Table 5.4). The best performance is also achieved by MLE:s models while the worst
by the MLP 1ywve models. The models are clearly able to replicate the intrinsic qualities
of the training set for the actual NO levels in MAR site. It is also apparent that the
results in the table below are slightly better than those listed in Table 5.3. This nding
expected as the training set contains more sample that enables the models to learn and

perform better.
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Table 5.4. Replicative validation results of the developed models

Performance Criteria

Model — Horizon "puSsE MAE 1A  RMSE o MAEcy Aoy

MLP _SR +0hr 13441 9.988 0.970 13.502 10.030 0.970
+1hr 18328 13.720 0.939 18.266 13.624 0.941
+2hr 21934 16.605 0.906 22.075 16.709  0.907
+3hr 24483 18.678 0.875 24.476 18.649 0.879

MLP nca +0hr 11526 8.376 0.978 11.686 8.525 0.978
+1hr 16.585 12.210 0.952 16.817 12.392 0.951
+2hr 19.618 14.608 0.929 19.911 14.800 0.928
+3hr 21454 16.114 0.911 21.786 16.352 0.910

MLP see +0hr 11234 8.138 0.979 11.283 8.218 0.980
+1hr 16.394 12.054 0.953 16.531 12.156 0.953
+2hr 19.474 14531 0.930 19.609 14.607 0.931
+3hr 21313 16.044 0.913 21.526 16.177 0.913

MLP gy +0hr 11873 8.599 0.977 11.988 8.738 0.977
+1hr 17.268 12.756 0.947 17.455 12.879 0.947
+2hr 21239 15923 0.914 21.515 16.126 0.913
+3hr 23725 18.038 0.885 23.902 18.171 0.887

MLP aLL +0hr 14134 10.056 0.950 15.218 11.147 0.940
+1hr 18.875 13.647 0.926 19.982 14.738 0.917
+2hr 21465 15.621 0.908 22.621 17.753 0.909
+3hr 22992 16.864 0.895 24.161 19.489 0.886

MLP wet +0hr 31942 25113 0.723 32.390 25.462 0.721
+1hr 33956 26.272 0.723 32.207 25.428 0.717
+2hr 35220 28574 0.714 32.555 25.849 0.696
+3hr 36.650 30.010 0.701 33.002 26.255 0.672

MLP poL +0hr 12.253 8.855 0.975 12.498 9.087 0.975
+1hr 18.340 13.609 0.939 18.361 13.625 0.941
+2hr 23568 17.741 0.888 23.650 17.797 0.890
+3hr 27211 20.799 0.834 27.351 20.875 0.837

MLP tive +0hr 32589 25945 0.708 33.107 25.407 0.714
+1hr 34594 26.950 0.698 34.111 26.413 0.703
+2hr 35586 27.944 0.681 35.096 27.397 0.694
+3hr 39582 30.139 0.657 37.993 29.393 0.677

The error histograms of both the 1-h forecasting results of MLR, and MLP grs
models are shown in Figure 5.2. The error distribution of the MLPsgs model is centered
at around 25 5 g/m?3 but with a smaller range, e.g. -60 g/m?3to 150 g/m3. This
reveals that the model has less under- and over-predictions of the measured data. In

contrast, the error distribution of the MLP 5. model tends to center around 0 g/m?3
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to 10 g/m3 but with a much wider range, e.g. from -150 g/m?® to 150 g/m 3.

Fig. 5.2. Error histograms of the 1-h ahead forecasting results of MLR, | and MLP sks
models.

Figure 5.3 and Figure 5.4 show the comparison of the 1-h ahead forecasting results
of all MLP-based models and the actual NQ values from MAR site. The scatter plots
reveal the e ectiveness of the predictor selection techniques. In detail, the majority
of the points yielded by the models that applied predictor selection are concentrated
near the ideal t. Conversely, the points representing the results of the MLPa | model
tend to disperse away from the ideal t especially above 150 g/m 2 values of the actual
NO, data. Finally, the underwhelming performance of both MLPyer and MLP 1yme
models are clearly depicted in the scatter plots in which a lot of points are sparsely

located at both high and low concentration ends.
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