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Abstract  

This thesis explores semi-empirical and statistical modelling techniques that are primarily based 

on routinely-available air quality and meteorological data for answering scientific questions 

related to air pollution, including the relative contribution of different sources, and the effect of 

meteorology on observed concentrations. The current approaches to answering these questions 

require either detailed emission inventories or elemental analysis of a large number of samples.  

Hence, they have a limited applicability in many practical situations.  

The results of the study suggest that the Site Optimized Semi Empirical model (SOSE) is a useful 

tool for identifying the most representative wind sites for air pollution applications, estimating the 

contribution of a major roadway from background concentrations (source apportionment), and for 

estimating the diurnal variation in the mixing height governing the site-specific pollutant 

dispersion mechanisms.  The source apportionment and mixing height estimations are validated 

using actual measurements. 

The results of the study suggest that the SOSE model is capable of explaining more than 60% of 

the variability in hourly average CO and NO2 concentrations using meteorological predictor 

variables. However, it does not perform well for the prediction of particulate matter 

concentrations due to its complex source characteristics. Since this approach requires only 

routinely-available concentrations and wind data from a single monitor, it is practically 

applicable to many situations.  

As an alternative, an artificial neural network model, a nonlinear modelling approach, has been 

shown to produce reliable predictions for NO2 and CO (r
2
> 0.7) in topographically-complex 

Auckland, New Zealand, using only routinely available meteorological data. This study is further 

extended by exploring a novel approach based on artificial neural networks combined with k-

means clustering to explain the complex time series of PM10 and PM2.5 concentrations in a coastal 

site of New Zealand. The inclusion of cluster rankings as an input parameter to the ANN model 

showed a statistically significant (p<0.005) improvement to the performance of the ANN time 

series model and also showed better performance in detecting the occurrence of high 

concentrations. When modelled and observed concentrations are compared, the new approach 

improved the correlation coefficient (r) from 0.77 to 0.79 for PM2.5 and from 0.63 to 0.69 for 

PM10, and reduced the root mean squared error (RMSE) from 5.00 to 4.74 for PM2.5 and from 

6.77 to 6.34 for PM10. The techniques presented here enable scientists to obtain an understanding 

of potential sources and their transport characteristics prior to the implementation of costly 

chemical analysis techniques or the implementation of advanced air dispersion models. 
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Chapter 1. Introduction 

1.1. Background and motivation 

Many urban activities such as road traffic and industry produce high levels of emissions in urban 

areas resulting in high concentrations of atmospheric pollutants. The trend of rural to urban 

migration and the fast growth of new cities have resulted in increased emissions in these areas, 

exacerbating air quality issues. Common pollutants in urban environments are carbon monoxide 

(CO), nitrogen oxides (NOX) and particulate matter (PM). The inhalation of CO reduces the 

body’s capacity to transport oxygen to its tissues. It bonds with haemoglobin to form 

carboxyhemoglobin (COHb), lowering the oxygen levels in blood, resulting in various symptoms 

(depending on the dose) including dizziness and difficulty in concentrating. In extreme cases 

(generally associated with inappropriate ventilation in indoor environments), death can result.  

NO2 is linked with increased susceptibility to respiratory infections, increased airway resistance 

in asthmatics and decreased pulmonary function. NO2 in elevated concentrations also impacts on 

the environment, leading to acid rain and eutrophication in coastal waters. PM of less than 10 m 

in diameter (PM10) is sufficiently small to enter the respiratory tract during inhalation while PM 

of less than 2.5 m (PM2.5) is able to be deposited in the fine airways of the lung, resulting in 

increased respiratory tract illnesses. Due to the above mentioned adverse health effects associated 

with exposure, in many cities around the world the ambient concentrations of these pollutants are 

closely monitored and assessed.   

Atmospheric air pollution processes occur across different scales. For example, the depletion of 

the stratospheric ozone layer and global warming are macro-scale processes related to air 

pollution. The trans-boundary transport of pollutants that give rise to acid rain and photochemical 

smog is an example of a meso-scale process.  Other processes are largely local in scale, for 

example, the impact of a particular road on a nearby community. 

Air quality management at the local scale should cover the entire process from the identification 

of poor air quality to the formulation of strategies to control sources giving elevated 

concentrations. The principal tools for assessing and managing air quality are: emission 

inventories, air quality monitoring, and air pollution modelling.  Emission inventories are 

required to identify the location and relative importance of the various sources of pollution in an 
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area.  Monitoring is required to identify whether elevated concentrations are present in a city.  Air 

pollution models are used to establish source-receptor relationships, model the dispersion 

processes, help understand the contribution of particular sources to local air quality, and to 

predict future trends in air pollution.  

There exists a range of different modelling tools available for air pollution ranging from 

deterministic to statistical in nature.  The most suitable tool depends on not only the purpose of 

the modelling but also on the quality and extent of data available to run the model, each with its 

own unique strengths and limitations. A detailed review of the applications of current modelling 

techniques and their goals is presented followed by a discussion on the strengths and weaknesses 

of present approaches, the research gap and the focus of the study. 

1.1.1. Air pollution deterministic models 

Air pollution models are developed on a set of analytical or numerical algorithms to describe the 

physical and chemical behaviour of air pollutants in the atmosphere (Gifford 1987).  The study of 

air pollution dispersion started with the Taylor theory of turbulent diffusion (Taylor 1915). This 

work was followed by studies including micrometeorology and dispersion by Sutton (1953), 

atmospheric diffusion by Pasquill (1961), an evaluation of dispersion formulas by Turner (1973), 

followed by atmospheric diffusion by Csanady (1973), Hanna et al. (1982) and Pasquill and Smith 

(1983). Models based on these dispersion theories are called numerical or deterministic models. 

They are based on fundamental mathematical descriptions of atmospheric processes in which the 

effects are generated by causes such as emissions. In general, they depend on the equation of 

mass conservation of individual pollutant species. Since the mass conservation equation does not 

include variations in wind velocity, momentum equations are also considered, including 

transport, turbulent diffusion and the reaction of all pollutant species of interest. Some 

deterministic models assume steady-state behaviour while some assume time-varying behaviour. 

These models can also be based on fixed grids or based on air parcels moving with the average 

wind field.   

The focus of this thesis is on modelling and understanding local-scale urban air pollution. Local-

scale models describe dispersion processes of pollutants within a distance of 10 to 20 km from 

the source. The “Box model” and the Gaussian plume models are the tools generally used at this 

scale. 
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1.1.1.1. The Box model 

Perhaps the simplest model used for air quality modelling is the Box Model first used by Lettau 

(1970), Hanna et al. (1982) and Tennekes (1976). The chemistry in a box model can be, and is 

often, treated as a fully mixed laboratory system that has infinitely fast mixing. It is assumed that 

there is no reaction between the air parcel of interest (air within the ‘box’) and its surroundings.  

The box modelling approach is well described or adopted by Sportisse (2001), Dirks et al. (2002), 

Dirks et al. (2003), Dirks et al. (2006), Kassomenos et al. (2004), Cheng et al. (2007), Gokhale 

and Pandian (2007),  He et al. (2009) and Johnson et al. (2011). Many of the above approaches of 

box modelling assume steady state behavior. However some studies have considered the time 

varying behavior and use the modified Eular method or Runge-Kutta technique to obtain 

approximate solutions in those situations (Heinsohn and Kabel 1999). One study has taken 

mixing height as a time dependant variable and used acoustic sounder for evaluating it (Jensen 

and Petersen 1979). The slug model is an improvement on the box model, especially which 

considers stagnation episodes (Venkatram 1978). It allows the concentration to vary along the 

direction of the wind as well as in the vertical direction, but assumes that the concentration does 

not vary in the crosswind direction. The single box approach has also been extended to multi-box 

concept that neglects the horizontal dispersion and assumes instantaneous mixing of the 

pollutants vertically through the box (Gifford and Hanna 1973).  

Eventhough, box models are very simplistic many work have demonstrated that they perform 

reasonably well producing modelled pollutant concentrations that are in good agreement with 

observations (Jensen and Petersen 1979; Jin and Demerjian 1993; Topçu et al. 1993; Dirks et al. 

2002, Dirks et al. 2003, Dirks et al. 2006). They serve very well for innitial assesment of air 

quality in a city as a result of its operational simplicity and less requirement in data on detailed 

atmospheric dispersion parameters. However, the application of the box model is confined to 

estimation of average air pollution level of an airshed. It has limited ability to predict the 

dispersion over an airshed. There is a research gap in using them to understand the dispersion 

process, concnetration and meteorology relationship or interpret physical parameters governing 

the dispersion process.   

1.1.1.2. The Gaussian Plume model 

Gaussian plume model is one of the oldest and most accepted modelling approaches for 

regulatory purposes. It is based on the three dimensional Gaussian function derived from basic 
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principles of gas diffusion. The basic assumptions of this modelling approach are emission rates 

are constant, non-reactive and conservative (Gardner 1999). Gaussian plume modelling is 

originally proposed by Sutton (1932), Pasquill (1961),Pasquill (1968) and Gifford Jr (1961), 

Gifford Jr  (1968). Many current line source emission models for vehicular exhaust emission 

modelling are based on modifications made to the above basic Gaussian dispersion equation. 

These models are generally preferred by the US Environmental Protection Agency (EPA) for 

regulatory purposes. Some of the widely used models are the Modified General Finite Line 

Source Model (M-GFLSM) for particulates (Luhar and Patil 1989), the California Line Source 

Model for CO, NO2 and PM10 (Benson 1980; Benson 1992) and the California Line Source 

model for Queuing and Hotspot Calculations (CAL3QHC) for CO, NO2 and PM10 (EPA 1995).  

Gokhale and Raokhande (2008) summarised the applicability and prediction scope of these three 

models. CALINE3 is preferred for modelling concentrations from freeways and highways but it 

over-predicts for parallel winds and has inadequate dispersion parameters (Benson 1992). M-

GFLSM is used for particulate matter and the size distribution of particulate matter from 

roadways and intersections and this model is found to predict poorly under conditions of low 

wind speed. CAL3QHC is an enhanced version of CALINE3 with an additional traffic algorithm 

used to estimate vehicular queue lengths at intersections with traffic lights (Gokhale and 

Raokhande 2008). Even this enhanced model predicts poorly for wind speeds less than 1 m/s 

(EPA 1995).  Gokhale and Raokhande (2008) applied the above three modelling approaches to 

model air quality at one of the busiest traffic intersection in Guwahati, India and found that 

CAL3QHC model makes better predictions compared to the other two models.  

Kukkonen et al. 2001 evaluated the performance of Gaussian dispersion model, Contaminants in 

the Air from a Road—Finnish Meteorological Institute, version 3 (CAR-FMI) in predicting 

concentrations of NOX, NO2 and O3 in Finland. Though the model performed well in terms of 

index of agreement (IA between 0.82 and0.89), the model over predicted NOX and O3 

concentrations with a FB of +13% and 8% respectively. The analysis of the dependence of 

concentration on atmospheric stability parameters and meteorology suggested that the model 

performance deteriorated at low wind speeds and when the wind direction approached parallel to 

the road. Levitin et al. 2005 compared two Gaussian type deterministic models California Line 

Source Model Version 4 (CALINE 4) and CAR-FMI using a specifically designed measurement 

campaign in Finland. The results suggest that both models perform well in predicting 

concentrations at different distances and heights from the road source. However, both models 

were found to be less reliable at low wind speeds and parallel wind conditions as the above study. 
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Oettl et al., 2001 evaluated the performance of CAR-FMI model against the Lagrangian 

dispersion model GRAL and the results suggest that the GRAL predicts better at low wind speed 

and parallel wind condition. This is due to the fact that the Gaussian type model is sensitive to the 

assumption of steady state homogeneous wind flow at low wind speeds and calm situations . 

Deviation from these assumptions are largest as the wind meandering is most pronounced and 

difficult to measure (Oettle et al., 2001). 

The main goal of the Gaussian modelling approach is to develop a source receptor relationship to 

predict and forecast future scenarios. Therefore, they require detailed information on sources, 

their locations and emission factors. The model performance also relies upon accurate 

determination of the dispersion coefficients. Details on the dispersion process (such as mixing 

heights) should be provided as an input to the model. In obtaining this information, this 

modelling approach takes many simplified assumptions to match the available data. This leads to 

uncertain predictions in some situations (Venkatram et al. 2007).  

1.1.1.3. Advanced dispersion models 

Advanced dispersion models use many complex mathematical relationships to provide a much 

more realistic explanation of the dispersion processes. They sometimes adopt the Eularian or 

Lagrangian approaches in modelling the dispersion process (Chu and Seinfeld 1975; Zannetti 

1990). They either use an analytical approach that provides an exact solution with many 

assumptions (Pasquill and Smith 1983) or a numerical approach that provides an approximate 

solution using finite difference or finite element techniques (Sportisse 2001) to solve the 

modelling equations. These models can be categorized as pollutant releases from point sources in 

the form of a stream of particles, as a series of puffs or as a distribution on a regular three-

dimensional grid of points. CALPUFF is such a multilayer, multi species non-steady-state puff 

model which is able to simulate pollutant transport in time and space (Scire et al. 2000a). The 

detailed three-dimensional meteorological fields for this model are given by the meteorological 

pre-processor CALMET (Scire et al. 2000b). Scientists from Australia’s Commonwealth 

Scientific and Industrial Research Organization (CSIRO) developed the air pollution model 

(TAPM) that simulates three-dimensional meteorology and pollution dispersion (Hurley 2002). It 

is a three-dimensional, non-hydrostatic, primitive equations model that uses a terrain coordinate 

system equipped with a meteorological component to simulate the three-dimensional 

meteorology, and a dispersion component to simulate the pollutant dispersion. The model has 
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provision for plume rise, building wake effects, wet and dry deposition and atmospheric 

chemistry (Hurley 2002).  It has its own meteorological pre-processor to simulate the three-

dimensional meteorology. Advanced dispersion models such as these are recommended over 

Gaussian models under situations where modelling has to be carried out in complex terrain and 

detailed meteorology and source data are required to models the dispersion process (Bluett et al. 

2004). In the recent past, different versions of Gaussian plume dispersion models as well as 

prognostic advanced dispersion models have been tested in in both Christchurch and Auckland, 

New Zealand.  Some of the advanced versions of Gaussian plume models such as AUSPLUME, 

ISCST2, AEROMD and CTDMPLUS are proposed for New Zealand (Bluett et al. 2004). Barna 

and Gimson (2002) used the CALMET meteorological model, along with the CALPUFF 

dispersion model to simulate night-time PM10 concentrations in Christchurch. The purpose of this 

modelling work was to develop a source receptor relationship to analysis the spatial and time 

variation of pollutants in the city of concerned under different controlling measures of different 

emission sources. When the predicted concentrations were compared with observations at 

different locations of the city a fractional gross error between 0.69 and 0.99 is obtained. 

According to the technical report from Environment Canterbury that used the same modelling 

approach the model gave very good results (r
2
 =0.75) for 2008 and relatively poor results (r

2
=0.5) 

for 2005 for Timaru. This showed less reliability of the model over multiple years. The model 

could not be applied for other years due to unavailability of input data to the model. Zawar-Reza 

et al. (2005) presents results of meteorological simulations and dispersion using The Air Pollution 

Model (TAPM) (Hurley 2002) for the year 1999. Comparison of simulated concentrations with 

observations at several grid point gave an index of agreement greater than 0.6. The Australian Air 

Quality Forecasting System (AAQFS) is another numerical primitive equation modelling system 

involving chemical transport modelling (CTM) with an advance numerical weather prediction 

model coupled with it for providing pre-processed meteorological data for forecasting (Cope et 

al. 2004). 

Main goal of many of these models are developing a source receptor relationship so that the 

dispersion process can be simulated to obtain the spatial distribution of ambient air pollutants in 

regional scale. These simulations on modern computer platforms produce a fine picture of 

pollution hotspots (and how pollutants are dispersed from these sources) in a city which is useful 

in planning to reduce high concentration episodes. However this approach is highly data intensive 

and many studies that have used CALMET/CALPUFF or TAPM are based on data collected 

using specialised field campaigns conducted over a period of a maximum of one year. For 
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example, in order to define the boundary conditions of the model equations, the vertical profile of 

the meteorological parameters is required, in addition to a detailed emissions inventory, to 

accurately simulate the dispersion processes. While these advanced models are well-appointed 

with detailed atmospheric physics to be able to describe real atmospheric phenomena, their 

application is limited for long-term modelling purposes. An alternative approach is required to be 

able to model air quality using routinely collected data for longer periods for a number of 

applications, including time series prediction of concentrations and interpreting meteorology 

concentration relationships. 

1.1.2. Air pollution Statistical models 

In contrast, with the theory-driven deterministic models described above, statistical models use a 

data-driven approach to modelling air quality. Statistical models develop a causal relationship 

between concentrations and their controlling parameters (predictor variables) and use this 

relationship to predict concentrations for a particular site. They require datasets with a large 

temporal coverage to build up this causal relationship. These models assume that the 

meteorological pattern and the pollutant emission behaviour (sources and their temporal 

variations) remain constant between the observation and prediction periods. Therefore, the casual 

relationship, built up for a particular site, is limited to that site. Despite this limitation, statistical 

techniques in air quality modelling have received a considerable amount of recent attention. With 

the increased care to air quality in many countries, good quality long-term air quality datasets are 

available, and with the help of advanced computing technology, many statistical methods have 

become easy to apply and have contributed significantly to our understanding of the environment. 

Many early studies used regression-based methods, time series analysis, classification and cluster 

analysis, and principle component analysis for this purpose (Berlyand 1991).  However, these 

techniques mostly assume that concentrations are linearly related to the factors governing the 

dispersion. With the development of machine learning techniques, artificial neural network 

models have received much attention for this purpose, as a result of their ability to model the 

complex nonlinear nature of atmospheric relationships. Gardner (1999) studied artificial neural 

networks and regression tree-based air quality models for this purpose, and his experiments 

revealed that the ANN technique can model atmospheric concentrations better than multiple 

linear regression techniques. These results are supported by many studies applying different 

advance techniques such as genetic optimization to optimize the functional relationship 

developed using ANN (Boznar et al. 1993; Gardner and Dorling 1999; Chelani et al. 2002; 
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Grivas and Chaloulakou 2006). A recent study evaluates linear approaches, such as partial least 

square regression, multivariate polynomial regression and nonlinear artificial neural network 

approaches such as multilayer perceptron network, radial basis function networks and generalized 

regression neural network, and concludes that ANN approaches are superior to other linear 

approaches (Singh et al. 2012).  However, relatively few studies have given attention to the 

physical interpretation to the functional relationship developed by the ANN technique or provide 

any fundamental insight into the connections between the meteorology and concentrations (Sing 

et al. 2012; Yan Chan and Jian 2013).  

Land Use Regression (LUR) technique that is based on meteorology as well as different land use 

parameters to describe the spatial distribution of pollutants has become a useful tool that goes in-

line with assessment of health impact of air pollution especially in Europe and North America 

(Hoek et al. 2008). LUR technique has been successful in predicting annual mean concentrations 

of pollutants and many of these studies have used purpose designed monitoring campaigns to 

collect data to train and run the model .   

1.2. Summary and Knowledge Gaps 

It is apparent from this brief summary that there are three main steps involved in a theoretical 

approach to modelling atmospheric pollutant concentrations. Firstly, it requires knowledge of the 

emission strength of all of the significant sources. For example, the emission strengths from 

traffic sources need to be calculated. To achieve reliable estimates, it is important to consider the 

emission strength of each vehicle taking into account its engine characteristics and mode of 

operation (stop-start or free flow, ect.). Once emitted into the atmosphere, the transport and 

dispersion characteristics of the pollutants are determined by the prevailing meteorology. 

Quantifying this behaviour requires the modelling of meso-scale wind patterns, taking into 

account the local topography and other features such as land-water discontinuities. The third step 

involves characterising the interaction between the meso-scale wind and local obstacles such as 

buildings, trees and as well as the motion of the vehicles, which themselves produce vehicle-

generated turbulence when moving and also represent a physical obstacle for the surface winds. 

The resulting complex wind pattern is responsible for the dispersion of pollutants away from the 

source. When combined, if all of these processes can be correctly taken into account, this 

approach can be expected to give reliable air pollution modelling results. However, in practice, 

this is difficult to achieve. Hence, many of the theoretical approaches (such as the commonly-
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used used Gaussian approach) require a large number of simplifying assumptions concerning 

pollutant behaviour, ultimately restricting the usefulness and accuracy of the model output. In 

most situations, the emission source characteristics are poorly quantified, simplified profiles in 

emissions are assumed and different source categories are aggregated.  Even if a detailed 

emission inventory is able to be obtained, other stochastic process in the atmosphere make it 

difficult (perhaps impossible) to model mathematically all aspects of the dispersion process.  

Statistical or empirical methods, on the other hand, use a ‘data-driven approach’ to model 

pollutant concentrations by determining the relationships of pollutant behaviour directly from 

measured data. Empirical models derived from ambient measurements, mostly based on the 

relationship between concentrations, emission rates and meteorology are potentially very 

attractive, simple and easy to apply. One study has proven that the prediction accuracy of some 

statistical models is superior to the deterministic approach (Kukkonen et al. 2003). However, 

when applying this approach to modelling air quality in a city, it should be borne in mind that the 

resulting optimisation is applicable to one location only and can therefore only be used with 

confidence at the specific site in question.  However, if data are available from multiple sites, 

then it becomes possible to use the model to quantify the rate of drop off of pollutants away from 

the source and the spatial distribution of concentration by optimising for each site. A major 

drawback of the statistical approach is its inability in describe its mathematical relationship from 

a physical point of view; it is not able to give any insight into the emission source characteristics 

or be used to interpreting the physical parameters governing the dispersion of the pollutants. In 

current statistical models, the relationship between the meteorology and concentrations is 

relatively underexplored, and the ability of this relationship to apportion site-specific source 

contributions is not well understood.  

To fill the above gaps, this thesis concentrates on semi-empirical and statistical modelling 

techniques. The work is motivated by the belief that a simple physical function that 

mathematically describes atmospheric phenomena at the same time trained on site-specific data 

would give better forecasts compared to a purely physically-based approach, and would allow for 

some physical interpretation of the site specific dispersion processes (unlike in the case of a 

purely statistical approach). Several semi empirical approaches to modelling air quality are found 

in literature. Semi-Empirical-Urban Street model (SEUS) (Venegas 2014), STREET 

(Kassomenos et al. 2004), The semi-empirical model for urban PM10 proposed by Kukkonen et 

al. 2001 and the Site-Optimized Semi-Empirical (SOSE) model developed by Dirks (2001) are 
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some of them. However, many of those models are designed for street canyons or require detailed 

information on traffic emissions or background concentrations and hence have limitted 

applicability on every road situations. Out of them, the Site-Optimized Semi-Empirical (SOSE) 

model (Dirks 2001) which is developed for modelling the concentration of pollutants from any 

line source, is found to be a useful tool in addressing the main goal of this thesis.  SOSE is 

empirically optimised (based on linear regression) and is based on an underlying physically-based 

equation relating the meteorology and source emissions (Dirks et al. 2002; Dirks et al. 2003). The 

model has been shown to produce reliable predictions of concentrations through the optimisation 

of site-specific data in a number of different topographical, meteorological and road emissions 

environments (Dirks et al. 2006; Gokhale and Pandian 2007; He et al. 2009; Kassomenos et al. 

2004). The nature of the governing equation of this model and the data stratification technique 

that treats upwind and downwind concentrations separately is expected to be effective in 

separating the road emission source contributions from other background sources. This thesis 

explores this feature of the model using a case study for apportioning the background 

concentrations from contributions of a major highway using data from a single air quality station 

in the vicinity of a major traffic source of emissions.  The estimated background concentrations 

are validated by comparison with background concentrations of NOX, CO and PM10 measured 

upwind of the source. This thesis also explores the consistency of the model parameter ‘box 

height’ which is a measure of the height to which pollutants are assumed to be entrained and fully 

mixed (Dirks et al. 2002). Obtaining comparable ‘box height’ estimations for different pollutants 

can further validate the reliability of the source apportionment made by the model and also can 

validate the emission inventory which cannot be obtained using a purely statistical or 

deterministic approach.   

Secondly a statistical approach that can fulfil the goals of this work is considered. Artificial 

neural network (ANN) is known as an effective nonlinear statistical modelling approach in air 

quality studies compared to other approaches. It can incorporate as many as parameters as 

predictor variables. However, very few studies have given attention to applying this technique to 

understanding site-specific air pollution dispersion mechanisms and which meteorological 

variables are the most important predictor variables for determining concentrations for a given 

application and the important time scales which influence the emission patterns; whether hourly, 

daily or monthly, for example. This thesis investigates how to extract the key information 

required from routinely-available meteorological parameters and the emission pattern of sources 

present throughout the year (e.g. traffic emissions), to build a reliable and physically-based ANN 
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air pollution forecasting tool. It also explores how data clustering techniques can be incorporated 

to better understand emission sources and how this information can be used to improve air quality 

forecasting accuracy, and, in return, provides a physical interpretation to the ANN-based 

nonlinear model function. 

Both of these models (ANN and SOSE) use simple meteorological measurements such as wind 

speed and wind direction and air pollution concentration measurements to build the mathematical 

relationship between concentration and meteorology. Without the need for comprehensive 

meteorological data, these models learn the time variation of concentrations (hourly, daily and 

monthly (seasonal)) through training the model with measured data under these time scales. They 

make use of ambient records of automatic stations that are generally used in a retrospective sense 

through comparison with air quality standards. They exploit these expensively-collected records 

to make inferences regarding source characteristics.  Based on these two modelling techniques 

the thesis attempts to answer the specific research questions described below. 

1.3. Research questions 

1. In the absence of comprehensive emission inventories or information on potential sources 

of emission affecting a particular site, to what degree can the hourly concentration of 

pollutants in Auckland be explained by simple meteorological variables? What predictor 

variables should be used to account for seasonal, daily or hourly variability in emission 

sources? How successful are semi-empirical and non-linear statistical approaches in 

achieving this goal?  

2. How do we go about identifying which predictor variables exert the most influence over 

predicted concentrations? What is the relative influence of different predictor variables on 

different pollutants/sites in Auckland? How accurately one can predict concentrations of 

gaseous and particulate matter concentrations using a small number of meteorological 

parameters as the predictor variables?  

3. To what extent data quality becomes a significant factor in determining the performance 

of semi-empirical or data driven models? How can we study this using a computationally 

simple semi-empirical model such as SOSE? What criteria to be considered in choosing a 

meteorological site in an urban setting? Should meteorological measurements be made at 
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the same location as the air pollution monitor (co-located) to obtain the most reliable 

model predictions? 

4. Is it possible to use semi-empirical and nonlinear statistical modelling techniques to draw 

inferences regarding source characteristics? Can the proposed semi-empirical approach be 

used to effectively separate a roadway contribution from the background source 

contribution? Can this modelling technique be used to verify emission inventories or 

explain site-specific physical parameters such as mixing height? What other empirical or 

analytical techniques can be coupled with the ANN approach to infer different source 

characteristics and hence give a physical basis to the ANN modelling approach and 

further improve prediction accuracy?   

1.4. Research Objectives 

The overall objective of this research is to develop reliable air pollution forecasting tools based 

on simple inputs that represent the time variation of emission and meteorological measurements 

available in a city, and to use these techniques to draw inferences regarding site-specific source 

characteristics and dispersion mechanism. The specific objectives of the research are: 

1. To investigate SOSE and ANN as two alternative modelling tools that rely only on routine air 

pollution and meteorological records and understand their strengths and limitations based on 

the Auckland context.  

2. To investigate techniques for identifying the most influential meteorological and source 

parameters for different pollutants and analyse how one or both of these models perform with 

different combinations of input parameters. It is also to understand the robustness of the 

model to input data errors. 

3. To further study the impact of the most influencing meteorological parameters on modelled 

concentrations. Studying the impact of the distance of the meteorological station to the air 

pollution receptor on forecasting accuracy and importance of meteorological station/air 

quality monitor co-location by comparing model performance statistics.  

4. To use the physics of the SOSE model to separate the contribution from a roadway from the 

background concentrations and estimate the vertical turbulence (mixing height) using a ‘box 

height’ parameter of the model. 
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5. To use the ANN modelling technique combined with k-means clustering, to unravel the 

source complexity of PM2.5 and PM10 emissions in Auckland. 

1.5. Approach 

Chapter 1 provides a detailed summary of air quality modelling approaches and models in 

current practice.  It summarises deterministic approaches of varying complexity in model physics 

and data driven statistical approaches that model the relationship between concentrations and the 

governing air pollution factors using linear and nonlinear statistical methods describing their 

advantages, disadvantages and gaps.  

Chapter 2 describes the materials and methods utilised in the thesis, specifically, the Site 

Optimized Semi Empirical model (SOSE) and artificial neural network modelling techniques. 

The similarities and differences of the two modelling approaches are discussed. Further, to 

compare the modelling capability of the two techniques, they are applied to a site adjacent to a 

highway in Auckland and the model statistics are compared and discussed.  

Chapter 3 presents the results of the ANN technique to understanding site-specific air pollution 

dispersion mechanisms and which meteorological variables are the most important in determining 

concentrations for a given application and the important time scales which influence the emission 

patterns (whether hourly, daily or monthly, for example). Results from three input optimization 

techniques, namely genetic algorithm, forward selection and backward elimination, are presented. 

How the sensitivity analysis of input parameters is useful in understanding the nature of the 

internal nonlinear function of the trained genetically optimized neural network model based on 

the response of the model to perturbations to individual predictor variables is also presented. 

Chapter 4 investigates the capability of the SOSE model to identify the site that gives the most 

reliable meteorological data for air pollution predictions for a particular urban location. It 

compares the modelling results from twelve meteorological sites having different anemometer 

heights, different distances from the air pollution measurements, and different land use 

characteristics for an urban location in Auckland, New Zealand. 

Chapter 5 focuses on a novel technique based on the SOSE model to quantify the impact of a 

roadway on the air quality of a local neighbourhood using ambient records of a single air 

pollution monitor. It demonstrates the proposed technique using a case study, in which the 

contribution from a major highway with respect to the local background concentration in 



Chapter 1. Introduction 

14 

 

Auckland, New Zealand is quantified and validated using upwind measurements. This chapter 

forms the first major contribution of the study and the contents are published in Elangasinghe et 

al. 2014. 

Chapter 6 shows how an ANN non-linear time series modelling technique combined with k-

means clustering can be used to understand the complex time series of PM10 and PM2.5 

concentrations in a coastal site of New Zealand. Key meteorological factors governing the pattern 

of the time series concentrations were identified through input sensitivity analysis performed on 

the trained neural network model. The transport pathways of particulate matter under these key 

meteorological parameters were further analysed through bivariate concentration polar plots and 

k-means clustering techniques. This chapter forms the second major contribution of the study. 

Chapter 7 summarises the main findings and contributions of this thesis and presents areas for 

future research. 
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Chapter 2. Materials and Methods 

2.1. Introduction 

The overall goal of this thesis is to develop a modelling methodology so that the data from a 

routine monitoring network is effectively used in a model to draw inferences regarding site-

specific source characteristics and the dispersion mechanism. In that sense, it is important to 

utilise simple modelling techniques that depend only on data from routine and cost effective 

monitors. After reviewing a number of alternative modelling techniques for this purpose, the site-

optimized semi-empirical model (SOSE) and the non-linear statistical approach artificial neural 

networks (ANN) were found most suitable for further evaluation. In previous studies, these 

modelling approaches were used to make predictions and forecasts by allowing the model to learn 

the pattern between concentration, emissions and meteorology specific to a particular site. 

The first subsections of this chapter are devoted in providing the reader with a comprehensive 

theoretical background to these two techniques with a brief summary of their current applications 

in air pollution modelling. Then, the two modelling techniques were used to model the 

concentrations of pollutants of a site adjacent to a major highway in Auckland. The results are 

presented and discussed as a basis of the analyses presented in the subsequent chapters. 

2.2. Site Optimized Semi Empirical Model (SOSE model)  

2.2.1. Dispersion component of the SOSE model 

Deterministic mathematical models use relationships between the rate of change of pollutant 

concentrations to average wind and turbulent diffusion, which is derived from the mass 

conservation principle. The commonly-used Gaussian line source model is based on the 

following assumptions (Nagendra and Khare 2002):   

1. The superposition principle - The concentration at the receptor point is the sum of the 

concentrations from all of the infinitesimal point sources making up a line source. The 

mechanism of diffusion from each point source is assumed to be independent of the 

presence of other point sources. 

2. The concentration profile is Gaussian in both the horizontal and vertical directions. 
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3. The road is straight and the line source emission rate is constant along the length of the 

road. 

Motor vehicle emissions are released about 0.3 m from the ground. Therefore, it is reasonable to 

assume the source is at ground level. Then, according to Chock (1977), the downwind 

concentration can be modelled using  
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where prepu is the component of the wind perpendicular to the road segment. With a non-zero 

background concentration, lC  (the concentration leeward of the road) becomes, 
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As suggested by Chock (1978), a wind speed correction ( 0u ), is needed to correct the wind speed 

dilution due to lateral dispersion. For wind directions other than perpendicular to the road, 

0sin uuu prep  
        (2.3) 

ensuring there are no discontinuities for all values of θ from 0 to 180
0
. The vertical dispersion 

parameter, σZ, tends to infinity as the wind direction tends to parallel to the road since the 

downwind distance tends to infinity. Hence, a modification to the σZ function is introduced as 

(Csanady 1972), 
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with zperp

n

Z 


  
2

 where σzperp equals 2.02, 2.09 and 1.93 for stable, neutral and 

unstable conditions, respectively (Chock 1978). 

With information on the wind speed, wind direction and concentration, a linear regression may be 

performed of C on (usinθ+ U0 ) to reveal the regression coefficients 
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A key part of this model is that such regressions are performed separately for each time interval 

throughout the day and changes in emission rates taken into account implicitly. The value of u0 

can be determined empirically through the minimization of the model error (RMSE) (Dirks 2001; 

Dirks et al. 2003). 

Emissions and mixing processes associated with road emissions are well described by Bluett et 

al. (2004). The thermal and mechanical turbulence created behind each vehicle along a series of 

vehicles travelling in both directions create a well-mixed line source, as described by Blutt et al. 

(2004). This is illustrated graphically in Figure 2.1 and can be represented mathematically using a 

box model, as described below. 

 

Figure 2.1 Well mixed zone of contaminants creating a line source (Bluett et al. 2004) 
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Dirks et al. (2002) develop the same model described in Equation 2.9 using a two-dimensional 

box model approach in that the term 
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 is replaced by 

z
1 , the vertical 

mixing height (Hanna et al. 2002). This box model approach required the following assumptions 

to be made: 

1. The emission rate Q  1-1mgm s  is assumed to be constant along a road and the pollutants 

are mixed uniformly within a two-dimensional box of height z (m) (Figure 2.2). 

2. The horizontal wind speed,  1msu , assumed to be uniform within the layer and running 

at an angle θ to the road, removes the pollutants through advection. 

3. Pollutants are introduced to the box through advection of the background concentration 

(CB). 

4. The system is in steady state. 
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Figure 2.2 Two-dimensional Box model approach 

From mass balance, the mass of the pollutants entering a box through advection, added to the 

mass of pollutants generated in the box is equal to the mass of pollutants leaving the box through 

advection.  Mathematically, 

 sin..sin.. uzCQuzCB 
     (2.7) 

Finally, the semi-empirical model developed by Dirks et al. (2001), under the above assumptions, 

takes the following form. It is named Site-Optimized Semi-Empirical Model (SOSE). 
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The semi-empirical model presented here assumes the concentration  C  to be inversely related 

to the wind speed (u) (as with the box model) but with a wind speed offset  1

0

msu  included to 

avoid severe over predictions in very light wind speed conditions, as suggested by Chock (1978). 
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This equation is separately applied when the receptor is placed windward and leeward of the 

road. 

For leeward conditions, the equation becomes, 
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The emission term, lQ for leeward conditions incorporates both emissions from the road adjacent 

to the monitor and emissions from other roads in the vicinity and lC is the background 

concentration for the leeward condition. 

For windward conditions, the model becomes, 
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The emission term, wQ  is the emission component from other roads in the vicinity and wC is the 

background concentration for leeward conditions.  
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2.2.2. Road emission rate (Q) component of the SOSE model 

Vehicle emission rate models are of different complexity (Smit R., 2013).  In average speed 

models the vehicle emission rate is a function of mean travelling speed. In traffic situation models 

the emission factors correspond to each traffic situation such as stop-and-go driving or free flow. 

In modal models the emission factors are also refined according to engine type and vehicle 

operating condition (Smit R., 2013). Though the latter models can give more precise emission 

rates they require fine details that should be collected on specialized experiments. Hence the 

average speed models are commonly used in practice. The average speed models that can be used 

to supply road emission rates (Q) to the SOSE model are described below. 

2.2.2.1. Estimating emission rates using basic traffic flow modelling 

The SOSE model can be applied to a site of interest either with or without emission rates as an 

input parameter. Without emission rates, the regression parameter becomes ZQ / and with 

emission rates it becomes Z/1 . If emission rates are included, acquiring traffic flow rates and 

vehicle emission factors are the first steps in estimating road emission rates as input to the SOSE 

model. These recorded traffic flow rates (T) in vehicles/hour result from different drive cycles 

ranging from constant speed, free flow, interrupted and congested conditions.  

In basic traffic modelling, a relationship between vehicle density (D) in vehicles/km, traffic flow 

rate (T) in vehicles/hour, and vehicle speed (V) in km/h is given by 

D = T/V         (2.12) 

According to Greenshields (1943), the relationship between D and V is well represented by  

)1(0

jD

D
VV  .        (2.13) 

In this equation, jD (vehicles/ km) is the jam density or the density at which the road is 

completely blocked due to congestion and 0V (km/hour) is the maximum free flow speed. 

Substituting (2.12) in (2.13) and rearranging to obtain vehicle density gives, 
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This results in a quadratic relationship, where the slope of any line joining the origin to the 

quadratic function of the traffic flow versus density is the average vehicle speed for a particular 

density (Dirks et al. 2003). The two solutions give the vehicle density for free flow and congested 

conditions. 

The empirical relationship between vehicle density and average vehicle emission rate (VER) in 

11..  vehkmg is presented by Dirks et al. (2003), 
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where a, b and c are constants and 0VER  is the near zero flow average vehicle emission rate that 

needs to be determined from an emission testing programme. 

Finally the total road emission rate is given by, 
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Dirks et al. (2003) used a speed limit of 50 1kmh which is the normal speed limit in New 

Zealand road and a jam density of 120 1. kmveh  and the values,  

0.9VER and 44.6 c 0.943,b 0.006,a 0   for carbon monoxide based on New Zealand 

emission testing programme. 

The above described dispersion and emission rate component of the SOSE model proposed by 

Dirks (2001) has been used by several subsequent studies (He et al. 2009; Gokhale and Pandian 

2007). Dirks et al. (2002) determined the optimum value for 0u  empirically through the 

minimization of the model root mean squared error (RMSE). Optimized model parameters 

namely, w

11 C and ,,   zQCzQ wll  are found by performing linear regressions of 10 min average 

carbon monoxide concentrations (C) on the inverse if the wind speed function (u+u0). This is 

performed sorting out the data sets for leeward and windward separately for each 10 minute 
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interval throughout the day across all days in the dataset. Weekday and weekend data were 

treated separately. And also data were sorted into seasons to take into account the seasonal 

pattern in the meteorology. For a day, this gives 144 regression coefficients and 144 intercepts. 

The optimum parameters were constrained to avoid negative concentration predictions. If the 

slope becomes negative for a particular time interval, it was set to zero and the intercept 

parameter was taken as the average concentration for the particular time interval while 

considering the concentration is independent of the wind speed. If the intercept parameter 

becomes negative it was set to zero and the regression coefficient was re-evaluated. In Dirks et al. 

(2003), the road emission information was included and linear regression of C on Ql (u+u0)
-1

 was 

performed wtih ∆z
-1

 as the regression coefficient. The model has subsequently been tested by 

Golhale and Pandian (2007) in India to model CO concentration with detailed road emission rate 

information included. He et al. (2009) used the same approach proposed by Dirks et al. (2002) 

and Dirks et al. (2003) to model PM10 concentrations in Hong Kong, again with detailed emission 

rates based on speed, vehicle and traffic conditions.  

2.2.2.2. Estimating emission rates using VEPM model 

The average speed vehicular emission modelling tool, the Vehicle Emissions Prediction Model 

(VEPM) (Metcalfe 2009) is an emission rate model developed for New Zealand to estimate 

vehicle tailpipe emission rates. The VEPM was developed by the Energy and Fuels Research 

Unit at The University of Auckland on behalf of the former Auckland Regional Council (Kar 

2008).  Its basic model equation originates from traffic flow modelling described in the previous 

section. The VEPM output emission factors are for CO, hydrocarbons, NOX, PM10 and CO2 for 

passenger cars, light duty and heavy duty vehicles covering the diverse range of vehicle types 

found within the New Zealand fleet.  

The model performance statistics of five studies that adopted SOSE modelling approach to model 

traffic related emission sources are summarized in Table 2.1. These model statistics are 

considered to have good model performance accuracy by those studies.  
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Table 2.1 Model performance statistics for the site optimized semi-empirical model by different 

studies. 

 

2.3. Artificial Neural Network approach to air quality modelling 

Artificial Neural Networks (ANN) are computational data structures that try to mimic the 

biological processes of the human brain and nervous system. Since ANN can capture non-linear 

relationships, this method tends to produce better results than those based on multiple regression 

when applied to air quality modelling.  

Neural networks consist of simple processing units called “neurons” that perform local 

computations on their input to produce an output. It has one input layer consisting of one or more 

neurons, one or more hidden layers after the input layer and one output layer that produces the 

output signals. Neurons of one layer are connected to the neurons of the other layer using 

connecting weightings. Neural networks are trained by adjusting these connecting weightings so 

that the best relationship between the input signal and the output signal is established.  Depending 

on the neural network architecture and training method, ANNs can be divided into many sub 

categories.  

Study Pollutant RMSE 

( 3mgm ) 

RRMSE Correlation 

Coefficient 

Study location 

Dirks et al. 2002       Autumn  

Summer 

CO 0.25 

0.525 

0.61                       

0.68 

0.72                       

0.77 

Hamilton, 

New Zealand 

Dirks et al. 2003 Summer 

Autumn 

CO 0.21 

0.65 

0.15                      

0.43 

0.7                           

0.7 

Hamilton, 

New Zealand 

Dirks et al. 2006  Avg. over seasons CO 0.46 - - Aosta Vally, 

Italy 

Gokhale and 

Pandian 2007 

 

Whole week 

Weekdays 

Weekends 

CO 1.87 

1.81 

2.00 

0.41 

0.40 

0.43 

0.75 

0.78 

0.62 

Delhi, India 

He et al. 2009 Morning 

Afternoon 

PM10 0.00813 

0.00769 

0.062 

0.0529 

0.86                      

0.73 

Mong Kok, 

Hong Kong 
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McCulloch and Pitts (1943) are the designers of the first artificial neural network with the 

“threshold unit” that mimics the characteristics of biological neurons.  Hebb (1949) developed the 

first learning rule to train a network. However, the “perceptron” developed in 1950’s became 

more powerful than the learning rule developed by Hebbs.  ANN became more popular after the 

development of the back propagation learning algorithm for multilayer networks in the 1980’s, 

largely due to its ability to account for non-linear relationships.  

The ANN modelling technique was first used for the prediction of air pollutants in 1993. Boznar 

et al. (1993) constructed an ANN model to predict sulfur dioxide concentrations in a highly 

polluted industrialized area in Solvenia. Multilayer perceptron in ANN has been used widely in 

atmospheric sciences in recent years for prediction, function approximation and pattern 

classification. An informative review of many of those applications can be found in Gardner and 

Dorling (1998). Gardner and Dorling (1999) developed a Multilayer perceptron (MLP) neural 

network model to predict hourly nitrogen oxide concentrations in central London using basic 

hourly meteorological data. In this study, the MLP model outperformed regression models 

developed for the same pollutants. Perez (2001) use the ANN technique to predict the hourly 

mean SO2 concentrations 8 hours ahead in Santiago Chili using hourly average SO2 

concentrations, temperature, relative humidity and wind speed with an average error of 30%. 

Chelani et al. (2002) used ANN to predict SO2 concentrations at 3 sites in Delhi using wind 

speed, a wind direction index, relative humidity and temperature. The ANN model predicts better 

than the multivariate regression models developed for the same data set. Jiang et al. (2004) used 

date, maximum and average temperatures, pressure, humidity, wind, cloud coverage and daily 

precipitation in an ANN model to forecast daily average total suspended particles, SO2, PM10 and 

NO2 values. The correlation between predicted and observed concentrations was found to be 0.7. 

Nagendra and Khare (2004) develop ANN models using ten meteorological and six traffic 

characteristic variables. The results suggest that neural network models are able to explain the 

effects of “traffic wake” on CO dispersion in the near field.  Jef et al. (2005) forecasted daily 

average particulate matter concentrations using meteorological data and found that the boundary 

layer height is the most important input parameter.  Karatzas and Kaltsatos (2007) use a principal 

component analysis (PCA) based ANN model to model ozone concentration over a city in 

Greece.  The model performance is found to be satisfactory for both locations investigated in this 

study for time series predictions.  Hurst et al. (2009) use an MLP type ANN to construct a 

prognostic type model for forecasting hourly concentrations of CO, PM10, NO2 and O3 at an 
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urban residential location with moderate traffic. A novel approach, based on general linear 

models, is employed in selecting the averaging interval over which each input variable is 

averaged. A good agreement between the predicted and observed values was found for O3 and the 

poorest predictions were for PM10.    

Kurt and Oktay (2010) use data from 10 different air quality monitoring stations in Istanbul to 

construct an ANN based model for forecasting SO2, CO, and PM10 levels 3 days in advance. The 

novel approach used here is the inclusion of geographic factors in air pollution forecasting. They 

construct three models, namely the single-sited neighbouring model, the two-site neighbouring 

model and a distance based model that include the concentrations of pollutants in neighbouring 

sites taken into account for making forecasts for a particular site. Out of the three models, the 

distance based model where distance values were used to compute a weighted average of air 

pollutant concentrations from three neighbouring districts was found to perform the best.   

These diverse studies have used different ANN architecture with different input parameters to 

obtain better model performance statistics (Some of them are given in Table 2.2).  When too 

many input parameters are used, the model tends to perform poorly, as it is misled from the noise 

in all of the parameters. The technique used so far to obtain better model performance is having 

the concentration of the measured pollutant one, two or three hours before the prediction (lagged 

inputs). The practical importance of such a model is very low, as the main purpose of the model 

is to predict the concentrations while the measurements are not carried out at the site (For 

example for a day that the monitor is out of order or paused for calibration). Therefore, a novel 

approach for improving model performance without using time-lagged inputs is sought in the 

present study. 
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Table 2.2 Model performance statistics of the ANN models used in different studies  

Study Model Architecture Input parameters Performance 

Gardner and 

Dorling 1999 

Multilayer perceptron, Scaled 

conjugate gradient algorithm 

for training, 2 hidden layers 

each with 20 nodes. 

Low cloud amount, base of lowest 

cloud, visibility, temperature, vapour 

pressure, wind speed concentration one 

hour before. 

Best model performance of 

RMSE 0.6 ppb and r2 0.91  

has been obtained from 

having previous hour NO2 

concentration as a input 

parameter. 

Nagendra and 

Khare 2004 

Multilayer perceptron, back-

propagation momentum term 

algorithm, 17 input neurons, 3 

neurons in the single hidden 

layer and 1 output neuron 

Meteorological parameters: Cloud 

cover, humidity, mixing height, 

pressure, pasquill stability, sunshine 

hours, temperature, visibility, sin(wind 

direction), cos(wind direction), wind 

speed, Traffic parameters: Two 

wheelers, three wheelers, four wheelers, 

gasoline powered, four wheelers, diesel 

powered, source strength(CO) Source 

strength (NO2) 

Best model performance 

RMSE 2.09 ppb.  

Cai et al. 2009 Multilayer perceptron, back-

propagation, sigmoid transfer 

function, 8 neurons in the 

hidden layer. 

Traffic factors: traffic volume, time of 

day and day of week, Background 

concentration factors: pollutant 

concentrations at 1,2 and 3 hours prior 

to prediction, Meteorological factors: 

Atmospheric temperature, pressure, 

relative humidity, Wind speed and 

direction, rainfall and solar radiation, 

Geographical factors: distance from the 

monitor to the road centre line, street 

direction and street aspect ratio  

RMSE 276.2 µg/m3 with all 

four factors included in the 

model. 

Kurt and Oktay 

2010 

Multilayer perceptron, pack-

propogation Levenberg 

Marquardt optimization, 10 

node input layer, 10 node 

hidden layer and single node 

output layer 

General condition, Day temperature, 

Night time temperature, Humidity, 

Wind speed, Wind direction, Pressure, 

Day of the week, Date, SO2, CO, PM10 

concentration one, two and three hours 

before. 

Three types of models used: Single site 

neighbourhood, two-site neighbourhood 

and distance based. 

Best performance was 

obtained with the distance 

based model in forecasting 

PM10 concentrations one hour 

before (Only 60/365 days 

with error) 

 

2.3.1. Mathematical description of artificial neural networks 

ANN comprise of a set of processing elements or neurons forming a few layers connected by 

adjustable weights and biases. The state of a processing element can be represented by 

   ii xWf ,        (2.17) 

where f  is the transfer function,  is the bias, iW is the weight of the i
th

 incoming connection 

and ix is the state of the processing element on the previous layer. 
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In this study we use a three layer network (input layer, one hidden layer and output layer) to 

predict concentration of NO2 which can be represented as,  





























  

  

L

j

n

i

jiij

L

j

j bbxWfWf

1 1 1

12 )(ionConcentrat Predicted ,   (2.18) 

where, 

ix Value of the i
th

 input node 

jW Connecting weight between the j
th

 node of the hidden layer and the single node of the 

output layer 

ijW  The connecting weight between the i
th

 node of the input layer and the j
th

 node of the 

hidden layer 

21 & ff Transfer functions of the hidden layer and output layer, respectively.   

jb = Bias of the j
th

 hidden node 

b = Bias of the output node 

L = number of hidden neurons 

n = number of input parameters 

Starting from an arbitrary set of weights, the inputs are passed through the network to obtain an 

output. This value is compared with the observed value to obtain the error. The weights are then 

iteratively adjusted until the chosen stopping criteria is met. Several test runs have been 

performed to identify the best model topology and model characteristics, such as the training 

algorithm and transfer function.  

2.3.2. Building and testing different topologies and choosing the best 

topology 

To identify the best ANN topology that matches this application, model runs have been carried 

out with different network topologies, along with a multiple linear regression model. The ANN 

network topologies tested include, probabilistic neural networks, the radial basis function and 

multilayer perceptron. The model performance statistics, root mean squared error (RMSE), 
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correlation coefficient (r) and mean absolute error (MAE) obtained for the training, cross 

validation and testing data sets were used to choose the best topology. Similar test runs were 

performed to choose network parameters such as the learning algorithm and transfer functions. 

2.3.3. Input parameter optimization  

Once the best topology is chosen, input parameter optimization is carried out to eliminate the 

irrelevant inputs from the network. A brief description of the input optimization techniques used 

in this study is given below. 

Forward Selection (Greedy Search): Forward selection, or greedy searching, is a linear 

incremental search strategy that selects input variables one at a time (Olden et al. 2004). It starts 

by building single input networks and selecting the input variable that maximizes the model 

performance based on the selected optimality criteria (the lowest mean squared error in this case).  

The selection then continues by iteratively training networks by adding the remaining input to the 

previously selected inputs. The selection is terminated when the addition of another input variable 

fails to improve model performance. 

Back Elimination: In contrast with forward selection, backward elimination begins by training a 

network with all input variables and successfully eliminates inputs one at a time (Olden et al. 

2004). The process is terminated when the elimination of an input variable does not improve the 

model performance. 

Genetic Algorithms: Genetic Algorithms (GA) provide a highbred search procedure for finding 

the global minimum of the error surface by adopting features of biological evolution (Principe et 

al. 2000). In the first step, an initial population is created with a given number of chromosomes. 

Genes of each chromosome represent different sets of inputs, learning rates, number of hidden 

units and memory depth. The initial population is then subjected to genetic operations that 

combine and modify chromosomes through reproduction, crossover and mutation with the goal of 

finding the best solution for the input-output relationship. The best input-output relationship is 

based on the fitness function (such as least MSE). The genetic operations are carried out until the 

defined fitness level (e.g. Expected MSE) is achieved or the set number of generations have 

transpired (Olden et al. 2004). In this study, GA is used to optimize input parameters as well as 

the number of hidden neurons. 
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2.3.4. Visualizing concentration data using bivariate polar plots 

Bivariate concentration polar plots are different from pollution rose or concentration frequency 

plots. The enhancement included in these plots is showing the bivariate relationship of 

concentration with wind speed and direction using a continuous surface through modelling using 

a smoothing technique (Carslaw and Ropkins 2012). By doing so the noisiness of the data is 

smoothed out and the true relationship is made visible. It is very useful to obtain a quick 

graphical representation of potential air pollution sources that influence a particular location. 

Plotting bivariate plots for several locations in a city can be used to triangulate possible air 

pollution sources (Carslaw and Ropkins 2012). Bivariate polar plots between concentration, wind 

speed and direction are constructed in following manner.  

1. Hourly average data for several weeks, months or years are considered. 

2. Wind speed, wind direction and concentration data are partitioned into wind speed-

direction bins and the mean concentrations are calculated for each bin. Wind direction intervals at 

10 degrees and 30 m/s wind speed intervals are found to be capturing sufficient details of 

concentration distribution (Carslaw and Ropkins 2012). 

3. The wind speed components u and v are calculated as, 

 






 




2
sinuu , 







 




2
cosuv  

where u is the mean hourly wind speed and   is the mean wind direction in degrees with 90
0
 

being the east. This provides a u , v and concentration ( C ) surface. 

4. A surface of C with u  and v  is fitted using Generalized Additive Model (GAM) as 

follows, 

 iij

n

j

ji exSC  


)(
1

0  

where iC is the thi pollutant concentration (square root transformed to obtain normally distributed 

residuals), 0  is the overall mean of the response )( , jij xS is the smooth function of the i
th

 value 

of covariate j, n is the total number of covariates and ie is the i
th

 residual. 
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In this plots high/low concentration zones are identified using the colour index. It is important to 

have the understanding that, high wind speeds provide low concentrations when the sources are 

local as the wind dilutes the pollutants through advection and increased turbulence. On the other 

hand concentrations can also increase with increasing wind speeds.  High speed winds increase 

particle suspension with high turbulence created and such plumes are brought down to the ground 

with the winds. At high wind speeds more sea spray are generated and transported to the land 

which is one example of long range transport of pollutants. Other examples are dust and fumes 

from bush fires and volcanic eruptions. By plotting the bivariate relationship with winds, one can 

identify the contribution from different sources.  

However, bivariate plots provide messy information especially in street canyons due to complex 

recirculation effects and inability to clearly distinguish between above two basic relationships. 

Less number of data points in one bin can sometimes lead to miss-interpretation of the mean 

concentrations. For example one very high concentration with couple of low concentrations can 

give a concentration mean for the bin. To avoid this, the minimum number of data points to a bin 

has to be assigned (minimum of 10 points are considered in this study). If the number of data 

points for the bin is less than the specified minimum that bin is not considered and plotted.  

Another way to see the uncertainty of the interesting feature or source origin observed in a polar 

plot is uncertainty polar plots. Three plots can be produced on the same scale showing the 

production surface together with the estimated lower and upper uncertainties at the 95% 

confidence level. If any feature observed is real or due to lack of data or high variability in 

concentration data in one or more bins can be verified using uncertainty plots. 

2.3.5. K-means clustering of the polar plot 

As described above a concentration polar plots are useful in identifying interesting features of 

wind dependant concentrations. Such a feature can be extracted using a section of data based on 

wind speed direction interval of the feature observed. For example if a subset of data wind speed 

>3 m/s and wind direction  180
0
 and wind direction  270

0
 shows some interesting feature that 

subset of data can be extracted for further analysis. However, this choice of interval of the feature 

observed could be arbitrary and will depend on the colour scale used. A better approach to extract 

such features is cluster analysis on the concentrations with respect to wind speed and direction. 
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K-means clustering of concentration with wind speed and direction can be considered as the local 

version of back trajectories (Carslaw and Ropkins 2012).  

A k-means cluster analysis of the concentration, u and v is done in the following manner, 

1. k points are randomly selected from the space of attributes  that are being clustered into 

groups. These points are taken as initial centroids. 

2. Each attribute (data point) is assigned to the group that has closest centroid. 

3. After all data points are assigned, the position of the centroid is recalculated by finding 

the mean of the cluster or group. 

4. Step 2 and 3 are repeated until the centroid no longer moves. 

5. This produces a separation of the objects into k groups having k different means. 

6. The clusters are presented using a colour index in a polar plot. 

This procedure can be mathematically explained as follows. 

Let  ixX   , ni ,........,2,1 be a set of n points to be clustered into K clusters. 

 KkcC k ,......2,1,  . k-means clustering is obtained by minimizing, 

2

1

ki μx
 


K

k cx ki

where 
2

ix k  is the chosen distance measure, k is the mean of cluster kc . 

The distance measure is defined as the Euclidean distance, 
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jjyx yxd where x and y are two J dimensional vectors, which have been 

standardized by subtracting from the mean and dividing by standard deviation (as concentration , 

wind speed and direction are on different scales).  
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 where x  is the mean and x is the standard deviation.  
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2.3.6. ANN modelling and cluster analysis 

The features observed on the bivariate polar plot are grouped using the k-means clustering 

technique. Potential sources are detected by post-processing the data that fall into each cluster 

using time variation analysis. Details on the theoretical development of these plots can be found 

in Carslaw et al. (2013). The tools developed by Carslaw and Ropkins (2012) in the ‘Openair’ R- 

package were used to obtain the bivariate plots, k-means clustering plots, and time variation plots 

presented here.  

We assumed, using cluster rankings as binary inputs to the ANN model, that the model is able to 

filter out the data according to each cluster ranking and optimize the model parameters to suit 

each cluster, and hence improve prediction accuracy. For example, if two significant clusters are 

identified, the inputs and outputs to the ANN model with three time inputs and four 

meteorological inputs take the following form: 

MatrixOutput                                                                              Matrix    Input                                                           

        

1

0

1

1

0,14.3.2..1..

18n 




























































n

ionConcentratClusterParaMetParaMetParaMetParaMetDayHourMonth

 

The ANN models developed and optimized using genetic optimization with and without cluster 

rankings were then compared based on standard model performance statistics. ANN models, 

including autocorrelation with one-hourly, three-hourly, six-hourly, 12-hourly, and 24-hourly 

lagged concentration inputs were also developed for comparison. 

2.3.7. Comparison of the developed ANN model with multi linear 

regression (MLR) models 

To test if the model performance is biased towards the fact that the temporal pattern of NO2 in 

2010 is similar to that in 2011 and if the ANN model is capturing any non-linearity that is not 

picked up by a multi linear regression (MLR) model, three linear models were developed on the 

same data set. One MLR model has been developed using inputs that represent time scales alone 

(month, day and hour), one model with time scales, wind speed and wind direction, and another 

model with time scales and all meteorological inputs. The results of the ANN model were 

compared against the results of these three models.  
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2.3.8. Similarities and differences between SOSE and ANN modelling 

techniques 

Similar features 

 Concentration predictions of both models are based on the training of the model 

parameters based on site-specific data 

 Model parameters are based on simple meteorology and emission data.  

 If emission data are not available, the time variation of emission rates according to 

different time scales (hourly, weekday/weekend, and season) can be incorporated in the 

model to make predictions based on the pattern identified by the model. 

 Model predictions are site-specific and, once trained to a particular site, can confidently 

be used to predict concentrations only at that site. 

 Both models can be used for any pollutant after training and optimizing model parameters 

on 10-minute average or hourly concentrations and meteorological data. 

Differences 

 The SOSE model uses a linear modelling approach while the ANN function is highly non-

linear. 

 The SOSE model is based on a physical function describing atmospheric phenomena 

while the ANN function has no boundaries and is decided by the model architecture and 

number of input parameters used.   

 The only meteorological parameters used to model concentrations using the SOSE model 

are wind speed and direction, while the ANN model can consider as many as input 

parameters to develop a functional relationship between concentrations and these 

predictors. Several techniques can be used to optimize the number of input parameters. 

 During the training process, the SOSE model optimizes the ‘slope’ and ‘intercept’ 

parameters for each hour (or 10 min interval), upwind/downwind situation and 
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weekday/weekend while the ANN model optimizes a large number of parameters unique 

to the selected model architecture that has no physical relationship.  

2.4. Data 

Firstly, the two models were tested on a dataset to investigate the reliability of model predictions 

for a given site. The data for testing the two modelling techniques were obtained from an 

observational campaign carried out in Auckland, New Zealand for a period of approximately 3 

months during autumn and winter (April to July) in 2010, on a short stretch of the Southern 

Highway (SH 1) where residential neighbourhoods are located immediately adjacent to the 

highway (Longley et al. 2013).  SH1 carries ~120,000 vehicles/day on average (Longley et al. 

2013). The study site, 25 Deas Place, as shown in Figure 2.3, is set back 140 m east of the 

highway in a residential area least affected by pollutants from other arterial roads. Details of the 

instrumentation deployed are given in Table 2.3.  Meteorological data were obtained from a 

tower implemented on the other side of the highway in open grounds at a height of 9.5 m. The 

average speed and vehicle classifications, along with continuous traffic counts, were obtained 

from the traffic monitoring site managed by the New Zealand Transport Agency (NZTA) at the 

Mt Wellington Highway Interchange on SH 1, part of the Advanced Traffic Management System 

(ATMS) for the Auckland motorway network. 

 

Figure 2.3 Study site chosen for testing the two models 
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Table 2.3 Instrumentation 

Contaminant Instrument 

CO API Model 300 analyser 

PM10 Thermo FH62C14 Beta Attenuation 

Monitor 

NO2, NO API Model 200 chemiluminescence 

analyser 

Wind Vector A101M & W200 

 

2.5. Results and discussion 

The dataset consists of 13 weeks of 10-minute averaged data. The SOSE model has been trained 

on ten weeks of the dataset and predictions were made on the remaining two weeks. The ANN 

model has been trained on eight weeks, cross validated on two weeks (which is a requirement of 

the optimization process) and tested on the same two weeks on which the SOSE model was 

tested. The input variables used for both SOSE and ANN models are listed in Table 2.4. The 

SOSE model uses a linear regression approach after sorting data according to the time of day (in 

10 min intervals), upwind-downwind and weekday-weekday and estimating the slope and 

intercept parameters of Equations 2.10 and 2.11 for each data set for each pollutant. The structure 

of the table of regression parameters calculated from the MATLAB programme is presented in 

Appendix A. The ANN model uses the inputs presented to it directly to develop nonlinear 

relationships between these inputs and concentrations based on the physical function of it.  Even 

though the ANN model can occupy a large number of predictor variables, the same input 

parameters used by the SOSE model is firstly considered for comparison of the results from the 

two modelling approaches. Information on whether a data point is upwind  or downwind or 

whether it is a weekday or weekend is provided as a binary input to the model (for example 

downwind-1 and upwind-0). A sample of input output matrix of the ANN model for a training set 

of n  is shown in Figure 2.4. The wind speed off set, 0u is chosen to be 0.1 as per the results from 

previous SOSE modelling exercises. 

Scatterplots of the observed versus predicted concentrations for the two test weeks for NO2, CO 

and PM10 using the two modelling approaches are given in Figure 2.5. The three plots on the left 



Chapter 2. Materials and Methods 

38 

 

hand side correspond to SOSE model predictions for NO2, CO and PM10, while the three plots on 

the right site are for the ANN model, respectively. According to this comparison, both models 

make the best predictions for NO2 while the ANN model slightly outperforms the SOSE model. 

The SOSE and ANN models show a similar degree of accuracy in predicting CO concentrations, 

while both models tend to slightly over predict the low concentrations and under predict high 

concentrations. The poorest performance of both models is obtained for PM10. Over prediction of 

low concentrations by both models can be explained by the fact that PM10 removal processes, 

such as wet and dry deposition, are not taken into account by either of the models. Under 

prediction of high concentrations could be either due to accumulation of particulates in the 

atmosphere or transport of particulates to the site from any extra source.  

matrixOutput                                                       matrix    Input                                     
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...
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Figure 2.4 A sample of input/output matrices used for training the ANN model 

In view of smoothing out the effect of the noisiness in 10-minute averaged data, hourly average 

concentrations are calculated from the raw data. The results presented in the previous section are 

repeated with hourly-averaged data using both the SOSE and ANN models. When compared to 
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the scatter plots presented in Figure 2.6 with those in Figure 2.5, it is apparent that the prediction 

accuracy of both models can be enhanced by modelling hourly-averaged data.  

Figure 2.7 shows an example of a time series of observed versus predicted concentrations using 

SOSE and ANN models for ten minute data. It is apparent from this figure that the variability in 

CO concentrations are well picked up by both models, while both models fail to detect high 

concentration events of NO2, especially on the 20
th

 and 21
st
 of May, 2010 which would have been 

a result of some extra sporadic source. What is revealed here is that, as far as the diurnal variation 

of CO from traffic and home heating emissions on weekdays and weekdays are maintained the 

model can pick the variability in concentrations of both NO2 and CO fairly well.  Nevertheless, 

high and low concentration episodes of PM10 are missed out by both models. Yet, the daily-scale 

periodic component of the PM10 time series in general is well picked up by both models. The time 

series of observed versus modelled concentrations based on hourly averaged data as shown in 

Figure 2.8 also reveal that the variability in concentration is equally identified by both of the 

proposed modelling techniques.  

Table 2.4 Input parameters used in the SOSE and ANN models. 

Input parameter SOSE ANN 

1/ (wind speed+ wind speed offset) Linear regression is performed 

between this input parameter and 

concentration 

A direct input to the model 

Wind direction (upwind/downwind) The data are sorted as upwind 

downwind and linear regression 

performed separately 

Upwind- 0 and Downwind- 1, 

binary inputs are used.  

Hour Data are sorted according to each hour 

and linear regression performed 

separately. 

Hour of the day is used as a 

discrete input parameter 

Minute The data are separated according 10 

min interval and linear regression is 

performed for each 10 min interval 

separately.  

10 min interval is used as a 

discrete input parameter 

Weekday/Weekend Data are sorted according to 

weekday/weekend and linear 

regression performed separately. 

Weekday is used as a discrete 

input parameter 
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Figure 2.5 Ten-minute averaged observed versus predicted concentrations in a site adjacent to the 

Southern Motorway, Auckland: (a), (c) and (e) Modelling of NO2, CO and PM10 respectively using 

the SOSE model and (b), (d) and (f) Modelling of NO2, CO and PM10 respectively using the ANN 

model 

 

Note: The thick straight line is Observed = Predicted line while the dotted lines are Observed = 

0.5*Predicted and Observed = 2*Predicted 
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Figure 2.6 Hourly averaged observed versus predicted concentrations in a site adjacent to the 

Southern Motorway, Auckland: (a), (c) and (e) Modelling of NO2, CO and PM10 respectively using 

the SOSE model and (b), (d) and (f) Modelling of NO2, CO and PM10 respectively using the ANN 

model 

 

Note: The thick straight line is Observed = Predicted line while the dotted lines are Observed = 

0.5*Predicted and Observed = 2*Predicted 
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Figure 2.7 Time series of observed vs predicted concentrations (a) NO2, (b) CO and (c) PM10 for 

the two test weeks (Ten minute average data) 
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Figure 2.8 Time series of observed vs predicted concentrations (a) NO2, (b) CO and 

(c) PM10 for the two test weeks (Hourly average data) 
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For the above comparisons, the ANN models were trained on the same inputs of the SOSE 

model as given in Table 2.4. However, the ANN model can incorporate any number of 

parameters as inputs to build up a causal relationship.  Other meteorological parameters 

available for this site were air temperature, relative humidity, solar radiation and rainfall. To 

test if improvements to ANN model predictions can be achieved by including those 

meteorological parameters as inputs, another set of ANN models were trained for each 

pollutant including air temperature, relative humidity, solar radiation and rainfall as inputs. 

Figure 2.9 shows improvements to the genetically optimized ANN model predictions of NO2 

achieved by adding extra meteorological variables to the previously described SOSE inputs. 

However, when poor model performance achieved by previous studies with a large number of 

inputs are concerned (such as the study by Nagendra and Khare 2006 with a large number of 

input parameters that gives poor model performance), it should be borne in mind to use an 

optimum number of inputs and to exclude least significant inputs for better generalized 

performance of the ANN model. Sensitivity analysis of inputs as described in section 2.3.4 can 

be used for choosing the most significant inputs and this aspect will be further investigated in 

Chapter 3. 

Figure 2.10 shows minor improvements to the genetically optimized ANN model predictions of 

PM10 achieved by adding extra meteorological variables to the previously described SOSE 

inputs. Adding extra meteorological variables, does not allow the model to correctly predict 

low concentrations or high concentrations. These results further strengthen the fact that the 

particulate matter emission and dispersion pattern in the atmosphere is far too complex 

compared to gaseous pollutants and cannot be simply modelled using simple meteorology. 
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Figure 2.9 Observed versus modelled concentrations of NO2 using an ANN model with only 

SOSE model inputs compared to a ANN model with five meteorological parameters (wind 

speed, wind direction, temperature, solar radiation, relative humidity) and traffic flow rate. The 

straight line is observed = predicted line 
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Figure 2.10 Observed versus modelled concentrations of PM10 using an ANN model with only 

SOSE model inputs compared to a ANN model with five meteorological parameters (wind 

speed, wind direction, temperature, solar radiation, relative humidity) and traffic flow rate. The 

straight line is observed = predicted line 



Chapter 2. Materials and Methods 

46 

 

2.6. Conclusion 

The results of SOSE and ANN models suggest that both models are capable of simulating the 

concentration of gaseous pollutants such as NO2 and CO in urban sites affected by local traffic. 

The ANN model slightly outperforms the SOSE model. However, both models fail to accurately 

simulate PM10 concentrations for the study site. It was also identified that the prediction accuracy 

of the ANN model can be improved by including other meteorological parameters (such as 

temperature and solar radiation) as inputs to the model. However, for better generalized 

performance of the ANN model, the number of input parameters needs to be optimized using an 

optimization technique. Since the time variation of concentrations of gaseous pollutants can be 

satisfactorily simulated by both models, the models can be used to understand many aspects of 

the site-specific dispersion process, as expected to be investigated in next chapters. 

The main practical advantage of these two modelling techniques is its use for filling the missing 

gaps in air quality datasets during calibration downtime and forecasting future events under 

different meteorological conditions, weekday/weekend and upwind/downwind situations as far as 

the emission pattern from the road source is remained the same. If several monitors can be 

employed downwind of a source to train the model, it is possible to use trained SOSE and ANN 

models for each of these downwind points so that the spatial variation of concentration downwind 

the source can be modelled in the absence of the monitors. The main drawback of the two 

techniques is that their inability to identify sporadic events such as sudden emissions from a bush 

fire. However, even a detailed physically based mathematical model, would not be able to 

correctly model concentrations arise from such emissions without knowing the emission strengths 

of such sources.   

Since the ANN modelling technique optimizes a casual function based on the selected inputs, the 

optimized function can be used to understand the relative contribution of different predictor 

variables and provide insight into the concentration-meteorology relationship so that the source 

contributions can be understood. The physical function of the SOSE model gives provision to 

understanding if the wind speed and wind directions used are representative of the study location. 

It could further help in separating the road contribution from the background source contribution. 

Obtaining such insight into pollutant dispersion processes is the goal of the following chapters.
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Chapter 3. Development of a ANN-based air pollution 

forecasting system with the aid of explicit knowledge 

through sensitivity analysis 

Artificial neural network (ANN) is known as an effective modelling approach in ecological 

studies. However, little attention is given when applying this technique to understand the site 

specific air pollution dispersion mechanisms. Further, little attention is given in understanding 

which meteorological variables are the most important in determining concentrations for a given 

application and the important time scales which influence the emission patterns, whether hourly, 

daily or monthly, for example. In this chapter, we propose a methodology for extracting the key 

information required from routinely-available meteorological parameters and an emission pattern 

of sources present throughout the year (e.g. traffic emissions), to build a reliable and physically-

based ANN air pollution forecasting tool. The methodology is tested on modelling the NO2 

concentration at a site near a major highway in Auckland, New Zealand. The basic model 

consists of an ANN model for predicting the NO2 concentration using eight predictor variables: 

wind speed, wind direction, solar radiation, temperature, relative humidity, as well as ‘hour of the 

day’, ‘day of the week’ and ‘month of the year’ representing the time variations in emissions 

according to their corresponding time scales.  Of the three input optimization techniques, namely 

genetic algorithm, forward selection, and backward elimination explored in the study, the genetic 

algorithm technique gave predictions with the least mean absolute error. The nature of the 

internal nonlinear function of the trained genetically optimized neural network model was then 

extracted based on the response of the model to perturbations to individual predictor variables 

through sensitivity analyses. A simplified model, based on the successive removal of the least 

significant meteorological predictor variables, was then developed until subsequent removal 

resulted in a significant decrease in model performance. The performance of the developed ANN 

model outperforms a linear regression model based on the same input parameters. The proposed 

approach illustrates how ANN can be used to identify the key meteorological variables required 

to adequately capture the temporal variability in air pollution concentrations for a specific 

scenario, namely, air pollution levels alongside a busy motorway.  
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3.1. Introduction 

Concentrations of pollutants in the atmosphere are influenced by the strength of emission sources, 

chemical transformations, and atmospheric conditions (Jiang et al. 2005). For near-surface 

emissions (such as vehicle-generated pollutants), the surface winds determine the transport and 

dispersion of pollutants, and the atmospheric stability determines the extent to which pollutants 

are dispersed vertically within the atmospheric boundary layer (Hewson 1956).  Solar radiation 

and temperatures are also important in nitrous oxide conversion chemistry (Jiang et al. 2005). 

Variations in emission strengths and the surface meteorology can be observed by monitoring over 

different averaging times (such as hourly, daily and monthly).  

The modelling of atmospheric pollutant concentrations typically involves the development of a 

functional relationship between concentrations and these controlling parameters. One approach is 

to use deterministic models, relying on the governing fluid dynamic and chemical transformation 

mechanisms to model this relationship, while statistical models use field measurements of 

emission rates, meteorological parameters and concentrations to develop a linear or non-linear 

function between the concentration and these predictor variables. Deterministic models are 

limited by their requirement for detailed knowledge of source parameters, the topographical 

structures in the immediate surroundings, and the detailed meteorology. These data are not 

always available in practice. Purely statistical models, when adequately trained, may provide 

good predictions using routinely available data. However, they are limited by their inability to 

provide insight into dispersion mechanisms, and hence may not be used in ‘what-if scenario 

analysis’ with respect to changes in emission rates and meteorological conditions without 

performing a procedure such as a sensitivity analysis.  

Though there are recent developments in Europe to better quantify boundary layer dynamics 

(Seibert et al. 1998), most cities around the world have routine meteorological stations that measure 

basic meteorological parameters. Variables such as boundary layer depth and stability indices are not 

readily available in routine networks, even though they are known to be important in the dispersion 

processes of atmospheric pollutants (Hewson 1956). Detailed information about emission source strengths 

is limited to a few cities. For the aforementioned reasons, more research is needed in developing air 

quality models that can capture adequately the variability in observed concentrations using limited 

knowledge of the values of meteorological and emission parameters. The superior capability of the ANN 

technique in capturing the nonlinear behaviour of complex atmospheric processes makes it a suitable tool 
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for developing such models. Specifically, multilayer perceptron ANN models have been used widely in 

atmospheric sciences in recent years for prediction, function approximation, and pattern classification 

(Gardner and Dorling 1998). In many situations, twice daily radiosonde vertical temperature profile 

obtained from nearest meteorological station is used to estimate the day time and night time 

mixing height (Nath and Patil 2003) which are not sufficient for air pollution deterministic 

models at a fine time resolutions (such as hourly variation).  

Many recent studies have shown that ANN-based air pollution models perform better than other 

statistical techniques (Gardner and Dorling 1999; Chelani et al. 2002; Grivas and Chaloulakou 

2006; Singh et al. 2012), and ANN-based air pollution forecasting models are being implemented 

in some cities (Jiang et al. 2004; Kurt and Oktay 2010; Perez 2012). Several studies have focused 

on improving ANN model performance using different input data classification techniques 

(Nagendra and Khare 2006; Hrust et al. 2009; Kurt and Oktay 2010; Cheng et al. 2012; Perez 

2012) and hybrid model optimization techniques (Grivas and Chaloulakou 2006; Karatzas and 

Kaltsatos 2007; Antanasijević et al. 2013). However, very few recent studies have investigated its 

internal mechanism in order to understand the extent to which the modelled function identifies 

the relative contribution of these controlling emissions and meteorological parameters to the 

observed levels of concentrations (Singh et al. 2012; Yan Chan and Jian 2013). This explicit 

knowledge can be used to construct simpler ANN models with practical importance and better 

generalized performance, and hence increase the use of ANN-based advanced techniques for air 

pollution modelling. Some studies that use only basic meteorological parameters to model the 

concentration of several pollutants use the concentrations of other pollutants (for example, 

concentrations of PM10 and SO2 for modelling NO2) as predictor variables in the model (Singh et 

al. 2012). Such models have limited practical use, especially in forecasting, as they require 

measurements of other pollutants as the predictor variables. Time-lagged models (models that can 

forecast concentrations), for example, one hour ahead, three hours ahead or 24 hours ahead,  are 

found to give reliable predictions (Gardner and Dorling 1999; Karatzas and Kaltsatos 2007) but 

are not very useful when large gaps in data are present due to equipment failure or calibration 

down time.  Therefore, the main goal of this chapter is to demonstrate a methodology for 

extracting explicit knowledge on the relative contribution of different meteorological parameters 

on pollutant concentrations so that it may be used in the construction of a robust ANN model 

(based on pattern recognition) that is useful in situations where one has to rely only on a few 

meteorological predictors to model pollutant concentrations. It can also be used to identify the 
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key meteorological parameters that should be measured with a greater sensitivity so as to be able 

to make accurate model predictions. 

3.2. Methodology 

3.2.1. Model building and analysis of contribution of different predictor 

variables 

A schematic diagram of the methodology proposed for understanding the contribution of different 

predictor variables from the routine monitoring network using ANN-based models is presented in 

Figure 3.1.  In Step I, the available data from the routine network are analyzed, as data 

visualization and exploration is considered an important initial step in statistical modelling 

(Samarasinghe 2006). The emissions from a particular source are complicated by changes in the 

frequency of specific dispersion conditions, such as variations in meteorology between different 

periods of the year (Malby et al. 2013), and building an ANN model with carefully-selected 

inputs with an understanding of influencing time scales and wind speed/direction interactions 

giving a physical basis to the model. Among the many methods available for visualizing ambient 

air pollution and meteorological data (Carslaw and Ropkins 2012; Malby et al. 2013),  

multivariate polar plots, scatter plots, wind roses and time variation plots were used for this case 

study as they were able to capture the predominant features of the specific data set.  However, 

many other techniques suggested in the literature could be used on a case-by-case basis.  

In Step II (Figure 3.1), the training, cross validation and testing data sets are defined. Other 

studies have identified that, for emission sources present continuously throughout the year (e.g. 

traffic emissions), a full year of data provides sufficient information to develop statistical models 

ensuring that seasonal factors affecting concentrations are taken into account (Carslaw and 

Carslaw 2007; Arhami et al. 2013). Therefore, one year of data is chosen for the training while 

two weeks are separated for testing to see if the model has correctly captured the variability in 

concentrations for the training year. The forecasting ability of the model is tested on the 

consecutive year. Therefore, under the assumption that the emission pattern does not change 

significantly from one year to the next, the proposed model is able to be used to forecast 

concentrations for the consecutive year by providing values of new predictor variables. Data are 

then randomized to ensure the robustness of the trained network. The building and training of the 
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network is then carried out using NeuroSolutions Version 6.27 (http://www.neurosolutions.com/) 

and normalized values of the inputs are introduced to the input nodes so that all variables fall in a 

small range, avoiding discrepancies that lead to faulty interpretation by the model due to the large 

weights adopted by inputs with larger magnitudes (Samarasinghe 2006). Detailed information 

about step by step development of a neural network model is found in Samarasinghe et al. (2006) 

and Principe et al. (1999).  After a large number of test runs, a multilayer perceptron, one hidden 

layer network with a Levenburg Marquardt back propagation algorithm having a hyperbolic 

tangent transfer function in the hidden layer and bias transfer function in the output layer, has 

been found to be the best topology. The step size, momentum rate and processing elements are 

optimized through genetic optimization (Samarasinghe 2006). 

At Step III (Figure 3.1), input parameter optimization is carried out to eliminate the irrelevant 

inputs from the network. Among several techniques suggested in the literature (Olden and 

Jackson 2002; Olden et al. 2004), forward selection, backward elimination, genetic algorithm and 

sensitivity analysis techniques were applied in this study. These techniques are used in a few 

ecological modelling studies in the literature (Lek et al. 1996; Olden et al. 2004). Sensitivity 

analysis provides extra knowledge on the response of the network to changes in each of the 

meteorological and emission parameters. This is achieved by studying the response of the 

network by varying each predictor variable within a range in small steps while locking all other 

input parameters at their mean value and plotting the response of the model to perturbations to 

each predictor variable (Principe et al. 1999; Samarasinghe 2006). With this knowledge, different 

models were constructed by removing different input parameters to understand the degree of 

importance of these parameters in explaining the variability in atmospheric pollutant 

concentrations. 

At the final step, the results from Step III are analyzed and compared to identify the key 

meteorological variables required to adequately capture the temporal variability in air pollution 

concentrations for the specific scenario and to test the robustness of the ANN model to identify 

the key dispersion mechanisms.  

 

 

 

http://www.neurosolutions.com/
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Step I 

Step II 

Step III 

Step IV 

 

Apply input optimization techniques  

to identify relative contribution of inputs  

Build a new ANN model by removing  

a predictor variable  

Does model  

performance 

deteriorate? 

No  

Yes  

Obtain a set of models with  

different inputs 

Compare to draw conclusions on degree of 

significance of each predictor variable from the 

routine network 

Visualize data 

Select inputs based on above knowledge 

Define training, cross validating and testing data sets 

Clean, normalize and randomize data 

Build ANN model 

 

Figure 3.1 Stages of the proposed technique to identify key predictor variables from the routine 

monitoring network. 

3.2.2. Comparison of the developed ANN model with multi linear 

regression (MLR) models 

To test if the model performance is biased towards the fact that the temporal pattern of NO2 in 

2010 is similar to that in 2011 and if the ANN model is capturing any non-linearity that is not 

picked up by a multi linear regression (MLR) model, three linear models were developed on the 

same data set. One MLR model has been developed using inputs that represent time scales alone 

(month, day and hour), one model with time scales, wind speed and wind direction, and another 

model with time scales and all meteorological inputs. The results of the ANN model were 

compared against the results of these three models.  
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3.2.3. Auckland case study – site description and data  

The site selected for testing the proposed methodology is at a suburb in Auckland, located in a 

narrow isthmus in the North Island of New Zealand. The complex coastline and low-lying 

undulating topography result in complex surface wind flow patterns, especially in conditions of 

low synoptic wind flows when the surface winds are dominated by sea-land breezes. In this 

study, the emphasis has been placed upon using a minimal set of meteorological predictors that 

are readily observed at almost all meteorological stations in New Zealand so that the model is of 

practical use.  The pollutant chosen for the study is nitrogen dioxide (NO2). Epidemiological 

studies have revealed associations between NO2 concentrations and daily mortality from 

respiratory and cardiovascular causes and hospital admissions for respiratory conditions (Burnett 

et al. 1997).  A study conducted in the UK has found that emission control measures have not 

resulted in a significant decline in atmospheric NO2 concentrations (Carslaw et al. 2011). Hence, 

the forecasting of NO2 concentrations is important.  

Nitrogen oxides are emitted into the atmosphere primarily from vehicle exhaust as nitric oxide 

and nitrogen dioxide. The nitric oxide reacts with ozone to form nitrogen dioxide (Gardner and 

Dorling 1999). As in most major cities, vehicular emissions are the major source of nitrogen 

oxide emissions in the study area. 

The hourly average NO2 concentration data and meteorological data have been obtained from an 

automatic monitoring station managed by the Auckland City Council, deployed in the corner of 

the school grounds of Westlake Girls’ High School, Takapuna, a suburb located about 10 km 

north of Auckland City. The site is exposed to winds from all directions due to the open nature of 

the site. It is bounded to the east by Wairau Road and to the west by State Highway 1 (50 m from 

the highway). The houses in this area are mixed in age from 1960s construction, and 75% of them 

have chimneys. The working yard of Atlas Concrete, a concrete manufacturing company, and the 

Wairau Industrial Park are located approximately 100 – 200 m away. Therefore, there is a 

complex mixture of local emissions from traffic, home heating and industrial sources. However, 

the main source of NO2 is traffic and industrial in nature (Davy et al. 2009). The meteorological 

tower on site measures wind speed, wind direction, ambient temperature, relative humidity and 

solar radiation, all at a height of 10m from ground level, consistent with the meteorological 

parameters commonly measured in automatic weather stations across New Zealand. The inlet of 

the NO2 sampler is located at 3m above the ground. 
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3.2.4. Model Performance Evaluation 

The analysis of the performance of different ANN models developed in this study is based on 

comparing the model results for a test data set with actual observations. The following model 

performance statistics are used for comparing model results. These statistics are commonly used 

in air quality model analysis (Carslaw 2012). In the following equations, Oi denotes the  i
th

 

observed value, and Pi denotes the  i
th

 predicted value for a total number of n observations. 

A number of model evaluation parameters are considered.  Namely, the fraction of predictions 

within a factor of two (FAC2) given by 
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and the refined index of agreement (IA) (Willmott et al. 2012) given by  
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3.3. Results and discussion 

3.3.1. Visualization of data and input selection (step I)  

The meteorological and air quality data sets for 2010 and 2011 were first used for the training and 

testing of the forecasting ability of the model, as the first step in the modelling procedure. 

According to the statistical properties of variables given in Table 3.1, the concentration and 

meteorological parameters show similar distributions throughout the years. The meteorological 

parameters are highly variable, due to seasonal variations and the coastal nature of the site. As 

revealed by the wind rose diagram (Figure 3.2(a)), the prevailing winds are from the west, with 

significant frequencies also observed from the north-east and south-west during both years. High 

concentrations are observed in light to moderate wind conditions (Figure 3.2(b)), mainly when 

the winds are parallel to the highway (Figure 3.2 (b) and (c)). Concentrations are higher when the 

site is downwind of the highway compared to when it is upwind (Figure 3.2(b)). Therefore, the 

highway seems to play a major role in elevated NO2 concentrations, with a clear inverse 

relationship between NO2 concentrations and wind speed. 
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Table 3.1 Statistical properties of input and output variables to the ANN model 

Parameter  Mean Median Minimum Maximum 

NO2(g/m
3
) 2010 21.5 18.6 0.2 86.3 

2011 20.0 17.4 0 89.5 

Wind speed (m/s) 2010 2.4 2.2 0 11.6 

2011 2.6 2.3 0 10.1 

Temperature (
0
C) 2010 16.1 16.2 3.8 28.0 

2011 16.1 16.1 2.6 27.0 

Relative Humidity (%) 2010 74.4 76.0 29.1 95.6 

2011 75.2 76.6 24.7 96.9 

Solar Radiation (W/m
2
) 2010 178.8 8.7 0 1142.0 

2011 170.4 7.5 0 1165.8 

 

 

Figure 3.2 (a) Wind rose diagram, (b) Concentration polar plot for NO2(in g/m
3
) and (c) Site map 

(source: Google Earth) 

Figure 3.3 illustrates how NO2 concentrations are related to temperature, relative humidity, and 

solar radiation, as well as how these predictor variables are interrelated. At high values of solar 

radiation (during day time), concentration is linearly related to both temperature (positively) and 

relative humidity (negatively). The relative humidity versus temperature shows a negative linear 
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relationship. It further shows that NO2 concentrations are negatively correlated to temperature 

and solar radiation and positively correlated to relative humidity. However, the scatter plots are 

too noisy to derive statistically significant linear relationships.  

 

Figure 3.3 Scatter plots showing how temperature, relative humidity and solar radiation are 

related to NO2 concentrations and among each other. The units temperature-
0
C, relative 

humidity- %, solar radiation W/m
2, NO2 in g/m

3
 

Hourly, daily and monthly variations in NO2 concentrations are then analyzed. These are 

presented in Figure 3.4. The average hourly NO2 concentration variations clearly show a diurnal 

variation with a morning peak around 8 am and an afternoon peak around 7.30 pm (Figure 3.4 

(a)). According to the monthly averages, the concentrations of NO2 are high during the winter 

months of June, July and August, due to elevated emission sources in conjunction with cold, calm 

weather. The concentrations are low during the summer months of December, January and 

February as a result of high winds and warm, dry weather (Figure 3.4(b)). When the average 

daily variation is analyzed, relatively high concentrations are observed during mid-weekdays 

compared to weekend days, while concentrations on Sunday are at their minimum (Figure 3.4(c)). 

Slightly lower average concentrations are observed in 2011 compared with 2010 (Figure 3.4 (a), 

(b) and (c)).  It is also observed that the mean wind speed is 2.4 ms
-1

 in 2010 and 2.6 ms
-1

 in 

2011. The low average concentrations in 2011 could have resulted from slightly higher wind 
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speeds (or other meteorological conditions favouring effective dispersion) in 2011 or due to a 

reduction in emission sources.  

The analysis provided above forms the basis for selecting input parameters to the ANN model.  

Since information on emission rates is scarce in many cities, it is not included as a model 

parameter. However, to make good model predictions, the emission pattern, normally unique in 

terms of its diurnal, weekly and monthly pattern, should be included in the model. This is 

achieved by including ‘hour of the day’ (numbers from 0-23), ‘month of the year’ (numbers from 

1-12) and ‘day of the week’ (numbers from 1-7, 1-Sunday to 7-Saturday) as inputs, along with 

other meteorological input parameters from the routine monitoring network, including wind 

speed (WS), wind direction (WD), temperature (T), relative humidity (RH) and solar radiation 

(SR). Hence, the final set of inputs selected for the modelling exercise  comprises ‘hour of the 

day’, ‘month of the year’, ‘day of the week’, temperature, relative humidity, wind speed, wind 

direction, and solar radiation.  

3.3.2. The ANN Model (Step II) 

The chosen ANN model is graphically represented in Figure 3.5. The ANN model has been 

trained and genetically optimized on one year of data (2010) while two weeks are separated for 

testing for the same year. The optimized weights of the trained ANN model for this case are 

presented in Appendix B. The forecasting ability of the model for the following year is tested on 

the set of 2011 data.    
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Figure 3.4 (a) Hourly, (b) Monthly and (c) Daily average variation of NO2 concentration in 2010 

and 2011 (site: Takapuna, Auckland)     note: The band in each plot shows 95% confidence 

interval of the mean 

3.3.3. Optimization of inputs (step III) 

Selecting the best subset of inputs is the next step in model building as the main goal of this study 

is to achieve model simplicity for better generalized performance when making forecasts. Tables 

3.2 and 3.3 summarize the results of the three standard input optimization techniques applied to 

this case study.  

Table 3.2 Summary results of three input optimization techniques 

Optimization technique Inputs excluded Number of hidden neurons Approximate training time 

Forward stepwise 

selection 

Month, RH 10 37 min 

Backward stepwise 

elimination 

RH 10 25 min 

Genetic Optimization None 10 35 hours 
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Figure 3.5 Selected Multilayer Perceptron Network. 

Forward stepwise selection identified month and RH as insignificant inputs, while backward 

stepwise elimination gave its best network by eliminating only RH (Table 3.2). When genetic 

optimization is applied for the optimization of inputs, it considered that all predictor variables are 

important in making the best predictions (Table 3.2). Genetic optimization took the largest 

amount of training time (Table 3.2) but provided the best prediction results (Table 3.3). Forward 

selection and backward elimination techniques resulted in models having marginal differences in 

performance statistics (Table 3.3). While optimizing ANN networks multiple times, genetic 

optimization gave consistent results in terms of selecting most sensitive parameters and 

performance statistics. Though the training time is very low, during multiple runs, forward 

selection and backward elimination techniques sometimes tend to give different choices when 

identifying least significant predictor variables.   The training time of genetic optimization 

process could be improved by improving the computer algorithm of genetic optimization process. 

By the time NeuroSolutions Version 6.27 (http://www.neurosolutions.com/) is used for this 

study, genetic optimization is a new feature of the software while other two optimization 

techniques have undergone several version updates of the software.  Therefore, the genetically-

optimized network with all inputs with ten hidden neurons is considered for further analysis.  

http://www.neurosolutions.com/
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Table 3.3 Performance statistics of models developed using three input optimization techniques 

Data set Statistical parameter Optimization technique 

Forward Selection Backward Elimination Genetic Optimization 

Predicted for 2010 

MAE 4.25 4.12 3.07 

RMSE 5.78 5.31 4.26 

IA 0.84 0.84 0.88 

r2 0.86 0.90 0.93 

Forecasted for 2011 

MAE 5.72 5.79 0.85 

RMSE 7.57 7.50 4.79 

IA 0.79 0.79 0.79 

r2 0.80 0.80 0.80 

 

3.3.4. Sensitivity analysis (step III) 

The response of the above genetically-optimized ANN network to perturbations made to 

individual predictor variables in 100 small steps while locking in all other parameters to their 

mean value is presented in Figure 3.6. The locked-in values of the predictor variables in each case 

are given in each plot to illustrate this fictitious situation. This analysis provides important 

information about the modelled ANN function, the sensitivity of each parameter and the non-

linear relationship between each predictor variable and the modelled concentration.   According 

to the modelled trends, the wind speed, wind direction and hour of the day show greatest 

sensitivity, both in terms of magnitude and also complexity, causing the concentrations to vary by 

approximately 40 g/m
3
 over the observed range of the input parameter, while perturbations to all 

of the other variables, such as day of the week, month of the year, solar radiation and temperature 

result in only slight effects on the modelled concentration (a variation of approximately 10 

g/m
3
). The relative humidity shows a flat response, indicating that it is the least significant 

predictor variable, consistent with the results of backward stepwise elimination. 

For modelling NO2 concentrations, amongst all of the parameters, the wind speed plays the most 

important role and shows a strong inverse relationship, consistent with observations (Figure 

3.6(a)). It shows greater sensitivity and an almost linear relationship when wind speeds is greater 

than about 2 ms
-1

. Perturbations in the wind direction, given in Figure 3.6 (b), reveal high 

concentrations when the winds are southerly (A) and north-westerly (B), in agreement with the 

concentration polar plots of actual observations (Figure 3.6(b)). This suggests that the model 

correctly captures the relationship between the NO2 concentration and wind direction.  The hour 
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of the day input is expected to represent the sensitivity of the emission rate to NO2 concentrations. 

Since all other parameters, including wind speed/wind direction, are locked in to their mean 

values, this response curve can be expected to represent the individual effect of the hourly 

variation in the NO2 emission rate. Perturbations to day of the week revealed high concentrations 

during weekdays and low concentrations during weekends with minimum concentrations on 

Sunday (Figure 3.6(d)). This behaviour is in agreement with what is expected at this site (Figure 

3.4(c)). Sensitivity analysis in relation to month of the year revealed slightly elevated 

concentrations during the winter months (Figure 3.6(e)), as expected in Figure 3.4(b). The 

modelled NO2 concentrations are slightly decreased with increased temperature and solar 

radiation (Figure 3.6 (f) and (g)). This is expected behaviour (night-time low temperature, low 

solar radiation, low concentration) while no changes in NO2 concentrations are observed with 

perturbations in the relative humidity (Figure 3.6(h)).  A major question about sensitivity analysis 

raised in the literature is whether all combinations of these modelled fictitious situations 

adequately represent reality (Lek, et al. 1996). For example, a mean temperature of 16 
0
C is not 

present throughout the day or throughout the year, and the solar radiation intensity is not the same 

throughout the day. However, this comparison of modelled trends through sensitivity analysis 

with actual trends revealed that sensitivity analysis can be relied upon. Overall, by showing 

expected relation between concentration and different predictor variables by the ANN model 

suggest that the model has successfully picked up the physical processes governing the 

dispersion. 

3.3.5. ANN networks with eliminated inputs (step III) 

The list of models developed by successively removing the least significant inputs is given in 

Table 3.4.  Each model is subjected to step size, momentum and processing element optimization 

based on a genetic algorithm to ensure the best network parameters are achieved in each case. 

Model_1 to Model_4 are created by successive removal of the relative humidity, temperature, 

and solar radiation until Model_4 has wind speed and wind direction as the only meteorological 

parameters. Model_5 is created by eliminating wind speed and wind direction while having the 

other six predictor variables and Model_6 is created by eliminating month, hour, and day inputs 

while having all five of the meteorological parameters as predictor variables. The latter two 

models assess the collective sensitivity of wind speed/wind direction and hour of the day, month 

of year, and day of week inputs on NO2 concentrations. 
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The performance statistics of the model based on the two test runs are given in Table 3.5. The 

results suggest that the best model accuracy is achieved by Model_1 that uses all eight predictor 

variables. However, the successive removal of relative humidity, temperature and solar radiation 

(Model_2, Model_3, and Model_4) has only a very minimal effect on model statistics. This is in 

agreement with the results of the sensitivity analysis that showed that the modelled concentration 

is least sensitive to these. When the wind speed and wind direction are removed from the network 

(Model_5), a drastic reduction in model performance is observed, suggesting that they are the 

most significant predictors in this model. Similarly, when hour, day, and month inputs are not 

used in the network (Model_6), the network did not perform well. The time series of observed 

versus predicted concentrations of the best model (Model_1) for predicting for summer and 

winter 2010 and forecasting for summer and winter 2011 are given in Figure 3.8 (a) and (b), 

respectively. It shows that the model correctly captures the trends where concentrations are low 

during the summer and high during the winter.  The forecasting accuracy of the model for the 

following year is satisfactory. 

For easy comparison of the performance of the six models, a Taylor Diagram has been 

constructed (see Figure 3.9). This comparison shows clearly the marginal difference in 

performance of the first four models and the drastic reduction in model performance of Model_5 

and Model_6 without wind speed/wind direction and hour/month/year inputs, respectively, 

compared with the other models. A comparison in performance statistics of Model_1 and 

Model_4, separated according to seasons, is presented in Figure 3.10. Both models perform best 

in autumn, suggesting that concentrations are closely related to wind speed and direction and that 

emission rates are well represented by the hour, weekday, and month inputs. The RMSE and 

correlation coefficients of both models are similar in summer and autumn, but the modelled 

concentrations using both models show different standard deviations compared to observations. 

They perform worst in spring with respect to correlation and RMSE statistics but the standard 

deviations of the modelled values are similar to those of the observed. This analysis shows that 

Model_1 and Model_4 do not perform significantly differently across the year, despite seasonal 

effects affecting emission rates, and wind speed and wind direction interactions. 
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3.3.6. Analysis of the results of step I and step II (Step IV) 

 Foreword selection, backward elimination, sensitivity analysis and the iterative procedure 

identified that relative humidity is the least significant predictor variable; the inclusion of 

relative humidity only marginally improves model performance. 

 Sensitivity analysis and the iterative procedure identified temperature and solar radiation 

are giving very little information for capturing the variability in NO2. However, the 

inclusion of temperature and solar radiation as a predictor variable marginally improves 

model performance. 

  Results of the sensitivity analysis match with the expected trend associated observed data 

hence the optimized ANN function can be trusted for ‘what if scenario analysis’. 

 Sensitivity analysis and comparison of Model_1 and Model_5 reveals that wind speed and 

wind direction are the most sensitive inputs. 

 Sensitivity analysis and comparison of Model_1 and Model_6 reveals that the predictor 

variables hour, weekday, and month provide the information needed by the model to 

account for variations in emission rates according to these time scales. 

 While the model with five meteorological parameters could explain 80% of the variability 

in the NO2 concentration of the following year, the model with only wind speed and wind 

direction could explain 77% of the variability. 

 

Table 3.4 Names and inputs of different networks for predicting and forecasting NO2 

concentration 

Model 

name 

Inputs  

Model_1 Month, Hour, Day, Temp, RH, WS, 

WD, SR Model_2 Month, Hour, Day, Temp, WS, WD, SR 

Model_3 Month, Hour, Day,  WS, WD, SR 

Model_4 Month, Hour, Day, WS, WD 

 

Model 

Model_5 Month, Hour, Day, Temp, RH,  SR 

Model_6 Temp, RH, WS, WD, SR 
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Table 3.5 Performance statistics of six ANN models 

Data set Statistical 

parameter 

Model name 

Model_1 Model_2  Model_3 Model_4 Model_5 Model_6 

Predicted for 

2010 

MAE 3.07 3.68 3.51 3.48 8.96 5.85 

RMSE 4.26 4.82 4.60 4.63 11.32 7.97 

IA 0.88 0.86 0.87 0.87 0.66 0.78 

r2 0.93 0.92 0.92 0.92 0.55 0.77 

FAC2 0.85 0.84 0.87 0.87 0.59 0.74 

Forecasted for 

2011 

MAE 4.79 4.83 4.94 4.94 8.17 7.16 

RMSE 7.07 6.90 7.13 7.07 10.83 9.64 

IA 0.79 0.79 0.79 0.79 0.65 0.69 

r2 0.80 0.77 0.77 0.77 0.48 0.58 

FAC2 0.87 0.88 0.87 0.88 0.73 0.78 
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Figure 3.6 Response of the ANN network when inputs are varied one at a time while 

maintaining other inputs at their mean value (a) Wind Speed, (b) Wind Direction, (c) 

Hour of the day, (d) Day of the week, (e) Month of the year, (f) Solar radiation, 

(g)Temperature and (h) Relative humidity. 
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3.3.7. Comparison with multi linear regression (MLR) models 

To compare the ANN model performance with linear approaches used to develop a relationship 

between concentration, meteorology and time parameters, three MLR models were developed 

with different input parameters. The functions of the three models are, 

3482.14)(346191.0)(318272.0)(293855.0 1  dayhourmonthMLR     (3.6) 

226765.9) (062221.0

) (16081.4)(311219.0)(598358.0)(354404.0  2





directionwind

speedwinddayhourmonthMLR
 

(3.7) 

07641.29) (012869.0

) (047006.0) (70301.3)(07516.0

)(49361.1)(287667.0)(710208.0)(12103.0  3







radiationSolar

directionwindspeedwindRH

etemperaturdayhourmonthMLR

  

            (3.8) 

The model performance statistics of the three models compared to that of the simplified ANN 

model (Model_4) are given in Table 3.6. This comparison is evidence that even the simplified 

ANN model is capturing non linearity in the relationship between meteorology and observed NO2 

concentrations that a linear model is unable to capture. Figure 3.10 shows a comparison between 

the simplified ANN model and the best MLR model in capturing the average behaviour of the 

time series. The shaded areas represent the 95% confident interval of the respective time series. 

According to this comparison, the ANN model is showing a very good agreement to the hourly 

variation of the observed concentrations and becomes the best tool to model the time series of 

NO2 out of the models considered in this study.  
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Figure 3.7 Predictions and forecasts made for four test weeks using Model_1 
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Figure 3.8 Taylor Diagrams (a) For test weeks of 2010 and (b) For the whole data set of 2011 

Note: A Taylor Diagram compares the statistical performance of a model using three performance statistics simultaneously (Taylor, 2001). The 

statistics are the correlation coefficient; standard deviation and the (centred) root mean squared error (RMSE). Since these statistics are related by 

the law of cosines they can be represented in a 2D diagram. The Standard deviation of the observed values is marked on the x-axis using a half 

circle. The standard deviation of each model should be read as the radial distance from the origin of the plot (0, 0).  Therefore if the model 

predictions have similar standard deviation to the observed values it should be marked closer to the black dashed radial line marked as the 

standard deviation of the observed values. The correlation coefficients are shown on the arc while the values closer to the x-axis are closer to one. 

Correlation coefficient of a specific model should be read along the radially drawn straight line through the origin. The RMSE is centred by 

subtracting the mean values of the observed and predicted values before calculating the RMSE for it to be marked as concentric grey dashed lines 

emanating from the ‘observed’ point.  Therefore the best model should lie as much as close to the ‘observed’ point with regards to standard 

deviation, correlation coefficient and RMSE.  

 

Figure 3.9 Performance comparison of Model_1 and Model_4 according to seasons of the year 
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Table 3.6 Performance statistics of MLR models compared to ANN model 

Model MAE RMSE IA r2 FAC2 

MLR-1 12.97 15.79 0.53 0.17 0.54 

MLR-2 11.18 13.73 0.59 0.32 0.63 

MLR-3 8.27 10.82 0.70 0.60 0.74 

ANN 4.94 7.07 0.79 0.77 0.88 

 

 

Figure 3.10 Comparison of performance of the best MLR model with the simplified ANN model in 

capturing the hourly time variation of NO2 concentration.  
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3.4. Conclusions 

This study reveals that, by carefully choosing inputs to represent monthly, daily and hourly 

emission patterns and relationships to wind speed, wind direction, atmospheric temperature, 

relative humidity and solar radiation, a simple ANN model can give reliable forecasts of nitrogen 

dioxide concentrations. Since these predictor variables are easily obtainable from routine 

monitoring networks, the developed model is of practical importance. Despite the fact that NO2 is 

a reactive species, surface winds are found to be the most influencing parameter in determining 

the ambient NO2 concentrations in Auckland, New Zealand, and an ANN model that uses only 

surface wind speed and direction as the meteorological parameter can reliably forecast NO2 

concentrations for the subsequent years. This finding supports the results of a previous study 

using a semi-empirical box model (SOSE) for predicting site-specific concentrations of pollutants 

in New Zealand using only wind speed and direction data (Dirks et al. 2002 and Dirks et al. 2003) 

and the work of Carslaw et al. (2006) that used the similar kind of data in the UK. Separate 

models remain to be developed for other pollutants with a sensitivity analysis revealing the most 

influencing parameters for those pollutants. A similar methodology could be applied to other 

scenarios in which the meteorology and emission patterns influence pollution concentrations, 

albeit in different ways, such as for different road emission scenarios or for industrial sources. 

An ANN model, trained for a particular site, can be used with confidence only for that site, as the 

local meteorological conditions and emission pattern that determine the processes controlling the 

pollutant behaviour will vary between sites. Therefore, an ANN model has to be constructed and 

trained for each air pollution measurement site of the city when constructing a forecasting 

network. The presented model has been tested with large blocks of data removed from the 

training time series (in this case, two weeks from summer and winter from the 2010 data set), and 

the model could still reliably forecast for the same weeks of the consecutive year (Figure 3.8 (c) 

and (d)). This is an added advantage compared to time-lagged models.  

The sensitivity analysis of inputs has proven to be a useful technique for understanding the 

mechanism of the modelled function, giving more insight into the internal mechanism of the 

ANN model. It also helps to understand the relative contribution of input parameters which can 

be used to eliminate irrelevant inputs to make the model more robust. The extensive analysis 

provided in this study further strengthens the work by Yan Chan and Jian (2013). If the 
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sensitivity analysis of the input variables gives the expected trends in real measurements, it 

guarantees that the ANN model has captured the governing dispersion mechanism specific to the 

site.  Hence, the developed ANN model can be used for investigating ‘what-if scenario analysis’; 

if the emission rates are included as a model input parameter, different emission scenarios can be 

analyzed separately from the meteorological scenarios. This would be a valuable future exercise. 

The authors believe that the inclusion of emission rates would further improve model 

performance, and that these predictor variables would help the model to capture the complexities 

related to emissions that have not been captured in the present model. For example, uncertainties 

of the present model caused by any changes in emission rates from year 2010 to year 2011 could 

be eliminated by the introduction of emission rates as an input to the model. The bivariate polar 

plots presented in Figure 3.2(b) reveal that there are many wind speed/wind direction/temperature 

clusters present, and the inclusion of these clusters as an input could help to fine-tune the model.  

Hence, it would be valuable to investigate the inclusion of clusters (for example, using the k-

means clustering of temperature/winds/concentration) into the model. 
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Chapter 4. The SOSE model as a simple tool to identify 

representative wind sites for air pollution applications 

 

Identifying surface wind measurement sites that are representative of the urban area can be 

challenging, and the height and location of available masts may not be ideal for the chosen 

modelling application. This chapter investigates the capability of the SOSE model to identify the 

site that gives the most reliable meteorological data for air pollution predictions for a particular 

urban location. It compares the modelling results from twelve meteorological sites having 

different anemometer heights, different distances from the air pollution measurements, and 

different land use characteristics for an urban location in Auckland, New Zealand using the SOSE 

model. The results show that the index of agreement (IA) between observed and predicted 

concentrations can be improved from 0.4 to 0.8 by using most representative wind data instead of 

least representative wind data as input to the air pollution model. Although improvements can be 

achieved using wind data from a site closer to the air quality monitoring site, it was found that 

choosing the closest wind site does not necessarily provide the best results, especially if the 

meteorological station is located in a region of complex land use. In addition, both the height of 

the anemometer and the openness of the terrain surrounding the anemometer were found to be 

equally important in obtaining good model predictions. The simple SOSE model can therefore be 

used to complement the regulatory meteorological guidelines by providing a quantitative 

assessment of wind site representativeness for air quality applications in complex urban 

environments. 
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4.1. Introduction 

The success of a meteorological air pollution model depends to a large extent on the 

‘representativeness’ of its input data in describing the meteorological characteristics of the 

atmosphere which govern the dispersion of pollutants (Arciszewska and McClatchey  2001; 

Wieringa 1996). For the purpose of assessing air quality, the World Meteorological Organization 

(WMO) recommends that wind measurements be made at a height of ten metres or 1.5 times the 

mean height of roughness elements in densely built up areas, and that the measurements be made 

in an unobstructed area, with an ‘unobstructed area’ defined as “an area where the distance 

between the instrument and any obstruction is at least ten times the height of that obstruction” 

(Oke 2007; Oke 2004; W.M.O. 1996). Siting and exposure requirements of meteorological 

monitoring stations specifically for the purpose of air quality modelling are also documented by 

the U.S. Environmental Protection Agency (Bailey 2000). Co-located meteorological 

measurements (measurements made in close proximity to an air quality monitoring site and 

specifically for the purpose of studying air quality) are considered to be preferable to national 

weather station data for use in air quality modelling, providing appropriate instrumentation is 

used and that suitable quality assurance procedures are followed (Fox 2005). In the absence of 

site-specific measurements, national weather station data are considered acceptable (Fox 2005), 

even though their prime focus is often for monitoring and predicting  severe and adverse weather 

while the focus of air quality studies is on mild weather conditions (Dabberdt et al. 2004)  

In accordance with the above guidelines, most urban air pollution modelling analyses (such as 

Dirks et al. 2002; Dirks et al. 2003; Giambini et al. 2012; Karppinen et al. 2000) use 

meteorological data that are either co-located or located as close as possible to the air pollution 

monitor in question.  When co-located wind measurements are not available, meteorological data 

from weather stations located outside of the urban areas (at an airport site, for example) are 

sometimes used (Gokhale and Raokhande 2008; Manning et al. 2000; Pearce et al. 2011). 

Considering the comprehensive and long-term meteorological data availability at weather 

stations, some studies have resorted to using wind data from stations located more than 50 km 

away (Arciszewska and McClatchey 2001; Pearce et al. 2011). Practical constraints over the 

choice of sites, monitoring expense and the desirability of co-locating meteorological 

measurements with air quality instruments (where site selection is often constrained by other 

variables) means that, in many cases, compromises have to be made in terms of meeting the siting 

requirements.  Moreover, since topography, land use and roughness length are inherently variable 
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in urban areas, it may not be possible to identify any sites that comply with all of the 

requirements, as specified by the USEPA or WMO (Wieringa 1996). 

However, when modelling air pollution at a regional scale, dispersion models are coupled with 

wind profiles obtained from numerical weather prediction (NWP) models rather than with locally 

measured wind data. One of such modelling system is Australian Air Quality Forecasting System 

(AAQFS) that comprise of a system to numerically solve governing equations of mass, 

momentum and energy changes in the atmosphere (Cope et al. 2004; Hess et al. 2004; Tory et al., 

2004). The physiochemical transformations of atmospheric pollutants are modelled using a 

chemical transport model (CTM) while a NWP produce synoptic and meso-scale meteorological 

data to the model. Reliability of NWP data for local scale dispersion modelling applications will 

depend on the degree of sophistication of the atmospheric boundary layer and the vertical 

resolution of the NWP model (Seibert et al., 1997). 

At the present time, the choice of the most suitable meteorological site for a particular air 

pollution modelling application remains somewhat arbitrary and based on limited understanding 

of the impact of the various meteorological site characteristics in air quality model performance. 

Moreover, there is no generally-accepted analytical or statistical technique specified to determine 

the representativeness of meteorological data or monitoring sites for the purpose of air quality 

modelling (Bailey 2000). A few studies have been carried out which evaluate the 

representativeness of wind data on air quality model performance (Giambini et al. 2012; Righi et 

al. 2009). One study carried out in the city of Florence compared the performance accuracy of an 

air quality model between wind data from meteorological observations and numerical weather 

prediction (Giambini et al. 2012). A similar study has been carried out in Italy comparing the 

performance of a model using observed urban meteorological data over meteorological data 

provided by the CALMET pre-processor (Righi et al. 2009). However, as far as the authors are 

aware, there are no tools available to evaluate model performance using different observational 

data in relation to the ‘representativeness’ of the meteorological sites on which the model outputs 

are based. The purpose of this paper is therefore to use simple Site-Optimized Semi-Empirical 

(SOSE) model as a tool for identifying the relative importance of meteorological site 

characteristics (such as proximity of meteorological monitoring to an air quality monitoring site, 

the height of the anemometer, and whether or not the site is located in an ‘open’ area) in relation 

to air pollution model performance.  
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4.2. Methods 

4.2.1. Site selection  

The study was carried out in Auckland, the largest city in New Zealand, located along a narrow 

isthmus consisting of a complex coastline. The topography is low-lying undulating terrain.  Due 

to the limited influence of industrial emissions, vehicular emissions and home heating are the 

major sources of air pollution. The key pollutants that impact air quality in the Auckland region 

therefore are CO, NOX and PM10 (Metcalfe 2006).  

 

Figure 4.1 Map of monitoring locations used in this study; (a) Map showing twelve wind sites, 

(b) Enlarged view of the three air pollution measurement sites with on-site anemometers for 

wind measurements 
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Table 4.1 Air pollution and Meteorological data. 
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Luke Street 

a
 LS Wind, CO,NO, 

NO2,PM10 

15 10 - Inland Suburban, open 

2 
Deas Place 

Reserve 
a
 

DPR Wind, CO, NO, 

NO2,PM10 

4 6 - Inland Next to  motorway, 

suburban, covered 

3 
25 Deas Place 

a
 25D

P 

Wind, CO, NO, 

NO2,PM10 

 

 

0.2 8 - Inland Suburban, residential, 

covered 

4 
Henderson 

 

H Wind only 35 10 21 Inland Suburban, covered 

5 
Kyberpass K Wind only 81 12 10 Inland Urban, Covered 

6 
Mangere M Wind only 5 10 7 Coastal Rural, open 

7 
Music Point MP Wind only 18 10 10 Coastal Rural, covered 

8 
Onehunga O Wind only 5 10 5 Coastal Suburban, open 

9 
Pakuranga PA Wind only 15 6 5 Inland Urban, covered 

10 
Penrose PE Wind only 30 6 5 Inland Suburban, open 

11 
Pukekohe PU Wind only 88 10 30 Inland Rural, open 

12 
Wiri W Wind only 18 10 7 Inland Suburban, open 

a
 Sites with co-located wind data and air pollution data, 

b 
HA = Anemometer Height 

 Air pollution concentrations used for this study are from the ROADSIDE field campaign 

(Longley et al. 2013) that covers a period of four months in a site focusing Auckland’s Southern 

Motorway, between 2 April 2010 and 1 August 2010.  The site is located in Otahuhu East, a 

suburban residential neighbourhood in Auckland (New Zealand) with generally flat terrain which 

is bisected by Auckland’s Southern Motorway (annual average daily traffic volumes of 

~120,000). Air quality data and co-located meteorological data were collected from three 

monitoring sites located within 440 m of each other in close proximity to the Southern Motorway 

(see Figure 4.1).  The locations of each of the air quality monitoring stations are shown in Fig. 

4.1(b).  Luke Street is located to the west of the motorway set back by 240 m in open grassy 

terrain relatively free of any building or natural structures and so, to a large extent, complies with 
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the WMO siting requirements.  The 25 Deas Place site is also located 140 m from the motorway 

but to the east.  It is located within a suburban neighbourhood consisting of single-story 

residential housing with modest amounts of vegetation (small trees and shrubs).  Deas Place 

Reserve site is located in very close proximity (approximately 5 m from the motorway) to a slip 

road that is an exit off the motorway.  The air pollution data consists of 10-minute averages of 

CO, NO2, NOX and PM10 measured at 5 m above ground level. The co-located meteorological 

towers are fixed at a height of 10 m at Luke Street, 8 m at 25 Deas Place and 6 m at Deas Place 

Reserve.  

The meteorological dataset was supplemented by data from nine other meteorological monitoring 

sites across the region (see Figure 4.1(a)), downloaded from the National Climate Database 

maintained by NIWA (http://cliflo.niwa.co.nz/). Each of the twelve meteorological monitoring 

sites were different in terms of their site characteristics, including their measurement heights, 

their distance to the air quality monitoring sites, and the land use characteristics of the 

surrounding area (building height, density etc.). The site-specific characteristics of the twelve 

sites considered for the study are given in Table 4.1. The abbreviations used in Table 4.1 for the 

twelve sites are used here onwards. 

4.2.2. The Model   

The air pollution model chosen for this study is Site-Optimised Semi-Empirical model (SOSE) 

(Dirks et al. 2002; Dirks et al. 2003). This model was developed and tested in New Zealand 

(Dirks et al. 2002; Dirks et al. 2003) and shown to be effective in predicting ambient 

concentrations of a range of pollutants associated with road traffic (Dirks et al. 2006). The model 

has subsequently been extended and adapted for use in Greece (Kassomenos et al. 2004), India 

(Gokhale and Pandia 2007), Hong Kong (He et al. 2009) and New Zealand (Elangasinghe et al. 

2014). It has been found to be useful in practical applications such as interpolating for missing 

data and looking at ‘what if’ scenarios associated with changes in traffic patterns and surface 

meteorology. An advantage of this model is that it can be trained exclusively using a set of wind 

and concentration data and  it can be expected to perform well if the wind data used as input are 

representative of the area in terms of its dispersion characteristics. Carbon monoxide (CO) and 

oxides of nitrogen (NOX) are chosen as the pollutants of interest as they are strongly associated 

with road traffic, as discussed above.
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SOSE assumes the concentration, C , is inversely related to the wind speed ( u ) (as with the box 

model) but with a wind speed offset )( 1
0

msu  included to avoid severe over predictions in very 

light wind speed conditions, as suggested by Chock (1978). The model becomes, 

BC
uuz

Q
C 




)( 0

           (4.1) 

where Q  is the emission rate, z is the mixing height (or box height) and BC  is the background 

concentration of the pollutant. This equation is separately applied when the receptor is placed 

windward and leeward of the road.  So for leeward (downwind) conditions, the equation becomes 

l
l C

uuz

Q
C 




)( 0

          (4.2)  

The emission term, lQ for leeward conditions incorporates both emissions from the road adjacent 

to the monitor and emissions from other roads in the vicinity and lC is the background 

concentration for leeward condition. 

For windward (upwind) conditions the model becomes, 

w
w C

uuz

Q
C 




)( 0

          (4.3) 

The emission term, wQ  is the emission component from other roads in the vicinity and wC is the 

background concentration for windward condition.  

With the data sorted by time of day, linear regressions of C (mgm
-3

) on   1
0


 uu are performed 

and giving values of the regression coefficients 1zQl , lC for leeward conditions and 1zQw , wC  

for windward conditions (Dirks et al. 2002) for each time of day.  If the daily distribution of 

emissions is different between weekdays and weekend days, the dataset may be partitioned so 

that regression parameters are obtained for weekday and weekend days separately. 

Based on the three-month ROADSIDE dataset, the optimized model parameters namely 

w
11 C and ,,   zQCzQ wll  were calculated for weekdays and weekend days for each 10-minute 

period throughout the day with the optimum parameters were constrained to avoid negative 

concentration predictions.  
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4.2.3. The Procedure  

The concentrations of CO, and NOX at the three air pollution monitoring locations were modelled 

using wind field observations from each of the twelve wind sites separately (three site-specific 

wind observational sites and nine from the Auckland climate network for the same time period). 

This resulted in 36 combinations of model results for each of the pollutants. 

4.2.4. Model Evaluation Statistics  

Model performance was evaluated using standard model evaluation statistics recommended in the 

literature for estimating the uncertainty in air quality model predictions (Chang and Hanna 2004; 

Hanna 1993). The statistics used were the normalized root mean squared error (NRMSE), the 

index of agreement (IA), the correlation coefficient (COR), the fractional bias (FB), and the 

fraction within a factor of two (FAC2). These statistics also have the advantage that they are 

dimensionless, allowing for easy comparison between pollutants. Their definitions are given in 

Table 4.2. 

NRMSE and IA indicate the degree of agreement between observed and predicted time series 

data, and FB is a measure of agreement with the mean concentration; a positive FB will result if 

the model is over-predicting the mean concentration and a negative FB will result if mean 

concentrations are under-predicted by the model. A perfect model performance will result in 

NRMSE and FB scores of zero and an IA of unity. FAC2 is a measure of the proportion of 

predictions within a factor two of the observed. 

4.3. Results and Discussion 

4.3.1. Meteorological Data 

Wind rose diagrams were constructed for the twelve wind sites for the period of April 1 to 

August 1, 2010. Some of these diagrams that show similar and different wind roses to that of at 

air pollution measurement site of interest are presented in Figure 4.2.  The dominant wind flows 

for most of the sites during the observational period are from the south west and north east 

directions. Observations at LS, PA and M were similar in terms of wind direction (Figure 4.2(a), 

4.2(b) and 4.2(c)). However, a relative weakening of intensities was observed at LS (moderate) 

and PA (weak). Based on the aerial view of the sites, the degree of surface cover around the site 
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increases in the same order (M, LS and PA). From this we speculate that the weakening of winds 

is caused by increased surface roughness. The wind rose patterns at the Wiri (W) site, situated 7 

km away, and Pukekohe (PU), the furthest site situated 30 km away, show strong north westerly 

wind components that are not observed at other sites (Figure 4.2(d) and 4.2(e)). At Onehunga 

(O), located 5 km away from the study site, wind components from the east and south-east were 

observed, components that were not found at any of the other closer sites (Figure 4.2(f)). All of 

the other wind roses showed significant differences from those of the LS, PA and M sites (not 

shown here).  

4.3.2. Air Quality Data 

Figure 4.3(a) shows the normalized (divided by its mean value) time variation of CO, NOX and 

wind speed at 25 DP averaged for each hour of the day for the study period.  Also shown on the 

plots is the 95% confidence interval of the means calculated though bootstrap re-sampling. The 

distributions of CO and NOX are consistent with peaks during the morning and evening rush 

hours with concentrations persisting into the early night.  An inverse relationship between 

pollutant concentrations and wind speed is also well depicted from Figures 4.3 (a).Hourly 

average concentrations of CO and NOx are calculated separately for the events when the receptor 

site 25DP is upwind or downwind with respect to the motorway and presented in Figure 4.3(b) 

and 4.3(c), respectively. Both CO and NOX concentration averages are higher when the site is 

downwind relative to upwind of the motorway. This is consistent with the presence of a 

significant line source and highlights the need to treat upwind and downwind time periods 

separately when modelling pollutants in the presence of such a source. 
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Figure 4.2 Wind rose diagrams for (a) Mangere, (b) Luke Street, (c) Pakuranga, (d) Pukekohe, (e)Wiri 

and (f) Onehunga 
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Figure 4.3 (a) Time variation of hourly average concentration of CO, NOX and wind speed at 

25DP (Normalized values are presented), (b) Differences in upwind/downwind concentrations of 

CO at 25 DP, (c) Differences in upwind/downwind concentrations of NOX at 25 DP.  

Note: The band shows 95% confidence interval through bootstrap re-sampling 
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Table 4.2 Model Evaluation Statistics and their definitions. 

Name Symbol Definition 

Normalized root mean squared error NRMSE 
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 predicted value, iO  is the i
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the minimum observed value, N is the number of observed and predicted pairs, P is the mean predicted, O  is 

the mean observed, 
PC is the standard deviation over the observed data set and 

oC is the standard deviation 

over the predicted data set 

4.3.3. SOSE Modeling Results 

4.3.3.1. Model performance  

The examples of SOSE modeling results for the fourth week of observation, using co-located 

wind data from 25DP, LS and DPR for observed CO and NOX concentrations at 25DP are 

presented in Figure 4.4, with model statistics presented in Tables 4.3 and 4.4. Figures 4.4(a) and 

(b) illustrate modeling results using wind measurements at LS and highlight the enhanced model 

performance when meteorological data from this same site are used to train the model. Figures 

4.4(c) and (d) show the results for 25 DP using data from co-located instruments at 25 DP, and 
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Figures 4.4 (e) and (f) illustrate the results using data from DPR. In each of these latter four 

cases, model performance is poor, indicating that the meteorological data used were not 

representative of the domain.  

 

Table 4.3 Statistical analysis of the predicted and measured ten minute average NOX concentration 

at 25DP from April to July 2010.  

Statistical Parameter 

Meteorological datasets 

from onsite 

meteorological stations 

 

Meteorological datasets from Auckland climate network (arranged according 

to the distance from air pollution site- from left to right) 

 25DP DPR LS PA O PE M W K MP H PU 

NRMSE (range:0-1,ideal: 0) 0.18 0.17 0.08 0.09 0.25 0.13 0.09 0.17 0.1 0.13 0.14 0.14 

IA (range:0-1,ideal: 1) 0.69 0.65 0.86 0.81 0.54 0.69 0.82 0.64 0.72 0.56 0.61 0.46 

COR (range:0-1,ideal: 1) 0.61 0.51 0.78 0.72 0.48 0.52 0.73 0.49 0.62 0.38 0.4 0.28 

FB (range:0-1,ideal: 0) 0.4 0.27 0.03 0.03 0.48 0.17 0.02 0.21 0.02 -0.08 -0.25 -0.77 

FAC2 (range:0-1,ideal: 1) 0.53 0.56 0.60 0.60 0.52 0.50 0.59 0.52 0.52 0.48 0.50 0.46 
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Figure 4.4 Examples of  one-week time series of observed and predicted ten-minute average CO 

and NOX concentrations at 25 DP using wind data from 25 DP,LS and DPR, respectively.   

Figure 4.5 presents the time series of observed and predicted concentrations for one week using 

wind data from five weather stations from across the rest of the Auckland region (the locations of 

the weather stations are marked in Figure 4.1). Figure 4.5(a) provides an example of the 

modelling results achieved using LS winds for the same week for comparison. The weather 

station at Mangere (M) appears to be the most representative of the nine non co-located sites 

considered in this study (Figure 4.5 (b)). Wind measurements at PA were able to pick up some of 

the variability but do not represent the peaks in concentration well (Figure 4.5 (c)). Wind 

measurements at Onehunga (O) and Wiri (W) lead to over-predictions of the peak pollutant 

concentrations, while wind data from Pukekohe (PU) result in marked under-predictions of the 

peak concentrations (Figure 4.5(d), (e) and (f)). 
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Table 4.4 Statistical analysis of the predicted and measured ten minute average CO concentration at 

25DP from April to July 2010. 

Statistical Parameter 

Meteorological datasets 

from onsite 

meteorological stations 

 

Meteorological datasets from Auckland climate network (arranged according 

to the distance from air pollution site- from left to right) 

 25DP DPR LS PA O PE M W K MP H PU 

NRMSE (range:0-1,ideal: 0) 0.1 0.1 0.06 0.06 0.13 0.07 0.06 0.1 0.07 0.08 0.08 0.09 

IA (range:0-1,ideal: 1) 0.67 0.67 0.82 0.8 0.59 0.66 0.78 0.64 0.7 0.51 0.6 0.44 

COR (range:0-1,ideal: 1) 0.53 0.51 0.74 0.7 0.48 0.52 0.69 0.47 0.6 0.38 0.42 0.32 

FB (range:0-1,ideal: 0) 0.39 0.25 0.04 0.05 0.47 0.08 0.03 0.23 0.02 -0.13 -0.33 -0.88 

FAC2 (range:0-1,ideal: 1) 0.35 0.37 0.39 0.38 0.36 0.33 0.37 0.34 0.33 0.29 0.25 0.20 

 

Table 4.3 presents the model evaluation statistics for NOX concentrations at 25DP using wind 

data from the twelve meteorological stations. The results show that the best performance 

(NRMSE=0.08, IA=0.86, COR=0.78, FB=0.03 and FAC2=0.6) is obtained using wind data from 

LS located approximately 300 m away from the air quality monitoring site 25DP. The second 

best performance is obtained using wind data from M and PA, the two sites where similar wind 

patterns to those at LS are observed. The worst model performance (NRMSE=0.14, IA=0.46, 

COR=0.28, FB= -0.77 and FAC2=0.46) were obtained using wind data from PU, the site located 

the furthest away and displaying a noticeably different wind rose pattern.  The agreement 

between observed and predicted concentrations reduced by 46% when using wind data from PU 

site compared with data from LS. All of the other sites (W, MP, H and O) which showed 

markedly different wind roses to that at LS, resulted poor model performance. According to the 

FB values, MP, H and PU tended to result in under-prediction of concentrations compared to the 

mean. The effectiveness of model predictions (as shown by FAC2) also declined in a similar 

order from LS (best wind site) to PU (worst wind site).  
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The same statistical analysis was repeated, this time using CO as the pollutant.  The results are 

presented in Table 4.4.  In terms of the ranking of the sites for model performance, the results are 

similar to those found for NOX.  Wind data from LS was found to produce the best model results 

(NRMSE=0.06, IA=0.82, COR=0.74, FB=0.04 and FAC2=0.39) while the results using PU data 

were found to be the worst with (NRMSE=0.09, IA=0.44, COR=0.32, FB=-0.88 and FAC2=0.2). 

The agreement between observed and predicted concentrations reduced by 46% when using wind 

data from the PU site compared with LS. The fractional bias takes a large negative value with PU 

winds, which is a result of the under-predicted events. FAC2 values, reduced from the best wind 

site to the worst wind site showing a similar pattern to NOX. 

These results show a similar level of improvement to the model as those achieved by Giambini et 

al. (2012) using the model SIRANE when they replaced numerically predicted wind data with 

observed wind data (COR improved from 0.69 to 0.73) and the improvement to ADMS-Urban 

model obtained by Righi et al. (2009) when wind data from the centre of the study area are used 

rather than those from a slightly remote station (COR improved from 0.2 to 0.45). 

4.3.3.2. Model Performance in relation to Site Characteristics  

Distance to wind site: The effect of distance between the anemometer and the air pollution 

monitor was evaluated by plotting the IA values of modelled results as a function of the distance 

(Figure 4.6(a)). The linear relationship between distance to wind site and IA values showed a 

correlation coefficient of 0.6 (p = 0.03). The results suggest that the representativeness of wind 

data is reduced with the distance to the wind site. However, the weak correlation is as a result of 

wind data from some closer sites such as 25DP, DPR (on site) and PE (5 km away) that have their 

anemometers located in obstructive environments (with trees and buildings in close proximity), 

were showing low IA values compared to other close sites. 
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Figure 4.5 The SOSE model results in predicting one week of NOX concentration levels at 25DP 

using wind data from different wind sites; (a)Luke Street-LS, (b)Mangere-M, (c) Pakuranga-PA, (d) 

Wiri-W, (e)Onehunga-O and (f) Pukekohe-PU 

Height of Anemometer and openness of the site: When the IA values of modelled results at 25 

DP using three on-site meteorological stations were analysed (Figure 4.6(b)), LS the most open 

site having an anemometer height of 10 m, gives the best model performance. Prediction results 

for 25DP site using its co-located wind data were worse than those with LS wind data since the 

anemometer at 25DP was at 8 m and in an area covered with buildings. DPR wind data also 

showed less representativeness as a result of low anemometer height (6 m) and turbulence from 

the surrounding environment. This suggests that if the air pollution monitor is located in an area 

where it is not possible to erect an anemometer at 10 m in open grounds, it would be preferable to 

choose a wind monitoring site away from the air pollution monitoring site where it can be erected 

at a height of 10 m while satisfying the ‘open grounds’ criteria rather than compromising on 

anemometer height for the safe of closeness. 
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Figure 4.6 (a) The effect of distance to the wind site on model performance at 25DP, (b) The 

effect of anemometer height and openness on the model performance at 25P with wind data 

from three on-site anemometers 
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4.4. Conclusions 

This study explores the capability of a simple modelling tool, SOSE, to identify the most 

representative wind site to be used for local-scale air pollution modelling applications, when a 

choice of the wind site has to be made from a set of available wind sites. The results not only 

support important aspects stated in the WMO and EPA meteorological monitoring guidance but 

also provide quantitative model performance statistics for all available wind sites.  

According to the results of this study, selecting wind data that is measured in close proximity is 

very important in reducing the prediction error of an air quality model, especially in situations 

where there is a great deal of spatial variability in the surface wind flows. However, co-location 

should not be a priority over choice of an open area, free from local obstacles such as trees and 

buildings. Improved results can be obtained by siting the anemometer slightly further away in an 

open area that complies with WMO guidelines as much as possible. A monitoring height of 10 m 

is preferable to a lower height for modelling in suburban areas where the buildings are largely 

single-storey. 

If an open area cannot be found in close proximity for implementing the anemometer, national 

weather station data can be used with a good accuracy. However, choosing the appropriate 

weather station should be done carefully.  According to the results of this analysis, sites within 10 

km gave reasonable model accuracy. However, all the sites within 10 km radius did not perform 

well. The wind data that showed similar wind directions and a similar fraction of data from each 

direction to the most representative on site wind data (as can be seen from the wind roses) gave 

good predictions. 

The intensity variations due to a weakening of wind speeds do not make a significant difference 

to the prediction accuracy of the SOSE model as long as the consistency of the wind pattern is 

maintained (for example LS and M sites). A wind site identified as a representative wind site by 

the SOSE will provide representative wind data for any air quality model.  However, physically-

based models would require a correction to the wind speed to account for the weakening effect 

due to the surface roughness. If multiple wind sites are available, it is worth experimenting with 

wind data from all available sites to identify most representative wind data that characterise the 

dispersion of the pollutants to the site of interest. This may be particularly important in areas of 
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complex terrain as the winds are likely to be spatially inhomogeneous. The SOSE model is ideal 

for such an exercise as it is in entirely dependent on representative wind data for good model 

performance. It is also computationally simple, easy to implement and has no input requirements 

beyond wind speed and direction.   

An analysis of wind data and air pollution model performance of this nature, using a simple tool 

such a SOSE, gives a clear basis for selecting representative wind data for air quality models. A 

valuable future exercise would be verifying these results using another statistical method such as 

artificial neural networks.    
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Chapter 5. A simple semi-empirical technique for 

apportioning the impact of roadways on air quality in an 

urban neighbourhood 

 

Air pollution from the transport sector has a marked effect on human health, so isolating the 

pollutant contribution from a roadway is important in understanding its impact on the local 

neighbourhood. This chapter proposes a novel technique based on a semi-empirical air pollution 

model to quantify the impact from a roadway on the air quality of a local neighbourhood using 

ambient records of a single air pollution monitor. The proposed technique is demonstrated using a 

case study, in which the contribution from a major highway is quantified with respect to the local 

background concentration in Auckland, New Zealand. Comparing the diurnal variation of the 

model-separated background contribution with real measurements from a site upwind of the 

highway shows that the model estimates are reliable. Amongst all of the pollutants considered, 

the best estimations of the background were achieved for nitrogen oxides.  Although the multi-

pronged approach worked well for predominantly vehicle-related pollutants, it could not be used 

effectively to isolate emissions of PM10 due to the complex and less predictable influence of 

natural sources (such as marine aerosols).  

The proposed approach is useful in situations where ambient records from an upwind background 

station are not available (as required by other techniques) and is potentially transferable to 

situations such as intersections and arterial roads. Applying this technique to longer time series 

could help to understand the changes in pollutant concentrations from the road and background 

sources for different emission scenarios for different years or seasons.  Modelling results also 

show the potential of such a hybrid semi-empirical models to contribute to our understanding of 

the physical parameters determining air quality and to validate emissions inventory data.  
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5.1. Introduction 

Separating the relative contribution of different sources of air pollution, such as air pollution from 

a major highway, from the effect of background sources is vital for understanding its effect on the 

local community and for developing suitable control measures for these sources. For this purpose, 

various different approaches can be taken, depending on the particular application.   

Many cities have continuous ambient air quality stations located near major roadways with 

measurements typically used to assess the ambient air quality against the national standards for 

air pollutants. The levels recorded represent the superimposed effects of many sources as the 

individual signals from different sources are modified by atmospheric dispersion processes and 

are mixed together (Malby et al. 2013). These source signals are further complicated by the time-

variant effects of different sources, such as the diurnal variations in traffic emissions and the 

predominantly night-time sources such as wood burning for home heating. 

Emissions from different sources decay to ‘background levels’ with increasing distance from the 

source as a result of dispersion (Karner et al. 2010; Wood et al. 2010). Simple multiple regression 

techniques can be applied over regional scales to isolate the urban increment of pollutants over 

rural background concentrations in situations where a set of urban and rural background records 

are available (Viana et al. 2008). At the local scale, the background subtraction technique can 

isolate the roadway contribution by subtracting the concentrations from an upwind monitor from 

concentrations measured downwind of the road (Henry et al. 2011; Karner et al. 2010). Another 

method is the gradient method in which pollutant concentrations recorded at a number of 

monitors located progressively downwind of the source are analysed to understand the rate of 

decrease in concentrations in order to isolate the roadway contribution from background level 

(Clements et al. 2009; Karner et al. 2010; Wood et al. 2010). The requirement of multiple 

measurement sites around the source limits the application of these techniques in practical 

situations where the monitoring stations are spread out in space. Some recent studies have used 

ambient data records from very few sites to separate ‘target source’ signals from other ‘non-

target’ source signals (Carslaw and Beevers 2013; Carslaw and Carslaw 2007; Carslaw et al. 

2006; Malby et al. 2013; Yu et al. 2004).  For example Carslaw et al. (2006) analysed the 

relationship between NOX concentrations, wind speed and wind direction data collected at several 

routine monitoring sites to isolate the contribution from aircraft emissions, and Malby et al. 

(2013) used a conditional selection of ambient records to track the source contribution from road 

traffic over several years. Such techniques are cost effective and make optimum use of 



Chapter 5. A simple semi-empirical technique for apportioning the impact of roadways on air 

quality in an urban neighbourhood 

101 

 

expensively-collected ambient records. However, even some of these studies have highlighted the 

requirement of a proper background (or upwind) monitoring site which is not always available in 

practical situations (Carslaw and Carslaw 2007; Malby et al. 2013). Even in major cities like 

Auckland, the ambient air quality monitoring stations are spread out and are restricted to sites on 

one side of a road only.  

This chapter is aimed at developing a technique based on the Site-Optimized Semi-Empirical 

(SOSE) model, coupled with the conditional selection of monitored data from a single monitor to 

separate the contribution of road sources (which are expected to have a strong wind dependence) 

from urban background concentrations that are not directly influenced by the local traffic sources. 

SOSE is empirically optimised (based on linear regression) and based on an underlying 

physically-based equation relating the meteorology and source emissions (Dirks et al. 2002; 

Dirks et al. 2003). The model has been shown to produce reliable predictions of concentrations 

through the optimisation of site-specific data in a number of different topographical, 

meteorological and road emissions environments (Dirks et al. 2006; Gokhale and Pandian 2007; 

He et al. 2009; Kassomenos et al. 2004). The nature of the governing equation of this model and 

the data stratification technique that treats upwind and downwind concentrations separately is 

expected to be effective in separating the road emission source contribution from other 

background sources. The current work explores this feature of the model using a case study for 

apportioning the background concentrations from contributions of a major highway using data 

from a single air quality station in the vicinity of a major traffic source of emissions.  The 

estimated background concentrations are validated by comparing with background concentrations 

of NOX, CO and PM10 measured upwind of the source. This work also explores the consistency 

of the model parameter ‘box height’ which is a measure of the height to which pollutants are 

assumed to be entrained and fully mixed (Dirks et al. 2002). Obtaining comparable ‘box height’ 

estimations for different pollutants can further validate the reliability of the source apportionment 

made by the model.  

5.2. Model Description 

5.2.1. The SOSE Model 

The Site Optimized Semi Empirical (SOSE) model is based on the box model approach whereby 

the emission rate Q  (μg m
-1

s
-1

) is assumed to be constant along a road segment and the pollutants 

mixed uniformly within a two-dimensional box of height z  (m).  The horizontal wind 



Chapter 5. A simple semi-empirical technique for apportioning the impact of roadways on air 

quality in an urban neighbourhood 

102 

 

speed, u  (m s
-1

), assumed to be uniform within the layer, removes the pollutants through 

advection.  At the same time, pollutants are introduced into the box through advection of the 

background concentration.  The concentration C (μg m
-3

) under steady-state conditions and for 

conditions when the monitor is leeward (downwind) of the road is given by 

l
o

l C
uuz

Q
C 




)(
          (5.1) 

where the contribution from the background sources (concentrations that are not directly 

influenced by local emissions) for the leeward condition is given by lC (μg m
-3

). The emission 

term for the leeward condition ( lQ ) incorporates the emissions from roads close to the monitor 

and other roads in leeward side that have wind speed dependencies.  

For windward conditions (when the monitor is upwind of the road), the air pollution 

concentration is given by  

w
o

w C
uuz

Q
C 




)(
          (5.2) 

where the background concentration for the windward condition is given by wC (μg m
-3

) . The 

emission term for windward condition ( wQ ) is the emission strength of other roads in the 

windward side which have wind speed dependence.  

The ou term, in both equations is the ‘wind speed offset’ (in m s
-1

) which is included to avoid 

severe over-predictions in very light wind speed conditions and is determined empirically through 

the minimization of the model root-mean-squared error (RMSE). The wind speed offset also 

accounts for any vehicular-generated turbulence which impacts on dispersion in the immediate 

vicinity of the road. A full description of the model is given in Dirks et al.(2002) and Dirks et al. 

(2003). 

5.2.1.1. Quantification of road and background source contributions  

The optimum model parameters for leeward conditions ( ll CzQ ,. 1 ) are found by performing 

linear regressions of air pollutant concentration ( C ) on the wind speed function (u + u0)
-1

 for 

leeward conditions for each time interval (10-minute interval of each hour) throughout the day 

across all days in a dataset.  The background estimates ( lC ) are the intercept parameters of the 

SOSE model, calculated for each 10-minute interval of each hour for weekdays and weekends. 
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Therefore, if the model is applied to data from a roadside monitor, the modelled background 

concentration, denoted by these intercept parameters, is a daily time variation of the contribution 

of the sources that are not emitted directly by the local traffic sources. The term 1
0

1 ).(.   uuzQl  

for each 10 min interval represents the contribution of local traffic sources. If a monitor is located 

in an urban setting such that it is mostly affected by a single road source, this technique can be 

used to quantify its contribution with respect to background levels. 

5.2.1.2. Box Height estimates  

If the road emissions rates ( lQ ) are known (based on on-road traffic measurements and modelled 

emissions rates) for all days of the week, then all days (weekdays and weekends) can be 

combined into a single dataset and the regression coefficient for leeward conditions (which is 

1. zQl ) becomes simply the inverse of the box height ( z ).  Since the defined box height is a 

measure of atmospheric turbulence or mixing, if the science behind this simple model is true, the 

diurnal variation of the box height obtained for independent pollutants should match. In other 

words, the model-estimated diurnal profile of the box height for CO for a particular site should be 

comparable to the diurnal profile obtained independently for NOX. Also, the nearby sites should 

show similar characteristics in terms of the time variation of the box height.   

 

5.3. Application of SOSE model to Auckland case study 

5.3.1. Site description  

The data for the study were obtained from an observational campaign carried out in Auckland, 

New Zealand for a period of approximately 3 months during autumn and winter (April to July) of 

2010, on a short stretch of the Southern Highway(SH 1) where residential neighbourhoods are 

located immediately adjacent to the highway (Longley et al. 2013).  The SH1 carries ~120,000 

vehicles/day on average (Longley et al. 2013). The site map is given in Figure 5.1, showing the 

study site relative to Auckland urban area (in Figure 5.1(a)).  The site Deas Place is set back 140 

m east of the highway , while the site Luke Street is located 240 m west (Figure 1(b)).  At each of 

the sites, CO, NOX and PM10 concentrations were recorded as 10-minute averages. Details of the 

instrumentation used are given in Table 5.1.  Each site had its own meteorological observation 

tower providing wind speed and direction at heights of 9.5 m at Luke Street and 7.5 m at Deas 
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Place. However, the anemometer at Luke Street gave the most representative local winds and has 

been used for the modelling exercise. 

5.3.2. Vehicle emissions 

The average speed vehicular emission modelling tool, the Vehicle Emissions Prediction Model 

(VEPM) (Metcalfe 2009) was used to estimate vehicle tailpipe emission rates for input into the 

SOSE model for estimating the box heights. The VEPM was developed by the Energy and Fuels 

Research Unit at The University of Auckland on behalf of the former Auckland Regional Council 

(Kar 2008).  Its basic model equation originates from the equation 2.16 in Chapter 2. The VEPM 

output emission factors are for CO, hydrocarbons, NOX, PM10 and CO2 for passenger cars, light 

duty and heavy duty vehicles covering the diverse range of vehicle types found within the New 

Zealand fleet. The average speed and vehicle classifications, along with continuous traffic counts, 

were obtained from the traffic monitoring site managed by the New Zealand Transport Agency 

(NZTA) at the Mt Wellington Highway Interchange on SH 1, part of the Advanced Traffic 

Management System (ATMS) for the Auckland motorway network. As shown in Figure 5.1(b), 

the traffic monitoring site is north of the study site with no entry or exit opportunities for traffic in 

between the two sites. New Zealand defaults incorporated into VEPM were used for the 

remaining secondary inputs. In particular, the default vehicle fleet data were derived from the 

Ministry of Transport’s vehicle fleet model (New Zealand 1998) updated with the most recent 

vehicle fleet data and vehicle kilometres travelled. This accounted for the split between petrol and 

diesel, the age profile of the fleet, and the equivalent emission standards for the fleet based on 

year and origin of manufacture. The impact of cold starts on the emission rates was ignored in 

this study as all vehicles were assumed to be at normal operating temperatures by the time they 

reached the study site. 

The emission rate estimates for CO, NOX and PM10 obtained from the emission model is 

substituted for the road emission rate term of the SOSE model denoted byQ . The term, 

Q / )( ouuz   is then used to estimate the box heights ( z ) for each 10 minute interval so that 

the diurnal variation of the box height of different pollutants can be compared. 
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Table 5.1 Instruments designated to fixed-point monitors. 

Contaminant Instrument 

CO API Model 300 analyser 

PM10 Thermo FH62C14 Beta 

Attenuation Monitor 

NO2, NO 

(NOX) 

API Model 200 

chemiluminescence analyser 

Wind Vector A101M & W200 

 

 

 

 

 

 
Figure 5.1 (a) The study site relative to Auckland urban area and build-up area (marked in grey) 

with a wind rose diagram showing major wind directions to the site during the study period, (b) The 

study area with the locations of two fixed monitoring sites Luke Street and Deas Place with the 

highway in thick black line and arterial roads in thin black lines. The section of the highway with 

traffic counts is marked in white. 
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Table 5.2 Model performance statistics for the basic SOSE model. 

Site Pollutant Mean 

Observed 

Mean 

Predicted 

RMSE FRMSE R IA 

 

25 Deas Place 

 

CO (mg/m
3
) 0.39 0.41 0.42 0.06 0.74 0.82 

NOx(g/m
3
) 65.72 67.73 51.46 0.08 0.78 0.86 

  

PM10(g/m
3
) 

20.80 20.08 11.50 0.09 0.66 0.77 

       

Luke Street 

CO (mg/m
3
) 0.59 0.60 0.56 0.07 0.73 0.82 

NOx(g/m
3
) 60.75 61.49 55.03 0.07 0.73 0.82 

PM10(g/m
3
) 16.40 16.40 9.30 0.11 0.54 0.65 

        

        

 
 

5.4. Results and Discussion 

5.4.1. The SOSE model –prediction of concentration from all sources 

As mentioned above, in its simplest form, the SOSE model can be optimised by the regression of 

the pollution concentration on the wind speed function.  Figure 5.2 shows average prediction 

performance for the whole study period and for the three pollutants (CO, NOX and PM10, 

respectively) compared to the observed values of the Deas Place Site. The model performance 

statistics for the two sites are given in Table 5.2.  Based on these results, it appears that the model 

is able to adequately simulate the variability in concentrations. Even though the model predicts 

the mean PM10 concentrations reliably, it is relatively poor at picking up the variability in 

concentration. This may be due to the contribution of marine aerosols and home heating which do 

not follow a consistent diurnal pattern of emissions as vehicular emissions. This is discussed 

further in subsequent sections.  
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Figure 5.2 Hourly average observed versus model predictions using the SOSE model for Deas 

Place for a) CO, b) NOX and c) PM10 based on 10-minute average data. 

 

5.4.2. Quantification of background concentration 

According to the wind rose diagram derived for the three-month study period given in Figure 5.1 

(a), high winds are advected to the site from the southwest and northeast directions. Weak winds 

prevail from the southeast and the northwest directions. During the three-month study period, 

Luke Street becomes the upwind monitor for 57% of data. However, there are arterial roads 

closer to the monitor at Luke Street while the Deas Place monitor is located in a residential area 

away from other major roadways (see Figure 5.1(b)). Further analysis has been carried out using 
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bivariate concentration polar plots (Carslaw and Beevers 2013) to visualize the concentration, 

wind speed and wind direction relationship and the upwind and downwind fractions of data with 

respect to the highway. Tools developed by Carslaw and Ropkins (2012) in ‘openair’ R package 

are used to obtain plots presented in this paper. Bivariate concentration polar plots for NOX for 

the two sites located on either side of the highway are given in Figure 5.3 (a) and (b). On both 

sides of the road, high concentrations of NOX are observed at low wind speeds showing strong 

inverse relationships between concentrations and wind speed, as expected from a ground level 

source such as road emissions. Figure 5.3 (a) further reveals that an emission source is delivering 

NOX to Luke Street when winds are south-easterly. Conversely NOX emissions from a source are 

delivered to Deas Place when the winds are south-westerly (Figure 5.3 (b)). Since the highway is 

the only emission source between these two sites, it is obvious that these pollutants originate from 

the highway. A similar pattern is observed with CO concentrations. Therefore, for wind angles of 

165
0
 to 345

0
, Luke Street is considered ‘upwind’ and Deas Place ‘downwind’ of the highway. For 

wind angles of 0
0
-165

0
 and 345

0
-360

0
, Luke Street is considered ‘downwind’ and Deas Place 

‘upwind’ of the highway. Concentrations are visibly low when sites are upwind (with respect to 

the highway), showing only the effect of background sources. This effect is strongly visible at 

Deas Place. Even though Luke Street is the predominantly upwind site, the upwind fraction of 

data of Deas Place better represents background concentrations compared to the upwind fraction 

of data of Luke Street which is affected by local traffic other than the highway. The SOSE model 

source separation technique is applied on the downwind fraction of data of both sites. Linear 

regression is performed on weekday/weekend separately, for each hour and 10 min interval and 

the intercept parameters that represent the upwind background contributions are estimated in the 

10-minute intervals for both sites.   
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Figure 5.3 Bivariate concentration polar plots for (a) Luke Street NOX, (b) Deas Place NOX 

                (a) Luke Street PM10 and  (b) Deas Place PM10 

 

Contrary to the above observations with NOX, relatively high PM10 concentrations were also 

observed at high wind speeds (Figure 5.3 (c) and (d)), suggesting that concentrations are 

influenced by an additional distant source. An aerial view of the area (Figure 1(a)) shows that the 

high concentrations are observed when strong winds arrive the site from sea, consistent with 

potential exposure of the sites to elevated levels of sea salt.   The south-east side of the study area 

is covered by land (Figure 5.1(a)). Figure 5.3 (c) and (d) suggest that an external PM10 source is 

not delivered from this direction. The high PM10 concentrations shown at the centre of the plot 
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correspond to low wind speeds and reflect the effect of traffic sources. This suggests that while 

most of the NOX are attributed directly to road traffic, this is not the case for PM10. However, to 

be consistent across pollutants, the same upwind/downwind wind sectors are used for all the 

pollutants when applying the SOSE model. 

Figure 5.4 shows the SOSE-predicted average daily profile of the background source 

concentrations compared to the average daily profile of observed concentrations upwind of the 

source for the two sites and three pollutants, NOX, CO and PM10.  The grey bands represent the 

95% confidence interval of predictions and that of the observed. The left side plots, (a), (c), (e) 

are the background estimates of NOX, CO and PM10 made based on the Luke Street downwind 

fractions of data compared to hourly average upwind observations at Deas Place and the right 

side plots (b), (d), (f) are the background estimates of NOX, CO and PM10 made based on the 

Deas Place downwind fractions of data compared to hourly average upwind observations at Luke 

Street. 

The east side of the highway is less affected by local traffic other than the highway (Figure 

5.1(b)) and hence the observed upwind concentrations at Deas Place represent background 

sources. As a result, the observed background concentrations at Deas Place show a better 

correlation with the modelled background concentrations. The timing and magnitudes of the peak 

background concentrations match well with observations for NOX and CO, as shown in Figure 

5.4 (a) and (c), respectively. This shows that the model estimates the average diurnal variability 

in the background concentrations reasonably well. Despite the reactive nature of nitrogen oxides, 

NOx background estimates showed better correlation to observed values than CO. This shows that 

road emissions of nitrogen oxides have a strong wind speed and direction dependence, and its 

concentrations are not obscured by other sources which is consistent with Malby et al. (2013). 

The magnitude of the CO background predictions seem to be unreliable at night time in calm 

weather where the upwind/downwind classification cannot be well defined and due to 

measurement limitations at these very low CO levels.   
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Figure 5.4 The SOSE predicted background concentration compared to the observed (a) NOX, 

(b) CO, (c) PM10 at Luke Street and (d) NOX, (e) CO , (f) PM10 at Deas Place. 

The grey band shows the 95% confidence interval of the mean. The dotted horizontal line is the daily 

average predicted background concentration. 
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The model-estimated background concentrations of NOX and CO using the Deas Place downwind 

data (Figure 5.4 (b) and (d)) are validated using the upwind measurements of Luke Street. As 

seen in Figure 5.1(b), Luke Street has surrounding arterial roads other than our main focus: the 

highway. A discrepancy between the observed and predicted background estimates of NOX and 

CO, especially during the morning rush hour, has arisen due to these extra traffic emission 

sources associated with the Luke Street upwind observations (Figure 5.4 (b) and (d)). Traffic in 

all of the surrounded arterial roads closer to the Luke Street site experience stop-and-go 

operations at traffic signals associated with turning vehicles. During the winter months, the high 

cold start and low-speed emissions during the morning hours unexpectedly increase the CO and 

NOX levels coming from arterial roads closer to the Luke Street monitor and have resulted in 

non-representative background measurements of CO and NOX, elevating the peak concentrations 

by a factor of 2 in Figure 5.4 (b) and (d). These results are further supported by the work of Bluett 

and Fisher (2005) who found similar results when comparing the output of a vehicle emission 

model with observations in Auckland. However, when the predicted daily average background 

concentrations are compared across the two sites, the estimates for NOX and CO are comparable, 

further reinforcing the model’s ability to separate the background level, irrespective of the site-

specific complexities of emission sources.   

Upwind observations of PM10 concentrations do not appear to represent the background 

contribution (Figure 5.3 (c) and (d)), due to the apparent contribution of marine aerosols 

delivered during high wind speed conditions. Both the observed and modelled trends in the 

background PM10 concentrations do not follow a unique diurnal variation as seen with other 

pollutants or the modelled daily average background concentrations comparable between the two 

sites (Figure 5.4 (e) and (f)).  Hence the model-separated background concentrations of PM10 

cannot be validated or interpreted with confidence. 

5.4.2.1. Quantification of highway contribution 

The term 1
0

1 ).(.   uuzQl represents the road emission source contribution. Therefore, by 

applying the model to the downwind fraction of data (with respect to the highway) of both sites, it 

is possible to quantify the source contribution from the highway at the distance of the monitor 

from the highway. Figure 5.5 (a) shows the diurnal variation of estimated source apportionment 

of highway contribution of NOx at Deas Place with respect to estimated background 

concentrations in respective shaded areas. In the same figure, the thick black line denotes the 

observed total concentrations while the dotted line denotes the SOSE-predicted total 
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concentrations.  According to the concentration apportionment given by the SOSE model, on a 

daily scale, the highway contributes 60% to the total NOX concentration at Deas Place, set back 

140 m to the east of the highway. Even though the highway becomes the dominant source during 

the morning peak hours, the background sources become dominant between 1 and 6 pm. Highly 

unstable atmospheric conditions during this afternoon time span (supported by the highly 

unstable box heights at this time explained in next section) result in the mixing of pollutants from 

a wide area covering commuter traffic from the surrounding roads in the area, giving high 

background levels. The highway acts as the dominant source again during the late evening (10.00 

pm), probably as a result of heavily-loaded trucks from industrial zones travelling at these times 

to avoid commuter traffic. Figure 5.5 (b) shows the diurnal variation of estimated source 

apportionment of highway contribution of CO at Deas Place with respect to estimated 

background concentrations in respective shaded areas. According to the concentration 

apportionment given by the SOSE model, on a daily scale, the highway contributes 57% to the 

total CO concentration. However, the model’s accuracy in predicting total CO concentrations 

compared to hourly average observed CO concentrations gives less accurate results compared to 

NOx. This could be due to the effect of home heating on CO but not on NOx. The highway 

generally becomes the dominant source of CO during the morning peak hours but between 5-7 

background sources become dominant. Background sources of CO become dominant between 1 

and 6 pm too. 

5.4.2.2. The Box Height estimates 

According to the VEPM-estimated road emission rates for NOX (given in Figure 5.6), emission 

rates peak around 7-8 am, as well as around 4-6 pm during weekdays. A clear difference in the 

daily profile of emission rates was observed on weekdays compared to Saturday and Sunday, 

while the lowest emissions were observed on Sunday, showing the importance of the 

consideration of weekdays and weekends separately during the model training process.  Time 

variations of observed NOX concentrations at Deas Place (Figure 5.5) show a marked diurnal 

cycle with a strong temporal dependence on local traffic flows, with concentrations peaking 

around 7-8 am and after 5 pm.  
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(a) 

 

(b) 

Figure 5.5 Predicted road contribution and background concentration by the SOSE model at 

Deas Place compared to observed and predicted total concentration of of (a) NOX and (b) CO. 
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Figure 5.6 Road emission rate for NOX estimated by the VEPM model. 

The diurnal cycle of NOX concentrations in Figure 5.5 and emission rates in Figure 5.6 can be 

linked using the time variation of mixing height which is defined as the height of the layer 

adjacent to the ground over which pollutants or any constituents emitted within this layer or 

entrained into it becomes vertically dispersed by convection or mechanical turbulence within a 

time scale of about an hour (Seibert et al. 2000). Low-level mixing heights during the morning 

cause the pollutants to become trapped, and hence the high emissions during the morning (7-8 

am) result in high concentration peaks. The concentrations sharply drop thereafter despite the 

relatively high emission rates. This could be due to temperature inversions most likely to happen 

just after sun rise.  A rise in temperature and higher wind speed tend to cause more turbulence in 

the atmosphere just after 12 noon, increasing the mixing height and diluting the concentration of 

pollutants. As a result, the high emissions in the afternoon do not result in concentrations of 

pollutants that are as high as in the morning. A collapse in the mixing height during the late 

afternoon again results in an increase in pollutant levels. Brachtl et al. (2009) observed similar 

diurnal cycle of polycyclic aromatic hydrocarbons (PAHS) concentrations with respect to 

temporal variation of emission rates in Ecuador and a similar relationship to changes in mixing 

height. In comparison to CO and NOX, concentrations of PM10 in our case study show less 

consistent diurnal trends with concentrations often peaking at night but being variable during the 

day.   
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The estimated road emission rates from the VEPM model are then applied to the SOSE model to 

calculate the box heights independently for each pollutant. Figure 5.7 (a), (b), (c) and (d) show 

the estimated box heights based on the model, applied to NOX and CO at Deas Place (when this 

site is downwind) and Luke Street (when this site is upwind). In total, 57% of data fall here as the 

Deas Place site is predominantly the downwind site and this upwind / downwind combination is 

shown to ensure the same averaging periods are considered for both sites.  Both pollutants show 

similar distributions of the box height throughout the day: low during the night (~10 m) and 

increasing to approximately 200 m during the day.  The box height estimates did not show this 

pattern for PM10 as a result of the external source (marine aerosols) and home heating that caused 

deviations from the diurnal profile, making SOSE predictions less reliable. The fact that the box 

heights are relatively consistent between pollutants NOX and CO and showing realistic similar 

time variation in both sites provides confidence that there is a physical basis to the SOSE model. 

Comparable box heights between the two pollutants further suggest that the VEPM-estimated 

emission rates for NOX and CO are in the correct proportions. 

 



Chapter 5. A simple semi-empirical technique for apportioning the impact of roadways on air 

quality in an urban neighbourhood 

117 

 

 

Figure 5.7 (a), (b), (c) and (d) Box heights estimated using SOSE for NOX and CO for leeward 

and windward conditions based on regression parameters estimates. The grey band shows the 

95% confidence interval of the mean. 

 

5.5. Conclusions 

This chapter has presented a novel technique for separating the wind dependant source 

contribution from the background source contribution based on air quality data from one monitor, 

and simple wind speed and direction data. The estimated background contribution was found to 

be reliable when compared to representative upwind measurements. The advantage of this 

technique compared to other techniques is that it derives background concentrations from a semi-

empirical model and does not require data from an additional upwind monitor. Since time 

variation effects of the sources are taken into account in the model, hourly variation of the road 

contribution can also be analysed.  Estimates of the contribution a road makes to the air pollution 
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levels, isolated from the background sources are helpful in terms of understanding the changes in 

road emission sources.  The technique is potentially transferable to situations such as 

intersections and arterial roads. Used in conjunction with better emission inventory and 

meteorological phenomena could help in the understanding of the impact of multiple road sources 

on air pollution concentrations.  

The major limitation of the proposed technique is its inability to account for buoyant plumes that 

show increased concentrations associated with high wind speed as the basic function of the SOSE 

model is designed for ground level sources that attribute an inverse relationship between 

concentration and wind speed. The proposed technique is therefore transferable to urban and 

suburban city environments where traffic emissions dominate emissions from other sources. 

These other sources could mostly represent distant traffic sources, industrial emissions and 

natural sources that have decayed to background levels.  Karner et al. (2010) using 41 roadside 

monitoring studies published from 1978 -2008 with two normalization techniques ( edge of road 

and background) quantified that emissions from road sources decay to background by a 

maximum distance of 570 m from the road. In our study, highway is the only road emission 

source within 570 m for Deas Place site while Luke Street is surrounded by few arterial roads 

(other than the highway) within this distance. Clear upwind background measurements at Deas 

Place and obscured upwind background measurements (effected by emissions from arterial roads) 

at Luke Street are in agreement with Karner’s findings. However, the background concentrations 

unaffected by local sources are correctly separated by the SOSE model irrespective of the fact 

that the data are affected by more than one road source (The case of Luke Street). Our analysis 

further highlight the unreliability of using data from an upwind monitor as background 

observations for all wind directions and all situations and further strengthen the importance of 

using conditional selection techniques adopted in some recent studies (Malby et al. 2013).   

This technique is also unable to estimate the trend in pollutant decay with distance by applying 

the model to a single monitor and hence the quantified fractions of source contribution are site 

specific. If data from only a single monitor are available, it is not possible to estimate the drop-off 

in pollution concentration with increasing distance from the road using this technique. Hence, the 

relative source contributions of the various sources are site specific. However, if data are 

available from multiple sites, then it becomes possible to quantify this rate of drop-off and the 

spatial distribution of the background concentrations. 
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In the absence of the road emission rate ( lQ ), the SOSE estimates fractions of road contribution 

and background contribution are based on the slope parameter ( 1. zQl  ) and intercept ( lC ) of the 

model. These parameters are calculated assuming emission rates take a unique temporal pattern 

(in 10 min interval of each hour) on weekdays and weekends separately. This can lead to 

uncertainties in SOSE estimates when actual emission rates deviate from this behaviour. This 

uncertainty can be reduced by providing the model with actual emission rates ( lQ ). However, it 

should be noted that these emission rates are based on many assumptions (in fleet composition 

and emission factors) and a considerable improvement to model predictions could not be 

achieved by providing actual emission rates to the SOSE model. However, comparison of model 

estimated box heights (between pollutants and sites), derived after introducing emission rates to 

the model can be used as a tool to identify the inconsistencies in emission rate estimates. 

Variations in hourly emission rates caused by changes in traffic counts and fleet compositions in 

special situations such as public holidays and seasonal variations in emissions can be 

incorporated within the model by sorting out data accordingly and applying the model on sorted 

data separately when modelling with longer time series data. 

In conclusion, the proposed semi-empirical technique is useful in assessing the contribution of 

mainly gaseous pollutants from a major highway (or road sources) to the neighbourhood, given 

the scarcity of other simple techniques applicable to simple ambient records. The main difference 

between this model and other statistical techniques is its physical basis and the data sorting 

technique used while training the model. The SOSE model provides obvious benefits in practical 

situations where engineers and scientists have to rely only on routinely available data for air 

pollution modelling. Ultimately, it provides a cost-efficient way of estimating the contribution of 

a specific road to the overall air pollution levels post construction.   
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Chapter 6. Understanding complex time series of PM10 

and PM2.5 in a coastal site of New Zealand through 

artificial neural network modelling and k-means 

clustering 

In previous chapters, it was identified that both SOSE and ANN models are failing to produce 

reliable predictions of atmospheric particulate matter concentrations due to the number of 

different contributing sources and emission patterns. This chapter aims to develop a modelling 

approach that is able to better address the source complexity of the time series of particulate 

matter and improve model predictions. This is carried out using an Artificial Neural Network 

(ANN) modelling approach, combined with k-means clustering, to understand the complex time 

series of PM10 and PM2.5 concentrations at a coastal location of New Zealand, based on data from 

a single site. Of the meteorological parameters available from the network (wind speed, wind 

direction, solar radiation, temperature, and relative humidity), the key factors governing the 

pattern of the time series concentrations were identified through input sensitivity analysis 

performed on the trained neural network model. The transport pathways of particulate matter 

under these key meteorological parameters were further analysed through bivariate concentration 

polar plots and k-means clustering techniques. The analysis shows that the external sources such 

as marine aerosols and local sources, such as traffic and biomass burning, contribute equally to 

the particulate matter concentrations at the study site. These results are in agreement with the 

results of receptor modelling studies based on Positive Matrix Factorization (PMF) obtained by 

the Auckland Council.  Our findings also show that contrasting concentration-wind speed 

relationships exist between marine aerosols and local traffic sources resulting in very noisy and 

seemingly largely random PM10 concentrations. The inclusion of cluster rankings as an input 

parameter in the ANN model improved the performance of the ANN time series model for 

predicting PM10 and PM2.5 concentrations. For the presented case study, the correlation 

coefficient improved from 0.77 to 0.79 for PM2.5 and from 0.63 to 0.69 for PM10, with a large 

improvement in the statistical significance of the linear relationship between the observed and 

predicted values.  The techniques presented here enable the user to obtain an understanding of 

potential sources and their transport characteristics prior to the implementation of costly chemical 

analysis techniques or the implementation of advanced air dispersion models.  
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6.1. Introduction 

The spatial and temporal evolution of fine ambient particulate matter is highly variable due to the 

source complexity as well as the associated meteorological, topographical, physical and chemical 

factors. As a result, many air pollution dispersion models perform more poorly for particulate 

matter than for gaseous pollutants where the primary sources of gaseous pollutants (e.g., traffic 

emissions) are largely anthropogenic and display characteristic diurnal patterns in concentrations 

(Kukkonen et al. 2003; Elangasinghe et al. 2014). Advanced (complex physically-based) 

dispersion models used to model particulate matter require comprehensive emission inventories 

that are not readily available. Some studies have used advanced ion beam analysis techniques, 

such as particle-induced X-ray and gamma-ray emissions analysis, to identify emission sources 

via the determination of the elemental composition of filtered samples (Cohen et al. 2004). 

Contini et al. (2014) used the Positive Matrix Factorization (PMF) technique to carry out size 

segregation and source identification of atmospheric particulate matter and identified that there 

are limitations in identifying traffic and nitrates using this technique. Another recent study used 

an analysis of secondary organic aerosols (SOA) to apportion sources of particulate matter in 

Shanghai using 140 samples (Feng et al. 2013). These techniques can be expensive as they 

involve analysing a large number of samples (Cohen et al. 2004). Therefore, it may be useful to 

identify potential sources and their contribution by analysing the time series data of ambient 

records using statistical modelling techniques. 

Artificial Neural Network (ANN) modelling has proven to be a reliable air pollution time series 

forecasting tool (Gardner and Dorling 1998; Niska et al. 2004; Nagendra and Khare 2006). It can 

be used to derive non-linear functions relating the concentrations of pollutants to meteorological 

and source characteristics. The accuracy of the trained neural network model in predicting the 

concentrations of an unseen dataset reflect the extent to which the input parameters have captured 

the emission and dispersion patterns that have resulted from the observed concentrations. A 

comparison of the performance accuracy of different ANN models for different pollutants can be 

used to understand differences in uncertainty between the meteorology, emission source factors 

and concentration relationships for different pollutants.  

Several previous studies have investigated the non-linear relationship between meteorology and 

the concentrations of pollutants. Kukkonen et al. (2003) applied different ANN models, a linear 

statistical model as well as a deterministic model, to predict hourly average NO2 and PM10 
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concentrations in Helsinki, Finland. They achieved good model performance statistics for NO2 

and poor statistics for PM10, and concluded that neither a deterministic nor a statistical approach 

was able to be used to identify the complex nonlinear behaviour of PM10 concentrations. Other 

techniques, such as modelling over longer time averages of meteorology and concentration (for 

example, daily or monthly averages), autocorrelation using lagged inputs of meteorology and 

concentrations, and a combination of both techniques have been used in several studies to obtain 

improved PM10 model performance. For example, Hurst et al. (2009) developed ANN models to 

predict hourly average NO2, O3, CO and PM10 concentrations by considering different temporal 

averages of input meteorological variables. These models were also unable to give reliable 

predictions for PM10 compared to other pollutants, and they concluded that it was either a result 

of irregular processes affecting particulate production or due to the omission of important 

predictor variables such as the boundary layer height. They used input sensitivity analysis to 

understand the modelled relationships between the different pollutants. Voukantsis et al. (2011) 

used a PCA-based ANN modelling approach to model the daily mean concentrations of PM10 and 

PM2.5 in Thessaloniki and Helsinki (the same study area as used in the previously-mentioned 

study by Kukkonen et al. (2003)) and found that the model gives index of agreement values of 

between 0.80 and 0.85. They introduced autocorrelation into the model by presenting time-lagged 

inputs of the various parameters. Grivas and Chaloulakou (2006) developed multilayer perceptron 

ANN models for the Greater Athens area for predicting hourly average PM10 concentrations 

using 24-hour lagged input parameters. In this study, genetic optimization was also used to 

eliminate irrelevant input parameters from the network. Reasonably satisfactory results were 

obtained for four different cities. However, the variation in performance for different cities 

caused by different complexities in the source meteorology relationship between these cities was 

not further analysed in this study. Even though modelling concentrations using longer time 

averages and time-lagged inputs has been shown to improve the prediction performance by 

smoothing out noisy signals, these studies have not be able to provide further insight into the 

source complexities of particulate matter that has created the noisy time series, nor provide any 

further understanding of the possible sources or their transport pathways. Moreover, very few 

studies have attempted to understand the relationship between different pollution concentrations 

and meteorology through input sensitivity analysis, a technique that has been found to provide 

significant insight into the modelled ANN function in other applications (Hurst et al. 2009; Chan 

and Jian 2012).   



Chapter 6. Understanding complex time series of PM10 and PM2.5 in a coastal site of New 

Zealand through artificial neural network modelling and k-means clustering 

 

125 

 

Carslaw and Beevers (2012) presented a non-parametric smoothing technique (bivariate 

concentration polar plots) to identify different source characteristics with cluster analysis to help 

group regions with similar characteristics. Bivariate concentration polar plots have been found to 

be a useful graphical technique for identifying potential sources of air pollution using only 

routinely-available ambient records. These plots, presented in polar coordinates, show how 

concentrations vary jointly with wind direction and any other meteorological parameter, such as 

wind speed and temperature, and provide a graphical approach for visualising the potential 

sources using a colour index. Carslaw et al. (2006) used this technique to isolate nitrogen oxide 

emissions from aircraft movements in an airport. Carslaw and Beevers (2013) performed k-means 

clustering on bivariate polar plots to separate nitrogen oxide emissions from London’s Heathrow 

airport. They found that the time variation of the estimated emissions is in agreement with the 

time variation of emission estimates based on aircraft movement records. Malby et al. (2013) 

used conditional selection of data based on the patterns observed in bivariate concentration polar 

plots to identify trends in NO2 concentrations over several years.  

This study presents a new approach based on artificial neural network modelling, bivariate 

concentration-wind speed-wind direction relationships, and k-means clustering of similar features 

of this relationship for extracting source performance signals from the time series of ambient 

PM2.5 and PM10 concentrations. The extraction of periodic and aperiodic source performance 

signals is used to enhance the prediction accuracy of hourly average concentrations using 

artificial neural network modelling techniques.  

6.2. Methodology  

6.2.1. Data 

The site selected for applying the proposed methodology is at Takapuna, a northern suburb in 

Auckland, located in a narrow isthmus in the North Island of New Zealand.  The location of the 

study site on the country map is given in Figure 6.1 (a). The complex coastline and low-lying 

undulating topography in this area results in complex surface wind flow patterns, especially in 

conditions of low synoptic wind flows when the surface winds are dominated by sea-land 

breezes.  As shown in the wind rose diagram in Figure 6.1 (b) constructed based on the 2008-

2011 data, the dominant wind directions for the site are from the west and northeast. Weak winds 
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prevail in the northwest and southeast directions. The ambient air quality monitoring site, 

managed by the Auckland Council, is situated in the school grounds of Westlake Girls’ High 

School (Figure 6.1 (b)). The site is located 3 km east of the coastline of the Hauraki Gulf, 

approximately 3.5 km northwest of the Takapuna commercial centre and only 50 m west of State 

Highway 1, the main motorway into Auckland City, linking the southern and northern suburbs. 

At 100 m southeast of the site is a concrete batching plant producing ready-mix concrete. The 

houses in this area are mixed in ages spanning back to the the1960s, and 75% of the houses have 

chimneys. The land use in the area is a mixture of residential and commercial. The site is open 

and exposed to winds from all directions. 

The automatic ambient monitoring station at the site managed by the Auckland Council records 

concentrations of CO, NO2, PM10 and PM2.5. A meteorological station is located at the same site 

and measures temperature, relative humidity, and solar radiation as well as wind speed and wind 

direction. The anemometer that measures wind speed and wind direction is located at a height of 

10 m. Hourly averages of both meteorological data and air pollution concentration data are used 

for the analysis. 

 

 

Figure 6.1 Site map: (a) The location of the study site marked on the map of Auckland, New 

Zealand. (b) The study site with respect to the surrounding road layout. The site is only 50m 

away from the Northern Highway. The wind rose diagram shows the dominant wind directions. 
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6.2.2. ANN modelling and cluster analysis 

In this chapter, multilayer perceptron ANN topology, used with success in many other studies for 

predicting the concentrations of mainly gaseous pollutants, such as NO2 and O3, is chosen for 

building a functional relationship between concentration and meteorology. The time series of one 

complete year of data is first randomized to ensure that a normally-distributed sample of data 

covering all seasons is drawn for training. The randomization procedure is easily performed using 

the ANN software NeuroSolutions 6.0, used in the present study for building and training the 

ANN models. The randomized data set was then divided into a training set (consisting of 80% of 

the data), a cross-validation set (10%) and a test set (10%).  The test data set contains 

approximately 300 data points from each season. In the next step, the ANN model parameters 

were optimized so that the total model uncertainty represented only the intrinsic noise of the data. 

This was achieved through the genetic optimization of the model parameters and by training the 

model multiple times through bootstrap re-sampling.  Once the model parameters were 

genetically optimized through training, this optimized function was used to make predictions on 

the test data set; model performance statistics are calculated by comparing the predicted values 

with observations. Before the next training session, the previously randomized data set was 

further randomized so that the training, cross validation and testing samples were different from 

the previous trial. This procedure was repeated ten times and the network weights that gave the 

lowest testing performance error (as determined by the mean squared error) were chosen for the 

optimum network weights. Following this procedure, a sensitivity analysis of each input 

parameter was made by changing one of the input parameters in small incremental steps while 

fixing the remaining parameters at their mean values.  

The relationship between the identified controlling meteorological parameters and the 

concentrations was further studied using the bivariate concentration polar plots and k-means 

clustering techniques proposed by Carslaw et al. (2013). This was carried out by visualizing the 

relationship between concentrations and the governing meteorological parameters and transport 

pathways from different sources. Bivariate plots provide a modelled surface that represents the 

relationship between concentration, wind speed and wind direction using a Generalized Additive 

Modelling (GAM) technique to smooth out the noisiness in the raw data. Wind speed can be 

replaced by any other governing parameter, such as ambient temperature (Carslaw et al. 2013). 

The features observed on the bivariate polar plot are grouped using the k-means clustering 
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technique. Potential sources are detected by post-processing the data that fall into each cluster 

using time variation analysis. Details on the theoretical development of these plots can be found 

in Carslaw et al. (2013). The tools developed by Carslaw and Ropkins (2012) in the ‘openair’ R- 

package were used to obtain the bivariate plots, k-means clustering plots, and time variation plots 

presented here.  

We assumed, using cluster rankings as binary inputs to the ANN model, that the model is able to 

filter out the data according to each cluster ranking and optimize the model parameters to suit 

each cluster, and hence improve prediction accuracy. For example, if two significant clusters are 

identified, the inputs and outputs to the ANN model with three time inputs and four 

meteorological inputs take the following form: 
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The ANN models developed and optimized using genetic optimization with and without cluster 

rankings were then compared based on standard model performance statistics. ANN models, 

including autocorrelation with one-hourly, three-hourly, six-hourly, 12-hourly, and 24-hourly 

lagged concentration inputs were also developed for comparison. 

6.2.3. Sensitivity analysis 

To understand the relative significance of each input variable and to study the response of the 

network to changes in each meteorological and emission parameter, a sensitivity about the mean 

analysis has been performed. Once the network has been trained and optimized, each input 

parameter is varied about its mean value in defined steps while keeping all other input parameters 

at their mean value.  The sensitivity of the output for input k  is given by 
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where py is the output obtained with fixed weights for the p
th

 input perturbation of input k  and 

2

k is the variation of the input perturbation. Apart from providing sensitivities using the above 

equations, the system response of the output to each perturbation is plotted to obtain a better 

understanding of the modelled trend.  

6.3. Results and discussion 

6.3.1. The ANN model 

A genetically-optimized ANN model is first developed to model hourly average concentrations of 

gaseous and particulate matter concentrations for the study site using routinely monitored hourly 

average meteorological parameters as the explanatory variables. The input parameters chosen by 

the genetic optimization technique are: wind speed, wind direction, solar radiation, relative 

humidity, ‘month of the year’, ‘hour of the day’, and ‘day of the week’. The latter three variables 

were introduced to the model in their respective discrete numbers (months 1-12, hours 0-23 and 

weekday 1-7) as inputs representing the temporal variation in emissions according to these time 

scales. The statistical performance of the genetically-optimized multilayer perceptron ANN 

model that describes the relationship between meteorological parameters and concentrations of 

CO, NO2, PM2.5 and PM10 is given in Table 6.1. The dimensionless statistical parameters Index of 

Agreement (IA), coefficient of determination (r
2
), normalized mean bias (NMB), normalized 

mean gross error (NMGE) and factor within two (FAC2), are used to compare the ANN model 

performance between pollutants. The definitions of these statistical parameters are given in Table 

6.5. The different levels of accuracy achieved using each pollutant is given in Table 6.1 that 

reflects the complexity of the emission sources and transport pathways of different pollutants 

with respect to the considered explanatory variables. The ANN model gave the best predictions 

for NO2, a strong traffic air pollutant, and hence displays a very strong diurnal variation in 

concentration, and is strongly associated with meteorological variables. The CO concentrations 

are mainly affected by traffic emissions as well as home heating during night time, and occur 

only during the winter months. Due to the presence of mixed effects from two sources having 

different diurnal patterns, the relationship between CO concentrations and meteorology is not as 

strong for NO2. The time series predictions of PM2.5 show a moderate level of accuracy. 

However, as identified by the ANN model, its performance is not as good as for NO2 or CO. This 
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could be due to the effect of another source other than home heating and traffic, and also due to 

the effects of re-suspension and washout by rainfall. The worst performances with respect to IA 

and r
2
 statistics were obtained for PM10 suggesting a very high source and dispersion complexity 

that cannot be described simply by meteorology and time variation parameters. Even though the 

model was not able to pick up the hourly variability in PM10 concentrations, the predictions lie 

around the daily mean, giving high FAC2 values, indicating a lack of extremes in the PM10 time 

series data.  

Table 6.1 Performance statistics of genetically optimized ANN models for different pollutants 

Pollutant Statistical parameter 

IA r
2
 NMB NMGE FAC2 

NO2 0.80 0.83 -0.006 0.21 0.91 

CO 0.75 0.73 -0.004 0.38 0.77 

PM2.5 0.63 0.59 0.026 0.43 0.77 

PM10 0.58 0.40 0.020 0.36 0.84 

 

6.3.2. Sensitivity analysis 

Figure 6.2 shows the results of the input sensitivity analysis performed on the optimised ANN 

model to identify the sensitivity of each input parameter on the model outputs of NO2, PM2.5 and 

PM10 concentrations. The results suggest that ‘hour of the day’ is an important input parameter 

for all three of the pollutants shown here. The inputs ‘month’ and ‘relative humidity’ have the 

least significant effect on model performance for all three of the pollutants. The very high 

sensitivity to wind speed shown by NO2 is not seen with either PM2.5 or PM10.  The three 

pollutants also showed different sensitivities to both wind speed and wind direction (as 

highlighted by the square in the dotted lines). This could be the main factor influencing the 

differences in model predictions of NO2 and particulate matter. Hence, wind speed-wind direction 

interactions between NO2, PM2.5 and PM10 are further analysed using bivariate concentration 

polar plots. The inputs ‘month’ and ‘relative humidity’ have the least significant effect on model 

performance for all three of the pollutants. The inputs “temperature” and “solar radiation” have 
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moderate sensitivity to all three pollutants. Further discussions about the sensitivities of these 

parameters are provided in Chapter 3.  

 

Figure 6.2 Results of sensitivity analysis of the input parameters of the optimized ANN models 

for NO2, PM2.5 and PM10, respectively. The percentage sensitivity of the input parameters is 

shown. The square represented by the dotted lines shows that the three pollutants give very 

different sensitivity levels to wind speed and wind direction. 

6.3.3. Bivariate concentration polar plots 

Figure 6.3 shows bivariate concentration polar plots for NO2 and PM10. The middle plot shows 

the modelled concentration surface using GAM based on observed data from 2008 to 2011. The 

left and right side plots in both figures show the uncertainty in the displayed pattern (the upper 

and lower limits of the 95% confidence interval, respectively). Unique differences between the 

concentration and wind speed relationships are depicted between the two pollutants. Figure 6.3 

(a) reveals that high concentrations of NO2 are mostly attributed to low wind speed conditions 

and when weak winds prevail along the northwest and southeast directions. Concentrations are 

low when high winds are observed, particularly from the northeast and eastern quarters. Some 

amount of NO2 is transported to the site from the westerly, southwesterly and southerly directions 

where there are significant levels of road traffic. However, the inverse relationship with wind 

speed shown at the centre of the plot is the most prominent and consistent. According to Figure 

6.3 (b), the relationship between concentration and wind speed for PM10 is very different to that 

of NO2. High concentrations of PM10 are observed at the site when there are high winds from the 
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westerly and northeasterly directions. According to the lower and upper uncertainty plots, these 

concentrations are highly variable. Modest concentrations at the centre of the plot (with mean 

values around 20 g/m
3
), appear to be consistent in all three plots (prediction, lower and upper 

uncertainty plots) and, further, they show some behaviour similar to that of local sources (as per 

NO2). To separate the effect of these local sources from distant sources, k-means clustering is 

performed on the bivariate polar plot. 

 

Figure 6.3 Bivariate concentration polar plots of (a) NO2 and (b) PM10, respectively. In both 

Figures, the middle plot is the modelled mean concentration surface using the software routine 

as presented in Carslaw and Ropkins (2012). The left- and right-hand-side plots show the lower 

and upper 95% confidence interval limits of the mean concentration surface. 
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6.3.4. K-means clustering 

K-means clustering, ranging from a two-cluster to a ten-cluster solution, was considered in this 

study. As suggested by Carslaw and Beevers (2013), a heuristic approach was used to decide on 

the number of clusters to be considered by post processing data in each cluster.  The number of 

data points falling into each cluster was also considered, as a low number of data points in a 

cluster make it difficult to reliably analyse the time series. Through careful post-processing of the 

clustered data from the years 2008 to 2011, it was identified that the seven-cluster solution is 

appropriate for separating the local source contribution from external sources. The seven-cluster 

solution for PM10 is given in Figure 6.4. When compared with the bivariate concentration polar 

plot, Cluster 5 mostly represents local sources while Clusters 4 and 6 mostly represent distant 

sources that are transported to the site from the west and northeasterly directions (see Figure 6.4). 

To further illustrate the hourly variation in concentrations in these prominent clusters, time 

variations and scatterplots of the data that fall into Clusters 4, 5 and 6 are shown in Figure 6.5.  

 

Figure 6.4 Seven-cluster solution obtained on the PM10 bivariate concentration polar plot 
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Figure 6.5 Time variation of concentrations in Clusters 4, 5 and 6; averaged for (a)  each 

weekday & hour, (b) hour,  (c) month and (d) weekday. Figure (e) and (f) shows wind speed vs. 

concentration patterns of Cluster 5 and Cluster 4&5 separately 

Figure 6.5 (a) shows clustered data averaged for each hour of each day of the week, while Figures 

6.5 (b), (c) and (d) show the same data averaged over each hour, month and weekday, 

respectively. The shaded areas in the first four plots represent 95% confidence level. The time 

variations in concentrations in Cluster 5 (shown in Figure 6.5 (a)) reveal a clear night-time peak 

throughout the week. This is a characteristic of biomass burning for home heating (Davy et al. 
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2009). The high concentrations during the cold months (May, June, July, August and September), 

as shown in Figure 6.5 (c), are further evidence of a biomass signal. Weekday hourly averages 

shown in Figure 6.5(a) identify a clear morning peak at around 7-8 am from Monday to Friday, a 

weaker morning peak on Saturday and no morning peak on Sunday. This pattern mostly 

characterises traffic emissions. The start of the evening peak occurs soon after 5 pm, also 

suggestive of peak afternoon traffic. This signal is similar to the traffic emission signals extracted 

by Davy et al. (2012) for the year 2012 in the same location using ion beam analysis of elemental 

concentrations. However, the traffic signal extracted by Davy et al. (2012) does not represent the 

night time peak as shown here. Therefore, it is evidence that this night time peak signal can be 

mostly attributed to home heating sources. Therefore, data in Cluster 5 are consistent with those 

expected for traffic and home heating.  

On the other hand, the time variation of concentrations in Clusters 4 and 6 shows very noisy 

behaviour with a higher variation (as given by the 95% confidence interval in the shaded areas of 

the first four plots) and shows no obvious diurnal pattern.  Considering this inconsistent 

behaviour with respect to the time of day, and the wind directions that result in the high 

concentrations, this source may realistically be attributed to marine aerosols from the Tasman Sea 

and the Pacific Ocean. Figure 6.5(e) shows a scatterplot of the concentration versus wind speed 

relationship for the Cluster 5 data. Only the fraction of data that falls into the winter months was 

considered here as home heating sources are present only during these months. This cluster of 

concentration data shows a statistically significant (p<0.005) negative linear relationship with 

wind speed. Figure 6.5(f) shows a scatterplot of wind speed versus concentrations for Clusters 4 

and 6. These concentrations show a statistically significant (p<0.005) positive linear relationship 

with wind speed. Cluster 1 and Cluster 7 also show a positive linear relationship, revealing the 

dominant effect of external sources (p<0.05), and Cluster 2 gave a negative relationship between 

wind speed and concentration showing the dominant effect of local sources (p<0.05) (scatterplots 

not included here). However, the relationships in Cluster 1, 7 and 2 are not as strong as those of 

Clusters 4, 5 and 6, due to the mixed effect of distance and local sources in these clusters. Cluster 

3 had the least number of data points and showed a statistically non-significant negative 

relationship between concentration and wind speed. The relationship was statistically 

insignificant as a result of the low number of data points in that cluster. However, that cluster is 

categorised as local sources. This analysis revealed that there is contrasting wind speed versus 

concentration relationships associated with local and distant sources of particulate matter.  An 
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extract (representing monthly averages) of the similar analysis done to the PM2.5 time series is 

presented in Figure 6.6. 

 

Figure 6.6 Bivariate polar plot and cluster analysis for PM2.5  

6.3.5. Comparison with Positive Matrix Factorization (PMF) results 

The elemental composition of source profiles obtained for the same site by Davy et al. (2009) 

using PMF analysis for PM10 and PM2.5 are given in Tables 6.2 and 6.3. The possible sources 

identified by this study are biomass burning, motor vehicles, sulphate, marine aerosols, soil and 

cement. In the PM10-sized particles, 42% are found to arise from marine aerosols from the 

Tasman Sea and Pacific Ocean, 19% from motor vehicles and 17% from biomass burning for 

domestic heating (Davy et al. 2009). Peak contributions from biomass burning are found to be 

highest during winter’s cold, calm weather.  Approximately 9% of the PM10 fraction comprises 

sulphates and the possible source has been identified as emissions from ships moving in and out 

of the Port of Auckland. Furthermore, 9% of the PM10 has been identified to be soil (crustal 

matter) from construction activities at the nearby motorway during this time period, and 4% from 

the concrete batching plant 100m away. Hence, according to chemical analysis, if marine aerosols 



Chapter 6. Understanding complex time series of PM10 and PM2.5 in a coastal site of New 

Zealand through artificial neural network modelling and k-means clustering 

 

137 

 

and sulphate emissions are considered as external sources, 51% of the PM10 particles comprise 

external sources (mainly marine aerosols) while 49% are from local sources, mainly traffic and 

biomass burning. 

Table 6.2 Results of PMF analysis for PM10 at Takapuna extracted from Davy et al. (2009) 

 

Species 

Biomass 

Burning 

(ng/m3) 

Motor 

Vehicles 

(ng/m3) 

Sulphate 

(ng/m3) 

Marine 

aerosols 

(ng/m3) 

Soil 

(ng/m3) 

Cement 

(ng/m3) 

H 68 0 8 2 2 3 

BC 883 1416 179 185 69 103 

Na 26 0 142 1735 21 1 

Mg 0 9 13 142 16 3 

Al 1 24 10 8 83 8 

Si 12 72 24 16 245 24 

S 13 32 200 136 19 10 

Cl 49 31 22 2946 1 18 

K 33 19 9 49 9 5 

Ca 12 30 8 48 13 93 

Ti 1 8 0 0 7 2 

Mn 1 2 1 1 1 0 

Fe 39 130 11 4 65 15 

Cu 3 7 1 2 0 1 

Zn 6 9 1 0 0 1 

PM10 2920 3260 1540 6930 1430 720 

 

In the PM2.5 size range, 38% are from marine aerosols, 29% from biomass burning, 14% from 

motor vehicles, 13% from sulphate emissions, and 6% from soil. If sea salt and sulphates are 

considered external sources, the external source fraction of PM2.5 becomes 49% and the local 

source fraction 51%. In summary, in the PMF analysis by Davy et al. (2009), both the PM10 and 

PM2.5 fractions of particulates at this site are equally affected by external marine aerosols and 

local traffic and home heating. 
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Table 6.3 Results of PMF analysis for PM2.5 at Takapuna extracted from Davy et al. (2009) 

 

Species 

Biomass 

Burning 

(ng/m3) 

Motor 

Vehicles 

(ng/m3) 

Sulphate 

(ng/m3) 

Marine 

aerosols 

(ng/m3) 

Soil 

(ng/m3) 

H 39 16 15 9 1 

BC 1569 1240 175 201 26 

Na 23 9 77 968 0 

Mg 3 3 8 76 9 

Al 2 1 0 5 18 

Si 6 5 2 12 54 

S 0 0 219 47 43 

Cl 0 44 76 1345 39 

K 34 0 0 30 4 

Ca 6 7 3 29 14 

Ti 1 8 0 0 7 

Mn 1 2 1 1 1 

Fe 27 42 0 0 11 

Cu 3 7 1 2 0 

Zn 6 4 2 1 0 

PM2.5 2310 1130 1010 3020 510 

 

In the next step, a similar analysis has been performed on the k-mean clustered data. Average 

concentration data in Clusters 2, 3 and 5, which are considered to be dominated by local sources, 

have been found to be 14.44 g/m
3
 for PM10 and 7.79 g/m

3
 for PM2.5. The average 

concentrations of the data fall into Clusters 1, 4, 6, and 7, considered to be dominated by external 

sources, have been found to be 15.1 g/m
3
 for PM10 and 6.11 g/m

3
 for PM2.5. These fractions 

are then compared with the fractions of local and external sources obtained by the PMF analysis 

and are presented as pie charts in Figure 6.7. The k-means clustering of data has been able to 

identify PM10 fractions similar to what is identified by the PMF analysis (Figure 6.7 (a) and (b)). 

There is a slight difference in the PM2.5 fractions identified by the k-means clustering to that 

identified using PMF analysis. However, both k-means clustering analysis and PMF analysis 

show important differences in the importance of sources. Hence, this comparison reveals that the 

k-means clustering of data according to concentration/wind speed/ wind direction interactions is a 

useful tool for the initial assessment source contribution in a particular site.  
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Figure 6.7 Local to external source fractions from k-means clustering compared to the PMF 

analysis results 

6.3.6. The ANN model with cluster rankings 

In the next step, these cluster rankings were included as input parameters into the ANN model. 

This was done by categorising Clusters 1, 4, 6 and 7 as ‘external’ and Clusters 2, 3 and 5 as 

‘local’. The binary inputs 1 for ‘local’ and 0 for ‘external’ are used in the ANN model.  Table 6.4 

shows a comparison between model performance statistics (on the test data set) with and without 
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cluster ranking as an input parameter to the ANN model. Figure 6.6 shows scatter plots of 

observed versus predicted concentrations using the two ANN models representing approximately 

300 data points from each season (test data). The results show that the inclusion of the cluster 

rankings as an input parameter improves the model performance of both PM2.5 and PM10 to a 

modest extent, and that the improvements are greater for PM10 (Table 6.4 and Figure 6.6(a), (b), 

(c) and (d)). Next, an ANN model was developed for winter data only from Cluster 5, 

representing home heating and traffic emissions. Coefficient of determinations (r
2
) of 0.56 and 

0.64 and IAs of 0.67 and 0.72 were obtained for PM10and PM2.5, respectively.  The box and 

whisker plot presented in Figure 6.10 is further evidence that the ANN model, with clustering, is 

better able to identify peak pollutant concentrations compared to the model without clustering 

input. This analysis is evidence that cluster analysis has helped in extracting the clear inverse 

relationship between the wind speed and concentration associated with local sources from noisy 

time series. 

Table 6.4 Comparison of model performance statistics without and with cluster rankings as an input 

parameter 

Pollutant Statistical parameter 
ANN model 

Without clustering 

ANN model  

With clustering 

 

PM10 

RMSE 6.77 6.34 

R 0.63 0.69 

IA 0.58 0.61 

FAC2 0.84 0.86 

Statistical significance (p) 3*10
-140

 5.6*10
-174

 

 

PM2.5 

RMSE 4.96 4.74 

R 0.77 0.79 

IA 0.63 0.65 

FAC2 0.77 0.77 

 Statistical significance (p) 9.4*10
-245

 1.5*10
-265
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Figure 6.8 Scatter plots of model performance on the test data set of different ANN models to 

predict PM2.5 and PM10 concentrations. (a) PM10 without clustering, (b) PM10 with clustering 

(c) PM2.5 without clustering (d) PM2.5 with clustering 

 

 

Figure 6.9 ANN model performance when modelling only local sources, (a) PM10 and (b) PM2.5. 
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Figure 6.10 The Box and Whisker plot comparing performance of the two ANN models (for the test 

data) 

 

Figure 6.11 Comparison of overall  performance of the ANN models for predicting PM2.5 and PM10 

with cluster ranking as an input variable compared to ANN models developed with different time 

lagged inputs (24-hour lag, 12-hour lag, six-hour lag, three-hour lag and one-hour lag, respectively). 

The ANN model without cluster ranking input is named the “control”andtheANNmodelwith

cluster ranking input is named the “cluster”. 

 

To compare the improvements achieved by the proposed ANN model having cluster ranking as 

an input, with ANN models with time-lagged inputs, several ANN models with lagged inputs 

(namely concentrations of one hour, three hours, six hours, 12 hours and 24 hours before, 
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respectively, as the time-lagged inputs) were also developed. Figure 6.11 (a) and (b) shows a 

comparison based on r
2
 and IA statistics obtained by these different models for PM2.5 and PM10, 

respectively.  Models with hourly, three-hourly or six-hourly lagged inputs gave better model 

performance compared to the model with cluster ranking as an input. This suggests that an 

autocorrelation effect introduced by these time lagged inputs assisted better than the clustering 

technique in picking up the time variation of particulate matter concentration.  Even though 

autocorrelation introduced using one-hourly, three-hourly and six-hourly lagged inputs gave 

better results by reducing the forecasting horizon of the hourly-average time series data, the 

practical significance of such models is limited, as supported by Gardner and Dorling (1998). 

These models are unable to forecast over longer time periods as they always require measured 

concentration data recorded in the immediate past. One way to solve this is using forecasted 

outputs as inputs for next time steps. However, this too could lead to large errors when the 

forecasting horizon increases. ANN models without autocorrelation inputs tested in this study are 

useful for filling in small to large gaps in data, and after training the model with the available 

fraction of concentration and meteorological data, such models can forecast concentrations based 

only on meteorological parameters measured at the particular site. In that sense, the ANN model 

developed including cluster rankings is more useful than autocorrelation techniques. 

Several factors were identified which could explain why there were not large improvements in 

the performance of the ANN models with cluster rankings as an input parameter for the study 

site. The concentrations observed at the site representing home heating and traffic are in fact 

relatively low and, as such, showed very little absolute variability. Even though the contributions 

of these sources are able to be extracted using cluster analysis, the variability such as observed 

during the morning and afternoon peaks is not as prominent as for NO2. On the other hand, the 

data in the clusters that mostly represent marine aerosols showed a very complex aperiodic 

pattern that cannot be easily modelled.  

Especially coarse particles (PM10-PM2.5) can come from different sources such as marine 

aerosols, dust, fine sand, road and tire ware, burning of firewood and cement particles. The 

emission strengths of these pollutants can vary sporadically or aperiodically. On the other hand 

coarse particles can easily get deposited while they are dry as well as wet. Hence the removal 

mechanism becomes more complex than gaseous particles. PM2.5 on the other hand act like a gas 
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and can stay longer time duration in the atmosphere. These reasons make modelling of PM10 a 

challenging job compared to gaseous pollutant.  

The technique could serve well for a site that is significantly affected by local sources displaying 

a diurnal/weekly pattern (with strong source signals such as observed with NO2) compared to 

distance sources that display aperiodic behaviour. It will also serve well for a site greatly affected 

by a distant source which has a specific diurnal pattern such as would be expected from an 

airport, as was the case in Carslaw et al. (2006). The sensitivity analysis revealed that particulate 

matter concentrations are also sensitive to solar radiation and air temperature. Hence, there could 

be non-linear patterns associated with these parameters along with wind speed and direction 

parameters analysed in this study and the k-means clustering linear approach would not have 

identified them. A technique such as self-organizing maps (SOM) may be useful in identifying 

such non-linear patterns in data. Such techniques will be explored as extensions to this study. 

Another enhancing approach could be modelling the clusters separately using ANN models 

developed for each cluster. This would enable better represent the concentration-meteorology 

relationship better that when the whole data set is considered as a whole. Since cluster 4 and 6 

better represent long range transported pollutants, such pollutants might have been better 

represented by mesosclae winds rather than locally measured winds.  The general applicability of 

the proposed modelling technique will be explored further by testing it on other sites either in 

New Zealand or elsewhere. 

In this study, the guesses of the cluster rankings for the test data set (where it is assumed that 

concentration measurements are not available) are inserted manually by marking the wind speed 

and wind direction on the cluster map. This process may be automated using a computerised 

routine. Cluster analysis needs to be performed case by case using a heuristic approach to decide 

the number of clusters needed to extract the source signals. This process is subjective and 

potentially time consuming. The development and training of a large number of ANN models to 

obtain the optimized model parameters is also computationally intensive. These factors can be 

considered as major drawbacks to the proposed technique. Fuzzy c-means with an automated 

number of cluster definitions could be useful for removing the subjectivity in finding the number 

of clusters (Samarasinghe, 2006). However, its applicability to this scenario needs further 

investigation. Moreover, the proposed technique is not applicable when source signals from 
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several distant sources come from the same direction under the same wind speed conditions (for 

example, marine aerosol and emissions from an industrial source from the same direction). 

6.4. Conclusions 

The outcomes of the present study suggest that an artificial neural network modelling technique 

can be used to extract knowledge about site-specific and pollutant-specific dispersion 

mechanisms for a given scenario using data from a single monitor. It also reveals that more 

insight into such identified relationships can be obtained through studying the bivariate 

relationship of the concentrations and the governing meteorological parameters and clustering of 

similar features of this relationship. This technique has allowed the identification of source 

contributions using relatively simple information with no additional costly chemical analyses. 

While in the present study the model is tested on only a limited number of commonly-measured 

urban pollutants, it is anticipated that the method proposed is transferable to any pollutant to help 

in understanding its source complexity. It also provides obvious benefits where air quality 

management decisions need to be made based only on routinely-available air quality and 

meteorological data. Moreover, the proposed technique may help to identify what further 

analysis, for example emission testing of road vehicles or receptor modelling studies, would be 

helpful in addressing any particular air quality issue. 

The artificial neural network modelling technique has helped in understanding the extent of the 

variability in concentrations that can be explained by the governing meteorological variables such 

as wind speed and wind direction. Bivariate concentration polar plots and k-means clustering 

techniques were found to be useful in visualizing the source characteristics of the different 

pollutants. Combining these two techniques not only helped to model and identify pollutant 

sources but also provided more in terms of physical insight than is normally achieved using an 

ANN modelling approach. 

Ultimately, the techniques proposed here provide significant benefits in modelling and in 

understanding the source characteristics of air pollutants in a country where air quality 

management is carried out on a limited budget with few meteorological and air quality 

measurement sites, and without the need for detailed emission inventories required for the 

implementation of complex physically-based dispersion models. 
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Table 6.5 Definitions of statistical parameters used for comparing models 

Statistical Parameter Description Mathematical function 

Index of Agreement 

(IA) 

Provides an overall indication of model 

quality 

2C                         

,1

,1

1 1

1

1

1 1
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Normalized mean 
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Indicates the extent of over or 

underestimation of the model. Useful for 

comparing model performance across 

several pollutants of different ranges 
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Chapter 7. Conclusions and significant outcomes 

 

A review of the literature on current air pollution modelling techniques reveals that many of the 

theoretical approaches to air pollution dispersion modelling (such as the commonly-used 

Gaussian approach) require a large number of simplified assumptions concerning pollutant 

behaviour to be made, ultimately restricting the usefulness and accuracy of the model output. In 

most situations, the emission source profiles are created using many simplified assumptions.  

Even if a detailed emission inventory is obtained, other stochastic processes in the atmosphere 

make it difficult to mathematically model all aspects of the dispersion process. Advanced models 

that consider many of these aspects require a understanding of the fine detail of dispersion 

processes, and the scope of such models is to develop source receptor relationships. Though such 

models have the potential to successfully simulate atmospheric processes, the practical 

application of such techniques is limited due to their extensive data requirements. The literature 

suggests that a major drawback of the statistical approach is its inability to be able to describe its 

mathematical relationship from a physical point of view and the inability to give any insight into 

the emission source characteristics or be able to be used to interpret the physical parameters 

governing the dispersion of the pollutants. In current statistical models, the relationship between 

the meteorology and concentrations is relatively underexplored, and the ability of this 

relationship to apportion site-specific source contributions is not well understood.  

To address the above gaps, this thesis concentrates on semi-empirical and statistical modelling 

techniques, motivated by the belief that a physical function that describes atmospheric 

phenomena mathematically, while at the same time trained on site-specific data, would give 

reliable forecasts as well as allowing for some physical interpretation of the site-specific 

dispersion processes. Hence, the study has been conducted on site-specific analysis and the 

modelling of concentrations based on a physically-based model (SOSE) and a non-linear 

statistical technique (ANN) that is based on a casual relationship between the pollutant 

concentration and predictor variables. Both models are built on model parameters optimized on 

site-specific data.  
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7.1. Conclusions and significant outcomes 

7.1.1. Reliability of SOSE and ANN models for modelling site-specific 

concentrations 

The first research question asked about the degree to which the hourly concentration of pollutants 

in Auckland can be explained using simple meteorological variables with the help of SOSE and 

ANN modelling techniques, and what predictor variables should be used to account for the 

seasonal, daily and hourly variability in the strengths of the emission sources.  When SOSE and 

ANN models were applied to a site adjacent to a highway in Auckland, both models were capable 

of simulating well the concentration of gaseous pollutants, such as NO2 and CO, in this urban 

sites affected by the local traffic. The obtained model performance statistics are summarized in 

Table 7.1. The statistics show that the ANN model slightly outperforms the SOSE model. Both 

models simulate poorly the PM10 concentrations observed at the study site. When the 

performance statistics are compared with the results of simulations made using the 

RAMS/CALMET/CALPUFF modelling system for a Christchurch, New Zealand study, the r 

values obtained were 0.54, 0.67, 0.49 and 0.77 for the four stations for PM10 (Barna and Gimson 

2002). The results of this study using simple meteorology and emission characteristics are 

considered to be reliable based on the results presented. 

Table 7.1 Summary of the performance statistics of the SOSE and ANN models for predicting 

hourly average concentrations of NO2, CO and PM10. The statistics were calculated based 

observations; the linear relationships between the observed and predicted values for all pollutants 

are highly significant with p < 0.005). 

Pollutant SOSE model ANN model 

R RMSE r RMSE 

NO2 0.80 6.44 0.87 5.84 

CO
*
 0.84 0.50 0.84 0.48 

PM10 0.71 7.46 0.66 8.2 

*
For CO, the unit for RMSE is  mg/m

3
 while for other pollutants it is mg/m

3
. 

It was also identified that the prediction accuracy of the ANN model developed for NO2 and CO 

can be improved by including other meteorological parameters (such as temperature and solar 
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radiation) as inputs to the ANN model. Seasonal, daily, hourly variations in concentration, as well 

as the effect of upwind/downwind wind patterns on concentration, are well taken into account by 

sorting the data accordingly during the training process of both models.  In other words, by 

implementing this data stratification technique, the models pick the temporal variation in 

emission sources without the need to include the emission rate of the pollutant into the model. 

However, provision is given in both models to include emission rates if such data are available. 

7.1.2. Identifying the most influencing predictor variable through 

sensitivity analyses 

The next analysis was aimed at identifying which predictor variables exert the most influence 

over predicted concentrations, and the relative influence of different predictor variables on 

different pollutants/sites in Auckland. This has been demonstrated using a case study that models 

NO2 concentrations using the ANN modelling technique. The results revealed that, by choosing 

inputs to represent monthly, daily and hourly emission patterns and relationships to wind speed, 

wind direction, atmospheric temperature, relative humidity and solar radiation, a simple ANN 

model can give reliable predictions of NO2 concentrations (explaining more than 80% of the 

variability in concentrations), and forecasting for the following year explaining more than 70% of 

the variability in the concentration. The model is able to reliably detect the diurnal variation in 

concentration. Since these predictor variables are easily obtainable from routine monitoring 

networks, the developed model is of practical importance. Despite the fact that NO2 is a reactive 

species, surface winds are found to be the most influencing parameter in determining the ambient 

NO2 concentrations in Auckland, New Zealand. In addition, an ANN model that uses only the 

surface wind speed and direction as the meteorological parameters can be used to reliably 

forecast NO2 concentrations for subsequent years (explaining approximately 70% of the 

variability in concentration). It was also identified that, even if the ANN model had been trained 

using large blocks of data removed from the time series, the model could still reliably forecast for 

the same weeks of the consecutive year. This feature is useful for filling in the missing gaps in 

the data sets and for developing complete time series of concentration data for other applications 

such as pollutant trend analysis.  
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7.1.3. Identifying the most representing wind site using SOSE as the 

modelling tool 

In the next step, this study explored the ability of the SOSE model to identify the most 

representative wind site to be used for local-scale air pollution modelling applications when a 

choice of which wind site has to be made from a set of possible sites. The SOSE model was 

chosen for this exercise due to its computation simplicity relative to ANN as the model has to be 

run over multiple wind sites. The results not only support important aspects stated in the WMO 

and EPA meteorological monitoring guidelines but also provide quantitative model performance 

statistics for all of the available wind sites.  

According to the results of this analysis, selecting wind data that has been measured in close 

proximity to the air quality monitoring site is very important for reducing the prediction error of 

an air quality model, especially in situations where there is a great deal of spatial variability in the 

surface wind flows. However, co-location should not be a priority over the choice of an site 

located in an open area, free from local obstacles such as trees and buildings (See Appendix C, 

Figure C.1). Improved results can be obtained by siting the anemometer slightly further away in 

an open area that, as much as possible, complies with WMO guidelines. A monitoring height of 

10 m was found to be preferable to a lower height for modelling in suburban areas where the 

buildings are largely single-storey. If an open area cannot be found in close proximity for locating 

the anemometer, data from a nearby national weather station data has been found to result in 

reliable predictions. According to the results of this analysis, sites within 10 km resulted in 

reasonable model accuracy. However, not all sites within a 10 km radius performed well 

(Appendix C, Table C.1). Sites with wind data recording similar wind directions and a similar 

fraction of data from each direction to the most representative site also tended to result in good 

predictions; the best model predictions produced the following model statistics: r = 0.81, 

RMSE=4.61 g/m
3
 for NO2. The intensity variations due to a weakening of wind speeds did not 

result in a significant difference in the prediction accuracy of the SOSE model as long as the 

consistency of the wind pattern was maintained. However, other physically-based models would 

require a correction to the wind speed to be made to account for the weakening effect due to the 

surface roughness.  
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7.1.4. Separation of the background source contribution and 

interpretation of the physical parameters governing the dispersion using 

the SOSE model 

The previous analysis revealed that a large amount of the variability in concentration can be 

explained by the wind speed wind direction, along with data stratification across various time 

scales, as mentioned previously. As the next step, based on the physically-based SOSE model, 

this thesis presents a novel technique for separating the wind dependant source contribution of 

gaseous pollutants from the background source contribution based on air quality data from one 

monitor, and simple wind speed and direction data. The results suggest that the estimated 

background contribution was reliable when compared to representative upwind measurements. 

The advantage of this technique compared to other techniques is that it derives background 

concentrations from a semi-empirical model and does not require data from an additional upwind 

monitor. Since time-variation effects of the sources are taken into account in the model, the 

hourly variation of the road contribution can also be analysed.  Estimates of the contribution a 

road makes to the air pollution levels, isolated from the background sources are helpful in terms 

of understanding the changes in road emission sources.  The technique is potentially transferable 

to situations such as intersections and arterial roads. Used in conjunction with better emission 

inventory and meteorological phenomena, this could help in understanding the impact of multiple 

road sources on air pollution concentrations. Ultimately, it provides a cost-efficient way of 

estimating the contribution of a specific road to the overall air pollution levels post construction.   

By including emission rates into the SOSE model, the time variation of the box height has been 

obtained for different pollutants. Obtaining comparable box heights for NO2 and CO by applying 

the SOSE model independently of these pollutants further validates the emission factors used for 

these pollutants. Figure 7.1 is evidence that the average diurnal variation in the box height 

obtained from the SOSE model is comparable to the mixing height profile obtained for this 

particular site using acoustic sounder measurements (data obtained from the Auckland Council). 

In particular, the peak mixing height and its temporal scale are correctly identified by the SOSE 

model. The increase in the SOSE-estimated box height at 6 am could be an effect of traffic-

generated turbulence and thermal inversions. However, the night-time uncertainties need further 

investigation.  
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Figure 7.1 Estimated diurnal variation in the ‘BoxHeight’usingtheSOSEmodelcomparedto

the average profile from Acoustic Sounder measurements from a nearby site for a different year 

(Data for the same year are not available) 
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7.1.5. Identifying different source characteristics using the ANN 

modelling technique coupled with other analytical techniques 

 

The artificial neural network modelling technique has helped to understand the extent of the 

variability in concentrations that can be explained by the governing meteorological variables such 

as wind speed and wind direction. Bivariate concentration polar plots and k-means clustering 

techniques were found to be useful in visualizing the source characteristics of the different 

pollutants. Combining these two techniques not only helped to model and identify pollutant 

sources, but also provided more physical insight than is normally achieved using an ANN 

modelling approach. 

The outcomes of this analysis suggest that the artificial neural network modelling technique can 

be used to extract knowledge on site-specific and pollutant-specific dispersion mechanisms for a 

given scenario using data from a single monitor. It also reveals that more insight into such 

identified relationships can be obtained by studying the bivariate relationship between the 

concentration and the governing meteorological parameters, and by the clustering of the similar 

features of this relationship. This technique has allowed the identification of the source 

contributions (home heating and marine aerosols) using relatively simple information with no 

additional costly chemical analyses. The inclusion of cluster rankings as an input parameter to the 

ANN model improved the performance of the ANN time series model for predicting PM10 and 

PM2.5 concentrations. While in the present study the model is tested on only a limited number of 

commonly-measured urban pollutants, it is anticipated that the method proposed is transferable to 

any pollutant to help in understanding its source complexity. Moreover, the proposed technique 

may help to identify what further analysis, for example the emission testing of road vehicles or 

receptor modelling studies, should be conducted for any particular air quality issue. Ultimately, 

the techniques proposed here provide significant benefits in modelling and in understanding the 

source characteristics of air pollutants in a country where air quality management is carried out 

on a limited budget with limited meteorological and air quality measurement sites, and without 

the need for the detailed emission inventories required for the implementation of complex 

physically-based dispersion models.  
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7.2. Limitations and future improvements 

It has been identified by many studies that modeling of particulate matter concentrations is a very 

challenging task. The models presented in this study also failed to understand the variation of 

these concentrations in the atmosphere with a greater accuracy.  

Table 7.2  Model performance accuracy of the models studied compared to several other modelling 

approaches for modelling PM10 and PM2.5 

Study 

Pollutant 

Forecasting 

horizon 
Inputs PM10 PM2.5 

IA r2 IA r2 

Voukantsis et al. 

(2011) 

0.792-

0.89 

0.472-

0.639 

0.764-

0.851 
- 

24 in 

advance 

Meteorological data at time t and t+24 hours 

and concentrations data of other pollutants at time t and 

t+24 hours. 

Hrust et al. (2009) 
0.75-

0.91 

0.33- 

0.72 
- - 1-97 hours 

Meteorological and pollutant concentrations averaged 
over 1-97 hours 

Different averaging times for different met. Parameters 

and concentrations 

Grivas and 

Chaloulakou 
(2006) 

0.8 – 

0.89 

0.5-

0.67 
- - 

24 in 

advance 

Meteorological and time scale parameters at time t and 

t+24 hours 

Niska et al. (2005) - - 
0.57-

0.85 
0.17-0.57 

24 in 

advance 

Meteorological data at time t and t+24 hours 

Met data are obtained from the HIRLAM , numerical 

weather prediction model  preprocessor 

Kukkonen et al. 

(2003) 

0.76-

0.91 

0.34-

0.70 
- - 

24 in 

advance 

Meteorological and time scale parameters at time t and 

t+24 hours 

Cope et al. (2004) - 
0.57-
0.65 

- - 
24-36 hours 
in advance 

Emission inventory data and pre-processed met. 
parameters from a NWP model 

The models 

presented in the 

thesis  

0.58-
0.67 

0.4-
0.56 

0.67-
0.72 

0.6-0.64 One year Locally measured meteorological parameters only 

  

The model performance statistics for PM10 and PM2.5 compared to some of the important ANN 

approaches as chemical transport modeling approaches are given in Table 7.2. Even though some 

of these ANN studies have obtained higher model prediction accuracies the main disadvantage of 

such techniques is the small forecasting horizon that is predictions can be made only 24 hours in 

advance and not suitable to use as a modeling tool to predict the missing concentrations in routine 

data. If forecasted meteorological data can be obtained even couple of days in advance, both 

ANN and SOSE techniques can be used to predict the concentrations in the atmosphere. 
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A number of limitations associated with the modelling approaches researched in the present study 

needs to be considered. Firstly, the proposed techniques are unable to be used to estimate the 

drop-off in concentration with increasing distance from the road based on data from a single 

monitor. However, if data are available from multiple sites, then it becomes possible to quantify 

this rate of drop-off and the spatial distribution of concentrations. Likewise, the modelled 

concentrations and the relative source contributions are site specific. Therefore, models need to 

be constructed and trained for each air pollution measurement site when constructing a 

forecasting network.With the input variables considered in this study, the model cannot be used 

to analyse various air pollution abatement scenarios for the future years. However, if the emission 

rate of pollutant is one of the input parameters, a technique such as sensitivity about the mean 

analysis can be used to simulate the concentrations resulting different emission patterns in future 

years (assuming the relationship to meteorological parameters remain the same year to year)  

Another major limitation of the proposed techniques is their inability to account for intermittent 

buoyant plumes (sporadic emissions) such as emissions from bush fires.  However, there is 

potential for a such a model to help in the identification of such anomalies as deviations from the 

expected concentrations.  The basic function of the SOSE model is designed for ground level 

sources that attribute an inverse relationship between the concentration and the wind speed. Both 

SOSE and ANN models are trained for a site-specific diurnal variation in the emission pattern. 

The proposed techniques are therefore only transferable to urban and suburban city environments 

where traffic emissions dominate the emissions sources or perhaps in situations where there are 

other sources that display consistent (different) diurnal patterns. 

In the absence of the road emission rate ( lQ ), the SOSE model estimates the fractions of the road 

contribution and the background contribution based on the slope parameter ( 1. zQl  ) and 

intercept ( lC ) of the model. These are calculated assuming that the emission rates take on a 

unique temporal pattern (throughout each 10-minute interval of each hour) on weekdays and 

weekends separately. This can lead to uncertainties in the SOSE estimates when the actual 

emission rates deviate from this behaviour. This uncertainty can be reduced by providing the 

model with actual emission rates ( lQ ). However, the accuracy and the time scales of these 

emission factors needs to be carefully analyses as errors in emission rate calculations can 

seriously affect the model performance. A comparison of model estimated box heights (between 
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pollutants and sites), derived after introducing emission rates to the model, can be used as a tool 

to identify the inconsistencies in the emission rate estimates. Variations in the hourly emission 

rates resulting from changes in traffic counts and fleet compositions in special situations such as 

public holidays and seasonal variations in emissions can be incorporated into the model by 

partitioning the data accordingly and applying the model to the partitioned data separately when 

modelling with longer time series. 

The technique could serve well for a site that is significantly affected by local sources displaying 

a diurnal/weekly pattern (with strong source signals such as observed with NO2) compared to 

distance sources that display aperiodic behaviour. It will also serve well for a site which is greatly 

affected by a distant source which has a specific diurnal pattern, such as would be expected from 

an airport, as was the case in Carslaw et al. (2006). The sensitivity analysis revealed that 

particulate matter concentrations are also sensitive to solar radiation and air temperature. Hence, 

there could be non-linear patterns associated with these parameters along with wind speed and 

direction parameters analysed in this study, and the k-means clustering linear approach would not 

have identify them . A technique such as self-organizing maps (SOM) may be useful in 

identifying such non-linear patterns in data. Such techniques could usefully be explored as an 

extension to the present study. The general applicability of the proposed modelling technique 

could also be explored further by testing it on other sites either in New Zealand or elsewhere. 

Some future improvements to the models are worth mentioning. Atmospheric turbulence is a 

crucial factor in dispersion of pollutants in the atmosphere. Inclusion of a turbulence factor 

derived from routine data could further improve model’s ability to describe the site specific 

dispersion mechanism. Further the effect of urban terrain and land use characteristics can be 

included by including some means of a land use factor in the model. Another improvement would 

be running both SOSE and ANN models according to different wind clusters identified from a 

technique such as k-means clustering to better represent the mechanism governing according to 

each cluster. Since inaccuracies of modelling PM10 is mainly due to coarse fraction of particles 

(difference between PM10 and PM2.5 fractions) modelling the coarse fraction along would be a 

worth future exercise.   

In the present study, the ‘guesses’ in the cluster rankings for the test data set (which assumed that 

that concentration measurements are not available) were inserted manually by marking the wind 

speed and wind direction on the cluster map. This process could be automated using a 

computerised routine. Cluster analysis needs to be performed case by case using a heuristic 
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approach to deciding on the number of clusters needed to extract the source signals. This process 

is subjective and potentially time consuming. The development and training of a large number of 

ANN models to obtain the optimized model parameters is also computationally intensive. These 

can be considered as major drawbacks to the proposed technique. Fuzzy c-means with automated 

definition for the number of clusters could be useful for removing the subjectivity in finding the 

number of clusters (Samarasinghe 2006).  However, its applicability to this specific scenario 

needs further investigation. Moreover, the proposed technique is not applicable when source 

signals from several distant sources come from the same direction under the same wind speed 

conditions (for example, marine aerosols and emissions from an industrial source from the same 

direction). 

7.3. Practical advantages of the proposed modelling techniques 

The main practical advantage of these two modelling techniques is its use for estimating 

concentrations when observations are absent due to periods of calibration or instrument failure as 

well as for forecasting future events under different meteorological conditions, weekday/weekend 

and upwind/downwind situations. An assumption is that the emission pattern from the road 

source has remained unchanged. If several monitors can be employed downwind of a source to 

train a model, it is possible to use the trained SOSE and ANN models for each of these points 

downwind to identify the spatial variation in concentration downwind of the source in the 

absence of the monitors.  

Since the ANN modelling technique optimizes a casual function based on the selected inputs, the 

optimized function can be used to understand the relative contribution of different predictor 

variables and provide insight into the concentration-meteorology relationship so that the source 

contributions can be understood. The physical function of the SOSE model gives provision to 

understanding if the wind speed and wind directions used are representative of the study location. 

It could further help in separating the road contribution from the background source contribution.  

Particularly in developing countries where air quality issues from a particular road on the local 

neighbourhood are to be assessed, a single air quality monitor can be swapped between sites 

while maintaining only surface wind measurements (anemometer) for the whole period and a 

trained SOSE or ANN model used to predict concentrations for a particular site while the air 

quality monitor is deployed at another site. The diurnal variation in the mixing heights and 

background concentrations estimated using SOSE can also be used in a Gaussian-type or 
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chemical transport model with the availability of detailed emission inventories to assess the 

special distribution of pollutants. The proposed integrated modelling framework for applying 

these two modelling techniques in an environment with limited resources is represented 

graphically in Figure 7.2. 

The SOSE model could be chosen over the ANN model for its computation simplicity and its 

physical basis which gives it the ability to estimate site-specific background concentrations and 

box heights. However, if data are available on influencing meteorological parameters other than 

wind speed and direction (such as solar radiation, temperature, mixing height measurements, and 

cloud cover), an ANN model (assisted by genetic optimization techniques) may provide more 

reliable forecasts. With the help of user-friendly commercially-available computer platforms, 

neural network model development has become relatively accessible.   

 

 
 

Figure 7.2 Proposed integrated framework for applying the SOSE and ANN modelling 

techniques to assess the contribution of a particular road to the local neighbourhood. 
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Appendix A 

 

Format of SOSE model parameters calculated for pollutants 

siteID  Identification number given to the site (for example 300 = 25 Deas Place) 

     

DayType  WEEKDAY = 1; WEEKEND = 2 

         

isDownWind (whether the site is downwind) 

    1 = true,  

    0 = false 

     

PollutantID 

    CO=12;    

    NO=13; 

    NO2=14; 

    NOX=15; 

    PM10=16; 

 

Hour  in the range [0 - 23] 

     

Minute in the set of [0 10 20 30 40 50]  

     

Slope Q/ΔZ  (in units so that CO is in ppm) 

     

Intercept  Cb    ppm of CO 

     

Box Height  m 

 

Intercept2  Cb  g/m
3
 (although calculated independently this should be same as Intercept above except for the 

difference in units. 
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Table A.1 Format of the SOSE model parameter output from the above MATLAB programme 

siteID DayType isDownWind PollutantID Hour Minute Slope Intercept Box Height Intercept2 

300 1 1 12 0 0 2.47E-01 3.07E-01 1.35E+01 3.53E+02 

300 1 1 12 0 10 3.37E-01 2.37E-01 9.86E+00 2.72E+02 

300 1 1 12 0 20 5.39E-01 7.28E-02 6.16E+00 8.37E+01 

300 1 1 12 0 30 1.83E-01 3.95E-01 1.81E+01 4.54E+02 

300 1 1 12 0 40 2.80E-01 2.03E-01 1.19E+01 2.34E+02 

300 1 1 12 0 50 1.96E-01 2.93E-01 1.69E+01 3.37E+02 

300 1 1 12 1 0 2.10E-01 3.79E-01 9.67E+00 4.35E+02 

300 1 1 12 1 10 2.54E-01 1.32E-01 8.00E+00 1.52E+02 

300 1 1 12 1 20 4.05E-01 0.00E+00 5.02E+00 0.00E+00 

300 1 1 12 1 30 2.12E-01 1.52E-01 9.59E+00 1.74E+02 

300 1 1 12 1 40 2.17E-01 1.67E-01 9.36E+00 1.92E+02 
. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

          

300 1 0 12 0 0 3.64E-01 1.44E-01 9.12E+00 1.66E+02 

300 1 0 12 0 10 3.21E-01 1.59E-01 1.03E+01 1.83E+02 

300 1 0 12 0 20 3.56E-01 1.85E-01 9.32E+00 2.13E+02 

300 1 0 12 0 30 1.76E-01 3.07E-01 1.89E+01 3.54E+02 

300 1 0 12 0 40 2.22E-01 2.57E-01 1.50E+01 2.95E+02 

300 1 0 12 0 50 1.49E-01 3.50E-01 2.23E+01 4.03E+02 

300 1 0 12 1 0 6.33E-01 0.00E+00 3.21E+00 0.00E+00 

300 1 0 12 1 10 4.17E-01 1.30E-01 4.88E+00 1.49E+02 

300 1 0 12 1 20 4.50E-01 6.45E-02 4.51E+00 7.42E+01 

300 1 0 12 1 30 5.51E-01 0.00E+00 3.69E+00 0.00E+00 
. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

          

300 2 1 12 0 0 7.98E-01 0.00E+00 9.49E+00 0.00E+00 

300 2 1 12 0 10 5.47E-01 7.48E-02 1.54E+01 1.66E+02 

300 2 1 12 0 20 7.99E-01 0.00E+00 8.43E+00 0.00E+00 

300 2 1 12 0 30 4.96E-01 0.00E+00 1.59E+01 2.58E+01 

300 2 1 12 0 40 5.48E-01 0.00E+00 1.28E+01 0.00E+00 
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300 2 1 12 0 50 8.17E-01 0.00E+00 8.76E+00 0.00E+00 

300 2 1 12 1 0 2.74E-01 3.75E-01 1.54E+01 4.00E+02 

300 2 1 12 1 10 6.78E-01 3.37E-02 7.02E+00 7.14E+01 

300 2 1 12 1 20 1.06E+00 0.00E+00 4.31E+00 0.00E+00 

300 2 1 12 1 30 9.32E-01 0.00E+00 4.97E+00 0.00E+00 
. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

300 2 1 12 2 20 9.62E-01 0.00E+00 3.55E+00 0.00E+00 

300 2 1 12 2 30 5.18E-01 1.42E-01 6.90E+00 1.82E+02 

300 2 1 12 2 40 5.80E-01 2.66E-02 5.76E+00 7.22E+00 

300 2 1 12 2 50 7.71E-01 0.00E+00 4.47E+00 0.00E+00 

300 2 1 12 3 0 3.05E-01 1.83E-01 1.07E+01 2.11E+02 

300 2 1 12 3 10 2.95E-01 2.41E-01 1.11E+01 2.78E+02 

300 2 1 12 3 20 2.35E-01 1.19E-01 1.39E+01 1.38E+02 

300 2 0 12 0 10 1.20E+00 0.00E+00 6.49E+00 0.00E+00 

300 2 0 12 0 20 1.17E+00 0.00E+00 6.41E+00 0.00E+00 

300 2 0 12 0 30 1.15E+00 0.00E+00 6.27E+00 0.00E+00 

300 2 0 12 0 40 1.14E+00 0.00E+00 6.55E+00 0.00E+00 

300 2 0 12 0 50 8.29E-01 3.51E-02 9.92E+00 9.19E+01 

300 2 0 12 1 0 8.81E-01 0.00E+00 5.28E+00 0.00E+00 

300 2 0 12 1 10 5.42E-01 0.00E+00 8.14E+00 0.00E+00 

300 2 0 12 1 20 5.53E-01 0.00E+00 8.12E+00 0.00E+00 

300 2 0 12 1 30 5.65E-01 0.00E+00 8.02E+00 0.00E+00 

300 2 0 12 1 40 6.85E-02 2.95E-01 6.64E+01 3.37E+02 

300 2 0 12 1 50 1.49E-01 1.88E-01 2.98E+01 2.09E+02 

300 2 0 12 2 0 7.01E-01 0.00E+00 4.83E+00 0.00E+00 
. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 

. . . . . . . . . . 
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Appendix B 

 





























































4591.18556.07985.105852.09424.00428.01807.06340.0

7363.04125.05263.01635.00185.05313.01921.00339.0

6498.01907.04473.01655.02640.07226.05929.31248.0

2235.00075.06690.00683.00560.00394.07727.10492.0

4995.02815.04642.00039.00495.02938.02212.00435.0

4127.10739.00055.00272.08519.00262.0094.10641.0

4470.02422.03750.00096.00815.00953.01429.00524.0

3140.16792.04928.02791.01163.00621.02982.07459.1

0269.11514.06946.00097.03507.08002.04741.31082.0

2980.01196.03691.00073.00340.00402.0145.104175.0

ijW  

 3015.09092.06669.08196.21048.38022.04547.52507.06308.04343.4 jW  

Figure B.1 Best Saved weights of a trained ANN model with 10 hidden neurons to predict NO2 

concentration using the shown inputs in the above diagram. 
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Appendix C 

 

 

 

 

Figure C.1 Wind data from site (a) and (c) which are open sites with an anemometer height of 10m 

gave good SOSE model performance while wind data from site (b) and (d) surrounded by urban 

structures gave poor model performance. 
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Table C.1 Summary of comparison of SOSE modelling results with data from different wind sites. 

  

Wind Site 

LS DPR 25DP 

Pollutant site RMSE r RMSE R RMSE r 

LS 

CO 0.43 0.72 0.81 0.55 0.69 0.58 

NO2 4.42 0.7 11 0.52 6.49 0.53 

NOx 38.04 0.72 77.55 0.56 60.66 0.59 

PM10 9.51 0.5 11.85 0.34 12.07 0.41 

DPR 

CO 0.32 0.59 0.63 0.4 0.42 0.49 

NO2 7.17 0.81 12.98 0.71 9.88 0.71 

NOx 58.26 0.76 120.51 0.56 88.37 0.64 

PM10 10.99 0.53 13.38 0.35 13.29 0.45 

25DP 

CO 0.34 0.75 0.7 0.51 0.67 0.55 

NO2 4.61 0.81 13.09 0.52 9.23 0.57 

NOx 36.32 0.78 107.24 0.51 81.01 0.62 

PM10 11.61 0.67 18.64 0.45 18.11 0.48 

 

  Best Wind Site 

 

LS = Luke street, DPR = Deas Place Researve, 25DP = 25 Deas place, the three sites on sides of 

Southern Motorway, Auckland 
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