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Abstract 

Exposure to air poilution has become an exceedingly inescapable part of urban 

living. An important facet of the control and abatement of urban air pollution (UN) is 

the use of modelling. Current m o d e h g  techniques generally use mathematics to 

describe transport and dispersion mechanisms of pollutants, and predict their levels at 

given locations away fiorn a source. However, due to mathematical constraints, these 

models have limited success in dealing with complex airsheds containing many point and 

non-point sources of UAP. 

Artificial Neural Network (ANN) modelling is a technique that effectively models 

non-linear type processes, such as those goveming complex urban air polIution situations. 

The objective of this study was to investigate the use of ANN to mode1 UAP, namely 

oxides of nitrogen, in the Strathcona Industrial Area, east of the City of Edmonton. This 

study found that ANN is a prornising and effective technique for modelling hourly oxide 

of nitrogen fluctuations in an urban environment. 
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1 .O Introduction 

1.1 Inesis Organisation 

This document reports on the feasibility of using of Artificial Neural 

Networks to model h a n  air pollution in the form of hourly oxides of nitrogen in the 

Strathcona Industrial Area of the City of Edmonton. It is split into 5 major sections. 

In the h t  section a brief introduction of this topic is given. The second section 

contains a detailed Literature review analyshg facets of h a n  air pollution (UAP) 

and Amficial Neural Network (ANN) modelling. It also contains information fiom 

literature pertaining more specifically to aspects of the problem at hand. The third 

section looks at the detailed modelling process of this study, outlining the methods 

used in the different stages of modelling. The fourth section of this document 

discusses a sensitivity analysis of the developed model. The fi& section provides 

general conclusions as well as  recommendations for friture research in the area. 

1.2 Praject Background and Sunzmary 

The modelling of UAP is an important facet of air pollution control and 

abatement. Models provide a means of predicting and forecasting mesures of urban 

air quality. Current techniques used for modelling UAP use dispersion 

characteristics of poliutants to predict pollutant levels at locations away nom defined 

sources. They work well in relatively simple situations with few sources in 

consideration. However it is very difficult for these models to handle the 

mathematics in an airshed with many point and non-point sources of UAP. 

This study investigates and presents the results of applying ANN rnodelling 

to an airshed in the City of Edmonton, Alberta The airshed comprises of an area 



containing industries such as oil refinenes and power plants, and a residential zone. 

The Strathcona Industrial Association (SIA), consisting of ten industry members, has 

monitored air quality in and around the airshed since 1979. Currently, seven 

continuous air monitoring stations and twenty-one static air monitoring stations are 

operated by the SIA, and they measure many common air quality indicators, 

including NO, (oxides of nitrogen). Hourly NOx was chosen to be the output 

parameter for this study because data are readily available and it has diverse sources, 

p ~ c i p a l i y  nom the transportation and industrial sectors. Of particula. interest to 

this study was attempting to determine the innuence of t d c  volumes in the airshed 

on observed hourly NOx levels. 

The rqroduction of NOx concentrations by the model requires a vari :ty of 

input data to be evaluated over the same t h e  period. This includes Local 

meteorological data (wind speed, wind direction, atmosphenc stability, temperature), 

industrial emission data, and local trafic flow data in the airshed. Meteorological 

data sets were available fiom Environment Canada monitoring stations, industrial 

emission data were available fiom SIA members, and trafic flow data were available 

fiom the City of Edmonton Transportation Department and the County of Strathcona 

Engineering and Environmental Planning Department. 

ANN modelling is a technique that offers advantages in modelling non-hear 

type processes such as those that govern complex urban air pollution situations. 

ANN modelling uses historical data and then extrapolates and "leams" the patterns 

that occur between given inputs and outputs of the model. The method is a 'Wack- 

box" method, where equations describing the complex situations are not known or 

required. Therefore, ANN may be suitable for air pollution modelling of situations 

where the governing equations are too complex to solve or expensive to derive. 



1.3 Research Objectives 

The main objective of this study was to assess the feasibility of using ANN to 

model UAP in the Strathcona Industrial Area As part of this objective, another 

objective of this study was to apply ANN modelling to reproduce ambient hourly 

NO, concentrations measured at a selected monitoring station in the Strathcona 

Industrial area The ANN model developed provided a mapping between model 

input parameters (the parameters that afféct the hourly NO, concentration at a 

monitoring station) and the hourly NO, concentration reported at the monitoring 

station. The study modelled hourly NO, concentrations so that distinct variations of 

levels during a &y could be seen. The last objective of this study was to use the 

results of the ANN model to provide a means of evaluating the effect of proposed 

control measures on urban air quality in the monitored area. Specifically, a 

sensitivity analysis was done to evaluate how sensitive hourly NO, readings in the 

area were to motor vehicle t r a c  counts on roadways directly adjacent to the air 

monitor. 



2.0 Literature Review 

2.1 Organkafion of Literuture Review 

This literature review comprises of three main areas: ANN modelling, UAP, 

and an investigation of information more specific to the study at hand. As an aside, 

it is noted that there were very few references that encompassed both ANN 

modelhg and UAP at the same tirne, as the application of ANN modehg  to UAP 

is a relatively new undertaking. 

The literature review of ANN modelling had to be general as well as specific 

to environmental engineering applications. Topics such as a history of ANN, general 

artificial intelligence modelling, types of leamhg and training in ANN models, and 

designing with various model architectures were al1 examined. Successful 

applications of ANN modelling were also investigated. 

In exploring UAP for the purposes of this literature review, it was important 

to search out general infornation as well as information specific to the Edmonton 

region. Topics such as a history of UA. ,  measures of UAP, natural and 

anthropogenic sources of UAP, and current modelling techniques were all 

investigated. 

Finaily, the literature review contains information specific and pertinent to 

this study. Topics such as the selection of an appropriate output parameter, selection 

of model input parameters, and climatological and meteorological data for the City 

of Edmonton were ail investigated. 



2.2 Artpcial Neural Network Modelling 

2.2.1 Generai Overview 

Artificial Neural Network (ANN) modelling is a technique that falls in the 

subset of Artificial Intelligence (AI) modelling. AI modelling has corne to the 

forefiont as a viable modelling technique in many areas. AI systems have three 

general subsets, and those are knowledge based (expert) systems, fuPy-logic 

systems, and the aforementioned ANN systems. 

The knowledge based or expert systems use an extemal human judgement 

skill pool to determine a set of d e s .  These mles are then followed to solve the 

situations that are demonstrated in the data set. Typically then, the set of niles is 

quite site specific makhg transference to a n o t b  problem or site quite difficult. The 

fuzzy-logic technique encodes an arnbiguity into the decision making process and 

composes inferences eom the data set based on the fuzy logic procedure. In other 

words, a fact need not be tnie or false, but it can be mostly tme or mostly false. 

A .  models show strength in solving non-linear processes efficiently, 

accurately, and rapidly (Rege and Tock, 19%). Resurgence in the application of 

ANN modelling techniques is cwently in progress, in various fields of civil 

engineering and many other areas (Garrett, 1992). The ANN technique is unique in 

that is simulates the leaming process that takes place inside the human brain in an 

effort to leam patterns directly fiom the data set. The key facet of ANN models that 

makes them desirable is thek ability to leam patterns fiom a data set and apply these 

patterns to accurately forecast future events. An ANN mode1 comprises of 

intercomected neuron-type processing units. These neurons, known as percep trons, 

fùnction on recognition of patterns in a data set through use of computations such as 

threshold logic and summation (Zhang, 1996). Once interconnected with each other, 



the r e d t  is a highly powerful processor with the ability to self-organise and to leam 

from an extensive data set. 

ANN models work differently than traditional urban air models, which are 

based on mathematics or st atistical methods. A N '  models are essentially 

nonparametric regression models, or '8lack box" models. ANN models are not 

programme& nor do they have set fûnctions that attempt to approximate real-life 

situations. They leam directly fimm historical data, analysing the relationships 

between the inputs and the outputs of the situation at hand. They require significant 

howledge on the factors that impact the process being modeiled. Once the model 

has leamed nom the historical data, it can then be applied to forecast future events. 

ANN models offer advantages over other current modelling techniques due to 

their rapid infornation processing, and their ability to construct a map between the 

input factors and the output factors initially fed into the network This mapping not 

only provides a means for forecasting, it also gives a general idea of how important 

each of the inputs is to the model. 

It is important to recognise that ANN modeIs work best Ui certain situations, 

but may not be applicable in others. Successful applications of ANN modelling tend 

to fall in the following areas: 

1) The algorithm to solve the problem is unknown, cornplex, or expensive to 

discover. 

2) The heuristics or rules that are required to solve the problem are UnkIlown or 

difficult to express. 

3) There is a good base of data (in tems of quality and quantity) available for the 

given problem. 



Some areas where ANN may not be applicable are: 

1) Linear problems for which it would be much faster and easier to solve the 

problem using linear problem solving techniques. 

2) Problems where it is unknown as to what inputs may be affecting the output. 

3) Those problems which need precise mathematical computation. It is important to 

remember that ANN modelling can be seen as a black-box type approach. No 

information about the mathematics behind the effect of the inputs on the outputs is 

known. 

ANN applications are abundant in the realm of the stock market and are just 

now gaining acceptance into engineering, and in particular, environmental 

engineering. There are many examples of ANN applications in environmental 

engineering. Rege and Tock (1996) applied ANN modelling to esthate emission 

rates of H2S and NHo from point sources. Bomar et al. (1993) used ANN modelling 

for short t e m  predictions of ambient S 0 2  concentration in highly polluted industrial 

areas in Slovenio Zhang (1996) applied ANN modelling to the field of water 

treatment . 

2.2.2 ANN Mode1 Components 

ANN models esseotially consist of perceptros and the interconnections 

between them. The weights of the interconnections between the neurons or 

perceptrons m o d a  inputs into each of them (Danieu, 1 99 1). A simple neural 

network is conceptually composed of percep trons organised into an input Iay er, 

hidden layer(s), and an output layer. A simple neural network is show in Figure 1 : 



Figure 1. Schematic of a Simple Arti ficial Neural Network (modified h m  Zhang, 

The input layer is where the data are brought into the model. The data are 

transformed into an input pattern that can then be used by the hidden layer(s). The 

hidden layer(s) are where the majority of processing is done. The hidden layefis) 

then transfer a new pattern to the output layer, which in hun creates an output 

pattern. 



2.23 Learning and Training an ANN Mode1 

There are two distinct learning techniques that c m  be used by ANN models. 

One is known as supervised learning, and the other is known as unsupervised 

leamhg. In s u p e ~ s e d  learning, input and actual output data are available for 

leaming. This means that there is a set of input data and a set of actual output data, 

and the model can adjust itself and predict the output values based on the input 

values. The output pattern fiom the model can be used to readjust the input pattern 

to help the model improve its predictive ability. The model therefore l e m  nom 

itself and readjusts itself so as to get closer to the actual output values. In 

unsupervised learning, there are no available actual output values, so the model must 

make guesses and categories based on the inputs (Zhang, 1996). In other words, 

outputs are generated by the network during the course of training (DanieIl, 1 99 1). 

This type of leaming has limited applications in most engineering problems. AS data 

are available for the output parameter, NO,, supervised leaming was used for this 

study. 

In supervised learning, the training of the model occurs in phases. Initially, a 

detailed set of data consisting of input and output values is fed into the network- 

These data are split into three sets, the training set, the testing set, and the production 

set. The model uses the training set in the actual trainhg of the model. It then uses 

the test set to check the model and make corrections. The production set is kept 

separate fiom the leaming process and is used after the model is developed to mess 

mode1 performance on entirely new data that the mode1 has never seen before. The 

ANN model uses an attribute based object recognition technique (Zhang, 1996). 

Various levels of the different inputs to the model result in perceptrons being either 

stimulateci or not stimulated by each learning event. When stimulated, the pattern is 

recognised and stored for fiiture reference. 



S u p e ~ s e d  learnllig consists of the Generd Backpropagation (GB) technique 

and its variations. GB neural network models are known to be very effective at 

capturing the non-linear relationships that exist between variables in complex 

systems (Cote et. al., 1994). During the leamhg stage, the model outputs are 

compared to the achial outputs. The network leams fiom itself, readjusts interna1 

weighting factors, and attempts to predict again. This "%ackpropagation" minimises 

the mean square error between the generated output in the output layer and the 

desired or ideal output, from the data set (Boznar et. al., 1993). This technique makes 

adjustments to the hidden layers in a backward propagation to allow the ANN model 

to leam how to predict the output more effectively. 

This technique continues until the number of learning stages (epochs) reaches 

a specified value, or the error of the model output compared to the actual output 

reaches a desired minimum value. Variations of the GB technique are the recurrent 

network and jump comection network h these cases, there are some 

interconnections between the input and output layer perceptrons that bypass the 

hidden layer(s), and there are some backward connections that feed the data 

backward through the network. In these cases, the network may take longer to 

converge, but might model time-senes data more accurately (Zhang, 1996). 

23.4 Topology 

The input layer, output layer, and hidden layer design is refemd to as the 

topology design of the ANN model. Topology determines the number of hidden 

layers, the number of neurons in the hidden layers, the number of neurons in the 

input and output layers, the type of leamhg? and the type of functions that determine 

the weighting of the data in the network. Seleetion of the best topology for the 

system being modelled is an important component of the modelling process. Many 



factors make up the topology of the model. Therefore a systematic approach must be 

used to determine the characteristics of the ANN model that are important for a 

given modelling situation. In this study, factorial design concepts were used to 

assess model topology and its effect on model performance in Stage 1 of the 

modehg  process. More detail can be found in Zhang and Stanley (1997). 

2.2.5 Successful Applications of ANN Models for U A .  

As mentioned previously, environmental engineering applications of ANN 

modelling techniques are growing. In the realm of urban air pollution modeIlin& 

there are a few successful applications worth mentioning. Rege and Tock (1996) 

applied ANN modelling to develop a simple neural network to estimate emission 

rates of hydrogen sulphide fis) and arnrnonia (MI3) fiom single point sources. 

They used a supervised, simple backpropagation type model. The inputs used in the 

model were downwind distance, crosswind distance, wind speed, downwind 

concentration, atmospheric stability, ambient temperature, and relative humidity. 

They found that for the test set of data, the predictions of most emission rates ut xe 

fond  to be within 10% of measured values, with worst case predictions within 20% 

of measured values. 

ANN modelling was also applied to develop a model to predict ambient 

sulphur dioxide concentrations (S02) in highly polluted industrial areas with 

complex terrain in Slovenia (Bomar et. al., 1993). Traditional Gaussian type 

dispersion modelhg was attempted but was found ineffective due to the complexity 

of the problem, specifically in the interaction of the pollutants and the terrain. The 

results obtained showed promise for the use of ANN m o d e h g  to predict short-tenn 

concentrations of any urban air pollutant. On the bais  of these two papers and the 

fiterature review, the prospects of applying ANN modelling to predict NO, 

concentrations were positive. 



2.3 Urbun Air Pollution 

23.1 Definition and History of Urban Air Poliution 

Urban air pollution can be dehed as the infusion of poliutants into the air, 

from natural and authropogenic sources within an h a n  area This infusion can 

adversely affect human health, a e c t  animal and plant hedth, damage materials and 

structures, and cause an aesthetic nuisance in and around urban centres. Urban air 

pollution is a problem that has increased in the last century. From a global 

perspective, it is also a problem that will continue to grow in the fiiture due to the 

detrimental enWonmenta1 effects of the rapid onset of urbanisation and 

industrialisation. The United Nations Environment Programme and World Health 

Organisation estimate that by the year 2000,47% of the global population will be 

Living in h a n  areas (üNEP & WHO, 1992). This creates the potential for a 

significant increase in the levels of air pollution in the urban environment fiom 

industry, transportation, power generation, and other sources. This rapid influx of 

people into urban areas also causes a significant rise in the number of people that 

will be exposed to urban air pollution (UNEP & WHO, 1992). 

The study of urban air pollution as an environmental engineering issue is 

relatively new. Urban air pollution issues have their roots in England, the first area 

to undergo an industrial revolution that drastically affected air quality in an urban 

environment. The combustion of coal resulted in highly increased emissions of 

particulate matter and sulphur dioxide (Sol). The effects of these emissions on 

human health were quite pronounced in many cases. For example, an urban air 

quality episode during the industrial revolution in England in 1880 resulted in a 27 

percent increase in mortality during a two-week period. Another d a n  air quality 

episode resulted in 1300 excess deaths in a fourday penod of heavy fog (Henry and 

Heinke, 1989). In addition to the health effects of some of these incidents, there 

have been other associated effects, which inchde significaut damage to forest and 



crops, detrimental effects on animals, and damage to rnaterials. It is estimated that 

these effects have cost in the billions of dollars (Halvonen and Ruby, 1982). 

This has led the way to the development of standards for air quality. These 

standards attempt to control ambient air quality through setting Limits for emissions 

of certain air pollutants. Early emphasis in these standards was almost solely based 

on controllhg sulphur dioxide, nitrogen oxide, and particle counts in the air to a 

level that was safe for humans (Henry and Heinke, 1989). The British Clean Air act 

was passed in 1956, the US. Clean Air act was passed in 1963, and the Canadian 

Clean Air act was passed in 1971. Amenciments to these acts have followed, as more 

is understood about the cornplexit- of urban air pollution problems. It is important 

to note that the science of setting urban air pollution standards is still relatively new. 

Many of the instruments used to measure urban air pollution indicators have been 

developed in the 1s t  two decades. Therefore, as more is understood about the nature 

of UAP, many of the standards are continually changing. 

2.3.2 Urban Air Pollution ModeWng 

Pollutants that are emitted into the air undergo the processes of transport, 

dispersion, transformation, and wet and dry deposition (Lyons and Scott, 1990). The 

need to understand these physical and chemical processes and how they affect the 

ambient concentration of urban air pollutants has led to the development of urban air 

pollution models. 

Urban air pollution models can provide the user with a scientific means of 

relating source emissions to changes in the overall urban air quality. These models 

can be either empirical or deterxninistic. In an empirical model, measurements of 



gases and particles are done at the source and at the air monitor to estimate the 

contribution of the source to the readings at the monitor (Patrick, 1994). ANN 

models are purely empincal models, where the dationship between the inputs and 

the output are found by the model. Detenninistic models, which are the more 

commonly used in te= of air pollution modemg, use mathematical processes to 

mimic the physical and chemical processes that affect urban air pollutant levels. 

Deterministic urban air poilution models generally begin by analysing the 

physical processes of transport and dispersion in the atmosphenc boundary layer. 

Then, an understanding of the chemical processes and the removal processes that 

S e c t  air pollutants are incorporated. This Ieads to an air poliution model that 

accounts for many of the processes that afEct urban air pollutant levels, even if only 

in a broad sense. 

The complexity of the deterministic air pollution model depends on the 

number of processes that are simulated and the sophistication of the numerical 

methods employed (Lape, 1 994). Speci fically, air pollution models have been 

developed and applied in many variations of time -es and distances (Lape, 1994). 

The air pollution monitor location, or the location at which the predictions of air 

quality are to be made, cm Vary fiom a few metres to hundreds of kilometres fiom 

air pollution sources, depending on the model type. In other words, certain models 

cm be applied at very short distances or at far distances fkom the emission sources 

being considerd They cm be also be applied through time m e s  ranging nom 

hours to years (Lape, 1994). 

2.3.2.2 Guussian Plume Dispersion 

When a pollutant is released into the air, it generally has defined boudaries 

inside which it is contained. This is lcnown as the plume of the emission if the 



release is continuous, and a puff if the release is instantaneous (Lape, 1994). The 

key to traditional urban air models is in the modelihg of the dispersion and 

rnovement of pollutants h m  their source within the plume or puff. There are 

various ways that this can be approximated, and the most popular method is through 

Gaussian Plume Dispersion. This approximation assumes that the concentration of 

an urban air poliutant once it leaves a source spreads out in the shape of a normal 

distribution or bel1 cuve. According to Lyons and Scott (1990), the Gaussian 

fùnction provides a general description of average dispersion, because of the random 

nature of this phenornenon, by analogy with the central limit theorem of statistics. 

Figure 2 shows the Gaussian distributions in the horizontal and vertical directions. 

Figure 2. Coordinate System showing Gaussian Distributions in the Horizontal 

and Vertical Directions (modi fied nom Lyons and Scott, 1 990) 



The general equation of Gaussian dispersion is shown below (Lyons and Scott, 

1990): 

p concentration in gramdcubic metre m3] 
Y,Z = Cartesian coordinates 

Q =  source strength in grams Fyy] 
- 
u = mean wind speed CLJT] 

2 
G ~ =  variance of distribution of dispersing cloud in n direction [L~] 

h =  elevation of the source above the ground plane [LI 

The strength of Gaussian dispersion is in its ability to give a general idea of 

the concentration of urban air pollutants at various distances away nom the source. 

The wealaiess cornes fiom the implicit assumptions made when using Gaussian 

dispersion. These are identified in Lyons and Scott, 1990: 

1) A plume-dihion f o r d a  assumes that the release and sampling times are long 

compared with travel time nom source to receptor. If the release or sarnpling 

t h e  is short compared to the travel time then we are considering an 

instantaneous puffand cannot neglect diffusion in the direction of travel. This 

represents one of the ciifferences between continuous plume d i f i i o n  and puff 

diaision. 

2) The matenal diaised is a stable gas or aerosol (less that 20pm diameter), which 

remains suspendeci in the air over long periods of t he .  

3) The equation of continuity holds. That is, none of the matend emitted is 

removed h m  the plume and there is complete reflection at the ground. 

4) Except where specifically mentioned, the plume constituents are assumed to have 



a Gaussian distribution in both the crosswind and vertical directions. 

The Gaussian approach assumes steady-state conditions during the time interval 

for which the model is use& usually one hour. Of course, d u ~ g  rapidly 

changing meteorological conditions, such as the passage of a fiont or the arriva1 

of a sea breeze, this assumption does not hold. 

A constant wind speed, iT , is assumed. However, we have seen that wind speed 

increases with height near the surface. Hence for a moderate to strong vertical 

wind shear this assumption may introduce a considerable error. Furthemore, 

when the wind speed is variable, so no mean direction can be specified, and 

when the wind speed approaches zero, so the denominator in the Gaussian Plume 

equation approaches zero, the model canno t be applied. 

The surface-wind direction in the xy plane is assumed constant. This is a 

reasonable assumption for a unifonn mesoscaie area under steady conditions. 

However, hills and valleys have a profound idluence on the surface-wind 

direction and tend to charnel flow. 

The wind-shear effect on horizontal diffûsion is not considered. This is a good 

approximation over short distances, but it becomes significant at distances 

greater than 1 O h .  

The dispersion parameters a, and uz are assumed to be independent of z aiid 

fùnctions of x (and hence û ) alone. However, eddy diffusivity increases with 

height near the surface. When ü , CF,,, or 4 are considered independent of height, 

boundary-Iayer flow in the first several hundred metres may not be sirnulated. In 

addition a, and 4 are fhctions of surface roughness, so that for varying terrain 

(for example when the plume crosses a Iakeshore) they are not constant. 

10) The averaging tirne of al1 quantities (il , O,, 4, X ) is the same. 

Other dispersion prediction techniques have also been used. The most 

sophisticated techniques use numerical techniques such as h i t e  difference analysis. 

This analysis requires extensive data and computer resources, as well as technical 



expertise Kape, 1994). 

Gausaaa plume dispersion and other dispersion prediction techniques are 

what can be refmed to as a predictive approach. This approach uses mathematics in 

an effort to sirnulate the dispersion and transport of urban air pollutants. As 

mentioned before, the ANN modelling approach is an empirical approach, where 

simulation of the process is not used. What is used is an understanding of the 

relationship between the factors that affect urban air pollutants and the pollutants 

thernselves. 

2.3.2.3 Types of Traditionai Models 

Many of the dispersion models that have been developed can be classified as 

screening or refined models based on their level of refinement. Refhed models can 

be classified as climatological, the-series, mesoscale, or traffic @avies, 1984). 

1) Screening Models 

These rnodels address point sources of pollutants or point sources in 

combination with area sources and line sources. They are quick and fairly 

inexpensive models to use, and have the ability to generally distinguish between 

problem areas and non-problem areas. These models are designed to assist in the 

initial design of air quality management systems. They tend to overestimate the 

actual concentrations due to the assumptions made. Some examples of Alberta 

Enviromenta1 Protection (AEP) screening models used during the 1980's are the 

STACKS model, the FLARES model, and the PLUMES model. They were al1 

steady state Gaussian type dispersion models @avies, 1984). The USEPA currently 

uses a model known as SCREEN3. SCREEN3 allows the user to select one of a 

number of pre-set scenarios that fit the situation to be evaluated. The SCREEN3 

model allows the user to input the wind speed and stability, and can treat building 



downwash, buoyancy induced dispersion, fumigation, and plume impact on elevated 

terrain. It detemines maximum concentrations of urban air pollutants under worst- 

case scenario meteorological conditions (Lape, 1994). The "worst-case7' scenario is 

one that may not even occur for the situation being modelled. However, by 

evduating this 'bvorst-case," the model provides a quick method of identifjmg if the 

situation codd be a problem. The United States Environmental Protection Agency 

(USEPA) approaches modelling using a tiered approach, which allows the user to 

begin with a simple anaiysis and move into more complex analyses where needed. 

2) Climatological ModeIs 

As with the screening models, the climatological models address point 

sources, area sources, andlor Line sources. These models use general meteorological 

data to try to determine the short-term a d o r  long-term urban air quality impact of 

various pollutant discharges. The generalised meteorological information includes 

things such as  general wind direction, general wind speed, and generai stability of 

the overlying air mass. Some examples of AEP climatological screening models 

used are the SULDEP model and the SULDEPZ mode1 which both use a rectangular 

plume model to detemine the distribution of sulphur deposition nom a conventional 

stack. Note that some of the s impl iwg assumptions made in these models are that 

there is flat terrain and that there is no chemical transformation of the pollutants that 

takes place (Davies, 1984). The USEPA uses the RAM model to determine both 

short and long texm concentrations, for single or multiple point, line or area sources. 

The RAM model applies the user-specified locations for sources and monitors and 

calculates concentrations based on the distance between thern. The CDM 2.0 model 

is exclusively used by the USEPA to calculate long term concentrations for multiple 

sources in an urban environment. The Industrial Source Complex (ISC3) models are 

the most commonly used refined USEPA models for simple and/or complex terrain 

applications. The ISC3 models evaluate dry deposition, building downwash 

conditions, stack tip downwash, and chemical transformation (using exponential 



decay). These models are also the preferred models to evaluate complicated sources 

in which refïned models are not adequate to use (Lape, 1994). 

3) Time Series Modeis 

These models can only address point sources, or point sources in combination 

with area and h e  sources. Time senes models attempt to simulate the d a n  air 

quality changes that occur on an hourly basis. They use previous data in the form of 

hourly data fiom a representative year. The hourly predictions obtained can be 

multiplied to represent time penods that are multiples of an hou., for example daily 

and weekly values. In the 1980's, AEP used a time series model that had 3 model 

components. These were GLCGEN, FRQDTN, and TIMSER. GLCGEN was a 

steady state Gaussian model that predicted the hourly concentrations based on single 

or multiple point sources. FRQDTN used the ground level concentration file 

produced by GLCGEN and generated average ground level concentrations for 

selected averaging times. The TIMSER model used the hourly concentration data 

files and put them into a time series file which could then be used by FRQDTN 

(Davies, 1984). The USEPA uses the previously mentioned SCREEN3 model to 

evaluate and predict the maximum 1-hour concentration of an air pollutant at the 

source of the air pollutant or a user defined location. AEP now uses the ISC models 

as time series models. 

4) Mesoscale Models 

Mesoscale models are specifically designed to look at impacts of urban air 

pollution fkom effluent sources over a large area This differs from the first three 

types of models discussed as they focus on smaller areas. Screening, climatological, 

and time senes models are generally applied at distances up to 10 km away (some 

models have been applied at distances up to 100 km) (Davies, 1984). Mesoscale 

models are generally designed for prediction of medium and long-range pollution 

transport/removal processes at distances of up to 1,000 Imi away. Mesoscale models 



should not be applied for this type of prediction close to the sources, because many 

simplifjrhg assumptionç are made that give poor results near the source and better 

d t s  in the 100 km to 1,000 km ranges. There are other applications of mesoscde 

models at close proximity to sources. Table 1 shows the applications of 

meteorological mesoscale type models. 

Table 1. Applications of Meteorological Mesoscale Models (adapted fkom Jandali 

and Hrebenyk, 1985) 

ScaIes (km) Appiication 

2.5 to 25 power plant siting 
highway siting 
industrial plant siting 
windmill siting 
urban heat island 
lake breeze 
mountain valley breeze 

25 to 250 sea breeze 
short-range weather prediction 
medium-range pollution iransport/removal 

250 to 2500 subsynoptic weather prediction 
long-range pollution transportlremoval 

Al1 scales mesoscale climatology 
severe weather 
trajectory calculations 
dynanicslenergetics of mesoscale systems 

Some examples of the United States Environmental Protection Agency 

(USEPA) mesoscale models used are the MESOPLUME, MESOPUFF, MESOPAC, 

and MESOFILE models (Lape, 1994). 



5) Traffic Models 

TmfEc models are designed to simulate urban air quality changes due to non- 

point pollutant sources, specincally those de- fiom urban automobile trafnc. 

These sources are considered line sources for single highways, and area sources for 

urban areas. AEP currently recommends use of the MOBILE-SC model, while some 

examples of USEPA trafTic models are the APRAC, HIWAY, and ROADWAY 

models (Davies, 1984). 

2.3.2.4 Previous Urban Air Poliution Modemg in Edmonton 

Modelling urban air pollution in the City of Edmonton has essentially been 

restric ted to the application of dispersion modelling techniques (Jandali and 

Hrebenyk, 1985). Westem Research and Development Ltd. applied a simple 

advective, non-di &ive air column traj ectory method to try to p redict concentration 

of nitrogen oxides, carbon rnonoxide, and excess water vapour as a function of the 

meteorological variables (Western Research, 1976). Some of the assumptions made 

by this model were species conservation (i.e. chernical stability), constant spatial and 

temporal horizontal wind velocity, and uniform pollutant distribution in the rnixing 

layer. The model concluded with some general observations, such as that the highest 

concentrations of the three parameters occurred downwind of the city (coincidentally 

the location of the Strathcona Industrial Area). The R~ value, a measure of the fit of 

the model to the data, was 0.36, indicating a fairly poor fit (a value of 1 .O indicates 

an exact fit, and a value of O indicates an extremely poor fit). More information on 

R~ is contained in Section 3.5: Discussion of Error Analysis. 

Another sh~dy was conducted by Western Research that made some additions 

to the previous model. The atmospheric assimilative capacity, based on the stability 

of the overlying air mas, was considered (thmal inversions). The model also 

accolmted for chemically reactive pollutants. One conclusion of this model was that 



the worst urban air quaiity conditions in the area were amibuted to the presence of a 

stable air mas. This coupled with temperature inversions tends to trap the pollutants 

close to the surface where they remain h l  the air mass dissipates. Another relevant 

conclusion of this model was that the contributions of industrial source emissions of 

the Strathcona Industrial Area were relatively small under most conditions. 

The final study that will be noted is the one by Hage and Hopps (1 981). This 

study used a numencal modelling approach for predicting d a c e  concentrations of 

carbon monoxide from lower Ievel area sources in the city. The model was applied 

during stable atmospheric conditions, the scenarios most likely to produce extreme 

pollution events. niis study had an R~ value of 0.62 for predicting CO 

concentrations. 

2.3.3 Urban Air Pollutants 

Indicatoa of urban air pollution have evolved as the standards of urban air 

pollution control have progressed. In the past, urban air pollution indicaton were 

largely based on the human senses. For example, an indicator of urban air pollution 

could be the colour of the sky or the smell of the air. Presently, urban air pollution 

standards have taken advantage of developments in rneasurement instrumentation, 

and mesure IeveIs of the achial urban air pollutants. 

Essentially, urban air pollutants can be identified as primary air pollutants, 

secondary air pollutants, or air toxics. A primary urban air pollutant is defked as 

one that is produced directly in the form it remains. An example of a primary urban 

air pollutant is sulphur dioxide (Soi). A secondary urban air pollutant is defined as 

one that is produced through a reaction of primary air pollutants and other factors. 

An example of a secondary urban air pollutant is ground level ozone (O,), which is 

formeci by the photochemical reaction of nitmgen oxides, volatile organic 

compounds (VOC's), and sunlight. An air toxic is defined through the use of four 



major aiteria (Patrick, 1994). These criteria are as foilows: 

1) It is meastuable in the air 

2) It is for the most part produced by the activities of man 

3) It is not a primary or secondary air quality pollutant as defined by the USEPA 

4) It causes serious adverse human health effects 

2.4 Research Focus 

2.4.1 Strathcona Clirnatological and Geographical Information 

The region or airshed modelled in this study is located at the est-end of the 

City of Edmonton. Edmonton is the fifth largest city in Canada, with a population of 

635,000, and total population of 890,000 if surrounding cornmunities are included. 

Edmonton is geographically situated at 53'34' N latitude and 1 13'3 5 ' W longitude. 

The metropolitan area of the City is approxirnately 400km2. Elevations in the city 

and surrounding areas vary fiom 633m above sea level to 709111 above sea level 

(Klanm and Gray, 1982). 

The climate in the city can be described as sub-arctic continental. The 

hufnidity of the region is of a dry to sub-hurnid nature. The mean annual 

precipitation is 40 to 46cm. Mean summer temperatures average 13*C, while 

average winter temperatures fa11 down to -lO°C. Win& are westerly 70% of the 

tirne, and the average wind velocity is l 6 k d h  memm and Gray, 1982). 

Temperature inversions are important meteorological phenomena that occur 

frequently in this region. The mixing layer (layer the pollutants are containecl in) is 

greatly reduced in this situation, and tends to trap the pollutants close to the ground 



surface. Inversions can be expected to occur almost every night of the year in this 

region, as well as during the day in cold winter periods. 

The airshed modelled is compnsed of industries such as oil rehenes, 

chemical plants, fibreglass plants, and power plants. It also contains a residential 

zone, which is located east of the industrial area. The Strathcona Industrial 

Association (SIA), consisting of ten indwtry members, has monitored air quality in 

and around the airshed since 1979. Two continuous monitoring s d o n s  operated by 

the SIA are located in the ainhed dong with a station monitored by the Alberta 

Environmental Protection Agency (AEP). These monitors were used as sources of 

data for the ANN model. 

2.4.2 Choosing an Output Parameter for the ANN Model 

Literature has identified many urban air pollutants. As a whole, there is some 

consensus on what are considered major urban air pollutants. Those that have been 

consistently identified are as follows. The designation of these pollutants as primary 

or secondary is also noted below: 

Sulphur Dioxide (S03  Primary 

Carbon Monoxide (CO) Primar~ 

Ground Level Ozone (O3) Secondary 

Volatile ûrganic Compounds (VOC) / Total Hydrocarbons (THC) himary 

Airbome Particulate Matter (PM)  bar^ 
Oxides of Nitrogen (NO and NO*) Primary and 

Secondary 

The modelling of urban air pollution using Artificial Neural Networks 

requires the definition of an output parameter, or a parameter that will be modelled. 



One criterion for choosing this output parameter is that it must have readily available 

and complete data sets. This is because the quaIity of an ANN mode1 is entirely 

dependent on the quaIity and quantity of data available. The data had to be available 

in the hourly fonn, as the goal of this study was to model urban air pollution hourly 

so that the distinct variations of levels during a day could be seen. Another criterion 

is that the output parameter must adequately represent sources h m  various sectors 

of h a n  air pollution, such as transportation related, or industrial related. This is so 

the resulting model can be used to extrapolate information about a large range of air 

pollution sources. For these reasons, no air toxics could be used as the output 

parameter. An in-depth anaiysis of each of the 7 major pollutants was conducted, so 

that an output parameter could be chosen. 

Description: 

SOI is the most cornmon of the sulphur oxides found in the Iowa 

atmosphere. The sulphur oxides are compounds of the sulphur molecule and the 

oxygen molecule. S02 is a colourless gas that can be detected by taste and even 

smell in fairly small concentrations of 1,000 &m3. If the concentrations surpass 

10,000 pg/m3, the result is a pungent srnell (World Bank, 1996). S 0 2  is a major 

precursor to acid min. About 30% of the total concentration in the atmosphere is 

converted to a sulphate acid aerosol which cm be carried for many miles and 

deposited by wet or dry deposition. The mechanism for this transformation in the 

atmosphere is that S 0 2  is converted to S03, which is then rapidly converted to 

sulphuric acid (H2S04) (World Bank, 1 996). 



Guidelines: 

Alberta Environmentai Protection has adopted the most stringent objectives 

of Environment Canada in setting guidelines for S 0 2  emissions. Alberta 

Environmental Protection currently uses a volumelvolume relationship to express 

concentration guidelines of air pollutants (i.e. ppm or ppb). To convert to 

appropriate SI units (&L) at O°C and 1 atm pressure, the following conversion was 

done for all of the air pollutants discussed (Zumdahl, 1989): 

22.4L / mol 1 
Y ( P P ~ )  = x ( P + d m 3 ) *  a- 

W P  1000 

Y = concentration of air pollutant in parts per million by volume (ppm) 

x =  concentration of air pollutant in SI units of micrograms/litre @g/m3) 

22.4 L/mol = ideal gas constant at O°C and 1 atm pressure 

M W ,  = molar weight of the pollutant (grarnslmole) 

The 1 -hou average concentration guideline is 490 pg/m3 (0.17 ppm). The 

24-hour average concentration guideline is 170 Irg/m3 (0.06 ppm). The annual 

average concentration guideline is 29 pg/m) (0.01 ppm) (Myrick and Byme, 1996). 

Sources: 

Many sources of SQ have been descnied in literahrre. UNEP & WHO 

(1992) identined combustion in stationary sources, industrial as well as domestic 

wood and coal use, as being major sources of S02. Henry and Heinke (1 989) 

acknow1edged that sdphur dioxides are emitted primady h m  the combustion of 

fuel oil and coal at stationary sources, and also noted that mal1 amounts of SOz and 

S 0 3  are ernitted h m  the combustion of gasoline and diesel fuels. Kosteltz and 

Deslauriers (1990) reported that of total S 0 2  emissions in Canada, about 70% were 



associated with industrial and mdactur ing processes. In general, most references 

indicate that SOz is primarily an industrial effluent, and that it is associated with the 

combustion at stationary sources of coals, woods, and fuel oils. In addition to the 

anthropogenic sources of S02, some naturai sources of S 0 2  are volcanoes and forest 

£ires. Figure 3 shows the distribution of anthropogenic SOz emissions based on 

source category in Canada and in Aiberta 

Figure 3. Canadian and Alberta Emissions by Source Category for SOz in 1985 

(adapted from Kosteltz and Deslauriers, 1 990) 
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Health Effects: 

Exposure to elevated SOI levels in the urban air regime can adversety affect 

human heaith direcdy and indirectly. An example of a direct pathway that can affect 

human health is exposure through direct inhalation &NEP & WHO, 1992). An 

example of an indirect pathway is exposure through drinking water contamination 

and food contamination (UNEP & WHO, 1992). Most adverse health effects fiom 

S 0 2  exposure occur in brief, high exposure situations. Exposure has been associated 

with decreased lung function, imtation of the eyes, nose, and throat, and increased 

irritation in asthmatics, children, and the elderly. Acid aerosols of S 0 2  have been 

known to af3ect respiratory and sensory bctions. Table 2 shows some of the health 

effects associated with certain concentrations of Sot. 



Table 2. Summary of reported effects of inhalation of S 0 2  (adapted fiom Jandali 

and Hrebenyk, 1985) 

Concentration Effect or Comments 

@g/m3 at latm, O°C) 

100 WHO-estimated threshold for respiratory effects fkom long- 
term exposure (increased respiratory symptoms in adults and 
children above this level) 

WHO-estimated threshold for worseniag the condition of 
patients with existing respiratory disease fkom short-term 
exposure (e.g., increased asthma attack rate, increased 
illness score arnong bronchitics) 

WHO-estirnated threshold for excess mortality among the 
elderly or chronically sick fiom short-term exposure 

Mortality rate three times normal in epidemiological study, 
London, England 

860 - 2,800 Detectable by taste 

2,l O0 - 2,800 Lowest level causing detectable decrease in FEV, FVC, and 
MMFR in human lab studies (2-h exposure) 

23,000 - 34,000 hunediate irritation to throat 

57,000 - 140,000 Immediate irritation to eyes, nose, and throat, induchg 
sneezing, rhinorrhea, and cou& 



Ecologicai and Other E ffects : 

S 0 2  is believed to cause adverse impacts to forest area, crops, and other 

vegetation. The WHO (1 996) reported that high arnbient concentrations of S 0 2  

could cause a loss in productivity and foiiage in many types of vegetation. The 

acidic aerosols are even more h d  through wet and dry deposition. Sulphuic 

acid can darnage not only vegetation, but also freshwater lake and stream systems. 

In terms of matenals, S 0 2  and the suiphate aerosols may damage stone and iron 

structures, which can affect many buildings and even historical monuments. Marble, 

limestone, paper, and leather, are other materials that may be affected by S 0 2  and its 

other foms. 

Suitability as an Output Parameter: 

S 0 2  data was readily available for use, and it was in the hourly form, which 

was needed for this study. However, the problem with using SOz as the output 

parameter is that it does not have a range of sources that adequately represent the 

broad sources of urban air pollution. Essentially, S 0 2  represents the industrial side 

of urban air pollution well, but not the transportation side. If an ANN mode1 were 

nui using hourly S 0 2  as the output parameter, the resulting mode1 would oniy 

address the contribution of industrial sources of urban air pollution. Therefore S 0 2  

was not chosen as the output parameter. 

2.4.2.2 Carbon Monoxide (CO) 

Description: 

Carbon monoxide (CO) is a colourless and odourless gas indicative of urban 

air pollution. It is emitted in greater quantities than any other urban air pollutant 



(Alberta Environment, 1983). It is predominantly formed from the incomplete 

combustion of fossil fiels. 

Guidelines: 

Alberta Enviro~mental Protection has adopted the most stringent objectives 

of Environment Canada in setting guidelines for CO emissions. The maximum 

permissible concentrations are as follows. The 1-hour average concentration 

guidehe is 16,000 &m3 (1 3 .O ppm). The 8-hour average concentration guideline 

is 6,000 @d (5.0 ppm) (Myrick and Byme, 1996). 

Sources: 

The rnajority of carbon monoxide found in the air is fkom anthropogenic 

sources. Only trace quantities are due to natural sources (Furmanczyk, 1994). 

Alberta Environment (1 983) indicated that of the anthropogenic sources in the 

Edmonton area, 96.4% came from vehicular emissions, 1 .O% came fkom fireplaces, 

1 .O% came fiom major industrial sources, and 0.8% came fkom nahiral gas 

combustion and others. A common issue mentioned in many references was the 

discrepancy between carbon monoxide readings fiom sensors at elevated levels as 

compared to those fiom street levels. At elevated levels, the CO readings may 

appear to be w i t b  guideline values, but at the street level close to the source, CO 

readhgs can be extremely high (Jandali and Hrebenyk, 1985). Figure 4 shows the 

anthropogenic source category emissions for carbon rnonoxide in Alberta and in 

Canada in 1985. 



Figure 4. Canadian and Alberta Ernissions by Source Category for Carbon 

Monoxide in 1985 (adapted h Kosteltz and Desiauriers, 1990) 
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Carbon monoxide is a highly toxic gas that can be harmN in small amounts 

over a certain period of t h e .  It has a hi& afnnity for the hemoglobin in blood, and 

is able to displace oxygen fiom the blood The results can be cardiovascular 

problems and neurobehavioral effects. With high enough concentrations over a 

given period of time, carbon rnonoxide can lead to death. CO has also been imown 

to cause headaches and m e s s  (üNEP & WHO, 1992). 



Suitability as an Output Parameter: 

CO data was readily available for use, and it was also available in the hourly 

form. However, the problem with using CO as  the output parameter is that it does 

not have a broad range of sources that adequately represent the sources of urt>an air 

pollution. CO represents the transportation side of urban air pollution but not the 

indutrial side. This is opposite to the situation with sulphur dioxide. Essentially, a 

mode1 developed using CO as an output parameter would only provide information 

and make observations based predorninantly on the transportation side of urban air 

pollution. Therefore CO was not chosen as the output parameter. 

2.4.2.3 Ground Level Ozone (03) 

Descnp tion: 

Ozone (O3) is a colourless reactive gas and oxidant, and at ground levels is a 

major contributor to atmosphenc smog. Ozone does have a characteristic sharp 

odour when it is highly concenûated, such as during lightning storms (Myrick and 

Byme, 1996). It is formed through the photochernical reaction of oxides of nitrogen, 

volatile organic compounds FOC), and sunlight. 

The guidelines for ozone are as follows. The 1-hour average concentration 

guideline is 180 pg/m3 (0.082 ppm). The 24-hour average concentration guideline is 

50 pg/m3 (0.025 ppm) (Myrïck and Byrne, 1996). 



Sources: 

Ground level ozone can be foxmed thousands of kilometres away nom the 

source of its precursors. It is different than the other major urban air pollutants 

because it is not directly emitted, but rather formed fkom other urban air pollutants. 

The following simplified sequence outlines the formation of ozone from its 

precursors (Henry and Heinke, 1989): 

2N0 + + 2N02 
NO2 + short wave radiation + NO + O 
O + O2 + VOC catalyst i O, + VOC catalyst 

Both natural and anthropogenic sources can act as precursors to ozone 

formation. In terms of the anthropogenic sources, automobile emissions have been 

widely identifieci as the largest precursor source. Other anthropogenic sources of 

precursors include emissions fkom chernical and petroleum industries, and organic 

solvents fiom sources such as drycleaners (World Bank, 1996). It is interesting to 

note that Edmonton is reported to have naturally high background ozone levels 

(Alberta Environment, 1983). 

Ambient ozone has a marked effect on the pulmonary function of human 

beings. Short-term concentration spikes can cause eye and respiratory irritation, 

coughing, eye and chest discornfort, thoracic pain, and headaches (World Bank, 

1996). As well, besides short term impacts, the potential for irreversible damage 

over the longer term is a concern with ozone. 



Ecological and Other Effects: 

Agriculture and crops can be affected by elevated ozone exposures. These 

exposures can cause damage to leaves and other vegetation, and this damage is 

manifested visibly in defoliation and plant discolouring (World Bank, 1996). Ozone 

may also decrease plant resistance to bacteria, viniçes, and insects. This can result in 

reduced plant growth and inhibited field. 

Suitability as an Output Parameter 

Oj data was readily available in the hourly form. However, the value of 

hourly ozone depends on the concentration of other urban air pollutants hnurs before, 

and this creates a difficulty in modelling on an hourly basis. Ozone concentrations in 

an area may be due to precursors fkorn entirely different areas that are transported 

into the area of interest. Therefore it is difficult to use this as the output parameter, 

as it is not entirely known where the precursors that affect ozone originate. 

Therefore, ozone was not chosen as the output parameter. 

2.4.2.4 Volatile Organic Compounds (VOC) / Total Hydrocarbons (THC) 

Description: 

VOC's are chemicds that contain hydrogen, carbon, and possibly other 

elements, that evaporate easily. There are many hundreds of these compounds in the 

atmosphere (Alberta Environment, 1993). THC's refers to a broad range of 

chernicals that contain carbon and hydrogen atoms (Myrick and Byrne, 1996). 

Methane is by far the largest @y mass) forrn of THC. VOC's can be seen as the 

volatile component of the THC m a u r e .  Therefore the two rneasures are closely 

related. VOC's contribute to the formation of ground level ozone in urban areas, as 



they react with nitmgen oxides and sunlight to form ozone. 

Alberta Environmental Protection currently does not have any guidelines for 

ambient VOC concentrations or THC concentrations. 

Sources: 

Natural sources of VOC's and THC's include fossil &el deposits (including 

oil sands), volcanoes, vegetation, and bacteria. The anthropogenic sources are 

transportation, solvent use, industrial procases, and gasohe evaporation. In terms 

of the relative VOC and THC amounts produced by different sources, a breakdown 

for Canada and Alberta in 1985 is shown in Figure 5.  

Figure 5. Canadian and Alberta Emissions by Source Category for VOC's and 

THC's in 1985 (adapted fiom Kosteltz and Deslauriers, 1990) 
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Heaith Effects: 

First and foremost, VOC's act as a precursor to ozone formation, and this is 

the primary means by which VOC's and therefore THC's present a human health 

risk. In addition, long-term exposure to certain VOC's is believed to be a threat to 

human heaith. According to the Alberta Environment (1993), bernene has been 

implicated as a cancer-causing agent, and hexane has been implicated in the 

foxmation of nervous system disorders. 

Suitability as an Output Parameter: 

Data sets for VOC are not readily available in the hourly form. Data sets for 

the closely related measure of THC were available in the hourly form. VOC's and 

THC 's are indicative of petroleum industries and the transportation sector. In other 

words, using THC's and VOC's as the output parameter would give a complete 

representation of d l  the sources that contribute to urban air pollution. However, 

because of the fact that there is currently no VOC or THC guideline set by Alberta 

Environmental Protection, the analysis of the results would have less of a 

significance than with an urban air pollutant with a guideline. Therefore the VOC 

rneasure was not chosen as the output parameter. 

2.4.2.5 Airborne Particulute Maîter 

Description: 

Airborne particles are defined as those particles which are small and light 

enough to remain suspended in the atmosphere. They include dut ,  dirt, soot, and 

liquid droplets emitted into the air (World Bank, 1996). Particles greater than 2.5 

p (PMu) in aerodynamic diameter are considered to be coarse partieulate and 



those smaller than 2.5 pm are considered h e  particulate. The coarse particulate is 

composed of approximately 90% crusta1 material, and the fine particulate is 

composed of 60% to 90% soot and combustion by-products (Funnanczyk, 1994). 

Historically and presently, airbome particulate is the most identifiable form of urban 

air pollution. The particulate matter manifests itself by i n t e r f e ~ g  with visibility, 

soiling material, and acting as a respiratory irritant (Alberta Environment, 1 983). 

Particles that are airbome tend to interact with the gaseous or solid compounds in the 

air, thus forming organic and inorganic chernical compounds. Many of the fine 

particles combine with sulphates. Products of incomplete combustion may make up 

the carbonaceous portion of the particles (World Bank, 1996). Many of the coarse 

particles tend to be comprised of silicon, aluminium, calcium, and iron, reflecting 

elementd cornponents of the Earth's crust. 

Sources: 

Natural sources for airborne pariiculate matter include evaporated water 

spray, wind-borne pollen, dust, forest fires, soi1 cultivation, and volcanic emptions. 

In most cases, particulate matter that is natural in origin tends to be coarse. The 

anthropogenic sources of airbome particulate matter mainiy stem f?om combustion 

processes. These may include space heating, agricultural buming, engine 

combustion for transportation, thermal power generation facilities, cernent 

manufacturing facilities, and metallurgical processes. One point of interest is that in 

Edmonton, the use of particuIate matter levels as an index for urban air pollution 

may not be effective simply due to the large amount of airborne particulate matter 

that is d&ved h m  the soi1 and the geography (Jandali and Hrebenyk, 1985). Figure 

6 outhes the source breakdown of anthmpogenic sources of airbome particulate 

matter: 



Figure 6.  Canadian and Alberta Emissions by Source Category for Airborne 

Particdate Matter 1 985 (adapted fkom Kosteltz and Deslawiers, 1 990) 
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Health Effects: 

Airborne particles primarily enter humans through the respiratory system. 

According to the particle size, shape, density, and the breathing pattern of the 

individual, deposition may occw at various points throughout the respiratory system 

(World Bank, 1996). It has been fond that although most particles smaller than 10 

pm (PMio) can enter the respiratory system, only those particles in the fine range 



will be retained. Figure 7 illustrates the deposition characteristics of particles based 

on their size. 

Figrire 7. Aerodynamic deposition of particles by size in the respiratory tract 

(modifieci h m  Henry and Heinke, 1989) 

PIC'S, or products of incomplete combustion, cm fom a large portion of fine 

airborne particdate matter. They can contribute significantly to the health effects 

associatecl with exposure to srnalier particles. Mortaiity rates have been found to 



significantly increase in areas with high concentrations of airborne particulate matter. 

Heart disease and lung disease have also been documenteci as being caused by higher 

particulate levels. It has been said also that it is possible that there rnay be no safe 

threshold below which particulate matter does not damage human health (World 

Bank, 1996). 

Ecological and Other Effects: 

In terms of vegetation, plants exposed to wet and dry deposition of parthlate 

matter may be injured, especially in the cases where other pouutants have attached to 

the particulate matter. Gas exchange cm be disturbed, thus stunting growth in 

vegetation. Heavy metais and other toxic substances can infiltrate the soil, which 

may also lead to reduced plant growth and yield. Other effects may be reduced 

visibility and soiling and erosion of buildings and materiais. 

Suitability as an Output Parameter: 

The measure of PMio, or particulate matter that is srnailer tha.  10 pn in 

diameter, is readily available in the hourly form. However, as mentioned previously, 

high background levels of particulate matter may i n t e r e  with the use of this 

meanire as an indicator of urban air pollution. As well, similar to the situation with 

VOC's, there are no guidelines set by Alberta Environmental Protection on airbome 

particulate matter. This means that the analysis of the results would have less of a 

significance than with using an d a n  air pollutant with a guideline. Therefore, 

airbome particulate matter was not chosen as the output parameter for the A N N  

model. 



2.4.2.6 M e s  of Nitrogen (N03 

Description: 

Oxides of Nitrogen (NOx) are formed by natural and human activities. The 

naturai activities that fonn NOx include bacterial action hi the soil, lightning, and 

volcanic eruptions. The human activities that lead to NO, formation occur during 

combustion processes when oxygen (O2) and nitrogen (N2) combine at temperatures 

generdly greater than 1000°C (Elsom, 1992). In ambient air, the two most important 

forms of NOx for pollution studies are nitric oxide (NO) and nitrogen dioxide w 2 ) .  

This is because the other forms of NOx such as nihic acid (HN03), nitrous oxide 

(NO), dlliitrogen trioxide (N203), dinitrogen tetroxide (N204) and dinitrogen 

pentoxide (N205) are not known to have any biologicai significance (Elsom, 1992). 

Nitric oxide (NO) is colourless and odourless. It is the most predominant nitrogen 

oxide emitted at the source of the emission. It is however, readily converted into the 

nitrogen dioxide (NOz) fom. 

N2 + 0 2  + heat NOx 

2NO + 0 2  3 2N02 

NO2 has an orange brown colour and a very pungent odour, and many have 

thought that it contributes to the familiar discoloration of the sky associated with 

urban air pollution. NO2 is a more toxic fonn than NO (Alberta Environment, 1983). 

A portion of the nitrogen dioxide in the atmosphere is converted to nitnc acid 

(EINo3) which, like the sulphate aemsols, contributes to acid rain through deposition 

in the wet and dry fonns. Oxides of Nitrogen are also precursors to ozone (O,) 

formation. 



Alberta Environmental Protection has guidelines for NOx emissions based on 

prevention of human health effects. Therefore the guidelines are placed on the NOt 

form of NO, The 1-hour average concentration guideline is 430 Clg/m3 (0.21 ppm). 

The 24-hour average concentration guideline is 230 pg/m3 (0.1 1 ppm). The annual 

average concentration guideline is 60 pg/m) (0.03 ppm) (Myrick and Byrne, 1996). 

Sources: 

According to Godish (1991). anthropogenic or man made sources make up 

about 10% of total NOx emissions. The other 90% of NOx emissions is accounted 

for by natural sources, such as anaerobic biological processes, lightning, and 

volcanoes. In an urban environment however, most of the NO, concentration can be 

attributed to anthropogenic sources. Many sources pinpoint the combustion of fossil 

fiels as the leading man-made source of NOx compounds (Mynck and Byrne, 1996). 

UNEP & WHO (1992) identified the automobile as the major source of MOx 

emissions in an urban environment. 

0 t h  sources of nitrogen oxides are industrial boilers, incineration, space 

heating, electricity generation, and rnining explosives (World Bank, 1996). In 

Edmonton in 1995, Alberta Environmental Protection estimated that 43% of nitrogen 

emissions were nom trmsportation, 37% from industrial sources, and 20% eom 

power plants and other sources in the Edmonton area (Myrick and Byrne, 1996). 

Figure 8 shows the distribution of anthropogenic nitrogen oxide emissions based on 

source category in Canada and in Alberta (note that fuel combustion includes 

statioaary fuel sources including those fiom industry). 



Figure 8. Canadian and Alberta Emissions by Source Category for ûxides of 

Nitrogen in 1985 (adapted fiom Kosteltz and Deslauriers, 1990) 
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Objectives for NO, concentrations for Canada are set out in the National 

Ambient Air Quality Objectives. These objectives outline what are considered as 

desirable, acceptable. tolerable, and intolerable levels of  NOx in tems of annual 

means, daily (24hr) means, and hourly means. Table 3 shows the percentage of 

stations across Canada falling within the various ranges for NO2 levels. Note that al1 

values of concentration in &m3 are for O°C and 1 atm pressure. 



Table 3. Nitrogen Dioxide - Percentage of Stations with Reading in Various 

Ranges with Respect to the National Ambient Air Quality Objectives (1 984 to 1 990) 

(adapted h m  Furmancyk, 1994) 

No. of Stations 

B) 24-honr Maximum 
O to 220** 
220 to 330*** 
>330 

No. of Stations 

C) 1-hour Maximum 
O to 440* 
440 to 1090** 
>IO90 

No. of Stations 

* desirable level 
** acceptable level 
** * tolerable level 

In recent years, many changes have occurred in technology to decrease the 

release of NOx compounds to the h a n  air environment. However, the general 

increase in automobile numbers and industry in urban centres has continued to 

contribute to the rise in NOx levels. The 1994 Progress Report on the Canada-United 

States Air Quaiity Agreement reports that NOx emissions are actually expected to 

decline slightly by the year 2000, and then begin to nse in both of the countries (Air 

Quality Cornmittee, 1994). NO, emissions in Canada are expected to reach 2.2 



mifion tonnes per annum by the year 2010. Figure 9 shows NO, emission trends 

fiom 1980 d l  predicted values in 20 10 for both the United States and Canada: 

Figure 9. NOx Emission Estimates (modified fkom Air Quality Cornmittee, 1994) 

Health Effects: 

The health effects associated with exposure to NO, in the urban air 

environment are mainly associated with puimonary hction. NO2 is the form of 

NOx that is predominmtly associated with health effects. As one of the components 

of smog, the NOz component of NO, can cause an irritation of lungs and an 

increased susceptibility to respiratory infections (Alberta Environment, 1993). 

Asthmatics, the very young, and the elderly are the most sensitive in terms of 



pulmonary effects to NO2. According to World Bank (1996), levels above 3,760 

pg/m3 cause normal subjects to show signincant changes in pulmonary bct ion.  

Table 4 lists some of the health effects of NOz at various concentrations. Note that 

dl values of concentration in &m3 are for O°C and latm pressure. 

Table 4. Summary of reported effects of inhalation of NOz (adapted £kom Jandali 

and Hrebenyk, 1985) 

Concentration Effect or Comments 

(pg/m3 at 1 atm, O°C) 

100 to 155 

155 to 310 

225-860 

1,025 

1,440 to 10,300 

20,500 to 41,000 

205,000 to 308,000 

41 0,000 to l,4OO,OOO 

More than 3,500,000 

No effect on prevalence of chronic respiratory symptoms 

Increased respiratory disease in children 

Odour threshold 

WHO-estimated threshold for respiratory effects of short- 
tenn exposure 

Increascd aimays resistance in laboratory studies d e r  10 
min to 2 hour exposure 

No discornfort 

Delayed pulmonary edema af'ter 30 min to 60 min exposure 

Fatal pulmonary edema after less than one minute exposure 

Ecological and Other Effects: 

Oxides of nitrogen are major precursors to acid rain and deposition, as well 

as to ozone production, both of which can injure plants and matenals. Agriculture, 



in t m  of growth, is not adversely afkcted as the nitrogen contained in the nitrogen 

oxides is well below levels applied in the form of fertilisas. NO2 dso can cause 

discoloration and h m  to fabrics. It is a serious enough problem that industry has 

devoted research and resources to developing textiles and dyes that are more 

resistant to NO2 exposure. 

Suitability as an Output Parameter. 

Data sets for NOx were readily available in the hourly form, which is a 

requirement of an output parameter for this study. Also, NOx is representative of a 

broad range of urban air pollution sources, ranging fiom the transportation sector, to 

the industrial sector, to power generation. A model that used NOx as the output 

parameter would therefore be able to show the effect of these sectors on d a n  air 

pollution as a whole. There also are guidelines set by Aiberta Environmental 

Protection on NO,. Analysis fiom a model developed using NOx as the output 

parameter would have more of an impact than with an urban air pollutant without a 

guideline. The effect of reducing NOx levels could be seen relative to the NOx 

guideline. Therefore NOx was chosen as the output parameter. Specifically, the 

hourly NOx was chosen as the output parameter, as it allows for the prediction of 

variations during a typical day, related to the cyclic bi-modal variation in motor 

vehicle traffic dong roadways. 

2.4 J Parameters AfTecting NO. 

The selection of NOx as the output parameter for this study was one of the 

first steps in the development of an ANN model for a specific situation. The next 

step was the identification of the factors that affect the output in general and in 

specific in the area of concem. This is because A N '  relates the model output to the 

model inputs and identifying the patterns that exist between them. The parameter of 

hourly NOx was used as the measurable output of the model, therefore the factors 



that affect hourly NO, concentrations in ambient air were identified as the model 

inputs. Literature identifies mmy of these input parameters, or parameters that &ect 

hourly NOx levels. These parameters generally fall into three general classes: 

industry and power related, M c  related, and meteorological1y related. The 

industry, power, and M c  related parameters represent where the NOx is produced, 

and the meteorologically related parameters represent how the NOx disperses and 

travels to the monitor where it is measured. 

The ANN model is only as effective as the data incorporated into it. It is 

crucial that an understanding of the problem is well incorporated into the model 

through the input parameters chosen. One could choose an input parameter to be the 

NOx concentration the day before, but that does not give a ûue representation of 

what actually physicall y affects NOx concentrations. Parameters suc h as tra££ïc 

counts or ambient air temperature have an actual effect on the NOx concentrations in 

a physical sense, and these are the types of parameters that helped to create a flexible 

model with broad applications. 

The industry and power related inputs represented the effect that industr~ and 

power generation has on the hourly NOx levels. The availability of data fiom these 

sources was Iimited. Data were collected in the form of stack tests fkom major 

industries and power generating facilities that emit NO, within the study airshed. 

However, it was not possible to get an hourly emission breakdown, as stack tests are 

typically done twice a year. nie data h m  these stack tests were collected and 

average hourly values were extrapolated nom them. These average values were not 

a tme representation of the acnial hourly NOx emissions. This is because some 

variation in hourly ernission rates would be expected relative to rates measured 

during stack tests. However, industries and power generating facilities in the area al1 



stated that production was quite steady with major fluctuations only due to plant 

shutdowns (for which data was not available). Hourly fluctuations could then be 

considered snaU for normal operahg conditions for the industries in question. 

These fluctuations appear even smaller when compared to the fluchiations of other 

input parameters used. 'Iherefore it was judged that the average hourly values 

extrapolated fkom the stack tests were a satisfactory estimate of actual hourly values 

for normal operating conditions, and wouid be sufficient for the use in this study. 

The trafnc related inputs represented the effect that trafnc and trançportation 

has on hourly NO, levels. Hourly traffic counts for the City of Edmonton and the 

adjacent County of Strathcona were available nom the City of Edmonton 

Transportation Department and the Strathcona County Engineering and 

Environmental Planning Department. The traffic counts record the number of 

vehicles that pass a point on a given roadway, travelling in a given direction. The 

counts typically are done for a three to seven day penod every few years, and usually 

incorporate a weekday and a weekend. T r a c  counts were the best way to represent 

the amount of traffic in the shidy area. The dilemma came in addressing which 

traffic counts shouid be used. T r a c  counts for the study area were available, as 

were trafEc counts fiom outside the study area, which dso could affect NO, through 

transport processes. An ANN model takes the inputs hto the model and scales them 

to a value between O and 1. Therefore, the difference of using 20 road counts or 2 

road counts is negligible as long as the relative increases and decreases in hourly 

tra86c flow are the sarne among the roads. It was decided that the nearfïeld kaflic 

counts wonid be used. These are counts fiom roads that are surroundkg and within 

a 51an radius of the air monitoring station where the output parameter was measured. 



The meteorologically related inputs represented the effect that meteorology 

has on transport and transformation of NOx. Literature has identified many 

meteorologicd parameters that may affect air pollution in general. The key was to 

identiQ the parameters with the greatest effect and use those in the model. 

One aspect of meteorology that has been kequentiy cited in literature as 

signincant in its effect on NO, is the temperature profile and mixing height or the 

atmospheric boundary layer of the atmosphere. It is defined as the space between the 

Earth's surface and the lowest level in the atmosphere at which the ground surface 

no longer influences the meteorological variables through the turbulent transfer of 

mass (Lyons and Scott, 1990). It can also be defined as the &ng layer because it 

is the layer where urban air pollutants mix and dilute (Lape, 1994). Figure 10 shows 

the idea of a conceptuai m w i g  or atmospheric boundary layer. 

Figure 10. Schematic of a MWng Layer (adapted f?om Western Research and 

Development Ltd., 1976) 



Both the horizontal and vertical variation of the urban temperature field have 

an e f k t  on the levels of urban air pollution, specificdy NOx concentrations (Jandali 

and Hrebenyk, 1985). The ambient temperature profile in the atmosphere defines the 

height of the mWng layer. Based on the conditions of this d g  layer, the 

dispersion and transport characteristics of the urban air poUutants contained within it 

will be different. Therefore* model inputs were needed that described the d g  

layer, the stability of the air, and the atmospheric temperature. The first input chosen 

for use in the ANN mode1 was ambient air temperature. These data were avaiIable in 

the hourly form nom Environment Canada at the Edmonton City Centre Airport. 

A closely related meteorologicai aspect to temperature profile that needed to 

be addressed in the ANN model is the stability of the air. This is defïned as the 

tendency of the air to resist vertical movement or suppress existing turbulence. The 

stability of the atmosphere is one of the most important meteorological 

charactenstics in tems of air pollution, as it directly affects the dispersion 

characteristics of pollutants in the atmosphere (Wark and Wamer, 198 1). 

Atmospheric stability can be described through the use of the dry adiabatic lapse 

rate. This is the rate of temperature decrease in the atmosphere with elevation 

wherein there is no heat added or removed nom a parcel of air (Lyons and Scott, 

IWO). If the dry adiabatic lapse rate is compared to the actual lapse rate in the 

atmosphere at a aven t h e ,  it can be used to indicate the stability of the atmosphere. 

If the acîual lapse rate is greater tban the dry rate, the atmosphere is unstable, which 

enhances the dispersion of air pollutants. On the other hand, a strongly stable 

atmosphere would have an adiabatic lapse rate inverse to the dry adiabatic lapse rate, 

which causes pollutants to remain trapped in close to the ground. In other words, 

when temperature increases with altitude, the lapse rate is negative, and the 

atmospheric condition is termed an inversion. 

Inversions are quite common in the Edmonton area, more cornmon in the 



autumn and winter (Klemm and Gray, 1982). They produce stagnant atmospheric 

conditions that have the potential to create elevated urban air pollution episodes. 

The mWng layer is greatly reduced in these situations, and tends to trap the 

poiIutants close to the ground surface. hversions can be expected to occur almost 

every night of the year, as well as during the day in cold winter periods. There are 

two main forms of inversions. Subsidence inversions are where an air mass acts as a 

cap to the air below it and as it sinks, the air below is trapped. In cases where this 

condition prevails for days, it is possible for a pollution episode to occur. These 

types of inversions generally occur in the wintertime, and occur above the mixhg 

layer. Another type of inversion that can occur is a radiation inversion. This is 

where surface layers of the atmosphere are wanned through various means by the 

Earth's d a c e .  The lower atmosphere then may cool during a clear night, and the 

lower layer of the Earth's atmosphere may be cooler than the upper layers. These 

types of inversions mostly occur during cloudIess and windless nights, and tend to 

occur directly in the mixing layer (Wark and Warner, 1981). 

In defhing input parameters that descrÏbed the stability of the atmosphere, 

issues of availability and suitability needed to be addressed. Alberta Environmental 

Protection did not have representative data on atmospheric temperature profiles at 

the location of the monitor in the Strathcona Industrial Area. Data were not 

consistent with the penod of record for which data on other modeIled variables were 

available. Alberta Environmental Protection rneasures horizontal wind direction 

fluctuations and computes the standard deviation of these fluctuations to d e h e  local 

stability conditions. It is important to note that because of the anisotropy of 

boundary layer turbulence, horizontal wind fluctuations may not always be a suitable 

representation of the vertical wind fluctuations for certain situations. However, data 

on horizontal wkd direction fluctuations were available, and in most situations give 

an idea of the stability of the air based on its gustiness (Angle and Sakiyama, 1991). 

Table 5 shows turbulence classifications based on horizontal wind fluctuations. 



Table 5. Turbulence classifications based on wind fiuctuations (adapted fiom 

Angle and Sakiyama, 1991) 

Stability Description Standard Deviation of Standard Deviation of 
the Horizontal Wid the Vertical Wind 

Ditection Fluctuations Direction Fluctuations 
(in degrees) (in degrees) 

Very unstable Greater than 22.5 Greater than 11.5 
Moderately unstable 17.5 to 22.5 10.0 to 1 1.5 
Slightly unstable 12.5 to 17.5 7.8 to 10.0 
Neutra1 7.5 to 12.5 5.0 to 7.8 
Slightly stable 3.8 to 7.5 2.4 to 5.0 
Moderately stable 2.1 to 3.8 1.2 to 2.4 
Very stable < 2.1 c 1.2 

Notes: - 
(1) These criteria are appropriate for steady-state conditions, a rneasurement height of 

lûm, level terrain, and an aerodynamic surface roughness length of 15cm. Care 
should be taken that the wind sensor is responsive enough for use in measurïng 
wind direction fluctuations. 

(2) A surface roughness factor of ( q , / l ~ c m ) ~ ~  where is the average nuface roughaess 
measured in centimetres within a radius of 1-3 km of the source, may be applied to 
the tabulated values. 

(3) For nighttime hours with horizontal wind fluctuations indicated to be unstabIe, the 
following corrections shodd be applied: 

If the indicated Stability And the Wind Speed at Then the Corrected 
Category is: 10 m is: (m/s) Stability Category is: 

Extremely unstable < 2.4 Very stable 
2.4 to 2.9 Moderately stable 
2.9 to 3.6 Slightly stable 
> or equal to 3.6 Neutrai 

Moderately unstable c 2.4 Moderately stable 
2.4 to 3.0 Slightly stable 
> or equal to 3.0 Neutsal 

Slightly stable < 2.4 Slightly stable 
> or equal to 2.4 Neutrai 



Therefore, the input parameter of standard deviation of horizontal wind 

direction was chosen. Measurements of the horizontaI wind dùection are taken 

every 5 minutes, and the standard deviation of these rneasurements inside of an hour 

is the value recorded every hour at the Alberta Environmental Protection monitoring 

station, 

The next aspect of meteorology that needed to be incorporated in some form 

as an input parameter was the dispersion and transport of the pollutants fiom their 

respective sources to the air pollution monitor in the Strathcona Industrial Area The 

input parameters of hourly horizontal wind speed and hourly horizontal wind 

direction were chosen as they describe the travel of pollutants to the monitoring 

station. At the same time, these two input parameters aiso give an idea of the 

stability of air. 



3.0 ANN Modelling of NO, in the Strathcona Industrial 

Area 

This section discusses the application of ANN Modelling to model hourly 

NOx concentrations in the Strathcona Industrial Area. The modelling protocol used 

to develop the ANN mode1 is outiined. The results of the various stages of mode1 

development are also presented. The neural network development software package 

used for this entire modelling study was NeuroshelI Q 2 developed by the Ward 

Systems Group Q. 

ANN modelhg is a very subjective process. There are a number of possible 

ways to design a model, so it is of utmost importance that a protocol be developed to 

provide a direction. Without a protocol, ANN modelling becornes more of a random 

trial and error process that may not identiQ the best solutions for the modelling 

situation. The m o d e h g  protocol allows the user to develop a model that works 

with the available data and the modelling situation. The process used in this study is 

as follows: 

1) Literature Review of Problem 

2) Collection of Data 

3) Source Data Analysis 

4) Stage 1 Modelling: Identification of General Model Architecture Type 

5) Stage 2 Modelling: ANN Feasibility Through ANN Pilot Model 



6) Stage 3 Modelling: Full-Scale ANN Mode1 

The litmature review was the f h t  step of this modelling protocol. This 

identined the input and output parameters for the model. In other words, this step 

identifid what was to be modelled (output), and what aec ted  that parameter 

(inputs). The second step of the modebg  protocol was the collection of data. Both 

these steps for the modelling of hourly NOx in the Strathcona Industrial Area were 

already outlined in the Literature Review (Section 2.0), particuiarly in the Research 

Focus (Section 2.4). 

3.3 Source Data Analyss 

Source data analysis investigates the situation to be modelled dong with the 

data available, and allows the user to detemiine the feasibility of ANN modelling for 

the situation. Source data analysis also allows the user to get a general sense as to 

the type of backpropagation model that would best be able to model the situation. 

The source data analysis a m e r s  the following questions: 

1) 1s ANN modelling applicable in this situation? 

2) 1s the domain study an open system or a closed system? 

3) What are the cause-effect relationships in the study domain? 

4) What is the behaviour or charactenstics of the output? 

5) 1s Uiere any unusable data? 

6) Are ail the input data used justifiable? 

The feasibility of modebg  of hourly NOx in the Strathcona Industrial Area 

and the factors used in rnodelling it are discussed below: 

1) 1s ANN modelling applicable in this situation? 



ANN modelling may be applicable in cases where there are no other cheaper 

and more efficient modelling techniques available. This means that the study 

domain is quite complex with various causdeffect relationships that may not al1 be 

understood, or that the goveming mathematical equations are too complex or 

expensive to discover. In this situation, the mini-airshed in question has many inputs 

that act differently and that are interrelated. It would be difficult to apply other 

modelling techniques, such as Gaussian plume dispersion models, to this situation as 

the airshed is complex and thcre are many input factors to consider. The non- 

linearity of the modelling situation also lends itself well to the application of ANN 

modelling. 

2) 1s the domain study an open system or a closed system? 

An open system is one where the relationships between the mode1 inputs and 

the mode1 outputs are not fully understood. A closed system is one where more is 

known about these relationships, and the domain is restricted to an area that is 

understood well. The domain in question is an open system. In other words, there 

are many input factors that are lmown to affect the NOx levels in the airshed, but the 

relationships between the inputs and outputs are not Mly understood. 

3) What are the cause-effect relationships in the study domain? 

This relates to knowing what inputs affect the output. As stated previously, 

this is more of an open system, so the exact relationships between the inputs and the 

outputs are not known. As outlined in the research focus (Section 2.4), the input 

parameten of importance are split into three major classes: industry related, transport 

relate& and meteorologically related. Al1 of these input parameters are lmown to 

affect the hourly NO, levels at the monitor. The input parameters chosen are listed 

as follows: 



Wind Direction Degree degrees* AEP and SIA 
Atmospheric Stability (standard degrees AEP 
deviation of horizontal wind 1 @ o ~ I Y  1 
direction) average) 
Industry Ernission Data kg/s SIA 
Traffic Data traffic City of Edmonton and 

1 counts 1 Countv of Strathcona 
1 1 # 

data sampled and archived at the beginnuig of every hour 

It is hown that an increase of atmosphenc stability results in the potential of 

an increase in hourly NOx levels. An increase in t r a c  volume also resdts in the 

potential increase in hourly NOx levels. An increase in industry emissions rnay 

result in an increase in the background NO, concentrations seen by the model. 

Certain wind directions may cause the hourly NOx readings at the monitors to be 

higher based on the source of the NO,. A higher wind speed generally resdts in 

potentially lower NOx, as mixing in the atmosphere is promoted and pollutant 

dispersion is enhanced. And generally speaking, a lower temperature can promote a 

higher level of NOx because winter conditions result in predorninantly more stable 

air in the Edmonton area 

4) What is the behaviour or characteristics of the output? 

The output seems to sway between lower values with slight variation to 

higher values associated with events, which can 1s t  for days on end and have sharp 

variations. The lower values are likely situations in which the stability of the 

atmosphere is low, and the higher values are likely fkom inversions. 



5) 1s there any unusable data? 

There are some cases where there are data gaps in the records. For example, 

there may be a few days where the temperature readings go off-line, so that even 

though ali  of the other input data are available, the entire set of data for those tirne 

periods cannot be used. Generally speaking, there seem to be very few of these data 

gaps over the entire record. Al1 of the input and output data for situations where 

there was a data gap for a given hour were taken out of the set so that the model had 

complete data sets to work with. 

6) Are all the input data used justifiable? 

Al1 the input data used is justifiable. The standard deviation of horizontal 

wind direction and the wind speed and direction indicate the mixing characteristics 

of the atmosphere. The temperature data gives an indication of the weather patterns 

present and the stability of the atmosphere. The actual horizontal wind direction also 

indicates the signincance of different inputs that are in different directions fiom the 

monitor. The traffic and industry emissions indicate the source of NOx in the 

system. 

3.4 Detailed Ovewiew of GeneraZ Backpropagation Networks 

There are different general architecture types of ANN models that can be 

used to model a given situation. The general model architecture type investigated in 

this study was the backpropagation architecture, due to its' strength in modelling 

non-linear situations. Backpropagation networks are able to generalise well for a 

wide variety of problem types. They are classified as superviseci neîworks, which 

means that there are both inputs and an output that are used to train the model. 

Within the realm of backpropagation architecture, there are many sub-types that are 

classified based on the connections between the layers of the network. The 



backpropagation network sub-types investigated in detail in this shidy were as 

follows: 

1. Standard 4-layer Backpropagation Network 

2. Standard 3-layer Backpropagation Network 

3. 4 layer Jump-Connection Network 

3.4.1 Variable Parameters in Backpropagation Networks 

Backpropagation training requires many parameters to be set or defined for 

mode1 training to take place. Some of these parameters are schematically shown in 

Figure 1 1. 

Figure 1 1. Detailed Schematic of a Backpropagation Network 
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The parameters that need to be set or defined for mode1 training are as follows: 

1) Number of neumns in the hidden layer(s) 

2) Input Scale Function 

3) Hidden Layer and Output Layer Activation Functions 

4) Leamhg and Momentum Rates in Layer Links 

5) Pattern Selection and Weight Updates 

6) Stop Training Criteria 

1) Number of neurons in the hidden layer(s) 

The number of neurons in the input layer is equal to the number of inputs 

used for the modelling, and the number of neurons in the output layer is equal to the 

number of outputs used. Therefore the only numbers that Vary are the numbers of 

neurons in the hidden layer(s). General heuristic rules exia that can help provide a 

direction for selecting the number of neurons, but generally speaking, this is a trial 

and m o r  process. Some of the heuristics suggest using the same number of hidden 

layer neurons as there are in the input and output layers. Other heuristics attempt to 

use a formula to set the number of hidden layer neurons based on the number of 

neurons in the input layer. For networks with 2 or more hidden layen, some 

heuristics suggest that each subsequent layer should be 75% or the previous hidden 

layer. However, the specific set-up for a particular problem will Vary, and the best 

way to find the optimum is through experimenting with the problem. 

2) Input Scale Function 

The input scale function of the input Iayer serves to adjust the scale of al1 the 

inputs so that they can be fed into the hidden layers where the processing takes place. 

There are two main types of scahg  functions: those that scale the inputs fkom -1 to 

1 and those that scale the inputs fiom O to 1. Because the input data used for this 



study can have negative values (temperature), the scaling fiinctions should scale the 

inputs h m  -1 to 1. Thexfore, the choices of scaie functions are the linear bc t ion  

and the tanh fûnction. The linear function may be M e r  subdivided into two 

hctions. The linear[-l,l] denotes that the network will cut off numbers below and 

above the ranges it encounters later in new data. The linear <- 1 , l> denotes that new 

data famg outside the range will be accepted into the model. 

3) Hidden Layer and Output Layer Activation Functions 

The hidden layer and output layer activation fiinctions represent how the data 

will be propagated within the network. Essentially, the hidden layers produce an 

output that is based on the sum of the weighted values from the preceding 

comection. The activation function is then applied, re-scaling the sums into an 

output that is then fed into the next layer. The different functions are as follows 

(Ward Systems Group Inc., 1996): 

a) logistic 

b) linear 

C) tanh 

d) tanhl5 

e) sine 

f) symmetric logistic 

g) Gaussian 

h) Gaussian complement 

4) Leaming and Momentum Rates in Layer Links 

Each comection between layers in a model has its own leamhg rate and 

momentum rate. Learning rate refers to the rate that the network leams and retains 

patterns fiom the data. A slower learning rate is generally needed for more complex 

and noisy inputs, and a quicker leaming rate c m  be used for simpler problems. 



Momentum rate is analogous to momentum in physics. A high momentum rate will 

give the network a higher inertia or tendency to proceed in a straight direction. A 

low momentum rate results in a slower modelling process, but a reduced probability 

of being stuck in a local minimum as a solution. 

5) Pattern Selection and Weight Updates 

The pattem selection refers to the method by which data are input into the 

model. A rotational input refers to a method whereby every nh input pattern is used 

on a rotational basis. An input pattern is dehed  as data fkom al1 of the inputs for a 

single output data point. A random input refers to a method whereby random 

patterns are chosen to input into the network. Certain pattem selections fit with 

certain methods for weight updates. The weight update types analysed in this study 

were the momentum method and the Turboprop method. The momentum method is 

suggested for use with a random pattem selection. The momentum method makes 

use of the leaming and momentum rates input into the network. The Turboprop 

method is only used with rotational weight updates. This method uses different 

weights rather than a single leaming and momentum rate. The results are generally 

poorer with the Turboprop method, but generally faster. The Turboprop method also 

gives the user a general idea of how the model type being used is working at 

modelling the situation. 

6) Stop Training Criteria 

The criteria with which the training of the model is ended are refened to as 

the stop training criteria The model training process can be t e d a t e d  based on the 

error in the training set or the error in the testing set. This study uses the testing set 

error as the cntena for ending training, as it is a more accurate representation of 

actual model performance, rather than an assesment of training set fit. The actual 

testhg set errer value that terminates training can be specified. The number of 

intervals since the minimum testing error can also be specified. 



3.5 Discussion of Error Anal'ysis 

Reporthg results from the different stages of modelling required a consistent 

means of error measurement that would allow cornparison between models and 

evaluation of model effectiveness. The quality of the models throughout the 

optimisation process was measined through an analysis of the erron. The erron had 

to be anaiysed within the mode1 and then across the model. The main statisticd 

values used for measuring the error across the model were the R~ e m r  and the root 

mean square error (RMS). 

The R' error is a statistical indicator that is u s d y  applied in multiple 

regression analysis (Ward S ystems Group Inc., 1 996). A perfect mode1 fit would 

result in an R~ of 1. An R~ of O indicates that the mode1 predicts no better than using 

the mean of al1 the outputs as the model output. The R~ value can be seen as a 

method of comparing the mode1 output values to an arbitrary benchmark, the average 

of the output values. The formula used by the ANN modelling software 

NeurosheIl@ 2 is s h o w  as follows (Ward Systems Group Inc., 1996): 

SSE R2 =1-- 
SSw 

where SSE = Z(y - y) 

ss, = ~ O , - y 3 ~  

y = actual value of output 

= predicted value of y 

7 = mean of alI the y values 



The root mean square error (RMS) is a statistical measure of the differences 

between the actual output values and the model output values. It is defined as the 

mean of the squares of all of the residuals between actual outputs and the model 

outputs. The formula can be shown as follows: 

where n = total number of output values 

actual= the actual output values 

predicted = the model predicted output values 

The use of these mesures of error across the model enables a model that has 

relatively well distributed prediction errors to be chosen, as large areas are strongly 

penalised (Zhang, 1996). To measure the error within the model, two types of 

residual plots were done. These were the residual error versus time, and the residual 

error versus NOx concentration. In Stage 1 of the modelling, the R~ error was used 

as the means of error analysis because only a preliminary indication of future model 

direction was needed. In later stages, a more detailed emr analysis was conducted 

to give a complete indication of model performance. 

3.6 Input Data for the ANN M W  

The inputs into the model were temperature, wind speed, wind direction, 

standard deviation of horizontal wind direction, and traffic counts of motor vehicles 

in nearfield roadways. These were in fact the inputs for d l  of the models throughout 

this study, as they were identified as the most important inputs fiom the literature 

review. 



The NO, data were obtained h m  the Alberta Environmental Protection 

(AEP) monitor located in the Strathcona Industrial Area The NOx data are in parts 

per million @pm) as NOt, and are measured to the nearest thousandth of a ppm. The 

temperature data were obtained fiom the Environment Canada City Centre Airport 

monitor, located approximately 10 km nom the Strathcona Industrial Area The 

temperature data are in degrees Celsius, and are measured to the nearest 1/10" of a 

degree. The wind speed data were obtained h m  the AEP monitor in the Strathcona 

Industrial Area, and are measured to the nearest t ll O' of a kilometre per hour. 

The wind direction data were obtained fkom the AEP monitor as well and 

were recorded hourly to the nearest degree from norîh @earing). There was an 

additional issue with wind direction. An ANN model looks at the data f h m  a purely 

numencal point of view. A reading of 359 degrees from North is numerically very 

diEerent nom a reading of 1 degree &om North. However, in reality the two values 

point to ahost  exactly the same direction. This discrepancy needed to be 

incorporated into the model. Boznar et. al. (1993) identified the same problem in the 

modelling of ambient SOz in Slovenia It was decided that two inputs would be 

created fkom the wind direction input. The two inputs would be a sector and a 

degree reading. This is schematically s h o w  in Figure 12. 



Figure 12. Schematic Representation of Wind Direction Input 

Therefore an angle of 45 degrees would become sector 1,45 degrees. An 

angle of 185 degrees would become sector 2, 5 degrees. In this way, the discrepancy 

is remedied, and the mode1 should fuid it easier to decipher and use the wind 

direction data. 

Tranic data were obtained fiom the City of Edmonton Transportation 

Department and the Strathcona County Engineering and Environmental Planning 

Department. The traffic counts were recorded in texms of vehicles per hour. As 

desmied in the research focus section of the literature review (Section 2.4), it was 

decided that trafnc counts fkom nearfield sources to the monitor would be used. 

Counts h m  roads directly adjacent to the monitor were used. These were as 

follows: 



1) Station 8545E (City of Edmonton) at 17 Street North of BaseIine Road 

2) Station 13s (County of Strathcona) at Baseline Road East of Broadmoor 

Boulevard 

3) Station 8s (County of Sbrathcona) at 17 Street South of 90 Avenue 

4) Station 512E (City of Edmonton) at Baseline Road East of 34 Street 

Refer to the map in Appendix A to observe the location of the traffic counts 

in relation to the AEP monitor location. This map also shows the location of the 

Strathcona Industrial Area in relation to the City of Edmonton. 

3.7 Stage I ModeUng 

3.7.1 Overview 

There were two main purposes of Stage 1 of the modelling process. This 

stage allowed the identification of the general architecture type that fit the modelling 

situation the best. It also allowed for a preliminary indication of the feasibility of the 

use of ANN modelling in this situation. 

The source data analysis prepared the data for use in an ANN model. The 

next step was to create an input file with the data in the form that was to be used for 

this stage of the modemg process. To assess the feasibility of applying ANN to this 

situation, it was decided that a triai data set be made consisting of data fiom two 

specific hours every day fkom a given year be used. In other words, instead of using 

d l  24 hours in a day to conduct the modelling, ody 2 hours were use& with the tirne 

k e  of the data set being the year 1995. The two hours used corresponded to the 

generd high and Iow NO, hours during a &y and these were assumed to correspond 

with the hi& and low tnûfïc the data fhn 4am and fkom 5pm. Appendix B contains 

a sample of the actual data set used for Stage 1 modelling. 



One point of interest for ail the models in Stage 1 and the other stages of the 

modelling process is mentioued. The industry emission input, as previously 

discussed in the research focus (Section 2.4). was in the form of a continuous, static 

input (averaged fiom stack tests). The ANN models developed reduce the industry 

emissions to zero when the input function is appiied because there is no change in 

the emission. In other words, the model extrapolates that the change in NO, fiorn 

one hour to the next cannot be attributed to a change in industry emissions because 

industry emissions are static. The model uses other inputs to account for the 

variance in NOx. The sensitivity analysis at the end of Stage 3 allows the 

background levels of NOx due to industry to be extrapolated. Therefore the models 

did not use industry emissions to predict hourly NO, concentrations, but this does 

not mean that industries do not affect the levels of NO,. 

In Stage 1 of the ANN modelling process, three types of backpropagation 

networks were investigated in detail. These were the standard elayer, standard 3- 

layer, and 4layer jump connection networks. Parameters within these models were 

varieci. These parameters were discussed in Section 3.4.1 : Variable Parameters in 

Backpropagation Models. Varying these parameters gave an idea as to what factors 

were important to backpropagation networks in general and specific to the types of 

backpropagation models inves tigated. This also gave a means of comparison 

between the three backpropagation model types investigated. A factorial design 

approach was used to facilitate Stage 1 of the modelling process. This allowed an 

investigated into the factors as weil as the interaction between the factors. A 

iktional factorial design of 2&' was used throughout Stage 1. For more information 

on Factorial Design Analysis, refer to Box et. al. (1978). 

Detailed resuih of the factorial design analysis and the results fiom al1 of the 

tested ANN models are shown in Appendix B. 



3.7.2.1 Standard 4Iayer Backpropagation Network 

The standard 4-layer backpropagation network consists of an input layer, 2 

hidden layers, and an output layer (Refer to Section 2.2.4: Topology for more 

information on layers). Various factors within the network were varied. These 

factors were: 

1) The use or omission of the standard deviation of horizontal wind direction as an 

input 

2) The use or omission of atmospheric temperature as an input 

3) The number of hidden layer neurons in the two hidden layers 

4) The ratio of the neurons between these layers 

5) The activation functions in the two hidden layers and the output layer 

6) The input scale h c t i o n  

7) The percentage of source data split into the training, test, and production sets 

8) The momentum and leaming rates of the links in the network 

Stage 1 of the modelling process for standard Clayer backpropagation 

networks indicated that the preliminary best-fit model, with an R~ of 0.42, had the 

following major properties: 

1) lhear [-1 ,il input scale fimction 

2) Gaussian - Logistic - Gaussian activation fiinctions in the 2 hidden layers and 

the output layer respectively 

3) 50% of source data for training set, 30% for testing, and 20% for production 

4) 60 neurom in the h t  hidden layer and 12 n e m m  in the second hidden layer 

5) momentum rate = 0.2, learning rate = 0.2 



Although the R~ demonstrated a fairly average fit, this stage of the modelling 

process provided a direction for Clayer Backpropagation models to be used in the 

next step of modelling. It was noted that many of the R~ values for the Clayer 

backpropagation networks were above 0.3. This indicated that the Clayer 

backpropagation models were fairly consistent and stable. 

3.7.2.2 Standard 3-iayer Biickpropagation Netwark 

The standard 3-layer backpropagation network consists of an input layer, a 

hidden layer, and an output layer. Various factors within the network were varied. 

These factors were: 

1) The use or omission of the standard deviation of horizontal wind direction as an 

input 

2) The use or omission of atmosphenc temperahue as an input 

3) The number of hidden layer neurons in the hidden layer 

4) Turboprop or momentum l e h g  

5) The activation functions in the hidden layer and the output layer 

6) The input scde hc t ion  

7) The percentage of source data split into the trahing, test, and production sets 

Stage 1 of the modelling process for standard 3-layer backpropagation 

networks Uidicated that the preliminary best-fit model, with an R~ of 0.31, had the 

following major properties: 

1) h e a r  c-l , l> input scale h c t i o n  

2) Logistic - Logistic activation functions in the hidden layer and the output layer 

respectively 



3) 50% of source data for training set, 30% for testing, and 20% for production 

4) 15 neurons in the hidden layer 

5) momentum learning 

Although the R~ demonstrated a poor fit, this stage of the modelling process 

provided a direction for 3-layer Backpropagation models to be used in the next step 

of modelling. It also provided a means of cornparison between the use of this type of 

backpropagation model and the use of the o h  types investigated 

3.7.2.3 61îyer Jump Conneciiion N-ork 

The 4-layer Jump connection network consists of an input layer, 2 hidden 

layen, and an output layer. It is different fiom a standard 41ayer backpropagation 

network in that there are additional connections between Iayers. These connections 

are h m  the input layer to the second hidden layer and the output layer, as well as 

h m  the fïrst hidden layer to the output layer (Refer to Section 2.2.4: Topology for 

more information on layers). Various factors within the network were varie& These 

factors were: 

1) The use or omission of the standard deviation of horizontal wind direction as an 

input 

2) The number of hidden layer neurons in the two hidden layers 

3) n ie  activation fiinctions in the output layer 

4) The input scale fiinction 

Stage 1 of the modellhg process for Clayer jump comection networks 

indicated that the preliminary best-fit model, with an R' of 0.45, had the following 

major propcrties: 



1) hear [-1,1] input scale fiuiction 

2) Logistic - Logistic - Logistic activation fùnctions in the 2 hidden layes and the 

output layer respectively 

3) 70% of source data for training set, 20% for testing, and 10% for production 

4) 40 neurons in the nrst hidden layer and 60 neurons in the second hidden layer 

The R~ value indicated a fairly good fit. However, it was noted that a slight 

variance nom this exact architecture would cause the R2 value to drop substantially. 

This indicated a very unstable network type. Results are detailed in Appendix B. 

Based on the results of Stage 1 of the modelling process, it was decided that 

the 4-layer backpropagation network was the best type of network to model this 

particdar situation. This was because of the stability of the Clayer backpropagation 

models and their stability in modelling the problem at hand. However, after Stage 1, 

it was still not known if ANN was feasible to use in modelling hourly NOx in the 

Strathcona Industriai Area. This was because the results in terms of R~ were quite 

average. A typical R2 value should be 0.60 or higher to indicate a good model fit. 

Therefore Stage 2 of the modelling process needed to address raising the R'. 

3.8 Stage 2 Modelling 

This stage ailowed a furthex investigation into the feasibility of ANN 

modelling for this situation. In other words, it expanded on the resdts fiom Stage 1 

of the modebg process to f i d e r  investigate not only if ANN was viable, but how 

weU it modelled. It also looked at a data optimisation process for distributing data 

within the training, test, and production sets in an effort to aid model training. This 

data optimisation process involved splitting up the data into the three sets, so that 



each set had a similar breakdown of data based on the number and properties of the 

input data. This was done in an effort to aid model training and increase model 

performance. This stage also made an attempt to model urban air pollution in a real 

t h e  format. This meant using a continuous set of data with d l  hours of the day 

usecl, rather than only a few points per day. 

The f h t  model developed in Stage 2 of the modelhg process looked at a 

pilot data set with two data points per day over a given year. In this case, the hours 

of 7am and 7pm were used, and the year used was 1995. This is because M e r  

analysis of the input data showed that maximum and minimum values of NO, occur 

closer to 7am and 7pm then 4am and 5pm (used in Stage 1). Based on the previous 

modelling stage, a Clayer standard backpropagation network was chosen for 

modelling. As in the last modelling stage, there were many settings that had to be 

optimised. These were the scaling function, the activation bctions, the number of 

neurons in the two hidden layers, and the breakdown of the data set into the training, 

testhg and production sets. 

The first model developed in Stage 2 of the modelling process was developed 

using not only the R' as a measure of mode1 fit, but also the RMS error and residual 

plots. Further discussion on error analysis is contained in Section 3.5: Discussion of 

Error Analysis. It was decided that factorial design analysis would not be used in 

this stage of the rnodelling process. This is because the major properties of the 

model had already been detennifled in Stage 1, and only a fine-tuning of the model 

was needed. The best-fit model (basecl on the error analysis) specifics for this first 

model developed in Stage 2 are shown in Figure 13: 



Figure 13. Architecture of Neural Nehvork, Stage 2 Modelling, Mode1 1 
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3.8.2 Resulr 

The results of this model showed that ANN was feasible and provided a fairly 

good fit between the actual output data and the model predicted data. The emor 

analysis of the model was done on the production set of data. The production set of 

data is that data which the model has not seen during the model training. Detailed 

analysis of this first model developed in Stage 2 of the modelling process is shown in 

Appendix C. 

The use of R~ as a measure of model fit should be done cautiously. A model 

may have a high R~ but not be able to model the peak values of the output set 

effectively. It is important to have a model with not only a high R~, but also one that 

follows the general trends of the actual output data well. Therefore, the analysis of 



the model that was developed had to show this. Figure 14 shows a graph of the 

actual output data plotted with the model output data. 

Figure 14. AchLal Output Compared with Predicted Model Output, Stage 2 

Modelling, Model 1 

Actual vs. Predicted NOx Readings: Production Set 
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By looking at Figure 14, it cm be seen that the model generally followed the 

trends of the achial data quite welL The model identified the times when actual NOx 

was fairly low and also when it was fairly hi&. This indicated that the model was 

able to extrapolate fiom the inputs those values that caused high and low values of 

hourly NOx to occur. The model had a slight bit of difficulty assessing the exact 

value of the extreme peak events, and seemed to slightly underestimate in those 

cases. 



The next step in the analysis of this mode1 was to look at the residuals versus 

NOx and tirne to get an idea of the model fit within the model. Figure 15 shows a 

graph of the residuals (actual-predicted output) versus the actual NOx. 

Figure 15. Residuals vs. Actud NOx, Stage 2 Modelling, Mode1 1 

This residuals plot shows that most of the data fdl within a residual of 0.05 

and -0.05. It also shows a fan shape where the higher the NO, concentration, the 

higher the residual. Again, this could be attributed to the model having a slight bit of 

difnculty in predicting the magnitude of the extreme NO, concentration events. The 

next residual plot, Figure 16, shows the residuals plotted venus tirne. 



Residuals Versus Tlme 

Figure 16. Residuals vs. Tirne, Stage 2 ModeIlin& Mode1 1 

Tïme 

This residuals plot shows that most of the data are in a tight band around the 

x-axis, indicating that there is no t h e  dependency in the residuals. In ternis of the 

error across the model, the values for R~ and the RMS Error are as follows: 

R Square: 0.67 
Rwt  Mean Square Error: 4.8E-4 ppm as NO, 

This first model developed in Stage 2 of the modelling process was deemed 

successfbl in determining the feasibiIity of ANN modelling to this situation, and 

improving the fit of the model output to the actuai output data. 

The next step in Stage 2 modelling was to attempt to model hourly NOx in a 

reai t h e  situation. The models created to this point were based on only 2 hours of 



data a day for a given t h e  period. Therefore, attempting to create a model that used 

ail 24 hours of data in a given day and modelled them sequentially was the next step. 

By doing this, a better under~fazlding of real t h e  model performance would be 

gaine4 which was the nnal goal of the modelling process. 

This model was developed using trial set of data, consisthg of hourly input 

and output data from the month of March in 1995. The reason for choosing March 

was because through an analysis of the data, it was found that March contained 

within it the most variations and fluctuations of the data than any other month. As 

with previous models, the model type chosen was a four-layer backpropagation net. 

The model was developed through a he-tuning process of the architecture used in 

the previous model developed in Stage 2 modelling. The architecture of the best-fit 

model developed on the data fkom March 1995 is shown in Figure 17. 

Figure 17. Architecture of Neural Network, Stage 2 Modelling, Mode12 
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As with the previous models, the R~ errOr and the root mean square e m r  

(RMS) were the main statistical values used for measuring the error across the 

model. As well, residual error plots of ermr vernis time and error versus NOx 

concentration were done to measure error within the model. Figure 18 shows a plot 

of the actual output plotted with the model output. 

Figure 18. Actual Output Cornpared with Predicted Model Output, Stage 2 

Modekg,  Model 2 

Actual vs. Predicted NOx Readings: Production Set 

Figure 18 shows that the model output fit the achüil output very well. In 

many cases, the model was able to predict the occurrence and magnitude of the 

extreme events, which is an improvement over the previous model developed in 

Stage 2 modelling. The model was successful in predicting the occurrence of either 



extreme events or low events. Figure 19 shows a plot of residuals versus the actual 

NO, in an effort to learn more about the fit within the model. 

Figure 19. Residuds vs. Achial NO,, Stage 2 Modemg, Mode1 2 
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This residuals plot shows that rnost of the residuals are between 0.05 and - 

0.05, which is similar to the model developed at the beginning of Stage 2 modelling. 

Again, a fan shape is present indicating that the higher NOx values tend to have 

higher residuals. This is n a d  as the model has a harder time in predicting the 

magnitude of extreme NOx event than it does for more typical NOx values. The next 

plot, Figure 20, shows the residuals plotted versus time. 



Figure 20. Residuals vs. T h e ,  Stage 2 Modelling, Mode1 2 

Residuals vs Tirne 

The plot shows that most of the data are in a fairly tight band around the x- 

axis, which is desirable. It also shows that there is not trend of an increasing residual 

with time. This indicates no t h e  dependency of the residuals. The values for error 

across the mode1 (RMS error and R ~ )  were as follows: 

R Squarc 
Root Mean Square Error: 

3.9 Stage 3 Modding 
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The main purpose of Stage 3 of the modelling process was to develop a real 

time working model for the modelling of hourly NOx in the Strathcona Industrial 

Ana This model would then be used in a sensitivity anaiysis to gain insight into the 

parameters that affect NOx in the Strathcona Industrial Area. 



The set of data used for Stage 3 modelling used the months of January and 

July for the year 1995. These two rnonths were chosen as they essentially represent 

the maximum range of the input and output parameters. Appendix D contains a 

simple of the data used for modelbg. 

The inputs for this model were essentially the same as the inputs fiom 

previous models developed in Stage 1 and 2 of the modelling process, with two 

exceptions. The h t  exception was an additionai input called the season index. The 

season index was a numencal value of 1,2, or 3 that was dependent on the season of 

the particular data used A season index value of 1 signified data from the months of 

November to February inclusive. A season index value of 2 signified data fiom the 

months of Mar& to $une inclusive, and a value of 3 represented data h m  the 

months of July to October inclusive. The reason that this index was added was that it 

was found to improve results of some of the initial models tested early in Stage 3 

modelling. Data fiom the winter months tended to contain the rnajority of extreme 

NOx events due to atmospheric inversions and stable air tendencies. This index 

helped the model to distinguish events based on season in addition to the other input 

factors. 

The second exception was that instead of four separate inputs for trafic 

counts in nearfield streets, a single. summation input was used. In previous models 

developed in Stage 1 and 2, there were four separate inputs. representing traf3i.c 

counts in four nearfield quadrants surroundhg the air monitoring station. It was 

found that a better model fit could be achieved in Stage 3 modelling by adding the 

four nearfield t d E c  count inputs into a single input. 

Stage 3 of the modelling process used previous models developed in Stage 1 

and 2 of the rnodelling process and fine-tuned them in an effort to create a 



satisfactory working model. The results in Stage 3 modelling were expected to drop 

slightly from Stage 2 (in temis of R~ and model fit) due to the fact that there were 

many extreme events that occurred in January 1995. The same data optimisation 

process used in Stage 2 modelling was used again in Stage 3. The only Merence 

was that Stage 2 modelling split the data into three approximately equal in number 

sets (training, test, and production), and Stage 3 modehg had an approximate ratio 

of 2: 1 : 1 between the three sets respectively. The reason that more data were used in 

the training set than in Stage 2 was that the data were extremely noisy with sharp 

fluctuations and many extrerne events. By including more data Ui the û a h b g  set, 

the model was to use more data in the learning process and was able to improve 

model prediction fiom initial models attempted in Stage 3 modelling. 

The specifics of the best-fit model developed in Stage 3 of the modelling 

process (based on an overall error analysis) are shown in Figure 2 1. 

Figure 2 1. Architecture of Neural Network, Stage 3 Modelling 
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The results of this mode1 were obtained h m  a complete evaluation of the 

actual output data veMs the model output. The error analysis of this model was 

done on the production set of data. Figure 22 shows a graph of the actual output data 

plotted with the model output data. 

Figure 22. Actual Output Compareci with Predicted Mode1 Output, Stage 3 

Modehg  

Actual vs. Predicted NOx Readings: Production Set 

Figure 22 shows that the mode1 once again was able to predict the occurrence 

of either extreme NOx events or Iow NO, events. The mode1 was fairly successful in 

predicthg the magnitude of extreme NOx events except between patterns 130 and 

140, where the model under predicted the magnitude of two events. Figure 23 shows 

a residual plot of the residuals versus the actuai NOx. 



Figure 23. Residuals vs. Actual NOx, Stage 3 Modelling 

Residuals vs NOx 

The residuals plot shows the typical fan shape that has been characteristic to 

many of the models developed in the variouç stages of the modelling process. This 

fm shape indicates that at higher values of NOx, the value of the residuals tends to 

increase. The mode1 tends to predict the occurrence of extreme NO, events, but not 

quite catch the magnitude of some of these events. The next plot, Figure 24, plots 

the residuals versus the.  



Figure 24. Residuals vs. Time, Stage 3 Modelling 

Residuals Versus Time 

The plot shows most of the data within a faKIy tight band around the x-am. 

It shows that there is no apparent time dependency of the model. The values for 

emr across the model (RMS error and R ~ )  are as follows: 

R Square: 
Root Mean Square Error: 

0.63 
1.8E-3 ppm as NO, 

These values indicated that the model output fit the actual output well, and 

that a model was successfully developed for use in the sensitiviiy analysis. There 

was a slight drop in model performance fiom the models developed in Stage 2 of the 

modelling process. The change in these values can mainly be attributed to two 

things. The RMS error and R~ value tend to heavily punish those instances where 

the =or is quite large. The model had fairly significant errors in predicting the 

magnitude of two extreme events, as previously mentioned. The R~ and RMS values 



would have been sigdïcantly higher were it not for the two events. Another reason 

for the change was the fact that winter months tend to contain the majonty of 

extreme NOx events. Half'of the data used to develop this model was fkom the 

month of January 1995, which is one of the more difficult months for the model to 

predict in. 



4.0 Mode1 Application 

4.1 Organisation of Section 

This section applies a model developed in Stage 3 of the modelling process to 

extrapolate information about the nature of urban air pollution in the Strathcona 

Industrial Area A sensitivity analysis allowed an analysis on the dependence of 

hourly NO, values on iraflic counts of nearfield streets. This analysis also allowed 

for an investigation into the relative input of NO, fkom industrial and other sources. 

This section begins by applying the ANN model developed in Stage 3 

modelling to an arbitrary week of data not seen before by the model. The trafic 

counts are changed in positive and negative increments to observe the effect on 

hourly NO, values. Following that, the model uses a value for the expected increase 

in traffic by the year 2020 to predict the increase in average hourly NOx 

concentrations. Finally, the model is used to predict the relative input of industrial 

and other ernissions to hourly NO, values. 

4.2.1 Description 

There were essentially two main phases in the sensitivity analysis. The first 

phase was to apply the model to a randomly chosni week of data The model input 

of nearfïeld traflnc counts was then varied in increments of 5% in the positive and 

negative direction in an effort to understand the sensitivity of NOx to these counts. 

This step included adjustment of the counts to the value corresponding to the 

expected growth in trafic estimated in the City of Edmonton in the year 2020, and 

calculating the increase in average hourly NOx concentration. The second phase of 

the sensitivity analysis was to back-calculate (based on the sensitivity of the traffic 



counts to the hourly NO3 the influence of other factors on hourly NOx (industry and 

other). 

4.2.2 Sensitivity of Hourly NOx to Nearfield Street Traffie Counts 

The ANN model developed in Stage 3 of the modelling process was applied 

to an arbitrarily chosen week of data The week of Febniary grn to 1 4 ~  in 1995 was 

the week of data chosen. This data set contained data on the 7 input parameters used 

to develop the model from Stage 3 modelling. A dynamic Link library @LL) file 

was created to link the ANN mode1 developed in Stage 3 modelling to the 

spreadsheet file containhg the week of data This allowed the model to be used to 

predict the hourly NOx based on the data Appendix E contains a sample of the data 

set used. 

The performance of the mode1 used was evaluated based on a visual 

observation of the actual hourly NOx for the week of data used and the model 

predicted hourly NOx. This is because the detailed evaluation of the model was 

already completed in Stage 3 modelhg, which found the model to be quite 

satisfactory for use. Essentially, the visual check of model fit was done to ensure 

that the model was able to follow the general trends of the data well, and to ensure 

the proper fiuictioning of the DLL file. Figure 25 shows a graph of the actual NO, 

values plotted with the model predicted NOx values. Note that patterns (x-axis) are 

in real-the order such that pattern 1 refers to hour 1 on February 8h, 1995. 



Figure 25. Actual Output Compared with Predicted Model Output, Sensitivity 

Anal ysis 

Actual vs Predicted NOx 

- 
! Actual - - -  ; Predicted 

Pattern Number 

Figure 25 shows that the model fit the data quite well, in that it was able to 

predict extreme NOx events and normal events. It was also able to predict the 

magnitude of extrerne NO, events satisfactorily, with the exception of an over- 

prediction at pattern 17 and an under-prediction at pattern 63. This step showed that 

the model was functioning well and could be used for the sensitivity analysis. 

The next step was to begin varying the input of trafnc counts on nearfïeld 

streets and obseMng the effect on the NOx concentration for the week of data used. 

The counts were varied in increments of 5% nom -40% to +10% of original counts. 

Appendk E shows the changed trafic count data. Figure 26 shows a graph of the 

initial hourly NO, model output compared with the output in the case where the 

hatfic data is increased by 40%. 



Figure 26. Onpinal Mode1 Output Compared to Output for 40% Increased T r a c  

counts 

Original vs 40% Traffic lncrease 
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Figure 26 shows that an increase in the t r a c  counts of neaxfield streets 

caused an increase in the overall hourly NOx concentrations throughout the test. 

There were instances where the hourly NOx values were almost unchanged, and the 

logical inference was that those particular hourly NOx values were not slrongly 

influenced by t r a c  counts on nearfield streets. One thing to note is that Pattern 17 

exceeded the range of the model when increased by 40%, and the model responded 

by keeping the NO, concentration at the same level as before the trafEc increase. 

There were also instances where the hourly NO, values were significantly changea 

by the increase in NO,. The logical inference in that case was that for those 

particular hours, the hourly NO, values read at the monitor were strongly dependent 

on the trafnc counts on nearfield streets. Figure 27 shows the initiai output 

compared to the new output when the trafEc data is decreased by 40%. 



Figure 27. 
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Figure 27 shows that a decrease in the t&c counts of nearfield streets 

decreased the overall hourly NO, concentrations during the test week. What was 

interesthg to note was that some peaks were substantially decreased while others 

remained relatively unchanged, which was malogous to the case with a traffic 

increase. 

The City of Edmonton Transportation Department has an overdl general 

estimate for the increase in vehicular traftic expected between 1997 and the year 

2020, and that is a 60% increase. Applying this to the model, it predicted a 26% 

inmase in overall average NOx concentrations would occur with a 60% increase in 

trafnc (assuming vehicular t r a c  on nearfield streets follows the same percent 



increase as the rest of the city). Figure 28 shows graphically the change in NO, 

concentrations that would occur. 

Figure 28. Onginal Mode1 Output Cornpareci to Output for 60% Increased Trafic 

Counts (forecast for 2020) 

Original vs 60% Traffic lncrease 
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4.2.2 Extrapolatiag the Influence of Other Sources 

The second phase of the sensitivity analysis involved taking the results fiom 

the first phase and extrapolating the influence of factors otha than nearfield traffc 

counts on hourly NO, values. Trafnc counts were varieci from an increase of 40% to 

a decrease of 40%. The reesulting plot showed the effect of the change in t r f i c  

counts on the average hourly NOx concentration for the week. Figure 29 shows the 

relationship between average NO, concentration and change in trafic coimts. 



Figure 29. Effect of Change in T d c  Counts on Average Hourly NOx 

Average HourIy NOx Concentration vs Change in Nearfield 
Traffic Counts 

Percentage Change in Traflic Counts 

A hear regression was done on the points to give the linear relationship 

between average NOx and trafic count change. From the 40% increase to the 40% 

decrease (80% decrease total) in traffic counts, the average hourly NO, decreased by 

32% (calculated through use of the linear relationship). A 100% reduction in traffc 

cou& would therefore decrease the average hourly NOx concentration by 40%. The 

mode1 therefore concluded that for the test week in February, 1995,40% of the 

hourly NOx concentrations were fkom the input nom vehicle emissions and the other 

60% were fkom other sources. This breakdown is simila. to findings reported by 

Myrick and Byme (1996) indicating that 43% of NOx emissions in Edmonton during 

1995 were h m  transportation sources. The other sources could include industrial 

emissions, power generation, and space heating. Other possible sources of NO, in an 

urban environment are outlined in Section 2.4.2.6 - Oxides of Nitrogen. 



5.0 Conclusions 

5.1 General Conclusions 

This study had three main objectives, outlined in Section 1.3 - Research 

Objectives. The main objective of the study was to assess the feasibility of 

modelling rirban air pollution, speciflcdly houriy NOx concentrations, in the 

Strathcona Industrial Area of the City of Edmonton, using ANN modelling. This 

objective was successfuliy met through Stages 1 and 2 of the modelling process, 

Sections 3.7 and 3.8. The rneasure of success was the emor analysis of the models 

developed in these stages. 

Models developed in Stages 1 of the modelling process focussed on three 

main backpropagation architecture types. The first was a standard 4-layer 

backpropagation network, and this type achieved an It2 of 0.42. The next was a 

standard 3-layer backpropagation network, and this achieved an R' of 0.3 1. The last 

type was the Clayer jump connection network, which had an R' of 0.45. It was 

decided at the end of Stage 1 to pursue modelling with a Clayer backpropagation 

network, because of the overall stability in the results compared with the Clayer 

jump comection network. If any of the inputs were varied slightly, the Clayer jump 

connection network would not converge and would give an R~ of O. The blayer 

backpropagation network however was more stable and conhued to converge with 

slight variations of the input parameters. 

Stage 2 of the modelhg process was able to M e r  prove the feasibility of 

using ANN to model the problem. The h t  model created in Stage 2 was able to 

model better than the CIayer backpropagation network developed in Stage 1. This 

first model used a data optimisation process that enhanced the learning process of the 

model, and was able to significantly improve the performance of the model in al1 



aspects. This model had an R~ of 0.67, a RMS error of 4.8E-4 ppm as NO2, and 

residual plots that showed no apparent t h e  dependency trends. 

The next objective of this study was to apply ANN modehg to reproduce 

hourly NOx concentrations in a real-rime format. Essentially this meant using al1 

available data h m  a given day to model, rather than two points per day, as was used 

in Stage 1 and the nrst model of Stage 2. The second model developed in Stage 2 

used data fkom the month of March in 1995 in a mal-tirne format, The model had an 

R~ of 0.70, a RMS e m r  of 3.7E-4 ppm as NOz, and residual plots that again showed 

no apparent t h e  dependency trends. 

Stage 3 of the modelling process (Section 3.9) also sought to model hourly 

NOx in a real-time format. This stage used data fiom the months of January and July 

1995 to develop the model. The model developed was expected to drop in 

pexfomiance nom the second model of Stage 2 modelling because of the fact that 

many extreme events (high NOx concentrations) occur during the winter months, and 

January 1995 was no exception. The data was rnarkedly noisier with more severe 

fluctuations than the data set used to model the second model in Stage 2. This model 

had an R~ of 0.63 and a RMS error of 1.8E-3 ppm as NO2, and residual plots that 

again showed no apparent time dependency trends. 

The last objective of this study was to use the results from an ANN model to 

provide a means of evaluating the effect of proposed control measures on urban air 

quality (measured in ternis of hourly NOx) specifically in tems of trafEc counts on 

nearfield streets. The model developed in Stage 3 of the modelling process was 

applied to an arbitrary week of data, and then the effect of varying the M c  counts 

was found (Section 4.2). A straight-line relationship was developed through use of a 

linear regression, and it was concluded that a 100% &op in tranic would result in a 

40% drop in average hourly NOx concentrations. This was important, in that it also 



showed the percentage of hourly NOx concentrations that could be attributed to 

inputs other than the transportation sector. It also showed the sensitivity of average 

hourly NOx concentrations to the M c  counts. 

Another part of the sensitivity analysis involved obtaining an estimate for the 

average increase in vehicular traffic expected by the year 2020 nom the City of 

Edmonton Transportation Department. Once the estimate was obtained, the effect of 

this increase on the average hourly NO, concentration was found. The estimate was 

an increase in vehicular trafiic of 60%. The corresponding modelled increase in 

average hourly NOx concentrations was 26%. 

Overall, the objectives set out for this study were met. There are, however, 

some recommendations for friture research in the field that are outlined in the next 

section. 

5.2 Recommendutions for Future Research 

It is important to note that this study was essentially a .  introduction into the 

use of ANN modelling to mode1 wban air pollution. The main objective of the 

shidy, as mentioned before, was to assess the feasibility of using ANN modelling in 

the field of urban air pollution modelling. There are many possible avenues for 

fbture research in this area, and following are some recommendations. 

1) Investigate the use of other output factors and observe whether they cm be 

successfully modelled. This includes 03, PM, S02, VOC/THC, and CO. It is 

possible that these other outputs may be able to be modelled successfully ushg 

either the c m n t  set of inputs or a different set. This could generate more 

information as to the characteristics of urban air pollution in the Strathcona 

Industrial Area in a more thorough manner. 



2) Investigate the use of other input factors on model performance. This can 

inelude measures such as relative humidity, atmospheric pressure, hours of bnght 

sunshine7 and various other meteorological measures. These other input 

parmeters may provide the mode1 with more information on the creation, 

dispersion, and transport of urban air pollutants in the Strathcona Industrial Area 

3) The model that was developed was a single model used to predict hourly NOx for 

many situations throughout a year. A possible avenue for investigation would be 

the development of separate ANN models that mode1 for different Ievels of 

inputs. For example, a model could be developed for use throughout the winter 

months, where the characteristics of hourly NOx concentrations in the Edmonton 

area are drastically different than in the other times of the year. By developing 

different models for different times of the year, the model fit may him out to be 

much better. 

4) Another interesting avenue for research could be the application of this model to 

other geographical areas. The mode1 could extrapolate characteristics that are 

cornmon between the other area and the Strathcona Industrial Area. It would 

shed Light ont0 what charactenstics are important to hourly NO, concentrations 

specific to the Strathcona Industrial Area and what charactenstics are important 

to concentrations regardless of location. 

5) The sensitivity analysis was done specifically on vehicle counts on streets 

adjacent to the monitor used to measure hourly NO, concentrations. The analysis 

of sensitivity could be expanded to other inputs in the model. This may also give 

more information regarding the effect of al1 inputs on the hourly NO, 

concentrations. 

6) This study focussed on the use of general backpropagation type neural networks. 

Future studies could attempt to use other types of ANN models and see how they 

fiinction. Examples are GRNN type models and the use of genetic algorithms. 
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APPENDIX A - The Study Airshed in the Strathcona 

Industrial Area of the City of Edmonton and the County of 

Strathcona 



Ref: Alberta Environment, 199 1 



APPENDM B - Detailed Results and Analysis from Stage 1 

of the ANN Modelling Process 



Standard 4-laver Backpropapation Network: Resolts and Analvsis 

DEV = 
HL = 
Act. = 
Last Error Tm. = 
Min. Error T m  = 
Min, Error Tst. = 
R2 Production = 
x:y ratio = 
N= 
M =  
mom = 
1 = 
G-G-G = 

G-L-G = 

standard deviation of horizontal wind direction 
hidden layer 
activation fiinction 
last average training error 
minimum average training e m  
minimum average testing error 
R~ value from applying the mode1 to the production set 
x:y ratio between neurons in hidden layers 1 and 2 
percentage of input data used for test set 
percentage of input data used for production set 
rnomentum rate 
learning rate 
Gaussian - Gaussian - Gaussian activation fiinctions in 
hidden layers 1 and 2 and the output layer 
Gaussian - Logistic - Gaussian activation functions in 
hidden layers 1 and 2 and the output layer 



Architecture Type 1 - Standard 4 layer backpropagation net 

A 
B 
C 
D=ABC 

Results: 

Trial 1 
Trial 2 
Trial 3 
Trial 4 
Trial 5 
Trial 6 
Trial 7 
Trial 8 

Positive Negative 
wiîh DEV without DEV 
40 neurons HL 1 60 neurons HL 1 

40 neurons HL2 60 neurons HL2 
Gaussian Act. Logistic Act. 

Last Error Tm. Min. Emor Tm. Min. Error Tst. R2 Production 
0.001 6003 0.00 13497 0.2597 
0.0193618 0.0193618 0.0280005 O 

0.0048306 0.0040 126 0.0 115825 0.288 1 

0.001 5 144 0.0015144 0.0072485 O. 1239 

0.00 17543 0.00 16935 0.007415 1 0.2564 
0.0019683 0,0016515 0.01 13582 O 

0.003 1952 0.003 1952 0.0 1 14674 O 

0.001 1614 0.00 1 137 0.0070806 0 .2494 

Significant A effect The efféct of having the DEV data are to actually reduce the R2. 
E ffécts: 

AB effect Therefore, it will not be used in M e r  Stage 1 4 hidden layer 
nets. 



Architecture Type 1.1 - Standard 4 layer backppagation net 

A 
8 

C 
M C  

Redis: 

Trial 1 
Trial 2 
Trial 3 
Trial 4 
Trial 5 
Trial 6 
Trial 7 
Trial 8 

Positive Negative 
2:1 ratio 3 : 1 ratio 
30 neurons HL1 36  neurons HL1 
Linearkl ,1] Linearc- 1 , 1 > 
Gaussian Act. Tanh Act, 

Last Error Tm. Min. Error Tm. Min. Error Tst. R2 Production 

Significant C effect AB 
Effects: effect 

A effect AC 
effect 

The Linear [- 1,1] scale fimction is 
pre ferred 
as is the 3 : 1 neuron ratio. 



Architecture Type 1.2 - Standard 4 Iayer backpropagation net 

Positive Negative 
A 3 : 1 ratio 4:l ratio 
B 36 neurons HL1 48 neurons HL1 
C N=20,M=1 O N=30,M=20 
D=ABC withtemp without temp 

Results: 
Last Error Tm. Min. Erra Tm. Min. Avg. Tsti R2 Production 

Trid 1 

Trial 2 
Trid 3 
Trial 4 
Trid 5 
Trial 6 
Trid 7 
Triai 8 

Significant 
Efffects: 

C effect AB 
effect 

A effect 

The strongest effect is the interaction AB. It tends 

be better at the lower settings of A and B, so a 
higher 
Number of neurons, and a 4: 1 ratio. However, A is 
Important at 3:l as well. N=30 and N=20 also is 
beîter. 



Architecture Type 1.3 - Standard 4 Iayer baclcpropagation net 

Positive Negative 
A G-G-G G-L-G 
B mom=0.15,1=0,15 mom=0.2,1=02 
C 2: 1 ratio 5 : 1 ratio 
D=ABC Soneurom 60 neurons 

Trial 1 
Trial 2 
Trial 3 
Trial 4 
Trial 5 
Trial 6 
Trial 7 
Trial 8 

Last Enor Tm. Min. Error Tm. Min. Enor Tst, R2 Production 
0.0036294 0.0019316 0.009943 0.4153 
0.00 1 1295 0.00 1076 1 0.0098675 0.3383 
0.0 158977 0.0126049 0.015421 1 0.0334 
0.0014809 0.00 1 1603 0.104317 0.2955 
0.02045 16 0.00650 13 0.0109372 0.328 1 
0.0065709 0.0023669 0.0087533 0.2063 
0.0204509 0.006988 1 0.01 11085 0.3 191 
0.0028324 0.0016914 0.0 102605 0.2922 

Significant BC The interaction between B and C is significant. The other 
Effects: effect significant 

B effect effect is the learning and momentun rate, which strongly 
favour the 
setting of 14.2 and mom4.2 over 1=0.15 and mom=û.15. 



Standard 3-laver Back~ro~aeation Network: ResnIts and Analvsis 

DEV = 
HL = 
Act = 
t as t  Error Tm. = 
Min. Error Tm. = 
Min. Error Tst. = 
R2 Production = 
x:y ratio = 
N= 
M =  
mom = 
1 = 
L-G = 

L-L = 

standard deviation of horizontal wind direction 
hidden layer 
activation fhction 
last average training error 
minimum average training e m r  
minimum average testing error 
It2 value nom applying the mode1 to the production set 
x:y ratio between neurons in hidden layers 1 and 2 
percentage of input data used for test set 
percentage of input data used for production set 
momentum rate 
leaming rate 
Logistic - Gaussian activation functions in the hidden 
layer and the output layer 
Logistic - Logistic activation functions in the hidden 
layer and 2 and the output layer 



Architecture Type 2 - Standard 3 iayer backpropagation net 

Positive Negative 
A with DEV without DEV 
B 40 neurons HL1 60 netuons HL1 
C Gaussian Act. Logistic Act. 
D=ABC Linear [-l,1] Linear <- 1,1> 

Rm 1 
R m  2 
Run 3 
Run 4 
Run 5 
Run 6 
Run 7 
Run 8 

Last Enor Tm. Min. Error Tm. Min. Error Tst. R2 Production 
0.003 13 18 0.0031318 0.0080706 0.2457 

0,0020 15 0.00 18796 0.0068654 O. 1729 

0.00281 17 0.00245 13 0.007605 1 O. 1942 

0.0035537 0.0033 196 0.007067 0.1921 

0.0 1 6563 0.0 108009 0.023 1428 O 
0.00 19684 0.00 19684 0.010438 0.0419 

0.0349752 0.0069808 0.0133807 O. 1887 

0.0238983 0.0150034 0.0279355 O 

Significant C effect The effect of having a Gaussian Activation 
E Eects: fiinction is to 

B effect decrease the R2. The effect of having 40 neurons 
is to 

BC increase the R2. Therefore the direction for fiiture 3 
effect hidden 

layer tests is towards Logistic Activation functions and 
las neurons. 



Architecture Type 2.1 - Standard 3 layer backpropagation net 

Positive Negative 
A 20 neurons HL 30 neurons HL 
B Logistic HL tanh HL 
C Logistic output tanh output 
D=ABC Linear [Dl, l] Linear <- 1,1> 

Run 1 
Run 2 
Run 3 
Run 4 
R n  5 
Run 6 
Run 7 
Run 8 

Last Error Tm. Min. Enor Tm. Min. Error Tst. R2 Production 
0.025 1556 0 .O2035 17 0.0450785 0.306 
0.0234767 0.0234767 0.0489733 0.3056 

0.0 163245 0.0162778 0.0466555 0.2101 
0.0161 196 0.0 14954 1 0.0473099 0.277 
0.0036295 0.0033505 0.0078942 0.0759 
0.0043797 O .O043797 0.0077654 0.282 1 
0.0032607 0.0032542 O .O0723 5 0.3074 
0.0026998 0.0026798 0.0075419 0.2849 

Significant ABC Having a linear 4 , l >  is seen to be quite significant in 
E ff'ects: effcct Mproving 

BC effect the value of R2, The next set of tests will use the iinear C- 
1,1> 
as well as tanh output, and between 15 and 25 neurons in the 
hidden layer. 



Architecture Type 2 2  - Standard 3 layer backpropagation net 

Positive Negative 
A 15 neurons HL 25 neurons HL 
B N=20,M=10 N=30,M=20 
C with temp without temp 
D=ABC turboprop momentum 

Run 1 
Run 2 
Run 3 
Run 4 
Run 5 
Run 6 
Run 7 
Run 8 

Last Error Tm. Min. Emor Tm. Min. Error Tst. R2 Production 
0.00766 1 0.0039927 0.007499 1 0.139 

0.0057091 0,005709 1 0.007589 1 O. 1495 

0.0050825 0.0050825 0.0090064 0.23 19 

0.0073509 0.00353 1 1 0.0089838 0.1019 

0.0018717 0.00 16884 0.0062993 0.2996 

0.0049929 0.003 1284 0.0066385 0.3 142 
0.0056459 0.0029365 0.00793 16 0.1557 
0.0032607 0.0032542 0.007235 0.3074 

Significant C effect It seems that the largest effect is nom the combination of 
Effects: having no 

B effect temp included as well as having a larger production and test 
set. 

BC effect As well, it seems that it is more advantageous to have a larger 
production and test set as  well as including temperature. 



Architecture Type 2.3 - Standard 3 layer backpropagation net 

Positive Negative 
A r n d - 1 5  rnom4.3 
B 14-15 14.3 
C 12 newons 18 neurons 
D=ABC L-L L-G 

Run 1 
Run 2 
Run 3 
Run 4 
Run 5 
Run 6 
Run 7 
Run 8 

Last Error Tm. Min, Error Tm. Min. Error Tst. R2 Production 
0.0143385 0.0065455 0.0101396 0.2341 
0.0038546 0.0017137 0.0057759 0.1345 
0.0049465 0.0028584 0.00628 19 O .MO3 
0.01 12971 0.0052907 0.0096167 O. 1885 
0.0028449 0.0016912 0.0058981 0.0859 
0.026 1568 0.0057475 0.0102559 0.2174 
0.010304 0.0052039 0.0094363 O. 1534 

0.0042496 0.00 1 8248 0.0058804 0.1327 

S ignificant AC effect The largest effect is the confounded interaction between A 
E ffects: and C. 

ABC The next significant effect is the number of neurons, which 
effect favours 
C effect 18 over 12. As well, the activation functions (ABC) appear 

signifiant towards having L-G instead of L-L. 



4-laver J u m ~  Connection Network: Results and Analvsis 

DEV = 
HL,= 
Act = 
Last Error Tm. = 
Min. Error Tm. = 
Min. Error Tst. = 
R2 Production = 
x:y ratio = 

standard deviation of horizontal wind direction 
hidden layer 
activation function 
last average trainùig error 
minimum average training error 
minimum average testhg error 
R~ value h m  applying the mode1 to the production set 
x:y ratio between neurons in hidden layers 1 and 2 

Architecture Type 3 - 4 Layer Jump Connection Net 

Positive Negative 
A with DEV without D N  
B 40 neurons HL 1 60 neurons HL1 
C 40 neurons HL2 60 neurons HL2 
D=ABC Gaussian Act. Logistic Act. 

Results: 
Last Error Tm. Min. Error Tm. Min. Error Tst. R2 Production 

Model 1 
Model 2 
Model 3 
Model 4 
Model 5 
Model 6 
Model 7 
Model 8 

Significant 
Effects: 

0.0012878 
0.0131341 

0,0036059 
0.00 13245 
0,001 8566 
0.0087632 
0,0075357 
0.0009 128 

AC effect 

BC effect 

AB effect 

It seems that in this case, the 2 factor interactions are 
significant 
There is a confounding pattem, so the AC is confounded with 
BD 
the BC is confounded with the AD, and the AB is confounded 
with 
the CD. A fidl factorial design should be 
conducted. 



Architecture Type 3.1 - 4 Layer Jump Connection Net 

Positive Negative 

A 2: 1 ratio 3:l ratio 
B 30 neurons HL1 36 neurons HL1 
C Linear [- 1,1] Linear <- 1,1> 
&ABC Gaussian Act. Tanh Act. 

Resuits: 
Last k o r  Tm. Min. Error Tm. Min. Error Tst. R2 Production 

Model 1 
Model 2 
Model 3 
Model 4 
Model 5 
Model 6 
Model 7 
Mode1 8 

Significant 
EEêcts: 

0.1 188676 
0.009882 1 
0.0064628 
O.l6OOS8 

0.1 188676 
0.009882 1 
0.0064628 
0.160058 

A effect 

B effect 

AB effect 

This particular set of runs seemed to greatly reduce the values 
of R2. 
Therefore, it is prudent that the h t  set of results be used for 
the 4 
layer backpropagation net, and a different direction be 
chosen. 



Architecture Type 1 - Standard 4 layer backpropagation net 

Positive Negative 
A with DEV withorlt DEV 
B 4ûneuronsHLl 6ûneuronsHLl 
C 40 neun,ns HL2 60 neurons HL2 
WABC Gaussian Act Logistic Act 

Results  

Trial 1 
Triai2 
Triai3 
Trial 4 
Trial 5 
TriaI 6 
Trial 7 
Trial 8 

Last Avg- Error Trn. Min. Avg. h r  Tm. Min. Avg. Error Tst. R2 Production 
0.0016003 0.0013497 0-2597 
O-ûii3618 0.M93618 0.0280005 O 
0.0048306 0.0040t26 0.0115825 0 2 8 l  
0.0015144 0.0015144 0.0072485 0.1239 
0.0017543 0.0016935 0.0074151 02564 
0.001%83 0.0016515 0.0113582 O 
0.0031952 0.0031952 0.01'14674 O 
O.oOfl614 0.001137 O.OW0806 0.2494 

Architecture Type 2 - Standard 3 iayer badcpropagation net 

A 
B 
C 
-ABC 

R d k  

Run 1 
Run 2 
Run 3 
Run 4 
Run 5 
Run 6 
Run 7 
Run 8 

Positive Negative 
with DEV without DE' 
4û neurons HL1 60 n m n s  HL1 
Gaussian Act Logistic Act. 
h e a r  [-l,l] Linear +l,I> 

Last Avg- E m r  Tm. Min. Avg. Error Trn. Min. Avg. h r  Tst. R2 Production 
0.0031318 0.0031318 0.0080706 0245 7 
O.ooUn5 0.0018796 0.006236% 0.1729 

0.0028117 0.0024513 0.0076051 0.1942 
o.mss37 0.00331% 0.007047 o.19~1 
0.016563 0.0108009 0.0231428 O 

0.0019684 0.001- O.Ol@W O.CM19 
0.0349752 0.0009808 0.0133807 0.18û7 
0.0238983 0.0150034 0.0279355 O 

Architecture Type 3 - 4 Layer Jump Connedion Net 

Positive Negaiive 
A with DEV without DEV 
B 40 neurons HL1 60 neruons HL1 
C 40 neufors HL2 60 neurons HL2 
-ABC Gaussian Act Logistic Act. 

Model 1 
M d 2  
Model3 
Model 4 
Modd 5 
Modd 6 
Modd 7 
Model8 

Last Avg. Error Tm. Min Avg. Enor T m  Min. Avg. Error Tst. R2 Production 
0.0012878 0.0012774 0.0081268 0.024 
0.0131341 0.M22305 0.0248806 0.M65 
0.0036059 0.0011149 0.0128805 O 
0.0013245 0.0012i97 0.0069536 0.4519 
0.0018566 0.0018566 0.0072116 032B 
O.Oû87632 0.0087632 0.028 O 
0.0075357 O.ûû75313 0.0153239 O 
0.0009128 0.0009228 0.0067342 0.2ûû7 



Architecture Type 1.1 - Standcud 4 layer badcpropagation net 

Positive Negative 
A 21 ratio 31 ratio 
B 30 neurons HL1 36 n m n s  HL1 
C Linearf-III] Lin&l,l> 
*ABC Gaussian Act. Tanh Act. 

Resultr: 

Trial 1 
Trial 2 
Triai 3 
Trial 4 
Triai 5 
Triai 6 
Trial 7 
Triai8 

Last Avg. Error Trn Min- Avg. Error T m  Min- Avg. Enor Tst, R2 Production 
0.0208282 0.02û8282 0.0532618 0.3353 
0.005569 0.0050089 0.012229 0.0432 

0.0071127 0.0049247 0.0108558 0.2933 
0.0434505 0.0228335 0.0434453 0.1 469 
0.0189367 O.ûi89367 0.045788 O S  887 
O.CD5569 0.0050089 0.012229 0.0432 

0.0070325 O.NI34753 0.0118333 O 
0.0434505 0.0228035 0.01234453 0.1469 

Architecture Type 21 -Standard 3 Iayer backpropagation net 

A 
B 
C 
DUABC 

Renilts: 

R u n  1 
R u n  2 
R u n  3 
R u n  4 
R u n  5 
R u n  6 
R u n  7 
R u n  8 

Positive Negative 
î0neuronsHt 30neuronsHI 
Logisüc HL tanh 
Lagistic output tanh output 
Linear [-l,l] Linear <-1,1> 

Last Avg. Enor Tm. Min. Avg. Enor Tm, Min. Avg. Enor Tst. R.2 Production 
0.M51556 0.0203517 0.0450785 0.306 
0.0234767 0.0234767 0.0489733 0.3056 
0.0163245 0.0162778 0.0466555 OZ01 
0.01611% 0.0149541 0.0473099 0277 
O.Mi36295 O.Oa33505 0.0078942 0.0759 
0.0043797 0.0043797 0.0077654 O B 2 l  
0.0032607 O.ûû32542 0.007235 0.3074 
0.0026998 0.026798 O.al75419 0.2849 

Architechue Type 3.1 - 4 Layer Jump Connection Net 

Positive Negative 
A 21 ratio 3:l ratio 
B 30 neurons Ht l  36 neurons HL1 
C Linear [-1,1] Linear Gl,1> 
=ABC Gaussian Act. Tanh Act 

Model 1 
Model2 
Model3 
Model 4 
Mode15 
Modei 6 
Mode17 
Mode1 8 

Last Avg. Error Tm. Min. Avg. Error Trn. Min. Avg. Error Tst. R2 Production 
0.1188676 0.118775 OZû26i6 O 
0.0098821 0.0076381 0.018'1293 0.0554 
0.0064628 0.00nr134 0.019%45 O 
0.160058 0.1580243 0.1864138 O 

0.1188676 0.118775 02102616 O 
0.0098821 0.0076381 0.0181293 0.0554 
0.0064628 0.0051434 0.0199645 O 
0.160058 0.1580243 O.lW138 O 



Architedure Type 12 - Standard 4 layer badcpropagation net 

Positive Negative 
A 3:l ratio 4:1 ratio 
B 36 n e u ~ ~ n s  HL1 48 neurons HL1 
C N=2O,M=lO N=308M=20 
D-ABC with temp without temp 

Trial 1 
Trial 2 
Trial 3 
Trial 4 
Trial 5 
Trial 6 
Triai 7 
Triai 8 

Last Avg. Error Tm. Min. Avg. Enor Tm. Min- Avg. Ermr Tst. R2 Production 
0.0049359 0.0049359 0.0128032 0.1023 
0.00r333SQ 0.0025959 0.0107425 03374 
0.W3951 0.001678 0.0109563 OZl3 

O.o(M3338 0.0043338 0.0124708 0.1533 
0.0074633 0.002944 0.0111988 O 
O.Oû61319 0.006l203 0.0147946 0.1824 
0.0055939 0.0055939 0.0149316 0.082 
0.0028541 0.0(]28541 0.0122117 0.043 

Architecture Type 22 - Standard 3 iayer backpropagation net 

Positive Negative 
A 15 neurons HL 25 neurons HL 
B N=20,M=10 N=30,M=20 
C with temp without temp 
D-ABC -P~P momentum 

Run  1 
R u n  2 
Run 3 
Run 4 
R u n  5 
R u n  6 
R u n  7 
R u n  8 

Last Avg. Error Tm. Min. Avg. Enor Tm. Min. Avg. E m r  Tst. R2 Production 
0.007661 0.0039927 0.0074991 0.139 

0.0057091 0.005709l 0.00758% 0.1495 
0.0050825 0.0050825 0.0090064 0.2319 
0.0073509 0.0035311 0.0089838 0.1019 
0.0018717 0.0016884 0.0062993 0.2996 
0.0049929 0.0031284 0.0066385 0.3142 
0.0056459 O.Mn9365 O.Oû79316 0.1557 
0.0052607 0.0032542 0 . m 5  03074 

Architecture Type 4 - 3 iayer Jump Connedion Net 

Positive Negative 
A 30 neurons 25 nwrons 
B N=20,M=10 N=308M=20 
C with temp without temp 
&ABC ~ P ~ P  momentum 

Results: 
Last Avg. b r  Trn. Min. Avg. Error Tm. Min. Avg. Error TsL R2 Production 

Modell 0.M15683 0.0107682 0.015û367 O 
Model2 0.û266969 O.ûl15191 0.0135914 0.031 

*This type of modd ruied out after triai Mode1 2 



Architecture Type 1 3  - Standard 4 layer badcpropagation net 

Positive Negative 
A GC-G GL-G 
B momL0.15,1=0.15 mom=OÎ, L 4 l . î  
C 21 ratio 5:l ratio 
D-ABC 50 neurons 60 neurons 

Results: 

Triai 1 
Triai 2 
Trial 3 
Trial 4 
Trial 5 
Tria1 6 
Triai 7 
Trial 8 

Last Avg. Error Tm. Min. Avg. Enor Trn bIin. Avg. Error Tst R2 Production 
O.Oû36294 0.0019316 0.009943 0.4153 
0.001iî95 0.001W61 0.0098675 03383 
0.0158977 0.0226049 0.0154211 0.0334 
0.0014809 0.0011603 0.104317 02955 
0.0n)4S16 0.0065013 0.0109372 03281 
0.0065709 0.0023669 0.0087533 0.2063 
0.0204509 0.0069881 0.011 1085 0.319l 
0.0028324 0.0016914 O.Oro2605 02922 

Architedure Type 23 - Standard 3 layer backpropagation net 

Positive Negative 
A mom=0.15 morn=03 
B 14.15 1=03 
C 12 neurons 18 neurons 
DzABC L L  L-G 

Run 1 
Run 2 
Run 3 
Run 4 
Run 5 
Run 6 
Run 7 
Run 8 

Last Avg . Erro r Tm. Min. Avg. Error Tm. Min. Avg . Erro r Tst. R2 Production 
0.0143385 0.0065455 0.01013% 0.2341 
0.0038546 0.0017137 0.00~7759 0.1345 
0.0049465 0.0028584 0.0062819 02403 
O.Oll297l 0.0052907 0.00%167 0.1885 
0.0028449 0.0016912 0.0058981 0.0859 
0.0261568 0.0057475 0.0102559 OZ74 
0.010304 0.0052039 0.0094363 0.1534 

0.00424% 0.0018248 0.0058804 0.1327 



APPENDIX C - Detailed Results and Analysis from Stage 2 

of the ANN Modelling Process 



SampIe of Data Used For Staee 2 Modeiiine, Models 1 and 2 

YR MTH DAY HR D N  lmp(Uunl) WDR WDR û e ~  WDR Sec WSP N W  TR Sec l TR Sec 2 TR Sec 3 ïü Sec 4 Ckrt 



Sample of Output from Best-Fit ModeL Mode1 1 

Production Test Training 
Ac!uai(l) NetMwk(1) Act-Net(1) M ( 1 )  Networic(1) Ad-Net(l) Adual(1) N e m ( 1 )  Ad-Neyl) 



Training and Test Set Actual NO, - and Predicted NO,, - Mode1 1 

Acîual W. Pndktuâ NOr Readings: Training Set 

02s 

ktml vs, Preditthd NOx Readlngs: Test Set 



APPENDIX D - Detailed Results and Analysis from Stage 3 

of the ANN Modelling Process 



Sam~le  of Data Used For Stage 3 Modelling 

Yr Mth Day Hwr Temp NOX PPM WSP KPH WDR SEC WDR DK3 DEV D f f i  sum transport Season Index Cbss 



Production Test Training 
Adual(1) Network(1) Ad-Net(1) Adual(1) Networl<(l) Ad-Net(1) Actual(1) Network(1) Ad-Net(1) 

0.031 0.0481 199 -0.01 71 2 



Training and Test Set Actual NO, - and Predicted NO* - 

Acaul m. Pndidsd NOx Rhadin~~: Test Set 



APPENDM E - Detaiied Results and Analysis from 

Sensitivity Analysis 



Sam~ie of Data Set Used in Model A~~lication for the Sensitivitv Analvsis 

YR MTH DAY HOUR Temp WSP WDR WDR DEV Sum Season Index Actual 
Trans NOx 



Data for Relationshi~ between Tranic Counts and Avera~e Hourlv NO= - 

Percent Increase or Decrease Average Hourly NOx Concentration 
40% 0.043933553 
35% 0.0431 1 5096 
30% 0.042269783 
25% 0.041421563 
20% 0.040629659 
15% 0.039891 927 
10% 0.039206034 
5% 0.038501885 
0% 0.037780349 

-5% 0.03691 3786 
-1 0% 0.036065663 
-1 5% 0.03524501 5 
-20% 0.03446298 
-25% 0.03373091 9 
-30% 0.033060206 
-35% 0.032457773 
-40% 0.031 922972 



Sam~le  of Mode1 Oatont for Varvine T r a c  Counts 

15% 10% 5% -5% -1 0% -1 5% 
Traffic Trafic Traffic Traffic Trafic Traffic 

0.02076 0-020739 O.0207 1 9 0.020681 0.020662 0.020645 
0.01 3925 0.01 3908 0-01 3892 0.01 386 0.01 3845 0.01 3829 
0-01 i2Sl 0.01 1241 0.01 1232 0.01 1219 0.01 1219 0.01 1219 
0.01 0527 0.01 052 0.01 O51 3 0.01 0506 0.01 0506 0.01 0506 
0.010633 0.01 0621 0.01 0609 0.010587 0.010576 0.010565 
0.01 1429 0.01 1386 0.01 1345 0.01 1267 0.01 1229 0.01 i 193 
0.018674 O.O$8OO4 0.017393 0.016331 0.01 5871 0.015452 
0.05397 0.047551 0.041957 0.032993 0-029475 0.02ô497 

0.033896 0.031 1 91 0.028806 0.024871 0.02326 0.021 85 
0.019676 0.018812 0.01 8034 0.016704 0.016137 0.015628 
0.022358 0.021 257 0.020269 0.01 8591 0.01 788 0.01 7244 
0.026306 0.02439 0.022696 0.01 9886 0.01 8728 0.01 771 1 
0-026841 0.024631 0.022694 0.01 9527 0.01 8244 0.01 71 28 
0.027388 0.025323 0.023515 0.020552 0.019345 0.018292 
0.03681 3 0.0341 26 0.031 781 0.02796 0.02641 5 0.025075 
0.222579 0.222579 0.222579 0.21 31 18 0.201 347 0.187603 
0.1 37953 0.137953 0.1 33109 0.1 13015 0.101705 0-090375 
0.041 948 0.038545 0.03541 O.OZ99lS 0.027538 0.025396 
0.023638 0.022679 0.021 781 0.0201 58 0.01 9428 0.01 8748 
0.030362 0.0291 58 0-0280 14 0.025899 0.024929 0.0240 14 
0.042322 0.040686 0.039101 0.036093 0.034676 0.03332 

0.0396 0.038467 0.037365 0.035261 0.03426 0.033294 
0.049729 0.048843 0.047964 0.046231 0.045378 0 .O44534 
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