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ABSTRACT 

In the present study, a monitoring facility for hazardous gases was set up at Texas 

Tech University's Wind Engineering Research Field Site. The major objective of this study 

was to use the downwind experimental data acquired at the field site to develop a 

methodology for estimating point source emissions rates. Experiments were carried out by 

releasing controlled quantities of hydrogen sulfide (H2S) and ammonia (NH3) in the fields 

adjoining the field site. The downwind concentration of gases released during the studies 

was measured using a Single Point Monitor. The meteorological tower at the site was 

used to record meteorological data such as wind speed and direction, ambient temperature 

and relative humidity. 

An empirical correction to the Pasquill-Gifford model was determined which 

conservatively estimated emission rates. The estimation of atmospheric stability was 

studied using various methods published in literature. Terrain specific parameters such as 

filction velocity and surface roughness were determined. This approach was validated 

only for direct downwind sampling and neutral atmospheric stability. The dispersion 

parameters in the Gaussian model were then modified using experimental data. 

Finally, a novel method based on the use of artificial neural networks was also 

developed to model gaseous atmospheric dispersion. This approach offers significant 

potential because it does not require the accurate determination of the numerous variables 

which traditional models require. However, the neural network must be trained over the 

span of variables of interest. 

VI 



LIST OF TABLES 

2.1 Exponents in power law velocity profiles corresponding to smooth and open 
country conditions 18 

3.1 Description of refined models to describe atmospheric dispersion 32 

5.1 Pasquill stability classification scheme 73 

5.2 Turner's stability classification scheme 74 

5.3 Coefficients to estimate Cy and â  in short-range 75 
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CHAPTER I 

INTRODUCTION 

Air pollution has been a problem for a number of centuries. One of the earliest air 

pollution problems was the smoke caused by burning of sea coal in lime kilns in London in 

A.D. 1285 (Cooper and Alley, 1986). The Industrial Revolution in the sixteenth century 

marked the advent of an upward trend in air pollution that continues to this day. The 

twentieth century has witnessed an exponential increase in air pollution. The development 

of chemical, petroleum and the automobile industries, to name a few, have added 

significant quantities of pollutants to the atmosphere. 

What is air pollution? The word pollution is synonymous with contamination. Air 

pollution can therefore be defined as the presence of any solid, liquid or gas in quantities 

sufficient enough to cause some deleterious effect to the harmony of our environment. 

The word "harmony" is used here to include both health and well-being effects. The well-

being encompasses nonhealth effects such as visibility reduction and crop damage. 

Substances such as sulfur dioxide and ozone have proven to have adverse impacts on 

human and/or animal health. A number of others, such as ammonia do not cause any 

direct negative effects on the human body at typical levels in the atmosphere, but create 

odor and visibility problems. 

The sources of air pollutants are numerous and varied. The classification of these 

different sources is the topic of the first section of this chapter. In the next section, a brief 

discussion is provided on the importance and current status of air pollution modeling. The 

rationale for the choice of gases used in this research project is the topic covered in 

Section 1.3. The objectives of this research are outlined in Section 1.4. Prior research at 

Texas Tech University in this area is reviewed in the final section of the chapter. 

1 • 1 Classification of air pollutant sources 

The source of an air pollutant refers to the type of process, industry or device that 

discharges a pollutant into the environment. Such sources may be classified as stationary 



sources and/or mobile sources. The mobile sources include emissions fi'om light duty 

vehicles such as automobiles and heavy duty vehicles such as trucks. The definition of a 

stationary source according to the Clean Air Act (CAA) is "a)iy building, structure, facility 

or installation which emits or may emit any air pollutant" (Vanderver, 1992). 

The sources have also been classified based on their isolability. If the emission 

source can be isolated completely from other sources and its emissions measured 

separately, it is termed as a point source. Examples of point sources are stacks, vents and 

ducts through which emissions are usually intentionally directed and released. If the 

emissions include several scattered sources within a given region in which emissions fi-om 

any single source cannot be isolated, the emission is called an area source. Any 

residential, commercial or industrial facility fits into this category. If the emission sources 

are spread uniformly over a certain length, such as cars on a roadway, they are called line 

sources. Certain sources are nondirected and unintentional, such as storage piles, 

equipment leaks, or loading and unloading processes. Such sources are classed as fugitive 

sources. 

1.2 Atmospheric dispersion modeling: Current status 
and needs 

Once pollutants are emitted into the atmosphere from a given source or sources, 

they are scattered in the direction of the prevailing wind. This phenomenon is called 

dispersion. The need for models to describe such dispersion stems in part fi'om the 

requirements for environmental impact analysis of new and existing facilities (Kumar and 

Mohan, 1992). A dispersion model is a mathematical expression describing the effects of 

the atmosphere in transporting the pollutant once it is released into the environment. 

Dispersion models provide a means for relating the emission rate of a pollutant fi-om a 

source or sources to changes in concentration of that pollutant in ambient air* (Finch, 

1990). Air quality impacts are determined by correlating several emission parameters 

(type, quantity, release height, exit gas temperature and volumetric flow rate) with 

' Air in the lower atmosphere which human beings breathe. 
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meteorological conditions and downwind distances. Such relationships are required for 

various purposes, some of which include: 

• Risk analysis, 

• Development of regulations, 

• New regulations, 

• New source reviews, 

• Establish monitoring sites, 

• Evaluate potential impact of accidental chemical releases, 

• Compliance with regulation, 

• Determining air quality, 

• Assess control strategies. 

Much progress has been made in modeling atmospheric dispersion in the past few decades. 

However, the predictions based on these models are not always accurate. Moreover, most 

of the research in dispersion modeling has focused on developing concentration profiles 

based on fixed or known emission rates. 

The emission characteristics are, however, less well understood (Lehning et al., 

1994). The emission of pollutants from a given source may vary depending on the type of 

source, pollution control equipment used, degree of maintenance, or changes in upstream 

process conditions. 

The Clean Air Act Amendments (CAAA) of 1990 have called for stringent 

regulatory and implementation requirements on toxic gas emissions (Levin, 1992). The 

Environmental Protection Agency (EPA) is required to publish a list of source categories 

emitting 10 tons annually of any one toxic or 25 tons annually of a combination of toxic 

gases (Lee, 1991). Thus, industry is now faced with the need to quantify its emissions. In 

addition, emission inventories must also be broken down into constituent components 

because of the emphasis placed by the CAA on Hazardous Air Pollutants (HAP). The 

quantification of gas emissions is also the basis for the design of vapor recovery units. 

^ An air pollutant is said to be toxic if it is measurable in air, resulting fi-om human activities and 
not a primary air pollutant as defined by the EPA (the primary air pollutants according to the EPA are 
particulates, sulfur oxides, nitrogen oxides, volatile organic compounds, carbon monoxide and lead). 
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The direct measurement of emissions can be expensive and erratic (Choi, 1993). Emission 

monitors are expensive, technically demanding, and applicable only to operating sources. 

Hence, the option for direct measurement is not always a viable one for quantifying source 

emissions. 

Knowledge of the emission rate is also essential for accurate determination of 

exposure to toxic emissions downwind of the emission sources. The exact quantities and 

chemical composition of wastes are usually unknown. However, without monitoring, 

estimates of heahh risk cannot be adequately predicted fi-om modeling (Lehning et al., 

1994). 

One of the approaches developed in recent years to quantify emissions has been 

the development of emission factors. An emission factor is a typical value indicating the 

amount of a specific pollutant vented into the environment from a defined source when 

operated using specified operating procedures and/or devices and under specified 

conditions (Hesketh, 1983). Emission factors have been developed for several sources 

and types of pollutants. However, the use of emission factors is not always a reliable 

method of quantifying emissions because: 

• these factors have been developed using limited field data, 

• they are very specific to operating and/or discharge conditions and often need to be 

corrected if the conditions of emission are different from the ones under which they 

were developed, and 

• they are not usually based on standardized techniques for monitoring/measuring 

emissions. 

An alternative approach to estimate emissions that has been studied extensively has 

used hybrid receptor modeling techniques. In this approach, the pollutant concentration at 

a downwind location is expressed in terms of the source emission rates and dispersion 

factors^ between each source and that receptor (Draxler, 1987). However, there is still a 

' The dispersion factor is defined as the fraction of pollutant mass per unit volume that reaches 
each receptor from each source. 
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high level of uncertainty in the estimates of dispersion factors that are based on 

meteorological conditions. 

There is, therefore, a tremendous need to develop alternative methods that are able 

to quantify emissions based on measured concentrations and meteorology. Hence, the 

objective of this work has been to develop a predictive methodology whereby gaseous 

emission rates can be quantified using field data for measured downwind concentrations 

and knowledge of local meteorological conditions. The specific objectives of this work 

are described in the next section. 

1.3 Objectives 

The objectives of this work have been to 

• develop an approach to quantify emission rates of hazardous gases based on measured 

downwind concentrations and meteorology, 

• establish a full scale monitoring facility using which requisite data could be collected to 

vahdate mathematical models, and 

• compare various atmospheric stability classification schemes published in literature, 

and explore the possibility of utilizing measurements fi-om a meteorological tower to 

directly estimate atmospheric stability. 

1.4 Choice of gases 

In order to validate the mathematical models developed in this study, it was 

necessary to choose gaseous pollutants for which experimental data could be collected. 

Two gases, hydrogen sulfide and ammonia, were selected for this purpose. The choice of 

these two gases was based on their prominence as air pollutants in the West Texas area. 

For example, hydrogen sulfide is routinely vented during oilfield activities, while ammonia 

is released into the atmosphere as a result of regional agricultural practices. While 

hydrogen sulfide is highly toxic, ammonia poses more of an odor and visibility problem. 

An overview of the emission sources for these gases as well as their impacts on the 

environment are discussed next. 



1.4.1 Hydrogen sulfide 

Hydrogen sulfide (H2S) is a toxic gas. The acceptable concentration for inhalation 

of H2S is 20 parts per million (ppm) on an 8-hour averaged basis. It is produced and 

vented into the environment as a result of drilling, oil production wells, oil tank batteries, 

oil production facilities, gas processing plants, sweetening facilities, pipelines and 

wastewater treatment. 

It has been estimated that approximately 3 megatons per year of hydrogen sulfide 

is released fi-om pomt sources and another 100 megatons per year fi-om natural sources 

(Stem, 1990). Once released into the air, hydrogen sulfide may be oxidized to sulfur 

oxides (SOx). An additional removal mechanism mvolves absorption of H2S into the 

topsoil. In some soils, it can react with heavy metals such as iron to form metal sulfides. 

The lethal concentration* of HjS is 600 ppm. In terms of its lethal concentration, it 

ranks second only to hydrogen cyanide. However, it poses a substantial health hazard 

even at sublethal concentrations due to various physiological responses it induces in 

exposed individuals. The occupational exposure to hydrogen sulfide has been documented 

extensively (Glass, 1990; Milby, 1962; Miller 1990; Bhambhani and Singh, 1991; Cottle 

and Guidotti, 1990; Guidotti, 1994, Jappinen et al., 1990; Beauchamp et al., 1982). The 

most fearful effect of H2S gas is that it causes olfactory paralysis—the inability to detect 

this gas by smell—at concentrations of 150 to 250 parts per million by volume (ppmv). 

Inhalation of this gas in concentrations of 500 to 2000 ppmv for a few minutes can be 

lethal. On inhalation, it is rapidly absorbed into the blood stream where it causes inhibition 

of cytochrome oxidase, an enzyme vital for cellular respiration. It also causes a paralysis 

of the central nervous system (Layton and Cederwall, 1987). Since it has a distinct rotten-

egg odor, it is often referred to as sour gas. 

Major sources of emission of H2S in West Texas are oil field storage tanks 

(Hagemann, 1992). Most of the tanks have no vapor recovery systems. Consequently, 

the evolved gases are vented directly into the atmosphere. A vapor to liquid phase 

* Lethal concentration refers to the concentration that will cause death with short-term e>q)osure. 
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concentration ratio of H2S as high as 50:1 has been observed in residual fiiel oil' tanks 

(Slack, 1988). Such high vapor phase concentrations tend to accumulate in the headspace 

of the crude oil storage tanks. As the fi-esh crude oil enters the tanks, the headspace in the 

tanks is alternately compressed and expanded. This results in venting of H2S into the 

environment. 

The accepted method of estimating storage tank emission rates requires the use of 

emission factors developed by the EPA. However, these emission factors were developed 

for tanks storing hydrocarbons with a Reid vapor pressure* of 12 psia or less. Although it 

is acknowledged that these emission factors do not provide reliable emission rates for field 

tanks, they are nonetheless being used by most operators for lack of a better alternative 

(Choi, 1993). 

Air emissions fi-om field storage tanks can be separated based on three major 

phenomena: 

• Flashing: This occurs when the pressure of the saturated oil is reduced when it enters 

the tank from the separator, 

• Filling: This occurs when vapors in the headspace of the tank are displaced by 

entering liquid during the fill cycle, and 

• Ambient temperature changes: When the tank is heated during the daytime, the energy 

imparted to the liquid causes increased volatilization and emissions. 

Of the three phenomena, flashing is potentially the largest contributor of H2S emissions. 

The most accurate method of quantifying storage tank emissions is to meter the 

actual flow and analyze the sample by analytical techniques such as gas chromatography/ 

mass spectrometry (GC/MS). However, it is impractical to perform this analysis at every 

location. Moreover, it would be cost prohibitive. According to Choi (1993), the 

minimum cost of a meter system suitable for this application is about $30,000, while a 

^ Residual fuel oil is the heavy oil after refining processes have separated out most of the lower-
molecular weight compounds from crude oil. 

^ The absolute vapor pressure of volatile crude oil and volatile non-viscous petroleum hquids, 
with the exception of liquefied petroleum gas. 



sampling event may require an additional $30,000 for field technicians and laboratory 

analysis. 

The reliability of data obtained by accurate field tests cannot be accurately 

extrapolated to future operations. Also, rapid changes in temperature, pressure and fluid 

surges in the tank cause changes in the vapor rate and composition. Hence, this approach 

may not provide a viable option of estimating H2S emissions. 

1.4.2 Ammonia 

Ammonia (NH3) is a natural component of the atmosphere. The major sources of 

gaseous ammonia in the atmosphere are decomposition of animal wastes, fertilizer 

application and combustion (Dianwu and Anpu, 1994). Other sources of ammonia have 

been identified as traffic, natural soils, human respiration and sewage sludge. Nitrogenous 

fertilizers are commonly applied to agricultural farmlands in the form of ammonium nitrate 

or urea. The losses of ammonium compounds typically occur during manufacture, 

transport and storage of fertilizers (Lee and Dollard, 1994). The largest single contributor 

to ammonia emitted into the atmosphere is reported to originate from animal sources. 

Ammonia does not pose any direct health problems to human beings. However, it 

is classified as an air pollutant primarily because it can pose significant odor and visibility 

problems. The pungent odor of ammonia can be carried a long distance downwind and 

foul inhabited areas. Also the deterioration in atmospheric visibility has frequently been 

related to the presence of ammonium sahs. The formation of a number of nitrogen-

containing pollutants has been shown to be dependent on the gaseous NH3 concentration 

(Genfa et al., 1989). The emission of NH3 from anthropogenic sources' far exceeds that 

fi-om natural sources (Fangmeier et al, 1993). Although low exposures to ammonia are 

safe, high exposures can bum skin, eyes and lung tissues (Durenberger, 1990). 

Ammonia readily reacts with acids such as sulfuric, nitric, nitrous and hydrochloric 

acids to form ammonium salts. These ammonium sahs persist as aerosols while 

contributing to low visibility. Ammonia is readily converted to NH4'' or subjected to dry 

^ Man-made sources. 
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deposition. Hence, high concentrations of ammonium salts usually persist near the 

emission source (Fangmeier et al., 1993). Although its impact on human health is 

negligible, atmospheric ammonia can cause injuries to vegetation close to the source. Its 

toxicity causes damage to vegetation due to secondary metabolic changes, which lead to 

increased NH3 uptake causing higher susceptibility to drought, fi-ost and pests. 

For ammonia, the horizontal concentration profiles exhibit a rapid decrease with 

increasing distance fi-om the source. Long range transport occurs mainly in the form of its 

nitrate and sulfate salts. The vertical profiles of NH3 also follow the same pattem with a 

rapid decrease in NH3 concentration with height. 

A number of studies have been undertaken to quantify NH3 emissions (Lee and 

Dollard, 1994; Matthews, 1994; Dianwu and Anpu, 1994). However, a great deal of 

uncertainty prevails in the estimates reported. Again, these uncertainties result fi'om 

published emission factors that have been widely used in quantifying the emissions. As 

was discussed earlier, these emission factors have been developed for specific emission 

sources operating at specified conditions. Hence, any extrapolation of these emission 

factors to other emission sources are likely to propagate a large error. According to Lee 

and Dollard (1994), knowledge of the sources of ammonia and their distribution is far 

from complete. 

The next section briefly reviews prior research work on atmospheric dispersion 

carried out at Texas Tech University. Some insight into the improvements in data 

collection procedures during the course of this study are also outlined. 

1.5 Prior research at Texas Tech Universitv 

Hagemann (1992) conducted experiments to study emissions of H2S fi-om single 

point sources in West Texas. Experimental data for validation of the mathematical models 

was collected using a single sampling location. However, this approach provided 

conservative estimates of the emission rates of H2S. Overestunates of H2S emission rates 

as high as 100% were often obtained using this approach (Hagemann, 1992). Moreover, 

this approach was valid strictly for direct downwind sampling and failed to provide 



reasonable estimates for crosswind sampling. The potential reasons for the uncertainties 

in these estimates can be attributed to one or more of the following reasons: 

1. A single sampling location was used to measure H2S concentrations, 

2. The fi-equency of collection of meteorological data (one data point every 5 seconds) 

was insufficient to obtain reliable estimates of the mean wind speed and direction for 

use in the model development and validation, 

3. Atmospheric stability was not estunated using variables such as cloud cover and solar 

angle, and 

4. Potentially important variables such as vertical temperature gradients and relative 

humidity were not recorded. 

In this study, the sampling approach was modified to overcome the problems 

encountered previously. The experimental data that was collected involved the 

measurement of meteorological variables such as wind speed and direction, relative 

humidity and temperature at a higher fi-equency of 10 Hz. Moreover, solar altitude and 

cloud cover measurements, recorded by the National Weather Service, were used to 

obtain estimates of atmospheric stability. Two samphng locations were used to obtain 

better estimates of downwind concentration profiles. 

Once a gaseous pollutant is released into the atmosphere, a number of variables 

affect the nature and extent of its dispersion. A discussion of these variables is presented 

in the next chapter. Chapter III provides a review of published literature outlining the 

history and discussion of atmospheric dispersion modeling. The experimental details are 

described in Chapter IV. The approaches developed to estimate single point source 

emission rates are presented in Chapters V and VI. Chapter Vn provides a comparison of 

various atmospheric stability classification schemes. The conclusions and 

recommendations for further research in the area of atmospheric dispersion are 

summarized in Chapter VIII. 
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CHAPTER n 

ATMOSPHERIC DISPERSION FUNDAMENTALS 

Atmospheric dispersion is the transport of pollutants in the atmosphere once they 

are released into the environment. One of the roles of the atmosphere is to dilute the 

contaminants vented into the air. The atmosphere does possess a self-cleansing property. 

However, this self-cleansing capacity is not unlimited and depends largely on the rate at 

which pollutants are discharged into the atmosphere. Over time, if the rate of pollutant 

discharge into the environment is greater than its ambient rate of self-cleaning, significant 

localized accumulation of these pollutants can result. 

What determines the ability of the atmosphere to disperse pollutants? This 

question is the subject of discussion in this chapter. The variables that affect dispersion 

can broadly classified into two categories, meteorological variables and emission variables. 

Among the principal meteorological variables are diumal atmospheric variation, wind 

speed, atmospheric stability and topography. The major emission characteristics are 

height above ground at which pollutants are released, momentum of material released, 

velocity of the effluent and effluent discharge temperature. 

Typically, no control or influence can be exerted over meteorological variables. 

However, emission variables can be usually chosen by design so as to minimize ground 

level concentrations. The emission characteristics, with the exception of height of 

pollutant release, can be altered even during operation of a facility to minimize pollutant 

emissions. This chapter will focus mainly on meteorological variables, although the 

emission variables are touched upon in the final section. A discussion of the diumal 

atmospheric variation is provided in Section 2.1. The effect of wind velocity on pollutant 

dispersal is presented in Section 2.2. Section 2.3 deals with the concept of atmospheric 

stability. A discussion of the influence of terrain is provided in Section 2.4. This chapter 

concludes with a brief discussion of the emission variables in Section 2.5. 
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2.1 Diumal atmospheric variation 

In almost all atmospheric dispersion problems, the relevant atmospheric layer 

consists of the lowest few meters above the ground surface. The volume of pollutants that 

are discharged into the environment take on a characteristic shape depending on the nature 

of pollutant and atmospheric conditions. This characteristic shape also depends on 

whether the emission source is continuous or instantaneous. In the case of a continuous 

release, the shape is called a plume, while that of an instantaneous release is called a puflf. 

A typical example of a plume is the continuous release of gases fi'om a smokestack. An 

example of a puff formation is when a storage vessel emits a fixed quantity of effluent due 

to its sudden rupture. Plumes may be represented by the immediate shape that the 

pollutant cloud assumes, or by a time-averaged profile. Also, the plume may be visible or 

invisible to the naked eye. 

A typical gaseous plume is illustrated in Figure 2.1. A plume may be perceived as 

a cloud of hypothetical boundaries within which the mass of a continuous emission is 

contained. The highest concentration of pollutant occurs at the point of release. 

Concentrations downwind vary depending on the degree of mixing experienced upwind. 

The atmospheric condition is a function of the position of sun during the day and the 

extent of cloud cover during the night. Typically, after sunrise, the earth's surface begins 

to heat up. Heat is transferred fi-om the ground to the air in contact with it, yielding a 

positive heat flux. The air temperature decreases rapidly with height resuhing in vertical 

air motions. The mixed layer reaches its highest point in the late aftemoon and varies in 

depth from around a hundred to over a thousand meters (Maloney, 1994). Any pollutants 

emitted during this period are dispersed rapidly throughout the mixed layer due to the 

strong turbulence. 

As sunset approaches, the energy supply to the earth's surface decreases rapidly. 

Turbulence begins to cease and the heat flux approaches zero. During the night, the 

earth's surface cools rapidly resuhing in minimal motion. The heat flux tums negative as 

the ground becomes cooler than the surrounding air (Tumer, 1970). The pollutants 

emitted during night do not get mixed vertically and rely on horizontal movement for 
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dispersion. The entire cycle is repeated after the sun rises again the next morning. A 

typical temperature for a day and night situation is illustrated in Figure 2.2. This profile 

can, however, deviate significantly from the one shown in this figure. 

2.2 Wind speed 

As discussed eariier, the various motions of air in the atmosphere determine the 

nature and extent of plume transport. Wind speed is one of the most important variables 

that affect pollutant dispersion. Wind derives its energy fi-om thermal gradients produced 

by the sun (Macdonald, 1975). The differential heating of the earth's surface sets up 

pressure differences causing atmospheric motion. On a smaller scale, however, 

mechanisms such as land and sea breeze phenomena may lead to the generation of wind. 

The direction of wind is indicative of the direction of travel of the pollutant plume. 

As the wind speed increases, the plume illustrated in Figure 2.1 becomes narrower 

and extends to greater distances (Crowl and Louvar, 1990). An increase of wind speed 

enables a discharged effluent to be released into a greater volume of air per unit time. 

Additionally, spreading of pollutant material takes place in directions normal to the mean 

direction of transport. In general, higher wind speeds tend to aid greater mixing and rapid 

dispersion of pollutants. Under low wind conditions, however, pollutants tend to remain 

concentrated near the area of discharge. Hence, the longer the period of light winds, the 

greater is the concentration of accumulated pollutants near the source. Finally, the 

concentration of pollutants downwind has been established as being inversely proportional 

to the wind velocity. 

Wind velocity generally increases with elevation above the surface. With rougher 

surfaces, more mechanical turbulence is generated, causing the velocity profile to become 

flat and reach deeper into the planetary boundary layer (the air layer influenced by 

friction). With decreasing roughness, a flatter profile resuhs near the surface. The effect 

of terrain on the vertical wind profiles is illustrated in Figure 2.3. Because of appreciable 

changes in wind speed with elevation in the planetary boundary layer, any wind speed 

measurement must be quoted with respect to an elevation at which it was measured. The 
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intemational standard height for surface wind measurement is 10 m above the ground 

surface. 

The complexity of fluid forces in the lower atmosphere make it impossible to 

accurately represent velocity profiles using simple analytical expressions. However, the 

power law velocity has often been used successfully to approximate the variation of wind 

velocity with height. The power law equation is (Stem, 1990) 

u 
^ , ^ -

(2.1) 
•1 ^^y 

where z = height of release of pollutant, 

Zi = intemational standard height (10 m), 

u = wind speed at height z, and 

Ui = wind speed at 10 m 

The exponent a depends on surface roughness and stability criteria. The values of a 

corresponding to smooth, open country conditions are listed in Table 2.1. Numerous 

experimental studies have verified the sufficiency of power law in describing vertical wind 

profiles (Maloney, 1994). 

2.3 Atmospheric stability 

Mixing of air can occur due to horizontal and vertical convection currents. 

Mechanical turbulence is caused by changes in wind speed. Atmospheric stability may be 

assessed by the degree of vertical mixing. The vertical turbulence or mixing depends on 

the rate of change of ambient air temperature with altitude. 

Atmospheric stability is determined using several different classification schemes. 

The most widely used method is based on the lapse rate.* The dry adiabatic lapse rate' is 

defined as a decrease in air temperature at a rate of 0.98°C/100 m or 5.4°F/1000 ft. The 

atmospheric condition that results under such a temperature gradient is called neutral 

stability. A stable atmosphere results when the environmental lapse rate is less than the 

* The rate of change of temperature with height. 
^ Temperature gradient in the absence of any heat transfer and phase change effects. 
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dry adiabatic lapse rate. In this situation, discharged pollutants tend to accelerate back to 

their original position due to minimal vertical mixing. When the environmental lapse rate 

is greater than the dry adiabatic lapse rate, the atmospheric condition is termed unstable. 

In this condition, a pollutant discharged will tend to rise upward fi'om its original position 

until it attains thermal equilibrium. A plume of heavy gases, however, may rise (or fall) 

depending on its local equilibrium density, no matter what the atmospheric stability. 

The vertical temperature gradient may sometimes assume a value of zero. Such a 

condition, in which temperature does not change with elevation, is called an isothermal 

condition. The environmental lapse rate can even be greater than zero, i.e., a condition in 

which the temperature increases with height. This stability condition is termed inversion. 

This situation suppresses vertical mixing completely and represents the worst scenario 

from the standpoint of pollutant dispersal. Various plumes have been observed for the 

different atmospheric stabilities. These plumes are illustrated in Figure 2.4 along with 

their associated temperature gradients. 

Another criterion for determining atmospheric stability in the surface layer of the 

atmosphere rises from an assessment of the generation of turbulence. When thermal 

turbulence overpowers mechanical influences, the atmosphere is classified as unstable. On 

the other hand, when mechanical turbulence dominates thermal turbulence, a neutral 

condition is said to exist. Stable conditions arise when both forms of turbulence are 

suppressed by buoyancy forces, resulting in minimal vertical air movement. This method 

of determining stability has proven practical because: (1) temperature changes between 

measurement points on low meteorological towers are not significant (Maloney, 1994), 

and (2) accurate measurement of temperature profiles has proven difficuh (Zams, 1990). 

As stability in the atmosphere increases, the distance from a source at which 

maximum ground level concentration is obtained increases (Figure 2.5). However, the 

maximum concentration observed at ground level is not significantly lower. Moreover, 

the region of highest concentration is larger under stable conditions (Cooper and Alley, 

1986). 
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2.4 Topography 

Close to the ground, the surface friction reduces wind velocity and an equilibrium 

value is established, which is dependent on the roughness of the surface. The motion of 

air over the earth's surface generates turbulence and gives rise to the formation of 

turbulence eddies. These eddies provide exchange of this momentum with adjacent layers. 

The presence of an urban complex produces air flow pattems vastly different fi'om 

those in a mral area. Over gently rolling surfaces, the air flow is continuous and 

streamlined at all elevations, with a relatively low scale of turbulence. In the presence of 

barriers, deflection of streamlineŝ ^ occurs at the upstream surface discontinuity. 

Consequently, a turbulent wake** and cavity*̂  are caused in the downwind path of the 

flow. Over mountain surfaces, mountain peaks can cause flow separation. There is also 

an influence by the presence of valleys in the path of pollutant flows. 

According to the EPA, terrain can be classified as either simple or complex. If the 

height of terrain roughness exceeds the height of the emission source, the terrain is classed 

as complex. Locations where the terrain features are at or below the point of discharge of 

gases into the environment are classified as simple terrain. Based on land use, a region 

may be classified as either mral or urban. If less than half the total area within a 3-km 

radius of the source contains heavy and light-moderate industry, commercial 

establishments and residential areas, with less than 35% vegetation, the land is classified as 

rural. Otherwise, the land is classified as urban. 

2.5 Other variables affecting dispersion 

In general, the higher that pollutants are discharged into the atmosphere, the lower 

are the ground level concentrations. The effect of discharge height is illustrated in Figure 

2.6. An increase in emission height can dramatically reduce the maximum ground level 

concentrations. However, the distance at which the maximum concentrations are 

observed does not vary significantly. 

"̂  Local directions of time averaged velocities. 
" A region of high turbulence level which originates at upstream edges and surfaces of buildings. 
*̂  A zone originating at the upsueam edge of the wake having higher levels of turbulence. 
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Effluents that have weight or a mass density lower than that of ambient air, 

experience an upward force or buoyancy. This buoyancy determines the distance above 

the release height to which the pollutants travel before bending over and turning to the 

ground. The rate of plume rise is influenced by the momentum possessed by the 

discharged effluent. The initial momentum is typically high and decreases as the pollutant 

travels downwind. In most plumes, the initial rise is dominated by buoyancy. Plumes in 

which the effect of momentum may be neglected are called "buoyant plumes." In 

applications where the temperature of the effluent gas is close to ambient temperature, the 

effects of buoyancy may be neglected. For such plumes, the rise is due solely to their 

initial momentum. Such plumes are called "jets." A buoyant or jet plume does not always 

tum toward the ground once its vertical rise is completed. Under certain circumstances, it 

may be caught in the upward thermals and continue to rise, in others it may be caught in 

the general subsidence. Also, neutral plumes may level out for long distances before 

ground level reflection causes the center of mass to descend. 

Although temperature gradients are a significant factor in determining surface wind 

characteristics, their importance diminishes as wind velocities increase. At higher wind 

speeds, greater intermixing takes place in the high velocity airstreams. This causes neutral 

stability conditions to be established. The discharge temperature of pollutants also 

provide a driving force for dispersion. The greater the difference between the discharge 

and ambient temperatures, the greater will be the plume rise. 

Additional variables that may influence the extent of plume dispersion are relative 

humidity of the ambient air and absorptivity of pollutants into the soil. The presence of 

certain chemical species in the atmosphere may also induce chemical reactions, which can 

transform the nature of pollutants originally discharged. A number of significant 

achievements have been made in the understanding of interrelationships among the 

governing variables affecting atmospheric dispersion and their collective influence on 

pollutant dispersion. A review of some of the significant developments as well as an 

insight into the current status of air pollution modeling is provided in the next chapter. 

*̂  The height above the release point to which pollutants travel before bending over towards the 
ground is termed as plume rise. 
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Table 2.1. Exponents in power law velocity profiles corresponding to 
smooth and open country conditions (Stem, 1990) 

Stability 
Unstable 
Neutral 

Moderately stable 
Large stable 

Exponent 
0.11 
0.14 
0.20 
0.33 
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Figure 2.1. A characteristic pollutant plume 
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Figure 2.2. A typical temperature profile during day and night 
(Crowl and Louvar, 1990) 
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CHAPTER m 

LITERATURE REVIEW 

The complete role of the earth's atmosphere has remained something of a mystery. 

Accurate information about the character of the atmosphere did not exist until a few 

centuries ago, when human beings began to explore this unknown reahn. Hence, it was 

not until the eighteenth century that the concept of air becoming less dense with height, 

was proposed. By this time, it was also known that hot air rises until it attains thermal 

equilibrium. This fact was exploited in the late eighteenth century when the first hot air 

balloon was launched (Young, 1990). This marked the beginning of our ever-increasing 

understanding of the atmosphere and hs impact on human activities (Tucker, 1993). 

Some of the major developments in the understanding of atmospheric dispersion are 

outlined in Section 3.1. The need for air quality models has increased tremendously in 

recent years, especially after the passage of the Clean Air Act Amendments (CAAA) in 

1990. The EPA has responded by specifying several air quality models as guidelines in 

assessing environmental impact of an activity. A brief review of these models is provided 

in Section 3.2. Knowledge of emissions is an essential component in the assessment and 

control of toxic gas emissions. An accurate assessment of gas emissions is also required 

by federal, state and local regulatory agencies. The current methods to estimate emissions 

are outHned in Section 3.3. 

3.1 Atmospheric dispersion studies: A review 

Atmospheric dispersion is highly dependent on meteorological conditions. The 

condition of the atmosphere, the nature of prevailing turbulence and wind speeds are some 

of the most important variables that govem the dispersion of pollutants in the atmosphere. 

Hence, the major breakthroughs in the understanding of dispersion have always succeeded 

or gone hand-in-hand with an understanding of atmospheric behavior. 

The last quarter of the nineteenth century marked the onset of a number of studies 

of the atmosphere. In 1883 and 1884, Osbome Reynolds reported the conditions for 
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which streamline motion would break down into turbulent motion. This work resulted in 

the formulation of the Reynolds number,̂ * which to this day is applied to determine the 

level of turbulence in fluid flow. Prior to Worid War I, studies were carried out to 

establish the vertical transfer of heat, momentum, and water vapor in the lower levels of 

the atmosphere. Measurements of wind, temperatures and humidity profiles were carried 

out within the first 2500 m above the ground. In 1915, the concept of mixing length '̂ was 

introduced. A condition for airflow to be stable based on the change in density gradients 

in the fluid, was developed. 

Attention was first directed towards diffusion mechanisms in 1915 when poisonous 

gas was used during the First Worid War by the Germans. The first proper gas mask was 

also designed that year (Smith, 1992). In 1916, the first field trials were performed using 

several liquefied gases to study the effects of terrain, air temperatures, winds, etc. on 

concentration profiles downwind. A sophisticated anemometer, capable of measuring 

wind speed and its fluctuations in 3-dimensions, was developed during this period. In 

1918, a method of measuring the wind at different elevations using steel spheres was used 

by L.F. Richardson (Smith, 1992). In 1919, Richardson coined the term *eddy diffusivity' 

to describe the rate of mixing of downwind concentration in space and time. A criterion 

for deciding whether or not turbulence levels increased in the atmosphere was developed, 

based on knowledge of gradients of wind and temperature. This concept led to the 

development of the dimensionless quantity known as the Richardson number. 

In 1920, the relationship between turbulence fluctuations and dispersion was 

studied by Taylor. In 1923, smoke experiments were carried out, in which the width of 

the cloud^^ was measured as a function of downwind distance. The analysis of crosswind 

concentration distribution was established as an exponential decay with respect to the peak 

downwind concentration (Smith, 1992). 

'̂  Reynolds number is defined as Dvl/v, where v=velocity of fluid, l=linear dimension of system, 
v=kinematic viscosity. 

*̂  Vertical distance over which an element of fluid moves before attaining the same state as that 
of its surroundings. 

'̂  Width at a fixed downwind distance at which one-tenth of the peak downwind concentration 
was measured. 
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The first vertical dispersion experiments were performed by sampling smoke at 

various heights. In 1926, short-period fluctuations of wind speed and direction were first 

investigated. A wide range of eddy diffasivities appropriate for use in the diffusion 

equation on different scales were established. During the 1930's, much effort was 

expended in exploring wind and temperature profiles. 

In 1934, dispersion experiments estabUshed a close relation between plume width 

and atmospheric stability. By 1939, when the Second Worid War broke out, the problems 

of evaporation and persistence of mustard gas were studied using a wind tunnel. In 1950, 

similarity theory ̂^ of turbulence was applied to atmospheric diffusion. After 1950, the 

number of scientists working in the area of atmospheric dispersion increased steadily. 

Large wind tunnels were buiU and used to study diffusion of gases in cities. Sulfur 

hexafluoride (SFe) became popular as a tracer gas used in atmospheric dispersion studies. 

Later, tracer gases that were easier and more accurate to quantify were employed. The 

first new tracer employed was zinc cadmium sulfide, which could be collected downwind 

on sticky plates, and quantified using uhra-violet light. Another tracer was lycopodium 

spores, which could be collected on sticky cylinders and counted under a microscope. 

These tracers enabled longer-range dispersion experiments. 

An important field experiment was carried out in Nebraska, USA, called "Prairie 

Grass." The results of this dispersion experiment made it possible to associate different 

rates of vertical dispersion with broad classes of wind speed and incoming solar radiation. 

Pasquill defined six categories of stability labeled A through F. Class A was the most 

unstable category to be found in light winds and strong insolation. Category D was used 

for neutral conditions, found in overcast conditions with winds above 5 m/s. At night, 

cloud cover replaced insolation as an influence on stability. The most stable class F 

occurred under light wind conditions and low cloud covers. Pasquill provided curves for 

plume depth as a function of distance fi'om the source for each of the stability classes. In 

conjunction with the assumption of Gaussian concentration profiles, calculations of 

" Based on dimensionless ratios so as to compare "similar" variables of atmosphere from one 
place or time to another. 

'*Over a 100 km or more. 
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downwind concentrations became relatively routine. This stability scheme was extended 

by Gifford and soon became the accepted method to use in estimating downwind 

concentrations. To this day, this scheme serves as a basis for a number of regulatory 

models used to assess dispersion. 

Correlations were also developed by researchers to estimate plume rise. The 

estimating technique of Pasquill to obtain stability classes was modified subsequently by 

Tumer (1970) who added a seventh class, G, to describe stability for conditions where 

wind speeds are below 2 m/s. The Nuclear Regulatory Commission (NRC) developed 

guidelines by which the Pasquill stability class was related to (1) the standard deviation of 

wind direction and (2) the vertical temperature gradient (DeMarrais, 1978). Several 

studies have been carried out to compare these various stability schemes. The possibility 

of using measurements fi'om meteorological towers to estimate stability has also been 

investigated by researchers (Atwater and Londergan, 1985; Draxler, 1987a; Draxler, 

1987b; Maloney, 1994; Sutheriand et al., 1986). 

In the past three decades, several atmospheric tracer dispersion experiments*' have 

been performed to characterize dispersion. The most commonly employed tracer gas has 

been sulfur hexafluoride (SFe). The reason for its choice is justified because it is non-

toxic, odorless, colorless, insoluble in water, chemically stable, low background levels, 

easy detection^ Vsampling/emission properties and ease of availability (DeMarrais, 1978). 

Typical emission rates of SFe range from a few kg SFe/hr for downwind measurements up 

to 10 km, to 50-100 kg/hr for up to 700 km. In studies involving discharges from nuclear 

installations, gases such as krypton, argon and xenon have also been employed. 

Several researchers have reported qualitative resuhs of field experiments. The 

conversion of SO2 to SO4 in air from power plant effluents, diffusion pattems in complex 

terrain, urban effects on pollutant levels, formation of secondary pollutants in the 

*' Experiments in which a desired gas is released under controlled conditions in air and ambient 
concentrations are measured. 

°̂ Is resistant towards oxidation, hydrolysis, photolysis and heat. 
'̂ Detection of SF« by direct injection on a gas chromatograph is typically 2.5 parts per trillion 

(ppt) in air. 
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atmosphere, dispersion of buoyant versus jet plumes and dense gas dispersion^ have been 

among the topics that have been investigated extensively (Ayrault et al., 1991; Cagnetti, 

1975; Touma, 1975; Soukas and Kakko, 1989; Matthais, 1990; Yadigaroglu and Munera, 

1987; Huber, 1984; Oosawa et al., 1987; Tesche et al., 1987). 

Numerous developments have also been made in understanding the health effects 

of air pollution (Gong, 1992). Various numerical models have been developed and 

validated for pollutant dispersion from point, area and Une sources (Crane et al., 1977; 

Venkatram, 1985; Wilson et al., 1982; Wilson, 1982; Lebedeff and Hameed, 1975; 

Chitgopekar et al., 1990; Schreurs and Mewis, 1987; Kontomaris and Hanratty, 1994). 

The modeling of reactive pollutants to account for the chemical transformations has also 

been accomplished (Hanna, 1973). Statistical models have been investigated to describe 

air quality (Taylor, 1986). Although all these developments are not outlined here, a 

number of review articles have been published summarizing these studies (Vanderborght 

and Kretzxchmar, 1984; Tumer, 1979; Goyal and Al-Jurashi, 1990). 

Air quality models that are available today can be categorized as empirical or 

deterministic, based on the computational techniques used. Empirical models employ 

measurements at both the emission source and receptor locations to provide a quantitative 

estimate of the contribution of a source to a receptor concentration. Deterministic models 

use mathematical descriptions of the dynamics in the atmosphere along with emission 

source characteristics to predict associated air concentrations. 

The complexity of calculations that are required, along with increasingly stringent 

regulatory emphasis, has led to the development of a number of computer models. The 

Office of Air Quality Planning and Standards (a division of the EPA) oversees the 

development, updating and maintenance of air pollution modeHng codes. In order for 

companies to commence or change their operations, they are required to receive permits 

from local, state and/or federal authorities. In several instances, the permit process is 

based on an air quality assessment by using one of these codes. A brief overview of these 

models is presented in the next section. 

^ A gas is termed as dense if it is heavier than air due to its high molecular weight, low 
temperature or suspended aerosols resulting in negligible vertical growth and enhanced lateral growth. 
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3.2 Regulatory models 

The models recommended for use by the EPA can be studied under the following 

three broad categories, based on their complexity and conservatism. These categories in 

increasing degree of complexity are: (1) use of tables, (2) screening models and (3) refined 

models. A common approach to study the impact of emissions is to model the scenario 

sequentially, using models in the above three categories. This sequential approach is 

recommended by EPA and several state air quality agencies (Martin, 1993/94). The 

following three sections discuss these approaches in some detail. 

3.2.1 Use of tables 

This approach does not directly involve mathematical dispersion modeling. The 

EPA has prepared tables based on worst-case calculated impacts from hypothetical 

sources. The user is required only to specify parameters such as the source type and 

emission height. The tables yield normalized hourly or annual peak estimated 

concentrations at and beyond certain distances from the source. These estimates can be 

multipUed by the pollutant emission rate to obtain peak concentrations of pollutants on the 

ground. However, since these tables are designed for worst-case conditions, they often 

result in substantial over-estimates of the actual concentrations. Thus, if this approach 

yields concentrations within the acceptable limits, the estimation by another approach is 

not required. 

3.2.2 Screening models 

A screening model uses a default set of meteorological data to reduce the demands 

for model input. These meteorological data are configured to provide conservative 

estimates of maximum ground-level concentrations. Conservative assumptions regarding 

the terrain and the presence of buildings are also used by such models. These models do 

not require great expense or expertise to apply (Lape, 1994). The SCREEN2 and 

TSCREEN models are most commonly used screening models. TSCREEN allows the 

user to select one among eighteen possible scenarios to be evaluated. The model relates 
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the emission rate to the appropriate dispersion model to determine maximum 

concentrations. SCREEN2 is recommended for use in the recently revised EPA modeling 

guide (Martin, 1993/94). Both of these models are intended primarily for buoyant releases 

of gases, vapor or particulate matter. They yield hourly calculated concentrations, that 

can be converted to values averaged over other time scales using muUiplicative factors. 

3.2.3 Refined modeling 

Refined models require a great deal of expertise and user input. The use of these 

models can be extremely complex, time-consuming and expensive. The requirements for 

this model that need to be suppHed by the user are: 

• on-site meteorological data for at least one year, 

• emission rates by location and magnitude, 

• emission characteristics such as effluent temperature and velocity, 

• description of surrounding terrain and any buildings, and 

• definition of property line beyond which public may be exposed to emitted pollutants. 

A few of these refined models are summarized in Table 3.1. 

3.3 Emissions estimation 

There are four principal methods of estimating emissions in air. They are: use of 

emission factors, engineering calculations, mass balance and predictive emissions modeling 

(Patrick, 1994). These four techniques are outlined below. 

3.3.1 Emission factors 

An emission factor is a ratio of the estimate of rate of pollutant release due to an 

activity to the level of that activity. This method requires only a nominal understanding of 

dispersion variables and provides a first step in estimating emissions. These factors have 

been developed based on field/process data and/or engineering estimates. They are 

typically reported in units of weight of pollutant per weight of product produced, weight 

of pollutant per unit time or weight of pollutant per volume of air exhausted. Specific 
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emission factors have been developed for several processes by the EPA and are published 

in AP-42, "Compilation of Air Pollution Emission Factors". 

3.3.2 Engineering calculation 

Engineering procedures or equations based on fiandamental process phenomena 

may be used to calculate the emission rate. A significant effort has been expended over 

the past fifteen years to develop equations to estimate the release of volatile organic 

carbons (VOC) from chemical/petroleum storage facilities. These procedures require a 

thorough understanding of the physical and chemical process governing the release of 

pollutants. 

3.3.3 Mass balance 

Mass balances involve a systematic quantification of total materials into and out a 

process, thus estimating the release of pollutants into the environment. This approach is 

very easy to implement for small processes and operations. However, in the case of large 

industrial facilities, this approach can be tedious, cumbersome, and may be erroneous. 

Mass balance techniques have been applied to estimate VOC emissions (Gordon, 1980; 

Henry etal, 1984). 

3.3.4 Predictive emissions models 

These are models that predict emission rates for sources such as fugitive releases, 

landfills, lagoons, open dumps, waste piles and other area sources. These models are used 

for both as preliminary estimations as well as in-depth estimations of emission rates. 

When used for screening, the models generally utilize data that can be calculated or 

obtained from literature. When used for accurate quantification, these models require site-

specific and waste characterization data such as vapor diffusion, mass transfer coefficient, 

physical and chemical parameters of the waste and atmospheric conditions. 

The techniques of emissions estimation have been studied far less than their 

converse problem, i.e., the development of concentration profiles based on fixed or known 
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emission rates. Also, there is a much greater uncertainty associated with model 

predictions to obtain emission rates (Hanna, 1990). Methods have been investigated, 

whereby the downwind concentration measurements and known meteorology have been 

inverted to obtain emission rate distributions (Lehning et al., 1994). Generally, such 

methods yield gross over-estimates of up to 100% under certain atmospheric conditions. 

The use of new analytical equipment such as open-path Fourier transform infrared (FTIR) 

spectrometry has been reported in literature (Carter et al., 1993). The use of FTIR has 

been demonstrated to provide accurate emission rates of point sources. However, the 

high capital costs of such equipment coupled with training skilled persoimel for its 

operation hinder the use of such instmmentation in routine monitoring. Therefore, there is 

a pressing need for ahemate predictive methodologies to predict emission rate 

distributions. These methodologies have to be inexpensive, reliable and easy to 

implement. This study was planned using these criteria. 

The next chapter provides a detailed description of the experiments performed and 

the instmmentation used in this study. 
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Table 3.1. Description of refined models to describe atmospheric dispersion 

Model 

CRSTER 

RAM 

CDM2 

MPTER 

ISC2 

BLP 

FDM 

Description 

Used to estimate ground level concentrations from single point 
sources located in mral or urban areas, can compute emissions from 
upto nineteen individual point sources, chemical transformations 
can be modeled using exponential decay 

Recommended for point source(s) and area sources in an urban 
environment; can be used for computing short-term and long-term 
averages 

Recommended for calculation of long-term concentration (seasonal 
or annual) in an urban environment; upto 200 point sources and 
2,500 area sources can be modeled 

Calculates short and long term concentrations for simple terrain 
applications; permits modeling upto 250 sources and 180 receptor 
locations 

Used for simple terrain applications; used for both point and area 
sources 

Designed for industrial processes such as aluminum reduction plants 
and buoyant emissions; has the ability to model upto 50 point 
sources or 10 parallel line sources 

Specifically designed for particulate emissions from fugitive 
emissions with simple terrain 
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CHAPTER IV 

EXPERIMENTAL DETAILS 

This chapter discusses the details of instmmentation and modus operandi of the 

dispersion experiments performed. All experiments were carried out in the fields adjoining 

the Texas Tech Wind Engineering Research Field Laboratory (WERFL). Field 

experiments were preferred over experiments in a wind tunneP because: (1) the wind 

tunnel cannot model the large scales of turbulence in the atmosphere, (2) the random 

variations or fluctuations in wind speed and direction can rarely be reproduced in a wind 

tunnel (Higson et al., 1994), and (3) an approach desirable for uUimate apphcation to real 

situations could best be validated using actual field data. 

A general description of the field site is provided in Section 4.1. Two important 

variables, namely the roughness length and friction velocity, are commonly used to 

characterize terrain. These variables have been estimated using the meteorological data 

obtained at the WERFL and reported in Appendix A. A Mobile Atmospheric Research 

Laboratory (MARL) was designed and fabricated at the Department of Chemistry, Texas 

Tech University for trace level quantification of H2S, and was used in collecting part of the 

experimental data. A description of the MARL and the instmmentation used in it is the 

subject of Section 4.2. A number of the experimental studies were performed using a 

concentration sensor called the Single Point Monitor (SPM). A description of this sensor 

is the subject of Section 4.3. The release apparatus along with the release methodology 

are described in Section 4.4. Section 4.5 deals with the safety procedures that were 

adopted while performing the experiments. The instmmentation used to collect 

meteorological data at the WERFL is described in Section 4.6. The data collection and 

management at WERFL was controlled by a sophisticated data acquisition system, which 

is described in Section 4.7. The meteorological data acquired at the WERFL was stored 

in binary format, and required processing to convert it into an ASCII format. This 

procedure of data processing is the topic of Section 4.8. 

^̂  An indoor facility designed and constructed in order to simulate atmospheric phenomena. 
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4.1 Wind Engineering Research Field Laboratory (WERFL;^ 

A field research facility has been constmcted at Texas Tech University (TTU) to 

carry out a variety of research projects. Among the research projects being pursued at this 

facility are wind loads on building surfaces, intemal pressures, wind flow around buildings 

and development of analytical models to describe wind speed. The Wind Engineering 

Research Field Laboratory (WERFL) was established in 1987 on the TTU campus at 

Lubbock, Texas. The WERFL consists of a 9.1 m x 13.7 m x 4.0 m (30 ft x 45 ft x 13 ft) 

fully rotatable test building and a 48.5 m (160 ft) meteorological tower (Yeatts et al., 

1995) as shown in Figure 4.1. This building is housed over a 3 m x 3 m x 2.4 m (10 ft x 

10 ft X 8 ft) data acquisition room. The description of the WERFL in this section is 

limited to the features used in this study; however a detailed description of the facility has 

been published elsewhere (Yeatts and Mehta, 1993; Levitan and Mehta, 1991) 

The WERFL is located on remote portion of the TTU campus. A map of the 

location of the WERFL and the surrounding area is provided in Figure 4.2. The city of 

Lubbock is located on a flat section of the high plains of Texas (Latitude 3 3 ^ , Longitude 

102°W). The terrain surrounding the field she is flat and open. The immediate 

surrounding land is used for cotton production. The major agricultural production in the 

area consists of cotton, grain sorghum and wheat. The landscape has few trees. Several 

views of the terrain are illustrated in Figure 4.3 (north view. Figure 4.3a, south view. 

Figure 4.3b) and 4.4 (east view Figure 4.4a, west view. Figure 4.4b), respectively. These 

photographs have been taken from the base of the meteorological tower, where the gases 

were released in our experiments into the environment. The land to the north consists of 

widely scattered small trees extending for one kilometer. To the west lie cotton fields 

with one- and two- story buildings beyond 900 m (3,000 ft). The south also has some 

cotton fields, with residential areas approximately 1,600 m (5,000 ft) away. To the 

immediate east is a large hospital located approximately 46 m (150 ft) away. 

The instmmentation located on the 48.5 m meteorological tower is discussed later 

in Section 4.6. In the next section, the Mobile Atmospheric Research Laboratory 

(MARL) is described. This mobile laboratory houses an analytical system for detection 
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and measurement of H2S, which could be driven to any desired sampling location. Some 

of the concentration data for the model development and validation was obtained using the 

MARL. 

4.2 The Mobile Atmospheric Research Laboratory (MARL) 

A Mobile Atmospheric Research Laboratory (MARL) was designed and 

constmcted at the Department of Chemistry, Texas Tech University. A general overview 

of the MARL is provided in Section 4.2.1, while a front end separation scheme to separate 

H2S from other sulfur compounds is described in Section 4.2.2. 

4.2.1 General overview 

The MARL houses analytical equipment dedicated to the accurate quantification of 

hydrogen sulfide. The general floor plan of the MARL is illustrated in Figure 4.5. A 

photograph of the exterior view of the MARL with the WERFL in the background is 

provided in Figure 4.6. A Shimadzu GC-8A gas chromatograph with a flame photometric 

detector (FPD) is used for quantification of H2S in air. The gas chromatographic column 

used is a Supelco Chromosil 310, 8' packed column with an outer diameter of 1/8". A 33-

MHz, 386 computer is connected to automate data collection. A Digitar PCW 7710 

computer interface card allows recording of meteorological data. The wind speed and 

direction are recorded using a sonic anemometer, while temperature sensors are used for 

ambient air temperature measurements and a barometer for pressure recordings. The 

anemometer and temperature sensor are mounted on a telescoping assembly, which 

enables the installation of this device above the MARL roof (Tarver and Dasgupta, 1995). 

The anemometer was supplied by Applied Technologies, Inc., Boulder, Colorado. 

The sonic anemometer is capable of measuring wind velocities in two horizontal axes and 

also the ambient temperature. The standard sample rate was 10 Hz. The rated accuracy 

of the wind speed was 0.01 m/s, 0.1° for the wind direction, and 0.01°C for temperature. 

Software written in C-language was used to facilitate the response of the system. This 

software was used to control the frequency of sampling as well as direct storage of data 
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on the computer. The data output was compatible for direct interfacing with a computer 

or data recorder. 

The detection methods for sulfur compounds currently used m the industry are 

generally not sensitive enough to detect H2S concentrations in the low parts per billion 

(ppb) range. Hence, a more sensitive detector was needed inorder to accurately determine 

downwind concentrations. The FPD is known to provide reliable detection of sulfur 

compounds. The FPD operation is based on the chemical reaction of sulfur in compounds 

to atomic sulfur in the presence of a hydrogen enriched flame. With this approach, the 

sulfur atoms combine to form electronically excited S2 molecules that emit radiation in the 

near UV range that can be monitored at 394 nm. The limit of detection for this method 

reaches to the low ppb range. However, the FPD provides a quantitative measure of the 

total sulfur with no discrimination between various reduced sulfur gases that may be 

drawn in with the ambient air. Therefore, a front end separation scheme was devised to 

provide selectivity for H2S. This separation scheme is described in the next section. 

4.2.2 Separation scheme 

The separation of H2S from other sulflir compounds was accomplished according 

to the schematic illustrated in Figure 4.7. A membrane-based diffusion scmbber has been 

used to preconcentrate H2S from the air sample, which is drawn in at 5 SLPM. The spent 

air is drawn through a vacuum flask into a soda-lime trap to remove any remaining acidic 

gases and moisture from the sample. A solution of 0.1-N sodium hydroxide is introduced 

into the scmbber to preferentially absorb the acidic gases from the sample air. A 0.3-N 

phosphoric acid solution is introduced at another port at 110 îL/min and mixes with the 

basic solution/absorbed gas mixture. The solution then flows through a desorber inside 

the GC oven. A high purity nitrogen carrier gas flows through the desorber at 3.6 

mL/min. The acidic gases from the aqueous solution diffuse into the nitrogen stream and 

are carried into a 6-port valve. This valve ahemately directs the desorbed gas into a 2 mL 

sample loop, or to waste with a period of 2.5 min in each position. The carrier gas sweeps 

the gas sample onto the chromatographic column at the cycling of the valve. The 
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separated acidic sulfur gases are detected by the FPD and the data are recorded with a 

Dionex computer interface module. These data are suitable for transfer to the computer 

for fill ther analysis. The separation of various acidic sulfur gases in the GC ensures non

interference of various acidic species. 

The FPD electrical signal was recorded every 2.5 minutes in mV corresponding to 

the associated peak signal for the cycle. This signal was converted to concentration units 

based on the calibration process of the detection system. The detector was calibrated and 

optimized routinely prior to field studies. 

During the gas release experiments, much data was acquired using a concentration 

sensor called the Single Point Monitor. A description of this sensor is the topic covered in 

the next section. 

4.3 The Single Point Monitor (SPM) 

The Single Point Monitor (SPM) is a detection device designed for toxic gases. 

Two SPM's were acquired during the course of this research project, so that 

concentration at two downwind locations could be measured simultaneously. A general 

description of the SPM and its capabilities is outlined in Section 4.3.1 below. The actual 

detection is performed using a chemcassette. A description of the chemcassette is given in 

Section 4.3.2. 

4,3.1 General description 

The SPM is a mgged instmment that is portable and designed to monitor a specific 

gas at a given time. The SPM can be either power operated or battery operated. A picture 

of the SPM is included in Figure 4.8. When the SPM is tumed on, the digital display 

scrolls and displays the gas type, alarm levels and chemcassette type. The SPM 

automatically starts monitoring the target gas when the power switch is on and the 

chemcassette is in place. 
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The concentration of target gases above 1/2 TLV̂ ^ initiates an alarm to get 

triggered with a red alarm status indicated by an LED display. The alarm can be reset by 

the Alarm Reset key. During sampling, the SPM displays the last sampled concentration. 

The SPM is supplied with a power Une that plugs into any standard 120 V, AC 

electrical outlet. During power failure, h automatically switches to the battery backup and 

continues sampling. The sample line through which sample is drawn into the SPM is a 

tube, one end of which is inserted into the body of the SPM. The exhaust port uses 3/16" 

ID X 1/4" OD polypropylene tubing. The output signal of the SPM is a 4-20 mA signal, 

which is updated at the end of every sampling period. The range of this signal is linear 

between the concentration range of the target gas. A signal of 4 mA represents the lowest 

concentration for which it is calibrated and 20 mA represents the highest detectable 

concentration. When the unit detects a concentration above full scale conditions, the 

display shows "xxx (the highest concentration for which the instmment was calibrated) + 

ppm or ppb (to indicate that the concentration is above full-scale range)". When the 

concentration is greater than full scale, the response time is shortened in proportion to the 

concentration. When the concentration falls below the lower detection limit, a zero is 

displayed. 

The output of the SPM was provided with an RS-422 option which was connected 

to a printer for these studies. The Chemkey option allows monitoring of various gases on 

the SPM unit. To change target gases, a new Chemkey can be inserted. The Chemkey 

contains a programmed memory chip on the type of gas as well as the alarm levels. The 

Chemkey is inserted in the front panel slot. With the proper Chemkey and Chemcassette 

in place, the monitoring event can be started by turning the Chemkey one quarter tum and 

switching on the power supply. 

The RS-422 contains an intemal clock and calendar. The portable option of the 

SPM operates directly from the battery charger assembly. When fully charged, the 

^^ TLV or threshold limit value is an occupational standard developed by the American 
Conference of Governmental Industrial Hygienists to specify the acceptable ambient concentrations. TLV 
is a time-averaged concentration to which a normal person may be exposed for 8 hours a day without 
adverse effects. 
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intemal batteries provide upto eight hours of continuous monitoring. The inlet sample 

tubing is 1/8" ID x 1/4" OD teflon. The flow rate of sample into the SPM is factory set 

and requires no field adjustmentLi (MDA Scientific, 1994). 

The actual detection is performed using a single cassette called the Chemcassette. 

A description of the chemcassette is provided in Section 4.3.2 below. 

4.3.2 Chemcassette 

The Chemcassette technique is based on colorimetry. The colorimetric method 

requires collecting the gas in a liquid, adding reagent to cause a color change and then 

measuring the change with a spectrophotometer to measure the amount of gas present. 

The Chemcassette provides a dry medium instead of the wet medium that is typically used 

in colorimetry. The concentration level is registered based on a gas response calibration 

pre-programmed into the instmment. 

The Chemcassettes are designed to react only with the target gas and not to other 

gases such as solvents or hydrocarbons commonly found in the atmosphere. The 

Chemcassette darkens in color in direct proportion to the concentration of the target gas. 

The Chemcassette is free of interference by the presence of other gases in the atmosphere. 

A dynamic calibration of the target gases is not required. However, the response of the 

Chemcassette was routinely checked using standard gas mixtures of known composition. 

Each Chemcassette is calibrated to measure gas concentrations within a specific range. 

The Chemcassettes chosen in this study possessed selectivity for either H2S or NH3. 

The Chemcassette for NH3 had a sampling time of 30 s, i.e., a concentration was 

detected and recorded once every 30 s. The range of sampling of NH3 concentrations was 

between 2.6 and 75 parts per million (ppm). The SPM was provided with a dual-alarm 

level for warning against TLV of 1/2 TLV concentrations. In the case of NH3, the alarms 

were preset at concentrations of 12.5 and 25 ppm. The H2S Chemcassette was available 

in two concentration ranges, namely 1.1 to 30 ppm and 1 to 90 ppb. The acute toxicity of 

H2S necessitated the use of low release rates of H2S, resuhing in a choice of the low range 
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Chemcassette for use in the SPM. The alarm levels for H2S were 15 and 30 ppb. The 

sampling time for this low range H2S chemcassette was 15 minutes. 

The Chemcassettes were available in two lengths, a Standard Play (SP) that 

normally provided two-weeks of continuous sampling, or an Extended Play (EP), that 

could sample continuously for four weeks. Most Chemcassette detection systems 

operate at optimum sensitivities when stored at room temperatures. However, a few, such 

as NH3, are required to be stored in a freezer for optimal performance. All chemcassettes 

used for sampling were stored in a freezer between sampling periods. 

4.4 The release methodology 

The gases used in this study were released into the atmosphere using gas cyhnders 

purchased through Big Three Industries, Inc., Lubbock. Ammonia was released into the 

atmosphere using a 150-lb cylinder containing 99.995 % NH3. A large-sized NH3 cylinder 

was required due to the higher concentration range of sampling that was necessary for 

detection by the SPM. 

The H2S data using the MARL was obtained using a 0.5-L lecture bottle 

containing 99% pure H2S via a 1/8" teflon tubing. When the SPM was used to measure 

concentrations, a 9-lb cylinder containing 99 % H2S was used. The open end of tubing 

through which the gases were released into ambient air was secured to a pole. The height 

of release of the gases could be manipulated by adjusting the position of the open side of 

the tubing on the pole. A flowmeter connected to the gas cylinder was used to record the 

rate of gas release. The H2S was passed through a pressure regulator (Model 3332, 

Matheson Gases & Equipment) and vented through a Tylan FM-360 flowmeter. This 

flowmeter was calibrated for a maximum flow rate of 500 ml/min. This flow rate was, 

however, based on nitrogen flow. A conversion factor of 0.8 was suppUed by the 

manufacturer to obtain the equivalent flowrate of H2S. 

The flow rate of ammonia was measured by a regulator-flowmeter designed 

specifically forNH3 (Model number J1-1Y101-J509, Matheson Gases & Equipment) 

before it was vented into the atmosphere through a 1/4" teflon tube. This flowmeter was 
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calibrated to measure flow rates of air between 2 and 24 SLPM. The manufacturer 

supplied conversion factor to obtain the equivalent flow rate of ammonia was 1.304. 

The actual flowrate of gases was routinely confirmed using a digital bubble 

flowmeter. The flow of H2S through the flowmeter caused the accumulation of residual 

H2S within the pressure regulator and flowmeter. Hence, the calibration on this flowmeter 

was routinely checked. This calibration check could be performed in the MARL. 

The source flowrate was recorded at least once every five minutes during the 

experiments. The airbome concentration was sampled by positioning the SPM at a 

desired distance downwind. The experimental design in these studies was intended to 

mimic ground-level releases. Hence, the height of release was fixed at 2.4 m (8 ft). The 

availability of meteorological instmmentation at this height ensured that all the release 

parameters could be measured at the discharge height. Although a few experiments were 

performed to study vertical dispersion, the vast quantity of experimental data was obtained 

using a fixed height of sampling, i.e., 2.4 m. Thus, the field studies were configured for 

ground-level releases and ground-level sampling. Also, sampling distances were chosen at 

less than one hundred meters downwind of the release point. This choice was justified 

because the isolability of a point source is usually ensured only at short distances from the 

release location. 

The experimental data were collected by placing the concentration sensors upto 30 

m downwind. Attempts were made to sample directly downwind as far as possible. 

However, such sampling was not always possible. For high wind speed episodes, 

especially above 5 m/s, the wind direction was relatively steady. Under such winds, 

positioning the concentration sensors in the direct downwind direction was possible. 

However, the standard deviation of wind direction increases with a decrease of wind 

speed. This phenomenon is often referred to as light and variable winds by meteorologists 

(Hanna, 1990). Diffiisive dispersion of the gases becomes more significant compared to 

bulk transport by the wind under these low wind conditions. This phenomenon is 

particularly tme for wind speeds below 2 m/s. Sampling of the hazardous gases under 

these low wind speeds proved to be a challenge for a variety of reasons. First, the release 
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rates had to be extremely low for the steady state downwind concentration to fall within 

the desired range of detection. Second, the low wind speeds resulted in a significant 

accumulation of pollutants in and around the release point. Although gas masks were 

donned by the team of researchers, these releases posed potentially hazardous conditions 

to visitors to the WERFL. Hence, under these conditions, particularly below 1 m/s, the 

experiments had to be shut down. Finally, positioning of the concentration sensors exactly 

in the direct path of the plume was difficuh due to the constantly fluctuating wind 

direction. 

A schematic illustrating a typical release and sampling is depicted in Figure 4.9. A 

photograph illustrating this procedure using the SPM is provided in Figure 4.10. The 

background levels of the two gases were measured prior to every experiment in the field. 

The sampling device was positioned to measure the ambient air for about 30 minutes. Any 

detectable background level was subtracted from the concentrations during releases. 

When the MARL was used to perform the sampling, the release apparatus was 

usually moved to adjust the downwind distance. In contrast, when the SPM was used, the 

release point was fixed at the base of the meteorological tower, and the sampling distance 

was set by moving the SPM to a desired downwind location. 

4.5 Safetv procedures 

Bearing in mind the toxicity of hydrogen sulfide, extreme care and caution were 

exercised in all the experiments performed. The flow rate was adjusted so that downwind 

concentrations were below even sublethal limits. The team of researchers received 

training on the hazards associated with H2S at South Plains College, Leveland, Texas and 

at Hollowman Fire and Safety, Shallowater, Texas. This training is required by EPA and 

Occupational Safety and Health Administration (OSHA) for oilfield workers. The team 

received pulmonary tests for respirator clearance at the School of Medicine, Texas Tech 

Heahh Sciences Center. 

Proper safety measures included the use of positive pressure face masks. Three 

face masks provided by Survivair were acquired through the Environmental Health and 
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Safety department on the TTU campus. These masks, made of silicone, are provided with 

a four-point headstrap, deep chin pocket and an extra wide sealing edge for a no-slip fit. 

A single-curve lens was provided with an anti-fog interior coating, enabling clear anc 

unobstmcted vision. 

The MARL was equipped with two full-sized cylinders of compressed breathing 

air. A cascade system consisting of two breathing air tanks was used inside the MARL as 

well as the WERFL. A manifold was used to provide air simuhaneously to two 

researchers. Airiine hoses in lengths of 50 ft, were purchased from Hollowman Fire and 

Safety to enable the use of breathing air in the field. The individual hoses could be 

connected to provide a total length of 300 ft. This arrangement enabled the hoses to be 

dragged around the experimental location during gas releases. This length was sufficient 

for two of the researchers to use breathing air during a release. The breathing air tanks 

were replaced whenever the pressure in the tanks dropped below 300 psia. 

The release rate was controlled so that downwind H2S concentrations were less 

than 100 ppb. Moreover, detectable test releases during stagnant wind conditions were 

avoided. During the NH3 releases, the gas masks were also donned. The measurable 

downwind concentrations of NH3 were in the range of 2.6 to 75 ppm. Hence, significantly, 

higher release rates of NH3 had to be used to maintain concentration values within this 

detectable range. 

4.6 Meteorological data collection 

A meteorological tower is located at the WERFL to record wind speed, direction, 

temperature, pressure and relative humidity. This tower is located about 46 m (150 ft) 

west of the test building. Instmmentation is mounted at heights of 0.9, 2.5, 4, 10, 21 and 

48.5 m (3, 8, 13, 33, 70 and 160 ft). UVW anemometers are mounted at all heights 

except at the 0.9 m level. These anemometers are designed to measure u, v and w 

orthogonal wind vectors. A three-cup anemometer is mounted at the 0.9 m level. This 3-

cup anemometer is provided with a d.c. tachometer whose analog output voltage is 

directly proportional to the wind speed. The threshold wind speed on this instmment is 
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about 0.45 m/s. The anemometer at the 48.5 m level is mounted on top of the tower. The 

anemometers at the other levels are mounted on 1.8 m (6 ft) booms so as to minimize 

tower interference to wind measurements (Levitan and Mehta, 1992). The booms are 

oriented to the west, providing a clear approach for winds from the north, west and 

southerly directions. All the anemometers have been provided by R.M. Young Company 

(Traverse City, Michigan). The anemometer at 0.9 m is a Gill 3-cup anemometer (Model 

12102). This instmment has a threshold velocity^^ of 0.4023 m/s. The UVW 

anemometers are also Gill UVW anemometers (Model 27005). These anemometers have 

a threshold wind speed of 0.4 m/s. A view of the instmmentation on the tower is 

illustrated in Figure 4.11. Wind direction fluctuations are measured using Gill microvanes 

(Model 12302) designed for field use. These microvanes have potentiometers which 

provide an analog output voltage directly proportional to the angle traversed by the vane. 

Other meteorological instmments on the meteorological tower include sensors for 

measuring temperature, barometric pressure and relative humidity (RH). This 

instmmentation is provided by Teledyne Geotech. These sensors are placed at the 4 m 

level. The barometric pressure sensor is a model BP-1000 with a rated accuracy of ±0.34 

mb. RH is measured using a model RH-200 sensor and has a rated accuracy of ±3%. 

The temperature sensor buih into the RH-200 and has a rated accuracy of ±0.1°C 

(±0.2^). One additional temperature sensor is mounted at the 10 m level. This 

temperature sensor is a Climatronics fast response sensor (Model 100093-3). This sensor 

provides an accurate measurement of temperature within the range of-30°C to 50°C 

(±0.1°C). The instmmentation at the facility is constantly checked to ascertain the 

reliability to data. An operational check is performed everyday. Routine calibration and 

maintenance is also performed periodically. 

4.7 Data acquisition svstem 

The data from all instmmentation is logged using a 33-Mhz, 80486-based personal 

computer. An optical disk drive is attached to the computer. The computer is housed in a 

^̂  Velocity required to create detectable signal output. 
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fixed concrete block building located inside the test building. Output vohages from the 
• 

instmments are converted to analog signals, and the data are stored on a hard drive for 

future retrieval. A DAS-8 analog-to-digital (A/D) converter board provided by Metrabyte 

Corporation is used to capture incoming signals. 

Labtech Notebook software (Laboratory Technologies Corporation) mnning in a 

DOS environment was used to control the data acquisition system. Data were acquired 

using a frequency of 10 Hz. A binary integer format was used to reduce the file size 

containing the data. Evenso, a typical 30-min data file required about 1.1 MB of storage. 

An optical disk with a 600 MB capacity was therefore used to maintain record of all the 

acquired data. These optical cartridges are used for permanent data storage and provide 

archival copies. 

Several different data acquisition modes have been set up for data collection. A 

new mode, designated as M32, was set up for data acquisition in these field studies. In 

this mode, the system is programmed to sample all tower instmmentation at a frequency of 

10 Hz. The time period for data collection is variable. However, meteorological data 

were acquired in 30-minute intervals. After every 30 minutes of data collection, a new file 

was opened to continue recording of meteorological variables. The delay between the end 

of one data mn and the beginning of the next was approximately 70 s. The binary data 

recorded consisted of the following variables: 

1. u, V and w components of wind speed at elevations of 2.5, 4, 10, 21 and 48.5 m, 

2. wind speed using the 3-cup anemometer at 0.9 m, 

3. temperatures at heights of 4 and 10 m, 

4. barometric pressure at 4 m, and 

5. relative humidity at 4 m. 

4.8 Data processing 

The data logged onto the optical disk was brought to the main campus for analysis. 

A program written in C language, converted the binary data into engineering units in 

ASCII format. The program calculated averages of the variables recorded within a user 
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specified time interval and recorded the averaged data. The ammonia data was averaged 

over a period of 15 s. Thus, in every 15 s interval, 150 data pomts were averaged to 

provide a time-averaged mean value of all the variables. The time interval used for 

averaging H2S data was 1 min, i.e., averaging of 600 data points was performed. These 

averaging times were chosen on the basis of the frequency of response of the 

concentration sensors. 

Once the data was obtained in ASCII format, it was imported in Microsoft Excel 

5.0 spreadsheets for further processing. Time of recording of the data points was then 

added into the spreadsheet. This time served as the sole hnk to relate the meteorological 

data to the concentration data. The concentration values were also input into the 

spreadsheet. 

At all sampling locations, stakes were hammered into the ground with suitable 

labels for future identification. These stakes were surveyed by students from the 

Department of Civil Engineering. Their survey data provided the angle of sampling 

locations with respect to tme North as well as the exact distances between the various 

release and sampling points. Using this information and trigonometric relations, the exact 

downwind and crosswind distances could be determined and stored in the spreadsheets. 

A preliminary analysis of the data was usually performed using the Gaussian 

model, which is one of the most popular mathematical models characterizing dispersion. 

The description of this model, its performance on the experimental data obtained, and 

simple modifications to this model for point source emission rate estimation are described 

in the next chapter. 
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Figure 4.1. A view of the test building and meteorological tower 
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Figure 4.2. A map of the field site location 
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(a) North view 
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(b) South view 

Figure 4.3. A view of the terrain north and south of the discharge point of gases 
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(a) East view 
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(d) West view^ I 
Figure 4.4. A view 

of the terrain east and west of the discharge point of gases 
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Ammonia detection system 

Hydrogen sulfide detection system 

Figure 4.5. Floor plan of the MARL 

Figure 4.6. AviewoftheMARL with the WERFL and 
meteorological tower in the background 
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B = base solution inlet 
G = GC carrier gas 
Fl = flow controller 1 
W = waste 
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I = ambient air inlet 
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F2 = flow controller 2 
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Figure 4.7. Sampling scheme developed for hydrogen sulfide analysis 
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Figure 4.8. The Single Point Monitor 
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Figure 4.9. SampHng procedure 
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Figure 4.10. A view of field samphng using the SPM 
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Figure 4.11. A view of the instmmentation on the meteorological tower 
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CHAPTER V 

THE GAUSSIAN MODEL: APPLICATION TO 

SINGLE POINT SOURCE ESTIMATION 

The modeHng of atmospheric dispersion has proven to be a challenge for several 

decades. The number of variables affecting atmospheric dispersion are numerous and 

produce a synergistic effect for ground-level concentrations. Numerous mathematical 

approaches have been developed in the past few decades. These mathematical models can 

be divided into two categories (Zannetti, 1990): 

1. Deterministic models, that are based on mathematical description of fundamental 

atmospheric processes. Such models describe cause (pollutant releases) and effect 

(concentration profiles or air pollution) relationships, while taking mto account the 

various meteorological/emission characteristics. 

2. Statistical models, that are based upon semiempirically derived statistical relations 

between the pollutants released and downwind time-averaged concentration profiles. 

Deterministic models describe the development of concentration profiles using 

mathematical manipulations of specified inputs such as meteorological variables and 

emission variables. Statistical models use available measurements and previously 

correlated concentration trends with meteorological data to predict or forecast 

concentration levels. 

The choice of an appropriate air quality model is generally based on several 

considerations such as 

regulatory requirements, 

the type of pollutant involved, 

properties of the pollutant, 

averaging time of concentration data, 

topographical characteristics, 

assumptions of models under consideration, 

level of accuracy desired, and 
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• ease of use. 

One method of developing an equation to model dispersion assumes that the wind 

speed is constant over a given period and accounts for plume dispersion by eddy 

diffusion alone. Based on a material balance, a second-order partial differential equation 

has been derived to describe eddy diffusion. One particular solution to this equation is the 

Fick's diffusion equation.̂ ^ The derivation of the Fickian diffusion equation as well as its 

application to atmospheric dispersion has been presented elsewhere (Wark and Warner, 

1981; Williamson, 1973). The eddy diffusivities model requires a computation of average 

eddy diflRasivities of the pollutants and also steady wind conditions. This modelmg 

approach is deterministic. 

The statistical modeling approach, however, has gained more widespread utility. 

This approach was derived by Pasquill (1961) and modified by Gifford (1961). This 

model is referred to, therefore, as the Pasquill-Gifford (PG) model. The PG model forms 

the basis of a number of legislative and regulatory models of the EPA. A brief overview 

of this model is provided in Section 5.1. The co-ordinate system used in this model is 

outlined in Section 5.2. The diffusion equations characterizing dispersion are described in 

Section 5.3. Section 5.4 discusses the stability classification used by the model, while the 

methods of estimating model parameters are outlined in Section 5.5. This model was 

evaluated using the experimental data obtained during the course of this research. The 

performance of the PG model to describe the experimental data obtained using H2S and 

NH3 is discussed in Section 5.6. An empirical correction to the PG model was 

implemented to predict source strengths with greater accuracy. This approach is 

presented in Section 5.7. Some of the key parameters used in the PG model were derived 

based on experimental data beyond 100 m. The modification of these parameters for 

application to distances much less than 100 m is the topic covered in Section 5.8. 

^ Eddy diftusion refers to the exchange of fluid parcels between regions in space due to turbulent 
motion of fluid masses. 

'̂ The Fickian diffusion equation is given by 

at ck dy dL 
where C is the concentration, t is the time, Ku are the eddy diffusion coeflTicients in the i-directions. 
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5.1 The Pasquill-Gifford model: An overview 

The theoretical basis for the Pasquill-Gifford (PG) model is derived from the 

fundamental solution to Fick's diffusion ecjuation. This model is based on the assumption 

of a normal distribution^* of the pollutant plume in the lateral as well as the vertical 

direction. Hence, it is often referred to as the Gaussian dispersion model. The origins of 

this model can be traced to 1961 with the publications by Pasquill (1961). Later that same 

year, Gifford (1961) made extensions to the original model. Soon, this approach became 

the most accepted one to use (Smith, 1992). This model remains the basis of most of the 

regulatory models today. A description of the co-ordinate system used by this model is 

the subject of the next section. 

5.2 The co-ordinate svstem 

The origin for the orthogonal co-ordinate system used with the PG model is 

considered to be at the ground level directly beneath the pomt of emission. The x-axis is 

represented by the direction directly downwind of the source. The wind direction, 

however, is never steady and fluctuates depending on atmospheric stability. Hence, the x-

axis is not "fixed" and shifts constantly depending on the direction of wind. Rather than 

using an instantaneous change in wind direction, this model uses a time-averaged wind 

du'ection to estimate the mean downwind direction and hence the "x-axis." The averaging 

tune used by this model is 10 minutes. The y co-ordinate represents a horizontal distance 

^ A variable is said to be normally distributed if its density function f(x) is of the form 

1 ,<^-^ ) \ 
fM = -f=- exp[—-^ ] 

-Jlna 20-

where \i is the mean and a is the standard deviation. 
^ Such a distribution is called a double Gaussian distribution. A double Gaussian distribution in 

say, x and y is given by the distribution 

•̂  iTTd^Gy 2ai 2o'J 

where Hx, ŷ are the means of x, y and ô  and ay are the standard deviations of x, y. 
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at right angles to the x-axis, otherwise called tlie plume axis. The co-ordinate z refers to 

the height above ground level. 

The basic assumptions of this model are as follows: 

1. The plume has a Gaussian or normal distribution in the y- and z- directions, 

2. Emission rate of pollutants is uniform, 

3. There is total reflection of the plume at ground level, i.e., there is no deposition or 

reaction at the earth's surface, 

4. The wind speed can be described by a mean value, 

5. The terrain is flat and level, 

6. Diffusion in the direction of wmd transport can be neglected, and 

7. Discharged pollutants are stable and undergo no reactions to form any secondary 

pollutants. 

A representation of the PG model co-ordinate system is described in Figure 5.1. 

The major advantage of this model is its simpHcity of apphcation. It is based on 

statistical properties of wind, and thereby provides a model consistent with the random 

nature of turbulence. It requires a minimal quantity of data for apphcation. Historically, it 

has provided a desirably conservative method to predict downwind concentrations. 

However, the large amount of empiricism in the model does not explain the dispersion 

phenomena in terms of flow properties. Also, as the wind speeds become significantly 

reduced and produce "stagnant" conditions, the PG model fails to provide reUable 

estimates for downwind concentrations. Evenso, it remains the basis of most of the 

screening and refined regulatory models. Therefore, this model was tested using 

experimental data acquired during the course of this study. The dispersion equation for 

concentration as a function of meteorological as well as discharge characteristics is 

described in the next section. 
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5.3 The diffiision equation 

The PG model predicts the downwind concentration produced by emissions from a 

point source according to the following equation: 

where: 

C = measured concentration (g/m^), 

Q = source strength (g/s), 

x = downwind distance (m), 

y = crosswind distance off plume centeriine (m), 

z = vertical distance off plume centeriine (m), 

H = effective height of release^° (m), 

u = mean wind speed (m/s), 

Cy = standard deviation of plume in y-direction (m), and 

a^ = standard deviation of plume in z-direction (m). 

In these studies, the release height was always within the first few meters above the 

ground. Hence, the releases undertaken in this study are classified as ground-level 

releases. For such releases, the downwind concentration described by Equation 5.1 

reduces to 

C{x,y) = —-^ e x p [ - i ( - ^ ) 2 ] (5.2) 
iTrayCT^u 2 (jy 

An appropriate averaging time is necessary inorder to correctly correlate all the variables. 

Generally, longer time-averaged data points will yield lower concentrations than shorter 

time-averaged data. For averaging times between 10 minutes and 5 hours, it has been 

suggested that the concentrations at the two averaging times are related as follows (Hino, 

1968): 

^ Eflfective height of release is the height above ground at which the plume bends over and tums 
towards the ground; effective height = discharge height + plume rise. 
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C, = C,„ J y (5.3) 

where: 

Ct = concentration for averaging time t (min), 

t = averaging time (min), and 

Cio= 10-minute averaged concentration (min). 

The averaging time plays an important role in the interpretation of data obtained. While 

smaller averaging times provide better estimates of parameters, it raises the question, 

"How small is sufficiently small?" Historically, the PG model has been vaUdated based on 

10-minute averaged data. Since the PG model was chosen for this study, a 10-minute 

averaging scheme was used for all the time dependent variables. 

The PG model provides estimates of downwind concentrations based on general 

atmospheric stabilities. Specification of atmospheric stabilities for use in the PG model is 

the topic covered in the next section. 

5.4 Stability classification scheme 

There are several proposed methods to establish atmospheric stability. Since 

stability is not a directly measurable parameter, a total reliance on correlations is requu-ed 

to obtain an estimate of this variable. The most commonly used stability classification 

scheme employs the algorithm outlined by Pasquill (1961). Pasquill recommended the use 

of meteorological data wherever possible to estimate atmospheric stability. However, in 

the absence of on-site meteorological data, a stability classification scheme was proposed. 

This stability classification scheme was the first of hs kind to be developed, and even 

today, provides a basis for obtaining estimates of atmospheric turbulence levels. This 

method is outlined in Section 5.4.1. Later, Pasquill's stability scheme was modified 

slightly by Tumer (1970). This modified stability classification method is outlined in 

Section 5.4.2. 
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5.4.1 Pasquill stability classes 

The method outlined by Pasquill classified atmospheric stability mto six different 

classes. These classes are based on (1) the prevaihng wind speed, and (2) the quantity of 

solar radiation during the daytime and the extent of cloud cover during nighttune. The 

relationship of stability to these parameters is presented in Table 5.1. Class A represents 

the most unstable, while class F is the most stable category. Neutral conditions are 

represented by Class D. Based on this approach, neutral conditions can be assumed for 

overcast conditions and for high wind speeds. In Table 5.1, "strong" solar radiation refers 

to the mcoming solar radiation under solar angles of 60° or greater, while "slight" 

corresponds to a solar angle between 15° and 35°. Meteorologists have divided the sky 

into eight sections to determine cloud cover. If four or more sections have clouds, a 

cloudy condition is said to exist; while clear conditions exist when three of fewer sections 

have clouds. Daytime is defined as the time from one hour after sunrise to one hour 

before sunset. 

Should the cloud cover increase during the day, the incoming solar radiation is 

expected to decrease compared to that experienced with clear skies. This phenomenon is 

not taken into account by the Pasquill stability classes. Hence, the stability classification 

was later modified by Tumer (1970). This scheme is outlined in Section 5.4.2. 

5.4.2 Tumer's method 

Tumer's method is based on classifying incoming solar radiation in terms of a net 

radiation index (nri). The nri is a function of the solar altitude and extent of cloud cover 

during the day and at night, and is dependent on the cloud cover and ceiUng of clouds. 

Tumer's stability class, therefore, is determined using Table 5.2, which relates the nri and 

wind speed to the stability classes. 

The methods of estimating standard deviations based on atmospheric stabiUties is 

outlined in the next section. A comparison of the two classification schemes is reported in 

Chapter VII. 
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5.5 Plume standard deviation estimations 

The standard deviations in the diffusion equation are dependent on the turbulence 

level in the atmosphere, the height above surface, sampling time used to obtain 

concentration values, wind speeds and downwind distance from the release point. The 

estimated concentration obtained by the PG model depends strongly on the calculated 

values for Cy and â . These standard deviations can be experimentally obtained or 

estimated from correlations. The experimental method of determining these parameters 

involves placing concentration sensors in an arc as shown in Figure 5.2. The plume width 

in the horizontal and vertical directions is obtained by determining the position at which 

one-tenth of the plume centerline concentrations occur at fixed downwind distances. 

Although this method yields very reliable estimates of Oy and Oz, it is extremely tedious, 

expensive and involves rigorous sampling. It is necessary to place instmments in a 360° 

arc around the release point in order to accommodate fluctuations in wind direction. 

Hence, the experimental method of obtaining standard deviations is not often used. Some 

insight is provided in Appendix B on the appropriate location of concentration sensors 

during dispersion studies. 

The Pasquill-Gifford system for estimating Oy and a, is based on correlations which 

are presented graphically in Figures 5.3 and 5.4. These figures have been developed from 

the application of theoretical principles used to analyze actual dispersion data. These data 

were obtained by conducting experiments in flat, open terrain using 10-minute averaged 

concentrations and measured emission rates and wind speeds. Such graphical methods are 

cumbersome to use and are inconvenient for implementation by computer programs. 

Hence, several equations have been developed to fit these curves. The most common 

formulations used for U.S. EPA regulatory modeling are the Pasquill-Gifford sigmas. 

These values have been obtained based on a fiinctional form given by 

<jy=ax^yZnd (5.4) 

a, = ex" (5.5). 

Values for the coefficients a, b, c and d vary depending on atmospheric stability (Crowl 

and Louvar, 1990). These coefficients are summarized in Table 5.3. 
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A number of other empirical functional forms have been developed to estunate 

these dispersion coefficients. However, while these methods will not be discussed here, 

they are detailed by Zannetti (1990) and Davidson (1990). 

The performance of the PG model as h relates to the H2S and NH3 data obtamed 

during the course of this research project is the topic of the next section. 

5.6 The PG model performance 

A large number of data sets were acquired in order to study the dispersion pattems 

of H2S and NH3. Samphng was performed by periodically analyzing the ambient air for 

background levels. After determining the average background level of the pollutant, the 

sampling apparatus was placed at specific distances downwind of the point of release of 

the gases. The flow rate of the pollutant was monitored and recorded on a regular basis. 

The relative position between the release apparatus and sampling units was adjusted 

occasionally based on wind direction in an attempt to minimize off-axis sampling. 

Although every attempt was made during the experiments to sample air from a 

position directly downwind of the release point, this was not always possible. The 

fluctuations in wind speed and direction ultimately determined downwind and crosswind 

distances from the source (release point) to the sampling point. The maximum 

concentrations were observed to be along the plume centeriine. However, changes in 

wind du'ection often forced the sampling position to shift to a crosswind location, m which 

case the measured concentration decreased as expected. 

Plume rise variations experienced for the low velocities of gaseous effluents in this 

study were negligible. Hence, the effective height used for the gas discharge was 

determined solely by the height of pollutant emission above the ground level. 

The PG model performance on the H2S data is illustrated in Figure 5.5 and for NH3 

in Figure 5.6. Ideally the ratio of predicted to measured concentrations should be close to 

unity if the PG model is an accurate predictor of downwind concentrations. However, the 

PG model was found to overpredict the downwind concentrations, particularly at short 
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distances from the source. Moreover, the overprediction was much greater m the case of 

H2S than NH3. This might be explained, in part, by the high reactivity of H2S m au*. 

Ammonia does not absorb ultraviolet radiation m the range of 2900-3800 A, and 

hence does not photolyze in the atmosphere (Finlayson-Pitts and Pitts, Jr., 1986). 

However, it is scavenged in the atmosphere by water and acids. The neutralization 

reactions of ammonia with sulfuric and nitric acids to form ammonium salts is well-

documented in hterature (Stem, 1990). In the atmosphere, NH3 is converted to 

ammonium containing aerosol particles. A large part of the NH3 is washed out of the air 

by precipitation. Dry deposition of NH3 on the ground is an additional removal 

mechanism and is reported to occur at a velocity of 1 cm/s (Meszaros, 1981). Once 

absorbed mto the soil, ammonium salts can be oxidized to nitric acid (Freemantle, 1995). 

There is no evidence of the accumulation of H2S in the global atmosphere (Stem, 

1990). However, on a local scale, H2S readily participates in chemical reactions 

particularly in the presence of sunlight during the day. Short lifetimes of H2S have been 

reported in literature (Stem, 1990). The transformation of H2S to SO2 is beheved to be 

the most important sink for H2S (Meszaros, 1981). H2S is speculated to react in the gas 

phase as well as in precipitation water with ozone. The hyroxyl radicals in the atmosphere 

are reported to play an important role in the oxidation of H2S. There is scant pubHshed 

data available on the kinetics of H2S in the atmosphere, although the decomposition of 

H2S in air at high temperatures has been studied by researchers in the laboratory (Woiki 

and Roth, 1994). 

It also appears that the plume width of the two gases is determined in part by 

differences in their lateral diffusivities. The over-prediction of concentrations by the PG 

model may also be attributable to the large uncertainty in the estimations of the plume 

standard deviations. These standard deviations have been developed using experimental 

data beyond 100 m using different gases. In fact, higher standard deviations, particularly 

for Oz, have been observed and reported in published literature for downwind distances 

less than a kilometer (Williams, 1981). The extrapolation of the plume standard deviations 

to the short distances used in this study is highly questionable. However, because of lack 
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of a better altemative approach, these standard deviations are being used universally for all 

sampling distances. This over-estimation of the predicted concentrations produces a gross 

under-estimation of the emission rate estimated from back calculations using the PG 

model. These under-predictions of the release rate are also clearly illustrated in Figures 

5.7 (forH2S) and 5.8 (forNH3). However, the ratio of predicted to measured 

concentrations for these two gases appear to follow an exponential curve. 

An empirical correction was implemented so as to obtain more reliable estimates of 

downwind concentrations. These estimates of concentrations could then be used to back 

calculate the emission rate. The procedure which was used to empirically correct the PG 

model is the topic of the next section. 

5.7 Empirical correction to the PG model 

The empirical correction developed in this study for apphcation to the PG model 

was based on the definition of a residual of the concentration. The residual (d) was 

defined as the difference of the natural logarithms of the predicted to measured 

concentrations: 

d = In(Cp) - ln(C J (5.6) 

where Cp = PG model predicted concentration, and 

Cm = measured concentration. 

The residuals exhibhed a decrease with increasing distance downwind. Also, all 

the residuals were positive, which indicated that the PG model was consistently over-

predictive for the short sampling distances. The decrease in residuals with downwind 

distance might be explained as follows: First, the reactivities of the gases can contribute 

to greatest numerical decreases of the residuals at distances closest to the emission source. 

However, within a short time, both gases appear to reach steady state concentrations. 

Second, as the plume develops downwind, both gases may disperse rapidly in the lateral 

direction, resulting in a wider plume and a more rapid decrease in centerUne concentration. 

The rapid dispersion in the lateral direction as well as the reduced reactivity with distance 

probably cause the exponential type of behavior observed for the concentration residuals. 
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A Unear regression of the residual data (Figures 5.9 for HjS and 5.10 for NH,) 

yielded a functional form that was used to define a correction function for the PG model. 

The correction function, F(x), was defined as 

F(x) = exp[-(a + b x ) ] (5.7) 

where a and b are parameters obtained from linear regression. The corrected form of 

Equation 5.2 for the PG model for these gases and at ground-level releases became: 

^( '̂y> = . rr^r. „ ' exp(-0.5 • ̂ ) > F(x). (5.8) 
y 

The corrected model was validated using several experimental releases of H2S and 

NH3 at the WERFL. The data sets containing the H2S and NH3 concentration were 

correlated with the meteorological data. 

The performance of the empirically corrected PG model in predicting measured 

concentrations is illustrated in Figure 5.11 (for H2S) and Figure 5.12 (for NH3). For 

comparison purposes, the experimental data plotted in Figures 5.11 and 5.12 are the same 

data on which the PG model performance was earlier illustrated in Figures 5.5 and 5.6. As 

can be observed from these figures, the predicted concentrations after correction are more 

reasonable estimates of the measured values. The estimations of the H2S and NH3 

emission rates improved drastically from being highly under-predictive to reasonably 

conservative over-estimates using the corrected model. The performance of the corrected 

model to predict point source emission rates is illustrated in Figures 5.13 (for H2S) and 

5.14 (for NH3). The over-prediction factor for emission is as high as 15 for H2S. These 

overpredictions generally occurred for that data which corresponded to the larger 

crosswind sampling. However, with hazards to human health as the primary concern, this 

over-prediction of the emission rate may be viewed as desirable. 

As noted, it was observed that small magnitudes of deviation from the plume 

centeriine produced large changes in the magnitude of the calculated emission rate. This 

effect was attributed to the fact that the H2S and NH3 plume is much wider than that of the 

tracer gases used by researchers to validate the PG model. During the experiments, 
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therefore, h was apparent that the PG model predicted a much narrower plume for the 

H2S and NH3 than was observed in the field. 

The performance of the corrected models was evaluated using an independent data 

set which was not used in the regression of the residuals. The corrected model 

successfiilly predicted conservative emission rates of both H2S (Figure 5.15) and NH3 

(Figure 5.16). The over-estimation was within 20% of the actual emission when the 

samphng distance was directly downwind. However, as the crosswind distances of the 

samples got larger, the emission rates estimated by the corrected model became even more 

conservative and often fell within a factor of 2 or higher. 

The standard deviations in the y- and z- directions used m the PG model are 

applicable only for the tracer gases for which they have been validated. For gases such as 

H2S and NH3, the corrected PG model is valid only as long as direct downwind estimates 

are required. Therefore, in this study, concentrations obtained at crosswind distances 

greater than 1.5 times the estimated lateral standard deviation a , were not used for 

validation purposes. Hence, the applicability of the corrected model is valid only for du-ect 

downwind sampling distances. However, the Hmitations of this model are still reasonable 

for isolation of point sources of H2S and NH3 emissions. 

While direct downwind sampling is not always feasible, the situation becomes 

particularly complicated when the fluctuations in both wind speed and direction are large. 

Hence, an altemate approach to empirically correcting the PG model was used to estimate 

the plume standard deviations based on the experimental data obtained in the field. Such 

an approach can be used to describe atmospheric dispersion, irrespective of the position of 

concentration samplers. This approach will be discussed in the next section. 

5.8 Estimation of short-range plume standard deviations 

The standard deviations of a plume in both the horizontal as well as the vertical 

directions (Oy and Oz) are key input parameters in dispersion models. As can be seen in 

Figures 5.3 and 5.4, these standard deviations have been estimated for all the stabiUty 

classes. However, these curves have been correlated using experimental data beyond 0.1 
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km. The possible under-prediction of these standard deviations in determination of 

dispersion for low-level sources has been documented in the literature (Tumer, 1970). 

This under-prediction has also been observed during the dispersion experiments performed 

in this study and just discussed in prior sections. 

The use of these dispersion coefficients beyond downwind distances of 0.1 km is 

known to provide consistent over-predictions of downwind concentrations, sometimes of 

the order of 50%. However, the estimation of a single point source emission is frequently 

needed at much shorter sampling distances. Shorter distances may be necessary in order 

to avoid interference from other nearby sources, or because of the rapid decay of the 

pollutant at vanishingly low concentrations further from the source. In this instance, an 

accurate knowledge of the plume standard deviations can provide an easier approach to 

estimating emission rates. This approach is also attractive because it can be used to 

estimate downwind concentrations from emission rates. 

One possible approach of estimating the plume standard deviations, as discussed 

eariier, is by measuring plume width using samplers at various distances around an 

emission source. However, this approach is very rigorous and requires immense resources 

for monitoring the gases. An altemate approach is to use the experimental data with a 

Umited number of concentration sensors and obtain functional forms based on optimization 

studies. A functional form suggested in hterature used to estimate these dispersion 

coefficients has been 

cr^=ax:*,and (5.9) 

a,=cx" (5.10). 

Using this functional form, an objective function (F) can be set up to estimate the 

dispersion coefficients based on the experimental data obtained: 

F-C £ ^ e x p ( 4 ( ^ ) ^ ) [ e x p ( 4 ( i l | ^ . e x p ( 4 ( i ± | ^ ^ (5.11) 

An optimization of the field data can then be used to estimate the coefficients describing 

plume width. The purpose of the optimization is to find values or functional forms of Oy 
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and a, which minimize the sum of squares of errors between the predicted and measured 

values of concentrations, i.e., to make F as small as possible. Thus the problem is reduced 

to finding the best values of the constants a, b, c and d depending on the stabihty. This 

task was accomplished using a least squares minimization of the sum of squared residuals. 

A MINSQ optimization program was used to obtain the "best" values of these 

coefficients. The least squares technique used by MINSQ is based on the Gauss-Newton 

and steepest descent algorithms developed originally for solving systems of nonhnear 

equations. These algorithms will not be discussed here; however, then- descriptions are 

pubhshed in a number of sources in the hterature (Henley and Rosen, 1969; Edgar and 

Kmmelblau, 1988) 

Separate data sets for the two gases were created and presented to MINSQ to 

perform a least squares fit for stability classes D through F. Most of the experimental data 

at the WERFL was obtained under neutral conditions. Hence, the data set correspondmg 

to neutral stability spanned a very wide range of downwind distances. However, the 

coefficients a, b, c and d were obtained for stability classes E and F using the limited 

quantity of data. The values of the optimal coefficients for the two gases for stabiUties D, 

E and F are presented in Table 5.4. An illustration of the use of these modified dispersion 

coefficients to determine potential impacts of an emission of H2S is provided in Appendbc 

B. 

The horizontal and vertical plume widths using these values are compared m 

Figures 5.17 to 5.20. As can be seen from these curves, the plume predicted at short 

range distances is much wider than that estimated by the Pasquill curves. The trend 

illustrated by using the modified parameters is in agreement with the Pasquill curves. As 

the stability increases from D to F, the standard deviation of wind direction generally is 

reduced causing a shrinkage of plume for a given distance. This trend is exhibited for both 

H2S and NH3. Also, the dispersion curves are almost parallel for the three stabiUty classes. 

Moreover, the plume width is a linear increasing function of the downwind distance as was 

observed for this data. An increased plume spread has been reported in hterature by two 

other researchers (Singh et al., 1994; Irwin, 1983). 
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The question as to whether the plume width of H2S and NH3 differ significantly or 

not cannot be answered with a great deal of certainty based on the values of the constants 

a, b, c and d obtained here. When the Pasquill cur yes were extrapolated to shorter 

distances, this resulted in standard deviations that were much lower than those observed m 

the field studies. Hence, the actual plume width does appear to be a function of the type 

of gas under consideration. 

The modified dispersion coefficients were then used to estimate the emission rate 

on an independent data set, i.e., one which consisted of data not used in obtaining optimal 

values of a, b, c and d. The performance of the Gaussian model usmg the modified 

dispersion coefficients is illustrated in Figures 5.21 and 5.22 for H2S and NH3 

respectively. The emission rate was within 20% of the measured emission rate. The buUc 

of the validation data were obtained under neutral stability conditions. However, the 

dispersion coefficients do not appear to vary significantly for the stability classes D 

through F. Therefore, the estimate obtained for class D can be used for all stable 

conditions as well without significantly affecting the values of the standard deviations. 

Moreover, the error induced by using the coefficients obtained for Class D would be much 

lower than using the original dispersion parameters suggested by PasquiU. 

Do the plumes of hydrogen sulfide and ammonia really have a width predicted by 

the coefficients given in Table 5.4? Based on the experiments performed, the 

concentrations of the two gases were in the detectable range at the plume boundaries 

determined by using the coefficients in Table 5.4. In the absence of readily available 

algorithms to account for chemical reactivities, diffusivities and deposition of these gases, 

the estimation of standard deviations provides a bulk parameter to account for the 

cumulative effect of all of these mechanisms. 

The dispersion coefficients have been obtained strictly as a function of downwmd 

distances for a given atmospheric stability. Complicated weather phenomena such as 

precipitation can cause significantly different dispersion pattems resulting in varying plume 

width than that predicted by these coefficients. Under low wmd condhions, plume 

characteristics may be a function of diffusion more than bulk transport. Although 
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variables such as the relative humidity may not be very significant at short distances, they 

can become significant at low wind speeds. During such conditions, the use of a simple 

empirically corrected PG model or using the modified dispersion coefficients may not 

always result in reliable estimates. Therefore, there is a need for a model which would 

take into account all of these variables. Additionally, such a model should facilitate easy 

use and produce reliable estimates. 

A modeling approach using a neural network has found potential appUcations in a 

number of areas to model complex phenomena based purely on empiricism. Therefore, a 

neural network was developed to estimate point source emission rates and is the subject of 

the next chapter. 
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Table 5.1. Pasquill stability classification scheme* 
(Crowl and Louvar, 1990) 

Wind speed 
(m/s) 
< 2 
2-3 
3-5 
5-6 
> 6 

Day 
Radiation intensity 

Strong 

A 
A-B 
B 
C 
C 

Medium 

A-B 
B 

B-C 
C-D 
D 

Slight 

B 
C 
C 
D 
D 

Night 
Cloud cover 

Cloudy 

E 
D 
D 
D 

Cahn 

F 
E 
D 
D 

* A = extremely unstable B = moderately unstable 
D = neutral E = slightly unstable 

C = slightly unstable 
F = moderately stable 
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Table 5.2. Tumer's stability classification scheme* 
(Maloney, 1994) 

Wind speed 
(m/s) 

Net radiation mdex (nri) 

< 0 8 
0.8-1.9 
1.9-2.9 
3.4-3.9 
2.9-3.4 
3.9-4.9 
4.9-5.5 
5.5-5.9 

> 6 

4 
A 
A 
A 
B 
B 
B 
C 
C 
C 

3 
A 
B 
B 
B 
B 
C 
C 
C 
D 

2 
R 
B 
c 
C 
C 
C 
D 
D 
D 

1 
c 
c 
D 
D 
D 
D 
D 
D 
D 

0 
D 
D 
D 
D 
D 
D 
D 
D 
D 

-1 
F 
F 
E 
E 
D 
D 
D 
D 
D 

-2 
G 
Q 
E 
F 
F 
E 
E 
D 
D 

Solar altitude 
>60° 

35°-60° 
15°-35° 

<15° 

Insolation 
4 
3 
2 
1 

Insolation 
Strong 

Moderate 
Slight 
Weak 

Total cloud 
cover (in/in) 

10/10 
<4/10 
>4/10 
<5/10 

>5/10 

< 10/10 

10/10 

Ceiling (ft) 

7000 

<7000 

Day 

0 

Equals insolation class 
number 

Insolation class number 
minus 2 

Insolation class number 
minus 1 

Insolation class number 
minus 1 

Night 

0 
-2 
-1 

*If the insolation class number is not modified, set the modified msolation class equal to 
the insolation class number. If the insolation class number < 1, let it equal 1. Class G is 
used to describe extremely stable conditions. 
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Table 5.3. Coefficients to estimate a, and d in short range 
(Crowl and Louvar, 1990) 

Stability 
A 
B 
C 
D 
E 
F 

a 
0.493 
0.337 
0.195 
0.128 
0.091 
0.067 

b 
0.88 
0.88 
0.90 
0.90 
0.91 
0.90 

c 
0.087 
0.135 
0.112 
0.093 
0.082 
0.057 

d 
1.1 

0.95 
0.91 
0.85 
0.82 
0.80 

Table 5.4. Coefficients for use in the PG model to estimate 
horizontal and vertical dispersion* 

Stabilitv 

D 

E 

F 

a 

0.89 

0.91 

0.88 

0.52 

0.875 

0.53 

b 
H2S 

0.99 

NH3 

1.1 

H2S 

1.01 

NH3 

1.21 

H2S 

1.16 

NH3 

1.22 

c 

0.19 

0.91 

0.70 

0.839 

0.109 

0.84 

d 

1.15 

0.94 

1.05 

0.94 

1.07 

0.93 

Based on downwind distances upto 30 m. 
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(x.-y,z) 

(x.-y.o) 

h = Height of pollutant release 
H = Effective height of release 

Figure 5.1. Pasquill-Gifford model assumptions and coordinate system 
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Figure 5.2. Sampling set-up required for experimental estimation of plume width 
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CHAPTER VI 

NEURAL NETWORK MODEL 

As has been discussed in earlier chapters, dispersion models have been either 

phenomenological (based on underlying phenomena described by thermodynamics, 

kinetics, atmospheric and/or meteorological aspects, terrain, etc.) or empuical (based on 

proper fijnctional form to fit dispersion variables). Although phenomenological models 

are highly desirable, they are extremely tedious to develop, computationally mtensive and 

are usually based on simphfications of complex atmospheric phenomena. A recent 

modeling technique known as Artificial Neural Networks (ANN) has been demonstrated 

to describe nonlinear processes. The neural network approach has several advantages 

over traditional phenomenological or semi-empirical models in that it exhibits rapid 

information processing and the ability to develop an intemal model of the process by 

pattem recognition. Neural networks have gained tremendous importance m the past 

decade or so due to their ability to model complex problems (Padgett and Roppel, 1992; 

Venkatasubramanian and McAvoy, 1992). A general description of the concept of neural 

networks, their design and algorithms used to develop them is provided in Appendbc C. 

The apphcation of neural networks to estimate emission rates based on downwind 

concentration as well as meteorological data is the topic of discussion in Section 6.1 

Section 6.2 summarizes some of the results and discusses some of the issues related to 

optimization of neural networks. 

6.1 Application to emission rate estimation 

The concept of neural networks is extremely valuable in modehng nonlinear 

pattems and predicting outputs or influenced variables. The large number of variables 

involved in dispersion and the complex, nonlinear interdependencies between them make 

the utility of such a modeling tool particularly attractive. 
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The success of a neural network greatly depends on defining all of the appropriate 

influencing variables. In this instance, the following variables were chosen to estimate the 

emission rate of a point source: 

a. Downwind concentration, 

b. Wind speed, 

c. Downwind distance, 

d. Crosswind distance, 

e. Ambient air temperature, 

f Relative humidity, and 

g. Atmospheric stability. 

The release height, sampling height and terrain were not varied during any of the 

experiments. Hence, the variables listed above are believed to be sufficient to completely 

characterize dispersion of the two pollutants. Since neural networks leam by examples of 

input-output vectors, it is necessary to have data describing the relationship between input 

and output variables. The data required for training a neural network has to be well-

scattered over the range within which the network is to be trained. The finer the 

resolution or scatter of input-output data in the training data, the better the training will 

be. 

A complete definition of the ranges of the input variables needs to be defined prior 

to training a network. In this research, short distance sampling was performed because of 

the low release rates used. Therefore, the downwind and crosswind distances were within 

the first 30 meters fi'om the emission source. The release rate of the pollutant was varied 

over the entire range of calibration of the flowmeters. However, the other variables were 

such that they could not be set to controlled values. In an attempt to mvestigate these 

variables over as wide a range as possible, sampling was performed at different tune 

periods for daytime as well as nighttime conditions. Prior data collected at the WERFL 

during the past years, as well as meteorological data from the National Weather Service 

(NWS), was used as a guideline to span a wide range of meteorological conditions. 
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The expected range for wind speeds during the proposed samplmg periods were 

obtained fi'om weather forecasts for Lubbock, Texas. However, it was rarely possible that 

these predetermined or desired condhions of the variables would occur at a specific tune. 

The release or emission rate was adjusted so as to obtain downwmd concentration of the 

target gases within the specific range of the SPM's. The SPM's samphng range for H2S (1 

to 90 ppb) and NH3 (2.6 to 75 ppm) automatically defined the lunits within which these 

variables could be studied. 

The emission rate depended on the atmospheric stabihty condition. During low 

wind periods when there was minimal vertical turbulence, lower release rates were used. 

On the other hand, during higher wind speeds, greater emission rates had to be employed 

to observe detectable concentrations of the gases even at short distances. 

The temperature and relative humidity were variables that were determined by the 

atmospheric conditions. An attempt was made to span these variables as much as possible 

by sampling during different periods of the day and night. The data obtained at the 

WERFL was divided into two disjointed data sets: one for the purpose of traming the 

network and the other for testing the network. The training set contained about 75 data 

points for each gas spanning a set of conditions outlined in Table 6.1 (for hydrogen 

sulfide) and Table 6.2 (for ammonia). 

As can be observed from these tables, the range of input and output variables was 

broad. The atmospheric stability class was estimated using Tumer's method, outlined m 

Chapter 5. Although every attempt was made to investigate the entire range of stabihty 

classes (A-F), this was not possible. Unstable conditions of the atmosphere were not 

encountered during any of the experiments. The stability classes over which input data 

were obtained thus ranged from classes D to F. Moreover, the relative humidity was 

spanned a broader range for H2S than for NH3. The downwind and crosswind distances 

spanned a wider range for H2S. The wind speed, however, was spanned a wider range for 

NH3. The fi'equency of stabihty classes D through F m the training data for the two gases 

is described in Figures 6.1 and 6.2. 
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Having created data sets for training and testing, the next task was to choose an 

appropriate neural network architecture. The choice of a 3-layer MLP requu-ed the 

appropriate specification of a number of nodes in the input, liidden and output layers. The 

number of mput variables (7) plus the bias set the total number of input neurons to 8. One 

output neuron was used to estimate the emission rate. The number of nodes m the hidden 

layer corresponding to the optimal network was determined, however, by trial and error. 

A FORTRAN code was developed to execute the backpropagation algorithm. The 

inputs to the neural networks were required to be scaled to values between 0 and 1. Such 

a scaling was performed using 

M « e O = ^ ^ ^ ^ ^ ! ^ f ^ (6.1) 
^ ' Xi (max) - Xj (min) 

where Xi(net) = value of the i* input variable presented to the neural network 

Xi(m) = measured value ofthe invariable, 

Xi(min) = minimum value of the i* measured variable, and 

Xi(max) = maximum value of the i* measured variable. 

The program was executed by specifying the number of nodes in each of the layers and 

values of the learning and momentum factors. The total error as well as the root mean 

square (RMS) errors were monitored after every iteration. 

The number of hidden layer neurons were chosen so that the total number of 

synaptic weights were less than the number of training data in an epoch. Implementation 

of this criterion ensured that "overfitting" did not take place. The presence of a large 

number of nodes in the hidden layer resuhed in the loss of the network's abihty to 

generalized .̂ The ability to generalize was measured using the "unseen" input-output 

vectors in the test data set. Too few hidden nodes hamper the ability of a neural network 

to generate an effective intemal model. This phenomenon is analogous to choosing the 

number of parameters in a curve fitting procedure. If the appropriate number of 

parameters are not used, a poor model of the data will resuh. However, if too many 

'' Generalization refers to the ability of the neural network to produce accurate outputs for inputs 
that it has not encountered during its training. 

101 



parameters are specified, then the approximation can vary erratically between data pomts. 

Such an approximation cannot be used for interpolation purposes and is virtually useless. 

By repeated training using a different number of neurons m the hidden layer, a 

reasonable neural network architecture was configured. This architecture was an 8-5-1 

representation. This architecture yielded the best overall performance of the model based 

on the root mean square error and total ertor. The reduction of the total error as well as 

RMS error as a function of the total number of iterations is illustrated m Figures 6.3 and 

6.4 for H2S and NH3, respectively. This configuration was arrived at based on the best 

generalization of the physical phenomena. The performance of the neural network in 

predicting the emission rates in the training data set is illustrated m Figure 6.5 (for H2S) 

and Figure 6.6 (forNH3). The close predictions of the measured emission rates is not 

unexpected, since this data was used to train the neural network. 

Statistics, collected during each training and testing cycle, included the number of 

predicted emission rates that fell within a fixed percentage of the measured values. The 

network corresponding to the 8-5-1 architecture was able to interpolate within its range of 

training. The neural network corresponding to the optimal architecture is presented in 

Figure 6.7. 

The trained network was used to make predictions of emission rates using data 

which it had not seen during its training. The range of all the variables in the test data 

were all within the range in which the neural network was trained. The resuhs of this 

network testing for the two gases are presented in Figures 6.8 and 6.9, which compare the 

neural network predicted emission rates to the measured emission rates. The cumulative 

fi'equency of error between the predicted and measured emission rates is presented in 

Figures 6.10 and 6.11 for the two gases. About 85% of the predicted emission rates were 

within 10% of the measured values. 

The test data contained variables within the range of those used for training. 

However, the range of the variables in the training data was not uniformly spanned for all 

the inputs. The values of the input variables were, for most of the mdependent variables, 

uncontrollable, but were preset by the prevailing atmospheric conditions. Hence, the 

102 



network "saw" some atmospheric conditions more than certain others. For example, the 

most commonly observed atmospheric stability was class D, whereas unstable atmospheric 

conditions were never encountered during sampling. Also, the fi'equency of the stable 

atmospheric classes was much smaller than h was for neutral stability conditions. Hence, 

the neural network was trained over data corresponding to neutral conditions more than 

stable conditions. 

An attempt was made during the experiments to perform direct downwind 

sampling. However, because of random fluctuations in the wind direction, some of the 

data were obtamed at large crosswind distances (up to 23 m in the case of H2S). But the 

number of data obtained at larger crosswind distances (> 5 m) were much smaller than the 

number of data at the smaller crosswind distances. The wind speed, downwind 

concentration, downwind distance, temperature and relative humidity have been more or 

less uniformly spanned over the range defined in Tables 6.1 and 6.2. Errors as high as 

20% in the emission rate predictions occurred because it was not possible to span all the 

variables uniformly in the experiment. However, considering experimental errors (which 

may have occurred from calibration of the flowmeters, estimation of atmospheric stability, 

time correlation of the concentration and meteorological data, calculation of 

downwind/crosswind distances, measurement of meteorological variables), the ANN was 

able to successfully extract the major features of atmospheric dispersion during the 

learning process. 

The neural network developed herein is a very simple attempt to model 

atmospheric dispersion pattems. The inclusion of sampling height, release height and 

terrain as input variables would make the picture more complete. Also, the presence of 

obstacles in the path of pollutant flow would necesshate its inclusion as an mput to the 

network. In such a case, a description of the nature of the obstacle in terms of the 

dimensions of the obstacle could be used. The major aspects of the neural network 

developed as well as an insight into some additional features of the neural network are 

discussed in the next section. 
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6.2 Discussion of resuhs 

The use of neural networks embodies simple concepts and provides a new 

perspective on how to model complex, nonlinear problems. They are relatively simple to 

develop, easy to use, and can be reliable predictive tools. They have the abihty to develop 

mtemal models of underlying phenomena and thereby capture hnportant features of the 

process. 

The sophistication of today's computing technology makes the development and 

utility of ANN extremely attractive. However, ANN is not a panacea for all poorly 

understood or difficult-to-model phenomena. The neural network approach works well 

only if it is provided with good examples from which it can extract pattems or identify 

suitable features of the training data. The number of data points required to train a net for 

a given process, the number of input parameters required, the number of nodes in the 

hidden layer are all user-defined values. The data have to be sufficiently scattered over a 

range of variables. If a critical parameter governing a physical phenomenon is not 

specified as an input variable or its description to the neural network is not based on 

accurate data, the network cannot leam. 

Moreover, the synaptic weights have no physical meaning. It is mipossible to 

associate the numerical values of the weights with any physical phenomena. Also, these 

networks should not be used to predict outputs outside the range of training data. 

In this study, the use of neural networks has provided a powerful modehng tool to 

predict emission rates rehably. Most models of atmospheric dispersion are based on 

empirically estimated parameters. A neural network is devoid of any phenomenological 

explanation. These may be viewed as completely empirical models. However, they have 

the ability to extract important features of the data even in the presence of "noise." The 

trained network makes almost instantaneous predictions due to the relatively sunple 

computational procedure. Most phenomenological models are computationally mtensive 

and in general, do not alleviate the uncertainty in providing reliable estimates. 

Another issue with the use of ANN is the determination of the best or optunal 

network architecture. Traditional statistical models use estabhshed performance measures 
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such as regression and correlation coefficients to determine the extent of fit of the data by 

a model. The neural networks, however, have no such established criteria. The 

parameters that were involved in this neural network design were 

1. Number of hidden nodes, 

2. Learning rate, a, and 

3. Momentum constant, p. 

A slower rate of learning results in a large number of iterations being needed to map the 

input data during the training. However, high rates of learning may result m "missing" the 

minimum error on the error surface. The use of a momentum factor has demonstrated 

utility, because it enabled higher learning rates to be used without a loss of ability to 

generalize. But, what values of a and p should be used? Various criteria have been 

developed to determine optimal values of learning and momentum rates (Haykin, 1994). 

Generally, the use of a in the range of 0.1 to 0.5 and P in the range of 0.5 to 0.9 have 

been suggested by various researchers. However, a value of a=0.1 and P=0.8 were used 

in this study. The use of transfer flinctions other than the sigmoidal function have also 

been utilized by other researchers. 

In the training process, the range of issues used to develop an optimal network 

have not been explored in complete detail. It would be desirable to obtain as many data 

points as possible to train a neural network. However, fi'om an economic standpomt, it 

would be advantageous to obtain a model using minimal quantity of data. No effort was 

made to optimize these parameters. Other learning algorithms have been studied and have 

been shown to offer advantages over the traditional backpropagation method. Most of 

these algorithms are based on a batch update of the weights using more sophisticated 

optimization routines. A large number of software packages have incorporated options to 

train neural networks using different procedures. These packages offer the flexibihty of 

using various learning algorithms and impressive graphics interface. 

The resuhs in this chapter illustrate a novel approach usmg neural networks to 

model atmospheric dispersion. This concept shows the tremendous potential m providing 

reliable estimates of the emission rate of pollutants based on measured 
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meteorological/emission data. The simplicity and reliability of such a technique can be 

combined to estimate the emission rates of point sources. The next chapter discusses the 

potential of using measurements from a meteorological tower to estimate atmospheric 

stability. 

106 



Table 6.1. Range of training data for hydrogen sulfide 

Variable 
Downwind concentration 

Wind speed 

Downwind distance 

Crosswind distance 

Ambient temperature 

Relative humidity 

Atmospheric stability 

Release rate 

Range 
I - 90 ppb 

1.8-8 m/s 

0 - 3 0 m 

0 - 2 3 m 

1.5-23°C 

12 - 100% 

D - F 

40 - 320 ml/min 

Table 6.2. Range of training data for ammonia 

Variable 
Downwind concentration 

Wind speed 

Downwind distance 

Crosswind distance 

Ambient temperature 

Relative humidity 

Atmospheric stability 

Release rate 

Range 
3 -60 ppm 

0 - 20 m/s 

8- 18 m 

0 - 7 m 

7 - ITC 

70 - 100% 

D - F 
2 - 24 L/min 
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Figure 6.1. Percentage of various stabiUty classes in hydrogen sulfide 
training data set 
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Figure 6.2. Percentage of various stabiUty classes m ammonia training 
data set 
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Figure 6.6. Neural network performance on ammonia training data 
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Figure 6.9. Neural network testing on ammonia data 
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CHAPTER v n 

ATMOSPHERIC STABILITY ESTIMATION 

As has been discussed in earUer chapters, atmospheric stabiUty is a key variable in 

the dispersion of poUutants once they are vented mto the envkonment. However, stabiUty 

is probably the least accurately determined variable. No single mstrument can be used to 

du'ectly determine atmospheric stability. It must be inferred using experimentaUy observed 

meteorological data. In 1961, PasquiU developed six stabUity classes to classify 

atmospheric stability. These classes were labeled A through F m mcreasmg order of 

stability, with class D used to identify neutral stabiUty. This classification technique is 

based on measurable variables such as solar radiation, cloud cover and wind speed. The 

algorithm was outlined in Chapter V. Pasquill's algorithm was later modified by Gifford 

(1961) and Tumer (1970). Tumer's algorithm was also outlined in Chapter V. 

Although the modified algorithm proposed by Tumer became the basis of most 

dispersion models, the stability classes are stiU referred to as PasquiU classes. A 

comparison of these two classification schemes to estimate atmospheric stability is 

presented in Section 7.1. The horizontal wind direction fluctuations and the vertical 

temperature gradients measured at the WERFL in this study have been related to the 

Pasquill classes. Wind direction fluctuations were determined at 10 m and temperature 

gradients between heights 4 m (13 ft) and 10 m (33 ft) have been analyzed to determine 

stability classes. This topic is the subject of discussion in Section 7.2. Various other 

meteorological measurements, such as the heat flux, standard deviation of wind speed and 

turbulence intensity have also been shown to have some correlation to atmospheric 

stability. The possibility of using meteorological data recorded at a tower to determme 

stability is the topic covered in Sections 7.3, 7.4 and 7.5. 

7.1 Comparison of Pasquill and Tumer classification schemes 

The PasquiU stabiUty classes are based on the extent of cloud cover, solar 

radiation, wind speed and the time of day. These classes however, do not account for 
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changes in cloud cover during the daytime. Also, a stability classification was not 

specified for wind speeds below 2 m/s during nighttime. Tumer (1970) classified solar 

radiation m terms of a net radiation mdex (nri) and added a seventh class (G) to describe 

extremely stable atmospheric conditions. The nri was described as a function of solar 

altitude, extent of cloud cover, ceiling of clouds durmg the day and of cloud cover/ceUing 

during nights. Tumer's nri values range fi'om-4 to 2. Positive values of nri corresponded 

to heating of the earth's surface during the daytime. Negative values were indicative of 

the cooling processes which take place at night. In both the Pasquill and Tumer stabUity 

classifications, the wind speed was in reference to measurements made at an altitude of 10 

m above ground. 

A total of 69 data records were collected in this study for comparison of 

atmospheric stability. Each of these records were of one hour duration. Of the 69 

records, 37 were collected during daytime condhions (one hour after sunrise to one hour 

before sunset) and 32 were obtained during nighttime conditions (one hour before sunset 

to one hour after sunrise). A FORTRAN code was developed to determine the 

atmospheric stabUity using the meteorological data. This program was used to calculate 

the stabilities using both the Pasquill and Tumer methods. The requisite meteorological 

data consisted of wind velocities, solar ahitude, cloud cover, ceilmg of clouds and tune of 

sunrise/sunset. The wind velocities were recorded at the WERFL at six elevations 

between 0.9 and 48.5 m. The information which pertained to cloud cover, ceUing of 

clouds, sunrise/sunset were obtained from observations made at the National Weather 

Service (NWS), Lubbock, Texas. The NWS data were recorded at the Lubbock 

Intemational Airport. The airport is located about 8.3 km northeast of the field site. It 

was assumed that the observations recorded at the airport would be valid at the field site. 

The cloud cover and ceiling were recorded on an hourly basis at the National Weather 

Service. Hence, the wind velocity had to be averaged over the same time period prior to 

determination of atmospheric stability class. The solar radiation was calculated using an 

algorithm outlined in Appendix D. 
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A comparison of the stability classes estimated by the PG and Tumer algorithms is 

presented in Table 7.1. Such comparison was performed separately for daytune and 

nighttime conditions; the results are presented in Tables 7.2 and 7.3, respectively. The 

classes are m agreement for 73% of the data records during daytime and 53% of the 

records during nighttime. The Pasquill classes tend to more conservative, i.e., predict 

increased stability, than the Tumer classes 30% of the time (38% during the daytune and 

25% during the nighttime). Tumer's classification of stability is more comprehensive in 

the sense that it takes into account more detailed locational/meteorological phenomena. 

Hence, the use of Tumer's classes should be more representative of turbulence levels in 

the atmosphere. Therefore, Tumer's classifications are the basis of most of the regulatory 

models. Although Tumer's stability classes are derived using a modified algorithm to the 

one used by Pasquill, the stability classes obtained by Tumer's method are often caUed 

Pasquill classes. 

The next section discusses the stability classification scheme proposed by the 

Nuclear Regulatory Commission in 1972. 

7.2 The Nuclear Regulatory Commission fNRC) scheme 

The Nuclear Regulatory Commission (NRC) developed guidelines by which 

meteorological measurements could be used to relate to the PasquiU stability classes. 

These guidelines, published in 1972, used the standard deviations in wind du'ections (OWD) 

and the temperature gradient (AT/Az) to correlate with the Pasquill classes. These 

relationships are shown in Table 7.4. It is generally preferred to use awo to determme 

horizontal dispersion and the gradient AT/Az to determine vertical spreadmg of plumes. 

Several studies have been performed to relate the stability classes to meteorological 

measurements. Moore (1987) performed experiments on a 187-m tower m TUbury, 

England. Slade (1969) used data coUected using a 270-m meteorological tower m 

Philadelphia to study atmospheric stability as a function of height above the ground. 

Pendergast and Crawford (1974) reported the resuhs of their studies using a 367-m 

meteorological tower near Beach Island, South Carolina. Their study determined the 
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standard deviation of wind direction using seven levels from 10 m to 304 m. They also 

used five different elevations to study temperature gradients and theh" relationships to 

atmospheric stabUity. A later study by DeMartais (1978) was performed m Oklahoma 

using a 481-m tower. Eight different elevations were used to coUect meteorological data 

and determme Cvm and AT/Az. These data were compared to the resuhs of Pendergast 

and Crawford (1974). 

The data acquired for atmospheric stabUity analysis in this study consisted of 51 

records of one hour duration. Weather phenomena, such as precipkation and fog, were 

avoided during the coUection of meteorological data. The temperature and wind speed 

data were routinely compared with the data collected at the National Weather Service m 

Lubbock. Occasionally, the temperature measurements did not compare with the NWS 

data. When a mismatch occurred, the data recorded on such days was not used in 

estimating atmospheric stability. 

The distribution of stability classes determined by the OWD method is shown in 

Table 7.5. In this study, data at a single elevation (10 m) was used to record wind 

directions. For comparison purposes, the data were broken up mto two periods: daytime 

and nighttime. The frequency of stability classes determined using the OWD approach for 

daytime and nighttime conditions are also illustrated in Table 7.5. There is a 

predominance of neutral condhions for the 51 data records. About 67% of the 51 records 

were coUected during neutral condhions (72% of the daytime records feU under neutral 

stability and 58% of the nighttime records were obtained during neutral conditions). The 

only other stability condition observed during the daytime was stability class C. The 

daytune tabulation shows that classes A, B, E, F and G were nonexistent. At nights, 

neutral condhions predominated. The occurrence of unstable conditions during the night 

was rare (16%). 

The results of the AT/Az technique to determine vertical stability are presented m 

Table 7.6. The vertical temperature gradient was determined using data at two heights of 

4 m (13 ft) and 10 m (33 ft). Only stable classes E, F and G were observed m the vertical 

direction. The frequency of these classes was 33%, 59% and 8%, respectively. At 
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nighttime, extremely stable conditions (G) were observed, whUe during the daytune the 

stability class G was nonexistent. 

Table 7.7 Ulustrates the co-frequency of stabiUty classes using the OWD technique 

and the AT/Az technique. There was no agreement in classes based on observations at the 

10-m elevation. This table also indicates that the AT/Az technique is more conservative in 

estimatmg stability. This implies that if one of the techniques is used to estunate stabUity, 

the AT/Az method would imply less dilution of the poUutants. However, the lack of 

correlation between the two methods suggests that horizontal and vertical stabUhies 

should be separately calculated using these two techniques. The plume standard 

deviations Qy and â  should then be calculated using these mdependent stabUity classes. 

A number of other measurements such as the heat flux, standard deviation m wind 

speed and turbulence intensity have been shown to correlate with atmospheric stabiUty 

(Maloney, 1994). These parameters were also estimated using the data obtained at 

WERFL. The discussion of the heat flux for various stabUities is the topic of discussion in 

the next section. 

7.3 Heat flux calculations 

The instantaneous value of a meteorological variable (X) can be broken up mto 

two components: a mean value over a sampling period (X) and a perturbation component 

X = X+X' (7.1) 

The variable X could represent variables such as temperature, relative humidity, wind 

speed or even pollutant concentration. The average is usually over a specified tune 

period. The average heat flux in the atmosphere was determined by the equation 

kihf = r V (7.2) 

where kthf = average kinetic turbulent heat flux, 

w' = fluctuations of the vertical component of wmd velocity, and 

T* = ambient temperature fluctuations. 
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The kthf is a measure of the quantity of the heat energy that is transported upward from 

the surface of the earth. When the atmosphere is unstable, the ground is heated by 

incoming solar radiation and this heat i 5 transported upward by turbulent eddies. This 

situation resuhs in positive values of kthf When the atmosphere is stable, the ground is 

cooler than the ak above k and heat is transported from the layers above towards the 

ground. This atmospheric stability results in a negative kthf Neutral condhions resuh m 

negligible transfer of heat in all directions and should resuh m negligible or zero values of 

kthf. 

The kthf was measured using the perturbations and mean values of temperature 

and vertical components of v^nd speeds at the 10-m elevation. These values were 

averaged over a period of one hour so that they could be compared to the hourly recorded 

StabUity data. The average values of kthf for various stabiUties along with thek standard 

deviations are tabulated in Table 7.8. These values are also plotted m Figure 7.1 along 

with one standard deviation bounds. 

The average kthf was found to decrease as the PasquUl stability classes mcreased 

from B to G. The decrease of kthf is much more rapid for unstable-neutral classes than 

from neutral-stable classes. This result corroborates the relationship of heat flux to 

stability as proposed by researchers (Sutherland et al., 1986) who have reported an 

exponential fit. These values are also in good agreement with the results of Maloney 

(1994) whose resuhs are also referenced in Table 7.8 for comparison purposes. The 

resuhs of Maloney (1994) were obtained at the WERFL and spanned over 800 data 

records, each of 15 minutes duration. These records spanned all the stability classes. The 

standard deviations reported by Maloney (1994) are higher than those observed during 

this research. However, the higher standard deviations observed by Maloney are probably 

due to the larger number of data records used in his study. 

The average kthf for stabUity class D was 0.0039 m-^Cs'. This value suggests that 

the atmospheric stability at the WERFL is slightly unstable during condhions of PasquUl's 

neutrality. The standard deviation of kthf decreased as the stabUity increased from B to E 

and then increased from E to G. The decrease in standard deviation from classes B to E 
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was probably due to the decreased levels of turijulence with mcreasmg stabUity. The 

increased standard deviation between classes E to G are probably due to meandering of 

wind in all directions. 

The results of this study indicate that hourly heat flux computations can be used to 

obtain crude estimates of atmospheric stability. Positive values of kthf correspond to 

unstable condhions, negative values to stable condkions and negligible values (values 

close to zero) are representative of neutral conditions. However, the distmction of a 

specific stability class, especially during stable condkions, is not possible due to the 

overiapping range of kthf values. The classes B and C can, however, be distinguished 

using kthf values. 

The next section discusses the standard deviation of wind speed as a method of 

determining atmospheric stability. 

7.4 Standard deviation of wind speed 

The standard deviation of wind speed (GV) is a measure of the amount of variation 

in the wind speed at a specified elevation over a given period of time. In this instance, the 

10-m elevation was chosen to assess the QU as a function of atmospheric stability. The 

resuhs of Ou against PasquiU stability are reported in Table 7.9. The standard deviation of 

the wind speed was found to decrease with increasing stability from classes A to G. These 

results are also in good agreement with Maloney's work. The same trend has also been 

reported by other researchers (Luna and Church, 1972). Higher wind speeds have 

mcreased stability condhions associated with them. From Table 7.4, k is seen that 

increased stability conditions have associated with them lower variations m wind 

directions. This is indicative of a strong correlation between the variation m wmd speeds 

and wind directions at a given elevation for various stability classes. The decrease of â D 

with increasing wind speeds is reported in literature (Hanna, 1990). 

The close proximity of GU values for various stabUity classes indicates that this 

method cannot be used as the sole method to provide reUable estimates of atmospheric 
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StabiUty. However, k can be used in conjunction with kthf or PasquiU's method, as a 

supplemental method to estimate atmospheric stability. 

The next section deals with turbulence mtensity, which is another variable that is 

reported to correlate with atmospheric stability. 

7.5 Turbulence inten.sity 

The turbulence mtensity (TI) is defined as 

^ = ̂  (7.3) 

where au = standard deviation of horizontal wind speed (U), and 

U = mean wind speed. 

TI is a measure of the amount of turbulence in the wind. The value of TI was calculated 

based on measurements made at the 10-m elevation. The resuhs of TI as a function of 

PasquiU classes are presented in Table 7.10 along with the one standard deviation bounds. 

This relationship is also plotted in Figure 7.2. 

The TI was found to decrease wkh increased stability. This shows that the amount 

of turbulence associated with the wind decreases as the stability classes mcreased from A 

through G. The standard deviations of TI were found to foUow a similar trend to those of 

kthf The an values decreased from stabUity classes B through E, and mcreased from E to 

G. Again, this trend can be explained by the decreasing level of turbulence from classes B 

to E and meandering behavior during extremely stable condkions. 

A number of criteria such as the flux Richardson number and the Monin-Obukhov 

length have been used to assess atmospheric stability. The experimental determination of 

these variables, however, is much more complex and uncertain. Therefore, these variables 

have not been studied in this research. Again, due to the overlapping ranges of TI for 

various StabUity classes, this technique can also be used only as a supplemental test for the 

estunation of atmospheric stability. 

The results discussed in this chapter indicate that discrepancies are Ukely between 

the predictions of atmospheric stability using different methods. Such discrepancies have 
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been acknowledged m published literature (Atwater and Londergan, 1985). The AT/Az 

method is usually correlated with vertical dispersion, whereas OWD is used to estunate 

horizontal dispersion. The observed horizontal and vertical dispersion classes often 

differed from one another by more than one class. The observed distribution of horizontal 

stability is broader than that of vertical stability. The AT/Az method is more conservative 

and is biased towards predicting stable condhions. The use of heat flux, Ou and TI cannot 

be used independently to estimate atmospheric stability. In the event of disagreement of 

stability class estimates by these methods, the most conservative stabUity class should be 

used in the dispersion model. 

The next chapter summarizes the key findings of this research and also Usts the 

conclusions and recommendations for further studies in this area. 
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Table 7.1. Comparison of PasquiU and Tumer classification schemes^ 

Tumer class 

A 
B 
C 

PasquiU classes D 
E 
F 

B 
0 
0 
0 
0 
0 
0 

0 
1 
0 
0 
0 
0 

0 
1 
4 
0 
0 
0 

0 
2 
10 
26 
3 
1 

0 
0 
0 
4 
3 
0 

0 
0 
0 
0 
4 
6 

0 
0 
0 
0 
0 
0 

* Tumer class for which no Pasquill class was given = 4 

Table 7.2. Comparison of PasquiU and Tumer classification schemes during daytune 

Tumer class 
A B C D E F G 

A " 
B 

C 

D 

E 

F 

PasquUl classes 

0 
0 

0 

0 

0 

0 

0 
1 

0 

0 

0 

0 

0 
1 

4 

0 

0 

0 

0 
2 

10 

17 

0 

0 

0 
0 

0 

1 

0 

0 

0 
0 

0 

0 

0 

1 

0 
0 

0 

0 

0 

0 
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Table 7.3. Comparison of PasquiU and Tumer classification schemes during nighttune* 

PasquiU classes 

Tumer class 
A B C D E F G 

0 
0 

0 

0 

0 

0 

0 
0 

0 

0 

0 

0 

0 
0 

0 
0 

0 

0 

0 
0 

0 

8 

2 

I 

0 
0 

0 

4 

3 
0 

0 
0 

0 

0 

4 

6 

0 
0 

0 

0 

0 

0 

* Tumer class for which no PasquiU class was given = 4 

Table 7.4. Classification of atmospheric stability proposed by the Nuclear Regulatory 
Commission* (DeMarrais, 1978) 

Pasquill 
categories 

A 

B 

C 

D 

E 

F 

G 

CTwD 

(degrees) 

>22.5 

17.5-22.5 

12.5-17.5 

7.5 - 12.5 

3.75-7.5 

2.1-3.75 

<2.I 

AT/Az 
Ccnoo m) 

<1.9 

-1.9 to-1.7 

-1.7 to-1.5 

-1.5 to-0.5 

-0.5 to 1.5 

1.5 to 4 

> 4 

*Based on data measured between 15 minutes and 1 hour 
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Table 7.5. Frequency distribution of classes based on awD 

Daytime 

Nighttime 

A 

0 

0 

0 

Atmosp 
B 

1 

0 

1 

C 

12 

8 

4 

leric i 
D 

34 

11 

23 

StabiUty 
E 

4 

0 

4 

F 

0 

0 

0 

G 

0 

0 

0 

Table 7.6. Frequency distribution of classes based on AT/Az 

Daytime 

Nighttime 

A 

0 

0 

0 

Atmospheric 
B 

0 

0 

0 

c 
0 

0 

0 

D 

0 

0 

0 

stability 
E 

21 

12 

9 

F 

38 

22 

16 

G 

5 

0 

5 

Table 7.7. Co-frequency of stabUity classes based on OWD and AT/Az 

AT/Az 

B 
OWD 

D E 
0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

3 

0 

0 

0 

0 

0 

4 

7 

0 

0 

0 

0 

0 

6 

25 

7 

0 

0 

0 

0 

0 

3 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

0 

130 



Table 7.8. Comparison of heat flux at 10 m elevation with PasquiU stabiUty classes 

PasquiU class 

Average kthf 

Standard deviation 

Maloney (1994) 

Average kthf 

Standard deviation 

B 

0.1030 

0.0329 

0.0563 

0.0357 

C 

0.0335 

0.0238 

0.0444 

0.0318 

D 

0.0039 

0.0024 

0.0113 

0.0216 

E 

-0.0005 

0.0005 

-0.0006 

0.0065 

F 

-0.0028 

0.0022 

-0.0018 

0.0109 

G 

-0.0032 

0.0021 

-0.0034 

0.0257 

Table 7.9. Comparison of standard deviation of wind speed versus PasquUl classes 

B 
0.9810 

Maloney (1994) 

1.553 

PasquiU classes 
C 

0.9284 

1.505 

D 
0.9691 

1.354 

E 
0.8290 

0.774 

F 
0.6416 

0.547 

G 
0.4320 

0.444 

Table 7.10. Comparison of turbulence intensity at 10 m elevation with 
PasquUl StabiUty classes 

PasquiU class 

Average TI 

Standard deviation 

Maloney (1994) 

Average TI 

Standard deviation 

B 

0.646 

0.311 

0.564 

0.336 

C 

0.292 

0.125 

0.264 

0.130 

D 

0.285 

0.098 

0.185 

0.137 

E 

0.268 

0.025 

0.152 

0.049 

F 

0.197 

0.069 

0.161 

0.088 

G 

0.190 

0.118 

0.261 

0.255 
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Figure 7.1. Average heat flux with one standard deviation bounds as 
a function of atmospheric stability 
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CHAPTER Vm 

CONCLUSIONS AND RECOMMENDATIONS 

The conclusions of this research are summarized below. 

1. A hazardous gas monitoring faciUty has been estabUshed at Texas Tech University to 

cany out atmospheric dispersion studies. The terram has been characterized by 

estabUshing parameters such as surface roughness and fiiction velocity. The exponents 

in the power law wind velocity profile have also been estabUshed for various 

atmospheric stabUity condkions. 

2. Three mathematical approaches have been developed and validated using hydrogen 

sulfide and ammonia to estimate point source emission rates, based on measured 

downwind concentrations and meteorological condhions . 

One approach is based on directly downwind concentrations and neutral stabUity 

condkions. The other approach is based on a modification of the plume widths for 

neutral and stable atmospheric condkions. The final technique is based on the use 

of artificial neural networks (ANN). The ANN has also been vaUdated for neutral and 

stable atmospheric conditions. Each of these approaches has provided an accurate and 

reUable method (v^thin 20% error) to estimate point source emission rates. 

3. Various atmospheric stabUity classification schemes have been compared. Tumer's 

method has been found to yield more conservative estimates of the stabUity condkion. 

Wherever possible, horizontal and vertical stabilities should be estimated separately. 

The horizontal atmospheric stability is based on the standard deviation in wind 

direction, while the vertical stability is estimated from vertical temperature gradients. 

4. The possibiUty of using a meteorological tower to directly mfer atmospheric stabUity 

has been explored. Based on the meteorological data obtained at the WERFL, k is 

concluded that meteorological measurements do not always provide a reUable method 

of atmospheric stabUity, and therefore, should serve as a supplemental method of 

estimating stability. 
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Based on the results of this study, some recommendations are suggested for future work 

in this area: 

1. The effects of varying terrain could be studied, 

2. The presence of obstacles could be mcorporated m the mathematical models, 

3. Infiltration of hazardous gases could be investigated with some modifications to the 

existmg set-up at the WERFL, 

4. Models could be vaUdated for area source emissions, 

5. Emissions from taU stacks could be simulated by performing gas releases from higher 

elevations, 

6. Other gases such as sulfur oxides and ozone could be used the validate the 

mathematical models, and 

7. Validation using emission data from chemical processing plants should be pursued. 

A summary of findings of this research and a brief discussion of the results is 

provided in Section 8.1. Section 8.2 reviews the recommendations for future studies in 

the area of atmospheric dispersion. 

8 • 1 Summary of work 

A monitoring facility for hazardous gases has been established at Texas Tech 

University. Full-scale field monitoring of toxic gases to study atmospheric dispersion even 

from a single point source is an onerous task. It is compUcated by the physical dimensions 

and uncontrolled, time-dependent fluctuations in wind speed and direction. However, m 

this case, the meteorological tower at the field she coupled with the concentration sensors 

have provided the beginning of a facUity useful for dispersion studies. The meteorological 

tower is equipped v^th adequate instmmentation to perform atmospheric stabUity analysis 

which enables wind profiles to be established during gas releases. The concentration of 

gases released during the studies can be measured using the Single Point Monitor (SPM). 

The SPM provides a simple and reliable method of analyzing trace level concentrations of 

toxic gases. It is easily portable and can be poskioned at any desked location for purposes 

of sampling. The SPM can be operated on batteries at a remote node. 
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The Mobile Atmospheric Research Laboratory (MARL) also provides a complete 

monitoring and detection system for trace level gaseous pollutants such as H2S. The flat, 

grassy terrain surrounding the field she provides an ideal setting for dispersion studies and 

precludes any adverse effects of topography. Both the MARL and the field site are also 

equipped with safety features. Full face masks and breathing ak are avaUable for use whUe 

samplmg toxic gases. 

The major objective of this study was to use the experimental data acquked at the 

field she to develop a methodology for estimating point source emission rates. The 

Gaussian (PG) model was used as the starting point in the modeling studies. The 

Gaussian model utilizes empirically derived parameters also generated from field studies to 

predict dispersion phenomena as a function of meteorological conditions. As designed, 

the PG model provides conservative estimates of the downwind concentrations. 

Therefore, when the PG model is inverted in order to predict an emission rate based on a 

measured downwind concentration, the result wiU be under-predictive in nature. The 

feasibility of using the PG model has been dramatically unproved through (i) a shnple 

empirical correction based on linear regression of downwind concentration residuals, and 

(ii) the use of modified dispersion parameters to estimate better or more appUcable 

horizontal and vertical plume widths. 

The empirical correction provided an approach which conservatively estimates 

point source emission rates. This approach should be appUcable as long as concentrations 

are measured directly downwind of the source. The empirical correction factors were also 

developed for neutral conditions of atmospheric stability and downwind distances of less 

than 30 m. This modeling approach was directed at estimating single point source 

emission rates for which isolability of the source is an important consideration. The 

isolation of an emission source is realistic only for short distances. IsolabUity and 

identification of a point source, therefore, provides the justification for the short distances 

at which monitoring was performed in this study, and for which the empirical correction 

was developed. 
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During unstable and neutral conditions, the wmd direction frequently fluctuates 

much more than during stable condhions. In such situations, sampling at dkect downwind 

distances is nearly impossible. The possibUity of using the empirically corrected PG model 

under these circumstances can lead to unreliable estimates of emission rates. The use of 

the simple model PG model leads to erroneous emission rates largely because the correct 

dispersion coefficients at short distances from the emission source at unknown. In this 

study, experimental data was used to establish the horizontal and vertical dispersion 

standard deviations using nonlinear least squares optimization techniques. The dispersion 

coefficients determined in this manner predict wider plumes than those predicted by the 

PG model. It is theorized that the wider plumes may be in part due to gases used in this 

study, i.e., lighter gases (H2S and NH3) than the heavier gases used to obtain the 

dispersion coefficients used in the PG model. However, the horizontal and vertical 

dispersion coefficients which were determined experimentally, exhibit similar pattems for 

the two gases used in this study. The use of these modified dispersion coefficients with 

the PG model provided another simple but reliable method to model short-range 

atmospheric dispersion. Moreover, the use of realistic dispersion coefficients can be used 

to more accurately predict ekher downwind concentration of these toxic gases from 

known emission rates, or emission rates for measured field concentrations. This approach 

is an invaluable tool for compliance and monitoring of regulatory requirements. 

A novel method was also developed to estimate single point source emission rates. 

This method has ks basis in the concept of neural networks. While this approach is 

completely empirical, k does not require in-depth knowledge of the physical phenomena. 

The neural network develops ks own intemal model of the dispersion phenomena based 

on the input of data with which it is trained. The process of training a neural network is 

StiU as much of an art as k is a science. The training requires specification of aU the 

parameters known to influence the output, and requires data spanning the entke range of 

all the variables. Obviously, the finer the granularity of the input data, the better wUl be 

the network predictions. The neural network was trained for H2S and NH3 gases usmg 

experimentally obtained data for stability classes C through F. The greater percentage of 
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these data were coUected during condkions of neutral stability. However, the Umited 

quantity of data during other stability conditions was successfully "leamed" by the neural 

network. This assertion is based on an independent set of teitmg data for the two gases, 

for which the ANN predicted reliable estimates of emission rates for all the stabUity 

classes. 

The use of neural networks is attractive because k is a sunple modehng approach, 

yet can account for complicated phenomena mvolving several mteractmg variables. The 

modeling studies here involved ground-level releases and ground-level samphng. 

However, if elevated sources are modeled using this approach, the height above ground 

can be easily included as an addkional input variable. Likewise, if terrain features are 

varied, these too can be included as additional input variables. The presence of obstacles 

m the flow path would require the use of an appropriate variable to describe the nature of 

the obstacle in the path of flow, such as the height to length ratio for a rectangular 

buUdmg. 

The neural network approach offers potential because k does not requke the 

accurate determination of a number of variables that tradkional models require; some of 

these variables are known with little certainty and cannot be adequately measured. Such 

variables include the atmospheric stability and the dispersion coefficients m the horizontal 

and vertical directions. 

The performance of the neural network has been vaUdated using independent test 

data. For the data in the test set, the predictions of most of the emission rates were found 

to be within 10% of the experimental values. The worst-case predictions for the emission 

rates were within 20% of the measured values. This error might be minimized by spannmg 

the range of input variables with finer granularity. 

It must be noted, however, that the three techniques described above for pomt 

source emission rate estimation should not be used outside of the range of variables for 

which they have been developed and validated. The extrapolation to unstable conditions 

or downwind distances greater than 30 m may result in inaccurate estimates of the 

emission rates. This uncertainty may be particularly tme for the ANN approach. 
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One of the key mput variables in atmospheric dispersion models is the atmospheric 

StabUity. The estimation of atmospheric stability was studied m this mvestigation usmg the 

meteorological data acquked at the WERFL and various methods proposed m hterature. 

Tumer's method of obtaming stability classes was found to be more conservative than 

PasquiU's stability classification scheme. Based on this study, however, the use of 

meteorological measurements is suggested, wherever possible, to estunate atmospheric 

StabiUty. It was shown that the horizontal and vertical dispersion characteristics can be 

obtained separately by usmg the standard deviations m wind dkection and vertical 

temperature gradients, respectively. 

The relationship to atmospheric stability of variables such as kinetic turbulent heat 

flux, standard deviation of wind speed and turbulence intensity were also investigated. 

The heat flux has been found to be a decreasing function of atmospheric stabUity. In fact, 

the heat flux foUowed an exponential-type of relationship versus atmospheric stabUity. 

The standard deviation of wind speed decreased from class B to E and increased from 

class E to G. The determination of stability using ekher of these techniques may lead to 

sUghtly varying results. For example, a stability class of B based on one technique may 

compare with class C using another method. However, the use of aU of these techniques 

is recommended wherever possible as a validity check. In the event of disagreement 

between the techniques, the most conservative stabiUty is advised for use m the dispersion 

model. 

The wind profiles recorded at the WERFL have been analyzed and found to fit the 

log-law for neutral stability conditions. The exponents m the power law velocity profile 

were determined for typical mral West Texas terram, i.e., flat terrain with short grass. 

The exponents determmed using experimental data were found to be mcreasmg functions 

of atmospheric stability. This trend is in good agreement with values pubhshed m 

hterature for a range of different topographies. Two other variables which can be used to 

characterize terrain m a given region are the friction velocity and surface roughness length. 

The numerical values of these variables were obtamed with the field data. Once agam, 

they were found to be m agreement with pubhshed data. 
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8.2 Recommendations for future work 

A few recommendations are suggested for further studies m the area of 

atmospheric dispersion. Certainly, the approach developed herein can be extended to 

include other types of terrain. Terrain changes influence dispersion of poUutants by 

altering wind velocity pattems and turbulence levels. The mclusion of obstacles, such as 

buUdings, in the path of flow could be pursued at the field ske. The WERFL has a low-

level stmcture which could be used as an obstacle in the experimentation. The fuU-scale 

monitoring of infihration of buildings is also an area that has received a lot of attention. 

Generally, the dispersion of gases into buUdings can significantly affect mdoor ak quaUty. 

With some modification, the experimental set-up at the WERFL could be used to study 

infiltration of hazardous gases. 

The modeling techniques developed in this investigation could be further extended 

to estimate emission rates of area sources. Currently, there is a large uncertainty in 

quantifying emissions from multiple sources within a given region. Elevated sources might 

be used to mimic emissions from tall stacks typically used in power plants and the 

chemical industries. In this study, ground-level sampling was the major focus during the 

experimentation. However, a better understanding of vertical dispersion might be 

obtained by placing the concentration sensors at various heights during the gas releases. 

The EPA has developed a list of 189 toxic gases whose emissions are required to 

be monitored and controlled. Some of these gases include sulfur oxides (SOx) and ozone 

(O3). The mathematical models developed in this study could be validated using 

experimentally obtained data for these other gases. The performance of the models might 

also be vaUdated by using data from operating facUities such as cmde oil storage tanks. 

Finally, a number of regulatory as well as proprietary software packages have been 

developed in recent years for predicting toxic gas dispersion. The performance of such 

models should be compared with the resuhs of the models developed m this study. Such 

comparisons might possibly set pathways for more accurate regulatory models m the 

future. 
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APPENDDC A 

TERRAIN CHARACTERIZATION 

The dispersion studies performed in this research reUed on ground-level releases 

and ground-level sampling. Wind speed at the height of release was always known due to 

the avaUability of meteorological mstmmentation at the discharge height of the gases. 

However, m many field applications, wind speed data at the release height are not always 

known or experimentally obtainable. In such cases, extrapolation of a known wmd speed 

at a given height to the release height is essential. Several correlations have been 

developed to estimate the wind speed at a desired elevation using data measured at 

another elevation. Some commonly used correlations are the log-Unear velocity profile, 

logarithmic velocity profile and the power law velocity profile. The velocity profile most 

widely used in dispersion models is the power law velocity profile. The power law is an 

empirical correlation with the exponent being derived from terrain-specific data. Using the 

wind speed data collected with the meteorological tower at the WERFL, the exponent was 

estimated as a fianction of atmospheric stabUity. This topic is discussed in Section A. 1. 

Two other variables, roughness length and friction velocity, are commonly used to 

characterize terrain. Values for these parameters were also estimated using the data 

collected at the WERFL. This topic is discussed in Section A.2. 

A. 1 Determination of power law exponents 

The power law velocity profile describes the relationship of wind velocity as a 

function of elevation above the ground as 

(A l ) u z 
"lo v^ioy 

where u = wind velocity at an elevation z, 

u,o = wind velocity at a reference height of 10 m, and 

zio = intemational standard height of 10 m. 
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The value of a depends both on surface condkions and the atmospheric stabUity. A 

particular ske may require the use of different values of a due to variation m ekher of 

these two variables. For example, a change in wind direction may cause a change m the 

value of a because of varying surface characteristics. However, an a value of 1/7 (0.143) 

has been commonly used for flat terrain surfaces under neutral stability. In addkion, the 

exponent a has been shown to increase with stabUity and surface roughness (Stem, 1990). 

Experimentally, a Unear regression of the wmd speed data, (hi(u) versus hi(z)) was 

performed for various atmospheric stabilities to determme the values for the exponents. In 

this work, a 10-minute averaging scheme of the wind data was used m the regression. 

However, the averaging time has been shown to have negligible effect on the value of the 

exponent (Stem, 1990). 

The calculated values of a for various stabilities are summarized m Table A. 1. The 

value of a which corresponds to neutral stability is m good agreement with the commonly 

reported value of 0.143. As the stability increases from class B to G, there is less 

convective mixing m the layers of air above the surface of the earth. The reduced levels of 

convective mixing and the corresponding reduction in turbulence cause the vertical 

velocity profile to become steeper and produces higher values of a. This trend is 

exhibited by the data summarized in Table A. 1. 

A. 2 Determination of roughness length and fiiction velocity 

The roughness length (zo) and friction velocity (u.) are variables which have been 

widely used to define the effects of a given terrain. The roughness length is the region 

above the ground in which turbulence is not fully developed. In such a region, molecular 

motion plays an important role in the transfer of mass and energy. The roughness length 

Zo is related to the surface roughness. The greater the surface roughness, the greater is the 

mechanical turbulence near the ground and flatter the wind velocity profile. The surface 

roughness parameter, equals one-tenth of the roughness length (Stem, 1990). Surface 

roughness is a required parameter by some models used to describe dispersion (Hanna, 

1987). Its value varies depending on the size distribution and geometry of roughness 
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elements. A roughness element may be any obstacle in the path of flow and varies from 

ice or soU particle obstmctions to large buUdings in a congested urban region. The fiiction 

velocity is a measure of the momentum flux in the atmosphere. The greater the fiiction 

velocity, m general, the greater is the level of dispersion of poUutants. The logarithmic 

wind profile established for neutral atmospheric conditions is used to estunate z© and u» for 

a given terrain. This relationship is summarized in Equation A.2 below 

Uiz) = ^logf-) (A.2) 

where k is the von Karman constant which has a generaUy accepted value of 0.4. 

The slope of the plot of U(z) as a fijnction of log(z) yields an estimate of the 

fiiction velocity, whereas the intercept specifies ZQ. The values of Zo and u. for the terrain 

at WERFL were determined based on an average wind direction from the southwest. 

They were Zo= 5.05*10-' m (0.505 cm) and u.= 0.7552 m/s (1.72 mUes/hr). The 

estimation of these variables was based on a mean 10-minute averaged wind speed of 6.38 

m/s (u-Aiio = 0.11, where Uio is the 10-m average wind speed). These values compare weU 

with those reported in the published hterature for similar terrain (Stem, 1990). 

The power law exponent, surface roughness length and fiiction velocity are used 

as input data for some dispersion models. These parameters were determined in the study 

for a typical West Texas type of terrain, which surrounds the WERFL. The power law 

exponent obtained here should be useful for extrapolation of wind speed to a desired level 

m typical West Texas type of terrain, i.e., flat, open country with short grass. However, 

whenever possible, these parameters should be re-established for a given region when used 

m local dispersion modeling applications. If suhable data to determine these variables is 

not available, then those reported in this work or other published values may be used as 

estimates. 
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Table A. 1. Experimentally obtained exponents m the power law wmd velocity profile 

Atmospheric stability class 
B 

0.06 

C 

0.09 

D 

0.131 

E 

0.171 

F 

0.409 

G 

0.488 
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APPENDK B 

ESTIMATING THE IMPACT OF POLLUTANT RELEASES 

In order to model the potential unpact of pollutant releases mto the envkonment, a 

reasonable estimation of the resultmg downwind concentration profiles is essential. The 

wmd speed and dkection as weU as the atmospheric stabUity are key inputs to any ak 

emission model. A snapshot of seasonal and annual distributions of wind speed and 

dkection are described in pie diagrams called wind roses. Wmd roses are usuaUy 

constmcted for a number of ckies and maintained on recorded at the U.S. National 

Weather Service. Seasonal wind roses can assist m the location of monitoring sites so as 

to capture the pollutant plumes. If wind roses are not available for the site or city under 

consideration, data from the nearest city may provide a reasonable approximation. A 

sample of a seasonal wind rose for Lubbock, Texas is illustrated m Figure B. 1. From 

Figure B. 1, it is clear that wmds approach Lubbock mostly from the southerly dkection. 

Hence, a concentration sensor may be located north of the discharge device of poUutants 

so that the plume may be sampled. 

In some mstances, the background level of the pollutants may be significant. In 

such a case, a method known as "upwind-downwind measurement" should be used to 

measure downwind concentrations (Thain, 1980). This method enables the determmation 

of the pollutant burden added to the atmosphere from the source under consideration. 

This method involves the measurement of pollutant concentrations in the air approaching 

the discharge device (upwind sampling) and that downwind of the discharge device 

(downwind sampling). The pollutant burden solely due to the discharge device is then 

obtamed by difference between the upwind and downwmd concentrations. A smgle 

samplmg location is usually adequate in the upwind dkection. However, a number of 

samplmg locations may be requked to accurately estunate the concentration profile 

downwind. The resuhs of various measurements can then be used in appropriate 

mathematical models to calculate the total emission from the source. 
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If the emission rate is accurately known, an appropriate ak quality model may then 

be used to assess environmental impacts and determine risk to humans. The Gaussian 

model is being used as the basis of most regulatory models to assess ak quaUty (Christian, 

1995). The modified dispersion coefficients developed for H2S and NH3 in Chapter 5, may 

be used to provide reasonable estimates of an emission's effects on the surroundmg 

community. An application of the Gaussian model with these modified dispersion 

coefficients is presented to assess the emissions of H2S from a source. 

For example, consider a continuous emission of 5 g/s of H2S into the atmosphere 

from a cmde oU storage tank vent. For a downwind distance of 10 m and stabiUty class F, 

the ground level centerline concentration, for a wind speed of 4 m/s, may be esthnated as 

foUows: 

Step 1: Computation of horizontal plume width using Equation 5.4 

o- =ax* = 0.875*(10y**= 12.65 m, using the coefficients ofa and b obtained and 

reported in Table 5.5. 

Step 2: Computation of vertical plume width using Equation 5.5 

fj -ex" = 0.109«(10y °' = 1.28 m, using the coefficients of a and b obtained and 

reported in Table 5.5. 

Step 3: The ground-level centeriine concentration is computed by 

r(Y v^ - 6 = 1 = 0.0246 g/m' = 20.65 ppm. 
^^'^^' naya.u ;r.(12.65).(1.28)-(4) 

Several downwind concentrations have been calculated for downwind distances 

ranging from 5 to 30 m and plotted in Figure B.2 for stabUity classes D and F. The 

allowable weighted average exposure to humans set by Occupational Safety and Health 

Administration (OSHA) is 10 ppm over a period of 8 hours. The concentration profiles m 

Figure B.2 are compared to this allowable exposure Umit. Under conditions of neutral 

stability as weU as for stability class F, the maximum concentration weU exceeds the 

pennissible OSHA limit. Also, the immediately dangerous region Ues within a downwind 

distance of 14 m for stabUity class F, and 12 m for stability class D. 
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Ak quaUty models can be applied to existmg processes as weU as to new ones to 

assess risk potential and determine air quality. The choice of an appropriate ak quaUty 

model is essential to accurately estimate the effect of pollutant emissions on the 

surrounding community. Complicated weather phenomena such as precipitation or 

topographical features such as buUding mterferences, would necesskate the use of more 

detailed air quality models to accurately estimate the unpact of emissions. 
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Figure B. 1. A seasonal wind rose for Lubbock, Texas 
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APPENDDC C 

NEURAL NETWORKS: CONCEPTS AND APPLICATION METHODOLOGY 

The use of neural networks has been successfuUy demonstrated m pattem 

recognition, modeling, speech recognition and even playmg games (Jones and 

Hoskins, 1987). Among the tasks that a neural network can perform are 

• approxunating nonlinear functions, 

• pattem recognition, 

• prediction of outputs given the appropriate governing variables or influences, and 

• control systems 

Some of the applications related to chemical engineering which have demonstrated 

successful apphcation of neural networks include: 

• Property estunation (Lee and Chen, 1993; Normandm et al., 1990), 

• Reaaor modelmg (Bhagat, 1990; Bhat et al., 1990; WUUs and Tham, 1989), 

• Analysis and optimization of processes (Savkovic-Stevanovic, 1993; Muratet and 

Bourseau, 1992; Bhat et al., 1990; Savkovic-Stevanovic, 1994), 

• Fauh diagnosis (Fan et al., 1993; Hoskins and Hunmelblau, 1988), 

• Chemical process modeling (Massimo et al., 1992; Spieker et al., 1993), 

• Identify dynamic responses of surface acoustic wave generators to detect chemical 

vapors (Haq and Kyriskopoulos, 1995), and 

• Chemical process control (Thibauh and Grandjean, 1991). 

Neural networks have also been appUed to develop models m areas such as particle 

physics (Kieslmg, 1994) and chemistry (Borman, 1989). 

The basic concept of neural networks is discussed m Section CI. Over the 

years, a number of algorithms have been used m the development of neural networks. 

One of the most commonly appUed algorithms, caUed backpropagation, is discussed m 

Section C.2. The mitialization of the neural network as weU as the kerative procedure 

based on backpropagation are outlined m Section C.3. 
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C.l The basic concept 

A neural network is a mathematical modehng technique which mimics the 

human learning process (Bhagat, 1990). Human bemgs often leam by examples. 

Usmg trial and error procedures, humans can leam to recognize and respond to 

pattems. Neural networks are designed to operate m an analogous manner. They can 

be trained to recognize pattems in data and, in the process, create thek own intemal 

model of the underlymg process. Such an mtemal model can subsequently be used to 

make predictions for other mput data withm a certam range. This mtemal model is 

generated by the network itself and is completely independent of the process under 

consideration. 

There are several reasons for the growing popularity of neural networks as 

modelmg tools. Some of them are: 

1. They are ideally suked to model highly complex and nonlinear problems because of 

thek abUity to identify pattems between mput and output data, 

2. They can handle "noisy" data, and 

3. They provide an economical and relatively unskilled approach for developmg 

models. 

The notion of neural networks was mspked by the hope of reproducmg the 

reasoning power of the human brain. The original approach attempted to shnulate real 

neurons m the human brain. However, the actual neural networks developed are mere 

attempts to model the biological neuron by electronic processes. Hence, these 

processes are sometimes referred to as artificial neural networks (ANN). The terms 

neural networks and artificial neural networks are used mterchangeably m hterature. 

A neural network is comprised of a coUection of nodes and connections. A 

schematic of a typical neural network is presented m Figure C.l. The basic elements 

of a network are called neurons. Neurons provide the sites of processmg mformation. 

The set of connecting links between the processmg units or neurons are called 

synapses. Each synapse is characterized by a weight represented by a numerical value 
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When this numerical value is positive, the node is exckatory, while negative values 

imply mhibkory nodes. 

The manner in which neurons of a neural network are stmctured is called its 

architecture. Several neural network architectures have been studied and utilized for 

different applications. However, the most commonly utUized architecture is the one 

shown m Figure C1. All the neurons m the adjacent layers are connected and the flow 

of mformation is only m the forward direction. Such a network is caUed a feedforward 

network. Also, this network consists of neurons organized m three distinct layers - an 

input layer, a hidden layer and an output layer. Such networks organized m several 

layers are referred to as multilayer perceptrons (MLP's). A feedforward network 

which is organized in several layers, therefore, is called a feedforward MLP. 

The hidden nodes are so called because their presence is hidden to the extemal 

envkonment and there is no direct interaction with the mput and output variables. 

These hidden nodes enable the network to leam relationships between input-output 

variables by developing an intemal model. Depending on the nature of the problem 

being modeled, more than one hidden layer may be used. However, it has been shown 

that two hidden layers are sufficient to approximate any continuous function 

(Cybenko, 1989). 

The input nodes receive signals from the governing or influencing variables. 

This mformation is fed forward to the nodes in the hidden layer. Each connection has 

an associated weight which represents a measure of the unportance of the signals 

between the connected neurons. The entering signals mto the hidden layer are 

multipUed by the appropriate weights, summed up and modified by a mapping 

fimction. This process is illustrated in Figure C.2. This mapping fiinction is caUed a 

transfer function. All the nodes in the hidden layer calculate thek outputs, which then 

serve as inputs to the adjacent layer (output layer in the case of the 3-layer network 

shown in Figure C1). This process is repeated for subsequent layers untU the network 

outputs are obtained. 
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A commonly applied transfer is called the sigmoidal function given by 

f(^>~r (ci) 
l + e 

This function is monotonic, continuously differentiable and bounded (Bhagat, 1990). 

The transformed output f(x) ranges between 0 and 1, whUe x, which represents the 

total sum of weighted mputs, ranges from -oo to +oo. The output of this transfer 

fiinction is Ulustrated m Figure C.3. Thus, the output of every neuron ranges from 0 

to 1. Appropriate scaling is performed to convert the mput variables to the network 

mputs, which are between 0 and 1. The number of layers m the network and the 

number of neurons in each layer completely define ks architecture. 

The neural network is trained so that it "leams" and develops its own mtemal 

model of the process. Training refers to the process of estimating appropriate values 

of the weights so that consistency is maintained with the phenomenon or process being 

modeled. There are several methods of learning such as the supervised mode and the 

unsupervised mode. 

In the supervised mode, the network is given the value of the output vector(s) 

which k is trained to recognize; while in the unsupervised model, the desked output is 

not given to the network. The most commonly used mode of learning is the 

supervised mode Ulustrated in Figure C.4. During the supervised mode, the synaptic 

weights are adjusted by providing suitable examples or mput-output data. Each output 

vector represents a desired response. The network is presented with an example, the 

synaptic weights are modified so as to minimize the offset or difference between the 

network response and the desired output value. This process constitutes the trammg 

and is repeated until the network satisfactorily reproduces the output vector. In the 

unsupervised learning, the desired response is not shown to the network. Thus, 

expUck error information cannot be used to iteratively unprove network performance. 

In this case, learning is accomplished based on observations of responses to mputs 

about which no prior knowledge is available. This leammg has been used m classifykig 

or distinguishing groups of data (Haykin, 1994). The supervised mode is sometunes 
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referred to as leammg with a teacher, while unsupervised mode is caUed leammg 

without a teacher. A detaUed discussion of learning methods can be found m 

references such as Zurada (1992) and Haykin (1994). 

The network m Figure C1 is referred to as an I x H x O network, where 

I = number of nodes in the mput layer 

H = number of nodes in the hidden layer 

O = number of nodes m the output layer. 

One of the most popular algorithms to adjust the weights keratively is caUed 

backpropagation (Jones and Hoskms, 1987). This approach is discussed m the next 

section. 

C.2 The backpropagation algorithm 

The backpropagation algorithm was developed first m 1969 (Hertz et al., 

1991). This algorithm has been used successfully to perform supervised leammg for a 

wide variety of appUcations. The goal of this training is to teach the network to 

associate specific output values, termed target values, with a given set of mput-output 

data. The input vectors are presented to the network and the signals or numerical 

values are propagated forward through the network from layer to layer. The response 

produced by the output layer is compared to the desked response, generating error 

signals. These errors are then propagated in a backward dkection through the 

network to modify the weights. Thus, the algorithm derives ks name. 

Some of the notation related to the backpropagation method is labeled m 

Figure C1. This notation is discussed below. The input variables correspondmg to 

the s* pattem are represented as Xo, Xi(s), Xn(s), with Xo being the bias neuron. 

The purpose of the bias neuron is explained later m this chapter. 

Some of the other notation used is defined below for a given pattem s: 

Wiĵ (s) = weights from the j * input node to the i* hidden layer node 

Wkî (s) = weights from the ith hidden layer node to the k* output layer node 

z.(s) = input to the i* hidden layer node 
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hi(s) = output of the i* hidden layer node 

rk(s) = input to the k* output node 

yk(s) = output of the k* output node 

dk(s) = target value of the k* output node upon presentation of the s* mput vector 

yk(s) = measured or desired value of the network output when the k* pattem is 

presented 

n = number of input nodes 

m = number of output nodes 

nh = number of hidden nodes 

L = number of training data 

Let y/{x) = be the nodal transfer function for all nodes. 

l + e ' 

The weights are initialized to small random values. The recommended range of choice 

for mitial weights is from -0.01 to 0.01 (Haykin, 1994). With backpropagation, the 

gradient descent method is used to modify the weights. 

A bias neuron is provided to supply an invariant output to each neuron in the 

hidden layer. The role of the bias can be interpreted as foUows: 

Let us assume that the first neuron in the hidden layer is excked. 

\^tif = ±w.,x.-w^, (C.2) 

The value of h, is given by h^ - <p(J\ where 

(p(f) > 0 for IWjoXj > Wn+i 

< 0 for ZwjoXj < Wtt+i (C3) 

Thus, if the weighted sum of the scaled inputs into the hidden layer exceeds the weight 

of the bias-hidden layer neuron, the neuron in the hidden layer is activated or excked. 

Otherwise, the neuron remains inhibked. The weight of the bias-hidden synapse is 

called the threshold value of the hidden neuron. 

The learning process takes place by presenting a set of training examples 

(input-output data) to the network. One complete presentation of aU the examples m 
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the training set is called an epoch. The learning process is continued by presentmg 

these examples repeatedly until satisfactory mapping is obtained between the mput and 

output data. What then, are the criteria of a satisfactorily trained neural network? 

Tradkional statistical models used performance measures such as the regression and 

correlation coefficients to determine the goodness of fit of data by a model. Some of 

the performance measures which have been used to determine the neural network 

performance have been: 

• Total error (E) m an epoch given by 

^ = T S Z O ' * W - ' ^ » W ) ' (C.4) 

Error per pattern, Ep, given by 

L m 

^'^p=^Z'L(y^^^)-d,{s)y (C.5) 

Root mean square (RMS) error, ERMS, given as 

^^ V *=i *=i 

Training is usually continued until one of the above criteria attains a preset value. A 

criterion to stop training could also be to use an error such that the synaptic weights 

do not change much from iteration to iteration. 

The weights may be updated using one of the following methods: 

1. Pattem mode: In this mode, the weight updating is performed after presentmg each 

training example within an epoch. This is the mode of operation on which the 

derivation of backpropagation is based. In this mode, the first example is presented to 

the network and the sequence of computations is performed forward to calculate the 

error between the predicted and target values. The synaptic weight adjustments are 

then performed in the layers. Then, the next example is presented and the process of 

fiDrward and backward computations is repeated. This process is continued untU aU 

the examples m the epoch have been shown to the MLP. At this stage, the total error 

m the epoch is calculated, from which the error per pattem can be computed. If these 
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values are not within desirable limits, the epoch is presented again to the MLP on a 

pattem-by-pattem basis. During the next presentation of the epoch, the pattems may 

be presented in a different order. 

2. Batch update: In this mode, the weight update is performed after the presentation 

of the entire set of training data yyithin the epoch. The weight updatmg is then 

performed using optimization methods such as Nelder-Mead or Levenberg-Marquardt 

algorithms. This method provides a better estunate of the gradient vector; however, 

there is greater likelihood of the error being trapped m a local minimum (Haykm, 

1994). 

A general flowchart describing the neural network training procedure using 

backpropagation is shown m Figure C.5. The backpropagation method attempts to 

mkumize the total error using a mle known as the "generalized deha mle", which is 

based on the gradient descent of error. A detailed working methodology of the 

backpropagation weight update procedure is outlined in the next section. 

C.3 Initialization and weight update procedure 

The description provided in this section is based on a pattem-by-pattem weight 

update procedure. The network architecture is specified and all synaptic weights are 

initialized to small random values. The epoch is then presented to the MLP with one 

pattem at a time. For each example in the epoch, the following computations are 

performed in the forward path for a given pattem s: 

(1) Calculation of Zi's for each hidden node 

n 

h (̂ ) = S ^ i (^K (̂ ) i=l'2, nh (C7) 

(2) Estimation of hi's for each hidden node 

1 

l+e 
//, is) = y,[z, (s)] = :^-^ri;^ i=l,2, nh (C.8) 
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(3) Find r̂  for each output node 

r,(s) = f^Ms)wl(s) k=l,2, m (C.9) 
i=l 

(4) Estimate network output, yk(s) for each output node 

y,is) = ^[r,is)] = ^ k=l,2, m (CIO) 

l+e 

(5) Compute the error corresponding to the k* output node and s* pattem 

e,is) = d,(s)-y,(s) k=l,2, m (Cll) 

The backward computation is then performed to adjust the weights. The weights m 

the hidden-output layer are modified first by the foUowing computations 

5,(s)=e,(s)y,is)[l-y,(s)] k=I,2, m (C12) 

wl(s+1) = wl(s)+p[wl{s)-wl{s-l)] + aS,{s)h,(s); k=l,2, m; i=l,2....nh 

(C.13) 

Next the weights in the input-hidden layer are updated using 

S, (s) = h, (5)[1 - h, (5)]X 5, {s)w\ (5) i=l,2, nh (C14) 
k 

w\{s+l) = w\{s) + P[w\{s)-w\{s-l)\+a5Xs)xXs)\ i=l,2, nh;j=l,2,....n 

(C.15) 

In the above equations a is called the learning constant and P is termed as the 

momentum constant. These two constants range between 0 and 1. The smaller the 

value of a, the smaller the changes to the synaptic weights from keration to keration, 

and the slower the rate of learning. However, if a is larger so as to speed up the 

learning rate, the result may be an oscillation in the error. The momentum factor is 

used to accelerate the convergence of the backpropagation method. TypicaUy, values 

of P are chosen between 0.1 and 0.8 (Zurada, 1992). The constant P enables an 

mcrease in the learning rate and yet avoids the possibility of mstability due to 

osciUations. The above method of weight updating is called the generalized delta mle. 
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INPUT DATA TO THE NEURAL 
NETWORK INCLUDING BL^S 

Weights w'a 

Weights ŵ ki 

Input layer of 
neurons 
(Layer j) 

Hidden layer 
of neurons 
(Layer i) 

Output layer 
of neurons 
(Layer k) 

OUTPUTS OF THE NEURAL NETWORK 

Figure C1. Schematic of a typical neural network 
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T(x) = 

c o 
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l + e" 

Figure C.3. Output of the sigmoidal transfer function 
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YES 
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YES 
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Figure C 5 Neural network trammg usmg the backpropagation algorithm 
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APPENDIX D 

ESTIMATION OF SOLAR ALTITUDE 

The solar ahitude was estimated for the time of day when meteorological records 

were coUected at the WERFL. The foUowmg steps were used to compute a value for the 

solar angle (Iqbal, 1983): 

Step 1: Calculate the day number (dn) of the year̂ ^ (For example, January 1 has a day 

number of 1 and Febmary 1 has a day number of 32) 

Step 2: Calculate the day angle (x, radians) by 

. 2;r(J„-l) 

365 
33 

(D.l) 

Step 3: Estimate the declination (5, degrees) by 

S = 
0.006918 - 0.399912 cos(r) + 0.070257 sin(r) - 0.06758cos(2 

40.000907 sin(2r) - 0.002697 cos(3r) + 0.00148 sin(3r) Iv] (D.2) 

Step 4: Calculate the zenith anglê '* (0z, degrees) by 

6^ = cos~'(sin<5sin^-i-cos<^cos^costy) (D-3) 

where (j) = geographic latitude in degrees (north positive) 

CO = hour anglê ^ (noon zero, morning positive, 15°/hour from midday) 

Step 5: Find the solar angle (a, degrees) by 

a=90° - 0, (D.4) 

The solar altitude ranges from 0° to 90°. 

'̂  February is assumed to have 28 days. 
'̂  Declination is the angular position of the sun at solar noon with respect to the plane of the 

equator (with north being positive). 
^ Angle between the local zenith and the line joining the observer and the sun (zenith is the 

position of an observer on the earth's surface in the celestial sphere). 
'̂ Angle measured at the celestial pole between the observer's meridian and solar meridian. 
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