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Abstract 

Fugitive emissions in the oil and gas industry are significant greenhouse gas contributors 

but their location is challenging. A proof-of-concept investigation was performed, 

combining wind and concentration data to determine source locations. Four simple 

trajectory statistical methods were investigated on an ideal test case from a CFD 

simulation of a simplified gas plant geometry: potential source contribution function 

(PSCF), concentration weighted trajectory (CWT), residence time weighted concentration 

(RTWC), and quantitative transport bias analysis (QTBA). Results were quantitatively 

compared using a correlation measure that took into account search area from the 

source(s). In the present application, PSCF, CWT and RTWC were all capable of 

distinguishing regions near major sources from the surroundings. QTBA was not. 

RTWC had the best source discrimination when provided sufficient domain trajectory 

coverage, but otherwise could produce false source regions, and should be used in 

conjunction with CWT and trajectory maps. 
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1 Introduction 

1.1 Motivation 

Fugitive emissions in the oil and gas industry are large, typically 'invisible' sources of 

greenhouse gas emissions. Though a small number of fugitive emissions could be 

considered planned, such as from pneumatics that use pressurized methane gas and vent it 

into the atmosphere, most are unintended. Although various definitions exist, in general, 

fugitive emissions can be described as unmonitored, unintended and/or uncontrolled gas 

releases into the atmosphere. These releases can come from leaking valves, seals and 

fittings; evaporation losses; and process faults and failures (Carras et al., 2006). Even for 

planned releases such as the venting of process gases, composition and quantity are 

uncertain values (Carras et al., 2006). This results in thousands of potential emission 

sources in a typical refinery or plant along miles of piping. 

Fugitive emissions from such sources are a significant problem. The Canadian 

Association of Petroleum Producers (C APP), in a report prepared by Clearstone 

Engineering based on data from the year 2000 (CAPP, 2004), estimated that annually in 

Canada, 477 kt of methane leaks from plant equipment alone. Based on the current IPCC 

global warming potential (GWP) value for methane of 25 [100-year GWP] (Forster et al., 

2008), these methane emissions alone are equivalent to 12 Mt of CC^e. Fugitive 

equipment leaks in general were estimated to cause 12% of the emissions within the 

upstream oil and gas industry and 2% of the total greenhouse gas emissions in the 

country (CAPP, 2004). Based on emission factors (CAPP, 1999; CAPP 2004; CPPI, 

2004; CAPP, 2006) and production levels, Environment Canada (2010) estimated that 
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1262 kt of fugitive methane emissions from the oil and natural gas industry (excluding 

venting and flaring) were generated in 2008. Using the latest IPCC GWP, this is 

equivalent to 31.6 Mt C02e (or 4% of Canada's total 2008 GHG emissions). 

At an individual plant, significant improvements in emission levels can be made 

by identifying and eliminating only a small number of sources. Investigation by industry 

has suggested that the majority of fugitive emissions are often the result of a small 

number of large leaks rather than a large number of small leaks (Ross & Picard, 1996; 

Picard et al., 1998). More recently, CAPP published best management practices stating 

that, for upstream oil and gas facilities, "only the top 5 to 10 percent of leaking 

components account for 80 to 90 percent of emissions" (CAPP, 2007). Resources are 

therefore best allocated to eliminate these locations as they make the largest difference. 

Finding these locations, however, is not always easy, especially in inaccessible or 

dangerous locations. Novel approaches to reduce the difficulty in identifying emissions 

sources at individual facilities would directly enable elimination and repair of leaks. 

Given the overall magnitudes of fugitive emissions and the benefits of fixing even a small 

number of the large sources, development of new detection strategies has the potential to 

make a significant difference in the fight against climate change. Furthermore, any 

technological approach that might permit continuous, in-situ monitoring at a site would 

enable identification of new leaks as they arise so they can be controlled in less time than 

with intermittent measurement approaches. Such a system could then be used to ensure 

that mitigation measures remain in place and are functioning and would simultaneously 

enable the types of continued verification of emissions reduction necessary for emissions 

trading and crediting strategies. 
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1.2 Current Industry Fugitive Emissions Location and Estimation 

Several different approaches are currently used to identify and quantify fugitive emission 

sources in industry. These are typically based on the use of emissions factor estimates, 

manual identification of individual leaking components, and direct measurement or 

remote downstream measurements. These various existing approaches are briefly 

reviewed below. 

1.2.1 Emission Factor Estimates 

Estimates based on emission factors provide a simple way for a facility or site to 

determine approximate emission rates by using the factors in conjunction with activity 

data. The activity data can be general (such as lengths of pipe or number of compressor 

stations) or specific (such as the equipment fuel consumption or number of facility leaks), 

depending on the "tier" or level of detail (Innovative Environmental Solutions, Inc., 

2005). 

Not surprisingly, however, the use of volume-based emission factors can 

introduce large errors into overall estimates of fugitive emissions. This is also true of 

using system-wide default factors and activity data, because facility type, age, and 

maintenance practices have large effects. Alternatively, performing bottom-up estimates 

and measurement programs is difficult and costly. In addition, estimates of leakage 

based on lost and unaccounted gas are affected by meter accuracy and throughput 

because fugitives emissions are often on the same order of magnitude as meter 

uncertainty (Innovative Environmental Solutions, Inc., 2005). 
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The Interstate Gas Association of America (INGAA) recently published detailed 

guidelines for estimations at various levels of detail for natural gas storage and 

transmission facilities (Innovative Environmental Solutions, Inc., 2005) using factors 

typically derived from Gas Research Institute (GRI)/U. S. Environmental Protection 

Agency (EPA) field measurements and emission estimate protocols. The tier 1 approach 

to provide high-level qualitative values is based on the default emission factors with 

pipeline length and storage station counts (Innovative Environmental Solutions, Inc., 

2005). Errors based on this approach can typically be up to several orders of magnitude 

from the amount predicted (Innovative Environmental Solutions, Inc., 2005). While 

higher tier approaches incorporate more detailed factors, the nature of fugitive emissions 

is still inherently uncertain, and default emission factors are a large contributor to this 

uncertainty (Innovative Environmental Solutions, Inc., 2005). 

Higher tier approaches could be combined with screening methodologies such as 

EPA's Method 21, described below, to create specific emissions estimates based on the 

U.S. EPA Protocol for Equipment Leak Emission Estimates (EPA, 1995). This has been 

suggested as a method to improve emissions estimate quality (Innovative Environmental 

Solutions, Inc., 2005). Finally, although emissions estimation may provide an inventory 

for total emissions from a site, this type of approach does not help locate specific 

emission sources. To identify individual sources, some other method is required, such as 

direct measurement. 

1.2.2 Manual leak detection and measurement 

Leak Detection and Repair (LDAR) and Directed Inspection and Maintenance (DI&M) 

programs that screen for individual leaks are the most common approaches to 
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determining and quantifying fugitive emissions. In a full leak detection program, a 

portable organic vapour analyzer (OVA) is used to measure gas concentration adjacent to 

potentially leaking components to estimate emission rates in accordance with EPA's 

Method 21 (Picard et al., 1998). Method 21 specifies a methodology for the 

determination of volatile organic compound (VOC) leaks from process equipment using 

portable hand-held sensors (EPA, 1995). It is intended to locate and classify leaks which 

exceed the gas concentration threshold at the leaking component's surface, not to directly 

measure emission rates (EPA, 1995). The instrument detector is not specified by Method 

21, but must meet certain minimum performance criteria (EPA, 1995). 

LDAR campaigns require that potential emission sources be monitored and 

screened individually, typically using Method 21, at regular intervals and leaking 

components replaced within a specified timeframe (EPA, 2007). This individual 

screening can be used in conjunction with emission factors to estimate emission 

quantities or with direct measurement to construct an emissions inventory for the facility 

(Picard et al., 1998). However, this individual screening is typically not practical or 

possible in large facilities since complete site surveys are extremely labour intensive and 

time consuming. Method 21 requires the operator to place the probe next to each valve 

or fitting resulting in approximately 20% of potential leak sources not being assessed 

routinely due to lack of resources, difficulty of access, and safety concerns (Chambers, 

2006). The major LDAR campaign inefficiency is that the majority of areas surveyed 

have no leaks or have leaks with negligible overall effect on total emissions. 

DI&M focuses on inspection and correction in the areas most likely to offer 

significant, cost-effective emission control with coarser screening in other areas (CAPP, 
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2007). CAPP recently released a Best Practice Guide for the use of DI&M campaigns for 

upstream oil and gas facilities (CAPP, 2007). DI&M also used Method 21 or equivalent 

alternative methods (CAPP, 2007). This methodology is anticipated to be more cost 

effective than LDAR, but suffers from similar limitations due to component accessibility 

and labour intensiveness. 

1.2.3 Typical Leak Detection Methods 

1.2.3.1 Portable Gas Detectors 

Multiple types of hand held gas detectors exist which meet the specifications for Method 

21 such as catalytic oxidation, flame ionization, infrared absorption and photoionization 

based detectors (EPA, 1995). Method 21 simply specifies that the instrument must be of 

standard dimensions and flow rate range and must be readable to within 2.5 percent of the 

specified leak concentration threshold which, for methane, is 10 000 ppm (EPA, 1995). 

The probe is used on the surface of or directly adjacent to a potentially leaking 

component, which may be difficult to access due to location within the facility and such 

things as insulation. 

1.2.3.2 Soap Solution 

One low cost alternative to portable gas detectors suggested in Method 21 is the use of 

soap solution. Bubble formation can be used as a visual indicator of leaking components. 

While this approach can be effective, it does have multiple limitations. Soap solution 

cannot be used where there are continuously moving parts, where there is liquid leakage, 

or where there are large gaps open to the atmosphere that need to be bridged (as often 

occurs at pipe flanges). In addition, test locations must have a surface temperature 
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between freezing and boiling of the solution (EPA, 1995). Soap solution cannot be used 

to determine leak significance since it gives no quantitative measurement, and suffers 

from the same or worse accessibility limitations of portable gas detectors. In spite of 

these limitations, using a soap solution to tag leaking components is generally 3 to 4 

times faster than applying Method 21 with an organic vapour analyzer (Picard et al., 

1998). 

1.2.3.3 Ultrasonic Leak Detection 

Ultrasonic (or acoustic) leak detection can be used to detect leakage of high pressure jets. 

The jet expands from high to low pressure as it moves into the atmosphere and, if the 

pressure difference is sufficiently high, the resulting pressure waves can be detected. In 

commercial systems, the required pressure difference is typically > 10 bar (Gassonic, 

2009). Portable and permanent installations are both currently available (Gassonic, 2009; 

Russelltech, 2009). Whereas the portable models are generally faster than portable gas 

detectors and permanent installations can be used for long term monitoring, acoustic 

detectors are insensitive to smaller leaks and are affected by background noise (Gassonic, 

2009). 

1.2.3.4 Infrared Camera Leak Detection 

Methane and other hydrocarbons absorb in the wavelength spectrum of modern infrared 

(IR) cameras. Using appropriate wavelength filters, it is possible to produce an image of 

the leaked emission plume. Whereas it is not possible to determine hydrocarbon species 

or emission rate with this approach alone, IR camera detection is a fast method of 

identifying leak locations (Chambers, 2004). In combination with other methods, such as 

spectrometers, infrared cameras can provide a method to determine concentration and 
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estimate emission rates. Leak Surveys Inc. is one example of a company which has 

developed such a commercial infrared camera for leak detection (the GasFindIR HAWK, 

www.leaksurveysinc.com), which can be used for both valve to valve leak detection and 

in helicopter flybys for large areas, relaying leak information back to ground operators. 

However, complex backgrounds and lighting conditions may adversely affect the ability 

of the operator to identify emission sources. 

1.2.3.5 Image Multi-Spectral Sensing 

Unlike the infrared cameras mentioned above, the Image Multi-Spectral Sensing (IMSS) 

system developed by Pacific Advanced Technology (www.patinc.com) is capable of 

detecting a range of species in real time. The system combines a diffractive imaging 

spectrometer and a tuneable filter. The IMSS system permits pictures to be taken at a 

range of different wavelengths. Using a processing algorithm combined with the 

particular infrared signatures of various species, only the desired species are retained 

(Hinnrichs, 2000). Like the infrared camera, the remote nature of this method allows 

imaging to be done in areas which might otherwise be considered inaccessible and speeds 

up leak identification compared with the portable gas detector (Envirotech Engineering, 

2007). However, the ability to identify sources can be affected by lighting conditions and 

wind strength at sources (Envirotech Engineering, 2007). 

1.2.3.6 Backscatter Absorption Gas Imaging 

For backscatter absorption gas imaging, the component being screened is illuminated by 

an infrared laser in front of a reflective target. The laser's wavelength must be tuned so as 

to be absorbed by the gas of interest, but not by the atmosphere. When the scene is 

illuminated, the gas plume attenuates part of the backscattered laser light forming a dark 

http://www.leaksurveysinc.com
http://www.patinc.com


cloud in the resulting recorded image (Kulp et al., 1998). This method is limited by the 

need for reflective surfaces behind the leak. Portable systems are also hindered by the 

weight and power requirements of the artificial lighting system (Chambers, 2004). 

1.2.4 Leak Quantification Measurements 

Once a leak source has been identified, it may still be necessary to quantify the size of the 

leak. Two of the most common techniques for quantifying individual sources are 

bagging or use of hi-flow gas samplers. Both methods are limited by accessibility of 

components and labour cost. 

1.2.4.1 Bagging Techniques 

For conventional bagging (Picard et al., 1998), an enclosure is placed around the target 

source. A flow of clean gas (e.g. nitrogen) is passed through this enclosure, which 

sweeps the source gas to the sample bag to create a well-mixed environment for 

measurement. The emission rate can then be determined from the sweep rate (i.e. the 

measured flow rate of clean gas used to sweep the target source) and the steady-state 

concentration within the enclosure using: 

ER=QC 

\-C (1.1) 

where Q is the measured volumetric sweep rate and C is the concentration of methane in 

the outlet air. Figure 1.1 shows two basic bagging setups as illustrated by Picard et al. 

(1998). In general, the enclosure is formed using non-permeable plastic sheeting and 

duct tape. Depending on the enclosure size, 15 to 20 minutes are required in general to 
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reach the necessary steady state conditions for the emission rate measurement (Picard et 

al., 1998). 
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Figure 1.1: Bagging Techniques (Picard et al., 1998) 

1.2.4.2 Hi-Flow Sampler 

The Hi-Flow Sampler is portable with the instrument packaged inside a back pack worn 

by the operator (Bacharach Inc., 2005). Air in the vicinity of a leaking component is 

drawn into the sampler at a sufficiently high flow rate that it can be assumed that all of 

the leaking gas is being captured. If the flow rate and concentration are measured 

accurately, the gas leak emission rate can be found as (Bacharach Inc., 2005): 

FR — fliC —C \ 
*£ \ sample background J (1.2) 
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where Q is the sample flow rate and C is the concentration fraction. The gas sample is 

drawn in through a 1.5" ID hose which has various attachments in order to capture all the 

leaked gas from the component. A venturi meter within the unit is used to calculate the 

sample flow rate. The concentrations of portions of the sample and the background level 

are directed to a combustible gas sensor which can measure in the range of 0.05% to 

100% methane gas by volume. The sample is finally exhausted back into the atmosphere 

away from the sampling area (Bacharach Inc., 2005). The Hi-Flow Sampler performs 

with the same order of accuracy as bagging but improves measurement speed to 

purportedly make it as fast as typical leak screening techniques. 

1.2.5 Remote and Downstream Detection and Measurements 

1.2.5.1 Differential Absorption LIDAR 

Differential Absorption LIDAR (DIAL) is based on the use of lasers to determine the 

concentration along a line. Using multiple scans, it is possible to measure within a plane 

in the region downstream of the facility. Similarly, it is possible to use DIAL on a 

horizontal plane as permitted by geometry to develop concentration surface contour maps 

(EPA, 2007). Two laser wavelengths are used: one within the absorption band of the 

target gas and one that is not absorbed. The beams are directed to the measurement area 

and the back-scattered light from the atmosphere and/or the ground is collected. The 

difference in intensities of the backscattered signals is a measure of the absorption along 

the optical path, which can be used to determine the gas concentration (Demidov, 2002). 

From the relative time and strength of the returned signals, a profile of concentration 

along the light path can be calculated. Using a system of mirrors, it is possible to scan an 

area and develop a 2D or 3D map of gas concentration (Chambers, 2004). Unfortunately, 
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equipment complexity and power requirements prohibit the development of easily 

portable units. Spectrasyne Ltd. (www.spectrasyneltd.uk) is one group which has 

developed a mobile system mounted within a large "recreational vehicle" or RV that can 

be used to quantify "whole facility" fugitive emissions and identify significant leaks 

(Chambers, 2004). The DIAL method can be combined with aircraft to form an airborne 

system of gas pipeline leak detection in which the laser is transmitted downwards to 

illuminate buried pipe areas (Chambers, 2004) or over plant locations. Constructing a 

DIAL system such as the RV described above has been estimated to cost $3-4 million 

(Chambers, 2003). Single site surveys using existing equipment can cost hundreds of 

thousands of dollars (Chambers, 2001). 

1.2.5.2 Remote Sensing Leak Detection Approach 

Tracer gas techniques can also be used to estimate fugitive emission rates from a facility. 

In this approach, the tracer gas is released at a known rate within the facility. The ratio of 

concentrations of the tracer and the pollutant of interest measured downstream can then 

be used to estimate the pollutant emission rate (Picard et al., 1998). 

A related approach uses a virtual tracer based on meteorological data, pollutant 

monitoring sensors, an accurate positioning system, and computational dispersion 

modelling to determine emission rates. The pollutant concentration is measured at a 

known downwind location and the source strength is found by back calculating from the 

site specific meteorological data and the chosen dispersion model (Picard et al., 1998). 

This method requires that the source locations be known in advance, as well as their 

relative strength and size in the case of multiple or non-point sources. This makes this 

method an emissions estimation technique rather than one useful for leak detection. 

http://www.spectrasyneltd.uk
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However, the combination of downstream concentration measurements and 

simulated meteorology and wind conditions has been used to determine emission fluxes 

and release locations within other fields, especially for large scale (e.g. continental) 

pollutant tracking. 

1.3 Proposed Inverse Pollutant Locating Methodology 

An alternative method to those currently used in industry, is to use a combination of 

downstream concentration measurements and wind flow information to locate unknown, 

major fugitive emission sources. With permanent installation of onsite concentration 

sensors and wind measurement instruments, such a system could be used in conjunction 

with facility geometry data to determine likely pollutant source locations on a continuous 

basis. This type of approach would offer a significant advantage over current sporadic 

measurements necessitated by lack of equipment, trained personnel, and expense. A 

monitoring technique based on a permanent sensor network could also be used in 

combination with other techniques to enable directed searches into areas of interest with 

such tools as gas sniffers or IR cameras. This would enable intelligent deployment of 

resources to efficiently achieve the most significant emissions reductions. 

There are multiple challenges that need to be met for such an approach. These include: 

1. Sensor network design and development, 

2. Wind flow determination, and 

3. Development and implementation of effective and efficient source location 

algorithms. 
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The focus of the present work is on the source location algorithms themselves. A 

synthetic data set with known source locations and strengths was used to permit 

controlled investigation of a range of potential source location algorithms. This synthetic 

data set was generated using a CFD model for wind flow and pollutant dispersion over 

the simplified geometry of an actual operating gas plant in Alberta, Canada. In this 

approach, the wind field and the concentrations could be considered known at all 

locations. Virtual sensors extracted concentration values to provide, along with the wind 

information, necessary input data to the source location algorithms. This left an ill-posed, 

inverse dispersion problem to determine the source location(s). Solutions using the 

various test algorithms could then be compared with the known, simulated leak(s). 

Key questions to be addressed in this work included: 

1. Can the source location algorithms determine the pollutant source location regions 

to useful accuracy within a plant geometry consisting of a group of buildings? 

For algorithms developed for continental-scale applications, can they be applied 

at building scale? 

2. If so, how well do the algorithms perform in these idealized circumstances? 

3. How long is necessary to achieve a solution? 

4. How can the parameter settings be used to improve the solution accuracy? 

1.3.1 Thesis Overview 

The remainder of this thesis is organized as follows: 

Chapter 2 provides a survey of background information on forward and inverse transport 

modelling. In addition, a summary of optimization algorithms and trajectory statistical 
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methods is provided which can be used to determine source locations. Finally, a 

selection of the methods considered in the current study is made. 

Chapter 3 provides a detailed literature review of the source location algorithms under 

study: potential source contribution function, concentration weighted trajectory, residence 

time weighted concentration, and quantitative transport bias analysis. 

Chapter 4 describes the computational fluid dynamic modelling of the wind and the 

pollutant dispersion around the virtual plant site in order to generate the synthetic data. 

In Chapter 5, the results of parameter variation on the ability of the four chosen 

algorithms to determine source location are presented and discussed. 

Chapter 6 gives conclusions derived from the results and discussion of Chapters 5 and 

outlines potential areas for further investigation. 



2 Background and Inverse Solution Methods 

Whereas Chapter 1 gave an overview of the proposed methodology combining sensor 

data, CFD calculations and source location algorithms, this chapter expands on necessary 

background information and various existing methods for solving types of inverse 

problems relevant to the current project. 

The modelling of gas transport provides an essential link between the 

measurement sensor locations and emission source distribution within the domain. 

Forward transport models are source location centric and model the movement of 

pollutant outward from sources and forward in time. Inverse transport models link a 

measurement location to points upstream by moving backward in time. As both 

approaches are central to any source location algorithm, this chapter provides an 

overview of these models. Brief descriptions of solution optimization methods and 

residence-time based statistical algorithms are subsequently presented. These algorithms 

can be used in combination with forward and/or backward transport simulations to 

determine pollutant origin. Finally, the rationale for the selection of the type of source 

location algorithms pursued in the present work is presented. 

2.1 Forward Transport Modelling 

The ability to determine the downwind concentration of a released gas under various 

conditions is an important part of pollution control engineering. The desire to predict 

these concentration values in advance of such a pollution release event has led to various 

models being developed to deal with the complexity of the problem. 

16 
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2.1.1 Full Navier-Stokes Equations 

One possible method for modelling a pollutant release is to use the fundamental 

equations for momentum in conjunction with conservation of mass and energy. The 

pollutant released is solved along with the flow field of the air, rather than as a separate 

step, which allows for the possibility that the pollutant may influence the flow. More 

details of methods to solve these equations are given in Section 4.3 with the discussion of 

wind modelling. This method requires the fewest approximations and simplifications, 

and can be combined with chemical reactions, but is also the most computationally 

intensive. It is not possible to take advantage of a pre-computed flow field with changing 

release parameters as the two must be solved simultaneously. This is a further 

disadvantage when multiple sets of release parameters need to be modelled for the same 

wind conditions. In practice, solutions based on solving full Navier-Stokes equations are 

not feasible on large, industrially relevant domains. 

2.1.2 Advection-Diffusion Equation 

Rather than solve the full Navier-Stokes equations, in many cases the pollutant release is 

modelled separately from the wind field. The advection-diffusion equation is a popular 

method based on the conservation of species' mass, assuming a non-reacting, neutrally 

buoyant gas where transport is driven by advection with the wind field as well as 

diffusion. This still allows for the representation of temporal and spatial variations for 

the source strength and the wind properties within the domain. In general, molecular 

diffusion is considered insignificant in comparison to turbulent diffusion. This gives a 

representation of the atmospheric diffusion process of (Runca et al., 1979): 



AC 
— + U-VC = V-(KVC) + Source (2.1) 

where C and U are the pollutant concentration and wind field respectively and K is the 

eddy diffusion tensor. For many practical applications, this is still too complicated. 

Thus, even simpler methods for ideal conditions have been developed. 

2.1.3 Box Models 

Box models are the simplest form of pollutant dispersion models. Whereas pollutants 

mix at finite rates causing downwind concentrations to vary, box models assume 

infinitely fast mixing. This simplification greatly reduces the complexity of the 

calculations (Heinsohn & Kabel, 1999). 

In a typical box model, a volume is defined in which this rapid mixing is assumed 

to occur. Air at velocity U is defined to enter and leave through area hw as defined in 

Figure 2.1. 

C", C. > l',C(t) 

Figure 2.1: Box Model (adapted from Heinsohn & Kabel, 1999) 

This is reasonable in cases where the physical space is bounded by tall buildings, 

tunnels, indoor environments, or within a valley (Heinsohn & Kabel, 1999). The height 

of the box must be chosen so that it is of a sufficient altitude that the pollutants do not 

pass through the upper surface as the box model is based on the conservation of mass of 
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both the air and the pollutants and does not consider flux in that direction. The 

conservation of pollutant mass equation includes a term for the addition or subtraction of 

mass m , which could occur during a pollutant release or disposition within the region 

(Heinsohn & Kabel, 1999): 

whs — = m + UC hw-UChw (2.2) 

For a steady state solution, this equation simplifies to (Heinsohn & Kabel, 1999): 

rii 
Css=Ca+—- (2.3) 

a Uhw 

It is also possible to integrate Equation (2.2) directly. Assuming that the initial 

concentration is the same as the ambient conditions and that the variables are constant, 

the concentration is given by (Heinsohn & Kabel, 1999): 

c(t)-ca 
— ^ - = l -exp 
C.-C. ss a 

s 
(2.4) 

where 5 is the length of the box in the wind direction. In cases in which variables such as 

wind speed keep changing, the integration can be performed using less direct techniques 

(Heinsohn & Kabel, 1999). 

The box model's simplicity makes it practical to use without great computational 

expense. However, the model assumes that the pollutant is distributed homogeneously 

and, although this can provide useful information, this approach does not provide much 

detail of the distribution of concentration throughout the plume itself or downstream 

locations. 
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2.1.4 Gaussian Plume Dispersion Model 

The Gaussian plume model is another simple and commonly used approach for predicting 

atmospheric dispersion. This is a steady state model for continuous releases, and 

advection by the wind is considered the primary transport mechanism along the wind 

direction rather than turbulent mixing (Reible, 1999). 

Referring to Figure 2.2, the basic form of the standard Gaussian plume model is: 

C[x,y,z,H~)- m 
27zayfJzU 

exp 
y 

2a, 
exp 

{z-Hf 
2a2 (2.5) 

where C is the steady state concentration, m is the emission rate of the pollutant, U is 

the wind speed (where the wind direction is the x direction), y is the horizontal distance 

from the center of the plume, z is the distance from the ground and H is the effective 

release height (Jung et al., 2003). 

Location of tntanst 

Region of 
\ 

imaginary 
Sourc* 

1-0 

Figure 2.2: A plume from stack with virtual reflection where the effect of the 
ground is considered using a second virtual plume. This requires an additional 

term in the standard equation. (Wark & Warner, 1981) 
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This equation is equivalent to the Gaussian probability distribution and is referred 

to as the Gaussian plume model (Reible, 1999). The dispersion parameters & and az 

represent the standard deviations in the crosswind and vertical spread of the concentration 

distribution which are estimated by empirical correlations. These correlations are 

typically assumed to be proportional to time or distance traveled (Reible, 1999) and 

depend on the atmospheric stability class. 

The model is simple and quick to solve even by hand, but assumes that the wind 

is constant and uniformly directional, which does not hold in complex terrain (Reible, 

1999). The model also has no memory so that previous concentrations have no effect on 

the prediction. 

2.1.5 Gaussian Puff Models 

Puff models approximate plumes with a series of equivalent puffs. The mass of each puff 

is the equivalent mass released for the prescribed time interval, and the dispersion 

parameters evolve as in the plume theory above. Thus, for a single puff (Jung et al., 

2003): 

{z-H)2] 
~ T~ (2-6) 

where m is the mass of the puff (amount released during the time interval). The 

concentration at a location is found from the sum of all existing puffs in the domain. The 

puffs center is advected by the local wind vector which allows variation in both time and 

space. The dispersion parameters' growth can be calculated from virtual horizons and 

vertical distance. Thus, each puff can follow its own path through the domain as seen in 

C(x,y,z,H) = m 

M 3/2 2 -exp -

2 
X 

*>? 
exp 
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Figure 2.3 where puffs A, B and C are generated at times t\, t2 and t3 respectively (Jung et 

al., 2003). 

Figure 2.3: Movement of puffs A, B and C (Jung et al., 2003) 

Two types of puff models exist. The first is the plume segment type model, for 

which each puff represents the concentration distribution of over a period of time of the 

pollutant release, as described above. The second is the cluster dispersion type model, in 

which the puff is identified with clusters of particles. Turbulent eddies smaller than the 

puff size contribute to its growth while larger ones move the puff itself (de Haan et al., 

2000). 

The accuracy of the model depends on the dispersion coefficients and the 

advecting wind field. Unlike the simpler Gaussian plume model, the puff model no 

longer is restricted to steady state, uniform wind flows. 

2.1.6 Particle Tracking 

The particle tracking method is based on releasing large numbers of particles, rather than 

puffs, into the flow field. The velocity field can be pre-computed offline as is true with 
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the advection-diffusion equation. In general, the particle position in each of the 

coordinate directions after a release time interval of At is solved as (Kim et al., 2008) 

xi(t + At) = xi(t) + Ui(t}At (2.7) 

where velocity Ui is made up of mean modelled wind and turbulent fluctuations in 

direction i. 

One of the difficulties of such a method in comparison to the Gaussian plume or 

puff models is determining the concentration in a certain location (de Haan, 1999). For 

atmospheric dispersion modelling, common practice is to use a volume average over a 

grid cell in space, i.e. by summing the mass of all particles within the cell and dividing by 

the cell volume (de Haan, 1999). However, using large cell volumes can lose important 

details, while small volumes can suffer from random fluctuations so it is difficult to select 

the best cell size for determining concentration (de Haan, 1999). Alternatively, the 

density kernel approach can be used in which density distributions of different shapes 

(e.g. Gaussian) are used to distribute each particle in space (de Haan, 1999). 

The particle tracking method allows for a more complete view of dispersion over 

a complex domain than the simple Gaussian plume model (Kim et al., 2008). This 

method can also be used to avoid solving large numbers of simultaneous differential 

equations (Kim et al., 2008). Whereas this reduces the computational resources required 

relative to a full Eulerian solution, the particle tracking method cannot model nonlinear 

processes and chemistry (Peters et al., 1995). 
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2.1.7 Chemistry Transport Models 

Chemistry transport models (CTM) simulate atmospheric chemistry as well as the 

transport of pollutants and are generally used from regional to global scales. One major 

difference between the previous models and CTMs is the inclusion of chemical 

mechanisms and reactions, rather than simple passive transport of species. According to 

the literature review of Peters et al. (1995), CTMs can be simple to very complex, 

following the reactions and transport of hundreds of species. Simple models generally 

include only a few reactions or first order chemistry. CTMs become more complex as 

other mechanisms are added such as chemical deposition, interactions and meteorology. 

Some implementations of CTMs operate in an offline mode, which separate the 

chemistry and the dynamics while others couple the meteorology and the chemistry. 

Figure 2.4 shows some of the physics typically included in more complex CTMs 

which are normally used on scales much larger than plant pollutant leaks. 

Figure 2.4: Interaction considerations for a CTM (Peters et al., 1995) 
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2.1.8 Summary of Forward Transport Models 

The selection of a forward transport model is a trade-off between computational time and 

complexity and must consider the applicability of the simplifications used in the various 

models. Box models can provide useful information and multiple boxes can be combined 

for more complex geometrical regions, but are not good at providing useful information 

about the concentration profiles downstream. Thus, for applications where this is of 

larger concern than computational simplicity, box models would not be the first choice. 

Gaussian plume models are also fast and quick to compute and give, for applicable flow 

fields, a concentration distribution downstream. Unfortunately, in the case of the flow 

around buildings, the unsteadiness associated with building wakes and other flow field 

complexities are at odds with the assumption of uniform wind direction for pollutant 

releases at the scales of interest. Puff and particle tracking models, as well as solving the 

complete Navier-Stokes or Advection-Diffusion equations allow for these types of 

spatially and time varying flows. Chemical transport models with additional chemistry 

are not required for the time and lengths scales of transport anticipated in modelling 

fugitive emissions within the plant environments (on the order of a few minutes over a 

maximum of several hundred meters). 

2.2 Inverse Transport Models 

Forward transport modelling for gas dispersion starts from the gas release point and 

marches the solution forward in time. There is an alternative paradigm to investigating 

gas motion. Inverse transport models determine not where gas will go, but rather where 

it has been before reaching a point in the domain. 
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2.2.1 What is an adjoint? 

Adjoint models are a tool to estimate the sensitivity and evolution of sensitivity through 

time of a few model output variables with respect to multiple input variables (Errico, 

1997; Rao, 2007). These sensitivity fields can be used in conjunction with observations 

to determine which inputs best explain the outputs or to analyze how uncertainties in the 

model inputs affect the results (Errico, 1997). These model inputs can include pollutant 

release locations and strength. 

Tangent linear models are models which compute the output perturbation from an 

input perturbation (Rao, 2007). Consider a model operator B (Errico, 1997): 

b = 5 (a ) (2.8) 

With a perturbation of the input a ' , the change in output can be approximated by a first 

order Taylor series approximation. 

kdak 

For small perturbations, this is valid as long as the derivatives exist (Errico, 

1997). A sequence of operations to determine the net result can be considered instead of 

looking at each of the individual values. Using the chain rule, for \<n<N this net 

result can be determined as (Errico, 1997): 

dh{0) 

v ( o ) = z — « ; 
Sbjlm) y ( - ) (2-10) 

k-dbS-l) k 
' ( » ) _ V J 2 V _ *'(»-<) h '(»)_y_rr/ u 

bj =b/ 
(N) 
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where br' is the/h component after step n (Errico, 1997). 

The Jacobian (or propagator) is the matrix describing the derivatives from the 

equations above, determined with respect to the model input (Errico, 1997). Now 

consider (Errico, 1997): 

J = j(b) = j[B(a)] (2.11) 

and 

dJ _ Y* dbk dJ 

daj k daj dbk 

Equation (2.9) relates perturbations while Equation (2.12) relates sensitivity gradients and 

the input and outputs are reversed. The Jacobian of Equation (2.12) is transposed and is, 

mathematically, the adjoint corresponding to Equation (2.9). This adjoint operates 

backward in time and determines a gradient with respect to the input from a gradient with 

respect to the output (Errico, 1997). 

This linear model is useful to the extent that the first order Taylor approximation 

gives good results for the perturbation size in the forward direction. In general, this is 

true. The accuracy of the approximations used in creating the Jacobian and the adjoint 

determine how well the adjoint will perform (Errico, 1997). The question is then how to 

determine these adjoint models. 

2.2.2 Automatic Calculation 

In many complex models, it is too difficult to determine the adjoint in an analytic fashion. 

The adjoint can be determined, however, using computational differentiation (Rao, 2007). 
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An example of this is the Tangent Linear Adjoint Model Compiler (TAMC), which can 

be used to perform automatic differentiation. Kaminski et al. (1999) used this to generate 

the adjoint of 3D CO2 transport on a global scale. More details of the method used can 

be found in Giering and Kaminski (1998). 

2.2.3 Advection-diffusion equation adjoint 

While the multiple reactions and chemical reactions of the more complex chemical 

transport models may require automatic differentiation, in the case of the advection-

diffusion equation, the adjoint equation can be determined analytically. An important 

concept in source location literature is the "retroplume", which designates the past history 

of a tracer sample. The "retroplume" concept acknowledges that air sampled at a 

measurement location arrives from somewhere upstream. This is combined with the idea 

that concentration measurement is influenced by sources, and is the basis for determining 

a source-receptor relationship (Issartel & Baverel, 2003). 

Following the discussion presented by Issartel and Baverel (2003), consider the 

release of a tracer passively transported by air motion, with two volumes S at time ts and 

D at time tD where ts<to as seen in Figure 2.5. The top part of the figure indicates 

forward transport of the tracer and the bottom part of the image indicates the adjoint 

movement backward in time. 
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p. t„ 

Figure 2.5: Tracer occupying domain S at time ts moves partially to domain D at 
time to (dark grey). Looking backward in time, the air in D at tp partially comes 

from domain S at time ts. (Hourdin & Talagrand, 2006) 

The masses of air in the two volumes are denoted m$ and mo respectively and the mass of 

particles exchanged between them at the prescribed times is mex. Thus, an exchange ratio 

between the two volumes can be defined as (Issartel & Baverel, 2003): 

e(S, ts,D, tD) = m„. 

msmD 

(2.13) 

This ratio describes both the dispersion of air from S and the origin of air in D. At some 

time t following ts, the local concentration of tracer emitted from volume S per unit mass 

of air can be denoted as C(x,t) and the total air released as m$. In the inverse, let C (x,t) 

be the concentration of the plume sampled at D at some time t prior to to and the amount 

of air acting as an inverse tracer as mo- The mass exchanged and the exchange ratio 

previously defined can now be evaluated as (Issartel & Baverel, 2003): 

mex ~ \pC(x,tD)dx= \pC*(x,ts)dx 

1 f C(x,tD)dx 1 f C*(x,ts)dx 
— \P— — = —\p-

D D mr 

(2.14) 

(2.15) 
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C «. C 
The normalized plume and retroplume concentrations are C = — and C = 

ms mD 

The reciprocity relation is given by Equation (2.16) (Issartel & Baverel, 2003), where the 

overbars stand for averages in the volume at the denoted time: 

e(S,ts,D,tD) = C(D,tD) = cr(S,ts) (2.16) 

Based on the above, an amount of tracer mtrace released in S at time ts gives a 

plume with an average concentration per unit mass of air of s(S, ts, D, tD)mtrace in D at to-

Releasing the same amount mtrace in D at tD and transporting backwards in time will lead 

to the same average concentration in S at ts. Thus, forward and backward transport is 

equivalent. 

Looking at the advection-diffusion equation with a wind field of U and a 

diffusion operator of C, the backward transport equation may be obtained. For forward 

transport, the equation can be expressed as (Issartel & Baverel, 2003): 

— + U-WC + g[c) = A (2.17) 

which is simply Equation (2.1) rewritten. As the two are equivalent, the backwards 

normalized retroplume may then be described as (Issartel & Baverel, 2003): 

' dt 
-U-VC+g(c) = B (2.18) 

2.2.4 Lagrangian Backtracking 

As forward and inverse plumes are equivalent with inverted flow fields, other methods of 

transport modelling besides the advection-diffusion equation can be used. Utilizing a 
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large number of Lagrangian backtracks (Lagrangian particle tracks with an inverted 

velocity field) from the measurement point can be considered the equivalent to the 

Eulerian approach to inverse transport described above (Issartel & Baverel, 2003). 

Moving backward in time, a single Lagrangian backtrack on the mean flow field 

representing the likely path of air transport can be considered a very simple adjoint of 

forward transport showing in which regions of the domain a pollutant release would 

affect the measurement point concentration. 

2.2.5 Summary of Inverse Pollutant Transport Models 

Adjoint and inverse transport models allow determination of the sensitivity of 

measurement points to changes within other regions in the domain. Whereas some 

forward models have adjoints that are difficult to compute analytically, the advection-

diffusion equation and particle backtracking adjoints are more easily found. 

Unfortunately, whereas both forward and backward models of pollutant transport 

give pertinent information about the domain, transport models alone are not enough to 

determine where a pollutant release has taken place. Various inference techniques are 

required in order to determine locations (Rao, 2007). Thus it is also necessary to 

investigate methods for solving inverse problems. 

2.3 Inverse Problems 

The use of downstream data to estimate upstream source locations is not as simple as first 

appearances may suggest. There exist a near infinite number of possible source and 

release strength combinations in the upstream field which must be narrowed down into a 

solution. The problem itself is an inverse, ill-posed problem which cannot be solved 
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directly. Modelling in a forward sense for which the location and strength are known is 

very simple in comparison. Working in the inverse direction requires different 

techniques. 

The study of a physical system can be considered in three parts (Tarantola, 1987): 

1. Parameterization of the system: determining the model parameters which 

completely define the system; 

2. Forward problem: physical laws which, for given model parameters, can be used 

to make predictions of observable parameters; and 

3. Inverse problem: the use of observable measurements to infer model parameters. 

Unfortunately, the typical difficulty of an inverse problem is that it is ill-posed. A 

well-posed problem follows three conditions (Lavrentev et al., 1986): 

1. the solution exists; 

2. the solution is unique; and 

3. the solution depends continuously on the problem data. 

In the case of locating pollutant sources from point measurements downstream, there is 

not enough information to directly solve for the source locations and strengths. A single 

solution resulting in the observed measurements is unlikely in a mathematical sense. So, 

a solution must exist assuming that the measurements are correct, but the problem is 

more complicated. Fortunately, various techniques have been developed to determine 

most-likely solutions. 
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2.4 Solution Optimization Methods 

One way of solving an inverse problem is to use optimization methods to either choose 

the best possible solution from a series of potential solutions, or to adapt and improve an 

existing solution. 

2.4.1 Bayesian Inference 

Bayesian inference uses observations (evidence) to determine the likelihood of a 

hypothesis being true. For example, the difference between modelled concentrations of a 

released gas and the actual measurements can be used to determine the probability of 

various combinations of source locations and strengths existing in reality. For the basic 

Bayesian Monte Carlo (BMC) method, results from a Monte Carlo (MC) analysis are 

assumed to correspond to the prior distributions of the model parameters and output 

(Rao, 2007). This prior distribution "represents the information about an uncertain 

parameter" (Gelman, 2002). The prior distribution in the case of locating emission 

sources is generally a vector containing information on source location and strength. 

With large sample sizes and well-defined parameters, reasonable choices of prior 

distributions have only minor effects on the posterior inference. This dependence can be 

checked by sensitivity analysis and comparing the posterior inferences under several 

different reasonable choices of prior distribution. The choice of prior distribution 

becomes more important for small sample sizes or when the data available provides only 

indirect information about the parameters of interest (Gelman, 2002). 

Of the forward simulations preformed during the Monte Carlo analysis, only those 

simulations that are consistent with observations within acceptable limits are kept (Rao, 

2007). A continuous likelihood function that defines the probability of obtaining a 
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specified consistency refines the uncertainty estimates by weighing the results of the 

individual MC simulations (Rao, 2007). This allows the transport and dispersion 

modelling to be decoupled from the interpretation of measurements (Rao, 2007; Sohn et 

al., 2002). 

One example of the use of BMC is the work of Sohn et al. (2002) who used the 

method to locate and characterize pollutant releases in buildings. The approach was 

divided into two stages. First, a transport model was selected, a computer model was 

then built of the buildings, uncertainties of the model inputs were characterized, and 

finally simulations of many airflow and pollutant transport scenarios were performed 

using a MC approach. These were done in advance of an actual pollutant release. During 

an actual release event, Bayesian updating was used to evaluate the agreement between 

the models and the sensor data. 

The model inputs were taken from tracer gas flow experiments and modelling, 

literature and professional judgement (Sohn et al., 2002). Uncertain input parameters or 

variable building characteristics as well as source location, strength and emission 

duration were assigned an uncertainty distribution describing the range of possible 

values. From this, a library of model simulation was generated using a Monte Carlo 

technique. Sufficient sampling size could be tested by continuing calculations until 

summary statistic changes (e. g. mean, variance) would become negligible (Sohn et al., 

2002). 

During the actual release, data from the sensors was compared with the library of 

simulations using Bayesian updating. The data were compared with each simulation in 
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the library to assess the likelihood that it described the event. A high likelihood estimate 

meant that there was a high probability that the model inputs described the event being 

considered. By comparing these relative fits with Bayesian statistics, the best fitting 

model inputs and their uncertainties were estimated. In this comparison, the difference 

between data and predictions due to such factors as measurement error and model 

imperfections was also considered. The prior and posterior probabilities refer to the 

probability of each model before and after assessing their agreement (Sohn et al., 2002). 

The posterior probability, p(Yk\0), of the kth MC simulation making prediction Yk 

given sensor measurements O can be calculated be calculated using Bayes' rule (Sohn et 

al., 2002): 

L(Q\Yt)p(Yk) 
P{Yk\0)= V \ , \ (2.19) 

where L(O\Y0 is the likelihood of observing O given prediction Yk,p(Yk) is the prior 

probability of the tf MC simulation, and K is the total number of MC simulations. 

Before beginning the comparison, each is equally likely so that p(Yk) is assumed to be 

1/K. The likelihood function, L(O\Y0, quantifies the error structure of the data, which are 

the result of such factors as "measurement error, spatial and temporal averaging or 

correlations and imperfect model representation" (Sohn et al., 2002). L is Gaussian in 

cases with uncorrected normally distributed measurement errors (Sohn et al., 2002): 

L(0\Yk) = (j2^crey exp -0.5 0~Yk (2.20) 
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where ae is the standard deviation of measurement error. This may not be applicable in 

cases where there are correlated errors such as calibration bias (Sohn et al., 2002). The 

prior uncertainty of each of the model input and output parameter is then updated based 

on how well predictions in the prior uncertainty distribution agree with the measured data 

(Sohn et al., 2002). 

The Bayesian inference method is a forward transport based method that requires 

a large number of transport simulations. Depending on the geometry, wind field 

variation and source distribution, this may be non-trivial task as some of the simpler and 

faster methods of forward transport are not applicable. For example, the assumptions 

made for Gaussian plume models do not generally hold true in the presence of buildings 

and other structures that impose unsteady wind conditions and create impassable objects. 

Thus, performing multiple forward runs of more computationally costly transport models 

may be necessary. 

2.4.2 Kalman Filtering 

In general, the Kalman filter is a set of equations to estimate a process state efficiently 

and recursively while minimizing the mean of the squared error (Welch & Bishop, 2006). 

Kalman filtering is another method of data assimilation which has been applied to 

determining pollution sources and improving their estimations. The standard filter can, in 

many cases, be considered a prototype algorithm on which other estimation procedures 

are based for specific purposes so Kalman filtering "is not an end unto itself (Cohn, 

1997). While the exact details may differ depending on the exact problem and the 

research group, the Kalman filter and its variants have been used to find optimized 

solutions to time-continuous problems. The algorithms used to estimate a state vector 
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(e.g. emissions) which is then combined with a forward model and the model's output is 

then used to update the state vector so that the model results better match the 

observations (Rao, 2007). 

Hartley and Prinn (1993) used a linear Kalman filter to determine constant surface 

fluxes of CFCI3 in different regions in conjunction with a CTM and industry data to 

estimate an initial guess of sources and sinks. This filter was "derived on a linear 

relationship between the change in mixing ratio with time and the emissions over that 

time period" (Hartley & Prinn, 1993). This assumption holds true for long lived species 

as the nonlinear chemistry effects are on a much shorter timescale (Hartley & Prinn, 

1993). The update equation (Kalman filter) was applied as (Hartley & Prinn, 1993): 

E / + 1 = E r + G , ( ^ - ^ m o d e ' ) (2.21) 

The vector of source strengths in each region at time t, E,, is updated to 

E,+1 based on a comparison of the mixing ratios xt (volume of pollutant/volume of air) at 

each station to the model values. This is done through the "gain matrix" G , which is 

also updated at each timestep (Hartley & Prinn, 1993). This matrix gives the sensitivity 

of the adjustment to differences between the model and observations (Rao, 2007). 

G ^ D ^ f P ^ l f + N j ' (2.22) 

Dr is the covariance matrix representing errors in the estimated emissions in each region; 

P, is the partial derivative matrix of the model values at each station with respect to the 

regional source strengths; and N, is the covariance matrix of measurement errors at each 
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site ("noise matrix") (Hartley & Prinn, 1993). The covariance matrix for emission errors 

is also updated as (Hartley & Prinn, 1993): 

D,+1=D,-G,P(D, (2.23) 

The covariance matrix D, is necessary to calculate the gain and can be considered 

the difficult portion of the Kalman filter method (Rao, 2007). To initialize this matrix, it 

is necessary to define the goodness of the a priori estimate of the emissions from each 

region (Hartley & Prinn, 1993). After initializing the first guess, the model is run 

forward and the filter routine is used to obtain a new estimate for the initial conditions 

and this continues until the solution is considered sufficiently converged (Hartley & 

Prinn, 1993). Haas-Laursen et al. (1996) extended Hartley and Prinn's (1993) work to 

deal with time varying sources and sinks as many processes vary by season when dealing 

with emission location problems on a global scale. 

Kalman filters work best when the relationship between the internal variables and 

the output is strong and the covariance matrix is well conditioned. In the cases of 

turbulent flow and transport, these mechanisms are not linear (Rao, 2007), making it 

difficult to determine the covariance matrix. 

2.4.3 Genetic Algorithms 

Genetic algorithms were introduced and popularized by Holland (1975) and are based on 

the biological idea of the chromosome. The model inputs for a potential solution are 

represented as a numerical string, which can be thought of as a chromosome by analogy. 

An initial population of these strings is chosen where each string defines a randomly 

chosen solution. The match between the potential solution and the observations is used 
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to determine its fitness and, using the fitness of the solution to determine the probability, 

a new population is created from the old members. This includes the use of "mating" 

which shuffles segments of the strings to create new ones and random mutations to 

prevent the search from settling on suboptimal answers (Cartwright & Harris, 1993). 

This method is basically an intelligent search where poor solutions are discarded and the 

population fitness increases with each iteration (Cartwright & Harris, 1993). 

The fitness of a solution is in general evaluated by modelling the pollutant release 

forward using one of the methods described in the preceding section and then a cost 

function must be used to evaluate the resulting concentration field in comparison with the 

measured data. An example of this can be found in the work done at Pennsylvania State 

University using simple Gaussian plume models for forward dispersion in an empty field 

and root mean square difference for the cost function between the predicted and receptor 

data values for identical twin experiments (Allen et al., 2007). Work continued using 

puff models rather than plume models, different cost functions and continuing to blend 

sensor and model data (Haupt et al., 2007). 

In the simple case of a single source, a genetic algorithm can be implemented 

with simple strings representing locations and source strength. In the case of multiple 

receptors and sources, it is inappropriate to use a single dimensional string and becomes 

necessary to use a matrix of dimensions dictated by the product of receptors x sources 

(Cartwright & Harris, 1993). This makes the process more complex and computationally 

expensive, since each possible solution must be simulated for all forward iterations. In 

cases where the number of sources is unknown, determining how many potential sources 

to include within the algorithm is difficult. 
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2.4.4 Simulated Annealing 

Simulated annealing is another method for solving global optimization problems (Spall, 

2003). In essence, a neighbouring state to the current state is simulated and the decision 

of whether to move to this new state or remain at the current one is determined in a 

probabilistic fashion. This allows occasional moves to states that increase the cost 

function in order to avoid local minima (Bertsimas & Tsitsiklis, 1993). 

The annealing principle, inspired by the physical process, introduces random 

perturbations which are reduced (annealed) in a controlled fashion to find a global 

minimum of a function without being caught in local minima (Spall, 2003). This 

willingness to allow a temporary increase in the cost function is the distinction of this 

type of optimization algorithm (Spall, 2003). 

Molecules at high temperature have more mobility than at lower temperatures, 

potentially allowing them to align themselves into crystalline structures that minimize the 

system's energy state. Temperature alone does not govern this process. If the cooling 

takes place too quickly the resulting state may not be that of minimum energy (Spall, 

2003). This minimum energy state represents the cost function and the aim is the lowest 

value in the case of an optimization problem. Temporary higher values are allowed as 

the alignment process continues. This is based on the Bolzmann-Gibbs probability 

distribution describing the probability of a particular energy state where, even at low 

temperatures, the probability of reaching a higher energy state is non-zero though 

decreasing with temperature (Spall, 2003). Metropolis et al. (1953) were responsible for 

introducing the idea of simulated annealing to numerical analysis. 
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Like the other forward based source location algorithms, simulated annealing is 

used in conjunction with a forward plume dispersion model and a cost function is used to 

assess the resulting values in comparison with measurements. Thomson et al. (2007) 

used such a method in conjunction with Gaussian plume models and random search 

algorithms to identify the source of ethane dispersion in a desert environment. This 

method tends to share the same strengths and weaknesses of the other forward 

algorithms, though is less likely to stay in a local minimum. 

2.4.5 Variational Data Assimilation 

Data assimilation is the use of measurements to constrain model predictions (Zhang, 

2007). The measurement information is used to obtain better initial conditions, boundary 

conditions, etc. (Zhang, 2007). Sasaki (1958) developed variational data assimilation as a 

meteorological tool. Penenko and Obraztsov (1976) were the first to use variational 

methods in conjunction with adjoint equations. Time dependent problems, such as 

concentration measurements, use four-dimensional variational data assimilation to 

account for the distributed observations in time (Robertson & Langner, 1998). 

Variational data assimilation uses a cost function measuring the misfit between a 

model and corresponding observations (Robertson & Langner, 1998). This cost function 

is often the sum of squares of the differences between the model and the observations 

(Rao, 2007; Robertson & Langner, 1998), though this may include estimations of 

background values and background error (Zhang, 2007; Elbern et al., 1997). Finding the 

minimum cost function is equivalent to determining the conditions that best explain the 

observations (Rao, 2007). The gradient of the cost function shows its sensitivity with 
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respect to changes of these conditions and indicates the directions that the initial guess 

should be changed in order to model the output better (Rao, 2007). 

For example, consider the cost function, J, used by Zhang (2007) in conjunction 

with a chemical transport model concerned with ozone levels defined as 

/ ( c 0 ) = i ( c 0 - c * ) r B - 1 ( c 0 - c ' ) + i t ( H t c ' - c L ) 1 ' R * , ( H t c * - c L ) (2.24) 

where cfi represents background (or a priori estimate) values, B is the covariance matrix 

for estimating the background error, H^ is the observer operator which ensures that the 

model values and the measured values are equivalent and have comparable units, and c*ta 

are the observations measured at time k . Rfc is the covariance matrix, which accounts 

for observation and representativeness errors. The gradient with respect to the initial 

values is (Zhang, 2007): 

Ve9j(c°) = B- ( c ° - c* ) + x f | 4 T H t
r R r ( H t c t - c 4

n h ) (2-25) 

This gradient can be determined using a direct sensitivity method, where each of 

the derivatives is found with respect to all components of the initial state (Zhang, 2007). 

5 * 1 d^ck*_ 8ck 

dc?'dc0
2'""dc°H 

(2.26) 

The direct sensitivity method computes each derivative in the above matrix by 

using integrations of the tangent linear models with different initial conditions. 

Depending on the forward model, this can be a huge computational expense. Zhang 

(2007) estimated that for a realistic CTM, this approach would take approximately 
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107runs, making the task impossible in a practical sense. For more basic models that do 

not contain a large number of chemical reactions, this number would be much lower, but 

still is a distinct disadvantage. However, using the adjoint to compute this gradient is 

possible. Backward integration from the last timestep with condition (Zhang, 2007) 

^ H ^ H ^ - c l ) (2.27) 

then looping backward in time to the initial timestep with 

Xk = 
rdc^Y 

dck j 
^ + 1 + H [ R - 1 ( H / - c l ) (2.28) 

results in the gradient defined as 

Vc0j(c°) = B-l(c°-cB) + A0 (2.29) 

This gradient can be used with a decent method (e.g. conjugate gradient method) 

to adjust the initial state guess toward the optimal solution as an iterative process 

(Robertson & Persson, 1993). The iterative process begins with a guess of the initial 

parameters. The forward model is run and then the adjoint in order to determine the 

gradient. The gradient is then used to adjust the initial state and so forth (Robertson & 

Persson, 1993). 

Similar to the adjoint technique, variational continuous assimilation alters the 

model time derivatives instead of the initial conditions (Derber, 1989). Robertson and 

Langner (1998) used such a method to reconstruct source terms using data from the 

European Tracer Experiment. 
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Variational data assimilation takes advantage of the knowledge provided by the 

adjoint model as well as the forward transport simulation, reducing the number of 

required transport simulations relative to optimization methods using the forward 

transport model alone. 

2.5 Trajectory Statistical Methods 

In addition to solution optimization methods, there exist other statistical source location 

algorithms which are specific to the problem of pollutant source identification. The 

trajectory statistical methods (TSMs) use physical ideas such as residence time and 

backward trajectories directly within each algorithm in order to determine probability 

fields or pseudo-concentration fields, which indicate likely pollutant source regions. An 

overview of each of the main TSM methods is provided below and these algorithms are 

discussed in further depth in Chapter 3. 

2.5.1 Potential Source Contribution Function 

Potential source contribution function analysis (PSCF), also known as residence time 

probability analysis, is the simplest of the methods discussed. PSCF links residence time 

upwind of measurement locations and a set pollution criterion with a conditional 

probability field. Originally developed to analyze sulphur concentrations at Grand 

Canyon National Park (Ashbaugh et al., 1985), PSCF has been used extensively to 

identify sources and transport pathways for trace substances and particulate (Hsu et al., 

2003; Ashbaugh et al., 1985; Lupu et al., 2002; Cheng at al., 2001). 

In an implementation of PSCF, the backward air trajectory starting from the 

receptor location is determined for each measurement sample. Each trajectory is denoted 



45 

as polluted if the arrival concentration is above a chosen threshold. Trajectories are then 

divided by a set time interval At to create segment points. More segment points existing 

within a region corresponds to longer the residence time within this region. For the ij}th 

cell within the domain, ctyk is the total number of segment points present during the 

experimental time interval and b^ is the number of polluted segment points. If there are 

a total of JV segment points within the domain from back trajectories originating at the 

receptor location, then the cumulative probability that an air parcel passed through the 

ijkth cell before reaching the receptor site can be estimated as P[Aijk]~ciijk/N. Similarly, 

the probability that a polluted air parcel passed through the ijk?h cell before reaching the 

receptor is P[Bijk]~bijk/N. 

The conditional probability that an air parcel in a cell arrives at the receptor 

location with a concentration over the chosen criterion is then 

PSCFijk = P[Bijk | 4 , ] = Y^- = bf- (2.30) 
uijk ' 1S uijk 

Thus, air parcels passing over high valued regions are more likely to be polluted. 

To more clearly illustrate the concept of PSCF, Figure 2.6 shows three different 

trajectories from three different times that arrive at a sensor. Since the flow varies in 

time, the three trajectories are not identical. Each triangle along a trajectory marks 

divisions in time so that the number of triangles within a cell is representative of the 

residence time. If the concentration measured at that sensor at the time corresponding to 

the arrival of the "red" trajectory was high compared with that of the "blue" trajectories, 

intuitively the source is more likely to be along the region passed by the "red" trajectory. 

In the cell denoted *, a low concentration trajectory passes over the high concentration 
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trajectory. Thus, it is less likely that this is the part of the red trajectory that passes over 

the source since the low concentration trajectory also crossed this region. However, the 

source is still more likely to be here than if two low concentration trajectories passed 

through this cell. Looking again at cell*, the PSCF field value for that cell can be 

calculated as 

PSCF.= — = j (2.31) 
a, 5 

whereas the cells above and below have PSCF field values of 1.0. Cells transected by 

blue trajectories only (below the specified concentration threshold) have PSCF field 

values of zero. 

^General Flow Direction 

Figure 2.6: Sample trajectories of high (red) and low (blue) concentrations arrive at 
a single sensor 
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The primary advantage of the PSCF method is its computational speed and 

simplicity. PSCF requires only one simple calculation, rather than an iterative approach, 

and does not require prior information about the sources within the domain. Determining 

the back-trajectories makes up the vast majority of the computational cost. Due to its 

presumption of a cut-off pollutant threshold, PSCF does not tend to pick up on "hot-spot" 

zones as well as some other methods and is known to have good angular resolution from 

the receptors, but, while some studies have shown good radial resolution, others have not 

(Vasconcelos et al., 1996). The determination of the concentration pollutant cut-off value 

and the data set size are important to the resulting source estimation, and higher values of 

both tend to improve estimates (Cheng & Lin, 2001; Poirot et al., 2001). 

2.5.2 Concentration Weighted Trajectory and Residence Time Weighted 

Concentration 

Based on a modified version of PSCF, Seibert et al. (1994) developed the concentration 

weighted trajectory method, which was further refined by Stohl (1996) into the residence 

time weighted concentration (RTWC) method. RTWC considers the idea of hot spots 

along a trajectory (Hsu et al., 2003; Stohl, 1996). 

Initially, a first guess concentration field, known as the concentration weighted 

trajectory (CWT) field, is calculated using the variation of Hsu et al. (2003) based on the 

method developed by Seibert et al. (1994) as follows. Mis the total number of 

trajectories considered, Cm is the measured concentration at the receptor for trajectory m, 

and Tykm is the time spent by trajectory m within cell ijk. The initial mean concentration is 

weighted by residence time and is calculated as 
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i M 

^ijk~~^TM 2-1 mT'Jkm (2.32) 
2^m=\TiJkm m=X 

The refined method of Stohl (1996) redistributes the weighting of concentrations 

based on the idea that a cell along a 'clean' trajectory is unlikely to be a major pollutant 

source. Thus, each trajectory m is divided into Nm segments, where Xnm is the mean 

concentration of segment n of trajectory m, and is the average of concentrations along 

that trajectory. The contribution of segment n along trajectory m is then weighted 

according to: 

X N X 
/-i f* nm m /~> nm 

Finally, a new concentration field is calculated as 

M Nm 

^ijk -^M -%^Nm 2-12-1 ^nmXijknm (2.34) 

The calculation process Equations (2.33) and (2.34) are repeated until a chosen 

convergence level. 

Figure 2.7 and Figure 2.8 show simple example fields for CWT and RTWC 

respectively to clarify the concepts. CWT uses the residence time within each cell 

similar to PSCF (illustrated above in Figure 2.6), but it does not incorporate a pollution 

cut-off threshold. Rather, CWT weighs the results field by the measured concentration. 

Thus, a cell where high concentration trajectories have long residence times has a higher 

CWT value than those with long residence times of low concentration trajectories. 
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RTWC starts from the initial CWT field and reweights it to produce the RTWC 

field as shown in Figure 2.8 for the simplified example case. Note that the highest 

concentration cells are darker in Figure 2.8 relative to Figure 2.7 due to the reweighting 

and that cells with both relatively clean and polluted trajectories are suppressed. RTWC 

incorporates this reweighting by exploiting the concept that the source location is more 

likely to be in areas where only high concentration trajectories pass, and is less likely to 

be in cells also containing low concentration trajectories. To perform this reweighting 

and define the overlap, each trajectory is divided into segments of a specified length or 

specified time period. Thus, in Figure 2.8, the region where the high and low 

concentration trajectories overlap are reweighted to have lower intensity in the results 

field. However, since the source is still most likely along the high concentration 

trajectory, the RTWC field values along the other regions of the trajectory are increased. 

^General Flow Direction ^General Flow Direction 

Figure 2.7: Sample initial field Figure 2.8: Sample reweighting of initial 
generated by CWT CWT field by RTWC 
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PSCF, CWT and RTWC are all based on simple back-trajectories, giving a 

potential computational cost and speed advantage over solution optimization methods 

that require iteration with large numbers of increasingly complex transport models. 

These methods need to be run only once to generate a solution, even with the 

redistribution of the data in the case of RTWC, and do not require an initial guess or the 

number of sources to be defined. While not as straightforward as PSCF, CWT and 

RTWC do not use pollutant cut-offs. This allows the ability to distinguish between major 

and minor source regions. RTWC has good spatial resolution and is able to reproduce the 

main features emission features when compared with inventories (Lupu & Maenhaut 

2002; Zhou et al., 2004). The redistribution, however, can create false positives so it is 

recommended to use RTWC in conjunction with a non-redistributed method such as 

PSCF or CWT (Zhou et al., 2004). 

2.5.3 Quantitative Transport Bias Analysis 

Unlike PSCF and RTWC, quantitative transport bias analysis attempts to account for the 

trajectory uncertainties that dominate these methods (Zhou et al., 2004). In QTBA, back 

trajectories are assumed to have Gaussian profiles rather than a single definite direction. 

This, in turn, results in a similar idea to an inverse puff model combined with 

concentration measurements, though the Gaussian profile is based on trajectory 

uncertainty rather than diffusion. 

Developed by Keeler et al. (1989), the original QTBA attempted to take into 

account the various uncertainties of trajectory. Simplified QTBA (Zhou et al., 2004) 

ignores the uncertainties caused by deposition and chemical reaction. For the sake of 
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readability, the method will be described for the two-dimensional case, but can be 

extended into the third dimension. 

The probability of a tracer emission arriving at a given point in space at time t is 

(Zhou et al., 2004): 

A(x,y,t)=\ TP(x,y,t\x\y\t*)dxydy'dt' 
Jt-T J-co J -QO 

(2.35) 

where TP is the transition probability density function of the air parcel found at position 

(x', y', f) arriving at (x, y, t). This probability density function is assumed to have a 

normal distribution about the trajectory, which increases linearly with time upwind. If X, 

Fare the locations of the grid cell centers, x'(t'), y'(t') are the positions along the 

trajectory, and ax, oy are the standard deviations about the trajectory (approximated as 

a(t')=at' where a is a constant), then TP is (Zhou et al., 2004): 

TP(x,y,t\x\y\t') = 
1 

27r<jxay 
exp 

X-x\f) <\\ Y-yV) 
, 2 \ 

V °y J 

(2.36) 

Integrating over an upwind period for trajectory m over time period T, gives the potential 

mass-transfer field (Zhou et al., 2004): 

Tm{x,y\x\yt)--
J' TP{x,y,t\x\y\tt)dV 

[' dV 
h-T 

(2.37) 

Weighting by the sample concentration, gives the weighted concentration field 

M 

f^y^y^YjSxM^y^C^y) (2.38) 
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Dividing the concentration weighted mass transfer potential by the unweighted value 

gives the QTBA concentration field (Han et al., 2007). 

QTBA{x,y\x\f)= / ^ l * ' ^ 
TUx,y\x',y<) ( 2 J 9 ) 

m=\ 

The higher this concentration field is, the more likely it is that a given location is 

important to pollutants reaching the receptor. 

Again, QTBA requires a single iteration and no prior knowledge of the domain. 

QTBA has been found to give consistent results in estimating locations for large and 

clearly defined sources. However, its performance is less consistent for smaller and 

multiple sources (Zhou et al. 2004), which make QTBA a candidate method to use in 

conjunction with RTWC to identify spurious source locations. The spatial resolution is 

not as good as RTWC, perhaps due to the assumption of constant dispersion (Han et al. 

2007). In addition, the standard deviation coefficient for the trajectory error must be 

defined. While recommendations exist in the literature for this coefficient when applied 

to continental scale problems, there are no readily obvious values to apply on the building 

scale since the flows differ greatly between the two scales. 

2.6 Discussion and Method Selection 

Though investigating and comparing each method for the current study would be 

desirable, this was far beyond the possible scope of this work. Thus, it was necessary to 

select a limited number of potential approaches for further investigation. 

The central question in this project is not whether it is possible to locate sources 

from downstream concentration measurements, but whether it is possible to do so in a 
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reasonable amount of time for the scale and geometry of the problem with a limited 

sensor grid. Unfortunately, the type of obstacles and flow regimes within the domain 

increase the cost of performing transport model calculations, as the assumptions around 

which the faster models (such as Gaussian plumes) do not necessarily apply. Increasing 

the number of required transport calculations would therefore have a significant effect on 

the cost and speed of the algorithm. The more complex source optimization models with 

large number of these forward simulations may work, but their use may not be justified in 

relation to the difference in costs compared with simpler models provided that the 

simpler models are sufficient. 

Forward based methods require a large number of forward simulations, though 

this may be reduced as knowledge of the domain is increased. As stated in Chapter 1, 

there are thousands of potential sources within a plant. BMC needs simulations of all the 

potential sources. Kalman filters and simulated annealing are time intensive due to the 

computational cost as well. Genetic algorithms, too, require a fairly large search space in 

the case of multiple receptors and sources. 

To reduce the number of transport simulations, receptor oriented approaches were 

considered instead of forward transport based approaches. This left variational data 

assimilation and the trajectory statistic approaches. Variational data assimilation utilizes 

a combination of adjoint and forward transport models, which should reduce the number 

of transport simulations required. However, this approach is still more complex and 

costly than the trajectory statistical methods. The primary advantages of the trajectory 

statistical methods are their calculation simplicity, low computational cost, and their lack 

of reliance on advance knowledge of the sources. 
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Based on the above premise of "as simple as possible, but no simpler", the 

trajectory statistical methods were selected for evaluation and comparison as they require 

no domain knowledge and, if adequate location estimates are achieved, provide a 

significant computational advantage over other models. Adequate location estimates 

would also demonstrate their applicability to small scale problems. 



3 Review of Trajectory Statistical Methods 

Over the past several decades, multiple methods have been developed to use trajectories 

and pollutant sensor measurements to determine the origin of pollutants. Many of these 

have been widely used on regional and continental scales, though there is no theoretical 

reason that they could not be used on a much smaller domain size. 

3.1 Review of TSM development and validation studies 

Much of the early work on relating downstream measurements with upstream sources 

was focussed on source apportionment based on assessing relative contributions of 

various known sources to measured pollutant levels via elemental analysis on collected 

samples (e.g. Blifford & Meaker, 1967; Miller et al., 1972; Hopke et al., 1976). Though 

this type of approach allowed logic to be used to hypothesize likely sources, pollutant 

source locations were not being solved for explicitly. Meteorological information, 

however, is an important part of interpreting changes in trace gases, aerosols, etc. at 

measurement sites, as noted by Miller (1981). 

Miller (1981) classified a large number of trajectories from the Mauna Lao 

Observatory in Hawaii into directional sectors and speed and suggested that these 

trajectories could be used to perform comparisons between measurements of gases and 

aerosols and climatology variations. Multiple authors subsequently used trajectories to 

link precipitation chemistry and the air mass movement. Henderson and Weingartner 

(1982) classified trajectories in quadrants and time periods, and related these to 

precipitation acidity. Colin et al. (1989) used directional sectors separated by industrial 

activity to analyze acidity of snow and rain precipitation. Miller et al. (1993) used 
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directional sectors to relate direction with radon measurements and precipitation 

amounts. Moody and Samson (1989) and Harris and Kahl (1990) replaced the 

"somewhat arbitrary trajectory classification by compass sector" by cluster analysis, 

which is an automated multivariate statistical method to split the trajectories into groups 

by a specified distance measure, such as the spatial distance between trajectory points at 

given times (Moody & Samson, 1989). Unfortunately, it is difficult to determine source 

areas simply from the relations between trajectory clusters and concentration 

measurements, especially if there are multiple sources (Stohl, 1996). 

During the same time period as Miller (1981), Pitchford et al. (1981) analyzed 

data from Project VIEW (Visibility Investigative Experiment in the West), which 

measured visibility parameters and particle concentrations for multiple locations in the 

Midwestern United States. Beginning with principle component analysis and data 

comparison for measurements taken at the majority of network sites in the fall of 1979, 

Pitchford et al. (1981) performed additional analysis on the best and worst visibility days 

at the Grand Canyon. The causes of each of these days were hypothesised by computing 

average trajectories back in time, based on the idea that clean and dirty air may originate 

along specific corridors. Their findings revealed that during the majority of the high 

visibility days, arriving trajectories of air originated from the North and Northwest over 

remote and unpopulated areas, while during most of the worst days, trajectories came 

from the West, Southwest and Southeast. In the exceptions, trajectory velocity was 

suggested as a factor since the highly visible trajectories had higher speeds (and thus 

spent less time over source regions) than the lower visibility trajectories. 
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This idea of time spent over source regions was used by Ashbaugh et al. (1985) in 

the development of a statistical method that used back trajectories to identify source 

regions. Residence time analysis, based on the Ph. D. dissertation of Ashbaugh (1982), is 

the estimation of the probability that a randomly selected air parcel was in a location 

during a specified time duration. This may also be expressed as the spatial probability 

distribution of previous positions for air arriving at a location during a certain time 

period. The analysis can be performed for all trajectories and measurements, or special 

case trajectories that correspond to concentrations over a selected cut-off value. 

However, just using the residence time of trajectories associated with high concentration 

samples gives a peak at receptor locations, since all receptor based trajectories must end 

at the receptor. Thus, without some sort of correction or normalization, the receptors are 

always predicted to be sources. 

There are two main approaches to prevent the algorithm from predicting source 

locations at receptors. One method is to normalize the computed probability field with a 

hypothetical probability field, such as a hypothetical symmetric peak at the receptors 

(Ashbaugh et al., 1985). The other method invokes a conditional probability function, 

also known as the potential source contribution function (PSCF) in literature (see 2.5.1), 

which normalizes the high pollutant residence time function by the overall residence time 

function. Ashbaugh et al. (1985) used PSCF to determine contributing regions for high 

sulphur episodes in 1980 at Grand Canyon National Park and found agreement with 

directional trends noticed by Pitchford et al. (1981). 

Zeng and Hopke (1989) analyzed acid rain contribution regions using factor 

analysis including back trajectory information and the PSCF method. They noted that if 
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a cell contains a single endpoint, but it happens to be polluted, the PSCF value will be 1.0 

even though the confidence in that value is low. Rather than simply discard the values in 

these cells, a weighting function was used where an endpoint count of «... = 1 has a 
ijk 

weight of 0.5, n..k = 2 has a weight of 0.68, n..k = 3 has a weight of 0.85 and n,.k > 4 a 

weight of 1.0. Zeng and Hopke (1989) combined PSCF runs based on data from different 

sensors by multiplying the resulting cell values together to show the source areas 

common to both runs. Regions appearing on multiple PSCF plots for various single 

receptors were emphasized. As these high regions existed in multiple measurement sets, 

they were considered to be important source regions. However, this requires PSCF 

results to exist in these areas for each receptor measurement set. Thus, this is similar, but 

distinct, from joint probabilities calculated by pooling data sets to improve the trajectory 

coverage (and hence improve the trajectory statistics) of the domain from various upwind 

directions (e.g. Hsu et al. (2003) and Peng et al. (2007)). This latter approach allows 

PSCF to be calculated in a larger area and with increased confidence. 

Cheng et al. (1993) used a similar weighting function to the one by Zeng and 

Hopke (1989). They also introduced a method of integrating multiple trajectory height 

releases for the same measurement based on the assumption of good mixing in the 

planetary boundary layer and the idea of total probability. Cheng et al. (1993) found that 

there was no systematic method of choosing an optimal pollutant criterion in advance, but 

comparing maps with multiple values was useful for observing the source spatial 

patterns. 
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Vasconcelos et al. (1996a, 1996b) investigated the statistics of the PSCF method 

and the influence of the trajectory variability on the results. For example, if air that 

passes over a source region always passes over a neighbouring cell and vice versa, it is 

impossible to tell which of the cells contains the source. Using a single receptor and 

calculated back trajectories, imaginary sources were selected and trajectories passing 

over them were considered polluted. With a single sensor, the predicted source locations 

were smeared out in the radial direction, and in general varying angular and radial source 

locations showed good angular, but poor radial resolution. This is likely due to the 

convergence of trajectories about the single starting point. Vasconcelos et al. (1996b) 

also noted the applicability of bootstrap resampling methods, in addition to binomial tests 

based on endpoint numbers, to determine the statistical significance of the PSCF results. 

With bootstrapping, a large number of PSCF fields are calculated from random sample 

subsets of the original data set in order to estimate the standard deviation of each cell, 

which is used to determine the confidence in the resulting field estimate. This does not 

require any assumptions to be made about the sample distribution, unlike the binomial 

tests which ignore the interdependence of points along a single trajectory. 

Polissar et al. (2001) empirically determined a PSCF weighting function based on 

the ideas of Zeng and Hopke (1989) and Cheng et al. (1993). They found that using an 

upper cut-off for the weighting function at approximately 2.5-3 times the average number 

of end points within a cell worked well. 

A study by Lin et al. (2001) concluded that increasing temporal resolution (and 

thus increasing the number of measurement and trajectory pairs) improved PSCF 

resolution and continued to identify major source regions. Later that year, Cheng and Lin 
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(2001) looked at verifying PSCF using the 1998 forest fires in South America as a well 

known source. They found that using a higher pollutant criterion value (90th percentile as 

compared with the 50th and 75l percentiles often used in previous studies) reduced the 

risk of source misidentification and that PSCF plots for lower values should be compared 

with trajectory plots before conclusions are drawn. They concluded that source locations 

could be found successfully with carefully chosen inputs and were improved with higher 

criterion values and longer data sets, but the model results could not be taken for granted 

and should be inspected in conjunction with information provided by cluster analysis or 

back trajectory plots. 

Lee and Ashbaugh (2007) compared single receptor PSCF with a variation that 

used trajectory hits from multiple receptors on a cell rather than segment points. In 

essence, instead of basing everything on the residence time in the cell, this modified 

approach is based on the residence time of the trajectory at a receptor. This new method 

was able to identify more sources than trajectory point single receptor PSCF, but the 

increased number of receptors was found to be the most important factor in this 

improvement. 

Keeler et al. (1989) investigated if back trajectories could be used to determine 

systematic regional differences for unique tracer elements in the North Eastern United 

States from measurements at 6 sites in August 1983. Rather than using existing methods, 

they created the quantitative transport bias analysis (QTBA) algorithm (see 2.5.3) based 

on the idea that the back trajectories are uncertain. In this approach, each backward 

trajectory point was treated as a normally distributed "puff and the resulting mass 

transfer probability weighed by the measured concentration accompanying the trajectory. 
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It was also noted that using a single receptor location would show preferred pathways, 

but would not address distance of the source from the receptor, which requires the use of 

multiple receptors. The study was able to show the systematic differences for each of the 

tracer elements (primary differences in arrival directions), validating the QTBA 

approach. 

PSCF has difficulty determining the relative importance of sources. Seibert et al. 

(1994) developed the concentration weighted trajectory method (CWT), which would 

allow for the extraction of additional information (see 2.5.2). The original CWT uses the 

logarithmic mean time-weighted concentration in each grid cell, with higher 

concentrations on the grid indicating regions more likely to be sources. In addition, 

Seibert et al. (1994) used a point filter to smooth the field while restricting CWT field 

values to within a 95% confidence interval to remove small scale variations that had 

limited statistical significance, though simply discarding cells with insufficient 

trajectories is typical in later studies (e.g. Lupu & Maenhaut (2002) and Hsu et al. 

(2003)). Variations that weight the field using the mean time-weighted concentration 

rather than the logarithmic mean also exist (Hsu et al, 2003). 

The CWT method does neglect some information available in the data set. Stohl 

(1996) noted that air pollutants are usually concentrated in 'hot-spots' while CWT equally 

attributes concentrations along entire trajectories. Imagine a single grid cell in the 

domain though which multiple trajectories pass, only one of which has a high 

accompanying concentration measurement while to rest correspond to low 

concentrations. The clean trajectories probably don't have a source along their paths, 

including in the cell they share with the polluted trajectory. Thus, the polluted trajectory 
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must have acquired its pollutant load somewhere else along its length. The residence 

time weighted concentration (RTWC) (sometimes also called redistributed time weighted 

concentration) redistributes the concentration field based on this idea (for details, see 

2.5.2). This is an iterative process until a chosen convergence criteria (for example, 

average difference below 0.5% between iterations) is reached. 

Wotawa and Kroger (1999) investigated CWT and RTWC by using a box model 

to create a synthetic data case and isolate the trajectory statistic methods from 

measurement and trajectory errors, as well as a data set with artificial errors introduced. 

General features were reproduced by both methods. It was noted that accuracy improved 

with increased numbers of trajectories and measurements, particularly for shorter length 

data sets in which CWT and RTWC initially performed poorly. Thus, using methods 

over longer periods with more data to create stable results was recommended. Also, 

improving cell counting statistics improved results and including additional receptors 

near areas of interest was recommended when the domain was increased in size. In areas 

with low trajectory statistics and significance levels, unrealistic structures tended to 

occur. In addition, representativeness of the trajectories to the actual transport and the 

measurement accuracy were found to be critical to estimating spatial emission 

distribution to both methods. 

Lupu and Maenhaut (2002) looked at PSCF and CWT methods together and 

implemented the bootstrapping suggested by Vasconcelos et al. (1996b) to determine the 

PSCF significance. They also considered the ability to test the "smearing" of PSCF with 

ideal sources, as discussed in Vasconcelos et al. (1996b), an advantage which made it 

complimentary to other methods when determining if it was possible to distinguish the 
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source location from up and downstream locations. However, bootstrapping could not 

overcome this smearing of results up and downstream from a source. While 

unimplemented due to the receptor sites available, it was also noted that increasing the 

sensor locations to improve trajectory statistics from multiple directions was the most 

straightforward method of improving the accuracy of the predictions. 

Hsu et al. (2003) compared PSCF, CWT and RTWC. Rather than use a single 

receptor for PSCF, Hsu et al. (2003) used a joint PSCF method and multiple receptors for 

CWT and RTWC which pooled data sets from multiple receptors to improve trajectory 

statistics. All three methods indicated similar source locations, but had different 

advantages and disadvantages suggesting that all three should be calculated to provide 

more information about the potential source locations. Setting the cut-off parameter for 

PSCF lower allowed moderate, as well as large, source regions to be identified. CWT 

was found to be useful in distinguishing between moderate and large sources. RTWC 

reduced trailing effects seen in the PSCF and CWT results, as did pooling data sets. 

While consistent results were found for some sources, others could not be found without 

further up and downstream measurements to narrow the source location. 

Zhou et al. (2004) compared QTBA and RTWC. In addition, empirical down-

weighting was used for the QTBA method as an equivalent to the filters on the RTWC 

field that reduce trailing. They found that for large, clearly defined sources, both 

methods gave consistent results. QTBA required less spatial resolution for reliable 

results, but had a trailing effect. RTWC allowed for better spatial resolution and was able 

to find minor source regions, but was sensitive to such things as varying emission rate 



64 

and the authors recommended using it in conjunction with non-redistributing methods 

such as PSCF, QTBA or CWT. 

For Zhao et al. (2007), the complicated QTBA empirical filter of Zhou et al. 

(2004) was replaced by a simple weighting function similar to that used widely for PSCF 

fields (e.g. Zeng and Hopke (1989)). This weighting function was found to be an 

effective alternative to the more complicated empirical filter. An RTWC cut-off for 

minimum trajectories of half of the mean trajectory crossings was suggested. RTWC was 

found to reduce the predicted high regions to a number of hot spots which in QTBA were 

represented as a single high region. 

Han et al. (2007) performed a quantitative comparison using the Spearman 

correlation index and a spatial correlation index against emissions inventories for 

multisite PSCF, RTWC and QTBA methods. Each showed positive statistical 

correlations, but multisite PSCF produced the strongest correlation. It was suggested, 

however, that this may have been due to uncertainties in the inventory itself. RTWC was 

able to distinguish contributions from very high and low source concentration regions, 

while PSCF and QTBA could not. 

Scheifinger and Kaiser (2007) noted that the majority of works to validate 

trajectory statistical methods investigated PSCF, CWT and RTWC methods used 

subjective comparison with known sources rather than more quantitative approaches (see 

Table 3.1 below). Since the volume source information consisted of only regions inside 

and outside the source area, rather than use a spatial correlation index, a 'hit ratio' which 

compared the mean weighted residence time inside and outside the volume sources was 
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used by Scheifinger and Kaiser (2007) as a comparison parameter. This 'hit ratio' relies 

on an area source, and cannot be implemented for a point emission source. TSMs were 

found to be able to reconstruct isolated source positions for virtual source areas, 

especially RTWC. However, comparison with real world data showed decreased 

performance compared with the virtual release, and the difference was attributed to a 

maximum useful transport time, above which gas removal in the real-world setting 

became important. For example, S02 experienced a useful range of 2.5 days in the 

Scheifinger and Kaiser (2007) experiments of continental scale emission reconstruction. 

This scale of trajectory is far beyond the building scale problem under current 

consideration. 

3.2 Summary and General Observations from Previous TSM Studies 

Overall, each of the algorithms (PSCF, CWT, RTWC, and QTBA) was found to be useful 

in determining important emission source locations for continental scale problems. 

None, however, have been used for smaller scale source location estimation. The studies 

can still provide valuable guidance for their use for building scale pollutant source 

location as well as reveal opportunities for further improvement of algorithms. 

Although RTWC was able to reconstruct more complex scenarios, it also tended 

to identify false source regions so none of the algorithms can be immediately eliminated. 

In fact, previous work suggests that the combined use of multiple methods can be 

beneficial. Looking at the initial parameters which cause such false identifications may 

also be useful in determining which algorithm to trust depending on circumstances. 
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As noted multiple times, multiple receptors can be used to reduce the trailing 

effect that appears in PSCF, CWT and RTWC and improve results. Extending amount of 

time used in data gathering to produce larger data sets can also provide more consistent 

results. Neither effect should change when moved to a smaller scale problem. Thus, a 

larger network of sensors at various locations around the plant should provide better 

information than using only one or a few sensors. The importance of sufficient 

trajectories was iterated several times with several different filters used in an attempt to 

limit false predictions regions with poor trajectory statistics. Further research is required 

to determine whether filters can be used to eliminate these regions and whether their use 

will change the overall predictions when dealing with a large multi-sensor network. 

For PSCF specifically, the choice of the pollutant criterion has been shown to be 

important across multiple studies. High cut-off percentiles seem to provide better ability 

to locate the more important sources. However, as PSCF has most often been run using 

single sensors, in a multi-sensor network, where most sensors would not be expected to 

register high concentrations, it is unclear how high should this criterion be and is another 

issue to be investigated. Since multiplying multiple PSCF fields requires PSCF 

information throughout the domain, a pooled data set method is more applicable to the 

small scale problem under consideration in the present work to reduce time required to 

obtain measurements and trajectories. 

While most previous algorithm comparisons (see Table 3.1) were largely 

qualitative, a few quantitative comparisons have been completed. Hit ratio is not 

applicable to point sources, but the use of correlation coefficients is a useful approach 

that can be applied in the present work. Comparison based on quantitative correlation 
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statistics provides a method of determining relative performance of each algorithm under 

the influence of different input parameters without inserting observer bias. 
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Table 3.1: Some select Trajectory Statistical Method evaluation studies 

Trajectory 
Statistical 
Method 

PSCF 

Modified 
PSCF 

CWT, 
RTWC 

CWT 

PSCF 

PSCF, 
RTWC 

PSCF 

Evaluation 
Method 

Comparison 
with known 
sources 

Comparison 
between 
imaginary 
sources and 
single 
receptor 

Comparison 
with EMEP 
emission 
inventory 

Comparison 
with EMEP 
inventory 

Comparison 
with known 
sources 

Comparison 
with known 
sources 

Comparison 
with known 
sources 

Region 

North 
America 

South
western 
United 
States 

Central 
Europe 

Europe 

Northern 
hemi
sphere 

Europe, 
Middle 
East, 
Northern 
Africa 

North 
America 

Species 
measured 

Particulate 
sulphate 

Virtual 
pollutant 

NOx 

so2, s<V, 
NOx, NOx\ 
NH3 

Condensation 
nuclei counts, 
black carbon, 
aerosol light 
scattering 

Sulphur, 
arsenic, 
vanadium, PM, 
BC, Zn, NH4

+, 
Pb, N03" 

Optical aerosol 
properties and 
aerosol counts 

Result type 

Qualitative 

Qualitative 

Spearman 
rank order 
correlation 

Spearman 
rank order 
correlation 

Qualitative 

Qualitative 

Qualitative 

Authors 

Cheng et al. 
(1993) 

Vasconcelos 
etal. (1996b) 

Wotawa and 
Kroger 
(1999) 

Charron et al. 
(2000) 

Polissar et al. 
(2001) 

Lupu and 
Maenhaut 
(2001) 

Cheng and 
Lin (2001) 
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Trajectory 
Statistical 
Method 

RTWC 

RTWC, 
QTBA 

PSCF, 
CWT, 
RTWC 

RTWC, 
QTBA 

PSCF, 
modified 
PSCF 

PSCF, 
RTWC, 
QTBA 

Evaluation 
Method 

Comparison 
with virtual 
sources & 
sinks 

Comparison 
with known 
sources 

Comparison 
with virtual 
source; 
Comparison 
with EMEP 
emission 
inventory 

Comparison 
with known 
sources 

Comparison 
with virtual 
sources 

Comparison 
with 
emissions 
inventory 

Region 

Europe 

North
eastern 
United 
States, 
Ontario, 
Quebec 

Europe 

Eastern 
United 
States 

United 
States, 
Mexico 

United 
States 
and 
Southern 
Canada 

Species 
measured 

C02 

Particles 

Virtual 
pollutant 

so2 

Nitrate, 
sulphate 

Virtual S02 

Atmospheric 
mercury 

Result type 

Qualitative 

Qualitative 

Hit ratio; 
Spearman 
rank order 
correlation; 
Normalized 
difference 
field between 
results and 
inventory 

Qualitative 

Number of 
sources 
correctly 
identified 

Spearman 
rank order 
correlation; 
Spatial 
correlation 
index 

Authors 

Apadula et al. 
(2003) 

Zhou et al. 
(2004) 

Scheifinger 
and Kaiser 
(2007) 

Zhao et al. 
(2007) 

Lee and 
Ashbaugh 
(2007) 

Han et al. 
(2007) 



4 CFD Simulation 

4.1 General Approach 

To evaluate a range of source location algorithms, time-resolved velocity and 

concentration data were required at various points throughout the domain for a range of 

test conditions. Test data were generated using computational fluid dynamics (CFD) 

simulations of wind flow and gas releases over a simplified geometry of an actual 

operational gas plant in Alberta, Canada. CFD makes it possible to capture the influence 

of plant geometry on the wind flow and gas dispersion. The use synthetic data in an 

initial simplified simulation allowed for a controlled evaluation of potential algorithms, 

albeit in an idealized scenario. In this approach, the potential influence of errors related 

to the accuracy of predicted wind flow and subsequently determined upwind trajectories 

was not explicitly considered. 

The first step in performing a CFD simulation is to define the domain within 

which the flow is modelled. A geometry file is used to describe this region and the 

obstructions within it. This domain is divided into discrete elements (cells), where 

increasing domain resolution increases the knowledge of the domain at the expense of 

increased computational resource requirements. The problem physics are then defined 

such as the properties of the fluid and turbulence conditions, as well as the conditions on 

the boundaries of the domain. In the current case, ANSYS CFX version 12.1 was used as 

the flow solver. CFX uses an iterative solution process on the variables of interest at 

each cell within the domain and can compute steady-state or transient solutions, for 

which the choice of timestep determines the temporal resolution. Since flows around 

70 
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buildings and in urban areas tend to be unsteady, transient simulations are generally 

required even with non-varying wind conditions. A detailed description of the chosen 

domain, wind, source conditions and the implementation of the simulation is described 

below. 

4.2 Simulation Geometry 

Rather than use an arbitrary test geometry, the simplified geometry of an actual gas plant 

was chosen for initial testing. This simplified geometry was based on an operational gas 

plant located in Balzac, Alberta and can be seen in Figure 4.1. The plant consists of two 

122 m tall stacks and approximately seventy smaller buildings with an average height of 

10.5 m. The geometry was provided in the form of building vertex coordinates and 

heights, limiting the details in the geometry generated and neglecting the presence of 

pipes and other smaller objects. However, use of simplified geometry is not unusual in 

wind simulations which often use only the building geometry rather than further 

simulation detail (Mochida & Lun, 2008). 
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Figure 4.1: Simulation boundaries containing the simplified gas plant geometry 

4.3 CFX Model Implementation 

CFX is a general purpose finite-volume CFD code that allows both structured and 

unstructured grids, multiple turbulence models, steady and unsteady flow cases, and 

various numerical schemes. Further details of the solution methodology are available in 

the CFX User Manual (ANSYS, 2008). 

4.3.1 Simulation Model Type 

Wind modelling is a growing field in computational fluid dynamics with its own unique 

challenges. Determining the best model type is an important first step in simulating such 

an exterior flow. A schematic of the major model types is shown in Figure 4.2 below. In 

principle, direct numerical simulation (DNS) would be the ideal method. However, the 

computational resources necessary are prohibitive in practical applications such as wind 
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engineering simulations of flow over a group of buildings (Ferziger, 1993; Speziale, 

1998). 

More practical wind models exist for the purpose of computational wind 

engineering (CWE). Linear models based on Jackson and Hunt (1975) can be useful 

when estimating locations for wind plants, but do not match the detail and accuracy of 

more complex models and are not recommended for other applications. Although large 

eddy simulation (LES) is often a preferred approach in simpler problems where sufficient 

computational resources are available, for most purposes Reynolds Averaged Navier-

Stokes (RANS) models remain the only practical method (Rodi, 1997; Tominaga et al., 

2008). Detached eddy simulation (DES) models are a possible compromise, but are more 

difficult to implement and increase computational time over RANS models (Hasama et 

al., 2008). RANS models remain an industry standard for wind engineering due to their 

simplicity, robustness and computational economy (Hanjalic & Kenjeres, 2008). Due to 

its place as an industry standard, its computational advantages and its availability, RANS 

modelling was chosen to determine the synthetic wind flow. A description of the 

equations solved in the RANS model is given below. 
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Navier-Stokes equations 

time averaging 
(ensemble averaging) 

space averaging 
(filtering) 

direct numerical 
integration 

direct numerical 
simulation 

Large eddy simulation 

energy dissipation scale 
(IJ : kolmogorov scale) 

.(larger than n, 
smaller than () 

length 
scale 

k-epsilon model 
Differential second-

moment closure model 

characteristic length scale for turbulence 
( l : integral scale) 

characteristic length scale for mean flow 
(L: channel width, building height etc.) 

Figure 4.2: Methods of numerical simulation and turbulence models (Murakami et 
al., 1994) 

4.3.1.1 RANS Equations 

As first shown by Reynolds (1895), the instantaneous velocity, «,, can be represented 

statistically as the sum of mean, Ui, and fluctuating, w, , components: 

ui = Ui + ut 

Following the summary given by Wilcox (1994) and Narasimhamurthy (2004), this 

statistical model can be applied to the continuity and momentum equations for an 

incompressible flow. The basic form of these equation is show in (4.1) and (4.2). 

(4.1) 
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Continuity: 

^ = 0 (4.2) 

Momentum: 

du, du, dp d 
p—'- + pui—'- = — — + 

dt dxj dx, dxj 
M 

du, du. 

. dxj dxi 

(4.3) 
J) 

Combining 4.2 and 4.3, the conservation form of the Navier-Stokes equations is 

du, 8 i \ dp d 
p L + p [U.K. = H 
H ** dxjy ' ,J dxt dxj 

dt 

du, du^ 
—'- + — -

Kaxj dxt J; 

(4.4) 

The ensemble averaged continuity equation is: 

8X: 

= 0 (4.5) 

Subtracting Equation (4.5) from the continuity equation shows that the fluctuating 

velocity term must have zero divergence. Taking the ensemble average of the 

momentum equation gives 

P-
8Ut d (TTTT ~^\ dP 
—'- + p \UUi+uiui = + 
dt Hdx.\ J ' J 'I dx. dx: dxs 

f (dUi dU^ 
/J — ' - + — J -

{dxj dxt j j 
(4.6) 

Other than the replacement of the instantaneous variables with their mean values, 

the only difference between the averaged equation and the original equation is the term 

u.'«/ (Wilcox, 1994). Equation (4.6) can be rearranged into the familiar form of the 

Reynolds-averaged Navier-Stokes equation: 



dU, TT dUt dP d 
p—L + pU —'- = + — 

dt dxj dxt dxj 

1 + J 
V 

v 
fir fix,. , pujui 
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(4.7) 

J 

The last term is known as the Reynolds-stress tensor: 

TV=-Pujui ( 4 - 8 ) 

In the case of the unsteady RANS, the typical RANS equations are maintained 

along with the time dependant — - term (Narasimhamurthy, 2004). It is important to 

dt 

note that defining the averages as ensemble means retains dependency on time 

(Narasimhamurthy, 2004). The velocity described in Equation (4.1) can be decomposed 

into 

ui = Ui + ui = (U, } + ui + ui (4.9) 

where (Ui) is the time-averaged velocity, u" is the resolved fluctuation and «.' is the 

modelled turbulence (Narasimhamurthy, 2004). 

The Reynolds-stress tensor has six independent components which are new 

unknown quantities for the system of equations. In a three-dimensional flow, there are 

four unknown mean properties (pressure and three velocity components) in addition to 

these Reynolds-stress terms for a total often unknowns. Mass conservation and the 

various components of Equation (4.7) give a total of four equations only, so the system is 

not closed and cannot be solved without additional information (Wilcox, 1994). Thus, a 

turbulence model is required. 
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4.3.2 Turbulence Model Selection 

The atmospheric boundary layer of the Earth is always turbulent and the bluff bodies 

typical in urban flow situations require consideration when determining the turbulence 

model. For the RANS modelling of wind, the k-epsilon turbulence model has been tested 

often enough to reveal an over-estimation of turbulence energy in stagnation regions 

(Franke, 2006; Tominaga et al., 2008). This has led to the development of other models 

to improve simulation results. One model that decreases the production of turbulence 

energy in this region is the k-epsilon RNG model. 

4.3.2.1 k-epsilon and k-epsilon RNG models 

Both k-epsilon and k-epsilon RNG models are considered two-equation models since 

they characterize not only the turbulence kinetic energy in the form of a transport 

equation, but also the size of the large, energy-containing eddies (Mankbadi, 1994). The 

most widely used two-equation model is the k-epsilon model. The central work on the 

model was performed by Jones and Launder (1972). 

The turbulence kinetic energy (per unit mass), k, can be defined as (Wilcox, 1994) 

k = - w/w/ = - [u'2 + v'2 + w'2 \ (4.10) 

The velocity scale is defined by yjk (Mankbadi, 1994) and the length scale by 

l = Cllk
m I e (Wilcox, 1994). The eddy viscosity is thus (Wilcox, 1994) 

juT=pCftk
2/s (4.11) 

and the turbulence kinetic energy and dissipation rate, s, correspond respectively to 



dk rT dk 8U: d < dk^ 
P^ + PUJ^r = ̂ ^T~P£ + T7 (P**'**) dt dxj dxj dXj V dxJJ 

i f \ 
de rT de „ e dll: „ s d , N de p— + pU. — = Cei— v.. —'- - Ce2p— + 
dt dx. k dxj k dx. 
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(4.12) 

(4.13) 

with typical closure coefficients of (Versteeg & Malalsekera, 1995): 

Cel=1.44 Ce2=1.92 ^ = 0 . 0 9 ^ = 1 . 0 ^ = 1 - 3 

The k-epsilon model is probably the most popular RANS turbulence model and 

has been widely used and verified for many varieties of flows. Compared with the more 

complex stress models, the k-epsilon model is computationally inexpensive and tends to 

prove successful in applications where normal Reynolds stresses are relatively 

unimportant (Easom, 2000). However, there are weaknesses that become apparent when 

the k-epsilon model is applied to wind engineering. 

For flows around a cube, the k-epsilon model always predicts a positive 

turbulence energy production term, even in regions where the value should be negative 

(Murakami, 1990). In the recirculation region and wake, the turbulence is anisotropic, 

but this cannot be reproduced (Murakami, 1990) due to the definition of A: (see Equation 

(4.10)). The stream-wise normal stress dominates on the roof of a cube and the lateral 

stress dominates in the wake and recirculation zone (Murakami, 1990). The error is itself 

rooted in the isotropic eddy viscosity concept (Easom, 2000). These issues are well 

known and have led to the development of other models for their use in wind 

engineering. 



79 

Yakhot and Orzag (1986), performed renormalisation group analysis of the 

Navier-Stokes equations, thus the name RNG model. The transport equations for 

turbulence generation and dissipation match the standard k-epsilon model, but the 

constants differ (Stangroom, 2004). 

f „ N\ 
ds TT de ,_ _, ^e dU, _, s d , , ,. 
fit J fix v * » ™ , , , ,y o « ' . •= 

5^ 

V dxJj 

(4.14) 

where 

r _ 77(1-77/??Q) 

i U W G 1 + /5/73 

/ \ i /2 A: 

77 = (2S,-S,) - (4.15) 

70 =4.377 
fi = 0.012 

with typical k-epsilon RNG closer coefficients of (Versteeg & Malalasekera, 1995): 

Cffl=1.42 Ce2=1.68 ^=0 .0845 crt =0.7179 a£ =0.7179 

While this does not eliminate the isotropic assumption, the additional term in the 

dissipation equation enhances dissipation of turbulence kinetic energy, which is typically 

overproduced in the standard model near stagnation points (Jeong et al., 2002). 

Kim and Patel (2000) found that the RNG model gave improved results with 

respect to separation length and flow profile for terrain modelling containing regions of 

separation and recirculation. They concluded that the model was a good candidate for 

modelling under neutral conditions (where the temperature lapse rate and dry adiabatic 

rate are equal and vertical motion is not accelerated/decelerated by temperature induced 
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buoyancy effects in the atmosphere). Jeong et al. (2002) found similar improvements for 

simulations around a bluff body. 

Many commercial CFD codes, such as CFX, include the k-epsilon RNG model. 

While there are more complicated models with non-linear equations and non-isotropic 

eddy viscosity assumptions, these add additional computational cost to the solution and 

few examples of their accuracy for wind engineering problems are available (Tominaga 

et al., 2008). Thus, the RNG turbulence model was chosen to model the turbulence for 

the synthetic data set. 

4.3.3 Initial Simplifications 

Some simplifications were necessary for model implementation. These include both 

domain and boundary profile shape simplifications, which are described in more detail 

below. 

4.3.3.1 Vegetation and geometry simplification 

As no large vegetation was present at the gas plant location, any potential effects were 

neglected. Also, due to the simplified nature of the geometry data provided, other 

stationary objects such as piping outside of buildings were also ignored due to lack of 

information available. This assumption is used in most conventional wind assessments of 

urban areas, where only topographic features such as buildings are considered (Mochida 

& Lun, 2008). This is sufficient for the purposes of generating synthetic test data, but for 

the purposes of simulating wind flow in order to locate unknown leaks in an actual plant, 

stationary objects such as pipes outside of buildings, large vegetation or other such 

objects that affect wind flow may become important considerations. As this increases the 
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model complexity, the choice to include finer details of a simulation geometry is clearly 

dependant on the domain location and the predicted effects of these smaller, non-building 

objects. The addition of such objects is a current trend in urban flow modelling (Mochida 

& Lun, 2008). 

4.3.3.2 Thermal Convective Currents 

If thermal emissivity varies greatly in the ground features, thermal convective mixing can 

have a significant influence on the flow field. Such mixing is one of the main causes of 

wind flow in general. On the smaller scale, an example would be the difference between 

the emissivity of a lake and the surrounding terrain. At night, air over a lake cools faster 

than air above a ground surface, causing a convective current. This can affect the 

turbulence generation, boundary layer profiles or even cause significant air flow in 

extreme cases. This is sometimes included in more complex models, such as canopy 

modelling of urban wind flows (Mochida & Lun, 2008), but it is in many cases neglected. 

To further simplify the wind flow and gas releases, the domain was assumed to be 

isothermal and wind currents due to heat differences were neglected. 

4.3.3.3 Velocity Profile 

Logarithmic Law Wind Profile 

The "logarithmic law" derived originally from the turbulent boundary layer on a flat plate 

is generally considered the most accurate representation of wind speed variation with 

height above the ground up to a height of approximately 100-200 m (Holmes, 2001). 

Assuming that the change of wind speed with height (u(z)) is a function of height 

(z), surface shear stress ( r 0 ) and the density of air (pair) only, and that because the wind 
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is turbulent the effects of molecular viscosity are negligible, a non-dimensional version of 

the wind shear can be expressed as (Holmes, 2001): 

du(z) „ lPa 
dz 

(4.16) 

The inverse of the last term, I—5- , is known as the frictional velocity (w„). Setting this 
\P«r 

equal to a constant (l/kvK) gives (Holmes, 2001): 

du(z) z _ 1 

dz u, k. 
(4.17) 

vK 

Integrating, with the roughness length z0 as the integration constant, results in the 

expression (Holmes, 2001): 

u{z) = —^ln 
lvK 

(4.18) 

In the case of very rough areas such as forests, there is often an effective height 

displacement. Thus, the mean wind velocity as a function of height can be expressed as 

(Holmes, 2001): 

u(z) = In 
k 

z-zu (4.19) 

where 

w»is the friction velocity, 

kvK is the von Karman's constant (experimentally has a value of approximately 

0.4), 
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zh is the zero-plane displacement, or the effective height in cases of very rough 

terrain such as forests and urban areas, and 

z0 is the roughness length of the ground surface (between 0.01-0.05 m for open 

terrain such as the current domain). 

While the logarithmic law is based on theory, it has mathematical characteristics 

which make it difficult to use. Thus, for practical applications, the alternative 'power law' 

approach is a common alternative. 

Power Law Wind Profile 

Although the power law wind profile is not based on theory, it is used because it 

produces a profile shape similar to that of the logarithmic model, while avoiding the 

mathematical difficulties arising from logarithms at zero and negative values. Relating 

the mean wind speed with that measured at 10 m, the power law is written as (Holmes, 

2001): 

u{z) = w. 
f z V 

10m (4.20) 
\lQmj 

The exponent is an empirical function of the terrain roughness and the height at which the 

logarithmic and power law profiles are matched (zref) (Holmes, 2001): 

1 
a = R^) (4'21) 

For example, in a rural area with a roughness height of 0.04 m and matching the profiles 

at a 50 m height, the exponent becomes 0.14 or, approximately, 1/7. Due to ease of 

file:///lQmj
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implementation within the present simulation, the power law profile with the exponent of 

1/7 was used to simulate a wind profile entering the domain. 

4.3.3.4 Turbulence Intensity Profile 

The turbulence, or gustiness, of the wind is also a consideration. The turbulence intensity 

is the ratio of the standard deviation of each velocity component about its mean value. 

Thus, the turbulence intensity may be defined as (Holmes, 2001): 

1 = ^- (4.22) 

where <JU is the standard deviation of the velocity and [/is the mean velocity component. 

Average turbulence intensities gathered from field measurements typically lie in 

the range of 15 to 20 percent (Jones, 1968). For neutral stability conditions, 15 percent is 

common, though this varies with roughness, and unstable conditions can have intensities 

up to 5 times that of stable conditions (Jones, 1968). 

Turbulence intensity also varies with height. Since the purpose of the simulation 

is to generate synthetic data, an empirical relation of au equal to 2.5w» was used in order 

to create an inlet profile (Holmes, 2001). Using the logarithmic law profile, the intensity 

can be given by (Holmes, 2001): 

_ 2.5w„ _ 1 
"~(w»/0.4)ln(z/z0)~ln(z/z0) (4>23) 
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While the empirical relation used was found initially for high wind conditions 

(Beaufort number1 7-10), the final equation has also been suggested in general for the 

reverse purpose of determining roughness height from turbulence intensity measurements 

for neutrally stable conditions (Wieringa, 1996). The resulting turbulence intensities fall 

within the range of expected values of Jones (1968) and were therefore used as a 

reasonable approximation of turbulence intensities for the synthetic data generation. 

4.3.4 Forward Pollutant Release 

4.3.4.1 Simulated Leak Sources 

Rather than separately solving the complete Navier-Stokes equations for all of the 

simulated releases, the virtual gas leaks were created using additional variables 

introduced to the flow domain at a given source rate and location. These variables acted 

as passively transported scalars which did not impact the wind flow field as the amount 

of leaked gas is very small in comparison with the bulk flow. For evaluation purposes, 

source locations were chosen as shown in Figure 4.3. 

' Beaufort numbers refer to the measure on the international Beaufort scale of wind force ranging from 0 
(calm) to 12 (hurricane). 
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Figure 4.3: Source locations 

Two source strengths were used based on ranges of values which are typical in an oil and 

gas facility (based on a private communication with David Picard, Clearstone 

Engineering Ltd.). Locations 1 and 3 were selected as 'large' sources, while locations 2 

and 4 were 'medium' sized sources (Table 4.1). 

Table 4.1: Source mass flow rates 

Number 
1 
2 
3 
4 

Type 
Large 

Medium 
Large 

Medium 

Mass Flow [g/s] 
4.5 

0.45 
4.5 
0.45 

The sources were emitted as unique variables so they could be considered individually or 

in combination. 
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4.3.4.2 Forward Simulation of Leaked Gas 

The transport equation used to determine the motion of this scalar quantity (ANSYS, 

2008) is the version of the advection-diffusion equation given in Equation (2.1). 

| + v . ( M = V- V * + Sp (4.24) 

where 

<$> is the scalar (i.e. concentration), 

P is the mixture density, 

$<p is a volumetric source term, 

®<p is the kinematic diffusivity for the scalar, 

^t is the turbulent viscosity, and 

$ct is the turbulent Schmidt number. 

The kinematic diffusivity term must be specified to use of the transport equation. 

As methane gas is a primary fugitive emission of interest in the oil and gas industry, its 

kinematic diffusivity was used. This was calculated to be 2.2x10"5 m2/s using the method 

of Turns (2000). 

The use of the transport equation does not allow for the inclusion of buoyancy, so 

the gas was assumed to be neutrally buoyant. For methane, this is not the case. 

However, it is possible to construct a simple estimate for the implications of this 
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assumption as detailed below. Depending on the gas being detected, the potential 

importance of buoyancy should be re-considered on a case-by-case basis. 

4.3.4.3 An Estimate for the Effect of Buoyancy on the Transport of Methane 

Simple models of plume rise exist and can be calculated in advance to determine the 

significance of the buoyancy on the plume rise. First, the buoyancy flux of the plume 

must be determined. In cases where the plume gas has a very different specific heat and 

molecular mass than air, the buoyancy flux is defined as (Schnelle & Dey, 2000): 

p <r 

Pa 

mg 

1--
M„ + 

"Pa 

\_U_i 
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M 

\ f 
+ 

a J yPp 

£--1 
ypP J 

v Q O 
CPJ 

\CPa) 

(4.25) 

where 

Mp is the molecular weight of the plume gases 

Ma is the molecular weight of air 

Cpp is the specific heat of the plume gases 

Cpa is the specific heat of the air 

pp is the density of the plume gas 

pa is the density of the air 

Up is the initial velocity of the plume 

dp is the diameter of the plume gas exit 

file:///_U_i


89 

g is gravitational acceleration 

m is the mass flow rate of the plume 

Once the buoyancy flux is known, the gradual plume rise Briggs equation (Briggs, 

1972) can be used to determine the plume rise at a specified distance downstream. 

Taking U as the wind velocity at the plume exit and x as the distance downstream, the 

plume rise is (Turner, 1994): 

B-l/3 2/3 

AhB=\.6 b (4.26) 

There is, however, a distance at which the plume reaches a maximum height (x*). In 

cases where the distance downstream is greater than the final distance, the final distance 

value is used rather than the actual distance downstream. The distance at which the 

plume reaches the final height depends on atmospheric stability class. For neutral or 

unstable conditions (Pasquill stability classes A-D), the following can be used (Turner, 

1994): 

IfFb>55m* ls\ 

x. =119F6
2/5[m] 

IfFb <55m Is , 

xt=A9Fb
m[m] 

In stable conditions (Pasquill stability classes E-G), the final distance requires some 

additional information about stability and the change of temperature potential with 

height. The final distance is (Turner, 1994): 

x, = 2.07Us-m [w] (4.28) 

The stability parameter is 
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s = g dz , 
(4.29) 

and the change of potential temperature with height is 

d9__dT_ 

dz dz 
(4.30) 

where T is the ambient temperature and r is the adiabatic lapse rate (0.0098 K/m) for the 

standard atmosphere (Turner, 1994). 

The predicted plume rise in an example case of 4.5 g/s release of methane into air 

at 20°C and 1 arm is given below in Figure 4.4 for an unstable or a neutrally stable 

atmosphere. 

0 2 4 6 8 10 

Distance downstream [m] 

Wind velocity 
~U 0.5(m/s] A 4.0 [m/s] 
- • 1.0 [m/s] © 8.0|m/s] 
- # 2.0 [m/s] 

Figure 4.4: Predicted buoyant plume rise for 4.5 g/s methane into air at 20°C and 
1 atm for various wind speeds 

From Figure 4.4 it is apparent that in all cases the final rise of the large methane leak is 

not significant relative to the size of the domain and the resolution of the source location 
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algorithms (which is discussed in greater detail in Chapter 5). Thus, for the present case, 

it is quite reasonable to neglect the effects of buoyancy in the simulations. 

4.3.5 Domain Size 

Determining the size of the domain is another important step in preparing the simulation. 

While a full domain size convergence study can be done for optimization purposes, 

recommendations exist to determine a starting size from the domain without one. In the 

case of the current domain, several recommendations were considered from various 

sources. 

Blockage ratio area was kept under the minimum 3%. Taking H as the building 

height, a recommendation of 5 -8H in front of the buildings and 15H behind (though this 

can be reduced in the case of multiple buildings) is recommended (Franke et al., 2007). 

As the wind acting on the domain changes direction, the mesh must have the minimum 

distance for outflow in each direction. In the case of the domain, the maximum height is 

the two stacks at 122 m. Following these recommendations for the stack heights creates a 

domain of several kilometres in length, which is unattainable for the simulation. 

However, the majority of the buildings and the area of interest are much smaller. The 

average building, excluding the stacks, is approximately 10 m high and of relatively 

small cross-section. This average height was taken as the height of interest. The domain 

was created with a length of 1 km, giving a minimum distance of 250 m in any direction 

from a building to the domain edge, which is an approximate ratio of at least 25//avg. A 

height of 200 m (20Havg) was used in the vertical direction. 
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Using a constant pressure outlet, simulation results from the North-East direction 

showed that even tens of meters upstream from the outlet, producing pressure differences 

in the order of only lxl 0"2 Pa across cuts of the domain. For simulations of real 

geometries, it may be worthwhile to attempt a full domain size convergence study, but 

this was not considered necessary for the generation of purely synthetic data. 

4.3.6 Mesh 

The major determining issue of mesh generation for the computational domain was the 

compromise between sufficient resolution and the computational expense of the resulting 

simulation. In regions of high gradients, especially near the ground and buildings, or 

within wakes of building, smaller elements provided better resolution of the resulting 

flow field. This was also the region where gas leaks would be expected. In addition to 

the element size, the mesh quality needed to be considered. For the Balzac geometry, 

three meshes were created for the purposes of a grid convergence study, as discussed in 

further detail below. 

4.3.6.1 Mesh Type 

Meshes may be either structured or unstructured. A structured mesh is characterized by 

all interior nodes having an equal number of adjacent elements. The elements are 

typically quad or hexahedral in shape. Unstructured meshes allow any number of 

elements to meet at a single node. Elements are commonly triangle or tetrahedral in 

shape, though quadrilateral and hexahedral unstructured meshes are possible (Owen, 

1998). 
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While structured orthogonal hexahedral meshes are considered to provide more 

accurate solutions than unstructured tetrahedral meshes of similar resolution (Hefny & 

Ooka, 2009), the difficulty of constructing an appropriate mesh for complicated 

geometries is prohibitive. For example, when constructing structured hexahedral based 

grids, in general, there must be continuous grid lines on all faces (Hefny & Ooka, 2009). 

This requires the domain to be subdivided into blocks where the grid lines must be 

continuous through the geometry making them difficult to construct. (Hefny & Ooka, 

2009). Conversely, grid generation can be done automatically in unstructured grids, 

since continuous gridlines are not necessary. Unstructured grids are formed by 

connecting vertices, which are arbitrarily distributed within the domain by non-

intersecting lines that produce the cell elements of the domain (Hefny & Ooka, 2009). 

This makes them attractive for mapping complex domains (Hefny & Ooka, 2009) of 

which a building cluster at different sizes, shapes and angles is one example. Thus, for 

the Balzac geometry, an unstructured mesh generation method was chosen. 

4.3.6.2 Mesh Generation 

The domain mesh was created using ANSYS ICEM CFD software. For unstructured 

tetrahedral meshes, three generation algorithms were available in ICEM CFD: Octree, 

Delaunay and Advancing Front. Of these three methods, only the Octree algorithm 

produced meshes of consistently good quality for the Balzac geometry files. 

Octree Method 

With the Octree method, cubes containing the geometry are subdivided in a recursive 

fashion until the desired resolution is achieved. From this decomposition, irregular cells 
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are created where these cubes intersect surfaces. Tetrahedral elements are then created 

from these irregular boundary cells and the regular internal cells. Better grids can be 

obtained by limiting differences in Octree subdivision levels for adjacent cubes to prevent 

large size changes and smoothing to improve the resulting element shapes (Owen, 1998). 

4.3.6.3 Mesh Quality 

Tetrahedral mesh quality refers to the aspect ratio of the cells. In general, cells should 

have ratios greater than 0.3 (where 1.0 refers to the best quality aspect ratio and 0.0 the 

worst), though 0.15 is generally sufficient for complicated models (ANSYS, 2009). Poor 

quality meshes can cause difficulties in reaching a converged solution. Thus, a minimum 

ratio of 0.3 was maintained for the base mesh and the coarser meshes used in the 

convergence study. 

4.3.6.4 Mesh Settings 

To control the mesh generation, it is necessary to have some understanding of the 

influencing parameters. Mesh options can be defined globally or in a part specific 

fashion, which can be used to override global mesh settings. For example, it is possible 

to define the ground and buildings as different parts and require a finer mesh near the 

buildings than farther away on the ground. The parameters used to control mesh settings 

are listed in Table 4.2, and the values chosen to used to define the Balzac grids are listed 

at the end of this section in Table 4.4. 
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Table 4.2: Mesh Setting Descriptions 

Parameter 
Global Max Size 
Part Max Size 
Part Min Size 
Tetra Size Ratio/Expansion 
Factor 

Description 
Maximum element size in the mesh 
Maximum element size on specific part 
Minimum element size on specific part 
Expansion rate moving away from the 
surface 

It is desirable to have small mesh sizes near the regions of high gradients, but this 

is unnecessary for parts of the domain far away from the buildings such as near the top of 

the domain. However, this change in size should be gradual. In order to move from the 

small element sizes to the larger elements, it is necessary to define an expansion ratio. 

This tetra size ratio defines the size of the elements in the layer as the previous layer size, 

multiplied by the ratio. In the case of the Octree meshing algorithm, the sizes are 

restricted to powers of 2 multiplied by the smallest size in the model. Thus, the 

expansion cannot be smooth. An example is given in Table 4.3 below which shows an 

initial size of 0.5 for an arbitrary length unit and the expansion of layers outwards with a 

ratio of 1.4. This can come into effect when defining the grid spacing where the closest 

power of two had to be used (second row in Table 4.3) to match the ideal expansion ratio 

(first row). 

Table 4.3: Mesh Expansion 

Expansion Method 
Smooth Expansion 
Actual Size (Octree) 

Tetra Sizes 
0.5 
0.5 

0.7 
0.5 

0.98 
0.5 

1.37 
1.0 

1.92 

1.0 
3.84 
2.0 

5.37 
4.0 

7.52 
4.0 

10.58 
8.0 

14.81 
8.0 
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4.3.6.5 Balzac Mesh 

For the sake of a grid refinement study (see Section 4.3.10), three meshes were created at 

varying levels of refinement. Each mesh consists of an identical single domain which 

extends 200 m above the ground, as shown in Figure 4.5. On the horizontal plane, the 

domain consists of a square with 1 km long sides. A more detailed discussion of domain 

size is given in Section 4.3.5. 

U 
Figure 4.5: Coarse Simulation Mesh 

Due to computational restrictions, the finest computational mesh generated 

consisted of 20.8 million elements. Urban scale simulations have been documented using 

mesh spacing of between 1 m and 5 m at ground level in the area of interest and up to 

40 m at the top of the simulation domain (Hanna, 2006). Franke et al. (2007) recommend 

sizes at the buildings of at least 10 cells per cube root of the building volume. As the 

height is typically the smallest dimension, a more conservative estimate is 1/10 of the 

height, giving an approximate value of 1 m for the current domain based on the average 



97 

building height. A maximum size ratio of 1.3 in regions of high gradients (such as near 

the buildings) was recommended (Franke et al., 2007). 

To meet or exceed these recommendations, for the fine mesh, a maximum size of 

0.5 m and a minimum size of 0.05 m were set at the buildings, with an expansion ratio of 

1.3. The maximum size at the ground at a distance away from the buildings was set to 

5 m with a minimum of 0.5 m and an expansion ratio of 1.4. The overall maximum 

element size at the extremes of the domain was set to 20 m. 

To perform grid convergence tests, two coarser meshes were created. The 

expansion ratios were maintained while the maximum and minimum grid sizes were 

increased to have a relatively constant change in spacing throughout the domain. A 

minimum mesh quality of 0.3 was maintained for each grid. A summary of these settings 

is provided in Table 4.4. 

Table 4.4: Balzac Mesh Settings 

Mesh Name 
Statistics 

# elements 
# nodes 
min Quality 

Settings 
Max element [m] 

Building Surfaces 
max size [m] 
min size [m] 
expansion factor 

Ground Surface 
max size [m] 
expansion factor 

Coarse Medium Fine 

6019226 
1074734 

0.3 

9921034 
1772426 

0.3 

20803627 
3716883 

0.3 

40 

1 
0.1 
1.3 

10 
1.4 

30 

0.75 
0.075 

1.3 

7.5 
1.4 

20 

0.5 
0.05 
1.3 

5 
1.4 
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4.3.7 Boundary Conditions 

To generate the synthetic data, boundary conditions on the outside of the domain must be 

specified. The selections for each of these boundaries are discussed below. 

4.3.7.1 Inlet 

The inflow boundary condition was prescribed based on the power law profile. The plant 

was located in a rural location and, since the rural area contained no large obstacles, z/, 

was assumed to be zero. The roughness length was set to a rural terrain value of 0.04 m 

(Holmes, 2001). For the purpose of generating a synthetic data set, the inlet flow was 

specified as a smooth, linear sweep in velocity. This varied in both direction and speed. 

The speed magnitudes were based on hourly measurements from an arbitrary day at the 

Ottawa International Airport. To aid in the definition of inflow and outlet boundary 

conditions to the computational domain, wind directions were segregated into three 

general quadrants as shown in Table 4.5 where each quadrant represents a small variation 

around a prevailing wind direction. Winds from the fourth and final quadrant were 

purposefully omitted, since in a typical field situation, one could not expect full 360° 

wind coverage on a regular basis. The wind direction was assumed to be constant with 

height. It was also necessary to have some measure of the turbulence so the turbulence 

intensities from Section 4.3.3.4 were used, which were considered to be reasonable for 

the slowly varying speed conditions. 
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Table 4.5: Inlet conditions at 10 m height using linear variation over duration 

Inlet Condition 

1 
2 
3 

Speed variation [km/h] 

17.0 to 14.9 
6.0 to 6.8 
5.0 to 7.5 

Directional variation [deg] 

190 to 215 
100 to 126 

10 to 35 

Duration 
[min] 
21.5 
22.0 
21.5 

4.3.7.2 Wall and Ground Boundary 

A no-slip (zero velocity) boundary condition was enforced at the ground and building 

walls. For the purposes of the simulation, resolution of the full boundary layer was not a 

priority and, on the scale of the element sizes of the simulation, CFX implemented 

logarithmic wall functions. 

It was also necessary to specify the wall properties. Tominaga et al. (2007) 

followed the recommendation of Franke et al. (2004) to use smooth wall conditions for 

the building area. Smooth walls were similarly chosen for the present simulation. 

4.3.7.3 Top 

The upper domain surface employed an opening boundary condition, which allowed both 

inflow and outflow. However, due to the need to maintain a boundary condition 

consistent with the inlet boundary (Franke et al., 2007), the velocity and turbulence 

intensity was specified to match the inlet condition and improve convergence and 

stability. 

4.3.7.4 Outflow 

Typically, outflow or constant static pressure boundaries are specified behind obstacles 

(Franke et al., 2007). Rather than specify all the outlet velocity values, a zero relative 



static pressure was specified at the outlet, which assumed that beyond the domain 

boundaries the pressure remained constant. 

4.3.8 Simulation Type 

Simulations can be either steady-state or transient. A steady-state simulation attempts to 

find the statistically unchanging flow values for given boundary conditions. A timestep 

is chosen for the simulation and the solution is marched forward in "time" until a solution 

is reached that does not change more than a specified convergence level. However, if 

transient behaviour is caused, it may no longer be possible to reach a converged solution 

and a transient simulation is required. For the Balzac geometry, even with steady inlet 

wind profiles, transient behaviour is observed. Thus, it becomes important to model the 

transient behaviour of the flow for this application. 

4.3.9 Initial Condition Generation 

For transient simulations, it is necessary to have an initial flow field from which the 

solution marches forward in time. Typically, without other available data, this flow field 

is created from a steady state simulation. This method was also used to initialize the 

Balzac meshes. A steady state simulation was attempted for the fine mesh for 100 

timesteps, since convergence greater than the order of 10"3 could not be reached due to 

the transient nature of the flow. The results of this simulation was used to initialize the 

transient simulations. For the grid convergence study, these steady results were 

interpolated onto the coarser meshes for the sake of consistency. 
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4.3.10 Mesh Discretization and Timestep Selection 

Both spatial and temporal discretization can have a large effect on the results of a CFD 

simulation. The theoretical accuracy of the simulations is between first and second order 

in space using the CFX high resolution numerical discretization. Thus, if the grid spacing 

is halved, the error caused by spatial discretization should decrease 2-4 times. Both 

spatial and temporal convergence studies were carried out for the Balzac simulation as 

described below. 

Franke et al. (2007) and Franke & Frank (2008) have recommended attempting 

Richardson extrapolation for wind predictions, which is one method for determining the 

discretization error. It should be noted that other methods exist for determining error in 

CFD simulations (Celik & Li, 2005) and research into the applicability of all methods is 

ongoing. 

It is especially important in wind engineering to look at the error as grid 

converged solutions are usually beyond current computational capabilities. This 

discretization error arises from modelling with a discrete system with a finite grid and 

time step (Gokalktun el al., 2005). While reaching solutions in the asymptotic range is 

challenging, and even impossible in many cases, it is recommended to attempt 

Richardson extrapolation for wind engineering problems to gain a sense of the error due 

to the problem discretization (Franke et al., 2007). Details of Richardson extrapolation 

can be found in Appendix A. An increased safety factor was used to account for 

oscillatory convergence (Franke and Frank, 2008). 



Three grids were used to perform Richardson extrapolation on the results. The 

baseline grid was the maximum node count possible on the current hardware (i.e. 20.8 

million elements), with the other two grids of smaller node count. Rather than perform 

the entire simulation of 20 minutes on three grids, transient simulations were performed 

on a steady inlet condition for two directions for a period of one minute. A timestep of 

0.2 s was selected as will be further discussed in Section 4.3.10.2 below. Simulations 

were run to a convergence level of 10"5. The forward dispersion calculations also 

resulted in a 4 to 5 order of magnitude residual drop for this convergence condition, 

although the starting (10~3 to 10"4) and ending (10~7 to 10"9) order of magnitudes were 

lower. 

4.3.10.1 Spatial Discretization Error Study 

Spatial convergence was performed using Richardson extrapolation based on the 

methodology used by Franke and Frank (2008) for an urban street intersection. Twenty 

circular planes of 300 m radius separated by 1 m vertical height were centered on the 

building complex. This allowed for importance to be placed on the area of interest for 

the pathline generation. One thousand points were selected using approximately equal 

spacing on each plane to provide locations to extract velocity data from the simulations. 

At each of these points the mean, maximum, minimum, and RMS values for speed and 

each velocity component were extracted. 

Richardson extrapolation was used to estimate the actual value of each at the 

selected positions. Due to computational limits, it was not possible to attain the 

asymptotic range for the grid triplet at all the locations, something which is difficult even 

for simple flows. Franke and Frank (2008) found that in the case of urban flows larger 
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error bars reflected the greater uncertainty even when grids outside the asymptotic range 

were used as part of the triplet, so the procedure was performed to determine the order of 

magnitude of the discretization error. The safety factor was increased from 1.25 to a 

conservative value of 3 for oscillatory convergence regions and in regions where the 

order of convergence deviated from the expected range based on Franke and Frank 

(2008) and further described in Appendix A. 

To determine the relative error, the resulting extrapolation values were 

normalized. To prevent normalization by zero, the error was normalized by the total 

range of the value within the domain. Table 4.6 and Table 4.7 show the Richardson 

extrapolation values for two directions using steady inlet conditions for one minute of 

physical time simulation at 0.2 s timesteps. These values were calculated for the four 

flow variables (i.e. total and component magnitudes of the velocity vector) extracted at 

each point. The mean and RMS normalized error values for the entire domain were then 

determined for points where an estimate could be found. 

Table 4.6: Richardson extrapolation error estimates for 1 min of simulated time at 5 
km/h from 10° direction normalized by the value range 

Extracted 
Data at Point 
Normalized 

error 
estimate for 

domain 
Speed 

U 
V 

w 

Mean 

Mean 

0.102 
0.029 
0.076 
0.020 

RMS 

0.312 
0.122 
0.238 
0.149 

Max 

Mean 

0.155 
0.034 
0.098 
0.034 

RMS 

0.433 
0.153 
0.266 
0.259 

Min 

Mean 

0.093 
0.035 
0.074 
0.028 

RMS 

0.357 
0.189 
0.287 
0.214 

RMS 

Mean 

0.100 
0.054 
0.097 
0.041 

RMS 

0.302 
0.206 
0.301 
0.301 
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Table 4.7: Richardson extrapolation error estimates for 1 min of simulated time at 6 
km/h from 100° direction normalized by the value range 

Extracted 
Data at Point 
Normalized 

error 
estimate for 

domain 
Speed 

U 
V 
W 

Mean 

Mean 

0.142 
0.104 
0.036 
0.027 

RMS 

0.465 
0.314 
0.190 
0.143 

Max 

Mean 

0.179 
0.132 
0.038 
0.036 

RMS 

0.492 
0.369 
0.164 
0.215 

Min 

Mean 

0.117 
0.088 
0.041 
0.029 

RMS 

0.444 
0.330 
0.202 
0.178 

RMS 

Mean 

0.144 
0.141 
0.053 
0.049 

RMS 

0.442 
0.431 
0.201 
0.244 

While these results indicate that the velocity values have errors less than the total 

velocity range, as shown in simulations of Franke and Frank (2008), in this case it was 

not possible to determine values for a large number (45-55%) of the selected grid triplets 

even with the use of safety factors for oscillatory convergence. In the simulations of 

Franke and Frank (2008), approximately 30% of points selected estimations could not be 

found. With the more complex geometry under current study and point selection in more 

diverse regions, there were even more points where the extrapolation could not be 

calculated (between 45-55% of points depending on the variable). Figure 4.6 and Figure 

4.7 show points where Richardson extrapolation was attempted for two different heights. 

In both cases, there are regions upstream, as well as downstream, of the buildings where 

the estimation cannot be calculated, though this is more common at the lower height. 
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Figure 4.6: Points where Richardson 
estimation of speed available (blue) and 

unavailable (red) at 2 m height 
corresponding to 5 km/h wind from 10° 

Figure 4.7: Points where Richardson 
estimation of speed available (blue) and 

unavailable (red) at 10 m height 
corresponding to 5 km/h wind from 10° 

Three random points were chosen in the domain for the purpose of illustration of 

the Richardson extrapolation values for individual points. These are shown in Figure 4.8 

and the coordinates are defined in Figure 4.9. 
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Figure 4.8: Random Sample Points 

Figure 4.9 gives the speed at each point location for the three grids and the range of the 

Richardson extrapolation error on the finest grid point corresponding to 5 km/h wind 

from 10°. 
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Figure 4.9: Speed at three points versus number of grid elements 

Note that Point 2 does not have a error range displayed as it was one of the points 

at which a value could not be calculated. The difference between successive grid values 

must decrease for it to be possible to estimate error. While the computed speeds for Point 

2 are within cm/s of each other for each grid, the ratio of difference was not decreasing 

and an error estimate could not be calculated. Thus, Richardson extrapolation was 

considered insufficient to characterize the error and the maximum difference between the 

three grids at each point was also considered. 

Figure 4.10 and Figure 4.11 show the absolute difference in speed between the 

finest and coarsest meshes at two different heights. At 10 m in height, the largest 

difference occurs at the upwind building edge (up to 1.7 m/s). 
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600 (m) 

150 450 150 450 

Figure 4.10: Absolute difference in speed Figure 4.11: Absolute difference in speed 
between coarse and fine mesh at 2 m between coarse and fine mesh at 10 m 
height corresponding to 5 km/h wind height corresponding to 5 km/h wind 

from 10° from 10° 

To get a clearer picture, a three dimensional plot was constructed. An isosurface at an 

absolute speed difference of 0.25 m/s was coloured by the speed values on the fine grid 

(Figure 4.12). As shown here, the largest regions of difference between the grids occur at 

the upwind corner of the domain and directly downstream of the two stacks where the 

fine grid is able to improve the resolution of the flow field. 
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Figure 4.12: Isosurface 0.25 m/s difference between fine and coarse grids coloured 
by fine grid average speed 

The errors will have an effect on trajectories passing over these buildings, but it is not 

essential that the synthetic data set for testing purposes match a physical case as these 

trajectories correspond to the releases performed on the same flow field. Table 4.8 and 

Table 4.9 summarize maximum differences between all three test grids, giving the mean 

rh 

and 95 percentile values for each of the extraction points. 



109 

Table 4.8: Difference between all three grids for 1 min of simulated time at 5 km/h 
from 10° direction 

Extracted 
Data 

at Point 
Max diff. 
between 
all grids 

Mean 

Mean 
95" 
per

centile 

Max 

Mean 
95th 

per
centile 

Min 

Mean 
95th 

per
centile 

RMS 

Mean 
95th 

per
centile 

Absolute [m/s] 
Speed 

U 
V 

w 

0.033 
0.012 
0.032 
0.007 

0.081 
0.044 
0.080 
0.034 

0.048 
0.018 
0.048 
0.012 

0.116 
0.074 
0.116 
0.061 

0.030 
0.015 
0.028 
0.010 

0.122 
0.065 
0.116 
0.050 

0.032 
0.011 
0.032 
0.007 

0.082 
0.040 
0.080 
0.033 

Normalized by fine grid solution 
Speed 

U 
V 

w 

0.038 
0.389 
0.136 
19.3 

0.118 
0.309 
0.127 
5.33 

0.053 
0.250 
0.186 
2.61 

0.147 
0.590 
0.249 
6.12 

0.035 
0.128 
0.077 
3.20 

0.169 
0.254 
0.179 
6.17 

0.034 
0.054 
0.041 
0.481 

0.116 
0.190 
0.123 
2.04 

The mean absolute difference between velocity values for the coarsest and finest 

grids is less than 0.1 m/s in all cases. The 95th percentile difference is less than 0.13 m/s 

among the grids. This variation is probably less than what could be realistically 

measured in the field. The third velocity component has, overall, values very close to 

zero so small differences cause large percentage errors, which are reflected in the table 

above. The same trend is reflected with the other inlet direction, with mean differences 

between the time-averaged velocities on the order of cm/s as shown in Table 4.9. 
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Table 4.9: Difference between all three grids for 1 min of simulated time at 6 km/h 
from 100° direction 

Extracted 
Data 

at Point 

Max diff. 
between 
all grids 

Mean 

Mean 
95th 

per
centile 

Max 

Mean 
95th 

per
centile 

Min 

Mean 
95th 

per
centile 

RMS 

Mean 
95th 

per
centile 

Absolute [m/s] 
Speed 

U 
V 

w 

0.041 
0.040 
0.017 
0.011 

0.103 
0.100 
0.065 
0.048 

0.057 
0.060 
0.022 
0.019 

0.142 
0.150 
0.098 
0.100 

0.039 
0.037 
0.026 
0.016 

0.144 
0.140 
0.104 
0.075 

0.040 
0.039 
0.016 
0.011 

0.102 
0.099 
0.057 
0.049 

Normalized by fine grid solution 
Speed 

U 
V 

w 

0.042 
0.103 
0.243 
1.07 

0.127 
0.145 
0.456 
2.47 

0.055 
0.309 
0.146 
2.03 

0.166 
0.351 
0.325 
2.52 

0.036 
0.061 
0.404 
27.2 

0.158 
0.172 
0.917 
3.42 

0.036 
0.041 
0.062 
0.283 

0.12 
0.127 
0.227 
0.922 

While a completely grid independent solution was not identified due to 

computational limits, Richardson extrapolation and evaluation of the absolute and 

percentage difference between the grids suggest that the velocity change between grids is 

sufficiently small when compared with the velocity range of the fine grid solution. In 

addition, the trajectories and concentrations ultimately used both correspond to 

calculations made on the fine grid solution so errors in wind flow calculation used in 

determining the trajectories will not affect the algorithm testing. 

4.3.10.2 Timestep Selection 

As with the spatial convergence, temporal convergence was also performed using three 

timesteps (0.5 s, 0.2 s and 0.05 s). Initially, Richardson extrapolation was attempted in 

order to determine the mean flow characteristics for the exact solution. However, the 
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differences between the solutions were so small that this resulted in a large number of 

points with zero difference between them. This made it difficult to apply the Richardson 

extrapolation equations which rely on dividing by the difference between two grids. 

Instead, Equation (A. 19) as described in Appendix A on Richardson extrapolation was 

applied uniformly and the results were normalized by the value range. 

As can be in Table 4.10, the order of magnitude of the temporal discretization 

error is several times less than that of the spatial discretization. Thus, timesteps less than 

0.5 s were considered sufficient for capturing the important flow characteristics on the 

scale of the trajectories. A timestep of 0.2 s was chosen since this allowed the 

convergence criteria to be reached within 3-5 iterations for each timestep as 

recommended by the ANSYS CFX manual, allowing for a balance between 

computational time and accuracy. 

Table 4.10: Difference estimates for 1 min of simulated time at 5 km/h from 10° 
direction normalized by the value range 

Statistical Component 
for Duration 

Max normalized diff. 
between solutions 

Speed 
U 
V 
W 

Mean 

Mean 
(IO-4) 

3.4 
2.3 
2.5 
2.4 

RMS 
(IO"4) 

9.8 
7.8 
7.4 
8.2 

Max 

Mean 

(IO"4) 

7.8 
5.9 
4.8 
7.4 

RMS 

(IO"4) 
30 
25 
20 
39 

Min 

Mean 

(IO"4) 

7.6 
5.8 
5.4 
6.2 

RMS 

(IO"4) 
28 
28 
20 
32 

RMS 

Mean 

(io-4) 
3.3 
4.1 
3.2 
4.2 

RMS 

(IO"4) 
9.2 
32 
9.0 
15 

4.3.11 CFD Setup Summary 

Following the detailed discussion presented in this chapter, parameters for the final 

simulations of the flow within the simplified plant geometry for use in trajectory 
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statistical model evaluation are summarized in Table 4.11. Due to the size of the result 

files, the results for every second, rather than every 0.2 s, were saved for the purposes of 

data extraction. 

Table 4.11: CFD summary 

Parameter 
Number of mesh elements 

Mesh type 
Max element size at buildings 
Max element size at ground 
Max element size in domain 

Domain size 
Inlet velocity profile 

Inlet turbulence profile 
Inlet velocity direction and magnitude 

Wall boundary 
Top boundary 

Outflow boundary 
Turbulence model 

Timestep 
Convergence criteria 

Value 
20.8 million 

Tetrahedral unstructured 
0.5 m 
5 m 

20 m 
1000 m x 1000 mx 200 m 

Power law profile (exponent 1/7) 
See 4.3.3.4 

See Table 4.5 
Smooth, no slip 

Opening 
Zero relative static pressure 

k-epsilon RNG 
0.2 s 
10^ 

The effects of gustiness, transient wind variation with height (as opposed to the simple, 

mean profile) and other such complexities to wind inlet conditions were not considered in 

this simplified simulation. Finally, the advection-diffusion equation was used to simulate 

the release of a neutrally buoyant gas from four locations within the domain to be used in 

algorithm testing. 



5 Inverse Pollutant Tracking and Results 

5.1 Receptors 

Thirty-one synthetic receptor locations (virtual sensors) were chosen as represented by 

the filled circles shown in Figure 5.1. Locations were first specified to follow equal 

spacing within a 250 m radius as calculated by CFX, and any locations beside walls were 

then manually repositioned outward. All receptors were placed at a height of 1 m above 

the ground. 
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Figure 5.1: Receptor locations 

5.2 Trajectory Calculation 

Prior to performing any of the TSMs, algorithms needed to be defined to calculate 

upstream trajectories of air measured at the receptor locations for each concentration 

measurement. From the CFD results, air velocity data were available at each node in the 

mesh for every second of physical time. Trajectories were calculated on this wind data, 

113 
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which are discretized both in time and space. These trajectories marched backward in 

time from when the concentration measurement data were extracted. Figure 5.2 shows 

example trajectories arriving at a single sensor, calculated for the first wind quadrant. 

400 

y [in] 2004 

Figure 5.2: Trajectories from receptor 20 for wind quadrant 1 

To march backward in time, it is first necessary to extract the velocity information 

at points in the domain at specific times. For a specific timestep, the velocity coordinates 

are stored at each node of an element. Within an element, the velocity is interpolated 

linearly using Barycentric coordinates. To calculate trajectories, a 5 order explicit 

Runge-Kutta method was used (Butcher, 1964). 

While velocity field data were available at one second time resolution, this was 

considered too coarse for the trajectory calculations when marching backward in time. 

Velocity components between timesteps were thus interpolated linearly to a timestep 

resolution of 0.1 s. The influence of this trajectory timestep on calculated trajectories 
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was separately investigated and it was found that reducing this timestep resulted in little 

change in the calculated trajectories as discussed below. 

For every 30 s interval of simulated flow time, a new trajectory calculation was 

initiated at each receptor, and marched backward in time for a maximum of 180 s. To 

determine the error due to the trajectory timestep selection, multiple trajectory calculation 

timesteps were used. The potential significance of round-off error was also investigated 

by selectively using single and double precision variables in the calculations. During test 

calculations using velocity data representing 20 minutes of physical time (i.e. flow time), 

the maximum distances between the corresponding trajectories within the data sets for 

trajectory timesteps of 0.1 s and 0.001 s were compared. Figure 5.3 plots the cumulative 

distribution of the maximum differences between these trajectories and shows that there 

was a maximum difference of less than 1 m for 95% of the trajectories used. Since the 

finest resolution source grid used to estimate source locations had a 5 m cell size, this 

difference between trajectories calculated using different timesteps was deemed 

negligible. In rare cases where the differences were larger, examination of the velocity 

field and calculated trajectories showed that this occurred when a trajectory passed along 

the edge of a building induced recirculation zone, such that the smallest perturbation 

could dictate whether the trajectory got drawn into the recirculation, or continued past. 

Differences of this nature were understood to be part of the flow physics rather than an 

indication that the resolution of the trajectory calculations was insufficient. 
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Figure 5.3: Maximum difference of 0.1 s timestep trajectories compared with 
timestep of 0.001 s 

5.2.1 Turbulent Dispersion 

When calculating the trajectories, the relative effect of modelled turbulence versus the 

large scale resolved structures has implications on the scalability of the algorithms used. 

On a continental scale, the turbulence structures and scales are very different than those 

found in a modelled gas plant. To quantify contribution of modelled turbulence to 

trajectory motion, the turbulent diffusivity was estimated. 

The average diffusivity in homogeneous and isotropic turbulence can be defined 

as (Mazzitelli & Lohse, 2004) 
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Df=(u')2TL (5.1) 

where u' are the root-mean-square of the velocity fluctuations and TL is the Lagrangian 

integral timescale. The Lagrangian timescale has been estimated based on turbulent 

kinetic energy (k) and turbulent eddy dissipation ( s ) as (Picart et al., 1986) 

TL - 0 . 1 3 5 - (5.2) 
£ 

Assuming isotropic turbulence, then the velocity fluctuations have the same magnitude 

for each coordinate direction and can be related to the turbulent kinetic energy via 

h = -uiui=-[u'1) (5.3) 

Thus, the diffusivity can be estimated as 

> \ 2 . Df={u')TL 

v3 j 

-\ 
0.135-

V £ J 
(5.4) 

0.09 — 
£ 

In the current simulations, the diffusivity was estimated at twenty thousand points 

in the area relevant to trajectory calculations (see Section 4.3.10.1) for three primary 

wind directions. This resulted in an average diffusivity of 5.4x10"2 m2/s. Based on a time 

interval of 180 s (corresponding to the length of time over which each trajectory was 

calculated), the diffusion of gas due to the modelled turbulent diffusivity is 

approximately 10 m2. This is equivalent to a circle with a radius of approximately 2 m. 

This is less than 1% of the average trajectory length (217 m) and smaller than then 5 m 

cell size of the finest resolution used. Even at an order of magnitude larger, this distance 
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is still within a useful range for determining source locations. This suggests that large 

scale resolved structures tend to dominate the trajectory motion. 

5.2.2 Concentration Limits 

Concentration data at each receptor were also extracted and linked to any trajectories 

arriving at the receptor in a given timestep. However, at some receptors, the simulation 

predicted negligibly small concentration values, much smaller than what would be 

practically measureable in a field experiment. In general, these low concentrations were 

observed in regions where the plume had passed previously, leaving local concentrations 

that were no longer exactly zero, even though they would be far below measureable 

limits. While this would have little effect on CWT, RTWC and QTBA end results which 

use concentration weightings, these residual concentrations would affect PSCF since it 

uses binary pollution cut-off limits. For example, by using the raw simulated 

concentration data in a PSCF calculation, concentrations of 10~20 kg/m3 (1.5 x 10~14 ppmv 

for methane) could be considered polluted whereas concentrations of 10"21 kg/m3(1.5 x 

10"15 ppmv for methane) could be considered unpolluted, even though both are effectively 

zero. To account for this in the analysis presented below, all methane concentrations 

below 10" kg/m (approximately 1.5 ppmv for methane) were levelled to zero. The 

nominal 1.5 ppmv detection limit corresponds to the anticipated sensitivity limit of a 

measurement via Tuneable Diode Laser Absorption Spectroscopy (TDLAS), which is an 

anticipated technology for use in a plant environment. The 1.5 ppmv value is slightly less 

than typical ambient concentrations of methane in the atmosphere (~1.8 ppmv), since the 

synthetic data set only included gas added at the various sources and the methane 

concentration in the inflow to the domain was set to zero. 
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5.3 Parameters affecting source location algorithms 

There are multiple possible factors that have the potential to influence the performance of 

the various source location algorithms. Comparing and evaluating algorithms without 

some attempt to optimize these influences could result in the rejection of an algorithm 

simply due to user inexperience in parameter selection, rather than inherent weaknesses. 

5.3.1 Parameters universally affecting source location algorithms 

While some input parameters are algorithm specific, others can potentially alter the 

results for all of the TSMs. Parameters in this latter category are outlined first below, 

along with the inputs tested for this study. 

5.3.1.1 Cell Size 

To locate sources, the domain must be divided into potential source regions. Trajectory 

statistical methods are a balance between coverage of the domain and spatial resolution. 

As such, the size of the cells considered for pollutant sources can have a very large 

influence on results. Four cell sizes on the horizontal plane were chosen. These cells 

were square, with lengths of 5, 10, 20, or 40 m. Although trajectories were calculated in 

three dimensions (which allowed them to freely pass over and around buildings), it was 

found that they had very little height variation in comparison with the horizontal 

distances travelled. This is apparent in Figure 5.4, which shows a side view of all 

calculated trajectories in the domain. Thus, the source location algorithms were analyzed 

in two dimensions by considering the horizontal coordinates only (i.e. differences in 

height between overlapping trajectories in the vertical plane were assumed to be 

negligible). The trajectory data shown in Figure 5.4 suggests this was a reasonable 

assumption. 
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Figure 5.4: Side view of domain with trajectories for full case 

5.3.1.2 Number of Receptor Measurements 

Increasing the number of receptor measurements (and the number of trajectories) also 

affects domain coverage. This can be affected by changing both the number of receptors 

and the measurement intervals. The trajectories (and corresponding measured 

concentrations at receptor locations) were combined to form several data sets. Separate 

tests were performed for four different cases using trajectories from each wind quadrant, 

trajectories from wind all quadrants, every third trajectory from all wind quadrants (i.e. 

increasing the time interval between calculated trajectories from every 30 s to every 

90 s), and every third sensor for all wind quadrants (i.e. reducing the number of sensors 

used). Figure 5.5 and Figure 5.6 show the locations of trajectories for the combined data 

set of all trajectories. 
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20 

Figure 5.5: Trajectory locations for Figure 5.6: Number of trajectories 
all three wind quadrants (full case) passing through each cell, 5 m cell 

size 

5.3.1.3 Number of Sources 

Increasing the number of pollutant emitting sources increases the difficulty of correctly 

detecting and locating them using backtracking algorithms. For this reason, different 

configurations of single and dual sources of equal or different magnitudes were 

considered during testing, as indicated in the Table 5.1 below and Figure 4.3. 
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Table 5.1: Source combinations 

Case 
Single source 

Dual large sources 
Dual medium sources 

Large and medium source 

Source numbers (locations [m]) 
1 (28,99) 
2 (-2, 174) 

3 (150,360) 
4 (189,98) 

land 3 
2 and 4 
1 and 2 
1 and 4 
2 and 3 
3 and 4 

Source magnitudes 
large (4.5 g/s) 

medium (0.45 g/s) 
large 

medium 
large and large 

medium and medium 
large and medium 
large and medium 
medium and large 
medium and large 

5.3.1.4 Timestep 

Each trajectory is defined by points that were calculated at a regular time intervals (0.1 s 

in the present case). However, the trajectories can be resampled to consider the effect of 

trajectory resolution on the analysis. In the case of PSCF, CWT and RTWC, the time 

within a cell is based on the number of trajectory points (i.e. points along the trajectory 

separated by a fixed time interval) that are present in the cell.. Smaller timesteps increase 

the computational time but improve the residence time measurement, though this is 

limited by the resolution of the trajectories themselves. For QTBA, the potential 

influence of a trajectory is calculated as a field throughout the domain at each point along 

the trajectory which can improve the results, but greatly increases the computational time. 

For the purposes of this study, the resampling timestep was maintained at 1 s to 

correspond with the available velocity field resolution from the CFD simulations. 
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5.3.2 Algorithm Specific Parameters 

Several other parameters that could affect the source location solution are specific to the 

individual algorithms. These are described below along with the ranges of values 

considered in the present work. 

5.3.2.1 PSCFPollution Cut-off 

One of the defining characteristics of PSCF is the use of a concentration cut-off to 

determine whether a trajectory is considered "clean" or "polluted". Having low cut-offs 

makes it less likely to miss the source region, but increases the likelihood of finding false 

positives. Increasing the cut-off value can improve the spatial resolution, but risks 

missing the source. Thus, finding a "rule of thumb" for this cut-off in this type of 

environment is desirable. In the present work, three cut-off percentiles were tested. Lin 

et al. (2001) suggested that the 90th percentile performed better than the 50th and 75th used 

in previous studies. As the current application uses a pooled data set and should have a 

larger number of sensors with zero and low pollutant readings somewhat higher cut-off 

values were chosen corresponding to the 75th, 90th and 97.5th percentile concentration 

measurement 

5.3.2.2 RTWC segment length 

RTWC is characterized by the redistribution of concentrations along trajectories. Each 

trajectory is divided into segments and the concentrations are reweighted to vary among 

these segments. The reweighted trajectories are then used to calculate a redistributed 

results field. Although reducing the trajectory segment length does tend to improve the 

resolution of the final results, the minimum segment length is limited by the cell size used 



to calculate the redistributed results field. Thus, RTWC segment lengths of 2, 4, and 6 

times the cell size of the redistributed concentration field were tested. 

5.3.2.3 RTWC convergence criteria 

Since RTWC is an iterative process, it is necessary to specify some criterion at which to 

stop the iterations of field redistribution. This criterion should be sufficiently tight that 

there are no visible differences between the subsequent fields. While the average 

difference between fields has been used (e.g. Han et al., 2007), the maximum difference 

was considered more conservative as a convergence criterion. Rather than continually 

changing the convergence criterion, the maximum difference between fields was set at 

the beginning of the run to be no greater than 1% of the concentration range of the initial 

guess field, as calculated from CWT run used to initialize the RTWC calculation. Since 

the range of the reweighted concentration field is expected to increase with successive 

redistributions, using the initial guess field to set the 1% convergence criterion was more 

conservative than revising the criterion with every iteration. This also allowed the 

convergence criterion to be known in advance and run time predicted. 

5.3.2.4 QTBA trajectory standard deviation coefficient 

In QTBA, the standard deviation for the trajectory position uncertainty is assumed to be a 

linear function of time upwind, o(t')=at'. Since the coefficient a is not generally known, 

it is typically assumed to be 5.4 km/h or 1.5 m/s (Zhou et al., 2004). Two additional 

values of 0.75 and 1.25 times the standard value were also investigated. 
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5.3.2.5 Filters 

Zeng and Hopke (1989) noted that for the PSCF approach, if a cell contains a single 

polluted trajectory point, the value of the PSCF statistic is 1.0, even though the 

confidence in that value should be low. This is also true for the CWT and RTWC 

algorithms. Many authors ignore cells with trajectory counts (i.e. number of different 

trajectories) or point counts (i.e. total number of points from all trajectories present) 

under a certain value (e.g. Zhou et al., 2004). 

An alternative to simply ignoring cells with trajectory counts below a fixed 

threshold is to use a weighting function. Zeng and Hopke (1989) proposed a weighting 

function for PSCF, based on point count that could be multiplied by the local PSCF value 

as follows: 

0.5 n = l 

0.68 n = 2 
weight = • 

0.85 « = 3 

1.0 n>4 

Given the importance of trajectory statistics, an alternative weighting filter is 

proposed. Rather than use point counts, n in the above filter is replaced by the trajectory 

counts per cell. This trajectory weighting function is, again, multiplied by the resulting 

local PSCF value. 

Weighting functions are not restricted to PSCF. Zhou et al. (2004) introduced the 

idea of an empirical weighting function to QTBA to reduce noise. Zhao et al. (2007) 

implemented a simpler weighting function for the same purpose, which was found to 
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perform just as well. The weighting function of Zhao et al. (2007) had the following 

form where p is the QTBA value of the cell: 

weight = 

1.0 p>2Average(p) 

0.75 2Average(p) > p > Average(p) 

0.5 Average(p) > p > 0.5Average(p) 

0.2 p < 0.5Average(p) 

In the present work, for each algorithm, various filters were implemented to see if 

these could remove false predictions and improve the solution. The final filters tested are 

noted below in Table 5.2. 

Table 5.2: Trajectory filters considered in the present work 

Filter tested 
No filter 

Minimum point count of 4 
Minimum trajectory count of 4 

Weighting function (Zeng and Hopke, 1989) 
Trajectory weighting function (present work) 

Weighting function (Zhao et al., 2007) 

PSCF 
X 
X 
X 
X 
X 

CWT 
X 

X 

RTWC 
X 

X 

QTBA 
X 

X 

5.4 Result Field Interpretation 

Running each algorithm for the various tested parameters resulted in fields of values 

which required interpretation. As different units were used for different algorithms, each 

result field was normalized to a range of 0 to 1 for unbiased comparison. Regions which 

are highly likely to be sources are denoted in red and regions where sources are unlikely 

are denoted in blue. 
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An example plot is shown in Figure 5.7 for Source 1 using the RTWC algorithm on the 

fine 5 m mesh, with a reweighting length along the trajectories of 10 m. In regions where 

trajectory or endpoint filter requirements were not met, no result is plotted since the 

values were unknown. The actual location of Source 1 is denoted by the white circle. In 

this case, Source 1 is predicted to be located within a few metres of the actual source 

location. Trajectory coverage of the domain is also visible by comparing the coloured 

regions with the uncoloured regions that had no trajectories passing through them. 

0 200 400 
x[m] 

Figure 5.7: RTWC results for Source 1 calculated with 10 m segment lengths (2x cell 
size) and 5 m cell size. The actual source location is indicated by the white circle. 
The source is identified within 5-10 m. (Pearson correlation = 0.43, explained in 

detail in Section 5.5) 



5.5 Results Evaluation Methods 

Summarizing the large results matrix and performing parameter optimization required 

some method of quantifying the results, rather than simply using visual observation 

alone. So, while qualitative comparison was performed by observing plots of the 

resulting fields by eye, statistical correlation was used as well. Ideally, high correlations 

would be given if the source alone was correctly and precisely located, and correlation 

should decrease as the precision of the location was reduced or if other regions were 

incorrectly identified as possible secondary sources. Thus, results indicating high 

probability source location regions surrounding the actual source cell should be 

considered relatively good compared with those at a distance away and it is essential that 

the method consider the distance from the source region. 

The two most prevalent comparison methods found in the literature review, aside 

from qualitative comparison, were the spatial correlation index and the Spearman rank 

order correlation between the reconstructed fields and estimated emissions. The spatial 

correlation index uses both concentration and distance between regions to determine the 

match between the extremes of the domain. While this method was initially 

implemented, it proved to be more computationally intensive and time consuming than 

the source location algorithms themselves and it was necessary to investigate alternative 

correlation methods with more reasonable run times. 

The Spearman rank correlation finds a correlation between two vectors based on 

their relative rank order from largest to smallest. In the present case, a result vector can 

be simply defined as the array of all intensity values in the result field image. This vector 

can then be compared with a vector created from a reference field containing the actual 



location of the source as explained below. Due to the nature of the constructed fields, 

there were many points which were of similar value (such as near zero regions) which 

lead to different ranking values. To obtain rank correlation values that agreed with 

qualitative observations, it was necessary to divide the field into bins which were 

considered the same rank. However, this made the correlation very dependent on the 

relative bin size. Thus, a method based on a continuous field was preferred. 

By contrast, the Pearson correlation does not require the use of ranks and can be 

used on continuous fields. Tests using the Pearson correlation proved to be consistent 

with visual observations of the reconstructed plots. Thus, in light of the difficulties 

identified with measures based on the spatial correlation index and the Spearman rank 

correlation, the Pearson correlation was chosen as a quantitative measure for algorithm 

comparison in the present work. Further details of each correlation method may be found 

in Appendix B. 

To implement the Pearson correlation method, a relevant field must be generated 

for comparison. This field must have high values at the source(s) and low values in other 

regions. Distance from the source should also be considered, where high likelihood 

values far from the actual source are considered worse than moderate likelihood values 

near the source. Similarly, as PSCF, CWT and RTWC cannot give estimates in regions 

where there are no trajectories, in the event that sufficient trajectories do not cross the 

actual source, then successful identification of a potential source adjacent to the actual 

source would be beneficial, though not as good as locating the actual source exactly. 

Locating high or moderate regions far from the source should reduce the correlation 

value. 



Considering the practical application of locating sources of fugitive emissions for 

repair, the search area to cover (and hence the required time and effort for the search) 

scales with radius2. Thus, for the purpose of evaluating the Pearson correlation, a 

1 
comparative field centered about the actual source with a decay proportional to 

radius2 

was specified. A minimum radius of 1 m was specified to avoid singularities at zero. 

The comparative map for Source 1 is plotted in Figure 5.8. In cases of multiple sources, 

the two reference fields were added together after being scaled by the relative source 

strengths. 

400 

y [in] 200 

Figure 5.8: Comparative correlation map for Source 1 based on the actual location 
of the released gas 
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The correlation was performed for the normalized TSM algorithm output values 

at the center of the cells of the finest source location grid. These centers defined where 

the points for the vectors would be extracted from both the results grid and the 

comparative field. The coarser grid results were interpolated onto the finest grid for 

correlation calculation. Thus, the spreading of the source regions due to large cell sizes 

can be taken into account. The domain considered for comparison was confined to a 500 

m by 500 m region surrounding the buildings since no sources were expected at greater 

distances and the observer could discount them automatically. Regions in this domain 

without known values (due to a lack of passing trajectories, for example) were 

interpolated. This interpolation was necessary so that the correlation vectors would be of 

constant length and to enable quantitative comparisons among different cases based on 

correlation magnitude. This interpolation also makes sense from an application 

standpoint, since an observer would similarly be forced to interpolate unknown parts of 

the domain during visual examination of results. 

5.6 Analysis of Results 

The various input parameters described previously and their influence on each of the 

algorithms were investigated. Once the optimum parameter settings were identified for 

each algorithm, the algorithms were subsequently compared to evaluate their relative 

performance against each other. 

5.6.1 Potential Source Contribution Function 

Potential source contribution function (PSCF) is the simplest algorithm under 

investigation. As it was expected that there would invariably be several receptors 

measuring low to zero concentration values and some which always measure high due to 
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their position relative to the source, the cut-off level was defined based on all the 

measurements in the pooled data set rather than on an individual receptor basis as is 

sometimes done (for example, Hsu et al., 2003). A cut-off percentile based on the pooled 

data set allows receptors that always measure high values due to their proximity to a 

source to always have polluted trajectories. Using sensor specific cut-offs based on 

individual sensor data would require receptors, even if they are always directly 

downstream of a source, to reject a portion of its trajectories as non-polluted in spite of 

their high concentration readings. 

5.6.1.1 Grid cell size 

Variation in grid cell size introduces a trade-off between the number of trajectories which 

pass through the cell (which increases with cell size and improves the reliability of the 

source prediction) and the spatial resolution with which a source can be identified (which 

improves with decreasing cell size). For each source, there is an optimum size which 

performs best. As an example, Figure 5.9 to Figure 5.11 show plots of the results for 

Source 2 calculated for three different grid sizes. 

For Source 2, the smallest cell size provides a high valued smear (see Figure 5.9) 

in the source region. For the 10 m cells (Figure 5.10), the highest point in this smear 

ends up Northwest of the source, rather than the centered on it, though there are 

secondary high points at the source. This is filtered out when the cell size is increased to 

20 m (Figure 5.11). Thus, the correlation coefficient would be expected to experience a 

dip at the 10 m cell size for Source 2 as shown in the correlation plots presented in Figure 

5.12. 
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Figure 5.9: PSCF Source 2, 97.5th 
percentile, 5 m cell size (Pearson 

correlation = 0.27) The region 
surrounding the source is clearly visible, 

though it is smeared into the 
surrounding area. 

Figure 5.10: PSCF Source 2,97.5th 
percentile, 10 m cell size (Pearson 

correlation = 0.24) Highest value is to the 
northwest of the source at a greater 

distance than in the 5 m prediction. The 
second highest cell corresponds to the 

actual location. 
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Figure 5.11: PSCF Source 2, 97.5th percentile, 20 m cell size (Pearson correlation = 
0.25) The prediction at the actual source location corresponds to the second highest 

predicted cell. The distance from the highest cell to the source is less than that 
found with the 10m cell size. 

Figure 5.12 shows the variation in correlation coefficient with cell size for all 

single source cases. In the majority of cases the largest cell size (40 m spacing) is the 

worst case due to the decreased spatial resolution, although for Source 3 there is 

negligible difference between the 20 and 40 spacing cases as shown in Figure 5.12. For 

large cell sizes, the position of the cell relative to the location of the actual source 

affected the correlation. A source centered in a cell provides a better correlation than one 

on the edge of a cell. This can be seen in the slight upward variation in the correlation for 

Source 1 alone in Figure 5.12. However, the change in correlation value between the 5 m 

and 10 m case are not significant. 
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Figure 5.12: PSCF correlation vs. cell size for a single source using 97.5th cut-off 
percentile and no filter 

In general, a cell size of 5-10 m provided better correlation than the larger cell 

sizes. As shown in Figure 5.12, Source 1 and Source 3 were identified with slightly 

higher correlation values with the 10 m cell size than the 5 m cell size; however the 

opposite is true for Sources 2 and 4. Source 2 shows a slight dip at the 10m spacing as 

discussed previously. An averaging filter may be one way to filter out such variations, 

but this could have a detrimental effect on the ability to pinpoint the source region. 

When multiple sources were considered, identifying the larger source was 

considered more important than identifying the smaller source since the larger source 

contributes more emissions into the atmosphere. Looking at the result field plots for two 

large sources (Figure 5.13), both sources are visible. The highest PSCF results field 

values (Figure 5.13) in the vicinity of Source 3 occur at the edge of the trajectory 

coverage where there are few trajectories passing through that region and all must pass by 



the source. For the smallest cell case (5 m), there is no coverage from the other 

directions at all to reduce the values in this region. 

y [in] 200 
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Figure 5.13: PSCF Source 1 and Source 3, 97.5th percentile, 5 m cell size (Pearson 
correlation = 0.10) Both "large" sources are visible, though the highest source 

prediction region is to the North of Source 3. 

Figure 5.14 to Figure 5.17 show result fields for a mix of large and small sources. 

As expected, the larger source generally obscures the smaller sources even though the 

smaller sources are easily found in a single source setting. The larger source, however, 

can still be identified. 
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Figure 5.14: PSCF Source 1 and Source 
2, 97.5th percentile, 5 m cell size 

(Pearson correlation = 0.20) "Large" 
Source 1 is within the highest predicted 
region, but "medium" Source 2 can no 

longer be distinguished. 

Figure 5.15: PSCF Source 1 and Source 
4 , 97.5th percentile, 5 m cell size 

(Pearson correlation = 0.19) "Large" 
Source 1 is within the highest predicted 
region, but "medium" Source 4 can no 

longer be distinguished. 



138 

full 200 y \<n] 200 

Lov Jtigh Lov ]High 

Figure 5.16: PSCF Source 2 and Source 
3, 97.5th percentile, 5 m cell size 

(Pearson correlation = 0.09) "Large" 
Source 3 is within the secondary high of 

the prediction smear. "Medium" Source 
2 cannot be distinguished from the 

smear's tail. 

Figure 5.17: PSCF Source 3 and Source 
4,97.5th percentile, 5 m cell size 

(Pearson correlation = 0.09) "Large" 
Source 3 is within the secondary high of 

the prediction smear. "Medium" Source 
2 cannot be distinguished from the 

smear's tail. 

In cases of two sources of differing strength, the larger source prediction 

dominates the correlation value (Figure 5.18) as the emission rate of the large source is an 

order to magnitude higher than the small source. Thus, the correlation coefficient trends 

are similar to that of a single large source alone. As discussed previously, the results 

field plots show that the larger source tends to obscure the smaller source (refer Figure 

5.14 to Figure 5.17). However, the large source is still visible and this is the location that 

is of the most interest. Sources 1 and 3 together (large sources) do not have as high a 

correlation as Source 1 individually, though both are visible in Figure 5.13. This is due 

to the high region caused by a low trajectory count North of Source 2. For the two small 
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sources (Source 2 and 4), smaller cells provide the best correlation, as was the case with 

both the individual sources alone. 
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Figure 5.18: PSCF correlation vs. cell size for two sources using 97.5th cut-off 
percentile and no filter. Correlation values are dominated by the algorithm 

prediction of the larger source. 

5.6.1.2 Correlation Magnitudes 

Reviewing Figure 5.7 and Figure 5.9 to Figure 5.18, some general statements can 

be made about the magnitude of the correlation coefficient and the prediction plots. 

While there is some smearing around the source, Figure 5.7 shows a prediction with the 

highest region within a few meters of the actual source and the surrounding smear is 

lower than that at the actual source location. This has a correlation value of 0.43. Thus, a 

excellent prediction should be in the range of a correlation value of 0.4. 



Figure 5.9 to Figure 5.11 all have correlation values of approximately 0.25. In 

each case, the smear surrounds the source, though the highest prediction location is 

removed from the actual source location. The high regions of the smear are also larger 

and more spread out than that seen in Figure 5.7. This is still extremely useful 

information that could be used to significantly reduce the search area. 

Figure 5.13 shows the PSCF results for two large sources and has a correlation 

value of approximately 0.10. The highest prediction region is not at the source, but is 

upstream of Source 3. Though the sources are contained within the medium probability 

regions, these regions are quite large and extend well upstream and downstream of each 

source. However, the search area that would be required to find these sources is still 

much less than the area of the entire plant, making even this prediction useful. 

Based on these observations, in general, correlation coefficients on the order of 

0.1 are moderately useful predictions, on the order of 0.2 are very useful predictions and 

on the order of 0.4 extremely useful predictions. In addition, based on the number of 

points sampled, correlation differences of less than 0.014 should not be considered 

significant because they could arise by chance. 

5.6.1.3 Effect of PSCF Pollutant Cut-off 

In general, high PSCF cut-off percentile values would be expected to improve the 

correlation by isolating strongly polluted trajectories from those that may have low 

concentration readings but not be along the direct path of the plume. However, as the 

cut-off point is increased significantly, there is a trade-off between initial correlation 

improvements and reducing the number of valid polluted trajectories. An arbitrarily high 



cut-off reduces the PSCF prediction in areas where these high-concentration but 

"unpolluted" trajectories pass along with the remaining polluted trajectories, even if they 

move over the source. In general, with large numbers of sensors and directions, and in 

the case of a small number of leaks, it is expected that a large number of the 

measurements should be non-polluted, and higher cut-off values will give better 

correlation results. 

Figure 5.19 and Figure 5.20 shows the strength of the Pearson correlation versus 

the percentile cut-offs for the various source configurations. Note the flat trend and lack 

of change of correlation values between the 75th and 90th percentile cut-offs in all cases. 

As there are few sources and a large number of sensors, there are few trajectories which 

have concentration measurements above the detection threshold. Thus, the effective 

concentration value of the cut-off is the same for both the 75th and 90th percentile. Plots 

of the correlation values for data without the detection threshold (Figure 5.21 and Figure 

5.22) illustrate this point. 

As a detection threshold is a limit on any practical measurement device, for a 

large number of sensors with few sources, high effective percentile cut-off values are to 

be expected. Defining a universal optimum, however, was not possible and this 

limitation is a principle shortcoming of the PSCF algorithm. Thus, PSCF's main use 

would be to support other algorithms and investigate the influence of trajectories. PSCF 

should always be used in conjunction with the testing of multiple cut-off values, in 

agreement with the findings of Cheng and Lin (2001). 
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Figure 5.19: PSCF zeroed data set 
correlation vs. cut-off percentile for 

single source using 5 m cell size and no 
filter. Due to few trajectories above the 
detection threshold, there is no or little 
difference between the correlations at 

the 75th and 90th percentiles. 

Figure 5.20: PSCF zeroed data set 
correlation vs. cut-off percentile for two 
sources using 5 m cell size and no filter. 

Due to few trajectories above the 
detection threshold, there is no or little 
difference between the correlations at 

the 75th and 90th percentiles. 
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Figure 5.21: PSCF non-zeroed data set 
correlation vs. cut-off percentile for 

single source cases using 5 m cell size 
and no filter. With no detection 
threshold, increasing the cut-off 
percentile improves the source 
prediction. Thus, the optimum 

threshold for these cases lies somewhere 
above the 90th percentile. 

Figure 5.22: PSCF non-zeroed data set 
correlation vs. cut-off percentile for 

cases with two sources using 5 m cell size 
and no filter. With no detection 
threshold, increasing the cut-off 
percentile improves the source 
prediction. Thus, the optimum 

threshold for these cases lies somewhere 
above the 90th percentile. 

5.6.1.4 Filter effects 

Figure 5.23 shows the effect of filters on PSCF solutions using the entire trajectory data 

set. The inclusion of any of the four filters (four-point, four-trajectory, weighting and 

trajectory weighting) had little effect on the single source correlations for Source 1 and 

Source 2. For Source 3 (large source), the correlation increased visibly by 0.025 when 

using the four-trajectory filter as discussed further below. Source 4 (small source) also 

had increased correlation with the use of filters, though to a lesser extent than Source 3. 

The filters had similarly small effects for the multiple source cases. The best performing 

filter was the four-trajectory filter, which in general showed a measurable improvement 



or negligible benefit in all cases, and in no case caused a decrease in measured 

correlation. Source 3 again stood as a bit of an outlier, since most of the filters did 

provide some improvement in the correlation for cases involving this source, with the 

four-trajectory filter providing the largest benefit. 
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Figure 5.23: PSCF correlation with various filters for single source using 
97.5th cut-off percentile and 5 m cell size. Benefits of the filters are 

negligible for Source 1 and Source 2. There is a small improvement for 
Source 4. Source 3 had significant differences between the results of 

various filters. 

Considering Source 3 in greater detail, Figure 5.24 and Figure 5.25 show the 

associated four-trajectory filtered and unfiltered field plots for this case. Results 

calculated using the filter show better correlation as the filter effectively removes the 

false source locations at the edge of the domain, where there are only a few trajectories 

providing coverage, all of which presumably must have passed near the source on their 

way to the receptor. Thus, this region is less trustworthy due to poor coverage, but still 

has an artificially high PSCF number. The four-point filter is less effective than the four-
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trajectory filter at eliminating these cells, since multiple points are still available even if 

from a small number of trajectories. 
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Figure 5.24: PSCF Source 3, 97.5th 
percentile, 5 m cell size with no filter. 

(Pearson correlation = 0.10) An 
additional high area exists to the North-

East of the source region. 

Figure 5.25: PSCF Source 3,97.5th 
percentile, 5 m cell size with four-

trajectory filter. (Pearson correlation = 
0.13) The four-trajectory filter removes 

a large portion of the additional high 
region which existed to the North-East of 

the source. 

Figure 5.26 shows the same plot using an identical number of sensors, but with 

trajectories calculated only at every 3rd measurement interval, which has the effect of 

increasing the time between measurements. With this reduced data set, the benefit of the 

filters is more clear. Removing areas with few trajectories leads to improvement using 

the point and trajectory filters for all cases except Source 3. Although the filters gave 

improved correlations for cases involving Source 3 when the full trajectory data set was 

considered, the opposite is true when using a reduced trajectory data set. This reason for 



this effect is apparent in Figure 5.27, which shows results for Source 3 using the four-

trajectory filter, and reveals that no results are now available in the region of the source, 

so that Source 3 cannot be located. Thus, in this case, the filter has removed the only 

information available to allow detection of Source 3. 
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Figure 5.26: PSCF correlation with various filters for using every third 
measurement interval and 97.5th cut-off percentile and 5 m cell size. Reducing the 

data set increases the effect of filters for all sources. The four-trajectory filter 
greatly reduces the correlation for all cases involving Source 3 
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Figure 5.27: PSCF Source 3,97.5th percentile, 5 m cell size from every 3rd 
measurement interval using four-trajectory filter. (Pearson correlation = 0.0) The 
four-trajectory filter has removed all cells in the vicinity of Source 3. The source 

can no longer be located. 

Using a trajectory weighting filter, like the four-point filter, improved the 

correlation for all sources from the unfiltered case and did not filter out Source 3 when 

using the reduced data set (Figure 5.26). However, as the trajectory weighting merely 

reduced the influence of regions containing poor trajectory statistics (rather than 

removing them completely), the apparent benefit was not as significant as the four-

trajectory filter in regions with reasonable trajectory coverage (e.g. Source 4). Due to the 

position of the trajectories within the domain, using the four-trajectory filter removes the 

up and downstream smear from Source 4 while the actual source region is left alone, 

resulting in a higher improvement than with the trajectory weighting filter. It is noted 

that the use of the four-point filter netted similar correlation improvements as the 



trajectory-weighting filter, although the trajectory-weighting filter arguably had better 

overall performance. 

While using filters can remove spurious sources resulting from poor trajectory 

statistics, some work better than others in specific cases. Rather than blindly applying 

filters, it is apparent that filters should be chosen carefully in consultation with plots of 

the trajectory statistics to see where sources can still be located. Filters are primarily 

meant to remove spurious sources at the edges of the domain, not in the center, and if 

central regions are filtered out, more data collection is likely necessary. While the four-

trajectory filter had the most dramatic improvements, it could also remove the source 

region entirely. If it is not feasible to improve the trajectory statistics for the use of the 

four-trajectory filter, the trajectory-weighting or the four-point filter should be used as 

both either improved the result or had negligible effect. 

5.6.1.5 Data set effect 

Figure 5.28 shows the correlation differences when using data based on different 

numbers of trajectories and using trajectories originating from more than one dominant 

location. Set "All" uses trajectories and measurements corresponding to every sensor 

with data extraction every 30 seconds, evaluated for all considered wind directions. The 

directional data sets correspond to single wind direction quadrants (see Chapter 4), giving 

approximately 1/3 of the measurements as set "All". The final two data sets also 

approximately use 1/3 of the original data set by only considering every 3rd sensor 

location (i.e. reducing the number of sensors) or only considering every 3rd measurement 

at each sensor (i.e. reducing the frequency of measurement). 
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Figure 5.28: PSCF correlation for various data sets using 97.5th cut-off percentile, 
5 m cell size and no filter. Coverage from multiple directions gives more consistent 

results. 

The directional measurements give an indication of which directional data set is 

most important in determining a source location for the complete data set and how sensor 

location can affect results. Figure 5.28 emphasizes that while a single direction can give 

good results in a direction advantageous to identifying a particular source (typically when 

there are multiple sensors downwind of a source as in the case of Direction 2 with 

Source 1), poor results are achieved if the available data do not contain the sufficient 

coverage (e.g. Direction 1 for Sources 2 and 3). Thus, multiple direction coverage 

improves results in general. In a practical setting, the prevailing wind direction and likely 

source areas can be used to place sensors so that some of the sensors will always be 

downwind of these regions of interest for common weather conditions. Plotting the 

trajectory positions themselves will also indicate the areas where sources can be 
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identified and if it will be worthwhile to wait for different wind directions to improve 

trajectory coverage of the important potential source regions. 

Reducing the number of sensors can have the same effect as reducing the 

directional information since domain coverage is also reduced. The results plotted in 

Figure 5.29 for Source 3 using every third sensor has an extremely low correlation value 

(see also Figure 5.28), while the other sources have correlation values over 0.175. In this 

case, Source 3 no longer has any polluted trajectory information available over the source 

region in order to make a good identification. The only sensor giving polluted readings is 

far downstream with few crossing trajectories leading to a false source between this 

sensor and the source region. Thus, lack of information in source regions not only 

prevents sources from being identified there, but can also lead to false predictions. If a 

single sensor provides all the high readings, the region it covers without other trajectories 

cannot be narrowed down to the actual source. Increasing the amount of directional 

information to get more domain coverage can be considered an alternative to increasing 

the number of sensors, although this can only be controlled in a practical setting with 

increased data collection times (i.e. waiting for a change in wind conditions). This effect 

is apparent in Figure 5.28 when comparing results for directional data sets with the 

complete data set for a fixed number of sensors where some sources cannot be found at 

all in some cases (e.g. Direction 1). When the number of sensors is reduced (such as the 

3rd Sens, data set in Figure 5.28), sensor placement to obtain good domain coverage 

should be considered carefully. As fewer sensors are used, more care is required in their 

placement to obtain coverage with maximum effect. This should be done with 



151 

consideration of typical wind conditions and potential source locations (such as piping, 

buildings etc.). 
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Figure 5.29: PSCF Source 3, 97.5th percentile, 5 m cell size using every third sensor. 
(Pearson correlation = 0.0) There are no trajectories passing over Source 3 so it 

cannot be found, though upstream and downstream smears are still visible. 

Comparing the full data set with data using only every third measurement 

interval, shows that reducing the number of measurements by increasing the time 

between them has a small negative effect on the correlation. The increased time between 

measurements results in a slight reduction in the coverage of the domain. 

The preceding discussion shows that thorough domain coverage by trajectories is 

critical to making good source predictions. To achieve good spatial resolution, it is also 

critical to have information from multiple directions so that more than one sensor covers 
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each part of the domain. This is necessary to allow distinction to be made between a 

source region and an upstream or downstream region along a single trajectory. 

5.6.2 Concentration Weighted Trajectories 

5.6.2.1 Cell size effects 

The concentration weighted trajectories (CWT) algorithm is defined in a similar fashion 

to PSCF. However, each trajectory in CWT is weighted by the measured concentration 

while PSCF is weighted in a binary fashion using the pollutant cut-off. 

Figure 5.30 shows the correlation values for single source releases using CWT. 

Comparing with Figure 5.12 and the PSCF correlation for various cell sizes, both graphs 

show similar trends. As with PSCF, there is a trade-off between small cell sizes (which 

improve the ability to pinpoint locations) and the number of trajectories within a cell 

(which give weight to the prediction in that area). For multiple sources (see Figure 5.31), 

the strength of the correlation is dominated by the accuracy with which the larger source 

is predicted, since the larger source had a emission rate ten times greater than the smaller 

source. Thus, the trends in Figure 5.31 involving large and small sources together (e.g. 

1&2, 1&4, 3&2, 3&4) follow the trends for the large sources alone (e.g. source 1 and 

source 3) shown in Figure 5.30. 
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Figure 5.30: CWT correlation vs. cell 
size for a single source using no filter 

Figure 5.31: CWT correlation vs. cell 
size for two sources using no filter 

With sources of the same magnitude (Figure 5.32), the high regions around the 

source are both distinct. Looking at Figure 5.33, the larger source does again have a 

tendency to obscure the smaller source (as was the case for PSCF as shown in Figure 

5.15). As the large source is ten times the magnitude of the small source, the 

reconstructed field should have lower values in this region, but they are difficult to tell 

apart from the trails around the larger source. 
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Figure 5.32: CWT Source 1 and Source 
3, 5 m cell size. (Pearson correlation = 
0.11) The highest predicted region is 
located at Source 1. A high smear 

region exists around Source 3, but the 
source itself cannot be distinguished 

from the rest of the smear. 

Figure 5.33: CWT Source 1 and Source 
4, 5 m cell size. (Pearson correlation = 
0.26) The highest predicted region is 

located at "large" Source 1. "Medium" 
Source 4 cannot be distinguished. 

5.6.2.2 Filter effects 

Figure 5.34 and Figure 5.35 show the effects of filters when using the larger and smaller 

data sets. When all data are considered, the four-trajectory filter improves results by 

eliminating cells with low trajectory count, as was the case with the PSCF (Figure 5.23). 

With the smaller data set, there are more cells eliminated with the four-trajectory filter 

and Source 3 can no longer be found, since less than 4 trajectories pass through the cells 

in this region. This is similar to what was found in PSCF calculations (Figure 5.27). 
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Figure 5.34: CWT correlation for various filters and sources using 5 m cell size. 
The four-trajectory filter has negligible effect for cases other than those 

containing Source 3. 
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Figure 5.35: CWT correlation for various filters and sources using 5 m cell size 
and every 3 r d measurement interval. The four-trajectory filter removes all 

information in the region around Source 3 so the correlation values are low. 
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5.6.2.3 Data set effects 

Figure 5.36 shows the correlation for runs using different data sets. As was the case with 

PSCF, using a larger number of trajectories from a variety of directions provided more 

consistent and significant results, though individual directions could show improvement 

for individual sources depending on their position. Overall, increasing the number of 

wind directions would provide better correlation significance for more source locations 

within the domain. Alternatively, resolution is improved with increased numbers of 

sensors. Again, it is not possible to find sources in regions where no trajectories are 

present, as was evident for Source 3 when only every 3r sensor was used. 

Dir. 1 Dir. 2 Dir. 3 3rd Sens. 3rd Meas. 
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Figure 5.36: CWT correlation for various data sets using 5 m cell size and no filter. 
Coverage from multiple directions gives more consistent results. 



5.6.3 Residence Weighted Trajectory Concentration 

RTWC is a reweighted version of CWT, so filter effects are similar and will not be 

discussed again in detail. It was found that cell size alone could not be separated from 

the reweighting length, so discussion of the two parameters has been combined. 

5.6.3.1 Reweighting segment length and cell size 

RTWC is based on the idea that if a high and low concentration trajectory pass over the 

same region, the source is unlikely to be at this location and instead is more likely to be 

on another part of the high concentration trajectory. Thus, the results field is reweighted 

with this in mind. To define the regions where trajectories pass over each other, the 

trajectories are divided into segments for reweighting. However, the reweighting 

segment length cannot be entirely separated from other parameters, since it is relates to 

the size of the cell used to calculate the concentration field within the source location 

domain, as explained in Section 5.3.2.2 above. 

Figure 5.37 shows the change in correlation for various length trajectory segments when 

using the smallest sized cell for the source location domain. In general, the correlation 

tends to get worse as the size of the reweighting segment length is increased. While this 

was not significant in the case of Source 3, the same cannot be said universally. This 

decease with segment length is not universally true as seen in Figure 5.37 for Source 2 

alone. Figure 5.38 and Figure 5.39 give the field plots for two different iterations of the 

redistribution for Source 2. When using the smallest cell size, the initial plot field 

(Figure 5.38) shows that there are high probability source location regions near the source 

but also in a lone orange cell near the center of the domain. Each iteration increases the 

concentration value (i.e. the probability of a source) in this lone cell, by redistributing 
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concentrations from the nearby cells (Figure 5.39). By iteration 10, the actual source 

region is now no longer as easily distinguished. 

However, when filters are used which remove this spurious source as shown in 

Figure 5.40, the actual source region is again quite visible compared with the 

surroundings. This improvement comes at the expense of reduced trajectory coverage in 

the domain as previously discussed for PSCF and CWT. 

Segment Length [times cell size] 

Source 
- f l Source 1 0 Source 3 
-Q Source 2 A Source 4 

Figure 5.37: RTWC correlation vs. segment length for cell size 5 m and no filter. 
Poor trajectory statistics cause a spurious source prediction for Source 2 when the 

segment length is small. 
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Figure 5.38: RTWC Source 2, 5 m cell size, 2x cell size segment length, iteration 1. 
High smear is visible at Source 2. 
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Figure 5.39: RTWC Source 2, 5 m cell size, 2x cell size segment length, iteration 10. 
Highest point is in domain center (arrow). Source 2 region is now difficult to 

distinguish. 
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Figure 5.40: RTWC Source 2, 5 m cell size, 2x cell size segment length, iteration 10 
using four-trajectory filter. Removing spurious source with the four-trajectory filter 

reveals a secondary high smear at the actual source. 

When the reweighting segment length is increased (Figure 5.41), the spurious source area 

is smeared out since the surrounding field (which is counted as part of the same trajectory 

segment) has low concentration values. 
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Figure 5.41: RTWC Source 2, 5 m cell size, 4x cell size segment length, iteration 10. 
Increasing the weighting length removes the spurious high prediction found with the 

2x cell size segment length. 

This issue was not observed when calculations were performed using a larger cell size for 

the concentration field, as is evident when comparing Figure 5.42 (10 m cell size) with 

Figure 5.37 (5 m cell size). With a larger number of trajectories per cell, the effect of the 

spurious false source is eliminated. Under these conditions shorter trajectory reweighting 

lengths universally improve the correlation. 
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Figure 5.42: RTWC correlation vs. segment length for cell size 10 m and no filter 

Figure 5.43 shows a plot of correlation versus segment length for the data set using every 

third measurement interval. The reduced correlation coefficient for the 2x reweighting 

segment length compared with the 4x segment length now can be seen for three of the 

four source predictions (as compared with just Source 2 in Figure 5.37). Thus, if 

trajectory statistics are poor, spurious sources are more common but their effect can be 

reduced by increasing the trajectory reweighting length. 
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Source 
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Figure 5.43: RTWC correlation vs. reweighting length for cell size 5 m, no filter and 
every 3rd measurement interval. Spurious sources appear in regions of poor 

trajectory statistics for Source 1, Source 2 and Source 4 using the smallest segment 
length. 

While smaller reweighting lengths work well in cases where there are multiple 

trajectories for the cells within the domain, when there are regions with poor trajectory 

statistics, spurious sources can result. Thus, before determining whether to use a smaller 

or larger trajectory length, a plot of the trajectory coverage should be investigated. For 

the current domain, in cases where there were regions of the domain with poor coverage, 

a reweighting length of four times the cell size was a good compromise between the 

improvement of shorter reweighting lengths and the effect of poor trajectory coverage. 

Though the increased reweighting length performs slightly worse when there is a great 

deal of information known about the section of interest of the domain, it improves 

correlation when there are areas where less information is available. Increasing the cell 

size also gives a similar effect of reducing spurious sources by increasing the number of 

trajectories per cell, but this reduces the spatial resolution. This may be necessary if there 



are no or single trajectories in many cells of the domain. If there are multiple trajectories 

passing through all cells in the domain of interest where sources can be present, the 

reweighting segment length should be reduced from 4x to 2x the cell size. While lx cell 

size was not tested, lower values may continue this improvement. 

5.6.3.2 Data set effects 

Comparing Figure 5.44 for the RTWC algorithm with Figure 5.36 for the CWT 

algorithm, reweighting sometimes narrows the region around the desired source but, in 

other cases, reduces the strength of the correlation. If the CWT correlation was already 

above 0.25, the RTWC reweighting improves it further. However, for lower correlations 

caused by poor trajectory statistics, RTWC may cause spurious source regions and 

RTWC cannot correct for regions where there is no information. As spurious sources 

may arise in regions of poor trajectory coverage, the present results suggest that RTWC 

should not be used alone, but in conjunction with the CWT plot. In addition, trajectory 

coverage plots should be used in advance of both CWT and RTWC to determine if there 

are multiple trajectories in the cells of the domain of interest and, if not, to wait for wind 

conditions which will allow for trajectory coverage of these areas (or to potentially 

exclude these regions from consideration). 
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Figure 5.44: RTWC correlation for various data sets for cell size 5 m and 
reweighting length of 2x cell size. Multiple wind directions provide more consistent 

results as does increased number of sensors. 

5.6.4 Quantitative Transport Bias Analysis 

5.6.4.1 Cell size effects 

Figure 5.45 and Figure 5.46 show the effect of cell size on the QTBA source prediction. 

There is no significant effect observed with the changing cell size, and slight variations 

are likely due to the positioning of the cell centers in comparison with the source point 

location. QTBA is calculated at the center points of the cells, rather than considering the 

cell size so this lack of variation is not unexpected since the larger grid cells share center 

points with the smaller cell cases. 
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Figure 5.45: QTBA correlation vs. cell 
size for a single source using 1.5 m/s 

deviation coefficient and no filter. Cell 
size has no significant effect. 

Figure 5.46: QTBA correlation vs. cell 
size for two sources using 1.5 m/s 

deviation coefficient and no filter. Cell 
size has no significant effect. 

Figure 5.47 and Figure 5.48 show the field plot variation with changing cell size for a 

prediction of Source 1. Increasing the size makes the contours of the various regions 

jagged in comparison, but does not change the source prediction location. Similar results 

were apparent for the other test cases as well. Again, since the QTBA prediction is based 

at a the cell centers and increasing the number of cells can only improve resolution rather 

than change the source prediction locations. 
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Figure 5.47: QTBA Source 1,1.5 m/s 
deviation coefficient, 5 m cell size 

(Pearson correlation = 0.09) 

Figure 5.48: QTBA Source 1,1.5 m/s 
deviation coefficient, 20 m cell size. 

(Pearson correlation = 0.10) Center of 
high prediction region does not change 

from 5 m cell size. 

5.6.4.2 Trajectory standard deviation coefficient 

Figure 5.49 and Figure 5.50 show the change in correlation with changing the standard 

deviation coefficient used along each trajectory. As this coefficient increases, the spread 

of the trajectory's influence increases faster with time upstream. Figure 5.51 and Figure 

5.52 show plots for Source 3 for different coefficients using the finest grid. As the 

deviation coefficient in increased, the prediction moves closer to the receptors as its 

influence decreases faster along its length. Thus, the changes in correlation seen in 

Figure 5.49 and Figure 5.50 are determined by whether moving the prediction inward 

toward the receptors takes it closer or farther away from the actual source. Thus, if the 



source is far from the center of the receptors, increasing the coefficient decreases the 

correlation. 
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Figure 5.49: QTBA correlation vs. 
deviation coefficient for a single source 

using 5 m cell size 

Figure 5.50: QTBA correlation vs. 
deviation coefficient for two sources 

using 5 m cell size 
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Figure 5.51: QTBA Source 3,1.125 m/s 
deviation coefficient, 5 m cell size 

(Pearson correlation = 0.03) 

Figure 5.52: QTBA Source 3,1.875 m/s 
deviation coefficient, 5 m cell size. 

(Pearson correlation = 0.02) Increasing 
the deviation coefficient moves the 

predicted high region inward. 

5.6.4.3 Filter effects 

Figure 5.53 shows the effect of the weighting filter on the correlation between the 

prediction and the expected source location. As Figure 5.51 and Figure 5.52 illustrated, 

the shape of the QTBA prediction radiates outward from a single source point prediction. 

The weighting filter spreads this pattern even more, although the effect is not significant 

(correlation coefficient changes on the order of 0.01). The effect is small since the 

predicted location does not change and, as there was no noise to smooth out, the QTBA 

weighting filter only reduces the correlation as the predicted source region becomes 

larger. 
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Figure 5.53: QTBA correlation for various filters for a single source using 
5 m cell size and 1.5 m/s deviation coefficient. The weighting filter had no 

significant effect. 

5.6.4.4 Data set effects 

Figure 5.54 reveals a similar trend to that observed in Figure 5.28 for PSCF, in that 

increasing the amount of data from multiple directions gives more consistent results for 

all sources. 
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Figure 5.54: QTBA correlation for various data sets using a 1.5 m/s deviation 
coefficient, 5 m cell size and no filter. Multiple wind directions gave more consistent 

results. 

5.7 Overall algorithm comparison 

5.7.1 Correlation 

Figure 5.55 compares the correlation values achieved by each algorithm for combinations 

of sources using the complete data set. Each algorithm was set using the optimum 

parameters / compromises discussed in the previous section, as summarized in Table 5.3. 

Table 5.3: Algorithm parameters 

Algorithm 
PSCF 
CWT 

RTWC 
QTBA 

Cell size[m] 
5 
5 
5 
5 

Filter 
trajectory weighted 

none 
none 
none 

Algorithm specific 
cut-off percentile: 90th 

N/A 
redistribution length: 4x cell size 

deviation coefficient: 1.5 m/s 
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Figure 5.55: Comparison of algorithms using optimum parameters for calculations 
on the complete data set. RTWC performs better in all cases when there are good 
trajectory statistics. QTBA did not perform well when scaled down to a building 

scale problem. 

In every case for the full data set, RTWC provides a higher correlation value than the 

other three algorithms. If the segment length is reduced to two times the cell size, this 

remains true except for Source 2 alone, where the RTWC correlation is slightly less than 

CWT and PSCF. CWT provides the next best results after RTWC. As CWT must be 

calculated before running the RTWC reweighting, it could be used as a check on the 

RTWC results with no additional computations for cases where RTWC does not perform 

as well due to poor trajectory statistics. The PSCF correlation is always lower than that 

of CWT. This is due to the PSCF pollutant percentile cut-off, which is difficult to 

optimize and does not need to be included for CWT to run. QTBA always correlates 
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poorly as compared with the other three algorithms for every source combination 

considered. 

5.7.2 Run Times 

One of the preliminary questions asked in this document was whether the algorithms 

could be performed in a reasonable amount of time (i.e. in under a day). This proved to 

be true for all cases. There was still, however, a significant difference between some 

algorithms in terms of run time. Table 5.4 presents run time data for each algorithm, 

calculated for the finest grid case for Source 1 which was representative of the entire data 

set. In calculating these data, for each algorithm the middle algorithm specific variable 

value was chosen (i.e. pollutant cut-off, segment length, and deviation coefficient). 

QTBA was run only on the section of the domain used for the correlation comparison. 

Each run was performed on the same computer and implemented using the C++ 

programming language. 

Table 5.4: Algorithm runtime 

Algorithm 
PSCF 
CWT 

RTWC 
QTBA 

Run Time (s) 
1 
1 

2653 
6847 

Both CWT and PSCF run very fast with more time taken to read in the data set than to 

run the algorithm itself. This is significantly faster than the RTWC reweighting which 

itself is significantly faster than the QTBA calculation. 
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5.7.3 Measurement noise 

Previous results considered the concentration measurements as exact values. In reality, 

measurement noise will be present in the concentration values. To test the sensitivity of 

the CWT and RTWC algorithms to measurement noise, a Gaussian distribution about 

zero with various standard deviations (noise levels) was applied the concentration values 

used by the two algorithms. Noise levels of 0.5, 1.0, 1.5, and 2.0 ppmv were considered, 

corresponding the a range thought to be readily achievable with modern detectors. Figure 

5.56 shows the correlation value for the CWT algorithm for various levels of noise. For 

the large sources, only the 2 ppmv noise case had a significant effect on the algorithm's 

correlation for Source 1. Even in this case, the predicted source location was merely 

spread out and could still be identified (Figure 5.57). The effect was much greater on the 

medium sources as the noise levels became the same order of magnitude as the original 

measurements (Figure 5.58). 
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Figure 5.56: CWT correlation for various noise levels, 5 m cell size. Source regions 
can still be identified for noise levels up to 2 ppm for the large sources. For the 

medium sources, once the noise reached 1 ppm levels, the true values were of the 
same scale as the noise and false source regions began to appear. At a noise level of 

2 ppm, these false sources became common and the actual source region became 
difficult to distinguish. 
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Figure 5.57: CWT Source 1,5 m cell 
size, 2 ppmv noise level. (Pearson 
correlation = 0.24) Source 1 is still 

clearly visible. 

Figure 5.58: CWT Source 4, 5 m cell 
size, 2 ppmv noise level. (Pearson 

correlation = 0.12) Noise related highs 
are the same intensity as the region at 

Source 4. 

Figure 5.59 plots the RTWC results for the same cases. The large source can still be 

found even at the highest considered noise levels of 2 ppmv (Figure 5.60). However, 

RTWC was in general more sensitive to noise levels than CWT, as the reweighting could 

emphasize the false sources found in the CWT field (Figure 5.61). 
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Figure 5.59: RTWC correlation for various noise levels, 5 m cell size, 4x cell size 
segment length. Source regions can still be identified for noise levels up to 2 ppm for 
the large sources. For the medium sources, once the noise reached 1 ppm levels, the 

results became sensitive to the false sources which appeared in the CWT results. 
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Figure 5.60: RTWC Source 1, 5 m cell Figure 5.61: RTWC Source 4,5 m cell 
size, 10 m segment length, 2 ppmv noise size, 10 m segment length, 2 ppmv noise 

level (Pearson correlation = 0.27) level (Pearson correlation = 0.07) 

As the 0.5 ppmv level is a conservative noise estimate for the measurement system 

under consideration, the addition of measurement noise should not prevent the sources of 

the sizes under consideration from being identified. Even at 2 ppmv levels, the large 

sources can still be found. 

5.7.4 Overall comparison 

Of the tested algorithms, RTWC allows for the most precise source discrimination as 

long as there is good trajectory coverage of the domain. The run times for RTWC would 

be achievable in the envisioned practical implementation to semi-continuously monitor 

fugitive emissions in an industrial setting. RTWC should however be used in conjunction 

with CWT and trajectory statistics plots as a secondary verification to ensure that 

trajectory coverage is sufficient to avoid identification of spurious sources. Above all, 
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the results show that location of sensors and sufficient wind variation are critical to 

achieving good results. Advance determination of a map of possible source locations, 

and locating sensors to attempt to achieve a minimum number of trajectories in the cells 

of those regions (i.e. making sure that trajectory coverage is maintained even when using 

a four-trajectory filter, for example) before running the source location algorithms is 

highly recommended. Encouragingly, the results show that with further development it 

should be possible to detect fugitive emissions in an industrial setting with sufficient 

precision. Speed of the algorithms themselves appears to be advantageous over existing 

approaches mostly based on manual searches with hand-held detectors. If wind 

simulation time is taken into consideration, developing a database of pre-computed flows 

may take several months. However, these only need to be performed once on a given site 

during initial setup. 



6 Conclusions and Recommendations 

6.1 Conclusions 

The original question asked at the beginning of this project was whether it was possible 

to use trajectory statistical methods to locate fugitive emission leak locations for an 

idealized case with complex geometry as proof of concept. Results have shown that 

PSCF, CWT and RTWC can find leak locations on a building scale when provided with 

sufficient trajectory coverage of the domain corresponding to concentration 

measurements. QTBA does not work well in identifying individual source locations 

within a gas plant geometry even for this idealized case. It does not appear that this 

method can be directly downsized to a building scale application. 

Each of the algorithms ran in a reasonable time. PSCF and CWT were near 

instantaneous, with more time spent setting up the problem and reading in concentration, 

geometry and trajectory data than running the algorithms themselves. RTWC run times 

depended on the number of iterations required to reach convergence which could range 

from a few minutes to several hours for the data sets used. QTBA also ran on the scale of 

a few hours for the data sets used. 

PSCF, CWT and RTWC were able to locate sources provided that there was 

sufficient trajectory coverage of the regions of interest within the domain. This coverage 

depended on the wind direction, the measurement intervals, the number of sensors, and 

the positions of the sensors. Sensor positioning increases in importance as the number of 

sensors decreases and typical wind directions should be considered so that trajectory 

coverage of the domain is maintained. In the range of test cases considered, the original 

180 
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31 sensors were able to locate the source regions for three of the four sources alone, 

while the fourth had trailing effects upstream where there was poor trajectory coverage. 

Decreasing the sensor count to 1/3 of the original, three sources were still located fairly 

well, but there was no information available to locate the fourth source. Thus, adding one 

or two additional sensors to cover this region would provide sufficient coverage in the 

case of this set of leaks. Coverage of a region from multiple wind directions provides 

better leak location abilities than from a single direction so that sources can be ruled out 

in upstream and downstream regions. For multiple leak sources, large source tend to 

smear out smaller sources. However, these large leaks are the most important emission 

contributors as the majority of fugitive emissions are often the result of a small number of 

large leaks (Ross and Picard, 1996; Picard et al., 1998). 

In general, trajectory statistics can be used to determine whether sufficient 

information has been gathered to locate sources within the domain or if more 

measurements are required. While multiple directional information is desirable for all 

areas to reduce the upstream and downstream smearing of source predictions, even the 

smeared predictions are useful in reducing the search space. 

Of the four algorithms, RTWC in general produced the best correlation results 

when locating sources, though CWT performed better in the case of Source 2 where 

trajectory coverage was poor when a short segment length was used. When noise is 

added to the calculation, CWT was less affected than RTWC. As CWT is computed as 

part of the RTWC calculation, it could be used to provide a useful check for the resulting 

prediction fields. 
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While the data set used was the most important parameter for the identification of 

sources in all cases, the other parameters could be optimized for better correlation values. 

For PSCF, the use of the four-point filter and the trajectory weighting filter eliminated 

some false positives in the smaller data sets and in regions with few trajectories where 

little information was known, without eliminating large regions of the domain where 

sources were located. This indicates that it may be useful to extend these filters to use 

with CWT and RTWC. It was not possible to determine an optimal pollutant cut-off 

range for all cases, and this is a general practical limitation of the PSCF algorithm. It was 

also noted that the concentration detection threshold of the measurement system 

influences the choice of percentile value in the PSCF calculation. Although percentile 

values are commonly used in the literature, it seems more appropriate to specify PSCF 

cut-offs based on actual concentration values. 

CWT performed better with a 5 m cell spacing and no filter as these reduced the 

domain coverage too much for the smaller data sets. The reweighting length for RTWC 

should be at least 4 times the cell size for smaller cells, though larger cells can be used to 

compensate for the number of trajectories passing through cells, in order to smooth out 

spurious regions away from the source. Using small reweighting lengths can lead to local 

highs in single cells that have few passing trajectories. 

Overall, RTWC combined with CWT and trajectory statistics plots show promise 

in greatly reducing the search space for large fugitive emissions sources in an industrial 

setting. In the ideal circumstances considered, sources could be distinguished within 5-

10 m if good trajectory coverage was available. Run times are feasible ranging from a 
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few minutes to a few hours. Even with increased data set size, this is still significantly 

faster than searching using manual methods alone. 

6.2 Field set-up recommendations 

Based on the performance of the trajectory statistical algorithms, some recommendations 

can be made for attempts to use them in the field. 

6.2.1 Placement of Sensors 

Since trajectory coverage was clearly identified as having a strong influence on results, it 

is worthwhile to plan the sensor placement carefully. As of yet, the best method for 

determining the wind field for the trajectory calculations is an ongoing challenge for 

application in the field. However, based on the current research, the following steps are 

recommended prior to attempting field measurements: 

1. Determine regions onsite which could contain sources. These are the regions 

where trajectory coverage is key. Spending money on sensors to cover regions 

which cannot have leaks is a waste of resources which would be better spent 

increasing the sensor coverage of the rest of the domain. 

2. Investigate typical wind conditions onsite. Generate a wind rose with the 

percentage of time the wind blows in each direction to help optimize sensor 

placement. 

3. Based on the potential source regions and the wind rose, trajectory coverage for 

various sensor positions can be estimated. A simple, preliminary method would 

be to use straight lines in the prevailing directions corresponding to the percentage 

of time it is expected for the wind to be in each direction. 
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4. Based on these tentative sensor positions and predicted coverage, attempts could 

also be made to optimize sensor position choice to provide coverage for the 

important regions within the domain. While having coverage of the important 

domain regions is desirable from multiple directions, it is more important to have 

coverage of these regions from at least a single direction. Even if the source 

cannot be pinpointed and is smeared up and downstream, this still narrows the 

search region to find the source. 

6.2.2 Interpretation of Results 

As measurements are made and corresponding trajectory calculations performed, plotting 

the trajectories passing through each cell can provide insight into whether sufficient data 

has been obtained to make a source estimation. In areas with insufficient coverage, it 

will be necessary either to wait for the winds to shift until this region or to reposition 

sensors. Data for regions with a large number of trajectories are more trustworthy. 

Sources in regions with no trajectories may still lead to source identification in regions 

upstream and downstream from the actual source. Thus, interpreting a results plot for a 

small number of trajectories can be quite challenging and becomes easier as the amount 

of information about the domain increases. The cost of investigating potential source 

regions which could be false must be weighed against waiting for more measurements 

and trajectories. If a sufficient number of trajectories are available to maintain coverage 

of the important regions, using a trajectory filter can eliminate false sources at the edges 

of the domain, but it if few trajectories are available in the coverage areas desired, these 

filtered results should only be used in conjunction with the unfiltered field rather than 

eliminating information of the region entirely. 
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6.3 Recommendations for future work 

This study was essentially a proof of concept for the use of source location 

methodologies on a building scale, which allowed for the elimination of some algorithms 

from consideration. However, given the importance of domain coverage as revealed in 

the results, it would be worthwhile to look in greater depth at source smearing and filter 

optimization for a larger number of data and source sets. The question of how much data 

coverage is required to pinpoint a location within a few meters, rather than tens of meters 

requires further study to answer. 

While PSCF did not perform as well as CWT or RTWC, the binary nature of the 

PSCF method may also be useful for investigation of upstream and downstream smearing 

due to trajectory coverage. If all trajectories passing over a cell are considered polluted, 

the trailing pattern can be matched with that predicted with CWT to see how the 

trajectory coverage is influencing the source prediction. 

One of the greatest challenges remaining to practical application of this approach 

using any algorithm including those discussed in the literature review, is the wind field 

determination. Going from point wind measurements at a few sensors within the domain 

to a complete wind field is not simple. Computational wind engineering as performed for 

the synthetic data generation is time consuming and computationally costly. While 

vorticity conservation methods may offer potential speed up of computational time and 

are being investigate in related work, these approaches are unlikely to be sufficient to 

enable wind computations on the fly. It is instead likely that a pre-computed database of 

wind fields corresponding to different wind conditions (direction & velocity) would be 

used to characterize the flow field of the domain. Trajectories could then be computed in 
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advance based on these data and would require only a small amount of data storage. In 

the present work, this was essentially performed using three, distinct, short wind-field 

computations from three different dominant directions. However, the performance of 

various source location algorithms with varying quality wind field data thus needs to be 

investigated. 

The use of the adjoint of the advection-diffusion equation may also provide a way 

to narrow results further. Using variational data assimilation with the adjoint equation, in 

combination with the current algorithms to generate an initial guess, may allow for the 

estimation of source strengths as well as location. 

Finally, after having shown that it is possible to locate source regions for the ideal 

case, algorithm testing on a real case would be desired. The Joint Urban 2003 study in 

Oklahoma City may provide an interesting data set for dispersion among buildings as a 

preliminary test case based in the physical world where errors in the wind field would 

matter, before moving on to a full physical experiment testing the methodology. In cases 

of wind field and trajectory uncertainty, multiple trajectories with a random element for 

each concentration measurement (Lagrangian inverse plume) are another possible area of 

investigation. 
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Appendix A: Richardson Extrapolation and Convergence 

Verification and validation in computational wind engineering are critical for creating 

confidence in CFD solutions. Validation is used to assess model errors by comparison 

with experimental data. This is not possible when, as in the current case, the modelled 

situation is purely hypothetical. Verification, on the other hand, deals with numerical 

errors in the CFD results. Richardson extrapolation is one method for determining the 

discretization error (Franke & Frank, 2008). This is especially important in wind 

engineering as grid converged solutions are usually beyond current computational 

capabilities. This discretization error arises from modelling with a discrete system with a 

finite grid and time step (Gokalktun el al., 2005). While reaching solutions in the 

asymptotic range is challenging, or impossible, in many cases, it is recommended to 

attempt Richardson extrapolation for wind engineering problems to gain a sense of the 

error due to the problem discretization (Franke et al., 2007). 

Generalized Richardson Extrapolation 

Richardson extrapolation is an a posteriori error estimator that can be used independent 

of the numerical scheme (Franke et al., 2007). First, consider spatial discretization with 

the exact solution of f and a numerical solution of f. on mesh k . The numerical and 
J ex J k 

exact solutions can be related as (Franke et al., 2007): 

/* =/« +sPK +gp+K+x +gP+Ap+l +••• (A.i) 

where h is a measure of the grid width, p is the order of accuracy, and g are 

coefficients. If the solution is within the asymptotic range, higher order terms than p 
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can be neglected and g and/? do not depend on h . This leaves three unknowns since h 

for the grid and fk are already known. Thus, three equations (and three different 

meshes) are required to estimate the exact solution. If k = 1,2,3 corresponds to a fine, 

medium and coarse grid respectively, the grid refinement ratios between them are 

r21 = V ^ a n d r32 = h IK (Franke et al., 2007). 

In the case of unstructured meshes, the refinement factor can be calculated as 

r21=(iV,/7V2)'/D (A.2) 

where D is the dimension in space and N the number of nodes or cells within the mesh. 

(Franke et al., 2007) 

The series expansions are thus (Franke et al., 2007): 

A=fex+gPK (A.3) 

/2 =/«+*,# =/«+*, fa A)' (A.4) 

/a = / « +grf =feX+gP(w2hl)
P (A.5) 

In order to use Richardson extrapolation, the meshes must display monotonic 

convergence. The ratio of change is defined as R = (f2 - fx) / (/3 - f 2 ) , the three possible 

behaviours are (Franke et al., 2007): 

• 0 < R < 1 monotonic convergence 

• R < 0 oscillatory convergence 

• \R\ > 1 divergence 
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It is not possible to obtain error estimates from diverging grids. If the difference between 

the medium and fine grid approaches zero, the maxima and minima of the local solution 

should be analyzed (Franke et al., 2007). 

The order of accuracy can be calculated from (Franke et al., 2007) 

p = — j-—Lln(^-l)-ln(^-l)j (A.6) 

using an iterative method. 

An estimate of the exact value is then given by (Franke et al., 2007) 

fe^A+J—f (A.7) 

and, thus, the spatial discretization errors for each grid are 

D E ^ ^ ~ (A.8) 
'21 l 

DE2 = r2
p
lDEl (A.9) 

DE,={r2,r32)
P DE{ (A.10) 

Rearranged, these equations can be used to check if the solutions are within the 

asymptotic range if the following identity holds (Franke et al., 2007): 

DEA__DE1_ 
r* (WnY 

(A. 11) 
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Grid Convergence 

Though the above approaches provide an estimate of a corrected value (fa) at the points 

selected for comparison (generally the nodes on the coarsest grid), this corrected value 

cannot be used as the actual solution since it no longer fulfills the general equations 

(Franke et al., 2007). Thus, the corrected value is typically used to find the relative error 

or an error band (Franke et al., 2007). 

The relative error of the fine grid is (Franke et al., 2007) 

_ J\ J ex 
£, =^f^- (A.12) 

J ex 

This can be approximated by (Franke et al., 2007) 

1 f2~fx Ex=^—^-^ = E[^0{h^) (A.13) 
r2\ l J\ 

Some more practical estimators are (Franke et al., 2007) 

Z7 1 \J2 ~ J\\ , . . . . 
E^f=~r^ — T 7 \ (A-14) 

1 max]/, -f.\ 

£..«=-r-r— (7\ <A-1 5) 

2̂i - 1 range{fx) 

_ 1 rms(f2-fx) 

\rms ~ -J—." T T x - ( A . 16) 

The normalization is performed over the difference between the maximum and minimum 

values on the fine grid to prevent problems in areas where the value approaches zero 

(Franke et al., 2007). 
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The magnitude of the relative error defines an air band around the solution, but 

only provides a confidence level of 50%. Thus, the error is multiplied by a factor of 

safety in order to increase the confidence level. The exact value of the safety factor to 

reach 95% confidence is still being debated (Roy, 2005). Roache (1994) suggested a 

safety factor of 1.25 when using three meshes and the observed and formal order match 

and a factor of 3 for two meshes or cases where the formal order and observed order are 

different (Franke et al., 2007). 

In the case of urban flows, Franke and Frank (2008), in their study of the use of 

Richardson extrapolation to produce error bars for flow through street canyons used a 

variation on Eca and Hoestra's (2004) extension of Roache's grid convergence index. For 

an expected order of accuracy between one and two, with monotonic convergence, the 

error band was calculated based on the observed order of accuracy/?. 

This is done using S. = DEj as described in the section on Richardson 

extrapolation and solving the grid triplet for 8[ =fi-fex~ gxht + g2hf (Eca & Hoekstra, 

2004). 

• For 0.5 < p < 2 

UX=\25\8X\ (A. 17) 

• For 2 < p < 3 

Ux =1.25max(|^|, (A. 18) 

• For p<0.5ox p>3 

U^SmazQft-f^ft-rt) (A.19) 
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where the last equation is also used for oscillatory convergence and no estimation is made 

in cases of divergence or when the observed order of accuracy is outside the range of 0 to 

10. Franke and Frank (2008) examined the velocity components using this method. The 

results were normalized by the maximum component value to obtain a percent error. 

Temporal Convergence 

Roache (1994) suggested separate convergence studies for spatial and temporal 

convergence. Thus, a similar approach can be used to determine the effect of the 

timestep size on the results. Gokalktun et al. (2005) used this method for an unsteady, 

pulsating flow. 



Appendix B: Correlation Measures 

B.l Spatial Correlation Index 

A spatial correlation index, r, can be used as a measure of the association between two 

maps (Haining, 1990). A general autocorrelation ( r ) statistic between two spatial 

matrices is represented as 

r = z ; z ^ (B.i) 

where G, is a measure of the spatial proximity of locations / and y'andC,. of the variable 

value proximity at the same locations. One possible set of measures for spatial and 

variable proximity (in 2D, though this is easy extendable) is (Hopke et al., 2005): 

G«— ~— : ~ (B.2) 
(*i-xj) +(y>-yj) + 1 

(g,-g)(fj-7)+(gj-g)(f,-7) C. =v• ' n J ' y ] A ' ; (B.3) 
v 

where g and / are matrices representing the two maps, x( and yt are the coordinate 

locations of location /, g, and fi are the values of the two maps at location / and 

g and/ are the average map values. Similar high or low variable values have the most 

influence on C (Hopke et al., 2005). To determine how meaningful the correlation is, 

the null hypothesis (H0) that there is no correlation between the two maps must be 

considered. Assuming a total number of observations n , using the randomization 

assumption, the first two moments of the autocorrelation statistic are (Haining, 1990; 

Hopke et al., 2005) 
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E*(r '~W^ ^ + ? (Ri) 

where 

•S„=ZGS 

s-\nG.+G*f 2 , 

^ - Z Z » , + Z G , 
Jl 

V J J J 

n{b) =n(n-l)(n-2)...(n-b + \) 

andr t is the same as sk with Gr replaced by C.. 

The correlation index r is (Haining, 1990; Hopke et al., 2005): 

Y-E{Y) 

(E(r>)-(E(r))2f (B.6) 

This can be treated as a normal distribution of mean 0 and standard deviation 1 (Haining, 

1990). It is necessary to determine the significance of the correlation index. Using a one 

tailed test, the value which results in the rejection of the null hypothesis can be found for 

a certain significance level. Thus, for 95% confidence, correlations under 1.6 should be 

rejected. 
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B.2 Spearman Rank Order Correlation Coefficients 

Spearman rank correlation coefficient, rs, is another possible measure of association 

which evaluates the "degree of linear association between two independent variables" 

(Gauthier, 2001). It is given as (Haining, 1990): 

6l>, 
r=\-- i=\ 

(B.7) 

n —n 

where di is the difference in rank of the i observation for the two maps. This becomes 

more complicated in cases where there are ties in rank. In cases where there are multiple 

identical values, the mean of ranks that would have been used had the values differed 

slightly is assigned instead so that the sum of ranks is the same total sum as that of 

integers from 1 to n (Press et al., 1992). Let pk be the number of ties in the k'h group of 

ties in the fi 's and qm be number of ties in the m'h group of ties among the g, 's. Then, 

1 — 
n -n 

I X +7^Z(A3 - A ) + T T Z ( ^ -?») 12- 12' 

T(pl-pk) 

n -n 
1 — 

E(?m-?») 

n -n 

(B.8) 

If there are no ties, this reduces the previous equation. 

B.3 Pearson Correlation Coefficient 

Pearson correlation is a measure of the linear relationship between a pair of variables. In 

a conceptual sense, this can be expressed as (Gravetter & Wallnau, 2008): 



213 

_ degree X and Y vary together 

degree X and Y vary separately 

Thus, if both variables increase together, the relationship is positive. If one variable 

increases while the other decreases, the relationship is negative. If they do not vary 

together at all and there is no correlation, the value is zero. Specifically (Rummel, 1976), 

r = 
Hxt-x){yj-y) 

(B.10) 

Thus, if value of both vectors is greater than the mean, the correlation is positive, if they 

are both less than the mean, the value is also positive and if they are moving in opposite 

directions from their mean, there is a negative contribution. 


