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Public health studies have indicated strong correlations between air pollution and 

adverse respiratory and cardiovascular effects, premature death, and mortality. Widely 

used in regulatory applications for permitting new sources and in health studies to 

estimate exposure, Gaussian-based atmospheric dispersion models play a crucial role in 

air quality management but have several well-documented limitations. The main 

challenge of improving dispersion models is how to represent the complex turbulent 

flow field from the source(s) to the receptor(s) at a local length scale (~ 1 km) with high 

resolutions (~ 1 m).  At the local scale, built environment and/or moving vehicle induced 

turbulence have significant effects on the dispersion process.  This dissertation presents 

the Computational Fluid Dynamics (CFD) modeling of the turbulent, reactive flow 

fields, the dispersion, and transformation of the air pollutants from two major air 

pollution sources, the power generation facilities and the highway vehicles.  These two 

major sources could be close to communities and correspondingly raise local air quality 

concerns.  For example, the hydrocarbon fueled distributed generation (DG) facilities 

are usually located near end-users and have shorter stacks than those of centralized 

power plants.  Communities near major highways are exposed to elevated air pollutant 

concentrations than those far away from highways. 

The methods proposed in this dissertation would improve dispersion models and thereby 

public health research. For the power generators, a CFD-aided air pollutant dispersion 



 

parameterization method was developed, and it showed better performance than a 

regulatory dispersion model.  This work was based on studies of a centralized power 

plant (1,235 MW), a simple cycled gas turbine (47 MW) with a heat recovery system, 

and a combined heat and power gas turbine (CHP, two units, 15 MW each).  For the 

highway vehicles, NO2/NOx ratios at different plume evolution stages were clearly 

defined. Curbside measurement, on-road chasing measurement, and CFD simulations 

demonstrated on-road NO2 formation could be a large contributor of the total NO2 at 

the curbside, which was neglected in the current dispersion models.  A CFD-aided on-

road and near-road NO2/NOx ratio parameterization method was proposed and 

evaluated using curbside measurement data collected at an interstate highway. 
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CHAPTER 1 

 

INTRODUCTION 

1.1 Motivation 

Ambient air pollution is a substantial contributor of the global burden of disease, which 

increased from 1990 to 2015 (Cohen et al., 2017), and modeling results indicated that 

the contribution of outdoor air pollution to premature death could globally double by 

2050 (Lelieveld et al., 2015).  Health studies showed that exposure to air pollution 

causes many adverse effects including different levels of respiratory and/or 

cardiovascular diseases and mortality (Brook et al., 2010; Di et al., 2017; West et al., 

2016).  Epidemiological studies also discovered that health effects may relate to not 

only individual pollutants, but also the complex mixtures of air pollution (Crouse et al., 

2015; Darrow et al., 2014).  The review of these studies indicated there is a need to 

improve atmospheric models through improvements in the descriptions of fundamental 

processes to better quantify source-receptor relationships (West et al., 2016), which is 

the motivation of my research. 

 

1.2 What are the main air pollution sources? 

Where are the air pollutants from?  According to the National Emission Inventory (NEI) 

of U.S., stationary fuel combustion and transportation are the two major air pollution 

sources.  In 2017, stationary fuel combustion sources produced around 45.6% primary 

particulate matter with the aerodynamic diameter smaller or equal to 2.5 µm (PM2.5), 

without considering the miscellaneous PM sources.  And highway vehicles generated 

around 34% of NOx.  Unfortunately, sources from these two sectors could be close to 

people.  For example, the hydrocarbon fueled distributed generation (DG) facilities are 

typically located near population centers and generally have shorter stacks than central 
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power plants.  Around 4% of the total U.S. population lives within 150 meters of a major 

highway (Woghiren-Akinnifesi, 2013).  Thus, I focused on the hydrocarbon fueled DG 

facilities and highway vehicles emissions.   

 

1.3 What are the challenges? 

The air pollutants dispersion and transformation from sources to receptors are complex 

physical and chemical processes.  For example, the primary PM particles, were 

generated during the hydrocarbon fuel combustion, and the gaseous combustion 

products mix with ambient air to form secondary aerosols (nucleation).  Interactions 

among particles include coagulation, condensation/evaporation, and deposition.  

Meanwhile, the gas emissions also can react with other components in the ambient air, 

for example, the NOx titration of the ambient O3.  Meteorological information, 

especially turbulence, is important in these complex processes and it is also required for 

the dispersion air quality models and photochemical air quality models.  The dispersion 

models are typically used in the permitting process to estimate the concentration of 

pollutants at specified ground-level receptors surrounding an emissions source 

(USEPA).  For example, the USEPA recommended dispersion model, AERMOD, is a 

steady-state Gaussian plume model, which uses the atmospheric boundary layer (ABL) 

turbulence structure as the modeling input (Cimorelli et al., 2005).  In AERMOD, 

turbulence impact on the concentration field was parameterized.  The photochemical 

models are used in regulatory or policy assessments to simulate the impacts from all 

sources by estimating pollutant concentrations and deposition of both inert and 

chemically reactive pollutants over large spatial scales (USEPA).  For example, the 

Community Multiscale Air Quality Model (CMAQ) takes output from the Weather and 

Research Forecasting (WRF) simulation (Hu et al., 2016).  The high horizontal grid 

resolution in CMAQ and WRF is about 1 km by 1 km (Sokhi et al., 2006; Wang et al., 
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2015).  At local scales within 1 km by 1 km, turbulence impact was also parameterized.   

However, the health risk estimate would be sensitive to the turbulence parameterization 

performance and the model resolutions (Im et al., 2010; Li et al., 2016; Schaap et al., 

2015).  With regard to the two emission sources, hydrocarbon DG and highway vehicles, 

the distance between sources and receptors usually ranges from a couple of meters to 

hundreds of meters. Therefore, it is important to investigate the source-receptor 

relationships in the built environment at local scales with the resolution finer than 1 km. 

 

At local scales, built environment often has significant impact on air pollutants 

dispersion and transformation from sources to receptors due to the complex turbulent 

flow fields around buildings, road infrastructures, highway vehicles.  There are many 

challenges in the local scale’s turbulence parameterization due to the flow field 

complexity.  The current AERMOD model utilizes the preprocessor BPIP-PRIME to 

account for plume entrapment by the building wake, also known as “building 

downwash” (Schulman et al., 2011), shown in Figure 1.1a.  However, studies showed 

the need of improvement of the BPIP-PRIME method (Perry et al., 2016; Petersen et 

al., 2017).  For the highway pollutants, the dispersion model like CALINE4 and ADMS-

Road all assume a well-mixed zone of the emission and ambient air above the highway 

lanes (Benson, 1984; CERC, 2017), where the complex on-road turbulence mixing 

processes are neglected, shown in Figure 1.1b. 

 

The nesting method in WRF simulations is inspiring.  The sub-grid (< 1 km × 1 km) 

turbulence could be investigated by using computational fluid dynamics (CFD) methods 

(Moeng et al., 2007; Wyszogrodzki et al., 2012).  Meanwhile, CFD has been widely 

used in local scale’s air quality modeling (Blocken et al., 2011).  CFD can significantly 

reduce the field/in-lab measurements and provide detailed air quality dispersion and 
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transformation from sources to receptors for both real-world and virtual scenarios.  

Unfortunately, one of the main limitations in CFD is the computational cost, which is 

several orders of magnitude higher than those of dispersion models (generally less 

accurate than CFD).  Therefore, it is worth to investigate how to improve the 

parameterization and the dispersion model’s accuracy using CFD results. 

 
 

 
 

Figure 1.1 Sketches of near-source air pollutants dispersions: a) A stationary source, 

e.g. hydrocarbon fueled distributed generation; b) Mobile sources: highway vehicles 

 

1.4 Objective and tasks 

My research objectives are to investigate the air quality in fine resolution using CFD 

and to improve the performance of the air quality dispersion models for the stationary 

sources (Chapter 2, 3, 4, 5) and the mobile sources (Chapter 6, 7). 

 

In Chapter 2, Reynolds Averaged Navier-Stokes (RANS) results and Large Eddy 

Simulation (LES) results were validated using a wind tunnel dataset of a turbulent jet 

into a crossflow.  And the RANS performance was also evaluated by using the 

concentration flight measurement data of a coal-fired power plant.  In Chapter 3, I 

a) Building Downwash

b) On-road Turbulent Mixing
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proposed an integrated Gaussian dispersion – CFD modeling framework and investigate 

the heat recovery system impact on the near-source plume from a simple-cycle gas 

turbine.  In Chapter 4, I used the same modeling framework to analyze the near-source 

air quality impact of a distributed natural gas combined heat and power facility.  The 

building downwash impact could significantly increase the ground level concentrations.  

In Chapter 5, I conducted CFD simulations to generate a dataset to parameterize the 

building downwash impact and evaluate the model by using USEPA wind tunnel 

measurement. 

 

In Chapter 6, I analyzed two highways curbside measurement data, and the on-road 

chasing measurement of a diesel pickup truck, and conducted CFD simulations of an 

isolated car tailpipe exhaust dispersion and NO-O3-NO2 transformation.  All three tasks 

showed the same evidence that the primary NO would be converted to NO2 from the 

tailpipe to the curbside, which is a significant contributor to the curbside NO2 

concentration.  In Chapter 7, I conducted CFD simulations under different ambient O3 

concentrations and proposed a new on-road NO2/NOx ratio estimate, which can improve 

the CALINE4 performance for the near-road NO2 dispersion and transformation. 

 

Finally, the major contributions and future work were summarized in Chapter 8. 
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CHAPTER 2 

 

CFD-BASED TURBULENT REACTIVE FLOW SIMULATIONS OF POWER 

PLANT PLUMES 1 

Abstract 

This chapter examined the capabilities of computational fluid dynamics (CFD) 

techniques in modeling the transport and chemical transformation of power plant 

plumes. Based on turbulence characteristics, we divided the plume evolution into two 

stages. The first stage is referred to as the jet-dominated region (JDR), characterized by 

a high momentum jet flow of flue gas. The second stage is referred to as the ambient-

dominated region (ADR), driven by atmospheric boundary layer turbulence. Then, we 

compared the three methods in simulating plume transport in the JDR, i.e., Reynolds-

averaged Navier-Stokes (RANS) model with velocity inlet (RANS-VI), RANS with 

volume source (RANS-VS) and Large-Eddy Simulation (LES). The VI method treats 

the stack exit as a surface inlet to the simulation domain, while the VS method defines 

a volume region containing the source with a specific emission rate. Our evaluation 

against a relevant wind tunnel experiment suggested that RANS-VI is most appropriate 

for power plant plume transport in the JDR. LES can achieve more accurate results, but 

the improvement in accuracy over RANS-VI may not justify its high computational 

costs. Nevertheless, LES is still preferable for JDR simulations if computational costs 

are not a constraint. The VS method requires refined mesh in the source region in order 

to achieve accurate results, making it no different from the VI method in the JDR. Next, 

for our ADR evaluation, we simulated plume chemical evolution in a well-characterized 

1999 TVA Cumberland aircraft plume transect field study. RANS-VS was adopted, as 

 
1 Yang, B. and Zhang, K.M., 2017. CFD-based turbulent reactive flow simulations of 

power plant plumes. Atmospheric Environment, 150, pp.77-86. 
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proper RANS-VI and LES simulations would be exceedingly expensive in terms of 

computational costs. The overall model performance was satisfactory, evinced by the 

predicted concentrations of SO2, O3, NOx as well as NO2/NOx ratios fell within the 

variations in the observed values for large portions of the plume distributions. An 

indirect JDR evaluation by comparing the predicted plume centerline trajectory with 

that estimated using a semi-empirical equation and Cumberland-specific parameters 

indicated that RANS-VS can reasonably predict plume evolution in the JDR as well. 

Our study suggested that properly configured CFD simulations (e.g., turbulence model, 

source representation and mesh sensitivity) were able to capture the evolution of 

chemical reactive plumes from power plants in high accuracy, however, with high 

computational cost and thus limited applicable spatial range. 

 

2.1 Introduction 

Understanding plume dynamics from stationary combustion sources to ambient 

background is crucial for many air quality applications, such as impact analysis of 

primarily and secondarily formed pollutants required by the New Source Review (NSR) 

Permitting Program (Fraas et al., 2015), plume-in-grid module for regional air quality 

modeling (Karamchandani et al., 1998; Kumar and Russell, 1996), and near-source 

exposure assessments to distributed generation (Olaguer et al., 2016). The nature of 

plume dynamics is environmental turbulent reactive flows. An ideal plume modeling 

tool would be capable of simulating plume dispersion (govern by turbulent mixing of 

plumes with ambient air) and transformation (e.g., chemical reactions and aerosol 

dynamics) in high resolution (e.g., meter-scale) and covering a wide range of 

geographical areas (e.g., from meters to ~ 100 km). 
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Back to reality, several plume modeling techniques have been employed for regulatory 

and research purposes, including steady-state Gaussian dispersion models, transient 

Lagrangian puff models, and grid-based Chemical Transport Models (CTM). Those 

models have both advantages and disadvantages. Steady-state Gaussian dispersion 

models can resolve high spatial variations of primary pollutants, but are less suitable for 

capturing secondary pollutants due to the steady-state assumption. Transient Lagrangian 

puff models are capable of simulating both dispersion and transformation, but the 

accuracy is often limited by the prescribed meteorological fields. Chowdhury et al. 

(2015) reported a recently improved puff model (SCICHEM) that incorporated a full 

gas-phase chemical mechanism, CB05, and the results still showed discrepancies 

between the predicted and observed plume distributions in the comparatively near-

source regions (~10 km from the source). Typically running at grid resolution >1 km in 

large geographical domains (e.g., Eastern U.S.), CTMs can readily take into account 

chemical and physical background environment to characterize secondary pollutant 

formation from plumes. Baker and Kelly (2014) demonstrated the capability of 

sensitivity and apportionment techniques in isolating single source impact using a CTM, 

the Community Multiscale Air Quality model (CMAQ), at 4 km resolution. They also 

found that peak concentrations of primary pollutants were generally underestimated 

near the source, and the likely cause was attributed to an artificial dilution process 

inherent to grid-based models, i.e., averaging emissions within the volume of the grid 

cell where they are released (Baker and Kelly, 2014). 

 

What has been absent from the literature is an investigation into whether Computational 

Fluid Dynamics (CFD)-based models are suitable for simulating coupled plume 

dispersion and transformation from power plants. CFD-based models are capable of 

resolving turbulent flow fields with and without complex urban structures. Coupled with 
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gas-phase chemistry and/or aerosol dynamics, those models can also predict the 

formation of secondary pollutants. Nevertheless, CFD-based models are 

computationally intensive, and if poorly constructed, can be sensitive to grid resolution 

(also referred to as mesh sensitivity). 

 

To the best of our knowledge, CFD-based, coupled turbulence and chemistry 

simulations have not been attempted for power plant plumes. The main objective of this 

chapter is to bridge this knowledge gap by applying/comparing different CFD modeling 

techniques and examining their performances against relevant observation data. 

Previous CFD studies in related areas have provided a foundation to take on this task. 

The dispersion of a power plant cooling tower plume was performed by Meroney 

(2006), and the results were compared against the 1977 field experiment collected at 

Chalk Point, MD, showing the predicted plume rise in a good agreement with the 

observed value at 100 m downwind. Ebrahimi and Jahangirian (2013) conducted a series 

of CFD simulation of the gas dispersion from an isolated stack to obtain dispersion 

parameters for Gaussian dispersion model. Barbero et al. (2015) simulated the near-

range dispersion of unexpectedly released particles from a nuclear power plant. Tong et 

al. (2017) simulated the local particulate matter (PM) impact of a biomass combined 

heat and power unit with and without emission control. In addition, there are a number 

of CFD studies on inert tracer release in urban environments, varying from idealized 

single buildings to complex street canyons (Allwine et al., 2004; Blocken et al., 2011; 

Gousseau et al., 2011; Kastner-Klein et al., 2004; Kumar et al., 2015; Sully et al., 2011; 

Tominaga and Stathopoulos, 2013; Xie et al., 2013). For those studies, receptors were 

usually close to the emission source (within ~1 km), and the pollutant dispersion 

dominated by building wakes. By contrast, the dispersion of plant power plumes was 
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dominated by the high-momentum turbulent jet from stacks initially and the 

atmospheric boundary-layer flow afterwards. 

 

This chapter is organized as follows. First, we differentiated and defined several 

important terminologies in plume simulations, and defined two regions in plume 

development, i.e., jet-dominated region and ambient-dominated region. Next, we 

evaluated the performances of CFD-based models in the two regions, respectively. 

Finally, we discussed the strengths and limitations of CFD-based models in power plant 

plume simulations. 

 

2.2 Modeling Method 

2.2.1 Jet-dominated region (JDR) and ambient-dominated region (ADR) 

Based on the typical sizes of power plant stack interior diameters (~a few meters) and 

magnitudes of exit velocity (~10 ms-1), the initial plume can be treated as a high 

Reynolds (Re) number jet into a cross ambient flow. As illustrated in Figure. 2.1, the 

plume jet mixes with ambient flow initially, and reaches the final plume rise at certain 

horizontal downwind distance, 𝑥𝑓, beyond which the plume is transported mainly by the 

ambient flow. In this study, we referred to the region from stack to 𝑥𝑓 as jet-dominated 

(JDR), and the region beyond 𝑥𝑓 as ambient-dominated (ADR). 

 

In a convective boundary layer, 𝑥𝑓 can be estimated by using buoyancy flux, 𝐹𝑏 (Briggs, 

1975, 1984; Hanna and Chang, 2001): 

𝑥𝑓 = {

49 𝐹𝑏
5 8⁄ , (0 < 𝐹𝑏 < 55)

119 𝐹𝑏
2 5⁄ , (𝐹𝑏 ≥ 55)

8𝑟𝑠(𝑤𝑠 + 3𝑈∞)
2/(𝑤𝑠𝑈∞), (𝐹𝑏 = 0)

. Convective boundary layer (2.1) 

For the stable boundary layer, 𝑥𝑓 can be estimated by using momentum flux, 𝐹𝑚 (Weil, 

1988): 
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𝑥𝑓 =
𝑈∞

0.7𝑁
𝑎𝑟𝑐𝑡𝑎𝑛 (

−𝐹𝑚0.7𝑁

𝐹𝑏
). Stable boundary layer (2.2) 

 
Figure 2.1. Flow structure of the turbulent jet into a cross flow 

 

The plume rise ∆ℎ, is estimated by 𝐹𝑏 and 𝐹𝑚 (Briggs, 1975, 1984; Weil, 1988): 

∆ℎ = (
3𝐹𝑚𝑥

𝛽2𝑈∞2
+

3

2𝛽2
𝐹𝑏𝑥

2

𝑈∞
3
)

1
3

 (2.3) 

 

𝐹𝑏 = 𝑔𝑤𝑠𝑟𝑠
2 ∆𝑇

𝑇𝑠
, and 𝐹𝑚 = (𝑇/𝑇𝑠)𝑤𝑠

2𝑟𝑠
2; g is the gravity acceleration; ws is the stack exit 

gas velocity; rs is the stack exit interior radius; Ts is the stack exit gas temperature; ∆T 

is the temperature difference between Ts and the ambient temperature T; x is the 

horizontal distance to the stack position; β = 0.6 is the entrainment parameter; U∞ is the 

ambient flow velocity at the stack exit height; 𝑁 = [
𝑔

𝜃

𝜕𝜃

𝜕𝑧
]
1/2

is Brunt-Vaisala frequency 

at the height of boundary layer depth; 𝜃 is the potential temperature. 

 

2.2.2 Governing equations 

The Comprehensive Turbulent Aerosol Dynamics and Gas Chemistry (CTAG) model 

is designed to resolve the flow field including turbulent reacting flows, aerosol 

dynamics, and gas chemistry in complex environments (Steffens et al., 2014; Steffens 

et al., 2012; Stocker et al., 2013; Wang et al., 2013a; Wang et al., 2013b; Wang and 

Ujet

U∞

xf

Jet-dominated-region (JDR) Ambient-dominated-region (ADR)

Plume

rise
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Zhang, 2012). In this chapter, we employed the Reynolds Averaged Navier-Stokes 

(RANS) method for JDR and the Unsteady Reynolds Averaged Navier-Stokes 

(URANS) method for ADR as the turbulence model in CTAG for power plume 

simulations. Another turbulence model, i.e., dynamic Large Eddy Simulation (LES), 

was also used for comparison purposes. 

The equations of mass, momentum, energy can be written as: 

𝜕𝜌

𝜕𝑡
+
𝜕𝜌𝑢𝑗

𝜕𝑥𝑗
= 0 (2.4) 

𝜕𝜌𝑢𝑖
𝜕𝑡

+ 𝑢𝑗
𝜕𝜌𝑢𝑖𝑢𝑗

𝜕𝑥𝑗
= −

𝜕𝑝

𝜕𝑥𝑖
+
𝜕𝜎𝑖𝑗

𝜕𝑥𝑗
 (2.5) 

𝜕𝐶𝑣𝜌𝑇

𝜕𝑡
+
𝜕𝐶𝑣𝜌𝑢𝑖𝑇

𝜕𝑥𝑖
= −𝑝

𝜕𝑢𝑖
𝜕𝑥𝑖

+ 𝜎𝑖𝑗
𝜕𝑢𝑖
𝜕𝑥𝑗

+
𝜕𝑢𝑖
𝜕𝑥𝑖

(𝜅
𝜕𝑇

𝜕𝑥𝑖
) (2.6) 

where 𝜌 is density; 𝜎𝑖𝑗 = −
2

3
𝜇
𝜕𝑢𝑘

𝜕𝑥𝑘
𝛿𝑖𝑗 + 𝜇 (

𝜕𝑢𝑖

𝜕𝑥𝑗
+
𝜕𝑢𝑗

𝜕𝑥𝑖
) ; 𝜇 is the dynamic viscosity; 𝜅 

can be represented by Prandtl number Pr = 𝐶𝑝𝜇/𝜅; 𝐶𝑝is the specific heat at constant 

pressure; 𝐶𝑣 is the specific heat at constant volume. 

The Realizable k-ε governing equations for RANS can be expressed as: 

𝜕𝜌𝑘

𝜕𝑡
+
𝜕𝜌𝑘𝑢𝑗

𝜕𝑥𝑗
=
𝜕

𝜕𝑥𝑗
[(𝜇 +

𝜇𝑡
𝜎𝑘
)
𝜕𝑘

𝜕𝑥𝑗
] + 𝐺𝑘 + 𝐺𝑏 − 𝜌휀 − 𝑌𝑀 + 𝑆𝑘 (2.7) 

𝜕𝜌휀

𝜕𝑡
+
𝜕𝜌휀𝑢𝑗

𝜕𝑥𝑗
=
𝜕

𝜕𝑥𝑗
[(𝜇 +

𝜇𝑡
𝜎𝜀
)
𝜕휀

𝜕𝑥𝑗
] + 𝜌𝐶1𝑆휀 − 𝜌𝐶2

휀2

𝑘 + √𝜈휀
+ 𝐶1𝜀

휀

𝑘
𝐶3𝜀𝐺𝑏 + 𝑆𝜀 (2.8) 

where 𝜌 is density, k is turbulent kinetic energy; 휀 is dissipation rate; 𝜇 is the dynamic 

viscosity, 𝜈 is the kinetic viscosity; 𝐺𝑘 is the generation of turbulence kinetic energy 

due to the mean velocity gradients; 𝐺𝑏 is the generation of turbulence kinetic energy 

due to buoyancy; 𝑌𝑀 is the contribution of the fluctuating dilatation in compressible 

turbulence to the overall dissipation rate; 𝜇𝑡  is the eddy viscosity; 𝜎𝑘  and 𝜎𝜀  are the 

turbulent Prandtl numbers for k and 휀 ; 𝑆𝑘  and 𝑆𝜀  are source terms; 𝐶1 =

𝑚𝑎𝑥 [0.43,
𝜂

𝜂+5
] , 𝜂 = 𝑆

𝑘

𝜀
, 𝑆 = √2𝑆𝑖𝑗𝑆𝑖𝑗; 𝐶1𝜀 = 1.44; 𝐶2 = 1.9; 𝐶3𝜀 = 1.2. 

 

Given a filtered flow quantity 𝑓(̅𝑥) = ∫ 𝑓(𝑥′)𝐺(𝑥 − 𝑥′)𝑑𝑥′
∞

, where G is the filter 

function and ∫ 𝐺(𝑥)𝑑𝑥 = 1
∞

. The Favre-averaging is usually used to simplify the 
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governing equations and to account for the variable density effects. The Favre-filtered 

quantity is defined as 𝑓 = 𝜌𝑓̅̅̅̅ �̅�⁄ . The Favre-filtered equations of mass, momentum, 

energy can be written as: 

𝜕�̅�

𝜕𝑡
+
𝜕�̅��̃�𝑗

𝜕𝑥𝑗
= 0 (2.9) 

𝜕�̅��̃�𝑖
𝜕𝑡

+ �̅�𝑗
𝜕�̅��̃�𝑖�̃�𝑗

𝜕𝑥𝑗
= −

𝜕�̅�

𝜕𝑥𝑖
+
𝜕

𝜕𝑥𝑗
𝜎𝑖𝑗 −

𝜕𝜏𝑖𝑗

𝜕𝑥𝑗
 (2.10) 

𝐶𝑣
𝜕�̅��̃�

𝜕𝑡
+ 𝐶𝑣

𝜕�̅��̃�𝑖�̃�

𝜕𝑥𝑖
= −�̅�

𝜕�̃�𝑖
𝜕𝑥𝑖

+ 𝜎𝑖𝑗
𝜕�̃�𝑖
𝜕𝑥𝑗

+
𝜕�̃�𝑖
𝜕𝑥𝑖

(𝜅
𝜕�̃�

𝜕𝑥𝑖
) − 𝐶𝑣

𝜕𝜏𝑖𝑗

𝜕𝑥𝑗
 (2.11) 

where 𝜏𝑖𝑗 = 𝜌𝑢𝑖𝑢𝑗̅̅ ̅̅ ̅̅ ̅ − (𝜌𝑢𝑖̅̅ ̅̅  𝜌𝑢𝑗̅̅ ̅̅ ̅/�̅�). 

 

LES resolves scales from the domain size down to the filter size. A certain Sub-grid 

scale (SGS) model is needed to represent the deviatoric part of 𝜏𝑖𝑗 for the scales smaller 

than Δ. The widely used SGS model is the Smagorinsky-Lilly model, which models the 

eddy viscosity as 𝜈𝑡 = (𝐶𝑠Δ𝑔)
2
√2𝑆�̅�𝑗𝑆�̅�𝑗, where Δ𝑔is the grid size and 𝐶𝑠 is a constant. 

Germano et al. (1991) proposed a dynamic Smagorinsky model, which utilized a grid 

LES filter (⋅)̅ and a test LES filter (⋅̂). The resolved turbulent stress tensor ℒ𝑖𝑗 is defined 

as ℒ𝑖𝑗 = 𝑇𝑖𝑗
𝑟 − �̂�𝑖𝑗

𝑟 , where 𝑇𝑖𝑗
𝑟 = 𝑢𝑖𝑢𝑗̅̅ ̅̅ ̅̂ − �̂̅�𝑖 �̂̅�𝑗 , is the residual stress tensor for the test filter 

scale, and �̂�𝑖𝑗
𝑟 = 𝑢𝑖𝑢𝑗̅̅ ̅̅ ̅̂ − �̅�𝑖�̅�𝑗̂  is the residual stress tensor for the grid filter, then test 

filtered. ℒ𝑖𝑗 represents the contribution to the SGS stresses by length scales between the 

test filter size ∆̂ and the grid filter size Δ𝑔. In the dynamic Smagorinsky-Lilly model, 

the constant 𝐶𝑠  can be represented by 𝐶𝑠 =
〈ℒ𝑖𝑗ℳ𝑖𝑗〉

〈ℳ𝑖𝑗ℳ𝑖𝑗〉
, where ℳ𝑖𝑗 = 2∆𝑔

2 (|�̂�|�̂�𝑖𝑗
̅̅ ̅̅ ̅̅ ̅ −

(
∆̂

Δ𝑔
)
2

|�̂�|�̂�𝑖𝑗) (Lilly, 1992). 

 

The species transport equation is in the form of: 
𝜕

𝜕𝑡
(𝜌𝑌𝑖) + ∇ ∙ (𝜌�⃗� 𝑌𝑖) = −∇ ∙ 𝐽 𝑖 + 𝑅𝑖 + 𝑆𝑖 (2.12) 

where 𝑌𝑖 is the mass fraction of each species; 𝑅𝑖 is the net rate of production of species 

i by chemical reaction; 𝑆𝑖 is the rate of creation by addition from the dispersed phase 
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and other sources; 𝐽 𝑖 = −(𝜌𝐷𝑖,𝑚 +
𝜇𝑡

𝑆𝑐𝑡
) + ∇𝑌𝑖 is the mass diffusion in turbulent flow, 

where Di,m is the molecular diffusion coefficient for species i in the mixture, and Sct =

, is the turbulent Schmidt number; μt is the turbulent viscosity; Dt is the turbulent 

diffusivity.  

 

2.2.3. Velocity inlet (VI) and volume source (VS) methods for source representation 

An appropriate representation of source characteristics is very important for CFD 

simulations, taking into accounts both accuracy and computational costs. Methodology 

wise, there are two main categories, i.e., the velocity inlet (VI) method and the volume 

source (VS) method. The VI method treats the stack exit as a surface inlet to the 

simulation domain, defined by the velocity, temperature, and turbulent kinetic energy 

of the exhaust plume. It is a straightforward approach, but requires 1) detailed 

information on the source that is not always available and 2) refined computational grid 

for the areas surrounding the inlet that may introduce large computational burden for a 

relatively large simulation domain. By contrast, the VS method defines a volume region 

containing the source with a specific emission rate. It is appropriate when the source 

emission rate is readily available but it would be not feasible to explicitly model the exit 

geometry. We will use the VI method for the JDR simulation and the VS method for the 

ADR simulation. 

 

2.3 JDR Evaluation 

2.3.1 Experiment 

For our evaluation of JDR simulations, we selected the wind tunnel measurements of 

jet crossing flows conducted by Su and Mungal (2004) in a wind tunnel with a 50 × 50 

cm2 cross section.  The jet fluid was seeded with acetone vapor (molecular weight 58.08 

t

t

D
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g mol-1) to 10% by volume (and the rest 90% was nitrogen).  The velocity field was 

measured using Particle Image Velocimetry (PIV), and concentration field was 

measured by using Planar Laser-induced Fluorescence (PLIF). The key parameters in 

the experiment were listed in Table 2.1. 

Table 2.1. Jet crossing flows experiment parameters (Su and Mungal, 2004) 

Parameter Value 

Jet pipe interior diameter Djet (mm) 4.53 

Jet velocity Ujet (m s-1) 16.9 

Re (based on Ujet and Djet) ~ 5000 

Crossing flow velocity U∞ (m s-1)a 2.95 

Velocity ratio of the jet and the crossing flow r = Ujet/ U∞  5.73 

Turbulent Schmidt number, Sct 1.49 

Flow temperature (K) 300 
a: The crossing flow 80% boundary layer thickness is δ80% = 1.32 Djet. 

The quantity rd = (Ujet/U∞)∙Djet was commonly used in turbulent jet in a crossing flow 

for representing jet-influenced distance (Smith and Mungal, 1998; Su and Mungal, 

2004).  In this experiment, the effective measurement distance from the jet centerline to 

the downwind outlet along the cross flow direction was within 4rd ≈ 104 mm, compared 

to xf ≈241 mm based on Equation (2.1), which indicated that the entire measurement 

range was in the JDR. The measurement positions in this experiment were concentrated 

near the jet exit (x≤3rd). 

 

2.3.2 Modeling 

The jet crossing flows computational domain, shown in Figure 2.2, was created based 

on the experimental conditions (Table 2.1).  The bottom surface of the pipe was treated 

as a velocity inlet as described in the VI method.  Mesh sensitivity was investigated by 

using two hexahedral meshes, ~3 million cells and ~6 million cells, respectively. For 

the same domain, the VS method would lead to poor simulation results with 

insufficiently resolved pipe. Similar findings were reported by Tominaga et al. (1997), 
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which argued that the well-resolved stack exit is necessary for reproducing the early 

process of gas diffusion.  

 
Figure 2.2. Jet crossing flows computational domain and mesh, (a) side view; (b) front 

view; (c) the jet flow exit (Djet = 4.53 mm). 

The crossing flow was set up as a velocity inlet and velocity directions were shown in 

Figure 2.2 by arrows. Su and Mungal (2004) did not reveal the exact nature of the 

crossing flow, but it 1) suggested that the crossing flow had very low turbulent intensity 

and 2) specified the δ80% = 1.32 Djet. The appropriate k and ε profiles were obtained by 

the following procedure. We first used an inlet with a uniform velocity U∞, turbulent 

kinetic energy k = 0 and dissipate rate ε = 0 to simulate the development of boundary 

layer over a flat plate in an empty wind tunnel with the same dimension as that adopted 

in Su and Mungal (2004) by using RANS.  The k and ε profiles at 12Djet before the jet 

position where the flow has a δ80% = 1.32 Djet boundary layer were taken as the inlet 

profiles (Shown in Figure 2.3) for our jet crossing flow simulations so that the same 

boundary layer thickness was obtained at the jet position in the experiment of Su and 

Munal (2004).  The crossing flow inlet plane was represented in the LES simulation by 

using the spectral synthesizer method (Kraichnan, 1970; Smirnov et al., 2001) with the 

same velocity, k and ε profiles as the RANS simulation. The jet flow was simulated by 

using a velocity inlet at the bottom of the pipe with a uniform distribution with a 10% 
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turbulent intensity, which made the flow fully developed in the pipe before reaching the 

crossing flow field.  In LES simulation, the spectral synthesizer method was used to 

represent the pipe inlet velocity fluctuation.  The acetone mass fraction at the pipe 

bottom inlet is around 18.21% based on the experiment condition.  The outlet was 

modeled as a pressure outlet, where the gauge pressure is 0 Pa. At the top and lateral 

boundaries, a freestream velocity of U∞ is prescribed. The acetone mass fraction is zero 

at the crossing flow, the top, and the lateral boundaries. Stationary wall boundaries were 

applied to the bottom plane of the tunnel and the pipe surface. SIMPLE scheme 

(Patankar and Spalding, 1983) was used for pressure-velocity coupling. And the second 

order spatial discretization was applied to all scalars. The temporal discretization was 

solved by the bounded, second order, implicit scheme. The least squares cell-based 

method was applied to evaluate the gradients of all scalars. 

 
Figure 2.3. Velocity (x direction), turbulent kinetic energy (k) and turbulent dissipation 

rate (ε) at the inlet plane of RANS and LES of the JDR simulation 

 

2.3.3 Results and discussions 

Results from the mesh sensitivity of both the velocity magnitude (√𝑢2 + 𝑣2 +𝑤2) and 

the concentration distributions along a longitudinal line at z = 1.5rd were illustrated in 
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Figure 2.4. The close agreement between the simulated velocity and concentrations with 

coarse, 3-million-cell mesh and those with refined, 6-million-cell mesh indicated that 

mesh independence for RANS have been achieved. The rest of the discussions in this 

section were based on the results with the refined mesh. 

 
Figure 2.4. Mesh sensitivities at z = 1.5 rd:  (a) Cross flow direction velocity ratio 

(U/U∞) correlation of the RANS-VI method; (b) Concentration ratio (C/C0) correlation 

of the VI method (C means the Acetone vapor concentration in the domain and C0 means 

the Acetone concentration at the jet inlet/source). 

 

Figure 2.5 and Figure 2.6 depicted the comparisons between measured and simulation 

results for both velocity and concentration distributions, respectively. In addition to 

RANS with the VI method (abbreviated as RANS-VI), we also conducted simulations 

for the same condition using a dynamic Large-Eddy Simulation (LES) turbulence 

model. The description on the dynamic LES modeling was included in Section S3 of 

the Supporting Information. For LES simulation, after the flow field reached the 

statistically steady state, the simulation continued for a (flow) time period long enough 

to cover the unsteady flow features. Then the time-averaged results over this period 

were compared with measurements and RANS results. Both RANS-VI and dynamic 

LES results showed good agreement with the experimental data for both the velocity 

field (Figure 2.5) and the concentration field (Figure 2.6), and the performance of 
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dynamic LES was slightly better, especially at z=1.5rd. However, we estimated that the 

computational cost for conducting the LES simulation was about 10 times that for 

RANS. The RANS-VI simulation took around 6 hours on a Quad-CPU Intel Xeon E5-

4650 (2.7 GHz) node. 

  
Figure 2.5 Velocity magnitude 

comparisons in the jet center plane; 

Experiment: hollow circle; RANS: black 

solid line; LES: red solid line 

Figure 2.6 Normalized concentration 

comparisons in the jet center plane for 

the JDR evaluation. 

 

The capability of RANS-VI was further evinced by comparing the predicted scalar 

centerline trajectory, defined as the highest concentration locations during the plume 

transport, against the measurement, as shown in Figure 2.7. The agreement was good 

except the initial positions (<0.2rd). 
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Figure 2.7 Scalar centerline trajectory comparison between experiment and the VI 

method for the JDR evaluation. 6M Hex refers to hexahedral mesh with 6 million cells 

 

In summary, our evaluation suggested that RANS-VI is appropriate for power plant 

plume transport in the JDR. The VS method requires refined mesh in the source region 

in order to achieve accurate results, making it no different from the VI method in the 

JDR. LES can achieve more accurate results, but the minor improvement in accuracy 

over RANS-VI may not justify its high computational costs. Nevertheless, LES is still 

the preferable for JDR simulations if computational costs are not a constraint. 

 

2.4 ADR Evaluation 

2.4.1 Experiment 

For our ADR evaluation, we selected the measurements of chemical reactive plumes 

downwind the Tennessee Valley Authority (TVA) Cumberland coal-fired power plant 

on July 6, 1999. The flight-based field campaign took place on July 6, 13 and 15 of 

1999, but as described by Baker and Kelly (2014), July 6 was the most appropriate 

sampling day for evaluating secondary chemical production. We used SO2 data for 

evaluating plume transportation simulations, and O3, NO2 and NO data for coupled 

transport and chemical transformation. The key parameters in the experiment were listed 

in Table 2.2. 
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Table 2.2. Source parameters for TVA Cumberland power plant 

Parameter Value 

Stack interior diameter Djet (m) 16.6 

Stack exit velocity Ujet (m s-1) 19.6 

Re (based on Ujet and Djet) ~ 1.87 × 107 

Stack height (m) 193.5 

Exit temperature (°C) 48.2 

Ambient wind velocity at the stack height Uref (m s-1) 2.25  

Velocity ratio of the jet and the crossing flow r = Ujet/Uref  8.71 

SO2 (Tonnes hr-1) 2.1 

NOx (Tonnes hr-1) 11.5 

Turbulent Schmidt number, Sct 0.7, 1.0, 1.2, 1.4 

 

2.4.2 Modeling the plume transport and chemical transformation 

2.4.2.1 Simulation domain and boundary conditions 

The TVA Cumberland field campaign included multiple plume traverses at various 

distances from the source (11km, 31km, 65km, and 89km). The distance to final plume 

rise xf ≈ 1045 m based on Eq. (1), which was much smaller than the closest distance (11 

km). There were considerable challenges for a CFD-based model to simulate the 

experimental conditions, largely due to the computational costs. The stack exit diameter 

Djet (~16.6 m) was much smaller than the distance from the source to the receptors Dsr 

(~ 600×Djet for 11 km traverses and ~1900×Djet for 31 km). The large Dsr/Djet ratios 

make the URANS-VI method, which requires a fully resolved stack exit, highly 

computationally intensive. LES simulations, which require resolving Taylor micro-

scales λ (≈ Djet Re-1/2 ≈ 3.84 mm), are even more expensive (Pope, 2000; Zhang, 2010). 

 

Thus, we selected the URANS-VS method and the traverses at 11 km for our evaluation. 

The dimension of the computational domain was 18.4 km (L) x 11.5km (W) x 3.0km 

(H). It was shown in Figure 2.8 that the volume source only contains one cell, which 

was located at the stack exit height (193.5 m above the ground level). Three different 
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hexahedral meshes (1 million cells, 2 million cells, and 4 million cells) were created to 

study mesh sensitivity. 

 
Figure 2.8 Mesh on the vertical plane across the stack exit/emission source 

 

The ambient flow velocity and temperature inlet to the domain was created using the 

meteorological data from the nearby Dickson station and taking into account the 

atmospheric stability conditions (Chowdhury et al., 2015).  The kinetic energy and 

turbulence dissipation rate were estimated by 𝑘 =
𝑢∗
2

√𝐶𝜇
, and 휀(𝑧) =

𝑢∗
3

0.4(𝑧+𝑧0)
, where 𝑢∗ 

is friction velocity; 𝐶𝜇 = 0.09 ; 𝑧0 is the aerodynamic roughness length (Richards and 

Hoxey 1993). Hourly emission rates of SO2 and NOx were based on the outputs from 

the Continuous Emission Monitoring Systems (CEMS) data (Table 2.2). The ambient 

concentrations were obtained from Chowdhury et al. (2015). The measurements at the 

11 km took place from 5 PM to 5:40 PM on July 6, 1999. The URANS-VS simulation 

was running from 3 PM to 6 PM to capture the evolution from the source to receptors. 

The meteorological data provided wind speed and direction every 15 min. The time step 

∆𝑡 should be small enough to make the solution process stable. The reference ∆𝑡 could 

be estimated by keeping Courant number (𝐶 = ∆𝑡 ∙ 𝑈 ∆𝑥⁄ ) much smaller than 1. In this 

simulation, we set ∆𝑡 = 1𝑠 , and the solution process was stable. The URANS-VS 

simulation took around 7 days on a Quad-CPU Intel Xeon E5-4650 (2.7 GHz) 

workstation. 
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In addition to selecting a domain of proper size, choosing a proper chemical mechanism 

for CFD simulations deserves careful considerations. The core CB05 mechanism has 51 

chemical species and 156 reactions (Yarwood et al., 2005). Employing the full CB05 

mechanism for CFD simulations in a large domain is equally computationally 

challenging. We compared the results of the full CB05 mechanism and a simplified 

mechanism with four chemical reactions (Table 2.3) using SCICHEM for the same 

domain, as illustrated in Figure 2.9, which closely matched with each other. The results 

were consistent with those in previous investigation showing that the near-stack plume 

chemistry is dominated by NOx titration (Karamchandani et al., 1998). Therefore, we 

adopted the simplified chemical mechanism for our evaluation. 

 
Figure. 2.9 Correlation between the full CB05 mechanism and the simplified 

mechanism 

Table 2.3. Simplified chemical mechanism 

Reaction Order 

n 

Pre-exponential 

factor Aa (m(3(n-1) 

kmol–(n-1) K-β s-1) 

Temperature 

exponent βa 

Activation 

energy Ea 

(J/kmol) 

NO2  NO + O 1 0.5408 ~ 0.2535b 0 0 

O + O2  O3 2 3.99×1012 -2.4 0 

O3 + NO  NO2 + O2 2 1.08×1011 0 1.25×107 

O + NO2  NO + O2 2 2.02×1011 0 -1.50×106 

a: The reaction rate coefficient was defined by using Arrhenius form, . 
b: Photolysis rate based on zenith angles (hours) 

RT

E

eATk
−

= 
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2.4.3 Results and discussions 

Figure 2.10 presented the results from mesh sensitivity study mentioned in Section 

4.2.1 and showed that the mesh independence was achieved at 4 million hexahedral 

meshes, based on which we conducted the rest of the evaluation.  

 
Figure 2.10 Mesh sensitivity for the TVA evaluation; a) SO2; b) O3. 1M Hex, 2M Hex, 

4M Hex refer to hexahedral meshes with 1 million, 2 million and 4 million cells, 

respectively 

 

Figure 2.11 depicted the predicted and measured distributions of various species, using 

the same averaging method over multiple traverses, from 5 PM to 5:40 PM on July 6, 

1999, adopted by Chowdhury et al. (2015). The error bars in Figure 2.11 reflected the 

variations among different traverses. 

 

Unlike the jet crossing flows measurements reported in Section 2.3.1, the turbulent 

Schmidt number (Sct) of the Cumberland plumes was not experimentally determined. 

Figure 2.11a compared the predicted SO2 distributions corresponding to four different 

Schmidt number values against the measured one, which indicated that the plume width 

would be generally decreased and the concentration peak would be increased with the 

increasing Sct. Larger Sct value means lower eddy diffusivity, which would lead to 

higher concentration peak based on mass conservation. 
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In addition, the simulation results became less sensitive to Sct once it reached 1.4, and 

Sct =1.4 led to the best agreement between predicted and measured plume SO2 

distributions (for the Sct tested). This is important for RANS simulation because Sct is 

usually unknown for studied plumes. 

 

The results for chemical reactive species, O3 and NOx, as well as NO2/NOx ratios (with 

Sct =1.4) were presented in Figure 2.11b-d, which demonstrated that the performance 

of coupled transport and chemical transformation simulations was satisfactory 

considering the overall good agreement between predictions and measurements. For 

large portions of the plume distributions, the predicted values were within the variations 

in the measured concentrations. Table 2.4 reported the maximum, minimum and mean 

values from both predicted and measured distributions.  The RANS-VS statistical 

performances including the fractional bias (FB), the normalized mean square error 

(NMSE), the correlation coefficient (R) and the fraction of predictions within a factor 

of two (FAC2) were summarized in Table 2.5. Those results indicated that plume 

dynamics in the ADR (i.e., concentrations at receptors far away from the source) is not 

sensitive to how the source is resolved. 

 

As the flight measurements were conducted in the ADR (xf≪11 km), we did not have 

direct evaluations in the JDR for the Cumberland plumes. However, we preformed an 

indirect JDR evaluation by comparing the predicted plume centerline trajectory with 

that estimated using semi-empirical Equation (3) and Cumberland-specific parameters, 

as shown in Figure 2.12. The close agreement implies that RANS-VS can reasonably 

predict plume evolution in the JDR. 
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Figure 2.11 Comparison with measurement, a) SO2 concentration and the Schmidt 

number sensitivity; b) O3 concentration; c) NOx concentration; d) NO2/NOx ratio. Error 

bars represent the variations among different traverses 

 

Table 2.4. Concentrations of different species at 11 km (observed data were reported 

by using the same interpolation method as Chowdhury et al. 2015) 

 
O3 (ppb) NOx (ppb) NO2 (ppb) SO2 (ppb) 

Max Min Mean Max Min Mean Max Min Mean Max Min Mean 

Observed 58.9 18.1 49.0 123.3 0.4 19.0 58.5 0.3 11.0 12.3 0.7 2.7 

RANS-VS 58.6 16.2 40.6 102.0 0.4 31.8 43.4 0.4 18.5 11.2 1.0 4.0 

 

Table 2.5. Statistical performances of URANS-VS simulations in ADR 

Species FB (0 is best) NMSE (0 is best) R (1 is best) FAC2 (1 is best) 

O3 0.26 0.11 0.90 0.76 

NOx -0.33 0.32 0.94 0.46 

NO2 -0.30 0.39 0.90 0.49 

SO2 -0.39 0.37 0.95 0.37 
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Figure 2.12 Plume centerline trajectory comparison between the VS method and the 

empirical estimation. 4M Hex refers to hexahedral mesh with 4 million cells 

 

2.5 Conclusion 

We investigated the capabilities and limitations of CFD techniques in evolution of 

chemical reactive plumes from power plants. Three modeling methods were employed, 

i.e., Reynolds-averaged Navier–Stokes (RANS) model with velocity inlet (RANS-VI), 

RANS with volume source (RANS-VS) and Large-Eddy Simulation (LES). Our 

evaluations were conducted in the jet-dominated region (JDR) and ambient-dominated 

region (ADR), respectively. For JDR, LES can achieve minor improvement in accuracy 

over RANS-VI, but much more expensive in computational costs. The RANS-VS 

method also requires refined meshes in the source region in order to achieve accurate 

results, making it no different from the RANS-VI method in the JDR. Thus, RANS-VI 

is most appropriate for JDR simulations. For ADR, proper RANS-VI and LES 

simulations both need to resolve the source (i.e., stack exit) in details, and at the same 

time cover the long distance from the source to the receptors, which would introduce 

exceedingly high computational costs. Thus, we focused on the RANS-VS method in 

the ADR, and showed good agreement between predicted and measured plume 

distributions of chemically reactive species. 
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Our study indicated that properly configured CFD simulations were able to capture the 

transport and chemical transformation of power plant plumes in high accuracy, but 

modelers need to pay attention to selecting turbulence models, methods to represent the 

source (i.e., velocity inlet or volume source), and mesh sensitivity. Merely adapting 

CFD tools does not guarantee the quality of the simulations.  Furthermore, the high 

accuracy often comes with high computational costs, which put a constraint on the 

applicable range (e.g., we focused only on the 11 km traverses in the 1999 TVA 

Cumberland dataset, not 31 km and beyond) and complexity of the chemical mechanism 

(e.g., we chose the simplified chemical mechanism instead of a full mechanism such as 

CB05). 

 

To our best knowledge, we reported the first CFD-based, coupled turbulence and 

chemistry simulations for power plant plumes. Further studies are needed to improve 

the performance and computational efficiency of this approach.  Potentially CFD-based 

turbulent reactive flow models can be integrated with grid-based chemical transport 

models (Kumar and Russell, 1996; Zhang and Wexler, 2008) to further quantify the 

impact of power plant plumes. 
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CHAPTER 3 

 

THE EFFECT OF HEAT RECOVERY ON NEAR-SOURCE PLUME DISPERSION 

OF A SIMPLE CYCLE GAS TURBINE2 

Abstract 

The waste heat recovery (HR) systems are employed to increase the overall thermal 

efficiency of electric generation units (EGUs). Although the emission factors (in terms 

of gram of pollutants per unit of thermal energy consumed or electric energy generated) 

generally decreases after installing HR systems, the emission rates in terms of grams of 

pollutants per unit of time remain unchanged. However, HR systems reduce stack exit 

temperature, resulting in lower effective emission heights, which lead to higher near-

source ground level concentrations (GLCs) of air pollutants.  In order to 

comprehensively evaluate the near-source air quality impact from deploying HR 

systems, we proposed a new modeling framework by integrating a computationally 

efficient Gaussian-based dispersion model (AERMOD) and a (relatively) more accurate 

computational fluid dynamics (CFD) model.  As a demonstration of the proposed 

framework, we investigated the HR impact on NOx concentrations near a simple cycle 

gas turbine located in Brentwood, NY. Specifically, we applied the AERMOD modeling 

system to screen the hourly GLCs over five years, and highest values (and the 

corresponding hours) were shown to cluster into two main meteorological conditions: 

the stable atmospheric boundary layer with relatively high wind speed (Stable, HW) and 

the unstable atmospheric boundary layer with relatively low wind speed (Unstable, 

LW). These two conditions were further simulated using a CFD model that have been 

extensively evaluated previously for detailed analysis. By setting different stack exit 

 
2 Yang, B., Gu, J. and Zhang, K.M., 2018. The effect of heat recovery on near-source 

plume dispersion of a simple cycle gas turbine. Atmospheric Environment, 184, pp.47-

55. 
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temperatures, the near-source air quality impact of different waste heat conversion rates 

was evaluated. We introduced a concept called the heat recovery amplified factor 

(HRAF), defined as the ratio between the maximum GLC with HR system and that 

without HR system, as an indicator of HR impact. HRAF was shown to be much more 

sensitive to temperature in the Unstable, LW condition than in the Stable, HW condition. 

Although the results were limited to a specific simple cycle gas turbine, the proposed 

modeling framework and HRAF can be used for evaluating the HR systems impact for 

other emission sources. 

 

3.1 Introduction 

According to the 2015 Annual Energy Review published by the U.S. Energy 

Information Agency (EIA, 2015), conversion losses, mainly in form of waste heat, 

account about 62% of the total primary energy consumed to generate electricity in the 

U.S. In the electricity sector, natural gas as a fuel source accounts for 43% of the fossil 

fuel primary energy consumption in the sector, and 33% of the total net electricity 

generation from all fuel types including nuclear and renewable. While combined cycle 

natural gas turbines plants can achieve thermal efficiencies as high as 60 percent, the 

thermal efficiency for simple cycle gas turbines typically range between 20 and 35 

percent. The considerably large amount of wasted heat could be saved by using waste 

heat recovery systems (HR). 

 

One option for HR is to utilize waste heat for on-site thermal process (e.g., preheating) 

or spacing heating (e.g., combined heat and power (CHP)) through district heating 

systems, which then reduce or replace fossil energy that would have otherwise been 

used. Many power generation facilities do not have a large demand for on-site thermal 

process, or space heating demand within reasonable distance (to reduce heat loss). 
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Another option for HR is to convert waste heat to power. However, recovering waste 

heat for additional power generation from high efficiency gas turbines is challenging 

due to their low temperature exhaust gases (< ~ 643 K).  The traditional steam Rankine 

cycle is not appropriate for low-grade (< ~ 643 K) HR because the working fluids, such 

as water, usually need to be superheated (Chen et al., 2010; Lecompte et al., 2015).  

Researchers proposed the organic Rankine cycle (ORC), which use organic substances 

as working fluids (Hung, 2001; Hung et al., 1997; Huppmann, 1983). Although the ORC 

is commonly accepted as a viable technology to convert low temperature heat into 

electricity, the large thermal mismatch between a pure working fluid and the heat source 

(referred to as the pinching problem) may occur in ORC counter current heat exchanger 

(Chen et al., 2011; Chen et al., 2006), which limits the adoption of ORC in HR 

applications (Chen et al., 2010). 

 

Recently, supercritical CO2 (s-CO2,) cycle has shown considerable potential as HR for 

converting low-grade waste heat into electricity (Held et al., 2013; Held et al., 2016; 

Lehar and Michelassi, 2015).  Comparing with the traditional Rankine cycle, 

supercritical CO2 (s-CO2) is more suitable for the small and medium size gas turbine 

(20-120MW). The exhaust gas temperature from a gas turbine or general topping cycle 

is usually > 723 K. And the s-CO2 cycle can potentially replace the steam Rankine cycle 

to further improve the thermal efficiency (Ahn et al., 2015) and the pinching problem 

can be avoided (Chen et al., 2011; Chen et al., 2006).  CO2 has a lot of advantages as a 

working fluid, such as relatively low critical point (critical temperature 304.25 K, 

critical pressure 7.39 MPa), and relative inertness. In addition, the high fluid density of 

s-CO2 enables compact turbo-machinery designs and permits the use of compact heat 

exchanger technology (Sarkar, 2015). 
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One particular HR application that has drawn significant interests from the 

environmental research community is biomass-fueled CHP. Petrov et al. (2015) 

evaluated the health risk associated with a biomass CHP facility at a university campus 

using dispersion modeling and the intake fraction method. Tong et al. (2017) 

investigated the near-source micro-environmental air quality impact of a biomass CHP 

unit equipped with an electrostatic precipitator (ESP). Levy et al. (2017) conducted the 

health risks and cost-benefits analysis of the same unit studied by Tong et al. (2017) by 

quantifying the incremental contribution to population mortality and morbidity and 

assigning economic values to health outcomes. 

 

By contrast, the air quality impact from waste heat to power applications has been rarely 

studied (Wu et al., 2014), which is the focus of our study. From this point forward, HR 

is referred to as waste heat to power heat recovery. A number of studies have reported 

the design and optimization of HR systems (Cayer et al., 2010; Shengjun et al., 2011; 

Wang et al., 2010), where the environment impact was usually not considered as a 

design factor. There are both benefits and disbenefits from HR in terms of air quality 

impact. The higher percentage of the waste heat can be recovered, the lower overall 

emission factor (g-pollutant/MWhe) would be achieved (Allison and Lents, 2002).  In 

other words, for the same amount of electricity (and heat) delivered, fewer fuels will be 

burned, and thus lower emissions. Therefore, it is expected that the wide deployment of 

HR systems could reduce emissions from the power sector, and thus improve regional 

air quality. On the other hand, the lower exit temperature and velocity as a result of HR 

may lead to lower effective emission heights, which may result in greater near-source 

impact.  Heath et al. (2006) suggested maximally utilizing waste heat and increasing the 

emission height to reduce the potential increase in air pollution. However, the extent of 
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the near-source impact has not been quantified under realistic emission and 

environmental conditions. One of our main objectives is to bridge this gap. 

 

In terms of quantifying the near-source impact of HR, there is also a need to develop 

better tools or integrate existing tools. Two major types of modeling tools have been 

employed in similar studies, i.e., Gaussian-based dispersion models (e.g., AERMOD, 

CALPUFF, etc.) and computational fluid dynamics (CFD) models. Gaussian-based 

dispersion models are widely used in regulatory applications.  For instance, AERMOD 

is a steady-state Gaussian plume model that incorporates air dispersion based on 

planetary boundary layer turbulence structure and scaling concepts, including treatment 

of local meteorology, both surface and elevated sources, and both simple and complex 

terrain (Cimorelli et al., 2005).  The performance of AERMOD is generally good for 

centralized power plants, but there are challenges when the plume is not much higher 

than the surroundings (Monbureau et al., 2018; Perry et al., 2016). Using more detailed 

mathematical and physical descriptions, properly configured computational fluid 

dynamics (CFD) models generally provide better concentration predictions than 

Gaussian-based dispersion models (Hanna et al., 2009; Mazzoldi et al., 2008, 2011), 

especially when the domain contains obstacle and/or complex terrain, which would 

significantly affect the dispersion pattern (Hsieh et al., 2013; Tauseef et al., 2011). One 

particular application is to analyze the near-source impact of distributed generation 

(DG) units (Tong et al., 2017; Tong and Zhang, 2015), which are located close to 

population centers. The advantage of CFD models over Gaussian-based models was 

also be found in simple, flat terrain cases. Tang et al.  (2006) compared the simulation 

results between CFD and AERMOD against the measurement data capturing the 

condition of point source plume dispersion over flat terrains. The comparison showed 

that CFD generally performs better than AERMOD at receptor locations closer to the 
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source. Recently, researchers have utilized CFD simulations to improve the 

performance of AERMOD in modeling building downwash effect (Monbureau et al., 

2018; Perry et al., 2016). 

 

A dilemma that the modeling community is often facing is that Gaussian-based models 

are computationally efficient but may not be highly accurate, while well-configured 

CFD models are relatively more accurate but computationally expensive. A practice 

often adopted is to select a few prevailing wind conditions for CFD simulations. The 

main drawback of this approach is that the prevailing wind directions do not necessarily 

lead to the worse air quality, even though air quality assessments often require 

consideration of worse case scenarios. Another main objective of our study is to tackle 

this challenge. 

 

In this chapter, we proposed an integrated modeling framework to take advantage of 

both computationally efficient Gaussian-based dispersion models and relatively more 

accurate CFD models.  As a demonstration of the proposed framework, we investigated 

the HR impact on NOx concentrations near a simple cycle gas turbine (47 MW) located 

in Brentwood, NY, with and without an s-CO2 HR system. The chapter was organized 

as follows. First, we described the Brentwood facility and the surrounding environment. 

Then, we reported the model configurations for both Gaussian-based dispersion and 

CFD models. Next, the integrated modeling framework was elucidated. Finally, we 

discussed the modeling results and defined an indicator to represent the HR impact. 

 

3.2 Method 

3.2.1 An integrated Gaussian dispersion-CFD method 
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As mentioned in Section 3.1, there is a need to develop better assessment tools to 

evaluate the near-source impact of HR systems. In our study, we proposed an integrated 

framework to take advantages of the computational efficiency of the Gaussian-based 

dispersion models and the accuracy of the CFD models in accessing the air quality 

impact of emission sources. Figure 3.1 depicts the overall approach. In our modeling 

framework, a Gaussian-based dispersion modeling system, AERMOD, was employed 

as a screening tool to identify worst cases efficiently. Those worst cases were then 

simulated by using CFD in order to obtain better predictions. Previous studies have 

utilized CFD results to improve performances of Gaussian-based models for gas 

dispersion and street canyons by optimizing the parameters of Gaussian models (Liu et 

al., 2015; Murena et al., 2009; Solazzo et al., 2009). However, the integrated framework 

described here has not been attempted before. 

 

 
Figure 3.1 A diagram that illustrates the proposed integrated modeling framework 

utilizing a Gaussian-based dispersion model, AERMOD, and a CFD model. GLC stands 

for ground level concentration. 

 

Specifically, the long-term meteorological data (e.g., over five years in our study), the 

emission source characteristics (including emission rate, stack exit height, diameter, and 

temperature), site specifics (including the terrain data and building dimensions) were 

input into AERMOD. Then, the conditions where the highest ground level 

concentrations (GLCs) occurred were identified. Next, we conducted CFD simulations 

on those conditions to acquire the updated GLCs.  
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Next, we described the site and facility (Section 3.2.2) selected to demonstrate the 

proposed framework, and how we set up AERMOD (Section 3.2.3) and CFD (Section 

3.2.4) models.  

 

3.2.2 Site description 

The electric generation facility of interest is located in a suburban area of Brentwood, 

NY, USA (40.787012o N, 73.293239o W), owned and operated by New York Power 

Authority (NYPA). The facility operates a GE LM6000 gas turbine as a simple cycle 

unit using natural gas, equipped with a selective catalytic reduction (SCR) unit to reduce 

NOx emissions, a catalytic oxidation to control emissions of CO, and a spray 

intercooling system to optimize power output (NYSDEC, 2010). The maximum output 

is 47 MW.  The stack emission parameters including the stack exit temperature with an 

s-CO2 heat recovery (HR) system, supplied by NYPA staff based on permitting 

documents and design guidance, were listed in Table 3.1. The additional power 

generation from the proposed HR system is estimated to be 7 MW. The stack exit 

temperature with an s-CO2 heat recovery (HR) system is estimated (Table 3.1).  The 

emission rates (g s-1) with HR and without HR were assumed to be same.  Stack exit 

velocity with HR was estimated based on ideal gas properties. The site was depicted in 

Figure 3.2. The nearest tall building (~ 40 m in height) is part of the Pilgrim Psychiatric 

Center (PSC), which is about 800 m north to the power plant. 

Table 3.1. Power plant stack parameters 

Parameter Value 

Stack exit exhaust flow velocity [m s-1] 23.5 

Stack exit temperature without HR [K] 655 

Stack exit temperature with HR [K] 507 (Spring), 502 (Fall), 496 (Winter) 

Stack exit interior diameter [m] 3.66 

Stack heighta [m] 32.6 

NOx emission rate [g s-1] 0.567 

CO emission rate [g s-1] 0.655 
aStack height is measured from the ground level of the building. 
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Figure 3.2. Top view of the modeling domain and buildings at Brentwood, NY, for both 

AERMOD and CFD simulations. PSC stands for Pilgrim Psychiatric Center. 

 

3.2.3 Gaussian-based dispersion modeling 

AERMOD (Version 15181), developed by the American Meteorological Society and 

the U.S. Environmental Protection Agency (USEPA), is a regulatory model for 

assessing the air pollutants dispersion from different stationary industrial sources within 

50 km (Cimorelli et al., 1998; Cimorelli et al., 2005).  It is a steady-state plume model, 

which makes different assumptions for different atmospheric boundary layer conditions. 

For example,  in the stable boundary layers, the vertical and horizontal air 

concentrations were assumed to follow a Gaussian distribution (Cimorelli et al., 2005; 

Perry et al., 2005).  In the convective boundary layer, the vertical air concentrations 

follow the bi-Gaussian probability density function (Cimorelli et al., 2005; Perry et al., 

2005; Willis and Deardorff, 1981). 

 

AERMOD includes two basic pre-processors, AERMET and AERMAP (Cimorelli et 

al., 1998; Cimorelli et al., 2005). AERMET uses the meteorological data and surface 

profiles, which contain wind speed and direction, to estimate the atmospheric boundary 

layer conditions and parameters for AERMOD.   Meteorological data measured at the 

nearest airport, Republic Airport (FRG), around 12 km to the southwest, was obtained 

Stack Exit

Power plant
Hospital Main Buildings

1746m

1370m
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for our study. AERMAP employs the terrain data with a certain resolution to calculate 

the terrain height scale, the elevation of the receptor grid and generates gridded terrain 

data (Cimorelli et al., 1998; Cimorelli et al., 2005). The terrain with 10 m resolution 

was obtained from the National Elevation Dataset of U.S. Geological Survey (USGS). 

In addition, the impact on plume dispersion caused by buildings was accounted for by 

Plume Rise Model Enhancements (PRIME) (Schulman et al., 2011) and Building 

Profile Input Program (BPIP) for PRIME (BPIPPRM or BPIP) (Cimorelli et al., 2005; 

Perry et al., 2005). 

 

The terrain data were imported into AERMOD and the main PSC buildings were created 

on the terrain.  Totally 961 ground level receptors were uniformly distributed in the 

domain (x = y = 100 m).  The receptors were shown in Figure 3.3. 

 

 
Figure 3.3. Ground level receptor network for AERMOD modeling 

 

3.2.4 CFD modeling 

The CFD-based Comprehensive Turbulent Aerosol Dynamics and Gas Chemistry 

(CTAG) model is designed to simulate turbulent reacting environmental flows including 

aerosol dynamics and gas chemistry in complex environments (Steffens et al., 2014; 

Steffens et al., 2013; Steffens et al., 2012; Wang et al., 2013a; Wang et al., 2013b; Wang 

and Zhang, 2012). Tong and Zhang (2015) compared CTAG simulations against the 
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wind tunnel experiments capturing point source plume dispersion in building-dominated 

environments and the results indicated generally good agreement between predicted 

tracer concentrations and the corresponding experimental values. Tong et al. (2017) 

showed adequate agreement between the observed and CTAG-predicted wind speed, 

wind direction, and PM2.5 concentrations near a biomass CHP facility. Yang and Zhang 

(2017) employed CTAG to examine the capabilities of CFD techniques in modeling the 

transport and chemical transformation of power plant plumes, and conducted extensive 

evaluations of modeling performance against wind tunnel experiments and flight-based 

field campaigns. Those evaluations highlighted the importance of appropriate CFD 

configurations on delivering relatively accurate results for both dispersion and chemical 

transformation, and provided guidance to the simulations presented here. 

 

In the current study, we did not simulate the chemical transformation of the plumes 

(mainly due to low GLCs to be shown in Section 3.3), and focused on the transport (i.e., 

dispersion) aspect. The two main options for turbulence modeling are Large Eddy 

Simulation (LES) and the Reynolds Averaged Navier-Stokes (RANS). As discussed in 

Yang and Zhang (2017), high quality LES simulations need to resolve the Taylor 

microscale, which can yield more accurate results, but at the same time makes LES 

considerably more computationally intensive than RANS. Properly configured RANS 

models have been shown to compare reasonably with the measured plume distributions 

(Yang and Zhang, 2017). Therefore, we employed the RANS method for the plume 

dispersion simulation in this study.  The governing equations are presented in Section 

2.2.2. 

The size of the computational domain was roughly 1746 m × 1370 m × 300 m (Figure 

3.4), meshed with polyhedral elements with prism layers near the wall.  Mesh sensitivity 

was analyzed by using 3 mesh resolutions, i.e., 3 million, 5 million, and 9 million grid 
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cells.  The size of the grid cells ranged from around 0.2 m at the stack to around 2 m at 

the PSC buildings and around 10 m at the boundaries of the domain. 

 
Figure 3.4 Different mesh resolutions on a vertical plane: 3 million (3M), 5 million 

(5M), and 9 million (9M) grid cells. 

There are two main approaches to represent a power plant source, i.e., the velocity inlet 

(VI) method and the volume source (VS) method (Yang and Zhang, 2017).  The VI 

method resolves the stack exit geometry as a surface inlet boundary, while the VS 

method defines a volume region containing the source with a specific emission rate and 

momentum, with or without well resolved stack exit geometry. Yang and Zhang (2017) 

also showed that the VS method using refined mesh in the source region is equivalent 

to the VI method. Given the stack height (32.6 m) and stack exit diameter (3.66 m), we 

adopted 0.2 m resolution to represent the stack exit using the VS method. We compared 

the results to those by the VI method with the same mesh resolution, and the results 

matched each other with the relative difference < 5%. The near-field and the far-field 

receptor locations can be distinguished by the ratio between the distance from the source 

to the receptors (Dsr) and the stack exit diameter (De). In the Project Prairie Grass field 

study (Haugen and Barad, 1958) mentioned in the Introduction, the Dsr/De ranged from 

980 to 16,000. Tang et al. (2006) showed that CFD performs better than AERMOD at 

locations where Dsr/De < 2,000, with a small wind direction variation condition. In our 

3M

5M

9M
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simulation, Dsr/De was about 220, which means the receptors are relatively close to the 

source. 

 

Boundary conditions of the vertical wind velocity and temperature profiles were 

obtained by using a semi-empirical method (Tong and Zhang, 2015) considering 

atmospheric stability (i.e., Monin-Obukhov length L). In this work, data from the FRG 

airport were used to generate those profiles.  The domain inlet kinetic energy and 

turbulence dissipation rate were estimated by 𝑘 =
𝑢∗
2

√𝐶𝜇
, and 휀(𝑧) =

𝑢∗
3

0.4(𝑧+𝑧0)
, where 𝑢∗ 

is friction velocity; 𝐶𝜇 = 0.09 ; 𝑧0 is the aerodynamic roughness length (Richards and 

Hoxey, 1993).  The standard wall function with a roughness modification was employed 

(Cebeci and Bradshaw, 1977; Launder and Spalding, 1974).  Symmetry boundary 

condition is applied on the top of the domain.  At the flow outlet, zero diffusion flux of 

all flow variables was specified.  The gas turbine was treated as the only emission source 

in the domain, and the exhaust flows were assumed to follow ideal gas properties. 

 

3.3 Results and discussion 

3.3.1 Screening results using AERMOD 

After performing AERMOD simulations from 2010 to 2014 and with and without HR, 

we selected the top 500 highest hourly GLCs for further analysis. We found that the 

many of the selected hours represented storm conditions with heavy precipitation and 

strong wind. Under those conditions, the wind direction could shift quickly so that 

steady-state profiles were never achieved, while AERMOD assumes steady-state 

profiles. In addition, AERMOD does not consider pollutant removal resulting from wet 

scavenging (Cimorelli et al., 1998). Based on those considerations, we removed the 

hours with storms, and represented the remaining conditions (~ 100 hours) according to 

the hourly wind speed, Monin-Obukhov (M-O) length, and AERMOD-predicted NOx 

concentrations. The M-O length served as an indicator of atmospheric stability: positive 
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for stable conditions and negative for unstable conditions. As illustrated in Figure 3.5a, 

the remaining conditions clustered into four groups by atmospheric stability, wind speed 

and with and without HR. Figure 3.5b depicts the distribution of M-O length for the 

stable and unstable conditions. As expected, the GLCs with HR were generally higher 

than those without HR. More interestingly, the screening process by AERMOD clearly 

revealed two types of meteorological conditions favoring high GLCs: stable atmosphere 

with relatively high wind speed (Stable, HW), and unstable atmosphere with relatively 

low wind speed (Unstable, LW). 

 
Figure 3.5 a) AERMOD results of high GLCs of 2010-2014 with HR and without HR; 

b) Monin-Obukhov (M-O) length distributions of the stable and unstable conditions 

with high GLCs. 

 

The Unstable, LW condition typically causes high GLCs because the flow field was 

dominated by the convective turbulence, bringing the plume down to the ground level.  

The Unstable, HW condition may show moderate GLCs due to enhanced mixing 

processes. In the Stable, HW condition, the plume rise is typically suppressed by 

ambient wind, and fairly high GLCs would occur at farther downwind locations than 

those in the Unstable, LW conditions.  In the Stable, LW condition, GLCs would be 

relatively low because the mixing process is relatively slow due to weak vertical 

turbulence. 
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The specific hours with the maximum GLCs (referred to as GLC hours) were identified 

as the following: The Stable, HW condition is 8 AM of January 31st, 2013; the Unstable, 

LW condition is 11 AM of September 8th, 2010. Therefore, the screening process 

resulted in four cases for the following CFD simulations: 1) Without HR, Stable, HW; 

2) With HR, Stable, HW; 3) Without HR, Unstable, LW; and 4) Without HR, Unstable, 

LW.  Each CFD simulation was initialized by the condition three hours before a GLC 

hour to minimize the impact of the initial conditions, and the entire simulation spanned 

four hours (e.g., from 8 AM to 11 AM on September 8th, 2010).    The CFD simulation 

results are reported as those at the GLC hours. 

 

3.3.2 CFD simulations of selected cases 

3.3.2.1 Mesh sensitivity 

A necessary condition for RANS simulations is to adopt an appropriate mesh resolution 

so that further refining the mesh does not change the simulation results. The mesh 

sensitivity was analyzed using the case with Unstable, LW, without HR conditions. The 

concentration profiles along the plume centerline with three mesh resolutions were 

compared in Figure 3.6a. The relative errors between the simulated concentrations with 

medium, 5-million-cell (5M) mesh and those with refined, 9-million-cell (9M) mesh 

were less than 5%, as illustrated in Figure 3.6b. The relative error is defined as 

(𝐶𝑚𝑒𝑠ℎ − 𝐶𝑟𝑒𝑓𝑖𝑛𝑒𝑑)/𝐶𝑟𝑒𝑓𝑖𝑛𝑒𝑑 × 100% , 𝐶𝑚𝑒𝑠ℎ  and 𝐶𝑟𝑒𝑓𝑖𝑛𝑒𝑑  refer to the plume 

centerline concentrations using a certain mesh resolution and the most refined mesh 

resolution, respectively. The close agreement indicated that mesh independence for 

RANS has been achieved. The rest of the discussions in this chapter were based on the 

results with the medium mesh (5M). 
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Figure 3.6.  Mesh sensitivity analysis: a) Comparison of the NOx concentrations on the 

plume centerline; b) Relative error distributions between 3 million (3M) and 9 million 

(9M) cells, between 5 million (5M) and 9 million (9M) cells. 

 

3.3.2.2 Pollutant concentration distributions 

The spatial distribution of NOx concentrations was illustrated using five downwind 

vertical lines, shown in Figure 3.7a. The plume centers for different cases, represented 

by the highest concentrations on each vertical line, were plotted in Figure 3.7b.  In the 

Stable, HW condition, the plume center positions with HR were only slightly lower (1 

~ 4 m) than those without HR, as the ambient wind dominated the plume dispersion in 

stable atmospheric conditions.  In the Unstable, LW condition, the plume center 

positions with HR are much lower (4 ~ 12 m) than those without HR.  Concentrations 

along the third vertical line with a horizontal distance ~232 m from the stack exit were 

plotted in Figure 3.7c, which indicated that the maximum concentrations with and 

without HR in the stable conditions are almost same.  The maximum concentration 

without HR in the unstable condition was lower than that with HR. In other words, HR 

impacts on the plume in the Unstable, LW condition are more important than HR 

impacts in the Stable, HW condition. 
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a) 

 

 
Figure 3.7 a) Positions of five downwind vertical lines; b) plume centers heights at 

different horizontal distances from the stack exit; c) NOx concentration distributions 

along the vertical line at 232 m. 

 

3.3.3 Heat Recovery Amplification Factor (HRAF) 

Thompson (1993) studied the effect of building downwash on plume dispersion, and 

introduced a term, the building amplification factor (BAF), defined as the maximum 

GLC with building divided by the maximum GLC without building, to represent the 

building impact on GLC.  The higher BAF, the larger impact on the GLC caused by 

building.  If the source position is far away from the building (more than 10 times of the 

building height), the BAF is small.  If the source position is very close to the building 

(less than 2 times of the building height), the BAF could be significantly increased.  

Following the similar methodology, we proposed a Heat Recovery Amplification Factor 

(HRAF), defined as 𝐶𝐻𝑅,𝑚𝑎𝑥/𝐶𝑤𝑜𝐻𝑅,𝑚𝑎𝑥, to indicate HR impact on GLC. 𝐶𝐻𝑅,𝑚𝑎𝑥 and 

𝐶𝑤𝑜𝐻𝑅,𝑚𝑎𝑥 refer to the maximum GLCs with and without heat recovery, respectively. 

 

Temperature impact on the GLC was evaluated by setting different stack exit 

temperatures. Pournazeri et al. (2012) investigated the stack temperature impact on the 
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plume of a 650 kW DG in Palm Springs, CA. The stack exit temperature may differ 

between 460 K (∼75% heat recovery) and 800 K (∼20% heat recovery). In our work, 

the Brentwood facility stack exit temperature without HR, ∼655 K, was selected as the 

reference temperature. The stack exit temperature with HR for the Brentwood facility 

was estimated to around 502 K (Table 3.1). We simulated the stack exit temperatures 

from 400 K to 655 K with 50 K increment to investigate a broad range of HR impact. 

 

RANS models require the ratio between turbulent viscosity and turbulent diffusivity, 

known as the turbulent Schmidt number (Sct) as an input parameter. The default value 

in many CFD codes is 0.7 based on experimental results (Spalding, 1971). However, 

there is no universal Sct, and various studies have employed different values (Flesch et 

al., 2002; Tominaga and Stathopoulos, 2007).  Yimer et al. (2002) measured Sct values 

range from 0.62 to 1.1 of an axisymmetric turbulent jet, and their CFD results showed 

the best agreement with the measured concentration was achieved by using Sct = 0.9. 

However, they recommended Sct = 0.7 because higher Sct caused the inaccuracy of the 

velocity field prediction.  For plume dispersion from a 16 m height stack in an open 

field, Wang et al. (2006) reported Sct = 0.3 give good agreement with a Gaussian model.  

However, there is no measurement data in their work.  In our study, three values, 0.5, 

0.7 and 1.0, were applied to cover a broad range of conditions and test the sensitivity of 

RANS simulation results to Sct. Future work can be pursued to quantify Sct for different 

types of power plant plumes. 

 

Figure 3.8 showed CFD-predicted maximum GLCs at different stack exit temperatures 

and different Sct numbers. For both conditions (i.e., the Stable, HW and the Unstable, 

LW), the lower the stack exit temperature was, the higher the maximum GLCs would 

be.  It also indicated that the maximum GLCs in Stable, HW condition were generally 
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higher than those in Unstable, LW condition.  For Sct = 0.7, in the Stable, HW condition, 

the maximum GLC was 4 ppb at 502K and 3 ppb at 655K. In the Unstable, LW 

condition, the maximum GLC was 2.6 ppb at 502K and 1.6 ppb at 655K. The same 

trend can be seen for different Sct values.  Wider plume distributions could be obtained 

by using smaller Sct value, which leads to higher GLC. The impact of Sct was more 

pronounced in the Unstable, LW condition than those in the Stable, HW condition. The 

maximum GLC difference between Sct = 0.5 and 0.7 ranged from 1.5 ppb to 2.3 ppb in 

the Unstable, LW condition.  This difference ranged from 0.6 ppb to 1.4 ppb in the 

Stable, HW condition. Figure 3.8 also included AERMOD-predicted maximum GLCs, 

which in general were lower than CFD-predicted values. 

 
Figure 3.8 Maximum GLC sensitivities of the stack exit temperature with different Sct 

numbers: a) Stable, HW condition; b) Unstable, LW condition 

 

By setting GLC without HR (stack exit temperature = 655 K) as the reference, the 

HRAFs (derived from both CFD and AERMOD) were plotted as a function of stack exit 

temperature in Figure 3.9.  As expected, the HRAF increases as the stack exit 

temperature decreases.  However, in the Stable, HW condition, the CFD-derived HRAF 

were less sensitive to the stack exit temperature than that in the Unstable, LW condition.  

For example, also for Sct = 0.7, in the Stable, HW condition, HRAF was only 1.3 at 

502K, and 1.6 at 400 K.  In the Unstable, LW condition, the CFD-derived HRAF was 

already 1.7 at 502K, and can reach about 3 at 400 K. This general trend was expected 
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since high wind speed typically diminishes the impact of buoyancy on plume rise. In 

comparison, the AERMOD-derived HRAF values appeared to be similar at two 

conditions, which indicated that AERMOD was not very sensitive to the atmospheric 

stability or wind speed compared to CFD. This supports our choice of CFD as a main 

modeling tool to derive HRAF. 

 
Figure 3.9 HRAF sensitivities of the stack exit temperature with different Sct numbers: 

a) Stable, HW concdition; b) Unstable, LW condition 

It should be noted that the near-source air quality impact due to HR is small for the 

facility and the corresponding set of parameters we adopted (Table 3.1). However, it is 

important to point out that the HRAF could be around 3 times higher if the stack exit 

temperature decreased to 400 K from 655 K, which implies that the near-source air 

quality impact should not be neglected for a facility where the emission rate is higher 

than that used in this study. 

 

3.4 Conclusion 

In this chapter, we introduced an integrated modeling framework to evaluate the near-

source air quality impact of heat recovery (HR) systems, and proposed the Heat 

Recovery Amplification Factor (HRAF) as an indicator to quantify the impact. We 

selected an electric generation facility with simple-cycle gas turbine in Brentwood, NY 

to illustrate how the proposed framework and the HRAF work. The exhaust properties 

with supercritical CO2 cycle HR system were estimated. 
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The proposed modeling framework employed the Gaussian-based AERMOD as a 

screening tool, and the analysis of the screening results over five years (2010–2014) 

revealed two conditions favorable to high ground-level concentrations (GLCs) of air 

pollutants: the stable atmospheric boundary layer with relatively high wind speed 

(Stable, HW) and the unstable atmospheric boundary layer with relatively low wind 

speed (Unstable, LW). Those two conditions were further analyzed by CFD simulations 

on the sensitivity to stack exit temperature and velocity. Therefore, the integrated 

modeling framework keeps the advantages of the computationally efficient AERMOD 

model and the more accurate CFD model. 

 

HRAF is defined as the ratio of the maximum GLC with HR system over that without 

HR system (with the stack exit temperature of 655 K). In general, the lower the stack 

exit temperature was, the higher the maximum GLCs would be. Thus, HRAF is always 

larger than 1. HRAF is generally low, and not very sensitive to the stack exit temperature 

under the Stable, HW condition. The HRAF for the Brentwood facility reaches 1.6 at 

400 K. In contrast, HRAF is sensitive to the stack exit temperature under the Unstable, 

LW condition, and the HRAF reaches is around 3 at 400 K. The different patterns can 

be attributed to the interactions of the plume buoyancy, ambient flow and convective 

turbulence. The ambient flow in the Stable, HW condition was strong enough to 

maintain similar plume rise regardless of stack exit temperature and would keep almost 

the same plume rise. To the contrary, the ambient flow in the Unstable, LW condition 

was weak so that plume buoyancy plays a significant role in the convective turbulence-

dominated environment. 
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The near-source air quality impact due to HR is relatively small for the facility and the 

corresponding set of parameters we adopted. However, a HRAF of 3 should not be 

neglected for facilitates with higher emission rates than that used in this study. Future 

studies can investigate various types of facilities and HR systems. Besides, the economic 

analysis is also needed as the costs per MW for installing HR systems typically increase 

for electric generation units with low capacity factors. Nevertheless, the overall 

methodology developed in our study can be employed to study near-source impact of 

other emission sources. 
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CHAPTER 4 

 

NEAR-SOURCE AIR QUALITY IMPACT OF A DISTRIBUTED NATURAL GAS 

COMBINED HEAT AND POWER FACILITY3 

Abstract 

The wide adoption of combined heat and power (CHP) can not only improve energy 

efficiency, but also strengthens energy system resiliency. While CHP reduces overall 

emissions compared to generating the same amount of electricity and heat separately, 

its on-site nature also means that CHP facilities operate in populated areas, raising 

concerns over their near-source air quality impact. Evaluation of the near-source impact 

of distributed CHP is limited by emission data availability, especially in terms of 

particulate matter (PM). In this chapter, we report on stack emission testing results of a 

community-scale CHP plant with two natural gas turbine units (15 MW each) from 

measurements conducted in both 2010 and 2015, and assess the near-source air quality 

impact using an integrated modeling framework using the stack test results, site-specific 

meteorological data and terrain profiles with buildings. The NOx removal efficiency by 

selective catalytic reduction (SCR) is estimated to be ∼83% according to the emission 

testing. The integrated framework employs AERMOD to screen air quality in a 

2.7  km × 2.3  km domain from 2011 to 2015 to identify the highest ground-level 

concentrations (GLCs). Examining the corresponding meteorological conditions, we 

find that those high GLCs appeared during the stable atmospheric boundary layer with 

relative high wind speed. Next, the worse-case scenarios identified from the screening 

process are simulated using the detailed Unsteady Reynolds Averaged Navier-Stokes 

(URANS) model coupled with a chemistry solver. The results generally show low GLCs 

 
3 Yang, B., Gu, J., Zhang, T. and Zhang, K.M., 2019. Near-source air quality impact 

of a distributed natural gas combined heat and power facility. Environmental 

Pollution, 246, pp.650-657. 
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of primary PM2.5 for this case study. However, our analysis also suggests greater 

building downwash impacts with the presence of taller and denser urban structures. 

Therefore, the near-source impact of natural gas-fired CHP in large metropolitan areas 

is worthy of further investigation. 

 

4.1 Introduction 

As an important form of distributed generation (DG), combined heat and power (CHP) 

produces electricity and useful thermal energy from a single generation unit. CHP 

generation is often economic and reduces both greenhouse gas (GHG) emissions and 

fuel consumption in a community (Rezaie and Rosen, 2012).  By recycling waste heat 

from electricity generation, a properly configured CHP can operate at 65-85% overall 

efficiency (DOE, 2012; Pilavachi, 2002; Rezaie and Rosen, 2012; Rosen et al., 2005). 

The on-site nature of CHP reduces energy losses in electricity transmission and 

distribution to end users, as approximately 6.5% of centralized generated electricity is 

lost in the transmission and distribution systems (Allan et al., 2015). Thus, the electricity 

and thermal energy provided by CHP are typically cost-competitive when both heat and 

power can be utilized. In addition to the energy efficiency benefit, CHP can play a 

critical role in strengthening the energy systems resiliency, especially as a key 

component of a microgrid (Hampson and Rackley, 2013). Many facilities are already 

benefiting from investments in CHP, and current trends indicate an increasing interest 

in new installations (Berg et al., 2016). 

 

One major consideration in permitting CHP projects and energy systems planning is the 

potential air quality impact. While CHP reduces overall emissions compared to 

generating electricity and heat separately, its on-site nature also means that CHP 

facilities operate in populated areas, raising concerns over their near-source air quality 
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impact. In particular, the biomass-fueled CHP was the focus of several studies due to 

potentially high emission rates from solid-fuel combustion. (Levy et al., 2017; Petrov et 

al., 2015; Tong et al., 2017). By comparison, there is a very limited number of air quality 

studies on natural gas-fueled CHP (Carreras-Sospedra et al., 2008; Horne et al., 2017), 

even though natural gas is the most widely used fuel in CHP projects according to the 

U.S. DOE Combined Heat and Power Installation Database (ICF, 2017). 

 

There are two main challenges in evaluating the near-source air quality impact of natural 

gas-fueled CHP projects, in terms of emission data availability and modeling 

techniques. 

 

First, there is a significant gap in emission data availability. While emissions data are 

collected from the Continuous Emission Monitoring Systems (CEMS) for state and 

federal regulatory programs in the U.S., they are only required for fossil-fired plants 

greater than 25 MW. Many CHP projects are smaller than 25 MW (ICF, 2017) and 

therefore those facilities are not equipped with CEMS. Overall, there is a lack of current, 

publicly available emissions test data for criteria pollutants from not just CHP, but DG 

technology in general (EPRI, 2015). More data exist for NOx and CO emissions, less 

for SO2, volatile organic compounds (VOC), and particulate matter (PM) emissions 

(EPRI, 2015). Our recent survey of the Compilation of Air Pollutant Emissions Factors 

(AP-42) revealed PM emission factors available for only 13 units (in 4 gas turbine 

models). Among these turbine models, one is rated at 30 MW, and the three other 

models are all rated below 5 MW. The lack of PM emission data is concerning because 

the recent study on a distributed CHP conducted by Levy et al. (2017) showed that 

primary PM emissions dominates the near-source health impact compared to other 

pollutants. 
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Second, the local-scale modeling tools all have considerable limitations. A dilemma that 

the modeling community is often facing is the choice between computationally efficient, 

but not so accurate Gaussian-based models (Monbureau et al., 2018; Petersen et al., 

2017) and well-configured, relatively more accurate but computationally expensive 

CFD models (Foroutan et al., 2018; Yang et al., 2018). Furthermore, merely focusing 

on prevailing wind conditions for CFD simulations may miss the worst-case scenarios. 

Consideration of worse case scenarios is often necessary in air quality assessments. 

Recently, Olaguer et al. (2016) compared different DG scenarios (considering both 

point and mobile sources) including natural gas-fueled CHP using a three-dimensional 

microscale chemical transport model (CTM) driven by an urban wind model. The 

simulations were conducted in a hypothetical domain with 3D urban canopy under a 

selected meteorological condition. While the modeling approach employed by Olaguer 

et al. (2016) was more capable than the Gaussian-based dispersion models in terms of 

resolving the effects of urban structures on the wind fields and coupling chemical 

reactions and dispersion, even it only considered a very limited number of 

meteorological conditions. 

 

The main objective of our study is to improve our understanding of the near-source air 

quality of natural gas-fueled CHP by directly addressing the two challenges mentioned 

above. We conducted stack testing at a distributed CHP facility in 2010 and 2015 to 

compare PM emission data in addition to other pollutants. Then we took the stack testing 

results as inputs to evaluate impacts of CHP emissions on near-source air quality using 

an integrated modeling framework to take advantage of both Gaussian-based dispersion 

and CFD models. 
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In this chapter, we first describe the CHP facility and the stack test methods. Then, the 

Gaussian-based screening method and the CFD method are presented. Finally, the 

emission measurements and simulation results are discussed and the building downwash 

impact is summarized. 

 

4.2 Method 

4.2.1 CHP facilities 

The CHP facility is located on a university campus. The facility operates two Solar Titan 

130 dual-fuel combustion turbines (15 MW each, referred to as CHP units in this paper) 

coupled with a heat recovery steam generators (HRSG). Unit 1 has been in continuous 

service since 2010, and the original Unit 2 was replaced by a refurbished gas turbine of 

the same model in September 2014. Excess heat leaving the gas turbine is recycled 

through the HRSG to produce steam for campus needs.  The CHP is also equipped with 

duct burners, increasing the heat energy produced. The gas turbines and duct burners 

are fired principally by natural gas, with ultra-low sulfur diesel (ULSD) as back-up fuel.  

Emission control equipment consists of selective catalytic reduction (SCR) for nitrogen 

oxides (NOx) and an oxidation catalyst for carbon monoxide (CO). The oxidation 

catalyst is located downstream of the duct burner in the high-pressure evaporator section 

of the HRSG. The SCR is located between the high-pressure and the low-pressure 

evaporator sections of the HRSG. The two CHP units operate all year round at 100% 

load based on the fuel usage report and generate ~1.3×109 MJ of heat and ~180 GWh 

of electricity annually. 

 

4.2.2 Sampling methods 

Stack emission testing was conducted in 2010 and 2015 to record the changes in the 

environmental performance of the two CHP units. Table 4.1 summarizes the sampling 
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methods adopted in 2010 and 2015, respectively. It should be noted that filterable PM 

emissions were measured using USEPA Method 201A in 2015, with the filterable 

fractions of PM greater than 10 μm, between 2.5 μm and 10 μm, and less than 2.5 μm. 

The sum of these three fractions was approximately equal to the total filterable PM 

emission measured in 2010, when USEPA Method 5 was used. The condensable PM 

emissions were measured using the same method, USEPA Method 202, in both 2010 

and 2015. 

Table 4.1. Test methods for gaseous and particulate pollutants 
 Filterable PM Condensable PM SAM Formaldehyde 

2015 EPA 201A 

EPA 5 

EPA 202 Draft ASTM 36509 EPA 320 

2010 EPA 202 EPA 8 EPA 320 

 NOx CO CO2 Total Hydrocarbon Methane  

2015 EPA 7E EPA 10 EPA 3A EPA 25A EPA 320 

2010 EPA 7E EPA 10 EPA 3A EPA 25A EPA 320 

 

In the 2010 testing, USEPA Method 8 was adopted to measure Sulfuric Acid Mist 

(SAM) emissions without controlling the condensation rate and temperature. The 

sample was not filtered either.  Thus, the samples included some particles, such as 

particle-bound sulfur compounds and other artifacts, which led to a positive bias in the 

results. In the 2015 testing, draft ASTM Method 36509 was employed, which maintains 

the condenser temperature above the SO2 condensation point. Particles are also filtered 

prior to the condenser. 

 

The same methods were used for measuring NOx, CO, CO2, hydrocarbons, and 

formaldehyde in both 2010 and 2015. 

 

4.2.3 Numerical modeling 

We employ an integrated Gaussian dispersion-CFD modeling framework to evaluate 

the near-source air quality impact of the CHP facilities.  Specifically, the worst cases 

were efficiently captured by using a Gaussian-based dispersion modeling system as a 
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screening tool, which then were investigated in detail using CFD simulations.  Initially 

proposed by Yang et al. (2018), this framework can keep the advantages of both types 

of models. 

 

4.2.3.1 Gaussian-based dispersion modeling (AERMOD) for screening 

Meteorological data from January 1, 2011 to December 31, 2015 measured at the nearest 

airport were processed by AERMET as input into the AERMOD modeling system 

(Version 15181). From the National Elevation Dataset of the U.S. Geological Survey 

(USGS), we constructed a 2.7 km × 2.3 km terrain domain with the 10 m resolution, 

shown in Figure 4.1a.  The building locations and dimensions were obtained from 

Google Earth.  Most of the buildings in this domain were located at the north side of the 

CHP facility.  The two stacks were modeled as point sources, representing the two CHP 

units, respectively.  The emission rates of the point sources were from the stack 

measurements.  Ground-level receptors in 15 m x 15 m resolution were uniformly 

distributed in the domain.  In AERMOD, Plume Rise Model Enhancements (PRIME) 

(Schulman et al., 2011) and Building Profile Input Program (BPIP) parametrize the 

building downwash impact on the plume dispersion (Cimorelli et al., 2005; Perry et al., 

2005). 

 
Figure 4.1. a) The AERMOD domain and receptors grid; b) The CFD domain 

CHPCHP

b)a)

N
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4.2.3.2 CFD modeling for worst conditions 

The worst conditions identified by the screening process were analyzed by the 

Comprehensive Turbulent Aerosol Dynamics and Gas Chemistry (CTAG) model 

(Steffens et al., 2014; Steffens et al., 2013; Steffens et al., 2012; Wang et al., 2013a; 

Wang et al., 2013b; Wang and Zhang, 2012), which simulates the flow field, pollutant 

dispersion, and gas chemistry in this complex environment.  CTAG has been evaluated 

against field measurements near stationary point sources. (Tong et al., 2017) reported 

adequate agreement between the predicted and the measured wind speed, wind 

direction, and PM2.5 concentrations measured near a biomass CHP facility. Yang and 

Zhang (2017) compared the predicted SO2, NO, NO2 and O3 against the flight-based 

measurements of those species near a large coal-fired power plant, which showed 

adequate performance in capturing the chemical transformation of the NO-NO2-O3 

reacting system.  Those studies have shown that carefully-configured turbulence 

models, source representation, mesh quality and boundary conditions are necessary to 

ensure the accuracy of CFD simulations. 

 

With regard to turbulence models, Large Eddy Simulation (LES) has shown many 

promising results in the urban environmental flow field simulations, while the Reynolds 

Averaged Navier-Stokes (RANS) method can also provide meaningful information such 

as the main flow structure and the concentration field in many cases (Blocken, 2015).  

The overall computational cost for RANS is generally one order of magnitude smaller 

than that for LES.  In a related project, we simulated a power plant plume using RANS 

method and the results showed adequate agreement to the measurement (Yang and 

Zhang, 2017).  The unsteady Reynolds Averaged Navier-Stokes (URANS) method was 

used for the plume dispersion simulation in this work.  As for the NO-O3-NO2 

chemistry, the Finite Rate (FR) chemical reaction model (Gran and Magnussen, 1996) 
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was coupled with the eddy dissipation method (EDM) (Magnussen and Hjertager, 

1977). In the FR/EDM model, both the Arrhenius rate and the turbulent mixing rate 

were estimated, and the smaller rate was used as the source term. The governing 

equations and the species transport equation were shown in Section 2.2.2. The chemical 

mechanism was the same as the one in Table 2.4 of Section 2.4.2 except the photolysis 

rate.  In this study, the photolysis rate of NO2 (𝑗𝑁𝑂2) was estimated using a polynomial 

function of the solar global irradiance (Trebs et al., 2009), which was obtained from the 

U.S. National Solar Radiation Database (NSRDB).  𝑗𝑁𝑂2 = (1 + 𝛼) × (𝐵1 × 𝐺 +

𝐵2 × 𝐺
2), where 𝛼 is the surface albedo, 𝐺 is the solar global irradiance (W m-2), 𝐵1 =

1.47 × 10−5 W−1m2s−1, 𝐵2 = −4.84 × 10
−9 W−2m4s−1. 

 

In our simulations, we assume that gas/particle partitioning will not significantly affect 

the primary PM2.5 mass near the sources. In other words, we treated primary PM2.5 as a 

tracer species. The average deposition velocity, 𝑣𝑑̅̅ ̅, which can be calculated by 

𝑣𝑑̅̅ ̅ =
1

𝑀𝑡𝑜𝑡
∑𝑁𝑖(𝜌 × 10

6) (
𝜋𝐷𝑝,𝑖

3

6
)𝑣𝑑,𝑖

𝑚

𝑖=1

 (4.1) 

Where 𝑀𝑡𝑜𝑡 is the total particle mass (µg) of a given size distribution; m is the total bin 

numbers; ρ is the particle density (g cm-3); in each bin i, 𝑁𝑖, 𝑣𝑑,𝑖, and 𝐷𝑝,𝑖 are the particle 

numbers, the deposition velocity (m s-1), and the particle diameter (µm), respectively. 

The deposition velocity vd,i was calculated based on Zhang et al (2001), which 

considered the gravitational settling, Brownian diffusion, impaction, interception 

processes. 

 

Brewer et al. (2016) conducted stack measurements of a 100 MW gas turbine equipped 

with SCR, and reported the particle size distributions from 2 nm to 300 nm.  The PM2.5 

mass concentration was 0.000296 grain dscf-1, which is very similar to those derived 
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from our measurements (e.g., 0.0003 grain dscf-1, Unit 1).  The PM concentrations were 

also reported in other gas turbine emission measurements with SCR (England et al., 

2007a, b; England et al., 2000), but there were no size distributions available. Therefore, 

we adopted the same size distribution as the one in Brewer et al. (2016). Assuming the 

particles are spherical, the particle density we estimated is about 1.1 g cm-3 based on the 

size distribution and mass concentration in Brewer et al. (2016). 

 

The stack measurement data described in Section 4.2.2 were converted to velocity inlet 

boundary conditions for the two stack exits based on the exhaust temperature, volume 

flow rate and exit diameter (1.8 m).  In the stack measurement, the primary PM2.5 

emission rates and NOx concentrations in the flue gas were directly reported, so the 

primary PM2.5 was set as a source term and the NOx concentration was set as volume 

fraction. The domain ambient inlet boundary conditions with the vertical wind velocity 

profile and temperature profile were obtained by using the same profiles in AERMOD, 

considering atmospheric stability (i.e., Monin-Obukhov length L). The ambient ozone 

(O3) concentration was obtained from the nearest ambient monitoring site (~20 km to 

the southwest). The domain inlet kinetic energy and turbulence dissipation rate were 

estimated by 𝑘 =
𝑢∗
2

√𝐶𝜇
, and 휀(𝑧) =

𝑢∗
3

0.4(𝑧+𝑧0)
, where 𝑢∗ is friction velocity; 𝐶𝜇 = 0.09 ; 

𝑧0 is the aerodynamic roughness length (Richards and Hoxey, 1993).  The standard wall 

function with a roughness modification was employed (Cebeci and Bradshaw, 1977; 

Launder and Spalding, 1974).  Symmetry boundary condition is applied on the top of 

the domain.  At the flow outlet, zero diffusion flux of all flow variables was specified.  

The CHP units were treated as the only emission sources in the domain. Therefore, 

simulated concentrations are for primary pollutants only. 

 

Figure 4.1b illustrates the top view of the CFD domain (2685m × 2327 m × 400 m).  

Figure 4.2 shows computational mesh on a vertical plane across Stack 2.  The size of 

the polyhedral cells ranged from 0.2 m at the stack exit to 2 m at buildings and 16 m at 
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the outer boundaries of the domain.  The boundary layer on the terrain and the building 

was simulated by using four layers of inflation cells.  The inflation cell heights started 

from 0.5 m with an increasing ratio of 1.1. 

 

 
Figure 4.2 Computational mesh on a vertical plane across Stack 2 and some buildings 

(8 million volume polyhedral cells) 

A necessary model verification process for RANS/URANS simulations is mesh 

independence, i.e., the results are not sensitive to a more refined mesh. The mesh 

independence threshold was taken as 5%, which means the results do not significantly 

change if the maximum relative difference between one mesh resolution and another 

over the entire domain are less than 5%. The relative difference is defined as (𝐶𝑚𝑒𝑠ℎ1 −

 𝐶𝑚𝑒𝑠ℎ2)/𝐶𝑚𝑒𝑠ℎ2 × 100% , and 𝐶𝑚𝑒𝑠ℎ1  and 𝐶𝑚𝑒𝑠ℎ2  refer to the plume centerline 

concentrations using a relatively coarser mesh resolution and a refined one, respectively.  

Figure 4.3a showed the distributions of relative differences in the primary PM2.5 

concentration between different resolutions. The relative differences between the 

medium, 8-million-cell (8M) mesh and refined, 10-million-cell (10M) mesh were less 

than 5%.  And the maximum relative differences between 10M and 12M were less than 

3%.  The discussions in Section 4.3 are based on the results with the 8M mesh. 

 

4.2.3.3 Integrated modeling 

Stack 2

Stack 1
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Using the hourly meteorological data, the highest GLCs and corresponding hours were 

obtained from the AERMOD screening process. For each of those hours, the 

corresponding URANS simulation started a few hours before with zero initial 

concentrations throughout the domain. This practice, common in chemical transport 

modeling and referred to as model spin-up, was to ensure that URANS results were not 

sensitive to the initial concentrations. 

 

The sensitivity of the spin-up time was investigated using a similar method with the 

same criterion 5%.  The relative difference of the spin-up time was defined as (𝐶𝑡 −

 𝐶𝑡+1)/𝐶𝑡+1 × 100%, 𝐶𝑡 and 𝐶𝑡+1 refer to the plume centerline concentrations using t 

hours and (t+1) hours before the worst-case hour, respectively.  This worst hour was 

chosen by the highest GLC hour from the AERMOD result.  As shown in Figure 4.3b, 

the maximum relative differences between 3-hr and 4-hr were within 5%.  The 

discussions in the main text are based on the 3-hr spin-up time simulation. 

 
Figure 4.3.  a) Distributions of relative differences in primary PM2.5 concentrations 

obtained from different mesh resolutions; b) Distributions of relative differences in 

primary PM2.5 concentrations obtained from different simulation spin-up time. 

 

The ratio between turbulent viscosity and turbulent diffusivity, known as the turbulent 

Schmidt number (Sct), affects the pollutant dispersion. The default value in many CFD 
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software packages is 0.7 based on previous experimental results (Spalding, 1971). 

However, there is no universal Sct, and various studies have employed different values 

(Flesch et al., 2002; Tominaga and Stathopoulos, 2007).  In our study, three values, 0.5, 

0.7 and 0.9, were applied to test the sensitivity of URANS simulation results to Sct.  The 

plume shape was depicted in Figure 4.4a, and the primary PM2.5 concentrations were 

plotted on the two vertical lines around 140 m and 280 m downwind from Stack 2.  

Figure 4.4b and 4.4c show that the smaller Sct leads to the higher peak concentrations.  

The CFD predicted highest GLCs are 0.44 μg m-3 (Sct = 0.5), 0.45 μg m-3 (Sct = 0.7), 

and 0.43 μg m-3 (Sct = 0.9).  They are not very sensitive to Sct values.  The discussions 

in Section 4.3 are based on Sct = 0.7. 

 

 
Figure 4.4. a) Plume shape and the two vertical lines downwind of the Stack 2; b) PM2.5 

concentrations along the vertical line X1; c) PM2.5 concentrations along the vertical line 

X2 

 

4.3 Results and Discussion 
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Figure 4.5 depicts the stack testing results in 2015 and 2010 of the total PM (filterable 

+ condensable) emission factors of this CHP facility (2 units with and without running 

duct burners), compared against the average PM emission factor (6.6x10-3 lb MMBtu-1) 

from stationary gas turbines reported in the Compilation of Air Pollutant Emissions 

Factors (AP-42) (USEPA, 2000).  In AP-42 PM emission factor data, one turbine model 

is rated at 30 MW, and the three other models are all rated below 5 MW.  Each 

configuration was tested 3-4 times, and the ranges of the derived emission factors were 

represented by error bars in Figure 4.5.  There is no PM emission control in this facility. 

 
Figure 4.5. Total primary PM (filterable + condensable) emission factors of the two 

units of this CHP; the horizontal axis is the data category of year, duct burner (DB) 

status and fuel type (ULSD was noted otherwise firing natural gas); the average PM 

emission factor of AP-42 was also plotted. 

PM emission factors with running duct burner (DB) were 11% ~ 67% lower than those 

without, as shown in Figure 4.5. The testing data indicated that the total fuel flow rate 

(and subsequently the heat generated from combustion) increased by running duct 

burners, while the PM concentrations in the exhaust and the exhaust flow rate did not 

change significantly, thus leading to lower emission factors with DB.  Furthermore, the 

highest PM emission factor (~5.0x10-3 lb MMBtu-1) among all configurations was Unit 

2 in 2015 without running the duct burner. The PM emission factor from this 

configuration will be used as input to the near-source impact analysis to represent the 
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worst conditions because the DB was not running frequently during non-winter months. 

DB showed the same impact on NOx and SAM emission factors, shown in Table 4.2.  

NOx emission factors with DB were 14% ~ 50% lower than those without DB. and 

SAM emission factors with DB were 0% ~ 58% lower than those without DB. 

Table 4.2. Unit 1 testing results of 2015 and 2010 (DB: Duct Burner) 
Unit 1 w/o DB with DB 

Testing year 2015 2010 
2010, 

ULSD 
2015 2010 

2010, 

ULSD 

Total PM 

(×10-3 lb MMBtu-1) 
1.77±0.70 3.00±0.58 2.00±0.58 1.58±0.25 1.00±0.29 1.00±0.06 

NOx after SCR 

(×10-3 lb MMBtu-1) 
10.8±4.05 9.51±0.74 NA 7.20±1.69 4.73±0.33 NA 

SAM 

(×10-4 lb MMBtu-1) 
1.00±0.00 4.00±0.58 10.0±0.58 0.42±0.06 4.00±1.15 5.00±0.58 

 

Unit 2 w/o DB with DB 

Testing year 2015 2010 
2010, 

ULSD 
2015 2010 

2010, 

ULSD 

Total PM 

(×10-3 lb MMBtu-1) 
5.02±1.54 1.90±0.81 1.40±0.25 2.20±0.12 1.20±0.32 1.20±0.11 

NOx after SCR 

(×10-3 lb MMBtu-1) 
7.41±1.68 9.07±4.27 NA 6.37±0.69 4.61±0.20 NA 

SAM 

(×10-4 lb MMBtu-1) 
1.00±0.00 7.00±1.15 11.0±0.00 0.50±0.15 4.00±0.00 8.00±3.79 

 

As mentioned in Section 4.2.1, Unit 1 has been in continuous operation since 2010, 

which allowed us to examine whether the turbine’s environmental performance has 

changed over time. Table 4.2 summarizes the results. The PM emission factor in the 

2015 test with DB was 58% higher than that in the 2010 test. Without DB, the PM 

emission factor of Unit 1 in the 2015 test was 41% lower than that in the 2010 test. NOx 

emission factors in the 2015 test were higher than those in the 2010 test (13.6% w/o DB, 

52.2% with DB).  The measured PM emission factors from both 2010 and 2015 are all 

noticeably lower than the AP-42 average value except for Unit 2 without DB in 2015.  

The NOx concentration before the SCR was around 12 ppm, and it decreased to about 

2 ppm after SCR, indicating a NOx removal efficiency of about 83%. The highest NOx 

emission factor after SCR is around 10.8x103 lb MMBtu-1 (Unit 1, 2015, w/o DB), 
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which is about 3.6%, 8.5%, and 11% of the uncontrolled, water-steam injection, and 

lean-premix emission factors reported in AP-42, respectively. Due to the different 

testing methods described in Section 4.2.2, SAM emission factors measured in 2015 

were significantly lower than those in 2010 as expected.  CO was assumed to be fully 

oxidized according to the CO analyzer (TEI 48C) results. 

 

Effect of the backup fuel was analyzed by using the results from the 2010 test (Table 

4.2). With duct burners running, the PM emission factors from firing ULSD were similar 

to those from firing natural gas.  Without running duct burners, the PM emission factors 

firing ULSD were slightly lower than that of firing natural gas, but the SAM emission 

factors firing ULSD were higher than that of firing natural gas. 

 

4.3.2 Screening results using AERMOD 

The dominant wind directions (Figure 4.6) were from southwest and most of buildings 

are to the northwest of the CHP facility, shown in Figure 1, which means that only few 

buildings in this domain would be affected by the CHP emissions under the prevailing 

conditions.  The prevalent wind direction (wind angle 180° < θ < 270°) occurred 40% 

of time from 2011 to 2015. In the AERMOD screening simulation, all five years 

meteorological data were included. 

 

The AERMOD screening results revealed the highest hourly GLCs (~0.43 μg m-3) to be 

in a relatively open area downwind of the prevailing wind direction (Figure 4.6 and 4.7). 

The receptor locations with the top 500 highest hourly GLCs were marked as yellow 

dots in Figure 4.7.  We cannot see 500 yellow dots because some high concentrations 

occurred at the same receptor but at different hours.  Those high GLCs appeared during 

the stable atmospheric boundary layer (Monin-Obukhov length, L ≈ 173 m) with 
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relative high wind speed (~ 6 m s-1, at 10 m above the ground) and wind direction was 

around 198o. Under such conditions, the plume rise was suppressed by high ambient 

wind, leading to elevated ground-level impact. This type of atmospheric condition was 

referred to as “Stable, High Wind” in the following discussion. 

 
Figure 4.6. Wind roses from 2011 to 2015 with different atmospheric boundary layer 

conditions: a) unstable; b) neutral; c) stable 

 

 
Figure 4.7. High GLC locations identified by AERMOD screening shown by yellow 

dots. Those high concentrations occurred during “Stable, High Wind” conditions. 

 

4.3.3 CFD simulations of the worst case 

The volume fraction of NO2 in total NOx ([NO2]/[NOx] (%)) along two vertical lines, 

25 m and 50 m of the downwind side of Stack 2, were illustrated in Figure 4.8.  At 25 
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m, the minimum [NO2]/[NOx] (%) was around 57%, and it became around 85% at 50 m 

downwind, which indicates that NO was rapidly converted to NO2 considering the 

relatively low NOx emission rates.  Our study focuses on its near-source impact, while 

the regional air quality impact can be evaluated using chemical transport models (Nolte 

et al., 2008; Zhang and Wexler, 2008). 

 
Figure 4.8. [NO2]/[NOx] (%) along two vertical lines at the downwind of Stack 2, Sct = 

0.7. 

4.3.4 Building downwash impact 

Unfavorable atmospheric conditions and building downwash can both exacerbate the 

near-source air quality impact of distributed generation (Gu et al., 2018). As described 

in Section 3.2, the highest GLCs occurred during the Stable, High Wind conditions. 

Analyzing the nearest airport meteorological data, we found that the Stable, High Wind 

condition appeared only when the wind directions were pointing away from the building 

area (see Figure 4.6 and 4.7). In other words, the unfavorable atmospheric conditions 

and building downwash did not occur at the same time for the studied site. However, it 

is worth investigating a combination of these hypothetical worst-case scenarios, along 

with the no duct burner scenario, with both unfavorable atmospheric conditions and 

building downwash (i.e., wind blowing from the CHP facility towards the building area 
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under the Stable, High Wind conditions). We constructed two such scenarios by 

redirecting the wind direction from 198o to 120o (Figure 4.9) and 150o (Figure 4.10), 

respectively, while keeping the rest of the meteorological conditions the same for the 

worse cases described in Section 4.3.2. Moreover, we conducted CFD simulation for 

both 120o and 150o wind direction cases without buildings for comparisons. This 

simulates a more densely-built area downwind of the source. 

 

 
 

Figure 4.9. PM2.5 concentration contour on terrain, wind direction 120°, two ground 

level curves C1 and C2 were perpendicular to the wind direction: a) with buildings; b) 

without buildings; c) PM2.5concentrations along C1; b) PM2.5 concentrations along C2 
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Figure 4.10. Primary PM2.5 concentration contour on terrain, wind direction 150°, two 

ground level curves C3 and C4 were perpendicular to the wind direction: a) with 

buildings; b) without buildings; c) Primary PM2.5 concentrations along C3; b) Primary 

PM2.5 concentrations along C4 

Thompson (1993) proposed the term, building amplification factor (BAF), defined as 

the maximum GLC with buildings divided by the maximum GLC without buildings, to 

represent the overall impact of building downwash.  In other words, the higher BAF, 

the larger impact on the GLC caused by buildings.  The calculated BAFs for this domain 

are 1.0 for the 120o wind direction case, and 1.4 for the 150o wind direction case. Our 

Primary
PM2.5

(μg m-3)

N

C3

CHP

C4

N

a) With Building b) W/O Building

WD = 150°

C3

C4

CHP



 

80 

analysis suggested that BAF alone is not sufficient to represent the building downwash 

impact. In spite of the BAF for the 120° case being 1.0 (i.e., the same maximum GLCs 

with and without buildings), the GLC distributions on the terrain surface with (Figure 

4.9a) and without buildings (Figure 4.9b) were significantly different. Figure 4.9c and 

4.9d compare the GLCs with and without buildings at the two downwind cross sections 

(C1 and C2) perpendicular to the wind direction. Shown in Table 4.3, the maximum 

GLC with buildings was 1.75 times as the peak GLC without buildings, indicating that 

the plume touched the surface much closer to the source with the presence of buildings. 

The sharper GLC distribution at C1 and wider GLC distribution at C2 with buildings 

than the corresponding distributions without buildings both indicated that more 

pollutants were trapped to the ground level due to the building downwash effect. 

Specifically, the mean GLC at C1 was as twice much as the mean GCL without 

buildings.  Even the maximum GCL at C2 with buildings (0.36 μg m-3) was slightly less 

than the value without buildings (0.46 μg m-3), the mean GLC with building was higher 

than without (0.19 μg m-3vs 0.18 μg m-3). 

Table 4.3. GLCs at various downwind cross sections (C1, C2, C3, C4) 

Wind 

Direction 
BAF Building 

GLC (µg m-3) at C1 

or C3 

GLC (µg m-3) at C2 

or C4 

Maximum Mean Maximum Mean 

 C1 C2 

120o 1.0 
with 0.42 0.26 0.36 0.19 

w/o 0.24 0.13 0.46 0.18 

 C3 C4 

150o 1.4 
with 0.38 0.21 0.30 0.21 

w/o 0.14 0.07 0.33 0.12 

The plume-impacted region for the 150° case (as shown in Figure 4.10a and 4.10b) is 

different from that for the 120° case (as shown in Figure 4.9a and 4.9b). As a result, we 

observed different GLCs distributions for the 150o case as illustrated in Figure 4.10c 

and 4.10d, plotted at the two downwind cross sections (C3 and C4) perpendicular to the 

wind direction. Nevertheless, the overall trend is very consistent between the two cases, 
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i.e., narrower distributions close to the source (at C1 or C3) and wider distributions 

away from the source, supporting the robustness of our findings. Shown in Table 4.3, at 

C3, the maximum GLC with buildings was 2.71 times that without buildings.  The mean 

GLCs at C3 and C4 with buildings (~0.21 μg m-3) were both much higher than their 

corresponding values without buildings (0.07 and 0.12 μg m-3). 

 

It should be noted that the GLCs of primary PM2.5 were shown to generally low from 

our simulations using site-specific emission factors and realistic meteorological 

conditions for the studied site. The maximum, hourly GLC of primary PM2.5 under the 

combination of worst-case conditions, which don’t coincide in reality, identified from 

the 5-year screening was found to be 0.43 μg m-3. For the two hypothetical scenarios 

with greater building influence, the maximum, hourly GLC of primary PM2.5 were all 

0.46 μg m-3. Consistent with the finding from Olaguer et al. (2016), the natural gas-fired 

CHP facility in our study did not appear to have any significant near-source air quality 

impacts even under the worse-case scenarios. However, our analysis also suggested 

greater building downwash impact with the presence of taller and denser urban 

structures. Therefore, the near-source impact of natural gas-fired CHP in large 

metropolitan areas is worthy of further investigation. 

 

4.4 Conclusion 

We reported the results from the stack testing of a community-scale CHP plant with two 

15 MW gas turbines, Unit 1 and Unit 2, conducted in 2010 and 2015, respectively, and 

employed an integrated modeling framework to assess the near-source air quality impact 

based on the measured emission rates. 
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The stack test results showed the highest primary PM emission factor (~5.0x10-3 lb 

MMBtu-1 from Unit 2 in 2015 without duct burner (DB)) is around 24% lower than the 

average value reported in the AP-42 database. Equipped with SCR, the highest NOx 

emission factor (~0.011 lb MMBtu-1 for Unit 1, 2015, w/o DB) is much lower than the 

values from the uncontrolled, water-steam injection, and lean-premix systems reported 

in the AP-42 database. With duct burner, the PM emission factor decreased by 

11%~67% and NOx emission factors decreased 14%~50% compared against the 

corresponding values without duct burner. Unit 1 is in continuous operation since 

commissioning. The NOx emission factors of Unit 1 in the 2015 test were higher than 

those in the 2010 test for both with and without DB cases. But PM emission factors 

showed the DB dependent results. In 2015 with DB, it was 58% higher than that in the 

2010 test, and without DB, it was 41% lower than that in the 2010 test. The backup fuel, 

ULSD, slightly reduced the PM emission factors, but increased SAM emission factors 

compared to natural gas as the fuel. 

 

The adopted modeling framework integrates both computationally efficient Gaussian-

based dispersion models and relatively more accurate CFD models. The AERMOD-

based screening process from 2011 to 2015 allowed us to identify the stable atmospheric 

boundary layer condition with relatively high wind speed as the leading contributor to 

the hugest ground-level concentrations (GLCs) at the studied site. The highest GLC 

(~0.43 μg m-3) location appeared in an open area, given the site-specific meteorology. 

We further investigated a combination of hypothetical worst-case scenarios with both 

unfavorable atmospheric conditions and building downwash (i.e., wind blowing from 

the CHP facility towards the building area under the Stable, High Wind conditions), 

along with the highest PM emission factor recorded. Our analysis indicated that even 

though building downwash might not significantly increase the highest GLC values for 
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the studied site, the highest GLCs appeared closer to the source and more pollutants 

were trapped to the ground level with the presence of downwind buildings than the cases 

without buildings. Thus, the near-source impact of natural gas-fired CHP sited in dense 

metropolitan areas is worthy of further investigation. 
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CHAPTER 5 

 

CFD-ASSISTED PARAMETERIZATION OF THE BUILDING DOWNWASH 

AND SIDEWASH EFFECT USING A MIXTURE MODEL 

Abstract 

As regulatory tools, air pollutant dispersion models are widely used for permitting of 

power plants and/or industrial sites, assessing human exposure, and providing data for 

health studies.  However, dispersion models do not perform well when the facility stack 

is relatively low and the pollution plume would be affected by the building wake, such 

as biomass boilers, diesel backup generators and residential woodstoves, which was also 

known as building downwash.  For example, the current building downwash 

preprocessor (PRIME) in a regulatory model, AERMOD, tends to underestimate the 

ground-level concentrations (GLCs).  In this work, a new building downwash 

parameterization, the mixture model, was proposed to represent the concentration field 

in the downstream of a box-shape building with a short stack under different wind 

directions.  This model was developed on the flow and concentration field analysis using 

Embedded Large Eddy Simulation (ELES) and evaluated using wind tunnel 

measurement.  The flow pattern under the oblique wind was featured by a sidewash-

downwash (S-D) vortex, which determines the near-wake concentration field.  The 

concept of “sidewash” was introduced here to highlight the effect of oblique wind 

conditions, which can cause higher GLCs than those under the perpendicular wind.  

Established on the building downwash physics, the new model showed promising 

performance for the low stack height under both perpendicular and oblique wind 

directions.  The model successfully captured the lateral shifts of the plume under oblique 

wind directions and continuous distribution on the longitudinal ground-level receptors, 

which could not be reflected by using the original AERMOD PRIME. 
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5.1 Introduction 

Air pollutants transport and dispersion in the built environments are important to public 

health.  Turbulent flow around buildings has a significant impact on the air pollutants 

plume released near the building, which makes the plume transport and dispersion 

process complex.  The plume could be brought to the ground by the building wake, 

which results in elevated ground-level concentrations (GLCs) (Huber, 1989; Thompson, 

1993).  This phenomenon is often known as “building downwash”. For many small 

emission sources with relatively short stacks and located near population centers such 

as hydrocarbon-fueled distributed generation (DG) units, biomass boilers and 

residential woodstoves, building downwash is a critical factor in siting considerations. 

 

Modeling building downwash is challenging task because it depends on many variables, 

such as the building (dimensions, locations, opened windows etc.), the stack (locations, 

emission rates, emission temperature etc.), and the ambient meteorology (wind speed, 

wind direction, temperature, humidity etc.). 

 

AERMOD, known as the USEPA-preferred model for near-field regulatory 

applications, adopted the Plume Rise Model Enhancement (PRIME) (Schulman et al., 

2011) and its preprocessor, Building Profile Input Program (BPIP) (USEPA, 1995), to 

account for the downwash effect. For example, AERMOD with BPIP-PRIME is a 

regulatory tool for permitting new emission sources in the vicinity of buildings, which 

estimates peak concentrations in the studied domains. BPIP-PRIME has also been 

incorporated into other dispersion modeling platforms such as CALPUFF (Scire et al., 

2000). Besides regulatory applications, BPIP-PRIME has been employed, as part of 

AERMOD or CALPUFF, to assess human exposure and quantify associated health 

impact, which requires spatially and temporally distributed estimates of air pollutant 
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concentrations in addition to peak concentrations (Levy et al., 2017; Mokhtar et al., 

2014). 

 

However, BPIP-PRIME has been shown to under- or over-predict GLCs for different 

building types and meterological conditions (Olesen et al., 2009; Perry et al., 2016; 

Petersen et al., 2017; Petersen and Guerra, 2018), which limits regulators’ capability in 

properly siting new emission sources and compromises the quality of health impact 

assessment in urban areas.  Two recent research studies have proposed methods to 

improve downwash parameterization. Petersen and Guerra (2018) re-parameterized 

velocity magnitude and turbulence intensity based on wind tunnel tests using both 

rectangular and axisymmetric buildings (representing structures such as cooling towers 

and storage tanks).  Monbureau et al. (2018) reported the improved estimations of the 

plume spreading rate, effective wind speed, turbulence intensity, and shortened 

projected building dimensions (compared to the original BPIP) based on a USEPA wind 

tunnel experiment (Perry et al., 2016) and the subsequent Embedded Large Eddy 

Simulation (ELES) results (Foroutan et al., 2018). The GLCs along the wind direction 

(longitudinal) were better predicted than the original BPIP-PRIME, and the predictions 

of the peak GLCs of the lateral receptors (perpendicular to the wind direction) were 

generally within the factor of 2 (Monbureau et al., 2018). It is worth mentioning that the 

USEPA wind tunnel dataset from Perry et al. (2016) contains both the turbulent flow 

field and the concentration field around different rectangular buildings under different 

wind directions, which significantly complemented and enhanced the previous wind 

tunnel datasets of dispersion near buildings. 

 

Even with the significant progress on improving downwash algorithms, two main 

limitations associated with BPIP-PRIME still exist. The first limitation is associated 
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with the oblique wind conditions. PRIME was originally developed for conditions that 

ambient wind is perpendicular to the building (Schulman et al., 2011).  BPIP converts 

the oblique wind to perpendicular by projecting the building along the wind direction.  

But the flow field around a projected building is considerably different from the actual 

one.  We will show in Section 2 the importance of capturing the effect of oblique wind 

conditions, which can result in higher GLCs and larger impacted areas than those with 

the perpendicular wind. Monbureau et al. (2018) proposed the use of shortened 

projected buildings in BPIP to partially account for the effect of oblique wind 

conditions. However, the plume shift under oblique wind could not be fully represented 

by using the shortened projected building. The second limitation is rooted from 

PRIME’s assumption that some of the air pollutants were captured by the cavity zone 

and became well-mixed inside. This assumption causes the concentration 

“discontinuity”, which means a uniform GLC distribution along the wind direction 

within the cavity zone usually results in a sudden concentration change in the transition 

zone between the cavity and the far wake (more details shown in Section 2). The 

concentration “discontinuity” still persists after the improvements introduced by 

Petersen and Guerra (2018) and Monbureau et al. (2018). 

 

The main objective of this chapter is to introduce a new approach to develop downwash 

parameterization using a mixture model, assisted by computational fluid dynamics 

(CFD) simulations, to address the two limitations described above.  CFD had been 

proven to be a feasible tool to predict the air pollutant dispersion in the built 

environment (Blocken et al., 2011; Chavez et al., 2011; Mavroidis et al., 2007; Sada and 

Sato, 2002; Yoshie et al., 2011).  The first building downwash parameterization using 

CFD result was reported by Flowe and Kumar (2000), which showed the feasibility of 

CFD and parameterized the velocity field and one average concentration inside the 
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building cavity zone by using the building aspect ratio (the ratio of building width to 

building height, W/H).  Tominaga and Stathopoulos (2013) reviewed CFD simulations 

of the flow field and concentrations around isolated, box-shaped building. The Reynolds 

Averaged Navier-Stokes (RANS) method (Blocken et al., 2008; Tominaga and 

Stathopoulos, 2009) and the Large Eddy Simulation (Ai and Mak, 2015; Bazdidi-

Tehrani et al., 2013; Tominaga and Stathopoulos, 2010) are the two most commonly 

adopted CFD techniques.  RANS simulations could provide qualitative description of 

the flow and concentration fields but fail to accurately capture the flow structures, which 

results in large uncertainties of the concentration prediction (Gousseau et al., 2011).  

LES method showed good agreement with both wind tunnel measurement and the field 

data.  However, LES is one or two orders of magnitude larger than RANS (Blocken, 

2015).  Taking the advantages of both RANS and LES, Embedded Large Eddy 

Simulation (ELES) method only utilizes the LES simulation in the regions of interest 

and run RANS simulation for the rest (Cokljat et al., 2009).  For example, the LES zone 

could be the region in the vicinity of a building and the flow structure is important to 

the concentration field prediction.  In this study, we conducted the ELES simulations to 

capture the flow field around the building, consistent with the settings in Foroutan et al. 

(2018). 

 

This chapter is organized as follow. First, we provide a concise review of the BPIP-

PRIME formulation and systematically analyzed the two limitations mentioned earlier, 

the projected building issue under oblique winds and the discontinuity of the 

concentration distribution.  Then, we describe the mixer model approach to resolve the 

plume dispersion based on ELES data analysis.  Finally, we evaluate the new approach 

and discuss the limitations. 
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5.2 Method 

5.2.1 PRIME formulation review 

The PRIME algorithm modeled the building downwash effect through two steps: 1) the 

flow parameterization (FP), where the cavity envelope, the building wake dimensions, 

and streamlines (except inside the cavity zone) were parameterized, and 2) the 

concentration parameterization (CP), where the plume rise, the dispersion coefficients, 

and the concentration field were parameterized using the flow field parameterization 

results and the Gaussian plume model. 

 

5.2.1.1 Gaussian plume model 

The basic Gaussian plume model was developed from the scalar transport convection-

diffusion equation (Stockie, 2011). The concentrations on the plane perpendicular to the 

upstream wind direction are represented by a bivariate Gaussian distribution, shown in 

Equation (5.1).  The concentration distribution, 𝐶(𝑟, 𝑦, 𝑧), is laterally (𝑦 -direction) 

symmetric to the plume centerline.  The exponential term with (𝑧 − 𝐻𝑃) represents the 

Gaussian distribution with the mean at the plume centerline height (𝐻𝑃 ).  And the 

exponential term with (𝑧 + 𝐻𝑃) could be treated as a Gaussian distribution underground 

with the mean at (−𝐻𝑃).  Given the emission rate 𝑄 and the reference wind speed 𝑢, this 

model works well for the isolated, tall stacks, but does not work for the short stack close 

to buildings, where building downwash impact dominates the plume dispersion.  

Specifically, building downwash changes the plume centerline height (𝐻𝑃 ) and the 

dispersion coefficient 𝑟 along the vertical direction (𝑧) and lateral direction (𝑦). 

𝐶(𝑟, 𝑦, 𝑧) =
𝑄

4𝜋𝑢𝑟
exp(−

𝑦2

4𝑟
)(exp(−

(𝑧 − 𝐻𝑃)
2

4𝑟
) + exp(−

(𝑧 + 𝐻𝑃)
2

4𝑟
)) (5.1) 

 

5.2.1.2 PRIME flow parameterization (FP) review 



 

94 

Figure 5.1 presents the PRIME cavity envelope parameterization and the streamlines 

created from ELES simulations.  For the perpendicular wind case, PRIME FP showed 

an excellent agreement with the ELES result as illustrated in Figure 5.1a, where a 

laterally symmetric vortex structure can be clearly observed. As PRIME FP was 

developed based on perpendicular wind tunnel measurement, the oblique wind 

condition was simplified by using BPIP, which projects the building along the wind 

direction so that the wind is perpendicular to the projected building (shown by dash line 

in Figure 5.1b).  However, the actual cavity zone under the oblique wind is much more 

complicated than the one under the perpendicular wind.  The flow was directed by the 

building windward surface to the side (positive 𝑦-direction in Figure 5.1) and there is 

no laterally symmetric vortex structure anymore. As a result, the PRIME-parameterized 

cavity envelope, depicted in solid line in Figure 1b and based on the projected building, 

does not agree with the ELES-predicted result.  The shortened building method 

proposed by Monbureau et al. (2018) would partially address this problem by moving 

the separation location from Point A to Point A' shown in Figure 5.1b, but it cannot 

reflect the asymmetric flow feature.  In addition, the Point A' is generally not the real 

separation point of the actual building because there is a corner vortex pair on the 

building roof under the oblique wind (Robins and MacDonald, 2001; Tominaga and 

Stathopoulos, 2013). 

 
Figure 5.1. Cavity zone comparison of the ELES (projected streamlines on z/H = 0.01 

horizontal plane) and PRIME cavity zone envelope (black solid curve) at the ground 

level; a) perpendicular wind (θ=0°); b) oblique wind (θ=45°); dash lines show the BPIP 
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projected building; Point A and B are the middle points of the leading and the trailing 

edges; Point A' and B' are the middle points of the shortened projected building. 

 

5.2.1.3 PRIME concentration parameterization (CP) review – Oblique wind conditions 

The normalized concentration 𝜒 distributions (derived from ELES simulations) were 

shown on a set of planes perpendicular to the upstream wind direction in Figure 5.2, 

where 𝜒 =
𝐶𝑈𝐻2

𝑄
, 𝐶  is concentration, 𝑄  is the emission rate, 𝑈 is the reference wind 

speed, 𝐻 is the building height.  The concentration field is laterally symmetric under 

perpendicular wind (Figure 5.2a), but laterally asymmetric under oblique wind (Figure 

5.2b).  The BPIP-projected building, shown in Figure 5.2c, leads to significantly 

different concentration field from that of the actual building (Figure 5.2b). 

 

 

Figure 5.2. ELES results of the normalized concentration distribution on a series of 

planes perpendicular to the upstream wind: a) 𝑊/𝐻 = 2, perpendicular wind 𝜃 = 0°; b) 

𝑊/𝐻 = 2, oblique wind 𝜃 = 45°; c) BPIP-projected building for the actual building of 

𝑊/𝐻 = 2, oblique wind 𝜃 = 45°; the black dash lines on the projected building top 

represent the actual building; the stack height 𝐻𝑠 = 1.5𝐻 for all the cases. 

 

Similarly, Figure 5.3 illustrated the GLCs under the perpendicular wind (Figure 5.3a), 

the oblique wind (Figure 5.3b), and using the BPIP projected building for the oblique 

wind (Figure 5.3c), respectively.  The peak GLCs under the oblique wind is higher than 

those under perpendicular wind.  The major reason is the flow pattern under the oblique 

wind can make the plume centerline closer to the ground, which was shown through the 

a) Perpendicular wind b) Oblique wind 𝜃 = 0° 𝜃 = 45°

𝜒

c) BPIP Projected Building
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right part of Figure 5.3a to 5.3c.  The plume centerlines were represented by using 

streamlines started from the pollution source.  The high concentration area under the 

oblique wind (Figure 5.3b) is also significantly larger than those under perpendicular 

wind (Figure 5.3a).  Comparing Figures 5.3b and 5.3c indicates that the peak GLCs and 

the area with relatively high concentrations would be underestimated by using the BPIP-

projected building. Therefore, it is critical for a downwash algorithm to capture the 

effect of oblique wind conditions. 

 

5.2.1.4 PRIME concentration parameterization (CP) review – Discontinuity in the 

transition zone 

In the PRIME CP, the GLC at a given receptor location is expressed as the sum of three 

components,  i.e., the primary source dispersion, the cavity zone, and the re-emitted 

from the imaginary point source at the building lee wall base as described in Equation 

(5.2)  (Schulman et al., 2011). 

 

𝐶𝑃𝑅𝐼𝑀𝐸 =
[(1 − 𝑓)𝑄]

𝜋𝜎𝑦𝜎𝑧𝑈𝑆
exp (−

1

2

𝑦2

𝜎𝑦
2
) exp (−

1

2

(𝑧 − 𝐻𝑃)
2

𝜎𝑧
2

)
⏟                              

𝑃𝑟𝑖𝑚𝑎𝑟𝑦

+
3[𝜆𝑓𝑄]

𝐻𝑐𝑊𝐵
′𝑈𝐻

exp (−
1

2

𝑦2

𝜎𝑦𝑐
2
)

⏟              
𝐶𝑎𝑣𝑖𝑡𝑦

+
[(1 − 𝜆)𝑓𝑄]

𝜋𝜎𝑦𝑐𝜎𝑧𝑐𝑈𝑆
exp (−

1

2

𝑦2

𝜎𝑦𝑐
2
) exp (−

1

2

𝑧2

𝜎𝑧𝑐
2
)

⏟                          
𝑅𝑒−𝑒𝑚𝑖𝑡𝑡𝑒𝑑

 

(5.2) 

 

where 𝑓 is the fraction of the plume captured by the cavity, 𝑄 is the emission rate, 𝜆 is 

a scaling factor, decreasing linearly from 1 to 0 as 𝑥 increases from Point D (0.85 𝐿𝑅) 

to Point D' (1.15 𝐿𝑅), shown in Figure 5.4, 𝑈𝑠 is the wind speed at the stack height, 𝐻𝑐 

is the maximum cavity height, 𝑈𝐻 is the wind speed at the building height, 𝑊𝐵
′  is the 

plume mixing width scale, 𝜎𝑦, 𝜎𝑦𝑐 and 𝜎𝑧, 𝜎𝑧𝑐 are dispersion coefficients along 𝑦 or 𝑧 

direction in different flow regions, respectively. 
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Figure 5.3. ELES results of the GLCs; the black solid line (y=0) crossing the stack 

represents the upstream wind direction: a) Perpendicular wind: the concentration 

distribution is laterally symmetric, 𝜒𝑚𝑎𝑥 location y=0, plume centerline height is around 

1.2H at x=4H; b) Oblique wind: the concentration distribution is not laterally 

symmetric, 𝜒𝑚𝑎𝑥 location y>0 and higher than that of the perpendicular wind direction, 

plume centerline height is around 0.7H at x=4H; c) BPIP projected building, black dash 

lines on the projected building top represent the actual building: the concentration 

distribution is approximately symmetric, 𝜒𝑚𝑎𝑥 location y=0, plume centerline height is 

around 1.1H at x=4H. 

 

a) Perpendicular wind 𝜃 = 0°

b) Oblique wind 𝜃 = 45°
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As shown in Equation (5.2), the cavity component is independent of longitudinal 

location 𝑥, base on the well-mixed cavity zone assumption.  Therefore, given a fixed y 

location in the cavity zone, the concentration calculated by PRIME is a constant.  Figure 

5.4a showed the ELES results of the concentration field around a building under oblique 

wind.  It can be seen that the GLCs in the cavity zone is not a constant.  In other words, 

the cavity zone is not well-mixed.  A transition zone between the cavity and the far wake 

was defined in PRIME, marked by Point D and Point D' in Figure 5.4a and 5.4b, and 

the concentration discontinuity emerges in this transition zone. In Figure 5.4b, ELES 

GLCs results showed the similar increasing trend as those from the wind tunnel 

measurement. By contrast, the PRIME-predicted GLCs showed a decreasing trend. In 

summary, the well-mixed cavity zone assumption in PRIME not only leads to the 

concentration discontinuity in the transition zone, but also distorts the concentration 

distribution over a bigger region. 

 

Figure 5.4. a) ELES concentration fields on the plane across the source; b) Longitudinal 

GLCs comparison of wind tunnel measurement, ELES, and PRIME. black solid curve: 

the PRIME cavity zone envelope; 𝐿𝑅 : PRIME cavity zone length; ground level 

transition zone is in between the blue dash lines: building aspect ratio 𝑊/𝐻 = 2, oblique 

wind 𝜃 = 45°. Source is at downwind middle of building at a height of 1.5H. 

 

5.2.2 The Mixture model 

5.2.2.1 Formulation 
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We gained physical insight through observing the flow structures and concentration 

fields, illustrated in Figure 5.5a and 5.5b for two buildings with different aspect ratios 

(𝑊/𝐻) under oblique wind.  The flow is not only entrained downward (marked by the 

solid arrow) but also directed by the oblique wind along the building leeward surface 

(marked by the dashed arrow), which creates a sidewash-downwash (S-D) vortex.  This 

S-D vortex causes the plume shift.  Shown in Figure 5.5c and 5.5d, the streamlines of 

the S-D vortex are roughly across the right half of the plume.  We proposed a mixture 

model to represent the concentration fields as a mixture of two Gaussian plumes, i.e., 

the main plume and the shifted one, shown in Figure 5.5e.  The mixture model was 

widely used in many different areas, such as audio signal processing, image processing, 

and computer vision (Reynolds et al., 2000; Stauffer and Grimson, 1999; Zivkovic, 

2004).  

 

The general mixture model is represented by Equation (5.3): 

𝐶(𝑦, 𝑧) =∑𝜆𝑖 ∙ 𝐺𝑖(𝑦, 𝑧; 𝝁𝑖, 𝚺𝑖)

𝑛

𝑖=1

 

𝝁𝑖 = (
𝜇𝑦𝑖
𝜇𝑧𝑖
) , 𝚺𝑖 = (

𝜎𝑦𝑖
2 𝜌𝑖𝜎𝑦𝑖𝜎𝑧𝑖

𝜌𝑖𝜎𝑦𝑖𝜎𝑧𝑖 𝜎𝑧𝑖
2 ) 

(5.3) 

where 𝑛 is the total number of the distributions; 𝜆𝑖is the weight of each distribution and 

∑ 𝜆𝑖 = 1
𝑛
𝑖=1 ; 𝐺𝑖  is a bivariate Gaussian distribution with the mean vector 𝜇𝑖  and the 

covariance matrix 𝚺𝑖, 𝜌𝑖 is the correlation coefficient of 𝜎𝑦𝑖 and 𝜎𝑧𝑖. In our case, 𝑛 =2 

and 𝑛 >2 cases will be evaluated in the future work. 

 

Further simplification was made to reduce the complexity of the model.  Specifically, 

the correlation coefficient of the shifted plume was assumed to be zero (𝜌2 = 0). 
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𝐶(𝑦, 𝑧) =
𝜆𝑄

2𝜋𝑢𝜎𝑦1𝜎𝑧1√1 − 𝜌1
2
(𝑒𝑥𝑝(−

1

2(1 − 𝜌1
2)
[
(𝑦 − 𝜇𝑦1)

2

𝜎𝑦1
2 +

(𝑧 − 𝜇𝑧1)
2

𝜎𝑧1
2 −

2𝜌1(𝑦 − 𝜇𝑦1)(𝑧 − 𝜇𝑧1)

𝜎𝑦1𝜎𝑧1
])

+ 𝑒𝑥𝑝(−
1

2(1 − 𝜌1
2)
[
(𝑦 − 𝜇𝑦1)

2

𝜎𝑦1
2 +

(𝑧 + 𝜇𝑧1)
2

𝜎𝑧1
2 −

2𝜌1(𝑦 − 𝜇𝑦1)(𝑧 + 𝜇𝑧1)

𝜎𝑦1𝜎𝑧1
]))

+
(1 − 𝜆)𝑄

2𝜋𝑢𝜎𝑦2𝜎𝑧2
(𝑒𝑥𝑝(−

1

2
[
(𝑦 − 𝜇𝑦2)

2

𝜎𝑦2
2 +

(𝑧 − 𝜇𝑧2)
2

𝜎𝑧2
2 ])

+ 𝑒𝑥𝑝(−
1

2
[
(𝑦 − 𝜇𝑦2)

2

𝜎𝑦2
2 +

(𝑧 + 𝜇𝑧2)
2

𝜎𝑧2
2 ])) 

(5.4) 

where 𝑄 is the emission rate; 𝑢 is the flow velocity at (𝑦, 𝑧).  The emission rate (𝑄) is 

given, and the model parameters 𝛽𝑚 = (𝜆𝑖, 𝑢, 𝝁𝑖, 𝚺𝑖) depend on the upstream wind 

speed at the building height (𝑈𝐻), the building dimensions (𝑊,𝐻, 𝐿), the emission 

source location (𝑥𝑠, 𝑦𝑠, 𝐻𝑠)  the upstream wind direction (𝜃) , and the longitudinal 

location along the wind direction (𝑥). 

 

 
 

 
Figure 5.5. The illustration of the proposed mixture model approach: a) Sidewash-

downwash (S-D) vortex for the building aspect ratio W/H = 2; b) S-D vortex for the 

building aspect ratio W/H = 6; the black arrow showed the S-D vortex axis; c) S-D 

vortex (black lines) and concentration field (colored contours) for the building aspect 

ratio W/H = 2; d) S-D vortex and concentration field for the building aspect ratio W/H 

= 6; e) a conceptual sketch of a mixture model  (n=2) to represent the plume shape. 

a) 𝑊 𝐻⁄ = 2, 𝜃 = 45° b) 𝑊 𝐻⁄ = 6, 𝜃 = 45°
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There are three steps to obtain all the mixture model parameters.  The training case of 

𝑊/𝐻  = 3, 𝜃  = 30°, 𝐻𝑠 = 1.5𝐻 , was presented as an example.  First, given the 

concentration data, 𝐶𝑑𝑎𝑡𝑎(𝑦, 𝑧) , at a certain longitudinal location (𝑥) , the model 

parameters 𝛽𝑚 = (𝜆𝑖, 𝑢, 𝝁𝑖, 𝚺𝑖)   could be obtained using a non-linear least square 

method (Moré, 1978) to fit the right-hand side of Equation (5.4), re-written in Equation 

(5.5). 

𝐶𝑑𝑎𝑡𝑎(𝑦, 𝑧) = 𝑓𝑚(𝑦, 𝑧; 𝛽𝑚) (5.5) 

Second, we assume each term of 𝛽𝑚 has simple function forms 𝑓𝑏 such as linear and 2nd 

order polynomial of the longitudinal location (𝑥) , subject to the constraint of the 

emission source location (𝑥𝑠, 𝑦𝑠 , 𝐻𝑠) .  Figure 5.6 showed each parameter in 𝛽𝑚 =

(𝜆, 𝑢,  𝜌, 𝜇𝑦1, 𝜇𝑧1, 𝜇𝑦2, 𝜇𝑧2, 𝜎𝑦1, 𝜎𝑧1, 𝜎𝑦2, 𝜎𝑧2) and the fitting function, shown in Equation 

(5.6). 

𝛽𝑚 = 𝑓𝑏(𝑥; 𝛽𝑏) (5.6) 

Finally, find the relationships between 𝛽𝑏 and building feature and the wind direction 

(𝑊/𝐻, 𝜃): 

𝛽𝑏 = 𝑓𝑐(𝑊/𝐻, 𝜃; 𝛽𝑐) (5.7) 

 

In the third step, linear regressions, 𝑓𝑐 (
𝑊

𝐻
, 𝜃; 𝛽𝑐) = 𝛽𝑐0 + 𝛽𝑐1 (

𝑊

𝐻
) + 𝛽𝑐2(𝜃) , were 

conducted for each function coefficient in 𝛽𝑏, and the building aspect ratio (𝑊/𝐻) and 

wind direction (𝜃) using all the 𝑓𝑏 obtained from other training cases. 
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Figure 5.6. 𝛽𝑚 = (𝜆, 𝑢,  𝜌, 𝜇𝑦1, 𝜇𝑧1, 𝜇𝑦2, 𝜇𝑧2, 𝜎𝑦1, 𝜎𝑧1, 𝜎𝑦2, 𝜎𝑧2) and the fitting functions. 

Given a test case, for example, 𝑊/𝐻 = 2, 𝜃 = 45°, 𝐻𝑠 = 1.5𝐻, 𝛽𝑏  can be predicted 

using 𝑓𝑐 , and 𝛽𝑚  can be predicted using 𝑓𝑏 , then the concentration field at each 

longitudinal location can be predicted using the Mixture model 𝑓𝑚. 

5.2.2.2 CFD-assisted parameterization and evaluation 

We parameterized the proposed mixture model using the ELES simulations and 

evaluated the model using the datasets collected from the EPA wind tunnel experiment 

(Perry et al., 2016), where a series of configurations of building aspect ratios (𝑊/𝐻), 

wind directions (𝜃), source locations (𝑥𝑠, 𝑦𝑠, 𝐻𝑠) were tested. The building, the source, 

and the receptors (longitudinal, lateral, vertical) setup were shown in Figure 5.7. In this 

work, we focused on the conditions with source located at the downwind middle 

position as depicted in Figure 5.7. 
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Figure 5.7. The building and the source setup: 𝐻  is the building height, 𝑊  is the 

building width, 𝐿 is the building length (𝐿 = 𝐻 in this work), 𝐻𝑠 is the source height, 𝜃 

is the angle between the building windward surface normal and the upstream wind 

direction. 

The training data were obtained from ELES, and the test data were from wind tunnel 

measurements, summarized in Table 5.1.  In order to evaluate the model, we chose two 

very different building aspect ratios as the test cases, one “narrow” building (W/H=2) 

and one “wide” building (W/H=8). In other words, the parameterization and evaluation 

came from different configurations to ensure the rigorousness of the evaluation. 

Table 5.1. Training and test datasets 

Features Training (ELES) Test (Wind Tunnel (Perry et al., 

2016)) 

Building aspect ratio (𝑊/𝐻) 3, 4, 5, 6, 7, 9 2, 8 

Wind direction (𝜃) 0°, 30°, 45°, 60° 0°, 15°, 30°, 45°, 60° 

Source height (𝐻𝑠) 1.5H 1.2H, 1.5H 

 

5.3 Results and discussion 

5.3.1 Longitudinal distribution 

As mentioned earlier, one of the major challenges of the PRIME result is the 

discontinuity of the concentration distribution along the longitudinal ground-level 
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receptors.  Shown in Figure 5.8, the measured GLCs are relatively low at the building 

leeward (x/H=0) and monotonically increase to the peak values, then the concentrations 

gradually decrease to the far wake.  The mixture model generally not only showed good 

predictions of the peak concentrations, but also was able to capture the concentration 

gradients on the longitudinal receptors for both Hs = 1.5H (Figure 5.8a and b) and 1.2H 

(Figure 5.8c and d). By contrast, PRIME’s well-mixed cavity zone assumption resulted 

in a nearly constant concentration from the leeward (x/H=0) to x/H= 3 (Figure 5.8a and 

b) or x/H =2 (Figure 5.8c and d), and a sudden drop afterward. Overall, PRIME 

consistently underpredicted the longitudinal concentrations.  Given the same wind 

direction (𝜃), the peak GLCs of 𝐻𝑠 = 1.5𝐻 cases (Figure 5.8a and b) are lower than 

those of cases with a lower stack height (𝐻𝑠 = 1.2𝐻).  Also, the locations of the peak 

GLCs of 𝐻𝑠 = 1.5𝐻 cases are also closer to the building leeward surface than those of 

the 𝐻𝑠 = 1.2𝐻 cases.  The mixture model successfully captured these trends that the 

building downwash impact is stronger on a shorter stack than on a taller one.  Given the 

same stack height (𝐻𝑠), the peak GLCs of the perpendicular wind (𝜃 = 0°) were lower 

than those of the oblique wind (𝜃 = 45°), which indicates the building downwash 

impact is stronger under the oblique wind.  The mixture model also showed the same 

trend, which was not fully captured by PRIME. 
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Figure 5.8. Comparison on the longitudinal ground-level receptors (W/H=2 for all 

cases): a) 𝐻𝑠 = 1.5𝐻, 𝜃 = 0°; b) 𝐻𝑠 = 1.5𝐻, 𝜃 = 45°; c) 𝐻𝑠 = 1.2𝐻, 𝜃 = 0°; d) 𝐻𝑠 =
1.2𝐻, 𝜃 = 45°, where 𝐻𝑠 is the source height and 𝐻 the building height. 

 

5.3.2 Lateral distribution 

Another major challenge of improving PRIME, as stated earlier, is how to capture the 

plume shift under the oblique wind, which can be evaluated from the concentration 

distribution along the lateral receptors. Figure 5.9 depicts the lateral concentration 

distributions measured in the EPA wind tunnel experiment and predicted by the mixture 

model and PRIME, respectively. The mixture model well predicted peak concentrations 

at the near wake (x/H = 3) and far wake (x/H = 10) except the case of W/H=2 at x/H=3 

(Figure 5.9a), where the predicted peak concentration is 0.55 and the measured value is 

0.3, still within the factor of 2. Furthermore, the plume centerlines predicted by the 

mixture model all appear at the positive y/H range, i.e., capturing the lateral plume shift. 

By contrast, the plume centerlines predicted by PRIME appear at y/H = 0. In other 
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words, the PRIME-predicted concentration distributions remain laterally symmetric 

even under the oblique wind. 

 

 
Figure 5.9. Comparison on the lateral ground-level receptors (𝜃 = 45°, 𝐻𝑠  =  1.5𝐻 for 

all cases): a) 𝑊/𝐻 = 2, 𝑥/𝐻 = 3; b) 𝑊/𝐻 = 2, 𝑥/𝐻 = 10; c) 𝑊/𝐻 = 8, 𝑥/𝐻 = 3; d) 

𝑊/𝐻 = 8, 𝑥/𝐻 = 10. 

 

5.3.3 Vertical distribution 

Because the stack exit is taller than the building, the downwind global peak 

concentration should emerge on some locations above the ground.  As a result, the peak 

concentration locations along upstream wind direction (positive x) can represent the 

plume centerline heights.  Figure 5.10 compares the vertical concentration distributions 
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model. The mixture model was able to capture both the locations and values of the peak 

concentrations with the exception of underpredicting the peal concentrations at x/H=3 

of the W/H=2 case (Figure 5.10a), where the predicted peak concentration is 0.73 and 

the measured one is 1.37, within the factor of 2. PRIME overestimated the peak height 

at the near wake (Figure 5.10a) and showed a discontinuous near-wake concentration 

profile (at z/H=1) for the building W/H=8 (Figure 5.10c) mainly due to the BPIP 

building projection. Overall, PRIME consistently underpredicted the peak 

concentrations. 

 

5.3.4 All receptors 

Figure 5.11 compares the predicted concentrations at all the receptors by PRIME and 

the mixture model against the measured values. The mixture model showed good 

performance on all the receptors for the two test building aspect ratios (W/H=2 and 8) 

with the stack height 1.5H.  For the “narrow” building (W/H=2), the mixture model 

captured the most of the relatively higher concentrations (𝜒 ≥ 0.1) better than PRIME, 

shown in Figure 10a.  There are several outliers for the “elongated” building (W/H=8) 

case, shown in Figure 5.11b, which are mainly from the underestimated plume shift and 

the lateral dispersion coefficients.  Other cases were shown in the Figure 5.12. 
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Figure 5.10. Comparison on the vertical receptors (θ=45°, Hs = 1.5H for all cases): a) 

W/H=2, x/H=3,; b) W/H=2, x/H=10; c) W/H=8, x/H=3; d) W/H=8, x/H=10 

The model performance was also statistically evaluated by using fractional bias (FB) 

and normalized mean square error (NMSE), defined as 

𝐹𝐵 = (𝐶𝑝 − 𝐶𝑜̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )/ (0.5(𝐶𝑝 + 𝐶𝑜̅̅ ̅̅ ̅̅ ̅̅ ̅̅ )) (5.8) 

𝑁𝑀𝑆𝐸 = (𝐶𝑝 − 𝐶𝑜)
2̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅
/(𝐶𝑝̅̅ ̅ 𝐶𝑜̅̅ ̅) 

(5.9) 

where 𝐶𝑝 and 𝐶𝑜  are the model-predicted and measured concentrations, respectively. 

Illustrated in Figure 5.13, both FB and NMSE values have been significantly reduced 

using the mixture model compared to PRIME. 
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Figure 5.11. Model performance on all receptors, a) 𝑊/𝐻 = 2, 𝜃 = 45°, 𝐻𝑠 = 1.5𝐻; 

b) 𝑊/𝐻 = 8, 𝜃 = 45°, 𝐻𝑠 = 1.5 

 

 

Figure 5.12 (a-d). Model performance Model performance on all receptors of test cases. 
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Figure 5.12 (e-h). Model performance Model performance on all receptors of test cases. 

 

 

Figure 5.13. NMSE vs. FB against the test data for the PRIME (open symbols) and the 

Mixture model (closed symbols): a) W/H =2, Hs=1.5H; b) W/H =8, Hs=1.5H 
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5.3.5 Limitations 

The atmospheric boundary layer (ABL) stabilities, stack locations and wind directions 

are important to air pollutant dispersion in a built environment (Yassin, 2013).  Due to 

the training data limitation (Hs=1.5H), the current mixture model did not perform well 

for a taller stack (Hs=2.0H), shown in the Figure 5.12, when the building downwash 

impact is much weaker than the shorter stack case.  This could be overcome by using 

training cases with higher stacks. Other source locations (like the building corner and 

the upwind center) were not included in the training set either.  Only the neutral 

atmospheric boundary layer (ABL) was considered in the current work because it 

mainly focuses on the building wake dominated turbulence.  The sensitivity of different 

ABL stabilities need to be further studied.  Because the important physical features of 

the building downwash effect were well captured by the current training sets, the 

mixture model performance could be improved by using more training cases (both wind 

tunnel and real-world cases). 

 

5.4 Conclusion 

The main objective of this paper is to introduce and evaluate a new modeling approach, 

the mixture model, in improving the building downwash parameterization. Overall, the 

mixture model showed good performance through three-dimensional (i.e., longitudinal, 

lateral and vertical) comparisons against the wind tunnel measurements, while PRIME 

consistently underpredicted the peak concentrations on all dimensions and returned 

some non-physical concentration profiles. In addition, the mixture model adequately 

captured the plume centerline trajectory when the building downwash impact is strong 

(short stack height) and successfully addressed some of the major challenges in the 

current PRIME formulation including the longitudinal discontinuity and the lateral 
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plume shift was predicted.  The plume centerline trajectory was reasonably captured by 

the mixture model. 

 

An important feature of our approach is to rely on ELES simulations to provide training 

data, which could not be exactly same as the measurement data.  This also indicated that 

even the training data are not perfect, the model performance could still be acceptable 

on the test data because the ELES simulations represent the physics.  The current study 

focused on relatively simple building geometry and neutral boundary layer conditions. 

In the future, we plan to generate more training datasets to further improve the model 

performance and general applicability to real-world environments. 
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CHAPTER 6 

 

ON-ROAD CHEMICAL TRANSFORMATION AS AN IMPORTANT 

MECHANISM OF NO2 FORMATION4  

Abstract 

Nitrogen dioxide (NO2) not only is linked with adverse effects on the respiratory system, 

but also contributes to the formation of ground-level ozone (O3) and fine particulate 

matter (PM2.5). Our curbside monitoring data analysis in Detroit, MI and Atlanta, GA 

strongly suggests that a large fraction of NO2 is produced during the “tailpipe-to-road” 

stage.  To substantiate this finding, we designed and carried out a field campaign to 

measure the same exhaust plumes at the tailpipe-level by a Portable Emissions 

Measurement System (PEMS) and at the on-road level by an Electric Vehicle-based 

mobile platform. Furthermore, we employed a turbulent reacting flow model, CTAG, 

to simulate the on-road chemistry behind a single vehicle. We found that a three-reaction 

(NO-NO2-O3) system can largely capture the rapid NO to NO2 conversion (with 

timescale ~ seconds) observed in the field studies. To distinguish the contributions from 

different mechanisms to near-road NO2, we clearly defined a set of NO2/NOx ratios at 

different plume evolution stages, namely tailpipe, on-road, curbside, near-road and 

ambient background. Our findings from curbside monitoring, on-road experiments and 

simulations imply the on-road oxidation of NO by ambient O3 is a significant, but so far 

ignored, contributor to curbside and near-road NO2. 

 

 
4 Yang, B., Zhang, K.M., Xu, W.D., Zhang, S., Batterman, S., Baldauf, R.W., 

Deshmukh, P., Snow, R., Wu, Y., Zhang, Q. and Li, Z., 2018. On-Road Chemical 

Transformation as an Important Mechanism of NO2 Formation. Environmental 

science & technology, 52(8), pp.4574-4582. 
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6.1 Introduction 

The transportation sector contributes about 30% to 40% of the emitted nitrogen oxides 

(NOx) (EEA, 2017; USEPA, 2014), and the health effects of nitrogen dioxide (NO2) are 

a public health concern worldwide (Cesaroni et al., 2013; Chauhan et al., 2003; 

Guerreiro et al., 2016; Liu and Peng, 2018). As part of the revised the National Ambient 

Air Quality Standards (NAAQS), the U.S. Environmental Protection Agency (USEPA) 

established monitoring requirements in urban areas to measure NO2 levels within 50 m 

of major roads as part of the NO2 NAAQS. In Europe, NO2 is one of the major 

contributors to urban air quality problems, and has been routinely monitored in the near-

road or street canyon environments (Guerreiro et al., 2016). The European Environment 

Agency estimated 71,000 premature deaths due to NO2 exposure in Europe, higher than 

the estimated mortality caused by ground-level ozone (Guerreiro et al., 2016). From 

around 1990 onwards, the total emissions of NOx declined significantly in Europe by 

~56%(EEA, 2017), but roadside concentrations of NO2 declined much less than 

expected (Grange et al., 2017). ~94% of exceedances of the European NO2 annual limit 

were observed at traffic monitoring sites(Guerreiro et al., 2016). In China, ambient NO2 

concentrations in some megacities (e.g., Beijing, Shanghai) have persisted and exceeded 

the annual standard limit even though the concentrations of other gaseous pollutants 

have decreased significantly during the same period (Guerreiro et al., 2016; SEPB, 

2017; UNEP, 2016). Even though China does not have a nationwide near-road air 

quality monitoring network, recently released near-road concentrations well exceed the 

current standard (e.g., an average exceedance of 20 to 30 µg m-3 for five near-road sites 

in Beijing)(BMEMC, 2017). Furthermore, besides being a criteria pollutant itself, NO2 

is also widely adopted as a marker for traffic-related air pollution in health studies 

(Castro-Giner et al., 2009; Finkelstein and Jerrett, 2007; Freire et al., 2010). For 
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example, positive associations of NO2 with mortality suggest that traffic pollution 

relates to premature death (Jerrett et al., 2013). 

 

In the complex roadway environments, direct tailpipe NO2 emissions, secondary NO2 

through on-road and near-road NOx titration and background NO2 all lead to near-road 

NO2. Therefore, a better understanding of the contributions from different pathways to 

near-road NO2 is necessary for not only effective air quality management, but also 

evaluating the role of NO2 as a marker in health studies, as near-road NO2 could be 

dominated by different pathways at different conditions. 

 

Moreover, the NO2/NOx ratio (typically by volume) is a widely used parameter in air 

quality management due to its applicability across the scales, from tailpipes to ambient 

environments.  Both highway dispersion modeling (for NO2) and regional air quality 

modeling (for O3, PM2.5, etc.) require inputs of NO2/NOx ratios, and previous studies 

have shown that both types of modeling are sensitive to those inputs (Kota et al., 2013; 

Wang et al., 2011). Thus, another major motivation for our study is to elucidate the 

physical and chemical processes governing near-road NO2 in order to provide 

appropriate NO2/NOx ratios for highway dispersion and regional air quality modeling 

efforts. 

 

To facilitate the subsequent discussions, it is necessary to clearly define NO2/NOx ratios 

at different stages of plume evolution, listed in Table 6.1. The tailpipe NO2/NOx ratio 

(RTP), also called the primary NO2/NOx emission ratio, is defined as the NO2/NOx ratio 

at the vehicle tailpipe exit. RTP for gasoline vehicles is typically around 5% or 

lower(Heeb et al., 2008; May et al., 2014b; Wild et al., 2017), but can be higher for 

diesel vehicles equipped with diesel particulate filters (DPF) (May et al., 2014a; Misra 
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et al., 2017; Thiruvengadam et al., 2015). The curbside NO2/NOx ratio, RCS, is defined 

as the ratio at the edge of roadways. We further define the ratio between the tailpipe exit 

and the curbside as the on-road NO2/NOx ratio, ROR. The ratio in the near-road 

environments (from the curbside to ~ 100 m) is defined as near-road NO2/NOx ratio, 

RNR. Lastly, the ratio in the ambient environments is defined as background (or ambient) 

NO2/NOx ratio, RBG. 

 

Table 6.1. The defined NO2/NOx ratio at different locations in a traffic environment 

Location NO2/NOx ratio Description 

Tailpipe exit RTP The NO2/NOx ratio at the tailpipe exit, also called 

the primary NO2/NOx ratio, which can be 

measured by emission testing. 

On-road ROR The NO2/NOx ratios on the roadway, from the 

tailpipe to the curbside 

Curbside RCS The NO2/NOx ratio at the curbsides 

Near-road RNR The NO2/NOx ratio from the curbside to about 

100 m away from the roadways 

Ambient 

background 

RBG The NO2/NOx ratio from the curbside to the near-

road region (0 ~ 100 m) 

It is well recognized that NOx transforms chemically from NO to NO2 through titration 

of O3 in the near-road environment, resulting in RNR differing from RCS. The near-road 

chemical transformation has been observed in several field studies (Baldauf et al., 2013; 

Clements et al., 2009; Kimbrough et al., 2013; Richmond-Bryant et al., 2017b).  In our 

previous study, we estimated RCS to be around 20 to 40% based on near-road monitoring 

data collected at several Texas roadways in the summer of 2007 (Wang et al., 2011). 

The roadways studied had low diesel traffic, and the penetration of diesel particulate 

filters was very low in 2007. Therefore, the relatively high RCS must be explained by 

mechanisms in addition to the presence of diesel traffic. 

 

This study aims to investigate the physiochemical mechanisms that lead to enhanced 

curbside NO2/NOx ratios (RCS). We posit that on-road (i.e., “tailpipe-to-road” (Zhang 
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and Wexler, 2004)) chemical reactions are a major contributor to NO2 production, 

resulting in an evolution from RTP to ROR and to RCS. To our knowledge, on-road 

chemical transformation of NOx has not been explicitly studied. However, several recent 

studies have implicitly indicated the significant role of on-road NO2 production. The 

curbside measurements of NO, NO2 and O3 in street-canyon environments at two 

German cities showed that secondary NO2 production was responsible for a major 

fraction of measured NO2 (Kurtenbach et al., 2012). One can deduce from the study that 

the referred production of NO2 most likely took place on the streets. Another study of 

near-road monitoring data at Las Vegas, NV indicated the RCS ranging from 0.25 to 

0.35, substantially higher than the anticipated RTP (Richmond-Bryant et al., 2017a), 

which we argue can potentially be explained by the on-road production of NO2. Even 

though the term “on-road” NO2/NOx ratio was used in the Las Vegas study (Richmond-

Bryant et al., 2017a), a close examination of the reported methodology suggested that 

the term was referred to RCS according to our definition. 

 

In this study, we present the supporting evidence from 1) curbside monitoring near two 

major highways in Detroit, MI and Atlanta, GA, respectively, 2) an on-road field 

experiment in Research Triangle Park (RTP), NC, and 3) on-road simulations using a 

turbulent reacting flow model. This work is intended to improve future modeling of 

near-road NO2 concentrations, air quality and transportation management, and health 

studies on traffic-related pollutants. 

 

6.2 Curbside Monitoring 

6.2.1 Site description and field measurements 

Detroit, MI 
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Field measurements were performed at several monitoring sites in Detroit, MI, 

including the Eliza Howell near-road sites, starting fall 2010 and concluded in late 

summer 2011. For this study, we used data collected between September 2010 and June 

2011, when the traffic and meteorological conditions were both well characterized. 

These sites were originally deployed as part of the Federal Highway Administration 

(FHWA) and USEPA National Near-Road Study for a one-year period, then continued 

by the Michigan Department of Environmental Quality (MDEQ) to the present. Data 

from these sites have being used in the Near-Road Exposures and Effects of Urban Air 

Pollutants Study (NEXUS), which examined the relationship between near-roadway 

exposures to air pollutants and respiratory outcomes in a cohort of asthmatic children 

who live close to major roadways in Detroit, Michigan (Vette et al., 2013). 

 

The Eliza Howell 1 monitoring site (EH1; 42°23'09.6"N, 83°15'58.9"W) is placed at 

the curbside of Interstate I-96/Jeffries Freeway, shown in Figure 6.1. On the opposite 

side, site EH4 is located ~100 m south of I-96, which served as an upwind site when 

EH1 was downwind of I-96, and allowed us to quantify the contribution of background 

NO and NO2 to those measured at EH1. The immediate area is mostly open parkland 

with some trees and playing fields; surrounding areas are mostly low-rise commercial 

and residential buildings. 

 

NO/NO2/NOx were measured at a height of 3 m using chemiluminescence (Teledyne 

ML9841B Nitrogen Oxides Analyzer) (MDEQ, 2012), which reports NO2 as the 

difference between NOx and NO. Wind speed and wind direction were measured at a 

height of 10 m. Both NOx and surface meteorology were also measured at EH4, Hourly 

ozone (O3) measurements from the Allen Park (AP) site (AQS Site ID: 261630001; 

42°13'43.0"N, 83°12'29.9"W), located ~18.5 km south of EH1 and ~200 m southeast 
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from the closest major roadway (I-75), were obtained from the USEPA Air Quality 

System (www.epa.gov/ttn/airs/airsaqs/). A closer O3 measurement site, E7Mile (AQS 

Site ID: 261630019; 42°25'50.9"N, 83°00'01.0"W), was not selected due to more than 

three months missing data between September 2010 and June 2011. 

 
Figure 6.1. Curbside and ambient monitoring sites: Detroit, MI, EH1: curbside; EH4: 

near-road upwind; AP: ambient O3.  

 

Traffic on I-96 is normally free-flowing with an established speed of 70 mph for cars 

and 65 mph for trucks. The annual average daily traffic (AADT) on this I-96 segment 

are 155,000 (MDEQ, 2012). Based on vehicle classification data measured during the 

study period at the EH1 site (using radar to classify vehicle size), the percentage of 

heavy-duty diesel trucks (HDDT) for every 5 minutes averaged ~ 3.0%. 

 

Atlanta, GA 

Continuous air quality monitoring data of NO, NO2, and O3 were obtained at two sites 

in Atlanta, GA: a curbside site off Interstate I-85 Freeway near Georgia Institute of 

EH1

Allen Park (AP)

EH4
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Technology (NRGT; AQS Site ID:13-121-0056; 33°46'41.934" N, 84°23'29.1048" W) 

and a background site in South DeKalb (SDK; AQS Site ID: 13-089-0002; 

33°41'16.692" N, 84°17'25.7280" W), about 13.5 km southeast from the NRGT site. 

Figure 6.2 depicts the locations of the two sites. The monitoring at NRGT started near 

the end of May 2014. We analyzed data collected between January 2015 and March 

2017 since minute-level data of NO, NO2, and O3 from both NRGT and SDK are 

available during this period. 

 
Figure 6.2. Curbside and ambient monitoring sites: Atlanta, GA, NRGT: curbside; SDK: 

ambient O3. 

 

I-85 is a major Interstate Freeway that runs northeast–southwest in Georgia. The 

AADT on this segment is ~332,000 in 2015, and ~353,700 in 2016, accordingly to the 

closest traffic monitoring station (ID: 1215481; 33°46'23.8800" N, 84°23'24.0000" W) 

(http://trafficserver.transmetric.com/gdot-prod/tcdb.jsp?siteid=1215481). The truck 

percentage is ~3.7% based on another nearby station (ID: 1216118; 33°46'32.88" N, 

84°23'24.72" W) (http://trafficserver.transmetric.com/gdot-

prod/tcdb.jsp?siteid=1216118). 

SDK

NRGT

http://trafficserver.transmetric.com/gdot-prod/tcdb.jsp?siteid=1215481)
http://trafficserver.transmetric.com/gdot-prod/tcdb.jsp?siteid=1216118
http://trafficserver.transmetric.com/gdot-prod/tcdb.jsp?siteid=1216118
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6.2.2 Curbside data analysis 

To investigate the role of on-road chemical transformation of NOx, we screened the 

Detroit data using the following criteria: First, we selected daytime data (6AM-6PM) 

under south-dominant wind conditions (101.25 < θ < 258.75, θ is the wind direction in 

degrees) so that EH1 was downwind of I-96. Next, we subtracted the upwind NO2 and 

NOx concentrations (i.e., at EH4) from the corresponding values at EH1, thus reflecting 

the net contributions of highway emissions.  Finally, we set a net NOx concentration 

threshold to ensure the curbside data reflect the highway influence. In other words, the 

curbside NOx concentrations are expected to be higher than the upwind NOx 

concentrations. The higher the threshold value, the more confident we are of the 

highway influence, given the uncertainties and detection limits in the NOx 

measurements. But the same time, a higher threshold value may also exclude some low-

traffic conditions.  We tested the sensitivity of our results to the net NOx concentration 

threshold. We followed similar steps to analyze the Atlanta data. First, we selected 

daytime data (8AM-5PM) under east-dominant wind conditions (11.25 < θ < 168.75) 

so that NRGT was downwind of I-85. Next, we subtracted the ambient NO2 and NOx 

concentrations (i.e., at SDK) from the corresponding values at NRGT to reflect the net 

contributions of highway emissions. We also tested the sensitivity of net NOx 

concentration thresholds. 

 

Figure 6.3 summarizes the main findings from our curbside analysis of the Detroit and 

Atlanta datasets. The relationships between net curbside NO2/NOx ratios (RCS) and 

ambient O3 concentrations (with net NOx concentrations represented by color scales) 

are illustrated in Figures 6.3a,b for Detroit and Atlanta, respectively. The overall linear 

relationships between O3 concentrations and net RCS from these two curbside 



 

125 

measurements support the significance of on-road chemical transformation. In other 

words, higher ambient O3 concentrations, once mixed with highway emissions, convert 

NO to NO2 during the tailpipe-to-road process. Conversely, if the role of on-road 

chemical transformation was insignificant, then net RCS would not show a relationship 

with O3 concentrations. 

 

 
 

Figure 6.3. Curbside NO2/NOx ratio (RCS) vs ambient O3 concentrations (ppb) with net 

NOx threshold 40 ppb at a) Detroit, MI (I-96) during the daytime and south dominated 

wind (101.25 < θ < 258.75) and; b) Atlanta, GA (I-85) during the daytime and east 

dominated wind (11.25 < θ < 168.75); Linear regression parameters (slope, intercept 

and R2) of the RCS vs O3 relationships and the amount of data included (as percentage 

of the total data available) as functions of net NOx concentration thresholds for (c) 

Detroit, MI (I-96) and (d) Atlanta, GA (I-85). 
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Parts c and d of Figure 6.3 depict the sensitivities of linear regression parameters (slope, 

intercept and R2 as shown in Figures 6.1a and b) and the amount of data included (as 

percentage of the total data available) to the different net NOx concentration thresholds, 

ranging from 10 to 50 ppb. As expected, the percentage of data included decreases with 

the net NOx threshold for both highways. At the 10-ppb threshold, around 76% data are 

included in Detroit, MI and 94% data were kept in Atlanta, GA. At the 50-ppb threshold, 

both of the two datasets dropped to around 50%. However, the slopes from both datasets 

appear not sensitive to the net NOx threshold, only changing from 0.71 to 0.81 for 

Detroit and from 0.66 to 0.73 for Atlanta, respectively. The R2 values for Detroit, 

varying from 0.73 to 0.76, were not sensitive to the NOx threshold, while those for 

Atlanta, were more sensitive to the threshold, increasing from 0.57 to 0.70 as the NOx 

threshold increases from 10 to 50 ppb. Part a and b of Figure 6.3were both plotted at 40 

ppb net NOx threshold to achieve a balance of high percentage data inclusion and high 

R2. 

 

The intercepts for Detroit and Atlanta both appear sensitive to the NOx threshold, but 

with opposite directions. Physically, the intercepts represent the tailpipe NO2/NOx 

ratios, RTP. The intercepts for Detroit are negative (albeit small in magnitude), 

approaching positive values as the NOx threshold increases. The intercepts for Atlanta 

are positive, starting with relatively large magnitude, e.g., 15% when the NOx threshold 

is set to 10 ppb and decreasing to ~11% at the 50-ppb net NOx threshold. One 

contributing factor to the negative intercepts in Detroit was found to be associated with 

the traffic patterns. Figure 6.3a indicates high NOx conditions predominately appear 

when ambient O3 concentrations are low, which represented the early morning and late 

afternoon traffic peaks. Those high-NOx and low-O3 conditions lead to a small fraction 

of NO being converted and thus low NO2/NOx ratios. The clustering of data points of 



 

127 

low NO2/NOx ratios and low O3 concentrations pushes the linear regression towards the 

negative intercept side. By contrast, high NOx conditions are evenly distributed at the 

NGRT site across the whole range of O3 concentrations, suggesting a weak diurnal 

traffic pattern. It is worth noting that I-85 segment near NRGT is one of the most 

trafficked highways in the U.S. 

 

Figure 6.3a raises the question over the contribution of on-road chemistry to curbside 

NO2 concentrations in Detroit since conditions with high net RCS and high ambient O3 

appear when net NOx concentrations are relatively low. Figure 6.4 illustrates the 

relationship between net NO2 concentrations (i.e., from both primary NO2 emissions 

and on-road chemical transformation) and ambient O3 from the Detroit dataset, which 

presents a positive linear trend and implies a significant contribution from on-road 

chemical transformation to curbside NO2 concentrations. Furthermore, Figure 6.3b 

(based on the Atlanta data) corroborates this conclusion as conditions with high net RCS 

and high ambient O3 appear with high net NOx concentrations (thus high net NO2 

concentrations). Moreover, Figure 6.5 depicted the relationships between RCS and solar 

radiation at different ambient O3 concentrations. The results suggest that RCS is not very 

sensitive to the NO2 photolysis rates (with solar radiation as a surrogate), which in turn 

indicates that the titration of O3 by NO is the dominant reaction. Future studies are 

needed to conduct detailed analysis of the contributions from different pathways (such 

as ambient background, tailpipe or primary NO2 emissions, on-road chemistry, near-

road chemistry) to curbside/near-road NO2 concentrations. 

 

We acknowledge the uncertainties in the curbside data analysis. For example, the NRGT 

does not have a near-road upwind site for us to reliably estimate net NOx contributions, 

which at least partially explain why the regression parameters are much more sensitive 
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to the net NOx threshold in Atlanta than Detroit. In addition, we did not have near-road 

upwind O3 measurements for either Detroit or Atlanta. Several studies reported spatial 

variations of O3 concentrations in urban areas (Karl, 1979; Lin et al., 2016; Mulholland 

et al., 1998). The O3 concentrations measured at the ambient sites may not accurately 

represent the near-road upwind conditions. Nevertheless, the curbside data from two 

different highways showed very consistent trends. Together, the curbside analysis 

provides strong evidence for the significant role of on-road NOx transformation. 

 
Figure 6.4. The relationship between net NO2 concentrations (i.e., from both primary 

NO2 emissions and on-road chemical transformation) and ambient O3 from the Detroit 

dataset.  
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Figure 6.5. The correlations between curbside NO2/NOX ratio (RCS) and solar radiation 

for various ambient ozone concentration conditions in Detroit. Solar radiation (as a 

surrogate of NO2 photolysis rate) data were obtained NREL’s U.S. National Solar 

Radiation Database (NSRDB) 1998-2014 Update for the Detroit site location 

(42°23'09.6"N, 83°15'58.9"W) from Sep 27th 2010 to Jun 19th 2011 (daytime hours 

only). The daytime solar radiation values range up to 800 W m-2, with a mean of 223 W 

m-2. The correlations between RCS and solar radiation are not significant for any ozone 

levels, and all the correlation coefficients (R2) below 0.1. The regression lines show a 

general downward trend. In other words, RCS decreases as solar radiation (and also jNO2) 

increases, which is consistent with photolysis as a sink for NO2. 

 

6.3 On-Road Experiment 

6.3.1 Field measurements 

Motivated by the finding from the curbside data analysis described earlier, we designed 

an on-road field campaign to gather further evidence on the on-road NOx chemical 
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transformation. The overall concept of the on-road experiment was to measure the same 

exhaust plumes both at the tailpipe-level by Portable Emissions Monitoring System 

(PEMS) and at the on-road level (after initial dilution) by a mobile chasing platform. 

Then we would expect to observe noticeable differences in the tailpipe-level and on-

road level NO2/NOx ratios with significant on-road NOx chemical transformation. 

However, it is technically challenging to directly measure on-road NO2/NOx ratios (ROR) 

because reliable, fast-responding instruments for NO (or NOx) are not readily available. 

Wild and coworkers recently developed a fast-responding instrument via Cavity Ring-

Down Spectroscopy (Wild et al., 2014). But we did not have access to that instrument. 

As an alternative, our analysis relied on CO2 and NO2 by defining CO2-normalized NO2 

concentration as ΔNO2/ΔCO2, essentially using CO2 as a dilution indictor, for PEMS 

and mobile platform measurements, respectively. Details for this analysis are provided 

later. 

 

In our experiment, we employed an electric vehicle-based mobile platform equipped 

with air quality analyzers at 1 s sampling intervals to conduct the on-road chasing 

measurements, capturing the on-road concentrations of CO2 (Quantum Cascade Laser, 

Aerodyne Research, Inc.) and NO2 (Cavity Attenuation Phase Shift, Aerodyne 

Research, Inc.). The sampling probe was positioned at the bottom front of the mobile 

platform, around the same height as the exhaust tailpipe of the vehicle being followed. 

We detected a six-second delay in response due to the sampling line, and this delay was 

accounted for in the subsequent data analysis. The chasing routes were recorded using 

a high-precision GPS unit (Crescent R100, Hemisphere GPS). A webcam was operated 

in the front seat of the mobile monitoring vehicle and recorded the traffic conditions 

continuously during the on-road measurements. 
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The vehicle being chased (referred to as “target vehicle”) was a 2003 Ford F350 diesel 

powered truck (engine displacement 6.0 L, 8 cylinders, ~53,000 miles, 7940 lbs actual 

weight). Tailpipe-level CO2 and NO2 concentrations were measured using a Portable 

Emissions Monitoring System (PEMS) (SEMTECH® Ecostar; Sensors, Inc.). The 

PEMS samples directly from the subject vehicle’s raw exhaust and is capable of 

providing on-board CFR 1065 compliant emissions determinations at a rate of 1 Hz as 

the subject vehicle is being operated on the highway. The PEMS utilizes a nondispersive 

infrared (NDIR) sensor for CO2 measurements and a nondispersive ultraviolet (NDUV) 

sensor for NO2 measurements. 

 

The on-road field campaign took place from February 22nd till March 4th, 2016 in 

Research Triangle Park (RTP), NC. The measurements conducted in the afternoon of 

February 29 (FEB29PM), the morning of March 1 (MAR01AM), and the afternoon of 

March 1 (MAR01PM) focused on comparing PEMS and on-road chasing results. 

 

6.3.2 On-road data analysis 

We started the data analysis by screening the videos recorded during the experiment to 

select the time segments without the presence of heavy duty vehicles around the target 

vehicle. Emissions from heavy duty vehicles may distort the on-road chasing results. 

For the selected time segments, we processed the chasing data using 2-second average 

to remove noise in the raw 1-second data. 

 

Then a two-step synchronization was adopted to further process the data. The first-step 

was to synchronize the chasing CO2 and NO2 signals, which usually required 1-second 

or 2-second time shift in time series, to identify synchronized CO2 and NO2 spikes. At 

the end of the first step, we obtained a series of synchronized CO2 and NO2 spikes that 
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captured on-road plume signals with high confidence. The second step was to 

synchronize chasing plume signals with PEMS data. The distance between the chasing 

object and the mobile platform was usually within 20 m. Given the exit velocity ~20 m 

s-1, the time delay between the PEMS and chasing signals should be ~ 1 second. In 

practice, the acceleration of the truck usually caused a large spike in both PEMS and 

chasing signals, which helped us to determine the time delay. At the end of the second 

step, we acquired a list of paired PEMS and chasing signals, representing the same 

exhaust plumes measured by the two methods. 

 

The CO2-normalized NO2 concentration (ΔNO2/ΔCO2) can be visualized by the slope 

of NO2 vs. CO2 scatter plots. Figure 6.6 illustrates how we calculated CO2-normalized 

NO2 concentration using one pair of synchronized plume signals as an example. 

 
Figure 6.6. One pair of synchronized plume signals of NO2 vs CO2 concentrations based 

on (a) on-road chasing measurement and (b) tailpipe-level PEMS measurement for 

deriving CO2-normalized NO2 concentrations. 

 

We identified a total of 109 synchronized plume signals, and calculated the ratio of CO2-

normalized NO2 concentrations from on-road chasing over tailpipe PEMS 

measurements for each plume signal, referred to as RatioChase/PEMS, i.e., a RatioChase/PEMS 

> 1 implies on-road NO2 production. Figure 6.7 shows the distributions of this ratio and 
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coefficients of determination (R2) for the linear regressions (as indicated in Figure 6.6). 

RatioChase/PEMS > 1 for all 109 plume signals with the median value as 1.87, and R2 values 

for both PEMS and on-road chasing measurements are high (with the median values 

over 0.8), suggesting the results are reasonably robust. 

 

In summary, the results from the on-road experiment further indicate the significant role 

of on-road NOx chemical transformation. 

 
Figure 6.7. The distributions of (a) RatioChase/PEMS (i.e., the ratio of CO2-normalized NO2 

concentrations from on-road chasing over tailpipe PEMS measurements) and (b) R2 

values for deriving CO2-normalized NO2 concentrations from Chasing and PEMS 

measurements. In both (a) and (b), the box represents the middle 50% of the data, 

extending from the 25th to the 75th percentiles; the horizontal line through the center of 

the box is the median; the whiskers represent 10th and 90th percentiles.  

 

6.4 Coupled On-Road Turbulence and Chemistry Modeling 

6.4.1 Methodology for on-road simulations 

As the third part of our study, we employed the Comprehensive Turbulent Aerosol 

Dynamics and Gas Chemistry (CTAG) model to simulate the coupled on-road turbulent 

mixing and chemistry of individual exhaust plumes to test whether the rapid 

transformation observed is kinetically feasible under typical on-road conditions. CTAG 

is an appropriate model for this purpose as it was designed to simulate transport and 
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transformation of multiple air pollutants, e.g., from emission sources to ambient 

background (Steffens et al., 2014; Wang and Zhang, 2009; Wang et al., 2013a; Wang et 

al., 2013b; Wang and Zhang, 2012; Yang and Zhang, 2017). 

 

Shown in Figure 6.8, the computational domain was constructed based on a single lane 

with an individual passenger car. The domain dimensions are 30 m (L) x 15 m (W) x 10 

m (H). The positive Y direction is the downwind crosswind direction. The geometry of 

the passenger car was modeled using a realistic shape rather than block shapes. 

 

Figure 6.8. Computational domain and mesh around the car 

 

While full-scale simulations with detailed site-specific conditions (e.g., capturing 

multiple vehicles corresponding to traffic mix, highway geometry, etc.) are beyond the 

scope of this paper, we utilized the environmental conditions captured in the Detroit 

dataset to set up the simulations. The velocity inlet boundary was specified on the left 

and top sides of the domain to simulate the ambient south crosswind speed.  The periodic 

boundary conditions with the flow rate based on vehicle speed (70 mph or 31.3 m s-1 as 

in the I-96 segment), specified on both ends of the computational domain, was adopted 

to represent the continuous traffic flow. The passenger car’s tailpipe, 60 mm in diameter, 

is parallel to the road and specified as a mass flow inlet with a total mass flow rate of 

0.055 kg s-1 and exhaust temperature of 480 K (Uhrner et al., 2007). The tailpipe-level 

NOx emission rate was estimated by using EPA's MOtor Vehicle Emission Simulator 

Periodic Conditions
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(MOVES). A NO2/NOx volume ratio of 5% was assigned at the tailpipe level (i.e., 

RTP=5%). The road surface was modeled as a moving wall at the vehicle speed, thus 

representing the relative motion between the vehicle and the road. Ambient background 

NOx and NO2 concentrations for each case are specified based on the Detroit data (EH4). 

 

We modeled the dispersion and chemical reactions using steady-state Reynolds 

averaged Navier-Stokes (RANS) turbulence model to simulate the flow fields and 

species transport. The Finite Rate (FR) chemical reaction model (Gran and Magnussen, 

1996) was coupled with the eddy dissipation method (EDM) (Magnussen and Hjertager, 

1977), referred to as the EDM/FR model, in which turbulence–chemistry interaction is 

accounted for through the representation of the source term the species transport 

equations. Both an Arrhenius rate based on the global chemistry mechanism, and a 

turbulent mixing rate based on the Magnussen–Hjertager expression are estimated 

(Magnussen and Hjertager, 1977). The smaller of the two rates is then used as the source 

term. We adopted a simplified chemical mechanism using a four reaction (NO-NO2-O3) 

system shown in Table 2.3 of the Section 2.4.2 with reaction constants taken from the 

CB05 mechanism (Yarwood et al., 2005). These reactions have been shown to be 

dominant in near-source environments (Karamchandani et al., 1998; Wang et al., 2011). 

The photolysis rate of NO2 was determined based on our previous work (Wang et al., 

2011) (described in Section 4.2.3) and average solar radiation at the near-road site in 

Detroit obtained from the U.S. National Solar Radiation Database. The governing 

equations of the Realizable k- model and the species transport equation were presented 

in Section 2.2. 

 

Three mesh resolutions were generated for the sensitivity analysis. The NO2 

concentration is an important quantity in this work. We normalized the spatial gradient 
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of NO2 concentration (ppb) by dividing the maximum gradient, and set the normalized 

gradient as the criterion of the mesh refinement. The local mesh would be refined if this 

normalized gradient is larger than 0.002. Figure 6.9a-c showed the original mesh, the 

medium mesh after the first round refinement, and the refined mesh after the second 

round refinement.  Figure 6.9d showed the comparison among three different mesh 

resolutions. It can be seen that the medium resolution is refined enough. 

 
Figure 6.9. Three mesh resolution generated by adaptive mesh method, a) Coarse mesh 

1M cells; b) Medium mesh 2 M cells; c) Fine mesh 3 M cells; d) Mesh sensitivity, the 

horizontal axis represents the fine mesh results.  It can be seen the medium mesh results 

(hollow circle) are almost the same as the fine mesh results (solid line) 

6.4.2 Results from on-road simulations 

Figure 6.10a illustrates the contour of ROR on a horizontal plane at the tailpipe height in 

the simulation domain (Figure 6.8) with the ambient ozone concentration set to be 40 

ppb. Some representative ROR values are marked in along the tailpipe centerline with 

the corresponding residence time, estimated by dividing the distance to the tailpipe 

center by the driving velocity. Figure 6.10b shows ROR values along the tailpipe 

centerline as a function of resident time at levels of ambient O3 concentrations (20 ppb, 

40 ppb, and 60 ppb). 
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Figure 6.10. a) On-road NO2/NOx ratio (ROR) contour plot on a horizontal plane at the 

tailpipe height in the simulation domain illustrated in Figure 6.8. The ambient ozone 

concentration is set to be 40 ppb. The black solid line is the tailpipe centerline. Values 

along the solid line represent the resident time and corresponding ROR. b) ROR along the 

tailpipe centerline for different ambient ozone concentrations. 

 

It is revealed from Figure 6.10 that higher the ambient O3 concentration leads to higher 

ROR. As expected, ROR remain nearly a constant if chemical reactions are turned off. 

Furthermore, the coupled turbulent mixing and simplified NO-NO2-O3 chemistry can 

achieve the NO2 conversion rate similar to the order of magnitude of the observed 

values, though a direct comparison is not feasible. The values of RatioChase/PEMS derived 

from the on-road experiment are roughly equivalent of changes in NO2/NOx ratios. 

Given the ~1-second transport from the tailpipe of the target vehicle to the probe of the 

mobile platform, a RatioChase/PEMS of 2 suggests doubling of NO2/NOx ratios in less than 
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1 second at ambient O3 concentration ~40 ppb. The modeling results show that even at 

relatively low ambient O3 level (e.g., 20 ppb), ROR can double of RTP in less than 1 

second. Figure S6 in the SI illustrates the ROR values along the tailpipe centerline as a 

function of resident time at different NO2 photolysis rates with ambient O3 concentration 

at 40 ppb. The results suggest that ROR is not sensitive to NO2 photolysis rates, which 

further supports NO+O3 as the dominant reaction during the “tailpipe-to-road” stage. 

As mentioned earlier, ROR also depends on the relative amounts of NOx and O3. More 

in-depth studies are needed to explore how different traffic and meteorology conditions 

affect on-road NOx transformation. 

 

6.5 Implications 

Our study has provided experimental evidence, through curbside data analysis and on-

road field measurements, that substantial amounts of freshly emitted NO are oxidized 

to NO2 during the “tailpipe-to-road” stage. The subsequent modeling analysis 

indicates that chemical conversion is rapid, and that NO-NO2-O3 chemistry 

significantly increases NO2/NOx ratios in the on-road environment from the relatively 

low ratio at the tailpipe. The findings have raised the importance of differentiating 

NO2/NOx ratios at various stages of exhaust plume evolution in order to account for 

the contributions of primary emissions, on-road chemistry, near-road chemistry and 

ambient background to near-road NO2 concentrations. We have shown that on-road 

chemistry is a major contributor to curbside NO2, and likely near-road NO2. In 

general, RTP < ROR < RCS < RNR. The study results have important implications for 

transportation and air quality management. First, the on-road distributions of 

NO2/NOx ratios resulting from chemistry and turbulent mixing challenge a common 
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assumption in all major highway dispersion models that pollutants (as well as 

NO2/NOx ratios) are uniformly distributed on and over the highways (Benson, 1992; 

CERC, 2017; USEPA, 2004).  In practice, this assumption essentially treats RTP = ROR 

= RCS, which has been shown to be invalid by our study and can lead to significant 

underestimation of near-road NO2 as assumed RTP are usually taken from tailpipe 

measurements without accounting for on-road chemistry. Our analysis can potentially 

lead to a parameterization scheme that accounts for the effects of on-road NOx 

chemistry, which provides more accurate inputs for near-road NO2 modeling and 

enhance the capability of modeling near-road NO2 concentrations for regulatory 

purposes. Second, considering the significant production of NO2 on roadways, 

strategies for attaining near-road NO2 standards need to account for the effects of on-

road NOx chemistry, i.e., not only local tailpipe emissions, but also regional ozone 

concentrations. Finally, properly representing the effects of on-road chemistry on NO2 

production will also improve the regional O3 and NO2 modeling. A regional modeling 

study in Southeast Texas showed compared to the traditional 5% NO2/NOx emission 

ratio, a higher NO2/NOx ratio (29%) could lead to a 6 ppb increase in the 8-h ozone 

(Kota et al., 2013). Another regional air quality study in Europe indicated an up to 8 

μg m3 increase in the annual average NO2 concentration when the NO2/NOx emission 

ratio is increased from 20 to 70% (Degraeuwe et al., 2017). Future studies of the joint 

impact of chemical transformations through on-road chemistry and catalytic chemistry 

in diesel aftertreatment devices, both leading to enhanced ROR, RCS and RNR, are 

needed. 
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CHAPTER 7 

 

MODELING THE PRIMARY AND SECONDARY NO2 FORMATION AND 

DISPERSION ON AN INTERSTATE HIGHWAY 

Abstract 

On-road vehicles represent one of the largest emission sources of nitrogen oxides (NOx), 

which cause adverse health and environmental impacts.  The near-road NO2 is formed 

not only from the direct vehicle emissions (primary NO2), but also from the NO-NO2-

O3 chemistry (secondary NO2).  Studies showed that the secondary NO2 generated on-

road from the vehicle tailpipe exit to the highway curbside is a major contributor to the 

near-road NO2 pollution.  However, the on-road NOx chemistry was not considered 

explicitly in the highway dispersion models.  In this study, the on-road NO-NO2-O3 

chemistry of an interstate highway segment in Detroit, MI, was simulated using the 

computational fluid dynamics (CFD) method and evaluated against measured curbside 

NO2/NOx ratios.  We showed that the secondary NO2 contribution could reach around 

50% under 35 ppb ambient O3 concentrations.  The comprehensive CFD simulations 

allowed us to propose a new method to incorporate on-road NOx chemistry into highway 

dispersion modeling. Specifically, we defined the tailpipe-plane-averaged (TPA) 

NO2/NOx ratio as the average NO2/NOx ratio on the horizontal plane at the tailpipe 

height to reflect the early stage of on-road secondary NO2 formation. This TPA 

NO2/NOx ratios can then be used in highway dispersion models as an input.  The new 

method significantly improves the performance of CALINE4, in simulating roadside 

NO2/NOx ratios near the same interstate highway. 
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7.1 Introduction 

In 2017, on-road vehicles generated ~34% of the total Nitrogen Oxides (NOx = NO + 

NO2) emission in the U.S. according to the National Emission Inventory (USEPA, 2017).  

NO2 levels near major roads are monitored as part of the one-hour NO2 standard in the 

revised National Ambient Air Quality Standards (NAAQS).  NO2 is also widely adopted 

as a marker for traffic-related air pollution in health studies.  For example, studies 

showed that long-term exposure to Nitrogen Dioxide (NO2) was associated with adverse 

health impact including reduced lung function of children (Bonn, 2003; Gauderman et 

al., 2007), diabetes (Eze et al., 2015; Strak et al., 2017), and mortality (Crouse et al., 

2015; HEI, 2010). 

 

In both regulatory applications and health impact assessments, atmospheric dispersion 

models were widely used to estimate NO2 concentrations (Chen et al., 2015; de Hoogh 

et al., 2014; Zhang and Batterman, 2013). It is well recognized that vehicle exhaust 

emissions transform chemically from NO to NO2 in the near-road environment. This 

conversion is explicitly treated in several dispersion models (Hirtl and Baumann-

Stanzer, 2007; Kenty et al., 2007), which typically assume a well-mixed zone over the 

highway and its immediate vicinity (i.e., several meters into the curbside). Plumes 

originating from this well-mixed zone are initialized with the tailpipe-level NO2/NOx 

ratio, and subsequently undergo chemical reactions as well as dispersion. 

 

Recently, we analyzed data collected at the curbside of two major highway segments, 

I-96 in Detroit, MI and I-85 in Atlanta, GA to reveal that a large fraction of NO2 is 

actually produced through chemical reactions involving O3 during the “tailpipe-to-road” 

stage, even with relatively short residence times (Yang et al., 2018).  We also applied a 

computational fluid dynamics (CFD)-based turbulent reacting flow model, named the 
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Comprehensive Turbulent Aerosol Dynamics and Gas Chemistry (CTAG) (Steffens et 

al., 2014; Wang et al., 2011; Wang and Zhang, 2012), to simulate this “tailpipe-to-road” 

process using an isolated passenger car.  And the modeling results further confirmed the 

significant role of on-road chemical transformation on the curbside NO2 concentrations.  

However, direct on-road measurement data has been lacking.  Combining with field 

measurements, CFD-based reacting flow modeling can provide on-road and near-road 

turbulent characteristics and species concentrations, which is important to understand 

the on-road and near-road NOx chemistry process.  In this work, we present the first 

CFD modeling with both the on-road and the near-road NOx chemistry for a realistic, 

interstate highway (I-96 in Detroit, MI).  Our analysis of the on-road distributions of 

NO2/NOx ratios resulting from chemistry and turbulent mixing challenges the existence 

of the initial well-mixed zone described above. 

 

The NO2/NOx ratio is an important surrogate for NO to NO2 chemistry in dispersion 

models (Kimbrough et al., 2017).  For example, in the Gaussian plume-based models, 

CALINE4 (Kenty et al., 2007) and ADMS-Road (CERC, 2017), an initial on-road 

NO2/NOx ratio is an input condition, which are usually estimated by fuel types (gasoline 

and diesel) of the fleet.  The ratios are 5% and 23.8% in CALINE4 (Kenty et al., 2007; 

Kimbrough et al., 2017; Wang et al., 2011) and ADMS-Road (CERC, 2017), 

respectively.  The ratio (5%) in CALINE4 is based on tailpipe emission features of 

gasoline engines, which are dominating the US transportation sector (www.eia.gov).  

The ratio in ADMS-Road was based on all UK traffic data of 2014 from the UK National 

Atmospheric Emissions Inventory (NAEI) Primary NO2 factors, and the 23.8% 

NO2/NOx ratio reflects the high penetration of diesel engines in the traffic.  
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The initial NO2/NOx ratio directly affects the curbside and the near-road NO2 

concentrations.  Several studies showed that 5% is not appropriate for freeways 

(Kimbrough et al., 2017; Richmond-Bryant et al., 2017; Wang et al., 2011).  Then the 

challenge is how to make a better estimation of the on-road NO2/NOx ratio. 

 

There are three main objectives in our study. First, we will evaluate the capability of 

CFD-based turbulent reacting flow simulations to resolve the on-road NOx chemistry 

on an interstate highway segment against available field measurements.  Second, we 

will quantify the secondary NO2 contributions to the curbside NO2 concentration under 

different ambient O3 concentrations.  Third, we will propose a method based on the 

simulation results that can estimate the realistic on-road NO2/NOx ratio.   

 

This chapter is organized as follows. We first introduced the CFD method and the 

Gaussian plume-based model, CALINE4.  Then the CFD result of the on-road NOx 

transformation features were presented.  Finally, the CALINE4 results of using the new 

estimated on-road NO2/NOx ratio input were discussed. 

 

7.2 Method 

7.2.1 Turbulence reacting flow modeling using CTAG 

We employed the Comprehensive Turbulent Aerosol Dynamics and Gas Chemistry 

(CTAG) model to investigate how the on-road chemistry might affect the distribution 

of NO2/NOx ratios in the “tailpipe-to-road” stage (Yang et al., 2018).  The on-road 

turbulent flow and the NOx transformation and transport were coupled in the CTAG 

model, as described below. 

 

7.2.1.1 Turbulence modeling 
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The curbside NOx concentration, the meteorological data, and the traffic data were 

reported every 5 minutes.  Based on the total road width of the I-96 and the mean south-

dominated wind speed, it took less than 1.5 minutes for a puff of exhaust to travel across 

the highway.  Therefore, in each 5 minutes, the curbside NOx concentration, the 

meteorological, and the traffic data could be assumed as constants.  Thus, we modeled 

the dispersion and chemical reactions using steady state Reynolds averaged Navier-

Stokes (RANS) turbulence model.  The governing equations of the Realizable k- model 

(one type of RANS models) and the species transport equation were presented in Section 

2.2.2.  

 

7.2.1.2 Chemical reaction modeling 

The Finite Rate (FR) chemical reaction model (Gran and Magnussen, 1996) was 

coupled with the eddy dissipation method (EDM) (Magnussen and Hjertager, 1977). In 

the FR/EDM model, both the Arrhenius rate and the turbulent mixing rate were 

estimated, and the smaller rate was used as the source term.  The same simplified 

chemical mechanism as CALINE4 was applied. 

 

7.2.1.3 Computational domain and boundary conditions 

The I-96 highway segment at Eliza Howell Park in Detroit, MI was created for the on-

road simulation, shown in Figure 7.1a.  This segment includes 10 lanes (each 3 m wide), 

4 shoulders (2 for each bound), and 3 Jersey barriers.  Vehicle moving direction on both 

the east- and west-bound lanes was assumed to be the same, from east to west (i.e., 

negative x axis), in order to simulate vehicle-induced turbulence (VIT) on-road using 

periodic boundary conditions, which were marked using the gray faces in Figure 1a.  

This driving direction assumption was based on that the two traffic directions are 

separated by the Jersey barrier and the distance between the two closest opposing lanes 
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(i.e., East Lane 5 and West Lane 5 shown in Figure 7.1b) is relatively large (11 m), 

meaning that the VIT interaction between the two traffic directions would not be 

significant.  In the computational domain, we assume there is one car in each lane and 

the trucks emerge in the second lane of each bound based on the I-96 traffic data.  Figure 

7.1b shows the monitoring sensor location (EH1) at the curbside.  EH1 is north to I-96 

and the south wind represents the downwind direction of I-96.  The longitudinal position 

of EH1 is not shown because modeled results at EH1 represent the average result along 

the longitudinal direction through the domain using the periodic boundary conditions.  

 

Figure 7.2 illustrates the measured daytime curbside NO2/NOx (%) vs. ambient O3 

concentrations (ppb) for the south wind dominated (101.25° < θ < 258.75°, θ is the wind 

direction in degrees) conditions.  The 1st quantile, the median, and the 3rd quantile of 

heavy-duty diesel truck (HDDT) volume are about 2.4%, 3.7%, and 5.1% of the total 

traffic of I-96, respectively.  The linear relationships between the ambient O3 

concentration and the curbside NO2/NOx (%) were shown in all heavy-duty traffic 

scenarios.  These linear relationships indicated the on-road NO2 formation exists in both 

high and low HDDT traffic scenarios. The intercepts of the regression line physically 

represent the tailpipe NO2/NOx ratios. The I-96 traffic pattern may cause the negative 

intercepts.  Specifically, high NOx conditions mainly appear when ambient O3 

concentrations are low, which represented the early morning and late afternoon traffic 

peaks.  Figure 7.2c showed the highest intercept, which also represents the mean HDDT 

traffic volume.  Therefore, in the CFD simulations, we chose 15 ambient O3 

concentrations from low (10 ppb) to high (60 ppb) along the regression line of the 

HDDT between 2.4 % and 5.1 % (Figure 7.2c). 
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Figure 7.1. a) CTAG computational domain. The crosswind direction (y) is the same as 

the ambient wind direction. The longitudinal direction (-x) is the same as the traffic 

direction; b) Curbside measurement position (EH1). 
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Figure 7.2. Ambient O3 concentrations (ppb) and curbside NO2/NOx ratios derived from 

monitoring in the Near-Road Exposures and Effects of Urban Air Pollutants Study 

(NEXUS) near I-96 in Detroit, MI. a) HDDT volume < 2.4% of the traffic volume; b) 

HDDT volume ≥ 5.1% of the traffic volume; c) 2.4% < HDDT volume < 5.1% of the 

traffic volume; d) all HDDT scenarios. 

 

Polyhedral cells were used for the main domain and the 3 layers of cells were generated 

on the wall boundaries including cars, trucks, the road surface, and the jersey barriers.  

The cells on a horizontal plane at the car tailpipe height and on a vertical plan across the 

truck exhaust pipe were shown in Figure 7.3. 
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Figure 7.3 Computational cells on a horizontal plane at the car tailpipe height, and on a 

vertical plane across one of the truck exhaust pipes (4 million volume polyhedral cells) 

 

If the maximum relative difference between one mesh resolution and another are less 

than 5%, the modeling results are not significantly sensitive the to mesh resolution.  The 

relative difference is defined as (Rmesh1- Rmesh2)/Rmesh2×100%, and Rmesh1 and Rmesh2 

refer to the car tailpipe centerline NO2/NOx ratios using a relatively coarser mesh 

resolution and a refined one, respectively.  Figure 7.4a showed differences among the 

coarse (2M), the medium (4M) and the refined (6M) mesh resolutions.  Figure 7.4b 

showed the relative differences between the medium and the refined were less than 5%.  

The discussions in the main text are based on the results with the medium mesh 

resolution (4M). 
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Figure 7.4.  a) Distributions of relative differences in primary PM2.5 concentrations 

obtained from different mesh resolutions; b) Distributions of relative differences in 

primary PM2.5 concentrations obtained from different simulation spin-up time 

 

7.2.2 Gaussian plume modeling using CALINE4 

CALINE4 is a Gaussian plume model developed by the California Department of 

Transportation (Benson, 1984). CALINE4 is capable of predicting concentrations of 

gaseous and particulate pollutants within 500 m of a roadway. Meteorological, 

geometrical and source strength parameters provide inputs to this model. Specifically, 

CALINE4 estimates receptor concentrations using the Discrete Parcel Method, which 

assumes that reactions within each parcel take place independently of the dispersion 

process. CALINE4 also assumes that the emitted exhaust and ambient air are fully and 

instantaneously mixed within a highway mixing zone without any chemical 

transformation. The default NO2/NOx ratio in the initial mixture is set to be 5%, 

consistent with the ratio at the tailpipe level for gasoline vehicles. Then, the mixture 

undergoes dispersion and chemical reactions. As a result, receptor concentrations are 

governed by initial concentrations and time of travel from highway elements to the 

receptors (Benson, 1992). 
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CALINE4 treats NOx chemistry using a simplified reaction scheme described in Table 

7.1 (Benson, 1992). To derive NO2/NOx ratios at receptor locations using CALINE4 

requires two modeling runs: one modeling NOx as an inert tracker, and the second 

modeling NOx as a reactive species. 

Table 7.1. Simplified chemical mechanism 
Reaction Order n Pre-exponential 

factor Aa (m(3(n-1) 

kmol–(n-1) K-β s-1) 

Temperature 

exponent βa 

Activation 

energy Ea 

(J/kmol) 

NO2  NO + O 1 Mean = 0.003b 0 0 

O + O2  O3 2 3.99×1012 -2.4 0 

O3 + NO  NO2 + O2 2 1.08×1011 0 1.25×107 

a: The reaction rate constant was represented by using Arrhenius form, 𝑘 = 𝐴𝑇𝛽𝑒−
𝐸

𝑅𝑇 

b: Photolysis rate was described as follows. 

In this study, the photolysis rate of NO2 was derived from a polynomial relationship 

(Trebs et al., 2009). The same relationship was adopted in our previous work (Wang et 

al., 2011). The solar radiation data were obtained from the U.S. National Solar Radiation 

Database (NSRDB) 1998-2014 Update for the Detroit site location (42°23'09.6"N, 

83°15'58.9"W) from Sep 27th 2010 to Jun 19th 2011 (daytime hours only). The mean of 

the daytime solar radiation is 223 W m-2, which corresponds to jNO2~0.003 s-1. 

 

7.3 Results and discussion 

7.3.1 Curbside NO2/NOx ratios 

We conducted two series of simulations.  One is with the NOx chemistry and the other 

is without in order to quantify the secondary NO2 generated on-road.  With the NOx 

chemistry, CTAG predicted NO2/NOx ratio showed good agreement with the curbside 

measurement, shown in Figure 7.5a.  Without the NOx chemistry, CTAG predicted 

NO2/NOx ratios (mean = 14%) are not obviously related to the ambient O3 

concentrations. It is noticeable that under relatively low ambient O3 concentrations, the 

curbside NO2/NOx ratios with NOx chemistry were even lower than those without NOx 
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chemistry.  At this measurement site, the upwind ambient NOx concentrations (mean = 

18 ppb) were much lower than the downwind curbside total NOx concentrations (mean 

= 102 ppb).  This indicated that the NO2/NOx ratios should be determined by primary 

emitted NO2/NOx of the fleet if there are no on-road NOx chemistry.  Figure 7.5b 

showed how much NO2 was generated from the NO by O3 from the tailpipe to the 

curbside, which is the secondary NO2 contribution to the total NO2.  At low O3 

concentration (< 17 ppb), there are not much NO was converted to NO2, while NO and 

O were still formed by the photolysis reaction, which caused the negative secondary 

NO2 contribution.  As the ambient O3 concentration increasing, the secondary NO2 

contribution keeps increasing till a plateau around 50% when the ambient O3 

concentrations are more than around 35 ppb.  This trend presents the secondary NO2 is 

an important contributor of the curbside total NO2 when the ambient O3 concentrations 

are relatively high. 

 

Figure 7.5. a) Comparison CTAG and the measurement of the NO2/NOx ratios at the 

curbside with different ambient O3 concentrations; b) Secondary NO2 contribution (%) 

of the total curbside NO2 

 

7.3.2 On-road and near-road distributions of NO2/NOx ratios 

The three-dimensional features of the on-road and near-road NO2/NOx ratio 

distributions were illustrated using CTAG simulation data.  There are two objectives of 
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analyzing the on-road and near-road NO2/NOx ratio distributions.  First, to evaluate the 

well-mixed zone assumption in the dispersion models.  Second, to provide potential on-

road NOx transformation parameterization data. 

 

7.3.2.1 Lateral distribution 

The NO2/NOx ratio distributions on a lateral plane with the car tailpipe height (0.367 m) 

are illustrated in Figure 7.6.  Along the crosswind direction, there are three zones: the 

upwind zone, the non-well-mixed zone NO2/NOx ratios, and the longitudinal well-

mixed zone.  In the upwind zone, the ambient NO2/NOx ratios are relatively high.  In 

the non-well-mixed zone, the ratios initially decrease due to the east bound traffic, and 

increase to a peak value near the middle barrier, then decrease again due to exhaust from 

west bound traffic.  The non-well mixed zone on each bound of the highway roughly 

has the same width as the width of the five traffic lanes. The longitudinal well-mixed 

zone is from the curbside to the near-road region.  In this zone, the NO2/NOx ratios 

increase along the crosswind direction but almost stay constant along the traffic 

direction.  The NO2/NOx ratios distribution depends on the traffic volume, crosswind 

speed, and configuration of the road and barriers. 

 

Figure 7.6. Lateral distribution of NO2/NOx ratios at a plane with the tailpipe height, at 

a medium ambient O3 concentration (36 ppb). 

NO2/NOx (%) 
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7.3.2.2 Vertical distribution 

The NO2/NOx ratios distribution on a vertical plane normal to the driving direction was 

shown in Figure 7.7.  Relatively low NO2/NOx ratios occur near the car’s tailpipe exits, 

while the ratios are generally higher at each lane.  The on-road NO2/NOx ratios 

distribution indicated that the 5% initial on-road NO2/NOx ratio may cause 

underprediction of the near-road NO2/NOx ratios. 

 

Figure 7.7 Vertical distribution of NO2/NOx ratios at a plane normal to the driving 

direction, at a medium ambient O3 concentration (36 ppb) 

 

7.3.3 Parameterization of the on-road NO2/NOx ratio 

7.3.3.1 Tailpipe-plane-averaged (TPA) NO2/NOx ratios 

Figure 7.6 and 7.7 depicts the longitudinally well-mixed zone.  Across this zone, 

NO2/NOx ratios increased along the crosswind direction (Y direction), and these ratios 

were almost constant along the longitudinal direction given a fixed Y position. Thus, 

with an appropriate initial NO2/NOx ratio, CALINE4 using its well-mixed zone 

assumption would perform well to predict the near-road NO2 concentration. 

 

To improve the performance of CALINE4 while maintaining its main model structure, 

we suggest the use of an equivalent NO2/NOx ratio to account for the chemical reactions 

occurring at the early stage of plume transformation. These near-field effects are not 

captured by CALINE4.  Thus, we introduced the concept of the tailpipe-plane-averaged 
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(TPA) NO2/NOx ratio, i.e., the average NO2/NOx ratio across the horizontal plane at the 

tailpipe height.  The planes on each highway bound were shown in Figure 7.8a.  The 

TPA NO2/NOx ratio takes the on-road NOx transformation into account.  It can be used 

as an input to CALINE4.  In essence, TPA NO2/NOx ratio replaces the 5% ratio used to 

represent the tailpipe exhaust ratio. 

 

Figure 7.8b illustrated the TPA NO2/NOx ratios as functions of ambient O3 levels.  TPA 

ratios (6% to 28.6%) typically exceeded the 5% assumed by CALINE4 in the well-

mixed zone, even at relatively low ambient O3 concentrations. The intercept was 

constrained as -0.85, which represents the curbside measurement data intercept value of 

Figure 7.2c.  The linear regression between the TPA ratios and ambient O3 

concentrations obtained a relatively high R2 value of 0.91.  The intercept was constraint 

as 5%, which is the widely used gasoline engine tailpipe NO2/NOx ratio. 

 

7.3.3.2 Evaluation of CALINE4 improvement 

We calculated the TPA NO2/NOx ratios for another 15 cases with O3 concentrations 

from 15 to 76 ppb. The parameterized TPA NO2/NOx ratios were used as inputs to 

CALINE4 for evaluation purposes, along with curbside measurement data.  Figure 7.9 

compared predicted NO2/NOx ratios at the curbside from two CALINE4 configurations, 

i.e., one with the default 5% NO2/NOx ratio and one with parameterized TPA NO2/NOx 

ratios, against the measured values. The original CALINE4 results also show an 

increasing trend as the ambient O3 concentration increased because the curbside 

measurement location (EH1) is 10 m away from the nearest lane, which represented the 

near-road NO-NO2-O3 chemistry.  Therefore, the original CALINE4 curbside NO2/NOx 

ratios are generally underestimated due to the missing on-road NO-NO2-O3 chemistry 

modeling.  Table 7.2 showed performance metrics for the two comparisons. The 
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predicted curbside ratios using TPA ratios as inputs had generally good agreement with 

the measurement data (e.g., mean normalized error of 8.4%), while CALINE4 using the 

original assumptions underestimated the curbside NO2/NOx ratios (e.g., mean 

normalized error of 28.6%). These results also showed the importance of a better 

representing on-road condition in highway dispersion modeling. 

 

 

 

Figure 7.8. a) Horizontal planes on each highway bound at the car tailpipe exit height; 

b) Linear regression between the tailpipe-plane-averaged (TPA) NO2/NOx ratios and the 

ambient O3 concentrations. [NO2]/[NOx] (%) = 0.45 [O3] - 0.85 
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Figure 7.9. Comparisons of the original CALINE4 results, the improved CALINE4 

(with TPA NO2/NOx ratios as inputs), and the curbside measurement data 

 

Table 7.2. Original and improved CALINE4 in predicting near-road NO2/NOx ratios 
Model 

Configuration 

Mean Normalized 

error (MNE) (%) 

Mean normalized 

bias (MNB) (%) 

Mean fractional 

error (MFE) (%) 

Mean fractional 

bias (MFB) (%) 

Original 

CALINE4 
28.6 -28.6 34.2 -17.1 

Improved 

CALINE4 
8.4 0.26 8.4 -0.30 

 

7.3.4 Limitations 

We demonstrated the effectiveness of using parameterized TPA NO2/NOx ratios in 

CALINE4 to improve near-road NO2 predictions. The parameterized TPA NO2/NOx 

ratios, which are functions of emissions and ambient O3 levels and which are derived 

from CTAQ model results, worked well for the I-96 segment and significantly reduced 

prediction errors. However, we were unable to test whether parameterizations derived 

for I-96 would apply to other highways, mainly due to lack of evaluation data. The on-

road NOx chemistry might be affected by different highway configurations, e.g., 

elevated vs. depressed road grades, different patterns of traffic activity, e.g., higher or 
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lower fraction of diesel vehicles, and potentially other factors. However, the overall 

methodology proposed should apply to other Gaussian-based dispersion models and 

other highways. 

 

7.4 Conclusion 

We use CFD method to model the turbulent flow field and the on-road NO-NO2-O3 

chemistry of an interstate highway segment (I-96) in Detroit, MI.  The CFD predicted 

curbside NO2/NOx ratios showed good agreement against the measurement.  Consistent 

with our previous study (Yang et al., 2018), the curbside NO2/NOx ratios show linear 

relationship with the ambient O3 concentrations.  Furthermore, to our best knowledge, 

it is the first time to present the modeling result of the on-road secondary NO2 

contribution to the highway curbside total NO2 level.  When the ambient O3 

concentration is lower than about 17 ppb, the primary NO2 would still dominates the 

curbside NO2.  Under relatively higher ambient O3 concentrations (> ~ 20 ppb), the 

secondary NO2 contribution would increase with the ambient O3 concentration and 

reach an upper bound around 50% when the ambient O3 concentrations are higher than 

around 35 ppb. 

 

By analyzing results from these simulations, we proposed the concept of tailpipe-plane-

averaged (TPA) NO2/NOx ratios as an input to a Gaussian-based dispersion model, 

CALINE4, in order to improve its performance in predicting near-road NO2/NOx ratios. 

The TPA NO2/NOx ratios, derived from CTAG simulations, showed linear relationships 

with ambient O3 concentrations for both high and low NOx emission levels. Then, 

parameterized TPA ratios replaced the original 5% NO2/NOx ratios to initialize 

CALINE4 simulations. This new approach demonstrated a significant enhancement of 

CALINE4 performance at the Detroit site. The proposed approach using TPA NO2/NOx 
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ratios can be readily incorporated into other highway dispersion models. This study 

indicated that highway dispersion models should consider the effects of on-road 

chemistry to obtain realistic results. 
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CHAPTER 8 

 

CONTRIBUTIONS AND FUTURE WORK 

8.1 Contributions 

In Chapter 2, I investigated the capabilities and limitations of CFD methods of modeling 

chemical reactive plumes from power plants and evaluate the simulation performance 

using both the wind tunnel and flight measurement data. The downwind distance of the 

final plume rise, xf, could be used to define the Jet-dominated region (JDR) and the 

Ambient-dominated region (ADR). Given emission information at the stack exit, 

Velocity Inlet (VI) method is appropriate for JDR. Considering the long distance from 

the source to the receptors, the Volume Source (VS) method is appropriate for ADR.  

This study provided a general CFD modeling guideline for the stationary pollution 

source. 

 

In Chapter 3, I introduced an integrated Gaussian plume – CFD modeling framework to 

evaluate the near-source air quality impact of heat recovery (HR) systems, and proposed 

the Heat Recovery Amplification Factor (HRAF) as an indicator to quantify the impact.  

The integrated modeling framework keeps the advantages of the computationally 

efficient AERMOD model and the more accurate CFD model.  HRAF is defined as the 

ratio of the maximum GLC with HR system over that without HR system. 

 

In Chapter 4, I employed the modeling framework proposed in Chapter 3 to assess the 

near-source air quality impact of a community-scale CHP plant.  This analysis indicated 

that the peak GLCs appeared closer to the source and more pollutants were trapped to 

the ground level with the presence of downwind buildings than the cases without 
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buildings. Therefore, the near-source impact of hydrocarbon fueled DGs sited in dense 

metropolitan areas need further investigation. 

 

In Chapter 5, I proposed a new approach to parameterize the building downwash impact.  

The proposed Mixture model showed good performance against the wind tunnel 

measurement data.  It successfully addressed the major challenges of the current 

parameterization model PRIME.  The longitudinal discontinuity problem in the PRIME 

was solved.  The plume lateral shift was predicted.  The plume centerline trajectory was 

reasonably well capture.  The promising vision is the Mixture model was trained only 

on CFD data, which implies more datasets would be available and the model 

performance could be improved. 

 

In Chapter 6, I provided experimental evidence that substantial amounts of freshly 

emitted NO are oxidized to NO2 during the “tailpipe-to-road” stage. The CFD analysis 

indicates that NO-NO2-O3 chemistry significantly increases NO2/NOx ratios in the on-

road environment. The findings challenge a common assumption in all major highway 

dispersion models that pollutants are uniformly distributed on and over the highways.  

This assumption can lead to significant underestimation of near-road NO2. The findings 

also can potentially lead to a parameterization scheme that accounts for the effects of 

on-road NOx chemistry, which provides more accurate inputs for near-road NO2 

modeling and regional O3 modeling. 

 

In Chapter 7, I proposed the concept of tailpipe-plane-averaged (TPA) NO2/NOx ratios 

as an input to a Gaussian-based dispersion model, CALINE4, in order to improve its 

performance in predicting near-road NO2/NOx ratios.  TPA NO2/NOx ratios, derived 

from CFD simulations, showed linear relationships with ambient O3 concentrations. 
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This new approach demonstrated a significant enhancement of CALINE4 performance 

at the I-96 curbside site. The TPA NO2/NOx ratios can be readily incorporated into other 

highway dispersion models.  

 

8.2 Future work 

For the stationary sources, the future work will focus on building a larger building 

downwash CFD dataset and enhance the Mixture model capability.  The model will be 

evaluated using USEPA field measurement datasets.  The long-term goal is to 

implement this approach in AERMOD modeling system. 

 

For the mobile sources, the future work will include more CFD simulations of other 

highway segments to improve the TPA NO2/NOx ratios parameterization. 

 

The future work will include the comparison of the air quality impact from different 

energy strategies.  There are two specific projects.  One is to quantify the air quality 

benefit of using a microgrid and a combined cooling, heat and power (tri-gen) gas 

turbine to replace the diesel boilers and electrify truck refrigerator units (TRU) for a 

wholesale food market in New York City.  The other is to quantify the air quality benefit 

of using a heat pump system to replace the diesel boilers for residential building heating. 
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