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Tropospheric ozone, a harmful trace gas in the lower atmosphere, poses a serious threat 

to human health. This dissertation integrates data from airborne observations, ground-based 

monitoring networks, and satellite retrievals to characterize ozone and its precursors. 

Using observations from the Long Island Sound Tropospheric Ozone Study (LISTOS) 

and a 0-D box model, I test the sensitivity of ozone production (PO3) to ozone precursors. I find 

that PO3 is greater in the morning than the afternoon due to larger concentrations of NO2 and 

volatile organic compounds (VOC) in the morning. I further compare PO3 calculations using the 



 

 

 

near explicit Master Chemical Mechanism (MCMv3.3.1) and Carbon Bond 6 revision 2 (CB6r2) 

for a more direct link to regulatory air quality models and find that modeled PO3 is 20% greater 

using MCMv3.3.1 compared to CB6r2. This implies the regulatory air quality models may be 

underestimating ozone exceedances.  

The Pandora Global Network (PGN) is a system of ground-based spectrometers reporting 

continuous daytime column formaldehyde (HCHO) and NO2. Using data from the Atmospheric 

Emissions and Reactions Observed from Megacities to Marine Areas (AEROMMA) airborne 

campaign in the summer of 2023, I evaluate the performance of select Pandora monitors relative 

to in situ airborne observations. I find that Pandora HCHO columns agree with in situ integrated 

columns, however Pandoras do not capture the vertical shape of HCHO where the Pandora is 

biased high near the surface and low near the top of the boundary layer. Ten Pandoras in NYC 

capture day to day variability of HCHO as well as spatial gradients across the region. The mean 

NYC Pandora HCHO correlates well with mean Tropospheric Emissions Monitoring of Pollution 

(TEMPO) HCHO columns of a similar domain on clear sky days.  

Southeast Asia experiences poor air quality driven by a wide range of natural and 

anthropogenic emission sources, complicating interpretation of observed HCHO. I find that 

HCHO sources in Thailand during Airborne and Satellite Investigation of Asian Air Quality 

(ASIA-AQ) are driven primarily by biogenic emissions and biomass burning, with contributions 

from urban activity in the southern region near Bangkok. A clearer understanding of HCHO 

sources is therefore essential for interpreting hourly satellite column observations. While 

machine learning models can predict HCHO when constrained with VOC observations and other 

species, they rely on species that are more strongly correlated with HCHO, rather than those 

responsible for the formation of HCHO using a box model.  
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Chapter 1: Introduction  

 

1.1 Motivation 

Tropospheric ozone is a trace gas in the lower atmosphere formed through the oxidation of 

carbon monoxide (CO) and volatile organic compounds (VOCs) in the presence of nitrogen 

oxides (NOx = NO2 + NO). Ozone is harmful to human cardiovascular and respiratory health and 

is responsible for one million premature deaths globally every year (Anenberg et al., 2010; 

Malley et al., 2017). Excess ozone also reduces agricultural yields, resulting in billions of dollars 

in lost crop production (Van Dingenen et al., 2009; Wilkinson et al., 2012). Additionally, ozone is 

a greenhouse gas and is the third largest individual contributor to warming after carbon dioxide 

and methane (IPCC, 2023).  

 While ozone was first identified in the 1840s, it was the severe smog episodes in the Los 

Angeles (LA) Basin in the 1940s that drew the attention of meteorologists and chemists to its 

role in poor air quality (Seinfeld and Pandis, 2016). Beginning in the 1960s, newly established 

state and federal agencies introduced controls aimed at improving air quality by cutting 

emissions of CO, NOx, and VOCs successfully reducing the concentration of ozone in the U.S 

(Fig., 1,1; Wallington et al., 2022).  

Building upon this progress, the Environmental Protection Agency (EPA) and the Clean 

Air Act were created in 1970 and with them, the National Ambient Air Quality Standards 

(NAAQS). While the federal standard for ozone has been revised multiple times, today the EPA 

defines an ozone exceedance as the daily maximum 8 hour average (MDA8) greater than 70 ppb 

(parts per billion). However, epidemiological research has shown there is no healthy amount of 

exposure to ozone as even small exposures are associated with increased premature mortality. 
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Background concentrations of ozone typically range from 10-25 ppb (from biogenic emissions 

and natural sources of NOx such as lightning and stratospheric sources) (Bell et al., 2006; Di et 

al., 2017). As of 2025 over 100 million people in the United States are living in ónon-attainmentô 

areas, where the annual fourth highest MDA8 ozone concentration averaged over three years 

exceeds 70 ppb (EPA, 2023a).  

 

Fig. 1.1 Distribution of annual 4th highest MDA8 O3 concentrations measured at U.S. monitoring 

sites, 1980 to 2021. Boxes represent the median and interquartile range, whiskers extend to the 

1st and 99th percentiles, and values outside this range are shown as circles. The red line shows the 

number of O3 monitoring sites reporting data to EPA in each year (EPA, 2023b). 

 Through federal and state legislation, emissions of NOx, VOCs, and CO emissions 

have declined significantly over the past three decades. Technological advancements, such as 

catalytic converters on automobiles and selective catalytic reduction on power plants, have 

mitigated VOC and NOx emissions without changing our reliance on fossil fuels. According to 

the EPA, highway vehicles have contributed to the largest reductions in emissions of NOx and 

CO (EPA, 2023b). 
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These reductions in precursors have helped lower both the national average ozone levels 

and the maximum observed values since the early 1980s (Fig. 1.1). However, ozone observed at 

many air quality stations in EPAôs Air Quality System (AQS) continue to surpass the EPAôs 

standard (see Fig. A.1 for a national map of Nonattainment areas). Further research into the 

drivers of ozone production in these regions is necessary  

 The number of AQS monitoring sites has increased since the 1980s, improving the 

understanding of local chemistry (Fig. 1.1). However, many of these AQS sites only report ozone 

concentrations and not the precursors (NOx and VOCs). These missing data limit the ability to 

develop fully informed strategies to further reduce ozone. Singh et al., 2025 discusses locations 

in the U.S where additional AQS sites would be most beneficial for developing ozone reduction 

strategies based on ozone concentrations and population.  

Due to substantial investment and regulatory effort, tropospheric ozone in the United 

States has been improving on a national level. However, this progress is not global. The worst air 

quality in the world can regularly be found in southeast Asia which has undergone rapid 

industrialization and urbanization contributing to enhanced emissions of ozone precursors. The 

World Health Organization (WHO) estimates 2.4 million premature deaths in this region every 

year due to high levels of ozone and Particulate Matter (WHO, 2018).  

Fig. 1.2 shows ozone trends across the globe starting in 1994. The U.S. and Europe 

exhibit small positive or negative trends in ozone (Ñ1 ppb/decade) while Asia exhibits persistent 

positive trends of ozone observations, some of the highest in the world, reaching up to 4-5 

ppb/decade. Southeast Asia in particular is experiencing the greatest increase in ozone. Notably, 

there are still large gaps in monitoring ozone throughout northern parts of Asia, South America, 

and Africa.  
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Fig. 1.2 Decadal tropospheric ozone trends since 1994. Trends are shown at 28 remote and 

regionally representative surface sites (Cooper et al., 2020) and in 11 regions of the lower free 

troposphere (650 hPa, about 3.5 km) as measured by In-Service Aircraft for a Global Observing 

System (IAGOS) above Europe, north-eastern USA, south-eastern USA, western North America, 

north-east China, South East Asia, southern India, the Persian Gulf, Malaysia/Indonesia, the Gulf 

of Guinea and northern South America (Gaudel et al., 2020). High-elevation surface sites are 

>1500 m above sea level. All trends end with the most recently available year but begin in 1995 

or 1994 (IPCC, 2023). 

Most countries in south and southeast Asia have implemented policies aimed at 

improving air quality by introducing restrictions on vehicular emissions and established 

emissions monitoring near industrial factories. However, these regulatory measures are often 

designed without considerations of local atmospheric chemistry, limiting their effectiveness. The 

number of monitoring stations in the region is inadequate given the large and growing 

populations. Thailand is a notable exception, with over 1500 low cost monitors distributed 

nationwide. Other common challenges that hinder air quality improvement efforts include 

limited financial and technical resources, a rapid increase in vehicles, and insufficient 
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coordination between federal agencies. Moreover, the enforcement of existing regulations is 

often inconsistent (Hirota, 2010; Verma et al., 2023;Roy et al., 2023). 

Ozone has a sufficiently long lifetime that both it and its precursors can be transported 

across national borders and travel long distances. Consequently, elevated ozone levels in a given 

area may not be due to local emissions but rather transboundary pollution originating elsewhere, 

complicating policy decisions (Tang et al., 2018). For example, ozone exceedances in Maryland 

have been linked to transported smoke from Canadian wildfires (Dreessen et al., 2016) and 

upwind states (Goldberg et al., 2015), while South Koreaôs ozone is frequently influenced by 

emissions originating in China (Choi et al., 2014). Emissions from Asia can be transported across 

the Pacific Ocean, contributing to ozone exceedances in California (Lin et al., 2012a). In 

response, there have been a few international agreements such as the Convention on Long-Range 

Transboundary Air Pollution in 1979. While these agreements have encouraged sharing data and 

scientific collaboration, their implementation and enforcement have generally been weak 

(Lidskog and Pleijel, 2011).  

Effective air quality policies aimed at mitigating tropospheric ozone depend on a 

thorough understanding of ozone production chemistry. The following section outlines the 

current state of knowledge on ozone chemistry and discusses ongoing research.   
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1.2 Background  

1.2.1 Ozone Formation 

Ozone production in the troposphere is driven by the oxidation of CO and VOCs with the 

hydroxyl radical (OH). OH is primarily generated through the photolysis of existing ozone in the 

presence of water vapor (R1.1 and R1.2)  

                              O3 + hɜ Ą O
1D + O2           (R1.1) 

                              O1D + H2O Ą 2 OH           (R1.2) 

During the oxidation of CO, OH reacts with CO to form HO2 radicals (R1.3-1.4).  

CO + OH Ą CO2 + H     (R1.3) 

H + O2 + M Ą HO2 + M    (R1.4) 

For VOCs, the initial reaction with OH generates an organic radical (R), which rapidly 

reacts with O2 to form a peroxy radical (RO2). In the presence of NOx, RO2 reacts with NO to 

produce both NO2 and HO2. This reaction sequence is shown in R1.5-1.8 where RH is a generic 

hydrocarbon.  

RH + OH Ą R + H2O    (R1.5) 

R + O2 + M Ą RO2 + M    (R1.6) 

RO2 + NO Ą RO + NO2    (R1.7) 

RO + O2 Ą HO2 + RôCHO    (R1.8) 

Next, HO2 reacts with NO to form additional NO2, which photolyzes and leads to the 

formation of ozone (R1.9-1.11). Hence, for every CO molecule, one O3 is formed, while for 
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every VOC, two O3 molecules are directly created because of the extra NO2 created in R1.7. 

Oxidation products formed in R1.8 can continue to form more O3 in subsequent reactions.  

HO2 + NO Ą OH + NO2   (R1.9) 

NO2 + hɜ Ą NO + O               (R1.10) 

O + O2 + M Ą O3 + M      (R1.11) 

The rate limiting steps of these reactions are the reactions of either HO2 or RO2 with NO 

to produce OH and NO2. The total equation for the net ozone production rate can be simplified as 

the sum of reactions between HO2 and NO (R1.9) and the reactions between all RO2 and NO 

(R1.7) with their respective rate constant (ki). Ozone loss can be attributed to the reactions with 

OH, HO2, NO2, VOCs ozonolysis, and photolysis of ozone. The entire net ozone production 

(PO3) equation is provided below (1.1).  

PO3 = kNO,HO2[NO][HO2] + ×(ki[NO][RO2]i) - 

(kOH,O3[OH][O3] + kHO2,O3[O3][HO2] + kNO2,OH[NO2][OH] + ×(ki[O3][VOC]i)+ j[O3])  (1.1) 

Radicals are conserved throughout these reactions, sustaining propagation and further 

producing ozone. Radical termination occurs in two different pathways. In relatively low NOx 

environments (NOx-limited regime), radical self-reaction is the predominant termination step:  

HO2 + HO2 Ą H2O2 + O2                          (R1.12) 

HO2 + RO2 Ą ROOH + O2                       (R1.13) 

RO2 + RO2 Ą ROOR + O2                        (R1.14) 



 

8 

 

Under these conditions, lowering NOx concentrations will decrease PO3. In relatively 

high NOx environments (VOC-limited regime), the formation of nitric acid is the main 

terminating reaction:  

NO2 + OH + M Ą HNO3 + M                  (R1.15) 

Under this regime, lowering NOx concentrations will increase PO3. The transition 

between regimes occurs when NOx decreases to the point where the rates of R1.12-R1.14 

become greater than R1.15.  

 

Fig. 1.3 PO3 isopleth, where contour lines represent constant PO3 (with units of ppb/h) as a 

function of NO and VOCR. Red dots represent the VOCR and NO compositions used as inputs 

to the box model. The dashed black line is a linear fit to all model runs where the 

LROx/LNOx ratio was equal to 0.35 (range 0.25ï0.45), and the dashed gray line is a linear fit to 

all model runs where the ratio was equal to 1 (range 0.9ï1.1) (Schroeder et al., 2017). 

 Due to this relationship, PO3 is nonlinear with respect to the concentration of NOx. Fig. 

1.3 shows this relationship between NOx, VOC reactivity, and PO3 using the Empirical Kinetic 

Modeling Approach (EKMA; Kinosian, 1982). Data below the dashed black line corresponds to 
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a óNOx-limitedô regime, in which lowering NOx concentrations leads to a decrease in ozone 

production. Data above the dashed black line represents the óVOC-limitedô regime, where NOx 

reductions must be accompanied by lowering VOCs to reduce ozone. Accurate representation of 

these nonlinear ozone production responses is essential for designing effective air quality 

management strategies.   

 Many major U.S. cities have transitioned from a predominantly VOC-limited ozone 

production regime to a NOx-limited regime because of successful NOx emission controls 

(Roberts et al., 2022). However, simultaneous reductions in both NOx and VOC emissions are 

still generally recommended as there are times of day and year when the region might be VOC-

limited. Furthermore, even when NO2 is not converted to ozone locally, it can be transported 

downwind and contribute to ozone formation in other regions (Romer Present et al., 2020).  

     

1.2.2 NOx and VOCs 

NOx and VOCs are central to ozone production, as they serve as the primary precursors 

that generate peroxy radicals, which drive the formation of ozone. There are multiple methods to 

measure NOx and VOCs, including in situ observations at ground monitoring sites or from 

aircraft, as well as remote sensing retrievals from ground-based instruments or satellites.    

As previously defined, NOx refers to the sum of the concentrations of NO and NO2, 

which are grouped together because they rapidly convert back and forth on the order of a minute 

(R 1.16-R1.18).  

NO + O3 Ą NO2 + O2   (R1.16) 

NO2 + hɜ Ą NO + O   (R1.17) 
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O + O2 + M Ą O3 + M  (R1.18) 

 Identifying the major sources of NOx is necessary for understanding their role in ozone 

formation. Natural sources include lightning, soil, and biomass burning. Anthropogenic sources 

typically dominate in urban areas, where NOx is primarily produced through fossil fuel 

combustion. According to the 2017 National Emissions Inventory (NEI), the largest contributors 

to NOx emissions nationwide are highway vehicles (30%), non-road mobile sources (22%) and 

stationary fuel combustion (22%) while biogenic sources account for only 12% of total 

emissions (Fig. 1.4). In contrast, southeast Asia attributes most NOx emissions to energy 

production (39%), followed by manufacturing (33%), and road transportation (22%), with only 

6% attributable to biomass burning (Roy et al., 2023). 

 

 

Fig. 1.4 U.S.O3 precursor emissions by sector: A)NOx B)VOCs from the 2020 NEI (EPA, 

2023b). 

VOCs consist of thousands of individual species, all of which have distinct sources, 

lifetimes, and reactivities. A subset of VOCs are classified as volatile chemical products (VCPs), 

which include emissions from personal care products, cleaning products, air fresheners, etc. As 

emissions of VOCs from other sources such as vehicles and industry decline, VCPs are 
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increasingly important for total VOC composition. Including VCPs has significant implications 

for ozone modeling (Coggon et al., 2021; McDonald 2018; McDonald et al., 2018; Gkatzelis et 

al., 2021a).  

In the U.S., 60% of total VOC emissions are biogenic, primarily isoprene (C5H8). The 

next largest source is biomass burning, both wildfires and prescribed fires (16%). VCPs 

(classified as ñSolvent Utilizationò in the NEI), industrial processes, and mobiles sources 

contribute about 7% each of national VOC emissions in 2020. 

 The distribution and composition of VOCs vary substantially across the U.S, in different 

urban environments, and seasons. For example, Ring et al., 2023 found that anthropogenic VOCs 

were the predominant driver of ozone production during the spring in New York City. Warneke et 

al., 2025 reported low biogenic VOC emissions in Las Vegas but significant contributions from 

cooking, fossil fuel combustion, and VCPs. Even within Los Angeles there were pronounced 

spatial differences in biogenic or anthropogenic emissions (Zhu et al., 2024). Anthropogenic 

VOC sources in Asia are predominantly road transportation (46%), fugitive emissions from solid 

fuel (39%) and biomass burning (11%) (Roy et al., 2023).  

  Reaction rates between VOCs and OH depend on the structure of the organic molecule. 

Some species such as isoprene (which has two carbon double bonds) react rapidly with OH 

whereas propane (contains only single bonds) reacts more slowly. Because of differences in 

reaction rates, it is often prudent to rank VOCs not by their concentration but by their OH 

reactivity (referred to as óOHrô or óVOCRô), defined as equation 1.2. This metric represents the 

observed concentration of VOCs multiplied by the rate constant with OH, providing a more 

accurate representation of how that VOC influences atmospheric RO2 and consequently the 

formation of ozone.   
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OHr = × ki,OH[VOC]i      (1.2) 

1.2.3 Formaldehyde 

Formaldehyde (HCHO) is a VOC that is both directly emitted through combustion and 

produced through secondary reactions during the oxidation of other VOCs. HCHO represents a 

significant portion of total VOC reactivity and is a source of radicals that will further drive ozone 

production (Liao et al., 2021). HCHO is a useful proxy for total VOCR, as direct measurements 

of other VOC species are often not available.  

Secondary HCHO is formed during the reaction of alkoxy radicals with oxygen (R1.8), 

producing HO2 and an aldehyde (RôCHO), which is often HCHO depending on the preceding 

VOC. HCHO is removed from the atmosphere through several processes. Photolysis (R1.19-

1.22) is a major daytime sink and produces more radicals, further contributing to ozone 

production. HCHO can also react with OH (R1.22-1.23) or be lost through dry and wet 

deposition.  

           HCHO + hɜ Ą H2 + CO              (R1.19) 

              HCHO + hɜ Ą H + HCO            (R1.20)     

                                                HCO + O2 Ą HO2 + CO             (R1.21) 

                                                H + O2 Ą HO2                            (R1.22) 

                                                HCHO + OH Ą HCO + H2O     (R1.23) 

Prior studies have attempted to infer primary versus secondary HCHO using correlations 

with species associated with direct emissions (e.g. NO2) or secondary production (e.g. ozone). 

The majority of HCHO observed in the summer in the U.S is produced through secondary 
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reactions, particularly in the southeast where isoprene is the dominant VOC (Lin et al., 2012a). 

In contrast, during the winter or in areas with less biogenic emissions, a larger fraction of HCHO 

may be attributable to direct emissions (Rappengl¿ck et al., 2010; Friedfeld et al., 2002). Parrish 

et al., 2012 identified limitations of the linear combination approach, as correlations often fail to 

account for photochemical age of the airmass or co-emitted species.  

Photochemical age represents the extent of oxidation an airmass has undergone which is 

dependent on factors such as its chemical composition, temperature, and sunlight. Photochemical 

age is different from the physical age which is the time since the air was emitted from its initial 

source. Accurately characterizing the photochemical age provides information into the chemical 

evolution and transport history of the air which allows us to distinguish between VOCs that were 

directly emitted and those formed through secondary reactions.  

One method of estimating photochemical age involves using the ratio of two VOCs with 

different lifetimes and consistent emission ratios. For example, Kleinman et al., 2003 used 

toluene and acetylene, which have very different OH reactivities, to estimate the photochemical 

age of plumes in Arizona. However, this metric does not account for fresh emissions which may 

be added into an already aged air mass.  

In the case of biomass burning, the photochemical age of a smoke plume can be 

estimated using furan, directly emitted from fires, and maleic anhydride, a secondary product 

from furan and other biomass burning emissions. A higher ratio of maleic anhydride to furan 

indicates a more photochemically aged plume, while a lower ratio suggests a relatively fresh 

plume (Coggon et al., 2019; Gkatzelis et al., 2021b).  
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HCHO and NO2 are two of the few trace gases that can be measured through remote 

sensing using differential absorption in the ultraviolet-visible (UV-VIS) range. The Ozone 

Monitoring Instrument (OMI) have been reporting total column amounts of HCHO and NO2 

since its launch in 2004, leading to top-down emissions estimates (Kaiser et al., 2018, Marais et 

al., 2014). Since OMI, other satellites such as the Tropospheric Monitoring Instrument 

(TROPOMI) have improved spatial resolution, allowing for the detection of heterogeneity at 

urban scales (Goldberg et al., 2019). However, as polar orbiting satellites, OMI and TROPOMI 

only measure once per day, missing any diurnal component of the concentration of HCHO and 

NO2.  

The tropospheric column HCHO/NO2 ratio (FNR) is commonly used for estimating 

ozone production regime where a greater value (~2) indicates NOx-limited chemistry. In this 

metric, HCHO is assumed to be a proxy for total VOC reactivity, while NO2 represents NOx 

reactivity. However, the reliability of this metric is debated as numerous studies have 

demonstrated that the transition point can range from 1-4 and varies under different VOC 

environments and local atmospheric conditions (Duncan et al., 2010; Souri et al., 2020b).  

In recent years, the addition of geostationary satellites has enabled hourly HCHO and NO2 

columns, rather than daily values from previous satellites. As HCHO and NO2 are largely driven 

by photochemistry, these diurnal data are valuable for interpreting ozone formation. Such 

satellites are Global Environmental Monitoring System (GEMS), which is centered over eastern 

Asia (launched in 2020), Tropospheric Emissions: Monitoring of Pollution (TEMPO), over 

North America (launched in 2023), and the Sentinel 4, over Europe (launched in 2025).  

The Pandora Global Network (PGN) comprises over 150 ground-based spectrometers 

worldwide, providing measurements of HCHO and NO  every few minutes. These instruments 
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provide essential validation for hourly satellite retrievals. In addition to total column 

measurements, Pandora instruments can retrieve vertical profiles of HCHO and NO  using the 

Multi-Axis Differential Optical Absorption Spectroscopy (MAX-DOAS) technique. These 

vertical observations have the potential to further our understanding of ozone precursors both 

near the surface and throughout the boundary layer and provide validation of TEMPO and 

GEMS observations.  

 

1.3 Methods 

1.3.1 Formaldehyde Observations 

This dissertation uses observations of formaldehyde (HCHO) measured with NASA 

Goddardôs In Situ Airborne Formaldehyde (ISAF) instrument, which has been deployed on 

airborne field campaigns for over ten years (Cazorla et al., 2015;Wolfe et al., 2016b; Travis et al., 

2020; Zhu et al., 2020). ISAF detects HCHO by using a narrow-band laser tuned to 353 nm to 

excite HCHO molecules. The resulting fluorescence is captured with a photomultiplier tube. The 

instrument is calibrated in the laboratory before and after each field mission using a compressed-

gas cylinder with a known concentration of HCHO. Although in-flight calibrations are not 

performed, the laser conducts hourly scans across the full HCHO spectral fingerprint to optimize 

laser performance. Operating at 10 Hz, ISAF provides high temporal resolution measurements 

with an accuracy of approximately 10% and a detection limit of 100 ppt (signal/noise = 2), 

allowing for observations in both urban and remote atmospheric environments. 

1.3.2 Box Models 

A 0-D box model is a simplified atmospheric chemistry model that focuses on the 

chemical evolution of an air parcel over time without explicit consideration of transport. Typical 
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box models are constrained by initial chemical concentrations or emissions, basic meteorological 

parameters (temperature, sunlight, relative humidity, etc.), and a chemical mechanism which 

includes reactions, rate constants, and photolysis frequencies. Given these constraints, the model 

integrates the system of coupled differential equations defined by the mechanism to predict how 

concentrations change over time.  

This study uses the Framework for 0-D Atmospheric Modeling (F0AM) box model 

(Wolfe et al., 2016a), initialized with airborne observations to model ozone production and 

HCHO. Similar modeling approaches have been applied in previous studies (Schroeder et al., 

2020; Souri et al., 2020b; Olson et al., 2004b; Crawford et al., 1999; Kleinman et al., 2001). 

Details of model setups are described in the appropriate chapters.  

1.3.3 Machine Learning  

Machine Learning (ML) algorithms offers a complementary approach to box models for 

testing chemical relationships. While box models rely on known chemical reactions to represent 

the chemical evolution, ML models use statistical methods to learn correlations from 

observations to identify predictors most relevant for estimating a specific variable. These models 

are generally straightforward to implement and widely accessible, which has contributed to their 

increasing use in atmospheric chemistry (Nicely et al., 2017; Masih, 2019; Nicely et al., 2020; 

Anderson et al., 2022; Mueller et al., 2025). Among the many ML approaches, two tree-based 

ensemble methods that have been applied successfully in this field are Random Forests (RF; 

Breiman, 2001) and Extreme Gradient Boosting (XGB; Chen and Guestrin, 2016). RF creates 

many decision trees trained on different subsets of observational data and averages the results 

from each tree. In contrast, XGB builds trees sequentially, with each tree trained to correct the 

residual errors of the preceding one (Reid et al., 2015; Gupta et al., 2021). 
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A key advantage of these machine models is their ability to identify feature importance, 

which allows the assessment of which input variables contribute most strongly to the prediction. 

Several techniques exist to evaluate feature importance; in this study, I use permutation 

importance, in which the values of a single predictor are randomly shuffled to determine the 

resulting degradation in model performance. This approach provides a metric of each variableôs 

predictive influence for any type of model (Altmann et al., 2010). 

 

1.4 Outline and Research Objectives  

This investigation leverages airborne observations, ground-based measurements, and 

satellite retrievals, to examine ozone production and related chemistry under different chemical 

environments. I will address the following research questions: 

¶ How do ozone production rates and ozone production regimes vary with time of day 

and season in the NYC airshed?  

¶ How does the choice of chemical mechanism influence modeled ozone production?  

¶ To what extent do airborne observations, ground-based spectrometers, and a 

geostationary satellite capture consistent patterns of HCHO in the NYC region?  

¶ What are the primary drivers of HCHO production in Thailand? 

¶  Can a machine learning model be used in place of a box model to predict ozone 

production?   

Chapter 2 uses data from the Long Island Sound Tropospheric Ozone Study (LISTOS) 

airborne campaign in NYC to investigate ozone production in the morning and afternoon, as well 

as differences in the spring and summer. I evaluate several metrics to determine ozone 
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production regime and apply different chemical mechanisms to evaluate the influence it has on 

quantifying ozone production.  

Chapter 3 focuses on HCHO and NO2 data collected during the Atmospheric Emissions 

and Reactions Observed from Megacities to Marine Areas (AEROMMA) airborne campaign, 

including in situ airborne observations, ground-based columns from the PGN, and TEMPO data. 

Using several flight days, I examine if the Pandora monitors are representative of regional 

HCHO as shown in the airborne data, and how they compare to the TEMPO retrievals.   

 Chapter 4 moves the investigation to Thailand, where air quality data and studies are 

relatively limited compared to NYC. I analyze the sources of HCHO among the varying 

emission sources in Thailand that range from biogenic to urban pollution to biomass burning. 

These results will support the interpretation of satellite retrievals of HCHO and eventual ozone 

mitigation strategies.  

 Finally, Chapter 5 summarizes the findings and provides concluding remarks and 

recommendations for future work. 
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Chapter 2:  Exploring ozone production sensitivity to NOx and VOCs in the 

New York City airshed in the spring and summers of 2017-2019 

 

The work in this chapter was previously published under the same title in the journal of 

Atmospheric Environment on May 1st, 2024, appearing in volume 324 (Sebol et al., 2024). I am 

the first author of this paper and collaborated with 5 co-authors. In this chapter, the numbering of 

sections, figures, and tables has been altered to reflect the numbering system of the overall 

dissertation. The supplemental material from the article has been distributed throughout this 

chapter and the appendix. 

 

2.1  Introduction  

Surface ozone is responsible for one million premature deaths globally every year 

(Anenberg et al., 2010; Malley et al., 2017). Despite significant reductions in ozone precursors in 

recent decades, an estimated 120 million people live in areas that surpass the EPAôs national air 

quality standard for ozone of 70 ppb over an 8-hour average. There are 20 million people in the 

New York (NY)-New Jersey (NJ) -Connecticut (CT) region which is classified by the EPA as 

ómoderatelyô out of attainment (EPA, 2023a). 

 Several metrics are available to classify the PO3 regime. The Empirical Kinetic Modeling 

Approach (EKMA) utilizes a 0-dimensional box model constrained by observations or estimated 

emissions of NOx and VOCs. Varying input concentrations or emissions in the model tests the 

sensitivity of PO3 to effectively map the NOx and VOC space.  

Another method involves comparing radical loss rates of self-reaction (LROx, sum of 

reactions R1.12-R1.14) to the reaction with NO2 (LNOx, reaction R1.15). If ozone production 
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was only determined by radical destruction, the transition point would be where LROx/LNOx = 1. 

However, past studies have highlighted a discrepancy between these techniques. The value of 

NOx where LROx/LNOx = 1 is less than the value of NOx at the peak PO3 transition point 

determined by the EKMA isopleths. At the transition point on the EKMA curves, LROx/LNOx is 

estimated to be 0.37 by Kleinman et al., 2001. Schroeder et al., 2017 estimates this threshold to 

be 0.25-0.45 with a median of 0.35, based on observations from several U.S. urban areas.  

Effective NOx controls have transitioned much of the NYC region to a NOx-limited 

regime (He et al., 2020; Roberts et al., 2022). Complex and changing emission sources, however, 

challenge efforts to quantify spatial and temporal variations of PO3 in this region (Chen et al., 

2019). Anthropogenic emissions of NOx and VOCs are transported into the region via prevailing 

westerly winds (long range transport) or emitted directly from NYC (local emissions) and 

transported downwind. Local sources include industrial and manufacturing activity, energy 

production, traffic and volatile chemical products (personal care products, pesticides, paints, etc.) 

(McDonald et al., 2018; Gkatzelis et al., 2021a; Coggon et al., 2021; Oliveira et al., 2023). 

Biogenic VOCs (BVOC) also contribute to total atmospheric loadings in NYC from forested 

regions (Chen et al., 2019). Season and time of day affect the relative impact of BVOC (Ring et 

al., 2023).  

In this chapter, I use airborne observations of reactive gases acquired in and around NYC 

in the spring and summers of 2017-2019 to derive spatial and temporal patterns in ozone 

production. I constrain a box model with these observations to test the sensitivity of PO3 to 

changes in initial concentrations of NOx and individual VOCs. I compare this sensitivity between 

morning and afternoon samples as well as seasonal differences. With these results, I investigate 

the transition point between NOx and VOC-limited air samples using the slope of the PO3 curve 
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and LROx/LNOx. I estimate PO3 using both nearly explicit and lumped mechanisms to 

investigate the differences in their respective RO2 and PO3 representation. This comparison puts 

our results into context with regulatory air quality modeling which utilizes lumped mechanisms.  

 

2.2  Methods 

2.2.1 Aircraft Observations 

 This study analyzes aircraft data from two flight campaigns. The Long Island Sound 

Tropospheric Ozone Study (LISTOS:  https://www-air.larc.nasa.gov/missions/listos/) was a 

multi-agency project to investigate air quality within the NY metropolitan area during July and 

August 2018 and 2019. The Regional Atmospheric Measurement Modeling and Prediction 

Program (RAMMPP; http://www.atmos.umd.edu/~rammpp), led by the University of Maryland, 

is a long-term effort to study air quality in the Eastern United States through both in situ 

observations and large-scale chemical modeling. I use RAMMPP data collected in May 2017 

within the same study domain as LISTOS (Fig. 2.1). 

Flights utilized a CESSNA 402B aircraft equipped with in situ measurements of ozone, 

NO, NO2, CO, SO2, CH4, CO2, and meteorological parameters, including ambient temperature, 

relative humidity, pressure, wind speed and direction. A complete description of the aircraft 

instrumentation can be found in Ren et al. (2018). Some flights in 2018 and 2019 also included 

observations of formaldehyde (HCHO) from the NASA Compact Airborne Formaldehyde 

Experiment (CAFE) (St Clair et al., 2019).  

https://www-air.larc.nasa.gov/missions/listos/


 

22 

 

  

Fig. 2.1 Location of the LISTOS whole air samples. Triangle markers indicate morning 

observations (before local noon), circles for the afternoon observations (after local noon). Green, 

red, and yellow are observations taken in May, July, and August, respectively. All observations 

are taken below 1.5 km. 

 The whole air samples collected in canisters were analyzed for VOC concentrations 

offline with Gas Chromatography- Flame Ionization Detection or Mass Spectrometry. Table A.1 

lists all reported VOCs. All continuously monitored state variables and chemical species were 

averaged over the whole air sampling window, typically spanning about two minutes.  

 A total of 118 samples were taken from 2017 to 2019 over the Long Island Sound (LIS) 

region; here I only consider the 107 samples that were accompanied by valid NO2 observations 

and within the domain of interest (Fig. 2.1). Of these, 34 were collected in the morning (before 

12:00 EDT) and 73 in the afternoon (after 12:00 EDT). All were collected at altitudes of 1.5 km 

or less. Simultaneous HCHO observations are available for 41 of 107 samples.  

2.2.2  Box Model  

I use the Framework for 0-D Atmospheric Modeling (F0AM) version 3 (Wolfe et al., 

2016a) to model PO3. Simulations are constrained to observations of temperature, pressure, 
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relative humidity, CH4, NO2, NO, O3, SO2, and all measured VOCs except HCHO. Unobserved 

species are initialized at 0 ppb. For consistency, model runs were not constrained to HCHO, but 

observations are used for sensitivity tests. 0-D box models do not always accurately model 

HCHO (Zhang et al., 2021; Souri et al., 2023a), as steady state assumptions may not be valid 

near emission sources or when highly reactive alkenes dominate VOC reactivity (Fried et al., 

2011). However this issue does not significantly impact overall modeled radical chemistry 

(Olson et al., 2004b; Schroeder et al., 2020). The model also does not include additional primary 

emissions of HCHO. It has been estimated that ~90% HCHO in NYC is formed from secondary 

production in the summer (Lin et al., 2012b).  

Photolysis frequencies are estimated using F0AMôs ñhybridò parameterization, which 

combines solar spectra from the Tropospheric Ultraviolet and Visible Radiation Model (TUV) 

with quantum yields and cross sections from the IUPAC (Atkinson et al., 2004; Atkinson et al., 

2006) and JPL (Sander et al., 2011) databases. Given inputs of solar zenith angle (SZA), altitude, 

overhead ozone, and surface albedo, look up tables provide previously calculated photolysis 

frequencies (j values). I assume clear sky conditions and constant overhead ozone (325 DU) and 

surface albedo (0.2). 

 I utilize both the Master Chemical Mechanism version 3.3.1 (hereafter referred to as 

MCM; Jenkin et al., 2015) and Carbon Bond 6 version 2 (CB6r2; Hildebrandt Ruiz and 

Yarwood, 2013) chemical mechanisms. I implement a subset of the full MCM including 13,424 

reactions and 4,475 species, tailored to available observations. CB6r2 contains 216 reactions and 

77 explicit species or families of species. Rate constants for reactions involving the families in 

CB6r2 are often based on the rate of a single, representative species (Gery et al., 1989). I include 

CB6r2 for contrast with the explicit MCM and to more directly link the results to regulatory air 
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quality models. Unless otherwise stated, results represent output from MCM-based simulations. 

Some measured VOCs are not included in either chemical mechanism (Table 2.1). 

 For each set of observations, I run F0AM for 24 hours at 15-minute time steps with 

photolysis frequencies evolving along the diurnal cycle. I initialize and hold all observed species 

constant. Total NOx is held constant while NO and NO2 are allowed to partition internally. A 

physical loss lifetime of 24 hours is applied to all species to prevent build-up of long-lived 

species. One day of model simulations may not be sufficient to reach full steady state in all cases, 

but model results and our conclusions do not change significantly for longer integration times. To 

test this, I extended the integration time to the point when OH, HO2, and HCHO reached 

convergence, defined as a day-to-day change of less than 0.1%. On average, this took four days 

of integration time and reduced PO3 by 6%. 

This simulation framework is consistent with prior box model studies of PO3 and VOC 

chemistry (Crawford et al., 1999; Olson et al., 2001; Olson et al., 2004b; Schroeder et al., 2016; 

Mazzuca et al., 2016; Marvin et al., 2017b; Schroeder et al., 2017; Souri et al., 2020a; Lindsay et 

al., 2022). Instantaneous PO3 is calculated at the end point of each model run.  

PO3 = kNO,HO2[NO][HO2] + ×(ki[NO][RO2]i) - 

(kOH,O3[OH][O3] + kHO2,O3[O3][HO2] + kNO2,OH[NO2][OH] + ×(ki[O3][VOC]i)+ j[O3])      (2.1) 

where the first two terms are production terms and the last 5 are loss terms. I calculate 

LROx/LNOx using reactions R1- R4. OH reactivity (OHr) is defined as  

                                               OHr = × ki,OH[VOC]i                                                     (2.2) 
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where ki,OH is the rate constant for the reaction between hydroxyl (OH) and each individual VOC 

and [VOC]i is the corresponding concentration.  

Several sensitivity tests probe the response of PO3 to NOx and VOCs. To generate 

traditional PO3 curves as a function of NOx, I modify initial NO2 from 0.01 to 30 ppb while 

holding VOCs constant. Separately, I test local VOC sensitivity by changing the initial 

concentrations of VOCs by Ñ1% while holding NOx constant.  

 

2.3  Results and Discussion  

2.3.1 PO3 Sensitivity to NOx 

2.3.1.1  Transition Region  

Fig. 2.2 shows 107 PO3 curves individually generated from each sample by varying 

initial NO2. Median PO3 is represented as the bold blue line. On average, peak PO3 is 23 ppb/hr 

and occurs at a NO2 mixing ratio of 5.1 ppb. Median observed NO2 (black circle) is 1.8 ppb and 

corresponds to median PO3 of 13 ppb/hr. This value of PO3 corresponding to observed NO2 is 

hereafter referred to as ócontrol PO3ô.  

Based on d[PO3]/d[NO2] (henceforth referred to as the óslopeô) at each observed NO2 

point, 92 samples (86%) are within NOx-limited regime and 15 samples (14%) are within VOC-

limited regime, where NOx-limited is defined as a positive slope and VOC-limited is defined as a 

negative slope. There is a difference in the control PO3 between regimes; NOx-limited regimes 

have a median of 14.5 ppb/hr at the observed NO2 and VOC-limited regimes have a median of 

20.5 ppb/hr. 
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Fig. 2.2 Individual PO3 (ppb/hr) as a function of initial NO2 concentration (n=107). The bold 

blue line represents the median PO3 curve. Each line includes the observed NO2 (black/gray 

circle), LROx/LNOx = 1 (yellow square), and LROx/LNOx = 0.30 (pink triangle). 

I use LROx/LNOx to investigate the magnitude of the PO3 response to changes in both 

VOCs and NOx. At the peak of the PO3 curves, LROx/LNOx ranges from 0.15 to 0.54 (Fig. 2.3) 

and has an average value of 0.30, representing the threshold where ozone production becomes 

VOC-limited. Schroeder et al., 2017 provides a range of 0.25-0.45 for LROx/LNOx at peak PO3 

using data over several years and multiple urban cities in the United States. This range 

encompasses 80% of these data.  Different VOC observations are likely responsible for the 

variation in average peak value. Despite the diverse environments, the value of LROx/LNOx at 

the peak PO3, does not drastically change.  
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Fig. 2.3 Histogram of the LROx/LNOx value calculated at the peak of each individual PO3 curve 

shown in Fig. 2.2. These values range from 0.09 to 0.54 and have an average value of 0.30. 

LROx/LNOx is equal to one (yellow square on Fig. 2.2) at NOx values below the peak of 

the PO3 curve. This is the point at which the radical removal rates via peroxide and nitric acid 

formation are equal. The relationship between slope and LROx/LNOx is illustrated further in Fig. 

2.4. I define the range 0.3 <= LROx/LNOx <= 1 as the ñtransition regionò between NOx and 

VOC-limited regimes. In this transition region, reductions in NOx and VOC both reduce PO3, but 

VOCs have a greater impact per molecule. In a sense, PO3 is neither NOx nor VOC-limited in 

this range. Using this definition, 17 observations (16%) are in transition. This method of defining 

transition emphasizes the importance of VOCs along with NOx in lowering ozone production and 

provides greater detail in defining the shift between NOx and VOC-limited regimes.  
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Fig. 2.4 The logarithmic relationship between d[PO3]/d[NO2] and LROx/LNOx at observed NO2. 

Dashed reference lines are included for d[PO3]/d[NO2] = 0 (black), LROx/LNOx = 1 (yellow) and 

LROx/LNOx = 0.30 (pink). 

 

2.3.1.2 Spatial variability of PO3 regime   

 Fig. 2.5a maps the designated PO3 regime as defined by LROx/LNOx. As previously 

stated, most of the samples (73% based on LROx/LNOx) are in a NOx-limited regime (red circle). 

This is especially true over Long Island and the Long Island Sound. However, along the Hudson 

River and CT coastline (I-95 corridor), I find several samples with a VOC-limited regime (blue 

triangle) or in transition (white square). Transportation and other industrial activities emit 

sufficient NOx to sustain a VOC-limited regime. Coastal meteorology may also play a role due to 

the recirculation of marine air through sea breezes allowing more NOx to build up along the 

coastline (Loughner et al., 2014; Mazzuca et al., 2017; Mazzuca et al., 2019; Couillard et al., 

2021).  

The spatial variability of PO3 regime based on slope is similar to LROx/LNOx. Most 

samples (86%) are in a NOx-limited regime (Fig. 2.5b). However, along the Hudson River and 

CT coastline (I-95 corridor), I find several samples with a VOC-limited regime. Samples taken 
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further away from NYC and Long Island tend to be closer to the peak PO3 and, while still having 

a positive slope, are close to the turning point into a VOC-limited regime given small increases 

in NO2. 

 

 

Fig. 2.5 (Top) Map of ozone production regime for each sample as classified by LROx/LNOx at 

observed NO2. Blue triangles represent a VOC-limited regime and red circles a NOx limited 

regime. The LROx/LNOx transition region between 0.30 and 1 is represented by white squares. 

(Bottom) Map of ozone production regime for each sample as classified by slope at the point of 

observed NO2. Blue triangles represent a VOC-limited regime and red circles a NOx limited 

regime. 
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2.3.1.3 Diurnal and Seasonal Variability  

Past studies show that PO3 is faster and more VOC-limited in the morning than afternoon 

due to a lower boundary layer in the morning which concentrates ozone precursors closer to the 

surface (Chen et al., 2010; Mao et al., 2010; Baier et al., 2015; Mazzuca et al., 2016; Strode et 

al., 2019; Ring et al., 2023). PO3 also increases in the later summer due to greater emissions of 

reactive BVOC (Coates et al., 2016).  

In Fig. 2.6, PO3 is grouped by month and time of day (See Fig. A.2 for only the AM and 

PM groupings). Here, the mean PO3 curves for the entire month (blue) as well as AM (purple) 

and PM (orange) are included. The mean observed NO2 values at their corresponding control 

PO3 are marked as black circles.  

Peak PO3 is greater in the morning than the afternoon for all months with August having 

the most apparent diurnal difference day. Control PO3 is greater in the morning in the months of 

May and August while July has slightly higher control PO3 in the afternoon due to greater 

observed NO2 concentrations in this month. Photolysis frequency variability plays a minor role 

in these differences as flights typically occurred during daytime fair-weather conditions. 

Calculated jNO2 and jO
1D correlate poorly with PO3 (R

2 is 0.20 and 0.19, respectively).  

The proportion of VOC-limited PO3 samples is similar for both morning and afternoon. 

In the morning 5 of the samples are in a VOC-limited regime (14%) and in the afternoon 10 are 

in a VOC-limited regime (13%). Greater VOC concentrations in the morning shift the peak PO3 

upwards and towards higher NO2 values. While morning NO2 is on average greater than the 

afternoon, peak PO3 is not exceeded more frequently.   
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Fig. 2.6 Mean PO3 in (a) May (n = 26), (b) July (n = 57), and (c) August (n = 24). Each month 

includes AM (purple), PM (orange) and all samples (blue). Observed NO2 are indicated by black 

circles. 

May has the lowest potential for ozone production and is most likely to be in transition or 

in a VOC-limited regime. May exhibits the lowest peak PO3 (17ppb/hr) and based on the average 

observed NO2, most samples are near the maximum potential of PO3. There is greater peak PO3 

in the summer months; July and August have an average peak PO3 of 37 ppb/hr and 26 ppb/hr, 

respectively. Increased isoprene emissions in the summer boosts total OH reactivity and (given 

sufficient NO2) increases potential PO3. However, these months are not experiencing their 

maximum potential of PO3 due to lower observed NO2. The average control PO3 is greatest in 

July (22 ppb/hr) while May and August have similar values (15 and 12 ppb/hr, respectively).  

Photolysis frequencies are similar across all months implying that solar radiation does not 

impact the seasonal pattern of modeled PO3 in this study. The median values of jNO2 for May, 

July, and August are 0.009, 0.011, and 0.011 s-1, respectively. Median values of jO1D are 1.9x10-

5, 2.8 x10-5, and 2.3 x10-5 s-1 in the same order. Note that this is only an approximation of typical 

clear sky conditions for these periods. Median temperatures of the aircraft observations are 

similar in all months, 26.6ÜC, 28.2ÜC, and 25.8ÜC suggesting that temperature-dependent reaction 

rate coefficients are also not likely to be driving the seasonal variation in PO3.  
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May has the largest percentage of PO3 that is VOC-limited (27% based on slope) and in 

transition (19% using LROx/LNOx). For these cases, lowering VOC concentrations would lead to 

a greater reduction, per molecule, of PO3. On average, morning PO3 in May is VOC-limited 

while the afternoon is NOx-limited but near the transition. PO3 in July is mostly NOx-limited 

(14%), and in August is completely NOx-limited. These months have the highest isoprene 

emissions and total OH reactivity. These results highlight that ozone control strategies must 

consider seasonally varying chemistry. 

 

Fig. 2.7 Mean PO3 curves comparing all July samples (red, n=57) and all July samples north of 

latitude 40.95 (green, n=25). Both lines include the observed NO2 (black/gray circle), 

LROx/LNOx = 1 (yellow square), and LROx/LNOx = 0.30 (pink triangle). 

I recognize a potential sampling bias where May observations were predominantly taken 

in the Long Island Sound and near the CT coast, while July and August samples were more 

concentrated over Long Island and NYC (Fig. 2.1). These research flight paths in May were 

motivated by a forecasted ozone exceedance in the CT and Long Island Sound area (Ring et al., 

2023). To investigate whether analysis of seasonal differences in section 3.1.3 is impacted by 

such bias, I look at subsets of July samples as these were taken across the entire domain (Fig. 
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2.1). Fig. 2.7 shows two mean PO3 curves, one with all July samples (red) and one excluding 32 

July samples taken at latitudes less than 40.95. This threshold was chosen because it roughly 

marks the point where no May samples are taken in the given domain. These two average curves 

are very similar with near equal peak PO3. There is a slightly greater mean observed NO2 when 

considering all samples (2.7 ppb) to just the northern subset (2.5 ppb). This subset does not 

include samples taken in NYC, which has higher NO2. The increase in observed NO2 leads to 

greater PO3 for all samples (1.2 ppb/hr increase). This suggests that should there have been 

samples taken in NYC during the month of May, those data points would not impact the seasonal 

comparison.  

 The similarity in the average isopleths suggests the subset of data north of latitude 40.95 

is representative of the entire domain when looking at the monthly averages. The sampling bias 

in the May observations is unlikely to be impacting the results. 

2.3.2 VOC Sensitivity  

Fig. 2.8 shows PO3 sensitivity for VOCs to which modeled PO3 is most sensitive, 

focusing on the 15 samples with VOC-limited PO3. Initial VOC concentrations were altered 

Ñ1%, one species at a time and the corresponding percent change in PO3 from the base 

simulations observations is calculated. Species with less than 3 valid observations in this subset 

are not included. Fig. 2.8a shows the diurnal variation of VOC sensitivity and Fig. 2.8b shows 

the seasonal variation between May and July (there were no samples within a VOC-limited 

regime in August). By defining PO3 sensitivity to a percent change in initial concentrations, this 

metric inherently accounts for both the quantity and reactivity or each VOC. The percent change 

of PO3 due to percent change of NO2, based on the NO2 sensitivity results (Fig. 2.2), is included 
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for comparison. Because I focus on a subset with VOC-limited PO3, the sensitivity of PO3 to 

NO2 is negative by definition.     

As shown in Fig. 2.8, PO3 is most sensitive to isoprene. A 1% change of isoprene causes, 

on average, a 0.28% change in PO3. Isoprene comprises 7% of the total OH reactivity, the largest 

constituent of the measured organics, and 0.73% of total observed non-methane VOC on a per-

molecule basis. The next most important VOC for PO3 is propene which causes a 0.12% change 

in PO3 per percent change in initial concentration. Propene makes up 1.9% of total OH reactivity 

and 0.72% of total non-methane VOC mixing ratio. While sharing a similar percentage of total 

concentration as propene, isoprene is a much more reactive VOC and will produce more ozone 

per molecule. After isoprene and propene, PO3 is most sensitive to isopentane, toluene, and 

butane, all of which are anthropogenic VOC. 

The chemical composition of the atmosphere varies diurnally and seasonally. The only 

VOC that exhibits greater PO3 sensitivity in the afternoon than the morning is isoprene. As the 

day progresses, warmer afternoon temperatures contribute to greater BVOC emissions (Coates et 

al., 2016). A 1% change in the isoprene concentration will have a bigger impact on PO3 in the 

afternoon (0.33%) than in the morning (0.20%). Because isoprene is highly reactive, a small 

increase in isoprene at greater initial concentrations will have a compounding effect on ozone 

production through multi-generational chemistry. Every other VOC included in Fig. 2.8a has a 

greater impact in the morning than afternoon. Of these, the ones with the biggest diurnal 

variations, relative to their percent change in PO3 are isopentane, toluene, and butane. There is a 

possible nighttime buildup of these anthropogenic VOCs, due to persistent emissions as well as a 

lower planetary boundary layer depth which contributes to greater morning VOC concentrations 
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(Ring et al., 2023). In the morning, when PO3 is greatest, PO3 is most sensitive to anthropogenic 

VOCs.  

 

Fig. 2.8 Median modeled percent PO3 change per percent species change for samples with VOC-

limited PO3 (based on Fig. 2.2). Top 5 species are ranked by overall sensitivity and includes (a) 

AM (purple), PM (orange), and all (blue) median sensitivity and (b) May (green), July (red), and 

all (blue) median sensitivity. NO2 sensitivity is included for comparison (Based on Fig. 2.2) with 

a transparent color to indicate the inverse relationship with PO3.   

The comparison between May and July demonstrates a similar pattern. Isoprene is the 

only VOC in this list to have a greater impact on PO3 in July than May. The difference is a factor 

of three; a 1% change in isoprene causes a 0.12% change in PO3 in May and a 0.37% change in 

July. The later summer is more sensitive to BVOC while May is more sensitive to anthropogenic 

VOC.  
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Fig. 2.9 A comparison of MCMv3.3.1 to CB6r2 output: (a) instantaneous netPO3 (Equation 2.1), 

(b) ozone production terms from HO2 (blue) and RO2 (yellow), (c) final mixing ratios of HO2 

(blue) and total RO2 (yellow), (d) k- effective RO2 + NO rate coefficient (Equation 2.3) colored 

by the month of the observation. Lines of best fit are included in panels a-c. Dashed black lines 

are 1:1 reference lines. 

 

2.3.3 Chemical Mechanism Comparison  

It is too computationally expensive to use explicit chemical mechanisms such as MCM in 

regulatory air quality models, instead condensed mechanisms such as CB6r2 are used. I repeat 

the previous model calculations using CB6r2 to highlight differences in model results owing to 

the use of this condensed chemical mechanism.   

Calculated PO3 is sensitive to the choice of chemical mechanism. When using MCM, 

PO3 is 20% higher on average compared to CB6r2 (Fig. 2.9a). This result is consistent across all 
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simulations (R2 = 0.91) and is invariant between spring and summer. Fig. 2.9b compares the two 

production terms of PO3 (first two terms of Equation 2.1) for CB6r2 versus MCM. Ozone 

production from CB6r2 is 14% slower than MCM for the reaction of HO2 with NO and 28% 

slower for RO2 + NO reactions, with both channels contributing roughly equally to total PO3. 

Predicted NO is the same for both mechanisms (Fig. A.3), thus differences are most likely related 

to radical concentrations and/or rate coefficients. Radical concentrations are 31% higher on 

average in MCM (Fig. 2.9c). Though the comparisons of HO2 and RO2 have slopes of 0.93 (Fig. 

2.9c), there are consistent offsets between the two mechanisms as shown by a negative y-

intercept (yint = -1 ppt for HO2 and yint = -4 ppt for RO2). 

Differences in reaction rate coefficients may also contribute to differences in PO3. The 

rate constant for HO2 + NO is identical in both mechanisms (3.45Ĭ10
-12 Ĭ e(270/T) ; Sander et al., 

2011), therefore any differences in the rate of ozone production related to HO2 and NO is strictly 

due to their concentrations. To compare the rate coefficients for RO2 + NO between mechanisms, 

I calculate an effective rate constant that is weighted by all individual RO2 reactions.  

   Ὧ  
В

В
                                                     ςȢσ 

keff from CB6r2 is on average 96% of keff from MCM (Fig. 2.9d). This, along with greater total 

RO2 concentrations, drives faster PO3 in MCM. Variability of keff is slightly larger in CB6r2 than 

MCM (standard deviations are 0.39Ĭ10-12 and 0.24Ĭ10-12 cm3/molecules/s, respectively) 

suggesting the weighted rate coefficients in the lumped mechanism are more sensitive to changes 

in VOC distributions than in the explicit MCM.  

The samples with the biggest discrepancies in keff occur in the summer (keff,CB6r2/keff,MCM 

= 94%), while the samples taken in May have better agreement (keff,CB6r2/keff,MCM = 99%). One 
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possible explanation for the seasonal difference in keff between the two mechanisms is the 

changing distribution of RO2. In summer, a greater portion of RO2 is BVOCs whereas in spring 

anthropogenic alkenes make up more of total RO2. The effect of combining all isoprene products 

into a single species in CB6r2 will impact later-generation chemistry. This suggests that changing 

VOC distributions in urban areas may create spatial and/or seasonal bias in regional and global 

chemical transport models that use lumped schemes such as CB6r2. Higher keff in May is 

accompanied by lower total RO2 concentrations, resulting in little seasonal difference in the 

agreement of PO3 between MCM and CB6r2.  

 

Fig. 2.10 Median PO3 (ppb/hr) as a function of initial NO2 concentration using MCMv3.3.1 

(blue) and CB6r2 (green). Each line includes the observed NO2 (black circle), LROx/LNOx = 1 

(yellow square), and LROx/LNOx = 0.30 (pink triangle). 

Fig. 2.10 shows median PO3 curves generated using MCM (blue) and CB6r2 (green). As 

discussed previously, control PO3 is on average 20% lower when using CB6r2 (black circles). 

However, the peak PO3 when using CB6r2 is 41% lower than the median peak using MCM. Due 

to the condensed groups of peroxy radicals in CB6r2, there is less calculated OH reactivity and 

hence PO3. The median value of LROx/LNOx at the peak of the curves is consistent with the 
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value using MCM (0.29 and 0.30 for CB6r2 and MCM, respectively). While the total 

concentrations of RO2 vary between the mechanisms, the ratio of radical destruction from NOx 

reactions to RO2 self-reactions is the same. In Fig. 2.11 I use the value of 0.30 for the 

LROx/LNOx threshold for both mechanisms (pink triangle).  

Using the same transition thresholds (0.3 <= LROx/LNOx <=1), a greater portion of 

samples are in a VOC-limited regime (23%) or in transition (16%) using CB6r2. The peak of the 

CB6r2 ozone production curve occurs at lower NO2 values, placing more samples at or beyond 

the peak of the curve and in the VOC-limited regime.  

 

Fig. 2.12 The median concentrations of the 5 most abundant RO2 and the summation of all other 

RO2 species in (a) MCMv3.3.1 and (b) CB6r2. The seven isoprene products from OH addition 

given in Jenkin et al. 2015 are lumped together in MCM labeled as óISOtotalô for comparison 

with ISO2 in CB6r2. 

Fig. 2.12 compares the concentrations of specific RO2 species between mechanisms. 

There are 13 subset groups in CB6r2 that react with NO (Hildebrandt Ruiz and Yarwood, 2013). 

The most abundant peroxy radical for both mechanisms is the methyl peroxy radical (CH3O2), 
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which is represented explicitly as CH3O2 and MEO2 in MCM and CB6r2, respectively. On 

average, the calculated CH3O2 mixing ratio is slightly greater in MCM (7.9 ppt) compared to 

CB6r2 (7.1 ppt). In contrast, the mixing ratio of isoprene-derived RO2 is slightly greater in 

CB6r2 (ISO2, 1.3ppt) than the sum of seven isomers in MCM (ISOtotal, 1.1 ppt). The sum of the 

top five RO2 in CB6r2 (14.5 ppt) is 23% greater than in MCM (11.8 ppt). However, the sum of 

the remaining RO2, included as óotherô in Fig. 2.13, is 3.8 ppt (80%) greater in MCM. The 

greater total average RO2 concentration using MCM shown in Fig. 2.12 is due to the 

accumulation of many minor RO2 that are not explicitly represented in CB6r2.  

 

Fig. 2.13 The calculated median OH reactivity (Equation 2.2) using MCMv3.3.1 and CB6r2. OH 

reactivity is separated by individual species and grouped by inorganic measured species (CO, 

NO2, NO, SO2, and O3 in green), organic measured VOC (blue), and model-generated species 

(orange). MCMv3.3.1 has a total of 66 measured species and 2215 modeled species. CB6r2 

includes 19 measured species and 32 modeled species. 

Because OH reaction with VOC is the rate-limiting step for RO2 formation, OH reactivity 

(Equation 2.2) is a useful metric for VOC contributions to RO2 production. Fig. 2.13 shows 

speciated OHr from MCM and CB6r2 split into three groups: measured inorganics (green), 
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measured organics (blue) and model-generated species (red) where each bar is an individual 

compound (or lumped group in the case of CB6r2). Modeled total OHr is 20% greater in MCM 

than CB6r2 (6.0 vs 5.0 s-1). The contribution of measured inorganics is 6% lower in CB6r2 

(MCM: 1.8 s-1; CB6r2 1.7 s-1), likely due to slight differences in rate coefficients. The 

contribution of measured organics is 13% lower in CB6r2 (MCM: 1.5 s-1; CB6r2: 1.3 s-1) due to 

species grouping in the latter. Model-generated secondary VOC explains most of the difference 

in total OHr. The model-generated group accounts for 45% and 40% of total OHr for MCM and 

CB6r2, respectively. I calculate 2.7 s-1 from 2215 species in MCM and 2.0 s-1 from 32 lumped or 

explicit species in CB6r2, a difference of 26%. Results using both mechanisms exhibit similar 

rankings of the most reactive species in the model-generated species category. The largest model-

generated contributors to OH reactivity include HCHO, acetaldehyde, first-generation isoprene 

oxidation products (methyl vinyl ketone and methacrolein), and glyoxal.  

Of the MCM model-generated species, 99% have an OHr less than 0.01 s-1, but together 

those species make up 20% of the overall model-generated OHr. Thus, secondary reaction 

products have a cumulatively significant impact on the total calculated ozone production. 

Measurements of speciated oxygenated VOC (oVOC), total OH reactivity and total RO2/HO2 

concentrations would be valuable to validate these results in future studies.   
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2.3.4 PO3 sensitivity to HCHO 

 

Fig. 2.14 A comparison of the modeled minus observed HCHO with the total OH reactivity 

(excluding HCHO). All HCHO observations are between 2 and 10 ppb. 

HCHO makes up the largest portion of modeled OH reactivity (18% in MCM) after CO 

(Fig. 2.13). It is a major source of HO2 through reactions with OH and photolysis. F0AM is not 

constrained to HCHO, but for the 41 available measurements, I test the modelôs ability to 

calculate HCHO. All observations of HCHO are between 2 and 10 ppb, while model-generated 

HCHO ranges from 1 to 23 ppb. Fig. 2.14 shows the absolute bias in HCHO (the difference 

between the modeled HCHO and the observed HCHO) versus the total modeled OH reactivity 

(not including reactivity due to HCHO) calculated in the unconstrained run. The model tends to 

overestimate HCHO when OH reactivity is high and underestimate HCHO when OH reactivity is 

low (<7 s-1). Fig. 2.15 shows overall little impact on the concentrations of OH, HO2, HO2/OH, or 

PO3, compared to model runs with HCHO constrained to observations. The agreement of PO3 is 

poorest at greater values of PO3, where steady state assumptions are likely less valid due to high 

NOx from strong local emissions. The slope of [HO2] (Fig. 2.15c) indicates that the inclusion of 
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HCHO as a constraint will increase the calculated HO2 at relatively lower values and decrease 

HO2 concentrations at relatively greater values as determined by the unconstrained runs. 

If model calculations of HCHO are not in good agreement with the observations, then it 

is possible that other oVOC are also not being simulated accurately. More observations of 

species such as HCHO and acetaldehyde would provide a starting point for assessing model 

performance regarding oVOC predictions and their cumulative impacts on PO3. I further note 

that these issues may be less severe in full 3-D chemical transport models that explicitly simulate 

emissions and transport.  

 

Fig. 2.15 A comparison of (a) PO3, (b) [OH], (c) [HO2], and (d) [HO2]/[OH] when HCHO is 

unconstrained in the box model to when HCHO is constrained. Lines of best fit are included in all 

panels. Dashed black lines are 1:1 reference lines. 
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2.4 Conclusions 

I use aircraft observations from the LISTOS campaign to estimate PO3 in the New York 

City area in the spring and summers of 2017-2019. I first classify the PO3 regime by the response 

of PO3 to initial NO2 concentrations and find that 14% of air samples are in a VOC-limited 

regime. A transition between PO3 regimes, defined as 0.3 <= LROx/LNOx <= 1, encompasses 

16% of the data. In this range, PO3 increases with increasing NOx but is more sensitive (per 

molecule) to VOCs. Samples in a transition or in a VOC-limited regime are primarily located 

along the coast of Connecticut and in New York City. Using the LROx/LNOx ratio to determine 

PO3 regime indicates a higher portion of samples are VOC-limited as compared to only using the 

slope of the PO3 isopleths to make this determination. 

PO3 exhibits diurnal and seasonal variations with maximum potential PO3 being greater 

in the morning than the afternoon due to higher VOC concentrations in a shallower boundary 

layer. May is more likely to be VOC-limited (27% of samples) than July (14% of samples) or 

August (no samples), which is likely due to changes in total VOC availability rather than 

changing NOx concentrations.  

For samples within a VOC-limited regime, sensitivity tests reveal that isoprene 

concentrations have the greatest impact on PO3, with a strong diurnal and seasonal variation. In 

the afternoon, PO3 is most sensitive to isoprene, while in the morning, anthropogenic alkenes 

have a bigger effect on PO3.  

In the spring, focusing regulatory efforts on VOC reductions accompanied by NOx 

reductions would most efficiently reduce PO3 in this region. As temperatures warm, the ozone 

season is extending earlier into the spring (Ring et al., 2023). Therefore, ozone reduction 
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strategies should be designed based on seasonal and diurnal differences in VOC concentrations 

and distributions.  

I calculate PO3 using CB6r2 for a more direct comparison to regulatory air quality 

models that use lumped schemes. I find that using CB6r2 reduces PO3 and OH reactivity by 20% 

compared to results using MCMv3.3.1. These differences stem from assumptions regarding the 

photochemical kinetic parameters for the lumped RO2 families. The value of LROx/LNOx at the 

peak of these curves remains the same indicating the relative rates of radical destruction due to 

NOx reactions and radical-self reactions are consistent between mechanisms. Using CB6r2, more 

samples are in a VOC-limited regime due to peak PO3 occurring at lower values of NO2.   

The largest discrepancy in the OH reactivity comes from model-generated species, the 

most abundant of which include formaldehyde, acetaldehyde, first-generation isoprene oxidation 

products (methyl vinyl ketone and methacrolein), and glyoxal. Future observations of such 

oxidation products would provide important constraints in the calculation of PO3 and improve 

confidence in our understanding of ozone production regimes. Volatile chemical products, which 

were not measured during LISTOS, are an increasingly important class of VOC and have been 

shown to increase modeled PO3 by at least 10% (Coggon et al., 2021; Gkatzelis et al., 2021a).  

Our analysis of the VOCs observed during LISTOS shows spatial and temporal variations 

in PO3 chemistry in densely populated areas. I emphasize that future aircraft field campaigns 

should measure a wide suite of VOCs, including HCHO, to provide a more detailed 

understanding of PO3 chemistry. Implementing a more accurate representation of atmospheric 

chemical processes ensures the efficacy of regulatory models used to develop air quality policy.  
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Chapter 3: Evaluation of Pandora HCHO and NO2 with Airborne In Situ 

Observations 

 

The work in this chapter has been submitted under the same title to the journal Atmospheric 

Measurements and Technology in 2025. I am the first author of this paper and collaborated with 

15 co-authors. In this chapter, the numbering of sections, figures, and tables has been altered to 

reflect the numbering system of the overall dissertation. The supplemental material from the 

article has been distributed throughout this chapter and the appendix. 

 

3.1 Introduction  

The Pandora Global Network (PGN) is comprised of ground-based UV-VIS spectrometers 

that report total and partial column formaldehyde (HCHO), nitrogen dioxide (NO2), and ozone at 

over 150 operational monitors across six continents (https://pandora.gsfc.nasa.gov/PGN/; Last 

access July 2025). Pandoras operate in two modes: Direct Sun (DS) and Multi Axis Differential 

Optical Absorption Spectroscopy (MAX DOAS). In the DS mode, the Pandora sensor follows the 

sun as it moves across the sky and column amounts are derived using differential absorption. The 

MAX DOAS mode measures scattered light at different elevation angles to calculate a tropospheric 

column, near-surface partial columns, and a surface concentration. Understanding ozone and its 

precursors such as NO2 and HCHO is an important priority for the U.S Environmental Protection 

Agency (EPA) under the NAAQS final rule in 2015 (EPA, 2015).  

First established in 2006 with very few instruments, PGN released its latest data version 

for the global network in 2020 after numerous hardware and software updates. DS NO2 is likely 

https://pandora.gsfc.nasa.gov/PGN/
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to have less uncertainty than the MAX DOAS NO2 retrievals due to simplified path integration 

(Cede et al., 2006; Herman et al., 2009). Total NO2 columns agree well with satellite retrievals 

such as the Ozone Monitoring Instrument and the Tropospheric Monitoring Instrument (Herman 

et al., 2009; Herman et al., 2018; Kotsakis et al., 2022) and airborne remote sensors (Judd et al., 

2019; Judd et al., 2020; Tzortziou et al., 2023). However, each Pandora spectrometer is calibrated 

and operated independently, leading to variability in performance across the network (Szykman et 

al., 2025; Rawat et al., 2025).  

The updated HCHO products (Spinei et al., 2021) are relatively new with data beginning 

around 2020. In contrast to NO2, the DS HCHO is likely to have more uncertainty than the MAX 

DOAS HCHO because of instrumentation drift (Cede, 2025). Validation studies are crucial to 

improving confidence in Pandora products, especially as the PGN is a key component of the 

validation plan of Tropospheric Emissions Monitoring of Pollution (TEMPO), the data record for 

which begins August 2023 (Szykman, 2023).  

Here, I evaluate Pandora retrievals against in-situ airborne observations collected in 

Southern California (CA), New Jersey (NJ), New York City (NYC), and Connecticut (CT) in the 

summer of 2023. I directly compare in situ vertical profiles to nearby Pandora partial columns and 

analyze day to day and spatial variability in Pandora columns. I also compare Pandora with 

TEMPO and examine the influence of clouds on the relative agreement between the two 

measurements.   
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3.2 Data/Methods 

3.2.1 AEROMMA 

The NOAA airborne mission Atmospheric Emissions and Reactions Observed from 

Megacities to Marine Areas (AEROMMA; https://csl.noaa.gov/projects/aeromma/; last access 

July 2025) took place in the summer of 2023 with the goal of understanding urban and marine 

atmospheric composition. NASAôs DC-8 aircraft was equipped with many in situ gas and aerosol 

sensors. Here I use observations from NASAôs In Situ Airborne Formaldehyde instrument (ISAF; 

Cazorla et al., 2015) and NOAAôs NO Laser-Induced Fluorescence instrument which measures 

NO, NO2, and NOy (NO-LIF; Rollins et al., 2020) where NOy is the sum of all reactive nitrogen 

oxides. Accuracies for HCHO and NO2 measurements are 15% and 10%, respectively. Potential 

temperature was measured with the Meteorological Measuring System (MMS). I focus primarily 

on four flights that took place over and around NYC on July 26th, July 28th, Aug 9th, and Aug 16th, 

2023, hereafter referred to as ñNYC1ò, ñNYC2ò, ñNYC3ò, and ñNYC4ò. These flights and 

locations were chosen due to their proximity to Pandoras that perform MAX DOAS scans as 

discussed in the next section. In addition, I examine a single profile from the June 26th flight over 

southern CA.  

3.2.2 Pandora Global Network 

Pandoras operate in two modes: DS and MAX DOAS. During DS mode the lens of the 

Pandora follows the sun where the full width at half maximum field of view of the instrument is 

2.5Ü. The fitting window for DS NO2 and HCHO are 400-470 nm and 322.5-359.2 nm, respectively. 

The Pandora retrieves a slant column which, given a calculated geometric air mass factor (AMF), 

is converted into a total vertical column. Climatological stratospheric NO2 is also provided in the 

DS data files based on latitude, season, and time of day (Brohede et al., 2007). The MAX DOAS 

https://csl.noaa.gov/projects/aeromma/
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product provides a ótroposphericô column (integrating a vertical distance of ~3 km and a horizontal 

distance of ~10km), partial columns in different vertical layers, and a surface concentration using 

climatological air densities and differential AMFs. The surface concentration is estimated by either 

the 90Ü solar zenith angle (SZA) scan or, more often, extrapolated from the largest zenith viewing 

angle measurement. The fitting windows for MAX DOAS NO2 and HCHO are 435-490 nm and 

328.5-359 nm, respectively. The MAX DOAS scans can be ólongô or óshortô in which long scans 

calculate 11 or 13 slant columns and short scans provide 4 slant columns (covering the same range 

of viewing angles). Further details on the algorithms used in the Pandora retrievals are available 

in the Blik user manual (Cede, 2024). I utilize level 2 (L2) vertical column data, in which spectral 

fitting has been applied, and columns have been calculated. Data are available at the NASA 

Pandora webpage (https://pandora.gsfc.nasa.gov/PGN/; Last access July 2025). 

3.2.2.1 Pandora Data Quality Filtering  

The PGN provides two sets of quality indicators for L2 data, each with three possible values 

for a total of nine combinations. First, the data are determined to be 'high', 'medium', or 'low' quality 

(denoted with a 0,1, or 2 in the ones place) based on an automated algorithm that flags exceedance 

of data quality thresholds (either instrumentation error or atmospheric sources). The Pandora 

documentation states that users should not use low quality data for most purposes (Cede, 2025).  

The data are also assigned a modifier of 'assured', 'unassured', or 'unusable' (0,1, or 2 in the 

tens place), referring to the level of manual quality control. Once a PGN operator has inspected 

the data, they deem it óassuredô if there are no known issues in the quality assurance process or 

óunusableô if there is a concern (often based on the spectral fitting or uncertainty). The rational for 

data being labeled óunusableô is not publicly documented with the dataset. óUnassuredô data has 

yet to be manually examined.  

https://pandora.gsfc.nasa.gov/PGN/
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Table 3.1 Pandoras used in this study. 

Pandora Name ID 

Latitude, 

Longitude Description 

Altitude 

Above Sea 

Level (m) 

Pointing 

Azimuth 

Angle 

(PAA) 

EdwardsCA 74 
34.960,  

-117.881 
Southern CA 692 30 

BayonneNJ 38 
40.670,  

-74.126 
NJ 3 316 

BronxNY 180 
40.868,  

-73.878 
NYC 31 250 

MadisonCT 186 
41.256,  

-72.553 
CT Coast 3 220 

ManhattanNY-CCNY 135 
40.815,  

-73.951 
NYC 34 186 

NewBrunswickNJ 69 
40.462,  

-74.429 
NJ 19 45 

NewHavenCT 64 
41.301,  

-72.903 
CT Coast 4 300 

OldFieldNY 51 
40.963,  

-73.140 
Long Island 3 38 

QueensNY 55 
40.736,  

-73.822 
NYC 25 330 

WestportCT 177 
41.118,  

-73.337 
CT Coast 4 218 

NewLondonCT 236 
41.376,  

-72.100 
CT Coast 30 90 

 

Fig. 3.1 shows the distribution of the L2 data quality flags for the 10 Pandoras used in this 

study (Table 3.1) from the start of their data collection (ranging from Sept 2019 to Sept 2022) 

through July 2025. As of July 2025, 52% of the data for all four products are óunassuredô due to a 

backlog for manual inspection. The distribution of high, medium, and low quality data varies 

between stations and data product. On average, 68% of the DS NO2 data and 46% of MAX DOAS 

HCHO data are high quality. On the other hand, MAX DOAS NO2 and DS HCHO are more often 

low quality (41% and 65%, respectively).  
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Fig. 3.1 Distribution of the data quality flags for each station used in this study for (a) DS NO2, 
(b) DS HCHO, (c) MAX DOAS NO2, and (d) MAX DOAS HCHO. Gray bars indicate the 

portion of retained data for each station after applying the filtering method described in sect. 

2.2.1. 

The Pandora user manual recommends eliminating low quality data for most uses. 

However, due to the automated nature of flagging low quality data, there is a possibility of false 

negatives. Rawat et al., 2024, proposes an alternative empirical method to filter for poor data 

quality via four steps: 1) Determine a cutoff value for independent uncertainty given Õ+3ů (where 

Õ is the mean uncertainty and ů is standard deviation) for each Pandora based on the high quality 

data. 2) Filter the data to only include those beneath this threshold as well as data with a weighted 

root mean square error (wrms) < 0.01 and (for MAX DOAS only) a maximum horizontal distance 

< 20 km (range of which the MAX DOAS column spans in the horizontal direction). 3) Restore 
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data with a percentage uncertainty under 10%. 4) Confirm based on the improved correlation 

between contemporaneous DS and MAX DOAS observations. For the present study, I use this 

proposed method and also require that the percent uncertainty be less than 30% for each scan. This 

additional criterion is particularly crucial for DS HCHO which has high uncertainty. For the 

monitors used in this study, removing only the low quality data retains an average of 65% of data, 

while the described filtering method retains an average of 82% (Fig. 3.1).  

Fig. 3.2 and 3.3 present the results for the filtering method for HCHO and NO2, 

respectively, as described for two Pandoras (similar figures of the other remaining pandoras are 

included as Fig. A.4-Fig. A.9). The first column shows the agreement between DS total column 

and MAX DOAS tropospheric column (climatological stratospheric NO2 has been subtracted from 

the total NO2 column), averaged over 30 minute intervals. The slope is calculated using the Theil 

Sen estimator, a useful method that limits the impact of outliers by determining the slope based on 

the median slope found through all pairs of points. The second column displays the data after 

applying the filtering procedure. The colors of the markers indicate the median data quality flag of 

the scans.  

These results illustrate the limitations of the automatic flagging algorithm, particularly its 

tendency to produce false negatives. Instances where one or both Pandora scans are designated 

ólowô quality are the points with the worst agreement between DS and MAX DOAS, yet not all 

such cases show this discrepancy. Consequently, removing all low quality data would 

unnecessarily eliminate a large portion of the dataset, more than is done by this filtering method 

(Fig. 3.1). Data where both DS and MAXDOAS are high quality exhibit much stronger 

correlations. However, a systematic pattern remains in which DS columns are generally greater 

than MAX DOAS due to the longer path integration.  
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Fig. 3.2 Data quality assessment of the two Pandoras (the rest of the Pandoras used in this study 

are included in Fig. A.4-A.9). The first column compares the total column DS HCHO to the 

tropospheric column MAX DOAS HCHO, each averaged to 30 min. The second column is the 

same but after the filtering method (Section 2.2.1) has been applied. The six different colors 

represent the data quality flag based on the automatic detection algorithm for both DS and MAX 

DOAS. Green are points with median high quality for both scan modes (HH); blue is where one 

mode is óhighô and another is ómediumô (HM); yellow points are ómediumô quality for both scan 

modes (MM) etc. The third and fourth columns show only data taken on the 5 days included in 

this study for MAX DOAS and DS, respectively. The gray points are all data from these days and 

the blue points are data that passed the filtering checks and are included in analysis 

The third and fourth columns highlight how the measurement uncertainty is largely 

correlated with the SZA where, for MAX DOAS, uncertainty tends to increase when the sun is low 

in the sky and the DS uncertainty increases when the sun is at its peak. Columns 3 and 4 are 

restricted to data taken on the 5 days analyzed in this study (06/26/23; 07/26/23; 07/28/23; 

08/09/23; 08/16/23).  
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Fig. 3.3 Same as Fig. 3.2, but for NO2. 

 

3.2.2.2 Pandora Unit Conversion  

Pandora partial columns are reported in moles/m2 and must be converted into ppb for a direct 

comparison with airborne observations of HCHO and NO2. Climatological surface pressure and 

temperature (provided in the Pandora data files) are used to calculate air density, while the depth 

of the layer is assumed to be the distance between the layer heights given in the vertical profiles. 

The lowest level is assumed to extend to the surface.  

This relies on the assumption that the conversion is not sensitive to small variations in 

temperature and pressure used in calculating air density. Using the case study over EdwardsCA 

Pandora I can compare the climatology method with the nearest temperature and pressure 

observed on the aircraft during the spiral. The two methods vary by less than 5% (Fig. 3.4). 

Given that I do not often have nearby aircraft measurements to use for the profile conversions, I 
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proceed with using the stationôs climatological temperature and pressure for this study. I use the 

provided climatological temperature and pressure throughout the profile as under a standard 

lapse rate the changes in temperature and pressure do not materially alter the final mixing ratio. 

 

Fig. 3.4 A comparison of Pandora (a) HCHO and (b) NO2 concentrations, converted from 

moles/m2 to ppb during the EdwardsCA spiral. The conversion is performed using both 

climatological temperature and pressure, and the nearest observed temperature and pressure 

values during the flight. 

 

3.2.3 TEMPO  

Tropospheric Emissions Monitoring of Pollution (TEMPO) is the first geostationary 

satellite over North America to report column amounts of HCHO and NO2 every 40-60 minutes 

at a resolution of 2.0 km N/S x 4.75 km E/W at the center of the field of regard. TEMPO was 

launched in April 2023 and provides data beginning August 2nd of the same year. The NO2 

retrieval is in the 405-465 nm spectral window, while HCHO retrieval is in the 328.5-356.5 nm 

fitting window (Nowlan et al., 2025 ; Abad et al., 2025). These are slightly different ranges than 

the Pandora fitting windows for both DS and MAX DOAS modes. The validation plan for 
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TEMPO includes diurnal and seasonal comparisons with airborne spectrometers, other satellites, 

and the PGN (Szykman, 2023; Szykman et al., 2025). I use version 3, level 2 HCHO data 

available from NASAôs Earthdata website (NASA, 2024; Last access July 2025). Using the 

nearest neighbor method, I grid L2 data to 2 x 4.5 km in the NYC domain bound by latitudes and 

longitudes of (40.2Ü, 41.5Ü) and (-74.6Ü, -71.7Ü), respectively. Data is screened to only include 

pixels with effective cloud fractions < 0.20 and data quality flags equal to 0. Daily means of the 

TEMPO HCHO column are calculated by averaging the HCHO values from each hour in all grid 

cells, and hourly domain averages are determined by averaging all valid data across the entire 

NYC domain for each hourly retrieval. Temporal and spatial averaging largely reduces the noise 

in the HCHO column retrievals from satellites (De Smedt et al., 2012; Liao et al., 2025).  

 

3.3 Results  

3.3.1 Case Study: Spiral over EdwardsCA Pandora 

The DC-8 sampled in a vertical spiral over southern CA on June 26th, 2023. The spiral 

began at an altitude of 10.3 km above ground level (AGL) at 1:50 PM local time and ended at 0.03 

km at 2:20 PM, including a low approach at Edwards Air Force Base (AFB). The flight track 

shown in Fig. 3.5 is centered over the EdwardsCA Pandora which, at this time, operated with a 30Ü 

pointing azimuth angle (PAA; red line). This is the only AEROMMA spiral that extended 

throughout the majority of the troposphere and took place directly over a Pandora monitor 

conducting MAX DOAS scans. This provides a rare opportunity for a direct comparison between 

Pandora vertical profiles and in situ observations. 
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Fig. 3.5 Map of southern CA spiral colored by in situ (a) HCHO and (b) NO2. EdwardsCA 

Pandora (red triangle) and the viewing direction of Pandora MAX DOAS scans (red line) are 

included and extend to the mean integrated horizontal distance.   

The vertical profiles of in situ potential temperature, HCHO, and NO2 are shown in Fig. 

3.6 as the gray markers. Given the small variation in potential temperature at the lowest 2 km, 

followed by a sharp increase, the boundary layer (BL) appears to be well-mixed up to 1.97 km. In 

situ HCHO is also relatively constant in the BL (1.15 Ñ 0.16 ppb; Õ Ñ ů) and followed by a sharp 

decrease in mixing ratio above the inversion (0.17 Ñ 0.09 ppb). 

The in situ NO2 is more variable than HCHO (note the logarithmic x axis in Fig. 3.6c). 

Enhancements of NO2 up to 4.2 ppb are observed from 0.3 to 0.5 km in the southeast quadrant of 

the spiral. I define this enhancement in Fig. 3.6c as observations in the upper 25th percentile of 

data below 0.5 km (red triangles). Excluding this enhancement, the BL mean of NO2 is 0.5 Ñ 0.3 

ppb. There are no obvious local industrial sources (refinery, power plant, etc.) that would be a 

source of NO2 and there does not appear to be a consistent source of NO2 from any given wind 
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direction based on historical Pandora data (Fig. A.10). The NO2 enhancement is likely caused by 

local emissions from the nearby Edwards AFB airport (Fig. A.11).  

 

Fig. 3.6 Vertical profiles of (a) potential temperature, (b) HCHO, and (c) NO2. The boundary 

layer height is denoted as the dotted lines. The in situ airborne data are the gray markers and 

binned to 100 m (solid line). The shaded region represents measurement uncertainty. Pandora 

data are orange (HCHO) and blue (NO2) markers (solid lines are data binned to 100 m). The 

shaded region represents Ñ one standard deviation. The red triangles in (c) are the NO2 

enhancement observed in the southeast quadrant in Fig. 3.5, defined as the upper 25th percentile 

of the near surface observations (< 0.5 km). 

I include a total of 6 long scans and 16 short scans from the EdwardsCA Pandora that 

occurred within 1 hour of the spiral. The scans included are all óhighô quality data with average 

tropospheric HCHO and NO2 column uncertainties of 9.0 x 10
14 molec/cm2 (18%) and 8.0 x 1013 

molec/cm2 (7%), respectively. Uncertainty is not reported for the partial columns, thus I include 
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the standard deviation of the points as the shaded region in Fig. 3.6 to represent the variability 

between each scan.  

3.3.1.1 Pandora HCHO 

The Pandora HCHO vertical profile does not match the shape of the in situ profile. In the 

lowest 1 km, Pandora HCHO is biased high by an average 0.4 Ñ 0.3 ppb and the surface 

concentration is almost twice as high as the lowest in situ observation at 10 m. From 1-2 km, the 

bias flips sign and Pandora HCHO are low by 0.50 Ñ 0.28 ppb. Above the BL (1.97 km) there is 

comparatively closer agreement between the in situ and Pandora HCHO (a mean difference of 0.04 

ppb).  

This result is consistent across the four different scan modes (Fig. 3.7).   The MAX DOAS 

scans have four modes of operation: long or short scans each alternating between using or not 

using a U340 filter. The short scans find the slant columns at four different elevation angles (0, 60, 

75, and 88 degrees) taking about five minutes to complete. The long scans perform either 11 (with 

filter) or 13 (without filter) elevation levels with the 13 level scans prioritizing more angles near 

the surface. Each long scan takes approximately ten minutes. The U340 filter determines whether 

both NO2 and HCHO can be obtained (no filter lets both UV and visible light through) or only 

HCHO (with the filter in use only UV light can pass through). The general schedule for the 

Pandoras is to do eight short scans and two long scans (always alternating with and without the 

filter), taking about one hour to complete the cycle. However, the Pandora's operator can decide to 

change the schedule depending on their needs. These differences in elevation scans do not appear 

to influence the overall agreement of either HCHO or NO2 with the in situ data over EdwardsCA 

for this period. More scans would be needed to investigate these modes individually.  
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Fig. 3.7 Figure 3.6 but Pandora data has been separated into the four scan modes: long or short, 

and with or without the U340 filter. 

 Table 3.2 compares integrated vertical columns from the aircraft and Pandora. I vertically 

integrate the in situ observations to obtain two columns: one spanning the entire spiral (10 m to 

10.3 km) and another limited to Pandora MAX DOAS tropospheric column (10 m to 2.5 km). The 

entire column is 6.6 x 1015 molec/cm2 based on in situ observations, 25% lower than the mean total 

HCHO column found by the Pandora DS product during this time frame (8.8 x1015 molec/cm2). 

Meanwhile, the average Pandora MAX DOAS tropospheric HCHO column agrees with the 

integrated in situ column under 2.5 km to within uncertainty of the in situ data (5.2 x1015 and 5.0 

x1015 molec/cm2, respectively). However, the individual partial columns have no reported 

uncertainty. The high bias near the surface and the low bias in the upper BL offset each other to 



 

61 

 

produce a column amount of HCHO from the MAX DOAS scans that are very similar in value to 

the in-situ column.  

Table 3.2 Column HCHO and NO2 during the southern CA spiral over EdwardsCA Pandora 

 HCHO column  

(molec/cm2) 

NO2 column  

(molec/cm2) 

In Situ (0.01 - 10.3 km) 6.6 x 1015 2.2 x 1015 

In Situ (0.01 - 2.5 km) 5.0 x 1015 1.9 x 1015 

In Situ (0.01 - 10.3 kmðno 

enhancement) 

 1.9 x 1015 

In Situ (0.01 - 2.5 kmðno 

enhancement) 

 1.6 x 1015 

DS Total Columns (weighted mean) 8.8 x 1015  

(ů=8.9 x 1014) 

2.7 x 1015 

(ů=2.5 x 1014) 

MAX DOAS Tropospheric Column 

(weighted mean) 

5.2 x 1015 

(ů=8.7 x 1014) 

1.2 x 1015 

(ů=1.4 x 1014) 

 

3.3.1.2 Pandora NO2 

I compare the NO2 profiles in Fig. 3.6c. For the entire profile, including all in situ 

observations, the Pandora NO2 is 50% lower. Excluding near-surface enhancements reduces the 

difference to 42% lower than the aircraft observations. The Pandora is pointing away from the 

surface enhancement and therefore is not expected to capture that feature. This is an important 

consideration for future comparisons to both in situ observations and high-resolution satellite 

retrievals. HCHO is sufficiently well-mixed in this case, such that the Pandora viewing angle does 

not appear to significantly affect the observed concentrations. This simply reflects a lack of strong 

local HCHO sources (most HCHO is produced through volatile organic compounds, VOC, 

oxidation at this time of year). NO2, on the other hand, can exhibit large horizontal and vertical 

gradients, especially in the presence of local emissions. Looking only at the lowest 0.5 km and 

excluding the enhancement, the Pandora is on average 15% greater than the in situ observations 
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showing a similar pattern to the HCHO where the Pandora is greater at the surface. However, the 

turnover altitude for NO2 is lower (0.3 km) compared to the HCHO profile (1 km).  

 While the partial columns are, on average, lower by 50%, this relationship is not reflected 

between the integrated columns and the DS total column or MAX DOAS tropospheric column. 

The mean Pandora MAX DOAS tropospheric column NO2 is 40% less than the integrated in situ 

column for lower than 2.5 km. Furthermore, the mean total DS NO2 column (excluding the 

climatological stratospheric column) is 22% greater than the in situ integrated column for the 

entire spiral (2.7 x1015 and 2.2 x1015 molec/cm2, respectively). Fig. A.9 shows the DS NO2 is on 

average 52% greater than MAX DOAS NO2 for EdwardsCA, one of the largest discrepancies for 

the 10 Pandoras in this study. It is possible that this low difference in MAX DOAS NO2 is not a 

limitation of the Pandoras in general but rather an issue with this specific spectrometer.  

 To summarize, Pandora MAX DOAS HCHO agrees with the in situ observations with 

respect to the total tropospheric column, but the shape of the vertical profile exhibits a strong 

height-dependent bias. Quantification of the uncertainty in partial columns should be a priority, 

especially for columns near the tropopause. The Pandora MAX DOAS NO2 is lower than the in 

situ observations for the entire profile, however better agreement exists at the surface between data 

within the viewing angle of the Pandora. This case study also emphasizes the need for 

consideration in the viewing angle of the Pandora during comparisons within horizontally 

heterogeneous environments.   

3.3.2 New York City  

The four NYC flights during AEROMMA passed over or near ten Pandora stations (Fig. 

3.8). The density of the monitors allows us to evaluate the daily and spatial variability of Pandora 
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HCHO. I use both the tropospheric columns derived from the MAX DOAS mode and the total 

columns from the DS scans. I do not analyze NO2 because significant spatial heterogeneity in this 

domain degrades comparisons. Additionally, the PAA of several Pandoras are pointing away from 

the flight path (Table 3.1), making it difficult to determine whether aircraft-Pandora differences 

reflect instrument biases or urban NO2 gradients.   

 

Fig. 3.8 Flight tracks for NYC1 (20230726), NYC2 (20230728), NYC3 (20230809), and NYC4 

(20230816) colored by observed HCHO. Pandoras are marked as triangles. The altitude time series 

is included beneath the flight tracks colored by HCHO. The times and locations of vertical profiles 

discussed in sect. 3.3.2 are outlined in black. 

 Flights occurred within distinct meteorological and air quality conditions. NYC1 and 

NYC2 sampled under clear skies and warm surface temperatures (upper 80s to lower 90s F and a 

heat advisory during NYC2). Ozone exceedances occurred on both days, and the Air Quality Index 

(AQI) was labeled ñunhealthy for sensitive groups.ò Mean observed HCHO was 2.3 ppb and 2.6 

ppb for NYC1 and NYC2, respectively, with the highest mixing ratios over Long Island (LI) in the 
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midafternoon. Observed HCHO varied across the flight track these days (standard deviation 0.94 

ppb and 0.70 ppb for NYC1 and NYC2, respectively), likely reflecting variability in both VOC 

emissions and oxidation rates.  

NYC3 was slightly cooler (temperatures in the mid-80s) with moderate westerly winds and 

generally clear skies (with a few scattered cumulus in the afternoon). The BL is well mixed with 

moderate winds of 5-10 kts (2.5-5 m/s) near the surface (Fig. 3.9). HCHO mixing ratios were lower 

and less variable on this day, (mean 1.6 ppb, maximum of 2.6 ppb, standard deviation 0.3 ppb). 

Higher HCHO tends to be located over LI and downtown New York City.  

There was scattered rain the night before and the morning of NYC4. The skies began to 

clear in the afternoon, but the domain remained partially cloudy all day, causing the DC-8 to take 

a different path than the previous flights. A stationary front to the south kept winds relatively calm 

(under 5 kts near the surface; Fig. 3.9). The mean observed HCHO remained relatively low (1.6 

ppb) but with more variation than the previous flight (standard deviation 0.63 ppb). The maximum 

observed HCHO was 3.9 ppb with elevated levels occurring over Manhattan at 2:30 PM local time 

and over LI in the late afternoon. The AQI was ógoodô to ómoderateô on both NYC3 and NYC4.  

3.3.2.1 Pandora Tropospheric and Total Column Time Series 

Figure 3.10 shows the 30 minute averaged time series of MAX DOAS tropospheric HCHO 

columns (Fig. 3.10a-d) and DS total HCHO columns (Fig. 3.10e-h) for the four NYC flight days. 

Individual stations (colored lines) and the average of all stations (gray dotted line) are included. 

Continuous data from Pandoras illustrate both the diurnal cycle and spatial variability of HCHO 

columns across the NJ-NYC-CT domain. These observations provide important insight into the 

temporal evolution of VOCïNOx interactions throughout the day (Sebol et al., 2024; Singh et al., 

2024).  
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Fig. 3.9 Skew T and hodograph on (left) August 10th 00Z KOKX and (right) August 17th 00Z 

KOKX. The red lines are Temperature (Celsius) and the green lines are the dewpoint (Celsius). 

There was a deep and well mixed BL on NYC3 and calm surface winds. NYC4 has a shallow BL 

with a saturated surface and mild winds. 

There is evident spatial variability in MAX DOAS HCHO on NYC1, NYC2, and NYC4. 

In contrast, the HCHO columns on NYC3 are lower and are more uniform across all monitors. 

This pattern aligns with the meteorological conditions on this day which featured moderately 

stronger horizontal winds and a deeper, well-mixed BL (Fig. 3.9).  

Afternoon enhancements in tropospheric HCHO columns are observed on all days, 

however, the peak HCHO levels occur at different times across the domain. For example, on 

NYC1, BayonneNJ reaches its maximum HCHO at 1pm EDT while NewBrunswickNJ, 35 km 

away, continues to increase until 5pm EDT. WestportCT and OldFieldNY, both along the coastline 

of the Long Island Sound (LIS), remain relatively constant until approximately 2 pm EDT after 

which HCHO rapidly doubles. These observations highlight the ability of Pandoras to capture 

detailed temporal and spatial variations in HCHO, particularly near the land-ocean interface. This 

information complements ñsnapshotò aircraft measurements. 
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DS total column HCHO exhibits greater variability and more pronounced afternoon 

enhancements compared to MAX DOAS. On NYC1 and NYC2, MAX DOAS HCHO increased 

approximately 50% from morning to afternoon, while DS HCHO nearly doubled. Similarly, on 

NYC3, MAX DOAS HCHO doubled, but DS columns increased by 125%, with greater variability 

across stations. Despite clear-sky conditions, data gaps are still present in DS mode at certain sites, 

such as ManhattanNY-CCNY and MadisonCT, due to the higher sensitivity to atmospheric 

interference. As DS HCHO retrievals have higher uncertainty than MAX DOAS, more data are 

excluded during data filtering.  

 

Fig. 3.10 MAX DOAS tropospheric column (a-d) and DS total column (e-h) HCHO from NYC 

Pandoras on the four flight days averaged to 30 minutes. The individual stations are colored, and 

the mean value is shown as the dotted gray line. The hourly domain average TEMPO HCHO 

column is included on NYC3 and NYC4 as the solid black line. 
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Limitations of both MAX DOAS and DS HCHO columns are apparent on NYC4, a mostly 

cloudy day. In the morning (8-12 EDT), when the clouds were most persistent, most data exceeded 

the uncertainty threshold, however some MAX DOAS scans remain. After 12 EDT, once the 

clouds start to dissipate, all operational Pandoras produce valid MAX DOAS data revealing a 

strong east-west gradient in HCHO columns. In contrast, DS data were largely unavailable during 

this day, remaining sparse even after the clouds began to clear. The uncertainty in DS columns 

even during partial cloudiness makes data interpretation difficult. 

These results align with the in situ airborne HCHO observations. Spatial variability was 

greater on NYC1 and NYC2 compared to NYC3, which had a low standard deviation (ů = 0.32 

ppb) and a small range (~2 ppb for the flight). An east-west gradient was observed on NYC4, with 

values of the western being 2-3 times greater than those on the eastern side. From 12:30-18:30 

local time (the earliest and latest times of flight for this domain), the mean in situ mixing ratios 

(averaged from the data shown in Fig. 3.8), MAX DOAS columns, and DS columns are 53% 

greater on NYC1 and NYC2 than on NYC3 and NYC4.  

The locations of the peak Pandora HCHO generally align with the highest in situ values. 

The largest in situ HCHO on NYC1 and NYC2 occurred over LI and downtown NYC around 15 

and 16 EDT, respectively. These observations are consistent with elevated Pandora HCHO at 

similar times seen at OldFieldNY, WestportCT, and ManhattanNY-CCNY, indicating spatial 

consistency between the in situ and ground based spectrometers.  

3.3.2.2 Vertical Profiles  

While the DC-8 did not conduct high-altitude profiles over NYC as in the Edwards AFB 

case study, partial profiling was carried out on each flight allowing for comparisons with Pandora 

MAX DOAS vertical profiles. These times and locations are outlined in black on Fig. 3.8. 



 

68 

 

Comparisons are limited to the Pandoras closest to each aircraft profile and those that had valid 

long scans (11 or 13 levels). This is not ideal for evaluation of Pandora performance as differences 

may arise from air mass heterogeneity; however, it provides data for considering differences in 

vertical profiles. The DC-8 covered the approximate BL over the LIS, LI, and CT on NYC1 and 

NYC4 spanning from 0.11 to 1.92 km (NYC1) and 0.12 to 1.72 km (NYC4) and over a relatively 

large horizontal distance. The closest Pandoras to these profiles are OldFieldNY, WestportCT, and 

NewHavenCT. Spirals were done during NYC2 (from 0.13 to 3.02 km) and NYC3 (0.20 to 2.96 

km) just west of the MadisonCT Pandora. Due to the height of surrounding buildings in NYC, 

surface concentrations from Pandoras may be limited.   

Figure 3.11a compares partial columns from in situ and Pandora observations. Pandora 

vertical profiles (taken within Ñ 45 minutes of the aircraft profile time) are integrated over the 

altitude range covered by each aircraft profile. To highlight relative differences, columns are 

normalized to the in situ columns values on that day. Figure 3.11b-e shows the full vertical profiles.  

Four of the six Pandora columns are greater than corresponding in situ columns (averaged 

over the same distance) primarily due to greater partial columns in the lower BL. On NYC1, 

WestportCT is 52% greater than the in situ column. The vertical profile at this site shows higher 

Pandora values from the lowest levels up to the BL height, where the difference reverses sign. On 

NYC4, NewHavenCT is 77% greater. In this case, Pandora values are greater both near the surface 

and above the BL. On this day, there was a lower, and less defined inversion. Neither the in situ 

HCHO nor these three Pandoras exhibit a distinct decrease at any altitude, rather they remain 

relatively constant from 0.12 to 1.72 km. 
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Fig. 3.11 (a) HCHO partial columns from integrated in situ observations during DC-8 profiles 

and mean Pandora MAX DOAS scans during the same time frame (Ñ 45 minutes) from the 

nearest operational monitors normalized to the in situ column. Actual column values in 1015 

molecules/cm2 are included as the white text on the bars. I include 15% error (shaded red area) 

representing instrumentation accuracy of the in situ data; uncertainties for Pandora vertical 

profiles are not available. (b-e) Vertical profiles of HCHO from the NYC flights including the 

airborne in situ data (black solid line) and individual Pandora profiles (colored lines). Data are 

binned to 250m (except the NewHavenCT profile on NYC3). Dotted gray lines denote 

approximate boundary layer heights based on potential temperature gradients (not shown). 

The only case when Pandora column HCHO is lower than the in situ occurs on NYC2 

where OldFieldNY is 37% lower. This notable difference may be explained by the viewing 

geometry of the instrument. The Pandora uses a 38Ü PAA, facing the LIS, a region which is likely 

to exhibit lower HCHO concentrations compared to the areas sampled by the DC-8. This highlights 

how the distance and the heterogeneity of HCHO must be considered. 

The most direct comparison to in situ data on these four days is on NYC3 with the 

NewHavenCT Pandora. The DC-8 completed a spiral just west of the Pandora and a single long 
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scan was taken during the given time window. The integrated columns have near perfect agreement 

(both 5.6 x 1016 molec/m2). Pandora HCHO is greater from the lowest level (0.45 km) to 1 km. 

From there, the Pandora becomes lower than the in situ profile. 

 In an area such as New York City, where there are a variety of primary and secondary 

sources of HCHO and land/water meteorological influences there can be a horizontal gradient of 

HCHO that must be considered when interpreting Pandora columns. However, the Pandora MAX 

DOAS product does depict the day-to-day variability in total column amount, even while not 

capturing the precise profile shape, particularly in a deep, well-mixed BL. Future validation efforts 

would benefit from direct coordination between flight planners and the Pandora operators. Special 

attention in future validation efforts should be given to days with differing meteorological 

conditions (BL height, wind patterns, clouds, etc.) to better understand the performance of the 

Pandora instruments. 

 

3.3.2.3 TEMPO  

Pandora column HCHO can be directly compared to TEMPO satellite retrievals during 

NYC3 and NYC4 (NYC1 and NYC2 occurred prior to TEMPO launch). Daily average TEMPO 

HCHO columns for these two days are shown in Fig. 3.12a and 3.12b. Just as in Pandora MAX 

DOAS columns and in situ observations, TEMPO HCHO is relatively uniform on NYC3, with 

only slightly elevated HCHO over downtown NYC and LI (mean 9.6 Ñ 2.4 x 1015 molec/cm2), 

while on NYC4 there is greater mean HCHO column with an east-west gradient (12.8 Ñ 5.0 x 1015 

molec/cm2). 
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The number of valid pixels for each grid point and the total percentage of valid data for the 

domain are shown in Fig 3.12c and d. During NYC3, there was never less than 50% available data 

points until 17 EDT. In the late afternoon a few scattered cumulus clouds formed restricting some 

data along the CT coast. During NYC4, cloudiness reduced the fraction of valid pixels (> 75%) 

until 1 pm EDT. After that, the skies cleared marginally, and valid data increased to nearly 50% 

for the rest of the day.  

 

Fig. 3.12 (a,b) Daily average TEMPO HCHO columns for NYC3 and NYC4 from 8-17 EDT. (c,d) 

Number of data points included in the average for each grid box and time series of the percentage 

of valid data in the domain. 

Mean hourly TEMPO HCHO columns are shown as the solid black line in Fig. 3.10c,d,g, 

and h. On NYC4 the mean value represents low-cloud areas only and thus may not be 

representative of the whole region. The agreement between average Pandora MAX DOAS HCHO 

columns and TEMPO HCHO columns is within 11% on NYC3. The standardized mean difference 

(SMD) takes the difference between two means and normalizes based on a weighted standard 

deviation of the data. In this case, SMD = 0.14, indicating a difference of less than one standard 
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deviation. Both products show a similar afternoon increase in time and magnitude. On a clear-sky, 

well-mixed day (NYC3), the ten Pandoras agree with the mean TEMPO retrievals for this NYC 

domain. In contrast, TEMPO HCHO is 30 ï 40% lower than Pandora DS HCHO across the day of 

NYC3 (SMD = 1.3; over one standard deviation difference). 

The agreement on NYC4 is influenced by the clouds. TEMPO reports twice the amount of 

HCHO as  MAX DOAS HCHO from 8-13 EDT. However, starting around 14 EDT, the agreement 

between the two datasets improves, with a mean discrepancy of only 11% as data availability 

increases (Fig. 3.10d). At this time, valid TEMPO pixels never exceed 50%, but all 8 operational 

Pandoras (WestportCT and NewLondonCT were down on this day) have valid data. While TEMPO 

data lacks complete coverage under partially cloudy conditions, the MAX DOAS, which observes 

from the bottom-up, still provides valid data based on our filtering assumptions. DS HCHO is 

typically not valid under even partial cloud cover. Only BayonneNJ and OldFieldNY offer 

continuous DS HCHO. 

To provide a more robust comparison, I extend the analysis for the entire month of August 

2023. Fig. 3.13 shows the correlation between mean hourly TEMPO HCHO and MAX DOAS 

HCHO (Fig. 3.13a) and DS HCHO (Fig. 3.13b) averaged over all stations from August 2nd to 

August 31st for the same NYC domain. For this analysis, I modify the Pandora filtering 

methodology by not removing data with greater than 30% uncertainty to reduce bias from 

eliminating low column amounts. I use the Theil Sen regression method where the slope is 

determined by finding the median of the slopes between all pairs of points (Ohlson and Kim, 2015) 

which reduces bias from outliers. Table 3.3 summarizes these statistics.  



 

73 

 

 

Fig. 3.13 Average TEMPO HCHO column for NYC versus average NYC Pandora MAX DOAS 

tropospheric column (a) and Direct Sun total column (b) from August 2nd to August 31st, 2023. 

Markers are colored by the percentage of available TEMPO data for the domain. Data from NYC3 

and NYC4 are outlined as the red Xôs and blue crosses, respectively.  Theil Sen lines of best fit for 

all data (dotted) and those with > 20% valid data (solid) are included. 

All three metrics comparing TEMPO and MAX DOAS HCHO (slope, y-intercept, and R2) 

improve by removing the cloudiest points or when the fraction of valid TEMPO data across the 

domain is less than 20%. The cutoff value of 20% was chosen to provide the best correlation while 

retaining the most data points (Fig. A.12). On average, TEMPO HCHO is greater than MAX 

DOAS HCHO at higher concentrations. The differences between NYC3 and NYC4 are apparent 

where NYC3 follows the pattern of the clear sky data points and NYC4 has very little correlation 

to TEMPO. Similarly, removing the cloudiest of data points improves all three metrics for the 

TEMPO HCHO and DS HCHO comparison. The slope of 0.97 and a higher y intercept of 2.0 x 

1015 molec/cm2 indicates a systematic difference between TEMPO HCHO and DS HCHO, not 

dependent on the magnitude of column HCHO. These results suggest an unidentified source of 

bias in TEMPO HCHO. According to a priori HCHO profiles provided with the TEMPO retrieval, 
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approximately 10-15% of the HCHO column should reside above the ~3 km ceiling of the Pandora 

MAX DOAS retrieval.  

Table 3.3 Theil Sen regression parameters (slope, y-intercept, and RĮ) corresponding to the data 

shown in Fig. 3.13, representing the relationship between TEMPO HCHO and Pandora HCHO. 

>20% refers to the removal of data points when the fraction of valid TEMPO data across the 

domain is less than 20%. 

 

TEMPO v MAX DOAS 

All > 20% NYC3 NYC4 

Slope 0.63 0.85 0.80 -1.4 

Y-Intercept 

(molec/cm2) 
1.2x1015 8.0x1013 9.2x1014 2.5x1016 

R2 0.24 0.66 0.99 0.25 

 

 TEMPO v Direct Sun 

 All > 20% NYC3 NYC4 

Slope 0.75 0.97 0.94 -1.4 

Y-Intercept 

(molec/cm2) 
3.6x1015 2.0x1015 3.9x1015 3.1x1016 

R2 0.32 0.68 0.94 0.35 

 

3.4 Conclusions 

The PGN provides long term, continuous trends of column HCHO and NO2, filling 

observational gaps in airborne observations and providing information under clouds where 

TEMPO cannot see. It is imperative to understand the strengths and limitations of the PGN, 

especially as it is a key component to the TEMPO validation plan and the HCHO products are 

relatively new and unvalidated themselves.  

This evaluation includes a vertical spiral conducted by the DC-8 over the EdwardsCA 

Pandora monitor in southern CA and four flights that took place in and around New York City. I 



 

75 

 

find that integrated HCHO columns are consistent between Pandoras and in situ airborne 

measurements. However, the shape of the Pandora HCHO profile is biased high near the surface 

(lower 0.5 km) and then biased low beneath the top of the BL under well mixed conditions as 

shown in the EdwardsCA case study. This pattern of disagreement also manifests on a well-mixed 

day in NYC. Work is ongoing in the Pandora group to isolate and correct this artifact.  

 Due to the greater spatial heterogeneity of NO2, particularly in urban areas, the comparison 

between Pandora and other data must be taken with extra care to ensure the same space is 

measured. The EdwardsCA spiral showed a significant surface enhancement outside the viewing 

angle of the Pandora but within the horizontal range of the slant columns. Without consideration 

of the viewing angle, the MAX DOAS NO2 in the bottom 0.5 km is 27% lower than the in situ 

tropospheric column and 15% greater after removing the enhancement showing a similar altitude 

discrepancy as in HCHO. However, above this enhancement, the Pandora NO2 vertical profile is 

on average 55% lower than the in situ observations. This issue is likely relevant for comparison of 

Pandora and TEMPO NO2, especially in urban areas. To mitigate such issues, future validation of 

TEMPO and Pandora NO2 should focus on more homogeneous regions, such as suburban and rural 

areas.  

The day-to-day variability in Pandora HCHO over NYC aligns with the in situ HCHO 

trends, where the greatest values are observed on the first two flight days. Collectively, the ten 

Pandoras deployed across NYC effectively represent the relative distribution of HCHO offering 

context for interpreting air quality conditions and ozone exceedances. Pandoras also provide 

detailed information regarding spatial and diurnal variations in HCHO, such as differences 

between urban and coastal sites. The DS HCHO appears to be more sensitive to data availability, 

particularly under cloudy conditions whereas MAX DOAS HCHO exhibits lower uncertainty.   
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I also compared TEMPO HCHO retrievals to Pandora columns during the AEROMMA 

time frame. According to the current TEMPO version 3 user manual, data with a cloud fraction 

above 0.2 should not be used for analysisð a threshold that is more conservative than the 0.3-0.4 

typically used for other satellites. As a result, data availability is limited under even moderately 

cloudy conditions. However, there are still continuous MAX DOAS HCHO data under partially 

cloudy conditions which, being observed from the ground up and through differential slant 

columns, is not as sensitive to the presence of clouds. When eliminating the cloudy hours (data 

availability < 20%) the correlation between TEMPO HCHO with Pandora MAX DOAS HCHO 

(R2 = 0.65) and DS HCHO (R2 = 0.70) improves. The MAX DOAS HCHO has a dependency on 

the magnitude of HCHO while the DS HCHO appears to have a more consistent high offset to the 

domain average TEMPO HCHO.  

Future efforts to validate PGN data would benefit from tight coordination between the 

flight mission planners and the PIs of the Pandora instruments. While the PGN has guidelines for 

usage, individual PIs determine the frequency and schedule of each scan mode, complicating 

consistent comparisons between monitors. For example, some monitors prioritize short MAX 

DOAS scans over long scans. While this method provides more tropospheric columns to analyze, 

the short scans provide less detail in the full profiles. A validation plan for the MAX DOAS profiles 

must include long scans within 30 minutes of the aircraft profile. The PAA of the Pandoras is semi-

fixed and usually chosen to avoid tall buildings or trees that would cause interference. Because of 

this the viewing angle of the Pandora is not always easy to change. Flight planners for future 

missions should be aware which angle the Pandoras are pointing to collect data for accurate 

comparisons, particularly regarding NO2. In the same vein, Pandora site selection might include 
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consideration of air traffic restrictions. Balloon or drone-borne measurements may provide an 

alternative for less costly and more frequent vertical profile comparison (Bailey et al., 2024).  

A clearer understanding of the Pandora data quality filtering process and quantitative 

uncertainties for all data products are also necessary for the broader research community. 

Currently, there are no official materials offering guidance on this procedure, largely due to the 

limited number of formal validation studies particularly on the MAX DOAS HCHO and NO2 and 

the DS HCHO products. Robust uncertainty estimates and transparent quality assurance 

procedures will enhance the scientific utility of these datasets.  
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Chapter 4: Formaldehyde Sources Over Thailand During ASIA-AQ 

 

4.1 Introduction  

Southeast Asia experiences some of the worst air quality in the world and according to the 

Stockholm Environment Institute (Nikam et al., 2021), ten of the fifteen most polluted cities in 

the region are in Thailand. Parts of the country regularly have more than 100 days of ozone 

exceedances every year based on their national standard of 100 ppb over a 1 hour average. While 

national average concentrations of ozone have remained relatively stable for the past two 

decades, the northern region has experienced a small increase in ozone levels as illustrated in 

Fig. 4.1 (Li et al., 2025; Nikam et al., 2021). Projections under future climate change scenarios 

suggest health impacts related to ozone exposure across Thailand are likely to worsen (Fang et 

al., 2025). 

 

Fig. 4.1 The average annual levels of ozone (maximum one-hour average) from 2008-2018 in 

different locations in Thailand (Nikam et al., 2021). 

Poor air quality can be attributed to a variety of sources, including vehicle emissions, 

industrial activity, and waste burning in urban areas. During the dry season, which extends from 

January through April, more frequent biomass burning leads to enhanced emissions of VOCs and 
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NOx, particularly in the heavily forested regions in the north (Fig. 4.2;Nikam et al., 2021). 

Burning during maize cultivation is often cited as a major source of the worsening air quality, 

although the extent of this impact is still debated (Mostafanezhad et al., 2025). In addition to 

local sources, transported emissions from neighboring countries (e.g. Myanmar, Cambodia) 

contribute to Thailand's poor air quality (Nikam et al., 2021). 

 

Fig. 4.2 Land use/cover map of Thailand in 2020. Region: NR: northern region; NER: 

northeastern region; CR: central region; WR: western region; ER: eastern region; BV: Bangkok 

and its vicinity; SR: southern region. Capital and city: BK: Bangkok; CM: Chiang Mai; CR: 

Chiang Rai; HH: Hua Hin; HY: Hat Yai; MP: Muang Phayao; NP: Nakhon Potchasima; PK: 

Phuket; PT: Phattaya; SK: Songkhala. River: HSB: Huai Se Bok; LCK: Lam Chiang Krai; LDY: 

Lam Dom Yai; MK: Mekong; MNM: Mae Nam Mun; MNN: Mae Nam Nan; NMP: Nam Mae 

Ping; SL: Salween (Wang et al., 2022) 

Thailand has invested substantially in air quality monitoring and research. The Pollution 

Control Department (PCD) operates ground monitors around the country and develops detailed 

emission inventories to drive atmospheric models, however extensive uncertainties remain 
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(Verma et al., 2023). Despite these efforts, Thailand lacks a comprehensive, unified air quality 

management system. A mixture of regional and national attempts at improving air quality has 

confused jurisdiction and mitigation strategies as well as effective enforcement. There have been 

several attempts to implement burn bans, however they have largely been ineffective 

(Mostafanezhad, 2025). Limited data availability and the challenge of balancing environmental 

protection with economic growth complicates setting priorities (Nikam et al., 2021).  

Nonetheless, Thailand has demonstrated successful interventions in some sectors. For 

example in 1994, 87% of all vehicles in Bangkok had two-stroke engines, which emit nearly 

twice as much VOCs compared to four-stroke engines. After clear government incentives, 

enforced emission standards and testing, and public education, nearly all vehicles sold by 2005 

utilized four-stroke engines (Nikam et al., 2021). 

The geostationary satellite Geostationary Environment Monitoring Spectrometer (GEMS) 

has been providing hourly column measurements of HCHO and NO  over parts of Asia 

(including Thailand) since launching in February 2020. Past studies have used satellite HCHO 

columns to infer VOC emissions (for example, emissions of isoprene) and track their trends 

(Marais et al., 2014; Kaiser et al., 2018; Johnson et al., 2024; Pu et al., 2022; Stavrakou et al., 

2018).  

To accurately interpret measurements of HCHO, it is important to understand the 

mechanisms driving production of HCHO. It is necessary to distinguish the contributions of 

primary emissions of HCHO versus secondary formation from VOC oxidation, and to quantify 

the relative influence of urban anthropogenic sources compared with biomass burning and 

biogenic emissions. Determining these contributions enhances our understanding of the chemical 
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mechanisms driving ozone production in Thailand and provides information useful in effective 

strategies to mitigate air pollution.  

To investigate these questions, I use airborne measurements of HCHO and other VOCs over 

Thailand during March 2024. I utilize a box model and machine learning regression models to 

evaluate the agreement between modeled and observed HCHO and to identify the VOCs most 

important to the formation of HCHO. Our analysis distinguishes between northern regions (near 

Chiang Mai) and southern regions (near Bangkok), which are characterized by substantially 

different emission characteristics.  

 

4.2 Data/Methods   

4.2.1 ASIA-AQ 

NASAôs Airborne and Satellite Investigation of Asian Air Quality (ASIA-AQ) mission is 

an international field study with the goal of investigating local air quality, quantifying emissions, 

and validating satellite measurements across several Asian countries. Four flights took place over 

Thailand on March 16th, 18th, 21st, and 25th, 2024, hereafter referred to as TH1, TH2, TH3 and 

TH4, respectively. The DC-8 was equipped with many instruments including NASA Goddardôs 

In Situ Airborne Formaldehyde (ISAF). Most VOCs used in this study are measured using Trace 

Organic Gas Analyzer with Time-of-Flight Mass Spectrometer (TOGA) which has a sampling 

window of around 2 minutes. A full list of measurements used in this study can be found in Table 

A.2.  
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4.2.2 Remote Sensing 

I use Visible Infrared Imaging Radiometer Suite (VIIRS) satellite data to identify active 

fire hotspots based on infrared detection (Schroeder et al., 2014). I use daily counts of hotpots on 

the flight days to determine the temporal and spatial distribution of fires in Thailand. The 

observations may be obstructed by cloud cover or haze, reducing the visibility of hotspots and 

small fires.  

The Geostationary Environment Monitoring Spectrometer (GEMS) is a geostationary 

satellite instrument covering much of Asia that reports column amounts of HCHO and NO2 every 

hour at a spatial resolution of 7 x 8 km (Kwon et al., 2019; Kim et al., 2020). GEMS was 

launched in February 2020, and one of the goals of the ASIA-AQ mission was to provide 

validation for GEMS retrievals. In this study, version 3 Level 2 HCHO data are used. The data 

are gridded to a 7 x 8 km resolution using a nearest-neighbor approach within a domain bounded 

by latitudes 12.0Á- 20.8Á and longitudes 97.2Á- 103.5Á. Pixels are screened to include only those 

with effective cloud fractions less than 0.30 and data quality flags equal to 0. Daily mean GEMS 

HCHO columns are calculated by averaging hourly HCHO values within each grid cell. 

4.2.3 HYSPLIT 

I apply HYSPLIT back trajectories using Global Data Assimilation System (GDAS) 1Ü 

resolution (Stein et al., 2015) to examine airmass history for the four flight days. For all four 

days, 24 hour back trajectories are calculated ending at 10AM local time at the Chiang Mai and 

Bangkok (Don Mueang) airports at 500 m. Although the flight tracks sample across several 

airports in Thailand, back trajectories were calculated only for Chiang Mai and Bangkok. These 

cities represent major urban centers with distinct emission characteristics and are located at 
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northern and southern ends of the flight tracks, providing contrasting data on air mass history 

across Thailand. 

4.2.4 Ground AQS Sites  

Thailand's Pollution Control Department (PCD) operates a network of approximately 50 

air quality monitoring stations that measure ozone. Ozone levels are measured using UV 

absorption spectroscopy at hourly intervals. Fig. 4.3 shows the spatial distribution of these sites 

and the number of MDA8 ozone exceedances from January through April 2024. Only stations 

with complete data for this time are included in this figure. Notably, many monitoring sites in 

Chiang Mai and Bangkok do not report ozone despite being centers of large populations. Among 

the stations with valid data, some recorded up to 67 ozone exceedance days out of 4 months of 

data, while the average across all reporting sites was 15 exceedance days (or 12% of this time 

period).  

 

4.2.5 F0AM 

I use the box model F0AM to model HCHO (Wolfe et al., 2016a). Simulations are set up 

in a similar manner as in section 2.2. The model is constrained by observations of meteorological 

variables such as temperature, pressure, relative humidity, inorganic species including NO2, NO, 

O3, and SO2, as well as VOCs. Input variables are averaged to the TOGA sampling time. 

Secondary VOC such as acetaldehyde, MVK, and MACR are initialized with measured values 

but not constrained throughout the model run and unobserved species are initialized at 0 ppb. 

Photolysis frequencies are measured using CCD Actinic Flux Spectroradiometers (CAFS; 

Shetter and M¿ller, 1999). I assume constant overhead ozone (325 DU) and surface albedo (0.2). 

I utilize the Master Chemical Mechanism version 3.3.1 (hereafter referred to as MCM; Jenkin et 
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al., 2015) with Biomass Burning updates (Decker et al., 2019) which includes chemistry for 

furans and several other VOCs identified in recent lab and field studies.  

  

Fig. 4.3 PCD AQS sites in Thailand. Sites are colored by the number of exceedances that 

occurred from January through April 2024. Days with fewer than 100 days of data are shown as 

open circles. Red line shows the DC-8 flight track on TH4 for reference.  

 

4.2.5.1 Sensitivity Tests 

In this study, I characterize the sensitivity of modeled HCHO to its VOC precursors. To 

do this, I conduct F0AM sensitivity tests using two complementary approaches. In the first 

method, I remove one VOC at a time from the F0AM constraints and calculate the resulting 

change in HCHO relative to the original run in which all VOCs are constrained. Hereafter, this is 

referred to as óremove VOCô method. In the second approach, I run a control simulation with no 

VOCs and then one at a time constrain the model to each individual VOC. The difference in 
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calculated HCHO between the control run and the run with a single constrained VOC represents 

the amount of HCHO produced from that specific VOC. This is referred to as the óadd single 

VOCô method. 

 

4.2.6 Machine Learning  

Machine learning (ML) models are powerful tools that can be used in atmospheric modeling. 

Regression models have been used to predict ozone and other atmospheric components using 

data such as satellite, surface monitors, and aircraft measurements (Masih, 2019; Anderson et al., 

2022; Mueller et al., 2025). In this study I will use a regression model to test if observed VOCs 

can predict observed HCHO (HCHOobs) and inform on the most important predictors. I will also 

see if ML can reproduce results of modeled HCHO (HCHOmod) calculated from F0AM and 

examine how the sensitivity tests may be different from a correlation importance.  

I use 10-fold cross-validation to compare two algorithms: random forest (RF) and an 

Extreme Gradient Boosting Model (XGBoost or XGB). RF, a type of bagging algorithm, 

involves many independently created decision trees, each trained on a different, random portion 

(80% of data) of data and the final answer is an average of all trees. XGBoost builds trees that 

continuously improve based on the error of the previous tree. Both methods are commonly used 

in atmospheric science prediction studies (Reid et al., 2015; Gupta et al., 2021) due to their low 

Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). I use the sci-kit sklearn 

package for Random Forest and xgboost package version 3.0.5.  

I input all VOCs which are used to test HCHO model sensitivity in F0AM for a total of 67 

features. The goal is to understand which VOCs are important for predicting HCHO and if these 
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are the same as the most important from a chemical perspective that is provided in a 0-D 

chemical box model.  

These two packages have many hyperparameters that minimize error and change the 

accuracy of the model. To test for the best combination of hyperparameters, I utilize the package 

Optune (version 4.5.0) which tries many combinations of hyperparameters (in this case 50) for 

the best model performance of RMSE. The hyperparameters used for both ML models (RF and 

XGB) are shown in Table 4.1.  

To quantify the importance of each VOC that the ML model is trained on, I use a permutation 

method which measures the model performance degradation when a feature's values are 

randomly shuffled. A high positive permutation importance indicates that the model error was 

very sensitive to that features values and hence very important. A low value indicates that feature 

values had little impact on the model. A negative value means that for that training set, 

scrambling the values of the feature improved the error.  

Table 4.1 Optimized hyperparameters for Random Forest and XGBoost models obtained using 

Optuna to minimize error.   

Random Forest (RF) Value  XGBoost (XGB) Value 

number of estimators 700  number of estimators 253 

maximum tree depth 28  maximum depth 7 

minimum samples per split 2  learning rate 0.025 

minimum samples per leaf 2  subsample 0.699 

maximum number of features sqrt  column sample by tree 0.67231 

bootstrap False  gamma 0.0315 

   minimum child weight 8 

   L1 regularization 0.301 

   L2 regularization 0.469 
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4.3 Results  

4.3.1 Observations and Regional Context 

Each of the four flights in Thailand followed a similar flight track (Fig. 4.4) starting in 

the south at Utapao airport (number 1 on the map) and making two loops, going as far north as 

Chiang Mai (number 4).  Flights began in the morning (from 8-10AM local) and ended in the 

afternoon (4-6pm local). Along the way, low approaches were performed at each labeled airport 

on the map providing full boundary layer profiles. Unless otherwise stated, results are limited to 

data below 1.5 km. I divide the data into two groups. The 'North' group includes data from 

latitudes greater than 16.5ÁN and covers the four northernmost airports, including Chiang Mai. 

The 'South' group includes data from latitudes less than 14.3ÁN and consists of the two southern 

airports, including Bangkok. These designations of North and South will be used throughout the 

remainder of this chapter. Flight tracks are colored by hydrogen cyanide (HCN), a long-lived 

(lifetime several months) fire tracer emitted during biomass burning (Li et al., 2000).  

There are unique meteorological patterns on these four days. TH1 was sunny, and surface 

temperatures were in the mid-70s  in the north and the upper 80s  near Bangkok. Abundant 

fire hotspots (Fig. 4.4) and elevated HCN in the north (BL mean= 1.8 ppb; max= 7.3 ppb) 

compared to the southern portion of the flight (BL mean= 0.72 ppb; max= 2.6 ppb), indicate that 

fire influence was greater in the north and relatively lower in the south.  
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Fig. 4.4 Flight track of the four Thailand flights (a) TH1 (b) TH2 (c) TH3 (d) TH4. The flight 

tracks are colored by HCN (ppb). Labels for each airport at which a missed approach occurred. 

1: Utapao; 2: Don Mueang (Bangkok); 3: Sukhothai; 4: Chiang Mai; 5: Phrae; 6: Phitsanulok. 

Fire hotspots identified by VIIRS are shown as red dots. 

Fire activity was more spread out on TH2, compared to TH1, with less dense hotspots in 

the north on the day of TH2. However, dense fire hotspots were still detected in Myanmar in the 

North. Average HCN observations in TH2 were 1.44 ppb, similar to TH1 but the lower maximum 

HCHO on TH2, 4.64 ppb, indicates the DC-8 did not sample plumes as concentrated as the 

previous flight day, but due to the persistent fires several days before, the air was still influenced 

by smoke. Surface temperatures along the flight track of TH2 ranged from mid to upper 80s .  
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Fig. 4.5 HYSPLIT 24 hour back trajectories starting from Chiang Mai airport and Don Mueang 

(Bangkok) on the four flight days at 500 m. Trajectories are calculated with the Global Data 

Assimilation System (GDAS) 1Á meteorology. 

Heavy rainfall occurred across most of the country the day before TH3. There was no 

rain on the day of the flight, but the sky remained partially cloudy. There was a decrease in 

identified hotspots on this day for most of the country, but most noticeable in the north. Lower 

HCN observations compared to the other flights (mean= 1.06 ppb; max= 2.53 ppb) corroborate 

that there were fewer fires on this day. Following the passage of the low pressure system which 

brought the rain, the winds had shifted. HYSPLIT 24 hour back trajectories (Fig. 4.5) show that 

on TH1,2, and 4 the air in Bangkok originated offshore in the Thailand Gulf. However, on TH3 

the air came from over land in eastern Thailand. Meanwhile in Chiang Mai, the winds were more 

stagnant, not traveling as long of a distance in 24 hours, and with little change between the four 

days.  
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By the final flight, 4 days after TH3, fires had returned in the north. However, HCN 

remained relatively low (mean= 1.10; max=4.10). For several days before TH1, continuous 

heavy fire activity caused chemical species such as HCN to accumulate. 

To put these four flights into broader context, Fig. 4.6 displays MDA8 ozone from 

ground sites across Thailand (Fig. 4.3) from January through April 2024. These sites have been 

divided into northern (latitude > 16.5ÁN) and southern (< 12.5ÁN latitude < 14.2NÁ) sites and 

only include stations west of longitude 102Á E so that values are representative of the conditions 

along the flight track. The daily counts of fires hotspots in these regions (limited to Thailand 

only) are also included as the dashed line.  

 

Fig. 4.6 MDA8 ozone from JanuaryïApril 2024, averaged across AQS stations shown in Fig. 

4.3, for the northern region (latitude > 16.5Á N; blue solid line) and the southern region (12.5Áï

14.2Á N; red solid line), west of longitude 102Á E. Shaded areas indicate the full range of values 

across all stations included in the mean. The number of fire hotspots identified by VIIRS in 

Thailand for the northern and southern regions (using the same latitude and longitude bounds) 

are shown as dotted lines. Flight days are highlighted by gray shaded regions. 

In January, MDA8 ozone levels in the north and south are similar, averaging around 50 

ppb. In January, there were few identified fires (still early in the dry season). However, the few 
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days that experienced more fires, usually in the south, typically corresponded to small 

enhancements in ozone (for example January 17th).  

Beginning in mid-February, the fire activity began to increase in the northern region. 

However there were few fires identified in the Bangkok area which is more urban and does not 

have the agricultural fires that are so common in other parts of the country. The growing intensity 

of fires in the north is accompanied by an increase in MDA8 ozone. The average MDA8 ozone 

from January 1 through February 15 in the north was 47 ppb and increased to 63 ppb from Feb 

15 through April 30th. While the fire activity did not significantly change in the south, the ozone 

actually improved. The mean MDA8 decreased from 46.4 to 34.7 ppb, possibly due to a deeper 

boundary layer and stronger vertical mixing in these weeks.  

The times of the four flights during ASIA-AQ are highlighted on Fig. 4.6. While 

observed fires were relatively lower on TH2, the emissions from the sustained fires for over a 

week previously are still likely to be present. The effects of the precipitation on March 20th are 

clearly seen in the dramatic drop in northern ozone and fires. Ozone observed on TH3 is unique 

for this season in that it is the only day where observed ozone was greater in the south than in the 

north. The other three flights show more typical conditions.  

Fig. 4.7 shows HCHO observed on the four Thailand flights. Areas sampled in the 

previously defined 'north' and 'south' groups are highlighted in red and blue shading, 

respectively. The greatest boundary layer (BL) mean HCHO was observed on TH2 (4.2 Ñ 2.3 

ppb; mean  Ñ standard deviation) following by TH1 (3.7 Ñ 2.0 ppb), TH4 (3.3 Ñ 1.7 ppb), and 

finally TH3 (2.5 Ñ 1.9 ppb). On all days except the third, HCHO was greatest in the north, 

following the pattern of ozone. Overall, the greatest enhancements of HCHO occurred in the 

north on TH1 and TH2, with HCHO reaching 15-20 ppb at the Chiang Mai and Phrae airports 
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near the surface. These spikes are accompanied by enhancements of HCN and other biomass 

burning indicators such as CO.  

 

Fig. 4.7 HCHO time series on each Thailand Flight (black) and altitude (black). Times in the 

North (Lat >16.5ÁN) and South (Lat < 14.3ÁN) are highlighted as red and blue, respectively.  

During TH3, the maximum HCHO was captured in the south despite few identified fires 

and low HCN. Due to the shifting winds, Bangkok and Utapao were receiving continental air 

instead of marine air, bringing more VOCs. Peak HCHO (8.4 ppb) was not correlated with HCN 

but rather with ozone. This shift in correlation perhaps indicates more photochemically produced 

HCHO, rather than direct emissions of HCHO from fires. The Bangkok enhancement of HCHO 

appeared only in the noontime sampling, as morning measurements over the airport were lower, 

peaking at 5.2 ppb.  
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Fig. 4.8 Box plot of various observations in (a) TH1, TH2, and TH4 and (b) TH3. Box and 

whiskers show the median, and 25th and 75th percentile. The blue and red boxes represent the 

South (Lat < 14.3ÁN) and North (Lat >16.5ÁN) data, respectively. Ozone is divided by 10, 

Isoprene and Biomass Burning Tracers (BBTracers), multiplied by 10.  

To examine how fire activity and location affect observations, the four flights are divided 

into high fire activity days (TH1, TH2, and TH4) and a low fire activity day (TH3). Fig. 4.8 

shows how VOCs and several other species vary between these groups, for the northern and 

southern latitudes.  

Median values of HCHO and ozone were greater in the north on the high fire days and 

greater in the south on the low fire day. However, unlike in Fig. 4.6, which shows both a 17 ppb 

increase in observed surface ozone in the south and a 17 ppb decrease in the north on TH3 

compared to TH2, the mean airborne observations of ozone in the south are only 2 ppb greater 

between the high and low fire activity days. Airborne ozone in the north decreased by 8 ppb on 

the day with fewer fires (Fig. 4.8).  
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Other families of VOC such as alkenes, aldehydes, and ketones also have greater 

concentrations in the north on the high fire days and greater concentrations in the south of the 

low fire day. Some VOCs such as isoprene and aromatics did not experience this day to day shift 

in concentrations. Isoprene concentrations (scaled by 10 in Fig. 4.8) range from 0-500 ppt and 

are greater in the north on all days by 0.064 (TH1, TH2, and TH4) and 0.052 ppb (TH3).   

4.3.2 GEMS HCHO  

 

Fig. 4.9 Daily average GEMS column HCHO on the four Thailand flights: (a) TH1, (b) TH2, (c) 

TH3, and (d) TH4. DC-8 flight tracks on the corresponding days are shown as the blue line. 

Labels indicate airports at which missed approaches occurred: (1) Utapao, (2) Don Mueang 

(Bangkok), (3) Sukhothai, (4) Chiang Mai, (5) Phrae, and (6) Phitsanulok. Boxes denote the 

southern domain (12.5Áï14.2Á N, 100.0Áï101.3Á E) and the northern domain (16.5Áï19.2Á N, 

98.8Áï100.4Á E). 
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To complement the in situ airborne observations, GEMS provides continuous spatial 

coverage of HCHO columns across Thailand, showing similar spatial patterns and day to day 

variability in HCHO. Daily mean HCHO columns for the four flight days are shown in Fig. 4.9. 

Two boxes are used to define regional domains: a northern domain encompassing the four 

northernmost airports sampled along the flight track, and a southern domain that includes the two 

southern airports. Mean HCHO columns and standard deviations for these domains are 

summarized in Table 4.2. 

In the southern domain, which includes Bangkok, the greatest mean column HCHO 

occurs on TH3 (1.8 x 10ĭ  molecules/cm2), consistent with the in situ observations. HYSPLIT 

back trajectories indicate that air masses sampled over Bangkok on TH3 originated from 

southeastern Thailand, a region that also exhibits enhanced column HCHO. In contrast, TH2 and 

TH4 exhibit lower mean HCHO columns in the southern domain (1.05 x 1016 and 1.01 x 1016 

molecules/cm2, respectively). The mean HCHO column on TH1 (0.76 x 1016 molecules/cm2) in 

the southern domain is likely influenced by persistent cloud cover throughout much of the day, 

which affected the satellite retrievals in this region.  

In the northern domain, the largest mean HCHO columns are observed on TH1 and TH2 

(1.65 Ĭ 10ĭ  and 1.47 Ĭ 10ĭ  molecules cm Į, respectively). This day-to-day variability is 

consistent with the in situ airborne observations, which also show enhanced HCHO in the 

northern region on these days. GEMS further indicates that TH1 is characterized by more 

widespread HCHO enhancements across northwestern and western Thailand, which are less 

pronounced on TH2. 
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Table 4.2 Daily mean GEMS column HCHO for southern and northern domains in Thailand. 

The southern Thailand region is bound by latitudes 12.5Ü- 14.2Ü N and longitudes 100.0Ü- 101.3Ü 

E, while the northern Thailand domain is bound by latitudes 16.5Ü- 19.2Ü N and longitudes 98.8Ü- 

100.4Ü E. Values are reported as mean (standard deviation) in 1016 molecules/cm2.  

Flight Day Southern Domain Northern Domain 

TH1 (03/16) 0.76 (0.90) 1.64 (0.38) 

TH2 (03/18) 1.05 (0.27) 1.45 (0.42) 

TH3 (03/21) 1.82 (0.45) 1.03 (0.49) 

TH4 (03/25) 1.01 (0.28) 1.12 (0.37) 

 

 

4.3.3 HCHO model performance 

Fig. 4.10 shows the agreement between observed and modeled HCHO given the box 

model set up outlined in sect. 4.2.4. The RMSE between all observed (HCHOobs) and modeled 

HCHO (HCHOmod) is 1.4 ppb. The model agreement is consistent with past studies (Souri et al., 

2023b; Olson et al., 2004a). On average, HCHOmod is less than HCHOobs (slope = 0.75). Our box 

model simulation only calculates secondary HCHO formed during VOC oxidation and does not 

include any primary emissions, which may lead to a low bias in HCHOmod in photochemically 

younger air (Permar et al., 2023). This model also assumes that the chemistry is in a steady state 

condition which may not be accurate at high NOx concentrations (Thornton et al., 2002; Souri et 

al., 2021).  

To investigate this theory, I use the ratio of maleic anhydride to furan (MA/F), a 

photochemical clock for biomass burning emissions (Fig. 4.10). A smaller ratio indicates more 

furan (emitted directly from fires) to maleic anhydride (an end product of furan oxidation) and 
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thus corresponds to a photochemically younger airmass. A larger ratio indicates a 

photochemically aged airmass.  

There is no clear pattern of photochemical age in these samples because furan falls below 

the instrument detection limit (0.5 ppt) in 64% of observations. If these low furan values are 

interpreted as a high MA/F ratio, and therefore older airmasses, the resulting pattern suggests 

that photochemically younger air may indeed be associated with a larger underestimate of 

HCHO.  

However, the observed furan during this study is much lower (ranging from below 

detection to 0.08 ppb) than in other studies that use this photochemical proxy (Gkatzelis et al., 

2021b). The MA/F ratio is most effective for characterizing plumes sampled close to their source 

and only a few hours old, rather than mixed airmasses with photochemical ages of several days, 

as is the case in Thailand during ASIA-AQ. Because the DC-8 did not specifically target fresh 

plumes but instead sampled a combination of air aloft and near the surface at airports, the 

resulting measurements reflect a mixture of both fresh and aged smoke due to the flight patterns 

and the scattered distribution of fires. 
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Fig. 4.10 Comparison of modeled and measured HCHO. Points are colored by the ratio of 

Maleic Anhydride to Furan. Data where Furan is below the detection limit are black triangles. 

The 1:1 line is the dotted black line. 

Despite the uncertainty in the MA/F ratio, the model bias for HCHO generally follows 

the spatial and temporal patterns of heavy fire activity. Figure 4.11 shows that on TH1, TH2, and 

TH4, which experienced higher fire activity in northern regions, the model tended to 

underestimate HCHO. In contrast, in the south near Bangkok and Utapao, the model 

overestimated HCHO, sometimes by as much as a factor of three. The difference in model 

agreement between the northern and southern regions is statistically significant (p < 0.05). 

The pattern reverses on TH3, where the model shows a low bias for HCHO in the south 

and a high bias in the north, despite overall lower fire activity across the country. On this day, the 

airmass in the south originated from the continent and contained elevated concentrations of 


