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SUMMARY 

In the troposphere, ozone (O3) and fine particulate matter (PM2.5) stand out as two 

major pollutants, with their production intricately tied to various photochemical processes 

involving nitrogen oxides (NOx = NO+NO2) and volatile organic compounds (VOCs). A 

better understanding of these chemical processes, along with precise quantifications of the 

relative abundance of the precursors and their regional characteristics, plays a crucial role 

in addressing O3 and PM2.5 pollution. This dissertation utilizes ground- and satellite-based 

observations and model simulations to provide comprehensive insights into the complex 

photochemistry underlying O3 and PM2.5 formation.  

Extensive ground-based observations of trace gases and particles were obtained at 

a rural coastal site in eastern China during the Ozone Photochemistry and Export from 

China Experiment (OPECE) campaign in spring 2018. We first utilized this dataset to 

validate three photoactive heterogeneous HONO sources: photoactive conversion of NO2 

on aerosols, photolysis of particulate nitrate (pNO3), and the photolysis of adsorbed nitric 

acid (HNO3). Subsequently, we diagnosed their implications for O3 production with model 

simulations. We utilized this extensive dataset to investigate the recycling of reactive 

nitrogen through daytime heterogeneous HONO productions. The comparable agreement 

between observed and simulated HONO concentrations with any one of the three 

heterogeneous HONO production mechanisms involving reactive nitrogen suggests the 

intrinsic relationships between NO2, pNO3, and HNO3. However, the implications for 

reactive nitrogen recycling, O3 production, and O3 control strategy vary greatly. The 

conversion of HONO from pNO3 can drastically enhance O3 production on a regional basis, 



 xvi 

while the conversion of HONO from NO2 can reduce O3 sensitivity to NOx changes in 

polluted eastern China. Furthermore, our results showed that increased HONO levels in 

BB is likely due to increased precursor levels, rather than direct emissions. 

Furthermore, satellite observations of NO2 and HCHO, which are often used in the 

investigation of regional photochemistry patterns, are validated by the ground-based multi-

axis differential optical absorption spectroscopy (MAX-DOAS) measurements at this 

coastal rural site in China. A total of six satellite products from the Ozone Monitoring 

Instrument (OMI) and the TROPOspheric Monitoring Instrument (TROPOMI) were 

analyzed. We found generally better agreement between MAX-DOAS and satellite product 

for NO2 data than for HCHO data. Nonetheless, TROPOMI HCHO products showed 

significantly better agreement with MAX-DOAS measurements compared to OMI data. 

After unifying the a priori profiles used in the air mass factor (AMF) calculation, the most 

significant factor contributing to the discrepancies between the two OMI NO2 products is 

found to be the scattering weight, which is affected largely by the different choices of 

ancillary parameters, such as cloud. In addition, an investigation on the BB days 

highlighted the variability of BB impact on HONO. 

Lastly, we divided the continental US (CONUS) into six regions according to the 

correlations of organic carbon (OC) concentrations among different sites and investigated 

the seasonal and historical trends of secondary organic carbon (SOC) using OC and 

elemental carbon (EC) data by the Interagency Monitoring of PROtected Visual 

Environments (IMPROVE) network across CONUS from 2005 to 2020. The regional mean 

secondary fractions vary from 22% to 40% and are consistent with co-located values 

reported by previous studies. Unlike primary OC (POC), SOC exhibits a consistent 



 xvii 

seasonal variation with a peak in summer across all regions. For summertime SOC, HCHO 

is found to be a significant contributor to all regions except for CA, where fire plays a 

significant role. Furthermore, we found a more significant correlation of SOC with sulfate 

than nitrate, particularly in regions where sulfate concentrations are low. In addition, 

despite decreasing trends of anthropogenic precursors of SOC and POC concentrations in 

the past two decades, significant decreasing SOC trends are found only in the eastern US 

in winter, as well as Southeast (SE) in summer. Accordingly, SOC fraction trends are found 

to be significantly increasing except for SE. As anthropogenic emissions decrease, SOC 

will most likely account for increasingly larger fractions of OC and PM2.5. 
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CHAPTER 1. INTRODUCTION 

1.1 Introduction and Background  

Tropospheric ozone (O3) and fine particulate matter (PM2.5) are two of the most 

important pollutants in the troposphere. Not only do they have detrimental effects on 

human and vegetation health, but they also pose threats to ecosystem productivity1. In fact, 

PM2.5 was listed the fifth mortality risk factor in 20152, underscoring the urgency of 

addressing air pollution problems3. Despite notable improvements in air quality initiatives, 

the persistence of O3 and PM2.5 pollution remains a global concern, especially in 

developing regions4. Notably, China has experienced severe O3 and PM2.5 pollution over 

the past decade5, 6, while in the United States, although strict mitigation steps have been 

taken to decrease anthropogenic emissions, the exceedance of the standard still happens, 

necessitating continued efforts in air quality control7, 8.  

O3 formation includes two main precursors: volatile organic compounds (VOCs) and 

nitrogen oxides (NOx = NO2+NO). Specifically, the reaction of VOCs with hydroxyl 

radicals (OH) generates peroxy radicals (HO2 and RO2). The produced HO2 and RO2 can 

further convert nitric oxide (NO) to nitrogen dioxide (NO2), contributing to the net 

production of O3
9. In addition, the formation of secondary organic carbon (SOC), which 

constitutes a significant yet highly uncertain portion of PM2.5
10, also includes the oxidations 

of VOCs. Specifically, the oxidation process yields products with reduced volatility and 

increased solubility, enabling them to either partition to preexisting particles or nucleate to 

form new particles. Moreover, though this process is usually biogenic driven due to their 
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large emissions globally, studies have indicated that NOx can modulate this process by 

affecting the reactions in many ways11, 12.  

Various production pathways of SOC remains unclear13, moreover, due to the nature 

of its definition, it is difficult to directly measure SOC, contributing to the difficulties of 

controlling PM2.5 pollution. Tackling the issue of PM2.5 pollution requires a better 

quantification of SOC over large temporal and spatial coverages.  

While there is a good understanding of the overall formation mechanism of O3 

compared to SOC, the additional radical sources, which can significantly influence the 

relative abundance of NOx and VOCs, thereby affecting the relationship between O3 and 

its precursors, remain not entirely clear. For example, previous studies have reported a 

large missing source of nitrous acid (HONO), which serves as an important OH source via 

fast photolysis, posing obstacles in accurate prediction of O3 in the models. Therefore, 

tackling the detrimental effects of poor air quality requires a better understanding of the 

processes involved in O3 and SOC formation14-16.  

In the pursuit of comprehending this intricate system, substantial effort has been 

devoted over the past several decades through both observational and modeling techniques. 

In situ observation data is particularly useful by providing high-resolution data associated 

with real atmospheric conditions17. Correspondingly, long-term measurement networks, 

such as the Interagency Monitoring of PROtected (IMPROVE) network, have provided 

crucial observational insights in tracking the regional patterns and historical trends of key 

air pollutants18, 19. Furthermore, satellite observations, focusing on tropospheric vertical 

column densities (TVCDs) of key trace gases, such as formaldehyde (HCHO) and NO2, 
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have facilitated the investigation of regional air pollution conditions by providing 

quantifications of their precursors20. Complementing these efforts, model simulations have 

also proven to be invaluable tools in simulating key photochemical processes involved in 

O3 and SOC formations21, 22.  

Building upon the foundations laid by prior research, this thesis employs modeling 

analysis, along with ground- and satellite- based measurements to comprehensively 

understand the processes involved in O3 and PM2.5 pollution. Firstly, this work provides a 

comprehensive examination of three most common photoactive heterogeneous production 

mechanisms of HONO, including photoenhanced NO2 conversion on aerosol surfaces, 

photolysis of particulate nitrate (pNO3) and adsorbed nitric acid (HNO3). By dissecting the 

sources of HONO, this research gains their implications for O3 production, contributing to 

the understanding of the intricate processes involved in O3 production. Secondly, this work 

validates satellite measurements of HCHO and NO2, which provides insights on 

discrepancies associated with assessing pollutants using satellite data. This validation 

offers insights into the complexities of satellite-based pollution assessment, essential for 

refining future remote sensing techniques. Lastly, this thesis analyzes historical and 

seasonal trends of SOC along with ancillary datasets. By characterizing the regional trends 

of SOC, this work aims to provide essential inputs for the development of targeted regional 

mitigation strategies.  

By delving into these three critical aspects, this thesis aims to contribute to our 

understanding of the intricate dynamics of O3 and PM2.5 pollution, fostering the 

development of more effective and targeted mitigation strategies.  
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1.2 Thesis Outline  

Chapter 1 introduces the O3 and PM2.5 pollution issues and the related photochemical 

processes in the troposphere.  

Chapter 2 investigates the photoactive heterogeneous HONO sources and their 

divergent implications for O3 production. Eastern China is characterized by severe O3 

pollution with high aerosol loadings, providing an optimal setting to understand  the 

heterogeneous HONO production pathways and their implications for O3 production. This 

chapter utilizes a suite of surface measurement data at a rural coastal site in eastern China 

during spring 2018. With more and more observational studies highlighting the existence 

of either of the three sources, this work first validates all three sources and testifies the 

ability of in situ observations to distinguish among the three heterogeneous pathways. 

Furthermore, to better understand how these HONO sources will contribute to O3 pollution, 

implications for O3 production are assessed through diagnostics of the recycling of reactive 

nitrogen via different HONO heterogeneous production mechanisms. Through the 

investigation of these HONO production pathways, this chapter gives a better 

understanding of the photochemical processes involved in O3 and PM2.5 pollution. 

Chapter 3 validates satellite measurements of two main precursors associated with 

O3 and PM2.5 formations, NOx and VOCs. This chapter intercompares six different satellite 

products of NO2 and HCHO, indicators for NOx and VOCs, and validates them with 

ground-based remote sensing measurement from the Multi-Axis Differential Optical 

Absorption Spectroscopy (MAX-DOAS) data to understand the discrepancies and their 

causes among different satellite products on non-biomass burning (BB) days. Utilizing 
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measurements on BB-affected days, this chapter further investigates BB effects on trace 

gases, such as HCHO, NO2 and HONO. Through the investigation into the discrepancies 

associated with different satellite products, this chapter provides insights into factors that 

needed to be considered while utilizing satellite measurement in assessing pollution 

precursors.  

Chapter 4 investigates historical and seasonal trends of SOC across the continental 

US (CONUS) from 2005 to 2020. Current studies on SOC are usually limited in both 

temporal and spatial coverages, preventing trend and regional studies of SOC. In this 

chapter we utilize an empirical methodology that can be applied efficiently in a consistent 

manner to estimate SOC using the historical OC and EC data from the IMPROVE network 

for six regions in CONUS. Seasonal variations, significant factors for summertime SOC in 

each region, as well as historical trends from 2005 to 2020, are investigated through 

stepwise multi-linear regression and other statistical tests. This study provides a 

comprehensive examination of SOC that covers, to the best of our knowledge, the largest 

spatial (CONUS) and longest temporal (15 years) coverages in SOC studies. The results 

provide insights into the historical trends and regional effects for SOC across the United 

States. 

Chapter 5 concludes the thesis and summarizes the findings and future works. 
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CHAPTER 2.  OBSERVATION-BASED DIAGNOSTIC OF 

PHOTOACTIVE HETEROGENEOUS HONO SOURCES AND 

THEIR DIVERGENT IMPLICATIONS FOR OZONE 

PRODUCTION  

2.1 Introduction  

 Nitrous acid (HONO) plays a significant role in the production of the hydroxyl 

radical (OH) via fast photolysis23-26. Understanding HONO formation mechanisms 

advances our knowledge of photochemical processes to better predict and regulate regional 

air pollution, such as the formation of O3 and secondary organic aerosols27-30.  

 HONO is produced through the gas-phase reaction of nitric oxide (NO) and OH 

(R1)31. Direct emissions from combustion activities, such as vehicle exhaust and biomass 

burning (BB) can also contribute to HONO levels32-37. In recent years, observations in a 

variety of locations have found other daytime HONO sources to be important38, 39.  

OH + NO + M → HONO + M (R1) 

Various HONO production pathways have been proposed based on field measurements 

and laboratory experiments, with heterogeneous reactions highlighted as crucial 

contributors40-43. For example, studies have demonstrated the importance of heterogeneous 

nitrogen dioxide (NO2) conversion on ground surfaces as an important nocturnal HONO 

source44, where production of HONO (prod(HONO)) is parameterized as in Eq. (1): 

 prod(HONO) = f × [NO2] × Vd/H (1) 
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where f is the yield of HONO from deposited NO2 reaching the surface; H is the height of 

the first model layer, and Vd is the dry deposition velocity of NO2. However, this source 

and gas-phase production still cannot explain observed daytime HONO losses21, 45-47. 

Aerosol reactions were recognized as a contributor to HONO productions as early as the 

1990s48. Research by Ammann et al. detected HONO production from NO2 on suspended 

soot particles, though not sufficient to explain the observed daytime HONO levels, this 

study highlighted the important role of aerosols in HONO production49. Since then, 

numerous observations have reported HONO heterogeneous production pathways, 

including photosensitized conversion of NO2
50-58, where the reactive uptake coefficient () 

can be enhanced by short wave radiation (SWR) as parameterized in Eq. (2), and photolysis 

of particulate nitrate (pNO3) (Eq. (3))59-62, or adsorbed nitric acid (HNO3) 63-65 (Eq. (4)). In 

Eq. (3) and Eq. (4), YHONO is the yield coefficient of HONO from HNO3, while EF is the 

enhancement factor to calculate the photolysis rate of pNO3 (jpNO3) from HNO3 photolysis 

rate (jHNO3). More details regarding these HONO sources will be discussed later. 

 
prod(HONO) = ka[NO2], ka = SA [

Rp

Dg
+
4

γω
]

−1

, γ = SWR × γ′ (2) 

 prod(HONO) = EF × jHNO3 × [pNO3] (3) 

 prod(HONO) = YHONO × P(HNO3 from NO2 + OH) (4) 

 Although the precise mechanism of aerosol-induced HONO production is still a 

subject of debate66-68, heterogeneous mechanisms have been included into atmospheric 

chemistry simulations and have shown promising agreement with observed levels of 
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HONO. Various HONO budget analyses have been conducted, yet the prevailing 

mechanism responsible for daytime HONO production beyond R1 remains uncertain69-72. 

This is due in part to large uncertainties in key reaction parameters of heterogeneous 

daytime HONO production, such as the reactive uptake coefficient of NO2 (), the 

enhancement factor of jpNO3 (EF), and HONO yield coefficient (YHONO) from photolysis 

of adsorbed HNO3, as well as variations in precursor concentrations observed in different 

campaigns.  

 Furthermore, environmental factors, such as BB73-75 and aerosol acidity76, 77, can 

impact HONO production. This provides additional challenges to characterize HONO 

sources. For example, Nie et al.73 found that the conversion rate of NO2 to HONO in BB 

plumes is twice that in non-BB plumes, suggesting that BB aerosol composition can 

enhance NO2 conversion efficiencies of BB aerosols. Aerosol acidity can also affect the 

volatility of aerosol components and gas-particle partitioning and HONO heterogeneous 

production tends to increase with decreasing pH78-80.  

 In this chapter, we test these proposed HONO heterogeneous mechanisms, 

including photosensitized NO2 conversion on aerosols, photolysis of pNO3, and photolysis 

of surface adsorbed HNO3 on aerosols, using a comprehensive dataset of gaseous and 

particulate compositions measured at a rural coastal site during the 2018 spring Ozone 

Photochemistry and Export from China Experiment (OPECE)14. Observations at a remote 

location are ideal for diagnosing photochemical processes due in part to generally less-

complex emission characteristics compared to urban regions.  In this work we investigate 

the impact of BB and aerosol acidity on observed HONO concentrations. Focusing on the 

observations not affected by BB, we also analyze the intrinsic photochemical relationships 
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between NO2, pNO3, and HNO3 in the remote boundary layer and how the relationships 

can obscure the diagnostics of HONO heterogeneous production mechanisms. Lagrangian 

box model simulations are used to demonstrate the utility of diagnosing O3 enhancements 

by the recycling of reactive nitrogen species through HONO production on aerosols. We 

also investigate the implications of the different HONO heterogeneous production 

mechanisms for O3 control strategy. 

2.2 Methods and Materials  

2.2.1 Observations 

The OPECE campaign was carried out at the Yellow River Delta Ecology Research 

Station of the Coastal Wetland in Dongying, Shandong, China. The rural coastal site 

(37.76°N, 118.98°E) is located in the Yellow River Delta region near the Shandong Yellow 

River Delta National Nature Reserve14. The closest urban area, Dongying, is located 

approximately 50 km southwest of the site. From 23 March to 22 April of 2018, surface 

concentrations of HONO were measured by a Long Path Absorption Photometer 

(LOPAP)81-85. Additionally, measurements of other species, including NOx (NO+NO2), 

O3, acetonitrile (CH3CN), carbon monoxide (CO), volatile organic compounds (VOCs), 

aerosol size distribution, NO2 photolysis rate (jNO2), as well as meteorological parameters, 

including pressure, temperature, and relative humidity (RH) during this period were 

obtained. Detailed information regarding the chemical instruments used is provided in 

Table 1 and previous studies14.  
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Table 1. Instruments used during the OPECE campaign. 

Parameters Instruments Temporal resolution 

HONO LOPAP 1 min 

NO, NO2 Thermo 42i 1 min 

O3 Thermo 49i 1 min 

CO Thermo 48i 1 min 

VOCs GCFID or PTR-ToF-MS 60min or 1min 

Aerosol number size distribution  Scanning Mobility 

Particle Sizer (SMPS) 

5 min 

CH3CN PTR-ToF-MS 1 min 

jNO2 Actinic flux 1 min 

Aerosol chemical composition Sample filter analysis 24 hour 

Aerosol Mass 

Spectrometer (AMS) 

1 min 

2.2.2 Data Preparation  

Ambient aerosol surface area (SA) was calculated from the observed dry surface 

areas SA
dry

 while accounting for the hygroscopic effect through Eq. (5) as described in 

Lewis et al.86, where a = 0.78 and b=1.90 are two empirical parameters chosen accordingly 

with the assumption of aerosol composition to be ammonium sulfate. Figure 1 illustrates 

the relationship between the radius ratio of ambient (r) to dry (rdry) aerosols and relative 

humidity (RH). The calculated SA at the surface is scaled by the vertical profile of aerosol 

extinction coefficient (AEC) measured by Multi-Axis Differential Optical Absorption 

Spectroscopy (MAX-DOAS) to get SA for layers above the surface. The aerosol size 

measurement range from SMPS covers the submicron range (10 nm to 700 nm), therefore 

the SA in our study here represents a lower limit.  

 
r

rdry
 = a (b +

1

1 − RH
)

1
3
, SA = SA

dry
× (

r

rdry
)

2

 (5) 
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Figure 1. Radius ratio of ambient to dry aerosols as a function of RH.  

Aerosol chemical composition was measured by both AMS and PM2.5 filter 

samples (Table 1). Comparisons of daily inorganic ion concentrations reported by the two 

instruments demonstrate reasonable agreement with p-values <0.05 and measurement 

ratios ranging from 0.83 to 1.1 (Figure 2). The AMS instrument sample particles size < 1 

µm. Therefore, AMS data are generally lower than the filter measurements. In our study, 

we combined the two datasets to obtain pNO3 and other inorganic aerosol concentrations. 

We first derive the hourly profile for each day from AMS data and then scale the hourly 

profile by the daily filter-based data. The thermodynamic model ISOROPPIA-II 

(https://www.epfl.ch/labs/lapi/software/isorropia/)87, 88 was used to compute aerosol pH 

and partition of soluble species between particulate and gaseous phases. The forward mode 

with the inputs of total species concentrations (i.e., gas + particle) and meteorological 

parameters (relative humidity, temperature) gives more accurate results than the reverse 

mode.88-91 Due to a lack of observed ammonia (NH3) and HNO3 data, we iterated 

ISORROPIA-II adopting the predicted NH3 and HNO3 to obtain total ammonia (NH3 and 

ammonium (NH4
+)) and nitrate (HNO3

+, NO3
-) concentrations as inputs for the next 

iteration until NH3 and HNO3 predictions converge.92 
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Figure 2. Comparisons of daily AMS and PM2.5 filter measurements of aerosol 

inorganic ions: (a) pNO3, (b) SO4
2-, (c) NH4

+, and (d) Cl-.  Red solid lines denote 

through-the-origin least-squares regressions and red dashed lines are 1:1 lines. 

2.2.3 Photochemical Models, Source Parameterizations, and Simulated cases. 

In this chapter, we utilize the Regional chEmical trAnsport Model (REAM) in both 

one- and zero-dimensional configurations16, 18, 21, 93 to evaluate the recycling of reactive 

nitrogen species through heterogeneous HONO production and its impacts on O3 

formation. The model incorporates 30 vertical layers in the troposphere, and the chemistry 

mechanism is based on the GEOS-Chem model94. To ensure realistic meteorological 

conditions, observed data are used to constrain meteorological parameters such as 

temperature, RH, wind velocities and directions. Photolysis rates are calculated based on 

cloud fraction and optical depths simulated by the Weather Research and Forecasting 

(WRF) model and subsequently scaled using jNO2 observations. We constrain the model 
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at a 1-minute time step using surface observations of O3, NO2, NO, carbon monoxide (CO), 

and VOCs.  

To investigate the relationship between HONO production and potential production 

pathways, we calculated the missing HONO source strength (pHONO) by  

 pHONO = d[HONO] + Lchem + Ltransport − POH+NO (6) 

where, d[HONO] represents the net change of HONO calculated from observation data for 

each time step of 1 minute, Lchem denotes the chemical loss of HONO through photolysis 

and gas-phase reactions, Ltransport denotes the loss of HONO through vertical transport, and 

POH+NO denotes the production of HONO through the gas-phase reaction of NO and OH. 

HONO produced from primary emissions is expected to be negligible since the observation 

site is in a rural coastal region. Previous studies have suggested HONO/NOx emission 

ratios ranging from 0.03% to 2.1% depending on fuel types95. A brief calculation using 

emission rate data from the Multi-resolution Emission Inventory for China (MEIC 2017) 

shows that HONO produced from primary emission is less than 0.01 ppbv/hr, which 

accounts for less than 1% of the mean daytime missing HONO source in our study. 

Therefore, HONO production from primary emissions is not considered in our following 

analysis. 

Hourly pHONO data are calculated in the baseline 1-D model simulation by 

constraining surface HONO and other chemical concentrations to the observations (with 

the same chemical setup as case B in (Table 2) using Eq (6). To explain observation-based 

“missing” pHONO, five additional 1-D model simulations were conducted (Table 2). In 
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case S0, HONO production from NO2 conversion on ground surface upon dry deposition 

of NO2 was parameterized with f equal to 0.24 (Eq. (1)) to reproduce nighttime HONO 

observations following Liu et al. 21. As in the previous study, an uptake coefficient of 10-6 

of NO2 uptake to aerosol surfaces under dark conditions was assigned96.  

To reproduce daytime HONO observations, three photoactive HONO production 

mechanisms were implemented in model simulations on top of S0. The parameters were 

chosen by considering the values and uncertainties from previous studies and minimizing 

the simulation errors of daytime HONO simulations. In S1, we considered a first-order 

enhancement on aerosol uptake of NO2 from SWR21, in which  = 5×10-7×SWR, to 

simulate daytime enhancements of pHONO (Eq. (2)). In S2, photolysis of pNO3 59 was 

implemented in two subsets. In S2-1, jpNO3 was scaled from jHNO3 by EF = 80 (Eq. (3))70. 

However, a recent study by Andersen et al.61 indicated that the EF depends on bulk pNO3 

concentrations and can be parameterized as a Langmuir function of pNO3. In S2-2, EF was 

computed as a function of the concentration of pNO3 (Eq. (7)) 97, where KL =

0.19 nmol−1m3  is the Langmuir equilibrium constant of nitrate ion, and 𝑎  is the 

coefficient to be fitted. In S3, we parameterized HONO produced from surface adsorbed 

HNO3 and subsequent photolysis with a yield coefficient (YHONO, Eq. (4))98.  

 
EF =

KL × a

1 + KL × [pNO3]
 (7) 

A major chemical impact of heterogeneous HONO production in S1-S3 is the 

recycling of reactive nitrogen. To understand the effect of this recycling on O3 production 

rate (PO3), we conducted a set of Lagrangian free-running box-model simulations (F0 - F3) 
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to investigate the evolution of plume aging. F0 represents the control case using the same 

chemical reactions as S0 (case Control). F1 incorporates photosensitized uptake of NO2 on 

aerosol surfaces as in S1. F2-1 considers the photolysis of pNO3 with a constant EF as in 

S2-1 (EF=80), while F2-2 incorporates a changing EF as in S2-2 (changing EF). Lastly, 

case F3 includes the production of HONO from HNO3 as in S3. The models are initialized 

with average concentrations of observed O3, NO, NO2, HONO, CO, and VOCs and started 

at midnight. 

Table 2. Simulation cases.  

Cases Configuration 

B NO + OH + M → HONO + M 

S0 B + NO2 conversions on ground (f = 0.24) and on aerosols ( = 10-6) (Eq. (1)) 

S1 S0 + photosensitized NO2 conversions on aerosol  = max (5×10-7×SWR, 10-

6) (Eq. (2)) 

S2-1 S0 + photolysis of pNO3, jpNO3= 80×jHNO3 (Eq. (3)) 

S2-2 S0 + photolysis of pNO3, jpNO3= EF(pNO3, a=3×104)×jHNO3 (Eq. (7)) 

S3 S0 + HONO from photolysis of HNO3 adsorbed on aerosols, YHONO=0.45 (Eq. 

(4)) 

F0 Free-running S0 

F1 F0 + photosensitized NO2 conversions on aerosol  = max (5×10-7×SWR, 10-

6) 

F2-1 F0 + photolysis of pNO3, jpNO3= EF×jHNO3, EF = 80 

F2-2 F0 + photolysis of pNO3, jpNO3= EF(pNO3, 3×104)×jHNO3 

F3 F0 + HONO from HNO3, YHONO=0.45 

 

2.3 Results and Discussions 
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2.3.1 Observation Overview and Effects of Biomass Burning and Aerosol Acidity 

Figure 3 shows the time series of observed O3, NOx, HONO, pNO3, and SA during 

the OPECE campaign. The average HONO concentration was 0.39 ± 0.27 parts per billion 

by volume (ppbv) with a maximum of 1.54 ppbv recorded at the site. These HONO levels 

have been reported in measurements from other rural coastal sites in China 99-101, and some 

urban/suburban areas in Europe such as London102 and Paris39, much higher than those 

observed in clean coastal regions103. The average concentrations of pNO3 and SA were 8 ± 

16.8 μg/m3 and 527 ± 382 μm2/cm3, respectively. The diurnal profiles of HONO and other 

species were also examined (Figure 4). The diurnal profile of HONO illustrates a nighttime 

accumulation followed by a sharp decrease in the early morning due to rapid photolysis. A 

slower decrease was observed at noon, indicating the presence of a photoactive daytime 

HONO source. The average NOx concentration was 13.6 ± 10.4 ppbv, however, much 

higher O3 levels, exceeding 100 ppbv at times, were observed, with an average peak 

concentration of 70 ppbv. This elevated O3 level underscores the need to gain a better 

understanding of springtime photochemistry in China. In this chapter, we focus on 

investigating the impact of photoactive HONO sources on O3 enhancements, as explained 

in more detail in Section 3.3.3. 
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Figure 3. Time series for O3, NOx, HONO, pNO3, and SA from 23 March to 22 April 

2018. 
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Figure 4. Mean diurnal profiles for observed O3, NO2, HONO, pNO3, SA, and NO. 

 

 

Figure 5. Correlations of CH3CN with NO2, pNO3, SA and organic matters in 

aerosol.
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BB can significantly contribute to regional air pollution, including HONO, through 

both direct emissions and secondary production. The long lifetime and source-specific 

characteristics of CH3CN make it a widely used tracer for BB104-107. During the 

measurement campaign, NOx, SA, and organic aerosols showed concurrent enhancements 

with CH3CN (Figure 5), indicating the representativeness of CH3CN as an indicator of BB 

impact at this site. For observations with elevated levels of CH3CN, we investigated BB 

impacts on mixing ratios and production pathways of HONO. Consistent with previous 

studies34, 35, 106, 108, 109, a positive correlation was found between HONO and CH3CN 

concentrations (Figure 6(a)). Previous studies reported BB’s acceleration effect on 

secondary productions of HONO. In our study, we examined the impact on HONO/NO2 

and HONO/pNO3 ratios, which are used as indicators for NO2 and pNO3 conversions to 

HONO, respectively. Both ratios decrease with higher CH3CN concentrations (> 0.4 ppbv). 

To further characterize BB-impacted air masses, we employed a threshold of 0.1 ppbv 

CH3CN to define BB-impacted and clean airmasses110, 111. We compared the daytime 

averaged HONO, HONO/NO2, and HONO/pNO3 between these two groups. The average 

HONO concentrations increased from 0.25 to 0.33 ppbv (Figure 6(c)) due to BB. However, 

the ratios did not show significant differences, and in some cases, a decrease in the 

averaged values was observed (Figure 6(d), (e)). We also analyzed data from a fire event 

near the site on 31 March 201814 and compared the ratios in BB and clean airmasses. While 

HONO was significantly enhanced during the fire event, the median ratios still showed 

little difference from those of clean airmasses, except for a slightly higher average 

HONO/NO2 ratio than that of the clean airmasses. Therefore, the observed enhancement 
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of HONO associated with BB might be attributed to the increased levels of HONO 

precursors, such as NOx or pNO3, rather than direct emissions of HONO or enhanced 

conversion efficiencies from its precursors. 

In addition to BB, we investigated the impact of aerosol acidity on HONO 

production (Figure 6 (b)). The average daytime pH varied in a range of 3 to 6, with most 

values centered around 4. However, no significant relationship was observed between pH 

and HONO, HONO/NO2, and HONO/pNO3. Aerosol acidity may influence HONO 

production by affecting the partitioning between nitrite (NO2
-) and HONO76, 77, 112. 

Previous studies showed that HONO production from photolysis of pNO3 increases sharply 

with decreasing pH in more acidic conditions when the pH is below the acid dissociation 

constant for HONO (pKa ~ 3)76. The pH range in our study was higher than HONO pKa 

values from previous experimental studies78, 113, 114, which may explain the weak 

dependency of HONO production on pH in our study. 
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Figure 6. (a) Scatter plot of HONO (blue), HONO/NO2 (red), and HONO/pNO3 

(yellow) as a function of CH3CN. (b) Same as (a) but as a function of aerosol pH. (c) 

Box plots of HONO concentrations for clean and BB airmasses where the mean 

value is denoted by the red dot. And the median is denoted by black line. (d) and (e) 

are like (c) but for HONO/NO2 and HONO/pNO3, respectively. 

2.3.2 Validities of Different Photoactive Heterogeneous HONO Sources 

Here we address the question to see if a comprehensive in situ observation dataset 

can be applied to test the validity of the proposed heterogeneous mechanisms, including 

photosensitized NO2 conversion on aerosol, photolysis of pNO3 and HONO yield from 

adsorbed HNO3. A caveat in this analysis is that NO2, HNO3, and pNO3 are all part of the 

reactive nitrogen family and they have dependent relationships, which are reflected in the 

correlation analysis. To avoid the impact of BB, we focus on the observations not affected 

by BB, which comprises 55% of the total available data (Figure 7).  



 

 

22 

 

Figure 7. Frequency histogram for observation data points of different levels of 

CH3CN. 

Figure 8(a) shows a significant positive correlation between pHONO and pNO3, 

with a correlation coefficient r = 0.83. This correlation strengthens to r = 0.87 when 

considering the case of pNO3×jHNO3. Additionally, strong correlation between pHONO 

and the production rate of HNO3 from NO2 (P(HNO3)) are found with r = 0.9. We also find 

a significant correlation between pHONO and the production terms of photosensitized NO2 

conversion on aerosols, with r increasing from 0.82 between pHONO and NO2 to 0.90 for 

that with NO2×SA×SWR (Figure 8(b)). These strong correlations reflect the intrinsic 

relationships among the precursors of heterogeneous HONO production115, 116.  
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Figure 8. (a) Scatter plot of pHONO as functions of pNO3 (blue), pNO3jHNO3 

(red), and P(HNO3) (green). (b) Same as (a) but as functions of NO2 (blue) and 

NO2SASWR (red). The corresponding correlation coefficients are shown at the 

bottom right corner of the plots. (c) Observed diurnal HONO (black dots) with 

standard deviation (black vertical lines) and simulated HONO under the six cases 

(B, S0-S3) as described in Table 2. Simulation cases. (d) Mean diurnal profiles of 

pNO3 (orange) and NO2 (blue) during the measurement period. All panels show the 

non-BB data.  

To further assess the photoactive HONO production mechanisms, we conducted a 

set of constrained simulations (S0-S3, Table 2) incorporating additional HONO sources as 

described in Section 2.2.3. Consistent with previous studies, the observed HONO levels 

consistently exceed those predicted by R1 (Figure 8(c): B) throughout the day. Nocturnal 
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HONO levels are explained by heterogeneous NO2 conversion on the ground surface with 

f = 0.24, while daytime HONO concentrations remain underestimated (Figure 8(c): S0).  

After incorporating photoactive HONO production mechanisms (S1-S3), the model 

with any one of the mechanisms can reproduce the observed HONO levels within one 

standard deviation of the observations (Figure 8(c): S1-S3). Importantly, the derived key 

parameters for HONO production, obtained by minimizing the simulation errors, are 

comparable to those reported in previous experimental and modeling studies (Table 3). 

This agreement underscores the difficulty of assessing the underlying HONO 

heterogeneous production mechanism due to the intrinsic relationships among reactive 

nitrogen species. For example, higher HONO concentrations can promote pNO3 

production45, and the photolysis of pNO3 can recycle reactive nitrogen from a reservoir 

species back into more reactive gaseous species, thereby sustaining atmospheric NO2 

levels117-119. Moreover, as atmospheric HNO3 is produced through the reaction of OH and 

NO2, the production rate of HONO via this process is directly proportional to NO2. Given 

these intertwined relationships, it becomes challenging to establish a definitive causal 

relationship between HONO production and the proposed mechanisms solely through 

photochemical analysis of in situ observations.  
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Table 3. Comparisons of HONO source parameterizations to previous studies. 

Location Time  
 

jpNO3[s-1]  YHONO Ref. 

Experimental 
 

310-4 
  

  57 

Experimental      0.53 98 

Beijing, 

China 

Aug 2007 10-4kSWR1     21 

Houston, TX, 

US 

Apr- May 

2009 
610-5kjNO22 

  
  120 

Dallas, TX, 

US 

Jun 2011 8.510-4 
  

  121 

Hong Kong, 

China 

Aug 2011 510-5kSWR 
  

  122 

NY, US Multiple years 
  

(1.31.2)10-4   59 

Wangdu, 

Hebei, China 

Jun - Jul 2014 10-3kjNO2 and 1.3 × 10−4 
1.310-4 

  70 

Experimental Apr - Dec 

2016 

  

8.2 × 10−5 
8.210-5 

  123 

Nanjing, 

Jiangsu, 

China 

May - Jun 

2016 
210-5kjNO2 and 208jHNO3   71 

Optimal γ Multiple cases 510-4kSWR 
  

  27 

Changzhou, 

Jiangsu, 

China 

Apr 2017 210-5kjNO2 and 119jHNO3   72 

Beijing, 

China 

Apr - May 

2018 
1.110-4kSWR and 119jHNO3   115 

Beijing, 

China 

May - Jul 

2018 
10-4kjNO2 and 119jHNO3   124 

Beijing, 

China 

Nov 2018 - 

Jan 2019 
610-5kjNO2 and 119jHNO3   124 

Dongying, 

Shandong, 

China 

Mar - Apr 

2018 
510-4kSWR or EFjHNO3, 

EF=80 or [20, 

3600] with a 

median of 106 

or 0.45 This 

study 

 

 

1 kSWR= SWR/1000.  
2 kjNO2=jNO2/[jNO2 at noon] 
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However, these mechanisms have very different implications for the recycling of 

reactive nitrogen. The conversion from NO2 to HONO has the lowest impact since both 

species are short-lived. The ratio of pNO3 to total nitrate from ISORROPIA results shows 

a contribution of pNO3 always higher than 90%, suggesting that in springtime, the gas-

particulate partitioning of nitrate strongly favors the formation of pNO3 from gaseous 

HNO3. Therefore, the conversion of HNO3 to HONO reduces the lifetime of HNO3 and the 

formation of pNO3, effectively enhancing the recycling of reactive nitrogen. The photolysis 

of pNO3 significantly reduces the lifetime of the most long-lived reactive nitrogen reservoir 

and makes the entire inorganic reactive nitrogen family photochemically active, speeding 

up the recycling of reactive nitrogen the most.  

2.3.3 Sensitivity of O3 Production to Heterogeneous HONO Sources  

The drastically different implications of the heterogeneous HONO production 

mechanisms on the recycling of reactive nitrogen also strongly affect the production and 

concentration of O3. We use Lagrangian box model simulations to analyze the chemical 

evolutions of isolated airmasses and investigate the consequences of the heterogeneous 

HONO production mechanisms (Table 2: F0 – F3). Figure 9(a) shows the divergent 

evolutions of O3, NOx, OH, and PO3 among the HONO production mechanisms. 

Compared to F0 without HONO production from aerosols, photoactive conversion of NO2 

(F1) or adsorbed HNO3 to HONO (F3) has a transient impact on reactive nitrogen, OH, 

and O3, while the impact from HONO production from pNO3 is much larger and longer 

lasting. The difference lies in how the heterogeneous HONO production mechanism affects 

the recycling between NOx and pNO3. The conversion of NO2 to HONO on aerosols 
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partitions reactive nitrogen into HONO, which effectively reduces the conversion from 

NOx to pNO3. In the case of F3, photolysis of adsorbed HNO3 back to HONO reduces the 

production of HNO3 and hence the concentration of pNO3 by nearly half. Photolysis of 

HONO adds a larger radical source and can speed up O3 production17. However, one O3 is 

lost for each conversion of NO2 to HONO. The conversion from HNO3 to HONO does not 

incur this O3 loss and therefore produces more O3 than the conversion from NO2 to HONO 

(Figure 9(b)). The effects are most obvious in the first day but diminish over time as 

reactions of NOx produce pNO3, which is a permanent sink of reactive nitrogen in these 

two cases. 

In cases F2-1 and F2-2, however, the conversion of pNO3 to HONO allows a full 

recycling of inorganic reactive nitrogen species119, 125-127. Daytime HONO and NOx 

concentrations are sustained at significant levels, leading to high OH concentrations and 

O3 production and a tripling of O3 concentrations of > 100 ppbv after a week (Figure 9(a)). 

The increase of O3 is twice as much in F2-1 and F2-2 as that of F0, F1 or F3 (Figure 9(b)). 

The difference between F2-1 and F2-2 is smaller compared to their differences from F1 

and F3. A recent study 128 implementing HONO conversion from NO2 and pNO3 into a 

chemistry-climate model found a reduction effect on O3 driven by HONO conversion from 

NO2 and a strong enhancement of NOx caused by HONO conversion from pNO3. A 

necessary condition to simulate an O3 reduction is that NO from HONO photolysis can 

only produce a fractional (<1) O3 despite the additional OH from HONO photolysis. This 

could occur when OH reacts with O3 due to a lack of reactive VOCs. Figure 9 shows that 

it is not the case in a polluted boundary layer. 
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Figure 9. Simulated evolutions of O3, NOx, HONO, pNO3, OH, and PO3 in a 

Lagrangian box model for seven days under cases F0 – F3. (b) O3 enhancement 

ratios, defined as the relative O3 increase from the initial O3 concentration for cases 

F0 – F3. (c), (d), and (e) are simulated evolutions of HONO/NO2, HONO/pNO3 and 

NOx/pNO3 ratios. The dashed lines denote measured HONO/NO2, HONO/pNO3 and 

NOx/pNO3 values from Ye et al.117. 

Ye et al. 117 reported rapid cycling of pNO3 to HONO from aircraft measurements 

over the North Atlantic Ocean in the marine boundary layer, based on observed high 

HONO production with low-level NOx present. We reexamined their observation data 

using the simulation results from OPECE. Following the observation-model comparison 

procedure by Ye et al., we used model outputs at 2:30 pm on the 2nd diurnal cycle, which 

represents a 1.5-day airmass transport from the coastal site in the marine boundary layer, 

to be compared to their observations. The observed HOHO/NO2, HONO/pNO3, and 
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NOx/pNO3 ratios reported by Ye et al. are much higher than our simulation results (Figure 

9 (c) - (e)), although our observations during OPECE are more comparable to the observed 

values reported by other ground-based studies (Table 4). Therefore, the marine 

observations by Ye et al. appear to suggest a chemical environment of extremely high 

recycling of reactive nitrogen not seen over polluted land areas103, 129. 

Figure 9 (b) shows that O3 production rate can be much higher from the pNO3 

conversion mechanism (F2-1 and F2-2) than the two other mechanisms (F1 and F3) in 

comparison to the case of no heterogeneous HONO production (F0). However, the effects 

depend on the amount of reactive nitrogen. To illustrate this dependence, we conducted 

box model simulations for 3 hours under noontime conditions with initial NOx mixing 

ratios in the range of 1-25 ppbv. Similar results are obtained when longer integration hours 

are used, but the differences of F2-1 and F2-2 from the other cases increase with time.  

Table 4. Comparisons of HONO/NO2 and HONO/pNO3 of different studies. 

Location Time HONO/NO2  HONO/pNO3 Reference 

Beijing, China Aug 2007  9.5%  21 

Houston, TX, US Apr - May 2009  2.5%  120 

Dallas, TX, US Jun 2011  1%  121 

Hong Kong, China Aug 2011  2.6%  122 

Wangdu, Hebei, China Jun - Jul 2014  5%  14% 70 

Cape Verde GAW station 2014 - 2015  13%  0.9% 126 

Nanjing, Jiangsu, China May - Jun 2016  5%  12% 71 

Changzhou, Jiangsu, China Apr 2017  6.8%  41% 72 

Beijing, China Apr - May 2018  11%   115 

Beijing, China May - Jul 2018  7%  124 

Beijing, China Nov 2018 - Jan 2019  5%  124 

Dongying, Shandong, China Mar - Apr 2018  4.3%  4.1% This study 
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A few features emerge from the modeling analysis. Figure 10(a) shows the 

cumulative PO3 first increases with NOx and then starts to decrease with increasing NOx. 

The NOx concentration at which the cumulative PO3 maximizes is the transition from 

NOx-limited to VOC-limited O3 production17, 18. The critical initial NOx concentration for 

this transition increases when heterogeneous HONO production is introduced (Figure 10). 

The largest increase occurs with the NO2 conversion mechanism (F1) because the OH 

production from HONO photolysis speeds up the conversion of NOx to its reservoir HNO3. 

In F2 and F3 cases, HNO3 can be effectively recycled back to NOx but not in F1. 

Consequently, the reduction of NOx is fastest in F1 due to HONO production. In a polluted 

urban-like environment where O3 production rate is lower at higher NOx concentrations, 

the faster NOx reduction tends to increase PO3. As the urban plume ages, however, it is 

expected that pNO3 recycling (F2-1 and F2-2) will increase PO3 much more than NO2 

recycling (F1). Figure 11 shows the ozone production efficiency (OPE), defined as the 

cumulative PO3 in a three-hour period (∆O3) per NOx consumed (∆NOx) as a function of 

initial NOx concentration. The NO2 conversion case (F1) is slightly higher than the case 

without heterogeneous HONO production (F0) under high-NOx conditions. The pNO3 

conversion case (F2-1 and F2-2) increases OPE by a factor of 2-4 compared to F0. The 

HNO3 conversion case (F3) is more similar to (and higher than) the NO2 conversion case 

(F1) under low NOx conditions and approaches the pNO3 conversion cases (F2-1 and F2-

2) under high NOx conditions. 
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Figure 10. (a) Cumulative PO3 as a function of initial NOx for cases F0 - F3. The 

dashed lines denote NOx levels at which cumulative PO3 reaches its peak values. (b) 

Loss of NOx (∆NOx) as a function of initial NOx.  

 

Figure 11. Ozone production efficiency (OPE) as a function of initial NOx 

concentrations for cases F0 - F3. 

2.4 Conclusion 

Modeling analysis of the OPECE gaseous and particulate measurements at a rural 

coastal site shows clear evidence for daytime heterogeneous production of HONO on 
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aerosols in agreement with previous studies. High HONO concentrations from recent fires 

can be attributed to the increased level of HONO precursors, such as NOx or pNO3, rather 

than primary emissions of HONO. By incorporating either photosensitized NO2 conversion 

on aerosols, photolysis of pNO3, or photolysis of surface adsorbed HNO3 on aerosols, the 

model can reproduce the observed HONO concentrations when other reactive nitrogen and 

chemical species are constrained by the observations. This modeling equivalency reflects 

the intrinsic relationships between NO2, pNO3, and HNO3 in the chemical system, 

indicating that inland in situ observations may not provide sufficient constraints to 

investigate the underlying mechanism of heterogeneous HONO production. It appears 

necessary to conduct Lagrangian experiments away from sources such as in the marine 

boundary layer since the three mechanisms have drastically different predictions of 

HONO/NO2, HONO/pNO3, and NOx/pNO3 ratios (Figure 9(c)-(e)) after 1-2 days of 

chemical aging. Being able to follow the evolutions of these ratios can provide more 

information on the underlying mechanism.  

The maritime observations by Ye et al. 117 are not as ideal as a Lagrangian experiment 

but can be carried out more easily. Their observations suggest a chemical environment of 

much faster reactive nitrogen recycling than the one found in OPECE or other inland 

datasets, which may indicate additional processes contribute to efficient reactive nitrogen 

recycling through HONO production over the ocean. However, it also implies much higher 

O3 production in offshore regions than in current model predictions. A survey of OPECE 

observations did not provide evidence for high O3 airmass transport from offshore regions, 

which may be related to prevailing westerly conditions during OPECE. 
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Quantifying the mechanism of heterogeneous HONO production on aerosols has 

profound implications for understanding O3 pollution and is important to formulating 

effective O3 mitigation strategies. The conversion of HONO from pNO3 can drastically 

increase the lifetime of NOx and the cumulative O3 production during the aging process 

far away from emission sources (Figure 9 and Figure 10) compared to the other two 

mechanisms. It has the potential to substantially elevate O3 concentrations in regions 

located downwind from emission sources and to amplify O3 levels even in distant marine 

environments, potentially exerting a global influence. 

On the other hand, the conversion of HONO from NO2 on aerosols can move the 

transition regime, when O3 production becomes insensitive to NOx, into higher NOx 

conditions and significantly flatten the PO3 increase as NOx decreases under high NOx 

conditions (Figure 10(a)) compared to the other mechanisms or the case without 

heterogeneous HONO production.  The faster removal of NOx (Figure 10(b)) also implies 

a lower effect of background O3 production in downwind regions on urban O3 compared 

to the other cases since the OPEs of case F1 are among the lowest under low NOx 

conditions (Figure 11). The net effect is to reduce O3 sensitivity to NOx changes. It may 

help explain the observations that O3 concentrations in China have not changed much over 

the past decade despite a ~50% reduction in NOx (Figure 12) 6, 130-132. 
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Figure 12. Annual mean maximum daily average 8-hr (MDA8) O3 concentrations 

(left) and annual mean noontime NO2 concentrations (right) for eastern China from 

2014 to 2022.  
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CHAPTER 3. REMOTE SENSING MEASUREMENTS AT A 

RURAL SITE IN CHINA: IMPLICATIONS FOR SATELLITE NO2 

AND HCHO MEASUREMENT UNCERTAINTY AND 

EMISSIONS FROM FIRES   

3.1 Introduction 

 Nitrogen dioxide (NO2) and formaldehyde (HCHO) play critical roles in the 

tropospheric photochemical processes1, 133-135. NO2 is an essential precursor for ozone (O3) 

production in the troposphere and has both natural and anthropogenic sources22, 136-138. 

HCHO is produced during the oxidation of volatile organic compounds (VOCs), 

contributing to the productions of O3 and aerosols. In the remote atmosphere, HCHO is 

mainly produced from methane oxidation. Over the continents, it is mainly produced by 

the oxidation of non-methane VOCs emitted from biogenic and anthropogenic sources. 

Consequently, these emissions can be detected through the enhancements of short-lived 

HCHO17, 18, 139, 140.  

Observations of these trace gases provide valuable information to understand 

photochemical processes. Compared with surface measurements, which are limited in 

spatiotemporal coverages, satellite observations of tropospheric vertical column densities 

(TVCDs) can provide continuous datasets with a broad spatial range. The Ozone 

Monitoring Instrument (OMI) and the TROPOspheric Monitoring Instrument (TROPOMI) 

have provided continuous measurements of NO2 and HCHO to advance our understanding 
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of the related atmospheric chemical processes15, 141-146. OMI aboard NASA’s Aura satellite 

has been in orbit since 2004. It has a local overpass time of around 13:45 local time (LT) 

and a 13×24 km2 nadir resolution147. TROPOMI onboard the European Copernicus 

Sentinel-5 Precursor (S5P) satellite was launched in 2017 and has extended the historical 

time series of midday observations from OMI with a local overpass time around 13:30 and 

an improved spatial resolution of 7×3.5 km2 (5.5×3.5 km2 after August 2019)148. Both 

OMI and TROPOMI measure the backscattered radiance and solar irradiance in the visible 

and ultraviolet bands. The spectral windows of 328.5 - 359/356.5nm and 402/405 - 465nm 

are typically used to retrieve HCHO and NO2 TVCDs, respectively149, 150.  

The increasing capability of satellite monitoring from space has enabled studies to 

better characterize pollution patterns, such as analyzing the responses of trace gases to 

either anthropogenic or biogenic sources142, 151, 152 and investigating regional emission 

trends15, 153, 154. The uncertainties of satellite products consist of both systematic and 

random components. In rural regions, where TVCDs are usually low, satellite observations 

are subject to significant uncertainties i.e., 45% - 105% as reported in previous studies155, 

156. Validations of satellite observations are of particular interest to understanding sources 

of errors and improving retrieval accuracies157-160.  

The multi-axis differential optical absorption spectroscopy (MAX-DOAS) 

instrument has been developed161, 162 to simultaneously measure column densities of trace 

gases, including NO2 and HCHO. Observing at multiple elevation angles, it can provide 

enhanced signals for low elevations with a horizontal spatial representativeness of the same 

order or even finer than the spatial resolution of satellite observations163, thus has been 
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utilized in assessments of satellite products. Such studies can be validations of a single 

satellite product164-169 or intercomparisons of several satellite products166, 170, 171.  

In addition to satellite validations, the simultaneous multicomponent observations 

from MAX-DOAS provide valuable vertical observational constraints of pollutants. These 

synchronous measurements have been utilized to analyze the fast-changing evolutions of 

complex photochemical processes, especially in relation to the impacts of biomass 

burnings (BB) on trace gases and aerosols. For instance, researchers have employed MAX-

DOAS measured HCHO as a tracer for absorption aerosols to investigate brown carbon 

emissions from BB plumes at different stages172. Other MAX-DOAS studies have focused 

on examining photochemical processes, such as ozone formation sensitivities173 and the 

production mechanisms of nitrous acid (HONO), which has gained significant attention in 

recent years due to its potentially large impact on hydroxyl radicals (OH)174, 175.  

In this chapter, we analyze MAX-DOAS observation at a rural coastal site in the 

Shandong province, China. On days when local fire emissions are minimal, we use these 

observations to evaluate different satellite products for NO2 and HCHO TVCDs from OMI 

and TROPOMI. On days with active burning, we investigate the enhancements HONO, 

NO2, and HCHO due to nearby agriculture burnings using MAX-DOAS observed vertical 

profiles of trace gases and aerosol extinction. We first provide descriptions of the satellite 

and MAX-DOAS observations in section 3.2. We give an overview of intercomparison in 

section 3.3.1, analyze the reasons for satellite differences in section 3.3.2, investigate the 

HONO and HCHO enhancements from BB events in section 3.3.3, and provide a summary 

in section 3.4. 
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3.2 Method  

3.2.1 Ground-based MAX-DOAS Measurement  

We obtained ground-based MAX-DOAS measurements from the Ozone 

Photochemistry and Export from China Experiment (OPECE) at a rural site located on the 

east coast of the Shandong province, between Mar 08 and Apr 26, 2018. The site (37.76°N, 

118.98°E) is 200-300 km downwind from the heavily polluted center of North China Plain 

(NCP), located at the estuary of the Yellow River near a national bird sanctuary (Figure 

13). It is surrounded by crops and some off-line oil fields, and the city of Dongying, 50 km 

to the southwest of the site, is the only known area nearby with concentrated pollution 

emissions 14. The expansive flat terrain encompassing the site provides an optimal setting 

for remote sensing measurements. 
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Figure 13. The observation site (yellow marker) and large cities (blue markers) 

(from Google Earth). The upper right panel shows the site location and satellite 

observation pixel grids for OMI L2, TROPOMI L2, and TROPOMI L3 products.   

 Vertical profiles of NO2, HCHO, HONO, sulfur dioxide (SO2), and aerosol 

extinction coefficients (AEC) are obtained to evaluate satellite products on non-burning 

days and analyze agriculture burning impacts on burning days using a commercial MAX-

DOAS instrument 176, 177. The instrument has a spectral range between 300 - 460 nm with 

a spectral resolution of ~ 0.6 nm full width at half maximum (FWHM) 174, 178. Spectral 

observations were conducted at various elevation viewing angles controlled by a built-in 

mechanical processor. Detailed information about the instrumental operations can be found 

in previous works 179, 180. Differential slant column densities computed from the observed 

spectra by the QDOAS software 181 were combined with the differential air mass factors to 

derive the vertical column densities. Trace gas profiles were retrieved based on the optimal 

estimation method 182 using a forward radiative transfer model 162, 179, 180. In this study, data 

measured with a solar zenith angle > 75°, or DOAS fitting results with root mean square 

of residuals larger than 10-3 were filtered out.  

Compared to surface and satellite observations, the MAX-DOAS instrument offers 

the advantage of measuring the vertical distribution of the boundary and upper layers. The 

average errors for near-surface (0-100m) concentrations of NO2, HCHO, HONO, and SO2 

were 0.1, 0.04, 0.14, and 0.16 parts per billion by volume (ppbv), respectively, and 0.11 

for AEC, consistent with previous studies 174, 183. The MAX-DOAS data extends from the 

surface to 3 km (2.6 km for HONO and SO2) at a 15-minute time step and a vertical 

resolution of around 100 m below 2km and 200m above. Additionally, corresponding 
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averaging kernels (AVKs) for each species are provided, which indicate good sensitivities 

of MAX-DOAS measurements within the boundary layer. 

3.2.2 Satellite Products and AMF Calculations 

In this chapter, we utilized six satellite products in total, and for simplicity 

purposes, we listed their abbreviations in Table 5. We obtained three Level-2 (L2) NO2 

TVCD products, including two OMI products: OMNO2 v4.0 from NASA 184 and QA4ECV 

NO2 v1.0 from KNMI 185, as well as the TROPOMI v1.0.1  operational product 186. We 

note that significant advancements in TROPOMI NO2 products have been made since the 

v1.0.1 version. However, the newer TROPOMI product is unavailable for our study period 

(Mar - Apr 2018), which was during the commissioning phase of TROPOMI. We 

implemented cloud corrections to correct the bias in the TROPOMI v1 products.  

Table 5. Satellite products and their abbreviations used in this work. 

Species Data Product Abbreviations   

NO2 OMNO2 v4.0 OMI-NASA, NASA_REAM 

NO2 QA4ECV NO2 v1.0 OMI-KNMI, KNMI_REAM 

NO2 TROPOMI v1.0.1 TROPOMI, TROPOMI_REAM 

HCHO OMHCHO v3 OMI-NASA, NASA_REAM 

HCHO QA4ECV HCHO v1.2 OMI-BIRA, BIRA_REAM 

HCHO TROPOMI L3 TROPOMI 

 The retrieval process for NO2 TVCDs involves three steps: (1) fitting the slant 

column densities (SCDs) from the measured spectrum data using the differential optical 

absorption spectroscopy (DOAS) spectral fitting method 187, (2) separating tropospheric 

SCDs (TSCDs) from the stratospheric SCDs, and (3) computing the tropospheric air mass 
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factors (AMFs) based on scattering weights and a priori NO2 profiles. The TVCDs are then 

obtained by dividing TSCDs by the AMFs 187-189. The NASA and KNMI OMI NO2 

products differ in the processes of spectral fitting, tropospheric-stratospheric separation, 

and AMF calculation 185, 189-191. The retrieval uncertainties for NO2 TVCDs are 

approximately 30% under clear sky conditions and can be even higher in cloudy conditions 

185, 192-194. 

For HCHO TVCDs, we utilized the QA4ECV HCHO v1.2 product by the European 

consortium (BIRA, IUP, MPIC, KNMI, WUR) 195, 196 and OMHCHO v3 product from 

NASA 197. As the TROPOMI L2 HCHO product 198 is not available for our study period, 

we obtained 0.05º×0.05º L3 daily data processed by the BIRA team 166. The retrieval 

process for HCHO TVCDs consists of three steps, (1) fitting the SCDs from the ultraviolet 

(UV) part of the spectra, (2) converting the SCDs to TVCDs using air mass factors retrieved 

from a look-up table, and (3) performing a background correction to correct for global 

offset and other factors. Therefore, the retrieved HCHO TVCD can be expressed as 

follows:  

 
Nv =

Ns − Ns0
M

+ Nv0  (8) 

where M is the air mass factor, Ns is the SCD, Ns0 and Nv0 are the reference sector 

correction terms. More details can be found in the algorithm papers198. The uncertainties 

of satellite HCHO products are related to pollution conditions and can be greater than 45% 
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as shown in a previous study156, partly due to the nature of stronger Rayleigh scattering in 

the UV band, which limits the sensitivity to HCHO, especially in the lower atmosphere199.  

 The extensive utilizations of OMI and TROPOMI products worldwide15, 132, 194, 200-

204 highlight the importance to ensure reliable data quality and mitigate factors that could 

contribute to the deviations among different products in the intercomparisons. To ensure 

the quality of data used in our study, we followed the instructions in the corresponding 

README files 149, 150, 186, 205 to filter out any invalid or failed retrievals for all the satellite 

products. Specific quality filters used in this study are listed in Table 6. 

Table 6. Quality filters applied to satellite products.  

Product Filters References 

OMNO2 v4.0 The least-significant bit of 

vcdQualityFlags is 0 & 

SolarZenithAngle < 85 &  

cloud fraction < 30% &  

XTrackQualityFlags = 0 or 255 

Table 4 from150 

QA4ECV NO2 v1.0 processing_error_flag=0 &  

solar_zenith_angle < 80 & 

snow_ice_flag < 10 & 

amf_trop/amf_geo > 0.2 & 

cloud_radiance_fraction_no2 <=0.5 

205 

TROPOMI v1.0.1 quality assurance value >0.75  Table 6 of the ATBD file186 

OMHCHO v3 MainDataQualityFlag = 0  

QA4ECV HCHO v1.2 processing_quality_flags = 0  

TROPOMI L3 we use all non-missing data  

Furthermore, it is important to consider the variations introduced by the use of 

different a priori profiles in the retrievals of OMI and TROPOMI products (e.g., 206-208. 

NASA retrievals employ monthly mean NO2 profiles from the Global Modeling Initiative 

(GMI) model at 1º×1.25º, as well as the monthly mean HCHO profiles from the GEOS-
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Chem model at a resolution of 2º×2.5º 209, 210. On the other hand, TROPOMI and KNMI 

retrievals utilize daily NO2 or HCHO profiles from the Tracer Model version 5 (TM5-MP) 

at 1º×1º resolution186, 205, 211. 

In this chapter, we employed consistent a priori profiles simulated by the Regional 

Chemical trAnsport Model (REAM) in satellite and MAX-DOAS retrievals to facilitate the 

intercomparisons. REAM has been widely applied in previous studies15, 22, 194. It is a 

regional chemistry transport model with boundary conditions obtained from a 2º×2.5º 

simulation from the GEOS-Chem model. REAM has a horizontal resolution of 36 km and 

30 vertical layers in the troposphere, driven by meteorology fields from the Weather 

Research and Forecasting (WRF) model. The chemistry mechanism is based on the GEOS-

Chem model, with anthropogenic emissions adopted from the Multiresolution Emission 

Inventory for China and biogenic isoprene emissions from the Model of Emissions of 

Gases and Aerosols from Nature212. For our study, we run REAM simulation for March 

and April 2018 to obtain a priori profiles of NO2 and HCHO.  

To ensure consistency in our intercomparisons of different products 192, 213, we 

calculated AMFs using REAM a priori profiles (AMFREAM) as AMFREAM =
∑ Vi,REAM𝑊ii

∑ Vi,REAMi
, 

where Vi.REAM is the VCD for vertical layer i, and Wi is the scattering weight for that layer. 

While NASA products provide the scattering weight data, the other products offer AVKs. 

The scattering weight vector (W) can be computed as 𝐖 = 𝐀𝐕𝐊 ∗ AMF, where the AVKs 

are multiplied by the tropospheric AMF188.   
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Studies have suggested a low bias in TROPOMI NO2 product up to v1.3 due to 

cloud pressure retrieval biases191, 214. However, the newer versions (since v1.4) with the 

updated cloud algorithms215, 216 do not cover our study period (Mar - Apr 2018). Therefore, 

for the TROPOMI NO2 product, we performed cloud pressure corrections by replacing the 

original cloud pressure data with those provided by either of the two OMI products. The 

AMF of a partially clouded pixel is calculated as a linear combination of a cloudy AMF 

(AMFcld) and a clear AMF (AMFclr), as shown in Eq. (9), where fr is the cloud radiance 

fraction158, 217. On TROPOMI cloudy days, i.e., when TROPOMI cloud radiance fraction 

> 0, the mean cloud pressures for OMI-NASA, OMI-KNMI, and TROPOMI v1.0.1 are 

800, 674, and 953 hPa, respectively (Figure 14). On days when the specific OMI cloud 

data is not available, we used a scaling factor, which is the ratio between cloud pressures 

of OMI to TROPOMI, 0.8 for OMI-NASA and 0.7 for OMI-KNMI, to scale the TROPOMI 

cloud pressures. The relative change of NO2 TVCDs, due to different selections of OMI 

cloud pressures, was 2.5%, a considerably smaller change compared to the 29.7% shift 

observed before and after applying cloud correction (Figure 15). Despite the OMI-KNMI’s 

lower mean cloud pressure compared to OMI-NASA, the impact of OMI cloud pressure 

choices on the results appears relatively insignificant in comparison to the substantial 

change due to cloud correction. For the following analysis, we will use TROPOMI products 

that have been corrected by corresponding OMI-NASA cloud pressure data as in Eq. (9). 
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Figure 14. Box plots of OMI-NASA, OMI-KNMI, and TROPOMI v1.0.1 cloud 

pressures on cloudy days identified by TROPOMI. 

 

Figure 15. Standard satellite products compared with AMFREAM retrieved TVCDs 

(molecules/cm3), the orange and green dots denote cloud corrected TROPOMI using 

OMI-NASA (TROPOMI_REAM_CC_N) and OMI-KNMI 

(TROPOMI_REAM_CC_K) cloud pressures accordingly. The red lines represent a 

1:1 reference. The dashed lines denote the fitted lines on the corresponding 

scattered data. The root mean square error (RMSE) between 

TROPOMI_REAM_noCC and TROPOMI_REAM_CC_K is 1.8×1015 

molecules/cm3, (relative change 29.7%) while that between 

TROPOMI_REAM_CC_K and TROPOMI_REAM_CC_N is 1.7×1014 

molecules/cm3 (relative change 2.5%). The fitted slopes for 

TROPOMI_REAM_noCC, TROPOMI_REAM_CC_N, and 

TROPOMI_REAM_CC_K, against original TROPOMI products are 1.11, 1.28, and 

1.29, respectively.  

 AMF = frAMFcld + (1 − fr)AMFclr (9) 



 

 

46 

During the measurement period, local agriculture burning occurred14. To identify 

these burning events around the observation site, we utilized the data from the Fire 

Information for Resource Management System (FIRMS) standard product218. The FIRMS 

fire/hotspot data are derived from satellite sensors, including the Moderate Resolution 

Imaging Spectroradiometer (MODIS) onboard the Aqua and Terra satellites and the Visible 

Infrared Imaging Radiometer Suite (VIIRS) aboard S-NPP. By examining fire hot spots 

within 5 km of the observation site (Figure 16), we identified days affected by the burning 

events nearby. Since the emissions from these nearby fire events can potentially affect 

MAX-DOAS observations, we excluded the observations on 7 burning days from the 

intercomparisons between MAX-DOAS and satellite products. In section 3.3.3, we further 

examine the effects of burning on trace gas and aerosol concentrations specifically on the 

two largest burning days, Mar 25 and Apr 11, using MAX-DOAS observations.  

 

Figure 16. The daily evolution of FIRMS fire counts within 5 km from the 

observation site. 

3.3 Results and Discussions 

3.3.1 Overview of the Observations and Intercomparisons  



 

 

47 

 

Figure 17. Daily variations and uncertainties (vertical error bars) of TVCDs from 

Mar 08, 2018, to Apr 26, 2018. (a) Time series of daily NO2 TVCD data from MAX-

DOAS (black), OMI-NASA (orange), OMI-KNMI (blue), and TROPOMI (green). 

(b) Time series of daily HCHO TVCD data from MAX-DOAS (black), OMI-NASA 

(orange), OMI-BIRA (blue), and TROPOMI (green). The red shadings indicate 

days affected by nearby burning activities. 

Figure 17 illustrates the daily variations and uncertainties of NO2 and HCHO 

TVCDs from MAX-DOAS and satellite products during the study period. Satellite data in 

the pixel over the site are compared to MAX-DOAS data at 13:00 - 14:00. The measured 

NO2 TVCDs from MAX-DOAS ranged from 2×1015 to 1.8×1016 molecules/cm2. In 

comparison to MAX-DOAS data, satellite observations captured the daily variations of 

NO2 TVCDs well, except for a high bias in the OMI-NASA product. In contrast, larger 

discrepancies between MAX-DOAS and satellite data were found for HCHO, 

accompanied by larger uncertainties as well. Comparison statistics including correlation 

coefficients (r), p-values for linear correlation tests, slope for the through-the-origin least 
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squares regression, root mean square error (RMSE), mean bias error (MBE), and number 

of data pairs compared (N) are listed for each pair of comparison in Table 7 and Table 8.  

 

Table 7. Intercomparison results for NO2 TVCDs: correlation coefficient (r), p-

value, slope for the through-the-origin least squares regression, root mean square 

error (RMSE), mean bias error (MBE), and number of data pairs (N) in each set of 

comparison between satellite and MAX-DOAS data. 

Satellite Product r p slope RMSE [1016] MBE [1016] N 

OMI-NASA 0.92 <<0.05 1.21 0.290   0.250 13 

OMI-KNMI 0.92 <<0.05 0.838 0.223 0.002 13 

TROPOMI  0.90 <<0.05 0.741 0.174 -0.105 28 

NASA_REAM 0.91 <<0.05 1.41 0.354 0.408 13 

KNMI_REAM 0.85 <<0.05 0.96 0.331 0.137 13 

TROPOMI_REAM_noCC 0.88 <<0.05 0.77 0.194 -0.076 28 

TROPOMI_REAM_CC 0.88 <<0.05 0.95 0.228 0.042 28 

 

Table 8. Same as Table 7 but for HCHO TVCDs. 

Satellite Product r p slope RMSE [1016] MBE [1016] N  

OMI-NASA 0.290 0.216 0.718 1.104   0.023 20 

OMI-BIRA 0.326 0.329 0.956 0.619 -0.014 11 

TROPOMI L3 0.580 0.005 0.567 0.552 -0.609 22 

NASA_REAM 0.489 0.029 0.995 1.197 0.420 20 

BIRA_REAM 0.262 0.436 0.931 0.655 -0.045 11 

The intercomparisons between MAX-DOAS and three satellite NO2 TVCD 

products are presented in Figure 18. Each data point represents a pair of satellite-MAX-

DOAS measurements, and through-the-origin least-squares regression lines are shown for 

all comparisons. While the satellite data captured the daily variations well, noticeable 

biases can be seen. Specifically, OMI-KNMI and TROPOMI exhibited low biases 
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compared to MAX-DOAS, whereas OMI-NASA showed a high bias (Figure 18(a)). These 

biases could be contributed by the differences in the a priori profiles used in the respective 

satellite products. We applied AMFREAM computed from the same REAM a priori profiles 

to scale the original data products. For the two OMI products, the inclusion of AMFREAM 

increased NO2 TVCDs (Figure 15) due to a larger gradient of NO2 concentrations from the 

lower boundary layer to the free troposphere simulated by the REAM model than the global 

model results used in the original satellite products, which was also reported in previous 

studies 20. However, in the case of TROPOMI retrievals, the largest corrections are related 

to cloud pressure corrections to this specific version of TROPOMI data used in our study, 

as mentioned in the previous section, which resulted in a 21% increase in TROPOMI NO2 

TVCDs (Figure 15) and brought TROPOMI data into close agreement with MAX-DOAS 

measurements. After these corrections, OMI-KNMI and TROPOMI TVCDs exhibited 

reasonably good agreement with MAX-DOAS, while OMI-NASA data showed a 30% 

higher bias (Figure 18(b)). We note that using the same a priori profiles did not completely 

eliminate the discrepancies between OMI-NASA and OMI-KNMI TVCDs. A further 

investigation into the differences between these two OMI NO2 TVCD products will be 

discussed in section 3.2. Despite the biases, the correlation coefficients between satellite 

products and MAX-DOAS measurements for NO2 TVCDs are all above 0.8 with 

significant p-values (<0.05), confirming the statistically significant agreements between 

satellite data and MAX-DOAS (Figure 19).  
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Figure 18. Intercomparison between NO2 TVCDs from MAX-DOAS and those from 

satellites. (a) Before AMF adjustments, i.e., OMI-NASA (orange), OMI-KNMI 

(blue), and TROPOMI (green). (b) After AMF corrections using AMFREAM, i.e., 

NASA_REAM (orange), KNMI_REAM (blue), and TROPOMI data with/without 

cloud correction (TROPOMI_REAM_CC/TROPOMI_REAM_noCC, olive/green). 

The dashed lines are least-squares regressions through the origin between satellite 

and MAX-DOAS data. A solid red line represents the 1:1 reference. 

 The discrepancies between MAX-DOAS and satellite HCHO products are much 

larger compared to the reasonable agreement observed among NO2 products. MAX-DOAS 

HCHO ranged from 2.3×1015 to 4.6×1016 molecules/cm2. Correlations between standard 

satellite products and MAX-DOAS data are statistically insignificant (p > 0.05) (Figure 

20), except for TROPOMI data, which exhibited a higher correlation coefficient (~0.6) and 

a significant correlation with MAX-DOAS data (p-value = 0.005). To address the impact 

of different a priori profiles, we corrected the satellite data with AMFREAM calculated from 

REAM simulated a priori profiles. The correction significantly improved the correlation of 

OMI-NASA data with MAX-DOAS (p < 0.05) (Figure 20). However, the AMFREAM effect 

on OMI-BIRA data is negligible in the correlation comparison due to much better 
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agreement of the OMI-BIRA AMF data with AMFREAM than OMI-NASA AMF data 

(Figure 21). In the case of TROPOMI, since only L3 data is available, AMF adjustments 

could not be applied. To further quantify the comparisons, we analyzed the standard 

deviations of NASA_REAM, BIRA_REAM, and TROPOMI data. Binning the satellite 

data based on MAX-DOAS measurements, with each bin representing 1016 molecules/cm2, 

we calculated the standard deviations of satellite and MAX-DOAS data when > 2 data 

points are available. There are generally 6-9 data points in each bin, except for the 

comparison between OMI-NASA and MAX-DOAS, where the [2 - 3] 1016 molecules/cm2 

bin only has 3 data points, resulting in a large standard deviation for that bin. Results 

showed that the standard deviations of OMI data are consistently larger than those of 

MAX-DOAS, whereas the standard deviations of TROPOMI are comparable to MAX-

DOAS (Figure 22 (b)), indicating better quality of TROPOMI HCHO data. Comparing the 

standard deviations of satellite data with those of MAX-DOAS data, for low-, mid-, and 

high-HCHO bins, the Sd ratios, are > 3 for OMI data and ~1 for TROPOMI data, indicating 

much improved correlation of TROPOMI data with MAX-DOAS data than that of OMI 

data. The examination of RMSE for the whole data set (Table 8) with roughly same sample 

sizes reveals that the RMSE for the OMI-NASA product is approximately twice that of the 

TROPOMI product. 
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Figure 19. Slopes with error bars (top panel) and correlation coefficients (R, bottom 

panel) for NO2 TVCDs observed between satellites and MAX-DOAS, from left to 

right, are TROPOMI, TROPOMI_REAM without cloud correction, 

TROPOMI_REAM with cloud correction, KNMI, KNMI_REAM, NASA, 

NASA_REAM. The boxes with slash lines denote AMFREAM corrected satellite data. 

The boxes with red borders represent data with a p-value < 0.05, indicating 

statistical significance.  
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Figure 20. Slopes with error bars (top panel) and correlation coefficients (R, bottom 

panel) for HCHO TVCDs observed between satellites and MAX-DOAS, from left to 

right, are TROPOMI, OMI-BIRA, BIRA_REAM, NASA, and NASA_REAM. The 

boxes with slash lines denote AMFREAM corrected satellite data. The boxes with red 

borders represent data with a p-value < 0.05, indicating statistical significance. 

 

Figure 21. Original AMFs vs REAM-scaled AMFs for two OMI HCHO products. 

The red dashed line represents a 1:1 reference. 

 Previous studies have also shown that intercomparisons of HCHO products 

generally exhibit larger scatters and weaker correlations compared to NO2, especially in 
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the case of OMI HCHO products (e.g., this study20). This can be attributed to stronger 

Rayleigh scattering at shorter wavelengths (~340nm for HCHO) than at longer 

wavelengths (~440nm for NO2), resulting in lower sensitivity of measurements to HCHO 

in the lower atmosphere than to NO2 
199. Although only pre-release TROPOMI HCHO data 

were available during the OPECE period, the analysis showed promising improvements in 

the signal-to-noise ratios of TROPOMI HCHO product compared to OMI 166. Furthermore, 

it should be noted that some scatter in the comparisons of satellite data with MAX-DOAS 

data can be caused by uncertainties related to spatial representativeness or mismatch and 

random uncertainties of satellite products, which are challenging to quantify from pairwise 

comparisons 219. Estimating the random uncertainties may require a triple co-location 

method 220,  but this approach requires a larger dataset than available in this study (e.g., 

sample size N>100) 221-223. Nonetheless, the comparison of satellite HCHO TVCDs to NO2 

data based on MAX-DOAS observations is informative in demonstrating the larger 

uncertainties associated with satellite HCHO retrievals compared to NO2.  

 

Figure 22. Intercomparison of HCHO TVCDs from MAX-DOAS with those from 

satellites. (a) OMI-NASA, OMI-BIRA, and TROPOMI data before AMF 
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adjustment. (b) OMI-NASA and OMI-BIRA data after AMF adjustment. The boxes 

with error bars show the average and standard deviations for the corresponding 

variables in each bin of MAX-DOAS data. The vertical bars with standard 

deviations show the Sd ratio, the standard deviation ratios of satellite to MAX-

DOAS data in each bin, in which more than 2 data points are available. The dashed 

lines are fitted on the corresponding scatter plots (in (a)) through the origin, with a 

solid red line representing the 1:1 reference. 

 During this study period, we investigated the weekly variations in MAX-DOAS 

and satellite TVCDs of NO2 and HCHO to gain insights into potential source contributions 

of pollutants. Previous studies have suggested lower NO2 TVCDs on weekends than on 

weekdays in urban regions 194, 207, 224-226. However, the average weekly variation of NO2 

and HCHO datasets did not exhibit statistically significant variations based on the Kruskal-

Wallis test. The lack of significant weekly variations can be attributed to the influence of 

changes in transport to the observation site, which can weaken the expected weekly cycle 

associated with urban emissions 225, 227-229. Furthermore, MAX-DOAS observations of SO2 

(Figure 30) indicated that the rural observation site was strongly affected by the transport 

of polluted and clean air masses.  

3.3.2 Resolving the Difference Between NASA and KNMI NO2 TVCDs  

We further investigated the systematically higher biases observed in OMI-NASA 

NO2 TVCDs than in OMI-KNMI data. Examination of SCDs showed negligible 

discrepancies between these two products, consistent with previous studies 206, 230. 

Therefore, our focus shifted to the difference in AMFs, which is known to be a major source 

of uncertainty in the OMI NO2 retrievals 193. A comparison of AMFs for the two OMI 

products before and after applying the REAM a priori profiles showed that using the same 
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a priori profiles results in slightly better AMF agreement between NASA and KNMI data, 

but the substantial low bias in the NASA AMFs persisted (Figure 23). This result suggested 

that the difference in AMFs between the two OMI products is not primarily influenced by 

the difference in NO2 a priori profiles but rather by the scattering weights, which are 

independent of the vertical distribution for optically thin absorbers like NO2 231, 232. 

 

Figure 23. Scatter plots of original AMF (blue) and REAM profile scaled AMFREAM 

(orange) from OMI-NASA versus OMI-KNMI. The dashed lines are least-squares 

regressions through the origin, and a solid red line represents the 1:1 reference. 

 Further inspection of scattering weights revealed a low bias of scattering weights 

of OMI-NASA compared to those of OMI-KNMI in the lower troposphere, specifically 

around 800 hPa (Figure 24). The scattering weights are determined through a look-up table 

based on factors including optical geometry, surface reflectivity, cloud pressure, and cloud 

fraction 188, 190.  
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Figure 24. The median vertical profiles with standard deviations (horizontal error 

bars) of scattering weights (w) of OMI-NASA (orange) and OMI-KNMI (blue) 

products from Mar 08 to Apr 26, 2018. 

Cloud properties were compared between KNMI and NASA retrievals during the 

study period (Figure 25), revealing retrieved average cloud pressures of 645 ± 260 hPa for 

KNMI and 820 ± 115 hPa for NASA. In addition, the mean cloud radiance fraction from 

NASA is approximately 0.3, which is around twice as large as that of KNMI at around 

0.15. This discrepancy in cloud properties between the two OMI products extends beyond 

the observation site, as shown by a comparison of mean distributions for the NCP region 

around the OPECE site (Figure 26). Surface reflectivity also affects AMF calculation by 

being one parameter used in the look-up table for scattering weights and indirectly through 

its impact on cloud retrievals 233, 234. The v4.0 of the NASA product incorporated the 

geometry-dependent surface Lambertian equivalent reflectivity (GLER) product to account 

for the bidirectional reflectance distribution function (BRDF) effect. The daily GLER 

product is derived from MODIS observations and applied to both NO2 and cloud retrievals 
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in the NASA product, replacing the climatological OMI-based datasets used in previous 

versions 210, 235-237. Studies have indicated that the inclusion of this new GLER product 

could lead to lower AMF by 29% to 50% due to a combination of the BRDF effect and 

biases between MODIS and OMI-based datasets 210, 238. It remains unclear whether 

updating GLER in NASA retrievals is responsible for the observed differences in the 

scattering weight profiles in this study. Further inspections comparing the retrieval 

algorithms of two OMI products are needed. Additionally, since the observation site is 

coastal (Figure 13), lower-level clouds in the ocean boundary layer may also contribute to 

the uncertainties in AMF calculations 158. Furthermore, both OMI-KNMI and OMI-NASA 

products accounted for scattering effects of aerosols in AMF calculations 185, 210. The 

aerosol optical depth (AOD) measured by MAX-DOAS during our study period is 1  0.48. 

Absorbing aerosols might introduce further uncertainties 239.    



 

 

59 

 

Figure 25. The box plots for cloud pressure (hPa, upper row) and cloud radiance 

fraction (unitless, lower row) of OMI-KNMI and OMI-NASA. 
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Figure 26. Mean cloud pressure (upper row) and mean cloud radiance fraction 

(lower row) from OMI-KNMI (left column) and OMI-NASA (right column) NO2 

products. The purple box denotes the grid that contains the observation site 

(denoted by the purple triangle in the upper right panel). 

3.3.3 Biomass Burning Impacts on HONO, NO2, and HCHO  

During the measurement period, we identified 7 BB days using FIRMS fire hot spot 

data (Figure 16). During these 7 days, the OMI products had around 2 valid measurements 

and TROPOMI had 3 valid measurements. Since agriculture burning is often localized, its 

impact can be much larger on the ground-based MAX-DOAS measurements than on OMI 

data. TROPOMI data has a finer horizontal resolution than OMI data 35, but is not publicly 

available during our study period, when TROPOMI was still in the commissioning phase. 
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Additionally, the MAX-DOAS instrument provides vertical profile information. Therefore, 

only the MAX-DOAS measurements are utilized in the analysis of BB impacts. 

On the BB days, westerly winds at ~ 3 m/s dominated the site, except for Mar 25, 

Apr 8, and Apr 11. The MAX-DOAS observations of SO2, HONO, HCHO, NO2, and AEC 

for all the BB days (Figure 27) indicated significant variations in air quality conditions. 

The daytime mixing ratios of SO2 ranged from 0.4 ppbv to 9.2 ppbv. The enhancements of 

NO2 and HCHO tend to co-occur more frequently than either one to co-occur with high 

HONO concentrations. On the other hand, AEC concentrations can be enhanced even when 

NO2 and HCHO concentrations are not elevated, reflecting likely aerosol production during 

the smoldering stage of burning and subsequent transport processes.  



 

 

62 

 

Figure 27. MAX-DOAS observations for SO2, HONO, HCHO, NO2, and AEC 

during the 7 BB days identified by FIRMS fire data. 

 The observations of SO2 indicated that BB events occurred on both polluted and 

clean days. In order to accurately quantify BB enhancements, it is important to account for 

the background concentrations. To achieve this, we utilized the observed SO2 

concentrations to distinguish between clean and polluted days. Specifically, days with 

noontime near-surface SO2 lower than 1 ppbv were identified as clean days while others 

were classified as polluted. During the measurement period, we identified 12 clean days 

and 38 polluted days based on this criterion.  
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For BB effect analysis, we divided the observations into two groups based on the 

pollution conditions and selected two BB days with the highest fire counts under clean 

(Apr 11) and polluted (Mar 25) conditions, respectively. Other than the highest fire counts, 

these two days were also characterized by elevated HCHO and NO2 in the upper boundary 

layer compared to other BB days, indicating more pronounced BB impacts (Figure 27). On 

Mar 25, significant burning activities occurred 5 km to the west of the site. Wind at 3 m/s 

came from the northwest. On Apr 11, wind was weak at 0.7 m/s, and the burnings occurred 

right next to the site (Figure 28).  



 

 

64 

 

Figure 28. FIRMS observed fire hotspots (red squares) around the observation site 

(denoted as a yellow marker on the map) on Mar 25th (top panel) and Apr 11th 

(bottom panel).  

 Figure 29 illustrates the daytime profiles of trace gas species and AEC for both BB 

events and their corresponding average background conditions. On average, polluted days 

exhibited much higher boundary-layer concentrations than clean days for all species, 

except for HONO.  

On Apr 11, observed SO2 concentrations surpassed the average levels of non-BB 

days, indicating that BB could also contribute to the observed high concentrations. Notably, 

observations of HCHO revealed three distinct burning plumes reaching above 0.5 km 

between 1 pm and 6 pm LT, accompanied by corresponding enhancements in NO2, peaking 

above 0.5 km around 2 pm LT. The observations of HONO displayed significant 
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enhancements up to 1.2 km from 1 pm to 3 pm LT, marking the largest HONO pollution 

event throughout the campaign. Additionally, observations of AEC on Apr 11 also showed 

elevated levels up to 1.5 km between 1 pm to 3 pm LT, with high AEC concentrations 

limited to the lower boundary layer in the late afternoon. These observations are consistent 

with photolytically enhanced production of HONO on aerosols, as discussed in previous 

studies 21, 117.  

On Mar 25, higher SO2 concentrations were also observed in the lower boundary 

layer compared to the average non-BB polluted days. HCHO observations showed elevated 

concentrations at 0.5-1 km throughout the day, while NO2 observations exhibited elevated 

levels, with larger enhancements in the late morning than in the afternoon. It is noteworthy 

that the average vertical gradient of NO2 is larger than that of HCHO on polluted non-BB 

days, reflecting the secondary production of HCHO 240. However, the enhancements of 

HONO and AEC on Mar 25 were not as significant as those of HCHO and NO2 compared 

to the average non-BB days. 
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Figure 29. MAX-DOAS observed daytime evolutions of SO2, HONO, HCHO, NO2, 

and AEC mixing ratios for (a) non-burning days under clean conditions, (b) on Apr 

11, 2018, during the burning events under clean conditions, (c) non-burning days 

under polluted conditions, and (d) on Mar 25, 2018, during the burning events 

under polluted conditions.  

During the flaming stage, HONO can be co-emitted with NOx 36, whereas during 

the smoldering stage, the secondary production of HONO becomes more important 74. 

Heterogeneous HONO production mechanisms have been extensively studied in recent 

years due to their potentially significant impact on O3 production, such as photo-enhanced 

NO2 conversion on aerosols 21 and the photolysis of particulate nitrate 117. Among HONO, 

NO2, and HCHO, HONO has the shortest photochemical lifetime. Therefore, the moderate 

but more persistent enhancements of HONO than those of NO2 and HCHO throughout the 

boundary layer on Mar 25 (Figure 29) likely reflects heterogeneous HONO production that 

sustained the elevated level of HONO.  
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To quantify the enhancements due to BB at both the surface and upper layers, we 

determined the height of the surface mixed layer by the location of the largest SO2 vertical 

gradient on polluted days. For clean days, the average hourly height of the surface mixed 

layer height was used. The derived surface layer heights during the OPECE experiment 

ranged from 300m to 500m (Figure 30). To assess the BB enhancements, we integrated 

MAX-DOAS observations within the lower columns of the surface mixed layer and the 

upper columns from the top of the surface layer to 3.5 km. Subsequently, we calculated the 

column enhancement ratios, denoted as X, of lower and upper columns on the selected 

burning days to the corresponding averages on non-BB days, i.e., Apr 11 data relative to 

non-BB clean days’ average and Mar 25 to the non-BB polluted days’ average. Figure 31 

(a)-(b) shows the ratios of NO2, HONO, HCHO, AEC, and SO2 column enhancements. The 

column enhancement ratios for SO2, Xso2, are large in both the upper and lower columns 

on Apr 11 and in the lower column on Mar 25. The polluted NCP region is characterized 

by high anthropogenic SO2 emissions 241, 242. Additionally, agricultural burnings also 

contribute to SO2 emissions. The emission factor ratio of SO2 to NO2 for agricultural fires 

is estimated to be 0.4 243. However, as shown in Figure 29, the observed SO2 concentrations 

do not correlate with NO2, which is produced during BB, on burning days. Figure 31 further 

demonstrates that the XSO2 is much larger than XNO2 in the surface mixed layer on two BB 

days, indicating that relative enhancement ratios of SO2 to NO2 are much larger than the 

emission factor for agricultural burnings reported by Liu et al. (2016). Consequently, the 

observational evidence suggests that BB emissions of SO2 are negligible compared to other 

anthropogenic SO2 sources at the observation site.  
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Figure 30. Surface mixed layer height (solid red lines) calculated by MAX-DOAS 

vertical profiles of SO2 from Mar 8th to Apr 26th, 2018. 

Since SO2 is not affected by BB emissions, we calculated BB enhancements relative 

to that of SO2 given the nearly linear relationships of the non-BB enhancements of other 

species with that of SO2. This can be expressed as the relative BB enhancement ratio: 

𝑋𝑖/𝑋𝑏𝑔
𝑖

𝑋𝑆𝑂2/𝑋𝑏𝑔
𝑆𝑂2

, where 𝑋𝑖 denotes the density of species i, and 𝑋𝑏𝑔
𝑖  denotes the average density 

of species i on the corresponding non-BB days. Figure 31 (c)-(d) show the relative BB 

enhancement ratios for Apr 11 and Mar 25. In the surface layer, the relative BB 

enhancement ratios of all species are either slightly greater than 1 or less than 1. However, 

in the upper layer, the enhancements of HONO, NO2, and HCHO are larger compared to 

the surface layer, indicating stronger vertical transport due to the higher potential 

temperature of fresh BB air masses during the flaming stage, caused by fire heating. 
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Another supporting piece of evidence for fires in the flaming stage is that the relative 

enhancement ratios of AEC in the upper layer are small, in contrast to the large 

enhancement of PMs accompanying the smoldering combustion 244, 245. On these two days 

with the highest fire counts during the OPECE experiment, the fire enhancement of HCHO 

in the upper layer is consistently large, while HONO and NO2 enhancement ratios are 

comparably large only on one of the days. The four panels of Figure 31 together reveal that 

HCHO and NO2 enhancements in the upper layer tend to occur together but the 

enhancement magnitudes have large variations. In comparison, the patterns of HONO 

enhancements differ from those of HCHO and NO2. 
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Figure 31. (a) Enhancement ratios of BB to non-BB days of NO2, HONO, HCHO, 

AEC, and SO2 in the upper and lower columns for Apr 11. (b) Same as (a) but for 

Mar 25. (c) BB enhancement ratios relative to SO2 enhancement in the upper and 

lower columns for NO2, HONO, HCHO, and AEC for Apr 11. (d) Same as (c) but 

for Mar 25. See text for details. 

3.4 Conclusions 

Satellite NO2 and HCHO products provide valuable insights into pollution 

distributions and global photochemistry. However, to ensure their accurate applications, 

the validation of satellite products is essential. Ground-based observations conducted at 

rural sites with minimal local emissions are particularly useful for this purpose. In this 

study, we utilized MAX-DOAS observations collected at a rural coastal site in Dongying, 
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China, during the OPECE experiment. The MAX-DOAS observations of NO2 and HCHO 

on days without local burnings are intercompared with NASA and KNMI OMI and 

TROPOMI operational NO2 TVCD products, NASA and BIRA OMI HCHO products, and 

TROPOMI L3 HCHO products. Additionally, we analyzed the effects of BB on boundary 

layer HONO, NO2, and HCHO using MAX-DOAS observations on days with local 

burnings. 

After employing consistent a priori profiles from the regional REAM model in OMI 

and MAX-DOAS retrievals and correcting the cloud pressure bias in TROPOMI v1.0 

retrievals, we found a generally better agreement of satellite with MAX-DOAS data for 

NO2 products than for HCHO products. When comparing with MAX-DOAS data, the 

correlation coefficients for all satellite NO2 products exceeded 0.8. While OMI-KNMI and 

TROPOMI data exhibit no significant biases, OMI-NASA data showed a ~30% positive 

bias. Further analysis indicated that this bias is due to a lower estimation of scattering 

weight profiles in the lower troposphere in the OMI-NASA NO2 product than in the OMI-

KNMI data. The reasons for this discrepancy could be attributed in part to the more 

extensive cloud presence above the boundary layer around the observation site in the OMI-

NASA than OMI-KNMI products. On the other hand, the agreement between satellite and 

MAX-DOAS HCHO data was relatively low, with correlation coefficients below 0.6. The 

TROPOMI HCHO data exhibited the highest correlation coefficient and significantly 

lower data scattering relative to MAX-DOAS data compared to OMI data. This 

intercomparison suggests that the TROPOMI HCHO product shows good promise for 

improvement compared to OMI. 
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MAX-DOAS observed vertical profiles of SO2 show that the observation site was 

affected by the transport of polluted and clean air masses. We used these data to categorize 

the observations into clean and polluted days and to estimate the heights of the surface 

mixed layer. Analysis of MAX-DOAS observations on the two largest burning days (Mar 

25 and Apr 11) revealed more pronounced enhancements due to fire emissions in the upper 

boundary layer than the surface mixed layer, reflecting the higher potential temperature of 

fresh burning air masses due to fire heating during the flaming stage. The evident upper 

boundary fire enhancements and comparatively lower enhancements of AEC than NO2 and 

HCHO are consistent with the prevalent influence of flaming combustions in MAX-DOAS 

measurements, which are limited to daytime only. Concentrations of HONO, NO2, and 

HCHO can be substantially enhanced by burning, with NO2 and HCHO enhancements 

often occurring together but exhibiting considerable variations in magnitude. On the other 

hand, the fire enhancements of HONO exhibit noticeable differences compared to those of 

HCHO and NO2, and they also demonstrate a higher level of variability. 
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CHAPTER 4. SEASONAL AND HISTORICAL TRENDS OF 

SECONDARY ORGANIC CARBON ACROSS THE 

CONTINENTAL UNITED STATES 

4.1 Introduction   

Carbonaceous aerosols, consist of particulate organic carbon (OC) and elemental 

carbon (EC), have significant effects on global climate, ecological system, and human 

health246-248. EC is directly emitted from combustion sources, whereas OC includes primary 

OC (POC) from direct emissions of particles and secondary OC (SOC) produced from the 

oxidation of volatile organic compounds (VOCs). Both biogenic and anthropogenic VOCs 

can lead to the formation of SOC11, 249-252, which involves complex sources and processes, 

making it difficult to characterize SOC. For example, biomass burning (BB), which can 

lead to emissions of POC, as well as formations of SOC by the emissions of VOC 

precursors253, 254. A better understanding of the factors controlling SOC is thus essential to 

develop appropriate regulations that can efficiently control the PM2.5 pollution.   

Over the past decades, substantial effort has been put into quantifying concentrations 

and sources of SOC255-257. Several methods were developed for deriving SOC 

concentrations using filter-based measurements. When the SOC fractional contributions 

from VOC precursors are obtained from smog chamber experiments, SOC concentrations 

can be estimated from ambient VOC measurements258, 259. The complexity of SOC 



 

 

74 

precursors and oxidation processes, however, limit the applicability of this method. More 

generally, SOC estimates are based on tracer correlations. The widely used EC tracer 

method260 assumes that POC and EC sources are co-located and their concentrations are 

correlated. Through regression analysis of OC and EC under POC-dominant conditions, 

the POC/EC ratios are estimated first, and SOC is then computed as the difference between 

OC and POC. However, the variability of the POC/EC ratio over time and region poses a 

challenge when using this method261. Moreover, multivariate receptor models, such as the 

chemical mass balance (CMB)262 and positive matrix factorization (PMF)263, have been 

developed. The CMB model utilizes a priori source profiles for POC tracers and compute 

POC concentrations based on least square solutions of OC measurements with the POC 

source profiles and source contributions. However, variations in POC-tracer profiles for 

the same type of sources across different regions and seasons, as well as the influence of 

atmospheric oxidation and mixing processes on ambient POC tracer concentrations, pose 

limitations to the model’s accuracy. The PMF method is more flexible than CMB in that 

the source profiles are estimated based on the measurements and that both POC and SOC 

tracers can be used in the analysis. Compared to CMB, the PMF method requires much 

larger datasets and the results are not necessarily unique264.  

Compared to filter-based measurements, the aerosol mass spectrometer (AMS) and 

aerosol chemical speciation monitor (ACSM) instruments offer significantly higher 

temporal resolutions and provide detailed composition data with enhanced resolution265-

267. Typically, the AMS datasets are processed using the PMF method to estimate SOC 

concentrations. Due to particle loss on sampling inlet surfaces for PM2.5 and reduced 
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transmission efficiency, the original AMS and ACSM instruments were used to measure 

the composition of submicron particulate matters. Recent development of a new PM2.5 

aerodynamic lens and a capture vaporizer (CV) improved the collection efficiency of 

super-micron particles268-270. The new CV and PM2.5 inlet have been equipped with AMS 

or ACSM in source apportionment studies in both US and China to be compared with those 

from the original AMS or ACSM measurements with standard vaporizer (SV) and 

discrepancies in some organic aerosol (OA) were found271-273. For example, studies found 

generally values in f44 (mass fraction of m/z44 in OA) reported by the new instrument271, 

274. Such discrepancies could be attributed to the changed OA mass spectra caused by 

additional thermal decomposition in the new CV275, 276, a lower transmission efficiency of 

the new PM2.5 lens for particles with sizes less than 300 nm277, or changed relative 

ionization efficiencies (RIE) leading to changed response factors (RIE x CE)278, 279. Efforts 

are ongoing to resolve these discrepancies273.  

While AMS/ACSM measurements hold promises for providing high-resolution SOC 

data and efforts such as the Atmospheric Science and Chemistry mEasurement NeTwork 

(ASCENT) are underway, processing historical data on large spatial scales are still 

essential to understand SOC changes280-284. Furthermore, establishing connections between 

historical datasets and future long-term AMS/ACSM measurements is crucial. In this work, 

we introduce a novel statistical method to estimate empirical SOC (EMSOC) 

concentrations for six regions across the continental US (CONUS) using historical OC and 

EC data spanning 15 years (2005-2020) from the Interagency Monitoring of Protected 

Visual Environments (IMPROVE) network. Our analysis focuses on investigating the 
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long-term trends and interannual variability in SOC over CONUS, and the corresponding 

controlling factors for summertime SOC production in different regions through a stepwise 

multiple linear regression (SMLR).  

4.2 Material and Methods  

4.2.1 Observational Dataset  

Daily observations of aerosol speciation data, including OC, EC, sulfate, and 

nitrate, during 2005-2020, are obtained from the IMPROVE network. The IMPROVE 

network has continuous records of PM2.5 measurements since 1987, and underwent a 

temperature protocol change deployed in 2005285. To minimize the impact on long-term 

consistency due to this protocol change, we start our analysis from 2005. For the SMLR 

analysis, we utilized several ancillary datasets to represent different factors. To represent 

the biogenic emissions at each region, we use monthly HCHO tropospheric vertical column 

density (TVCD) data from the Ozone Monitoring Instrument (OMI). The OMI QA4ECV 

L3 HCHO products195 was developed by the European consortium (BIRA, IUP, MPIC, 

KNMI, WUR) in the framework of the EU-FP7 QA4ECV project. OMI HCHO product 

provides daily HCHO TVCD data with a local overpass time of 13:30. For each IMPROVE 

site, we extract HCHO data from the pixel that covers the IMPROVE site for further 

analysis. Ground-based isoprene (ISOP) measurements from the US Environmental 

Protection Agency’s Air Quality System is also available, but due to their low temporal 

and spatial coverage throughout our study period, they were discarded from the SMLR 

analysis. The factors for wildfires are represented by estimated fire carbon emission data 

http://vista.cira.colostate.edu/Improve/data-page/
https://aqs.epa.gov/aqsweb/airdata/download_files.html
https://aqs.epa.gov/aqsweb/airdata/download_files.html
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from the fourth version of the Global Fire Emissions Database (GFED)286. Daily 

0.25°×0.25° resolution carbon emission data is derived by multiplying the satellite-based 

burned area and fuel consumption per unit area through a biogeochemical model. Similarly, 

we selected co-located fire emission data by identifying the GFED grid that covers the 

IMPROVE site. As for the radiation data, we utilize monthly surface downward solar 

radiation (ssrd) from the ERA5 reanalysis database287 by the European Centre for Medium-

range Weather Forecasts (ECMWF). The reanalysis from ECMWF combines model data 

with historical satellite and in-situ measurements into a globally complete and consistent 

data set. To ensure data quality, we utilized Tukey’s Fences 288 to exclude the outliers for 

all the time series data. Gridded data (GFED, ERA5, OMI HCHO) are selected to match 

the corresponding IMPROVE site. Since we derived seasonal secondary fractions, the 

temporal resolutions are all unified as seasonal data for the SMLR analysis. 

4.2.2 ACCA Clustering Method 

For a precise assessment of the controlling factors affecting SOC in each region, it is 

imperative to employ a clustering solution capable of effectively grouping sites governed 

by similar influential factors in SOC production. Correlation clustering stands out as an 

effective approach, as it yields results showcasing a more consistent pattern of variation 

289. Notably, the application of the average correlation clustering algorithm (ACCA) 290, 

widely utilized in the bioinformatic domain, has demonstrated superior capabilities in 

generating outcomes that are notably more relevant to biological annotations compared to 

alternative methods. Since no direct measurement of SOC is available, we adopt ACCA 

method to group 160 IMPROVE sites into six geographical clusters based on the 
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correlations of OC concentrations among the surface sites. ACCA clustering runs are done 

with predetermined cluster numbers ranging from 3 to 10. We chose the results according 

to the criteria that: (1) all sites of a cluster are in one geographical region and (2) have as 

few clusters as possible. The results for cluster number equals to 6 is chosen and we divide 

CONUS domain into 6 regions, northwest (NW: 39 sites), California (CA: 22 sites), 

southwest (SW: 41 sites), Midwest (MW: 12 sites), northeast (NE: 28 sites) and southeast 

(SE: 18 sites), as shown in Figure 32.   

 

Figure 32. ACCA grouped clusters. 

4.2.3 EMSOC  

The EMSOC method improves upon the EC tracer method to get an optimized SOC 

fraction, 𝑓𝑠𝑒𝑐 , using a relatively large dataset. For each season, the OC and EC data within 

a 5-year window for a given site are used and the window is moved 1 year at a time to 

cover the period from 2005 to 2020. Our goal is to optimize the seasonal 𝑓𝑠𝑒𝑐  value for a 

period of 5 years such that, 
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 OC̅̅̅̅ = POC + 𝑓𝑠𝑒𝑐 ∗ OC (10) 

For a given 𝑓𝑠𝑒𝑐  value, we can estimate the daily POC as, 

 POCf,day = (1 − 𝑓𝑠𝑒𝑐) ∗ OCday (11) 

where OCday is the observed daily OC concentration for a given site, and POCf,day is the 

daily POC concentration corresponding to the 𝑓𝑠𝑒𝑐  value. We estimate the daily POC 

concentration using the same assumption as the EC tracer method,  

 POCe,day = 𝑘𝑓 ∗ ECday (12) 

where ECday is the observed daily EC concentration. We use daily POCf,day  data and 

through-the-origin least square regression to estimate 𝑘𝑓  value for each site during the 

corresponding timeperiod,  

 

y =

(

 
 

POCf,1
POCf,2
POCf,3
…

POCf,n)

 
 
, x =

(

 
 

EC1
EC2
EC3
…
ECn)

 
 
⟹ 𝑘𝑓 =

xTy

xTx
 (13) 

Using the calculated POCe,day data, Eq. (10) can be written as, derived ratio of POC to EC 

(𝑘𝑓), we have the empirical POC and SOC: 

 OC̅̅̅̅ = POCe,day̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ + 𝑓sec ∗ OC̅̅ ̅̅ + 𝜖 ̅ (14) 
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We substitute daily data for OC and POCe,day and obtain, 

 OCday = POCE,day + 𝑓sec ∗ OC̅̅ ̅̅ + 𝜖𝑑𝑎𝑦 (15) 

We optimize the seasonal 𝑓sec estimate for a period of 5 years by minimizing the cost 

function Q,  

 
Q =

∑ 𝜖𝑖
2𝑁

𝑖=1

𝑁
 (16) 

where N is the number of days in the dataset. Different from Eq. (15), it is also possible to 

rewrite Eq. (14) as 𝑂𝐶𝑑𝑎𝑦 = POCe,day + 𝑓𝑠𝑒𝑐 ∗ OCday + ϵday  or OCday = POCe,day +

𝑓𝑠𝑒𝑐 ∗ OCday + ϵday. In both cases, it can be shown that the minimum Q value corresponds 

to 𝑓𝑠𝑒𝑐 = 1 which yields an unphysical result. Using the derived 𝑓𝑠𝑒𝑐 , we can proceed to 

derive the regional mean SOC and POC. This method does not require additional site-

specific information, making it applicable to historical OC/EC data from various locations 

consistently.  

4.2.4 SMLR Method for Factor Analysis 

We conducted stepwise multiple linear regression (SMLR) analysis on our 

estimated SOC and ancillary data to quantitatively understand the impacts of biogenic 

emissions, anthropogenic emissions, fire activity, and radiation on summertime SOC 

productions. Biogenic emissions were quantified by HCHO TVCDs due to lack of ground- 

based isoprene observation data. Particulate nitrate and sulfate from the IMPROVE 
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network were used to assess impacts from anthropogenic emission, while radiation data is 

from ERA5. Fire carbon emissions were from GFED. Further details on the observational 

datasets are discussed in previous sections.  

Our analysis comprised three key steps: (1) preprocessing and re-gridding data from 

different sources to match the SOC location; (2) implementing stepwise multiple linear 

regression (MLR) to identify the significant variables (Table 9); (3) re-fitting the MLR 

model using the selected significant variables from the stepwise regression and examining 

the regression output. Prior to constructing the MLR model, we performed necessary log-

transformations on sulfate and nitrate data to achieve normal distribution (Figure 33). 

 

Figure 33. Normal quantile-quantile (Normal QQ) plots before and after log-

transformation for sulfate (𝐒𝐎𝟒
𝟐−) and nitrate (𝐍𝐎𝟑

−). 

 

Table 9. Stepwise regression results for MLR of SOC on log-transformed sulfate 

(log.SO4) and nitrate(log.NO3), HCHO TVCD (TVCD_HCHO), Fire (Emissions_C) 

and Radiation (ssrd). Columns from left to right are region names, index for the 
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selected model, number of predictors selected, selected predictors, correlation 

coefficient, adjusted correlation coefficient, and Mallow’s Cp. 

Region Index N Predictors R2 Adj.R2 Mallow's Cp 

NW 6 2 log.SO4., TVCD_HCHO 0.158 0.134 0.804 

CA 6 2 Emissions_C, log.SO4 0.294 0.275 0.527 

SW 26 4 
Emissions_C, log.SO4, 

log.NO3, TVCD_HCHO 
0.360 0.338 4.002 

MW 1 1 TVCD_HCHO 0.217 0.208 -0.262 

NE 5 2 log.df.NO3, TVCD_HCHO 0.148 0.138 1.942 

SE 16 3 ssrd, log.SO4, TVCD_HCHO 0.428 0.405 2.214 

4.3 Results and Discussions  

4.3.1 Regional Clustering and Validation  

Compared to the local sources of EC, the variation in OC is primarily influenced 

by regional factors, owing to its secondary contribution from SOC291. Several previous 

studies have highlighted the regional characteristics of SOC, demonstrating a substantial 

correlation among various monitoring sites within the same region 292, 293. To achieve a 

more precise estimation of the controlling factors for SOC production in each region, and 

accurately estimate the regional trends, an enhanced clustering solution for the sites is 

imperative. This approach should ensure that SOC from different sites within a region are 

more likely to be governed by the same regional factor and exhibit similar patterns of 

variation. One effective method for achieving this is correlation clustering289. To group the 

160 IMPROVE sites across the CONUS domain, we adopted the average correlation 

clustering algorithm (ACCA) method290, creating six geographical regions: northwest 

(NW), California (CA), southwest (SW), Midwest (MW), Northeast (NE) and southeast 
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(SE), as shown in Figure 32. More details of the clustering analysis can be found in the 

method section. 

Based on the grouping results, we estimated the secondary fractions (SOC/OC) for 

each region. This estimation was conducted based on historical OC and EC data, on a 

seasonal basis, covering winter (December-January-February, DJF), spring (March-April-

May, MAM), summer (June-July-August, JJA), and fall (September-October-November, 

SON). For each season, the OC and EC data are extracted utilizing a rolling window 

spanning 5 years. This window for a given site is subsequently shifted by 1-year intervals, 

encompassing the period from 2005 to 2020. The choice of a 5-year window considers the 

trade-off between estimation bias and temporal resolution. Our objective is to determine 

an optimized secondary fraction which works for mean OC and POC for each site. By 

assuming that POC and EC share the same combustion sources as in the EC tracer method, 

we can derive a POC/EC ratio and substitute it into, creating a cost function (Eq. 7) to 

minimize for obtaining the optimized secondary fraction.  

EMSOC-derived secondary fractions (SOC/OC) were compared with the reported 

data in the literature. To ensure the integrity of our comparison, we extracted corresponding 

values from our derived dataset, considering the specific region and seasonal coverages of 

the reported values. PMF using AMS data could also provide information on primary and 

secondary OC contributions but are not included here. Studies have found that the 

estimated secondary contributions from AMS data are usually higher than those from the 

EC tracer method 294. One explanation could be related to the fast chemical aging of POC 

near sources295, where those part of oxygenated OC would be identified as POC in our 



 

 

84 

methods. In terms of a method-wise comparison (Figure 34(a)), the averaged SOC/OC 

derived from EMSOC are of similar levels with those estimated by PMF and SOA-tracer 

methods but tend to be lower when compared with the other two methods, especially with 

those from CMB. The point-to-point comparison (Figure 35) also shows that SOC/OC 

derived from CMB lies mostly under the 1:1 line, meaning that they are generally higher 

than those from EMSOC. The higher SOC estimates from the CMB method can be 

explained by unconsidered primary OC sources or lack of source profiles, as discussed in 

previous studies296, 297. The comparison of EMSOC-derived SOC/OC with literature values 

suggests that our method predicts SOC fractions in a reasonably good range. The mean 

SOC/OC for each region during our study period is shown in Figure 34(b), ranging from 

22% in SE to 40% in SW. 



 

 

85 

 

Figure 34. Overview of EMSOC derived secondary ratios (SOC/OC). (a) Validation 

against other methods; (b) Annual mean EMSOC-derived SOC/OC for each cluster. 

 

Figure 35. One on one comparison of SOC/OC derived from our study versus 

previous values. 

4.3.2 Factor Analysis of Summertime SOC  

We separated OC into empirical SOC and POC through the calculated secondary 

fractions and investigated their seasonal characteristics. A consistent seasonal pattern of 

SOC (Figure 36 (a)), with a peak in JJA, confirmed as in previous studies298-300, when the 

photochemical activity is the strongest, is observed for all regions. The summertime peak 

is pronounced in SE, which has been reported to be primarily affected by the oxidation 
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processes of emitted BVOCs due to its densely forested condition11, 301. POC does not 

display distinct seasonal variation across the six regions (Figure 36(b)), which aligns with 

the indistinct seasonal variation of EC. The seasonal variation of OC primarily stems from 

that of SOC (Figure 36(c)). Regionally, JJA SOC is higher in the eastern US (NE, SE, and 

MW) than the western US (0.45-0.65 versus 0.25-0.35 µg C/m3), with SE exhibiting the 

highest SOC levels. Additionally, SE POC is also consistently higher than other regions as 

found in previous studies300. This result may stem from the generally higher OC 

concentrations over this region. While inter-regional variations SOC reaches its maximum 

in JJA, other seasons show more homogenous distributions. In contrast, interregional 

variation in POC remains at a consistent level across all seasons (Figure 36(d)). This result 

highlights the seasonal dynamics of SOC, indicating heightened chemical activity in 

summer. 

 

Figure 36. (a) Seasonal variations of SOC for each of the six regions; (b) is similar to 

(a) but for POC. (c) Normalized seasonal mean and standard deviations of SOC, 
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POC, and OC for all CONUS sites; (d) inter-regional deviations for SOC and POC 

in each season. 

The substantial inter-regional variations in summer underscore the significance of 

photochemical oxidation in SOC production, although the factors influencing it can be 

highly uncertain302. During JJA, biogenic emissions reach their peak and exert a significant 

influence on SOC formation303. Simultaneously, anthropogenic factors can directly and 

indirectly impact this process of biogenic SOC formation11, 12, 304. Contributions from other 

factors, such as fires, can also play a role305, 306. Given the elevated concentration of SOC 

in JJA, understanding of the driving factors behind JJA SOC becomes particularly critical 

for the development of regional regulations. To delve into the effects of biogenic emissions, 

anthropogenic emissions, fire activity, and radiation on JJA SOC production, we conducted 

an SMLR analysis on ancillary datasets, with detailed information available in 4.2.4.   

 

Figure 37. (a) Resulted p-values from MLR built on significant factors, where 

shaded cells means that the corresponding factor is insignificant. (b) Normalized 

regional mean concentrations of all factors. 

Figure 37 shows the selected variables and their corresponding fitted p-values in 

the regression results. Notably, we observed that HCHO TVCDs significantly impact most 

of the regions, with the exception of CA. Considering that most IMPROVE sites located 
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in rural/remote regions such as national parks 307 with sufficient BVOC emissions, this 

result suggest that the SOC we derived here is highly likely to be biogenically driven.  

Following this strong indication of biogenic SOC formation, sulfate is found to be 

significant for all three western US regions and SE. Several studies have reported the strong 

correlation between sulfate with biogenic SOC production308. The uptake of IEPOX, a 

major oxidation product from ISOP by OH, represents the primary pathway for SOC 

formation under low NOx conditions309, 310. Previous research has demonstrated that sulfate 

can enhance the reactive uptake of IEPOX through nucleophilic attack, potentially via the 

salting-in effect304. Our findings indicate a sulfate dependency of SOC, particularly in low-

sulfate regions (Figure 37 (b)), such as the western US. This dependence of SOC on sulfate 

in low-sulfate regions may signal challenges in reducing SOC in the future. Despite the 

high sulfate levels in NE, our study does not reveal a significant correlation between sulfate 

and SOC. This weak correlation between sulfate and SOC might suggest the diverging 

pathway of sulfate and SOC production in this region, as reported by previous studies311. 

In contrast to the significant roles of sulfate, our results indicate a relatively less significant 

role for nitrate in JJA SOC, which is also more evenly distributed than sulfate in JJA 

(Figure 37 (b)).  

Local fire emissions are found to have significant impacts on JJA SOC in the 

western US, particularly in CA and SW312, 313. With an anticipated increase in PM2.5 levels 

in the US due to escalating wildfires in North America under a warming climate314-316, our 

findings underscore the importance to account for the fire impact on SOC production. 
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4.3.3 Increasing SOC Despite Decreasing Anthropogenic Emissions  

 

Figure 38. Trend of SOC and POC [percent/decade]. Solid filled cells indicate that 

the trend is significant, while transparent cells indicate that no significant trend is 

detected. 

Historical trends for all seasons were analyzed for the six regions. Overall, a 

decreasing trend was observed for POC in all seasons, whereas SOC exhibited contrasting 

patterns (Figure 38). The decreasing trend in POC aligns with the trends observed for EC, 

other inorganic PM2.5 components, nitrogen dioxides (NO2), and sulfur dioxides (SO2) 

(Figure 39), showing the reduction in anthropogenic emissions in response to EPA 
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regulations 317. Although POC generally follows this declining pattern, the trend for SOC 

differs in most cases. 

 

Figure 39. Trends of all species. Solid filled cells indicate that the trend is 

significant, while transparent cells indicate that no significant trend is detected. 

In JJA, which was analyzed previously as the season with the highest SOC 

concentrations, the historical trends demonstrate the least significance among all the 

seasons. While some of the trends may be insignificant, an overall increase in SOC was 

observed across all regions, except for SW and SE. In the case of SW, the insignificant 

trend can be attributed to less monotonic evolutions, probably caused by the combining 

effects from many factors, such as the decreasing anthropogenic emissions but increasing 

fires (Figure 36 (a)). Notably, a significant decreasing trend was observed in the SE region. 

Considering the biogenic origin of SOC in SE, the decreasing trends of HCHO (Figure 40) 
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and SO2, along with a reduction in radiation (Figure 40), could significantly contribute to 

the decline in SOC.  

 

Figure 40. Historical trends for HCHO TVCDs (left) and Surface Solar Radiation 

Downwards (SSRD) (right). 

For the other two regions in the eastern US, NE and MW, the contrasting depiction 

of the historical trends of SOC and POC is observed. In the western US, significant 

interannual variations result in less pronounced trends, both positive and negative, not only 

for SOC but also for POC, OC, and other inorganics. This variations could be attributed to 

the occurrence of large-scale burning events in recent years313, 318. Studies in central CA 

have reported impacts of intensified large JJA forest fires on both SOC and POC255, 297, 319. 

The increasing trend in fire emissions in CA and SW since 2015 (Figure 41) likely 

contributed to the elevated SOC in these regions during the same period. Fire emissions 

also impact the northern part of US (NW, MW and NE). While local fire emissions are 

negligible, an increasing trend in fire emissions from southern Canada (Figure 42) may 

also contribute to the escalating SOC concentrations in these regions through long-range 

transport, as suggested in previous studies320, 321. In addition to fire emissions, the NW 



 

 

92 

region demonstrates a significant increasing trend in PM2.5, as well as an increase in NO2 

and particulate nitrate. Previous research has also identified an increasing background level 

of NO2 in the NW US, which may be linked to either trans-Pacific transport or agricultural 

emissions, necessitating further investigation.322   

 

 

Figure 41. Historical trends for and fire carbon emissions from GFED. 

 

Figure 42. Historical trends for Canadian fire emissions. 
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For the non-summer seasons, variations across regions are generally limited. 

Despite continually decreasing anthropogenic emissions, a decreasing trend in SOC is 

observed only for the eastern US during winter. Studies have indicated a significant 

influence from burning on SOC production in the eastern US related to both residential 

heating and local burnings in winter,323-325 which may contribute to this decreasing SOC 

trend. Increasing SOC, whether significant or not, are generally observed in other cases. It 

is noteworthy that while SOC concentrations exhibit greater variability, the annual mean 

SOC/OC display increasing trends across all regions (Figure 43), signifying the growing 

significance of secondary components in OC. Recent health-environmental studies 

emphasize the significant contribution of SOC to air pollution mortality326, 327. This 

increasing SOC underscores the importance of exploring its health impacts, emphasizing 

the need to consider not only primary emissions but also secondary production in PM2.5 

regulations. 

 

Figure 43. Relative trend of annual SOC/OC. Solid cells indicate that the trend is 

significant, while transparent cells indicate that the trend is insignificant. 

4.4 Conclusions 
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Current studies on SOC productions are time- and region- limited. Through the 

ACCA clustering method, we identify six regions across the CONUS domain according to 

the correlations of measured OC concentrations. We leverage IMPROVE OC and EC data 

from 2005-2020 to understand the seasonal and historical trends and regional effects. The 

regional mean SOC/OC vary from 22% to 40%. The comparison of our derived SOC/OC 

with co-located values reported from previous studies show reasonable agreement, despite 

a higher bias in the CMB method, likely due to unconsidered POC sources. Unlike POC, 

which shows insignificant seasonal pattern, SOC exhibits a consistent seasonal pattern, 

with peak in summer, across all regions, indicating the enhanced photochemical activity 

during summer. In summer, the interregional variation is also the largest, indicating 

enhanced photochemical influences. Notably, we found a significant correlation with 

HCHO of summer SOC for all regions except for CA, where local fires play significant 

role. Sulfate, as has been discussed in previous studies, play significant role in summertime 

SOC productions. Our results highlight the regional dependencies of this correlation with 

sulfate. SOC sensitivity to sulfate is more pronounced over western US, which is 

characterized by low sulfate concentrations. In contrast, regions with abundant sulfate, 

such as NE or SE, weak or even non-existent correlations with sulfate are observed. While 

POC decrease along with decreasing anthropogenic emissions across the United States, 

SOC does not follow the trend and even increase in some cases. Statistically significant 

decreasing SOC trend is found only in the three eastern US regions (MW, NE, and SE) in 

winter and SE in summer. While for other seasons, statistically significant increasing 

trends, or insignificant positive trends are found in SOC. Accordingly, increasing annual 
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mean SOC contribution to OC (SOC/OC) is found for all regions except for SE, where no 

significant trend is detected. The relative trend ranges from 14% to 60% per decade. 

Meanwhile, recently increasing fire activities over the western United States in summer to 

fall underscores the difficulty in future reduction of OC through reduction of anthropogenic 

emissions in the corresponding fire-affected regions. Increasing secondary contribution to 

OC highlights the need to investigate SOC production for future air quality regulation. 
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CHAPTER 5. CONCLUSIONS AND FUTURE WORK 

This thesis gain insights into the atmospheric chemistry processes regarding O3 and 

PM2.5 pollutions through observational and modeling analysis. Utilizing comprehensive 

datasets of both ground-based and satellite-based measurements of trace gases and 

particles, we gain insights into HONO photoactive production mechanisms and their 

implications for O3 production, the uncertainties of satellite retrievals of NO2 and HCHO, 

as well as the historical and seasonal trends of SOC across CONUS.  

5.1 Observation-based Diagnostic of Photoactive Heterogeneous HONO Sources 

and their Divergent Implications for Ozone Production 

Our modeling analysis of the OPECE gaseous and particulate measurements at a 

rural coastal site in Shandong, China reaffirmed the presence of daytime heterogeneous 

production of HONO on aerosols, in line with findings from previous studies. The 

modeling equivalency of different HONO production mechanisms underscored the 

intrinsic interplay between NO2, pNO3, and HNO3 in the chemical system. This 

emphasized that inland in situ observations may not provide sufficient constraints to 

investigate the heterogeneous HONO production mechanisms. Furthermore, the 

conversion of HONO from pNO3 was observed to potentially lead to marked elevations of 

O3 in the downwind regions from emission sources. This process may have global 

implications, potentially impacting even marine environments. Conversely, the 

photoactive conversion of HONO from NO2 on aerosols can shift the transition regime, 

when O3 production becomes insensitive to NOx, to higher NOx conditions, consequently 
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flattening the increase in PO3 with decreasing NOx, when compared to other mechanisms 

or scenarios without heterogeneous HONO production. Additionally, our analysis on BB 

indicated that high HONO concentrations during BB can be attributed to the increased level 

of HONO precursors, such as NOx or pNO3, rather than primary emissions of HONO. 

Future work could involve Lagrangian experiments conducted away from emission 

sources, tracking the evolutions of HONO/NO2, HONO/pNO3, and NOx/pNO3 ratios over 

1-2 days of chemical aging. Such experiments could provide deeper insights into the 

underlying HONO production mechanism, as the three mechanisms exhibit markedly 

distinct predictions of the ratios. Quantifying HONO production on aerosols has profound 

implications for understanding O3 pollution and is important to formulating effective O3 

mitigation strategies. Considering the increasing burning activities due to global warming 

in recent years, an in-depth exploration of the impact of BB on HONO and HONO 

production pathways is essential not only for understanding the mechanisms of HONO 

production in BB plumes but also for assessing the impacts of BB on O3 production. In 

addition, integrating these HONO heterogeneous production pathways into a 3D model 

could help quantify and compare their impacts on regions with different emission 

conditions.   

5.2 Remote Sensing Measurements at a Rural Site in China: Implications for 

Satellite NO2 and HCHO Measurement Uncertainty and Emissions from Fires  

Validations of satellite NO2 and HCHO products using ground-based MAX-DOAS 

observations on days without local burnings are conducted after unifying the a priori 
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profiles for satellite and MAX-DOAS products using REAM simulated vertical profiles. 

The comparative analysis revealed that the agreement between satellite and MAX-DOAS 

data is generally better for NO2 products than for HCHO products, which could be 

attributed partly to the nature of lower sensitivity of UV band to HCHO in the lower 

atmosphere due to stronger Rayleigh scattering. Nevertheless, the TROPOMI HCHO 

product displayed considerable potential for improvement compared to OMI products. For 

satellite NO2 products, the two OMI products exhibit a ~30% bias from each other even 

when using the same a priori profiles, linked to a differed estimation of scattering weight 

profiles in the lower troposphere. Further analysis indicated that this discrepancy could be 

partially attributed to the more extensive cloud presence above the boundary layer around 

the observation site in the OMI-NASA NO2 products. Additionally, on days with local 

burnings, our analysis of the effects of BB on boundary layer HONO, NO2, and HCHO 

using MAX-DOAS observations revealed substantial enhancements in their 

concentrations. Notably, the enhancements of NO2 and HCHO often coincided, whereas 

the fire-induced enhancements of HONO exhibited higher variability.  

Our current analysis focuses mainly on the two OMI products due to lack of 

TROPOMI standard product (i.e., TROPOMI v2) during our study period. Future efforts 

could incorporate the TROPOMI standard product into comparisons, leveraging its 

improved quality and resolution to gain a more nuanced understanding of the observed 

discrepancies in the two OMI products. Extending the scope of this study to broader regions 

to determine whether the observed differences in scattering weight profiles possess 

regional characteristics, quantifying the relative significance of this discrepancy in 
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different regions would help to gain implications for regional trend studies utilizing 

satellite products. Furthermore, a better understanding of HONO production mechanisms 

could help us better understand the variable BB impact on HONO and the consequent 

impact on O3 production. Lastly, our study shows that the discrepancy between two OMI 

NO2 products stem from their different cloud properties and surface reflectivity data, a 

comparison of their results after unifying the cloud properties and surface reflectivity 

separately could help better target the main source contributing to the discrepancies. 

5.3 Seasonal and Historical Trends of Secondary Organic Carbon across the 

Continental United States 

We identify six regions across CONUS according to OC concentration correlations 

across different sites through the ACCA clustering method. Using IMPROVE OC and EC 

data spanning 15 years (2005-2020), we estimate SOC and POC to understand the seasonal 

and historical trends, as well as regional effects. The regional mean SOC/OC varies from 

22% to 44% and is consistent with co-located values reported by previous studies. Unlike 

POC, SOC exhibits a consistent seasonal pattern with a summer peak, indicating enhanced 

photochemical influences in JJA, which results in large inter-regional variations. 

Employing SMLR analysis, we found that JJA SOC correlated well with HCHO across all 

regions except for CA, where local fires played a significant role. In addition, our results 

underscore the regional dependencies of the correlation of SOC with sulfate, that SOC 

sensitivity to sulfate is more pronounced over western US, where sulfate concentrations 

are generally lower. While POC decrease along with decreasing anthropogenic emissions 

across the United States, SOC does not follow the trend and even increase in some cases. 
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Statistically significant decreasing SOC trend is found only in the three eastern US regions 

(MW, NE, and SE) in DJF and SE in JJA. While for other seasons, statistically significant 

increasing trends, or insignificant positive trends are found in SOC. Accordingly, 

increasing annual mean SOC/OC is found for all regions except for SE, where no 

significant trend is detected. The relative trend ranges from 14% to 60% per decade. 

Meanwhile, increasing fire activities over western US and Canada in recent years 

underscores the difficulty in future reduction of OC through reduction of anthropogenic 

emissions in the corresponding fire-affected regions, such as western and northern US. 

Increasing secondary contribution to OC highlights the need to investigate SOC production 

for future air quality regulations.  

In-source formation (ISF) process has recently been found to be a major contributor 

to ambient particulate sulfate which highlights the importance of an accurate quantification 

of “primary emissions” in the models295, 328. It should be noted that the secondary fraction 

derived from OC/EC-related measurements as employed in our study, does not account for 

SOC formed through the ISF process due to its correlation with EC. This may result in 

lower secondary fractions when compared to those derived from element-based 

measurements, such as AMS or ACSM (Figure 44). As long-term measurement campaigns 

equipped with these instruments, such as ASCENT, are underway, future work should 

include comparisons and combinations of the results from ASCENT measurements to 

enhance our comprehensive understanding of SOC across the US. 
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Figure 44. Illustration of the accounted SOC in two methods 

Future investigations could involve a more detailed analysis of the regional 

characteristics of SOC production within each specific region. Integrating additional 

factors and a larger sample size into the SMLR analysis of SOC could further refine and 

achieve a more robust identification of significant factors. Considering the increasing 

wildfire frequencies under a warming climate, back-trajectory simulations which could 

quantify impacts from transported fire emissions could help to improve the understanding 

of the fire impact on SOC production, in both local emissions and long-range transport.   
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