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ABSTRACT 

The San Joaquin Valley (SJV) continues to experience persistent air quality challenges associated 
with fine particulate matter (PM2.5), including frequent exceedances of the 24-hour PM2.5 National 
Ambient Air Quality Standards (NAAQS). In support of State Implementation Plan (SIP) 
attainment efforts and black carbon (BC) reduction requirements under Senate Bill 1383 (SB 
1383), this project characterized long-term non-refractory PM2.5 (NR-PM2.5) composition, sources, 
and formation processes using real-time, high-time-resolution measurements combined with 
advanced source apportionment analyses.  

Sub-hourly, continuous measurements of key particulate species (i.e., organic aerosol, nitrate, 
sulfate, ammonium, and chloride) have been conducted at Fresno and Bakersfield, California using 
Aerosol Chemical Speciation Monitors (ACSMs) since summer 2023 and are ongoing. These 
measurements provide a seasonally resolved characterization of NR-PM2.5 mass and chemical 
composition across a broad range of pollution regimes. Positive Matrix Factorization (PMF) and 
constrained multilinear modeling were applied to the ACSM datasets to resolve major primary and 
secondary PM2.5 sources and to quantify their seasonal and diurnal variability. Source 
apportionment results indicate that organic aerosol pollution in the SJV reflects contributions from 
multiple sources, including biomass burning associated with human activities and wildfires, as 
well as mobile and cooking-related emissions. However, secondary organic aerosol formed 
through atmospheric processing of emissions from these sources generally accounts for a major 
fraction of organic PM2.5 mass, including during winter periods characterized by enhanced primary 
emissions. Comparisons with prior CARB-funded ACSM measurements (Contract #17RD008) 
indicate changes in PM2.5 composition consistent with emission control efforts, while also 
highlighting secondary formation pathways that continue to impede attainment of the PM2.5 
NAAQS.  

At both Fresno and Bakersfield, late fall and winter consistently represent the most polluted 
periods of the year. Although organic aerosol persistently dominates PM2.5, accounting for 
approximately 75% of the annual average NR-PM2.5 mass at both sites, wintertime PM2.5 is also 
characterized by substantial contributions from ammonium nitrate. A complementary intensive 
field campaign conducted in Fresno during winter 2023-2024 employed a high-resolution Soot 
Particle Aerosol Mass Spectrometer (SP-AMS) and a long time-of-flight Chemical Ionization 
Mass Spectrometer with a Filter Inlet for Gases and Aerosols (FIGAERO-CIMS), providing 
unprecedented insight into source attribution and secondary organic aerosol formation during 
severe winter pollution episodes. A novel combined-PMF (c-PMF) framework developed in this 
study further demonstrates that elevated PM2.5 concentrations are sustained by complex interplays 
among secondary inorganic and organic aerosol formation processes, including aqueous-phase 
processing, nocturnal chemistry, and residual-layer dynamics. 

 



xvi 

 

1. EXECUTIVE SUMMARY 

1.1 Background  

The San Joaquin Valley (SJV) continues to face persistent air quality challenges and remains one 
of the most polluted regions in the United States, despite decades of regulatory efforts. 
Exceedances of the 24-hour PM2.5 National Ambient Air Quality Standard (NAAQS) of 35 μg m-

3 occur most frequently during late fall and winter, when stagnant meteorological conditions, 
shallow boundary layers, and enhanced emissions promote severe pollution episodes. 

PM2.5 in the SJV is dominated by organic aerosol and ammonium nitrate, with contributions from 
mobile emissions, residential wood burning, cooking, agricultural activities, and, increasingly, 
wildfires. Black carbon, produced by incomplete combustion of biomass and fossil fuels, is an 
important component of PM2.5 in urban areas such as Fresno and Bakersfield and has implications 
for both air quality and climate. PM2.5 concentrations and composition exhibit strong diurnal and 
seasonal variability driven by changes in emissions, boundary layer dynamics, and secondary 
aerosol formation, underscoring the complexity of PM2.5 sources and atmospheric processing in 
the region. 

The State Implementation Plan (SIP) establishes PM2.5 reduction milestones through 2025, while 
Senate Bill 1383 mandates a 50% reduction in anthropogenic black carbon emissions below 2013 
levels by 2030. Evaluating progress toward these goals requires continuous, long-term, chemically 
resolved PM2.5 measurements. Recent CARB-funded work has demonstrated that sub-hourly 
Aerosol Chemical Speciation Monitor (ACSM) measurements provide critical insight into non-
refractory PM2.5 components and their temporal variability. Extending these measurements and 
applying advanced source apportionment techniques provides a robust framework for assessing 
emission control strategies and informing future air quality management decisions in the SJV. 

1.2 Objectives and Methods 

The overall goal of this project is to improve understanding of emission sources, chemical 
pathways, and meteorological drivers of ambient PM2.5 pollution in the San Joaquin Valley. 
Building on prior CARB-funded work, this project conducted sub-hourly ACSM measurements of 
NR-PM2.5 concentration and composition in Fresno, California, alongside parallel long-term 
measurements in Bakersfield over a three-year period. These measurements were integrated with 
co-located observations of air pollutants and meteorological conditions to support advanced source 
apportionment analyses.  

In addition, a focused intensive field campaign was conducted in Fresno during winter 2023-2024 
using state-of-the-art online mass spectrometers (SP-AMS and FIGAERO-CIMS), providing 
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enhance quantitative constraints on the contributions of primary emissions and secondary aerosol 
formation processes to ambient PM2.5. Together, the long-term measurements from both sites and 
the intensive campaign dataset from Fresno were used to quantify contributions from major PM2.5 
sources and to assess the roles of secondary formation pathways and nocturnal residual-layer 
chemistry in shaping PM2.5 pollution in the San Joaquin Valley.  

To achieve these objectives, UCD carried out the following tasks: 

Task 1: Conduct continuous, sub-hourly measurements of NR-PM2.5 species using ACSMs at 
Fresno and Bakersfield over three years, with rigorous quality assurance and data processing. 

Task 2: Perform a month-long intensive measurement campaign in Fresno during winter 2023-
2024 using SP-AMS and FIGAERO-CIMS to enhance characterization of organic aerosol sources 
and formation processes. 

Task 3: Apply advanced source apportionment analyses to ACSM, intensive-campaign, and co-
located CARB data to quantify primary and secondary PM2.5 sources, assess meteorological and 
nocturnal influences, examine temporal variability, and compare results between Fresno and 
Bakersfield to inform air quality modeling and emission reduction strategies. 

Task 4: Communicate findings through stakeholder engagement and dissemination activities. 

Detailed results are presented in the chapters that follow. Chapter 2 summarizes the long-term 
measurements and compares NR-PM2.5 composition at Fresno and Bakersfield. Chapter 3 
presents the development and application of advanced source apportionment methods, including 
rolling-window ME-2 analyses, to long-term ACSM datasets from Fresno and Bakersfield, 
providing insights into the temporal variability and contributions of major organic aerosol 
sources. Chapter 4 examines wintertime emission sources and secondary formation processes of 
PM2.5 in Fresno based on the winter 2023-2024 intensive campaign, integrating SP-AMS and 
FIGAERO-CIMS measurements to resolve detailed source contributions and atmospheric 
processing pathways. Chapter 5 focuses on improving the characterization and quantification of 
cooking-related organic aerosol (COA) using chemically informed source apportionment of SP-
AMS measurements, enabling the resolution of distinct cooking emissions sources under 
complex wintertime conditions.    

1.3 Results 

High–time-resolution ACSM measurements in Fresno and Bakersfield show strong agreement 
with co-located BAM PM2.5 observations, demonstrating the reliability of ACSM data for long-
term monitoring of PM2.5 composition in the San Joaquin Valley. ACSM-measured non-refractory 
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PM2.5 (NR-PM2.5) accounts for the majority of PM2.5 mass, with differences relative to BAM 
largely attributable to refractory components (e.g., black carbon, dust and metal salts) that are not 
detected by the ACSM. Comparisons with U.S. EPA CSN data show good agreement for 
ammonium and nitrate, moderate agreement for sulfate, and larger discrepancies for organic 
aerosol, consistent with volatilization losses in filter-based measurements. 

NR-PM2.5 composition exhibits strong seasonal patterns at both sites. Organic aerosol (OA) 
dominates year-round, contributing approximately 70 – 75% of NR-PM2.5 mass, while wintertime 
PM2.5 is characterized by substantial contributions from ammonium nitrate, which can account for 
up to ~ 50% of PM2.5 during high-pollution episode. Fresno generally exhibits higher NR-PM2.5 
concentrations and stronger nighttime enhancements due to residential combustion and stagnant 
meteorology, while Bakersfield shows a greater influence of refractory material and more 
regionally uniform secondary aerosol contributions. Rolling-window ME-2 source apportionment 
of multi-year ACSM datasets resolved six OA factors at both sites and showed that secondary OA 
dominates OA mass throughout the year, including during winter periods with elevated primary 
emissions. 

A winter 2023–2024 intensive field campaign in Fresno, integrating high-resolution aerosol mass 
spectrometry with chemical ionization mass spectrometry measurements, enabled application of 
combined PMF (cPMF) to resolve OA sources and formation pathways at enhanced chemical 
resolution. This analysis identified 19 distinct OA factors, linking bulk aerosol mass to molecular-
level tracers. Results show that wintertime PM2.5 episodes are driven by a combination of enhanced 
nighttime primary emissions—particularly biomass burning and cooking—and substantial 
secondary production. Secondary OA accounted for nearly half of total OA mass, with fog-driven 
aqueous processing (~20 – 25%) and nocturnal residual-layer chemistry (~10 – 15%) identified as 
key contributors. 

1.4 Conclusions 
This study demonstrates that integrating long-term ACSM measurements with advanced source 
apportionment methods and targeted intensive measurements campaigns provides a more 
comprehensive, process-level understanding of PM2.5 sources and formation pathways in the SJV 
that cannot be achieved using traditional monitoring approaches alone. These enhanced insights 
support improved evaluation of emission control strategies and more effective air quality 
management. 

The ACSM measurements have been thoroughly evaluated through intercomparisons with 
regulatory monitoring platforms, highlighting both the strengths and limitations of current 
approaches. ACSM measurements of NR-PM2.5 show strong agreement with BAM PM2.5 mass 
concentrations, confirming that non-refractory species account for the majority of fine particle 
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mass. Differences are primarily due to refractory components (e.g., black carbon and dust) not 
measured by the ACSM. Comparisons with CSN data show strong agreement for ammonium and 
nitrate, but larger discrepancies for organic aerosol and sulfate, consistent with volatilization losses 
of semi-volatile species – particularly semi-volatile organics and ammonium nitrate – in filter-
based measurements. These findings underscore that real-time ACSM measurements more 
accurately represent semi-volatile PM2.5 under ambient conditions. Inclusion of black carbon 
measurements would further improve mass closure and alignment with regulatory PM2.5 
observations, particularly at sites such as Bakersfield where refractory contributions are high.  

While ACSM measurements combined with source apportionment effectively quantify bulk PM2.5 
composition and major sources, the addition of state-of-the-science high-resolution mass 
spectrometry (SP-AMS and FIGAERO-CIMS) significantly enhances source attribution and 
mechanistic understanding. Without these advanced measurements, secondary organic aerosol 
(SOA) would largely be represented as bulk oxygenated OA, limiting the ability to distinguish key 
formation pathways. Combined PMF (cPMF) analysis of SP-AMS and FIGAERO-CIMS data 
reveals that wintertime SOA arises from multiple distinct processes, including aqueous-phase 
reactions and nocturnal residual-layer chemistry, which cannot be resolved using ACSM data 
alone. These findings highlight the importance of integrating high-resolution measurements to 
inform interpretation of long-term datasets, at least via targeted intensive campaigns, to inform 
interpretation of long-term ACSM datasets and improve model representation of primary emission 
sources and secondary aerosol formation processes.  

Across both Fresno and Bakersfield, organic aerosol dominates PM2.5 mass (~70–75% on 
average), with SOA representing the largest fraction year-round. During winter, PM2.5 is further 
enhanced by ammonium nitrate, contributing up to ~50% of PM2.5 during high-pollution episodes. 
These episodes are driven by a combination of increased primary emissions, particularly biomass 
burning, cooking, and traffic, and efficient secondary formation under stagnant conditions. 
Secondary processes, including aqueous-phase chemistry and nocturnal residual-layer reactions, 
play a critical role in sustaining elevated PM2.5 levels, even when daytime photochemistry is 
limited.  

The findings have direct implications for air quality management in the SJV. Effective mitigation 
requires a dual focus on reducing both primary emissions and secondary aerosol precursors. 
Targeted controls on residential wood burning and other nighttime combustion activities are likely 
to be especially effective in reducing peak winter PM2.5 levels. At the same time, sustained 
reductions in precursor gases (NOx, VOCs, and NH3) are necessary to limit persistent secondary 
aerosol formation. The observed differences between Fresno and Bakersfield further highlight the 
need for location-specific strategies that account for variations in emissions, meteorology, 
geophysical characteristics, and atmospheric processing.  
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Overall, this work provides a comprehensive and quantitative framework for understanding PM2.5 
sources and formation processes in the SJV, and offers strong critical guidance for improving air 
quality modeling and developing more effective, data-driven PM2.5 mitigation strategies.
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2. OVERVIEW OF ACSM MEASUREMENTS IN FRESNO AND 
BAKERSFIELD, CA 

2.1 Introduction 
The San Joaquin Valley (SJV) continues to experience persistent PM2.5 air quality challenges, with 
exceedances of the 24-hour PM2.5 National Ambient Air Quality Standard occurring most 
frequently during late fall and winter under stagnant conditions that promote pollutant 
accumulation (Chen et al., 2020). In addition, episodic but severe PM2.5 pollution can occur during 
summer and fall due to increasing wildfire frequency and intensity across California (Altshuler et 
al., 2020; Jaffe et al., 2020), driven by emissions of primary organic aerosol (POA) and volatile 
organic compounds (VOCs) that contribute to secondary organic aerosol (SOA) formation (Zhang 
et al., 2018). Incomplete combustion of biomass and fossil fuels also produces black carbon (BC) 
– an important PM2.5 component in urban centers such as Fresno and Bakersfield (Cappa et al., 
2019; Chow et al., 2006; Collier et al., 2018; Farley et al., 2023; Zhang et al., 2016), with important 
implications for both air quality and climate forcing (Bond et al., 2006; Ding et al., 2016; 
Intergovernmental Panel on Climate Change, 2023; Koch and Del Genio, 2010; Ramanathan and 
Carmichael, 2008).  

Ambient PM2.5 concentrations and composition in the San Joaquin Valley (SJV) exhibit 
pronounced diurnal and seasonal variability driven by changes in emissions, meteorological 
conditions, boundary layer dynamics, and secondary aerosol formation processes (Betha et al., 
2018; Chen et al., 2018, 2010; Collier et al., 2018; Ge et al., 2012b, a; Parworth et al., 2017; Pusede 
et al., 2016; Sun et al., 2022; Young et al., 2016). Previous studies have shown that PM2.5 in the 
SJV is dominated by organic aerosol (OA) and ammonium nitrate, with predominant contributions 
from a range of anthropogenic sources including mobile emissions, residential wood burning, 
cooking, and agricultural activities (Chen et al., 2018; Chow et al., 2007; Ge et al., 2012a; Sun et 
al., 2022; Young et al., 2016).  

Periods of elevated PM2.5 in the region – particularly during late fall and winter and during multi-
day pollution episodes – are typically associated with a combination of meteorological and 
chemical factors that limit pollutant dispersion and enhance particulate accumulation. These 
include stagnant conditions and weak ventilation that suppress horizontal and vertical mixing, 
strong nocturnal boundary layer inversions that trap emissions near the surface, increased primary 
emissions from residential, mobile, and other combustion sources, and efficient secondary aerosol 
production through both nighttime and daytime chemical processes (Brown et al., 2006; Chen et 
al., 2018; Ge et al., 2012a, b; Lurmann et al., 2006; Parworth et al., 2017; Prabhakar et al., 2017; 
Pusede et al., 2016; Sun et al., 2022; Young et al., 2016). Together, these factors promote the 
buildup and persistence of PM2.5 over multiple days, result in severe pollution episodes and 
prolonged high-pollution seasons. The diversity of emission sources and the complexity of 
atmospheric processing in the SJV present significant challenges for effective air quality 
management and underscore the need for targeted control strategies focused on specific PM2.5 
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components and source categories. Developing such strategies requires a comprehensive, process-
level understanding of the emission sources, chemical pathways, and atmospheric processes that 
govern ambient PM2.5 in the region. 

The State Implementation Plan (SIP), including the 2018 Plan for the 1997, 2006, and 2012 PM2.5 
standards, establishes PM2.5 reduction milestones through the 2024-2025 attainment years, while 
the Senate Bill 1383 mandates a 50% reduction in anthropogenic BC below 2013 levels by 2030. 
To meet these air pollution reduction goals, the SJV has implemented a range of regulatory and 
incentive-based control measures, including the phase-out of most open agricultural burning, 
stringent requirements for residential wood burning, reductions in PM2.5 emissions from 
commercial cooking, industrial, and consumer-products sources,  and financial incentives to 
replace high-emitting agricultural equipment, heavy-duty trucks, locomotives, and lawn and 
garden equipment (Carr and Kindred, 2024; SJVAPCD, 2024). In addition, statewide mobile-
source and fuels programs have tightened tailpipe emission standards for new light- and heavy-
duty vehicles and established cleaner fuel requirements, providing substantial PM2.5 and precursor 
reductions in the region (CARB, 2024). Together, these programs are projected to reduce direct 
PM2.5 emissions by about 16% between 2017 and 2030, supporting attainment of the federal 2012 
annual PM2.5 standard in the SJV (SJVAPCD, 2024). Evaluating the effectiveness of these 
mitigation efforts requires continuous, long-term monitoring of PM2.5 concentrations and chemical 
compositions.  

Several studies, including recent CARB-funded efforts (through contracts #17RD008 and 
#20AQP007), have demonstrated the value of highly time-resolved Aerosol Chemical Speciation 
Monitor (ACSM) measurements for quantifying non-refractory PM2.5 (NR-PM2.5) components and 
characterizing their temporal variability (Heikkinen et al., 2020; Parworth et al., 2015; Sun et al., 
2022, 2015). Sun et al. (2022) reported the first long-term ACSM measurements in Fresno, 
providing detailed characterization of the major PM2.5 constituents – organic aerosol (OA), nitrate 
(NO3

-), sulfate (SO4
2-), ammonium (NH4

+), and chloride (Cl-) – and their diurnal, weekly, seasonal, 
and interannual behavior (Sun et al., 2022). That work further demonstrated that advanced source 
apportionment of ACSM mass spectral data can identify the major emission sources driving 
seasonal PM2.5 pollution episodes and support evaluation of the effectiveness of PM2.5 control 
strategies currently being implemented in the SJV.  

In this chapter, we present an overview of the ACSM measurement methods at Fresno and 
Bakersfield and summarize key results that illustrate the performance of the instruments and the 
diurnal and seasonal characteristics of NR-PM2.5 composition at these two major cities in the SJV. 
Detailed discussion on the source apportionment of organic aerosol based on ACSM data is 
presented in Chapter 3. Subsequent chapters provide an in-depth analysis of measurements from 
the winter 2023-2024 intensive measurement campaign in Fresno, with emphasis on key emission 
sources and atmospheric processes driving wintertime PM2.5 pollution in the SJV.  
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2.2 Experimental Methods 
2.2.1 ACSM Measurements at Fresno and Bakersfield 

In this project, UCD deployed two ACSMs, one at Fresno (3727 N. 1st Street, Suite 104, Fresno 
CA 93726; 36.78538oN, 119.77321oW; 97 m above sea level) and one at Bakersfield (5558 
California Ave, Bakersfield CA 93309, 35.35662 oN, 119.06261oW; 119 m above sea level). Both 
instruments have been operated and maintained continuously since the summer of 2023 as part of 
this project. 

The ACSM measures aerosol mass concentration and chemical composition by sampling particles 
through an aerodynamic lens into a high-vacuum chamber (Zhang et al., 2004; Zhang et al., 2002), 
where non-refractory particulate matter is flash vaporized on a heated surface. The resulting 
gaseous molecules are ionized using 70 eV electron impact ionization and analyzed by mass 
spectrometry (Ng et al., 2011a; Frohlich et al., 2013). In this project, both ACSMs were equipped 
with a PM2.5 aerodynamic lens (Williams et al., 2013; Peck et al., 2016) and a capture vaporizer 
(CV) maintained at approximately 500 oC. The CV minimizes particle bounce and achieves near-
unity collection efficiency for NR-PM2.5 (Hu et al., 2017; Xu et al., 2017). The configuration 
enables quantitative measurement of organic aerosol, nitrate, sulfate, ammonium, and chloride in 
PM2.5 (Sun et al., 2022; Zhang et al., 2017; Zheng et al., 2020).   

The ACSM deployed at Fresno was equipped with a time-of-flight mass spectrometer (ToF-
ACSM), while the instrument deployed at Bakersfield uses a quadrupole mass spectrometer (Q-
ACSM). Because the ToF-ACMS provides higher sensitivity than the Q-ACSM (Ng et al., 2011a; 
Frohlich et al., 2013), NR-PM2.5 data at Fresno were collected at a higher time resolution than at 
Bakersfield (10 min vs. 20 min). Such time resolution is substantially higher than the typical hourly 
resolution used for long-term monitoring, improving the ability to capture short-term variability in 
PM2.5 concentration and composition and enhancing subsequent source apportionment analyses. 

Instrument performance was monitored daily using remote-access software (e.g., Teamviewer) and 
maintained through routine on-site calibrations that were conducted to determine the ionization 
efficiency (IE) and relative ionization efficiencies (RIEs) for ammonium and sulfate. Calibrations 
for IE and ammonium RIE were performed using size-selected ammonium nitrate particles 
(Canagaratna et al., 2007; Ng et al., 2011a), while pure ammonium sulfate particles were used to 
determine the sulfate RIE (Setyan et al., 2012). These procedures ensured stable instrument 
performance and improved accuracy of the reported concentrations of NR-PM2.5 species. Data 
were automatically backed up to on-site external storage and copied periodically to a remote 
system at UC Davis to ensure data redundancy and security.  

This report covers ACSM measurements collected in Fresno from June 2023 through December 
2025 and in Bakersfield from August 2023 through December 2025. The beginning of the reporting 
period at Fresno corresponds to the start of the project, while the reporting period at Bakersfield 
corresponds to the initial deployment of the ACSM instrument at that site. Instrument uptimes, 
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calculated over the respective reporting periods, were approximately 87% at Fresno and 96% at 
Bakersfield. Data gaps were primarily attributable to occasional inlet clogging and intermittent 
periods of instrument calibration, maintenance, or repair. These uptime levels demonstrate the 
successful acquisition of high-quality, long-term datasets at both sites. 

2.2.2 Sampling site and other instrumentation 

Co-located meteorological and air quality measurements were obtained from the CARB air 
monitoring network (https://www.arb.ca.gov/aqmis2/aqdselect.php) and are available as hourly 
averages. These include PM2.5 and PM10 mass concentrations measured by beta attenuation 
monitors (BAMs), ambient temperature, relative humidity (RH), wind speed and direction, and 
concentrations of key gas pollutants (CO, NO, NO2, O3 and SO2). In addition, speciated PM2.5 
component concentrations (e.g., organic carbon, sulfate, nitrate, ammonium, chloride) were 
obtained from the US EPA Chemical Speciation Network (CSN). CSN measurements are based 
on 24-hour integrated PM2.5 filter samples collected every 3 days and then analyzed using 
established offline methods (https://aqs.epa.gov/aqsweb/airdata/download_files.html). 

2.2.3 ACSM data analysis 

Mass concentrations of NR-PM2.5 species, including organic aerosol, sulfate, nitrate, ammonium, 
and chloride, were derived from the ion signals detected by the ACSMs using the standard ACSM 
data analysis software. Data from the ToF-ACSM were processed using Tofware (v2.5.13), while 
data from the Q-ACSM were processed using ACSM Local (v1.6.2.1), both operated within the 
Igor Pro environment (Wave-Metrics, Inc., Oregon USA) and available through Aerodyne 
Research Inc. (https://support.aerodyne.com/hc/en-us/categories/12103106604823-ACSM).  

The ACSM instruments were calibrated multiple times during the measurement period using pure 
ammonium nitrate and ammonium sulfate following established protocols described in Ng et al. 
(Ng et al., 2011a). These calibrations were used to determine relative ionization efficiency (RIE) 
values for ammonium and sulfate. Default RIE values were assumed for organics (1.4), nitrate 
(1.05), and chloride (1.3) (Ng et al., 2011b). ACSM data were batch-processed on a weekly basis 
and subjected to rigorous quality assurance and quality control (QA/QC) procedures. QA/QC 
evaluations included (1) determination of species-specific detection limits, (2) diagnostic 
examination of mass spectral signals, and (3) estimation of quantification uncertainties arising 
from electronic and ionic noise, particle sampling statistics, and background signals measured 
during particle-free sampling periods. 

To assess the accuracy, precision, and overall performance of the ACSMs, NR-PM2.5 mass 
concentrations were compared with co-located PM₂.₅ measurements obtained from Federal 
Equivalent Method (FEM) and Federal Reference Method (FRM) instruments, as well as with PM 
measurements collected during the intensive field campaign in the winter of 2023-2024. Total 

https://www.arb.ca.gov/aqmis2/aqdselect.php
https://aqs.epa.gov/aqsweb/airdata/download_files.html
https://support.aerodyne.com/hc/en-us/categories/12103106604823-ACSM
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PM10 and PM2.5 mass concentrations were measured using MetOne BAM-1020 instruments 
equipped with PM10 or PM2.5 cyclones for size selection prior to collection on glass fiber filter tape. 
Hourly PM mass concentration data were obtained from the CARB Air Quality and Meteorological 
Information System (https://www.arb.ca.gov/aqmis2/aqmis2.php).  

Speciated PM2.5 component measurements were obtained from the U.S. EPA Chemical Speciation 
Network (CSN). Inorganic components (sulfate, nitrate, ammonium, and chloride) were collected 
using MetOne SASS or SuperSASS samplers on nylon filters. The filters were later extracted and 
analyzed using ion chromatography. Organic aerosol was sampled using URG3000N samplers 
with quartz filters, followed by thermal-optical analysis to determine total organic carbon (OC). 
CSN filter samples were collected as 24-hour integrated measurements every three days, and the 
corresponding data were obtained from the EPA Air Quality System website 
(https://aqs.epa.gov/aqsweb/airdata/download_files.html). 

Because the ACSMs operated at higher time resolution (~10-20 minutes) than the BAM or CSN 
measurements, ACSM were post-averaged to match the temporal resolution of the comparison 
datasets (1-h or 24-h for BAM and 24-h for CSN). All available data were used for time series 
and temporal variability analyses. For quantitative inter-instrument comparisons, only periods 
with concurrent ACSM and corresponding BAM or CSN measurements were included. Where 
relevant, total NR-PM2.5 is taken as the sum of the individual ACSM-measured components 
(Org, SO4, NO3, NH4, and Chl). BAM and CSN measurements were used as-is without further 
processing.  

2.3 Results and Discussion 
2.3.1 Multi-year NR-PM2.5 concentrations and chemical composition in Fresno 

and Bakersfield 

Time-series of the organic aerosol, nitrate, sulfate, chloride, and ammonium concentrations 
measured by the ACSMs, along with their fractional contributions to the total NR-PM2.5 mass, are 
shown in Figure 2-1 for Fresno and Figure 2-2 for Bakersfield. For comparison, co-located PM2.5 
mass concentrations measured by beta attenuation monitors (BAMs) are also presented. Together, 
these measurements provide a multi-year, high-time-resolution perspective on the temporal 
evolution and seasonal variability of PM2.5 chemical composition in the SJV. 

At both sites, total NR-PM2.5 and PM2.5 concentrations exhibit strong seasonal variability, with the 
highest levels occurring during the fall and winter and peak values generally observed in 
December. Among the study years (2023 – 2025), the 2024-2025 winter season stands out for 
exhibiting the highest and most sustained PM2.5 concentrations, consistent with prolonged 
stagnation events and enhanced wintertime emissions. 

https://www.arb.ca.gov/aqmis2/aqmis2.php
https://aqs.epa.gov/aqsweb/airdata/download_files.html
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As shown in the upper panels of Figures 2-1 and 2-2, elevated wintertime NR-PM2.5 
concentrations are mainly driven by a combination of increased primary organic aerosol (POA) 
emissions from combustion sources and enhanced secondary formation of particulate ammonium 
nitrate (NH4NO3) and secondary organic aerosol (SOA) under cold, stagnant conditions (Young 
et al., 2017). In contrast, lower concentrations during spring and summer reflect improved 
ventilation, reduced residential combustion, and less favorable thermodynamic conditions for 
NH4NO3 and semi-volatile SOA formation.   

The chemical composition of NR-PM2.5 exhibits pronounced seasonal variability, particularly in 
the relative contributions of OA and inorganic species. Over the full measurement period reported 
here, OA accounts for an average of 72 ± 13% (1σ) of NR-PM2.5 mass in Fresno and 76 ± 12% in 
Bakersfield, highlighting the dominant role of OA at both sites. The fractional OA contribution 
peaks in late summer and early fall, coinciding with increased influence from wildfire smoke and, 
later in the year, the onset of residential wood burning. Elevated summertime OA contributions to 
PM2.5 also reflect enhanced SOA production from photochemical oxidation of volatile organic 
compounds (VOCs) and increased biogenic VOC emissions. Detailed OA source apportion results 
are presented in Section 3. 

In contrast, NH4NO3 is most abundant during late fall and winter, dominating the inorganic 
fraction and contributing up to ~50% of total NR-PM2.5 mass during peak pollution periods. 
Ammonium sulfate ((NH4)2SO4) becomes relatively more important in spring and summer, 
reflecting enhanced photochemical oxidation of SO2 to sulfates and reduced thermodynamic 
stability of NH4NO3 at higher temperatures. Chloride constitutes a minor fraction of NR-PM2.5 at 
both sites but generally covaries with OA throughout the year, suggesting common or closely 
related sources consistent with biomass burning. It is important to note that the ACSM measures 
only non-refractory chloride, primarily ammonium chloride, and has limited sensitivity to 
refractory metal chlorides (e.g., NaCl, KCl, or CaCl2) present in sea salt or dust particles.  

2.3.2 Comparison of ACSM-Measured NR-PM2.5 to BAM-PM2.5 

The relationship between ACSM-measured NR-PM2.5 and BAM-measured PM2.5 mass 
concentrations is shown in Figure 2-3 for 2023-2025 at each site, while Figure 2-4 summarizes 
the corresponding annual-average concentrations along with BAM PM10. Together, these 
comparisons indicate that non-refractory species contribute the majority of PM2.5 mass at both 
Fresno and Bakersfield, particularly during wintertime pollution episodes. Fine particles in Fresno 
generally exhibit a larger absolute contribution from non-refractory species during high-pollution 
periods, whereas the greater differences between NR-PM2.5 and BAM PM2.5 in Bakersfield reflect 
a stronger influence of refractory components such as crustal material. 

Hourly time series (Figure 2-1 and Figure 2-2) show that NR-PM2.5 closely tracks PM2.5 at both 
sites, while scatter plot comparisons (Figure 2-3) demonstrated strong correlations throughout the 
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entire measurement period, with coefficient of determination (r2) ranging from 0.72 (Bakersfield, 
2025) to 0.86 (Bakersfield, 2023). However, the quantitative relationship between NR-PM2.5 and 
BAM PM2.5 varies by site and year. In Fresno, NR-PM2.5 on average accounted for 0.94, 1.1, and 
1.1 of BAM PM2.5 in 2023, 2024, and 2025, respectively, whereas in Bakersfield the corresponding 
ratios were lower – 0.93, 0.82, and 0.80.  

Slopes below unity are expected because PM2.5 contains refractory components not detected by 
the ACSM, including elemental (black) carbon, crustal dust, and sea salt. The consistently lower 
NR-PM2.5 vs. PM2.5 regression slopes observed in Bakersfield indicate a higher refractory fraction 
at that location compared to Fresno. This interpretation is supported by Figure 2-4, which shows 
significantly higher PM10 concentrations at Bakersfield, and by the distribution of PM2.5/PM10 
ratios (Figure 2-5), which indicates a larger contribution from coarse particles at that site. The 
PM2.5/PM10 ratio reflects the fraction of PM10 mass present in the fine mode, when refractory 
material contributes substantially to total PM, can serve as an indicator of the refractory fraction 
in PM2.5. Lower PM2.5/PM10 ratios, indicating a greater influence of from coarse, refractory 
particles such as dust and sea salt, correspond to a reduced non-refractory fraction in fine particles, 
resulting in lower NR-PM2.5 relative to total PM2.5. In contrast, when fine particles dominate (i.e., 
PM2.5-10/PM10 approaching 0), NR-PM2.5 more closely approximates total PM2.5 mass (Figure 
2-3), consistent with a PM2.5 composition richer in non-refractory species. 

At Fresno, regression slopes slightly greater than unity in 2024 and 2025 likely reflect 
underestimation of BAM PM2.5 due to evaporation losses of semivolatile species, particularly 
ammonium nitrate and semi-volatile OA, during filter equilibration and measurement (Chiu and 
Carlton, 2024). In contrast, the ACSM, which samples in real time and near ambient temperature, 
is less susceptible to such volatilization artifacts. As a result, during periods dominated by 
semivolatile secondary aerosols, especially in winter, BAM measurements can underestimate 
PM2.5 mass relative to the ACSM, resulting in regression slopes exceeding one (Figure 2-3). 
However, interpretation of year‑to‑year seasonal differences is complicated by uneven temporal 
coverage. For example, in 2024 there is full coverage of the winter season, whereas both 2023 and 
2025 have only partial coverage of wintertime PM.  

2.3.3 Intercomparison of ACSM Measurement of NR-PM2.5 Chemical 
Composition with EPA CSN Data  

The EPA Chemical Speciation Network (CSN) characterizes PM2.5 chemical composition at the 
Fresno-Garland and Bakersfield monitoring sites using integrated 24-h filter samples collected 
every third day. Figures 2-6 and 2-7 compare ACSM-measured NR-PM2.5 components (organics, 
sulfate, nitrate, ammonium, and chloride) with corresponding CSN species for Fresno and 
Bakersfield, respectively, over the period August 2023 to June 2025.   
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Nitrate and ammonium exhibit the strongest correlations between the ACSM and CSN 
measurements at both sites. In Fresno, correlations are high (r2 = 0.92 for nitrate and 0.90 for 
ammonium) with slopes near unity, indicating close agreement. Similar correlations are observed 
in Bakersfield (r2 = 0.91 and 0.90), although the ACMS measured lower concentration – about 
63% of CSN nitrate and 69% of CSN ammonium. This lower slope likely reflects the presence of 
nitrate and ammonium associated with refractory species (e.g., dust-bound nitrate or ammonium 
salts with crustal material) that are not efficiently detected by the ACSM. Sulfate shows a weaker 
correlation (r2 = 0.6) and slopes of 0.66 in Fresno and 0.45 in Bakersfield, suggesting an even 
larger contribution from undetected forms such as metal sulfates.  

While the ACSM and CSN measure comparable aspects of PM2.5 composition, they differ in the 
range of species each detects. The ACSM quantifies only NR-PM components (e.g., ammonium 
salts of nitrate, sulfate, and chloride) that volatilize at approximately 500 oC. In contrast, the CSN’s 
filter-based method captures both non-refractory and refractory species, including metal salts and 
crustal components, but is susceptible to volatilization losses during sampling. These 
methodological differences can lead to systematic offsets in total mass and species composition 
between the two datasets. 

The impact of these differences is most evident for chloride, which shows the weakest 
correspondence between the two datasets. In Bakersfield (r2 = 0.47; slope = 0.25), ACSM chloride 
concentrations are substantially lower than CSN values, while the agreement is slightly better in 
Fresno. This discrepancy likely reflects the presence of refractory chloride (e.g., NaCl, CaCl2) 
from sea salt and dust that the ACSM cannot detect. The higher PM10 levels in Bakersfield (Figure 
2-4) support this interpretation and help explain the generally lower slopes observed for all NR-
PM2.5 components in Bakersfield relative to Fresno, consistent with a greater influence of 
refractory material at that site. 

The comparison of ACSM-measured OA and OC reported by the CSN shows moderately strong 
correlations (r2 = 0.72 in Fresno and 0.79 in Bakersfield) and slopes of ~ 2.5 at both sites. The 
CSN reports OC, which represents only the carbon mass and excludes associated heteroatoms (e.g., 
hydrogen, oxygen, and nitrogen), whereas the ACSM quantifies the total OA mass. Although the 
relationship between OA and OC varies with location and atmospheric processing, it is typically 
approximated using an organic-mass-to-organic-carbon (OM/OC) ratio. In urban environments, 
an OM/OC of ~ 1.6 is typical, while higher values (> 2) are associated with more oxidized, aged 
aerosols found in rural or remote regions (Turpin and Lim, 2001; Zhang et al., 2005). The observed 
OA-to-OC slope of 2.53 suggests systematically higher ACSM-measured OA, likely due in part 
to volatilization losses of semi-volatile organic compounds during CSN filter sampling. Such 
losses are minimized in the ACSM due to its real-time, near-ambient measurement approach.  
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2.3.4 Contrasting NR-PM2.5 Concentrations and Chemical Composition in Fresno 
and Bakersfield 

The composition of NR-PM2.5 at both sites exhibited pronounced seasonal and interannual 
variability. On average, total NR-PM2.5 concentrations were slightly higher in Fresno (10.89 μg m-

3) than in Bakersfield (10.33 μg m-3), although the difference varied from year to year (Figure 
2-4). The ACSM NR-PM2.5 and BAM PM2.5 measurements were generally well correlated at both 
sites (Figure 2-3).  

There were significant seasonal variations in NR-PM2.5 composition at both sites, although the 
monthly trends were largely similarly in Fresno and Bakersfield (Figure 2-8 and Figure 2-9). 
Most components exhibit wintertime peaks, although organics could also spike in the summer 
months, likely due to biomass burning events. The chemical composition of NR-PM2.5 also 
differed under varying PM2.5 loadings. Using a PM2.5 cutoff of 35 μg m-3 (the EPA 24-h PM2.5 
standard) to define “low” and “high” PM2.5 periods, we found that low PM2.5 conditions were 
characterized by a higher organic fraction (although lower absolute OA concentration) and a lower 
contribution from nitrate and ammonium (Figure 2-9). These trends suggest that high PM2.5 
episodes in Fresno are driven by a combination of primary emissions (e.g., residential wood 
burning and wildfire smoke) and secondary nitrate formation under cold, stagnant winter 
conditions.  

The inter-site correlations of individual components of NR-PM2.5 also varied seasonally and across 
years (Figure 2-10). As with the total NR-PM2.5, correlations were strongest in late fall and winter, 
when NR-PM2.5 concentrations peaked, and weakest in warmer months. Organics and nitrate, 
dominant NR-PM2.5 components at both sites, generally showed the best agreement, while species 
with lower average mass concentrations were less correlated.  

From 2023 to 2025, total NR-PM2.5 declined at both sites, mostly due to large decreases in organics 
and sulfate in 2024 and decreases in nitrate in 2025. However, this decrease was faster and more 
consistent in Bakersfield than Fresno, where all NR-PM2.5 components exhibited year-to-year 
reductions, resulting in smaller interannual slopes across components (Figure 2-10). Sulfate was 
the exception as the year-to-year correlation was consistent despite its overall decrease. In Fresno, 
modest increases in organics (2025) and nitrate and ammonium (2024) interrupted the downward 
trend, suggesting site-specific differences in source strength or meteorological influences.  

2.3.5 Daily patterns in NR-PM2.5 components  

The high time resolution of the ACSM allows for investigation of the diel behavior of the various 
NR-PM2.5 components (Figure 2-11). Select meteorological variables (wind speed/direction, 
precipitation) and O3 are also included for context. Year-to-year, diel behavior of all measured 
species is remarkably consistent.  
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At both sites, the inorganic NR-PM2.5 species – nitrate, sulfate, and ammonium – exhibit similar 
daily cycles, with exception of chloride, whose low over mass concentrations obscure hourly 
variability. Nitrate, sulfate, and ammonium typically increase rapidly beginning around 06:00 
(PST), and peak around 10:00. The nitrate and ammonium then decline rapidly through the 
afternoon to a minimum around 16:00 while the sulfate exhibits a more gradual decline that 
extends into the evening. A small secondary nighttime peak in nitrate and ammonium  occurred 
around 23:00. OA increases sharply in the last afternoon (16:00 – 19:00), followed by a slower 
decrease overnight. For all components, these diel trends are more evident in winter compared to 
summer where the diel trends become notably flatter.   

The seasonal dependence of these cycles are distinct. The OA nighttime maximum is prominent 
from September to April but disappears from May to August. Instead, during these summer months 
the OA peaks during the late morning in Fresno (11:00) and early morning in Bakersfield (06:00-
08:00) with a long tail towards the evening. For nitrate, while the wintertime diel behavior exhibits 
the same daytime decrease at both sites, generally only Fresno sees the large, initial morning spike. 
The difference is distinct enough to lead to an anti-correlation of nitrate between Fresno and 
Bakersfield in the morning. Throughout the summer months and most of the year in Bakersfield, 
the morning decrease in nitrate is well-correlated with a morning increase in O3. However, in 
Fresno in winter, nitrate and O3 both increase for a short period of time in the morning (07:00-
09:00). This site-specific behavior lasts from September to April. In the warmer months, only 
small morning and evening increase in nitrate are observed. The same behavior can be found in 
ammonium and to a lesser extent chloride. Sulfate exhibits a peak around 10:00 for all months, 
albeit with a slight shift to later times from March-June. Altogether, these observations highlight 
the interplay between primary and secondary PM2.5 sources and the influence of meteorological 
conditions on PM2.5 composition and timing of formation.   

2.4 Conclusions 
Overall, the high time-resolution ACSM measurements of NR-PM2.5 provide a valuable 
complement to existing PM2.5 monitoring networks in the California’s San Joaquin Valley. The 
ACSM-measured total NR-PM2.5 concentrations compared favorably with co-located BAM PM2.5 
measurements across the entire study period in both Fresno and Bakersfield. The observed 
differences between the two instruments can be largely attributed to the presence of refractory 
PM2.5 components, such as black carbon, crustal material, and sea-salt-derived compounds, which 
are included in BAM measurements but not detected by the ACSM.  

The comparisons between ACSM and CSN measurements further underscore both the strengths 
and limitations of each technique. Nitrate and ammonium exhibited strong consistency across the 
two datasets, with slopes near unity in Fresno and slightly lower in Bakersfield, consistent with a 
greater contribution of  refractory-associated material at that site. Sulfate correlations were 
moderate, while chloride showed weak agreement due to refractory contributions that the ACSM 
cannot measure. The largest discrepancies occurred for organic comparisons, where ACSM-
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measured OA mass concentration significantly exceeded CSN-derived values, likely due to 
volatilization losses of semi-volatile organics during CSN filter sampling. Together, these findings 
indicate that while ACSM and CSN measurements are broadly comparable for major aerosol  
components, there are differences in what they represent: the ACSM measures non-refractory 
PM2.5, whereas CSN captures total PM2.5, including refractory material. In addition, the ACSM 
provides a more accurate representation of semi-volatile species due to its real-time, high-time-
resolution measurements, while CSN data may be affected by volatilization losses inherent to 
filter-based sampling.    

Similar seasonal patterns in NR-PM2.5 composition were observed at both sites, with wintertime 
dominated by ammonium nitrate and organic aerosol, and lower concentrations during summer 
associated with improved dispersion and reduced emissions. However, notable year-to-year 
variations in both NR-PM2.5

 concentration and composition indicate that interannual changes in 
meteorology, emission sources, and atmospheric processing strongly influence aerosol behavior 
in the region.  

Despite these similarities, the comparison between Fresno and Bakersfield revealed important 
spatial differences in NR-PM2.5 dynamics. Fresno generally exhibited higher absolute 
concentrations and a greater fraction of non-refractory material, whereas Bakersfield showed a 
stronger influence from refractory material. Differences in diel patterns, especially in nitrate and 
OA, highlight the effects of local source activity, boundary layer evolution, and photochemical 
processing. Although both cities are located within the SJV and often experience similar surface 
meteorology, subtle differences in boundary layer structure, including residual layer formation, 
stability, and morning mixing, can lead to distinct temporal patterns. In Fresno, more effective 
nighttime accumulation and subsequent morning mixing likely drive the pronounced nitrate peaks 
in the morning, while in Bakersfield, differences in ventilation, terrain influences, or boundary 
layer growth may suppress this signal. These findings highlight the importance of site-specific 
atmospheric processes, beyond broad meteorological similarity, in determining local air quality.   

Collectively, these results demonstrate the utility of high–time-resolution, speciated NR-PM2.5 
measurements for advancing understanding of aerosol sources and transformations. The ACSM 
provides detailed, process-level insights into temporal and compositional variability that cannot 
be resolved by traditional filter-based approaches. Such measurements can improve chemical 
transport model evaluation, enhance the design of emission control strategies, and support the 
development of data-driven air quality management approaches aimed at reducing PM2.5 exposures 
and protecting public health across California. 
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2.6 Figures 

Figure 2-1: Time-series of ACSM-measured NR-PM2.5 species and co-located BAM PM2.5 
concentrations at Fresno at 1-hour resolution from August 2023 to December 2025. Absolute 
concentrations are shown in the lower panel and fractional contributions in the upper panel. In the 
lower panel, the individual NR-PM2.5 species (organic aerosol, nitrate, sulfate, ammonium, and 
chloride) are stacked to represent total NR-PM2.5, allowing direct visual comparison with the BAM 
PM2.5 measurements. 

Figure 2-2: Time-series of ACSM-measured NR-PM2.5 species and co-located BAM PM2.5 
concentrations at Bakersfield at 1-hour resolution from August 2023 to December 2025. Absolute 
concentrations are shown in the lower panel and fractional contributions in the upper panel. In the 
lower panel, the individual NR-PM2.5 species (organic aerosol, nitrate, sulfate, ammonium, and 
chloride) are stacked to represent total NR-PM2.5, allowing direct visual comparison with the BAM 
PM2.5 measurements. 
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Figure 2-3: Scatter plots comparing ACSM-measured NR-PM2.5 with co-located hourly BAM 
PM2.5 measurements from Fresno (left column) and Bakersfield (right column). Panels show 
annual comparisons for 2023 - 2025 (from top to bottom). Data points are colored by the mass 
ratio of PM2.5-10 to PM10 to illustrate impacts of coarse-mode particles. Red lines indicate 
orthogonal regression fits constrained through the origin. Fitting equations are provided alongside 
the r2 calculated from Pearson’s r (Pr2). Zero values from BAM PM2.5 data are omitted from the 
regression analysis but retained in the scatter plots for visualization.   
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Figure 2-4: Annual-average BAM PM10, BAM PM2.5, and ACSM-measured NR-PM2.5 
concentrations for Fresno and Bakersfield. 
 
 

 

Figure 2-5: Normalized histograms of PM2.5/PM10 mass ratios measured by BAM instruments in 
Fresno and Bakersfield during 2023-2025. Data are normalized to enable direct comparison of 
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distribution shapes independent of total sample size. The PM2.5/PM10 ratio represents the relative 
contribution of fine particles to PM10 based on hourly measurements at each site.   

 
 
Figure 2-6: Comparison of the ACSM-measured speciated NR-PM2.5 to EPA CSN 
measurements for Fresno. Panels (a-e) show 24-h averaged time series of each NR-PM2.5 
component. Panels (f – i) show scatter plots of the same data with orthogonal regression fits 
constrained through the origin. Zero values from the EPA CSN data were excluded from the 
regression analysis but retained in the scatter plots for visualization. The corresponding 
regression equations and Pearson correlation coefficients (r2) are displayed in each panel (f – i).  
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Figure 2-7: Comparison of the ACSM-measured speciated NR-PM2.5 to EPA CSN 
measurements for Bakersfield. Panels (a-e) show 24-h averaged time series of each NR-PM2.5 
component. Panels (f – i) show scatter plots of the same data with orthogonal regression fits 
constrained through the origin. Zero values from the EPA CSN data were excluded from the 
regression analysis but retained in the scatter plots for visualization. The corresponding 
regression equations and Pearson correlation coefficients (r2) are displayed in each panel (f – i).  
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Figure 2-8: Monthly average NR-PM2.5 segregated by species. Bottom panel shows the absolute 
mass concentrations and the top panel shows the fractional contribution of each species. 

 

 
Figure 2-9: Seasonal average mass concentration and composition for NR-PM2.5 for Fresno and 
Bakersfield. The two rightmost sets of bars show the average composition of NR-PM2.5 when 
PM2.5 is below and above the EPA 24-hour limit of 35 μg m-3. 

1.0

0.8

0.6

0.4

0.2

0.0

%
 o

f N
R

-P
M

2.
5

35

30

25

20

15

10

5

0

N
R

-P
M

2.
5 (

μg
 m

-3
)

Ju
n 2

02
3

Ju
l 2

02
3

Aug
 20

23

Sep
 20

23

Oct 
20

23

Nov
 20

23

Dec
 20

23

Ja
n 2

02
4

Feb
 20

24

Mar 
20

24

Apr 
20

24

May
 20

24

Ju
n 2

02
4

Ju
l 2

02
4

Aug
 20

24

Sep
 20

24

Oct 
20

24

Nov
 20

24

Dec
 20

24

Ja
n 2

02
5

Feb
 20

25

Mar 
20

25

Apr 
20

25

May
 20

25

Ju
n 2

02
5

Ju
l 2

02
5

Aug
 20

25

Sep
 20

25

Oct 
20

25

Nov
 20

25

 Chl
 NH4
 SO4
 NO3
 Org
/  BAM PM2.5

 Fresno       
 Bakersfield 

50

40

30

20

10

0

N
R

-P
M

2.
5 (

μg
 m

-3
)

Fall Winter Spring Summer  pm<35 pm>35

1.0

0.8

0.6

0.4

0.2

0.0

%
 o

f N
R

-P
M

2.
5

Fall Winter Spring Summer  pm<35 pm>35PM2.5<35 PM2.5>35

12.7 ± 5.3
10.0 ± 4.1

17.9 ± 8.6
15.0 ± 7.1

 4.9 ± 2.4
 5.4 ± 2.8  8.5 ± 3.9

 9.2 ± 4.2 10.3 ± 5.6
 9.1 ± 4.5

48.6 ± 9.8

40.7 ± 7.7
 Chl
 NH4
 NO3
 SO4
 Org

 Fresno
 Bakersfield



 

43 

 

 

Figure 2-10: Speciated NR-PM2.5 comparison between Fresno and Bakersfield. All units are μg 
m-3. All yearly fits were done from the beginning and end periods of each year in the campaign. 
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Figure 2-11: Average diel behavior of the major NR-PM2.5 components measured by the ACSM, segregated by year
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3. SOURCE APPORTIONMENT OF LONG-TERM ACSM NR-PM2.5 
MEASUREMENTS IN FRESNO AND BAKERSFIELD (SAN JOAQUIN 
VALLEY) 

3.1 Introduction 
The ACSM provides time-resolved concentration measurements of NR-PM2.5 species along with 
corresponding matrix of mass spectra of OA and inorganic components. This matrix consists of 
ensemble mass spectra of NR-PM2.5 collected over defined time intervals, where each column 
represents the concentration of ions at a specific mass-to-charge ratio (m/z) measured throughout 
the time series (Zhang et al., 2005). The ensemble spectra are linear superpositions of the mass 
spectra from multiple organic and inorganic aerosol species, weighted by their respective 
concentrations. Consequently, the signal observed at each m/z reflects a linear combination of 
contributions from the various sources that generate that ion in the ACSM. 

This linearity enables the decomposition of the ACSM mass spectral matrix into its contributing 
components using matrix factorization techniques. Specifically, the observed matrix can be 
expressed as the product of two matrices: one representing the mass spectral profiles of individual 
sources and the other describing their temporal contributions to the particle mass (Zhang et al., 
2011). This approach facilitates both the identification and quantification of the sources 
contributing to the organic and inorganic aerosol fractions measured by the ACSM. 

The characteristics of the ACSM mass spectral matrix make it well suited for source apportionment 
using bilinear factor analytical models such as positive matrix factorization (PMF; (Paatero & 
Tapper, 1994)). PMF identifies distinct sources or aerosol types by grouping variables into factors 
based on one of their covariance structure and associated error estimates. By resolving factor-
specific mass spectral profiles, PMF enables attribution of individual m/z signals in the ACSM 
data to specific sources, thereby supporting source identification and quantification (Ulbrich et al., 
2009; Zhang et al., 2011).  

Mathematically, PMF represents the measured data matrix as the sum of factor contributions and 
residuals: 

X = GF + E      Eq. 1   

where  X is the m × n matrix of measured ACSM mass spectra of NR-PM2.5,  

G is the m × p matrix of time-dependent factor contributions (source strengths), 

F is the p × n matrix of factor mass spectral profiles, and  

E is the m × n matrix of residuals not explained by the p factors, 

PMF solves this bilinear model by minimizing the weighted least-squares objective function Q: 

        Eq. 2 2/).(
F

GFXQ σ−=
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Where σ is the matrix of standard deviations of the errors associated with each element of X,  

./ denotes element-by-element division, and ||B||F represents the Frobenius Norm, =  

The objective function Q explicitly incorporates measurement uncertainties, 
thereby down-weighting data points affected by higher uncertainty, proximity to 
detection limits, missing values, or outliers. The PMF solution is constrained to non-negative 
values, consistent with the physical requirement that source contributions and mass concentrations 
cannot be negative. The resulting factors are interpreted as physically meaningful aerosol sources 
and their corresponding temporal contributions.  

In practice, the user specifies the number of factors, p, and PMF determines the optimal solution 
by minimizing Q subject to these constraints. By incorporating error estimates directly into the 
factorization, PMF establishes a statistically robust relationship between the measured data and 
the underlying sources, yielding source-resolved aerosol chemical profiles and time series that can 
be linked to atmospheric processes and emission sources. 

PMF solution can be obtained using either the PMF-2 (Paatero & Tapper, 1994) or the more 
flexible multilinear engine (ME-2) algorithm (Paatero, 1999). While PMF-2 has been widely 
applied to aerosol mass spectrometer datasets (Zhang et al., 2011), it can produce mixed or 
rotationally ambiguous solutions when sources exhibit strong temporal covariance, such as when 
variability is dominated by meteorological processes such as boundary layer dynamics, or when 
source chemical profiles are highly similar (Paatero & Hopke, 2009). Under these conditions, ME-
2 provides improved source separation by allowing the incorporation of a priori information to 
better constrain the factorization. 

ME-2 extends the PMF framework by enabling partial or full constraints on factor profiles and/or 
time series, thereby bridging unconstrained PMF and chemical mass balance (CMB) approaches 
(Paatero, 1999). This flexibility allows ME-2 to resolve factors that may not be separable using 
unconstrained PMF alone. In addition, ME-2 can incorporate external information, such as wind 
direction, time-of-day indicators, or seasonal patterns, to better represent nonlinear influences on 
aerosol concentrations associated with source plumes, diurnal activity cycles, and seasonal 
variability (Paatero et al., 2002; Paatero & Tapper, 1993). 

The application of ME-2 is particularly important for source apportionment of the ACSM datasets 
in this project because the instruments were equipped with capture vaporizer (CVs) rather than the 
standard cone-shaped vaporizers (SVs) (Sun et al., 2022). While the CV improves particle 
collection efficiency and mass quantification by minimizing particle bounce (Hu et al., 2017), the 
longer particle residence time within the vaporizer results in increased thermal decomposition and 
fragmentation during ionization. As a result, CV-ACSM mass spectra exhibits reduced chemical 
resolution, enhanced signals at lower m/z values, and greater spectral similarity among OA sources 
(Hu et al., 2017; Hu et al., 2018).  

∑∑i j ijB 2
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Despite these limitations, CV-ACSM mass spectra retain identifiable features associated with 
major OA sources, including vehicular emissions, biomass burning, and secondary formation, 
albeit with weaker source specificity than observed using SV instruments. Consequently, 
meaningful PMF source apportionment can still be achieved, particularly when ME-2 is used to 
constrain well-characterized primary OA factors such as biomass burning OA (BBOA) and 
hydrocarbon-like OA (HOA). Applying such constraints reduces rotational ambiguity and 
improves separation of chemically similar sources. Previous studies have demonstrated the 
effectiveness of this approach in resolving source-identifiable OA factors, including BBOA, HOA, 
and oxygenated OA (OOA) with varying degree of oxidation (Hu et al., 2020; Joo et al., 2021; 
Zheng et al., 2020). In particular, Sun et al. (2022) demonstrated that constraining BBOA and HOA 
profiles was essential for separating vehicle emissions from local and regional biomass burning in 
CV-ACSM measurements collected in Fresno. 

Source apportionment of long-term ACSM datasets requires considerations beyond conventional 
PMF or ME-2 applications. In urban valley environments such as Fresno and Bakersfield, strong 
temporal variability in emissions, meteorology, and atmospheric processing, particularly across 
seasons and between pollution regimes, means that a single, static PMF or ME-2 solution applied 
to multi-year datasets is insufficient to resolve evolving OA sources and formation pathways. Over 
extended time scales, both primary source profiles and secondary OA characteristics can change 
substantially in response to precursor emissions, oxidant chemistry, and multiphase processing. 

To account for this variability, a rolling-window PMF framework is required, in which 
factorization is performed over successive, overlapping time windows (Parworth et al., 2015). This 
approach allows source profiles and contributions to evolve over time while retaining constraints 
on well-characterized primary sources such as HOA and BBOA. As a result, rolling-window ME-
2 improves separation of chemically distinct SOA processes, reduces rotational ambiguity in long-
term CV-ACSM datasets, and provides a more physically realistic representation of OA sources 
and processes across multiple years of observations in the SJV (Chazeau et al., 2022; Parworth et 
al., 2015). 

In this project, ME-2 was applied in a rolling-window configuration to the long-term NR-PM2.5 
OA mass spectral datasets from Fresno and Bakersfield to identify OA sources and quantify their 
seasonal contributions to PM2.5. Incorporation of a priori constraints within ME-2 further reduces 
rotational uncertainty, while the rolling-window approach captures temporal evolution in OA 
chemical properties driven by seasonality in emissions, changes in solar insolation, temperature, 
relative humidity (RH), and source characteristics. Previous studies have shown that rolling-
window PMF outperforms seasonal or static approaches by improving correlations with external 
tracers and minimizing model residuals, making it particularly well suited for multi-year ACSM 
datasets (Via et al., 2022). 
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3.2 Methods 
3.2.1 Monitoring site and instrumentation 

Site description. For the long-term field observations, we deployed two ACSMs, one at Fresno 
(3727 N. 1st Street, Suite 104, Fresno CA 93726; 36.78538oN, 119.77321oW; 97m above sea level) 
and one at Bakersfield (5558 California Ave, Bakersfield CA 93309, 35.35662oN, 119.06261oW; 
119 m above sea level). Both instruments have been operated and maintained continuously since 
Summer 2023 to summer 2025 as part of this project. The Fresno site is surrounded by residential 
neighborhoods and commercial areas and is close to several major highways, representative of 
urban basins that are influenced by shallow nocturnal inversions, weak ventilation, frequent 
radiation fog, and strong residential wood burning. Bakersfield site is surrounded by a high density 
of chain restaurants and commercial establishments, with additional regional emissions from oil 
extraction and agriculture. Particulate matter was sampled continuously through a PM2.5 cyclone 
and Nafion dryer mounted approximately 1.5 m above the roofline. The inlet flow was maintained 
at 0.1 L/min to the ACSM. Routine meteorological and air-quality data collected at these stations 
include temperature, RH, wind speed and direction, solar radiation, O3, NO, NO2, CO, NH3, SO2, 
black carbon, PM2.5, and PM10, which provide the environmental context alongside the ACSM 
measurements. 

ACSM. The ACSM measures aerosol mass concentration and chemical composition by sampling 
particles through an aerodynamic lens into a high-vacuum chamber (Zhang et al., 2002, 2004). 
Where non-refractory particulate matter is flash vaporized on a heated surface. The resulting 
gaseous molecules are ionized using 70 eV electron impact ionization and analyzed by mass 
spectrometry (Fröhlich et al., 2013). In this project, both ACSMs were equipped with a PM2.5 
aerodynamic lens (Peck et al., 2016) and a capture vaporizer (CV) maintained at approximately 
500 oC. The CV minimizes particle bounce and achieves near-unity collection efficiency for NR-
PM2.5 (Hu et al., 2017). The configuration enables quantitative measurement of organic aerosol, 
nitrate, sulfate, ammonium, and chloride in PM2.5 (Sun et al., 2022; Zhang et al., 2017; Zheng et 
al., 2020)  

The ACSM deployed at Fresno was equipped with a time-of-flight mass spectrometer (ToF-
ACSM), while the instrument deployed at Bakersfield uses a quadrupole mass spectrometer (Q-
ACSM). Because the ToF-ACSM provides higher sensitivity than the Q-ACSM (Ng et al., 2011a; 
Frohlich et al., 2013), NR-PM2.5 data at Fresno were collected at higher time resolution than at 
Bakersfield (10 min vs. 20 min). Such time resolution is substantially higher than the typical hourly 
resolution used for long-term monitoring, improving the ability to capture short-term variability in 
PM2.5 concentration and composition and enhancing subsequent source apportionment analyses. 

Instrument performance was monitored daily using remote-access software (e.g., Teamviewer), 
and routine on-site calibrations were conducted to determine the ionization efficiency (IE) and 
relative ionization efficiencies (RIEs) for ammonium and sulfate. Calibrations for IE and 
ammonium RIE were performed using size-selected ammonium nitrate particles (Canagaratna et 
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al., 2007) while pure ammonium sulfate particles were used to determine the sulfate RIE (Setyan 
et al., 2012). These procedures ensured stable instrument performance and improved accuracy of 
the reported concentrations of NR-PM2.5 species.  

3.2.2 PMF approach 

In this study due to the long-term ACSM time series, a static PMF solution over the full dataset is 
not assumed to be appropriate. OA source profiles and the composition of secondary OA can 
evolve with emission regimes and atmospheric processing over time (Canonaco et al., 2015; 
Paatero et al., 2014). Therefore, we implemented a rolling-window PMF (RPMF) framework 
following the standardized protocol described by Chen et al. (2022) and Canonaco et al. (2021), 
building on earlier rolling approaches (Parworth et al., 2015) (Figure 3-1). RPMF was coupled 
with bootstrap resampling (Davison & Hinkley, 1997) and a random a-value (ME-2) strategy to 
quantify both statistical and rotational uncertainties and to minimize user subjectivity via 
automated selection criteria. 

Method development, sensitivity testing, and reference profile refinement were initially conducted 
using ACSM data from Fresno, where additional co-located measurements were available to 
support methodological evaluation (Figure 3-2). Once finalized, the same RPMF configuration 
and selection framework were uniformly applied to the full two-year ACSM datasets from both 
Fresno and Bakersfield. 

3.2.3 Rolling-window PMF 

Positive Matrix Factorization (Paatero and Tapper, 1994) was performed on the PM2.5-ACSM OA 
mass spectral matrix to investigate aerosol sources and processes using a rolling window strategy 
to capture seasonal variations within the factor profiles. Rolling-window PMF was applied by 
running ME-2/PMF repeatedly on successive, overlapping subsets (“windows”) of the OA matrix. 
For each window, constrained and unconstrained factors were resolved, and the ensemble of 
solutions was then filtered using objective criteria prior to averaging. This approach allows factor 
profiles and contributions to evolve gradually through time while retaining physically meaningful 
constraints on primary sources. PMF analysis was conducted using the Multilinear Engine-2 (ME-
2) algorithm within the Source Finder software (SoFi Pro V6.B, Datalystica LTD.) within Igor Pro 
v6.37 (Canonaco et al., 2013; Paatero, 1999).  

3.2.3.1 PMF Pre-tests 

Dec 2023 Pre-tests. To establish environmentally reasonable base-case solutions (especially POAs 
to act as a reference profile for final RPMF on longer data) and finalize ME-2 constraint and RPMF 
parameters (window length and shift size) settings prior to rolling-window PMF analysis on full 
two-year datasets, we conducted structured pre-tests on selected one-month subsets from Fresno 
representing winter season (December 2023) following the stepwise workflow recommended by 
Chen et al. (2022). We first performed a series of unconstrained conventional PMF runs with the 
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number of factors varied from 2 to 6 to explore the feasible solution space and identify the possible 
primary factors that can be used further to use as constraint for ME-2. Solutions were evaluated 
using Q/Qexp together with inspection of factor time series, diel patterns, mass spectral features, 
and residual structure. Where evidence of source mixing was present, we introduced priori 
constraints for primary organic aerosol factors using clean HOA and BBOA reference profiles 
from earlier Fresno studies and tested multiple cases by systematically varying a-values. This 
included applying previously used Fresno-based settings, scanning HOA constraint tightness over 
a broad range (a-value of 0 to 1 with a step-size of 0.1), while keeping BBOA fixed, and performing 
a more comprehensive sensitivity analysis in which both HOA and BBOA a-values were varied 
from 0 to 1 with a step size of 0.1 to assess rotational behavior, factor stability, and residual 
response. Across these sensitivity runs, we compared factor interpretability using spectral markers, 
diurnal behavior, external tracer relationships, and residual diagnostics, and selected a consistent 
ME-2 constraint strength (a = 0.4 for both HOA and BBOA) for subsequent analyses. 

June 2023 Pre-tests. After finalizing the RPMF parameters (window length = 7 days and shift 
size = 6 hours) and ME-2 constraint strength (a = 0.4 for both HOA and BBOA) , we wanted a  
pre-test exercise on a month (June 2023) from other season to evaluate the transferability of the 
December-derived reference information under a different seasonal regime and to explicitly assess 
the feasibility of resolving cooking-related OA within the ACSM data. Like December, we ran 
unconstrained PMF (2–6 factors) to characterize the seasonal based factors and then applied 
constrained solutions using the HOA and BBOA profiles derived from the December with a 
bootstrap run with a-value=0.4. In additional sensitivity tests, COA was included as a constrained 
primary factor (COA reference profile from Hu et al. (2017) and for the COA, a-value was 
systematically varied within a defined range (a-value from 0 to 0.4 with a step of 0.1) while 
maintaining the HOA and BBOA constraints. Collectively, these pre-tests were used to define a 
consistent factor framework suitable for rolling-window implementation, while maintaining a 
static number of OOA factors when environmentally reasonable, consistent with the protocol 
guidance that objective determination of factor-number transition periods over time remains 
challenging. 

Refined Dec 2023 RPMF with insights from June Pre-test (COA included) and validation 
using CIMS. Following the June 2023 pre-tests, which demonstrated that cooking organic aerosol 
(COA) could be consistently resolved under constrained conditions, we returned to the December 
2023 Fresno dataset to reassess and refine the COA constraint strategy within the rolling-window 
PMF framework. December 2023 period was uniquely suited for this refinement because ACSM 
measurements were co-deployed with both AMS and CIMS at the same site, enabling the use of 
independent, molecular-level tracers to evaluate the robustness of COA identification (Figure 3-3. 

The resulting averaged COA reference profile discussed in detail in section 3.2.2.3 was then used 
as the COA constraint in subsequent rolling-window PMF analyses of the full 2-year ACSM 
datasets at Fresno and Bakersfield, together with the finalized HOA and BBOA constraints and the 
rolling-window parameters established earlier. This refinement step ensured that the COA 
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constraint applied in the long-term RPMF analysis was informed by both seasonal testing and 
independent tracer validation, while remaining compatible with the ACSM measurement 
characteristics. 

3.2.2.3 ME-2 Constraint 

HOA and BBOA constraints. The final ME-2 constraint was set to a-value = 0.4 for both HOA 
and BBOA, based on the December 2023 pre-test sensitivity analyses and bootstrap evaluation 
described above. Reference mass spectra used for PMF pre-tests and subsequent rolling analyses 
were taken from the December bootstrapped solutions and then used as fixed reference inputs for 
June and other periods to maintain consistency. 

COA constraint. Unlike HOA and BBOA, a site-specific ACSM COA reference spectrum was 
not available at the start of the analysis. Therefore, an initial COA constraint was derived from (Hu 
et al., 2017) using an AMS database profile acquired with a capture vaporizer and a PM2.5 lens. 
The Hu et al. (2017) profile was originally high-resolution and was averaged to unit-mass 
resolution (UMR) to match the ACSM organic matrix and then used as the COA reference 
spectrum for constrained RPMF runs during the initial pre-test PMF analysis on Dec 2023 ACSM 
data. 

To test the consistency of COA constraints in ACSM RPMF, we performed a series of sensitivity 
analyses on the December ACSM dataset in which ME-2 was applied using alternative COA 
constraint strategies. These included constraining ACSM RPMF with (i) The published AMS-
derived COA profile adapted from Hu et al. (2017), (ii) ACSM-compatible COA reference profiles 
generated by constraining AMS-derived cooking-related time series within the ACSM rolling PMF, 
resulting in a site-specific UMR COA reference profile., and (iii) Averaged COA profile by 
combining Hu et al., 2017 and ACSM-compatible COA profiles generated by constraining AMS-
derived cooking time series. These tests were designed to evaluate the stability of the resulting 
COA mass spectral profiles and to assess the sensitivity of ACSM PMF to differences in instrument 
configuration, size cut (PM1 vs PM2.5), and vaporizer type (SV vs CV). 

The sensitivity analyses indicated that COA profiles derived solely from AMS-based time-series 
constraints were strongly influenced by instrument-specific characteristics, while reliance on the 
published Hu et al. profile alone did not fully capture the site-specific cooking signal observed 
during December 2023.  This limitation is not solely due to the lack of high-resolution mass spectra 
from the ACSM, but also reflects differences in instrument configuration (e.g., unit-mass 
resolution, vaporizer type, and size cut) and site-specific variability in cooking emissions. To 
balance these effects and to develop a COA constraint appropriate for long-term ACSM RPMF, 
we adopted a hybrid approach in which the final COA reference spectrum was constructed by 
averaging the Hu et al. (2017) COA profile with ACSM-compatible profile derived from ME-2 
analyses constrained by AMS-based cooking time series under moderate a-value settings. This 
approach was chosen to preserve consistency with the ACSM PM2.5 measurement configuration 
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while incorporating site-specific information from co-located high-resolution and molecular-level 
observations. 

Because only Fresno had co-deployed advanced instrumentation (ACSM + AMS + CIMS) and 
only during December 2023, additional COA constraint refinement was performed using the 
Fresno December subset. Specifically, AMS-derived cooking-related OA time series were used 
within ME-2 (and in sensitivity runs) to generate ACSM-compatible UMR COA profiles for 
evaluation against the initial Hu et al. constraint. These COA profile-development steps were 
conducted as method development to improve the constraint robustness for long-term ACSM 
rolling PMF analysis.  

3.2.2.4 Bootstrapping for uncertainty in Base solutions from Pre-Test PMF 

Bootstrap analysis was conducted to quantify uncertainty and evaluate the repeatability of 
constrained solutions following the pre-test PMF (Davison & Hinkley, 1997). Using the selected 
constraint settings (HOA, BBOA and COA), we performed 100 bootstrap runs in which random 
a-values were drawn for constrained factors within 0 to 0.4 using a step size of 0.1. Each bootstrap 
resample yields a PMF solution that reflects both sampling variability and rotational flexibility 
(Tobler et al., 2020). 

To minimize manual screening and user subjectivity, bootstrap solutions were processed using a 
criteria-based selection framework (Canonaco et al., 2021; Chen et al., 2022). This framework 
automatically accepts/rejects candidate solutions based on pre-defined, environmentally 
reasonable criteria (Figure 3-4) and includes statistical testing using a double-tailed Welch’s t-test 
(p≤0.05) for time-series-based discrimination and/or thresholds derived from Pre-test seasonal 
bootstrap runs. The accepted bootstrap solutions were used to (i) assess the stability of constrained 
factors, (ii) identify suitable reference profiles for rolling analysis, and (iii) provide internally 
consistent input spectra for the rolling-window PMF for full 2-year ACSM data.  

PMF uncertainty for each factor was evaluated using the variability across repeated time points 
obtained from the selected rolling-window solutions. This uncertainty reflects contributions from 
both bootstrap resampling and the ensemble of solutions generated using different a-value 
constraints. Figure 3-5 and Figure 3-6 show the probability density functions (pdfs) of the ratio 
between the standard deviation and the mean concentration for each PMF time point. Following 
approaches commonly adopted in previous rolling PMF studies (e.g., (Canonaco et al., 2021; A. 
K. Tobler et al., 2021), the uncertainty of each PMF factor is quantified using the center of the 
fitted lognormal distribution (x₀). 

3.2.2.5 Criteria-based selection for PMF runs 

Rolling-window PMF generates a large number of PMF runs, making manual inspection 
impractical. Therefore, an automated, criteria-based selection framework was implemented in SoFi 
Pro to objectively evaluate solution quality and to ensure consistent factor identification. (Figure 
3-4), following the methodology described by Canonaco et al. (2021) and Chen et al. (2022). This 
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approach serves two purposes: (i) filtering out environmentally unreasonable PMF solutions and 
(ii) systematically sorting factors prior to averaging, thereby minimizing subjective user 
intervention. 

Selection criteria were defined using a combination of time-series-based diagnostics, mass-
spectral and explained-variation metrics, and statistical significance testing. Time-series and 
correlation-based criteria were evaluated using Welch’s t-test, with a significant threshold of p≤ 
0.05, to ensure that the base-case met the specified criterion more strongly than other factors within 
the same PMF solution. This statistical screening reduces ambiguity associated with factor 
swapping and rotational variability inherent to rolling analyses. 

For the long-term ACSM datasets, primary organic aerosol factors were identified using site-
specific external and mass spectral criteria. HOA was selected based on its correlation with NOx 
(Chen et al., 2022), reflecting traffic-related emissions, while BBOA was identified using the 
explained variation of m/z 60, a well-established biomass burning marker (Alfarra et al., 2007). 
These criteria were applied consistently across all rolling windows to reject non-physical solutions 
and to maintain consistent factor labeling prior to averaging. Unconstrained secondary organic 
aerosol factors were sorted using representative mass-spectral characteristics to prevent mixing in 
factors across iterations, consistent with recommendations for rolling-window PMF analyses. The 
same selection criteria and thresholds were applied uniformly to all tested rolling-window 
configurations to ensure comparability and robustness of the final average solutions at both Fresno 
and Bakersfield. 

3.2.2.6 Final RPMF for full 2-year ACSM data 

Based on the December 2023 pre-tests and bootstrap analyses, final rolling-window PMF (RPMF) 
parameters were selected to ensure stable factor separation while capturing temporal variability in 
the ACSM datasets. Following the standardized framework of Canonaco et al. (2021) and Chen et 
al. (2022), mass spectral profiles derived from Dec pre-test PMF bootstrap solutions were used as 
reference constraints for primary organic aerosol (POA) factors during rolling PMF analysis. In 
this study, HOA, BBOA, and COA were all treated as constrained POA factors within the ME-2 
framework. 

RPMF was implemented using ME-2 with a random a-value approach to account for rotational 
uncertainty. For each rolling window, a-values for constrained factors were randomly selected 
within predefined ranges, with an upper limit of 0.4 applied to all constrained POA factors based 
on bootstrap sensitivity analyses. Several rolling configurations were evaluated during method 
development, and a 7-day rolling window with a 6-hour step size was selected as the final 
configuration, balancing temporal resolution and statistical stability. The number of factors was 
consistently tested within a narrow range of 5 to 6 factors, reflecting the structure identified during 
the pre-tests. Final RPMF solutions for Fresno and Bakersfield were obtained by applying a 
criteria-based selection framework prior to averaging.  
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3.3 Results and Discussion 
3.3.1 ME-2 based RPMF OA source apportionment on ACSM data 

Rolling-window ME-2 analysis of the long-term ACSM datasets resolved six organic aerosol (OA) 
factors at both Fresno and Bakersfield: hydrocarbon-like organic aerosol (HOA), cooking organic 
aerosol (COA), two biomass burning factors (BBOA1 and BBOA2), and oxygenated organic 
aerosol separated into more-oxidized (MOOA) and less-oxidized (LOOA) factors. The resolved 
factor mass spectra, diurnal cycles, time series, and average contributions are shown in Figures 3-
7 (Fresno) and Figure 3-8 (Bakersfield). 

Hydrocarbon-like Organic Aerosol (HOA). HOA is characterized by a mass spectral profile 
dominated by m/z 41 (C3H5

+), 43 (C3H7
+), 55 (C4H7

+), 57 (C4H9
+), 69 (C5H9

+) and 71 (C5H11
+), 

consistent with freshly emitted vehicular and fossil fuel combustion aerosols (Figure 3-7a and 3-
8a) (Zhang et al., 2011). At both sites, HOA exhibits pronounced diurnal variability with elevated 
concentrations during morning and evening periods, reflecting traffic activity, and enhanced 
nighttime levels associated with reduced boundary layer height (Figure 3-7b and 3-8b). Temporal 
behavior and spectral characteristics support attribution of HOA to traffic-related emissions in both 
Fresno and Bakersfield. HOA contributes a smaller but consistent fraction of the total OA mass 
(7%) over the analysis period at both sites (Figure 3-7d and 3-8d). 

Cooking Organic Aerosol (COA) 

Although the COA mass spectrum shows similarities to HOA due to overlapping hydrocarbon 
fragments, it maintains key features of the cooking OA reference spectrum (Mohr et al., 2012), 
with comparatively higher m/z 41 to 43 and m/z 55 to 57 ratios that are characteristic of cooking 
emissions (Pikmann et al., 2024). While the temporal structure is broadly similar between Fresno 
and Bakersfield, slight differences in relative contribution, reflecting site-specific cooking activity 
patterns. COA represents a distinct primary OA component and contributes a significant fraction 
(10 to 11%) to total OA across the study period (Figure 3-7d and 3-8d). Independent validation is 
further supported by strong correlations between ACSM COA and AMS cooking tracers, including 
AMS C6H10O+ (r=0.87; Fig. 3.15) and AMS-resolved COA (r=0.85; Fig. 3.15), confirming 
consistent identification of cooking emissions across the two collocated instruments. 

Biomass Burning Organic Aerosol (BBOA1 and BBOA2) 

Two biomass burning OA factors were resolved at both sites (Figure 3-7 and 3-8). BBOA1 exhibits 
prominent peaks at m/z 60 and 73, well-established tracers of biomass combustion (Alfarra et al., 
2007). While BBOA2 is dominated by m/z 29 (CHO, widely used as a marker for wood 
combustion (Goetz et al., 2022)) and has more oxidized ion signal (Figure 3-7a and 3-8a). The two 
factors differ in relative spectral features and temporal behavior, supporting their separation into 
distinct components. Both factors show enhanced nighttime concentrations, consistent with 
residential burning and nocturnal accumulation. The presence of two BBOA factors indicates 
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contributions from different biomass burning emissions or combustion conditions (residential 
wood burning, wildfires etc.) captured by the rolling-window analysis. 

Oxidized Organic Aerosol (OOA). The oxidized organic aerosol resolved by the rolling-window 
ME-2 analysis is represented by two factors indicating sequential oxidation: more-oxidized OA 
(MOOA) and less-oxidized OA (LOOA). Together, these factors account for a major fraction of 
the OA mass at both Fresno and Bakersfield, underscoring the importance of secondary aerosol 
formation in the region. MOOA is characterized by a dominant signal at m/z 44 (CO2

+) and a high 
f44/f43 ratio, indicative of highly oxidized organic source (Chazeau et al., 2022; Zhang et al., 2011) 
(Figure 3-7a and 3-8a). Its temporal behavior is relatively smooth, with weak diurnal variability 
compared to primary OA factors, consistent with regional secondary formation and atmospheric 
aging (Figure 3-7c and 3-8c). A modest afternoon enhancement is occasionally observed, 
particularly during periods of higher solar insolation, reflecting photochemical production (Figure 
3-7b and 3-8b). 

LOOA exhibits comparatively enhanced contributions at other m/z values and a higher f43/f44 
ratio relative to MOOA, indicative of less-oxidized organic source (Chazeau et al., 2022; Zhang et 
al., 2011). While its temporal variability remains smoother than that of primary OA components, 
LOOA shows more pronounced diurnal structure than MOOA. During warmer periods, LOOA 
displays diurnal patterns like MOOA, suggesting increased photochemical processing and 
convergence toward more oxidized states. In contrast, during colder months, LOOA exhibits semi-
volatile behavior, with enhanced nighttime concentrations and afternoon minima, consistent with 
temperature-driven gas–particle partitioning and dilution effects. Together, MOOA and LOOA 
capture the evolving oxidation stages of secondary organic aerosol across seasons and sites. 

3.3.2 Comparison of OA sources in Fresno and Bakersfield  

The daily averaged time series further supports these compositional differences (Figure 3-9). 
Fresno shows more frequent short-term enhancements in BBOA and COA, which coincide with 
elevated CO and NOx, indicating stronger coupling with local combustion-related activities. In 
contrast, Bakersfield displays smoother time series, with MOOA contributing persistently and 
showing periods of co-variation with Ox and O3, consistent with a stronger influence of regional 
secondary aerosol formation. HOA remains a minor factor but consistently contributed to total OA 
mass at both sites, with slightly greater variability at Fresno reflected in its time series behavior. 

Monthly-averaged NR-PM2.5 shows clear variability between Fresno and Bakersfield (Figure 3-
10). Both sites exhibit their highest monthly mean concentrations in December, followed by 
January, with Fresno reaching ~27 µg.m-3 in December compared to ~23 µg.m-3 at Bakersfield. 
Several intermediate months show comparable or slightly higher NR-PM2.5 at Bakersfield, 
indicating periods of reversed site dominance. Across all months, organic aerosols remain the 
dominant NR-PM2.5 component at both sites, accounting for most of the total mass. 
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The OA composition is consistently dominated by secondary components (MOOA and LOOA), 
which together contribute the largest fraction in most months at both locations. MOOA shows 
relatively stable monthly contributions, whereas LOOA exhibits larger month-to-month variability, 
consistent with its more dynamic temporal behavior observed in the time series. Biomass burning 
OA (BBOA1 and BBOA2) contributes to a noticeably larger fraction at Fresno than at Bakersfield, 
particularly in months with elevated NR-PM2.5, while Bakersfield generally exhibits a more 
balanced distribution among OA components. 

3.3.3 Seasonal variation of OA sources 

Seasonal averages of NR-PM2.5 and its chemical composition reveal strong contrasts across 
seasons at both Fresno and Bakersfield (Fig. 3-11). Winter exhibits the highest NR-PM2.5 
concentrations (18.3 ± 6.3 µg.m-3) in Fresno and 15.3 ± 5.5 µg.m-3 in Bakersfield, followed by fall, 
whereas spring shows substantially lower concentrations (≈5-6 µg.m-3) and summer moderate 
levels (≈9-10 µg.m-3)). These seasonal differences are consistently reflected in both sites, although 
Fresno maintains higher absolute concentrations throughout the year. 

Organic aerosol dominates NR-PM2.5 mass in all seasons, with secondary OA (MOOA and LOOA) 
contributing the largest fraction year-round. During spring and summer, OOA accounts for up to 
~55% of NR-PM2.5, despite lower total PM levels. This is supported by the diurnal profiles, where 
MOOA exhibits pronounced daytime enhancements that coincide with elevated Ox and O3, 
reflecting active photochemical production under higher temperatures and stronger solar radiation 
(Hayes et al., 2013). Even as primary emissions and inorganic components decrease, the 
persistence of OOA indicates that secondary formation remains an important contributor to PM2.5 
across all seasons. 

In contrast, wintertime NR-PM2.5 enhancements are driven by increased contributions from 
primary OA and nitrate. Biomass burning OA contributes substantially during winter and fall (≈10-
15% of OA), as seen in both the seasonal composition and the diurnal profiles showing nighttime 
BBOA maxima (Figure 3-12). These enhancements coincide with elevated CO and NOx, low wind 
speeds, and higher relative humidity, indicating accumulation of combustion-related emissions 
under stagnant conditions (Hu et al., 2017). The diurnal structure of BBOA, with sustained 
nighttime elevations, contrasts sharply with its minimal contribution in spring, when higher wind 
speeds and deeper boundary layers promote dilution. 

Nitrate exhibits its largest fractional contribution during winter, consistent with low temperatures 
favoring gas–particle partitioning (Guo et al., 2016). This behavior is reflected in the nighttime 
and early-morning nitrate peaks, which weaken in warmer seasons as temperatures increase, 
wintertime enhancement likely reflects the combined effect of lower temperatures and higher 
cumulative NOx emissions from anthropogenic combustion, with biomass burning providing an 
additional, but comparatively smaller, NOx source. Ox-driven photochemistry shifts the aerosol 
composition toward sulfate and MOOA (Guo et al., 2016; Shah et al., 2018). During summer, 
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sulfate and highly oxidized OA become relatively more important, consistent with enhanced 
oxidation and regional transport processes. 

Overall, the seasonal evolution of PM2.5 at both Fresno and Bakersfield reflects a transition from 
wintertime accumulation of primary emissions and semi-volatile inorganic aerosol under stagnant 
meteorology to warmer-season conditions dominated by photochemically produced secondary 
organic aerosol, as supported by the combined seasonal composition, diurnal behavior, gas-phase 
tracers, and meteorological parameters. 

Weekend/weekday Analysis. Figure 3-13 and 3-14 shows Seasonal weekday and weekend diurnal 
profiles of NR-PM2.5 species and OA factors at Bakersfield and Fresno, showing broadly similar 
shapes with modest weekend reductions in traffic-related HOA but persistent evening COA and 
wintertime nitrate enhancements. The diurnal variability in NR-PM2.5 components and sources is 
strongest during winter and weakest during spring & summer at both Fresno and Bakersfield, with 
consistently larger concentrations in Fresno.  

HOA shows slightly higher early‑morning peaks on weekdays compared with weekends, 
especially in winter and autumn, consistent with enhanced commuter traffic emissions during 
weekday rush hours. On weekends, the HOA morning peak appears damped and shifted later in 
the day, indicating reduced and temporally redistributed traffic activity. MOOA and LOOA show 
broadly similar diurnal shapes on weekdays and weekends, with daytime enhancements reflecting 
photochemical production that depends more on radiation and regional precursor fields than on 
local weekday traffic differences. For most species and factors (nitrate, sulfate, MOOA, LOOA), 
weekday and weekend diurnal cycles are very similar in shape and magnitude in all seasons, 
implying that large-scale regional processes dominate their variability rather than local weekday-
specific emissions. This similarity suggests that any weekend effect in total PM2.5 mass is modest 
compared to the strong seasonal contrast, especially for nitrate and secondary OA. 

3.3.4 Diurnal variations of PM2.5 composition and sources 

Figure 3-15 and 3-16 summarizes how NR-PM2.5 composition (including inorganics and OA factor) 
changes with PM2.5 loading, shown separately for daytime (08:00–16:00) and nighttime (18:00–
06:00) for Fresno and Bakersfield. In both cities, NR-PM2.5 increases to much higher loadings at 
night than during the day (black triangles) (Figure 3-15 and 3-16), and the accompanying stacked 
bars show that this nighttime enhancement is associated with a larger primary OA fraction. In 
Fresno, the night panel extends into the highest loading bins (100 µg.m-3), while the daytime bins 
reach similar loadings but occur far less frequently (shown by the rapidly decreasing “fraction of 
data points” curve at higher bins). Bakersfield reaches slightly lower maximum loading bins 
overall, and high-loading bins similarly represent a small fraction of observations. 

Across both sites, nitrate (NO3) increases strongly with NR-PM2.5 in both day and night, but its 
behavior diverges at the highest loadings. In Fresno nighttime, NO3 rises with PM loading up to 
the mid–high bins and then tends to decrease (the blue curve flattens at the uppermost bins), while 
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OA components continue to increase, particularly MOOA and biomass-burning-related OA 
(BBOA1+BBOA2). This shift is also visible in the fraction bars: under high nighttime loadings in 
Fresno, the combined BBOA fraction becomes distinctly larger than during daytime at comparable 
loadings, indicating that severe nighttime pollution is increasingly associated with combustion-
related primary OA in addition to secondary mass. Bakersfield shows a similar qualitative pattern 
(higher primary OA fractions at night than day), but the fractional enhancement of BBOA at the 
highest nighttime loadings is less pronounced than Fresno, and NO3 continues to increase more 
steadily across the nighttime loading range. 

The day and night contrast is clearest for primary OA. At both sites, BBOA1 and BBOA2 remain 
a relatively small fraction during daytime across bins, while at night their fractions increase with 
loading, especially in Fresno. HOA and COA also increase with NR-PM2.5 at night (their 
concentration curves rise with loading), but their fractional contributions remain comparatively 
smaller than those of NO3 and OOA across most bins, indicating that the largest changes driving 
high NR-PM2.5 conditions are tied to secondary nitrate + secondary OA plus an increasing primary 
combustion OA contribution at night. The accompanying gas-phase context from earlier sections 
is consistent with this interpretation: periods with elevated NOx and CO align with enhanced 
primary components (especially at night), whereas higher Ox/O3 conditions support the persistence 
of oxidized OA (MOOA), which increases more smoothly with loading and remains a major 
contributor in both Fresno and Bakersfield. 

Finally, comparing both sites with similar loading bins, Fresno exhibits a clearer transition toward 
primary-OA-enriched composition at night, while Bakersfield retains a composition that remains 
more consistently dominated by secondary mass (NO3 + OOA) even under elevated loadings. This 
site contrast, combined with the stronger nighttime primary OA enrichment in Fresno, is consistent 
with the broader two-year rolling PMF results showing greater influence of variable primary OA 
components in Fresno relative to Bakersfield. 

3.3.5 ACSM OA sources comparison with SP-AMS OA sources for Dec 2023 at 
Fresno 

Comparison of ACSM rolling PMF (RPMF) OA factors with co-located AMS PMF results during 
the December 2023 overlap period demonstrate strong consistency in both factor contribution and 
temporal behavior (Figure 3-17 and 3-18). All AMS MOOA-type factors (MOOA1–3 and 
MZ43OA1–2) were summed and compared with ACSM MOOA; AMS LOOA factors were 
similarly aggregated and compared with ACSM LOOA; all AMS COA and BBOA factors; HOA 
factor were summed and compared with their ACSM Corresponding factors. The resulting time 
series show close temporal agreement across all major OA components, with synchronized 
enhancements during pollution episodes and consistent relative magnitudes, indicating that the 
ACSM resolves the same dominant OA sources and processes as the AMS despite differences in 
instrumental configuration. 
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Quantitatively, ACSM reproduces AMS OA source contributions within expected uncertainty, with 
secondary OA (MOOA + LOOA) dominating total OA in both datasets and primary OA 
components (BBOA, COA, HOA) exhibiting comparable episodic behavior. Minor differences in 
absolute magnitude are attributable to known instrumental factors, including the ACSM capture 
vaporizer versus the AMS standard vaporizer and differences in particle transmission and PM lens 
efficiency. Independent validation is further supported by strong correlations between ACSM COA 
and AMS cooking tracers, including AMS C6H10O+ and AMS-resolved COA (r=0.8; Figure 3-19), 
confirming consistent identification of cooking emissions across the two collocated instruments. 
Together, the factor-to-factor correspondence, aligned time series, and robust tracer correlations 
demonstrate that ACSM RPMF provides a reliable and internally consistent representation of OA 
sources, closely tracking the co-located AMS and supporting its use for long-term source 
apportionment in regulatory applications. 

3.4. Conclusions and Implications 
This study provides a two-year, process-resolved characterization of organic aerosol sources in the 
southern San Joaquin Valley using rolling-window ME-2 PMF applied to long-term ACSM 
measurements in Fresno and Bakersfield. Six OA factors; HOA, COA, BBOA1, BBOA2, MOOA, 
and LOOA were resolved at both sites, demonstrating that the rolling ME-2 framework can reliably 
separate multiple primary and secondary OA components in chemically complex, multi-year 
datasets. Across both cities, secondary OA dominates the OA mass throughout the year, with 
MOOA and LOOA together contributing the largest fraction in all seasons, highlighting the 
persistent role of secondary formation processes in regional PM2.5. 

Wintertime PM2.5 pollution is driven by the combined effects of enhanced primary emissions and 
unfavorable meteorology, particularly at night. Diurnal and seasonal analyses show strong 
nighttime enhancements of BBOA, HOA, COA, and nitrate under shallow boundary layers, with 
this behavior more pronounced in Fresno than Bakersfield. In warmer seasons, diurnal 
concentrations weaken, primary OA contributions decrease, and OA compositions become 
dominated by secondary components with smoother temporal behavior. Across all analyses, 
Fresno consistently shows stronger nighttime enrichment of primary OA, whereas Bakersfield 
exhibits a more stable OA composition dominated by regionally influenced secondary aerosol. 
Bin-wise PM loading analysis further indicates that as NR-PM2.5 increases, nighttime composition 
shifts toward larger contributions from primary OA, especially biomass burning OA, while nitrate 
increases tend to level off at the highest loadings, particularly in Fresno. This transition 
demonstrates that the most severe PM episodes are increasingly influenced by combustion-related 
primary OA in addition to secondary mass, whereas daytime PM remains dominated by secondary 
factors across PM loading bins. 

These results have direct implications for air quality management in the San Joaquin Valley. The 
strong enrichment of primary OA during high-loading nighttime conditions indicates that targeted 
controls on residential wood burning and other evening combustion activities can be especially 
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effective in reducing extreme PM2.5 events, particularly in Fresno. At the same time, the persistence 
of secondary OA across all seasons and PM loading levels underscores the importance of 
coordinated reductions in precursor gases (NOx, VOCs, and NH3) to achieve sustained 
improvements in air quality. Finally, the observed differences between Fresno and Bakersfield 
emphasize the need for location-specific strategies: Fresno requires greater emphasis on mitigating 
variable primary sources and nocturnal accumulation, while Bakersfield benefits more from 
regional approaches aimed at limiting secondary aerosol formation. 
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3. 6 Figures 

 

Figure 3-1: Flow diagram of the standardized procedure for rolling PMF (Figure reproduced 
from Chen et al., 2022). 

 

 

Figure 3-2: Detailed step-by-step procedure followed in this study to perform the ME-2 rolling 
PMF on ACSM datasets. 
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Figure 3-3: Factor profile (left) and diurnal variation (right) of Pre-test PMF on the December 
2023 ACSM data at Fresno. 

 

Figure 3-4: List of objective quantitative criteria applied to assess PMF run quality and to 
systematically order unconstrained factors for averaging in the ACSM RPMF analysis. 
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Figure 3-5: Fresno: PMF uncertainty characterization for the six resolved OA factors from long-
term RPMF on ACSM data. The ratio of the standard deviation to the mean concentration at each 
PMF time point is shown as log-probability density functions, with X₀ denoting the centers of the 
corresponding lognormal fits. 
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Figure 3-6: Bakersfield: PMF uncertainty characterization for the six resolved OA factors from 
long-term RPMF on ACSM data. The ratio of the standard deviation to the mean concentration at 
each PMF time point is shown as log-probability density functions, with X₀ denoting the centers 
of the corresponding lognormal fits. 
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Figure 3-7: RPMF results on 2-year ACSM data. (a) factor profile (b) diurnal cycles, (c) time 
series, and (d) Relative contribution of resolved OA factors at Fresno. 
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Figure 3-8: RPMF results on 2-year ACSM data. (a) factor profile (b) diurnal cycles, (c) time 
series, and (d) Relative contribution of resolved OA factors at Bakersfield. 
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Figure 3-9: Daily average time series of NR-PM₂.₅ (black) and its resolved chemical 
composition (stacked fractions: inorganics (SO4+NO3+NH4+Chl) + OA factors) plotted with 
Ox, O₃, CO, and NOx for Fresno (top) and Bakersfield (bottom).  

 

Figure 3-10: Monthly average NR-PM2.5 segregated by species. The top panel shows the 
absolute mass concentration, and the Bottom panel shows the fractional contribution of each 
species. 
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Figure 3-11: Seasonal average NR-PM2.5 segregated by species. Top panel shows the absolute 
mass concentration and the bottom panel shows the fractional contribution of each species. 

 

Figure 3-12: Comparison of average diel behavior of the OA sources from the RPMF on ACSM 
data, along with other meteorological and gas parameters between Fresno and Bakersfield. 
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Figure 3-13: Comparison of average diel behavior of the OA sources from the RPMF on ACSM 
data, along with other meteorological and gas parameters between Weekdays ((Wkd) = Mon-Fri)  
and Weekend ((Wke)=Sat+Sun) at Fresno. 
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Figure 3-14: Comparison of average diel behavior of the OA sources from the RPMF on ACSM 
data, along with other meteorological and gas parameters between Weekdays ((Wkd) = Mon-Fri)  
and Weekend ((Wke)=Sat+Sun) at Bakersfield. 

 



 

79 

 

 

Figure 3-15: Fresno: Variations in aerosol species mass concentrations (top panel) and mass 
fractions (bottom panel) as a function of total PM₂.₅ loading during June 2023–July 2025 for 
daytime (left) and nighttime (right) conditions. The right axes of the bottom panel indicate the 
cumulative frequency. The right axis of top panel indicates the NR-PM2.5 concentration 
(indicated by black triangle). 

 

 

Figure 3-16: (a) Bakersfield: Variations in aerosol species mass concentrations (top panel) and 
mass fractions (bottom panel) as a function of total PM₂.₅ loading during June 2023–July 2025 
for daytime (left) and nighttime (right) conditions. The right axes of the bottom panel indicate 
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the cumulative frequency. The right axis of top panel indicates the NR-PM2.5 concentration 
(indicated by black triangle). 

 

 

Figure 3-17: Excellent agreement between the ACSM OA factor timeseries and AMS OA factor 
timeseries for the collocated measurements in Fresno during December 2023. 
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Figure 3-18: Comparison of source contribution between the ACSM OA factor timeseries and 
AMS OA factor timeseries for the collocated measurements in Fresno during December 2023. 

 

 

 

Figure 3-19: Scatter plots showing the relationship between ACSM COA (for Dec 2023) and 
corresponding AMS cooking-related tracers (C₆H₁₀O⁺) and total AMS COA factor ( discussed in 
section 5), with points colored by collocated time period (December 2023). 
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4 RESOLVING WINTERTIME ORGANIC AEROSOL SOURCES AND 
FORMATION PROCESSES IN FRESNO USING COMBINED 
POSITIVE MATRIX FACTORIZATION (cPMF) OF SP-AMS AND 
FIGAERO-CIMS MEASUREMENTS 

4.1 Introduction 
Particulate matter pollution in the San Joaquin Valley (SJV) remains among the most severe in the 
United States, with frequent exceedances of the 24-hour PM2.5 National Ambient Air Quality 
Standards (NAAQS). These exceedances occur most often during late fall and winter, when 
enhanced emissions combined with unfavorable meteorological conditions lead to persistent, 
multi-day pollution episodes. During winter, PM2.5 burden in the SJV is dominated by ammonium 
nitrate and organic aerosol (OA) (Sun et al., 2022; Young et al., 2016). Ammonium nitrate forms 
through secondary reactions involving nitrogen oxides (NOx) and ammonia (NH3), while OA 
comprises a complex mixture of both primary organic aerosol (POA) directly emitted from sources 
such as traffic, cooking, and biomass burning, and secondary organic aerosol (SOA) formed 
through atmospheric reactions of volatile organic compounds (VOCs).  

Wintertime SOA formation is highly sensitive to precursor composition, oxidant chemistry, and 
multiphase partitioning (He et al., 2024; Jimenez et al., 2009; Wang et al., 2021; Yazdani et al., 
2023). In urban valley basins such as the SJV, persistent stagnation, shallow boundary layers, and 
cold temperatures create conditions that strongly favor multiphase and heterogenous chemistry 
(Collier et al., 2018; Ge et al., 2012b; Gilardoni et al., 2016) and promote SOA accumulation, even 
as reduced solar radiation suppresses daytime photochemical processing (Liu et al., 2024; Peng et 
al., 2021; Xu et al., 2024). Despite its central contribution to winter PM2.5, process-level attribution 
of SOA remains challenging, limiting identification of dominant pathways and constraining the 
development of effective air-quality management and public health protection strategies.  

The SJV exemplifies these challenges. During the cold season, emissions in the region shift toward 
anthropogenic combustion sources, increasing inputs of NOx, NH3, and VOCs from residential 
heating and other winter activities (Chen et al., 2018; Farley et al., 2023; Ge et al., 2012b, a; Young 
et al., 2016). Nocturnal formation of a stable boundary layer isolates a chemically active residual 
layer aloft, enabling nighttime nitrate formation through nitrate radical (NO3·) and N2O5 chemistry 
and the accumulation of oxidants and gaseous organic precursors that can be entrained into the 
surface layer the following day (Prabhakar et al., 2017; Pusede et al., 2016; Young et al., 2016). 
Combined with stagnant and humid conditions, this vertical decoupling enhances SOA production 
through multiphase and heterogeneous pathways. As a result, wintertime SOA in the SJV is both 
substantial and chemically distinct from summer conditions, with aqueous processing and 
nocturnal chemistry emerging as key but insufficiently constrained drivers of PM2.5 pollution. 

Aqueous-phase processing occurs in fog and aerosol waters under conditions of high relative 
humidity (RH) and frequent radiation fog. Water-soluble organic compounds, including small 
carbonyls (e.g., glyoxal and methylglyoxal) and phenolic species, readily partition into the aqueous 
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phase, where they undergo rapid oxidation by a range of oxidants, including hydroxyl radical 
(·OH), O3, nitrate radical (NO3·), triplet excited states of organic carbon (3C*), and singlet oxygen 
(1O2

*) (Arciva et al., 2022, 2025; Herrmann et al., 2015; Jiang et al., 2021; Lamkaddam et al., 2025; 
Wang et al., 2024). Laboratory studies demonstrate that these multiphase reactions efficiently 
generate aqueous SOA (aqSOA) with high mass yields and enhanced formation of oligomers, 
organic acids, and highly oxidized species compared to gas-phase reactions (Go et al., 2024; Huang 
et al., 2018; Jiang et al., 2024). Field observations in fog-prone regions, such as the Po Valley in 
northern Italy and SJV, further indicate substantial aqSOA contributions linked to biomass-
burning-derived phenols and enriched in small dicarboxylic acids and brown carbon chromophores 
(Collier et al., 2018; Farley et al., 2023; Ge et al., 2012b; Gilardoni et al., 2016; Paglione et al., 
2020). Together, these studies indicate fog and aerosol water as active chemical reactors in winter 
basins, however, the magnitude, molecular composition, precursor diversity, and persistence of 
aqSOA following fog dissipation remain poorly understood. 

Nocturnal chemistry represents a second major pathway shaping winter SOA formation. At night, 
NO3·, generated from reactions between NO2 and O3, rapidly oxidize unsaturated VOCs such as 
alkenes and monoterpenes, to produce low-volatility products and organic nitrates that contribute 
to SOA (Brown and Stutz, 2012). Laboratory studies show efficient dark oxidation of biomass-
burning and biogenic emissions by NO3·, producing highly oxidized OA and mixed organic-
inorganic nitrate species (Bates et al., 2022; Kodros et al., 2020; Zhang et al., 2025). In parallel, 
heterogeneous uptake of N2O5 forms particulate nitrate (pNO3) and, in the presence of chloride, 
ClNO2, which photolyzes quickly after sunrise to release chlorine atoms (Cl·) and NO2, thereby 
influencing morning oxidant budgets (Bannan et al., 2017; Brown and Stutz, 2012; Chen et al., 
2023). In aqueous media, N2O5 can further dissociate to NO2

+, promoting electrophilic nitration of 
phenols and formation of nitrophenols and nitrosophenols (Heal et al., 2007; Kroflič et al., 2021; 
Wang et al., 2023b). Aircraft and surface observations indicate that much of this chemistry occurs 
in the decoupled nocturnal residual layer (NRL), with subsequent morning entrainment leading to 
sharp increases in surface pNO3 concentrations (Pusede et al., 2016; Sun et al., 2025; Young et al., 
2016). Modeling studies further suggest that NRL production dominates morning surface nitrate 
budgets (Prabhakar et al., 2017; Sun et al., 2025). While nighttime SOA formation in polluted 
NRLs can be substantial (Zaveri et al., 2020; Zhou et al., 2023), its quantitative contribution and 
chemical signatures remain challenging to isolate because of mixed precursors and potential 
influence from transported air. 

Disentangling distinct SOA formation processes is essential for advancing process-level 
understanding and informing effective air-quality management strategies. Source apportionment 
using aerosol mass spectrometry (AMS) has played a central role in advancing our understanding 
of SOA by providing time-resolved, quantitative insights into organic aerosol composition and 
evolution (Canagaratna et al., 2007; Jimenez et al., 2009; Zhang et al., 2007, 2011). However, 
source apportionment approaches based on AMS data alone often struggle to resolve these 
processes. Positive matrix factorization (PMF) applied to AMS data robustly separates primary 
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OA (POA) components, such as hydrocarbonlike OA (HOA), cooking OA (COA), and biomass 
burning OA (BBOA), but resolving SOA remains challenging. The combination of high-
temperature (600 °C) vaporization and 70 eV electron-ionization, combined with the chemical 
complexity of OA and substantial overlap among formation pathways, causes extensive 
fragmentation that compresses molecular information. As a result, diverse secondary processes are 
frequently collapsed into a small number of bulk oxygenated OA (OOA) factors, obscuring 
mechanistic distinctions and masking the roles of key precursors (Crippa et al., 2014; Ng et al., 
2010; Ulbrich et al., 2009; Zhang et al., 2007, 2011).  

In contrast, soft ionization mass spectrometry provides enhanced molecular specificity and 
improved differentiation among secondary products, but the instrument sensitivities vary across 
compounds, limiting their quantitative utility when applied alone (Kumar et al., 2022; Qi et al., 
2019; Stefenelli et al., 2019). Recent advances in combined PMF (cPMF), which integrates hard- 
and soft-ionization mass spectrometry datasets within a unified factorization framework, offer a 
promising pathway to overcomes these limitations by enabling improved factor separation while 
maintaining quantitative mass closure (Simon et al., 2025; Tong et al., 2022). 

In this study, to better understand OA emission sources and formation pathways in the SJV, we 
conducted an intensive winter field campaign in Fresno, California, deploying a high-resolution 
soot-particle aerosol mass spectrometer (SP-AMS) alongside a chemical ionization mass 
spectrometer (CIMS) coupled with a Filter Inlet for Gases and AEROsols (FIGAERO). By 
applying a cPMF framework to the merged SP-AMS and FIGAERO-CIMS datasets, we resolved 
primary emissions and process-specific SOA factors. Nineteen distinct OA factors were resolved, 
spanning primary emissions (HOA, COA, and multiple BBOAs) and process specific SOA factors, 
including four aqSOA factors and three SOA factors associated with nocturnal reactions in the 
residual layer followed by morning entrainment (RL-SOA). Aqueous processing, involving 
diverse precursors and different oxidation levels, is a leading contributor to SOA. RL-SOA factors, 
with daily morning peaks aligned with nitrate and ClNO2, indicate that nocturnal chemistry in the 
RL supplies a reproducible surface OA source. Our analysis highlights distinct SOA formation 
pathways that are often underrepresented in models, and the results provide a strong basis for more 
targeted and actionable air quality management in winter basins. 

4.2 Methods 
4.2.1 Monitoring site and instrumentation 

Site description. The winter field observations were conducted from 8 December 2023 to 6 
January 2024 at the California Air Resources Board’s Fresno-Garland station (36° 47’ 12’’ N, 119° 
46’ 25’’ W; 97 m a.s.l.) in Fresno, CA. The site is surrounded by residential neighborhoods and 
commercial areas and is close to several major highways, representative of urban basins that are 
influenced by shallow nocturnal inversions, weak ventilation, frequent radiation fog, and strong 
residential wood burning. Particulate matter was sampled continuously through a PM2.5 cyclone 
and Nafion dryer mounted approximately 1.5 m above the roofline. The inlet flow was maintained 
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at 4.5 L/min, split as 0.1 L/min to the SPAMS, 4.3 L/min to the FIGAERO polytetrafluoroethylene 
(PTFE) filter, and 0.1 L/min to the ACSM. Routine meteorological and air-quality data collected 
at this station include temperature, RH, wind speed and direction, solar radiation, O3, NO, NO2, 
CO, NH3, SO2, black carbon, PM2.5, and PM10, which provide the environmental context alongside 
the mass spectrometric measurements. 

SP-AMS. A soot particle aerosol mass spectrometer (SP-AMS) was used to characterize the 
composition of PM1 species at 2min time resolution (DeCarlo et al., 2006; Onasch et al., 2012). 
The instrument was operated under “V” ion optical mode. AMS data were processed and analyzed 
using the standard data analysis toolkits SQUIRREL and PIKA within Igor Pro. Organic aerosol 
elemental ratios, including the molar ratios of oxygen to carbon (O/C) and hydrogen to carbon 
(H/C), were calculated using the improved ambient method (Canagaratna et al., 2015). 

FIGAERO-I-CIMS. A FIGAERO-I-CIMS was used to characterize particle-phase oxygenated 
organic compounds. A detailed description of FIGAERO-CIMS has been reported (Lopez-Hilfiker 
et al., 2014), and the iodide ionization mechanisms have been illustrated previously (Lee et al., 
2014). The instrument alternated hourly between a 20-min gas mode, during which particles were 
collected on a PTFE filter, and a 40min particle desorption mode, during which 2 L/min of heated 
N2 gas was passed through the PTFE filter to volatilize the sampled particles. The thermal 
desorption comprised a 15-min ramp from ambient temperature to ~ 200 °C, a 10-min soak at ~ 
200 °C, and a 15-min cool-down to room temperature (Figure 4-1). Background measurements 
were conducted by placing a HEPA filter at the inlet entrance while sampling ambient air. Raw 
data were saved at 1 Hz and were pre-averaged to 5 s for further data processing. Tofware (v4.0.0) 
was used to process the FIGAERO-CIMS data, handling mass calibration, peak shape and width 
optimization, and high-resolution ion peak fitting for the mass spectra (Stark et al., 2015). Ion 
signals were normalized to total reagent ions (i.e., I-, IH2O-, and IC2H3N-) at 10E6 ions/s. To obtain 
an ambient particle-phase abundance (ICIMS_ambient, ions/m3), ions signals were integrated over the 
thermal desorption period (i.e., ramp and soak) and converted via: 

ICIMS_ambient =  ICIMS_integrated

QFIGAERO × T
 (Eq1) 

where ICIMS_integrated is the integrated ion signal, QFIGAERO is the particle sampling flow through the 
FIGAERO filter, and T is the particle collection time. In the following discussion, the particle-
phase CIMS signals reported are ICIMS_ambient unless noted. Here, since no sensitivity conversion is 
applied, this expression implicitly assumes a uniform response for all the detected compounds. 
Given the iodide reagent’s higher sensitivity towards oxygenated compounds (Lee et al., 2014), 
the importance of more oxidized compounds can be overestimated, while the less oxidized 
compounds are likely underestimated. Nevertheless, total OA concentration measured by AMS 
correlates well with total particle phase CIMS signal (R=0.995; Figure 4-2), supporting the use of 
CIMS data as a semi-quantitative approach. 
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4.2.2 PMF approach 

Source apportionment was performed on the FIGAERO-I-CIMS and SP-AMS data both separately 
and in combination using positive matrix factorization (PMF) (Paatero and Tapper, 1994). We 
began with applying PMF to each instrument individually. Single instrument PMF established 
instrument specific factor structures and identified artifacts and backgrounds. Next, we analyzed 
a single, merged matrix comprising both instruments. The combined PMF (cPMF) ensured a 
balanced representation for each instrument, leveraging the quantitative capability of AMS and the 
molecular specificity of CIMS.  

4.2.2.1 PMF principles 

PMF is a bilinear receptor-only model broadly used in atmospheric studies (Ng et al., 2010; 
Ulbrich et al., 2009; Zhang et al., 2011), which represents the input data matrix as the product of 
static factor profiles and their time variations, such that 

X = G × F + E (Eq2) 

where X (dimension of m*n) is the input data matrix containing m measurements of n variables, 
F (dimension of p*n) is a matrix of factor profiles, G (dimension of m*p) is a matrix of factor time 
series, and E (dimension of m*n) is the residual matrix. Here, p is the number of factors in the 
PMF solution selected by the user.  

PMF solves Eq 2 using a least-squares algorithm that iteratively fits the values of G and F to the 
input data, minimizing parameter Q, which is the sum of squared uncertainty-weighted residuals 
(Eq 3). 

Q =  ∑ ∑ (eij
sij

n
j=1 )2m

i=1  (Eq3) 

where eij is an element in the residual matrix E, and sij is the corresponding element in the 
uncertainty matrix. The theoretical expectation of Q, denoted Qexp, should equal the degrees of 
freedom of the fitted data: 

Qexp = m × n − p × (m + n) (Eq4) 

If the model is appropriate and errors are well characterized, the optimal solution would yield a 
Q/Qexp near unity. In practice, atmospheric datasets rarely meet all idealized assumptions, so 
Q/Qexp is typically higher than 1. 

4.2.2.2. PMF on single-instrument measurements 

SP-AMS PMF. For the PMF analysis performed on SP-AMS data (amsPMF), the input high-
resolution organic mass spectral and uncertainty matrices were prepared following Ulbrich (2009). 
In total, 227 ions were included between m/z 12-400. Isotopic ions whose signals were scaled from 
their parents were removed. Ions with signal-to-noise (S/N) ratio < 0.2 were excluded, and ions 
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with S/N between 0.2 and 2 were downweighed by increasing their uncertainties by a factor of 2. 
The CO2

+ ion and related CO+, H2O+, HO+, and O+ ions were also downweighed as recommended 
by Ulbrich (2009). The PMF solution was evaluated using a PMF Evaluation Toolkit (PET v3.08) 
following the procedures described in Zhang (2011). A 14-factor solution was selected after careful 
evaluation. The rotational ambiguity of the solution was explored by varying the fPeak from -1 to 
1, and fPeak=0 was chosen. The identified factors include HOA, COA, POA, three BBOA, and 
eight OOA factors. Figure 4-3 summarizes the MS profiles, time series, and diurnal variations of 
the optimal amsPMF solution, while detailed interpretation is presented in a companion paper 
(Shukla et al., in preparation). 

FIGAERO-I-CIMS PMF. For the PMF analysis performed on FIGAERO-I-CIMS data 
(cimsPMF), the ICIMS_ambient (as described in Section 4.2.1) was used as the input data. The 
uncertainties (Scims) of the signals were initially estimated using Poison statistics: 

(Eq5) 

However, this estimation only provides a lower limit for the actual noise, while thermogram 
integration and ambient abundance conversion can add variance not captured by Poisson statistics. 
With the initial uncertainty values, the Q/Qexp was >> 1, indicating an underestimation of the 
uncertainties (Ulbrich et al., 2009). Given the complexity of uncertainties associated with thermal 
desorption and ambient conversion and a lack of well-developed methods to estimate these 
uncertainties, we scaled uncertainties empirically by a uniform factor of 40 to reflect additional 
variance, which yields more reasonable Q/Qexp values. In total, 685 ion formulas were included 
for cimsPMF analysis. Since ICIMS shows significantly stronger response to anhydrosugars 
(C6H10O5; e.g., levoglucosan, mannosan, and galactosan) (Gaston et al., 2016; Lee et al., 2014; Ye 
et al., 2021), we further downweighed the corresponding ion IC6H10O5

- by increasing its 
uncertainty by a factor of 10 to avoid having a single, highly responsive marker dominate the fit. 
A 14-factor solution was selected, which resolved three BBOA, two residual layer SOA, three 
aqSOA, two biogenic SOA, two background, and one artifact factor. A summary of the cimsPMF 
factors is provided in -Figure 4-4.  

4.2.2.3 Combined PMF (cPMF) on merged CIMS and AMS data 

To prepare the input for the cPMF, we time-aligned the AMS data (originally at 2-min resolution) 
to the FIGAERO-CIMS collection cycle. AMS signals were averaged over each 20min FIGAERO 
particle collection window per hour, with uncertainties propagated accordingly. Subsequently, the 
AMS and CIMS data were merged to generate a unified data matrix that contains 912 variables 
(227 AMS ions and 685 CIMS formulas) (Figure 4-5). The associated uncertainty matrix is 
constructed similarly.  

Since the two instruments differ in variable count, response, and noise, a weighting factor (CCIMS) 
was applied to the error matrix of the CIMS to balance the relative contributions of the two 
instruments and to ensure both instruments are well represented: 
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(Eq6) 

To determine the optimal weighting factor, the scaled residuals of both instruments were monitored 
following previously reported approaches (Simon et al., 2025; Tong et al., 2022). First, for the 
selected single-instrument solutions (the 14-factor amsPMF and the 14-factor cimsPMF), we 
calculated the probability distribution of the scaled residuals and quantified their similarity via the 
overlap (Foverlap) between the two distributions (Figure 4-6): 

(Eq7) 

where PAMS and PCIMS are scaled residual probability distributions for the amsPMF and the 
cimsPMF solutions. Next, we calculated the scaled residual distributions overlap (Foverlap’) for the 
cPMF solution: 

(Eq8) 

where PAMS_cPMF and PCIMS_cPMF are the scaled residual probability distributions for the AMS and 
CIMS data from the cPMF solution. Ideally, an Foverlap’ value similar to Foverlap is desired (Tong et 
al., 2022). However, in practice, we did not necessarily try to produce the exact same Foverlap’ with 
Foverlap but rather use it as an important diagnostic, in combination with other metrics (e.g, Q/Qexp 
and environmental interpretability) to determine the optimal cPMF solution. 

We explored a broad range of CCIMS and p (number of factors) values. Figure 4-7 summarizes the 
explored CCIMS-p space in terms of Q/Qexp and Foverlap’. For a CCIMS value higher than 3 or lower 
than 0.5, the Q/Qexp value increases significantly and the Foverlap’ value deviates significantly from 
Foverlap. For a factor number lower than 14, the Q/Qexp also increases significantly. We therefore 
rejected these solutions and focused further evaluation on the remaining candidates (0.5 ≤ CCIMS 
≤3 and p ≥ 14). 

Among the candidates, we sought an environmentally reasonable case. The selection criteria 
include appropriate Q/Qexp and Foverlap’ values, interpretable diurnal cycles and event responses, 
reasonable correlation with external tracers, and crossmethod coherence assessed by correlating 
the cPMF factor time series with that from the single instrument PMF and by verifying expected 
spectral signatures. The 22-factor cPMF solution with CCIMS =3 appears to be the optimal as it 
captured the largest set of key factors resolved by single instrument PMFs (Figure 4-8). Among 
the 22 factors, one factor shows a repeating time pattern synchronized with FIGAERO filter 
changes and is interpreted as an artifact linked to incomplete desorption and particle accumulation 
on the filter. Two factors show minimal AMS signal and similar CIMS profiles with background 
CIMS spectra, so they are treated as background factors. Excluding these three factors, the final 
cPMF comprises 19 chemically interpretable OA factors, including a HOA, a COA, five BBOA, 
four aqSOA, three residual layer SOA, four biogenic SOA, and an OOA (Figure 4-9).  
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4.3 Results and Discussion 
4.3.1 Drivers of winter organic aerosol pollution in the SJV 

The cPMF performed on FIGAERO-I-CIMS and SPAMS datasets resolved 19 chemically 
interpretable OA factors, with POA and SOA contributing comparably during the campaign. POA, 
including HOA (11.3%), COA (9.3%), and BBOAs (30.4%), accounted for 51% of the total OA 
mass (Figure 4-9). All POA factors peaked at night (Figure 4-9) when evening traffic, dinner 
cooking, and residential heating intensify and a shallow nocturnal boundary layer traps emissions 
near the surface. These primary emissions are consistent with prior winter Fresno observations 
which highlight wood burning, vehicles, and cooking as dominant primary sources (Farley et al., 
2023; Ge et al., 2012b; Sun et al., 2022; Young et al., 2016). 

SOA accounted for 49% of the OA mass (Figure 4-9). Aqueous phase processing in fog and aerosol 
water was the leading secondary formation pathway (~22.3%), followed by nocturnal chemistry 
in the residual layer (~12.9%) and oxidation of biogenic VOCs (~8.9%). The comparable 
contributions of POA and SOA suggest that, even in winter, when sunlight, oxidant levels (e.g., 
ozone and •OH), and biogenic VOC emissions (e.g., isoprene and monoterpenes) are lower, 
secondary formation remains a major contributor to OA mass. High humidity and frequent 
radiation fog promote aqueous reactions, while active nocturnal reactions in the residual layer 
primes a morning surface OA increase as mixing layer expands. These secondary processes are 
critical to understanding the persistence and severity of winter PM episodes in Fresno. 

4.3.2 SOA from fog and aerosol water processing 

Two multiday fog episodes (Dec 22-27 and Jan 1-3) were identified, featured by RH > 85% and 
dew-point depression < 2.5 °C from night through late morning (Figure 4-10). The cold and humid 
conditions favored aqueous phase reactions and provided us an opportunity to investigate how fog 
water affects winter OA composition.  

During the fog episodes, OA and PM2.5 did not decrease (Figures 4-10 and 4-11), indicating that 
wet scavenging was limited or that SOA production in fog water outweighed removal. Multiple 
observations evidenced efficient aqueous processing. Sulfate increased from 0.5 to 1.1 μg/m3, the 
sulfur oxidation ratio (SOR) increased from 0.2 to 0.6, oxalic acid concentration increased, and 
the fraction of aqSOA factors increased from 14% to 40% of total OA mass (Figure 4-11). These 
changes are consistent with fog-driven uptake of water-soluble gases (e.g., SO2, 
glyoxal/methylglyoxal, and phenols) into fog droplets and water-rich particles, followed by rapid 
aqueous-phase reactions with oxidants (e.g., OH, O3, 3C*, and 1O2

*) that produce sulfate and low 
volatility organics such as oligomers and small dicarboxylic acids (Herrmann et al., 2015; Jiang et 
al., 2021; Lim et al., 2010; McNeill, 2015; Volkamer et al., 2007; Wang et al., 2016, 2020; Yu et 
al., 2016).  
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The aqSOA continued to grow for hours after fog dissipated, remaining a substantial fraction into 
early afternoon even as RH and ALWC declined. This observation suggests that the low volatility 
species formed in fog water were retained in residual particles and continued to affect OA 
composition after fog dissipation. Additionally, the post-fog enhancement may also indicate SOA 
production during fog water evaporation. As water evaporates, the solute concentrations and the 
ionic strength of the particle phase increase, which can accelerate accretion and oligomerization 
and favor low-volatility products formation (Galloway et al., 2014; Loeffler et al., 2006; McNeill, 
2015; Nguyen et al., 2012). Laboratory studies have reported evaporation-driven oligomer 
formation from glyoxal/methylglyoxal (Loeffler et al., 2006) and acid-catalyzed aldol chemistry 
that yields N/S-containing brown carbon species (Nguyen et al., 2012), both consistent with 
continued aerosol-phase reactions as fog water evaporates. 

In this study, cPMF resolved four aqSOA factors (AQ1-4) with O/C ratios from 0.46 to 0.69 
(Figure 4-12). At the molecular level, these factors are enriched in C₂–C₄ dicarboxylic acids, such 
as oxalic, malonic, malic, and succinic acids. These diacids can be formed through aqueous phase 
oxidation of water-soluble small carbonyls (e.g., glyoxal and methylglyoxal) and phenols. Longer 
diacids are converted to smaller ones through oxidative decarboxylation and fragmentation during 
aging. For example, aqueous oxidation of succinic acid yields malonic acid with malic acid as an 
intermediate, and hydroxylation of succinic acid also produces malic acid (Sorooshian et al., 2007). 
Oxalic acid represents the endpoint of extensive aqueous oxidation (Ervens et al., 2011). The 
correlation between oxalate and sulfate, along with the ratio of oxalate to sulfate, has been widely 
used as a marker for aqueous processing across campaigns (Hilario et al., 2021). In the AMS 
spectra the aqSOA factors, CO2

+ and CHO2
+ are strongly enhanced (Figure 4-12). The four aqSOA 

factors together account for 40% and 50% of CO2
+ and CHO2

+ signals, respectively (Figure 4-12), 
consistent with significant carboxylic acid formation. The combined AMS markers (CO2

+ and 
CHO2

+) and CIMS dicarboxylic acid tracers provide coherent, cross instrument evidence that AQ1-
4 arise from aqueous-phase reactions. Additionally, the time series of total AQ1-4 tracks sulfate 
(Figure 4-12), further confirming the aqueous pathways. 

Among the aqSOA factors, AQ3 and AQ4 show higher O/C, higher fCO2+, and lower fC2H3O+ than 
AQ1 and AQ2 (Figure 4-12 and 4-13), indicating that they experienced more extensive aging. The 
different oxidation levels of the aqSOA factors correspond to different chemical composition, 
meteorology and source conditions discussed below. 

AQ1 is dominated by malonic acid (C3H4O4, ~14% of the CIMS signal) (Figure 4-12), a product 
of succinic acid photodegradation. A high malonic/succinic ratio indicates ongoing aqueous aging, 
yet the lack of oxalic acid suggests incomplete oxidation (Kawamura and Bikkina, 2016), 
consistent with the lower O/C and smaller fCO2+ of AQ1. Wind analysis ties AQ1 to influence from 
southeast (Figure 4-13). 

AQ2 is characterized by oxalic (C2H2O4) and malonic (C3H4O4) acids alongside methanesulfonic 
acid (MSA, CH4SO3) and nitrophenols (e.g., C6H5NO4 and C7H7NO4) (Figure 4-12). MSA can be 
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formed from aqueous-phase reactions of sulfur-containing organics, such as dimethyl sulfide 
(DMS) (Novak et al., 2021; Tashmim et al., 2024). The presence of nitrophenols likely indicates 
aqueous-phase nitration of phenols by NO2

+ (Heal et al., 2007; Kroflič et al., 2021; Wang et al., 
2023b). Several observations suggest that AQ2 likely captures biomass burning influenced 
aqueous processing. AQ2 is significantly enhanced during a BB-rich period (Dec 22-27). 
Compared to other aqSOA factors, AQ2 shows higher contributions to aromatic products, such as 
highly hydroxylated phenols and phenolic oligomers (Figure 4-12), which are typical aqueous 
oxidation products of BB-derived phenols. Prior studies have demonstrated that BB-emitted water-
soluble phenols readily partition to atmospheric waters and undergo rapid aqueous-phase reactions 
with multiple oxidants to generate aqSOA through functionalization, oligomerization, and 
fragmentation (Jiang et al., 2021; Sun et al., 2010; Yu et al., 2016). 

AQ3 features high fractions of malonic (C3H4O4) and glycolic (C2H4O3) acids (Figure 4-12). Prior 
work has reported glycolic acid formation from aqueous OH oxidation of glycolaldehyde (Perri et 
al., 2009). Like AQ2, AQ3 intensifies during a BB-rich period (Dec 22-27) and shows a higher 
aromatic fraction than AQ1&4. Additionally, both AQ2 and AQ3 show high correlations with low 
wind speeds (Figure 4-14), indicating strong local influence, consistent with nearby residential 
wood burning as a key precursor source. 

AQ4 is the most oxidized factor and is dominated by oxalic acid (23% of the CIMS signal), 
alongside prominent maleic (C4H4O4) and succinic (C4H6O4) acids (Figure 4-12). AQ4 peaks 
during Jan 1-3, a period of sustained high aerosol liquid water content (ALWC) that extends into 
midday (and RH > 80% the whole day) (Figure 4-15). The long duration of highly humid 
conditions allows extensive aqueous aging and enhanced partitioning of small acids (Hennigan et 
al., 2009). The polar plot of AQ4 shows a broader footprint, with a strong southeast influence but 
contributions from other directions as well (Figure 4-14). This pattern suggests that the deeply 
aged aqSOA (AQ4) may reflect regional processing rather than purely local influence.  

Our observations suggest that, in the SJV, fog-driven aqueous processing reconfigures the winter 
OA toward more acid- and sulfur-rich composition, with strong influence that persist for hours 
even after fog dissipation. The four distinct aqSOA factors revealed that precursor availability, 
liquid water duration, and transport scale all affect the aqueous phase chemistry and aqSOA 
formation. Due to extensive residential wood burning, aqueous-phase reactions of BB emissions 
are a major aqSOA source in winter SJV. Practically, reductions in BB emissions and co-controls 
on SO2/NOx/NH3 during humid stagnation events would efficiently suppress SOA growth.  

4.3.3 Nocturnal residual layer chemistry and morning entrainment 

Prior work in the San Joaquin Valley has shown that chemistry in the nocturnal residual layer 
strongly influence daytime surface PM. Field studies have observed sharp morning increases in 
surface nitrate that track the growth of the mixing layer, and models have demonstrated that 
residual layer NO3/N2O5 chemistry dominates morning nitrate burden (Prabhakar et al., 2017; 
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Pusede et al., 2016; Young et al., 2016). We observed the same pattern in this campaign. Ground-
level nitrate starts to increase near 7 am as the mixing layer expands, and ClNO2 rises in parallel 
(Figure 4-16). The ClNO2 increase suggests nighttime heterogeneous reactions of N2O5 with Cl-
containing particles in the residual layer (McDuffie et al., 2018). Based on these observations, we 
expect that residual layer chemistry can affect the surface aerosol, not only by boosting nitrate but 
also by modifying the OA composition.  

The cPMF resolved three OA factors associated with residual layer processing (RL1–3) (Figure 4-
16). All the RL factors show a pronounced morning increase that aligned with the mixing layer 
expansion as well as the concurrent increases in nitrate and ClNO2 beginning around 7 am. The 
consistent timing of the morning increases indicates that the RL factors are produced in the residual 
layer overnight and mixed to the surface during boundary layer growth.  

Although the AMS features of the three RL factors are generally similar, with bulk O/C ratios 
between 0.47-0.50, their molecular fingerprints are distinct. These molecular characteristics allow 
the cPMF to separate different RL-SOA types that would otherwise be difficult to distinguish using 
AMS data alone.  

RL1 is enriched in small carboxylic acids such as glycolic, oxalic, and malonic acids (Figure 4-
16), indicating dark aqueous reactions in the residual layer (Herrmann et al., 2015). Prior Fresno 
winter studies have shown that heterogeneous uptake and hydrolysis of N2O5 aloft is substantial, 
implying that despite lower RH, the particle water in the residual layer is sufficient to host 
meaningful aqueous and heterogeneous reactions. Hygroscopic nitrate maintains aerosol liquid 
water (Hodas et al., 2014), and elevated acidity further promotes multiple condensed-phase 
pathways (Pye et al., 2020; Surratt et al., 2010). RL1 also contains nitrophenols, likely indicating 
heterogeneous NO3 oxidation (Rana and Guzman, 2022) and/or aqueous-phase NO2

+-mediated 
nitration of BB-derived phenols (Kroflič et al., 2021; Wang et al., 2023b). 

RL2 features organonitrates together with CHO species from monoterpene oxidation (Figure 4-
16). Molecular markers (e.g., C8H11NO7, C10H15NO6, C10H18N2O8, and C8H12O5) point to 
nighttime NO3 reactions of monoterpenes. Similar observations of organonitrate and SOA 
formation have been reported in the polluted residual layer over Sacramento, CA, where 
anthropogenic nitrate radicals reacted with BVOCs efficiently in the residual layer, with SOA mass 
yields up to 0.55, comparable to that of daytime oxidation (Zaveri et al., 2020). RL2 also contains 
slightly elevated levoglucosan (C6H10O5), indicating some influence from biomass burning 
emissions. Both RL1 and RL2 show enhanced C9H13NO2S, likely representing an aromatic 
sulfonamide compound. Aromatic sulfonamides are widely used as industrial plasticizers and 
veterinary antibiotics and have been observed in various environmental media including 
groundwater, surface water, soil, manure, and PM (Baran et al., 2011; De Groote et al., 2002; 
Grung et al., 2017; Maceira et al., 2018; Sarmah et al., 2006). Sulfonamides can also be produced 
through reactions of sulfonyl halides with amines, which provides a plausible secondary formation 
pathway in polluted air (Das et al., 2018; Pedersen et al., 2023). The RL2 molecular composition 
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therefore suggests nighttime NO3 oxidation of monoterpenes with a modest biomass burning 
imprint and a potential contribution from sulfonamide chemistry.  

RL3 shows a high fraction of MSA, together with elevated malonic and oxalic acids (Figure 4-16). 
MSA can be generated in the dark through multiphase reactions of sulfur-containing gases (e.g., 
DMS) initiated by various oxidants (e.g., NO3, O3, and •OH) (Berndt, 2025; Fung et al., 2022; Van 
Rooy et al., 2021). The dominance of MSA in RL3 suggests the important role of organosulfur 
chemistry in nighttime OA growth in the residual layer. 

Wind analysis further differentiates the three RL factors (Figure 4-14). RL1 is consistent with local 
influence, whereas RL2 and RL3 show stronger correlations with air from the southeast of the site. 
This pattern suggests that the air masses associated with monoterpene oxidation and organosulfur 
processing may be transported from the southeast.  

Our observations highlight a clear mechanism linking residual layer chemistry to surface OA. 
Overnight, the residual layer decouples from the surface but still holds oxidants, precursors, and 
aerosol liquid water to support active nighttime chemistry. With ozone largely untitrated aloft, NO₂ 
reacts with O₃ to form NO₃, leading to significant NO3 oxidation of VOCs. NO₃ also combines 
with NO₂ to produce N₂O₅, which heterogeneously taken up by particle water and yields nitrate. 
In parallel, aqueous-phase reactions, likely involving Fenton chemistry, and organosulfur reactions, 
can drive additional SOA formation. After sunrise, growth of the mixing layer entrains this 
processed air to the surface, modifying ground-level aerosol composition. This cycle recurs in 
Fresno winters, governed by stable nocturnal stratification and complex aloft precursors.  

4.3.4 Other OA sources/processes 

4.3.4.1 HOA 

Hydrocarbon-like organic aerosol composed 9.3% of the average OA mass during the campaign. 
The time series of HOA followed NOx and is primarily related to vehicular emissions. The diurnal 
cycle showed a morning increase around 8 am and a larger evening maximum near 9 pm (Figure 
4-17). The morning peak aligns with traffic emissions during rush hours, and the stronger nighttime 
increase reflects both evening traffic activity and the shallow nocturnal boundary layer that 
concentrates emissions near the surface. The monitoring site is close to several major highways, 
consistent with the strong HOA signal and the predominantly local character indicated by the wind 
analysis (Figure 4-14).  

The AMS spectrum of HOA is dominated by aliphatic CnH2n-1 and CnH2n+1 ions, with prominent 
signals at m⁄z 27 (C2H3

+), 29 (C2H5
+), 41 (C3H5

+), 43 (C3H7
+), 55 (C4H7

+), 57 (C4H9
+), 69 (C5H9

+), 
and 71 (C5H11

+), typical fragments of long-chain alkanes, cycloalkanes, and aromatics associated 
with fuel and lubricating oil (Presto et al., 2014; Price et al., 2017; Zhang et al., 2005). HOA is the 
least oxidized OA factor, with O⁄C ratio of 0.07 and H⁄C of 1.95, similar to the values previously 
reported by Young et al. (2016). Additionally, HOA explains large fractions of the C4H7

+ and C4H9
+ 

signals, with an f55⁄f57 ratio of 0.9. These features confirm the identification of HOA and its 
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association with traffic-related fossil fuel combustion. Since I-CIMS is more sensitive to 
oxygenated molecules rather than hydrocarbons, HOA accounts for only 2.1% of the total CIMS 
signal. Even so, cPMF resolved a set of oxygenated molecules associated with HOA (e.g., C5H8O4, 
C2H2O4, and C6H10O5), which likely reflect a mixture of slight traffic emission aging and 
co-emissions of BBOAs with HOA.  

4.3.4.2 COA 

Cooking-related organic aerosol accounted for 11.3% of the OA mass during the campaign. The 
diurnal pattern shows that COA increased in late afternoon near 4 pm, reached a first maximum 
around 5 pm, and climbed again to a broader peak near 8 pm (Figure 4-17). The timing aligns with 
local dinner preparation. High COA concentrations correlated with low wind speeds from the 
northeast and northwest, indicating nearby sources on both directions of the site (Figure 4-14).  

The AMS spectrum of COA shares the hydrocarbon ions common to HOA and shows low 
oxidation degree (O/C = 0.11). Compared with HOA, COA shows more enhanced CxHyO1

+ ions, 
including C2H3O+ (m/z 43), C3H3O+ (m/z 55), C3H5O+ (m/z 57), C5H8O+ (m/z 84), C6H10O+ (m/z 
98), and C7H12O+ (m/z 112), which have been proposed as tracer ions for cooking emissions (Sun 
et al., 2016). The COA shows an f55⁄f57 ratio of 1.4, higher than HOA, but slightly lower than the 
value commonly reported for COA (2.6-3.0) (Huang et al., 2021; Mohr et al., 2012). The CIMS 
spectrum of COA is characterized by a family of fatty acids and their oxidation products, including 
C18H34O2 (oleic acid), C18H32O2 (linoleic acid), C18H36O2 (stearic acid), C16H32O2 (palmitic acid), 
and C9H16O3 (9-oxononanoic acid), which are major constituents of culinary oils and are emitted 
during cooking (Abdullahi et al., 2013; Reyes-Villegas et al., 2018). COA accounts for large 
fractions of these fatty acid signals, contributing 20% of C₁₈H₃₄O₂, 18% of C18H32O2, and 17% of 
C18H36O2, which chemically links this factor to cooking activities.  

4.3.4.3 BBOAs 

Five biomass burning factors (BBOA1-5) were resolved, together accounting for 29.7% of the OA 
mass. The high contribution of BBOAs is consistent with prior studies that show prevalent residual 
wood burning in winter Fresno (Chen et al., 2018; Chow et al., 2008; Ge et al., 2012b; Sun et al., 
2022; Young et al., 2016). The multiple BBOA factors likely reflect the diversity of burning 
practices.  

The AMS spectra provide evidence for the BBOA assignments. The O⁄C ratio of BBOAs spans 
from 0.25 to 0.31, and f60 ranges from 0.007 to 0.068, well above the 0.003 background threshold 
for nonBB aerosol (Cubison et al., 2011) (Figure 4-18). In the triangle plot, the BBOAs cluster at 
low f44 (0.01-0.05) and moderately high f43 (0.05- 0.13), consistent with fresh BB emissions 
(Figure 4-13). Four of the BBOAs show strong levoglucosan-related ions (e.g., C2H4O2

+ and 
C3H5O2

+) that are established tracers for biomass burning emissions (Avery et al., 2023; Cubison 
et al., 2011; Simoneit et al., 1999). The CIMS spectra add molecular speciation to the BBOA 
assignments. All BBOAs show enhanced C6H10O5, consistent with anhydrosugars (e.g., 
levoglucosan, mannosan, and galactosan) from cellulose and hemicellulose pyrolysis. BBOA2 and 



 

95 

 

BBOA3 are dominated by CHO species, whereas BBOA1, BBOA4, and BBOA5 contain higher 
fractions of nitrophenols such as C6H5NO4 and C7H7NO4. Nitrophenols are emitted directly from 
biomass burning and are also produced secondarily through nighttime NO3 oxidation of phenols 
or daytime photooxidation under high NOx conditions (Finewax et al., 2018; Mohr et al., 2013; 
Wang et al., 2023a). BBOA3 shows enhanced C5H8O4, likely glutaric or methylsuccinic acid (Jen 
et al., 2019). These features agree with previously reported CIMS signatures for biomass burning 
emissions (Gaston et al., 2016; Ye et al., 2021). Quantitatively, the BBOAs contribute 65% of 
C6H10O5, 40%-60% of phenols (e.g., C7H8O3, C8H10O2, and C8H8O3) and up to 78% of 
nitrophenols (e.g., C6H5NO4, C7H7NO4, and C8H9NO4), indicating biomass burning as the 
dominant source of these compounds.  

The BBOAs show clear nighttime enhancements with local origins (Figures 4-18 and 4-14). All 
five factors were lowest in the afternoon, increased after 5 pm, and peaked at night, consistent with 
increased residential heating, a shallow nocturnal boundary layer that traps emissions, and low 
temperatures that favor partitioning of semivolatile BB components during night. BBOA3, 
BBOA4, and BBOA5 tend to peak earlier (8-9 pm), whereas BBOA2 peaked near midnight and 
BBOA1 was elevated from late evening until ~3 am. The polar plots indicate local origins for all 
five factors, with BBOA1 and BBOA2 associated with nearby sources from the northeast and 
BBOA3–5 receiving additional contributions from the northwest.  

The five distinct BBOA factors likely capture different biomass burning emission sources with 
variations in fuel types, appliance technologies, burn phases, and aging degrees. Although we are 
not able to unambiguously assign each factor to a specific fuel or device, the results suggest that 
biomass burning in winter Fresno is neither chemically monolithic nor temporally uniform, and 
that multiple BB source types contribute to the winter OA.  

4.3.4.4 Biogenic SOAs 

Four SOA factors (BIO1-4) related to oxidation of biogenic VOCs (e.g., monoterpenes and 
isoprene) were resolved, with O⁄C ratios in the range of 0.27 to 0.40. In the AMS spectra, all BIO 
factors show prominent signals at m⁄z 27, 29, 43, and 44, consistent with previously reported 
spectra for biogenic SOA (Kiendler-Scharr et al., 2009).  

CIMS provides molecular differences among the BIO factors, enabling their separation (Figure 4-
19). BIO1 is characterized by CHO compounds generated from monoterpene oxidation, including 
C7H10-14O4-8, C8H12-16O4-8, C9H14-18O4-8, and C10H16Oz. BIO3 shows a similar CHO pattern with 
BIO1, while BIO2 diverges from this template, showing enhanced C6H10O5 but significantly lower 
C8H12O5, C8H14O4, and C9H14O5, likely indicating interplay between biogenic and biomass 
burning emissions. A defining feature of BIO2 and BIO3 is the presence of abundant CHON 
species associated with organonitrate formation from monoterpenes. These organonitrates (e.g., 
C8H11NO7, C9H15NO6-7, C10H15,17,19NO5-8, and C10H16,18N2O7-8) can be produced through both 
nighttime NO3 chemistry and OH photooxidation under high NOx conditions (Lee et al., 2016; Ng 
et al., 2017). In BIO3, CHON signals skew toward high molecular weight (primarily C₈–C₁₀), 
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whereas BIO2 contains a larger fraction of small C₃–C₅ CHON compounds (e.g., C3H5NO3 and 
C3H7NO3). 

The diurnal patterns of the BIO factors agree with their chemical compositions (Figure 4-19). BIO3 
increased after sunset, built steadily through the night, and peaked before sunrise, a pattern 
consistent with nocturnal NO3 chemistry coupled with cooler temperatures that favor partitioning 
to the particle phase. BIO2 shows a modest increase overnight but surged sharply around 7 am and 
peaked near 9 am. This morning peak reflects two possible processes: (i) morning entrainment 
brought the organonitrates formed in the nocturnal residual layer to the surface; and (ii) rush hour 
NOx emission enhanced organonitrate formation from monoterpene photooxidation. Both BIO2 
and BIO3 dropped quickly after 9 am, consistent with daytime losses of organonitrates through 
photolysis, hydrolysis, and further oxidation (Zare et al., 2018). In contrast, BIO1, dominated by 
monoterpene-derived CHO species, shows no pronounced diurnal cycle. 

Despite some variations among the three monoterpene-related factors (BIO1-3), the composition 
of BIO4 differs more substantially. The CIMS spectrum of BIO4 is characterized by C5H12O5 
(Figure 4-19), a well-known product of isoprene OH oxidation (D’Ambro et al., 2017). BIO4 
concentration increased during a clean, post-storm period (Dec 20-23) with moderate rainfall. 
Wind analysis links high BIO4 concentrations to air masses from the southwest (Figure 4-14). 
These observations imply that BIO4 is likely associated with regional transport and extended aging 
that allow oxidized isoprene products to accumulate despite low local biogenic emissions. 

4.3.5 Clean vs. polluted periods 

Winter Fresno is characterized by stagnant conditions that allow local emissions and in situ 
chemistry to accumulate, while this stagnation is occasionally interrupted by westerly marine-
influenced air, easterly downslope flow from the Sierra Nevada Mountains, and regionally 
transported air from the southeast. In this study, we observed several transitions between polluted 
and clean periods, coinciding with air mass changes, dilution, and wet scavenging during rainfall. 
HYSPLIT back trajectory cluster analysis (Figure 4-20) shows that the clean intervals are 
associated with oceanic flow from the northwest and southwest (primarily Cluster 1&4), 
confirming that severe PM episodes are largely locally generated and that external ventilation 
flushes the basin air. 

To investigate the variations in OA chemistry between clean and polluted conditions, we define 
clean periods as times when PM2.5 below 10 μg/m3. Compared with polluted conditions, clean 
periods are generally warmer (12±3.7 °C vs. 10.5±3.6 °C) and show higher wind speeds (1.3±0.7 
vs. 0.7±0.5 m/s) and stronger ventilation (Figure 4-21). The average PM concentration is 3.8±2.7 
μg/m3 in clean conditions and 28±12.6 μg/m3 in polluted conditions. Organics remain the largest 
PM component in both regimes, contributing 59% and 54% in clean and polluted conditions 
(Figure 4-21). During clean conditions, biogenic SOA and BBOA are the greatest OA contributors, 
accounting for 21.1% and 19.5%. In polluted conditions, the absolute concentrations of all OA 



types increase, with HOA increasing from 0.2 to 1.7 μg/m3, COA from 0.36 to 2.0 μg/m3, the 
ensemble of BBOAs from 0.67 to 5.4 μg/m3, and the total SOA and OOA from 2.2 to 8.2 μg/m3. 
The most significant fractional gains occur for BBOA and aqSOA factors, which increase from 
19.5% to 31% and from 15% to 23%, respectively (Figure 4-21). In contrast, the contribution of 
biogenic SOA factors decreases from 21.1% to 7.3%. The results suggest that local residential 
wood burning emissions and aqueous-phase processing are the principal drivers of winter PM 
pollution formation, and thus the most direct targets for effective control in SJV.  

4.3.6 Comparison of cPMF with single instrument PMF 

The combined PMF applied to merged FIGAERO-I-CIMS and SP-AMS data resolved 19 
chemically interpretable factors, a separation neither instrument can achieve alone.  In AMS, 
600 °C thermal vaporization followed by 70 eV EI leads to extensive fragmentation that sacrifices 
chemical diversity, whereas I-CIMS emphasizes oxygenated species with variable sensitivities 
across compounds. Due to the instrument limitations, each single-instrument PMF analysis (i.e., 
amsPMF and cimsPMF) only resolved 14 factors (Figures 4-3 and 4-4), and the solutions did not 
map one-to-one, with several sources and processes either merged or missing. Comparison of the 
amsPMF and cimsPMF factor time series (Figure 4-22) revealed seven pairs of highly correlated 
factors (Pearsons r ≥ 0.7), indicating that these likely represent common sources and processes that 
can be resolved by PMF applied to either instrument individually. These matched pairs include one 
COA factor (cimsPMF COA with amsPMF COA), two BBOA factors (cimsPMF BBOA1 with 
amsPMF LOOA1, and cimsPMF BBOA3 with amsPMF BBOA1), two aqSOA factors (cimsPMF 
AQ1 with amsPMF MZ43O_1, and cimsPMF AQ4 with amsPMF MOOA1), one residual-layer 
SOA factor (cimsPMF RL1 with amsPMF MOOA4), and one biogenic SOA factor (cimsPMF 
BIO3 with amsPMF MZ43O_2). However, several SOA factors that were clearly resolved by 
cimsPMF (e.g., AQ3, RL3, BIO1, and OOA) were not distinctly separated by amsPMF, whereas 
cimsPMF was relatively insensitive to less oxidized primary factors such as HOA. Integrating the 
two datasets can preserve the quantitative strengths of AMS while adding molecular 
characterization from CIMS. Incorporating CIMS data clearly improves factor separation. As 
shown in Figure 4-23, the AMS spectra of many cPMF factors show high similarity (r = 0.4-0.9) 
due to extensive fragmentation during high-temperature vaporization and electron ionization in 
AMS measurements, whereas the corresponding CIMS spectra are highly distinct (r= 0.02-0.2) 
and chemically informative. This additional chemical specificity provides stronger constraints in 
the PMF analysis and enables improved separation of factors that are difficult to distinguish using 
AMS data alone.  

Compared with the single-instrument PMF solutions, cPMF refines rather than reinvents the source 
apportionment. For the factors resolved by both approaches, their time series correlate well (Figure 
4-24), providing an important validity check. In the cimsPMF, three BBOAs, three aqSOAs, two 
residual layer SOAs, and two biogenic SOAs are retrieved, and their time series align closely with 
the corresponding cPMF factors (r = 0.75-0.99). In the amsPMF, HOA, COA, four BBOAs, three
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aqSOAs, one residual layer SOA, and one biogenic SOA are resolved with good correlations to 
the corresponding cPMF factors (r=0.73-0.98). The cross-approach consistency extends to 
fractional contributions. For example, the HOA and COA mass fractions from cPMF closely match 
the amsPMF estimates, indicating that the AMS quantification is retained.  

The added scientific value of the cPMF analysis lies in the factors that single instrument PMF 
could not separate. For example, HOA and COA were not resolved by cimsPMF, because I-CIMS 
is not sensitive towards nonoxygenated hydrocarbons. On the other hand, amsPMF tended to 
merge chemically distinct SOA factors due to extensive fragmentation. By integrating the two, 
cPMF was able to resolve a complete set of primary and secondary factors that differ in oxidation 
state, molecular composition, diurnal behavior, and meteorological dependencies. Overall, cPMF 
yields a detailed and defensible picture of winter Fresno OA, providing the most reliable source 
apportionment for this complex winter basin. 

4.4. Conclusions and Implications 
This study provides a process-resolved view of wintertime OA in an urban basin environment by 
applying combined PMF (cPMF) to merged FIGAERO-I-CIMS and SP-AMS datasets. The cPMF 
resolves 19 distinct OA factors, linking molecular markers to mass-quantitative factors and 
capturing sources and pathways that single instrument PMF not able to isolate.  

Secondary production remains substantial despite reduced daytime photochemistry in winter. Fog-
driven aqueous processing and nocturnal chemistry in the residual layer are two key secondary 
pathways, while biomass burning is the largest primary source. All aqSOA factors are enriched in 
dicarboxylic acid but reflect different precursors and oxidation levels. With biomass-burning 
prevalent at the site, aqueous reactions of BB emissions make a significant contribution to aqSOA. 
SOA production in the residual layer involves NO3 oxidation of monoterpenes, organosulfur 
chemistry, and dark aqueous reactions. RL-SOAs show repeated morning peaks that coincide with 
nitrate and nitryl chloride, indicating that overnight processing in the residual layer seeds a 
consistent surface OA source. These findings generalize to winter basins with shallow nocturnal 
inversions, weak ventilation, frequent fog and high humidity and substantial nighttime wood 
burning–conditions common across mid-latitude valley cities.  

Policy implications follow directly. Since local biomass burning is the largest primary source and 
dominates at night, limiting nighttime wood burning can significantly reduce POA and the 
precursor supply to SOA. During stagnant, foggy days, cocontrolling VOCs, NOx, and NH3 may 
further suppress aqueous reactions and NO3/N2O5driven nocturnal chemistry. The findings in this 
work also guide modeling work. Incorporating aqueous SOA formation, nocturnal chemistry in 
the residual layer, and boundary layer dynamics should improve winter OA predictions in models 
and guide more effective air quality management. 
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4.6 Figures 

 

Figure 4-1: Diagram of a FIGAERO cycle and the temperature profile 

 

 

 

Figure 4-2: (a) Time series of AMS-measured organics and oxygenated organics and total CIMS 
signal, (b) correlation between CIMS signal and AMS organics, and (c) correlation between 
CIMS signal and AMS oxygenated organics. 
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Figure 4-3: 14-factor amsPMF results. (a) time series, (b) diurnal cycles, and (c) AMS profiles 
of resolved OA factors. 
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Figure 4-4: 14-factor cimsPMF results. (a) time series, (b) diurnal cycles, and (c) CIMS profiles 
of resolved OA factors. 
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Figure 4-5: Schematics of the combined AMS and CIMS data matrix 

 

 

 

Figure 4-6: Scaled residual probability distributions and region of overlap (Foverlap) from 
individual 14-factor amsPMF solution and 14-factor cimsPMF solution. 
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Figure 4-7: (a) Q/Qexp and (b) Foverlap’ obtained from exploratory cPMF runs as a function of 
CCIMS and number of factors. 
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Figure 4-8: Identification of amsPMF-resolved and cimsPMF-resolved OA factors in cPMF 
runs. A check mark indicates that the cPMF factor time series correlates with the corresponding 
single-instrument factor with Pearson r > 0.70.  
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Figure 4-9: cPMF results. (a) Time series, (b) diurnal patterns, (c) factor contributions to total 
OA concentration, (d) AMS mass spectral profiles, and (e) CIMS mass spectral profiles of all 
OA factors.  
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Figure 4-10: Time series of (a) ambient temperature and RH, (b) dew point depression and 
aerosol liquid water content (ALWC), (c) wind speed colored by wind direction, (d) solar 
radiation and precipitation, (e) concentrations of NO, NO2, and O3, and (e) mass concentrations 
of PM2.5 and AMS-measured organic aerosol (OA). The grey shaded area represents the periods 
when RH > 85% and dew point depression < 2.5 °C. Episode A and B are the two fog-rich 
episodes when aqueous processing was enhanced. ALWC was estimated using the Extended 
Aerosol Inorganic Model (E-AIM) (http://www.aim.env.uea.ac.uk/aim/aim.php) with inputs of 
ambient temperature, RH, and the concentrations of NH4

+, NO3
- and SO4

2- measured by SP-
AMS. Because E-AIM model requires neutralized particles, charge balance was achieved by 
adding H+ or OH- as needed. E-AIM Model II was used for RH≤60%, and Model IV was used 
for RH>60%. Any possible solid formation was disabled in both model calculations. 

  



 

121 

 

 

 

Figure 4-11: Comparison of (a) PM2.5 concentration, (b) organic aerosol concentration, (c) 
sulfate concentration, (d) sulfur oxidation ratio, and (e) the fractional contribution of aqSOA to 
the total OA mass between the two foggy episodes and drier periods. Red diamonds indicate the 
mean for each category.
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Figure 4-12: cPMF results. (a) Time series of aqSOA factors (AQ1-4), (b) sulfate and stacked aqSOA factors, (c) contributions of all 
OA factors to selected AMS and CIMS ions, (d) AMS mass spectral profiles of aqSOA factors, (e) CIMS mass spectral profiles of 
aqSOA factors, (f) diurnal variations of aqSOA factors, (g) Van Krevelen diagram (H/C vs. O/C) for all OA factors, and (h) AMS 
fCO2+ vs. fCHO2+ for all OA factors. 
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Figure 4-13: Triangle plot (AMS f44 vs. f43) for cPMF-resolved OA factors. 
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Figure 4-14: Polar plots of cPMF-resolved OA factor concentrations as a function of wind speed 
and direction. 
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Figure 4-15: Diurnal patterns of RH in fog-rich episodes (e.g., Episode A and B). 
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Figure 4-16: cPMF results. (a) Time series of OA factor associated with nocturnal reactions in the residual layer (RL1-3), (b) stacked 
RL-SOA factors, (c) contributions of all OA factors to selected AMS and CIMS ions, (d) AMS mass spectral profiles of RL-SOA 
factors, (e) CIMS mass spectral profiles of RL-SOA factors, (f) diurnal variations of RL-SOA factors, and (g) diurnal cycles of nitrate, 
nitryl chloride, and mixing layer height.  
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Figure 4-17: cPMF results. (a) Time series of HOA, COA, and NOx, (b) stacked HOA and COA, (c) contributions of all OA factors to 
selected AMS and CIMS ions, (d) AMS mass spectral profiles of HOA and COA, (e) CIMS mass spectral profiles of HOA and COA, 
(f) diurnal variations of HOA and COA, and (g) AMS f55 vs. f57 for all OA factors.  
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Figure 4-18: cPMF results. (a) Time series of BBOA factors (BBOA1-5), (b) stacked BBOA factors, (c) contributions of all OA 
factors to selected AMS and CIMS ions, (d) AMS mass spectral profiles of BBOA factors, (e) CIMS mass spectral profiles of BBOA 
factors, (f) diurnal variations of BBOAs, and (g) AMS f44 vs. f60 for all OA factors.  
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Figure 4-19: cPMF results. (a) Time series of SOA factors related to oxidation of isoprene and monoterpenes (BIO1-4), (b) stacked 
biogenic SOA factors, (c) contributions of all OA factors to selected AMS and CIMS ions, (d) AMS mass spectral profiles of biogenic 
SOA factors, (e) CIMS mass spectral profiles of biogenic SOA factors, and (f) diurnal variations of biogenic SOA factors.
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Figure 4-20: (a) 24-h back trajectories arriving at Fresno between 2023-12-7 18:00 and 2024-1-
6-8:00. The back trajectories were calculated every 1 h at 100m height using HYSPLIT 
trajectory model with cluster assignments. (b) Fraction of time dominated by each cluster. (c) 
PM2.5 and (d) OA concentrations associated with different clusters. 
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Figure 4-21: Comparison of (a) ambient temperature, (b) wind speed, (c) PM2.5 concentration, 
(d) organic aerosol concentration, (e) aerosol composition (e.g., organics, nitrate, sulfate, 
chloride, and ammonium), and (f) concentrations and fractional contributions of OA factors 
between clean and polluted periods. 
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Figure 4-22. Correlations between the time series of amsPMF and cimsPMF resolved factors 
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Figure 4-23: Correlations among cPMF factor profiles: (a) AMS profiles and (b) CIMS profiles. 
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Figure 4-24. Correlations between the time series of cPMF-resolved factors and single-
instrument-PMF-resolved factors. 
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5. IMPROVING WINTERTIME CHARACTERIZATION OF COOKING-
RELATED ORGANIC AEROSOL (COA) IN FRESNO USING 
CHEMICALLY INFORMED SOURCE APPORTIONMENT OF HR-
TOF-AMS MEASUREMENTS 

5.1 Introduction 
Organic aerosol in wintertime urban environments is a complex mixture of primary organic aerosol 
(POA), directly emitted from sources such as vehicle exhaust, residential and cooking, and 
biomass burning, and secondary organic aerosol (SOA), formed through atmospheric oxidation of 
gaseous precursors (Allan et al., 2010; Crippa et al., 2013, 2014; Duan et al., 2004; He et al., 2010; 
Lanz et al., 2007; Moschos et al., 2016; Ng et al., 2011; Pothier et al., 2023; Shukla et al., 2021; Y. 
Sun et al., 2016; Zhang et al., 2005, 2011; Zhu et al., 2018). Among POA sources, cooking organic 
aerosol (COA) has emerged as an increasingly important contributor to urban PM2.5, particularly 
in densely populated regions with extensive residential and commercial cooking activities. Robust 
quantification of COA is therefore essential for accurate source attribution and for developing 
effective, source-targeted air quality management strategies. 

Previous studies conducted in urban environments worldwide have demonstrated that aerosol mass 
spectrometry (AMS), combined with positive matrix factorization (PMF), can successfully resolve 
COA based on its characteristic chemical signature and diurnal behavior (Klein et al., 2019; Liu et 
al., 2024; Reyes-Villegas et al., 2018; Weitkamp et al., 2008). High-resolution AMS measurements 
show that COA is enriched in both hydrocarbon fragments and oxygenated ions associated with 
fatty acids and thermally degraded cooking oils, producing distinctive tracer signals that can 
differentiate COA from other combustion-related POA sources (Buonanno et al., 2011; Ge, Setyan, 
et al., 2012; Li et al., 2020; Robinson et al., 2006). In several studies, COA also exhibits 
pronounced diurnal peaks during meal preparation times, providing a temporal constraint that 
further aids PMF-based source separation (Mohr et al., 2012). Collectively, these studies suggest 
that COA can contribute on the order of several to tens of percent of urban submicron OA. 

Despite these advances, resolving COA remains challenging in environments due to intense mixing 
of primary sources and less temporal variability. This challenge is especially pronounced in the 
SJV during winter. In Fresno, overlapping emissions from vehicle traffic, residential wood burning, 
agricultural burning, and both residential and commercial cooking occur under conditions of strong 
nocturnal inversions and suppressed boundary layer heights. These conditions lead to overlapping 
nighttime concentration increase and substantial covariance among primary sources, reducing the 
effectiveness of traditional PMF approaches that rely on differences in temporal patterns and 
chemical profiles to distinguish factors. 

As a result, AMS-based source apportionment studies conducted in Fresno have produced 
inconsistent results with respect to COA. While some winter campaigns successfully resolved 
substantial COA contributions (Ge, Zhang, et al., 2012; Kim et al., 2019; Young et al., 2016b), 
other studies conducted at the same location and season were unable to unambiguously identify a 
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cooking-related factor (Betha et al., 2018; Chen et al., 2018; P. Sun et al., 2022). This inconsistency 
highlights an important knowledge gap for air quality management in the SJV, where cooking 
emissions may represent a significant but poorly constrained contributor to wintertime PM2.5. 

Several factors contribute to this difficulty. First, COA shares substantial spectral overlap with 
other hydrocarbon-rich POA sources, particularly hydrocarbon-like OA from traffic and certain 
biomass burning components, reducing spectral contrast in the AMS dataset. Second, atmospheric 
aging during prolonged stagnation further homogenizes POA chemical signatures, diminishing the 
distinction between fresh and aged emissions. Third, wintertime nighttime emissions from cooking, 
traffic, and residential wood burning often peak simultaneously while boundary layer heights 
collapse, producing nearly identical diurnal profiles that limit PMF’s ability to separate sources 
based on temporal variability alone. Finally, widespread residential cooking emissions, combined 
with pollutant accumulation under stagnant conditions, yield spatially diffuse and temporally 
smoothed COA signals that are inherently difficult to isolate. 

In this study, we address these challenges by applying a chemically informed, matrix-partitioned 
PMF framework to high-resolution time-of-flight aerosol mass spectrometer (HR-ToF-AMS) 
measurements collected during a winter field campaign in Fresno, California. Rather than applying 
PMF to the full organic mass spectral matrix alone, the AMS organic dataset is separated into two 
chemically distinct subsets: a hydrocarbon-only matrix composed of CxHy

+ ions, and a 
complementary matrix containing oxygen-, nitrogen-, and sulfur-containing organic ions. PMF is 
performed independently on each subset, enhancing contrast between primary hydrocarbon-rich 
emissions and more oxidized or aged components and improving the separation of overlapping 
POA sources. 

The insights gained from this partitioned analysis are then integrated with conventional full-matrix 
PMF results and evaluated using complementary molecular-level measurements from a Filter Inlet 
for Gases and AEROsols coupled to iodide chemical ionization mass spectrometry (FIGAERO–I-
CIMS). This integrated approach provides chemically consistent cross-validation and supports 
factor interpretation, particularly for cooking-related aerosols. 

Using this framework, we successfully resolved two chemically and temporally distinct cooking-
related OA factors during winter in Fresno. These results demonstrate that cooking emissions 
remain a significant contributor to wintertime organic aerosol in the SJV and that their 
contributions can be robustly identified when chemically targeted source apportionment strategies 
are employed. Overall, this work improves the characterization of cooking-related PM2.5 in a 
region with persistent air quality challenges and provides a methodological pathway that can 
support more accurate source attribution and more effective air quality management strategies for 
the SJV and similar wintertime urban environments. 
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5.2 Methods 
5.2.1 Monitoring site and instrumentation 

Site description. The winter field observations were conducted from 8 December 2023 to 6 
January 2024 at the California Air Resources Board’s Fresno-Garland station (36° 47’ 12’’ N, 119° 
46’ 25’’ W; 97 m a.s.l.) in Fresno, CA. The site is surrounded by residential neighborhoods and 
commercial areas and is close to several major highways, representative of urban basins that are 
influenced by shallow nocturnal inversions, weak ventilation, frequent radiation fog, and strong 
residential wood burning. Particulate matter was sampled continuously through a PM2.5 cyclone 
and Nafion dryer mounted approximately 1.5 m above the roofline. The inlet flow was maintained 
at 4.5 L/min, split as 0.1 L/min to the SP-AMS, 4.3 L/min to the FIGAERO 
perfluorotetrafluoroethylene (PTFE) filter, and 0.1 L/min to the ACSM. Routine meteorological 
and air-quality data collected at this station include temperature, RH, wind speed and direction, 
solar radiation, O3, NO, NO2, CO, NH3, SO2, black carbon, PM2.5, and PM10, which provide the 
environmental context alongside the mass spectrometric measurements. 

SP-AMS. A soot particle aerosol mass spectrometer (SP-AMS) was used to characterize the 
composition of PM1 species at 2min time resolution (DeCarlo et al., 2006; Onasch et al., 2012). 
The instrument was operated under “V” ion optical mode. AMS data were processed and analyzed 
using the standard data analysis toolkits SQUIRREL and PIKA within Igor Pro. Organic aerosol 
elemental ratios, including the molar ratios of oxygen to carbon (O/C) and hydrogen to carbon 
(H/C), were calculated using the improved ambient method (Canagaratna et al., 2015). 

5.2.2 PMF approach 

Source apportionment was performed on the SP-AMS data both separately (CH- and Oxi-PMF) 
and Full organic matrix (Full-PMF) using positive matrix factorization (PMF) (Paatero and Tapper, 
1994). The schematic of the methodology followed for the improved quantification of cooking OA 
is shown in Figure 5-1. The HR-AMS organic matrix is separated into hydrocarbon-only (CxHy⁺) 
and oxidized (CxHyOzNpSq⁺) subsets to reduce source overlap and enhance factor separation. The 
CH- and Oxi-PMF cooking factors were used to guide the Full-PMF especially for quantification 
of cooking emissions . PMF results are interpreted together with FIGAERO–I-CIMS fatty-acid 
tracers as well as cPMF factors (described in section 4) to support identification of cooking-related 
OA . 

5.2.2.1 PMF principles 

PMF is a bilinear receptor-only model broadly used in atmospheric studies (Ng et al., 2010; 
Ulbrich et al., 2009; Zhang et al., 2011), which represents the input data matrix as the product of 
static factor profiles and their time variations, such that 

X = G × F + E (Eq 2) 
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where X (dimension of m*n) is the input data matrix containing m measurements of n variables, 
F (dimension of p*n) is a matrix of factor profiles, G (dimension of m*p) is a matrix of factor time 
series, and E (dimension of m*n) is the residual matrix. Here, p is the number of factors in the 
PMF solution selected by the user.  

PMF solves Eq 2 using a least-squares algorithm that iteratively fits the values of G and F to the 
input data, minimizing parameter Q, which is the sum of squared uncertainty-weighted residuals 
(Eq 3). 

Q =  ∑ ∑ (eij
sij

n
j=1 )2m

i=1  (Eq 3) 

where eij is an element in the residual matrix E, and sij is the corresponding element in the 
uncertainty matrix. The theoretical expectation of Q, denoted Qexp, should equal the degrees of 
freedom of the fitted data: 

Qexp = m × n − p × (m + n) (Eq 4) 

If the model is appropriate and errors are well characterized, the optimal solution would yield a 
Q/Qexp near unity. In practice, atmospheric datasets rarely meet all idealized assumptions, so 
Q/Qexp is typically higher than 1. 

For the PMF analysis performed on SP-AMS data, the input high-resolution organic mass spectral 
and uncertainty matrices were prepared following Ulbrich (2009). Ions with signal-to-noise (S/N) 
ratio < 0.2 were excluded, and ions with S/N between 0.2 and 2 were downweighed by increasing 
their uncertainties by a factor of 2. The PMF solution was evaluated using a PMF Evaluation 
Toolkit (PET v3.08) following the procedures described in Zhang (2011).  

5.2.2.2. PMF on partitioned matrices (CH- and Oxi-PMF) 

CH-PMF (PMF on CxHy⁺ ions). To reduce the biomass burning interference on cooking factor, 
we performed PMF on a matrix limited to only CxHy⁺ ions. BBOA is more strongly influenced by 
oxidized fragments, while COA is dominated by CH signals. The rotational ambiguity of the 
solution was explored by varying fPeak values from –0.2 to +0.2. A 12-factor solution was 
determined to be optimal based on the procedures including physical interpretability of factor 
profiles, temporal trends, residuals, and diurnal patterns. The CH-PMF solution resolved 2 COA 
factors, 4 BB factors, 2 HOA factors, 3 MZ41-dominated factors (2 MZ41OA and 1 MOOA1 
(Labels are based on correlation with Full-PMF)), and LOOA. Some of the CH-PMF factors were 
later merged to improve the correlation among the three PMF factor time series. Figure 5-2 
summarizes the MS profiles, time series, and diurnal variations of the optimal CH-PMF solution. 
The CH-PMF helped to resolve two distinct cooking aerosol factors. 

Oxi-PMF (PMF on CxHyO⁺, CxHyO2⁺, CxHyNp⁺, CxHySqOz⁺ ions). We also performed the PMF 
on rest of the organic matrix comprising oxygen-, nitrogen-, and sulfur-containing ions (excluding 
hydrocarbon ions). This Oxi-PMF helped to better isolate secondary and aged OA components and 
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further combined with CH-PMF to support the selection of final solution in conventional OA PMF 
(PMF on full organic matrix). A 13-Factor solution was selected based on the procedures including 
physical interpretability of factor profiles, temporal trends, residuals, and diurnal patterns. The 
Oxi-PMF solution resolved 1 COA factor, 3 BBOA factors, 2 MZ43OA factors, 3 LOOA and 4 
MOOA factors. Some of the Oxi-PMF factors were later merged to improve the correlation among 
the three PMF factor time series. Figure 5-3 summarizes the MS profiles, time series, and diurnal 
variations of the optimal Oxi-PMF solution.  

5.2.2.3 PMF on full organic matrix (Full-PMF) 

To guide the final Full-PMF solution, we followed an extensive framework including: 
a) The conventional PMF solution selection procedures described by Zhang et al., 2005,  
b) correlation of factor profiles and timeseries with CH- and Oxi-PMF (shown in Figure 5-4 and 
5-5), c) Correlation of factor timeseries with FIGAERO-I-CIMS tracers (shown in Figure 5-6 and 
5-7), and d) Correlation analysis with cPMF factors described in section 4 (shown in Figure 5-8 
and 5-9). The PMF on SP-AMS organic aerosol (OA) matrix resolved a total of 14 distinct OA 
factors, comprising six primary and eight secondary factors. The primary factors include one 
traffic-related factor (HOA), two cooking-related factors (COA1 and COA2), and three biomass 
burning factors (BBOA1, BBOA2, and BBOA3). The secondary sources consist of three more 
oxidized organic aerosol factors (MOOA1, MOOA2, and MOOA3) and three less oxidized organic 
aerosol factors (LOOA1, LOOA2, and LOOA3), and two MZ43-dominated organic aerosol factors 
(MZ43OA1 and MZ43OA2). These factors exhibit distinct mass spectral signatures, time series, 
and diurnal behavior, ion series analysis and polar plot-based wind-directional pattern forming a 
chemically and temporally coherent 14-factor solution (Figure 5-10, 5-11 and 5-12). 

5.3 Results and Discussion 
5.3.1 Improved COA quantification using CH-PMF and validation from 

molecular marker measurements 

Application of CH-PMF, which isolates hydrocarbon-dominated ions (CxHy⁺), enabled clearer 
separation of cooking-related organic aerosol from HOA by enhancing contrast between 
chemically similar primary sources (Figure 5-6), consistent with the approach described by Huang 
et al. (2021). Within the CH-PMF solution, two distinct cooking factors (COA1 and COA2) were 
resolved based on differences in their hydrocarbon mass spectral signatures, particularly the m/z 
55 to m/z 57 ratio were greater than 1, while HOA it was less than 1, similar ratios were reported 
in earlier studies, to distinguish between HOA and COA (Figure 5-6a). 

External validation using collocated CIMS measurements shows that primary and oxidized 
cooking tracers from the published literature (Huang et al., 2021) exhibit strong temporal 
agreement with the two CH-PMF-derived COA factors (Figure 5-6b). Specifically, CIMS fatty 
acid tracers correlate well with COA1 and COA2 time series, confirming that the CH-PMF 
framework, supported by molecular-level CIMS information, substantially improves the 
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quantitative separation of cooking organic aerosols under wintertime conditions. The COA 
timeseries from the separate PMF (CH- and Oxi-PMF) showed excellent agreement with the total 
COA (COA1+COA2) from Full-PMF (r=0.99 and slope=1) (Figure 5-13c), indicating the 
excellent support from CH- and Oxi-PMF to resolve two distinct COA in Full-PMF, overcoming 
the limitations to resolve cooking. 

5.3.2 Conventional Full Organic Matrix PMF (PMFfull) solution 

Using this integrated approach, Full-PMF resolved 14 distinct organic aerosol factors, substantially 
more than typically obtained from conventional AMS-PMF analyses (Figure 5-14), including two 
cooking organic aerosol (COA) factors (Figure 5.15). The final PMF solutionis constrained by 
insights from CH-PMF (Figure 5-5), Oxi-PMF (Figure 5-16), CIMS fatty acid tracers (Figure 5-
7), and CPMF factors (Figure 5-17). Additional diagnostic analysis, including Van Krevelen 
analysis (Figure 5-10), carbon-number distributions (Figure 5.11), and polar plots (Figure 5-12), 
further demonstrate clear chemical, oxidative, and spatial distinctions among the 14 resolved 
factors by differentiating oxidation pathways, molecular composition, and source influence (Zhang 
et al., 2005; Mohr et al., 2012) . The characteristics and source apportionment of OA factors will 
be discussed in brief as they (similar to the CPMF factors) have been already discussed in detail 
in the previous section 4. 

5.3.2.1 Primary organic aerosol factors.  

Full-PMF resolved six primary OA factors during wintertime Fresno, including traffic-related 
HOA, two cooking-related factors (COA1 and COA2), and three biomass-burning-related factors 
(BBOA1–3) (Figure 5-14).  

HOA. The HOA factor is characterized by hydrocarbon-dominated mass spectra, elevated f57 
relative to f55 (Figure 5-18), and a pronounced morning rush-hour peak, consistent with fresh 
vehicular emissions (Presto et al., 2014; Price et al., 2017; Zhang et al., 2005). HOA shows strong 
agreement with the CPMF HOA factor, with a high time-series correlation (r=0.90) (Figure 5-17), 
and its detailed chemical composition, diurnal behavior, and source characteristics are discussed 
extensively in Section 4.3.4.1. 

Cooking OA. Cooking emissions are resolved into two Full-PMF factors with similar spectral 
signatures but differing degrees of oxidation and timing. COA1 exhibits features typical of fresher 
cooking emissions, while COA2 shows modestly enhanced oxidation and a delayed nighttime 
maximum (Huang et al., 2021; Mohr et al., 2012). When combined, total Full-PMF COA (COA1 
+COA2) shows excellent agreement with the summed CPMF cooking-related contribution (r=0.96) 
(Figure 5-9). Because cooking aerosol is the primary focus, the detailed chemical and temporal 
characteristics of COA1 and COA2 are presented separately in the next section, while their CPMF-
based interpretation is described in detail in Section 4.3.4.2. 

BBOA. Biomass burning emissions are resolved into three distinct Full-PMF factors that show a 
clear atmospheric processing (Figure 5-10) sequence is consistent with prior studies that show 



prevalent residual wood burning in winter Fresno (Chen et al., 2018; Chow et al., 2008; Ge et al., 
2012b; Sun et al., 2022; Young et al., 2016). The multiple BBOA factors likely reflect the diversity 
of burning practices. BBOA1 represents fresher biomass-burning aerosol with strong 
levoglucosan-related signals and a pronounced nighttime maximum and correlates closely with 
BBOA3_CPMF (r=0.90) (Figure 5-17). BBOA2 shows reduced levoglucosan influence, a broader 
diurnal profile, and increased hydrocarbon character, corresponding extremely well with 
BBOA4_CPMF (r=0.99) (Figure 5-17. BBOA3 is the most processed biomass-burning factor, with 
minimal levoglucosan signal, enhanced oxidized phenolic fragments, and broader regional 
influence; it maps robustly to BBOA5_CPMF (r=0.97) (Figure 5-17). The detailed chemical 
evolution, oxidation pathways, and atmospheric processing of biomass-burning OA are discussed 
comprehensively in Section 4.3.4.3. 

5.3.2.2 Secondary organic aerosol factors. 

SPAMS-PMF further resolves eight secondary OA factors reflecting a range of oxidation states 
and formation pathways, including two m/z 43-dominated OA factors (MZ43OA1–2), three less-
oxidized OA factors (LOOA1–3), and three more-oxidized OA factors (MOOA1–3) (Figure 5-14). 

M/Z 43-dominated OA. MZ43OA1 is characterized by a highly oxidized but spectrally unique 
profile and correlates strongly with AQ_CPMF (r=0.90), while MZ43OA2 shows closer 
association with biogenic-influenced CPMF factors (BIO_CPMF; r=0.83) (Figure 5-8) (Kiendler-
Scharr et al., 2009). Although dominated by m/z 43, these factors represent chemically distinct 
SOA, whose formation mechanisms are discussed in detail in Section 4.3. 

LOOA. The three LOOA factors show intermediate oxidation states and semi-volatile behavior. 
LOOA1 correlates with biomass-burning related CPMF factors (BBOA1_CPMF; r=0.70), 
indicating partially oxidized combustion influence. LOOA2 aligns with OOA_CPMF (r=0.70) 
and represents nitrogen-rich oxidized OA formed through sustained secondary processes (Figure 
5-17). The atmospheric processing of LOOA1 and LOOA2 is described in detail in Section 4.3. 
LOOA3 exhibits weaker overall correspondence with CPMF factors but still shows partial 
agreement with biomass-burning–related CPMF factor, supporting its interpretation as a more 
aged, regionally influenced oxidized OA derived from combustion emissions (Figure 5-10). Its 
diurnal cycle peaks in the afternoon, consistent with delayed atmospheric processing relative to 
LOOA1, and its broad wind-directional pattern suggests transport from multiple source regions. 
In contrast to LOOA2, nitrogen in LOOA3 is dominated by (m/z 69, C₃H₃NO⁺), with negligible 
low m/z CHN or CHNO fragments, indicating incorporation of oxidized heterocyclic nitrogen 
rather than fresh nitrogenous emissions (Finewax et al., 2018; Mohr et al., 2013). It exhibits 
broader wind-directional influence and distinct nitrogen speciation, suggesting a more aged, 
regionally influenced combustion-derived OA (Figure 5-12).  
MOOA. The three MOOA factors represent more oxidized SOA associated with aqueous-phase 
processing and residual-layer influenced chemistry. MOOA1 correlates strongly 
with 
AQ4_CPMF (r=0.84) (Figure 5-17) and reflects regionally accumulated aqueous SOA. MOOA2 
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shows moderate correspondence with AQ3_CPMF (r=0.64) (Figure 5-8), indicating SOA from 
aqueous OH oxidation of glycolaldehyde (Perri et al., 2009). MOOA3 aligns best with RL2_CPMF 
(r=0.72) (Figure 5-8). Similar observations of SOA formation have been reported in the polluted 
residual layer over Sacramento, CA, where anthropogenic nitrate radicals reacted with BVOCs 
efficiently in the residual layer, comparable to that of daytime oxidation (Zaveri et al., 2020). The 
chemical composition, formation pathways, and policy-relevant implications of these secondary 
OA components are discussed extensively in Section 4.3. 

5.3.3 Characteristics of two distinct cooking emissions 

The two cooking-related organic aerosol (COA) factors resolved in this analysis (COA1 and COA2) 
display distinct chemical and temporal characteristics that show different types of cooking 
emissions in the atmosphere. Their mass spectral fingerprints exhibit both overlap and clear 
divergence; the m/z 55 to m/z 57 ratio (Figure 5-15), a widely used ratio to distinguish between 
COA and other primary sources such as HOA for distinguishing primary and processed organics 
(Huang et al., 2021), differ notably between the COA1(~2.5) and COA2(~4.0) (Cash et al., 2021; 
He et al., 2010; Mohr et al., 2012; Pikmann et al., 2024). 

Scatter plots of f55 vs f57 and f67 vs f69 show that the two COA factors are distinct from other 
primary sources (Figure 5-18) (Pikmann et al., 2024). In the f55 vs f57 scatter plot, COA1 is clearly 
separated, while COA2 lies closer to other primary factors. In f67 vs f69 space, both COA factors 
cluster away from HOA and oxygenated factors, indicating different hydrocarbon fragmentation 
patterns (Klein et al., 2019; Pikmann et al., 2024; Pothier et al., 2023). 

Full-PMF COA and CPMF cooking related factors: Comparison of Full-PMF resolved COA 
factors with cooking-related factors from the Combined PMF (CPMF) shows strong overall 
consistency (Figure 5-14). In addition, Full-PMF total COA exhibits excellent agreement with the 
total COA contribution derived from CPMF (COA_CPMF + BBOA2_CPMF), with r=0.95 (Figure 
5-9e). Together, these comparisons indicate that both Full-PMF resolved COA factors (COA1 and
COA2) are associated with cooking emissions. This is further supported by the strong correlation
between COA1_AMS and COA_CPMF (r=0.94) (Figure 5-9c), as well as close agreement in their
time series and diurnal profiles, which show similar variation and similar peak timing (Figure 5-
8).

In contrast, COA2_AMS shows weaker correlation with BBOA2_CPMF (Figure 5-9d). Time 
series comparisons indicate partial co-variability, but it is less consistent than for COA1. This 
behavior likely reflects the mixed nature of BBOA2_CPMF, which is primarily influenced by 
biomass burning while also containing contributions from fatty acid signals (Figure 4-16), whereas 
the Full-PMF derived COA factors are more directly associated with cooking emissions. Despite 
this, the combined COA contribution from Full-PMF closely tracks the summed CPMF cooking-
related signal, and diurnal patterns for COA2 still show general consistency with CPMF cooking-
related factors, supporting its inclusion as cooking-related emissions in Full-PMF (Figure 5-9).  
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Full-PMF COA and FIGAERO-I-CIMS tracers: The total cooking organic aerosol (COA) 
derived from Full-PMF (COA1 + COA2) shows good agreement with the external CIMS total 
cooking tracer signal, defined as the sum of CIMS cooking tracers (C9H16O4, C16H32O2, C18H32O2, 
C18H34O2, C18H36O2), with a correlation coefficient of r=0.81 (Figure 5-7b). This strong 
correspondence provides independent validation of the SPAMS-derived COA contribution (Huang 
et al., 2021; Robinson et al., 2006). We investigated the individual fatty acid tracers to further 
reveal distinct relationships for the two COA factors. 

In this study, COA1 exhibits strong temporal agreement with high-molecular-weight fatty acids, 
particularly oleic acid, supporting its association with primary cooking emissions (Figure 5-7a). In 
contrast, COA2 shows only weak correlations with azelaic acid, which may partly reflect the 
higher measurement uncertainties reported for secondary cooking tracers (Huang et al., 2021). 
Although COA2 displays a higher O:C ratio (Figure 5-10) and a distinct diurnal pattern compared 
to COA1, it exhibits a delayed peak timing relative to COA1 (Figure 5-19a), consistent with the 
lagged behavior reported for more processed cooking-related aerosol in Huang et al. (2021). The 
high m/z 44 signals may be due to rotational ambiguity and the diurnal variation of COA2 does 
not closely track that of azelaic acid, suggesting that COA2 may reflect a different cooking-related 
emission pattern rather than a purely secondary cooking aerosol. Polar plot analysis further 
supports this distinction, with COA2 showing an additional contribution from northwesterly wind 
directions in addition to the dominant northeasterly influence shared with COA1 (Figure 5-19b) 
(Pikmann et al., 2024). 

5.4. Conclusions and Implications 
This study demonstrates that resolving wintertime cooking organic aerosol in a highly polluted 
urban basin requires an integrated, chemically informed matrix-partitioned PMF based source 
apportionment framework. By utilizing the matrix-partitioned PMF of HR-AMS data with help 
from Combined PMF (CPMF) and independent validation using FIGAERO–I-CIMS molecular 
tracers, we substantially improved separation and interpretation of overlapping primary and 
secondary OA sources. Partitioning the AMS organic matrix into hydrocarbon-only subsets 
enhanced contrast among combustion-related emissions and reducing the BBOA interference in 
cooking emission, while CPMF provided process-level information and CIMS tracers anchored 
AMS-resolved factors to specific molecular markers. 

Within this integrated framework, cooking organic aerosol was robustly resolved into two distinct 
but related factors that together represent the total cooking contribution in wintertime Fresno. The 
two COA factors exhibit systematic differences in hydrocarbon fragmentation patterns, m/z 55 to 
m/z 57 ratios, oxidation state, and diurnal timing, yet remain clearly separated from traffic and 
other primary sources in diagnostic space. The summed COA timeseries (COA1 + COA2) strongly 
correlated (r = 0.81) with summed CIMS cooking fatty-acid tracers (including oleic acid, azelaic 
acid, stearic acid and palmitic acid) supporting both to be associated with cooking emissions. 
Strong agreement between total SPAMS-derived COA and CPMF cooking-related contributions 
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(r=0.95), together with independent consistency with CIMS fatty-acid tracers, confirms the 
cooking origin of both factors despite differences in chemical processing and spatial influence.  

Overall, this work shows that integrating chemically targeted PMF, CPMF, and molecular-level 
CIMS constraints enables robust identification of cooking-related aerosol under conditions of 
severe source mixing and limited temporal variability. These results highlight cooking emissions 
as a chemically heterogeneous but significant contributor to wintertime PM₂.₅ in the San Joaquin 
Valley and provide a methodological pathway for improving OA source attribution in other 
polluted urban locations, with direct relevance for air quality modeling and management. 
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5.6 Figures 

 

Figure 5-1: Overview of the chemically informed, matrix-partitioned PMF approach used to 
improve cooking organic aerosol (COA) quantification. The HR-AMS organic matrix is separated 
into hydrocarbon-only (CxHy

⁺) and oxidized (CxHyOzNpSq
⁺) subsets to reduce source overlap and 

enhance factor separation. PMF results are interpreted together with FIGAERO–I-CIMS fatty-acid 
tracers to support identification of cooking-related OA. 
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Figure 5-2: Summary data for the CH-PMF solution: time series (left), diurnal variations (middle), 
and factor profiles (right). 
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Figure 5-3: Summary data for the Oxi-PMF solution: time series (left), diurnal variations (middle), 
and factor profiles (right). 

 

 

Figure 5-4: Correlation of the Factor profile (mass spectra) of Full-PMF 14-factor solution with 
factor profile resolved from the three PMFs (CH-PMF, Oxi-PMF and Full-PMF) 
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Figure 5-5: Correlation of the timeseries of Full-PMF14-factor solution with factor timeseries 
resolved from the three PMFs (CH-PMF, Oxi-PMF and Full-PMF) 
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Figure 5-6: (a) HR-ToF-AMS CH-PMF mass spectral profiles for HOA, COA1, and COA2 
highlighting hydrocarbon-dominated fragment patterns. (b) Time series of COA1 and COA2 
compared with corresponding FIGAERO–I-CIMS fatty-acid tracers (C18H34O2 (oleic acid) & 
C9H16O4 (azelaic acid), distinct cooking emissions resolved from CH-PMF. 
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Figure 5-7: Comparison of Full-PMF cooking OA factors (COA1 and COA2) with FIGAERO–I-
CIMS cooking tracers (C18H34O2 (oleic acid) & C9H16O4 (azelaic acid) (a) Timeseries comparison 
and (b) Scatter plot between total COA from Full-PMF and summed CIMS fatty-acid tracers 
showing strong agreement. 
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Figure 5-8: Time series and diurnal profiles of the Full-PMF resolved organic aerosol factors, 
illustrating one-on-one mapping with CPMF factors showing similar temporal evolution and 
diurnal behavior across primary and secondary OA factors. 
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Figure 5-9: Comparison of Full-PMF and CPMF-resolved cooking OA (a) Time series of COA1 
and COA2 from Full-PMF shows excellent agreement with CPMF factors, (b) Diurnal profiles of 
COA1 and COA2 also has excellent agreement with corresponding CPMF factors, (c) COA1 
timeseries from Full-PMF correlation with COA_CPMF, (d) COA2 from Full-PMF time-series 
correlation with BBOA2_CPMF, (e) Total COA correlation between Full-PMF and CPMF. 
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Figure 5-10: Van Krevelen diagram (H/C vs. O/C) for the Full-PMF OA factors, illustrating their 
chemical diversity and relative oxidation states, with primary factors clustering at lower O/C and 
secondary factors extending toward more oxidized functionalization 
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Figure 5-11: Carbon number (Δ) distributions and chemical family contributions for the Full-PMF 
OA factors, illustrating distinct molecular composition patterns across organic aerosol sources. 
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Figure 5-12: Polar plots of Full-PMF OA factor concentrations as a function of wind speed and 
direction. Local factors (LOOA1, BBOA1, BBOA3, HOA, COA1, COA2) exhibit broadly similar 
polar patterns due to shared source regions and meteorological influences, but are distinguished 
by their mass spectral features, temporal behavior, and correlations with external tracers. 
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Figure 5-13: CH-PMF and Oxi-PMF helping to improve the quantification of cooking emissions 
in conventional organic PMF (Full-PMF; PMF on full organic matrix). (a) Time series comparison 
of COA1 and COA2 resolved by Full-PMF, CH-PMF, and Oxi-PMF, (b) Mean COA contributions 
from Full-PMF and the combined CH-PMF + Oxi-PMF solutions and (c) Comparison of total 
COA from Full-PMF and combined CH-PMF + Oxi-PMF, showing strong agreement. 
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Figure 5-14: Mass spectra, time series, and diurnal patterns of the Full-PMF organic aerosol 
factors, highlighting distinct chemical composition and temporal behavior across primary and 
secondary sources. 

 

 

 

Figure 5-15: Mass spectra of the two cooking organic aerosol factors (COA1 and COA2) from 
Full-PMF, showing distinct m/z dominating along with variation in elemental ratios. 
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Figure 5-16: Scatter plots showing excellent agreements between the three PMFs by correlating 
Full-PMF factor timeseries with the CH+Oxi/CH/Oxi PMF factor timeseries 
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Figure 5-17: Correlations heatmap showing correlation between the time series of SP-AMS 14-
factor Full-PMF solution and cPMF factors (along with some merged factor combinations). 

 

 

Figure 5-18: Scatter plots of f55 vs f57 (right) and f67 vs f69 (left) showing clear separation of 
the two cooking OA factors (COA1 and COA2 from Full-PMF) from traffic and biomass-burning 
OA based on characteristic hydrocarbon fragment ratios. 
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Figure 5-19: (a) Diurnal variation of Full-PMF resolved cooking OA factors (COA1 and COA2) 
compared with FIGAERO–I-CIMS fatty-acid tracers (oleic and azelaic acids), and (b) Polar plots 
illustrating source-directional influences. 
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6. SUMMARY OF TERMS AND ABBREVIATIONS 

ACSM – Aerosol Chemical Speciation Monitor 
AMS – Aerosol Mass Spectrometer 
AN – ammonium nitrate 
aqSOA – secondary organic aerosol formed through aqueous-phase reactions 
BBOA – Biomass-burning derived organic aerosol 
BC – black carbon 
BLH – Boundary layer height 
BSOA – biogenic secondary organic aerosol 
CARB - California Air Resources Board 
CIMS – Chemical Ionization Mass Spectrometer 
COA – cooking-associated organic aerosol 
CSN – Chemical Speciation Network 
CV-ACSM – Aerosol Chemical Speciation Monitor equipped with a capture vaporizer 
EC – elemental carbon 
EPA – Environmental Protection Agency 
FIGAERO – Filter Inlet for Gases and Aerosols 
HOA – Hydrocarbon-like Organic Aerosol 
HR-AMS – High-resolution Aerosol Mass Spectrometer 
LOOA – low-oxygenated organic aerosol  
LToF-CIMS – Long Time-of-Flight Chemical Ionization Mass Spectrometer 
LV-OOA – low volatility oxygenated organic aerosol 
ME-2 – Multilinear Engine  
MOOA – more-oxygenated organic aerosol  
NAAQS – National Ambient Air Quality Standards 
NH4

+ / N(-III) - ammonium 
NO3

-
(p) – particulate nitrate 

·NO3 – nitrate radical 
NOx – nitrogen oxides  
NRL – nocturnal residual layer 
NR-PM1 – non-refractory particulate matter with aerodynamic diameter less than 1 µm. 
NR-PM2.5 – non-refractory particulate matter with aerodynamic diameter less than 2.5 µm. 
O3 – ozone 
OA – organic aerosol 
OC – organic carbon 
OM – organic matter 
·OH – hydroxyl radical 
OOA – oxygenated organic aerosol 
PM – airborne particulate matter 
PM1 – airborne particle mass with aerodynamic diameter less than 1 µm. 
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PM2.5 – fine particles with aerodynamic diameter less than 2.5 µm. 
PM10 – particulate matter with aerodynamic diameter less than 10 µm. 
PM2.5-10 – coarse-mode particles with aerodynamic diameter between 2.5 µm and 10 µm, 
calculated as BAM-measured PM10 - BAM-measured PM2.5.  
PMF – Positive Matrix Factorization 
POA – primary organic aerosol 
PON – particulate organic nitrogen 
Q-ACSM – ACSM equipped with a quadrupole mass spectrometer  
RH – relative humidity 
RWB – residential wood burning 
RW-PMF – rolling-window positive matrix factorization 
RW-ME-2 – rolling-window multilinear engine 
SJV - San Joaquin Valley Air Basin 
SOA – secondary organic aerosol 
SO4

2- / S(VI) – sulfate 
SP-AMS – Soot Particle Aerosol Mass Spectrometer 
SV-OOA – semi-volatility oxygenated organic aerosol 
ToF-ACSM – ACSM equipped with a time-of-flight mass spectrometer  
UCD - University of California at Davis 
VOCs - volatile organic compounds 
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