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Abstract
Long-term, high-frequency atmospheric CO2measurements atmultiple sites in Salt LakeCity (SLC),
Utah, reveal that annual andmonthly CO2 variability aligns with a priori estimates of emissions from
anthropogenic and biological sources. In this study, we investigate whether short-termfluctuations in
anthropogenic emissions, as captured in theVulcan3 dataset for theUnited States, can be detected in
atmospheric CO2 observations. Specifically, we focus onThanksgiving holidays, when traffic and
energy usage patterns differ from the rest ofNovember. OnroadCO2 emissions exhibit a double peak
duringweekdaymorning and evening rush hours but remain relatively low onweekends and
Thanksgiving. Interestingly, CO2mole fractions during Thanksgivingwere higher than the rest of
November at all SLCmonitoring sites, particularly from2008 to 2013. This increase is partially
attributed to elevated energy-related emissions— especially residential sources— andmeteorological
factors such asweakwind speeds, cold temperature, and a low planetary boundary layer height
(PBLH).While CO2 emissions andmole fraction patterns align over time, notable spatial differences
exist. For instance, the near-highway site inMurray shows the highest CO2mole fractions despite low
local emissions, suggesting pollution transport via highways andwind advection. RandomForest
model-based SHapley Additive exPlanations (SHAP) analysis reveals that onroad emissions dominate
CO2 contributions onweekdays andweekends, while energy-related emissions play a larger role
during Thanksgiving, alongsidemeteorological drivers such aswind speed and PBLH.Across six
urban cities, CO2 emissions display a consistent pattern: residential and commercial emissions peak
during Thanksgivingwith substantial year-to-year variability, while onroad emissions peak during
weekdays, withminimal variability. Thesefindings highlight that urbanCO2 variability is driven by
the combined influence of emissions andmeteorology, underscoring the need for integrated
mitigation strategies. Additionally,multi-sitemeasurements are essential for accurate source
attribution and effective policy interventions.

1. Introduction

Urban areas significantly contribute to anthropogenic CO2 emissions, resulting in elevatedCO2 levels and
temperature compared to global averages (International Energy Agency 2008, Gurney et al 2015,Umezawa et al
2020, Yin et al 2023). Consequently, understanding andmonitoring urbanCO2 emissions, as well as their
connection to human behavior, are essential for gaining insights into global CO2 cycles (Rosenzweig et al 2010,
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Wofsy et al 2010a, 2010b,Hutyra et al 2014). Over the past two decades, extensive high-frequencymeasurements
have been conducted in Salt LakeCity (SLC), Utah, USA (Pataki et al 2003, 2006, Ehleringer et al 2008, 2009,
Strong et al 2011,McKain et al 2012, Lin et al 2018,Mitchell et al 2018,Mallia et al 2023). Thesemeasurements
provide valuable ‘top-down’ data for characterizing urban atmospheric CO2 and corroborating bottom-up
emissions estimates derived from categorized emitting sources and established algorithms.

UrbanCO2 levels are subject to influences fromvarious factors, encompassingmeteorological, biological,
and anthropogenic processes (Strong et al 2011,McKain et al 2012,Hutyra et al 2014, Gualtieri et al 2021).
Previous studies have used ground-basedmeasurements and high-resolution atmospheric transportmodels to
investigate greenhouse gas emissions andCO2mole fractions in urban areas (Newman et al 2013,Mitchell et al
2018, Agustí-Panareda 2019). For example, Newman et al (2013), using data from theCalNex-LA ground
campaign and theWRF-STILTmodel (Weather Research and Forecasting—Stochastic Time-Inverted
Lagrangian Transport), found that local fossil fuel combustion contributed approximately 50% to overnight
CO2 enhancements and up to∼100%duringmidday over Los Angeles in the spring. Agustí-Panareda (2019)
further demonstrated that increasing horizontal resolution is critical formodeling ‘CO2weather,’ as it improves
the surface representation of bothwind patterns andCO2fluxes.Within SLC, CO2mole fractions exhibit
significant sensitivity to emissions, atmospheric stability, capping inversions, and planetary boundary layers
(PBL), especially under stable conditions (Pataki et al 2005, Ehleringer et al 2008).Moreover, factors such as
traffic density, natural gas heating, land cover, climate, and seasonal variations exert substantial influence on
urbanCO2 fluxes (Day et al 2002,Wentz et al 2002,Nowak et al 2002, Apadula et al 2003,Nasrallah et al 2003,
Gratani andVarone 2005). Isotopic analyses performed in SLChave further elucidated the contributions of
gasoline and natural gas combustion toCO2 sources, while also highlighting periodswhen photosynthesis serves
as aminor CO2 sink (Pataki et al 2003, 2006). A recent study byCobo et al (2024) demonstrated that the drying of
theGreat Salt Lake is a significant source of anthropogenic GHGemissions in the SLC region. The study
emphasizes that climate change exacerbates drought in arid areas like SLC, highlighting the importance of
including such factors inGHGassessments and emission reduction strategies.

Numerous studies have underscored the direct impact of human activities on urbanCO2 emissions using
high resolution ‘bottom-up’CO2 inventory data such asHestia product (Gurney et al 2012, Patarasuk et al 2016,
Kunik et al 2019) andVulcan version 3 (Vulcan3) dataset (Gurney et al 2019, 2020). Notably, traffic congestion,
especially during peak rush hours, emerges as a significant driver of CO2 emissions (Barth and
Boriboonsomsin 2008,Hutyra et al 2014, Turner et al 2020, Venturi et al 2021,Wu et al 2021, Ray et al 2022,
Mallia et al 2023). Emission factor curves, which are contingent upon vehicle speed, exhibit a distinct parabolic
shape characterized by elevated emission rates at both high and low speeds, with aminimumemission rate
occurring atmoderate speeds (Barth andBoriboonsomsin 2008). This highlights the sensitivity of CO2

emissions to driving patterns and traffic conditions.
Recent investigations conducted during theCOVID-19 pandemic documented a substantial reduction in

anthropogenic CO2 emissions, approximately 30% lower, primarily attributed to alterations in traffic (48%) and
non-traffic emissions (8%) (Turner et al 2020).Mallia et al (2023) also showed that reductions inCO2 emissions
were observed over the downtown SLC, nearmajor roadways, and potentially at industrial point sources over
March-April 2020 during theCOVID-19 lockdown.However, while these studies primarily aim to identify
predominant anthropogenic CO2 sources during different diurnal periods and their variations in response to
various human activities, they do not explore additional factors, such as the relative contribution of
meteorological conditions thatmight explain short-termfluctuations inCO2 levels in SLC.

This study utilizesmulti-year, high-frequency surface-based observations coveringweekdays, weekends,
andThanksgiving holidays, revealing distinct CO2 variations across these occasions. To complement these
observations, we incorporatemeteorological data and bottom-up inventory CO2 emission data.Here we
compare observedCO2mole fraction variations and assess whether emission patterns during Thanksgiving
resemble those on other days across different cities. To quantify the relative contributions ofmeteorological
variables and emissions toCO2mole fractions, we apply a RandomForest (RF)model-based SHapley Additive
exPlanations (SHAP) analysis (Shapley 1953, Lundberg et al 2020,Nelson et al 2023). Our focus is specifically on
the Thanksgiving holidays, when traffic patterns and energy usage are expected to differ significantly from the
rest of November. This study addresses two key objectives:

1. Identify short-term fluctuations in CO2 mole fractions and emissions across weekdays, weekends, and
Thanksgiving, and explain the observed differences.

2. Examine contributing factors, including meteorology and anthropogenic emissions (onroad and energy-
related), that drive short-termCO2 variability.
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The paper is organized as follows: Section 2 outlines the dataset andmethodology. Section 3 presents the
characteristics of CO2mole fractions, emission types by sectors, andmeteorological influences over the SLC,
alongwith the relative contributions of each factor toCO2. Section 4 discusses CO2 emission characteristics
during different occasions to see any consistent patterns across other urban cities. Conclusions follow in
section 5.

2.Data andmethodology

Our analysis focuses on high-frequency CO2 variations from theUtahUrbanCarbonDioxideNetwork
(UUCON) centered around Salt LakeCity (SLC, Lin et al 2018) from2008 to 2019, encompassingweekdays,
weekends, andThanksgiving holidays. To ensure the robustness of our findings, we comparemeteorological
influences onCO2 patterns between two periods: 2008–2013 and 2014–2019. Since anthropogenic CO2

emission data from theVulcan3 dataset (Gurney et al 2019, 2020) is available only for 2010–2015, emission
analysis is performed during this period.

In this study, the term ‘Thanksgiving’ refers to a six-day period encompassing Tuesday through Sunday in
the thirdweek ofNovember. No large sensitivity was foundwhetherwe consider a three-day orfive-day interval,
but variations in energy use and distinctions inmeteorological conditions becomemore pronouncedwhenwe
analyze data from a few days before and after the holidays, facilitating clearer comparisonswith other periods.
‘Weekday’ and ‘Weekend’ refer toweekdays andweekends inNovember. To obtain results fromdistinct
occasions, we ensured no overlap betweenweekdays, weekends, andThanksgiving days.

2.1.High-frequencyCO2 andmeteorological data
Weutilized hourly averagedCO2mole fraction data from the fiveUUCON sites (Bares et al 2019) forNovember
weekday, weekend, andThanksgiving days from2008 to 2019.Datawere from five sites: Rose Park (111.92°W,
40.78°N,RPK),Murray (111.89°W, 40.66°N,MUR), SugarHouse (111.86°W, 40.73°N, SUH), theUniversity of
Utah (111.85°W, 40.76°N,UOU), andDaybreak (112.07°W, 40.54°N,DBK). The locations of these sites are
displayed onfigure 1(a). The hourly CO2mole fractions during 2008–2019 for those sites show increasing trends
for all sites (Mitchell et al 2018), as shown infigure S2.Our study period covers CO2mole fraction data from
various periods, as some data aremissing from some sites:

• RPK:November 2009–2019

• MUR:November 2008–2012

• DBK:November 2008–2019 (with gaps in 2012 and 2013)

• UOU&SUG:November 2008–2019

Since the surfacemeteorological data at the exact CO2measurement site were not available from the
MesoWest data archive (Horel et al 2002), the sub-hourlymeteorological data closest to eachCO2measurement
site, includingwind direction and speed, relative humidity, and surface temperature, were obtained from
2008–2019. For example, asmeteorological data, we used the surfacemeasurement at KSLC (111.97°W, 40.77°
N) for Rose Park, UT12 (111.90°W, 40.64°N) forMurray, UT23 (111.90°W, 40.72°N) for SugarHouse,WBB
(111.85°W, 40.766°N) forUniversity ofUtah, andTRJO (112.06°W, 40.56°N) forDaybreak. The sub-hourly
data are averaged to hourly intervals in local standard time for comparisonwithCO2measurements. Thewind
patterns at the site are shown infigure 1(b). Althoughwind speed varies from year to year, thewind direction has
remained relatively consistent. Therefore, the overall distribution of windmeasurements did not differ
significantly from year to year (not shown).

We also estimated the planetary boundary layer height (PBLH) using the parcelmethod (Holzworth 1964).
Thismethod determines the PBLHby identifying the altitudewhere the observed hourly surface temperature
profile intersects the dry adiabatic lapse rate. The hourly surface temperature data were acquired fromWeather
Underground, while temperature and pressure vertical profiles at 12Zwere obtained from atmospheric
sounding data at Salt LakeCity International Airport (40.79°N, 111.98°W), provided by theUniversity of
WyomingAtmospheric Sounding Site. The parcelmethod is widely used for estimating PBLH, primarily relying
on the thermodynamic characteristics from radiosonde profiles. Compared to other PBLHdetectionmethods, it
exhibits distinct and consistent diurnal and seasonal variations (Seidel et al 2010). This approach has been
extensively employed in air quality studies in SLC (Strong et al 2011) and other urban valley regions (Ryoo et al
2019).
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2.2. Vulcan inventory anthropogenic CO2flux
TheVulcan3 (Gurney et al 2019, 2020) dataset provides hourly, 1 km (∼0.01°) gridded data onCO2 emissions
from fossil fuel combustion and cementmanufacturing from10 source sectors in theUS for the years 2010 to
2015 (Gurney et al 2020). The onroad sector includes CO2 emissions frommost road traffic resources obtained
fromautomobiles, buses, trucks, andmotorcycles. The hourly data are obtained by allocating the county/road
vehicle-specific CO2 emissions onto the roadways using theGIS road atlas (NTAD2003).

Onroad data utilize hourly traffic volume data for the years 2011–2013 obtained from the Federal Highway
Administration’s ContinuousCount Stations (CCS) dataset (previously known as the Automatic Traffic
Recorder; ATR) (Gurney et al 2020). TheCCS stationsmeasure hourly traffic volume atfixed locations, and their
latitude and longitude serve as unique station identifiers. To allocate county-scale onroad fossil fuel CO2

(FFCO2), the fraction of a non-local road class-specific road segment’s vehiclemiles traveled (VMT)within a
county is used as the distributionmeans. For local roads, due to the scarcity of Annual AverageDaily Traffic
(AADT) data, the fraction of a road segment’s length out of all local roadswithin a county is employed (Gurney
et al 2020).

We utilized onroad data to represent traffic-related CO2 emission sources. Additionally, we derived non-
onroad emissions—which include sources such as residential, commercial, and industrial energy use—by
subtracting onroadCO2 emissions from total anthropogenic CO2 emissions. To identify the dominant emission
sector, we analyzed individual sectors like residential, commercial, and industrial as well. Figure 2 presents
anthropogenic CO2 emissions by sector. There is a clear contrast in onroad emissions betweenweekdays and
weekends, with residential emissions being particularly high during the Thanksgiving holidays. Similar patterns
are observed in the evening hours (3–7 pmLST). Nonroad and industrial emissions also show similar trends—
slightly higher onweekdays thanweekends—but theirmagnitudes are lower compared to the onroad and
residential sectors (figure S4). The differences in emissions betweenweekdays and the Thanksgiving holidays are
not very pronounced for these sectors, although there ismore variability (larger standard deviation) during the
Thanksgiving holidays (figure S4).

Figure 1. Salt Lake City (SLC)measurement sites andwinds: (a)Mapof SLC, with red circlesmarking the observation sites (Rose Park
(RPK), SugarHouse (SUH),Murray (MUR), University ofUtah (UOU), andDaybreak (DBK)). Basemap Imagery: Google Earth.
Image© Landsat/Copernicus (mapdownloadedNovember 17, 2021). (b)Windrose plot for each site duringNovember 2008–2019.
The length of the bars within each circle indicates the frequency ofwind occurrences [unit in%] in that specificwind direction
[degree] andwind speed [m/s] range at a given observation site.
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2.3. RandomForest regression and feature importance analysis using SHAP
Toassess the factors influencing short-termvariations inCO2mole fractions,we applied theRandomForest (RF)
regressor (Breiman2001), a supervised ensemblemachine learningmethodwell-suited for non-linear regression,
obtained from thePythonpackage scikit-learn (Pedregosa et al2011).Our analysis incorporatesmultiple variables,
includingmeteorological data (e.g.,wind speed,winddirection, temperature, relative humidity, andPBLH) and
Vulcan3 emission inventories (e.g., onroad and totalminus onroad emissions). To assess the contributions of both
anthropogenicCO2 emissions andmeteorological factorswhilemitigating autocorrelation and temporal dependence
in time series data,weuseddata fromNovember 2010–2013 for training and fromNovember 2014–2015 for testing.
To assessmodel performance,weusedPearson’s correlation coefficient (R), RootMeanSquareError (RMSE), and
MeanAbsoluteError (MAE). Additionally, expanding-window time-series cross-validationwas employed to ensure
robustmodel validation (figure S10, table S1).

Toobtain the fractional feature importance,we employedSHapleyAdditive exPlanations (SHAP), oneof the
explainableArtificial Intelligence (XAI)methods (Shapley 1953, Lundberg et al2020,Nelson et al2023), to quantify
whether the given feature/factor contributes positively ornegatively toCO2mole fractionduring thedifferent
occasions inNovember over SLC.Weused theseVulcan3 emission inventories andmeteorological data as ‘features’
and computed fractional feature importance tounderstandwhich features contributemost toCO2mole fraction (see
thedetails infigure9). Positive SHAPvalues associatedwith aparticular rangeof feature values indicate that these
specific values contribute to an increase in the estimatedCO2mole fractions outputby theRFmodel.Conversely,
negative SHAPvalueswithin a given feature's range suggest that these valuesdrive a decrease in themodel'sCO2mole
fraction estimations. The relative contributionof each feature is calculated as the ratio of its absolute SHAPvalue to
the sumof absolute SHAPvalues for all features. The absolute SHAPvalues are used to capture themagnitudeof
feature importance, ensuring that contributions arenot canceled outbyopposing signs. Feature importancewas
computedusing the fullNovember 2010–2015dataset.Overall, similar patterns are observed across data subsets,
though someyear-to-year variability exists, particularlyduringThanksgiving, partly due to the small dataset size.

3. Results

3.1. The characteristics of observedCO2 andbottom-up emission sources over SLC
Figure 3 shows themean diurnal cycle of CO2mole fraction (2008–2015) andVulcan3 emissions (2010–2015) at
thefiveUUCONmonitoring sites, averaged overNovember duringweekdays, weekends, andThanksgiving

Figure 2.Vulcan3CO2 emission [Mg/km2/h]map for each sector duringWeekday,Weekend, andThanksgiving from2010–2015
during rush hours (5–9 amLST). The fivemeasurement sites (RPK,UOU, SHU,MUR, andDBK) are denoted by the black dot and
yellow letters on themap.
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days. As expected for urban sites, CO2mole fractions are higher than the ambient CO2 levels of∼400 ppmand
exhibit significant diurnal fluctuations, in contrast to the rural site, DBK. Specifically, CO2mole fractions during
Thanksgiving surpassed those forweekdays andweekends (figure 3(a)), particularly from2008 to 2013 at all
UUCON sites (figure S1). Similarly, total and non-onroad (totalminus onroad)CO2 emissions, particularly
residential CO2 emissions during Thanksgivingwere slightly elevated compared to those duringweekdays and
weekends, except for theweekdaymorning rush hour peak (6–8 am,figures 3(a)–(c)), particularly at SUHand
RPKwithminimal interannual variability (figure S2).

At the rural site, Daybreak, CO2 emissions showminimal anthropogenic influence (figures 3(b)–(d)). In
contrast, urban sites show two onroadCO2 emission peaks duringweekday rush hours, with RPK and SUH
exhibiting the highestmorning peaks (figure 3(c)), consistent withMcKain et al (2012).While a lowermorning
peak is observed during Thanksgiving, non-onroad emissions are generally higher during Thanksgiving than
weekdays andweekends, particularly at the primary commercial and residential site SUH, and the near-
downtown site RPK, as well as the heavy traffic and industry siteMUR (figure 3(d)).

Upon comparing site-by-site CO2mole fraction andCO2 emission, distinct characteristics emerge between
emission andmole fraction. For instance, RPK total and onroadCO2 emissions are higher than SUHand twice
as high asMURduring the daytime (7 am–5 pm) (figures 3(b), (c)). However, RPKCO2mole fraction is lower

Figure 3.Diurnal cycle of hourly (a)CO2mole fraction [ppmv], (b)–(d)Vulcan3CO2 emissions [Mg/km2/h] from (b) total,
(c) onroad (road traffic), and (d)non-onroad (Totalminus onroad) at thefive SLCmonitoring sites. TheCO2mole fraction and
emissions were averaged overWeekday,Weekend, andThanksgiving days duringNovember 2008–2015 for (a) and 2010–2015 for
(b)–(d), respectively. The shaded area represents± 1σ (standard deviation) of theCO2mole fractions for (a) andCO2 emission for
(b)–(d). TheDBK values (rural site, yellow lines) are too low (close to zero) to be directly comparedwith those fromother sites.
Furthermore, the variation across different years is also not significant.
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than SUHduring the daytime and lower thanMUR, especially in themorning and evening. This suggests that
other factorsmay influence the variation inCO2mole fractions among sites, whichwewill explore further in the
following section.

3.2. Variations inCO2mole fractions across sites: the role of wind advection
Infigure 3, higher CO2 emissions in various residential, commercial, and high-traffic areas, such as RPK, SUH,
andMURare evident relative to the lower-traffic areas of UOUandDPK. The anthropogenic CO2mole fraction
closely correlates with these increased emissions, as indicated by the elevatedCO2mole fraction in RPK and
SUH shown infigure 3(a). However, emissions alone do not fully account for the overall variation inCO2mole
fraction. For instance, CO2mole fractions are higher inMurray (MUR) than in RPK, despiteMUR’s CO2

emissions being only half of those in RPK (figure 3(a)). These divergent results suggest that additional factors
contribute to the differing behaviors inCO2mole fraction observed during different occasions inNovember,
such as biological processes, entrainment, ormeteorological controls.

Biological processes are typically less active in urban areas during the cool seasons due to limited green space
(Strong et al 2011). To assess the potential contribution of biological flux, we initially utilized 3-hourly, Carbon
Tracker 2019B data (CT; Jacobson et al 2020). However, no significant differences in biological fluxwere
observed among times (not shown).We acknowledge that this is partially due to the coarse resolution of the
data, but biological CO2flux is relatively small during this time of year, evenwhen using higher-resolution data
(e.g., Strong et al 2011,Mallia et al 2023). Furthermore, considering the response time of vegetation to
environmental controls, short-termCO2 variationsmay not be fully explained by biologicalflux. Entrainment
serves as a significant CO2 sink during themorning and early daytime (Strong et al 2011) and is highly influenced
by the PBLH,making PBLHa key indicator of CO2 variation.However, entrainment alone cannot fully account
for the observedCO2 variations formost of daytime and evening hours (Strong et al 2011). Therefore, we
analyzed the role of regional PBLH inCO2 variation by estimating it across different occasions (weekdays,
weekends, andThanksgiving), as discussed in section 3.

Meteorological factors, such as wind-driven advection of emissions and other anthropogenic sources, are
also important to consider.We hypothesized that onroadCO2 emissionswould be advectedwith southerly and
northerly winds, given the proximity of theMUR and SUH sites tomajor highways (figure 1(a)). To explore the
influence of wind advection onCO2mole fractions between sites, we conducted amore comprehensive analysis,
as shown infigure 4.

To investigate the factors contributing to the discrepancy in patterns between highCO2mole fraction and
highCO2 emissions, we initially focus on regionswith high emission sources, including residential, heavy-
traffic, and commercial sites—RPK,MUR, and SUH—where themost significant differences inCO2 emission
andCO2mole fraction are observed (figure 3), withwind patterns.

Figure 4 illustrates that when thewind direction atMUR is southerly (around 180 degrees) and slightly
northerly (near 0 and 360 degrees) (figure 4(c)), aligningwith the north-south-oriented highway, the CO2mole
fraction at RPK andMUR starts to converge (figure 4(a)). This suggests the advection of CO2-rich air from the
highway towardMUR (figure 2). Consequently, the CO2mole fraction atMUR can exceed that at RPK, despite
MURhaving lower emissions (figure 4(a)).More distinct results were shownwhen comparing SUH, the second
largest non-onroad emission site, with RPK. For instance, SUH’s CO2mole fractionwas notably higher by up to
100 ppmv thanRPKwhen thewind blew from the south (around 180 degrees) and northwest (around 330
degrees) (figures 4(b), (d)), especially onweekdays andweekendswhenwinds are relatively high. Thewind
patterns at RPK are quite similar to those at SUH,withmore northerly winds observed duringweekdays and
weekends. However,much lowerwindswere observed at RPKduring Thanksgiving compared to SUH (not
shown).

Our observation of higher CO2 levels from the heavy-traffic regions alignswith the findings from
atmospheric inversionmodeling presented inMallia et al (2023). In contrast, SUH’s CO2mole fractions get
lower thanRPKwhen thewind originates from the northeast (around 60 degrees), from a cleaner rural
mountain region, across all weekdays, weekends, andThanksgiving (figures 4(b), (d)). These findings
underscore 1) the significant role of traffic andwind advection in contributing to highCO2mole fractions, and
2)multi-site observation points are needed to understand spatial patterns of emissions using atmospheric data.
Such insights should be consideredwhen planningCO2 observation networks.

3.3. CO2 variability under differentmeteorological conditions: a comparison betweenNovember
2008–2013 and 2014–2019
Interestingly, there is a notable contrast in theCO2mole fraction during the Thanksgiving holidays between
most of the periods of 2008–2013 (Period I) and 2014–2019 (Period II) over the fivemeasurement sites in the
SLC. ElevatedCO2 levels during Thanksgivingwere only observedmostly in Period I in SLC (figure S1). To
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understandwhat drives this difference, we observed the yearly difference in emissions by sector, shown in
figure 5. There is weak yearly variability across all emission sectors, with a distinct increase observed in 2013.
Daily average emissions for the onroad sector are higher onweekdays compared toweekends andThanksgiving
for all years. Industrial and nonroad emissionswere small (<0.05Mg km−2 h−1), but they are all higher during
weekday (figure S5). In contrast, emissions from the residential sector and all non-onroad sources (total
emissionsminus onroad) are higher during Thanksgiving each year (figures 5(c), (d)), especially in 2013.
Thanksgiving emissionswere relatively similar between 2010–2013 and 2014–2015, with even lowerweekday
andweekend emissions in 2014–2015.Wewill further examine the role ofmeteorology in influencing these
distinct patterns of short-termCO2 variability.

We examined themeteorological factors influencingCO2 changes, as shown infigure 6.During
Thanksgiving in Period I (2008–2013), conditions weremostly drier, cooler, andweaker surface winds
compared to the rest ofNovember in Period II (2014–2019). A negative relationship betweenCO2mole fraction
and both temperature and surface wind speedwas observed (figure 6). For example, during the 2013
Thanksgiving holiday, CO2mole fractionwas highest when temperatures were coldest (figures 6(a), (c)), surface
windswereweakest (figures 6(a), (b),figures 7(a), (c)). These combined effects likely contributed to the observed
increase inCO2mole fractions during Thanksgiving in Period I. CO2mole fraction also tends to decreasewith
increasing PBLH, a pattern clearly observed during Thanksgiving and the years 2014–2019 (figure 7). PBLH
tends to be low during the Thanksgiving holidays from2008 to 2013 compared tomost years of 2014–2019,
especially 2016 (figures 7(b), (d), S6).

A negative relationship betweenCO2mole fraction and dailymean temperature during different occasions
(weekdays, weekends, andThanksgiving)was also observed, but it was not as strong as the one betweenCO2

mole fraction and surfacewind speed (not shown).We hypothesize that thismight be due to the diurnal

Figure 4. (a) Scatter plots illustrating the difference in CO2mole fraction [ppmv] fromMurray (MUR) to Rose Park (RPK) relative to
theMURwind direction [degree] during (top)Weekday, (middle)Weekend, and (bottom)Thanksgiving from2009–2012. (b)The
same as (a) except for fromSugarHouse (SUH) to RPK relative to the SUHwind direction from2009–2015. Themarker color and size
represent thewind speed [m/s] at each site, whileN, E, S, andW indicate thewind direction—north, east, south, andwest,
respectively. (c), (d)Windrose plots atMUR (2009–2012) and SHU (2009–2015) depict wind speed and direction on different
occasions (Weekday,Weekend, andThanksgiving).
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variation in temperature and its impact onCO2 variability. To explore this relationship further, we analyzedCO2

and temperature separately for day and night, as depicted infigure 8.
Hourly CO2mole fractions were averaged across five sites for each Period.Weekdays andweekends CO2

were higher in Period II than Period I, andCO2mole fractionswere lower during daylight hours (7 am–5 pm)
than nighttime (figures 8(a), (b)). Thanksgiving CO2 shows a different variation. Thanksgiving daytimeCO2was
approximately the same between the two periods, while nighttime increase wasmore pronounced in Period I
than Period II. (figure 8(a)). Nighttime temperatures were lower during Thanksgiving during Period I and likely
contributed to increased residential energy consumption and higher CO2 (figures 3(d), 8(c)). Previous studies
showed that heating degree days are strongly linked to energy use (Petrick et al 2010,Mourshed 2012, Li et al
2021, Yadav et al 2021). Petrick et al (2010) support the association between colder temperatures and greater
residential energy use. Li et al (2021) also reported elevated electricity consumption in urban regions during
colder days. This is also reflected in our analysis usingVulcanCO2 emission, particularly in the cold days during
Thanksgiving in 2010 and 2013. Although there is no significant interannual variability inCO2 emissions for
onroad sources, we observe a clear increase in residential emissions over urban residential areas such as SUHand
RPKonThanksgiving than onweekdays andweekends (figures 5(c), (d), S3).

Our analysis revealed a significant increase inCO2 levels onweekdays,more than double those observed on
Thanksgiving, when controlling temperature effects (figure S8). This findingwarrants further investigation, as
traffic and human activity are likely important contributing factors. Although the relationship between
temperature andCO2 is complex, temperature is a key climate driver influencingCO2 variation.Our results
indicate that changes in residential heating, energy use, andmeteorological conditions contribute toCO2

variation (figure S7) (Parazoo et al 2008,Newman et al 2013, Xueref-Remy et al 2018, Agustí-Panareda et al
2019). This supports that temperature can serve as a reliable indicator of energy use andCO2 emissions in urban
areas.

3.4. Contributing factor analysis
In the previous section, we analyzedmeteorological conditions and anthropogenic emissions over SLC, leading
to an important question:What primarily drives the observedCO2mole fractions? As observed, CO2 variability
is governed by highly nonlinear variables, referred to here as ‘features,’ includingmeteorological factors and the
type andmagnitude of emissions. To disentangle these effects, we conducted anRF-based SHAP analysis in
figure 9. In SHAP analysis, a feature’s contribution increases when it has a high value—either positively or

Figure 5.Vulcan3 emissions [Mg/km2/h] from (a)Total, (b) onroad, (c) residential, and (d) totalminus onroad from2010 to 2015
duringWeekday,Weekend, andThanksgiving days averaged over the closest point to thefiveCO2measurement sites in SLCmarked
on figure 2. The error bar represents the± 1σ from thefivemeasurement sites for each year.
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negatively—onCO2mole fractions over SLCduringweekdays, weekends, andThanksgiving inNovember from
2010 to 2015. TheRFmodel effectively captures the overall patterns of CO2mole fractions (figure S10) and
performs reasonably well (table S1).

Over the study period, three key findings emerge from figure 9. First, meteorological factors dominate CO2

modulation. SHAP analysis indicates that wind speed and PBLHplay a dominant role inmodulating CO2mole
fractions across all occasions (figures 9(a)–(c)), contributing up to∼45%and∼25%of the variability,
respectively, depending on the specific occasion. This is likely due to enhanced dispersion and pollution
transport under highwind conditions (Vasumathi et al 2017), as supported byfigure 4. This alignswithXueref-
Remy et al (2018), who demonstrated the high sensitivity of in situCO2measurements in the Parismegacity
region towind speed, wind direction, and PBLH. Second, whilemeteorological variables consistently influence
CO2 levels, their relative importance varies by occasion. For instance, onroad emissions contributemore on
weekdays thanweekends, reflecting traffic patterns. During Thanksgiving, energy-related emissions (total
minus onroad, referred to as the ‘energy’ sector) become the dominant source. The relative impact of energy
emissions during Thanksgiving varies by year. For example, from2010 to 2015, the overall contributionwas
approximately 5%,while in 2014, it was estimated up to∼12% (figure S11). In contrast, contributions during
weekdays (∼4%) andweekends (∼3%) remained consistent (figures 9, S11).Third, complex interactions are
found between factors (features) to drive CO2 variation.Multiple factors influence CO2 in different, sometimes
opposingways. For instance, onroad emissions increase CO2 under lowwind speeds and a shallow PBLHbut
may have a diminishing effect under highwind speeds, depending onwind direction (e.g., pollution transport, as
shown infigure 4). As highlighted by the SHAP analysis (figure 9(c)), non-onroad energy emissions contribute

Figure 6.Bar plots of themean (a)CO2mole fraction [ppmv], (b) surface wind speed [m/s], and (c) temperature [oC) averaged over
the fiveCO2measurement sites over SLCduringWeekday,Weekend, andThanksgiving. The error bar represents the± 1σ from the
fivemeasurement sites for each year.
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Figure 7.Relationship betweenCO2mole fraction [ppmv] and (a, c) surfacewind speed [m/s] averaged over fiveCO2measurement
sites in SLC, and (b, d)CO2mole fraction andmean PBLH [m] for different occasions (Weekday (blue),Weekend (green), and
Thanksgiving days (red)) for (left)Period I (2008–2013) and (right)Period II (2014–2019). Each color dot represents values averaged
by occasion and by eachNovember of each year. The color line represents the regression of the values for each occasion and each
period, respectively. R represents Pearson’s correlation coefficient during each occasion, respectively.

Figure 8.Diurnal difference in (a, b)CO2 [ppmv] and (c, d) temperature [oC] during different periods. The daytime (7–17h; left) and
the nighttime (0–6h, 18–23h; right)CO2mole fractions duringWeekday (blue),Weekend (yellow), andThanksgiving (green). The
error bar represents± 1σ of theCO2mole fractions for different periods (Period I: 2008–2013 and Period II: 2014–2019, respectively).
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more positively toCO2 increases under low temperatures (figure S10), aligningwith the patterns observed in
figures 5 and 6.

Note that the factors used in this study can vary depending on geographical regions and seasons. For
example, the impact of biological emissions onCO2 isminimal during the cool season, sowe did not include
them in our analysis. However, they can be a key driver of CO2 variability in thewarm season and should be
considered as an important factor. Furthermore, the loss of saline lakes under drought conditions can be a
significant source of increasedCO2 in arid regions like SLC and is expected toworsenwith climate change (Cobo
et al 2024), as suggested by relative humidity (rh, figure 9) in our analysis. Although its impact remains relatively
small during cool seasons likeNovember (Cobo et al 2024), its influence onCO2 variability across other seasons
warrants further investigation. Improved understanding of the dominant factors controllingCO2 variation—
and how they change over time and across regions at the urban scale—will support effective emissionmitigation
planning.

Figure 9. Feature importance of SLCCO2mole fraction: (Left)RF- SHAP-based fractional factor contributions, and (Right)RF-SHAP
values of CO2mole fraction averaged over fiveCO2measurement sites for its features such asmeteorological variables (wind speed
(wsp), wind direction (wdir), temperature (temp), PBLH, relative humidity (rh)), andVulcan3 emission data (onroad, total-onroad)
during (a)Weekday, (b)Weekend, and (c)Thanksgiving inNovember 2010–2015.
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4.Discussion

CO2mole fractions are influenced by bothmeteorological conditions and emissions, which vary by sector,
occasion, and period, as observed in SLC. In the previous section, short-term fluctuations in emission types were
identified across different timeframes—weekdays, weekends, andThanksgiving. For example, energy-related
emissions (totalminus onroad)were higher during Thanksgiving, whereas onroad emissions peaked on
weekdays. Beyond these temporal variations,meteorological and geographic factors further shapeCO2mole
fraction behavior across cities due to differences in climate, topography, and industrial activity. As a result, CO2

mole fractions in cities like San Francisco (SF) andBoston differed from those in SLC (not shown).
To examine emission types independent of geographical andmeteorological conditions, we analyzed

emissions acrossmultiple locations and identified consistent characteristics (figure 10). Inmajormetropolitan
areas such as Boston and LosAngeles (LA), total CO2 emissionsweremore than twice as high as in smaller cities
like SLC and Portland (PL) (figure 10(a)). Onroad emissions remained consistently high onweekdays across all
cities, withminimal year-to-year variation (figure 10(b)). In contrast, residential and commercial emissions
were higher during Thanksgiving than onweekdays andweekends, especially in large urban areas like Boston
and LA, exhibiting significant year-to-year variability, likely influenced by local temperaturefluctuations
(Petrick et al 2010) (figures 10(c), (d)). Overall, energy-related emissions (totalminus onroad, including
residential and commercial sectors) exhibited substantial year-to-year variability, with peaks occurring during
Thanksgiving (figure 10(e), S9).

The emission data correspond to the urban sites closest to eachCO2measurement location, as listed in
table S2.

5. Conclusions

To gain a deeper understanding of the factors driving the short-termCO2 variations acrossmonitoring sites in
Salt LakeCity (SLC), we conducted amulti-year analysis of high-frequencyCO2mole fraction observation,
Vulcan3 anthropogenic CO2 emission, as well as themeteorological data onweekdays, weekends, and
Thanksgiving from2008 to 2019 (with subset of 2010–2015 for accounting for anthropogenic CO2 emission
impact). Themain findings and novelty of this study are summarized below.

• ElevatedCO2mole fractions are observed during Thanksgiving in 2008–2013 over SLC. This is closely
associatedwith the short-term energy use change (e.g., increases in residential and commercial emissions) and
meteorological conditions such as cold temperature, weak surface wind, and low planetary boundary layer
height (PBLH), contrasting to the years 2014–2019.

• TheVulcan version 3 (Vulcan3) onroadCO2 emissionfluxes exhibited two peaks of traffic-relatedCO2

fluxes duringweekdays over SLC, indicating the increase of CO2 emissions during themorning and evening
rush hours. Non-road anthropogenic CO2 emissions, including those from industrial, commercial,
residential energy consumption, and other non-road sources, were up to 33%higher (∼0.1–0.2Mg km−2

h−1) during Thanksgiving compared toweekdays andweekends.

• The highCO2mole fraction overMurray (MUR) and SugarHouse (SUH), despite its relatively lowCO2

emission, is primarily due to southerly andweak northwesterly wind advection.This highlights the
significance of strategic planning formulti-sitemeasurements to precisely identify emission sources.

• RandomForest (RF)-based SHapleyAdditive exPlanations (SHAP) feature importance analysis highlights
the key role ofmeteorological factors—includingwind speed, PBLH, relative humidity, and temperature—
inmodulating CO2 variability. Short-term variations in onroad emissions influenceCO2 levels during
weekdays andweekends. Conversely, energy sector emissions are notable contributors toCO2 levels during
Thanksgiving in SLC.

• This elevated emission pattern during Thanksgivingwas observed not only over SLCbut also across other
urban cities, such as Boston,WashingtonD.C., Los Angeles, San Francisco, and Portland.

While this study demonstrates that short-termCO2 variations are influenced by both emissions and
meteorology, further research is needed. First, our analysis utilizes Vulcan3 emission data to assess sector-based
traffic and energy use changes.While this high-resolution hourly dataset is valuable for identifying short-term
CO2 variability, it is only available from2010 to 2015, whichmay limit its ability to capture traffic variations over
the full study period. Second,we found that emission patterns during Thanksgivingwere consistent across six
urban cities. However, given the combined influence of emissions andmeteorological conditions onCO2 levels,
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expanding this study to other regions and seasonswould be a valuable research opportunity. Future studies can
leverage advancements in remote sensing (e.g., Orbiting CarbonObservatory-2 and -3 (OCO-2 andOCO-3))
and regionalmodeling, integrating in situmeasurements for improved analysis.Third, high temporal and spatial
resolutionmeasurements will enhance our understanding of the factors controllingCO2 variation. For example,
improved hourlymeasurements—such as winds and PBLH, particularly during nighttime atmultiple
measurement sites—will enhance the estimation of hourly CO2 variations over cities.

Hutyra et al (2014) emphasized the importance of understanding emission sources, their variability, and the
controlling processes of urban carbon fluxes—essential for advancing carbon cycle science and informing
effective emission reduction policies. UrbanCO2 enhancements are not in steady state, as fossil fuel emissions
respond dynamically to changes in human behavior (Hutyra et al 2014). Our findings demonstrate that both
meteorology and human-driven energy use contribute to short-termCO2 variability at the city scale (Newman
et al 2013, Xueref-Remy et al 2018), occurring consistently rather than as isolated events and likely to evolve
further under awarming climate (Cobo et al 2024). These findings emphasize the critical need for sustainedCO2

Figure 10.Vulcan3CO2 emissions [Mg/km2/h] by sector across urban cities: (Left) bar plots of (a) total, (b) onroad, (c) residential, (d)
commercial, and energy (totalminus onroad) emissions for six cities (SLC, Boston, Los Angeles (LA), San Francisco (SF),Washington
D.C. (WDC), Portland (PL)). The vertical bar represents±1σ of CO2 emissions from2010 to 2015 for each city. (Right)Box plots of
total, onroad, residential, commercial, and energy emissions for three urban cities (SLC, Boston, LA) inNovember 2010–2015.
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monitoring, enhancedmeteorological data acquisition, optimizedmonitoring site selection, reinforced onroad
vehicle emission regulations, and a practical, comprehensive observational-modeling framework to refine
source attribution and emission reduction strategies across various urban environments.
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