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Abstract Net sea‐air CO2 flux can be calculated from observations of seawater and atmosphere partial
pressure of CO2 (pCO2) and estimates of the gas transfer velocity. Typically, these quantities are calculated at a
monthly resolution, which misses potentially important high‐frequency temporal variability. Here, we
calculated sea‐air CO2 flux at a 3‐hourly resolution using a 10‐year mooring data set (2011–2020) from the
central California coastal upwelling region. We identified a significant flux of CO2 from the ocean to the
atmosphere due to a positive correlation between seawater pCO2 and wind speed at timescales of hours to days,
particularly during the late spring and early summer upwelling season. Accounting for this variability changes
the region from a net sink to a net source of CO2 to the atmosphere. These findings imply that CO2 fluxes
computed from monthly‐resolution data may miss important shorter‐term variability that contributes to a net
outgassing of CO2 from the ocean.

Plain Language Summary The exchange of carbon dioxide (CO2) between the ocean and
atmosphere plays a crucial role in regulating Earth's climate. In this study, we examined how accurately this
exchange is captured along the California coast, where seasonal wind‐driven upwelling brings CO2‐rich waters
to the surface. We compared CO2 flux estimates using data collected every 3 hours for 10 years with those
derived from monthly averages. We found that monthly averages often miss important short‐term variability,
particularly during upwelling seasons. These seasonal changes cause the region to emit more CO2 into the
atmosphere than previously thought, challenging the perception that the coastal California Current is a CO2 sink.
High‐frequency calculations revealed that winds and ocean conditions are closely linked, driving this variability
in CO2 exchange. Our findings highlight the need for continuous and high‐resolution measurements to better
quantify sea‐air CO2 exchange.

1. Introduction
The exchange of carbon dioxide (CO2) between the ocean and the atmosphere modulates atmospheric CO2 levels
over years to millennia and plays a crucial role in regulating the Earth's climate (DeVries, 2022; Gruber
et al., 2023). The global ocean is currently estimated to take up around 2.5 Gt C per year from the atmosphere,
representing around 25% of contemporary anthropogenic CO2 emissions (Friedlingstein et al., 2023; Gruber
et al., 2023). However, current estimates of global sea‐air CO2 fluxes have significant uncertainty due to a lack of
direct observations and the need to use models to fill in large gaps in the observational record (DeVries
et al., 2023; Landschützer et al., 2016; Woolf et al., 2019). Reducing these uncertainties is crucial for under-
standing the effects of climate change on the ocean carbon sink, and for increasing confidence in future climate
projections.

The most common approach for calculating sea‐air CO2 fluxes (Fsea‐air) uses a bulk formula based on gas transfer
velocity (Kw), CO2 gas solubility (K0), and the difference between seawater and air partial pressure of CO2

(pCO2,sw and pCO2,air, respectively) (Wanninkhof, 2014)

Fsea‐air = KwK0 (pCO2,sw − pCO2,air) = KΔpCO2 (1)
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The parameters in Equation 1 are generally not measured at global scales, but must be estimated or calculated. The
gas transfer velocity is typically parameterized as a function of wind speed or sea state (Deike & Melville, 2018;
Lamarre & Melville, 1991; Liss & Merlivat, 1986; Wanninkhof, 1992). These inputs, in turn, are estimated by
reanalysis models or satellite data sets, such as CCMP (Mears et al., 2022), ERA (Uppala et al., 2005), JRA
(Kobayashi et al., 2015) andWaveWatch3 (Kobayashi et al., 2015; Tolman et al., 2019; Uppala et al., 2005). CO2

solubility in seawater is derived from seawater salinity and temperature using empirical functions based on
laboratory measurements (Weiss, 1974), with salinity and temperature generally estimated by satellite remote
sensing or reanalysis products. The seawater pCO2 is typically estimated by a statistical or machine learning
model (e.g., Gregor et al., 2019; Landschützer et al., 2013; Rödenbeck et al., 2022), itself fitted to very sparse
observations of seawater pCO2 from shipboard measurements (e.g., SOCATv2022, Bakker et al., 2022). All of
these parameterizations, estimations, and calculations come with uncertainties that propagate through Equation 1,
making it challenging to obtain accurate global flux estimates.

One problematic aspect of obtaining accurate estimates of Fsea‐air is the large temporal variability of the pa-
rameters in Equation 1. The majority of global sea‐air CO2 flux products calculate all of the parameters in
Equation 1 at monthly resolution, from which monthly mean estimates of Fsea‐air are derived (e.g., Gloege
et al., 2022; Landschützer et al., 2016; Wanninkhof et al., 2023). This approach obscures the higher‐frequency
variability inherent in these parameters (Carroll et al., 2020; Chau et al., 2022; Fiechter et al., 2014) and tends
to smooth out short‐term fluctuations driven by diurnal cycles, episodic wind events, and transient upwelling
episodes, potentially leading to underestimation or overestimation of fluxes during periods of rapid environmental
change (Gu et al., 2023). In regions where such high‐frequency variability is common, such as those subject to
episodic storms or upwelling, using monthly data could therefore lead to biases in calculations of Fsea‐air.

Several previous studies have examined the influence of short‐term variability on sea‐air CO2 fluxes. Sutton
et al. (2021) deployed Uncrewed Surface Vehicles in the Southern Ocean to sample hourly resolution data and
compared them with data that were temporally averaged over longer periods. They found that subsampling at
intervals, such as 10 days, introduced significant biases in CO2 flux estimates, particularly during periods of high
wind variability and storm events. Their findings demonstrated that lower‐resolution data can fail to capture the
true variability of seawater pCO2, leading to underestimations or overestimations of CO2 fluxes. Djeutchouang
et al. (2022) used machine learning techniques to reconstruct seawater pCO2 from high‐resolution data collected
by various platforms. They found that models trained on high‐resolution data performed better than models
trained on lower‐resolution data, reducing uncertainties and biases in pCO2,sw estimates. Nickford et al. (2024)
calculated sea‐air CO2 fluxes with high‐resolution in‐situ contemporaneous measurements of wind, wave height,
and pCO2 data and compared them with calculations using data from reanalysis products. They showed that using
data from reanalysis products led to significant underestimations of CO2 flux, particularly during periods of high
wind speed and storm events. Bates and Merlivat (2001) conducted an analysis using high‐frequency (hourly)
wind speed and pCO2 data collected by a drifting buoy near Bermuda. They found that CO2 fluxes were
significantly higher when high‐frequency wind data were used, as opposed to daily averages. Friederich
et al. (2002) observed high‐frequency sea‐air CO2 fluxes during the 1997–1998 El Niño/La Niña event in the
California Current. They observed that sea‐air CO2 fluxes were especially strong during relatively brief periods
(days to weeks) of enhanced wind speeds, which coincided with upwelling of CO2‐enriched seawater. They
suggested that these brief, transient events are likely to have an outsized impact on local CO2 fluxes (Friederich
et al., 2002).

While these previous studies demonstrated a strong influence of small‐scale temporal variability on sea‐air CO2

fluxes, they were all based on data gathered over relatively short time periods, with the longest sampling period
being two winter seasons over 2 years (Nickford et al., 2024). Here, we address this limitation by employing
10 years of high‐resolution (3‐hourly) data from the California Current Ecosystem 2 (CCE2) mooring. The CCE2
mooring is located within the eastern boundary of the California Current System, where persistent equatorward
winds generate one of the planet's most intense coastal‐upwelling regimes and exceptionally high biological
productivity (Checkley & Barth, 2009; Huyer, 1983). Quantifying carbon fluxes here is regionally and globally
important, as this narrow inner‐shelf zone exchanges carbon and nutrients with the larger North Pacific. We use
both wind‐based and sea‐state based parameterizations of gas transfer velocity to calculate sea‐air CO2 fluxes for
this decade‐long time series. We show that high‐frequency (hours to days) temporal correlations between gas
transfer velocity and sea‐air pCO2 difference lead to an outgassing of CO2 at this location, particularly in the late
spring and early summer upwelling season. Using monthly data to calculate sea‐air CO2 fluxes at this location
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underestimates the efflux of CO2 from this region, wrongly implying that the region is a net sink rather than a
source of CO2 to the atmosphere. Our findings highlight the necessity of high‐temporal‐resolution monitoring for
accurate sea‐air CO2 flux estimation.

2. Data and Methods
In this study, we used the bulk formula (Equation 1) to calculate sea‐air CO2 fluxes. Throughout this study, we use
the following units for the quantities in Equation 1: Fsea‐air has units of mol m− 2 yr− 1, ΔpCO2 has units of μatm,K0

is the solubility of CO2 (Weiss, 1974) with units of mol m− 3 μatm− 1, Kw is the gas transfer velocity with units of
m yr− 1. Therefore, K has units of mol m− 2 yr− 1 μatm− 1, although for convenience we usually report K with units
of mol m− 2 hr− 1 atm− 1.

2.1. Data and Study Area

Seawater pCO2 (pCO2,sw) and atmospheric pCO2 (pCO2,air) were taken from the CCE2 mooring (position:
34.324°N, 120.814°W) operated by Scripps Institution of Oceanography and carries a MAPCO2 sensor package
from NOAA PMEL. The MAPCO2 is an equilibration‐based instrument paired with a nondispersive infrared gas
analyzer calibrated in situ with reference gas traceable to World Meteorological Organization standards and total
measurement uncertainty of <2 μatm for air and seawater pCO2 (Sutton et al., 2014). The data set also provides
sea surface temperature (SST) and sea surface salinity (SSS) from a Sea‐Bird Electronics 16plusV2 SeaCAT
calibrated annually by the manufacturer with a measurement uncertainty of <0.01°C and 0.05 respectively. All
parameters are collected at a 3‐hr resolution from 2011 to 2020, with occasional short gaps due to instrument
failures (Figure S2 in Supporting Information S1; Sutton et al., 2019).

The study area is located within the inner shelf waters of central and southern California (Figure S1 in Supporting
Information S1), a region influenced by seasonal wind‐driven coastal upwelling. Temperature and salinity data
(Figure S2 in Supporting Information S1) clearly indicate the occurrence of strong upwelling events during the
spring season, characterized by minimum SST and maximum SSS values. This seasonal signal aligns closely with
the documented timing of peak wind‐driven coastal upwelling activity in this region (Huyer, 1983; Jacox
et al., 2018). Upwelling events in this region are triggered by intensified equatorward winds (Send et al., 1987;
Washburn et al., 2011), which drive carbon‐rich waters onto the continental shelf, abruptly increasing surface
water pCO2,sw and causing large positive values of ΔpCO2 (Fassbender et al., 2011; Feely et al., 2008). Upwelling
also transports essential nutrients to the surface, fueling phytoplankton blooms which can reduce or reverse the
sea‐air ΔpCO2 gradient as they mature (Capone & Hutchins, 2013; Chavez & Messié, 2009; Fassbender
et al., 2011; Feely et al., 2008; Leinweber & Gruber, 2013). The combination of these processes can lead to large
short‐term fluctuations in ΔpCO2 with uncertain consequences for the net sea‐air CO2 flux (e.g., Chavez
et al., 2007; Hales et al., 2005; Takahashi et al., 2009).

2.2. Gas Transfer Velocity Parameterizations

We use two different formulations for the CO2 gas transfer velocity (Kw) in Equation 1. The first formulation is
the widely‐used wind‐speed based formula ofWanninkhof (1992, 2014). In this formulation,Kw is proportional to
the square of the wind speed at 10 m above the sea surface, and the constant of proportionality is computed from
estimates of the rate of bomb radiocarbon invasion into the ocean (Wanninkhof, 2014) (hereafter, W14). The
second formulation uses a sea‐state dependent model for Kw based on wave breaking statistics developed by
Deike and Melville (2018), which was simplified to a bulk formula by Reichl and Deike (2020). Here, we use the
latest formulation of this model calibrated for CO2 gas transfer by Zhou et al. (2023). This model expresses Kw as
the sum of a component due to bubble entrainment from breaking waves, which is a function of wind speed and
wave height, and a component due to molecular diffusion across a turbulent surface without bubbles, which is
proportional to the wind friction velocity. See Text S1 in Supporting Information S1 for details of these
calculations.

2.3. Climatology and Component Separation

We computed Fsea‐air at 3‐hourly intervals using Equation 1 for all data available in the records. Then, we
developed a monthly climatology by averaging all data within a given month and year, and then averaging across
years. A given month and year was admitted into the climatology only if that particular month and year had
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greater than 80% data coverage at 3‐hourly resolution for both ΔpCO2 and K. This yielded between 5 and 9 years
of data for each month in the climatology, mainly due to gaps in the ΔpCO2 record (Figure S2 in Supporting
Information S1; Figure S3 in Supporting Information S1). See Text S2–S4 in Supporting Information S1 for
details.

For this climatology, we also performed a component separation to express the total sea‐air flux (Equation 1) as
the sum of monthly mean components and deviations from the monthly mean,

<Fsea‐air> = <KΔpCO2> = <(K + K′) × (ΔpCO2 + ΔpCO′2)> (2)

where the angle brackets indicate a monthly climatology (average of a single month over all years), quantities
without bars or primes are the 3‐hourly values, the barred quantities are the monthly mean value within each
month and year, and the primed quantities are the difference between the 3‐hourly values and the monthly mean
values (see Text S2 in Supporting Information S1 for details). Expanding Equation 2 yields,

<Fsea‐air> = <K · ΔpCO2> + <K · ΔpCO′2> + <K′ ·ΔpCO2> + <K′ · ΔpCO′2> (3)

The middle two terms on the right‐hand side of Equation 3 should both be 0, since the barred quantities are
averages and the primed quantities, by definition, have a mean of 0. In practice, the third term on the right‐hand
side of Equation 3 may not exactly be zero since K is the product of two quantities, Kw and K0, which themselves
might have some correlation. However, we have found that this term is extremely small.

Thus, simplifying Equation 3 yields to a very close approximation

<Fsea‐air> = <K ·ΔpCO2> + <K′ ·ΔpCO′2>. (4)

The first term on the right‐hand side of Equation 4 is the sea‐air CO2 flux computed using monthly‐averaged
values of K and pCO2, which is the typical temporal resolution of most data‐based products. Hereafter, we
refer to this term as the “monthly flux.” The second term on the right‐hand side of Equation 4 is neglected by
calculations that use monthly‐averaged data. We refer to this term as the “cross‐correlation flux,” as its magnitude
depends on the correlation between the higher‐frequency variability of K and ΔpCO2. If K′ and ΔpCO2’ are
positively correlated, then the cross‐correlation term is positive, while if they are negatively correlated, then the
cross‐correlation term is negative.

Recently, Gregor et al. (2024) developed a new neural network approach, OceanCarbNN, to compute sea‐air CO2

fluxes at an 8‐day, quarter‐degree spatial resolution. The 8‐day resolution captures more temporal variability
compared to traditional monthly products. To investigate the improved accuracy of 8‐day resolution calculations
compared to monthly resolution calculations, we also performed a component separation using Equation 3 but
using 8‐day averages instead of monthly averages.

3. Results
3.1. Monthly Climatology of ΔpCO2 and K

At the CCE2 mooring, the ∆pCO2 reaches peak values during the spring and early summer from April‐June
(Figure 1a). This period corresponds to the peak seasonal wind‐driven upwelling in the inner shelf waters of
central and southern California, which brings high‐CO2 waters from the deep ocean to the surface layer and
causes large positive values of ΔpCO2 (see Section 2.1). The temporal variability of ΔpCO2 also reaches a peak in
the springtime. This variability is likely due to the intermittent upwelling/relaxation cycles in this season (Send
et al., 1987; Washburn et al., 2011), combined with the enhanced biological productivity fueled by upwelled
nutrients (see Section 2.1). In the summer and fall seasons, upwelling events are less frequent and the mean value
of ΔpCO2 and its variability reach a minimum (Figure 1a).

The gas transfer rate (K) also exhibits seasonal variability, with the highest mean values and variances in the
springtime (April‐June) (Figure 1b). The overall seasonality of K is driven by seasonal variability in temperature,
with lowest temperatures and highest solubilities (K0) in the springtime, while the variability of K is primarily due
to variability in the gas transfer velocity (Kw) driven by variability in wind speeds (Figure S4 in Supporting

Geophysical Research Letters 10.1029/2025GL115470

SONG ET AL. 4 of 11

 19448007, 2025, 14, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2025G

L
115470 by N

O
A

A
 - Seattle, W

iley O
nline L

ibrary on [28/07/2025]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Information S1). The K values computed by the wind‐only parameterization (W14) are slightly larger and more
variable than sea‐state‐based K values (Zhou et al., 2023) during the spring season, and lower and less variable in
other months. In this region,K is more sensitive to high wind speeds inW14's approach, because high wind events
are often not accompanied by large wave heights in coastal regions. The sea‐state‐based K values are generally
higher than the wind‐based K values during the fall and winter seasons (October‐March), when wave heights peak
along the coastline due to remote storms in the North Pacific (Ma & Zhang, 2018; Méndez et al., 2008).

3.2. Monthly Climatology of Sea‐Air CO2 Fluxes

The monthly climatology of both wind‐based and sea‐state‐based total sea‐air CO2 flux exhibits a seasonal pattern
similar to K and ΔpCO2 (Figures 1c and 1d). The strongest outgassing (positive sea‐air CO2 flux) occurs during
the spring upwelling season (April‐June). This gives way to negative fluxes (indicating uptake) in the later
summer through fall seasons as upwelling weakens and surface waters warm (Walter et al., 2018). High standard

Figure 1. Monthly climatology of (a) the difference between seawater and air pCO2 (ΔpCO2 = pCO2,sw − pCO2,air), (b) gas
transfer rate K (K = KwK0) (red for wind‐based, blue for sea‐state‐based), and the sea‐air CO2 flux components computed
using the methodology in Section 2.3 using (c) a wind‐based gas transfer velocity, and (d) a sea‐state‐based gas transfer
velocity. Stars in (a) and (b) indicate monthly means, and lines mark the 25th, 50th, and 75th percentiles of all 3‐hourly data.
Whiskers extend to 1.5 times the interquartile range. In panels (c) and (d), the error bars are the standard error of the mean
flux for each month, which reflects the interannual variability of each flux component. The curve is a cubic spline
interpolation fit through the mean flux for each month.
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errors of the climatology during the upwelling season reflect the high interannual variability of the sea‐air CO2

flux, due to large variability in winds and ΔpCO2 during this time (cf. Figures 1a and 1b, and Figure S4 in
Supporting Information S1).

Notably, the monthly sea‐air fluxes calculated using monthly values of K and ΔpCO2 are always lower than the
total flux calculated using 3‐hourly data, with the most significant differences occurring from April to August.
This difference is due to the cross‐correlation flux K'ΔpCO2′ (Figures 1c and 1d). The cross‐correlation flux is
consistently positive throughout the year, due to the consistently positive correlation between K′ and ΔpCO2′
(Figure 2). This correlation peaks in the springtime (April‐June), coincident with the peak in the variability of
ΔpCO2 (Figures 1a and 1b), which leads to the largest values of the cross‐correlation flux during those months
(Figures 1c and 1d). The mechanism driving this positive correlation is likely the variability of upwelling events.
Strong winds, which correspond to large values of the gas transfer velocity, lead to the upwelling of high‐CO2

waters, which increases ΔpCO2 and the solubility K0. These upwelling periods are sporadic and not well captured
when using monthly mean values of K and ΔpCO2.

The wind‐based and sea‐state based gas transfer parameterizations yield very similar results for both the
magnitude and seasonality of the total sea‐air CO2 flux and the cross‐correlation flux (Figures 1c and 1d). The
largest difference between the two parameterizations occurs in June, when the sea‐state approach underestimates
the total flux by 0.4 molm− 2 yr− 1 and the cross‐correlation flux by 0.2 molm− 2 yr− 1 relative to the wind‐based
method. This consistency across methods underscores the robustness of the observed seasonal patterns.

If the sea‐air CO2 flux is calculated at 8‐day rather than monthly resolution (Figure S5 in Supporting Informa-
tion S1), a similar seasonal pattern to the monthly climatology emerges: outgassing and high variability during
spring and early summer, with uptake and weaker variability in later summer through fall and winter. Like in the
monthly climatology, the cross‐correlation flux is almost always positive, with just a few instances of negative
values. However, the magnitude of the cross‐correlation flux is reduced by roughly half compared to the monthly
climatology, which suggests that small‐scale temporal variability is better captured by the 8‐day climatology than
the monthly climatology.

Figure 2. The correlation between high‐frequency variations in the gas transfer rate (K′) and the sea‐air pCO2 difference
(ΔpCO2′) for each month. Stars indicate monthly means, and lines mark the 25th, 50th, and 75th percentiles of all 3‐hourly
data for that particular month. Whiskers extend to 1.5 times the interquartile range. Red symbols correspond to gas transfer
rates calculated using the wind‐based approach (W14), and blue symbols to the sea‐state‐based approach (Zhou et al., 2023).
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3.3. Annual Mean Sea‐Air CO2 Fluxes

Table 1 summarizes the annual mean of each component of the sea‐air CO2 flux. The annual mean total CO2 flux
is positive (indicating outgassing) for all the methods used here, although there is significant interannual vari-
ability as indicated by the large standard error. The annual mean monthly sea‐air CO2 flux is on average negative,
indicating net CO2 uptake by the ocean, although again there is large interannual variability. The annual mean
cross‐correlation flux is on average positive, with much lower standard error (e.g., lower interannual variability)
than the other terms, suggesting that the short‐term variability captured by the cross‐correlation flux is consistent
over time. The annual mean value of the cross‐correlation flux is about half as large when using an 8‐day
climatology compared to the monthly climatology, indicating that roughly half of the cross‐correlation flux is
due to sub‐weekly variability. The sea‐state approach has a lower annual mean total flux than that calculated using
W14. This is due to slightly stronger uptake when using monthly (or 8‐day) fluxes, as well as weaker outgassing
due to a smaller value of the cross‐correlation flux (Table 1). However, due to the large standard errors, these
differences are not statistically significant.

It is surprising that the positive annual mean sea‐air CO2 flux at the CCE2 mooring is juxtaposed with a negative
annual mean ΔpCO2 of − 6.3 ± 9.8 μatm (see Figure 1a); similarly, Frazão et al. (2025) report a negative annual
mean ΔpCO2 (− 3.4 ± 4.6 μatm) over 2010–2022 at the same location despite a positive annual mean sea‐air CO2

flux. The reason for this is, once again, the positive correlation between ΔpCO2 and the gas transfer velocity, such
that times of high ΔpCO2 in the springtime are associated with the highest gas transfer velocities.

4. Discussion
The results presented here highlight strong seasonal and short‐term variability in the sea‐air CO2 flux in the
California Current, driven by large variability in both the gas transfer rate and the ΔpCO2, and their correlations.
Much of this variability appears to be tied to variability in wind speeds, with strong springtime wind events
favoring upwelling and outgassing, and weak winds favoring net CO2 uptake. To further analyze the impact of
wind speeds on sea‐air CO2 flux, we calculated the distribution of wind speeds and the corresponding sea‐air CO2

flux (Figure 3). We find two distinct regimes. The low wind speed regime corresponds to wind speeds of less than
11 m/s, during which there is net CO2 uptake and the magnitude of the cross‐correlation term is small. This low
wind speed regime accounts for 75.5% of the observations. In the high wind speed regime (>11 m/s), there is a net
CO2 outgassing, with stronger wind speeds leading to a sharp increase in the net sea‐air CO2 flux. Although the
high wind speed regime accounts for only 24.5% of the observations, it accounts for the net annual outgassing in
this region. Notably, the cross‐correlation flux accounts for roughly 30%–40% of the net outgassing in this high
wind speed regime. Without accounting for the cross‐correlation flux, the sea‐air CO2 flux at higher wind speeds
will be significantly underestimated. This analysis confirms the suggestions of Friederich et al. (2002) based on
their findings from the 1997–1998 El Niño/La Niña event—that is, transient high‐wind‐speed events have an
outsized influence on sea‐air CO2 fluxes in this region, and much of this influence is due to correlations between
wind speeds and seawater pCO2.

An important implication of these findings is that, because of the sensitive dependence of the CO2 flux (and
particularly the cross‐correlation flux) on wind speed, it is important to use accurate high‐resolution winds that
capture local conditions. Sharp et al. (2022) calculated the sea‐air CO2 flux in 2015 using the same 3‐hourly

Table 1
The Annual Mean Sea‐Air CO2 Flux at the CCE2 Mooring and Its Standard Error, in mol m− 2 yr− 1, for Both the Monthly and
8‐Day Climatologies, Using Both Wind‐Speed Based (W14) and Sea‐State Based (Zhou et al., 2023) Gas Transfer Velocity
Formulations

Climatology Gas transfer formulation Total flux Monthly flux or 8‐day flux Cross‐correlation flux

Monthly Wind speed 0.16 ± 0.72 − 0.21 ± 0.67 0.36 ± 0.18

Sea state 0.04 ± 0.70 − 0.24 ± 0.63 0.30 ± 0.14

8‐day Wind speed 0.12 ± 1.03 − 0.06 ± 0.99 0.18 ± 0.20

Sea state 0.02 ± 0.94 − 0.12 ± 0.94 0.16 ± 0.16

Note. The sum of the monthly flux (or 8‐day flux) and the cross‐correlation flux may not exactly match the total flux due to
rounding errors or small values of the third term in Equation 3.
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resolution CCE2 data used here, and obtained an annual mean sea‐air CO2 flux of − 0.18 mol m− 2 yr− 1 using the
W14 formulation. However, we calculated an annual mean sea‐air CO2 flux in 2015 of − 0.43 mol m− 2 yr− 1 using
the W14 formulation (− 0.45 mol m− 2 yr− 1 using the sea‐state formulation; Figure S6 in Supporting Informa-
tion S1). The key difference between our methods lies in the choice of wind speed data: we utilized in‐situ wind
measurements from the nearby West Santa Barbara buoy, while Sharp et al. (2022) used winds from the ERA5
reanalysis product. The meteorological buoy data should capture localized wind conditions specific to the region
better than the reanalysis product, including higher wind speeds during upwelling events, which can be under-
represented in reanalysis products (Nickford et al., 2024). This aligns with findings from Nickford et al. (2024),
who found that substituting in‐situ wind measurements with reanalysis winds underestimated CO2 uptake by up to
9%, particularly during high wind conditions.

5. Conclusions
Our study provides a detailed analysis of the seasonal and short‐term variability in sea‐air CO2 fluxes in the
nearshore California Current. By developing a climatology of sea‐air CO2 fluxes from 10 years of 3‐hourly
resolution data, we found that the net sea‐air CO2 flux along the outer California shelf is strongly positive
(outgassing) in the springtime upwelling season, and weakly negative during most other seasons. On average, this
leads to a net annual outgassing of CO2 at this location of 0.16 ± 0.72 mol m− 2 yr− 1 using the W14 gas transfer
formulation, as opposed to a negative flux (uptake) of − 0.21 mol m− 2 yr− 1 (− 0.06 mol m− 2 yr− 1) if only monthly
(8‐day) data are used. It should be noted that this seasonal pattern is superimposed on significant year‐to‐year
variability in the sea‐air CO2 fluxes, rendering the long‐term mean flux reported here only appropriate for the
2011–2020 period.

A significant driver of the overall net outgassing of CO2 at this location is the correlation between high‐frequency
gas transfer rates and seawater pCO2. Here, we defined a “cross‐correlation flux” to explain the difference be-
tween the sea‐air CO2 flux computed from high‐resolution (3‐hourly) data and that computed from monthly data.
The magnitude of this cross‐correlation flux was 0.36 ± 0.18 mol m− 2 yr− 1 when using the W14 gas transfer
formulation. For comparison, the net sea‐air CO2 flux for the global coastal ocean is − 0.48 mol m− 2 yr− 1, based
on a compilation of monthly‐averaged pCO2 products (Resplandy et al., 2024). Thus, if the magnitude of the
cross‐correlation term in other coastal regions is similar to that in the coastal California current, this commonly

Figure 3. Wind distribution and average sea‐air CO2 flux calculated using the W14 parameterization for Kw. The black curve
shows the number of wind speed observations, discretized at 1 m/s intervals. The histogram shows the corresponding net sea‐
air CO2 flux at each wind speed interval. The blue bars are the net sea‐air CO2 flux computed from 3‐hourly resolution data,
and the red bars represent the value of the cross‐correlation flux.
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neglected term could dramatically weaken the CO2 sink of coastal ocean. This illustrates the critical need to assess
the cross‐correlation fluxes in other coastal regions, since high‐frequency variability in pCO2 and wind has been
commonly observed (e.g., Gago et al., 2003; Li et al., 2020; Saderne et al., 2013).

Several other key findings emerge from our study. First, the influence of higher‐frequency variability on the net
sea‐air CO2 flux depends on the gas transfer parameterization used. Overall, we found a slightly higher influence
when using a wind‐based parameterization (W14) than a sea‐state based parameterization (Zhou et al., 2023).
Second, because the sea‐air CO2 flux (and especially the magnitude of the cross‐correlation flux) is very sensitive
to the wind speed distribution and the frequency of high‐wind events, it is important to compute sea‐air CO2

fluxes using an accurate wind product. Here, we used local winds from a nearby meteorological buoy, which have
been shown to better capture high‐wind conditions than reanalysis wind products (e.g., Chiodi et al., 2019;
Nickford et al., 2024). Overall, our findings emphasize the need for continuous and high‐frequency measurements
to accurately capture the complex dynamics of sea‐air CO2 fluxes, particularly in coastal upwelling regions. It
remains an open question whether high‐frequency variability plays a large role in determining the magnitude of
the global ocean carbon sink, but based on the results presented here, it would be prudent to investigate this.
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