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Figure S1: Correlation plots between TCCON XCH4 and EM27/SUN XCH4 retrievals
during side‐by‐side measurements made for each intensive measurement period.
The calibration data for each season is shown in a different color and each
instrument's offsets are shown in a separate panel.

Text S1: Horizontal Transport Error Calculation
To assess the effect of errors in our WRF fields on our STILT enhancements we
created a set of STILT trajectories that were perturbed with a random wind
component that was parameterized to model the random error in our WRF fields
(Lin et al., 2005). The statistics for the random component for each measurement
day were calculated by comparing data from the ASOS network (retrieved from
https://mesonet.agron.iastate.edu/request/download.phtml?network=CA_ASOS#)
and from a NOAA PSL radar wind profiler located near the Visalia site
(retrieved from https://psl.noaa.gov/data/obs/datadisplay/). The PSL data was used
to calculate the vertical correlation  length scale for errors in the WRF fields by fitting
an exponential curve to the  experimental variogram of the WRF-profiler errors. The
RMSE between the ASOS data and the WRF 10m wind averaged over both velocity
components  was used to define the SJV wide size of the error component. The
ASOS data was also used to define the horizontal correlation lengths scale and the
correlation time of the errors by fitting an exponential variogram to the data. These
statistics were calculated with data from 20:00 local time on the night before the
measurements to 17:00  local time on the day of the measurements based on the
temporal sensitivity of the observations described in the main text.

We ran STILT with and without this perturbation for 24 hours. For both the
perturbed and unperturbed sets of trajectories, we took bootstrap samples (n=100)
of trajectories and calculated the STILT XCH4 enhancement for each of these
bootstraps samples (n=100). The squared rooted difference in variance between
these two sets of bootstraps was taken to represent the uncertainty in the STILT CH4

signals introduced by uncertainty in WRF horizontal transport meteorology at each
release level used in the XCH4 column. The error profile was converted to a XCH4

model error by calculating the sum of the errors in quadrature weighted by the
pressure weighting function for the XCH4 integration (Wu et al., 2018). The
covariance between the error profile heights was accounted for by fitting a gaussian
correlation height for the profile errors for each instrument and days to the
experimental variograms and including this covariance in the sum. The correlation
height across all days was on the order of 1300 m.

Reference:
Lin, J. C. (2005). Accounting for the effect of transport errors on tracer inversions.
Geophysical Research Letters,32(1). doi: 10.1029/2004gl02112
Wu, D., Lin, J. C., Fasoli, B., Oda, T., Ye, X., Lauvaux, T., . . . Kort, E. A. (2018, Dec).A
Lagrangian approach towards extracting signals of urban CO2 emissions from
satellite observations of atmospheric column CO2 (XCO2): X-Stochastic
Time-Inverted Lagrangian Transport model (“X-STILT v1”).Geoscientific Model
Development,11(12), 4843–4871.doi:10.5194/gmd-11-4843-2018
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Figure S2. Plot of STILT back trajectories released from each EM27/SUN instrument
at 21:00 UTC at 100m on July 22nd, 2019. Trajectories are coloured by their time
from release.

Figure S3. Plot of STILT back trajectories released from each EM27/SUN instrument
at 21:00 UTC at 100m on September 12nd, 2019. Trajectories are coloured by their
time from release.
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Figure S4. Plot of STILT back trajectories released from each EM27/SUN instrument
at 21:00 UTC at 100m on January 22nd, 2020. Trajectories are coloured by their time
from release. Notably the path of the trajectories out of the SJV appear qualitatively
different.

Figure S5. Plot of STILT back trajectories released from each EM27/SUN instrument
at 21:00 UTC at 100m on January 27th, 2020. Trajectories are coloured by their time
from release
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Figure S6. Plot of STILT back trajectories released from each EM27/SUN instrument
at 21:00 UTC at 100m on January 30th, 2020. Trajectories are coloured by their time
from release

Figure S7. Plot of STILT back trajectories released from each EM27/SUN instrument
at 21:00 UTC at 100m on February 3rd, 2020. Trajectories are coloured by their time
from release
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Figure S8. Plot of ASOS stations in the SJV. The EM27/SUN locations are shown as
dia-monds and the stations are shown as circles. The radar profiler station is shown
as a star

Text S2: Alternative Background Methods
In addition to the CAMS based background modeling outlined in the main text, we
applied two alternative methodologies to account for the XCH4 background to
ensure that our emission estimates were not overly sensitive to our background
method.

The first of these was a data driven background estimation methodology described
by Jones et al. (2021). Their methodology optimizes a spatially uniform and
temporally autocorrelated background XCH4 time series at a defined lateral
boundary, B(t), during the optimization of the emission scaling factors. The effect of
this time series on each measurement time and instrument is calculated by defining
a “background influence matrix” which assigns a relative weight to each value of B(t)
at each measurement time and instrument based on the number of trajectories that
reach the boundary at each background time.  XCH4 rather than XCH4 gradients are
used in their method, removing the need to select a background instrument that
must be subtracted from the others. We used the error statistics on B(t) suggested
by Jones et al. (2021) in their analysis (10 ppb error with an exponential correlation
time scale of 3 hours) and set its a-priori value as the lowest of our instruments’
measured XCH4 on each day. We defined the lateral boundary for the method as the
coordinate boundaries of the San Joaquin Valley counties. The assumption that B(t)
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is uniform seems justified along the SJV boundary as air in the SJV is  sourced from
the Pacific with no major upwind sources.

We note, however, that because this methodology estimates a full background time
series, there are many more fit parameters compared to the CAMS based analysis.
This may lead to overfitting of the data. Additionally, Jones et al. applied their
methodology to a network of 6 instruments compared to our 2-3 instrument
network.

The second method we implemented was to take the minimum measured XCH4 on
each campaign day as a temporally constant background for all the instruments on
that day. This value was added to the STILT emission enhancements giving XCH4

signals that could be compared to the measurements. The background in this
method was taken as fixed and only the emission scaling factors were optimized.

The emission scaling factors on each day using these methods are shown in Table
S1 and comparisons of the model and measurements are shown in Figures S9 and
S10. All 3 methods give similar emission values and uncertainties except the
minimum background method inferred significantly higher emissions on January
22nd. This is likely because of the elevated CH4 observed at Cantua Creek on this
day. The STILT model gives very little emissions signal to this site and in the two
other methods, the background CH4 is adjusted to account for this while the
minimum background method increases emissions instead.

The RMSE for the two methods outlined here also have a slightly smaller RMSE on
most days than the CAMS method outlined in the text.

Reference:
Jones, T. S., Franklin, J. E., Chen, J., Dietrich, F., Hajny, K. D., Paetzold, J. C.,. . . et
al.(2021, Jan).Assessing urban methane emissions using column observing portable
FTIR spectrometers and a novel bayesian inversion framework.Atmospheric
Chemistry and Physics Discussions .doi:10.5194/acp-2020-1262

9



Figure S9: Comparison of measured XCH4 signal to our a-posteriori model signal
after a Bayesian inversion using Jones et al.’s background estimation method. Error
bars on the measured signal are the 1 hour standard deviation of our measured
gradients. The error on the optimized model signal represents a bootstrap standard
deviation of the a-posteriori model prediction distribution. Lines in the plots are
coloured by measurement locations. Solid lines represent measured XCH4 and
dotted lines represent the a-posteriori modeled XCH4 . Different instruments are
shown in different colors. Times are in the local timezone (US/Pacific). The root
mean square error between the optimized model and measurements as well as the
a-posteriori dairy emissions scaling factor are also shown.
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Figure S10: Comparison of measured XCH4 signal to our a-posteriori model signal
after a Bayesian inversion assuming a fixed background equal to the minimum
observed XCH4 on each day. Error bars on the measured signal are the 1 hour
standard deviation of our measured gradients. The error on the optimized model
signal represents a bootstrap standard deviation of the a-posteriori model
prediction distribution. Lines in the plots are coloured by measurement locations.
Solid lines represent measured XCH4 and dotted lines represent the a-posteriori
modeled XCH4 . Different instruments are shown in different colors. Times are in the
local timezone (US/Pacific). The root mean square error between the optimized
model and measurements as well as the a-posteriori dairy emissions scaling factor
are also shown.

Text S3: WRF Boundary Layer Parameterization

Past work in the San Joaquin Valley using the WRF-STILT model has used different
planetary boundary layer parameterisations in their models (Jeong et al., 2013,
Bagely et al., 2017, Jeong et al., 2016). These works found that different boundary
layer schemes were needed in different parts of California and in different seasons
to accurately represent boundary layer meteorology and trace gas concentrations.
Specifically, Bagely et al. (2017) found that during November, 2013 to January, 2014,
the Yonsei University boundary layer parameterization (YSU) more accurately
represented mixing in the southern end of the SJV while the Mellor–Yamada
Nakanishi Niino (MYNN) scheme more accurately represented mixing in the
northern end. During the other seasons of their measurement period, they found
the MYNN scheme was more accurate.

11



During the January, 2020 measurement days we found that the MYNN model had a
1.6 ppb smaller RMSE than the YSU model relative to the XCH4 measurements. Both
model signals are plotted in Figure S11. We also found that both models showed
similar surface wind and temperature biases relative to the ASOS network as shown
in Figure S12 and S13. Based on this we used the MYNN parameterization in the
modelling work in the main text.

The MYNN model predicted somewhat higher top down emissions on all the January
measurement days but these were within the 1 sigma uncertainty of both
optimizations.

Date MYNN RMSE
(ppb)

YSU RMSE
(ppb)

MYNN Dairy
Scaling (%)

YSU Dairy
Scaling (%)

Jan 22, 2020 9.4 11.9 106 +/- 15 81 +/- 12

Jan 27, 2020 6.7 7.1 68 +/- 15 44 +/- 12

Jan 30, 2020 18.6 19.7 80 +/- 23 69 +/- 30

Table S2: Comparison of fit results using YSU and MYNN WRF parameterizations

Reference
Bagley, J. E., Jeong, S., Cui, X., Newman, S., Zhang, J., Priest, C., … Fischer, M. L. (2017).
Assessment of an atmospheric transport model for annual inverse estimates of
California greenhouse gas emissions. Journal of Geophysical Research: Atmospheres,
122(3), 1901–1918. https://doi.org/10.1002/2016jd025361
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Figure S11: Plot of STILT XCH4 signals generated with the MYNN and YSU WRF
parameterization during January, 2020 measurement days. Signals at different
measurement locations are shown in different colors and each parameterization is
shown in a different linestyle.

Figure S12: Scatter plots showing a comparison of 2m temperature for the MYNN
and YSU WRF planetary boundary layer parameterizations relative to the ASOS
network in the SJV during the 3 January, 2020 measurement days. The plots show
that the error of both WRF fields are correlated and show that the MYNN model has
a slightly smaller bias and RMSE.
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Figure S13: Scatter plots showing a comparison of 10m wind velocity components
for the MYNN and YSU WRF planetary boundary layer parameterizations relative to
the ASOS network in the SJV during the 3 January, 2020 measurement days. The
plots show that the wind error of both WRF fields are correlated, show that the YSU
model has a slightly smaller RMSE error in both components and both components
show a small and similar bias.

Datasets:

The datasets described below are available at https://osf.io/gnfb4/

Data Set S1: GGG-2014 Official Output Files for the EM27 measurements.

In the OSF folder called EM27 Data are retrievals of greenhouse gases from the
EM27/SUN interferograms. The interferograms were processed with GGG-2014.
Retrievals are uploaded for both the field campaigns and the side by side
measurements that were used to calibrate the instruments. A readme file is
included in the folder detailing the location of each instrument on each
measurement day

Data Set S2: WRF STILT Footprints for each instrument and measurement day.

Netcdf files containing XCH4 sensitivity footprints for the instruments are available
on each measurement day in an archive in the OSF STILT footprints folder. The
footprints are unintegrated in time so there is a footprint representing the influence
of emissions released at different times (foot_time) at each instrument observation
step (recep_time) in the files. Additionally, the location of the endpoints of each back
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trajectory  and start location meteorology for each instrument on each
measurement day is available in the folder.

Data Set S3: WRF and ASOS 10m winds in the San Joaquin Valley during
measurement days

Data tables with hourly averaged 10m wind vector components and 2m
temperature from the ASOS stations in the SJV are located in the WRF ASOS 10m
Winds folder. Variables from the WRF fields used in the manuscript at each station
are also included in the text files. A text file in the folder outlines the location of each
ASOS station.

Data Set S4: WRF and PSL 915 MHz radar wind profile at the Visalia site during
measurement days

Data tables with hourly averaged and 100 vertical height average wind velocity
profiles collected at a NOAA 915 MHz radar wind profiler located at Visalia (36.3267,
-119.3986) are provided in the WRF PSL Wind Profiles folder on the OSF site. WRF
winds at each location are also included in the files.
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