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Abstract

We present a top-down method to derive carbon dioxide (COsz) emissions from mofettes,
using only point measurement time series at irregular locations. Notably, no wind vector
information is needed, as gas transport is derived from cross-correlations between sensor
stations and subsequently integrated using Gauss’ divergence theorem. The method is
applied to an existing low-cost sensor network at the Starzach site near the Black Forest
in Germany, for which no comprehensive estimate of the total emissions exists yet. For
validation, we use previous bottom-up measurements of individual mofette degassing
and a Gaussian puff approach. Over a period of one and a half months around

August 2022, we determine an average CO, emission rate of 3266 kg d 1442 % over

a 400 m? area. This result is larger than expected and suggests that diffuse degassing
plays a more important role at site than previously assumed. The method could also be
applied for real-time monitoring of leaky Carbon Capture and Sequestration (CCS)
sites, for which the Starzach site is a natural analog.

Author summary

The Starzach site in south-western Germany emits natural carbon dioxide (CO3) from
vents in the ground, called mofettes. Until now, no comprehensive estimate of the total
emissions at the site was made, only specific mofettes were measured to emit

roughly 500 kilograms of CO, gas per day. We use data from our low-cost COy sensor
network at the Starzach site to calculate the total emissions of a 400 m? area. We do not
need wind measurements, because our method finds similarities between neighbouring
CO;3 measurements to determine the gas movement between them. In late summer of
2022, our method finds the total CO5 emission at the main Starzach mofette area to
be 3266 kilograms per day on average. This is more than expected and suggests that a
significant amount of COs is emitted invisibly through smaller holes in the soil, not only
through big mofettes. Our method could also be applied for real-time monitoring

of Carbon Capture and Sequestration (CCS) sites, where CO4 was forcibly injected
deep into the ground to reduce atmospheric concentration and thus global warming.

Introduction
The greenhouse gases (GHGs) carbon dioxide (CO3), methane (CHy) and nitrous

oxide (N2O) are major drivers of global warming [1}2], with COy having the strongest
effect due to its increasingly high concentration in the Earth’s atmosphere. Location
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and quantification of GHG emission sources is thus a vital step in identifying hotspots
and verification of reduction methods. Both are tasks the countries under the Paris
Agreement |3]| have committed to, by keeping up-to-date emission inventories. In
Germany for example, the Integrated Greenhouse Gas Monitoring System for
Germany (ITMS) is a project working towards these tasks [46].

There is no single best method for such GHG emission quantification, as every
approach fits a certain spatial and temporal scale of interest and requires specific data
to exist, mostly atmospheric GHG concentrations and the wind field. While bottom-up
approaches sum or extrapolate direct or indirect emission measurements at known
sources, top-down methods use amospheric measurements to estimate the total emitted
amount over an area [7,8]. Bottom-up and top-down estimates can differ significantly,
with bottom-up being known for yielding lower total emissions because not all sources
are known or their emissions being underreported [9/10]. If however the sources are
known precisely, bottom-up estimates directly at their locations are more accurate,
although their temporal resolution and long-term consistency are often lacking [11].

There exist several top-down trace gas emission quantification methods. As the
transport of a trace gas in the atmosphere is governed by the equation of continuity,
Fick’s laws of diffusion, and ultimately the Navier-Stokes equations, common
approaches for GHG emission quantification and source location are based on these
physical laws, combinations or simplifications of them. Solving these equations
numerically is done with Eularian atmospheric models such as ICON [12]|, PALM [13],
MITRAS [141[15] and many others depending on the scale and complexity of interest.
Provided initial and boundary conditions, preparatory work and significant
computational resources, these eventually yield continuous fields of wind vector and
potentially also trace gas concentrations for the simulated domain. This presents a
versatile base for a variety of emission quantification schemes, most prominently inverse
modelling by either solving a linear relationship between sources in the model and
observations [16] or by simulating backwards transport of (an ensemble of) particles
from observation points back to the sources. Examples of the latter are the inverse
Lagrangian transport models HYSPLIT [17], STILT [18] and FLEXPART |[19|, which
differ for example in their stochastic representation of turbulence.

In case no continuous Eularian model output is available, relying exclusively on
measurements is possible for example by solving the Advection-Diffusion
Equation (ADE) [20]. If numerical solving is unviable, common simplified analytical
solutions of the ADE are the Gaussian plume or puff equation [20], which allow for
quick simulation of concentration profiles or time series given meteorological conditions
such as wind and atmospheric stability. Fitting a Gaussian plume or puff to
concentration measurements with large, distinct peaks from emission events then give
an estimate on the emitted mass of gas.

An even more rudimentary approach (often referred to as “mass balance approach”)
is based on the divergence theorem, where fluxes through a boundary around an
emission hotspot are parametrised through wind and concentration measurements and
then integrated to estimate the mass flow at the hotspot [?,21|, potentially in
combination with a Gaussian puff model [22]. A particular in-situ measurement type
that provides both wind, concentrations, and gas flux data is the eddy covariance (EC)
method, where fast measurements of the wind vector are correlated with fast trace gas
concentration fluctuations to measure the turbulent transport by eddies directly |23].
While the quality of EC measurements is high, equipment is expensive, and the theory
is difficult to apply in complex terrain or for inhomogeneous emissions |24] as the
footprint of this single-point measurement depends heavily on the atmospheric
conditions, raising representativeness concerns [25]. Furthermore, the standard EC
method aims to quantify vertical turbulent gas transport resulting from the interplay of
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concentration and wind fluctuations and specifically neglects horizontal or advective
fluxes with the mean wind, which might be very relevant depending on the site.

All of the above methods require knowledge of the wind vector, either by simulation,
measurements, or assumptions. Furthermore, it is implicitly assumed that the trace gas
of interest is transported directly with this wind vector. If for a GHG emitting site the
prerequisites for the none above methods are satisfyingly fulfilled, custom solutions need
to be developed. This can be the case for emission sites well in the meteorological
microscale (spatial scale below 1km) with heterogeneous emissions, and/or in complex
terrain with intricate slope flows, heavy vegetation or small-scale features that reduce
representativeness of wind measurements. The Starzach site, a site near the eastern
slope of the Black Forest with natural, non-volcanic, magmatic CO5 emissions from
mofettes [26], falls into this category.

In the following, we present a top-down method for quantifying the CO5 emissions at
the Starzach site, based solely on CO2 point measurement time series at irregular
locations with no wind vector required. We cross-correlate sensor time series to
reconstruct the near-surface COy movement vector field, then apply the divergence
theorem during situations of low vertical mixing to integrate the total emitted CO5 flux
over the area. The results are compared to previous bottom-up estimates and a
Gaussian puff model approach.

Materials and methods

The Starzach site

The upper Neckar river valley east of the Black Forest in southern Germany is known
for its natural CO2 emissions of non-volcanic, magmatic origin [26]. During the 20th
century, CO2 gas was mined industrially in the area until yields eventually declined
drastically, so that after around 100 years, practically no COy exhaust was observable
anymore [26]. In the 1980s, at the peak of active industrial extraction, individual wells
in the Neckar valley, for which data exists, typically extracted 1000-4000t yr—*
(2800-11 000 kg d—!) of CO2, mostly by actively lowering the groundwater level with
pumps to ease gas uprise [26]. The Starzach site is one of these extraction sites, located
at a northern slope in the Neckar valley, with orographic structures, vegetation and
trees far smaller than the resolution of common global circulation models (GCMs) or
reanalyses datasets. To the authors’ knowledge, no tailored wind field simulations exist
for this region. Focused points of CO4 exhalation (mofettes) with diameters up to 30 cm
are scattered across the site, primarily along a north-westerly line, where a geological
fault is suspected [26L]27]. The main mofette area of interest in this analysis has
an extent of 20m x 20m. Over the 20 years after the termination of CO2 mining,
mofette activity gradually returned. In 2015, the mofette that was most prominent at
the time was measured to emit around 75kgd ! [29]. A three meter deep groundwater
well that was added in 2014 has since transformed into the site’s most active mofette,
for which direct measurements yielded average emission rates of 465kgd ! in
winter 2022 [28], and roughly 520kgd~! in summer 2023 |30]. All these post-mining
bottom-up measurements were performed by direct quantification of CO5 exhaust with
gas funneling systems, but different equipment. They suggest an overall trend of
increasing CO9 emissions at the site over the years and a possible seasonal cycle due to
variable groundwater levels. Judging from the previous measurements, the amount and
visual activity of the mofettes in the core Starzach mofette area , a rough
estimate of 1500 kg d ™! of total emissions exclusively from individually identified
mofettes can be made.

As CO; gas is nearly twice as dense as air under standard atmospheric conditions, it
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Fig 1. The Starzach site’s main mofette area. Axes are in Universal Transverse
Mercator (UTM) coordinates, offset from a value indicated at the upper end of each
axis to keep numbers concise. Background picture taken by Martin Schén through aerial
imaging in 2019. Purple stars indicate the visibly most active mofettes. Smaller
mofettes and diffuse degassing area are not shown. The labels S6 through S26 indicate
the positions of individual CO2 monitoring stations. For a broader overview of the site
and measurement system we refer to our previous publications .

tends to flow or settle at the ground. This is visually evident for example

in Plate 4 of from a smoke bomb plume following the terrain together with CO,
from a gas vent in Italy, and an ice trail emerging from a Starzach mofette during
winter in Fig 2b of . Consequently, quantification efforts of the CO5 emissions in
Starzach must take this low-level horizontal gas flow into account by measuring close to
the ground. Notably, the typical meteorological wind measurements in 2m height above
ground can not be used as a reliable proxy for near-surface COs movements.
Furthermore, classic eddy covariance measurements of the vertical turbulent COq flux
would be expected to dramatically underestimate the total emissions.

Starting in 2018, a low-cost near-surface CO4 sensor network (Sensirion SCD30) and
other meteorological equipment has been gradually deployed there for testing of
different configurations and sensors , revealing a distinct diurnal pattern of wind
direction due to the valley orography and very low wind speeds at night. This inhibits
mixing and removal of COy and thus causes a significant diurnal cycle of near-surface
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Fig 2. Typical 24 hour time series of a near-surface CO, station 6 at the
Starzach site’s main mofette area with global average COs concentration reference
of 415 ppm [2] (top), and peak duration and time between peaks (bottom).

atmospheric COy concentrations up to 40 000 ppm (4 vol%, a 100-fold increase over the
average atmospheric concentration) at night . shows a typical diurnal
near-surface CO5 time series at 30 cm above ground with peak analysis. Stations are
equipped with Sensirion SCD30 CO5 sensors queried with the fastest measurement
interval of two seconds. The stations usually observe around 1000 CO, concentration
peaks (i.e. local maxima) per day, recurring in intervals of ten seconds up to a few
minutes, and shorter peak durations of a few seconds up to a few minutes. During the
day, peaks are slightly more frequent and shorter than during nighttime, while peak
magnitude is mostly independent of time. Previous studies have shown, that the CO2
degassing of an individual Starzach mofette does not exhibit any diurnal pattern ,
so this temporal difference can be explained with increased atmospheric mixing at
daytime. Peak duration and intervals have a similar magnitude, which often causes
significant overlap between peak flanks. Together with the high number of individual
peaks, this complicates their isolation for fitting of Gaussian puffs or solving the ADE
directly. Other gas emission quantification studies, like detection of industrial methane
leaks or ship emissions with comparable release rates as the Starzach site at an order of
magnitude of 1000kgd ! =~ 40kgh~!, typically fit Gaussian puffs or plumes to time
series with 1-100 daily peaks (or “events”) . This is a lot less than in the present
Starzach data and consequently results in much reduced or no peak

overlap — often a requirement for peak detection above a certain baseline and
subsequent fitting. In fact, Gaussian puffs are generally used to quantify individual and
separate release events, not a mostly continuous stream of gas emissions with only
intermittent interruptions as found at the Starzach site.

CO; Movement Tracking

With no representative near-surface wind vector field available to parametrise COq
movement, we opted for a statistical approach as a proxy. The COs concentration time
series exhibit a large amount of local maxima , of which distinct patterns are
often recognisable between neighbouring stations A and B at positions pa[m] and pg[m]
respectively. The time shift Atap[s| between these matching peak patterns is a function
of time ¢[s| and a proxy for the duration it takes a packet of CO2 to move from station A
to station B. With the distance vector dap (| = P — pa pointing from station A to
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Fig 3. Time series of CO; concentration, best cross-correlation and shift of
two stations at the Starzach site. Time series of station 6 and station 26 (top) are
cross-correlated in a 10 min rolling window to determine the shift between
them (bottom) from the highest cross-correlation value (center). In the lowest panel,
the y-axis has a symmetric logarithmic scale, but the region —10 to 10s is scaled
linearly. See for a zoomed view.
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Fig 4. Zoomed view of A positive shift in the lowest panel means that the
time series of of station s6 needs to be moved forward in time (into the future) to
match the time series of station s26.

station B, an estimate for the COs movement speed vector uap [m s"} can be derived: 151
dap
Uap (t _— 1
(t) = Atag (t) M

To calculate Atap, we apply a 10 min-rolling window to each station combination 152
pair. In this window, we determine the best-matching time shift from the maximum of 1s3
the cross-correlation function of the two stations’” CO5 concentration time series. Each 15
station in the sensor network delivers CO2 concentration data roughly every two 155
seconds, which is the sensor’s fastest measurement rate. We resampled and interpolated — 1ss
all individual station data to one-second intervals for a common time resolution, so this s

rolling cross-correlation yields best-matching time shifts Atap and the respective 158
correlation values Rapg|l] at a rate of 1 Hz, which are shown in and foran s
exemplary day (31.07.2022) and station pair (stations 6 and 26). The window size 160
of 10 min was chosen, so enough surrounding peaks provide context for the 161
cross-correlation to be meaningful. In other setups, this window size might need 162
adjustment. 163
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The magnitude of correlation between two stations varies significantly and covers the
entire range from 0-100 % (Fig 2| and [Fig B)). For this examined day, the stations closest
to the central mofette have the highest correlations with each other, while stations from
opposites sides of the area expectedly correlate poorly. The raw values of Atap can
jump erratically when there is a change in peak patterns that causes the
cross-correlation to be numerically larger for a shift of opposite sign (Fig 3)). When the
overall level of correlation is high, this happens less or not at all o extract a
more robust estimate of time shift Atap between stations, another 10 min rolling
average was applied, weighted with the best cross-correlation Rap raised to a power of
six to filter out low correlation values.

Applying this rolling cross-correlation now contains COs movement speed
information on any line connecting a pair of stations. To map this irregularly
distributed ©Wap data onto a regular grid, we perform a weighted average, so the final
CO2 movement speed estimate o, ms '] in a grid cell center at location Flm] is an
average of all available ©ap estimates:

2_aB WAB (t,P) - UaB (1)

ﬁCOQ (tam = ZAB WAB (t7m (2)

weighted average of all speed estimates

CO5 speed estimate
with the following weight wap[1]:
dAB‘

Im

wap (b7) = (Ras (£)® - exp (SdeB@> e
——— —_————

S5m (3)

CO2 speed weight best correlation
distance to both stations
distance between stations

where sdf op () [m] is the closest distance of point p to the line segment connecting
station A and B, also known as the signed distance function |35]. The weight wap
ensures that highly-correlated, close neighbours, in the near vicinity are prioritised. The
arbitrary normalisations of the individual factors of were chosen in accordance
with the extents of its input variables and might need adjustments in a different setup.
The product of CO2 movement speed and mass concentration Cco, :kg m :‘} then

yields the CO5 mass transport or flux Fcoz [kgm=2s71]:

Fco, (t,9) = dco, (t,5) - Cco, (,9) (4)

Similar to @co,, for Cco, we average all concentration measurements weighted with
the exponentially decaying distance to the respective station and a decay length of 1m
to inter- or extrapolate it to any location p.

This presented cross-correlation method of estimating gas transports is inherently
independent of spatial dimensionality, so it can be applied in one, two or three
dimensions. In our case, we only have CO5 data available in 30 cm height above ground,
so we use a two-dimensional grid. In theory, ﬁcoz can now be integrated over an
arbitrarily-chosen boundary of interest (“mass balance approach”) to determine the total
flow of CO2 mico, [kg s’l} out of the region. However, unless this boundary is placed
between stations, which dramatically restricts the total possible area and is thus wasteful,
the representativeness of ﬁCOQ at the exact boundary can be doubted. Furthermore, all
other arguably more representative data inside the volume of interest is ignored. So
instead, we employ Gauss’ divergence theorem [36], which allows to substitute the
surface-integral over the boundary S [mz} with a volume-integral over the divergence:

mco, = / ﬁco2 (t,p)dS = / V- ﬁco2 (t,p)dV (5)
——" S 14

emission rate

mass flow through boundary mass emergence within boundary
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Fig 5. Boxplots of the best cross-correlation Rap between CO- time series
during one day (31.07.2022).

This emission rate mco, can then be integrated over a time frame of interest, such as
one day, to calculate the total emitted mass of COs.

Verification with Gaussian Puff Model

To verify the COz emission rate rco, derived with we use the well-established
Gaussian puff method to simulate CO5 transport from a mofette to a sensor station.
This requires selecting one of the many available Gaussian puff equations and
parametrisations, which is physically sensible and appropriate for fitting to observed
Starzach COs time series. We start with the Gaussian puff equation for the
concentration C’[kgm"’ﬂ with reflection at the ground and no wind shear [20}37]:

2 2 2 (Ctuta)?
\/im _ (z+2z0) _(2—20) _;j_;f;)
e e Y z

C(tayz) = I e e (6)

47T%010'y0'Z
where mkg| is the instantaneously emitted mass, ¢[s| the time since the emission
event, x[m| the downwind distance, y[m| the crosswind distance, z[m| the height above
flat ground, zo[m| the height of the emission source and o, oy, 0. [m] the puff spreads in
the respective spatial directions. In this form, with constant puff spreads o;, an emitted
packet of COs moves with invariable speed and shape. While this is a physical
solution of the advection-diffusion equation, constant puff spreads o; are

unrealistic - a puff’s extent does change gradually after its release [38|. It is thus
common to parametrise the spreads o; with monotonic functions such as a power-law or
a function that can be approximated by a power-law, either in terms of time ¢ [38H41]:

oi (t) = a;t" (units: [o;] =m, [t] =s, [a;] =ms™", [b;] =1) (7)
or in terms of downwind distance x [34|42-44]:
oi (r) = a;z% (units: [o] = m, [a;] =m, [z] =m, [b]=1) (8)

Despite the original parametrisation being in terms of time ¢ when the Gaussian puff
model was introduced nearly a century ago |45, parametrisation in terms of downwind
distance z have been more widely established - presumably because x is easier to
quantify than travel time t. Therefore, several empirical tabular and graphical charts for
parametrisations of puff spreads in terms of downwind distance x exist [46,{47]. Due to
the occurrences of the o; in these two parametrisations result in drastic
differences in the simulated puff shape in space and time, and for the fulfillment of mass
conservation. These differences are summarised in [Table 11

Mass conservation: Integrating the concentration over the entire spatial domain of
a Gaussian puff yields the total distributed mass myqs[ke], which should amount to the
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Parametr. — with time: o; (t) = a;tb with distance: o; (z) = a;z%
fulfilled for b, < 1
nass fulfilled initial overestimation® for 1 < by < 1
Conservation mitial overes 11{1& 0on or B) z <
not fulfilled for b, > 1
peak shape asymmetric, “backward-leaning”

symmetric, Gaussian

in distance z (steep increase, shallow decrease)

peak shape asymmetric, “backward-leaning” . .
P L symmetric, Gaussian
in time ¢t (quick increase, slow decrease)
eak variable speed and mostly # 7,
p with speed u, everywhere artifacts with backwards-moving peak
movement B

when off-axis (|y| > 0) and b; > é

different everywhere and mostly # ¥,
peak artifacts where peak can arrive earlier with speed u, tpear = i
arrival time downstream than upstream when i.e. peak arrives as “wall” everywhere

off-axis (|y| > 0) with b; > %

*only z > 0 can be considered in here, so there is an initial phase where 50 % < % < 100 %,
because diffusion in the backwards direction causes matter to be present at z < 0, thus not contributing
to Mtot -

Table 1. Qualitative comparison of Gaussian puff spread ¢; parametrisations

in terms of time or distance, based on [Eq (6)| with realistic (i.e. physically sensible or
for Starzach data well-matching) and unphysical properties marked with color.

initially emitted mass m if mass conservation is fulfilled. In the case of [Eq (6)] this

reads:
oo o0 oo mass

conservation
Miot :/ / / C(t,z,y,2z) dedydz L m (9)

0 —oo —oo

For time-based o; parametrisation, the emitted puff mass is always conserved.
Distance-based o; parametrisation on the other hand only eventually (¢ — oco) conserves
mass for moderate mixing along the direction of flow (b, < 1), but linear or superlinear
longitudinal spreading (b, > 1) violates mass conservation, as it is too far from the
actual physical solution, which is b; = 0 or o; = const.

Peak shape: Whether ¢ or z is present in the demoninator of controls the
peak shape in space and time. does not include wind shear, a process that
influences mixing and thus puff shape. Taking wind shear into account results in a
slightly “forward-leaning” concentration profile along the wind shear direction [48]. Due
to an accumulation of the trace gas at the front of the puff, this can be considered more
realistic than plain symmetric Gaussian or asymmetric “backwards-leaning” (steep
increase, shallow decrease) peak shapes as predicted by the respective o;
parametrisation of [Eq (6)] Wind speeds at the Starzach site are already very
low (section|The Starzach sitd) and we do not have vertical wind profile information, so
we neglect the numerically probably small wind shear for simulating Gaussian puffs.

Peak movement: Where the two o; parametrisations differ significantly is peak
movement speed and arrival time, two important quantities in our CO5 movement
tracking method described in section [COs Movement Tracking The downwind peak
position Zpeax[m| can be determined from the concentration maximum in z of
analytically, i.e. solving % (t,z,y,2) =0 for z. Analogously, peak arrival time tpeax|s]
is found by solving %C (t,z,y,z) =0 for t. Counterintuitively, due to the nature of the
chosen empirical parametrisations, these do not exclusively turn out as simple functions
of the wind speed u, especially in the early phase of emission: Having the puff
spread o; () depend on distance results in variable peak speed and introduces artifacts
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where off-axis peaks can even move backwards temporarily when b, > % In addition,
peaks arrive after time t,c.x = £ regardless of lateral position y, which is unrealistic.
On the other hand, with o; (¢) parametrisation, the CO5 peaks move at a constant
speed u regardless of location and peak arrival time increases with lateral distance y.
Still, similar artifacts exist when b, > % So in conclusion, to minimize unphysical puff
behaviour and for simplicity, we continue with o; (t) parametrisation, b; = %, y =0,
and zg = 0, because the mofettes emit at ground level:

22 (—tut=)?
ﬂm e 2Z§t 2a2t (10)

qurt—simple (ta T, Z) = -3 3
2r2a.aya,t2
Puffs expanding proportionally to the square root of elapsed time is also supported

by [38},/39], especially in the early phase after emission, which we are interested in here.
To estimate a CO2 mass emission rate 7mco, with we choose a station in a
time frame where it is evidently in line with the general movement direction of COq
emerging from a specific mofette and fit a summed series of Gaussian puffs to the
concentration time series. Setting y = 0 is thus reasonable, and without information
about lateral diffusion, we furthermore assume it equals longitudinal diffusion: a, = a,.
The total of the fitted Gaussian puff masses > m divided by the time frame is then an
estimate of o, and can be compared to the results from

Results

For consistency, most figures in this paper depict data from the 31.07.2022, which we
use as a demonstration day for our methods. The data we used is available at [49].
shows a time snapshot of the CO transport vector Fﬂco2 calculated from
in the early evening. At this time, sun is already blocked from reaching the site due to
the hillslope in the south, leaving mostly very slow downslope northwards winds [27], in
this case a practically negligible 2m wind speed below 0.2ms~!. The emitted COs is
thus not advected with the wind, but can instead flow along the terrain due to its
higher density [31]. This is particularly evident in the white marked rectangle in
where ﬁcog resulting from COs exhaust of the groundwater well clearly follows the
general direction of the terrain gradient .

The lack of vertically resolved information requires an assumption of integration
height in the volume integral of for which we choose one meter. The mofettes
emit nearly 100vol% COs [26,28,/29], which under calm conditions mostly accumulates
near the surface. At 30 cm height, where our sensors are mounted, the highest recorded
concentrations are around 4 vol%, so it should be safe to assume that the CO,

concentration at 1 m height becomes negligible for [Eq (5)]

As can be seen from the black I*:"CQ2 arrows in ositive divergence (i.e.
acceleration or radially pointing away from a specific location) is not exclusively the
predominant pattern - negative divergence (i.e. convergence, deceleration or arrows
pointing towards each other) does also occur. Positive divergence results from
introduction of CO5 from the site’s sources into our chosen boundary, negative
divergence from removal. The contribution of the vegetation through photosynthesis can
be neglected, as it is three orders of magnitude smaller than the mofettes’ exhaust |27].
Instead, we attribute the presence of negative divergence to the fact that we only have
horizontal information in the plane 30 cm above ground, and CO5 can escape out of this
plane by moving vertically. The argument can be made that once a packet of CO4 has
moved downwards, it will most likely stay close to the ground due to its higher density.
Conversely, if vertical mixing by eddies causes CO4 to be moved upwards, this
individual packet of COy will probably not re-enter our horizontal measurement plane
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Fig 6. Snapshot of CO; transport vector field at the Starzach site in

July 2022, derived from cross-correlations between concentration time series according
to on a horizontal grid with 1 m resolution. To emphasize real data availability,
the black CO4 transport arrows’ opacity is scaled with the smallest sdf ap (p), i.e. the

closest distance to any station-connecting line segment. The purple stars indicate the

visibly most prominent mofettes as in The white rectangle indicates the region

used for the top graph in and as a reference in

either as it is mixed away. So to handle this, we do not categorically ignore immediate
negative divergence, but instead clip negative values of the integrated mass rate rico,
to zero, to filter out situations with significant vertical movements out of our horizontal
plane, which we would falsely count negatively towards the emission rate.

shows a time series of the estimated CO2 mass rate 7co, integrated from the
COj transport divergence in with all previously motivated assumptions. From
the very low estimated rates at daytime (06:00-18:00 UTC) it is evident that the
aforementioned vertical mixing (by convection and turbulence) is too significant in this
time frame for our two-dimensional method to be reliable. However, at
night (18:00-06:00 UTC) the average rate downstream of the groundwater well mofette
matches its exhaust rate measured directly with a funnel system very well (414.7kgd~*
vs. 465kgd 1) . Another independent validation of this result comes from fitting a
series of Gaussian puffs to the time series of station 6 , giving a result of 4.8 gs™!
that is equally well in line with the direct bottom-up measurement of 5.5gs™! . The
COg flux in the white rectangle of averages to 2gm~2 s~ !, which also comes close
to this result when assuming a reference area sized 1 m (our integration height as argued
above) by 2.5 m, roughly corresponding to the width of the rectangle. Expanding the
temporal scale to one and a half months, a standard deviation of 40 % (Fig 9)) is
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Total CO2 flow downstream of groundwater well mofette (4.7 m - 4.7 m = 29.7 m?)

80
CO2 rate from integrated CO2 transport divergence . .
60 — Pal=2317 kg/d, Iﬁday=48~6 kg/d, ’hmght=414-7 kg/d [ET mofette exhaust in Feb 2022 (Biichau et al,, 2024) —
— ) cumulated from divergence 2
g == CO2 rate 180 min mean =
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3 409 o
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Total CO2 flow out of core Starzach mofette area (19.8 m - 19.8 m = 362.0 m?)
800
CO2 rate from integrated CO2 transport divergence .
660 4 Mai=2780.4 Ko/d, Maay=825.8 ka/d, Mnign=4735.7 kg/d cumulated from divergence =
g) == CO2 rate 180 min mean =
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time, 31.87.2022 [UTC] 2022-Jul-31

Fig 7. Time series of total CO; mass emission rate at the Starzach site,
calculated from integrated CO, transport divergence according to[Eq (5)] for the white
rectangle downstream fo the groundwater well mofette in |[Fig 6[ (top) and the entire core
Starzach mofette area (bottom). The mass rate averages 1 in the legends are calculated
for all data, daytime (06:00-18:00 UTC) and nighttime (18:00-06:00 UTC).

MAE=1.9 g/m? a,y=8.314 m/V'S, a,=0.835 m/V'S, z=0.3 m, U=4.3 cm/s, M=3512 g, m=4.8 g/s
0.06

& s6 CO2 (x=2.3 my=0.0 m) s6 sim. puff = = s6 sim. timeseries CO2 emission (18) 'S')
£ =3
~

]
2 0.04 1 o
S 1S
c N
o 5
O 0.02 A o
N o
°] o)
© O

0.00

18:20:00 18:25:00 18:30:00

time, 31.87.2022 [UTC]
Fig 8. A series of Gaussian CO5 puffs fitted to station 6 data based on
Time and location match the white rectangle in Each individual simulated CO4
puff of mass m ( bars) contributes one peak (blue dotted lines) to the summed
simulated time series (blue dashed line). Time shifts and masses for each puff and the
parameters u, a;(=a,) and a, of were optimized iteratively with methods
available in SciPy to best match the measured COg time series of station 6 (blue
solid line).

introduced. But the average of 517 kg d~! matches the most recently measured
groundwater well COy exhaust of roughly 520kgd~! in summer 2023 very well .
Applied to the entire core Starzach mofette area as defined by the average total
CO; emission is estimated to be 3266 kg d~'+42 %. This range is comparable to
available gas extraction data from a well one kilometer east of the Starzach site during
industrial mining in the 1980s .
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—e-: at groundwater well, mean: 517 + 209 kg/d (40%) £t groundwater well mofette in Aug. 2023 (Herrmann, 2023)
Starzach mofette area, mean: 3266 + 1361 kg/d (42%) < - industr. well #21in 1988s, 1 km East (Liibben&Leven, 20818)
194 4/ £==1 groundwater well mofette in Feb. 2022 (Bichau et al, 2024)

18° 1

CO2 emission rate [kg/d]

2
20229718 20220725 2022.08-01 20220808 20229615 20220822  2022-0829  2022-09-65
Fig 9. Average daily CO; emission rates at the Starzach site over 47 days. The
blue and lines consist of the respective average CO5 emission rates rmco
derived with in the night between 18:00 and 06:00 UTC as motivated by |Fig 7]

Discussion

The above results agree well with previous measurements and confirm that our design
choices and assumptions are justified and sufficiently work around the method’s
limitations, which we discuss below. Interestingly, the result of 3266 kgd 1442 % is
twice as high as the rough estimate of mofette-only emissions with 1500 kg d~! made in
section [The Starzach sitd This suggests that non-mofette, invisible diffuse degassing
plays a larger role than previously assumed.

Under calm conditions and on flat terrain, the ADE dictates that COs emitted from
a mofette diffuses radially outwards. Stations at comparable distances to a mofette such
as station 12 and 22 thus experience similar fluctuations in their CO2 concentration
time series, resulting in a high cross-correlation at only a small time shift between
them . Our cross-correlation method based on then falsely interprets this
as a fast movement between these stations. While this artifact does occur, it is
apparently canceled out to a large degree when averaging long enough . A
mitigation strategy could be to place stations around mofettes in at least two outer ring
formations, so the radial movements can be observed properly. We thus attribute the
rather high standard deviation of 40 % for mco, in mostly to a lack of spatial
measurement density, and expect this spread to decrease when more sensor stations are
used and especially the vertical distribution and movement of CO; is quantified.

An alternative gas movement tracking approach more robust against these artifacts
would be to assume that an observed peak of CO4y always originates from a radial
movement away from a certain center point. A “dispersion circle” can then be fitted to

three or more station’s peak arrival times, directly yielding dispersion speed and origin.

The ensemble of fitted circles would then also give a source location probability map to
pinpoint emission hotspots. But this would introduce possibly non-deterministic
iterative fitting as commonly done for Gaussian puff-based approaches [2234], which
our current method does not require.

Another noticeable observation is the discrepancy between mofette degassing
periodicity (roughly every four seconds for the groundwater well [28]) and the
significantly slower peak frequency (over one minute on average for station 6, in
the sensor stations’ COy time series, and the simulated Gaussian puffs . While it
is to be expected that downstream peak frequency reduces slightly with traveled
distance due to mixing [51], an order of magnitude difference over such a short distance
of a few meters can not be explained in this way. The time series patterns in
might suggest a small-scale vertical atmospheric oscillation as the reason, periodically
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bringing COs-saturated air from below, then fresh air from above to the sensor. For a
Brunt-Vaiisila buoyancy frequency [52] ranging in the typical CO5 peak recurrence time
of 60-200s , a very stable vertical potential temperature gradient

of 0.03-0.3 Km™! very close to the ground / directly at the surface is required. This is
reasonable, considering that the emitted CO2 has a temperature

between 8-14°C [28,/30], which in this case is colder than the surrounding air,
enhancing atmospheric stability. Another possibility is that emitted COq first
accumulates around the source, its movement initially inhibited by vegetation and
small-scale terrain features, until a threshold is overcome and a larger idealised packet
of CO4 begins flowing at once. This theory could also explain the significantly less
frequent time series peaks. It is furthermore supported by the good agreement of the
peak shapes in time (Fig 8 quick increase, slower decrease) with the Gaussian puff
solution (Eq (10)} [Table 1)), suggesting the movement of a connected mass of COs.
Interestingly, the fitted Gaussian puff speed u (4.3 cms™?, [Fig 8)) is much smaller than
the more realistic correlation-based speed (22.5cms™ 1, |[Fig 6). We ascribe this to our
negligence of wind shear in [Eq (10), causing the Gaussian puff to be transported with a
constant speed even directly at the surface, resulting in a lower fitted virtual transport
speed u to match model to reality. In any case, simulation of the wind field and CO»
movements at the Starzach site with a Eularian model could clarify the interdependence
of mofette degassing periodicity and the slower measured fluctuations in atmospheric
CO3 concentration.

Conclusion

A top-down method was presented to derive CO5 mass emission rates over an area,
based solely on arbitrarily-positioned atmospheric concentration time series. No wind
vector information is required as it is derived from cross-correlations between sensors.
The method only requires iteration in form of rolling operations, which are
deterministic, predictable in runtime and can be reduced in resolution to adjust
performance, rendering it real-time applicable. As it only requires a mostly
unstructured array of spatial gas concentration measurements, it presents a viable
monitoring strategy for environments such as Carbon Capture and Sequestration (CCS)
sites, for which the Starzach site in south-western Germany has been proposed as a
natural analog [26]. The method was validated with a low-cost sensor network at the
Starzach site, a location featuring naturally occurring CO, emissions from mofettes,
with previous individual bottom-up measurements and a Gaussian puff approach. An
average total COy emission rate of 3266 kg d 1442 % was calculated over one and half
months in late summer 2022 for the core Starzach mofette area, for which no such
estimate has been available in the known literature until now. This result suggests that
invisible, diffuse degassing at the site, which does not originate from visible mofettes,
might be more significant than previously expected, and should be investigated further,
for example with accumulation chambers. Furthermore, it demonstrates the viability of
using low-cost sensors for gas emission quantification schemes: Data of only eleven
commercially-available CO4 sensors costing much less than 100 Euro each was used,
together with an equally cost-effective infrastructure and automatic data collection
strategy, which dramatically simplifies upscaling of spatial coverage. To reduce the
result’s uncertainty, the experiment should be repeated with a longer time frame and a
higher special measurement density, notably with vertically resolved concentration
measurements. Finally, the method should be compared to a Eularian model finely
resolving the wind field and gas movements to confirm assumptions and results.
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