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Abstract. There is a growing interest in estimating urban CO5 emission from space-borne imagery of CO5 column-average dry
air mole fraction (XCO3)XEO~. Emission estimation methods have been widelyare-already-being tested and applied to actual
or synthetic images. However, there is still a lack ofwe-still need-automatic-and-standard-metheds;-as-well-as objective criteria
for selecting images that are worth processingseleeting-the-images-te-be-processed. This study analysisshews the performances
of an automated methodpreeess for estimating urban emissions as a function of the targeted cities and of the atmospheric
conditions. It uses synthetic data experiments with synthetic truth and 9920 synthetic satellite images of XCO, over 31 of the
largest cities across the world generated with the global adaptive mesh Ocean Land Atmospheric Model (OLAM) zoomed at
high resolution over these cities. We use a decision tree learning method applied to this ensemble of synthetic images to define
criteria on these emission and atmospheric conditions for the selection of satellite images.;-standardised-for-all-eities;using

We show that our automated method for the emission estimationmethed, based on a Gaussian plume model, manages to
produce estimates for 92% of the imageshas-a—sueeess—rate-0f-92% when applied to our database of 9920 images-eovering
31-eities-worldwide. Our learning method identifies two criteria, the wind direction’s spatial variability and the targeted city’s
emission budget, that discriminate images whose processing yield accurate emission estimates from those whose processing

yield large errors.Hsing

eriterta- Images corresponding to a lowfer-whichthe spatial variability of wind direction isdew—(less than 12°) and to high

urban emissions high-(greater than 12.1ktCOq/h) account for 47% of our total number of images, and their processing yield
relative errors on the emission estimates withkhave a median valuebias-on-the-emission-estimation of -7%-of-the-emissions and
a InterQuartile Rangespread (IQR) of 56%. Despite such an efficient filtering, the accuracy of the estimates corresponding to

this group of images varies widely from city to city. Images corresponding to awith high spatial variability in wind direction or
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to low urban emissions account for 53% of ourthe images and their processing yield relative errors on the emission estimates

withhave a median valuebias-in-the-emission-estimate of -31% and a IQRspread of 99%.

Copyright statement. TEXT

1 Introduction

Many of the most emitting countries report their CO, emissions to the United Nations Framework Convention on Climate
Change (UNFCC)BNECE annually (UNFCCC, 2013). However, despite this monitoring of emissions and the commitments
made by nations to reduce them, the increase in CO5 emissions continues year after year (Friedlingstein et al., 2022). Many
cities worldwide have committed to reducing their emissions-attheirlevel, notably through joint initiatives such as the Covenant
of Mayors (https://www.globalcovenantofmayors.org/) or the C40 cities (https://www.c40.org/). These cities carry out self-
reported inventories (SRI) based on economic data to verify the effective reduction of their emissions. Gurney et al. (2021)
compared SRIs of American cities to the Vulcan inventory (Gurney et al., 2020). This comparison shows large differences
between the two datasets and highlighted the inaccuracy of the emissions estimates in most of the SRIs. Quantifying city
emissions using satellite observations of CO5 concentrations above cities with-sateHites-could provide helpful information to
decrease the uncertainty in such inventories.evaluate-these-assessments:

Observations of COy column-average dry air mole fraction (XCO,) at the scale of a few square kilometers from the two

current Orbiting Carbon Observatory missions (OCO-2 and OCO-3 }froem-OCO-2-and-OCO-3-of- COrcolumn-average-dry-air

melefraction-(XCO)at-theseale-of-afewsquare kilometers have paved the way for quantifying emissions from large (a
few ktCOq/h) industrial (Chevallier et al., 2022; Nassar et al., 2017; Zheng et al., 2019) and urban (Lei et al., 2021; Reuter

et al., 2019; Wu et al., 2018; Ye et al., 2020) sources of CO,. Indeed, the accuracy of the observations (less than one ppm
-part per million-, (Worden et al., 2017; Taylor et al., 2020)Werden-et-al(2047);- Werden-et-al(2020)) is of the same order
of magnitude as the XCO2XEO2 enhancements of the plumes from these sources, and their fine resolution (= 2 x 2km,
(Eldering et al., 2017, 2019)Elderinget-al--2047—2049)) allows them to capture detailed transects or images of the plumes.
The Snapshot Area Map (SAM) mode of OCO-3 even-provides "snapshot” images of about 80km x 80km over the cities and
thus a 2D coverage of the XCO4 concentrations (Kiel et al., 2021), contrary to OCO-2 and to the nominal mode of OCO-3,
which only samples XCO, over a fine swath (= 10km). Studies have used these SAMs to evaluate transport model simulations
(Kiel et al., 2021) or to calculate local ratios between mole fractions of co-emitted species—ratios (Lei et al., 2022; Wu et al.,
2022). First estimates of city emissions based on these SAMs have been presented in conferences. However, there is still a lack
ofne systematic processing of SAMs over cities-exists to estimate the corresponding urban emissions.

Studies such as Broquet et al. (2018); Danjou et al. (2024); Pillai et al. (2016); Kuhlmann et al. (2020) have used synthetic
data to evaluate the possibility of quantifying CO4 urban emissions from 2D XCO»X€02 images, such as OCO-3 SAMs or
simulated XCO,X€02 images from the future Copernicus Anthropogenic Carbon Dioxide Monitoring (CO2M (Sierk et al.,
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2021))c02M-(Sierket-al;2021) and Global Observing SATellite for Greenhouse gases and Water cycle (GOSAT-GW, https://

www.nies.go.jp/soc/doc/TWGGMS-18/0/2-6_Hiroshi_Tanimoto.pdf)GOSAT-GW-https:Hwww-nies-go-jpisoctdocAWGEMS8/0/2-6-1

missions. The quantification relies on inverse modelling methods, some of which compare simulations from complex transport
model to satellite observations to estimate emissions. However, Feng et al. (2016) and Lian et al. (2018) show that the Weather
Research and Forecasting (WRF) modelWRE-medel (used by Lei et al. (2021) and Ye et al. (2020) with OCO-2 data) simulated

COs, transport poorly when the wind speeds iswere low. Other emission estimation methods, called hereafter computationally-

light methods, are based on simpler transport models (Gaussian plume (Krings et al., 201 1); Panjou-et-al«2024); Danjonet-al(204H)
ot mass balances (Integrated Mass Enhancement method (Frankenberg et al., 2016; Varon et al., 2019); Danjeu-et-al2024); Danjev-etal-

or direct flux estimation (Cross-Sectional method (Kuhlmann et al., 2020; Krings et al., 2011; Varon et al., 2019, 2020);
j j j i ). Danjou et al. (2024)
evaluated these methods and, again, showed that the quantification ofattempts—to-quantify emissions in low wind conditions

bear large errorsgave-erroneeusresults. However, no established procedures exist to properly select the cities and the satellite

images for which the estimates are most accurate. App

Schuh et al. (2021) use high-resolution simulations from a single globalan adaptive-mesh model, the Ocean Land Atmo-

spheric Model (OLAM (Walko and Avissar, 2008a, b)YOEAM-medel-(Walke-and-Avissar; 2008a;,—2008b), to rank the largest
cities of the world as a function ofaceerdingto the ratio between the average amplitude of the XCO4 anthropogenic signals

over the city and the variability of the background signal in the vicinity of the cityleeal-background-signal. This classification
provides insightsdeseribes, a priori, on thefor-whiekh cities for which the emission estimates based on satellite images of their

XCO4 plume will likely be the most accurate. This analysis is made possible by OLAM’s ability to represent both the plumes
of cities around the world at high spatial resolution and the influence of large-scale variations in CO5 concentrations on local
variations in the background of these plumes.

large-seale-variationsin-COs—eoneentrations: Danjou et al. (2024) investigate a set of computationally- llght methods for esti-

mating CO- emissions from a city using satellite images capturing most of the atmospheric CO2 plume from this city. Their

This study extensively-compares existing computationally-light methods and their various parameterisation options at each step

of the atmospheric plume detection and inversion process, using simulated satellite images (i.e. synthetic images) of XCOx

concentration generated with a meteorological-atmospheric transport modelpsende-images-of XCO--coneentration over Paris.
It identifiesThis-study-leads-to-the-identification-of-the the most suitable methods and configurations, among those tested, for

the estimation of Paris CO2 emissions. In parallel, it quantifies the impact of the various sources of uncertainties associated
with each method, at each step of the procedures. The errors in the emission estimates is most sensitive to the meteorological
conditions, and more specifically to (i) the spatial variability in the wind direction and (ii) to the homogeneity of the back-
ground concentration field. However, theirthis-previous study considers only one city, Paris, corresponding tothus-applicable

to a specific amplitaderange ofin emissions, to a specific spatial extent and distribution of the urbaneity emissions, to a single
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type of local topography, to a-single type of background concentration field, and to mid-latitude meteorological conditions.
Therefore, there is a need to generalize these results, and to re-assessFheseresults;both-interms—of the distribution of the
errors on the emission estimate (bias, IQR) and the sensitivities of this error to the spatial variability in the wind direction
and in the background concentration field by applying a similar analysis to multiple citiesmay,unsurprisingly, not-apply-to-all

Wang et al. (2018) evaluates the ability to estimate emissions from a large ensemble ofmest urban areas (= 5000, whose
contours are defined on objective criteria) and power plants covering most of the global CO5 emissions, based on synthetic
XCOgqwith images similar to those of the future CO2M mission, whose expected swath width is of 250km and expected
resolution of 2km x 2km (Sierk et al., 2021). However, their quantification of the emission uncertainties-estimates does not
account for the errors in atmospheric transport. Their study only addresses the sampling (swath, cloud cover loss, spatial
resolution) and accuracy limitations of the XCO» imagery. However, the uncertainty inen the shape and position of the plume
(and thus the meteorology and the characteristics of the cities) can also influence the results and thus the ability to estimate the
emissions of a city.

The objective of our study is to resume the series of analysis from Wang et al. (2018); Schuh et al. (2021); Danjou et al.
(2024) and deepen the evaluation of the conditions corresponding to reliable estimates of urban CO» emissions using satel-
lite XCO, images. To do this, we use a little more than a month of simulations of local XCO4 scenes over large cities. This
simulations are generated with the global OLAM model and evaluated by Schuh et al. (2021). We use these simulations to
generate synthetic satellite images for the selected cities, and estimate their emissions by applying one of the automated and
computationally-light inversion methods implemented, tested and optimized by Danjou et al. (2024). By using realistic sim-
ulations to derive the synthetic image and using a method independent of the model used for the simulations to estimate the
emissions, we take into account realistically the uncertainty in the meteorology, atmospheric transport and background. As
we are working with synthetic data, the error in the emissions estimate is directly accessible by comparing the emissions
estimated by the inversion method with the synthetic true emissions used in the OLAM simulations. The study of the emis-
sion estimation error for different cities and weather conditions aim to support the identification of criteria for discriminating
between images, separating those whose processing yields statistically reliable estimates from those whose processing is sta-

tistically unreliable. W
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Such an analysis can help to identify optimal targets for satellite targeting modes, for example, for OCO-3 SAMs, or, when
processing large datasets from future imagers such as CO2M, help identify the portions of the data yielding images worth
processing for plume detection and inversion. In addition, our analysis can help to robustly assess the errors associated with
urban emission estimates as a function of city type and atmospheric or observational conditions. At leasta—minimum, this
analysis is expected to support the development of tools to evaluatewe-hoepe-te-indieate the reliability of the inversions;making

. bl lid ] . . .
Section 2 describes the derivation of the synthetic images and the definition of the cities boundaries.Fhe-seetion2-briefly

{seetion2-3)-and-the-emissionzones-we-target-{seetion2-4)- Section 3 describes the inversion method used to make the emission
estimations for the main set of analysis in this study. The results with the three other automated methods described in Dan-
jou et al. (2024) lead to similar conclusions and their analysis is thus summarized in Appendix B.Fhe-inversion-methods-are
ibed-inDanjouet-al(2024)-in-their-optimal-configurations-and-are reealledin-Seetion3- Section 4 describes the learning
method based on decision trees used to identifydefine the best discrimination criteria. Section 5 analyses the sensitivities of the
emission estimation error to the city type and atmospheric or observational condition and presents the results of the decision

tree learning method.

eriterta-defined- Section 6 discusses the limitations of the analysis conducted in this study and analyses the distribution of the
discrimination criteria for cities in the world with more than one million inhabitants. Fhe-limitations—are-finally-discussed-in

2 Simulations of XCO, images over multiple cities

Section 2.1 describes the OLAM model and Section 2.2 the configuration of the OLAM simulations used in this study. The
derivation of the synthetic images from those simulations is described in Section 2.3. Section 2.4 details how we define the

emissions zones we target for the inversions.
2.1 OLAM

The Ocean Land Atmospheric Model (OLAM) is a coupled ocean-atmosphere general circulation model (Walko and Avissar,
2008a, b) with a dynamical core that has been used in the Dynamical Core Model Intercomparison Project (DCMIP, (Ullrich
et al., 2017)JHrich-et-al20647)). The main feature of the OLAM model is its hexagonal grid whose size is adaptive (see
illustration on Fig. 1), which makes it possible to bring high resolution to the zones of interest (non-hydrostatic mesoscale)
while maintaining a coarse mesh over the rest of the globe (hydrostatic model). The adaptive horizontal grid allows, for
example, areas with complex local dynamics, such as mountainous or coastal areas, to be modelled at high spatial resolution.
In our case, it allows us to realistically represent the urban plumes of a large number of cities and the underlying large-scale

variations in COs, while maintaining a global domain and an affordable computation time. This would not be feasible if using a
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global model with a regular grid. Over the selected cities, the size of the mesh cells is of approximetely 9km? and progressively
enlarges until it reaches around 4 x 10*km? (e.g. for the largest cells over the oceans).

The transport modelled between the different regions uses physical and dynamical schemes that vary according to the
resolution, in particular for submesh convection. Turbulent diffusion is parameterised using the Smagorinsky model, which
depends directly on the resolution of the mesh. For the submesh convection, the cumulus clouds, the precipitation and the
mixing are represented with a hybrid approach combining aspects of both Grell and Dévényi (2002) and Grell and Freitas
(2014).

Simulated XCO, signal above Bangalore OLAM grid
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Figure 1. Illustration of the simulated XCO- signal above Bangalore on 8 AugustAugast-8th 2015 at 11a.m. (left panel) and the horizontal
grid used for the simulation (right panel). The size of the illustration (=~ 240km X 240km }{/=-300km—<-300km) is three timestwiee the
size of the synthetic imagespsende-images used in the study (=~ 150km x 150km). The boundaries of the Bangalore synthetic images are
represented by the black line.

The model has 49 vertical levels (from Omasl to 37kmasl), twelve of them being in the first kilometre, which supports
reliable simulations in the lower layers of the atmosphere, where the plumes are located. The vertical levels are at constant
altitude and can therefore cross the surface. The fact that the levels can cross the surface helps avoidingis-eptimal-te-aveid
gradient errors on steep slopes that can be present in a pressure coordinate (or hybrid) grid (Ullrich et al., 2017). Fhe-adaptive
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2.2 Simulation of CO- transport

The OLAM atmospheric transport model is used to simulate the meteorological and COs, fields needed to build our synthetic
imagespseade-images. The fluxes from the CarbonTracker 2017 global inversion system (Peters et al., 2007) are used as model
input for the biogenic CO; surface fluxes. Anthropogenic emissions from the Open-Data Inventory for Anthropogenic Carbon
dioxide (ODIAC)ODBIAC spatialized inventory (Oda et al., 2018), are used to represent cities, industries, and power plants.
No temporal profile is applied to the ODIAC data, which means that the simulated anthropogenic emissions are constant
over the month. From these data, the model will simulate on its hexahedral grid the wind, pressure, relative humidity and
temperature fields (necessary for the calculation of the PBL height, via the calculation of the potential temperature field and
the Nielsen-Gammon et al. (2008) formula) and the CO, concentration fields in the atmosphere. The XCOs, fields are calculated
by the model on the hexahedral grid. The results of these simulations are then projected onto a regular grid at approximately

1km x 1km resolution. This is done

to simplify the
analysis of the model outputs. The simulations arewere done for 31 cities. We retrieve the 2D fields of XCO, (i.e. vertical
integration of thethe-integrated-profiles-of CO4 profiles weighted by pressure levels) as well as the 3D fields of pressure, wind,

relative humidity and temperature on the regular grid for all cities and their surroundings.

2.3 Genreation of the synthetic imagesPseundo-image-generation

The model output resolution of 1km x 1kmFhe

gﬂd«&%ﬂppfeﬂmafe}y—lkmee}kﬂ%feseh&ma—whieh is comparable to that of the OCO-3 SAMs (1.25km x 2.5km, (Elderlng
et al., 2019)Eldering-et-al2619)) and that planned for CO2M-2km>3km;-Stetket-al2021H)). This resolution is finer than the

finest resolution of the model’s adaptive native hexagonal grid (hexagons of ~ 9km?). Therefore, the variations of the model

variables (XCO,, field, wind field,..) have a spatial resolution which is coarser than the 1km x 1km resolution of the model

output grid, on which the analysis will be conducted. This-resolution-is-slightly-finer-than-the Jowestresolution-of-the-model’s

The simulations cover a little more than one month (08 August 2015 - 09 September 2015 (included)88/04/26145-0916/2615),
providing hourly XCOs fields. For each day of the simulated period, we retain the hourly fields of XCO, between 10:00 and
17:00 local time for our synthetic imagespseade-images. This simulated database corresponds to a total of 9920 images inter-
polated at 1km x 1km resolution. The spatial extension of the synthetic imagespseude-images is restricted to a 150km square
whose axes follow the meridians and parallels and whose centre is the barycentre of the targeted city (in terms of CO2 emis-
sions). This size is elose-te-that-of Danjouet-al-(2024)-and-is-halfway between that of the OCO-3 images and that expected
for CO2M. Finally, a random noise of 0.7ppm standard deviation is added to the simulated XCO- field to simulate the satellite
pseudo-data. This value corresponds to the target accuracy for a single XCOy measurement from the CO2MEOzM mission,



205

210

215

220

225

230

similar to the current precision of XCO; measurements from OCO-2 (Worden et al., 2017). We do not take clouds and the

corresponding loss of XCOs retrievals into account when generating our synthetic images.
2.4 Defining the boundaries of the cities

The first task for urban emission estimationplame-inversions is to define the targeted emission zone. As the aim of our quantifi-
cation is ultimately to help monitor actual emission reductions, we focus on the urban area corresponding to the most significant
emissions rather than the actual administrative boundaries of the city. Consequently, the definition of the targeted emission zone
is made regarding the size of plumes that can be detected in a SAM and by identifyingOur-definition-of-the-emissionzones

of the most emitting pixels from the spatialized inventories (using a similar concept but a different and more straightforward
approach compared to Wang et al. (2019)). BecauseSinee the typical size of a SAM is about 80km x 80km, we set the size of
the targeted emission zone at roughly the size of a 20km radius disceirele. Thus, the emission zone we target occupies around
20% of a typical SAM and 6% of our synthetic images.

To define the boundaries of an emission zone, we first set its centre at the barycentre of anthropogenic emissions within
the synthetic psewde-image. We then restrict the analysiseurselves to a disc of 50km radius around this centre. The size is
arbitrarily fixed at 2.5 times the 20km-long targeted emission zone radius. Within this 50km-radius disc, we select only a
fraction (1/2.52) of the most emitting pixels of the XCO; synthetic imagespsende-images. This fraction is explained by our
choice to work with target areas of about 7 x 20%km?2, i.e. 1/2.52 of the surface of the 50km radius disc in which this selection
e-anabysis. is performed. In order to form a spatially coherent set, we extend the selected area to all pixels within 5km of one of
the pixels retained by this first selection. This enlargement allows us to avoid complex cuttings of the city and to obtain groups
of pixels where emissions are statistically high. The last two steps include (i) the selection of the sole cluster of pixels located
above the city centre and (ii) the addition of pixels not categorised as belonging to the target area but completely surrounded by
the target area. The final target area covers an area between 1333km? (Lahore) and 2063km? (New-York) which corresponds

to 6-9% of the spatial coverage of our syntethic images and 20-33% of the spatial coverage of most OCO-3 SAM images
{~-80km—>-80km). We will call this targeted emission zone "the city" hereafter. Note-that;-the-area-with-significant-emissions
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3 Inversion methods

The complete description of the inversion method and the details and justifications for its specific configuration and imple-
mentation can be found in Danjou et al. (2024). We make the assumption that the configurations chosen in the framework
of their study remain optimal for other cities. This assumption seems justified, as the chosen methods for each steps differ
from the discarded methods on objective criteria. This section only gives an overview of the different steps and the adaptations
(compared to the reference configuration from Danjou et al. (2024)) that were made in the context of this study.

The inversion methodOne-of-the-methods—tested-by(Danjen-etal;2024) is based on the comparison of the urban plume
detected in the image to a straight Gaussian plume. This comparison requires many preliminary steps. First of all (i) the
definition of the boundaries of the urban area whose emissions we want to estimate. The method used here to define these
boundaries is described in Ssection 2.4. Second, (ii) the plume boundaries are defined by the pixels located above the city
and those in the cone downwind of the city within an angle of 45°. The wind used to define the orientation of the cone is the
average wind direction in the PBL over the entire image (from the OLAM simulation). Once the boundaries of the plume are
known, we (iii) estimate the background concentrations, i.e. the XCOs signal in the plume which is not generated by the city
emissions. This background concentration is extrapolated from the XCO- values of pixels outside the plume using a Gaussian
kernel. The difference between the XCO4 concentration in the synthetic pseade-image and the estimated XCO» background
leads to an estimate of the plume enhancement generated by the city emission. We then (iv) calculate the central axis of the
plume using a degree 5 polynomial regression using the pixels in the plume, weighted by the estimated XCO, signal from the
city;-as-deseribed-in-Danjeu-et-al(2024). Using this central axis of the plume, we (v) delineate the area of the plume that will
be used for the Gaussian plume optimization (analysis area). This area is located between one times the approximate radius
of the city (= 20km) and one and a half times the approximate radius of the city (= 30km) along the central axis of the plume
(the justification for these distances is given later in the paragraph). At this stage, we have extracted the estimated XCO; signal
from the city and we have determined the pixels that we will use for the optimization. We (vi) estimate the effective wind W
estimate-the-effeetive-wind-(v1), i.e. the wind driving the XCO4 plume from the city, using the averaged wind within the PBL
and within the analysis area. Finally, we estimate the emissions (vii) by inverting the following formula as defined by Krings
et al. (2011)Krings-et-al-204H); Krings-etal(2024):

a R )
V21 % |W |k o,(z)
where the x and y axes follow the directions parallel and perpendicular to the effective wind, W-is-the-effeetive-wind-veetor, F
is the whole-city emissions estimate, and Af},, is the CO, mass enhancement of the plume in the atmospheric column per unit

areamass-of- CO,-in-the-atmespheric-columnper-unit-area. The term o, (x)e5{s} accounts for the horizontal extension of the

source. We take o, () = a* (x4 (£)1/0-894)0-894 a5 Krings et al. (2011), where a is the Pasquill stability parameter (Pasquill,

AQygp(z,y) =

1961) and r the city radius.
To estimate the emission budget, we perform a minimization of the mean square differences between the mass per unit area

simulated by the Gaussian model (A€2,,) and the "observed" mass per unit area. The "observed" massbetween-the-medelled



per unit is calculated from the XCO, signal

from the city derived in step (iii) using : AQ(z,y) = %ﬁi *AXCOqgps(2,y)x107 0 P""%'(m’y), where g is the Earth’s gravity
(inm/ s?), B ary air 18 the dry air surface pressure (in Pa), My oir and Mco, the molar mass of dry air (28.97g.mol~1) and CO,
270 (44.01g.mol~')and AX COs,,, the "observed" plume enhancement (in ppm). AQ{z 4= Moy AX GO+ 1h=0 s Luyarurface)

Mary air g
. s . . .
where-g-is-the-Earth’s-gravity-and-/ 'ary artsurface)-is-the-dry-airsurface-pressure:

The emission budget F', the Pasquill parameter a, the city radius 7 and the orientation of the axis (i.e. the wind angle) are

free parameters in equation 1 that are optimized during this minimization. The initial values are: for a, the value given by the
Pasquill (1961) table corresponding to the meteorological conditions at the time of the image acquisition; for the orientation
275 of the reference frame, the direction of the average wind in the PBL (noted 0'™t); for the radius of the city, the average
radius of the city (noted %) defined as the square root of the city surface divided by 7. The choice of the initial value
of the emission budget (noted F*"**) is more critical. Indeed, setting an initial value close to the exact value (let alone the
exact value) might artificially improve our results. Instead, we take a random number from a beta distribution (with a=1.35,
£=2.5 and a scaling factor of 5) multiplied by the actual emission of the central urban area;feHewingPanjouet-al2024).

o ini o NT
. . .. . ini __pinit ini .
280 We normalise the variables for the optimisation as follows: X = (iﬁ a 0-0"7)  r_r t) . We further impose

Finit > 120° 71'/4 ) Ti,nit/z
bounds on these variables during optimization (the bounds are shown without the normalization for clarity) F' € [— F"; 400,
a € [0;240], 6 € [0t — 7 /4; 0 4 7 /4|ginit{ginit g /4. ginit 4 m/aland ¢ € [0.5% ;1.5 % "), This bounds are fixed

to avoid unrealistic results (e.g. detected plume direction perpendicular to the wind, high CO4 uptake from the city,...).
The methods used for steps (ii) to (vii) are those defined as optimal by Danjou et al. (2024). Step (i) have been redefined in
285 Section 2.4here, and step (v) hasans-steps-(it)-and-(v)-have been slightly adapted. We choose to make the analysis area (step v)
closer (and smaller) than themin-Panjeu-et-al-42024). The new analysis area is located between the edge of the city (= 20km)
and 1.5 times the radius of the city (= 30km) along the plume centerline, while it was located between the edge of the city
(=~ 20km) and 2 times the radius of the city (= 40km) along the plume centerline in Danjou et al. (2024). The conclusions on
the sensitivity of the inversions to the analysis area indicate in Danjou et al. (2024) that the closer the analysis area is to the city,

290 the better the estimate.
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4 Analysis of the sensitivities of the emission estimation error to observation conditions : general principlesGeneral

neioleof il Isis-of sensitiviti ; . Lt

To identify the main criteria of classification of the images based on the performances of the emission estimation, we analyze
the sensitivity of the emission estimation error to the different variables characterising the observation conditions and the
inversion. We thus can see which variables are influencing the most the emission estimation error, and define criteria, based on
those variables, determining whether a synthetic psetde-image is suitable for emission estimation or not.

We test here two types of variables: (i) predictable variables, used to determine the most favorable conditions for the in-
version, which aggregate information about weather conditions and city characteristics; and (ii) diagnostic variables, used to
evaluate the inversion results, which aggregate image diagnostics and inversion diagnostics. The sensitivity of the emission
estimation error to the predictable variables in the first instance, and to the diagnostic variables in the second instance, are anal-
ysed separately and in the same way. The two types of variables are analysed separately as they can answer to two different
questions. The predictable variables can be used before the inversion to determine if an image will give a reliable emission
estimate and is thus worth acquiring and inverting. The diagnostic variables are accessible only after the acquirement of the
image and the inversion, and can thus just give an indication on the reliability of the emission estimate. The analysis described
below is therefore applied to each of the two groups.

As a starting point, we examine separately the relationship between each variable of the chosen group (predictable or diag-
nostic) and the error on the emission estimate. This preliminary analysis provides a first overview of the variables to which the
error is sensitive. After this first step, we analyse all the relationships between the variables and the error to identify the one or
two variables to which the error is most sensitive. This identification is performed using a decision tree, the depth of which de-
termines the number of variables identified. The decision tree directly defines thresholds on these variables: following a strict
interpretation of the algorithm, these thresholds can be used in a binary way to define whether a synthetic pseade-image is
suitable for emission estimation or not. In a more general way, these thresholds can be used as an indicative criteria to evaluate
the synthetic imagespseude-images and the corresponding urban emission estimation. These identified variables, together with

their respective thresholds, can be used to indicate the level of error of an estimate obtained during an inversion.
4.1 Preliminary analysis

To quantify the sensitivity of the error on the emission estimate to a specific meteorological variable, or a variable diagnosed
by image processing or by inversion, we order our synthetic imagespseade-images according to the values of the variable. For
the analysis with predictable (respectively diagnostic) variables, we separate our set of 9,920 synthetic imagespseudo-images
(resp. 4,259, cf. Ssection 5.2.1) thus ordered into subsets of 496 (resp. 213) synthetic imagespseude-images (5% of the total
number). For example, when considering the mean wind in the PBL (i.e. a predictable variable), the first subset will include
496 synthetic imagespseade-images corresponding to the 496 smallest values of the mean wind in the PBL. The second subset
will be composed of the 496 images corresponding to the values of the mean wind in the PBL ranked between the 497" and

the 992" position. The last group of images will include 496 synthetic imagespseude-images corresponding to the 496 largest
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values of the mean wind in the PBL. We then plot the error distribution for these subsets as a function of their rank to see if a
significant trend is observed-(see-Fig—3-feranexample).

The simulations we use are based on an inventory of anthropogenic emissions with no temporal variations. As a result, the
variables related to the emissions and the shape or topographical environment of the city have no temporal variability and
therefore take only 31 values. Our study of the sensitivity of the error to these variables is therefore based directly on the

analysis of the error distribution as a function of the value taken by the variable of interest.
4.2 Analysis with the decision tree learning algorithm

In this study, we seek to better understand the relationship between the input variables (predictable/diagnostic variables) and
the reliability of an emissions estimate. For this, we train an explainable machine learning algorithm to predict the relative
error of the emission estimate given some input variables (described in Section 4.3), like the variability of the wind direction or
the emissions budget, and then study which variables are determined to be relevant by the algorithm. We choose a regression

decision tree for this, as they work by learning simple decision rules and therefore are highly interpretable while able to find

non-linear relationships between the inputs and the target variable. Jn-this-study,we-seekto-objeectively-determine-simple-criteria

oOn h h tao-b a-Aq de oOn O hathar o O o n-ha
O W O—d our— O a O—W O otW d O

4.2.1 Description of the decision tree learning algorithm

A decision tree is constructed following a recursive process: at each step, the algorithm splits the data into two subsets following
a binary rule on a single variable, finding the split that best reduces a particular loss function on the target variable. Each subset
is split further into two until some stopping condition is reached (see Fig. 2 for illustration). This algorithm therefore splits the
input space into regions, where each region corresponds to a similar value of the target variable (i.e. the error on the emission
estimation in our case). We use the regression tree implementation from the scikit-learn library (Pedregosa et al., 2011) with
a squared error loss, and impose conditions on the algorithm to prevent overfitting (creating over-complex trees that don’t
generalise well): we set the maximum depth of the tree to 2 (i.e. two levels of binary splits) and we impose that the leaves must

contain at least 10% of the training set. The training set (at the root node) is described in the following paragraph. Fhe-tree-is
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Figure 2. Illustration of how a decision tree works. The decisions (orange ellipses) and the conditions (pink rectangles) are called tree nodes

The first condition, through which the tree is entered, is called the root node; the terminal nodes (the decisions, represented by orange ellipses)
are the tree leaves. Nodes that are not leaves are called internal nodes. The path followed by an individual (i.e. the conditions that have been
tested for that individual) to arrive at a leaf is called a decision path. The length of a decision path is equal to the number of conditions

tested on that path (i.e. number of internal nodes traversed). The tree depth is the length of the longest decision path. The input synthetic

pseade-image will follow the decision path in bold and will be classified in the bold leaf.
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4.2.2 Description of our method for determining the decision criteria

A simple approach is to use the total set of synthetic imagespseude-images (9920 synthetic imagespseude-images in the case

of the analysis of predictable variables, ~4259 synthetic imagespsende-images in the case of diagnostic variables) as the input
375 set for the decision tree learning method. We thus obtain at most 4 subsets and select the one with the smallest Mean Absolute

Error (MAE) on the emission estimate. This subset is considered as the subset of synthetic imagespseude-images best suited

for emission estimation and the rest of the synthetic imagespseude-images as less suited ones. We then study the distribution of

the error for this set as well as the pair of criteria that led to this partition. In doing so, we have no information on the stability

of the criteria and thresholds with respect to the starting set. This is problematic, especially since the city features can only take
380 31 values for the 9920 images, which increases the risk of overfitting.

To overcome this problem and to get an idea of the stability of the criteria, we create 100 sets of synthetic imagespseude-images
each composed of random samples of 10% of our total set of synthetic imagespsendo-images. We apply the learning algorithm
to each of the 100 sets. We look at the subsets corresponding to each leaf and select the one with the smallest MAE. The
decision path that leads to this leaf gives us the pair of criteria that we retain. This gives us 100 pairs of criteria. We analyse the

385 redundancy of the criteria across these 100 pairs and the stability of the threshold values of the pair with the highest occurrence.
The different threshold values found for the pair with the highest occurrence are applied to determine, for each pair, a subset
of synthetic imagespseade-images for which the emission estimates are accurate. The distribution of the criterions obtained
with the 100 sets of images, as well as the error distributions of these subsets of synthetic imagespseudo-images are studied to

determine the reliability of the criterion threshold values.
390 4.3 List of variables

We tested 15 predictable variables (8 characterizing the weather and 7 characterizing the city) and 10 diagnostic variables (1
being an image diagnostic and 98 being inversion diagnostics). The detailed list is provided in table 1the-appendix22. Example

and justification for our choice are provided in the followingWe-will-provide-some-examples-here-
To characterize the meteorological conditions, we have, for example, retained the wind speed in the PBL and the spatial
395 variability of the wind direction (calculated as the circular variance of the 3D wind field in the PBL at the observation time),
2 variables whose influence on the accuracy of the emission estimation has been highlighted in previous studies Danjou et al.
(2024); Feng et al. (2016 )in-the-stady-of Danjou-et-al+2024). We have also looked at commonly-used quantities characterizing
the wind (divergence, vorticity,.. of the wind in the PBL). To characterize the city properties, we looked at spatial variables
(its size, the topographic variability in the surroundings, its symmetry) and variables representing the characteristics of the

400 urban emissions (emission budget given by the inventory, emission density). In our synthetic pseude-data experiments, the
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city topographic variability

emission budget D ity €SS

spatial variability of the concentration in obs . . .

XCO, 0 (X C O™ ) synth. image image diagnostics
‘ estimated effective wind speed ‘ [| W ee| ‘

. s I sQmodel _ 5obsy2
residual mismatch after optimisation \/<( )= > panache

. . . QPS> che
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inversion diagnostics
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‘ optimized plume direction ‘ / ‘
‘ plume size ‘ > panache L ‘
ratio "average anthropogenic signal" vs <xCcoPs _Xcogckg,calc Saz
" . o 5
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spatial variability of the XCO2 outside obs
o (X COY* ) pamache

of the plume

. average distance between the centres of the cross
curvature of the plume centerline

sections and the linear plume centreline

Table 1. List of variables of interest divided by analysis group and type. The operators < X >g, 0(X)E, goo(X ) and g10(X)r denote

respectively the mean, the standard deviation, the ninth9™ decile and the firstF™ decile of the variable X on the set E. The sets a.z., plume,
plume, city and synth. image designate respectively the set of pixels in the analysis zone, in the plume, out of the plume, above the city and
all the pixels of the synthetic pseude-image. The reference frame used for the calculation of divergence, vorticity, stress, wind shear and
topographic variability is the orthogonal frame with centre the centre of the city and with horizontal axis the mean wind direction in the PBL.

T
B (uZD, sz) is ealeutated-as-the vertical average of the wind in the PBL, weighted by the dry air mass.
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analysis isare based on values of the predictable variables that are extracted from the model, i.e. on the "true" values for all
predictable variables. When using real satellite images (which is out of scope of this study), meteorological variables can be
derived from weather products such as ERA-5 (Hersbach et al., 2018). City characteristics can, as in this study, be calculated
from gridded inventories sur as ODIAC, and from database on urban land cover and population/socio-economic activities
such as GRUMP (Center For International Earth Science Information Network-CIESIN-Columbia University and International
Food Policy Research Institute-IFPRI and The World Bank and Centro Internacional De Agricultura Tropical-CIAT, 2011).
The analysis will thenthe-analysis-will rely on estimates bearing uncertainties, which could decrease the potential to identify
suitable observation conditions. We note here that during our evaluations, the thresholds given in Ssection 5.2 will be compared
to crude estimates when dealing with actual satellite data, a possible source of errors in the classification.

To characterise the complexity of the background XCO- field inwhen-analyzing the image, we use the spatial variability
of the XCO; concentration. This variable has been highlighted by Danjou et al. (2024) as being correlated to the error on the
emission estimationinflueneing-the-estimation-ofemisstons. Indeed, a high variability of the background leads to an estimation
of the background concentration (step (iii) of the inversion method) less accurate and thus an error in the plume enhancement
estimation, and thus in the emission estimation. This is the only variable diagnosed directly in the image among the list of
diagnostic variables investigated here. With real data, the size of the image and its spatial coverage may have an influence on
the accuracy of the emissions estimate. In this case, including this size in the list of diagnostic variables would make sense.
However, this is not the case as we are working with synthetic data and all our images have the same size. Reproducing this
variability in the coverage of real data is outside the scope of this study. The diagnostics of the inversion robustness include
the size of the plume, the residual error after the optimisation with the Gaussian plume, the curvature of the central axis of
the plume, the ratio between the estimated amplitude of the city signal and the variability of the signal outside the plume,...
Unlike predictable variables, the calculated values for the diagnosed variables are directly inferred from the observations with
real data. Therefore we will not have classification errors due to this. However, the values taken by the variables might have

incorrect distributions in this theoretical study. For example, the distribution we use to simulate the measurement noise in our

simulations is much simpler than actual measurement errors-(see-Piscussion-of Danjouet-al-2024)).

5 Results
5.1 Preliminary analysis

When we apply ourthe-GP2 inversion method to our 9920 synthetic imagespsetdo-tmages, we obtain an emission estimate in
92% of the cases (i.e. for 9119 synthetic imagespseudo-images): in 8% of the cases, the optimisation does not converge. The
bias (median) of the error distribution on the emissions estimate is -16% of the emissions, and the spread of this distribution
(IQR) is 78% of the emissions. Reducing the bias and spread of this distribution is essential in order to obtain usable emissions
estimates. Danjou et al. (2024), in their synthetic data study on the city of Paris, defined an image discrimination criterion
based on the spatial variability of the wind direction, with a threshold of 7° (empirically defined). When we apply this filter,
we reject 46% of the 9119 synthetic imagespseade-images and obtain a much less biased distribution of the error (5% of the
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emissions) and slightly less spread out (64% of the emissions). However, despite the application of this criterion, the variability
of the error distribution remains large across cities. After filtering, the error distribution for the city of Lahore (largest MAE
on the emissions estimate) shows a bias of -21% and a spread of 154% of the emissions, while that for Moscow (smallest
MAE on the emissions estimate) shows a bias of -3% and a spread of 26%. This confirms that, although the criterion defined in
Danjou et al. (2024) is relevant, our filtering step does not seem to be sufficient to select the synthetic imagespseude-images.
The strong disparity of the error distributions between cities suggests that the error on the emission estimation is sensitive to
the city characteristics (topography or city-specific atmospheric conditions) and/or to the city emissions (spatial distribution,

magnitude,..).
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Figure 3. Sensitivity of the emission estimation error to two discriminant variables: the estimated effective wind speed (blue) and the spatial
variability of the wind direction (orange). The left panel shows the evolution of the error distribution as a function of the quantile of the
variable of interest: the solid line indicates the median, the dotted lines the 1st and 3rd quartiles, the highlighted area the quantiles at 15.9%
and 84.1%. The rightleft-hand panels show the values taken by the variables of interest for the different quantiles.

EAs-in-Danjounet-al«2024)emissions are strongly underestimated when the wind is weak or when the spatial variability of
the wind direction is strong (see Fig. 3B1-(a)-and-(b)). These 2 variables are also strongly correlated here (spearman correlation
of -0.75). The results are more accurate (lower bias and IQR) when the meteorological conditions favour the ventilation of the
emitted COs in a narrow and straight plume, i.e. with a high wind speed and a low variability of the wind direction; but when
the emitted CO2 accumulates above and in the vicinity of the city in a diffuse plume with high values of XCOs, or forms a

plume with a complex structure, the results of the emission estimation show an important bias (see Fig. 3).are-impacted-by

- .
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The error in the emission estimation also shows sensitivities to other variables characterizing the observation conditions:
sensitivities to the emission budget, to the ratio between the average anthropogenic signal and the variability of the background
signal, or to the difference between the optimised inversion angle and the average wind direction in the PBL are also visible
(see Supp.Mat. B2B).

The error in estimating emissions therefore shows sensitivities, sometimes complex, to several variables, some being related,
again in complex ways. Because of those intricated sensitivities, the simple analysis conducted in this subsection is insufficient
to determine the optimal set of variables and thresholds for defining the most optimal discrimination criteria for the synthetic

images. This justifies the use of a more complex learning method. The supervised learning method described in Section 4.2

will enable us to determine the discrimination criteria more objectively, despite the covariances among the variables. Fhe-error

5.2 Application of the decision tree method..

5.2.1 ...for predictable variables

This first analysis, using the decision tree learning method described in Ssection 4.2.1, is based on the results of the inversion
of the 9119 synthetic imagespseude-images produced by the GP2 method. We focus on the discrimination criteria given by our
learning method with 100 different samples, as described in Ssection 4.2.2. For 82 of the 100 samples, the pair of criteria given
by our learning method is the spatial variability of the wind direction and the emission budget, i.e. favoring large emissions and
low variability of the wind direction. For the remaining 18 samples, wind direction variability appears 9 times in the criterion
pair and emission budget 7 times. The other variables appearing in the criteria pairs for the 18 samples are spatial variability
of emissions in the city (5 occurrences), spatial variability of the emissions in the city (4 occurrences), mean PBL height
(2 occurrences) and length of minor axis of ellipse (2 occurrences). For 6 samples, the pair of criteria is in fact a singleton
indicating that one variable is significantly more important than all the remaining variables. The spatial variability of the wind
direction and the emissions within the city thus stand out very strongly.

We will now study in detail the threshold values taken by the spatial variability of the wind direction and the city’s emission
budget for these 82 pairs of criteria. The distribution of the threshold on the spatial variability of the wind direction is char-
acterised by a median of 12° and an IQR of 5°. 10% of the inversions are found between the bounds formed by the quartiles
of this distribution (9° and 14°). The distribution of the threshold on the emission budgetThe-emission-budget-distribution is
characterised by a median of 2.1ktCO2/h=5.1MtC/yr and an IQR of 0.7ktCOx/h. 22% of the situations fall between the bounds
formed by the quartiles of this distribution (2.6ktCO2/h and 1.9ktCOs/h). The distribution of the thresholds areFhe-distribution
of-the-eriterta-is therefore spread out. For a given pair of criteria among the 82 retained, the subset giving the lowest error is

that formed by images whose spatial variability of wind direction is below the threshold given by the decision tree and whose
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Figure 4. Distributions of spatial variability of wind direction (left) and city emissions (right). In orange the distribution is that of the criterion
values and in blue that of the simulations. The black dotted line indicates the median threshold found and the grey area the-the discarded

subset.

emission budget is above the threshold given by the decision tree. The 82 subsets are;-hewever; homogeneous in terms of the
median of the error distribution (-7% [-6%,-8%]) and the IQR (55% [52%,58%]). This is less the case for the subsets size (45%
[36%,52%] of the 9119 synthetic imagespseude-tmages). For comparison, other studies such as Wang et al. (2019) or Lespinas
et al. (2020) have found lower thresholds on the emission budget (respectively 2MtC/year and 0.5MtC/year) leading to more
precise estimates (uncertainties of less than 20%). But these studies, which both follow the same formalism, include fewer
sources of error in their framework (perfectly known background concentration, simplistic simulations of the urban plumes),
which explains our higher threshold and uncertainties.

For the following analysis, we take the medians of the threshold distributions of our 82 retained pairs as the thresholds
for these two criteria. The subset formed by the synthetic imagespseude-images respecting these two criteria is characterised
by a median error of the estimated emissions of -7% of the city’s emissions, an IQR of 56% and includes 47% of the 9119
synthetic imagespseudo-images. The subset formed by the synthetic imagespseude-images that do not respect these two criteria
is characterised by a median error of the estimated emissions of -31% of the city’s emissions, an IQR of 99% and includes 53%
of the 9119 synthetic imagespseude-images. The criteria therefore allow us to isolate the synthetic imagespseude-images that
are most suitable for inversion, as the synthetic imagespseade-images that do not pass the criteria give highly biased estimates.

The discrimination criterion based on the spatial variability of the wind direction reduces the bias and the IQR of the error
distribution, while the criterion based on the emission budget only reduces the IQR. Indeed, by applying only the discrim-
ination criterion based on the spatial variability of the wind direction, we obtain for the subset passing the criterion a bias
of the error of -5% and an IQR of 68% (-31% and 99% respectively for the synthetic imagespseude-images not passing the
criterion). Applying only the discrimination criterion based on emissions balance gives us, for the subset of synthetic images

pseude-images passing the criterion, a bias of -16% and an IQR of 66% (-17% and 110% respectively for the synthetic images
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pseade-images not passing the criterion). Thus the criterion based on the spatial variability of wind direction is a selection
criterion (the synthetic imagespseude-images that do not pass the criterion are considered unusable), and the criterion based
on the emission budget is a discrimination criterion (the synthetic imagespseudo-images that do not pass the criterion will give

a less accurate emission estimate).
5.2.2 ... for diagnostic variables

In this section, the set of synthetic imagespseude-images used for the analysis is the set of synthetic imagespseude-images
(47% of our previous set) passing the criteria on the spatial variability of the wind direction variability and on the emission
budget defined in Ssection 5.2.1.

The pair with the highest occurrence (42 out of the 100 pairs) is the "ratio between the average anthropogenic signal and
the variability of the background signal" and "spatial variability of the XCO; concentration outside the plume". For the other
samples we obtain 20 different pairs. The spatial variability of the XCOy concentration outside the plume is also used in
the calculation of the estimated signal to background ratio. The two variables have a correlation of 0.34. We thus choose to
reduce the tree depth to 1 and remove the ratio between the average anthropogenic signal and the variability of the background
signal from our list of variables of interest. The choice of which variable to remove between the 2 is made on the number of
occurrences across the pairs (54 for the ratio between the average anthropogenic signal and the variability of the background
signal, 77 for the XCO,, signal variability).

In this new configuration, 72 samples out of 100 give the variability of the XCO, signal as a criterion. The distribution of
threshold values found for this criterion has a median equal to 0.72ppm and an IQR of 0.02ppm. 19% of the synthetic images
pseudo-images in the test set fall within the bounds formed by the quartiles of this distribution. By taking the median of this
distribution as the discrimination criterion, we obtain two subsets which contain respectively 30% and 70% of the tested set
and are characterised by biases on the estimation of emissions of -6% and -7%, and IQRs of 74% and 50%. This discrimination
criterion reduces the IQR but not the bias. However, the accuracy of this criterion is questionable: 50% of the values taken by
the signal variability outside the plume are between 0.70 (which corresponds to the measurement noise) and 0.73ppm. A slight
variation (0.01ppm) in this separation criterion has a strong impact on the error distributions of the two subsets. Moreover, the
modelisation of the instrument noise (which have an important impact on the signal variability outside of the plume) is over

simplistic in our work. We therefore choose not to retain this criterion.
5.3 Study of the results by city

Of the 31 cities, five (Bogota, Lima, Los Angeles, Mexico City and Tehran) have more than 90% of the synthetic images
pseuade-images that do not pass the selection criterion based on the spatial variability of wind direction. We therefore have less
than 30 images passing the selection criterion for these cities and choose to set them aside. All these cities are located in basins
or at the foot of high mountain ranges, which explains the high spatial variability of wind direction for the vast majority of
observations. Of the remaining 26 cities, 7 have their emission budget below the threshold of the emission budget criterion

(see Fig. 5) and should therefore have low accuracy estimates. Paris is one of these cities in our simulations, with emissions
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Figure 5. Distribution of the error on the emission estimates (boxplot) ebtained-with-the-GP2-methed-for the synthetic imagespseudo-images
passing the selection criterion on the spatial variability of the wind direction (> 12°). The orange bars show the number of synthetic images
pseude-images used. The dotted line separates the cities according to the discrimination criterion on the city’s emissions budget with on the
left the cities passing the criterion (emissions <2.1ktCO2/h) and on the right the cities not passing it. The cities are ranked in descending

order according to their emissions budget.

of 1.8ktCOx/h for the target area. The error distribution of the emission estimate for the city of Paris has a bias of 2% and
an IQR of 83% for the synthetic imagespseunde-images passing the selection criterion on the spatial variability of the wind
direction (86% of the synthetic imagespseude-images). These results are close to those obtained in Danjou et al. (2024) with
the synthetic imagespseude-images of Paris generated by WREF: the distribution of the error on the emission estimate had a
bias of 4%, an IQR of 74% and 57% of the synthetic imagespseade-images passed the criterion then defined. The IQR is larger
in this study, and the number of images passing the criterion is higher. This can be explained by the fact that the criterion was
stricter in Danjou et al. (2024) (<7°-in-DPanjeu-et-al+2024), <12° in this study), and that the selected months are not the same
(December-Aprilin-Danjouet-al(2024), August in this study).

We can see (figure 5) that the accuracy of the estimate decreases with decreasing emissions budgets. However, this criterion
alone is not sufficient to classify the cities. In particular, the bias varies considerably from one city to another, even when their
emissions are similar. Only 8 cities (Bangalore, Buenos Aires, London, Moscow, Ningbo, Paris, Riyadh and Seoul) have a

distribution of error on their emissions estimates with a bias of less than 10%. Our selection allowed us to roughly filter out the
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worst situations for estimating emissions with our method, but not yet to fully understand the error dependencies. We want to
point out that these errors are significant, even with many images (=~ 320-320) per city and our filtering. Future studies should

consider how best to use the emission estimates provided by satellite image analysis.

6 Discussion
6.1 Limitations of the study

Some potential sources of error not considered here (complexity of measurement error, loss of data due to - among other things
- cloud cover and aerosols) have already been discussed in Danjou et al. (2024) and are therefore not repeated here.

A major difference between the simulations in this study and those in Danjou et al. (2024) is the lack of temporal variability
of the emissions used. In reality, the plume is generated by the emissions that occurred up to a few hours before the satellite
overpass, and inventories show significant daily cycles, in particular related to the traffic and industrial activity. When analyz-
ingdealing-with real data, our analysis zone may correspond to emissions that occurred, for example, three hours before the
acquisition time, and comparing the emission estimate to the emissions at the acquisition time of the synthetic pseade-image
introduces an additional error. Additional uncertainties due to the emissions temporal variability might affect real-case studies
. In practice,
Danjou et al. (2024) showed that the analysis zones correspond to emissions that are very recent (less than 2 hours) in most
cases. Thus, carrying out this study with variable emissions should not significantly alter our results, assuming that the emis-
sions of a given city remain similar within two hours in the middle of the day (no morning and evening traffic rush hours).
However, the issue of temporal variation of emissions arises with real data when we compare our emission estimates with
inventories. For cities without hourly emission budgets (or if the comparison is made with an inventory that does not vary on an
hourly basis), we will have an additional source of error, this time coming from the estimated emission budget of the inventory.

We also note hereThefaet that one of the criteria is based on the city’s emission budget, which may be problematic when
using real data. Indeed, includingwe-will-need an a priori value from an inventory to rank the cities means that ranking errors
might result in additional uncertainties if city’s inventory estimates are incorrectto-rank-the-eities;-which-will-be-estimated-from

6.2 Distribution of the discrimination criteria for the cities with more than 1M inhabitants

This Ssection focuses on the number of cities passing the discrimination criteria for a non-negligible part of the year. We are
interested in cities with more than one million inhabitants in 2018, according to UNDESA (2018).

The spatial variability of wind direction is calculated as the pressure-weighted circular variance of wind in the PBL in a
150km square centred on the city centre given by UNDESA (2018). For the analysis conducted in this subsectionis-analysis,
the meteorological data (3D wind field, pressure field, PBL height) come from the ECMWF ERA-5 product (Hersbach et al.
(2018)) at 0.25° resolution for the year 2020. We calculate this variability for each day at 10 am, 1 pm and 4 pm local
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Figure 6. Average annual cloud frequency over the period 2000-2014 derived from satellites Terra and Acqua (Wilson and Jetz, 2016)
and location of cities with more than one million inhabitants (top panel). Distributions (4 panels from left to bottom) for cities of different
continents of the frequency of the synthetic observationpseudo-ebservationfrequeney with spatial variability of wind direction less than 12°

+H= (a), of the mean annual cloud frequency (b), of the emissions (c) and of the proportion of sea surface in the neighborhood of the city (d),

defined as the area within 30km of the city{defined-as-the-area-within-30kmef-the-eity). The panel (e)ast-panel-(bottorrright) shows the

percentage of cities per continent passing the emission budget criterion, having less than 25% of their neighborhood covered by the sea, and
for which the frequency of observations allowed a priori by the cloud cover and the threshold on the spatial variability of the wind direction

is one day out of two (light orange), one day per week (orange), one day per month (dark orange).

time. These different times are chosen to sample possible times of OCO-3 overpasses.These-different-times-are-chosento-be
representative-of-the-times-when-OCO-3-passes-threugh: We calculate for each city the proportion of these "observations" for
which the spatial variability is above 12°4H=. We can see in Fig. 6 (a) that for the vast majority of cities (932%), this proportion
is above 50%. The distribution of the spatial variability of the wind direction is different from the one we have with the OLAM
model, where more cases were rejected. An explanation may be the much lower sampling of ERA-5 (around 25km against

around 3km for OLAM in the neighbourhood of the cities of interest), which smoothes the wind direction variations and thus
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leads to smaller values of the spatial variability of wind direction. Nevertheless, we can see that, based on this variable, the
least suitable cities for emissions monitoring are located in Asia and America.

City emissions are evaluated with the ODIAC product for the year 2019 and using the definition of city boundaries defined
in Section 2.4. Among cities with more than one million inhabitants, only 40% pass this criterion (Fig. 6 (b)).

Cloud cover is also a factor limiting the number of images that can be acquired, which is not considered in this study.
Wilson and Jetz (2016) is a database giving the frequency at which clouds cover a point on the globe. This dataset integrates
15 years of twice-daily remote sensing-derived cloud observations at 1km resolution. We are interested in the annual average
of this frequency to have an order of magnitude of the days not observable due to clouds. We can see in Fig. 6 (c) that the
cloud frequency is, for most cities, between 40 and 80%, whatever the continent. The seasonal distributions of cloud cover and
spatial variability of wind direction are not taken into account in this analysis.

Finally, the proportion of the water surface in the vicinity is also important for our measurements. The difference in re-
flectivity between terrestrial and aqueous surfaces results in very heterogeneous measurement quality. OCO-3 SAMs partially
overlooking aqueous surfaces (e.g. coastal cities) include a large fraction of excluded pixels.as-eurrentinstruments-cannotmake

measurements-overboth-water-and-tand-in-atimited-time-and-space-interval: For the analysis of this subsection, wWe define a

the city neighbourhood as the area within 30km of the city edge as defined with the method described in Section 2.4. For most
cities (77%), this proportion is less than 25% (Fig. 6 (d)).

To give an idea of the current ability to quantify urban CO, emissions using satellite imagery, we look at the distribution of
cities with emissions greater than 2.1ktCOs/h and with less than 25% of the sea surface in their vicinity. We add an index of
how often we can measure them by multiplying the proportion of cloud-free days by the proportion of days where the spatial
variability of wind direction is greater than 12°4=. We can see in Fig. 6 (eright-panel) the proportion of cities per continent
that pass the criteria and can be measured on average every other day, one day per week and one day per month (1 day/30).
Very few African cities (4 out of 57) pass our criteria, mainly due to their low emissions. The proportion of cities passing all
three criteria (emissions, sea in the vicinity, frequency of observation) does not change with the frequency threshold. Indeed,
for those cities the emission budget is the discrimination criteria, and not the cloud cover nor the spatial variability of the

wind direction.a

America and Europe show similar results: most cities are rejected by our emission criterion, and the high cloud cover (often
more than 50%) does not allow for observations at least every other day. On the other hand, the number of observable cities
does not increasethere-are-ne-more-observable-cities when the threshold on the frequency of observation is raised from one
day per week to one day per month. The observable cities in America and Europe (30 cities out of 119 and 14 cities out of 58)
can provide approximatelyan-order-of-magnitude-of one observation per week if there were daily overpassesobserved-daily.

Asian cities, due to higher emissions, show a higher proportion of cities passing the criteria. Very few cities (16 out of 273) are
observable on average every other day. Again, the proportion of cities passing the criteria varies little between a threshold of
one day per week and one day per month (101 and 1009 cities out of 273, respectively). Australia stands out: only five cities have

more than 1 million inhabitants. For this continent, the distribution of the variables we are interested in is fairly homogeneous,

24



620

625

630

635

640

645

which places them at the limit of observability with the criteria on emissions and the proportion of sea surface in the vicinity
(all the cities are coastal).

Asia and Australia stand out, with 376% (102 cities) and 40% (2 cities) of cities withef more than one million inhabitants
for which CO4 emissions are theoretically relatively easier to quantify than cities on other continents. They are followed by
America and Europe, with 25% and—24%—of cities for both (i.e. 30 and 14 cities). Due to their lower emissions compared
to other continents, African cities seem more difficult to monitor (only 7% pass our criteria, i.e. 4 cities). These conclusions
remainresults-are valid for satellite imagers with characteristics close to those of the OCO-3 instrument (2km x 2km resolution,
0.7ppm accuracy) and should be revisitedreviewed for future satellites with different viewing geometry or ground trackpessibly

6.3 Other potential criteria

Wind speed is often cited as having an impact on the magnitude of error while quantifying greenhouse gases emissions of local
sources using satellite imagery (Varon et al., 2018, 2020; Nassar et al., 2022). As we have seen, using a criterion based on
wind speed is relevant, as low wind speeds are often associated with high spatial variability in wind direction. These situations
give rise to poorly ventilated plumes with complex structures whose corresponding emissions are difficult to calculate. This
study’s decision tree learning method indicates that the criterion on spatial variability of wind direction is more accurate than
a criterion on wind speed with the set of images used here. However, this might be different when using real data. Indeed, the
resolution of the weather product used here is very high around the cities of interest (= 3km, horizontally, 49xx vertical levels),
higher than that of, for example, the ERA-5 product (= 25km, 37 vertical levels). With wind data at a resolution comparable to
that of ERA-5, the spatial variability of wind direction will be underestimated when the typical size of the horizontal variations
is between 3 and 25km, and the accuracy of the criterion will be lower. A criterion based on wind speed might then be more
relevant, as this variable is less sensitive to the resolutionsampling.

Another criterion often associated a priori with error in emissions estimation is the ratio between the average anthropogenic
signal and the variability of the background signal (Schuh et al., 2021). This ratio quantifies the visibility of the plume and
indicates how easy it is to quantify the emissions. We have seen that the error on emission estimation shows a high sensitivity
to this variable (Section 5.1 and Annex B) and is apparent in our decision tree analysis for diagnostic variables (Section 5.2.2).
However, this dependence of the error on the ratio "average anthropogenic signal" - "background variability" is slightly less
important in our analysis than the dependence on the background variability. The relevance of the background variability as a
criterion has already been discussed in Ssection 5.2.2. A priori, we might have expected the error’s dependence on this ratio to
be greater than its dependence on background variability. However, this dependence has already been partly filtered out by our

analysis of the predictable variables, with the criterion on the emission budget.
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7 Conclusions

This study analysesshews the performance of an automatic process for estimating urban emissions from XCO,XE€O?2 satellite
images. This process is-alse independent of the targeted citiesy: it is applied identically to all of themtargeteities. The methods
used are low in computation time (on the order of a minute to process an image) and flexible, which enablesus to process a
database of around 10,000 images with a low failure rate (8% of the image). This study, therefore, contributes to the devel-
opment of standard and automatedie methods for the operational monitoring ofapplieations-te-meniter urban emissions with
satellite observations.

Our analysis, using a decision tree learning method, of the variations of the error on the emission estimation as a function

of the targeted cities and atmospheric conditions showsln

that the spatial variability of the wind direction and the city’s emission budget are the two main criteria, among those tested,
to select the most suitable images for city emission estimates at-eity-seale-and-based on XCO, satellite imagery. This analysis

with a learning method also provides precise and objective thresholds to these criteria supporting the selection of images.We

The threshold, of 12°, on the variability of the wind direction within the image area allows to reduce both the bias and
the spread of the distibution of the emission estimation errorerror-distribution-on-the-emission-estimation, which reflects the
uncertainties which should be encountered when tackling actual images. The threshold of 2.1ktCOs/h on the emission budget
reduces the spread of the error on the emission estimate. The application of these two criteria simultaneously allows us to
separate the synthetic imagespseude-images into two sets: the first, grouping 47% of the synthetic imagespseade-tmages, for
which the distribution of the error on the estimation of emissions has a bias (median) of -7% of the emissions and a spread
(IQR) of 56%; and the second for which the distribution of the error has a bias of -31% and a spread of 99% of the emissions.
However, some of the subset of results from individual citieswhenwelook-at-theresults-eity-by-eity,some-of-them show biases

on emission estimates of over 10%, despite our filters. These significant remaining biases raise the question of the current
reliability of the results obtained on a single given city.eity-by-eity-stadies-as-things-stand-

This study provideshas-previded objective criteria for selecting the most suitable satellite images for urban plume inversion.
However, wenote-here-thatthese criteria are derived from experimentsdetermined with synthetic data, based onestimated-from
atmospheric model simulations and inventories. Even though the realism of these simulations and inventories has been previ-
ously evaluated against actual observations, there is a need to confirm the robustness of these criteria and of the corresponding

threshold values with applications to real satellite images.

A= Our study, never-
theless,Hewever,-our-study directly supports the interpretation of future inversion results using XCO, satellite images such as
the OCO-3 SAMs.

Code and data availability. Code and Data are available upon requests.
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A Illustration of the boundaries of the target areas
B Extension of the study to other inversion methods
B1 Inversion methods

Three other inversion methods have been investigatedeptimized by Danjou et al. (2024) and tested here: one based on the
optimization of a rotating Gaussian plume model (denoted GP3), one based on flux estimates ofaeress plume cross sections
(denoted CS) and one based on a CO5 mass balance in the plume (Integrated Mass Enhancement method, denoted IME).
Details of these methods can be found in Danjou et al. (2024). Concerning the pre-processing steps (i to vi, cf. Ssection 3), they
are the same for the method based on a rotating plume model as those described in Ssection 3 for the straight plume model.
For the other two inversion methods (CS and IME), the steps of defining the analysis area and estimating the effective wind
(steps v and vi) are different: the analysis area is the plume area within one time the radius of the city along the central axis
of the plume, and the effective wind is estimated with the wind tangent to the central axis of the plume in the analysis area
according to Danjou et al. (2024). The gaussian plume method used in the main body of the article will be now referred as GP2

for clarity.
B2 Preliminary analysisGeneral-results

When we apply the CS, IME and GP3 inversion methods to our 9920 images, we get a result in over 98% of the cases for
each of the three methods. At first sight, the error distribution on the emission estimate seems less biased for CS and IME
(bias less than 10%) than for GP2 and GP3 (bias between -13 and -16%). The IQRs of the error distributions are however
larger for CS and IME (90-91%) than for GP2 and GP3 (78-86%). When we discard synthetic imagespseudo-images for
which the spatial variability of the wind direction is above 7° (as prescribed in Danjou et al. (2024))When—we—apply-the

, the underestimation of the

emissions by the GP2 and GP3 methods disappears: the error distributions have a-bias between -5 and 7% for the inversions
based on GP2 and GP3, as well as for those based on CS and IME. The IQR of the distributions also decreases: it is 75-76%
for the inversions based on CS and IME and between 64 and 67% for those based on GP2 and GP3. After filtering, we are left
with 53% of the images. For CS, IME and GP3, like the results presented for GP2 in Ssection 5.1, the relative error on the
emissions shows strong disparities between the cities, even after applying the Danjou et al. (2024) filtering based on the spatial

variability of the wind direction.

Here we will detail the sensitivities of the error on the emissions estimate to the variables of interest. This qualitative study
is much reduced in the Ssection 5.1 to keep the message concise and clear in the main body of the article.

TAs-in-theParis-stadythe emissions are strongly underestimated when the wind is weak or when the spatial variability of
the wind direction is strong (see Fig. B1 (a) and (b))—Fhe-remark-made-in-theParis-stady-is-therefore-stil-valid: the results
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covered by the 150km square synthetic imagespseude-images described in Section 2.3
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Figure B1. Distribution of the error on the emission estimatione aceerding-in functionfenetion of different variables of interest. The optimized

radius shown in panel (g) is a parameter of the gaussian plume models (see section 4.3) and is therefore not calculated for the other methods.

are more accurate (lower bias and IQR) when the meteorological conditions favour the ventilation of the emitted CO5 in a not
very diffuse and straight plume, i.e. with high wind speed and low variability of the wind direction; but when the emitted CO2
accumulates over and in the vicinity of the city in a diffuse plume with high XCO, values or forms a plume with a complex
structure, the results contain significant errors.

Figure B1 (c) shows a sensitivity of the error on the emission estimate to the actual emission budget. Despite noise, we can
see that the IQR of the error decreases when the emissions increase. Cities with important emissions have a plume that stands
out more strongly from the background signal and allow a more accurate emission estimate—emissions.

The sensitivity of the error to the ratio of the average anthropogenic signal to the variability of the background signal is

shown in Fig. B1 (d) for the estimated anthropogenic signal and (e) for the actual anthropogenic signal. This actual signal-to-
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background ratio is close to that used by Schuh et al. (2021). The error sensitivities to these two ratios are very similar when
this ratio is high, i.e. when the signal from the city differs most strongly from the variability of the background signal. In this
case, the estimated anthropogenic signal is close to the real anthropogenic signal. The sensitivities of the error to these two
ratios are however very different when these ratios are low. This can be explained by different reasons for the low ratios. For
the estimated background ratio, poorly defined plume boundaries lead to an overestimation of the background signal and thus
to a low estimated anthropogenic signal and an underestimation of emissions. For the actual background ratio, low emissions
result in a weak anthropogenic signal that is difficult to discern, and thus a higher uncertainty in the emission estimate.

Finally, the error on the emission estimate is very sensitive to the radius of the city optimised during the inversion for the
inversions based on a Gaussian plume (GP2 and GP3, see Fig. B1 (g)). However, when we discard synthetic images for which
the spatial variability of the wind direction is above 7° as prescribed inwhen

spatial-variability-of-the-wind-direction-defined-by Danjou et al. (2024), this sensitivity almost dlsappears Indeed, wWhen the

spatial variability of the wind direction is large, a dome, or at least a very diffuse plume, forms over the city and disturbs the

optimisation of the city radius.
The error on the emission estimate thus shows sensitivities to several variables, some of which are correlated. These sen-
sitivities can be complex and it is difficult at this stage to determine on the basis of these sensitivities which of the variables

are the most discriminating regarding the error on the emission estimation, and thus to determine the optimal criteria for dis-

criminating the synthetic imagesThese

B3 Application of the decision tree method

B3.1 ... for predictable variables

The application of our learning tree method to inversions with GP3 gives very similar results to those described for GP2
similar to those described for GP2 in Ssection 4.25:3-4-2-(see-table-5:2). The pair of criteria that emerge is the same (spatial
variability of wind direction and emission balance) with a slightly higher number of occurrences (95 for GP3, 82 for GP2). For
the inversions with CS and IME, the same pair of criteria is also found, but with a lower number of occurrences (53 and 63
respectively).

The distributions of threshold values for the criteria are ¥ery-similar for all methods. The medians of the thresholds found
for the spatial variability of wind direction are 10° for the GP3 method, 10° for the CS method and 11° for the IME method.
For the emissions bugdet, they are 1.9ktCOs/h for the GP3 method, 2.0ktCO5/h for the CS method and 1.9ktCOx/h for the
IME method.

The bias (<10%) and IQR (between 52% and 70%) on the emission estimate for the subsets of synthetic imagespseude-images
passing the criteria are similarelese for the different inversion configurations-(ef—table-5:2), as well as the size of these subsets

(between 36% and 55%). The subsets that do not pass the discrimination criteria show differences depending on the inversion

30



755

760

765

770

configuration. The results with GP3 are similar to those with GP2 in terms of bias, IQR of the error on the emission estimate
and plume size; but for CS and IME the biases are smaller (between 6 and 12% in absolute value for CS and IME, between -25
and -37% for GP2 and GP3) and the IQRs are larger (higher than 120% for CS and IME, lower than 107% for GP2 and GP3).

B3.2 ... for diagnostic variables

In this section, the set of synthetic imagespseude-images used for the analysis is the one formed by the synthetic images
pseude-images passing the criteria on wind direction variability and on the emission balance. The inversion methods (GP3,
IME, CS) are tested separately. For all these methods, no pair of criteria has more than 40 occurrences when the tree depth is set
to 2. We therefore also reduce the tree depth to 1. Plume size appears as the main criterion for IME and CS, with respectively

44 and 42 occurrences. As this criterion appears for less than half of the samples, we do not consider it as sufficiently relevant;

. For GP3, the error of the optimisation appears as the

main criterion, without standing out here too (42 occurrences). We therefore choose not to retain these criteria.
B4 Study of the results by city

As the thresholds distributions are similar for all inversion methods, we choose to use the same threshold values thanThe

those found for the GP2 method (cf Ssection 5.2.1). We have the same 5 cities
(Bogota, Lima, Los Angeles, Mexico City and Tehran) for which more than 90% of the synthetic imagespseudo-images do not

pass the selection criterion based on the spatial variability of the wind direction.
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Figure B2. Distribution of the error on the emission estimates (boxplot) for the synthetic imagespseude-images passing the selection criterion
on the spatial variability of the wind direction (> 12°). The orange bars show the number of synthetic imagespseunde-images used. The dotted
line separates the cities according to the discrimination criterion on the city’s emissions budget with on the left the cities passing the criterion
(emissions > 2.1ktCO2 /h<2Hct€O-#h) and on the right the cities not passing it. The cities are ranked in descending order according to

their emissions budget.
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As with the GP2 method, we can see (cf Fig. B2) that spread of the error generally decreases whith higherthe-aceuraey
inereases—globally—with-the cities’ emissions. However, here again, this parameter does not fully explain the disparity of the

results between cities.
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