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Abstract. Targeting satellite observations offer a promising avenue for detecting and quantifying anthropogenic greenhouse

gas (GHG) emissions from localized point sources at high spatial resolution. In this study, we assess the detection potential of

the Twin ANthropogenic Greenhouse gas Observers (TANGO) satellite mission, scheduled for 2028, using orbit simulations

and the TNO Global Point Source (GPS) inventory. We examine its target selection approach across three observational scenar-

ios, Clear-Sky, Cloud-Filtered, and Cloud-Forecast, by applying two prioritization schemes (one favoring CH4 point sources5

over CO2 and the other vice versa). Results show that, under current detection limits (TDL), TANGO can detect a large fraction

of major point sources, identifying ∼500 targets per repeat cycle, depending on the prioritization scheme employed. However,

cloud cover significantly reduces observational yield (∼64–68% fewer detections). Integrating a cloud-forecast-informed target

selection improves the total number of detected targets by 34.6% under CO2 prioritization and 22.1% under CH4 prioritization

compared to the cloud-filtered scenario, demonstrating the benefits of adaptive observation strategies. We also explore a hy-10

pothetical Enhanced Detection Limit (EDL) scenario, representing the potential for future satellites with improved sensitivity.

While EDL extends the range of observable sources, many of these smaller emitters are associated with greater uncertainties,

highlighting the importance of well-characterized retrieval precision. Finally, we discuss the potential benefits of a satellite

constellation, which could enhance revisit times and observational frequency for sources of key interest. Our results demon-

strate TANGO as a case study for the capabilities and challenges of next-generation targeting satellite missions, highlighting15

the importance of high-resolution GHG monitoring and cloud-aware adaptation for improving global emission quantification.

Copyright statement.
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1 Introduction

We are entering a climate regime where warmer conditions are becoming the norm, unprecedented in recorded human history.

Anthropogenic greenhouse gas (GHG) emissions, particularly carbon dioxide (CO2) and methane (CH4), are driving this shift20

through their relatively long atmospheric lifetimes and strong infrared-absorbing properties, thereby amplifying radiative forc-

ing. The latest ERC report on GHG emissions of all world countries (Crippa et al., 2023) indicated that global anthropogenic

GHG emissions increased by 62% in 2022 compared to 1990 levels. Thus, tracking and recording anthropogenic CO2 and CH4

emissions are pivotal factors influencing international and national carbon quantification systems.

Major human-induced sources of CO2 include fossil fuel combustion, such as coal, natural gas, and oil; clearing of forests25

and other land use changes; and industrial processes like cement manufacturing (Friedlingstein et al., 2023). Anthropogenic

sources of CH4 include activities such as cattle farming, rice cultivation, natural gas production and distribution, oil produc-

tion and associated gas venting, coal mining, municipal solid waste from landfills, and wastewater treatment (Olivier, 2022).

The global carbon cycle absorbs some of these emissions; however, a significant part of CO2 remains in the atmosphere, in-

creasing concentrations (Friedlingstein et al., 2023). CH4, while accounting for a smaller portion compared to CO2 in the30

atmosphere, has approximately 28–34 times more global warming potential over a 100-year period than CO2 (Myhre et al.,

2013). Therefore, addressing both CO2 and CH4 emissions is vital for effectively mitigating climate change (Etminan et al.,

2016).

At the forefront of counteraction strategies is the Paris Agreement, which came into effect in 2016. As of December 2024,

194 states and the European Union, representing over 98% of global GHG emissions, have signed and ratified the Agreement.35

The primary long-term objective of the Paris Agreement is to keep the rising global mean temperature well below 2°C above

pre-industrial levels while striving to limit the rise at 1.5°C (UNFCCC, 2015). However, recent climate data indicate that

2024 is the first year where global temperatures have surpassed this 1.5°C threshold, with an annual average temperature of

approximately 1.6°C above the 1850–1900 baseline (World Meteorological Organization, 2025; Copernicus Climate Change

Service, 2025; McCabe, 2025). This milestone underscores the accelerating pace of global warming and places additional40

pressure on international climate mitigation efforts. Yet, progress toward these goals remains uncertain. Despite temporary

reductions in CO2 during unprecedented events like the COVID-19 pandemic (Le Quéré et al., 2020; Liu et al., 2020), achieving

the Agreement’s goals calls for more comprehensive global actions beyond CO2 reductions. This realization led to the Global

Methane Pledge at COP26 in November 2021, in which the participating parties committed to significantly reducing methane

emissions (Malley et al., 2023).45

To alleviate the effects of climate change due to the rise in GHG concentrations, we require reliable climate predictions.

This mandates a thorough understanding of the sources and sinks of CO2 and CH4, which cannot be fully addressed by the

limited spatial coverage of ground-based measurement techniques, regardless of their high accuracy (Jacob et al., 2022; Zhao

et al., 2023). Hence, we utilize satellite remote sensing to fill these data gaps with precise and accurate measurements of

column-averaged dry air mole fraction of CO2 and CH4, i.e., XCO2 and XCH4 (Butz et al., 2011; Jacob et al., 2022).50
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Satellite measurements of XCO2 and XCH4 can be broadly classified into two categories: mapping satellites and targeting

satellites. Mapping satellites such as GOSAT, OCO-2, OCO-3, Sentinel-5 Precursor, and Sentinel 5 provide ground pixel

resolution on the order of kilometres (1–10 km) and are designed to capture natural carbon fluxes on a subcontinental scale

(Eldering et al., 2017; Wang et al., 2019; Lorente et al., 2021). They have broader scanning swath widths spanning from 300

to 3000 km and, under favorable conditions, can also be used to measure large emission sources (Nassar et al., 2017; Reuter55

et al., 2019; Pandey et al., 2019; Hakkarainen et al., 2021; Sierk et al., 2021).

To ensure accurate quantification and precise anthropogenic carbon emission reporting, we require systems that can detect

and quantify relatively smaller emissions left out by mapping satellites. Targeting satellites provide a new avenue in this

context due to their ground pixel resolution ranging from several tens to a few hundred meters, depending on the mission. Such

high resolution enables these satellites to target smaller emission sources and allows for the visualization of plume imagery,60

providing emission attribution to sectors such as coal-fired power plants, fossil fuel production, large industrial facilities, and

landfill sites (Qian, 2021; Guanter et al., 2021; Irakulis-Loitxate et al., 2022; Sherwin et al., 2023). Advances in satellite

technology, such as the compact spectrometer concept proposed by Strandgren et al. (2020), have demonstrated the feasibility

of monitoring localized CO2 emissions from medium-sized power plants, a critical yet under-monitored category contributing

significantly to global emissions.65

Despite their capabilities, targeting satellites come with their own challenges. Their narrower swath width, ranging from 30

to 50 km, creates difficulties in achieving global coverage within a reasonable number of overpasses. Hence, these missions

demand careful planning and policy for prioritizing target selection to maximize their observational capabilities. Global cloud

coverage is the other major challenge, as approximately 70% of the Earth’s surface is covered by clouds at any given moment

(Stubenrauch et al., 2013). This is a general challenge of GHG remote sensing using satellite observations, as cloud cover70

significantly obstructs visibility and reduces the number of viable targets, directly affecting observational yield.

In this work, we explore the potential of targeting satellites in capturing CO2 and CH4 point emitters of lower emission levels.

Satellites such as TANGO, GHGSAT, and CarbonMapper have the ability to maneuver and dynamically adjust observation

plans as they are designed to focus on specific high-priority targets. To assess the feasibility of these systems, we simulate

satellite trajectories under various scenarios to determine how many targets can be observed based on the TNO GPS inventory75

(Dellaert et al., 2024). Additionally, we assess the challenge of cloud cover, as it significantly reduces data yield. To address

the challenge of cloud clearing, our study explores the potential benefits of integrating cloud forecast information into satellite

systems to improve target detection efficiency.

The orbital parameters, detection limits, and observational capabilities of the TANGO satellite are used as a proxy to assess

the performance of targeting GHG satellites. The methodologies developed in this study can be extended to or applied to similar80

observing systems.

The manuscript is organized as follows. Section 2 introduces the TANGO satellite mission and the global point source

inventory used as a baseline dataset. Section 3 describes the simulation design and methodology. Then, in Section 4, we

present the main results and findings from the simulations under different scenarios, while Section 5 discusses the implications
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of these findings in the context of targeting satellite-based GHG monitoring. Finally, Section 6 concludes the manuscript with85

a summary of the key insights and their relevance to future satellite missions.

2 Satellite Parameters and Emission Inventory

This section describes the TANGO satellite mission and the emission inventory used in this study. We first introduce the

satellite’s capabilities, including its observational strategy and detection thresholds, followed by an overview of the Global

Point Source (GPS) Inventory, which provides spatially explicit data on CO2 and CH4 emissions. These elements form the90

foundation for simulating satellite-based emission detection.

2.1 TANGO Satellite Mission

The Twin ANthropogenic Greenhouse gas Observers (TANGO) is an upcoming satellite mission scheduled to launch in 2028

as part of the European Space Agency’s (ESA) SCOUT program (Landgraf et al., 2024). The mission consists of two CubeSat

satellites: TANGO-Carbon, which focuses on measuring CO2 and CH4, and TANGO-Nitro, which measures NO2 emissions,95

both targeting point source emitters such as power plants, industrial sites, and oil and gas production facilities. The temporal

co-registration between CO2/CH4 and NO2 measurements is designed to be less than 60 seconds, enabling synchronized

observations of co-located emissions from the same sources. TANGO-Carbon will measure sunlight reflected by the Earth and

its atmosphere in the 1.6 µm spectral range (1590–1675 nm) with a spectral resolution of 0.45 nm and a spectral sampling

of 0.15 nm. The pushbroom spectrometer is designed to achieve a signal-to-noise ratio of 270 at the spectral continuum of a100

reference scene with a solar zenith angle (SZA) of 70°, a viewing zenith angle (VZA) of 0°, and a Lambertian surface albedo

of 0.15 (Lref = 3.16× 1012photonssr�1 cm�2nm�1 s�1). This capability enables the detection of CO2 sources larger than

2 Mt/year and CH4 sources larger than 5 kt year�1. TANGO-Nitro will use the visible spectral range (400–500 nm band) to

assist in plume detection. The satellite’s narrow swath width of 30 km and ground pixel resolution of approximately 300 meters

make it suitable for detecting localized emission sources. TANGO uses two agile CubeSat satellites, to be launched into a low-105

Earth, sun-synchronous orbit at approximately 500 km altitude. The satellites’ agility allows them to dynamically adjust their

observation strategy—through roll, pitch, and yaw maneuvers—enabling them to prioritize and scan high-emission targets,

enhancing their versatility compared to more static satellites. Additionally, TANGO will operate in a late-morning orbit, with

an equatorial crossing time of approximately 10:30, as assumed in this study. In our simulations, the TANGO-Carbon orbital

parameters and detection limits are used as a proxy for the targeting satellites to evaluate their capabilities in measuring point110

source targets of CO2 and CH4 and determining how many of these sources can be detected under various scenarios.

2.2 Global Point Source Inventory

This study uses the TNO Global Point Source (GPS) inventory as a foundational dataset for simulating satellite target selection

and emission data. The GPS inventory provides spatially explicit emission data for point sources of CO2, CH4, and NOx.

It covers emissions worldwide across key sectors such as power plants, iron/steel production, cement production, refineries,115
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Figure 1.Global distribution of CO2 and CH4 emission sources and their cumulative emission contributions based on the GPS inventory. The

left panels show the spatial distribution of CO2 (top) and CH4 (bottom) point sources, with emission rates represented by colour intensity.

The right panels display the cumulative emission distributions for CO2 (top) and CH4 (bottom); vertical lines indicate the proportion of

emissions covered under TDL (dashed blue lines) and EDL (dashed purple lines) relative to the point sources included in the GPS inventory.

land�lls, coal mines, oil and gas production facilities, and other relevant industries. The dataset is compiled from multiple

regional and global sources, including the CoCO2 2018 global point source database, Climate TRACE, and the Global Energy

Monitor (GEM). Additionally, the inventory includes gridded emission information for diffuse sources, those that could not be

identi�ed as point sources, making the GPS inventory comprehensive for global emission estimates.

Given TANGO's detection limits (TDL), a subset of the GPS inventory was created for simulation purposes, containing only120

CO2 sources with emissions larger than 2 Mt year� 1 and CH4 sources larger than 5 kt year� 1. In addition to these baseline

detection limits, simulations were extended to test more optimistic thresholds, including 0.5 Mt year� 1 for CO2 and 1 kt year� 1

for CH4, to evaluate the feasibility of detecting smaller emitters (Enhanced Detection Limits, EDL). These baseline inventories,

derived by applying TDL and EDL thresholds to the TNO GPS dataset, form the foundation for evaluating TANGO's target

selection strategies and emissions coverage, as further discussed in Sections 4 and 5.125
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Figure 1 illustrates the global distribution of CO2 and CH4 emission sources from the GPS inventory. The maps in the left

panels display the spatial clustering of emission sources, while the right panels show the cumulative emission distributions for

CO2 and CH4. These distributions emphasize the contributions of smaller emitters to global totals. This �gure parallels the

cumulative emission analysis in Strandgren et al. (2020) (Figure 1), which focused on power plant emissions using similar

methods. Figure 1 expands on this by including CH4 sources alongside CO2 and covering a broader range of industrial sectors.130

TANGO's current detection limits (TDL) (dashed blue lines) capture 54.3% of CO2 emissions and 78% of CH4 emissions

relative to the large (industrial) point sources included in the GPS inventory, whereas the Enhanced Detection Limits (EDL)

(dashed purple lines) increase the coverage to 89.5% for CO2 and 91.6% for CH4. It should be noted that the GPS inventory,

while comprehensive for industrial point sources, does not cover all anthropogenic emissions. Emissions from sectors such

as road transport, residential buildings, and agriculture (for CH4) are represented as gridded diffuse emissions, which were135

not included in this study as we focus exclusively on point sources. According to Dellaert et al. (2024), the total TNO GPS

dataset accounts for 23% of global CH4 emissions and 47% of global CO2 emissions relative to total anthropogenic emissions

as reported in the EDGAR dataset (Crippa et al., 2023).

An overview of the spatial distribution of TDL and EDL point sources across continents is shown in Figure 2. Under

TDL thresholds, the inventory includes signi�cant emitters across all continents. For instance, in Asia, 1114 CO2 sources140

account for 4623.76 Mt year� 1 of regional emissions, while in North America, 652 CH4 sources contribute 5215.88 kt year� 1.

These numbers re�ect the major emitters detectable within TDL, offering insights into the satellite's immediate operational

capabilities.

Distinct regional patterns also emerge in the emission inventory. Asia's dominance in CO2 and CH4 emissions re�ects its

industrial density and energy demands, whereas North America's high CH4 emissions are driven by its extensive oil and gas145

infrastructure. Although Africa and Oceania host fewer emitters within the thresholds, their contribution to total emissions

remains noteworthy.

The non-linear relationship between point source counts and cumulative emissions in Figure 2 underscores the value of

improved detection limits for both CH4 and CO2. For CH4, increasing sensitivity from TDL to EDL expands the inventory

from 4035 to 11,897 point sources (a 194.8% increase), yet the cumulative emissions increase by only 17.5%. This pattern150

indicates that many additional sources included under EDL are smaller emitters contributing less individually. A similar trend

is observed for CO2, emphasizing the importance of incorporating smaller emitters into emission inventories for future missions

to achieve comprehensive monitoring.

While EDL re�ects a broader capability beyond TANGO's immediate scope, these insights align with the mission's objective

of advancing GHG monitoring technologies. The results serve as a stepping stone for developing similar missions to improve155

global emissions inventories and address limitations inherent to current systems.
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Figure 2. Continental distribution of point sources based on the GPS inventory under TDL and EDL. Bar plots show point source counts

for CH4 (sky blue) and CO2 (orange) under EDL, with striped patterns representing TDL overlaid on EDL bars. Meanwhile, the line plots

overlay cumulative emissions as a function of these thresholds, with dashed lines representing EDL and solid lines representing TDL. The

line plots are colour-coordinated with their respective y-axes, with sky blue lines and labels representing CH4 emissions (kt year� 1) and

orange lines and labels representing CO2 emissions (Mt year� 1).

3 Simulation Design and Methodology

In this section, we outline our simulation work�ow. We start from the TNO Global Point Source inventory to list all CO2 and

CH4 emitters. Next, we de�ne observation schemes based on two detection thresholds (TDL and EDL) and two prioritization

rules: one favoring CO2 sources and one favoring CH4 sources. Then, for each scheme, we run a four-day orbit simulation160

that includes TANGO's roll and pitch maneuvers and excludes overpasses with solar zenith angles above 70°. After that, we

apply three cloud-treatment approaches: ideal clear-sky conditions, post-selection �ltering using MODIS cloud masks, and

pre-selection using cloud forecasts (with a one-day offset test). Finally, we compare, analyze, and discuss the detected targets

under each scenario.

3.1 Satellite Trajectory Simulation165

In this study, we employed an orbit simulator to generate satellite trajectories for TANGO. Given the satellite's orbital param-

eters, a four-day simulation period was selected, as TANGO requires approximately four days to complete one full orbit cycle

and return to the same geographical position (repeat cycle). The simulation replicated TANGO's orbital motion at an altitude

of 500 km, with a local time of ascending node (LTAN) of 10:30 hours and a near-circular orbit (eccentricity = 0.0).
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Figure 3. Schematic Illustration of TANGO's dynamic maneuverability using roll and pitch adjustments during an observational cycle. The

plot represents a 10° roll maneuver, showing key stages of satellite operation: reorientation, stabilization, and imaging.

We conducted the simulations for the year 2022 with different periods of four consecutive days to study the seasonal per-170

formance dependencies of the mission. Each simulation run started at a different epoch, covering various dates throughout the

year. This approach allowed us to simulate how the satellite would pass over all continents during different seasons, account-

ing for daylight conditions to optimize point source detections. The TANGO mission commits to data quality for solar zenith

angles (SZA) below 70°, and therefore we excluded overpasses with larger SZA in the post-simulation data �ltering, as these

conditions are generally unfavorable for imaging due to increased atmospheric path lengths and lower signal-to-noise ratios. It175

is important to note that the actual orbital parameters of the TANGO mission may vary, but these simulated trajectories provide

a good approximation for our purpose of understanding the emission target detection capabilities of targeting satellites.

3.2 Satellite maneuverability and Target prioritization strategy

To overcome the challenge of the narrow swath width inherent to targeting satellites like TANGO, the satellite system is

designed to perform dynamic adjustments using its roll, pitch, and yaw angles. This maneuverability allows the satellite to180

detect targets within a 30° roll on either side of its orbital path, extending its coverage beyond the narrow nadir-viewing

scenario. For example, during its orbital motion, based on a prede�ned target list, if a target is located 10° to the left of the

orbital path, the satellite will reorient itself to capture the target and then return to its original position. However, other potential

targets in the vicinity might not be seen during operations as the satellite adheres to a prede�ned prioritization policy.

Several factors in�uence this satellite maneuver procedure. Once a target is selected, the satellite requires time for reorien-185

tation to that speci�c angle, followed by a stabilization period to ensure the system is ready for scanning. The satellite then

has a limited imaging window, during which data is recorded. Subsequently, the satellite reverts to its original nadir-viewing

trajectory. Depending on the roll angle and the satellite's hardware capabilities, this maneuver takes several seconds. Figure 3

provides a schematic representation of the satellite's maneuvering process.

In this study, we simulated a prioritization policy to address the clustering of point source targets and to exhibit the effects190

of these maneuvers. Many point source emitters tend to cluster in speci�c regions due to the concentration of industrial,
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agricultural, and fossil fuel-related activities or appear within a short time window during the satellite's overpass. In such

cases, where multiple targets are detected in proximity, targets are selected for scanning based on a prede�ned prioritization

policy. For this study, we used two distinct prioritization strategies: one prioritizing large CO2 emitters and switching to CH4

emitters when no signi�cant CO2 sources were available, and the other focusing on large CH4 emitters and switching to CO2195

targets under similar conditions. These strategies were tested across three scenarios—Clear-Sky, Cloud-Filtered, and Cloud-

Forecast—to evaluate the satellite's detection capabilities under varying conditions. (These scenarios are described in detail in

Sections 3.3 and 3.4). To simulate these scenarios, we explicitly modeled the satellite maneuvers required to target emissions.

The maneuvers were calculated based on the angular location of each target relative to the satellite's orbital path. This approach

ensured that the simulations accounted for realistic constraints, such as the time required for reorientation and stabilization.200

3.3 Cloud Filtering and Target Optimization

Using the processes described in Sections 3.1 and 3.2, we simulated ideal target selection, referred to here as "Clear-Sky con-

ditions." In this scenario, all potential emission sources of CO2 and CH4 are assumed to be fully observable without interfer-

ence. However, while the Clear-Sky scenario represents the theoretical maximum detection capacity of the satellite within the

constraints described in the sections above, it does not account for the signi�cant impact that global cloud coverage has on real-205

world observations. Hence, to simulate more realistic operational conditions, we incorporated a cloud �ltration strategy into our

work�ow. We utilized satellite-based cloud mask data from the MOD35_L2 product (DOI: 10.5067/MODIS/MOD35_L2.061),

derived from the Moderate Resolution Imaging Spectroradiometer (MODIS) aboard NASA's Terra satellite (Ackerman et al.,

2015). The MODIS cloud mask provides con�dence levels for each pixel, categorized as cloudy, uncertain, probably clear,

or con�dently clear. Data from individual MODIS granules, representing 5-minute orbital segments, were reprojected onto a210

uniform global grid. To reduce data gaps and ensure consistent spatial coverage, we averaged the cloud con�dence values over

four days, corresponding to the satellite's repeat cycle. Only grid cells that remained entirely invalid (e.g. missing data) over the

four days were excluded from further analysis. By incorporating this process, we reduced the rejection of cloud data, ensuring

that observations from partially clear regions contributed to the analysis, thereby improving data retention for target detection

under realistic cloud conditions.215

The cloud �ltration process involves two steps, as depicted in Figure 4. After selecting the targets, in the �rst step, we assess

the cloud coverage within a 50 km radius of each emission source. If the cloud cover exceeds 70%, the target is �agged as

unsuitable for observation and excluded from further analysis. This coarse-scale screen balances discarding hopelessly overcast

regions against retaining potentially observable scenes. Krijger et al. (2007) show that allowing up to 20% cloud at footprints of

� 10000 km2 raises clear-scene yield from� 3% (zero-cloud requirement) to� 17%. By analogy, our 70% cloud cut at 50 km220

excludes only the worst 30% of overcast areas while keeping most viable targets. For targets with less than 70% cloud cover,

we proceed to the second �ltering step: a localized 3 km-radius check that retains only those with� 30% cloud cover (i.e.,�

70% clear pixels). This �ner check leverages TANGO's� 300 m pixels to exploit narrow “windows” through broken clouds.

Frankenberg et al. (2024) demonstrate that� 200 m retrievals boost clear-scene frequency by 5–10× compared to kilometer-

scale footprints. At 300 m resolution, a 3 km circle covers roughly 300 independent pixels, so requiring� 70% clear leaves225
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Figure 4. The schematic �owchart shows the logical sequence of the two-step cloud �ltering process applied to emission target selection.

The diamonds represent decision-making points, circles denote speci�c conditions to be evaluated, such as cloud coverage thresholds within

a 50 km or 3 km radius of the target, and squares indicate outcomes or actions.

more than 210 valid soundings per target. While this does not imply that retrievals can consistently produce a complete data

product under such conditions, it provides suf�cient clear pixels for robust plume detection. Only targets that pass both steps

are considered viable, ensuring a high probability of visibility. These thresholds were chosen based on insights from the cited

studies for simulation purposes and may not universally apply to all regions or cloud types, as persistent cloud formations,

especially in the tropics, might require further re�nement. By implementing this �ltering mechanism, we better understand the230

in�uence of cloud cover and optimize the selection of realistic target numbers.

By integrating this cloud-clearing methodology, we optimize target selection, offering insights into the in�uence of cloud

cover on satellite performance and enhancing the overall reliability of our simulations. These results provide a more realistic

understanding of how many emission sources can be detected compared to the idealized clear-sky conditions.

3.4 Cloud-Forecast integration235

To improve the detection of targets hindered by global cloud cover, we propose integrating high-resolution cloud forecast

information into the satellite systems. Operationally, we assume forecast �elds for the upcoming cycle are available 24 h in

advance, with daily updates to the target list. In the second scenario (Cloud-Filtered), targets are selected solely based on the

prioritization strategy using emission levels without considering the likelihood of clear skies near the targets. These targets

are then �ltered using a two-step cloud �ltration process (see Section 3.3), removing all targets within cloud-covered regions.240

While this ensures that the remaining targets have a higher probability of visibility, the cloud-clearing process signi�cantly
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reduces the number of usable targets for the satellite. However, if forecast information on cloudiness is available, observations

could be redirected to alternative targets that are more likely to be clear of clouds, enhancing the overall data yield. The third

scenario (Cloud-Forecast) builds on this concept by integrating cloud forecasts into the target selection process.

In the Cloud-Forecast scenario, we assume perfect forecast data availability, using MODIS cloud mask data (MOD35_L2245

product) as a proxy for high-resolution cloud forecasts. Simulations begin by pre-�ltering the GPS inventory through the

two-step cloud �ltration process, based on forecast data speci�c to each four-day simulation cycle, to remove sources likely

obscured by clouds. This results in a re�ned inventory of emission sources with high visibility potential for each cycle. Dynamic

maneuvering and cluster-based prioritization strategies are then applied to this �ltered inventory, incorporating forecast data

to guide the satellite's trajectory. By identifying and prioritizing alternative targets with better viewing conditions, the satellite250

bypasses cloud-covered regions and focuses on observable areas, improving detection ef�ciency. Since this scenario assumes

no forecast errors, additional post-selection �ltering based on actual cloud conditions is not required.

To evaluate the effects of forecast inaccuracies, we introduced a subcase called the “Forecast +1d“ scenario. Here, the

MODIS cloud mask data for one four-day period serves as the forecast, while the actual cloud conditions are represented by

a four-day average shifted by one day. Targets are �rst pre-�ltered using the forecast data to create the re�ned inventory and255

plan satellite maneuvers. Post-maneuver, the actual cloud data is applied to �lter out any remaining cloud-covered targets,

accounting for errors introduced by the temporal misalignment. This setup represents a simpli�ed model of forecast errors,

evaluating how such inaccuracies might affect target detection. While the Cloud-Forecast scenario assumes perfect forecast

accuracy, the Forecast +1d scenario provides a baseline to estimate detection variability under imperfect conditions. These

scenarios offer a systematic approach to assess how integrating cloud forecasts and accounting for forecast inaccuracies impact260

the operational ef�ciency and detection potential of targeting satellite missions.

4 Results

In our analysis, we evaluated the detection potential of the TANGO satellite under three simulation scenarios: Clear-Sky,

Cloud-Filtered, and Cloud-Forecast. These scenarios examine variations in detection performance under ideal and near-realistic

conditions.265

4.1 Evaluation of Simulation Scenarios

The Clear-Sky scenario simulates ideal conditions, with all emission sources observable without cloud interference, provid-

ing an upper limit of the satellite's detection potential. This case allows us to evaluate the maximum target coverage within

TANGO's operational constraints, establishing the baseline detection capacity for CO2 and CH4 point sources. In contrast,

the Cloud-Filtered scenario incorporates realistic global cloud coverage by applying a two-step cloud �ltration strategy. This270

scenario emphasizes the impact of cloud cover on the satellite's ability to detect emission sources. Lastly, the Cloud-Forecast

scenario demonstrates potential improvements by integrating cloud forecast data to guide satellite operations.
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Figure 5 compares the three simulation scenarios: Clear-Sky (top panel), Cloud-Filtered (middle panel), and Cloud-Forecast

(bottom panel) conditions, based on a four-day simulation period from March 18–22, 2022, representing a northern hemisphere

spring. The light blue bands on the map indicate the width of the satellite's trajectory, encompassing TANGO's maximum roll275

angle capability, which de�nes the spatial extent within which targets can be detected.

In each panel, detected targets are colour-coded by emission sector, with CO2 sources represented by circles and CH4

sources by squares. The �gure illustrates the CO2 prioritization strategy, where priority is based on emission size, and when

CO2 sources are unavailable, large CH4 sources are selected. The middle and bottom panels overlay cloud coverage derived

from MODIS cloud mask data and qualitatively exhibit the impact of cloud cover on target detection. During this four-day280

simulation period, the Clear-Sky scenario identi�es 435 targets, which are reduced to 120 in the Cloud-Filtered scenario due

to cloud interference. Incorporating cloud forecasts in the Cloud-Forecast scenario improves this detection count to 177. This

visualization highlights the reduction in detectable targets under cloud-covered conditions and demonstrates the improvements

achieved by cloud-forecast integration, which helps circumvent cloud-�lled areas.

4.2 Monthly Detection Patterns Across Scenarios285

To quantitatively assess target detection, we conducted simulations for the entire year of 2022, generating target counts every

four days. Figures 6 and 7 show the monthly average number of targets detected under each scenario, calculated by averaging

all four-day results within each month. Error bars represent the standard deviation, indicating variability around these monthly

averages. Figure 6 illustrates selected targets under the CO2 prioritization scheme for TDL, while Figure 7 depicts results for

the CH4 prioritization scheme for both TDL and EDL. In both �gures, total counts represent the combined number of detected290

CO2 and CH4 sources.

Even under the same detection threshold (TDL), the total number of targets detected differs between the two prioritization

strategies. Prioritization schemes implemented in this study in�uence both the relative balance of selected targets (CO2 versus

CH4) and the total number of detections. This variation arises from the inventory composition. For instance, the baseline

inventory includes 4035 CH4 sources compared to 1834 CO2 sources under TDL, and 11,897 CH4 sources compared to 6766295

CO2 sources under EDL. This disparity explains the higher total detections under the CH4 prioritization scheme, as the larger

pool of available CH4 sources leads to more selections. Conversely, CO2 prioritization results in fewer total detections due to

the smaller pool of CO2 sources.

In Figure 6, the blue line represents the Clear-Sky scenario, the green line shows the Cloud-Filtered case, and the orange

line indicates the Cloud-Forecast scenario. This �gure illustrates the substantial impact of global cloud cover on detection300

capabilities. After applying the two-step cloud �ltering, the number of detectable targets is notably reduced. The yearly average

target counts in the Clear-Sky, Cloud-Filtered, and Cloud-Forecast scenarios are 404� 6, 128� 2, and 195� 3, respectively.

This represents a 68%� 1% decrease in detectable targets from Clear-Sky to Cloud-Filtered, with the uncertainty propagated

from the standard errors of the mean target counts in both scenarios. This reduction is consistent with global cloud cover

estimates, which indicate that approximately 70% of Earth's surface is obscured by clouds at any given time, underscoring the305

critical role of cloud cover in in�uencing satellite measurements (Stubenrauch et al., 2013).
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