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Abstract. Methane (CH,) emissions from small freshwater bodies represent a significant yet poorly quantified component of
the global greenhouse gas budget, even though lakes and ponds smaller than about 1 km? dominate the areal extent of inland
standing waters worldwide and include the <50 ha size class considered here. The German Small Lake and Pond Inventory
maps over 260,000 ponds and small lakes between 0.001 and 50 ha. This review focuses on ponds and small lakes in the
approximate size range 0.001-50 ha, corresponding to the size classes that dominate the Germany’s small lake and pond in-
ventory and constitute a substantial share of the country’s standing water surface area. Small lakes and ponds have been shown
to emit methane at substantially higher areal rates than larger systems, but monitoring remains dominated by labor intensive
in situ campaigns with limited spatial coverage. This systematic literature review synthesizes 30 peer reviewed publications
from limnology, biogeochemistry, and Earth observation to assess whether current satellite remote sensing technologies can
meaningfully contribute to quantifying methane emissions from small water bodies. The reviewed evidence reveals a funda-
mental scale and sensitivity mismatch typical small water bodies emit 0.01-1 kg CH4 per hour, whereas satellite point source
detection thresholds remain above 50 kg per hour, so their signals are below the instrument’s detection limits. Moreover, each
satellite pixel covers a large area, so the methane from one small pond is diluted inside a large pixel and cannot be separated
from the surrounding landscape. Satellite algorithms including optimal estimation, proxy methods, and matched filters work
well for global climate monitoring and detection. They have been successfully applied to global background monitoring and
industrial super emitters have been successfully applied to global background monitoring and industrial super-emitters, but they
have not been validated for inland waters at pond scale. Across the reviewed studies, the most promising approaches combine
satellite derived optical proxies (e.g., chlorophyll, vegetation and temperature) with statistical or machine learning upscaling
and atmospheric inversion, rather than direct satellite detection of individual ponds. Overall, this review concludes that current
satellites cannot yet provide direct, observation based emission estimates for single small water bodies and identifies specific
data integration and modeling pathways that future research should pursue to reduce this monitoring gap.

Keywords: methane emissions, small ponds, satellite remote sensing, TROPOMI, ebullition, methanogenesis, retrieval al-

gorithms, systematic review
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1 Introduction
1.1 The methane paradox

Methane (CHy) is a key greenhouse gas in the climate system. Over a 20 year time horizon, its global warming potential is about
84 times that of carbon dioxide, while its atmospheric lifetime is only around 12 years, compared with decades to centuries for
CO,, making methane reductions particularly effective for near term climate mitigation (IPCC, 2023). The 26th Conference
of Parties (COP26) Global Methane Pledge, calling for 30% emission reductions by 2030, reflects growing recognition that
methane mitigation could slow warming more rapidly than CO reductions alone (Jiang et al., 2024).

Political discussions mainly emphasize anthropogenic methane sources such as oil and gas infrastructure, coal mines, live-
stock, but natural emissions from planet’s numerous small water bodies receive far less attention. Freshwater inland lakes
contribute an estimated 8—103 Tg CH,4 annually, approaching 20% of global natural emissions and potentially offsetting one-
quarter of the terrestrial carbon sink on a CO equivalent basis (Bastviken et al., 2004; West et al., 2016). A central paradox is
that the smallest lakes and ponds exhibit the highest methane emission rates per unit of area, yet they are also the water bodies
least frequently monitored and quantified (Bastviken et al., 2004; West et al., 2016). In the dataset used in Wachholz et al.
(2026) study, 89.9% of water bodies cover less than 1 ha, and 98.7% fall below 10 ha which is precisely the size range that lies

below the detection threshold of every current satellite sensor (refer Figure 1).
1.2 Small water bodies are disproportionate emitters

The foundational understanding that small water bodies contribute disproportionately to atmospheric methane rests on Bastviken
et al. (2004) global synthesis. Analyzing 85 lakes spanning five orders of magnitude in surface area, they documented an in-
verse relationship between lake size and methane flux per unit area (areal emission rates), with lake size explaining variance in
emissions (R? = 0.47) and this relationship being statistically highly significant (p < 0.001), with the steepest gradient occurring
below 100 hectares (ha) (Tranvik et al., 2009). This counterintuitive pattern reflects fundamental biogeochemical differences:
shallow depths, high productivity, and limited oxidation capacity combine to create methane emission hotspots in the planet’s
smallest aquatic systems (Bastviken et al., 2004).

West et al. (2016) advanced this understanding with a study of 16 north-temperate lakes (0.2-69.7 ha), in which they mea-
sured both sediment methanogenesis and atmospheric methane fluxes. Lake productivity which is represented by chlorophyll-a
concentration was positively related to methanogenesis rates (R? = 0.32, p = 0.02). However, this did not lead directly to higher
diffusive emissions at the lake surface. The pathway of the produced methane depended strongly on water depth especially
in lakes shallower than 6 m, a large fraction escaped as ebullition, that is, bubbles rising directly from the sediments to the
atmosphere, whereas in deeper lakes 97.9-99.9% of methane was oxidized before reaching the surface(West et al., 2016).

In this study, “ponds” and “small lakes” are defined following the recent German Small Lake and Pond Inventory (GSLPI),
which systematically mapped standing water bodies across Germany in the size range of 0.001-50 hectares (10-500,000 m?)
(Wachholz et al., 2026). Ponds are considered water bodies smaller than 5 ha (50,000 m? ), while small lakes are defined as
5-50 ha (50,000-500,000 m?) (Wachholz et al., 2026).These thresholds were chosen because water bodies in this size range
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are extremely numerous and dominate the standing water count in Germany, so that collectively they represent a substantial
fraction of the national inland water surface and are expected to contribute disproportionately to methane emissions. Focusing
on ponds and small lakes therefore targets the part of the size spectrum that is both abundant and currently under represented
in large scale remote sensing and inventory products (Wachholz et al., 2026).

Figure 1 illustrates the size distribution of all 261,567 lakes and ponds in the GSLPI falling within the 0.001-50 ha range,
out of 262,443 total mapped water bodies. The 0.1-1 ha class is by far the most populous, containing 150,908 water bodies
that is 57.7% of the entire inventory. The 0.01-0.1 ha class is the second largest with 83,281 lakes (31.8%). Together, these
two classes account for 89.5% of all mapped water bodies. The largest size classes are comparatively rare: the 1-10 ha class
contains 22,881 lakes (8.7%) and the 10-50 ha class only 3,454 (1.3%). The smallest class, 0.001-0.01 ha, contains just 1,043
water bodies (0.4%), reflecting both genuine scarcity and the detection limits of the inventory. The cumulative distribution
confirms that nearly 90% of all lakes are smaller than 1 ha and 98.7% are smaller than 10 ha. This size structure directly
supports the rationale of this review that the German water landscape is numerically dominated by very small water bodies,
and it is precisely these systems that current satellite sensors struggle to resolve. The lake area histogram (Fig. 1) was produced
from the full German Small Lake and Pond Inventory dataset (Wachholz et al., 2026). Lake area values, originally recorded
in square meters (m?) in the inventory GeoPackage file, were converted to hectares (ha) and assigned to five log-scale size
classes: 0.001-0.01, 0.01-0.1, 0.1-1, 1-10, and 10-50 ha. The bar chart displays the absolute count per class, and the overlaid
line shows the cumulative percentage of lakes up to each class boundary. The figure was generated using Python (fiona, pandas,

matplotlib).

Lake Area Distribution - German Small Lake and Pond Inventory

175000 150,008 o <o F 100%
(57,7%)
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Figure 1. Size distribution of lakes and ponds in the Germany’s Small Lake and Pond Inventory (n = 261,567, size range 0.001-50 ha). Bar
chart: number of lakes per area class (ha). Line: cumulative percentage of lakes by area class. Data source: (Wachholz et al., 2026);dataset:
(Wachholz, 2024).
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1.3 The satellite remote sensing revolution

Parallel to advances in aquatic biogeochemistry, satellite remote sensing has transformed atmospheric methane monitoring.
The lineage begins with SCIAMACHY aboard Envisat (2003—-2009), the first satellite detecting near-surface methane via
short-wave infrared (SWIR) absorption bands (Buchwitz et al., 2006). Japan’s GOSAT, launched 2009 with its TANSO-FTS
instrument, provided the first dedicated greenhouse gas observations, achieving 0.7% precision for column-averaged dry-air
mixing ratios (XCHy) at 10 km resolution((Butz et al., 2011; Parker et al., 2020).

The 2017 launch of TROPOMI aboard Sentinel-5 Precursor marked a watershed offering 5.5 x 7 km resolution, daily global
coverage, and 0.8% precision (Hu et al., 2018; Veefkind et al., 2012). TROPOMI enables both climate-scale monitoring and
detection of strong point sources (Lorente et al., 2021) . Lorente et al. (2021) found that TROPOMI XCH, agrees with ground
based TCCON (Total Carbon Column Observing Network) measurements to within 1% across all stations, with an average bias
of -0.2%. Looking ahead, MERLIN (Methane Remote Sensing Lidar Mission) a Franco-German satellite planned for launch
in 2029 will use an active integrated path differential absorption (IPDA) lidar to measure atmospheric methane independently
of solar illumination, extending coverage to polar regions and night-time conditions currently inaccessible to passive sensors

(Ehret et al., 2017).
1.4 Research gap and objectives

This review confronts a question missing from published literature: Can satellite remote sensing technologies, developed for
either global climate monitoring or industrial leak detection, detect and quantify methane emissions from small natural water
bodies? This question is important for both science and policy. If satellites can reliably monitor methane emissions from small
ponds, they would offer a practical way to reduce current gaps in methane budgets, assess the effects of eutrophication, and
test process based models. If this is not feasible because of fundamental limits in sensor sensitivity or spatial resolution, then
it is essential to recognize these limits and focus efforts on alternative monitoring approaches. This systematic review pursues

three research questions:

1. RQ1: What biogeochemical processes drive methane emissions from small water bodies, how large are these emissions,
and how do variables like water temperature, thermal stratification, wind speed, and solar radiation cause small systems

to behave differently from large lakes?

2. RQ2: What satellite remote sensing technologies are available for methane detection, and to what extent do their current

technical specifications actually allow detection and quantification of emissions from individual small water bodies?

3. RQ3: How can satellite derived proxies like water surface temperature, solar radiation, and wind fields be combined with
in situ eddy covariance CH4 flux measurements and modelling approaches to improve methane emission monitoring of

small water bodies?
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2 Methodology

This review followed established systematic review principles, adapted from quality assessment frameworks for systematic
literature reviews (Alchokr et al., 2026; Kitchenham et al., 2009; Okoli and Schabram, 2010). We compiled and analysed

literature between March and December 2025 and carried out the main database searches during October to December 2025.
2.1 Literature search strategy

A targeted search strategy across multiple databases was performed. A set of key foundational papers was first identified directly
from the research questions, after which targeted searches were run across Web of Science, Scopus, and Google Scholar. These
database results were then broadened through forward and backward citation tracking from the foundational papers to ensure
no closely related work was missed. Three thematic search concepts guided our literature compilation, with a fourth concept

added specifically to capture optical proxy retrieval studies relevant to indirect satellite-based emission estimation:
1. Methane Emissions: “methane emission*” OR “CH4 flux*” OR “methanogenesis” OR “ebullition”
2. Aquatic Systems: “lake*” OR “pond*” OR “reservoir*” OR “freshwater” OR “inland water*”
3. Remote Sensing: “satellite” OR “remote sensing” OR “TROPOMI” OR “GOSAT” OR “Sentinel” OR “hyperspectral”
4. Optical Proxies: “chlorophyll*” OR “chlorophyll-a” OR “turbidity”” OR “optical proxy” OR “water quality retrieval”

An asterisk (*) denotes a wildcard character, allowing for different word endings (for example, “flux” returns “flux” and
“fluxes”). Records were screened against predefined inclusion and exclusion criteria (Table 1), covering publication type, time

period, study environment, and thematic focus."
2.2 Data extraction and analysis

The relatively small number of papers ultimately included in this review are 30 out of 200 initially identified records which
reflects the genuine scarcity of literature at the specific intersection of satellite remote sensing and methane emissions from
small freshwater bodies. Of the 200 records identified, 105 were removed at the title and abstract screening stage, primarily
because they dealt with large lakes, open oceans, estuarine systems, or wetlands without any pond component, or because they
addressed greenhouse gas fluxes in a purely terrestrial context. This left 95 records for full-text assessment, of which a further
51 were excluded. The most common reasons were that studies used only ground-based or airborne measurement approaches
with no satellite component, presented purely theoretical or modelling frameworks without empirical validation, or focused on
CO rather than CHy4 as the primary flux of interest. A smaller subset was excluded because their spatial resolution or sensor
specifications were reported at scales far too coarse to be relevant to sub-50 ha water bodies. Of the remaining 44 records, a
final 14 were excluded after quality assessment, studies that lacked sufficient methodological transparency and did not report
empirical validation of their approaches or presented findings that could not be independently verified from the reported data.

The 30 papers that passed all criteria therefore reflect not a limitation of the search strategy, but the emerging and still narrow
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Table 1. Inclusion and exclusion criteria applied during study selection.

EGUsphere\

Criterion

Included

Excluded

Publication type

Time period

Language

Study environment

Wetland scope

Thematic focus

Empirical basis

Peer-reviewed journal articles; systematic re-
view papers (for methodology only)
1993-2024 for core reviewed studies. Support-
ing references for inventory data, methodologi-
cal frameworks, and satellite specifications are
not subject to this restriction

English

Freshwater systems like lakes, ponds, reservoirs

Wetland studies that include pond components
Methane emissions from freshwater; satel-
lite remote sensing methodology and algo-
rithms; foundational biogeochemistry of emis-
sion mechanisms

Studies combining modelling or theory with

empirical measurements

Non-peer-reviewed materials (except sample
systematic review papers for methodology)

Publications before 1993 or after 2024

Non-English publications

Marine or estuarine environments without a
clear freshwater focus

Wetland-only studies with no pond component
Studies outside methane or freshwater remote

sensing scope

Purely theoretical or modelling work with no

empirical validation

nature of this research satellite-based observation of methane from individual small ponds and lakes remains an active but

nascent field with a thin literature base. Several studies addressing optical proxy retrieval relevant to methane monitoring (e.g.,

(Giardino et al., 2015; Hestir et al., 2015; Tyler et al., 2016) were identified through forward and backward citation tracking

from foundational papers rather than direct database search, reflecting the cross-disciplinary nature of optical proxy literature.

For each paper, we extracted:

Bibliographic data: Authors, year, journal

Relevance to RQs: The research questions the paper addresses.

Study type: Empirical measurement, satellite methodology, synthesis/review
Domain: Limnology, remote sensing, biogeochemistry, methodology
Key findings: Emission magnitudes, satellite capabilities, algorithm performance

Methodological details: Measurement approaches, sample sizes, validation procedures

The overall study-selection process is summarized in Fig. 2, from 200 initial records to 30 included peer-reviewed studies.

We assessed included studies using adapted criteria from Alchokr et al. (2026) to ensure methodological quality. Quality scores
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Initial records After title/abstract Full text assessed Studies included in
identified screening (n=44) review
(n=200) (n=95) (n=30)

Figure 2. Simplified study-selection flow for the systematic literature review on satellite remote sensing of methane emissions from small

water bodies.

were assigned based on clarity of research goals, justification of design decisions, thoroughness of methodology description,
completeness of results reporting, evidence supporting findings, and feasibility of methods employed. For each remote sensing
study, methane retrieval approaches were coded into three algorithm categories: physics-based spectral retrievals, data-driven
matched-filter methods, and optical proxy models. This categorization was based on how the authors formulated the radiative
transfer problem, the type of input data (spectral radiances vs. surface reflectance), and whether methane was retrieved directly
or inferred from correlated optical indicators. These codes were later summarized in to support answering RQ2 on satellite

technologies.

3 Results
3.1 Literature corpus overview

The 30 core papers span 1993-2024. Three additional references cited in this review which are Wachholz et al. (2026); Al-
chokr et al. (2026); Hancock et al. (2025) fall outside this range but serve as supporting references for inventory data, quality
assessment methodology, and satellite specifications respectively, rather than as part of the systematic corpus. With publi-
cation activity increasing markedly after 2011 particularly studies focusing on satellite-based methane observation (GOSAT,
TROPOMI). The 30 studies included in this review has publication dates ranging from 1993 to 2024, with a clear concentra-
tion in the more recent half of that range. Only a small number of studies were published before 2010. Publication frequency
increased noticeably after 2017, coinciding with the launch of TROPOMI aboard Sentinel-5P, which substantially expanded
the volume and precision of available satellite methane data. This pattern suggests that growth in this research area has tracked
closely with advances in satellite instrumentation rather than following a steady or unrelated trend.

Fig. 3 shows the disciplinary composition of the corpus across the same timeline. Limnology and biogeochemistry dominate
across all periods, while remote-sensing papers become more frequent in the GOSAT/TROPOMI era and dedicated method-
ological contributions remain rare. This pattern confirms that most evidence on small-water-body methane still comes from

lake studies, with satellite methods only recently entering the field.
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Disciplinary Composition of the 30-Paper Corpus (1993-2024)
6.7%

=1 Limnology/Biochemistry (56.7%)
[ Remote Sensing (36.7%)
EE Methodology (6.7%)

Figure 3. Disciplinary composition of the 30-paper corpus (1993-2024)

3.2 Methane emission mechanisms in small water bodies
3.2.1 The methanogenesis-ebullition coupling

West et al. (2016) provide a clear description of how methane is produced and released in small lakes. They showed that lake
productivity, measured by chlorophyll a concentrations in the surface (epilimnetic) water, predicts how much methane can be
produced in the sediments (methanogenesis potential; R? = 0.32, p = 0.02). This happens because algae supply fresh, nitrogen
rich organic matter that microbes can decompose easily, which speeds up methanogenesis compared with hard to degrade
terrestrial material.

Despite this high production, surface water methane concentrations remained uniform (0.13-0.76 uM (micromolar)) even
though bottom waters ranged from 0.26 to 1362.64 uM. In stratified summer conditions, 97.9-99.9% of the methane produced
in sediments is either consumed by methane oxidizing bacteria near the sediment—water interface and the transition from
oxygenated to oxygen poor water, or it stays trapped in the anoxic deep layer. Where emissions were high, they were dominated
by ebullition. Bubble formation requires methane concentrations above saturation (around 1.5 mM at 25°C and standard sea
level atmospheric pressure) and enough gas pressure to overcome the weight of the overlying water and the resistance of the
sediments. West et al. (2016) found that bubble release is most likely when methanogenesis rates are high (supplying methane
to porewaters) and when water depth is shallow (<6 m), which reduces hydrostatic pressure and allows bubbles to reach
the surface. For the Hotspot Phenomena, DelSontro et al. (2011, 2016) established methane ebullition as an extraordinarily
heterogeneous process. Analyzing northern lakes, they found ebullition concentrated in hotspots comprising 10-30% of lake
area yet generating 50-80% of total emissions (DelSontro et al., 2011, 2016). Hotspot locations correlate with organic-rich
sediments in shallow depositional zones. Environmental controls on methane emissions from small water bodies operate across
three distinct tiers which are primary controls that directly drive methane production and bubble release, secondary controls
that modulate the intensity of those processes, and tertiary landscape-level factors that set the broader context in which the

primary controls operate (West et al., 2016; Bastviken et al., 2004; Deemer et al., 2016; Davidson et al., 2015)(Table 2).
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Table 2. Environmental controls on CH4 emissions from small water bodies.

Primary Controls Secondary Controls Tertiary Controls

Water Column Depth Organic Matter Quality  Lake Size
Productivity / Trophic Status (chlorophyll-a)  Hydrostatic Pressure Catchment Land Use

Temperature Sediment Properties Fetch / Exposure

The primary controls depth, productivity, and temperature are the variables most accessible to remote sensing, through
bathymetric mapping, chlorophyll-a retrieval and land surface temperature products respectively, making them the logical
foundation for any satellite-based emission proxy (Duan et al., 2023; Giardino et al., 2015; West et al., 2016). Second, because
tertiary landscape factors operate through the primary controls rather than independently, catchment variables such as land
use can be incorporated into regional emission models without requiring direct measurement of every intermediate process

(Davidson et al., 2015; Webb et al., 2019).
3.2.2 Quantitative summary of emission magnitudes

Emission magnitudes from different lakes were reported by West et al. (2016). Satellite point source algorithms report methane
plumes as “total emission rates” (kg CH, hr!?), the mass released per hour from a source. To compare, we convert West et al.
(2016) areal fluxes to kg hr! for a typical 0.5 ha pond using the following steps.

Step 1 — Total molar emission per day:

n=FxA (1)

where F is the areal flux (mmol CHy;m~2d~!) and A is the pond area (m?). For a 0.5ha pond (A = 5000m?) with F =
4.709mmolm=—2d~:

n = 4.709 x 5000 = 23,545 mmol d ~* (2)
Step 2 — Convert moles to mass per day:

Mday =N X Mch, 3)
where Mcy, = 16gmol !

Mday = 23,545 x 16 = 376.72gd ! 4)

akg hr'! = kilograms of methane per hour; universal for industrial sources (50-5000 kg hr'!), ponds (0.01-0.5 kg hr'!). mmol m'2 d! = millimoles per square
g g p g p g per sq

meter per day (areal flux). Xcy, (ppb) = atmospheric column enhancement.
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Step 3 — Convert to kg h

Maay ~ 376.72
24 x 1000 24,000

Applying this formula across the three study lakes gives:

~0.0157kgh~! (5)

Mhour =

Table 3. Converted methane emission rates for three lakes (West et al., 2016) scaled to a 0.5 ha pond.

Lake Areal flux (mmolm™>d!)  Total emission (kg h")  Emission class
Paul Lake 4.709 0.0157 High
Morris Lake 3.302 0.0110 Moderate
Crampton Lake 0.026 0.0000867 Low
215 These emission rates are roughly 10310 times lower than current satellite point source detection limits (see RQ 2). The three

lakes span the productive range documented by West et al. (2016): Paul Lake is the most productive (highest chlorophyll-a),
Morris Lake is intermediate, and Crampton Lake is oligotrophic with minimal methanogenesis. The emission class column
reflects this gradient that the high, moderate and low correspond to eutrophic, mesotrophic, and oligotrophic conditions re-
spectively and represents the realistic range a small pond in a temperate agricultural landscape would occupy depending on its

220 nutrient status. The significance of these emission magnitudes in relation to satellite detection limits is assessed in Sect. 3.4.
3.3 Satellite remote sensing technologies
3.3.1 Satellite retrieval algorithms relevant to small water bodies

Remote sensing studies used three main retrieval approaches for methane over aquatic or semi-aquatic environments: physics-based
spectral retrievals, data-driven matched filters, and optical proxy models. To illustrate their strengths and limitations for small

225 water bodies, Table 4 summarises how these algorithm work, their key advantages and constraints, and representative applica-
tions in the literature.

Within the physics based category, two specific implementations are relevant to the historical satellite record WFM-DOAS
and IMAP-DOAS, both developed for SCTAMACH Y-based atmospheric methane monitoring (Buchwitz et al., 2006; Franken-
berg et al., 2011). WFM-DOAS achieves this through a fast Taylor-series linearisation of the Lambert—Beer law, keeping

230 processing times tractable across wide satellite swaths (Buchwitz et al., 2006), while IMAP-DOAS iterates toward a maximum
a posteriori solution, gaining tighter posterior uncertainty at the cost of computational throughput (Frankenberg et al., 2011).
Both algorithms were designed and validated against large, bright land surfaces with high and spectrally structured reflectance
(Buchwitz et al., 2006). Over water the physics changes fundamentally like the dark, featureless surface suppresses the signal-
to-noise ratio sharply, and a pond smaller than 50 ha contributes so little methane to the overlying column that its signal is
235 indistinguishable from retrieval noise before any detection threshold is reached (Lorente et al., 2021). The expected signal

therefore remains below the retrieval sensitivity required for reliable detection.

10
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Table 4. Comparative analysis of satellite retrieval algorithms for methane detection in aquatic and semi-aquatic environments.

Feature

OEM (GOSAT)*

Remote

(TROPOMI)®

Algorithm

CO, Proxy Method"®

Matched Filter?

Mathematical basis

Output

Spatial resolution

Processing speed

Uncertainty quantification

Aerosol sensitivity

Bias vs. TCCON

Detection scale

Best suited for

Key limitation

Bayesian inverse radia-
tive transfer

CHy4 vertical profile + av-
eraging kernels

~10km (coarse)

Minutes per pixel

Rigorous (full posterior)

Explicit retrieval

<1% (well-
characterised)
Regional/global  back-
ground

Scientific accuracy, pro-
filing
Computationally in-

tensive; needs accurate

Phillips-Tikhonov regu-
larisation
Total column Xcp,

5.5x3.5km

Daily global coverage

Moderate (regularised)

Simultaneous fit

<0.6 %

Regional/global Xcn,

Operational global moni-

toring

No vertical information

Column ratio: Xcn,/Xco,

XcH, proxy

Sensor-dependent

Near real-time

Limited; CO; model de-

pendent

Partially cancelled by
proxy

Seasonal CO, gradient
bias

Regional/global Xch,

Computationally simple
regional surveys
CO, model uncertainty;

seasonal bias

Data-driven spectral tem-
plate matching

Column  enhancement
(ppm-m)

Sub-pixel to ~30m (air-
borne)

Sub-second per pixel
Low and no formal un-

certainty

Not corrected

High false positive rate

Point

300 kg/h)

Industrial leak detection,

sources (50—

super-emitters
High false positives; re-

quires validation

priors

#(Butz et al., 2011; Frankenberg et al., 2011). b(Lorente et al., 2021; Veefkind et al., 2012). °(Butz et al., 2011; Frankenberg et al., 2011). d(Ayasse et al., 2019; Cusworth et al., 2019;
Varon et al., 2018).

Matched-filter methods sidestep the radiative-transfer problem by asking a statistically simpler question which does this
pixel look anomalous relative to its neighbors within the methane absorption bands? The filter projects each pixel’s radiance
onto a target methane spectrum and flags pixels whose spectral residual exceeds a detection threshold an approach that is fast,
resolution-friendly, and well-suited to detecting sparse point-source plumes against spectrally uniform backgrounds. These
properties explain why matched-filter algorithms have become the method of choice for next-generation imaging spectrom-
eters such as EnMAP, PRISMA, and EMIT, where the target is typically an industrial facility emitting a compact, localized
plume (Ayasse et al., 2019; Guanter et al., 2015; Jiang et al., 2024). Small water bodies violate both design assumptions si-
multaneously. The background is spectrally noisy because dark water produces low and variable reflectance that inflates the
false-positive rate and the emission itself is diffuse, spread across an entire pond surface rather than concentrated into the tight

spectral spike the filter is optimised to catch. Even integrating deep learning into the matched-filter pipeline, the lowest detec-
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tion thresholds reported with EnMAP and PRISMA remain around 500 kg h'! (Guanter et al., 2015; J iang et al., 2024) several
orders of magnitude above the <1 kg h™! typical of a small eutrophic pond.

Optical proxy methods follow a different logic entirely, bypassing atmospheric retrieval and instead using the water surface
itself as the measurement medium. Instruments such as Landsat 8 and Sentinel-2 provide surface reflectance bands sensitive
to water turbidity and chlorophyll concentration, and where those optical properties co-vary with dissolved methane in the
water column, the satellite image becomes an indirect proxy for emission potential (Morozumi et al., 2019). Morozumi et al.
(2019) demonstrated this approach convincingly during Siberian flood events, using spectral contrasts to separate methane-rich
tributaries from methane-poor main channels; more recent Sentinel-2 turbidity models have achieved R? values above 0.90 for
inland water optical retrievals (Leggesse et al., 2024). The fundamental ceiling is that the turbidity-to-methane relationship is
not transferable, it shifts with lake trophic state, season, sediment composition, and catchment land use, meaning every new

site requires an independent field calibration campaign before the proxy can be applied with confidence.
3.3.2 Area flux mappers vs. Point source imagers

Following Jiang et al. (2024)satellite methane sensors divide into two categories, each designed for a distinct observational

objective and carrying trade-offs that directly determine their suitability for small water bodies (Table 5).

Table 5. Characteristics of the two main satellite sensor categories used for methane detection.

Characteristic Area flux mappers Point source imagers

Primary purpose Global or regional Xcp, distribution for climate  Individual emission plume detection for indus-
science trial monitoring

Spatial resolution 1-10km 20-100 m

Temporal resolution Daily to weekly 5-16 days

Precision / detection <1 % precision for climate trend detection >50kgh™! emission rate

threshold

Representative sensors GOSAT/TANSO-FTS, TROPOMI, GOSAT-2, Sentinel-2/MSI, Landsat-8/OLI, PRISMA,
planned MERLIN (Hancock et al., 2025; Jacob ~ GaoFen-5/AHSI
etal., 2016)

The two categories expose a structural gap that small water bodies fall into rather than bridging. Area flux mappers such
as GOSAT and TROPOMI achieve sub-1% precision for detecting long-term concentration trends across large regions, but
their kilometer-scale pixels average methane signals over entire landscapes. A 0.5 ha pond occupies just 0.013% of a single
TROPOMI pixel, contributing a signal indistinguishable from retrieval noise (Lorente et al., 2021; Veefkind et al., 2012).
Point-source imagers such as PRISMA and Sentinel-2 offer 20-30 m resolution sufficient to geometrically resolve a pond, but

their detection algorithms are calibrated for concentrated industrial plumes at 50-300 kg CH, hr™! that is three to four orders of
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magnitude above the 0.01-0.016 kg hr'! typical of a small eutrophic pond (Cusworth et al., 2018; Guanter et al., 2021; Varon
et al., 2021). The quantitative implications of this two-sided gap are assessed in Sect. 3.4. Neither category was designed for

diffuse, low-intensity natural emitters, and this is the central constraint this review identifies.
3.4 Satellite detection feasibility

Direct detection of methane from small water bodies faces a two-sided barrier: spatial resolution and emission magnitude. Area
flux mappers cannot resolve individual ponds like TROPOMI’s 5.5 x 7 km pixel (38.5 km?) means a 0.5 ha pond (0.005 km?)
occupies just 0.013% of a single pixel, so even at maximum emission rate its contribution to pixel-integrated XCH, falls 10x
below single-pixel noise level (Lorente et al., 2021; Veefkind et al., 2012). Point-source imagers such as Sentinel-2, Landsat-
8, and PRISMA provide metre-scale resolution adequate to geometrically contain a small pond and have demonstrated the
ability to detect strong methane plumes from industrial super-emitters (Duren et al., 2019; Guanter et al., 2021; Varon et al.,
2021), even TROPOMI, despite its coarser kilometre-scale pixels, has occasionally detected the very largest oil and gas "ultra-
emitters" (Lauvaux et al., 2022). However PRISMA’s path-integrated detection limit of 100 ppm-m for favourable plumes
still remains two to three orders of magnitude above typical pond emission rates (Ayasse et al., 2019; Guanter et al., 2021;

Jongaramrungruang et al., 2019). The technical specifications underlying these constraints are summarised in Table 6.

Table 6. Technical specifications of major methane remote sensing satellites.

Satellite/Sensor Launch Spatial resolution ~ Revisit ~ Spectral bands Precision Application

Area Flux Mappers

GOSAT/TANSO-FTS* 2009 10 x 10km 3 days 1.65,2.3 ym 0.7 % Global climate
TROPOMI/S5P° 2017 5.5 X Tkm Daily 2.3 um 0.8 % Regional; some point sources
GOSAT-2°¢ 2018 9.7 X 9.7km 6 days 1.65,2.3 um 0.26 % Enhanced global

Point Source Imagers

Sentinel-2/MSI¢ 2015/2017 20m 5 days 1.61,2.19 um - Land surface
Landsat-8/OLI" 2013 30m 16 days  1.56-2.29 um - Land cover
PRISMA® 2019 30m 7 days 1.0-2.5um ~100 ppm-m Hyperspectral

%(Butz et al., 2011; Parker et al., 2020). b(Hu et al., 2018; Jacob et al., 2016; Lorente et al., 2021; Veefkind et al., 2012). *(Suto et al., 2021). d(Cusworth et al., 2018; Varon et al.,
2021). ®(Ayasse et al., 2019; Guanter et al., 2021).

34.1 Emission magnitude mismatch

Cusworth et al. (2018) and Varon et al. (2021) established matched-filter detection limits for point-source imagers: reliable
detection requires >300 kg h™!, marginal detection is possible at 100-300 kg h™' (54% success rate), and the practical lower
bound under ideal conditions is 50 kg h''. These thresholds were independently confirmed by a 2024 multi-satellite blind

test, which found that even the most sensitive current systems cannot reliably detect plumes below 60-200 kg h™' (Sherwin
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et al., 2024). Small water body emissions from Sect. 3.2 fall far below this floor: high emitters reach 0.0157 kg h"!, moderate
emitters 0.0110 kg h™!, and typical emitters 0.01-0.03 kg h™! approximately 10°~10* times below detection thresholds. Table 7
summarises the combined feasibility assessment across both sensor categories.

Table 7 assesses the feasibility of direct satellite-based methane detection from small freshwater bodies across two sensor
categories. The fundamental barrier is two-fold which is spatial resolution and emission magnitude. Regarding spatial reso-
lution, area flux mappers such as TROPOMI operate at pixel sizes of 5.5 x 7 km, which physically precludes the isolation
of individual ponds which is a limitation consistent with findings that small water bodies below approximately 0.1 ha remain
invisible to coarse-resolution sensors (Jacob et al., 2016; Veefkind et al., 2012). Point-source imagers such as PRISMA offer
30 m SWIR resolution, which is geometrically adequate for ponds exceeding 0.1 ha, yet their detection thresholds of 50-300
kg CH4 hr'! remain orders of magnitude above the emission rates documented from small freshwater systems (0.00009-0.0157
kg hr'!, Sect. 3.2; Bastviken et al., 2004; Deemer et al., 2016). Independent validation of this detection floor is provided by
a 2024 multi-satellite blind test, which confirmed that even the most sensitive current systems cannot reliably detect plumes
below approximately 60-200 kg hr'! (Sherwin et al., 2024). This aligns with evidence that methane emissions from small
ponds are systematically underestimated in national inventories, precisely because current remote sensing tools lack the sen-
sitivity to capture them (Bastviken et al., 2011; IPCC, 2023). The combined spatial and radiometric constraints confirm that
direct detection of pond-scale methane using existing satellite infrastructure remains currently infeasible, and that progress
depends on next-generation sensors with less than 10 kg/hr detection floors. This directly answers RQ2 that is current satellite

technologies, regardless of category, cannot detect or quantify methane emissions from individual small water bodies.

Table 7. Satellite detection feasibility assessment for small water bodies.

Criterion Area flux mappers Point source imagers Assessment

Spatial resolution 5.5 x Tkm 30m SWIR Area: cannot resolve individual ponds.

Point: adequate for ponds >0.1 ha

Detection threshold ~15 kg/pixel ~50-300 kg/hour Pond emissions ~10°~10* x too low for
both

Overall feasibility Infeasible Currently infeasible Direct detection not viable with existing
Sensors

3.5 Alternative approaches and future directions

Given the detection constraints established in Sect. 3.4, attention shifts to indirect approaches that map pond characteristics
correlated with emission potential rather than methane itself. Among optical proxies, chlorophyll-a has the strongest mecha-
nistic basis. Satellite-derived chlorophyll-a tracks epilimnetic productivity, which predicts sediment methanogenesis potential

West et al. (2016) and has been directly used as a predictive input for satellite-based methane emission estimation in a large
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eutrophic lake using machine learning models (R?> = 0.65) (Duan et al., 2023), though this validation comes from a lake far
larger than the size range addressed in this review, and it remains untested whether the same relationship holds at the below
50 ha scale. Sentinel-2 and Landsat-8 retrieve it at 2030 m resolution sufficient to resolve individual ponds larger than ap-
proximately 0.1 ha. Recent inland water optical models have achieved R? values above 0.90 for chlorophyll-a and turbidity
retrievals over inland waters (Leggesse et al., 2024). The constraint is transferability: the chlorophyll-a to methane relationship
requires site-specific calibration because it shifts with season, trophic state, and catchment land use (Giardino et al., 2015).
Beyond chlorophyll-a, hyperspectral sensors such as PRISMA and EnMAP enable simultaneous retrieval of suspended par-
ticulate matter and submerged aquatic vegetation, which together map the organic substrate supply driving methanogenesis
(Guanter et al., 2015; Giardino et al., 2015; Hestir et al., 2015; Tyler et al., 2016).

Atmospheric inversion offers a complementary approach at regional scale. Combining TROPOMI XCH, observations with
prior emission estimates from inventories or process models, inversion frameworks constrain total methane flux from pond-rich
landscapes while propagating uncertainty from both data sources (Jacob et al., 2016; Maasakkers et al., 2022). The limitation
is that inversion operates at grid scales of kilometers and cannot attribute emissions to individual ponds or size classes, but it
can test whether regional inventory-based estimates are consistent with atmospheric observations.

Looking ahead, next-generation hyperspectral missions with improved signal-to-noise ratios could lower matched-filter de-
tection thresholds below the current 500 kg h™' floor, though closing the full 103-10* gap to pond-scale emissions is not
achievable with near-term sensor architectures. The more immediately feasible direction is machine-learning upscaling that
combines satellite-derived optical proxies like chlorophyll-a, surface temperature, turbidity with eddy covariance flux mea-
surements from representative ponds to produce spatially continuous emission estimates without requiring direct methane

detection (Deemer et al., 2016; West et al., 2016).

4 Discussion

Satellite observations of atmospheric methane have become remarkably powerful over the last two decades, delivering routine
global maps of column-averaged concentrations and revealing major anthropogenic hotspots. Yet as this review makes clear,
small lakes and ponds remain largely invisible to satellite-based assessments a consequence of sensors designed for different
targets altogether. Current satellites were built either for kilometre-scale climate monitoring or for detecting concentrated
industrial plumes, and small water bodies fit neither category.

This has a direct implication for what this review could and could not find. The inclusion criteria restricting to satellite remote
sensing of methane from freshwater systems with empirical validation were necessary to keep the review focused, but they also
excluded methodological literature from marine and wetland remote sensing that has developed proxy retrieval approaches
potentially transferable to small ponds. Relaxing the freshwater constraint would likely surface additional chlorophyll-a and
turbidity retrieval methods validated over optically complex waters, directly relevant to the proxy approaches identified in Sect.

3.5. This represents a limitation of the current review and a direction for future synthesis work.
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Among the proxy approaches reviewed, chlorophyll-a retrieval stands out as both the most mechanistically justified and
the most practically constrained. West et al. (2016) provide a direct empirical link between epilimnetic chlorophyll-a and
sediment methanogenesis, but the chlorophyll-a to methane relationship is not universal. It varies with organic matter quality
(West et al., 2012), trophic state (Davidson et al., 2015), and the balance between diffusive and ebullitive pathways (DelSontro
et al., 2016), meaning a satellite-derived chlorophyll-a map cannot be converted to a methane flux map without site-specific
calibration. Atmospheric inversion sidesteps this by operating at regional scales where individual pond variability averages out
but loses the ability to attribute emissions to specific water bodies or size classes precisely the information needed to evaluate
pond contributions within the GSLPI. Neither approach alone is sufficient; a robust monitoring strategy requires both, optical
proxies for spatial pattern and inversion for regional flux constraint.

A further limitation concerns ebullition. All proxy approaches reviewed map variables linked to diffusive methane flux,
chlorophyll-a, productivity, temperature but ebullition, which dominates emissions from the shallowest and most productive
ponds (DelSontro et al., 2011; West et al., 2016), is spatially heterogeneous at scales of meters and episodic in timing. No cur-
rent satellite proxy captures this pathway reliably. Until eddy covariance or acoustic bubble detection datasets are large enough
to characterize ebullition patterns across the GSLPI size range, satellite-based upscaling will systematically underestimate total

emissions from the smallest and most active ponds.

5 Conclusion

This review assessed whether current satellite remote sensing technologies can detect and quantify methane emissions from
small water bodies in the size range covered by the German Small Lake and Pond Inventory. The reviewed literature shows
that current systems cannot. Typical pond emissions of 0.01-0.016 kg CH, hr! fall 10~10 times below the practical detection
floor of the most sensitive point-source imaging systems, and area flux mappers operate at pixel scales that dwarf the ponds
themselves.

The review also identifies secondary finding with practical implications. Satellites cannot detect methane from individual
ponds, but they can map lake productivity specifically chlorophyll-a concentration at spatial resolutions approaching pond
scale. Since chlorophyll-a is empirically linked to sediment methanogenesis, satellite-derived productivity maps represent
a realistic near-term pathway to emission estimation rather than direct detection. Combined with atmospheric inversion at
regional scales and eddy covariance validation at representative sites, this hybrid approach could produce the first spatially
continuous methane emission estimates for pond-rich landscapes such as those catalogued in the GSLPI.

One approach that does not require next-generation sensors is to combine in situ flux measurements from larger, satellite-
resolvable water bodies with optical proxy retrievals, then scale the derived emission relationships down to smaller ponds using
inventory size distributions such as the GSLPI. Progress beyond this will depend on next-generation sensors with detection
thresholds below 10 kg hr!' and systematic field campaigns that calibrate chlorophyll-a to methane relationships across the
trophic gradient of small water bodies. Until both are in place, the methane flux from small freshwater systems will remain

under quantified and therefore absent from current satellite-based greenhouse gas budgets.
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