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Abstract: Climate change mitigation requires countries to report their annual greenhouse gas (GHG)
emissions and sinks, including those from land use, land use change, and forestry (LULUCF). In
Finland, the LULUCEF sector plays a crucial role in achieving net-zero GHG emissions, as the sector

heck f is expected to be a net sink. However, accurate estimates of LULUCF-related GHG emissions, such
check for

updates as methane (CHy), remain challenging. We estimated LULUCF-related CH4 emissions in Finland
Citation: Tenkanen, M.K; Tsuruta, A.;  in 2013-2020 by combining national land cover and remote-sensed surface wetness data with CHy
Tyystjarvi, V.; Torma, M.; Autio, L; emissions estimated by an inversion model. According to our inversion model, most of Finland’s
Haakana, M.; Tuomainen, T; CH, emissions were attributed to natural sources such as open pristine peatlands. However, our
Leppénen, A.; Markkanen, T; research indicated that forests with thin tree cover surrounding open peatlands may also be a
Raivonen, M.; et al. Using significant source of CH,. Unlike open pristine peatlands and pristine peatlands with thin tree cover,

Atmospheric Inverse Modelling of surrounding transient forests are included in the Finnish GHG inventory if they meet the criteria

Methane Budgets with Copernicus used for forest land. The current Finnish national GHG inventory may therefore underestimate CHy

Land Water and Wetness Data to .. . . . .
emissions from forested organic soils surrounding open peatlands, although more precise methods
Detect Land Use-Related Emissions.
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and data are needed to verify this. Given the potential impact on net GHG emissions, CH4 emissions
from transitional forests on organic soils should be further investigated. Furthermore, the results
demonstrate the potential of combining atmospheric inversion modelling of GHGs with diverse data

Academic Editor: Carmine Serio sources and highlight the need for methods to more easily combine atmospheric inversions with

Received: 27 September 2023 national GHG inventories.

Revised: 19 December 2023

Accepted: 20 December 2023 Keywords: methane emissions; methane flux; LULUCEF,; inversion modelling; national greenhouse
Published: 27 December 2023 gas inventory; NGHGI; Finland; methane; peatland

Copyright: © 2023 by the authors.
Licensee MDPI, Basel, Switzerland.

1. Introduction

To mitigate climate change, countries are committed to reporting their annual green-
distributed under the terms and  Nouse gas (GHG) emissions and sinks from different sectors, including land use, land use
conditions of the Creative Commons  change, and forestry (LULUCEF) [1,2]. In Finland, the LULUCEF sector plays an essential
Attribution (CC BY) license (https://  Tole in the efforts to achieve net zero greenhouse gas emissions, as the national climate and
creativecommons.org/licenses/by/  energy strategy relies on the LULUCF sector being a net sink [3,4]. This has been the case,
4.0/). but due to continued extensive logging, a decline in tree growth, and increased emissions
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from organic soils, the LULUCF sector in Finland was a net source for the first time in
2021 [5,6].

Concerning LULUCF GHG emissions and their uncertainties, peatlands are particu-
larly relevant, as they contain a significant amount of carbon and the dynamics of CH, and
CO; fluxes are complex. More than half (56%) of Finland’s 10.2 million hectares of peatlands
were drained in the mid-1900s for wood production, and together with other exploitation
of peatlands, this has reduced the total carbon storage in peat by 3-10% in Finland [7].
Drained peatland mainly emits CO, from peat decomposition, but the ecosystem can also
act as a carbon sink if it is rich in growing-phase trees that store carbon [6,8], though wet
ditches can partly offset the carbon uptake due to CH, emissions [9]. In contrast, even
though undrained open pristine and restored water-logged peatlands accumulate carbon
and, thus, may eventually become carbon sinks, they emit CHy, which is a more potent
greenhouse gas than CO,.

Open pristine wetlands are often surrounded by managed forests and an intermediate
zone with low tree cover, for which emissions and sinks are included in the Finnish national
GHG inventory if they meet the criteria of a forest. The transitional woodland area between
the forest and the open peatland can already be a notable source of CHy [10-12]. In
addition, mineral soils, which are usually a sink for CH4, may emit CHy if they are wet
enough [13]. This leads to the possibility of underestimated CH4 emissions in current
national greenhouse gas inventories.

The known uncertainties in national LULUCF CHy inventories highlight the need for
independent methods to verify the reported CHy emissions [14,15]. Atmospheric inversion
models have proven useful in estimating global and regional GHG budgets [16] and have
been used to validate national GHG inventories [17,18]. The atmospheric inversion models
combine bottom-up emission estimates and atmospheric transport models with observed
atmospheric concentrations to estimate the spatial and temporal distribution of CH4 sources
and sinks. The observed atmospheric concentrations are an integrated product of several
factors, including human activities, natural fluxes, atmospheric transport, and atmospheric
and land sinks. The inverse models use this information and their uncertainties to refine
the bottom-up emission estimates used as priors [19].

The inversion models are best at estimating a total budget for a GHG, but further
decomposition into emission sectors is more complicated. The inversion model used in this
study, CarbonTracker Europe—CHj, [20], optimises two emission sources, anthropogenic
and natural, separately but simultaneously. The main anthropogenic CHy emission sources
in Finland belong to the inventory sectors of agriculture, waste, and energy. CH4 emissions
from industrial processes are negligible but are also included in the anthropogenic emis-
sions. The fifth reported emission sector is LULUCE, but although LULUCF CH,4 emissions
are included in the national GHG inventories, they are not included in the anthropogenic
inventory estimates used in the inversion model. Furthermore, since LULUCF CH, emis-
sions have a peatland-related origin, their spatial distribution coincides with natural CHy
emissions. Thus, it is expected that the inversion model will mainly classify LULUCF CHy
emissions in the same category as open pristine peatland emissions. This collocation of
different types of emission sources requires us to develop advanced approaches to distin-
guish LULUCF CH,4 emissions: emissions that are classified as anthropogenic but have a
natural origin.

Although inversion models are a promising tool for verifying national GHG invento-
ries, several issues remain to be resolved before their emission estimates can be compared
with the inventories. A critical factor is the availability of concentration observations, both
spatially and temporally. Earth observation satellites, such as Sentinel-5P/TROPOMI, have
the potential to become a valuable source of observations as they cover the globe within
days at a higher resolution than current global inversion models. However, the use of such
observations is not straightforward, especially in the northern high latitudes, as TROPOMI
observations have been shown to have a bias in the high northern latitudes and also the
temporal availability is limited due to the polar night [21,22]. As Finland has a relatively
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dense in situ observing network with six stations from south to north, Finland represents a
good case study of what current inversion models can resolve using surface observations.

The aim of this study is to investigate the correlation between CHy emissions and the
LULUCEF sector as well as different land use categories in Finland and to determine whether
it is possible to extract this information from the inversion results. We combine national
and remote sensing data with an advanced inversion model and statistical methods to
estimate LULUCF-related CH,4 emissions in Finland in 2013-2020. The inversion model
setup of CarbonTracker Europe—CHy is selected as the most suitable option for optimising
emissions in Finland. As an anthropogenic prior, we use the CAMS-REG inventory, which
utilizes national GHG inventories, and redistributes these CHy emissions over Finland
based on statistics collected and reported by Statistics Finland. As a natural prior, emission
estimates from two ecosystem models, JSBACH-HIMMELI and LPX-Bern DYPTOP, are
used. The study is divided into three sections. First, the spatial distribution of CHy
emissions, optimised by inversion, is analysed in together with the annual totals from
2013-2020. Secondly, the optimised CH,4 emission estimates from the inversion model are
divided into the Corine land cover classes [23]. Elevated CH,4 emissions are observed in the
land cover classes ‘Wetlands, Open bog” and “Transitional woodland, peat’ in comparison
to other Corine land cover classes. Therefore, the final part focuses on further investigating
the relationship between these classes and CH4 emissions using the remotely sensed surface
water and wetness product, Copernicus Water and Wetness 2018 [24]. We do not focus on
how environmental factors affect CH, emissions but concentrate on the land cover types
that emit CHy.

2. Materials and Methods
2.1. Finland’s Landscape

Finland is a country in northern Europe with a diverse landscape that includes forests
and open peatlands. Of the total land area of 26.3 million hectares, approximately 86%
is used for forestry, with peatlands accounting for one-third of this area [25]. Finland’s
peatlands can be roughly divided into raised bogs in the south and northern aapamire
(fen) zones [26]. Notably, more than 50% of the peatland area has been drained, with more
intensive draining observed in southern Finland, where 88-90% of the peatland area has
been affected, compared to less than a quarter in Lapland [7]. Population density also
differs between the south and the north, as most Finns live in the south. The five largest
southern municipalities (Helsinki, Espoo, Tampere, Vantaa, and Turku) alone account for
almost a third (30%) of the population [27].

These regional differences influence the sources of CHy emissions in Finland. Most
anthropogenic CH, emissions come from the south, where most people and agricultural
activities are located. On the other hand, most natural CH4 emissions come from the north,
where there are large areas of open pristine peatlands (Figures 1 and 2).

2.2. Atmospheric Inversion Model CarbonTracker Europe—CHy

In this study, we used the atmospheric inverse model Carbon Tracker Europe—CHy
(CTE-CHy, [20]) which estimated CH,4 emissions at a 1° x 1° (about 110 km x 40-60 km
in Finland) resolution over the high northern latitudes using in situ measurements of
atmospheric CHy concentrations. The system consisted of prior flux maps (the “first
guess” of the emissions) for different emission sources, an atmospheric chemistry transport
model TM5 [28], and an ensemble Kalman filter data assimilation scheme [29,30] with an
ensemble size of 500 and a 5-week lag. TM5 was run at a global horizontal resolution
of 4° x 6° (latitude x longitude) with a 1° x 1° zoom and a 2° x 3° intermediate zoom
around the 1° x 1° zoom grid over Europe (see [31]), constrained by 3-hourly ECMWF
ERAS5 meteorological data [32]. The vertical direction was divided into 25 hybrid sigma
pressure levels from the surface to the top of the atmosphere. The monthly atmospheric
sink due to photochemical reactions with OH, Cl, and O('D) was accounted for based on
Houweling et al. (2014) [33] and Briihl and Crutzen (1993) [34]. The inversion model did
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not take into account year-to-year variations in atmospheric sinks and did not optimise

atmospheric sinks.
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Figure 1. Annual average from 2013-2020 of (a) the redistributed CAMS-REG CHy emissions, (b) the
difference between the redistributed CAMS-REG and the original CAMS-REG, (c) the difference
between the optimised anthropogenic CHy emissions from Invjsgacy and the redistributed CAMS-
REG emissions, and (d) the difference between the optimised anthropogenic CH4 emissions from
Invy px and the redistributed CAMS-REG emissions. The location of Finnish measurement sites are
shown in (a) and the location of four large cities in Finland in (b).
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Figure 2. Annual average from 2013-2020 of (a) the optimised natural CH, emissions from Invjsgach,
(b) the difference between the optimised and the prior (JSBACH) natural CH; emissions from
Invjsgach, (¢) the optimised natural CHy emissions from Invypy, (d) the difference between the
optimised and the prior (LPX) natural CH4 emissions from Invy px. The region North Ostrobothnia is
shown with a light blue borderline and Lapland is shown with a dark blue borderline.

We used observations from a global in situ measurement network including the NOAA
GLOBALVIEWplus ObsPack v3.0 dataset [35] and the observations provided by the Na-
tional Institute for Environmental Studies (JR-STATION: Japan-Russia Siberian Tall Tower
Inland Observation Network, Verl.2 [36]) and the Finnish Meteorological Institute [31].
We used observations from six Finnish sites covering the whole of Finland from south to
north (locations in Figure 1a and observations in Supplementary Figure 52). Two of the
Finnish sites were located in urban areas, three in natural areas and one in an oceanic area.
Globally, there were 174 stations altogether in 2013-2020 (see Supplementary Figure S1 for
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the location of the sites). The list of Finnish sites can be found in Supplementary Table S1
and others in Table S2. The data included weekly discrete air samples as well as hourly
continuous measurements. The data were filtered according to the institutions” quality flags.
Only data points representing well-mixed conditions were used: the hourly continuous
observations were pre-processed to daily averages by averaging from 12 to 4 pm local
time, except for the high mountain sites, from which averages were taken from 0 to 4 am
local time, similar to Tsuruta et al. (2017) [20]. The observation uncertainties (also called
model-data mismatch [37]) were defined for each site based on site characteristics and
measurement accuracy adapted from previous studies [20,31,37], and they also reflected
the ability of the model to forecast the atmospheric concentrations. The observational
uncertainty ranged from 4.5 to 75 ppb among the global sites and from 15 to 30 ppb among
the Finnish sites.

We simultaneously optimised anthropogenic and natural fluxes at a resolution of
1° x 1° over Canada, the USA, Europe and Russia, and regionally elsewhere (Supplemen-
tary Figure S1). The prior uncertainties for the anthropogenic and natural fluxes were set at
80% for land fluxes and 20% for ocean fluxes and assumed to be uncorrelated. The spatial
correlation was defined by an exponential decay [30], with a correlation length of 100 km
between the 1° x 1° grid-based optimisation domains, 500 km over other land domains,
and 900 km over ocean domains. The inversion model runs started at the beginning of
2004, but only values from 2013 on were examined here. In this study, the weekly CTE-CHy
emission estimates were aggregated to annual or summer (June-September) values for the
years 2013-2020.

2.3. Prior Emissions

Atmospheric inversion models rely on atmospheric data to estimate the sources and
sinks of greenhouse gases. However, these data have limited spatial or temporal coverage,
making the inversion problem ill-posed. Thus, prior information, which provides estimates
of the sources and sinks of methane emissions, is needed to constrain the inversion problem.

As an anthropogenic prior, we used a combination of a European CAMS-REG-v4 CHy
emissions inventory [38] and a global EDGAR6 inventory [39]. In Finland, the CAMS-REG
emissions were redistributed based on Statistics Finland’s national GHG inventories of
livestock and landfill distributions (see details in Section 2.3.1). For natural a priori, we
used estimates from two ecosystem models: J[SBACH-HIMMELI [40,41] and LPX-Bern
DYPTOP version 1.4 [42-45]. For other a priori sources, we used estimates from GFED v4.1s
[46] for fire, VISIT [47] for termites, and those calculated based on ECMWF data for ocean
sources [20]. Average total prior CH, emissions were globally 503 Tg/year with JSBACH-
HIMMELI-HIMMELI and 496 with LPX-Bern DYPTOP and in Finland 0.57 Tg/year with
JSBACH-HIMMELI and 0.38 Tg/year with LPX-Bern DYPTOP.

The emission estimates from JSBACH-HIMMELI used as a natural prior are called
JSBACH from now on, and the optimised CH,4 emissions with JSBACH are referred to as
Invjsgach. Similarly, emissions from LPX-Bern DYPTOP used as a natural prior are called
LPX, and the optimised emissions with it are referred to as Invy px.

2.3.1. Anthropogenic

The CAMS-REG-v4 inventory is a European high-resolution anthropogenic emission
inventory. It aggregates officially reported national emissions and distributes the coun-
try’s total emissions based on multiple proxies depending on the source. The LULUCF
CH,4 emissions are not included in the CAMS-REG. To obtain the most up-to-date CHy
prior emission estimates in Finland, we redistributed the CAMS-REG CH, emissions
over Finland based on statistics collected and reported by Statistics Finland, similarly
to Tsuruta et al. [31]. The agricultural livestock emissions were redistributed based on the
number of cows in each municipality. Waste emissions were also distributed based on solid
waste disposal and wastewater CHy emissions at the municipality level. The redistribution
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was performed at a 0.1° x 0.1° resolution and converted afterwards to a 1° x 1° resolution
for inversion modelling.

2.3.2. Natural

The natural prior emissions were obtained from two ecosystem models: J[SBACH-
HIMMELI and LPX-Bern DYPTOP v1.4. They include CHy emissions from peatlands and
mineral lands. In JSBACH-HIMMEL]I, the division between peatlands and mineral lands
is based on Corine Land Cover Classification, with peatlands referring to open bogs and
inland marshes and mineral lands to all other lands, including managed and unmanaged
forest and non-forest lands. Mineral lands act as a sink of CHy if the soil is dry but emit CHy
if the average soil moisture in a grid cell is high enough. Anoxic organic soil conditions and
carbon input from vegetation induce CH, emissions in peatlands. The short-term emission
variation is driven by soil water table level and temperature. Emissions from peatlands
are much higher per unit area than those from mineral lands, but the small areal cover
of peatlands may result in lower total emissions than emissions from mineral lands. In
Finland, JSBACH-HIMMELI's peatland emissions strongly dominate over mineral land
emissions. LPX-Bern DYPTOP simulates the development of peatlands using a topography-
driven approach. LPX-Bern DYPTOP also simulates the sources and sinks at mineral lands
similarly to JSBACH-HIMMELLI, as well as emissions from inundated lands.

2.4. Methane Emission Estimates of the Finnish GHG Inventory

Finnish national anthropogenic CH, emissions are reported annually by Statistics
Finland and include emissions from the agriculture, waste, energy, and industry sectors
as well as the LULUCF emissions and removals [6]. The reporting follows the IPCC 2006
reporting guidelines with the 2019 refinement [48]. The agriculture sector was the largest
CHy sector in the national inventory during the study period 2013-2020. The majority of
agricultural CH4 emissions came from the enteric fermentation of domestic animals. The
second largest CH, sector was the waste sector. It was the only sector which showed a
notable decrease in CH,4 emissions during the study period. The energy sector was the
second smallest and included CHy4 emissions mainly from incomplete combustion of wood
fuels and fugitive CHy emissions from natural gas. CHy emissions from the industrial
processes and product use sector were negligible.

The LULUCEF sector included CHy4 emissions from drained organic forest soils and
managed wetlands, i.e., peat extraction sites and land converted to inland water or other
wetlands. CH,4 emissions from organic forest soils were mainly from ditches (on average
0.023 Tg/year from ditches and 0.005 Tg/ year from forest soils), although ditches accounted
for only 2.5% of the drained forest area [6,49]. While CH4 emissions from forest soils were
calculated based on country-specific emission factors [8], which also took into account the
state of drainage (poorly or recently drained land and also net uptake for well-drained
land), CH, emissions from ditches were based on emission factors given in the IPCC
Wetlands Supplement [49]. The emissions from managed wetlands were only about 3% of
those from forests and came mostly from peat extraction sites.

2.5. Land Cover Classification Map

Corine Land Cover (CLC) classification [50] is a pan-European land cover and land
use classification which is produced as part of the European Copernicus Land Monitoring
programme led by the European Environment Agency. Finnish Environment Centre
SYKE led the production of the Finnish national Corine Land Cover classification in 2000,
2006, 2012, and 2018. It is based on combining the interpretation of land cover from
satellite images and information about land use from different spatial databases, such as a
topographic database of the Finnish National Land Survey.

The latest CLC classification was made in 2018, and its national raster version consists
of 49 land cover and land use classes with a 20 m pixel size. Mapping changes between
the years 2012-2018 were performed with a 0.5 ha minimum mapping unit. The Finnish
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CLC has been generalised according to European CLC specifications [50], resulting in
vector data with a 25 ha minimum mapping unit, a 100-meter minimum width, and
44 classes [23,51,52].

The land cover and LULUCF data used here were based on the Finnish national Corine
Land Cover 2018. Afforestation or deforestation of forests was acquired using Finnish CLC
Changes 2012-2018. The five main classes (Settlement, Agricultural lands, Forest land,
Wetlands and Water) were further divided based on the underlying soil type to mineral
and peat land. The soil types of agricultural areas were based on the Finnish Soil Database.
The land cover and land use classes with their proportional shares used in this study were

Settlement (2.4%)

Agricultural lands, mineral soil (5.7%)
Agricultural lands, peat (0.7%)

Forest land, mineral soil (33.1%)

Forest land, peat (11.1%)

Forest land, afforested mineral soil (10.3%)

Forest land, afforested peat (<0.0%)

Transitional woodland (tree crown cover 10-30%), mineral soil (4.4%)
Transitional woodland, peat (2.2%)

Transitional woodland, deforested (<0.0%)
Transitional woodland, peat, deforested (0.2%)

12.  Open mineral soil (tree crown cover < 10%) (5.1%)
13.  Wetlands, Marsh (0.2%)

14.  Wetlands, Open bogs (5.1%)

15.  Wetlands, peat production (0.3%)

16. Water (sea, lake, river) (19.4%)

PN A=

—_ = O
_ o

The proportions of different classes were computed for 10 km x 10 km grids, because
the inverse modelling system used a much larger grid size (1° x 1°) than the 20-meter pixel
size of Finnish CLC.

It is important to recognise the difference between CLC and the classifications used
in the Finnish national GHG inventory to estimate LULUCF GHG emissions. While
CLC describes the current situation (e.g., tree cover) in a given period, the national GHG
inventory also relies on knowledge of land use. Thus, land classified as ‘Forest’ remains
‘Forest” even if it is temporarily unstocked as a result of human intervention or natural
causes, but is expected to revert to forest [6].

2.6. Copernicus Water and Wetness

Copernicus High-Resolution Layers [53] provide information on specific land cover
characteristics and are complementary to land cover data. The High-Resolution Layer
Water and Wetness (WAW, version 2.0) [24] describes the occurrence of water and wet
surfaces over the period 20092018, and it is based on an analysis of long-term optical
and microwave satellite imagery. The product is part of the Copernicus Land Monitoring
Service, which provides geographical information on land cover and its changes, land use,
vegetation state, water cycle, and earth surface energy variables over Europe [24].

The Copernicus WAW contains four wetness classes: permanent water, temporary wa-
ter, permanent wet, and temporary wet. Considering CH, emissions, the class ‘permanent
wet’ is the most relevant because it corresponds to Finnish bogs the best [54]. The class
‘temporary wet’ could also contain information on whether forests on peat would be wet
enough to emit CH,. Unfortunately, the dataset is unreliable over Finland [54] as it catego-
rizes the northern fells as ‘temporary wet” and has a large data gap over middle Finland.
The spatial resolution of the Copernicus WAW is 10 m x 10 m, but it was aggregated here
to the resolution of 1° x 1° by computing the proportion of the “‘permanent wet’ class.
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2.7. Using Linear Regression to Estimate LULUCF Methane Emissions

Even though the resolution of CTE-CHy is high over Finland (approximately 110 km
x 40-60 km) compared to other global inversion models [55], its resolution is still coarse
compared to the heterogeneous landscape in Finland (see e.g., [56]) and to the resolution
of the land cover map (20 m x 20 m). To detect LULUCEF-related CH,4 emissions from the
inversion model estimates, we trained an ordinary least squares linear regression model [57]
with annual natural and anthropogenic CH4 emission estimates from Invjsgacy and Invy px.
The training was conducted at a resolution of 10 km x 10 km which was between the
resolutions of CTE-CH, and land cover maps. If the training had been at the resolution of
1° x 1°, there would have been too many different land cover classes in each grid cell (see
Supplement Figure S8 for the 1° x 1° land cover correlations). A higher resolution than
10 km x 10 km would have meant that different land cover classes would have connected
with the same CH,4 emissions.

The fraction of each land cover class was calculated at 10 km x 10 km and land cover
classes with a larger total area than 755 km? (0.2% of the total area of Finland in the Corine land
cover map) were used as explanatory variables in the model training. The excluded classes
were ‘Forest land, afforested peat’, “Transitional woodland, deforested’, “Transitional woodland,
peat, deforested’, and ‘Wetlands, Marsh’. The exclusion was performed to streamline the
analysis since it was expected that the listed classes would not have resulted in reliable results
given the large difference between the resolution of the inversions and the land cover map.

The annual CH, emissions were resampled to a resolution of 10 km x 10 km in a unit
of g/m? /year using the kd-tree nearest neighbour approach in a Python package called
pyresample [58]. The resampled CH, emissions were then used as the response values in
the linear regression model. With the trained model we estimated the annual emissions
for a hypothetical grid cell that would have been occupied by only one land cover class,
i.e., we took the fitted coefficient of the land cover class summed with the intercept term as
the estimate of CHy for that land cover class. The model was trained and emissions per
land cover class were estimated separately with natural, anthropogenic, and total posterior
CH,4 emission estimates to assess whether different land cover classes would stand out
from the rest depending on the CHy4 source. As the land cover map extended over the
whole study period and did not include interannual variability, the training and prediction
of CH,4 emissions was conducted separately for each year 20132020 using CH, emission
estimates from the corresponding year, but using the same land cover map for each year to
estimate the range of annual variation in CH4 emissions.

3. Results
3.1. Spatial and Annual Methane Emission Estimates in Finland

The annual averages of the redistributed CAMS-REG CH, emissions based on Finnish
spatial anthropogenic activity data were more uniformly distributed than the original
CAMS-REG CHy4 emissions (Figure 1a). High values in the coastal area and near large cities
in Finland (Helsinki, Tampere, Turku, and Oulu) (Figure 1b), were decreased, and the excess
emissions from the aforementioned regions were relocated to Lapland and central Finland.
When the redistributed CAMS-REG CHy4 emissions were optimised with CTE-CHy, the
changes were reinforced further, i.e., emissions in the coastal areas decreased and those in
Lapland increased (Figure 1c,d). Southernmost Finland was an exception: the optimisation
increased the anthropogenic emissions around Helsinki. The differences between the
optimised estimates of the anthropogenic emissions and the redistributed CAMS-REG
emissions used as the anthropogenic prior were similar, regardless of whether we used
LPX or JSBACH as the natural prior, although the absolute increase in the optimised
anthropogenic emissions was larger when LPX was used. The absolute magnitude of the
CAMS-REG CHy and the optimised anthropogenic CHy emissions from Invjsgacy and in
Invpx can be seen in the Supplementary Figure S3.

Natural CHy emissions increased in the optimisation in general throughout Finland
both in Invjsgacy and in Invy px (Figure 2). Only emissions in the northernmost Lapland
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were reduced from JSBACH on average. Otherwise, in Lapland, where optimisation also
increased anthropogenic CHy emissions, the increase in the natural CHy emission was
the strongest, regardless of whether the natural prior was LPX or JSBACH. In central and
southern Finland, JSBACH had larger natural emissions than LPX, and this difference was
amplified further by the optimisation.

In line with the annual averages of anthropogenic emissions discussed above, annually
calculated Finnish natural CH, emissions were always higher than their priors in both
Invyjsgach and Invypx in 2013-2020 (Figure 3a). JSBACH was approximately twice as
high as LPX, but optimisation reduced the difference between Invjsgacy and Invypx to
1.6 times on average, as optimisation increased emissions from LPX more than from
JSBACH. In 2016, there were high natural emissions, and particularly Invypx emissions
were increased from LPX. Invjsgpach also showed high emissions in 2020, but this was not
seen in Invy px, although Invy px emissions were approximately constant during 2018-2020
while the emissions of the prior LPX decreased.

Both the anthropogenic inventories and the inversion estimates of anthropogenic CHy
emissions decreased in Finland during the study period 2013-2020 (Figure 3b) but they had
small differences in their magnitudes. The emission estimates from CAMS-REG were the
same as the Statistics Finland emissions, as CAMS-REG used the national inventories in
their estimations. The posterior emissions were increased from CAMS-REG and were also
close to or higher than the Statistics Finland emission estimates with the LULUCF emissions.
Nonetheless, the inventory estimates were within the uncertainties of the inversions. The
optimised anthropogenic emissions of Invy px were higher than in Invjsgacy until 2017,
after which Invjsgacx and Invypx agreed well with each other.

In the optimised CH, emissions, LULUCF CH, emissions were probably mostly in-
cluded in the natural emissions and not in the anthropogenic emissions since the location
of LULUCF CH,4 emissions coincided with the wetland emissions and the LULUCF emis-
sions were not included in CAMS-REG CH, inventory (see also Section 3.2). The natural
emissions of Invjsgacy were 15 times higher and those of Invy px were 10 times higher on
average than the reported LULUCF CHy emissions (0.03 Tg/year on average) which was
expected, as the natural emissions included CH4 emissions from open pristine peatlands,
which are an important source of CH, in Finland. The difference between natural pos-
terior and prior CHy emissions was 0.1 Tg/year on average for both JSBACH and LPX,
which is over three times higher than the reported LULUCF CH,4 emissions. Although the
ecosystem models might have underestimated the emissions from open pristine peatlands,
this difference could also be because the LULUCF emissions are not accounted for in the
CAMS-REG inventory.

Total CHy emissions were higher in Invyjsgacy (0.68 4= 0.08 Tg/year on average) than
in Invypx (0.52 £+ 0.05 Tg/year on average) as seen in Figure 3c. The annual variation, as
well as the difference between the total emissions in Invjsgacy and Invy py, were due to
the changes in the estimated natural emissions since natural emissions and their variation
were larger than anthropogenic emissions.

3.2. Methane Emissions by Land Cover Class Estimated with Linear Regression

When linear regression was used to estimate the CHy emissions by a land cover class
using the optimised annual natural CHy emission estimates in Finland, the two inversions,
Invjspach and Invy px, mostly agreed (Figure 4). The results with natural prior emissions,
JSBACH and LPX, are shown in Supplementary Figure S4. The results were similar to those
with the optimised emissions, although the differences between different land cover classes
are larger with the optimised emissions (i.e., classes with high estimated emissions with
the prior emissions had even higher emissions with the posterior, and land cover classes
estimated as sinks had even larger sinks with the posterior). The two land cover classes with
the highest predicted natural emissions were “Transitional woodland, peat” and “Wetland,
Open bogs’. These two classes also showed a high correlation with each other (see Figure 5),
meaning that many grid cells contained both land cover types. Two other land cover
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classes, ‘Forest land, peat’ and ‘Forest land, mineral’, also had high spatial correlations with
‘Wetland, Open bogs’ but these two classes did not have high estimated CHy4 emissions.
In addition, linear regression predicted a CHy sink for transitional woodland mineral soil.
This was more pronounced with Invy px than with Invjspach.

| ---- LPX
---- JSBACH

| —— Natural, Inv;ex
—— Natural, Invjsgact

o
N

o
=)

o
w»

o
IS

0.3

Natural CH4 emissions [Tg/year]

0.2

0.275 4 ---- CAMS-REG CH,4

Statistics Finland

0.250 — = Statistics Finland, incl. LULUCF
—— Anthropogenic, Inv;px

—— Anthropogenic, InV;sgacx

0.225 4

0200 —— T===—eee

0.175 "7

01509 e

0.125 4

Anthropogenic CH, emissions [Tg/year]

20‘13 20‘14 20‘15 20‘16 20‘17 20‘18 20‘19 20‘20
Year

(b)

0.9 4 ---- Total prior, Inv.px
---- Total prior, InV;sgact
089 — Total posterior, Inv;px

—— Total posterior, InvjsgacH

0.7 1

0.6

Total CH,4 emissions [Tg/year]

2013 2014 2015 2016 2017 2018 2019 2020
Year

(c)

Figure 3. Annual (a) natural, (b) anthropogenic, and (c) total CH4 emissions in Finland. The prior
emissions from LPX and JSBACH are shown with dashed lines and the optimised posterior emissions
are with solid lines. Shaded areas around posterior emissions show one standard deviation of the
ensemble distributions. The CHy4 emissions from the Finnish national inventory without and with
LULUCEF emissions reported by Statistics Finland also are shown with the anthropogenic emissions (b).

The natural annual CH4 emissions were also decomposed to different land cover
classes using the original inversion model resolution of 1° x 1° and the relative magnitude
of the land cover classes (Supplementary Section S1) and the machine learning method
called XGBoost [59] (Supplementary Section S2). Based on these methods, higher average
CH,4 emissions were also found for the land cover classes ‘Transitional Forest, Peatland’
and ‘Wetland, Open Bog’ (see Supplementary Figures 54 and S8).

When the linear regression model was trained with annual anthropogenic CH, emis-
sions, ‘Agricultural lands, peat soil” and ‘Wetland, peat production” were the most promi-
nent classes (Figure 6). Predicted emissions in other classes were close to zero, with
‘Settlements’ showing a bit larger emissions. In the anthropogenic prior, CAMS-REG CHy,
the largest Finnish sources were landfills and agricultural activities, i.e., mainly livestock-
related emissions. Landfills are typically located near the settlements whereas livestock
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stroll on agricultural lands. Thus, the location of these sources and the land cover classes
highlighted by the statistical method agreed well. However, these sources are not part of
the LULUCEF sector and are GHG inventory categories on their own.
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Figure 4. The range of the annual natural CHy fluxes (2013-2020) for selected land cover classes
estimated with linear regression using optimised natural CH, emissions from Invy px and Invjsgach-
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Figure 5. Pairwise Pearson correlation coefficient of the selected Corine land cover classes at a
resolution of 10 km X 10 km in Finland. The colour of a square is related to the correlation coefficient
and the size to the absolute value of the coefficient: a value of one (or minus one) would fill the cell
completely and zero would mean that there would be no square. The correlation corresponds to
whether many grid cells contain both land cover types.

The predicted CH4 emissions trained with annual total emissions resembled the
combination of the natural and anthropogenic emission results (Figure 7): the natural and
anthropogenic sources listed above (‘“Transitional woodland, peat’, “‘Wetland, Open bogs’
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and “Agricultural lands, peat soil’) were elevated from the rest of the land cover classes.
This further affirms that the linear regression model was able to detect the relevant land
cover types related to CHy4 sources and sinks.

Since livestock-related CH,; emissions belong to the agriculture sector and not to
LULUCEF emissions, the emissions in “Transitional woodland, peat” and “Wetland, Open
bogs’ are the most interesting to study further.
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Figure 6. The range of annual anthropogenic CHj fluxes (2013-2020) for selected land cover classes
estimated with linear regression using optimised anthropogenic CH, emissions from Invypx and
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Figure 7. The range of annual total CH, fluxes (2013-2020) for selected land cover classes estimated
with linear regression using optimised total CHy emissions from Invy px and Invjsgach-

3.3. Comparison with Land Cover Classes and Remote Sensing Wetness Map

Distribution maps of the land cover classes ‘Transitional woodland, peat” and ‘Wetland,
Open bogs’ are shown in Figure 8. As already stated, the two land cover classes were located
in the same areas as the spatial correlation between the two classes was high (Figure 5).
Their distributions nonetheless varied since ‘Wetland, Open bogs’ was often the dominating
land cover class in northern Finland, whereas the extent of ‘Transitional woodland, peat’
was smaller (Figure 8). To study further the potentiality of the two land cover classes,
‘Wetland, Open bogs” and ‘Transitional woodland, peat’, being significant CH, sources, we
used the category ‘permanent wet’ from the Copernicus Water and Wetness dataset, as it is
meant to represent open peatlands the best. The comparison with the Copernicus WAW
and CH,4 emissions was made in a 1° x 1° resolution.
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Figure 8. Extent in a 10 km x 10 km resolution of (a) land cover class “Wetland, Open bogs’ in
2013-2018, (b) land cover class ‘“Transitional woodland, peat’ in 2013-2018 and (c) Copernicus Water
and Wetness, ‘permanent wet’” in 2009-2018. The region North Ostrobothnia is shown with a light
blue borderline and Lapland is shown with a dark blue borderline.

Figure 9 shows the relationship between average summer (June-September) natural
emission estimates and the extent of ‘Wetland, Open bogs’ in Finland. The correlation was
stronger with the emission estimates of Invjsgacy than with Invy px but in both inversions,
the correlation strengthened notably after the optimisation, i.e., correlations were stronger
with posterior emission estimates than with prior emissions. Figure 9 also shows the
relationships between the extent of Copernicus WAW “permanent wet” and the aforemen-
tioned variables. It seems that grid cells, where the permanent wet area was the largest,
had also the highest natural CH4 emissions and that emissions were increased from prior
to posterior more in general if the grid cell was wet. The correlation between the extent of

‘permanent wet” and ‘Wetlands, Open bog” was also high (R = 0.85).

When the relationships between the natural CH4 emission estimates, the Copernicus
WAW ‘permanent wet’ classification and the extent of the land cover class “Transitional
woodland, peat” were studied in the same manner, the correlations were weaker compared
to those with an open bog, but they were still reasonable. (Figure 10). The Pearson
correlation coefficient between ‘Transitional woodland, peat’ and ‘permanent wet” was
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R = 0.68. Correlation between “Transitional woodland, peat’ and natural CH emission
estimates from Invjsgac was again higher than with estimates from Invy px. The highest
emission estimates were in grid cells where the extent of ‘“Transitional woodland, peat’
was average; however, these grid cells were also wet according to Copernicus WAW
‘permanent wet’.
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Figure 9. Scatter plots of the average natural summer CH, emissions in Finland from 2013-2020
estimated with (a) Invjsgacy and (b) Invypx and extents of the land cover class “Wetland, Open
bogs’. Diamonds show the prior emissions and circles show the optimised emissions. Dashed lines
are ordinary least squares linear fits: yellow with the prior and blue with the optimised emission
estimates. Their Pearson correlations are shown in the legends. The colours of the markers show the
extent of the permanent wet area in a given grid cell according to the Copernicus WAW.
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Figure 10. Scatter plots of the average natural summer CH, emissions in Finland from 2013-2020 esti-
mated with (a) Invjsgacy and (b) Invy px and extents of the land cover class ‘Transitional woodland,
peat’. Diamonds show the prior emissions and circles show the optimised emissions. Dashed lines
are ordinary least squares linear fits: yellow with the prior and blue with the optimised emission
estimates. Their Pearson correlations are shown in the legends. The colours of the markers show the
extent of the permanent wet area in a given grid cell according to the Copernicus WAW.

4. Discussion

We developed an inversion system to estimate CH4 emissions at the national scale
in Finland. Together with a Corine land cover map and statistical analysis, we identified
the land cover classes associated with the largest CH,4 emissions. Interestingly, emissions
categorized as natural by the inversion model were contributed not only to open pristine
peatlands (‘“Wetland, Open bogs’) but also to “Transitional woodland, peat’. The class
‘Wetland, Open bogs’ includes areas with open peatlands and peatlands with tree cover less
than 10%. “Transitional woodland, peat’, on the other hand, includes forest land on peat
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where tree cover is between 10% and 30%, which is often located between open peatlands
and forest. Unlike the emissions from open pristine peatlands, these identified emissions
from the transitional woodlands might belong to LULUCF emissions in Finland and thus
to the Finnish national GHG inventory.

In an inversion model system, the distributions of the posterior emissions can be
strongly coupled to the distributions of prior emissions. In this study, it was also seen that
the distributions of the natural posterior CH, emission estimates followed those of the
natural prior emissions in both Invjsgacy and Invypx. The CHy4 emissions were increased
from the prior, except for northernmost Finland in InvjsgacH, where emissions decreased
from JSBACH. Thus, the uncertainties in the prior emission distributions contributed to
the posterior emission uncertainties. To assess the uncertainties in the natural emissions,
we used emissions from two different ecosystem models as the natural prior to obtaining
a range of optimised estimates. JSBACH-HIMMELI has also been developed specifically
for northern ecosystems [60], making it suitable for modelling CH4 emissions in Finland.
As an anthropogenic prior, we used the CAMS-REG inventory, which uses nationally
reported data and distributions from Finnish experts responsible for reporting the Finnish
GHG inventory.

The CH,4 emissions contributed to different land cover types with linear regression
results that were similar between the two inversions used: Invjsgacy and Invipx. The
most noticeable difference was for the class ‘Agricultural lands, peat soil’, as the emissions
were highest from ‘Agricultural lands, peat soil” with the total Invy px, while the largest
class with the total Invjsgacn was “Transitional woodland, peat’. Nevertheless, for both
inversions, the estimated emissions of ‘Agricultural lands, peat soil’ were larger with the
anthropogenic than with the natural emission estimates emphasising their anthropogenic
origin. In addition, the natural Invy px posterior results were higher than the prior results
(Supplementary Figure S4). Thus, the inversion model most likely misclassified some of
the anthropogenic emissions as natural emissions when LPX was used. Agricultural lands
coincide with livestock grazing lands, which is a likely cause of the high estimates.

A second difference was with ‘Wetlands, peat production’, which was a larger sink
when using the natural Invy px emissions than when using Invjsgacr. However, for both
inversions, the contribution of anthropogenic CH, emissions to “Wetlands, peat production’
was about the same as for ‘Agricultural lands, peat soil’. The two land cover types are
located in the same regions and have a high correlation, especially at the 1° x 1° resolution
(Supplementary Figure S8).

Copernicus WAW ‘permanent wet” had the largest values in Lapland and North
Ostrobothnia in 2009-2018 (Figure 8c). In these regions, the correlation of the extent of the
land cover classes ‘Wetland, Open bogs’ and “Transitional woodland, peat” was also high.
However, the natural CH, emission estimates in North Ostrobothnia were not notably
higher in posteriors than in priors unlike in Lapland (Figure 2). This might have been due to
low values in the prior emissions and their uncertainties (80% of the prior emission) which
might have prevented optimisation of increasing emissions in the area. In particular, LPX
had low values in North Ostrobothnia. In JSBACH, there were a couple of grid cells with
higher CH,; emissions in North Ostrobothnia, and these grid cells also had high natural
posterior emissions.

The land cover type ‘Forest land, peat” was often located near “Transitional woodland,
peat’ (Figure 5). This can be expected since the ‘Transitional woodland’ class includes
forested areas with a canopy cover of 10-30% whereas ‘Forest” had to have a canopy cover
of more than 30%. As the ‘Transitional woodland’ was also collocated with “Wetland,
Open bogs’, the correlations showed the spatial transition from forest to open peatland
or from open peatland to forest. These correlations further confirmed that ‘“Transitional
woodland, peat’ is an area between forests and open peatlands, and that this relationship
was also reserved after the downscaling of the land cover map from 20 m x 20 m to
10 km x 10 km. Thus, CHy emissions from ‘Transitional woodland, peat’ might have
been significant, especially since the pixels with high ‘Transitional woodland, peat” extent
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were often defined as permanent wet by the Copernicus Water and Wetness data product,
indicating wet soil [8].

The reported national LULUCF CH,4 emissions were mainly from the drainage ditches
(0.23 Tg CHy/year, i.e., 76% of the total LULUCF CH,4 budget), which were based on
the IPCC reported emission factor (21.7 g/m? /year) [6]. The emission factors used to
calculate CHy emissions from organic forest soils were country-specific and took into
account whether drainage ditches were maintained or whether the water table level was
similar to that of open pristine peatlands. If the ditches were maintained, the forest soil was
counted as a CHy sink (—0.28 g/m?/year), and if they were in poor condition, an emission
factor of 1.16 g/m?/year was used, which is higher than the emission factor given in the
IPCC Wetlands Supplement for the boreal forest (0.2-0.7 g/m?/year) [6,49]. The absolute
CHy4 emissions given by linear regression are not directly comparable to the measured
values since using the inversion model estimates in 10 km x 10 km made the statistical
analysis more sensitive to the areas of the land cover classes. Thus, it is more meaningful
to compare the relative proportions of the estimated CH4 emissions per land cover class.
However, the CH4 emissions in “Transitional woodland, peat” were estimated to be between
5and 15 g/m?/year, falling within the range of values for both forest soil and ditches.

The proximity of the land cover types ‘Transitional woodland, peat’ and ‘Wetland,
open bogs’ complicated the separation of emission sources and increased uncertainty
as to whether the estimated emissions from transitional woodland should have been
included in the “Wetland, open bogs’ class, a known large CHy4 source. Nonetheless, the
predicted emissions from Invjsgacy and Invipx were higher in transitional woodland
than in peatland. Our results may indicate either unmaintained ditches or a natural
transition zone between peatlands and forests where transitional forests near the peatlands
occasionally flood and become a source. This raises the question of whether the CHy
emissions from transitional woodlands should be revised in the national GHG inventory.
However, previous studies have suggested that transition zones have low emissions [10],
while others have found emissions in the littoral zone around lakes [61].

We acknowledge that using only land cover classes in the linear regression to estimate
LULUCEF-related CH, emissions is a simple method. CH, emissions are influenced by not
only land cover types but by meteorological factors, such as soil moisture and temperature.
Since these factors vary seasonally, additional data sources and finer time scales should
be used to study CH, emissions more accurately with statistical analysis. However, our
goal was not to create a universal model for predicting CH4 emissions based on land cover
data but to analyse existing datasets and investigate potential connections between CHy
emissions and different land cover types within the LULUCEF sector. Additionally, it is
important to note that the land cover data used differs from the land cover data used in the
LULUCF GHG emission estimates of the Finnish national GHG inventories. This difference
is due to differences in their definitions: Corine land cover reflects the current state of the
land area, while the national GHG inventory takes into account factors such as land use
and the likelihood that a land area will be covered by forest in the future.

The availability of data related to land cover types and soil surface wetness was limited
in our study, as the datasets did not have annual or seasonal variations. This prevented
us from analysing the results in more detail. To determine the importance of “Transitional
forest, peat” as a source of CHy, a higher resolution inversion model would be essential,
ideally at least 0.1° x 0.1°. This would need high-quality CH, concentration data, such
as TROPOMI observations [21], to robustly constrain the CH, emissions. In addition, to
refine the national inventory estimates, it would be necessary to investigate the correlation
between elevated emissions on transitional woodland and variables such as nutrient status,
tree cover, low evaporation, high water table, and peat thickness. The variables should
also have observations starting from 1990 onward to ensure consistency in the national
GHG inventory.

Although we could not provide an absolute estimate of CH, emissions from tran-
sitional forests, our analysis suggests that these emissions should not be neglected, as
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the area of transitional forests is almost half the area of open peatland. The natural emis-
sion estimated by the inversion model (on average 0.49 4 0.7 Tg/year in Invjspacn and
0.30 £ 0.04 Tg/year in Invy px) were significantly higher than the anthropogenic CH4 emis-
sion estimated in the national inventory (0.22 Tg/year), let alone the LULUCF CHy4 emis-
sions (0.03 Tg/year). Thus, if even a small portion of the optimised natural emissions
should rather have been included in the anthropogenic emissions category, this would
mean a significant increase in anthropogenic CH,4 emissions. However, the total CO,
emissions would still be higher than the CH4 emissions, although the uncertainty in the
CH, emissions is relatively higher [62]. As peatland restoration is likely to increase, the
importance of understanding CHy4 emissions from peatlands will also increase in the future.

5. Conclusions

We estimated annual natural and anthropogenic Finnish CH4 emissions with the atmo-
spheric inversion model CTE-CHj, in 2013-2020 and investigated how the CH4 emissions
were related to the different land cover classes (Corine land cover) and the occurrence of
surface wetness (Copernicus Water and Wetness). In this study, we also compared our
CH4 emission estimates with the national GHG inventory and discussed the differences
between the CHy emission estimates from the inversion model and the inventory. To our
knowledge, this was the first time that estimates from an atmospheric inversion model
were combined with the LULUCEF sector.

We were able to show differences in CHy emissions from different land cover classes
based on our inversion model results. The inversion model CTE-CHy attributed Finnish
CH4 emissions mainly to natural sources, i.e., open peatlands. Further analysis suggested
that emissions from forests with a thin tree cover were also included in the inversion
model’s estimate of natural emissions. The CH4 emissions from forests with a thin tree
cover are included in the Finnish national GHG inventory as forests are defined as managed
land in Finland when the tree cover is higher than 10%. The results presented here indicate
that the magnitude of CHy emissions from organic forest soils may be significantly larger
than estimated in the national GHG inventory. It is important to note that the analysis
was carried out at a relatively coarse resolution (1° x 1° compared to 20 m x 20 m of
land cover maps), so further investigation using a high-resolution inversion model with
remotely sensed atmospheric CH4 concentrations is recommended to confirm these results.
In addition, measurements from forests with a thin tree cover should be conducted to
identify which ecological variables are associated with high CH4 emissions, in order to use
these results in the national GHG inventory estimates.

Since the organic forest floor is known to be a source of CH4 when the water table level
is high enough, the spatial correlations between the surface wetness from the Copernicus
Water and Wetness data product, CH4 emissions, and the two highlighted land cover classes,
‘Wetlands, open bogs” and “Transitional woodland, peat” were further studied. The analysis
of surface wetness showed that regions with high values of “permanent wet” surface were
predominantly found in Lapland and North Ostrobothnia. These regions also showed
a strong correlation with the extent of the land cover classes ‘Wetlands, open bogs” and
‘Transitional woodland, peat’. The natural CH4 emission estimates from regions identified
as “permanent wet” by the Copernicus Water and Wetness data product showed a notable
increase in the optimised emissions compared to the ecosystem estimates (JSBACH and
LPX) used as priors, especially in Lapland. In North Ostrobothnia, the increase from the
priors was smaller, especially with Invy px.

The results of this study highlight the potential of combining atmospheric inver-
sion modelling of greenhouse gases with data from diverse sources. Wider use of such
methods is therefore encouraged. In addition, more emphasis should be placed on de-
veloping methods to more easily combine atmospheric inversions with national green-
house gas inventories. Overall, this study provides valuable insights into the accuracy
of current estimates of CH, emissions in Finland and highlights the need for continued
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research and refinement of emissions inventories to support effective climate change
mitigation strategies.

Supplementary Materials: The following are available online at https:/ /www.mdpi.com/article/10.3
390/rs16010124/s1, Figure S1: Optimization regions. The grey region was optimized at 1° latitude x 1°
longitude resolution. Circles show the locations of the in situ observation sites from which the
concentration observations were used in this study. Figure S2: Daily averaged CH, mole fraction
observations [ppb] in Finnish measurement stations in 2013-2020. The duplicate sites mark the data
set before and after the site was included in ICOS. In Pallas, there were also taken flask samples
which are shown with discontinuous colour lines. Figure 53: Annual average from 2013-2020 of
(a) the redistributed CAMS-REG CHy emissions, (b) the original CAMS-REG, (c) the optimised
anthropogenic CHy emissions from Invjsgacy and (d) the optimised anthropogenic CHy4 emissions
from Invypx. Figure S4: The range of the annual natural CHy fluxes (2013-2020) for selected land
cover classes estimated with linear regression using prior and optimised natural CH4 emissions from
Invpx and Invjspach- Figure S5: The range of annual natural CHy fluxes (2013-2020) decomposed
for selected land cover classes estimated using proportional Corine land cover classes. Figure Sé:
The range of annual anthropogenic CH, fluxes (2013-2020) decomposed for selected land cover
classes estimated using proportional Corine land cover classes. Figure S7: The range of annual total
CH, fluxes (2013-2020) decomposed for selected land cover classes estimated using proportional
Corine land cover classes. Figure S8: Pairwise Pearson correlation coefficient of the selected Corine
land cover classes at a resolution of 1° x 1° in Finland. The colour of a square is related to the
correlation coefficient and the size to the absolute value of the coefficient: an absolute value would
fill the cell and a zero value would mean that there would be no square. Figure S9: The range of
the annual natural CHy fluxes (2013-2020) for selected land cover classes estimated with XGBoost
using optimised natural CH4 emissions from Invy px and Invjsgacy. Figure S10: The range of annual
anthropogenic CHy fluxes (2013-2020) for selected land cover classes estimated with XGBoost using
optimised anthropogenic CHy emissions from Invy px and Invjsgacyy. Figure S11: The range of annual
total CHy fluxes (2013-2020) for selected land cover classes estimated with XGBoost using optimised
total CH4 emissions from Invypx and Invjsgacy. Table S1: List of the Finnish surface observation
sites used in inversions. Observation Uncertainty (Obs. Unc.) is used to define diagonal values in
the observation covariance matrix. The data type is categorized into two measurements (discrete
(D) and continuous (C)). Table S2: List of surface observation sites used in inversions. Observation
Uncertainty (Obs. Unc.) is used to define diagonal values in the observation covariance matrix. The
data type is categorized into two measurements (discrete (D) and continuous (C)).
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LULUCF Land use, land use change and forestry
CTE-CH,4 The inversion model CarbonTracker Europe—CHy

Copernicus Atmosphere Monitoring Service Regional inventory;

CAMS-REG an anthropogenic emission inventory developed for the European domain
LPX CH, emission estimates from the ecosystem model LPX-Bern DYPTOP
JSBACH CH, emission estimates from the ecosystem model JSBACH-HIMMELI
vy px O}.)timis§d .CH4 emission estimates with CTE-CHy using LPX as the natural
prior emissions
Optimised CH,4 emission estimates with CTE-CH,4 using JSBACH as the natural
InVJSB ACH . o
prior emissions
Copernicus WAW Copernicus Water and Wetness;

describes the occurrence of water and wet surfaces over the period 2009-2018
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