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Chapter 1

Introduction

1.1 Climate Change

The 2011–2020 global surface temperatures increasedwith 1.1 °C compared to the period 1850–
1900, mainly due to increasing greenhouse gas (GHG) emissions (Intergovernmental Panel
on Climate Change, 2023). According to the IPCC 2023 report, the largest share and growth
in gross GHG emissions occurred in carbon dioxide (CO2) from fossil fuel combustion and
industrial processes, followed by methane (CH4). The atmospheric mole fractions (hereafter
referred to as "concentrations" in IPCC terminology) of these gases are primarily driven by
human activities and significantly contribute to the greenhouse effect and global warming.

While increases in themole fractions of the CO2 andCH4 are primarily driven by human ac-
tivities, the dynamics ofwater vapor (H2O)—themost abundant GHG in the atmosphere—are
primarily governed by natural processes. Water vapor levels are influenced by temperature
through processes such as evaporation and condensation. Unlike CO2 and CH4, variations in
H2O primarily act as a feedback mechanism that amplifies warming (Manabe et al., 1967).
As atmospheric temperatures increase due to the enhanced greenhouse effect from CO2 and
CH4, this warmer air can hold more water vapor, leading to higher H2O levels through en-
hanced evaporation. Thus, while water vapor itself does not initiate warming, it significantly
strengthens thewarming effect initiated by other GHGs through a positive feedback loop. This
feedback process highlights the critical role of CO2 and CH4 in climate change.

The atmospheric mole fractions of CO2 have increased markedly above preindustrial lev-
els since the onset of the industrial era. CO2 mole fractions rose from about 278 µmolmol

−1

in 1750, a commonly used reference for preindustrial conditions, to 419.3 ± 0.1 µmolmol
−1

by 2022 (Friedlingstein et al., 2025). During the early industrial era, this increase was pri-
marily driven by deforestation and land-use changes (Canadell et al., 2023). Since the 1950s,
however, fossil fuel combustion has become the dominant source of emissions, and its contri-
bution has continued to rise (Friedlingstein et al., 2023). These trends are clearly illustrated in
Fig. 1.1, where lower panel shows the sharp increase in greenhouse gas emissions, particularly
CO2 from fossil fuels and industry, and upper panel depicts the corresponding rise in atmo-
spheric mole fractions of CO2, CH4, and N2O, as assessed in IPCC AR6 (Intergovernmental
Panel on Climate Change, 2023). Together, these panels illustrate the close correspondence
between human-driven emissions and atmospheric mole fractions of the GHGs, emphasizing
the importance of quantifying surface fluxes for better prediction of future GHG mole frac-
tions. Particularly, CO2 surface fluxes collectively constitute the global carbon cycle, which
integrates sources, sinks, and exchanges of carbon between the atmosphere, land, and oceans.
The following section describes the global carbon cycle in more detail.
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Figure 1.1: Increase in greenhouse gases (GHGs) emissions (a, lower) and corresponding rise in atmo-
spheric mole fractions of GHGs (b, upper) from 1850 to 2019. Adapted from (Intergovernmental Panel
on Climate Change, 2023). Texts in the original figure use the term "concentration", while we use the
more correct term mole fraction.

1.2 Global carbon cycle

The atmospheric mole fractions of CO2 are regulated by the balance between global sources
and sinks. These include (1) fossil fuel combustion and industrial processes (Fff), (2) land-use
changes caused by human activity (Fluc), (3) ocean uptake (Foc), and (4) terrestrial biosphere
uptake (Fbio).

Figure 1.2 illustrates the global CO2 budget between 2014 and 2023 based on bottom-up cal-
culations (Friedlingstein et al., 2025). During this period, Fff and Fluc dominate the sources,
while Foc and Fbio act as major sinks, with the residual stored in the atmosphere. The thin
arrows indicate the large gross natural carbon exchanges that underlie the net fluxes. On
land, gross primary production (GPP) and total ecosystem respiration (TER) each amount
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to roughly ± 130 PgCyr−1, nearly balancing each other and yielding only a small net land-
atmosphere flux (sink, ≈ 3.2 PgCyr−1). Similarly, the ocean exhibits large gross uptake and
outgassing fluxes that largely cancel, resulting in a comparatively small net oceanic sink (≈ 2.9
PgCyr−1). Together, these gross fluxes highlight the dynamic character of the natural carbon
cycle, in contrast to the predominantly unidirectional anthropogenic emissions. Building on
this context, the source–sink framework is further employed in Chapter 4, where CO2 and COS
are coupled within an atmospheric chemical transport model.

In the Global Carbon Budget framework based on bottom-up estimates, Fluc represents
a broad category of processes, including deforestation, afforestation, forest degradation, re-
growth, peat burning, and peat drainage (Friedlingstein et al., 2025). In contrast, in the inverse
modeling framework applied in Chapter 4 of this thesis, anthropogenic fire emissions are rep-
resented explicitly as Ffr, whereas natural wildfires are includedwithin the net biosphere flux,
Fbio. This distinction underscores a fundamental difference between bottom-up and top-down
approaches in the treatment of land-use change and fire emissions.

Figure 1.2: Global carbon cycle from 2014 to 2023. The values are the fluxes with their uncertainty given
in units GtCyr−1 (1 GtCyr−1 = 1 PgCyr−1). The figure is adopted from Friedlingstein et al. (2025).
Notation in parentheses (e.g., Fff , Fluc, Fbio, and Foc) corresponds to that used consistently throughout
this dissertation. Upward direction indicates sources, and downward direction indicates sinks.

1.3 GPP estimation

1.3.1 Limitations of previous methods

Fbio, also known as net ecosystem exchange (NEE), represents the net balance of CO2 absorbed
by ecosystems (GPP) and released through respiration (TER).As illustrated by the thin arrows
in Fig. 1.2, NEE corresponds to the small imbalance of these two large opposing fluxes, which
makes it highly sensitive to uncertainties in either GPP or TER.
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Figure 1.3 shows GPP estimates from multiple processes based terrestrial ecosystem mod-
els (Sitch et al., 2015), as plotted by Stinecipher et al. (2022). Although themodels were driven
by the same climate forcings, differences in ecosystem process parameterizations led to large
variations in simulated GPP, particularly in low-latitude regions. Inter-model variability di-
rectly propagates into NEE estimates, resulting in divergent representations of the global car-
bon budget.

Figure 1.3: Latitudinal distribution of estimated GPP (A) from multiple process-based terrestrial
ecosystem models and from observation-based estimates, and the standard deviation of GPP across
the model ensemble (B). Adapted from Stinecipher et al. (2022).

While NEE can be directly measured using the eddy covariance (EC) method, estimat-
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ing GPP is more challenging due to the simultaneous occurrence of TER. Several indirect ap-
proaches have been developed to partition NEE into GPP and TER, but uncertainties remain.
The traditional method relies on nighttime NEE, assumed to represent respiration, in com-
bination with temperature response curves (Reichstein et al., 2005). However, this approach
is limited by the difficulty of measurements in the stable nocturnal boundary layer (Aubinet,
2008) and by the fact that temperature-based assumptions, largely derived from temperate
ecosystems, are less applicable in tropical regions where other environmental drivers domi-
nate respiration (Restrepo-Coupe et al., 2013).

Machine learning techniques have also been applied to improve flux partitioning. More
recently, deep learning–based hybrid approaches, such as multi-layer neural networks, have
shown potential to better capture nonlinear responses and site-specific variability in flux parti-
tioning. However, despite these advances, their sensitivity to input dataset quality, limitations
in training sample representativeness, and reduced performance in out-of-sample or disparate
climate/biome regimes indicate that improvements over traditionalmethods are not uniformly
large. (Desai et al., 2008; Tramontana et al., 2020; Chen et al., 2024).

The regression method using satellite-derived solar-induced fluorescence (SIF) has also
been widely investigated (Van Der Tol et al., 2014; Frankenberg et al., 2011; Frankenberg et
al., 2012; Parazoo et al., 2014; Bowman et al., 2017), yet its application remains limited by
the incomplete characterization of how SIF–GPP relationships vary across environmental and
phenological contexts (Chen et al., 2021; Paul-Limoges et al., 2018; Norton et al., 2019). Wang
et al. (2021) emphasized that the GPP–SIF relationship is jointly regulated by multiple climate
variables, and its sensitivity to environmental conditions across regions highlights the need to
account for climate differences when modeling GPP using satellite-based SIF.

Isotopic flux partitioning, which uses stable isotopic signatures in photosynthesis and res-
piration, presents another alternative, but is restricted by insufficient knowledge of isotopic
behavior and precision of measurement (Wehr et al., 2015).

1.3.2 New approach with carbonyl sulfide

Alternative tracers for GPP estimation, such as carbonyl sulfide (COS), have been proposed
to improve constraints on global GPP estimates (Campbell et al., 2008; Montzka et al., 2007;
Berry et al., 2013). COS is a trace gas in the atmosphere with a relatively stable mole fraction of
approximately 500 parts per trillion (pmolmol−1) and a long atmospheric life time (2–3 years),
which allows it to be well mixed globally (Montzka et al., 2007). This gas is taken up by plants
in a manner similar to CO2 during photosynthesis, but unlike CO2, it is assumed not to be
released during respiration. This unique property makes COS an effective proxy for isolating
GPP from NEE.

Berry et al. (2013) introduced a modeling framework for COS leaf uptake, assuming that
COS exchange can be linearly expressed based on CO2 assimilation pathways. Building on this
foundation, Lai et al. (2024) provided global GPP estimates from COS uptake that are more
consistent with isotope- and respiration-based constraints, particularly strengthening tropical
GPP estimates where satellite-based approaches face observational limitations.

To understand how COS functions as a tracer at the leaf level, Figure 1.4 illustrates the
conceptual cross-section of leaf exchange for COS and CO2 (Berry et al., 2013). The figure
highlights four sequential processes: (1) boundary layer diffusion, (2) stomatal conductance,
(3) mesophyll diffusion, and (4) biochemical activity. In this dissertation, however, processes
(3) and (4) are collectively referred to as mesophyll conductance, consistent with the termi-
nology adopted in the following chapters. Both gases enter the leaf through the same physical
pathway, consisting of the leaf boundary layer and the stomatal pores. The conductance along
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this pathway is commonly inferred from H2O diffusion and further modulated by the specific
molecular properties of each gas.

Once inside the mesophyll cells, COS undergoes rapid and effectively irreversible hydrol-
ysis, primarily catalyzed by the enzyme carbonic anhydrase (CA) (Protoschill-Krebs et al.,
1996). Due to the short residence time of COS in leaves, this reaction proceeds efficiently
before COS can diffuse back out (Gillon et al., 2001). In contrast, CO2 is fixed more slowly
through carboxylation by RuBisCO, whose catalytic rate is orders of magnitude lower than
that of CA. This enzymatic contrast is reflected in the biochemical activity conductance values:
0.233 molm−2 s−1 for COS versus only 0.023 molm−2 s−1 for CO2 in Fig. 1.4. Consequently,
the mole fractions of COS decline much more steeply from ambient air to the mesophyll cells
compared to CO2.

Hydrolysis of COS by CA produces CO2 and H2S through the following reaction (Schenk
et al., 2004):

COS +H2O ↔ HCOOS
−

+H
+
↔ H2S + CO2. (1.1)

COS reacts with water in the mesophyll cells to form HCOOS–1 and H+, which further de-
compose into H2S and CO2. The high solubility of HCOOS– and H2S in plant and soil water
makes the reverse reaction highly unfavorable (Schenk et al., 2004). This property establishes
COS as a reliable tracer for GPP estimation, offering a unique advantage over traditional meth-
ods.

boundary 

layer 

stomatal  

conductance 

mesophyll 

diffusion 

biochemical 

activity 

ca 

[COS] 

[CO
2
] 

[H2S] 

[CH2O]n 

400 ppt 

400 ppm

361.6 

382.9

213.9 

318.0

52.6 

343.5

(0.32) 

(0.33) 

(0.083) 

(0.088) 

(0.076) 

(0.076) 

(0.233) 

(0.023) 

1 2 3 4 

cs cc ci 

Figure 1.4: Schematic leaf uptake pathways of COS and CO2 in C3 plants (adopted from Berry et al.
(2013)). Four conductances (molm−2 s−1), indicated by numbers in parentheses in the figure, are
known to play a role in the exchange process: (1) Boundary layer conductance, (2) stomatal conduc-
tance, (3) mesophyll conductance, (4) biochemical conductance. ca, cs, ci, and cc indicate the mole
fractions at the interface of each two layers. In this dissertation, conductances (3) and (4) are collec-
tively referred to as mesophyll conductance.

1.3.3 Leaf Relative Uptake

Assuming a highly unfavorable reverse reaction of COS leaf uptake, the COS leaf uptake has
a linear relationship with CO2 photosynthesis rate (Sandoval-Soto et al., 2005; Campbell et al.,
2008). Consequently, GPP can be estimated if we know the leaf relative uptake (LRU, -) of
COS and CO2 (Asaf et al., 2013; Commane et al., 2015; Kooijmans et al., 2019; Spielmann et al.,
2023). LRU is defined as the ratio of the deposition velocity of COS (VCOS , molm−2 s−1) to
that of CO2 (VCO2, molm−2 s−1), normalized by ambient mole fractions:
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LRU =
VCOS

VCO2

=
ACOS

[COS]a
(
ACO2

[CO2]a
)−1

. (1.2)

Here, ACOS (pmolm−2 s−1) and ACO2 (µmolm−2 s−1) represent the leaf uptake rates of
COS and CO2, respectively, while [COS]a (pmolmol−1) and [CO2]a (µmolmol−1) denote their
ambient mole fractions. Campbell et al. (2008) reported an LRU value of approximately 2.2
on the leaf scale and 5.7 on the ecosystem scale, where the latter represents total net CO2 flux
consisting of ACO2 and respiration instead of considering only ACO2.

If the LRUwould remain constant across all environments, GPP could be readily estimated
when global COSuptake by the biospherewould be known. However, recent studies show that
LRU varies with environmental conditions and plant physiological traits, including species-
specific differences (e.g., Stimler et al., 2010). Studies in various regions have explored how
LRU is influenced by changes in environmental factors. For instance, data from Hyytiälä, Fin-
land (see Figure 1.5) demonstrate how LRU varies with photosynthetically active radiation
(PAR) (Stimler et al., 2010; Stimler et al., 2011; Sun et al., 2018b; Maseyk et al., 2014; Kooijmans
et al., 2019), vapor pressure deficit (VPD)(Protoschill-Krebs et al., 1996; Kooijmans et al., 2019;
Stimler et al., 2010; Sun et al., 2018b), and temperature (Kooijmans et al., 2019; Commane et
al., 2015; Stimler et al., 2010). These results highlight the distinct responses of COS and CO2

uptake to environmental variations.
First, LRU increases exponentially under lowPAR conditions, asACOS proceeds evenwhen

ACO2 is nearly zero. This is because CO2 leaf uptake via the RuBisCO pathway depends
on light, whereas COS uptake by CA is light-independent. Consequently, under low PAR,
ACO2 approaches zero when stomata remain open, allowingACOS to persist, resulting in very
high LRU value (Wehr et al., 2017; Kooijmans et al., 2019). Taking advantage of this light-
independence, COS absorption has been employed as a proxy for stomatal conductance to
water vapor. Recent studies have employed ecosystem-level measurements of COS fluxes to
estimate this conductance, highlighting the distinct contributions of stomatal adjustments and
biochemical processes to CO2 uptake (Wohlfahrt et al., 2018; Cochavi et al., 2021).

Second, LRUdecreaseswith increasing temperatures andVPDmeasured in pine treeswith
branch chambers (Kooijmans et al., 2019). In Figure 1.5b and c, COS leaf uptake was found to
decrease when VPD increases from 0.5 to 2.5 kPa or when temperatures increase from 13 to 23
°C. In contrast, CO2 uptake remained relatively stable under these conditions (Kooijmans et
al., 2019). This VPD-driven reduction in LRU occurs possibly because COS uptake is generally
diffusion-limited rather than enzyme-limited, making it highly sensitive to stomatal closure
under high VPD, whereas CO2 uptake is primarily enzyme-limited and thus less affected by
changes in stomatal conductance (Protoschill-Krebs et al., 1996; Stimler et al., 2010; Sun et
al., 2018b). Although COS uptake is also substantially influenced by enzyme activity, CA and
RuBisCOhave different optimal operating temperatures for catalyzing uptake of COS andCO2,
respectively, which may contribute to temperature-induced variations in LRU. Together, these
mechanisms could explain why LRU responds differently to VPD and temperature changes.

Overall, these findings underline that the relationship between COS and CO2 uptake is not
fixed but varies with environmental and physiological conditions.

1.3.4 Diurnal variation of CO2 and COS

Diurnal cycles of COS and CO2 fluxes have been observed in chamber measurements. Fig-
ure 1.6 shows the averaged diurnal variations of COS and CO2 fluxes (FCOS and FCO2), and
LRU from two chambermeasurements at Hyytiälä, Finland (evergreen needleleaf forest), con-
ducted between May and July by Kooijmans et al. (2019). FCOS exhibit continuous uptake
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Figure 1.5: Leaf relative uptake of COS and CO2 in response to light intensity (PAR) (a), vapor pressure
deficit (VPD) (b), and a chamber temperature (c) from Hyytiälä, Finland. The data correspond to
Chamber 1, and the panels were combined from figures originally reported in the main text (a) and
Supplementary Information (b and c) of Kooijmans et al. (2019).

throughout the day, whereas FCO2 show a clear day–night contrast, with positive (respira-
tory) values at night and strong sink values during daytime. The uptake peak of FCOS occurs
approximately one hour earlier than that of FCO2, a feature also observed in a deciduous forest
in China (Geng et al., 2006).

Figure 1.6b shows the corresponding diurnal pattern of LRU. The LRU exhibits a pro-
nounced diurnal variation, largely driven by the diurnal cycle of PAR. This reflects the contrast-
ing light dependence of COS and CO2 uptake described previously in Sect.1.3.3: COS uptake
is light-independent, whereas CO2 uptake is strongly suppressed under low-light conditions
around sunrise and sunset. Together, these observations demonstrate that the physiological
mechanisms controlling COS and CO2 uptake lead to distinct temporal patterns of LRU.

These different diurnal fluxes also influence the diurnal pattern of atmospheric mole frac-
tions. Figure 1.7 illustrates the diurnal variations of COS and CO2 mole fractions at low and
above canopy in southwest Washington State, USA, observed by Rastogi et al. (2018). While
ecosystem respiration causes nighttime accumulation of CO2, COS continues to be taken up,
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Figure 1.6: Diurnal variation of COS andCO2 leaf flux (a) and LRU (b) inHyytiälä, Finland (Kooijmans
et al., 2019).

often reaching minimum values before sunrise. After sunrise, boundary layer mixing dilutes
the nighttime COS-depleted air, leading to a daytime increase. Understanding these diurnal
dynamics provides a crucial link between leaf-scale physiological processes and atmospheric
observations, and is essential for interpreting surface fluxes in inverse modeling frameworks
discussed in later chapters.

Accurate estimates of COS uptake by the global biosphere require a thorough understand-
ing of the global COS budget. Therefore, the following section broadens the perspective from
leaf- and canopy-scale processes to the global scale, examining how COS is distributed and
cycled in the atmosphere.

1.4 COS global cycle

1.4.1 Global atmosphere mole fractions

The trace gas COS, the most abundant atmospheric sulfur compound, is essential in the global
sulfur cycle. Its low solubility and long atmospheric lifetime enable significant amounts to
reach the stratosphere. There, it undergoes photolysis under intense ultraviolet radiation, pro-
ducing sulfur dioxide (SO2), which leads to the formation of sulfate aerosol particles (Rav-
ishankara, 1997; Mauldin et al., 2012). These particles contribute to the stratospheric sulfate
aerosol (SSA) layer, a critical component in regulating Earth’s climate through its cooling effect
(Chin et al., 1995; Brühl et al., 2012).
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Figure 1.7: Averaged diurnal variation of atmospheric mole fractions of COS (a) and CO2 (b) at low
canopy (1mand 10m) and above canopy (60mand 70m) in southwestWashington State, USA (Rastogi
et al., 2018). The shaded areas indicate standard errors, and the dashed vertical lines represent sunrise
and sunset.

Historical records from ice cores reveal that global COS mole fractions have fluctuated
over the past 54,000 years. During the Last Glacial Maximum, levels ranged between 250 and
300 pmolmol−1, but declined by 80–100 pmolmol−1 during the glacial-interglacial transition,
reaching a minimum of 160–210 pmolmol−1 at the start of the Holocene (Aydin et al., 2016).
Mole fractions increased again during the late Holocene, peaking during the industrial era in
the 1980s (Campbell et al., 2017).

Since the early 2000s, flask samples of ambient air collected at sites in both hemispheres
have provided systematic records of COS. Serio et al. (2023) applied the Empirical Mode De-
composition (EMD) method to analyze inter-annual trends in COS mole fractions over two
decades, based on observations from the National Oceanic and Atmospheric Administration
(NOAA) global flask network. Fig. 1.8 shows the global monthly mean time series together
with smoothed trends estimated using different statistical methods. Their results show rela-
tively stable COSmole fractions from2000 to 2005, suggesting a balance between global sources
and sinks, consistent with the findings of Montzka et al. (2007). Recently, the global aver-
age mole fraction exhibited a slight increase until 2015, followed by a decrease from 2015 to
2020. Periods of increasing atmospheric COS imply that global emissions exceed total removal,
whereas decliningmole fractions indicate that sinks dominate over sources on the global scale.
Therefore, the decreasing trend indicates a recent imbalance between global COS sources and
sinks (Serio et al., 2023).

Complementary satellite records from the Atmospheric Chemistry Experiment Fourier
Transform Spectrometer (ACE-FTS) further support these trends. Schmidt et al. (2024)
reported that COS mixing ratios increased from 2004 to 2017 and then shifted into a decline.
Together with the NOAA flask records, these satellite observations provide independent
evidence for a turning point in the global COS budget.

1.4.2 COS sources and sinks

Understanding sources and sinks is essential, not only for closing the global COS budget but
also for applications such as using COS as a tracer of photosynthesis. The global and re-
gional distribution of atmospheric COS is shaped not only by surface fluxes and atmospheric
chemistry but also by atmospheric transport, which governs how local flux signals propagate
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Figure 1.8: Global monthlymean COSmole fractions time series fromNOAAflaskmeasurements from
2000 to 2020 (blue) with smoothed trend lines estimated using EMD (red), Lowess (magenta), and
moving average (black). Adopted from Serio et al. (2023).

through the atmosphere.
Figure 1.9 synthesizes the global COS budget compiled by Remaud et al. (2022), which

includes estimates fromKettle et al. (2002),Montzka et al. (2007), Suntharalingamet al. (2008),
Berry et al. (2013), Launois et al. (2015b), and Ma et al. (2021). The spread among these
estimates reflects a combination of surface flux variability, methodological differences, and
uncertainties in flux estimations. As shown in Fig. 1.8, global COS mole fractions remained
relatively stable before 2015. Most studies covered the period before 2015, except for Remaud et
al. (2022), which estimated yearly fluxes from 2008 to 2019. Nevertheless, a substantial portion
of the Remaud et al. (2022) analysis still falls within the pre-2015 stable period. Consequently,
the spread in budget estimates is more plausibly attributed to uncertainties in surface flux
estimates rather than interannual variability.

The dominant sinks for COS are plant and soil uptake, with plant uptake accounting for
the major global sink. By contrast, soil uptake mediated by microbial CA is generally much
smaller, and soils can also act as a source under certain conditions. For instance, COS emissions
have been reported from anoxic wetlands and agricultural soils (De Mello et al., 1994; Whelan
et al., 2013; Maseyk et al., 2014). Recent studies have also suggested potential emissions from
both vascular and non-vascular plants (Goldan et al., 1988; Kesselmeier et al., 1993; Kuhn et
al., 2000; Geng et al., 2004; Maseyk et al., 2014; Belviso et al., 2022). More recently, (Spielmann
et al., 2025) observed COS emissions from rapeseed and soybean under drought stress, further
challenging the assumption of unidirectional uptake by leaves.

In addition to terrestrial removal, COS is destroyed in the atmosphere through photolysis
in the stratosphere and reaction with hydroxyl radicals (OH) in the troposphere (Watts, 2000;
Kettle et al., 2002). These processes follow first-order kinetics, meaning their removal rate
scales directly with atmospheric COS mole fractions, and they are collectively represented as
"atmospheric chemical loss" in Fig. 1.9.
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Figure 1.9: Global COS budget (mean ± standard deviation) synthesized from previous studies com-
piled in Remaud et al. (2022), including Kettle et al. (2002), Montzka et al. (2007), Suntharalingam
et al. (2008), Berry et al. (2013), Launois et al. (2015b), andMa et al. (2021). Notably, Berry et al. (2013)
increased the oceanic emissions reported by Kettle et al. (2002) by 600 GgSyr−1 to balance the global
budget, whereas Ma et al. (2021) introduced a category of ’unknown source’, which was subsequently
optimized. In this figure, oceanic and anthropogenic emissions include the indirect contributions from
precursor gases (CS2 and DMS). Anoxic soil emissions are not considered separately but are included
in the total flux category.

Oceans act as both sinks and sources of COS. They remove COS through uncatalyzed hy-
drolysis (Flöck et al., 1996), but also produce it via photochemical and light-independent pro-
cesses (Von Hobe et al., 2001; Uher et al., 1997), with potential additional contributions from
biological activity (Flöck et al., 1996) and radical-driven reactions (Pos et al., 1998). The mag-
nitudes of these processes remain poorly constrained, making current estimates of oceanic
fluxes highly uncertain (Launois et al., 2015b; Lennartz et al., 2017; Whelan et al., 2018). As
evident in Fig. 1.9, the error bars for soil/plant uptake and oceanic fluxes are particularly large,
reflecting the difficulty in constraining these fluxes in the global COS budget.

Anthropogenic activities are another major source of COS, with rayon production as the
primary contributor (Campbell et al., 2015). Other significant sources include coal combus-
tion, aluminum smelting, pigment production, shipping, tirewear, vehicle emissions, and coke
production (Blake et al., 2008; Chin et al., 1993; Du et al., 2016; Lee et al., 2016; Watts, 2000;
Zumkehr et al., 2018). Zumkehr et al. (2018) reported larger anthropogenic COS emissions
than earlier estimates by Kettle et al. (2002), with most emissions originating in Asia. Addi-
tional sources, such as biodigesters and organicwaste processing facilities, have been identified
in theNetherlands but are not yet included in emission inventories (Zanchetta et al., 2023). Re-
gional studies indicate some inventories may substantially overestimate emissions, as shown
for France (Belviso et al., 2023).
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Biomass burning is an additional source of COS. Airborne campaigns detected elevated
COS mole fractions in air masses affected by nearby fires (Blake et al., 2008). Biofuels, open
combustion, and burning of agricultural residue are significant contributors to COS emissions
from biomass burning (Campbell et al., 2015).

In addition to direct emissions, COS is produced indirectly through the oxidation of pre-
cursor gases (Kettle et al., 2002). Carbon disulfide (CS2), fromboth oceanic and anthropogenic
sources, has a high conversion yield to COS (83 ± 8%) (Stickel et al., 1993). Dimethyl sulfide
(DMS), from oceanic and terrestrial sources, is another potential precursor, but with a much
lower reported yield (0.7 ± 0.2%) (Barnes et al., 1996). Although this yield is low, DMS is the
most abundant biogenic reduced sulfur compound emitted to the atmosphere, such that even
a small conversion efficiency could result in a non-negligible contribution to the global COS
budget. Despite this low yield, recent studies highlight the complexity of the DMS oxidation
pathways, particularly via hydroperoxymethyl thioformate (HPMTF), and the large uncer-
tainties associated with these processes (Veres et al., 2020; Jernigan et al., 2022; Von Hobe et
al., 2023). Because the ocean is a major source of DMS and CS2, estimates of oceanic indirect
COS fluxes remain highly uncertain (Launois et al., 2015b; Lennartz et al., 2017; Whelan et al.,
2018).

Minor COS sources include volcanic activity, which releases COS into the troposphere
(Whelan et al., 2018), and wetlands, which can emit COS but may act as sinks in hot climates
(Whelan et al., 2013).

1.4.3 Unknown sources and sinks for COS

Previous studies have used inversemodeling to estimate global COS sources and sinks bymin-
imizing discrepancies between observed and modeled mole fractions, and they suggested the
presence of unknown sources or smaller sinks in tropical regions, as well as unknown sinks or
overestimated sources in high-latitude areas of the Northern Hemisphere (Berry et al., 2013;
Kuai et al., 2014; Lennartz et al., 2017; Ma et al., 2021). For example, Ma et al. (2021) op-
timized residual COS surface fluxes within a global inversion framework to close the global
COS budget. As illustrated in Figure 1.10, their posterior residual fluxes exhibit a spatial pat-
tern characterized by positive values in tropical regions and negative values at high latitudes
in the Northern Hemisphere, consistent with previous inverse modeling studies.

Much of this debate has centered on the tropics, where a persistent “missing source” has
been suggested in multiple inversion studies. Berry et al. (2013) implemented a COS bio-
sphere flux module within the SiB3 model and inferred that an additional source of about
600 GgSyr−1 was required to balance updated biosphere and soil sinks, which they allocated
to the ocean. Building on this, Kuai et al. (2015) used TES-Aura satellite data to optimize
surface fluxes and suggested underestimated tropical ocean sources. However, direct oceanic
measurements by Lennartz et al. (2017) contradicted these estimates, indicating much smaller
direct oceanic emissions (≈ 130 GgSyr−1). More recently, the attribution of the tropical miss-
ing source to underestimated oceanic precursors has been supported by inverse studies (Re-
maud et al., 2022; Ma et al., 2024), although large uncertainties remain in the conversion path-
ways of oceanic DMS and CS2 (Lennartz et al., 2017).

Beyond sources, the possibility of biosphere sink overestimation has been raised. UsingMI-
PAS satellite data, Stinecipher et al. (2022) suggested that the tropical plant sinkmay be smaller
than previously estimated, potentially explaining 25—67% of themissing source. Consistently,
Ma et al. (2021) showed that accounting for spatial–temporal variations in background COS
mole fractions reduces the inferred tropical biospheric sink while increasing the sink at higher
latitudes.
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Figure 1.10: Spatial distribution of posterior residual COS surface fluxes ("unknown" emissions) in-
ferred from a global inversion of Ma et al. (2021). The figure corresponds to the spatio-temporal corre-
lation lengths (4000 km spatial and 12 months temporal) identified as the best-performing configura-
tion in that study. Results are averaged over 2008–2011.

At high latitudes, underestimation of the COS biosphere sink has been repeatedly sug-
gested. The COS biosphere flux is generally estimated assuming a linear relationship with
GPP using land surface models. However, GPP at high latitudes is known to be highly uncer-
tain, comparable to the uncertainties in tropical GPP (Norton et al., 2019). Moreover, seasonal
changes in GPP driven by climate change are particularly difficult to constrain in these regions
(Forkel et al., 2016). Kuai et al. (2022) applied atmospheric inversion of COS to northern high
latitudes and found that GPP-based COS uptakewas underestimated relatively to inversion re-
sults, suggesting that regional GPP may also be underestimated. Nonetheless, they cautioned
that part of this discrepancy could arise from unresolved transport processes or nocturnal
stomatal conductance. Consequently, the COS biosphere uptake at high latitudes also carries
substantial uncertainty.

Recent ecosystem-scale fluxmeasurements revealed that boreal wetlands act as substantial
COS sinks, shifting their role from a small source in earlier inventories to a considerable sink (≈
13 GgSyr−1) when upscaled in land surface models (Vries et al., 2025). However, even with
this additional contribution, a missing sink in the Northern Hemisphere persists, highlighting
the need formore boreal fluxmeasurements and refinedwetland parameterizations inmodels.

In summary, a comprehensive evaluation of all sources and sinks is essential. However, the
limited number of observational stations outside of North America challenges the application
of inverse approaches on a global scale. Addressing these issues through expanded obser-
vational networks and improved modeling approaches is crucial not only for advancing our
understanding of the global COS cycle but also to improve the accuracy of the GPP estimation
by COS information.

Because plant uptake is the dominant biospheric sink of COS and tightly coupled to pho-
tosynthetic activity, improving its representation in models is critical for applying COS to GPP
estimation. Observational constraints are essential in refining parameterizations of plant up-
take processes and in reducing uncertainties in inverse modeling of the global COS budget.
The next section, therefore, turns to the observational basis needed for these improvements.
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Figure 1.11: Schematic overview of COS observational approaches across spatial scales. Leaf-level
chamber measurements, canopy-scale (ecosystem) eddy covariance fluxes, global in situ networks
(NOAA GML), and airborne campaigns (ATom, HIPPO) are used in this dissertation. Satellite ob-
servations are shown to illustrate the broader observing system but are not used in this work. Together,
these approaches enable multi-scale assessment of the global COS budget. Approaches in bold indicate
datasets used in this dissertation.

1.5 COS observations

Understanding the exchange of COS between the vegetation and the atmosphere requiresmea-
surements across a wide range of spatial scales. Fig. 1.11 provides a schematic overview of
the major observational approaches, spanning from leaf-level chamber measurements and
canopy-scale fluxes to regional and global perspectives from tower networks, airborne cam-
paigns, and satellite. In this dissertation, I make use of measurements from leaf chambers,
ecosystem-scale eddy covariance fluxes, global in situ networks (NOAA GML), and airborne
campaigns (e.g., ATom and HIPPO). Satellite observations (e.g., TES, ACE-FTS, MIPAS, and
IASI) are shown to illustrate the broader observing system, but are not directly employed in
the analyses in this thesis.

1.5.1 Plant chamber experiments

Laboratory experiments allowmeasurements of leaf-scale gas exchange of COS, CO2, andH2O
under controlled conditions, with environmental factors varying independently. This inde-
pendence is a major advantage compared to field observations, where environmental drivers
change simultaneously and cannot be disentangled as easily. Open gas exchange systems, such
as the commercial LI-6800 systems for H2O and CO2, combined with specialized laser spec-
trometers (e.g., quantum cascade laser spectrometers, QCLS) for COS (Stimler et al., 2010;
Asaf et al., 2013; Kooijmans et al., 2016), can precisely quantify inflowing and outflowingmole
fractions of these gases in a plant chamber. By observing changes in mole fractions in response
to environmental variations, indicators such as LRU (Stimler et al., 2010) and the potential COS
compensation point (Gimeno et al., 2017) can be obtained.
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Careful consideration of potential errors in plant chamber experiments is essential. Long
et al. (2003) highlighted several limitations of gas exchange systems. First, elevated CO2 mole
fractions can suppress leaf respiration (Amthor et al., 1992; Drake et al., 1997). Second, gas
leakage may occur through the gasket, which requires blank-chamber measurements without
leaves to correct for such artifacts (Long et al., 2003). Third, COS emission from chamber
materials has been reported (Maseyk et al., 2014), necessitating similar correction procedures.
These limitations underscore the need for rigorous methodology and proper error correction
in plant chamber experiments. A detailed description of these experiments is provided in
Chapter 2.

1.5.2 Canopy observation

Canopy-scale observations provide a critical link between leaf-level and ecosystem-scale car-
bon and water exchange. By integrating the combined effects of all leaves, stems, and under-
story vegetation within the measurement footprint, these observations capture the net COS
and CO2 fluxes under natural environmental variability. The footprint of a canopy flux mea-
surement typically extends up to hundreds of meters from the tower, encompassing the local
ecosystem structure and environmental conditions (Pastorello et al., 2020). This scale allows
assessment of how canopy structure, species composition, and environmental drivers influ-
ence net ecosystem uptake, providing valuable constraints for biosphere models.

Most canopy-scale COS flux observations are conducted at long-term ecosystem sites
within networks such as FLUXNET, ICOS, and AmeriFlux, which also provide standardized
measurements of CO2, H2O, and meteorological variables (Pastorello et al., 2020; Herig Coim-
bra et al., 2024). At the local scale, the eddy covariance (EC)method is the reference technique
for directly and continuously quantifying surface turbulent fluxes (Valentini et al., 1996; Mon-
crieff et al., 1997; Fowler, 1995). EC measurements are based on high-frequency sampling of
vertical wind velocity and scalar mole fractions, requiring fast-response gas analyzers. While
EC has been widely applied to CO2, H2O, CH4, and N2O, the application to COS requires
specialized instrumentation such as QCLS (Bielecki et al., 2015).

EC fluxes can be biased by changes in scalar storage within the canopy airspace, particu-
larly during periods of weak turbulence such as nighttime and early morning. At night, when
turbulence is minimal, COS uptake by vegetation and soils is not effectively transported up-
ward, leading the EC system to underestimate actual fluxes. In contrast, during early morn-
ing, the onset of turbulencemixes the canopy air, releasing COS-depleted air that accumulated
overnight. This results in an apparent flux peak that does not reflect real-time ecosystem ex-
change. Consequently, correcting for the so-called storage term is essential for obtaining accu-
rate COS fluxes (Kooijmans et al., 2017). Storage-corrected datasets (Kooijmans et al., 2021)
were used in this dissertation for COS flux analysis at Hyytiälä, Finland, and Harvard Forest,
USA (Chapter 3).

1.5.3 Global observations

While canopy-scale measurements provide net ecosystem exchange information within a lo-
cal footprint, global-scale observations of atmospheric mole fractions extend the perspective
to regional and continental fluxes. Such large-scale observations are essential for improving
our understanding of the global COS cycle and for predicting its variability under changing
environmental conditions. When combined with concurrent CO2 observations, they further
enable assessments of the coupled exchange of COS and CO2, which is particularly valuable
for constraining GPP at broad spatial scales.
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The Global Monitoring Laboratory (GML) within NOAA’s Earth System Research
Laboratory-Global Monitoring Division operates a flask program that provides data on
CO2 and COS mole fractions. The CO2 dataset used in this dissertation is based on the
GLOBALVIEWplus v6.1 ObsPack product, which compiles measurements from 172 stations
worldwide (Schuldt et al., 2021). In contrast, COS measurements, available from 14 stations,
are mainly concentrated in North America (Montzka et al., 2007).

These ground-based measurements typically have footprints ranging from tens to several
hundred square kilometers, integrating the influence of surface fluxes over large upwind re-
gions (Herig Coimbra et al., 2024). Atmospheric towers provide continuous records of mole
fractions, which are sensitive to variations in regional surface CO2 and COS fluxes and can
be assimilated into inverse modeling frameworks to infer surface fluxes (Ramonet et al., 2020;
Ciais et al., 2010). In this dissertation, surface measurements of both gases are incorporated
into global inversions, with CO2 serving as a benchmark constraint and COS providing addi-
tional information for evaluating GPP (Chapter 4).

To complement surface networks, aircraft-based observations provide vertical profiles and
horizontal gradients of atmospheric COS,which cannot be resolved by sparse groundnetworks
or coarse-resolution global models (Wofsy, 2011). Large-scale programs such as the HIAPER
Pole-to-Pole Observations (HIPPO, 2009–2011) (Wofsy, 2011) and Atmospheric Tomography
(ATom, 2016–2018) (Wofsy et al., 2018) were designed to investigate atmospheric composi-
tion, chemical processes, and transport. Both campaigns included COS measurements across
multiple altitudes, with extensive coverage over remote marine regions in the Pacific and At-
lantic Oceans. In this dissertation, ATomdata are used to evaluate COS andCO2mole fractions
simulated by a chemical transport model, both before and after flux optimization (Chapter 4).

To achieve global coverage, satellite instruments retrieve COS information from measured
radiation spectra. These include the Tropospheric Emission Spectrometer (TES) (Kuai et
al., 2014), Atmospheric Chemistry Experiment–Fourier Transform Spectrometer (ACE-FTS)
(Bernath et al., 2021), Michelson Interferometer for Passive Atmospheric Sounding (MIPAS)
(Glatthor et al., 2017), and Infrared Atmospheric Sounding Interferometer (IASI) (Camy-
Peyret et al., 2017; Anthony Vincent et al., 2017; Cartwright et al., 2025). While the MIPAS
mission was terminated in April 2012 and TES in January 2018, IASI and ACE-FTS remain op-
erational. ACE-FTS provides information of stratospheric COS and its isotopologues (Yousefi
et al., 2019). However, current satellite instruments lack the sensitivity needed to resolve
near-surface COS mole fractions, limiting their utility for accurately assessing surface fluxes
(Whelan et al., 2018; Cartwright et al., 2025). For this reason, this dissertation does not employ
satellite data and instead focuses on ground- and aircraft-based observations.

1.6 Simulating COS at different scales

While observations from the leaf to the global scale provide factual constraints on COS and
CO2 exchange, they are limited in capturing detailed physiological mechanisms for individ-
ual plant species and in providing continuous coverage across space and time. Moreover,
estimating global-scale GPP from COS requires spatially and temporally resolved informa-
tion on vegetation COS fluxes, which cannot be obtained from observations alone. To address
these limitations, this dissertation employsmodel simulations of bothCOS andCO2 atmultiple
scales: (1) a leaf conductancemodel to represent leaf-level uptake processes, (2) a land surface
model to simulate canopy-scale dynamics, and (3) a chemical transport model for global-scale
analysis. Importantly, the leaf conductance and land surface models also simulate H2O ex-
change, thereby linking the three gases within a coupled framework of plant physiology and
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surface–atmosphere interactions.

1.6.1 Leaf conductance model

The leaf conductance model (Adnew et al., 2020) used in this dissertation provides process-
based estimates of gas transport and uptake within leaves, offering a quantitative framework
for interpreting laboratory experiments. While earlier applications focused on GPP tracers
such as the∆17O and∆47 isotopic composition of CO2 (Adnew et al., 2020; Adnew et al., 2021),
its structure is well suited for COS and CO2, as it resolves internal mole fraction gradients and
separates the influence of boundary, stomata, and mesophyll conductances. The model was
originally designed to optimize conditions for laboratory leaf experiments, including the ratio
of internal and ambient mole fractions, as well as the isotopic composition of the gases.

The model calculates mole fractions within successive leaf layers and derives net gas ex-
change from the differences between inflowing and outflowing air in the leaf chamber, under
the assumption that equilibrium is reached during the experiment. For this dissertation, new
modules were implemented to explicitly represent COS uptake and its coupling to CO2 and
H2O exchange. These extensions enable a mechanistic interpretation of chamber experiments
(Chapter 2).

1.6.2 Land surface model

While the leaf conductance model is well suited for plant chamber experiments, providing de-
tailed mechanistic insights under controlled conditions, it is inherently limited to equilibrium
scenarios and to the leaf scale. This focus allows precise analysis of stomatal responses and gas
exchange processes, but does not account for the interactions among leaves, canopy structure,
soil, and atmosphere.

In contrast, land surface models (LSMs) simulate the coupled exchange of water, energy,
and carbon at the ecosystem scale, integrating leaf conductance calculations across entire
canopies. By representing processes over spatially explicit grid cells, LSMs can represent vari-
ability across landscapes and compute global fluxes. This makes them essential for estimating
global-scale GPP, which requires information on COS vegetation fluxes at comparable scales.

Biosphere exchange of COS and CO2 at the ecosystem level has been implemented in LSMs
such as the Simple BiosphereModel, version 4 (SiB4) (Haynes et al., 2019) and theORCHIDEE
model (Launois et al., 2015b; Maignan et al., 2021). We employed SiB4 in Chapter 3 and Chap-
ter 4. SiB4 is an advanced version of the original SiB model (Sellers et al., 1986), developed
through multiple improvements over earlier generations. For example, unlike SiB3, which re-
lies on satellite-based vegetation inputs, SiB4 uses a process-based approach to simulate phe-
nology and carbon fluxes (Haynes et al., 2019). It simulates photosynthesis responses to tem-
perature, humidity, radiation, andprecipitation, while also accounting for stress factors such as
water limitation and extreme temperatures. While simulating CO2 dynamics, the model also
resolves canopy-level H2O exchange, providing a mechanistic link to stomatal conductance.
The model represents multiple vegetation types and phenological stages, including leaf-out,
growth, maturity, senescence, and dormancy.

A dedicated COS module was recently incorporated into SiB4 (Haynes et al., 2019). This
module calculates vegetation COS fluxes using a combination of conductances and atmo-
spheric COSmole fractions, with conductances scaled from CO2 values (Berry et al., 2013). As
part of my Ph.D. research, I extended this module by implementing spatially and temporally
varying atmospheric COS mole fractions into the SiB4 framework. This enhancement, later
adopted in Kooijmans et al. (2021) and Ma et al. (2021), substantially reduced simulated
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COS biosphere uptake in tropical regions, highlighting the critical role of accounting for
atmospheric variability. Nonetheless, the improved model still could not close the global COS
budget, particularly in the tropics and high latitudes in the Northern Hemisphere, pointing to
the need for further refinement.

In addition to vegetation exchange, SiB4 includes a soil COSfluxmodule, with uptake regu-
lated by diffusion processes influenced by soil porosity and water-filled pore space (Van Diest
et al., 2008; Ogée et al., 2016; Sun et al., 2015; Whelan et al., 2016). In this dissertation, I adopt
the Ogée et al. (2016) soil scheme, which uses a steady-state analytical solution under uniform
soil conditions. This approach is computationally efficient and well-suited for integration into
SiB4 for global soil COS flux estimation (Kooijmans et al., 2021).

1.6.3 Global chemical transport model

While LSMs provide estimates of global biosphere COS and CO2 fluxes, global chemical trans-
port models (CTMs) use these fluxes, together with other natural and anthropogenic sources
and sinks, to simulate the three-dimensional distribution of atmospheric mole fractions over
time. CTMs explicitly resolve atmospheric transport processes such as advection, convection,
and turbulent mixing, and, where relevant, chemical reactions.

In this dissertation, I used the Tracer Model version 5 (TM5) (Krol et al., 2005). In Chap-
ter 4, TM5was configured at a horizontal resolution of 3◦×2

◦ with 34 vertical layers extending
up to 0.1 kPa, driven bymeteorological reanalysis data from the European Centre forMedium-
Range Weather Forecasts (ECMWF). The framework has been widely applied in inversion
studies of gases such as CO2 (Pandey et al., 2016; Basu et al., 2018), CH4 (Meirink et al., 2008;
Houweling et al., 2014), CO (Krol et al., 2008; Hooghiemstra et al., 2011), OH (Naus et al.,
2022), and COS (Ma et al., 2021; Ma et al., 2023; Ma et al., 2024).

In this dissertation, TM5 is applied to simulate atmospheric mole fractions of CO2 and COS
and to perform inversions that refine their source and sink estimates (Chapter 4). Biosphere
fluxes from SiB4 are used as inputs, enabling us to evaluate how alternative SiB4 parameter-
izations influence simulated mole fractions and how these fluxes can be improved through
the inversion framework. Details of the inversion methodology are provided in the following
section.

1.7 Inverse modeling

While forward simulations provide continuous spatial and temporal coverage, they remain
subject to uncertainties arising from incomplete process understanding, limitations in param-
eterizations, and inaccuracies in input data. These uncertainties can propagate through the
modeling chain and introduce uncertainties and potential biases in simulated outcomes.

Inverse modeling mitigates these challenges by optimizing unknown fluxes or model pa-
rameters so that simulated outputs (e.g., mole fractions) aremore consistentwith observations
(Enting, 2002). In this dissertation, inverse methods are applied in three contexts: (1) to op-
timize parameters in the leaf conductance model using plant chamber measurements, (2) to
refine biosphere COS flux parameterizations in SiB4 with canopy-scale observations, and (3)
to update surface fluxes in TM5 through atmospheric inversion using NOAA ground-based
observations. The overall workflow of this inversion framework is summarized in Fig. 1.12,
where fluxes or parameters are iteratively adjusted until a convergence criterion is satisfied,
after which posterior simulations using the optimized fluxes are validated against indepen-
dent observations.
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Figure 1.12: Flowchart of the inverse modeling framework applied in this dissertation. The framework
iteratively optimizes fluxes or parameters until a convergence criterion is satisfied. Posterior fluxes and
parameters are then used in the forward model to simulate mole fractions, which are validated against
observations. The Optimizer module in the flowchart represents all optimization algorithms used in
this dissertation: SLSQP in Chapter 2, SHGO in Chapter 3, and 4D-Var in Chapter 4

This section introduces the cost function underlying the inversion, the optimization algo-
rithms, and the evaluation methods used to assess the inversion performance.

1.7.1 Cost function

The inversemodeling framework is based onBayes’ theorem,which combines prior knowledge
with observational evidence to estimate the most probable state of a system (Tarantola et al.,
1982; Brasseur et al., 2017). In practice, this is formulated as a cost function (J) that combines
two components: the deviation of state variables from their prior estimates, and the mismatch
between model predictions and observations. The optimal solution corresponds to the state x
that minimizes J .

J(x) = Jbg(x) + Jobs(x) = (x− (xa))
T B−1 (x− xa) + (H(x)− y)T R−1 (H(x)− y). (1.3)

In this formulation, the first term (Jbg) represents the deviation of state variables from
their prior values (xa), weighted by the prior error covariance B. The second term (Jobs)
quantifies the mismatch between model predictions (H(x)) and observations (y), weighted
by the observational error covarianceR. Typically,B includes off-diagonal elements, whileR
is often treated as diagonal under the assumption of independent observations.

When optimizing multiple gases simultaneously (e.g., CO2 and COS), separate Jobs terms
are included for each gas. Because the number of observations and their uncertainties may dif-
fer substantially between tracers, weights are often introduced to balance their contributions.

1.7.2 Optimizers and 4D-Var

Inverse modeling requires minimizing the cost function introduced in the previous section,
which is achieved through numerical optimization algorithms (hereafter referred to as op-
timizers). Depending on the complexity and scale of the problem, different optimizers are
appropriate.
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In this dissertation, different inversion setups employed optimizers tailored to each prob-
lem’s scale. For the inversion of the leaf conductancemodel and the land surfacemodel, whose
modules are relatively simple, I used the Sequential Least Squares Programming (SLSQP; a
local optimization method) (Kraft, 1988) and the Simplicial Homology Global Optimization
(SHGO; a global method) (Endres et al., 2018) algorithms from the Python SciPy library, re-
spectively. SLSQP follows the local gradient from an initial guess, while SHGO systematically
explores the broader parameter space to avoid being trapped in local minima.

By contrast, the TM5 cannot be efficiently optimized with such standard algorithms due
to its high dimensionality and computational cost. Instead, I employed a four-dimensional
variational (4D-Var) inversion framework. 4D-Var is a data assimilation technique originally
developed in numerical weather prediction (Talagrand et al., 1987) and widely applied in at-
mospheric inversemodeling (Chevallier et al., 2005; Meirink et al., 2006). It exploits the adjoint
of the forwardmodel to efficiently compute gradientswith respect to very large control vectors,
enabling the optimization of surface fluxes against extensive observational datasets.

In this dissertation, I used the adjoint configuration of TM5-4DVar (Meirink et al., 2008) to
optimize surface fluxes of COS and CO2. The inversion begins with a forward simulation to
calculate the cost function, followed by a backward integration of the adjoint model to ob-
tain the gradient with respect to the control vector, which quantifies the sensitivity of the
model–observation mismatch to each control parameter. These gradients are then used in an
iterative minimization to adjust prior fluxes toward values more consistent with observations.
Mathematically:

∇J(x) = B−1(x− xa) +HTR−1(H(x)− y), (1.4)

where the first term reflects prior (background) information and the second term incor-
porates the mismatch between simulated and observed values via the observation operatorH
and its adjointHT.

Regarding the minimization method, the CONGRAD algorithm (Lanczos, 1950) offers
computational efficiency for strictly linear problems, whereas for weakly nonlinear systems,
quasi-Newton methods such as M1QN3 (Gilbert et al., 1989) are often preferred despite their
higher computational cost due to slower convergence. In this dissertation, TM5-4DVar inver-
sions were conducted using the M1QN3 optimizer, as described in Chapter 4.

1.7.3 Evaluation

To assess the robustness of the inversion framework and to quantify posterior uncertainties
for the relatively simple inverse problems of the leaf conductance model and the land sur-
face model, a Monte Carlo–based optimization approach is employed (Chapter 2 and Chap-
ter 3). This method is particularly suited for evaluating the ability of the inversion system
to constrain the target parameters beyond the linear error propagation assumptions (Taran-
tola, 2005). Monte Carlo approaches have been widely applied in atmospheric inversions and
land surface modeling studies to characterize posterior uncertainties (Chevallier et al., 2007;
Bosman et al., 2023). For the TM5-4DVar inversions, posterior error estimation was not per-
formed due to computational constraints.

TheMonte Carlo procedure consists of running an ensemble of independent optimizations
in which random perturbations are applied both to the control vector (x) and to the observa-
tions (y). These perturbations, denoted ϵa and ϵy, are sampled from zero-mean Gaussian
distributions with prescribed standard deviations σa and σy, respectively. The modified cost
function for a single ensemble member is then expressed as:
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J(x) =
(x− xa + ϵa)

2

2 σa2
+

(y −H(x) + ϵy)
2

2σy2
. (1.5)

The ensemble of perturbed optimizations yields a distribution of posterior solutions, from
which parameter uncertainties are quantified as the standard deviation across the ensemble
(Tarantola, 2005).

To evaluate the inversion performance, the chi-squared metric (χ2) is employed through-
out this work. This measure evaluates the agreement between model outputs and observa-
tions, accounting for the number of data points and their associated uncertainties (Tarantola,
2005). It provides a normalized measure that tests whether the inversion results are statis-
tically consistent with the observational uncertainties and with the tolerance implied by the
prior constraints:

χ2 =
1

n

n∑

i=1

(k − ktrue)
2

σ2
. (1.6)

In this formulation, k denotes the quantity being assessed, such as a model-derived esti-
mate or a state variable, while ktrue refers to the corresponding reference value, which could
be taken from observations or prior estimates. The parameter n specifies the sample size, and
σ characterizes the uncertainty associated with ktrue. A posterior chi-squared value (χ2

post)
close to 1 indicates a statistically consistent fit, meaning that model predictions are compatible
with observational uncertainties and prior constraints. Values of χ2

post significantly larger than
1 suggest that the model–observation mismatch exceeds the assumed error bounds, whereas
values substantially smaller than 1 may indicate either overfitting or an overestimation of the
prescribed uncertainties (Tarantola, 2005).

1.8 Objective and thesis outline

Although COS provides valuable information on photosynthetic carbon uptake, significant
knowledge gaps remain across multiple scales. At the leaf scale, our mechanistic understand-
ing of how COS and CO2 respond differently to environmental drivers is still incomplete. At
the canopy scale, current land surface models typically infer COS fluxes from CO2 photosyn-
thesis rates, without adequately accounting for the unique physiological properties of COS. As
a result, global vegetation flux estimates based on such simplified assumptions remain uncer-
tain. Inversion-based studies have suggested potential biases in the COS global budget, such
as overestimated sinks (or underestimated sources) in low latitudes and underestimated sinks
(or overestimated sources) at higher latitudes (Berry et al., 2013; Kuai et al., 2014; Lennartz
et al., 2017; Ma et al., 2021).

In many modeling and inversion frameworks, a simplified linear formulation is adopted,
whereby the COS vegetation flux (FCOS) is assumed proportional to GPP, often expressed as:

FCOS ≈ α GPP. (1.7)

In this formulation, α is typically linked to the LRU. While convenient, this approach col-
lapses environmental dependencies into a single coefficient (Stimler et al., 2010; Kooijmans
et al., 2019; Sun et al., 2018b; Spielmann et al., 2025). As subsequent chapters demonstrate,
this proportionality holds only under certain conditions and breaks down when stomatal or
mesophyll processes diverge between COS and CO2.



1.8 Objective and thesis outline 23

Figure 1.13: Conceptual overview of this dissertation framework linking analyses across leaf, canopy,
and global scales. At each scale, inverse modeling is applied to address a key research question (Q1–
Q3), ultimately converging on the central question: Can COS serve as a reliable tracer of GPP?

A central question motivating this dissertation is whether the apparent unknown sources
and sinks of COS can be explained by revisiting and improving vegetation flux estimates.
Equally important, another central question is to what extent vegetation uptake of COS can
serve as an independent and reliable constraint on GPP. Addressing these questions requires
a mechanistic understanding of COS uptake from the leaf to the canopy scale, along with the
refinement of insufficiently constrained model parameters through inverse modeling. By ob-
taining improved vegetation flux estimates, this dissertation evaluates not only the closure of
the COS budget but also the potential of COS as a tracer for global GPP.

To address these challenges, this dissertation analyzes the leaf- and canopy-scale exchange
dynamics of COS and CO2 under diverse environmental conditions, optimizes key parameters
via inverse modeling, and applies a global flux inversion framework. Figure 1.13 summarizes
this three-step workflow.

Chapter 2: Experimental study on leaf exchange of CO2 and COS

This chapter investigates how leaf uptake of CO2 and COS responds to environmental
changes under controlled laboratory conditions. By independently manipulating temperature
and vapor pressure deficit, the experiments disentangle the individual effects of environmen-
tal drivers that are often confounded in field observations.

To interpret the observed variations in CO2 and COS mole fractions across leaf layers, an
existing conductancemodel was extended by incorporating dedicatedmodules for both gases.
The model inversion made use of CO2, COS, and H2O observations, allowing us to constrain
gas-specific parameters with experimental data. This approach establishes the mechanistic
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foundation needed to evaluate how environmental factors shape the COS–GPP relationship at
the leaf scale.

Chapter 3: Optimization of the COS module in the land surface model

This chapter investigates canopy-scale COS exchange by optimizing key parameters of the
SiB4 land surface model at two observational sites. A central question is whether the distinct
temperature dependence of mesophyll conductance, identified at the leaf scale, also emerges
at the ecosystem level. To test this, a new temperature response function for COS mesophyll
conductance is introduced, and stomatal conductance parameters are optimized using canopy
flux observations.

These refinements address the broader modeling challenge that vegetation COS flux is of-
ten simplified as proportional to GPP (Eq. 1.7). By incorporating mechanistic constraints into
SiB4, the model provides more reliable prior estimates of COS vegetation fluxes, which in turn
serve as the foundation for the global-scale inversions presented in Chapter 4.

AlthoughChapter 3may appear to follow logically from the experimental insights of Chap-
ter 2, the modeling work in Chapter 3 was conducted prior to the completion of the laboratory
experiments. The ordering of Chapters 2 and 3 in this dissertation therefore reflects the pro-
gression from leaf to canopy scale, rather than the chronological order in which the studies
were carried out.

Chapter 4: Coupling of the global budget for CO2 and COS

This chapter scales up the analysis to the global level using a newly developed coupled
inversion framework, in which surface fluxes of both CO2 and COS are optimized simultane-
ously against atmospheric observations. The motivation is to evaluate the general assump-
tion, widely adopted in land surface models, that COS vegetation flux can be approximated as
proportional to GPP (Eq. 1.7). Building on the leaf- and canopy-scale findings that revealed
departures from strict linearity, the global framework provides a way to test how such simpli-
fications hold—or fail—when applied across diverse biomes and timescales.

Beyond methodological novelty, this coupled framework marks a step toward integrating
COS into carbon cycle assessments. It shows that coupled inversions depend strongly on veg-
etation priors, which shape flux constraints and condition the reduction of model–observation
mismatches. Yet, sparse COS observations and structural uncertainties remain major chal-
lenges. Linking insights across scales, this chapter examines how far COS can serve as an
independent and robust tracer of GPP at the global scale.

By integrating analyses at the leaf, canopy, and global scales, this dissertation bridges key
gaps in understanding the coupled COS and CO2 cycles. It advances methods for estimating
GPPwith COS, offers insights into parameter optimization across scales, and demonstrates the
potential of COS to provide unique constraints on photosynthesis. At the same time, it points
to the need for improved observations and model development to fully realize this potential
in global carbon cycle assessments.



Chapter 2

Leaf chamber experiments on
sunflowers indicate a
temperature-dependent compensation
point of carbonyl sulfide

Carbonyl Sulfide (COS) is a potential tracer for estimating gross primary productivity (GPP),
due to its co-uptake with CO2 in leaves and the assumed absence of re-emission. However, the
effectiveness of COS as a GPP tracer depends on understanding the differential responses of
COS and CO2 uptake to environmental factors such as temperature and humidity.

We conducted three sets of leaf gas exchange experiments on sunflower leaves. In each ex-
periment, we varied only one environmental factor: COS mole fraction (at two temperatures),
humidity, or temperature. During the experiments, COS and CO2 fluxes were measured, and
the data were used to optimize a leaf conductance model.

We identified the existence of a COS compensation point, which increases with higher tem-
peratures, suggesting potential emissions at higher temperatures when atmospheric COS con-
centrations are low. Our gas exchange measurements detected a COS compensation point of
58.9± 52.4 pmolmol−1 at 20 °C and 139.9± 26.0 pmolmol−1 at 25 °C. As vapor pressure deficit
increased and stomatal conductance decreased, we observed that COS leaf uptake decreased
more rapidly than CO2 assimilation. Consequently, the leaf relative uptake ratio (LRU) of
COS to CO2 also decreased when stomatal conductance decreased. The optimized conduc-
tance model indicated that the optimum temperature for COS and CO2 enzymatic uptake was
around 35 °C. However, the maximum net deposition velocity for COS lies between 20 and 25
°C, due to its temperature-dependent compensation point.

COS and CO2 exchange with leaves are jointly regulated by stomatal conductance, internal
biochemical activity, and the compensation point. The LRU increases when stomata open,
but declines at higher temperatures due to the compensation point. Accurate GPP estimation
using COS biosphere uptake requires accounting for different LRU responses to humidity and
temperature, and the COS compensation point at higher temperatures.

Cho, A., Kooijmans, L. M. J., Driever, S. M., Wassenaar, M., Koren, G., Baartman, S. L., Mossink, L., and Krol,
M. C. (2025). Leaf chamber experiments on sunflowers indicate a temperature-dependent compensation point of
carbonyl sulfide. Open Research Europe, 5:223. https://doi.org/10.12688/openreseurope.20235.1
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2.1 Introduction

Gross primary productivity (GPP) quantifies the largest terrestrial CO2 uptake flux in the
global carbon cycle. However, when measuring the net ecosystem exchange (NEE) of CO2,
separating the GPP signal from respiration is challenging (Reichstein et al., 2005; Wohlfahrt
et al., 2015). To address this limitation, carbonyl sulfide (COS) is an atmospheric trace gas
that has been identified as a promising tracer for GPP, and several studies have explored its
utility extensively (Montzka et al., 2007; Campbell et al., 2008; Asaf et al., 2013; Kohonen et
al., 2022). COS primarily originates from anthropogenic sources and oceans, while vegetation
predominantly acts as its sink (Berry et al., 2013; Kettle et al., 2002).

The application of COS to estimate GPP has been suggested because COS uptake by leaves
proceeds through a stomatal pathway similar to uptake of CO2. Importantly, COS is assumed
not to be released by plants due to its irreversible hydrolysis catalyzed by carbonic anhydrase
(CA) (Protoschill-Krebs et al., 1996; Notni et al., 2007; Stimler et al., 2010). With this advan-
tage of COS, the leaf relative uptake ratio (LRU) of deposition velocities of COS and CO2 has
been introduced to scale COS leaf uptake to photosynthesis (Sandoval-Soto et al., 2005; Camp-
bell et al., 2008). However, previous studies have emphasized that LRU responds differently
to environmental factors such as leaf temperature (Tleaf) and vapor pressure deficit (VPD),
implying that it is not constant under varying conditions (Stimler et al., 2010; Sun et al., 2018b;
Wohlfahrt et al., 2018; Kooijmans et al., 2019; Cochavi et al., 2021).

Unlike photosynthesis, COSuptake byCA remains unaffected by light, rendering it a robust
proxy for stomatal conductance to water vapor (gsw). Accordingly, recent studies have used
ecosystem-level COS exchange as a proxy for gsw, highlighting differences between stomatal
and biochemical contributions to CO2 uptake (Wohlfahrt et al., 2018; Cochavi et al., 2021).

Differences in COS and CO2 responses to changes in Tleaf and VPD were observed under
constant light conditions, but their causes remain unclear (Stimler et al., 2010; Sun et al., 2018b;
Kooijmans et al., 2019). Kooijmans et al. (2019) measured that LRU decreases with increasing
temperatures (from 13 to 23 °C) or increasing VPD (from 0.5 to 2.5 kPa) at the boreal forest
site Hyytiälä in Finland, while CO2 uptake remained relatively stable. Understanding these
variations is imperative for utilizing COS measurements to infer information about GPP.

To address these open questions, we investigate three potential explanations for the differ-
ent responses of COS and CO2 uptake to increasing Tleaf and VPD under high-light conditions.
First, the pronounced reduction in COS leaf uptake compared to CO2 uptake at higher Tleaf

might be due to a potential COS compensation point (ΓCOS) at higher Tleaf (Goldan et al., 1988;
Kesselmeier et al., 1993; Kuhn et al., 2000; Geng et al., 2004; Maseyk et al., 2014; Belviso et al.,
2022). Thesemeasured ΓCOS values are lower than typical atmospheric COSmole fractions (≈
500 pmolmol−1), which is why net COS uptake is observed. Stimler et al. (2010) also observed
a ΓCOS of 60.7 pmolmol−1, though statistically indistinguishable from zero, and interpreted
it as a possible diffusional feedback under high COS mole fractions. More recently, Gimeno
et al. (2017) demonstrated temperature-dependent COS emissions in nonvascular bryophytes,
suggesting that biochemical processes such as protein degradation could contribute to COS
release at elevated Tleaf . However, ΓCOS of vascular plants and its temperature dependence
remain poorly constrained.

Second, COS leaf uptakemight respondmore strongly to stomatal closure than CO2 uptake
(Farquhar et al., 1982). In contrast, the internal COS concentration is assumed to bemuch lower
than ambient levels due to the higher catalytic efficiency of CA (Protoschill-Krebs et al., 1996;
Tcherkez et al., 2006; Seibt et al., 2010). Thus, decreasing gsw is expected to reduce COS uptake
more than CO2 uptake.

Third, the enzyme CA could behave optimally at a lower temperature than RuBisCO (Stim-



2.2 Materials and Methods 27

ler et al., 2010; Cho et al., 2023). Optimum temperatures for CA enzyme activity range from
15–40 °C (Sun et al., 2015; Ogée et al., 2016; Cho et al., 2023), significantly lower than the
optimal temperature of RuBisCO (≈ 50 °C) (Salvucci et al., 2001).

To complement these experiments, we developed a coupled CO2–COS–H2O conductance
model based on a previous model for isotopic CO2 tracers (Adnew et al., 2020; Adnew et al.,
2021; Adnew et al., 2023). This model jointly optimizes gas-exchange parameters through the
shared stomatal pathway and allows inference of unmeasurable internal variables.

Finally, to validate the three hypotheses, we investigate COS compensation points and the
responses of COS and CO2 uptake to varying gsw and Tleaf . We present leaf gas exchange
measurements from sunflowers and interpret themusing the coupledmodel optimized against
the experimental dataset.

2.2 Materials and Methods

2.2.1 Leaf gas-exchange measurements

2.2.1.1 leaf cuvette system

We measured deposition velocities of COS and CO2 (VCOS and VCO2), i.e., fluxes normalized
by mole fractions in air, using a leaf cuvette system. These experiments were conducted us-
ing sunflower plants (Helianthus Annuus L. cv. ‘Sunsation’), which are C3 photosynthesis type
plants cultivated in a local plant nursery (Evanthia, Maasdijk, Netherlands). The species He-
lianthus annuus was originally described by Linnaeus (Species Plantarum, Vol.2, p.904, 1753).
Each sunflower plant was used for a maximum of 5 daytime hours to minimize physiological
stress caused by prolonged exposure to experimental conditions.

Tleaf wasmonitored within the leaf cuvette using a thermocouple touching the abaxial side
of the leaf. A synthetic air mixture, composed of 79% nitrogen and 21% oxygen, was mixed
and controlled usingmass flow controllers (Bronkhorst, Veenendaal, theNetherlands) andhu-
midified using a dew point generator (LI-610, Li-Cor). CO2 and COS were supplied from con-
trolled gas cylinders and then added to the air-stream entering the LI-6800 system. CO2 mole
fractions in the leaf cuvette were kept around 445.1 ± 3.5 µmolmol−1. COS was introduced
from a gas mixture with synthetic air with a COS mole fraction of around 700 nmolmol−1,
regulated by a mass flow controller (Analyt-MTC, Müllheim, Germany). Except for the first
experiment to check ΓCOS, COS mole fraction levels were intentionally elevated (in the range
of 900 to 1100 pmolmol−1), relative to typically atmospheric mole fractions (approximately
500 pmolmol−1) to improve the detectability of COS uptake. Air in the leaf cuvette was mixed
by a fan, operated at approximately 10 000 rpm, and the boundary conductance near the leaf
surface was maintained at about 2.44 molm−2 s−1.

To control gsw, adjustments were made to the VPD. Initial gsw (molm−2 s−1) values were
estimated by measuring the total conductance of H2O (gtw (molm−2 s−1)) and applying a cor-
responding boundary conductance of H2O (gbw (molm−2 s−1)) according to the LI-6800 man-
ual. We assumed equal distribution of stomata between the upper to lower side of the leaf and
therefore applied a stomatal ratio ofK = 0.5.

COS and CO2 mole fractions of the inflowing and outflowing air were measured using a
quantum cascade laser spectrometer (QCLS) (Aerodyne Research Inc., Billerica, MA, USA).
The air subjected to QCLS analysis was initially passed through a magnesium perchlorate
(Mg(ClO4)2) drying trap to eliminate water vapor. For this purpose, magnesium perchlo-
rate hexahydrate (99% purity; Sigma-Aldrich, Product Code: 309303-100G, Linear Formula:
Mg(ClO4)2 · 6H2O) was used. The water vapor scrubber tubes employed were 50 cc stainless
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steel tubes with 0.25-inch tube fittings. Measurements of air from cylinders with known COS
and CO2 mole fractions were performed for hourly calibration.

Once a leaf reached steady-state under the given conditions, data were recorded. The LI-
6800 measured every second and was set to log data automatically every 3 minutes. Each log
consisted of an average taken over 15 measurements within the preceding 15 seconds. The
QCLSwas set to automatically record data every second, totaling 150 measurements over each
150-second period. Then, the median over this 150-second interval was taken as the "data
point". Each QCLS interval had a corresponding LI-6800 log.

The air was passed through the analyzer at an approximate flow rate (AF (mol s−1) of 0.35
mmol s−1. Subsequently, leaf assimilation rates (Fgas) of COS (FCOS (pmolm−2 s−1)) and CO2

(FCO2 (µmolm−2 s−1)) were calculated by:

Fgas =
AF

S
([gas]in − [gas]out) . (2.1)

Here, the [gas]in and [gas]out represent the mole fractions of COS (pmolmol−1) and CO2

(µmolmol−1) in the air entering and exiting the chamber, which are measured by the QCLS
on a dry-air basis. The leaf area S (m2) was 9 cm2. Although transpiration slightly increases
the outlet air flow due to the addition of water vapor (Caemmerer et al., 1981), the resulting
increase in total molar flow (< 3% under [H2O]out = 15—30 mmolmol−1) was neglected in
Equation 1 for simplicity. Since this was only a small effect, it was not considered in the flux
calculations and was consistently omitted throughout the model analysis. The CO2 leaf assim-
ilation rates obtained from the QCLS measurements closely matched those from the LI-6800
(R = 0.96, mean difference = 0.18 µmolm−2 s−1), confirming the accuracy of the CO2 flux
measurements.

Hourly calibration corrected potential QCLS drift, and the data points were excludedwhen
the dew point temperature approached or exceeded the air temperature in any experiment.

To account forCOS emissions at higher temperatures from chambermaterial (Maseyk et al.,
2014), we conducted empty chamber experiments using inflowing COS mole fractions of 750–
900 pmolmol−1, whichwere adequate for evaluating chamber emissions, across a similar range
of temperatures with experimental conditions. Additional experiments with lowmole fraction
(40–75 pmolmol−1) were conducted to evaluate potential emission increases originating from
large concentration gradients between sampling air and chamber materials. Fig. 2.1 shows
a slight increase in COS emissions with rising temperature, with no significant effect from
inflowing COS mole fractions. Measurements were conducted under 40% relative humidity
(RH), to avoid potential condensation or other artifacts during the empty chamber experiment.
Leaf COS fluxmeasurements were corrected using a linear fit of emissions against temperature
in the empty chamber (R2 = 0.45) with chamber emissions averaging 6.7% of observed leaf
COS flux.

2.2.1.2 Experiments

Table 2.1 lists the environmental factors that were used in the three experiments. We manip-
ulated inflowing COS mole fractions, humidity, and air temperatures while keeping other en-
vironmental conditions constant, as specified in each experimental design. All environmental
changes were introduced gradually to allow the leaf sufficient time to adapt to chamber condi-
tions. For instance, we applied humidity (to achieve a desired gsw) and temperature changes
of approximately 0.8 molm−2 s−1 and 10 °C, respectively, over a period of two hours. This
gradual adjustment ensured that measurements reflect steady-state conditions and minimize
transient effects from rapid environmental changes. To exclude the effects of light on VCOS and
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Figure 2.1: Measurements of COS flux at different air temperatures in the empty chamber. Dots repre-
sent measurement data points and their colors indicate injected COS mole fractions in a chamber, the
black line represents the linear fit, and the shaded area indicates the 95% confidence interval.

VCO2, high light intensity similar to growth conditions (600 µmolm−2 s−1) was maintained
throughout all experiments.

The first experiment (Experiment 1) aimed to detect COS compensation points and their
temperature dependence. To determine the existence ofΓCOS and its temperature response, we
measured FCOS at four distinct inflow COS mole fractions ranging from 94 to 589 pmolmol−1

at two different leaf temperatures (19.8 °C and 25.0 °C). As in Gimeno et al. (2017), the values
of the ΓCOS were subsequently calculated for each temperature by extrapolating the COSmole
fraction at which FCOS reaches zero using a linear regression.

The second experiment (Experiment 2) aimed to compare responses of COS and CO2 up-
take to stomatal closure. We examined the responses of VCOS and VCO2 to gsw while keeping
other environmental factors constant, including air temperature (approximately 25 °C). Thus,
changes in VCOS and VCO2 predominantly reflect responses to changes in gsw. The modula-
tion of gsw was accomplished by adjusting humidity within the leaf cuvette—hence modifying
VPD—using the humidifier.

The last experiment (Experiment 3) aimed to compare responses of COS and CO2 uptake
to changing temperatures. We observed VCOS and VCO2 while controlling the air temperature
(Tair) within the leaf cuvette and maintaining other variables constant, including gsw. The
desired gsw value was sustained by manipulating chamber humidity and thus VPDwhen nec-
essary. The resulting leaf temperatures varied between 19.0 and 30.9 °C.

Regarding a repetition of experiments, Experiment 1 was executed once with a single sun-
flower plant (Sunflower 1), while Experiments 2 and 3 were replicated with three different
sunflower plants over three days (Sunflower 2, 3, and 4). During the measurement of COS,
CO2, and H2O mole fractions in Experiment 3, the complete temperature range could not be
covered consistently across all three repetitions due to fluctuating gsw conditions. Due to this
limitation, data from Sunflower 3 were omitted from the analysis of Experiment 3. Overall, we
collected 15 data points from Experiment 1 and 48 data points from Experiments 2 and 3.
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The measured VCOS and VCO2 were used to calculate the LRU (-), which was used to char-
acterize differing response of COS and CO2 from Experiments 2 and 3:

LRU =
VCOS

VCO2

=
ACOS

[COS]out
·

[CO2]out
ACO2

, (2.2)

where ACOS (pmolm−2 s−1) and ACO2 (µmolm−2 s−1) are assimilation rates of COS and
CO2, respectively. These rates were normalized by outflowing concentrations [COS]out and
[CO2]out.

2.2.2 Conductance model

2.2.2.1 General concept

Since the observations were somewhat limited in exploring internal leaf processes, we devel-
oped a conductance model and applied an optimization method using 48 data points from
Experiments 2 and 3. Experiment 1 (15 data points) was used to provide initial information of
ΓCOS and its temperature dependence to the model (Sect. 2.2.2.4). This modeling framework
was designed to mechanistically link experimental observations to internal gas-exchange pro-
cesses.

Our leaf conductance model simulates the concurrent exchange of COS, CO2, and H2O in a
plant leaf with the conditions of the laboratory experiments. Since these gases share the same
stomatal pathway, their simultaneous modeling helps us understand the mechanisms of leaf
conductance. The model calculates mole fractions on a wet-air basis, while the measurements
are reported on a dry-air basis (see Sect. 2.2.1.1). Accordingly, conversions between dry- and
wet-air mole fractions were applied when comparing modeled and observed concentrations.
Additionally, the model assumes that gas exchange reaches an equilibrium that we tried to
attain in the conducted experiments (see Sect. 2.2.1.1). All model variables that remain con-
stant in the model are listed in Table 2.2. Variables excluded from Table 2.2 are targets for
optimization as explained in Sect. 2.2.4.1.

Fig. 2.2a schematically illustrates the methodology for the gas exchange experiments. As
described in Sect. 2.2.1.2, environmental conditions, including [COS]in, Tair, and VPD, were
manipulated to test the hypotheses while keeping other variables, such as light levels, con-
stant. The cuvette received controlledmole fractions of the three gases via the airflow. Fig. 2.2b
depicts the exchange pathways of COS, CO2, and H2O within the sunflower leaf, which form
the basis for the conductance model. We assumed that COS, CO2, and H2O production or con-
sumptionwithin the plant were governed by three conductances: boundary layer conductance
(gb (molm−2 s−1)), stomatal conductance (gs (molm−2 s−1)), andmesophyll conductance (gm
(molm−2 s−1)) limited by physical or biochemical processes.

With a designated set of conductance values, the model simulates the mole fractions of
the three gases in each layer: ambient air ([gas]a), boundary layer ([gas]b), and inter-cellular
airspace ([gas]i)), and mesophyll level ([gas]c). The mole fractions of COS, CO2, and H2O are
represented in units of pmolmol−1, µmolmol−1, and mmolmol−1, respectively.

The following rate equations describe the gas exchanges tendencies, assuming they achieve
a steady state:

d[gas]a
dt

(

Vcv

VmS

)

= −gb ([gas]a − [gas]b) +
AF

S
([gas]in − [gas]a) = 0, (2.3)

d[gas]b
dt

(

Vcv

VmS

)

= gb ([gas]a − [gas]b)− gs ([gas]b − [gas]i) = 0, (2.4)
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Table 2.2: Model constants used in the model. Variables in all gases were used for all models, while
those specific to COS, CO2, and H2O were applied to their respective models. The molar volume (Vm)
is at standard temperature (298K) and pressure (100 kPa).

Gas Symbol Description Unit Value Q10

All S Leaf area cm2 9.0
R Universal molar gas constant J K−1 mol−1 8.314
Vm Molar volume m3 mol−1 0.0248
Vcv Cuvette volume cm3 109a

COS ∆Ha,CA Activation energy of CA kJmol−1 40b

∆Heq,CA Enthalpy change of CA kJmol−1 100b

CO2 τ298K Specificity factor betweenCO2 andO2 at 298K – 2600c 0.57
Kc,298K Michaelis–Menten constant for carboxylation

at 298K
Pa 30c 2.1

Ko,298K Michaelis–Menten constant for oxygenation
at 298K

Pa 30000c 1.2

Rd Dark respiration at 298K µmolm−2 s−1 3.0c 2.0
p[O2]i Partial pressure of internal O2 Pa 20900c

H2O gmw Mesophyll conductance for H2O molm−2 s−1 10

a LI-COR 6800 documentation.
b Cho et al. (2023)
c Collatz et al. (1991).

d[gas]i
dt

(

Vcv

VmS

)

= gs ([gas]b − [gas]i)− gm ([gas]i − [gas]c) = 0. (2.5)

Here, Vm (m3mol−1) is the molar volume, and Vcv (m3) is the effective air volume rep-
resenting the gas-exchange region near the leaf surface. Under steady-state conditions, the
first term on the left-hand side of Eqs. 2.3, 2.4, and 2.5, which represents the rate of gas
accumulation, becomes negligible. To account for the different properties of COS and CO2

to H2O, the stomatal conductances (gs,COS and gs,CO2) and the boundary layer conductances
(gb,COS and gb,CO2) are scaled proportionally to the conductance of water vapor (gsw and gbw)
(gs,CO2 = gsw/1.6, gb,CO2 = gbw/1.4, gs,COS = gsw/1.94, gb,COS = gbw/1.56) (Bonan, 2008; Seibt
et al., 2010; Stimler et al., 2010).

For the COS and CO2 exchange at the stomatal level, a ternary system with H2O and air
should be considered, because the transpiration (FH2O (molm−2 s−1)) is significantly larger
than COS and CO2 assimilation (Jarman, 1974; Caemmerer et al., 1981). Thus, we added the
ternary term in Eqs. 2.4 and 2.5 for the COS and CO2 models:

d[gas]b
dt

(

Vcv

VmS

)

= gb ([gas]a − [gas]b)− gs ([gas]b − [gas]i) + FH2O

[gas]b + [gas]i
2

= 0, (2.6)

d[gas]i
dt

(

Vcv

VmS

)

= gs ([gas]b − [gas]i)− FH2O

[gas]b + [gas]i
2

− gm ([gas]i − [gas]c) = 0. (2.7)

Although accounting for the H2O ternary system is important, its influence on the cal-
culated mole fractions was found to be negligible. The smaller ternary effects within the leaf
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Figure 2.2: Schemes of leaf cuvette experiments (a) and diffusion pathways of COS, CO2, and H2O
into and out of a leaf in the conductance model (b). Agas and Pgas indicate the assimilation rate and
production rate of each gas. gb, gs, and gm represent boundary, stomatal, and mesophyll conductance,
respectively.

boundary layer were therefore not included, as they scale withE/gbw (Caemmerer et al., 1981)
and are expected to be negligible under our experimental conditions (large gbw and small E).
Note that the mole fractions calculated by the model are expressed on a wet-air basis, whereas
the observed mole fractions are reported on a dry-air basis. The moisture correction applied
to model outputs is described at the end of this section.

To test Hypothesis 2, we analyzed how the intercellular mole fraction [gas]i influences the
net flux. The flux was computed using Eqs. 2.3, 2.6, 2.7 to determine [gas]i, and then applied
to the flux-gradient relationship:

Fgas = gb→s

(

[gas]a − [gas]i
)

. (2.8)

Here, gb→s denotes the conductance from the leaf boundary layer to the stomata. The de-
position velocity (Vgas (molm−2 s−1)) can be calculated as follows:

Vgas = gb→s

(

1−
[gas]i
[gas]a

)

. (2.9)

The term (1− [gas]i [gas]
−1
a ) represents the effect of changes between internal and ambient

mole fractions on the gas conductance and deposition velocity, termed Ambient Fraction Re-
maining (AFR). This concept is utilized in Sect. 2.3.2.3 for interpreting Hypothesis 2. Strictly
speaking, the mass flow difference between the inlet and outlet and the ternary effect should
be considered in Eqs. 2.8 and 2.9. However, these effects are expected to be minor under our
experimental conditions (see above), and Eqs. 2.8 and 2.9 were used only to examine the con-
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ceptual relationship between [gas]i and flux. Therefore, for simplicity, these correction terms
were omitted. Note that this omission does not affect the interpretation of AFR in Sect. 2.3.2.3.

This set of coupled rate equations can be solved analytically, resulting in mole fractions
of the three gases in each layer. Conductance at the mesophyll level (gm) and [gas]c were
calculated using a different model for each gas. Descriptions of the individual biophysical
processes at the mesophyll level for each gas are provided in subsequent sections.

From experiments, we measured [gas]out, while the leaf conductance model calculates
[gas]a. Because the chamber air was well mixed, the modeled [gas]out,est is considered equiva-
lent to [gas]a for model-observation comparison. Thus, [gas]out,est is used for [gas]a to interpret
experimental data.

In the model, the estimated mole fractions for COS and CO2 are based on wet air, whereas
the QCLS measures dry-air mole fractions. Therefore, to compare model results with obser-
vations, the modeled wet-air mole fractions were converted to their dry-air equivalents using
the observed outgoing H2O mole fractions ([H2O]out,obs (mmolmol−1)):

[gas]out,est = [gas]a

(

1−
[H2O]out,obs

1000

)

−1

. (2.10)

For [COS]in,obs, whichwasmeasured aftermoisture removal, the same correction (Eq. 2.10)
was applied using [H2O]in,obs instead of [H2O]out,obs to convert from the dry-air to the wet-air
basis before use in the conductance model.

Finally, net fluxes of the three gases were calculated using the same methodology as em-
ployed for the observations (Eq. 2.1).

2.2.2.2 Water vapor model

In our experiments, we observed water evaporation from leaves. We aimed to model this
evaporation at the mesophyll level and its subsequent transport out of the leaves, governed
by gsw. The unit of H2O mole fractions in all layers is mmolmol−1, and the unit of the flux
is mmolm−2 s−1.

To represent the internal water vapor conditions, [H2O]c was calculated assuming that wa-
ter vapor within the mesophyll intercellular airspace is saturated. However, we allowed for
relative humidity within the intercellular airspace (RHi (%)) to be less than 100%, based on
previous studies (Cernusak et al., 2018; Wong et al., 2022). To achieve this, we introduced a
mesophyll conductance forwater vapor (gmw) and set it to an arbitrary value of 10molm−2 s−1,
approximately ten times the largest observed value of gsw. This parameter was included to test
the sensitivity of the model to possible non-saturation within the intercellular airspace. The
expression for [H2O]c relies on Tleaf (°C) and air pressure (Pair (Pa)):

[H2O]c = 1000
PH2O

Pair

, (2.11)

PH2O = 613.5 exp

(

17.502Tleaf

Tleaf + 240.97

)

. (2.12)

Using these assumptions, we calculated the water vapor mole fractions in the atmosphere
([H2O]a), boundary layer ([H2O]b), and interior(([H2O]i) by solving Eqs. 2.3, 2.4, and 2.5.
Finally, we estimated the RHi (%) from the calculated [H2O]c and [H2O]i:

RHi = 100
[H2O]i
[H2O]c

. (2.13)
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2.2.2.3 CO2 model

We aimed to simulate the gross CO2 flux (FCO2, µmolm−2 s−1) and mole fractions of CO2 in
each layer (µmolmol−1) using the model proposed by Farquhar et al. (1980). In this model,
the gross CO2 uptake rate is calculated as the minimum value among assimilation limited by
enzymes (Am), light (AE), and sucrose synthesis (AS), minus the dark respiration (Rd) :

FCO2
≈ min (Am, AE , AS)−Rd. (2.14)

Our experimentswere conductedunder a constant light intensity (PAR = 600µmolm−2 s−1).
We assumed that the AE and AS pathways were saturated, as light saturation points previ-
ously were obtained above 500 µmolm−2 s−1 (Lobo et al., 2013). Consequently, we calculated
gm,CO2 ([CO2]i − [CO2]c) in Eq. 2.7 with Am −Rd. Rd was estimated by Collatz et al. (1991).

Am is calculated by multiplying the maximum rate of RuBisCO carboxylation (Vmax,Rub)
with the partial pressure changes from RuBP partitioning between the CO2 carboxylation and
O2 oxygenation reactions:

Am =
Vmax,Rub frub(Tleaf)

(

p[CO2]i − Γ∗

CO2

)

p[CO2]i +KC

(

1 + p[O2]i
KO

) , (2.15)

where p[CO2]i (Pa) and p[O2]i (Pa) are the partial pressures of CO2 and O2 in the inter-
cellular air space. Kc (Pa) and Ko (Pa) are Michaelis-Menten constants for CO2 and O2, re-
spectively. Γ∗

CO2 (Pa) stands for the CO2 compensation point independent of dark respiration.
Strictly speaking, RuBisCO carboxylation occurs within the chloroplast stroma and should

depend on the chloroplast CO2 partial pressure (p[CO2]c), rather than p[CO2]i. However, our
model does not explicitly includemesophyll conductance (gm,CO2), and thus p[CO2]c cannot be
directly resolved. Accordingly, p[CO2]i was used as a proxy for p[CO2]c, following the classical
formulation of Farquhar et al. (1980). The estimation of Γ∗

CO2 is based on the partial pressure
of oxygen linked to the side reaction of RuBisCO:

R2 = R1Q

(

T2−T1

10

)

10 . (2.16)

Here, T2 corresponds to Tleaf , and T1 is 25 °C for the CO2 parametersKc,Ko, and Γ∗

CO2. The
temperature function of Vmax,Rub (µmolm−2 s−1) at Tleaf (°C) is calculated by (Badger et al.,
1977):

fRub(Tleaf) = exp

(

((Tleaf + 273.15)− Tref,Rub) ∆Ha,Rub

Tref,RubR (Tleaf + 273.15)

)

, (2.17)

where ∆Ha,Rub (Jmol−1) is the activation energy of RuBisCO, valued at 60.0 kJmol−1

(Caemmerer et al., 2015), and Tref,Rub (K) is the reference temperature (298 K). R is the
universal molar gas constant (8.3145 JK−1mol−1).

2.2.2.4 COS model

We constructed the COS model to estimate the gross COS flux rate (FCOS (pmolm−2 s−1))
and mole fractions of COS in each layer (pmolmol−1). Accurate modeling of COS leaf uptake
requires mesophyll conductance, which integrates both the diffusional transport of COS and
biochemical conversion by CA.
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Earlier approaches treated mesophyll diffusion and CA activity as linearly proportional to
Rubisco’s Vmax (Berry et al., 2013). However, this simplificationwas shown to bias COS flux es-
timates, leading to the introduction of a revised CA-based temperature formulation (Cho et al.,
2023). More recently, Lai et al. (2024) emphasized the importance of explicitly accounting for
mesophyll diffusion in COS uptakemodels but also noted the lack of reliable parameterization
for COS-specific mesophyll diffusion.

Building on these previous findings, we modeled biochemical conductance of COS in the
mesophyll (gm,COS (molm−2 s−1)) using the CA activity–based function proposed by Cho et
al. (2023), which implicitly represents mesophyll diffusion while minimizing estimation bias
through its revised temperature dependence. This function describes the temperature depen-
dence ofCAactivity using a specifiedArrhenius equation andMichaelis-MentenKinetics (Cho
et al., 2023; Daniel et al., 2010; Ogée et al., 2016; Sun et al., 2015):

gm,COS = Vmax,CA fCA(Tleaf) = Vmax,CAAT

(Tleaf + 273.15) exp
[

−

∆Ha,CA

R(Tleaf+273.15)

]

1 + exp
[

−

∆Heq,CA

R

(

1
Tleaf

−

1
Teq,CA+273.15

)] . (2.18)

Here, Vmax,CA (molm−2 s−1) is themaximumcatalyzation velocity of CA,∆Ha,CA (Jmol−1)
represents the activation free energy of CAand∆Heq,CA (Jmol−1) is the enthalpy changewhen
the enzyme transits from activation to inactivation. Teq,CA (°C) stands for the optimum tem-
perature at which the concentrations of activated and inactivated enzymes are equal (Daniel
et al., 2010; Sun et al., 2015; Ogée et al., 2016). We adopted the normalization factor AT as the
value of fCA(Teq,CA)

−1.
To incorporate temperature-dependent compensation point behavior, we applied the ΓCOS

into [COS]c. We proposed four temperature functions of ΓCOS based on Experiment 1 data.
For model S1, ΓCOS was set to zero across all temperatures, assuming no compensation point
effects. For model S2, ΓCOS was represented as a linear function:

ΓCOS(Tleaf) = fΓCOS
(Tleaf) = mCOS (Tleaf − Tref), (2.19)

where Tref (°C) is the intercept temperature (16.4 °C), determined from the linear re-
gression of two ΓCOS values detected in Experiment 1 (Sect. 2.3.1.1). The slope mCOS

(pmolmol−1K−1) was set to 16.2 pmolmol−1K−1, also derived from Experiment 1. At low
temperatures, where ΓCOS becomes negative, we assumed ΓCOS = 0. For model S3, ΓCOS was
calculated using the Arrhenius function with an observation-based value of 55.0 pmolmol−1

at 293 K from Experiment 1:

ΓCOS(Tleaf) = 55.0 exp

[

((Tleaf + 273.15)− 293) ∆Ha,Γ

293R (Tleaf + 273.15)

]

, (2.20)

and formodel S4, ΓCOS was similarly computed using a reference value of 138.7 pmolmol−1

at 298 K:

ΓCOS(Tleaf) = 138.7 exp

[

((Tleaf + 273.15)− 298) ∆Ha,Γ

298R (Tleaf + 273.15)

]

, (2.21)

where∆Ha,Γ (kJmol−1) represents the activation energy forΓCOS. By solving for∆Ha,Γ us-
ing the two derived ΓCOS values, we determined an initial activation energy of 134.3 kJmol−1.
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Figure 2.3 shows these four ΓCOS functions (S1–S4) representing the prior temperature-
dependent parameterizations tested in the modeling framework with their imposed uncer-
tainties. The figure also shows the experimental ΓCOS estimates from Experiment 1, included
solely for reference to illustrate the initial parameter alignment.
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Figure 2.3: Prior temperature functions of the COS compensation point (ΓCOS) (lines) with their error
ranges (shaded area). Blue triangles show the regression-derivedΓCOS fromExperiment 1, included for
reference to illustrate the initial parameter setup. The S1 model assumed ΓCOS = 0 pmolmol−1. Model
S2 describes ΓCOS as a linear relationship with Tleaf (a), while models S3 and S4 use an Arrhenius
equation (b).

2.2.3 Indirectly derived COS compensation point

Because the temperature-dependent behavior of ΓCOS in Experiment 1was derived from a lim-
ited set of measurements under only a few temperatures, additional validation was required
to test whether the modeled ΓCOS functions are consistent across broader environmental con-
ditions. To support this validation, we incorporated the indirectly derived ΓCOS from 48 data
points in Experiments 2 and 3. By calculating [COS]c using our optimized model parame-
ters in Eqs. 2.3, 2.6, and 2.7, we were able to indirectly estimate ΓCOS and compare it with the
modeled ΓCOS. First, we calculated [COS]b from the measured COS mole fractions with the
rearranged Eq. 2.3:

[COS]b = [COS]a +
AF

S gb,COS

([COS]a − [COS]in) , (2.22)

where [COS]in and [COS]a, along withAF , S, and gb,COS, were applied from Experiments
2 and 3. Due to thorough mixing within the cuvette, we assumed [COS]out to be equivalent
to [COS]a and used it accordingly (refer to Sect. 2.2.2.1). Although transpiration slightly in-
creases the outlet air flow, this effect (< 3%) was neglected to simplify the analytical expres-
sions, consistent with the assumptions described in Equation 2.1. This formulation follows the
same assumptions as in Equation 2.3 regarding ternary effects at the boundary layer, which
were found to be negligible under our experimental conditions. Here, [COS]in and [COS]out
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were converted from a dry air basis to a wet air basis. We then used the derived [COS]b to
calculate [COS]i using the rearranged Eq. 2.6:

[COS]i =
−gb,COS [COS]a + gb,COS [COS]b + gs,COS [COS]b − 0.5FH2O [COS]b

gs,COS + 0.5FH2O

. (2.23)

FH2O was calculated using Eq. 2.1 with the observed [H2O]in and the modeled [H2O]a ob-
tained by the H2O model. We used optimized gsw value in the H2O model and gs,COS. The
reason for using the model-calculated [H2O]a instead of the observed [H2O]out is to consider
the optimized gsw in FH2O.

Finally, [COS]i is used in Eq. 2.7 to derive [COS]c:

[COS]c = −

gs,COS

gm,COS

([COS]b − [COS]i) +
FH2O

gm,COS

([COS]b + [COS]i) + [COS]i, (2.24)

where gm,COS was determined using Eq. 2.18 with optimized parameters Vmax,CA and
Teq,CA. These indirectly calculated ΓCOS values vary depending on the chosen temperature-
dependent functions of ΓCOS, which influence other parameters. Consequently, the indirectly
derived ΓCOS values differ from ΓCOS functions due to their impact on the optimized param-
eters used in the calculations.

2.2.4 Parameter optimization

2.2.4.1 Optimization setting

Beginning with the model state parameter (x), we calculated [gas]out,est and compared these
to the observed values [gas]out,obs on a dry-air basis. We aimed to minimize the differences
between our model and the observations during each optimization step. To accomplish this,
we defined a cost function (Jtot) consisting of a background term (Jbg) and three observational
terms that account for the differences between model estimations and observations of COS
(JCOS), CO2 (JCO2), and H2O (JH2O):

Jtot = Jbg + JCOS + JCO2
+ JH2O

=
1

Wbg

(x− xa)
2

σ2
+

1

WCOS

([COS]out,est − [COS]out,obs)
2

σ2
COS

+
1

WCO2

([CO2]out,est − [CO2]out,obs)
2

σ2
CO2

+
1

WH2O

([H2O]out,est − [H2O]out,obs)
2

σ2
H2O

.

(2.25)

The first term of the cost function penalizes deviations of the state x from the prior state
vector xa. This penalty depends on σ, which represents the prior error in the state vector. This
background term is introduced to keep state variables within reasonable boundaries (Brasseur
et al., 2017). The last three terms of the cost function calculate the costs associated with devi-
ations between modeled ([gas]out,est) and observed mole fractions ([gas]out,obs) for COS, CO2,
and H2O, respectively. Each term is normalized by its observational uncertainty to ensure
consistent treatment of measurement errors, and each is scaled by optimization weights (Wbg,
WCOS, WCO2, and WH2O) to balance the relative influence of each gas. These weights do not
modify the observational errors but instead prevent any single gas—particularly CO2—from
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dominating the total cost. The determination of these weights is described in the following
section.

The costs related to observations (JCOS, JCO2, and JH2O) are influenced by observational
errors (σCOS, σCO2, and σh2O), derived from the measured COS, CO2, and H2Omole fractions.
These observational errors were determined as the standard deviation of the measured mole
fractions at outflow within the data point interval (150-second). Formally, σCOS, σCO2, and
σH2O should also reflect model errors caused by model parameters not included in the state or
by processes that were not modeled (Brasseur et al., 2017). Note that we excluded data from
Experiment 1 to validate the optimized temperature function of ΓCOS in Sect. 2.3.2.2.

Due to the larger relative error in [H2O]out,obs and [COS]out,obs than in [CO2]out,obs, the opti-
mization procedure tended to focus onminimizing preliminary JCO2. To better utilize the non-
CO2 observations, we introduced optimizationweights for each cost component. The observed
[CO2]out,obs values ranged from 379.4 to 390.0 µmolmol−1, with an average observational error
of only 0.2 µmolmol−1 (0.05%). [COS]out,obs values ranged from 748.2 to 1032.4 pmolmol−1,
with an average error of 16.7 pmolmol−1 (1.91%). [H2O]out,obs values ranged from 15.2 to
32.5 mmolmol−1 with a mean error of 0.3 mmolmol−1 (1.14%).

The targeted state parameters, along with their initial values and errors, are listed in Ta-
ble 2.3. We assumed that the parameters related to the temperature response of mesophyll
cells are consistent across all experiments, as all sunflowers were cultivated in a similar cli-
mate. We constructed state vectors with variables that significantly impact the total cost and
better quantify the combined leaf exchanges: Vmax,CA, Teq,CA, andmCOS for COS, Vmax,Rub and
∆Ha,Rub for CO2, and gsw for all gases.

Although we selected sunflower leaves at similar development stages, variations in bio-
chemical functioning existed among individual leaves. Therefore, we optimized Vmax,CA

and Vmax,Rub for each individual plant, as these largely determine mesophyll conductance
(Williams et al., 1996; Le Roux et al., 2001; Cho et al., 2023). The initial Vmax,CA was based
on the averaged Vmax,CA across different phenological stages from two observation sites,
Hyytiälä (Finland) and Harvard Forest (United States), as introduced by Cho et al. (2023).
The standard deviation of Vmax,CA was used as the state error. For Vmax,Rub, we set the initial
value as Vmax,CA divided by the scaling factor 1400, derived from laboratory measurements of
gas exchange in C3 plants (Stimler et al., 2010; Stimler et al., 2011; Berry et al., 2013).

Teq,CA is more crucial in determining CA’s temperature function compared to other kinetic
variables (Cho et al., 2023). We adopted the initial value and state error of Teq,CA directly from
Cho et al. (2023), ensuring consistency with previous characterizations of CA kinetics.

To further evaluate the temperature dependence of ΓCOS, four temperature functions (S1
to S4) were tested within the conductance model. Each function was optimized and compared
against observation-based ΓCOS. The S1 model excludes ΓCOS, while S2 applies a linear func-
tion with mCOS of 16.2 pmolmol−1. Both S3 and S4 use a temperature dependence described
by an Arrhenius relationship. All models were initialized with the same prior error for ΓCOS,
including the zero-compensation point, as shown in Fig. 2.1.

For theCO2parameters, we optimized∆Ha,Rub, as it is an unknownparameter for Sunflow-
ers. We determine the initial value and error of ∆Ha,Rub using the mean and standard devia-
tion across nine species reported by Caemmerer et al. (2015). Other temperature-dependent
parameters were adopted from Collatz et al. (1991).

The LI-6800 derives gsw from water vapor exchange with its own uncertainties. Because
gsw similarly affects the exchange of H2O, CO2, and COS through the same shared stomatal
pathway, we optimize gsw in a coupled framework using flux information from all three gases
to ensure internal consistency across species. The novelty of this framework lies in explicitly
coupling these fluxes to derive a more physically consistent constraint on gsw, while also ad-
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dressing potential uncertainties in gsw derived fromLI-6800measurements (e.g., stomatal ratio
parameterK; Sect. 2.2.1.1).

Initial values for gsw were taken from the LI-6800 measurements during Experiments 2 and
3. We applied a random error of 0.08 molm−2 s−1, representing the standard deviation of gsw
fromExperiment 3, despite efforts tomaintain a constant gsw (± 0.06molm−2 s−1). In addition,
we considered an extrameasurement uncertainty of 0.02molm−2 s−1, based on known sources
of instrumental bias—such as the leaf temperature underestimation (Garen et al., 2022) and
background total leaf conductance towater observed in empty chambers (Hussain et al., 2024).
We also added individual [H2O]out,obs errors by normalizing [H2O]out,obs. The averaged initial
gsw value and its standard deviation (prior error) are 0.61 molm−2 s−1 and 0.09 molm−2 s−1,
respectively.

Assuming a Gaussian probability density function for the state parameters could lead to
nonphysical values in the optimization process. Thus, we minimized Jtot using the Sequential
Least SQuares Programming optimizer (SLSQP) from the SciPy Python library. This optimizer
enables the specification of lower and upper bounds on the state space and is well-suited for
solving nonlinear problems. The parameter bounds are listed in Table 2.3.
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2.2.4.2 Weight determination

We selected weights to achieve more balanced prior costs across four components in Eq. 2.25.
The prior chi-squared value (χ2

prior) was used to check the cost balance in the prior condition.

We set seven possible weights, and the corresponding χ2
prior value ranged from 3 to 200, as

listed in Table 2.4. Then, we optimized parameters and calculated cost reduction rates for each
part of the cost function. For H2O, we found a χ2

prior value of about 3, indicating that the H2O
model already performs well with the prior parameter settings.

Table 2.4: Candidates for weights in the observational terms (WCOS, WCO2, and WH2O) based on the
chosen χ2

prior values.

χ2
prior WCOS WCO2 WH2O

3 0.337 238.8 3.24
10 0.101 71.6 0.97
30 0.034 23.9 0.32
50 0.020 14.3 0.19
100 0.010 7.2 0.10
150 0.007 4.8 0.06
200 0.005 3.6 0.05

We finally selected the weight combination that minimized the averaged reduction rates
of JCOS and JCO2 and ensured that each χ2

poste exceeded the value of 0.6 to avoid over-fitting,
including Jbg. The selected weights (WCOS = 0.034, WCO2 = 7.2, WH2O = 3.24, and Wbg =

1.0), correspond to χ2
prior values of 30, 100, and 3 for COS, CO2, and H2O, respectively. These

weights lead to a more balanced ratio of χ2
prior across the observational parts (COS : CO2 : H2O

= 10 : 33 : 1), compared to the ratio without weights (1 : 329 : 4). Note that the prior value of
Jbg is zero by design.

2.2.5 Error statistics

We evaluated the model performance using χ2 values, mean bias errors (MBEs), and root
mean square errors (RMSEs). The χ2 metric was calculated by dividing the partial cost func-
tion by the number of observations or state variables (Tarantola, 2005). Aposterior chi-squared
value (χ2

poste) of 1 indicates a good fit, as the model predictions fall within the error distribu-
tion fall within the error distribution of the observations. A χ2

poste significantly greater than 1
indicates a poor fit, while a value smaller than 1 suggests potential overfitting. MBE indicates
bias, with a positive value for overestimation and a negative value for underestimation. RMSE
is the quadratic mean of the differences between estimation and observation, with a value of
0 indicating a perfect fit.

Note that the optimization process targets for χ2
poste to reach 1.0, but we also give the im-

provement in MBEs and RMSEs for completeness. To assess the posterior error associated
with the optimized state, we employed a Monte Carlo method. In this process, we optimized
the parameters using 200 distinct ensemble members, introducing random noise within the
bounds of the respective state and observational errors (Chevallier et al., 2007; Bosman et al.,
2023; Cho et al., 2023).

Furthermore, we conducted 500 perturbed forward simulations to assess the spread in
both prior and posterior models. Parameters were randomly sampled from Gaussian dis-
tributions of both the prior and posterior. Prior uncertainties were assumed uncorrelated,
while for the posterior parameters, we used the correlations that were determined using the
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Monte Carlo optimization. We quantified the posterior covariance matrix and considered the
cross-parameter correlations when sampling the parameters to evaluate the posterior model.
Parameters more than three standard deviations from the mean were discarded. These simu-
lationswere conductedwith designated environmental input variables: pressure = 103.100 Pa,
air flow rate (AF ) = 0.000 35mol s−1, [CO2]in = 400 µmolmol−1, [COS]in = 1000 pmolmol−1,
[H2O]in = 15 mmolmol−1, gb = 2.44 molm−2 s−1, gs = 0.6 molm−2 s−1, and Tleaf = 25 ◦C. We
only varied one variable at the time, to evaluate its impact on the simulation.

2.3 Results

2.3.1 Experiments

2.3.1.1 COS compensation point (Experiment 1)

Fig. 2.4 presents the results from Experiment 1 with Sunflower 1, aimed at determining
ΓCOS by measuring FCOS while controlling [COS]out and maintaining constant gsw and Tleaf .
Minor fluctuations in gsw occurred during temperature adjustments, increasing from 0.76
to 0.90 molm−2 s−1 at higher temperatures. FCOS shows a linear increase with increasing
[COS]out, in agreement with findings from earlier studies (Kesselmeier et al., 1993; Stimler et
al., 2010; Gimeno et al., 2017). We quantified the regression-based ΓCOS using a linear function
at two temperatures: ΓCOS was 55.0 ± 53.2 pmolmol−1 at 19.8 °C and 138.7 ± 26.1 pmolmol−1

at 25.0 °C (error estimates denote 95% confidence interval). These results indicate that ΓCOS

increases with rising Tleaf , suggesting a potential temperature dependence.
Although the empty-chamber regression effectively removed the baseline COS emis-

sion, some residual variability likely remained (RMSE = 6.9 pmolmol−1 for [COS]a and
2.73 pmolm−2 s−1 for FCOS). To evaluate the potential influence of this unresolved back-
ground variability, we propagated these errors to the regression-derived ΓCOS. When the
uncertainty is included, the 95% confidence interval of ΓCOS widened from ± 53.2 to ±

93.4 pmolmol−1 at 19.8 °C and from ± 26.1 to ± 48.9 pmolmol−1 at 25.0 °C.
The large uncertainty at 19.8 °C indicates that the corresponding ΓCOS value is statistically

indistinguishable from zero. By contrast, the ΓCOS measured at 25 °C remains significant even
when this propagated and instrumental uncertainty is considered. Even accounting for the
reported QCLS uncertainty of approximately 7.5 pmolmol−1 for COS (Kooijmans et al., 2016),
the ΓCOS value at 25 °C remains statistically robust.

2.3.1.2 Responses to stomatal conductance (Experiment 2)

Fig. 2.5 illustrates the observed relationships of VCOS, VCO2, and LRU with optimized gsw for
three sunflower plants. The observed values show that both VCOS and VCO2 decrease with
declining gsw, albeit at a slower rate at higher gsw values. Specifically, as gsw decreases from
1.0molm−2 s−1 to 0.4molm−2 s−1, VCOS declines by approximately 40%, compared to a decline
of about 10% in VCO2. This difference persists even after accounting for the gsw ratio between
COS and CO2 (1.21).

The greater sensitivity of VCOS to changes in gsw is also reflected in the LRU, which con-
sistently increases with gsw across all sunflowers. These findings support the hypothesis that
COS uptake is more sensitive to variations in gsw compared to CO2 uptake. Meanwhile, slight
differences in VCOS and VCO2 values among individual sunflowers result in variations in LRU
as well.
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Figure 2.4: Observed mean COS net flux (FCOS) along an outflowing COS mole fraction ([COS]out) in
the light at 25.0 °C (rectangle and red areas) and 19.8 °C (circle and blue areas) in Experiment 1. Lines
and shaded areas represent linear fits with 95% confidence intervals. Positive values in FCOS (y axis)
indicate COS uptake, and negative values indicate COS emissions.

0.4 0.6 0.8
Opt. gsw [mol m 2 1]

0.05

0.06

0.07

0.08

0.09

V C
O
S [
m
ol

 m
2  s

1 ]

(a) VCOS

0.4 0.6 0.8
Opt. gsw [mol m 2 1]

0.05

0.06

0.07

0.08

0.09

V C
O

2 [
m
ol

 m
2  s

1 ]

(b) VCO2

0.4 0.6 0.8
Opt. gsw [mol m 2 1]

1.0

1.1

1.2

1.3

1.4

1.5

1.6

1.7

LR
U 

[-]

(c) LRU

Sunflower2 Sunflower3 Sunflower4

Figure 2.5: COS (a) and CO2 (b) deposition velocities and LRU changes (c) along the optimized gsw
under leaf temperatures of approximately 25 °C for three different sunflower plants, each represented
in a different color. The circles and error bars represent the median values and standard deviations of
the data points for their respective 150-second intervals.

2.3.1.3 Responses to leaf temperature (Experiment 3)

Fig. 2.6 shows the observed VCOS and VCO2, and LRU against Tleaf for two sunflowers, with gsw
held approximately constant. For all sunflowers, VCOS decreases when temperatures exceed
25 °C, whereas VCO2 increases with Tleaf up to approximately 30 °C. The absolute rate of de-
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crease in VCOS is larger than the rate of increase in VCO2. Consequently, LRU decreases as Tleaf

increases. This trend can be attributed to the temperature responses of ΓCOS or/and the lower
optimum temperature for CA than RuBisCO.

The temperature-dependent variations in VCOS and VCO2 also differ slightly between in-
dividual sunflower plants. While VCOS exhibited relatively large observational errors, VCO2

showed minimal errors. This suggests that while experimental uncertainties may influence
VCOS, the variations in both VCOS and VCO2 are likely driven by micro-environmental dif-
ferences, plant-to-plant variability, or other natural conditions, even within the same species
grown in similar environments.
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Figure 2.6: Same as Fig. 2.5, but as a function of Tleaf with maintained stomatal conductance at 0.6 ±

0.1 molm−2 s−1 (mean ± standard deviation).

2.3.2 Model-assisted analysis

2.3.2.1 Optimization performance

We present the optimized results of model S2, which provides the best fit to the observations
(Sect. 2.3.2.2).

Table 2.5 quantifies how well the optimized model estimates [COS]out, [CO2]out, and
[H2O]out compared to observations. The optimized model simulated the mole fractions of
all three gases more accurately, reflected by mostly reduced values of χ2, MSE, and MBE.
Notably, the model biases were mitigated, as shown by the low posterior MBE values for
[COS]out (0.15 pmolmol−1), [CO2]out (−0.01 µmolmol−1), and [H2O]out (0.07 mmolmol−1).
The χ2

poste values for [COS]out, [CO2]out, [H2O]out, and the state variables are 6.65, 1.68, 2.24,
and 1.00, respectively. The large χ2

poste and RMSE for [COS]out likely result from its relatively
larger observational error.

The statistical indices of the prior and posterior estimated [COS]out, [CO2]out, and [H2O]out
from model S2 compared to the observations with 2 changes of state term (x). The units of
RMSE andMBE are in pmolmol−1 for [COS]out, in µmolmol−1 for [CO2]out, and inmmolmol−1

for [H2O]out.
To visualize these improvements, Fig. 2.7 presents scatter plots comparing the simulated

atmospheric mole fractions from the prior and posterior models to the observed values. The
optimized atmospheric mole fractions exhibit improved agreement with the observed val-
ues across all sunflowers, improving the performance of the prior simulations. The opti-
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Table 2.5: The statistical indices of the prior and posterior estimated [COS]out, [CO2]out, and [H2O]out
from model S2 compared to the observations, with χ2 changes of state term (x). The units of RMSE
and MBE for [COS]out are pmolmol−1, for [CO2]out are µmolmol−1, and for [H2O]out are mmolmol−1.

Index
[COS]out [CO2]out [H2O]out Background (State x)

Prior Posterior Prior Posterior Prior Posterior Prior Posterior

χ2 30.00 6.65 100.00 1.68 3.00 2.24 0.00 1.00
RMSE 16.71 7.93 3.63 0.71 0.30 0.45 – –
MBE 11.77 0.15 -1.52 -0.01 -0.14 0.07 – –

mized model explains the variability in the observations with high R2 values from 0.93 to
0.99. The simulation errors, represented by the standard deviation of 500 forward simulations,
were substantially reduced after optimization. Specifically for [COS]out, errors decreased from
47.4 pmolmol−1 to 12.5 pmolmol−1, for [CO2]out from 10.8 µmolmol−1 to 0.8 µmolmol−1, and
for [H2O]out from 0.6 mmolmol−1 to 0.3 mmolmol−1. However, discrepancies remain, such as
in Sunflower 2. Several posterior [COS]out and [CO2]out values of Sunflower 2 fall outside the
weighted observational error range, likely due to measurement uncertainties.

In addition to reproducing the observations well, the optimization also reduced the pa-
rameter uncertainties. The optimized state values and their posterior errors, along with error
reductions, are presented in Table 2.2. As expected, errors associated with all target parame-
ters were significantly reduced, with an average error reduction of 48%. An error reduction of
more than 92% was achieved for CO2 parameters ∆Ha,Rub and Vmax,Rub. Prior uncertainties
of Teq,CA,mCOS, and Vmax,CA were reduced by more than 30%, and the error reduction for gsw
was about 43%.

Parameter values also shifted meaningfully after optimization. The optimized slope of
ΓCOS (mCOS, 22.4 pmolmol−1K−1) is slightly increased to the initial setting (16.2 pmolmol−1K−1).
With the optimized value ofmCOS, the variable Teq,CA was adjusted to 39.7 °C, and the values
of Vmax,CA for each plant were optimized ranging from 0.189 to 0.230 molm−2 s−1. These val-
ues increased significantly from their priors, 30.0 °C and 0.125 molm−2 s−1, indicating higher
optimum temperatures and higher catalyzation velocities compared to the prior settings. The
optimized Vmax,Rub ranged from 82.9 to 94.4 µmolm−2 s−1, while ∆Ha,Rub did not change
substantially. The ratio of Vmax,CA to Vmax,Rub which is crucial for calculating CA activity from
Vmax,Rub based on the assumption of a linear relationship, ranges from 2160 to 2770.

The optimized gsw also showed consistent behavior. Comparisons of the optimized mean
gsw values of 0.64 molm−2 s−1 with the prior values of 0.62 molm−2 s−1 reveal slight differ-
ences. Errors in gsw were reduced from 0.09 to 0.05molm−2 s−1. The optimized model yielded
an average relative humidity within the leaf (RHi) of 98.82 ± 0.04%. These results confirm
that allowing for slight non-saturation in the intercellular airspace (through gm,H2O) had a
negligible impact on the modeled fluxes, validating the assumption that the air within the in-
tercellular airspace was effectively saturated under our experimental conditions. Simulations
further confirmed that varying gmw (< 10 molm−2 s−1) did not alter the modeled fluxes or
mole fractions, indicating that its effect was negligible under our experimental conditions.

Fig. 2.8 illustrates the posterior covariance matrix derived from Monte Carlo calculations.
Although several state variables were highly correlated after optimization (values above 0.7),
they were retained as state parameters because their simulation errors were substantially re-
duced. For instance, three variables of COS parameters (Teq,CA, mCOS, and Vmax,CA) were
highly correlated, with values ranging from 0.69 to 0.87, as these parameters are all related to
the mesophyll uptake of COS.
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Figure 2.7: Scatter plots comparing the simulated (model S2) and observed atmospheric mole fractions
of COS (a), CO2 (b), and H2O (c) with the prior parameters (left) and optimized parameters (right)
with a 1:1 line indicating perfect agreement. The vertical error bars represent weighted observational
errors, taken as the standard deviations of measurements, and the horizontal error bars represent prior
errors (left) and posterior errors (right). Colors indicate different sunflower plants (black: Sunflower
2, blue: Sunflower 3, red: Sunflower 4).
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Figure 2.8: The covariance matrix for state variables. Regarding gsw, only the first data point of each
sunflower is marked.

2.3.2.2 COS compensation point (Hypothesis H1)

Table 2.6 summarizes the changes in total cost (Jtot) between prior and posterior estima-
tions for each ΓCOS temperature function. Among the tested models, the lowest total cost
was achieved with the linear model (S2), followed by the Arrhenius models S4 and S3, and
the model without a compensation point (S1). These results confirm that incorporating ΓCOS

with a linear temperature function into the leaf exchange model provides the best agreement
with observations, as it minimizes the overall cost function and improves model performance.
However, the total cost difference between the S2 model and the S4 model was only 1 unit.

To further evaluate the performance of these models, Fig. 2.9 compares estimated ΓCOS

with two types of observation-based values across temperatures. The first type is regression-
based measurements from 15 data points at two temperatures in Experiment 1 (blue triangles;
see Fig. 2.4). The second type is indirectly derived ΓCOS in Experiments 2 and 3.

The optimized S2 model best captures the ΓCOS measurements derived from both regres-
sion and indirect methods, compared to other models. Specifically, the S2 model achieved the
lowest RMSEwith the indirectly derived ΓCOS (39 pmolmol−1). The RMSE values for the other
models were: S1 = 50 pmolmol−1, S3 = 49 pmolmol−1, and S4 = 41 pmolmol−1, respectively.
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Table 2.6: Prior (Pri) and posterior (Poste) contributions to the cost function of the state term (Jbg),
H2O (JH2O), CO2 (JCO2), and COS (JCOS), depending on the prescription of ΓCOS and its temperature
dependence. Jtot is the total cost: Jtot = Jbg + JH2O + JCO2 + JCOS.

No.
Description of ΓCOS Jbg JH2O JCO2 JCOS Jtot

Function Based T [°C] Post Pri Post Pri Post Pri Post Post

S1 ΓCOS = 0 – 54

144

97

4800

80 2437 349 580
S2 Linear 16.4 57 107 81 1440 320 564
S3 Linear 19.8 59 100 80 2634 335 574
S4 Arrhenius 25.0 61 106 80 2634 319 565

2.3.2.3 Response to stomatal conductance (Hypothesis H2)

In Experiment 2, we confirmed that VCOS responds more strongly than VCO2 at low gsw val-
ues. To further interpret this behavior mechanistically, we explore how changes in deposition
velocity due to gsw are influenced by interactions with mesophyll conductance. We calculated
AFR values (1 − [gas]i [gas]

−1
a ) for both gases using the optimized S2 model, as these values

cannot be directly measured (Fig. 2.10). Simulations were performed at a constant Tleaf of 25
°C.

The model results indicate that for both gases, AFR decreases as gsw increases, which pro-
vides support for Hypothesis 2. However, contrary to Hypothesis 2, which assumes that
[COS]i is nearly zero, thus resulting in AFR for COS close to 1, the actual modeled values
range from 0.2 to 0.6 depending on gsw. This deviation indicates that [COS]i is not negligible
and suggests a dynamic COS consumption within the leaf that does not bring [COS]i close to
zero.

The model also reveals a distinct LRU pattern, showing sharp increases at low gsw values
followed by stabilization at higher gsw. This response is consistent with observations from
Experiment 2, where LRU exhibited similar trends in response to gsw. These results underscore
the differing sensitivities of COS and CO2 uptake to gsw, as reflected in both experimental and
modeled data.

2.3.2.4 Response to leaf temperature (Hypothesis H3)

To investigate the temperature function of enzyme activity separated from ΓCOS in VCOS, we
calculated gm,COS and gm,CO2 using the optimized model S2. Fig. 2.11 shows the temperature
dependency of gm,COS and gm,CO2 for three sunflowers. Themagnitudes of these dependencies
vary among plants due to differences in optimized Vmax values. The optimum temperature for
gm,COS is around 35 to 40 °C, while for gm,CO2 it is approximately 35 °C, which contradicts
Hypothesis 3, proposing a lower optimum temperature for gm,COS than for gm,CO2.

The observed decline in VCOS above 25 °C in Experiment 3 (Fig. 2.6a) is explained by the
model-predicted impact of ΓCOS on COS uptake. While the optimum temperature for gm,COS

is approximately 35 to 40 °C, the influence of temperature-dependent ΓCOS results in a much
lower optimum temperature for VCOS, around 20 °C. This is significantly lower than the opti-
mum temperature for VCO2, which is approximately 30 °C.

Overall, the model results suggest that the temperature dependence of ΓCOS plays a critical
role in shaping the distinct responses of VCOS and VCO2.
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Figure 2.9: Posterior temperature functions for ΓCOS from S1 to S4 models, shown with orange lines
and error ranges from 200 Monte Carlo simulations. These are compared with ΓCOS values from
Experiment 1 (blue triangles, regression-derived from two temperature points) and Experiments 2
and 3 (black circles with red edges, derived indirectly). Regression-derived ΓCOS measurements are
55.0 ± 53.2 pmolmol

−1 at 19.8 °C and 138.7 ± 26.1 pmolmol
−1 at 25.0 °C, detailed in Sect. 2.3.1.1). In-

directly derived values are averages with standard deviation error bars, calculated from parameters
optimized through 200 Monte Carlo simulations (See Sect. 2.2.5).

2.4 Discussion

This study aimed to investigate how leaf COS and CO2 fluxes respond differently to environ-
mental changes and to identifywhich internal processeswithin leaves govern these differences.
Laboratory experiments were conducted under controlled conditions to isolate the effects of
stomatal conductance and temperature. However, to provide more insights in the internal
processes that control COS exchange, we developed and optimized a coupled CO2–COS–H2O
conductance model to mechanistically interpret the measurement data. Although the model
involves some simplified representations of internal processes, these simplifications are minor
and do not affect the overall interpretation. In this section, we discuss the uncertainties in both
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deviation from 500 simulations using posterior error propagation.
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observations and model representations, the physiological implications of the observed COS
compensation points, and their broader significance for biochemical parameters and the global
COS budget.

2.4.1 Uncertainties in measurements and models

Through improvements in our experimental setup, especiallywith the LI-6800 system incorpo-
rating new gasket materials (Advanced Polymer, Polyethylene, and Neoprene) and optimized
flowpaths, weminimized the gas leakage issues prevalent in previous systems like the LI-6400.
No significant pressure differentials were observed during experiments, supporting the effec-
tiveness of these enhancements. Additionally, maintaining the cuvette under slight positive
pressure reduces the risk of inward leakage.

Although leakage issues were minimized, the high uncertainty in COS measurements and
models still requires careful interpretation. Model S2 was selected as the best model due to its
minimal posterior costs and lowest RMSE with observation-based ΓCOS, despite higher H2O
and background costs compared to S1, as shown in Table 2.6. Furthermore, the minor differ-
ences in posterior costs and RMSE with indirectly derived ΓCOS between S2 and S4 suggest
that S4 is a viable alternative. The strong correlation between the temperature dependence
of ΓCOS (mCOS) and Vmax,CA complicates the precise and independent determination of these
two parameters. Accordingly, the exact value and temperature dependence of ΓCOS remain
uncertain, but including a compensation point in the models, as in models S2 and S4, signifi-
cantly improves their alignment with observations.

Another limitation concerns the restricted temperature range of our experiments. Our op-
timization was based on data from Experiments 2 and 3, conducted at temperatures ranging
from 19.0 °C to 29.8 °C. Therefore, additional experiments across a broader temperature range
are necessary to confirm the existence and assess the temperature dependence of ΓCOS.

The choice of elevated COS concentration in the cuvette also introduces interpretative con-
siderations. In our experiment, we increased the COS mole fraction in the cuvette to approxi-
mately 1000 pmolmol−1, significantly above natural ambient levels, to enhance signal detection
and reduce noise. The primary purpose of our empty chamber experiments was to eliminate
the effects of emissions from chamber materials. Conducting these tests at similarly high mole
fractions also helped mitigate any emissions that could arise from this higher mole fraction
setting.

This highCOSmole fraction possibly contributed to slightly higherAFR (Fig. 2.10) because
the high ambient mole fraction may influence the internal concentration. [COS]i [COS]−1

a

values of about 0.63± 0.13 were observed under elevated ambient [COS]a conditions (Stimler
et al., 2010), aligning with our results. Stimler et al. (2010) also reported a linear relationship
between [COS]i [COS]−1

a and [COS]a, likely due to retro-diffusion from the leaves. Therefore,
when applying our results to natural conditions ([COS]a about 500 pmolmol−1, the AFR may
decrease. However, the high AFR is also possibly due to the influence of ΓCOS. The simulated
[CO2]i [CO2]

−1
a ranges from 0.4 to 0.9, consistent with values previously reported for C3 plants

(0.5 – 0.8) (Black et al., 1985; Tanner et al., 2015; Seibt et al., 2010).
Nevertheless, in Experiments 2 and 3, despite the high COS mole fractions, their consis-

tent level throughout the experiments likely negated any impact on analyzing how gsw and
temperatures relate to VCOS and VCO2.

In addition to the experimental limitations discussed above, a practical limitation arises
from the mole fraction range used for model optimization. Model parameters were optimized
using data obtained under relatively high COS mole fraction conditions (≈ 1000 pmolmol−1)
to ensure stable and precise flux measurements, whereas ΓCOS was determined from experi-
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ments conducted at lower inflowing concentrations (100–600 pmolmol−1). This discrepancy
in concentration ranges may introduce some uncertainty when extrapolating parameters be-
tween optimization and compensation-point estimation. Nevertheless, the model formulation
remains internally consistent, and the derived parameters are valid for interpreting the rela-
tive temperature-dependent behavior of COS exchange. Future experiments targeting near-
ambient COS mole fraction levels will be valuable to further validate the applicability of these
optimized parameters and to evaluate potential retro-diffusion effects undermore natural con-
ditions.

From a modeling perspective, only the enzyme CA is considered in determining the
mesophyll conductance of COS. However, other enzymes, such as RuBisCO and phospho-
enolpyruvate carboxylase (PEP-C), are known to also catalyze COS uptake (Lorimer et al.,
1989; Protoschill-Krebs et al., 1992). The contribution of RuBisCO to COS uptake is relatively
minor compared to CA (Protoschill-Krebs et al., 1996), and its activity has not yet been
quantified.

An additional source of uncertainty arises from the simplified representation of COS mes-
ophyll conductance in our model. While mesophyll diffusion was not explicitly parameter-
ized, it was implicitly represented through the temperature-dependent CA activity function
(Cho et al., 2023) that integrates both diffusional and biochemical processes. Nevertheless,
this implicit treatment may not fully capture variations in diffusional resistance under differ-
ent environmental or structural conditions, and thus its influence on the temperature depen-
dence of COS uptake cannot be completely excluded. Future modeling studies incorporating
explicit mesophyll diffusion parameterization—beyond the current CA-based formulation—
would help to disentangle the relative contributions of diffusional and biochemical controls,
as well as potential COS emissions from leaves, in regulating COS exchange.

Beyond these structural uncertainties in the model, it is important to note that the con-
ductance model was designed as an exploratory diagnostic tool. Its purpose was to integrate
the coupled behavior of CO2, COS, and H2O exchange and to mechanistically interpret the
observed fluxes. Despite its simplifications in not considering minor features, such as outlet
mass flow change and boundary ternary effect, this framework represents the first attempt to
jointly optimize gas exchange for the three gases, thereby providing a process-based means to
independently estimate theCOS compensation point. Overall, this approach highlights the po-
tential of combined gas-exchange measurement and modeling to advance our understanding
of COS biogeochemistry.

2.4.2 Possible causes of a COS compensation point

COS emission can occur due to leaf stress induced by external factors during experiments.
To minimize the risk of mechanical damage or stress, the chamber was gently attached, and
leaves were inspected post-experiment for physical damage such as bruising, desiccation, or
discoloration. Novisible damagewas observed, and the limitedmeasurement duration further
reduced the likelihood of stress-induced COS emissions.

Previous studies on COS leaf exchange experiments have reported positive ΓCOS values,
but often concluded these are statistically indistinguishable from zero due to high variability.
For example, Stimler et al. (2010) observed a ΓCOS of 60.7 pmolmol−1 at 25 °C and attributed
it to potential retro-diffusion under high COS mole fractions. Similarly, our ΓCOS at 20.0 °C
(55.0 ± 53.2 pmolmol−1) was statistically insignificant, whereas a significant ΓCOS (138.7 ±

26.1 pmolmol−1)was detected at 25 °C. Considering that our experiments, like those of Stimler
et al. (2010), were conducted under relatively high COS mole fractions, this pattern suggests
that higher temperature may enhance diffusion-driven feedback. It should also be noted that
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our COSmodel does not explicitly account for mesophyll diffusion conductance, and thus part
of the apparent emission function could be interpreted as an effect of internal diffusion-related
mechanisms (e.g., retro-diffusion) within the leaf).

In addition to retro-diffusion, temperature-induced stress could also contribute to the ob-
served COS compensation point. Previous studies, typically conducted below 25 °C, did not
assess temperature dependence. Our modeling revealed a linear relationship between ΓCOS

and temperature, consistent with Stimler et al. (2010), who reported higher ΓCOS in mosses
at elevated temperatures. Although no visible stress was observed in our plants, temperature
stress may have influenced ΓCOS. Gimeno et al. (2017) suggested that COS emissions could
result from protein degradation under stress, releasing COS through the breakdown of sulfur-
containing amino acids. This highlights the role of temperature-driven biochemical pathways
in shaping ΓCOS values and supports the inclusion of ΓCOS in leaf gas exchange models.

Beyond temperature-driven stress, differences in species physiology also contribute to
ΓCOS. Mosses studied by Stimler et al. (2010) exhibited higher ΓCOS values than in vascular
plants, likely due to enzymatic activity of associated fungi and bacteria. While microbial
activity is not directly applicable to vascular plants, it underscores the importance of species-
specific factors in determining COS emissions. In vascular plants, rapeseed is known to
produce COS due to its high sulfur content, with ΓCOS exceeding 100 pmolmol−1 during
ripening and senescence (Belviso et al., 2022). However, no experiments have previously been
conducted to detect ΓCOS in sunflowers.

Previous studies (e.g., Maseyk et al., 2014 and Belviso et al., 2022) reported that COS emis-
sions occur during the ripening and senescence phases, indicating that senescence-related pro-
cesses could explain COS emissions rather than active uptake from living tissues. In Maseyk
et al. (2014), part of these emissions may have originated from the soil, whereas Belviso et
al. (2022) provided strong evidence for plant-derived senescence emissions. Additionally,
Kesselmeier et al. (1993) reported ΓCOS values ranging from 57 to 328 pmolmol−1 in rapeseed
and corn during flowering. In our study, measurements were conducted during the flowering
phase, which could explain the observed COS emissions, although the exact source remains
unclear. Sulfur emissions during senescence have been linked to the translocation of sulfur-
containing amino acids and sulfur regulation in plant cells (Rennenberg, 1991).

Apart from biological factors, methodological advances may explain the discrepancies be-
tween our results and previous studies. We employed the Li-6800 system, which offers im-
provedmeasurement accuracy, and evaluated an optimized conductance model incorporating
temperature-dependent ΓCOS. Our findings confirm that all observations support an increase
in ΓCOS with temperature.

Taken together, the existence of ΓCOS and its increase at higher temperatures may result
from a combination of the factors discussed above. However, our current formulation of
ΓCOS is expressed solely as a temperature-dependent function and does not explicitly include
retro-diffusion effects. As a result, while the observed increase in ΓCOS with temperature is
consistent with thermally driven processes, the potential contribution of internal diffusion
feedback—particularly under elevated COS mole fractions—cannot be fully excluded.

At present, reliable measurements can only be obtained under relatively high COS mole
fractions, which limits our ability to fully constrain ΓCOS dynamics near ambient conditions.
Improving detection precision at low COS concentrations and incorporating explicit represen-
tations of internal diffusion in futuremodels would enable amore direct evaluation ofwhether
ΓCOS variability originates from retro-diffusion or from physiological and biochemical pro-
cesses. Moreover, extending such measurements to different phenological stages and species,
and exploring interactions with microbial associations and environmental stressors, will be
essential for developing a more mechanistic understanding of COS exchange in plants.
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2.4.3 Impact of COS compensation point on Vmax,CA

When ΓCOS was explicitly considered in the optimization, the optimized ratio between Vmax,CA

and Vmax,Rub ranges from 2160 to 2770, which is higher than previously obtained values of ap-
proximately 1200 from laboratory measurements with C3 plants (Berry et al., 2013). Kooi-
jmans et al. (2021) reported an average ratio of 1616 ± 562 based on field observations in
summer months. In contrast, when ΓCOS was excluded (model S1) the optimized Vmax,CA

became smaller, resulting in ratios of 1197–1327, closely matching the values reported in pre-
vious studies. Thus, models that incorporateΓCOS result in higher optimized values of Vmax,CA

and consequently to higher ratios between Vmax,CA and Vmax,Rub, indicating a highermaximum
catalyzation velocity of CA.

2.4.4 Consequences for the COS global budget

Our evidence of decreasing VCOS between 20 and 25 °C (Fig. 2.6a) supports lower biosphere
uptake in high temperature regions. The current COS budget has a missing source of roughly
400GgSyr−1, mainly due to the large biosphere sink calculated by the Simple Biospheremodel
(SiB4) in the tropics (Berry et al., 2013). In warm tropical forests, biosphere uptake would be
significantly reduced.

The presence of ΓCOS could have implications for the global COS budget and the utilization
of COS in estimating GPP, especially under conditions such as drought, where high tempera-
tures and low humidity persist. Despite the uncertainty concerning ΓCOS in our experiments,
including ΓCOS in our model better reproduced CO2 and COS observations. This suggests that
incorporating ΓCOS into global biosphere models could enhance the accuracy of COS flux es-
timates. Differences in temperatures and humidity responses between CO2 and COS should
also be considered. To further improve the large-scale modeling, it is recommended to mea-
sure ΓCOS and enzyme activity across diverse plant types, specifically tropical plants.

While our study focused on controlled conditions with a single species, larger variations
would indeed be expected under natural conditions and across different species. Conse-
quently, future research should therefore explore these factors in more diverse environmental
settings to validate and generalize these findings.
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Optimizing the Carbonic Anhydrase
temperature response and stomatal
conductance of carbonyl sulfide leaf
uptake in the simple biosphere model
(SiB4)

Carbonyl Sulfide (COS) is a useful tracer to estimate Gross Primary Production (GPP) because
it shares part of the uptake pathway with CO2. COS is taken up in plants through hydrolysis,
catalyzed by the enzyme carbonic anhydrase (CA), but is not released. The Simple Biosphere
model version 4 (SiB4) simulates COS leaf uptake using a conductance approach. SiB4 ap-
plies the temperature response of the RuBisCo enzyme (used for photosynthesis) to simulate
the COS leaf uptake, but the CA enzyme might respond differently to temperature. We intro-
duce a new temperature response function for CA in SiB4, based on enzyme kinetics with an
optimum temperature. Moreover, we determine Ball-Woodrow-Berry (BWB) model parame-
ters for stomatal conductance (gs) using observation-based estimates of COS flux, GPP, and gs

along with meteorological measurements in an evergreen needleleaf forest (ENF) and decid-
uous broadleaf forest (DBF). We find that CA has optimum temperatures of 20 °C (ENF) and
36 °C (DBF), which is lower than that of RuBisCo (45 °C), suggesting that canopy temperature
changes can critically affect CA’s catalyzation activity. Optimized values for the BWB offset
parameter are similar to the original value (0.010± 0.003 molm

−2
s
−1), and optimized values

for the BWB slope parameter (ENF: 16.4, DBF: 11.4) are higher than the original value (9.0) at
both sites. The optimization reduces prior errors on all parameters by more than 50% at both
stations. We apply the optimized gi and gs parameters in SiB4 site simulations, thereby improv-
ing the timing and peak of COS assimilation. In addition, we show that SiB4 underestimates
the leaf humidity stress under conditions where high VPD should limit gs in the afternoon,
thereby overestimating gs. Furthermore, global COS biosphere sinks with optimized param-
eters show smaller COS uptake in regions where the air temperature is over 25 °C, mostly in
the tropics, and larger uptake in regions where the temperature is below 25 °C. This change
corresponds with reported deficiencies in the global COS fluxes, such as missing sinks at high
latitudes and required sources in the tropics. Using our optimization and additional observa-

Cho, A., Kooijmans, L. M. J., Kohonen, K.-M., Wehr, R., and Krol, M. C. (2023). Optimizing the carbonic
anhydrase temperature response and stomatal conductance of carbonyl sulfide leaf uptake in the Simple Biosphere
model (SiB4). Biogeosciences, 20, 2573–2594. https://doi.org/10.5194/bg-20-2573-2023
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tions of COS uptake over various climate and plant types, we expect further improvements in
global COS biosphere flux estimates.
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3.1 Introduction

The leaf assimilation of the atmospheric trace gas carbonyl sulfide (COS) has been suggested as
a proxy to overcome the limitations of estimating photosynthetic carbon dioxide (CO2) assimi-
lation (Whelan et al., 2018). Observations of the net ecosystem exchange (NEE) of CO2 include
both Gross Primary Production (GPP) and ecosystem respiration, and those two individual
components cannot be directly observed during daytime. COS follows the same diffusional
pathway into leaves through plant stomata as CO2. COS is then destroyed through hydrolysis
catalyzed by the enzyme carbonic anhydrase (CA) and is assumed not to be produced by any
process within leaves (Protoschill-Krebs et al., 1996; Stimler et al., 2010). The CA chemistry is
not light-dependent (Protoschill-Krebs et al., 1996), in contrast to photosynthetic CO2 fixation,
which requires light. Therefore, when the CA activity is accurately quantified, measurements
of COS uptake can provide information on stomatal conductance (Kooijmans et al., 2017).

Atmospheric COS mole fractions vary around 500 parts per trillion (ppt) and are primar-
ily influenced by biosphere uptake, ocean emissions, and anthropogenic emissions (Kettle et
al., 2002). Depending on the environmental conditions, soils can act as a COS source or sink
(Maseyk et al., 2014; Whelan et al., 2016). Recent studies have found that a source is missing
in the tropical region (Berry et al., 2013; Glatthor et al., 2015; Kuai et al., 2015; Ma et al., 2021).
Moreover, Berry et al. (2013) and Hu et al. (2021) showed that a sink is missing, or a source is
overestimated at higher latitudes. These findings ask for careful evaluation of all sources and
sinks, including the biosphere.

Biosphere models, such as the Simple Biosphere model, version 4 (SiB4) (Berry et al., 2013;
Kooijmans et al., 2021) and the Organizing Carbon and Hydrology In Dynamic Ecosystems
model (ORCHIDEE) (Launois et al., 2015a; Maignan et al., 2021; Remaud et al., 2022; Abadie
et al., 2022) have been used to estimate ecosystem exchange of COS quantitatively. The SiB4
COSbiosphere exchangewas recently assessed against observations byKooijmans et al. (2021).
They stressed the need to account for spatial and temporal variations in atmospheric COSmole
fractions, which largely reduce SiB4 COS biosphere uptake in the tropics (although observa-
tions to confirm this influence are lacking). The calculated reduction in the tropics was not
large enough to explain the gap in the COS budget. Kooijmans et al. (2021) and Vesala et al.
(2022) also found that SiB4 COS biosphere flux simulations were low compared to observa-
tions in the boreal region, consistent with the underestimations found byMa et al. (2021). Our
study follows one of the recommendations inKooijmans et al. (2021) by focusing on the param-
eterization of the temperature dependence of the CA enzyme activity to improve simulations
of the vegetation COS uptake in SiB4.

In SiB4, the COS assimilation is described as a series of resistances (i.e. inverse conduc-
tances) at the leaf boundary layer (gb), the stomatal pores (gs), and the leaves’ interior (gi).
The gb and gs of COS are scaled relative to conductances forwater vapor or CO2with diffusivity
ratios and a calibration factor. For gi, previous studies found that both the CA enzyme activity
(Badger et al., 1994) and mesophyll conductance (Evans et al., 1994) scale with the maximum
velocity of carboxylation by the enzyme RuBisCo (Vmax,rub). Therefore, the COS internal con-
ductance in SiB4 is scaled to Vmax,rub through a single calibration factor α based on laboratory
leaf gas exchange measurements(Stimler et al., 2010; Stimler et al., 2011; Berry et al., 2013).
However, the enzymatic control of COS and CO2 assimilation differs. COS molecules are hy-
drolyzed by the enzyme CA in the mesophyll cells (Protoschill-Krebs et al., 1996). In contrast,
photosynthesis is further controlled by the enzyme RuBisCo. Thus, CO2 has a different point
of uptake compared to COS. The enzyme activity depends on the enzyme abundance and is
related to environmental parameters such as temperature and pH (Michaelis et al., 1913). In
particular, the CA enzyme does not require light to catalyze COS hydrolysis, whereas the Ru-
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BisCo enzyme does require light (Stimler et al., 2010). Different temperature responses of
RuBisCo and CA were reported by Boyd et al. (2015) with the C4 plant Setaria viridis. They
measured that Vmax,rub increased with temperature in the range 10 to 40 °C, whereas the CA
activity decreased above 30 °C. Currently, however, there is limited information about the tem-
perature response function of CA.

Several studies found that the leaf relative uptake ratio (LRU, which is proportional to the
ratio of COS and CO2 deposition velocities) varies with temperature under conditions where
light was not limiting photosynthesis (Cochavi et al., 2021; Stimler et al., 2010; Sun et al., 2018c;
Kooijmans et al., 2019). More specifically, the LRU decreased with increasing temperatures
above 15 °C, indicating that COS uptake has a lower optimum temperature than CO2 uptake,
possibly driven by different temperature responses of the CA and RuBisCo enzymes. There-
fore, to accurately simulate the relation between COS and CO2 exchange in leaves, it is neces-
sary to use separate temperature response equations for the internal conductance to CO2 and
COS.

Besides uncertainties in gi, uncertainties in gs can also affect the accuracy of simulated COS
assimilation. A common approach for simulating gs is the semi-empirical Ball-Woodrow-Berry
(BWB) model (e.g., Ball et al., 1987; Ball, 1988; Collatz et al., 1992). This model is also applied
in SiB4 and utilizes a set of related variables (e.g., photosynthesis, relative humidity, and CO2

concentration at the leaf surface) and two empirical constants. One of the constants (b1) de-
scribes the slope of the relation between gs and GPP. The other constant (b0) represents the
residual gs in the dark. The current implementation of the BWB model in SiB4 has only one
pair of b1 and b0 values for C3plants and only one pair for C4plants, whereas the BWB constants
should ideally be prescribed for each plant functional type (PFT) separately to obtain accurate
gs (Miner et al., 2017). To constrain b0 requires information on nighttime gs. However, obtain-
ing gs estimates from nighttime water vapor fluxmeasurements in the field is highly uncertain
due to observational constraints (Papale et al., 2006; Wehr et al., 2017; Wehr et al., 2021). As an
alternative, nighttime COS uptake was previously reported (White et al., 2010; Belviso et al.,
2013; Commane et al., 2013; Commane et al., 2015; Berkelhammer et al., 2014; Billesbach et al.,
2014; Wehr et al., 2017; Kooijmans et al., 2017), andwhen the soil uptake is properly accounted
for, this flux could provide information on stomatal opening. Several multi-year measurement
datasets of CO2 and COS biosphere and soil fluxes are now available (Commane et al., 2015;
Wehr et al., 2017; Vesala et al., 2022). Multi-year datasets make it possible to distinguish valid
signals from noise and to use COS to provide information on gs and constrain the BWB model
parameters.

This research aims to optimize the temperature response of CA andBWBmodel parameters
to better estimate COS assimilation in the SiB4 model. To do so, we will use eddy covariance
(EC) measurements of the COS leaf flux, GPP derived from NEE, and gs derived from the EC
COS flux. The optimization will be based on observations from two PFTs: a boreal evergreen
needleleaf forest (ENF) atHyytiälä, Finland and a temperate deciduous broadleaf forest (DBF)
at Harvard Forest, USA. The optimized parameters will be applied in a global simulation of
the SiB4 biosphere model to evaluate the effects on the global COS biosphere sink.
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3.2 Methodology

3.2.1 Modelling COS leaf uptake

3.2.1.1 SiB4 biosphere model

The SiB4 model is a prognostic land surface model that calculates the COS flux as described in
Berry et al. (2013). Themain application of themodel is to estimate land-atmosphere exchange
of carbon, energy, and water budgets (Sellers et al., 1986; Sato, 1989). SiB4 has a timestep of
10-minutes and operates on a spatial resolution of 0.5◦×0.5◦. Unlike the previous SiB3 model,
which relies on satellite information to specify the time-varying phenological leaf state, version
4 fully simulates the terrestrial carbon cycle using a process-basedmodel (Haynes et al., 2019).

As each vegetation type has different physiological and phenological characteristics, SiB4
simulates photosynthesis in a heterogeneous land cover with different plant functional types
(PFTs) per site or grid cell, each with separate fractions. These PFTs consist of nine natural
vegetation classes and three specific crop types (maize, soybeans, and winter wheat), plus
the separation of C3 and C4 plants in generic cropland and grassland. Besides responses of
plant growth to temperature, humidity, radiation, and precipitation, the model accounts for
environmental stress factors as a limitation to plant growth: the leaf humidity stress (FLH),
the root-zone water stress (FRZ), and the canopy temperature stress (FT). Several variables
(e.g., Vmax,rub) are prescribed according to phenological stages: leaf-out, growth, maturity,
senescence, and dormant stages. The leaf-out stage begins when the environmental conditions
are suitable for photosynthesis to take place, and the growth stage is determined when the
canopy is large enough to support photosynthesis. The maturity starts when the leaf amount
is maintained. When plants experience stress and photosynthetic capacity is reduced, it is
prescribed as senescence. In the dormant stage, plants do not have leaves in the canopy, or
conditions are unsuitable for photosynthesis (Haynes et al., 2020).

3.2.1.2 Module for COS vegetation uptake in SiB4

SiB4 simulates COS vegetation assimilation as a combination of three conductances from the
laminar boundary layer to the chloroplast (gb, gs, and gi) multiplied by the atmospheric COS
mole fraction (Berry et al., 2013):

FCOS = CCOS(
1.94

gs
+

1.56

gb
+

1

gi
)−1, (3.1)

where FCOS is the COS vegetation assimilation in the canopy (pmolm−2 s−1), and CCOS is the
COS mole fraction in the canopy air space (pmolmol−1). The factors 1.94 and 1.56 account for
the smaller diffusivity of COS with respect to H2O through the boundary layer and stomatal
pores, respectively (Seibt et al., 2010; Stimler et al., 2010). Note that gi includes all conductances
downstreamof the stomata, such as themesophyll conductance. Within SiB4, the aerodynamic
conductance is used to connect the mole fraction in the canopy air space to the atmosphere.

The stomatal conductance gs (molm−2 s−1) in SiB4 is calculated by using the BWB model.
This model relates gs and GPP as a function of environmental factors with two empirical con-
stants b0 and b1:

gs = b1
GPPSiB4

CO2s

FLH + b0 LAIFRZ, (3.2)

where GPPSiB4 (molm−2 s−1) is the canopy CO2 assimilation, CO2S (µmolmol−1) is the
CO2 mole fraction at the leaf surface, FLH (-) is the leaf humidity stress factor, LAI is the leaf
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area index (-), and FRZ is a non-dimensional term that accounts for root-zone water stress.
FLH is related to relative humidity at the leaf surface and is calculated as a ratio of the water
vapor mixing ratio at the leaf surface to the water vapor mixing ratio in the leaf internal space
(Sellers et al., 1992). The value of FLH for ENF has a lower bound of 0.7, making ENF more
resilient to humidity stress. However, Smith et al. (2020) found that with the 0.7 threshold in
place, SiB4 did not accurately simulate the drought response for European ENF ecosystems.
Therefore, we removed this lower bound in the optimization, but will show the impact in a
sensitivity study in Sect. 3.3.5.1.

The empirical constant b1 is the slope of the linear relationship between gs and GPPSiB4

FLHCO−1

2s , and b0 (molm−2 s−1) is the intercept indicating minimum gs (Ball et al., 1987; Ball,
1988). The choice for b1 significantly impacts simulated transpiration (Leuning et al., 1998; Lai
et al., 2000; Bauerle et al., 2014) and is prescribed in SiB4 as 9.0 for C3 plants and 4.0 for C4

plants. The coefficient b0 is 0.01molm−2 s−1 for most PFTs, but 0.04molm−2 s−1 for crops and
C4 plants. The prescribed b0 term is converted from the leaf to the canopy scale by multiplying
by LAI.

GPPSiB4 is explicitly calculated in SiB4 as the minimum of three assimilation rates limited
by enzyme activity (wc), light (we), and carbon compound export (ws) (Haynes et al., 2020).
The three rates are calculated by functions fc, fe, fs described in detail in Sellers et al. (1996a)
depending on a canopy temperature (Tcan (K)):

wc = fc(Vmax(Tcan), pCO2i, pO2(Tcan), γ
∗) , (3.3)

we = fe(APAR, pCO2i, γ
∗) , (3.4)

ws = fs(Vmax(Tcan), FRZ, pO2(Tcan)) , (3.5)

Here, pCO2i (Pa) is the internal partial pressure of CO2, pO2(T ) (Pa) is the temperature
response of partial pressure of O2, APAR (molm−2 s−1) is the absorbed photosynthetically
active radiation, and γ∗ (Pa) is the CO2 photo-compensation point. Note thatGPPSiB4 is used
in SiB4 to calculate the COS leaf flux via gs, as described in Eq. 3.2 and evaluated independently
from GPP calculated by the BWB model (GPPBWB), which will be introduced in Sect. 3.2.3.1.

The COS molecules that have diffused into the leaf mesophyll cells are hydrolyzed in a
reaction catalyzed by the CA enzyme (gi). Since the enzyme activity and mesophyll conduc-
tance are analogous and the terminal COS concentration is assumed to be zero, SiB4 presumes
that the two conductances can be combined and that the gi (molm−2 s−1) scales with Vmax,rub

(molm−2 s−1) at 298K as follows (Berry et al., 2013):

gi(PS) = α · Vmax,rub(PS) · f(Tcan)SiB4 · FLC(PS) · FRZ ·

(

P

Psfc

)

·

(

Tcan

T0

)

. (3.6)

Vmax,rub varies with phenological stage (PS) (see Table 3.3) and is scaled with a Tcan re-
sponse function f(Tcan)SiB4 that prescribes the relative increase per 10K increase (Q10) as 2.1:

f(Tcan)SiB4 = 2.10.1 (Tcan − 298). (3.7)

In SiB4, the canopy temperature Tcan is calculated from the temperature above the canopy
using the leaf surface energy balance (Sellers et al., 1996b), and Tcan is normally obtained from
ameteorological analysis dataset. In this study, however, we use the air temperaturemeasured
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above the canopy to obtain Tcan needed by SiB4. Likewise, we use the specific humidity mea-
sured above the canopy, which is used by SiB4 to calculate the leaf humidity stress factor FLH

at leaf surface level, needed in Eq. 3.2.
Other modifying factors in Eq. 3.6 are the ratio of atmospheric pressure (P , hPa) to the

surface pressure (Psfc = 1000 hPa) and the ratio of the temperature to the reference tempera-
ture (T0 = 273.15K). FLC (-) is the scaling factor from leaf to canopy, accounting for a fraction
of absorbed PAR (FPAR) and other factors such as light scattering and leaf projection. The
calibration parameter α (-) was obtained from simultaneous measurements of COS and CO2

uptake (Stimler et al., 2010; Stimler et al., 2012; Berry et al., 2013) andwas estimated as 1400 for
C3 and 8862 for C4 plants. These numberswere derived from a limited number of observations,
so the values of α do not capture variability between plant species and seasons. Kooijmans et
al. (2021) derived α from ecosystem observations of six sites throughout the growing season
and found an average α of 1616± 562 (C3 plants). Here, the standard deviation indicates large
variability over time and between sites. The impact of α on gi will be described in Sect. 3.2.1.3.

3.2.1.3 A new approach to describe gi

Each enzymehas its ownkinetic characteristics, with activity generally increasingwith temper-
ature up to an optimum temperature and decreasing above this temperature. To derive a more
realistic enzyme activity that also accounts for an optimum temperature, we propose a tem-
perature response (f(Tcan)new) based on an Arrhenius-type equation that applies Michaelis-
Menten kinetics. TheArrhenius equation has been used for Vmax,rub andmaximum rate of pho-
tosynthetic electron transport to estimate GPP (e.g., Dreyer et al., 2001; Galmés et al., 2016).
A similar model was previously used in COS soil models (Sun et al., 2015; Ogée et al., 2016).
The equation is described as (Peterson et al., 2004; Daniel et al., 2010):

f(Tcan)new = AT ·

Tcan exp
(

−
∆Ha

RTcan

)

1 + exp
(

−
∆Heq

R

(

1
Tcan

−
1

Teq

)) . (3.8)

Here, three variables for enzyme kinetics are included: ∆Ha (Jmol−1) is the activation
free energy of the CA enzyme; ∆Heq (Jmol−1) is the enthalpy change when the enzyme con-
verts from an activated to inactivated state; Teq (K) is the temperature at which activated and
inactive enzymes’ concentrations are equal (Daniel et al., 2010; Sun et al., 2015). The factor
AT normalizes Eq. 3.8 such that, equivalent to Eq. 3.7, f(Tcan)new = 1 at Tcan = 298K. We
adopt AT as the value of f(Tcan)

−1
new when T is equal to Teq. R is the universal gas constant

(8.3145 JK−1mol−1).
Figure 3.2 shows that α and the three kinetic parameters have different effects on the

temperature response of gi (Eq. 3.6). The calibration parameter α affects the strength of gi
(Fig. 3.2a) and its accuracy is therefore crucial for accurate COS flux simulations. With ∆Ha

increasing (Fig. 3.2b), gi decreases (increases) for temperatures above (below) the optimal
temperature. ∆Heq has the opposite effect, albeit with a different response to∆Ha (Fig. 3.2c).
Both ∆Ha and ∆Heq affect gi depending on the temperature range. Finally, Fig. 3.2d shows
that Teq determines the optimum of the temperature response curve without having an impact
on the magnitude of gi.

3.2.2 Observations

In optimizing the parameters gs and gi, we used the following variables obtained from obser-
vation to calculate COS leaf uptake (Eq. 3.1): the COS ecosystem flux, the COS soil flux, CCOS,
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Figure 3.1: Calculated gi as a function of canopy temperature for parameters (a) α, (b)∆Ha, (c)∆Heq,
and (d) Teq from Eq. 3.6 and Eq. 3.8. Each parameter is set to five different values given in the caption
to investigate the response of gi to temperature. While the target parameter changes, the other variables
are fixed as α = 1400, ∆Ha = 40 kJmol

−1, ∆Heq = 100 kJmol
−1, and Teq = 295K which are initial

values for Hyytiälä (see Sect. 3.2.3.2).

temperature, and specific humidity, andGPPpartitioned fromNEEmeasurements. These data
were collected and derived at Hyytiälä in Finland during 2013–2017 (Kooijmans et al., 2017;
Sun et al., 2018c; Vesala et al., 2022) and at Harvard Forest in the United States during 2012
and 2013 (Commane et al., 2015; Wehr et al., 2017). To validate the optimization results, we
used the observation-based gs and gi (Sect. 3.2.2.2).

3.2.2.1 COS flux, GPP, and mixing ratio

We used canopy COS uptake derived from COS EC measurements for Hyytiälä (Kohonen et
al., 2020; Vesala et al., 2022) and Harvard Forest (Wehr et al., 2017). The effect of storage in
the canopy airspace was included by collocated COS profiles (Kooijmans et al., 2017; Kohonen
et al., 2020).

GPP at Hyytiälä has been obtained fromNEE usingmulti-year parameter fits (Kolari et al.,
2014; Kohonen et al., 2022). For Harvard Forest, we chose to use the GPP derived from the
isotope spectrometer measurements, because it is more accurate and reliable with frequent
and rigorous calibrations (Wehr et al., 2016).

COS soil flux measurements were available for the 2016 growing season at Hyytiälä, and
for the 2012 and 2013 growing seasons at Harvard Forest. For the soil flux in other years at
Hyytiälä, we applied the monthly average diurnal cycle of the soil flux from 2016 to the other
years (2013–2015 and 2017). The seasonal and diurnal variation of the soil flux is small com-
pared to the total ecosystem uptake of COS (Sun et al., 2018c). Hence, the averaged value of
2016 can be safely used for other years.

To convert the data frequency of observations to SiB4’s three-hourly time resolution, we
calculated the median value of each variable in each three-hourly interval and for each month.
We only used data points when more than three data points were present and when all vari-
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ables required for the optimization were available. Figure 3.2 shows the resulting average
diurnal cycle per month for COS ecosystem, soil, and vegetation fluxes (ecosystem flux minus
soil flux). Note that positive fluxes indicate uptake. Again, we note that we use the averaged
soil flux at Hyytiälä, because its variability is much smaller than the leaf flux.
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Figure 3.2: Monthly diurnal variation of COS fluxes in 2016 at Hyytiälä (a) and 2012–2013 at Har-
vard Forest (b, c). Lines are median values of each three hours period and filled areas indicate the
interquartile range (25 to 75 percentiles). Black: COS ecosystem flux, blue: soil flux, red: vegetation
flux estimated as ecosystem minus soil flux.

3.2.2.2 Conductances gs and gi

Observation-based gs was derived from sensible heat flux and evapotranspiration measure-
ments using the Flux Gradient (FG) equations (Baldocchi et al., 1991; Wehr et al., 2015; Wehr
et al., 2021). A key step in the derivation of gs is the estimation of transpiration from evapo-
transpiration. At Harvard Forest, transpiration was estimated by an empirical equation estab-
lished during times of minimal non-stomatal evaporation (i.e. a few days after rain, removing
mornings with dew evaporation), as described in Wehr et al. (2017). At Hyytiälä, we simply
restricted our analysis to periods of minimal non-stomatal evaporation by eliminating data
when the dew point was equal to or greater than the air temperature or when the accumu-
lated precipitation for the past two days was more than 0.01 mm.

The FG approach leads to significant uncertainties for nighttime data because the leaf to
air-water vapor gradient is too small under stable conditions (Wehr et al., 2017). We thus
excluded nighttime gs when the valueswere smaller than 0.05molm

−2
s
−1. To reduce the effect

of random noise on gs, we used an average diurnal cycle (based on three-hourly medians) for
each month.

Observation-based gi was extracted by rewriting Eq. 3.1:



3.2 Methodology 65

gi =

(

CCOS

FCOS

−

1.94

gs
−

1.56

gb

)

−1

. (3.9)

Here we used the observation-based gs from the FG equation as discussed above and fil-
tered observations of CCOS and FCOS. Additionally, we used simulated gb from SiB4, as we
don’t have observed gb available and as the value of gb only has a minor effect on FCOS, which
will be further discussed in Sect. 3.3.1. Although outliers of observed gs, CCOS, and FCOS were
removed already, a significant number of outliers in gi appeared because of error propagation.
To avoid excessive noise, we only retained gi values in the interquartile range (25–75 percentile)
of three hours for each month.

3.2.3 Optimization

3.2.3.1 Procedure

In the optimization steps, we minimized a quadratic cost function J(x) based on Bayes’ theo-
rem (Tarantola et al., 1982; Enting et al., 1993):

J(x) =
(x− xa)

2

2σ2
a

+
(y −H(x))2

2σ2
y

(3.10)

Here, x represents the state, xa the prior settings of the state, and σa the error assigned to the
parameters. In the second term, y represents the observations andH(x) the model evaluation
using the state x. The error σy represents the observational error. The details of σa and σy will
be described in Sect. 3.2.3.2 and Sect. 3.2.3.3, respectively.

To optimize the gs and gi parameters, we intend to use the information from GPP and COS
leaf uptakemeasurements sequentially. Thus, we propose a two-step approach in combination
with an iterative minimization of the cost functions, as outlined in Fig. 3.3. In the first step, we
optimally estimate gs parameter b1 by minimizing J(x) which sums GPP differences between
estimation (H(b1) in Eq. 3.10) and observation.

We select GPP for the first step optimization rather than gs, because derived GPP fromNEE
has been evaluated more frequently than observation-based gs. We use only positive GPPobs

values (uptake) because our target parameter b1 in the first step cannot be optimizedwhenGPP
is zero. Here, we do not use GPPSiB4 because SiB4 does not apply the BWB model for GPP
calculation as described in Eqs. 3.3–3.5. For this reason, we cannot optimize BWB parameters
with GPPSiB4. Instead, we estimated GPP by rewriting the BWB model using an observation-
based gs (Sect. 3.2.2.2), modelled RH at the leaf surface (FLH), and simulatedCO2S from SiB4.
Hereinafter the estimated GPP by the BWB model is called GPPBWB:

GPPBB =
(gs − b0 LAIFRZ) CO2s

b1 FLH

. (3.11)

In the second optimization step, we optimize the b0 and gi parameters (α in Eq. 3.6 and Teq

in Eq. 3.8). These parameters are optimized by minimizing the differences between calculated
and observed FCOS. FCOS is calculated with three conductances using Eq. 3.1. Specifically, gs
is estimated with Eq. 3.2 using the optimized b1 from step 1. Here, we usedGPPSiB4 to satisfy
our aim of optimizing the SiB4 model parameters. Note that GPPBWB from Eq. 3.11 cannot
be used here, because it would make the estimated gs equal to observation-based gs. Based on
sensitivity studies in Appendix A3.1, we decided to select α, b0, and Teq as target parameters
and to fix ∆Heq and ∆Ha at 100 kJmol−1 and 40 kJmol−1, respectively.
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In the optimization procedure, we specifically exploit the fact that the nighttime COS flux
carries information about nighttime gs through the parameter b0. The alternative, i.e. opti-
mizing b0 already in step 1, would ignore the information of nighttime gs brought by COS
flux observations. Consequently, however, we have to iterate the procedure several times to
reach convergence. Figure 3.3 specifies which observations and observation-based quantities
are used in each step (gs,GPPobs, FCOS,obs, CCOS highlighted as gray) and which variables are
simulated by SiB4 (e.g., Tcan, FLH, GPPSiB4, CO2S, and gb).

Figure 3.3: Flow chart of the procedure to optimize COS leaf uptake’s parameters. The procedure has
two steps: (1) Optimize b1 by minimizing deviations between GPPBWB and observations, (2) Opti-
mize b0, α, and Teq by minimizing deviations between modelled and observed COS uptake. Variables
highlighted in grey are from observations, and the other variables are estimated from SiB4.

We applied the Simplicial homology global optimization (SHGO) from the SciPy python
library to minimize the cost functions. SHGO is appropriate for solving non-continuous, non-
convex and non-smooth functions (Endres et al., 2018). SHGO also allows the definition of a
valid parameter range, as will be discussed in Sect. 3.2.3.2 and in Appendix A3.1.



3.2 Methodology 67

The Vmax,rub was found to vary over the phenological stage and per PFT (Woodward et al.,
1995; Wolf et al., 2006; Kattge et al., 2009; Walker et al., 2014), which also affects the calibration
factor α. Therefore, we optimized α for each PFT and each phenological stage. In contrast,
b0, b1, and Teq were only separately determined for the different PFTs, assuming local char-
acteristics for each PFT. We did not include Vmax,rub in the state variables because this would
require SiB4 CO2 simulations. These simulations need several parameters, like carbon cycle
pools, which are difficult to estimate. Therefore, we focus this research on estimating Vmax,CA

by optimizing gi-related parameters.

3.2.3.2 Initial parameters and prior errors

The first term in the cost function (Eq. 3.10) ties the values of the parameters to realistic values.
We additionally confined the parameter valueswithin realistic physical ranges using the SHGO
algorithm. Initial parameters and prior errors were chosen based on thresholds outlined in
Appendix A3.1, and they will be compared with optimized results in Sect. 3.3.3. The variation
in the resulting cost function shows distinct differences between Hyytiälä and Harvard Forest,
which reinforces our strategy to optimize parameters for each station separately.

3.2.3.3 Observation Errors

To quantify the observational errors σy, we first calculated the three-hourly average coefficient
of variation (CV) relative to the mean of the observed COS vegetation flux in each phenolog-
ical stage and observed GPP for the entire growing season. Figure 3.4 shows the results of
observational errors. The GPP error is applied in step 1 and the COS leaf uptake error is used
in step 2 in the optimization. We multiplied the CV with the mean in each phenological stage.
Here, we classify the error of the COS leaf uptake in each phenological stage because we op-
timized α in each stage. In Fig. 3.4, we found that the errors differ slightly per phenological
stage. At Hyytiälä, the errors are larger in the growth stage compared to the maturity stage,
possibly due to the unstableweather conditions in the growth stage. The COS leaf uptake error
is larger at both stations during nighttime than during daytime. A potential reason can be the
relatively higher uncertainty in the EC method during stable nighttime conditions.

(a) (b) (c)

Figure 3.4: Distribution of the observation error in the growth (a) and maturity stages (b) for COS leaf
uptake and all stages for GPP (c). The upper panel is the errors for Hyytiälä (HYYT) and the lower
panel is for Harvard Forest (HVFM).
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3.2.4 SiB4 simulations

We utilized several simulated variables from SiB4 in our optimization. Specifically, calculated
GPPSiB4, gb, Tcan, Vmax,rub, functions FLH, FRZ and FLC were used to calculate COS leaf up-
take. In addition, LAI andCO2S were used to estimateGPPBWB. Furthermore, we introduced
the new temperature function (f(Tcan)new) in the gi calculation (Sect. 3.2.1.3) to calculate COS
leaf uptake, and excluded P P−1

sfc and Tcan T−1
0 from Eq. 3.6 due to minor impacts of these

factors for these ecosystems.
To simulate the vegetation assimilation FCOS at the two stations, we used the Modern-

Era Retrospective Analysis for Research and Application, version 2 (MERRA-2) (Gelaro et al.,
2017) as meteorological driver data. Only air temperature and leaf specific humidity were
taken from observations. To initialize the carbon pools, we spun up the model to equilibrate
the pools. The spin-upwas performed from 2000 to 2010with ten iterations. We used observed
CCOS and ambient CO2 mole fractions were prescribed at 370 µmolmol−1.

To estimate the global impact of our findings, we performed a global SiB4 simulation from
2016 to 2018 to evaluate the influence of the new parameters on the monthly COS biosphere
fluxes which are averaged for three years. The atmospheric COS mixing ratio CCOS was taken
from optimizations using the TM5 chemical transport model (Ma et al., 2021; Kooijmans et
al., 2021). We used three-hourly CCOS averaged over 2016 to 2018 by Kooijmans et al. (2021).
As we found that all target parameters differ between ENF and DBF (Appendix A3.1), the
application of the optimized parameters to other PFTs will likely be incorrect. Hence, we ap-
plied the optimized parameters only to ENF and DBF, and used the standard values of SiB4
for the other PFTs. However, to confirm the f(Tcan)new effect on COS leaf uptake, we applied
f(Tcan)new to all PFTs with averaged optimum Teq from the two stations (303K) and fixed
∆Heq (100 kJmol−1) and ∆Ha (40 kJmol−1) as described in Appendix A3.1. The soil flux is
estimated following (Ogée et al., 2016) as implemented by Kooijmans et al. (2021).

To examine the humidity stress impact in SiB4, we performed a simulation with and with-
out the lower threshold for FLH of 0.7 for ENF (see Sect. 3.2.1.2). Additionally, we replaced the
RH at leaf level calculated by SiB4 by RH measured above the canopy. Results will be shown
in Sect. 3.3.5.1. To account for the optimized humidity impact on the global COS leaf uptake,
we simulated the global COS leaf uptake without the 0.7 threshold of FLH for ENF.

3.2.5 Error reduction and statistics

To determine the uncertainty in the optimizedmodel parameters, we employed aMonte Carlo
optimization procedure as described in detail in Appendix A3.2. In short, 100 optimizations
were performed. In each optimization, we perturbed the state with random Gaussian noise
on the state and the observations (Chevallier et al., 2007; Bosman et al., 2023), according to
the errors in the state and observations (Fig. 3.4). Posterior error statistics will be reported in
Table 3.3.

Additionally, we quantified the performance of the optimization by calculating the root
mean square errors (RMSEs), mean bias errors (MBEs), and the chi-square metric (χ2). The
χ2 metric quantifies the average deviation from the observations, expressed in σy units. Thus,
χ2 = 1 signals that, on average, the model fits the observation within 1 σ indicating a realistic
error setting.
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3.3 Results and discussion

3.3.1 Impact of each conductance

Figure 3.5 investigates which conductance contributes most to the total conductance (gt). In
these plots, all conductances are prior values before optimization. gs and gi were derived from
observations (Sect. 3.2.2.2). We find that gt is determinedmainly by gi and gs. During daytime,
gi is the lowest conductance in almost all months at Hyytiälä but is comparable to gs inHarvard
Forest. The value of gb is the highest and hence has the smallest impact on gt. Therefore, to
improve the accuracy of COS leaf uptake simulation effectively, parameters of gs and gi are
evaluated and optimized, and gb is kept to its standard value.
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Figure 3.5: Monthly median value of diurnal conductances (black: gt, red: gs, orange: gi, blue: gb) at
Hyytiälä (HYYT) and Harvard Forest (HVFM). gb is estimated by SiB4, gs and gi are calculated based
on observations as described in Sect. 3.2.2.2. Negative values are not displayed. The total conductance
gt is calculated from gb, gs, and gi according to Eq. 3.1.

3.3.2 Optimization performance

We obtained optimized parameters after five iterations. By design, the optimized results re-
duced the deviations between model and observation of GPP and COS leaf uptake. This im-
provement is quantified by statistical indexes in Table 3.1 and Table 3.2, respectively. GPPBWB

is improved slightly compared to the prior (Table 3.1), with RMSEs reduction from 4.08 to
3.84 µmolm−2 s−1 at Hyytiälä and 8.35 to 7.89 µmolm−2 s−1 at Harvard Forest. MBEs are de-
creased from −1.48 to −0.61 µmolm−2 s−1 at Hyytiälä and from −4.97 to −3.46 µmolm−2 s−1

at Harvard Forest (Table 3.1). The χ2 was reduced by about 0.09 at Hyytiälä and by 0.08 at
Harvard Forest. The improvement inGPPBWB reflects the effect of optimizing b1 and b0 in the
BWB model.

The posterior result of COS leaf uptake (“Post” in Table 3.2) shows a slight improve-
ment compared to the original state variables with f(Tcan)new in RMSE (from 7.67 to
5.73 pmolm−2 s−1 at Hyytiälä and from 10.45 to 9.54 pmolm−2 s−1 at Harvard Forest) but
significantly improved MBE (from −5.10 to −0.01 pmolm−2 s−1 at Hyytiälä and from −2.53
to −1.99 pmolm−2 s−1 at Harvard Forest, see “Post” in Table 3.2). The large RMSE reflects
the typically large random noise of COS flux observations (Kooijmans et al., 2016; Kohonen
et al., 2020). However, χ2 drops by 0.41 at Hyytiälä and by 0.38 at Harvard Forest, confirming
that the optimization properly reduced the mismatch between observations and the model
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Table 3.1: RMSE, MBE, and χ2 for the estimation of GPPBWB in daytime using prior stomata parame-
ters (Pri) and posterior parameters (Post).

Station Type
RMSE

(µmolm−2 s−1)
MBE

(µmolm−2 s−1)
χ2

Hyytiälä Pri 4.08 −1.48 0.78
Post 3.84 −0.61 0.69

Harvard Forest
Pri 8.35 −4.97 0.99
Post 7.89 −3.46 0.91

within the error statistics. Figure 3.6 compares the optimized COS leaf uptake to the original
SiB4 simulation in scatter plots. Where the original simulation with f(Tcan)SiB4 and previous
state variables was often underestimating the observations, the optimized results resemble
the observations over a larger range of the data.

Table 3.2: Same as Table 3.1 but for COS leaf uptake, as applied in the original f(Tcan)SiB4 simulation
with original conductance parameters (Org), with the new temperature response function f(Tcan)new
using the initial gs and gi parameters (Pri), with optimized parameters (Post). Here, state parameters
relevant for gi are α and Teq. The state parameters relevant for gs are b0 and b1.

Station Type gi f(T )
RMSE

(pmolm−2 s−1)
MBE

(pmolm−2 s−1)
χ2

Hyytälä Previous SiB4 (org) f(T )SiB4 7.67 −5.10 0.82
Posterior (post) f(T )new 5.73 0.01 0.41

Harvard Previous SiB4 (org) f(T )SiB4 10.45 −2.53 1.19
Forest Posterior (post) f(T )new 9.54 −1.99 0.81

3.3.3 Optimized parameters

The optimized parameter values with posterior errors are listed in Table 3.3. The optimized
SiB4 parameters differ between the stations, likely because the dominant PFT and the climate
conditions differ between Hyytiälä and Harvard Forest. For instance, the optimum temper-
ature is smaller at Hyytiälä (19.85 °C) than in Harvard Forest (35.85 °C) which are slightly
smaller than Teq. Thus, the optimum temperature reflects the temperature dependence of
the enzyme and its adaptation to temperature (Lee et al., 2007). This indicates that regional
temperature information is important for correctly estimating gi globally. The optimum tem-
perature can be compared with other observations. For instance, Burnell and Hatch (1988)
observed increasing CA activity with maize grown in a temperate temperature range from 20
to 30 °C, relative to a temperature of 17 °C. Thus, we can assume the optimal temperature lies
above 17 °C. Another study by Boyd et al. (2015) observed the C4 plant Setaria viridis with a
temperature of 28 °C / 18 °C day/night, and a reduced CA activity is suggested at tempera-
tures above 25 °C. This optimum temperature falls between our values derived for Hyytiälä
and Harvard Forest.

The α, which is the enzyme activity of CA relative to the Vmax,rub, is reduced from the de-
fault value of 1400 to 1316 (in growth) and 1331 (in maturity) at Hyytiälä. At Harvard Forest,
α values are larger than the original values in SiB4 for leaf-out (1780), growth (1740), and
maturity (2224) phenological stages. Here it should be noted that the change of α should be
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(a) Hyytiälä

(b) Harvard Forest

Figure 3.6: Scatter plots between observed and estimated COS leaf uptake from original parameters
with f(Tcan)SiB4 (left) and optimized parameters with f(Tcan)new (right) for two stations. The colors
represent the density of data.

interpreted in combination with the new temperature function f(Tcan)new of gi. Since we only
optimize Teq for two PFTs (with identical and fixed values for ∆Ha and ∆Heq) and Teq only
shifts f(Tcan)new (Fig. 3.2), the magnitude of gi is primarily determined by parameter α. The
different values of α derived for different phenological stages will be discussed in Sect. 3.3.4.

The optimized results of the BWB model parameters b0 are similar to the original val-
ues used in SiB4, but b1 values are mostly higher. The parameter values b0 for Hyytiälä
(0.013 molm−2 s−1) and Harvard Forest (0.007 molm−2 s−1) are slightly changed compared
to the initial value (0.010 molm−2 s−1). For the optimized BWB model parameter b1, the
empirical slope between gs and GPP, we find a considerable increase at Hyytiälä (16.38) and
a slight increase in Harvard Forest (11.43), compared to the prescribed SIB4 value of 9.0. Our
optimized values are larger than the values presented in a review paper for the evergreen
gymnosperm tree which showed b1 = 6.8 and are similar to b1 = 8.7 for the deciduous an-
giosperm tree (Miner et al., 2017). As will be discussed in Sect. 3.3.5.1, the higher slope at
Hyytiälä is possibly related to an incomplete separation of observed transpiration rates from
the latent heat flux.

Concerning the estimated errors in b0, b1, and Teq, we find that errors have been reduced
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significantly compared to the prior error range. This indicates that the available data constrain
these parameterswell. Only theα parameters ofHarvard forest are lesswell constrained. Also,
the skill of the optimization to independently optimize the parameters is high, as quantified
by the posterior covariances that are presented in Appendix A3.2.

Table 3.3: Original (Org), initial (Pri), and optimized (Post) state vectors for Hyytiälä and Harvard
Forest in different phenological stages as defined by SiB4. All values are reported as mean ± standard
deviation. The definition of the prior values is outlined in Appendix A3.1, and the error reduction is
described in Appendix A3.2

Approach State vector Hyytiälä Harvard Forest

Growth Maturity Leaf out Growth Maturity

Previous
SiB4 (org)

Vmax,rub (µmolm−2 s−1) 52 54 96 94 92

α (–) 1400

b0 (molm−2 s−1) 0.01

b1 (–) 9.0

Prior
(pri)

α (–) 1400± 1000 2000± 1000

b0 (molm−2 s−1) 0.02± 0.02 0.01± 0.02

b1 (–) 17± 5 12± 5

Teq (K) 295± 20 310± 20

Posterior
(post)

α (–) 1316± 509 1331± 574 1798± 527 1740± 494 2224± 613

b0 (molm−2 s−1) 0.013± 0.009 0.007± 0.006

b1 (–) 16.36± 2.87 11.43± 1.98

Teq (K) 295± 11 311± 10

3.3.4 Optimized temperature response

The optimized parameters show significant improvement in temperature response of the COS
leaf uptake. Figure 3.7 presents the temperature dependency of gi and COS leaf uptake from
the original and optimized simulations output and observations. As stated before, the orig-
inal f(Tcan)SiB4 describes the CA enzyme activity as an exponentially increasing response
to temperature, which does not resemble the observations. The optimized gi and COS leaf
uptake follow the temperature dependence of the observation more closely than the original
f(Tcan)SiB4. In Harvard Forest, an underestimated bias is shown at a lower temperature under
10 °C, mostly corresponding to nighttime. This underestimate is related to the uncertainty in
nighttime gs and the small data volume at low temperatures (details in Sect. 3.2.2.2).

In the upper panel of Fig. 3.7, we see the different roles of α and f(Tcan)new in the im-
provement of gi response to temperature as the red and orange lines. Without the α correction
applied (Posterior with α = 1400; orange line), the optimized gi resembles the fluctuations in
the observations but there remains a bias in the amplitude. In contrast, when the optimized
value of α is included (red line), the amplitude of gi is improved. Compared to the optimiza-
tion that excluded α, theMBE is reduced from 0.006 to 0.003 µmolm−2 s−1. Due to the different
optimized α values in each phenological stage, the improvement of the red line shows the ap-
propriate temperature responses. For instance, in Harvard Forest, α in leaf-out and growth
(1798 and 1740) mostly corresponds to lower temperatures. At these stages, the impact on gi
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is smaller because gi is smaller than that at high temperature. At high temperatures, there are
more significant corrections of gi, which correspond to the maturity stage value of α (2224).

The temperature responses of gi and COS leaf uptake now show an optimum temperature.
As can be observed in Fig. 3.7a, the optimum temperature of the observation-based gi is seen
as 293 K (19.85 °C) at Hyytiälä. At Harvard Forest, the optimum temperature is 309 K (35.85
°C), but falls outside the observation range. The optimum curve affects to the COS leaf up-
take at both stations with changing peak temperatures (Fig. 3.7b). The accuracies of gi and
FCOS are improved significantly at temperatures both below and above around the optimum
temperature at both sites.

Figure 3.7: Temperature dependency on gi (a) and COS leaf uptake (b) at Hyytiälä (HYYT, left) and
Harvard Forest (HVFM, right). The lines are medians and the filled area represents the 25 to 75 per-
centiles of each temperature range with 3 ºC intervals. Black: data based on observations; blue: previ-
ous parameters with f(Tcan)SiB4; red: optimized parameters with f(Tcan)new and gs parameters of the
BWB model; orange: same as the red line but now α is prescribed with original value (1400) and not
optimized. The numbers indicate number of observations in each temperature bin.

3.3.5 Application in SiB4

3.3.5.1 Monthly diurnal variation

Figures 8 and 9 display the SiB4 simulation results obtained with the original and optimized
parameterizations compared to observations forHyytiälä andHarvard Forest, respectively. As
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a result of the optimization, the monthly diurnal variation of the optimized COS vegetation
flux, gs, and gi are closer to observations than the original SiB4 simulations. The observed
COS leaf uptake and gs show diurnal and seasonal fluctuations at both measurement sites,
with the highest values around midday and in summer. For gi, we observe a weak diurnal
cycle throughout the year, and higher daytime maximum values in summer, driven by the
temperature dependence of CA.

At Hyytiälä, COS leaf uptake in the original SiB4 model was underestimated during day-
time in all months. The fluxes increased too slowly in the morning for all months (Fig. 3.8a).
These issues are solved by optimizing the BWB model parameters and temperature response
function. In the case of gs (Fig. 3.8b), the original SiB4 simulation showed the correct timing
of the increase and decrease of gs in the morning and afternoon but underestimated the peak
daytime values. The optimized model now better resembles the daytime gs values.

However, the model still overestimates gs in the late afternoon of summer months at
Hyytiälä. We speculate that one of the reasons lies in an inaccurate humidity or humidity
stress in SiB4. Figure 3.10 shows a diurnal cycle of gs simulations averaged from April to Au-
gust with different choices on how the humidity stress factor is treated (Sect. 3.2.5). When the
default 0.7 threshold of humidity stress (FLH) in ENF is applied in SiB4, gs is overestimated
in the afternoon at Hyytiälä (blue dotted line). When we removed the minimum threshold of
FLH for ENF, gs simulations during mid-day are improved (note that the threshold was only
implemented for ENF, not for DBF, and thus the blue dotted line is not visible for Harvard
Forest in Figure 3.10).

However, SiB4 still tends to overestimate gs in the morning and late afternoon. The over-
estimated FLH in SiB4 can result from three factors: (1) an overestimated water vapor flux in
the boundary layer to the leaf surface, (2) an underestimated boundary conductance, or (3) an
underestimated leaf surface temperature. Since we do not have observations of the leaf surface
temperature, we confirmed that the estimated canopy temperature has a tight 1 to 1 relation
with the observed air temperature. We speculate that the main reason for the overestimated
FLH is the uncertain water vapor flux. When we base the gs calculation on the observed RH
above the canopy, the diurnal cycle is better simulated (orange dashed line in Fig. 3.10). The
overestimated water vapor pressure implies that SiB4 tends to underestimate the humidity
stress in the late afternoon when converting observed specific humidity above the canopy to
humidity at leaf surface level. We suggest evaluating the boundary conductance (point (2)
above) with observations.

The optimized model still underestimates gs at Hyytiälä in April, September, and Octo-
ber (Fig. 3.8b). This might indicate that we did not properly separate stomatal transpiration
rates from the observed latent heat flux. The simulated mean ratios of evaporation to evapo-
transpiration in these three months are 66%, 60%, and 95%, respectively, and these values are
higher compared to the other months (43 to 53%). Thus, we speculate that the observed evap-
otranspiration does not solely represent stomatal transpiration in these months due to larger
evaporation rates, leading to overestimated gs in the observations.

Figure 3.8c shows that the optimized gi often resembles the observed daytime gi bet-
ter than the original SiB4 simulation. Only in April is the optimized gi overestimated at
Hyytiälä. Again, this can likely be explained by the underestimated gs, which is used to derive
observation-based of gi (see Sect. 3.2.2.2).

AtHarvard Forest, the optimized SiB4model generally simulates themagnitude of theCOS
leaf uptake well (Fig. 3.9a). The model overestimates the COS leaf flux only in the afternoon
during the summer months. However, gs values are generally overestimated and SiB4 simu-
lates two peaks during daytime. This indicates that humidity stress is only briefly occurring
at mid-day in SiB4. However, in reality, the humidity stress likely remains a limiting factor
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Figure 3.8: Monthly-diurnal cycle of COS leaf uptake (a), gs (b), and gi (c) at Hyytiälä (HYYT) from
2012 to 2016. Data include observations (black dots), the original SiB4 model with f(Tcan)SiB4 (blue
solid), and SiB4 with optimized gs and gi parameters with f(Tcan)new (red solid). The filled area cor-
responds to the 25-75 percentile of the data in each three-hourly interval of each month.

in the afternoon under conditions with high vapor pressure deficit (VPD) (Kooijmans et al.,
2019). Observations show that gs typically peaks in the early morning and decreases in the
afternoon due to higher afternoon VPD. Figure 3.10 shows that, similar to the Hyytiälä simu-
lation, the afternoon decrease in gs at Harvard Forest is better simulated when we use the RH
observed above the canopy. In Fig. 3.9c, the optimized gi during the daytime agrees well with
the observation-based gi, except for several drops or peaks in July and October, likely caused
by observational errors or uncertainty of the observed gs.

3.3.5.2 Global application

Figure 3.11 shows the SIB4 calculated changes in the monthly COS biosphere flux after ap-
plying the optimized temperature function and stomatal parameters. The global COS sink
remains almost preserved (Original: 701 GgS yr−1, Optimized: 704 GgSyr−1), but the re-
gional budgets change significantly. For example, the optimized model estimates larger COS
uptake for all seasons in boreal and temperate regions and smaller uptake in the tropics. These
changes are explained by the new temperature function of gi in Fig. 3.7. However, since the
new temperature function is based on only two observation sites in the boreal and temperate
regions, the calculated uptakes need more verifications with observations obtained in other
areas and in different climate conditions, such as the tropics.

The higher uptake at high latitudes and lower uptake at the tropics are nevertheless con-
sistent with inverse modelling results presented in previous studies (Ma et al., 2021; Hu et
al., 2021) and would help towards closing the COS budget. Still, however, the temperature
response function and BWB parameters are now based on measurements of only two sites in
only two biomes. With more measurements over different vegetation types, these parameters
could also be optimized for a wider range of ecosystems.
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Figure 3.9: Same as Fig. 3.8 but for Harvard Forest (HVFM).

Figure 3.10: Average diurnal cycle of gs at Hyytiälä (HYYT) and Harvard Forest (HVFM) from April
to August. Data include observations (black solid), SiB4 simulation with optimized parameters with
minimum bounds of FLH (blue dotted), without bounds (red dotted), and with observed RH in air
(orange dashed). Note that the blue and red lines overlap for HVFM.
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Figure 3.11: Monthly COS sink and averaged temperature in the mixed layer (Tm) over global (a) and
specific regions (north boreal: (b), north temperate: (c), tropics: (d)) with the original (blue line) and
the optimized (red line) SiB4 model. The grey bars represent the differences in COS sink between the
original and the optimized model (right axis). The yellow bars are averaged temperatures in the mixed
layer.

3.4 Conclusion

To simulate more accurate COS leaf uptake in the SiB4 model, we have proposed a new
temperature function f(Tcan)new for the CA enzyme and have optimized gs and gi parameters
using observations in ENF (Hyytiälä) and DBF (Harvard Forest) systems. The optimized
model reduced the MBE from −5.10 to 0.01 pmolm−2 s−1 at Hyytiälä and from −2.53 to
−1.99 pmolm−2 s−1 at Harvard Forest. Furthermore, χ2 decreases by about 0.41 and 0.38,
respectively.

The new function now considers an optimum temperature for enzyme activity, contrary to
the initial temperature function used in SiB4 where an exponential increase of the tempera-
ture function was adopted from the RuBisCo enzyme activity. The new temperature function
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is characterized by an optimum temperature of 293 K (19.85 °C) (Hyytiälä) and 309 K (35.85
°C) (Harvard Forest). The new temperature response increases gi, and thereby the COS flux
when the temperature is below the optimum temperature (mostly at high latitudes) and de-
creases the COS uptake at higher temperatures. (e.g., close to the equator). Globally, these
modifications help to close gaps in COS budget that were identified in earlier studies. In this
study, we have interpreted the decreasing gi at higher temperatures as an optimum enzyme
activity with the widely applied assumption that there are no COS emissions in leaves. How-
ever, COS emissions have recently been reported at high temperatures (Maseyk et al., 2014;
Gimeno et al., 2017). To determine reasons for reducing COS leaf flux and internal conduc-
tance at high temperatures, it will be necessary to analyze the possibility that leaf emissions
exist in observations in the future.

We have optimized the BWB model parameters for which we took advantage of the char-
acteristics that the nighttime COS flux informs about nighttime gs, and thus the parameter b0.
The improved correspondence between model and observations shows that COS observations
can help to constrain the relation between gs and GPP better. In addition, we showed that SiB4
underestimates the leaf humidity stress under conditions where high VPD should limit gs in
the afternoon. This can be improved by using more accurate relative humidity values and by
removing the threshold of humidity stress that was implemented in SiB4 specifically for ENF.

The optimized parameters show different values depending on the PFT. Therefore, extend-
ing our approach with more observations in different climate zones and over different PFTs
will help obtain accurate COS fluxes on a global scale. This approach would reduce the uncer-
tainty in the global COS budget and provide additional constraints on GPP.
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A3. Appendices

A3.1 State variable error settings

To evaluate the impact of the various parameters in f(Tcan)new in the optimization as state vari-
ables, we implemented a sensitivity test of a total cost function combined with cost1 and cost2,
excluding the background term in the cost function equation (Eq. 3.10). Fig. A3.1 shows the
shape of the cost function when one parameter is varied within an acceptable range, while the
other parameters are fixed (Daniel et al., 2010; Sun et al., 2015) (details in Sect. 3.2.3.2). Based
on the shape of the cost function, we used a pragmatic approach to select realistic parameter
ranges. Variable values that push the cost function beyond 3.45 (Hyytiälä) and 5.14 (Harvard
Forest) were considered outside the allowed physical range (red lines in Fig. A3.2). These
thresholds are determined by the cost function value, assuming that the modeled H(x) is the
75-percentile value of observations in three-hourly observations in each month. Variables α,
b0, b1, and Teq (Fig. A3.1a, b, c, and f) have more significant impacts on the cost function than
∆Ha (Fig. A3.1d) and ∆Heq (Fig. A3.1e). Overall, costs in Harvard Forest are higher than at
Hyytiälä, likely because DBF has larger diurnal and seasonal variations in the observed fluxes
than ENF.We set the optimization range as an initial value± 1.5 state error to apply the SHGO
algorithm.

Figure A3.2 shows contour diagrams of the cost function as a function of Teq and other
parameters of f(Tcan)new. The gradient is the cost function indicates the relative importance
of each parameter. ∆Heq does not interact with Teq, but ∆Ha is inverse proportional to Teq

to minimize the cost. The cost function is most sensitive to variations in Teq and therefore we
decided to fix ∆Heq and ∆Ha at 100 kJmol−1 and 40 kJmol−1, respectively and to base our
optimization on the state variables α, b0, b1 and Teq.

A3.2 Posterior uncertainties

To evaluate the ability of constrain the parameters, we performed an ensemble optimization
with 100 differentmembers. In each optimization, noise was added to the parameters (σa) and
to the observation (σy). Random perturbations were drawn from a normal distribution with
zero mean and standard deviations σa for the state parameters (x) and σy for the observations
(y). The new cost function of an individual optimization thus becomes:

J(x) =
(x− xa + εa)

2

2σ2
a

+
(y + εy −H(x))2

2σ2
y

. (3.12)

We optimized each ensemble with the same y (observationally derived GPP and COS leaf
uptake) and x but added noise to each ensemble member (Chevallier et al., 2007). Subse-
quently, we calculated the posterior uncertainty as the one-standard deviation of the posterior
distribution of the optimized parameters.

Figure A3.3 shows the prior and posterior distributions of the parameters at the two sta-
tions. All posterior parameters show considerable reductions of variations (error), with opti-
mized values that are listed in the main text, Table 3.3.

Additionally, we calculated a correlation matrix between the posterior state parameters
at the two stations, which is shown in Fig. A3.4. Overall, each parameter does not interact
significantly (covariances < 0.7).
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(a) (b) (c)

(d) (e) (f)

FigureA3.1: Cost function values plotted against the value of the state vector elements atHyytiälä (solid
line) andHarvard Forest (dotted line). The red lines indicate a criteria cost calculated byH(x) as the 75-
percentile value of every three-hourly observation in each month. While the target parameter changes,
the other variables are fixed as α = 1400 (Hyytiälä), 2000 (Harvard Forest), ∆Ha = 40 kJmol−1 ∆Heq

= 100 kJmol−1, and Teq = 295 K (Hyytiälä), 310 K (Harvard Forest), b0 = 0.02 molm−2 s−1(Hyytiälä),
0.01 molm−2 s−1 (Harvard Forest), and b1 = 17 (Hyytiälä), 12 (Harvard Forest). These values were
based on the value where the cost reached a minimum.
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Figure A3.2: Contour diagram of the cost function value as a function of Teq and (a)∆Heq and (b)∆Ha

at Hyytiälä (left) and Harvard Forest (right). While the target parameter changes, the other variables
are fixed as Figure A3.1.
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(a) HYYT 

(b) HVFM 

Figure A3.3: Error reduction of state variables in two stations (Hyytiälä (HYYT) and Harvard Forest
(HVFM)). The red lines represent median values, and the boxes represent errors. Column ‘Pri’ shows
the initial value and state error. Column ‘Post’ represents the mean of the optimized state variables and
the corresponding standard deviation. αLO, αG, αM indicate α in each phenological stage (leaf-out,
growth, and maturity, respectively).

Figure A3.4: Covariance matrix for all state variables at Hyytiälä (HYYT) andHarvard Forest (HVFM)



Chapter 4

Simultaneous optimization of global
Carbonyl Sulfide and CO2 budgets
using the coupled inverse modeling
framework TM5-4DVAR

We present a coupled CO2-carbonyl sulfide (COS) inversion system that jointly optimizes
global surface fluxes of both gases using the TM5-4DVar framework for the year 2016. By link-
ing Gross Primary Productivity (GPP) and COS vegetation uptake through grid-cell-specific
monthly scaling factors, the system leverages observations of both gases to inform one another
and provide new insights into their global budgets.

Our results indicate that current land surfacemodels underestimate COS vegetation uptake
in the high-latitude Northern Hemisphere (NH). When the prior COS vegetation sink above
40 °Nwas doubled, the inversion produced better agreement with atmospheric COS and CO2

observations. This adjustment primarily affected the prior fluxes rather than posterior correc-
tions, resulting in only amoderate increase in the posterior global vegetation uptake from−675
to −763 GgSyr−1. Most of this increase originated from high-latitude regions (above 40 °N),
where posterior uptake changed from−117 to−276GgSyr−1, a change that wasmostly driven
by the prior.

The previously reported missing tropical COS source is attributed to underestimated prior
oceanic emissions of carbon disulfide (CS2) in prior inventories and overestimated vegeta-
tion uptake. The inversion increased the posterior global CS2 oceanic emissions to a range of
173–196 GgSyr−1, nearly doubling the prior value. This adjustment was accompanied by a
reduction of approximately 55 GgSyr−1 in tropical vegetation uptake (25 °S–25 °N), suggest-
ing that overestimated prior biospheric sinks contributed to the previously inferred missing
tropical COS source.

Our system also estimates a strong global oceanic CO2 sink of −3.6 PgCyr−1, larger than
values from the inversions included in the Global Carbon Budget 2024 (GCB2024) for the
same period (−2.4 PgCyr−1). The land sink is weaker (−1.4 PgCyr−1), than GCB2024
(−2.2 PgCyr−1). This possibly reflects the omission of diurnal cycles in GPP and COS uptake.
Additional possible causes include a strong regularization of Total Ecosystem Respiration
(TER).

Cho, A., Luijkx, I., Basu, S., Ma, J., and Krol, M. C. (2026). Simultaneous optimization of global Carbonyl
Sulfide and CO2 budgets using the coupled inverse modeling framework TM5-4DVAR. manuscript in preparation
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Although net ecosystem exchange of CO2was significantly adjusted, tight prior constraints
on TER and the scaling between GPP and COS limited the flexibility of the system to appro-
priately update COS vegetation fluxes. As a result, the inversion compensated by adjusting
the anthropogenic CS2 emissions, producing negative posterior values of −23 GgSyr−1 north
of 40 °N, even when the prior COS vegetation flux was doubled in the region. These find-
ings highlight the need to reassess COS vegetation fluxes and better characterize unknown
sources and sinks in the global COS budget. Despite these limitations, our inversion estimates
a global COS budget balance of −104 GgSyr−1 from July 2016 to June 2017, consistent with
the observed atmospheric decline during this period reported in previous studies. This flux
corresponds to a global mean atmospheric decrease of about −18 pmolmol−1 yr−1, which is
slightly larger than, but on the same order of magnitude as, the observed decline of roughly
−5 pmolmol−1 yr−1reported in previous studies.
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4.1 Introduction

The CO2 biosphere flux plays an essential role in accurately predicting long-term climate
change (Campbell et al., 2008; Montzka et al., 2007; Berry et al., 2013). Terrestrial ecosystems
act as a net sink of atmospheric CO2, quantified as net ecosystem exchange (NEE), which
reflects the balance between gross primary productivity (GPP) and total ecosystem respi-
ration (TER) (Friedlingstein et al., 2025). Global GPP estimates vary significantly, from 112
to 169 PgCyr−1 depending on the model or observation-based estimates used, indicating
substantial uncertainty (Anav et al., 2015). Since NEE is the small residual between GPP and
TER, uncertainties in GPP can disproportionately affect NEE estimates, leading to substantial
uncertainty in the global CO2 budget.

While NEE can be measured using the eddy covariance method (EC) on a local scale, it is
not feasible to directly measure GPP separately from TER, as they occur simultaneously. To
estimate GPP, researchers have developed indirect methods that partition GPP and respiration
from NEE. These approaches employ temperature response curves aligned with nighttime
NEE, which represents respiration (Reichstein et al., 2005; Kohonen et al., 2022). However,
the difficulty of performing nighttime EC measurements introduces significant uncertainties
in this partitioning (Aubinet, 2008).

To address these uncertainties, machine learning has been applied to flux partitioning (Tra-
montana et al., 2020; Desai et al., 2008). More recently, machine learning upscaling approaches
have extended EC-based partitioning from site level to global scale, showing clear improve-
ments in reproducing seasonal variations (Jung et al., 2020). Nevertheless, substantial uncer-
tainties remain regarding tropical GPP fluxes, interannual variability, and long-term trends.

Isotopic flux partitioning presents an alternative and utilizes the unique stable isotopic
characteristics of photosynthesis and respiration. However, current knowledge about isotopic
signatures and the precision of in-situ isotope measurements is limited when applied to parti-
tioning (Wehr et al., 2015). Extensive research has been conducted on the regression approach
using solar-induced fluorescence (SIF) retrieved by satellite (Frankenberg et al., 2011; Franken-
berg et al., 2012; Parazoo et al., 2014; Bowman et al., 2017). However, the constraints of satellite
remote sensing are highly uncertain in high latitude ecosystems due to weaker vegetation sig-
nals to satellite instruments, rapid seasonal transitions, high solar angles, and limited temporal
coverage of satellite measurements (Parazoo et al., 2018; Sun et al., 2018c).

Carbonyl sulfide (COS), a trace gas abundant in the atmosphere at about 500 ±

100 pmolmol−1(Montzka et al., 2007), has been reported as a promising tracer to estimate GPP
due to its similar absorption pathways into leaves as CO2 (Wohlfahrt et al., 2012; Campbell
et al., 2017; Lai et al., 2024). Both gases share the same environment within the leaf boundary
layers and stomata. Furthermore, COS is believed to be only absorbed and not emitted, as it
is rapidly and irreversibly hydrolyzed by the enzyme carbonic anhydrase (CA) in mesophyll
cells (Protoschill-Krebs et al., 1996; Sandoval-Soto et al., 2005; Seibt et al., 2010).

Many studies have estimated GPP from leaf uptake of COS by calculating the relative leaf
uptake index (LRU), defined as the ratio of the deposition velocity of COS to that of CO2 dur-
ing leaf uptake (Asaf et al., 2013; Commane et al., 2015; Kooijmans et al., 2019; Spielmann et al.,
2023; Lai et al., 2024). The LRU approach ismost effective to estimate GPPwhen the deposition
velocities of COS and CO2 can be approximated as a simple linear function of environmental
and vegetation-specific factors. In practice, however, their uptake responses to environmental
conditions—such as light intensity, temperature, and humidity—as well as physiological char-
acteristics including vegetation characteristics and climate zone, differ systematically, making
it difficult to represent their relationshipwith a single functional form. For example, while CO2

biochemical conductance—defined here as the internal enzymatic capacity of leaves—depends
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on photosynthetically active radiation (PAR), that of COS does not, resulting in significantly
higher LRU values at low PAR levels (Stimler et al., 2010; Lai et al., 2024). Additionally, in-
creases in temperatures and vapor pressure deficit (VPD) have been shown to increase LRU
values (Kooijmans et al., 2019; Cho et al., 2023; Sun et al., 2018a; Cochavi et al., 2021; Wohlfahrt
et al., 2018). These sensitivities have been shown to vary depending on plant characteristics
(e.g., species) (Berkelhammer et al., 2014; Stimler et al., 2011; Sun et al., 2018b) and climate
conditions (Kooijmans et al., 2019; Yang et al., 2018).

Recent studies also challenge the previous assumption of unidirectional COS exchange,
suggesting potential COS emissions from both vascular and non-vascular plants (Blezinger et
al., 2000; Geng et al., 2004; Goldan et al., 1988; Kuhn et al., 2000; Gimeno et al., 2017). Neverthe-
less, COS-based approaches have demonstrated strong potential. For example, Lai et al. (2024)
estimated globalGPP at 157± 8.5 PgCyr−1 using a tracer-based inversion constrained by atmo-
spheric COS, achieving substantially lower uncertainty than traditional model- or flux-based
methods. This demonstrates how COS-informed approaches can complement CO2-based es-
timates and help reduce uncertainty in the global carbon budget.

In this context, the long-term behavior of the atmospheric COS provides an additional con-
straint on its global budget. Observations indicate that the tropospheric mole fraction of COS
remained stable at approximately 500 pmolmol−1between 2000 and 2005, with a minimal in-
crease of less than 5% (Montzka et al., 2007; Toon et al., 2018; Kremser et al., 2015). More
recently, Serio et al. (2023) analyzed the time series of COS mole fractions observed at NOAA
surface stations from 2000 to 2020. They found that COS mole fractions generally increased at
all sites until around 2015, with a temporary decline in 2009. However, a decreasing trend was
observed from 2016 to 2020, which is consistent with the results of Hannigan et al. (2022).

The observed variations in atmospheric COS are driven by changes in its sources and sinks.
COS in the atmosphere is known to be produced primarily in the oceans and by anthropogenic
activities such as coal use and viscose-rayon production (Zumkehr et al., 2018). It is predom-
inantly absorbed by plant leaves, while smaller fractions are oxidized by OH or photolyzed in
the stratosphere. COS can be absorbed and emitted from soils as well (Watts, 2000; Kettle et al.,
2002; Berry et al., 2013). Finally, precursors such as carbon disulfide (CS2) and dimethyl sul-
fide (DMS) contribute significantly to indirect COS emissions (Chin et al., 1993; Watts, 2000).

The global distribution of these COS sources and sinks has been quantified using inverse
modeling approaches that minimize the discrepancies between the observed and estimated
mole fractions (Kettle et al., 2002; Campbell et al., 2008; Berry et al., 2013; Launois et al., 2015b;
Lennartz et al., 2017; Ma et al., 2021; Launois et al., 2015a; Remaud et al., 2022; Ma et al.,
2024). These studies consistently reported an imbalance in the COS global budget, with miss-
ing sources in the tropics andmissing sinks at high latitudes in the northern hemisphere (NH)
(Berry et al., 2013; Kuai et al., 2015; Lennartz et al., 2017; Lennartz et al., 2019; Ma et al., 2021).

Satellite observations such as the Michelson Interferometer for Passive Atmospheric
Sounding (MIPAS) (Glatthor et al., 2017) and the Tropospheric Emissions Spectrometer
(TES) (Kuai et al., 2015) have contributed to COS inversion studies by extending spatial
coverage, particularly over remote areas not covered by ground-based networks. For example,
Stinecipher et al. (2022) usedMIPAS data to suggest that the tropical plant sinkmay be smaller
than previously estimated, potentially explaining 25–67% of the missing source. However,
the limited temporal coverage of past missions (e.g., MIPAS ended in 2012; TES in 2018),
along with the coarse vertical sensitivity and retrieval uncertainties of current instruments
(e.g., IASI, ACE-FTS), limits their utility for surface flux estimation and must be carefully
considered (Whelan et al., 2018; Cartwright et al., 2025).

Compared to COS, CO2 has been observed over a longer period with better global cover-
age. However, many previous studies on CO2 flux inversions have revealed substantial uncer-
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tainties in estimating biospheric and oceanic CO2 fluxes, leading to a wide range of inversion
results (Peylin et al., 2013; Friedlingstein et al., 2025; Woude et al., 2025). These uncertain-
ties are particularly significant in regions with sparse observational networks or limitations in
satellite-derived XCO2 columns, such as the tropics and northernAsia—areas crucial to annual
variability in CO2 growth rates (Peylin et al., 2013). Nevertheless, the joint use of CO2 and COS
in an inverse modeling framework, leveraging their shared leaf uptake pathways, can improve
constraints on both biospheric carbon fluxes and the global COS budget by compensating for
the limitations of each individual tracer.

Launois et al. (2015b) and Remaud et al. (2022) both implemented inverse approaches
that estimated COS biosphere fluxes using the LRU concept, whereby COS vegetation uptake
was calculated as a linear function of prescribed GPP and species- or PFT-specific LRU values.
Launois et al. (2015b) optimized a global scaling factor on COS vegetation flux derived from
GPP, using only COS observations. Recently, Remaud et al. (2022) assimilated both CO2 and
COS data into a coupled inversion system to jointly optimize GPP and other COS components
such as oceanic and anthropogenic sources. These approaches rely heavily on assumptions
about LRU, for which observational constraints remain limited (Remaud et al., 2022).

In this study, we present results from a new coupled COS-CO2 inverse modeling frame-
work in Tracer Model version 5 (TM5) (Krol et al., 2005). The primary objective is to develop
a coupled inversion system to optimize the global budgets of both CO2 and COS by jointly ad-
justing their surface fluxes. The coupling between the two gases is achieved through amonthly
scaling factor defined for each model grid cell, which links the GPP to COS vegetation uptake
calculated using the Simple Biosphere Model version 4 (SiB4) (Haynes et al., 2019). To assess
the limitations of the underlying assumption of a linear GPP–COS relationship, we test alter-
native COS vegetation flux scenarios and evaluate their impacts on the global budgets of both
gases. These coupling analyzes allow us to identify structural improvements needed for future
coupled CO2–COS systems.

To address these objectives, we first describe the surface observational datasets, modeling
framework, and optimization strategy used in the coupled inversion (Section 4.2). We then
present the inversion results, including evaluation against aircraft observations and optimized
flux estimates for both gases (Section 4.3). This is followed by a discussion of the implications
of our findings for the global carbon and COS cycles, as well as directions for improving the
coupling framework (Section 4.4). Finally, we summarize the main conclusions in Section 4.5.

4.2 Data and methods

To use the coupled optimization approach that will be described in Sect. 4.2.6, in situ obser-
vations of CO2 and COS are assimilated to jointly optimize their coupled surface fluxes. The
optimized fluxes are then used in the TM5 chemical transport model to simulate atmospheric
model fractions, which are validated against independent in situ and aircraft-based measure-
ments.

This section describes the observational datasets, the TM5 model, the SiB4 land surface
model, the 4D-Var optimization framework, the flux scenarios tested, and the statistical eval-
uation metrics. Although the current analysis focuses on a one-year period (July 2016 to June
2017), the primary objective is to demonstrate the feasibility and utility of the newly developed
coupled CO2–COS inversion system. Future workwill extend this framework tomulti-year ap-
plications.
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4.2.1 In-situ observations

CO2 and COS mole fractions were provided by the Global Monitoring Laboratory (GML) of
the National Oceanic and Atmospheric Administration Earth System Research Laboratory-
Global Monitoring Division flask program (NOAA/ESRL-GMD). This dataset comprises ob-
servations by multiple laboratories from 172 stations for CO2 (ObsPack Globalviewplus ver-
sion 6.1), including both surface flask and tower in-situ observations (Schuldt et al., 2021), and
14 COS stations across the globe (Montzka et al., 2007). Fig. 4.1 shows the spatial distribution
of CO2 and COS observation sites. Although the CO2 stations are globally distributed, the COS
observation sites are mainly located in North America. The figure also includes aircraft obser-
vation trajectories from the Atmospheric Tomography (ATom) campaign, which are described
in the following section.

COS measurements were conducted at weekly or biweekly intervals with an average mea-
surement error reported as approximately 8 pmolmol−1(Montzka et al., 2007). We applied the
observational error settings fromMa et al. (2021) for these stations. In contrast, CO2mole frac-
tions were measured more frequently, either continuously or from flask samples, typically at
a weekly resolution. We have utilized the observational error for CO2 reported in the ObsPack
dataset.

Sincewewant to avoidCOSobservations thatmay be affected by sub-grid-scale or local flux
anomalies near the observation site, we apply a strict filter to remove outliers. This filtering step
was not applied to the CO2 data, which generally have lower observational uncertainty. Using
Python’s Scipy library, a median filter was applied to identify anomalous values by evaluating
each data point along with the four preceding and four following observations. Data points
that deviated by more than 1.2 standard deviations (σ) from the local median over the study
periodwere considered outliers and excluded. The 1.2 σ thresholdwas chosen to balance strict
filtering (e.g., 1σ, which may discard valid signals) and lenient filtering (e.g., 2σ, which may
allow problematic outliers to remain). After applying the filter, 179 data points were removed
from all stations, leaving a total of 7, 835NOAACOS observations available for assimilation in
the flux optimization.

4.2.2 Aircraft observations

To validate the results, mole fractions CO2 and COS were simulated using optimized surface
fluxes. We compared the simulated vertical mole fraction profiles of CO2 and COS with the
mole fractions observed from the Atom (2016–2018) aircraft campaign (Wofsy et al., 2018).
This campaign measured trace gases including COS and CO2 at various altitudes in remote
marine locations over the Pacific and Atlantic Oceans. For this study, we specifically used data
from the ATom-1 (July–August 2016) and ATom-2 campaigns (January–February 2017) that
matched our analysis period.

Fig. 4.1 shows the observational trajectories of ATom-1 and ATom-2. Considering regional
differences in emissions and the spatio-temporal distribution of mole fractions for COS and
CO2, we divided the study area into four regions to validate spatially distinct mole fractions
of CO2 and COS using ATom observations: North Pacific Ocean (R1), North Atlantic Ocean
(R2), South Pacific Ocean (R3), South Atlantic Ocean (R4).

4.2.3 Forward simulation of CO2 and COS atmospheric mole fraction

We simulated atmospheric CO2 and COS mole fractions using the chemical transport model
TM5 (Krol et al., 2005), operated at a horizontal resolution of 3◦×2◦ with 34 vertical levels and
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Figure 4.1: Surface-based measurement locations and flight trajectories used in this study. CO2 surface
observations are taken from the ObsPack GlobalviewPlus v6.1 product, while COS observations are
provided by NOAA surface monitoring sites. COS cites overlap with ObsPack locations where both
CO2 and COS are observed. Red dots represent stations measuring both CO2 and COS, while orange
dots denote stations that do not measure COS, but measure CO2 and other trace gases. Flight trajecto-
ries correspond to the ATom-1 and ATom-2 campaigns, which are divided into four regions as shown
by different colors. Surface-based observations were used for flux optimization, whereas ATom-1 and
ATom-2 measurements were used for independent evaluation. Stations with distinct geographic char-
acteristics include ALT, SUM, and BRW in the Arctic; MLO at an altitude of 3397 m in Hawaii; SMO in
the central South Pacific; and SPO and PSA in Antarctica. The remaining stations are located in inland,
near-surface environments.

driven by ERA5meteorology (Hersbach et al., 2020). The simulationwas initialized in Septem-
ber 2014 using the background mole fractions of 400 µmolmol−1 for CO2 and 500 pmolmol−1

for COS. Our main analysis focuses on July 2016 to June 2017. A six-month spin-down was
applied after the analysis period.

We summarize the underlying prior surface fluxes dataset for both gases in Table 4.1. This
table lists the surface fluxes inventories, model products, and references used for each source
and sink category. For CO2, the global budget represents the aggregated net surface fluxes,
consistent with the CarbonTracker Europe setup (Van Der Laan-Luijkx et al., 2017), which
is one of the ensemble members in the Global Carbon Budget 2024 (GCB2024) inversions
(Friedlingstein et al., 2025). Prior flux components include contributions from fossil fuel emis-
sions (FCO2,ff

), biosphere exchange (FCO2,NEE), ocean exchange (FCO2,oc
), and fire emissions

(FCO2,fr
).

For COS, prior fluxes followed the setup ofMa et al. (2021). These include (i) surface fluxes
fromanthropogenic (FCOS,ff), biomass burning (FCOS,bb), vegetation (FCOS,bio), soil (FCOS,soil),
and ocean sources and sinks (FCOS,oc), (ii) chemical production from oxidation of precursors
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(CS2 and DMS), and (iii) atmospheric removal processes such as OH oxidation and photol-
ysis. Unlike CO2, which is chemically inert, COS undergoes significant chemical production
and removal throughout the three-dimensional atmosphere. These processes are explicitly
represented in TM5 followingMa et al. (2021). CS2 originates mainly from anthropogenic and
oceanic emissions, whereas DMS is produced from both terrestrial and oceanic sources.
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4.2.4 Land surface model

We utilized the land surface model SiB4 version 4.2 (Berry et al., 2013; Haynes et al., 2019) to
estimate prior surface fluxes for GPP, TER, andCOS vegetation and soil fluxes. The SiB4model,
as a successor of the original SiB model (Sellers et al., 1986), integrates complex interactions
among vegetation, the atmosphere, and soil, enhancing the accuracy and realism of spatio-
temporal calculations for COS and CO2 biosphere fluxes across 15 plant functional types. The
model was configured with a temporal resolution of 10 minutes and a spatial resolution of 0.5
degrees. For more detailed information on the SiB4 model, see Haynes et al. (2019).

We spun up the SiB4 model 10 times for 10 years, from 2000 to 2010 to initiate the carbon
pools. With the data from the spin-up, we ran the SiB4 model from 2010 to 2020, including our
analysis period. This simulation was implemented with the meteorological data by Modern-
Era Retrospective Analysis for Research and Application, version 2 (MERRA-2) (Gelaro et al.,
2017).

All simulationswere conductedunder a constant ambientCO2mole fraction of 370µmolmol−1,
representative of the conditions of the early 2000s. This fixed value was applied throughout
spin-up and analysis periods to ensure model consistency. Consequently, year-to-year in-
creases in atmospheric CO2 were not taken into account, which can lead to an underestimate
of photosynthesis due to the omitted CO2 fertilization effects. These implications are further
discussed in Sect. 4.4.3 in the context of our inversion results.

In contrast, for COS, we prescribed monthly varying mole fractions, calculated as monthly
gridded averages over 2016–2018 using the TM5 chemical transport model (Kooijmans et al.,
2021), to better capture its spatial and temporal variability.

In this study, we do not provide a detailed description of the estimation of CO2 and COS
vegetation uptake calculated in SiB4, as this is thoroughly documented in Haynes et al. (2019).
For the COS vegetation flux, SiB4 uses a module originally developed by Berry et al. (2013).
Here, we focus on evaluating the established temperature function for COS internal conduc-
tance (gi,org) and comparing it with a newly proposed temperature function (gi,new) intro-
duced by Cho et al. (2023) as described below.

Calculating gi,org involves estimating themaximum catalyzation velocity of the CA enzyme
through a linear relationship with that of Ribulose-1,5-bisphosphate carboxylase/oxygenase
(RuBisCo) (Vmax (molm−2 s−1)), employing a calibration factor α. The original calculation of
gi,org at the canopy temperature (Tcan (K)) (Berry et al., 2013) is given as:

gi,org(Tcan) = αVmaxQ
0.1 (Tcan−Tref)
10 (4.1)

This approach employs the Q10 (-) scaling to the reference temperature (Tref = 298 K),
which increases exponentially with a factor of Q10 calculated for the RuBisCo activity (Q10 =
2.1) as described in the SiB4 model (Berry et al., 2013; Haynes et al., 2019).

To estimate gi,new, the computation of the COS mesophyll conductance is based on an
Arrhenius-type equation with Michaelis-Menten kinetics (Peterson et al., 2007; Daniel et al.,
2010). The parameters associated with this methodwere optimized by Cho et al. (2023), using
observations collected at two stations in Hyytiälä, Finland (Kooijmans et al., 2017; Kohonen
et al., 2020; Vesala et al., 2022), and Harvard Forest, USA (Commane et al., 2015; Commane
et al., 2021):

gi,new(Tcan) = αVmaxAT ·

Tcan exp
(

∆Ha

RTcan

)

1 + exp
[

−

∆Heq

R

(

1
Tcan

−

1
Teq

)] (4.2)
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The variables ∆Ha (Jmol−1), ∆Heq (Jmol−1), and Teq (K) represent the enzyme kinetic
parameters, and we adopted values of 40 kJmol−1, 100 kJmol−1, and 295 K, respectively (Cho
et al., 2023). The normalization factorAT ensures that the temperature function attains a value
of 1 at Tcan equal to Teq. The universal gas constant is denoted as R (8.3145 JK−1mol−1). We
evaluate both approaches by using the calculated COS vegetation fluxes as prior in two differ-
ent optimizations (Sect. 4.2.7).

Lastly, we simulated the COS soil flux using a module developed by Ogée et al. (2016) and
implemented in SiB4 by Kooijmans et al. (2021).

4.2.5 Coupling of CO2 and COS

To establish a coupling betweenCO2 andCOS in our optimization, we introduced a dimension-
less scaling factor (s(i, j,m)) that linearly links GPP with the COS vegetation flux, both calcu-
lated by the SiB4model as prior estimates (GPPSiB4(i, j,m),FCOS,bio,SiB4(i, j,m)). Here, i and
j denote the horizontal grid indices, andmdenotes themonth. In contrast toGPP,which is held
fixed and only enters the system through this scaling, TER is treated as an independent opti-
mization variable. This coupling yieldsFCO2,NEE(i, j,m) (µmolm−2 s−1) andFCOS,veg(i, j,m)
(pmolm−2 s−1) at a grid cell and month as follows:

FCO2,NEE(i, j,m) = s(i, j,m)GPPSiB4(i, j,m) + TER(i, j,m), (4.3)

FCOS,veg(i, j,m) = s(i, j,m)FCOS,veg,SiB4(i, j,m). (4.4)

The scaling factor s(i, j,m) was initialized to 1 for all grid cells and months, which was
subsequently adjusted by the 4D-Var system along with other states (surface fluxes in the CO2

and COS budgets) (see Sect. 4.2.6). These two biosphere fluxes were then applied to the cal-
culations of CO2 and COS global budgets.

4.2.6 Inverse model

We optimized the sources and sinks of CO2 and COS by employing the TM5 4D-Var system, an
offline global inverse framework (Krol et al., 2005; Krol et al., 2008; Meirink et al., 2008; Berga-
maschi et al., 2010). This system refines fluxes by minimizing a cost function, which consists
of the deviation of prior optimization states from the prior and deviations from observed and
simulated CO2 and COS mole fractions. The total cost JTot with state x consists of the back-
ground cost (Jbg), the CO2 cost (JCO2

), and the COS cost (JCOS). These costs are based on
Bayes’ theorem (Tarantola et al., 1982; Brasseur et al., 2017):

JTot(x) = Jbg + wCO2
JCO2

+ wCOS JCOS

= (x− xa)
⊤B−1 (x− xa)

+ wCO2
(H(x)− yCO2

)⊤R−1
CO2

(H(x)− yCO2
)

+ wCOS (H(x)− yCOS)
⊤R−1

COS (H(x)− yCOS). (4.5)

Here, xa represents the prior state vector, and B denotes the covariance matrix associated
with the state vector. H(x) represents the estimated atmospheric mole fractions, and ygas rep-
resents the observed mole fractions of CO2 (µmolmol−1) and COS (pmolmol−1). The obser-
vational error covariance matrices,RCO2 andRCOS, are each assumed to be diagonal. RCO2

includes measurement and representation errors, while RCOS includes measurement error,
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flux-related error, and representation error. Their values vary by observation site. The flux-
related error represents the additional uncertainty in observed mole fractions that arises from
uncertainties in large surface fluxes, particularly under boundary layer conditions where such
fluxes strongly influence near-surface concentrations (Bergamaschi et al., 2010). For COS, we
followed the implementation of Ma et al. (2021), as the dominance of large fluxes makes it
important to include this component in the observational error covariance.

The background covariance matrix B reflects the uncertainty in prior surface fluxes and
their spatial and temporal correlations. Table 4.2 presents the background error and correla-
tion length for each surface flux of CO2 and COS. Given that fire and anthropogenic emissions
in the CO2 budget are relatively well constrained, we optimize only themore uncertain oceanic
and vegetation fluxes.

Initially, we set a background error of 50% for the CO2 ocean flux and specified the spatial-
temporal correlation length as 3 months and 2000 km. The spatial and temporal correlations
are modeled using an exponential decay function (e.g., Chevallier et al., 2012).

To constrain TERwithin realistic bounds, we prescribed a relatively small prior uncertainty
of 5% at the grid scale. While this value is not derived directly from uncertainty propagation,
it is broadly consistent with the global-scale estimate by (Tagesson et al., 2024), who reported
a mean annual TER of 105.6 ± 2.3 PgCyr−1 for the period 1982–2015, corresponding to ap-
proximately 2% global uncertainty. However, spatial and temporal variability at finer scales
may be larger, justifying a conservative grid-level error setting in the inversion. For the field
s, we used a larger grid-scale error of 10%. This accounts for uncertainties in the biosphere
model modules used to compute GPP and COS vegetation uptake, as well as the incomplete
understanding and potential biases in the assumed linear relationship between COS uptake
and photosynthetic CO2 assimilation in terrestrial ecosystems. Both s and TER were assigned
temporal and spatial correlation lengths of 4 months and 2000 km.

For COS, indirect emissions from DMS, which have relatively minor contributions and sig-
nificant uncertainty, were excluded from the optimization. The soil COS flux, which is calcu-
lated by the SiB4 model and operates on vegetated land grid cells, was also excluded from the
optimization to reduce the degree of freedom and to avoid aliasing with the COS vegetation
flux. All other COS fluxes were assigned a background error of 50% on the grid level, and the
correlation lengths for all emissions were set to 12 months and 4000 km according to Ma et al.
(2021).

Table 4.2: Background errors and temporal and spatial correlation lengths for the optimizing surface
fluxes of CO2 and COS.

Trace gas Surface flux
Background
error (%)

Correlation length
Temporal
(month)

Spatial
(km)

CO2 and COS Scaling factor 10 4 2000

CO2
TER 5 4 2000

Oceanic 50 3 2000

COS

Direct anthropogenic 50 12 4000
Indirect anthropogenic CS2 50 12 4000

Direct oceanic 50 12 4000
Indirect oceanic CS2 50 12 4000
Biomass burning 50 12 4000

Our 4D-Var system uses the M1QN3 algorithm (Gilbert et al., 1989) to optimize CO2 and
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COS surface fluxes through amaximumof 200 iterations and until the gradient norm reduction
reaches a factor of 1000. Although the inverse problem is formally linear, M1QN3 is employed
because it provides a robust and numerically stable minimization method for the coupled op-
timization. All prior fluxes were optimized with a monthly time scale, and no diurnal cycle in
the emissions was considered.

Technically, TM5 forward simulations use FCO2,NEE and FCOS,bio as input. To optimize
the scale factor s and TER, the derivatives of the cost function with respect to s and TER are
obtained as:

δJ

δs
=

δJ

δFCO2,NEE

δFCO2,NEE

δs
+

δJ

δFCOS,bio

δFCOS,bio

δs

= GPPSiB4

δJ

δFCO2,NEE

+ FCOS,bio,SiB4

δJ

δFCOS,bio

.

(4.6)

δJ

δTER
=

δJ

δFCO2,NEE

·

δFCO2,NEE

δTER
=

δJ

δFCO2,NEE

, (4.7)

where δJ
δFCO2,NEE

and δJ
δFCOS,bio

are obtained from an adjoint run of TM5-4DVar.

The number of CO2 observations is significantly larger than that of COS observations. To
balance their contributions in the cost function (Eq. 4.5), weights were applied to the cost
functions of CO2 and COS (wCO2 and wCOS). We fixed wCOS at 1 and tested three values
of wCO2 (0.2, 0.5, and 1.0) to evaluate their impact on convergence. Based on these tests, we
selectedwCO2 = 0.2 as the baseline setting, since larger values (e.g., 0.5 or 1.0) failed to achieve
the target gradient reduction of 1000 within the maximum of 200 iterations. Consequently, the
results presented in this study are based on wCO2 = 0.2.

4.2.7 Optimization scenarios

To evaluate the impact of prior COS vegetation fluxes on the coupled inversion system and
to examine the potential role of unknown vegetation sinks in the COS budget, we designed
three optimization scenarios with varying prior COS vegetation fluxes. We then compared the
resulting inversion outcomes across these scenarios.

The first scenario (S1) utilizes the COS vegetation flux calculated using the formulation of
the existing internal conductance in mesophyll cells (gi,org) in SiB4. The second scenario (S2)
employs the new internal conductance formulation, gi,new, previously described in Sect. 4.2.4.
By comparing the inversion results of S1 and S2, we evaluate the potential improvement caused
by the use of gi,new.

As will be shown in the result section (Sect. 4.3.4.2), the optimized COS surface fluxes from
S1 and S2 exhibit nonphysical negative values for several source fluxes at high latitudes in the
NH, likely indicating a significant underestimation of the prior sink in these regions. This
suggests that the prior COS vegetation uptake at high latitudes in the NH is too low in both
S1 and S2. To investigate this further, we introduced a third scenario (S3) in which the COS
vegetation flux above 40 °Nwas arbitrarily doubled relative to S2. Inversions were performed
for each scenario, and the optimized surface fluxes were evaluated by comparing the resulting
mole fractions with assimilated and non-assimilated observations.

4.2.8 Statistical indices

We evaluated the inversion by comparing changes in the cost reduction between prior and
posterior results using the statistical metric χ2. The χ2 is calculated by dividing the partial
cost function by the number of observations or state variables (Tarantola, 2005).
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χ2 =
1

N

N∑

i=1

(ki − ktrue,i)
2

σ2
i

(4.8)

Here,N represents the total number of data points, which could include both the number of
observations and the number of state variables. σi denotes the error associated with each data
point, reflecting the expected error in the state or observations. ki represents the evaluation
variable values derived either from observations or state estimates, and ktrue,i refers to the true
or reference values for these variables (i.e., the atmospheric observations or the prior state). A
χ2 value close to 1 indicates a good fit to observations, whereas values significantly higher or
lower than 1 indicate a poor model fit or overfitting, respectively.

4.3 Results

4.3.1 Convergence results

Table 4.3 presents the prior and posterior values of the cost functions (Eq. 4.5) for the three op-
timization scenarios. The posterior χ2 values are also shown in the table and will be discussed
in Sect. 4.3.2. Note that the prior JCOS is larger than the prior JCO2 due to the low weight
assigned to CO2 (wCO2 = 0.2).

All three scenarios show successful optimization, with the total cost significantly reduced
from 26,154 to 7,112 for S1, 22,559 to 6,937 for S2, and 21,792 to 6,412 for S3. Among the three,
S3 yields the lowest posterior costs, indicating the best overall performance, followed by S2
and S1 in order of increasing total cost. Consistent with the posterior results, the prior JCOS

is also lowest in S3, followed by S2 and S1. This implies that using gi,new instead of gi,org and
applying the doubled COS vegetation flux in high northern latitudes improves the accuracy of
the prior COS simulation. Moreover, since all three scenarios exhibit substantial reductions in
cost compared to their priors, the optimization process itself can be considered effective across
all cases.

Table 4.3: Prior and posterior costs from three scenarios for background term (Jbg), observational terms
of CO2 (JCO2) and COS (JCOS), and total cost (JTot) with posterior χ2 results for CO2 and COS. Note
that the prior Jbg is by default zero. S1 assumes a linear GPP–COS relationship (Berry et al., 2013), S2
includes a temperature-dependent formulation of COS internal conductance (Cho et al., 2023), and S3
is identical to S2 but with doubled vegetation COS uptake north of 40 °N.

Scenario
Jbg JCO2 JCOS JTot χ2

Poste

Poste Prior Poste Prior Poste Prior Poste CO2 COS
S1 467 5,780 3,989 20,374 2,655 26,154 7,112 1.40 4.42
S2 431 5,780 3,976 16,779 2,528 22,559 6,937 1.40 4.34
S3 389 5,780 3,895 16,011 2,127 21,792 6,412 1.38 4.14

Fig. 4.2 shows the changes in total cost and gradient norm reduction as the iterations
progress for the three optimization scenarios. In all scenarios, the cost decreases significantly,
with a particularly steep drop during the first 20 iterations. The gradient norm reduction also
consistently increases, with all scenarios eventually reaching the optimization threshold of
1000.

Scenario S3, which applies a doubledCOSvegetation flux at high latitudes, converges in 116
iterations, while S1 and S2 require 141 and 149, respectively. The fact that S3 convergeswith the
fewest iterations further supports the earlier cost function analysis (Table 4.3), where S3 shows
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the lowest prior andposterior costs among the three scenarios. Together, these findings suggest
that enhancing COS vegetation uptake in theNorthernHemisphere improves consistencywith
atmospheric constraints, thereby facilitating a more efficient optimization.

Figure 4.2: Changes in total cost reductions and gradient norm reduction (-) with increasing number
of iterations for different scenarios. S1: linear GPP–COS vegetation flux relationship; S2: temperature-
dependent internal conductance specific to COS; S3: same as S2 but with doubled vegetation uptake
north of 40 °N.

4.3.2 Evaluation with surface-based observations

Weassess the consistency between the posteriormole fractions simulated for each optimization
scenario and the surface observations of COS and CO2, which were assimilated during the
optimization. This consistency is quantified using the χ

2 metric. The total prior chi-squared
values (χ2

prior) of CO2 and COS are 3.1 and 40.1, respectively. The posterior chi-squared values

(χ2

poste) for CO2 and COS are reduced significantly to 1.38–1.40 and 4.14–4.42, respectively, as
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presented in Table 4.3.
All scenarios show that the χ2

poste of the CO2 values are reduced from χ
2

prior and close to 1,
indicating that 4D-Var optimization improves CO2 simulations. S3 shows the largest reduction
to 1.38, while S1 and S2 both have slightly higher values. This similarity in χ

2

poste indicates that
the COS vegetation flux does not significantly affect the CO2 optimization. While S3 shows the
lowest value (1.38), the differences among the scenarios are small, suggesting that the impact
of COS vegetation flux variation on CO2 optimization is limited.

For COS, the χ2

poste values are significantly reduced from their prior values, demonstrating
the effectiveness of the optimization. These values (4.14–4.42) fall within the range reported by
Ma et al. (2021) for single-species inversions (1.9–4.9), despite our system jointly optimizing
both CO2 and COS. The slightly higher posterior values from this study may reflect the chal-
lenges of simultaneously constraining two species with shared but uncertain biospheric fluxes.
Nonetheless, having achieved comparable performance to single-species inversions highlights
the robustness of our coupled framework.

Fig. 4.3 shows the spatial distribution of χ2

prior and χ
2

poste values for COS and CO2 at surface
stations. Results are shown for the scenario S3 only, as it achieved the lowest posterior cost and
total χ2

poste value among the three scenarios. For COS, χ2

prior values in all sites range from 5.8

to 138, while χ2

poste values significantly decrease to a range of 2.4 to 18.5. The reductions of the
χ
2 values before and after optimization are larger below 30 °N, because the χ

2

prior values are
relatively larger in this region. CO2 shows considerable improvements as well, particularly in
the high-latitude SH, where χ2

prior values greater than 10 are reduced to less than 2.
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Figure 4.3: Spatial distribution of prior and posterior χ2 values compared between surface observations
and estimates from S3, including their differences (posterior minus prior) for COS (upper panels) and
CO2 (lower panels) mole fractions.

Fig. 4.4 shows the χ2

poste values for COS and CO2 at the surface stations where both species
are measured, arranged from south (left) to north (right). For COS, relatively lower χ2

poste

values are observed at low to mid-latitude stations (from SMO toMHD) compared to those at
higher latitudes, except for the NWR station. For scenario S2, which used gi,new, most stations
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in the NH show slightly lower χ2 than S1. Scenario S3, which doubled the COS vegetation flux
above 40 °N, showsmore distinct enhancements at HFM, BRW, and SUM, located in northeast-
ern North America. In other regions, the differences between scenarios are not significant. At
NWR (3,523 m above sea level), χ2

poste is slightly higher in S3 compared to S1 and S2, suggest-
ing that an increase in COS vegetation flux is not beneficial in that area. This implies a need
for adjustments in COS vegetation flux, especially considering specific geographical character-
istics such as altitude. In the SH, all scenarios show similar results because of a less significant
impact of the COS vegetation flux on this region.

For CO2, χ
2

poste values at most stations are below 2.5. However, CGO and THD show χ
2

values close to zero, indicating potential overfitting, while most locations demonstrate values
χ
2

poste in the range of 1.0 to 2.0, suggesting a good fit to the observations. χ2

poste values for CO2

are similar in all scenarios.

Figure 4.4: Posterior χ2 values of COS (upper panel) and CO2 (lower panel) at surface stations from
south (left) to north (right) on the horizontal axis, for the three scenarios. S1: linear GPP–COS vegeta-
tion flux relationship; S2: temperature-dependent internal conductance specific to COS; S3: same as S2
but with doubled vegetation uptake north of 40 °N.

Fig. 4.5 compares the observed and modeled seasonal variations in COS mole fractions,
using prior (S1) and posterior fluxes (from S1 to S3), to evaluate how well each model sce-
nario reproduces the observed seasonal patterns at surface sites. The selected sites are those
where both CO2 andCOS aremeasured simultaneously. To facilitate a clearer comparisonwith
the dense observation time series, both model outputs and observations are averaged to 8-day
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means. In general, theCOSmole fractions show their lowestmole fractions between September
and October, and highest values in May. This seasonal pattern is mainly driven by vegetation
uptake, which steadily removes COS from the atmosphere during the growing season (Camp-
bell et al., 2008). The late-summer minimum reflects cumulative biosphere absorption, while
the spring maximum results from winter accumulation of emissions combined with limited
uptake.

The prior model generally overestimates COS mole fractions except for the period from
March to May. All posterior results capture the seasonal variations more accurately, and the
observed values are within the error range at all stations. However, the optimized model re-
sults fail to fully explain the minimum COS mole fractions that occur around October at the
ALT, SUM, THD, MLO, KUM, and PSA stations. These stations are mostly located in coastal
regions, where the observations mainly reflect land biosphere uptake, whereas the model grid
cells are influenced by nearby oceanic fluxes and transport processes. As a result, the simu-
lated mole fractions tend to be higher during this period (Riley et al., 2005; Ma et al., 2021).
Our 4D-Var system has limited capability to represent such local flux contrasts.

Fig. 4.6 presents the seasonal variations of CO2 mole fractions from prior S1 and all poste-
rior scenarios at the same stations shown in Fig. 4.5. Typically, CO2 mole fractions reach their
lowest values in July and August and remain at higher levels from January to May, showing
seasonal patterns that differ in timing from those observed for COS. These differences arise
because CO2 is influenced by both biosphere uptake and respiratory release, leading to a more
immediate seasonal response, while COS is removed solely through uptake and exhibits a de-
layed minimum due to cumulative absorption over the growing season.

The prior S1 optimization scenario overestimates the CO2mole fraction up to 5 µmolmol−1.
After optimization, all posterior scenarios show closer alignment with the observational data,
staying within the error assigned to the observations (RCO2

). There are no significant differ-
ences between the scenarios, because compensating adjustments betweenGPP andTER,which
kept NEE relatively constant even when COS vegetation fluxes vary.

4.3.3 Evaluation of the simulated vertical profiles

In this section, we evaluate the simulated vertical profile with aircraft measurements, which
are independent of our assimilation and provide additional insights into the optimization
results. Fig. 4.7 shows the vertical distribution of COS mole fractions from ATom airborne
observations and those simulated using prior and optimized surface fluxes for the three op-
timization scenarios. The analysis is divided into two periods, July–August 2016 and Jan-
uary–February 2017, corresponding to the ATom 1 and ATom 2 campaigns.

For COS, prior results show a notable negative bias, except in theNorth Atlantic in January-
February. The posterior results significantly reduce these biases, especially in the South Pacific
and SouthAtlantic during both theATom 1 andATom2missions. Despite these optimizations,
theNorth Pacific andNorthAtlantic still display considerable underestimations duringwinter,
with mean bias values of−18.6 pmolmol−1 and−10.6 pmolmol−1, respectively, suggesting the
need for additional sources.

The differences between the three optimization scenarios are minimal in all regions, in-
dicating a small impact of the vegetation fluxes in these areas. Thus, improvements in factors
other than the COS vegetation flux (e.g., advection, unknown emissions) are necessary during
the January-February period in the North Pacific and North Atlantic. These possible factors
will be discussed in more detail in Sect. 4.4.1.

Fig. 4.8 shows the vertical distribution of CO2 mole fractions. Prior results generally exhib-
ited positive biases with respect to ATom observations, and the optimization reduces these
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Figure 4.5: Time series of 8-day moving averaged COS mole fractions at eight surface stations, compar-
ing measurements from July 2016 to June 2017 with modeled results from prior S1 (dotted) and poste-
rior S1 to S3 scenarios (solid lines). The shaded area represents the RCOS used in the inversion, which
combines measurement error, flux error, and representation error (see sect. 4.2.6). S1: linear GPP–COS
vegetation flux relationship; S2: temperature-dependent internal conductance specific to COS; S3: same
as S2 but with doubled vegetation uptake north of 40 °N.

biases except over the North Pacific and North Atlantic during January-February. Specifi-
cally, prior simulations over the north Pacific during this period show a slight positive bias
of 0.13 µmolmol

−1, but the posterior results underestimate the observations with a mean bias
of about−0.95 µmolmol

−1. In theNorthAtlantic during January-February, posterior estimates
up to 5 km altitude align more closely with ATom observations, whereas estimates above this
altitude continue to be underestimated. Similarly to the findings for COS, the vertical distri-
bution of CO2 mole fractions exhibits minimal variation between scenarios.
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Figure 4.6: Same as Fig. 4.5 but for CO2 mole fractions. The shaded area represents the RCO2 used in
the inversion, which includes measurement and representation errors (see sect. 4.2.6).

4.3.4 Optimized COS surface fluxes

4.3.4.1 COS global budget

In this section, we quantify the COS sources and sinks using the three optimization scenarios
and summarize their global budget in Table 4.4. As DMS emissions and COS soil fluxes are not
included in the state vector of the optimization, their posterior values remain the same as the
priors. A visual comparison of the prior and posterior COS budget in all scenarios is provided
in Appendix Fig. A4.2.

Net anthropogenic emissions exhibit mixed behavior across scenarios, showing onlyminor
differences from the prior in total but with contrasting patterns. Specifically, S1 and S2 show
slight decreases, while S3 shows a substantial increase. This pattern results from a combina-
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Figure 4.7: Vertical distribution of COSmole fractions from theATomaircraft campaigns (ATom1: July–
August 2016, ATom 2: January–February 2017), compared with S1 prior results and posterior estimates
from the three scenarios optimized through the 4D-Var system. Results are shown for four geographic
regions (North/South Pacific and North/South Atlantic), which are indicated in Fig. 4.1.

Figure 4.8: Same as Fig 4.7 but for the CO2 vertical distribution.
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tion of increased direct COS emissions and decreased indirect CS2 emissions in all scenarios,
with S3 showing a smaller reduction in CS2 compared to S1 and S2. Direct COS emissions in-
crease markedly in all scenarios, from a prior value of 161 to 219–225 GgSyr−1, which is larger
than the 153 GgSyr−1 reported by Ma et al. (2021). In contrast, CS2 anthropogenic emissions
decrease significantly from 236 to 115–175 GgSyr−1. These posterior values are smaller than
the 188 GgSyr−1 reported by Ma et al. (2021).

Oceanic emissions exhibit substantial adjustments in the optimization. Notably, COS di-
rect oceanic emissions are converted from source to sink, ranging from −3 to −36 GgSyr−1.
This behavior aligns with findings from Ma et al. (2021). Indirect emissions from oceanic CS2
oxidation increased substantially, from 83 to 173–196 GgSyr−1, exceeding the 96 GgSyr−1 es-
timate in Ma et al. (2021). As a result, despite the conversion of direct emissions to sink, the
total oceanic emission increases from a prior value of 278 to 297–328 GgSyr−1 in the three
scenarios.

Biomass burning emissions show only minor changes, increasing slightly from 142 to 143–
159 GgSyr−1 in all scenarios.

The biospheric flux, the largest sink of COS, the vegetation uptake shows slight reductions
in posterior values compared to the prior. Specifically, vegetation uptake decreases from−675
to−666 GgSyr−1 in S1, from−640 to−625 GgSyr−1 in S2, and from−783 to−775 GgSyr−1 in
S3. In comparison,Ma et al. (2021) reported amuch larger adjustment in the combined soil and
vegetation uptake, with a reduction from−1053 GgSyr−1 to−557 GgSyr−1 in their inversion.
Although our results show the same direction of change (weaker sink after inversion), the
magnitude of adjustment is considerably smaller. These limited adjustments are discussed
further in Sect. 4.4.2.

Atmospheric chemical loss, not included in the optimization but changing due to modified
3D distributions of COS, remains relatively stable between −142 and −146 GgSyr−1 in all
scenarios.

The prior net fluxes exhibit a wide range of imbalances in the three scenarios, from
−51 GgSyr−1 in S2 to −191 GgSyr−1 in S3. The large imbalance in S3 is attributable to the
arbitrarily increased vegetation uptake imposed in the prior at high latitudes. After opti-
mization, the posterior net fluxes become more consistent across the scenarios, ranging from
−77 GgSyr−1 (S2) to−104 GgSyr−1 (S3). These posterior imbalances are more negative than
those reported in previous studies (Ma et al., 2021; Remaud et al., 2022), and this discrepancy
is further discussed in Sect. 4.4.3.
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4.3.4.2 Latitudinal variation of COS surface fluxes

To examine the latitudinal characteristics of COS surface fluxes, we analyze the zonal mean
distributions of prior and posterior fluxes in all scenarios. Fig. 4.9 presents these latitudinal
variations, highlighting the changes introduced by optimization.

Fig. 4.9a depicts the COS vegetation flux, showing a bimodal distributionwith peaks at low
(25 °S–20 °N) and high latitudes (40 °N–75 °N). Due to the strong constraints from coupling
with GPP and the limited freedom of the TER flux to compensate GPP changes (error 5%),
the COS vegetation fluxes from all scenarios are only slightly updated. Compared to S1, S2
shows a reduced COS uptake at low latitudes and increased uptake at high latitudes in the
NH. This shift reflects the behavior of the temperature-dependent CA function implemented
in S2, which increases uptake under cooler conditions, but suppresses it at higher temperatures
(Cho et al., 2023). Posterior S3, prescribed with double the prior vegetation flux S2, shows the
largest sink at high Northern latitudes, with a latitudinal distribution pattern similar to its
prior.

To quantify these regional shifts, we also computed the total vegetation uptake integrated
over key latitude bands. Between 25 °S and 25 °N(tropical region), the posterior fluxdecreased
from−420 GgSyr−1 in S1 to−365 GgSyr−1 in S2 and S3. Conversely, the high-latitude uptake
above 40 °N increased from −117 to −138 GgSyr−1 in S2, and reached −276 GgSyr−1 in S3.

Fig. 4.9b shows COS oceanic fluxes, where prior estimates predominantly indicate a source,
whereas posterior values from the optimization scenarios reflect sinks at higher latitudes in
both hemispheres. In the SH, uptake levels are similar across all scenarios. In theNH, S1 and S2
predict strong COS absorption by the ocean, while S3 suggests a source at latitudes lower than
50 °N and a weak sink at higher latitudes. This smaller uptake in posterior S3 is likely due to
the doubling of the COS vegetation sink prescribed in high northern latitudes. As the inversion
system balances total fluxes to match atmospheric constraints, the larger vegetation uptake in
this region may have diminished the need for additional oceanic compensation, resulting in
weaker oceanic sinks.

Fig. 4.9c illustrates anthropogenic COS emissions, where prior fluxes primarily concentrate
over the NH mid-latitudes. The posterior fluxes indicate increased emissions between 15 °N
and 50 °N and a reduction around 50 °N. In particular, near 50 °N, scenario S3 results in higher
emissions compared to the other optimization scenarios, with S1 showing the lowest emissions.

Fig. 4.9d displays COS biomass burning fluxes, with prior emissions occurring between
25 °S and 75 °N. In the posterior fluxes, emissions increase at low latitudes (25 °S to 15 °N)
and decrease northward of 15 °N. S1 and S2 reveal significant unphysical negative fluxes at
high latitudes in NH. This feature is absent in the optimization scenario S3 due to the larger
vegetation uptake of COS at high latitude prescribed in the prior fluxes.

Fig. 4.9e illustrates the prior and posterior distributions of CS2 oceanic fluxes. Overall, pos-
terior emissions more than double across all latitudes, increasing the global oceanic CS2 flux
from a prior estimate of approximately 83 GgSyr−1 to 196 (S1), 173 (S2), and 176 GgSyr−1

(S3). At low latitudes, where the prior fluxes exhibit a peak, the posterior distributions also
retain the highest values, reflecting both the global increase and the preservation of the lat-
itudinal pattern. S1 shows a larger increase compared to S2 and S3, likely due to a larger
biospheric sink at low latitudes in S1, which amplifies CS2 oceanic emissions. The minimal
differences between the results of S2 and S3 suggest that the adjustments of the high-latitude
vegetation fluxes do not significantly affect the CS2 oceanic sources.

Fig. 4.9f shows the anthropogenic CS2 emissions. After optimization, all scenarios exhibit
a substantial reduction of north of 40 °N, where prior fluxes indicate a source. This results in
a transition from source to sink in that region. When integrated high latitude band (north of
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40 °N), the posterior fluxes become negative in all scenarios, with total negative emissions of
−97 GgSyr−1 in S1, −81 GgSyr−1 in S2, and −23 GgSyr−1 in S3.

These nonphysical results are most likely related to the limited ability of the inversion sys-
tem to sufficiently adjust the biospheric sink, which is tightly constrained by the strong prior
error setting. Notably, while the negative values in biomass burning are largely resolved un-
der the S3 scenario with enhanced vegetation fluxes, negative emissions in CS2 anthropogenic
fluxes persist. The spatial and seasonal distributions of these negative CS2 anthropogenic
fluxes are examined in the following section.

75 50 25 0 25 50 75
Latitude

1.50

1.25

1.00

0.75

0.50

0.25

0.00

CO
S 

flu
x 

[k
g 
m

2  s
1 ]

1e 13 (a) COS vegetation

75 50 25 0 25 50 75
Latitude

1.5

1.0

0.5

0.0

0.5

1.0

CO
S 

flu
x 

[k
g 
m

2  s
1 ]

1e 14 (b) COS oceanic

75 50 25 0 25 50 75
Latitude

0.0

0.2

0.4

0.6

0.8

1.0

1.2

1.4

CO
S 

flu
x 

[k
g 
m

2  s
1 ]

1e 13 (c) COS anthropogenic

75 50 25 0 25 50 75
Latitude

7.5

5.0

2.5

0.0

2.5

5.0

CO
S 

flu
x 

[k
g 
m

2  s
1 ]

1e 14 (d) COS biomass burning

75 50 25 0 25 50 75
Latitude

0.0

0.5

1.0

1.5

2.0

CS
2 f

lu
x 

[k
g 
m

2  s
1 ]

1e 14 (e) CS2 oceanic

75 50 25 0 25 50 75
Latitude

2

1

0

1

CS
2 f

lu
x 

[k
g 
m

2  s
1 ]

1e 13 (f) CS2 anthropogenic

prior S1 prior S2 prior S3 poste S1 poste S2 poste S3

Figure 4.9: Latitudinal variation of COS fluxes, comparing prior (dotted lines) and posterior (solid
lines) values for three scenarios. Each scenario is shown in a distinct color: red for S1, blue for S2, and
orange for S3.

4.3.4.3 Analysis of nonphysical negative emissions

Despite doubling the high-latitude COS vegetation flux in S3, posterior CS2 anthropogenic
emissions and biomass burning COS emissions still exhibit nonphysical negative values, par-
ticularly around the 50 °N region. To investigate the regions where these negative values occur
and to assess whether similar patterns appear in direct COS anthropogenic emissions, we ex-
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amine the spatial distributions of the prior and posterior anthropogenic emissions for both CS2
and COS under scenario S3, along with their differences, as shown in Appendix Fig. A4.1.

After optimization CS2 anthropogenic emissions show notable decreases over Europe and
eastern North America, while increases are observed over the Indian subcontinent and east-
ern China. In particular, the posterior values over Europe (latitude 30 °N–60 °N, longitude
10 °W–30 °E) decrease significantly, resulting in negative posterior fluxes. In contrast, the cor-
responding posterior fluxes of direct COS anthropogenic emissions in the same regions remain
positive, despite some local reductions. This contrasting behavior suggests that the inversion
interprets a larger portion of the anthropogenic COS-related to uncertainty to CS2 emissions,
rather than to direct COS emissions.

Although both fluxeswere assigned identical prior uncertainties and spatial correlation set-
tings, the inversion preferentially adjusts CS2 emissions, likely because they are more spatially
concentrated in Europe, leading to stronger localized sensitivity to observational constraints.
This regional concentration may also reflect differences in emission sources: CS2 emissions are
associated with industrial and high-tech manufacturing sectors, whereas anthropogenic COS
is more closely linked to coal combustion, particularly in East Asia. This behavior is discussed
further in Sect. 4.4.3.

To explore the causes behind the nonphysical negative values of the CS2 anthropogenic
emissions over Europe, we examine themonthly variations of the posterior emissions. Fig. 4.10
presents the seasonal variation of prior and posterior CS2 anthropogenic emissions, together
with COS anthropogenic emissions and COS vegetation fluxes from S3 over Europe. The in-
clusion of these additional fluxes aims to explore whether the nonphysical seasonal patterns
observed in CS2 anthropogenic emissions are related to adjustments in other surface fluxes.

The prior CS2 anthropogenic emissions show positive values throughout the year with no
seasonal variation, while the posterior emissions display significant seasonal fluctuations with
negative values, most negative in September and the highest in February. This pattern is also
visible in the posterior COS anthropogenic emissions, which also show a reduction compared
to the prior fluxes.

Over Europe, the COS vegetation uptake peaks in June and July and decreases in December
and January, while posterior CS2 anthropogenic emissions exhibit negative values peaking in
September. Although their seasonal patterns do not align exactly, the strong vegetation uptake
during summer can reduce atmospheric COSmole fractions in the following months. The fact
that the inversion does not increase oceanic COS uptake at high latitudes (Fig. 4.9(b)), but
instead reduces CS2 anthropogenic emissions over inland regions, suggests that the model re-
quires additional sinks specifically over land. This highlights a potential underestimation of
biospheric COS uptake or soil uptake in these regions. Therefore, simply doubling the vegeta-
tion flux values (S3) is insufficient to resolve this issue, suggesting that further improvements
in the COS biosphere fluxes calculations in SiB4 are necessary. Note here that the COS budget
over Europe is poorly constrained, as updates in this region are influenced almost exclusively
by the Mace Head station, the only observational site providing constraints.

4.3.5 Optimized CO2 surface fluxes

4.3.5.1 CO2 global budget

Table 4.5 shows the global CO2 budget, comparing posterior estimates from each optimization
scenario with the priormodel. The CO2 sources from anthropogenic and fire emissions remain
unchanged, as these fluxes were not optimized.
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Figure 4.10: Monthly variations of CS2 anthropogenic, COS anthropogenic, and COS vegetation fluxes
in the region spanning latitudes 30 °N–60 °N and longitudes 10 °W–30 °E, where generally CS2 anthro-
pogenic emissions show negative values. Comparisons between Prior S3 (grey) and Posterior S3 (or-
ange) are shown.

To place our posterior estimates in a broader context, we compare them with global CO2

inversion results from the Global Carbon Budget 2024 (GCB2024, Friedlingstein et al. (2025)),
which consists of results from 14 inverse systems covering the period 1976-2023 (Luijkx et al.,
2024). For consistency, we extracted and analyzed the inversion outputs corresponding to our
analysis period. Note that the GCB2024 inversions provide only the total land flux, which is
the sum of NEE and fire fluxes (FCO2,NEE + FCO2,fr). Therefore, we compare the total land
flux rather than the individual components. GCB2024 inversion land fluxes were adjusted to
match fossil fuel and cement emissions from the GridFEDv2024 inventory, whereas we do not
apply this adjustment for our results. The riverine carbon flux adjustment is not applied to
either the GCB2024 or our results, and therefore, they cannot be directly compared to bottom-
up estimates.

We also refer to results from another coupled CO2-COSmodel (Remaud et al., 2022), which
analyzed the coupled COS and CO2 budgets in the period 2008-2019, to provide additional
context. Appendix Fig. A4.3 provides a visual comparison of the estimated CO2 budgets from
both the prior and posterior models.

The oceanic flux from the three optimization scenarios is−3.6 PgCyr−1, which is substan-
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tially larger than the estimate from the GCB2024 inversions of −2.4 PgCyr−1. A larger dis-
crepancy is found with −1.9 PgCyr−1 reported by Remaud et al. (2022), likely because their
oceanic fluxes were prescribed and not optimized, and their values are reported for a different
period. Note that a river adjustment was not applied, and therefore these numbers cannot be
directly compared to the GCB2024 bottom-up estimates.

All optimization scenarios yield land CO2 fluxes between−1.3 and−1.4 PgCyr−1, indicat-
ing a stronger sink than the prior estimate of −0.7 PgCyr−1, and are more consistent with the
results of the inversions included in GCB2024 and Remaud et al. (2022). However, the land
sink in our study is still slightly smaller than those reported in the two previous studies. This
discrepancy may be due to an underestimation of GPP or an overestimation of TER or uncer-
tainties in fire emissions, or settings in the coupled inversion system, as discussed in Sect. 4.4.3.
The similar NEE values across all three optimization scenarios suggest that variations in the
prior COS vegetation flux do not significantly affect the optimized CO2 biosphere flux.

The surface flux residual with respect to the atmospheric CO2 growth rate decreases from
5.4 PgCyr−1 in the prior to 4.7 PgCyr−1 in the posterior. This posterior value is in line with
reported estimates from the inversions included in GCB2024 (4.8 PgCyr−1) and Remaud et al.
(2022) (4.9 PgCyr−1).
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Fig. 4.11 compares the distribution of global CO2 ocean and land fluxes of the three
optimizations in this study with results from 14 CO2 inverse models included in GCB2024
(Friedlingstein et al., 2025) and from Remaud et al. (2022). To ensure consistency, the
GCB2024 inversion data were subset for the period July 2016 to June 2017 for comparison with
our results. In contrast, Remaud et al. (2022) data represented a 2008–2019 average, as no
corresponding annual data were available. Note again that the ocean CO2 flux in Remaud et al.
(2022) was prescribed rather than optimized. The land fluxes from GCB2024 and Remaud
et al. (2022) generally range between −1.5 and −3.0 PgCyr−1, while ocean fluxes fall within
a similar range of −1.5 to −3.0 PgCyr−1. In contrast, our results show slightly weaker land
fluxes and stronger oceanic sinks.

The diagonal line represents the global budget constraint, indicating all possible combina-
tions of land and ocean fluxes that by design should sum up to the total net CO2 emissions
minus the atmospheric growth rate (−4.6 ± 0.25 PgCyr−1, including fire emission). Our
model estimates are approximately −4.9 PgCyr−1, showing general agreement with this con-
straint. Note that such comparisons are typically made over periods longer than 1 year (e.g.,
in Friedlingstein et al. (2025)).

Figure 4.11: Global CO2 ocean flux (FCO2,oc) and land fluxes (FCO2,bio + FCO2,fr) obtained from the
GCB2024 inversion ensemble (blue dots, from July 2016 to June 2017), the LRU-basedCO2-COS coupled
system fromRemaud et al. (2022) (orange dot, from 2008 to 2019), and our posterior estimates from the
three optimization scenarios (red symbols, from July 2016 to June 2017). The diagonal line represents
the global carbon budget constraint, where land and ocean fluxes balance total net CO2 emissionsminus
the atmospheric growth rate. Note that FCO2,oc and FCO2,bio are negative values indicating sinks, while
FCO2,fr is positive, representing a source.

4.3.5.2 Latitudinal variation of CO2 fluxes

Fig. 4.12 shows the latitudinal distribution of the prior and posterior CO2 fluxes for the three
optimization scenarios. Anthropogenic emissions andfire fluxes are excluded, as theywere not
optimized. For comparison, the GCB2024 inversion results are also included for the land flux
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(NEE plus FCO2,fr) and CO2 oceanic flux (Fig. 4.12(d) and (e)). The GCB2024 inversion re-
sults are shown as the ensemble mean and the minimum-maximum range across 14 ensemble
members. This ensemble reflects a diversity of inversion frameworks and prior assumptions,
providing a useful benchmark for evaluating the robustness of our results.

Fig. 4.12a shows the prior and optimized GPP distribution, with two prominent peaks, one
at low-latitudes and another around 50 °N, similar to the S1 COS vegetation flux pattern (see
sect. 4.3.4.2), as the latter was derived linearly from GPP. The differences between the prior
and posterior fluxes are small, but the posterior fluxes show a slightly stronger uptake, except
over the 0 to 30 °N latitude band.

Fig. 4.12b shows the latitudinal distribution of TER. The posterior TER remains similar to
the prior flux overall, likely because the prior error assigned to TER (5%) was smaller than
that for GPP (10%).

Fig. 4.12c shows the latitudinal distribution of the CO2 net biosphere flux (NEE). While
prior and posterior changes in GPP and TER are relatively small, NEE exhibits substantial ad-
justments across all latitude bands. This is partly because NEE, being the difference between
GPP and TER, has a smaller magnitude and weaker latitudinal variation. The prior NEE is
relatively constant across latitudes, whereas the posterior shows pronounced CO2 uptake be-
tween 50 °S–0 ° and 40 °N–75 °Nand net CO2 emissions between 0 °–40 °N. These patterns arise
because GPP decreases more than TER between 0 °–40 °N, leading to a net source, while GPP
increases above 50 °N, strengthening the sink. Differences across scenarios are minor, suggest-
ing that NEE is robustly constrained by CO2 data, with limited sensitivity to variations in COS
biosphere flux. Although differences are small, S3 shows the largest uptake, followed by S2
and S1.

Fig. 4.12d shows the latitudinal variation of the total land flux, combiningNEE andfire flux,
for comparison with the GCB2024 inversion results. Notably, our system produces a stronger
net sink in the SH tropics (25 °S–0 °), whereas the Northern Hemisphere tropics (0 °–25 °N)
show a stronger net source relative to GCB2024 inversions. In addition, north of ≈50 °N our
model simulates a stronger sink. A detailed discussion of the possible drivers of these hemi-
spheric asymmetries is provided in Sect. 4.4.2.

Fig. 4.12e shows the latitudinal distribution of the CO2 oceanic flux. Prior sinks are evident
at 75 °S–30 °S and most latitudes in the NH. Posterior sinks decrease compared to prior fluxes
in the SH but increase from 25 °N–50 °N. Posterior fluxes exhibit only small adjustments across
all latitudes. This corresponds to a slight global adjustment from −3.5 to −3.6 PgCyr−1 (see
Table 4.5). There are no differences in updates across the COS optimization scenarios.

While our posterior ocean fluxes broadly align with the latitudinal patterns reported by
GCB2024, regional discrepancies remain. For instance, the sink is overestimated in parts of the
Southern Ocean (≈50 °S) and the mid-latitude Northern Hemisphere (5 °N–50 °N), while it
is underestimated in the subtropical Southern Hemisphere (50 °S–10 °S). A localized source
anomaly near 50 °N–65 °N and a stronger than expected sink north of 75 °N are also appar-
ent. These differences may reflect the limited constraint from oceanic CO2 observations in our
setup, which hampers regional adjustments. A detailed discussion is provided in Sect. 4.4.2.

Fig. 4.12f illustrates the latitudinal variation of anthropogenic CO2 emissions. Since these
emissions were not optimized in our inversion framework, only the prior values are shown.
The prior distribution used in our system closely matches the results from the inversions in-
cluded in GCB2024, with both datasets showing strong positive emissions between 25 °N and
50 °N in the NH.
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Figure 4.12: Latitudinal distribution of (a) GPP, (b) TER, and (c) net CO2 biosphere flux (NEE), (d)
net CO2 land flux (fire and NEE), (e) CO2 oceanic flux, (f) CO2 anthropogenic flux for the three op-
timization scenarios. Shaded areas in (d), (e), and (f) indicate the range across 14 GCB2024 inverse
models (Friedlingstein et al., 2025) for July 2016–June 2017.

4.4 Discussion

4.4.1 Direction to improve the coupling system

We successfully implemented a coupled CO2 andCOS optimization system in the TM5-4DVAR
framework. Our inversions reached convergence, and the overall comparison with assimilated
(surface flask) and independent (ATom aircraft) observations generally improved. Here, we
discuss possible future improvements to the system.

First, while our 4D-Var system currently operates at monthly resolution for both COS and
CO2 biosphere fluxes, future developments should explicitly incorporate diurnal cycles. Un-
like CO2, which is respired at night, COS continues to be taken up when stomata remain open,
resulting in distinct diurnal patterns between the two gases (Berkelhammer et al., 2014; Kooij-
mans et al., 2019). This challenges the assumption that COS uptake can be linearly scaled from
GPP, especially since our prior COS fluxes followed this approach. Munassar et al. (2025)
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showed that neglecting diurnal variations in CO2 mole fractions can introduce substantial re-
gional biases—up to 48% in annual NEE over Europe—while the global land sink impact was
relatively small (≈ 2%). Given that our prior COS vegetation uptake was derived by scaling
GPP, similar underestimationmay have occurred, especially in high-latitude regions where di-
urnal variation is more pronounced and nighttime COS uptake is non-negligible. Moreover,
the lack of diurnal cycle representation may have limited the model’s ability to fully utilize
physiological improvements, such as the temperature response of mesophyll conductance in-
troduced in S2.

Second, although various types of COS and CO2 observations are available, including air-
craft, satellite, and in situ measurements, this study used only in situ observations. Utilizing
diverse observational data within the 4D-Var system in the future could provide new informa-
tion in regions not covered by in situ observations. However, data quality control is critical in
the use of satellite data to avoid inaccurate information, such as cloud contamination in signals,
low sensitivity, and artifacts due to orography (Ma et al., 2024).

In our current setup, CO2 observations exert a dominant constraint on the coupled system,
owing to their higher precision, greater spatial coverage, andmore reliable prior flux estimates
compared to COS. As a result, posterior biospheric fluxes are primarily adjusted to satisfy the
CO2 budget, with COS providing only a secondary constraint. This imbalance was evident
even when observational weights were applied, and in some regions, station-level posterior χ2

values fell below 0.5—an indication of potential overfitting. Such behavior suggests that the
system may have relied excessively on adjusting NEE to fit land-based CO2 data, particularly
where oceanic fluxes remained weakly constrained due to a lack of observational coverage.

To enhance the robustness of the coupled inversion, it is essential to establish a global obser-
vation network capable of jointly constraining bothCO2 andCOS surface fluxes. Improved spa-
tial and temporal coverage, along with reduced observational and prior uncertainties, would
enable COS to play a more effective role in complementing CO2 as a tracer of terrestrial pho-
tosynthesis.

Third, the observed low bias in the COS vertical profiles in the NH (Fig. 4.7) suggests
that improving the COS vegetation flux alone is insufficient to fully reconcile the discrepan-
cies. Notably, the posterior vertical profiles show only minor differences in the three scenarios,
indicating that adjustments to the prior vegetation flux had limited influence on the vertical
distribution of COS. A similar underestimation in the free troposphere (above 2 km) of both
the NH and tropics was also reported by Ma et al. (2023).

One potential explanation is the incomplete representation of oceanic DMS-derived COS
production. Previous studies have highlighted significant uncertainties in oceanic DMS emis-
sions (Belviso et al., 2012; Lana et al., 2011). The conversion fromDMS toCOS involves a poorly
understood multi-step reaction mechanism (Lennartz et al., 2017). Recent findings suggest
that DMS oxidation in the marine boundary layer may proceed via hydroperoxymethyl thio-
formate (HPMTF),which can further oxidize to COS (Jernigan et al., 2022; Wu et al., 2015; Ye et
al., 2022). Moreover, the uptake and reaction of HPMTF within cloud droplets may suppress
this pathway regionally (Kilgour et al., 2025), adding further complexity. These emerging
insights highlight the importance of improving our understanding and quantification of the
highly uncertain DMS–HPMTF–COS pathway, which remains a poorly constrained yet poten-
tially significant contributor to the atmospheric COS budget in inversion frameworks.

Ma et al. (2023) also suggested that missing COS or CS2 emissions fromAsia could explain
part of the low biases in the free troposphere, especially in the NH. This indicates the need to
improve regional emission inventories, particularly for anthropogenic and indirect sources in
East Asia.

Finally, due to computational cost constraints, we performed inversions of a two-year time



116 Chapter 4. Simultaneous optimization of global COS and CO2

period and analyzed a single year. As CO2 and COS mole fractions exhibit interannual vari-
ability (Friedlingstein et al., 2025; Serio et al., 2023), this poses limitations in comparison to
previous studies (e.g., GCB). Future work should apply the coupling system to multi-year in-
version. Additionally, the prior biosphere fluxes derived from the SiB4 model were simulated
using a fixed atmospheric CO2 mole fraction (370 µmolmol

−1), which suppresses the CO2 fer-
tilization effect, potentially leading to underestimated photosynthetic uptake.

Despite these limitations, our coupled system, which utilizes COS and CO2 biosphere
fluxes from a land surface model (SiB4) offers advantages over previous studies that relied on
fixed and uncertain LRU estimates (Launois et al., 2015a; Remaud et al., 2022). Although our
approach still depends on the LRU concept through the SiB4-calculated relationship between
COS and CO2 uptake, it benefits from the use of process-based physiological modeling, which
can be improved as new measurements become available to better evaluate and tune the
coupled COS and CO2 exchange. In this sense, we rely on prior fluxes derived from SiB4
rather than directly on prescribed LRU values.

The following section outlines how the adjustments to the COS vegetation flux improved
our estimates and how we took the first steps to improve the COS biosphere fluxes and assess
their impact on the inversion results.

4.4.2 Evaluation of COS vegetation flux scenarios

The three biosphere flux scenarios (S1, S2, and S3) revealed distinct impacts on the inversion
performance and optimized fluxes, particularly for the COS global budget.

Although the reduction in the χ2 for S2 after optimization is modest (from 4.42 to 4.34), the
change observed, particularly in the tropics suggests that applying the independent tempera-
ture response for CA (gi,new) improves the representation of COS uptake in these regions. This
result is consistent with Stinecipher et al. (2022), who reported the overestimation of tropical
COS vegetation uptakes based on MIPAS satellite observations. These findings highlight the
importance of incorporating temperature-dependent COS uptake independently from photo-
synthesis, especially under high-temperature conditions.

S3 achieved the lowest posterior cost and fastest convergence, suggesting that additional
biospheric sinks in northern high latitudes may be required. One possible reason for an un-
derestimated prior COS biospheric sink is the omission of diurnal cycles in our system, as
previously discussed. Since S3’s flux enhancement was implemented as an arbitrary adjust-
ment, future studies should explore more ecologically realistic representations that account
for regional vegetation types and their climatic responses.

Our finding that COS vegetation uptake is underestimated at high northern latitudes is
consistent with Kuai et al. (2022), who optimized COS plant uptake using aircraft profiles
over Alaska and found that the optimized uptake was about 25% greater than the ensemble
mean of GPP-based estimates. This supports the interpretation that the prior COS vegetation
flux, derived proportionally from SiB4GPP,may be underestimated in northern high latitudes.

The COS vegetation flux may exhibit independent characteristics relative to photosynthe-
sis—such as nighttime stomatal responses and distinct environmental sensitivities—that are
not yet fully represented in the land surfacemodel. A better representation of these physiolog-
ical processes may be the key to improving prior COS flux estimates and overall inversion per-
formance. In addition, the soil fluxwas not optimized in our inversion, but its high uncertainty
and limited process representation may also contribute to the model-observation mismatch.
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4.4.3 Implications for the global budgets of CO2 and COS

The optimized global budgets of CO2 and COS from our coupled inversion provide new in-
sights into the redistribution of sources and sinks for each gas. Compared to previous single-
species inversion studies, our system highlights how jointly assimilating CO2 and COS obser-
vations can influence the partitioning of surface fluxes.

For CO2, our results show a weaker land sink (−1.4 PgC yr−1 in S3) and a stronger ocean
sink (−3.6 PgC yr−1) for July 2016–June 2017, compared to the ensemblemean of the GCB2024
inversion systems (land: −2.2 PgC yr−1; ocean: −2.4 PgC yr−1).

A likely contributor to this discrepancy is the absence of diurnal cycle representation in
our inversion system and the use of prior biosphere fluxes driven by a fixed atmospheric CO2

mole fraction, as already identified as a limitation of our system (Sect 4.4.1). These limita-
tions may have also influenced the latitudinal distribution of the inferred land and oceanic
fluxes, contributing to the differences observed between our results and the GCB2024 inver-
sions (Fig. 4.12(d), (e)). In addition, the persistent underestimation of COS vegetation fluxes
at high latitudes may imply that GPP is likewise underestimated in these regions.

Although strong prior constraints on TER (5%) and the GPP–COS scaling factor (10%) are
essential for inversion stability, they also limit the system’s ability to adjust GPP and TER. Con-
sequently, COS vegetation flux updates remained minimal, forcing the inversion to reconcile
COS residuals through adjustments in other fluxes, such as anthropogenic CS2 emissions. This
tendency led to physically implausible negative posterior estimates, particularly over Europe,
where CS2 emissions are spatially concentrated andmore responsive to inversion adjustments.

The regional differences in anthropogenic COS and CS2 fluxes mainly reflect contrasting
emission structures. In China, anthropogenic COS arises from both coal combustion and in-
dustrial production such as rayon and titanium dioxide, with coal contributing more strongly
than in other regions (Zumkehr et al., 2018). This mixture produces clear spatial contrasts
between regions dominated by direct COS and those by CS2. The Zumkehr et al. (2018) in-
ventory has been shown to underestimate Chinese anthropogenic COS emissions (Yan et al.,
2019), consistent with the slightly higher posterior emissions than prior in our inversion.

In Europe, anthropogenic CS2 emissions mainly originate from viscose-rayon and other
chemical manufacturing sectors. These industries have declined and implemented stronger
emission controls in recent years (Belviso et al., 2023; Berchet et al., 2025). Consequently, the
posterior tendency toward reduced CS2 anthropogenic emissions in Europe is consistent with
these trends and suggests that the prior was biased high. However, the negative posterior
values are non-physical and most likely arise from weak constraints and modeled structure,
not true sinks.

Regarding COS global budget, our inversion suggests that additional biospheric sinks at
high northern latitudes and enhanced oceanic CS2 emissions in the tropics are needed to rec-
oncile observed atmosphericmole fractions. The attribution of the tropical “missing source” to
oceanic precursors aligns with previous studies (Ma et al., 2024; Remaud et al., 2022). How-
ever, uncertainties in the conversion pathways of oceanic DMS and CS2 remain substantial
(Lennartz et al., 2021), underscoring the need for further research to constrain these fluxes.

Our analysis estimates a larger negative COS budget imbalance (−77 to −104 GgS yr−1)
than earlier studies (Ma et al., 2021; Remaud et al., 2022), which reported near-zero imbal-
ances. This discrepancy partly arises because previous studies covered periods with a slight
increase in atmospheric COS (2000–2015), whereas our analysis focuses on 2016–2017, a period
marked by declining mole fractions (Serio et al., 2023).

Appendix Fig. A4.4 illustrates decreasing trends in anthropogenic COS, CS2, and oceanic
CS2 emissions. The decreasing trend in anthropogenic COS emissions aligns with the obser-



118 Chapter 4. Simultaneous optimization of global COS and CO2

vational evidence presented by Hannigan et al. (2022), who reported a strong correlation be-
tween free tropospheric COS concentrations and the revised anthropogenic emission inventory
by Zumkehr et al. (2018). The inventory includes both COS and its precursor CS2, suggesting
that reductions in both may contribute to the observed decline. Complementary satellite ob-
servations fromACE-FTS further support this interpretation, showing that COSmole fractions
increased from 2004 to 2017 and then declined approximately−4.5 pmol mol−1 yr−1 (Schmidt
et al., 2024). Serio et al. (2023) similarly reported a decline of about −5 pmol mol−1 yr−1 over
the same period.

By contrast, our inversion (S3) implies a stronger decline of roughly−18 pmol mol−1 yr−1.
While the sign of the change is consistent with observations, the magnitude is larger, likely
reflecting remaining uncertainties in this coupling system. Given the 5–10% retrieval uncer-
tainty, the exact onset of this transition cannot be dated precisely; however, 2016—the focus
year of our inversion—falls at the end of the increasing phase, and both ACE-FTS and NOAA
surface records point to a transition in the 2015–2017 period.

Furthermore, this explanation is supported by recent findings that natural processes alone
would lead to increasing atmospheric COS (Serio et al., 2023). Direct oceanic COS and indirect
CS2 oceanic emissions have shown a slight long-term increasing trend (Lennartz et al., 2021).
Likewise, ecosystem uptake, especially in boreal forests, has been weakened due to climate-
related stressors such as prolonged drought, which should have led to increased atmospheric
COS levels (Vesala et al., 2022). Therefore, the observed multi-year decrease in atmospheric
COS during 2016–2017 strongly suggests that reductions in anthropogenic emissions are the
most plausible driver of the negative budget imbalance (Hannigan et al., 2022; Serio et al.,
2023).

Our results show that the ability of the coupled system to constrain COS surface fluxes
varies regionally. Fluxes in the mid-latitudes appear relatively well-constrained, as indicated
by lower χ2

poste, whereas high-latitude regions remain weakly constrained, exhibiting unre-
alistic negative emissions with relatively higher χ2

poste. Such limitations are not unique to our
study, but are also evident in previous studies such as Launois et al. (2015b) and Remaud et al.
(2022), which rely on simplified LRU parameterizations. In all cases, these approaches impose
substantial constraints on the flexibility of the CO2–COS coupling. To overcome these limita-
tions, future work should aim to refine land surface models by (i) incorporating COS-specific
processes such as nighttime stomatal conductance and CA activity, or (ii) developing LRU pa-
rameterizations that account for geographic, environmental, and species-level variability and
integrating them into land surface models. Such improvements would enable the coupled sys-
tem to calculatemore accurate prior COS biosphere fluxes and provide deeper insights into the
global exchange of CO2 and COS.

4.5 Conclusion

We developed and implemented a coupled inversion system for CO2 and COS using the TM5-
4DVar, enabling the joint optimization of their surface fluxes. By linking GPP and COS vegeta-
tion uptake through a grid-cell-specificmonthly scaling factor, our approach allows simultane-
ous adjustments of biospheric fluxes constrained by atmospheric observations of both species.
This approach represents a methodological advance over previous studies that relied on fixed
LRU values or globally uniform scaling parameters. By using COS vegetation fluxes simulated
by a land surface model, which internally jointly represents photosynthesis and COS uptake,
our approach inherently accounts for physiological processes. Moreover, it provides a flexible
framework to incorporate future improvements in modeling COS uptake, informed by emerg-
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ing experimental and observational studies on biosphere–atmosphere interactions.
The results revealed notable differences in the redistribution of global carbon and sulfur

budgets compared to previous studies. Our coupled system estimates a weaker CO2 land sink
and a stronger ocean sink relative to the estimates from the inversions included in GCB2024.
This discrepancy is likely driven primarily by the absence of a diurnal cycle in our inversion
framework. Additionally, the lack of oceanic CO2 observations in our optimization may have
limited flux adjustments over the oceans, leading to compensatory adjustments in terrestrial
fluxes. For COS, reconciling observed atmospheric mole fractions required additional bio-
spheric sinks at high northern latitudes and enhanced tropical CS2 oceanic emissions. While
our system successfully reproduces surface observations, the emergence of negative posterior
anthropogenic CS2 emissions–particularly over Europe, where prior CS2 sources are spatially
concentrated but observational constraints are limited. This pattern suggests that tight prior
constraints on TER and the GPP–COS scaling factor limited the model’s ability to adjust bio-
spheric uptake processes appropriately. This underscores the need to improve the represen-
tation of COS biosphere fluxes in inversion frameworks, particularly through improving the
COS uptake modules within land surface models, instead of relying on simplified first-order
schemes.

Importantly, this study demonstrates the potential of a coupled CO2-COS inversion system
leveraging land surface model–derived biospheric fluxes from SiB4. Future work should focus
on refining land surface models and expanding COS observational networks, particularly in
underrepresented regions, to strengthen constraints on the global COS budget. Ultimately,
such advancesmay enable COS to fulfill its potential as a tracer of global photosynthetic carbon
uptake.
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A4. Appendices

Figure A4.1: Spatial distribution of anthropogenic emissions of CS2 (left column) and COS (right col-
umn) under the S3 scenario. Rows show prior (top) and posterior (middle) estimates, and their differ-
ences (bottom).
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Figure A4.2: Global budget of COS with contributions from precursors CS2 and DMS in prior and
posterior emissions from three scenarios for the period July 2016 to June 2017.
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Figure A4.3: Global CO2 budget from the prior and posterior inverse results in comparison to the mean
of the GCB2024 inversions for the period July 2016 to June 2017.
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Figure A4.4: Histogram of the monthly mean flux values for COS and CS2 surface fluxes designated as
state variables in the COS optimization from 2016 to 2017. Gray bars represent prior fluxes, and orange
bars represent posterior fluxes. The bars indicate surface fluxes, while the dotted lines show the linear
regression trends over the corresponding period.



Chapter 5

General discussion & Synthesis

5.1 Integrated summary across scales

This thesis evaluates the potential of carbonyl sulfide (COS) as a tracer for Gross Primary
Productivity (GPP) by integrating analyses across leaf, canopy, and global scale using inverse
modeling frameworks. Although COS shares its primary uptake pathway with CO2, our re-
sults show that COS leaf uptake responds differently from CO2 uptake to temperature and
stomatal conductance at the leaf scale. These differences, when carried forward to the canopy
scale, support refinements in stomatal and mesophyll conductance parameterizations, which
currently rely primarily on CO2-based leaf uptake relationships.

The improved representation of COS biospheric fluxes, in turn, provided more realistic
priors for global inversions, enhancing the accuracy of COS flux optimization and enabling
evaluation of the validity of the previously assumed linear relationship between CO2 and COS
plant uptakes. Through this pathway, COS serves as a complementary tracer of photosyn-
thesis, offering independent constraints on GPP that extend beyond those derived from CO2

alone. In the following, I summarize the main findings at the leaf, canopy, and global scales to
highlight both the insights gained and the remaining challenges.

At the leaf scale, important insights were obtained through chamber experiments and an
optimized conductance model coupling H2O, CO2, and COS exchange (Chapter 2). First, we
identified a likely temperature-dependent COS compensation point, showing that under high
temperatures, leaf exchange can shift from net uptake to net emission. These findings chal-
lenge the widespread assumption of negligible direct COS emissions from vegetation and in-
dicates that additional processes—potentially involving sulfur-related metabolism as well as
mechanisms such as retro-diffusion or senescence processes—should be explicitly considered
in leaf exchange estimations. Second, although the conductance model already accounts for
the distinct sensitivities of COS and CO2 to stomatal conductance (gs), the greater sensitivity
of COS to gs means that uncertainties in gs propagate more strongly into COS flux estimates
than into CO2 flux estimates. This amplified impact of stomatal dynamics is further discussed
in Sect. 5.3.2.

At the canopy scale, we implemented a temperature-dependent mesophyll conductance
(gi) function for COS in the SiB4 land surface model and optimized both gi and gs parameters.
These refinements improved the agreement between modeled and observed COS vegetation
fluxes at both evergreen needleleaf forest (Hyytiälä, Finland) and deciduous broadleaf forest
(Harvard Forest, USA). When propagated to the global scale, these improvements modified
the magnitude of vegetation COS uptake, increasing uptake in high-latitude regions during
the peak growing season, and reducing uptake throughout the year in tropical regions.

124
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Although SiB4 already represents key canopy-scale processes—including sun–shade
canopy structure, vertical microclimate gradients—translating leaf-level insights to canopy-
scale behavior still requires caution. Leaf measurements are inherently local, whereas canopy
fluxes integrate across heterogeneous environmental and physiological conditions. Thus,
leaf-derived parameter behavior may not map linearly to canopy responses, underscoring the
importance of cross-scale evaluation when constraining COS–based GPP estimates.

At the global scale, a coupled CO2–COS inversion system was implemented within the
TM5-4DVar framework. By jointly optimizing the fluxes of both gases, the system was used to
evaluate the assumption of a linear coupling between COS uptake and photosynthesis. While
posterior simulations better matched atmospheric CO2 and COS mole fractions at surface ob-
servation sites, they remained insufficient to fully resolve the high-latitude COS sink discrep-
ancy, underscoring the limitations of current model structures and the incomplete observa-
tional basis for COS. Furthermore, comparison across three different COS biosphere priors
showed that estimates of other COS surface fluxes were highly sensitive to the choice of bio-
sphere prior. This highlights the importance of usingmore realistic COS flux priors to improve
the COS global budget, particularly in better constraining missing sources and sinks. At the
same time, the small influence of COS vegetation flux priors on CO2 fluxes suggests that, under
current observational density and model structures (including the lack of a diurnal cycle rep-
resentation in the inversion), coupled COS inversions provide limited additional constraint on
CO2 and hence GPP. This underlines the need for expanded COS observations and improved
process representations before its full potential as a complementary tracer for GPP can be re-
alized.

Overall, integrating analyses from leaf to global scales has shown how the distinct temper-
ature and stomatal responses of COS, compared to CO2 propagate through scales and influ-
ence canopy and global flux estimates. This stepwise approach was essential to disentangle
where COS provides independent information on photosynthesis and where structural limi-
tations remain. Across scales, the shared stomatal pathway among COS, CO2, and H2O en-
abled joint constraints that strengthened parameter estimation, particularly for stomatal con-
ductance. While refinements in COS mesophyll conductance enhanced canopy-scale flux rep-
resentation and contributed to more realistic priors at the global scale, they were not sufficient
to resolve all remaining challenges. Coupled inversions at the global scale still revealed issues
such as nonphysical negative values of anthropogenic emissions, emphasizing that incomplete
process understanding in overall COS budget terms and sparse observations continue to limit
the extent to which COS can be used as a robust tracer of GPP.

Thus, inverse modeling of COS across scales evaluated its potential as a tracer for GPP,
while also revealing that its effective use remains constrained bymethodological and structural
uncertainties. In this chapter, I revisit the critical limitations of the approaches applied at each
scale, synthesize their implications, and propose improvements to the prevailing assumptions
that currently underpin COS-based GPP estimation. A summary of key findings, limitations,
and future priorities is presented in Fig. 5.1.

5.2 Methodological limitations and uncertainties

Across the different scales considered in this dissertation, several methodological limitations
and uncertainties emerged. These do not undermine the overall findings but define the bound-
aries within which the results can be interpreted. Highlighting them is essential both for cau-
tious interpretation and for identifying where future methodological improvements are most
urgently needed.
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Figure 5.1: Summary of findings, limitations, and future research directions across leaf-ecosystem-
global scales.

5.2.1 Limitations in COS observations

Limitations in current COS observational network influenced interpretation across leaf-,
canopy-, and global-scale analyses in this dissertation. Below, I summarize the key observa-
tional factors that shaped the analyses and constrained the extent to which COS can currently
serve as a tracer for photosynthesis.

A primary constraint lies in the precision of COSmeasurements. Observational uncertainty
arises from both the inherently high random noise of COS flux measurements (Kooijmans et
al., 2016; Kohonen et al., 2020) and persistent instrumental challenges, including calibration
and sampling artifacts (Berkelhammer et al., 2014).

At the leaf scale, elevated COS mole fractions (approximately 1000 pmolmol−1) were re-
quired to obtain robust chamber signals, and temperature-dependent chamber emissionswere
observed. The reported precision of a quantum cascade laser spectrometer (QCLS) for COS
is approximately 7.5 pmolmol−1(Kooijmans et al., 2016), and the uncertainty associated with
empty-chamber corrections widened the uncertainty of COS compensation point from 53.2
to 93.4 pmolmol−1at 19.8 °C. Consequently, the interpretation of COS compensation points,
derived under inflowing mole fractions of 100–600 pmolmol−1, must be made with caution.

At the canopy scale, eddy-covariance COS fluxes exhibited relatively high noise, and noc-
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turnal gs was subject to both observational uncertainty and incomplete model representation
in the SiB4 land surface model, complicating inference of the temperature response of COS
mesophyll conductance.

Second, limitations in the representativeness of COS observations persist across scales.
Chamber-based COS uptake experiments remain sparse compared to CO2-focused exper-
iments, with limited representation of plant functional diversity. In this work, leaf-level
analysis was conducted on a single species and a single phenological stage (flowering), over a
relatively narrow temperature range, restricting generalization across plant types, phenolog-
ical phases, and environmental gradients. At the canopy scale, parameter optimization was
conducted at only two sites, yet applied globally. At the global scale, the inversion framework
relied primarily on surface observations concentrated in North America and on a single
simulation year, limiting constraints in regions with sparse observational coverage.

Likewise, at the canopy scale, parameter optimization was conducted at only two sites, yet
applied globally, and did not include winter conditions, limiting representation of seasonal
variation in COS uptake.

Together, these limitations indicate that current COS-based constraints on photosynthe-
sis across scales remain partial, reflecting both the precision limits inherent to trace-gas COS
measurements and the still-developing global observational network.

5.2.2 Limits to identify parameters

Arecurring limitation across scaleswas the difficulty of constrainingmodel parameters, driven
by relatively large observational uncertainties of COS and by incomplete mechanistic knowl-
edge of COS leaf exchange.

We diagnose this limitation through posterior covariances, which were often large and in-
dicated that many parameter combinations could fit the data equally well. In such cases, the
selected set is simply the one that minimizes the cost function (see Introduction), which pro-
vides the most straightforward explanation supported by the data. While this is a useful work-
ing hypothesis, it alsomeans that applying the optimized parameters beyond the conditions of
their calibration may cause problems. For this reason, current COS-based parameter estimates
should be interpreted with caution, as alternative explanations cannot be excluded.

At the leaf scale, the reduction of COS uptake at higher temperatures was interpreted pri-
marily as evidence for temperature-dependent COS emissions from leaves. Alternative for-
mulations—such as a lower optimum temperature of carbonic anhydrase activity relative to
RuBisCO—were tested and resulted in only minor differences in cost function values. While
these alternatives cannot be entirely excluded, the possibility of direct COS emissions from
plants has been repeatedly reported in previous studies (Maseyk et al., 2014; Gimeno et al.,
2017; Belviso et al., 2022). In our analysis, the minimum cost was obtained under an emission-
based formulation; therefore, we adopt a COS compensation point as the primary explanation
for the observed reduction of leaf uptake at high temperatures. The underlying cause of these
emissions, however, remains uncertain: they may arise from retro-diffusivity (back-diffusion
from internal storage pools), temperature stress, species-specific physiological traits, or de-
pends on the phenological stage.

At the canopy scale (Chapter 3), a similar non-uniqueness in parameter estimation became
evident in the conductance-related optimization. In this analysis, the proportionality constant
b1, which links gs to photosynthetic rate, and the calibration factor α, which scales gi, were
both adjusted. Different combinations of these two parameters produced similarly low cost
function values, highlighting challenges in parameter estimation. As a result, the observed
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flux improvements cannot be uniquely attributed to either stomatal or mesophyll processes,
limiting the mechanistic interpretability of the optimized parameters.

Taken together, these challenges limit the interpretability and generalization of optimized
parameters across scales and should be considered when comparing model structures or
applying the parameters beyond the conditions that were used in the optimization. To ad-
dress this, we reported posterior parameter covariances in the leaf- and canopy-scale analyses
(Chapter 2 and Chapter 3), which allows error propagation via Monte Carlo simulations. At
the global scale, however, this level of reporting was not feasible because the 4D-Var inversion
framework involves a very high-dimensional state space, making full posterior covariance
estimation computationally impractical. This remains a limitation of the present study.

5.2.3 Structural simplification in land surface model

Current land surface models, including SiB4, typically prescribe COS vegetation fluxes as a
linear function of photosynthesis, using fixed calibration factors for mesophyll and stomatal
conductance that differ only between C3 and C4 plants. This simplification collapses diverse
environmental responses and plant functional strategies into a single proportionality, intro-
ducing structural uncertainty in both CO2 and COS flux estimates.

The leaf- and canopy-scale results presented in this dissertation highlight why such sim-
plifications are problematic. The strong temperature dependence of COS uptake, which can
even lead to emissions under high temperatures, togetherwith the increased sensitivity of COS
uptake to stomatal closure, challenge the assumption of a linear coupling with GPP. When im-
plemented into global priors, refined parameterizations helped reduce some systematic biases,
such as the tendency for underestimated vegetation uptake in the tropics and overestimated
uptake at high latitudes, but they did not eliminate persistent mismatches, including the non-
physical negative values of anthropogenic emissions in high-latitude regions.

These findings suggest that the widely used linear coupling of COS uptake with
photosynthesis—the leaf relative uptake (LRU)—can serve only as a first-order approxi-
mation. Without more mechanistic representations of both stomatal andmesophyll processes,
model–observation discrepancies will remain, limiting the robustness of COS as a tracer for
GPP in current inversion systems.

5.3 Cross-scale linkages and interpretation

5.3.1 Mesophyll conductance and COS compensation point

When stomata are sufficiently open, gi becomes the dominant factor controlling total con-
ductance and thereby COS fluxes, as illustrated in Chapter 3 (Fig. 3.5). The newly adopted
temperature-dependent gi function improved canopy-scale flux representation, reducing sys-
tematic biases across temperature regimes and providing better alignment with observations.

Because canopy-scale analysis was conducted as the first step of this PhD research, the gi

function was introduced before leaf-level experiments were available. At that stage, the ob-
served decline in COS uptake at higher temperatures was interpreted as a consequence of the
lower optimum temperature of CA activity relative to RuBisCO. Subsequent leaf-level experi-
ments with sunflower plants (Chapter 2), however, interpreted this phenomenon as the pres-
ence of a temperature-dependent COS compensation point. Model optimization showed that
this compensation point provided amore convincing explanation for the decline inCOSuptake
at high temperatures than the lower optimum temperature of biochemical activity. Additional
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experiments, in which inflowing COS mole fractions were gradually reduced, confirmed the
existence of COS compensation point.

Although species-specific generalization remains premature given that our experimentwas
limited to sunflower, the observed decline in COS uptake at higher temperatures is most plau-
sibly driven by temperature-dependent leaf processes. As discussed in Chapter 4, such be-
havior may arise from stress-induced protein degradation, which can release COS through the
breakdown of sulfur-containing amino acids (Gimeno et al., 2017). However, the possibility
of retro-diffusivity from internal COS pools cannot be excluded.

While our experiments in Chapter 2 were conducted below 30 °C, leaf-level COS behav-
ior at higher temperatures can be inferred from recent drought- and heat-stress studies. For
example, field measurements during heatwave and developing drought conditions in a Cali-
fornian oak woodland show that elevated leaf temperatures can restrict internal diffusion and
substantially alter COS uptake dynamics, with notable occurrences of COS emissions under
extreme heat (Sun et al., 2024). Similarly, drought-stress studies demonstrate that stress can
induce bidirectional COS exchange and cause shifts in LRU (species-specific), highlighting
additional non-stomatal controls that become relevant under drought conditions (Spielmann
et al., 2025). Together, these findings suggest that elevated temperatures may reduce internal
diffusion capacity or biochemical activity and thereby suppress uptake—or even generate net
emissions. Such responses diverge fundamentally from those of CO2 and are likely to vary
across species.

The experiments were conducted under relatively high inflowing COS mole fractions,
which may have enhanced internal storage and subsequent release (Stimler et al., 2010). Im-
portantly, such retro-diffusive processes are not represented in either the conductance model
or the SiB4 land surface model, making it difficult to evaluate this mechanism through model
optimization alone. Thus, while our findings support the presence of a compensation point,
distinguishing between biochemical and diffusive contributions requires further investigation.
Additionally, confirmation of COS compensation points across a broader range of species and
environmental conditions remains essential.

Several uncertainties remain regarding the generalization of the COS compensation point.
Although both leaf- and canopy-scale analyses consistently showed a decline in COS uptake
at higher temperatures, and applying the new temperature-dependent gi function improved
model predictions, linking this decline directly to a compensation point remains tentative. This
reflects not only incomplete mechanistic understanding but also experimental limitations, as
already discussed in Sect. 5.2.1: temperature-dependent chamber emissions could not be fully
eliminated, leaving residual uncertainty, and the current precision of QCLS instruments still
challenges robust quantification of COS exchange at low COS mole fractions. Thus, while
the compensation point interpretation is supported by our optimization results, alternative
explanations for these observations cannot yet be fully excluded.

Taken together, these results highlight that the reduction of COS uptake at high tempera-
tures cannot be fully captured by a current mesophyll conductance function, which is derived
as a linear function of CO2 biochemical activity. Whether this decline is primarily driven by
a compensation point or by other mesophyll-level mechanisms remains a central uncertainty.
Addressing this question will require more extensive observations across species, climatic re-
gions, including evergreens, where seasonal variability is less pronounced.

5.3.2 Stomatal conductance and diurnal dynamics

Values of gs have been typically derived from water vapor and CO2 leaf exchange informa-
tion. In this dissertation, incorporating COS alongside CO2 and H2O fluxes strengthened con-
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straints on stomatal conductance, reducing the prior uncertainty of gs (0.09 molm
−2

s
−1) to

0.05 molm
−2

s
−1(Chapter 2). This improvement occurred while simultaneously optimizing

mesophyll conductance–related parameters, highlighting that COS provides additional con-
straints on gs estimation.

Particularly, COS observations are uniquely valuable for providing additional information
on stomatal behavior under low light conditions, where conventional CO2 flux data provide
limited information. Zhu et al. (2024) further showed that COS assimilation is informative
for parameters controlling the minimum stomatal conductance, the residual nocturnal gs that
remains even when stomata are nearly closed.

Leaf-scale experiments described in this dissertation also confirmed that COS uptake is
much more sensitive to stomatal closure than CO2 uptake, as already suggested by Sun et al.
(2018a) and Kooijmans et al. (2019). Under conditions of high VPD or at night, when gs is
low, even small errors in simulating gs can propagate into larger discrepancies in COS flux
estimates than CO2 estimates.

At the canopy scale, althoughmesophyll conductance contributes importantly to total con-
ductance, stomatal dynamics dominated COS variability during transitions between opening
and closure. Optimization of gs and gi parameters improved the overall representation of COS
exchange, yet diurnal patterns of gs remained poorly captured in land surface model SiB4, par-
ticularly at night and during the autumn (Chapter 3). Specifically, in our canopy-scale analysis
at Hyytiälä (Chapter 3), located at high latitudes (61 °N), where evenwith 3-hourly fluxes and
optimized stomatal and mesophyll conductance parameters, late autumn (October) uptake
was underestimated both during day and night. This persistent underestimation might indi-
cate that the current conductance formulation in SiB4 does not adequately represent nocturnal
stomatal behavior. This is consistent with the findings of Berchet et al. (2025), who showed
that for SiB4, monthly fluxes failed to capture nighttime uptake in summer, whereas 3-hourly
fluxes reproduced these patterns more accurately. However, both fluxes underestimated both
daytime and nighttime uptake in autumn and winter.

Empirical studies have shown that circadian control and environmental constraints to-
gether regulate nocturnal stomata closure (Caird et al., 2007; Zeppel et al., 2014; De Dios et al.,
2015), processes that also explainwhy nocturnal transpiration can account for a non-negligible
share of daily water loss. In the Ball–Woodrow–Berry (BWB) formulation for gs estimation as
implemented in the SiB4 model, nocturnal gs is represented only through a constant inter-
cept term, which in SiB4 is further scaled by LAI and soil moisture stress. However, dynamic
physiological controls are not explicitly represented. As a result, systemic biases may arise in
simulated energy and water fluxes (Wang et al., 2021), and for COS these errors are amplified
due to its strong sensitivity to stomatal regulation. This highlights the need for improved pa-
rameterizations in SiB4 that explicitly represent nocturnal stomatal dynamics across vegetation
types.

At the global scale, our TM5-4DVar inversion optimized fluxes only at monthly resolution,
without resolving diurnal variability in the inversion (Chapter 4). For CO2, neglecting sub-
daily variation already introduced regional biases of up to 48% in Europe (Munassar et al.,
2025). While CO2 accumulates in the boundary layer due to respiration, for COS,where uptake
persists at night and responds more steeply to stomatal closure (see Fig. 1.7, such aggregation
errors are likely even larger. This opposite behavior highlights that neglecting diurnal cycles
might introduce structural biases. These biases may help explain the persistent underestima-
tion of COS biosphere fluxes and the relatively large ocean CO2 sink compared to the Global
Carbon Budget (GCB) 2024 analysis in the global scale inversions.
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5.3.3 Remaining gaps in the global COS budget

Despite recent progress, significant gaps remain in the global COS budget. In the tropics, a
persistent “missing source” has been identified in multiple inversion studies (Suntharalingam
et al., 2008; Berry et al., 2013; Lennartz et al., 2017; Ma et al., 2021). Explanations point either to
underestimated emissions of oceanic precursors such as CS2 and DMS (Lennartz et al., 2021;
Remaud et al., 2022; Ma et al., 2024) or to an overestimation of the biospheric sink (e.g., Ma
et al., 2021; Stinecipher et al., 2022). Our results support this dual interpretation.

At high northern latitudes, our inversions consistently suggest stronger vegetation sinks
than those simulated by current land surface models, as previously suggested by Ma et al.
(2021) and Kooijmans et al. (2021). While soil uptake may contribute, the magnitude of the
discrepancy points more plausibly to underestimated vegetation uptake. These biases likely
arise from the use ofmonthly biosphere fluxes that neglect diurnal cycles, as well as the incom-
plete representation of COS-specificmechanisms in currentmodels. As discussed in Sect. 5.3.2,
the simplified treatment of nocturnal stomatal conductance further propagates into global-
scale underestimations. Supporting this interpretation, Kuai et al. (2022) showed that opti-
mized COS vegetation fluxes in Alaska were about 25% larger than those derived by scaling
GPP. This finding is consistent with our canopy-scale results, where SiB4 underestimated COS
uptake during autumn, suggesting that linear GPP-based scaling may limit the capture of sea-
sonal and stomatal controls on COS exchange at high latitudes.

In parallel, anthropogenic emissions remain a significant source of uncertainty. Our inver-
sion results for Europe (Chapter 4) indicated overestimation in inventories, consistent with
Belviso et al. (2023). Large uncertainties persist in other regions, notably Asia (Du et al., 2016).
For instance, Yan et al. (2019) found that prior anthropogenic emissions over China based on
Zumkehr et al. (2018) were underestimated, highlighting evaluation and improvement of an-
thropogenic COS and CS2 emission is critical for resolving COS budget discrepancies.

Finally, other underlying processes remain poorly constrained. As discussed in Chap-
ter 4, these include precursor conversion pathways such as hydroperoxymethyl thioformate
(HPMTF) mechanism (Veres et al., 2020; Jernigan et al., 2022; Von Hobe et al., 2023), uncer-
tainties in precursor lifetimes driven byOH availability and temperature (Lennartz et al., 2021;
Berchet et al., 2025), and insufficiently quantified natural emissions from wetlands (Whelan
et al., 2013) and volcanic activity (Whelan et al., 2018). These issues underscore the need for
improved emission inventories, expanded observational coverage with for instance satellite
data, and better mechanistic understanding.

5.4 Future research directions

5.4.1 Refining the physiological basis of COS leaf uptake

A key priority is to expand leaf-scale experiments across a broader range of plant functional
types and growing environments. This should include plants adapted to contrasting climatic
zones—such as tropical, arid, and boreal species—since their differing physiological strate-
gies for coping with heat, drought, or cold may strongly influence COS exchange (Whelan et
al., 2018). Furthermore, conducting observations across different phenological stages would
help identify drivers of leaf-level emissions, including stress-induced or microbial pathways
(Kesselmeier et al., 1993; Maseyk et al., 2014; Belviso et al., 2022).

Future progress will require direct observations of CA activity, which are currently lack-
ing. Future studies should aim to quantify the temperature-response functions of CA across
different plant types, and explore the minor but potentially relevant roles in COS uptake of
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other enzymes such as RuBisCO and phosphoenolpyruvate carboxylase (PEP-C) (Lorimer et
al., 1989; Protoschill-Krebs et al., 1992; Protoschill-Krebs et al., 1996).

Leaf-scale experiments across diverse plant species and climate zones would help uncover
still unknown mechanisms of COS uptake, such as the existence and temperature response
of COS compensation points, diffusivity properties within mesophyll cells, the temperature
response of CA activity, and the physiological relationship between gs and atmospheric COS
mole fractions. Improving laboratory precision for COS at ambient mole fractions would en-
able leaf-level optimization experiments without elevated COS mole fractions. Such advances
would improve the accuracy of estimating compensation points.

In addition, such experiments would provide critical insight into climate-dependent phys-
iological adaptation, which is essential for accurately characterizing and modeling COS ex-
change under varying environmental conditions.

5.4.2 Improving land surface models

At the canopy scale, ecosystem-level datasets remain heavily biased toward temperate forests.
Incorporating long-term data frommore diverse biomes, including tropical, boreal, and semi-
arid ecosystems, would enable more representative optimization of land surface model (LSM)
parameters. Improved simulation of the diurnal cycle of the COS flux is particularly important,
since COS provides unique constraints on nighttime stomatal conductance, a process difficult
to resolve with CO2 flux data alone.

Most current LSMs still rely on a linear relationship betweenCOS uptake andCO2 assimila-
tion. However, leaf relative uptake (LRU) varies substantially with environmental conditions
and plant species. COS modules should therefore be reformulated as dynamic and functional
relationships rather than fixed ratios. In line with this, our 4D-Var results showed that dou-
bling COS uptake in high northern latitudes improved model performance, highlighting the
need to revisit flux estimates in that region.

As discussed in the previous section (Sect. 5.4.1), improving the mechanistic understand-
ing of leaf-level COS exchange—including compensation point behavior, mesophyll diffusivity,
and climate-dependent physiological adaptations—is essential. These findings must eventu-
ally be incorporated into land surfacemodels to ensure that COS flux parameterizations reflect
biological reality rather than empirical tuning.

Models should also incorporate more realistic formulations of gs and gi, particularly under
conditions where current simplifications introduce structural biases. Nocturnal and residual
gs dynamics remain poorly represented in SiB4 and similar models, despite their large influ-
ence on COS exchange. Therefore, key directions for gs improvements include (i) developing
parameterizations for nocturnal gs that reflect circadian and environmental controls, (ii) test-
ing alternative formulations such as Medlyn et al. (2011) or Leuning (1995), (iii) constraining
gs through joint assimilation of CO2, H2O, and COS fluxes—as demonstrated in the leaf-level
approach of this dissertation—and (iv) incorporating observations from a broader range of
plant functional types and ecosystems to improve the representation of the gs model. Ad-
dressing these aspects will allow models to capture COS dynamics more reliably across scales
and reduce key uncertainties in GPP estimation.

5.4.3 Enhancing the global CO2–COS coupled 4D-Var system

At present, the coupled inversion system represents vegetation COS fluxes as a single linear
scaling of GPP, oversimplifying the physiological and environmental variability across species
and conditions. Because stomatal and mesophyll conductances exhibit strong diurnal and
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seasonal modulation, and because these responses differ between CO2 and COS owing to
their distinct biochemical and diffusional controls, a more physiologically informed—yet still
simple and robust—coupling is required. Semi-dynamic formulations, for example, distin-
guishing day versus night or applying bounded responses to temperature and vapor pressure
deficit—could better capture divergences between COS and CO2 under low-gs conditions. Any
increase in model flexibility, however, must be paired with strong priors and regularization to
avoid overfitting (see Sect. 5.2.2).

New techniques like Machine learning could provide complementary value by empirically
parameterizing COS uptake as a function of multiple environmental drivers (e.g., VPD, tem-
perature, radiation). For instance, Liu et al. (2025) showed that memory-based deep learning
can capture COS and CO2 flux dynamics in boreal forests, highlighting nonlinear dependen-
cies on drivers such as temperature and vapor pressure deficit. However, predictive perfor-
mance varied substantially across timescales, while still demonstrating the potential of such
approaches as a complement to mechanistic modeling.

In our global inversion system (Chapter 4), we optimized monthly mean fluxes, similar
to most existing global studies (e.g., Remaud et al., 2022), without considering the diurnal
cycle on the surface fluxes. Neglecting diurnal variability introduces structural inconsisten-
cies—especially for COS,whichmaintains a nocturnal uptake—leading to larger biases in high-
latitude regions with long nights and strong seasonality. Moving beyond optimizations based
on monthly mean fluxes toward formulations that resolve diurnal variability, together with
plant-type-specific mesophyll conductance, will be essential for robust global applications.
Independent single-gas optimizations could also help quantify the added value of coupled
inversions. Refining error structures, for example, through weighting factors or covariance
formulations, would further ensure consistent treatment of the distinct uncertainties of CO2

and COS observations.
Integration of multi-platform measurements—surface stations and satellites—will be key

to improving coverage in the tropics and high latitudes, where uncertainties in carbon fluxes
are largest. Parallel improvements in emission inventories, including precursor transforma-
tions (e.g., CS2, DMS), anthropogenic sources, and volcanic contributions, will further enhance
the accuracy of coupled CO2–COS inversions.

5.5 Outlook for estimating GPP from COS vegetation flux

IncorporatingCOS intoGPP estimation offers clear advantages over approaches that rely solely
on CO2, because both gases share the stomatal diffusion pathway. However, unlike CO2, COS
is a sulfur compound with distinct intracellular mechanisms, and without good mechanistic
understanding, its benefits as a tracer remain limited.

Addressing this uncertainty requires coordinated observations across leaf, canopy, and
global scales to establish a consistent empirical basis, including a diverse range of species, more
spatially balanced monitoring networks, and long-termmeasurement efforts. Building on this
foundation, multi-tracer approaches, such as those already explored in site-level studies com-
bining COS and SIF (Wohlfahrt et al., 2018), together with expanded satellite observations and
the application of machine-learning methods, will be essential to fill observational gaps and
improve prior process understanding.

Progress in this direction has the potential to improve carbon budget assessments at both
global and regional scales. Using COS information to derive more reliable regional GPP con-
straints would strengthen confidence in climate-change projections and mitigation strategies.
Yet, realizing this potential hinges on a deeper understanding of species- and phenology-
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specific variability in COS uptake, accurate representation of conductance pathways, and ex-
plicit treatment of diurnal cycles.

Beyond photosynthesis, improving the accuracy of COS flux estimation also advances the
modeling of land–atmosphere exchange. Because COS uptake is more sensitive to stomatal
conductance than CO2, and provides information on nocturnal stomatal behavior, it offers
unique leverage for constraining stomatal dynamics. Such improvements in gs and GPP es-
timation could jointly constrain transpiration and energy fluxes, thereby enhancing both veg-
etation and meteorological components of Earth system models. Ultimately, such integrative
approaches will determine whether COS can fulfill its promise as a robust tracer of photosyn-
thesis in a changing climate.
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Summary

This dissertation evaluated the potential of carbonyl sulfide (COS) as a tracer for gross primary
productivity (GPP) by combining experiments, modeling, and inverse analyses from leaf to
global scales. The central finding is that COS provides valuable complementary information
on plant carbon uptake, but its quantitative use as a global proxy for GPP remains constrained
by both physiological and methodological uncertainties.

A key contribution of this work is to show that COS does not simply scale linearly with
CO2 uptake. Leaf-level experiments revealed conditions under which COS uptake responded
differently from photosynthesis, including high-temperature emission potentials and ampli-
fied sensitivities to stomatal closure. At larger scales, these physiological characteristics ne-
cessitated refinements in model parameterizations of stomatal and mesophyll conductance.
Although such improvements enhanced agreement with site-level flux observations after pa-
rameter optimization, the global inversions continued to reveal structural limitations—most
notably a strong dependence on prior COS vegetation fluxes, incomplete representation of
COS-specific processes, and the absence of diurnal variability in the inversion framework.

This dissertation further demonstrates that COS can provide information on photosynthe-
sis that is not accessible from CO2 alone. At the leaf scale, COS uptake offered additional
constraints on stomatal conductance, complementing the traditional reliance on H2O and CO2

observations. At the canopy scale, COS fluxes revealed additional insights into stomatal dy-
namics during autumn and at night, and suggested improvements in the treatment of hu-
midity stress as well as an original stomatal conductance model in SiB4. At the global scale,
COS provided limited additional constraints on CO2, primarily due to the sparse observational
coverage of COS and the resulting weak constraints, compounded by structural limitations in
current model. Nevertheless, the inversion results showing a persistent underestimation of
the COS vegetation sink at high latitudes may point to biases in current GPP representations.

Taken together, these results show that COS contributes independent and complementary
information across scales, underscoring its potential as a tracer of photosynthesis. At the same
time, they emphasize that further progress depends on (i) refining the mechanistic under-
standing of COS exchange across species and environments, (ii) improving the representation
of nocturnal and stress-related processes in land surface models, (iii) strengthening coupled
CO2–COS inversion frameworks, and (iv) expanding observational networks globally through
coordinated campaigns and satellite missions. These advances will determine the extent to
which COS vegetation fluxes can be integrated into robust global monitoring of GPP.
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