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Abstract. Atmospheric oxygen (O2) can be used to partition components of the carbon budget at global and regional scales.

These methods generally assume a constant net biospheric O2:CO2 exchange ratio (ERnet), although the exchange ratios of the

gross fluxes that form ERnet, assimilation (ERa) and respiration (ERr), vary across ecosystems and time, suggesting ERnet may

also vary spatially and temporally. To investigate this, we implemented O2 fluxes in the Simple Biosphere Model (SiB4) by

assigning plant functional type- and carbon pool-specific ERa and ERr values based on limited observations. This produces the5

first global O2 biosphere flux dataset with spatially and temporally varying fluxes (0.5◦ × 0.5◦, 3-hourly). Results show sea-

sonal and spatial variability in ERnet, ranging from about 1.1 in winter to 0.8 in summer, with regional summer values differing

by more than 0.1 across Europe. Temporal variability is primarily driven by changes in the relative contributions of photosyn-

thesis and respiration, whereas spatial variability reflects differences in dominant plant functional types. The modeled ERnet

range exceeds the currently recognized terrestrial O2:CO2 variability and may effect O2-based carbon partitioning methods.10

Neglecting ERnet variability can bias regional estimates of fossil fuel CO2 signals derived from atmospheric potential oxygen.

At a strongly biosphere-influenced location, a modeled O2-derived fossil fuel CO2 signal of 1.5 ppm is overestimated by nearly

12 ppm when ERnet variability is ignored. These results highlight the importance of accounting for biospheric contributions in

O2 partitioning methods.
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1 Introduction15

Atmospheric oxygen (O2) can be used to partition the components of the carbon budget at both global and regional scales

(Keeling and Manning, 2014; Friedlingstein et al., 2025; Faassen et al., 2023). This is possible because O2 and carbon dioxide

(CO2) are directly coupled and anti-correlated in two major carbon cycle processes: fossil fuel burning and terrestrial biosphere

exchange (Keeling and Manning, 2014). This coupling is quantified by the ratio between the number of moles of O2 exchanged

per mole of CO2 (Keeling et al., 1998). There are different terms in use to define this ratio depending on the measurement tech-20

nique and application. When the O2:CO2 ratio is based on elemental composition analysis of organic (or fossil) material, the

term oxidative ratio (OR) is used and when the O2:CO2 ratio is based on direct exchange, the term Exchange Ratio (ER) is

used. In this study, we focus on the ER of both gross and net biosphere processes and define the ratio between O2 and CO2

exchange as a positive number when the exchange of O2 and CO2 is of opposite sign.

25

The O2:CO2 ratio of net terrestrial biosphere exchange (ERnet, often indicated as αB) is generally assumed to be 1.05 ±
0.1 (Friedlingstein et al., 2025), although other values are also in use, ranging from 1.0-1.2, including the value of 1.1 ± 0.05

(Severinghaus, 1995) (see Keeling and Manning (2014) for more detail). These values for αB are based on OR measurements

of organic material with the assumption that the ER values of the individual gross fluxes of gross primary productivity (GPP,

ERa) and total ecosystem respiration (TER, ERr) are equal. The global average O2:CO2 of fossil fuel combustion (αF ) is30

estimated at 1.38, with an uncertainty ranging over time based on the influence of different fossil fuel type with associated αF

uncertainties between 0.03 and 0.07 (Keeling and Manning, 2014).On a global decadal scale, these constant α values are used

to partition carbon sinks between the land and the ocean (Friedlingstein et al., 2025), with an uncertainty of 0.1 to the assumed

ratio for the biosphere (αB) which has been shown to be appropriate over these long time scales. This uncertainty is relatively

small in comparison to other terms in these large scale O2 partitioning methods, and on decadal timescales a variability in αB35

within the range of 1.05 to 1.10 has minimal impact (Manning and Keeling, 2006; Keeling and Manning, 2014; Rödenbeck

et al., 2023).

On regional scales, αB has been used to determine the contribution of fossil fuel emissions to the observed atmospheric

CO2 signal (Pickers et al., 2022; Rödenbeck et al., 2023) through Atmospheric Potential Oxygen (APO = O2 + αB × CO2)40

(Stephens et al., 1998). In these and other similar regional scale O2-based partitioning methods, the O2:CO2 ratio of biosphere-

atmosphere exchange has typically also been treated as a constant value (with uncertainties) across space and time, and for

all vegetation and soil types. However, spatial and temporal variability in the O2:CO2 ratio of biosphere-atmosphere exchange

could have implications for the different O2 partitioning methods in use on regional scale. For example, Rödenbeck et al.

(2023) suggested, based on a theoretical calculation, that varying αB between 1.05 and 1.1 on seasonal timescales increases45

the uncertainty of estimated fossil fuel emissions using APO substantially in some cases, to the extent that the uncertainty may

become comparable to the magnitude of the signal itself. Another example is the observation-based approach by Pickers et al.

(2022) to determine changes in regional fossil fuel CO2 emissions, based on local atmospheric O2 and CO2 measurements at
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Weybourne in the UK. Their method also uses APO with a constant αB value in both the background signal and the perturba-

tions from this background signal.50

There are relatively few observations available to assess the variability of αB . Based on OR measurements of organic

material, αB typically falls within a range between 1.0 and 1.1 (Masiello et al., 2008; Keeling and Manning, 2014; Clay and

Worrall, 2015; Jürgensen et al., 2021). However, studies measuring ER values based on O2 and CO2 exchange of different

soil and vegetation types, either in the field or in the laboratory, indicate that the O2:CO2 ratio of biospheric fluxes can vary55

substantially (e.g., Bloom, 2015; Angert et al., 2015; Hilman et al., 2022). The net ER signal of the biosphere (ERnet) based on

net surface exchange of O2 and CO2 results from the contributions of the ER of the assimilation flux (ERa) and the respiration

flux (ERr), expressed as follows:

NEE =−GPP +TER (1)

−ERnet ·NEE = ERa ·GPP −ERr ·TER (2)60

ERnet =
ERa ·GPP −ERr ·TER

−NEE
(3)

Where NEE is the net ecosystem exchange, GPP is the gross primary productivity and TER is the total ecosystem respiration.

In this study, we assume that NEE does not include fires and disturbances and these processes are therefore not included in

ERnet. Both GPP and TER are defined as positive fluxes and NEE is negative when carbon is taken up at the surface and positive

when carbon is released to the atmosphere. We emphasize that ERnet is the result of both assimilation and respiration processes,65

but in itself is a mathematical construct and not related to a single process, as is NEE itself. Therefore, ERnet can even become

infinite when NEE equals zero (when GPP equals TER, e.g. during the transition from day to night, or from summer to winter).

ERa is challenging to measure in situ and there are only limited observations available from a few studies, which show some

temporal variability across vegetation types (Seibt et al., 2004; Ishidoya et al., 2013; Bloom, 2015). Similarly, ERr is also chal-

lenging to measure in situ with sufficient precision. The few available studies based on soil chamber measurements also show70

temporal variability and variability among soil types (Seibt et al., 2004; Angert et al., 2015; Ishidoya et al., 2013; Hicks Pries

et al., 2020; Hilman et al., 2022). When ERa and ERr differ, their values can be used to partition NEE into the gross fluxes of

GPP and TER (Ishidoya et al., 2015; Faassen et al., 2023). Moreover, differences between ERa and ERr lead to a varying ERnet

over time as the difference between GPP and TER fluctuates over time. This temporal variability of ERnet has been studied in

previous work (Ishidoya et al., 2015; Faassen et al., 2023).75

To evaluate the consequences of the variability in ERa and ERr on the different O2 partitioning methods, biosphere O2 fluxes

over larger scales are required. Models can help to assess this in the absence of O2 flux observations. The modeling studies by

Huang et al. (2018) and Ding et al. (2022) provided the first global gridded (1.0◦ x 1.0◦ resolution) estimates of O2 biosphere

fluxes by linking constant OR values to simulated NEE fluxes from the fifth and sixth coupled model intercomparison project80

(CMIP5 and CMIP6). Although interesting, this approach misses the influence of vegetation- and soil specific and temporally

variable ERa and ERr values. Implementing these variable values remains challenging because measurements of these ER’s
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have only been conducted over relatively short timescales and in a limited number of ecosystems. Furthermore, there is no

clear consensus on the drivers of the temporal variability of ERa and ERr, making it difficult to even parameterize them in a

model. Only a few studies have explicitly incorporated biospheric O2 fluxes into models by linking ERa and ERr separately to85

gross CO2 fluxes (Yan et al., 2023; Faassen et al., 2024). However, these studies were limited in scope, covering only specific

ecosystems and focusing on diurnal time scales.

With this study, we make a first attempt to link local variability in biosphere ER signals to larger scale O2 partitioning meth-

ods, by integrating O2 dynamics into the Simple Biosphere model (SiB4) (Haynes et al., 2019). We thereby provide global90

scale modeled O2 (and CO2) biosphere fluxes. Our study does not include validation with observations of O2 biosphere fluxes

due to the limited availability of O2 flux observations and the current lack of understanding of the drivers of the variability of

ERa and ERr. Most of the current atmospheric observation sites measuring O2 only use a single measurement height, which

does not allow to derive O2 fluxes (Faassen et al., 2024), and direct O2 flux measurements techniques do not yet exist. There-

fore, we use our model framework to gain insights into potential consequences for ERnet when considering distinct ERa and95

ERr signals. Moreover, we evaluate the theoretical impact of a variable ERnet on O2-based fossil fuel partitioning when applied

at atmospheric observational sites for a forest and a coastal site, by using an atmospheric transport model together with our

simulated biosphere O2 and CO2 fluxes. The simulated O2 and CO2 mole fractions allow full or partial reconstructions of

APO, ERnet, and fossil fuel signals of perturbations of CO2 mole fractions (ffCO2 ) from the background signal.

100

In this paper, we first describe the O2 implementation in the SiB4 model (Sect. 2). In Sect. 3 we analyze the resulting O2

and CO2 biosphere flux estimates focusing on the temporal and spatial variability of their ratios. We end this section with

an evaluation of the sensitivity of the APO partitioning method to a variable ERnet, when using our model-derived data in a

theoretical framework to estimate CO2 fossil fuel signals. A detailed discussion of our findings is presented in Sect. 4, where

we discuss the potential consequences of our study for different O2 partitioning methods. Finally, in Sect. 5 we present our105

conclusions on the temporal and spatial variability of ERnet based on our implementation of O2 into the SiB4 model and its

impact on O2 partitioning methods.

2 Methods

In this section, we describe the setup of the SiB4 model and the implementation of O2. The O2 implementation was done for

each individual carbon pool. We provide a detailed explanation of our approach to implementing O2 for each of these pools.110

Finally, we outline the methodology for the sensitivity study, in which we assess how sensitive our modeled O2-based fossil

fuel partitioning method is to variations in the biosphere ERs. This model-based method is inspired by the observation-based

method described by Pickers et al. (2022).
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2.1 Terminology used for the ratio between O2 and CO2

We integrate information from previous studies that measured O2 at various parts of the ecosystem, including the atmosphere,115

the soil and vegetation. These studies do not always define the O2:CO2 ratio as the Exchange Ratio (ER), but different terms are

used depending on the measurement approach. For simplicity, we use a consistent terminology throughout this study based on

the ER. However, it is important to clarify the different terms in use, as we combine results from multiple measurement studies.

The Oxidative Ratio (OR) represents the O2:CO2 ratio derived from elemental analysis of organic materials, such as wood120

or soil samples. OR reflects the stoichiometry of the sampled material and provides an indication of the O2 and CO2 exchange

required to have formed the material (Randerson et al., 2006; Gallagher et al., 2014; Clay and Worrall, 2015). Consequently,

OR represents processes occurring over time scales of years to decades. In contrast, the Exchange Ratio (ER) refers to the

O2:CO2 ratio that captures the direct O2 and CO2 exchange at the time of measurement, reflecting the specific time scale of

the measurement period. Atmospheric ER measurements above vegetation can be categorized into ER values based on O2 and125

CO2 mole fraction measurements that are also influenced by other atmospheric processes (ERatmos, (Battle et al., 2019; Faassen

et al., 2023, 2024)) or based on surface flux measurements that are a more direct representation of the surface exchange (ERnet,

Eq. 2) (Seibt et al., 2004; Ishidoya et al., 2013; Faassen et al., 2023). ERatmos represents a mixture of surface and atmospheric

processes (Faassen et al., 2024, 2025), and cannot be linked directly to the ER of the biosphere. Instead, ERnet measurements

should be used. Studies measuring direct O2 and CO2 exchange from soils, stems and vegetation often use the inverse of ER130

(CO2:O2). In this case, different terms are used depending on the process being investigated. The Respiration Quotient (RQ) is

used for respiration processes (Angert et al., 2015), and the Assimilation Quotient (AQ) is used to study assimilation processes

(Cousins and Bloom, 2004; Bloom, 2015; Fischer et al., 2015). In soil studies, the Apparent Respiration Quotient (ARQ) is

used when O2 or CO2 follow different pathways out of the soil (Angert et al., 2015; Hicks Pries et al., 2020; Hilman et al.,

2022). Under such conditions, ARQ provides an approximation of RQ.135

In this study, we only use the terms OR and ER. Values for RQ, AQ and ARQ are converted to ER signals, because RQ,

AQ and ARQ represent O2 and CO2 exchange at the moment of measurement, similar to ER. OR is used when discussing

processes over long time scales or referring to the measurements using elemental analysis. OR is frequently associated with the

global biosphere ER (αB), used to partition the global land and ocean carbon sinks (Keeling and Manning, 2014). However,140

we explore the use of ER values directly for αB and evaluate the difference between these approaches.

2.2 SiB4 set-up

The O2 biosphere fluxes are implemented in the Simple Biosphere Version 4 (SiB4) model (Haynes et al., 2019), see Figure

1. Vegetation in the model is categorized into 10 plant function types (PFTs), as summarized in Table 1. The PFTs include

different forest types, shrubs, and crops, each forming distinct carbon pools that drive the carbon fluxes. Each carbon pool145

stores carbon and allocates it to the next pool. Table 1 shows the individual live carbon pools responsible for assimilation and
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Figure 1. Schematic overview of the different exchange ratios (ER) that are coupled to the carbon pools used in the SiB4 model. ER values

are specific for the processes: assimilation (ERa), autotrophic respiration (ERr(auto)) and heterotrophic respiration (ERr(het)). The green arrows

indicate the O2 fluxes and the grey arrows indicate the CO2 fluxes.

autotrophic respiration. For simplicity, we grouped the various dead carbon pools that contribute to heterotrophic respiration

into one pool. The size of the autotrophic and heterotrophic flux of each pool for a specific PFT depends on the size of the pool,

soil moisture, air temperature and growth of the pool. The different respiration fluxes from the individual pools are added up

to get a single respiration flux per PFT type per grid cell.150

The SiB4 model calculates surface flux outputs every 10 minutes and we average them to 3-hourly means on a global grid

with a resolution of 0.5◦ by 0.5◦. The flux outputs are based on a weighted average of the PFTs within each grid cell. The model

uses meteorological data from the ECMWF Reanalysis 5th Generation (ERA5) as input (Hersbach et al., 2020). Consistent

with previous studies, the carbon pools were initialized and brought to a steady state using a first-guess quasi-steady-state155

solution followed by a spin-up of 5 x 20 years with a constant atmospheric CO2 mole fraction of 370 ppm (Haynes et al., 2019;

Kooijmans et al., 2021; Van Der Woude et al., 2023a). This study focuses on the year 2021, a period characterized by relatively

normal conditions, such as no extreme drought in Europe and La Niña conditions in the tropics.

2.3 O2 implementation

Our aim is to generate biosphere O2 fluxes representative on a seasonal time scale, by using a relatively simple model im-160

plementation to assess the implications of spatially and temporally varying ERnet by using different values for ERa and ERr.

For this purpose, we assume that the carbon pool- and PFT-specific ERa and ERr values remain constant over time. While
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it is highly likely that the ERa and ERr values fluctuate due to factors such as light availability (Fischer et al., 2015), vapor

pressure deficit, temperature variations, changes in soil moisture (Hicks Pries et al., 2020; Hilman et al., 2022) or vegetation

development (Randerson et al., 2006; Gallagher et al., 2014), these dynamics are not accounted for in this study. Instead, we165

focus only on spatial and temporal variations in the resulting ER signals (ERnet, total ERa and total ERr) caused by e.g. shifts in

dominance of the carbon pools or spatial differences in PFT coverage. This means that we are not looking at the ER variability

on the time scale of the SiB4 model output (3-hourly), but rather on a seasonal time scale where ERr and ERa could potentially

be different values.

170

The implementation of O2 into the SiB4 model directly links O2 fluxes to the CO2 fluxes for each carbon pool and PFT,

using an ER signal depending on the specific carbon pool and PFT:

F (O2)pool,PFT =−ERpool,PFT ·F (CO2)pool,PFT (4)

The CO2 fluxes (F(CO2)pool,PFT) include a GPP flux from the leaf pool, autotrophic respiration fluxes from the leaf, fine roots,

coarse roots, wood and product pools (seeds, fruit and flowers) and heterotrophic respiration fluxes from the dead pools. The175

autotrophic and heterotrophic respiration fluxes can be combined into the TER flux (Eq. 2). Table 1 outlines the ER values

used to construct O2 fluxes from CO2 fluxes. These values stay constant over time. In the following sections, we provide a

detailed reasoning for the selection of ER values for each carbon pool and discuss the specific differences in ER values between

grasslands, crops and other PFTs.

180

Due to the lack of O2 flux observations and the current limited availability and understanding of ERa and ERr measurements,

the resulting biospheric O2 fluxes and its variability are not validated in this study. We discuss this further in Sect. 4. In contrast,

the CO2 biospheric fluxes from the SiB4 model have been validated in previous studies and agree well with observational data

(Haynes et al., 2019; Kooijmans et al., 2021; Van Der Woude et al., 2023a).

2.3.1 Leaf and product pool185

The ERa and ERr(auto) values of the leaf pool are both set to 1.0 (Table 1). This is based on the assumption that leaves primarily

assimilate and respire glucose, which has an OR of 1.0. Additionally, other carbon-compounds that are being synthesized in

leaves (e.g. starch and larger carbohydrates) also have an OR of 1.0 (De Vries et al., 1974; McDermitt and Loomis, 1981). Com-

pounds with an OR differing from carbohydrates, such as lignin, proteins, amino acids, and lipids, are predominantly produced

during the growth stage of vegetation (De Vries et al., 1974; Plaxton and Podestá, 2006). Since the current implementation of190

ER values does not account for growth-stage processes, the production of these compounds is excluded. Previous studies using

plant and branch chamber measurements and have found an ER of approximately 1.0 for leaf O2 and CO2 exchange (Cousins

and Bloom, 2004; Seibt et al., 2004; Ishidoya et al., 2013; Fischer et al., 2015; Gauthier et al., 2018). However, variations in

leaf ER may occur depending on the source of nitrogen available to the plant (Cousins and Bloom, 2004; Bloom, 2015) or

7
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Table 1. Implementation of O2 into the SiB4 model by linking exchange ratio (ER) signals of assimilation (ERa), autotrophic respiration

(ERr(auto) and heterotrophic respiration (ERr(het)) to the different carbon pools of specific plant functional types (PFT).

PFT ERa ERr(auto) ERr(het)

Leaf Leaf Fine Roots Coarse Roots Wood Product All dead pools

(seeds, fruit and flowers)

Evergreen Needleleaf 1.0 1.0 1.0 1.0 1.0 1.0 1.071

Deciduous Needleleaf 1.0 1.0 1.0 1.0 1.0 1.0 1.081

Evergreen Broadleaf 1.0 1.0 1.0 1.0 1.0 1.0 1.071

Deciduous Broadleaf 1.0 1.0 1.0 1.0 1.0 1.0 1.081

Shrubs 1.0 1.0 1.0 1.0 1.0 1.0 1.101

Tundra 1.0 1.0 1.0 1.0 1.0 1.0 1.101

Grassland 1.0252 =ERa =ERa =ERa =ERa =ERa 1.031

Cropland 1.033 =ERa =ERa =ERa =ERa =ERa 1.051

Maize 1.033 =ERa =ERa =ERa =ERa =ERa 1.051

Soybeans 1.113 =ERa =ERa =ERa =ERa =ERa 1.051

Winter Wheat 1.033 =ERa =ERa =ERa =ERa =ERa 1.051

1: Clay and Worrall (2015), 2: Randerson et al. (2006), 3: Gallagher et al. (2014)

variation in temperature Bruhn et al. (2025).195

The product pool has a minimal impact on respiration fluxes and is difficult to measure. Therefore, we have kept the ERr(auto)

for this pool at 1.0 to avoid unnecessary complexity.

2.3.2 Root pool200

The ERr(auto) values for both the fine and coarse root pools are set to 1.0 (Table 1), under the assumption that root respiration

primarily involves the burning of carbohydrates (Saglio and Pradet, 1980; Hoch et al., 2003; Zhalnina et al., 2018). However,

direct measurements of O2 and CO2 exchange from both fine and coarse roots show a large range for ERr(auto) with values both

above and below 1.0 (Shane et al., 2004; Rachmilevitch et al., 2006; Bathellier et al., 2009; Hicks Pries et al., 2020; Hilman

et al., 2021, 2022). This inconsistency challenges the assumption and remains unexplained. One hypothesis is that respiratory205

substrates other than carbohydrates are utilized. However, studies measuring δ13C next to O2 and CO2 exchange have not

found evidence of such changes, supporting the dominance of carbohydrate oxidation (Bowling et al., 2008; Bathellier et al.,

2009; Hilman et al., 2021). Other potential explanations for the observed variability include: (1) nitrate assimilation, which

reduces ER (Shane et al., 2004; Rachmilevitch et al., 2006); (2) carbon re-fixation within the root system, which increases

ER (Bathellier et al., 2009; Hilman et al., 2021); (3) carbon dissolution in xylem water, which also increases ER (Aubrey and210
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Teskey, 2009); and (4) measurement uncertainty. Given the unexplained nature of the observed ER values in roots, we base our

implementation on theoretical assumptions and set the ERr(auto) to 1.0 as an initial approximation.

2.3.3 Wood pool

We set the ERr(auto) value for the wood pool to 1.0 (Table 1), under the theoretical assumption that stem respiration primarily

oxidizes carbohydrates (Hoch et al., 2003; Plaxton and Podestá, 2006). However, field measurements report ERr(auto) values215

exceeding 1.0, with some studies observing values higher than 2.0 (Hilman et al., 2019, 2022; Helm et al., 2023), contradicting

the theoretical assumption. Similar to root respiration, the oxidation of alternative substrates, such as lipids, is considered

unlikely because of low lipid concentration in woody samples (Hoch et al., 2003) and no indication in ER measurements that

lipids are produced before they are oxidized (Hilman et al., 2019). Potential explanations for elevated ER values are similar to

those for root respiration: (1) carbon re-fixation within the stem (Hilman et al., 2019); (2) carbon dissolution in xylem water220

after respiration (Teskey et al., 2008; Hilman et al., 2022) and (3) measurement uncertainty. Despite these hypotheses, no clear

consensus has been reached on the mechanisms underlying the observed high ERr(auto) values in stem respiration (Helm et al.,

2023). Given this uncertainty, we use an ERr(auto) value of 1.0 for the wood pool as a theoretical baseline.

2.3.4 Heterotrophic respiration pools

For the dead pools, we use a single ERr(het) value for their heterotrophic respiration, which is derived from the OR of the asso-225

ciated plant functional type. The dead pools include: dead biomass, metabolic litter, structural litter, soil litter, and the slow and

armored pools. While these individual pools can be conceptually distinguished, direct measurements in bulk soil often make it

difficult to determine specific ER values for each of them. Consequently, we grouped them together and assigned a unified ER

value for the heterotrophic respiration. The underlying hypothesis is that the ER of bulk soil processes closely reflects the OR

of the soil. This is based on the assumption that the compounds contributing to the soil’s OR are decomposed during microbial230

respiration. The smaller and more oxidized compounds are favored, making the soil more reduced over time and increasing

the OR above 1. As a result, the ER of heterotrophic respiration has been hypothesized to be higher than that of autotrophic

respiration.

This hypothesis is supported by in situ measurements that found ERr(het) values consistently exceeding 1.0 (Angert et al.,235

2015; Hicks Pries et al., 2020; Hilman et al., 2022). These measurements also indicate that ERr(het) remains relatively constant

over time except during periods with low respiration rates caused by low temperatures. Under such conditions, ERr(het) values

can increase dramatically (exceeding 2.0), as slower processes becomes more apparent, including the oxidation of Fe2+ or the

higher dissolution of CO2 into groundwater relative to O2 (Hicks Pries et al., 2020; Hilman et al., 2022). For the purposes of

this study, we neglect this temperature-driven variability and assume a constant ERr(het) over time per PFT. The ERr(het) values240

of the PFTs are derived from the OR measurements reported by Clay and Worrall (2015) (Table 1).
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2.3.5 Crops and grasses

We approach the ER signals of ERa and ERr(auto) for crops and grasses differently than for the other PFTs. The reason for this

choice is that forest types, shrubs and tundra represent relatively slow-growing vegetation compared to crops and grasses which

grow faster. Our focus is on the changes in the net ER of the biosphere over a one-year period. This time scale is too short to245

reliably correlate the OR of slow-growing vegetation with the ER. However, grasses and crops complete their growth within a

single year, making it plausible to link their OR to the ER, as hypothesized by Gallagher et al. (2014). By assuming that the

OR reflects the net O2 and CO2 exchange required to form the complete organic matter of the vegetation (either the grasses

or the crops), we propose that ERa and ERr(auto) should have the same value (Table 1). The OR values for grasses and crops

are based on the limited studies that present them: Randerson et al. (2006) for herbaceous plant parts, which we assume are250

representative values for grass, and Gallagher et al. (2014) for the different types of crops (Table 1). With this implementation

we introduce more variability in the resulting O2 fluxes.

2.4 Fossil fuel sensitivity study

The implementation of O2 into the SiB4 model offers the opportunity to test the consequence of using a variable ER for the

biosphere, both spatially and temporally, for estimating fossil fuel CO2 signals through atmospheric potential oxygen (APO),255

as compared to using a constant ER value of 1.1 (αB = 1.1) (Severinghaus, 1995). We tested the impact of a variable αB on

model-based fossil fuel flux estimates using the tracer APO, an approach that was first proposed by (Pickers et al., 2022). APO

is defined as (Stephens et al., 1998):

APO =

TotalO2︷︸︸︷
O2 −αB ·

TotalCO2︷︸︸︷
CO2 (5)

The total atmospheric mole fraction signals of O2 and CO2 include the following processes: fossil fuel combustion (ff), bio-260

sphere exchange (bio), ocean uptake and outgassing and background signals, i.e. the accumulated CO2 in the atmosphere from

all historical exchange with fossil, terrestrial, and oceanic reservoirs. Pickers et al. (2022) used the following definition of APO

to calculate CO2 fossil fuel fluxes based on O2:

ffCO2
[APO] =

APO−APOBL

αF −αB
(6)

Where αF is the oxidative ratio of fossil fuel combustion and corresponds to ffO2 = αF · ffCO2 , and APOBL is the APO265

baseline, which mainly represents changes due to the ocean processes of both O2 and CO2, as well as the background value of

O2. Pickers et al. (2022) estimated APOBL by curve fitting the seasonal variations of APO of atmospheric measurements.

For the purpose of this study, we focus solely on the effect of not taking into account the variability of αB in Eq. 6 on the

estimated ffCO2 [APO]. As a result, ocean fluxes and background values are not of importance for our analysis and are therefore270

not included, which is different compared to the observation-based study by Pickers et al. (2022). Incorporating ocean and

background signals in our model would introduce the same terms that we would subsequently remove, which works because
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we use a model-based approach. Consequently, we are able to exclude APOBL from the equation. Without accounting for

oceanic processes and background contributions, we can rewrite Eq. 5 into a new version:

APOwo =

TotalO2︷ ︸︸ ︷
ffO2

+ bioO2
−αB ·

TotalCO2︷ ︸︸ ︷
ffCO2

+ bioCO2
(7)275

Where APOwo is APO without ocean and the background signal and it represents the original APO through: APOwo =

APO−APOBL. APOwo can then be used to estimate the perturbations from the complete background signal, caused by fossil

fuel emissions ( ffCO2 [APO]):

ffCO2
[APO] =

APOwo

αF −αB
(8)

To simulate a ffCO2 [APO] signal, we used the regional atmospheric Stochastic Time-Inverted Lagrangian model (STILT)280

(Gerbig et al., 2003; Lin et al., 2003). STILT simulates the transport of fossil fuel and biosphere O2 and CO2 fluxes, generating

a 3-hourly atmospheric signal that can be used to calculate a simulated APOwo signal. STILT uses ECMWF-IFS meteorolog-

ical fields to calculate the footprint from a receptor location with a resolution of 0.1◦ by 0.2◦ (Roberts et al., 2018). At this

receptor location, 250 particles are released and followed through the meteorological fields backwards in time for 10 days,

until they are exchanged with the surface or go outside the domain, similar to the approach described by Van Der Woude et al.285

(2023a). Our domain in this study is Europe (15◦W - 35◦E; 33◦N - 72◦N) and any signal from outside the domain together

with the background signal is considered to be non-local background. The footprint of the receptor locations determines which

biospheric and fossil fuel surface fluxes are taken into account. The biosphere fluxes from the SiB4 model are used, together

with fossil fuel fluxes from the GridFED dataset (Steinbach et al., 2011; Jones et al., 2021). GridFED categorizes fossil fuel

emissions into four types, each with a specific OR: coal (OR = 1.17), oil (OR = 1.44), natural gas (OR = 1.95) and cement (OR290

= 0, indicating no O2 uptake).

The resulting simulated atmospheric O2 and CO2 signals were analyzed at two stations: Weybourne (WAO, at 15 m height

above the surface), a coastal station in a rural part of the United Kingdom (Adcock et al., 2023; Pickers et al., 2022), and

Białystok (BIK, at 300 m height above the surface), a station in Poland mostly influenced by biosphere fluxes (Popa et al.,295

2010). Figure A1 in the appendix shows the yearly sum of the footprint influence for both stations, based on STILT. APOwo

was calculated for both stations using the transported fossil fuel and biosphere surface fluxes, together with the αB based on

the transported biosphere fluxes and αF based on the transported fossil fuel fluxes within these footprints. To assess the impact

of using a constant value for αB instead of the biosphere O2 and CO2 flux ratios provided by the SiB4 model, APOwo was

also calculated using a fixed value of 1.1 for αB . The difference in ffCO2
[APO] between the two methods offers insight into the300

significance of accounting for a variable αB both over time and space.

To simulate the complete atmospheric signal at WAO and BIK, the non-local signal of the biosphere and fossil fuel com-

bustion originating from outside the European domain, together with the ocean exchange, have to be combined with the local

signal from withing the European domain. To achieve this, we have used the global chemistry Transport Model version 5 (TM5)305
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Figure 2. Time series of the simulated mole fractions that result from transported surface fluxes by STILT for Weybourne (left column,

WAO) and Białystok (right column, BIK) for CO2 (a-b) and O2 (c-d). The non-local signal is the result of TM5 simulations and consists of

global mole fractions resulting from fluxes from outside the European domain together with the background signal and transported by STILT

from the boundaries of the domain to the two locations. The total signal includes both the non-local signal and the fluxes from the footprint

inside the European domain, transported by STILT. The grey shading indicates the summer period between 2021-06-01 and 2021-09-01.

(Krol et al., 2005). TM5 is an Eulerian atmospheric transport model that was run on a 1◦ by 1◦ grid and, like the SiB4 model,

using ERA5 meteorological data as input. The surface fluxes from SiB4 and GridFED were used to generate the biological and

fossil fuel signals, respectively. Additionally, ocean fluxes from the Community Earth System Model (CESM) (Yeager et al.,

2022) and a background concentration were included. By transporting both the non-local signal from TM5 and the local signal

resulting from surface fluxes within the footprint using STILT, we reconstructed the total atmospheric signal at the receptor310

location (Figure 2). The modeled seasonal cycles of atmospheric CO2 and O2 exhibit amplitudes that are of similar magnitudes

as observations at the measurement stations (Adcock et al., 2023; Popa et al., 2010). In this study, we focus exclusively on

the local signal (or the perturbations from the background), defined as the total signal minus the non-local contribution from

outside our domain.

315

We analyze the difference between the fossil fuel atmospheric signal obtained with APO using either a value for αB of 1.1

(ffCO2
[APO(αB = 1.1)]) or using the variable αB values from SiB4 (ffCO2

[true]). We focus on individual days to compare the

derived ffCO2 with the original CO2 fossil fuel emissions used in the model (from GridFED). These are the CO2 fossil fuel

emissions of ffCO2 [true] and can be linked to the atmospheric fossil fuel signal by:

ffCO2 [true] =
∑

(FI ·F (ffCO2)s[true]) (9)320
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Figure 3. SiB4 model results for the year 2021 including the net CO2 flux (a), net O2 flux (b) and their exchange ratio (ER, c), together with

the corresponding globally averaged time series over 2021 (d-f).

Where FI is the footprint influence in ppm (µmol m−2 s−1)−1, F (ffCO2
)s[true] is the surface flux of the CO2 fossil

fuel emissions (in µmol m−2 s−1) and ffCO2
[true] is the atmospheric fossil fuel signal in ppm. For the atmospheric sig-

nal of ffCO2
[APO(αB = 1.1)], the footprint stays the same. However, the fossil fuel fluxes that would have formed this signal

(F (ffCO2)s[APO(αB = 1.1)]) are now modified:

ffCO2
[APO(αB=1.1)] =

∑
(FI ·F (ffCO2

)s[APO(αB=1.1)]) (10)325

To calculate the F(ffCO2
)s[APO(αB = 1.1)] surface fluxes, the ratio between the atmospheric signal of ffCO2

[APO(αB = 1.1)] and

ffCO2
[true] can be used:

F (ffCO2)s[APO(αB=1.1)] =
ffCO2

[APO(αB=1.1)]

ffCO2
[true]

·F (ffCO2
)s[true] (11)

With Eq. 11 the effect of using a constant αB of 1.1 on fossil fuel emission estimates can be quantified.

3 Results330

In this section we present the results of incorporating O2 into the SiB4 model. We begin by examining the O2 and CO2 fluxes

averaged over 2021 for the entire globe (Section 3.1). To gain better insights into the behavior of the resulting ER signal from

these fluxes, we furthermore focus on Europe and analyze seasonal variations. Our analysis shows that the ERnet signal exhibits

distinct temporal and spatial patterns, and we discuss the underlying drivers of these patterns. Finally, we assess the effect of

using a variable αB on the APO method used to estimate fossil fuel emissions (Section 3.2).335
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3.1 Spatial and temporal variability of ERnet

Global biospheric O2 fluxes exhibit both large spatial and large temporal variability, with elevated O2 fluxes found in tropical

regions and during the summer months. The choices made for the implementation of O2 into the model are evident from the

strong anti-correlation between O2 and CO2 fluxes, as shown in Figure 3a and 3b. Using the O2 and CO2 fluxes, we calculated

ERnet signals for the entire globe. However, it is challenging to represent the biospheric ERnet with a single averaged value340

for the entire world. At first glance, the anti-correlated O2 and CO2 fluxes appear similar. However, when their ratios are

calculated, the resulting ERnet signals reveal differences both temporally (Figure 3f) and spatially (Figure 3c), including the

aforementioned asymptotic values when NEE ≈ 0.0 µmol m−2 s−1 in spring and fall (see eq. 2). Globally, ERnet fluctuates

above 1.0 during the Northern Hemisphere (NH) winter and below 1.0 in the NH summer. By dividing the globally averaged

O2 flux by the globally averaged CO2 flux for 2021, a single global ERnet value is obtained: 0.42. This low global ERnet value345

can be explained by its spatial pattern, which shows extremely low ERnet values in tropical and boreal regions (below 0.7 or

even lower than 0.0). These extremely low ERnet values cannot be directly linked to any of the implemented ERa or ERr values

(Table 1), and cannot be used for global scale land and ocean sink partitioning. To fully understand the global ERnet patterns,

we have to look at the individual gross processes that form the ERnet.

350

The ratio between the gross fluxes of GPP and TER can lead to extreme values of ERnet. The extreme values of ERnet can be

explained by reformulating Eq. 2 to:

ERnet =
ERa · GPP

TER −ERr

GPP
TER − 1

(12)

From this equation it becomes evident that ERnet depends on three primary variables: ERa, ERr and the GPP/TER ratio. In

contrast to the global ERnet values (Figure 3c), the global values for ERa (Figure 4a) and ERr (Figure 4b) remain within the ex-355

pected ranges prescribed in Table 1 and exhibit only a small annual cycle, caused by changes in PFT dominance (Figure 4d and

4e). The globally averaged GPP/TER ratios are close to 1.0 (Figure 4c), showing that the modeled biosphere is approximately

in a steady state if one integrates over long time periods. As indicated by Eq. 12, when the GPP/TER ratio approaches 1.0,

ERnet can experience extreme values. This relationship becomes apparent when comparing the global time series of GPP/TER

(Figure 4f) with ERnet (Figure 3f), where ERnet shows asymptotic values when GPP/TER crosses 1.0 (GPP = TER, and NEE360

≈ 0.0 µmol m−2 s−1). Consequently, ERnet is not linked to a single biological process, but is a mathematical combination of

the individual gross fluxes, showing unexpected values, similar to isofluxes of δ13C or δ18O analyses (Miller and Tans, 2003).

To further investigate ERnet, we focus on regional dynamics in Europe.

ERnet in Europe exhibits distinct temporal and spatial patterns, with each season characterized by unique features (Figure365

5). During the winter months (December - February, DJF), ERnet shows minimal spatial variation across Europe (Figure 5a).

In spring (March - May, MAM), ERnet values become extreme reflecting dynamic changes in ecosystem processes and NEE

values close to zero (Figure 5b). Summer (June - August, JJA) is characterized by low ERnet values compared to winter, with a
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Figure 4. SiB4 model results for the year 2021 for the exchange ratio of assimilation (ERa) (a), exchange ratio of respiration (ERr) (b) and the

ratio between gross primary productivity (GPP) and total ecosystem respiration (TER) (c), together with the corresponding globally averaged

time series over 2021 (d-f).

clear gradient from lower values in the north to higher values in the south (Figure 5c). By fall (September - November, SON)

ERnet returns to values closer to those found in winter (Figure 5d). As with the global analysis, the seasonal and spatial patterns370

of ERnet can be explained using Eq. 12, highlighting the role of variations in ERa, ERr and the GPP/TER ratio in driving these

dynamics.

The temporal variation in ERnet can be attributed to changes in the GPP/TER ratio (Figures 5e-h). The variability of the

GPP/TER ratio depends on environmental changes, such as temperature, amount of light and soil moisture, which creates a375

clear seasonal pattern. During winter, TER dominates with minimal influence of GPP. According to Eq. 12, when TER is the

dominant flux, ERnet should approach ERr (around 1.04), as confirmed by Figure 5. In spring, the GPP/TER ratio approaches

1.0, resulting in extreme ERnet values, comparable to the behavior shown in Figure 3 for the global scale. During summer,

GPP becomes the dominant flux, but TER remains significant. Eq. 12 suggests that when the GPP/TER ratio is around 1.5, the

resulting ERnet lies slightly below ERa (below 1.0). The summer ERnet values depend on all components of Eq. 12, including380

ERa, ERr and the individual gross fluxes.

The spatial variations in ERa and ERr explain the found spatial variation in ERnet during summer. While both ERa (Figures

5i-l) and ERr (Figures 5m-p) exhibit less pronounced seasonal variation compared to the GPP/TER ratio, they both display

distinct spatial patterns. In particular, a clear north-south gradient is visible during summer, similar to the spatial variation in385

ERnet. In northern Europe (between 60◦N and 80◦N), ERa is relatively low and ERr is relatively high, leading to a low ERnet

value. In contrast, in southern Europe (between 30◦N and 60◦N) ERa is relatively high and ERr is relatively low, resulting in

higher ERnet values. These spatial patterns are consistent with the relationships described by Eq. 12.
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Figure 5. Averaged values of the SiB4 model results during the seasons (from left to right column): winter (December - February, DJF),

spring (March - May, MAM), summer (June - August, JJA) and fall (September - November, SON) for the variables (from top to bottom

row): the net Exchange Ratio (ERnet, a-d), the ratio between gross primary productivity (GPP) and total ecosystem respiration (TER) (e-h),

the Exchange Ratio of assimilation (ERa, i-l) and the Exchange Ratio of respiration (ERr, m-p).

The spatial variation in ERa and ERr is driven by differences in the dominant PFTs. Following our implementation of O2390

in SiB4, variations in ERa arise from the influence of grasses and crops, while variations in ERr can result from either crop

influence or the relative contributions of autotrophic and heterotrophic respiration (Table 1). The dominant influence is deter-

mined by the dominance of the gross fluxes associated with individual PFTs, which are combined in a weighted average net

flux. During summer, a clear difference in the contributions of crops and heterotrophic respiration is evident between northern

and southern Europe (Figure 6). Crops are more dominant in the south, leading to increased ERa values. In the north, the more395

dominant role of trees increases ERr(het) and additionally a more dominant heterotrophic flux increases the ERr further. The
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more dominant heterotrophic flux in the north can again be explained by the less dominant role of grasses and crops, which

have a relatively high autotrophic respiration flux in the summer due to their fast growing cycle (Suleau et al., 2011). The

GPP/TER ratio does not show a significant difference between northern and southern Europe.

400

Figure 6. The median values and their median absolute deviation (shown as error bars) for different variables compared between the northern

(between 60◦N and 80◦N) and southern (between 30◦N and 60◦N) part of Europe during summer 2021 for the: (a) exchange ratios of

assimilation (ERa), respiration (ERr) and the net fluxes (ERnet) and (b) for the ratio between the gross primary productivity (GPP) of crops

versus total GPP, the ratio between heterotrophic respiration (Het. respiration) and total ecosystem respiration (TER), and the ratio between

GPP and TER.

Overall, the spatial and temporal variability of ERnet is primarily determined by the gross fluxes, suggesting that similar

variability can be expected for real-world ecosystems. Temporal variability in ERnet arises from fluctuations in the ratio between

GPP and TER, while spatial variability is driven by the dominance of the gross fluxes of specific PFTs. Although the individual

ER values from Table 1 and the biospheric O2 fluxes have not been validated with observations, the gross CO2 fluxes simulated

by the model are known to be realistic. Previous studies have demonstrated that the spatial and temporal patterns of these CO2405

fluxes and their anomalies align well with observations (Haynes et al., 2019; Smith et al., 2020; Kooijmans et al., 2021; Van

Der Woude et al., 2023b). Spatial and temporal variability of ERnet is therefore likely because it is driven by the gross CO2

fluxes. However, the absolute values of ERnet still require validation to confirm their accuracy.

To assess the implications of a variable ERnet value on O2 partitioning methods, the simulated ERnet values have to be

transported into the atmosphere. This is crucial because ERnet values associated with a low NEE flux are of less importance410

compared to ERnet values linked with a high NEE flux, as we demonstrate next.
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Figure 7. Time series of the transported surface fluxes by STILT for Weybourne, UK (left column, WAO) and Białystok, Poland (right

column, BIK) for simulated CO2 (a-b) and O2 (c-d) mole fractions, exchange ratios (ER, e-f), atmospheric potential oxygen without ocean

and the background signal (APOwo, g-h) and the fossil fuel signal of CO2 (ffCO2 , i-j). The grey shading indicates the summer period between

2021-06-01 and 2021-09-01. The red vertical lines indicate the three days chosen to analyze the surface fluxes (Figure A3).

3.2 Application of the fossil fuel partitioning method

We confirm that fossil fuel CO2 signals (ffCO2 ) can be calculated correctly from APO when the correct αB is used in both the

numerator and denominator of Eq 8. This true αB value is obtained with our modeled O2 and CO2 surface fluxes from SiB4415

by transporting them, along with the GridFED fossil fuel fluxes, to the generate a local signal at two locations using STILT

(Figure 7c and 7d). This gave us the temporal variability of both αB and αF for WAO and BIK as shown in Figure 7e and 7f,

to use in Eq 8. With all components of Eqs. 7 and 8 transported to WAO and BIK, the APOwo signal (Figure 7g and 7h) and

ffCO2
[APO] (Figure 7i and 7j) are calculated. We subsequently confirmed that these values of ffCO2

[APO] are exactly equal to

the CO2 signal resulting from transported fossil fuel fluxes (ffCO2 [true], not shown). The APO method worked in this regional420

case because the variability of both αB and αF were taken into account when calculating APOwo. For WAO, our modeled αB

fluctuates around 1.04, with a daily averaged αB in the winter of 1.04 and in the summer of 1.03. For BIK, the modeled αB has

a daily averaged αB around 1.04 during winter and around 1.01 in summer. WAO has a higher αB compared to BIK because it
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is situated in an area with a higher contribution from crops and a lower contribution from heterotrophic respiration (Figure 5c).

In our analysis, we assume αF to be accurately known, using GridFED. This αF also exhibits temporal variability but does425

not have a clear seasonal cycle at either WAO or BIK. For WAO, αF fluctuates around 1.6 and for BIK around 1.5.

The definition of APO generally uses a constant value for αB of 1.1 (or 1.05, or 1.07), based on OR measurements repre-

senting long-term terrestrial biosphere exchange (decadal). Using APO with a constant αB to estimate the fossil fuel influence

would only work when the transported biosphere fluxes have the same value for ERnet (1.05, 1.07 or 1.1). If we would have430

implemented O2 into the SiB4 model with a constant ER (or OR) value (e.g. of 1.1), the resulting transported αB would also

have been a constant value of 1.1 over space and time. In that case, using a constant αB of 1.1 in Eq. 7 and 8 would again

produce the same results for which ffCO2 [APO] compared to the true transported fossil fuel fluxes (ffCO2 [true]). However, as

we showed in Sect. 3.1, it is unlikely that the ER of the biosphere is constant on short time scales (daily to seasonal) because of

differences between ERa and ERr. Therefore, we investigate the implications of assuming a constant αB of 1.1 in reconstruct-435

ing ffCO2
[APO], while the transported biosphere fluxes have a variable αB over time.

We find that CO2 fossil fuel mole fraction signals derived using APO are overestimated in summertime and underestimated

in wintertime, when a constant αB of 1.1 is applied instead of variable αB values calculated from the transported biosphere

fluxes from the SiB4 model. A constant value for αB of 1.1 is often higher compared to the ‘true’ transported αB (Figure 7e and440

7f). This overestimation leads to too negative APO values during summer (Figure 7h and Eq. 6) and consequently, ffCO2
[APO]

is also overestimated in summertime (Figure 7j). Overestimating αB has a larger effect when the biosphere influence is higher

(Figure A3 in the appendix). As a result, the difference between ffCO2
[APO(αB = 1.1)] and ffCO2

[true] is largest at BIK, because

BIK is located in a region with forests (Popa et al., 2010), whereas WAO is situated along the coast with less surrounding

vegetation. Additionally, αB at BIK is lower than at WAO due to a lower influence of crops and grasses at BIK, increasing the445

overestimation of αB and increasing the bias at BIK.

We find that our APO-based fossil fuel CO2 flux estimates are biased when using wrong values for αB . The extent of this

bias depends on the footprint that forms the atmospheric signal. To illustrate this, we selected three example days for WAO and

BIK based on the atmospheric difference between the atmospheric fossil fuel CO2 signal calculated using a constant value for450

αB of 1.1 (ffCO2 [APO(αB = 1.1)]) and the true fossil fuel CO2 signal (ffCO2 [true]) (Figure A3 in the appendix). The difference

in fossil fuel CO2 mole fraction is not directly proportional to the bias in surface CO2 flux estimations (Figure 8), but also in-

cludes the footprint of the observation (see Equation 9). When the atmospheric fossil fuel CO2 signal is formed by a footprint

covering a region with relatively low fossil fuel emissions (Figure A4b and A4e in the appendix) and strong biosphere influ-

ence (Figure A3 in the appendix), the relative difference between ffCO2
[true] and ffCO2

[APO(αB = 1.1)] increases. This leads to a455

corresponding increase in the estimated surface flux (Figures 8b and 8e). As a result, an overestimation of ffCO2
[APO(αB = 1.1)]

of 1.6 ppm at WAO could lead to an increase of 37% in fossil fuel surface fluxes, and an overestimation of 11.8 ppm at BIK

could result in an overestimation of 197 TgC/yr inside the footprint. Conversely, when the footprint is dominated by regions
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Figure 8. Difference between the fossil fuel CO2 surface fluxes of the true STILT input fluxes from GridFED (F(ffCO2 )s[true]) and the surface

fluxes based on the APO fossil fuel signal with an αB of 1.1 (F(ffCO2 )s[APO(αB = 1.1)]), calculated with Eq. 11, for footprints of three example

days at Weybourne (WAO, a-c) and three days at Białystok (BIK, d-f) in units of µmol m−2 s−1. Text labels: ∆CO2 is the difference between

the atmospheric signals of ffCO2 [APO(αB = 1.1)] and ffCO2 [true] (Figure A3), ∆F(ffCO2)s(tot) is the integrated difference between the surface

fluxes of F(ffCO2 )s[APO(αB = 1.1)] and F(ffCO2 )s[true] inside the footprint, scaled to an annual flux.

with high fossil fuel emissions (Figure A4a and A4d in the appendix), the relative difference in CO2 mole fraction is smaller,

reducing the bias in surface flux estimation (Figures 8a and 8d). Overall, when using an assumed value for αB of 1.1 instead460

of the ‘true’ αB from SiB4 simulations, fossil fuel surface fluxes at BIK experience a greater bias compared to WAO. This is

due to a stronger biospheric influence and lower fossil fuel contribution within the footprint at BIK.

4 Discussion

We presented first insights into global biospheric O2 fluxes and the variability of ERnet by incorporating distinct exchange ratios465

for assimilation and respiration processes into the SiB4 model. This implementation revealed that ERnet shows a pronounced

temporal variability at both global and European scales, alongside distinct spatial variations during the summer months in

Europe. The modeled temporal and spatial variability of ERnet could significantly impact the application of the O2 partitioning

method for estimating fossil fuel CO2 signals using APO (depending of the implementation), especially in situations where
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the biosphere signals are large. In this section, we discuss the implementation of O2 into the SiB4 model, explore how this470

approach can be validated and improved, and clarify the implications of our findings for other O2 partitioning methods.

4.1 Evaluation of the O2 implementation

The O2 implementation into the SiB4 model should be validated with observations before using the resulting ER values. Sev-

eral measurement locations are available that could provide above-vegetation O2 flux observations to support validation of475

the SiB4 model. Since no direct O2 flux measurement techniques are available, two measurement heights are needed to in-

fer the O2 fluxes. Locations that measure O2 at two heights (or measured in the past) include: the WLEF-TV tower in Park

Falls, Wisconsin, USA (Stephens et al., 2007), the Takayama tower (TKY) in Japan (Ishidoya et al., 2013), the Zotino Tall

Tower Observatory (ZOTTO) in Russia (Kozlova and Manning, 2009), the Białystok tower in Poland (Popa et al., 2010), the

Ochsenkopf tower in Germany (Thompson et al., 2009), the Reinshof site in Germany (Knohl et al., 2020), the Hyytiälä tower480

in Finland (Faassen et al., 2023), and since recently the Cabauw tower in the Netherlands (Luijkx and de Beijl, 2025). Data

from these measurement towers could be used to evaluate the seasonal and annual patterns of ERnet by calculating O2 and CO2

surface fluxes based on their vertical gradients (Ishidoya et al., 2015; Faassen et al., 2023). Similar to the approach described

in Faassen et al. (2023), ERa and ERr could be estimated at these locations using the GPP and TER fluxes. However, some of

the above mentioned stations are discontinued and their records miss the necessary meteorological data to directly infer the485

surface fluxes. Additionally, inferring O2 surface fluxes from a vertical gradient has been shown to be challenging (Ishidoya

et al., 2015; Faassen et al., 2023), making validation of the ERnet values based on observational data difficult.

Besides the O2 measurement stations mentioned above, further stations exist where O2 mole fractions are measured at a

single height above the surface. These single-height measurements of atmospheric O2 and CO2 mole fractions cannot be used490

to evaluate O2 and CO2 fluxes and their ERnet from the SiB4 model. The temporal variability of these compounds can only

be used to derive ERatmos (∆O2(t)/∆CO2(t)) (Faassen et al., 2023). While ERatmos and single-height measurements may be

useful for e.g. evaluating the combined atmospheric signal produced by atmospheric transport models such as STILT, as illus-

trated by the time series in Figure 7, they are not directly representative of surface exchange processes. As demonstrated in

Faassen et al. (2024) and Faassen et al. (2025), ERatmos cannot be linked to surface fluxes directly, because it is also influenced495

by atmospheric processes. The resulting ERatmos therefore cannot be linked to a specific process anymore. For this reason,

ERatmos cannot be used to validate the temporal variability of ERnet values modeled with SiB4. To infer ERnet at measurement

stations with O2 measurements at only a single measurement height, these stations should therefore add at least one additional

measurement height above the canopy.

500

A few additional improvements to the model implementation could help evaluate its accuracy without solely relying on

observational data. The individual ER values in Table 1 are currently difficult to validate because of measurement challenges.

However, theoretical approaches have demonstrated that O2 uptake by the soil can be modeled independently from the CO2
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flux, using a vertical diffusion approach (Cook and Knight, 2003; Cook et al., 2013). Incorporating this modeling approach as

a separate total O2 soil flux into the SiB4 model and comparing it with the resulting O2 soil fluxes derived from the current505

ER implementation could provide valuable insights. Discrepancies between these methods would serve as an initial indication

of the model’s capacity to reproduce O2 soil fluxes accurately. Another method to support validation is the inclusion of stable

isotope measurements, specifically δ13C in CO2. Studies have shown that δ13C measurements can be used to explain ER

measurements (Bowling et al., 2008; Hilman et al., 2019). For instance, when analyzing whether different substrates are being

burned or formed, both δ13C and ERr or ERa should have a similar change over time. By using the SiB4 implementation of510

δ13C alongside O2 (A. Kaushik, personal communication; Van der Velde et al., 2014), we could assess if ER and δ13C behave

similarly.

4.2 Additional measurements

Due to the highly challenging precision levels required to detect small differences in ER values, measurements are currently

very limited. Therefore, more local biospheric measurements are essential to enhance our understanding of O2 biosphere fluxes515

and to support our implementation of O2 into the SiB4 model. This includes further development of additional measurement

methodologies and techniques to reach the required levels of precision. Our findings highlight the priorities for such mea-

surements. Existing measurement locations that have measured long-term atmospheric O2 and CO2 time series above the

biosphere are limited, and are mainly located in temperate forest regions (as discussed above). Furthermore, our understanding

of the different ERa and ERr signals from the biosphere remains limited due to measurement challenges. While it is impractical520

to measure every ER signal in detail for all plant functional types, our study offers valuable insights into prioritizing mea-

surement efforts. Specifically, we have identified regions and ER signals that exert the most significant influence on the ERnet

signal, guiding future research towards areas with the highest potential impact.

We found that especially more measurements are needed for crops. Figure 6 demonstrates that the spatial variation of the525

crop PFTs significantly contributes to the spatial pattern of ERnet during the summer, specifically the grass and general crop

PFTs are of importance (Figure A5a in the appendix). This pattern arises from the assumption that ERa and ERr(auto) values

of crops are equal to their OR values (Gallagher et al., 2014). This assumption could be validated by measuring O2 and CO2

fluxes over a complete growing season of a specific crop and comparing it with the observed OR at the end of the growing

season (by elemental composition analysis of the organic material that has formed over that time period). If the net O2 and530

CO2 exchange aligns with the measured OR, then the assumption holds. Moreover, the specific value of the OR should also

be validated. We tested in a sensitivity experiment that when the ERa and ERr(auto) of either grass or the general crops would

increase by 0.1, locally the ERnet could increase by 0.2 (Figure A6a and Figure A6b in the appendix).

Additionally, the tropical region requires more attention. Figure A2 in the appendix reveals no clear seasonal pattern for this535

region, with extreme ERnet values fluctuating below 0.7 and above 1.3 throughout the year. The tropical ERnet signals might

be influenced by factors other than the typical mid-latitude seasonal change (summer vs winter), such as El Niño events (van
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Schaik et al., 2018), dry and wet periods (Restrepo-Coupe et al., 2013; Baldocchi et al., 2018) or biotic changes in leaf phenol-

ogy (Wu et al., 2017). Given the high gross fluxes in the tropics compared to other regions (Luyssaert et al., 2007; Baldocchi

et al., 2018), their impact on biospheric ERnet values is potentially substantial. However, the absence of long-term O2 above540

canopy gradient measurements from tropical regions, and lack of CO2 measurements as well, makes detailed analysis and

model validation difficult.

When measuring ER values of an ecosystem, it is crucial to ensure that the correct measurements are taken by focusing on

both the net exchange at the canopy level and the individual ERa and ERr values for leaves, stems and roots and heterotrophic545

respiration. To accurately calculate ERnet signals for the biosphere, either direct O2 flux measurement methods need to be

developed, or otherwise mole fraction measurements at a minimum of two heights and additional meteorological variables

are needed, including the sensible heat flux to infer the net O2 and CO2 surface fluxes (Faassen et al., 2023). Relying on a

single-height measurements could lead to incorrect ERnet values (Faassen et al., 2024). Additionally, individual ERa and ERr

signals must also be measured to fully understand the ERnet signal. Particular emphasis should be placed on measuring ER550

signals from leaves, stems and roots, as there is currently no consensus on the processes shaping these signals. For the SiB4

implementation, we based stem and root ER signals on theoretical assumptions, with a constant value of 1.0. However, if the

ER values of stems and roots deviate from this assumption, as some measurements suggest (Shane et al., 2004; Bathellier et al.,

2009; Hilman et al., 2019, 2022), differences in spatial patterns would arise. This could especially be important for leaves and

fine roots, as they are the main contributors to the autotrophic respiration in SiB4 (Figure A5b in the appendix). Our sensitivity555

tests show that increasing the ERr(auto) to 1.1 for either leaves or fine roots, can locally decrease the ERnet by 0.25 (Figure A6c

and Figure A6d in the appendix).

4.3 Consequences for O2 partitioning methods

Our first calculations of biosphere O2 and CO2 fluxes derived with SiB4 cannot yet replace the use of a constant value used560

for αB in global, decadal scale O2-based land and ocean carbon sink partitioning methods. When we average the global O2

and CO2 fluxes over 2021 (Figure 3), we found that the resulting ERnet value was approximately 0.42, which is unrealistic

for the long-term mean biosphere exchange, and a result of averaging asymptotic values for periods when NEE is close to

zero. Global-scale O2 partitioning methods, which operate on decadal timescales, assume that ERa and ERr are equal and that

OR values provide a reasonable proxy for the global ERnet or αB value, resulting in the choice to use a constant value in the565

range of 1.05-1.1 for αB based on OR measurements (Keeling, 1988; Severinghaus, 1995; Stephens et al., 1998; Worrall et al.,

2013). With our current O2 implementation in the SiB4 model, we cannot assess whether ERa approaches ERr over longer

timescales, as we did not implement dynamical changes over time in the individual ER signals that show evolution over time

associated with development of the vegetation and soil pools. Our global ERnet value therefore remains consistently lower

than ERa, yielding αB values below 1.0, even over decadal timescales. It is likely that these low ERnet values do not reflect570

reality on decadal time scales, as it is often hypothesized that ERnet should converge to the OR when considering the complete
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development of a vegetation type (Seibt et al., 2004; Randerson et al., 2006; Gallagher et al., 2014).

However, Randerson et al. (2006) hypothesized that small differences between ERr and ERa could arise on global decadal

scale due to increased levels of human disturbance. As a result, ERa and ERr would no longer be in equilibrium. Consequently,575

the individual gross GPP and TER fluxes and their respective ER signals have to be taken into account in global scale O2

partitioning methods, rather than the aggregated NEE flux and its ERnet or OR. Randerson et al. (2006) showed that a small

difference of 0.0017 between ERa and ERr could already result in a shift of 0.1 PgC yr−1 from the global ocean to the land sink.

To re-evaluate the accuracy of the value used for αB (1.05-1.1) on decadal timescales globally, temporal changes in ERa and580

ERr values associated with the current growth stage of the vegetation and carbon pools would need to be incorporated into the

SiB4 model (as also proposed by Randerson et al. (2006)). This would require a more detailed implementation of vegetation

development and of the corresponding molecular carbon (C), hydrogen (H), nitrogen (N) and oxygen (O) composition of the

pools. Currently, the spin-up of the model ensures that the forest plant functional types and soil pools are in a steady state and

further increases of the pools occur only due to environmental changes such as increases in temperature or atmospheric CO2585

mole fraction (Haynes et al., 2019). For grass and crop types, a complete growing cycle and different penological stages are al-

ready included (Haynes et al., 2019). If the complete development from seedling to fully grown vegetation were implemented

for all vegetation types and if PFT’s can be dynamically generated, such as is done in Dynamic Global Vegetation Models

(DGVMs) (Sitch et al., 2024), ER values could vary between different stages of the development of the vegetation. Another

method would be to model the molecular composition (C:H:N:O) of the carbon pools over time, which is now only done for590

carbon in the SiB4 model. This would make it possible to link the ER’s of the fluxes directly to the OR. Both implementations

would allow for a more accurate representation of temporal changes in ERa and ERr, caused by an ecosystem with changing

carbon pool compositions. This could lead to a more reliable estimate of a single global ERnet value and provide insight into

the appropriate value for αB on different temporal and spatial scales.

595

For O2 partitioning methods applied to smaller timescales or regional estimates of carbon budgets, the variability of ERnet

(or αB) could impact the results, depending on the method used and which location is analyzed. This variability is driven by

the ratio between GPP and TER, and the values for ERa and ERr, and we recommend this variability to be considered. At

the Weybourne site, the impact of incorporating a variable ERnet was less pronounced compared to Białystok, since there is

less local vegetation activity. Other locations might experience a greater impact from a variable ERnet due to higher biosphere600

contributions or lower crop influence. It is important to note that our analysis does not account for variability in non-local

biospheric signals originating from outside Europe (Figure 2) which could add further uncertainty. In the observational based

method by Pickers et al. (2022), no distinction is made between the values used for αB for the background signal and the

perturbations from the background signal. For the case of WAO that works well (see Figure 7i). However, at stations with a

high biosphere influence, like BIK, the impact of using an incorrect αB value for the perturbations from the background would605

be larger. Therefore, using APO to derive fossil fuel CO2 signals is expected to give better results at locations with relatively
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low influence from the biosphere to reduce the potential bias resulting from a variable αB .

5 Conclusions

By incorporating O2 into the simple biosphere model (SiB4), we demonstrated that the net O2 to CO2 exchange ratio (ERnet)610

of the biosphere on regional to local spatial scales cannot be assumed to be a constant value, but that ERnet is characterized

by temporal and spatial variability. The temporal variability arises from differences in the ratio between gross primary produc-

tivity (GPP) and total ecosystem respiration (TER), leading to a distinct seasonal pattern. We find large differences between

regions, corresponding to differences in plant functional types between e.g the tropics and the boreal regions. Although our O2

implementation in SiB4 was based on theoretical assumptions and limited available measurements of the oxidative ratios, we615

show that it is likely that ERnet is not constant, but varies temporally and spatially, because the variability depends on temporal

changes of the ratio between GPP and TER and spatial differences in plant function types. However, to determine exact values

of ERnet, the model needs to be further validated.

Certain atmospheric potential oxygen (APO) based methods to derive fossil fuel CO2 signals can lead to overestimated in620

summertime (or underestimation during wintertime) atmospheric fossil fuel CO2 signals and emissions when variability in

ERnet is not accounted for. The overestimation is highest when the contribution from the biosphere to the total CO2 signal is

high and when the true ERnet value deviates further from the assumed constant value (typically 1.05-1.1). Additionally, the

relative bias in the fossil fuel emissions increases when the footprint of the signal includes smaller fossil fuel fluxes. For future

applications of O2 partitioning methods, our O2 implementation in SiB4 could provide a first estimate for variable ERnet values.625

Due to the lack of temporal changes in the ERa and ERr values in our model implementation, associated with carbon pool

growth, it is not possible yet to use the resulting global average ERnet value from SiB4 in global O2-based land versus ocean

carbon sink partitioning methods. On the decadal time scales for which these global partitioning methods are applied, it is

assumed that ERa and ERr have the same value resulting in a constant ERnet. We could not validate this assumption with the630

current set-up of the model because the implemented ERa and ERr values stay constant over time. Consequently, we cannot

address the potential temporal variability of the constant value of 1.05-1.1 used on the global spatial and decadal time scales.

More detailed implementation in SiB4 is needed to evaluate the value of αB , and this improvement should be rooted in ex-

panded high-precision multi-level observations of O2 and CO2.

635
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Appendix A: Figures

Figure A1. Sum of the footprint influence during 2021, for the stations: Weybourne (WAO) in the UK and Białystok (BIK) in Poland,

calculated by the STILT model.

Figure A2. Averaged values of the SiB4 model results during the seasons: winter (December - February, DJF), spring (March - May, MAM),

summer (June - August, JJA) and fall (September - November, SON) for the net exchange ratio (ERnet).
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Figure A3. Timeseries of the transported surface fluxes by STILT and the resulting difference between the fossil fuel signal estimated with

atmospheric potential oxygen (ffCO2 [APO(αB = 1.1)]) and the true fossil fuel signal (ffCO2 [true]) (a,b), together with the biosphere signals (c,d)

for the stations Weybourne (WAO, a, c) and Białystok (BIK, b, d)

Figure A4. The footprint influence for three individual days at Weybourne (a-c) and Białystok (d-f).

27

https://doi.org/10.5194/egusphere-2026-4491
Preprint. Discussion started: 24 August 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure A5. Contribution of the different plant functional types (PFT) to the total area (a) and the contribution of non-crop PFT carbon pools

to the total autotrophic respiration formed by non-crop PFTs (b) for northern (between 60◦N and 80◦N) and southern (between 30◦N and

60◦N) Europe.

Figure A6. Difference between the exchange ratio as used in the main text (ERnet (orig.)) based on the implementation of Table 1 and the

exchange ratio as used in the sensitivity tests (ERnet (sens.)) where the ER was increased by 0.1 for grass (a), crops (b), leaf pool (c) and fine

roots pool (d). For grass and crops, both the ERa and ERr(auto) were adjusted, and for the leaf and fine roots pool only ERr(auto) was adjusted.
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Code availability. The model code of SiB4 is available on https://gitlab.com/kdhaynes/sib4v2_corral, of TM5 on https://sourceforge.net/

projects/tm5/ and of STILT on https://stilt-model.org/.
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