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Abstract. Hydrogen (H2) is expected to become an increasingly important energy carrier during the energy transition, likely

leading to higher atmospheric H2 levels due to losses during production, transport, storage and usage of hydrogen. Multiple

studies have shown this could impact atmospheric composition through interactions with the hydroxyl radical. However, the

magnitude of this impact remains uncertain due to large uncertainties in the global H2 budget, particularly in the soil sink and

photochemical source. To address this, we present a spatiotemporally resolved H2 budget derived using atmospheric inversions5

with the TM5 chemical transport model. With this approach, we infer a global mean soil sink of 52.8 [47.8–56.7] Tg yr−1

and a photochemical source of 34.6 [29.2–38.2] Tg yr−1 over 2003–2023. Relative to Ouyang et al. (2025), we estimate a soil

sink that is 45% and 35% weaker in the Middle East and Oceania, and 45% and 70% stronger in South America and Russia,

respectively. Our results further suggest that variability in the observed H2 growth rate between 2003–2023 was primarily

driven by changes in the photochemical source from CH4 oxidation, together with a declining global soil sink at a mean rate of10

0.23 Tg yr−2. Finally, we infer a sensitivity of the soil sink to the El Niño–Southern Oscillation, strongest over diffusion-limited

soils in tropical South America, with increased uptake during drier El Niño conditions and reduced uptake during wetter La

Niña conditions.

1 Introduction

Global hydrogen (H2) demand has roughly doubled over the last two decades and is projected to keep increasing during15

the ongoing energy transition (IEA, 2019, 2023). As a result, atmospheric H2 levels may increase due to unavoidable losses

across production, transport, storage, and usage of hydrogen (De Kleijne et al., 2024; Ocko and Hamburg, 2022). This could

impact tropospheric methane (CH4) and ozone (O3), as well as stratospheric water vapour levels, through interactions with

the hydroxyl radical (OH). Together, these effects yield a 100-year global warming potential (GWP100) for hydrogen of 11.6

± 2.8 (Sand et al., 2023), meaning that 1 kg of H2 emitted has a climate impact equivalent to 11.6 ± 2.8 kg of CO2 emitted20

over a 100-year horizon. The uncertainty in the GWP100 estimate arises primarily from a limited understanding of the global

hydrogen budget. Particularly, the photochemical H2 source and the soil sink, representing the two largest fluxes in the budget,

are highly uncertain. According to the recent comprehensive assessment of the global H2 budget by Ouyang et al. (2025),
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the remaining terms in the budget, including biomass burning, fossil fuel combustion, ocean emissions, land emissions from

N2 fixing bacteria, and the OH sink, are comparatively well constrained in magnitude. This study provides the most detailed25

uncertainty assessment of the global hydrogen budget to date, based on a diverse ensemble of bottom-up approaches, and will

therefore be referred to frequently throughout the remainder of this paper.

The global photochemical H2 source from formaldehyde (CH2O) photolysis is the most uncertain source in the H2 bud-

get. It arises from multiple pathways reflecting the diversity of CH2O precursors and is typically quantified using global

chemical transport model simulations. The contribution from CH4 oxidation, the dominant precursor pathway via CH2O, is30

relatively well constrained. This is because CH4 is a long-lived greenhouse gas with well-characterised global atmospheric

abundances, constrained by extensive surface and satellite observations. In contrast, the contribution from oxidation of anthro-

pogenic and biogenic Volatile Organic Compounds (VOCs) is more uncertain, reflecting shorter atmospheric lifetimes and less

well-constrained emission inventories of these precursors.

The global H2 soil sink is the largest and most uncertain term in the H2 budget (Sand et al., 2026). Its uncertainty arises from35

a complex dependence on multiple interacting environmental drivers, including soil moisture, soil temperature, and soil organic

carbon content. It also exhibits strong spatial variability, with field measurements showing that fluxes can differ substantially

between sites only a few kilometres apart (Cowan et al., 2025). Estimates of the global H2 soil sink rely on parametrisations

predominantly derived from field measurements at mid-latitude Northern Hemisphere sites (Ehhalt and Rohrer, 2009). This

introduces a representativeness bias, since tropical regions, expected to exhibit the highest uptake rates (Tardito Chaudhri and40

Stevenson, 2025), are not represented in the underlying observations. In addition, parametrisations are limited by the lack of

accurate, high-resolution forcing data for key drivers such as soil moisture and soil temperature, further introducing uncertainty

in global flux estimates. Finally, a key limitation of most bottom-up studies is that their fluxes are not propagated through three-

dimensional transport models, making it impossible to verify their consistency with long-term global H2 observations.

To overcome some of these challenges, a top-down approach can be used. Here, bottom-up fluxes serve as a first guess and45

are subsequently adjusted using H2 mole fraction measurements. These atmospheric observations integrate information from

sources and sinks over large spatial scales, thereby reducing the influence of local variability and allowing fluxes to be con-

strained without detailed knowledge of all underlying environmental drivers. Previous top-down studies with two-dimensional

box models by Rhee et al. (2006) and Xiao et al. (2007) suggested that the soil sink and photochemical source were substan-

tially larger than found in bottom-up studies (see Table 2). Subsequent studies employing three-dimensional chemical transport50

models yielded budgets more consistent with bottom-up literature, but relied on limited observational records. For example,

Pison et al. (2009) used observations from a single year (2004), Yver et al. (2011) relied on relatively few stations, mostly in

Europe, and Bousquet et al. (2011) used observations from 1991–2004, despite nearly two decades of additional observations

being available since then. Furthermore, none of these studies included observations from South America or tropical Africa,

regions expected to exhibit some of the largest photochemical source and soil sink fluxes globally.55

In this study, we present an updated, comprehensive regional-to-global H2 budget for 2003–2023, derived from atmospheric

H2 inversions using the TM5 chemical transport model. We build on the work of Pieterse et al. (2013), incorporating several

updates and improvements, including updated emission inventories, a more sophisticated soil sink scheme, improved OH fields,
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and higher horizontal and vertical resolution. We also exploit observations from an expanded network of H2 monitoring sites,

providing stronger constraints on regional fluxes. Finally, we evaluate our simulated H2 mole fractions against independent60

observations from four aircraft campaigns.

2 Methods

The following sections describe the observations (Sect. 2.1), modelling framework (2.2), and implementation of hydrogen

sources and sinks (2.3) used in this study. We then describe the setup of the forward simulations used to pre-balance global

mean sources and sinks (2.4), followed by the setup of the inversion experiments (2.5).65

2.1 Observations

We use H2 mole fraction observations from multiple surface flask networks, including EUROHYDROS (EUROpean network

for atmospheric HYDRogen Observations and Studies; Batenburg et al., 2011), NOAA-GML (National Oceanic and Atmo-

spheric Administration Global Monitoring Laboratory; Pétron et al., 2024), CSIRO-GASLAB (Commonwealth Scientific and

Industrial Research Organisation Global Atmospheric Sampling Laboratory; Krummel et al., 2025), MPI-BGC (Max Planck70

Institute for Biogeochemistry; Jordan et al., 2024), and ICOS (Integrated Carbon Observation System; Apadula et al., 2025).

We also use in situ measurements from AGAGE (Advanced Global Atmospheric Gases Experiment; Prinn et al., 2025). All

data are reported on the MPI-2009 calibration scale (Jordan and Steinberg, 2011). Observations span 96 monitoring sites, with

some locations sampled by multiple networks (Fig. 1). Most sites do not provide continuous coverage over the full analysis

period (2003–2023); details on measurement periods and sampling frequency for each network are provided in Table E1 of the75

Appendix. All data are filtered to retain observations representative of background conditions using available quality control

and representativity flags. For NOAA-GML, only measurements analysed with a helium pulse discharge detector are used.

For independent evaluation of our optimised H2 mole fractions, we use aircraft measurements from NOAA-GML (McKain

et al., 2022; Sweeney et al., 2015). These measurements include continental aircraft profiles over the United States, as well

as the HIPPO (HIAPER Pole to Pole Observations; Wofsy, 2011; Wofsy et al., 2017) and ATom (Atmospheric Tomography80

Mission; Montzka et al., 2019; Thompson et al., 2022; Wofsy et al., 2021) campaigns, which provide pole-to-pole sampling of

background atmospheric conditions across multiple altitudes. Additionally, we also use aircraft measurements from IAGOS-

CARIBIC (In service Aircraft for a Global Observing System – Civil Aircraft for the Regular Investigation of the Atmosphere

Based on an Instrument Container; Batenburg et al., 2016) for independent evaluation.
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Figure 1. Global distribution of H2 monitoring sites (N = 96) from the NOAA-GML, CSIRO-GASLAB, MPI-BGC, AGAGE, ICOS, and

EUROHYDROS networks. Only sites with measurements at any time during 2003–2023 are included, with individual sites covering different

sub-periods. Key sites are labelled for later reference.

2.2 Modelling framework85

We use the TM5 three-dimensional chemical transport model (Krol et al., 2005), driven by meteorological fields from ERA5

(ECMWF ReAnalysis v5; Hersbach et al., 2020), to simulate atmospheric H2 mole fractions. To estimate the magnitude and

spatial distribution of monthly global H2 fluxes, TM5 is coupled with the CarbonTracker data assimilation system (Van Der

Laan-Luijkx et al., 2017), which employs an ensemble Kalman filter.

2.3 Implementation of hydrogen sources and sinks90

Our modelling framework builds on Pieterse et al. (2013), with several updates and improvements. We include H2 surface

emissions as monthly fluxes at 1◦×1◦ resolution. Fossil fuel emissions are calculated by scaling sector-specific CO emissions

from CAMS v6.2 (Copernicus Atmosphere Monitoring Service; Soulie et al., 2024) to H2 using corresponding emission factors

from CEDS (Community Emissions Data System; Hoesly et al., 2018). This approach exploits the shared origin of H2 and CO

in fossil fuel combustion and related processes such as the water–gas shift reaction, while leveraging the relatively well-95

constrained global CO emissions inferred from satellite observations. Oceanic H2 emissions are spatially distributed using

monthly oceanic CO fluxes (Conte et al., 2019) and scaled to 5 Tg yr−1 (Price et al., 2007). This approach is based on the

shared biological origin of H2 (Walter et al., 2016) and CO (Gros et al., 2009) in the ocean, and uses CO fluxes as a proxy for

biological activity. Similarly, land H2 emissions are spatially distributed using biogenic CO land fluxes from MEGAN (Model

of Emissions of Gases and Aerosols from Nature; Guenther et al., 2012) and scaled to 3 Tg yr−1 (Conrad et al., 1989; Conrad,100
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1996; Pieterse et al., 2011). Finally, biomass burning emissions are taken from GFED5 (Global Fire Emissions Database v5;

Van Der Werf et al., 2025).

We pre-calculated three-dimensional photochemical source fields from CH2O photolysis to use in our system, by running

a full-chemistry version of TM5-MP (Williams et al., 2017) with the CB05 chemical mechanism (Carbon Bond v5; Yarwood

et al., 2005). The full-chemistry model included 51 species and 156 reactions, covering the oxidation chains of CH4 and other105

key VOCs. Since H2 was originally treated as a fixed species in CB05, we added H2 production from CH2O photolysis (Eq. 1)

to the chemical scheme using the photolysis rate from Sander et al. (2006). The remaining CH2O loss pathways were already

included in CB05 (Eq. 2 and 3).

CH2O+hv −−→H2 +CO (1)

CH2O+hv −−→H+HCO (2)110

CH2O+OH−−→HCO+H2O (3)

We performed the full-chemistry simulations at 3◦×2◦ horizontal resolution with 34 vertical levels over 2003–2023. Chem-

istry was driven by the H2 fluxes described in this section, together with CH4 fields nudged towards surface observations and

CMIP6 (Coupled Model Intercomparison Project Phase 6; Feng et al., 2020) emissions for all remaining species. We derived

separate photochemical H2 source fields for production from isoprene oxidation (hereafter the isoprene source) and from ox-115

idation of all remaining VOCs, dominated by CH4 oxidation (hereafter the non-isoprene source). This allows for separate

specification of the flux uncertainties, with higher confidence in the non-isoprene source due to the well-characterised global

abundance of CH4. We derived the source partitioning from five sensitivity simulations in which isoprene emissions were scaled

by a factor 1.0 to 0.6 (in steps of 0.1), yielding an essentially linear response in the photochemical H2 source (R2 = 0.999). We

then estimated the non-isoprene source by extrapolating this relationship to zero isoprene emissions, with the isoprene source120

calculated as the residual relative to the base simulation (with a factor of 1.0). We have relatively high confidence in the spatial

distribution of our combined photochemical H2 source fields, based on a comparison of simulated CH2O mole fractions with

CH2O aircraft observations from the ATom campaign, as discussed in Sect. A of the Appendix.

We calculate soil sink fluxes at 1◦ × 1◦ resolution following scenario S3c of Pieterse et al. (2013). This approach uses

the TM5 dry deposition scheme, which applies a series-resistance formulation including time-varying aerodynamic and soil125

resistances to compute the H2 deposition velocity. The soil sink flux is then calculated using the deposition velocity and the

near-surface H2 mass mixing ratio in the lowest model layer at each 3-hourly time step of the simulation. In the standard

configuration, the soil resistance component follows the Sanderson et al. (2003) scheme. This scheme contains formulations

for seven ecosystem regions and is driven by soil moisture and soil temperature fields from ERA5 (Hersbach et al., 2020).
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We also implemented an alternative deposition scheme in which the soil and snow resistance formulations are replaced by130

those of Bertagni et al. (2021). Here, the soil resistance equations include nonlinear soil moisture dynamics and depend on soil

moisture, soil temperature, and porosity across eleven soil texture classes. We obtained the required soil property fields from the

Global Land Data Assimilation System (GLDAS; Rodell et al. 2004). Figure 2 highlights the main differences between the two

schemes. On average, the Sanderson scheme yields a 40 % larger global soil sink than the Bertagni schemes for 2003–2013. It

also yields stronger uptake in subtropical regions such as northern India and South Africa, and weaker uptake in arid regions135

such as the Sahara and the Tibetan Plateau relative to the Bertagni scheme. Throughout the remainder of this paper, we will

refer to simulations using the Sanderson and Bertagni schemes as “Sanderson” and “Bertagni”, respectively (e.g. Sanderson

inversion or Bertagni inversion).

 (a) Sanderson: -66.4 Tg yr 1 (b) Bertagni: -47.2 Tg yr 1

1.0 0.8 0.6 0.4 0.2 0.0
Soil sink [Tg degree 1 yr 1]

75

50

25

0

25

50

75

La
tit

ud
e 

[d
eg

re
es

]

(c) Latitudinal distribution
Sanderson
Bertagni

-0.014

-0.011

-0.008

-0.006

-0.003

0.000

So
il 

sin
k 

[T
g 

gr
id

ce
ll

1  y
r

1 ]

Figure 2. H2 annual mean soil sink fluxes (2003–2013) from simulations with the Sanderson (a) and Bertagni (b) scheme. These simulations

were performed using a photochemical source of 38.2 Tg yr−1 (scaled by a factor of 0.7 for consistency with the literature) and no additional

scaling of the soil sink (factor 1.0). Panel (c) shows the corresponding latitudinal H2 flux distributions.

We calculate the chemical H2 sink by oxidation with OH based on Eq. 4 using the reaction rate from Stuhl and Niki

(1972). We use 3-hourly OH fields from CAMS EAC4 (Copernicus Atmosphere Monitoring Service ECMWF Atmospheric140

Composition Reanalysis 4; Inness et al., 2019) for the period 2003–2023 at 1◦ × 1◦ resolution with 60 vertical levels, together

with the three-dimensional H2 fields from the TM5 simulation.

H2 +OH−−→H2O+H (4)

In the stratosphere, we prescribe H2 mole fractions based on the CH4–H2 relationship of McCarthy (2004), following Pieterse

et al. (2013). This is needed since TM5 was mainly designed to simulate the troposphere and lacks advanced stratospheric145

chemistry and high vertical resolution. For example, important reactions such as methane oxidation by chlorine radicals and

electronically excited oxygen atoms, as described by Rahn et al. (2003) and Röckmann et al. (2003), are not included in TM5.

To define the troposphere–stratosphere boundary, above which the H2 mole fractions are fixed, we use the latitude-dependent

pressure threshold given in Eq. 1 of Pieterse et al. (2011). To drive the parametrisation, we use monthly CH4 fields from CAMS

EAC4 at 1◦ × 1◦ resolution, interpolated to 34 vertical levels.150
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2.4 Balancing global mean sources and sinks

To explore the wide range of photochemical source and soil sink estimates in the literature (Table 2), we use the TM5 model

to identify source–sink configurations consistent with the observed evolution of global H2 mole fractions. We perform forward

simulations for 2003–2013 at 6◦ × 4◦ resolution with 25 vertical levels, applying uniform global scaling factors to the soil

sink and combined photochemical H2 source. We then compute four metrics using the NOAA ccgcrv curve fitting package155

(Thoning et al., 1989; NOAA Global Monitoring Laboratory, 2026) based on the simulated and observed H2 mole fractions at

five NOAA-GML sites (ALT, CGO, MHD, MLO, SPO): (a) detrended RMSE, (b) difference between simulated and observed

mean growth rate at MLO, (c) absolute difference between simulated and observed interhemispheric gradient between ALT

and SPO, and (d) absolute difference between simulated and observed seasonal amplitude at MHD. The configurations that

perform best across these metrics are then used as the starting point for the subsequent Bayesian optimisation of H2 sources160

and sinks.

2.5 Setup of the inversion experiments

We use the CarbonTracker Europe v3 framework (Van Der Laan-Luijkx et al., 2017) to perform a month-by-month optimisa-

tion of the soil sink and photochemical H2 source. We run the inversion over the 2003–2023 period, with atmospheric transport

simulated at 3◦ × 2◦ horizontal resolution and 34 vertical levels. We use an ensemble size of 300 members to balance per-165

formance and computational cost. We optimise the photochemical source by applying monthly regional scaling factors to the

prior photochemical production fields described in Sect. 2.3. For the soil sink, we do not directly scale the fluxes as calcu-

lated within the respective schemes, as test inversions showed that this led to unstable Kalman filter performance. Instead, we

optimise linearised representations of the soil sink fluxes, as explained in Sect. 2.5.1.

2.5.1 Linearisation of soil sink and stratospheric flux170

The soil sink and stratospheric fixing terms were linearised in the inversions to ensure stable Kalman filter performance. This

addresses a well-known limitation in Kalman-based flux optimisation arising from strongly non-linear flux-state dependencies

or from initial states far from the solution, as documented in carbon cycle inversions (Tolk et al., 2011). Such conditions are

applicable here, since test inversions showed that large posterior-prior adjustments in H2 mole fractions (up to 100 ppb) were

required to reconcile global mass balance, large-scale gradients, and seasonal cycles. Since both processes depend directly175

on the H2 mole fraction, this introduced a non-linear coupling between fluxes and mole fractions that led to instability of the

Kalman filter. Therefore, daily linearised soil sink and stratospheric fluxes were obtained from forward simulations at 3◦ × 2◦

resolution with 34 vertical levels over 2003–2023, using the Sanderson and Bertagni schemes under the best performing source-

sink configurations identified in Sect. 3 in relation to four observational metrics. Our inversion results support the linearisation,

as posterior mole fractions remain close to the prior (Sect. 3.2.1). Specifically, mean posterior deviations are −2.0% (Bertagni180

inversion) and −11.6% (Sanderson inversion), corresponding to flux differences of 1.1 and 6.6 Tg yr−1 under a fully first-

order soil sink formulation. We deem this acceptable, as the differences are modest compared to the range of alternative prior
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soil sink perturbations (±13 Tg yr−1 relative to the base case) explored in the sensitivity analysis, which nevertheless showed

convergence towards a stable posterior soil sink magnitude (Appendix Sect. C).

2.5.2 Spatial discretisation185

We optimise the soil sink over the spatial regions used within each scheme: seven ecosystem regions for Sanderson and

eleven soil texture classes for Bertagni (Table 1). In each region, the optimisation adjusts the magnitude of the linearised daily

soil sink fluxes on 1◦ × 1◦ resolution, which are effectively treated as negative surface emissions within the inversion. To

introduce additional interhemispheric degrees of freedom in the state vector, the regions are subdivided at 25◦ N, resulting in

14 and 22 regions, respectively (Fig. E1). This choice accounts for the asymmetric land distribution between hemispheres and190

approximately balances land area between the northern and southern portions of the modelling domain. For the photochemical

source, we separately optimise pre-calculated H2 production fields from isoprene and non-isoprene oxidation, to account for

differences in the uncertainties of their three-dimensional distributions. The isoprene H2 source is optimised over the same 14

Sanderson regions as the soil sink, assuming that isoprene emissions are predominantly biogenic and ecosystem-dependent.

This approach reflects the short atmospheric lifetime of isoprene, which leads to relatively localised CH2O production from its195

oxidation with respect to the underlying emissions. We optimise the non-isoprene H2 source using 1◦ latitudinal bands, with a

correlation length scale of 1000 km, yielding roughly 18 degrees of freedom from pole to pole. This reflects the relatively long

atmospheric lifetime of CH4, the dominant precursor of CH2O in this term, yielding a relatively uniform spatial H2 production

pattern from its oxidation.

Table 1. Summary of parameters used in the inversions, as derived in Sect. B1 and B3 of the Appendix.

Soil sink Isop. source Non-isop. source

Spatial discretisation
14 ecosystems (Sanderson)

22 soil textures (Bertagni)
14 ecosystems 1◦ latitude bands

Correlation timescale 2 years 1 year 3 years

State-vector element uncertainty 7.5 % 5 % 2.5 %

2.5.3 Temporal correlation structure200

To represent temporal structure in the prior flux uncertainties, we prescribe interannual correlation timescales of 3 years for the

non-isoprene H2 source, 2 years for the soil sink, and 1 year for the isoprene H2 source. This formulation allows a component

of the flux uncertainty to persist seasonally across years (e.g. January-to-January), with longer correlation times assigned to

sources exhibiting weaker interannual variability (IAV) and shorter timescales to those with stronger IAV. In addition, a 3-month

temporal correlation is imposed across all optimised fluxes to reduce unrealistically high month-to-month flux variability and205

provide moderate seasonal smoothing.
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2.5.4 Statevector element uncertainty

To reflect the relative confidence in our prior fluxes, we assign state vector element uncertainties across space and time of 7.5

% for the soil sink, 5 % for the isoprene H2 source, and 2.5 % for the non-isoprene H2 source. We note that these values can

not be directly interpreted in flux space (e.g. to compute prior uncertainties in Tg yr−1), as their effect on fluxes is mediated by210

the inversion and cannot be directly inferred.

2.5.5 Model-data mismatch

We define a model–data mismatch (MDM) of 3.0 ppb for most sites, following Pison et al. (2009). This MDM value exceeds

the measurement uncertainties reported in Pétron et al. (2024), thereby allowing for additional transport and representativity

errors beyond instrumental uncertainty. It is also larger than the 1σ measurement uncertainties specified for the NOAA-GML215

measurements used in this study (0.78–2.82 ppb, mean 1.29 ppb). For Deep Southern Hemisphere sites, we assign a MDM of

1.5 ppb, reflecting lower transport errors (Appendix Sect. B2). When multiple observations are available on a given day for a

site, the MDM for that day is scaled by the square root of the number of observations to avoid overweighting. We exclude the

NOAA-GML surface flask sites AMY (Anmyeon-do, South Korea) and SDZ (Shangdianzi, China) from the optimisation, as

they are strongly influenced by local fossil fuel emissions that cannot be resolved at the model’s spatial resolution. Aircraft H2220

observations are also excluded to retain them for independent evaluation.

3 Results

3.1 Balancing global mean sources and sinks

Figure 3 shows the model performance evaluated against four observational metrics, across different global scaling factors

applied to the soil sink (x-axis) and photochemical H2 source (y-axis). Here, the upper and lower panels correspond to the225

Sanderson and Bertagni simulations, respectively (see Sect. 2.4). Because the Bertagni scheme yields a lower prior soil sink, a

broader range of scaling factors is required to span the full literature range.

We find that the source–sink balance that best agrees with global H2 observations is close to that reported by Ouyang et al.

(2025) and earlier bottom-up studies. This optimum lies in the lower-left quadrants of Fig. 3, where low RMSE (panel a), a

realistic growth rate (panel b), and a realistic interhemispheric difference (panel c) are simultaneously achieved, as indicated230

by the green shading. In contrast, simulating a realistic seasonal amplitude (panel d) requires a substantially larger soil sink,

particularly in the Sanderson simulations. This highlights the limitations of using only two global scaling factors and motivates

a more elaborate inversion approach. For the Bertagni simulations, the different metrics point to a more consistent optimum,

with the seasonal amplitude in better agreement with the other diagnostics. The upper-right quadrants of Fig. 3 also show that

the large soil sink and photochemical source magnitudes reported by Rhee et al. (2006) and Xiao et al. (2007), derived using235

2D box model inversions, perform poorly when implemented in a 3D global chemical transport model.
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We identify the best-performing configurations as indicated by the black crosses in Fig. 3. Here, the global photochemical

source is scaled by 0.7 and the soil sink by 0.8 (Sanderson) and 1.2 (Bertagni), corresponding to a photochemical source of

38 Tg yr−1 and soil sinks of 59 Tg yr−1 (Sanderson) and 54 Tg yr−1 (Bertagni) in the final simulation year. These fluxes

are consistent with most previous literature, including bottom-up (Ehhalt and Rohrer, 2009) and 3D inverse modelling studies240

(Pison et al., 2009; Yver et al., 2011; Bousquet et al., 2011). We therefore use them as the starting point for our detailed

inversions (hereafter referred to as the "priors"). Additionally, we define two alternative prior configurations for the Sanderson

and Bertagni scheme, with lower and higher soil sinks and photochemical sources. These alternative configurations (black

triangles) are used to assess the sensitivity of the inversions to the prior magnitudes, as described in Appendix C.
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Figure 3. Sensitivity analysis for various source-sink configurations using the Sanderson (top row) and Bertagni (bottom row) schemes.

Shown are: (a) mean RMSE across five stations (ALT, CGO, MHD, MLO, SPO); (b) ∆ Growth Rate at MLO; (c) ∆ Interpolar Difference

(ALT-SPO); and (d) ∆ Absolute Seasonal Amplitude at MHD.

3.2 Inversions245

3.2.1 Evaluation with surface and aircraft observations

Due to the larger freedom to adjust sources in sinks, our detailed inversions substantially improve the agreement between

simulated and observed H2 mole fractions used in the inversions. Globally, the mean residual across all sites decreases from

69.6 (prior) to -0.8 ppb (posterior) in the Sanderson inversion, and from 11.0 (prior) to -0.7 ppb (posterior) in the Bertagni
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inversion. Figure 4 shows that our inversions accurately capture the long-term growth rate and seasonal cycle at ALT (panel250

a) and SPO (panel b), representing the Northern and Southern Hemisphere, respectively. In addition, panel c shows that the

inversions generally improve the fit to independent aircraft observations from the ATom, HIPPO, NOAA-GML, and IAGOS-

CARIBIC campaigns, giving additional confidence in the results. A more detailed evaluation against aircraft measurements

is provided in Table E2 in the Appendix, showing a modest latitudinal gradient in MAE, with generally lower values in the

Southern Hemisphere, while altitudinal differences are less systematic and vary between campaigns.255
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Figure 4. Time series of observed (black dots) and simulated (coloured lines) H2 mole fractions at ALT (panel a) and SPO (panel b). Dotted

and dashed lines show simulations before optimisation (prior), solid lines show simulations after optimisation (posterior). Red indicates

Sanderson inversion, blue indicates Bertagni inversion. Panel (c) shows the prior and posterior mean absolute error (MAE), quantifying how

well our simulated mole fractions match independent aircraft measurements from four campaigns. Here, the bars are ordered from left to

right as Sanderson prior, Sanderson posterior, Bertagni prior, and Bertagni posterior for each campaign.

3.2.2 The global hydrogen budget

We find a global mean photochemical source of 34.6 Tg yr−1 [29.2–38.2] and a soil sink of 52.8 Tg yr−1 [47.8–56.7] for the

period 2003–2023 (Table 2). Here, the central values represent the mean of our best-estimate Sanderson and Bertagni inversions

(hereafter referred to as the “posterior”), and the bracketed values denote the posterior error range derived in Sect. C of the

Appendix. Figure 5 shows that our posterior photochemical source is lower than most previous estimates (12 of 15 studies) but260

remains within the one-standard-deviation range given by Ouyang et al. (2025). It also shows that our posterior soil sink agrees

well with most previous studies and is close to the Ouyang et al. (2025) ensemble mean. However, our posterior error range is

much narrower than their soil sink one-standard-deviation range (32–68 Tg yr−1), despite covering a broad range of inversion

parameters.
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Table 2. Optimised global H2 budget for 2003–2023 based on the mean of the best-estimate inversions using the Sanderson and Bertagni soil

sink schemes. Posterior error ranges (bracketed values) are derived in Appendix Sect. C. Literature values are shown for comparison, noting

differences in analysis periods.

This studya BUb TDc Ouyang et al. (2025)d

Sources

Fossil fuel burning 14.1 14.4–20.0 15.0–22.0 7.5 [3.6–11.4]

Biomass burning 13.6 9.0–20.0 16.0 11.6 [7.9–15.3]

Land N2-fixation 3.0 0.0–4.0 6.0 3.1 [0.6–5.6]

Ocean N2-fixation 5.0 4.0–6.0 6.0 4.9 [1.8–8.0]

Photochemical source 34.6 [29.2–38.2] 30.2–47 38.6–76.0 38.4 [32.3–44.5]

Sinks

Soil sink 52.8 [47.8–56.7] 52.9–58.5 43.5–88.0 50 [32–68]

Chemical loss 19.2 [19.1–19.7] 15.0–22.8 15.0–19.0 18.4 [16.2–20.6]

a Includes stratospheric fixing term, with mean magnitude of 3.3 Tg yr−1 (Sanderson) and 0.2 Tg yr−1 (Bertagni) over 2003–2023.
b Bottom-up studies (Novelli et al., 1999; Hauglustaine and Ehhalt, 2002; Sanderson et al., 2003; Price et al., 2007; Yashiro et al., 2011; Pieterse et al.,

2011, 2013; Paulot et al., 2021; Sand et al., 2023).
c Top-down studies using 2D (Rhee et al., 2006; Xiao et al., 2007) and 3D models (Pison et al., 2009; Bousquet et al., 2011; Yver et al., 2011).

d Recent bottom-up study. First value denotes ensemble mean; brackets denote ±1 standard deviation.
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Figure 5. Comparison of our fluxes with previous studies. Purple dots and triangles indicate the mean of our pre-balanced priors and

alternative priors (Sanderson and Bertagni), respectively (see Sect. 3.1). Horizontal purple lines with shading show our posterior and posterior

error range as derived in the Appendix. Previous studies are summarised in box plots grouped by methodological approach (see Table 2),

with N denoting the number of studies in each group and whiskers extending to 1.5IQR. Estimates from Ouyang et al. (2025) are shown as

black circles with ±1 standard deviation whiskers.
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3.2.3 Spatial variability265

We find a high degree of consistency between the posterior-prior flux corrections applied in the Sanderson and Bertagni

inversions. For the soil sink, both inversions infer weaker uptake in the Northern Hemisphere mid-latitudes and stronger uptake

in the tropics compared to their priors. This reflects reduced uptake in the RECCAP2 (REgional Carbon Cycle Assessment and

Processes Phase 2; Ciais et al., 2022) regions of Europe, North America, East Asia, and Russia, and increased uptake in South

America, Africa, and Southeast Asia (see Appendix Figs. E2, E3, E4, E5). Figure 6 shows that relative to the Ouyang et al.270

(2025) ensemble mean, our posterior soil sink is roughly 45% and 70% stronger in South America and Russia and 45% and

35% weaker in the Middle East and Oceania, respectively. For the non-isoprene H2 source, both inversions yield an increase

in the Northern Hemisphere (15.7 Tg yr−1 Sanderson; 15.9 Tg yr−1 Bertagni, up from 15.4 Tg yr−1) and a decrease in the

Southern Hemisphere (10.9 Tg yr−1 Sanderson; 10.8 Tg yr−1 Bertagni, down from 11.8 Tg yr−1) relative to the prior. This

corresponds to larger sources over Europe, North America, East Asia, and the Middle East, and smaller sources over South275

America and Oceania (Appendix Figs. E2, E3, E4, E5). For the isoprene H2 source, both inversions infer a consistent decrease

across latitudes, with the largest reductions in the Southern Hemisphere (4.7 Tg yr−1 Sanderson; 5.0 Tg yr−1 Bertagni, down

from 7.0 Tg yr−1).
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Figure 6. Photochemical source and soil sink fluxes (2003–2023 mean) for four selected RECCAP2 regions. Light bars show the prior and

dark bars the posterior, taken as the mean of the Sanderson and Bertagni inversions. Black dots with whiskers show the ensemble mean and

one standard deviation range from Ouyang et al. (2025).

3.2.4 Long-term growth rate of atmospheric hydrogen

Figure 7 (panels a and b) shows the observed annual H2 growth rate over 2003–2023 (grey bars), alongside the simulated280

posterior growth rate (purple bars). The record exhibits three distinct stages, most clearly at SPO: a moderate growth rate from

2003–2008, a decline from 2008–2016, and a subsequent increase after 2016. Panel (c) shows that the prior biomass burning

emissions (GFED5) partially explain this behaviour, with emissions decreasing after 2008. However, this is insufficient to fully

reproduce the observed growth rate in the prior simulations. In the posterior, the fit to the growth rate is primarily improved

by adjusting the non-isoprene H2 source (panel d), consistent with the hypothesis of Ouyang et al. (2025) that CH4-driven285

photochemical production is a dominant control on the atmospheric H2 growth rate. Crucially, our inversions also display a
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weakening of the global soil sink over the last two decades, a pattern absent in the priors. Specifically, the soil sink weakens

on average by 0.23 Tg yr−2 across both inversions (Sanderson: 0.26, Bertagni: 0.20 Tg yr−2). This finding warrants further

investigation given its potential implications for future atmospheric H2 levels under the expected increase in anthropogenic

emissions during the energy transition.290
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Figure 7. Observed and simulated (posterior) annual growth rates at SPO (a) and MLO (b). Panels (c–f) show global annual fluxes for

(c) biomass burning, (d) non-isoprene H2 source, (e) soil sink, and (f) net sources and sinks. The vertical lines delineate three periods

(2003–2008, 2008–2016, 2016–2024) that characterise the observed H2 growth rate.
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3.2.5 Interannual variability of the soil sink

We find a clear sensitivity of the soil sink to the El Niño–Southern Oscillation (ENSO). This response is strongest in tropical

South America (Fig. 8) but remains statistically significant globally, including weaker but significant correlations for several

other regions (Table 3). We hypothesise that ENSO primarily influences the soil sink through soil moisture. According to

Bertagni et al. (2021), most regions, including tropical South America, are dominantly diffusion-limited (i.e. too wet). There-295

fore, the drier conditions associated with El Niño may temporarily reduce the diffusive barrier and increase the soil sink,

whereas wetter conditions during La Niña increase the diffusive barrier and dampen the soil sink. This could explain the up-

per right and lower left quadrants of Fig. 8, respectively. Notably, this ENSO–soil sink relationship was only very weakly

present in the priors, but emerges much more clearly in the posteriors, highlighting the additional information provided by the

atmospheric constraints.300
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Figure 8. Monthly soil sink flux anomalies for tropical South America (RECCAP2 region), defined relative to a month-specific climatology

over the final 10 years of the inversions (2014–2024), plotted against the Oceanic Niño Index (Barnston et al., 1997). Left panels correspond

to the Sanderson inversion, right panels to the Bertagni inversion.
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Table 3. Correlation statistics between monthly posterior soil sink anomalies and the Oceanic Niño Index (ONI). Soil sink anomalies are

computed at monthly scale as deviations from a month-specific climatology over the final 10 years of the inversions (2014–2024). Metric r

is the Pearson correlation coefficient, and p the p-value. Only regions showing a statistically significant relationship (p < 0.05) in either the

Sanderson or Bertagni inversion are shown.

Sanderson Bertagni

Region Slope [Tg yr−1 ONI−1] r p Slope [Tg yr−1 ONI−1] r p

Global 0.98 0.21 0.02 2.11 0.50 0.00

South American Tropical 0.63 0.48 0.00 0.97 0.63 0.00

Southern Africa -0.46 -0.33 0.00 0.13 0.16 0.09

South American Temperate 0.21 0.26 0.00 0.34 0.54 0.00

Tropical Asia 0.19 0.29 0.00 0.25 0.32 0.00

Europe 0.16 0.40 0.00 0.16 0.31 0.00

North American Temperate 0.10 0.24 0.01 0.19 0.33 0.00

North American Boreal 0.09 0.18 0.05 0.14 0.31 0.00

4 Discussion and outlook

4.1 Uncertainty and potential aliasing in the inferred H2 budget

We have high confidence in our inferred soil sink, as the only other major sink in the hydrogen budget, oxidation by OH, is

relatively well constrained. We are also confident in our inferred total sources, although constraining the photochemical source

is more challenging. This arises from the fact that several other sources in the hydrogen budget are prescribed in our inversions305

rather than optimised, introducing a potential for aliasing, whereby biases in these prescribed terms are compensated by adjust-

ments in the posterior photochemical source or soil sink. For example, the three-stage pattern in our posterior photochemical

source could also partly reflect a systematic underestimation of biomass burning H2 emissions in the GFED5 prior, which

showed a similar temporal structure. However, this is unlikely to fully explain our inferred trend, as GFED5 H2 emissions

already lie at the upper end of current literature estimates (Ouyang et al., 2025).310

Similarly, sources not included in our model provide an additional pathway for aliasing. For example, geological sources

and leakage-related industrial emissions were omitted due to the lack of robust emission inventories and their expected small

magnitude (Ouyang et al., 2025). If sufficiently large and increasing over time, these fluxes could in principle contribute to

the inferred weakening of the global soil sink. This is unlikely for geological sources, for which no clear mechanisms support

a sustained long-term increase. Industrial emissions provide a more plausible pathway, as global hydrogen demand increased315

from 52.5 Tg in 2000 (IEA, 2019) to 95 Tg in 2023 (IEA, 2023), implying an approximate doubling of emissions under constant

loss rates. However, fully explaining our inferred soil sink trend (4.8 Tg yr−1 reduction over 2003–2023) would require losses

of approximately 11.3 % across the hydrogen supply chain. This lies at the upper end of literature estimates (∼10%) and well
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above current best estimates (1.3%) (Trapani et al., 2025), suggesting that industrial emissions may contribute but are unlikely

to fully explain our inferred trend.320

A possible misattribution of sources and sinks of H2 could be evaluated by propagating our H2 fluxes into simulated hydrogen

deuteride (HD) abundances, following an approach similar to Pieterse (2013). While the photochemical source has limited

isotopic leverage, the soil sink enriches the atmosphere in HD (Chen et al., 2015). We therefore expect that a decreasing soil

sink would contribute to declining global HD levels over time. In the case of a strong increase in industrial or geological

emissions, we also expect declining HD levels, since these sources are heavily isotopically depleted (Gibson et al., 2024).325

However, no HD observations have been published over the past 15 years, meaning this cannot be tested. In addition, other

sources and sinks with greater isotopic fractionation have likely evolved in recent decades, as well as their corresponding

source signatures. For example, the isotopic signature of fossil fuel emissions has likely changed due to advances in engine

technology (Vollmer et al., 2010); however, such changes remain poorly characterised.

Our inverse problem is further complicated by the opposing signs and substantial spatial overlap of the soil sink and pho-330

tochemical source (particularly the isoprene-related partition), both of which peak in tropical regions, leading to strong pos-

terior correlations between these flux components (see Appendix Sect. D). Flux separability is further complicated by the

low observational density in these regions. As recently noted by Tardito Chaudhri and Stevenson (2025), local process-based

measurements are crucial for improving understanding of tropical soil H2 fluxes. We further emphasise the need for expanded

atmospheric mole fraction observations to constrain future inverse modelling studies, as these regions remain among the least335

observed globally. A challenge specific to the photochemical source is its three-dimensional nature, making it more difficult to

constrain using surface observations alone (Bousquet et al., 2011). Despite this, we consider multi-species inversions a promis-

ing approach to better quantify this term, given the strong chemical coupling between H2, CH2O, CO, and OH. Pison et al.

(2009) applied such a framework, however we identify a clear opportunity to revisit it in light of nearly two decades of satellite

observations of CO and CH2O since then.340

4.2 Indications of an overestimated CH2O photolysis rate in CB05

We found a significantly lower posterior photochemical H2 source compared to the prior derived from the full-chemistry

simulation. This reduction occurred mainly in the pre-optimisation with global scaling factors (Sect. 3.1), but also in the

subsequent detailed inversions (Sect. 3.2). It suggests that in our full-chemistry simulations, either CH2O mole fractions (the

final precursor of H2) were too large, or the photolysis rate of CH2O was too large. We consider the former unlikely, as simulated345

CH2O is already consistently biased low relative to aircraft observations, with a mean bias of -35.5 % across all ATom flights

(see Appendix Sect. A). We consider it more likely that the photolysis rate is too large, as in the updated CBM4 (Carbon Bond

v4) and subsequent CB05 mechanism, it was increased by 30 % relative to the original version of CBM4 to improve simulated

CO, CH4, and O3 (Williams and Van Noije, 2008). However, the impact of an enhancement of the H2-producing photolysis

channel on H2 was not investigated in this study. An overestimated photolysis rate would also lead to more removal of CH2O,350

consistent with our relatively low simulated CH2O mole fractions. Finally, Pieterse et al. (2013) obtained a photochemical

H2 source consistent with both the literature and our posterior using an otherwise similar chemistry scheme, but with the
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lower CBM4 photolysis rate. All in all, we recommend further investigation into the updated photolysis rate of CH2O for the

molecular channel used in CB05.

4.3 Implications of ENSO-driven soil uptake variability for other trace gases355

Our inferred H2 soil sink sensitivity to ENSO likely extends to other trace gases such as CH4, CO, N2O and COS, since their

uptake efficiency also depends on gas diffusion through the soil pore network. When soils become water-saturated, diffusion

is reduced as pores fill with water, limiting access to microbial or chemical sinks. Field measurements support this theory, as

Aronson et al. (2019) conducted soil chamber measurements in a tropical forest in Costa Rica and showed that ENSO cycles

influence biogenic CH4 fluxes through soil moisture changes, with CH4 consumption highest during the driest phase of El Niño360

and reduced uptake during La Niña and wetter conditions. These results align with our findings and support an ENSO-driven

modulation of the H2 soil sink in tropical regions, with similar moisture-driven mechanisms proposed.

5 Conclusions

In this study, we performed atmospheric inversions of H2 using the TM5 chemical transport model to derive a spatiotemporally

resolved budget over the period 2003–2023. Using this approach, we infer a global mean H2 soil sink of 52.8 [47.8–56.7]365

Tg yr−1 and a global photochemical H2 source of 34.6 [29.2–38.2] Tg yr−1 over 2003–2023. Notably, our soil sink posterior

error range is substantially narrower than the one standard deviation range reported by Ouyang et al. (2025). We also infer a

soil sink that is 45 % and 35 % weaker in the Middle East and Oceania and 45 % and 70 % stronger in South America and

Russia, respectively, relative to Ouyang et al. (2025). Our results further suggest that variability in atmospheric H2 growth rates

between 2003 and 2023 was primarily driven by changes in the non-isoprene photochemical source, consistent with the recent370

hypothesis of Ouyang et al. (2025) that CH4-driven photochemical production is a dominant control on the atmospheric H2

growth rate. Additionally, our results show a weakening of the global soil sink at a mean rate of 0.23 Tg yr−2 over this period.

We recommend further investigation into this, given the potential implications for future atmospheric H2 levels in light of the

projected increase in anthropogenic emissions during the ongoing energy transition. Finally, our results show a clear sensitivity

of the H2 soil sink to the El Niño–Southern Oscillation, strongest over diffusion-limited soils in tropical South America, with375

increased uptake during drier El Niño conditions and reduced uptake during wetter La Niña conditions. This sensitivity may

extend to other tracers, such as CH4, CO, N2O, and COS, given that their uptake is also dependent on diffusion through the

soil pore network.

To further improve quantification of the global hydrogen budget, progress is needed along two complementary directions:

improved process understanding to refine prior flux estimates and expanded observational constraints for future inverse mod-380

elling studies. For process understanding, additional field measurements of the soil sink across a broad range of environments

are key, with particular emphasis on tropical regions, as noted by Tardito Chaudhri and Stevenson (2025). For observational

constraints, expanding H2 mole fraction measurements in the tropics should be a priority, given the large fluxes and sparse ob-

servational coverage in these regions. Measurements and simulations of HD may provide additional constraints on the global
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H2 budget, as demonstrated by Pieterse et al. (2013). However, the potential of HD is limited by the absence of observations385

over the past 15 years, as well as limited progress in constraining source signatures and fractionation factors. Finally, for the

photochemical H2 source, we consider multi-species inversions a promising approach given the strong chemical coupling be-

tween H2, CH2O, CO, and OH. Pison et al. (2009) applied such a framework, and we identify a clear opportunity to revisit it

in light of nearly two decades of satellite observations of CO and CH2O since then.
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Appendix A: Evaluation of simulated formaldehyde levels with aircraft observations390

To assess whether our simulated photochemical production fields provide a reasonable starting point for the inversions, we

compare our TM5 full-chemistry CH2O mole fractions with aircraft observations from the ATom campaign (Hanisco et al.,

2019; Wofsy et al., 2021). We find that our simulations successfully capture the increase of CH2O over polluted continental

regions, producing a near-surface land-ocean gradient of 1 ppb over North America (Fig. A1), as well as the vertical increase

toward the surface due to precursor emissions. Across all flights (N = 35), our simulations reproduce the mean latitudinal and395

vertical gradients relatively well, despite a general underestimation of mole fractions (Fig. A2). Simulated and measured CH2O

mole fractions increase toward the equator, reflecting higher emissions of biogenic NMHCs, mainly isoprene, and toward the

surface due to higher precursor emissions. Across all flights, the mean observed CH2O mole fraction was 0.137 ppb, compared

to 0.088 ppb in our simulations, yielding a mean bias of -0.049 ppb (-35.54 %; Table A1). Importantly, for the six flights with

mean observed CH2O mole fractions above 0.2 ppb, the mean bias decreased to -0.039 ppb (-15.75 %). Five of these flights400

sampled tropical ocean regions, where enhanced CH4 oxidation in the tropics likely drives elevated CH2O mole fractions,

while the sixth sampled the continental U.S., where CH4 oxidation was likely larger due to higher OH availability, together

with larger anthropogenic VOC emissions that provide additional precursors. Our underestimation of simulated CH2O mole

fractions is likely related to an overestimation of the photolysis rate of CH2O through the molecular channel, as explained

in Sect. 4.2 of the Discussion. We attribute remaining discrepancies to errors in emission inventories, vertical mixing, and405

simulated OH levels. Finally, the reported measurement uncertainty (NASA ISAF ±10 %) may also explain some of our bias.

(a) ATom Flight 160817

(b) ATom Flight 160822

Figure A1. Observed and simulated CH2O mole fractions for two ATom flights: (a) 160822 (mean bias: 1.5 %) and (b) 160817 (mean bias:

-4.1 %). Left axis: CH2O mole fraction; right axis: altitude along flight track.
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Figure A2. Latitudinal and vertical gradients in observed and simulated CH2O mole fractions.

Table A1. Summary statistics of observed and simulated CH2O mole fractions from ATom flights for all flights and subsets with increasing

minimum observed CH2O.

Flights N Mean obs. [ppb] Mean sim. [ppb] Mean bias [ppb] Mean bias [%]

All 35 0.137 0.088 -0.049 -35.54

> 0.05 ppb 34 0.141 0.092 -0.049 -35.09

> 0.1 ppb 25 0.162 0.112 -0.050 -31.01

> 0.15 ppb 12 0.206 0.158 -0.048 -23.15

> 0.2 ppb 6 0.247 0.208 -0.039 -15.75

> 0.25 ppb 2 0.347 0.322 -0.026 -7.37
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Appendix B: Evaluation of inversion parameters

To determine the best-performing inversion settings, we conducted various experiments at a 6◦×4◦ horizontal resolution with

25 vertical levels, covering 2003–2013. We used the optimal prior Bertagni soil sink and photochemical source fluxes derived

in Sect. 2.4 and the settings described in Sect. 2.5 unless stated otherwise. We use an ensemble size of 150 members, which is410

sufficient given our chosen uncertainties for each statevector element in space and time. However, our main results in Sect. 3.2

are still obtained with 300 members to be conservative and account for potential sensitivity to random sampling, particularly

since tests showed that larger uncertainties on the statevector elements increase this sensitivity.

B1 Temporal correlations

To establish robust temporal correlations, we first examined the effect of the secondary sigma parameter in our state vector415

(Table B1). This parameter describes the extent to which observations from neighbouring years influence monthly scaling, and

its use is based on the assumption that a large part of the error shows seasonal behaviour. In our first experiment (A1), we use

a 5-year value for the non-isoprene H2 source, assuming that CH4 mole fractions show low interannual variability. For the soil

sink, we use a 3-year value, assuming that this term is more variable, but that this variability is already partly captured in our

input datasets. Finally, we use a 2-year value for the isoprene H2 source, since its interannual variability is poorly understood420

and poorly constrained. Shorter timescales or uniform long timescales were also tested (Table B1).

Table B1. Impact of the secondary sigma (SS) parameter, which controls multi-year correlations, on the fraction of grid cells with optimised

scaling factors that reverse the sign of the prior flux.

Experiment SSsoil sink [y] SSnon-isoprene [y] SSisoprene [y] Possoil [%] Negisoprene [%] Negnon-isoprene [%]

A1 3 5 2 3.48 2.26 6.34

A2 2 3 1 2.85 1.00 2.41

A3 5 5 5 3.56 3.05 10.98

We identify experiment A2 as the best-performing configuration, as it yields the most physically consistent and interpretable

flux estimates, with the lowest fraction of grid cells in which the optimised scaling factors reverse the sign of the prior flux,

resulting in positive soil sinks or negative photochemical sources (Table B1). This is illustrated for the South America REC-

CAP2 region in Fig. B1, where experiments with longer temporal correlation scales (A1 and A3) show a reduced soil sink,425

compensated by a smaller photochemical source (panel a). This is unlikely, as it largely arises from a more negative photo-

chemical source (panel b) and a more positive soil sink (panel c). We also find this in other regions, including Africa and

Oceania (not shown here). Experiment A2 also performs better because it has a more spatially coherent optimised soil sink and

a non-isoprene H2 source, in contrast to the scattered and dipole-like patterns obtained in experiments A1 and A3. Finally, the

regional fluxes of A2 show realistic interannual variability, whereas variability is strongly suppressed in A1 and A3. Based on430

these considerations, we adopt the secondary sigma values from experiment A2 for all remaining inversions.

22

https://doi.org/10.5194/egusphere-2026-3077
Preprint. Discussion started: 15 June 2026
c© Author(s) 2026. CC BY 4.0 License.



55.0 52.5 50.0 47.5
Soil sink [Tg yr 1]

30

32

34

36

38

Ph
ot

oc
he

m
ica

l s
ou

rc
e 

[T
g 

yr
1 ]

(a)
A1
A2
A3

55.0 52.5 50.0 47.5
Soil sink [Tg yr 1]

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0.0

Ne
ga

tiv
e 

Ph
ot

oc
he

m
ica

l s
ou

rc
e 

[T
g 

yr
1 ]

(b)

55.0 52.5 50.0 47.5
Soil sink [Tg yr 1]

0.4

0.6

0.8

1.0

1.2

1.4

1.6

Po
sit

iv
e 

so
il 

sin
k 

[T
g 

yr
1 ]

(c)

Figure B1. Annual mean H2 fluxes over the South America RECCAP2 region (2003–2013) for the three secondary sigma experiments. Panel

(a) shows the soil sink versus the photochemical source, panel (b) shows the soil sink versus the negative photochemical source, panel (c)

shows the soil sink versus the positive soil sink over this region.

B2 Model-data mismatch

Next, we investigated the sensitivity of the inversions to the value of the model–data mismatch (MDM). This was achieved

through offline inversions, which avoided rerunning the full transport model and reduced computational costs. In the base con-

figuration (experiment A4), a uniform MDM of 3.0 ppb was assigned to all sites. To introduce spatially varying but physically435

motivated uncertainties, we performed a sequence of experiments with progressively refined site classifications. In experiment

A5, Deep Southern Hemisphere (Deep SH) sites were assigned a reduced MDM of 1.5 ppb to reflect their relatively low

transport and representation errors (Fig. B2), while all remaining sites retained an MDM of 3.0 ppb. Experiment A6 further

distinguished marine boundary layer (MBL) sites, which were assigned an intermediate MDM of 2.0 ppb in addition to the

reduced MDM for Deep SH sites. Finally, in experiment A7, mixed sites were assigned an MDM of 2.5 ppb, while land sites,440

characterised by stronger flux heterogeneity and transport uncertainty, retained the highest MDM of 3.0 ppb. We find experi-

ment A5 performs best, because it yields a posterior chi-squared (χ2) closest to unity at three out of four sites that we selected

to represent the MDM classes (Deep SH, MBL, Mixed, and Land). Furthermore, experiment A5 produces the lowest fraction

of grid cells with sign-reversing optimized scaling factors, leading to a negative non-isoprene H2 source or a positive soil sink

(i.e. physically implausible fluxes), and hence we adopt its MDM classification in the remaining experiments (Table B2).445

23

https://doi.org/10.5194/egusphere-2026-3077
Preprint. Discussion started: 15 June 2026
c© Author(s) 2026. CC BY 4.0 License.



cgo

mhd

alt

cfa

cgo

cri

cya

esp

gpa

maa

mlo

mqa

sis

spo

alt

ams

cvo

mhd

nmy

ssl
cbw

cmn

gat
hpb

htm

jfjkit krelin

nor

opeoxk

pal

sac

smr

ste

svb

trn

zep

abp

alt

amy

asc

ask

azr

bal

bhd

bkt

bmebmw

brw

bsc

cba

cgo

chr

cib

cpt

crz

dsi

eic

gmi

hba

hpb
hsu

hun

ice

izokey
kum

llb

lln

lmp

mex

mhd

mid

mkn

mlo

nat

nmb

nwr

oxk

pal

psa

pta

rpb

sdz

sey

sgp

shm

smo

spo

stm
sum

syo

tac

tap
thd

tik

tpi

ush

uta
uum

wis
wlg

zep
alt

ato

bik

cgo

cvo

jfj

kjn

nmb

nmy

oxk

sis

sno

zot

alt

ams

cvo

mhd

nmy

ssl

MBL
Land
Mixed
Polluted
Deep SH

Figure B2. Global distribution of H2 surface flask and in situ sampling sites used in this study. Sites are coloured according to their site

classification: marine boundary layer (MBL), land, mixed, polluted, and deep Southern Hemisphere (Deep SH).

Table B2. Impacts of progressively refined MDM classes for different site categories on posterior chi-squared (χ2
post) at MAA (Mawson,

Antarctica), MLO (Mauna Loa, Hawaii), MHD (Mace Head, Ireland), and NWR (Niwot Ridge, USA). These sites represent Deep Southern

Hemisphere, Marine Boundary Layer, Mixed, and Land environments, respectively. Additionally, the fraction of grid cells with optimised

scaling factors that reverse the prior flux sign is shown.

A4 A5a A6b A7c

Median χ2
post

MAA 0.56 1.33 1.45 1.49

MLO 6.65 6.87 14.61 14.82

MHD 1.98 1.87 1.95 2.78

NWR 12.54 12.52 12.94 12.94

Flux sign reversal fractions [%]

Possoil sink 2.83 2.77 2.94 2.79

Negisoprene 1.07 1.19 1.29 1.29

Negnon-isoprene 2.41 1.54 2.26 2.01

a Deep Southern Hemisphere (1.5 MDM).
b Deep Southern Hemisphere (1.5 MDM) + Marine Boundary Layer (2.0 MDM).

c Deep Southern Hemisphere (1.5 MDM) + Marine Boundary Layer (2.0 MDM) + Mixed (2.5 MDM).
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B3 Statevector element uncertainty

Lastly, we conducted offline inversion experiments by perturbing the uncertainties in our state-vector elements across space

and time. This was motivated by the observed relationship between the choice of these uncertainties and the occurrence of

unphysical scaling factors, which could produce either a negative photochemical source or a positive soil sink (Fig. B3), even

with a 300-member inversion. We found that reducing these uncertainties improved the physical consistency of the optimised450

fluxes while still allowing meaningful adjustments. The initial uncertainties were 15 %, 10 %, and 5 % for the soil sink, isoprene

H2 source, and non-isoprene H2 source, respectively. Multiplying these values by a factor of 0.5 provided an optimum balance

between minimising unphysical fluxes and maintaining meaningful spatial and temporal adjustments, as shown in Fig. B3.

Another reason for choosing the factor 0.5 was that lowering it further led to increasingly large posterior residuals, as denoted

by panel d. Consequently, in the main inversions, uncertainties of 7.5 %, 5 %, and 2.5 % are used for the soil sink, isoprene H2455

source, and non-isoprene H2 source, respectively.
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Figure B3. Sensitivity of unphysical H2 fluxes and inversion performance metrics to the state-vector element uncertainty scaling factor (PU).

(a) Monthly mean positive soil dry deposition (sink) and negative photochemical production from isoprene and non-isoprene precursors

(sources). (b) Maximum monthly values of these unphysical fluxes during the runtime (2003–2023). (c) Mean of the median innovation

chi-squared across all sites. (d) Mean of the median posterior residual across all sites.
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Appendix C: Approximation of flux uncertainty

As shown in the previous sections, the choice of inversion parameters strongly influences the posterior fluxes inferred by the

inversion. To quantify this impact, we systematically vary the number of ensemble members, observation subsets, scaling

factors for the observation error variance (R), and scaling factors for the uncertainty assigned to each state vector element in460

space and time (P). This approach also provides a practical estimate of uncertainty within our ensemble Kalman filter-based

inversion framework, for which formal posterior error estimates are otherwise not available. We perform the analysis using the

best-performing configurations for the Sanderson and Bertagni schemes identified in Fig. 3.1, as well as alternative configu-

rations shown in the same figure to assess sensitivity to the absolute magnitude of the priors. These alternative configurations

correspond to prior source–sink pairs (photochemical source, soil sink) of (33.1, 36.1) and (44.1, 46.4) Tg yr−1 for the Sander-465

son experiments, and (33.1, 40.4) and (44.1, 67.3) Tg yr−1 for the Bertagni experiments. We note that scaling the prior flux

magnitude also proportionally scales the assumed absolute uncertainty in flux space, thereby modifying both the prior state

vector and its associated covariance matrix.

Table C1 shows that the posterior fluxes are most dependent on the absolute magnitude of the prior fluxes. In comparison, the

posterior fluxes are relatively insensitive to the remaining inversion parameters. We find that the soil sink and the non-isoprene470

photochemical source are the most stable flux components, whereas the isoprene H2 source shows larger variability, likely

reflecting its spatial correlation with the soil sink. Apart from the absolute prior magnitudes, the largest deviations from the

Base run occur in experiments with suboptimal configurations, i.e. when using a reduced number of ensemble members or a

strongly limited observational network. This highlights the importance of sufficient ensemble size and observational coverage

for robust flux optimisation. Even under these less constrained configurations, the inferred flux changes remain moderate,475

giving additional confidence to the robustness of our derived global H2 budget. Based on all experiments in Table C1, we

derive a posterior error range of 47.8–56.7 Tg yr−1 for the soil sink and 29.2–38.2 Tg yr−1 for the photochemical source. For

the individual photochemical source components, we derive an isoprene H2 source of 6.4–9.0 Tg yr−1, and a non-isoprene H2

source of 22.8–30.2 Tg yr−1.
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Table C1. Posterior H2 fluxes from 11 offline inversions (2003–2023) in which key inversion parameters were systematically perturbed.

The final two rows show posterior H2 fluxes from two online inversions (2014–2023) using alternative source–sink configurations for the

photochemical source and soil sink. All fluxes are in Tg yr−1. Experiment definitions: Base denotes the ’best-performing’ inversions used to

derive our main results; P01/P10 denote scaling factors for the prior state-vector uncertainty P (0.1×, 1.0×); R05/R20 denote scaling factors

for the observational error variance R (0.5×, 2.0×); NMEM75/150/225 denote the number of ensemble members; NOBS10/25/50 denote

reduced observation subsets (10%, 25%, 50%); PRLOW/PRHIGH denote alternative (lower or higher) prior magnitudes.

Soil sink Isoprene source Non-isoprene source

Bertagni Sanderson Bertagni Sanderson Bertagni Sanderson

Base 51.8 53.9 8.2 7.7 26.7 26.6

P01 51.7 54.5 8.3 8.3 26.8 26.7

P10 51.6 53.5 8.1 7.5 26.7 26.6

R05 51.7 53.7 8.1 7.6 26.7 26.6

R20 51.8 54.1 8.2 7.9 26.7 26.6

NMEM75 51.2 55.3 8.4 8.5 26.3 27.4

NMEM150 52.0 55.9 8.7 8.4 26.4 27.7

NMEM225 52.1 54.1 8.2 7.5 26.7 27.0

NOBS10 51.5 54.5 8.1 8.2 26.7 26.6

NOBS25 51.5 54.4 8.1 8.2 26.6 26.5

NOBS50 51.5 54.4 8.2 8.1 26.3 26.7

PRLOW 48.8 47.8 6.4 6.6 22.8 22.7

PRHIGH 56.7 55.5 8.0 9.0 30.2 28.0
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Appendix D: Spatiotemporal correlations480

We find that both inversions show a strongly negative global correlation between the posterior soil sink and isoprene H2 source

fluxes (Fig. D1). This shows that regions with stronger soil uptake (more negative flux values) tend to coincide with regions of

higher isoprene H2 emissions (more positive flux values), reflecting spatial co-location of strong flux magnitudes with opposite

sign conventions, particularly in the tropics. Both inversions also show a negative correlation between the soil sink and the

non-isoprene H2 source. This similarly reflects that regions of enhanced soil uptake tend to coincide with regions of enhanced485

emissions from this source category, despite limited spatial overlap in their dominant source regions. In contrast, the two H2

source terms (isoprene and non-isoprene) show a positive correlation, indicating that regions with stronger emissions in one

source category tend to also exhibit stronger emissions in the other. This suggests a shared spatial structure in the distribution

of H2 sources across regions.
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Figure D1. Temporal evolution of area-weighted spatial correlations between posterior ensemble-mean H2 flux field. Each panel shows the

Pearson correlation computed across grid cells for a given month, using cosine-latitude weighting to account for grid-cell area. Correlations

are calculated from posterior ensemble-mean flux fields rather than individual ensemble members, because the ensemble Kalman filter

inversion substantially reduces posterior spread, leaving residual ensemble-member variability at the grid scale comparatively small.
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Appendix E: Additional figures and tables490

(a) GLDAS soil textures (b) Sanderson ecosystem regions
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Figure E1. Regions used in the soil sink schemes and inversions (state vector regions). The left panel shows the 22 GLDAS soil texture

classes, while the right panel shows the 14 Sanderson ecosystem regions. Both are split at 25◦ N to approximately balance the land area

between the Northern and Southern portion of the domain.
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Soil sink
(a) Prior (-57.3 Tg yr 1) (b) Posterior (-53.9 Tg yr 1)

-0.008

-0.006

-0.004

-0.002

0.000

Fl
ux

 [T
g 

yr
1 ]

1.0 0.8 0.6 0.4 0.2 0.0
Flux [Tg degree 1 yr 1]

75

50

25

0

25

50

75

La
tit

ud
e 

[d
eg

re
es

]

(c) Latitudinal sum
Prior
Posterior

Non-isoprene source
(d) Prior (27.1 Tg yr 1) (e) Posterior (26.6 Tg yr 1)

0.000

0.000

0.001

0.001

0.002

Fl
ux

 [T
g 

yr
1 ]

0.0 0.1 0.2 0.3 0.4 0.5
Flux [Tg degree 1 yr 1]

75

50

25

0

25

50

75

La
tit

ud
e 

[d
eg

re
es

]

(f) Latitudinal sum
Prior
Posterior

Isoprene source
(g) Prior (11.0 Tg yr 1) (h) Posterior (7.7 Tg yr 1)

0.000

0.000

0.001

0.001

0.002

Fl
ux

 [T
g 

yr
1 ]

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Flux [Tg degree 1 yr 1]

75

50

25

0

25

50

75

La
tit

ud
e 

[d
eg

re
es

]

(i) Latitudinal sum
Prior
Posterior

Figure E2. Global mean fluxes (2003–2023) for the Sanderson inversion, with corresponding latitudinal distributions.
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Figure E3. Global mean fluxes (2003–2023) for the Bertagni inversion, with corresponding latitudinal distributions.
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Figure E4. Fluxes per RECCAP2 region (2003–2023 mean), ordered from left to right as: Sanderson prior, Sanderson posterior, Bertagni

prior, and Bertagni posterior. Black dots with whiskers show the ensemble mean and one standard deviation range from Ouyang et al. (2025).

A small soil sink occurs over global ocean regions in our results (Sanderson: 2.7 Tg yr−1; Bertagni: 0.6 Tg yr−1), as some islands are

included in the RECCAP2 ocean regions.
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lines and posterior fluxes as solid lines. A small soil sink occurs over global ocean regions in our results (Sanderson: 2.7 Tg yr−1; Bertagni:

0.6 Tg yr−1), as some islands are included in the RECCAP2 ocean regions.
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Table E1. Overview of measurement networks used in this study, filtered for our study period (2003–2023). Sampling interval denotes the

modal (i.e. most frequently occurring) time between consecutive measurements, computed across all stations or flight tracks within each

network.

Network Stations/Flights Start date End date Sampling interval

Surface observations

NOAA-GML 66 2007–12–13 2023–12–31 7 days

ICOS 18 2019–06–26 2023–12–31 3 days

MPI-BGC 13 2003–03–13 2023–12–20 7 days

CSIRO 11 2003–01–02 2023–12–20 7 days

EUROHYDROS 6 2005–02–09 2009–10–15 7 days

AGAGE 2 2003–01–04 2023–06–30 40 min

Aircraft observations

ATom 48 2016–07–29 2018–05–21 2 min

IAGOS-CARIBIC 36 2007–05–22 2010–09–23 40 min

HIPPO 16 2009–01–09 2011–09–09 2 min

NOAA-GML 25 2009–09–28 2021–12–30 3 min
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Table E2. Evaluation of posterior H2 mole fractions against independent aircraft data. Shown are the mean posterior MAE [ppb] binned by

altitude and latitude for the Sanderson (left) and Bertagni (right) inversions for each measurement campaign.

Sanderson Bertagni

90S-30S 30S-30N 30N-90N 90S-30S 30S-30N 30N-90N

Below 5000 m

ATom 30.15 24.43 26.68 28.04 25.10 25.82

IAGOS–CARIBIC – – – – – –

HIPPO 25.23 20.11 19.67 23.46 19.22 20.13

NOAA–GML 3.00 5.77 8.98 2.36 5.64 10.25

Above 5000 m

ATom 23.73 22.24 22.06 17.79 22.21 16.97

IAGOS–CARIBIC 3.04 15.70 14.44 7.93 15.99 17.45

HIPPO 26.96 23.21 22.27 20.44 21.90 14.81

NOAA–GML 3.88 6.08 9.35 8.20 5.88 10.65
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Code and data availability. The CarbonTracker and TM5-MP living codebases are openly available via CarbonTracker and TM5-MP, re-
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