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Abstract

Geological storage of CO, at scale is critical to meeting climate objectives, yet deployment targets often rely on
top-down climate pathways that overlook the coupled constraints of subsurface pressure buildup and realistic
industry drilling rates. Here we map global limits on CO; storage deployment using CO2LOGIX 2.0, an improved
model coupling subsurface pressure evolution with country-level deployment trajectories. We model nine
scenarios, varying which countries participate and how quickly they scale, informed by volumes stored to date,
historical drilling rates, project pipelines and storage readiness indicators. We find near-term global injection
rates are significantly lower than previous estimates, reaching 2.71 GtCO.yr' by 2050 and peaking at 56.45
GtCO.yr' under central assumptions. Halving growth rates and extending start-up delays reduces the 2050 and
peak rates to 0.35 and 32.7 GtCO.yr'; increasing growth rates by half and shortening delays gives 16.6 and 70.7
GtCO.yr'. Near-term expansion is driven by early adopters such as the USA and Brazil, while later expansion
concentrates in China, Saudi Arabia, India and Southeast Asia. Cumulative storage by 2100 exceeds almost all
1.5 °C mitigation pathways, but near to mid-term projections appear overestimated — a mismatch that persists
across every modelled scenario. Greater volumes could be achieved by targeting countries whose potential
remains untapped even under the most aggressive scale-up assumptions, concentrated in sub-Saharan Africa,
the Middle East and South America. This is the first study to constrain global injection rates with a coupled
industry growth-pressure model, offering an adaptable framework for evaluating CO, geological storage

deployment.
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1. Introduction

CO, geological storage (CGS) is regarded as an essential technology for limiting climate change and climate
mitigation scenarios typically project Gigatonne-scale deployment. Pathways meeting 1.5°C with no or limited
overshoot (C1) submitted to IPCC’s Sixth Assessment Report database (Byers et al., 2022) projected median
injection rates of 7.82 GtCO,yr" by 2050 and 14.50 GtCO.yr" by 2100. Similarly, the IEA’s Net Zero Emissions by
2050 Scenario includes the expansion of capture rates to 6.05 GtCO,yr' by 2050 (IEA, 2025). Realising these
projections would require a vast and rapid scale-up of the CGS industry, which in 2023 accounted for only 0.045

GtCO,yr' (Gao & Krevor, 2025).

Studies utilising technoeconomic growth modelling have suggested feasible upper limits for CGS industry scale-
up. Kazlou et al. (2024) demonstrated that a feasible pathway could consist of 0.37 GtCO,yr" by 2030 and up to
4.3 GtCO.yr" by 2040; however, note that even the 2030 target would require an eight-fold increase in six years
from the latest (2023) storage volume achieved (Gao & Krevor, 2025). Zhang et al. (2024) further suggested a
feasible 2050 benchmark of 5-6 GtCO,yr™” globally. While these studies account for the capture capacity reported
for active and planned projects, historical rates of technology adoption, national storage ambitions and total
storage resource, no previous study considers one of the fundamental controls on CGS scale-up: the interplay

between technology growth and dynamic subsurface behaviour (Lane et al., 2021).

Among the potential subsurface limits on CGS scale-up, the pressure response in saline aquifers is of critical
importance. In saline aquifer storage, CO, is introduced into a porous volume already saturated with brine at
hydrostatic pressure. CO; injection, migration and storage are accommodated by the compressibility of the rock
and fluids, as well as the mobility of brine; however, the ease with which these mechanisms occur depends on
geological factors such as the connectivity of the storage formation and boundary conditions (Worden, 2024).
The resulting brine displacement and compression of the rock-fluid system leads to an increase in pore fluid
pressure throughout the affected subsurface volume. Injection projects have demonstrated that near-well fluid
pressure can, in some instances, rise quickly and unexpectedly (Hansen et al., 2013; Shi et al., 2019) while at the
basin scale, modelling studies indicate that pressure fronts can propagate tens of kilometres away from the
injection zone and persist for hundreds of years (Birkholzer & Zhou, 2009; De Luca et al., 2025; Thibeau et al.,
2014). As CGS projects typically operate within strict pressure limits, pressure can be conceptualised as a finite
resource (Bump & Hovorka, 2024) that is depleted as the limit is approached. Consequently, understanding the
degree to which pressure increases during and after injection is imperative, not only for evidencing the safety and
viability of individual projects during permitting, but also for accurately characterising the storage portfolios of

entire nations and regions.

Pressure availability is also a dynamic problem that is highly sensitive to how the industry develops: specifically,
the rate at which new injection wells are drilled and their spatial distribution determines how rapidly and where
pressure constraints emerge and ultimately how much of the storage resource can be utilised over time. Smith
et al. (2024) calculated global pressure-limited CGS capacity using the CO2BLOCK pressure analytical

framework (De Simone & Krevor, 2021), and estimated a capacity of 5,630 GtCO,, over seven times greater than
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the storage requirements in most IPCC climate change mitigation pathways (Byers et al., 2022). While the Smith
et al. (2024) estimate accounts for pressure interference across injection sites and injectivity constraints it
assumes full and immediate utilisation of the potential storage portfolio of each country, thereby providing an
upper bound irrespective of scale-up limitations. To address this, de Jonge-Anderson et al. (2026) coupled the
same pressure analytical function used in CO2BLOCK with a logistic growth model (CO2LOGIX 1.0) to explore
how growth trajectory impacts pressure limits and storage constraints, limited to a UK exemplar. However, there
remains a need to consider global constraints on CGS deployment, accounting for different degrees of
geographical participation in pursuing CGS, scale-up rates across different nations and the geological
characteristics of their national storage resource. Constraining CGS deployment is particularly paramount for
Integrated Assessment Models (IAMs) that rely on such datasets to inform climate change mitigation pathways
and ensure that policy-facing outputs and reports are feasible and reflect the latest scientific understanding. In
this study, we address this need by evolving CO2LOGIX and deploying it at a global scale to assess limits on
storage potential and injectivity and, ultimately, to provide a physically grounded envelope of feasible

deployment against which the storage assumptions embedded in climate mitigation pathways can be tested.

2. Methodology

2.1. The CO2LOGIX model

The core modelling framework used within this study, CO2LOGIX, is a computationally efficient, first-order
model designed to simulate basin-scale pressure evolution during CO; injection into deep saline aquifers under
different industry deployment scenarios (de Jonge-Anderson et al., 2026). It couples subsurface dynamics with
industry growth trajectories, represented by the evolution of drilling rates, enabling the assessment of pressure-
constrained storage capacity over time. CO; injection wells are randomly distributed across the model domain.
The model domain could be as granular as an individual storage formation, an entire basin, or multiple basins.
The choice of modelling domain is driven by the data available and modelling scope. Averaged geological
properties (including permeability, porosity, thickness, and depth) are then assigned to each formation within

that domain.

The CO2LOGIX framework consists of two distinct components, described below: (1) a logistic growth model
that describes the temporal deployment of injection wells, and (2) an analytical pressure model that estimates

pressure buildup resulting from CO; injection.

2.1.1.Growth model and well deployment

The temporal evolution of CGS deployment is represented using a logistic growth function, used to define the
cumulative number of injection wells as a function of time. The S-shape morphology of the logistic growth
function approximates typical phases of technology deployment, from initial (slow) uptake, through (rapid)
expansion, to eventual saturation. It is parameterised by three variables: the carrying capacity (maximum

number of injection wells the region can accommodate), the growth rate, and the year at which growth reaches
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its peak (midpointyear). At each (yearly) timestep, the logistic growth model determines the number of new wells
introduced into the system. In CO2LOGIX 1.0, each well was assigned a fixed injection rate of 1 Mtyr" and an
operational life of 25 years (de Jonge-Anderson et al., 2026), however, in CO2LOGIX 2.0, we introduce injection

rates that scale with geological properties (see Section 2.1.3).

2.1.2.Pressure simulation

Once CO;injection starts, the pressure buildup per wellis calculated using the analytical solution of Nordbotten
et al. (2005), closely mirroring the implementation also adopted in CO2BLOCK (De Simone et al., 2019; De
Simone & Krevor, 2021; Kivi et al., 2025; Smith et al., 2024). For each actively injecting well at a given timestep,
pressure is computed as a function of injection rate, reservoir properties, and time since injection commenced.
The analytical solution assumes radial pressure diffusion, with pressure decreasing logarithmically with distance

from the well and propagating outward over time.

At the end of each timestep, pressure contributions from each actively injecting well are superposed to
approximate pressure interference and generate basin-scale pressure buildup. Simulated pressure is then
normalised relative to an estimate of fracture pressure based on an empirical relationship (Zhang & Yin, 2017),
allowing comparison across formations with different depths and stress conditions. A maximum allowable
pressure threshold is imposed, approximating operational or regulatory limits. CO2LOGIX 1.0 (de Jonge-
Anderson et al., 2026) did not respond in any way to a breach of the pressure limit, but in CO2LOGIX 2.0, we

introduce shut-down logic to avoid pressure buildup beyond the limit specified (see Section 2.1.3).

2.1.3. Improvements to the pressure model in CO2LOGIX 2.0

There are two key limitations to the pressure model component of CO2LOGIX 1.0 which we address in this study:
(i) the uniform injection rate of 1 Mtyr" irrespective of storage formation characteristics, and (ii) the continued
injection after the defined pressure limit is reached. We address these two limitations with two structural
changes. In CO2LOGIX 2.0 we introduce variable injection rates linked to storage formation characteristics and

logic that stops wells injecting once a local pressure limit is reached.
Geologically informed CQO; injection rates

We introduce modelled injection rates that are scaled according to the geological properties of the storage unit,
allowing well performance to vary realistically between storage formations. The rates are estimated based on the
storage formation’s average permeability (k) and thickness (h). Valluri et al. (2021) examined injectivity data from
ten active CGS projects and established an empirical correlation between injectivity index (J) and the product of

permeability and thickness (kh):

] = axh Eqg. 1

Where J is the injectivity index in t/yr/psi, K is permeability (mD) and h is thickness (ft). The mean fitting parameter
derived by Valluri et al (2021) (a) was 0.08, with a lower bound of 0.03 and an upper bound of 0.23. We adopt the
lower bound in this work as a conservative estimate, while noting that using the mean or upper bound would

result in greater injection rates across all modelled wells. We convert the units of the fitting parameter (to express
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Jin t/yr/MPa and h in metres) to give corresponding a values of 38 (mean), 14 (lower) and 109 (upper). Following

this, we calculate CO, injection rate (in Mtyr™") as:

I = APyjiowante) Eq. 2

Where AP.uowabie iS the allowable pressure increase, defined as the difference between hydrostatic and 80% of

fracture pressure. Finally, we impose an upper limit of 2 Mtyr” to avoid unrealistically high injection rates.
Functionality to shut in wells

In CO2LOGIX 2.0, we introduce logic that halts injection and shuts in (prematurely closes) wells if the defined
local pressure threshold is breached. When a well is shut in, further injection ceases and its pressure
contribution is frozen, reflecting real-world operational curtailment. To do this, we use a search function limited
to locations within the pressure influence radius of each well. If the pressure limit is breached anywhere within
that well’s influence radius, the well that is injecting is removed from subsequent timesteps and its pressure

response frozen (i.e. no pressure dissipation is considered).

Introducing injection well shut in logic removes the requirement to terminate the simulation and define the final
storage capacity at the year the pressure limit is reached (de Jonge-Anderson et al., 2026). Instead, the
simulation continues by successively removing wells that exceed the defined pressure limit, allowing storage
capacity to emerge dynamically over time rather than being constrained by the first occurrence of pressure limit

exceedance.

250

100 -

Thickness (m)

I
Injection rate (MtCO,yr™1)

50 100 150

Permeability (mD)

Figure 1: A surface plot highlighting how permeability and thickness translate to injection rate following the empirical relationship of Valluri
etal. (2021). We adopt the conservative coefficient of 0.03 described in Valluri et al. (2021). An upper limit of 2 Mtyr? per well is enforced
to ensure that injection rates remain reasonable even for highly permeable, thick formations.

2.1.4.Key model limitations

While CO2LOGIX 2.0 introduces key improvements, several important limitations remain and warrant
discussion. Firstly, we treat storage formations as single, regional saline aquifer storage units. The model does
not consider multi-layered or stacked saline aquifer systems where vertical pressure communication or multi-

zone injection could aid pressure management and improve injectivity (Bump et al., 2023).
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Secondly, CO2LOGIX 2.0 still assumes persistent pressure buildup without active pressure management
interventions (such as brine extraction via production wells). Implementing active pressure management could
delay local pressure limit exceedance, potentially reducing the well shut-in rates and lost capacities observed in

high-density deployment scenarios.

2.2. The global geological model: parameters and assumptions

The parameters used in the global-scale deployment of CO2LOGIX 2.0 are shown in Table 1. We use a database
of basin-averaged reservoir properties covering 203 sedimentary basins (Smith et al., 2024) (Figure 2). The Smith
et al. (2024) database represents the most complete account of geological properties globally, spanning 71
countries and including many of the most important geological basins for CGS. However, the Smith et al. (2024)
database covers only a subset of the 764 sedimentary basins mapped globally (Evenick, 2021); the necessary
geological properties (porosity, permeability, depth and thickness) are not defined for the remaining basins, and
are therefore not modelled here. To obtain country-level data on basin geological properties we create a shapefile
per country by first filtering the database on the “Majority Country” field before joining it to the geospatial dataset

of Evenick (2021).

We use further inputs where appropriate and retain the functionality to add extra datasets in future CO2LOGIX
versions. For example, rather than using Smith et al. (2024) data for the UK, we use the saline aquifers published
previously in de Jonge-Anderson et al. (2026) (Figure 2) as these are derived from a more comprehensive set of
studies. Furthermore, given the USA dataset of Smith et al. (2024) does not include key basins such as the Gulf

of Mexico, we instead use a different USA dataset produced by Pett-Ridge et al. (2023) (Figure 2).

Bringing these datasets together, we create a modelling domain spanning 29% of all global sedimentary basins
by area. The breakdown by country is variable. By area, 72% of all sedimentary basins in China are represented,
yet the coverage falls to 42% and 31% for Brazil and USA, two countries with strong CGS ambitions. This partial
coverage reflects the state of published geological resource assessments rather than a limitation of this
modelling work, and basins without assessed properties can only add resource - so the capacities modelled here
are a lower bound. Coverage is concentrated where deployment is actually happening, with the modelled
countries accounting for 97% of all CO, stored to date (Gao & Krevor, 2025), and further assessments can be

incorporated as they are published, as we have done for the UK and USA.
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Figure 2: Distribution of storage units modelled in this study relative to all sedimentary basins globally. * de Jonge-Anderson et al. (2026),
T Pett-Ridge et al. (2023), £ Smith et al. (2024), § Evenick (2021).

We calculate several intermediate parameters including total compressibility and fracture pressure using first-
order relationships derived from the literature (Table 1). It is important to emphasise that these represent
estimates that would need to be refined at a local scale for more accurate predictions. Each well in the global
simulation injects for 25 years (reflecting the typical well lifespan of a commercial injection project (Smith et al.,
2025)) at the injection rate scaled to kh as described in Section 2.1.3, unless the pressure limit is breached. The
wells are placed at random geographical locations within each basin, but with an area-based weighting to ensure
that a proportional number of wells are assigned to each basin (i.e. more wells are placed in larger basins in a
given country). The amount of CO, stored in each basin is tracked, and if a basin reaches its pressure-limited
storage capacity, subsequent wells allocated to that basin are relocated to a basin within the same country with
remaining capacity. Once no remaining storage capacity is available across any basin within a country, no further

wells are added for that country.

Category Parameter Definition
Informed by product of permeability
Injection rate and thickness (after Valluri et al.
(2021))
Wells Lifetime 25 years
Pressure limit 80% of fracture pressure

Pressure space capacity / injection
rate / lifetime
Location Random xy coordinates in basin(s)
Basin-averaged (Pett-Ridge et al.,
2023; Smith et al., 2024) or saline
aquifer-averaged (de Jonge-
Anderson et al., 2026)
Basin-averaged (Pett-Ridge et al.,
2023; Smith et al., 2024) or saline
aquifer-averaged (de Jonge-
Anderson et al., 2026)
Derived empirically from porosity
(Newman, 1973)

Maximum per country

Porosity

Saline aquifer
Permeability

Compressibility
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Basin-averaged (Pett-Ridge et al.,
2023; Smith et al., 2024) or saline
aquifer-averaged (de Jonge-
Anderson et al., 2026)
Basin-averaged (Pett-Ridge et al.,
2023; Smith et al., 2024) or saline
aquifer-averaged (de Jonge-
Anderson et al., 2026)

Initial pressure Hydrostatic, at 10 MPa/km
Pore pressure plus 0.75 x (vertical
Fracture pressure pressure - pore pressure) (Zhang &
Yin, 2017)

Simulation Grid size 1000 m

Depth

Thickness

Table 1: Parameters used in the global-scale deployment of CO2LOGIX 2.0 and how each is defined.
2.3. How deployment and scale-up assumptions are modelled

We use logistic growth models to constrain the number of simulated CO; injection wells per country per year.
Constraining such models for countries at different stages of economic development and with different
capability to develop a CGS industry can be challenging. Nevertheless, several studies have demonstrated that
logistic growth models can be an effective toolin considering the deployment of negative emissions technologies
(Edwards et al., 2024; Nemet et al., 2023), including CGS (Fuhrman et al., 2025; Zhang et al., 2024). However,
these studies are focused primarily on technoeconomic drivers of CGS, where the models are constrained based
on volumes of CO, stored over time. Our study is distinct from these by coupling logistic growth trajectories with
subsurface pressure evolution, which allows growth to be constrained by drilling rates rather than CO, storage

volumes, as the latter are an output of CO2LOGIX rather than an input.

We use four mechanisms to constrain and parameterise individual growth trajectories per country (Figure 3):

a) Carrying capacity, informed by pressure-constrained storage potential (Figure 3a).

b) Logistic growth rate, informed by historical drilling rates and scaled to storage readiness (Figure 3b).
c) Midpointyear, informed by known storage volumes in 2023 (Figure 3c).

d) A startdelay, informed by storage readiness and the delay observed in the UK (Figure 3d).

1400 - 5 A 8
a. Carrying capacity b. Logistic growth rate c. Midpoint year d. Start delay
1200 H
1000 H
800 o

600 +

Number of wells

400

200 -

2020 2040 2060 2080 2100 2120

Years

Figure 3: Schematic illustrations of the logistic growth function used to calculate drilling rates for input to CO2LOGIX. a: the carrying
capacity (L) is determined from the pressure-constrained storage potential and the number of wells required to fully utilise that
potential. It controls the y-scale of the curve. b: the logistic growth rate (k) is informed by historical drilling rates and scaled according to
a country’s readiness to deploy CGS. It controls how steep the curve is at its inflection point. c: the midpoint year (tm) is solved for
endogenously using the deployment level in 2023 and the other logistic growth parameters. It controls the x-scale of the curve. d: the
start delay controls the year at which the growth function begins. It is informed by storage readiness and the actual delay in deploying
CGSin the UK.
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We describe the rationale and implementation for each mechanism in turn.
Carrying capacity

We adopt the methodology of de Jonge-Anderson et al. (2026) in estimating the carrying capacity per country.
Pressure-constrained storage potential is first estimated using the method outlined in Bump and Hovorka (2024),
based on the pore volume, allowable pressure increase, total compressibility and in situ CO, density of each
saline aquifer. We then estimate how many injection wells would be required to fully utilise this potential, using
geologically informed injection rates (see Section 2.1.3) and an assumed 25-year lifetime per well. The total well

count is then set to the carrying capacity of the logistic function (Figure 3a).
Logistic growth rate

To establish a representative range of growth rates for drilling capacity, we utilise historical data on hydrocarbon
drilling rates from the United Kingdom Continental Shelf (released by the North Sea Transition Authority), Gulf of
Mexico, Texas and Norway (Ringrose & Meckel, 2019) (Figure 4). We fitted logistic growth functions to these
datasets and found that the growth rate (k) varies only marginally from 10% (Gulf of Mexico) to 15% (Texas) (Figure
4). Because these rates are consistent across different geological basins and regulatory regimes, and agree
closely with the 13% median logistic growth rate reported for a wide range of technologies (Nemet et al., 2023),
we consider them representative of achievable growth in drilling rates for a developing CGS industry.

14000 H

a: UKCS b: Gulf of Mexico

12000 - 50000 -

10000 — 40000 -

8000

) 2 30000
Q Q
< 6000 - =
20000
4000
L: 13,674 wells 10000 L: 55,370 wells
2000 k: 1% k: 10%
ty: 32 tm: 40
0 0
T I T T I T 1 I I T T I T T I T T
0 10 20 30 40 50 60 70 0 10 20 30 40 50 60 70 80
Years (normalised) Years (normalised)
2000 4 c: Texas 7000 4 d: Norway
1750 6000
1500
5000 —
1250
» 2 4000
T 1000 7]
s = 3000 A
750
500 2000
L: 1,989 wells ) L: 7,860 wells
250 k: 15% 1000 k: 11%
J[m: 42 lm: 41
0 0
T T T T T T T T T T T T T T T T
0 10 20 30 40 50 60 70 80 0 10 20 30 40 50 60
Years (normalised) Years (normalised)

Figure 4: Annual wells drilled in four regions. a: United Kingdom Continental Shelf (UKCS), b: Gulf of Mexico, c: Texas and d: Norway. The
Xx-axis is normalised to ease comparison between regions. A logistic growth function (solid line) is fitted to each set of data points and the
fitted parameters noted in the relevant panel. Note that while the carrying capacity (L) varies substantially across regions, their growth
rates (k) and midpoint years (tm) are relatively consistent at 10-15% and 32-42 respectively.
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To represent differences among countries in their readiness to deploy CGS, we define a classification scheme
(Table 2) based on volumes stored to-date (Gao & Krevor, 2025), the presence of planned projects (IEA, 2026),
storage readiness as defined by the Global CCS Institute (Consoli, 2018) and the availability of basic geological
information on storage characteristics (Smith et al., 2024). We assign countries already deploying CGS at scale
a growth rate of 15%, corresponding to the upper bound observed in the historical drilling datasets (Figure 4),
while countries with evidence of committed/announced projects are assigned 10%, corresponding to the lower
bound. For less mature categories, where no empirical drilling trajectory is available, we progressively reduce
the assumed growth rate: countries that have appraised their storage resources but are not planning projects yet
are assigned a growth rate of 7.5%, while countries with no strong evidence of readiness to start CGS deployment

(“Conceptual”) are assigned 5% (Table 2).

. Assigned .
Assigned .. g . Scenarios
ge . injection .
Class Qualifiers Countries growth included
delay L.
rate (%) within
(years)
Evidence of
Iniectin injection at scale Australia, Brazil, Canada, China, Croatia, 15 none
) g and/or Operational Hungary, Norway, Saudi Arabia, USA (n=9) All: Limited,
projects Reference and
France, Greece, India, Indonesia, Italy, Maximum
Pipeline Committed qr Japan, Libya, Mala}/sm, New Zealand, Qman, 10 10
announced project Papua New Guinea, Poland, Romania,
Russia, Spain, Thailand, UK (n=17)
No projects, but Algeria, Angola, Austria, Egypt', Germ.any,
Iran, Israel, Kazakhstan, Latvia, Mexico,
. resource assessed Lo . Reference and
Appraised Morocco, Myanmar, Nigeria, Pakistan, 7.5 25 .
and Storage S . . Maximum
. . Philippines, South Africa, Tunisia, Turkey,
Readiness defined .
Vietnam (n=19)
No iniection Argentina, Azerbaijan, Belize, Bolivia,
ro'ectsj a ra;sal Cameroon, Chad, Colombia, Cote d’lvoire,
P Jof Sgorzpe Cuba, Falkland Islands, Gabon, Ghana, Iraq,
Conceptual . g Peru, Senegal, Sudan, Syria, Tajikistan, 5 50 Maximum
Readiness but - L
cological data Tanzania, Trinidad and Tobago,
g g' Turkmenistan, Uganda, Ukraine, Uzbekistan,
available
Venezuela, Yemen (n=26)

Table 2: Classification scheme used to assign growth rate and injection delays to different countries according to their readiness to deploy
CGS, based on Consoli(2018), Gao and Krevor (2025) and IEA (2026).

Start delay

We use the classification scheme (Table 2) to enforce an informed delay on the first year a country starts injecting
CO,, designed to reflect the different ambitions and readiness of different countries in developing a CGS
industry. These delays are intended as first-order assumptions that progressively increase with decreasing
deployment readiness, rather than empirically determined development timescales. Countries already injecting
CO, are assigned no delay, while those with planned projects are assigned a 10-year delay reflective of

conservative lead times to get projects from announced to injecting (ZEP, 2010) (Table 2).

A delay of 25 years is assigned to countries where storage resources have been formally assessed but where no
development projects are presently identified. The UK provides an illustrative example, with approximately 24
years passed between when CCS was firstidentified as a “promising way forward” in 2003 (Waring & Longo, 2025)

and the expected start-up of its first commercial-scale storage project, Endurance (2027) (NSTA, 2024). Finally,



270
271

272

273
274
275
276
277
278
279
280

281

282
283
284
285
286
287
288
289
290
291
292

293
294
295
296
297

we assign a 50-year delay to countries that show no evidence of planned projects or significant appraisal of their

resources.
Midpoint year

The midpoint year is calculated endogenously using known volumes of CO, stored and the other logistic
parameters (carrying capacity and growth rate). To estimate the number of injection wells operating in each
country, we use the London Register of Subsurface CO, Storage (Gao & Krevor, 2025), which provides the latest
published complete record of reported storage volumes. The latest full year in the register is 2023; we therefore
use 2023 as the starting point for the simulation. To convert the reported volumes stored (as described in Gao
and Krevor (2025)) to an equivalent number of wells, we divide the volume by the mean injection rate estimated
within CO2LOGIX (see Section 2.1.3). If a country is not present in the database, we assume that its CGS

deployment starts from a very low base, represented by a single injection well in its first year of deployment.

2.4. Overview of scenarios modelled

We run CO2LOGIX 2.0 across nine distinct scenario combinations, evaluating three deployment scenarios
(which govern geographical participation) across three scale-up assumptions (which govern the pace of industry
expansion) (Table 3). The full list of countries and parameters can be found in the Supplementary Data to this
article. The deployment scenarios determine which countries participate in CGS, while the scale-up
assumptions determine how rapidly deployment proceeds within those countries. Our baseline case combines
Reference deployment with Central scale-up (Reference (Central)). Here, all countries within the “Injecting”,
“Pipeline” and “Appraised” categories are modelled using the growth rates assigned to them in Table 2. We
consider this to be the most pragmatic pathway for future deployment. We also consider two further deployment
scenarios: Limited, in which only “Injecting” and “Pipeline” countries pursue CGS (26 countries) and Maximum,
in which all 71 countries included in the model, including those classified as “Appraised” and “Conceptual”,

pursue CGS. The results of these modelling runs are presented in Section 3.1.

For each deployment scenario, we also consider Slow, Central and Fast scale-up assumptions. We use simple
multipliers to modify the assigned growth rates and start delays. Under Fast scale-up, growth rates are increased
by 50% (x1.5) and delays reduced by 50% (%0.5). Under Slow scale-up, growth rates are reduced by 50% (x0.5)
and delays increased by 50% (x1.5); the Central case retains the values defined in Table 2. The results of these

modelling runs are presented in Section 3.2.

Deployment Scale-up Scenario Participating Growth rate Delay
scenario assumption abbreviation countries (n) multiplier multiplier
Limited Slow Limited (Slow) 26 x0.5 x1.5
Limited Central Limited (Central) 26 Baseline Baseline
Limited Fast Limited (Fast) 26 x1.5 x 0.5
Reference Slow Reference (Slow) 45 x0.5 x1.5
Reference Central Reference 45 Baseline Baseline
(Central)
Reference Fast Reference (Fast) 45 x1.5 x 0.5
Maximum Slow Maximum (Slow) 71 x0.5 x1.5
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304
305
306
307
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309
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311
312
313

Maximum Central Maximum 71 Baseline Baseline
(Central)

Maximum Fast Maximum (Fast) 71 x1.5 x0.5
Table 3: Scenario design matrix mapping the nine modelled scenarios.

3. Results and Discussion

3.1. CGS pathways by geographical participation

»

Under the Reference (Central) scenario, in which countries classified as “Injecting”, “Pipeline” or “Appraised”
deploy CGS (Table 2), we see global annual injection reaches 0.14 GtCO.yr' by 2030, accelerating to 0.64
GtCOyyr'in 2040 and 2.71 GtCO,yr” in 2050 (Table 4). Injection peaks at 56.45 GtCO,yr" in 2085 (Figure 5).

The Limited (Central) and Maximum (Central) scenarios produce similar results, with substantial divergence only
appearing in the later stages of the modelling period (Figure 5a-b). This is a reflection of both the delayed
deployment imposed in our modelling approach to the less-ready countries (Figure 5¢) and the dominance of a
relatively small group of early-deploying countries common to all three scenarios (Figure 5d). Countries in the
“Appraised” or “Conceptual” categories make a significant contribution to global injection only from ~2100
onwards (Figure 5c), reflecting their longer start delays and lower assigned growth rates. Furthermore, the
countries at the forefront of CGS deployment, which are included even in the Limited (Central) scenario,
dominate storage in terms of cumulative volumes, accounting for 89% of total volumes stored even when all 71
countries are modelled (Figure 5d). The full results for all nine scenarios can be found in the Supplementary Data

to this article.

RELXETIEN || oo 2023 2030 | 2040 | 2050 2075 2100 | Model

Source .
scenario end

Injection
rate 0.05 0.14 0.64 2.68 46.03 30.76
Limited (GtCO2yr™)
Cumulative
(GtCO:»)
Injection
rate 0.05 0.14 0.64 2.71 46.22 31.86
Reference (GtCO2yr™)
Cumulative
(GtCO:»)
Injection
rate 0.05 0.14 0.64 2.71 46.26 31.98
Maximum (GtCO2yr™)
Cumulative
(GtCO»)
Injection
rate 0.045
(GtCO2yr")
Injection
rate 0.0397
(GtCO2yr")
Injection
Feasible rates (Kazlou et al., 2024) rate 0.37% 4.3%
(GtCO2yr")
Injection
rate 0.438
(GtCO2yr")

0.69 4.27 19.68 504.01 1,704.92 | 2,476.13

This study

0.69 4.27 19.77 506.60 1,720.82 | 2,749.75

0.69 4.27 19.77 506.72 1,722.96 | 2,769.59

Actual injection (Gao & Krevor,
2025)

Total from NDCs (UNFCCC
Authors, 2025)

Projects under development (IEA,
2026)




. Maximum rate
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rate
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Injection
rate
(GtCO2yr")

5.58

Pressure-constrained (Smith et al.,
2024)
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314 Table 4: Summary of injection rates from three deployment scenarios with literature values also included for comparison. Note that all
315 values derived from this study reflect the Central scale-up assumption. The superscript numbering refers to annotations shown in Figure
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318 Figure 5: Global injection modelled within three deployment instances. a: modelled injection rates compared against published values
319 with an inset panel illustrating near-term rates up to 2040 and 1 GtCOzyr'. b: modelled cumulative storage. c: share of injection, over
320 time, from countries outside the Limited set and d: total volumes stored for each set, split by category. The labelled points in panel a
321 refer to published literature values also shown in Table 4. 1-2: Pressure-constrained storage within CCS-ready countries (Smith et al.,
322 2024), 3-4: Upper feasible bounds on CCS capacity (Kazlou et al., 2024), 5: Maximum global storage rate (Zhang et al., 2024), 6: Feasible
323 benchmark (Zhang et al., 2024). 7: Total from Nationally Determined Contributions (UNFCCC Authors, 2025), 8: Planned capacity in

324

projects under development (IEA, 2026)

325 The results in Figure 5 represent, to our knowledge, the first attempt to couple non-linear growth trajectories in

326 injection activity with global CO, storage rates. They also present more conservative near-term estimates than

327 those reported in some other studies. For example, our Reference (Central) case estimate for 2030 of 0.14

328 GtCO.yr' exceeds the deployment stated within Nationally Determined Contributions (UNFCCC Authors, 2025)

329 but is lower than the estimates from Kazlou et al. (2024) and the IEA (2026) projection based on projects under

330 development (Figure 5a). The divergence increases over time, with our Reference (Central) scenario projecting

331 substantially lower volumes by 2050 than those presented by Smith et al. (2024) and Zhang et al. (2024).
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Early CGS deployment is dominated by the USA and Brazil, with smaller contributions from Saudi Arabia, China,
Australia, and others (Figure 6). There is relatively little change in countries’ proportional contributions until
around 2080 (Figure 6c¢), at which point we see a significant expansion in total storage volumes (Figure 6b) driven
mainly by CGS growth in China (Figure 6a, c). Around 20 years later, storage expands in Saudi Arabia, which
becomes the highest-ranking country by annual injection rate by 2100 (Figure 6d). By 2120 we see later-adopting
countries such as India, Indonesia and Russia dominate the total storage volume, while the contributions of early

adopters such as USA and China have waned (Figure 6c-d).

Because near-term and mid-century global injection rates are disproportionately driven by a small group of key
nations (the USA and Brazil, followed by China and Saudi Arabia) the global trajectory we model suggests a high
policy sensitivity to these specific nations. While we did not undertake a systematic sensitivity analysis to test
the impact of suppressing individual high-contributing countries, political or regulatory shifts that disrupt local
deployment in these key regions would likely exert significant downward pressure on our projected near-term

global growth curves.
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Figure 6: In-depth analysis of the Reference growth scenario with injection rates broken down by country. a: growth curves depicting the
new wells scheduled per country per year by the logistic growth model (only eight countries with largest contribution are coloured), b:
stacked area plot showing the injection rate per country per year. c: stacked area plot normalised per year to show relative contributions
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of each country to the total injected volume, d: line plots depicting the per-country ranking where the country injecting most per year is
ranked 1. As with panels a-c, only the top eight ranked countries are shown. Country labels use standard ISO 3-letter codes.

3.2. Impact of scale-up assumptions on CGS pathways

We find substantial variation across scenarios with peak injection rates spanning from 32.6 to 70.9 GtCO,yr™* and
cumulative storage volumes by 2100 ranging from 165.3 to 2,585.3 GtCO, (Table 5, Figure 7). Almost all this
observed variation results from scale-up differences rather than geographic participation. Across the three
scale-up rates, the peak injection rate more than doubles, whereas within a given rate, the three deployment
scenarios peak within 1.5 GtCO.yr' of each other: the Limited (Central), Reference (Central) and Maximum
(Central) scenarios peak at 56.1, 56.4 and 56.5 GtCOyyr" in 2084, 2085 and 2085 respectively. This similarity
across different deployment scenarios suggests that the global trajectory is driven more by the rate of scale-up

than by the number of participating countries.

Under the Slow rate, deployment is heavily constrained: “Appraised” countries (Table 2) do not begin injecting
until 2060 and “Conceptual” countries (Table 2) until 2098. Injection peaks at 32.6-32.8 GtCOuyr” in 2122 then
declines to 1.3-1.7 GtCOuyr" by 2147 (Table 5, Figure 7). Deployment is so protracted that most participating
countries do not reach their midpoint year or maximum growth rate before the end of the simulation timeframe.
Consequently, the apparent peak in 2122 and the subsequent sharp drop-off are artefacts of the simulation
timeframe; injection rates plummet as active wells reach the end of their 25-year operational lifespans and are

not replaced with new ones.

The Fast rate has the opposite effect, resulting in both earlier and greater peak injection rates. Under Fast scale-
up assumptions, the three deployment scenarios peak in 2070, at 69.4 (Limited), 70.7 (Reference) and 70.9
GtCOzyr'1 (Maximum) - 14 to 15 years earlier and roughly a quarter higher than under the central rate (Table 5,
Figure 7). Halving the assigned delays brings “Appraised” countries into the model in 2035 and “Conceptual”
countries in 2048, allowing these later-adopting countries to begin injecting CO, while the early adopters are still
growing. The arrival of these later adopters appears as a shoulder on the descending limb, most clearly under
Maximum (Fast), where injection plateaus between 2090 and 2104 before resuming its decline (Figure 7). The
same feature appears at Reference (Central) and Maximum (Central) scenarios which plateau between 2108 and
2135 and remain at 28% and 30% of their respective peaks at 2147, whereas Limited (Central) has fallen to 8%

by that point.

The interaction between scale-up rate and geographic participation is strongly asymmetric. Under the Slow rate,
widening participation has a negligible effect: cumulative storage by 2147 rises only from 1,101.4 GtCO, under
Limited (Slow) to 1,115.8 GtCO, under Maximum (Slow), an increase of 1.3%. This is because the additional
countries do not begin injecting until 2060 or 2098 and have too little of the simulation period remaining to scale
substantially. The same widening of participation (from Limited to Maximum) adds a much more significant 293.5
GtCO, (11.9%) at the Central rate and 999.5 GtCO, (38.3%) at the Fast rate. Geographical participation therefore
only delivers substantial additional storage where the scale-up rate is high enough for late-starting countries to

grow within the simulation timeframe.
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Pressure-related well shut-in also varies substantially across deployment scenarios, rising sharply with the pace
of deployment. Under the Limited (Slow) scenario, 2,225 of the approximately 41,400-42,000 simulated wells
reach the pressure limit and are thus shut in before the simulation ends, corresponding to 1.7 GtCO, of capacity
that would otherwise be stored (“lost capacity”) (Table 6). However, under the Reference (Central) scenario,
curtailment increases substantially: 12,192 of 152,523 simulated wells globally (8.0%) are shut in before the end
of their nominal 25-year lifespan, corresponding to a lost capacity of 20.8 GtCO, (Table 6). This curtailment is
concentrated within a small number of important storage nations: the USA alone accounts for 7,027 shut-in wells
and 10.8 GtCO. of lost capacity (52% of the global total), with China a distant second (2,463 wells, 5.7 GtCO.).
Both are countries central to the early deployment of CGS (Figure 6), suggesting that the same rapid,
geographically limited growth also brings local pressure challenges. Under faster scale-up rates, the number of
wells shutinrises furtherto 17,637 (Reference (Fast)) and 17,747 (Maximum (Fast)), with up to 33.6 GtCO, of lost
capacity; Libya (664 wells, 3.8 GtCO,) and Russia (3,188 wells, 2.8 GtCO,) join the USA and China among the
most heavily affected countries. This premature well shut-in reduces the effective utilisation of injection
infrastructure, implying that achieving a given level of climate mitigation through CGS may require greater

infrastructure deployment and associated investment.

Expressed as a proportion of the wells deployed, well shut-ins track the scale-up rate rather than the number of
countries participating, rising from 5.3-5.4% under Slow scenarios to 7.9-8.6% under Central scenarios and 9.2-
10.5% under Fast scenarios (Table 6). Within a given rate, the proportion falls slightly as country participation
widens, from 10.5% under Limited (Fast) to 9.2% under Maximum (Fast). This is because the countries added in
the scenarios with wider participation deploy at low intensity and rarely reach their pressure limits: between 93%
and 100% of shut-in wells, and approximately 95-100% of lost capacity occur in the Injecting and Pipeline
countries (Table 2) common to every scenario. This suggests that these pressure-related constraints are
controlled by the pace of deployment within today's leading storage nations, rather than by geographical

participation.

Deployment Scale-up Peak injection rate Year of peak injection Stored by 2100
scenario assumption (GtCOLyr") rate (GtCO,)

Slow 32.6 2122 165.3

Limited Central 56.1 2084 1,704.9

Fast 69.4 2070 2,362.4

Slow 32.7 2122 167.5

Reference Central 56.4 2085 1,720.8

Fast 70.7 2070 2,566.0

Slow 32.8 2122 167.6

Maximum Central 56.5 2085 1,723.0

Fast 70.9 2070 2,585.3

Table 5: Summary of outputs from different deployment and scale-up scenarios.
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Figure 7: Summary of annual injection modelled for each deployment (denoted by colour) and scale-up (denoted by line styling)
scenario. Peak injection rates are marked by circles.

Deployment Scale-up Total Wells Proportion of wells Capacity lost due to shut-
scenario assumption wells shut-in shut-in (%) in wells (GtCO,)

Slow 41,420 2,225 5.4 1.7

Limited Central 141,234 12,124 8.6 20.8

Fast 157,619 16,572 10.5 31.8

Slow 41,876 2,225 5.3 1.7

Reference Central 152,523 12,192 8 20.8

Fast 183,427 17,637 9.6 33.6

Slow 41,953 2,225 5.3 1.7

Maximum Central 153,393 12,192 7.9 20.8

Fast 192,167 17,747 9.2 33.6

Table 6: Wells shut-in and capacity lost where local pressure limits are reached per deployment scenario and scale-up assumption.
3.3. Implications for climate change mitigation projections

According to projections published in the IPCC AR6 Scenario Explorer, CGS deployment could peak at 36
GtCOuyr™ if global warming is to be limited to 1.5°C by 2100, although the median across these pathways is
substantially lower, at 14.5 GtCO.,yr' (Byers et al., 2022). This translates to a maximum cumulative storage
requirement of 1,788 GtCO,, substantially below many accounts of potential maximum available geological

storage potential globally.

We find that, in cumulative storage terms, scale-up rate strongly influences how simulated CGS deployment in
this study compares with such pathways. Estimates from our model span 165.3 to 2,585.3 GtCO, stored by 2100
(Figure 8a). For Central scale-up rate scenarios, CO2LOGIX stores 1,704.9-1,723.0 GtCO, by 2100, exceeding
99% of C1 pathways and approaching the single most CGS-intensive pathway in the AR6 database. At the Fast
rate, 2,362.4-2,585.3 GtCO, exceeds every C1 pathway by a significant margin. However, for Slow scale-up rate
scenarios, cumulative storage of 165.3-167.6 GtCO, falls short of almost all C1 projections, exceeding just 2%

of pathways (Figure 8a).
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The divergence between C1 scenarios and CO2LOGIX outputs is greater when comparing annual injection rates
rather than cumulative storage (Figure 8b). By 2030 the median IPCC C1 pathway deploys 1.11 GtCO.yr" —
approximately eight times the 0.14 GtCO.yr' produced by our Reference (Central) scenario — and this gap
persists through mid-century (7.82 GtCO,yr™ for the C1 median versus 2.71 GtCO,yr” for CO2LOGIX 2.0 in 2050).
Importantly, this near-term shortfall is not driven by conservative growth assumptions - even under the
Reference (Fast) scenario, CO2LOGIX only reaches 0.25 GtCO.yr' by 2030, less than one quarter of the C1

median.

Scale-up rate strongly influences when this relationship reverses and the magnitude of the subsequent
divergence (Figure 8c). Our Reference (Central) trajectory does not overtake the IAM median until 2060 (Figure
8c), after which the relationship reverses and CO2LOGIX 2.0 projects progressively higher injection rates,
reaching two to four times the IAM median in the second half of the century and peaking at approximately four
times the median in 2083. Our Reference (Fast) scenario overtakes the IAM median 15 years earlier, in 2045, and
the overshoot reaches six times the median by 2063. For the Reference (Slow) scenario, the trajectory never

reaches parity with the IAM trajectories, reaching just 0.7 times the IAM median by 2100.

The divergence likely reflects fundamental differences in the trajectory of deployment, together with the many
endogenous economic, policy and energy-system processes that IAMs represent but that CO2LOGIX 2.0 does
not. The comparison suggests that near-term IAM projections may front-load CGS to satisfy cost-optimal
emissions budgets atrates that are notreproduced by our drilling- and pressure-limited growth trajectories. Over
the longer term, however, these constraints can accommodate a substantially expanded industry in the absence
of other limiting factors. Resolving this discrepancy will require integrating physical deployment constraints with

the economic and policy dynamics represented in IAMs.

2000

1000

Cumulative stored (GtCO,)
CO2LOGIX / C1 median

Annual injection (GtCO, yr™1)

2040 2060 2080 2100 2040 2060 2080 2100 2040 206 2080 2100

Year Year Year

Figure 8: Comparison of CO2LOGIX estimates with CGS projections in the IPCC AR6 database. We only include climate change mitigation
scenarios that result in 1.5 °C global warming by 2100 with no or limited overshoot. Lines show the three scale-up rates under Reference
deployment, while blue shading spans the Limited to Maximum deployment scenarios for each scale-up rate (only wide enough to be
visible for the fast scale-up scenario). a: cumulative injection; b: annual injection; and c: ratio of modelled annual injection to the C1
ensemble median. The dashed line marks parity; values below indicate slower deploymentin CO2LOGIX than in the median IAM pathway,
whereas values above indicate faster deployment.
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3.4. Where untapped storage potential exists

Across the nine modelling scenarios we run (Table 3), cumulative storage utilises between 28% and 92% of the
3,935 GtCO, assessed global storage resource (Table 7). Even under the Maximum (Fast) scenario 324 GtCO,
(8%) of capacity remains untapped at the end of the simulation. Under the Reference (Central) scenario, 30% of
global capacity (1,185 GtCO,) is not accessed, of which 725 GtCO, lies within countries that do deploy and 460

GtCO, in countries that do not initiate deployment (i.e. are not added to the model).

Under the Slow scale-up scenarios, the untapped share remains approximately 72% irrespective of how many
countries participate, since deployment is too protracted for wider participation to have any meaningful impact
within the simulated timeframe. At the opposite extreme, the Limited (Fast) exhausts 99% of the capacity
available to its 26 deploying countries, leaving just 37 GtCO, untapped within them. Here, scale-up is not the

binding constraint; instead, further global storage requires deployment to expand into additional countries.

s Remaining (in
Total stored Rer.nalnlng (|n. countries not
Deployment Scale-up countries deploying) deploying) Utilised (in deployed
scenario assumption countries) (%)
(ztt"ég';') %| Storage (GtCO) | % | Storage (GtCO,) | %
Slow 1101 28 1548 39 1286 33 42
Limited Central 2476 63 173 4 1286 33 93
Fast 2612 66 37 1286 33 99
Slow 1113 28 2362 60 460 12 32
Reference Central 2750 70 725 18 460 12 79
Fast 3403 86 72 2 460 12 98
Slow 1116 28 2820 72 0 0 28
Maximum Central 2770 70 1166 30 0 0 70
Fast 3612 92 324 8 0 0 92

Table 7: Summary of the proportion of global storage resource utilised and remaining at the end of each scenatrio.

The distribution of untapped potential is consistent across scenarios and reveals two distinct responses to

increasing scale-up rates (Figure 9).

The first group responds strongly as scale-up rates increase. India falls from 97% untapped under Maximum
(Slow) to 21% under Maximum (Central) and 1% under Maximum (Fast), with Iran, Nigeria, Kazakhstan, Russia,
and the Southeast Asian storage hubs of Indonesia and Malaysia following the same pattern (Figure 9). In these
countries, storage potential is efficiently utilised once deployment scales, leaving limited additional storage to
be unlocked through further development incentives. The effect is widespread: under Maximum (Fast), 45 of the

71 countries (holding 3,475 GtCO, of storage resource between them) are more than 90% utilised.

The second group remains substantially untapped in every scenario, even under the most ambitious
combination of deployment and scale-up. Under the Reference (Central) scenario, 26 countries holding 460
GtCO; (12% of global storage potential) do not initiate deployment at all, as they fall within the “Conceptual”
class and are excluded from that scenario. These include Iraq (90 GtCO,), Senegal (74 GtCO.), Argentina (62

GtCO,) and Tanzania (42 GtCQO,). Critically, these countries remain largely unused even under the Maximum
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(Fast) scenario, in which all 71 countries deploy at the fastest rate considered: Argentina retains 87% of its
storage potential, Irag 71%, Senegal 67%, Turkmenistan 56%, Tanzania 55% and Bolivia 54%. These six
countries, combining to 287 GtCO, storage potential (7% of the global total), are still more than half untapped
even under the most aggressive scenario we model, because deployment begins too late in the simulation period
for their storage industries to scale sufficiently. Here, the binding constraint is the timing of country-level
initiation rather than either geological capacity or subsequent scale-up. These countries therefore represent
potential targets for policy stimulus, whereas support directed at the first group would be expected to deliver
comparatively smaller gains in storage utilisation. Such targeted support could also help reduce emerging
inequalities in CGS development, by enabling storage-rich but less-ready countries to develop alongside
established CGS regions rather than allowing existing disparities in readiness and capability to widen (Alcalde et
al., 2025). Overall, these results suggest that maximising global geological storage utilisation depends less on

the magnitude of the assessed resource than on the timing and geographical expansion of CGS deployment.

a: Slow b: Central c: Fast

Iran 100%
Nigeria
Iraq

Senegal

Kazakhstan

Argentina

Russia 99%

India 7% |21%

Tanzania 100%
Algeria 99%
Tunisia 98% 61% 2%

Vietnam 98%

Belize 89%

Indenesia 96%

Angola 98%
Colombia 99%

Mexico 97%

Egypt 98% Readiness class

Peru 99%

USA 14%

T T T T
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Untapped potential (GtCO;)
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Untapped potential (GtCO;) Untapped potential (GtCO;)

Figure 9: Untapped storage potential per country under the three scale-up rate assumptions modelled (a: Slow, b: Central, c: Fast). All
three panels use Maximum deployment, allowing all countries to be compared. Bar length is the assessed pressure-limited storage
capacity that remains untapped at the end of the simulation, and the adjacent label shows this volume as a percentage of the country's
own storage potential. Only the 20 countries with the largest untapped storage potential are shown, ranked by their untapped volume
under the central rate and held in that order across all three panels to allow comparison. Bar shading denotes readiness class (Table 2),
and the legend states the least ambitious deployment scenario in which each class begins injecting.

4.Conclusions

In this study we present the first global assessment of pressure-constrained CO, storage deployment. We use
CO2LOGIX 2.0 to couple subsurface pressure evolution with country-level logistic growth trajectories, informed
by historical drilling rates, project pipelines, storage readiness indicators and injection volumes to date. We
model nine scenarios to explore two dimensions of future growth: the geographical participation of deployment

and the rate at which participating countries scale their storage industries.
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Our Reference (Central) scenario suggests that near-term global injection rates will be significantly lower than
existing feasibility estimates, reaching only 2.71 GtCO,yr" by 2050. Over the longer term the industry scales to a
peak of 56.45 GtCO,yr" in 2085 - corresponding to 1,720.8 GtCO,, of storage by 2100 - a volume exceeding all but
the most storage-intensive Integrated Assessment Model pathways that limit warming to 1.5 °C, and more than
double the ensemble median. The shape of the trajectory differs sharply between our model and IAMs, however:
IAMs project early-stage growth that our drilling-rate-informed modelling suggests is unlikely to materialise,
deploying eight times our Reference rate by 2030, while even our most aggressive assumptions fall more than
fourfold short. By contrast, under slow growth the gap never closes, with 167.5 GtCO, stored by 2100, below

almost every projection.

Scale-up assumptions we model have the strongest influence on the timing and magnitude of peak global
injection: across the three scale-up assumptions, peak injection more than doubles and arrives up to 52 years
earlier, whereas widening participation from 26 to 71 countries changes the peak rate by less than 1% at our
central scale-up rate. Geographical participation becomes increasingly important over longer timescales,
however, particularly when rapid scale-up allows later-adopting countries sufficient time to grow their CGS
deployment within the timeframe we simulate. In our model, deployment is initially concentrated in early
adopters such as the USA and Brazil, before later expansion within China, Saudi Arabia, India and Southeast
Asia; sustained gigatonne-scale storage through the latter half of the century therefore depends on substantial

geographic diversification beyond today's leading nations.

Global geological storage capacity does not emerge as the limiting factor for any scenario, with cumulative
storage utilising between 28% and 92% of the 3,935 GtCO, of pressure-constrained storage capacity. Even under
the most aggressive growth assumptions, 324 GtCO, (8%) of potential storage resource remains untapped, rising
to 30% under our Reference (Central) scenario. This untapped storage potential is concentrated in sub-Saharan
Africa, the Middle East and South America, particularly in countries where deployment either never initiates or
stalls at low levels irrespective of global ambition. The binding constraint on global storage is thus not geological
capacity but country-level initiation, indicating that policy support targeted at these regions would unlock more

additional storage than further stimulus of markets that scale regardless.

Ultimately, CO2LOGIX 2.0 provides an adaptable, data-driven framework for bridging the gap between
theoretical geological potential and the pragmatic realities of CGS deployment and scale-up, and its outputs

offer a physically grounded constraint for the storage assumptions embedded in climate mitigation pathways.
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et al., 2025; Hendriks et al., 2004; Wei et al., 2021). These studies typically derive storage capacity from
geometric and petrophysical characteristics of sedimentary formations and use screening methodologies to
identify suitable regions for developing CGS. Here, we adopt three approaches to determining static storage
potential, i.e. storage potential that does not account for subsurface or site development dynamics. It is

importantto emphasise that we only consider a subset of available storage options: saline aquifer storage across
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203 sedimentary basins. We do not consider storage in hydrocarbon fields (depleted or producing) or mafic

mineralisation.

As a first estimate we calculate a theoretical maximum corresponding to the mass of CO,, under subsurface
pressure and temperature conditions, that can be stored within the entire porous volume of sedimentary aquifers
globally (Table A1). Following this, we consider the fraction of porous rock volume that might practically be
accessible to CO; (volumetric displacement) by introducing a storage efficiency factor. While storage efficiency
factors (Bachu, 2015; Goodman et al., 2011; Okwen et al., 2010; Thibeau & Adler, 2023; van der Meer, 1995) often
implicitly include some degree of pressure constraints, they primarily represent the volume of native brine that
can be displaced by CO,. We adopt a range of estimates - 0.012, 0.024 and 0.041 - based on the work of Bachu
(2015). Applying these to the global pore volume factors results in an estimated range of 3,138 GtCO, to 10,721
GtCO, (Table A1).

Method Medium
Estimate type Low (GtCO High (GtCO
Theoretical maximum AXhX@pXp 261,495
yOlumetrlc AXhX@pXpXe 3,138 6,276 10,721
displacement
Pressure-space AXhX@XpXxCXAP 2,595 3,935 5,276

Table A1: Summary of geological storage potential upper bounds. This table summarises the global estimates using three different
methods. “Theoretical maximum” assumes all pore space can be filled with CO2. “Volumetric displacement” introduces a storage
efficiency factor to represent how much pore space might be feasibly accessible. We use factors of 0.012 (low), 0.024 (medium) and 0.041
(high) respectively. “Pressure-space” assumes the same pore volume can be entirely pressured to a given pressure limit, and we adopt
low, medium and high pressure limits of 70%, 80% and 90% of fracture pressure respectively.

Thirdly, we adopt the methodology of Bump and Hovorka (2024), which conceptualises the subsurface as a
closed system where capacity is a function of elastic compression rather than displacement (pressure-space).
For this, we estimate pore volume compressibility from porosity using the Newman (1973) empirical equation for
consolidated sandstones. We assume three risk tolerances for pressure limits and derive three global estimates:
low (70% of fracture pressure), medium (80% of fracture pressure) and high (90% of fracture pressure) and find
that geological storage potential under these conditions ranges from 2,595 GtCO, to 5,276 GtCO, (Table A1). This
storage potential is distributed unevenly, concentrated primarily in the USA, Brazil and Saudi Arabia (Figure Ale-

f).

Moving forward, we adopt the medium pressure-constrained storage potential of 3,935 GtCO, as our upper

bound. This forms a key input parameter for CO2LOGIX, as it informs the carrying capacity of a country’s logistic



679 growth curve (where carrying capacity is the theoretical maximum number of injection wells required to fully

680 exhaust this storage potential).
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682 Figure A1: World maps depicting per-basin geological properties and storage capacity. a: basin area, b: average thickness of saline aquifer,
683 c: average porosity of saline aquifer, d: average depth of saline aquifer, e: storage potential per basin and f: aggregated storage potential
684 per country. Storage potential per basin (e) is calculated using the methodology of Bump and Hovorka (2024) as outlined in de Jonge-
685 Anderson et al. (2026). The underlying input data is primarily from Smith et al. (2024), with the exception of the UK and USA which are
686 taken from de Jonge-Anderson et al. (2026) and Pett-Ridge et al. (2023) respectively.
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