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Abstract

Anthropogenic climate change is well established, with historical emissions of green-
house gases and aerosols causing 1.1 ◦C warming today, and rising at +0.2 ◦C/decade.
At this rate the Paris Agreement’s 1.5 ◦C warming threshold is reached within two
decades. For policymakers this proximity means that the anthropogenic warming rate
is one of the most important variables to constrain today. Several methodologies exist
to determine warming contributions utilizing Earth observations and climate models of
varying complexity. However, many of these approaches do not establish the impact
of recent emissions trends in short-lived aerosol pollutants, and consequently may
underestimate the present-day rate of warming. This thesis begins by investigating
the CO2, non-CO2 greenhouse gas, and aerosol contributions to anthropogenic global
warming today, focusing on evidence presented by trends in satellite and in-situ
observations. These trends are attributed to anthropogenic and natural sources using
simplified climate models, informed by full-complexity general circulation models, to
assess the observational evidence for an aerosol-induced warming acceleration. The
simplified modelling approach is then pursued to evaluate physical constraints on
future policy. For CO2, the use of a ‘remaining carbon budget’ — the emissions
compatible with a warming threshold — simplifies policy objectives until net zero.
However, the combined physical requirements of CO2 and non-CO2 mitigation
‘budgets’ is complicated by the varied lifetimes and efficacies displayed by non-
CO2 pollutants, resulting in a non-trivial relationship between emissions and warming.
In this thesis, I show how the forcing-equivalent metric can produce physically-
coherent estimates of individual pollutants’ contribution to the remaining budget.
Finally, I explore the physical conditions required for warming stabilisation, based on
a mathematical framework describing the long-term properties of the carbon and
thermal cycles. As a whole, my work demonstrates how models and observational
constraints can be combined to provide the physical guide rails over which climate
policy can be optimised.
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Abstract

Anthropogenic climate change is well established, with historical emissions of greenhouse
gases and aerosols causing 1.1 ◦C warming today, and rising at +0.2 ◦C/decade. At this
rate the Paris Agreement’s 1.5 ◦C warming threshold is reached within two decades. For
policymakers this proximity means that the anthropogenic warming rate is one of the most
important variables to constrain today. Several methodologies exist to determine warming
contributions utilizing Earth observations and climate models of varying complexity.
However, many of these approaches do not establish the impact of recent emissions trends
in short-lived aerosol pollutants, and consequently may underestimate the present-day
rate of warming. This thesis begins by investigating the CO2, non-CO2 greenhouse gas,
and aerosol contributions to anthropogenic global warming today, focusing on evidence
presented by trends in satellite and in-situ observations. These trends are attributed
to anthropogenic and natural sources using simplified climate models, informed by
full-complexity general circulation models, to assess the observational evidence for an
aerosol-induced warming acceleration. The simplified modelling approach is then pursued
to evaluate physical constraints on future policy. For CO2, the use of a ‘remaining
carbon budget’ — the emissions compatible with a warming threshold — simplifies policy
objectives until net zero. However, the combined physical requirements of CO2 and non-
CO2 mitigation ‘budgets’ is complicated by the varied lifetimes and efficacies displayed by
non-CO2 pollutants, resulting in a non-trivial relationship between emissions and warming.
In this thesis, I show how the forcing-equivalent metric can produce physically-coherent
estimates of individual pollutants’ contribution to the remaining budget. Finally, I explore
the physical conditions required for warming stabilisation, based on a mathematical
framework describing the long-term properties of the carbon and thermal cycles. As a
whole, my work demonstrates how models and observational constraints can be combined
to provide the physical guide rails over which climate policy can be optimised.
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The combustion of coal by civilized man is gradually
warming the atmosphere so that in the course of a
few cycles of 10,000 years the Earth will be baked in a
temperature close to the boiling point.

— The Selma Morning Times (1902)

1
Introduction

This chapter begins by describing the history of anthropogenic global warming, from

the first mention of how humans influence global temperatures, through to the modern

day approaches to constrain anthropogenic global warming. I briefly discuss motivations

for this thesis, centering on the need in policy for a constraint on the rate of warming

today, and how this shapes the direction for mitigation policy in this century. I introduce

prominent research estimating contributions to warming, including work modelling

individual pollutants’ influence on the climate system, and studies analysing satellite and

in-situ observations of the recent historical period. I conclude with a thesis overview.
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1. Introduction 2

1.1 Human influence on the climate system

The idea that anthropogenic emissions of carbon dioxide (CO2) contribute to global

climate change was first discussed in the late-19th century (1 , 2). The link between

anthropogenic pollutants and global warming has now been established more concretely

(3), including for greenhouse gases such as CO2, methane (CH4) and nitrous oxide

(N2O); and aerosols and their precursors such as sulphur dioxide (SO2), black carbon

and organic carbon. Although the mechanism of interaction with the climate system is

different for each pollutant (4), taken together anthropogenic emissions of greenhouse

gases and aerosols cause a net warming of the climate system at present day, relative

to an unperturbed climate (5). This global warming has huge implications for the

natural world, changing the frequency of extreme weather events (6); and for human

society more widely, exacerbating drought and flood risk in already drought- and

flood-prone regions through the intensification of the global hydrological cycle, further

stressing vulnerable populations (7).

Many of the recent advances in assessing the anthropogenic contribution to climate

change rely on the attribution approaches developed in the literature in the late-20th

century. Although research had inferred the human influence on the climate system

earlier than this, confirming it remained challenging given decade-to-decade surface

temperature variability averaged ±0.2 ◦C (8) and the forced contribution to warming

was relatively small. By the 1990s a larger anthropogenic forcing signal had emerged

which, along with improved detection methodologies, allowed the anthropogenic trend to

be detected above internal variability for the first time. Hasselmann (1993) described the

first ‘optimal fingerprinting’ methodology, whereby various spatiotemporal patterns are

combined to best reproduce an observational record (9). Hegerl et al. (1996) were the

first to apply this technique to the attribution problem specifically (10 ). In the following

decade Hasselmann and others refined the approach further (11–13), expanding it over

a wider range of climatological variables, and across alternative spatial and temporal

scales (e.g. regional attribution studies). These studies provided the statistical basis for



1. Introduction 3

assessing the anthropogenic influence on an observed climatological record, separating

the internal variability from the long-term human-induced trends.

The most recent reports by the Intergovernmental Panel on Climate Change (IPCC)

(the 6th Assessment Report, herein AR6 (3); and the Special Report on the Global

Warming of 1.5 ◦C, herein SR1.5 (14)) use refined versions of these methodologies to

assess the anthropogenic influence on the climate system over history. This includes

the assessment of the anthropogenic contribution to global mean surface temperature

change since preindustrial — the anchor point for framing much of the debate around

anthropogenic climate change. Haustein et al. (2017) outlines the approach taken in

SR1.5 (15 , 16), which uses an ordinary least squares (OLS) regression of temperature

response profiles generated with a simple climate model. Complementary approaches to

Haustein are discussed in Gillett et al. (2021) and Ribes et al. (2021). Gillett replaces

the simple model-derived temperature response shapes with those generated by more

complex general circulation models (GCMs) (17), and Ribes additionally fits them to

observations using alternative statistical methodologies (18). These three approaches

were formally combined to estimate the level and rate of anthropogenic global warming

(AGW) in AR6 (8), which determined AGW reached 1.1◦C over the decade 2010-2019,

relative to the 1850-1900 baseline. In addition, SR1.5 and AR6 gave the IPCC’s first

estimate of the current rate of warming, at +0.2 ◦C/decade.

Research assessing the level of anthropogenic global warming since preindustrial

has received significantly more attention than assessments of the rate of warming

over shorter intervals. This is likely because of the difficulty of assessing short-term

forced trends in variables which themselves exhibit large interannual variability, without

detailed knowledge of the shapes of individual pollutants’ energy perturbations over

time. This information has been lacking for many pollutants, particularly very short-

lived pollutants (e.g. aerosols) for whom a precise assessment of the preindustrial

climate state is required (19). In AR6, Forster et al. (2021) reassessed the energy

imbalance contributions from individual pollutants over history, and produced timeseries

of radiative forcing between 1750 and 2100, allowing updated assessments of the level

and rate of warming at present day (5).
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1.2 The level and rate of warming

The World Meteorological Organisation (WMO) (20) and UN Framework Convention

on Climate Change (UNFCCC) (21) have sought a definition of global warming which

is robust enough to form the basis for policymaking, while remaining flexible enough to

adapt to updates in input datasets’ trends. This flexibility is particularly important in

the context of policy which targets stabilisation of global temperatures in the mid-21st

century, where we need to be able to accurately attribute the warming level and rate

to remaining anthropogenic emissions in near-real time.

The observed global mean surface temperature (GMST) compared to its average

over some pre-defined historical baseline (typically 1850-1900 in the IPCC (22)) is the

crudest possible measure of global warming over time. This is because, although the

GMST anomaly is expected to rise as humans continue to release greenhouse gas (GHG)

emissions, it is also impacted by natural variability. Natural influences on the climate

system include volcanic eruptions, variations in net insolation, and trends in ocean heat

uptake causing temporary sea surface temperature (SST) anomalies.

A good example of how these natural influences complicate the assessment of

anthropogenic global warming comes from the eruption of Hunga Tonga-Hunga Ha’apai

(HTHH) on 15th January 2022. Ranked with a Volcanic Explosivity Index of 5 (23),

this was the most explosive eruption since Pinatubo in 1991, producing perturbations

in surface pressure which reverberated around the globe for days after the eruption

event itself (24). The eruption was also notable because of the composition of its

stratospheric perturbation — an estimated 0.42MtSO2 sulphur dioxide injection (23 ,

25) and 146MtH2O water vapour injection (26). The HTHH eruption resulted in

the largest stratospheric water vapour perturbation observed in the satellite era (a

10-15% increase in the water vapour content of the stratosphere), with a modest

accompanying SO2 injection (approximately 1/50th the size of the Pinatubo eruption

(27)). Water vapour is a potent greenhouse gas (5), meaning the HTHH eruption

causes a temporary spike in global temperature.

In Jenkins et al. (2022) I calculated the contribution of HTHH eruption to the GMST

anomaly using an offline radiative transfer calculation in SOCRATES (28) (assuming the
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146MtH2O emission is distributed between 40 and 7.5 hPa, and 60◦S and 60◦N) and

the FaIRv2.0 simple climate model (29). The peak warming contribution from HTHH

is +0.035 ◦C and decays over a ∼5-10 year interval as the water vapour perturbation

is removed from the stratosphere (26). Small deviations in GMST like this affect

policy-relevant warming metrics, such as the WMO’s near-term climate assessment

(30), which assesses the likely global temperature anomaly trend in the next five years.

Their 2022 assessment suggested a 50% chance of the GMST anomaly exceeding

1.5 ◦C in at least one of the next five years (2022-2026) (30), but did not include the

additional perturbation from HTHH. Doing so adds an additional 7% to this risk of

GMST temporarily exceeding 1.5 ◦C before 2026 (31).

Clearly, the definition of global warming must account for the stochastic nature of the

global surface temperature anomaly year-on-year. Noting this, in the late-20th century

it was proposed to measure global warming using changes in the 30-year average of the

GMST anomaly timeseries (32). This definition was used because, while the internal

variability contribution to GMST was poorly constrained, a 30-year average was deemed

sufficiently long to negate its effect. By the turn of the 21st century, the 30-year average

GMST anomaly had emerged above the level of internal variability in GMST over the

wider historical period, meaning a clear global warming trend was visible in observations

for the first time. However, while this 30-year average approach did smooth over the

noise in GMST observations, it did not constrain the rate of warming over shorter

intervals (i.e. less than 30 years), and so could not be easily extended to estimate global

warming in near real-time. It also had the problem that estimates of the current level of

warming were always 15 years out of date. Recognising this, alternative methodologies

for defining global warming, such as Locally Estimated Scatterplot Smoothing (LOESS)

regression of the GMST timeseries (33), were proposed to isolate multi-decadal trends.

This methodology was an improvement over the 30-year average approach, although

the former approach’s simplicity mean both remain used in many derivations of decadal

trends in the GMST record (34). While a LOESS regression partially addresses the

concern of projecting the global warming trend closer to present-day, it still fails to
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produce a truly current warming level and rate assessment, and cannot robustly isolate

the anthropogenic contribution to that warming anomaly.

The fingerprinting methodologies discussed by Hasselman (1993) were devised to

resolve precisely this problem (9). Using them, Haustein et al. (2017) proposed an

attribution methodology where the forced contributions from natural and anthropogenic

sources are regressed onto the GMST anomaly, producing best-estimate contributions

from each to the time-history of GMSTs. This setup is described by

y⃗ = β⃗x+ ϵ⃗, (1.1)

where y⃗ is a vector containing the observed GMST anomaly, β⃗ is a vector of linear

regression parameters to be estimated, x is a matrix containing the regressors (columns

are the perceived forced contributions to the GMST vector), and ϵ⃗ is an uncorrelated

error term. An OLS regression determines the best-fit combination of the columns in

the regressor matrix which minimises the sum-squared distance from y⃗

β̂ = argβmin ||y⃗− β⃗x||2. (1.2)

Columns of the regressor matrix rescaled with the β̂ vector describe the individual

best-estimate contributions to the GMST anomaly. As discussed above, Haustein’s

approach is combined with two others to produce the overall warming assessment in

AR6. All three approaches follow similar fundamental methodologies:

The second approach by Gillett et al. (2021) completes a TLS regression in a

near-identical setup to Haustein et al. (2017), but replaces simple climate model-

derived forced contributions in the regressor matrix with CMIP6-model equivalents

(globally-averaged surface air temperature (GSAT) timeseries produced using subsets of

anthropogenic and natural forcings (17)). This finds a higher anthropogenic warming

rate at present day (see table 1.1), due to the higher recent historical warming trends

exhibited by some CMIP6 models (35). Gillett’s approach provides additional context to

Haustein’s AGW estimate by sampling the warming behaviour of more complex GCMs,

but is not readily updatable since it requires rerunning the CMIP6 DECK historical

experiments (36) with updated inputs. This exercise is not yet routinely completed,
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but could be streamlined if modelling centres are encouraged to save their historical

experiment’s restart state in the future.

The third approach by Ribes et al. (2021) uses an ‘errors in variables’ statistical

framework similar to a total least squares (TLS) regression (18). In this case, the

CMIP6 ensemble of all-forcing GSAT responses are sampled as a Gaussian distribution,

while the observed GMST vector is assumed to be composed of this forced response

plus a Gaussian error

y⃗ = Hx⃗+ ϵ⃗, where x⃗ ∼ N(µ⃗,Σmod) and ϵ⃗ ∼ N(⃗0,Σobs). (1.3)

Here, y⃗ is again a vector of observed monthly GMST anomalies, x⃗ is a multivariate

Gaussian distribution (with normal vector µ⃗ and covariance matrix Σmod) describing the

distribution of CMIP6 model-derived GSAT responses to historical all-forcing experiments,

smoothed with a sixth-order smoothing spline (37) to remove internal variability (18).

ϵ⃗ is a multivariate Gaussian distribution describing internal variability in the GMST

observations. H is the observation operator, which selects the portion of the forced

response vector (⃗x) which is expressed within the observations vector (y⃗).

Since the vectors x⃗ and ϵ⃗ defined in equation 1.3 are multivariate normal distributions,

equation 1.3 can be recast as(
x⃗

y⃗

)
∼ N

((
µ⃗

Hµ⃗

)
,

(
Σmod, ΣmodH ′

HΣmod, HΣmodH ′ + Σobs

))
. (1.4)

Here, the
(
x⃗

y⃗

)
vector has been written as another Gaussian distribution, partitioned

into its respective mean vectors and covariance matrices (38). Ribes et al. (2021)

considers the conditional distribution of x⃗ given the observed GMST vector y⃗ = y⃗0, i.e.

(⃗x | y⃗ = y⃗0). Using the Gaussian conditioning theorem (38 ), this means the forced GSAT

response distribution x⃗ is conditioned according to the observed GMST timeseries y⃗0 and

the characteristics of the covariance in observed GMST (HΣmodH ′ + Σobs), contributed

to by both the internal variability of the climate system (Σobs), and uncertainty in

the forced GSAT response (HΣmodH ′).

Ribes’ approach is more sophisticated in explicitly considering how the distribution

of forced GSAT response shapes will impact on the attribution, compared to considering
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the individual model response shapes to be perfect representations of the time-history

of anthropogenic influences on the climate system in Gillett et al. (2021) and Haustein

et al. (2017). However, it is also limited by failing to capture more rapid changes

in the forced GSAT response shapes, as is possible in the two former approaches

(so long as it is captured in the matrix of regressors). This is because, in order to

derive internal-variability-free forced GSAT response shapes, Ribes et al. (2021) uses

a sixth-order smoothing spline. This also removes forced responses which occur over

sub-decadal timescales, as can be seen in the forced response shapes used in Ribes’

study (18). Ribes also assumes that the CMIP6 all-forcing GSAT responses contain the

correct relative contribution from aerosols and GHGs (i.e. that the CMIP6 distribution

contains no significant bias), and that they can be appropriately sampled as a Gaussian

distribution. These assumptions are questionable given Gillett et al. (2021) finds

altering the aerosol/GHG ratio in CMIP6 models produces a better fit to the GMST

anomaly, and the second assumption may also not be valid if GCMs tune against GMST

when completing performance benchmarks. For these reasons, and because CMIP6

models’ historical experiments are not routinely updated, in this thesis I use Haustein

et al. (2017)’s methodology to define AGW.

By combining the results of all three methodologies, AR6 reports the level and rate

of anthropogenic global warming (AGW) over history: 1.07 ◦C in 2010-2019 relative to

1850-1900, and rising at +0.2 ◦C/decade. The level of warming is estimated from a

formal combination of the three approaches (averaging), while the rate is a lot more

subjective — essentially based on noting that 0.2 ◦C/decade is not inconsistent with

any approach. Note that while the assessments generally agree on the AGW level,

they do not produce identical estimates of the rate of warming (compare the three

individual attribution studies in table 1.1). There is both substantial uncertainty around

the anthropogenic warming rate (±50%), and disagreement on the best-estimate value.

These discrepancies provide the key motivation for this thesis, with my defining question

what is the anthropogenic contribution to the current rate of warming?
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Warming level Warming rate
Study 2010-2019 (◦C) 2010-2019 (◦C/decade)
Haustein et al. (2017) 1.06 (0.94 to 1.22) 0.23 (0.19 to 0.35)
Gillett et al. (2021) 1.11 (0.92 to 1.30) 0.35 (0.30 to 0.41)
Ribes et al. (2021) 1.03 (0.89 to 1.17) 0.23 (0.18 to 0.29)
AR6 Assessment 1.07 (0.8 to 1.3) 0.2 (0.1 to 0.3)
Fig. SPM.1 (SR1.5) 1.04 (0.84 to 1.24) 0.20 (0.16 to 0.24)
Fig. SPM.1 (AR6) 1.10 (0.90 to 1.30) 0.32 (0.26 to 0.38)

Table 1.1: Assessments of the present-day level and rate of warming used in IPCC’s AR6
(Haustein, Gillett and Ribes). Present-day anthropogenic warming assessment from figure 1.1
also shown for comparison.

1.3 Why the rate of warming matters today

In 2015 the UNFCCC’s COP21 meeting produced the Paris Agreement (39), a landmark

accord which commits governments to “hold[ing] the increase in the global average

temperature to well below 2 ◦C above preindustrial levels and to pursue efforts to limit

the temperature increase to 1.5 ◦C above preindustrial levels”. In order to achieve this

long-term temperature goal, parties should “aim to reach global peaking of greenhouse

gas emissions as soon as possible [...] and to undertake rapid reductions thereafter in

accordance with best available science, so as to achieve a balance between anthropogenic

emissions by sources and removals by sinks of greenhouse gases in the second half

of this century”.

To produce a mitigation effort which follows the ‘best available science’, the UNFCCC

periodically commissions reports from the IPCC which summarise the current state of

knowledge in climate change research, including the Assessment Reports (e.g. AR4

(40), AR5 (41), AR6 (3)), and special reports on particular subjects of interest (e.g.

SR1.5 (14)). These IPCC reports play a prominent role in setting the direction for

physical climate change research by highlighting important remaining knowledge gaps for

policymakers. Above I introduced the key attribution methodologies used to determine

the level and rate of AGW in AR6 (8). I argued these methodologies are typically more

confident in the level of AGW today and less assured on the trend in AGW over the

most recent decade. The lack of consensus on the rate of warming today presents

a major knowledge gap for policymakers, with uncertainty on this variable projecting
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into assessments of the time remaining to future warming thresholds and the design of

mitigation policy. To demonstrate this, below I consider how the present-day warming

rate, assessed using either SR1.5-era or AR6-era inputs, impacts on the outcome of

a stylised 1.5 ◦C-compatible mitigation scenario.

1.3.1 SR1.5’s and AR6’s projected warming rates

The simplest assessment of the near-term warming linearly projects the present decade’s

warming trend forward over the following decade. This approach was used in the warming

rate projection in figure SPM.1, SR1.5’s headline figure defining the criteria by which

a scenario is considered 1.5 ◦C-compatible. The figure contains a historical warming

attribution, a projected date of 1.5 ◦C-exceedance if the warming trend continues

unabated, and a scenario which includes mitigation in order to remain 1.5 ◦C-compatible

over the 21st century. Clearly, changing the anthropogenic warming rate today will

impact on the requirements of 1.5 ◦C mitigation policy shown on this figure.

The headline scenario from figure SPM.1 is reproduced twice in figure 1.1, once

with SR1.5-consistent inputs (dotted warming plume on panel a), and again with AR6-

consistent inputs (solid plume on panel a). The AGW attribution follows Haustein

et al. (2017)’s approach, as discussed above, with updates to the GMST anomaly

and forced anthropogenic contributions to the regressor matrix in the case of the AR6

update. The future scenario is estimated using the FaIR Simple Climate Model (42),

additionally sampling physical climate response parameter uncertainty (methodology

described in SR1.5 (16)). Note that, other than updating the GMST anomaly and the

relevant GHG and aerosol forcings (which show a stronger historical forcing trend in

AR6, compared to SR1.5; see historical period on panel d), the production methodology

for these two scenarios is identical.

The impact of these revisions on the attributed level and rate of warming is reported

in table 1.1 for comparison with the attribution studies discussed above. When using

SR1.5-era inputs, the 2010-2019 warming level is approximately 1.04 ◦C, the warming

rate +0.2 ◦C/decade, and hence 1.5 ◦C warming is exceeded by 2040 (marked with

an open black scatterpoint on panel a). With the AR6-era updates, the 2010-2019
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warming level is 1.1 ◦C, and the present-day warming rate exceeds +0.3 ◦C/decade.

These revisions cause 1.5 ◦C-exceedance to occur a full decade earlier (approximately

in 2030, marked with a filled black scatterpoint on panel a), assuming the present-

day warming rate continues unabated. Equal contributions arise from each major

dataset revision in the AR6-era scenario, with a five-year reduction from the upward

revision to the GMST anomaly (43), and the other five-year reduction due to a larger

non-CO2 forcing trend in AR6 (44).

This rate of warming assessment dramatically alters the outcome of a mitigation

scenario previously considered 1.5 ◦C-consistent in SR1.5. The grey scenario in figure

1.1b, c and d considers a linear decline in CO2 emissions from 2020 to reach net zero

in 2055 (panel b) along with a peak and decline of net non-CO2 radiative forcing (a

measure of the energy imbalance caused by non-CO2 pollutants) after 2030 (panel

d) (45). The resulting warming trajectory is shown with a grey plume on panel a

for the AR6-consistent attribution, and with dotted lines for the SR1.5-consistent

attribution. Remember that the future portion of the two scenarios are identical in

both stylised mitigation pathways in figure 1.1, with the only differences arising due to

updates in the GMST anomaly and the historical non-CO2 forcing trend. The peak and

end-of-century warming distributions for the two plumes are marked with uncertainty

bars on panel a. While the grey scenario achieves a 50% chance of remaining below

1.5 ◦C at peak warming and a 66% chance of remaining below 1.5 ◦C by 2100 using

the SR1.5-consistent attribution, when including the AR6 updates it peaks at 1.7 ◦C

and remains above 1.5 ◦C with greater than 50% confidence.

Hence, figure 1.1 highlights a key issue for AR6: although table 1.1 suggests the

Haustein warming rate is +0.2 ◦C/decade, the Haustein methodology in fact attributes

a warming rate of +0.3 ◦C/decade using AR6 inputs in figure 1.1, and this has a

material impact on the outcomes of 1.5 ◦C policy. The difference between the Haustein

et al. (2017) warming rate in table 1.1 and the warming rate in figure 1.1 reflects

an inconsistency in the use of AR6-era inputs when estimating AGW in Eyring et al.

(2021): namely that the Haustein et al. (2017) result used HadCRUT5’s updated

GMST (43), but did not use the updated non-CO2 radiative forcing timeseries from
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Figure 1.1: Updates to figure SPM.1 from the Summary for Policymakers document of
IPCC’s Special Report on the Global Warming of 1.5 ◦C. The figure shows stylised mitigation
pathways which are consistent with the 1.5 ◦C warming threshold. Panel a shows the attributed
anthropogenic temperature anomaly in orange over GMST observations (grey-filled points)
along with a future mitigation scenario plume outlined with grey solid lines. The grey scenario
achieves net zero CO2 emissions in 2055 (panel b, cumulative emissions in c), along with
declining net non-CO2 RF after 2030 (panel d; original non-CO2 ERF dashed line, updated non-
CO2 ERF solid line). The original SPM.1 figure’s grey plume is shown with dotted orange/grey
lines on panel a along with the original GMST anomaly points (small unfilled black circles).
The peak warming distribution are shown on panel a with vertical error bars positioned at the
year of peak warming (solid = updated, dotted = original). The 2100 warming distribution is
also shown to the right of panel a for the updated scenario. Horizontal dark grey bars over the
orange plume show the 2006-2015 average anthropogenic warming level in the original SPM.1
figure (dotted) and in the updated SPM.1 figure scenarios (solid). The black (open) dot shows
the median 1.5 ◦C crossing time for the updated (original) SPM.1 figure. The original figure can
be found at https://www.ipcc.ch/report/sr15/summary-for-policymakers/spm1-4/.

https://www.ipcc.ch/report/sr15/summary-for-policymakers/spm1-4/
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Forster et al. (2021). This makes the original Haustein assessment incompatible with

Gillett’s and Ribes’ CMIP6-derived warming trends in table 1.1, which do include the

updated forcings (17 , 18). Correcting for this, Haustein’s warming rate is 50% higher,

and closer to Gillett et al. (2021) than Ribes et al. (2021) — enough to alter the

overall warming rate assessment of AR6.

Separately, AR6 also assessed CMIP6 scenario warming projections, determining

that GCMs estimate similar time remaining to 1.5 ◦C regardless of scenario ambition,

since all scenarios were estimated to reach 1.5 ◦C in the window between 2021 and 2040

(see tables 4.2 and 4.5 in Lee et al. (2021) (46)). This 2021-2040 1.5 ◦C-exceedance

window is consistent with the stylised scenarios presented in figure 1.1 and the warming

trends in table 1.1, although the use of a 20-year window makes it extremely likely this

would be the case given our proximity to the 1.5 ◦C threshold.

In summary, most of the uncertainty in the 1.5 ◦C crossing time arises from

uncertainty in the current rate, not level, of warming. The various projected warming

trends in table 1.1 do not present consistent estimates of the present-day AGW rate.

AR6’s headline AGW assessment suggests 1.5 ◦C-exceedance in 2036 if the current

warming trend of +0.2 ◦C/decade continues. This is five years after 1.5 ◦C is exceeded

according to the central year in tables 4.2 and 4.5 of Lee et al. (2021). It is also

inconsistent with two of the three warming attribution studies used in AR6’s own

warming rate assessment, if those assessments are first fully updated to include AR6

inputs (Haustein and Gillett assessements then both suggest 1.5 ◦C-exceedance around

2030). Alongside updates to the GMST anomaly, figure 1.1’s warming rate increase is

due to a substantial increase in the non-CO2 historical forcing trend in AR6. Forster et

al. (2021) acknowledges the potential for the recent forcing trend updates to impact

on the warming attribution in this way, but does not assess how uncertainty in the

recent forcing trend impacts on the warming trend assessment. They also fail to

communicate these forcing updates for Eyring et al. (2021)’s warming assessment,

leading to inconsistent warming rate and forcing trend assessments between the different

chapters of AR6’s Working Group 1 report.
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1.3.1.1 Key questions relating to the rate of warming

This thesis focuses on constraining the CO2 and non-CO2 contributions to the rate

of warming. Figure 1.1 demonstrates how this measurement provides the guide rails

for climate policy design, and how uncertainty in the warming rate today impacts on

the outcome of an ambitious mitigation scenario. Based on these discussions, below

I summarise three topics for further study:

i) Present day

Our proximity to the 1.5 ◦C threshold today means that changes to the next decade’s

warming rate substantially alters the time remaining to 1.5 ◦C. With AGW reaching 1.1 ◦C

between 2010-2019 and rising at +0.2 ◦C/decade, the 1.5 ◦C threshold is surpassed in the

decade 2030-2039. If the warming rate increases to +0.3 ◦C/decade, then the crossing

time lies in the decade 2025-2034. Our lack of knowledge of the precise anthropogenic

contribution to the warming rate today presents a major problem for climate policy

planning for a rapid mitigation effort consistent with the most ambitious goals of the

Paris Agreement. Accurate measurement of the trend in GMST, and the means to

estimate the anthropogenic contribution to it, are cornerstones of effective policy design.

ii) The remaining budget

With an assessment of the current warming level and rate, one can estimate the total

additional warming allowable under a pre-defined policy ambition. Accurately determining

and comparing the contributions to this total from the full range of anthropogenic

pollutants is vital for designing complex multi-gas mitigation policy. The remaining

carbon budget framework (47), where a quantity of CO2 emissions consistent with

a set warming threshold is estimated, is a powerful methodology for simplifying this

analysis. However, the inclusion of non-CO2 pollutants into this budget framework is

not trivial. Non-CO2 GHGs and aerosols causes AGW through various mechanisms:

direct interaction with insolation, interactions with outgoing infrared radiation, and

manipulation of other properties of the climate system which indirectly impact the Earth’s
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energy balance. They have various efficacies and atmospheric residence times, making

their contribution to the remaining carbon budget framework more challenging to assess.

iii) AGW stabilisation

Finally, an understanding of the long-term drivers of the warming trend is also necessary

to determine the conditions required for AGW to stabilise. This has received very little

research attention to date, beyond the accepted notion that “reaching and sustaining net

zero global anthropogenic CO2 emissions and declining net non-CO2 radiative forcing

would halt AGW on multi-decadal time scale” (14). In order to stabilise AGW at

any level, any ongoing emissions at that time must be balanced against Earth system

feedbacks and responses of the climate system to the time-history of forcing. For

some pollutants, such as CO2, these multi-decadal responses may be substantial if the

carbon and thermal cycles have sufficiently different multi-century responses, making

the emissions consistent with warming stabilisation non-zero.

Together, these three topics present the key areas I will explore in this thesis. The

key motivation for this work is to produce a self-consistent and updated assessment

of the warming rate at present day, including an attribution of the anthropogenic and

natural contributions. This will inform the physical requirements for mitigation policy

aiming for a long-term global temperature goal, which I will explore in later chapters.

1.4 Constraining anthropogenic global warming

Having defined the research questions motivating this thesis above, this section now

goes into greater detail introducing relevant background material for constraining

the level and rate of warming.

The anthropogenic influence on the climate system can be studied using a mixture

of in-situ observations, satellite observations and physical models. Of course these

approaches can be applied in isolation. They are also complementary: research will often

condition an ensemble of model responses using real-world measurements, producing an

observationally-constrained assessment of a variable or parameter. This thesis leverages
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such approaches a number of times to produce estimates of physical climate parameters

which are consistent with both climate models and historical Earth observations.

Below I discuss recent research which estimates AGW using a mixture of model-based

and observation-based approaches, split into discussions on the CO2, non-CO2 GHG

and aerosol contributions to warming. This is split into two key sections. Section

1.4.1 first briefly introduces the key modelling ensembles and experiments used in this

thesis, before discussing the prominent literature constraining individual pollutants’

contributions to global warming today. Section 1.4.2 then introduces the satellite and

in-situ observation datasets used in this thesis, before discussing studies which have

applied these datasets to constrain present-day global energy imbalance.

1.4.1 The physical response to anthropogenic pollutants

1.4.1.1 The hierarchy of model complexity

The most complex models of the climate system today are coupled GCMs and their

associated Earth System Models (ESMs) variants. Coupled GCMs are a gridded physical

model of the ocean and atmosphere, which include a dynamical core based on the

Navier Stokes equations and a radiative transfer code to compute energy perturbations

based on the composition of the atmosphere and properties of the land surface. ESMs

additionally include a dynamic model of the land and biosphere, meaning they can

also capture carbon, nitrogen and other biogeochemical cycles. A GCM is driven by

gridded atmospheric concentration datasets and boundary conditions for the surface,

while an ESM can also be driven by gridded emissions datasets for some pollutants (e.g.

CO2). Examples of GCMs include HadGEM3-GC31-LL (48), UKESM (49), CanESM5

(50), IPSL-CM6A-LR (51), and MIROC6 (52).

In order for modelling groups to benchmark their performance against one another

and for researchers make best use of the full range of GCMs, the Coupled Model

Intercomparison Project (or CMIP) coordinates a series of standardised experiments

(53). A number of these experiments are utilised in the research presented in this thesis,

the most important of which are outlined in table 1.2.
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Experiment name or modelling
tool name Short name Description

Diagnostic, Evaluation and Char-
acterisation of Klima DECK

Common experiments for all participating GCMs
that maintains continuity and helps document
basic characteristics of models. Includes 4xCO2

and 1%/yr CO2 concentration increase experi-
ments, and CMIP historical simulations (1850 –
near-present). See ref. (36).

Radiative Forcing Model Inter-
comparison Project RFMIP

Assesses the radiative forcing calculated by GCMs
for historical and future climate studies. Includes
present-day time-slice experiments (to diagnose
IRF and ERF) and transient experiments (to
diagnose transient ERF). See ref. (54).

Aerosol and Chemistry Model
Inter-comparison Project AerChemMIP

Quantifies the climate and air quality impacts of
aerosols and chemically-reactive gases in GCMs.
Includes historical and future scenario simulations
with preindustrial Short-Lived Climate Pollutants
and/or aerosols, along with counterparts with
prescribed SSTs. See ref. (55).

Detection and Attribution Model
Inter-comparison Project DAMIP

Fully-coupled historical and future scenario sim-
ulations run individually for natural, GHG and
aerosol forcings, for use in attribution studies.
See ref. (56).

Zero Emissions Commitment
Model Inter-comparison Project ZECMIP

Quantifies and investigates the unrealised tem-
perature change that occurs after CO2 emis-
sions reach net zero. Includes zero-emissions
experiments which are branched from 1%/yr
CO2 concentration increase or bell-curve CO2

emissions-driven experiments, once a predefined
cumulative emissions budget is exhausted. See
ref. (57).

Finite amplitude Impulse Response
model FaIRv2.0

Impulse response model framework for all anthro-
pogenic pollutants: 4 gas cycle pools coupled to
3 thermal cycle pools. See ref. (29).

Model for the Assessment of
Greenhouse gas induced Climate
Change

MAGICC7.0
Multi-layer energy balance model of the thermal
cycle, coupled to multi-pool carbon cycle model.
See ref. (58).

Table 1.2: CMIP6 experiments and simple modelling tools used in this thesis.

Since these models are run with such high spatiotemporal resolution they produce

only a very sparse sampling of the full parameter space available. Hence, to supplement

these GCM experiments researchers have produced Earth system Models of Intermediate

Complexity (EMICs) and simple climate models or emulators (SCMs). These are more

lightweight, low-dimensionality models, which can be run over large ensembles (up to

millions of members) to sample the parameter spaces more thoroughly. Prominent

examples include the FaIR model (29 , 42 , 59), MAGICC (58 ), and CICERO-SCM (60 ).

FaIR is used in several places in the Working Group 1 contribution to AR6, including

to produce estimates of the level and rate of human-induced warming as discussed

above. It is also the model used to produce the warming outcomes in SR1.5’s SPM.1

figure, reproduced in figure 1.1 above. In this thesis FaIRv2.0 (29) is used extensively,

and a full discussion of its structure is provided in chapter 2.
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1.4.1.2 Scenarios for evaluating global climate policy

Over the historical period scenarios for input into climate models use emissions/concentration

timeseries from direct observations, or from collated inventories. Examples of these

emissions inventories include the Global Carbon Budget (61), Community Emissions

Data System (CEDS) (62 , 63) and Emissions Database for Global Atmospheric Research

(EDGAR) (64).

Experiments are also needed which explore modelled responses to forcings beyond

that which has been observed historically. This includes both realistic multi-gas

emissions experiments, as well as idealised experimental setups to explore fundamental

properties of the model Earth system (e.g. 2×CO2/4×CO2 concentration increase

experiments, as well as 1%/yr CO2 concentration increase experiments, and preindustrial

control experiments).

The CMIP6 experiments, summarised in table 1.2, run realistic multi-gas mitigation

scenarios to model climate change beyond the end of the historical period (i.e. after

Dec. 2014 in CMIP6 experiments). Simple climate models (e.g. FaIRv2.0 (29)) and the

simplified modelling framework used in this thesis also rely on such scenarios to provide

realisations of global climate policy beyond the present day. The standard set of scenarios

used in physical climate modelling for this purpose are named the Shared Socioeconomic

Pathways (SSPs) (65). These multi-gas emissions or concentrations scenarios use

five narratives which provide a backdrop for climate policy design (SSP1-SSP5), and

additionally include mitigation ambition in the form of a target for end of century radiative

forcing (1.9, 2.6, 3.4, 4.5, 6.0, or 8.5 W/m2). Together these scenarios provide a range

of futures for climate policy, spanning both varying levels of population growth, regional

cooperation and trade, technological development, GDP growth etc., and varying levels

of climate policy ambition. SSP scenarios feature heavily in research into the climate

system response to anthropogenic emissions over the 21st century (14 , 36 , 54 , 55).

The SSP scenario’s emissions timeseries span a wide range of climate policy, and

can broadly be categorised as follows (where below ‘X’ refers to storylines of the

future evolution of the global economy and society independent of climate mitigation

policy): SSPX-19 – 1.5 ◦C-compatible, reaching net zero CO2 emissions around 2050;
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SSPX-26 – below-2.0 ◦C, reaching net zero CO2 emissions around 2075; SSPX-34

– 2.0 ◦C-compatible; SSPX-45 – above-2.0 ◦C (current policies trajectory); SSPX-60

– above-3.0 ◦C; and SSPX-85 – high emissions scenario (∼4.0 ◦C) (8). The SSPX-

45 scenario is now commonly viewed as a current policies baseline scenario, with

approximately stable CO2 emissions through the 21st century (66). More information

on the design and production of the SSP emissions and concentrations timeseries can

be found in Meinshausen et al. (2020) (67).

1.4.1.3 Defining radiative forcing

In model studies there is a need for a variable which provides a common scale to

compare contributions to AGW. Although emissions and concentration timeseries are

typically used as inputs for climate models, they are poorly suited for this task. The

various pollutants themselves have various efficacies and lifetimes which makes the

warming response difficult to assess (4). Further, there are other non-emissions-based

drivers, such as insolation variability and albedo changes, which also impact on surface

temperature but do not release emissions.

An better variable for this comparison is the Radiative Forcing (RF) (68), which is de-

fined as

Fi,T (t) = Ni,T (t) −No,T (t) (1.5)

where the subscript T refers to the use of an externally provided tropospheric temperature

profile (plus surface conditions). Ni,T (t) is the net outgoing radiative flux (in Watts per

square metre) evaluated at the tropopause using an offline radiative transfer calculation,

for an experiment where a perturbation i has been applied and the stratospheric

temperature allowed to adjust. No,T (t) is the net outgoing radiative flux for a second

experiment, identical in setup but without the perturbation applied. The perturbation

itself can be anything producing a radiative response in the model, such as changes

to atmospheric composition, surface albedo, cloud radiative properties, or insolation.

The difference between the two radiative fluxes approximates the radiative imbalance

at the top of atmosphere (TOA) caused solely by the perturbation i.
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If the calculation is repeated but allows the tropospheric temperature profile to adjust

(still using prescribed SST and sea ice boundary conditions), the difference between the

two TOA fluxes then defines the Effective Radiative Forcing (ERF) (68 ). This captures

both the direct radiative perturbation and the rapid adjustments resulting from the

direct radiative perturbation. Hence, ERF better reflects the immediate impact of a

perturbation on the energy imbalance of the Earth system (45), providing a uniform

scale for comparing relative contributions from a wide range of pollutants.

Recent studies have reassessed the line-by-line calculations for estimating the radiative

perturbations of several GHGs (69), as well as the ERFs from aerosol-radiation and

aerosol-cloud interactions (54 , 70 , 71). Using these, AR6 updated a set of simplified

emissions-to-ERF relationships for the major pollutants (72), based on a harmonization

between CMIP6 emissions-to-ERF relationships (54 , 55) and observational constraints

(73). These are used by Forster et al. (2021) to estimate individual pollutant’s

contribution to anthropogenic ERF (44) from historical emissions estimates (61 , 62 ,

64 ) and from the SSP emissions and concentration timeseries (67). A full description of

the production methodology can be found in the Supplementary Material to Chapter 7 of

IPCC’s AR6 (72 ). CO2 contributes 2.16 (1.92-2.41) W/m2 in 2019 relative to 1750 — the

majority of the anthropogenic ERF perturbation (2.72 [1.96-3.48] W/m2); non-CO2 GHG

ERF contributes 1.68 (1.40 to 1.96) W/m2; and aerosol ERF contributes -1.06 (-1.71 to

-0.41) W/m2. For reference, these present-day forcing estimates are presented in figure

7.6 of Forster et al. (2021) (5 ), and the full timeseries are shown in figure 3.2 in chapter 3.

Dessler and Forster (2018) presents the methodology used to combine these individual

pollutant’s best-estimate ERF timeseries into a large ensemble (74). They first

sample distributions for each pollutant’s ERF timeseries using a sample drawn from

the CMIP6 models’ present-day ERF distribution. These individual ERF component

ensembles are combined to produce a large ensemble of anthropogenic ERFs using

a linear combination of the individual components, assuming no correlation between

individual ERF distributions. This is the approach used to produce the ERF ensemble

used in Forster et al. (2021) to constrain TCR, ECS and attribute warming using
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the FaIRv1.6 simple climate model. An ERF ensemble produced in this way is also

used extensively in this thesis.

1.4.1.4 The linear forcing-feedback framework

The ERF timeseries defined above describes the energy imbalance of an emissions

perturbation, but it does not directly reflect the temperature response to this perturbation.

The temperature response can include additional feedbacks from the climate system in

response to the perturbation. Examples of such feedbacks include changes to global cloud

properties (i.e. cloud radiative feedbacks (75)), changes in atmospheric composition or

temperature structure over time (e.g. the water vapour and lapse rate feedbacks (76)),

and the influence of a heterogeneous or time-varying surface temperature distribution due

to ocean heat uptake, or changing surface albedo (e.g. the ice-albedo feedback (77)).

Diagnosing the full transient surface temperature response in a GCM requires relaxing

the boundary conditions on SSTs and sea ice used to derive the ERF, to allow the

climate system to dynamically respond to the energy imbalance. The DECK historical

simulations and DAMIP experiments described in table 1.2 allow this dynamic response,

with the resulting GSAT anomalies used in Gillett et al. (2021) and Ribes et al. (2021)

to attribute contributions to historical warming (17 , 18). In simple climate models the

relationship between the forcing and surface temperature response is often captured

empirically based on one-dimensional multi-layer energy balance frameworks described by

Gregory, Winton, Held and Geoffroy in the early 2010s (78 , 79). Held’s and Geoffroy’s

models allow for energy exchange between the surface and deep ocean layers, resulting

in a transient response to an energy perturbation at the surface. This has been shown to

capture the multi-decade temperature response in the more complex GCMs (29). The

FaIRv2.0 model uses an impulse response structure to capture similar dynamics to these

energy balance frameworks, using three boxes with relaxation timescales representing

heat exchange between the surface and the upper/deep ocean (29 , 42) (see chapter 2).

By considering a layered energy balance framework in this way (78 ), an even simpler

representation of the ERF-temperature relationship can be written as

∆F = ∆N+ λ∆T , (1.6)
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where ∆N refers to the TOA radiative flux perturbation in the transient warming

scenario, ∆F to the ERF perturbation, and ∆T the surface temperature anomaly in

response to the forcing scenario. λ is the net radiative feedback parameter, which

linearises the radiative response to a unit surface temperature perturbation, and ∆N

relates to the rate of heat uptake by the ocean and cryosphere (assuming a small heat

capacity of the atmosphere). CMIP6 models suggest a positive net feedback parameter

in response to 4xCO2 experiments (1.0 ± 0.34 W/m2/◦C, one standard deviation; using

the sign convention defined in equation 1.6) (80 , 81). Equation 1.6 can be additionally

split into longwave (LW; referring to integrated broadband infrared radiation) and

shortwave (SW; referring to integrated broadband visible radiation) components, with

the feedback components then correspondingly split into λLW (∼+2.2W/m2/◦C) and

λSW (∼-1.2W/m2/◦C) (81). This split helps portray the relative contributions of

LW and SW feedbacks to the overall TOA energy imbalance (82). Feedbacks can be

additionally split by process, e.g. water vapour, lapse rate, SW cloud, LW cloud (81).

The ultimate temperature response to an ERF perturbation is estimated from

equation 1.6 by setting ∆N to zero. If the ERF used is the forcing resulting from

doubling CO2 concentrations, F2×, then the ultimate temperature response here defines

the Equilibrium Climate Sensitivity parameter, or ECS:

ECS =
F2×

λ
. (1.7)

Sherwood et al. (2020) collected a wide range of evidence, from satellite and in-situ

observations, CMIP5 and CMIP6 models, and process-based constraints, to determine

the best-estimate ECS is 3.0 ◦C (likely range between 2.5 and 4 ◦C). This represented

a major step forward in constraining ECS, which had proved elusive despite 40 years

of physical climate research (83). Further constraints on the ECS remain limited by

co-varying uncertainties on other key aspects of the climate change problem, such as

the contribution from anthropogenic aerosol emissions to historical warming trends, and

the strength of cloud feedbacks as the Earth system warms (80). Targeting tighter

constraints on the ECS is an ongoing challenge for the community.
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Since the ECS describes a climate system’s equilibrium warming in response to an

ERF perturbation, the lack of a tight constraint on its value limits our understanding

of the climate response to anthropogenic perturbations. However, as ECS reflects the

equilibrium warming, it is also a relatively poor predictor of the near-term warming

trend (84), which is the more policy-relevant quantity. A better descriptor of this

short-term, transient, warming is given by the Transient Climate Response (TCR)

parameter (5 ). The TCR is defined as the warming response in year 70 to an experiment

where CO2 concentrations increase by 1%/year (in year 70 the CO2 concentrations

have doubled). Hence, the TCR represents the transient warming response while

ERF is changing, while the ECS describes the equilibrium warming that results once

that CO2 perturbation equilibrates.

AR6 determines the TCR is 1.8 (1.4-2.2) ◦C and the ECS is 3.0 (2.5-4.0) ◦C.

CMIP6 models’ diagnosed TCR and ECS parameters (80 , 81) broadly support this

assessment, although several do exceed these ranges, particularly for the ECS where

some models display ECS > 5.0 ◦C (80).

Explaining the behaviour of model-derived warming over the historical period is

important to provide context for analysing future emissions scenarios (85 , 86). The

link between the historical warming trends in models and the TCR and ECS parameters

has been exploited to constrain these key physical response characteristics. Otto et

al. (2013) demonstrated how observed decadal warming trends and forcing estimates

could be combined to assess the TCR and ECS and evaluate model performance (87).

Tokarska et al. (2020) similarly used observations of the historical warming trend to

constrain future warming in CMIP6 models (86), producing emergent constraints on

the TCR and ECS parameters. The size of late-20th century warming trends in CMIP6

models has also received research attention (88 ), with groups noting that high warming

rates in some models are caused by both increased aerosol forcing trends (89) and

increased cloud-radiative feedbacks (causing higher TCR and ECS) (35 , 90).

Simple climate models provide a key tool to assess emergent constraints on the

TCR and ECS parameters. Leach et al. (2021) and Smith et al. (2021) produce

large ensembles of warming responses sampling both anthropogenic forcing inputs
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and physical climate response parameters (29 , 73). They then apply observational

constraints (observed ocean heat uptake and GMST) to estimate the anthropogenic ERF

and physical climate response parameter distributions in parallel. Similar approaches

have also been used to sample the joint aerosol forcing and ECS distributions (91),

and to constrain the CO2 warming response (92). In this thesis I use TCR and ECS

distributions to define the range of thermal responses in the FaIRv2.0 SCM.

1.4.1.5 The warming contribution from CO2

The CO2 warming response depends on the joint behaviour of the carbon cycle and

thermal cycle. In a simple model, the carbon cycle can be broadly split into five pools,

representing: the atmosphere, upper ocean, lower ocean, biosphere and geosphere

(42). These pools are associated with lifetimes reflecting the average residence time of

carbon in that pool, with connections between pools weighted to reflect the relative

carbon flux between them. Joos et al. (2013) demonstrated that an impulse response

framework with this structure can be tuned to capture the globally-averaged behaviour

of fully-coupled GCMs, and hence capture the broad dynamics of the carbon cycle

following an anthropogenic CO2 perturbation (93 , 94).

Following a pulse emission of CO2 a fraction of it remains in the atmosphere over

multi-millennial intervals, despite the system acting to equilibrate the non-atmospheric

carbon pools over time (93). This fraction is labelled the airborne fraction. For the

contemporary carbon cycle the airborne fraction is around 45% over a 100 year interval

(93). It is expected that the 100-year airborne fraction will increase as the carbon cycle

perturbation increases, since the non-atmospheric pools saturate and become weaker

sinks over time. Evidence is mixed on whether the airborne fraction exhibits a trend

over the recent historical period, with claims of a negative trend (95) being contested

as statistically insignificant by others (96). The CO2 which remains in the atmosphere

causes a radiative perturbation which can be measured and used to estimate the CO2 ERF

(97). For CO2, the relationship between the CO2 concentration change and resulting

ERF is approximately logarithmic (69), meaning successive CO2 concentration doublings



1. Introduction 25

result in a linear ERF increase in models. The ERF perturbation induces a surface

temperature response, which can be estimated with the approaches outlined above.

The estimation of CO2-induced warming has been revolutionised in the past decade,

following the realisation that models display a near-linear relationship between cumulative

CO2 emissions and surface temperature anomaly (98). In the late 2000s several papers

noted this (99–101) and labelled the constant of proportionality between them the

Transient Climate Response to cumulative CO2 Emissions, or TCRE. The TCRE relates

to the aforementioned TCR parameter, describing the transient warming in response to

an ERF change, but additionally captures the transient carbon cycle response to emissions

(i.e. the airborne fraction). This combination produces an approximate linearity overall

(102) with offsetting non-linearities in the carbon and thermal cycle responses (103).

Recent research estimates the TCRE is +0.45 (0.27-0.63) ◦C/TtCO2 (3 ), suggesting

CO2 emissions in this decade (approximately 40 GtCO2/yr in Friedlingstein et al. (2021)

(61)) has caused warming of +0.18 (0.11-0.25) ◦C. This range is supported by both

modelling studies (92 , 104–106) and by observations comparing human-induced warming

and historical CO2 emissions (92 , 105 , 107), although observational constraints often

produce a log-normal TCRE distribution, while model-based constraints are typically

more normally-distributed (47). Macdougall (2016) presents a helpful review of the

foundations of the TCRE concept (102).

The TCRE relationship has been confirmed in models to well beyond the level of Paris-

compatible mitigation scenarios (up to 2000 GtC, or 7340 GtCO2, cumulative emissions

(47)). It has proven extremely useful for simplifying climate policy, since for a given

warming threshold the CO2 contribution is limited solely by a cumulative emissions budget

prescribed by the TCRE (47). Less research has probed the non-linearities which exist

alongside the linear TCRE behaviour, with examples including Earth System Feedbacks,

the contributions from non-CO2 pollutants, and the Zero Emissions Commitment.

Earth System Feedbacks, which act as an additional source of CO2 emissions in

response the initial perturbation (e.g. permafrost thawing (108)), are often neglected

in estimates of the TCRE over the historical period (47). They are estimated to

contribute 0-100GtCO2 additional CO2 emissions between 2020 and 2100 in 1.5 ◦C
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scenarios in SR1.5 (14). More recent studies of permafrost CO2 feedbacks (109) support

this, with the IPCC’s Special Report on the Oceans and Cryosphere in a Changing

Climate (110) suggesting permafrost thawing could contribute 70-210GtCO2 in a

2 ◦C-compatible scenario (111). AR6 has updated evidence on several other Earth

Systems feedbacks in figure 5.29 (111).

The Zero Emissions Commitment (ZEC) was originally defined as the difference in

the temperature anomaly at the time of reaching net zero and over multi-millennial

timescales (i.e. the equilibrium warming) (112). This definition is cumbersome in

practise. In contemporary literature, ZEC more commonly refers to the multi-decade or

multi-century warming response following the cessation of CO2 emissions (57 ), with this

period capturing the policy-relevant behaviour. ZEC arises as a result of differences in

the rate of heat and carbon uptake by the thermal and carbon cycles following net zero.

To study ESM and EMIC responses following net zero, Jones et al. (2019) proposed the

ZEC Model Inter-comparison Project (ZECMIP) (57). ZECMIP ran emissions-driven

experiments producing a 1%/year increase in atmospheric CO2 concentrations until a

predefined cumulative emissions budget was reached (e.g. 1000GtC). Thereafter, the

models are left to re-equilibrate over a 100-year period. Based on these experiments,

Macdougall et al. (2020) determines ZEC is close to zero over 20- 50- and 100-year

timescales, with uncertainty spanning approximately ±0.2 ◦C in models over a 100-year

interval (113), and explore how individual model ZEC’s arise from the thermal and

carbon cycle responses following a CO2 emissions perturbation.

Simple models provide a well-established mathematical framework which can be

used to probe the warming response to CO2 emissions. FaIRv2.0 reproduces the range

of TCREs demonstrated in GCMs (29), and can be tuned to emulate individual model

responses or the time-history of AGW (94). Chapters 5 and 6 make use of FaIR to

produce large ensembles of historical warming to constrain the TCRE, and to emulate

CMIP6 GCM responses to various emissions scenarios.
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1.4.1.6 TCRE and the remaining carbon budget

The TCRE relationship helps set the requirements of policymaking (3), since, for a

given quantity of remaining warming one can define a finite quantity of CO2 emissions

compatible with that warming threshold (41). Rogelj et al. (2019) outlines the

standard framework used to derive this remaining carbon budget (47), which is followed

in SR1.5 (14) and AR6 (3).

A schematic of Rogelj’s approach to derive the remaining carbon budget is presented

in figure 1.2. The methodology converts a remaining warming quantity into a remaining

carbon budget using an estimate of the TCRE, along with assumptions of the quantity

of warming required for remaining non-CO2 emissions until the time of net zero, the

ZEC (the residual warming over multi-decade intervals following net zero (113)), and

emergent Earth System Feedbacks. In this thesis, I discuss the physics relating to

two key assumptions in this framework:

The first is how non-CO2 pollutants contribution to warming are compared to

CO2, where currently the non-CO2 contribution is removed as a quantity of warming

before the TCRE is used to estimate the budget. This is problematic unless care is

taken to correlate the warming responses from CO2 and non-CO2 pollutants. This

discussion is the focus of chapter 5.

The second assumption is that the ZEC is small, centred on zero, and uncorrelated

with TCRE, meaning it can be ignored in remaining budget calculations. This is

refuted by recent ZECMIP experiments, which show a diverse GCM response to net

zero (113), and by Allen et al. (2022) who demonstrate a connection between the

multi-decadal ZEC and TCRE in the FaIR simple climate model (103). To address

this assumption, I introduce a novel mathematical framework relating the ZEC and

the TCRE, and uses it to show the conditions under which CO2-induced warming

stabilises. This is the focus of chapter 6.

1.4.1.7 Non-CO2 greenhouse gases

Non-CO2 GHGs contribute a sizeable positive ERF at present day (∼1.68 W/m2 relative

to 1750 (5)), the bulk of which comes from N2O, CH4, and their associated ozone
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Figure 1.2: Schematic visualising the methodology to estimate the remaining carbon budget
using the historical human-induced warming, the zero-emissions commitment (ZEC), the
contribution of future non-CO2 warming, the TCRE, and unrepresented Earth system feedbacks.
The grey shading illustrates uncertainty in the TCRE parameter. Figure reproduced from Rogelj
et al. (2019) (47).

perturbation (69 ). While CO2 is a cumulative pollutant with a remarkably simple warming

response, the non-CO2 GHGs are a group of many pollutants with various atmospheric

residence times and efficacies. This makes their bulk climate assessment more challenging.

For example, CH4 is a short-lived climate pollutant (SLCP) with a short atmospheric

residence time (∼12 years (114)) but large radiative efficiency compared to CO2 (115),

while N2O is a long-lived climate pollutant (LLCP; lifetime ∼120 years) and a similar

radiative efficiency to CH4 (68). A brief summary of the major GHGs is given below.

Methane

CH4 is the second-largest contributor to GHG ERF following CO2, adding 1.19 (0.81 to

1.58) W/m2 between 2019 and 1750 (116), when including methane’s abundance lifetime

feedback, tropospheric ozone production and stratospheric water vapour feedback. Ozone

chemistry in the troposphere and stratosphere is complex and includes the production

and destruction of a large number of volatile organic compounds (117). Most relevant

for CH4: stratospheric ozone is the dominant source of hydroxyl ions which oxidise

CH4 and cause the majority of CH4 removal from the atmosphere; while tropospheric

ozone is in part formed via alternative CH4 reaction pathways (118). The prevalence of
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hydroxyl ions determines the lifetime of CH4, with ongoing anthropogenic perturbations

contributing to extending the CH4 lifetime. When including these effects CH4 ERF

estimates are 1.6 times higher than they would be based on CH4 abundance alone

(117) (see figure 6.12 in Szopa et al. (2021)).

The fact that CH4’s lifetime is only 12 years means its atmospheric abundance is

maintained by the continual emission of CH4 replacing that which was broken down.

CH4 emissions are split between natural (40%) and anthropogenic (60%) sources, with

human emissions arising predominantly in the oil and gas sector, landfills, and livestock,

and natural emissions predominantly from tropical wetlands and tundra thawing (114).

The 40% natural emissions provide a source large enough to balance natural CH4 sinks

in the preindustrial climate state, with additional anthropogenic emissions causing CH4

concentrations to rise over the historical period to find a new balance with enhanced

sinks (119). Since 2000, CH4 concentrations have exhibited a variable growth rate,

slowing in the late-2000s before accelerating in the 2010s (114). This behaviour has

been attributed to several causes, with the most recent evidence suggesting 85% of

this acceleration is due to natural wetland emissions (120) based on the analysis of

C12/C13 isotope ratios in ice cores. The fact that CH4 concentration trends track

GMST trends further suggests warming-related feedbacks and natural variability may

have contributed to these trends (121).

Nitrous Oxide

N2O is the third-largest contributor to GHG ERF after CH4, adding 0.24 (0.13 to

0.34)W/m2 based on emissions-based modelling estimates (116). N2O acts as an

ozone sink, but the effect is small and offset by its influence increasing CH4 lifetime

(since it competes with the CH4 for hydroxyl to be broken down in the atmosphere).

Tian et al. (2020) completes a comprehensive review of sources and sinks since 1980,

determining total N2O emissions were 17 (12-23)TgN/yr over the decade 2007-2016

(122), with anthropogenic emissions contributing approximately 40% of this total,

predominately from the use of fertilizers on cropland.
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CFCs, HCFCs and HFCs

Finally, various chloro-fluro-carbon (CFC), hydro-chloro-fluro-carbon (HCFC) and hydro-

fluro-carbon (HFC) compounds contribute a small amount to GHG ERF at present day.

These pollutants have very wide-ranging lifetimes and efficacies, but together produce a

perturbation of approximately 0.2 W/m2 (116), having accounted for their direct radiative

perturbation (+0.4W/m2) and ozone/methane lifetime interactions (-0.2W/m2).

Metrics for comparing GHGs

Comparing GHGs based on their ERF perturbation, as I did above, is the most physically-

coherent way to compare pollutants contributions to historical warming. However, it is

impractical for policymakers, who do not run physical models, to diagnose ERFs when

designing emissions scenarios. Instead, policy routinely uses GHG metrics to convert

non-CO2 pollutants emissions timeseries into a timeseries of CO2 emissions, thus allowing

them to compare contributions from different pollutants. Examples of these metrics

include the Global Warming Potential (GWP) (68), Global Temperature Potential (GTP)

(123), CO2-forcing-equivalence (CO2-fe) (94 , 124), and GWP* (125 , 126).

Much has been written on the appropriateness of these metrics for the conversion

between GHGs (4 , 115 , 127 , 128). One important concern surrounds the use of the

GWP metric for comparing CH4 and CO2 emissions. The GWP metric is a numerical

multiplier applied to an emissions timeseries to convert it to a CO2 timeseries, calculated

as the ratio of the absolute global warming potential of the two pollutants. Here, the

absolute global warming potential refers to the integral (with time horizon H) of the

radiative forcing in response to a unit-sized pulse emission of the pollutant. Hence,

the GWP is the ratio of the cumulative energy perturbation caused by a unit-sized

emission of each pollutant (68). For example, the GWPCH4, 100yrs is 29.8 (5), meaning

a one-tonne emission of CH4 is equivalent to a 29.8-tonne emission of CO2.

The issue with the GWP metric is its failure to account for the different lifetimes

of the two pollutants. While CH4 is a much more potent GHG in the short-term (over

100 times more so immediately following emission) (129), over a multi-decade interval

CO2 warming dominates because the CH4 ERF perturbation decays towards zero (the
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warming perturbation lags the ERF perturbation, but is still many times weaker than the

CO2 perturbation after the first several decades). Hence, each pollutant’s global energy

budget perturbation behaves in a different way: CO2 scaling with the cumulative stock

of emissions over time, and CH4 with its recent emissions rate (multiplied by its lifetime).

GWP fails to account for this correctly because it integrates over the radiative forcing

perturbation, losing the temporal information. Aggregate CO2-equivalent emissions

calculated using GWP are a poor gauge of the peak warming (126), and reaching net-zero

annual CO2-equivalent emissions is a poor gauge of achieving temperature stabilisation.

As a solution, in chapter 5 I use the CO2-forcing-equivalent (CO2-fe) metric,

demonstrating how this can be used to compare anthropogenic pollutants according to

their time-varying energy perturbation in the climate system. With the CO2-fe metric,

a pollutant’s emissions pathway is converted into a timeseries of CO2 emissions, where

those CO2 emissions exactly reproduce the ERF, and hence the warming response, to the

pollutant’s original emissions pathway over all timescales. This makes the CO2-fe metric

a more physically-coherent metric for comparing complex multi-gas emissions scenarios,

since the metric unambiguously simplifies the scenario down to a single pollutant

without losing the temporal information key to differentiating the behaviour of short-

and long-lived pollutants. Further, CO2 emissions timeseries produced with the CO2-fe

metric inherit all the properties of CO2, meaning non-CO2 CO2-fe emissions timeseries

reproduce the TCRE relationship. Other metrics have been designed to improve on

GWP which do account for the lifetime of pollutants (4 , 130), based on emulating the

behaviour of the CO2-fe metric, but their discussion is beyond the scope of this thesis.

1.4.1.8 Aerosols

Aerosols are a range of small particulate pollution in the atmosphere, with common

examples include sulphates (e.g. SO2−
4 ), organic carbon (OC), black carbon (BC),

nitrates (NOx), mineral dust, and sea salt (116). This wide range of compounds include

particulates from both anthropogenic and natural sources; all the aforementioned species

are produced in both the unperturbed and contemporary climate system. Natural aerosols

account for the majority observed in the atmosphere today, with combined satellite and
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GCM studies suggesting 70-85% of the atmospheric aerosol burden has natural origins

(based on aerosol optical depth retrievals) (71). The remainder has anthropogenic

origins, largely through fossil fuel combustion producing SO2 (a precursor to sulphate

aerosols), and biomass burning producing OC and BC (63 ). The exact aerosol burden of

the preindustrial climate system, and hence the size of the anthropogenic perturbation,

remain key uncertainties for the estimate of the overall aerosol radiative impact (5).

Aerosols are another example of SLCPs, but compared to the major GHGs have

extremely short lifetimes (around one week) before they are removed from the atmosphere

via dry deposition or precipitation (68). This means that aerosol density in an

atmospheric column is concentrated around large emissions sources, and the distribution

of aerosols is highly heterogeneous. For natural aerosols, prominent emission sources

include the major deserts producing dust (most notably the Sahara, whose dust is

transported across the Atlantic), the global oceans producing sea salt, and large

forests producing OC and BC aerosols (e.g. Amazon rainforest). Anthropogenic aerosol

emissions are concentrated around highly industrialised environments (e.g. Po valley,

Italy) and locations of high coal use. In the mid- and late-20th century this was

largely Western Europe and the north eastern USA, and today is China, India and

the wider south east Asian region (63).

Averaging globally and summing over the contributions of individual aerosol species,

Forster et al. (2021) estimated the anthropogenic aerosol perturbation today is -1.06

(-1.71 to -0.41)W/m2 (5). Forster assessed multiple lines of evidence, including:

satellite, flight campaign and in-situ observations; CMIP6 model-derived ERF estimates;

and process-based modelling estimates.

ARI and ACI contributions

This total perturbation is split between the direct radiative effects (aerosol radiation

interactions, or ARI), contributing -0.22 (-0.47 to 0.04)W/m2, and aerosol cloud

interactions (ACI), contributing -0.84 (-1.45 to -0.25)W/m2. Stephens et al. (2022)

argues observations of SW radiative balance at the TOA suggest the ARI/ACI split

may be more equal than this (131), but it is generally accepted ACI contributes the
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majority of aerosol forcing overall. The mechanisms of this forcing were discussed in a

comprehensive review of aerosol forcing by Bellouin et al. (2020) (71).

The ARI ERF varies by aerosol species. For example, sulphate particulates scatter

incoming solar radiation, reducing net SW radiation at the TOA and producing a

negative ARI ERF, while BC absorbs it, heating the atmospheric layer holding the

BC but shading the surface beneath. Tang et al. (2021) uses experiments from the

Precipitation Driver and Response Model Intercomparison Project (PDRMIP) to compare

the surface radiative response with identical TOA radiative perturbations from five

aerosol species, as well as other drivers of surface warming (132). They find that the

surface temperature response to scattering aerosols is largely governed by radiative

heating or cooling terms, and hence the TOA radiative perturbation acts as a reasonable

measure of the warming response. Conversely, BC’s net surface radiative response is

the combination of a reduced downward SW radiation flux (due to BC’s SW absorption

in the atmospheric column), and increased LW downward radiation (due to the heating

perturbation caused by the BC absorption in the atmospheric column). Tang et al.

(2021) determines BC causes a reduction in the net downward surface radiation overall,

but still results in a surface temperature increase, arguing this results from increased air

stability reducing the efficiency with which surface energy fluxes can be dissipated (132).

The ACI ERF occurs because aerosols act as the ‘seeds’, or cloud condensation

nuclei (CCN), for cloud water droplets and ice crystals to nucleate (133). In pristine

environments CCN are composed of natural aerosols. In heavily aerosol polluted

environments the quantity of CCN increases dramatically, leading to a larger number of

smaller cloud liquid water droplets overall, assuming the amount of water available to

condense to form droplets remains fixed. This behaviour, named the Twomey effect

(133), brightens clouds and induces a net negative radiative perturbation at the TOA.

The Twomey effect is the largest contribution to ACI ERF and has received extensive

study (134). Bellouin et al. (2020) estimates warm cloud ACI RF from the Twomey

effect alone is between -1.10 and -0.33 W/m2 (71 ), while Forster et al. (2021) suggests

–0.7 ± 0.5 W/m2 (and a medium confidence interval) (5 ). Narrowing this range remains

a significant challenge: although considering energy balance constrains the upper bound
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of this range somewhat, Gryspeerdt et al. (2022, in review) show that uncertainties

in both the size of the anthropogenic aerosol perturbation and the radiative properties

of pristine clouds themselves remain key barriers limiting the constraint on the size

of the Twomey effect at present day (135).

Additional ACI contributions arise from aerosols impact on the cloud liquid water path

(the integrated water content in a cloud column, LWP), the location and prevalence of

cloud fields (the cloud fraction) (5 ). Gryspeerdt et al. (2016, 2019) present helpful sum-

maries of both these contributions (LWP (136) and cloud fraction (137), respectively).

The former relationship is studied via the cloud droplet number concentration

(CDNC) and LWP co-variability. This CDNC-LWP sensitivity is thought to be negative

in most regions, causing a positive feedback which offsets some of the negative RF from

the Twomey effect (136). However, a number of studies also note the CNDC-LWP

relationship is non-linear over the range of observed aerosol optical depths (AODs): at

low CDNC in precipitating clouds a reduced cloud droplet effective radius suppresses

precipitation, increasing cloud depth and LWP (138 , 139); while higher CDNC can cause

a LWP reduction in clouds where precipitation does not reach the surface (140 , 141).

LWP variability is also strongly dependent on local meteorology, making observational

constraints challenging to de-bias (136).

The possible causes of a positive correlation between aerosol loading and cloud

fraction were discussed in Quaas et al. (2010). These include: meteorological co-

variability (large-scale convergence will correlate high aerosol burden with high cloud

cover), satellite retrieval errors (aerosol can be misinterpreted as cloud and vice versa,

particularly where aerosol swelling increases the perceived AOD, or for broken cloud

structures (142)), and the cloud-lifetime aerosol effect (aerosol increase the CDNC,

suppressing precipitation and increasing cloud lifetime) (143). Even having accounted

for major biases like the underestimate of CDNC for broken clouds (142), the CDNC-

cloud fraction relationship remains positive (144), meaning anthropogenic aerosols are

expected to increase global cloudiness on average.

Bellouin et al. (2020) combines evidence from a number of regional estimates of

LWP and cloud fraction sensitivity to suggest globally-averaged LWP adjustments span
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0 to +0.56 W/m2 in the contemporary climate system. AR6 estimated the CDNC-LWP

adjustment at 0.2 ± 0.2 W/m2 based on the Bellouin result and Toll et al. (2019) (145),

but acknowledge that limited studies are available to make this assessment. Similarly,

Bellouin assesses cloud fraction adjustments span -1.14 to 0 W/m2, with AR6 suggesting

-0.5 ± 0.4W/m2. Combining these with the Twomey effect RF, ACI ERF is estimated

at between -2.2 and -0.6 W/m2 (likely range) by Bellouin, and -1.1 ± 0.7 W/m2 in AR6.

Both assessments are made for the interval 2010-2019, spanning the modern satellite era.

As with ARI, the ACI also depends strongly on the aerosol species. SO2−
4 aerosols

reduce the cloud droplet effective radius and hence brightens clouds (lengthening the

cloud lifetime), and have been linked with precipitation suppression (146). BC aerosol-

cloud interactions are complex, with literature suggesting BC encourages SW absorption

and hence droplet evaporation (the semi-direct effect), but also linking BC with larger

cloud droplet radius for low liquid water paths over the Indian Ocean (147). BC pollution

has also been linked to precipitation enhancement over the Indian sub-continent by

acting as a heat pump during summer monsoon season (148). On shorter timescales

large aerosol pollution events can also act to suppress intra-seasonal monsoon rainfall

by enhancing atmospheric stability and increased moisture divergence (149). For the

majority of the northern hemisphere the anthropogenic aerosol perturbation is dominated

by the radiative heating/cooling caused by SO2 emissions trends. A better understanding

of the influence of BC and OC pollution on cloud optical properties is important for

characterising many southern hemisphere aerosol-cloud-radiation interactions, and is

the subject of ongoing research (150).

Model-derived aerosol forcing and energy balance constraints

The Radiative Forcing MIP (RFMIP) (54) and Aerosol and Chemistry MIP (AerChem-

MIP) (55) were proposed to diagnose ERF contributions over the historical period and

over a range of future emissions scenarios (see relevant descriptions in table 1.2). These

coordinated experiments allow the present-day ERF level to be diagnosed for the full

range of pollutants across a wide range of CMIP6 models, and the spatio-temporally

varying ERF patterns for aerosols, GHGs, and natural forcings to be diagnosed for a
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subset of models. Complementing this, the Detection and Attribution MIP (DAMIP)

(56) project used near-identical experiments, but with transient SST and sea ice

included, to estimate the transient temperature responses to individual forcing agents

for use in attribution studies.

Smith et al. (2020, 2021) used these experiments to diagnose the aerosol ERF

for 17 CMIP6 models, determining the aerosol forcing in 2014 spanned -0.63 to -

1.37 W/m2 relative to 1850 (89) — both a narrowing of the range and a positive shift

for the mean forcing compared to CMIP5. Smith et al. (2020) also noted that the

aerosol forcing appeared uncorrelated with climate sensitivity in the models surveyed,

suggesting that the increasing spread in ECS observed in CMIP6-iteration models (80),

particularly related to high-sensitivity models (49 , 50 , 90), is not a consequence of

a stronger negative present-day aerosol forcing. Zelinka et al. (2020) determines

the larger ECS suggested by some models are instead caused by more positive cloud

feedbacks (80 ). The extent to which future revisions to these feedbacks alter the aerosol

forcing-feedback relationship remains unclear. Together, these studies form the basis

for Forster et al. (2021)’s assessment that model-derived forcing is -1.1 ± 0.8W/m2

in 2014 relative to 1850. This, combined with observational evidence, produces their

overall aerosol ERF assessment of -1.3 (-2.0 to -0.6)W/m2 in 2014 relative to 1750,

with the uncertainty range widened to account for non-negligible processes not currently

included in CMIP6-iteration GCMs (predominantly ice cloud processes (5)).

A complementary approach to constrain aerosol ERF uses energy balance constraints

on top of the aforementioned model-based and satellite-based assessments. Such

approaches rely on a downstream observation, such as the GMST anomaly or TOA

radiative flux anomaly, to provide a measure of quality of fit for the prior aerosol ERF

distribution. Smith et al. (2021) uses a constraint on GMST and ocean heat uptake

to provide a joint distribution of present-day aerosol ERF and the TCR parameter,

arguing aerosol ERF is more-likely -1.1 (-1.8 to -0.5) W/m2 over the decade 2005-2014,

revised down from the AR6 best-estimate above. Bellouin et al. (2020) also uses energy

balance constraints from GMST to reduce their upper bound on aerosol ERF, which

is produced from process-based and satellite-based estimates. Other examples in the
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literature include: Sherwood et al. (2020)’s ECS review, which used observational

and energy balance constraints to tighten the overall ECS distribution (151); Stevens

(2015)’s use of hemispheric energy balance constraints to limit the lower bound on

aerosol ERF (152); and Watson-Parris and Smith (2022)’s discussion of the joint

distribution between ECS and aerosol forcing (91).

In this thesis observations are used to provide constraints on model-derived outputs

several times, including in chapters 3 and 4 for the aerosol forcing trend and warming

trend estimates, and in chapter 5 to produce an observationally-constrained estimate

of the TCRE parameter.

The aerosol trend

The ERF trend is a key input for the recent warming trend assessment, as was seen

in figure 1.1 where the AR6 ERF revisions dramatically altered the stylised mitigation

scenario. Despite being the key control on the rate of anthropogenic warming, the ERF

trend has received relatively little research attention to date. This is likely a result of

the ongoing challenges in assessing the ERF level using models and observations, and

particularly in finding agreement between model-derived and observationally-constrained

estimates of aerosol forcing (5 , 68). Since AR5, a sustained research effort has aimed

to better reconcile the model- and observationally-derived estimates, resulting in better

agreement on the aerosol (and hence total anthropogenic) ERF in the AR6 report.

Confidence in the aerosol assessment is vital for assessing the anthropogenic ERF

trend: despite the GHG ERF trend being the dominant contributor to the multi-decadal

ERF trend, aerosols are the key contributor to its uncertainty at present day. GHG

trends are more tightly constrained by observations (e.g. CO2 and CH4 atmospheric

concentration change), whereas substantial uncertainty still remains in recent aerosol

emissions trends (63), the anthropogenic aerosol burden (153 , 154), and the global

radiative response to aerosols (71).

The vast majority of aerosol forcing assessments completed in the literature and

discussed above are based on analysis over the 2010-2019 decade, centred on 2014. This

is done because the CMIP6 historical period ends in Dec. 2014, and since much of the
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satellite-based observational evidence relies on a multi-decadal observational record to

determine a ‘present-day forcing’ estimate. These constraints produce the -1.3 (-2.0 to

-0.6) W/m2 overall AR6 assessment quoted on the previous page. Forster et al. (2021)

notes that "there is limited evidence available for the assessment of how aerosol ERF

has changed from 2014 to 2019" (5). Forster does produce an aerosol ERF estimate

updated until 2019, based on trends in global mean AOD and emissions of aerosols and

aerosol precursors (63). They assess that the aerosol ERF has decreased in magnitude

by around 0.2W/m2 since 2014, and thus the headline aerosol forcing assessment for

2019 is -1.06 (-1.71 to -0.41)W/m2, relative to 1750 (medium confidence).

Although more detailed studies on the recent aerosol forcing trend are lacking,

researchers have identified processes by which rapid aerosol emissions trends impact on

the climate system. Wilcox has produced seminal work studying the regional response

to aerosol emissions trends over history. Using the HadGEM3.1 GCM driven with

and without aerosol emissions from China, Wilcox identifies mechanisms by which

these regional aerosol emissions impact on the wider northern hemisphere and global

temperature anomaly (155). This is explored in work by Samset et al. (2019), who

discuss recent aerosol emissions trends in Asia and the emergence of local aerosol-induced

warming response patterns (156). The local response to decadal emissions trends in

Asia is also discussed by Dong et al. (2019), who suggests a role for aerosol emissions

trends since the late-20th century in explaining the observed southward shift in the

Intertropical Convergence Zone and a weakening of the East Asian Monsoon (157).

The short lifetime of aerosols means they also play a prominent role in the outcome

of the next decade’s climate policy. Matthews and Zickfeld (2012), and later Smith

et al. (2019), have modelled the warming commitment if emissions of all pollutants

cease immediately (158 , 159). Since aerosols have a much shorter lifetime than the

prominent GHGs, zeroing all emissions from the present day results in a temporary

warming rate spike, followed by a relaxation towards the equilibrium warming level

over a multi-decade interval. Samset considers impact of removing anthropogenic

aerosol emissions alongside achieving other high ambition climate policy (160), further

demonstrating the importance of the historical aerosol-masked warming. Although not
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realistic, this extreme experiment highlights the importance of co-mitigation of aerosol

and short-lived GHG emissions over a multi-decade interval, if the aim is to minimise

the overall warming impact of the non-CO2 mitigation.

Although less extreme, more realistic aerosol emissions reduction pathways do still

suggest a sizeable quantity of aerosol-masked warming may be revealed in the coming

decade. Persad, Samset and Wilcox highlight this challenge for policy (161), noting the

importance of greater understanding of the regional impacts of reducing aerosol emissions

in the UNFCCC’s COP process. To better quantify this effect, Wilcox et al. (2022, in

review) have proposed a Regional Aerosol MIP to better understand the regional impact

of varying aerosol emissions (162), focusing on SO2 mitigation in South East Asia and

BC and OC mitigation in Africa and South America. This will contribute significantly to

our knowledge of the climate response to varying regional aerosol emissions, although

the challenge of constraining the aerosol contribution to AGW today remains.

Finally, and uniquely for this decade, it is likely we are now at a turning point in

the aerosol era. Bauer et al. (2022) discusses this possibility using the GISS-E2.1-G

CMIP6-iteration model to demonstrate that aerosol forcing and induced cooling reaches a

maximum before declining in the 2020s, and that this is a robust feature across scenarios

regardless of mitigation ambition (163). Quass et al. (2022) presents an equivalent

analysis of observations over the past two decades, considering the 20-year trend in

aerosol-relevant satellite observations since 2000 (164). The trends in AOD, TOA fluxes

and cloud properties reveal that aerosol forcing is stabilizing, if not declining, globally

over the satellite era. This realisation is the starting point for a detailed discussion of

the aerosol contribution to present-day warming trends in chapters 3 and 4.

1.4.2 Observations of the climate system

Alongside model-based studies of individual pollutants’ ERF contributions, direct

observational evidence of the anthropogenic global warming trend is available. In-

situ GMST timeseries produced through the collection and harmonising of local surface

temperature records over the industrialised period (1850-present) are the most accurate

measure of global surface temperatures (8). Modern GMST datasets include statistical
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infilling approaches to handle missing data in the spatiotemporal record (43). Examples

of GMST datasets used in this thesis are: HadCRUT5 (43), GISTEMP (165), NOAA

(166), and Berkeley Earth (167) (see table 1.3). The methodologies commonly used to

attribute AGW using the GMST anomaly has been briefly introduced above, while

in-depth studies attributing recent GMST trends to anthropogenic pollutants are

discussed in chapters 3 and 4.

Over the last two decades continuous satellite observations have provided a near-

global measurement of several important properties of the climate state in real-time.

This has proved of great value to the physical climate research community, providing

simultaneous observation of several important atmospheric properties co-observed on

platforms with well-calibrated equipment and known drift characteristics (168). Examples

of observations important for this thesis include AOD, TOA radiative fluxes (shortwave,

longwave and net broadband fluxes), cloud optical properties (e.g. cloud fraction, cloud

optical depth, cloud top height, pressure and temperature etc.) and global surface

temperature. Although earlier satellites have observed subsets of these quantities since

the late-20th century (169 , 170), these missions were often short and blighted by poorly

characterised satellite drift and measurement equipment. This limits the utility of these

records for establishing trends in energy balance and surface temperature over multi-

decade periods. In contrast, these more recent satellites have now continuously observed

for over two decades, providing insights into long-term observed trends in climate

system properties for the first time (164). A summary of the satellite observations

used in this thesis can also be found in table 1.3.

NASA’s Clouds and Earth’s Radiative Energy System (CERES) equipment (168)

has been analysed repeatedly to produce energy balance constraints for investigating

forcings and feedbacks on the Earth system. Based on equation 1.6 above, identifying

the feedback parameter relies on isolating the trend in a scatterplot of TOA flux and

GMST observations, having first adjusted TOA fluxes to account for ERF trends over

the interval (171). This approach is typically referred to as a Gregory regression, and is

the standard means to derive the ECS parameter (80), defined as the intersection of the
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linear regression with the temperature-axis. A summary of research utilising TOA flux

observations in this way is provided in AR6 (5) and in Sherwood’s ECS review (151).

In the 2000s the CERES record appeared reasonably successful in estimating the net

feedback parameter (82 , 172). In later assessments this success diminished (suggesting

the precision offered in these earlier assessments was illusory), likely due to stronger

internal variability in the second half of the record decoupling the short-term feedback

from the long-term ECS response (74 , 173). Despite this, TOA radiative fluxes do still

remain a useful gauge of the net feedback, its shortwave and longwave components,

and hence the multi-decadal climate response. Dessler and Forster (2018) demonstrates

how estimating the feedback using tropical near-surface air temperature, instead of

GMST, improves correlation with long-term feedbacks (74), since the former variable

is better correlated with ENSO variability. This result still relies on the short-term

TOA flux variability informing long-term feedbacks, a point on which the literature

is not agreed (173).

Kramer et al. (2021) and Raghuraman et al. (2021) use the 20-year trends in

CERES TOA flux observations to identify evidence of the anthropogenic ERF trend

between 2000-2020. Kramer uses radiative kernels to estimate the ERF contributions of

GHGs and aerosols to the observed 20-year linear trend in TOA flux, showing that GHG

forcing is required to reproduce the observed CERES trend (97). This result is supported

by Raghuraman, who determines the CERES trend is both statistically significant and

anthropogenic in origin (174). Neither paper finds a major role for aerosols in the CERES

observations, despite clear trends visible in all sky and clear sky SW fluxes. Analysis

of the aerosol contribution is potentially hampered by both groups only considering a

20-year linear trend, while aerosol trends have more likely varied decade-to-decade (63 ).

Loeb et al. (2019, 2021) and Stephens et al. (2022) also discuss trends in the

CERES record, focusing on the SW anomaly and evidence for an aerosol contribution

(131 , 173 , 175). Loeb argues that aerosol emissions trends contribute only a small

amount to the all sky SW flux anomaly variability, determining a more important role

for cloud variability (173). This is somewhat refuted by Stephens et al. (2022), who

agree with the claim that cloud feedbacks contribute significantly to the all sky flux,
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Observation name Variable Description

CERES TOA fluxes

CERES equipment flown on NASA’s Terra and
Aqua satellites (168). Measures TOA flux obser-
vations with near-global coverage, split between
broadband shortwave, longwave and net radiative
flux, and additionally subset into clear-sky and all-
sky conditions. Monthly averages gridded onto
1◦×1◦ (lat,lon) grid, and spanning March, 2000
to present.

MODIS AOD/cloud optical
properties

MODIS equipment flown on NASA’s Terra and
Aqua satellites (176). Measures AOD, along with
cloud optical properties to infer cloud droplet
effective radius, CDNC, cloud fraction, LWP.
Monthly averages gridded onto 1◦×1◦ (lat,lon)
grid, and spanning March, 2000 to present.

Sogacheva et al. (2020) AOD

Merged AOD record using several overlapping
AOD records from a range of satellite products,
validated against in-situ measurements (153).
Monthly averages gridded onto 1◦×1◦ (lat,lon)
grid, and spanning Jan, 1995 to Dec, 2017.

HadCRUT5 GMST

In-situ surface temperature record produced by
the Met Office. Includes a 200-member ensemble
to sample uncertainty, and additional products
which use alternative infilling approaches (43).
Monthly averages gridded onto 5◦×5◦ (lat,lon)
grid, and spanning 1850 to present.

GISTEMPv4 GMST

In-situ surface temperature product completed
by NASA’s Goddard Institute for Space Studies
and based on NOAA’s surface temperature obser-
vation network (165). Global, monthly averages
spanning 1850 to present.

NOAA GMST

In-situ surface temperature product from NOAA’s
surface temperature observation network (177).
Global, monthly averages spanning 1850 to
present.

Berkeley Earth GMST

In-situ surface temperature product from Berkeley
Earth’s land surface temperature dataset and
HadCRUT3 SST dataset (167). Global, monthly
averages spanning 1850 to present.

Copernicus Atmosphere
Monitoring Service CAMS Reanalysis product from ECMWF’s Integrated

Forecasting System (178).

Table 1.3: Summary of key observation datasets used in this thesis.

but determine a larger role for the clear sky SW trend in explaining the overall SW flux

anomaly (where aerosols are the major contributor to decadal trends in the clear sky

SW flux observations). The contribution of aerosols to the recent SW flux anomaly

behaviour requires further research, which is addressed in chapters 3 and 4 of this thesis.

The MODerate resolution Imaging Spectroradiometer (MODIS) equipment allows
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simultaneous observations of cloud and aerosol optical properties coinciding with CERES

TOA flux observations. Products observed with the MODIS equipment include CDNC,

LWP, cloud fraction in cloudy sky conditions, as well as AOD in clear sky conditions.

These were employed extensively in studies contributing to Bellouin’s aerosol forcing

review discussed above (71), as well as providing the basis for the observationally-

constrained forcing assessment in AR6 (5). The 20-year linear trends in MODIS and

CERES observations together provided the evidence basis for Quaas et al. (2022)’s

claim that aerosol forcing has reversed its trend since 2000 (164). Quaas’ paper is

the first to make such a claim based on a direct analysis of observations. I expand

on this assessment in chapter 4.

1.4.2.1 Variability in the observed climate system

A key challenge when attributing observed AGW using satellite and in-situ records is

determining the contribution of internally-generated variability. The climate system

exhibits natural variability which, although chaotic in nature, has several identifiable

patterns. Key modes of GMST variability include the El Niño Southern Oscillation

(ENSO), Pacific Decadal Oscillation (PDO), Atlantic Multidecadal Variability (AMV),

and Quasi-Biennial Oscillation (QBO) (8 , 179). Each of these reflect repeating cycles

in the atmosphere-ocean system which impact on the variables we use to measure AGW

over multi-annual to multi-decadal periods. Other variability signals are also exhibited

over seasonal and sub-seasonal timescales, e.g. the Madden-Julien Oscillation (180).

For this thesis, a particular focus is on ENSO and PDO variability. ENSO alone

represents the largest contribution to multi-annual variability in GMST (181) and is

a key influence on regional weather patterns worldwide (8). ENSO is characterised

using eastern tropical pacific SSTs and is split into three phases: El Niño, La Niña, and

neutral conditions (119). El Niño events are characterised by a warm pool of eastern

tropical pacific SSTs (3-5 ◦C above the historical mean). This shifts the rising branch of

the Walker circulation eastwards and pulls the jet stream southwards in the northern

hemisphere. Conversely, La Niña events are characterised by a cool pool of eastern

tropical pacific SSTs (3-5 ◦C below the historical mean). This strengthens the rising
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branch of the Walker circulation over the maritine continent, and pushes the jet stream

northwards in the northern hemisphere (182). The PDO spatial pattern resembles that

of the primary ENSO mode but is exhibited over longer intervals (typically decadal

or multi-decadal periods) (183).

How models capture these key modes of atmosphere-ocean variability has been

studied extensively. Brown et al. (2015) analysed models’ ability to capture ENSO, PDO

and AMV dynamics in their GSAT timeseries. They determined that models disagree

on the most prominent modes of variability in global surface temperature, including

several which emphasise Atlantic, over Pacific, internal variability (183). CMIP5 and

CMIP6 model ensembles have also been used to project changes in the amplitude of

ENSO with increasing global warming. Warming-induced ENSO amplitude changes are

not detected in the subset of models which exhibit realistic ENSO dynamics, although

other model subsets do display trends (184). The anthropogenic influence on ENSO

teleconnections (particularly with the NH jet stream) are equally poorly constrained by

CMIP6 models, with substantial inter-model and inter-regional differences (185). Despite

these uncertainties, ENSO’s influence on the jet stream suggests an important role in

explaining recent NH GMST trends. This is discussed in greater detail chapters 3 and 4.

1.5 Thesis overview

This chapter began with a discussion of the approaches taken in the literature to

define the level and rate of AGW today. Summarising this, the latest IPCC report

suggests consensus on the level of AGW, but substantial uncertainty on the present-day

rate of warming, despite refinements of both modelling approaches and observational

datasets of the climate system. The rate of warming estimate is arguably the most

prominent output of the IPCC in this assessment cycle, given our proximity to the 1.5 ◦C

warming threshold. The defining question of this thesis is what is the anthropogenic

contribution to the current rate of warming?

To provide context, the introduction also included a brief discussion of the relevant

literature on contributions to global warming. For CO2, this focused on the TCRE

parameter and remaining carbon budgets, which are necessary prerequisites to chapters
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5 and 6. For non-CO2 pollutants this focused on the individual contributions to

warming based on their radiative forcing, and the differences in their physical properties.

These differences necessitate the use of GHG metrics for policy design, but many of

these metrics are poorly suited from a physical science perspective. This provides the

knowledge base for chapter 5. Finally, there was a discussion of the aerosol ERF level

and trend, including the major contributions to uncertainty today, and approaches to

constrain forcing trends using observations and models together. I discussed recent

work constraining the trend in aerosol ERF, identifying the ‘turning point in the aerosol

era’ (163 , 164), and the aerosol-induced warming contribution in ambitious mitigation

scenarios. Together, these provide the knowledge base for chapters 3 and 4.

This thesis focuses on different aspects of the core question. These are split across

chapters 3–6 and can be summarised as:

• What determines the present day rate of warming? In chapter 3 this includes

defining a robust definition for the rate of warming, and constraining the contri-

butions to it from individual anthropogenic and natural sources. Answering this

also requires an estimate of the aerosol and anthropogenic ERF trend over the

past two decades, which is explored in chapter 4.

• How do CO2 and non-CO2 pollutants contribute to near-future rates of warming

and, hence, the remaining carbon budget? This requires deriving a physically-

coherent methodology to compare the CO2 and non-CO2 contributions to remain-

ing warming until 1.5 ◦C, and constraining the value of the TCRE parameter.

These are explored in chapter 5.

• What determines the conditions under which anthropogenic warming stabilises?

The Paris Agreement highlights the need for a balance between residual anthro-

pogenic sources and removals by sinks in order to limit warming, implying at least

a temperature stabilization. The wording of Article 4 of the Paris Agreement

is deliberately ambiguous, so chapter 6 explores the physical requirements for

stabilizing temperatures on multi-decadal timescales.
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Before this, chapter 2 first introduces the simple climate modelling framework which

is used throughout the rest of this thesis. Chapters 3, 4, 5 and 6 then answer the

individual research questions raised above, and chapter 7 concludes.



There is a 50:50 chance of the annual average global
temperature temporarily reaching 1.5◦C above the pre-
industrial level for at least one of the next five years.

— Global Annual to Decadal Climate Update, WMO.
Geneva, 9 May 2022

2
A model of the physical climate system

This chapter presents a mathematical framework for modelling the physical climate

system’s response to anthropogenic pollutants and natural forcing. I derive this framework

based on the FaIRv2.0 simple climate model, and present how it can be used to model:

the physical response of the climate system to CO2 emissions, the radiative forcing

response from the emissions of non-CO2 pollutants, and the globally-averaged aerosol

emissions-to-forcing relationship. These derivations are based on work published in

AGU’s Geophysical Research Letters: Jenkins et al. (2018) Framing Climate Goals in

Terms of Cumulative CO2-Forcing-Equivalent Emissions, and Jenkins et al. (2022) The

Multi-Decadal Response to Net Zero CO2 Emissions and Implications for Emissions

Policy. See refs. (186 , 187).
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2.1 A model of the physical climate response to
emissions

A simple model of the climate system is a useful starting point to explore the char-

acteristics of the global climate system’s response to a wide range of anthropogenic

pollutants. In this thesis I use the mathematical framework described by the FaIRv2.0

simple climate model (29). FaIR’s design is substantially simpler than full-complexity

GCMs, allowing for studies which are not possible in full GCMs (e.g. large ensemble

searches of the multi-dimensional parameter space). Despite this reduced complexity,

FaIR has been shown to emulate the behaviour of individual full-complexity models

across a broad range of scenarios and parameter sets (29 , 93 , 94 ), with these ‘emulator’

parameter sets being used as estimates of key diagnostic parameters of the GCMs (e.g.

TCR, ECS, TCRE). Its performance has also been benchmarked against observations

of the climate system, producing observational-constraints on FaIR’s parameters for

use in future scenario projections (e.g. in Smith et al. (2018) (59)).

I split the description of the important mathematical frameworks used in this thesis

into three subsections. First, I derive the multi-decadal response to CO2 emissions

by introducing the impulse response framework used by FaIRv2.0. From this, I derive

the TCRE parameter by expanding the equation set over multi-decade intervals, and

demonstrate how the second-order terms in this expansion relate the ZEC to the TCRE

in FaIR. Second, I introduce the CO2-forcing-equivalent metric, which can be used to

convert non-CO2 emissions timeseries into CO2 timeseries in a physically-coherent way.

Finally, I discuss the equations for estimating the forcing response to aerosol emissions

in FaIRv2.0, based on the equation set introduced in Smith et al. (2021) (73).

2.1.1 The climate response to CO2 emissions

At a globally-averaged scale, the climate system’s response to a perturbation in CO2

emissions can be explored using a series of impulse response functions (42 , 78 , 79).

The FaIR model is based on this, using four carbon cycle pools (adjustment timescales

representing the rate of decay of atmospheric CO2 perturbations into the biosphere,

upper ocean, deep ocean, and geosphere) (68 , 93 , 188), and two or three thermal
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cycle boxes (where the timescales and efficacies of the boxes parameterise the heat

uptake by the upper and deep ocean, respectively) (78).

2.1.1.1 ERF to temperature response

FaIRv2.0 assumes that the surface temperature anomaly, T(t), is approximated by

an impulse response model

dSi(t)

dt
=

ciF− Si

di

and T(t) =

n∑
i=1

Si(t), (2.1)

where F(t) is the radiative forcing timeseries, Si(t) is the portion of the surface

temperature anomaly associated with the ith box, and di and ci are the thermal

response timescales and thermal response efficacies of the individual boxes (78). Solving

this differential equation produces an expression for the surface temperature as a

function of the radiative forcing

T(t) =

n∑
i=1

ci

di

∫ t

t ′=0

F(t ′)e
− t−t ′

di dt ′. (2.2)

The efficacies, ci, represent the equilibrium warming contribution per unit forcing from

each box (29). The timescales, di, model the thermal cycle relaxation towards the

equilibrium temperature response. Leach et al. (2021) finds that for many CMIP5/6

models two of the three thermal response timescales are approximately a decade or

less, while the other is several hundred years (29 , 189) (d1=0.903 years, d2=7.92 years,

d3=355 years). Although this is not the case for every GCM, with some finding a

best-fit response containing an explicit multi-decade timescale (190), most emulation

parameters can be approximated using two sub-decadal and one multi-century timescale.

Leach et al. (2021) includes the third thermal response timescale as Tsutsui (2020)

suggested this better captures the climate response to a rapid radiative forcing change

(189). Since this third timescale is very short (of order 1 year), the multi-decadal

response is still well-captured using just two timescales (59).

Given this, an expression for the warming response over multi-decade intervals can

be found by expanding the terms on the right-hand side of equation 2.2. For simplicity,

I reduce equation 2.2 to a two timescale impulse response model (one sub-decadal
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and one multi-century timescale). Seshadri (2017) shows this expansion leads to a

remarkably simple expression for the warming response to a forcing timeseries F(t)

over a multi-decade time interval (191)

T(t) = κF

(
F
(
t−

c1d1

c2

)
+ ρ

∫ t

t ′=0

F(t ′)dt ′
)
. (2.3)

T(t) is the temperature change over the interval t, and F(t− c1τ1/c2) is approximately

the change in forcing over that period (the offset c1τ1/c2 is small and can be ignored

over multi-decade intervals).
∫t

t ′=0 F(t
′)dt ′ is equal to the average forcing over the

period (compared to preindustrial) multiplied by the length of the time period, and

ρ is the Rate of Adjustment to Constant Forcing (RACF). The RACF relates to the

linear trend in the temperature anomaly once radiative forcing is stabilised, i.e. it

describes the residual warming resulting from stable ERFs over a multi-decade interval.

Equivalently, ρ defines the rate of forcing decline required to stabilise global surface

temperatures over a multi-decade period. Mathematically, ρ ≈ c2/(c1d2) in a two-box

impulse response model where subscript 1/2 refers to the sub-decadal/multi-century

timescales. The κF parameter is the sub-decadal thermal response efficacy (i.e. κF = c1

in the two-box setup), and can be thought of as the net Transient Climate Response

to Forcing parameter, or TCRF (103).

Equation 2.3 defines a simple relationship for the globally-averaged surface tem-

perature anomaly as a function of ERF. With FaIR’s standard parameters (29), ρ ≈

0.3%/year for the contemporary climate system, meaning anthropogenic radiative

forcing must decline by around 3%/decade for global warming to halt over multi-

decadal timescales (125).

2.1.1.2 CO2 emissions to ERF

An impulse response structure can also be used to describe the carbon cycle response

to a CO2 emissions timeseries (42 , 93 ). In FaIR, a four-pool impulse response structure

determines the atmospheric CO2 concentration following a CO2 emissions timeseries.

These CO2 concentrations timeseries are converted to ERF, F(t), using an approximately

logarithmic concentration-to-ERF relationship (29 , 68 , 69).
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Combining these two steps formulates a single relationship between the ERF and

emissions timeseries

F(t) =

4∑
j=1

µj

∫ t

t ′=0

E(t ′)e
− t−t ′

τj dt ′ (2.4)

where τj are the carbon cycle response timescales and µj are forcing efficacies in units

W/m2/GtCO2 for each of the four carbon pools, and E(t) is the CO2 emissions timeseries.

I have assumed that non-linearities in the carbon cycle response to CO2 emissions (42)

exactly cancel with non-linearities introduced in the logarithmic relationship between

CO2 concentrations and forcing (69). This need not be the case, but in a wide

range of climate model simulations and in the observed Earth system this appears

to approximately hold true (29 , 94).

As was done with the thermal response by Seshadri (2017), this equation can be

recast in terms of two timescales and expanded to explore the multi-decadal carbon

cycle response: τ1, which captures the short timescale (< 10 years) response to a CO2

emissions perturbation; and τ2 which captures the multi-century response (> 100 years).

Considering only two characteristic timescales, and replacing the general CO2 emissions

timeseries with an order α polynomial, E(t) =
∑N

α=0 Eαt
α, I have

F(t) =

2∑
k=1

µk

∫ t

t ′=0

N∑
α=0

Eαt
′αe

− t−t ′
τj dt ′. (2.5)

By swapping the order of the integral and sum over each polynomial component, this

integral can be solved, finding

F(t) =

2∑
k=1

µk

N∑
α=0

Eατk

[( α∑
β=0

(−1)βα!

(α− β)!
τβkt

α−β
)
+ (−1)α+1(α!)τβke

− t
τk

]
. (2.6)

Now considering times where τ1 << t << τ2: for the k = 1 term (herein re-

ferred to as the first term), I can ignore terms which are proportional to e−t/τ1 ,

meaning it simplifies to

First term ≈ µ1

N∑
α=0

Eατ1

α∑
β=0

(−1)βα!

(α− β)!
τβ1 t

α−β. (2.7)
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Going further, and keeping only the leading order term from each component in the

outer sum (i.e. keeping only β = 0 terms, since all other terms are at least an

order τ1/t smaller) gives

First term ≈ µ1τ1

N∑
α=0

Eαt
α = µ1τ1E(t). (2.8)

For the second term in the outer sum in equation 2.6 (k = 2; t << τ2), I expand

the terms proportional to e−t/τ2 , finding

Second term = µ2

N∑
α=0

Eατ2

[(
α∑

β=0

(−1)βα!

(α− β)!
τβ2 t

α−β

)
+(−1)α+1(α!)τα2

∞∑
γ=0

(−1)γ

γ!

(
t

τ2

)γ]
.

(2.9)

The infinite sum over γ on the right hand side can be separated into two contributions,

one sum including the terms 0 → α, and the other including the terms α → ∞.

Then, noting that the terms 0 → α in the sum over γ cancel the terms in the sum

over β, this second term simplifies to

Second term = µ2

N∑
α=0

Eαα!τ
α+1
2

∞∑
γ=α+1

(−1)γ

γ!

( t

τ2

)γ
. (2.10)

All of the terms in this second term are proportional to (t/τ2)
γ. Hence keeping only

the two leading order terms which remain in the sum over γ gives

Second term ≈ µ2

N∑
α=0

Eα

[
α!

(α+ 1)!
tα+1 −

α!

(α+ 2)!τ2
tα+2 + ...

]
(2.11)

which can be identified with the integral of the annual emissions polynomial, E(t),

and the double integral of E(t), respectively

Second term ≈ µ2

[∫
E(t)dt−

1

τ2

∫ ∫
E(t)dtdt+ ...

]
. (2.12)

Putting the first and second terms in equation 2.6 back together, I have derived the

approximate form for F(t) over inter-decadal timescales, where τ1 << t << τ2

F(t) ≈ µ1τ1E(t) + µ2

∫
E(t)dt−

µ2

τ2

∫ ∫
E(t)dtdt. (2.13)

While this result is of interest in itself, to derive the TCRE from the above expressions I

need the inverse of this relationship (i.e. an expression for the cumulative CO2 emissions
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as a function of F(t)). To find this, note that the middle term in equation 2.13

dominates over inter-decadal timescales (the other two terms are factors τ1/t and

t/τ2 smaller, respectively). Hence, I can approximate the terms dF
dt
(t) ∼ µ2E(t), and∫

F(t)dt ∼ µ2

∫ ∫
E(t)dtdt. Substituting these into equation 2.13 and rearranging yields∫

E(t)dt ≈ 1

µ2

(
F
(
t−

µ1τ1

µ2

)
+

1

τ2

∫
F(t)dt

)
, (2.14)

where I have used the fact that on timescales where t >> τ1, F(t − µ1τ1

µ2
) ≈

F(t) − µ1τ1

µ2

dF
dt
(t) (103).

2.1.1.3 Deriving the TCRE

The expression in equation 2.14 appears to mirror the expression in equation 2.3, where

the quantity on the lefthand side of each equation is proportional to the sum of the

change in ERF and the integral of the ERF over the time period. These two lefthand

quantities are the cumulative CO2 emissions, herein labelled G(t), and the temperature

anomaly, T(t). Hence, combining equations 2.3 and 2.14 derives the well-known TCRE

relationship — cumulative CO2 emissions are proportional to CO2-induced warming.

Further, these two equations highlight the requirements for the TCRE to be time and

scenario independent: the timescales in equations 2.3 and 2.14 must exactly match

((µ1τ1)/µ2 ≡ (c1s1)/c2, 1/τ2 ≡ ρ), they must not vary in time, or depend too heavily

on the time history of the radiative forcing. If these conditions are met the temperature

response is determined exactly over all timescales by the cumulative CO2 emissions

multiplied by a constant TCRE parameter (where the TCRE = µ2κF).

If the various timescales are not identical then the temperature response can lead

or lag the cumulative CO2 emissions. Over short intervals differences between the

sub-decadal timescales ((µ1τ1)/µ2, (c1s1)/c2) can cause some residual warming to

occur shortly following net zero. However, over multi-decade intervals warming induced

by mismatched short timescales quickly becomes irrelevant as these differences are

of order 1-3 years. More important for mitigation policy is the response following a

CO2 perturbation if the multi-century timescales of the carbon and thermal cycles are
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mismatched (1/τ2, ρ). In this case, when equations 2.3 and 2.14 are combined there

is an additional term beyond the TCRE linearity

∆T = κE(∆G+ oḠ∆t), (2.15)

where o = ρ− 1/τ2 is the RAZE, or Rate of Adjustment to Zero Emissions parameter,

∆G is the cumulative CO2 emissions change over the interval ∆t, κE is the TCRE

parameter (κE = µ2κF, the combination of the transient warming response to a

unit forcing change, κF, and multi-century forcing resulting from a unit emissions

perturbation, µ2), and Ḡ is the quantity of cumulative CO2 emissions released since

preindustrial averaged over the interval ∆t.

Since ρ can be rewritten in terms of the TCR and ECS parameters (103 , 187),

the RAZE parameter can also be written

o =
1

d2

(ECS − TCR
TCR

)
−

1

τ2
, (2.16)

where d2 is the multi-century response timescale of the thermal cycle. In this case,

the requirements for RAZE to be exactly zero (and hence the TCRE relationship

to exactly hold) is

ECS − TCR
d2

=
TCR
τ2

, (2.17)

i.e. the rate at which energy is added to the system by the thermal cycle releasing the

remaining warming after net zero, (TCR-ECS)/d2, must equal the rate at which the

carbon cycle is absorbing CO2 and reducing the warming which occurred to date, TCR/τ2.

If the thermal cycle is more rapidly adjusting than the carbon cycle, or the fraction of

warming yet to be realised is large (TCR/ECS small), then we observe a positive RAZE

(the thermal cycle is relaxing towards the long-term equilibrium more rapidly than the

carbon cycle can compensate). For a negative RAZE the opposite is true: either the

long-timescale response for the carbon cycle adjusts more rapidly than the thermal cycle,

or the TCR/ECS ratio is large (in either case the thermal cycle cannot add thermal

energy into the atmosphere as quickly as it is dissipated by the relaxing carbon cycle).

In summary, equation 2.15 describes the multi-decadal warming response arising

from a CO2 emissions perturbation in the FaIRv2.0 simple climate model. The first
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term describes the well-known linearity between cumulative CO2 emissions and warming

(the TCRE relationship), while the second introduces the RAZE parameter. This

RAZE term describes the residual warming trend once CO2 emissions have reached

net zero, where residual warming or cooling occurs because of an imbalance between

the multi-century response of the thermal cycle (described by the RACF, ρ) and the

carbon cycle (described by 1/τ2). Both of these terms are of order a fraction of one

percent, meaning the RAZE parameter (the difference between them) is of that size or

smaller, and may be positive or negative (103). Further investigation of the properties

of the RAZE parameter is left to chapter 6, where I derive the physical requirements

to stabilise global surface temperatures over a multi-decade interval.

2.1.2 The contribution from non-CO2 pollutants

In chapter 1 I discussed the use of GHG metrics to compare the contributions of various

pollutants to AGW. This discussion highlighted the failure of the most commonly used

metric, GWP, to compare pollutants in a physically accurate manner. This occurs

because the GWP metric uses an integral in its definition, losing information on the

lifetime of the pollutant in question, relative to that of CO2 (127). Variations on GWP

have been proposed to address this issue (125 , 192 , 193), but these depend on relatively

arbitrary choices, such as the binary distinction between ‘long-lived’ and ‘short-lived’

climate pollutants (4 ). This begs the question: how can we define a physically-coherent

conversion between a pollutant’s emissions timeseries and a quantity of CO2?

One proposal, building on the notion of a forcing equivalent index proposed by

Wigley (1998) (124) and elaborated on by Manning and Reisinger (2011) (194), is to

express net total anthropogenic radiative forcing in terms of CO2-forcing-equivalent

(CO2-fe) emissions, defined simply as the time history of CO2 emissions that would

result in a given radiative forcing pathway (similar to the approach of Zickfeld et

al. (2009), who go a step further and diagnose anthropogenic radiative forcing from

temperatures (195)). I outlined such an approach in a 2018 paper, discussing the

mathematical approach in the FaIRv1.0 model (94). A carbon cycle model is required

to compute CO2-fe emissions, but since the relationship between radiative forcing
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and CO2-equivalent concentrations is relatively unambiguous, and CO2 emissions are

diagnosed from CO2 concentrations in many climate modeling experiments already

(104 , 196 , 197), calculating CO2-fe emissions in this way is no more model dependent

than calculating CO2 emissions themselves.

CO2-fe emissions are diagnosed by inverting the radiative forcing timeseries to

determine the corresponding timeseries of CO2 emissions. This requires inverting the

approximately logarithmic concentration-to-ERF relationship for CO2

C(t) = C0 exp
(F(t) ln(2)

F2×

)
, (2.18)

where C0 is the preindustrial CO2 concentration, and F2× is the radiative forcing resulting

from doubling CO2 concentrations. This inversion is an approximation since Etminan

et al. (2016)’s revised forcing relationships additionally include small corrections to

the pure logarithmic term (69), modelled as F ∝
[

ln(C),C2,
√
C
]

(29 , 68). These

corrections are sufficiently small to be neglected to first order.

Given this concentration timeseries, I diagnose the CO2-fe emissions at each timestep

by inverting FaIR’s carbon cycle impulse response model

dRi(t)

dt
= aiE(t) −

Ri(t)

α(t)τi
, (2.19)

C(t) = C0 +

4∑
i=1

Ri(t). (2.20)

Here, Ri are the concentrations of four carbon reservoirs with corresponding decay

timescales, τi, and uptake fractions ai. α is a state-dependent adjustment factor,

introduced in Millar et al. (2017) to account for the change in rate of carbon uptake

by non-atmospheric carbon pools as their perturbation increases. α is a monotonically

increasing function of the atmospheric and non-atmospheric CO2 perturbation, and the

surface temperature anomaly. In the original formulation of FaIR, Millar defined α using

the integrated Impulse Response Function over a 100 year interval

iIRF100 =
∑
i

αaiτi

[
1− exp

(−100

ατi

)]
= r0 + rCCacc + rTT , (2.21)

where r0, rC and rT coefficients describe the preindustrial iIRF100 value (r0), the

iIRF100’s linear relationship with CO2 accumulated in non-atmospheric pools (rCCacc),
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Figure 2.1: Two idealized radiative forcing profiles (panel a; solid and dotted lines) are split
so that their total radiative forcing is identical (red), but with different proportions arising
from CO2 (black) and non-CO2 (blue) sources after 2020. Panel b shows these scenarios
expressed in terms of CO2-fe emissions. Since the total forcing is identical, the diagnosed
total CO2-fe emissions are the same, but with different contributions coming from CO2 and
non-CO2 sources in each case. The temperature response to these total CO2-fe emissions
pathways would be identical, assuming non-CO2 forcings have been accurately expressed in
terms of ERF. Diamond symbols show the year of temperature stabilization.

and its linear relationship with the surface temperature anomaly (rTT) (42 ). Alternatively,

a functional form for α can be found based on an analytic approximation to the

numerical solution to equation 2.21 (29). Diagnosed emissions found by inverting FaIR’s

carbon cycle are subject to two-time-step noise which is removed with a Gaussian

kernel (σ = 5years).

2.1.2.1 Example outputs of the CO2-fe metric

Figure 2.1 shows a stylised example of the application of CO2-fe metric to determine

CO2 emissions. Panel a contains two idealized radiative forcing scenarios (dotted and

solid lines), with the same total forcing (red) but where different proportions are from

CO2 (black) and non-CO2 (blue) sources after 2020. The dotted lines show a scenario in

which non-CO2 forcing continues to increase, while solid lines show a scenario in which

it is stabilized. Panel b shows the corresponding CO2-fe emissions for each scenario:

note that increasing non-CO2 forcing equates to approximately steady positive CO2-fe

emissions, mimicking the cumulative impact of CO2, while stabilizing non-CO2 forcing

equates to an immediate decrease of CO2-fe emissions toward zero. The total CO2-fe
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emissions (red, panel b) are identical except for smoothing errors and small non-linearities

from the calculation method. Temperature responses to these two scenarios would

also be identical, since they produce identical radiative forcing timeseries, and diamond

symbols show the year in which temperatures stabilize. Unlike CO2 emissions alone, or

CO2-equivalent emissions calculated with the GWP metric, CO2-fe emissions reaching

net zero is an accurate and scenario-independent indicator of “emissions balance” if

interpreted in terms of the conditions required for temperature stabilization (198),

subject to a small RAZE parameter, as discussed above.

In summary, CO2-fe emissions recast a complex multi-gas emissions scenario into

a single timeseries of CO2 emissions. The physical response to these are significantly

easier to conceptualise than the underlying multi-gas scenario, and can be approximated

with the extended TCRE framework derived in equation 2.15. To use the CO2-fe

metric, one first needs an ERF timeseries for the emissions scenario of interest. For

the major non-CO2 GHGs (CH4 and N2O) this can be calculated using the simplified

concentration-to-forcing relationships defined in Etminan (2016), or with the similar

relationships used to produce the headline ERF assessments in Forster et al. (2021)

(69 , 72). Corresponding concentration timeseries for individual GHGs can either be

measured over the historical period (199), or estimated using single-pool gas cycle

models (29) or full-complexity GCMs (55). Since non-CO2 GHGs are well-mixed and

relatively easily observed in the atmosphere, their resulting ERF estimates are generally

well-constrained at present day. For aerosols, global emissions-to-forcing relationships

are more uncertain, and must capture both the direct interactions between particulates

and radiation, and the radiative response to aerosol-cloud interactions. The aerosol

emissions-to-forcing expressions used in FaIRv2.0 are discussed below.

2.1.3 Aerosol emissions-to-forcing framework

A simple model for the ARI and ACI contributions to total aerosol ERF was proposed

by Smith et al. (2021) (73) (based on earlier work by Stevens (2015) (152)). This
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made ARI ERF a linear function of individual aerosol species emissions

FARI(t) =

N∑
i=1

αiEi(t) = αSO2ESO2(t) + αBCEBC(t) + αOCEOC(t) (2.22)

where αSO2,BC,OC is the radiative efficacy of SO2, BC and OC emissions (the three

dominant anthropogenic aerosol emissions species).

For ACI ERF, Smith proposed a log-linear functional form

FACI(t) = −β log
(
1+

ESO2(t)

sSO2

+
(EBC(t) + EOC(t))

sOC+BC

)
(2.23)

where the strength of the non-linearity is encoded by the relative size of sSO2 and

sBC+OC compared to ESO2(t) and EBC(t)+EOC(t), and β is the overall ACI radiative

efficacy parameter (in units W/m2). Equation 2.23’s log-linear form is inspired by

Stevens (152), who argued it better reflected the saturating effects of aerosols on cloud

properties at very high aerosol loading, compared to a linear relationship (152). The

total aerosol ERF is the sum of the FARI and the FACI.

Smith et al. (2021) demonstrated these two expressions emulate the individual

aerosol ERF responses of CMIP6 model’s RFMIP and AerChemMIP experiments (73),

fitting them using a least-squares regression. Responses are shown for individual RFMIP

and AerChemMIP-contributing GCMs in figure 2.2, with coloured lines showing the

simplified emissions-to-forcing equation set emulation of these more complex models.

The multi-model mean α coefficients (-2.5, +28.5, and -8.5 mW/m2(Tg/yr)−1 for SO2,

BC, and OC, respectively) are similar to the radiative efficacies found from Aerocom

models (200). The multi-model mean β, sSO2 and sBC+OC values (1.22W/m2,

157TgSO2/yr, and 76.7TgC/yr) span several orders of magnitude across the CMIP6

models in figure 2.2. Small sSO2 and sBC+OC parameters produce a highly logarithmic

ERFACI, while large sSO2 and sBC+OC mean ERFACI is linear to a change in emissions.

The degree of logarithmicity for ERFACI differs substantially between GCMs (29 , 201),

with some models exhibiting near-linear responses (e.g. GFDL-ESM4, NorESM2-LM),

and others exhibiting highly non-linear responses (e.g. HadGEM3-GC31-LL, CanESM5).

CMIP6 models exhibit a range of aerosol forcing magnitudes and shapes in response

to identical emissions inputs, but only provide a very sparse sampling of the overall
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parameter space. A table of the individual parameter fits is provided in Smith et al.

(2021). Some parameters in equations 2.22 and 2.23 co-vary substantially, particularly

those defining the ACI response, therefore ensemble searches must be careful to account

for this when sampling parameter distributions. With the equation set defined above and

the CMIP6 model parameter distributions, a wide aerosol ERF ensemble can be produced

based on CMIP6 model responses. This technique is used at the end of chapter 4 to

assess the aerosol-induced warming trend and trend change over the past two decades.

2.1.3.1 Aerosol ERF trends

These simple aerosol ERF expressions can be differentiated to produce an equation

of the aerosol ERF trend contributions

dF(t)
dt

=
∑
i

αi

dEi

dt
(t) − β

(E ′
SO2(t)/sSO2 + E ′

BC+OC(t)/sBC+OC)

(1+ ESO2(t)/sSO2 + EBC+OC(t)/sBC+OC)
(2.24)

where the index i sums over SO2, BC and OC emissions and the prime on the right-hand

side of equation 2.24 refer to time derivatives. In equation 2.24 the ARI contribution is

a linear function of the individual aerosol emissions trends, while the ACI contribution is

a function of the fractional rate of change of emissions over the period.

With some additional approximations this aerosol ERF trend can be simplified further:

1) the emissions quantities (E(t)/s) are small enough to use a Taylor expansion in

the logarithm; and 2) ESO2(t)/sSO2 » EBC+OC(t)/sBC+OC, meaning the ERF trends

majority contributor is SO2 emissions. These two assumptions are valid for the multi-

model mean parameter values from Smith et al. (2021) above (73) and CEDS emissions

inventories (63). With these approximations, equation 2.24 simplifies to

dF(t)
dt

≈ dESO2

dt
(t)
(
αSO2 −

β

sSO2

+
βESO2(t)

(sSO2)2
+ ...

)
. (2.25)

Hence, the aerosol ERF trend is, to first order, proportional to the trend in SO2 emissions,

plus a correction term proportional to the emissions trend multiplied by the normalised

emissions quantity (ESO2(t)/sSO2). If this correction term is small, then the aerosol

ERF trend is approximately linear over the time period of interest; if it is close to one

the ERF trend is highly non-linear and this approximation becomes invalid.
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Figure 2.2: CMIP6-model diagnosed aerosol ERF relative to 1850 (grey) with emulated
ERF shown with coloured lines. Figure reproduced from Smith et al. (2021). A table of the
individual parameter fits is also provided in Smith et al. (2021).
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2.2 Discussion

This chapter demonstrates how a simple modelling framework can be used to capture

key properties of the physical climate system’s response to anthropogenic emissions.

I began by introducing the impulse response frameworks used by FaIRv2.0 to model

the carbon and thermal cycles. On the basis climate policy is interested in the warming

response of the climate system over multi-decade intervals, these expressions were

expanded assuming the timescales of physical climate responses can be separated

broadly into sub-decadal and multi-century responses. The resulting expansions of

the carbon cycle (equation 2.14) and thermal cycle (equation 2.3) shared a common

structure, which can be exploited to derive the TCRE relationship.

By completing the expansion, I also derived the conditions which were required for

this TCRE relationship to be exact. In FaIR, these conditions related to the relative

size of timescales in the thermal and carbon cycles, in particular, differences in the

multi-century responses which are responsible for maintaining the stability of the TCRE

relationship in the long-term. These were discussed in equation 2.17, which shows how

multi-decadal warming halts at net zero if the TCR, ECS and multi-century responses

timescales in the thermal and carbon cycles exactly offset. This framework forms the

basis for the analysis of ZEC in terms of the RAZE framework in chapter 6.

Next, I introduced the concept of CO2-forcing-equivalent emissions, demonstrating

how it can be derived in FaIRv2.0 and used to compare radiative forcing timeseries.

CO2-forcing-equivalent emissions are particularly helpful as a GHG metric: defined as

the CO2 emissions which produce the same radiative forcing pathway as an arbitrary

pollutant’s emissions timeseries. By construction they produce a physically-identical

temperature response to that arbitrary pollutant’s emissions timeseries, as the resulting

ERF pathways for each emissions timeseries are identical. CO2-fe emissions are also

functionally identical to CO2 emissions, and therefore inherit all the useful properties

derived in the first section governing the multi-decadal warming response to a CO2

emissions timeseries. These facts together make the CO2-fe metric a powerful simplifier

of multi-gas emissions scenarios. Chapter 5 uses them to diagnose the non-CO2

contribution to historical warming to derive an observationally-constrained TCRE, and
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to allocate a non-CO2 portion to future warming by incorporating non-CO2 pollutants

into the remaining carbon budget framework.

Finally, I introduced the equations which FaIRv2.0 uses to define the globally-

averaged aerosol emissions-to-ERF relationship. These are based on earlier work by

Smith et al. (2021) and Stevens (2015); basing the ARI relationship on linear rescalings

of the SO2, OC and BC emissions timeseries, and the ACI relationship on a log-linear

expression which saturates the ACI ERF for very high anthropogenic aerosol emissions.

I demonstrated they successfully model the aerosol emissions-to-forcing relationships

presented by aa wide range of CMIP6 models, and discussed the properties of an

aerosol ERF trend ensemble derived using them. Equation 2.25 highlighted that it

is the underlying SO2 emissions trends which drive the aerosol ERF trend behaviour

in the simplified ERF ensembles. The simplified aerosol ERF equations described in

this chapter are used to produce the headline aerosol ERF ensemble in AR6 (72), and

also to produce the globally-averaged aerosol ERF ensemble used in several places

in this thesis (including in the warming attributions of chapters 3 and 4, and the

historical TCRE assessment in chapter 5).



Life is divided into three terms - that which was, which
is, and which will be. Let us learn from the past to profit
by the present, and from the present, to live better in
the future.

— William Wordsworth

3
Is Anthropogenic Global Warming

Accelerating?

This chapter discusses evidence supporting ERF trend assumptions in prominent datasets

using globally-averaged observations of the climate system. This work is based on the

publication Is Anthropogenic Global Warming Accelerating? Jenkins, S., Povey, A.,

Gettelman, A., Stier, P., Grainger, R. and Allen, M. (2022). Journal of Climate.

See ref. (186).
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3.1 Introduction

AR6 reported AGW was around 1.1◦C (±0.2◦C) above preindustrial levels between 2000-

2019 and rising at +0.2◦C/decade (see table 1.1). Over the same period the globally-

averaged ERF (45 , 68 ) has monotonically increased by around +0.4 W/m2/decade, with

the 2000-2020 mean anthropogenic ERF reaching around 2.1W/m2 (1.3-3.0W/m2)

above preindustrial levels (5 , 68).

In chapter 1 I introduced the linearized forcing-feedback framework (equation 1.6),

which describes the linearised relationship between global radiative forcing changes and

the global surface temperature anomaly response

∆F = ∆N+ λ∆T . (3.1)

This equation can be used with observations of the climate system’s TOA radiative

flux anomaly (∆N) and surface temperature anomaly (∆T) to estimate the time-history

of ERF. Dong et al. (2021) uses this approach to diagnose CMIP6 model ERFs from

historical experiments (202). Equivalently, given an assumed ERF timeseries, equation

3.1 can be used to constrain the net feedback parameter (74 , 82 , 172).

Chapter 1 also discussed AR6’s updates to ERF timeseries as part of the IPCC’s

global warming attribution (5). Datasets now suggest net anthropogenic ERF has

accelerated since 2000, principally because of declining anthropogenic aerosol emissions

since the early 2000s (63) and rising emissions of major GHGs (CO2, CH4 and N2O)

(166). Figure 3.1 shows anthropogenic SO2 emissions from the CEDS database, a

major contribution to aerosol ERF, coloured by region according to broad regional

denominations in CEDS (63). SO2 emissions have declined by around a third since

peaking in 2005, and simultaneously have shifted geographically from the northern

hemisphere mid-latitudes to predominantly be emitted in south east Asia. These aerosol

emissions estimates have a large and almost immediate impact on aerosol ERF trends.

The approximate contribution can be estimated with the simple aerosol ERF trend

formula derived in equation 2.25.

Care must be taken in attributing an acceleration in human-induced global warming

to these changes in aerosol emissions. Short-term GMST variability is strongly influenced
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Figure 3.1: CEDS SO2 emissions inventory showing global SO2 emissions since 1960 (63).
SO2 emissions are coloured by region, such that global emissions are the sum of all stacked
regions. International emissions category includes global shipping and aircraft emissions, since
these are not aligned with any single territory.

by internal variability processes and other factors unrelated to anthropogenic forcing (e.g.

the relative ENSO and PDO state, variability in sea surface temperatures and the rate of

ocean heat uptake, and volcanic eruptions), meaning the underlying anthropogenic ERF

trend changes can be obscured over short observational records. Even if the impact of

internal variability were well understood and could be accounted for over the historical

record, there remain uncertainties in the ERF timeseries used for an attribution procedure,

due to upstream uncertainties in anthropogenic emissions accounting and because of

uncertainties in the climate system’s response to individual forcing agents. This problem

is particularly prominent for aerosol ERF estimates, where quantifying the magnitude of

aerosol-cloud interactions over the historical record remains challenging (71).

Earth-observing satellites provide a stream of real-time information which can be

used to constrain the ERF trend. Since 2000, NASA’s CERES (168) and MODIS (203)

equipment has measured key climate system properties (e.g. AOD, SW and LW TOA

fluxes, cloud optical properties; see details in table 1.3). Alongside these, ERF timeseries

derived from partial radiative perturbation experiments in GCMs (see details in table

1.2) provide an estimate of the underlying anthropogenic contribution to global energy
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imbalance. Together, these provide a novel constraint on global energy imbalance today,

and thus the level and trend in components of ERF.

In the literature discussed in the introduction I highlighted two studies which use

observations in this way: Raghuraman, Paynter, and Ramaswamy (2021) identifies a

statistically-significant linear trend in the net TOA flux which cannot be explained by

internal variability alone, but is explained once anthropogenic forcing is included (174);

Kramer et al. (2021) uses radiative kernels to deconstruct CERES TOA fluxes (168) into

forced contributions and temperature-mediated feedbacks, identifying the 20-year linear

trend in net TOA flux which they attribute to the linear trend in greenhouse gas ERF (97 ).

These studies provide direct observational evidence of the linear trend in anthropogenic

ERF, attributing the positive trend to greenhouse gas emissions since 2000.

Isolating an aerosol contribution is more challenging. Kramer et al. (2021) finds

the SW TOA flux record is largely controlled by temperature-mediated feedbacks and

changes in cloud cover (similar to the discussion in Loeb et al. (2019)). Loeb et

al. (2021) uses a partial radiative perturbation to decompose the observed TOA flux

anomaly into contributions from meteorological conditions and external forcings. They

determine that aerosol forcing has contributed very little to the overall trend in Earth’s

energy imbalance in CERES observations, with much greater influence from cloud cover

variability and temperature-mediated feedbacks (175). However, all these studies only

consider the 20-year linear trend in observations. Hence, they ignore the possibility

that the rate of anthropogenic warming has changed since 2000, despite ERF datasets

suggesting that the anthropogenic ERF trend was not constant over this interval.

In this chapter I analyse the direct observational evidence of an acceleration in ERF

between 2000 and 2020. Section 3.2 explores contributions to the globally-averaged

ERF trend presented in AR6’s dataset, demonstrating that aerosols are the principal

driver of a perceived acceleration in ERF since 2000. In section 3.3 these ERF trends

are tested against three observational datasets which have near-global coverage over

the last two decades: 1) the GMST anomaly, 2) the TOA radiative flux anomaly, and

3) AOD observations. Section 3.4 concludes and discusses options to generate an ERF

ensemble which reflects recent observations of the global climate system.
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3.2 Near-present ERF estimates

Forster et al. (2021) derives their best-estimate historical ERF shape based on simplified

global relationships describing a pollutant’s ERF as a function of its emissions or

concentrations timeseries (72). These relationships are validated against GCM-derived

ERFs, and appear robust over the range of policy-relevant emissions and concentrations

inputs; more information on this approach is available in chapter 1, and, as an example,

the expressions for aerosol ERF components are discussed in chapter 2. Using these

simplified forcing expressions, the historical + Shared Socioeconomic Pathways (SSPs)

emissions and/or concentration timeseries (used as inputs for historical + scenario

projection experiments in CMIP6) can be re-expressed as ERF timeseries (44). These

historical emissions timeseries are produced as a collaborative effort pulling on a number

of emissions accounting projects (61 , 63 , 204). The SSPs sample a wide range

of possible emissions trajectories between 2015 and 2100, including both narratives

for underlying society over the 21st century (population growth rates, technological

development rates, regional cooperation and trade etc.) and for the level of mitigation

ambition. A brief overview of the SSPs is given in chapter 1, and further information

can be found in Riahi et al. (2017) (65).

In figure 3.2 the historical+SSP2-45 net anthropogenic ERF timeseries (44) is

plotted (black), along with contributions from CO2 (red), other well-mixed GHGs and

minor contributors (blue) and aerosols (orange). Figure 3.2a plots the individual ERF

component timeseries between 1850 and 2100, relative to a preindustrial baseline set in

1750. SSP2-45 is used beyond 2015 to approximate a ‘current policies’ future trajectory,

as this approximately represents current ambition for CO2 and other GHG emissions

(SSP2-45 is also used to extend many historical experiments to 2100 in CMIP6 DECK

simulations (54)). SSP2-45, SSP1-26 and SSP1-19 variants show similar reductions

in aerosol emissions between 2015 and 2020, which approximately match the CEDS

emissions timeseries in figure 3.1, while SSP3-70 delays mitigation until later in the

21st century (205). Panel c shows corresponding ERF trends for each component of

ERF plotted in panel a, where the trend is calculated using a triangularly-weighted

mean of rolling 10-year OLS linear regressions on the timeseries in panel a. Alternative



3. Is Anthropogenic Global Warming Accelerating? 69

Figure 3.2: Globally averaged Effective Radiative Forcing (ERF) timeseries. Panel a shows the
contributions from CO2 (red), non-CO2 GHGs and other minor contributors (blue), and aerosols
(orange) to the total anthropogenic ERF timeseries (black). Panel c plots the contributions of
each component to the total ERF trend, estimated with a triangularly weighted mean over
10-year linear gradients estimated with OLS regression. Best-estimate ERF is plotted with a
solid line, and plumes show the 5-95th percentile range. Historical ERF estimates run to Dec.
2014; ERF is extended to 2100 using SSP2-45. Panels b and d show zoomed in versions of
panels a and c, highlighting the period 1990-2020. Panel e shows the best-estimate trends of
other SSP variants (SSP1-19, SSP1-26, SSP2-45 and SSP3-70). Dashed blue lines in panels b
and d show the methane ERF level and trend in isolation. On the same panels, orange dashed
lines show an alternative aerosol ERF scenario where the ERF trend remains zero after 2010.
Black dashed lines show the corresponding anthropogenic ERF for this aerosol ERF scenario.
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trend estimation methodologies yield similar results (see figure A.1 in appendix A).

Panels b and d highlight the period 1990-2020 where near-global and near-continuous

observational records exist. In the context of decadal global trends, this study ignores

data beyond 2020, arguing it is anomalous due to the impact of COVID (the impact of

COVID on emissions has been explored elsewhere e.g. Le Quéré et al. (2020) (206)).

The 5-95th percentile uncertainty range of each ERF component is shown with

a shaded plume around the median ERF timeseries. Indiviudal ERF components

uncertainties are taken from AR6 (5), and the anthropogenic ERF is calculated by

summing independently sampled ERF components (assuming no correlation between

individual forcing agents) to produce a 1000-member ERF ensemble. This methodology

correlates the uncertainty in ERF levels (panel b) and trends (panel d), since the

present-day uncertainty is sampled by rescaling a single best-estimate ERF shape over

history. Consequently, extremes in a pollutant’s present-day ERF level only arise for

timeseries which also exhibit extreme trends over the near-present period, potentially

under-sampling the range of plausible ERF trends.

Figure 3.2b shows that the majority of the historical ERF comes from CO2, a well-

mixed GHG for which we have a long observational record (61 , 207). The contribution

from non-CO2 GHGs in panel b is smaller, and over much of history approximately

offsets a negative aerosol ERF. Most of the warming signal at present day is attributed

to CO2, but this could change rapidly in the future if non-CO2 GHG forcing persists

while aerosol forcing declines. This scenario is often overlooked in idealised mitigation

scenarios, where mitigation takes place uniformly over many pollutants simultaneously,

but may already be happening as nations put particulate emissions controls in place

(208) with less clear action on CO2 and other non-CO2 pollutants.

Anthropogenic ERF has accelerated since 2000 (+0.4 W/m2/decade in 2000-2009 to

+0.6 W/m2/decade in 2010-2019; black line in panel 3.2d). The acceleration is present

in the full 5-95th percentile range plotted, meaning that SSP2-45’s ERF ensemble

assumes the rate at which humans are contributing to global warming is increasing.

The extent of this acceleration is shown in black in figure 3.3 over the two decades

2000-2020. SSP2-45’s trend is around +0.25W/m2/decade higher in the second
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Figure 3.3: The ERF decadal trend change is driven by aerosol trends. Trend change between
(2000-2010) and (2010-2020) in each SSP variant plotted in figure 3.2e. The decadal trend
changes between 2000 and 2020 are calculated using the average gradient in each decade, as
calculated in figure 3.2d, with each component’s gradient change shown for each SSP variant
(red = CO2; blue = non-CO2 GHGs; orange = aerosols; black = total).

decade (2010-2019) compared to the first decade (2000-2009) — a substantial increase

compared to historical anthropogenic ERF trends. Further, the driver for this trend

increase is unusual compared to the historical drivers of ERF trends. In the 20th century

the predominant cause of an increasing anthropogenic ERF trend has been the rise

in annual CO2 emissions. Figure 3.2 suggests that since 2000 the predominant cause

of the acceleration is aerosols, driven by a peak and decline in the (negative) aerosol

ERF (see the aerosol ERF shape in figure 3.2a). CH4 ERF contributes little to the

anthropogenic ERF trend change: the dashed blue line in panels b and d shows that

the CH4 ERF trend rose from +0.49 to +0.54W/m2 between 2000 and 2020 (44).

Recent revisions to the Global Carbon Budget (61) also suggest that CO2 emissions

have been stable, not increasing, since 2010, meaning that the CO2-induced ERF trend

is approximately constant since 2010 as well. SSP2-45’s +0.19 W/m2/decade increase

in aerosol ERF trend between 2000-2009 and 2010-2019 accounts for the majority of

the anthropogenic ERF trend change in figure 3.2.

The accelerating anthropogenic ERF is not a unique feature of the SSP2-45 scenario

either. SSP1-26 and SSP1-19 suggest aerosols are the cause of anthropogenic ERF

acceleration since 2000, while SSP3-70 (with delayed aerosol mitigation) has a smaller
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trend change. Figure 3.2e and 3.3 show how the choice of SSP variant beyond 2014

changes the relative size of the anthropogenic ERF trend change, and the contribution

from aerosols to this trend change. The aerosol ERF trend covers a range from +0.05

to +0.45W/m2/decade in 2020 depending on the chosen scenario’s ambition after

2014, despite all the scenario’s trends being identical and near-zero in 2010. In SSP1-19

(a 1.5◦C-compatible mitigation scenario) there is a much greater aerosol ERF trend

change than in the less ambitious SSP2-45 scenario (+0.29W/m2/decade, compared

to +0.19W/m2/decade). This is expected given the higher ambition policy SSP1-19

represents, achieving net zero CO2 emissions around 2050 along with rapid aerosol

and non-CO2 GHG emissions reductions.

3.3 Observations as a constraint on aerosol forcing
assumptions

Justification for the shapes of figure 3.2’s ERFs are usually provided using emissions

datasets. Figure 3.1 shows the CEDS SO2 emissions dataset, with these chosen as SO2

emissions, becoming SO2−
4 aerosols in the atmosphere, are the largest contributor to

aerosol ERF today (152). In the figure SO2 emissions peaked in 2005, while CO2, CH4

and N2O concentrations have remained stable or continued to increase (207). With

these emissions reductions, aerosol ERF trends become positive after 2010, leading to

the substantial change in the overall anthropogenic ERF trend.

But what if figure 3.2’s ERF trends are wrong? While global anthropogenic aerosol

emissions are reported to be in decline since 2005 as a result of emissions reductions

in South-East Asia, the spatial pattern of aerosol emissions has also redistributed

towards the tropics from the northern hemisphere mid-latitudes over this period. This

redistribution may influence cloud properties over the tropical pacific (209), with some

research suggesting a greater response for aerosol ERF perturbations over the South-East

Asian region compared to similar perturbations over other northern hemisphere mid-

latitude regions (210), which may offset the ERF change expected following a reduction

in anthropogenic aerosol emissions. A further concern is the impact of reporting biases

and estimation errors in bottom-up emissions estimates, such as those produced by
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CEDS, biasing ERF estimates produced with these global emissions timeseries. South-

East Asian sulphate emissions may have been under-reported over the late 20th century,

while since 2000 the surface dimming/brightening trends in the region are remarkably

stable compared to corresponding emissions estimates (154).

Hence, there is reason to be cautious of figure 3.2’s proposed ERF trend changes

since 2000. To explore which ERF trends are representative of observed changes in

the Earth system over the last two decades, below I use global surface temperature

anomalies, TOA radiative flux anomalies, and AODs to derive observational constraints

on the recent ERF trend change, focusing on the attribution of the aerosol contribution

since 2000. Because the climate system is already in disequilibrium in 2000, downstream

observables will be influenced both by variations in our present-day inputs (i.e. aerosol

loading, GHG concentrations, internal variability), and the pre-2000 perturbation’s

influence on unforced variability. I compare the observed climate system’s response

since 2000 to modelled responses using the SSP2-45 ERF scenario shown in figure 3.2,

and other scenarios with alternative aerosol ERF assumptions: SSP3-70, and a variant

of SSP2-45 where no aerosol ERF trend change occurs (the ‘no aerosol trend change’

scenario shown with dashed orange and black lines in figure 3.2).

3.3.1 The global temperature anomaly

The first observation I investigate to determine confidence in figure 3.2’s ERF trends is the

GMST anomaly. The global mean surface temperature is defined using an average over

several GMST products, following the approach of IPCC’s SR1.5 (16). I consider four in-

situ datasets which use statistical infilling to produce near-global coverage: HadCRUT5

(43), NOAA (177), Berkeley Earth (167) and GISTEMP (211). Although this means

that datasets produced with different infilling approaches, data coverage and time periods

are mixed, it is unlikely this will significantly skew results since differences between these

datasets are much smaller than the assumed uncertainty within any single dataset (16).

Figure 3.4 shows the multi-dataset observed GMST anomaly (black scatterpoints),

with warming contributions from natural (blue) and anthropogenic (black) ERFs plotted

on top. The temperature attribution follows the Haustein et al. (2017) methodology
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(15), as discussed in chapter 1. The FaIRv2.0 (29) model derives an ensemble of

globally-averaged temperature responses using figure 3.2’s anthropogenic and natural

ERF timeseries as inputs. Physical response uncertainty is sampled by repeating

the forced temperature response calculation with 20 different response parameter

configurations, sampling the AR6 likely range of ECS (2.5-4.0 ◦C), TCR (1.4-2.2 ◦C),

and thermal response timescales (d1 = 1-10 yrs, d2 = 100-800 yrs) as in refs. (15 , 42 ).

Hence, each natural and anthropogenic forcing pair in the ensemble plotted in figure

3.2 corresponds to 20 temperature response pairs. The derived temperature response

pairs are regressed onto the GMST anomaly as in equation 1.2, additionally sampling

observational uncertainty (200-member ensemble (43)) and natural variability (102-

member ensemble CMIP6 PIControl runs (36)) in the GMST timeseries. In total each

forcing pair produces around 400,000 temperature response pairs, which are sampled

to find the median and 5-95th percentile range temperature response attributable to

the natural and anthropogenic ERFs for the figures.

The anthropogenic warming plume tracks the GMST anomaly over the historical

record in panel a, confirming that the anthropogenic ERF changes are indeed responsible

for the majority of observed warming to date (16). AGW reaches 1.04 ◦C averaged

over the decade 2010-2019 (0.98-1.10 ◦C for 5-95th percentile range; re-baselined to

the IPCC’s near-term baseline of 0.85 ◦C in 2006-2015 above 1850-1900 levels (16)),

consistent with the attribution studies discussed in chapter 1. Natural ERFs contribute

very little to the multi-decade warming, with the only significant contributions visible

following major volcanic eruptions.

The trend in GMST anomaly is plotted against attributed warming trends on

panel b. The wider historical period correlates well with the AGW signal, with the

GMST trend broadly reproduced by the anthropogenic warming trend in figure 3.4b.

However, the anthropogenic contribution is not a perfect explanation of GMST trends.

Over decade-long intervals the GMST trend can vary substantially away from the

multi-decade mean, for example in the early-20th century with departures of around

±0.1-0.2 ◦C/decade away from the underlying anthropogenic warming trend. These

deviations are typically explained as evidence of early Arctic warming or other exceptional
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Figure 3.4: The level and rate of anthropogenic warming between 1900-2020. Panel a uses
the methodology of Haustein et al. (2017) along with radiative forcing estimates from figure
3.2 to estimate the level of anthropogenic warming (black) compared to natural forcing (blue).
Panel b plots the corresponding trend for each contribution to the global temperature anomaly.
Plumes show the 5-95th percentile uncertainty range. Observed temperatures from a 4-dataset
mean are plotted in black points (with individual ensemble uncertainty shown in grey); the level
of warming is baselined to the SR1.5 reported warming over the period 2006-2015 inclusive
(grey region in panel a). Green lines below each panel show the difference between the observed
monthly temperature anomaly and anthropogenic temperature anomaly.

events tied to internal variability (212), along with the impact of reduced regional

coverage of observations at that time.

Since 2000, the GMST record has again exhibited a trend substantially above the

multi-decade warming rate, with the GMST trend averaging +0.18 ◦C/decade between

1980-2009, but reaching +0.35 ◦C/decade between 2010-2019. Internal variability

(principally trends in cloudiness and SSTs in the tropical pacific) and anthropogenic

forcing have both been suggested as possible explanations for this trend change (173).

The largest internal variability contribution comes from ENSO over this two decade

interval. Figure 3.6 shows the Niño3 index timeseries (119), a measure of ENSO

variability, with a particularly strong El Niño event in 2015/16. It also shows PDO

variability, which exhibits a general shift from negative-to-positive. Both these signals

could play a role in explaining recent GMST trends (3).

Despite these potential contributions, the attribution in figure 3.4b determines

anthropogenic forcing is the majority cause of recent GMST trends (black plume tracks
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the black scatterpoints). The anthropogenic warming trend rises from +0.21 (+0.13 to

+0.35) ◦C/decade between 2000-2009, to around +0.33 (+0.20 to +0.56) ◦C/decade

between 2010-2019 (brackets show the 5-95th percentile range) — a 65% increase in

the best-estimate anthropogenic warming rate. As was noted for the stylised scenario in

figure 1.1, this highlights an issue with the standard Haustein attribution methodology:

the methodology fails to account for internal variability which co-varies with a regressors

shape. In this case the anthropogenic ERF and internal variability signals both contain

a substantial trend change between 2000 and 2020 (see figures 3.2 and 3.6), but

the attribution only considers the warming shapes in response to externally-applied

forcings, and thus does not include internal variability as a regressor. Hence, the OLS

regression determines that the anthropogenic ERF acceleration must be the cause

of the recent GMST trend change, in the absence of an alternative explanation in

the blue natural ERF timeseries.

3.3.1.1 Separating the aerosol and GHG contributions

Fortunately, although an internal variability signal is not explicitly regressed against GMST

in Haustein’s methodology, the residual in figure 3.4 provides additional information. If

the anthropogenic and natural ERFs were a perfect description of the external forcing

which is driving global temperature change, the residual between the GMST and the

attributed AGW would only contain internal variability, and hence should be unbiased over

a multi-decade interval. Considering figure 3.4, while in panel a the broad characteristics

the GMST anomaly behaviour are reproduced, the residual remains positive throughout

the second half of the 20th century. This bias bears the characteristics of overly strong

aerosol forcing also found in some CMIP6 GCMs (e.g. refs. (49 , 50)). In these models

anthropogenic warming is held artificially low until the mid-20th century when aerosol

forcing peaks, and then accelerates more rapidly than observed GMST after 1980 as the

overly negative aerosol forcing declines, potentially exaggerating the aerosol warming

trend contribution since 2000. This implies that the aerosol ERF in figure 3.2 is too large.

Alternatively, it is possible that figure 3.4’s residual is explained by a combination

of changes in ocean heat uptake and other variability to the net feedback parameter
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since the late-20th century. These explanations are less plausible: Zanna et al. (2019)

does not observe a significant change in the rate of ocean heat uptake between the

mid-20th century and present day (213), while internal variability is unlikely to bias

the net feedback consistently low over a multi-decade interval. Other forced changes

to the net feedback parameter, for example resulting from variation to global cloud

radiative properties following a change in aerosol emissions, could contribute a low bias,

particularly since 2000 when aerosol emissions have declined rapidly. This possibility

requires further research (161 , 162).

Assuming these alternative explanations are not sufficient, the AGW attribution

in figure 3.4 therefore suggests that the anthropogenic ERF shape does not contain

the correct relative contribution from aerosols and GHGs. This possibility has been

noted by others, including both warming attributions using CMIP6 model outputs (17)

and using FaIR (73). To investigate this further, the attribution procedure can be

repeated using a three-way regression, where the aerosol warming is rescaled separately

to the GHG and natural warming. The attribution procedure is otherwise identical

to the two-way attribution shown in figure 3.4.

The aerosol (orange), GHG (red), total anthropogenic (aerosol + GHG; black)

and natural (blue) contributions to the GMST anomaly are shown in figure 3.5, with

panel a showing the warming level and panel b the warming trend. Aerosol cooling

lies around -0.35 ◦C (-0.20 to -0.65 ◦C) between 2010-2019, relative to 1850-1900.

GHG warming is 1.50 ◦C (1.35-1.70 ◦C) between 2010-2019. Therefore, anthropogenic

warming overall is 1.09 ◦C (1.00-1.30 ◦C) between 2010-2019, again consistent with

the recent warming attribution studies discussed in table 1.1. The aerosol-induced

warming is notably smaller than is suggested in AR6’s best-estimate (5) since the

aerosol forcing is downscaled, but it is consistent with other energy-balance-constrained

warming attribution studies (e.g. refs. (17 , 73)).

Considering the residual of this three-way attribution, figure 3.5a appears to offer

a better explanation of the aerosol, GHG and natural forced contributions to GMST

over history. The aerosol warming is scaled down substantially (the best-estimate

aerosol scaling factor is 0.62), while the GHG warming contribution remains closer to its
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Figure 3.5: A three-way attribution of aerosols, greenhouse gases and natural ERF contributions
onto GMST observations. The level and rate of anthropogenic warming between 1900-2020.
Panel a again plots the level of human-induced warming using the methodology of Haustein et
al. (2017), while panel b plots the warming trend for each contribution. Observed GMST from
a 4-dataset mean are plotted in black (with individual ensemble uncertainty shown in grey).
In both panels the orange line corresponds to the attributed aerosol contribution to global
temperatures, blue shows the natural contribution, and red shows the GHG contribution; the
black plume shows the total anthropogenic contribution. Plumes show the 5-95th percentile
uncertainty range. Green lines below each panel show the difference between attributed
anthropogenic warming and the observed GMST anomaly. Orange and black dashed lines show
the alternative attribution result if the dashed zero-trend aerosol ERF scenario from figure 3.2
is used in the attribution instead.

original value in figure 3.4 (the best-estimate GHG scaling factor is 0.90). Downscaling

the relative aerosol contribution like this has removed the bias in figure 3.5’s AGW

response, suggesting that the aerosol ERF was indeed too large in the anthropogenic

ERF timeseries used in figure 3.5. Distributions of the scaling factors for aerosol, GHG

and natural warming are shown in figure A.2 in appendix A. The aerosol and GHG

scaling factors are correlated, as is expected given the energy-budget constraints set by

GMST observations: a large negative aerosol ERF estimate must correspond to a large

positive GHG ERF estimate in order to balance the historical energy budget. The level

and rate of present-day anthropogenic warming are also somewhat correlated (figure

A.3), with some of this likely arising from the ERF sampling methodology correlating

ERF level with ERF trend, as was discussed in section 3.2.
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3.3.1.2 Warming trends post-2000

Having established a three-way attribution produces a less-biased fit to the GMST record

than a two-way attribution, and it does so by down-scaling the aerosol contribution, I

now ask how this alters the assessed anthropogenic warming trend since 2000.

In figure 3.5, GMST trends rise from +0.18 ◦C/decade to +0.35 ◦C/decade between

the first and second decade post-2000. The anthropogenic warming trend increases from

+0.19 (0.14-0.24) ◦C/decade in 2000-2009 to +0.24 (0.15-0.32) ◦C/decade in 2010-

2019. Aerosol-induced warming trends contribute the majority of this anthropogenic

warming acceleration, increasing from +0.00 (-0.01 to 0.00) ◦C/decade in 2000-2009

to +0.03 (0.00 to +0.07) ◦C/decade.

Hence, although anthropogenic ERFs still cause a warming acceleration in figure

3.5b, the attribution determines substantially less of the post-2000 GMST trend change

arises from anthropogenic origins. While figure 3.4’s anthropogenic contribution explains

more than 80% of the GMST acceleration since 2000, figure 3.5b only explains around

50% (5-95th percentile range is approximately 0 to 100%), with the remainder being

attributed to natural variability. A small number of ensemble members do continue to

attribute the full GMST trend change to an anthropogenic ERF trend change, although

substantially less of the distribution considers this a plausible explanation compared to

figure 3.4b, where much higher 2010-2019 anthropogenic warming trends were possible.

Reducing the aerosol ERF by around 40% in figure 3.5 results in a better fit to

the GMST behaviour over the historical record as a whole. Figures 3.4 and 3.5 are

trading-off using aerosol forcing to explain the post-2000 GMST behaviour (i.e. including

a larger aerosol ERF trend change) vs. using aerosol forcing to explain mid-20th century

GMST behaviour (i.e. including a smaller aerosol ERF trend change). Rescaling the

aerosol warming to fit mid-20th century GMST, as in figure 3.5, automatically reduces

the aerosol contribution to early 21st century GMST trends, since each component’s

ERF level correlates with its ERF trend.

In determining which of figures 3.4 and 3.5 better reflect historical aerosol contribu-

tion, we must weigh up the extent to which mid-20th century GMST provides relevant
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Figure 3.6: Timeseries of the relative ENSO state over the tropical pacific (black) from
NOAA’s Niño3 record (119). Significant positive El Niño events are highlighted with pink
regions along the x-axis (defined as having a Niño3.0 index above 2.0). Timeseries of PDO
state (214) (red) tracks significant deviations in the ENSO record, and has a lower mean value
through the period of ‘paused’ global warming (2000-2012; -0.51), than afterwards (2012-2020;
+0.22), marked with orange bar.

information for constraining the aerosol warming trend post-2000, particularly given mid-

century forcing assessments are supported with substantially less observational evidence.

For example, using aerosol ERF with zero-trend-change since 2000 (dashed lines in figure

3.2) to attribute warming contributions in figure 3.5 causes no substantial change in the

quality of fit to GMSTs over the 20th century, suggesting it is an acceptable explanation

for historical GMST behaviour, but substantially reduces the anthropogenic warming

trend change since 2000 (orange and black dashed lines in figure 3.5). Conversely,

ignoring the mid-20th century constraint entirely, figure 3.2’s range of aerosol ERF trends

support a wider range of hypotheses, including aerosol trends entirely explaining GMST

post-2000, or much of the trend change arising in response to internal variability alone.

Clearly, internal variability plays an important role in determining the trend over

decadal and shorter timescales — the residuals in figures 3.4b and 3.5b both show

departures of around ±0.1-0.2 ◦C/decade away from the anthropogenic decadal warming

trend in the early-20th century (212), and in figure 3.5b 50% of the recent GMST

trend change is again left unattributed to an external forcing source, suggesting an
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important role of ENSO and PDO variability here (see figure 3.6, with the particularly

strong El Niño event in 2015/16 highlighted) (173).

In summary, GMST observations have accelerated since 2000 (215), with around

80% of this change attributed to aerosol ERF trend changes if the attribution uses

the bulk anthropogenic ERF shape from figure 3.2. However, this anthropogenic ERF

shape may not be the best description of the energy imbalance contributing to historical

GMSTs; in particular biasing the aerosol ERF negative causes the mid-20th century

anthropogenic warming to be too low in figure 3.4. To correct for this, in figure 3.5

the aerosol and GHG contributions are separately attributed to the GMST anomaly.

Figure 3.5 suggests around 50% of the post-2000 GMST acceleration is attributable

to the anthropogenic ERF trend change (+0.05 ◦C/decade between 2000-2009 and

2010-2019; +0.03 ◦C/decade of which is due to aerosols and +0.02 ◦C/decade of which

is due to GHGs). The remaining 50% of the GMST acceleration is attributed to

unforced internal variability. This three-way attribution better fits the historical GMST

anomaly compared to figure 3.4. The uncertainty on the anthropogenic warming rate

estimates in both figures 3.4 and 3.5 is substantial. If the attribution focuses solely on

determining the cause of the GMST trend increase since 2000 there is greater freedom,

including both the recent acceleration originating from anthropogenic ERF trends in

isolation, or from internal variability in isolation.

3.3.2 TOA radiative fluxes

Further assessing the extent of internal variability’s influence on recent GMST re-

quires separating these contributions from those arising from external forcing, or from

temperature-mediated feedbacks. Studying the TOA flux trends in combination with

GMST trends provides one means to separate these terms, following an energy balance

framework like equation 3.1.

Figure 3.7 plots radiative flux anomalies from Earth observations since 2000, and

from various simulations of the recent historical period using GCMs. All anomalies

are calculated by removing the average seasonal cycle, defined as the mean monthly

TOA flux value for the 20-year record. Additionally, all panels assume that a positive
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Figure 3.7: Comparing radiative flux anomalies in observations and GCMs. The left column
plots TOA radiative flux anomalies from CERES EBAFv4.1 satellite observations product; the
middle column plots a 10-member ensemble of CESM2 atmosphere-only (AMIP) runs with
externally imposed SSTs; the right column shows the ensemble mean TOA flux anomaly from
five CMIP6 models. The top row shows the LW flux anomaly (red), the middle row shows the
SW flux anomaly (orange), and the bottom row shows the net flux anomaly (black). 12-month
running means are shown in with a thick line over each timeseries, along with a decadal trend
(blue plume). GLS regression estimates the decadal linear trends, assuming an AR(1) process
in the residuals. Resulting decadal trend estimates are noted in the bottom left of each panel.
CMIP6 TOA flux anomalies in the right column are found using a multi-model mean over
individual TOA flux anomalies in historical+SSP2-45 experiments. 2000-2012 is shaded grey
to denote the ‘pause in global warming’ period.
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TOA flux anomaly is oriented radially outward from the Earth’s surface, corresponding

to radiative cooling, and thus negative anomalies correspond to additional heat being

retained in the Earth system. The left column plots the observed globally-averaged

outgoing flux anomaly recorded by the CERES EBAF4.1 product (168) between 2000

and 2020. Panel a shows the LW TOA flux anomaly in red, panel b the SW TOA

flux anomaly in orange, and panel c net TOA flux anomaly in black; and in all panels

dotted lines refer to clear sky anomalies, and solid lines to all sky anomalies. On all

panels a shaded region (2000-2012) highlights the period commonly considered to

exhibit the so-called ‘pause in global warming’ (216).

The middle column of figure 3.7 shows prescribed-SST atmosphere-only simulations

with the CESM2 model (90) forced with historical+SSP3-70 concentrations and

emissions precursors. Here, SST and sea-ice coverage from reanalysis products (217 ,

218) drive the CAM6 atmospheric model between 2000-2020, while boundary conditions

mimic observed SST variability over the past two decades. Hence, the decadal trends in

timeseries shown on the central column of figure 3.7 contain realisations of the internal

variability signal in observations driven by the underlying SSTs (assuming the cloud

cover variability is largely driven by the SST boundary conditions (173)).

The right column shows an ensemble of coupled atmosphere-ocean simulations forced

with historical+SSP2-45 concentrations and emissions precursors, following the RFMIP

hist-all experiment protocol (54). The LW, SW and net TOA flux anomaly is calculated

using runs of the historical+SSP2-45 experiment with five CMIP6 models for which I

have corresponding ERF timeseries from RFMIP (54) (CanESM5, HadGEM3-GC31-LL,

IPSL-CM6A-LR, GISS-E2-1-G and NorESM2-LM); the multi-model-mean flux anomaly

is shown with a thick line in each panel, with individual models shown with thin lines.

The historical+SSP2-45 experiment uses a coupled atmosphere-ocean setup, meaning

the natural variability over the 20-year period is randomised for each model run. Plotting

the ensemble average over each model (as is shown in the righthand column’s panels)

averages out the impact of historical unforced SST and cloud cover variability, isolating

the model’s response to external forcing changes. Hence the middle and right-hand
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columns explore scenarios which have removed the externally-applied ERF trend change

and internal variability contributions to TOA flux trend behaviour, respectively.

Across all panels in figure 3.7 the blue trend lines are fit to the flux anomalies to

estimate the decadal linear trends using a generalised least squares (GLS) regression.

This fit uses a fixed breakpoint piecewise linear regression combining three components:

a constant term, a constant gradient line, and a split trend line (in 2012), and assumes

auto-correlated residuals using an AR(1) process. The shaded uncertainty range on

the linear fit is found using a 10,000-member ensemble produced by resampling the

GLS fit parameter distributions. The uncertainty ranges show the 5-95th percentile

range, with the central blue line showing the best-estimate fit.

3.3.2.1 The net TOA flux anomaly

The bottom row of figure 3.7 shows the net TOA flux anomaly. The observed net

flux anomaly in figure 3.7c has a negative trend (-0.44 (±0.20)W/m2/decade), which

remains approximately constant over the two-decade interval. Since the net TOA flux

anomaly relates approximately to the ocean heat uptake (ignoring small contributions

from sea ice, land and atmospheric heat uptake), this supports Zanna et al. (2019)’s

suggestion that the rate of ocean heat uptake has been steady since 2000 (213).

Compare this with the net TOA flux trends produced over the same 20-year interval in

a prescribed-SST historical+SSP3-70 experiment using the CESM2 model (figure 3.7f),

and with an ensemble of coupled-atmosphere-ocean models using historical+SSP2-45

forcing (figure 3.7i). These two experiments are chosen since they allow us to separate

the key drivers of trends which were identified above: internal variability and aerosol

forcing. The prescribed-SST historical+SSP3-70 experiment has minimal trend change

induced by a change in aerosol emissions, since SSP3-70 has the smallest aerosol ERF

trend change of the assessed SSPs (see figure 3.3), but does capture internal variability

in the CERES record caused by the time-varying SST boundary conditions. On the

other hand, the right column’s CMIP6 simulations remove the trend variability arising

due to SST boundary conditions over the 20-year period by averaging over an ensemble

of coupled atmosphere-ocean simulations, but do include the aerosol ERF trends.
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In figure 3.7, the decadal flux trends are larger for the observations (panel c), and for

the atmosphere-only prescribed-SST experiments (panel f), than for the coupled-model

ensemble (panel i). This is consistent with the notion that the net feedback parameter is

biased by short-term variability processes (74). Clearly, the prescribed-SST experiment

in panel f cannot perfectly reproduce observations (particularly noting the trend with

the opposite sign identified in the first decade), although the key scale and locations

of variability is captured more successfully (e.g. high TOA flux peak in 2010/11) and

the experiment appears to approximately reproduce the behaviour of the net TOA flux

anomaly (comparing the pink lines in panels c and f). The trend change in panel i

(-0.2W/m2/decade between the first and second decade) describes the impact of the

anthropogenic ERF trends on net TOA flux trends in isolation — substantially smaller

than the variability contribution in panel f. The sum of responses in panels f and i

approximately reproduces the observed net flux anomaly in panel c, as expected.

To determine if the trends identified in panels c, f and i are consistent with the

anthropogenic forcing timeseries in figure 3.2 we can regress the forcing-adjusted TOA

flux anomaly (F-N in equation 3.1, along with an additional stratospheric aerosol RF

timeseries from GloSSACv2 (219)) against GMST. The gradient of this fit is an estimate

of the net feedback parameter, which we can compare across the experiments and with

alternative observational constraints to infer the influence of internal variability on the

TOA flux record in the past two decades. The regression is bootstrapped to estimate

uncertainty ranges following Dessler and Forster (2018)’s approach (sub-sampling the

20-year TOA flux anomaly record with replacement to account for correlation between

datapoints) (74). Panel i’s ensemble-mean net feedback parameter is +1.1W/m2/◦C,

consistent with the estimated feedback strength in 4xCO2 experiments (81).

Estimating the net feedback parameter in this way using observations can introduce a

bias because short-term internal variability influences the TOA flux anomaly trend (74),

meaning the feedback parameter may not reflect the true value of the multi-century

equilibrium climate sensitivity. An unbiased estimate of the net feedback strength over a

short observational record using a total least squares regression would require an external

estimate of the total variance in GMST and TOA flux observations, including partitioning
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between the various sources of variability. This partitioning is extremely challenging

to characterize over the historical record, with a poor understanding of drivers of the

variability in surface- and deep-ocean heat uptake, and of key temperature-mediated

feedbacks (such as cloud cover variability over the tropical pacific).

Despite this, many groups have attempted to estimate the net feedback parameter

using short observational records with some success (82 , 172). Similarities between their

results and the expected multi-century feedback parameter likely stem from fortuitous

cancellations in the key internal variability signals over the first decade of CERES

observations (see ENSO and PDO values between 2000-2010 in figure 3.6). This is

not the case over the full period 2000-2020, which includes a strong El Niño event

in 2015/16 and a negative-to-positive PDO shift.

I estimate the net feedback parameter for observations in panel c, λnet, finding λnet =

+0.74 (±0.34) W/m2/◦C. This net feedback parameter estimate is likely biased low by

short-term natural variability: λnet = +1.2W/m2/◦C produces an ECS around 3 ◦C,

the best-estimate value in AR6 (5), assuming F2×, the forcing resulting to doubling

CO2 concentrations, is 3.74W/m2. Sherwood et al.’s recent reassessment of the

ECS still includes substantial uncertainty (λnet = +1.3 (±0.44)W/m2/◦C, with F2×

= +4.00 (±0.30)W/m2) (151). We can adjust our λnet estimate using the mean

CMIP5 relationship between decadal and multi-century feedback parameters, following

Dessler and Forster (2018), to attempt to account for this bias. This finds a best-

estimate λnet = +0.92W/m2/◦C, which corresponds to an ECS around 4◦C, in the

upper half of the uncertainty range in the AR6, but consistent with other observationally

constrained studies (74 , 82 , 172).

Another option to account for the variability signal uses a joint regression of NOAA’s

Niño3 index, PDO index (199) and surface temperature anomalies onto forcing-adjusted

fluxes, with the aim of identifying the ENSO and PDO variability contributions to the

feedback parameter. This finds λnet = +0.85 (±0.44) W/m2/◦C, shifting in the correct

direction but remaining lower than the multi-century feedback strength (similar to the

CMIP5-adjusted response above). This joint regression approach finds relatively weak

correlation between ENSO or PDO and the net flux anomaly, despite the impact of
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ENSO on tropical pacific cloud cover being highlighted as a key driver of net TOA flux

variability (173). This failure to correlate ENSO or PDO variability with the net flux

trend change likely arises due to the large variability in figure 3.7c, which dominates

over the scale of the ENSO/PDO trends, along with the fact that SST variability itself

correlates well with the ENSO record over these intervals (175). This demonstrates

the challenge in determining the partitioning of variances contributing the observed

TOA flux anomaly, and means that the quality of feedback parameter fits do not

in-and-of-themselves represent evidence supporting or refuting recent ERF trends.

3.3.2.2 Separating the SW and LW contributions

Additional insight can be gained by separating the TOA flux anomaly into SW and LW

contributions, plotted in figures 3.7a and b. As with the net TOA flux record in panel c,

the influence of internal variability on the measured LW and SW feedback parameters

is used to gain an understanding of the likely contribution to trends in the LW and

SW records over the last two decades. I expect the SW component trends to be a

key indicator of the aerosol contribution, since aerosols principally interact with SW

radiation both directly and through aerosol-cloud interactions.

Over the first decade (2000-2010), the LW flux anomaly exhibits a near-zero trend

(0.0 (±0.1) W/m2/decade), with the weak positive GMST trend and a steadily increasing

LW ERF (principally from the ongoing CO2 emissions radiative contribution; see figure

3.2). Over the second decade (2010-2020) the LW flux anomaly trend is positive

(+0.9 (±0.2)W/m2/decade), with continuing GHG ERF trends combining with a

strong positive GMST trend.

A subset of the CERES dataset excluding particularly strong El Niño events (defined

as having a Niño3 index greater than 2.0, highlighted in figure 3.6) produces a LW

feedback parameter characteristic of the multi-decade ‘noise-free’ response (λLW,masked

= +2.2 (±0.3)W/m2/◦C), in agreement with Donohoe et al. (2014) who estimate

the LW feedback parameter using CERES data up to Dec. 2013 (Donohoe’s feedback

parameter estimates use a period of CERES observations absent in major swings in ENSO

and PDO variability, hence the estimates are generally more consistent with expected
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multi-century values than those calculated over periods including the 2015/16 El Niño

event) (82 ). A slightly larger feedback parameter is obtained if all data is included (λLW

= +2.3 (±0.2) W/m2/◦C). Both of these estimates are consistent with previous efforts

to deduce the LW feedback parameter using observations, but are slightly larger than

those found using GCMs running a 4xCO2 experiment (λLW = +1.8 (±0.5) W/m2/◦C)

(81), or using the mean coupled-model response in panel g (λLW = +1.9 W/m2/◦C).

The observed SW flux anomaly has a similarly large trend change between the

first and second decades in panel b, but in the opposite direction to the LW response

(from -0.4 (±0.2)W/m2/decade between 2000-2010 to -1.2 (±0.3)W/m2/decade

between 2010-2020). Estimates of the SW feedback parameter are more uncertain

than their LW equivalent, principally due to a continued poor knowledge of how cloud-

aerosol interactions vary under changing aerosol emissions pattern and under a changing

background climate state (5).

Uncertainty in the measurement of the SW feedback is further confounded when

combined with the co-varying natural variability signals in figure 3.7b. Since 2000, the

PDO and ENSO have driven much of the variability in tropical cloud cover (173), key to

the resulting SW flux trends (175). Observed reductions in sea ice cover (220) may also

contribute to the trends observed in figure 3.7b, although the cloud fraction variability

and major El Niño event in 2015/16 are the major drivers of SW flux variability (173).

As with the LW anomaly, the SW feedback parameter can be estimated using the

entire CERES SW record (2000-2020), or sub-setting to mask out the most significant

ENSO variability. The full record’s λSW = -1.6 (±0.3)/,W/m2/◦C, larger than the

SW feedback measured in GCMs over multi-century intervals. Masking the prominent

2015/16 El Niño years finds λSW,masked = -1.2 (±0.3)W/m2/◦C. A joint regression of

ENSO, PDO and temperature anomalies onto the SW flux anomaly finds λSW = -1.4

(±0.4)W/m2/◦C. As with the LW feedback, this joint regression finds only a limited

contribution from ENSO explicitly, predominantly because of the correlation between

the global-averaged SSTs and ENSO variability (173). Removing the impact of internal

variability using an ensemble of CMIP6 models finds λSW = -0.8 (±0.5)W/m2/◦C
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using 4xCO2 experiments (81), or λSW = -1.0 W/m2/◦C using the mean CMIP6-model

response from historical experiments in panel h.

Compare the observed LW and SW flux anomaly behaviour in figure 3.7a and b

with the low-aerosol-trend-change SSP3-70 and prescribed-SSTs experiment (panels d

and e), and the ensemble-mean SSP2-45 experiment which averages out the impact of

SST and cloud cover variability (panels g and h). In the experiments where internal

variability has been removed the decadal trends show much smaller trend changes than

the CERES observations, while the prescribed-SST experiment continues to show a

large change in the decadal trend despite having a small aerosol ERF trend change.

This supports the assessment that trends in the left column’s anomalies are significantly

exaggerated in response to short-term variability signals, as is proposed in our analysis

of observed feedback parameters and in the attribution of the aerosol ERF contribution

to the GMST trend change above. The LW flux anomaly trend change is reasonably

well reproduced in the multi-model ensemble average response, reinforcing the claim

that the GHG contribution to the TOA flux anomaly is well understood over this period

as a combination of the externally-forced response (including various LW temperature-

mediated feedbacks) and internal variability (panel d). The SW trend change is almost

entirely missed in the ensemble-average coupled model response of panel h, suggesting

the vast majority of the SW trend change occurs due to natural variability (driven by

SST variability) and not because of aerosol ERF trend changes. A wide range of aerosol

ERF trend changes are therefore compatible with the observed SW trend change in

panel b, including zero trend change over the interval.

CERES observations suggest a larger LW feedback over the past two decades than

CMIP6 GCMs (compare the trends in panels a and g), although within the range of

uncertainty (81). This may result from natural variability influencing LW fluxes in

observations, by varying sea surface temperatures or the rate of ocean heat uptake. This

does go against the notion that natural variability will principally bias SW feedbacks

through variations in cloud cover (173), and recent updates to ocean heat uptake

datasets which show a roughly constant trend over the past two decades (213). One

alternative explanation for the discrepancy is that LW fluxes are partly increased since
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2000 because of an additional LW cloud-ice feedback in response to the declining

atmospheric aerosol burden as anthropogenic aerosol emissions decrease. LW fluxes

have been demonstrated to increase in response to reduced upper tropospheric cloud ice

content, which occurs following aerosol emissions reductions in regional CRM simulations

(221 , 222). This additional LW feedback to aerosol emissions perturbations is not

captured in GCM’s parameterised convection schemes at present, hence the possibility

for discrepancy between observations and coupled models. However, we also note that

figure 3.7a’s LW all-sky and clear-sky observations have remarkably similar trend changes,

suggesting the LW cloud-ice feedback is not the culprit.

In summary, the decadal TOA flux trends assessed from CMIP6 models are consistent

with the ERF trends in figure 3.2, and ensemble-averages over CMIP6 coupled model

runs provide an assessment of the underlying forced response behaviour we should

hunt for in observations. Much larger trend changes are identified in observed LW

and SW TOA flux anomalies than those which are predicted with anthropogenic ERF

trends alone (compare figure 3.7a and b to figure 3.7g and h). The observed trend

changes are better explained as resulting from SST and cloud cover variability since

2000; CESM2’s atmosphere-only historical+SSP3-70 ensemble supports this assessment

(figure 3.7d and e), with larger trends appearing in the flux anomalies when the model

is run with observed SSTs over the interval, despite the experiment also containing a

much smaller anthropogenic ERF trend change. The best-estimate ERF timeseries does

explain the TOA flux observations behaviour shown in the left column of figure 3.7. As

was determined in the GMST analysis, a wide range of near-term ERF trends remains

plausible since the principal driver of changes in the TOA flux trend since 2000 is likely

SST and cloud cover variability, and not changes in the aerosol ERF trend.

3.3.3 Aerosol optical depths

AODs give the most direct observation of recent aerosol trend behaviour, but is also

less clearly associated with the overall global energy imbalance/ERF. Sogacheva et

al. (2020)’s AOD product combines several satellite records to produce a near-global

AOD timeseries between 1995-2018 (153). From this synthesised AOD record globally-,
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Region name Latitude (◦N/S) Longitude (◦E/W)
Northern Africa 5N:35N 20W:40E
Southern Africa 50S:10N 0E:60E
Europe 60S:35N 20W:40E
Middle East 10N:45N 20E:70E
Central Asia 30N:60N 40E:150E
South East Asia 0N:30N 60E:150E
Australia 60S:0N 110E:180E
North America 20N:60N 140W:60W
South America 70S:25N 110W:30W

Table 3.1: Latitudes and longitudes of AOD regions in figure 3.8.

hemispherically- and regionally-averaged anomalies (calculated by removing their mean

seasonal cycle over the full record) are plotted in figure 3.8. Regional trends are

calculated over geographical regions defined in table 3.1.

Global AOD observations (black) are remarkably stable since 2000 in figure 3.8

(the period 1995-2000 shows a residual trend caused by the 1991 Mt. Pinatubo

eruption). Separating the northern hemisphere’s (NH’s) AOD trends isolates a slight

peak-and-decline behaviour since 2000 (red), while the global average is dampened

by a flatter and smaller southern hemisphere (SH) AOD contribution (blue). Since

anthropogenic aerosol emissions are predominantly released in the NH, this weak SH

trend reflects the near-constant natural AOD contribution over the two-decade period of

AOD observations. Regional anomalies in panel b more clearly show emissions-induced

trends in South-East Asia, which are to first order balanced by an accelerating trend in

Northern Africa (and smaller contributions from Australia and South America). Regional

SO2 emissions timeseries in figure 3.1 support these South-East Asian AOD trends,

but there is little evidence supporting an acceleration of Northern African AOD caused

by anthropogenic emissions in emissions datasets. Limited in-situ observations and

high variability in Aeronet AODs (153) mean validation remains challenging, and there

are known retrieval issues for many satellite AOD products over reflective surfaces

(deserts and ice sheets) and regions with high natural AOD burdens (153). Based on a

global linear emissions-to-AOD relationship, since anthropogenic aerosol species have
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Figure 3.8: Aerosol optical depth (AOD) timeseries plotted from Sogacheva et al. (2020)
between 1995 and 2018. Global and hemispheric averages are shown in panel a, while the
AOD timeseries of several broad geographical regions are shown in panel b. In each panel,
monthly anomalies are shown with their seasonal cycles, with thick lines on top plotting the
annual anomaly (12-month rolling mean). In panel a the red line plots the northern hemispheric
average, the blue line plots the southern hemispheric average, and a global average is shown in
black. In the right panel key geographical regions include South East Asia (red), the Middle
East (purple) and Northern Africa (yellow).

an extremely short atmospheric lifetime (152), figure 3.1’s emissions trends suggests

the anthropogenic AOD anomaly should have declined by around a third since 2000.

In figure 3.8, the difference between the NH (red) and SH (blue) AOD timeseries

provides a rough estimate of the NH’s anthropogenic AOD anomaly (assuming that the

SH component contains a negligible anthropogenic component, and therefore acts as

a proxy for the NH’s natural AOD contribution). Differencing the NH and SH AOD

timeseries finds a subtle peak-and-decline trend change, with a 10-30% decrease in

the NH anthropogenic AOD anomaly between 2010 and 2018. Hence, this NH trend

supports the SO2 emissions behaviour exhibited in figure 3.1. The 10-30% reduction

is approximately halved in the global-average AOD anomaly since little anthropogenic

AOD is contributed by the SH, but the land area of the AOD average is doubled. GCMs

replicate the observed emissions-to-AOD relationship in the global and hemispheric

average (see for example the AOD anomalies produced from CMIP6 models historical

experiments in figure A.4 of appendix A).

The fact that anthropogenic aerosol emissions are largely localised in the NH,

and that AOD has substantial natural contributions globally, means there is a smaller

percentage change in global AOD expected for a given percentage change in aerosol
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emissions. This lack of coherency between observables along the aerosol chain from

emissions to AOD to ERF could be indicative of a pattern dependence for aerosol

emissions, where the spatial distribution of emissions impacts on their global-average

ERF outcome. Some research suggests that the spatial distribution of aerosol emissions

will alter the efficacy and lifetime of atmospheric aerosol perturbations, complicating

the prospect of simple global emissions-to-AOD relationship described above (209 , 223 ,

224). The size of this impact requires further research.

Despite these concerns there has been recent success working within a global and

linear framework for the relationship between aerosol and precursor emissions and total

aerosol ERF (73 , 152). Below I take advantage of this, looking to CMIP6 models to

derive a globally-averaged relationship between AOD and aerosol ERF.

3.3.3.1 Trends in global AOD and ERF

To establish whether the gradient change in observed AOD is consistent with figure 3.2’s

global aerosol ERF trends, figure 3.9 plots the decadal linear trend change (2010-2020

minus 2000-2010) in AOD (panel a) and ERF (panel b). I again use a split decadal linear

trendline fit using GLS regression onto individual model’s AOD and ERF timeseries,

as was used for figure 3.7 above. The figure shows the historical+SSP2-45 AOD and

ERF trend in for CMIP6 models, and compares them with observed AODs and ERF

trends from figure 3.2. When analysing the CMIP6 model AOD trends, I use the

same five models as were presented in the right column of figure 3.7 (for which I have

corresponding historical ERF timeseries to derive a global relationship between changes

in AOD trend and corresponding changes in ERF trend from RFMIP’s transient ERF

experiment (54)). The individual CMIP6 model AOD and ERF trendline fits are shown

in figure A.4 in appendix A. For the five CMIP6 models, the AOD trend change over the

two decades since 2000 lies between -0.011 and -0.023 /decade (black scatter points in

figure 3.9a; note AOD is unitless), while figure 3.8’s observed AOD trends change is

between -0.002 and -0.029 /decade. As expected, NH trend change dominates the global

trend behaviour in both the CMIP6 models and the observations (shown in red in figure

3.9a). The trends are modulated by weaker SH trends (blue scatter points in figure 3.9a).
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Figure 3.9: AOD and ERF gradient changes between 2000 and 2020 for CMIP6 models and
satellite observations. Panel a shows the AOD gradient change, including averages over the
Northern Hemisphere (red), Southern Hemisphere (blue) and Globe (black). Panel b plots the
ERF trend changes using the RFMIP transient ERF experiment (54). All trend changes are
measured using a linear trend which is split in 2010. This trend is fit using GLS regression
onto each timeseries (assuming an AR(1) process autocorrelates the residual), and the process
is identical to that in figure 3.7. In panel a the CMIP6 ensemble mean AOD trend change
is shown, alongside the AOD gradient change measured in observations from figure 3.8. In
panel b the ensemble mean CMIP6 ERF trend change is shown alongside the assessed gradient
change in standard ERF timeseries from figure 3.2. The standard dataset’s aerosol ERF trend
change is assessed in three ways: 1) using decadal averages of the trends plotted in figure
3.2d (orange scatterpoint); 2) using GLS regression identical to that used for the CMIP6
models (blue scatterpoint); 3) using GLS regression and comparing the gradients over an
extended historical period, i.e. gradient change between (1990-2010) and (2010-2020). Finally,
the rightmost scatterpoint in panel b shows the implied aerosol ERF trend change, given the
observed AOD trend change, calculated using the CMIP6-mean linear relationship between
AOD trend changes and resulting aerosol ERF trend changes.

The relative change in CMIP6 ERF trends (shown in figure 3.9b) are more uncertain

than their corresponding AOD trends, reflecting the greater difficulty in assessing the

downstream properties of the climate system which become increasingly impacted by

natural variability. Panel b compares the five-model-average CMIP6 ERF trend change

with three estimates of the ERF trend change estimated from figure 3.2, labelled ‘Aerosol

ERF (fig. 2)’. The orange range shows the estimated ERF trend change directly lifted

from figure 3.3 (the inner range shows SSP2-45’s aerosol ERF trend change and the

wider range the full range across all SSP variants). Black and blue bars show two
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alternative estimates of figure 3.2’s aerosol ERF trend change: blue is the difference

between (2010-2019) – (2000-2009) linear trends (consistent with the method used to

derive AOD trend change estimates for the CMIP6 models in figure 3.9); and black

is the difference between (2010-2019) – (1990-2009) linear trends.

In general, the AOD-ERF relationship is negative, meaning a negative AOD trend

change corresponds to a positive ERF trend change (∼ −10Wm−2/[AOD]). Figure 3.2’s

aerosol ERF trend change (orange) overlaps with the trend change calculated for the five

CMIP6 models in figure 3.9b. However, while figure 3.2’s ERF trend change consistently

produces positive aerosol ERF trend changes since 2000, the five CMIP6 models often

have aerosol ERF trend changes which overlap with zero, despite the model derived

AOD trend change estimates all being negative over the same interval.

By assuming that a linear relationship exists between the AOD trend change and

the aerosol ERF trend change as above (i.e. a single efficacy parameter governs the

relationship between panels a and b, defined using the ensemble-mean CMIP6 response),

we can estimate the ERF trend change expected given the observed AOD trend change

since 2000. This ‘AOD-ERF consistent range’ in figure 3.9b finds a wider range of

aerosol ERF trends is compatible with observed AODs since 2000, expanding beyond

the estimates from the standard ERF trends assessed in figure 3.2 to include both

near-zero trend change in the lower bound, and higher trend changes for the upper

bound. While this higher limit is not supported by CMIP6 models themselves (the

upper end of the range far exceeds the limits of the individual CMIP6 model fits),

near-zero trend change is also observed in individual model outputs in figure 3.9b

(e.g. IPSL-CM6A-LL, CanESM5), implying a no-trend-change aerosol ERF scenario is

plausible in both modelled and observed AOD responses since 2000.

3.4 Discussion

Successive IPCC reports have given assessments of the level of anthropogenic global

warming, but no equivalent assessment of the rate of human-induced warming has been

made. To constrain the rate of anthropogenic warming, one also needs an accurate

assessment of the anthropogenic ERF trend and how it has changed over the period of
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interest. Recent studies have highlighted a potential acceleration in anthropogenic ERF,

driven by reducing aerosol emissions since the mid-2000s (163 , 164). This chapter

highlights the extent of this perceived acceleration in AR6’s standard ERF timeseries,

and uses observations of key climate system properties to assess observational evidence

supporting this acceleration claim.

Global temperatures show a clear change in trend between 2000 and 2020, charac-

terised by temperatures remaining stable at around +1.0 ◦C above preindustrial levels

in the first decade, while in the second decade temperatures increase rapidly (with the

rate of warming peaking at over +0.3 ◦C/decade). The reduced warming trend around

2000 has been discussed in the context of ocean heat uptake and natural variability

contributions (3 , 216), but less research has focused on a possible warming acceleration

in the following decade induced by aerosol ERF trend changes.

By attributing the temperature trends to anthropogenic and natural sources we show

the forcing timeseries from figure 3.2 capture the broad warming contributions over the

previous two decades (figure 3.4). Significant variations around the anthropogenic best-

fit are still present, and alternative forcing trend change assumptions can be applied with

little indication of a worse fit. A three-way regression isolates the aerosol contribution

over history in figure 3.5, fitting the mid-20th century GMST more successfully by

down-scaling the aerosol contribution to historical warming. This implies the both the

aerosol and overall anthropogenic contributions are smaller, with the anthropogenic

warming acceleration (+0.05 (+0.01 to +0.08) ◦C/decade between 2000-2009 and

2010-2019) representing 50% of the overall GMST trend change. The remainder of

the GMST trend change is attributed to internal variability.

In the CERES record, LW TOA flux contributions are explained by recent GMST and

forcing trends combined, while there is greater uncertainty in the contributors to the SW

and net flux anomalies. In the SW anomaly, unforced variability in temperature and TOA

flux timeseries precludes clear assessments of the aerosol ERF contribution, supporting

the assessment that significant contributions from ENSO and PDO are present in

recent TOA flux trend changes. Given this, TOA flux trends cannot rule out little-to-

no anthropogenic ERF trend change over the two decades, despite the best-estimate
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anthropogenic ERF timeseries agreeing well with both TOA fluxes and temperature

anomalies. Figure 3.7’s middle column (atmosphere-only TOA flux anomalies) and

right column (coupled-model TOA flux anomalies) confirm the major role played by

natural variability processes in these TOA flux records, demonstrating that the trend

change induced in the SW TOA flux anomaly, where we expect to observe a large

trend change induced by aerosols, (figure 3.7h) is small compared to the trend change

caused by unforced variability over the previous two decades (figure 3.7e). Continued

funding for new satellites to study the outgoing radiative balance of the Earth system

(such as the recently announced FORUM mission (225)) is vitally important in order

to maintain long-term records and constrain the properties of short-term radiative

feedbacks with greater certainty.

Finally, satellite observations and CMIP6 models agree that a relatively small AOD

trend change has occurred over the last two decades, despite significant reductions

in anthropogenic aerosol emissions in the northern hemisphere. Exploring a linear

relationship between AOD and aerosol ERF trends (based on the mean response of

CMIP6 models) allows us to estimate the ERF trend change expected in response

to the observed AOD trend change since 2000. This analysis again supports the

best estimate ERFs in figure 3.2, but also suggests that little-to-no trend change

remains a possible assessment for ERF trends since 2000 in observations. The spatial

pattern of aerosol emissions also may play a role in determining the aerosol ERF level

(226), causing non-linearities in the AOD and ERF responses to globally-averaged

aerosol emissions reductions. Further research of ERF trends and feedbacks using

their full spatiotemporal signal in atmopshere-only GCM experiments where forcing

timeseries are known, and conducting regional aerosol perturbation experiments in

coupled models (162), will provide greater insight. The spatiotemporal fingerprint

of aerosols is the focus of chapter 4.

Overall, this chapter suggests that aerosol emissions reductions have contributed to

an increase in the rate of anthropogenic warming since 2000, but with a substantial

uncertainty range. The forced behaviour coincides with a period of considerable

internal variability, meaning that isolating the aerosol-induced ERF trend change from
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observations is challenging, and that a wide range of ERF scenarios offer plausible

explanations of the past 20 years. Some of these possibilities are not well represented in

the ERF ensemble shown in figure 3.2: for example, a zero-trend-change aerosol ERF

scenario between 2000 and 2020 (shown in figure 3.2 as an dashed orange line, with the

corresponding anthropogenic ERF a black dashed line), is considered possible in all three

observation datasets, but is poorly represented in the ERF ensemble of figure 3.2. Using

a zero-trend-change aerosol ERF to attribute anthropogenic global warming results

in a similar quality fit to GMSTs over the wider historical period (see dashed orange

and black lines in figure 3.5a), but substantially reduces the anthropogenic warming

trend change which occurs since 2000 (orange and black dashed lines in figure 3.5b). A

comprehensive ERF ensemble of the recent time-history of anthropogenic ERF should

offer these alternative scenarios, including scenarios with reduced aerosol ERF trend

change since 2000 and with alternative rescalings for all pollutants using global energy

balance constraints (e.g. those in Smith et al. (2021) (73) or figure 3.5).

3.5 Chapter close

This chapter used observations to answer ‘Is anthropogenic global warming accelerating?’.

I determined that, in the best-estimate attribution, AGW has accelerated since 2000,

with aerosols contributing around 30% of the observed GMST trend increase, GHGs

around 20%, and natural variability the remaining 50%. Because of the prominent role

internal variability has played in observations over the past two decades, I also could

not rule out natural variability causing the entirety of the recent GMST trend increase.

This possibility is poorly sampled in current ERF ensembles.



It is not generally known that every individual has a
peculiar arrangement [on] the grain of the skin... the
impressions made from the fingers of different persons
will produce different shapes.

— Robert Blake Overton (Letter to Scotland Yard,
1840)

4
Spatiotemporal fingerprinting a changing

aerosol radiative forcing trend

This chapter discusses the spatiotemporal patterns in observations which provide evidence

for a rapid change in the aerosol ERF trend since 2000. This work is based on a draft

manuscript which will be submitted to ACP: Spatiotemporal fingerprinting a changing

aerosol radiative forcing trend. Jenkins, S., Storelvmo, T., Sanderson, B., Stier, P.

and Allen M. Atmospheric Chemistry and Physics.
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4.1 Introduction

Over the near-present period (2000-2020) the spatial distribution and quantity of aerosol

emissions have both varied substantially: SO2 emissions have declined by a third, BC

and OC emissions have stabilised, and all three species emissions have shifted towards

South East Asia (63). Driven by these trends, AR6’s headline ERF assessment (5)

accelerates since 2000, implying an increased rate of anthropogenic warming. Chapter

3 identified observational evidence of this acceleration, determining 50% (10-80%) of

the observed GMST trend increase, which rose to more than +0.3 ◦C/decade in the

2010s from +0.2 ◦C/decade the decade before, was attributable to anthropogenic ERF.

The uncertainty in the anthropogenic contribution is influenced by both internal

variability and uncertainty in the size of the aerosol forcing trend change. The similarity

of these two drivers’ globally-averaged shapes mean that the GMST acceleration is

consistent with both, and hence chapter 3’s attribution could not easily separate them.

Additional complexities, including the level of confidence in reported anthropogenic

aerosol emissions over the late 20th century (154 , 227 , 228) and uncertainty in model-

derived warming responses to decade-long ERF perturbations (59 , 78), further hamper

efforts to assess the aerosol contribution to recent warming trends using GCMs.

To improve on the aerosol attribution described in chapter 3, in this chapter I apply

a fingerprinting approach, where the full spatiotemporal pattern that aerosols imprint

on observations is identified. This better separates the internal variability and the

aerosol forcing fingerprints (since their spatial patterns differ), facilitating a more robust

assessment of the recent aerosol-induced warming acceleration. Other studies have

previously considered the spatial distribution of aerosol forcing and identified an ‘aerosol

fingerprint’ in model outputs or observations. Chapter 1 discussed some of these attempts

to constrain ACI in spatiotemporal observations using observed AOD, cloud droplet

number concentration (CDNC), liquid water path (LWP) and cloud fraction observations

(134 , 136 , 137). Gryspeerdt et al. (2016, 2019) and Quaas et al. (2020) use a mixture
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of satellite observations and models to characterise these variables contributions to warm

marine-cloud ACI, deriving observational constraints on ACI over the satellite record.

Similar fingerprinting approaches have been extended to the cloud controlling factors

literature (e.g. see a recent example in Wall et al. (2022) (229)). In Wall’s methodology

a number of local meteorological factors (e.g. SST, wind shear, near-surface air pressure,

relative humidity, SO2−
4 AOD) are correlated with daily-mean cloud optical properties

(e.g. TOA SW radiative flux anomaly), to produce maps of correlation between the cloud

field and each controlling factor. This is used to estimate ACI from the partial correlation

between SO2−
4 AOD and the TOA SW radiative flux. However, in these assessments

the underlying GMST trend can spuriously correlate with the various observables. To

account for this, Wall et al. (2022) first removes any linear trend from each observable

prior to estimating its contribution to the (de-trended) cloud response. This limits its

applicability to the direct assessment of multi-decade and near-global aerosol trends.

Complementary studies have identified the spatiotemporal pattern of anthropogenic

aerosols in models (155 , 162). RFMIP and AerChemMIP provide a series of standardised

ERF perturbation experiments for CMIP6 models which have resulted in studies on

the spatial distribution of aerosol ERF at present day (54 , 55). Wilcox et al. (2019)

probes how anthropogenic aerosol emissions interact with the global climate system

by exploring the boreal winter response to Asian aerosol emissions in HadGEM3-GC31-

LL. They find Rossby waves form in the NH extratropics in simulations where Asian

aerosol emissions are removed after 1980, and argue this is controlled by Chinese

aerosol emissions influencing the strength of the Aleutian low (155). Tian, Dong et

al. (2020) expanded on this work (230), using aerosol perturbation experiments to

derive three processes by which aerosol emissions trends induce NH regional surface

temperature responses in HadGEM3-GC31-LL:

• Increasing Asian emissions strengthen the wintertime Aleutian Low, inducing a

Rossby wave response in NH extratropics, inducing local and non-local surface

temperature patterns.
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• Decreasing European emissions decrease AOD, both increasing clear-sky down-

welling flux and decreasing CDNC, inducing local surface temperature pattern.

Particularly in summertime, driven by greater downwelling insolation.

• Decreasing Eurasian emissions decrease AOD, both increasing clear-sky down-

welling flux and decreasing CDNC, inducing a local surface temperature perturba-

tion.

Experiments like these will be expanded in the Regional Aerosol Model Intercomparison

Project (RAMIP) (162), where the global response to regional aerosol emissions

trends will be explored using dedicated GCM experiments. These three processes

for aerosol-induced surface temperature change will be discussed further in the analysis

of observations below.

The IPCC combines several model and observational studies to produce a multi-

dataset consensus estimate of aerosol ERF (5). Despite some recent success in

constraining the aerosol ERF level, these efforts still struggle to constrain the aerosol

ERF trend, as was highlighted in chapter 1. Forster et al. (2021) gives little attention

to estimating the aerosol ERF trend in AR6, only noting that aerosol forcing estimates

ending in 2019 are around 0.2W/m2 weaker (closer to zero) than estimates ending in

2014 “primarily due to recent emissions changes (medium confidence)”.

More recently, Quaas et al. (2022) discusses observational evidence of aerosol

ERF trends. They begin by estimating the model-derived aerosol ERF spatial pattern

from RFMIP experiments, and then search for this spatiotemporal pattern in satellite

observations. With this broad viewpoint, Quaas determines that there is “robust evidence

for reversal of the trend in aerosol effective climate forcing” since 2000, based on co-

varying trends in satellite records consistent with CMIP6 models aerosol-induced trends.

Complementing that study, Bauer et al. (2022) diagnoses the aerosol ERF in the

GISS-E2-1-G model under various historical and SSP scenarios, demonstrating that the

aerosol ERF trend turns positive this decade in all SSPs, regardless of scenario ambition

(163). These two studies present the first claim that we are entering the ‘end of the

aerosol era’. Despite this progress the Quaas study was limited for several reasons:
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• it failed to consider any aerosol-induced trends other than a 20-year linear trend,

despite the emissions, AOD and forcing ensembles suggesting other behaviour is

equally important over the two-decade interval since 2000.

• it uses a coarse 5◦ × 5◦ spatial resolution throughout, missing key spatiotemporal

information from their fingerprint.

• it does not quantify consequences of the proposed aerosol ERF trend for recent

warming rates, despite several model studies suggesting a global warming response

may be quantifiable given recent regional emissions changes (155 , 163 , 230).

In this chapter I quantify the observational evidence for both a trend, and more

importantly a change in trend, in aerosol ERF since 2000. Section 4.2 analyses the aerosol

emissions datasets which are used to produce the global ERF estimates in AR6 (72) and

CMIP6 models (62 , 63 ). Having identified the spatiotemporal patterns in emissions data,

I “fingerprint” (meaning, in effect, regressing the temporal patterns in aerosol emissions

onto downstream observations to identify regions of co-variance) observations of AOD,

cloud optical properties, TOA radiative fluxes, and surface temperatures, searching

for the aerosol-induced trends in each. Section 4.3 uses an ensemble of aerosol ERFs,

produced using an emulator sampling CMIP6-derived aerosol forcing and constrained

against the observational constraints from this and the previous chapter, to estimate

the aerosol-induced warming trend since 2000, before section 4.4 concludes.

4.2 Identifying aerosol-induced trends

To identify the key patterns which may appear as a result of aerosol emissions, I first

analyse the trend behaviour exhibited by gridded SO2, BC and OC emissions inventories

(62 , 63). Small contributions from other anthropogenic aerosol and precursor emissions

(NOx, VOCs etc.) are ignored.
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4.2.1 Implied behaviour from emissions inventories

This analysis focuses on the Community Emissions Data System (CEDS) emissions

database (63), which provides gridded anthropogenic aerosol emissions inputs for GCMs

in CMIP6 (231). The CEDS inventory uses a bottom-up approach, where regional

and source-specific emissions are estimated using reported activity data and location-

dependent emissions factors (63). These inputs have been updated since CMIP6 (232)

reflecting recent analyses which suggest that earlier data under-represented Asian aerosol

emissions reductions since 2010 (62 , 233), and adding data collected between 2015-2020.

SO2 emissions are the predominant source of anthropogenic aerosol pollution since

the mid-20th century (116). CEDS SO2 emissions, coloured by source region, are shown

in figure 3.1 of chapter 3. They exhibit a double-peak structure, first in the 1980s

(driven by subsequent emissions declines in North America, Europe and the former

Soviet Union states), and a second, lower peak in the 2000s driven by East Asian

emissions trends. Although the absolute emissions level does vary between datasets

(see SI figure S6 in Zhong et al. (2020) (234)), SO2 trends also dominate the overall

aerosol emissions trend exhibited post-2000 (63 , 64 , 234).

I use a multivariate empirical orthogonal function (multivariate EOF) decomposition

(235) to isolate the key spatiotemporal patterns in emissions inventories. For this, I

deseasonalise and combine three aerosol emissions datasets (SO2, BC and OC) into

a single vector before decomposing it into principal components and EOFs. This

approach highlights temporal patterns which are coherent across all three aerosol species

together — important if I am to use these spatiotemporal patterns to identify the

aerosol-fingerprint in downstream observations. Figure 4.1 shows the first two principal

components and corresponding spatial correlation maps for SO2, OC and BC emissions

datasets. Together these two principal components (approximately a 20-year positive

linear trend, PC1 in figure 4.1; and a 10-year peak-and-decline structure centred on

2010, PC2 in figure 4.1) describe around 90% of the emissions variance.

SO2 emissions show the most extensive spatial correlation with both of these principal

components, as expected given SO2 emissions make up the majority of the anthropogenic

aerosol perturbation (152). SO2 emissions exhibit a declining 20-year trend over the
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Figure 4.1: Multivariate EOF decomposition of three aerosol emissions species (SO2, BC, and
OC) between 2000–2019. CEDS emissions inventories, converted into a spatiotemporal dataset
using the approach outlined in McDuffie et al. (2020), are deseasonalised and decomposed
into their principal components and EOFs. The first two principal components (shown here)
explain ∼90% of the emissions datasets’ variance. EOFs are plotted on a blue-to-red colourscale
(corresponding to negative-to-positive correlation with the respective principal component).

east coast of the US, Europe and China, and a positive 20-year trend over India. They

also show a prominent 10-year peak-and-decline structure for Chinese emissions, and, to

a lesser extent, India. BC and OC have considerably weaker trends overall, but have

similar structures to SO2 in key emissions regions. Positive peak-and-decline trends over

India dominate carbonaceous aerosol emissions since 2000 (but these are significantly

weaker than the SO2 trend change over China). Shipping SO2 emissions are present

on figure 4.1, but are of a much smaller magnitude compared to most land regions,

and are therefore not highlighted on the trendmaps (except for 20-year positive SO2

emissions trends over the India-Singapore strait shipping lane, the NH Atlantic shipping

lanes, and around the South African coastline).

Regional aerosol emission trends in Europe and the US are consistent with the timing

of the introduction of air quality legislation, and have been noted in several other studies

(236 , 237). Surface sulphur deposition rates have declined by 50% across the US

between the early 1990s and late 2000s (238), while estimated sulphate concentration

of precipitation over Western Europe has declined by around 75% between 1980 and

2010 (239). Indian aerosol emissions uniformly increase over the two decades since

2000, with studies noting the impact of absorbing aerosols on the Indian monsoon

over the satellite record (148 , 240). South East Asia is the only region where a major

peak-and-decline structure is suggested, with the peak around 2007 coinciding with strict
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air quality legislation being introduced in China (241). As discussed above, the extent

of the emissions decline since 2010 in China is believed to have been under-reported

for inputs to the CMIP6 experiments (242 , 243), meaning Chinese SO2 emissions now

exhibit a larger 20-year linear decline principal component (PC1, SO2 emissions) in

figure 4.1. This downward revision mirrors other evidence for the evolution of aerosol

emissions trends, such as observed AOD trends (244).

The accuracy of China’s recent SO2 emissions estimates is particularly important

as Chinese SO2 emissions contribute the majority of the total anthropogenic aerosol

perturbation over this period, and are also thought to be the primary source of any

trend discontinuity. The minima around 2000 in figure 3.1’s SO2 emissions, caused

by declining European and US emissions being replaced by rising Chinese emissions

thereafter, is a particular area of uncertainty in records. Chinese SO2 emissions between

1990 and 2005, which are estimated using coal consumption data split by coal grade

and multiplied by emissions factors, have been the subject of much debate and have

been revised upwards several times (245 , 246). The depth of this minima therefore

remains uncertain. Its presence plays an important role in producing the peak-and-decline

principal component discussed in figure 4.1. India’s emissions also pose a significant

accounting challenge for the Indian state, particularly for wood-based fuels which remain

in widespread use domestically (247 , 248).

Despite these challenges, emissions inventories have proved to be reasonably suc-

cessful measures of global aerosol pollution over the past two decades. Mortier et

al. (2020) presents a helpful evaluation of CMIP6-derived AOD trends in comparison

to AeroCom observations since 2000 (233). This work shows models driven with the

CEDS emissions inventories generally reproduce the observed globally-averaged AOD

trends, although are less successful over regions with large natural AOD variability (e.g.

Northern Africa). Determining the portion of errors in model-derived AODs which

reflect errors in input datasets, versus structural uncertainties in models themselves,

remains an open challenge (249). Further analysis of uncertainties in the emissions

datasets is beyond the scope of this work.
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4.2.2 Evidence in the spatiotemporal patterns of observations

Having established the aerosol fingerprint in emissions inventories, I now consider the

evidence for these spatiotemporal patterns in global satellite observations.

4.2.2.1 Aerosol optical depths

AODs are smoothed spatially compared to emissions, and transported downwind

(predominantly eastwards in the northern hemisphere), but are otherwise expected

to reflect the spatiotemporal patterns in emissions data due to the short lifetime

of aerosol particulates (164).

To confirm this and explore the AOD fingerprint caused by figure 4.1’s emissions

trends, figure 4.2 projects the two principal components onto AOD. The colours indicate,

for a unit change in the emissions principle components, how much local AOD is estimated

to change. I use an AOD reanalysis as this provides a spatially-complete record, unlike in-

situ or satellite-derived records, which can be split into individual aerosol species (allowing

easier comparison against the emissions trends in figure 4.1). Figure 4.3 then compares

this AOD fingerprint to the spatiotemporal patterns identified in satellite-observed AODs.

Figure 4.2 uses AOD from the CAMS reanalysis (178) product — a set of atmospheric

composition datasets produced using the ECMWF’s Integrated Forecasting System, with

boundary conditions and inputs supplied from satellite observations and independent

emissions inventories (250). The top of each column in figure 4.2 shows a principal

component from figure 4.1, with projections onto the AOD550 variable (178) below:

the total AOD, and the contributions to this total from SO2−
4 , BC and OC.

Reassuringly, these trendmaps demonstrate similar patterns to the emissions EOFs in

figure 4.1. The green-ringed areas in figure 4.2 highlight regions of large anthropogenic

aerosol emission trends from the previous figure. The SO2−
4 AOD contributes the

majority of recent anthropogenic AOD trends in the CAMS reanalysis, particularly in

the northern hemisphere, which is expected given the dominant role SO2 emissions

play in this region. BC contributes very little to the global spatiotemporal trend in

AOD, although there are local trends present over Indian-subcontinent and northern

China which align with the emissions maps. OC plays a larger role, with positive
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Figure 4.2: Projected EOFs onto the CAMS reanalysis AOD, sulphate AOD, black carbon AOD,
and organic carbon AOD, using the first two principal components from emissions multivariate
EOF decomposition (figure 4.3). First two principal components are shown at the top of figure,
with the total AOD (totalAOD550) correlation below. Below that are the correlations with
individual AOD species: sulphate AOD (suAOD550), black carbon AOD (bcAOD550), and
organic carbon AOD (ocAOD550). All panels use the same blue-to-red colourbar, corresponding
to negative-to-positive correlation with the projected principal component. The significant
emissions trend regions from figure 4.1 are also plotted on the sulphate, black carbon and
organic carbon AOD panels, outlined in blue-to-red colour scale. Green circles show regions
where emissions spatial trends correlate well with the AOD spatial trends. Pink circles show
regions where the anthropogenic aerosol emissions and CAMS AOD analysis spatial trends are
poorly correlated.
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Figure 4.3: 20-year linear trends (panel a) and the 10-year trend change (panel b) of the
MODIS AOD observations between 2000-2019. Red-to-blue colourbar shown below each panel,
with units [AOD]/decade. Grey regions are where there are too few monthly observations to
accurately determine a trend (fewer than 75 per decade). Grey boxes highlight regions of large
anthropogenic aerosol emissions trends.

20-year trends over India, negative trends over China, and China also showing a large

positive 10-year trend change contribution.

Pink-ringed regions highlight contributions to the total AOD which are not well-

represented in the emissions fingerprints identified in figure 4.1. For example, the

large negative trend region in South American OC AOD, and positive trends over

Canada and Siberia (not ringed), which are absent in the corresponding OC emissions

trendmap. These pink-ringed regions are also observed in AOD trends from other in-situ

observations and satellite studies (153 , 164), and likely stem from fire emissions trends

since 2000 (251–253). Fire emissions are treated separately to anthropogenic aerosol

emissions in inventories (254 , 255), and are therefore not captured in emissions EOFs

in figure 4.1 despite having a role in explaining the global AOD over this period. In

this study I focus on anthropogenic aerosol emissions only, and do not include fire

emissions and their downstream impacts on other observations.



4. Spatiotemporal fingerprinting a changing aerosol radiative forcing trend 110

Satellite-derived AOD trends

I now look to identify this fingerprint in satellite-derived AOD. Trends in satellite

remote sensing observations can be challenging to interpret because the sensors are

subject to orbital drift and degradation over the lifetime of missions. MODIS AOD

observations have been carefully re-calibrated to reduce these issues (176 , 256). The

co-observation of many cloud and atmospheric optical properties from MODIS and

CERES on the same satellites further increases the comparability of their derived

products. However, discrepancies still exist for areas with lower absolute emissions,

e.g. remote ocean regions (164).

NASA’s MODIS and MISR equipment, and EUMETSAT’s METOPB, provide direct

AOD observations from 2000 (164 , 233). All three records identify broadly consistent

spatiotemporal patterns over the Eastern US, Europe, India and China, although

disagree on the absolute AOD magnitude both at regional and global scales (153).

AOD trends averaged from MODIS (257 , 258) and MISR (259) observations show

20-year linear trends of between ±2 %/year (see figure 2.9 in Gulev et al. (2021) (260)).

In-situ observations (for example AERONET’s (261) ground observation network),

which compared to satellite remote sensing are far more sparse spatially but provide

a more accurate measurement of near surface AOD, also report consistent trends to

the satellite-derived products since 2000 (260).

Figure 4.3 shows AOD trends calculated from MODIS observations since 2000

(176). The trendmaps are calculated using a simplified version of the two principal

components in figure 4.1: a 20-year linear trend and 10-year trend change (i.e. the

linear trend between 2010-2019 minus the linear trend between 2000-2009) at each

gridpoint. These two stylised trends replace the more complex principal components’

shapes from earlier figures but keep their key characteristics, simplifying the fingerprints

for the evaluation of downstream observations which are not spatially complete and

for which there is greater temporal variability. The decadal trend change (m2-m1) can

be thought of as a measure of the acceleration in the observation between the first

and second decade since 2000. The greyed-out regions contain insufficient datapoints

to assess the trend accurately (< 75 /decade), due to: high cloud fractions reducing
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the availability of clear sky conditions, underlying surface reflectivity hampering the

observation (e.g. the Sahara and ice sheets), or where insolation variability is high (near

the poles). High latitudes are particularly poorly sampled by satellite equipment since

they rely on back-scattered sunlight to estimate aerosol and cloud properties.

The boxed areas of figure 4.3 highlight the regions where anthropogenic aerosol

emissions have varied substantially since 2000. 20-year declining AOD trends are visible

in Europe and the US, along with increases over the Indian-subcontinent (panel a),

and a peak-and-decline trend over China (panel b). MODIS AOD trends show good

agreement with both the CAMS AOD reanalysis (figure 4.2) and emissions inventories

(figure 4.1) across these regions, providing direct observational evidence of the regional

emissions patterns identified above. Panel b’s peak-and-decline trend structure is

prominent over China with good correlation across much of the northern pacific, where

emissions are advected by the jet stream.

Quaas et al. (2022) completes a similar analysis of the 20-year linear trend in

fine-mode AOD (fAOD), using MODIS and MISR data (where fine-mode AOD refers

to particles with radii < 1µm) (164). fAOD is considered a better assessment of

anthropogenic aerosol pollution since anthropogenic emissions contribute the majority

of particulates of this size. Hence, fAOD trends are also well-correlated with SO2, BC,

and OC emissions trends isolated in figure 4.1. In this study I focus on total AOD

to analyse the total aerosol influence on climate, which is better described by total

AOD than by either a sub-species of it (e.g. sulphate AOD from figure 4.2) or by a

sub-component of it (e.g. fAOD in Quaas’ study).

The patterns identified in figure 4.3 generally support the reported aerosol emissions,

although at a pixel-by-pixel level the observed trends can still vary substantially. To

identify regional trends, figure 4.4 averages figure 4.3’s trends over the boxed regions,

weighted by land surface area. Split-decadal trendlines are fitted onto each timeseries

using an OLS regression, with the gradients of the trendlines reported at the top of

each panel (m = 20-year trend, m2-m1 = 10-year trend change, both with units

[∆AOD]/decade).
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Figure 4.4: 20-year linear trends (gold) and the 10-year trend change (orange and pink) of
the MODIS AOD observations 2000-2019. Each panel in the top row refers to a different
boxed region in figure 4.3, and each panel in the bottom row refers to a broad regional average
(e.g. northern hemisphere (NH), southern hemisphere (SH) or global). Black lines are the
annual-average AOD over that spatial box, with the grey lines underneath the full record
including sub-annual variability. 20-year trend and 10-year trend change are reported above
each sub-panel (m and m2-m1), with units [AOD]/decade.

These regional decadal trends mirror the emissions inventory’s trends in figure

4.3. Europe and US AOD show negative 20-year linear trends of −0.007 /decade and

−0.003 /decade since 2000, with very little trend change signal (note that optical

depth is a unitless quantity). These relatively weak trends reflect the fact that, by

2000, Europe and the US had already substantially reduced their particulate pollution

(228 , 239). In contrast, Indian-subcontinent and China-and-far-eastern AOD trends are

large in figure 4.4, as they have produced a combined 50% of global aerosol pollution

since 2000. These are also subject to greater uncertainty than the US and European

trends, as accurate retrieval of the AOD burden in a tropical atmospheric column is

more challenging, and clear sky conditions are rarer. India’s 20-year AOD trend (m

= +0.035 /decade) is much larger than the European or US trends. This may reflect

India’s large emissions trends over all aerosol species, but could be biased higher by

observational challenges in distinguishing aerosol haze from thin cloud in the tropics

(particularly with an underlying global warming trend) (262 , 263). AOD trends over

China show remarkable agreement with the emissions inventories (m = −0.015 /decade,

m2-m1 = −0.114 /decade), although the same caveats exist regarding the biasing of

AOD retrievals in the tropics as Indian observations above.
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Local positive trends are also observed over the large marine stratocumulous decks

off western continental coastlines, e.g. the prominent positive 20-year trend off the

Angolan and Namibian coasts in figure 4.3 (71). Some of these trends correspond

to large fractional increases in AOD (164), and hence may contribute non-negligible

positive ACI trends. This effect could be responsible for the peak-and-decline structures

visible in the stratocumulous decks in the all sky SW radiative flux variable plotted in

figure 4.8. Partitioning these observed trends between: the true anthropogenic AOD

trend; the erroneous retrieval of thin cloud surrounding the marine cloud deck; and

the influence of co-varying meteorological factors (or warming-induced cloud-radiative

feedbacks) remains an open challenge. Several studies have claimed an anthropogenic

contribution to the radiative properties of marine stratocumulous cloud decks (71 , 229).

The bottom row of figure 4.4 plots the globally-averaged AOD, northern hemisphere

(NH) AOD, southern hemisphere (SH) AOD, and (NH-SH) AOD difference. The NH

AOD, which contains the majority of anthropogenic aerosol emissions, has a clear peak-

and-decline structure (m = +0.005 /decade, m2-m1 = −0.038 /decade) reminiscent

of the emissions fingerprint. The small positive 20-year trend is not explained by the

emissions behaviour, although adding fire emissions may help (see CAMS reanalysis

in figure 4.3). Similarly, the SH AOD displays a positive 20-year linear trend (m

= +0.007 /decade, m2-m1 = −0.008 /decade). This behaviour somewhat aligns with

the emissions in figure 4.1 (southern African BC and OC emissions have a positive

20-year trend), but the trend is too large and widely dispersed to have originated solely

from emissions in the SH. It could instead highlight a bias in MODIS retrievals, where the

observed AOD correlates with the local surface temperature trend in regions of low AOD.

MODIS struggles to differentiate clear sky pixels from low-optical-depth cloudy sky pixels

(176), and the optical thickness of low-optical-depth clouds has been shown to increase

with GMST in many GCMs (264). This suggestion is further supported by Quaas et al.

(2022)’s analysis showing MISR and METOPB satellite products contain little Southern

Ocean AOD trend since 2000 (164), implying this is an issue with MODIS retrievals

specifically. Regardless, in all three satellite products the NH trend behaviour dominates,

and hence these issues do not bias the globally-averaged AOD trend significantly.
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Globally-averaged AOD observed with MODIS is between 0.20-0.25, with around

three quarters of this due to natural aerosols (Bellouin et al. (2020) estimates

preindustrial AOD at around 0.17 using MODIS data (71)). The temporal evolution

broadly follows the NH’s peak-and-decline behaviour, which appears to be driven by

Chinese SO2 emissions trends in figure 4.4. If the southern hemisphere can be considered

a clean ‘preindustrial’ atmosphere, then the (NH-SH) AOD difference on the bottom

right panel of figure 4.4 isolates the anthropogenic AOD trend behaviour since 2000.

Although this is clearly a first-order approximation, it goes some way to confirming the

CEDS emissions above, with a prominent peak and decline structure centred on 2010.

There is remarkable similarity between this shape and the SO2 emissions in figure 3.1

— the peak in 2010 is +0.02 above the hemispheric-average AOD level in 2000, and

declines back down to the 2000 level by 2020. This corresponds to a global-average

anthropogenic AOD trend of +0.01 /decade in the first decade, and -0.01 /decade in

the second; half the hemispheric-average). If anthropogenic AOD has indeed varied in

this way, and SO2 emissions are responsible for 80% of the anthropogenic AOD anomaly

(116), the globally-averaged AOD/SO2 emissions sensitivity parameter is approximately

∼0.4 [AOD]/(GtSO2/yr). This back-of-the-envelope calculation corresponds to the peak

SO2 emissions in the 1980s causing a +0.05 anthropogenic AOD perturbation, which

aligns with other estimates in the literature (71 , 153).

4.2.2.2 Clear sky fluxes

The TOA radiative flux anomaly responds to perturbations in AOD, with greater SW

scattering in an atmosphere with a higher aerosol burden. As in the previous chapter,

flux anomalies are calculated from NASA’s Clouds and Earth Radiation Energy System

(CERES) EBAF4.1 dataset (168), which has been spatially-infilled, regridded (1◦ × 1◦

spatial grid), and time-averaged into a monthly-mean array. The timeseries of CERES

EBAF TOA flux anomalies are shown on the left column of figure 3.7 for reference.

Figure 4.5 plots the spatiotemporal patterns exhibited in the clear sky SW TOA

flux trends. Panels a and b show the 20-year trend and 10-year trend change for the

deseasonalised clear sky SW TOA flux anomaly, respectively (grey regions are poorly



4. Spatiotemporal fingerprinting a changing aerosol radiative forcing trend 115

observed due to large insolation variability at high latitudes). Regional clear sky SW TOA

flux trends, averaged over the boxed regions of figure 4.5, are plotted in figure 4.6 (the

trendlines are fit identically to those in the regional AOD figure above). The 20-year linear

trend and 10-year trend change are reported above each panel with units W/m2/decade.

The clear sky SW flux trends have similar spatiotemporal patterns to those found in

AODs over the four boxed regions. This suggests that, at least at a local level, clear sky

fluxes are being directly perturbed by the aerosol emissions trends (131). This makes

intuitive sense: the amount of reflected sunlight at a particular location in clear sky

conditions is principally controlled by the aerosol burden in the atmospheric column.

Other factors also contribute to the clear sky reflectivity, including the atmospheric

ozone and water vapour concentrations, as well as the underlying surface albedo (265).

Stephens et al. (2015, 2022) determined that atmospheric influences dominate over

surface albedo contributions to SW flux trends (131 , 266), and that the majority of

clear sky atmospheric reflection arises from AOD scattering (ozone and water vapour

changes predominantly result in additional absorbed SW flux in the troposphere (5)).

These atmospheric trends correlate well with anthropogenic aerosol emissions trends

since 2000. US and European clear sky SW flux anomalies show declining trends over

the last 20 years (m = −0.55W/m2/decade and m = −0.70W/m2/decade). Indian-

subcontinent trends are positive (m = +0.10W/m2/decade, with little trend change),

and China again displays the characteristic 10-year peak-and-decline trend structure

which was prominent in AOD and emissions variables (m = −0.49W/m2/decade,

m2-m1 = −1.87W/m2/decade).

These European and Asian trends are supported by both the trends in observed surface

downwelling radiation (228 , 267 , 268), and Tian, Dong et al. (2020)’s HadGEM3-GC31-

LL analysis that aerosol emissions reductions in the NH lead to local increases in clear

sky downwelling SW radiation (and hence local surface temperature increases) (230).

Although the four high-emission regions are broadly well captured, there are some

discrepancies between clear sky fluxes and AODs. Artifacts in the clear sky trendmaps

between land and ocean retrievals (e.g. see Indian coastlines) result from CERES’ use

of different algorithms to estimate fluxes observed over oceans (so-called “dark-target”)
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Figure 4.5: 20-year linear trends (panel a) and the 10-year trend change (panel b) of the
CERES clear sky SW TOA flux observations 2000-2019 (from the EBAF4.1 product). Red-to-
blue colourbar is shown below each panel, with units of W/m2/decade. Greyed regions show
where there is insufficient data to take a reliable trend measurement (< 75 /decade). Grey
boxes highlight regions of large anthropogenic aerosol emissions trends.

Figure 4.6: 20-year linear trends (gold) and the 10-year trend change (orange and pink) of
the CERES SW clear sky TOA flux observations 2000-2019. Each panel in the top row refers
to a different boxed region in figure 4.5, and each panel in the bottom row refers to a broad
regional average (e.g. northern hemisphere, southern hemisphere or global). Black lines are the
annual-average SW clear sky flux anomaly over that spatial box, with the grey lines underneath
the full record including sub-annual variability. 20-year trend and 10-year trend change are
reported above each sub-panel (m and m2-m1), with units W/m2/decade.
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and over land. The global oceans show a negative 20-year linear trend, except in

high-latitude regions with substantial sea ice variability, and regions adjacent to land

with rapidly increasing aerosol emissions (e.g. India and the Malay Archipelago; see

figure 4.1). Western Canada, central Asia and South America also exhibit local clear sky

SW flux trends consistent with the fire-induced AOD trends noted in figures 4.2 and 4.3.

Indian-subcontinent trends are weaker in the clear sky SW flux variable than is

suggested in AOD. Some of this may be due to Indian-subcontinent AOD retrievals

having higher BC and OC content compared to other NH emissions regions, resulting in

relatively stronger absorption and weaker scattering of SW flux. Alternatively, it may

again hint at challenges in separating low-optical-depth cloudy sky scenes from clear

sky aerosol scenes in retrievals over the tropics. Trends over China continue to drive

the shape of the wider NH and global trends in figure 4.6, as was found for AOD.

The hemispheric- and global-average clear sky SW flux trends also correlate with

GMST trends. Examples of this include: the global oceans negative 20-year trend; the

inflection in SH trends in 2010; and the correlation of the hemispheric- and global-average

trends with ENSO variability. Over global oceans this correlation likely reflects rising

GMST causing a moistening of the troposphere (269) which increases SW absorption.

Recent ozone trends may also make a small contribution to increased clear sky SW

absorption (5), predominantly concentrated around major anthropogenic emissions

sources. Since the negative trend in clear sky flux is particularly prominent over global

oceans, increased SSTs moistening the troposphere are the most likely explanation

for the widespread correlation with GMST. All panels on the bottom row of figure

4.6 also show a reduction in clear sky SW flux between 2015-16, corresponding to

the large El Niño event in figure 3.6. As ENSO principally impacts the cloudy sky

observations (173), its presence in figure 4.6 is confusing and adds weight to the claim

that the MODIS satellite retrievals struggle to distinguish clear sky aerosol pollution

scenes from low-optical-depth cloudy sky scenes.

Despite this, many studies use regional trends in clear sky SW flux as evidence of

the radiative response to AOD changes (131 , 228 , 266 , 270). To explore this, figure

4.7 plots the satellite-derived 20-year AOD trend vs. CERES clear sky SW flux trend
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Figure 4.7: 2D histogram of the absolute trend in clear sky SW TOA flux anomaly (SWCS
trend) and AOD (AOD trend) between 2000-2019. Coloured by number of datapoints underlying
that pixel. Poles (70-90◦ N/S) are ignored, as they exhibit high clear sky SW flux variability
due to insolation variability. AOD is derived from Sogacheva’s multi-satellite AOD product
(153). Pink lines show the AOD-clear sky SW flux sensitivity estimated by Aerocom II models
in Myhre, Samset et al. (2013); 25 ± 5 W/m2/[∆AOD] (200). Blue bins contain no data.

in a 2D histogram. Shading indicates the density of observations in each pixel using a

logarithmic colour scale to filter out extremes in trend observations, better sampling

the large-scale correlation between the AOD and clear sky SW flux fields. The two

variables are linearly dependent, with offsets from the origin reflecting the fact that both

variables exhibit non-zero trends independently of one another (implying correlation

with other variables, e.g. GMST, as discussed above).

The relationship between AOD trend and clear sky SW flux trend in figure 4.7

can be compared with the relationship derived from 16 GCMs in the AeroCOM phase

II experiments by Myhre, Samset et al. (2013). They determined the sensitivity,

Sclear sky SW/AOD, was 25 ± 5 W/m2/[∆AOD] (200) (plotted in pink in figure 4.7, centred

on the grey plume). The agreement between the grey shaded plume’s behaviour and

Myhre’s Sclear sky SW/AOD parameter adds confidence that AOD trends are indeed causing

the observed spatiotemporal patterns in clear sky flux. This is particularly prominent in

the NH where the anthropogenic emissions trends are largest, despite biases in both

variables moving the relationship away from the origin.

Given figure 4.7’s implied Sclear sky SW/AOD parameter and the observed AOD trend
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change, I estimate the ARI ERF acceleration since 2000. This uses:

∆
(dERFARI

dt

)
= ∆

(dAOD
dt

)
× Sclear sky SW/AOD × (1− ccloudy), (4.1)

following the approach of Bellouin et al. (2020) (71). I assume the effective cloud

fraction, ccloudy, is ∼0.65 (71), and that ∆
(

dAOD
dt

)
is -0.01/decade (half the [NH-SH]

AOD trend change reported in figure 4.4 to account for area-weighting to a global-

average). Together, this suggests the ARI ERF has accelerated, with its trend increasing

by +0.088 ± 0.018 W/m2/decade between the first and second decade since 2000. This

supports both the ARI trend change in SSP scenarios explored in chapter 3, and the

trend change exhibited in the observed globally-averaged SW TOA flux anomaly in

figure 3.7 (this ARI ERF acceleration equates to clear sky SW flux trends decreasing

by -0.25W/m2/decade between the first and second decade since 2000).

Stephens et al. (2022) decompose the 20-year clear sky SW flux trend into

contributions from the atmosphere and surface (266). They determined that trends

arise predominantly due to changes in atmospheric reflectivity, and further that these

clear sky trends contribute 50% of the overall all sky flux trend. This is more than

is suggested by other analyses, which typically estimate closer to 30% (173 , 270).

Stephens’ result implies a larger ARI ERF and weaker ACI ERF in CERES observations,

although, this is inconsistent with other observational studies (5 , 71) and with CMIP6

GCMs (131 , 271). Using an ARI-ACI ratio of between 30 and 50% (5) and the ARI

ERF acceleration derived above implies total aerosol forcing has reduced by between

+0.2 and +0.3W/m2 since 2010.

In summary, the clear sky SW record offers evidence of a direct radiative effect

induced by aerosol emissions since 2000. This behaviour is particularly prominent

over high-emissions regions, as could be seen in figure 4.5, and is consistent with

model predictions that the NH aerosol emissions trends produce localized clear sky

radiative perturbations since 2000 (230). Correlation between AOD and clear sky

SW fluxes implies a Sclear sky SW/AOD parameter consistent with estimates from GCMs,

which demonstrates causal co-variability driven by the underlying aerosol emissions

behaviour. Combining this with an estimate of the AOD reduction over the last decade
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suggests ARI ERF trend has increased by +0.088 ± 0.018W/m2/decade between

2000-2020. This supports AR6’s estimate that total aerosol ERF has weakened by

approximately +0.2W/m2 over the last decade (5).

4.2.2.3 Cloud properties and all sky SW fluxes

All sky fluxes are less tightly correlated with the spatiotemporal pattern of aerosol

emissions. This lack of correlation is for two reasons: 1) aerosols acting as CCN mean

the radiative impact of the ACI may persist far away from the emissions source, and

2) local cloudiness is primarily controlled by other meteorological factors which can be

highly variable over short intervals (229), dominating over the AOD-induced trends.

To identify whether any spatiotemporal patterns are consistent with aerosol emissions

changes in observed all sky fluxes, figure 4.8 plots the trends in several local cloud

optical properties (CDNC in panel a; cloud optical depth in panel b; cloud fraction in

panel c). The CERES all sky SW flux anomaly is shown in panel d. All sub-figures

use the same layout as earlier trendmaps, with the upper plot showing 20-year linear

trends and the lower plot the 10-year trend change. Trends averaged over the boxed

regions in all sky SW flux are plotted in the top row of figure 4.9, along with the global,

NH, SH and (NH-SH) average trends, as for the variables above.

All sky SW flux trends are negative (corresponding to a negative SW feedback

parameter (81)); and are larger and more dispersed than the corresponding clear sky

trends in regional, hemispheric and global averages. These differences highlight the

key role clouds are playing in driving regional all sky SW flux trends. Compare the

spatial patterns in figure 4.8d to those exhibited in the cloud fraction (figure 4.8c)

and cloud optical depth (figure 4.8b). Cloud location (panel c) and thickness (panel

b) correlate closely with the spatial patterns exhibited by all sky fluxes. This makes

sense: Stephens et al. (2015) demonstrates the importance of global clouds in setting

the net planetary albedo (the presence of clouds doubles the net planetary albedo to

∼0.3) (266). Loeb et al. (2019) demonstrates that cloud variability is a key variable

for predicting the all sky flux in the CERES record (173).
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(a) CDNC (b) Cloud optical depth (c) Cloud fraction

(d) All sky SW flux

Figure 4.8: Cloud optical properties and all sky SW TOA flux anomaly trends from MODIS
and CERES observations. In panel a CNDC trends (cm−3/decade), calculated from Grosvenor
et al. (2018)’s CDNC variable are plotted. Panels b and c plot MODIS cloud optical depth
(/decade) and cloud fraction trends (%/decade). Panel d plots CERES all sky SW flux
trends (W/m2/decade). Greyed out regions contain insufficient data to estimate a trend. All
sub-panels are laid out in an identical way to previous figures, with the upper panel showing
the 20-year linear trend, and lower panel the 10-year trend change. Red-to-blue colourbars are
shown below each panel.
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Figure 4.9: 20-year linear trends (gold) and the 10-year trend change (orange and pink) of
the CERES all sky SW TOA flux observations 2000-2019. Each panel in the top row refers to
a different boxed region in figure 4.8d, and each panel in the bottom row refers to a broad
regional average (e.g. northern hemisphere (NH), southern hemisphere (SH) or global). Black
lines are the annual-average anomaly over that spatial box, with the grey lines underneath
the full record including sub-annual variability. 20-year trend and 10-year trend change are
reported above each sub-panel (m and m2-m1), with units W/m2/decade.

In turn, cloud fraction spatial patterns are primarily set by the underlying GMST

spatial pattern (compare the cloud fraction’s patterns to HadCRUT5’s GMST patterns

in figure 4.11) (271). Regions with warm surface temperature anomalies correspond

to positive upwelling LW radiative flux anomalies, tropospheric temperature profiles

which more readily promote free convection, and greater evaporation at the surface —

all promoting cloud growth. These large-scale SST patterns driving the cloud fraction

spatial structure are set by variability in the rate of ocean heat uptake. Hence, the spatial

structures in the cloud fraction are readily influenced by and/or co-vary with the ENSO,

PDO and AMV variability trends since 2000. Internal variability’s influence on the cloud

fraction poses a major barrier to isolating the aerosol contribution to all sky flux trends,

since the spatial structure of the cloud fraction field is so important for driving the

patterns observed in all sky flux trends over these short records. This challenge was

also seen in the previous chapter, where the SST boundary conditions were the principal

input necessary to reproduce recent all sky flux trend behaviour (see figure 3.7).

ENSO’s influence on tropical deep-convective cloud structures makes it a particularly

important driver of the spatial patterns in figure 4.8. ENSO’s fingerprint is prominent in

the Eastern Pacific (figure 4.8d) in both the 20-year and 10-year trend change patterns.



4. Spatiotemporal fingerprinting a changing aerosol radiative forcing trend 123

(a) ENSO-All sky SW flux correlation (b) ENSO-GMST correlation

Figure 4.10: Panel a shows the correlation between ENSO and the all sky SW flux anomaly at
the TOA. Panel b shows the correlation between ENSO and the HadCRUT5 GMST anomaly.
ENSO is measured using the Niño3 index (figure 3.6), and only non-zero ENSO months are
considered (Niño3 index > ±0.5). A red-to-blue colourbar is shown below each panel. Grey
boxes highlight regions of large anthropogenic aerosol emissions trends.

Loeb et al. (2021) demonstrates that for several CMIP6 models the model’s ability

to reproduce CERES all sky flux trends is tied to its ability to capture this tropical

cloud variability, particularly in the Eastern Pacific (and hence to model the cloud

response to ENSO) (175). The correlation between the Niño3 index and all sky flux

in figure 4.10a highlights the ENSO influence on the Walker circulation and cloud

structures in the tropics and Southern Ocean. Note that the all sky flux trends in the

NH extratropics are less well correlated with ENSO, meaning more of these signals

may originate from anthropogenic forcing instead (although other variability signals,

AMV and PDO, likely also play a role here too).

Despite this link between the cloud fraction and internal variability complicating

matters, figure 4.8 also hints at an aerosol contribution to the trends in the all sky SW

flux. The cloud fraction has a near-zero temporal trend since 2000 (the globally-averaged

rate of ocean heat uptake since 2000 is roughly constant (213)). Hence, the presence

of multi-decade temporal trend in all sky SW flux in figure 4.9 is not explained by

ENSO-induced cloud fraction variability. This temporal trend is instead explained by

variations in the cloud optical properties and the clear sky SW reflectivity — both of

which are driven more directly by aerosol emissions trends.

To demonstrate this, figure 4.8a plots the 20-year trend and 10-year trend change

in CDNC (142) observed in global cloudy sky scenes since 2000. Since aerosols act
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as CCN, one would expect areas with reducing AOD trends to also exhibit reducing

CDNC trends (272). In turn, a reduction in CDNC would increase the cloud droplet

effective radius (assuming a fixed liquid water path) (134), hence reduce the mean

cloud brightness via the Twomey effect (133). This can be seen in European and US

regional AOD trends in figure 4.8a. The four high-emissions regions display CDNC

trends which are well correlated with AOD trends. This is particularly evident over

the US, Europe and China, which all show strong negative 20-year declining trends in

all sky SW flux, CDNC and AOD. This means anthropogenic aerosol emissions trends

are visibly impacting the NH’s cloud optical properties.

Figure 4.8b plots the trend and trend change in the cloud optical depth observed

by MODIS, which includes both the CDNC trend and the LWP response to produce

an overall picture of the trends in cloud reflectivity since 2000. The fact that CDNC

and cloud optical depth records display similar trends to AOD in the four boxed regions

further highlights the role of the anthropogenic aerosol perturbation in the NH cloud

fields. This supports the link between reductions in aerosol emissions in these regions and

a change in the ACI ERF trend. Combining these observations with the spatial structures

of cloud fraction in figure 4.8c and the clear sky patterns in figure 4.5 reproduces the

broad spatiotemporal patterns exhibited in the all sky flux trends (figure 4.8d).

The relationship between AOD changes and CDNC changes has previously been mod-

elled with a log-log sensitivity parameter at a globally-averaged level (71), βln(CDNC)/ln(AOD),

meaning fractional changes in each variable are linearly related. McCoy et al. (2017)

estimates βln(CDNC)/ln(AOD) as between 0.3-0.8. With MODIS-derived preindustrial AOD

averaging 0.17 (71), and ∆
(

dAOD
dt

)
= -0.01, the CDNC trend change is -3.5%/decade

(-2 to -5%/decade) between the first and second decade since 2000. Since 2010, this

is consistent with the roughly 7%/decade trend exhibited in the globally-averaged

CDNC observations by MODIS.

It is less consistent with the notion that, globally, AOD increased in the first decade

since 2000, while CDNC trends are negative across the 20-year record. This challenges the

interpretation of the CDNC behaviour as being solely ‘aerosol-induced’. The difference

highlights the role of other important cloud controlling feedbacks in the tropics (e.g.
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GMST) acting to increase net radiative heating via cloud radiative feedbacks (80 , 82)

and unforced variability. This analysis is supported by Cao et al. (2023), who determine

aerosol emissions reductions significantly reduce the hemispheric contrast in CDNC since

2000 (273), and also find the hemispheric- and globally-averaged CDNC observations

exhibit very little trend change signal between the first and second decade since 2000.

The spatiotemporal pattern in CDNC, reported by both Cao et al. (2023) and

figure 4.8, support an aerosol emissions influence on cloud optical properties in the

NH extratropics since 2000 (273). Using this evidence to further claim a global-scale

ACI ERF acceleration since 2000 remains uncertain, since a trend change signal is not

directly observed in cloud optical properties over China. This lack of observation may

be for two reasons: 1) clouds are CCN-saturated over the tropics, and hence are less

perturbed by a unit-size AOD perturbation; or 2) cloud optical properties are more

influenced by variability in other meteorological factors over the tropics, hampering

the observation of a trend change signal. If this lack of signal is due to the former

reason, then the overall aerosol ERF acceleration may be substantially smaller (since

it will not include an ACI contribution).

The reasoning that CDNC is harder to measure where natural variability is more

pronounced, clouds are optically thick, or the clouds are already CCN-saturated, is

supported by other studies of aerosol cloud interactions. Flight campaigns and models

suggest cloud radiative responses saturate at high aerosol burdens, meaning they

become insensitive to AOD perturbations if the cloud field is already optically thick

(274). Because of this, tropical deep-convective clouds exhibit reduced ACI ERF changes

for a given AOD change, and the NH extratropics cloud optical properties are more

perturbed by changes to AOD in figure 4.8a and b. Re-normalising the observed AOD

field by aerosol occurrence before correlating the AOD vs. CDNC could reduce this

dependence, offering a means to better characterise the trendmaps as a function of

anthropogenic aerosol emissions trends in the tropics (although the fundamental issue

that cloud fields are saturated will persist). That analysis is beyond the scope of this

research, but has been considered elsewhere (274).
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Assuming that the AOD trend change is impacting global cloud optical properties,

but is poorly observed in tropical clouds, I can estimate the resulting ACI ERF trend

change. This uses a linear sensitivity parameter to relate fractional changes in CDNC

to ACI ERF (as in Bellouin et al. (2020)) (71):

∆
(dERFACI

dt

)
=

[
βln(CDNC)/ln(AOD)

∆
(

dAOD
dt

)
AODPI

]
× SCDNC × cCDNC. (4.2)

Here, SCDNC is the parameter relating fractional changes in CDNC to changes in ACI

ERF (-26 to -27W/m2 (71)), cCDNC is the effective cloud fraction (0.19-0.29 (71);

effective because it incorporates information on the co-variability of the variables in

equation 4.2), and AODPI, or the preindustrial AOD, is 0.17 (71). Combining these

produces an estimated ACI ERF trend change of +0.2 ± 0.1W/m2/decade between

the first and second decade since 2000, assuming ∆
(

dAOD
dt

)
= −0.01 /decade and

ignoring second-order corrections from cloud fraction and LWP feedbacks. Adding

this to the earlier ARI ERF trend change estimate (+0.088 ± 0.018W/m2/decade),

gives a total aerosol ERF trend change of +0.3 ± 0.1W/m2/decade between the

first and second decade since 2000.

An aerosol ERF trend change of +0.3 W/m2/decade is likely too high given energy

balance constraints over the historical record (73), and the fact that the CDNC

observations do not clearly isolate a trend change signal in figure 4.8. The application

of energy balance constraints on top of pure observational estimates downscales the

aerosol ERF by around 20-40% (see refs. (5 , 17 , 71 , 73 , 186), and chapter 3).

Therefore, my overall assessment is that the aerosol ERF trend has increased by +0.2 ±

0.1 W/m2/decade between the first and second decade since 2000. Since aerosol forcing

was approximately zero in the first decade since 2000 (see figure 3.2, this is equivalent to

claiming total aerosol ERF has weakened by +0.2 W/m2 since 2010. The lower bound

of my trend change estimate (+0.1W/m2/decade) reflects the possibility that AOD

trends have caused an acceleration in ARI ERF, but not in ACI ERF, since 2000.

In summary, this analysis provides evidence that the trends in aerosol emissions are

well supported in current observations of the climate system. The ARI ERF trend and

trend change is directly observed in the satellite record, suggesting ARI ERF trends have
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increased by +0.09 ± 0.02 W/m2/decade since 2000. Confirming the ACI contribution to

the total aerosol ERF trend is more challenging since the perturbation to the cloud fields

is dominated by ENSO variability in the all sky SW flux. Some confidence can be taken

from the direct observation of an aerosol influence on local cloud optical properties in

figures 4.8a and b, and the fact that an aerosol-induced ARI trend change is observed in

clear sky SW fluxes. Using Bellouin et al. (2020)’s approach relating global AOD to ACI

ERF, and the estimated anthropogenic AOD trend change since 2010, I estimate CDNC

trend has declined by 2-5%/decade, causing the ACI ERF trend to increase by +0.2 ±

0.1 W/m2/decade since 2000. Combining this with the ARI ERF trend change estimate

means total aerosol ERF trends have increased by +0.2 to +0.3 W/m2/decade between

2000-2020. Considering all lines of evidence, including energy balance constraints from

the previous chapter, I assess the total aerosol ERF trend has increased by +0.2 ±

0.1W/m2/decade between the first and second decade since 2000.

4.3 The aerosol contribution to recent warming
trends and acceleration

4.3.1 Trends in surface temperature observations

Although decadal trends in surface temperature are influenced by the full range of

anthropogenic pollutants, aerosols are unique in having a spatially-distinct pattern.

That means large enough trends in aerosol emissions could become visible in GMST

observations, even if they are a small contribution to the overall multi-decadal warming

behaviour. The derived aerosol forcing behaviour above implies a NH-led acceleration

in globally-averaged GMST trends. On top of these anthropogenic influences are

short-term trends introduced by internal variability.

Figure 4.11 shows the spatiotemporal trends in HadCRUT5 surface temperature

anomaly observations since 2000. The 20-year linear trend (panel a) is influenced by

GHG concentration changes (166), aerosol emissions trends, and the underlying ocean

heat uptake variability. Key patterns, including the large warming trends visible over the

Arctic (275) and the sub-polar Atlantic ‘warming hole’ (276), have all been studied

extensively. Less well-studied is the pattern in the warming acceleration since 2000.
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In the NH extratropics the surface temperature pattern shows a Rossby-wave-like

response in the 10-year trend change signal. Wilcox et al. (2019) and Tian, Dong et

al. (2020) argue that a rapid reduction in Chinese aerosol emissions would produce a

Rossby-wave response in the NH extratropics by producing a western tropical pacific

heating perturbation and strengthening the Aleutian low (155 , 230). This is certainly

consistent with the pattern in the bottom panel in figure 4.11. Observed AOD trends

over the northern Pacific highlight that Chinese AOD trends are advected around the

NH extratropics (figure 4.3), implying a secondary role for anthropogenic aerosol trends

in the NH’s Rossby wave response in figure 4.11.

This pattern in NH surface temperature is also influenced by ENSO variability, where

a shift from La Niña to El Niño conditions shifts the Walker circulation, causing a

western tropical pacific heating perturbation. This coupling produces a very similar

spatiotemporal pattern to that expected by Chinese aerosol emissions trends since 2000

(173). ENSO was the single largest contribution to the western tropical Pacific heating

perturbation this decade. This conclusion combines the correlation of the Niño3 index

with both all sky fluxes and surface temperatures in figure 4.10, the size of the El

Niño event in 2015/16, and the results discussed in chapter 3. The SH also exhibits a

warming acceleration since 2000, but this is even less likely to be aerosol-forced given

the size of SH emissions trends in figure 4.1. Therefore, although GMST does accelerate

since 2000, it is unlikely that this acceleration is majority aerosol-induced.

Tian, Dong et al. (2020) discusses another mechanism by which regional aerosol

emissions trends induce surface temperature responses in HadGEM3-GC31-LL (230):

local emissions reductions cause a direct clear sky radiative heating perturbation over

both Europe and Central Asia. These clear sky perturbations are easier to identify in

AOD and clear sky flux observations, and have also been noted in work quantifying

surface SW flux trends using in-situ observations (228 , 265).

The corresponding local surface temperature responses are hard to isolate in

observations, since they are typically smaller than local variability. Regional warming

trends are plotted on the top row of figure 4.12. European and US warming trends

are positive (m=0.20 ◦C/decade, m=0.18 ◦C/decade), with both additionally showing
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Figure 4.11: 20-year linear trends (top) and the 10-year trend change (bottom) of the
HadCRUT5 surface temperature anomaly observations (2000-2019). Red-to-blue colourbar
shown below each panel, with units of ◦C/decade. Grey boxes highlight regions of large
anthropogenic aerosol emissions trends.

a positive acceleration signal. While the linear warming trend is consistent with the

20-year anthropogenic ERF trend, the acceleration is inconsistent with their local

aerosol emissions trends. The acceleration behaviour is likely induced by ENSO, but

may have an additional contribution from aerosol-induced cloud radiative effect trends

advected around the NH from China (155). Further modelling of the impact of regional

aerosol perturbations, like that done by Wilcox and Tian (155 , 230), is required to

better isolate the aerosol vs. internal variability contribution to GMST trends. This is

beyond the scope of this work, but has been proposed in a dedicated Regional Aerosol

Model Intercomparison Project (RAMIP) (162). Overall, observational evidence for

an aerosol-induced warming acceleration since 2000 is inconclusive.

4.3.2 Combined assessment of aerosol warming trends

Above, I established broad observational support for aerosol emissions inventories and

their claim of a weakening aerosol ERF since 2010. Direct confirmation of this ERF
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Figure 4.12: 20-year linear trends (gold) and the 10-year trend change (orange and pink) of
the HadCRUT5 surface temperature anomaly observations 2000-2019. Each panel in the top
row refers to a different boxed region in figure 4.10b, and each panel in the bottom row refers
to a broad regional average (e.g. northern hemisphere, southern hemisphere or global). Here,
NH and SH means are averaged up to ±70◦, for consistency with SW flux trends, and because
the poles contain strong warming trends due to so-called arctic amplification. Black lines are
the annual-average surface temperature anomaly over that spatial box, with the grey lines
underneath the full record including sub-annual variability. 20-year trend and 10-year trend
change are reported above each sub-panel (m and m2-m1), with units ◦C/decade.

acceleration in the temperature record remains challenging. Its effect can, however, be

inferred using a simple climate model. Below I use FaIRv2.0 to estimate the change

in anthropogenic warming trend since 2000, following the approach used to estimate

pollutants’ contributions to historical warming in Forster et al. (2021) (5). This

complements the attribution approach used in chapter 3.

Producing a model- and observationally-consistent aerosol ERF ensemble

I produce a globally-averaged aerosol ERF timeseries using the emissions-aerosol ERF

expressions described in chapter 2. These equations use the CEDS aerosol emissions data

from figure 4.1 to produce an ensemble of aerosol ERF shapes, using a 1000-member

parameter ensemble based on CMIP6-emulated aerosol emissions-to-ERF relationships

(see figure 2.2 in chapter 2). Figure 4.13 shows the parameter distributions which assume

co-variability between each ACI parameter (β, sSO2 and sOC+BC), and also between the

OC and BC ARI radiative efficacies (αBC and αOC). The independent parameters (αOC,

αSO2 and β) are sampled using univariate kernel density estimation over the parameter

distributions from 11 CMIP6 models (73). The co-varying parameters (αBC, sSO2 and
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sOC+BC) are then sampled using a multivariate kernel density estimate between relevant

pairs of parameters, again based on the CMIP6-model parameter distributions, as in

Smith et al. (2021) (73). The co-variance in the 11 CMIP6 models’ parameter sets could

imply modelling groups have tuned outputs for consistency with total energy balance

constraints — the ARI vs. ACI strength will correlate if model groups tune to achieve a

set global energy balance overall, and the same is true for sub-components of ACI.

Note that the CMIP6 models display a bimodal structure, with two (NorESM2-LM

and GFDL-ESM4) suggesting a significantly more linear emissions-to-ERF relationship.

Assuming a random distribution over this bimodal structure is problematic, since the

differences between sampled parameter sets may not be random but instead reflect

fundamental differences in physical properties. Smith et al. (2021) overcame this by

sampling a wide range of parameters and constraining them against GMST and ocean

heat uptake observations, discarding members whose downstream properties did not

conform to energy balance constraints. Further sampling of global and regional aerosol

forcing properties in CMIP7 is required to understand if this bimodal structure reflects

two possible ‘aerosol schemes’, or instead a single, poorly-sampled, smooth distribution.

Here, I use the 1000-member aerosol forcing parameter ensemble to produce a 1000-

member ensemble of aerosol ERF shapes. These are then rescaled against observationally-

constrained present-day aerosol ERF distribution (see refs. (29 , 73 , 186) for examples,

and the three-way warming attribution in chapter 3) to produce an energy-balance-

constrained aerosol ERF ensemble. Figure 4.14 shows the resulting ERF shapes (level on

panel a, trend on panel b), with the energy-balance-constrained ensemble in blue, and

the original CMIP6-model-constrained ensemble in orange. This rescaling is necessary

because CMIP6 models typically exhibit larger historical aerosol ERF trends than is

compatible with energy balance constraints of the climate system (35 , 73). Smith et

al. (2021)’s analysis determined best-estimate aerosol ERF was -0.9W/m2 in 2019

relative to 1750 (5-95th percentile range spans -1.56 to -0.35W/m2; see table 4.1).

For comparison, the pure CMIP6-model-derived aerosol ERF is -1.1W/m2 in 2019

relative to 1750 (5-95th percentile spans -1.78 to -0.50 W/m2) in figure 4.14) (5). My

energy-balance-constrained total aerosol ERF spans -0.90 W/m2 (-1.45 to -0.41 W/m2)
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Figure 4.13: Parameter distributions for six parameters describing the aerosol emissions-to-
ERF relationships defined in equations 2.22 and 2.23. αSO2, αOC, αBC refer to ARI radiative
efficacies for SO2, organic carbon and black carbon, respectively. β is the ACI radiative
efficiency, and sSO2 and sOC+BC describe the size of non-linearities in the ACI response.
Black scatterpoints show sampled co-varying distributions for this study, with emulated CMIP6
model parameters (blue scatterpoints) and OLS regressions between covarying parameters
(blue lines and shaded regions). Histograms show sampled distributions for independently
sampled parameters.

in 2019 relative to 1750. Various properties of the derived aerosol ERF distribution

can be compared with Smith’s and Forster’s distributions in table 4.1.

Smith et al. (2021) argues that a rapid aerosol forcing recovery between 1980 and

2014 is unlikely and not consistent with the energy budget constraints, estimating the

average ERF trend between 1980-2014 at around +0.025W/m2/decade. They admit

that it is not conclusive whether aerosol forcing has been strengthening, weakening,

or stable in recent decades, since they did not assess the forcing trends since 2000
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Figure 4.14: Aerosol ERF shapes between 1850 and 2020, derived using CEDS aerosol
emissions inventories and the parameter ensemble in figure 4.13. Blue plume shows aerosol
ERF rescaled to match an energy-balance constraint at present-day consistent with chapter
3 and Smith et al. (2021). Orange plume shows ERF rescaled to match CMIP6-constrained
aerosol ERF at present-day. Black solid/dashed lines show the shape of SO2-induced ERF
(CMIP6-constrained). Trends in panel b are smoothed using a 10-year backward rolling mean.

in isolation. With the work in this chapter, I can go further. The ERF distribution

in figure 4.14 shows similar trend structures over the wider historical period (1980-

2014) — averaging +0.024W/m2/decade (5-95th percentile range spans -0.013 to

+0.057 W/m2/decade). Figure 4.14’s (2000-2019) 20-year aerosol ERF trend is +0.078

(+0.027 to +0.154) W/m2/decade, with the trend change between the 2010s and 2000s

equal to +0.104 (+0.048 to +0.192)W/m2/decade. The constructed ERF ensemble

exhibits aerosol ERF weakening by 0.2 ± 0.1W/m2 since 2010, consistent with both

the AR6 assessment and the satellite observations analysed above.

Aerosol-induced warming trends

I calculate the range of aerosol-induced warming using the FaIRv2.0 simple climate

model (29), shown in figure 4.15. As outlined in chapter 2, FaIR’s thermal response to

ERF changes can be described by an arbitrary number of response timescales, depending

on the experimental setup. In Leach et al. (2021) FaIR is presented with three thermal

response timescales, two of which correspond to sub-decadal responses of the climate

system (short-timescale land and shallow ocean heat uptake), and a third describing

the multi-century thermal response (deep ocean). Earlier versions of FaIR used two

timescales, with the third timescale added due to work suggesting an additional very

short timescale (d1 ∼ 1 year) better captures the thermal response of more complex
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ERF level (W/m2) and trend (W/m2/decade) Interval 5th 17th Mean 83rd 95th

Total Aerosol ERF 1750-2019 -1.45 -1.17 -0.90 -0.61 -0.41

ARI ERF 1750-2019 -0.54 -0.33 -0.18 -0.01 0.09

ACI ERF 1750-2019 -1.16 -0.90 -0.72 -0.49 -0.33

Total Aerosol ERF trend 1980-2014 -0.013 0.007 0.024 0.041 0.057

Total Aerosol ERF trend 2000-2019 0.027 0.049 0.078 0.113 0.154

Total Aerosol ERF trend change 2010s minus
2000s 0.048 0.069 0.104 0.145 0.192

Smith et al. (2021) Aerosol ERF 1750-2019 -1.56 -1.16 -0.90 -0.54 -0.35

Smith et al. (2021) Aerosol ERF trend 1980-2014 -0.074 – 0.025 – 0.111

IPCC AR6 aerosol ERF 1750-2019 -1.7 – -1.1 – -0.4

Total aerosol ERF (CMIP6) 1750-2019 -1.78 -1.43 -1.10 -0.75 -0.50

Table 4.1: Percentiles of the aerosol ERF level and trend distributions. First three rows refer
to aerosol ERF sampled in this study and constrained using the energy-balance-constraint
from Smith et al. (2021). Middle three rows refer to trends of energy-balance-constrained
aerosol ERF from my study. Final four rows refer to Smith et al. (2021)’s results, the AR6
WG1 Chapter 7 aerosol ERF assessment, and the CMIP6-constrained aerosol ERF from this
study. Forcing levels quoted here are reported in W/m2 and the interval referenced refers to
the span over which the ERF difference is calculated. Forcing trends quoted here are reported
in W/m2/decade averaged over the interval reported.

GCMs in fits to 4xCO2 perturbation experiments (189). Forster et al. (2021) uses a

two-box thermal model and samples parameter ranges which span the range of emulated

fits to 4xCO2 experiments in CMIP6 models. These experiments typically result in a

short d1 timescale (∼1-5 years), since a very short timescale is necessary to capture the

initial response in the first years following these large perturbations.

Despite the suggestion that idealised 4xCO2 experiments are better emulated with

this very short sub-decadal thermal response timescale, it is less clear this setup is best-

suited for describing the response to transient ERF changes which persist over decadal

timescales. In reality, relatively little is known about the d parameter distributions, or

even the appropriate number of timescales needed to capture the multi-decadal response,

as they refer to impulse response boxes which are not directly observable quantities.

The FaIR model can be setup to run identical TCR, ECS, F2× parameters using

two or three thermal timescales, allowing us to assess the warming response shape in
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Figure 4.15: Warming attribution calculated with FaIRv2.0 using observationally-consistent
and energy-balance constrained aerosol ERF distribution (see figure 4.14). GHG ERF is taken
from the AR6 ERF ensemble (see figure 3.2 in chapter 3). Panels a and c show warming level,
and panels b and d show the warming trend. Panels b and d zoom in on the period 2000-2020.
Colours are consistent with figure 3.5 in chapter 3: red = GHG, orange = aerosols, black =
anthropogenic. Blue scatterpoints show the HadCRUT5 GMST anomaly (small scatterpoints
are a 200-member ensemble sampling HadCRUT5 uncertainty), with trends in all variables
smoothed using a 10-year backward rolling mean in panels b and d. In the warming attribution,
dashed/solid plumes use a two-/three-box thermal impulse response model in FaIRv2.0.

each case. For the three-box version of FaIR the c and d parameters are sampled using

observationally-constrained distributions from Leach et al. (2021), whose underlying

prior distributions are based on kernel density estimation of emulated CMIP6 model

parameters. These produce likely distributions of TCR = 1.8 (1.4-2.2) ◦C, ECS = 3.2

(2.5-4.5) ◦C and F2× = 3.75 (3.0-4.5) ◦C, consistent with the AR6 and Smith et al.

(2021) assessments. The exception is the upper end of the ECS distribution sampled from

FaIRv2.0 thermal cycle parameters. This is higher than the AR6 assessment, reflecting

the ‘medium confidence’ interval placed on this upper bound by AR6 authors. The
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two-box FaIR setup samples the same TCR, ECS and F2× range, and uses a long thermal

response timescale distribution based on fits to CMIP6 models, but exchanges the short

timescale distribution for a Gaussian distribution centred on 8 years (d1 = N(8, 2) years;

consistent with the upper-end of samples drawn in Millar et al. (2015) (277)).

With these two FaIR parameter ensembles I compute the aerosol-induced warming

response shown in figure 4.15. Table 4.2 shows percentiles of the warming response

distributions for comparison against other studies. In each panel in figure 4.15 orange

dashed/solid plumes show the two/three-box warming response. The level of warming

in 2019 resulting from the time-history of aerosol emissions is -0.51 (-0.97 to -0.18) ◦C

with the three-box setup, and -0.57 (-1.09 to -0.20) ◦C with the two-box setup, both

relative to 1750. The three-box setup produces a very similar warming outcome to

AR6’s assessment of -0.50 (-0.96 to -0.22) ◦C aerosol warming in 2019 relative to 1750.

In figure 4.15 the trend over the period (2000-2019) in panel d shows the importance

of the choice of short timescale distribution when deriving decadal warming trends

— these warming outcomes have identical ERF inputs, and identical TCR and ECS

distributions, but display important differences in the decadal warming rates. This

most prominently impacts on the aerosol-induced warming trend change between the

2000s and 2010s: where aerosols cause a mean warming trend change of +0.09 (+0.03

to +0.17) ◦C in the three-box setup, or +0.05 (+0.02 to +0.11) ◦C in the two-box

setup. This results in a anthropogenic warming trend change of +0.11 (+0.05 to

+0.20) ◦C/decade for the three-box setup, vs. +0.07 (+0.03 to +0.14) ◦C/decade for

the two-box setup, despite the 20-year warming trends being nearly identical. The

distributions of aerosol-induced warming levels, trends and trend changes using two-

and three-box thermal models are summarised in table 4.2. There is currently no way of

saying definitively which of the three-box or two-box setups are correct, however, both

setups confirm the aerosol-induced warming acceleration is significantly positive.

4.4 Discussion

Emissions inventories report a dramatic reduction in anthropogenic aerosol emissions over

the past two decades, causing aerosol ERFs to weaken since 2000 in globally-averaged
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Warming (◦C) or trend (◦C/decade) Interval #[d] 5th 17th Mean 83rd 95th

Aerosol-induced warming 1750-2019 3 -0.97 -0.71 -0.51 -0.29 -0.18

Aerosol-induced warming 1750-2019 2 -1.09 -0.79 -0.57 -0.32 -0.20

Aerosol warming trend 2000-2019 3 -0.006 0.007 0.024 0.041 0.059

Aerosol warming trend 2000-2019 2 -0.022 0.003 0.016 0.033 0.049

Aerosol warming trend change 2010s minus
2000s 3 0.030 0.050 0.087 0.122 0.165

Aerosol warming trend change 2010s minus
2000s 2 0.018 0.030 0.054 0.078 0.108

Anthropogenic warming 1750-2019 3 0.72 0.95 1.33 1.71 2.09

Anthropogenic warming 1750-2019 2 0.68 0.91 1.32 1.72 2.12

Anthropogenic warming trend 2000-2019 3 0.160 0.193 0.252 0.310 0.360

Anthropogenic warming trend 2000-2019 2 0.162 0.196 0.256 0.316 0.366

Anthropogenic warming trend change 2010s minus
2000s 3 0.048 0.069 0.112 0.151 0.200

Anthropogenic warming trend change 2010s minus
2000s 2 0.031 0.045 0.074 0.101 0.137

IPCC AR6 Ch7 aerosol warming 1750-2019 2 (4xCO2) -0.96 - -0.50 - -0.22

IPCC AR6 Ch7 anthropogenic warming 1750-2019 2 (4xCO2) 1.00 - 1.29 - 1.65

HadCRUT5 GMST warming 1750-2019
(+0.09 ◦C) - 1.30 1.32 1.34 1.35 1.36

HadCRUT5 GMST trend 2000-2019 - 0.262 0.271 0.280 0.291 0.294

HadCRUT5 GMST trend change 2010s minus
2000s - 0.003 0.024 0.056 0.088 0.107

Table 4.2: Properties of the distribution of warming responses in the attribution shown in
figure 4.15. Two- and three-box thermal models are used (#[d] refers to the number of thermal
timescales used in FaIRv2.0), and the interval defines the period over which the warming
level/trend is reported. Distributions 5th, 17th, mean, 83rd and 95th values are reported.
HadCRUT5 reports GMST beginning in 1850. To shift this to the GMST anomaly relative
1750 AR6 recommends adding +0.09 ◦C.
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timeseries produced for warming attribution studies (5). AR6 suggested a +0.2 W/m2

increase in aerosol ERF since 2014, but did not quantify the uncertainty, or assess the

impact of this change on the rate of warming this decade.

Global observations of the climate system support anthropogenic aerosol emissions

trends since 2000. These emissions trends imply a positive aerosol ERF trend globally

over the two decades since 2000, with a significant trend change since 2010, and

major contributions from the US, European, Chinese and Indian emissions. This can be

seen in several satellite observations, including in the spatiotemporal patterns of AOD,

TOA SW flux anomaly and cloud optical properties. The agreement is strongest for

observations which have local spatiotemporal patterns directly influenced by the aerosol

burden at that location, such as AOD and the clear sky SW flux anomaly. All sky SW

flux patterns are principally informed by meteorological boundary conditions and the

natural variability of the climate system since 2000, but do also display regional trends

in CDNC which are consistent with anthropogenic influences since 2000. CNDC has

good correlation with AOD trends in the NH extratropics, particularly over regions with

significant anthropogenic aerosol emissions trends since 2000. This implies a direct

ACI trend contribution in the NH extratropics, despite other factors driving many of

the spatiotemporal patterns in all sky flux. Combining this result with the observed

clear sky SW flux trends (which support the estimated size of ARI trends since 2000),

there is good support for both a positive trend and trend change contribution from

aerosol ERF since 2000. I assess that the ARI ERF trend has increased by +0.09

± 0.02W/m2/decade between the first and second decade since 2000, and the ACI

ERF trend has increased by +0.2 ± 0.1W/m2/decade over the same period (both

assuming a -0.01 /decade AOD trend change). Combining this with energy balance

constraints (from chapter 3 and other studies (71 , 73)) implies total aerosol ERF trend

has increased by +0.2 ± 0.1W/m2/decade between the first and second decade since

2000. The low end of this uncertainty range reflects the weaker observational evidence

of an aerosol-induced acceleration signal in cloud structures since 2000.

The importance of the choice of poorly-constrained thermal response timescales in

simple climate models is underappreciated in the IPCC’s standard attribution procedures.
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In FaIR this uncertainty is sufficient to alter the decadal warming trend by ±50%. This,

along with the accuracy of underlying aerosol emissions inventories, highlight two key

weaknesses for the assessment of the current warming trend in AR6 (8).

4.5 Chapter close

This chapter used observations to evaluate evidence for an aerosol ERF acceleration

since 2000. I determined that aerosol forcing trend has likely increased by +0.2 ±

0.1W/m2/decade between 2000-2020, causing the AGW trend to increase by +0.07

(+0.03 to +0.14) ◦C/decade between 2000-2009 and 2010-2019. The exact aerosol

contribution to the GMST trend depends on the assumed short-timescale thermal

response of the climate system. The aerosol-induced acceleration is temporary, only

existing while aerosol emissions are declining, but could continue to have a contribution

to warming trend assessments over the next two decades.



The future depends on what you do today.

— Mahatma Gandhi

5
Quantifying non-CO2 contributions to

remaining carbon budgets

This chapter discusses an observational constraint on the TCRE parameter, and uses

the CO2-forcing-equivalent metric to include non-CO2 pollutants in the remaining

carbon budget framework. This work is based on the publication Quantifying non-

CO2 contributions to remaining carbon budgets. Jenkins, S., Cain, M., Friedlingstein,

P., Gillett, N., Walsh, T. and Allen, M. (2021). NPJ Climate and Atmospheric

Science. See ref. (278).
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5.1 Introduction

In the previous two chapters I derived constraints on the level and rate of warming

at present day. I focused on aerosols, since these contribute the largest uncertainty

to the warming rate assessment over the recent historical period. I estimated the

level of warming was 1.1 ◦C over the decade 2010-2019, rising to 1.3 ◦C by 2020, with

the rate of anthropogenic warming around +0.3 ◦C/decade since 2010. Building from

this assessment, I now discuss the physical constraints on future policy design. This

chapter focuses on quantifying the contributions from CO2 and non-CO2 pollutants

to the remaining warming budget between now and the 1.5 ◦C temperature threshold

set out in the Paris Agreement (39).

The basis for this discussion is the carbon budget framing I introduced in chapter 1,

which defines a total quantity of CO2 emissions available until a given warming threshold

is exceeded. This approach relies on the TCRE parameter (99 , 100) defining a linear

proportionality between cumulative CO2 emissions and CO2-induced warming. Defining

a remaining carbon budget makes sense for policymakers because most warming to

date has been caused by CO2 (93 , 279 , 280), and CO2, of all major pollutants, has

the most permanent impact on the climate system (42 , 93 , 281). Chapter 1 noted

several complications (14 , 42 , 47 , 282) in the use of TCRE to derive the remaining

carbon budget, including the estimate of the historical anthropogenic warming level; the

size and sign of the ZEC; possible contributions of Earth System Feedbacks to future

warming; uncertainty in the estimated value of the TCRE; and the future contribution

of non-CO2 climate pollutants. Of these, the contribution of non-CO2 pollutants is

unique in that it depends on future policy decisions, not simply scientific uncertainty.

In this chapter I focus on carbon budgets corresponding to increases in GMST.

This is different to the IPCC’s AR6 report, whose headline outputs are GSAT budgets.

Previous studies have suggested that changing sea-ice cover precludes the use of GMST

in projections (283). However, figure 3f of Tokarska et al. (2019) indicates very

limited impact of sea-ice retreat on GMST under ambitious mitigation scenarios (283),
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while under sustained warming the impact would correspond to a couple of years of

warming at most. Therefore, changing sea-ice cover does not present any fundamental

impediment to the use of GMST. Further, recent updates to GMST datasets have largely

accounted for differences against GSAT using statistical infilling approaches (43 ). As in

the previous chapters, I use a global temperature anomaly calculated from a 4-dataset

mean of these statistically infilled GMST products: HadCRUT5 (43), NOAA (177),

GISTEMP (211) and BerkeleyEarth (167) (similar to the approach taken in Allen et

al. (2018) (16)) to reduce the impact of any individual dataset, and to ensure that

conclusions are consistent with the estimates of the current level and rate of increase

of anthropogenic global warming in chapters 3 and 4.

Figure 1.1 in chapter 1 showed how the recent updates to these GMST datasets

(relating to the improvement of statistical infilling approaches), along with updated ERF

datasets, have revised the present decade’s warming level and rate up compared to earlier

products. This presents a hazard for policymakers: using different indices to report

observed warming (e.g. the reference period chosen in the Structured Expert Dialogue

(284) informing the Paris Agreement) and to calculate carbon budgets (283) raises the

possibility of the carbon budget being exhausted well before a temperature threshold is

reached, potentially undermining confidence in the entire construct. Following SR1.5 and

AR6, this chapter focuses on remaining carbon budgets consistent with halting warming

to 1.5 ◦C or 2.0 ◦C over a multi-decade period, relative to 1850-1900. In the derivation

of the TCRE concept in chapter 2 I discussed how the multi-decadal ZEC behaviour

and TCRE are related by the properties of the multi-century thermal and carbon cycle

responses. This introduced the RAZE parameter, which determines the precise conditions

for warming stabilisation over mutli-decadal timescales. In this chapter the RAZE term

is ignored (equivalent to setting the ZEC to zero) — this is the standard approach used

in recent assessments of the remaining carbon budget (47). The exact requirements for

warming stabilisation, having included the RAZE behaviour, are studied in chapter 6.

Rogelj et al. (2019)’s approach to calculating the remaining carbon budget relies on

subtracting a distribution of warming responses to non-CO2 sources from the target

total warming and estimating a CO2 budget for the remainder (14 , 41 , 47). However, a
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predetermined quantity of non-CO2 warming should not simply be subtracted from the

total remaining warming without considering the accompanying impact of co-varying

physical climate uncertainty implicit in the choice of TCRE. Despite this, most headline

assessments of the remaining budget (3 , 14 , 47 , 84) all remove a quantity of warming

attributed to non-CO2 pollutants independent of the sampled TCRE percentile.

A more transparent treatment of non-CO2 climate drivers uses CO2-fe emissions

(94), meaning the CO2 emissions timeseries that would give precisely the same impact

on ERF and thence GMST. This is similar to the approach of Mengis et al. (2018),

although they use a single representative non-CO2 forcing scenario (285). By doing

this I can explicitly sample the physical climate response uncertainty for both CO2

and non-CO2 contributions identically, and more clearly separate scenario and physical

response uncertainties in non-CO2 contributions.

5.2 CO2-forcing-equivalent emissions in ambitious
mitigation scenarios

CO2-fe emissions (124) express an emissions timeseries of any climate pollutant in terms

of the timeseries of CO2 emissions that would have an identical impact on ERF, and hence

GMST, on all timescales. They are obtained by converting the ERF associated with that

pollutant to a timeseries of change in CO2-equivalent concentrations, and then computing

the CO2 emissions required to produce that CO2 concentration perturbation using a

carbon cycle model (94 ). Chapter 2 gives a full explanation of the CO2-fe methodology.

The principal benefit of using the CO2-fe metric is that it allows direct comparison

between the CO2 and non-CO2 contributions in a complex multi-gas emissions scenario.

Figure 5.1a plots a number of scenarios for future CO2 emissions from the IIASA

SR1.5 scenario database (280), which were also used in AR6. They are coloured by

ambition according to their label in the database; dark blue corresponds to scenarios

tagged as ‘1.5 ◦C-compatible’, light orange corresponds to ‘lower-2 ◦C-compatible’,

and dark orange corresponds to ‘higher-2 ◦C-compatible’. Panel b below shows the

cumulative CO2 emissions relative to 2018, which can be translated into the CO2

warming contributions by multiplying by the TCRE. Panel c shows the corresponding
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Figure 5.1: IIASA IAMC database of scenarios in the IPCC Special Report on the Global
Warming of 1.5 ◦C. Panel a plots the annual CO2 emissions. Panel b (below a) shows the
running sum (or cumulative) CO2 emissions from 2018. Panel c (bottom right) shows the
non-CO2 radiative forcing for each scenario (dotted lines, right hand axis). Also on panel
c are the cumulative non-CO2 CO2-fe emissions from 2018 corresponding to each non-CO2

RF line (solid lines, left hand axis). The axes of panels b and c are scaled so the cumulative
emissions from CO2 and non-CO2 are directly comparable. Panel d plots the FaIRv2.0-derived
temperature response against the diagnosed cumulative CO2-fe emissions (solid lines) and
against the cumulative CO2-only emissions (dotted lines). For FaIR temperature response
TCR=1.8 ◦C, ECS=3.0 ◦C. Scenarios are coloured by category in the IAMC database: red for
2 ◦C-higher, orange for 2 ◦C-lower and blue for 1.5 ◦C-compatible. Light blue scenarios in panel
c highlight some example non-CO2 pathways (lower bound, upper bound and a central scenario
from 1.5 ◦C-compatible dark blue plume) with the central light-blue scenario (P3 scenario from
SR15 SPM.3b) also used in figures 5.2 and 5.3.
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non-CO2 ERFs for each CO2 emissions pathway (dotted lines, right axis), which describe

the net energy imbalance contributed by the multi-gas non-CO2 mitigation scenarios. To

compare these non-CO2 scenarios to the CO2 emissions one cannot simply multiply their

emissions by the TCRE as was done for CO2, since the non-CO2 warming response is non-

linear and species dependent. Because of this the total warming to the CO2+non-CO2

mitigation scenario is also non-linear when plotted against cumulative CO2 emissions

alone (dotted lines in panel d).

If, instead, the non-CO2 ERFs are expressed as cumulative CO2-fe emissions, they

are now physically equivalent quantities and the cumulative CO2/CO2-fe emissions

timeseries in panels b and c (solid lines, left axis) can be directly compared. This

would not be possible with CO2-equivalent emissions calculated using the GWP or GTP

metrics which were introduced in chapter 1, since these do not accurately reproduce

the warming outcome for a complex multi-gas emissions pathway involving pollutants

with very different efficacies and lifetimes (129).

To calculate the CO2-fe emissions attributable to a subset of the total anthropogenic

ERF time series, e.g. the non-CO2 component or ∆F(t), I difference the annual CO2-fe

emissions calculated from the total forcing (i.e. using Fanthro(t)), and the annual CO2-fe

emissions calculated from the total forcing minus the forcing component of interest: (i.e.

using Fanthro(t) - ∆F(t)). This differencing approach is suggested in Jenkins et al. (2018)

when calculating subsets of the total CO2-fe emissions timeseries, as this best accounts

for non-linearities in the carbon cycle response to under high ERF perturbations (94).

The similarity of the dotted and solid lines in figure 5.1c shows that, over these scenarios

and timescales, a 1 W/m2 change in ERF is approximately equivalent to 1000 GtCO2-fe,

consistent with fig. 8.29 of Myhre et al. (2013) (68).

By converting the full range of pollutants into cumulative CO2-fe emissions the

TCRE can now be used in the same way as would be done for CO2 alone. Figure

5.1d shows global temperatures plotted against cumulative total CO2-fe emissions

(solid lines). Cumulative total CO2-fe emissions multiplied by the TCRE predicts

the temperature response just as in a pure-CO2 scenario (a linearity exists between

cumulative emissions and temperature on panel d). If non-CO2 radiative forcing were
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correlated with cumulative CO2 emissions in these scenarios, then the latter would also

predict the response with a simple scaling factor, or ‘effective TCRE’, to account for

a constant fractional contribution to warming from non-CO2 drivers (92 , 105 , 286).

Figure 5.1d shows this is not always the case (nor is there any physical reason for

it to be the case in complex multi-gas future scenarios) (287): hence the impact of

non-CO2 forcing needs to be treated explicitly.

5.2.1 The non-CO2 contributions to a 1.5 ◦C-compatible sce-
nario

Having explained the utility of the CO2-fe metric for assessing the relative CO2 and

non-CO2 contributions to warming in mitigation scenarios, I now turn to a single scenario

and explore the contributions from individual pollutants in greater detail. The three

light blue scenarios in figure 5.1 display the range of non-CO2 ERF pathways exhibited

in 1.5 ◦C-compatible scenarios, with the central light blue pathway highlighting the

P3 scenario from SR1.5’s SPM figure 3b (14) (a middle of the road scenario which

achieves 1.5 ◦C ambition). Figure 5.2 shows a breakdown of the total CO2-fe emissions

timeseries for this central light blue scenario in figure 5.1c. The mitigation scenario

(2015-2100) chosen is extended back to preindustrial using the historical ERF timeseries

from Dessler and Forster (2018) (74) (the same as shown in figure 3.2). In figure 5.2’s

scenario aerosol ERF averages -0.90W/m2 over the decade prior to 2020 (consistent

with energy-balance studies (29 , 73), and the results of chapters 3 and 4). I calculate

individual CO2-fe emissions contributions using a differencing approach used above

to estimate the non-CO2 CO2-fe emissions in figure 5.1, and described in chapter 2.

These individual contributions are stacked and coloured by pollutant, with panel a

showing the annual CO2-fe emissions, and panel b showing the same cumulatively. In

contrast to CO2-equivalent emissions, whether computed with GWP100 or any other

conventional metric, CO2-fe emissions reflect the impact of individual climate drivers

on global temperature (panel c), allowing them to be compared objectively. CO2-fe

provides a transparent and easily implementable approach which translates readily to

warming: cumulative emissions contributions in panel 5.2b correspond to warming levels
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Figure 5.2: Central light-blue 1.5 ◦C-compatible scenario from figure 5.1 displayed showing
component contributions to warming. Panel a plots the annual CO2 emissions and CO2-fe
emissions for each of the major contributing pollutant (red = CO2, blue = CH4+Ozone+Strat.
H2O, green = N2O, gold = Other, and orange = Aerosols). Panel b shows the corresponding
cumulative CO2 and CO2-fe emissions timeseries (stacked by contribution to total). Panel c
plots the temperature response for each component. Black solid lines show the total annual
(panel a) and cumulative (panels b and c) CO2-fe emissions, while the total temperature
response is shown with a black dotted line (all calculated from total ERF). Small back scatter
points on panel c show the annual temperature observations using 4-dataset mean observations
updated from SPM.1, SR1.5. FaIR-derived temperatures (panel c) use thermal parameters
chosen to best emulate historical temperatures (TCR=1.8 ◦C, ECS=3.0 ◦C). ERFs before 2020
are taken for individual components from Dessler and Forster (2018)’s ERF dataset, with
future ERF components from SR1.5’s figure SPM.3b’s P3 scenario, rescaled to match the
best-estimate historical ERF in 2020. CH4 forcing is scaled by 1.65 to account for Ozone and
stratospheric H2O contributions, following refs. (68 , 125). Aerosol forcing is approximately
-0.9 W/m2 in the decade 2010-2019, consistent with energy-balance-constrained estimates from
chapters 3 and 4 and literature estimates (e.g. refs. (5 , 68 , 73)). Thin dotted lines show the
best-estimate anthropogenic warming level from chapters 3 and 4 (∼1.3 ◦C in 2020).

in panel 5.2c (I have used a TCRE of 0.4 ◦C/TtCO2 — the best estimate TCRE found

using an observationally-constrained methodology described in section 5.4 below).

Note that the calculation of CO2-fe emissions is not model specific: with a linear

CO2 impulse response function (as used for the calculation of GWPs) one can calculate

CO2-fe emissions with a simple matrix inversion and get very similar results (see

Allen et al. (2021) (288)). The accuracy of CO2-fe emissions for representing the

radiative forcing and therefore temperature impacts of long- and short-lived pollutants

gives it clear advantages over GWP100 for presenting mitigation scenarios aimed at

limiting global warming (129).

On figure 5.2 LLCPs like N2O behave similarly CO2: cumulative LLCP emissions

are proportional to warming. Contrasting this, SLCPs like CH4 make a net positive

contribution to annual CO2-fe emissions until they begin to rapidly decline in the 2030s.
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Thereafter, the short atmospheric residence time of CH4 (125) means that falling

CH4 emissions give a declining ERF, equivalent to negative CO2-fe emissions in figure

5.2a. Aerosol cumulative CO2-fe emissions in figure 5.2b are negative (corresponding

to their negative ERF and warming contributions), but show a sharp increase towards

zero in the 2020s and 2030s, corresponding to a high associated CO2-fe emissions

rate (orange in figure 5.2a), and consequently a rapid removal of the cooling effect

that aerosols have contributed over history.

Remember that the positive aerosol CO2-fe emissions in panel a occur while real

aerosol emissions are declining. Hence, according to the analysis of chapters 3 and 4,

the aerosol CO2-fe emissions should be positive in the 2010s as well. The fact that

figure 5.2’s scenario does not show this behaviour highlights that SR1.5’s scenarios

did not include the rapid aerosol mitigation assumptions over the period 2015-2020.

Figure 5.2 also highlights the ‘co-mitigation assumption’ used in 1.5 ◦C scenarios, where

positive future aerosol CO2-fe emissions are offset by negative CH4 CO2-fe emissions,

reducing the net non-CO2-induced warming. This is not what has occurred in reality in

the 2010s, where instead aerosol emissions have reduced but CH4 emissions have not.

If this co-mitigation assumption remains invalid in the 2020s the rate of warming will

continue to lie well above +0.2 ◦C/decade, resulting in ‘1.5 ◦C-compatible’ scenarios

according to SR1.5 exceeding 1.5 ◦C peak warming (see figure 5.2c).

Figure 5.2 acts as a useful schematic revealing the relative contributions from

individual pollutants between present decade and net zero in an ambitious mitigation

scenario. Total cumulative CO2-fe emissions and total anthropogenic warming are

approximately proportional to the combined warming impact of CO2 and CH4, as

indicated by cumulative CO2-plus-CH4 CO2-fe emissions, up to the present day (red

and blue in figures 5.2b,c), but diverge rapidly over the coming decades as aerosol

forcing declines (orange). Strikingly, this aerosol decline contributes almost as much to

future warming as remaining CO2 emissions in this central 1.5 ◦C-compatible scenario

(panel c), highlighting the importance of common and comparable presentations of all

climate drivers in the remaining budget framework. Aerosols are often not included
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in figures showing multi-gas emission scenarios (158) because of the lack of a non-

arbitrary way of displaying them on a common axis. This problem is resolved by CO2-fe.

Individual contributions to CO2-fe emissions from 2020 to the time of peak warming

under this scenario are: CO2: 555GtCO2; CH4: -65GtCO2-fe; N2O: 65GtCO2-fe;

aerosols: 290GtCO2-fe; other forcings: -45GtCO2-fe; giving a total CO2-fe budget

of 800GtCO2-fe.

This total CO2-fe budget produces approximately +0.3 ◦C additional warming from

2020 (again using a TCRE of 0.4 ◦C/TtCO2). As highlighted above, whether this

is ‘1.5 ◦C-consistent’ depends on the assessed present-day warming level. SR1.5 and

AR6 produced very similar assessments of the 2010-2019 decade-average warming

(∼1.1 ◦C). The SR1.5 scenarios analysed here did not contain the rapid aerosol emissions

decline in the 2010s which is now suggested in CEDS aerosol emissions inventories (63 ).

Without this aerosol emissions decline in the 2010s, attributed anthropogenic warming

was approximately 1.2 ◦C in 2020 (see table 1.1), and consequently the 800GtCO2-fe

remaining carbon budget would be consistent with limiting warming to 1.5 ◦C. Instead,

if the more recent aerosol emissions updates are included, as is the case in figure 5.2,

the 2020 warming was approximately 1.3 ◦C (see chapters 3 and 4). This alters the

requirements for 1.5 ◦C-compatibility for these high-ambition mitigation scenarios (see

the stylised example in figure 1.1 in chapter 1) — figure 5.2’s scenario now exceeds

1.5 ◦C at peak warming. Revised 1.5 ◦C budgets which are compatible with the previous

chapters’ present-day warming attribution are estimated below.

5.3 Observational constraints on the TCRE

Having demonstrated how the TCRE can be extended to multi-gas scenarios using

CO2-fe emissions, I now consider how CO2-fe emissions can be used to investigate the

TCRE itself. Previous TCRE estimates (107) have compared cumulative pure-CO2

emissions with warming attributable to CO2 alone, but the fractional uncertainty in

the latter is higher than uncertainty in total anthropogenic warming. Comparing total

anthropogenic warming with total cumulative CO2-fe emissions over the historical record

presents a useful complementary approach.
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I estimate the TCRE in figure 5.3 using an observationally-constrained methodology.

To estimate anthropogenic warming over the historical period I again use the Haustein

et al. (2017) (15) attribution approach. As was done in figures 3.4 and 3.5 of chapter

3, this attribution uses the FaIRv2.0 simple climate model in a two-timescale thermal

impulse response model configuration (29 , 42 , 78). I use an ensemble of physical

response parameters (20 members; sampling the AR6 range of TCR and ECS parameters,

and several short and long thermal response timescales, identically to Haustein (15)) to

estimate temperature responses to the 1000-member anthropogenic and natural ERF

ensemble (74) from chapter 3. These FaIR-derived temperature response ensembles are

then regressed against GMST observations, with added CMIP6 PIControl simulations

(104 members (36)) and observed GMST uncertainty (200 members (43)) included

to account for internal variability. Based on this, estimated anthropogenic warming

is 1.1 ◦C (1.0-1.2 ◦C) between 2010-2019 relative to 1850-1900, consistent with both

the SR1.5 and AR6 estimates (3 , 14). To avoid the uncertainty introduced by very

recent warming rate assessments the anthropogenic warming estimates used to calculate

the TCRE are averaged over the decade 2010-2019.

I express the 1000 anthropogenic ERF timeseries as CO2-fe emissions pathways by

inverting FaIRv2.0’s carbon cycle (as derived in chapter 2), with carbon cycle response

parameters determined by best-estimate fits to the historical relationship between carbon

emissions and concentrations from Jenkins et al. (2018). I account for uncertainty in

cumulative CO2 airborne fraction to date (0.40 ± 0.04 (289)), and the carbon cycle

feedbacks due to the raised warming level (94), by sampling the feedback parameters

setting the dynamics of the carbon cycle impulse response model (r0, rC and rT ; see

equation 2.21), using their distributions derived in Jenkins et al. (2018) (94). This

assessment determines present day total anthropogenic CO2-fe emissions were around

2900 ± 600GtCO2-fe for the decade 2010-2019, relative to 1850-1900 (94).

Dots in figure 5.3a show estimates of the total anthropogenic warming and cumulative

all-pollutant CO2-fe emissions, coloured by decade. For example, pink dots in figure 5.3a

sample the resulting joint distribution of cumulative anthropogenic CO2-fe emissions

2015 relative to 1875, and human-induced warming to the decade 2010-2019 relative
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Figure 5.3 (previous page): Observational constraints on the TCRE and consequences
for design of Paris Agreement-compatible scenarios. Panel a plots attributed human-induced
warming against cumulative emissions of CO2. The space is shaded by the value of the TCRE
(gaussian distribution in best-estimate and likely range in AR6) and the points are coloured
by decade in which the temperature (relative to 1850-1900 baseline) and cumulative CO2-fe
emissions (relative to 1875) are diagnosed. An ellipse is drawn around central 90% of points.
Black lines in panel a depict the 5th, 50th and 95th percentile of the overall observationally-
constrained TCRE distribution based on the 2010-2019 decade. Panels b, c and d show the
remaining CO2 and non-CO2 CO2-fe budgets to peak warming from 2020 for each scenario in
figure 5.1, coloured by category in the IIASA SR15 database. In all three panels shading shows
budgets compatible with limiting warming to 1.5 ◦C for the AR6 Gaussian TCRE likely range, as
in panel a. The solid black lines show the corresponding remaining total CO2-fe budgets instead
using our observationally-constrained TCRE 5-95th percentile range. Each panels shading
corresponds to budgets for a set quantity of residual warming: +0.2 ◦C remaining warming to
1.5 ◦C (panel b), +0.3 ◦C (panel c), or +0.4 ◦C (panel d). Pink horizontal box-whisker plots
in panels b, c and d show estimates of remaining CO2 budgets for each assumed present-day
warming level, assuming a mid-range non-CO2 budget to peak warming (130GtCO2-fe) and
plotting the 5th, 33rd, 66th and 95th percentiles.

to 1850-1900. The cumulative anthropogenic CO2-fe emissions and human-induced

warming estimate for each dot correspond to the same ERF timeseries to account

for any covariance, while CO2 airborne fraction and internal climate variability are

sampled independently. Shading shows the AR6 gaussian TCRE distribution (0.27-

0.63 ◦C/TtCO2), with the likely range and median values highlighted on the figure.

Ellipses are drawn around each decade’s scatter of co-varying temperature anomaly

and cumulative CO2-fe emissions, encompassing the central 90% of the distribution,

also coloured by decade, using a similar approach to that used in fig. 1 in Otto et

al. (2013) (87). The observationally-constrained range of TCREs found in figure 5.3

is 0.26-0.78 ◦C/TtCO2 (central 90 percent of distribution) with a best-estimate value

of 0.40 ◦C/TtCO2, marked with black lines in panel a. These could be interpreted as

median and 5-95th percentiles of a probability distribution if the input ERF pathways

are assumed to be equiprobable, but more research characterising the distribution

of uncertainty in radiative forcing to date is needed (71). Note that, because CO2-

fe remains physically coherent irrespective of time horizon, previous decades’ TCRE

estimates (the other ellipses in figure 5.3a) also align with the estimated TCRE range

from only the most recent decade. The observationally-constrained TCRE distribution
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Figure 5.4: TCRE distribution derived in figure 5.3 (black) and the AR6 Gaussian distribution
(red). Solid blue lines show the best-estimate and 5-95th percentile range of the observationally-
constrained distribution from this study; dotted blue lines show the best-estimate, 17th-83rd

and 5-95th range of the AR6 Gaussian TCRE distribution for comparison.

has a log-normal shape and is plotted in figure 5.4.

For comparison, SR1.5 used a likely TCRE range of 0.22-0.68 ◦C/TtCO2 and also

includes a 100-200 GtCO2 budget correction accounting for differences between gaussian

and log-normal TCRE distributions. TCREs derived from the CMIP6 1%/yr CO2

concentration increase experiment lie in the range 0.36-0.63 ◦C/TtCO2 (104). Other

groups (290) have additionally noted that the inter-model spread in TCRE is strongly

affected by cloud feedbacks, particularly in high sensitivity models. Mengis and Matthews

(2020) uses the CO2-fe metric to demonstrate the bias introduced by assuming a constant

fractional non-CO2 contribution to warming in TCRE assessments, and estimate the

TCRE using a single warming pathway (∼0.5 ◦C/TtCO2) (287). Matthews et al.

(2021) estimates an observationally-constrained TCRE by removing a fractional warming

contribution attributed to non-CO2 pollutants, finding a median TCRE of 0.44 ◦C/TtCO2

(0.32-0.62 ◦C/TtCO2 5-95th percentile range) (291). Both these approaches could be

considered adaptations of the ‘effective TCRE’ approach I critiqued above (since the

fractional non-CO2 contribution is time varying). I argue that the contribution from

non-CO2 pollutants should be determined explicitly using the CO2-fe methodology.
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Figure 5.5: TCREs calculated for a range of CMIP6 models. FaIRv2.0 simple climate model
used to emulate the carbon cycle and thermal responses of each GCM with parameters from
Leach et al. (2021); forced with ERF timeseries diagnosed from ERF experiments completed
as part of RFMIP. UKESM1-0-LL and GFDL-ESM4 calculated GCM diagnosed aerosol ERF
timeseries over 1850-2014; NorESM2-LM, IPSL-CM6A-LR and CanESM5 calculated using
transient anthropogenic ERFs from RFMIP runs (1850-2100). Solid lines show individual
CMIP6 model TCREs calculated with CO2-fe over historical experiments (coloured by model),
while dashed lines show CMIP6 models if the effective TCRE is plotted (1850-2014) from
Liddicoat et al. (2021). Brown plume shows the CMIP6 TCRE range calculated with 1%/yr
concentration increase experiment (from Arora et al., 2020). Grey shading shows the AR6
Gaussian TCRE range, and black lines shows the observationally-constrained TCRE range from
figure 5.3.

5.3.1 Model-derived CO2-fe TCRE estimates

To complement the observational assessment, the TCREs for a subset of CMIP6 GCMs

can be calculated over history directly using CO2-fe emissions to account for the

impact of non-CO2 pollutants. Leach et al. (2021) demonstrates the FaIRv2.0 (29)

model emulates the thermal and carbon cycle properties of CMIP6 GCMs, and provide

parameter sets for several CMIP6 models. RFMIP experiments (54) allow for the

calculation of ERF timeseries over history (UKESM1-0-LL, NorESM2-LM, GFDL-ESM4)

and extended up to 2100 where data is available (CanESM5, IPSL-CM6A-LR).

Using these, I diagnose the TCREs from estimates of the cumulative CO2-fe emissions

budgets and associated warming for each GCM, plotted in figure 5.5 (coloured solid

lines). Compare these to the dashed lines on the same figure, which show the total
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warming plotted against historical CO2 emissions alone, diagnosed from individual

CMIP6-model historical experiments (following Liddicoat et al. (2021) (197)). These

CO2-only effective TCREs are non-linear over the historical period, as was found for

the dotted lines of figure 5.1d. In contrast, the solid lines are straight, showing the

CO2-fe emissions have correctly reproduced the TCRE relationship for each GCM. I

find a CMIP6 TCRE range of 0.35-0.68 ◦C/TtCO2 based on the five models sampled,

consistent with the range of TCREs from figure 5.3a (black lines in figure 5.5).

Further, the five models’ TCREs estimated using CO2-fe emissions can also be

compared against their TCREs calculated from the 1%/yr CO2 concentration increase

experiment in CMIP6 (36) (brown plume in figure 5.5), calculated by Arora et al. (2020)

(104). CMIP6 TCREs estimated with CO2-fe are near-identical to the estimates in Arora

et al. (2020) using pure-CO2 1%/yr experiments, indicating the CO2-fe methodology is

indeed identifying the true CO2-only TCRE parameter. I present all calculated TCREs in

table 5.1 for comparison against the observationally-constrained estimates and against

estimates using the 1%/yr experiment (104).

Overall, both CMIP6 TCRE ranges (calculated from CO2-fe emissions or 1%/yr

experiments) appear to be consistent with the 5-95th percentile TCRE found from

historical observations. The mean response (0.48 ◦C/TtCO2 in CMIP6 models assessed)

is somewhat higher than the observationally-constrained result (0.40 ◦C/TtCO2). Ex-

tremes of the CMIP6 ensemble slightly under-sample the observationally-constrained

upper and lower bounds. Even UKESM1-0-LL and CanESM5, both of which have

equilibrium climate sensitivities that are above the range consistent with historical

observations (80) show high but not out-of-range TCRE estimates, lying around the

83rd percentile of the TCRE distribution in figure 5.5. Because the CMIP6 distribution

does not sample the full TCRE range suggested by observations, simply using the CMIP6

range in isolation is potentially problematic, despite the range implying no significant

bias. A better approach would use observations to constrain the CMIP6 ensemble TCRE

range, such as the yes/no exclusion for models based on historical temperature gradient

reconstruction as suggested in Tokarska et al. (2020) (84).
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Source Model TCRE
(◦C/TtCO2)

Uncertainty range

1%/yr CMIP6 ACCESS-ESM1.5 0.55 -
1%/yr CMIP6 BCC-CSM2-MR 0.36 -
1%/yr CMIP6 CanESM5 0.57 -
1%/yr CMIP6 CESM2 0.58 -
1%/yr CMIP6 CNRM-ESM2-1 0.44 -
1%/yr CMIP6 IPSL-CM6A-LR 0.58 -
1%/yr CMIP6 MIROC-ES2L 0.38 -
1%/yr CMIP6 MPI-ESM1.2-LR 0.45 -
1%/yr CMIP6 NOAA-GFDL-ESM4 0.39 -
1%/yr CMIP6 NorESM2-LM 0.36 -
1%/yr CMIP6 UKESM1-0-LL 0.63 -
1%/yr CMIP6 ENSEMBLE MEAN 0.48 0.28-0.68 (5th-95thpercentile)
Historical CO2-fe CMIP6 CanESM5 0.58 -
Historical CO2-fe CMIP6 IPSL-CM6A-LR 0.57 -
Historical CO2-fe CMIP6 NOAA-GFDL-ESM4 0.36 -
Historical CO2-fe CMIP6 NorESM2-LM 0.35 -
Historical CO2-fe CMIP6 UKESM1-0-LL 0.64 -
Historical CO2-fe CMIP6 ENSEMBLE MEAN 0.50 -

Obs. constrained (fig. 5.3) Observations/FaIRv2.0 0.40 0.26-0.78 (5th-95thpercentile)
SR1.5 gaussian TCRE SR1.5 0.45 0.22-0.68 (likely range)
AR6 gaussian TCRE AR6 0.45 0.27-0.63 (likely range)

Table 5.1: TCRE estimates used in this study. 1%/yr results are taken from Arora et al.
(2020). CO2-fe results are calculated from OLS regression of individual model’s (1850-2014)
cumulative CO2-fe emissions and GSAT anomaly in figure 5.5. The observationally-constrained
TCRE range uses statistically-infilled GMST to mimic GSAT with full spatial coverage. Models
highlighted bold have their TCRE estimated using both the CO2-fe and 1%/yr concentration
increase experiment approaches.

5.3.2 Calculating the remaining carbon budget

Rogelj et al. (2019) identifies the present-day warming level, the TCRE value, and the

contribution of non-CO2 pollutants as the three largest contributors to the uncertainty

of the remaining carbon budget. The first two of these have already been studied

in this thesis: the level of warming in chapters 3 and 4, and the TCRE value in the

previous section. As noted above, differences between the assessed warming rate in

SR1.5/AR6 and in this thesis will substantially alter the remaining carbon budget

assessment. SR1.5/AR6 suggest the 2020 warming level is 1.2 ◦C (1.0-1.4 ◦C) based

on a warming rate of +0.2 ◦C/decade (15 , 17 , 18). The 2020 warming level rises to

1.3 ◦C (1.1-1.5 ◦C) if the increased warming rate in chapter 3 and 4 is used instead

(e.g. see figure 3.5 or figure 4.15).

To account for how these assessments impact on the remaining budget, figure

5.3b, c and d show the remaining total budget compatible with various quantities of

remaining warming (0.2, 0.3 or 0.4 ◦C additional warming, respectively), calculated
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with the Gaussian TCRE distribution reported in AR6 (grey shading), or using the

observationally-constrained TCRE distribution from panel a (solid black lines). The

0.2 ◦C target corresponds to 1.3 ◦C warming in 2020 (consistent with chapters 3 and 4);

0.3 ◦C corresponds to 1.2 ◦C warming in 2020 (consistent with SR1.5/AR6); and 0.4 ◦C

corresponds to 1.1 ◦C in 2020 (consistent with the assessment that warming reached

0.85 ◦C in the decade 2005-2014 above the preindustrial baseline, used in the Structured

Expert Dialogue to support the writing of the Paris Agreement text (284)).

Diagonal lines on each panel define the total remaining total CO2-fe emissions

budgets for a set quantity of additional warming (sampling uncertainty in the TCRE).

For example, panel c’s remaining total CO2-fe budgets range between:

• 5th percentile: (1.5-1.2) × 1000/0.26 = 1150GtCO2,

• 50th percentile: (1.5-1.2) × 1000/0.40 = 750GtCO2,

• 95th percentile: (1.5-1.2) × 1000/0.78 = 380GtCO2.

A detailed breakdown by percentile for each remaining warming quantity are shown in

table 5.2 (see table 5.3 for equivalent budgets to 2 ◦C). For each remaining warming

quantity, the wide range of remaining total CO2-fe budgets I find here are largely a result

of the range of present-day ERF in the 1000-member total anthropogenic ERF ensemble,

which hampers tighter constraints on the TCRE despite AR6’s reductions in the TCR

value. Reducing ERF component uncertainty and accounting for correlations between

component ERFs would better constrain this range, and is a focus for future research.

Given this total remaining CO2-fe budget range, the question now becomes what

fraction of this budget is used by CO2 and non-CO2 pollutants respectively. Figures 5.3b,

c and d show the proportions of the future total CO2-fe budget allocated to CO2 and

non-CO2. Scatter points indicate the cumulative CO2 and non-CO2 CO2-fe emissions

to peak warming in 1.5 ◦C-compatible, 2 ◦C-lower and 2 ◦C-higher scenarios from figure

5.1, with the colours indicating the scenario category as in figure 5.1. In these scenarios,

the non-CO2 contribution to the total remaining budget ranges from 50-300GtCO2-

fe, exactly the range determined in SR1.5 (where 250GtCO2 budget uncertainty was
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attributed to non-CO2 scenario uncertainty). Depending on the TCRE, this means

non-CO2 scenario uncertainty contributes between 0.01 ◦C and 0.23 ◦C warming in

these scenarios (using the observationally-constrained TCRE 5th-95th percentile range).

Importantly, if an SR1.5-consistent present-day warming rate estimate is used (panel

c), dark blue 1.5 ◦C-compatible scenarios are consistent with their 1.5 ◦C peak warming

categorisation — the scatter of blue dots sits over my best estimate TCRE.

Scenario categories are less well suited if the budget is based on other assessments

of present-day warming. Scenario categorisation appears overly conservative if the

remaining budget is allocated based on 1.1 ◦C warming at present day (i.e. re-baselining

anthropogenic warming to be consistent with the assessment that 0.85 ◦C warming

occurred up to the 2006-2015 decade relative to 1850-1900 (284 , 292)), with around

half of the 1.5 ◦C-consistent scenarios lying outside the lower bound of the likely range

in panel d, and several scenarios classified as ‘lower-2 ◦C’ becoming 1.5 ◦C-consistent.

Conversely, scenarios are overly optimistic if 1.3 ◦C warming at present day is used, where

now nearly all dark blue 1.5 ◦C-compatible scenarios unlikely to limit peak warming to

1.5 ◦C (lie to the right of the black best-estimate line in panel b). Further, the evident

lack of correlation between cumulative CO2 and non-CO2 emissions budgets to peak

warming in all sub-panels of figure 5.3 again undermines the use of an ‘effective’ (multi-

gas) TCRE (291). Since CO2 and non-CO2 emissions are affected by different policies,

it is potentially misleading to present them using a single index such as percentage

aggregate CO2-equivalent emission reductions by a given date (293). A two-dimensional

presentation, separating CO2 and non-CO2 contributions to warming (as in panels b,

c and d here), is the minimum required to ensure both indicators are on track to

achieve a temperature goal. The sum of cumulative CO2 and non-CO2 CO2-fe emissions,

multiplied by the TCRE accurately, determines long-term warming.

Since the scenarios explored here do not represent a random distribution that can be

sampled for a particular percentile (the distribution depends on the Integrated Assessment

Model used to generate individual scenarios), accounting for non-CO2 contributions to

remaining CO2-only budget estimates is more challenging. Subtracting a representative

mid-range scenario’s non-CO2 contribution from estimated total CO2-fe budgets gives
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indicative pure-CO2 budgets, indicated by horizontal box-whisker symbols in pink in figure

5.3 (using the central non-CO2 ERF scenario highlighted in figure 5.1 and used in figure

5.2). The range of non-CO2 contributions implied by the non-CO2 forcing scenarios as

a whole indicates the potential for trade-offs between CO2 and non-CO2 warming.

Using GMST warming of 1.2 ◦C in 2020 (for consistency with the SR1.5 scenarios)

and the mid-range non-CO2 forcing from figure 5.1 (130GtCO2-fe; range spans 50-

300 GtCO2-fe), I find the remaining carbon budget to 1.5 ◦C corresponding to different

TCRE percentiles as follows:

• 5th percentile: (0.3 × 1000/0.26) - 130 = 1020 GtCO2 (range: 850-1100 GtCO2)

• 33rd percentile: (0.3 × 1000/0.35) - 130 = 730GtCO2 (range: 560-810GtCO2)

• 50th percentile: (0.3 × 1000/0.40) - 130 = 620GtCO2 (range: 450-700GtCO2)

• 66th percentile: (0.3 × 1000/0.46) - 130 = 520GtCO2 (range: 350-600GtCO2)

• 95th percentile: (0.3 × 1000/0.78) - 130 = 250GtCO2 (range: 80-330GtCO2)

This methodology is followed to find remaining CO2-only budgets for other remaining

warming quantities in tables 5.2 and 5.3 and for the pink error bars in figure 5.3b, c and d.

I re-emphasise this is just one possible pathway for future non-CO2 forcing, which

will be determined by policy choices, some but not all of which also involve trade-offs

and synergies with CO2 policy. Exploring these trade-offs is a matter for policymakers.

CO2-fe emissions, or warming-equivalent emissions (125) that are very similar and

easier to calculate, provide the necessary framework. SR1.5 gave 33rd, 50th and 66th

percentile remaining carbon budgets for 1.5 ◦C GMST warming from 2018 of 1080,

770, 570 GtCO2 respectively. This chapter’s best-estimate remaining carbon budget for

0.3 ◦C additional warming from 2020, 620GtCO2, is therefore consistent with SR1.5

having accounted for recent updates to the level of GMST and an additional two years

of warming. These remaining carbon budgets are also consistent with AR6 remaining

budget estimates, since those budgets were based off 1.1 ◦C warming over the historical

period until 2010-2019, and assumed a warming rate of 0.2 ◦C/decade thereafter, shown

in table 5.2. Discrepancies with the AR6 budgets relate to the accounting of non-CO2
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5th 0.26 0.77 1.15 1.54 0.64 (0.47-0.72) 1.02 (0.85-1.10) 1.41 (1.24-1.49) - -
17th 0.31 0.65 0.97 1.29 0.52 (0.35-0.60) 0.84 (0.67-0.92) 1.16 (0.99-1.24) - -
33rd 0.35 0.57 0.86 1.14 0.44 (0.27-0.52) 0.73 (0.56-0.81) 1.01 (0.84-1.09) 0.84 0.65
50th 0.40 0.50 0.75 1.00 0.37 (0.20-0.45) 0.62 (0.45-0.70) 0.87 (0.70-0.95) 0.58 0.50
66th 0.46 0.43 0.65 0.87 0.30 (0.13-0.38) 0.52 (0.35-0.60) 0.74 (0.57-0.82) 0.42 0.40
83rd 0.57 0.35 0.53 0.70 0.22 (0.05-0.30) 0.40 (0.23-0.48) 0.57 (0.40-0.65) - -
95th 0.78 0.26 0.38 0.51 0.13 (-0.04,+0.21) 0.25 (0.08-0.33) 0.38 (0.21-0.46) - -

Table 5.2: TCRE percentiles and corresponding remaining carbon budgets to 1.5 ◦C. Percentiles
of the TCRE found in this study shown in column 2. CO2-fe budgets for 0.2 ◦C additional
warming (1.5 ◦C-compatible using chapter 3 and 4 assessment), 0.3 ◦C additional warming
(1.5 ◦C-compatible according to SR1.5/AR6), and 0.4 ◦C additional warming (1.5 ◦C-compatible
using GMST re-baselined to 0.85 ◦C over the decade up to 2015) shown in columns 3, 4 and
5, respectively. Corresponding CO2-only budgets to 1.5 ◦C are shown in columns 6, 7 and 8,
with mid-range non-CO2 contribution (range shown in brackets). For comparison, headline
remaining budget estimates in SR1.5 and AR6 are shown in columns 9 and 10.
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5th 0.26 2.69 3.08 3.46 2.54 (2.08-2.72) 2.93 (2.47-3.11) 3.31 (2.85-3.49) -
17th 0.31 2.26 2.58 2.90 2.11 (1.65-2.29) 2.43 (1.97-2.61) 2.75 (2.29-2.93) -
33rd 0.35 2.00 2.29 2.57 1.85 (1.39-2.03) 2.14 (1.68-2.32) 2.42 (1.96-2.60) 1.70
50th 0.40 1.75 2.00 2.25 1.60 (1.14-1.78) 1.85 (1.39-2.03) 2.10 (1.64-2.28) 1.35
66th 0.46 1.52 1.74 1.95 1.37 (0.91-1.55) 1.59 (1.13-1.77) 1.80 (1.34-1.98) 1.15
83rd 0.57 1.23 1.40 1.58 1.08 (0.62-1.26) 1.25 (0.79-1.43) 1.43 (0.97-1.61) -
95th 0.78 0.90 1.03 1.15 0.75 (0.29-0.93) 0.88 (0.42-1.06) 1.00 (0.54-1.18) -

Table 5.3: TCRE percentiles and corresponding remaining carbon budgets to 2.0 ◦C. Percentiles
of the TCRE found in this study shown in column 2. CO2-fe budgets for 0.7 ◦C additional
warming (2.0 ◦C-compatible using chapter 3 and 4 assessment), 0.8 ◦C additional warming
(2.0 ◦C-compatible according to SR1.5/AR6), and 0.9 ◦C additional warming (2.0 ◦C-compatible
using GMST re-baselined to 0.85 ◦C over the decade up to 2015) shown in columns 3, 4 and
5, respectively. Corresponding CO2-only budgets to 2.0 ◦C are shown in columns 6, 7 and 8,
with mid-range non-CO2 contribution (range shown in brackets). For comparison, headline
remaining budget estimates in AR6 are shown in column 9.
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warming. AR6 chose a non-CO2 warming range of 0.1-0.2 ◦C for budget estimates,

towards the upper half of the non-CO2 CO2-fe budgets used here.

If GMST warming of 1.3 ◦C in 2020 is used (reflecting the updated warming trend

assessment in this thesis), along with a mid-range non-CO2 forcing from figure 5.1

(130GtCO2), the remaining budgets are reduced compared to AR6’s assessment. In

this case a 33, 50 and 66% chance of limiting warming to below 1.5 ◦C requires

CO2-only budgets of 440, 370, 300GtCO2, respectively. The full ranges of estimated

remaining CO2-fe and CO2-only budgets are given in tables 5.2, along with comparable

budgets from SR1.5 and AR6.

5.4 Discussion

This chapter analysed mitigation scenarios informing the IPCC’s SR1.5 and AR6 report,

deconstructing them to highlight the relative contributions from CO2 and non-CO2

pollutants (figures 5.1 and 5.2). CO2-fe emissions provide a means to quantify non-

CO2 contributions to future scenarios, without relying on traditional metrics which do

not translate readily into a corresponding warming response. Further, I demonstrated

that a simple scaling factor, or ‘effective TCRE’, doesn’t adequately account for the

warming contribution from non-CO2 drivers (92 , 105 , 286) as future non-CO2 radiative

forcing isn’t tightly correlated with cumulative CO2 emissions in these scenarios. Using

CO2-fe emissions to constrain the TCRE distribution based on historical temperature

observations and radiative forcing estimates, I produced an observationally-constrained

remaining carbon budget estimate based on central non-CO2 ERF estimates, along with

highlighting the co-varying uncertainty in the physical climate response to CO2 and

non-CO2 pollutants. A two-dimensional presentation which separates CO2 and non-CO2

contributions to warming (figure 5.3b, c and d) is recommended as the most transparent

approach when displaying the physical constraints of remaining budgets.

A remaining carbon budget for 1.5 ◦C of 400GtCO2 from 2020 (the most widely

quoted 66th percentile AR6 remaining carbon budget) is consistent with a current level

of warming of 1.2 ◦C (in 2020 relative to 1850-1900) (17), given an observationally-

constrained TCRE (0.40 ◦C/TtCO2; 0.26-0.78 ◦C/TtCO2), unless we experience a
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sudden increase in the TCRE or future non-CO2 climate forcing above the upper end of

the range in the SR1.5 1.5 ◦C-compatible scenarios (see figure 5.3b and table 5.2).

Recent updates to datasets of observed CH4 and N2O mixing ratios suggest these

are tracking a path higher than most future scenarios suggest (122 , 294), while aerosol

emissions have declined more rapidly than scenarios suggested, meaning the level and

rate of anthropogenic warming is higher than the assessment in AR6. Using 1.3 ◦C

as the present-day warming level reduces the remaining carbon budget by 1/3rd and

means ‘1.5 ◦C-compatible’ scenarios are inconsistent with this categorisation. For 1.3 ◦C

warming, 0.2 ◦C additional warming has an associated total CO2-fe budget of 570, 500

and 430 GtCO2-fe (33rd, 50th and 66th percentiles). This gives representative CO2-only

budgets of 440, 370 and 300 GtCO2, assuming a non-CO2 budget of 130 GtCO2. Uncer-

tainty in the non-CO2 contribution adds approximately ±130 GtCO2-fe to these estimates.

The decision on what index will be used to determine when 1.5 ◦C is reached

has substantial policy implications and hence should not be determined by scientists

alone. As long as observed warming continues to be reported in terms of GMST,

reporting remaining carbon budgets in terms of GMST baselined to several periods

(for example: both 0.85 ◦C over the decade prior to 2015; 1850-1900 preindustrial

baseline), as well as for alternative assessments of the near-present warming rate,

seems the simplest and least policy-prescriptive option available. Regardless, CO2-

fe emissions are the most transparent method to analyse the relative contributions

from individual pollutants to remaining warming, particularly in order to disentangle

scenario from physical climate uncertainty.

5.5 Chapter close

This chapter used the CO2-forcing-equivalent metric to estimate the CO2 and non-

CO2 contributions to the remaining carbon budget. I first demonstrated the utility

of the CO2-fe metric for comparing CO2 and non-CO2 emissions timeseries, including

determining their relative contributions to a 1.5 ◦C-compatible scenario. I then used

them to estimate the TCRE, using an attribution of historical anthropogenic warming

from GMST observations and cumulative CO2-fe emissions (to account for warming
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contributions from all pollutants). This produced a TCRE estimate of 0.40 (0.26-

0.78) ◦C/TtCO2. The exact remaining carbon budget depends on the assessed present

day anthropogenic warming level, the chosen non-CO2 emissions scenario, and other

factors (the ZEC and Earth System Feedbacks).



Adopt the pace of nature, her secret is patience.

— Ralph Waldo Emerson

6
The multi-decadal response to net zero

CO2 emissions

This chapter discusses the conditions for warming stabilisation following net zero CO2

emissions using the RAZE framework derived in chapter 2. This work is based on the

publication The multi-decadal response to net zero CO2 emissions and implications for

emissions policy. Jenkins, S., Sanderson, B., Peters, G., Frölicher, T., Friedlingstein,

P. and Allen, M. (2022). Geophysical Research Letters. See ref. (187).

Contents

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 165
6.2 Characteristics of the response to net zero . . . . . . . . . . . . . 167
6.3 Emissions consistent with halting warming . . . . . . . . . . . . . 169

6.3.1 RAZE and Ehalt distributions from the Zero Emissions Com-
mitment Intercomparison Project . . . . . . . . . . . . . . 170

6.3.2 Emulating the ESM response to net zero . . . . . . . . . . 172
6.3.3 The response to net zero in real-world scenarios . . . . . . 177

6.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 180
6.5 Chapter close . . . . . . . . . . . . . . . . . . . . . . . . . . . . 181

164



6. The multi-decadal response to net zero CO2 emissions 165

6.1 Introduction

Over the last decade the ambition of global, regional and national climate policy has

increasingly become defined by the date of net zero (3 , 14 , 295 , 296). In chapter 1

I discussed the properties of the CO2 warming response which facilitate this net zero

framing: the realisation that the CO2-induced warming response is determined by the

cumulative CO2 emissions released (98 , 100), and that CO2-induced warming only stops

when CO2 emissions reach net zero. That formed the basis for the discussion in chapter

5, where I showed how non-CO2 pollutants can be brought into this framework using the

CO2-forcing-equivalent emissions metric. CO2-fe emissions allowed me to estimate total

CO2-fe remaining budgets across all pollutants, and compare pollutants’ contributions

to this total, simplifying the analysis of complex multi-gas emissions scenarios. All of

the work in chapter 5 derives budgets assuming that net zero is a condition to halt

anthropogenic warming. In this chapter I consider the robustness of this assumption.

SR1.5 noted that “reaching and sustaining net zero global anthropogenic CO2

emissions and declining net non-CO2 radiative forcing would halt anthropogenic global

warming on inter-decadal timescales (high confidence)” (14). AR6 (3) made a much

stronger statement: “from a physical science perspective, limiting human-induced global

warming to a specific level requires limiting cumulative CO2 emissions, reaching at

least net zero CO2 emissions, along with strong reductions in other greenhouse gas

emissions”, and more specifically, “achieving global net zero CO2 emissions, . . . , is a

requirement for stabilizing CO2-induced global surface temperature increase” (emphasis

has been added where language differs from SR1.5).

The AR6 statement implies that net zero CO2 emissions is a necessary condition

to stabilise warming, while SR1.5 instead argued that net zero and declining net non-

CO2 radiative forcing is sufficient to halt warming on inter-decadal timescales. This

distinction is important: while both reports emphasise that halting warming requires

at least an order of magnitude reduction in CO2 emissions, SR1.5 leaves open the

possibility that stabilising warming may not require strictly net zero CO2 emissions.
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AR6’s statement is approximately correct (cumulative CO2 emissions have a near-

linear relationship with global warming (98)), but the ‘requirement’ language may

be problematic if it later transpires substantial non-zero residual CO2 emissions are

consistent with stabilising warming over multi-decade intervals. Even if net zero is the

best-estimate requirement for warming stabilisation today, the lack of an uncertainty

qualifier on the AR6 statement presents a second risk: if uncertainty in the conditions

for warming stabilisation is large then society must maintain the capacity to adjust

carbon sinks to the emergent conditions for warming stabilisation. Presenting the

condition for warming stabilisation as an unqualified ‘requirement’ today implies that

achieving said condition will always halt warming.

Given these concerns, I ask which of these statements is best supported by our

current understanding of the physical climate system? Both refer to a physical science

perspective, and are not restricted to specific scenarios. SR1.5’s and AR6’s scenario

databases both show that the bulk of scenarios halting warming in the middle of the

21st century reach net zero CO2 emissions, which then become net negative, along with

declining net non-CO2 radiative forcing (280). But most of these scenarios deliver net

zero GHG emissions (evaluated with GWP100), later in the century, causing net-negative

CO2-fe emissions and therefore achieving a “peak and decline” global temperature

pathway. Here I focus on the physical requirements for stabilizing temperatures, a

necessary condition for limiting warming to any level.

Answering this question requires probing the amount of “warming in the pipeline”

(47 , 291) following net zero CO2 emissions, often referred to as the ZEC (57). In

chapter 5 I explicitly set the ZEC to zero, meaning that policy reaching net zero CO2-fe

emissions was automatically successful in halting warming. Including the ZEC, the

condition for warming stabilisation becomes less clear.

The range of the ZEC in the century following net zero can be quantified using GCMs.

In chapter 1 I introduced the Zero Emissions Commitment Model Intercomparison Project

(ZECMIP) (57), which explored ESM and EMIC responses in the century following

net zero (113). ZECMIP’s A-type experiments followed an emissions pathway where

CO2 concentrations increased at 1%/yr until a set quantity of CO2 had been released,
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and thereafter emissions were set to net zero and models allowed to re-equilibrate.

These experiments suggest that ZEC is approximately ±0.2 ◦C, and depends on small

differences in the carbon and thermal cycle response following net zero. If ZEC does

lie between ±0.2 ◦C, a wide range of post-net zero CO2 emissions are theoretically

compatible with stable temperatures (113), but to date no study has focused on

diagnosing them. Drawing on these experiments, this chapter explores the physical

conditions for warming stabilisation.

6.2 Characteristics of the response to net zero

The impulse response framework describing the surface temperature anomaly in response

to an ERF timeseries is written in equation 2.2 in chapter 2. Here, ci and di define the

efficacies and thermal response timescales for the individual impulse response boxes (78 ).

In FaIRv2.0 there are three boxes, with di values broadly split between sub-decadal and

multi-century timescales (d1=0.903 years, d2=7.92 years, d3=355 years) (29). Noting

this, and following Seshadri (2017) (191), chapter 2 expands equation 2.2 for the

multi-decade warming response to an ERF perturbation F(t), finding

∆T = κF(∆F+ ρF̄∆t). (6.1)

In equation 6.1 ∆T is the temperature change, ∆F the change in ERF over the period

∆t, and F̄ is the average ERF over the period ∆t (compared to preindustrial). Chapter

2 defined ρ as the fractional rate of adjustment to constant forcing (RACF, in units

per year) (125), and κF as the Transient Climate Response to Forcing (TCRF, in units

of ◦C/Wm−2) (103). Note that RACF is small and positive, such that a constant

positive ERF (as would occur if CO2 concentrations were stabilised) results in slow

residual warming due to the multi-century climate adjustment.

Also in chapter 2, equation 2.4 defines the corresponding four-pool impulse response

representation (93 , 297) of the carbon cycle. In it, τj are the carbon cycle response

timescales and µj are forcing efficacies (in units W/m2/GtCO2). Assuming that

the τj can also be split into sub-decadal and multi-century response timescales in



6. The multi-decadal response to net zero CO2 emissions 168

the same way as the thermal cycle parameters, I expanded equation 2.4 over multi-

decadal timescales. This found an expression for the cumulative CO2 emissions, ∆G,

in terms of the ERF perturbation

∆G =
1

µ2

(
∆F+

1

τ2
F̄∆t

)
. (6.2)

In equation 6.2 τ2 and µ2 refer to the multi-century response timescale and multi-century

forcing efficacy, respectively. Note the similarity between this expression and equation

6.1, with one term proportional to the change in ERF over a time interval ∆t, and the

other proportional to the average ERF over the interval ∆t (relative to preindustrial).

Combining equations 6.1 and 6.2 derived equation 2.15 in chapter 2

∆T = κE(∆G+ oḠ∆t) (6.3)

where o = ρ− τ−1
2 is the RAZE in units %/year, κE is the TCRE parameter (=µ2κF),

∆G is the cumulative CO2 emissions change over the interval ∆t, and Ḡ is the cumulative

CO2 emissions released since preindustrial averaged over the interval ∆t. In equation 6.3

the RAZE parameter is a measure of the difference between the multi-century response

rate of the thermal cycle, ρ, and the multi-century response rate in the carbon cycle,

1/τ2. A positive RAZE corresponds to residual warming post-net zero, and can arise as

a result of either slow carbon sinks post-net zero, or because of a fast thermal cycle

supplying excess heat from the deep ocean (e.g. with both the TCR/ECS ratio (42) and

d2 small). Tarshish, Jeevanjee and Fung (2022) discusses a similar framework describing

the cause of post-net zero temperature trends to characterise the carbon and thermal

cycle contributions to the spread in ZEC between ESMs (298), although they work over

different timescales and infer a more qualitative result than this study.

The RAZE defines the fractional rate at which the temperature adjust over multi-

decadal timescales in response to net zero CO2 emissions. As the difference of two small

quantities, ρ ∼ 0.3%/yr (127) and τ−1
2 ∼ 0.3%/yr (93), the RAZE can be positive

or negative with typical values of order ±0.1%/yr (103).

Setting ∆G to zero in equation 6.3 gives an expression for the rate of residual

warming after net zero

∆T

∆t
= κEoḠ = κEoG(t = tnet zero), (6.4)
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where κEo ≈ ±4×10−4 ◦C yr−1/TtCO2 (assuming the best-estimate TCRE value derived

in chapter 5, and the RAZE range above). Hence the RAZE parameter determines

the development of ZECH over a multi-decade interval, H,

ZECH = κEoG(t = tnet zero)H. (6.5)

For κEo ≈ ±4× 10−4 ◦Cyr−1/TtCO2, G(t = tnet zero) = 3.75TtCO2 (approximately

1.5 ◦C-compatible) and H = 100 years, ZEC100 = ±0.15 ◦C (i.e. consistent with the

magnitude of ZEC in ZECMIP experiments).

Equation 6.5’s mathematical framing is similar to how the transient warming in

response to an emissions scenario can be characterised using a scenario-independent

TCR parameter (103): ZECH (a scenario-dependent and time-dependent quantity)

can be deconstructed into the RAZE × TCRE (scenario independent), multiplied by

G(t = tnet zero)× H (scenario dependent).

Since the RAZE determines the multi-decadal warming following net zero, equation

6.3 can also be used to derive a level of CO2 emissions compatible with approximately

constant temperatures

Ehalt =
∆G

∆t
= −oḠ ≈ −oG(t = tnet zero), (6.6)

assuming any additional emissions after temperatures halt are small relative to cumulative

emissions prior to that time, as will be the case on multi-decadal timescales (109).

Typical values of RAZE and cumulative emissions released over history suggest that

oG(t = tnet zero) is approximately 1/20th the size of anthropogenic CO2 emissions

released in 2020 (299).

6.3 Emissions consistent with halting warming

The framework presented in equations 6.3, 6.5 and 6.6 allows me to probe the

requirements of emissions policy aiming to halt global warming. I now explore constraints

on the RAZE parameter and Ehalt using ESMs and the FaIRv2.0 simple climate model.
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6.3.1 RAZE and Ehalt distributions from the Zero Emissions
Commitment Intercomparison Project

RAZE parameters estimated directly from 9 ESMs and 9 EMICs from ZECMIP are

shown in table 6.1. These are calculated using the linear gradient in the temperature

response following net zero (following equation 6.4), ignoring the first decade to allow

adjustments from the sub-decadal timescale responses in the carbon and thermal cycles.

The mean RAZEs are -0.077, -0.108 and -0.015%/yr in net zero experiments where

CO2 concentrations are first increased by 1%/yr until 2750, 3670 and 7330GtCO2

(750, 1000 and 2000GtC) has been released. The RAZE appears weakly scenario

dependent, although this is less pronounced than in the ZEC which, as expected, scales

with cumulative emissions prior to the date of net zero (113). In ESMs, a negative

average RAZE is observed for the 3670 GtCO2 experiment, but positive average RAZE

for 7330GtCO2, both based on small samples and due to a mixture of strong positive

carbon-climate feedbacks and slower carbon sinks in ACCESS-ESM1.5, UKESM1-0-LL

and GFDL-ESM2M (such feedbacks are observed in other large perturbation experiments

(29 , 58 , 92 , 278 , 300)). In the EMICs the RAZE is consistently negative, but still

weakens as the perturbation size increases. Fortunately, policy consistent with achieving

the temperature goals of Paris Agreement demands substantially lower than 7330 GtCO2

cumulative emissions until the time of net zero (7330 GtCO2 ∼ 3 ◦C CO2-induced warming

for a TCRE = 0.4 ◦C/TtCO2, the best-estimate value from chapter 5), increasing the

likelihood of a small negative RAZE according to the results of ZECMIP experiments.

Table 6.1 also shows estimates of the emissions consistent with no further warming

over multi-decadal intervals (Ehalt) for each experiment. For 3670 GtCO2, the mean Ehalt

is +4.0GtCO2 across all models (+2.1GtCO2 for ESMs only) — between 1/10th and

1/20th of the anthropogenic CO2 emissions released in 2020. Ehalt scales with the size of

the perturbation: higher emissions prior to net zero result in lower Ehalt, including negative

Ehalt if the RAZE becomes positive. The mean ESM and EMIC responses suggest Ehalt is

positive following both 2750 and 3670 GtCO2 perturbations (with the latter representing

an approximately 1.5 ◦C-compatible emissions budget). In all experiments Ehalt is an
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Model RAZE (%/yr) Ehalt, 2750
(GtCO2/yr)

Ehalt, 3670
(GtCO2/yr)

Ehalt, 7330
(GtCO2/yr)

ACCESS-ESM1.5 -0.056 (-0.073, +0.339) 2.0 2.1 -24.9
CanESM5 -0.083 (–, -0.035) – 3.0 2.6
CESM2 -0.164 (–, –) – 6.0 –
CNRM-ESM2-1 +0.126 (–, –) – -4.6 –
GFDL-ESM2M +0.004 (+0.010, +0.085) -0.3 -0.1 -6.3
MIROC-ES2L -0.227 (-0.177, -0.170) 4.9 8.3 12.5
MPI-ESM1.2-LR -0.145 (–, –) – 5.3 –
NorESM2-LM -0.045 (–, –) – 1.7 –
UKESM1-0-LL +0.070 (-0.030, +0.228) -2.6 0.8 -16.7
ESM MEAN -0.058 (-0.028, +0.089) 1.9 2.1 -6.6
Bern3D-LPX -0.135 (-0.122, -0.020) 3.4 5.0 1.4
CLIMBER-2 -0.116 (–, –) – 4.3 –
DCESS -0.124 (-0.108, -0.094) 3.0 4.5 6.9
IAPRAS -0.329 (-0.276, -0.327) 7.6 12.1 23.9
LOVECLIM 1.2 -0.008 (+0.128, –) -3.5 0.3 –
MESM -0.100 (-0.115, -0.011) 3.2 3.7 0.8
MIROC-lite/JUMP-LCM -0.095 (-0.121, -0.092) 3.3 3.5 6.7
PLASIM-GENIE -0.504 (-0.129, -0.290) 3.6 18.5 23.1
Uvic ESCM 2.10 -0.017 (-0.066, +0.203) 1.8 0.6 -14.9
EMIC MEAN -0.159 (-0.101, -0.090) 2.8 5.8 6.6
ESM + EMIC MEAN -0.108 (-0.077, -0.015) 2.1 4.0 1.1

Table 6.1: Estimated RAZE and Ehalt parameters using A-type experiments from ZECMIP
study (113). A-type experiments consist of ESM and EMICs run with 1 %/yr CO2 concentration
increase experiments until 2750, 3670 or 7330GtCO2 (750, 1000 or 2000GtC) have been
emitted in total. Thereafter, emissions are set to net zero and the climate response is simulated
for the following 100 years. RAZE is estimated using a linear OLS fit to years 10-100 following
the cessation of emissions, using the models’ reported TCRE values in the ZECMIP study (113).
RAZE values are reported as RAZE3670GtCO2 (RAZE2750GtCO2, RAZE7330GtCO2), respectively.
Dashes are inputted where experiments were not completed with a given model.

order of magnitude smaller than present-day emissions, and will likely become smaller

still once models routinely include additional under-represented Earth System feedbacks.

Over multi-decadal timescales, additional non-linear effects may result from pre-

dominantly positive feedbacks which are missing from current iterations of ESMs and

EMICs. These include the potential release of non-CO2 GHGs (e.g., CH4, N2O) from

the ocean and land biosphere, wildfire dynamics, ice-sheet-albedo feedbacks and others.

IPCC’s SR1.5 suggested that 100GtCO2 be removed from their remaining carbon

budget estimates for 1.5 ◦C and 2 ◦C to account for unmodelled Earth system feedbacks

over the remainder of the 21st century, largely due to permafrost thawing (109 , 301),

corresponding to additional emissions of up to +2GtCO2/year after 2050. AR6 gave

a best estimate of +26 ± 97GtCO2 per ◦C of warming, less than half the SR1.5

estimate, albeit with a large uncertainty. In the context of the ZECMIP experiments,

including these unmodelled feedbacks (109) would increase the ensemble-average
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Figure 6.1: Response to net zero following an idealised 1%/yr concentration increase
experiment. CO2 emissions (panel a), atmospheric CO2 concentrations (panel b) and
temperature anomalies (panel c) from five ESMs contributing A-type experiments to the
ZECMIP study. Line colours correspond to individual model’s TCRE values (see colourbar
range below figure 6.3, and individual model values to right of figure 6.4b). FaIRv2.0 emulations
are shown on top of individual model outputs in grey. An ensemble of FaIR model runs using
the black emissions timeseries (plotted in panel a) is shown in panels b and c, with shaded
regions showing the 5-95th, 17-83rd, 33-66th percentiles of the distribution (solid black line
shows the 50th percentile response). In panel d the CO2 emissions are identical to the black
emissions in panel a before net zero, but after they include the emissions which are consistent
with no further warming (Ehalt), for both the FaIR ensemble response (in grey) and individual
ESM emulations. The CO2 concentrations and temperature anomaly for the CO2 emissions in
panel d are plotted in panels e and f.

RAZE distribution from negative towards zero, but not enough to make it positive, at

least for 1.5 ◦C-compatible scenarios. There remains substantial uncertainty in these

underrepresented feedbacks at various cumulative emissions levels (111). Additional

non-linearities may also arise over centennial-or-longer timescales where the assumptions

used in deriving the RAZE response break down (113 , 302).

6.3.2 Emulating the ESM response to net zero

Using the FaIRv2.0 simple climate model I can emulate individual model responses to

the ZECMIP experiments to confirm these direct RAZE estimates, as well as extend
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the analysis to a probabilistic treatment of uncertainties. Figure 6.1 shows five ESM

responses to the ZECMIP A-type 3670GtCO2 experiment, where CO2 concentrations

rise at 1 %/yr until 3670 GtCO2 has been emitted, and thereafter emissions are set to net

zero (ACCESS-ESM1.5, CanESM5, CNRM-ESM2-1, MIROC-ES2L, MPI-ESM1.2-LR;

coloured according to their TCRE value). Panel a plots the CO2 emissions, panel b

the CO2 concentrations, and panel c the global surface temperature anomaly. On the

same panels smooth lines show the FaIRv2.0 emulated response to the same experiment

for each ESM, using Leach et al. (2021)’s derived thermal parameter set for each

ESM (29) and tuning the carbon cycle using the approach outlined in Jenkins et al.

(2018) (i.e. by adjusting the r0, rC and rT parameters estimating the integrated Impulse

Response Function in FaIRv2.0 to reproduce the ESMs emissions-to-concentrations

relationship, see equation 2.21 in chapter 2, and refs. (29 , 94)). As part of the carbon

cycle tuning it was decided to alter the ‘pool fractions’ parameter (ai in equation 2.19):

in the standard FaIRv2.0 setup a = [0.2173, 0.2240, 0.2824, 0.2763] (ordered longest-to-

shortest timescale); while the revised setup uses a = [0.1173, 0.1240, 0.3824, 0.3763].

This adjustment is justified since the former setup is inconsistent with our understanding

of the multi-millennial ocean carbon cycle response to an emissions perturbation.

Estimates of the Revelle buffer factor, which sets the fraction of an atmospheric

CO2 perturbation which can dissolve in water at standard temperature and pressure

(303), suggests that only 10-15% of a CO2 emission will remain in the atmosphere

over multi-millennial timescales (304) (hence the reduction of the two long-timescale a

values above). A revisiting of Joos et al. (2013)’s study to refit FaIRv2.0’s a parameters

using CMIP6 ESMs would aid the analysis of RAZE, but is beyond the scope of this

work. For each model plotted in figure 6.1 the temperature anomaly behaviour after

net zero is successfully captured in FaIRv2.0.

Alongside the individual ESM emulations, I use FaIRv2.0 to produce an ensemble

of responses to the black CO2 emissions timeseries in figure 6.1a. The responses are

derived with a 10,000-member ensemble of thermal and carbon cycle parameter sets,

constrained on the range of CMIP6 model responses and temperature observations (29 ).

FaIR carbon cycle sampling varies the integrated Impulse Response Function parameters,
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following the approach of Jenkins et al. (2018) (94). Parameters are sampled from an

ensemble of FaIR-emulated CMIP6 models (29), translating to distributions

r0 ∼ 33.90 × N(1, 0.154) years,

rC ∼ 0.0188 × exp(N(0, 0.442)) years/GtC,

rT ∼ 2.67 × N(1, 0.615) years/◦C.

Following Leach et al. (2021), I use FaIRv2.0 with a three box thermal impulse response

setup, sampling ln(d1), ln(d2) and c1 parameters as a multi-variate normal distribution,

and ln(d3) with an independent normal distribution. The underlying distribution shapes

are taken from parameter sets which emulate individual CMIP6 models (see Leach

et al. (2021) (29)). The thermal-box efficacy parameters in equation 2.2 (c1, c2

and c3) are then set such that, with the chosen dis, the corresponding distributions

of TCR and ECS parameters satisfy

TCR ∼ N(1.8, 0.2) ◦C,

TCR/ECS ratio ∼ N(0.55, 0.15),

F2× ∼ N(3.74, 0.56)W/m2,

where F2× is the ERF from doubling CO2 concentrations. These distributions produce

an ECS = 3.2 ◦C (2.5-4.5◦C; likely range), consistent with Forster et al. (2021) (5)

and the observationally-constrained FaIRv2.0 ensemble produced in Leach et al. (2021)

(29). Clearly, the choice of parameter distribution shapes will impact on the derived

distributions of RAZE and hence ZEC, particularly if there is correlation between the

multi-century carbon and thermal cycle response timescales, which is not accounted

for in FaIRv2.0. Quantifying this effect requires further research.

With this parameter sampling I produce a 10,000-member set of CO2 concentrations

and temperature response timeseries for the black CO2 emissions timeseries in panel

a. These emissions are designed to produce a 1%/yr CO2 concentration increase

until 3670GtCO2 have been emitted, followed by a century of net zero CO2 emissions
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Figure 6.2: Panel a shows the RAZE distribution produced in FaIRv2.0 using a 1 %/yr CO2

experiment releasing 3670 GtCO2 prior to net zero, following the A-type setup in MacDougall
et al. (2020) (113). Panel b shows the corresponding Ehalt distribution. Red lines show
median (dotted) and mean (solid) values for each panel: RAZE = -0.15%/yr, -0.10%/yr;
Ehalt = +5.5GtCO2/yr, +3.7GtCO2/yr, respectively. 5-95th percentile ranges span -0.31 to
+0.28 %/yr (RAZE), and -10.3 to +11.4GtCO2/yr (Ehalt).

thereafter (following ZECMIP’s A-type experiment protocol). The 5-95th, 17-83rd, 33-

66th percentiles, and median responses for CO2 concentrations and temperature anomaly

are plotted in grey in figures 6.1b and c. The RAZE is estimated by fitting a linear

relationship using OLS regression onto the temperature response between 10-100 years

after net zero. I ignore the first decade following net zero where rapid adjustments

take place resulting from imbalances between the sub-decadal carbon and thermal cycle

timescales (305). This is appropriate given the expression for RAZE in equation 6.3

is linearised over multi-decade intervals. The RAZE distribution spans -0.31%/yr to

+0.28%/yr, with a mean value of -0.10%/yr (shown in figure 6.2a), overlapping with

the RAZE estimated with individual ESMs and EMICs in table 6.1. Parameter sets

corresponding to a smaller TCR/ECS ratio typically result in a more positive RAZE

(302), and vice versa, supporting the findings of the derivation in chapter 2.

In the FaIRv2.0 ensemble the mean Ehalt is +3.7GtCO2/yr, with the distribution’s

5-95th percentile spanning -10.3 and +11.4GtCO2/yr (figure 6.1d and 6.3). The

distribution is skewed towards positive residual emissions but with a tail reaching well

into negative residual emissions, resulting from log-normal distributions sampled when

estimating the multi-century response timescales in FaIRv2.0. Individual RAZE and Ehalt

distributions are shown in figure 6.2. Figure 6.3 highlights that Ehalt is poorly constrained
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Figure 6.3: Characteristics of the distribution in RAZE, TCRE and Ehalt parameters. Individual
ESM and EMIC estimates using the 3670GtCO2 (1000GtC) 1%/yr experiment in ZECMIP
are plotted with edges coloured blue-to-red depending on the TCRE parameter. The 10,000-
member FaIRv2.0 distribution is shown shaded by Ehalt value (green refers to large negative
Ehalt, yellow to large positive Ehalt). Means and 5-95th percentiles of RAZE and TCRE values
in the FaIRv2.0 distribution are shown with dotted lines. The colourbar below the figures show
the AR6 range for TCRE (0.27-0.63 ◦C/TtCO2), with the same colouring used for all ZECMIP
ESM models shown in figures 6.1 and 6.4.

by the TCRE, with no correlation existing between the TCRE and RAZE parameters.

As in the ZECMIP ESM responses, net zero is not necessarily a requirement of halting

CO2-induced warming in the mean FaIRv2.0 response; around three quarters of the

Ehalt distribution lies above zero (see figure 6.2b). But it is possible that net negative

emissions will prove necessary — for a quarter of the ensemble negative emissions

are required to halt further warming (95th percentile of -10.3GtCO2/yr, around a

quarter of present-day positive emissions).

I can demonstrate that warming does indeed halt over multi-decadal intervals

by rerunning the FaIRv2.0 ensemble, but now including the Ehalt in figure 6.2 after

net zero, with resulting plumes shown in panels d, e and f. Over multi-decadal

intervals the Ehalt are successfully stabilising warming in figure 6.1f. Over multi-century

timescales some residual warming or cooling may occur once the RAZE approximation

begins to break down (see beyond 100 years following net zero in panel f). For an

individual scenario the level of Ehalt depends on the chosen thermal and carbon cycle

parameters, however only in ensemble members where the TCR/ECS ratio is very small,

or where the multi-century carbon cycle response is substantially slower than the thermal
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cycle, are substantial negative emissions required to halt warming. The inclusion of

additional unmodelled Earth System feedbacks will push the RAZE distribution (and

hence Ehalt) closer to centring on zero.

6.3.3 The response to net zero in real-world scenarios

The RAZE distribution suggests that small residual positive emissions may be consistent

with halting global warming over multi-decadal intervals in idealised CO2-only experi-

ments. Next, I look at how this result changes in real-world scenarios, with both a more

realistic time history of CO2 emissions and the inclusion of non-CO2 warming.

Figure 6.4a shows the best-estimate CO2 emissions timeseries from the Global Carbon

Project (299) between 1850 and 2020. Beyond present day, CO2 emissions are reduced

linearly to net zero by 2050 and remain zero thereafter (black line). CO2-induced

warming is shown in figure 6.4b with a grey plume, calculated using FaIRv2.0 and

the same 10,000-member parameter set as in figure 6.1. The CO2-induced warming

reaches approximately 1.0 ± 0.2 ◦C) between 2010-2019, consistent with AR6 estimates

for the CO2 contribution to historical warming (see fig. 7.8 of Forster et al. (2021)

(5)). After net zero CO2-induced warming stabilises (if RAZE ∼ 0%/yr) or exhibits

a small quantity of residual warming or cooling. From this ensemble I again estimate

the RAZE (derived from the gradient in CO2-induced temperature in years 10-100

following net zero in figure 6.4b; mean = -0.09%/yr, 5-95th percentile range -0.24

to +0.17%/yr) and infer the CO2 emissions consistent with no further CO2 induced

warming, Ehalt, CO2. Halting CO2-induced warming after 2050 requires residual emissions

reduced to +2.6 GtCO2/yr, with a 5-95% range of -5.1 to +7.3 GtCO2/yr. Compare this

to the Ehalt estimated in figure 6.1, Ehalt = +3.7 (-10.3 to +11.4) GtCO2/yr, calculated

from a very different CO2 emissions scenario (a sudden cessation of emissions following

a period of 1 %/yr CO2 concentration increase). The difference between these two Ehalt

estimates arises predominantly because, at the time of net zero, figure 6.1’s climate

system is perturbed further from equilibrium than in figure 6.4, where CO2 emissions

are reduced to zero over a 30-year period (which gives the climate system some time
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Figure 6.4: The response to net zero in a real-world 1.5 ◦C-consistent scenario. Panel a shows
the best-estimate annual CO2 emissions timeseries from the Global Carbon Project in black,
which is reduced to net zero in 2050, and the best-estimate historical+SSP1-19 non-CO2 ERF
timeseries (green dotted line), also expressed in CO2-forcing-equivalent terms (green solid
line). For these, panel b shows the diagnosed CO2 and non-CO2 warming responses in grey
and green respectively, and panel c shows the combined total warming plume. Panels d, e
and f then repeat panels a, b and c, but include the additional emissions consistent with no
further warming (Ehalt, total). Panel d shows the black CO2 emissions from panel a until 2050,
and thereafter a plume of Ehalt, total. Panel e shows the corresponding CO2 and non-CO2

warming plumes (and the SSP1-19 non-CO2 ERF warming response in green). Panel f shows
the corresponding total warming, which stabilises over multi-decade intervals after net zero. In
all panels the coloured lines show five responses in FaIRv2.0 which emulate individual ESMs,
for which we have appropriate parameter sets tuned to the ESM’s carbon and thermal cycle
properties (colour represents the relative TCRE value, noted to the right of panel b, with the
colourbar shown below figure 6.3 and model names from figure 6.1a). A nominal missing
Earth system feedback is shown for scale to the right of panel d, with magnitude +2.2 GtCO
± 3.7GtCO2/yr. In all panels, warming response plumes have 5-95th, 17-83rd and 33-66th

percentile ranges along with the median response, all relative to 1850-1900.

to adjust). Therefore, residual heating or cooling from historical emissions manifests

to a greater extent in figure 6.1, inflating the estimated Ehalt.

Panel b also shows the warming response to the historical+SSP1-19 non-CO2 ERF

timeseries (44 , 72) (dotted line in panel a), which I include to model the warming

contribution from non-CO2 pollutants over the 21st century (green plume). SSP1-19

is chosen since it has similar policy ambition to a “net zero by 2050” CO2 pathway.

Total anthropogenic warming (the sum of CO2 and non-CO2 contributions) is shown
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in panel c. Alongside the plumes, five ESM emulations of this scenario (using the

FaIRv2.0 parameter sets derived for figure 6.1) are shown in panels b and c (colour

represents TCRE value, noted to right of panel b).

Stabilising the CO2-induced warming in panel b does not guarantee that total

warming is halted — residual emissions must also account for non-CO2 warming. To

help visualise this requirement, the green plume in panel a plots the non-CO2 ERF

converted into CO2-fe emissions (94) (as defined in chapter 2 and used in chapter

5). In the SSP1-19 scenario, non-CO2 ERF increases until 2030 before declining,

corresponding to CO2-fe emissions which increase to a peak around present day, and

then decline to near-zero by 2030 (see the non-CO2 CO2-fe emissions in a 1.5 ◦C-

compatible scenario in figure 5.2a). Expressing this as CO2-fe emissions tells us the

additional CO2 emissions that must be removed from Ehalt, CO2 in order to additionally

cancel out the non-CO2 warming after net zero.

Heavy and sustained reliance on offsetting between LLCPs and SLCPs present

specific policy challenges (4 , 125 , 127). Fortunately, this is less of an issue in ambitious

mitigation scenarios like SSP1-19, where the SLCP contribution to non-CO2 ERF has

largely stabilised by 2050 (67). Hence, CO2-fe emissions reduce to near-zero in figure

6.4a by the time of net zero, and thereafter are composed of residual long-lived pollutants

and the multi-century response to stabilised SLCP emissions. It is appropriate to offset

these positive CO2-fe emissions with negative CO2 emissions.

The sum of Ehalt, CO2 and the inverted CO2-fe emissions from non-CO2 pollutants

gives us the CO2 emissions required to stabilise total warming after net zero, Ehalt, total.

These are plotted in figure 6.4d in the grey plume. Larger TCR/ECS ratios and/or

d2 < τ2 are associated with more negative RAZE and more positive Ehalt, total; smaller

TCR/ECS ratios and/or d2 > τ2 are associated with more positive RAZE and more

negative Ehalt, total. Around two thirds of the Ehalt, total distribution remains above zero

after 2050, with best-estimate Ehalt, total = +2.2 GtCO2/yr (5-95th percentile range of -

7.3 and +6.2 GtCO2/yr). The error bar to the right of figure 6.4d indicates unrepresented

feedbacks causing +2.2 ± 3.7 GtCO2/yr emissions (equivalent to ∼ 180 GtCO2 released

2020-2100 (14), or +0.1 ◦C warming using the best-estimate TCRE from chapter
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5), approximately the size of the permafrost thawing feedback (14 , 109). Including

unrepresented feedbacks such as this would mean that Ehalt, total will approximately

centre on zero, but still with a substantial range of uncertainty.

Finally, figure 6.4e and f show the warming response to figure 6.4d’s CO2 emissions

and the SSP1-19 non-CO2 ERF. Since CO2 emissions are used to offset non-CO2

warming after net zero, CO2-induced warming does not quite stabilise in figure 6.4e.

Total warming (figure 6.4f) does halt in the decades following net zero: see for example

the edges of the warming plume after 2050 in panel c in comparison to the warming

plume after 2050 in panel f (similar behaviour can be seen in the individual ESM

emulations using FaIRv2.0, where the warming trends in the 10-100 years after 2050

are now approximately zero in panel f).

6.4 Discussion

Since the initial experiments identifying the linear TCRE relationship between cumulative

CO2 emissions and the global surface temperature anomaly in the early 2000s, the

policymaking process has quickly adopted net zero as a focal point of mitigation policy.

This rapid translation of an academic concept into policy reflects the considerable

simplification the net zero framing offers. This work is not refuting the value of net

zero as a headline target for global CO2 emissions (the best-estimate condition for

warming stabilisation is very close to net zero in figures 6.1 and 6.4). However, the

precise conditions for warming stabilisation are uncertain at present, and still include

the possibility of requiring gigatonne-scale positive or negative CO2 emissions over

multi-decadal intervals.

Hence, contrary to the perception in policy, current evidence does not indicate that

net zero CO2 emissions are necessarily a requirement to produce no further warming

over multi-decadal timescales, and both positive or negative emissions can be consistent

with halting warming. This supports SR1.5’s statement that “reaching and sustaining

net zero CO2 emissions and declining net non-CO2 RF” is sufficient to halt warming,

and not the stronger “requirement” of “reaching at least net zero CO2 emissions” in AR6.

In IPCC lexicon, the uncertainty qualifier which should be placed on the AR6 statement
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is “as likely as not”, with at least 50% of the Ehalt distribution lying above net zero in

figures 6.1 and 6.4. Of course, the exact requirements for warming stabilisation will not

be known for many decades after CO2 emissions have been reduced by at least an order

of magnitude below their current levels — the principle requirement of policy today

must remain on achieving that order-of-magnitude reduction. RAZE provides additional

context for policymakers on the requirements for mid-century policy: if the value of

RAZE remains uncertain, then policy must maintain sufficient capacity to adjust carbon

sinks to the emergent conditions for warming stabilisation.

Residual emissions consistent with no further warming over multi-decadal intervals

may be positive or negative, depending on the exact balance of multi-century carbon

and thermal cycle responses, even having accounted for the residual warming from

non-CO2 pollutants, and the impact of unrepresented Earth System feedbacks.

6.5 Chapter close

This chapter discussed an extension to the TCRE framework to model the multi-decadal

response to net zero CO2 emissions. I first demonstrated that the RAZE framework,

derived in chapter 2, captured the ESM and EMIC response to net zero, and produced

an ensemble of net zero responses using FaIRv2.0. I then investigated the requirements

of ‘net zero’ if policymakers target a multi-decadal period of warming stabilisation.

With RAZE between -0.09 (-0.24 to +0.17) %/yr, and non-CO2 ERF following a 1.5 ◦C-

compatible scenario, corresponding Ehalt are +2.2 (-7.3 to +6.2)GtCO2/yr, meaning

small positive residual CO2 emissions may be consistent with warming stabilisation.

The exact conditions required depend on the magnitude of Earth System feedbacks

and the non-CO2 ERF pathway.
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7.1 An overview of this thesis

This thesis began with an overview of the methodologies used to define the level and

rate of anthropogenic global warming. These have grown more complex over the past

decades, from the early WMO definition considering the trend in the 30-year average

GMST anomaly (14), to the statistical attribution methodologies used today (15 , 17 ,

18 ). The most recent IPCC report estimated the current level and rate of anthropogenic

warming to be around 1.1 ◦C, rising at +0.2 ◦C/decade (see table 1.1). Chapter 1

discussed how the various methodologies for this attribution provide consensus on the

level of warming, but are less consistent on the warming rate. This is despite the rate

of warming being the more important variable for policymaking in the next decade,

given our proximity to the 1.5 ◦C warming threshold.

182
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The defining question of my thesis is: what is the anthropogenic contribution to the

rate of warming? I framed this question over multiple timeframes: what controls the

warming rate today?; how does this assessment impact on the design of policy between

now and net zero?; and what are the requirements for warming stabilisation at the time

of net zero? Below I summarise how these questions were addressed in chapters 3–6.

Chapter 3: The present-day rate of anthropogenic warming

Constraining the current rate of warming requires an accurate estimate of the an-

thropogenic ERF trend, whose recent uncertainty arises primarily from the aerosol

component. Although GHGs contribute the majority of the overall ERF trend, rapid

trend changes are more readily controlled by changes in the emissions rate of short-lived

climate pollutants. In chapter 3 I demonstrated that aerosols drive an acceleration in

anthropogenic ERF, causing the trend to rise by roughly +0.2W/m2/decade between

2000-2020 in the IPCC’s standard historical ERF timeseries (figure 3.2). This has

caused an increase in the anthropogenic warming rate since 2010 (figures 3.5 and

4.15), which is not communicated in the AR6 headline assessment. These standard

ERF timeseries rely on evidence from GCMs and simple climate models, with less

input from direct observational evidence of the recent ERF trend. Chapters 3 and 4

identified observational evidence of an aerosol-induced ERF acceleration and determined

the consequences for the rate of warming.

Chapter 3 focused on constraining the overall anthropogenic ERF trend using GMST,

TOA flux, and AOD observations. First, I showed that the GMST record displays an

apparent acceleration; increasing in trend by +0.1 ◦C/decade since 2000. To isolate the

anthropogenic contribution, I extended the attribution approach of Haustein et al. (2017)

(15) to separate the aerosol and GHG contributions. I determined that AGW accelerated,

increasing the trend by +0.05 (+0.01 to +0.08) ◦C/decade between the first and second

decade since 2000, primarily due to aerosol forcing changes (∼+0.03 ◦C/decade), with

a smaller contribution from GHGs (∼+0.02 ◦C/decade). The remainder of the GMST

trend change (∼+0.05 ◦C/decade) was attributed to internal variability of the climate

system. This internal variability contribution, principally from ENSO, is a substantial
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contributor to the trend variability over the two-decade interval and hampers efforts

to better constrain the AGW trend.

Chapter 3 also analysed CERES TOA flux (168) and AOD trends (153), which both

supported a small acceleration in the anthropogenic ERF trend since 2000. They also

both included the possibility of a little-to-no-acceleration scenario, which was less well

sampled by figure 3.2’s ERFs. In the TOA flux data this arose because globally-averaged

trends exhibit substantial variability over the two-decade interval, predominantly due

to ENSO’s influence on tropical cloud structures (see Loeb et al. (2019) (173) and

figure 3.7). This variability is large enough to induce spurious TOA flux trends that

overwhelmed the anthropogenic contribution, biasing the estimated feedback parameters.

Similarly, in AODs the annual variability in the observed record means I could not rule

out very low trend change since 2000 despite the best-estimate supporting the claim

that aerosol emissions reductions had caused an anthropogenic ERF acceleration.

In summary, a wide range of anthropogenic ERF behaviour is supported by the

globally-averaged observations. This includes both the best-estimate scenario of an

aerosol-induced ERF acceleration of +0.2W/m2/decade between 2000-2020, and a

little-to-no-acceleration scenario that is less well sampled by the standard ERF ensemble.

Chapter 4: The aerosol ERF’s spatiotemporal pattern

Chapter 3’s difficulty in attributing the GMST acceleration exists primarily because the

internal variability and anthropogenic ERF trends share similar globally-averaged shapes.

To constrain the aerosol ERF trend, chapter 4 used a multi-decade and multi-dataset

spatiotemporal pattern analysis. This built on Quaas et al. (2022)’s study of the linear

trends present in aerosol, cloud, and TOA radiative flux satellite observations. Quaas

concluded that aerosol ERF peaked between 2000-2020 (164), but only considered

the 20-year linear trend in this analysis. Chapter 4 looked to improve on Quaas’ study

by specifically targeting the aerosol acceleration signal.

The spatiotemporal patterns exhibited by AOD and clear sky SW TOA flux correlate

remarkably well with the location of prominent aerosol emissions trends since 2000. In

the northern hemisphere the observed clear sky SW flux trends appear to be majority
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aerosol-induced since 2000, with secondary contributions from relative humidity and

surface albedo changes. AOD observations imply a -0.01 AOD trend change between

the first and second decade since 2000, coinciding with the peak in anthropogenic

aerosol emissions (63). This AOD trend change results in ARI ERF trends increasing

by +0.09 ± 0.02W/m2/decade between 2000-2020, consistent with AR6’s standard

ERF dataset in figure 3.2.

With a constraint on the aerosol radiation interactions (ARI) ERF, chapter 4 then

estimated the aerosol cloud interactions (ACI) ERF trend. This is more challenging;

figures 4.8 and 4.10 showed that all sky SW TOA fluxes were strongly influenced by

ENSO variability since 2000, with ENSO playing an important role setting the location

and optical thickness of global cloud fields (173). Over most of the globe the all sky

flux trendmaps are poorly correlated with AOD. Further, where the correlation does

exist it is difficult to determine the aerosol contribution: as ENSO mimics the western

tropical pacific SST perturbation that arises from a rapid reduction in Chinese aerosol

emissions, limiting the direct observational evidence available in this key region.

Despite these complications the all sky flux record is compatible with a small ACI

acceleration since 2000. ENSO-induced patterns principally manifest as changes in the

location and prevalence of cloud fields, and less in their optical properties. Hence, by

separating the cloud optical properties from cloud location trends, I better separated

the variability and aerosol-induced patterns in figure 4.8. Local trends in CDNC

retrievals implied an aerosol perturbation to the cloud fields in the northern hemisphere

extratropics. These are entirely consistent with AOD trends over these regions, providing

clear observational evidence of the impact of aerosol emissions trends on global cloud

fields since 2000. Combining the cloud optical depth trends, cloud fraction trends, and

clear sky flux trends provides a good explanation of the all sky flux trends in figure

4.8. I estimated aerosol-emissions-driven AOD trends have caused CDNC to reduce

by 2-5%/decade since 2000, corresponding to an ACI ERF trend increase of +0.2 ±

0.1 W/m2/decade between the first and second decade since 2000.

Combining this observational analysis with energy-balance constraints (Smith et

al. (2021) (73) and chapter 3), I estimated that aerosol ERF trends has increased
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by +0.2 ± 0.1W/m2/decade between the first and second decade since 2000. Hence,

chapter 4 supports Forster et al. (2021)’s claim that aerosol ERF has weakened by

+0.2W/m2 between 2014-2019 (5). It also supports the SSP ERF trends analysed in

figure 3.2, but excludes the little-to-no-acceleration scenario which remained plausible

after chapter 3’s analysis.

With this aerosol ERF trend constraint I once again estimated the aerosol-induced

warming acceleration, this time using a FaIRv2.0-ensemble methodology similar to that

outlined in Forster et al. (2021) and Smith et al. (2021) (5 , 73 ). This concluded aerosol

emissions trends have accelerated anthropogenic global warming by +0.05 (+0.02 to

+0.11) ◦C/decade between the first and second decade since 2000. This is slightly larger

than the result in chapter 3 reflecting the differing attribution methodologies used in

each chapter; with the energy-balance constraint downscaling the historical aerosol

contribution more strongly in chapter 3 than in chapter 4.

Taken together, chapters 3 and 4 support the attributed warming level of AR6

(+1.1 ◦C between 2010-2019 relative to 1850-1900). Both chapters additionally

suggested an increased anthropogenic warming rate in the 2010s compared to the

2000s, driven by aerosol emissions reductions since their peak. Overall, I estimated

the 2010-2019 warming level was 1.1 ◦C (relative to 1850-1900; for comparison with

AR6), the 2020 warming level was 1.3 ◦C (relative to 1850-1900), and the current

anthropogenic warming rate is around +0.3 ◦C/decade. These estimates are consistent

with the uncertainty ranges in AR6, but higher than that implied by their best-estimates.

Chapter 5: Quantifying CO2 and non-CO2 contributions to ambitious
climate policy

In the remainder of the thesis I looked at the implications of the warming rate attribution

on the physical requirements of mitigation policy. Chapter 5 explored the physical

requirements of mitigation scenarios consistent with 1.5 ◦C based on a reassessment

of the remaining carbon budget.

Rogelj et al. (2019) described the standard approach used in the IPCC to estimate

the remaining carbon budget. This depends principally on the TCRE distribution, present-

day warming level, and the estimated warming contribution from non-CO2 pollutants



7. Conclusions 187

(47). Using the anthropogenic warming attribution in chapters 3 and 4, chapter 5

focused on quantifying both the TCRE and the contribution of non-CO2 pollutants to the

remaining carbon budget. These estimates took advantage of the novel CO2-fe metric

to account for non-CO2 contributions to warming, with this approach shown to provide a

physically-coherent comparison of pollutants with widely-varying atmospheric properties.

In chapter 5 I estimated the TCRE at 0.40 (0.26-0.78) ◦C/TtCO2 by combining

assessments of the present-day cumulative CO2-fe emissions, and anthropogenic warming

level (15 , 94). This is consistent with other observationally-constrained estimates (92),

but is slightly below the best-estimate TCRE quoted in AR6 (0.45 ◦C/TtCO2; likely

because the best-estimate TCRE in AR6 included assessments using CMIP6 models).

In figure 5.3 I estimated the total remaining CO2-fe budgets compatible with 1.5 ◦C

warming, using the CO2-fe metric to produce a 2D representation of the CO2 and

non-CO2 contributions. This facilitated a physically-coherent comparison of scenario

categorisations from recent IPCC reports. In 1.5 ◦C-compatible scenarios the non-CO2

CO2-fe budgets spanned 50-300 GtCO2. Based on this range, I estimated the remaining

carbon budget for a 66% chance of limiting warming to 1.5 ◦C was 300GtCO2. This

is smaller than AR6’s equivalent budget (400GtCO2 (3)). Differences were primarily

due to the choice of present-day warming level and non-CO2 warming contribution:

I assumed non-CO2 pollutants contribute 130GtCO2 until peak warming, and that

present-day warming is 1.3 ◦C.

Chapter 6: The physical requirements for warming stabilisation

Building on chapter 5’s analysis of the size of the remaining carbon budget, chapter 6

studied the physical conditions required to achieve a multi-decade period of warming

stabilisation once the remaining budget is exhausted. This property of the physical

climate system has received remarkably little research attention to date, beyond the

IPCC statement that net zero CO2 emissions are a condition to halting CO2-induced

warming. More precise conditions for warming stabilisation are unclear, with even the

two most recent IPCC reports posing net zero CO2 emissions as either a sufficient

(SR1.5) or a necessary (AR6) condition for halting CO2-induced warming. Chapter
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6 looked to quantify the requirements of CO2 emissions policy to halt anthropogenic

warming over multi-decade intervals.

This discussion relates to the size and sign of the zero emissions commitment

(ZEC) — a physical property which has, until now, been separated from other physical

properties relevant to the CO2 warming response (e.g. Rogelj et al. (2019) set the ZEC

to zero when estimating the remaining carbon budget (47)). In chapter 6 I began by

analysing the behaviour exhibited in ESMs and EMICs in the ZECMIP experiments

(57), where the ZEC spans ±0.2 ◦C in the 100 years after net zero. Macdougall et

al. (2020) demonstrated that the spread in the ZECs across ZECMIP-contributing

models were driven by differences between the carbon cycle and thermal cycle relaxation

timescales between individual models (113).

I modelled the ZEC behaviour using a simplified mathematical framework derived

from FaIRv2.0’s impulse response representation of the carbon and thermal cycle. This

framework defined the rate of decline of the temperature anomaly once emissions cease

using a new parameter: the rate of adjustment to zero emissions (RAZE). The RAZE

relates the difference between the multi-century relaxation rates for the carbon and

thermal cycles (see equation 6.3). Whilst this framing aligns well with the results in

Macdougall et al. (2020), it has the advantage of allowing the ZEC behaviour to

be separated into a scenario-dependent term (the cumulative emissions budget), and

scenario-independent physical properties (the TCRE and RAZE parameters). I noted

that the RAZE itself is independent of the TCRE, but that the ZEC is correlated with

both parameters and is scenario-dependent. Using a large ensemble in FaIRv2.0, I

estimated that the RAZE parameter spans -0.09 (-0.24 to +0.17)%/yr, meaning at

net zero the temperature anomaly declines at -0.9 (-2.4 to +1.7) %/decade. Combined

with the TCRE, this corresponds to emissions consistent with warming stabilisation,

Ehalt, equal to +2.2 (-7.3 to +6.2)GtCO2/yr for the decades following net zero in

a 1.5 ◦C-compatible mitigation scenario.

Hence, chapter 6 determined SR1.5’s statement that reaching and sustaining net

zero is ‘sufficient’ to achieve warming stabilisation is better supported than AR6’s

‘requirement’. These findings align with other recent research on the properties of
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ZEC. Tarshish et al. (2023, in press) discussed the multi-century response to net

zero CO2 emissions using a simplified framework which balances the properties of

the carbon cycle and thermal cycle (298). They derived a similar constraint on the

long-term ZEC behaviour shown in equation 6.3 and described by Allen et al. (2022)

(103). Koven et al. (2023) (306) showed that 50% of the multi-century ZEC is

already present in CESM2 at the time of net zero. The RAZE framework in equation

6.3 also supports this result: adopting their experimental setup results in 50% of the

ZEC100 being realised by the year of net zero in equation 6.3. The combined TCRE

and RAZE framework in chapter 6 therefore provides a robust physical description of

the multi-decadal response to CO2 emissions.

7.2 Future research directions

This thesis has benefited from the availability of calibrated and co-observed — hence,

highly inter-comparable — satellite observations over the near-present period. The

quality and extent of these observations has improved markedly since 2000, with

products today extending in excess of 20 years with near-global coverage. The upkeep

of these products is vital to continue to reap the benefits of the previous two decades of

investment. Chapter 3 showed that 20-years of observations are the minimum required

to separate the anthropogenic and natural contributions to trends, with significant

uncertainty remaining primarily because of the lack of long-term observations in key

variables. An additional decade of TOA flux or cloud optical properties observations

would substantially improve the derived observational constraints in chapters 3 and 4.

The upkeep and replacement of this satellite equipment, as well as projects analysing

the multi-decadal trends in their observations, should remain high on the agenda of

policymakers and climate scientists alike. The upcoming ESA FORUM mission (307)

is a significant step towards maintaining the CERES TOA flux records into the next

decade, but other records remain at risk. The multi-decadal trends in satellite records

are an underutilised data source to constrain key physical climate response parameters,

and will become more useful as records mature.
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An extension of chapter 3 would analyse an ensemble of atmosphere-only experiments

produced using CMIP6 GCMs to emulate the CERES TOA flux products. CERESMIP

(308) proposes these experiments using updated historical ERFs, SSTs, and emissions

from 1990-2021. This protocol includes outputs from the COSP satellite-simulator to

directly compare CERES fluxes and GCM outputs (309). Better still would be extending

the analysis to run counterfactual scenarios where aerosol/precursor emissions were

held fixed at 2000s levels, allowing the direct attribution of aerosols on the TOA flux

record. Similar experiments where regional aerosol emissions are fixed were proposed by

Wilcox et al. (2022) in RAMIP (162). These were discussed in chapter 4 to identify

processes by which regional aerosol emissions impact on the wider climate system, and

will build on the work in this thesis deriving the downstream spatiotemporal patterns

imposed by large regional aerosol emissions trends. Finally, the ERF and warming trend

attributions in this thesis offer a novel observational constraint for the TCR parameter,

extending the approach taken in Tokarska et al. (2020) (86). This is of great value

for constraining near-term climate projections.

The importance of continuing to track the early 21st century’s forcing trends is

underappreciated, and future work should focus on providing better estimates of near-

term forcing trends as well as their levels. This is the subject of the ongoing FORCeS

Horizon2020 project. Short-term ERF trends are vital to accurately assess this decade’s

warming rate, with tangible, real-time impacts for global mitigation policy. Several

chapters in this thesis rely on the standardised ERF timeseries produced in AR6. The

uncertainty in this ERF ensemble places a key limitation on the ability of this thesis

to constrain policy relevant parameters (aerosol forcing, anthropogenic warming rate,

TCRE). The methodology for combining individual pollutant’s ERFs to produce a total

anthropogenic ERF timeseries assumes no correlation between individual pollutants.

This is a conservative assumption and requires further study, particularly as GCMs in fact

suggest an overall correlation (or anti-correlation) between major forcing components.

This is potentially due to modelling groups tuning model parameters to reproduce key

observable quantities (e.g. globally-averaged TOA energy imbalance) or otherwise to

balance the model and reduce drift. Another issue in the forcing ensemble production
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is the failure to account for the pattern effect — where different spatial patterns

of warming with the same global average can correspond to different transient and

equilibrium climate sensitivities, and hence correspond to different underlying forcings

(310). A similar issue is apparent with AR6’s use of globally-averaged emissions-

to-forcing relationships for producing individual pollutants’ ERF timeseries. Such an

approach misses any non-linearities introduced by the changing spatial pattern of

emissions. Regional emissions-to-forcing metrics would be better placed to account

for these, particularly for the prominent regional patterns seen for aerosol pollutants.

The scale of this impact requires further research.

Work to better understand the physical processes underlying the carbon and thermal

cycle response timescales in ESMs may help constrain the RAZE parameter estimated in

chapter 6. This builds on the research of Macdougall et al. (2020) and Tarshish

et al. (2023, in press), who were limited by the idealised nature of ZECMIP’s

experimental setups. Future research would benefit from coordinated experiments

using more realistic net zero scenarios computed with emissions-driven ESMs in CMIP7.

The newly developed Adaptive Emission Reduction Approach (311) provides another

source of model data to constrain the RAZE parameter, allowing future studies to

conduct emissions-driven ESM simulations that vary CO2 emissions to stabilize surface

temperature at a pre-specified level. The emissions derived from these experiments could

be compared against the expected temperature stabilisation conditions derived from

the RAZE framework to provide further insights on the applicability of the simplified

framework derived in this thesis.

A final piece of future research that would build on this thesis’ work is reassessing

the pool fractions which are used in FaIR’s carbon cycle. This requires repeating

Joos et al. (2013)’s study analysing the multi-century and multi-millennial response

timescales and ‘pool fractions’ for a four-pool impulse response representation of the

carbon cycle (93). In chapter 6 I found that the standard pool fractions used in FaIR

needed to be adjusted to capture the correct Revelle buffer fraction (the fraction of

CO2 emissions that are not dissolved into the oceans over multi-millennial timescales).

This result needs revisting — Joos’ study was the last to systematically constrain both
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the pool fractions and timescales, and the exercise could be repeated using CMIP6/7-

iteration ESMs and updated simple climate models. Further studies on the carbon

cycle response to mitigation scenarios should also consider the role of mixed temporary,

semi-permanent and permanent CO2 removals in the context of warming stabilisation

pathways, and the role of non-CO2 uncertainty and Earth system feedbacks to assess

the true conditions for warming stabilisation.

7.3 Concluding remarks

This thesis focused on developing a constraint on the current rate of warming using

observational evidence of the anthropogenic ERF trend. I then analysed the physical

guide rails required to achieve ambitious climate policy. This included quantifying the

relative contribution of CO2, non-CO2 GHGs, and aerosols to future global warming,

and determining the precise conditions for warming stabilisation.

These topics provide an array of questions across a wide range of overlapping research

disciplines, such as Economics and Geography, but ultimately are all guided by the

underlying properties of the physical climate system. I hope to have contributed to our

understanding of the physical climate system and its response to anthropogenic pollution

in this thesis, and look forward to the ongoing appraisal of global climate policy as we

make progress towards net zero and the halting of anthropogenic global warming.
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A.1 ERF trend estimates

The ERF timeseries shown in figure 3.2 are taken from Smith et al. (2020)(44), with

the methodology from Dessler and Forster (2018) used to sample individual timeseries

to produce an ensemble(74). Smith et al. (2020) produces aerosol ERF timeseries using

the approach outlined in Smith et al. (2021)(73), where energy budget constraints

are used to produce an observationally-constrained aerosol ERF timeseries. GHG and

other minor contributing ERFs are produced by averaging ERF timeseries outputted

using concentration timeseries using the global relationships and approach outlined in

the Supplementary Material of Chapter 7 in IPCC’s AR6(72).

Aerosol forcing is sub-split into aerosol-radiation interactions (direct interactions

194
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Figure A.1: Alternative estimates of the trends in ERF components, presented in same way
as figure 3.2d of chapter 3. Alternative trend estimates here are smoothed using a 10-year
centred mean (left panel) or using Gaussian kernel smoothing with a 4-year kernel (right panel),
producing similar trends to those in figure 3.2.

between aerosol particulates and radiation; ARI) and aerosol-cloud interactions (aerosol

induced changes to cloud properties; ACI). While ARI are approximately linear to first

order, ACI have saturation effects that mean globally averaged estimates require different

relationships between aerosol precursor emissions and resulting forcing for regions with

low/high aerosol loading(71). While this saturation must occur locally where aerosol

loading is particularly high, higher concentrations still can result in higher aerosol levels

further away, offsetting some of the local saturation. Bellouin et al. (2020) considered

these saturation effects in estimates of aerosol radiative forcing(71).

In the Dessler and Forster (2018) methodology individual best-estimate timeseries

of ERF components are sampled to cover an assessed present day likely range for each

component. Then the individual components are combined to produce an ensemble of

anthropogenic ERFs using linear combinations of the individual components, assuming

no correlation between individual ERFs. The present-day likely range for each ERF

component is taken from AR6. Trends in ERF components are estimated in the main text

using a 10-year rolling linear regression. Figure A.1 shows an alternative methodology

for deriving the trends (gaussian smoothing with a 5-year kernel). We also consider a

forward-differencing gradient, (X[n] – X[n-1])/(t[n]-t[n-1]), averaged over a 12-month

centred mean (not shown). All the derived trends show the same approximate form,
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Figure A.2: Histograms of the scaling factors for aerosol, GHG and natural temperature
response fits to GMST using OLS regression in figure 3.5 in chapter 3. Red line shows the
median value. Bottom right panel shows the correlation between GHG and aerosol scaling
factors.

0.8 1.0 1.2 1.4 1.6 1.8
2010-2019 temperature relative to 1861-1880 / K

0.00

0.01

0.02

0.03

0.04

0.05

0.06

0.07

Te
m

pe
ra

tu
re

 tr
en

d 
ov

er
 2

01
0-

20
19

 / 
K 

de
ca

de
1

Figure A.3: Present-day anthropogenic warming level and trend correlation. Each point
is taken from a fit using three-way attribution of aerosols, GHGs and natural forcings onto
observed GMST, plotted in figure 3.5 in chapter 3.
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with the increase in anthropogenic trends over the two decades since 2000 arising

primarily as a result of aerosol trend changes.

A.2 Three-way warming attribution

In chapter 3 a three-way attribution is completed to determine likely contributions to

the historical GMST anomaly timeseries. Additional information on the outcome of

that attribution is provided by figures A.2 and A.3.

Figure A.2 shows the scaling factors for the aerosol, GHG and natural ERF’s warming

responses, calculated using the three-way attribution described in chapter 3. Correlation

between the GHG and aerosol scaling factors is also shown. This correlation is expected

since, for a given climate response parameter set, the GHG warming and aerosol cooling

at present day must offset to best reproduce historical warming.

Figure A.3 then shows the correlation between anthropogenic warming level and

rate in the three-way warming attribution, which arises due to the correlation in the

ERF level and trend because of the sampling methodology described by Dessler and

Forster (2018)(74).

A.3 CMIP6 model AOD trends

Figure A.4 shows estimation of five CMIP6 model globally-averaged AOD and ERF

trends which are displayed on figure 3.9. Hemispherically averaged AOD trends are

also shown. These are estimated using a split decadal trendline in the same way as

the TOA flux trend estimates on figure 3.7.
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Figure A.4: AOD anomalies (top three panels) and ERF anomalies (bottom panel) for the 5
CMIP6 models considered in figure 3.9 of chapter 3. Years are relative to 2010.



If I have seen further [than others], it is by standing on
the shoulders of giants. . .

— Issac Newton, 1675
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