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Abstract

This thesis identifies the inherent biases of aerosol parameters within the next-generation

Global Climate Model (GCM); the Australian Community Climate and Earth System

Simulator Coupled Model (ACCESS-CM2). GCMs poorly represent clouds and aerosols

over the Southern Ocean, resulting in systematic shortwave (SW) radiation biases with

widespread global energy budget impacts. This research determines whether a more

complex, physically-representative aerosol-chemistry scheme may reduce the Southern

Ocean radiation bias, and the inherent aerosol biases established within ACCESS-CM2.

Southern Ocean aerosols are dominated by sea-salt and biogenic products. This study

ran a control ACCESS-CM2 simulation and three perturbation simulations, which altered

either the representation of Primary Marine Organic aerosols, sea-salt, or implemented

a fully interactive chemistry scheme respectively. A suite of ground-based and satellite

observations was collected and compared against each simulation to establish model bias

respective to key aerosol metrics including Aerosol Optical Depth (AOD), Cloud Con-

densation Nuclei (CCN) and SW radiation. Simulation biases were explained through

model-observation comparisons of aerosol chemistry, size and number parameters.

Overall, ACCESS-CM2 exhibited a substantial positive bias in Aerosol Optical Depth

(AOD) and SW radiation, and underestimated Cloud Condensation Nuclei concentration.

This research suggests that increasing the complexity of aerosol schemes was able to

provide a closer model agreement with observed aerosol metrics of AOD and CCN. Fully

interactive chemistry provided the best reduction in both AOD and CCN bias. However,

modified aerosol schemes have negligible effects upon the inherent SW radiation bias in

ACCESS-CM2, suggesting further research into cloud schemes is necessary.
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1 Introduction

1.1 Background to Aerosols

Aerosols, defined as a suspension of liquid or solid particles in a gas, play a significant role

in numerous atmospheric processes in the Earth’s climate. They interact with radiation

and cloud processes and provide a surface which is important for many atmospheric

chemical reactions. Aerosols are described as primary (emitted directly in particle form)

or secondary (formed in the atmosphere by chemical, condensation or nucleation processes

from precursor gases). Removal (also termed ‘scavenging’) mechanisms include wet and

dry deposition; where smaller aerosols grow large enough to precipitate as raindrops (see

Section 1.5), or are deposited to the ground as larger aerosols in the dry mechanism.

Varying atmospheric lifetimes enable aerosols to be transported over large distances via

wind advection [Winker et al., 2013], hence it is possible to observe continental aerosols

over marine environments. During the transportation of aerosols, microphysical properties

can change, including aerosol number, size, and volume concentrations. This results in

large variations in aerosol distribution on spatial and temporal scales [Boucher, 2015].

1.2 Sources of Southern Ocean Aerosol

Primary aerosols dominate Southern Ocean aerosol populations. Aerosol composition

analysis undertaken at a monitoring site representative of the Southern Ocean (Cape

Grim, 40.6833◦S, 144.6833◦E), reported that the majority of fine particles (smaller than

2.5µm in diameter) were dominated by sea salt (72%) and secondary sulfate aerosols

(10%) [Crawford et al., 2017] (Figure 1). Sea-salt, originating from sea-spray aerosols

(SSA), is produced from the bursting of bubbles at the ocean surface. These bubbles are

generated from the interaction of wind stress and the ocean surface, often at wind speeds

over approximately 4 ms−1 [Seinfeld and Pandis, 2016a] (see Figure 2 SSA generation

description). SSA dominate global aerosol emissions, estimated between 1400-6800 Tg y−1,

in comparison to natural emissions of dust which range from 1000-4000 Tg y−1 [Boucher,

2015, Lewis, 2004, Jaeglé et al., 2011a].

Unlike primary sea-salt aerosols, secondary aerosols may contain an organic element and

are largely comprised of non-sea-salt (nss) sulfates. Secondary aerosols are largely pro-

duced by the oxidation of dimethylsulfide (DMS, CH3SCH3); a sulfur-containing species

emitted from marine organisms. DMS is an important source of marine aerosols as it con-

tributes ∼19% of global sulfur emissions [Carslaw et al., 2013] with an estimated flux of

15−32 Tg yr−1 [Elliott, 2009, Woodhouse et al., 2010]. Nss sulfates have both natural and

anthropogenic sources, therefore Southern Ocean observations utilise sampling methods

12



to remove data with anthropogenic sources (described in Section 6.1 & Appendix A.13.3).

Figure 1: Source of aerosol fingerprints at Cape Grim (units in %). Adapted from Crawford

et al. [2017]. Sea Aged = sea-sourced aerosols which have undergone chemical reactions over

time.

Figure 2: Schematic sequence of sea-salt aerosol generation through bubble-bursting mecha-

nisms: (a) air bubble rises to the sea surface; (b) air bubble reaches the surface; (c) sea water

film starts to break; (d) droplets form (∼5-30µm diameter) where the exposed portion of the

bubble film bursts; (e) film droplets evaporate leaving sea-salt particles (with diameter >2µm

suspended; (f) larger droplets break away from the jet formed during bubble-bursting (in a size

range ∼15% of the bubble diameter). It is during this process that organic matter form part of

the SSA. As a bubble rises in the water column, various hydrophobic molecules are attracted

to the air-bubble interface which partition into the spray once the bubble reaches the surface

[Seinfeld and Pandis, 2016a]
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1.3 Aerosol chemical composition

The composition of aerosols has important implications for their microphysical, hygro-

scopic (the ability of aerosols to uptake water from the surrounding environment) and

optical properties. These properties determine how aerosols interact in larger scale atmo-

spheric processes (discussed in Section 1.5). Tropospheric aerosols have a diverse chemical

composition and are dominated by sulfur species in the Southern Ocean. Most model

aerosol schemes represent chemical composition through six categories summarised in

Table 1 [Seinfeld and Pandis, 2016b].

SSAs which contain quantities of inorganic (e.g: sulfate, SO4
2−) and organic matter (such

as phytoplankton cell fragments and lipids) are termed Primary Marine Organic Aerosols

(PMOA) [Gantt and Meskhidze, 2013]. Southern Ocean SSA studies have shown the aver-

age organic mass (OM) fraction (OMfrac) of SSA was approximately 10%, where OMfrac

was largest at smaller aerosol diameters [Law et al., 2017, Middlebrook et al., 1998]. The

distribution of PMOAs varies with time, areas of primary production and seasonality,

where PMOA concentration increases in biologically-active summertime months [Gantt

and Meskhidze, 2013].

Aerosol

species
Formation processes

Atmospheric

lifetime

Sulfate

Primary: emitted from volcanic and marine sources.

Secondary: Oxidation of atmospheric SO2 to H2SO4

and condensation/nucleation processes to particulate

form.

1 week

Nitrate Oxidation of NOx ∼1 week

Black carbon Emitted from combustion processes as soot. 7-10 days

Organic

aerosols

Primary: Combustion of fuels & biomass, contintental

& marine ecosystems).

Secondary: Organic gas condensation.

1 week

Sea salt Bubbles bursting in breaking waves
1 day − 1 week

(size dependent)

Mineral dust Natural erosion or industrial/agricultural processes
1 day − 1 week

(size dependent)

Table 1: Summary of aerosol modes and properties as categorised by aerosol models. SO4 =

sulfate, BC = black carbon, OC = organic carbon, SS = sea salt, DU = dust. [Abraham et al.,

2016]
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1.4 Aerosol size

Particle size determines the effect of aerosols on clouds and radiation, and the microphys-

ical processes that an aerosol is involved in (discussed in Section 1.5). Aerosols are cate-

gorised by size in four modes; nucleation, Aitken, accumulation and coarse. Within each

mode, aerosols are described by solubility characteristics, soluble or insoluble. Aerosols

may change modes with increasing size due to absorption of water by hygroscopic parti-

cles, or coagulation with other particles (see Figure 3). These processes are discussed in

Section 1.5.

Figure 3: Schematic of aerosol mode size distribution. BC = Black Carbon, OC = Organic

Carbon, SS = Sea Salt. PMOAs exist largely within the Aitken and accumulation modes, and

SSA ranges between 0.05–10µm diameter and dominates the coarse mode [O’Dowd et al., 2004].

The units of size distribution on the y-axis, dN/dlogD cm−3 (or dN/dlogDp cm−3) indicate the

number of particles per micron per cm3. The area integrated underneath the curves of the

size distribution represents the total number of particles within the aerosol population. Image

adapted from [Saltzman, 2013].

Accumulation and coarse aerosol modes account for the majority of atmospheric aerosol

mass and volume, although the smaller Aitken and nucleation modes are more numerous

(as shown in Figure 4). Size distribution is represented by the function n(r) which rep-

resents the number of particles per unit volume whose radius is between r and r + dr.

The total aerosol population can be obtained by integrating over the size distribution:

N0 =
∫
n(r)dr.
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Figure 4: Schematic of three modes of aerosol size distribution, separated into fine (Aitken),

accumulation and coarse modes [Boucher, 2015]. Aerosol modes are represented as three log-

normal distributions with a mean geometric radius corresponding to the maximum diameter of

the three modes (0.01, 0.1 and 1µm) with a geometric standard deviation of 2. This diagram in-

dicates how the fine mode dominates aerosol number distribution, accumulation mode dominates

the aerosol surface area distribution and the coarse mode dominates the aerosol volume

1.5 Aerosol transformation processes

This section discusses how aerosols change in size and chemical composition through the

processes identified in Figure 3; nucleation, coagulation, and cloud-processing.

1.5.1 Cloud Condensation Nuclei

To understand the role of aerosols in larger climate systems, we must first understand

how aerosols interact with clouds. When an aerosol enters a region of elevated relative

humidity (RH), it can grow to form a cloud droplet. This depends on numerous factors

including the chemical composition, soluble matter content, size, shape and age of the

particle [Seinfeld and Pandis, 2016a, Andreae and Rosenfeld, 2008]. These particles,

termed Cloud Condensation Nuclei (CCN), are the subset of the total aerosol population

that are activated to form cloud droplets. Aerosol activation occurs at and above a critical

supersaturation value (SS) where an increasing number of particles become activated into

CCN progressing from low to high SS [Andreae and Rosenfeld, 2008]. The concept of CCN

is based in Köhler theory, which is described in Appendix A.1. CCN concentration varies

from <100 cm−3 in remote marine regions to many thousand cm−3 in polluted urban areas

(see Figure 5 for spatial distribution).
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Figure 5: Global distribution of monthly climatological satellite-derived CCN concentrations

(particles cm−2), adapted from [Vallina et al., 2007].

For a constant liquid water content, increasing CCN concentration within a cloud-topped

boundary layer generally results in an increase of cloud droplets (cloud droplet number

concentration, CDNC). Natural aerosols contribute substantially to CDNC, accounting

for over half of the spatiotemporal variability of observed CDNC [Mccoy et al., 2015a]

The presence of PMOAs have complex interactions in the activation of aerosols into

cloud droplets, and can facilitate or inhibit this process depending on the inorganic-

organic chemical mixture [Ovadnevaite et al., 2011, 2017]. PMOAs can increase CCN

concentration, as surfactants within the aerosols can lower the surface tension of nucleating

cloud droplets and reduce the critical supersaturation required for CCN formation [Lowe

et al., 2019] (see Appendix A.1 for details).

1.5.2 Chemical mechanisms and processes

Next, we outline the processes and transformations aerosols undergo in their lifetime to

form clouds or leave the atmosphere through deposition processes (summarised in Figure

8). In Section 1.2, we identified the source of primary marine aerosols as wind-driven

sea-spray. Secondary aerosols begin their life as precursor gases - in marine environments

this is dominated by SO2, which results from air/sea gas transfer of biologically-produced

DMS. DMS is oxidised by OH (and to a lesser extent, NO3) to produce SO2, dimethyl-

sulfoxide (DMSO), and methanesulfonic acid (MSA). The oxidation pathway that sul-

fate aerosols take has important implications for the aerosol size distribution and future

chemical reactions. If DMS oxidises to SO2, the pathway has the potential for gas-phase

oxidation to sulfuric acid (shown in Equation 1). Sulfuric acid then provides the basis for

new particle formation, shown in Figure 6.
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DMS(g) +OH(g) −→ SO2(g) + CH3O2 +HCHO

DMS(g) +OH(g) −→ SO2(g) +DMSO + CH3O2

SO2(g) +OH(g) −→ H2SO4(g) +HO2(g) (1)

H2SO4 condenses readily onto pre-existing particles resulting in particle size growth. In

the absence of pre-existing particles, H2SO4 clusters with water-vapour to form new par-

ticles, a process known as binary nucleation (Figure 6). Mixing between the marine

boundary layer (MBL) above the sea-surface and the free troposphere (FT) provides a

source of precursor gases in the free troposphere where new particle formation occurs (in

the nucleation mode). Entrainment of FT air masses provides the MBL with a source of

secondary aerosols, and thus provides the main source of DMS-derived CCN [Merikanto

et al., 2009].

Figure 6: Schematic of the binary nucleation and growth processes of H2SO4 and H2O. Once

a cluster has formed, other species such as organics play a role in this growth process. [Curtius,

2006]

Nucleation mode aerosols then grow into the Aitken and accumulation modes through

continued coagulation of particles, condensation of gas-phase species and cloud-processing.

Cloud-processing refers to an important mechanism that modifies the size and chemical

characteristics of aerosols through cloud droplet activation and growth, and aqueous-phase

chemical processes. When aerosols form cloud droplets, they are able to absorb soluble

gases such as SO2 and undergo aqueous-phase oxidation through the establishment of

equilibrium between SO2, H2O, HSO−3 , and SO2−
3 as follows:
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SO2(g) 
 SO2(aq)

SO2(aq) +H2O
pK 4−−−⇀↽−−− HSO−3 +H+

HSO−3 +H2O
pK 8−−−⇀↽−−− SO−3 +H+ (2)

Within this equilibrium, HSO
−
3 is then oxidised by H2O2 and O3 to form sulfate as follows:

HSO−3 +H2O2 −→ SO2−
4

HSO−3 +O3 −→ SO2−
4 (3)

When these oxidised cloud droplets evaporate, they create aerosols that are larger than

the original CCN and hence have a reduced critical supersaturation. This process forms

a major pathway for aerosols into the accumulation-mode by increasing the aerosol mass

and consequently size. Cloud-processed aerosols are distinct from their neighbours on a

size distribution plot (as in Figure 3) by a minimum, termed the Hoppel minimum (shown

in Figure 7).

Figure 7: Schematic of the location of the Hoppel minimum which is located between Aitken

and accumulation modes, indicated by the orange X (Image self-generated).
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Figure 8: This figure depicts sources of primary marine aerosol of wind-driven SSA, and

phytoplankton-produced DMS. Equation 1 is depicted through the formation of H2SO4 from

DMS, and the resulting input of secondary aerosols into the MBL through FT entrainment.

The formation of CCN from SSA is depicted, and the process of cloud-processing which forms

cloud droplets [Quinn and Bates, 2011].

1.6 Aerosol effects on clouds and radiation

Radiative forcing is defined as the net downward radiative flux at the top of the atmo-

sphere (TOA), and provides an indication of the radiative impact of atmospheric pro-

cesses. Aerosols are the largest contributor to uncertainty in radiative forcing through in-

teractions with clouds (termed Aerosol-Cloud Interactions, ACIs), and radiation (termed

Aerosol-Radiation Interactions, ARIs) (Figure 9).
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Figure 9: Bar chart showing radiative forcing (hatched) and Effective Radiative Forcing (ERF)

(solid) for the period 1750-2011. ERF is defined as radiative forcing which accounts for changes

to the TOA energy budget but are uncoupled to to surface warming changes [Smith et al., 2018].

This figure demonstrates the large uncertainty plotted for ARIs and ACIs in comparison to other

forcing agents. Whiskers denote the 5–95% confidence range [Myhre et al., 2013]

ARIs describe the direct effect of aerosols which scatter or absorb radiation. The direct

effect is dependent on the environment’s relative humidity, and particle size, shape, and

chemical composition [Mishra et al., 2015]. Scattering aerosols such as sulfates (character-

istic of the SO) reflect larger proportions of incident radiation back out to space, resulting

in a net radiative cooling of the surface climate estimated globally at -0.35 (-0.85 to +0.15)

Wm−2.

ACIs include two effects; the first indirect ‘Twomey effect’ and the second indirect effect.

The first indirect effect describes how an increase of CCN with smaller radius sizes (and

hence increased surface area) increases cloud albedo (brightness). Increased cloud albedo

increases the amount of SW reflected radiation received at the TOA [Twomey, 1974]. The

second indirect effect describes how smaller droplets may act as precipitation suppressants

due to smaller collision efficiencies and fall speeds, thus increasing cloud longevity [Koren

et al., 2015]. This effect also describes the role of aerosols as ice-nucleating particles

(INPs) in supercooled clouds, although analysis of this effect has been regarded as out of

the scope of this thesis.
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1.7 Aerosol Optical Depth

This thesis utilises measurements of chemical composition, CCN, radiation and cloud

fraction to characterise aerosol populations which are easily understood in concept, al-

though the metric Aerosol Optical Depth (AOD) requires some explanation. AOD de-

scribes the amount of solar irradiance prevented from reaching the ground due to scatter-

ing/absorption from aerosol particles. AOD measurements are column-integrated (provide

no indication of the vertical distribution of aerosols) and are weighted preferentially to-

ward larger particles from the accumulation mode that attenuate light more strongly (see

Appendix Figure 58). AOD is a mass-dominated metric, hence larger values of AOD

could be representative of either an increased number or size of aerosols. Clean marine

atmospheres are characterised by relatively low AOD values compared to polluted regions

(Figure 10). The use of AOD has limitations, including the restriction of measurements to

clear-sky conditions to avoid contamination by strongly-reflecting clouds [Martins et al.,

2002]. See Appendix Section A.2 for details on the calculation of AOD.

Figure 10: Spatial distribution of 550 nm AOD from the European Centre for Medium-Range

Weather Forecasts Integrated Forecast System model, assimilated with Moderate Resolution

Imaging Spectroradiometer (MODIS) satellite AOD retrievals (averaged over the period 2003–

2010). Regions of increased AOD correspond to areas of high aerosol content (e.g: biomass

burning in lower latitudes) [Benedetti et al., 2009, Morcrette et al., 2011]
.

This chapter has introduced fundamental concepts and processes relevant to Southern

Ocean aerosol populations. The following chapter will describe how aerosols are rep-

resented in Global Climate Models (GCMs), and establish the AOD and CCN bias in

current GCMs.
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2 Aerosol Representation in Climate Modelling

This chapter outlines how aerosols have been implemented and parameterised within

GCMs, and provides a background to the atmospheric and aerosol-chemistry schemes

used within this thesis. The ability of previous models to represent observed AOD and

CCN is summarised to provide context to the performance of the model investigated in

this thesis, ACCESS-CM2.

2.1 Previous modelling studies

The complexity and variety of aerosol representations in GCMs is extensive and has been

summarised in inter-comparison projects [Lamarque et al., 2013, Shindell et al., 2013,

Collins et al., 2017]. Most aerosol schemes represent a combination of major aerosol com-

ponents; dust, nitrates, sulfates and sea-salt in discrete size bins (introduced in Figure

3). Schemes range from a simple ‘bulk’ approach with prescribed size and mass distri-

butions through to more complex ‘modal’ approaches where aerosol number, mass and

particle size evolve via growth/condensation processes between modes with fixed distri-

bution shapes. The chemical emissions supplied to models varies largely too, which is

discussed in Section 2.2.3.

2.2 Implementation of more complex aerosol-chemistry schemes

Recent approaches in aerosol-chemistry modelling has shifted towards implementing in-

creasingly complex emission parameterisations and chemistry schemes within GCMs. The

goal of increasing complexity is to provide a more realistic representation of the physical

atmosphere. Areas of interest include increasing the physical representation of PMOAs,

sea-salt emissions, and the use of fully interactive chemistry schemes, which are sum-

marised below.

2.2.1 Primary Marine Organic Aerosol (PMOA) schemes

PMOA schemes range in complexity from specifying a global marine organic aerosol emis-

sion (in Tg yr−1), through to complex parameterisations involving zonal 10 m wind-speed

(U10), particle diameter (Dp) and chlorophyll-a concentration [chl-a]. Chlorophyll-a is

often used as a proxy for marine organic aerosol due to similar seasonal cycles and good

correlation [O’Dowd et al., 2004, Long et al., 2011, Vignati et al., 2010]. Recent studies

have, however, suggested this relationship does not accurately represent the organic en-

richment of SSA. [Frossard et al., 2014, Quinn et al., 2014]. Roelofs [2008] increased the

global PMOA emission source within the ECHAM5-HAM Global Aerosol-Climate Model,

23



which increased CDNC by a factor of 3–4 and improved agreement with observed CCN

and CDNC over the North Atlantic. Westervelt et al. [2012] used a [chl-a] scaling tech-

nique and saw a decrease in simulated CCN (0.2% SS) by up to 5% regionally. Meskhidze

et al. [2011] implemented more complex parameterisations (utilising [chl-a], Dp and U10)

and saw a 20% increase in simulated CCN (0.2% SS) over biologically productive waters.

Gantt et al. [2012b] found the implementation of a complex PMOA scheme resulted in

a 7% reduction in global average Aerosol Indirect Forcing (the combination of both first

and second indirect effects mentioned in 1.6) due to increases in low-level CDNC. The

inclusion of complex PMOA schemes within GCMs has demonstrated the potential for

a more physically-representative scheme to account for biogenic-related changes in CCN

and radiation. The implementation of such schemes has yet to be fully explored in the

Southern Ocean region.

2.2.2 Sea-salt schemes

Model emissions of sea-salt vary widely; the AeroCom intercomparison project found

that simulated sea-salt had the highest inter-model difference of all studied aerosol types

with global burdens ranging from 3–18 Tg (± 4 Tg) [Textor et al., 2006]. Most param-

eterisations utilise a relationship of SSA to wind-speed, hence differences in simulated

wind-speed have significant impacts in calculated SSA bias. A multitude of SSA source

emission schemes have been developed, although the most widely implemented scheme is

the Gong 2003 function [Spracklen et al., 2008, Fan and Toon, 2011, Kipling et al., 2016,

Tegen et al., 2019, Witek et al., 2016, Gong, 2003], this is discussed in more detail in

Section 5.2.

Increasing evidence within literature has highlighted issues with the Gong [2003] sea-

spray function. Spada et al. [2015] found this source function overestimated sea-salt

surface concentrations in the Southern Ocean region compared to observations. Jaeglé

et al. [2011a] found that at high wind speeds, coarse-mode SSA was overestimated by a

factor of 2–3 and Madry et al. [2011] reported this overestimation increased discrepancies

between simulated and observed AOD. Revell et al. [2019] used a modified sea-spray

emission source function in the GLOMAP-HadGEM3-GA7.1 climate model and observed

improved agreement between simulated and observed AOD during wintertime over the

Southern Ocean (discussed later in Section 5.2).
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2.2.3 Online chemistry schemes

Atmospheric chemistry processes involve constant interactions between aerosols, clouds

and meteorological dynamics. To more fully capture these inter-connected schemes, in-

teractive (‘online’) aerosol-chemistry schemes were created which provide a more realistic

representation of simulated atmospheres. Online chemistry schemes feature a range of tro-

pospheric and stratospheric chemical mechanisms whereby concentrations of important

chemical species are updated based on a suite of reactions, rather than using set input and

output rates parameterised in an offline scheme (described in Section 3.1.2). Justification

for online coupled-chemistry schemes in GCMs remains controversial. Online chemistry

schemes have been shown to improve air quality prediction in numerical models and the

representation of seasonal sulfate aerosol cycles [Werner et al., 2018, Dhomse et al., 2016].

Hu et al. [2018] found that online chemistry simulations improved model bias in some

spatial regions but worsened it in others (in the case of simulated ozone). Colarco et al.

[2010] found online schemes could at best reproduce similar values as the offline version.

A World Meteorological Organization report (2015) concluded that implementation of

full online chemistry remains too computationally expensive to be feasible for GCMs,

combined with poor performance in studies aforementioned [World Meteorological Orga-

nization et al., 2015]. However, the evaluation of online chemistry in the SO has been

limited. Sessions et al. [2015] evaluated the AOD bias of multiple online models, but used

only one available observational station in the Southern Ocean and provided no reference

simulations (without online chemistry) for comparison (discussed further in Section 8.1).

Given the unique aerosol environment in the SO, it remains to be seen whether improve-

ments in model aerosol bias could be made using online chemistry. The following section

will provide a background to the model used in this thesis, ACCESS-CM2, and how this

model represents PMOAs, sea-salt and chemistry schemes.

3 Model description

The Australian Community Climate and Earth System Simulator Coupled Model (ACCESS-

CM2) is a next-generation coupled GCM which will contribute simulations to the next

Coupled Model Intercomparison Project (CMIP6) ensemble. ACCESS-CM2 features a

more advanced atmospheric configuration, dynamics and physics schemes, and increased

vertical resolution in comparison to its predecessors, ACCESS1.x models used in CMIP5

[Hirst et al., 2015]. Aerosol and chemistry schemes used within ACCESS-CM2 are out-

lined below, and model specifications are provided in Table 5.
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3.1 Aerosol & Chemistry schemes in ACCESS-CM2

Aerosol and chemistry routines are handled through two connected frameworks; United

Kingdom Chemistry and Aerosol (UKCA) [Abraham et al., 2016] which simulates chemi-

cal processes and transformations, and the detailed aerosol microphysical scheme ‘Global

Model of Aerosol Processes’ (GLOMAP) [Mann et al., 2010] (see Section 3.1.1). UKCA

and GLOMAP code are incorporated in ACCESS-CM2 after the atmospheric time-step

at a rate of once per hour [Abraham et al., 2016]. UKCA is coupled to GLOMAP and the

radiation scheme through the Edwards-Slingo radiation code which utilises both radia-

tively active trace gases and aerosol optical properties to calculate direct radiative effects

(see Abraham et al. [2016]) for full description of the radiation scheme). The activation

of aerosols to form CDNC is performed through the coupling of GLOMAP to a Köhler

theory-based parameterisation [Abdul-Razzak and Ghan, 2000]. Based on atmospheric

saturation and updraught velocity conditions, calculated CDNC is passed to the radia-

tion code which determines the first indirect aerosol effect (cloud albedo) and precipitation

processes [Abraham et al., 2016].

Cloud schemes are handled separately from UKCA and calculated within ACCESS-CM2.

Specifically, cloud fraction which is used in this thesis is calculated using parameters

such as liquid water content, total specific humidity, temperature and pressure within the

convective and large-scale cloud scheme [Bi et al., 2020, Wilson et al., 2008, Morcrette,

2012].

3.1.1 GLOMAP

GLOMAP simulates aerosol size distribution through a suite of microphysical processes

including aerosol nucleation, coagulation, cloud-processing and condensation. The scheme

has been implemented widely in GCMs and evaluated against a combination of satellite

[Mccoy et al., 2015b, Crippa et al., 2013] and largely Northern-Hemispheric ground-based

observations [Korhonen et al., 2008, Pringle et al., 2009, Spracklen et al., 2010, Reddington

et al., 2011, Mann et al., 2010]. The modal version of GLOMAP used in this thesis

simulates aerosol components within modes of a fixed distribution shape. Within these

modes, aerosol number, mass, mean particle size and the amount of water (for soluble

aerosols) varies [Mann, 2014] (see Figure 11). Transportation and deposition processes,

and dust emissions are handled separately and separated into six size bins [Woodward,

2011]. GLOMAP calculates respective sources and sinks of aerosol mass and number,

with removal processes including sedimentation, dry deposition, nucleation (in-cloud) and

impact (below-cloud) scavenging [Abraham et al., 2016].
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Figure 11: Mode distribution of aerosol components and chemical transformations in

GLOMAP. GLOMAP simulates the number and mass of aerosols in five aerosol modes. Within

each mode, sulfate (SU), black and organic carbon (BC and OC), and sea-salt (SS) are inter-

nally mixed. Solid arrows show the total emission and deposition mass fluxes, and dashed arrows

represent mass fluxes [Bellouin et al., 2013b]. For example, this figure illustrates the gas-phase

(’dry’) oxidation of SO2 to form H2SO4, and the condensation of H2SO4 into the nucleation

mode.

3.1.2 Chemistry scheme

Offline chemistry is the default scheme in ACCESS-CM2 which uses a monthly climatology

of oxidant fields as emissions, and features 11 species which take part in 14 chemical reac-

tions. These emission files have been pre-computed using a more complex stratospheric-

tropospheric chemistry scheme, such as the online scheme described in Section 2.2.3.

Offline chemistry restricts advected tracers to seven aerosol precursor species, provided

in Table 2.
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UKCA Species Dry Wet Type

H2O2 Yes Yes Advected tracer

DMS - - Advected tracer

SO2 Yes Yes Advected tracer

H2SO4 Yes - Advected tracer

(CH3)2SO (DMSO) Yes Yes Advected tracer

Monoterpene Yes - Advected tracer

Secondary Organic Yes Yes Advected tracer

O3 - - Offline oxidant

OH - - Offline oxidant

NO3 - - Offline oxidant

HO2 - - Offline oxidant

Table 2: Advected tracers and offline oxidants (diagnostic species) used in the offline chemistry

scheme. Species identified as offline oxidants are established from ancillary files in the model.

Table adapted from [Abraham et al., 2016].

Oxidants are supplied as a constant monthly field, with short-lived species such as OH,

HO2, and NO3 having a parameterised diurnal cycle superimposed on the monthly clima-

tological fields. Offline oxidants fields are used within a chemical mechanism involving the

gaseous and aqueous oxidation of sulfur, detailed in table 3 below. Nucleation rates are

parameterised using the concentration of H2SO4 following a binary homogenous sulfate

nucleation scheme outlined in Vehkamäki et al. [2002] (described in Section 1.5).
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Gas-phase reactions A-factor Reference

DMS + OH −→ SO2 9.60e-12 Pham et al. [1995]

DMS + OH −→ 0.6 SO2 + 0.4 DMSO + CH3O2 3.04e-12 Pham et al. [1995]

DMS + NO3 −→ SO2 + HNO3 + CH3O2 + HCHO -1.90e-13 Pham et al. [1995]

DMSO + OH −→ SO2 5.80e-11 IUPAC [2006]

SO2 + OH −→ H2SO4 + HO2 3.00e-31 Pham et al. [1995]

MONOTERPENE + OH −→ FSOA 0.13 SEC-ORG 1.20e-11

IUPAC [2006],

Spracklen et al.

[2006]

MONOTERPENE + O3 −→ FSOA 0.13 SEC-ORG 1.01e-15

IUPAC [2006],

Spracklen et al.

[2006]

MONOTERPENE + NO3 −→ 0.13 SEC-ORG 1.19e-12

IUPAC [2006],

Spracklen et al.

[2006]

HO2 + HO2 −→ H2O2 2.20e-13 IUPAC [2006]

OH + H2O2 −→ H2O 2.90e-12 IUPAC [2006]

Aqueous-phase reactions A-factor Reference

HSO−3 + H2O2 −→ SO2−
4 2.13e+14

Kreidenwies et al.

[2003]

HSO−3 + O3 −→ SO2−
4 4.01e+13

Kreidenwies et al.

[2003]

SO2−
3 + O3 −→ SO2−

4 7.43e+16
Kreidenwies et al.

[2003]

Table 3: Sulfur and monoterpene oxidation scheme used in ACCESS-CM2 (offline chemistry).

SEC-ORG = secondary organic product generated from monoterpene oxidation [Mann et al.,

2010]. The aqueous-phase oxidation reactions shown in this table describe cloud-processing

mechanisms (discussed in Section 1.5) and have no traceable product, but output a flux term of

sulfate produced by each oxidant. The reaction fluxes produced by these oxidation processes are

passed to GLOMAP which updates the accumulation and coarse soluble modes (proportional

to the number concentration in each mode). See Appendix A.5 for the description of A-factor.

Updated chemical products from the chemical reactions outlined in Table 3 are used to

update the particle number concentration in each size mode (e.g: Aitken, accumulation,

etc.), and the mass of each aerosol component within GLOMAP (e.g: sulfate and sea-

salt). Based on updated particle number and mass, GLOMAP applies aerosol growth and

deposition processes.
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A source of uncertainty within UKCA that must be noted lies within the constant cloud-

water pH assumed to be five everywhere. Variable cloud pH values determines the disso-

ciation of SO2(aq) at pK ∼ 4 and HSO−3(aq) at pK ∼ 8 (Equation 1.5.2). Cloud pH which

has important implications for aqueous-phase oxidation and has been shown to contribute

substantially to uncertainty surrounding simulated CCN and radiative forcing [Lee et al.,

2013, Turnock et al., 2019].

3.1.3 Sea-salt emissions

Sea-salt emissions are calculated using the Gong [2003] sea-spray source function (men-

tioned in Section 2.2.2), which describes the surface emission rate of sea-salt aerosols as a

function of surface wind speed (U10) and particle size. Equation 4 describes the number

of seawater droplets generated per square metre of sea surface per particle radius over 20

size bins, as follows:

dF

dr
= 1.373u3.41

10 r−A(1 + 0.057r3.45)× 101.607e−B2

(4)

where A = 4.7(1 + Θr)−0.017r−1.44
, B = (0.433 − logr)/0.433, and Θ is an adjustable

parameter that controls the shape of the sub-micron size distributions [Gong, 2003]. Sea-

salt is emitted into the accumulation and coarse modes, and is assumed to be purely sea-

salt (NaCl). Hence, the standard configuration of ACCESS-CM2 lacks primary marine

emissions in the submicron size range, and does not include organic matter within this

sea-spray.

3.2 Previous model-observation evaluations

This section describes how well previous modelling efforts have performed in represent-

ing observed AOD and CCN to provide context to the performance of ACCESS-CM2.

Mann et al. [2010] evaluated the bias and correlation of key aerosol parameters simulated

in GLOMAP against various, predominantly Northern hemispheric, global observations

(Table 4). Aerosol precursor gases, chemically speciated particle mass, sea-salt, and CCN

were found to perform well against observations.
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3.2.1 AOD bias in previous aerosol-chemistry models

Modelled bias of AOD varies largely; the Atmospheric Chemistry and Climate Model In-

tercomparison Project (ACCMIP) of 10 GCMs resulted in simulated AOD biases ranging

from -22% to 77% compared to satellite observations [Shindell et al., 2013]. Bellouin et al.

[2013a] incorporated GLOMAP into the Hadley Centre GLobal Environmental Model

(HadGEM3) and reported an global AOD underestimation of approximately 30% com-

pared to the satellite-based Monitoring Atmosphere Composition and Climate reanalysis

dataset [Inness et al., 2012], with a positive bias noted in high latitudes (Figure 12). Com-

pared against predominantly Northern Hemispheric ground-based sun-photometers, the

GLOMAP-HadGEM3 model reported a mean AOD bias of -0.039 [Bellouin et al., 2013a].

Parameter
Normalised mean

bias (b)

Pearson regression

coefficient (R)
Reference

Surface DMS

Amst.Isl: -0.45

Cape Grim: 0.28

Dumont Durville: -0.56

Amst.Isl: 0.72

Cape Grim: 0.65

Dumont Durville: 0.62

Nguyen et al. [1992]

Ayers et al. [1991]

Jourdain and Legrand [2001]

Surface SO2

Amst.Isl: -0.39

Cape Grim: 4.22

Amst.Isl: 0.60

Cape Grim: 0.45

Nguyen et al. [1992]

Ayers et al. [1991]

Sulfate 0.25 0.92
Malm et al. [2002]

Stier et al. [2005]

Sea-salt 0.22 0.13 Stier et al. [2005]

CN
Cape Grim:-0.75

Neumayer: -0.11

Cape Grim: 0.41

Neumayer: 0.88

Ayers et al. [1991]

Rolf [1999]

CCN

Cape Grim (S=1.2%):

0.20

Cape Grim (S=0.23%):

0.78

Cape Grim (S=1.2%):

0.68

Cape Grim (S=0.23%):

0.41

Ayers et al. [1997a]

Aitken mode 0.10 0.54 Heintzenberg et al. [2000]

Accumulation

mode
-0.46 0.77 Heintzenberg et al. [2000]

Table 4: Evaluation of key aerosol parameters in GLOMAP, adapted from Mann et al. [2010].

Single bias and correlation values are provided when evaluation used a multi-station dataset.

Bias and correlation values have been presented for individual stations in the SO where available.
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Figure 12: GLOMAP-simulated AOD at 550nm for the period 2003-2006 and subtracted from

MACC reanalysis, adapted from [Bellouin et al., 2013b].

Revell et al. [2019] compared simulated AOD in a GLOMAP-HadGEM3-GA7.1 climate

model against satellite observations with altered sulfate chemistry. The model reported

an overall positive bias between 40◦-60◦S, with an average AOD reported as 15.7% larger

than satellite measurements. Simulated AOD was positively biased in wintertime and

negatively biased in summertime with an RMSE of 0.032 [Revell et al., 2019].

3.2.2 CCN bias in previous aerosol-chemistry models

Mann et al. [2010] evaluated GLOMAP-simulated CCN against ground-based observa-

tions and found a positive CCN model bias at Cape Grim (see Table 4, and Table 8

for NMB equation). Conversely, Spracklen et al. [2011] evaluated GLOMAP-simulated

CCN against a suite of largely Northern-Hemisphere ground-based observations (CCN SS

ranged from 0.02–0.5%) and found the model was biased low with a normalised mean

bias of -77% . Schmale et al. [2019] compared observations from a voyage in the South-

ern Ocean to GLOMAP simulations, and similarly reported an underestimation of CCN

(0.2% SS) by approximately 50% in regions which corresponded to high concentrations

of gas-phase MSA (a product of DMS oxidation). In marine environments, this suggests

that GLOMAP may be missing a marine aerosol source or under-represents sea-spray or

DMS emission fluxes. Additionally, this may indicate a lack of cloud-processing (which

increases CCN concentrations), or an overestimation of deposition/precipitation processes

[Schmale et al., 2019]. Further evidence for a potential missing marine aerosol source was

noted in an underprediction of GLOMAP-simulated aerosol number in comparison with

size-distribution observations collected on a Southern Ocean voyage [Law et al., 2017,

Woodhouse et al., 2020].

This chapter outlined the ACCESS-CM2 model framework, and provided a background

of previous models’ performances in simulating AOD and CCN metrics. The next chapter

presents why such biases must be remedied in GCMs, and establishes the aims of this

research.
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4 Motivation

Aerosols form the largest contribution to uncertainty in radiative forcing, as discussed

in Section 1.6. Limited datasets, compounded by the use of predominantly Northern

Hemisphere data for model microphysical parameterisations has resulted in biases within

aerosol, cloud and radiation schemes in GCMs, particularly in the SO [Marchand et al.,

2014]. GCMs struggle to represent observational aerosol parameters; Section 3.2 and

Table 4 described the wide range of biases for simulated AOD and CCN.

GCMs often underestimate cloud fraction (CF) and albedo in the SO [Wang, 2015]. Fan

et al. [2018] showed that current GCMs underestimated satellite CF by 15.2% globally.

Underestimations in CF result in positive short-wave (SW) ↓ radiation biases and under-

estimations in SW TOA ↑ radiation, particularly during the Austral summer [Li et al.,

2013] (Figure 13). While TOA SW↑ radiation biases were reduced in the CMIP5 ensemble

by up to 56%, a systematic bias still persists in the overestimation of SW↓ radiation and

the underestimation of TOA SW↑ radiation.

Figure 13: Schematic of radiation biases in GCMs (figure self-made). SW↑ = Outgoing TOA

Shortwave Radiation, SW↓ = Incoming Shortwave Radiation
.
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Reducing this radiation bias has been identified as a key goal for the modelling community,

as it induces warm sea-surface temperature (SST) biases which have wide-spread conse-

quences in the global energy budget, carbon cycle and circulation systems [Hawcroft et al.,

2017] (see Figure 13). SW biases have been attributed to multiple factors based around

aerosol representation including insufficient parameterisations of mixed-phase and super-

cooled clouds, Ice-Nucleating Particles (INPs) (introduced in Section 1.6), and a poor

representation of annual/seasonal cycles of CCN [McFarquhar, 2016]. Complex ACIs and

ARIs suggest improvements in simulated aerosol representation could improve model SW

biases.

Figure 14: Mean errors of absorbed surface SW↓ radiation in CMIP5 climate models. Positive

values indicate an excess of SW↓ radiation absorbed [Marchand et al., 2014]

With the introduction of Australia’s newest GCM, ACCESS-CM2, it must be determined

to what extent this model is subject to the same biases in the aerosol-chemistry schemes,

and how these biases can be improved. The next section defines the aims of this thesis to

address such questions.
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4.1 Aims

Climate modelling communities have made efforts to improve the aforementioned biases

by incorporating more physically-representative aerosol schemes or tailored parameter-

isations for PMOAs, sea-salt and online chemistry (discussed in Sections 4.2.4 & 2.2),

although these efforts have been limited in the SO region. This research aims to suc-

cessfully run a suite of perturbation simulations of ACCESS-CM2 with modifications to

the PMOA, SSA, and chemistry schemes. Ultimately, this research aims to answer the

following research questions:

1. How well does ACCESS-CM2 represent aerosols over the Southern Ocean in terms

of AOD and CCN bias?

2. Does increasing the complexity of aerosol-chemistry schemes result in a more accu-

rate representation of AOD and CCN?

3. Can the overall radiation and cloud fraction bias in the Southern Ocean be improved

through increasing the complexity of aerosol-chemistry schemes?

4.2 Significance and Innovation

4.2.1 Evaluation of ACCESS-CM2

ACCESS-CM2 constitutes the atmosphere-only version of Australia’s submission to the

next CMIP6 evaluation. Understanding the model’s inherent biases in aerosol, cloud

and radiation representation will be crucial in underpinning future simulations using this

model. This thesis constitutes one of the first efforts to evaluate aerosol representation in

ACCESS-CM2 and to run a series of perturbation experiments (outlined in Chapter 5).

Figure 9 indicated that aerosol ARIs have made a substantial contribution to mitigation

of anthropogenic increased radiative forcing (RF), hence reducing the RF uncertainty

surrounding ARIs and ACIs is crucial in understanding future climate change outcomes.

4.2.2 Focus on the Southern Ocean spatial domain

The Southern Ocean has been identified as a region of priority research within the aerosol

modelling community as it exhibits the largest SW radiation bias in GCMs [Marchand

et al., 2014]. When GCM evaluation studies utilise ground-based observations, these

efforts are largely focused in the Northern-Hemisphere due to increased availability of

data temporally and spatially. When satellites are used, data is often lacking in the

SO region due to factors including high cloud cover (discussed in Section 4.2.3). Recent

research efforts that have aimed to address the SO model SW bias have done so by
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focusing attention on model cloud schemes [Hyder et al., 2018, Vergara-Temprado et al.,

2018, Kuma et al., 2019, Mason et al., 2015, Neubauer et al., 2019]. However, while these

studies have identified clouds as a large source of error in remedying the SW radiation

bias, a comprehensive evaluation of aerosols, the precursor to clouds, is lacking. There is

a clear need for aerosol model evaluation studies within the SO region, despite the relative

scarcity of measurements in the region.

4.2.3 Use of a comprehensive suite of ground-based observations

for model evaluation

This thesis uses a suite of ground-based observations for model evaluation which facili-

tate a more comprehensive analysis of aerosol populations. Variables such as chemical

composition, size-distribution and CCN are most effectively measured using laboratory

instruments, although there are a number of limitations which must be accounted for (see

Appendix A.6). Hence, this research provides a departure from most GCM-evaluation

studies which utilise satellite products that provide global gridded output at a high tem-

poral and spatial resolution [Sockol and Small Griswold, 2017, Misra et al., 2016, Bender

et al., 2019]. Numerous challenges result in satellite retrievals having a higher uncertainty

than ground-based observations such as white-capping surface brightening (produced by

high wind speeds and large waves), difficulties detecting low-concentration aerosols and

in penetrating through the complete atmosphere (Figure 15) [Giles et al., 2019, Levy

et al., 2013, Sayer et al., 2013, Witek et al., 2013, Guzman et al., 2017, Thorsen and Fu,

2015]. While satellite measurements of CCN exist, retrievals have an accuracy between

±25%–±30% and may only be observed in specific meteorological conditions that exclud-

ing the dominant cirrus cloud type over the SO [Rosenfeld et al., 2016]. Observational

data largely provides lower uncertainty values, which is beneficial for increasing the ac-

curacy of model-evaluation studies. For example, observational AOD data used in this

thesis has an estimated uncertainty between 0.01–0.02 (unitless), compared to satellite

products which range from 0.03-0.09 (unitless) [Holben et al., 1998, Sayer et al., 2013],

this is discussed further in Chapter 6.
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Figure 15: Nighttime all-sky zonal mean 532nm aerosol extinction (km−1) from Jan 2007-Dec

2011. Note lower altitudes are reached in high-latitude regions [Winker et al., 2013]. This figure

demonstrates that aerosols reach lower altitudes over the SO than mid-latitude aerosols, hence

making it more difficult for satellites to effectively measure surface aerosols. Satellite retrievals

often only record above the aerosol layer; an analysis of CALIPSO measurements showed that

only 69% of vertical profiles penetrated through the complete atmosphere [Guzman et al., 2017]

4.2.4 Exploration of increased model complexity

More complex aerosol and chemistry schemes are seldom included in GCMs due to ad-

ditional computational expense. The majority of models in ACCMIP utilised the more

simple ‘bulk’ approach (defined in Section ) and largely output at a temporal resolution

of monthly means [Shindell et al., 2013]. Next generation climate models are increasingly

incorporating more complex parameterisations, which is required to capture the complex-

ity of inter-connected atmospheric systems. Model simulations described in Section 5.2

utilise more complex aerosol-chemistry schemes and output at a temporal resolution of 1

hour. This increased resolution facilitates meaningful comparison with the short time pe-

riods of campaign and voyage observational data described in Section 6, which is essential

in capturing the relatively short atmospheric lifetimes of aerosols.
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5 Methods: Running ACCESS-CM2

This chapter includes details on the configuration of ACCESS-CM2 combined with UKCA

and GLOMAP, changes made to the model in perturbation runs, and describes how AOD

and CCN were calculated from model output.

5.1 Model configuration

The configuration of ACCESS-CM2 has been summarised in Table 5 below. The Shared

Socioeconomic Pathway 2-4.5 used to prescribe anthropogenic emissions was selected as a

‘middle of the road’ option, although disparities in anthropogenic emissions are negligible

over the model run times used in this thesis [Riahi et al., 2017].

Parameter ACCESS-CM2 model setup

Physical Atmosphere
Met Office Unified Model General Atmosphere 7.1

(GA 7.1) [Walters et al., 2019]

Model configuration Atmosphere only

Code Version Unified Model 10.6 (UM 10.6) [Abraham et al., 2016]

Land-surface scheme
Community Atmosphere Biosphere Land Exchange

(CABLE) [Kowalczyk et al., 2013]

Model grid spacing 1.25◦ Latitude by 1.85◦ Longitude

Vertical Levels 85

Model Top 85km

Meteorology Nudged at 6-hourly intervals to ERA-Interim

Aerosol -Chemistry scheme

UKCA Offline Chemistry (Backward-Euler Solver) for

the BASE run, and UKCA Chemistry for Stratosphere

and Troposphere (CheST) for the online chemistry run

[Abraham et al., 2016], combined with aerosol scheme

GLOMAP-mode [Mann et al., 2010].

SSTs and SIC
Atmospheric Model Intercomparison Project (AMIP)

[Taylor et al., 2015])

Anthropogenic emissions SSP2-4.5 forcing [Riahi et al., 2017]

Table 5: Description of base ACCESS-CM2 model parameters. SST = Sea Surface Tempera-

tures, SIC = Sea Ice Concentration.
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5.2 Model simulation runs

ACCESS-CM2 was run in this study for years 2016-2018, with a one-year spin-up run

through 2015. Meteorology in the simulations was nudged to ERA-Interim (ERA-I) re-

analysis data products of zonal (U) and meridional (V) wind components, and potential

temperature (Θ) at 6-hourly intervals in the free troposphere. While nudging interferes

with a GCM’s ability to respond to dynamic feedback systems, it is necessary to ensure

consistent ‘real-world’ meteorology when performing multiple simulations over the same

time period (see Appendix A.4). Model data was output at an hourly temporal reso-

lution to capture the short atmospheric lifetime of aerosols and increase the number of

data points in a relatively short run time. Data was output in a spatial domain of 30◦S

to 90◦S to accommodate storage and computing time limitations. One control simula-

tion and three perturbation simulations were run, where each simulation used the same

model configuration as the control run (Table 5) but changed one aspect of the aerosol or

chemistry scheme:

Simulation

name

Simulation

description
PMOA/sea-salt/chemistry schemes

1. BASE
Control simulation

(ACCESS-CM2).

• Primary sea-salt emissions assumed to be purely NaCl

• Sea-salt emitted using the Gong [2003] function

• Offline chemistry scheme used (outlined in Section 3.1.2)

2. PMO

Addition of

Primary Marine

Organics scheme.

• Sea-salt includes organic fraction (PMOA scheme)

• Sea-salt emitted using the Gong [2003] function

• Offline chemistry scheme used

3. CHEM
Online chemistry

scheme

• Primary sea-salt emissions assumed to be purely NaCl

• Sea-salt emitted using the Gong [2003] function

• Online UKCA CheST chemistry scheme used

4. SSALT

Altered sea-salt

emission source

function

• Primary sea-salt emissions assumed to be purely NaCl

• Sea-salt emitted using the Hartery et al. [2020] function

• Offline chemistry scheme used

Table 6: Description of ACCESS-CM2 control run and perturbation simulations.
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Control run, BASE: The first model run, BASE, was run in the standard configuration

outlined above in Section 5.1 & Chapter 3.

PMO: The PMO run includes an empirically-derived emission parameterisation that

introduces organic matter within simulated Sea Salt Aerosols (OMSSA), which has been

found to improve the seasonal representation of simulated organic aerosols [Gantt et al.,

2012a, Meskhidze et al., 2011]. This parameterisation calculates the size-resolved organic

mass fraction of sea-spray (OMfrac) as a function of MODIS/Aqua satellite-derived [chl-

a], 10m zonal wind speeds (U10) and the sea spray particle dry diameter (Dp, in units

µm) as follows:

OMfrac(chl a, U10, Dp) =
(1 + exp(3(−2.63[chla]) + 3(0.18(U10)))−1

1 + 0.03 exp(6.81Dp)

+
0.03

1 + exp(3(−2.63[chl a] + 3(0.18(U10))))
(5)

The organic mass fraction (OMfrac) calculated in Equation 5 is then applied to the volume

flux of SSA (VSSA) to calculate the mass flux of PMO carbon (OMflux, units g m2s−1) as

follows:

OMflux = OMfrac × VSSA × ρSSA (6)

where ρSSA is the apparent density of SSA (g cm−3). This parameterisation makes a

number of assumptions. The sea-spray emissions are defined to occur at 160nm, in the

Aitken soluble (25% of mass) and insoluble (75% of mass) modes. These ratios are

based on observational findings of marine organic aerosol solubility [O’Dowd et al., 2004].

Organic aerosol is emitted into the Aitken mode as organic carbon, which is immediately

transferred to the accumulation mode at the next chemistry timestep (1 hour).

CHEM: The third run, CHEM, utilises a fully online UKCA CheST chemistry scheme

which features a combination of stratospheric and tropospheric schemes outlined in Mor-

genstern et al. [2009], UKCA [2011], & O’Connor et al. [2014]. This scheme defines 75

species in 283 chemical reactions, and features 70 chemical tracers including O3, NO3, and

H2O2; an increase in tracer species by a factor of 10 compared to offline chemistry (Section

3.1.2). An excerpt of online chemistry reactions relevant to marine sulfur chemistry have

been presented in Table 7 below.
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Gas-phase reactions A-factor Reference

DMS + OH −→ SO2 1.2e-11 Pham et al. [1995]

DMS + OH −→ MSA + SO2 3.04e-12 IUPAC [2006]

DMS + NO3 −→ SO2 + HNO3 + CH3O2 + HCHO 1.90e-13 Pham et al. [1995]

SO2 + O3 −→ SO3 3.00e-12 IUPAC [2006]

SO3 + H2O −→ H2SO4 + H2O 8.50e-41 IUPAC [2006]

MONOTERPENE + OH −→ FSOA 0.13 SEC-ORG 1.20e-11

IUPAC [2006],

Spracklen et al.

[2006]

MONOTERPENE + O3 −→ FSOA 0.13 SEC-ORG 1.01e-15

IUPAC [2006],

Spracklen et al.

[2006]

MONOTERPENE + NO3 −→ 0.13 SEC-ORG 1.19e-12

IUPAC [2006],

Spracklen et al.

[2006]

Aqueous phase reactions A-factor Reference

HSO−3 + H2O2 −→ SO4
2− 2.13e+14

Kreidenwies et al.

[2003]

HSO−3 + O3 −→ SO4
2− 4.01e+13

Kreidenwies et al.

[2003]

SO3
2− + O3 −→ SO4

2− 7.43e+16
Kreidenwies et al.

[2003]

Table 7: Sulfur and monoterpene oxidation scheme used in ACCESS-CM2 (UKCA CheST on-

line chemistry). SEC-ORG = secondary organic product generated from monoterpene oxidation

[Mann et al., 2010].

Online chemistry utilises fully interactive oxidant species where emission inputs are com-

puted in real-time during the simulation using interactive meteorological variables at each

chemical timestep (1 hour). This is compared to the use of prescribed, pre-computed

monthly oxidant values in the offline chemistry scheme. Relevant online emissions include

DMS, and lightning-generated NOx.

The online and offline schemes have similarities in the oxidation pathways, but have

some notable differences. For example, the online scheme has no production of DMSO

as the offline scheme does. Additionally, the A-factors are different (Tables 3 & 7). For

example, the online oxidation of DMS by OH has a larger A-factor by a factor of 10,

hence we could expect a faster rate of DMS oxidation in online chemistry. See Appendix

A.5 for the definition of the A-factor and its effect on reaction rates.

41



SSALT: The fourth model run addresses concerns in the modelling community regarding

the use of the Gong [2003] sea-spray function (described in Section 3.1.3). This simulation

implements a modified sea-spray source function which is based on in-situ measurements

of total suspended sea-spray concentration from a voyage departing Wellington, New

Zealand to the Ross Sea [Hartery et al., 2020, Revell et al., 2019]. The modified SSA

function reduces the U10 wind speed exponent term from 3.14 (as in the Gong [2003]

function given in Equation 4) to 2.8 as follows:

dF

dr
= 2.6u2.8

10 r
−A(1 + 0.057r3.45)× 101.607e−B2

(7)

5.2.1 Model output

Output for all models was carefully selected to balance the cost of computing time and

storage limitations of costly chemistry runs at high temporal output resolution. Both

CCN and AOD550nm (AOD calculated at a wavelength of 550nm) were calculated from

a number of variables required for multiple routines to reduce computational cost and

storage. These calculations have been described in Appendix A.1.1.

42



6 Methods: Collection of observational data

This section describes how observational datasets used in the evaluation of ACCESS-CM2

were located, collected, and processed for comparison against modelled variables. All

observational datasets and the appropriate references have been summarised in Appendix

Tables 28 and 29. Firstly, the spatial domain of the Southern Ocean region was defined.

There is no consensus regarding the geographic bounds of the Southern Ocean (SO), which

has been defined in literature as ranging anywhere between 35◦-70◦S [Mccoy et al., 2015b,

Bodas-Salcedo et al., 2016, Revell et al., 2019, Vergara-Temprado et al., 2018, Swart et al.,

2019]. The SO has been defined in this study ranging between 40-60◦S to utilise available

stations and voyages in that range and align with the spatial output of the Revell et al.

[2019] study which also utilises the Hartery et al. [2020] modified SSA source function to

facilitate comparison.

6.1 Meteorological observations

Meteorological observation data was sourced from monitoring stations which were both

within the defined SO region and deemed as capable of receiving an oceanic signal. These

conditions vastly limited available monitoring stations to King Island (TAS), Cape Grim

(TAS), and the sub-Antarctic Macquarie Island which were either within 1 km of the

coastline, or were represented in the model grid as completely ocean (discussed in Section

7.1). Observational wind-speed was converted to ms−1 and resampled to an hourly tem-

poral resolution (from half-hourly) to align with model data. Simulated wind-speed and

wind-direction were extracted for meteorological stations by selecting the nearest grid-box.

Model and simulated wind-speed and wind-direction were joined on the same dataframe,

and model values that did not match with an observational value were dropped to ensure

the same length of data for observational and simulated datasets. This approach of se-

lecting for the nearest station, joining on the same dataframe and dropping values lacking

an matching observation was applied for all observational comparisons in this thesis.

The Cape Grim station was screened for baseline conditions to avoid terrestrial influence,

defined as wind-directions between 190◦ to 280◦ which is discussed further in Section 7.1.2

and Appendix A.13.3 (see Figure 16) [Slemr et al., 2015].
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Figure 16: Data at Cape Grim is screened to be within the baseline sector when observed

wind-directions are between 190◦ to 280◦. In this baseline sector, data recorded at Cape Grim

is considered representative of the Southern Ocean.

Section 7.1.2 compares simulated wind-direction against observed values to evaluate how

representative the model is of Southern Ocean conditions. For this evaluation, a metric

of model skill was devised as follows. If the wind-direction simulated by the model was

within 45◦ of the observed value (22.5◦ either side) at a particular timestep, a model skill

‘win’ array would be awarded with a value of 1 as follows (when applied to all matching

observational/simulated timesteps):

Model skill =
wins

wins + losses
(8)

The value of 45◦ was chosen as a nominal value to identify whether the model and obser-

vations were both within the bounds of a cardinal sector.
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6.2 Chemical composition and particle size observations

Scarcity of available chemical observations within the simulated timeframe prevents model-

observation comparison for the majority of chemical outputs discussed in Section 7.2. For

example, the most recently available measurements of DMS were recorded at Cape Grim

in 1993 [Ayers et al., 1997b]. Available observational data includes a measure of Chloride

ions as a proxy for sea-salt, and a size distribution dataset, which were both measured

on voyage campaigns. The first dataset of Chloride ions was recorded half-hourly using

an Aerosol Chemical Speciation Monitor (ACSM) on the CAPRICORN II voyage (see

Figure 17). An ACSM measures chemical composition and particle mass loading of non-

refractory sub-micron aerosol particles including sulfate and chloride (instrument details

have been documented in Watson [2017]). Measuring sea-salt using an ACSM faces a

number of challenges (outlined in Appendix A.8), but it is possible to obtain a sea-salt

signal by using a scaling factor of 51 [Ovadnevaite et al., 2012] which has been successfully

implemented in Alroe et al. [2020].

Figure 17: Voyage tracks of CAPRICORN II, and Ice Edge to Equator (I2E) voyages. The

CAPRICORN II voyage departed from Hobart (TAS) and reached a maximum latitude of 66.5◦S

from 11/01/2018 - 22/02/2018. The Ice Edge to Equator voyage departed from Hobart, reached

a maximum latitude of 65.7◦S and voyaged North towards the equator between 29/04/2016 -

28/05/2016. Each dot represents where an observation has been made, and has passed quality-

control screening along the voyage of the respective datasets.

The second observational dataset used within this chemical processes analysis is a measure

of size distribution taken on the Ice Edge to Equator (I2E) voyage (see Figure 17) [Law

et al., 2017]. This dataset consists of Aerodynamic Particle Sizer (APS) spectrometer

measurements which provided data on the size of submicrometer particles up 598nm in

diameter, and the remainder was provided by a Scanning Mobility Particle Sizer (SMPS)
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instrument. See Appendix A.10 for instrument details. Both ACSM and size-distribution

datasets were screened for ship exhaust and continental influence, and resampled to aver-

age hourly resolution aligned with model output (see Appendix A.10 for information on

data processing and quality control). Peaks in simulated and observed size distributions

were located using the python function scipy.signal.find peaks. This function was was

able to detect most aerosol modal peaks but struggled for less clearly-defined peaks often

simulated in the nucleation mode (shown in Section 7.3).

6.3 Aerosol Optical Depth observations

AOD observations include three monitoring stations and 14 voyage-based measurements.

Station-based observations include Cape Grim and two stations at Macquarie Island and

Amsterdam Island as part of the Aerosol Robotic Network (AERONET). AOD was mea-

sured using a Carter-Scott SPO2 sun photometer at Cape Grim, with an estimated un-

certainty of ±0.01 (unitless) [Wilson, 2019]. Both AERONET stations use a Cimel sun-

photometer to derive total column AOD with an uncertainty of ±0.01 (unitless) based on

a radiative transfer inversion algorithm described in Holben et al. [1998]. See Appendix

A.10 for instrumental details and data-processing.

Figure 18: Location of station monitoring stations in the Southern Ocean region. While

Amsterdam Island remains slightly above the threshold defined as the Southern Ocean, it has

been included within this analysis due to overwhelming long-term observational scarcity. Black

dotted lines show the threshold for the Southern Ocean defined in this study as between 40-60◦S.

White gridded lines provide an representation of the model grid size (1.25◦ Latitude by 1.875◦

Longitude). King Island has been plotted in this figure to show location, but only provides

meteorological information, not AOD, as described in Section 6.1.
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AOD data was collected from 14 voyages which are part of the AERONET Maritime

Aerosol network (MAN) (see Figure 19). MAN voyages measured AOD using Microtops

II sun-photometers, which have an accuracy to ±0.02 (See Appendix A.10 for quality

control and data processing) [Smirnov et al., 2009]. Additionally, fine and coarse-mode

AOD data was extracted at the only available long-term station, Macquarie Island. This

AERONET product uses a Spectral Deconvolution Algorithm (SDA) to extract modal

AOD under the assumption of a bimodal aerosol size distribution (see Appendix A.3).

While AOD observational data has come from a variety of sources, all AERONET data

was selected at a Level 2 quality which represents cloud-screened data where instruments

have been calibrated both pre- and post- field deployment. AOD and SDA-AOD data at

all sites and voyages was measured at 500nm, and has been converted to the model-output

wavelength of 550nm as follows:

AOD550nm = AOD500nm(
550

500
)−a (9)

Equation 9: Conversion of AOD500nm to AOD550nm, where a is the Ångström exponent, 1.2.

All AERONET (& Cape Grim) AOD and SDA measurements were averaged hourly with

a minimum threshold of 5 observations per month to align with model temporal output.

Model values without a matching observation were dropped from analysis datasets (see

Appendix A.10 for further details on data processing).

Figure 19: Voyage tracks of AERONET MAN Voyages over the time period 2016–2018. Each

dot is representative of where an available AOD measurement has been made, colour-coded for

each voyage to indicate the spatial distribution of data.
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6.4 Cloud Condensation Nuclei observations

CCN data was collected from two voyages and two stations within the study temporal and

spatial bounds. Voyage CCN data at 0.5% SS was collected using CCN-110 CCN counters

on both the Antarctic Circumnavigation Expedition (ACE), and the Measurement of

Aerosols, Radiation, and Clouds over the Southern Ocean (MARCUS) voyages (see Figure

20). CCN measurements were collected from Cape Grim at 0.5% SS, and Macquarie Island

at 0.45% SS and 0.55% SS using similar CCN-100 counters. An estimate of CCN at 0.5%

SS at Macquarie Island cannot be made by averaging 0.45%SS and 0.55%SS measurements

and instead these observations may be used broadly to determine overall bias, evaluated

against the model separately. If a significant proportion of measured aerosols had sizes

close to the critical diameter, small changes in the specified SS% may lead to substantial

changes in CCN depending on atmospheric conditions (discussed in Section 1.5) [Duplissy

et al., 2008, Fossum et al., 2018]. At all stations and voyages, data was quality controlled

by standardised filtering and flagging processes (see Stratmann and Gysel [2015] and

Appendix A.10).

Figure 20: Tracks of the ACE and MARCUS Voyages. Each dot is representative where a

CCN measurement has been made and passed through quality-control methods outlined in Ap-

pendix A.10. The ACE voyage completed a circumnavigation of Antarctica from 20/12/2016 to

19/3/2017 in the Southern Ocean. The MARCUS voyage collected CCN data from 29/10/2017

to 25/03/2018, departing from Hobart (TAS), and completed four resupply missions to the four

Antarctic/sub-Antarctic stations. The individual lines on the right plot show the four resupply

voyages within the MARCUS voyage scheme - these have been grouped together in the MAR-

CUS dataset to increase the total data points and facilitate a meaningful comparison with the

model as voyages occurred within a similar timeframe.
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6.5 Radiation and Cloud Fraction observations

Observational SW TOA All-Sky radiation flux data was obtained from the Clouds and

Earth’s Radiant Energy System (CERES)-Energy Balanced and Filled (EBAF)-TOA Edi-

tion 4.1 product [Loeb et al., 2018]. The TOA SW ↑ Flux defines TOA at 20km altitude,

outputs monthly averaged data at a spatial resolution of 1◦ x 1◦ Latitude/Longitude and

has a uncertainty defined as ±2.5 W/m2 (see Appendix A.7 for discussion on managing

model-observation uncertainty) [Loeb et al., 2018].

Low cloud fraction (defined as between 680-1000hPa) was downloaded from the GCM-

Oriented Cloud-Aerosol Lidar and Infrared Pathfinder Satellite Observation Cloud Prod-

uct (CALIPSO-GOCCP) at a resolution of 2◦ x 2◦ Latitude/Longitude [Chepfer et al.,

2010]. Direct comparison of model output and satellite-based data is limited in that it does

not account for satellite measurement biases. It is recommended to run the Cloud Feed-

back Model Intercomparison Program (CFMIP) Observation Simulator Package (COSP)

online with the model to account for such biases and enable direct model-observation com-

parison [Bodas-Salcedo et al., 2011]. The implementation of COSP within ACCESS-CM2

was unavailable, but nevertheless a useful comparison may be made. To align with out-

put model values, the CERES-EBAF and CALIPSO-GOCCP data was regridded to the

model grid at a 1.25◦ x 1.85 ◦ resolution using a bilinear interpolation method (Climate

Data Operators function cdo remapbil) [Schulzweida, 2019].

This thesis assimilates multiple sources of observational data. While this thesis under-

takes efforts to ensure the uncertainty of each observational dataset is accounted for, each

instrument used will have differing inherent biases through instrumental setup and cal-

ibration factors. See Appendix A.7 for a discussion on uncertainty within observations

and model simulations in this thesis.

6.6 Statistical analysis

This thesis follows the lead of atmospheric chemistry model-observation evaluation studies

which use common statistical metrics to determine bias, correlation, error, and agreement

(as described in Table 8) [Lamarque et al., 2013, Bowman et al., 2013, Gueymard and

Yang, 2020, Gliß et al., 2020]. Chapter 7 uses Probability Density Function Histograms

to illustrate differences in data distribution, and uses standard deviation as a measure of

inter-annual variability.
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The lack of ensemble members in this thesis prevents the spatial testing of significance

often seen in multi-model evaluations. Meaningful results are hence interpreted through

whether model-observation differences fall within the observations’ range of uncertainty

(see Appendix A.7). As reducing model bias is the key focus within the SO modelling

community, this thesis largely focuses on bias metrics in result discussions.

Metric Mathematical expression

Correlation coefficient
r =

∑
(Mi−M̄)(Oi−Ō)√∑

(Mi−M̄)2
∑

(Oi−Ō)2

Mean Bias
MB = 1

N

∑
(Mi −Oi) = M̄ − Ō

Root Mean Square Error
RMSE =

√
1
N

∑
(Mi −Oi)2

Normalised Mean Bias
NMB =

∑
(Mi−Oi)∑

Oi
= (M̄

Ō
− 1)

Index of Agreement
1−

∑N
i=1(Mi−Oi)

2∑N
i=1(|Mi−Ō|2+|Oi−Ō|2)

Table 8: Statistical evaluation metrics, adapted from [Yu et al., 2006, Hayman et al., 2014]. The

statistic, Index of Agreement, provides a standardised measure of the degree of model prediction

error which does not rely on a linear relationship (as does standard metrics of correlation) and

is widely implemented for cross-comparisons of different models’ performances. This is because

the statistic is easily-understood through its range from 0 to 1, where 0 indicates no agreement

and 1 indicates perfect model performance [Willmott, 1982, Hayman et al., 2014].

Traditional metrics of bias (NMB) and error (Mean Normalised Absolute Error) create

issues of asymmetry and inflation, depending on the sign of the model bias. The statistics,

Normalised Mean Bias Factor (NMBF) and Normalised Mean Absolute Error Factor

(NMAEF) address both issues and are particularly recommended for use in atmospheric

chemistry contexts (discussed in Appendix A.10.1) [Yu et al., 2006]. NMBF is defined as

follows:

If̄(M) ≥ Ō : NMBF =

∑
Mi∑
Oi

− 1 =

∑
(Mi −Oi)∑

Oi

=
M̄

Ō
− 1 (10)

If̄(M) ≤ Ō : NMBF =

(
1−

∑
Oi∑
Mi

)
=

∑
(Mi −Oi)∑

Mi

=

(
1− Ō

M̄

)
(11)
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NMAEF is defined as follows:

If̄(M) ≥ Ō : NMAEF =

∑
|Mi −Oi|∑

Oi

(12)

If̄(M) ≤ Ō : NMAEF =

∑
|Mi −Oi|∑

Mi

(13)

where M = model & O = observed values.

NMBF is interpreted where if NMBF is positive, the model overestimates observations by

a factor of NMBF + 1. If NMBF is negative, the model underestimates observations by a

factor of 1-NMBF. For example, an NMBF of 1.1 indicates that the model overestimates

observations by a factor of 2.1, and a NMBF of -1.1 indicates the model underestimates

observations by a factor of 2.1. While NMBF has been used as an improved metric of

bias, NMB has also been calculated where necessary to ensure evaluation against previous

studies is possible (see Table 4).
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7 Results

Based on the methodologies outlined in Chapter 6, Section 7.1 compares simulated wind-

speed and direction against observations. Section 7.2 compares the output concentration

of chemical species between simulations and evaluates simulated sea-salt concentrations

and size-distributions against available observations. Sections 7.4 and 7.5 compare simu-

lated AOD and CCN against observations seasonally and spatially, respectively. Finally,

Section 7.6 compares modelled CDNC, TOA SW ↑ radiation, and Cloud Fraction between

simulations and against satellite-based observations. Results have been discussed as they

are presented in context of study findings.

7.1 Meteorological validation

The modelled meteorological variables, wind-speed and wind-direction, are compared to

the reanalysis dataset used in the model nudging routine (described in Appendix A.4).

Descriptions of ACCESS-CM2 meteorology in this section refer to BASE run output. All

model data at a station-level has been subset using the nearest model gridbox. Simulated

wind-speed was analysed to ensure that the nudging routine in ACCESS-CM2 was func-

tioning correctly, and to evaluate whether the model realistically represented observed

wind-speed as both the PMOA and sea-salt emission routines utilise wind-speed (see

Section 5.2). Simulated wind-direction was evaluated against observations to determine

whether the model captured the same provenance of air parcels as observations, and how

accurately the model would be able to screen for baseline conditions at Cape Grim.

7.1.1 Wind speed:

This section demonstrates that ACCESS-CM2 reproduced consistent wind-

speed across perturbation simulations, indicating a successful implementation

of the nudging routine. ACCESS-CM2 exhibited considerable bias compared

to station observations dependent on the station and season; this bias was

greatest in summer and smallest in winter. Underestimation of wind-speed

by the model would result in fewer wind-generated SSA, which would likely

reduce mass-dominated AOD and number-dominated CCN values.

The BASE and perturbation simulations exhibited mean wind-speeds within a maximum

difference of 0.131% of each other, representing the nudging functioning as anticipated.

Consistent meteorology between simulations was important to ensure that changes in

aerosols were the result of changes to aerosol/chemistry schemes, not fluctuations in me-

teorology. ACCESS-CM2 exhibited good correlation of 0.995 and agreement (IOA=0.747)
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with ERA-I nudging data averaged over the SO, shown in Figure 21. However, the model

underestimated wind-speed by approximately 5.10% (Table 9). Discrepancy between re-

analysis and simulated surface wind-speed can be expected as nudging occurs within

the free troposphere; boundary-layer meteorology is dependent on model meteorological

dynamics.

Figure 21: Average model, reanalysis and observational surface wind-speed averaged over the

Southern Ocean (40–60◦S), and selected for the nearest gridpoint at Cape Grim, Macquarie

Island, and King Island. Data was selected at 6-hourly intervals to align with the nudging

routine and grouped monthly from 2016–2018. Similar bias metrics were observed when data was

averaged 6-hourly. ME = comparison of ACCESS-CM2 model and ERA-I, MO = comparison of

ACCESS-CM2 and observations, R = correlation, RMSE = Root Mean Square Error (defined

in Table 8).
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ACCESS-CM2 exhibited increased bias when compared against observations, and exhib-

ited further decreases in agreement at all stations (compared to ACCESS-CM2-ERA-I

statistics) (Tables 10, 11, & 12). Model-observation bias was not consistently negative

(as in comparisons with ERA-I). ACCESS-CM2 reported a negative bias at Cape Grim

(NMBF= -0.621) and positive bias at Macquarie Island (NMBF= 0.0402). The model

performed particularly poorly at Cape Grim with a correlation of 0.468 and IOA of 0.075,

compared to a correlation of 0.940 and IOA of 0.885 at Macquarie Island. NMBF be-

tween ACCESS-CM2 & observations improved at all stations in winter due to increases

in standard deviation; this brought simulated and observed wind-speed values to closer

agreement (Tables 33, 35, & 37). For example, at Cape Grim the model standard de-

viation was 1.6 times larger than the observed variability. This analysis has shown that

ACCESS-CM2 under-simulates wind-speed compared to Cape Grim and King Island ob-

servations, particularly so in summer-time. Therefore, a reduced flux of wind-generated

aerosols could be expected in summer which would reduce both simulated AOD and

CCN, and vice versa for overestimations of wind-speed (and consequently wind-generated

aerosols) at Macquarie Island.

Southern Ocean Average BASE ERA-I

Mean 9.69 10.2

Minimum 8.97 9.41

Maximum 10.2 10.8

Standard deviation 0.438 0.465

Relative Difference -5.10

Correlation 0.995

Bias -0.521

NMBF -0.0538

RMSE 0.523

NMAEF 0.0538

IOA 0.747

Table 9: Statistical summary of model, reanalysis and observational wind-speed averaged

spatially over the Southern Ocean (data selected every 6 hours, averaged 2016–2018).
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Cape Grim BASE ERA-I OBS

Mean 6.28 7.51 10.2

Minimum 4.73 6.46 8.78

Maximum 8.26 9.30 11.1

Standard deviation 1.06 0.845 0.661

Relative Difference -16.7 -38.4

Correlation 0.930 0.468

Bias -1.22 -3.90

NMBF -0.195 -0.621

RMSE 1.29 4.02

NMAEF 0.195 0.621

IOA 0.667 0.075

Table 10: Statistical summary of model, reanalysis and observational wind-speed at Cape

Grim (data selected every 6 hours, averaged 2016-01-01 to 2018-10-22 with available data, N =

21460).

Macquarie Island BASE ERA-I OBS

Mean 10.3 10.7 9.94

Minimum 9.19 9.38 8.67

Maximum 11.5 11.5 11.0

Standard deviation 0.641 0.606 0.687

Relative Difference -3.25 4.10

Correlation 0.944 0.940

Bias -0.347 0.400

NMBF -0.0335 0.0402

RMSE 0.407 0.463

NMAEF 0.0357 0.0419

IOA 0.899 0.885

Table 11: Statistical summary of model, reanalysis and observational wind-speed at Macquarie

Island (data selected every 6 hours, averaged 2016-01-01 to 2018-12-31, N = 24077).
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King Island BASE ERA-I OBS

Mean 5.97 7.51 6.51

Minimum 4.51 6.46 5.41

Maximum 8.19 9.30 7.74

Standard deviation 1.10 0.845 0.570

Relative Difference -21.1 -8.83

Correlation 0.972 0.859

Bias -1.54 -0.539

NMBF -0.258 -0.0904

RMSE 1.58 0.863

NMAEF 0.258 0.126

IOA 0.592 0.743

Table 12: Statistical summary of model, reanalysis and observational wind-speed at King

Island (data selected every 6 hours, averaged 2016-01-01 to 2018-12-31, N = 24194).

The ratio of land to ocean within a model gridbox was investigated in Appendix A.11.2

as a source of simulated wind-speed bias. A negative relationship was noted between the

amount of land within a gridbox and model-observation wind-speed correlation, although

limited station data prevents this relationship from being stated with confidence.

7.1.2 Wind direction

This section shows that ACCESS-CM2 was only able to capture observed

wind-direction within 45◦ under half of the time. This has important impli-

cations for future modelling work screening for baseline conditions at Cape

Grim, and informs baseline-screening methods used in this research.

The following discussion evaluates how well simulated wind-direction agrees with obser-

vations through the metric of model skill defined in Chapter 6 at Macquarie Island and

Cape Grim which have available aerosol data for the remaining analysis. ACCESS-CM2

was able to capture the dominant South-West (SW) wind-direction at Cape Grim but un-

derestimated wind-speeds (Figure 22). Similarly, the model was able to capture dominant

observed wind-directions at Macquarie Island, but exhibited skew towards SW directions

(Figure 23). Model skill has been calculated for cardinal and inter-cardinal wind-directions

within a maximum angle of 45◦, 22.5◦ either side of the simulated angle. At Cape Grim

and Macquarie Island, model skill was averaged at 0.427 and 0.401 respectively, with

increased model skill in the SW (largely baseline) sector reported as 0.431 at Cape Grim

and 0.418 at Macquarie Island. Thus, ACCESS-CM2 captures observed wind-direction

less than half the time at both stations.
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Figure 22: Wind roses of observational and simulated wind-speed and direction. The dom-

inance of green and yellow colours in the ’Model’ plot show that the model over-represented

lower wind-speeds compared to the model, which had a larger proportion of wind-speeds in red

colours (faster wind-speeds). The figure on the right shows the model skill grouped by wind di-

rection. This plot shows how frequently the model captured the observed wind direction within

a maximum angle of 45◦ (22.5◦ either side of the simulated angle).

Figure 23: Wind roses of observational and simulated wind-speed and direction. The figure

on the right shows the model skill grouped by wind direction.
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Poor model skill in wind-direction ensures ACCESS-CM2 cannot be screened for baseline

conditions at Cape Grim using simulated wind-direction. Instead, all datasets at Cape

Grim have been aligned on matching time-steps and screened using observational wind-

directions. All other stations and voyages are unable to use baseline screening methods

(see Appendix A.13.3 for an example). For these observations, poor model wind-direction

skill suggests that ACCESS-CM2 may sample air masses with different provenances than

observed. While sea-salt has a largely homogeneous source over the SO (over aerosol life-

times), biogenic aerosols such as PMOAs have strong regional variations. Poor simulated

wind-direction may result in different aerosol populations being sampled from varying spa-

tial sources between the model and observations. Sampling different air-masses compared

to observations is discussed in reference to AOD and CCN Probability Density Function

distributions in Figures 37 & 49 later.

Summary of model meteorological evaluation:

Based on the preliminary analysis conducted in this section, we conclude:

• The nudging routine was successfully implemented in ACCESS-CM2 as all pertur-

bation runs exhibited mean wind-speeds within 0.13% of each other (0.02 ms−1)

• Model bias varied between observational stations subject to seasonal variations with

increased model skill in winter

• Underestimation of observed wind-speed at Cape Grim would result in lower sim-

ulated emissions of sea-salt. Conversely, at Macquarie Island, overestimation of

wind-speed would lead to too much modelled sea-salt. This is important for AOD

and CCN interpretations later (Sections 7.4 & 7.5)

• ACCESS-CM2 cannot be screened for baseline conditions at Cape Grim with high

confidence due to low skill in wind-direction simulation

• These findings have informed future methods in this thesis where all model baseline

Cape Grim datasets have been screened using observational wind-direction
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7.2 Model Chemistry

This section provides an analysis of chemical composition and processes within ACCESS-

CM2, and how these features have changed with perturbations to the model. Firstly, this

section compares how perturbations in the model affect the concentration of chemical

species, and utilises available observations of sea-salt to draw a conclusion of model sea-

salt bias. Secondly, oxidation processes are investigated both seasonally and zonally, and

aerosol size distributions are compared against observations to identify biases.

7.2.1 Chemical species

This section demonstrates that using online or offline chemistry schemes pro-

duces vastly different chemical concentrations, particularly DMS and its oxi-

dation products. Online chemistry increased emissions of oxidants, resulting

in suppressed sea-salt concentrations. The following analysis focuses on sulfur-

containing compounds that are most relevant to Southern Ocean aerosols. Output chem-

ical concentrations were extracted, converted to the most commonly used units, averaged

over the Southern Ocean and plotted to facilitate inter-simulation comparison in Figure

24. It is important to note that the output concentrations shown in Figure 24 are the

result of competing source and sink processes.

DMS: Models followed the well-known seasonal cycle of DMS with a maximum in sum-

mer and a minimum in winter [Ayers et al., 1997a]. The PMO and BASE models utilise

the same offline DMS scheme and exhibit a similar seasonal DMS distribution that dif-

fered by 0.239% annually. The CHEM run, which used an online DMS emission scheme,

departed from this pattern and exhibited increased concentrations from autumn despite

an increased A-factor for DMS oxidation by OH (Tables 3 & 7). CHEM DMS concen-

trations reached a maximum difference from the BASE run in winter (183% larger) and

returned to BASE/PMO values in spring (relative difference -4.02%). The increase in

CHEM-simulated DMS in autumn and winter months may be representative of increases

in online DMS emissions compared to offline pre-computed DMS emissions in the BASE

& PMO runs. Alternatively, this may be due to a decreased DMS sink through a lack

of DMSO production in the CHEM run, despite having an additional DMS oxidation

reaction compared to offline chemistry (Tables 3 & 7).

SO2: All simulations captured the seasonal cycle of SO2, which exhibits a similar cycle to

DMS mentioned above [Ayers et al., 1997b]. Opposite to DMS, the CHEM run simulated

lower concentrations of SO2 in Autumn by 11.2% (compared to the BASE run), and in-

creased to be 7.97% larger than the BASE run in summer. Both offline schemes simulated

similar SO2 seasonal distributions and differed by 1.66% annually. Interpreting simulated
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SO2 concentration is difficult as it is involved in multiple chemical processes as both a

reactant and a product. Decreased SO2 values in the CHEM run could be indicative of an

increased sink term from autumn to spring, such as increased gas-phase oxidation (SO2

+ OH → H2SO4 + HO2). Additionally, decreased concentrations may be the result of

deficiencies in source terms such as the lack of DMSO (which produces SO2) in online

chemistry, or a reduction in cloud-processing (see Equation 2). Section 7.2.2 investigates

these potential causes further.

H2SO4: H2SO4 concentrations showed the largest discrepancy between simulations, with

maximum differences occurring in summer. All models captured seasonal trends following

what is expected of nss-sulfates (maximum in summer, minimum in winter). The BASE

run had the highest average concentration of 1.54e10 molec cm−3 in summer, and a mini-

mum concentration of 0.285e10 molec cm−3 in winter. Relative to the BASE run, the PMO

and CHEM runs exhibited differences of -22.7% and -85.4% in summer, and -15.2% and

-66.3% in winter respectively. Decreases in CHEM-simulated H2SO4 may represent de-

creased gas-phase SO2 oxidation, or increased nucleation processes which consume H2SO4

(described in Section 3.1.2). Injection of OM into the PMO-run Aitken-mode increases

Aitken-mode surface area which may act as a condensation sink for H2SO4. This may

explain the decreased PMO-run output of H2SO4 in biologically-active spring and summer

seasons.

Oxidants:

For all oxidant species (OH, H2O2, O3, and NO3), the BASE & PMO runs share the

same prescribed oxidant emission outputs, hence comparison is conducted between online

chemistry (CHEM) and offline chemistry.

OH: Offline and online simulations exhibited a similar seasonal cycle of differing magni-

tudes where online chemistry was biased higher by a factor of 2507 (NMBF = 2506) (seen

more clearly in Figure 25). It would be difficult to attribute increased concentrations of

CHEM-simulated OH to any particular reaction, as OH is involved in numerous reactions

(Table 7). Due to the relatively constant annual bias, it is likely that online chemistry

has increased OH emissions.

O3: Expected seasonal distributions of O3 are simulated in both online and offline chem-

istry (minimum in summer and maximum in winter) [Oltmans et al., 2006]. Online

chemistry exhibited increased O3 output concentrations by 67.3% in summer and 32.4%

in winter relative to offline chemistry, with an annual NMBF of 0.417. The role of O3 in

offline and online chemistry is discussed further in Section 7.2.2.
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NO3: Offline and online simulations followed a similar seasonal distribution of NO3, but

instead online chemistry reported a consistent negative bias with a relative difference of

-91.6% in summer and -90.5% in winter compared to offline chemistry (annual NMBF=-

9.43).

DMSO: The seasonal cycle of DMSO was captured by both offline models, BASE and

PMO, and differed by -0.433% annually due to a shared DMS chemistry scheme. The

BASE run exhibited an maximum average value of 13.6 ppt in summer, and a minimum

of 0.540 ppt in Winter. While the CHEM run exhibited trace amounts of DMSO, this is

a remnant of the model file used to initialise the CHEM simulation at the first timestep,

and is negligible as it is not included within the chemistry scheme (Figure 25).

HO2: Offline and online simulations represented the seasonal distribution expected of

HO2 (peak in summer, minimum in winter). Again, online chemistry exhibited substan-

tially higher concentrations of HO2 by a factor of e5; 1450 times larger in summer and 1903

times larger in winter relative to offline chemistry (annual NMBF = 1542). As the product

of gaseous SO2 oxidation, it may be concluded that the online scheme simulates increased

gas-phase oxidation. However, this bias was relatively consistent seasonally hence further

analysis in Section 7.2.2 has determined whether this is the case, or whether increased

online-simulated HO2 is the artefact of increased online oxidant emissions.

Sea-salt: Averaged over the SO, sea-salt concentration was fairly constant seasonally in

all models, although a seasonal cycle would be expected. The PMO had the highest output

sea-salt concentration with an average value of 14.3µg/m3, and differed from the BASE

run by 0.0885% annually as both simulations share offline sea-salt emissions. The CHEM

and SSALT runs simulated average values of 10.8µg/m3 and 6.30µg/m3, 24.5% and

55.9% lower than the BASE run respectively. Decreased CHEM sea-salt concentrations

are discussed further in Section 7.3.
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Figure 24: Annual cycle of output chemical species for the BASE, PMO, CHEM, and SSALT

model. Data utilises the hourly model output from 2016–2018 for each simulation, grouped by

month and averaged accordingly.
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Figure 25: DMSO, OH, and HO2 model output concentration plotted on two axes to identify

seasonal cycles. The colour of the axis text corresponds to the colour of the line plotted.

Having established changes to mean sea-salt incurred via model perturbations, we next

compare simulated sea-salt against observations to establish bias. Figure 26 shows a com-

parison of observed ACSM Cl− multiplied by a factor of 51 as outlined in Section 6.2, and

simulated accumulation-mode sea-salt corresponding to the track of the CAPRICORN

II Voyage. All simulations underestimated both mean accumulation-mode sea-salt con-

centration and variability compared against observations. Appendix A.7 describes the

limitations of the ACSM instrument and explains why comparison against accumulation-

mode particles is most suitable as the ACSM is unable to capture larger particle sizes.

While all simulations reported good correlations against observations above 0.76, the

BASE, PMO, CHEM and SSALT runs underestimated accumulation-mode sea-salt con-

centrations by 79.9%, 80.2%, 85.2% and 89.1% respectively (13). Figure 26 also shows

the lack of variability in all simulations compared to observations, most notably seen

in the modified sea-salt source function SSALT run with a standard deviation of 0.0350

compared to observations of 0.937.
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Figure 26: Comparison of observed Cl− recorded on an ACSM on the CAPRICORN II Voy-

age. The top panel shows observed Cl− compared against total output sea-salt for all model

runs, which is the sum of the accumulation and coarse mode sea-salt. The middle panel shows

observations compared to simulated accumulation-mode sea-salt. The bottom panel shows cor-

relation plots comparing observed Cl− with simulated accumulation-mode sea-salt respective

for each model simulation, as the accumulation mode provided a fairer comparison with ACSM

data.

It is clear that all ACCESS-CM2 simulations underestimated both the magnitude and

variability of mean observed sub-micron sea-salt concentration. Perturbation simulations

worsened simulated accumulation-mode sea-salt bias, where the BASE run performed the

best and the SSALT run exhibited the worst bias (Table 13). As coarse-mode sea-salt

observations were unavailable for comparison to models at this stage, clear conclusions of

the overall sea-salt bias cannot be drawn yet. Section 7.4.6 provides a proxy for coarse-

mode sea-salt and discusses model bias further.
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CAPRICORN II

sea-salt
OBS BASE PMO CHEM SSALT

Mean 1.53 0.278 0.274 0.204 0.125

Min 0.0340 0.0163 0.0177 0.0118 0.00874

Max 3.88 0.802 0.717 0.541 0.294

Relative

Difference (%)

-1.25

(-77.6%)

-1.25

(-78.1%)

-1.32

(-83.6%)

-1.40

(-89.1%)

Correlation 0.782 0.792 0.788 0.763

Bias -1.25 -1.25 -1.32 -1.40

NMB -0.817 -0.820 -0.866 -0.918

NMBF -4.48 -4.57 -6.47 -11.2

RMSE 1.49 1.49 1.57 1.66

NMAEF 4.48 4.57 6.47 11.2

IOA 0.184 0.182 0.131 0.0628

Standard

deviation
0.170 0.167 0.125 0.0645

Table 13: Statistical summary of observed ACSM Cl−**51 and simulated accumulation-mode

sea-salt over the CAPRICORN II Voyage. All mean model-observation differences are outside

the threshold of observational variability defined in Appendix A.7 (0.0174).

Comparison of chemical output species has indicated contradictory suggestions for how

sulfur is transformed differently using online chemistry in ACCESS-CM2. Decreased SO2

and increased HO2 concentration outputs suggested a potential increase in gas-phase

oxidation or merely an increase in oxidant species concentration, while decreased H2SO4

concentration suggested decreased gas-phase oxidation. The next section clarifies these

relationships by examining sulfur oxidation pathways.

7.2.2 Oxidation pathways

Implementation of online chemistry resulted in increased gas-phase and aqueous-

phase oxidation by H2O2, associated with increased oxidant availability as rate-

limiting reagents. Increased gas-phase oxidation and cloud-processing would

likely result in increased particle size/number, and CCN size respectively. De-

spite increased availability of O3, online chemistry decreased aqueous-phase

oxidation via O3, suggesting the involvement of further factors such as cloud

fraction.
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Comparison of gaseous and aqueous oxidation reactions in each simulation can provide

insight into how sulfur is transformed, which has important implications for aerosol size

and formation. As described in Section 1.5, gas-phase oxidation forms H2SO4 via the

reaction in Equation 1, (SO2(g) + OH(g) −→ H2SO4(g) + HO2(g)). Gas-phase oxidation

can increase particle size or number depending on whether the molecule condenses with

existing particles (size) or water-vapour (number). The CHEM run exhibited a substantial

increase in total-column gas-phase SO2 oxidation by an average of 68.9% in summer and

89.5% in spring compared to the BASE run (Figure 27). All model runs represented the

expected seasonal cycle with a winter minimum and summer maximum coinciding with

maximum availability of the photolytically-produced OH reactant. Decreased OH oxidant

availability in winter (shown in Figure 24) saw the CHEM run reduce to only 27.4% larger

than the BASE run. Both offline models exhibited a similar flux and hence differed by

only -1.97% annually.

Zonally averaged gas-phase oxidation flux followed the zonal distribution of the rate-

limiting oxidant OH with decreasing flux towards higher latitudes as oxidant concentration

reduced (Figure 28). The CHEM run flux was 58.1% larger at 40◦S and 43.5% larger at

60◦S relative to the BASE run. A potential reason for increased gas-phase oxidation

in the CHEM run is increased OH oxidant concentration compared to the BASE run,

particularly in summer months and lower latitudes with higher photolytic production of

OH. However, we note that the output concentration is following the chemistry timestep,

and is the result of both source and sink processes (so this does not provide the value of

OH before gaseous oxidation reactions).

Figure 27: Seasonal and zonal distribution of total-column gas-phase SO2 oxidation flux

(mol s−1). These values are indicative of the total sulfate flux produced by the reaction of

SO2 with OH.
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Figure 28: Zonal distribution of simulated SO2 and OH (output following source and sink

processes). Note the different magnitudes on the x-axis for the offline (BASE) and online

(CHEM) model where the online oxidant concentration is a magnidue of three times larger.

Aqueous-phase oxidation provides an indication of chemical cloud-processing via H2O2

and O3 and informs interpretation of Hoppel minimums on size distributions (illustrated

later in Section 7.3). Changes in oxidation pathways are important to understand as

aqueous-phase oxidation is more efficient at producing sulfate aerosols than gas-phase

oxidation, and will therefore have larger impacts on AOD and CCN [Revell et al., 2019].

The CHEM run exhibited increased oxidation by H2O2 annually, and was larger than

the BASE run by 21.7% in summer, and by 54.7% in winter. Oxidation by O3 saw an

increased summer-time flux in the CHEM run, but decreased to 32.9% lower than the

BASE run in winter months. Both offline simulations exhibited similar flux values which

differed annually by 1.08% and 2.44% for oxidation by H2O2 and O3 respectively.
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Figure 29: Seasonal cycles of simulated sulfate production flux by H2O2 and O3.

The distribution of reactants and oxidants were examined zonally to identify influencing

factors in changed oxidation pathways. Figures 29 & 31 identified increased aqueous-phase

oxidation in the PMO run compared to the BASE run, particularly in summer-time and

at lower latitudes. As both the PMO and BASE run utilise the same chemistry scheme,

these changes will be discussed further utilising the size distribution in Section 7.3.

Increased H2O2 aqueous-phase oxidation in the CHEM run was accompanied by increased

oxidant availability, particularly at lower latitudes. Zonally averaged at 40◦S, H2O2-sulfate

production flux was larger by a factor of ∼2 and output H2O2 concentration was larger by

a factor of ∼6 compared to at 60◦S. The positive relationship between sulfate production

flux and oxidant availability becomes more complicated for O3-based oxidation. Figures

30 & 31 show the CHEM run exhibited consistent zonal increases in oxidant (O3) and

reactant availability compared to the BASE run, including reactant precursors, OH and

SO2. Despite increased oxidant availability, the CHEM run exhibited decreased O3-sulfate

production by 24.3% at 40◦S and was continually lower than the BASE run up to 57.5◦S.

We then consider why the CHEM run exhibits decreased oxidation by O3, but increased

oxidation by H2O2.

Within UKCA, aqueous-oxidation by H2O2 (HSO−3 +H2O2 −→ SO2−
4 ) proceeds preferen-

tially compared to aqueous-oxidation by O3, and hence forms the rate-limiting factor for

sulfate production by O3. H2O2-mediated oxidation consumes the available HSO−3 first, re-

sulting in a lower amount of available reactant for oxidation by O3. What must be consid-

ered is that the output for sulfate production by O3 describes two reactions in both offline

and online chemistry schemes; the reaction of HSO−3 with O3 (HSO−3 + O3 −→ SO2−
4 ),
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and of SO2−
3 with O3 (SO2−

3 + O3 −→ SO2−
4 ) (Tables 3 & 7). The contribution of each

reaction to total sulfate output cannot be ascertained due to lacking model complexity.

Differences in oxidation between the BASE and CHEM runs may also be a function of

cloud fraction, which is required in the calculation of cloud-processing equations within

UKCA [Abraham et al., 2016]. Differences in simulated cloud-fraction are discussed in

Section 7.6.3.

Figure 30: Zonal distribution of simulated sulfate production flux by H2O2 and O3.

Figure 31: Zonal distribution of simulated H2O2 and O3 (output following source and sink

processes), averaged longitudinally over the Southern Ocean.
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This section has identified how the inclusion of online chemistry resulted in changed

oxidation pathways. The next section illustrates how these changes have been manifested

in the simulated size distribution. We could expect to see an increase in the Hoppel

minimum in the CHEM run due to increased aqueous-phase oxidation by H2O2, but also

a reduced minimum due to decreased aqueous-phase oxidation by O3.

7.3 Size distributions

Size distribution plots illustrate the size and number of aerosols within each mode. Com-

paring simulated size distribution plots can aid interpretation of how each simulation

changed chemical concentration and oxidation pathways as suggested in Section 7.2. We

may hypothesise the effect of each perturbation simulation on AOD and CCN due to

changes to simulated modal aerosol number and size and verify these changes in later

comparisons (Sections 7.4 & 7.5). Section 7.2.1 noted changes in simulated H2SO4, which

may be informed through analysis of the nucleation mode peak. Similarly, we can more

fully interpret changes in larger aerosols, such as sea-salt, through changes in the accumu-

lation and coarse modes. Changes in gas and aqueous-phase oxidation noted in Section

7.2.2 may be informed through analysis of the Hoppel minimum and both the peak height

and mean radius of the accumulation-mode peak. Size distributions have been calculated

averaged over the Southern Ocean and notable features in each simulation have been

described below.

7.3.1 Comparison of simulated size-distributions

Online chemistry exhibited increased aqueous-phase oxidation through in-

creased accumulation-mode peak height and decreased mean radius. Previously,

Figures 27 & 29 demonstrated that the CHEM run exhibited increased gas- and aqueous-

phase oxidation by H2O2, and decreased O3-based aqueous-phase oxidation. Increases

in aqueous oxidation would manifest in the size distribution through an increase in the

accumulation-mode peak, as cloud-processing adds increased particle number and hence

mass to the mode. Increases in cloud-processing would also result in more Aitken-mode

particles growing to enter the accumulation-mode. This would be represented on a size-

distribution plot through the shifting of the accumulation-mode peak towards the Aitken-

mode. Averaged over the Southern Ocean, the CHEM run reported an accumulation-mode

peak which was 5.39% larger in particle number and 14 nm smaller in mean diameter

(5.26%) compared to the BASE run, likely confirming an increase in cloud-processing in

the CHEM run.
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Online chemistry exhibited a lower coarse-mode mean radius, indicative of

decreased sea-salt. The CHEM coarse-mode peak was 10.1% larger in particle number

but 13.7% lower in mean diameter compared to the BASE run. Section 7.2.1 reported

a decreased sea-salt output in the CHEM run, hence it may seem counter-intuitive that

the CHEM run would have an increased coarse-mode peak height. Rather, the mean

diameter bias towards smaller particles represents the lack of larger sea-salt particles,

and the increased particle height is likely the result of increased nss-sulfate products

(potentially from increased CHEM-emissions suggested in Section 7.2) that have grown

to coarse-mode sizes. Both offline simulations exhibited similar coarse-mode distributions

due to similar sea-salt emissions which dominate the coarse-mode (shown in Figure 24).

Decreased H2SO4 output in online chemistry was likely explained by increased

nucleation-mode particle number. The CHEM run exhibited the lowest output

H2SO4 concentration of all compared simulations (Figure 24). H2SO4 can be consumed

through condensation processes in the nucleation mode, which would manifest as a larger

nucleation-mode peak in a size distribution. The CHEM run exhibited a nucleation-

mode peak particle number that was 16.2% larger than the BASE run. Increased particle

number originating from the nucleation-mode progressed through aerosol modes, with

CHEM-simulated peaks larger by 24.7%, 5.39% and 9.09% compared to BASE run for

the Aitken, accumulation and coarse modes respectively (Figure 32).

Introduction of OM mass through the PMO parameterisation increased Aitken-

mode particle size and accumulation-mode particle number. These changes

will likely increase simulated AOD and CCN. The Gantt et al. [2012a] parame-

terisation in the PMO simulation injects OM mass into the upper Aitken-mode that is

rapidly transferred to the accumulation-mode. On the size distribution plot, we would

expect to see the Aitken-mode peak shifting to larger diameters through introduction of

larger sized Aitken particles, and a resulting increase in peak accumulation-mode num-

ber. In the PMO run, the mean Aitken-mode diameter increased by 80.3% and the

accumulation-mode peak height increased by 51.8% compared to the BASE run. Figure

32 shows the resulting increase in the PMO-simulated Hoppel minima as a result of these

changes. This increased Hoppel minima may also account for increased aqueous-phase

oxidation (cloud-processing) seen in the PMO run compared to the BASE run observed

in Figure 30, which could otherwise not be attributed to chemical differences due to both

runs using offline chemistry (seen in Figures 28 & 31).
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PMO run formed a condensation sink for H2SO4, accounting for the decreased

PMO-simulated H2SO4 output observed in Figure 24. The introduction of OM

in the PMO run increased Aitken-mode surface area which acts as a condensation sink

for H2SO4 in the nucleation mode. H2SO4 condenses onto pre-existing organic aerosols

in the Aitken-mode, and is therefore not available to nucleate new particles in the nucle-

ation mode. The result is fewer nucleation-mode particles, and increased sulfate mass in

the Aitken-mode. Increased condensation is accounted for in Figure 32, which shows a

decrease in PMO-simulated nucleation mode particle number by 15.8% compared to the

BASE run.

Figure 32: Southern Ocean size distribution, averaged spatially over the 40–60◦S domain and

temporally from 2016–2018, grouped into 50 size bins. Models identify clear peaks for the

nucleation, Aitken, accumulation and coarse modes which have been labelled appropriately. As

reference, the BASE run simulated mode peaks occurring at 11.4 nm, 46.2 nm, 266nm , and

2133 nm respectively for these modes (Table 15).
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Aerosol Mode mean diameter (nm) BASE PMO CHEM

Nucleation 11.4 10.8 11.6

Aitken 46.2 83.4 46.2

Accumulation 266 243 252

Coarse 2133 2133 1841

Table 14: Southern Ocean average of modal mean diameter (nm)

Aerosol Mode peak particle number

(dN/dlogDp)
BASE PMO CHEM

Nucleation 17.1 14.4 19.8

Aitken 59.7 35.5 74.5

Accumulation 88.2 133.9 93.2

Coarse 2.76 2.76 3.04

Table 15: Southern Ocean average of modal peak particle number (dN/dlogDp cm−3)

7.3.2 Comparison against observational size distribution

All ACCESS-CM2 simulations overestimated particle size and underestimated

particle number compared to observations. Figure 33 shows a comparison of model

size distribution corresponding with observed SMPS & APS values from the Ice Edge to

Equator Voyage (discussed in Section 6.2). Simulated coarse-mode aerosols exhibited a

mean particle diameter that was larger than observations by a factor of 5.15, 5.15, and

4.29 for the BASE, PMO, and CHEM run respectively (Table 16). Simulated coarse-

mode mean particle number was underestimated by 89.9%, 89.6%, and 88.9% compared

to observations for the BASE, PMO and CHEM runs respectively (Table 17). However,

due to inlet losses of large particles in the instrumental setup used in the field campaigns

described in Appendix A.8, these conclusions may be stated only with limited confidence.

There is higher confidence in the ability of the SMPS instrument to sample particles in the

Aitken (above 0.01µm) and accumulation-mode, hence the following discussion focuses on

these size modes.

The BASE and CHEM simulations underestimated Aitken-mode peak particle number by

89.3% and 90.6% respectively, and both overestimated mean particle diameter by 91.7%

compared to observations. The PMO peak was not detected using the peak-detection

method outlined in Section 6.2, but is shown to be larger than both simulations on

Figure 33. All simulations of peak particle number exhibited closer agreement to obser-

vations in the accumulation-mode, but again reported increased particle sizes. Simulated
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accumulation-mode particle numbers were still 40.7%, 26.7%, and 39.7% lower than ob-

servations for the BASE, PMO, and CHEM runs respectively, and particle diameters were

overestimated by 177% by all simulations (Tables 16 & 17).

Figure 33: Size distribution averaged spatially and temporally over the Ice Edge to Equator

Voyage plotted on a log-log scale. Model data has been grouped into 50 size bins. Observational

values shown in the red dots consist of measurements from two instruments; the first section

being SMPS observations up to 598 nm (denoted on the plot up to the pink dashed line), and the

remainder are APS measurements. The cut-off for CCN at 0.5% SS is shown in the red dotted

line at 50 nm, where the integral under the remainder of the size distribution curve provides the

total simulated or observed CCN values.

Aerosol Mode

mean diameter (nm)
OBS BASE PMO CHEM

Nucleation (not detected) 11.5 11.5 (not detected)

Aitken 21.8 41.8 (not detected) 41.8

Accumulation 95.4 264 264 264

Coarse 388 2000 2000 1664

Table 16: Ice Edge to Equator Voyage simulated and observed aerosol mode mean diameter

(nm).
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Aerosol Mode peak

particle number

(dN/dlogDp)

OBS BASE PMO CHEM

Nucleation (not detected) 12.51 8.25 (not detected)

Aitken 104 11.13 (not detected) 9.81

Accumulation 98.0 58.1 71.8 59.1

Coarse 30.3 3.07 3.14 3.35

Table 17: Ice Edge to Equator Voyage simulated and observed aerosol mode peak particle

number (dN/dlogDp cm−3).

7.3.3 Seasonal simulated size distributions

Comparison of seasonal size distributions enables interpretation of the dif-

ferent biological and photolytic influences between simulations. Increases in

Aitken-mode particle size and accumulation-mode number were largely ob-

served in biologically-active months within the PMO run. Increased nucleation-

mode particle number simulated in the CHEM run was similarly largest in

photolytically-active months, suggesting the role of OH and increased gas-

phase oxidation in new particle formation suggested in Section 7.2.2.

Figure 35 clearly illustrates that the PMO run had the largest effects in biologically-

active months; increases of [chl-a] in summer and spring are utilised by the Gantt et al.

[2012a] parameterisation to increase the OMfrac in SSA (Equations 5 & 6). For example,

the PMO-simulated Aitken-mode mean diameter was 64.4% larger than the BASE run

in summer, and Aitken-mode peaks were not detected in winter for comparison. Simi-

larly, accumulation-mode peak particle number was 69.8% larger in summer compared

against 19.7% larger in less biologically-active winter months. Increased Aitken-mode

peak diameters corresponded to decreased nucleation-mode peak numbers through in-

creased Aitken-mode surface areas acting as a condensation sink. This was particularly

noted in spring, where the PMO run saw a reduction in nucleation-mode aerosol number

by a factor of 1.2 compared to the BASE run (Figure 35).

The CHEM run both increased and decreased aqueous-phase cloud processing via H2O2

and O3, respectively (Section 7.2.2). While competing effects may result in a minimal

effect on size-distributions, an enhanced Hoppel minimum was observed with increased

accumulation-mode particle number in summer and spring months, coinciding with in-

creases in simulated cloud-processing (Figure 35).
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Increased nucleation was noted in the CHEM run in photolytically-active months of sum-

mer and spring. Figure 34 demonstrates the peak of CHEM-run nucleation-mode particle

number which was 51.7% larger than the BASE in spring, compared to a comparative

increase of 1.35% against the BASE run in winter (see Tables 38, 40, 42 & 44). Lower

winter-time nucleation particle number corresponds to the minimum of H2SO4 reported

by all models in Figure 24, although there are numerous factors involved in nucleation

processes such as new particle formation within the free-troposphere (discussed in Section

1.5). Increased nucleation-mode particle number does not necessarily mean increased nu-

cleation processes; this is discussed further in context with other variables examined in

Chapter 8. Increases in nucleation particle number enhanced particle numbers in larger

aerosol modes, particularly the neighbouring Aitken-mode. Aitken-mode particle number

increased by 56.6% in spring and 32.0% in summer compared to the BASE run (Tables

38 & 44). Increased particle number would consequently increase CCN concentration

(for particles above 50 nm), and therefore AOD would increase, which is dominated by

larger-sized particles. Increased nucleation in summer and spring suggests an increased

photo-chemical process, possibly attributable to increases in gas-phase oxidation forming

nucleation-mode H2SO4 suggested in Section 7.2.2 due to increased OH availability.

Figure 34: Nucleation mode aerosol number density of the BASE, PMO, and CHEM simula-

tions. Data used was hourly output from 2016–2018, grouped by month and averaged temporally

and spatially over the Southern Ocean domain (40-60◦S).
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It should be noted that not all Aitken particles may be explained through changes to

nucleation in the CHEM run. Figure 35 showed a winter-time increase of Aitken-mode

particles by 46.5% in the CHEM run compared to the BASE run, yet no substantial

increase in nucleation-mode aerosols. This suggests that a source of winter-time Aitken-

mode aerosols is missing, which is discussed in Section 8.1.

Figure 35: Southern Ocean seasonal size distributions. Hourly output data was grouped by

season within 50 size bins and averaged spatially over the 40–60◦S domain.
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Summary of model chemistry analysis:

In this section, we conclude:

• Increased oxidant availability in the CHEM run increased gas-phase and H2O2

aqueous-phase oxidation. Preferential oxidation via H2O2 suppressed aqueous-phase

O3 oxidation, although other factors such as cloud-fraction are possibly involved.

• The PMO [Gantt et al., 2012a] scheme increased Aitken and accumulation particles

in biologically-active months and therefore increased CCN and AOD values are

predicted to be simulated.

• The CHEM run increased nucleation particle numbers, corresponding to increased

production of H2SO4 through gas-phase oxidation. Increased particle number can

be expected to increase CCN and AOD, however decreases in simulated sea-salt

concentrations will likely counter these increases.

• All ACCESS-CM2 simulations were found to underestimate particle number and

overestimate particle size compared to observations, which has also been noted in

another GLOMAP Southern Ocean simulation [Woodhouse et al., 2020].
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7.4 Evaluation of Aerosol Optical Depth

Sections 1.7 & 3.2 established the dependence of model evaluations upon AOD to identify

bias and characterise aerosol populations. This section first establishes the AOD bias of

ACCESS-CM2 using statistical metrics outlined in Section 6.6, and how perturbations

to the aerosol-chemistry scheme have changed model bias. Next, this bias was examined

using wind-speed and direction to determine any local terrestrial influences on simulated

AOD at Cape Grim that must be accounted for. All simulations were explored to identify

whether AOD seasonality was captured, and how model bias changed seasonally. Finally,

model bias was investigated through identifying each aerosol mode contribution to AOD

between simulations, and compared against observations.

7.4.1 Magnitude of AOD

As suggested in Section 7.3, this section confirms that the PMO and CHEM

runs increased and decreased average simulated AOD respectively at all sta-

tions analysed. The SSALT run reduced simulated AOD with a more narrow

distribution of data. Importantly, ACCESS-CM2 simulations largely exhib-

ited a positive bias compared to observations across stations and voyages.

Averaged over the Southern Ocean, the PMO, CHEM and SSALT runs reported rela-

tive differences from the BASE run of 1.83%, -13.9%, and -43.4%, respectively, where

the CHEM run exhibited the lowest bias and the SSALT run simulated the highest bias

(Table 18).

Southern Ocean Average BASE PMO CHEM SSALT

Mean 0.148 0.150 0.127 0.0836

Min 0.102 0.103 0.0843 0.0514

Max 0.210 0.214 0.178 0.124

Relative Difference 1.83% -13.9% -43.4%

Correlation 0.993 0.947 0.821

Bias 0.00268 -0.0204 -0.0641

NMBF 0.0182 -0.161 -0.768

RMSE 0.00350 0.0213 0.0649

NMAEF 0.0186 0.161 0.768

Table 18: Statistical summary of simulated AOD averaged spatially and temporally over the

Southern Ocean. Statistical metrics have been described in Table 8, where NMBF = Normalised

Mean Bias Factor, RMSE = Root Mean Square Error, NMAEF = Normalised Mean Absolute

Error Factor.
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Despite reductions in mean AOD reported by the CHEM and SSALT runs, ACCESS-

CM2 simulations largely overestimated mean observed AOD. This indicates that even

without perturbations, ACCESS-CM2 BASE run exhibits a systematic positive bias over

the Southern Ocean region, which varied between stations. For example, mean BASE-

simulated AOD was 55.0% larger than observations at Cape Grim and 25.1% larger at

Macquarie Island. Boxplots shown in Figure 36 demonstrate the consistent AOD overes-

timation by the BASE, PMO, and CHEM runs, with a variable bias shown in the SSALT

run. For example, simulated mean SSALT-AOD was 7.12% larger than observations at

Cape Grim which reduced to -19.5% at Macquarie Island. Comparisons between voyage

data showed the largest discrepancies in AOD bias (NMBF) and error (NMAEF), where

the PMO run reported a mean simulated AOD 122% larger than observations, and mean

SSALT-simulated AOD was 48.7% lower than observations (see Appendix tables 46, 47,

& 48). As voyages largely occur during summer-months, seasonal AOD representation is

examined in Section 7.4.4 to identify whether this increased-overestimation in summer is

a consistent seasonal bias.

Figure 36: Boxplot comparison of simulated and observed AOD550nm at AERONET stations

over AERONET MAN voyages.
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Probability density function histograms shown in Figure 37 provide a representation of

data distribution within each simulation. Increased spread of data in all simulations

resulted in larger maximum values compared to observations that skewed the mean sim-

ulated AOD towards higher values (Figure 37). All ACCESS-CM2 simulations did not

capture low AOD values, particularly at Cape Grim where the BASE, PMO, and CHEM

runs exhibited a positive skew. Compared to voyage data, the SSALT run performs well in

terms of AOD distribution, but both the SSALT and CHEM runs feature a bimodal peak

that was not present in observations. This likely represents the sampling of separate air

masses with distinct aerosol populations, potentially a result of the poor wind-direction

model-observation agreement as discussed in Section 7.1.2. It is important to note that

the number of samples within this total Southern Ocean Voyage dataset was low due

limited available data (N=86).

The SSALT run exhibited a narrower distribution of AOD with an increased peak centred

at lower values compared to station-based observations. It could be expected that simu-

lated distributions would have a wider, smoother distribution of AOD in comparison to

observations, due to modeling limitations including a coarse spatial resolution, 6-hourly

meteorology nudging to reanalysis data, and parameterised emissions. This is the case

for the BASE, PMO and CHEM runs, but the modified sea-salt parameterisation in the

SSALT run resulted in kurtosis values twice as large as observed. For example, the Cape

Grim SSALT kurtosis was 18.6, compared to the observed value of 9.9. (Kurtosis provides

a measure of the weight of a distribution’s tails relative to the center, where increased

kurtosis describes a steeper distribution peak).
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Figure 37: Probability Density Histograms: Comparison of modelled and observed AOD. Data

presented in this plot is hourly-averages subset at each station, or corresponding with the time

and GPS coordinates of the voyages. Southern Ocean Voyages corresponds to the amalgamated

product of all 14 AERONET MAN voyages described in Section 6.3. The BASE and PMO runs

exhibit similar distributions of AOD, where the blue line (BASE) is plotted directly beneath the

orange line (PMO).

7.4.2 Relationship between wind-direction and AOD bias

Having identified a AOD positive bias within ACCESS-CM2 at Cape Grim,

this section determines the source of this bias to be representative of the

Southern Ocean, and not terrestrial influence. Cape Grim has the largest potential

for local terrestrial influence, unlike Macquarie and Amsterdam Islands where the model

assumes a completely oceanic gridbox (see Figure 61 & Appendix 62). While all Cape

Grim data used in analysis within this thesis is screened for baseline conditions (discussed

in Section 7.1.2), there is potential for terrestrial air parcels to be admitted within this

baseline screening through re-circulation systems. Hence, this section aims to identify

whether the baseline sector was the largest source of bias at Cape Grim, or whether other

terrestrial influences exhibit a positive bias that must be considered.
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The pollution-rose shown in Figure 38 demonstrates the strongest signal of AOD bias is

located within the oceanic baseline sector of Cape Grim (defined in Section 6.1). AOD

bias signal was calculated as the ratio of ACCESS-CM2 AOD to observed AOD, where

the model overestimates AOD by over a factor of 2.5 in the baseline sector. There is also

a source of AOD bias in the NWW sector; this suggests a potential source of AOD bias

from continental outflow, although the bias magnitude is notably lower. This source has

been further investigated using a Conditional Probability Function in Appendix A.13.3,

which concluded that baseline wind-direction screening methods were suitable for this

research.

Figure 38: Pollution Rose of AOD550nm at Cape Grim. AOD ratio calculated as the ratio of

ACCESS-CM2 simulated AOD/Observed AOD for all data (not baseline-screened).

Having attributed the AOD model bias to Southern Ocean wind-directions, the following

section evaluates the relationship between AOD and wind-speed.

7.4.3 Relationship between wind-speed and AOD bias

The SSALT Hartery et al. [2020] modified sea-salt source function was im-

plemented in response to concerns regarding the overestimated relationship

between AOD and wind-speed in the BASE Gong [2003] function. This sec-

tion demonstrates that the SSALT run reduced this overestimation relative to

observations at Cape Grim, although not as significantly at Macquarie Island

which may be attributable to poor simulated meteorological representation.
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A positive relationship is to be expected for AOD and wind speed due to increases in

wind-produced sea-spray aerosols that dominate AOD. Figure 39 shows that the observed

positive relationship is overestimated in the BASE run, with a slope over five times larger

than observations at Cape Grim, and approximately two times larger at Macquarie Island

(Table 19). The SSALT run improved this relationship, and simulated a slope that was

a factor of 1.4 larger than observations at Cape Grim, but a factor of approximately

two times smaller than observations at Macquarie Island. The reduction of AOD with

increasing wind-speed was expected for the SSALT run; reducing the wind-speed driven

sea-salt flux would reduce the number of heavy sea-salt aerosols and hence AOD, which

is dominated by mass.

AOD & wind-speed

relationship
OBS BASE SSALT

Cape Grim

Slope 0.00330 0.018 0.00462

Y-intercept 0.0610 0.0399 0.0585

Macquarie Island

Slope 0.00381 0.00740 0.00176

Y-intercept 0.0529 0.0529 0.0477

Table 19: Slope and y-intercept of AOD and wind-speed relationships at Cape Grim and Mac-

quarie Island. The PMO and CHEM runs have been excluded from this analysis as meteorology-

dependent sea-salt schemes remain unchanged and the meteorology was nudged.
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Figure 39: Relationship between AOD and winsdpeed for the BASE and modified sea-salt

parameterisation SSALT simulations, compared against observations. Note the number of values

in each wind speed bin (shown in the orange histogram) is the same for the BASE and SSALT

runs. Improved wind-speed-AOD relationships at Macquarie Island may be due to a model

under-representation of high observed wind-speeds, as the [Gong, 2003] production of SSA has

been shown to struggle at increased wind-speeds [Revell et al., 2019].

Having established the relationships between wind-speed and AOD for both the BASE

and SSALT sea-salt source functions, the following section evaluates the bias of each

simulation seasonally with varying wind-speed, biological and photochemical processes

between seasons.
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7.4.4 Seasonal representation of AOD

For a model to be considered representative of observed values, it must capture

both the observed distribution of AOD (shown in Section 7.4.1) and impor-

tantly, seasonal cycles and patterns. This section finds that all ACCESS-CM2

simulations represented seasonal patterns of observed AOD well, albeit with

substantial seasonal bias. The perturbation simulations exhibited improved

bias and correlation at different stations, with the exception of the SSALT

run which consistently exhibited an increased positive bias in winter. Figure

40 shows that all simulations captured the overall shape of seasonal AOD at all sites;

broadly speaking this includes a minimum AOD during winter-time which increases to-

wards spring and summer. The performance of each simulation has been analysed per

station in the following discussion.

Despite improvements in simulated wind-speed noted in Section 7.1.1 in winter, simulated

AOD bias and error (NMAEF) worsened during winter for all model runs at Cape Grim.

Model error bias (NMBF) increased by factors ranging from 3.3 in the SSALT run to 6.9 in

the CHEM run, where the SSALT run changed sign from negative in summer to positive

in winter. Notably, the increased winter-time AOD bias in SSALT-simulated AOD was

still a factor of four lower than the BASE run (Tables 50 & 51).

In contrast to results at Cape Grim, winter- and spring-simulated AOD saw the closest

model-observation agreement at Macquarie Island. Average winter NMBF values were

lower by a factor of 6.7 and 9.2 in the BASE and PMO runs respectively, with a complete

change of sign in the CHEM run from 0.307 in summer to -0.304 in winter. From June

to December, BASE, PMO, and CHEM modelled AOD overlapped within ±1 standard

deviation of observed annual AOD at Macquarie Island. The SSALT run consistently

underestimated AOD annually, but saw a worsening in bias by a substantial factor of 24

in winter.

Amsterdam Island reported the highest model-observation correlation values, where the

seasonal pattern is shown replicated well in all simulations in Figure 40. The BASE, PMO,

and CHEM models all reported a correlation over 0.975 which improved in winter, and

a fairly constant NMBF across the year. Contrary to other simulations, the SSALT run

saw a reduction in correlation from 0.999 in summer to 0.902 in winter with an increased

winter-time bias that changed signs to negative value of -0.141. The SSALT run was able

to reduce simulated AOD to within the range of observational uncertainty in summer and

winter at Amsterdam Island, shown in Tables 54 & 55.
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Intra-annual variability between seasons has previously been discussed for each simula-

tion. This discussion focuses on inter-annual variability through the metric of standard

deviation. Appendix figures 64, 65 & 66 demonstrate that across all stations, the BASE

and PMO simulations exhibited a higher inter-annual variability annually and across all

seasons for the study period; these differences were most noted at Macquarie Island and

Amsterdam Island. In particular, the BASE, PMO, and CHEM runs largely exhibited

an increased inter-annual variability for winter and spring compared against observations.

Notably, the SSALT run exhibited a decreased variability compared to observations but

showed increased variability in winter, which was also reflected in the reduced width of

AOD distributions relative to observations, shown in Figure 37. The next section identi-

fies whether seasonal variations in model-observation agreement were consistent spatially,

or subject to changes regionally.

Figure 40: Annual patterns of modelled observed AOD, shaded ± 1 standard deviation. Values

shown are the monthly averages of 2016–2018.
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7.4.5 Spatial representation of AOD

Clear regional increases in PMO-simulated AOD were simulated in biologically-

productive regions, likely as a result of the Gantt et al. [2012a] PMOA scheme

dependency on [chl-a ] to predict increased OM fraction in SSA. Zonal AOD

reductions were simulated in the CHEM and SSALT simulations consistent

with dominant wind-speed patterns in the Southern Ocean, hence AOD re-

ductions are likely due to the decreased (wind-generated) sea-salt, as seen in

Figure 24. Figure 42 shows a notable increase in PMO-simulated AOD by 10.3% in sum-

mer and 9.04% in spring compared to the BASE run between longitudes 60◦W to 10◦W,

which has been illustrated in Figure 41. Such increases in this region were only a feature

of the PMO run, as the CHEM and SSALT runs reported summer AOD differences of

2.13% and -0.867% compared to the BASE run.

Figure 41: Areas subset to calculate maximum difference between perturbation simulations

and the BASE run. The area of maximum increase in the PMO run is bounded by latitudes

40–60◦S and longitudes 300-350◦. Maximum decreases in AOD were noted in the CHEM and

SSALT run between latitudes 40-60◦S, and longitudes 0-290◦.
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Figure 42: Seasonal spatial differences between the BASE model and perturbation simulations,

shown as absolute (non-relative) differences. Land values have been kept in the figure to show

entire model output but in statistical analysis, land values have been masked and removed.
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The Gantt et al. [2012a] PMOA scheme utilises MODIS/Aqua satellite-derived [chl-a],

zonal wind-speed, and the dry diameter of SSA to determine the organic mass fraction

of SSA. With nudged meteorology and the same sea-salt emissions as the BASE run,

the dependency on [chl-a] is therefore likely responsible for increases in regional AOD.

Figure 43 shows the MODIS-Aqua [chl-a] product averaged seasonally. In this figure, it is

evident that the regions that show the largest increase in spring/summer AOD correspond

spatially to regions of high chlorophyll-a concentration. For example, the ’PMO-enriched’

region illustrated in Figure 41 saw a summertime increase of [chl-a] by 235% and 166% in

spring compared to a zonal region of background minimal [chl-a] (40–60◦S, 80–170◦W).

In Section 7.5 later, we will also see that changes in CCN correspond to biologically-

productive regions in the PMO model.

Figure 43: MODIS-Aqua Seasonal 9 km Chlorophyll-a concentration, 2016.

90



In contrast to the PMO run, both CHEM and SSALT runs exhibited an overall negative

bias in AOD over the 40–60◦S region, most notably so within longitudes of 0–290◦ in

the CHEM run (excluding the area of highest AOD increase noted in the PMO run).

Within this region (see Figure 41), the CHEM run reported a maximum seasonal averaged

difference compared to the BASE run in summer of 7.55%, while the SSALT run reported

the maximum average AOD difference of -32.2% in winter. Despite evidence of notable

increases in AOD near Antarctica, evaluation of these changes are beyond the scope of

this study (Figure 41). The next discussion identifies a potential physical mechanism

responsible for spatial decreases in simulated AOD.

Section 7.2 described reductions in simulated sea-salt concentration in the CHEM run

and to a greater extent, the SSALT run. Average reductions in sea-salt may contribute

one aspect to the total reduction in simulated AOD. Seasonally, we may investigate wind-

speed patterns to explain spatial changes in AOD due to the wind-generated nature of

sea-salt. Zonal 10 m seasonal wind-speed plotted in Figure 44 shows how areas of greatest

AOD change between the CHEM and SSALT runs and the BASE run correspond to

areas of increased wind-speed. Similarly, the ’PMO-enriched’ region which exhibited

lower reductions of AOD in the CHEM and SSALT runs (Figure 41) corresponds to a

marked decrease in mean wind-speed relative to the remainder of the 40–60◦S zonal band

by 3.16% in summer and 7.28% in winter. Due to the exponential nature of the sea-spray

aerosol flux in the Hartery et al. [2020] source function, higher wind-speeds would result

in the greatest difference between BASE and SSALT sea-salt AOD as seen in the reduced

slopes seen in Figure 39.

Explaining spatial changes in the CHEM run is more complex; Section 7.2 concluded that

increased oxidation processes would result in increased AOD, while decreased aqueous-

phase oxidation and reduced sea-salt output would reduce simulated AOD. Therefore,

while the CHEM-simulated AOD follows the spatial patterns of zonal 10 m wind-speed

(as sea-salt generated by the Gong [2003] source function is dependent on wind-speed),

there are more factors such as chemistry and cloud fraction involved that will be discussed

in Section 8.1. In this analysis, we assume sea-salt plays the most important role in

mass-dominated AOD as a large particle. The following section clarifies this assumption

through analysis of the contribution of sea-salt and other size-specified aerosols towards

total AOD.
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Figure 44: BASE run surface wind-speed output (m s−1) grouped seasonally and averaged.

7.4.6 Aerosol mode contribution to AOD

This section determined the role of sea-salt as a substantial contributor to

total AOD where, combined with nss-sulfates, coarse-mode AOD accounted

for nearly 60% of total AOD in the BASE run. As such, the most consequen-

tial changes in perturbation simulations were the reduction of sea-salt in the

CHEM and AOD runs which reported decreases in coarse-mode AOD of 6%

and 15% respectively. The contribution of each mode to total AOD when interpreted

with size distributions (discussed in Section 7.3) can provide an important insight into

why each perturbation exhibits a different mean AOD bias. Figure 45 shows changes

made to each mode’s AOD in different perturbation runs. The Gantt et al. [2012a] injec-

tion of OM mass into the Aitken insoluble mode saw an increase of 354% in the PMO run

compared against the BASE run. (We recall the Gantt et al. [2012a] parameterisation
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injects 75% of OM mass into the Aitken-insoluble mode, and 25% into the Aitken-soluble

mode). This corresponds to the increased Aitken-mode peak particle size in the PMO

run, which increased by 40.5% compared to the BASE run (Section 7.3).

Similarly, the Aitken-soluble mode AOD was 16.7% larger in the CHEM run compared

to the BASE run, likely as a result of increase particle number from enhanced nucleation

processes (discussed in Section 7.3). Changes in the accumulation and coarse soluble

modes are largely dominated by sea-salt shown by the sensitivity of ACCESS-CM2 to

the SSALT perturbation. The SSALT run exhibits a reduction in accumulation soluble

AOD by 26.5% and coarse soluble AOD by 59.0% compared against the BASE run.

Therefore, reductions in the CHEM coarse soluble mode by 22.4% are likely the result of

a reduced sea-salt output (Figure 24). Reductions in CHEM accumulation soluble mode

by 2.29% compared against the BASE run may either be the product of a shifting towards

lower particle sizes due to cloud-processing (discussed in Section 7.3), or a reduction in

accumulation-mode sea-salt. These changes to modal AOD have also been observed at

a station basis (see Appendix Figure 67). The following discussion describes changes to

modal AOD in the context of total AOD.

Figure 45: Changes in aerosol mode contribution to AOD between BASE model and pertuba-

tion runs. Data shown is averaged spatially over the Southern Ocean between years 2016–2018.

The blue line shows the median and whiskers represent 1.5 × the Inter-Quartile Range.
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The following discussion illustrates the contribution of each mode to total AOD, and

demonstrates the dominant role of coarse-mode sea-salt in determining total AOD. Figure

46 below shows Southern Ocean average AOD of each aerosol mode which, when summed

together create the total AOD. For the BASE run, Aitken-soluble and Aitken-insoluble

modes contribute 1.63% and 0.161% respectively, whereas accumulation and coarse modes

have the highest contribution to total AOD, at 38.8% and 58.9% respectively. Changes in

the distribution of AOD within modes will have the largest impacts on total AOD in the

accumulation and coarse modes. Hence, the significant increase in the PMO run Aitken-

insoluble mode, seen in Figure 45, would not contribute substantially to AOD, as the

particles are too small to be as optically active as larger particles. Larger particles such

as sea-salt have a more substantial effect. Reductions in sea-salt and hence coarse-mode

AOD shown in Figure 45 account for total AOD reductions of 6% and 15% for the CHEM

and SSALT runs respectively.

Figure 46: Stacked bar graph: AOD of each aerosol mode averaged over the Southern Ocean

from years 2016–2018. The nucleation-soluble mode has been excluded in this figure as the

contribution to AOD is negligible. Black lines extending from the bars show ±1 standard

deviation.
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7.4.7 Comparison against observational aerosol-mode AOD

The previous section outlined how model perturbations affected modal AOD.

This section utilises size-resolved AOD observations to further identify model

bias within fine and coarse mode AOD. All ACCESS-CM2 models overesti-

mated fine-mode AOD, which is likely attributable to nss-sulfates. Nss-sulfates

are the likely cause of fine-mode AOD overestimations due to the seasonal cy-

cle not shown in observations, and the underestimation of accumulation-mode

sea-salt, shown in Figure 26. This section provides evidence for the overesti-

mation of coarse-mode sea-salt, proposed in Section 7.2, with the exception

of the SSALT run. Figure 47 shows the seasonal cycle of simulated and observed fine

and coarse mode contribution to AOD at Macquarie Island. With only one available ob-

servational station, limited data prevents an in-depth analysis but nevertheless a useful

indication regarding model bias may be made (discussed in Section 6.3).

All ACCESS-CM2 simulations exhibited a positive NMBF in fine-mode AOD, with a

maximum average summer NMBF of 3.65 in the BASE run and minimum of 2.65 in the

SSALT run. In winter, this bias reduced in all models ranging from 1.08 in the PMO run

to 0.347 in the SSALT run. Maximum NMBF values in the PMO run, combined with

a seasonal cycle not represented in observations, and underestimations of accumulation-

mode sea-salt (Figure 26) suggests this positive bias is due to biological nss-sulfates such

as DMS oxidation products. Notably, the online DMS oxidation scheme in the CHEM run

exhibited a reduced NMBF of 3.59 in summer and 0.793 in winter, potentially suggest-

ing an improved representation of observed fine-mode nss-sulfates in online chemistry.

Additional observations would be able to confirm whether reduced seasonal cycles are

consistent across the SO, or only observed at Macquarie Island. Comparison against

coarse-mode AOD shows differing model-observation bias between simulations.

Simulations that used the Gong [2003] sea-salt source function exhibited a positive bias

against coarse-mode AOD. The CHEM run featuring online sea-salt emissions exhibited a

lower annual NMBF of 0.161, and the modified sea-salt SSALT run exhibited a negative

NMBF of -0.620. The sensitivity of simulated coarse-mode AOD to changes in sea-salt in

the CHEM and SSALT suggest that coarse-mode AOD is largely representative of sea-salt.

Despite the absence of coarse-mode sea-salt measurements for verification, it is therefore

likely that the BASE, PMO, and CHEM overestimate coarse-mode AOD as suggested in

Section 7.3.
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Figure 47: Annual cycle of observed and modelled fine and coarse mode AOD. The figure on

the left shows the annual cycle of simulated and observed fine mode aerosol for all model runs

at Macquarie Island. Fine mode aerosol has been calculated through an algorithm outlined in

Section 6.3, and is defined in the model as the summed AOD contributions of nucleation, Aitken

and accumulation modes. The figure on the right shows the annual cycle of simulated and

observed coarse-mode aerosol for all model runs at Macquarie Island, where the observations

have defined coarse mode AOD through an algorithm defined in 6.3, and model values refer to

the coarse mode AOD output.

Summary of AOD analysis:

In this section, it was shown that:

• At all stations and voyages analysed, simulated AOD is positively biased in the

BASE, PMO, and CHEM simulations, with the SSALT run returning lower or neg-

atively biased AOD values.

• All simulations were able to successfully capture basic AOD seasonal patterns sub-

ject to bias, and the SSALT run consistently produced increased AOD bias in winter.

• The BASE, PMO, and CHEM simulations largely simulated increased inter-annual

variability compared to observations, with the SSALT run under-simulating inter-

annual variability.

• Implementation of the PMOA scheme saw regional increases in simulated AOD in

biologically-active areas.
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• Reductions in AOD largely followed dominant wind-speed patterns due to decreased

sea-salt output in the CHEM and SSALT runs.

• Coarse-mode AOD was identified as the strongest contributor to total AOD, ex-

plaining why the reduced sea-salt output in the CHEM and SSALT runs is a likely

cause of reduced AOD.

• All simulations were found to overestimate fine-mode AOD, which was likely the

result of overestimated nss-sulfates. The BASE, PMO, and CHEM runs all overes-

timated coarse-mode AOD and the SSALT run underestimated coarse-mode AOD.

This was attributed to respective over/underestimations of coarse mode sea-salt due

to the sensitivity of ACCESS-CM2 simulated AOD to sea-salt.
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7.5 Cloud Condensation Nuclei

Achieving an accurate representation of observed CCN in ACCESS-CM2 is important in

reducing the substantial radiative uncertainty surrounding ACIs. The simulation of cloud

droplets are dependent upon CCN, which drive both the cloud and radiation scheme (dis-

cussed in Section 3.1). Hence, this section establishes model bias in simulated CCN and

identifies which perturbation simulations achieve an improved representation of observed

CCN. Simulated CCN in each of the perturbation models is compared against the BASE

run, and further compared against ground-based observations at two stations and two

voyages. Following metrics described in Section 6.6, modelled CCN is evaluated in terms

of capturing the magnitude and seasonality of observed CCN.

7.5.1 Magnitude of CCN

As hypothesised in Section 7.3, the PMO and CHEM runs increased simulated

CCN compared to the BASE run. However, all ACCESS-CM2 simulations

underestimated mean CCN compared against all stations and voyages. The

CHEM run largely saw the greatest improvements in model-observation agree-

ment in mean simulated CCN, and the SSALT run resulted in increased bias

at all observational sites and voyages. Averaged over the Southern Ocean, the PMO

and CHEM runs reported a relative increase of 34.1% and 44.5% in comparison to the

BASE run, while the SSALT run reported an average CCN decrease of -15.8% (Table 20).

These relationships to the BASE model were consistent at all stations and voyages anal-

ysed, with the PMO and CHEM both reporting increases and the SSALT model reporting

decreased mean CCN values (Figure 48).

Compared against observations, all models underestimated observed CCN, despite in-

creases in CCN values reported in the PMO and CHEM models. This suggests ACCESS-

CM2 systematically underestimates observed CCN in the Southern Ocean. All simulations

modelled mean CCN within the observational variability range reported at Cape Grim

(Table 56). At Cape Grim, all models reported mean CCN values lower than observations

by at least 30% with all IOA values under 0.491 (Table 56). Model-observation agreement

worsened at Macquarie Island where all simulations reported mean CCN concentrations

lower than observations by at least 68% and all IOA values below 0.218 relative to CCN

observations (0.45% SS, written as ’OBS1’ on Figure 48) (Table 57).
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Southern Ocean models,

N = 26280
BASE PMO CHEM SSALT

Mean 56.5 76.4 82.4 48.1

Min 37.1 45.7 45.6 27.6

Max 95.7 129 147 89

Relative Difference (%)
19.9

(34.1%)

25.9

(44.5%)

-8.40

(-15.8%)

Correlation 0.937 0.936 0.996

Bias 19.9 25.9 -8.40

NMBF 0.353 0.459 -0.175

RMSE 22.5 28.9 8.51

NMAEF 0.353 0.459 0.175

IOA 0.659 0.567 0.899

Standard deviation 12.4 21.1 23.6 13.0

Table 20: Statistical summary of average modelled CCN, Southern Ocean Average (40–60S,

2016-2018).

Figure 48: Boxplots comparison of simulated and observed CCN. The plot on the left shows all

hourly output data averaged over the Southern Ocean spatial domain from 2016-2018. Figures

on the right show model output data selected at the nearest gridpoint for Cape Grim and

Macquarie Island, and subset for the nearest gridpoints and timestamps corresponding to the

ACE Voyage and MARCUS Voyage GPS tracks. The blue line represents the median value, and

the whiskers extend to 1.5 times the inter-quartile range.
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Probability Density Function (PDF) plots shown in Figure 49 revealed further differences

between simulated CCN and observations. At all sites/voyages, model PDFs displayed

common features of higher frequency peaks, bias shifted towards lower values, and did

not capture the full range of observed CCN. These features were observed in the monthly

averaged time-series for both station observations, shown in Appendix Figure 71. All

simulations exhibited the best fit against CCN distribution observations at Cape Grim.

Despite decreased bias and improved IOA values compared to other stations (Table 56),

the maximum modelled CCN values are still approximately a third of observations, evident

in the lacking tail lengths in Appendix Figure 70.

At Macquarie Island, all models exhibited a far steeper PDF, with model standard devi-

ations ranging from ∼2–4 times lower than observations (see Table 57). The BASE and

PMO PDFs both exhibited bimodal peaks which were not represented in the observations,

and the SSALT PDF reported a peak frequency at lower values, which was approximately

seven times higher than the peak frequency in observations (see Appendix 70).

Examining the ACE Voyage, all models exhibited kurtosis values approximately four times

higher than observations, indicating a lacking ability to capture the full range of observed

CCN. Both observational voyage PDFs exhibit bimodal peaks which were captured to

a limited extent by models. Multiple peaks in a PDF suggest the sampling of separate

aerosol populations; Section 7.1.2 suggested poor model wind-direction skill means the

model may struggle to capture observed air masses.
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Figure 49: Probability Density Function histograms for observed and modelled CCN using a

bin size of 100. Figure has been cropped to best compare the histogram peaks (see Figure 70

for the full image.)

7.5.2 Seasonal representation of CCN

Section 7.5.1 identified mean simulated bias between models. This section

identifies whether those biases were consistent annually or subject to seasonal

variations. All simulations captured the overall observed CCN seasonal pat-

tern at Cape Grim and Macquarie Island but lacked increased summer and

winter CCN signals. At both stations, all simulations exhibited a maximum

bias in winter due to divergent model-observation patterns, and all simulations

failed to capture observed inter-annual variability.
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Monthly-averaged seasonal cycles are shown at Cape Grim, Macquarie Island and aver-

aged over the Southern Ocean in Figure 50. At both Cape Grim and Macquarie Island, all

simulations exhibited a consistent negative bias which worsened in winter due to increased

CCN observations that were not captured by the model. At Cape Grim, winter-time

NMBF values ranged from the -0.77 in the CHEM run, to -1.62 in the SSALT run (61 &

62). Despite notable bias, all models largely remained within ±1 standard-deviation of

the observed annual temporal variability.

At Macquarie Island, all simulations exhibited a clear negative bias with no substantial

overlap between modelled and observed annual temporal variability (within ±1 standard-

deviation). Similarly to Cape Grim, all simulations at Macquarie Island underestimated

winter-time CCN by up to a factor of 6.67 in the SSALT run (NMBF= -5.67), and the

PMO run exhibited the least bias (NMBF=-2.19) (Table 66). Increased winter-time CCN

observations have also been noted in a previous study but not attributed to a physical

source [Murphy et al., 1998].

While all simulations demonstrated the expected seasonal cycle for CCN (maximum in

summer, minimum in winter ([Gras and Keywood, 2017]), all runs failed to capture in-

creased observed summer-time CCN, particularly at Cape Grim. The PMO and CHEM

runs exhibited the largest summer CCN increase of 11.3% and 12.9% compared against

the BASE run respectively. This suggests that ACCESS-CM2 is missing both summer and

winter-time sources of CCN, which is discussed further in context with AOD in Section

8.1.

All models underestimated the inter-annual variability of observed CCN, particularly in

the winter at both observational stations (Appendix Figures 72 & 73). For example,

modelled standard deviations ranged from 5.28 (CHEM)–9.71 (SSALT) times lower than

winter-time Macquarie Island observations. Of all models, the CHEM run exhibited both

the lowest bias across all seasons and stations, and performed the best in predicting

inter-annual variability particularly in summer (see Figure 73).
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Figure 50: Seasonal cycle of observed and simulated CCN. Data has been grouped monthly

and averaged temporally, and the shaded region denotes ±standard deviation.

This section has identified seasonal bias in each simulation compared against observations.

The following section establishes whether those seasonal biases were consistent spatially,

or featured regional variations similarly simulated to AOD in Section 7.4.5.
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7.5.3 Spatial representation of CCN

Similarly to increases in AOD, the PMO run saw increased CCN in the PMO-

enhanced region, particularly in summer and spring. Opposite to spatial

changes in AOD, the CHEM run saw increases in CCN zonally, with the

largest increase in summer by 44.5% compared to the BASE run. Finally, the

SSALT run saw zonal decreases in CCN, which were consistent with dominant

wind-patterns and spatial changes similarly in AOD.

Spatial differences between the perturbation runs and BASE run are shown in Figure 51.

The PMO run exhibited increased CCN in the PMO-enhanced region by 120% in summer

and 125% in spring relative to the BASE run. Increased CCN in this region is likely the

result of increased [chl-a] observed in Figure 43 and discussed in Section 7.4.5.

The CHEM run exhibited the largest increases in CCN zonally (between 40–60◦S) during

the summer and spring with relative differences of 42.1% and 26.1% respectively compared

against the BASE run. CHEM-simulated CCN exhibited the opposite sign to simulated

AOD, and exhibited a more homogeneous increase of CCN spatially, hence does not

exhibit the same wind-dominated spatial patterns as AOD discussed in Section 7.4.5.

Instead, the largest increases of CCN were located near coastal environments of New

Zealand and Antarctica, which are excluded from the scope of this study. This suggests

that sea-salt, which played a dominant role in AOD bias, is not as significant in total CCN

concentration. Instead, it is likely that Aitken and smaller accumulation-mode particles

have determined the zonal increase of CHEM-simulated CCN, as they do not influence

AOD substantially but do contribute to CCN number.

The SSALT run exhibited similar spatial patterns of CCN to the spatial AOD distribution

discussed in Section 7.4.5. Zonal decreases of CCN were simulated, which were constricted

towards higher latitudes in summer, and increased towards lower latitudes in winter,

corresponding with seasonal zonal 10 m wind-speed distributions shown in Figure 44. The

role of sea-salt in these CCN changes may be easily attributed as it is the only variable

changed in the SSALT run, which has been discussed in context of size distributions

and AOD in Section 8.1. SSALT-simulated CCN was a factor of 2.38 larger in summer

compared to winter despite reduced summer-time zonal wind-speeds by 11.4% (compared

to winter). This suggests a nss-element (non wind-speed driven) contributes to increased

summer-time modelled CCN.
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Figure 51: Spatial differences of CCN (0.5% SS), where the BASE run values have been

subtracted from each perturbation simulation. Hourly output data has been grouped seasonally

from 2016-2018 and averaged. The PMO run also exhibits regional areas of CCN increase

which are coincident with increased [chl-a], but this thesis focuses on the PMO-enriched area

for discussion. 105



CCN analysis summary:

Analysis in this section has showed that:

• All ACCESS-CM2 simulations overestimated CCN and underestimated inter-annual

variability at all sites and voyages analysed, where the PMO and CCN runs increased

simulated CCN concentration, and the SSALT run decreased CCN. Overall, the

CHEM run exhibited the greatest reduction in model bias and best representation

of inter-annual variability at all observational sites.

• The previous finding confirms predictions made from size-distributions regarding

increased particle number and size in the PMO and CHEM runs (Section 7.3)

• All simulations were able to capture the seasonal cycle of Cape Grim CCN well but

completely lacked seasonal representation of observations at Macquarie Island. All

simulations lacked a summer and winter source of CCN.

• Spatially, the PMO run saw an increase in simulated CCN consistent with spatial

increases in AOD, which corresponded to biologically-active areas.

• The CHEM run saw zonal increases of CCN (opposite to simulated AOD zonal

decreases), likely as the result of more numerous Aitken and accumulation-mode

particles shown in size distributions (Figure 32).

• Decreases in SSALT-simulated CCN were linked to seasonal variations in wind-

speed, consistent with simulated AOD.
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7.6 Aerosol-chemistry interactions with cloud and radiation schemes

The overall objective of improving simulated aerosol representation in the Southern Ocean

is to amend the known radiation and Cloud Fraction (CF) bias in this area. Radiation

in ACCESS-CM2 is calculated through numerous interacting schemes including ARIs in

the aerosol-radiation scheme, ACIs in the aerosol-cloud scheme (defined in Chapter 4)

and associated convective meteorology schemes calculated entirely separately to aerosols.

We recall the Abdul-Razzak Ghan (2000) parameterisation scheme implemented within

UKCA, which connects the aerosol and radiation schemes through prescribing the activa-

tion of aerosols into cloud droplets [Abraham et al., 2016]. While the role of clouds has

largely been excluded from the scope of this study, this section examines simulated Cloud

Droplet Number Condensation (CDNC) in ACCESS-CM2 and perturbation simulations.

Next, the SW TOA ↑ bias in ACCESS-CM2 and perturbation simulations is evaluated,

as SW TOA ↑ provides the best estimate for ACIs (cloud albedo). We identify whether

the ACCESS-CM2 radiation bias can be attributed to aerosol influence through simu-

lated CNDC. Finally, Section 7.6.3 evaluates the overall low CF bias of ACCESS-CM2,

and how aerosol-chemistry perturbation simulations have altered this bias. Low cloud

fraction has been selected as this would represent any surface aerosol-based changes to

the cloud lifetime effect.

7.6.1 Cloud Droplet Number Concentration

This section has showed that all simulations reported a similar spatial dis-

tribution of CDNC and relationship to the BASE run as was observed in

CCN. Compared against the BASE run, the PMO run increased mean sim-

ulated CDNC by 41.5%, particularly over biologically-active regions such as

the PMO-enriched region. The CHEM run saw a largely consistent zonal in-

crease of 9.7% between 40–60◦ compared against the BASE run. The SSALT

run simulated decreased CDNC consistent with areas of increased simulated

wind-speed, with a mean reduction of 18.4% averaged over the SO compared

to the BASE run (Figure 52).

Figure 52 shows simulated CDNC for the BASE run and differences in perturbation

simulations averaged from 2016–2018. It is common practise in model comparison studies

to select CDNC values at a model height of 1 km as a representation of boundary layer

clouds, hence model data has been selected at model level number 10 (defined as between

876–1037m above the surface).
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Simulated bias varied seasonally. The greatest difference in model bias was noted in

spring in the PMO run with a NMBF of 0.579, which would be expected due to the

perturbation having the largest impacts on simulated CCN in biologically-active spring-

time months. The lowest bias was observed in summer in the SSALT run with a NMBF

of 0.087. The PMO and CHEM runs reported the lowest bias in winter-time months due

to lower simulated CDNC. Reduced winter-time CDNC may be attributed to suppressed

biogenic emissions (in the PMO run) and DMS oxidation processes (in the CHEM run),

which limits the amount of nss-sulfate aerosols that grow into the CDNC population.

The SSALT run exhibited an increased winter-time bias, which may be explained as the

effects of the perturbation would have the largest impacts at high wind speeds observed

in winter-time due to the exponent dependency of the Hartery et al. [2020] SSA source

function on U10 wind-speed (see Equation 7).

Figure 52: Comparison of simulated CDNC between models at a 1 km model height.
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CDNC BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 31.2 44.8 34.8 26.3

Mean difference (%) 13.5(40.6%) 3.18 (9.7%) -4.88 (-17.5%)

Correlation 0.936 0.995 0.998

Mean bias 13.5 3.18 -4.88

NMBF 0.433 0.100 -0.185

RMSE 16.2 3.6 5.0

NMAEF 0.433 0.100 0.185

IOA 0.676 0.966 0.932

Table 21: Comparison of simulated CNDC values between models, averaged over the Southern

Ocean from 2016–2018.

This section established that the implementation of aerosol-chemistry perturbations had

an substantial impact on CDNC, similarly to changes noted in CCN. The following sec-

tion identifies the extent to which these impacts translate to appreciable changes in the

radiation scheme.

7.6.2 SW TOA ↑ radiation

This section provides a brief overview of how perturbations to the aerosol-chemistry

scheme have resulted in changes to overall simulated SW TOA ↑ radiation. In this section,

the term radiation has been used to refer specifically to SW TOA ↑ radiation. First, the

three perturbation simulations have been compared relative to the BASE run, and these

model differences were compared seasonally. All simulations were then compared against

the CERES-EBAF satellite TOA SW ↑ radiation product and evaluated for total and

seasonal variations of model bias.

The PMO run produced a positive SW TOA ↑ radiation bias, while the CHEM

and SSALT simulations were negatively biased compared to the BASE run.

All ACCESS-CM2 simulations exhibited a clear positive zonal bias between

∼40–60◦S compared to observations. However, the magnitude of changes to

simulated radiation in perturbation runs only fell within 2.62% of the BASE-

simulated radiation compared to observations. Therefore, aerosol-chemistry

schemes have not made a substantial reduction in the SW TOA ↑ radiation

bias of ACCESS-CM2.
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Compared to the BASE model, the PMO run increased average SW TOA ↑ radiation by

3.05 W/m2, and the CHEM and SSALT runs decreased average simulated radiation by

-0.347 Wm−2 and -2.64 Wm−2 respectively over the SO (Table 22). The largest changes to

radiation between simulations occurred within 40–60◦S, the spatial domain of this study,

shown in Figure 53.

Seasonally, the PMO simulated the largest increases in radiation in summer and spring

with differences of 5.50 Wm−2 and 4.36 Wm−2 respectively (compared to the BASE run).

Of all perturbation runs, the CHEM run had the least amount of change compared to the

BASE run, with a maximum difference occurring in autumn of -0.686 Wm−2, with the

lowest difference occurring in summer of -0.130 Wm−2. The SSALT run saw the largest

decrease of simulated radiation in spring and summer, with differences of -3.85 Wm−2

and -3.31 respectively (compared to the BASE run). Spatially, these seasonal changes

occurred zonally within the 40–60◦ latitudinal band observed in Figure 53, subject to

changes in magnitude.
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Figure 53: Comparison of simulated SW TOA ↑ radiation in the BASE and perturbation

simulations. The top panel shows the absolute values of radiation output, and the following

three panels show the difference of each perturbation simulation minus the BASE run values.

SW TOA ↑ Radiation BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 111.147 114.192 110.799 108.506

Mean difference (%) 3.045 (2.274%) -0.347 (-0.497%) -2.640 (-2.450%)

Correlation 1.000 1.000 1.000

Mean bias 3.045 -0.347 -2.640

NMBF 0.027 -0.003 -0.024

RMSE 3.924 0.516 2.853

NMAEF 0.027 0.004 0.024

IOA 0.998 1.000 0.999

Table 22: Comparison of simulated SW TOA ↑ Radiation between models.
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Comparison against observations:

Figure 54 shows that compared to CERES-EBAF satellite observations, all simulations

exhibited an average positive bias in SW TOA ↑ radiation in lower latitudes, and a neg-

ative bias in higher latitudes with an abrupt change at approximately 60◦S. Averaged

between 40–60◦S, the BASE, PMO, CHEM, and SSALT runs reported a differences rang-

ing from 4.09 W/m2 in the CHEM run to 7.48 W/m2 in the PMO run, the latter of which

was outside of the observational uncertainty range (Table 23). Implementation of the

SSALT run saw the greatest reduction in model bias, bringing simulated radiation values

within the uncertainty of the satellite product (±2.5 W/m2 [Loeb et al., 2018]).

The positive radiation bias between 40–60◦S was consistent annually for all simulations,

with the exception of the SSALT which simulated mean summer-time radiation as 1.87%

lower than observations. Model bias (NMBF) worsened in winter in all simulations by

factors of 25, 3.58, 18.8 and 6.33 for the BASE, PMO, CHEM, and SSALT runs respec-

tively compared to summer. The BASE, CHEM and SSALT runs represented observed

radiation well in summer, where mean model-observation differences fell within satellite

uncertainty bounds. In all seasons, the SSALT run reported the closest mean radiation

values to observations, and the PMO run reported the largest difference (Appendix Tables

73, 74, 75, & 76).

SW TOA ↑
Radiation (Wm−2)

CERES-

EBAF

BASE-

CERES

PMO-

CERES

CHEM-

CERES

SSALT-

CERES

Mean 107 111 114 111 109

Mean difference (%) 4.44 (6.64%) 7.48 (9.01%) 4.09 (6.09%) 1.80 (4.02%)

Correlation 1.00 1.00 1.00 1.00

Mean bias 4.44 7.48 4.09 1.80

NMBF 0.0416 0.0701 0.0383 0.0169

RMSE 5.74 7.77 5.27 4.67

NMAEF 0.0474 0.0701 0.0435 0.0403

IOA 1.00 0.994 1.00 1.00

Table 23: Comparison of CERES-EBAF observed and simulated SW TOA ↑ radiation, aver-

aged over the Southern Ocean between 2016–2018. Simulated mean model-observation differ-

ences have been shaded if they are within the observational uncertainty (2.5 W m−2), as outlined

in Appendix A.7.
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Figure 54: Average SW TOA ↑ radiation compared between model output and satellite-

observed values. The top panel shows the absolute values of the CERES-EBAF observational

dataset, and the following four plots show each model minus the satellite values. The satellite

data has a monthly temporal resolution, so model output has been resampled to monthly values

and averaged temporally from 2016–2018.
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7.6.3 Low Cloud Fraction

Motivation for this study in Chapter 4 stated that most GCMs underesti-

mate low Cloud Fraction (CF), contributing to Southern Ocean SST warm

biases. ACCESS-CM2 consistently overestimates low CF by 0.181 (unitless),

a relative difference of 36.1% compared to observations. All perturbation sim-

ulations had minimal impact on this bias, changing the mean simulated low

CF by a maximum of 0.007 (1.2%) relative to the BASE run.

Figure 55 shows the PMO run increased simulated low CF by 0.006, and the CHEM and

SSALT runs both decreased average low CF by 0.003 and 0.006 compared to the BASE

run respectively (Table 24). The greatest changes to low CF were simulated within the

40–60◦S domain. Seasonally, the PMO run recorded the highest increase in low CF in

biologically-active spring and summer months. The CHEM and SSALT runs recorded

the largest decreases in autumn and winter respectively. However, the magnitude of these

differences were small; seasonal-averaged low CF varied by under 2% in the BASE run

and under 6% in the PMO, CHEM and SSALT runs (Tables 77, 78, 79 & 80). The

next section evaluates whether these perturbation changes have improved or worsened

ACCESS-CM2 low CF bias compared to observations.

Cloud Fraction BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 0.776 0.782 0.773 0.770

Mean difference (%)
0.00644

(0.832%)

-0.00295

(-0.379%)

-0.00614

(-0.786%)

Correlation 0.994 0.997 0.993

Mean bias 0.00644 -0.00295 -0.00614

NMBF 0.00830 -0.00382 -0.00798

RMSE 0.00678 0.00337 0.00683

NMAEF 0.00830 0.00382 0.00798

IOA 0.968 0.992 0.965

Standard deviation 0.0190 0.0186 0.0184 0.0170

Table 24: Comparison of simulated low cloud fraction between ACCESS-CM2 simulations

averaged over the Southern Ocean (40–60◦S), 2016–2018.

114



Figure 55: Comparison of BASE and perturbation model output low cloud fraction. The top

plot shows the absolute values of cloud fraction output, and the following three plots show the

difference of each perturbation simulation minus the BASE run values.

Comparison to observations

Figure 56 demonstrates the substantial positive bias of ACCESS-CM2 compared to CALIPSO-

GOCCP satellite observations, and the negligible impact of aerosol-chemistry perturba-

tions to overall simulated low CF. Averaged over the study spatial and temporal domain,

the BASE, PMO, CHEM, and SSALT runs showed consistent increases in low CF of

0.181, 0.188, 0.178, and 0.175 respectively (Table 72). This is in contrast to the effects of

perturbation simulations on radiation, where both the CHEM and SSALT runs resulted

in a mean decrease of SW TOA ↑ radiation.
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Seasonally, the largest model bias was noted in the PMO run in winter with an NMBF

of 0.370 (outside of the observational variability range), and the lowest NMBF was re-

ported by the SSALT run in summer of 0.237 (compared against observations). Spatially,

the models exhibited a homogeneous positive bias from approximately 40–80◦S, with no

delineation between positive and negative bias at 60◦S as seen in SW TOA ↑ radiation

model-observation comparisons (Figure 56). These results have been discussed further in

Section 8.3.

Figure 56: Comparison of simulated low cloud fraction and CALIPSO-GOCCP satellite ob-

servations, averaged temporally over 2016–2017. The first plot shows the absolute values of the

satellite-based product CALIPSO-GOCCP Low Cloud Area Fraction, and the following plots

show each perturbation run minus the satellite data. Areas of white between 70–80◦S indicate

missing data in the satellite dataset. Land values have been included in this plot for context

but have been removed in the following statistical analysis.
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Cloud Fraction
CALIPSO-

GOCCP

BASE-

CALIPSO

PMO-

CALIPSO

CHEM-

CALIPSO

SSALT-

CALIPSO

Mean 0.608 0.777 0.784 0.774 0.770

Mean difference (%)
0.181

(36.1%)

0.188

(37.3%)

0.178

(35.4%)

0.175

(34.8%)

Correlation 0.487 0.490 0.491 0.490

Mean bias 0.181 0.188 0.178 0.175

NMBF 0.305 0.316 0.300 0.294

RMSE 0.228 0.232 0.225 0.223

NMAEF 0.328 0.336 0.324 0.319

IOA 0.409 0.397 0.419 0.424

Standard deviation 0.143 0.136 0.133 0.138 0.137

Table 25: Comparison of CALIPSO-GOCCP observed and simulated low cloud fraction av-

eraged over the Southern Ocean, 2016–2017. All simulated mean model-observation differences

are larger than the observational temporal variability (0.171) (see Appendix A.7).

Radiation and cloud fraction summary:

Analysis in this section has showed that:

• Perturbation simulations exhibited similar changes in simulated CNDC as CCN with

corresponding spatial distributions dependent on [chl-a], online chemistry processes

and prevailing wind-speeds for the PMO, CHEM, and SSALT runs respectively.

• ACCESS-CM2 featured a 4.44 W m−2 positive radiation bias between 40–60◦S with

a clear zonal structure shifting to a negative bias at higher latitudes.

• ACCESS-CM2 exhibited a consistent positive low CF bias from 40–80◦, on average

36.1% larger than satellite observations. The radiation zonal bias sign change at

60◦S was not noted in model low CF bias, indicating additional complexity within

the radiation scheme beyond the influence of low cloud fraction.

• Perturbation simulations had little effect on simulated TOA SW ↑ radiation and

low CF bias, with maximum perturbation differences of 2.62% and 1.2% relative to

the BASE run, respectively.
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8 Discussion of Research Questions

Chapter 7 characterised the representation and bias of simulated meteorological terms,

chemical species and processes, AOD, CCN, radiation, and Cloud Fraction in ACCESS-

CM2 and perturbation runs. This Chapter utilises the results gained in Chapter 7 to

evaluate the study’s three objectives outlined in Section 4.1.

8.1 How well does ACCESS-CM2 represent aerosols over the

Southern Ocean in terms of AOD and CCN bias?

ACCESS-CM2 overestimates Southern Ocean AOD

ACCESS-CM2 exhibited a substantial positive AOD bias over the Southern Ocean. At

Cape Grim, mean BASE-simulated AOD was larger than observations by a factor of

over 1.5, and was poorly correlated (R = 0.349). Analysis of the PDF in Figure 37

showed that modelled AOD distributions exhibited an increased tail towards higher values,

contributing to the positive bias. Simulated bias compared to observations varied between

stations and seasons. Overall, ACCESS-CM2 exhibited improved model performance in

summer compared to winter with reduced bias, error and increased agreement at Cape

Grim and Amsterdam Island. At Macquarie Island, the opposite was true (discussed

in Section 7.4.4). Additionally, Figures 64, 65, & 66 indicated that BASE-simulated

AOD was substantially more variable, with standard deviations higher by a factor of 1.2

compared to all AOD station observations. The degree to which the model agreed with

observations varied at each station and by season.

Explanation of positive AOD bias

GCMs are complex systems with numerous inter-connected meteorology, aerosol, chem-

istry, and radiation schemes. Furthermore, the AOD metric is dependent on multiple

environmental and aerosol microphysical factors. Having identified the sign and magni-

tude of the AOD bias, determining its complete cause(s) would warrant a full attribution

study due to the aforementioned model complexity. However, we may identify biases

within certain parameters that would contribute to the overall AOD bias.

In physical terms, the positive AOD bias may be attributed to an excess of particle num-

ber and/or a shifting of particle distribution towards optically-active (larger) sizes. The

model-observation size-distribution in Figure 33 indicated that ACCESS-CM2 simulated

fewer, but larger particles in comparison to observations, which was also noted in another

Southern Ocean GLOMAP size distribution [Woodhouse et al., 2020]. While the observa-

tional data used in this comparison faces challenges in accurately sampling larger aerosols

(discussed in Appendix A.8), ACCESS-CM2 simulated mean diameters which were larger
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than observations by factors of approximately 2, 3, and 5 for the Aitken, accumulation and

coarse modes respectively. Simulated particle numbers in the Aitken, accumulation and

coarse modes were all lower than respective observations by a factor of approximately

10. We next consider what factors may contribute to this underestimation of particle

number. Factors include a deficiency in particle formation through nucleation processes,

additional sink terms including the condensation of H2SO4, or increased growth processes

would would reduce particle number but increase particle size. Due to lacking observa-

tional data regarding nucleation processes, these terms will be discussed in comparison to

the CHEM run later in this section.

Next, we consider why ACCESS-CM2 may exhibit a bias towards larger particle sizes

compared to size-resolved AOD observations (discussed in Section 7.4.7). As the domi-

nant source of aerosol mass in the Southern Ocean, and a substantial contributor to total

AOD (shown in Section 7.4.6), we first examine sea-salt concentrations. ACCESS-CM2

overestimated coarse-mode AOD compared to observations at Macquarie Island with a

NMBF of 0.526. Coarse-mode AOD was determined to be representative of sea-salt due to

the sensitivity of modelled coarse-mode AOD to modifications in the SSALT run. There-

fore, we conclude that ACCESS-CM2 overestimates coarse-mode sea-salt as a substantial

contributor to the total positive AOD bias. As a mass-dominated metric, this coarse-

mode AOD overestimation does not clarify whether the model overestimates size or mass;

increases in either would enhance AOD. In the absence of available coarse-mode sea-salt

observations to provide an indication of mass bias, a representation of simulated size bias

may be achieved through comparison of modelled fine-mode and coarse-mode AOD.

ACCESS-CM2 overestimated observed fine-mode AOD with an annual NMBF of 3.65.

However, analysis against available accumulation-mode (fine-mode) sea-salt ACSM ob-

servations showed that this positive bias was not due to sea-salt (Section 7.2.1). The

model underestimated observed accumulation-mode sea-salt (using a Cl− ion proxy) by

a factor of approximately six, and exhibited a fair correlation (R = 0.782). Instead, this

fine-mode AOD bias was likely the result of over-estimations in nss-sulfates. Nss-sulfates

would account for the simulated seasonal cycle that was not exhibited in observations,

and therefore the worsened bias, error and correlation metrics in summer associated with

increases of biological nss-sulfates not captured by observations. Therefore, we conclude

that ACCESS-CM2 over-represents larger (coarse-mode) sea-salt, and under-represents

smaller (fine-mode) sea-salt, substantiating the bias towards larger particle sizes.

In interpreting this bias, we must consider the model’s underestimation of wind-speed

in comparison to observational data showed in Section 7.1.1. Due to the dependency

of the Gong [2003] sea-salt emission flux on U10 wind-speed, underestimations in wind-
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speed would result in underestimations of wind-generated aerosols such as sea-salt. If

the negative U10 zonal wind-speed bias in ACCESS-CM2 was adjusted towards realistic

values, this would worsen the positive bias in coarse-mode sea-salt and AOD and hence

is not recommended. Due to lacking observational data regarding the chemical species

output in ACCESS-CM2 (discussed in Section 7.2.1), further comment on the role of

aerosol chemical type impacting AOD cannot be made in this thesis.

Comparison of AOD bias against literature

The BASE-simulated AOD-wind-speed relationship plotted in Figure 39 demonstrated a

positive bias in slope compared to observations. This is consistent with previous work

which suggests the Gong [2003] function used in ACCESS-CM2 overestimates the depen-

dency of SSA on wind-speed [Madry et al., 2011, Jaeglé et al., 2011a, Spada et al., 2015].

Previous model evaluations have found varying AOD bias over the SO due to diverse

model aerosol representations. Table 26 summarises the AOD bias and error of previous

model-observation evaluation studies relevant to the study region. The AOD bias estab-

lished for ACCESS-CM2 in this study is consistent within the mean bias and RMSE ranges

identified for the International Cooperative for Aerosol Prediction Multi-Model Ensemble

(ICAP-MME), which used similar AERONET observations in Sessions et al. [2015]. The

ACCESS-CM2 mean AOD bias was situated at the upper limit of the identified summer-

autumn range in Sessions et al. [2015], but we note the difference in observational stations

used for comparison in Table 26. Revell et al. [2019] provided annual model differences

for HadGEM3-GA7.1, which shares the same General Atmosphere (GA7.1) as ACCESS-

CM2. ACCESS-CM2 exhibited a larger model-observation difference compared to Revell

et al. [2019] by factors ranging from 1.4 to 3.3, and increased error (RMSE) by factors

ranging from 1.9 to 2.3. However, it must be noted that these comparisons use different

datasets both in spatial resolution (satellite zonal averaged and station-based), and in

their inherent biases. The combination of satellite measurements used in Revell et al.

[2019] have been shown to overestimate Southern Ocean AERONET AOD due to cloud

contamination, hence discrepancies between model-observation differences between these

studies could be expected to be reduced due to satellite bias.
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Model simulation Mean Bias RMSE

Sessions et al. [2015]

Crozet Island Dec-May

-0.02 −→ +0.05

MMM = +0.01

0.06 −→ 0.11

MMM = 0.07

ACCESS-CM2 Cape Grim

Amsterdam Island Dec-May
0.0500 0.0647

Sessions et al. [2015]

Crozet Island Jun-Nov

+0.02 −→ +0.09

MMM = +0.05

0.05 −→ 0.11

MMM = 0.07

ACCESS-CM2 Cape Grim

Amsterdam Island Jun-Nov
0.0587 0.0835

Model simulation
M-O difference

(relative %)
RMSE

Revell et al. [2019] Annual (40-60◦S) 0.016 (15.7%) 0.032

ACCESS-CM2 Cape Grim

Macquarie Island

Amsterdam Island

0.0502 (55.0%)

0.0219 (25.1%)

0.0532 (69.6%)

0.0752

0.0606

0.0749

Table 26: Comparison of ACCESS-CM2 AOD bias against previous model-observation evalua-

tion studies in the Southern Ocean. Amsterdam Island was selected for comparison with Crozet

Island as the closest available station ∼2350km (7 ACCESS-CM2 gridboxes North) away. This

thesis has not used satellite observations for AOD, hence a like comparison of the zonal 40-60◦

band cannot be produced as in the Revell et al. [2019] study. Instead, model-observation dif-

ferences have been shown for the three available stations. Mean bias and RMSE, Root Mean

Square Error, have been defined in Table 8. M-O = Model minus Observations.

This section has demonstrated that, while ACCESS-CM2 exhibits a substantial AOD bias,

it is within the expected bias range of previous simulations which use similar observational

data for comparison. The following section evaluates model bias for simulated CCN.

ACCESS-CM2 has a negative bias in simulated CCN (0.5% SS)

Unlike the positive AOD bias, ACCESS-CM2 exhibited a substantial negative bias in CCN

(0.5% SS) at all stations and voyages investigated, which varied in magnitude seasonally

and spatially. Simulated NMBF ranged from -0.722 (55.2% lower than observations) at

Cape Grim to a NMBF of -2.40 over the ACE Voyage (66.7% lower than observations).

ACCESS-CM2 was able to capture the observed seasonal CCN cycle at Cape Grim and

exhibited a general SO seasonal cycle at Macquarie Island (increased CCN in summer,

reduced in winter). However, the model distinctly underestimated winter-time CCN con-

centration at Macquarie Island, and both summer and winter CCN sources at Cape Grim.

Lacking CCN could likely be attributed to a missing source or an enhanced sink process

that prohibits particles from growing to the critical 50nm diameter required to form

CCN (0.5% SS). It has been established that biogenic aerosols, not sea-salt, control CCN
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seasonality over the SO; biogenic aerosols contribute ∼80% of summer-time CCN and

∼35% of winter-time CCN [Vallina et al., 2007]. Hence, the lacking summer-time CCN

concentration in ACCESS-CM2 is likely due to a missing biogenic source of CCN. The

winter-time source of CCN notable at Macquarie Island is yet to be identified in literature

and is discussed in the following section.

Explanation of negative CCN bias

Discrepancies between simulated and observed CCN are likely the result of variations in

particle size or hygroscopicity. CCN particle size can be identified through comparison

with observed AOD seasonal cycles, as AOD and CCN are dominated by different particle

size ranges. Increased summer- and winter-time observed CCN concentrations were not

reflected in AOD observations (see seasonal comparisons in Figures 40 & 50). Increases

in CCN unaccounted for in AOD are likely due to upper-range Aitken-mode particles.

Modal AOD contributions discussed in Section 7.4.6 showed that Aitken-mode particles

contribute only ∼1.8% towards total simulated AOD, but do contribute substantially

towards CCN number above 50nm diameter. Biogenic Aitken-mode particles have been

shown to dominate CCN number at Cape Grim and are likely the result of DMS oxidation

[Gras and Keywood, 2017, Bigg et al., 1984]. The online DMS oxidation scheme in

the CHEM run produced mean CCN values closer to observations in summer months

compared to the offline runs. Therefore, increased complexity within the online DMS

scheme may provide an increased Aitken-mode biogenic source; further studies which

output DMS oxidation flux terms could determine this hypothesis.

Differences in chemical composition may also account for model CCN bias. Aerosols which

are more hygroscopic or have undergone more cloud-processing would more readily form

CCN (described in Section 1.5), hence these processes may be lacking in ACCESS-CM2.

Additionally, Section 3.1.2 identified lacking representations of cloud water pH which may

contribute to simulated CCN bias. Further analysis of the CCN bias in this regard may

not be conducted in this work due to lacking chemical composition and hygroscopicity

data both simulated and observed.

Comparison of CCN bias against literature

Table 27 presents the limited previous model-observation comparison studies relevant to

the study region. ACCESS-CM2 exhibits a far greater model-observation NMB by a factor

of ∼100 compared against a previous GLOMAP CCN (0.23%SS) model-observation eval-

uation at Cape Grim. Compared against a global marine dataset made of station-based

observations at varying supersaturations, ACCESS-CM2 exhibited NMB values which

ranged within ∼4–46% of the published NMB values [Spracklen et al., 2011]. Such com-

parisons between CCN calculated at differing supersaturations are problematic. Aerosol
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populations vary widely depending on the measured/simulated supersaturation, hence the

model may exhibit strengths at a particular SS and weaknesses at another. Shortcom-

ings in this literature comparison demonstrates the need for consistent CCN monitoring

and model evaluations at standardised supersaturation values to facilitate inter-study

comparisons.

Schmale et al. [2019] did not report statistical metrics for comparison with this study,

but found similar GLOMAP-simulated underestimations of CCN (0.2%SS) by ∼50–80%

compared to voyage-based observations. A Northern-Hemisphere station-based multi-

model comparison found that all models underestimated observed CCN concentrations by

at least 34% compared to observations at a range of supersaturations [Fanourgakis et al.,

2019]. This study also identified hygroscopic properties of organic aerosol in summer and

cloud-processing in winter as dominant sources of uncertainty, hence the study reached

the same conclusions regarding model deficiencies as in this thesis [Fanourgakis et al.,

2019].

This literature comparison has demonstrated that CCN bias varies widely between model

simulations. We can conclude that the ACCESS-CM2 CCN bias is within an expected

range of GCM model biases, but recommend further research to determine how the ad-

dition of ACCESS-CM2-UKCA components resulted in further discrepancies from the

GLOMAP-only run at Cape Grim in Mann et al. [2010].

Model simulation NMB Correlation

Mann et al. [2010] Cape Grim
0.20 (1.2% SS)

0.78 (0.23% SS)

0.68 (1.2% SS)

0.41 (0.23% SS)

Spracklen et al. [2011]

Global marine average
-77.2 (0.02-1.5% SS) not published

ACCESS-CM2 Cape Grim

Macquarie Island OBS1

Macquarie Island OBS2

-41.9 (0.5% SS)

-68.4 (0.45% SS)

-74.2 (0.55% SS)

0.403 (0.5% SS)

0.295 (0.45% SS)

0.317 (0.55% SS)

Table 27: Comparison of ACCESS-CM2 CCN bias against previous model-observation evalu-

ation studies. NMB, Normalised Mean Bias and correlation have been defined in Table 8.
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Summary of Research Question 1

This thesis has therefore concluded that the persistent AOD bias exhibited in ACCESS-

CM2 is consistent within the range of mean bias and error of previous modelling efforts.

This positive bias is likely due to an overestimation of sea-salt with a bias towards larger

particle sizes as compared against observations. ACCESS-CM2 exhibits a substantial

negative CCN bias which was consistent with previous GCM evaluations and is likely due

to a missing biogenic Aitken-mode source in summer, lacking in-cloud sulfate production

(cloud-processing), and/or poor representation of hygroscopicity aerosol characteristics in

winter. The next section evaluates how the inclusion of aerosol-chemistry perturbations

have impacted these AOD and CCN biases.

8.2 Does increasing the complexity of aerosol-chemistry schemes

result in a more accurate representation of AOD and CCN?

This section discusses the impacts of incorporating the Gantt et al. [2012a] PMOA scheme,

online chemistry, and the modified Hartery et al. [2020] SSA source function on simulated

AOD and CCN bias within ACCESS-CM2. The physical processes resulting in changes

to simulated AOD and CCN are explained, and the resulting perturbation-simulation

biases are evaluated against available literature to determine whether these findings are

supported.

8.2.1 Implications for AOD bias

PMO run increased AOD bias

The inclusion of the Gantt et al. [2012a] PMOA scheme saw the largest mean AOD increase

of all perturbation runs in this study. Compared to the BASE run, PMO-simulated mean

AOD was larger by 0.002 (1.83%) averaged over the SO, and was larger by factors of 1.2,

1.8, and 1.9 at Cape Grim, Macquarie Island and Amsterdam Island respectively.

Increases in PMO-simulated mean AOD have been attributed to the simulation of larger

Aitken-mode particles, and more numerous accumulation-mode particles. We recall that

the Gantt et al. [2012a] scheme injects the majority of OMSSA into the upper Aitken-

insoluble mode, which accounts for the skew towards larger particle sizes and the 354%

increase in Aitken-insoluble AOD observed in Figure 45. Injected OMSSA is quickly

transformed into the accumulation-mode, accounting for the average peak increase in

accumulation-mode particle number by 51.8% shown in Figure 32 (compared against the

BASE run). As discussed in Section 8.1, all ACCESS-CM2 simulations under-represented

modal particle number. Increases in PMO-simulated accumulation-mode particle number
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brought the model closer towards observed accumulation-mode size distribution measure-

ments in Figure 33.

The PMO run simulated a similar seasonal representation as the BASE run, but departed

to higher AOD values during biologically-active summer-time months. Spatially, increased

PMO AOD was attributed to regions of enriched [chl-a] due to its use in the Gantt et al.

[2012a] parameterisation (shown in Figures 42 & 43). Given the existing positive bias of

ACCESS-CM2 over all SO sites used, the PMO scheme hence worsened model bias. This

positive AOD bias would be particularly enhanced in regions of high [chl-a], although

lacking in-situ data prevents quantification of regional bias. This was shown in Section

7.4.6, where contributions to total Aitken-mode and accumulation-mode AOD increased

by 819% and 7.97% respectively over the PMO-enriched area compared to the zonal 40-60◦

average.

Comparison against literature

Tsigaridis et al. [2013] noted the implementation of a marine POA source saw total simu-

lated SO optical depth increase by 115% compared to a reference run. The study utilised

a similar satellite [chl-a] product in the Gong [2003] SSA function as in the Gantt et al.

[2012a] parameterisation. Despite the lack of further relevant studies, these findings sug-

gest increases in ACCESS-CM2 simulated AOD due to inclusion of OMfrac in SSA are

consistent with literature.

CHEM run decreased AOD bias

Averaged over the Southern Ocean, the CHEM run reduced mean AOD by 0.021 (13.9%).

The CHEM run reduced model NMBF at at all stations/voyages by up to a factor of

4.7 at Macquarie Island where mean CHEM-simulated AOD was only 3.97% larger than

observations. Despite reductions in mean simulated AOD, the CHEM run was still overall

positively biased compared to observations. CHEM AOD bias varied between seasons and

stations, where both bias (NMBF) and error (NMAEF) were reduced in summer at Cape

Grim (compared to winter). Model strengths in reduced bias and error were instead

seen in winter at Macquarie Island, with a largely consistent seasonal bias at Amsterdam

Island.

Chemical analysis in Section 7.2 attributed these improvements in AOD bias to changed

oxidation pathways and decreased sea-salt concentration. Increases in summer-time cloud-

processing saw increases in accumulation-mode particle number, marked by increased

Hoppel minimums in Figure 35 (compared against the BASE run). However, increases in

AOD due to more numerous accumulation-mode particles were mitigated inadvertently by

reductions in sea-salt. Section 7.4.6 suggested that increased cloud-processing shifted mass
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towards the accumulation-mode. Larger accumulation-mode particles are then susceptible

to wet and dry deposition processes. This provided an increased sink term for larger

particles, which reduced the coarse-mode diameter peak by 292nm compared to the BASE

run in Figure 32. Reduced AOD was also the result of a shifting to smaller accumulation-

mode particle sizes due to cloud-processing. Increased numbers of Aitken-mode particles

undoing aqueous-phase oxidation resulted in a 2.29% reduction in accumulation-mode

AOD compared to the BASE run in Figure 45.

Comparison against literature

Few studies have run similar online perturbation experiments in the Southern Ocean.

Revell et al. [2019] included more complicated DMS oxidation chemistry schemes in a

perturbation experiment and compared simulations against satellite observations. The

study noted that more complex chemistry schemes decreased model-observation RMSE

by 0.004 relative to a reference run without altered chemistry. In this thesis, the CHEM

run was similarly able to reduce model-observation RMSE compared to the BASE run

across all stations and voyages, with reductions ranging from 0.0113 at Cape Grim to

0.385 over the RV Investigator 2018 voyage.

SSALT run was the most effective perturbation in reducing the AOD bias

The SSALT run effectively reduced simulated AOD by 0.0644 (43.4%) compared to the

BASE run averaged over the SO. Compared to station observations, the SSALT run not

only reduced, but changed the previously positive bias sign (in the BASE run) to negative

at all stations analysed. The SSALT run reduced BASE-simulated NMBF values against

observations from 0.541 at Cape Grim to 0.982 at Amsterdam Island. Notably, this

perturbation exhibited a lower inter-annual variability compared to all observations and

constrained the simulated AOD distribution towards higher frequencies at lower AOD

values (seen on the PDFs shown in Figure 37). Seasonally, the SSALT run performed

well in summer but struggled in winter-time with a greater bias at all stations/voyages.

However, Section 7.4.6 showed that SSALT-simulated coarse-mode AOD was the closest

to observational values in winter. Therefore, ACCESS-CM2 encompasses larger sources

of AOD bias beyond sea-salt overestimations, as the SSALT run exhibited the greatest

bias in winter coincident with the best representations of sea-salt. These findings suggest

as sea-salt is the largest contributor to total AOD, additional complexity within the SSA

source function may be required; such as the inclusion of seawater composition and sea-

surface temperature, which have been shown to increase model-observation agreement of

sea-spray production [Jaeglé et al., 2011b, Spada et al., 2015, Forestieri et al., 2018].
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Reductions in SSALT-simulated AOD were attributed to reduced accumulation- and par-

ticularly, coarse-mode AOD. AOD reductions are attributable to the Hartery et al. [2020]

SSA source function, which decreased total sea-salt output as a function of wind-speed.

Comparison against fine- and coarse-mode AOD in Section 7.4.6 showed that the greatest

reduction of sea-salt was in the coarse mode.

Comparison against literature

These findings are consistent with the results of ACCMIP models (introduced in Section

3.2.1), which overestimated annual mean simulated sea-salt between 50-60◦ in compar-

ison to AERONET observations [Shindell et al., 2013]. Revell et al. [2019] similarly

implemented the Hartery et al. [2020] SSA source function, and reported uniform reduc-

tions in AOD by 0.07 (unitless) in March–November between 40-60◦S, in comparison to

a reference run. In this study, the SSALT run decreased AOD in the same temporal

and spatial domain by up to 0.770 (see Appendix Figures 68 & 69). The Revell et al.

[2019] study utilised the same physical atmosphere (GA7.1) and chemical scheme (online

CheST) as ACCESS-CM2, showing results of this study have been supported in a similar

model.

8.2.2 Implications for CCN bias

This section evaluates the impacts of each perturbation simulation on modelled CCN in

terms of bias and seasonal representation.

PMO run decreased Southern Ocean CCN bias

Similarly to AOD, the PMO run increased average SO simulated CCN by 19.9cm−3

(34.1%) compared to the BASE run. Increased CCN improved the already negative model

bias in ACCESS-CM2, and hence decreased BASE-simulated NMBF values from 0.176 at

Cape Grim to 1.05 over the MARCUS voyage. We note that PMO-simulated NMBF was

lowest over voyages, which were coincident seasonally with improved summer-time bias

noted at all stations. PDFs shown in Figure 49 demonstrated that despite increases in

mean simulated CCN, the PMO run failed to capture the higher tail values of observations

entirely. The maximum observed CCN value was larger than PMO-simulated CCN by fac-

tors ranging from 1.05 to 6.10 over the four sites and voyages. Similarly to PMO-simulated

AOD, increases in simulated CCN were attributed spatially to biologically-active regions

in Figure 51.
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Factors contributing to the simulated CCN positive bias were the same as those accounting

for the AOD bias in the PMO run discussed in Section 8.1. However, the CCN bias

would also include the role of increased Aitken-mode particles, which were 40.5% more

numerous than the BASE run. Increased Aitken-mode particles over 50nm would increase

CCN (0.5%SS) number, but are too small to significantly contribute towards AOD as

previously discussed.

Comparison against literature

Meskhidze et al. [2011] utilised a similar PMOA scheme as in this study, and found in-

creases of CCN (0.2%SS) up to 20% over biologically-productive waters, compared to CCN

increases of 120–125% in biologically-active regions simulated in the PMO run. Wester-

velt et al. [2012] added PMOA to sea-spray emissions as OMfrac in a GCM (similarly to

the Gantt et al. [2012a] parameterisation) and found increases in CCN (0.2%SS) by up to

50% averaged over the SO (spatial domain not defined) compared to a reference run. The

PMO-run in this study only increased average CCN over the SO (40-60◦) by ∼20% com-

pared to the BASE run. The treatment of PMOA schemes varies widely between models,

hence we do not expect the PMO-run to replicate previous CCN-simulations. All studies

using similar PMOA schemes also reported increases of simulated CCN, supporting the

PMOA-scheme induced increases in CCN in this study.

CHEM run reduced CCN bias

The CHEM run increased mean simulated CCN by 25.9 cm−3 (44.5%) averaged over the

SO compared to the BASE run. Online chemistry decreased BASE-simulated NMBF

by 0.406 at Cape Grim and up to 1.09 along the MARCUS voyage. Increases in CCN

concentration were attributed to increased cloud-processing, a known source of CCN

uncertainty, leading to higher accumulation-mode number. Seasonally, the CHEM run

saw increased CCN number in summer and spring. For example, summer-time months

saw a reduction in NMBF of 0.167 and 1.70 at Cape Grim and Macquarie Island (0.45%SS)

(compared to winter months NMBF). Spatially, the CHEM run saw a largely homogeneous

increase in CCN zonally between 40-60◦, with notable increases surrounding coastal areas

outside of the scope of this thesis. This study recommends the use of online chemistry

implemented for future land-based studies, particularly over the Antarctic continent due

to increased CCN sensitivity to coupled chemistry in the region.

Enhanced nucleation processes were attributed to CHEM-simulated reductions of CCN.

Increased emissions of the OH oxidant enabled increased gas-phase oxidation, particu-

larly in summer-time at lower latitudes. Increased summer-time nucleation efficiency

increased nucleation-mode particle number by 15.8% compared to the BASE run. In-

creased nucleation-mode number had knock-on effects to neighbouring modes through
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particle growth, shown by a 24.8% increase in CHEM-simulated Aitken-mode particle

number (compared to the BASE run). Aitken particles above 50nm in diameter contribute

towards CCN, hence combined with aforementioned increases in accumulation-mode par-

ticle number, CCN concentration increased. CCN increases hence occurred particularly in

summer and spring months more conducive to oxidation through increased incident radia-

tion and photolysis. As gas-phase chemistry is not dictated by the presence of clouds (as in

aqueous-phase oxidation), the resulting increase in CCN was more spatially homogeneous

across the Southern ocean.

Comparison against literature

Similarly to the online chemistry evaluation for AOD, there are few relevant studies for

comparison. The Revell et al. [2019] used the same chemistry scheme as ACCESS-CM2

(UKCA CheST), with varying modifications to the DMS chemistry. Simulations changed

CCN by -18% - +25% relative to a reference run, and enhancements in CCN were at-

tributed to increased accumulation-mode aerosol number. In this study, size distributions

presented in Section 7.3 saw a similar increases in CHEM-simulated accumulation-mode

number, which was further attributed to increased cloud-processing. This suggests that

increased chemical complexity in the Revell et al. [2019] study supports the suggested

mechanisms leading to increased CCN using online chemistry in ACCESS-CM2.

SSALT run increased the CCN bias

The SSALT run simulated a decreased CCN concentration by 8.4 cm−3 (15.8%) averaged

over the SO compared against the BASE run. The decrease in sea-salt shown in Figure 24

worsened the already negative bias simulated in the BASE run by 0.253 along the MAR-

CUS voyage to 1.33 at Macquarie Island (CCN 0.55%SS). Similarly to PDF distributions

of AOD, PDF distributions of SSALT-simulated CCN (Figure 49) exhibited a narrow dis-

tribution biased towards low values, and featured a substantially lower representation of

inter-annual variability (standard deviation) compared to observations (shown in Figures

49, 72, 73, & 74). Seasonally, the SSALT-run performed the worst in winter, with NMBF

increasing by a factor of 1.58 and 2.30 between summer to winter at Cape Grim and Mac-

quarie Island (0.45%SS). This is in opposition to the simulated AOD bias where reduced

sea-salt aerosol abundance in the SSALT run saw the best improvements in winter-time

NMBF at all stations.
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While analysis of the size-distribution has not taken place (due to lacking output in the

SSALT model), a reasonable explanation of changes in CCN may be obtained. Sea-salt

is emitted into the accumulation and coarse-modes; both which are larger than the 50nm

threshold for CCN at 0.5%SS. Therefore, reductions sea-salt particle number in either

mode would directly reduce CCN concentration output. For seasons where we saw the

largest decrease in SSALT-simulated sea-salt, we also saw the largest decrease in simulated

CCN.

Comparison against literature

These results are consistent with the findings of Revell et al. [2019], wherein the modified

Hartery et al. [2020] sea-salt source function decreased simulated CCN by ∼13% relative

to a reference run (also between 40-60◦S). Spatially, the SSALT run followed the same

spatial reduction of CCN as it did with AOD in zonal patterns following the dominant

U10 wind-speed. Lower reductions in CCN resulted from lower wind-speeds given the

exponential nature of the [Hartery et al., 2020] SSA source function (Equation 7).

Summary of Research Question 2:

This thesis has shown that AOD in ACCESS-CM2 combined with GLOMAP and UKCA

responds most effectively to reductions in sea-salt. The CHEM run exhibited favourable

decreases in bias which were largely attributed to decreases in sea-salt, and the SSALT run

was consequently most effective in reducing overall AOD bias. Evaluation of the SSALT

run has shown that the Hartery et al. [2020] SSA source function reduces output sea-salt

too much, shown by an underestimation of coarse-mode AOD and a negative AOD bias

at some stations/voyages (Figures 45 & 7.4.1).

Improvements in AOD NMBF were not accompanied by improvements in CCN NMBF

in the SSALT run. Reductions in accumulation and coarse-mode sea-salt in the SSALT

run resulted in the greatest worsening of the already negative CCN bias. The PMO run

was able to reduce the CCN bias, but would largely do so inhomogeneously over areas

of increased [chl-a], and hence could not be applied to GCMs with the aim of reducing

mean CCN bias. The best modification in terms of reducing the bias of both AOD and

CCN is the use of online chemistry, which was the most effective at reducing NMBF at

all stations/voyages for CCN bias, and similarly reduced NMBF for AOD bias, albeit not

as effectively as the SSALT run.
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This thesis has noted a lack of simulated Aitken-mode biogenic aerosols which substantiate

part of the modelled CCN bias in summer. The winter-time CCN bias was attributed

to lacking cloud-processing or poor representations of aerosol hygroscopicity. While the

CHEM run simulated increased cloud-processing, it was only able to marginally capture

observed increases in CCN (illustrated in Figure 50). This thesis makes a number of

recommendations for future work aiming to increase the simulated representation of AOD

and CCN:

1. ACCESS-CM2 overestimates coarse-mode sea-salt, largely contributing to the AOD

bias. A modified SSA source function should be adopted to reduce sea-salt bias, but

with reductions of a lesser magnitude than the Hartery et al. [2020] modification.

2. Reducing the coarse-mode sea-salt bias will have negative effects on CCN concen-

tration. We recommend further work is conducted to include biogenic summer-time

Aitken-mode aerosols. Increased Aitken-mode aerosols would not contribute sig-

nificantly towards the AOD bias but would mitigate decreases in sea-salt on CCN

concentration.

3. Promising results shown in AOD and CCN bias reductions lead to the recommen-

dation for adoption of online chemistry where possible in GCMs.

4. The cost of online chemistry prevents its application in large-scale simulations, such

as CMIP6 simulations used to forecast climate change. Therefore, we recommend

the implementation of more complex modified sea-salt and Aitken-mode aerosol

parameterisations as outlined in points 1 & 2 to achieve similar goals without the

computational cost. We also recommend further observations be taken regarding

hygroscopicity and cloud-processing for further investigation regarding model bias

in this regard.
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8.3 Can the overall radiation and cloud fraction bias in the

Southern Ocean be improved through increasing the com-

plexity of aerosol-chemistry schemes?

ACCESS-CM2 overestimates Low Cloud Fraction

In principle, causes for a positive SW TOA ↑ radiation bias would be too many simulated

clouds, or too bright clouds. In terms of aerosol, too many clouds would refer to the second

indirect aerosol effect of increasing cloud lifetime, and too bright clouds would indicate

the increase in cloud albedo due to the first indirect effect (discussed in 1.6). Averaged

over the SO domain, ACCESS-CM2 overestimated low CF by 0.181; an increase of ∼36%

compared to observations with an NMBF of 0.305. This indicates that ACCESS-CM2

has an inherent cloud bias through either the simulation of too much cloud, or, as CF is

largely used as a proxy for cloud lifetime, that the first indirect effect is over-represented

in the model. It is important to note that the positive low CF bias was consistent over

latitudes 40-80◦S.

Radiation bias of ACCESS-CM2

Section 7.6.2 established that ACCESS-CM2 features an annual positive SW TOA ↑
radiation bias of of 4.44 Wm−2, 6.64% larger than CERES-EBAF satellite observations

between 40-60◦S. While this thesis focuses on latitudes between 40-60◦S, a marked switch

of bias sign was observed from 60◦S to higher latitudes with a negative bias. These results

are consistent with the Cloud Feedback Model Intercomparison Project Phase 2, which

concluded that most models reflected too little solar radiation over the SO, and noted

the switch in sign at approximately 60-70◦S [Bodas-Salcedo et al., 2014]. In the section

above, we noted that ACCESS-CM2 featured a consistent positive low CF bias from 40-

80◦. Hence, it is unlikely that the cloud fraction bias accounts for the positive SW TOA

↑ radiation bias, given the change in sign at 60◦. The next section evaluates whether

perturbations of the aerosol-chemistry scheme were able to reduce this bias.

Aerosol schemes do not explain the radiation bias

Section 7.6.1 showed that perturbation simulations changed CDNC concentration spa-

tially and seasonally similar to changes in simulated CCN, which would be expected

given consistent cloud liquid water. The PMO and CHEM simulations were able to in-

crease mean CDNC by 41.5% and 9.7%, and the SSALT scheme reduced mean CDNC

by 18.4%. We would expect increased CDNC to increase cloud albedo due to the first

indirect effect, therefore we could expect the PMO and CHEM runs to increase SW TOA

↑ radiation, and the SSALT to decrease radiation. This proved to be the case for the

PMO and SSALT runs, with a further complicated relationship in the CHEM run which
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exhibited a mean negative bias of SW TOA ↑ radiation. In answering this research ques-

tion, it is important to note the difference in magnitude between changes in simulated

CNDC, and the resulting effect on radiation bias between simulations. Each perturbation

simulation had a substantial effect on mean simulated CDNC, but negligible effects when

incorporated into the larger radiation scheme. For example, implementation of the PMO

scheme within ACCESS-CM2 saw an average 40.6% increase in 1km simulated CNDC,

which translated into a 2.27% increase in SW TOA ↑ radiation relative to the BASE run.

The most effective simulation in reducing radiation bias was the SSALT run which was

able to bring mean simulated SW TOA ↑ radiation within 4.02% of CERES-EBAF ob-

servations (within observational uncertainty thresholds), but this provided only a 2.62%

advantage over the BASE run.

Research Question 3 Summary

Comparison of perturbation simulations has shown the lack of sensitivity to aerosol-

chemistry changes within the radiation scheme. This thesis has shown that altering the

aerosol-chemistry representation within ACCESS-CM2 is not able to bring about substan-

tial reductions in modelled SOA TOA ↑ radiation bias. The most likely explanation for

the SW TOA ↑ radiation bias is the type of cloud simulated. Bodas-Salcedo et al. [2014]

found that wrongly-assigned cloud types in mid-level clouds substantially contributed

to model underestimation of TOA outgoing radiation. South of 60◦S, supercooled liq-

uid clouds dominate the liquid cloud population (particularly between latitudes 60-65◦S)

[Bodas-Salcedo et al., 2016]. The contribution of supercooled and mixed-phase clouds

have been shown to contribute between 27-38% to the total TOA reflected radiation flux

[Bodas-Salcedo et al., 2016].
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9 Conclusion

The representation of aerosols within GCMs is the largest contributor to global radia-

tive forcing uncertainty. Over the Southern Ocean, GCMs struggle to achieve accurate

representations of mean and seasonal cycles of AOD and CCN, which contributes to the

significant SW radiation bias in the region. The Southern Ocean aerosol community has

identified addressing such biases, particularly the SO SW radiation bias, as an area of pri-

ority which has necessitated a number of field campaigns that have collected aerosol data

in the region. With the upcoming submission of ACCESS-CM2 to CMIP6, this thesis

aimed to identify the inherent biases of ACCESS-CM2 regarding key aerosol properties;

chemical species concentration, AOD, CCN, Radiation and Low Cloud Fraction. Addi-

tionally, with increasing interest in coupled chemistry-climate models, this thesis sought

the determine whether a more physically representative model of aerosols would be able

to reduce the bias in aerosol metrics such as AOD and CCN, and ultimately the radiation

bias.

To achieve these aims, this study ran a series of ACCESS-CM2 perturbation simulations,

each with a modification regarding the inclusion of PMOAs, a more complex chemistry

scheme, and an altered sea-salt emission flux. Model simulations were compared against

each other in terms of concentration output for a number of relevant chemical species,

oxidation pathways, size distribution, AOD, CCN, CDNC, Cloud Fraction and Radiation

to establish the effects of each perturbation simulation on such variables compared to the

BASE run. In order to identify model bias, a suite of ground-based observational data was

gathered for differing variables which were subject to the same data-screening methods, or

used the same instrument and were screened for quality control. Models were compared

against available ground-based observational data for a number of factors including me-

teorology, sea-salt concentration, size distribution, AOD and CCN. CERES-EBAF and

CALIPSO-GOCCP satellite observational datasets were utilised for comparison against

simulated mean values of SW TOA ↑ radiation and Low Cloud Fraction respectively.

ACCESS-CM2 exhibited numerous fundamental biases in meteorology, sea-salt concen-

tration, particle size and number, AOD, and CCN. Firstly, ACCESS-CM2 was shown to

largely underestimate zonal 10m wind-speed compared to station observations, depen-

dent on station. It was also shown that ACCESS-CM2 only represents observed wind-

direction within a 45◦ angle approximately only half of the time, which has important

consequences for future baseline screening applications. ACCESS-CM2 overestimated

AOD by up to a factor of 1.7 (at Amsterdam Island). This was attributed to an over-

prediction of larger-sized sea-salt particles through comparison against coarse-mode AOD

and size distribution observations. ACCESS-CM2 underestimated mean observed CCN
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for all stations and voyages by up to a factor of 3.40 (over the ACE voyage). Additionally,

the model did not capture seasonal increases observed in CCN, which is likely indicative

of a missing summer-time Aitken-mode source in summer, and lacking cloud-processing

or hygroscopic parameterisation during the winter. ACCESS-CM2 featured a duality in

SOA TW ↑ radiation bias, with a positive bias between 40-60◦ and a negative bias from

60◦ southwards, and overestimated low Cloud Fraction over the Southern Ocean by 0.181

(relative difference of 36%) compared to CALIPSO-GOCCP observations.

Implementation of the PMO scheme saw increased AOD and CCN values, marking an

increase in AOD bias but a reduction in CCN bias. This occurred through increased

particle number concentration in the upper Aitken and accumulation modes, as a function

of the injection size of OM in the Gantt et al. [2012a] scheme and resulting increased

condensation sink of H2O2. Improvements in CCN were largely seen over areas of high

[chl-a] as a function of the PMO scheme, and hence the scheme cannot be broadly applied

to increase simulated CCN over the Southern Ocean domain.

The use of fully coupled online chemistry saw both improvements in the simulated AOD

and CCN bias. Increased aqueous-phase oxidation resulted in increased accumulation-

mode particle numbers, with a shift of accumulation-mode particle sizes towards the

Aitken-mode. The most significant impact on total AOD was through a decrease in simu-

lated sea-salt, likely through enhanced deposition processes which highlights the sensitiv-

ity of simulated AOD to coarse-mode particles such as sea-salt. CHEM-simulated CCN

was increased due to increased nucleation processes, which in turn increased Aitken-mode

particle numbers – thus increasing CCN without substantially affecting AOD.

The SSALT run demonstrated the sensitivity of simulated AOD and CCN to simulated

sea-salt concentration, and largely worsened both AOD and CCN bias. While the positive

AOD NMBF was reduced by up to a factor of 2.5 at Amsterdam Island, this reduction

was too extreme and all stations exhibited a negative bias. Underestimations of observed

CCN worsened, where mean SSALT-simulated CCN was up to a factor of 4.80 times lower

than observed CCN (at Macquarie Island, 0.45%SS). This was attributed to reductions

in SSALT-simulated sea-salt concentration by 55.9%, averaged over the Southern Ocean,

which reduced the model’s fine-mode AOD positive bias by a factor of approximately 3

in winter (compared to observations). In contrast, the SSALT run increased model bias

(negatively) by a factor of 1.18 in annual coarse-mode AOD at Macquarie Island. This

perturbation simulation has shown that improvements to ACCESS-CM2’s AOD and sea-

salt bias can be made through reducing the simulated sea-salt concentration, however the

Hartery et al. [2020] modification has reduced sea-salt concentrations too much compared

to observations.
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The effect of aerosol-chemistry scheme perturbations on the Southern Ocean radiation bias

were investigated. While each perturbation simulation was able to exhibit substantial

impacts on CDNC (up to a 40.6% increase in the PMO run), these effects were not

translated substantially into the radiation scheme with a maximum difference of 2.62%

compared to the BASE run.

Key points gained from this thesis show that the use of online chemistry saw the best

improvements in AOD and CCN bias, and should be adopted in GCM simulations with

a small temporal or spatial domain due to computational limits. For improved aerosol

representation in longer-term GCM simulations, this thesis makes a number of pragmatic

recommendations in reducing both AOD and CCN bias. The most substantive impacts

on AOD bias resulted from a reduction in simulated sea-salt concentrations. This research

contributes to an increasing body of work in the aerosol modelling community which recog-

nises that the widely-used Gong [2003] parameterisation results in overestimated sea-salt

concentrations in the high wind-speed environment of the Southern Ocean. Instead, we

recommend a change to a parameterisation with a reduction in sea-salt emissions, but

to a lesser extent than the Hartery et al. [2020] parameterisation. Implementing such a

scheme would have detrimental impacts for the existing negative CCN bias in ACCESS-

CM2 due to reduced accumulation- and coarse-mode particle number. Hence, this thesis

recommends the use of a parameterisation encompassing increased biogenic Aitken-mode

aerosol which would address CCN number deficiencies, particularly in summer, without

substantially compromising necessary decreases in AOD. While the PMO Gantt et al.

[2012a] parameterisation increased biogenic Aitken aerosol number, increases were insuf-

ficient for agreement with observations, and were spatially dependent on [chl-a] which

provided little improvement at land-based stations such as Cape Grim and Macquarie Is-

land. We recommend additional research into evaluating the hygroscopicity of simulated

aerosols against observations, and in confirming whether cloud-processing in ACCESS-

CM2 constitutes an appreciable part of the CCN bias as suggested in Section 7.5.

Finally, this thesis concludes that while each perturbation run made significant changes

to simulated aerosol-chemistry properties, the cause of the SW TOA ↑ radiation and

Cloud Fraction bias does not lie within the aerosol scheme. Noting the consistent positive

CF bias from 40-80◦ and switch in sign of the radiation bias, the issue likely remains

within the cloud scheme. This thesis recommends further research into evaluating the

representation of supercooled liquid clouds and INPs in ACCESS-CM2, which are known

areas of bias and uncertainty within GCMs.
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A Appendix

A.1 Köhler theory

Köhler theory describes the combination of the solute effect (Raoult’s Law), and the

Kelvin effect. The solute effect describes the phenomenon where the addition of solute

particles to a solution reduces the vapour pressure, and occludes the evaporation of solute

particles. This effect opposes the Kelvin effect, which describes how small aerosols have

increased curvature and lower surface tension which increases evaporation rates. The

combined Köhler theory is described below:

ln(
pw(Dp)

p0
) =

4Mwσw
RTρwDp

− 6nsMw

πρwD3
p

(14)

Equation 14: Köhler theory equation describing the process by which water vapour

condenses onto aerosols to form liquid cloud drops. The first term on the right side of the

equation indicates the Kelvin term, and the second term indicates the Raoult term, where: pw

is the droplet water vapour pressure, p0 is the saturation vapour pressure over a flat surface,

σw is the droplet surface tension, pw is the density of water, ns is the moles of solute, Mw is

the molecular weight of water, and Dp is the cloud drop diameter.

Köhler theory theory is relevant to this research through the activity of PMOAs on CCN

concentration, discussed in Section 1.5. Many compounds in PMOAs act as surfactants

which facilitate cloud droplet activation through lowering the surface tension (σw) of

nucleating cloud droplets (Kelvin effect) [Ovadnevaite et al., 2017].

A.1.1 Calculation of AOD and CCN from model output

Section 5.2.1 described how all model output was carefully selected to reduce computa-

tional cost and storage, and that as a result, both CCN and AOD were calculated ’offline’

from model output. The following section describes both of those calculations.

Calculation of CCN

The cumulative total number of particles at a given radius was calculated for each aerosol

mode as follows:

Nd =

(
N

2.0

)
×

(
1.0 + ε

[
log
(r
r̄

)/√2.0

l
og(σg)

])
(15)

where Nd is the total number of particles within a specific aerosol mode above a certain

diameter (e.g: number of Aitken soluble particles above 50 nm diameter). N refers to the

number of particles within that aerosol mode, r is the dry particle radius of that aerosol
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mode, r̄ is the modal mean radius and σg is the geometric standard deviation of the mode.

ε refers to the python command scipy.special.erf, which returns the error function of the

following complex argument. CCN was calculated as the sum of particle numbers within

each aerosol mode above a dry diameter of 50 nm (representative of CCN at 0.5% SS), as

shown in Figure 57 below.

Figure 57: Schematic of the calculation of the cumulative total particle number above 50nm

diameter. This diagram shows CCN as the area under the size distribution curve of modes

above 50 nm in diameter, which corresponds to CCN at a supersaturation of 0.5% SS). Figure

has been adapted from Veira [2011] and shaded to represent the portion of CCN within an

idealised aerosol size distribution.

Calculation of AOD

Total AOD was not output directly by the model and needed to be calculated. ACCESS-

CM2 outputs AOD at 6 wavelengths for each aerosol mode and solubility. The wavelength

corresponding to AOD at 550 nm was selected and AOD550nm was calculated as the sum

of each aerosol mode as follows:

AOD550nm = AODAitsol + AODAitins + AODAccsol + AODCoasol + AODDust (16)

where Aitsol = Aitken soluble, Aitins = Aitken insoluble, Accsol = accumulation solu-

ble, and Coasol = coarse soluble. Particles in the nucleation mode are regarded as too

small to be optically active and are neglected in the calculation of AOD550nm [Abraham

138



et al., 2016]. All aerosol mode components from ACCESS-CM2 regard AOD at a 550 nm

wavelength.

A.2 Calculation of AOD in observations

To calculate the AOD, the extinction coefficient (σext) is first determined as follows.

σsca =

∫ ∞
0

πr2Qsca(r)n(r)dr

σabs =

∫ ∞
0

πr2Qabs(r)n(r)dr

(17)

Equation 17: Scattering coefficient (σ sca) and Absorption coefficient (σ abs), units m−1,

which are a function of local atmospheric properties. Qsca and Qabs = ratio of the scattering

and absorption cross sections and the geometric cross section of a spherical particle

(respectively), r = radius, n(r) = size distribution [Boucher, 2015].

σext = σsca + σabs (18)

Equation 18: Extinction coefficient (σ ext), units m−1, calculated as the sum of the degree of

scattering and absorption encountered by the laser beam. [Boucher, 2015].

AOD is then calculated as the integral of the extinction coefficient from the ground to the

TOA (Equation 19). A value of 0.01 corresponds to clear-sky atmospheres, 0.4 indicates

hazy conditions and a value of 1 identifies cloudy or high radiation-scattering conditions

(due to aerosols) [NOAA, 2015].

τ =

∫ TOA

Surface

σext(z)dz (19)

Equation 19: Calculation of the AOD (τ) as an integral of the extinction coefficient with

height from the surface to the TOA [He et al., 2016].

Aerosol optical properties (and hence the AOD) vary depending on the wavelength used.

The most commonly used wavelength is centered ∼500 nm (at the peak of TOA solar

spectral irradiance). At this wavelength, the scattering efficiency of aerosols peaks at

1µm, hence aerosols in the accumulation mode are the most optically active compared to

other size modes.
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Figure 58: Scattering efficiency of green light (wavelength of 500 nm) by a liquid water sphere

as a function of the sphere diameter [Jacobson, 2005].

A.3 Measurement of AOD

AOD is a useful tool which has been described as “the single most comprehensive variable

to remotely access the aerosol burden...”, which holds true today [Holben et al., 2001].

At the surface, AOD is commonly measured through the use of a laser system or sun-

photometers. Sun-photometers are ground-based instruments which are pointed at the

sun and calculate optical depth from spectral extinction of direct beam radiation at a

number of wavelengths (ranging from 340−1020 nm).

Sun photometers measure the spectral sky radiance at known angular distances from the

sun (see schematic diagram in Figure 59. The solar intensity of a particular wavelength

measured through a sun photometer can be written as:

Î(λ) = (
r0

r
)2I⊙(λ)exp[−τ(λ)m(θ0)] (20)

Equation 20: Solar intensity of a given wavelength, where r and r0 are the actual and mean

sun-earth distances, I
⊙

is the known solar intensity at the top of the atmosphere (which

corresponds to r0, θ 0 is the solar zenith angle, m(θ 0) = 1/cos θ 0 and τ(λ) corresponds to the

optical depth.

The total optical depth is written as the sum of individual contributing values from

aerosols:

τ(λ) = τA(λ) + τR(λ) + τ3(λ) + τ2(λ) (21)

Equation 21: Total optical depth with contributions from aerosols (λA), Rayleigh molecules

(λR), ozone (λ3) and nitrogen dioxide (λ2)
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AOD is calculated through estimating and removing light attenuation due to Rayleigh

scatter and absorption by ozone and nitrogen dioxide gases, described in Equation 21.

Wavelengths in the visible spectrum are often used as absorption due to water vapor can

be neglected [Liou, 2002]. AERONET sun-photometers utilise measurements in 8 spectral

bands between 340nm and 1020nm, although this thesis has used wavelengths at 550nm.

See full instrument details in Holben et al. [1998].

Figure 59: Schematic of a ground-based sun photometer measuring a direct solar beam, where

θ0 is the solar zenith angle, τ is the optical depth, I⊙ and Î are the solar intensity and measured

intensity respectively at wavelength, λ [Liou, 2002].

Spectral Deconvolution Algorithm

This research also utilises an AERONET product that determines between to determine

the fine and coarse mode contribution to AOD to enable further interpretation of model

bias. This product uses a Spectral Deconvolution Algorithm (SDA) to separate measured

aerosols into fine and coarse mode at 500nm (algorithm details described in [O’Neill

et al., 2003]). This algorithm functions under the assumption of a largely bimodal aerosol

particle size distribution - while this is inherently true for most aerosol populations, care

must be taken when interpreting these values as absolute truths in the lack of size-resolved

observational data for validation.

A.4 Model nudging

In order to realistically reproduce the physical state of the atmosphere at a given time,

dynamical variables of free-running GCMs are adjusted towards meteorological reanaly-

sis data. Nudging in ACCESS-CM2 is conducted within the UM, which uses Newtonian
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relaxation to adjust zonal (U) and meridional (V) wind components, and potential temper-

ature Θ towards ERA-Interim reanalysis data products of the same variables at 6-hourly

intervals [Dee et al., 2011]. Reanalysis data is included in the model through the addition

of non-physical relaxation terms to model equations [Dalvi, 2015]. The rate of change of

a variable in the model is then described as:

∆X = F (X) +G(Xana −Xmod) (22)

Equation 22: F is the change of the variable X due to all factors over the dynamical

time-step, Xana is the value of the variable in ERA-Interim and Xmod is the value of the

variable in the model to be nudged. G is the constant relaxation parameter, which is

calculated as 1/(time interval (in seconds) between reanalysis data) [Telford et al., 2008].

While nudging interferes with a GCM’s ability to respond to dynamic feedback systems,

nudging a model is necessary when comparing against observational measurements, or

in perturbation experiments where multiple simulations over the same time period are

used to compare the effect of a small change. By ensuring the meteorology in the model

is representative of the ’real world’, meteorological-based variations are reduced in the

model that may otherwise impact the variable of focus.

A.5 A-factors

The A-factor, also known as the pre-exponential factor, is a constant that represents the

frequency of collisions between reactant species at a standard concentration. The A-factor

is utilised in the Arrhenius equation which describes relationships between temperature

and rate coefficient below.

k = AeEa/RT (23)

Equation 23: Arrhenius equation, where A = A-factor, Ea = activation energy (the energy

that must be provided to result in a chemical reaction), T = temperature.

The A-factor is dependent on a number of factors including molecular alignment. For the

purposes of this thesis the A-factor has been provided for chemical reactions within the

CheST and Offline Oxidant chemistry schemes as a method of comparing reaction rates

(as the A-factor has the same units as the rate constant, k).
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A.6 Drawbacks of using ground-based observations

This research takes advantage of multiple recent research voyages that have taken place

in the Southern Ocean region between 2016–2018 to enhance aerosol evaluation. There

are, however, a number of drawbacks of using ground-based observations in comparison

to satellite-based observations which are discussed below.

Immediately obvious from figure 60 is that there is a lack of Southern Ocean observations

of AOD in winter, and towards higher-latitudes. Optical measurements such as AOD

require clear-sky conditions in order to be conducted. SO observations are largely collected

on ship-based voyages or land-based campaigns, which lack temporal density compared

to satellite operations, and require rigorous screening to exclude ship-stack emission or

land-signal contamination (described in Section A.10). Most voyage data is collected

during summer months when Antarctic resupply missions occur and ships are able to

travel further in pack ice, which biases analysis due to increased data density in summer

months. Satellite observations provide a higher temporal coverage, but suffer from similar

lacking observations at high-latitudes, largely due to persistent cloud cover preventing

accurate retrievals [Bellouin et al., 2013b].

Figure 60: Number of AOD550nm measurements taken over the Southern Ocean used in this

thesis (see Table 28 for a list of all AOD observations). Increased data density between 30-40◦

shows the long-term monitoring stations, Amsterdam Island and Cape Grim.
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One of the most notable disadvantages of ground-based data, is the multiple and differing

uncertainties accompanying each source of observational data. Section A.7 discusses this

concept further.

A.7 Observational and simulated uncertainty

This section discusses the uncertainty surrounding observational instruments and simu-

lated parameters modelled in ACCESS-CM2.

Identifying uncertainty within a GCM is a challenging task. The calculation of model

parameters such as AOD, CCN, and radiation involves multiple parameters and processes;

each of which provides a compounding uncertainty towards the total calculated product.

Most GCM evaluation studies avoid this issue by using an ensemble approach, defining

the multi-model mean and the range of mean simulated values as a proxy for uncertainty.

However, this approach is not feasible in perturbation studies due to the computing cost

and storage restraints. Hence a lack of ensemble members in this study prevents such a

metric of uncertainty range, and also prevents the testing of significance spatially.

Within a single model, sources of uncertainty include the resolution used (where higher

resolution models often exhibit lower uncertainty), the inherent uncertainty in param-

eterisations, and the resulting error propagation [Flato et al., 2013]. For example, we

consider uncertainty surrounding the UKCA Abdul-Razzak and Ghan [2000] parameter-

isation, which calculates CDNC and passes it to the radiation scheme to inform indirect

effect calculations. Uncertainties in the calculation of CDNC would then propagate to the

calculation of the indirect effect in the radiation scheme [Abraham et al., 2016]. Therefore

parametric uncertainty increases with the complexity of model. As a new model, efforts

to quantify the uncertainty surrounding physical processes in ACCESS-CM2 have not

been published. There have, however, been efforts to qualify the uncertainty surrounding

CCN in GLOMAP. Lee et al. [2012] utilised an emulation approach and found that found

that the primary contributors to CCN uncertainty in the Southern Ocean are uncertain-

ties surrounding the scavenging diameter, which describes the size at which aerosols are

activated to form cloud droplets, and sea-spray emissions, which accounted for 60% of

variance shown in the Southern Ocean region. From the Lee et al. [2012] study, we can

infer that all perturbation simulations in this study will each have a different uncertainty

surrounding simulated CCN. While the BASE, PMO, and CHEM runs use the same

source of sea-salt, the CHEM run exhibited a changed sea-salt output and the SSALT

run used a modified sea-spray emission source, hence variations in uncertainty between

parameterisations are expected.
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Characterising and quantifying parametric uncertainty within GCMs is an entire research

field and outside of the possible scope of this thesis. Discussion above has described how

we are unable to assign a ± uncertainty range to each modelled variable due to compound-

ing parametric uncertainties. The lack of model uncertainty values limits the statistical

accuracy of comparisons made in this thesis. Hence, there is an inherent assumption that

modelled values in this thesis represent a ”true” value with no uncertainty associated.

Differences in uncertainty between simulations is important for understanding the signif-

icance of perturbation simulations. For example, if a perturbation simulation produced a

mean value larger than the reference run by six units, but the reference model uncertainty

was ±10 units, we would be able to characterise this result as unsubstantial given the

inherent model uncertainty.

Useful comparisons regarding overall bias may still be made, which is the overall aim

of this study. In the absence of a model uncertainty metric, we can instead determine

whether the modelled means of certain parameters fall within published uncertainties or

observational temporal variances in order to identify how closely the model agrees with

observations. The available uncertainty for each observational dataset has been provided

in Section 6. For comparisons between mean simulated and observed parameters, these

uncertainty values have been taken into consideration to determine whether changes in

the model are appreciable, or fall within the uncertainty of observations. For example,

the overall uncertainty of CERES-EBAF SW TOA ↑ radiation has been defined as 2.5

W/m2 [Loeb et al., 2018]. If the mean simulated SW TOA ↑ radiation value fell within

±2.5 of the mean observed value, the simulation could be regarded as capturing the mean

observed radiation within uncertainty limits. For variables where uncertainty has not

been defined, such as for CCN measurements and CALIPSO-GOCCP cloud-fraction, we

have used a measure of temporal variability through calculating the standard deviation of

that particular observational dataset. Statistical tables have been shaded appropriately to

denote mean model-observation differences which fall within uncertainty/temporal vari-

ability thresholds. Values for each uncertainty/variability threshold have been included

on all statistical tables.
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A.8 Challenges facing observations in field campaigns

This section describes known challenges in measuring aerosols at stations or on voyages.

This thesis makes references to challenges in determining sea-salt using the ACSM instru-

ment, and in measuring coarse-mode particles using the APS instrument.

Sampling challenges arise for both of these instruments when utilised in a field environ-

ment (such as a voyage). While the APS is documented as having an upper detection

limit of 20µm, in observational field campaigns it is well acknowledged that the long inlet

tubing leading to the instrument can result in a loss of particles from impaction before

reaching the instrument, particularly at higher particle sizes. Varying lengths of inlet tub-

ing depend on the individual instrumental set-up of each voyage. The impaction of larger

particles onto inlet tubing applies to all instruments used on voyages which utilise a simi-

lar set-up; including the APS and SMPS instruments which provide size distribution data,

and CCN counters which provide CCN concentration. Therefore, confidence surrounding

model-observation comparisons between simulated and observed values at higher particle

sizes is decreased; this is relevant for the model-observation size distribution comparisons

in Section 7.3.

Additionally, instrumental observations such as the ACSM are largely affected by a cut-off

shift feature due to aerosol hygroscopic growth. While instruments often use an inlet head

to cut off particles larger than a certain size, they operate under ambient RH (resulting

in ’wet’ particles). Particle diameter is greatly influenced by aerosol liquid water (ALW)

content - for ambient, highly hygroscopic aerosols such as sea-salt with variable ALW

(based on RH), this creates a shift between the cut-off diameter set, and the size of

particles actually recorded [Chen et al., 2018]. This cut-off shift in observational studies

is difficult to quantify and is therefore an unknown quantity that must be taken into

consideration. Additionally, the height of the inlet varies between voyages and monitoring

stations which provides an additional source of uncertainty between observations and the

model, which defines the ’surface’ height at 20m. Due to these issues, observations of

aerosols can provide a measure by which to compare model bias (as has been done in this

thesis) but cannot be interpreted as absolute truth.

Sea-salt observations (using a Cl− ion proxy)

Measuring sea-salt using an Aerosol Chemical Speciation Monitor, ACSM, is difficult as

most compounds in SSA are refractory and not effectively vaporised in the instrument

(required for efficient analysis). Despite not measuring sea-salt directly, it is possible to

obtain a sea-salt signal from ACSM measurements by scaling with a factor of 51, as NaCl

is the dominant compound in sea-spray [Ovadnevaite et al., 2012]. It should be noted
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that this method of scaling was developed using a different instrument to an ACSM, a

Time-of-Flight Aerosol Mass Spectrometer which also measures non-refractory submicron

aerosol chemical composition. The scaling method also used a NaCl+ ion signal instead of

the Cl− ion used in this instance, and the instrument would have a different calibration to

the ACSM used on the CAPRICORN II voyage in this study. Hence this scaling technique

comes with caveats but can nonetheless provide a good estimate for bias and correlation,

and has been successfully implemented in ACSM data in [Alroe et al., 2020].

The previous paragraph discussed how a sea-salt signal may be achieved from the ACSM

Cl− signal. It must also be noted that the ACSM instrument does not capture the full

size distribution of sea-salt particles. ACSM instruments measure aerosols ranging in size

from 0.004µm to 1µm despite factor adjustments mentioned above, and therefore would

struggle to represent coarse-mode sea-salt particles [Watson, 2017]. Instead, this study

has used the ACSM observations as a metric for accumulation-mode sea-salt, which fall

within the measured size range.
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A.9 Summary of observational ground-based datasets

Parameter Instrument Station/Voyage Reference

Wind-speed Synchrotac Vane Anemometer - Type 706 S/N

Macquarie Island

King Island

Cape Grim

Bureau of Meteorology

Wind-direction Synchrotac Vane Anemometer - Type 706 S/N

Macquarie Island

King Island

Cape Grim

Bureau of Meteorology

Chloride

(proxy for sea-salt)

Aerodyne Time of Flight Aerosol Chemical Spe-

ciation Monitor (ACSM)
CAPRICORN II, RV Investigator (IN2016 V02)

Personal communication,

Humphries [2019],

Fröhlich et al. [2013]

Size distribution

Aerodynamic Particle Sizer (APS) TSI 3320

Scanning Mobility Particle Sizer Spectrometer

TSI 3938

Ice to Equator Voyage, RV Investigator (IN2016

V03)

Personal communication, Al-

roe [2020]

Aerosol Optical Depth

(AOD)
Carter Scott SPO2 sun-photometer Cape Grim

Personal communication,

Wilson [2019]

Aerosol Optical Depth

(AOD)
Cimel sun-photometer

Macquarie Island

Amsterdam Island

Holben [2019b]

Goloub [2019]

Continued over the next page...
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Parameter Instrument Station/Voyage Reference

Aerosol Optical Depth

(AOD)

Microtops II sun-photometer

(AERONET Maritime Aerosol Network)

Agulhas II 2015-2016

AK Fedorov 2015-2016

AK Fedorov 2016-2017

AK Fedorov 2017-2018

AK Fedorov 2018-2019

AK Treshnikov 2016-2017

AK Treshnikov 2018

Aurora Australis 2018

Aurora Australis 20181

HMNZS2016

RV Investigator2017

RV Investigator2018

RogerRevelle2016

Tangaroa2018

Broccardo and Holben [2019]

Vladimir and Holben [2019]

Holben and Radionov [2019a]

Holben and Radionov [2019b]

Holben and Radionov [2019c]

Schmale and Holben [2019]

Holben and Radionov [2019d]

Holben and Schofield [2019b]

Holben and Schofield [2019a]

Holben [2019a]

Humphries and Holben [2019a]

Humphries and Holben [2019b]

Nelson and Holben [2019]

Harvey and Holben [2019]

Cloud Condensation

Nuclei
CCN-100 Counter (DMT) Cape Grim Personal communication, Keywood [2019]

Cloud Condensation

Nuclei
CCN-100 Counter (DMT) Macquarie Island

Personal communication, Humphries

[2020]

Condensation CCN-100 Counter (DMT) ACE Voyage Tatzelt et al. [2019]

Condensation CCN-100 Counter (DMT) MARCUS Voyage
Personal communication, Humphries

[2020]

Table 28: Summary of ground-based observational data used in this thesis. AOD data provided through the AERONET MAN Network is labelled

by the name of the ship and year of voyage.
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A.9.1 Summary of observational satellite datasets

Parameter Instrument Reference

SW TOA ↑ Radi-

ation

Clouds Clouds and Earth’s Radiant En-

ergy System (CERES) - Energy Balanced

and Filled (EBAF) - TOA Edition 4.1

Loeb et al. [2018].

Data available for download at:

https://ceres-tool.larc.nasa.gov/ord-

tool/jsp/EBAF41Selection.jsp

Cloud Fraction

GCM-Oriented Cloud-Aerosol Lidar and

Infrared Pathfinder Satellite Observation

Cloud Product (CALIPSO-GOCCP)

Chepfer et al. [2010]. Data available by FTP at:

ftp://ftp.climserv.ipsl.polytechnique.fr/cfmip/

GOCCP v3/2D Maps/grid 2x2xL40/

Table 29: Summary of satellite-based observational data used in this thesis.

A.10 Observational data processing

This thesis uses multiple sources of observations as a comparative tool against model sim-

ulations. For each parameter used, all instruments have undergone similar data processing

which screens for important factor affecting quality, including cloud contamination and

exhaust screening for voyage data.

Cape Grim AOD

The following section utilises information provided by Wilson [2020]. AOD was measured

at Cape Grim using Carter Scott SPO2 sun-photometers. One sun-photometer provided

data between 01/2016–05/2017, which was replaced by another instrument (same make

and model) for calibration and refurbishment purposes, and was used to provide the re-

mainder of the data used in this thesis through 2018. Data processing includes the removal

of weekend data, where contamination on the front window of the sun-photometer could

have built up. AOD data was calibrated using the ’General method’, which identifies

temporal periods in the morning and afternoon unaffected by cloud, and extrapolates a

calibration estimate [Forgan, 1994]. The calibrations are inspected for any evidence of

drift, and none were observed. Drift describes unexpected changes in instrument readings

which ’drift’ into inaccurate values. All calibration values were then averaged for each

wavelength measured, which have a 95% Confidence Interval of 0.01. Sun-photometer

measurements are filtered for periods impacted by cloud using objective algorithms pre-

scribed by [Harrison and Michalsky, 1994]. Cloud-filtered data output at minute intervals

were converted into 10 minute averages.

Macquarie Island and Amsterdam Island AOD

AOD measurements at Macquarie Island and Amsterdam Island were measured using
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Cimel sun-photometers (sun-sky radiometers) as part of AERONET. All AERONET

data was selected at a Level 2.0 of data quality, which signifies cloud-cleared, manually

quality-controlled data which has pre- and post- field calibrations applied. AERONET

instruments are calibrated against a master Cimel sun-photometer pre-deployment, and

are returned every 6-12 months for calibration. Computation of AOD and cloud screening

has been described in detail in Giles et al. [2019].

This thesis also uses fine and coarse mode AOD which has been determined using a Spec-

tral Deconvolution Algorithm (discussed in Section A.3). SDA AOD was also screened

at a level 2.0 quality, which has a number of criteria imposed described in Giles [no date

provided]. Outliers are removed according to the following criterion:

|AOD500nm − AODSDA500nm| > (0.01 + AOD500nm ∗ 0.005)

AERONET MAN Voyage AOD

AERONET MAN AOD was measured using Microtops (II) sun-photometers. Microtops II

instruments are calibrated against a master Cimel sun-photometer [Smirnov et al., 2009].

Each AOD measurement is made of the average of at least 5 measurements taken. The

Version 2 AERONET direct sun algorithm is used to compute AOD, which is described in

Giles [2017]. AERONET MAN AOD data has been selected at a level 2.0 quality, which

applies final post-deployment calibration values to the data-set. The instruments are

evaluated for any potential issues such as filter degradation or data anomalies, and AOD

data is manually inspected for possible cloud-contaminated outliers following Smirnov

et al. [2000].

While AERONET stations provide measurements every 15 minutes, AERONET MAN

voyage data reports AOD more infrequently in the SO due to the scarcity of clear-sky

conditions required. Level 2 quality data-processing algorithms often remove much of this

data due to cloud-contamination which is a major feature of the Southern Ocean.

Cloud Condensation Nuclei

All CCN data has been quality controlled using standardised filtering and flagging pro-

cesses, such as the processes detailed in Stratmann & Gysel, M. (no date provided) .

CCN-100 counters measure at a range of supersaturations, and the closest SS have been

chosen in this study (0.5% SS at Cape Grim, ACE and MARCUS Voyages, and both

0.45% SS and 0.55% SS at Macquarie Island). A Cape Grim CCN study has recently

been published and provided measurement details, see Gras and Keywood [2017]. For

voyage data (ACE and MARCUS), potential sources of contamination include ship stack

exhaust. Particularly on the MARCUS campaign, the positioning of the inlet resulted in

151



∼90% of data being contaminated with exhaust, highlighting challenges of field campaigns

and the importance for exhaust filtration in datasets. Exhaust signals are identified in

CCN data as orders of magnitude higher than ambient data, and of a differing composition

to background air. These signals are identified using an automated exhaust identifica-

tion algorithm which utilises aerosol number concentration, black carbon concentration,

carbon monoxide and carbon dioxide mixing ratios [Humphries et al., 2019].

Size distribution observational instruments

Size distribution data was provided by SMPS and APS instruments. Both instruments

provide information on the size of submicrometer particles by their aerodynamic diameter

(the size of an idealised spherical particle which has the same particle density and velocity

as the measured particle). Both datasets were flagged for periods of ship exhaust, con-

tinental influence and instrument maintenance, and were filtered accordingly to ensure

quality control. Identification of ship emissions and characterisation of continental air

masses have been detailed for a similar research voyage in Alroe et al. [2020].

Aerosol Chemical Speciation Monitor

Chloride data is used as a proxy for sea-salt in this research, which was measured using

an Aerodyne Time of Flight Aerosol Chemical Speciation Monitor (ACSM). Instrumental

design and operation is provided in [Fröhlich et al., 2013]. THe ACSM measurements were

recorded on the CAPRICORN II voyage, and hence were screened for exhaust contami-

nation using a m/z 57 (mass to charge ratio) which provides a tracer for combustion that

could be removed from the dataset. Cleaned data in this dataset accounts for method

detection limits to ensure quality control.

A.10.1 Introduced Statistical metrics; NMBF and NMAEF

Traditional metrics of bias (NMB) and error (Mean Normalised Absolute Error) create

issues of asymmetry and inflation, depending on the sign of the model bias. When the

model overestimates observations, the NMB may grow unbounded; whereas for underes-

timates, the NMB is limited by -100%, creating issues of asymmetry. For cases where the

model exhibits a large bias (where the observed denominator value is relatively low), the

NMB value can be greatly inflated. This poses an issue for atmospheric chemistry evalua-

tions, where species analysed are often low in value. The statistic, Normalised Mean Bias

Factor (NMBF), overcomes this asymmetry problem through utilising the ratio of the

modelled to observed values in order to denote the sign of the statistic. The introduced

error statistic, Normalised Mean Absolute Error Factor (NMAEF), addresses asymmetry

by ranging from 0 to +∞. Both NMBF and NMAEF have the advantage of avoiding

issues of inflation through utilising normalisation (which avoids having small values on
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the denominator), and maintain symmetry [Yu et al., 2006].

A.11 Meteorology

A.11.1 Statistical summaries of simulated and observed wind-speed

Southern Ocean Average BASE ERA-I

Mean 9.07 9.55

Minimum 8.97 9.41

Maximum 9.28 9.79

Relative

Difference (%)
-4.93

Correlation 0.999

Bias -0.471

NMBF -0.0519

RMSE 0.472

NMAEF 0.0519

IOA 0.309

Table 30: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged spatially over the Southern Ocean, summer months 2016-2018.

Southern Ocean Average BASE ERA-I

Mean 10.15 10.7

Minimum 10.00 10.59

Maximum 10.2 10.8

Relative

Difference (%)
-5.02

Correlation 0.973

Bias -0.536

NMBF -0.0528

RMSE 0.538

NMAEF 0.0528

IOA 0.094

Table 31: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged spatially over the Southern Ocean, winter months 2016-2018.
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Cape Grim Summer BASE ERA-I OBS

Mean 5.33 6.82 9.91

Minimum 4.73 6.68 9.81

Maximum 5.84 7.05 10.0

Standard deviation 0.459 0.168 0.096

Relative

Difference (%)
-21.8 -46.2

Correlation 0.214 -0.138

Bias -1.49 -4.57

NMBF -0.278 -0.858

RMSE 1.55 4.60

NMAEF 0.278 0.858

IOA 0.027 -0.001

Table 32: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged temporally over summer months at Cape Grim, 2016-01-01 to 2018-10-22.

Cape Grim Winter BASE ERA-I OBS

Mean 7.63 8.35 10.2

Minimum 7.17 7.47 9.31

Maximum 8.26 9.30 11.03

Standard deviation 0.459 0.748 0.709

Relative

Difference (%)
-8.41 -25.4

Correlation 0.978 0.919

Bias -0.724 -2.61

NMBF -0.0949 -0.343

RMSE 0.789 2.64

NMAEF 0.0949 0.343

IOA 0.683 0.147

Table 33: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged temporally over winter months at Cape Grim, 2016-01-01 to 2018-10-22.
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Macquarie Island Summer BASE ERA-I OBS

Mean 9.91 10.3 9.4

Minimum 9.45 9.97 8.73

Maximum 10.4 10.7 9.93

Relative

Difference (%)
-4.19 5.37

Correlation 1.00 0.981

Bias -0.431 0.496

NMBF -0.0435 0.0527

RMSE 0.438 0.520

NMAEF 0.043 0.053

IOA 0.693 0.730

Table 34: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged temporally over summer months at Macquarie Island, 2016-01-01 to 2018-10-22.

Macquarie Island Winter BASE ERA-I OBS

Mean 10.7 10.9 10.3

Minimum 10.0 10.5 10.0

Maximum 11.5 11.3 11.0

Relative

Difference (%)
-2.23 3.35

Correlation 0.983 0.916

Bias -0.236 0.349

NMBF -0.0221 0.0338

RMSE 0.354 0.427

NMAEF 0.0305 0.0338

IOA 0.863 0.848

Table 35: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged temporally over winter months at Macquarie Island, 2016-01-01 to 2018-10-22.
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King Island Summer BASE ERA-I OBS

Mean 4.91 6.82 6.15

Minimum 4.51 6.68 5.97

Maximum 5.18 7.05 6.27

Relative

Difference (%)
-28.0 -12.7

Correlation 0.704 0.997

Bias -1.90 -1.05

NMBF -0.387 -0.144

RMSE 1.92 1.05

NMAEF 0.387 0.144

IOA 0.036 0.665

Table 36: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged temporally over summer months at King Island, 2016-01-01 to 2018-10-22.

King Island Winter BASE ERA-I OBS

Mean 7.30 8.4 6.88

Minimum 6.38 7.47 6.07

Maximum 8.19 9.30 7.74

Relative

Difference (%)
-12.69 6.07

Correlation 1.00 1.00

Bias -1.05 0.420

NMBF -0.144 0.0610

RMSE 1.05 0.426

NMAEF 0.144 0.0610

IOA 0.665 0.917

Table 37: Statistical summary of simulated wind-speed compared to ERA-I wind-speed aver-

aged temporally over winter months at King Island, 2016-01-01 to 2018-10-22.
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A.11.2 Land-Ocean Fraction as a source of simulated wind-speed bias

The representation of land and ocean in ACCESS-CM2 was investigated as a source of bias

in simulated wind-speed. Land and ocean have separate parameters that contribute to

wind-speed, such as surface roughness and temperature. Coarse-scale models parameterise

surface interactions at coastal sites using the fraction of land to ocean in a gridbox to

calculate the contribution of each surface to meteorological parameters using a ‘buddy’

system [Hewitt et al., 2011]. King Island and Macquarie Island are regarded as being

completely ocean and exhibited higher model-observation wind-speed correlation values

compared to Cape Grim which has a land fraction of 0.2 (see Figure 61). While this

negative relationship may be noted, the small amount of suitable meteorological stations

prevents this relationship from being stated with confidence.

Figure 61: Land fraction of available meteorological stations, King Island, Cape Grim, and

Macquarie Island. The latitude/longitude lines on the plot are aligned with ACCESS-CM2

grid-spaces (1.25◦ Latitude by 1.85◦ Longitude).
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A.12 Size distributions

Aerosol Mode

mean diameter (nm)
BASE PMO CHEM

Nucleation (undetected) 10.5932689 (undetected)

Aitken 48.9 80.4 49.8

Accumulation 271 243 266

Coarse 2056 2019 1807

Table 38: Summer Average Southern Ocean aerosol mode mean diameter (nm).

Aerosol Mode peak

particle number

(dN/dlogDp)

BASE PMO CHEM

Nucleation (undetected) 3.55 (undetected)

Aitken 104 60.3 136

Accumulation 116 197 126

Coarse 2.96 2.99 3.26

Table 39: Summer Average Southern Ocean aerosol mode peak particle number (dN/dlogDp).

Aerosol Mode

mean diameter (nm)
BASE PMO CHEM

Nucleation 11.8 11.0 12.5

Aitken 44.6 76.0 46.2

Accumulation 266 243 247

Coarse 2133 2133 1841

Table 40: Autumn Average Southern Ocean aerosol mode mean diameter (nm).

Aerosol Mode peak

particle number

(dN/dlogDp)

BASE PMO CHEM

Nucleation 19.2 17.2 12.2

Aitken 67.3 49.1 56.5

Accumulation 87.9 123.9 91.8

Coarse 2.8 2.8 3.1

Table 41: Autumn Average Southern Ocean aerosol mode peak particle number (dN/dlogDp).
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Aerosol Mode

mean diameter (nm)
BASE PMO CHEM

Nucleation 11.0 10.8 11.4

Aitken 45.4 (not detected) 44.6

Accumulation 261 252 238

Coarse 2173 2173 1910

Table 42: Winter Average Southern Ocean aerosol mode mean diameter (nm).

Aerosol Mode peak

particle number

(dN/dlogDp)

BASE PMO CHEM

Nucleation 14.8 12.7 15.0

Aitken 16.8 (not detected) 24.6

Accumulation 73.0 87.4 74.2

Coarse 2.63 2.61 2.88

Table 43: Winter Average Southern Ocean aerosol mode peak particle number (dN/dlogDp).

Aerosol Mode

mean diameter (nm)
BASE PMO CHEM

Nucleation 11.0 10.8 11.2

Aitken 45.4 (not detected) 43.8

Accumulation 271 242.7 252

Coarse 2133 2133 1875

Table 44: Spring Average Southern Ocean aerosol mode mean diameter (nm).

Aerosol Mode peak

particle number

(dN/dlogDp)

BASE PMO CHEM

Nucleation 29.8 24.1 45.2

Aitken 51.2 (not detected) 80.3

Accumulation 76.4 126 81.5

Coarse 2.66 2.65 2.93

Table 45: Spring Average Southern Ocean aerosol mode peak particle number (dN/dlogDp).
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A.13 AOD

A.13.1 Average simulated and observed AOD statistical comparisons

Cape Grim OBS BASE PMO CHEM SSALT

Mean 0.0912 0.1414 0.1436 0.1208 0.0751

Relative

Difference

0.0502

(55.0%)

0.0524

(57.5%)

-0.0296

(32.4%)

-0.0162

(7.12%)

Correlation 0.349 0.346 0.335 0.318

Bias 0.0295 0.0306 0.0120 -0.0165

NMBF 0.322 0.335 0.132 -0.219

RMSE 0.0752 0.0756 0.0639 0.0617

NMAEF 0.602 0.607 0.493 0.537

IOA 0.620 0.653 0.579 0.365

Table 46: Statistical summary of modeled and observed AOD at Cape Grim. Model-

observation difference have been shaded if they fall within the observational uncertainty (0.01),

see Appendix A.7.

Macquarie Island OBS BASE PMO CHEM SSALT

Mean 0.0871 0.109 0.110 0.0906 0.0624

Relative

Difference

0.0219

(25.1%)

0.0231

(26.5%)

0.00346

(3.97%)

0.0247

(-19.5%)

Correlation 0.376 0.377 0.372 0.251

Bias 0.0195 0.0202 0.00416 -0.0240

NMBF 0.226 0.234 0.048 -0.385

RMSE 0.0606 0.0576 0.0461 0.0442

NMAEF 0.467 0.467 0.391 0.559

IOA 0.446 0.449 0.513 0.317

Table 47: Statistical summary of modeled and observed AOD at Macquarie Island. Model-

observation difference have been shaded if they fall within the observational uncertainty (0.01),

see Appendix A.7.
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Amsterdam

Island
OBS BASE PMO CHEM SSALT

Mean 0.0764 0.130 0.132 0.114 0.0601

Relative

Difference

0.0532

(69.6%)

0.0560

(73.4%)

0.0373

(48.8%)

-0.0163

(-10.0%)

Correlation 0.633 0.637 0.626 0.381

Bias 0.0540 0.0566 0.0366 -0.0170

NMBF 0.700 0.735 0.475 -0.282

RMSE 0.0749 0.0784 0.0545 0.0392

NMAEF 0.745 0.778 0.553 0.479

IOA 0.517 0.505 0.609 0.479

Table 48: Statistical summary of modeled and observed AOD at Amsterdam Island. Model-

observation difference have been shaded if they fall within the observational uncertainty (0.01),

see Appendix A.7.

Southern Ocean

Voyages
OBS BASE PMO CHEM SSALT

Mean 0.0746 0.161 0.166 0.141 0.0956

Relative differ-

ence (%)

0.0860

(115%)

0.0910

(122%)

0.0663

(88.9%)

0.0210

(48.7%)

Correlation 0.463 0.433 0.414 0.429

Bias 0.0860 0.0910 0.0663 0.0210

NMBF 1.15 1.22 0.889 0.281

RMSE 0.116 0.121 0.0898 0.0438

NMAEF 1.17 1.24 0.915 0.452

IOA 0.288 0.260 0.313 0.533

Table 49: Statistical summary of modeled and observed AOD over 14 Southern Ocean

AERONET MAN Voyages. Model-observation difference have been shaded if they fall within

the observational uncertainty (0.02), see Appendix A.7.

161



A.13.2 Seasonal simulated and observed AOD statistical comparisons

Cape Grim

Summer,

N =1996

OBS BASE PMO CHEM SSALT

Mean 0.108 0.149 0.151 0.128 0.0950

Relative

Difference (%)

0.0414

(38.5%)

0.0437

(40.6%)

0.0201

(18.7%)

-0.0126

(-11.7%)

Correlation -0.327 -0.309 -0.265 -0.287

Bias 0.0414 0.0437 0.0201 -0.013

NMBF 0.385 0.406 0.187 -0.133

RMSE 0.0548 0.0565 0.0376 0.032

NMAEF 0.385 0.406 0.291 0.288

IOA 0.909 0.895 0.894 -0.311

Table 50: Statistical summary of seasonal modeled and observed AOD, Cape Grim Summer

(2016-2018). Model-observation difference have been shaded if they fall within the observational

uncertainty (0.01), see Appendix A.7.

Cape Grim

Winter,

N =1960

OBS BASE PMO CHEM SSALT

Mean 0.0474 0.130 0.131 0.109 0.0680

Relative

Difference (%)

0.0827

(174%)

0.0834

(176%)

0.0613

(129%)

0.0206

(43.4%)

Correlation 0.989 0.979 0.946 0.781

Bias 0.0827 0.0834 0.0613 0.0206

NMBF 1.74 1.76 1.29 0.434

RMSE 0.0838 0.0845 0.0621 0.0215

NMAEF 1.74 1.76 1.29 0.434

IOA 0.909 0.895 0.894 0.165

Table 51: Statistical summary of seasonal modeled and observed AOD, Cape Grim Winter

(2016-2018). Model-observation difference have been shaded if they fall within the observational

uncertainty (0.01), see Appendix A.7.
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Macquarie Island

Summer,

N =146

OBS BASE PMO CHEM SSALT

Mean 0.0839 0.129 0.132 0.110 0.0807

Relative

Difference (%)

0.0448

(53.3%)

0.0481

(57.3%)

0.0257

(30.7)

-0.00328

(-3.90%)

Correlation -0.988 -0.909 -1.000 -0.980

Bias 0.0448 0.0481 0.0257 -0.00328

NMBF 0.533 0.573 0.307 -0.0406

RMSE 0.0496 0.0516 0.0333 0.0151

NMAEF 0.533 0.573 0.307 0.185

IOA 0.609 0.619 0.576 0.117

Table 52: Statistical summary of seasonal modeled and observed AOD, Macquarie Island

Summer (2016-2018). Model-observation difference have been shaded if they fall within the

observational uncertainty (0.01), see Appendix A.7.

Macquarie Island

Winter,

N =69

OBS BASE PMO CHEM SSALT

Mean 0.0861 0.0929 0.0915 0.0661 0.0431

Relative

Difference (%)

0.0068

(7.91%)

0.0054

(6.22%)

0.0201

(-23.3%)

-0.0430

(-49.9%)

Correlation 0.493 0.630 0.634 0.776

Bias 0.00681 0.00535 -0.0201 -0.0430

NMBF 0.0791 0.0622 -0.304 -0.996

RMSE 0.0167 0.0138 0.0226 0.0439

NMAEF 0.157 0.136 0.304 0.996

IOA 0.438 0.431 0.524 0.132

Table 53: Statistical summary of seasonal modeled and observed AOD, Macquarie Island

Winter (2016-2018). Model-observation difference have been shaded if they fall within the

observational uncertainty (0.01), see Appendix A.7.
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Amsterdam

Island

Summer,

N =636

OBS BASE PMO CHEM SSALT

Mean 0.0766 0.125 0.130 0.115 0.0859

Relative

Difference (%)

0.0488

(63.7%)

0.0536

(70.0%)

0.0381

(49.7%)

0.00928

(12.1%)

Correlation 0.965 0.975 0.990 0.999

Bias 0.0488 0.0536 0.0381 0.00928

NMBF 0.637 0.700 0.497 0.121

RMSE 0.0498 0.0547 0.0385 0.00938

NMAEF 0.637 0.700 0.497 0.121

IOA 0.516 0.493 0.595 0.783

Table 54: Statistical summary of seasonal modeled and observed AOD, Amsterdam Island

Summer (2016-2018). Model-observation difference have been shaded if they fall within the

observational uncertainty (0.01), see Appendix A.7.

Amsterdam

Island

Winter,

N =450

OBS BASE PMO CHEM SSALT

Mean 0.0769 0.135 0.135 0.113 0.0674

Relative

Difference (%)

0.0577

(75.0%)

0.0585

(76.0%)

0.0362

(47.0%)

-0.00953

(-12.4%)

Correlation 0.998 0.998 0.999 0.902

Bias 0.0577 0.0585 0.0362 -0.0095

NMBF 0.750 0.760 0.470 -0.141

RMSE 0.0582 0.0589 0.0363 0.0106

NMAEF 0.750 0.760 0.470 0.141

IOA 0.502 0.510 0.627 0.777

Table 55: Statistical summary of seasonal modeled and observed AOD, Amsterdam Island

Winter (2016-2018). Model-observation difference have been shaded if they fall within the

observational uncertainty (0.01), see Appendix A.7.
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A.13.3 Relationship between wind-direction and AOD bias

Pollution Rose:

Section 7.4.2 utilised a pollution rose in Figure 38 to identify sources of increased AOD

bias. Figure 62 provides the same pollution rose figure, which shows increased sources

of AOD originating from multiple wind-directions through areas of orange and red, as

would be expected for a small island in the Southern Ocean. In comparison, Cape Grim

is situated on a larger land mass, and exhibits a distinct Southern Ocean signature in the

baseline sector (shown in Figure 38).

Figure 62: Pollution Rose of AOD550nm at Macquarie Island. AOD ratio calculated as the

ratio of ACCESS-CM2 simulated AOD/Observed AOD for all data (not baseline-screened.

Conditional Probability Function

To investigate sources of the highest AOD bias further, the Conditional Probability Func-

tion (CPF) was used. CPF is used to show wind directions that dominate high concen-

trations of a pollutant, as follows:

CPF =
mθ,j

nθ,j
(24)

Equation 24: Conditional Probability Function (CPF), where mθ,j is the number of samples

above a specified concentration within a wind sector, θ and wind speed interval, j. nθ,j defines

the total number of samples within the same wind-direction speed interval.

The plot below illustrates the probability of AOD bias in the 90th percentile (over a ratio

of 2.6) occurring by wind direction [Carslaw, 2019]. In Figure 63, a higher AOD bias is
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much more likely (CPF probability up to 0.8) in directions of SWW (corresponding to

the baseline region shown in Figure 38, and another area at the NE direction, which was

not as clearly depicted in Figure 38. As this wind direction is near, but not within the

specified baseline region, it may represent outflow from the Australian continental region.

This suggests that the model may exhibit a strong signal of high AOD from continental

sources, and care must be taken to ensure that data used at Cape Grim is filtered for

baseline wind directions. The separated ’dots’ shown in Figure 38 are likely an artefact of

lacking data density. We recommend that this CPF function be applied to a longer-term

dataset to increase the number of data points and decrease uncertainty surrounding the

identified regions of increased AOD.

Figure 63: This figure is divided into the central prediction (middle) and the lower and upper

95% estimated uncertainties. This has been done as if the central feature exists in all uncertainty

plots, then the feature is ‘real’ and not an artifact of too few data values, as the observational

dataset used was more temporally sparse than the model input.

Another method of filtering Cape Grim data for the Baseline is through the use of Radon

data. Radon-222 is a species ubiquitous to most terrestrial soils and rocks, and is measured

at 2-3 orders of magnitude larger than in oceanic environments [Chambers et al., 2015].

When recorded over the same temporal and spatial domain as the parameter investigated,

Radon data provides a useful terrestrial marker which can identify air parcels of terrestrial

provenance. This thesis has employed wind-direction data screening processes following

Cape Grim aerosol/chemistry observational studies [Crawford et al., 2017, Slemr et al.,

2015]. Given the increased signature of AOD bias in non-baseline conditions (shown

in Figure 63), we recommend the use of Radon-screening methods in further studies to

isolate the Southern Ocean signal further. Terrestrial air parcels may be recirculated and

approach the Cape Grim monitoring station from baseline wind-directions; the use of

Radon data would remove air parcels flagged as containing terrestrial elements.
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A.13.4 Simulated inter-annual variability of AOD

Inter-annual variability, AOD

Figure 64: Observed and simulated AOD inter-annual variability at Cape Grim

Figure 65: Observed and simulated AOD inter-annual variability at Macquarie Island
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Figure 66: Observed and simulated AOD inter-annual variability at Amsterdam Island

Figure 67: Aerosol mode contribution to AOD, Cape Grim. This figure also demonstrates sim-

ilar changes in aerosol modes in perturbation runs relative to the BASE run as shown averaged

over the Southern Ocean.

168



A.13.5 Comparison of zonal simulated AOD against Revell et al. [2019] re-

sults

Figure 68: Simulated zonal averages of AOD550nm. The top left figure shows the simulated

AOD output for the BASE run, and the remaining plots show each perturbation run minus the

BASE run. Model values have been plotted in this configuration for comparison against the

[Revell et al., 2019] study, which utilised the same [Hartery et al., 2020] modified sea-salt source

function, see Figure 69 below.

Figure 69: HadGEM3-GA7.1-simulated zonal averages of AOD550nm. This figure has been

adapted from Figure 3 in the Revell et al. [2019] study for comparison with Figure 68 above
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In the Revell et al. [2019] study shown in Figure 68, the ”SSF” model run denoted the

model run with the modified sea-salt source function (similar to the SSALT run in this

study), and the ”REF” run used the same model structure as the SSF run, but without

the modified sea-salt function (akin to the ”BASE” run in this study. It is important to

remember that whilst the two models share a physical atmosphere and chemistry scheme

(GA7.1 and UKCA CheST), they are different models, ACCESS-CM2 and HadGEM3-

GA7.1, hence AOD simulation will be different due to varying biases and model processes.

Note the offset on x-axis between the two Figures, where Summer months are located in

the centre of this plot, but are located at the beginning of the x-axis in Figure 68

A.14 CCN

A.14.1 Average simulated and observed CCN statistical comparisons

Cape Grim,

N = 1258
OBS BASE PMO CHEM SSALT

Mean 132 76.4 87.4 99.9 74.6

Min 6.67 7.69 9.39 8.04 4.56

Max 3151 958 1116 1132 1013

Relative

Difference (%)

-55.2

(-13.7%)

-44.2

(2.8%)

-31.7

(15.0%)

-57.0

(-16.0% )

Correlation 0.403 0.373 0.387 0.375

Bias -55.2 -44.2 -31.7 -57.0

NMBF -0.722 -0.505 -0.317 -0.764

RMSE 162 160 159 165

NMAEF 1.08 0.900 0.841 1.15

IOA 0.436 0.413 0.491 0.421

Standard

deviation
166 75.9 73.4 94.9 79.4

Table 56: Statistical summary of average modeled and observed CCN at Cape Grim (2016-

2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (166), see Appendix A.7.
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Macquarie Island

CCN(0.45%SS), N =

14323

OBS BASE PMO CHEM SSALT

Mean 130 41.2 57.5 61.2 29.7

Min 10.8 4.78 6.46 5.35 3.01

Max 1223 207 234 521 175

Relative

Difference (%)

-88.3

(-55.9%)

-72.0

(-38.8%)

-68.3

(-36.5%)

-99.8

(-68.8%)

Correlation 0.295 0.275 0.212 0.240

Bias -88.3 -72.0 -68.3 -99.8

NMBF -2.15 -1.25 -1.12 -3.36

RMSE 127 117 119 136

NMAEF 2.20 1.36 1.32 3.39

IOA 0.145 0.201 0.218 0.101

Standard deviation 95.8 24.3 32.7 49.1 22.9

Table 57: Statistical summary of average modeled and observed CCN at Macquarie Island

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (99.3), see Appendix A.7.

Macquarie Island

CCN(0.55%SS), N =

14323

OBS BASE PMO CHEM SSALT

Mean 143 41.2 57.5 61.2 29.7

Min 10.8 4.78 6.46 5.35 3.01

Max 1429 207 234 521 175

Relative

Difference (%)

-101

(-59.6%)

-85.1

(-44.1%)

-81.4

(-42.2%)

-113

(-71.6%)

Correlation 0.317 0.304 0.239 0.271

Bias -101 -85.1 -81.4 -113

NMBF -2.46 -1.48 -1.33 -3.80

RMSE 144 133 134 153

NMAEF 2.50 1.56 1.49 3.82

IOA 0.137 0.194 0.219 0.102

Standard deviation 107 24.3 32.71 49.1 22.9

Table 58: Statistical summary of average modeled and observed CCN at Macquarie Island

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (126), see Appendix A.7.
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ACE Voyage,

N = 5226
OBS BASE PMO CHEM SSALT

Mean 176 51.9 82.2 81.5 42.4

Min 3.90 13.8 19.4 18.0 7.93

Max 1388 1158 1327 1314 1120

Relative

Difference (%)

-124

(-66.7%)

-94.1

(-41.0%)

-94.7

(-44.6%)

-134

(-74.5%)

Correlation 0.440 0.364 0.368 0.441

Bias -124 -94.1 -94.7 -134

NMBF -2.40 -1.14 -1.16 -3.16

RMSE 159 143 148 167

NMAEF 2.53 1.30 1.39 3.31

IOA 0.370 0.390 0.407 0.353

Standard deviation 101 83.5 89.0 101 85.0

Table 59: Statistical summary of average modeled and observed CCN, ACE Voyage (2016-

2017). Model-observation difference have been shaded if they fall within the observational

temporal variability (101), see Appendix A.7.

MARCUS

Voyage,

N = 131

OBS BASE PMO CHEM SSALT

Mean 226 67.5 98 100 62.8

Min 39.1 12.3 24.8 16.5 7.19

Max 1020 335 321 384 359

Relative

Difference (%)

-158

(-66.2%)

-127

(-45.0%)

-125

(-50.1%)

-163

(-70.6%)

Correlation 0.736 0.686 0.701 0.743

Bias -158 -127 -125 -163

NMBF -2.34 -1.29 -1.25 -2.59

RMSE 205 186 177 207

NMAEF 2.35 1.33 1.27 2.60

IOA 0.386 0.385 0.509 0.401

Standard deviation 164 54.3 48.1 70.7 58.4

Table 60: Statistical summary of average modeled and observed CCN, MARCUS Voyage

(2017-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (164), see Appendix A.7.
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A.14.2 Probability Density Functions, Southern Ocean CCN

Figure 70: Histogram of observed and modeled CCN at Cape Grim, Macquarie Island and

over the ACE and MARCUS Voyage Campaigns. Figure has been left un-cropped to show the

magnitude of the peaks in the models compared to observations.
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A.14.3 Monthly mean CCN time-series, Cape Grim and Macquarie Island

Figure 71: Monthly averaged timeseries of observed and modeled CCN, Cape Grim and Mac-

quarie Island. Shaded regions show ± 1 standard deviation for each respective dataset.
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A.14.4 Seasonal simulated and observed CCN statistical comparisons

Cape Grim

Summer,

N =330

OBS BASE PMO CHEM SSALT

Mean 204 104 112 132 101

Min 9.17 23.6 27.3 32.0 19.2

Max 3151 751 707 748 676

Relative

Difference (%)

-99.8

(-23.9)

-91.6

(-17.1)

-71.9

(-3.1)

-103

(-26.2)

Correlation 0.412 0.374 0.384 0.375

Bias -99.8 -91.6 -71.9 -103

NMBF -0.959 -0.815 -0.544 -1.02

RMSE 219 219 210 223

NMAEF 1.14 1.00 0.829 1.21

IOA 0.371 0.321 0.401 0.336

Standard deviation 214 80.4 70.6 90.3 78.8

Table 61: Statistical summary of seasonal modeled and observed CCN, Cape Grim Summer

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (214), see Appendix A.7.

Cape Grim

Winter,

N =330

OBS BASE PMO CHEM SSALT

Mean 82.4 35.2 46.5 48.1 31.5

Min 6.67 8.55 9.39 8.06 4.56

Max 701 143 154 207 152

Relative

Difference (%)

-47.1

(-29.5%)

-35.9

(-3.1%)

-34.2

(-2.6%)

-50.9

(-35.7%)

Correlation 0.231 0.165 0.209 0.199

Bias -47.1 -35.9 -34.2 -50.9

NMBF -1.34 -0.771 -0.711 -1.62

RMSE 95.4 92.3 91.7 98.1

NMAEF 1.57 1.15 1.15 1.86

IOA 0.157 0.151 0.228 0.148

Standard deviation 85.2 21.5 27.0 34.9 24.5

Table 62: Statistical summary of seasonal modeled and observed CCN, Cape Grim Winter

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (85.2), see Appendix A.7.
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Cape Grim

Autumn,

N =330

OBS BASE PMO CHEM SSALT

Mean 136.0 96.5 108 114 96.3

Min 18.5 7.69 13.1 8.04 4.56

Max 2466 957 1116 1021 1013

Relative

Difference (%)

-29.6

(12.3%)

-18.1

(27.8%)

-12.5

(32.4%)

-29.8

(11.1%)

Correlation 0.256 0.243 0.277 0.256

Bias -29.6 -18.1 -12.5 -29.8

NMBF -0.307 -0.168 -0.110 -0.309

RMSE 181 182 182 183

NMAEF 0.856 0.766 0.794 0.896

IOA 0.340 0.336 0.396 0.351

Standard deviation 178 92.7 96.6 110 98.9

Table 63: Statistical summary of seasonal modeled and observed CCN, Cape Grim Autumn

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (178), see Appendix A.7.

Cape Grim

Spring,

N =330

OBS BASE PMO CHEM SSALT

Mean 103 63.2 76.4 95.7 62.8

Min 12 12.3 16.4 11.7 8.8

Max 1827 744 731 1132 771

Relative

Difference (%)

-39.9

(-14.1%)

-26.7

(5.34%)

-7.4

(30.7%)

-40.3

(-14.3%)

Correlation 0.476 0.488 0.455 0.441

Bias -39.9 -26.7 -7.36 -40.3

NMBF -0.631 -0.350 -0.0769 -0.641

RMSE 110 105 114 114

NMAEF 1.05 0.803 0.791 1.13

IOA 0.539 0.551 0.619 0.530

Standard deviation 116 63.9 59.6 98.8 71.1

Table 64: Statistical summary of seasonal modeled and observed CCN, Cape Grim Spring

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (116), see Appendix A.7.
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Macquarie Island

Summer,

N =4320

OBS BASE PMO CHEM SSALT

Mean 162 52.2 75.1 84.6 41.3

Min 13.2 7.20 13.3 7.17 4.33

Max 1100 207 234 521 175

Relative

Difference (%)

-110

(-57.4%)

-87.4

(-38.4%)

-77.9

(-32.5%)

-121.1

(-66.5%)

Correlation 0.194 0.161 0.117 0.151

Bias -110 -87.4 -77.9 -121

NMBF -2.11 -1.16 -0.921 -2.93

RMSE 146 131 133 155

NMAEF 2.14 1.25 1.14 2.95

IOA 0.0787 0.109 0.133 0.0582

Standard deviation 97.2 24.1 33.8 59.8 25.2

Table 65: Statistical summary of seasonal modeled and observed CCN, Macquarie Island

Summer (2016-2018). Model-observation difference have been shaded if they fall within the

observational temporal variability (84.5), see Appendix A.7.

Macquarie Island

Winter,

N =3154

OBS BASE PMO CHEM SSALT

Mean 94.7 24.2 28.0 26.4 13.4

Min 11.6 4.78 6.46 5.35 3.01

Max 1429 103 102 122 80.8

Relative

Difference (%)

-70.6

(-58.4%)

-66.7

(-51.0%)

-68.3

(-54.7%)

-81.3

(-76.3%)

Correlation 0.199 0.179 0.205 0.177

Bias -70.6 -66.7 -68.3 -81.3

NMBF -2.92 -2.38 -2.59 -6.06

RMSE 114 112 113 122

NMAEF 2.96 2.46 2.64 6.06

IOA 0.0720 0.0722 0.0821 0.0348

Standard deviation 91.4 13.9 14.9 15.1 8.22

Table 66: Statistical summary of seasonal modeled and observed CCN, Macquarie Island

Winter (2016-2018). Model-observation difference have been shaded if they fall within the

observational temporal variability (95.2), see Appendix A.7.
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Macquarie Island

Autumn,

N =2498

OBS BASE PMO CHEM SSALT

Mean 141 39.8 53.0 49.4 25.3

Min 14.0 7.08 11.9 8.04 5.13

Max 1192 143 143 182 121

Relative

Difference (%)

-101

(-58.1%)

-87.7

(-41.8%)

-91.3

(-45.9%)

-115

(-72.6%)

Correlation 0.290 0.220 0.175 0.181

Bias -101 -87.7 -91.3 -115

NMBF -2.54 -1.66 -1.85 -4.56

RMSE 149 141 144 160

NMAEF 2.59 1.74 1.93 4.60

IOA 0.0974 0.0848 0.0724 0.0431

Standard deviation 113 18.2 18.5 20.5 14.2

Table 67: Statistical summary of seasonal modeled and observed CCN, Macquarie Island

Autumn (2016-2018). Model-observation difference have been shaded if they fall within the

observational temporal variability (126), see Appendix A.7.

Macquarie Island

Spring,

N =4351

OBS BASE PMO CHEM SSALT

Mean 135 33.1 46.7 47.4 21.8

Min 10.8 5.12 8.66 8.18 3.74

Max 1056 189 193 223 158

Relative

Difference (%)

-102

(-63.7%)

-88.0

(-50.2%)

-87.3

(-49.2%)

-113

(-76.3%)

Correlation 0.367 0.405 0.376 0.359

Bias -102 -88.0 -87.3 -113

NMBF -3.07 -1.89 -1.84 -5.16

RMSE 149 139 138 158

NMAEF 3.13 1.94 1.91 5.20

IOA 0.147 0.205 0.222 0.106

Standard deviation 115 22.6 26.6 31.6 17.8

Table 68: Statistical summary of seasonal modeled and observed CCN, Macquarie Island Spring

(2016-2018). Model-observation difference have been shaded if they fall within the observational

temporal variability (104), see Appendix A.7.
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Figure 72: Cape Grim Standard Deviations of simulated and observed CCN (showing inter-

annual variability) grouped by season.

Figure 73: Macquarie Island Standard Deviations of simulated and observed CCN (showing

inter-annual variability) grouped by season.
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Figure 74: Average Southern Ocean Standard Deviations of simulated and observed CCN

(showing inter-annual variability) grouped by season.

A.15 CDNC, Radiation & Low Cloud Fraction

A.15.1 Seasonal simulated CDNC statistical comparisons

Summer CDNC BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 44.8 69.3 50.1 41.4

Mean difference (%)
24.5

(55.3%)

5.33

(12.0%)

-3.37

(-7.54%)

Correlation 0.210 0.999 1.00

Mean bias 24.5 5.33 -3.37

NMBF 0.548 0.119 -0.0814

RMSE 24.7 5.36 3.37

NMAEF 0.548 0.119 0.0814

IOA 0.00103 0.428 0.697

Table 69: Comparison of summer-time simulated CNDC values between ACCESS-CM2 BASE

and perturbation models, averaged over the Southern Ocean from 2016–2018.

180



Winter CDNC BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 23.3 27.6 24.4 17.3

Mean difference (%)
4.33

(18.6%)

1.07

(4.56%)

-5.96

(-25.6%)

Correlation 0.801 0.996 0.979

Mean bias 4.33 1.07 -5.96

NMBF 0.186 0.0459 -0.344

RMSE 4.37 1.14 5.97

NMAEF 0.186 0.0459 0.344

IOA 0.0709 0.570 0.0408

Table 70: Comparison of winter-time simulated CNDC values between ACCESS-CM2 BASE

and perturbation models, averaged over the Southern Ocean from 2016–2018.

Autumn CDNC BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 31.5 43.4 34.1 26.3

Mean difference (%)
11.9

(36.4%)

2.61

(8.21%)

-5.19

(-17.2%)

Correlation 1.00 1.00 1.00

Mean bias 11.9 2.61 -5.19

NMBF 0.378 0.0829 -0.197

RMSE 12.8 2.67 5.22

NMAEF 0.378 0.0829 0.197

IOA 0.550 0.942 0.808

Table 71: Comparison of autumn-time simulated CNDC values between ACCESS-CM2 BASE

and perturbation models, averaged over the Southern Ocean from 2016–2018.

Spring CDNC BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 26.4 41.4 30.0 21.6

Mean difference (%)
15.0

(54.8%)

3.53

(13.1%)

-4.83

(-18.5%)

Correlation 0.900 0.981 0.983

Mean bias 15.0 3.53 -4.83

NMBF 0.567 0.133 -0.224

RMSE 17.8 3.73 4.87

NMAEF 0.567 0.133 0.224

IOA 0.204 0.635 0.450

Table 72: Comparison of spring-time simulated CNDC values between ACCESS-CM2 BASE

and perturbation models, averaged over the Southern Ocean from 2016–2018.
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A.15.2 Seasonal simulated and observed SW TOA ↑ radiation statistical com-

parisons

Summer SW TOA ↑
Radiation (Wm−2)

CERES-

EBAF

BASE-

CERES

PMO-

CERES

CHEM-

CERES

SSALT-

CERES

Mean 167 168 174 168 165

Mean difference (%)
0.816

(0.639%)

6.317

(3.90%)

0.945

(0.708%)

-2.498

(-1.34%)

Correlation 1.00 1.00 1.00 1.00

Mean bias 0.816 6.32 0.945 -2.50

NMBF 0.005 0.038 0.006 -0.015

RMSE 2.88 6.55 2.76 3.94

NMAEF 0.0134 0.0378 0.0124 0.0220

IOA 0.987 0.943 0.988 0.976

Table 73: Statistical summary of summer CERES-EBAF observed and simulated SW TOA ↑
radiation over the Southern Ocean, 2016-2018. Model-observation difference have been shaded

if they fall within the observational uncertainty (2.5 W m−2), see Appendix A.7.

Winter SW TOA ↑
Radiation (Wm−2)

CERES-

EBAF

BASE-

CERES

PMO-

CERES

CHEM-

CERES

SSALT-

CERES

Mean 47.6 53.6 54.1 53.0 52.1

Mean difference (%) 5.94 (12.4%) 6.49 (13.5%) 5.39 (11.3%) 4.52 (9.37%)

Correlation 1.00 1.00 1.00 1.00

Mean bias 5.94 6.49 5.39 4.52

NMBF 0.125 0.136 0.113 0.095

RMSE 6.18 6.76 5.58 4.71

NMAEF 0.125 0.136 0.113 0.095

IOA 0.943 0.934 0.953 0.965

Table 74: Statistical summary of winter CERES-EBAF observed and simulated SW TOA ↑
radiation over the Southern Ocean, 2016-2018. Model-observation difference have been shaded

if they fall within the observational uncertainty (2.5 W m−2), see Appendix A.7.
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Autumn SW TOA ↑
Radiation (Wm−2)

CERES-

EBAF

BASE-

CERES

PMO-

CERES

CHEM-

CERES

SSALT-

CERES

Mean 78.5 85.2 87.0 84.5 83.2

Mean difference (%) 6.76 (9.43%)
8.52

(11.53%)
6.07 (8.51%) 4.79 (6.86%)

Correlation 1.000 1.000 1.000 1.000

Mean bias 6.76 8.52 6.07 4.79

NMBF 0.0861 0.1087 0.0774 0.0610

RMSE 6.78 8.63 6.08 4.82

NMAEF 0.0861 0.1087 0.0774 0.0610

IOA 0.983 0.974 0.987 0.991

Table 75: Statistical summary of autumn CERES-EBAF observed and simulated SW TOA ↑
radiation over the Southern Ocean, 2016-2018. Model-observation difference have been shaded

if they fall within the observational uncertainty (2.5 W m−2), see Appendix A.7.

Spring SW TOA ↑
Radiation (Wm−2)

CERES-

EBAF

BASE-

CERES

PMO-

CERES

CHEM-

CERES

SSALT-

CERES

Mean 134 138 142 137 134

Mean difference (%)
4.24

(4.13%)

8.60

(7.12%)

3.96

(3.88%)

0.386

(1.20%)

Correlation 1.00 1.00 1.00 1.00

Mean bias 4.24 8.60 3.96 0.39

NMBF 0.0317 0.0644 0.0296 0.00289

RMSE 6.26 8.84 5.94 5.13

NMAEF 0.0395 0.0644 0.0376 0.0321

IOA 0.986 0.975 0.987 0.990

Table 76: Statistical summary of spring CERES-EBAF observed and simulated SW TOA ↑
radiation over the Southern Ocean, 2016-2018. Model-observation difference have been shaded

if they fall within the observational uncertainty 2.5 (W m−2), see Appendix A.7.
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A.15.3 Seasonal simulated Low Cloud Fraction statistical comparisons

Summer Cloud Fraction BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 0.770 0.742 0.734 0.733

Mean difference (%)
0.00680

(0.927%)

-0.00159

(-0.215%)

-0.00246

(-0.334%)

Correlation 1.00 1.00 1.00

Mean bias 0.00680 -0.00159 -0.00246

NMBF 0.00925 -0.00216 -0.00335

RMSE 0.00685 0.00170 0.00246

NMAEF 0.00925 0.00216 0.00335

IOA 0.875 0.991 0.984

Table 77: Comparison of summer simulated low cloud fraction between models averaged over

the Southern Ocean (40-60◦S), 2016-2018.

Winter Cloud Fraction BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 0.782 0.787 0.778 0.772

Mean difference (%)
0.00509

(0.651%)

-0.00385

(-0.496%)

-0.00969

(-1.239%)

Correlation 0.997 1.000 0.996

Mean bias 0.00509 -0.00385 -0.00969

NMBF 0.00651 -0.00495 -0.0126

RMSE 0.00515 0.00450 0.00977

NMAEF 0.00651 0.00495 0.01256

IOA 0.928 0.954 0.757

Table 78: Comparison of winter simulated low cloud fraction between models averaged over

the Southern Ocean (40-60◦S), 2016-2018.
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Autumn Cloud Fraction BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 0.776 0.782 0.772 0.770

Mean difference (%)
0.00551

(0.709%)

-0.00440

(-0.568%)

-0.00607

(-0.781%)

Correlation 1.000 1.000 0.989

Mean bias 0.00551 -0.00440 -0.00607

NMBF 0.00710 -0.00570 -0.00788

RMSE 0.00552 0.00441 0.00625

NMAEF 0.00710 0.00570 0.00788

IOA 0.911 0.941 0.872

Table 79: Comparison of autumn simulated low cloud fraction between models averaged over

the Southern Ocean (40-60◦S), 2016-2018.

Spring Cloud Fraction BASE PMO-BASE CHEM-BASE SSALT-BASE

Mean 0.776 0.786 0.774 0.770

Mean difference (%)
0.00942

(1.22%)

-0.00239

(-0.307%)

-0.00637

(-0.818%)

Correlation 0.999 0.999 0.999

Mean bias 0.00942 -0.00239 -0.00637

NMBF 0.0121 -0.00309 -0.00828

RMSE 0.00963 0.00258 0.00655

NMAEF 0.0121 0.00309 0.00828

IOA 0.917 0.994 0.961

Table 80: Comparison of spring simulated low cloud fraction between models averaged over

the Southern Ocean (40-60◦S), 2016-2018.
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A.15.4 Seasonal simulated and observed Low Cloud Fraction statistical com-

parisons

Summer Cloud Frac-

tion

CALIPSO-

GOCCP

BASE-

CALIPSO

PMO-

CALIPSO

CHEM-

CALIPSO

SSALT-

CALIPSO

Mean 0.590 0.770 0.777 0.767 0.764

Mean difference (%) 0.184(40.7%) 0.190(42.1%) 0.180(40.0%) 0.177(39.5%)

Correlation 0.420 0.419 0.422 0.420

Mean bias 0.184 0.190 0.180 0.177

NMBF 0.313 0.324 0.308 0.302

RMSE 0.241 0.246 0.239 0.237

NMAEF 0.349 0.357 0.346 0.342

IOA 0.378 0.365 0.386 0.389

Table 81: Comparison of summer simulated low cloud fraction between CALIPSO-GOCCP

and models averaged over the Southern Ocean (40-60◦S), 2016. Model-observation difference

have been shaded if they fall within the observational temporal variability (0.188), see Appendix

A.7.

Winter Cloud Frac-

tion

CALIPSO-

GOCCP

BASE-

CALIPSO

PMO-

CALIPSO

CHEM-

CALIPSO

SSALT-

CALIPSO

Mean 0.569 0.782 0.787 0.778 0.772

Mean difference (%)
0.213

(44.6%)

0.218

(45.7%)

0.209

(43.8%)

0.203

(42.7%)

Correlation 0.509 0.512 0.511 0.508

Mean bias 0.213 0.218 0.209 0.203

NMBF 0.374 0.383 0.367 0.357

RMSE 0.253 0.256 0.250 0.245

NMAEF 0.387 0.395 0.383 0.374

IOA 0.377 0.368 0.3872 0.395

Table 82: Comparison of winter simulated low cloud fraction between CALIPSO-GOCCP and

models averaged over the Southern Ocean (40-60◦S), 2016. Model-observation difference have

been shaded if they fall within the observational temporal variability (0.186), see Appendix A.7.
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Autumn Cloud Frac-

tion

CALIPSO-

GOCCP

BASE-

CALIPSO

PMO-

CALIPSO

CHEM-

CALIPSO

SSALT-

CALIPSO

Mean 0.590 0.776 0.782 0.772 0.770

Mean difference (%)
0.186

(40.1%)

0.192

(41.2%)

0.182

(39.1%)

0.180

(39.0%)

Correlation 0.478 0.483 0.481 0.479

Mean bias 0.186 0.192 0.182 0.180

NMBF 0.316 0.325 0.308 0.306

RMSE 0.239 0.242 0.235 0.234

NMAEF 0.346 0.352 0.340 0.338

IOA 0.416 0.409 0.4272 0.428

Table 83: Comparison of autumn simulated low cloud fraction between CALIPSO-GOCCP

and models averaged over the Southern Ocean (40-60◦S), 2016. Model-observation difference

have been shaded if they fall within the observational temporal variability (0.196), see Appendix

A.7.

Spring Cloud Frac-

tion

CALIPSO-

GOCCP

BASE-

CALIPSO

PMO-

CALIPSO

CHEM-

CALIPSO

SSALT-

CALIPSO

Mean 0.599 0.776 0.786 0.774 0.770

Mean difference (%)
0.177

(36.9%)

0.187

(38.8%)

0.175

(36.3%)

0.171

(35.7%)

Correlation 0.621 0.622 0.624 0.620

Mean bias 0.177 0.187 0.175 0.171

NMBF 0.296 0.312 0.292 0.285

RMSE 0.221 0.228 0.219 0.217

NMAEF 0.314 0.326 0.311 0.306

IOA 0.539 0.519 0.547 0.552

Table 84: Comparison of spring simulated cloud fraction between CALIPSO-GOCCP and

models averaged over the Southern Ocean (40-60◦S), 2016. Model-observation difference have

been shaded if they fall within the observational temporal variability (0.199), see Appendix A.7.
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Y. Zhu, G. Liu, Z. Yue, B. Fischman, Z. Li, D. Giguzin, T. Goren, P. Artaxo, H. M.

Barbosa, U. Pöschl, and M. O. Andreae. Satellite retrieval of cloud condensation nuclei

concentrations by using clouds as CCN chambers. Proceedings of the National Academy

of Sciences of the United States of America, 113(21):5828–5834, 5 2016. ISSN 10916490.

doi: 10.1073/pnas.1514044113.

E. S. Saltzman. Marine Aerosols. In Surface Ocean-Lower Atmosphere Processes, pages

17–35. Wiley Blackwell, 3 2013. ISBN 9781118670330. doi: 10.1029/2008GM000769.

A. M. Sayer, N. C. Hsu, C. Bettenhausen, and M. J. Jeong. Validation and uncertainty

estimates for MODIS Collection 6 ”deep Blue” aerosol data. Journal of Geophysical

Research Atmospheres, 118(14):7864–7872, 7 2013. ISSN 21698996. doi: 10.1002/jgrd.

50600.

205

www.atmos-chem-phys.net/8/709/2008/
http://ebas.nilu.no/Pages/DataSetList.aspx?key=0350D1C3599341AF968739F70B4A2F43
http://ebas.nilu.no/Pages/DataSetList.aspx?key=0350D1C3599341AF968739F70B4A2F43


J. Schmale and B. Holben. 2016-2017 RV Akademic Treshnikov Cruise Level 2.0 AOD

Measurements, 2019. URL https://aeronet.gsfc.nasa.gov/new_web/cruises_

new/Ak_Treshnikov_16_17.html.

J. Schmale, A. Baccarini, I. Thurnherr, S. Henning, A. Efraim, L. Regayre, C. Bolas,

M. Hartmann, A. Welti, K. Lehtipalo, F. Aemisegger, C. Tatzelt, S. Landwehr, R. L.

Modini, F. Tummon, J. S. Johnson, N. Harris, M. Schnaiter, A. Toffoli, M. Derkani,

N. Bukowiecki, F. Stratmann, J. Dommen, U. B. Sperger, H. Wernli, D. Rosenfeld,

M. Gysel-Beer, and K. S. Carslaw. Overview of the antarctic circumnavigation expe-

dition: Study of preindustrial-like aerosols and their climate effects (ACE-SPACE).

Bulletin of the American Meteorological Society, 100(11):2260–2283, 2019. ISSN

00030007. doi: 10.1175/BAMS-D-18-0187.1.

U. Schulzweida. CDO User Guide. Technical report, MPI for Meteorology, 2019. URL

https://code.mpimet.mpg.de/projects/cdo/embedded/cdo.pdf.

H. Seinfeld, J and N. Pandis, S. Atmospheric Chemistry and Physics : From Air Pollution

to Climate Change. chapter Part III: Aerosols, pages 323–657. John Wiley & Sons,

Hoboken, New Jersey, 3 edition, 2016a. ISBN 9781119221173.

H. Seinfeld, J and N. Pandis, S. Atmospheric Trace Constituents. In Atmospheric

Chemistry and Physics: From Air Pollution to Climate Change, chapter 2, pages 47–59.

John Wiley & Sons, Hoboken, New Jersey, 3 edition, 2016b. ISBN 9781119221173.

W. R. Sessions, J. S. Reid, A. Benedetti, P. R. Colarco, A. Da Silva, S. Lu, T. Sekiyama,

T. Y. Tanaka, J. M. Baldasano, S. Basart, M. E. Brooks, T. F. Eck, M. Iredell, J. A.

Hansen, O. C. Jorba, H. M. Juang, P. Lynch, J. J. Morcrette, S. Moorthi, J. Mulcahy,

Y. Pradhan, M. Razinger, C. B. Sampson, J. Wang, and D. L. Westphal. Development

towards a global operational aerosol consensus: Basic climatological characteristics of

the International Cooperative for Aerosol Prediction Multi-Model Ensemble (ICAP-

MME). Atmospheric Chemistry and Physics, 15(1):335–362, 1 2015. ISSN 16807324.

doi: 10.5194/acp-15-335-2015.

D. T. Shindell, J. F. Lamarque, M. Schulz, M. Flanner, C. Jiao, M. Chin, P. J. Young,

Y. H. Lee, L. Rotstayn, N. Mahowald, G. Milly, G. Faluvegi, Y. Balkanski, W. J.

Collins, A. J. Conley, S. Dalsoren, R. Easter, S. Ghan, L. Horowitz, X. Liu, G. Myhre,

T. Nagashima, V. Naik, S. T. Rumbold, R. Skeie, K. Sudo, S. Szopa, T. Takemura,

A. Voulgarakis, J. H. Yoon, and F. Lo. Radiative forcing in the ACCMIP historical

and future climate simulations. Atmospheric Chemistry and Physics, 13(6):2939–2974,

3 2013. ISSN 16807324. doi: 10.5194/acp-13-2939-2013.

206

https://aeronet.gsfc.nasa.gov/new_web/cruises_new/Ak_Treshnikov_16_17.html
https://aeronet.gsfc.nasa.gov/new_web/cruises_new/Ak_Treshnikov_16_17.html
https://code.mpimet.mpg.de/projects/cdo/embedded/cdo.pdf


F. Slemr, H. Angot, A. Dommergue, O. Magand, M. Barret, A. Weigelt, R. Ebinghaus,

E. G. Brunke, K. A. Pfaffhuber, G. Edwards, D. Howard, J. Powell, M. Keywood,

and F. Wang. Comparison of mercury concentrations measured at several sites in the

Southern Hemisphere. Atmospheric Chemistry and Physics, 15(6):3125–3133, 3 2015.

ISSN 16807324. doi: 10.5194/acp-15-3125-2015.

A. Smirnov, B. N. Holben, T. F. Eck, O. Dubovik, and I. Slutsker. Cloud-Screening

and Quality Control Algorithms for the AERONET Database. Remote Sensing of

Environment, 73:337–349, 2000.

A. Smirnov, B. N. Holben, I. Slutsker, D. M. Giles, C. R. McClain, T. F. Eck, S. M. Sak-

erin, A. Macke, P. Croot, G. Zibordi, P. K. Quinn, J. Sciare, S. Kinne, M. Harvcy, T. J.

Smyth, S. Piketh, T. Zielinski, A. Proshutinsky, J. I. Goes, N. B. Nelson, P. Larouche,

V. F. Radionov, P. Goloub, K. Krishna Moorthy, R. Matarrese, E. J. Robertson, and

F. Jourdin. Maritime Aerosol Network as a component of Aerosol Robotic Network.

Journal of Geophysical Research Atmospheres, 114(6), 3 2009. ISSN 01480227. doi:

10.1029/2008JD011257.

C. J. Smith, R. J. Kramer, G. Myhre, P. M. Forster, B. J. Soden, T. Andrews, O. Boucher,
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