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Aerosol science — a multiscale problem
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Real particles in the ambient atmosphere

Li	  et	  al.,	  Atmospheric	  Environment,	  45,	  2488-‐2495,	  2011	  
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Traditional aerosol representations in models
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Modal and sectional models are distribution-based.

Inherent assumption: All particles in one mode/bin have the
same composition.

Mixing state is an “unknown unknown” — structural uncertainty
of the model.

Nicole Riemer Enhancing aerosol predictions 2020-10-29 4 / 15



Could we do this instead?
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PartMC-MOSAIC:

No modes or bins.
Instead: discrete particles — Particle-resolved modeling
Evolution of mixing state is straight-forward to represent.
Computationally expensive.
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Stochastic aerosol model PartMC-MOSAIC
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PartMC: simulates coagulation, particle emissions, dilution,
nucleation stochastically.

MOSAIC: simulates gas phase chemistry, aerosol
thermodynamics deterministically (Zaveri et al., 2008)

Figure courtesy of R. Zaveri, PartMC is open source, http://lagrange.mechse.illinois.edu/partmc/
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Role of PartMC in the model hierachy
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Aerosol populations are mixtures of mixtures

“The same net composition of an aerosol can be caused by an
infinite variety of different internal distributions of the various
compounds.” (Winkler, 1973)On the population level: Mixing state associated with chemical composition 

How are the chemical species distributed over the population? Quantifying diversity at population level
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aerosol populations 

On the particle level: Chemical composition diversity 

Quantifying diversity at particle level

Single particles
do not “have”
mixing state.

Single particles are
not “internally” or
“externally” mixed.

Single particles
have “diversity”.
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Curtis (University of Illinois) A 3D Particle-resolved Model to Represent Aerosol Mixing State January 26, 2017 7/16

Metric: Mixing state index χ = Dα−1
Dγ−1
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Error quantification: Does it matter?
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On the population level: Mixing state associated with chemical composition 
How are the chemical species distributed over the population? Quantifying diversity at population level
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On the particle level: Chemical composition diversity 
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On the particle level: Chemical composition diversity 

Quantifying diversity at particle level

Single particles
do not “have”
mixing state.

Single particles are
not “internally” or
“externally” mixed.

Single particles
have “diversity”.

Particles
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Curtis (University of Illinois) A 3D Particle-resolved Model to Represent Aerosol Mixing State January 26, 2017 7/16

Error	in	CCN	concentra-on	when	
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How does mixing state vary globally?

Mixing state index

?
Mixing state parameter (based on hygroscopicity)

06:00 LST 18:00 LST

06:00 LST 18:00 LST

0

20

40

60

80

100

m
ix

in
g

st
at

e
p
ar

am
et

er
�

C
C

N
% 0 2

0

1

0 2

0

1

Nicole Riemer Aerosol Mixing State 2019-09-21 38 / 42

Curtis et al., in preparation for GMD
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“Brute-force modeling”: WRF-PartMC

Particle-resolved modeling on the regional scale with WRF-PartMC
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Single-particle composition and sources

Source contributions in single particle

• 170 x 160 x 40 domain
• 6,656 cores on Blue Waters
• 10 billion computational particles
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What we want:
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Global distribution of mixing state

Used CESM/MAM4 as GCM

XGBoost to train emulator that predicts �.

Uses bulk aerosol concentrations, gas phase concentrations,
meteorological variables that are available in CESM.
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Zheng et al., Earth and Space Science, under review

Mixing state map

Temperature

O3

Dust

c
Machine 
learning 
model

Global model outputs
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How we train the model for χ

PartMC box model outputs

c

External, internal, does it matter?

Nicole Riemer Aerosol Mixing State 2020-10-02 6 / 18
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Global distribution of mixing state
manuscript submitted to Earth and Space Science

Figure 5. Average mixing state index �a based on chemical abundance in seasons (a) DJF

and (b) JJA. The areas with the mass fraction of any one species higher than 97.5% are masked.

and even more so in the continental regions, although a complete internal mixture was369

not reached anywhere. This means that BC is not evenly distributed over all particles,370

but it is also not exclusively confined to some particles. We can refer to the middle row371

in Fig. 2 for an illustration of what the particle population might look like going from372

�o = 63% to 91%. Note that BC-free particles may co-exist with BC-containing par-373

ticles under these conditions.374

A high degree of internal mixture (�o larger than 70%, meaning BC is rather spread375

out over the aerosol population) was predicted over the Arabian Sea, Bay of Bengal, In-376

dia, and south-west of China. These are areas where the mass mixing ratios of black car-377

bon were relatively high, and �a was also relatively high. It suggests that black carbon378

was internally mixed with other species, with the most abundant species being primary379

organic matter and sulfate. However, high values of �o coincide with low values of �a380

over the Gulf of Guinea. This can be attributed to the external mixture of the non-black-381

carbon species (dust and secondary organic aerosol) at this location.382

In JJA, �o had a range of 38% to 94% and a global mean of 69%, overall similar383

to the DJF season. Black carbon was more internally mixed in Southern Africa in JJA.384

In this area, it was mainly primary organic matter that formed an internal mixture with385

black carbon. Another pronounced change compared to DJF occurred in Eastern China,386

where the black carbon was internally mixed with an elevated level of primary organic387

matter, sulfate, and secondary organic aerosol. In general, areas with high mass fractions388

of black carbon were associated with higher values of �o, meaning that in polluted ur-389

ban regions, black carbon existed in an internal mixture with other aerosol species. In390

contrast, areas with low black carbon mass fractions, for example over the oceans, were391

associated with lower values of �o (between an internal and external mixture).392

Figure 7 shows the distributions of the aerosol mixing state index �h (based on the393

mixing of hygroscopic and non-hygroscopic species), and the corresponding mass frac-394

tion of non-hygroscopic species (black carbon, dust, and primary organic matter). Sim-395

ilar to Figure 5 we focus on areas where both surrogate species are present with a mass396

fraction threshold of 2.5%. The mixing state index �h in DJF ranged from 20% to 82%,397

with a global mean of 54%. The Bay of Bengal, south-west of China, and Mongolia were398

areas where hygroscopic and non-hygroscopic species existed in a more internal mixture399

(�h larger than 55%). Sulfate and primary organic matter were the most abundant species400

over these regions (Figure S2). In contrast, hygroscopic and non-hygroscopic species were401

more externally mixed over the North Atlantic Ocean (near the equator), Southern Africa,402

Australia, Eastern Europe, and East China. Here the dominant aerosol species were min-403

–14–

Used CESM/MAM4 as GCM

XGBoost to train emulator that predicts χ.

Uses bulk aerosol concentrations, gas phase concentrations,
meteorological variables that are available in CESM.
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Next steps

Aerosol module MAM4 represents mixing state to some extent.

Two distinct accumulation modes, fresh and aged carbonacous
aerosol

Aitken

Accumulation Primary 
carbon

Coarse

remove
coarse mode ! = 73%

calculate

Figure 1. Concept of mode-based aerosol mixing state index calculation. Coarse mode is removed because only modes dominated by

submicron particles are used for calculations.

This results in

Hm,i =
AX

a=1

�pa
m,i lnpa

m,i =
AX

a=1

�pa
m lnpa

m = Hm, (12)125

Dm = eHm =
AY

a=1

(pa
m)�pa

m . (13)

Thus, Equation 10 can be rewritten as

H↵ = p1H1| {z }
m=1

+ · · · + pMHM| {z }
m=M

=

MX

m=1

pmHm, (14)

D↵ = eH↵ =
MY

m=1

(Dm)pm . (15)

With the modes-based D↵ and D� , the aerosol mixing state index can be computed by Equation (1), using the mass fractions130

of each mode as input quantities (Figure 1).

In this study, we focus on submicron aerosols in the three modes: Aitken, accumulation, and primary carbon modes. Here

we compare and contrast the aerosol mixing state indices defined in four different ways, namely based on chemical species

abundance (�a), based on the mixing of absorbing and non-absorbing species (�o), based on the mixing of primary carbona-

ceous and non-primary carbonaceous species (�c), and based on the mixing of hygroscopic and non-hygroscopic species (�h).135

Table 2 shows the definitions of these aerosol mixing state indices. The index �a was defined based on all the six model aerosol

species. For �o, we considered two surrogate species, black carbon (absorbing) and all other aerosol species grouped together

(assumed to be non-absorbing). Thus, a lower value in �o refers to the case where the absorbing species black carbon and the

sum of all other (non-absorbing) species are more externally mixed. The index �c is motivated by the treatment of MAM4,

where the primary particulate organic matter and black carbon are put in the newly added primary carbon mode (Liu et al.,140

6

How does MAM4 mixing state differ from PartMC-emulated
mixing state?
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