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Aerosol chemistry measurements are an essential aerosol
property
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The currently used technique, the ACSM only
provides bulk non-refractory submicron aerosol
composition
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Why single particle?

CCN activation Heterogeneous ice nucleation
Internal External Real World homogeneous
Mixture Mixture Mixture

freezing

Many atmospheric
processes, especially within
the realm of aerosol-cloud
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heterogeneous freezing- ‘ interactions, depend strongly

°ee 0o 0e
S 00 £ 00
00 &0

T=-38°C

il
W

Same Mass and Number Concentration

100 nm Diameter
50% Ammonium Sulfate CCN
50% Hydrophobic Organic Activation

immersion mode on properties of individual
aerosol particles
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, For example, Zaveri, et al. (2010) found that averaging the CCN composition
Riemer, et al. (2019)

resulted in overestimates of 40% in CCN efficiency compared to a particle-
resolving model.
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Single-particle mass spectrometry at BNL

» Aims for the most comprehensive characterization of single particle composition to date through both
hardware improvements and computational advances
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Why mass spectrometry?

MACPEX NEAQS DC3 SEAC'RS
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Because of its mode of ionization and single
particle resolution, SPMS is sensitive to
compositions that other aerosol
measurements often miss, such as
bioaerosol




Applications: ice and droplet residual composition
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Single-particle mass spectra are challenging to interpret

Dust (positive)
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Single-particle mass spectra are challenging to interpret

g Mineral dust with organics
+ co,’ (possibly coagulated with SOA)
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Single-particle mass spectra are challenging to interpret

. .- _ Phosphorus-rich: fertile soil dust,
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Single-particle mass spectra are challenging to interpret

m/z = 129, 143: PAHs
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Single-particle mass spectra are challenging to interpret

Argentinian soil dust
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Supervised classification approaches

(a) Mass

(b) Feature

spectrum vector
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Christopoulos et al. (2018)

Random forest supervised
classifier produced
encouraging results when
tested on pure laboratory mass
spectra but struggled when
deployed on a "blind” mixture
of aerosols.
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Semi-supervised classification approaches

Supervised

g All data is labeled > Model
Learning

Small portion of data is
Semi-supervised

Learning
Lots of data unlabeled

Unsupervised
Learning

All data is unlabeled > Model
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Strategy called “self-training” is used to train a
stacked autoencoder neural network:

(1) labeled dataset is used to train the classifier.

(2) the trained classifier is used on the unlabeled
dataset to classify it.

(3) spectra with the highest classification
certainty are selected and reviewed for any errors.

(4) correctly classified spectra are then
incorporated into the labeled training dataset.

(5) this procedure is repeated five times. Five

iterations are generally sufficient to minimize the
error frequency.
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Semi-supervised classifiers produced outstanding results in

controlled lab experiments
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Accuracy: 96.94%
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...but tend to fall short in real-life situations ,..;| 000 y5107 20020425
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Current approach: using mean-teacher training strategy

Dropout
.— student —>
v EMA

Labeled/Unlabeled —teocher o

Image

Stochastic
Augmentation

L:.\ Brookhaven

National Laboratory

Label

Dog Cat

Dog Cat
Predicted

4
Cross
entropy loss R
A
|
(t) ~
Squared w final loss
, T
Difference (weighted sum)

16



« Early results of training stacked
autoencoders using mean
teacher approach show better
accuracy than supervised
classification (decision trees,
SVM).

* Next step is to increase the
training dataset size with more
unlabeled examples.
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