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1. Introduction 2. Limitations of traditional models
What is source apportionment? s Subjective interpretation:
Source apportionment techniques connect ambient air pollution back to its original Traditional solvers extract purely mathematical constructs, forcing researchers
emission sources. to manually inspect and label sources, which introduces subjective bias [2].

What is receptor modelling?

Operating on the principle of mass conservation, receptor models mathematically
separate chemical measurements into underlying source profiles and their time-
based contributions.

What are state-of-practice receptor models? -
Common methods include Chemical Mass Balance (CMB), Non-Negative 'LaCk_ of ﬂe)“b'_"ty- N
Matrix Factorization (NMF), and Positive Matrix Factorization (PMF). PMF is a As strict mathematical solvers, traditional models cannot capture complex,

cornerstone of air quality research, with thousands of published applications non-linear atmospheric interactions or easily integrate external features like
worldwide [1]. meteorological data to refine the solution [4].

\_ /L J

= No predictive capability:
Because the source profiles and temporal contributions are solved
simultaneously for a specific dataset, traditional models cannot compute
contributions for unseen observations without re-running the model [3].

3. Source Apportionment AutoEncoder (SAAE)

SAAE is a novel deep learning framework that executes receptor modelling Source Apportionment AutoEncoder (SAAE)
entirely within a neural network environment. The main equation solved in P

receptor modelling can be described as: m chemical species i Y mhemicalspecies
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Where X represents receptor measurements, G temporal contributions, F
source profiles, and E reconstruction error. SAAE solves this using a custom
autoencoder-like architecture:

Encoder: A non-linear function 7, parametrized by 0, maps X to G-
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Decoder: A single layer decoder function d, with weight matrix Wyee and e 3 phase vlidasion «———
no bias, extracts F':

Domain knowledge integration: Known physical constraints can be hard-

F = d(Wgec) coded directly into the architecture and auxiliary penalty terms can be added to the loss
Reconstruction: The network natively reconstructs the original unction to pull the solution toward physical validity.
dataset through direct matrix multiplication: Three-phase validation protocol: A three-phase protocol validates
the results across stability (initializations), statistical uncertainty (bootstrapping), and
fo(X)d(Wayee) = GF =~ X rotational ambiguity (boundary optimization).
4. Benchmarking & results 5. Futwrework
SAAE was evaluated against PMF and NMF across three distinct Developed as a flexible, data-driven
datasets: Milwaukee Water, St. Louis Supersite PM, s, and Baton alternative to traditional receptor

models, SAAE maiches state-of-the-
practice performance on identical
source apportionment tasks. Future

r r . . work focuses on two key upgrades:

integrating temporal dynamics to

Rouge PAMS VOC. Reconstruction quality is reported using Mean ]
Squared Error (MSE; lower is better). Because PMF and NMF ™
benchmarks follow different experimental configurations, MSE values 1:1 II r r r r
are not comparable between the two baselines. |
Resolved source profiles and three-phase validation for the
Milwaukee Water dataset are shown on the right. £ r [I ﬂ .EI’ enable forecasting and suppress
: - Iel ._I, unrealistic  fluctuations  across
MSE reconstruction error . .SI' IT 'EI'_ consecutive  contributions, and
Incorporating auxiliary features

(e.g., meteorology, sectoral activity

data) to better guide training and
St. Louis PM,.; 744 7.42 1.13 1.14 ensure physically valid solutions.

Baton Rouge VOC 184.97 181.71 | 97.99 98.02

I Model Solution [ Rotational Band [ 95% Bootstrap Cl & Initialization Stability

Sanitary sewage

Metals

tration (ug/L) [Log]
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Milwaukee Water 93.31 94.69 | 80.67 80.47

Dataset PMF SAAE | NMF SAAE .
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