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1. The Problem

2. Governing Equations

Atmospheric transport of a pollutant (e.g. PMy or NOy) is commonly described by the advection-
diffusion-reaction (ADR) equation:

Accurate AQ prediction requires reliable emissions estimates
Monitoring data are sparse, while emissions are uncertain
PINNs integrate physical laws with data to predict concentration fields & infer unknown emissions
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Inputs: Emissions S(x, t)
Meteorology, u,D,R,L

Output: Concentration C(x, t)
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R(C, x,t) reaction/chemical transformation term (mass removed/mass produced) [kgm=3s]

~

L(C,x,t) losses due to deposition, settling, wet scavenging,... [kgm=3s]

Boundary conditions (inflow, outflow, ground, top) and initial conditions
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Traffic emission Industrial source Urban air quality Policy support & (IC, C(x,0) = C,) complete the model
\ quantification estimation management scenario analysis J

3. PINN Formulation

PINNs learn the concentration field Cy(x, t) and the emissions source 5S4 (x, t) by minimising a composition loss which enforces both data fidelity and governing physics

A 4

Automatic

» Differentiation <

(gradient)

l

Composite Loss
L = AdqataLdaata + AppELPpE + ABcLBC + /‘LregLreg

Optimised with Adam / L-BFGS to learn 0, ¢ — physical consistent C and S

PINN Normalisation

Normalisation improves training stability and convergence. Normalise inputs and outputs:
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« Zero mean / unit variance
» Scaled outputs to [-1, 1] or [0,1]
* Rescale predictions back to physical units

4. Inverse Emissions Inference
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Given concentration observations, PINNS infer emissions sources which best explain the data
whilst satisfying the atmospheric transport physics.
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5. Application
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making
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Computation Speed After training,
PINN executes quickly, unlike
numerical solver—good for inversion

Estimate spatially and temporally resolved emissions
Quantifies uncertainties through Bayesian / ensemble PINNs
Updates in real-time as new data arrives (Digital Twin)

More data efficient than purely data-driven approaches
Provides physically consistent and interpretable solutions

PPINN (Parametrised PINN)
Instead of inferring S, (x,t) at every point, emissions are parametrised using known drivers «a (traffic flow Q, speed

V, fleet mix F, road type R, etc.): Se(x,t) = f(Q,V,F,R o)
¢ ’ —_ y ¥V By Ry iy

The PINN learns the parameters a (e.g. emissions factors, scaling factors by road type, time, season, etc.)

e Reduces dimensionality e Ensures physical plausibility e Simpler uncertainty quantification
Parametric studies can be performed.

Additional parameters are introduced into the PINN as additional network inputs, expanding the dimensionality of
the PINN and increasing the collocation point dimension for training (improved training)
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PINN reproduces observed concentrations and recovers plausible hotspots from concentration authorities, public
along major roads and sources for both PM2.5 and NOx (illustrative only) observations health, city planners
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