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CORE TAKEAWAY 

PINNs uniquely combine atmospheric science, 

data & machine learning to predict air quality & 

infer emissions in a physically consistent, 

data-efficient & interpretable way →  

enabling next generation AQ 

management & cleaner air 

FOR ALL.

3. PINN Formulation
PINNs learn the concentration field 𝐶𝜃 𝐱, t and the emissions source 𝑆𝜙 𝐱, t by minimising a composition loss which enforces both data fidelity and governing physics

Data Loss ℒ𝑑𝑎𝑡𝑎

2. Governing Equations
Atmospheric transport of a pollutant (e.g. PMX or NOX) is commonly described by the advection-

diffusion-reaction (ADR) equation:

Parametric Physics-Informed Neural 

Networks (pPINNs) for Air Quality (AQ) 

Modelling and Inference

PHYSICALLY 

CONSISTENT
Respects governing 

laws of nature

DATA EFFICIENT
Works with sparse and 

noisy measurement

INVERSE 

CAPABILITY
Infer emissions from 

concentration field 

observations

REAL-TIME (RT) DIGITAL 

TWIN (DT)
Update emissions & AQ in real-time 

w/ bidirectional parameter exchange

1. The Problem
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  

Traffic emission 

quantification

Industrial source 

estimation

Urban air quality 

management

Policy support & 

scenario analysis

Boundary conditions (inflow, outflow, ground, top) and initial conditions 

(IC, 𝐶 𝐱, 0 =  𝐶0) complete the model

4. Inverse Emissions Inference
Given concentration observations, PINNS infer emissions sources which best explain the data 

whilst satisfying the atmospheric transport physics.

7. Why PINNs for Air Quality?

𝒙 = 𝑥, 𝑦, 𝑧  - 3D spatial coordinates [m] 𝑡 = time [s]

𝐶 𝒙, 𝑡  pollutant concentration [kgm-3] 𝒖 𝒙, 𝑡  flow velocity vector [ms-1]

𝑫 diffusion tensor   𝑆 𝒙, 𝑡  source term (emissions per unit volume) [kgm-3s-1]

𝑅 𝐶, 𝒙, 𝑡  reaction/chemical transformation term (mass removed/mass produced) [kgm-3s-1]

𝐿 𝐶, 𝒙, 𝑡  losses due to deposition, settling, wet scavenging,… [kgm-3s-1]

𝜕𝐶 𝒙, 𝑡

𝜕𝑡
+ ∇ 𝒖𝐶 = ∇ 𝑫∇𝐶 + 𝑆 𝒙, 𝑡 − 𝑅 𝐶, 𝒙, 𝑡 − 𝐿 𝐶, 𝒙, 𝑡

6. Results Example (Conceptual)

5. Implementation Overview

1. Data 

Collection

2. Preparation 

& Scaling

3. PINN 

Training

4. Inference & 

Validation

5. Application

• AQ monitors

• Meteorology

• Traffic intensity

• Emissions 

history

• Quality control

• Normalise

• Domain definition

• Sampling of 

colocation points

• Forward + PDE 

evaluation

• Loss 

computation

• Optimisation

• Predict C field

• Infer S field

• Validate with 

independent data

• Emission inventory 

improvement

• Scenario analysis

• Policy & decision 

making

pPINN (Parametrised PINN)

Instead of inferring 𝑆𝜙 𝐱, t  at every point, emissions are parametrised using known drivers 𝛼 (traffic flow Q, speed 

V, fleet mix F, road type R, etc.):

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

● Reduces dimensionality  ● Ensures physical plausibility ● 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)

  

𝑆𝜙(𝒙, 𝑡) = 𝑓(𝑄, 𝑉, 𝐹, 𝑅, … , 𝜙)

Physics-aware
Built on transport 

equations → physically 

consistent predictions

Data-efficient
Works with sparse, noisy, 

irregular monitoring data

 

Inverse capability
Retrieve source emissions 

from concentration 

observations

Generalisable
Robust across 

space, time and 

scenarios

R-T DT
Continuously update 

emissions and AQ 

Decision support
For policy makers, 

regulatory 

authorities, public 

health, city planners

Input
𝑥, 𝑦, 𝑧, 𝑡  

Location & time

Meteorology

𝑢, 𝐷  stability

Land use/

Topography

Emission history

(Optional)

Concentration Network

𝐶𝜃 𝐱, t Source Network

𝑆𝜙 𝐱, t

Automatic 

Differentiation

(gradient)

ℛ =
𝜕𝐶 𝒙, 𝑡

𝜕𝑡
+ ∇ 𝒖𝐶

−∇ 𝑫∇𝐶 + 𝑆 𝒙, 𝑡
−𝑅 𝐶, 𝒙, 𝑡 − 𝐿 𝐶, 𝒙, 𝑡

PDE Residual

ℛ

Composite Loss

ℒ = 𝜆𝑑𝑎𝑡𝑎ℒ𝑑𝑎𝑡𝑎 + 𝜆𝑃𝐷𝐸ℒ𝑃𝐷𝐸 + 𝜆𝐵𝐶ℒ𝐵𝐶 + 𝜆𝑟𝑒𝑔ℒ𝑟𝑒𝑔

𝐎𝐩𝐭𝐢𝐦𝐢𝐬𝐞d with Adam / L-BFGS to learn 𝜽, 𝝓 → physical consistent C and S 
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𝑁𝑆
෍

𝑛

𝐶𝑜𝑏𝑠 − 𝐶𝜃
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PDE Loss ℒ𝑃𝐷𝐸

1

𝑁𝑆
෍

𝑛

ℛ 2

Boundary Loss 

ℒ𝐵𝐶

Satisfy boundary 

conditions (BC)
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Initial Loss 

ℒ𝐼𝐶

Satisfy initial 

conditions (IC)

Regularisation

ℒ𝑟𝑒𝑔

Promote smoothness 

& non-negativity & 

include prior 

knowledge 

Match observations 

at measuring 

stations

Enforce governing 

eqns. at colocation 

points
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𝐶𝐼𝐶 − 𝐶𝜃
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PINN Normalisation

Normalisation improves training stability and convergence. Normalise inputs and outputs:

ҧ𝑥 =
𝑥 − 𝑥𝑚𝑒𝑎𝑛

𝑥𝑠𝑡𝑑

ҧ𝐶 =
𝐶 − 𝐶𝑟𝑒𝑓

𝐶𝑠𝑐𝑎𝑙𝑒

ҧ𝑆 =
𝑆 − 𝑆𝑟𝑒𝑓

𝑆𝑠𝑐𝑎𝑙𝑒

• Zero mean / unit variance

• Scaled outputs to [-1, 1] or [0,1]

• Rescale predictions back to physical units

ℒ

𝐏𝐈𝐍𝐍 𝐫𝐞𝐩𝐫𝐨𝐝𝐮𝐜𝐞𝐬 𝐨𝐛𝐬𝐞𝐫𝐯𝐞𝐝 𝐜𝐨𝐧𝐜𝐞𝐧𝐭𝐫𝐚𝐭𝐢𝐨𝐧𝐬 𝐚𝐧𝐝 𝐫𝐞𝐜𝐨𝐯𝐞𝐫𝐬 𝐩𝐥𝐚𝐮𝐬𝐢𝐛𝐥𝐞 𝐡𝐨𝐭𝐬𝐩𝐨𝐭𝐬 
𝐚𝐥𝐨𝐧𝐠 𝐦𝐚𝐣𝐨𝐫 𝐫𝐨𝐚𝐝𝐬 𝐚𝐧𝐝 𝐬𝐨𝐮𝐫𝐜𝐞𝐬 𝐟𝐨𝐫 𝐛𝐨𝐭𝐡 𝐏𝐌𝟐.𝟓 𝐚𝐧𝐝 𝐍𝐎𝐱 (illustrative only)

Benefits

✓ 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

  

Observations

𝐶𝑜𝑏𝑠 𝐱, t  at sparse 

measuring stations

PINN (Inverse Model)

Learn 𝐶𝜃 and 𝑆𝜃

Inferred Emissions

S𝜃 𝐱, t

Inputs: Emissions 𝑆 𝒙, 𝑡    Output: Concentration 𝐶 𝒙, 𝑡
             Meteorology, 𝑢, 𝐷, 𝑅, 𝐿     

Applications

Given source 𝑺, compute concentration 𝑪 Given concentration 𝑪, compute source 𝑺 

Forward Problem (Traditional) Inverse Problem (This Work)

Observed Concentration 

(Monitors)

PINN Predicted 

Concentration
Inferred Emissions 

Map S

𝑷𝑴𝟐.𝟓 
[𝝁𝒈/𝒎𝟑] 

𝑵𝑶𝑿 
[𝝁𝒈/𝒎𝟑] 

Computation Speed After training, 

PINN executes quickly, unlike 

numerical solver→good for inversion
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