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Central argument: modern air pollution exposure assessment increasingly 

requires spatially complete, temporally continuous air pollution concentration 

fields. No single data source can provide these properties simultaneously.

Quick Summary of the Paper
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Key advantage: data fusion integrates complementary evidence from monitoring 

networks, satellite retrievals, chemical transport models, low-cost sensors, and 

geospatial predictors to construct internally consistent exposure surfaces.

Caveat for users: the scientific value of a fused product depends not only on 

predictive accuracy, but also on validation design, uncertainty characterization, 

transparency, and appropriateness for downstream use.



Outline
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Why exposure assessment increasingly requires integrated data products.

Motivation

Assimilation, deterministic regression, Bayesian/statistical models, machine 
learning, and ensemble models.

Methodological families

Policy evaluation, acute and chronic health studies, and environmental justice 
analyses.

Applications

Emerging information sources, advanced learning systems, and considerations for 
transparent use.

Future directions



Why data fusion became necessary
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• National and global epidemiology

• Environmental justice and disparity analyses

• Accountability and policy evaluation

Scientific 
demand

• Routine satellite atmospheric observations

• Low-cost and mobile sensing platforms

Observational 
change

•  Large-scale, long-term CTM simulations

• Geospatial predictors at high resolution

• Scalable machine learning and Bayesian tools

Modeling 
capacity



Each existing data source is valuable 
but incomplete
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Data stream Primary contribution Primary limitation

Regulatory 

monitors

Reference-grade observations Sparse, unevenly distributed, and 

often not population-representative

Satellite 

remote 

sensing

Broad spatial coverage, 

expanding parameter space 

and temporal coverage

Often column measure, affected by 

clouds, surface reflectance, and 

retrieval failure

Chemical 

transport 

models

Physically coherent fields for 

atmospheric fate and 

transport, scenario capability

Sensitive to emissions, meteorology, 

and chemical mechanisms, 

computational expensive

Low-cost 

sensors

Real-time, hyper-local scale, 

expanding parameter space

Require careful calibration; subject 

to drift and deployment bias

Geospatial / 

AI predictors

Fine-scale context for 

emissions and dispersion

Indirect proxies, may not generalize 

across environments



Ground observations remain the 
empirical anchor
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⚫ Regulatory and research networks provide ground truth, 

but coverage remains highly uneven.

⚫ Dense networks in North America, Europe, and parts of 

Asia enable high-resolution model development.

⚫ Sparse monitoring in many low- and middle-income 

regions limits validation and uncertainty assessment.

⚫ Fusion model validation based only on existing monitors 

can overstate performance at unmonitored rural or 

disadvantaged locations.



A general data-fusion pipeline
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Most modern studies share a common structure even when their algorithms differ.

Problem 
definition

Input 
assembly

Data 
harmonization

Model 
training

Validation 
and 

uncertainty

Model 
prediction

Downstream 
applications



Five fusion methodological families
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Data assimilation
Statistically updates CTM states or 

emissions using observations; physically 

coherent but computationally intensive.

Deterministic regression
Specifies empirical relationships among 

pollution, satellite data, CTM outputs, 

meteorology, and land use; transparent and 

scalable.

Bayesian / statistical models
Represents pollution as a latent spatial-

temporal process; provides principled 

uncertainty when computationally feasible.

Machine learning

Learns nonlinear and high-dimensional 

relationships from heterogeneous 

predictors; strong prediction but limited 

interpretability.

Hybrid / ensemble model

Combines physical, statistical, and 

machine-learning components sequentially 

or in parallel to improve robustness.



Data Assimilation (Zhang et al. 2016)

12

Figure reproduced in the review from Zhang et al. 2016.

• Objective: use Beijing APEC 2014 

emission-control period as a natural 

experiment to quantify factors affecting 

PM2.5 over North China.

• Technical highlights: differentiate 

emission reductions from weather 

influences, identify source sensitivities for 

Beijing PM2.5 - about half of the observed 

reduction was attributed to meteorology.

Treats CTM outputs as dynamic prior fields and updates them with 

observations to produce spatially coherent, temporally consistent, and 

physically interpretable concentration fields.



Deterministic regression (van Donkelaar et al. 2016)
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Figure reproduced in the review from van Donkelaar et al. 2016.

Objective: develop and evaluate a globally 

consistent modeling framework to produce high-

resolution annual PM₂.₅ surfaces for global exposure 

assessment.

Technical highlights: Multiple AOD products 

and GEOS-Chem AOD calibration to AERONET. 

GEOS-Chem AOD–PM relationships adjusted with 

CALIOP lidar vertical profiles. GWR modeled monitor-

observed residual bias using aerosol composition, 

elevation difference, and land use.

Specify explicit empirical relationships between observations and 

predictors to estimate spatially and temporally resolved air pollution 

concentrations.



Bayesian Statistical Models (Shaddick et al. 2018)
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Figure reproduced in the review from Shaddick et al. 2018.

Treat the air pollution process as a latent spatiotemporal field and 

formally characterize uncertainty in the resulting concentration 

estimates.

Objective: supplement sparse ground-monitoring 

networks with satellite AOD and CTM output to 

estimate global PM
2.5

 exposures with uncertainty 

covering the world.

Technical highlights: a Bayesian hierarchical 

downscaler with spatially varying coefficients links 

ground measurements to predictors. Predictions 

made over ~1.4 million 0.1° grid cells. Estimated 

that 92% of the world's population live in areas 

exceeding WHO air quality guidelines.



Machine learning models (Ghahremanloo et al. 2021) 
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Figure reproduced in the review from Ghahremanloo et al. 2021.

Learn flexible, nonlinear relationships across diverse, high-dimensional 

predictor sets to estimate air pollution, prioritizing predictive accuracy over 

explicit mechanism.

Objective: produce daily surface NO
2
 

across Texas by learning the surface–

satellite relationship directly from data.

Technical highlights: a deep convolutional 

neural network uses TROPOMI NO2 

retrievals plus meteorological and land-use 

predictors, outperforming SVM, random 

forest, and linear regression. SHAP 

(Shapley additive explanations) attributes 

each prediction to its inputs and confirming 

TROPOMI as the dominant driver.



Hybrid and ensemble model (Xiao et al. 2018)
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Figure reproduced in the review from Xiao et al., 2018.

Combine mechanistic, statistical, and machine-learning components, 

balancing interpretability with accuracy and improving robustness 

beyond any single method.

Objective: estimate spatially resolved daily 

PM2.5 concentrations after 2013 and 

reconstruct reliable historical (pre-2013) 

exposure across China.

Technical highlights: AOD gap-filling through 

MI, spatial clustering splits China into 7 

regions, 3 base learners (random forest, GAM, 

XGBoost, then a GAM ensemble stacks their 

predictions. Subregion models beat a national 

model, strong out-of-range hindcast skill 

(monthly R2 = 0.76).



A good fusion model is not 
necessarily the most complex one. 
It is the one whose assumptions are 
appropriate for the intended use.
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Methodological trade-offs
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Factors to consider

Physical coherence Highest in assimilation and CTM-centered model 

measurement fusion, lower in purely data-driven models.

Interpretability Often strongest in deterministic and structured statistical 

models,  weaker in deep learning unless explainability is 

reported.

Uncertainty 

characterization

Most explicit in Bayesian and ensemble frameworks, often 

empirical in machine-learning applications.

Scalability Typically strongest for deterministic, ML, and modular 

ensembles; more challenging for full assimilation and 

large Bayesian models.

Generalizability Depends on validation design and training support, 

especially under policy changes or extreme events.



Downstream applications
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Policy assessment
Evaluate exposure reductions and 

regulatory accountability with spatially 

complete and temporally consistent 

surfaces.

Acute health effects

Construct daily population-average 

exposures and distributed lag metrics 

for time-series and case-crossover 

studies.

Chronic health effects

Assign long-term exposures to large 

cohorts, including populations outside 

monitor-rich urban areas.

Environmental justice

Estimate exposure and attributable burden 
disparities across all neighborhoods, not 

only monitored locations.



Using fusion products in regulatory settings
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Appropriate use requires clear documentation of input data, validation 

design, resolution limits, and intended versus inappropriate applications.

False precision

Maps can appear more certain than the 

evidence supports, especially in data-

sparse regions.

Proxy limitations

Satellite columns and geospatial 

predictors may not directly measure 

surface concentration.

Distributional shift

Model performance can degrade under 

new policies, emissions regimes, or 

climate-driven extremes.

Uncertainty propagation

Prediction uncertainty is rarely carried 
fully into health, burden, or policy 
estimates.



Emerging observation streams
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Mobile monitoring
Vehicle-, bicycle-, or wearable-platform 

measurements resolve street-level gradients 

and near-source variability, often at meter-to-

tens-of-meter spatial support.

Street-view and high-res 

satellite imagery
Computer vision extracts built-environment 

features, such as greenness, traffic context, 

building form, and street-canyon geometry.

Unmanned aerial vehicles
Drones provide targeted three-dimensional 

micro-scale measurements near sources, 

plumes, and vertically structured pollution 

layers.

These data sources are best treated as specialized data layers within a broader fusion 

framework, not as standalone replacements for reference-grade networks.



Best practices

1. Post hoc exposure error assessment
Report spatially and temporally explicit diagnostics, including error maps and 

stratified performance metrics.

2. Interpretability and benchmarking
Compare complex models against simpler baselines and report variable 

importance, partial dependence, or SHAP when appropriate.

3. Reproducibility and transparency
Release code, preprocessing choices, model configurations, benchmarking 
datasets, or synthetic test cases whenever feasible.

These standards are essential when fusion products are used in epidemiology, 
environmental justice, regulatory planning, or public communication.



Guidance for different users

Researchers
Align method with question, scale, and available data. Use validation designs that 

reflect intended extrapolation. Propagate or discuss exposure uncertainty in 

downstream inference.

Policymakers and practitioners

Use benchmarked products with transparent assumptions. Avoid overinterpreting 

fine-scale patterns. Treat fusion as a complement to monitoring and CTMs.

Community stakeholders

Need clear statements of strengths and limitations. Ask where model uncertainty is 

greatest. Use fusion maps as decision support, not definitive local measurements.



Thank you for your time!
yang.liu@emory.edu

Heat Air Pollution Pollen Wildfire

24https://scholarblogs.emory.edu/remote-sensing-group/
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