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Climate-driven urban risks will worsen in the future
because of …

Urban development Climate change



Source: UN HABITAT

Human-perceived impacts

2-3 % 
of Earth’s land surface   

>50 % 
of world population



Heat

• Profound impacts
• Health • Energy • Productivity

• Connected to other urban environmental problems
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Heatwaves 2019

Heatwave in India, June 2019
Heatwave in China, August 2019
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CMIP5 projections of global surface climate

Source: Knutti & Sedlacek, Nature Climate Change 2013



Source: IPCC 2014
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Urban warmth

Urban Heat Island (UHI) effect
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Source: Knutti & Sedlacek, Nature Climate Change 2013

Can we provide robust multi-
model urban projections?



Source: Knutti & Sedlacek, Nature Climate Change 2013

Near-universal lack of urban representation in global-scale Earth system models

Traditional projections of “global surface climate”

are essentially global “non-urban” surface climate.



Traditional CMIP multi-model projections fail to capture urban warming signals

Source: Zhao et al. Nature Climate Change (2021)



Modeling urban heat
• Dynamic modeling
• Process-based
• Trying to “resolve” the physics, chemistry and dynamic processes
• Computationally Expensive

• Statistical modeling
• Empirical
• Trying to establish the statistical relationship
• Computationally-efficient
• Interpolation vs. extrapolation

• Hybrid modeling
• Process-based dynamic modeling + data-driven statistical modeling
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Source: http://www.cesm.ucar.edu/models/clm/surface.heterogeneity.html

Surface heterogeneity
Sub-grid modeling

Community Earth System Models (CESM)



Source: http://www.cesm.ucar.edu/models/clm/human.html

Dynamic process-based urban parameterization in CESM



Source: Oleson et al. 2008

Evaluation of the CESM urban modeling

Source: Zhao et al. Nature Climate Change (in press)



Methods

Urban Climate Emulator

• Process-based climate modeling + Data-driven machine learning approach

• Computationally efficient & global-scale

Earth System Modeling combined with Physics Guided Machine
Learning (PGML)



Dynamic modeling Machine Learning

Atmospheric forcings:
𝐾↓, 𝐿↓, 𝑃", 𝑃, 𝑇#, 𝑄, 𝑈, 𝑉, 𝐶𝑂$

Urban response

High dimensional
surface dataset

Reduced-order emulator



The urban climate emulator framework

CESM

Other CMIP models

ML regressors

Train & Validate

Emulator Multi-model projections



Emulator
Accuracy

Source: Zhao et al. Nature Climate Change (2021)

Validated on never-seen
data



Robust projections of urban warming

Source: Zhao et al. Nature Climate Change (2021)

Figure: Multi-model ensemble mean urban warming for JJA under RCP 8.5 and RCP 4.5. Stippling indicates significant 
change (ΔT ≥ 4 K under RCP8.5 and ΔT ≥ 1.5 K under RCP45) with high inter-model robustness (SNR > 2.5).



Robust projections of urban drying

Source: Zhao et al. Nature Climate Change (2021)



Future urban heatwaves

Source: Zheng et al. Nature Communications 2021 (in press)

Figure: Multi-model ensemble mean change in average UHW intensity (K), frequency (events per year), duration (days per event), 
and total days (days per year) in 2061–2070 relative to 2006–2015. Stippling indicates substantial change (intensity > 1.5 K) with high 
inter-model robustness (SNR > 2.0).



Understanding the uncertainties

Internal variability

Structural uncertainty

Parameter uncertainty

Scenario uncertainty

Dominant source of uncertainty 
at the time horizons of multiple 
decades or longer



Understanding the uncertainties

Structural uncertainty: emulated multi-model urban projections

Internal variability: CESM Large Ensemble (CESM-LE) simulations
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Source: Zheng et al. Nature Communications 2021 (in press)



Grey-swan urban heatwaves

Figure: Spatial distribution of changes in urban heat waves intensity by 2061 – 2070. The thick lines mark the CMIP5 multi-
model mean (thick violet lines) and CESM-LE multi-member mean (thick cyan lines).

Source: Zheng et al. Nature Communications 2021 (in press)
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Thank you!
Comments & questions? 


