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Outline
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• Historical climate and hydrology in the Colorado River Basin

• Existing modeling and projections of future changes: challenges and uncertainties

• A proposed statistical modeling approach (state-space model; SSM)

• Results from the proposed statistical model (SSM) and conclusions



Map of the Colorado River Basin and subbasins
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Input points for the 
Colorado River 
Simulation System 
(CRSS) model
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Historical climate and hydrologic changes and variability 
Flow vs. precipitation

Flow vs. temperature



Future climate and hydrologic model projections
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Global mean temperature

Regional precipitation

Regional temperature Streamflow

CMIP5-LOCA-VIC
RCP 4.5 
(mean + 95% intervals)

RCP 8.5 

Model ensembles

Historical Data
(with 10 year moving average)



GCM-coupled results show a smaller temperature effect 
than historical data, among other discrepancies
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Flow vs. temperature Flow vs. precipitation

RCP 4.5 

RCP 8.5 

Historical Data



Developing a simplified, statistical model to describe and 
analyze long-term changes
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A probabilistic time-series 
model

Key components:

• Simplified energy balance describing global warming level

• Regional response of Temp. and Precip.

• Temp. and Precip. sensitivities of streamflow

• Autoregressive noise terms describing natural variability

• A correlation structure among subbasins

GCM-coupled modeling 
results

Historical observations
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𝒙 𝑡 + Δ𝑡 = 𝑨 𝒙 𝑡 + 𝑩 𝑭 𝑡 + 𝝎 𝑡

Forcings

Noise

Latent variables

Developing a simplified, statistical model to describe and 
analyze long-term changes

State function:

𝒚 𝑡 = 𝑫 𝒙 𝑡 + 𝝂 𝑡
Measurement 
noise

Measurement function:

𝝎 𝑡 + Δ𝑡 = 𝝓 𝝎 𝑡 + 𝜹 𝑡

Autoregressive noise is assumed and used to model natural variability:

Gaussian noiseA matrix with 
autoregressive coeff.

Using State-space representation and modeling 
(SSM)

𝒙 𝑡 =

𝑥𝑡
GWL

𝑥𝑡
RT

𝑥𝑡
RP

𝑥𝑡
S1

⋮

Latent variables

𝑥𝑡
GWL: latent global warming level

𝑥𝑡
RT: latent regional temperature change

𝑥𝑡
RP: latent regional precipitation change

𝑥𝑡
S1: latent subbasin streamflow change 

(subbasin 1)
…

𝒚 𝑡 =

∆𝑇𝑡
G

∆𝑇𝑡
R

∆𝑃𝑡
R

∆𝑅t
S1

⋮

Measurements

∆𝑇𝑡
G:  measured global warming level

∆𝑇𝑡
R: measured regional temperature change

∆𝑃𝑡
R: measured regional precipitation change

∆𝑅t
S1: measured subbasin streamflow change 

(subbasin 1)
…



Step 1: SSM is pre-trained (inferred) by GCM-coupled results

9



Step 2: SSM is further calibrated based on historical data
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Step 3: SSM results are used in river system modeling
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Bayesian inference with SSM facilitates interpretation
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Earth’s climate sensitivity Regional climate response Hydrologic response



Bayesian inference with SSM facilitates interpretation
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Earth’s climate sensitivity Regional climate response Hydrologic response



Bayesian inference with SSM facilitates interpretation
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Earth’s climate sensitivity Regional climate response Hydrologic response



Probabilistic projections can subsequently be made
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Global warming level ∆𝑇𝑡
G Regional precipitation ∆𝑃𝑡

R

Regional temperature ∆𝑇𝑡
R Streamflow ∆𝑅t

S20

SSP 2-4.5 

SSP 5-8.5 

SSP 3-7.0 

SSP 1-2.6

Projections start from 2023

Historical with 10-year MA
Projections 

(mean + 95% confidence 
intervals)



Validation suggests a reasonable alignment with historical 
data
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Projections start from 1993

Global warming level ∆𝑇𝑡
G

Regional temperature ∆𝑇𝑡
R

Regional precipitation ∆𝑃𝑡
R

Streamflow ∆𝑅t
S20



Projected system conditions suggest further stress
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Lake Mead elevation

With 1MAF saving every year



Summary and Conclusions
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• The recent decline of streamflow in Colorado River Basin suggests a notable 
warming temperature effect 

• Existing GCM-coupling results (GCM-statistical downscaling-hydrologic 
modeling) show less temperature effect than historical data

• A probabilistic time-series model (SSM) was developed and used in this work 
to bridge the gap

• The decrease of streamflow in Colorado River Basin in recent years aligns with 
SSM projections

• SSM projections suggest a further decrease in the future, highlighting regional 
water supply challenges
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Supplemental Slides



Projected future climate in Upper Basin
(CMIP3, CMIP5, and CMIP6)
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CMIP3-BCCA downscaling CMIP5-BCCA CMIP6-BCCA



Projected future climate in Upper Basin
(CMIP3, CMIP5, and CMIP6)
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New simulations are generated to run CRSS
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Historical with 10-year MA

Future simu w/ 
10-year MA



Projected water deliveries show similar long-term 
management challenges
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Annual total deliveries to the entire basin
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