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Lake Mead Water Level Update

After reaching its minimum annual elevation of 1050 feet in 2022, Lake Mead exhibited an increase of 8 feet 
in 2023. 

163 
feet

4 X 7 = 28 
person height 
water loss 
between 1998 
and 2022



Background 1: Red-noise process 
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• Linear versus non-linear model

• Central-Limit Theorem (CLT) – effect of averaging 

 

CLT states that the distribution of the sum (or 
average) of a large number of independent, 
identically distributed random variables 
approaches a normal (Gaussian) distribution, 
regardless of the original distribution of the 
individual variables.

Background 2: Central-Limit Theorem



A Red Spectrum of Soil Moisture Variability in the US Southwest 

• Higher power at a lower 
frequency

• Climate Models underestimate 
those low-frequency soil 
moisture variability

Kumar, Dewes et al. (2023); Earth’s Future



Many different names and manifestations:
Underestimation of low-frequency precipitation variability

Precipitation anomaly in the US Southwest (Observation, Climate Research Unit)

• Long-term Persistence (LTP) 
Quantified using the Hurst 
Coefficient (for method, See 
Kumar et al., 2009, and 2013)

• 90% of CMIP6 and CESM2-LE 
ensembles show a smaller 
persistence than the 
observations



The problem has continued through generation of climate models

Journal of Climate



A Reddened ENSO Framework

Matt Newman, NOAA

A Reddened ENSO model (Model 1) to predict inter-annual soil moisture variability 
and its comparison with the ENSO-only model (Model 2)

Assumption: ENSO is accurately predicted for the given year (taken either from observation or the climate 
model’s Large ensemble data). 

Kumar, Dewes et al. (2023); Earth’s Future



How good is the Reddened ENSO Model in comparison 
to the dynamical prediction system, e.g., SMYLE? 

Yanan Duan, AU

(a) Reddened ENSO (b) SMYLE

Anomaly correlation between predicted soil moisture and observation (ERA5)

Answer – Equally good or even better!

Caveat: Only the top 10 cm soil moisture data is available from SMYLE 



Can the ENSO-Only model usefully predict inter-annual 
hydroclimate variability in North America?

Anomaly correlation between predicted soil moisture and observation (ERA5)

ACC = 0.49 ACC = 0.26

Useful

Answer – No (using the scale shown)!



Why do climate models underpredict low-frequency 
hydroclimate variability?

Answer: Too much reliance on ENSO in climate models (~90%) leads to underestimation 
of low-frequency hydroclimate variability compared to the observations (50%). 



A Land-Atmosphere Interaction Hypothesis
A relatively whiter atmospheric variability input, e.g., precipitation is 
reddened by the land-atmosphere interaction processes, e.g., soil 
moisture memory and reemergence, resulting in a long-term variability in 
hydroclimatic observations, e.g., soil moisture, streamflow, and reservoir-level 
data.  Contrary, if we remove the land-atmosphere interaction effects, 
then redness in hydroclimatic data goes away.



Implications on predictability across scales
One month lead-lag anomaly correlation between soil moisture (t-1) and precipitation (t)

CLM5 offline run 
using CFSR forcings: 
(a) Control (OBS), 
and (b) Randomized 
forcing

Same as above using 
CESM2-LE data => look closer 
to the randomized run than 
the control run (=> a weak soil 
moisture to precipitation 
feedback loop in CESM2)

Montasir Maruf, AU



Summary: A Land-Atmosphere Interaction Hypothesis
A relatively whiter atmospheric variability input, e.g., precipitation is 
reddened by the land-atmosphere interaction processes, e.g., soil 
moisture memory and reemergence, resulting in a long-term variability in 
hydroclimatic observations, e.g., soil moisture, streamflow, and reservoir-level 
data.  Contrary, if we remove the land-atmosphere interaction effects, 
then redness in hydroclimatic data goes away.
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