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CLIMATE CHANGE AND FLOODING
RISK AT NASA AMES

President Obama has mandated (E.O. 13514) that all
federal agencies evaluate vulnerabilities of their mission,
facilities and operations, to climate variability and change.
Our project focuses on NASA Ames Research Center
(NASA Ames) located in Silicon Valley, California (Fig-
ure 1). NASA Ames mission categories include supercom-
puting, intelligent systems, astrobiology, small satellites,
robotic lunar exploration, nanotechnology, information
technology, aviation, and others; employing about 2300
personnel and supporting more than 8400 jobs. Its current
infrastructure alone is valued at over USD$3 billion and
its annual economic output is about USD$1.3 billion. The

PROJECTED RELATIVE
SEA LEVEL RISE

Major uncertainties persist associated with global and re-
gional sea level rise projections. Knowles (2009), in a study
that is widely used for planning purposes in S.E. Bay, esti-
mated a rise of Im by 2081 and 1.5m by 2105. More recent-
ly, the National Research Council (NRC 2012) published
projections for California, Oregon and Washington, taking
into account regional subsidence and uplift, as well as the
contributions from thermal expansions of the oceans and
melting of grounded glaciers and ice sheets. Figure 5 shows
the low, medium, and high projections from the NRC re-
port, and an estimate from Knowles (2009).

Figure 6 represents the extent of inundation of the NASA
Ames campus at MHHW, corresponding to a rise in sea
level of 1.4m, and assuming failure of the protective levees.

DYNAMIC DOWNSCALING OF CLIMATE
PROJECTIONS

We use NCAR’s regional climate model Weather Re-
search and Forecasting version 3 (WRF) coupled with the
Community Land Model version 3.5 (Jin et al. 2010) to
downscale the results of AOGCM climate runs for IPCC
A1B scenario of greenhouse gas emissions (Nakicenovic
et al. 2000) for 2060-2069, a time period when different
emissions scenarios just begin to show departures in their
climatic projections. Due to computational expense, we
use the output of just two AOGCMs, the NCAR CCSM3
(Collins et al. 2006) and the GFDL CM2.1 (Delworth et al.
2006). The resulting dynamically downscaled 10-km reso-
lution simulations are part of the California probabilistic

the winter season, DJEF, is shown. As expected, pressure is
very robust for the historical simulations (1985-1994). Bias
analysis of downscaled temperature via CCSM/WREF and
GFDL/WRF compared to NNR2/WRF (not shown) has
correlation coefhicients ranging from 0.5 to 0.8 for CCSM/
WREF and 0.1 to 0.8 for CM2.1/WRE. Similarly, the pre-
cipitation correlation coeflicient ranges from less than 0.1
in winter (DJF) to 0.6 in spring (MAM). Testing the his-
torical accuracy of 10m height surface winds within the
WREF code in the same fashion indicates that the U-wind
magnitude correlates fairly well with coefhicients near 0.8
during MAM, 0.6-0.7 (SON), 0.5-0.75 (JJA) and 0.35-0.45
(DJF). The V-wind component is less robust, with corre-
lation coefhicients 0.3-0.35 (MAM), 0.7-0.8 (JJA), 0.3-0.4

STATISTICAL DOWNSCALING OF
PRECIPITATION EXTREMES AND
EXTREME NON-TIDAL WATER HEIGHT
IN SOUTH S.F. BAY

Each of these two variables — extreme precipitation, and
extreme non-tidal water height in South S.E. Bay - can be
modeled with a Generalized Extreme Value (GEV) distri-
bution. We incorporate predictor variables into each GEV
distribution, by expressing the location and scale parame-
ters as (linear) functions of the predictors (e.g. Smith 1989;
Coles 2001; Katz et al. 2002; Wang and Zhang 2008; Zhang
et al. 2010). This work is in progress. The goal is to ob-
tain estimates of precipitation extremes for NASA Ames
from variables that are simulated by AOGCM/RCM cli-

and b) local storms. Some possibilities are explored below.
This approach has the benefit of providing an analytical ba-
sis for calculation of the joint probability of extremes of the
two variables, on the basis of AOGCM/RCM projections
of large-scale conditions and local storms, whose predictor
variables determine the parameter values of both extreme
value distributions.

PREDICTORS DESCRIBING LARGE-SCALE
CONDITIONS

Figure 13 shows the computed correlation between cli-
mate indices and precipitation at NASA Ames (Moftett Field
station). We consider total precipitation in a water year (left),
and the 5-day precipitation maximum (right). Nine climate
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(c) Possible increases in the frequency and intensity of
extreme storms.

Impacts (a), (b) and (c) are expressions of synoptic-scale
changes in ocean-atmosphere conditions and circulation
(Figure 2).

Figure 1: Location ofthe NASAAmescampusinSouthSan
Francisco Bay. The Moffett Air-field is in the foreground.
Photo: NASA

Figure 5: Sea level rise projections for S.F. Bay. All four
curves are concave upward, and are well described by
2nd-order polynomials.

SEA LEVEL RISE AND SALT MARSH

at MHHW corresponding to a rise in sea level of 1.4m, in
the case of leveefailure, estimated from ortophotography
and LiDAR point cloud.

diagrams for ten-year averaged mean seasonal climatolo-
gies for different variables. Due to space limitations, only

crease during DJF, but the GFDL/WRF shows an increase
during MAM.
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relationships (arrows) that presently require clarification.

Figure 3. Intense precipitation on February 3, 1998,
preceded by a very wet winter, and accompanied by
extreme high water levels in the South S.F. Bay, led to
flooding at NASA Ames. Photo: NASA archives.

u L

Foar
o
]

=

Relative to MLLW

Tide Level (m)

=
LE I = | L L

| ®)

E-hour precip rate {in) Wind Speed (km/h)

g,@# @ﬁ*ﬁﬁ F LSS
Py ‘f f ‘f ﬁfﬁfﬁfﬁwﬁ

Figure 4. The unusual values measured at the time of
flooding (pictured in Figure 3), for (a) total water height
in the Bay, which includes large non-tidal residuals, (b)
wind speed (high), (c) 6-hourly precipitation (high), and
(d) sea level pressure (low). Figure modified from Bur-
roughs (2009, from internship work at NASA Ames).

The results show that with low and intermediate rates
of SLR (Figures 9a,b), marsh accretion will keep pace with
SLR, and both high and low elevation marsh environ-
ments will persist beyond the end of the century; but with
the highest SLR rate (Figure 9c), wetlands restored to tid-
al action and NASA-ARC will develop a low tidal marsh
that will persist to the end of the century, but eventually
drown as the SLR rate exceeds the marsh accretion rate.

F|gure8 Asediment core fromthe Cooley Landing marsh,
in the split core sampler. The bottom of the recent de-
posit is at about 17 in.
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Figure 9: Simulated evolution of the elevation of the marsh plain, and of mean higher high water (MHHW) at NASA
Ames, for the three sea level rise scenarios published by NRC (2012), designated low, medium and high.
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PREDICTORS DESCRIBING LOCAL STORM
CONDITIONS

Wang and Zhang (2008) used gridded sea level pres-
sure (SLP) to represent flow patterns and storminess that
influence precipitation. Wilby and Wigley (2000) showed
that the maximum correlation between SLP and precipita-
tion is obtained for SLP measured at a distance from the
precipitation station. Similar behavior may be true for ex-

SAN FRANCISCO BAY

The statistical model described above will permit de-
velopment of a statistical distribution for the extremes of
water height, in the form of a GEV, whose parameters are
obtained by regression using predictor variables of large-
scale conditions (climate indices or their principal com-
ponents) and local storminess (SLP and humidity). This
GEV will describe the frequency and intensity of extreme
water heights at San Francisco. The propagation of those

and c¢) maximum b5-day precipitation. d) Water years
with high precipitation totals tend to experience more
Intense precipitation episodes, e.g. 5-day totals.

disturbances into the South S.F. Bay, which may cause ex-
treme water heights at NASA Ames, is complex to simu-
late. We hope to make use of the UnTRIM (3-D) hydrody-
namic model of S.FE. Bay to simulate this propagation (e.g.
MacWilliams et al., 2012). Even without a future increase
in storminess (see Bromirski et al. 2012), sea level rise will
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