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Abstract Climate change may affect ocean-driven coastal ﬂooding regimes by both raising the mean sea
level (msl) and altering ocean-atmosphere interactions. For reliable projections of coastal ﬂood risk,
information provided by different climate models must be considered in addition to associated uncertainties.
In this paper, we propose a framework to project future coastal water levels and quantify the resulting
ﬂooding hazard to infrastructure. We use Bayesian Model Averaging to generate a weighted ensemble of
storm surge predictions from eight climate models for two coastal counties in California. The resulting
ensembles combined with msl projections, and predicted astronomical tides are then used to quantify
changes in the likelihood of road ﬂooding under representative concentration pathways 4.5 and 8.5 in the
near-future (1998–2063) and mid-future (2018–2083). The results show that road ﬂooding rates will be
signiﬁcantly higher in the near-future and mid-future compared to the recent past (1950–2015) if adaptation
measures are not implemented.
1. Introduction
Climate model projections of future sea levels are critical to community level adaptation, deﬁned as a set of
strategies and actions with the aim of moderating harm or exploiting beneﬁcial opportunities (Moser &
Ekstrom, 2010; Pielke et al., 2007). Sea level rise represents a major threat to coastal ecosystems (EpanchinNiell et al., 2017; Webb et al., 2013) and development (Field et al., 2014; Hallegatte et al., 2013; Hanson
et al., 2011; Nicholls et al., 2008), and adaptation to sea level rise calls for climate model projections that
go beyond mean sea level and include variability (Dangendorf et al., 2017). For example, extreme high water
level distributions are critical to the assessment of ﬂooding hazards (Arns et al., 2017; Muis et al., 2017), and
coastal habitats such as tidal marshes are sensitive to inundation regimes resulting from the occurrence of
both low and high water levels (Scavia et al., 2002; Temmerman et al., 2013). A general approach to predict
future variability in regional sea states from climate models focuses on prediction of total water level (TWL),
TWL ¼ T þ msl þ NTR

(1)

where T represents the astronomical tide height, msl represents the mean sea level, and NTR represents the
nontidal residual in sea level which captures the effects of storm surges, trapped coastal waves, interannual
phenomena such as El Niño, and other processes that contribute to differences from the astronomical tide
height (Barnard et al., 2015; Ruggiero, 2013; Seraﬁn et al., 2017). TWL usually omits variability in sea levels
due to waves (i.e., time scales of seconds). Additionally, TWL as deﬁned in equation (1) represents an absolute
height relative to a ﬁxed geodetic datum, assuming msl is also deﬁned relative to a ﬁxed datum. Relative
water levels that account for land subsidence are thus obtained by adding the rate of land subsidence to
equation (1) (Kopp et al., 2014; Pfeffer & Allemand, 2016).
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Applications of equation (1) to predict future TWL typically assume that T is a harmonic function with tidal
constituents that do not vary over time. The estimates of change in msl between the present and future
time of interest, referred to as sea level rise (SLR), are taken from one or more climate models (Carson
et al., 2016; Kopp et al., 2014), and NTR is treated as a stochastic process that is either modeled based on
historical tide data or predicted by advanced climate models that resolve nontidal sea level variability at ﬁne
temporal scales (Cayan et al., 2008; Seraﬁn & Ruggiero, 2014). Hence, TWL represents a stochastic process
with several sources of uncertainty including uncertainty in T (Lefﬂer & Jay, 2009), uncertainty in SLR
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(Buchanan et al., 2016), and uncertainty in NTR (Cayan et al., 2008). Uncertainties can be further divided
into various types: emission scenario uncertainty (e.g., RCP 4.5 versus RCP 8.5), climate model structure uncertainty, and downscaling uncertainty (Eghdamirad et al., 2016; Kopp et al., 2014; Najaﬁ et al., 2011; O’Neill et al.,
2017). Efforts to project future sea levels have thus resulted in large data sets designed to capture uncertainty
from many different sources. Here we analyze the outputs from eight different climate models, two different
emission scenarios (RCPS 4.5 and 8.5), and two different percentiles (50th and 95th)—a total of 32 different
sets of model outputs for sites along the California coast (details in section 2). This poses a major challenge to
community level adaptation: translating large and complex data sets with scientiﬁc uncertainty to diverse
end-users of information within affected communities (Di Baldassarre et al., 2016; Faulkner et al., 2007;
Wahl et al., 2017). While dealing with signiﬁcant uncertainties is one important dimension of the challenge,
another challenge is effective communication with decision points within affected communities (Adger
et al., 2009; Buchecker et al., 2013; Nyborg et al., 2016; Spiekermann et al., 2015).
In this study, we present an approach to synthesize TWL projections with uncertainty around a targeted
impact of concern within a community. Here this impact is chosen as the exposure of regional road networks
to ﬂooding measured in kmh/yr. Our approach leverages the availability of local tide data to weigh output
from available climate models in a systematic way, and ultimately produces a limited set of exposure projections conditioned only on emission scenarios and chosen percentiles. That is, the output of the process is the
probability distribution of road network ﬂooding conditioned on emission scenarios.
Roadway ﬂooding is the targeted impact of concern for several reasons. First, transportation is a key driver of
economies (Eddington, 2006), and interruptions in service can have disastrous outcomes (Asadabadi & MillerHooks, 2017; Jaroszweski et al., 2010; United Nations, 2013). Second, many transportation networks are
already exposed to ﬂooding, and the potential exists for major increases in exposure with SLR (Kulp &
Strauss, 2017; Titus, 2002). Third, repair and replacement of transportation infrastructure is costly, and
increased ﬂooding threatens shorter service life which increases lifecycle costs (Barnes et al., 2017;
Rattanachot et al., 2015).

2. Data
The approach presented here to synthesize sea level projections with infrastructure impacts relies on three
key data sets: (i) Projections of hourly TWL (including T, msl, and NTR) for the multidecadal period of interest
(e.g., 1950–2100), (ii) exposure data that tabulates infrastructure impacts (in this case roadway km exposed to
ﬂooding) versus TWL, and (iii) historical TWL data over a portion of the multidecadal period of interest (e.g.,
1950–2015).
Observed hourly TWL data at tide gauges located in San Francisco (NOAA ID 9414290) and Los Angeles
(NOAA ID 9410660) between years 1950 and 2015 are provided by the National Oceanic and Atmospheric
Association (NOAA: https://tidesandcurrents.noaa.gov). The records for these two gauges are fairly complete
with gaps of less than 1% over the length of record. Predictions for the tide (T) based on harmonic analysis of
the tidal constituents is also provided for both sites, and we calculate the historic surge (NTR) activity by taking the difference between observed (TWL) and the predicted (T + msl) values.
Future sea level projections provided by Scripps Institution of Oceanography consist of all three components
of TWL (Cayan et al., 2008). The methodology and data used for mean SLR projections under different future
representative concentration pathways (RCP) 4.5 and 8.5 are explained in Cayan et al. (2016). The SLR projections are presented in percentiles to enable users to quantify the uncertainties associated with these estimates. In this work we use 50th and 95th percentiles of the projected SLR. The tides are predicted based on
the harmonic constituents estimated by NOAA. For the surge component (NTR), eight global climate models
(GCMs) are selected based on the recommendations of Climate Change Technical Advisory Group (CCTAG) of
California Department of Water Resources. Out of 10 GCMs that CCTAG determined to be the most representative of California climate, the downscaled (a grid with 0.25° × 0.25° spatial resolution) and bias-corrected
winds and pressures from eight GCMs (listed in Table 1) are used. These eight GCMs contain all daily variables
needed to estimate the hourly sea level projections between 1950 and 2100.
The lengths of the unprotected (i.e., connected to the ocean) roads below sea level for any given incident
water level exceedance above mean higher high water (MHHW; the average of the higher high water
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Table 1
Calculated Weights
Model
Los Angeles
San Francisco

Weights
Sigma square
Weights
Sigma square

ACCESS1-0

CanESM2

CMCC-CMS

CNRM-CM5

GFDL-CM3

HadGEM2-CC

HadGEM2-ES

MIROC5

0.1368
0.0028
0.1273
0.0096

0.1338
0.0022
0.1287
0.0064

0.1378
0.0026
0.1261
0.0044

0.1420
0.0025
0.1261
0.0060

0.0290
0.4060
0.1179
0.0081

0.1401
0.0025
0.1252
0.0046

0.1480
0.0024
0.1307
0.0059

0.1323
0.0025
0.1179
0.0081

height of each tidal day observed over the National Tidal Datum Epoch) for Orange County and Marin County,
California, USA are obtained from the risk ﬁnder tool provided by Climate Central (http://sealevel.
climatecentral.org/) (Kulp & Strauss, 2017; Tebaldi et al., 2012). These counties are selected based on their
vulnerability to coastal road ﬂooding. Orange County (with 2,000 km2 land area) has ~350 km of roads
below coastal water level with 1 m of SLR above MHHW, 71 km of which connected to the ocean (not
protected with levees). Coastal ﬂooding in Marin County (with 1,300 km2 land area) is an emerging issue
(BVB Consulting, 2017), too, with 180 km of roads below coastal water level with 1 m of rise above MHHW,
148 km of which connected to the ocean.

3. Methods
3.1. Exposure Estimation
Following Moftakhari et al. (2017), we estimate the expected lengths of roads exposed to coastal ﬂooding (E)
associated with each TWL incidence above MHHW (Z) via
E ðZ Þ ¼ LðZ Þ  PðZ Þ ;

(2)

where L(Z) is the lengths of roads inundated at any ﬂood incidence and P(Z) represents the likelihood of TWL
exceedance above MHHW for the analyzed tide gauges. P(Z) is empirically calculated for the studied time windows. For the near-future and mid-future projections, P(Z) is calculated over a time window with the same
length of historic window (i.e., 65 years) and centered around the projection year (e.g., 2030 and 2050).
The road exposure data from Climate Central is provided for 10 different SLR values (i.e., 0.3–3 m above
MHHW). Thus, for the purpose of this work we need to interpolate between exposure estimates (Figure 1).
A single nonlinear curve of the form
LðZ Þ ¼ α þ βZ γ

(3)

is a good approximation road exposure L(Z) as a function of TWL above MHHW (Z) for Z > 0.61 m, where α, β,
and γ are parameters to be calibrated through nonlinear regression analysis. However, the ﬁtted nonlinear
curve poorly represents the road exposure for Z less than 2 ft (~0.61 m above MHHW). Hence, exposure estimates associated with Z ≤ 0.61 m (Figure 1) are linearly interpolated.
3.2. Ensemble Generation
At each gauge the storm surge for a given RCP is predicted based on the outputs of eight different GCMs. We
have used Bayesian Model Averaging (BMA) to produce a weighted ensemble of the modeled surges so we
can quantify the likelihood of ﬂooding under each scenario. BMA is a well-known averaging methodology
that combines the forecast densities of multiple models to produce a new forecast probability density
function (Najaﬁ & Moradkhani, 2016). The predictive distribution of a forecast variable y, given independent
predictions of n models [M1, M2, …, Mn] (here eight GCMs), and observations during training period Y (here
1950–2015) can be expressed as
Xn
pðyjM1 ; M2 ; …; Mn ; Y Þ ¼
pðMi jY ÞpðyjMi ; Y Þ;
(4)
i¼1
where p(y| Mi, Y) is the posterior distribution of y given the model prediction Mi, and the training data Y. In
other words, p(y| Mi, Y) is the forecast probability density function of y, given model i, and p(Mi| Y) is the likelihood that the model prediction is correct, given Y (the observations) during the training period. To meet the
BMA assumptions, all the storm surge values were transformed using the Box-Cox transformation to ensure
that the probability distribution of the prediction errors follows the Gaussian distribution. The likelihood (aka
weight) estimates are obtained from application of the Expectation Maximization procedure (Duan et al.,
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Figure 1. Length of roads exposed to coastal ﬂooding under the incident rise of total water above mean higher high
water (MHHW).

2007). These weights reﬂect the performance of each GCM in reproducing the historic surge patterns and are
provided in Table 1. Then, the resulting probability density functions are used to quantify the change in
frequency of road ﬂooding in the future, relative to the past. For further details regarding the BMA and the
model used in this work, see Madadgar and Moradkhani (2014), Najaﬁ et al. (2011), and Najaﬁ and
Moradkhani (2015, 2016).

4. Results and Discussions
Figure 2 shows the cumulative distribution function (CDF) of observed, historic model simulation and projected water levels in Los Angeles and San Francisco as follows: (i) the thick brown line represents observed
hourly water level from 1950 to 2015, (ii) the thin green line represents simulated hourly water level from
BMA for 1950–2015, (ii) the solid black line represents the projected water level given the 50th percentile
of projected mean sea level (msl) under climate scenario RCP 4.5, (iii) the dashed black line represents the
water level given the 95th percentile of the projected msl under climate scenario RCP 4.5, (iv) the solid red
line represents the estimated water level given the 50th percentile of projected msl under climate scenario
RCP 8.5, and (v) the dashed red line represents the resulting water level given the 95th percentile of the
projected msl and under climate scenario RCP 8.5. At Los Angeles, both observed water level and the BMA
simulation indicate that the likelihood (i.e., 1  CDF) of TWL exceeding MHHW (dashed blue line) is approximately 5% over the period 1950–2015. However, in near-future (1998–2063), the likelihood that TWL exceeds
MHHW rises up to 6% and 8% under the projected 50th and 95th percentiles of SLR, respectively. This likelihood is even higher under projections for mid-future (2018–2083), ranging between 9% (RCP 4.5, 50th
SLR percentile) and 17% (RCP 8.5, 95th SLR percentile). San Francisco is expected to experience more TWL
exceeding MHHW in the mid-future to near-future, relative to the past with likelihood of 3%. In near-future
this likelihood is 5% and 7% under the projected 50th and 95th percentiles of SLR, respectively. Further
increase is revealed for mid-future in which the likelihood is signiﬁcantly higher and ranges between 11%
(RCP 4.5, 50th SLR percentile) and 19% (RCP 8.5, 95th SLR percentile). This substantial increase in the probability of coastal water level exceeding MHHW can have signiﬁcant impacts on coastal infrastructure.
Figure 3 shows how change in the likelihood that TWL exceeds a given threshold (here MHHW) contributes to
increased risk of ﬂooding. In Orange County under the historic TWL simulated at Los Angeles between
1950 and 2015, we currently expect to experience ~35,800 kilometer hour (kmh) of road ﬂooding. This
MOFTAKHARI ET AL.
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Figure 2. Cumulative distribution function of total water level above the station datum for the historical (1950–2015)
observation/simulations and future projections in near future (1998–2063) and midfuture (2018–2083). For the future
projections the curve shows the estimated CDF under the underlying RCP scenarios and the given percentiles of mean sea
level rise.

Figure 3. Estimated road exposure to ﬂooding for simulated historic coastal ocean water dynamics and under the future
RCP scenarios and the given percentiles of mean sea level rise.
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number, which is already signiﬁcant and costly (Moftakhari et al., 2017), will rise in near-future (between
40,000 and 61,000 kmh) and mid-future (between 67,000 and 145,000 kmh), if no mitigation measures are
implemented. These numbers are based on a weighted ensemble of TWL from BMA, and error bars in this
ﬁgure show the 95% conﬁdence limits Marin County is currently expected to experience ~160,000 kmh of
road ﬂooding in a given year, due to the TWL regime simulated at tide gauge in San Francisco, but will
experience higher rates in the following decades. As shown in Figure 3, Marin County should expect road
ﬂooding of between 250,000 and 380,000 kmh in near future, which is roughly 1.5 to 2.5 times higher than
present. Without adaptation, road ﬂooding could reach ~3 to 6 higher values (470,000 and 925,000 kmh)
in midfuture.
In near-future, a higher rate of ﬂooding is expected under RCP 4.5 compared with RCP 8.5 (Figures 3a and 3b).
This can be attributed to either different short-term rising patterns in mean sea level, lower frequency/
intensity of storm surges under RCP 8.5, or both. In near-term, internal variability (Bromirski et al., 2011)
due to a combination of dynamic and static equilibrium effects (Hay et al., 2013; Kopp et al., 2010) would signiﬁcantly affect the estimation of local sea level changes (Kopp et al., 2014). Also, the frequency and intensity
of storm events are expected to be altered in northeastern Paciﬁc Ocean under a changing climate (Shope
et al., 2016). For example, signiﬁcant wave height is expected to decrease south of ∼50°N. This decrease is
projected to be larger under RCP 8.5 compared to RCP 4.5 (Erikson et al., 2015).
The results of this study are based on two major assumptions. First, the rates of exposure estimated in this
study include only the roads that are connected to the ocean and exclude those sheltered by ﬂood defences
(i.e., levees). So we have assumed that ﬂood defences do not fail during future ﬂood events. In case of a failure
these rates could be considerably higher. A second assumption underlying the estimates provided here is
that no adaptation measure takes place over the given time horizon. In other words, the model used here
assumes that the parameters describing the road inundation for any incidence above MHHW (i.e., the curve
in Figure 1) are stationary and do not change over time. Obviously, any suite of interventions that avoid or
minimize the impacts of coastal ﬂooding hazards on vulnerable systems (here roads exposed to ocean water)
and makes the threatened community less prone to the adverse effects of a ﬂood hazard, referred to as
adaptation (Jongman et al., 2015; Schipper, 2009), should be included in decision making and risk
assessment practices.
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Effective risk communication, deﬁned as purposeful exchange of information about risks between interested
parties (Covello et al., 1986), with the aim of aiding decision makers to raise risk preparedness (Kellens et al.,
2013; Maidl & Buchecker, 2015) requires a translational discourse between scientists and professionals in risk
management (Faulkner et al., 2007). The approach presented here is not a substitute for such discourse but
rather constitutes a tool to enhance discourse through the transformation of complex data sets into relatively
simple and targeted metrics that facilitates risk communication (Weaver et al., 2017).

5. Conclusions
A general approach utilizing BMA is presented to combine surge predictions (NTRs) from different climate
models with tidal predictions and sea level rise projections to statistically characterize the distribution of
roadway coastal ﬂooding. BMA performs well in reproducing historic NTRs (Figure 2) with relatively small
errors in estimated weights (Table 1). The results suggest that sea level rise and change in storm surge
patterns will increase road ﬂooding exposures to both Orange County and Marin County 2–4 times and
3–6 times higher, in near-future and mid-future, respectively, if no adaptation measure takes place.
Furthermore, the BMA approach presented here poses an opportunity to simplify public communication
about the likelihood of ﬂooding under climate change without sacriﬁcing scientiﬁc depth, based on a systematic approach of combining climate model output and uncertainty. The proposed approach is applicable
to any type of infrastructure where impacts scale with water levels.
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