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Abstract. Potential consequences of climate change are the increase in the magnitude and frequency of
extreme rainfall storm events. In order to assess what are the potential impacts of climate change in the
transportation infrastructure, new intensity-duration-frequency curves are needed. In this study, projected
IDF curves were created based on three Global Climate Models (GCM) for the representative concentration
pathways (RCP) 4.5 and 8.5. The selected GCMs are: ACCESS1-0, CSIRO-MK3-0-6 and GFDL-ESM2M.
Projected IDFs for the near (2025-2049), mid (2050-2074) and far future (2075-2099) were created after
disaggregating the project rainfall time series using the Bartlett-Lewis Rectangular Pulses Stochastic Model.
The projected IDFs were compared with the IDF currently used and generated based on historical data. The
results indicate that climate change is likely to decrease rainfall intensities in all the future horizons in the
tested area of San Antonio, Texas. Further analysis is recommended, including the use of bias correction of
those GCM models and use of a broader range of models that can better quantify uncertainty of the future

rainfall regime.

1 Introduction

One of potential impacts of climate change is the
increase in the frequency and intensity of flooding
caused by rainfall events [1]. Associated with the
negative impacts of population growth and urbanization,
which increases surface runoff due to the increase in
imperviousness, the impacts on the economy and number
of fatalities caused by climate change induced flooding
in the future are expected to rise. Data from the National
Center for Environmental Information (NCEI), which is
the agency within the National Oceanic and Atmospheric
Administration (NOAA) responsible for scorekeeping
these impacts, show a significant increase in the total
costs associated with extreme events since 1980s.
Recently, the United States registered the occurrence of
a number of extreme storm events, including: Hurricane
Harvey in 2017 as a 1,000-year storm [18]; Baton Rouge
flooding, in 2016, as a consequence of a 500-year storm
[2]; and superstorm Sandy in 2012 with a return period
between 150 to 1,000 years [3]. According to NOAA [4],
the United States has experienced 16 major flood events
in the past 10 years that exceeded $1 billion in losses,
totalizing adjusted to $51.2 billion in economic damages;
these flood events also resulted in 224 deaths. Besides
casualties and economic losses, floods can affect public
health by spreading disease [5, 6] and causing
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psychological disorders among the population, such as
post-traumatic stress disorder, anxiety, sleep disorder
and depression [7, 8].

Most critical infrastructure built in urban areas in the
U.S., including that for transportation and flood
protection, are designed to handle design storms with a
1% probability of occurrence in one year or 100 years of
return period. A design storm is a fictitious hyetograph
characterized by a total duration and a rain depth or
intensity for a particular return period [9]. Design storms
are created based on intensity-duration-frequency (IDF)
curves that are built for a particular location (e.g. county,
city or rain gauge) based on high temporal resolution
historical rainfall records. They are used in conjunction
to hydrologic and hydraulic models to estimate flood
characteristics (e.g. peak flows or water depths) in a
watershed. Because climate change is likely to alter the
IDF relationships, the prediction of future flood events
requires methods that can incorporate the impacts of
climate change on future IDF curves.

Climate change projections have been produced in
the past decades by many climate research groups
around the world. These projections are generated using
Global Climate Models (GCMs) which are numerical
simulation models used to represent a climate system
based on physical, chemical and biological processes in
the atmosphere, ocean, cryosphere and land surface [10].
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Most GCMs generate rainfall and other climate variables
in a daily time scale from 1900 to 2100, aiming to
represent historical climate and generate future
projections in many locations around the world.
Because IDF relationships require high resolution
temporal rainfall time series, the use of GCMs for
creating climate changed updated IDF relationships
require the use of a rainfall disaggregation method. In
the present article, a Modified Bartlett-Lewis
Rectangular Pulses Stochastic model [11] is used to
generate high resolution temporal rainfall time series
from several GCMs rainfall time series. The downscaled
rainfall time series are then used to create IDF curves. A
comparison with the existing IDF curves for the City of
San Antonio is performed.

2 Methodology

The methodology used in this article follows three main
steps. First, GCM rainfall data was acquired. Second, the
future rainfall projections were disaggregated into a finer
temporal resolution. Finally, the disaggregated rainfall
series were used to generate the IDF curves.

The climate change scenarios were acquired from the
World Climate Research Programme’s (WCRP’s)
coupled model intercomparison project phase 5 (CMIP5)
[12]. Three main GCM model outputs for the most
probable emission scenario (RCP 4.5) and the most
pessimist scenario (RCP 8.5) were selected: ACCESSI-
0, CSIRO-MK3-0-6 and GFDL-ESM2M. These model
outputs were available from the Bias-Correction and
Constructed Analogs version 2 (BCCAv2) downscale
method for climate changes data, which already has bias-
correction. These GCMs were selected based on their
performance in predicting extreme rainfall indexes: 95™
and 99" rainfall percentiles, maximum daily and 5 days
rainfall depths and number of days over 10 and 20mm
[19]. The daily rainfall time series were divided into
three periods: near future (2025 to 2049), medium future
(2050 to 2074) and far future (2075 to 2100).

The disaggregation of GCM precipitation was
performed using the Modified Bartlett-Lewis
Rectangular Pulses Stochastic model [11] with adjusting
procedures, according to the methodology proposed by
Kossieris et al., [13]. Autocorrelation, proportion of dry
days, variance and rainfall mean depth were the indices
used to estimate the model parameters. The Generalized
Reduced Gradient algorithm [14] was applied to reduce
the Square Mean Errors between the simulated and
observed values of such indices to estimate the
parameters 4, @, v, k, ¢ and ux. A rainfall series with 15
minutes time resolution, registered from 1999 to 2014,
were used to calibrate these parameters (Station ID:
COOQOP:417947). Finally, the parameters of Sherman's
IDF [15] relationships, given by equation 1, for the
future scenarios were obtained. To estimate those, the
year maximum rainfall depth was obtained for intervals
of 15 min, 30 min, 1 hr, 3 hr, 6 hr, 12 hr, 1day, 3 days, 7
days and 14 days, and subsequently converted to
intensities. Then, a Gumbel distribution was applied to

calculate the intensities for different return periods: 2, 5,
10, 25, 50 and 100 years. The Nelder-Mead heuristic
optimization algorithm [16] was used to estimate the
parameters e, b and d to best the results from equation 1
with the estimated intensities.

. — e 1
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where i is the rainfall intensity, d is the duration and R
the return period. The comparison was made with the
parameters by Cleveland et al., [17], from Texas
Department of Transportation (TxDOT). Extreme
rainfalls from hurricanes cause the greatest damages and
usually last between 12 and 24 hours, which are the
target of this study. Therefore, the total depth for those
durations were quantified to evaluate the potential
impact of climate changes on extreme events.

3 Results and discussion

Figure 1 presents the estimated IDF curves for the 100
years return period for historical rainfall series (TxDOT),
and the three GCMs for both the scenarios RCP 4.5 and
RCP 8.5 for the near (2025 — 2049), medium (2050 —
2074) and far future (2075-2099). The intensities of the
historic IDF are generally higher than those generated by
IDFs from GCMs, except for the short rainfall duration
(< 6 hours) projected by GFDL-ESM2M RCP 8.5 in the
near and far future. The divergence between scenarios
and the historical IDF is more visible for longer rainfall
durations. All three GCM, under both scenarios, points
to lower rainfall intensities in the future for higher
durations. The result of lower intensities for most
durations is less total rainfall depth, as shown in Figure
2, which presents the 100 years 12 and 24 hrs total
rainfall depth. For instance, according to the TxDOT
IDF, the 100 years 24 hrs storm event amounts to
approximately 254 mm. All projected GCMs indicate
reductions that range from approximately 219 to 129
mm, which represent 19 to 49% in the total rainfall
depth.

This finding is counterintuitive to what has been
suggested by the literature that claims climate change
will increase the intensity and frequency of intense storm
events. Analysis in the raw daily rainfall depth from the
all GCM and both RCP scenarios show, however, that
San Antonio is likely to have substantial reduction in the
overall rainfall regime. For instance, the maximum total
daily depth of 180.4mm/day was registered by CSIRO-
MK3-1-0 under RCP8.5 in the far future. This value is
significantly lower when compared to the 286mm/day
registered at the COOP 417947 station in 1988.



MATEC Web of Conferences 271, 04002 (2019)
Tran-SET 2019

https://doi.org/10.1051/matecconf/201927104002

RCP 4.5
1000
‘\ll E 100
4 =
[ g7
S 5
g g0
: %
0 6 12 18 24
Duration (hr)
1000
far
~
S =
|5 100
2 E
) =
S 2
£ £ 10
£ E
g 2
2
B 1
= 0 6 12 18 24
Duration (hr)
1000
2 £
2 F 100
[\l
£
S
S
g g 10
R
R
i 1
0 6 12 18 24
Duration (hr)
—TxDOT ——CSIRO-MK3-0-1

RCP 8.5
1000
]
g 100
2
5
£ 10
o0 —
Q
|
1
0 6 12 18 24
Duration (hr)
1000
]
g 100
2
5
£ 0 =
on
Q
3
1
0 6 12 18 24
Duration (hr)
1000
E
£ 100
g
2
5 10
4
on
Q
|
1
0 6 12 18 24
Duration (hr)
—GFDL-ESM2M  ——ACCESSI1-0

Fig. 1. TxDOT, CSIRO-MK3-0-1, GFDL-ESM2M and ACCESS1-0 IDF curves for 100 year of return period for the RCP 4.5 & 8.5.
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Fig. 2. Total depth for the 12 and 24 hours for the 100 year of return period.
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4 Conclusions

The present article evaluated the potential impact of
climate change in the IDF relationships in San Antonio,
TX. Three climate change GCM models and two RCP
scenarios daily rainfall projections were disaggregated to
generated updated IDFs. All the scenarios indicate
reductions in the rainfall intensities for all durations and
return periods, which led to significant reductions in the
overall total rainfall depth. The results indicate that
uncertainties of the GCMs can be propagated to updated
IDF curves. Kundzewicz et al. [20] discusses two
managing methods for uncertainties under -climate
changes. The first is by precaution, which consider the
worst scenario for the mitigation plans. The second is
the multi-model probabilistic approach, which may
present different solutions based on the different results
presented by various global models. Future work is
required to better understand the sources of uncertainties
brought by GCM projects and whether the adjustments
of IDF parameters enhance the uncertainties of projected
design storm events. Further bias treatment on those
GCM  model outputs are required to prevent
underestimation of the potential extreme rainfalls.
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