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Climate change and urbanization are nonstationary factors that influence
hydrologic data, which results in the concept of multinonstationarity in hydcadadg.
Methods to deal with important aspects of multinonstationarity do not exist. Cyreentl
statistical method to detect multinonstationarity in a hydrologic teniesis needed.
Likewise, flood mitigation methods, such as infrastructure designs and the hitoda
insurance policy, are based on the assumption of stationarity and, therefore, may not
provide expected levels of protection in a nonstationary environment. The goal of this
study was to provide a method to detect and model multinonstationarity in hydrologic
data, as well as to assess the change in risk associated with mudtiooasity. A
statistical test was developed to identify multiple change points within as&mes,
which is necessary to achieve optimum modeling accuracy for hydrologimdata
nonstationary environment. A procedure was developed to incorporate
multinonstationarity into the existing flood frequency analysis method based on two

nonstationary factors: urbanization and climate change. Finally, a flood sessasent



was conducted in which the risks as well as the performance of a flood mitigatiems
were compared for stationary and multinonstationary environments.

The results showed that the incorporation of multinonstationarity into the current
flood frequency analysis creates a noticeable difference in the magnitiloledsffor the
same return period as well as the associated risk. Based on the developed method,
engineers and policy makers can begin to analyze the hydrologic and riskisgo$it
communities to nonstationarity. If the sensitivities of the system aresiodéy the
factors, such as urbanization and emissions rates that influence climate, dzang
potentially be controlled to mitigate the consequences. Therefore, while man
uncertainties exist in regards to the future conditions of these nonstatiortarg,fac
through methods such as those proposed in this study, the range of possibilities will be

better understood and lead to more informed decisions to mitigate future risks.
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Recent extreme events such as Hurricane Katrina and the Midwest Floods of 2008
have brought attention to the effects of flooding and the need for flood protection.
Current design standards and policies, such as the National Flood Insurance Rolicy, a
based upon the estimated magnitude of the 100-year flood event, determined by a flood
frequency analysis. Flood frequency analyses are conducted in an abt@mguotict the
likelihood of a flood of a specific magnitude occurring. Current methods to conduct
flood frequency analyses assume flood event stationarity and independenicaaiBiat
implies that the probability of the occurrence of a 100-year flood in a gaemwill not
change over time. However, recent extreme events as well as considesahleh
suggest that our climate is nonstationary. Likewise, changes in land cowdr, whi
influence runoff, have been occurring throughout the past century and will continue to
increase as people relocate to urban areas. Changes in both of these variables may
change the statistics of flood records and, therefore, the accuracy of &qadricy
estimates. Milly et al. (2009) state that stationarity is no longapalicable assumption
for water-resource risk assessment and planning. Existing methods must be updated i

order to adapt to the uncertainties that will exist in a changing environment.

1.2 Climate Change
Scientists suggest that climate change is a main source of nonstatioGaityed

by factors such as an increase in the concentrations of greenhouse gases in the
atmosphere, climate change increases downwelling infrared radiatiomaredote,

surface temperatures. This influences the hydrologic cycle, as muchsoirthee



moisture is evaporated by the increased heating at the surface (Trenberth1999).
Increased temperatures and water vapor in the atmosphere will increasegpert of

water vapor from areas of divergence to areas of convergence. Thesrgkliai

changes in precipitation, particularly increases in the intertropical apaves zones and
subpolar and polar regions and decreases in the subtropics. North America and Europe
will experience patterns of both moistening and drying with much uncertaiistingxat

the boundaries (IPCC 2007).

In addition to mean precipitation increases, the change in extreme events in the
changing climates is important. Many studies have been conducted in an &tempt
predict the changes expected in extreme precipitation both globally and rgidiaal
example, Karl and Knight (1998) detected a 10% increase in precipitation across the
contiguous United States. They found this increase to occur mainly in the heavy to
extreme precipitation events, implying that the increase is disproportacrates the
precipitation distribution. Barnet et al. (2006) showed that the global aveeagency
of extremely wet days is expected to double in response to doubled atmospheric CO
conditions. Semenov and Bengtsson (2002) determined that the mean precipitation
intensity will increase significantly in response to increased atmosggresohouse gas
concentrations, with an increase of about 20% in the eastern United States fontie twe
first century. Likewise, the frequency of wet days exceeding the@éftentile is
expected to increase globally, with an increase of about 30% in the eastewh &tates
for the twenty-first century (Semenov and Bengtsson 2002). Based on the A1B
greenhouse gas emissions scenario, the IPCC (2007) predicts that the fracticenod e

wet seasons in a set time period is expected to increase by 97 to 100% regionally



throughout North America from 1980-2000 to 2080-2100, in which an extreme wet
season is defined by the wettest year in the 1980-2000 control period and the fraction of
years exceeding this magnitude in the 2080-2100 time period is considered the percent
increase. These studies imply changes in extreme precipitation evenesardlpr

occurring on a global scale as well as regionally in the United States.

As stated in the IPCC (2007) and suggested in aforementioned studies, climate
change causes nonstationarity in physical processes. Thus, the dtdistibaitions of
precipitation are changing over time. As runoff is directly dependant on patioip;
nonstationarity in the precipitation distribution will result in changes to flaegLfncy

as well.

1.3 Urbanization
In addition to a changing climate, landuse changes occur over time, which

influence the watershed response to precipitation events. Theobald et al. (200%@redict
that the impervious surface cover in the conterminous United States willsadrean

83,749 knf in 2000 to 111,070 kfrin 2030. Likewise, they predict 8.5% of all

watersheds in the United States will be stressed and degraded due to impemeousy c
2030. Increased urbanization results in reduced infiltration capabilities. &opkx a
studied conducted by Kauffman et al. (2009) showed that increases in impervairs are
Delaware resulted in decreases in dry weather baseflow, suggestidgdieased

infiltration capacities are limiting groundwater recharge. Limitédkiation results in an
increase in and rerouting of surface runoff. Because of this, the post-utimeniza
watershed runoff that would result from a precipitation event will diffamfand most

likely be greater than the pre-urbanization watershed runoff resuitimgthe same



event. Beighley et al. (2009) found that varying the source of impervious areadlata a
therefore, the amount of impervious area in a hydrologic model resulted in noticeable
differences in the simulated peak discharge value ranging from the 2-yriioGye

flood. Therefore, while climate change is influencing the precipitation ityesnsal
frequency, urbanization and other land use changes are affecting the runtfigésom
the changing precipitation events.

1.4 Detection of Nonstationarity
While the effects of nonstationarity are clear, detecting trends in taanthl

runoff data are difficult. Graphical analyses are a common form of treectioa in
data analysis; however, dominance of random variation often makes it difficulhtdyide
systematic changes or trends from such graphs (McCuen 2003). Manicatdésts are
available to detect trends in data where random variation greatly influedoadual
sample points. However, the power of such tests is influenced by the length of data
records available and assumptions specific to the test such as distribution type.

In the case of climate change or urbanization, trends may not exist throughout the
entire data set. For example, urbanization may only occur during a tennyegretiiod
and then stabilize while climate change may only affect the latter poftibe Good
record. The location within a time series in which the statistical chasiicte may
change as a result of outside factors such as environmental changes ¢akefrehange
point (Reeves et al. 2007). Knowledge of change points within a hydrologic tiee se
is beneficial in order to provide accurate hydrologic models. For example, a$gtrae
noticeable trend occurs in a mean annual discharge time series and is modeled through

linear regression. The time series spans the enffte@ttury; however, the rate of land



development rapidly increased in the middle of th® @ntury, which resulted in a
significant increase in mean annual discharge. If linear regression iscafapthe entire
time series, then the effect of urbanization will be underestimated. Likafise
zoning laws were implemented in the latter portion of tHé@mtury, which resulted in
the stabilization of the previously increasing effects of urbanization, then the
extrapolation of the fitted linear model will result in overprediction of future runbifife
knowledge of the change points at which urbanization both began and then ceased to
influence the mean annual discharge would enable the modeler to better model the
hydrologic time series.

While the importance of the identification of change points is apparent, currently
a statistical test to detect multiple change points in time based on multtioresity
does not exist. Reeves et al. (2007) discuss the statistical tests thateartycurr
available; however, they state that the existing tests all assume itihaétaone change
point exists within the time series analyzed. Therefore, detection of iréhasced by
nonstationarity is constrained by the limitations of existing statisests and behavior

of the predictor variables.

1.5 Effect of Nonstationarity on Flood Frequency Analyses
In addition to the importance of the detection of nonstationarity within hydrologic

data, methods to model the effects of nonstationarity are needed. Flood frequency
analyses are used as a method of estimating the probability of the occurrence of a
particular flood magnitude. The current method for conducting a flood frequency
analysis, recommended by the U.S. Water Resources Council in Bulletin 17B

(Interagency 1982), assumes that the peak discharge data analyzetioae ptand



independent (McCuen 2005). Based on the expected changes in climate and land
development, the existing method proposed to conduct a flood frequency analysis will be
inapplicable under future nonstationary conditions.

Flood frequency estimates are a primary basis upon which floodplain
management measures and the National Flood Insurance Program are based (Olse
2006). For example, the 100-yr storm is an accepted criterion upon which floodplain
management decisions are based. In a nonstationary world, the magnitude of the 100-y
event will be changing, most likely increasing, year-to-year. Therefonew design
criterion may be necessary for future floodplain management designisolVit
knowledge of the change in flood frequencies with nonstationarity, current appréaches
floodplain management may be inefficient as their effectiveness megadeowhile
flood frequencies increase.

Research has attempted to develop a frequency analysis method that actounts f
nonstationarity for both precipitation and flooding events. Khaliq et al. (2006)
recommend incorporating covariates into parameters of distributions igipifatgon
frequency analyses. Katz et al. (2002) applied the covariate approach asiexese
pressure and seasonal Darwin pressure as covariates in prediction paréonete
precipitation and peak flow distributions, respectively, at different locati¥fiikrini et
al. (2009a) and Villarini et al. (2009b) used the Generalized Additive Models for
Location, Scale, and Shape (GAMLSS) to model the time variant flood parameters.
Cunderlik and Ouarda (2006) and Leclerc and Ouarda (2007) modeled the first two
moments of multiple flood series as a function of time to develop a nonstationary

regional flood frequency analysis method that can be applied at ungauged sites.



While these nonstationarity studies begin to provide solutions to the issue of
nonstationarity, many limitations still exist. Existing flood frequency studb not
account for both land use change and climate change when varying the flooddyeque
distribution parameters. Likewise, most studies use time as the only gavididh
assumes that the change that occurs is temporally and spatially statibnprgvements
to these proposed nonstationary methods are necessary to ensure that the mtest accura
estimate of future flood conditions is available. The inability to adapt thenexiwod
frequency method to multinonstationary conditions may result in a decrease in the
expected level of protection for both structural and non-structural mitigatitensyshat
are dependent on the estimates of flood magnitudes provided by flood frequency
analyses.

1.6 Effects of Nonstationarity on Risk Analyses
The inability to statistically detect multinonstationarity and adjestdifrequency

analyses for nonstationarity influences the assessment of risk assocthtedrrant
flood frequency estimates. Risk can be defined as the product of the probabligy of t
occurrence of an event and the consequences associated with the event. The
consequences, such as property damage and loss of life, are dependent on the defined
hazard. For example, the hazard associated with flooding would reflect theaddpt
velocity of the flood. As the magnitude of the hazard increases, the consequdinces wi
likely increase.

The goal of a risk analysis, as defined by Moser et al. (2009), is to evasikate ri
and then consider the monetary and non-monetary costs and benefits involved in the

implementation of risk mitigation methods. The risk analysis process congissts of



assessment, risk management, and risk communication. The risk assessmenisprocess
dependent on the accurate assessment of the hazard and resulting consequences.
Potential options to mitigate the estimated risk are considered throughamsigement.
Risk communication includes the discussion between the parties involved in each of the
risk assessment and management processes as well as additional stakeholders

With the existence of nonstationarity, it is likely that the flood hazard assdcia
with a selected probability of occurrence will be underestimated. Fonpdeaa flood
frequency analysis based on stationary conditions will likely underestitma 100-yr
flood because the effects of the climate change and urbanization are not taken int
account. Therefore, the hazard associated with the 100-yr return period, or a 1% chance
of occurrence in any given year, will be underestimated. As a result, the congsquenc
associated with the event will also be underestimated. If the consequencesess
with a selected event are underestimated, it will be difficult to providetii@eoptions
to mitigate the risk. Therefore, it is necessary for nonstationarity tofdenmented into
risk analyses to ensure that policy makers and engineers are makingfaretied

decisions in an uncertain environment.

1.7 Research Goals and Objectives
In order to better evaluate flood risk in a multinonstationary environment of the

future, better methods to detect and model nonstationarity in flood frequency patgerns
needed as well as an approach to risk assessment in a nonstationary environment.
Therefore, the goals of this research were to (1) develop a satmaethod to detect
multinonstationarity within a time series, (2) provide a method to conduct a

multinonstationary flood frequency analysis that accounts for the effegtbafization



and climate change, and (3) perform a nonstationary assessment of hydrskogicis
goal was achieved through the following objectives:
Develop a statistical procedure to aid in the detection of multinonstationarity
Develop a model that estimates future flow forecasts based on varyirgeclim
change and urbanization conditions
Develop an adjustment method to adjust measured annual maximum flood records
to climate change and urbanization conditions at the design year of interest
Apply method to project beyond existing data records for multiple design years
and design scenarios
Develop a multinonstationary flood frequency analysis based on the adjusted peak
discharge records
Demonstrate risk assessment in a multinonstationary environment and compare
results to risk assessments of flood frequency analyses that asatiomasty
Through this research, engineers will have new methods to detect, model, and assess
nonstationarity for hydrologic data. As a result, the range of potential fldocerisks
will be better understood. Scenario-based changes in flood frequency overrtibee ca
analyzed to determine the necessary approaches to mitigate flood riskiodadiy, the
availability of such information may have an impact on future policies regactimgte
change, such as G@missions and urbanization. Policy makers and engineers will be
able to make better informed decisions about future actions in order to reduce the
negative effects of flooding. Variations of the method developed will aid in
understanding the effects of multiple variables on future conditions in other nomaitgti

environments.






2.1 Climate Change
2.1.1 Introduction

The IPCC Fourth Assessment Report: Climate Change 2007 defines climate
change as “the state of the climate that can be identified (e.g. usiistjcal tests) by
changes in the mean and/or variability of its properties and that persiatsdatended
period, typically decades or longer”. While changes show spatial variati@ragen
observed global changes over the past century include a decrease in the frefaelicy
events while warm events have increased in frequency; heavy precipitaids bave
increased in frequency; and sea level has risen at many sites wieridvine past half
century (IPCC 2007).

A changing climate can have a significant influence on the hydrologie.cycl
Changes in temperature influence evaporation demands and soil moisture conditions.
Temperature also influences snowmelt both in time of occurrence and amounte<£hang
in precipitation influence soil moisture conditions as well as runoff quantities. And
changes in runoff quantity influence streamflow as well as water &l@s|replenished
by infiltrated rainfall (McCuen 2005). Numerous studies have been conducted to project
the future changes in the climate both on a global and regional scale and thctseoeff
the hydrologic cycle. A summary of the processes involved in a changmage|
observed and projected changes from the IPCC, and general circulation models and
emissions scenarios is provided herein. Additional studies are then discusggads re
to precipitation, streamflow, and temperature in a nonstationary future.

2.1.2 Global and Regional Observed Climate Changes from the 20th Century



Observed records of climate indices such as temperature and precigtaggest
that statistical changes have occurred, both globally and regionally. Ininssaryces,
the rate of change has increased throughout the past century. The estimateglimcreas
global land surface temperature from 1850 to 2005 is 0.54 degrees Celsius per decade
with an uncertainty of plus or minus 0.015 degrees. From 1901 to 2005, estimates of
warming increased ranging from 0.68 to 0.084 degrees Celsius per decade with
uncertainties of 0.024 and 0.021, respectively. From 1979 to 2005, this rate increased
again with estimates ranging from 0.188 to 0.315 degrees Celsius per decade with
uncertainties equal to 0.069 and 0.088, respectively. These observations suggest that the
rate of change of the Earth’s surface temperature has increaseghtiubthe past
century. Regionally, warming has been statistically significant in ofagbbe with a
few exceptions over the past century (Trenberth et al. 2007).

The urban heat island effect suggests that urban areas experiencenggeaieg
and climate change effects than neighboring areas. However, these chaegesote
local and seasonal climatic factors such as wind and cloud cover (Trenbér2087a
Additionally, the detected effects of urbanization on climate change appeaotedoe
than temperature trends on a decadal and longer time scale (Jones et al. 2896 Pet
al. 1999). Additionally, areas with the greatest socioeconomic development have also
been significantly influenced by atmospheric circulation changes whirde egarming.
This makes it difficult to conclude that warming was caused by urbanizationPTke
2007 assessment included an uncertainty equal to 0.006 and 0.002 degrees Celsius for
land and combined land and ocean temperature estimates since 1900 to account for the

urban heat island effect (Trenberth et al. 2007).



Changes in atmospheric moisture, precipitation, and atmospheric circulation have
accompanied increases in temperature. However, measurement erreis difeikult to
accurately report changes in precipitation and record lengths are gesbkoatlr and
less abundant than those for temperature. Therefore, significant variatmiexhe
estimates of global mean annual precipitation changes. However, regeownisl have
been reported. In the higher latitudes, ranging from 30 to 85 degrees north, igcreasin
trends in annual precipitation range from 6 to 8% from 1900 to 2005. In North America
and Canada, precipitation has increased from 1900 to 2005 with the exception of the
South West United States and parts of Mexico. Most of South America has ecgerie
an increase in precipitation except Chile and Western portions of the continent.lidustra
has also experienced an upward trend in precipitation; however, this trend iskelgst li
due to two wet periods during the 1970’s and 1990’s. Southwest Australia has
experienced a decreasing trend since 1975. Western Africa and Sahel pi@tipitat
records show the greatest decreasing trend. India has experienced ar2d%eim
precipitation over the entire ®@entury; however, a decrease has occurred since 1979.
In Eurasia, the majority of locations have experienced an increase hather decrease
in precipitation. Snowfall has also been affected by increasing tempsratittemany
high latitude areas experiencing a shift from snow to rain. Overall, muchaintem
trends, regional patterns, and data limitations make it difficult to assessemanges
in precipitation patterns with climate change (Trenberth et al. 2007).

While increased temperatures are expected to affect precipitation, steohsi
correlation between the two variables does not exist. In North Americauaope:

warmer seasons show a negative correlation between temperature andafioetipitth



warmer summers experiencing less rainfall than cooler summersituddatabove 40
degrees, a positive correlation exists during winter months due to an increaged wate
holding capacity with temperature. When ocean conditions are a driving foree of th
atmosphere, such as during El Nino events, temperature and precipitation avelpositi
correlated. Other regional variations have been observed in the relationsteprbetw
precipitation and temperature, which suggests that the relationship is infiugnce
additional factors (Trenberth et al. 2007).

2.1.3 Climate Change, Drivers, and Uncertainties

Climate is influenced by changes to the Earth’s radiation balance. 30%rof sola
radiation is reflected back to space from the atmosphere, with 2/3 of thise@flect
radiation due to clouds and particles such as aerosols and 1/3 due to areas, such as snow,
ice, and desert, with light-colored surfaces. The remaining energy fromrthe s
absorbed by the Earth’s surface. To maintain an energy balance, the Eath emit
longwave radiation back to space. However, greenhouse gases in the atmosphere trap a
portion of this energy and warm the Earth’s surface. This process is known as tHe natura
greenhouse gas effect, with carbon dioxide and water vapor as the most influential
greenhouse gases. Cloud cover also can have a greenhouse gas effect, fadttisis ef
outweighed by the cooling effect clouds have through reflecting incomingradiation
back to space. Energy is also released from the Earth’s surface througlateapds
water vapor from evaporation condenses into clouds, the energy is releasedtdsek,
which influences atmospheric circulation and, therefore, ocean circulationgue Tr

2007).



Changes to any of the following components will alter the Earth’s radiation
balance: (1) incoming solar radiation; (2) solar radiation levels refldmck to space;
and (3) longwave radiation from the Earth to space. The reflection of incoming sola
radiation is influenced by changes in cloud cover, aerosols and other atmospheric
particles, and land cover. Changes in longwave radiation from the Earth to space ar
affected by changes in atmospheric GHG concentrations. This enhancesitheggee
gas effect (Le Treut 2007).

GHGs and aerosols affect the radiative forcing, or changes in the enknggeha
within the Earth’s atmosphere. Positive and negative radiative forcings havengzarm
and cooling effects on the global climate, respectively, thus causingtelchange. In
general, GHGs have a positive radiative forcing while aerosols have &/aegdtative
forcing. Feedback cycles, such as water vapor, carbon, and cloud patterns, alsceinflue
climate change; however, much uncertainty remains in the modeling of feedblask cyc
(IPCC 2007). These effects are summarized in Figure 1-1 provided by the IPGIC Four

Assessment Report: Climate Change 2007 (Le Treut et al. 2007).
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Figure 2-1. The Earth’s Annual and Global Mean Energy Balance provided by the
IPCC Fourth Assessment Report: Climate Change 2007 (Le Treut et ak@07)

The IPCC Fourth Assessment Report: Climate Change 2007 states that it is
extremely unlikely that global climate changes over the past half gestourred
without external forcings and very likely that anthropogenic factors played.aksle
previously explained, external forcings of climate change includelgoese gases
(GHGSs) and aerosols. While some GHGs and aerosols are the result of nategl caus
anthropogenic factors cause increases in, @@thane (CkJ, nitrous oxide (NO), and
halocarbons, each with a long lifespan in the atmosphere although the lifesparwitdri
each GHG. Increases in GHG emissions result in increases in atmospheric
concentrations. Anthropogenic factors also release aerosols into the atmospheére (|
2007).

2.1.4 Climate Change Effects on Hydrologic Cycle



As changes in radiative forcings influence temperature, evaporation @eecess
directly affected as well. Therefore, warming will potentiatigrease the occurrence of
droughts. Additionally, the moisture holding capacity of the atmosphere incrsases a
temperatures increase. For every 1 degree Celsius increase in tarapératincrease
in moisture holding capacity is estimated at 7% by the Clausius-Clap&tabiomship
(Trenberth et al. 2007). While mean precipitation is constrained by the energy bludget
the atmosphere, extreme events are affected by the moisture avai(Atigityand
Ingram 2002). Therefore, a warmer climate is expected to increase moistilabibty
and increase storm intensity, even if the mean annual precipitation remaias ged.

A warmer climate will likely be at risk of more droughts during periods without
precipitation but greater evaporation rates and more floods as a result of heavier
precipitation events (Trenberth et al. 2007).

While the general effects of a warmer climate on the hydrologic ayele
understood, many uncertainties exist and make it difficult to project changegsoinale
and global mean and extreme precipitation events. The regional existenaesofsagan
influence temperature and evaporation, therefore, precipitation. Atmospheuiation
patterns also influence precipitation patterns. Examples include EI Nino and the Nor
Atlantic Oscillation. Additionally, increases in temperature in colderates will
influence snowfall and snowpack. The expected result is a shift from winter seotg e
to rain events and reduced availability of water resources from snowmelt initige spr
and summer (Trenberth et al. 2007). Finally, data limitations and significaonhaé
differences have made it difficult to detect observed trends in pre@pitatioughout the

past century (Huntington 2006).



2.1.5 General Circulation Models Forcings and Uncertainties

General Circulation Models (GCMs) have been developed in an attempt to
better understand and predict changes in climate. The main forcing ayyeBGMSs in
the IPCC report include greenhouse gas emissions and aerosols, while sonse model
include other factors such as the effects of land cover on surface albedo.alRingic
chemical processes are simulated to determine the resulting atmosoimeentrations,
radiative forcings, and finally, climate response throughout each of ti ¢éR@ssions
scenarios, which will be discussed in Section 2.1.7. Within these sequential aalsulati
exists a carbon feedback cycle. The carbon feedback cycle refers tdutigorein the
efficiency of anthropogenic CQabsorption by the Earth system. As a result, the
atmospheric C@concentration is increased at a faster rate. Therefore, greaterargucti
in CO, emissions will be required to attain a stabilization of atmospheric corno@msra
Much uncertainty exists, however, in the modeling of the carbon feedback cyclee Figur
2-2, provided by the IPCC Fourth Assessment Report: Climate Change 2007 (Meehl et
al. 2007), shows the transition steps from climate model forcing agents to the climat
response as well as the uncertainties involved in each step. Other uncertaiobiesli
in the climate model compiled in the IPCC include variations of forcing agesdsoys
individual modeling groups as well as the indirect effects of aerosols modeledhin eac

GCM (Meehl et al. 2007).
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Figure 2-2. Uncertainties with Climate Models provided by the IPCQ~ourth
Assessment Report: Climate Change 2007 (Meehl et al. 2007)

In addition to uncertainties in the climate models, Overpeck et al. (2011) discuss
the need for more accessible and understandable climate data. Existing knowtbdge of
climate system processes is based on observed and simulated data. Thisssatdy
scientists as well as resource managers and policy makers to aicsiordetaking. This
wide use enforces the need for more accessible climate data. Uniesriaiobserved
data exist based on changes in observation methods. Additionally, not all records are
available digitally. Paleoclimatic data must be made more availatewaprovide
insights into climate before observation instruments were available. Bqame
instruments are a useful data source but require advancements as the lif@osfyaa is
few years and they need advanced data processing techniques. The third typetef clim
data available is model-reanalyses, which are based on simulated data fsahoglo
regional forecast models using observed data for a specified period. Impntséme
this type of data include the addition of more diverse observational data and longer time
scales. The final data type available is outputs from numerical climadel

simulations. The World Climate Research Program (WRCP) created theeG dlipdiel



Intercomparison Project (CMIP), which compiles and makes available elimat
projections from 16 international modeling groups for research and analysis. The
availability of the data beyond the physical climate science researchuties has
enabled other research communities to incorporate projected climate chlmadgeision
making. As advancements in modeling continue, the availability of climatesdata
expected to increase. Climate scientists face the challenge of mikiateaata both
more available and understandable by other research communities.

2.1.6 Climate Responses

The output of the comprehensive climate model shown in Figure 2-2 is the
climate response. Climate response includes changes in temperature, bothdnean a
extreme; changes in precipitation, both mean and extreme; snow and ice cdaer; car
cycle feedback; sea level rise and pressure; El Nino; monsoons; trogicales; and
other climatic events.

2.1.7 Emissions Scenarios for IPCC Studies

The IPCC Special Report on Emissions Scenarios (SRES) (2000) provided
emissions scenarios to be used in the IPCC Third and Fourth Assessment Reports. The
scenarios considered potential changes in the driving forces of climatgechehich
include changes in population, the economy, technology, land use, and energy, and their
effects on greenhouse gases. Four different families of scenarios wdogpddve
represent different combinations of projections for the driving forces: Al, A2, B1,2and B
(IPCC 2000).

The B2 family assumes regional solutions will exist for sustainabiBtyeis for

the economy, society, and environment. The family consists of moderate population



growth and economic development with a slower and more varied technological change
than the Al and B1 families. The B1 family represents the fast shiftirgpobmic
structures towards a service and information economy with a focus on globalrsototi
sustainability issues. The A2 family represents a heterogeneous vitbrislow

economic development and technological change, but fast population growth. The Al
family provides fast population growth that then declines in the middle of theeRtury

as well as rapid economic growth and more efficient technology. The Al family
provides three additional scenario groups that vary based on their charaotedkza
alternative developments of energy. The ALF scenario group projects a fossil fuel
intensive future; A1B a balanced future; and A1T a predominantly non-fossitfuss.

In total, 40 scenarios were developed for the four families (IPCC 2000).

The emissions rates for greenhouse gases, &0 0zone precursor emissions for
each of the six scenario groups are shown in Table 2-1, provided by the IPCC SRES
(2000). The rates for the illustrative scenarios are shown in bold with the rainge al¢
40 scenarios in the family shown in parentheses. The carbon dioxide emissionstrates tha
result from energy and industry changes for each of the four familishane in Figure
2-3 and the rates that result from land-use change are shown in Figure 24bldrhe
lines represent the illustrative scenarios while the remaining lipessent the remaining
34 scenarios within the four groups. Also shown are the ranges provided by additional
sources. The Al family provides a range of emissions scenarios that span all four
families, with the A1F providing the greatest rates, A1B moderate ratesl@rideA
lowest emissions rates. A2 provides the highest emission rates, B2 provides moderate

emissions rates, and B1 provides low emissions rates. It is important to keep ihahind t



these scenarios do not encompass every possible future emission scenariselikew
each scenario is assumed equally likely to occur (IPCC 2000).

Table 2-1. Summary of Greenhouse Gas, SO2, and Ozone Precursor Emissions in
1990, 2020, 2050, and 2100 as well as Cumulative CO2 Emissions provided by IPCC

(2000).
Family Al A2 B1 B2
Scenario 199
group 0 A1FI A1B ALT A2 B1 B2
6
2020 11.2 12.1 10 11 10 9
8.7- (9.8 (10.3- (8.2- (8.8-
Carbon (10.7-143)  14.7) 10.0) 11.0) 13.2) 10.2)
dioxide, 2050 23.1 16 123 165 11.7 11.2
fossil fuels (20.6- (12.7- (11.4- (15.1- (8.5- (11.2-
(GtClyn) 26.8) 25.7) 12.3) 16.5) 17.5) 15.0)
2100 30.3 13.1 4.3 28.9 5.2 13.8
(30.3- (13.1- (4.3- (28.2- 3.3 (13.8-
36.8) 17.9) 8.6) 28.9) 7.9) 18.6)
11
2020 15 0.5 0.3 1.2 0.6 0
0.3-1.8 0.3-1.6 0.3-1.7 11-12) 0013) (0.0-1.1
CO,, land ( ) ) ( ) ( ) Qo13) )
use (GtC/ | 2050 0.8 0.4 0 0.9 -0.4 0.2
yr) (0.0-0.8)  (0.0-1.0) (-0.2-0.0) (0.8-0.9) -0.7-0.8) (-0.2-1.2)
2100 2.1 0.4 0 0.2 -1 -0.5

(- 2.6
(-21-0.0) (-2.0-2.2) (0.0-0.1)  (0.0-0.2) 0.1) (-0.5-1.2)

Cumulati 1990-

ve CO,, 2100 2128 1437 1038 1773 989 1160
fossil fuels (2096- (1220- (1038- (1651- (794- (1160-
(GtC) 2478) 1989) 1051) 1773) 1306) 1448)
Cumulati 1990-
ve CO,, 2100 61 62 31 89 -6 4
land use
(GtC) (31-61) (31-84) (31- 62) (81- 89) (- 22- 84) (4-125)
Cumulati 1990-
ve CO,, 2100 2189 1499 1068 1862 983 1164
total (2127- (1301- (1068- (1732- (772- (1164-
(GtC) 2538) 2073) 1113) 1862) 1390) 1573)
70.9
sulfur 2020 87 100 60 100 75 61
dioxide, (60- 134) (62-117) (60- 101) (80-100) (52211 (61-78)
MISIYD | 2080 81 64 40 105 69 56

(64-139)  (47-64) (40-64)  (104-105)  (29- 69) (44- 56)




Family Al A2 B1 B2
Scenario 199
group 0 ALFI AlB ALT A2 B1 B2
2100 40 28 20 60 25 48
(27- 83) (28- 47) (20- 27) (60- 69) (11-25)  3{38)
310
2020 416 421 415 424 377 384
Methane, (416- 479)  (406- 444)  (415- 466)  (418- 424) T73%30) (384- 391)
(MtCH 4 2050 630 452 500 598 359 505
/
¥ (511- 630)  (452- 636)  (492-500) (598- 671) 93546) (482- 505)
2100 735 289 274 889 236 597
(289-735)  (289-535)  (274-291) (889-1069) 62861) (465- 597)
6.7
2020 9.3 7.2 6.1 9.6 8.1 6.1
6.1-9.3 6.1-9.6 6.1-7.8 6.3-9.6 59.5 6.1-11.5
Nitrous ( ) ( ) ( ) ( ) 889.5) ( )
oxide, 2050 145 7.4 6.1 12 8.3 6.3
(MIN/ yr) (6.3- (6.3- (6.1- (6.8- (5.6-
14.5) 13.8) 6.7) 12.0) 14.8) (6.3- 13.2)
2100 16.6 7 5.4 16.5 5.7 6.9
(5.9-16.6) (5.8-15.6) (4.8-5.4) (8.1-16.5) .3(520.2) (6.9-18.1)
HFC/
HCFC 2020 337 337 337 292 291 299
(MtC 2050 566 566 566 312 338 346
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Figure 2-3. Global CO2 Emissions Related to Energy and Industry from 1900 to
2100 for the 40 SRES scenarios provided by IPCC (2000).
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Figure 2-4. Global CO2 Emissions Related to Land-Use Changes from 1900 to 2100
for the 40 SRES scenarios provided by IPCC (2000).

In addition to emission rates, the IPCC SRES (2000) provides CO2 atmospheric

concentration for each family. It is important to consider concentrations because

scenarios that experience stabilization in emission rates carestill n high carbon

dioxide atmospheric concentrations based on the previous emission rates. Fiegexam

despite A1B providing lower emission rates than A2 in Figure 2-5 in the year 2100, the

range of the projected CO2 atmospheric concentration for A1B encompasses that

projected for A2 in 2100, with projections both above and below those for A2.

Therefore, assumptions in regards to the effects of each scenario on chianage in the

21 century should not be based solely on emissions rates, but concentrations as well.
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Figure 2-5. Total Global Cumulative CO2 Emmissions (GtC) from 1990 to 2100 for
the 40 SRES Scenarios provided by IPCC (2000).

2.1.8 IPCC Global Climate Projections

The ensemble of GCMs included in the IPCC Fourth Assessment Report (2007)
projects continued warming and increased annual mean precipitation for eacthoéé¢he t
emissions scenarios. The multi-model ensemble mean projects an increase in
temperature of 3.13, 2.65, and 1.79 degrees Celsius from the 1980-1999 base period to
the 2080-2099 projection period. The committed scenario, in which atmospheric
concentrations do not increase, is still projected to cause a 0.56 degrees iGetsase.
In each of the scenarios, the global mean precipitation is expected to inerdasee
extreme events increasing by a greater percentage than the mearve el increase
in mean precipitation from 1980 to 1999, the mean annual precipitation is expected to

increase by 1.4% per degree Celsius increase for scenario A2.



2.1.9 IPCC Regional Climate Projections for North America

Average regional climate projections from climate model simulations sttt
the effects of climate change will vary throughout North America. AlbegMestern,
southern, and eastern continental edges of North America, the ensemble mean annual
temperature of the MMD models increases by 2-3 degrees Celsius from the 1980 to 1999
period to the 2080 to 2099 period. In the northern regions, annual mean temperature
increases as great as 5 degrees Celsius are expected. These projeytlmetsvean
models. However, all of the models in the IPCC projected at least a 2 degisas Cel
increase over North America. Based on the mean of the PCMDI model simulations,
annual precipitation is expected to increase by 20% throughout North America with an
exception of the South-West where decreases in annual precipitation are@éxsamne
of the increases in precipitation are expected to be offset by an increaspdaragua
(Christensen et al. 2007).

2.1.10 Climate Change Studies: Changes to Precipitation

Karl et al. (1998) assessed the trends in observed precipitation at 182 stations
across the contiguous United States from 1910-1996. For stations missing dataaa ga
function was fitted to each year and missing data were simulated based on t
distribution. Additional data sets were used as a cross-reference fasuhs. r&patial
averages were taken for nine regions of the United States to determine e ichan
precipitation for each region and nationally, both annually and seasonally. The data were
assessed to determine trends in precipitation as well as the contribution ofésegne
intensity changes to these trends. The results showed a precipitation intrHae

across the contiguous United States, the greatest occurring in the sprifad) and least



in the winter. The annual trend remained stable among the different data setgeow
the seasonal trends varied as much as 4% per century. An increase in evemtyreque
contributes to 87% of the increase in the total precipitation. One-third of the intrease
frequency is attributed to the heavy and extreme precipitation categotiee 98
percentile and greater.

Karl et al. (2005) analyzed 30 to 80 years of historical records of high-frequency
temperature and precipitation data from Australia, China, the Former Soviet Urdon, a
the United States. The results showed a decrease in day-to-day tempewddtica in
the Northern hemisphere, but mixed trends in Australia. A significant ircveass not
detected. Only 18 of the 96 annual trends were positive. A nonparametric approach was
used to assess the precipitation trends. The results showed that the United States
experienced an increase in extreme precipitation events in all but the soatitetst
west and a decrease in light and moderate events. These increases weraandgom
the spring and summer. A trend in the total precipitation was not found.

Wilby and Wigley (2002) assessed the changes in the precipitation shape and
scale parameters of the two-parameter gamma distribution as a rdaturefclimate
change. Two General Circulation models were used to predict future chaAd®SM2
and CSM. The models were forced by estimated historical and projected future
anthropogenic factors. Both models project much larger changes in the saaletpar
than the shape parameter. Model differences existed in the patterns of aheagyenal
scales for the parameters, but not at the area-averaged continentallbcakuggests

the models differ in sensitivity to factors at the regional scale. Both modgsted a



small increase in winter wet days and small decrease in summer wetAdaiygrease in
total precipitation that was the results of extreme and heavy evenssegsojected.

Cubasch et al. (1995) simulated three 20-year periods based on the following
scenarios: (1) present day €l@vels; (2) doubling of Cg and (3) tripling of CQusing
a T42 atmosphere model. The annual temperature and precipitation cycle over IPCC
regions were analyzed. The temperature simulations had much greatecyatitamahe
precipitation simulations based on observed data. Precipitation amounts were
underpredicted and did not show a clear signal of change in amount; however, the rainfall
intensity did shift with more high intensity and fewer low intensity stormadh season.
Cubasch et al. (1995) found a negative correlation between temperature gpithficeci

Dore (2005) summarized literature findings that pertain to climate ehamdjthe
effects on global precipitation patterns. The summary suggested arsérea
precipitation variance everywhere. A 2% increase in global precipitat®oadearred
throughout the twentieth century. While this increase is statisticaftifisant, it is not
spatially nor temporally uniform. Wet areas are becoming wetter, dtyilareas are
becoming drier. Precipitation is increasing at higher latitudes and decy@asihina,
Australia, and Small Island States in the Pacific, while the variangereasing at the
equator.

Hayhoe et al. (2007) observed past and future changes in the Northeast of many
climate change components including temperature, rainfall, drought, snow colver, soi
moisture, and streamflow using nine GCMs to reproduce observed changes in these
indicators as well as project future changes. B1l, A2, and A1F1 emissions s &oani

the IPCC were analyzed. The results showed much uncertainty surroundingesimula
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trends in precipitation. The average simulated annual trend equaled 0.7 +/- 3 de/deca
for the past century and 7 +/- 18 mm/decade for the years 1970-2000. The models
proved to be more accurate in simulating winter trends than summer trends. Future
projections from all models suggested an increase in winter but not summertgtieaipi
with a range from 12-30% increase in winter and 2% decrease to zere chanighnmer
months depending on the emissions scenario. The simulated annual increase in
precipitation ranged from 7-14% depending on the emissions scenario. Temperature wa
expected to increase by the year 2100 for every scenario, ranging from 2.9 tgrée% de
Celsius. Temperature driven trends such as seasonal warming, greatgr s

streamflows, extended growing seasons and early blooming, less snow cover, and an
increase in droughts and low flows are expected to increase. These trends@baved t
more sensitive to the A2 and A1F1 scenarios than to the B1 scenario.

Kharin and Zwiers (2000) analyzed the changes in extreme temperature,
precipitation, and wind speed using the GCM from the Canadian Centre for Climate
Modeling and Analysis. The IPCC 1992 Scenario A2 was used to determine changes in
CO, and surface albedo over the period of study, 1900-2100. Extremes were analyzed in
three 21-yr periods centered around the years 1985, 2050, and 2090. The simulated daily
data was fit to a Generalized Extreme Value (GEV) distribution using Lentsnand
then return period values were calculated by inverting the fitted GEV digtrisutThe
results showed a global increase in extreme precipitation. For the 20iyeamperiod,
the global average increase from 1985-2050 and 1985-2100 in 24-hour precipitation was
6.9 mm/day and 12.2 mm/day, respectively. The increases in annual mean precipitation

during the same time periods were 1% and 4%, respectively. A relation between the



changes in the maximum and minimum temperature and the changes in the mean scre
temperature, soil moisture, and snow and ice cover was found. Modest changes were
determined in extreme wind speed over the extratropics.

Hennessy et al. (1997) analyzed the changes in precipitation based on an
equilibrium doubling of CQusing the UKH1 and CSIRO9 global climate models. The
existing CQ scenario in the UKH1 model equaled 326 ppm while the CSIRO9 model
equaled 323 ppm. The UKH1 suggested a 3.5 degree Celsius increase in temperature and
9% increase in global average precipitation, while the CSIRO9 sugge4t8daiegree
Celsius increase in temperature and an 11% increase in global averagégpiatipi
Regionally, more intense convective events are expected in middle and low latitudes
while events will remain nonconvective but increase in intensity in high latitudelse
United States, Europe, Australia, and India, events with return periods ghaater t
equal to 1-year will increase by 10-25%. For a given precipitation intetisgtyeturn
period is expected to decrease on average by a factor ranging from 2 to 5.

Kharin et al. (2006) analyzed potential future changes in temperature and
precipitation extremes using multiple global coupled climate models and tHe BRE
A1B, and A2 emissions scenarios. Changes were recorded from the time period of 1980-
2000 to two different future time periods: (1) 2046-2065 and (2) 2081-2100. An extreme
event was defined as the 20-year return period or greater. The study shatvethtive
changes are expected to be greater in extreme precipitation rather tmapreogzitation
changes. Return periods will be reduced everywhere as a result of #emeoscexcept
for a few sub-tropical regions. For the 20-yr return period, the study suggests a 6%

change in the 24-hour precipitation depth for every degree Kelvin change inatmger



Groisman et al. (2004) analyzed changes in intense precipitation over land due to
increases in greenhouse gas emissions. Projections from three GCMismadtatthe
20" and 2% centuries with increasing greenhouse gas emissions were alscednalyz
Intense precipitation events were defined as the top 0.3% of daily precipitation events
The results showed an increase in heavy precipitation in mid-latitudes irstfg0pE00
years. Model projections suggested future increases in heavy precipitatiosas/eml.

Semenov and Bengtsson (2002) analyzed changes in the mean daily precipitation,
precipitation intensity, wet day frequency, and gamma distribution pararbasad on
increasing greenhouse gas concentrations in the atmosphere frorf\ thet29 21!
century. The coupled atmosphere-ocean general circulation model ECHAM4/OPYC3
was used to conduct the analysis and the 1S92a “business as usual’ scenarenl\@asaus
forcing. Trends observed from 1900-1900 increased in magnitude significantly during
the 2F' century. Over all land territories, the mean precipitation intensity and scale
parameter increased in the’2Entury. The number of wet days decreased everywhere
but in the high northern latitudes. The mean precipitation changes varied regionally. In
the eastern United States, the increase in mean precipitation was teatbet
interdecadal variation and the increase in precipitation intensity shovieak gasitive
trend of about 20%. The number of wet days exceeding thp&@entile increased
significantly by about 30%.

Nichols et al. (2002) analyzed summer and non-summer precipitation data from
1956 to 1996 for the USAD-ARS Walnut Gulch Experimental Watershed for trends. The
data were categorized by the number of events, the event precipitaitbntte 30-

minute event intensity, and the event duration. Linear regression was usedntondeter
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trends of seasonal precipitation statistics including minimum, maximunm, raed

variance. The results showed an annual increase in precipitation, most likelpgesul

from an increase in the frequency of the precipitation in the non-summer months. While
the frequency increased, the other three criteria did not increase in the noersumm
months. For the summer precipitation records, the frequency of events increadssl, but t
average precipitation per event decreased.

2.1.11 Climate Change Studies: Changes to Streamflow

Dai et al. (2009) assessed the streamflow from 925 of the largest rivers in the
world. Historical monthly streamflow data from 1949 to 2004 was used. The results
showed that only one-third of the top 200 rivers analyzed showed statisticallycaignif
trends. The majority of this one-third showed negative trends. The time series showed
large multiyear variations, and the significance of the trends were gersithe time
period used. The model was able to assess most of the trends without incorporating
direct human influences, suggesting that the affects of human activitiesdn y
streamflow for many large rivers is likely small in comparison to natlirmdte change.
Among the top 20 rivers, Dai et al. (2009) reported an observed linear trend in the mean
annual streamflow (kifyr) ranging from -3.95 to 1.82 (Kityr?), with the greatest value
for the Mississippi River.

Labat et al. (2004) developed a statistical wavelet-based method to reconstruct
monthly discharges of 221 of the world’s largest rivers. This data were tessad to
determine the affects of climate change on the hydrologic cycle andlthenicd on
global and continental runoff in the past century. Linear regression was used to

determine a trend between temperature and runoff. Analyses were conducted for t
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reference periods: 1900-1975 and 1925-1994. The first reference period coincides with
an additional study. The results showed a more rapid increase by a factor tife3 for
second reference period compared to the first reference period. Overedistits

showed a 4% increase in global runoff for every 1 degree Celsius increaspéndiire.

At a regional scale, runoff in North American rivers was most sensitiventateli

change. However, it is difficult to determine between anthropogenic and natusakc

Lins et al. (2005) assessed trends in streamflow data from 1940-1999 in the
United States based on data from 435 stream gauging stations. The nonparaametric M
Kendall test was used. Results showed an increasing trend in discharge in low to
moderate ranges in the central 2/3 of the United States. The trend wagridgsast in
the Eastern United States. Few trends were observed in annual maximum flow and a
systematic shift in the timing of the annual minimum, median, or maximum flometas
detected.

Milly et al. (2005) assessed the affects of climate change on skogamfthe
twentieth and twenty-first centuries. Twelve climate models found to have thstlow
error for analyses based on simulations for observed data in 165 river basinsette
project streamflow data for the twenty-first century. The results shawattrease
between 10 and 40% in runoff in high latitudes of North America and a decrease in mid-
latitude Western North America by 2050. The results were based on average annual
flows.

Milly et al. (2002) used streamflow measures and numerical simulations of
anthropogenic effects of greenhouse gases and other anthropogenic factorsréotie&pl

risks of floods exceeding the 100-yr level with changing climate. The am&bgsised
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on 29 large basin facilities with data spanning at least 30 years. The &spietype
[l distribution and the method of moments were used to fit the annual maximum monthly
mean flows and determine the 100-yr flood from the fitted distribution. Out of the 2066
station years assessed, the 100-yr flood was exceeded 21 times, with 16 of these event
occurring in the second half of the record. This had a 1.3% probability of occurring
based on a binomial distribution and the assumption that the events were independent. A
significant change for lower return periods did not exist; however, the 200y liad a
significant increase. Milly et al. (2002) tested the hypothesis thatixedyaforced
climate change was a source of increasing flood risk with a 300-yriaddaCO2
guadrupling’ experiment in which the mean CO2 concentration increased by 1% until the
starting concentration was quadrupled. The results of this experiment shoveeja ch
in the annual mean discharge but not much change in the monthly maximum discharge.
The 100-yr flood was exceeded more frequently in all but one basin. In half of the
basins, the frequency of the control flood increased to a 12-yr return period as afresult
radiatively forced climate change.

Burn and Elnur (2001) conducted a study to determine the hydrologic impacts of
climate change in Canada by quantifying trends in hydrologic variahsheir
relationship with trends in meteorological variables. They assessedah disatibution
between catchments that do and do not show trends. They adopted a systematic approach
for detecting trends: (1) choose variables: low flow, average flow, high flomgjrand
duration; (2) choose stations; (3) use Mann-Kendall to check for trends; and (5)
determine the significance of a detected trend using a permutatic@dprec Cross

correlation and serial correlation were considered. The results showed apatial
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temporal differences. Spatial differences were based on changes i d@liitineliocation
and temporal changes were based on non-uniform meteorological variablegs and
patterns for the hydrologic and meteorological variables showed sire#ariti

Hamlet and Lettenmaier (2007) analyzed the changes in flood risk within the
Western United States as a result of climate change, both on a century- eamhirge
scale. The study also analyzed the increased variation in precipitatioth&ri®70’s.
Detrended temperature data from the beginning and end of thee@fury temperature
were used as input to the variable infiltration capacity hydrologic model. Tilesres
suggest that the increasing trend of one degree Celsius per century mayeetoehe
changes in flood risk within the area. Most of the temperature changes asulhefr
mid-winter warming. Hamlet and Lettenmaier found that neither warrd@minant
basins nor cold river basins experienced an increase in flood risk. However, transient
intermediate basins experienced a variety of effects and were influgneedibonal
factors, such as antecedent snow and drainage area during storms. A relatiosup exi
between the basin scale and the absolute value of the flood risk change; however, basic
scale did not influence the relationship between mid-winter temperatures andstood ri
The study also suggests that flood risk changes are related to increageshviaria
precipitation. The greatest changes in food risk show a relationship with thie Pacif
Decadal Oscillation and El Nino Southern Oscillation, suggesting thatnnteabas well
as century-scale climate changes must be considered.

Jha et al. (2006) analyzed the potential effects of climate change on kiveamf
the Upper Mississippi River Basin. The Soil and Water Assessment Tool model was

used to predict streamflow based on six AOGCM climate change scenarits. Eac



scenario assumed a doubling of the atmospheric carbon dioxide concentration of 660
ppmv. Climate data inputs were based on 111 weather stations in and around the
watershed. Landuse, soil, and topography input data were retrieved from the Better
Assessment Science Integrating Point and Nonpoint Sources (BASINS) Psekaiga
3. The model was calibrated using USGS streamflow data from a gaugellonahe
Mississippi River. The results showed that over the 20-year simulation periotk, the s
AOGCM climate change scenarios provided a change in annual streamflomgrang
-6 to 51%. These results suggest much uncertainty in climate change projectibes
Upper Mississippi River Basin region.

Frey et al. (2010) studied the impacts of climate change on storm surge flooding
in Corpus Christi, Texas. Climate factors considered included sea levahdse
hurricane intensification. Future climate change conditions were based ondatiree
dioxide doubling sensitivities: (1) cool, (2) average, and (3) warm and three Bfod@hc
dioxide equivalent emissions scenarios: (1) AlFI, (2) AIB, and (3) B1. Physhmsked
numerical models were used to predict hurricane winds and the resulting wages, sur
and morphological changes of the coastline. Models were then used to determine the
resulting flooding and effects on population and infrastructure. The procedure was
applied to three hurricanes: (1) Bret, (2) Beulah, and (3) a version of Carla. Tlt® res
suggested an increase in flood water elevations in Corpus Christi rangin@.f¢éonl1.9
meters by the 2080’s depending on the hurricane. The expected increases in economic
damages range from $270-1,100 million for a variation of Hurricane Carla, $100-390

million for Hurricane Beulah, and $30-280 million for Hurricane Bret by the 2080’s.
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These results emphasize the consequences of ignoring the effects té charage on
flooding.

Xiong and Guo (2004) analyzed annual discharge series of the Yangtze River for
abrupt and gradual change. The analyses were conducted for time series from 1882-
2001. The Mann-Kendall and Spearman’s Rho trend tests, both nonparametric tests, and
a linear regression and t-test were used to assess gradual trends in thenarimain,
minimum, and mean of the time series discharges. A Bayesian model and the Monte
Carlo Markov Chain sampling method were used for the single change-point or the
abrupt change detection analysis of the mean levels in the time series. ulisdaoethe
trend test showed that at a 5% significance level, the annual maximum floodigkries
not show a significant trend, while the annual mean and minimum flood series showed a
decreasing trend. The results for the abrupt change analysis showed that ih 126 pas
years, the mean of both the annual minimum and mean discharges decreased. The
analyses also showed that the trend term and abrupt change term were e&yy clos
related.

Douglas et al. (2000) used a spatially averaged Kendal's S trend test to analyze
trends in floods and low flows in the United States over the past 30 years, asthell as
past 50 years. With spatially correlated sites eliminated from the, studgnd in floods
did not exist at the 5% level; however, a trend in low flows did exist in the Midwest and
in the smaller regions of Ohio, North Central US, and the Upper Midwest. Ignoeing th
spatial correlation of regional streamflow resulted in more significants in both
categories. Dougles et al. (2000) attributed the increase in low flows to tbasadn

precipitation observed in the Midwest.



Nijssen et al. (2001) used a macroscale hydrological model and a parameter
transfer calibration method to predict river runoff in different climatees. The transfer
method involved calibrating parameters for nine large river basins and trenystee
calibrated values within similar climate zones. The transfer cabbratethod did not
reduce the bias or the root-mean-square-error for discharge pmesliofiindividual
basins, but did for the total of all basin predictions. Transferring the paramleteaty
caused an increase in precipitation and evapotranspiration prediction compared to a
previous uncalibrated prediction.

Charlton et al. (2006) assessed the impact of climate change on surfacerrunoff i
Ireland. Patterns of runoff under baseline and future climate scenariosimeatated
using the rainfall-runoff model, HYSIM, and analyzed for annual and seasonakshang
Data output from the HadCM3 Global Climate Model were used as a driver for the
HYSIM model. Climate scenarios for two future time periods: 2041-2070 and 2061-
2090, were assessed and changes in the annual and seasonal runoff were examined. The
results showed a decrease in annual runoff for both climate scenarios, with {hteaxce
of a slight increase in a limited part of the Northwest. Summer runoff decreaaléd i
areas of Ireland. Winter runoff increased in the west. It is assumetdhatitease in
winter runoff may lead to increases in magnitude and frequency of flooding,thile
decreases in the summer may result in an increased frequency and duratiofiayfsow

Mareuil et al. (2007) assessed the effects of climate change on the fregndncy
severity of floods in the Chateauguay River Basin in Quebec, Canada. Outpuirigem t
global climate models (GCMs) was combined with a stochastic weather ez

used to develop current and future climate scenarios. The current and future time periods
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ranged from 1960-1990 and 2040-2060, respectively. These different climate scenarios
were input into hydrologic modeling experiments to determine the effectsnaite

change on the frequency and severity of flood events during spring snowmelt and
summer through fall storms. Storm return periods that range from 2 to 500 years we
considered.

The results for the spring runoff events showed that two of the three GCM derived
climate series had a statistically significant decrease. Fouthmer through fall runoff
events, one GCM derived climate series had a statistically semifitzcrease while one
showed a statistically significant decrease for only the higher return pefbésthird
GCM derived climate series did not show a statistically significant chiarthe spring
or the summer-fall runoff events. Uncertainties related to the study and this mee:
were discussed.

Muzik (2002) assessed the effects of climate change on flood frequencies in a
subalpine watershed in the Rocky Mountains of Alberta, Canada. A first-oialgsia
was conducted in which rainfall intensity changes were considered to haveshe m
significant effect on future floods. Two scenarios based on changes in the teasarhe
the Gumbel distribution for rainfall were used in the study. The first was arksease
in both the mean and standard deviation and the second was a 50% increase in the
standard deviation. Rainfall increase estimates were based on a litezaieme
transposition of southern climates, and general circulation model projections.stUilte re
showed that up to the 50-year return period, the first scenario resulted in much greater
changes in flood discharges than the second scenario; the discharge values for the tw

scenarios converge at the 500-year return period; and scenario 2 did not havécargignif



effect on storms less than a 2-year return period. The 100-yr peak flow isqudfec
increase by 40.9% and 35.3% for scenarios 1 and 2, respectively. These results suggest
that even small to moderate rainfall intensity increases that are pdetdiciecur from

climate change may have a significant effect on flooding.

Knowles and Cayan (2002) conducted a study to determine the effects of
temperature increases on the Sacramento/San Joaquin Watershed and the Saa Franc
estuary. The Bay-Delta Watershed Model was used to predict delta outhiotie f
following scenarios: (1) temperatures from 1965-1987; (2) projected temperfaiure
2030; (3) projected temperatures for 2060; and (4) projected temperatures for 2090. The
outflow model predictions for each future scenario were compared to the outfidal m
predictions for the years 1965-1987. The differences between the future and previous
time periods were added to existing outflow data for the 1965-1987 time period to
develop four sets of outflows based on existing data and projected increases. The
Uncles-Peterson (U-P) estuarine model was used to simulate estuasspsocéhe
results show that by 2090, temperature increases will have caused a decabase of
50% in the watershed’s total April snowpack. This is projected to effect outfitoms
the watershed by increasing runoff peaks before April and decreased dlosesidy
snow-melt after April. The historical annual flow volume is projected to deiageay
about 20% by 2090 for both regions as a result of the decreased April-July runoff.

Maurer et al. (2010) analyzed the changes in projected streamflow foSikeres
Nevada rivers based on climate projections. Projections based on the SRES A2 and
SRES B1 emissions scenarios for 11 GCMs were retrieved from the WRCHRSCM

multi-model data set. These projected data sets were then downscaled andnm#d as |



into two hydrologic models: Sacramento Soil Moisture Accounting Model and the
variable infiltration capacity model. The hydrologic models contained diitere
regards to the computational, time steps, the calibration techniques, and tileegpeii.
The results showed that despite differences within the models, both produced similar
changes in monthly streamflow; however, differences existed in extreme flbe
results also showed a shift in runoff from spring to winter. As winter tempesatur
increase, more snowfall becomes rainfall. Therefore, streamflow insreatbe winter
and decreases in the spring due to less snowmelt.

Wegel (2011) analyzed observed floods on the Delaware River for different
record lengths to determine. The Gumbel extreme value distribution was apptied to t
observed data for different record lengths to determine the change in return foeriods
varying time periods. The results showed that the length of the record ieffutdiec
estimate return periods for a given flood.

2.1.12 Climate Change Studies: Changes to both Precipitation and Streamflow

Lettenmaier (1994) et al. statistically analyzed spatial patternsecdge
temperature, average daily temperature range, precipitation, andfiiveanthe United
States from 1948-88. Results showed an increase in autumn precipitation in the central
United States; a streamflow increase from November to April in half of dhierst,
particularly in the north-central United States; and a statisticaihyfgiant positive
relationship between precipitation and temperature in roughly 2/3 of the sites. They
noted that changes in streamflow may be the result of factors in addition &beclim

change.



2/

Douville et al. (2002) studied the effect of increasing greenhouse gas emissions
and aerosols on the hydrologic cycle. Changes in precipitation over two time periods
1970-2000 and 2070-2100 were compared based on simulations from a coupled
atmosphere-ocean climate model of the Centre National de Recherchesolgigues.
The SRES-2 scenario was used to determine changesjrCER) N,0, CFC-11, and
CFC-12 emissions. Effects on the hydrologic cycle were also simulated, and the
simulated runoff converted to riverflow using a linear routing method. The results
suggested an increase in precipitation throughout the&ttury with the exception of
the subtropics and mid-latitude continents. The increase is suggested to be a aesult of
decrease in the water vapour cycling rate, which results in a greaéerelding
capacity of the atmosphere in warmer climates. Other factors includedeshang
moisture convergence in mid-latitudes and a decrease in precipitatioarefjici
particularly in summer in the Northern Hemisphere mid-latitudes. Trendwsitased
riverflow over recent decades were fairly consistent with the observed dataenpwe
combined trends simulated for thé™2and 2% century differed from those found in just
the 20" century, which implied that simply extrapolating observed trends should not be
practiced. Biases in the regional hydrologic analysis revealed théaneskmvnscaling
techniques.

Milliman et al. (2008) assessed the global and regional trends of discharge from
137 rivers based on discharge and precipitation records from 1951-2000. To determine
the effect of climate on changes in discharge, precipitation records from thipennod
were also assessed. The results showed that a global discharge trenckxiist astthe

cumulative discharge for the 137 rivers did not change; however, regional trends did
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exist. Ninety-seven rivers showed a change of 10% in discharge. Of theshvensg a
trend, the majority with a positive trend were located in the Americas whiléveega
trends were associated with arid and semi-arid regions in Africa, Asia, atrdlfus
Coinciding with the river discharge results, precipitation did not show a global trend but
did show a significant regional trend. Milliman et al. (2008) determined whetheatidi
or anthropogenic factors were the key component that affects river djssharhey
classified each river as ‘normal’, ‘deficit’, or ‘excess’ rivers depegdin the factors that
influence the river discharge. Normal river discharge is driven primarichbnges in
precipitation as both experienced an increasing or decreasing trend;rdefrainplied
an increasing or neutral change in precipitation and a decreasing change in rive
discharge; excess river implied an increasing trend in river dischargedamleasing
trend in precipitation. In North America, the Mississippi River was ifledsas a normal
river while rivers in Colorado were classified as deficit rivers.

Groisman et al. (2001) outlined the changes in the precipitation and snow cover
the United States to determine their effects on high streamflow. Both regmihal a
national trends were assessed. Seasonal and annual precipitation chandessameel
day and multi-day heavy precipitation were assessed. For streamflongrbigsrof
maximum mean streamflow and the preceding month for each region were theffocus
the analyses. The standardized time series for nine United States regmasevaged
for the streamflow data. For national trends, it was found that systemagiasasrin
precipitation should cause an increase in streamflow over the United Statesras
changes in evapotranspiration or watershed management do not occur. Regional trends

included a fairly close relationship between heavy precipitation and highmfitrea
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events in months of maximum streamflow in regions of the eastern United Stathe
western United States, the earlier occurrence of snow melt is believetiémce the
relationship between heavy precipitation and high streamflows. Data fagritralc
United States were not available to draw conclusions regarding thismelap.

Fekete et al. (2003) assessed uncertainties of six monthly precipitatioetdata s
and the effects of resulting runoff predictions due to these uncertainties. stlie re
suggested that in wet regions, the error in the precipitation was equaktodhie the
predicted runoff because precipitation exceeds evaporation; in semi-cmgeiie
runoff error was greater than the precipitation error because runoff-tienésaa
nonlinear function; and in arid regions, precipitation did not provide runoff because
precipitation does not produce runoff.

Lettenmaier et al. (1994) analyzed average monthly temperature, @it
streamflow, and daily temperature range for trends for the continentaldUBtates from
1948-88. The data for the analysis came from 1036 stations from the historical
climatology network and 1009 stations from a streamgage network. The nonparametri
Mann-Kendall test and Seasonal Kendall test were used to detect trends@rel a
method was used to determine the magnitude of the trends. The results showed an
increase in the March temperature at almost half of the stations. Rsmipihcreased
in the fall in a quarter of the stations, mainly in the central United Stategases in
streamflow in almost half the stations from November to April were detestddthe
greatest trend occurring in the north-central United States. A second fheertstdidy
evaluated relative changes in variables, particularly in regards tommfivea A bivariate

test was used. The results showed that trends in streamflow were nat ebmaistent
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with changes in climatic variables, suggesting that water managesffiects may have
played a role.

Using data from the past century, the USGS National Streamflow lafmnm
Program conducted a study of trends in the water budget of the Upper Mississippi.
Human influences such as agricultural irrigation and evaporation of water dirfames
reservoirs were cited. Likewise, climatic influences such as chamgescipitation and
evapotranspiration processes were explained. A 2.1 %/decade increase itapogcipi
was reported for the Mississippi River Basin that resulted in a 4.5%lel@uarease in
Mississippi River discharges. The report also recognized the exasiénatural
variability within the data records.

2.1.13 Climate Change Studies: Changes to Temperature

Davis et al. (2010) provide a breakdown of &nissions from existing energy
and transportation infrastructure by the industry sector as well as by coegitgs.
They also provide lower, middle, and upper estimates of the resulting cumulative
atmospheric C@®and temperature change for 2060 assuming &€tting infrastructure
is not expanded. They predicted a resulting warming of 1.3 degrees Celsius above pre-
industrial warming.

Meehl et al. (2006) used the Community Climate System Model Version 3
(CCSM3), a global coupled climate model, to simulate three scenarios: (lietwvent
century climate; (2) simulations of three scenarios to 2100 based on emissioaIScS
from the IPCC; and (3) scenarios of stabilized greenhouse gas concentratiens. T
results for global averages showed that, even if emissions are stabibpefit;asit

warming and sea level rise will be experienced. The temperature showeofsig



leveling off for stabilized scenarios while the sea level rise continued &aser This
increase did not account for melt from ice sheets and glaciers. The high northern
latitudes and land areas are predicted to experience the greatestgvarmi

Kiehl (2011) used historical observations rather than climate models to discuss
the potential warming due to increased carbon dioxide. Kiehl (2011) states that the
Earth’s CQ concentrations are increasing to rates that have not existed in 30-100 million
years, at which time the Earth’s climate was extremely warm coohpairrent
conditions. In addition, historical data implies that the Earth’s sensitivit{oto C
radiative forcings may be greater than projected by climate modelsd Bagskese
observations, it is possible that the Earth will experience climate conditiees ne
experienced by the human species at a faster rate than projected bydimegst
models.

The effect of clouds on the climate is one of the greatest uncertainties in
understanding climate change. Some studies suggest that warming will infilmunte
and counter the effects of greenhouse gases; however, computer models suggest that
cloud changes will enhance warming. Andrew Dessler of Texas A & M titiye
analyzed the effect of cooling and warming from La Nina and EIl Nino, résglgcon
clouds. Dessler found that on the time scale analyzed, clouds did not counter the
greenhouse gas warming effect. He found a small positive feedback, which would
suggest warming, but could not eliminate the possibility of a small nega@dédck as
well. Regardless, the results did not support the possibility of a large negatilatk,

which would result in cooling (Kerr 2010).
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Kerr (2009) reports that the loss from ice sheets in Greenland and Antarctica have
accelerated in the past seven years. The results were based on meastn@amémts
Gravity Recovery and Climate Experience (GRACE) satellite missiohis. contradicts
results that the shrinking of the southeastern Greenland glaciers had slowed. The
inability to extrapolate these short term findings into the future is enzgtasi

Kaufman et al. (2009) analyzed warming and cooling trends in the Arctic for the
past 2000 years. They compiled available climate records from above 60sdemgtee
with record lengths greater than 1,000 years at annual to decadal time peatal$.ol
23 sites that contained paleoclimatic records based on lake sediment,igta@ed tree
rings were analyzed. The data was compiled based on 10-yr mean tempenaktures a
standardized relative to the reference period 980 to 1800. Kaufman et al. (2009) found
that a cooling trend occurred from 1 C.E. to 1900 C.E. The twentieth century, however,
showed an increasing trend including four of the five warmest decades occutwegie
1950 and 2000.

Despite projections by the IPCC for warming of 0.2 degrees Celsius from 1999
through 2008, the past decade showed a flat trend. The Hadley Centre group used
climate models to try to quantify the likelihood of a decade long warming pause. 700
years of 28 century climate data were simulated based on 10 modeling runs. The
century long warming equaled 2 degrees Celsius as expected. However,heithd®t
years, 17 independent 10-yr time period experienced trends resembling the gadat dec
Scientists explain that this is the result of natural variability. Moddlsal suggest
pauses greater than 15 years, which suggest that warming will continue inttFenex

years.



2.1.14 Climate Change Engineering

Hegerl and Solomon (2009) discussed the risks involved in climate engineering.
Geoengineering solutions aim to counteract the effects of climate chaadgemain a
controversial topic among climate scientists. One criticism is thaestémtus too much
on how to counteract warming without evaluating additional risks involved. A need
exists for emphasis on both benefits and risk of geoengineering. For example, one
solution is to reduce increasing incoming solar radiation by increasing atmosphe
reflecting particles or positioning reflective mirrors beyond the atmosphihris would
provide a quick solution to warming; however, risks can be analyzed through the effect
of volcanic eruptions in the past, which caused massive cooling followed by drought due
to the decrease in evaporation. Models have captured changes in precipitation in the
20"century due to greenhouse gases; however, the magnitude of these charmEsnh
underestimated. This suggests that an external forcing may be missimdjtleaices
precipitation. Therefore, methods that only target warming may have additifatas ef
on the climate. Until these processes are fully understood, emphasis on the riblaas we

the benefits of geoengineering must be made.

2.2 Landuse Change Studies

2.2.1 Introduction

As population increases and technology advances, changes in land use will
continue to occur. Land cover has a significant impact on the velocity and quantity of
runoff within a watershed. Variables accounting for land cover or landugerettie
Manning’'s Equation, the SCS Method, and the Rational Method as the Manning’s

roughness coefficient, the curve number, and the runoff coefficient, respectivel
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(McCuen 2005). Therefore, it is reasonable to assume that as land cover or land use
changes in a watershed, the characteristics of runoff would change as esshardéh
exploring the effects of land use change, particularly in regards to agritaltdra
urbanization changes, on runoff characteristics will be discussed herein.

2.2.2 Urbanization Land use Changes

Bronstert et al. (2002) discussed the effects of land-use and climageaan
storm runoff generation. They discussed the possible effects of ctiatge and
landuse change on storm water runoff, models that showed the hydrologic responses to
these changes, and two studies conducted in Germany. The first and second case studies
showed the effects of climate change and land-use changes, respectivelynanisodi
production in catchments in Germany. The land use case study analyzed thegydr
effect of potential future land use scenarios using the hydrologic modeMAEISH.
Urbanization was the main focus of the land use analysis. The results showaddhat
use had a greater influence on flooding caused by high rainfall intensitieletha
rainfall intensities.

The United States Geological Survey (USGS) developed a regressioioedoiat
predict peak discharge rates for urbanization that results in an impervious &58a of
greater (Sauer et al. 1981). The equation depends on factors such as the impervious
cover and the rural peak discharge for the area. Values of the rural peakgdisohar
specific return period of interest are available for all locations througd $i6&S.

The USGS conducted a nationwide study to develop a method of predicting urban
peak discharge at ungauged site (Sauer et al. 1983). 269 gauged basins in 31 states were

used to design regression equations for the 2-yr, 5-yr, 10-yr, 25-yr, 50-yr, 100-yr, and



500-yr flows. Three models were developed, two consisting of seven independent
parameters and one consisting of three independent parameters. The seveteparam
models included basin development factor, impervious area (%), drainage area, slope,
rainfall intensity, basin lag time, and lake or reservoir storage dependihg arotel.

The three parameter model consisted of rural discharge, basin developroenafat
drainage area. The three models provided unbiased estimates of flood frequieracy wit
standard error of regression ranging from +/- 37% for the 5-yr flood and +/-ctabef
500-yr flood.

Moglen and Shivers (2006) developed a method to adjust rural peak discharge
values to urbanized conditions. The method can be applied nationally based on seven
available models, each varying in complexity and input parameters. ThMdhlgl is
the simplest model and requires only rural peak discharge as an input. The Simple
Impervious Model consists of moderate complexity and requires the rural peakghischa
as well as the percent impervious area within the watershed. The Simple iBopulat
Density Model consists of the same structure as the simple impervious; howeve
population density is used as an indicator of impervious area. The Imperviousness
Distribution model has moderate to high complexity and contains an additional input
variable, the 10th and 90th percentile of urbanized are within the watershed. This
variable represents the level of homogeneity within the watershed. Likewése, t
Population Density Distribution model requires the 10th and 90th percentile of
population density within the watershed. The final models are the Scaled Impemvibus

Scaled Population Density Models. These models take into account the arguméet that t



effect of impervious area on runoff is not linear, and includes a scaled value of the input
parameters, either impervious area or population density.

Moglen and Shivers (2006) applied each of these models to watersheds
throughout the United States and analyzed the goodness-of-fit and physicaliratdna
each. The results showed that different models performed the best based on the
coefficient of determination and standard error ratio based on the return periasdnaly
The Impervious and Population Density Distribution Models perform slightlyrbette
overall, with the impervious model providing slightly better predictions than the density
model. However, the variation in goodness-of-fit values ranged from 0.779 to 0.909 for
the coefficient of determination and 0.257 to 0.48 for the standard error ratio. This
suggests that each model performs well based on the goodness-of-fit stafisttysis
of the parameters, however, suggests that the population density models, with the
exception of the density distribution model, contain non-rational trends in one or more of
the model exponents. Therefore, the Population Density and Impervious Area
Distribution Models provide the best predictions based on physical rationality and
goodness-of-fit.

De Roo et al. (2003) used the LISFLOOD catchment model to determine the
effects of flood defense methods and landuse change on flooding in the Oder basin,
covering parts of the Czech Republic, Poland, and Germany. The model was calibrate
and validated for the flood events of 1977, 1985, and 1997. The study showed that the
measures of flood defense proposed by the International Oder Commissionasigific
improve and reduce flood risk. The model showed that reforestation reduces flood peaks,

while future urbanization causes a slight increase in peak discharge. However, the
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authors noted that the data used to simulate the model had higher amounts of rainfall in
more rural and mountain areas as opposed to urban areas. Therefore, if highkr rainfal
amounts occurred over urban areas, the effect of urbanization can be assumed to be
greater.

Todd et al. (2007) conducted a study to establish the relationship between land
use change, climate, and watershed hydrology in the area of Indianapo#isalndi
Historical precipitation and streamflow data were assessed forisagmifrends. The
Mann-Kendall Rank Correlation Test was used to detect and determinenifieasige
of any trends. A hydrologic model was also used to predict surface and subsatizce w
flows for multiple historical land use scenarios. The results did not show &cshyis
significant increasing trend in precipitation; however, a significant transtf@amflow
and baseflow did exist. This would suggest that land use changes as opposed to climate
changes over time are influencing watershed hydrology in the Indianagalis ar
However, the hydrologic modeling approach did not show the same effects of land use
changes. Using land use data from the years 1940 and 2000, the model resulted in a
slight increase in baseflow, a decrease in runoff, and a decrease in evaporationeover ti

Beighley et al. (2009) analyzed the effects of impervious area estimmagthods
on simulated peak discharge. Two data estimation methods were used: (1) high
resolution aerial photographs and (2) medium resolution satellite data. The results
showed that the different methods resulted in a difference in peak dischargaesstim
16% and 9% for the 2-year and 100-yr storm, respectively, at the watersheistae

Mission Creek watershed in Santa Barbara, California. At the model urii dezde
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differences increased to over 41 and 21%, respectively. This suggests ttiatyesfsi
peak discharge to impervious area.

Glick (2009) analyzed the effects of impervious cover on stormwater quality and
guantity at 38 stormwater monitoring stations in Austin, Texas. The results showed a
relationship between impervious cover and mean concentration of pollutants with a
correlation coefficient equal to 0.75.

Kauffman et al. (2009) analyzed nineteen watersheds near the University of
Delaware campus with impervious areas ranging from 3 to 44% to determintetis ef
of urbanization. They found that a relationship exists between impervious area and dry
weather stream baseflow. This suggested that increased impervious area reduc
infiltration capabilities, thus reducing groundwater recharge.

Hundecha and Bardossy (2004) analyzed the effects of land use change using a
conceptual rainfall-runoff model. Model parameters were calibrated réigibaaed on
land use, soil type, catchment size, and topographic structure. Regional paratuets
were then transferred to a catchment scale for each individual basin. Reggksted
that urbanization causes an increase in summer peak discharge values and a small
increase in winter peak discharge values. Afforestation causes a deorbkath peak
and total runoff volume.

Endreny et al. (2009) analyzed the effects of impervious area on hydrologic
model parameters and compared the use of NLCD land use data with road-enhanced
NLCD land use data. 704 watersheds in New York were analyzed under impervious area
conditions of 1992 and then of 2001. The results showed that the road enhanced data

provided a significant increase in impervious area in both 1992 and 2001, resulting in an
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increase in hydrologic parameters, including the curve number, runoff eemtiicand
event mean concentration based pollutant loads. These findings suggested that
impervious roadways have a significant impact on hydrologic measures and road
enhanced NLCD should replace original NLCD data.

Moscrip and Montgomery (1997) analyzed six lower order streams in the Puget
lowlands in Washington regarding the effects of urbanization from 1940-1950 to 1980-
1990. The urbanization records and flood frequencies for each basin were retrieved. The
discharge records for each basin were separated into pre- and post-urbammzation t
periods. Two of the basins were used as control basins, as they did not show significant
changes in land use. The results showed that the basins experiencing udpanizat
changes also experienced shifts in flood frequency, whereas the control basins did not
show any changes in flood frequency. The 10-year flood shifted between the 1-year and
4-year flood within the basins experiencing urbanization. A decline in salmon abundance
was also observed in the urban basins. The results of this study suggested that
urbanization causes decline in salmon as well as changes in flood frequency.

Konrad et al. (2005) analyzed the influence of urbanization on interannual
streamflow patterns in 16 streams in the Puget lowlands of Washington. They used the
following metrics to analyze the data: (1) fraction of time that strieani§ greater than
the mean (&meay; (2) the annual peak streamflow coefficient of variation {&#; and
(3) the fraction of time that discharge is greater than the 0.5-year flggd (T
Urbanization was measured based on the road density within the watersheds using
geographic information systems. The results suggest a relationship betneaarflow

and urban development, as road density had a significant positive relationship with
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Qo.zand Quir, but not the mean discharge or the duration for which a flow is exceeded.
The annual peak discharge contained less variation in streams within urbeshedsge

The study also analyzed the effects on channel form and stability. The sdsit that
models to predict channel width had the lowest standard error when basgghom@

Qi0, SUggesting a strong relationship. Analysis §f Juggests that urban areas
experience a brief duration of frequent high flows. An inverse relationshie@xis
between streambed stability during the 0.5-year flood andgthieuggesting that urban
streams experience an increase in streambed disturbance.

Mejia and Moglen (2009) analyzed the relationship between the spatial pafterns
urban development and flood conditions through an optimization approach. The
objective functions in the optimization approach represented the following different
spatial patterns: (1) clustered development at most downstream locationsrished;

(2) development distributed uniformly in watershed; (3) clustered development at
upstream headwater locations; and (4) clustered development at downstragmsdoc

with low density development throughout the watershed. The aggregate impervious area
in Option 4 was kept below an optimized policy threshold to explore the effect of
implementing such a threshold. The results showed that option 1 reduced flood peaks
throughout the entire stream network. In option 2, all locations within the stream

network experienced the same hydrologic effects due to the even distribution of
urbanization. Option 3 had the most negative hydrologic effects on the watershed. The
results for Option 4 suggested that implementing an aggregate imperviousness policy

threshold may be beneficial in reducing the effects of urbanization.



Reed (1990) analyzed the watershed of Valley Creek at the Schuylkill River t
assess the effects of land use changes on flood frequency and hydrogragtieristeors.

Five phases of the watershed conditions were defined and discussed. Phase 1 consisted
of a heavily forested watershed with high soil infiltration and subsurface pesdbss
dominated the surface runoff. The peak was lower and flooding occurred less fyequentl
than under existing conditions. As a result, the stream channel was not as widge or dee

as today. This phase was estimated to have occurred in the 1600’s. Phase 5, occurring in
the 1990’s, was classified as poor watershed conditions. Forest exists only istthe lea
productive soils and steep slopes. Woodlands and agriculture land use have decreased
the most compared to other land use types since 1970. Reed (1990) used the SCS TR-55
method to simulated the five phases and compare the hydrologic charastefidtie

watershed. The results showed that peaks doubled over the 300-yrs with land use
changes. The increased peak resulted in an impaired fluvial system.

McCuen and Thomas (1990) explained methods to estimate urban flood
frequency when assumptions of independence and stationarity are not valid. The
methods explained are as follows: (1) the use of statistical tests toassk@uibgenous
period of record; (2) determination and removal of peak discharge trends, followesl by t
application of a frequency analysis to the residuals; (3) adjust the annual geredcge
to homogeneous conditions based on an urbanization index; and (4) use a calibrated
watershed model and climatic data to simulate a homogeneous series dfftafaur
methods were applied to an urban watershed in Louisville, Kentucky. The results
showed that each of the four methods provided comparable estimates for the 100-yr

flood.
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2.2.3 Agricultural Land use Changes

Fitzpatrick et al. (1999) used geomorphic field techniques and hydrologic
modeling to assess the effect of land use changes resulting from human actiernisesi
1870’s on flooding and sedimentation in North Fish Creek in Wisconsin. The HEC-1
rainfall/runoff model was used to conduct the hydrologic modeling analysis.aftie |
use scenarios were modeled including pre-settlement conditions of forested land cove
peak agricultural conditions occurring in the mid 1920’s to the mid 1930’s, and current
land cover conditions. The results show that when agricultural activities waere at
maximum, in the 1920’s and 1930’s, the peak flows that occur on an average of 2-year
intervals were predicted to be three times greater than prevsattieonditions. Under
current land cover conditions, flood peaks of storms that occur at two-year inteevals
predicted to be twice as great as pre-settlement conditions. Sediment |oaglshaur
maximum agricultural conditions were 2.5 and up to 5 times greater than under current
and pre-settlement land cover conditions, respectively. This suggests that lanttbasove
an effect on flooding and sedimentation, while afforestation practicesletagase flood
peaks and, therefore, decrease erosion and sedimentation.

Moussa et al. (2002) analyzed the human influence on flooding in regards to
agricultural practices such as tillage practices and ditch networkas lassumed that
tillage influences infiltration rates while ditch networks affect thegport of water from
the agricultural field the catchment outlet, both influencing flooding. Thea#ipat
distributed hydrologic model, MHYDAS, was developed and tested on the farmed

catchment of Roujan in Southern France. Three flooding events were simulated: (1) 30



April 1993; (2) 31 August 1994; and (3) 30 September 1994. The water table levels were
high during the spring and fall flooding event and low during the summer flooding event.
For the tillage practice analysis, three scenarios were ads€bsall vineyard
fields are non-tilled; (2) all vineyard fields are tilled; and (3) aldelineyards, and
other land uses are freshly tilled. The results showed that for all threenficadints,
the freshly tilled scenario had the greatest reduction in the value of thelipelaitrge but
not the timing. In the summer flood event, the major hydrologic process waavthe f
from the ditch to the groundwater, which is expected considering the low water ta
For the ditch network analysis, a man-made ditch network was compared to
drainage based on a digital elevation match. For the three flood events, the dean-ma
ditch network accelerated the runoff by causing concentrated flow and lackimgl nat
obstacles. Also, when the water table was lower than the ditch network, much of the
runoff produced at the field scale was infiltrated into the groundwater.

2.2.4 Hydraulic Geometry Relationships

Hydraulic geometry relationships have been developed that relate vedtersh
characteristics to stream channel geometry. Bankfull flow is definad aegent that fills
a channel to the active floodplain elevation, which influences channel dimensions. Swee
and Geratz (2003) analyzed the bankfull hydraulic geometry relationships for the Nort
Carolina’s Coastal Plains. Channel dimensions were collected based on ctiossisec
and longitudinal survey data from streams. Power models were fit to redatagl area
to bankfull discharge as well as cross-sectional area, width, and mean depthrofel. cha

Likewise, Dunn and Leopold (1978) developed graphical relationships between bankfull
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flows versus drainage area for channels in Pennsylvania and Wyoming in addition to
graphical relationships between bankfull flows and channel velocity, depth, and width.

2.3 Trend Detection Methods

Radziejewski and Kundsewica (2004) assessed the necessary strengtigénd le
for change in data to be detected statistically as a trend. Generatent diater flow
records lacking trends were used and altered to contain gradual and abrupt thends. T
performance of different tests was compared: Mann-Kendall, SpearRamks
correlation, Normal Scores Linear Regression, Distribution-Free CUSldil
Cumulative Deviations applied to normal scores. The results showed that nedker we
changes nor changes over a short time period can be detected.

Strupczegksi et al. (2001) reviewed the use of statistics of extremes in hydrolog
and characteristics of hydrological extremes. They focused on clielated issues
such as variability and change. Recent developments in statistics of extrames we
introduced such as the point process model that combined the block maxima and the
point-over-threshold method; estimation techniques were compared. Trends in
hydrologic extremes as a result of global warming were alsastied.

Yue and Pilon (2004) used Monte Carlo simulation to compare the power of the
following statistical tests in determining the significance of linear andrreanl
monotonic trends: (1) parametric t-test, (2) non-parametric Mann-Kensial{3 Boot-
strap based slope test, and (4) bootstrap-based MK test. The results showedkbé the
based tests, t-test and BS-slope test, were equally powerful and the rahtebtsse
Mann-Kendall and bootstrap-based MK test, were equally powerful. The sltpeées

slightly more powerful for normally distributed data and the rank tests wghdlglmore



powerful for non-normally distributed data. The power of the test was glggnikitive
to the shape of the trend.

Frei and Schar (2000) developed a methodology to assess frequency trends in rare
and extreme weather events using the binomial distribution and logisticsiegres
method for trend estimating and testing. They determined the detection probability,
which was a quantitative estimation of the Type Il error, based on Monte Shantated
surrogate records. The detection probability was a function of record lengthga
return period, and magnitude of trend. The method was applied to data in Switzerland.
The results showed difficulty in detecting frequency trends of rare evahtha@
importance of long records of data.

Khalig et al. (2009) assessed the results of trend detection methods in the presence
of serial and cross correlation. They reviewed methods of trend detection,ngcludi
Mann-Kendall, Spearman Rank correlation, Sen’s slope, and the least sqgegssion.

The first two methods are rank based while the latter two are slope based methods.
Methods addressing the effects of cross and serial correlation were oetiodTihe study
used annual mean daily flows of Canadian River basins. The results showed that
ignoring the presence of cross and serial correlation can cause in erronaltsis res

Zhang et al. (2004) compared methods of detecting significant linear trends i
extreme values using Monte Carlo simulations. For the Monte Carlo simulations,
precipitation data that contained pre-determined trends were simulategimihated
frequency of precipitation in each year was based on the normal distributios theéhil
precipitation depths were based on the exponential distribution to develop extreme data.

The results showed that the ordinary least squares test to be the least rleidall’s



tau-based method was more powerful than the OLS method, but the advantage decreased
as the sample size decreased. The Generalized Linear Regression Kéteo@EY
distribution was more powerful than OLS and Kendall's tau-based method, but it was
better when only estimating one parameter. The r-largest method was coiydistiter

than both the OLS and Kendall method, and improved upon the GEV method when more
than one extreme per annual block was used.

Kundzewicz et al. (2004) provided guidance regarding methods of detecting
changes in hydrological time series. They discussed suitable dataatist$;attests,
exploratory analysis, and interpretation of results for change detettiyaliological
records. Methods of trend detection discussed included distribution free methods as well
as resampling and bootstrap methods for data. They suggested a greater use of
distribution-free methods because hydrological data are often non-remmchabntain
seasonal and serial correlations. They also recommended resamplimguestbecause
they require few data assumptions and are flexible, robust, and powerful. The need to
examine external evidence to determine if changes are caused by land e, olim
other changes in area was also emphasized.

Yue et al. (2002) used Monte Carlo simulation to explore the power of the Mann-
Kendall and Spearman’s rho tests in detecting monotonic trends. The testppliec: a
to annual maximum daily streamflow data from 20 pristine basins in Ontariod&ana
The results suggest that the power of the tests increase with an incréasmaghitude
of the trend and sample size and decrease with an increase in the amount of variation
within the time series. The power is also influenced by properties of theudatasthe

distribution and skewness. The tests had similar levels of power in detecting trends.
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Statistical tests for the detection of change points within a time seziessar
important in hydrologic and climate data. Change points in time serideadefined as
the time at which the statistical characteristics of the data ehadRegeves et al. (2007)
provides a summary of the existing change point detection methods where therigsie s
contains a single change point. Table 2-2, provided from Reeves et al. (2007), shows the
hierarchy of regression models that can be tested using the existing chamge poi
detection tests and methods. Models 1 and 2 suggest that a change point does not exist.
Models 3 through 5 suggest that a change point does exist. Model 3 consists of a change
in mean for a zero slope model; Model 4 consists of a change in mean with a non-zero
slope; and Model 5 consists of both a change in mean and slope at the change point

location.

Table 2-2. Hierarchy of Models Provided by Reeves et al. (2007)
in which ¢ Denotes the Change Point Location.

Model 1 Y=l +
Model 2 Y=+ t + 4
Model 3 Y=u + I(t>C) + 4
Model 4 Y=U+ t+ [(t>C) +
Model 5 Y=U+ t+ I(t>c)+ t*I(t>C) + 4

;I'able 2-3 shows the single change point test statistics explained and compared by
Reeves et al. (2007). Each test statistic depends on the assumption that at most, only on
change point exists within a time series. Additionally, many tests ashattbe
residuals are independent and identically and normally distributed. For e&sticatat

test, the null hypothesis determines which model Table 2-3 is tested.



+2

Table 2-3. Existing Single Change Point Detection Tests.

Test Ho Ha Test Statistic Assumptions
Standard Zt~N(0,1), | Zt~N( ,0), | Te=max(Tg), 1<=c<n 1) At most one
Normal 1<=t<=n 1<=t<=c with change point
Homogeneity Zt~N( ,0), | Te=c + (n-c)* within the time
(SNH) ct+l<=t<=n Where = and series

where ¢ = 2)

change point — Standardization

location produces norma

where Z=— ) )
4 variables with

unit variance

Nonparametric Wiax= max(We) 1<=c<=n 1) At most one

Standard where change point
Normal W.=12 within the time
Homogenity Sl series
(NPW) where ¢ = change point location
and r is the rank of th& element
in the series
Two-Phase Fiax = max(k) 1<=c<n where 1) At most one
Regression Fe————— ~Fons char_lge poi.nt
Model ! within the time
(Hinkley 1969 where SSEand SSE are the sume series
1971) ' of the squared errors undeg &hd 2) Errors; , are
Ha, respectively, and the following ¢ mea;n(,
model: : ’
, independentand
s SW&E ) - identicall
Y =# . . Ys
$%& $' )-8+, +. normally
where x<=x,<=.....<=x,and distributed

where ¢ = change point location

Revised Two-

Fiax = max(k) 1<=c<n where

1) At most one

Phase 01% ¥ Fe—'  ~F change point
. C " ,n-4 L. .
Regression ! within the time
Model (Lund where SSEand SSk are the sume series
and Reeves of the squared errors undeg &hd 2) Errors; , are
2002) Ha, respectively, and the following o mea{n(,
(LR) model: 0 C o independentand
o SW&E ) - identicall
Y =# . . Y,
$%&$" )-8+, +. normally
where X<=x,<=.....<=X, and distributed
where ¢ = change point location
Two-Phase Frnax= max(k) 1<=c<n where 1) At most one
Regressin with Fo= 4! ~Fons char)ge poi.nt
Common ! within the time
Trend where SSgand SSk are the sume| ¢qries
Wang (2003) of the squared errors undeg &hd 2) Errors; , are
(XLW) Ha, respectively, and the following oo mea{n(,
model: - '
, independentand
o SWES )T+, 4- ) Hidenticall
Y# 4o . . Y,
$%& $" ()-$*+, +. normally
where X<=X,<=.....<=X, and distributed
where ¢ = change point location 3) Does not

allow trend shifts
at change point
time
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In addition to the individual test statistics, Reeves et al. (2007) discussed
hierarchical methods for the detection of change points within a time.s@igsn these
methods, the appropriate model from Table 2-2 is selected and then the location of the
change point is determined. The Modified Vincent Method is a hierarchical method tha
tests the residuals from Models 1 through 5 based on the Durbin-Watson test. If the
residuals are determined to be adequate, a change point location is thereé4tanat
on the c that minimizes the SSE. Two additional methods to select the appropriate model
within a hierarchal method are the Akaike’s Information Criteria (AlR) the Sawa’s
Baye’s criteria (SBC). The idea behind these methods is to penalize the addition of
excessive model parameters.

Reeves et al. (2007) found the AIC and SBC approaches both have the potential
for high Type-I errors depending on the model selected. For model 3 in Table 2-2, SNH
and NPW were found to be the most powerful test statistics when the assumptions were
met. However, both tests failed to accurately detect change points loctited at
beginning or end of a series. The performance of the XLW, LR, and GNL methods
varied depending on the model of the data based on Table 2-2.

Reeves et al. (2007) recommend future research in the development of change
point tests. They suggest the development of more powerful nonparametric procedures to
eliminate the requirement for independence and normality of the residddgionally,
they emphasize the need for a test to detect multiple change points withenseties.

While common practice is to locate one change point and then analyze the remainder of

the time series for an additional change point, Reeves et al. (2007) state thalk ldasl w
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to inaccurate detection of change points because the results for the detettiefirsf
change point will be heavily biased by the existence of additional change points

2.4 Frequency Analysis Methods
2.4.1 Introduction

Flood frequency analyses are used as a method of estimating the probaaility
particular flood magnitude occurring in order to plan accordingly. The statisti
distribution most commonly used in flood frequency analyses in the United Sté#tes i
Log-Pearson Type Il distribution. It is recommended by the U.S. WatsruRrees
Council in Bulletin 17B (Interagency 1982). The analysis procedure is as follbws: (
create a time series of the logarithms of the annual maximum flood sdues¥a(2)
Calculate the mearY, , the standard deviationy,%ind the standardized skew, g, of the
logarithms; (3) select values of exceedance probability for the amalydiobtain the
corresponding standardized variate, K, values that are provided in table rolr(d4; &or
the exceedance probabilities selected, calculate the LP3 curve aslfi®ws: Y=Y
+K*Sy. Then plot the values and the exceedance probabilities to develop the flood
frequency curve. The computed discharges can be determined by takingldigeont
the values on the curve (McCuen 2005).

Many variations of the flood frequency method proposed by Bulletin 17B have
been proposed. Stedinger and Griffis (2008) discussed the need for updates in Bulletin
17B’s method that include the following: (1) improved methods to estimate a regional
skew; (2) methods to incorporate historic data; (3) a consistent treatment exfso(4l)
methods to assess statistical uncertainties in estimates; (5) intciompofagenerated

flood records based on precipitation records and watershed models into flood frequency



analyses; (6) incorporation of simulations of reservoir system perfoenaanttregulated
flows; and (7) development of distributions for very extreme floods. In addition to the
improvements suggested by Stedinger and Griffis (2008), alternativéulistns have

also been considered. Additionally, methods for a flood frequency analysis for
nonstationary conditions are being developed, as the Bulletin 17B method for assumes
stationarity of the data. A sampling of studies that suggest deviations frorallenB

17B approach to flood frequency analyses will be discussed herein.

2.4.2 Frequency Distributions

The generalized extreme value distribution (GEV) is a popular choice for
representing extreme hydrologic data. Data can converge to one dbthvee
distributions: Type I, Type Il, or Type lll. The cumulative distribution fiorcfor the

GEV distribution is as follows:
_ <
5 & 67896#:;*: %@ A for #0 Eq. 2-1

with = location parameter, = scale parameter, and= shape parameter. A positive
shape parameter results in a Type Il distribution with a finite upper bound andrthi

tail. A negative shape parameter results in a Type Il distribution and artbadk

(Stedinger et al. 1993). In the estimation of maximum values in hydrology, thdlType
distribution is not practical, as it is bounded from above (Koutsoyiannis 2004). The
Gumbel or Type | distribution is attained when the shape parameter equals zers and ha

the following distribution:

5 & 789B:789;:

~_@CD for =0  EQ.2-2

?
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The distribution resembles the Gumbel distribution when the magnitude of the shape
parameter is less than 0.3 (Stedinger et al. 1993).

Wilks (1993) compared the performance of the following probability distributions
in representing annual extreme and partial duration precipitation dateetétpPB(2)
Beta-k; (3) Revfeim distribution; (4) Generalized gamma distribution; ése@lized
Pareto distribution; (6) Generalized Extreme Value distribution; (7) Toamsxi
distribution; (8) Three-parameter lognormal distribution; and (9) Gumbel distrbut
The Maximum Likelihood method was used to fit the parameters. The parsmeter
estimated using the Levenberg-Marquardt method, a generalization of the Newton-
Raphson algorithm. The degree of fit was determined in the right tail using guantil
guantile plots. The boot-strap method was also used. The results showed that the Beta-P
distribution was almost unbiased for the quantile extrapolations and had a sraalt@ari
for partial duration data. The 3-parameter lognormal performed well foalpghuration,
but the right tail was inferior to the Beta-P. The Beta-K was best for anxttaines but
inferior to the Beta-P for partial duration data.

De Michele et al. (2008) evaluated the critical design storm (CDS) coingjder
the possibility of non-stationarity in Italy. Two data lengths assessed (¢ past 30
years starting at different times and (2) past 90 years. The CDS was edrplitting
the annual maxima of the daily rainfall with each of the following extremeesval
distributions: (1) General Extreme Value Distribution (GEV); (2) Gumbsiribution
(EV1); (3) Frechet Distribution (EV2); and (4) Log-Normal Distribution @)N
Parameter estimation was conducted using L-Moments. The Andersonglanti

Kolmogorov-Smirnoff goodness-of-fit tests were used to assess the abititydel to fit



observed data. The results showed that the GEV, Gumbel, and LN2 were all a
satisfactory fit and met a 95% confidence level while the Frechet did moincAeasing
tendency of the CDS was less noticeable when the entire data set was useshovter

time spans showed an increase in CDS starting around 1940. To account for the presence
of nonstationarity, they suggested increasing the estimated valueGi$é&r design.

While additional distributions have proved to be a good representation of
hydrologic data, Stedinger and Griffis (2008) support the use of the LP3 distribution for
flood frequency analyses. They argue that the differences in quantilatessiinat
results from other extreme value distributions is less than the uncertasgmsated
with the actual estimations. They suggest that the use of a reasonable distribakion, s
as the LP3 distribution, is sufficient and emphasis should be placed on improvements in
fitting the distribution based on expansions in the knowledge of flood processes and
regional patterns.

2.4.3 Regional Analyses

Koutsoyiannis (2004) analyzed 169 rainfall records throughout Europe and North
America to determine regional characteristics of the GEV distribution. sKpiainnis
(2004) discussed the difficulty in estimating the shape parameter with saneslas
great as 100 years or more due to sampling variation and estimation bias. Tke resul
showed that the Type Il GEV distribution is the best representation of hydrologic
extremes and a constant shape parameter value of 0.15 represents the rainfall
distributions in both Europe and North America. Note that the notation used by
Koutsoyiannis differs from that explained by Stedinger et al. (1993) and arpasiipe

parameter represents a Type Il distribution.



Javelle et al. (2001) used Flood-Duration-Frequency (QdF) Analysis tmgevel
statistical model that provides a more complete description of a basin’s floogkreg
The model is similar to the Intensity-Duration-Frequency method (IDF) legtais
minimal amount of parameters. The study analyzed 158 stream gauges frasrirbasi
Quebec and Ontario, Canada. The QdF model proved to be robust and independent of
geography or climate. The Index-Flood (IF) method was then generalized lopdave
regionalized QdF model used for fixed non-contiguous homogeneous regions. Javelle et
al. (2001) determined that neighborhood approaches are more efficient. The results
showed that regression is a main source of error for both methods in estimating flood
indices. The authors suggested testing the model for more sophisticated methods for
delineating homogeneous regions or determining significant physiographecigrar
Groupe de recherché en hydrologie statistique (GREYHS) (1996) reviewed
different techniques for forming homogeneous regions as well as differdmiaseif
regional flood estimation in order to estimate floods at sites with little diate
available. Techniques used to determine homogeneous regions included: (1) region of
influence; (2) canonical correlation analysis; (3) correspondence msnahgsascending
hierarchical clustering; and (4) L-moments. Flood frequency analysiedsincluded:
(1) GEV/PWM index flood procedure; (2) regional non-parametric analysiseg®)nal
flood estimation by peaks-over-threshold methods based on direct multiple @gressi
the GP/POT index flood procedure, and the EXP/POT index flood procedure; (4)
regional L-moment analysis; and (5) the regional estimation of floods lgssign

methods. Approaches in comparing these methods must be developed.



Castellarin et al. (2000) used Monte Carlo simulation to assess the perfowhance
four hydrological similarity measures when used to form homogeneous pooling groups
for a regional flood frequency analysis. The effectiveness of a pooled frgoureadgsis
depends on the homogeneity of the group and the target size. The following measures for
forming homogeneous pooling groups were used: (1) seasonality of hydrolotieate
events, (2) measures of frequency of rainfall extremes and permeaB)lithailfy rainfall
L-statistics, and (4) daily rainfall and permeability. The pooling groupistimg of the
whole area of study was used as a reference condition. The results showed tlia¢ all of
pooling groups based on similarity measures performed better than the velaotd a
study. The seasonality of hydrological extreme events pooling measuremierhpd
the best. The first and second similarity measures overestimated whhedhend
fourth measures underestimated the true flow quantiles.

2.4.4 Nonstationarity

Khaliq et al. (2006) conducted a review of frequency analysis methods and their
assumptions of independence and stationarity. They addressed the issue ef climat
change affecting these assumptions and reviewed existing approadiissssue.

Methods for removing serial dependence in order to satisfy the assumption of
independence were reviewed including the decorrelation approach, the Lettenmai
technique, and the probability density estimation by wavelets and kernelsoagbes
reviewed addressing non-stationarity include the r-largest model, the pezaks-

threshold (POT) method, covariates and time-varying moments, quantile i@gress
method, local likelihood, and pooled flood frequency analysis. Future recommendations

were also discussed.



Cunderlik and Ouarda (2006) defined components in a nonstationary flood-
duration-frequency model. Time dependent model parameters were identified on a
regional basis. The model assumes temporally and spatially constant nongationa
The model can be used to estimate future flood quantiles. The model was applied to a
hydrologically homogeneous region in Quebec, Canada. The results showed that
significant bias in flood quantiles will exist if nonstationarity is ignored.

Villarini et al. (2009) developed a flood frequency analysis framework based on
the Generalized Additive Models for Location, Scale, and Shape Parameterd §&AM
GAMLSS is a tool for modeling time series under nonstationary conditions and can
describes the variability of the moments of the annual maximum peak disclarge b
modeling the parameters of the distribution as a function of time through cubiesspli
The method was applied to annual maximum peak discharge records for Little Sugar
Creek in Charlotte, North Carolina. The results showed that range of the 100-yr flood
discharge value throughout an 83 record as well as the vast increase in the retdrn pe
of the flood determined to be the 100-yr flood in 1957. Villarini et al. (2009) suggest that
alternative definitions of return period be developed for non-stationarity segnari

El Adlouni et al. (2007) developed an estimation method for the use of the GEV
distribution for quantile estimation in the presence of nonstationarity. Theyeds
parameters are time-dependent or dependent on other covariates. Parametigorest
was done with generalized maximum likelihood estimation method instead of the
maximum likelihood estimation method (common method); covariates were incogoorate
into parameters with GML. They note that it is important to take into consideration

additional information such as historical and regional information to define prior



distribution. The Monte Carlo Markov Chains method was used for estimator
calculations in the case of the GML method. They conducted a simulation study to
compare the performances of GML (integrates the prior information omaipe s
parameter) and ML methods using: stationary GEV model; nonstationary chse wit
linear dependence to the location parameter on covariates; nonstationasjticase
guadratic dependence on covariates; and nonstationary case with linear depémde
both location and scale parameters. The covariates used included time and th@ Souther
Oscillation Index (SOI). The results showed that the GLM performed bietieiML for
the studied cases with respect to bias and the root mean squared error. They
recommended the following research for the future: develop a distribution thatdepe
on more than one covariate; focus on other statistical distributions and different
nonstationarity structures such as trends in the variance of the seriepéeaheter);
and development of a new framework for risk assessment in the case of nongtiationar
Villarini et al. (2009) analyzed nonstationarity in the annual peak discharge
records from 50 stations in the United States. Trends in flood peaks and abrupt changes
in the mean or variance were explored over time using the Mann-Kendall, &pearm
Pearson, and Generalized Additive Models for location, scale, and shape (GAMLSS).
GAMLSS accounts for abrupt changes and trends in the parameters of a distributi
function. Four scenarios were explored using GAMLSS: (1) a stationary modie (2)
mean varied linearly as a function of time; (3) the variance varied lineadyunction of
time; (4) both the variance and the mean varied as a function of time. The resuid show
that it was difficult to prove nonstationarity despite the significant lancheseges that

occurred over time.



Leclerc and Ouarda (2007) explored a method of conducting a regional flood
frequency analysis (FFA) that accounts for non-stationarity in ungauged §lanonical
correlation analysis (CCA) was conducted to define a hydrologic neighborhood of the
ungauged site based on meteorological and drainage basin charactérsti€zEV
distribution was used to calculate the 5- and 100-yr flood quantiles for the hydrologic
neighborhoods based on three different models: (1) stationary moments; (2) nongtationar
with first moment varying linearly as a function of time; (3) nonstationatty first
moment varying quadratically as a function of time. The time variant flood tgganti
were then regressed on the following variables: (1) basin drainagé2rgauging
station latitude and longitude; (3) mean total winter/spring precipitation; amae@)
winter/spring maximum air temperature. These equations were verifiedauiged
watersheds but can then be applied to ungauged watersheds based on the hydrologic
neighborhood. The analysis was conducted on river flow gauging stations located in
southeastern Canada and northeastern United States. The results showeltipteat m
regression based on 2 to 4 predictor variables provided efficient estimdtd3MBE of
38.2 and 60.8% for the 5-yr and 100-yr, respectively, while the use of canonical
correlation analysis to define the hydrologic neighborhood did not improve these
estimates. This is most likely due to the small number of sites avaitalitesf
hydrologic neighborhood.

Raff et al. (2009) developed a method to estimate future flood frequencies using
the CMIP3 monthly precipitation data combined with a rainfall-runoff model. The
rainfall-runoff model required precipitation in 6-hour time increments; toereRaff et

al. (2009) retrieved daily precipitation data from the CMIP3 data. Then, they randoml



sampled rainfall depths from a 6-hour time period in the observed data record which were
scaled by the ratio of the projected monthly rainfall depth to the observed monthly

rainfall depth. A scale constant was applied to ensure that the aggreggiggti@ci

equaled that of the projected time period. The method of sampling 6-hour data records
was divided into four categories: hot-wet, hot-dry, cold-wet, and cold-dry based on the
median temperature and precipitation in the observed months. This was to ensure that
scaling was done in a physically rational manner based on the charastefistie

month analyzed. Raff et al. (2009) then calculated flood frequency curves baked on t
observed and projected runoff depths and the Log Pearson 3 distribution. Nonstationarity
was accounted for based on the concept of ‘Look ahead’ time periods. Frequency
analyses were applied to various time periods considered to have statianatg cli
conditions. The following time periods were analyzed: (1) current conditions; (2) 2011
2040; (3) 2041-2070; and (4) 2071-2099.

Kwon et al. (2011) used a weather state-based, stochastic multivariate mode
based on seasonal precipitation rates projected through a regional climatéomode
simulate and project daily precipitation under climate change conditiotfseféy2
emissions scenario. The simulated precipitation was input into the Sacraragnto S
Moisture Accounting precipitation —runoff model and the Bayesian Markov Chain Monte
Carlo scheme was applied to provide an estimate of uncertainties assodiatibe w
resulting peak discharge projections. The approach was applied to the Soyamg Dam i
South Korea. Kwon et al. (2011) compared the design floods that were projected for
2045 based on the projected data from 2030-2060 and the design flood for 1985 based on

observed data from (1970-2000). The results suggested that flood events with return



periods greater than 50-yrs experienced a 10% increase in magnitude. However,
uncertainties increased with the return period.

Kwon et al. (2008) used a Hierarchical Bayesian Analysis to analyze raultipl
factors that affect extreme flood events in Montana, which include sea surface
temperature (SST), predicted GCM precipitation data, climate indicesnawpack
depth. The climate information was implemented to update estimates of parameter
values for the Gumbel distribution, which was used represent annual maximum flood
data. The Markov Chain Monte Carlo algorithm was used to then estimate the flood risk
prediction parameters. The Bayesian extreme value distribution model was tthém use
estimate the 100-yr flood from 1930 to 2005. The results showed a statistically
significant link between the peak discharge and the SST indices, snowpack depth, and
GCM seasonal precipitation data, which suggests that climate indicators esedae
predict flood risk.

Villarini et al. (2010) used the Generalized Additive Models in Location, Scale
and Shape (GAMLSS) to assess nonstationarity in seasonal rainfall andatemgoEom
in Rome. Covariate analyses were then conducted based on the Atlantic Multidecadal
Oscillation, North Atlantic Oscillation, and Mediterranean Index. Five twamater
extreme value distributions were analyzed, which included the Gamma, Gumisgi,log
lognormal, Weibull distributions. The results showed that the Mediterranean ladex w
statistically significant predict-tor regardless of the season anddtike Atlantic
Oscillation was a statistically significant predictor for the wisigason.

Renard et al. (2006) used a Bayesian framework to account for nonstationarity in

extreme events. Three probabilistic models were demonstrated: (1) stat{@hatep



change, and (3) linear trend. Four extreme value distributions were discigsed: (
exponential, (2) generalized Pareto, (3) Gumbel, and (4) GEV. Regional prior knowledge
was used to develop prior distributions and posterior distributions were developed.
Frequency analyses were developed for peak-over-threshold extreme evesttgatuhi
into account uncertainty in both the prior and posterior distributions.

Sivapalan and Samual (2009) provided a nonstationary approach to risk
assessment for flood structures. The risk of failure over a design lifesfascdibased
on the following equation:

EF)Gl *: Jy K LaWFOPGIQ Eq. 2-1
where n = expected life of a design project, m corresponds to the sequential y¢lae ove
design life, j=climate state of the year rr}njp(Q>=qo) = probability that the annual
maximum flood, Q, is greater than or equal gancthe year under the climate state. This
equation was applied to three catchments in Australia based on climate statpscfr
1970 climate and post-1970 climate. Possible future evolution of the climate states wa
randomly generated based on a Markov Chain Model and then a rainfall-runoff model
was applied. The results showed a reduction in risk of failure over a desig Ferth,
Australia, due to a drier climate in the post-1970 scenario. In each of the tHysesna
the design flood decreases as the acceptable level of risk increases.

2.5 Risk Assessment

Risk is defined as a combination of the probability and consequences associated

with an event. Policies are often based upon the risk associated for a given mebdrn pe



particularly the 100-yr flood. The analysis of risk and the importance of acflote
frequency estimates will be discussed herein

Moser et al. (2009) define the risk analysis process as the evaluation of risk
followed by the consideration of the monetary and non-monetary costs and benefits
involved in the implementation of risk mitigation methods. Risk analysis consists of
three components: (1) risk assessment; (2) risk management; and (3) risk coatigmuni
Risk assessment is considered to be the technical component of a risk analysig) in whi
the risk is quantified. This includes identification and characterization of thedhaza
assessment of the exposure, and estimation of the risk. Risk management considers
environmental, social, cultural, ethical, political and legal factors to asdhlyatential
options to mitigate the assessed risk. Finally, risk communication is the gngoin
communication between the two components to ensure that both parties are well
informed. Moser et al. discuss the implementation of risk analysis within the n$. A
Corp of Engineers.

The Interagency Performance Evaluation Task Force, established bysthé&riy)
Corps of Engineers (USACE), analyzed the New Orleans and Southern Louisiana
Hurricane Protection System following Hurricane Katrina (USACE 2008 ahalysis
consisted of a risk assessment for both pre- and post-Hurricane Katrinacrenblésed
on flood mitigation methods and the distribution of the population and property. Within
the report, risk was calculated based on the product of the vulnerability of flooding and
the consequences that would result.

The vulnerability of flooding is comprised of the definition of the hazard and the

probability of the occurrence as well as the system performance. The lsadefided as



the event or condition that can result in negative consequences. For example, in the
assessment of a hurricane, the hazard would include the surge and wave conditions
caused by the hurricane. The system performance, which can be consicidiceallidy
analysis, refers to how structural components of the hazard mitigation system
withstand the hazard. For example, system performance would include the leliehat w
levees, floodwalls, or gates will withstand flooding that may result from a hoeicThe
vulnerability of flooding of an area combines both the likelihood of the occurrence of the
hazard and the system performance during the event.

The consequences are defined by the potential loss of life and property damage
that results from the event. Historical data was used to develop flood-depth versus
damage relationships to assess property damage from the defined hazard. Census data
and evacuation plans were used as input to a simulation model to estimate the less of lif
Finally, the consequences for the defined hazard were multiplied by the pitghubil
occurrence to estimate the risk.

The United States Corps Army of Engineers (2006) provided guidance for flood
damage reduction studies. The report discusses the shift from sensitivigeartalyisk
analyses in project development. Risk analyses take into account both the risk and
uncertainty in multiple aspects of an investment project. Decisions can be medi®mhas
better knowledge of risks and costs within a project. The report defines risk as the
likelihood of a flood event with undesirable consequences occurring in an area.
Uncertainty refers to the imprecision of knowledge about technical and economical
parameters and functions involved in the project plan. Uncertainty exists in plamaing

design variables due to errors in sampling, measurement, estimating, aadtfogeas
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well as the inability to accurately model physical processes with maticaheqjuations.
Parameters within the project are described in terms of probabilityodisbns to

account for uncertainties. The regulation describes requirements foralgkemnto be

used for flood reduction studies. The goal of the regulation is develop a method in which
all key variables, parameters, and components within the study are refeseate
probabilistic analysis. Requirements include a feasibility report rgedesign
memorandum, and general evaluation reports. Focus should be on those variables that
have a significant impact on the study outcome. Minimum variables required indlude: (
a stage-damage function for economic analysis; (2) discharge corregptmdi

exceedance probabilities for hydrologic studies; (3) conveyance rougintesgoss-

section geometry for hydraulic studies; and (4) structural and geotechnicahzence

of existing structures. The use of a full range of floods, not just the Standarct Proje
Flood (SPF), is required to evaluate project alternatives. Risk analysis muistycqhe

flood protection performance of all alternatives within the final recommiemdat all

scales and residual risk must also be considered. The National Economic Dewelopme
plan must be used for a cost-benefit analysis. And local sponsors and residents must
understand the tradeoffs between engineering performance, economimpade, and
project costs.

Purdy (2010) discusses International Organization of Standardization’s (1ISO)
progress in standardizing risk management, including vocabulary, performanda, @iter
method of identifying, analyzing, evaluating, and treating risk, and guidance
integrating the method into decision making. The group consisted of nominated experts

from 28 countries and specialist organizations. ISO defined risk as theoéffect



uncertainty on objectives. Uncertainty was defined as the result of internaltanthéx
factors that may interfere with or aid in achieving the objectives. Rialrient was
considered the act of changing the probability and degree of both negative ane positi
consequences in order to increase the project benefits. 1SO defined perforntariae cri
to ensure effective risk management. First, risk management mustasrdaistect
value. It must be a part of all organizational processes as well as decisiog.mBke
method must address uncertainties as well as human and cultural factors. Adge met
must be systematic, structured, timely, and tailored as well as used thediable
information. It must also be transparent and inclusive as well as dynanaittyé@eand
responsive to change. Finally, the method must promote continuous improvement within
the organization. 1SO also defined a process for risk management. The method is base
on multiple steps, all of which require iteration between both the steps and thes@soces
of communication and consultation as well as monitoring and reviewing.
Communication and consultation involve internal and external stakeholders. Monitoring
and reviewing are necessary as existing risks change and new rigks Dioe steps
include first establishing the context of the project. Second, completing a risk
assessment, involving risk identification, analysis and evaluation. Risk assessme
followed by risk treatment. Finally, the process must be implemented into the
organizational decision making process.

Burby (2006) discusses the growing trend in flood losses over the past century.
They argue that poor policy planning is to blame, both at the federal and local levels
They define two paradoxes: the safe development and the local government paradox.

The safe development paradox is based on the attempt of federal policy to redegce loss



through structural mitigation and building codes as well as disaster heligéver, the

result has been an increase in development in vulnerable areas. The local government
paradox states that the avoidance of disaster losses is not a priority fafficcaks.

Burby (2006) argues that the most efficient approach to mitigate lossebenadhre,

risk is the requirement of local governments to restrict development in vulnarabke

Godschalk (2006) explains a nonstationary approach to risk assessment based on
a method known as the ‘Buildout Analysis’. A buildout analysis analyzes the edffects
future landuse patterns on a watershed to aid in the evaluation of potential consequence
and, therefore, potential alternative for future growth. Many communities have
conducted buildout analyses to encourage the wise use of floodplains to mitigate the
vulnerability and, therefore, the risk associated with flooding. SuccessfdoBuil
Analyses have been conducted in Mecklenberg County, North Carolina, and tloé state
Massachusetts.

Blais et al. (2006) analyzed whether existing floodplain management techniques
required by the NFIP address changing conditions in the watershed. Theedrhe
consequences (both losses and benefits) involved in the management of future conditions.
Qualitative and quantitative assessments were conducted through interviewssand a
assessment, respectively. Damages to current and future inventorydgistitegy and
future 100-yr floodplain were analyzed. The results showed an increase ineddnoag
flooding that would results from future development within the watershed. The costs
associated with managing future floodplain conditions were determined negiigible

comparison to the potential consequences. Blais et al. (2006) recommend that
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communities manage future conditions within the watershed in order to mitigaigkthe
of flooding.

The Federal Emergency Management Agency (FEMA) developed the HAZUS
software program to provide loss estimates for wind, flood, and earthquake events on a
regional basis. The flood model is expected to assist in flood risk mitigation, respons
and recovery preparedness by providing local, state, and regional officraddl as
consultants with regional risk estimates. The methodology consists of two basi
analyses: (1) Potential Earth Science Hazards and (2) Damage Analysike ffood
model, the potential earth science hazard analysis characterize®time ror coastal
inundation and velocity based on the frequency and discharge of the event and ground
elevation of the study region. The expected loss estimate accounts for both $tanctura
economic factors. The loss estimates are based on vulnerability curvespddviebm
the hazard analysis.

The program consists of three levels of complexity which vary based on the input
required by the user and the level of analysis conducted within the program. The highe
the level, the more sophisticated the loss estimate will be. Level one raginnesl
effort by the user and the loss estimates are based on default data within iH8 HAZ
program. The user is required to specify the study region and input the topographic data
for the region. Levels 2 and 3 require more extensive inventory data and hazard
information from the user.

The default data within the HAZUS program assesses damage to the general
building stock within the United States as well as national data for e$$aailities such

as police stations, high potential loss facilities such as stormwategeraaat
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structures, transportation and lifeline systems, agriculture, vehicles, muoddghics.
This information is available on the census block level for the flood model.

In addition to the assessment of the hazard, the HAZUS program also provides the
ability to incorporate a flood warning into the scenario in order to mitigate loskes. T
risk reduction based on a flood warning is estimated based on the U.S. Army Corps of
Engineers approach which uses the “Day” curves.

Uncertainties exist within the estimated economic and structural loseesus@
of national data as a representation of a regional analysis createsiatiesrt The level
of inputs provided by the user aids in the reduction of these uncertainties. The program
does not currently provide uncertainty estimates. Therefore, results shouldl lvathse

caution.
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3 Development of Method to Detect Multinonstationariy

3.1 Introduction
Many statistical tests have been developed to detect different typesngiech

within a data series. Popular statistical tests to determine whether be niatté are
correlated or that a gradual trend exists include the Kendall Tau test, the AteSty
and the Spearman-Conley test. The Two-sample t-test and the Mann-Whitmeyeho
test for an abrupt change in the mean rather than a gradual trend. In addition to the
variation within the null hypothesis, different tests require different assomsgin be
applied to a data set. For example, the Kendall Tau test, ANOVA test, and the two-
sample t-test are each parametric tests, which means that cettédtii® assumptions
are required to ensure the full power of the test. The Spearman-Conley test and Mann
Whitney test are each non-parametric tests, which means they do not resjtilvatain
assumptions for the data. While the Kendall Tau test is a parametric tksst,caa be
categorized as a rank-based test along with the Spearman-Conley antMkiiamey
tests.

While high power in detecting secular trends is important, it is also important that
statistical tests are sensitive to partial trends. Nonstationdoydasuch as climate
change and urbanization, have and will continue to influence hydrologic data. As a
result, many climate change and urbanization time series contain paritdadrends.
For example, temperature data might be available for the past century; hawamgr
records only show noticeable increases in temperature starting in the 1970igiséjke
urbanization often occurs over a short period of time and then slows down. Therefore,
results of statistical tests can be misinterpreted if the entire &ries $s analyzed rather

than the period of time during which climate change and urbanization occur.
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Partial duration trends can be detected through statistical tests on change points
within the data, where change points are defined as discontinuities in a tieseasettie
result of outside factors such as environmental changes (Reeves et al. 2007). rHoweve
few tests currently exist to identify change points in data series. Reteaie$2007)
explained and compared existing change point tests including the standard normal
homogeneity (SNH) test, the nonparametric SNH test, two-phase iegrekgVang
(2003), TPR of Lund and Reeves (2002), method of Vincent (1998), Akaike’s
information criteria, Sawa’s Bayes criteria, as well as a method dedelatien the
study. However, Reeves et al. (2007) emphasized that these tests assunmedsiat at
one change point exists within a data series examined. Wang and Feng (2004 propose
a semi-hierarchical splitting algorithm for the detection of multiple chaoges;
however, an actual test does not currently exist to detect multiple changevaithirnt a
time series. Additionally, time series differ from a random variable betheg#edictor
variable has a uniform rather than a normal distribution. Therefore, most exestingl®
not apply to time series. Therefore, the goal of Objective 1 was to devekifa te
identify both the location and significance of multiple change points in a time.sdie
theory development and results will be discussed herein.

3.2 Development of Change Point Test
In a nonstationary environment, outside factors, such as changes in watershed
characteristics, will influence the statistical charactesstica time series. In some
cases, an outside factor may influence the data during a portion of therieseasée
then stop. For example, urbanization may occur only over a period of two decades within

a 60-year time period. This would result in the occurrence of two change points withi



the time series: (1) the time at which urbanization begins and (2) the timecht whi
urbanization ends. In the event of multinonstationarity, multiple factors will have
influenced the data over all or parts of the series, which will also result iiplaul

change points within the time series. These change points could occur simultaneously
at independent times within the time series. Therefore, regardless of thermafm
nonstationary factors that influence the time series, multiple change ponexist

within a time series.

The addition of a nonstationary factor would result in a change in the slope of the
data. This change could consist of an increase, decrease, or stabilization of.the data
With this in mind, the first approach attempted in this study for the development of a
change point test was to adjust the Kendall Tau test. The Kendall Tau test isriupow
statistical test to detect a monotonically increasing or decreasimgjitr the data. The
Kendall Tau test was adjusted in two ways in an attempt to develop a test to detect
change points in a time series. First, the Kendall Tau test was sijstdiyapplied to
sub-samples within the data and the test statistic equaled the sum of the ré&sulting
statistics. Second, the Kendall Tau test was systematically applied sarsptes within
the data and the test statistic equaled the greatest differencehdteeesulting Z-
statistics. The results showed that the Kendall Tau test was not sensitivtgato pa
duration trends and, therefore, change points within the data. Appendix A explains the
methodology and results for this approach.

The second approach was developed based on the following relationship between

the slope and correlation coefficient:

b=pr2L Eq. 3-1

S
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in which ‘b’ = the slope coefficient, ‘r' = the correlation coefficients $he standard
deviation of the predictor variable (time), ang: $he standard deviation of the criterion

variable. This relationship can be solved for the correlation coefficientlawgol

r=p*-=2 Eq. 3-2.

R
Therefore, the correlation coefficient is directly related to the slopearation within
the data and is representative of a change in the time series.
The Fisher’s ‘Z’ transformation converts the sample correlation coefffitoea

normally distributed Z-value based on the following equation:
-TUGB-W Eq. 3-3.

Therefore, if a sample affected by multinonstationarity was divided intopheusiub-
samples, and the Z-values were calculated for the data within each Suib;dhm
variation between the Z-values would be the greatest when the sub-samplegladadi
the location in which the changes in the data occurred. This theory was used in the
development of the following test statistic based on the variance of the tadcdia

values:

T=M X — Eq. 3-4

where m = the number of sub-samples; n = the sample size for each sub-samap i; a
= the Z-value calculated in Eq. (3) for each sub-sample. The test statstit be

applied systematically to sub-samples within a time series and tlsasylles that
provide the largest calculated T-statistic would reflect the change paatiolag within

the time series. Based on this test statistic, the null hypothesis Btatashange point

does not exist within the time series. Likewise, the alternative hypststates that a



change point does exist within the time series. The null hypothesis can be tested for
multiple change points using the test statistic.

3.3 Development of critical values

The first step to assess the developed test statistic was to deternuntcile
values. Under the assumption of normally distributed random variables, thesTiestati
follows a chi-square distribution; however, time series differ from a gedatalset in
that the predictor variable is not a random variable because it is uniformlytrethe
normally distributed. The predictor variable is a sequence of integer valhesefore,
the chi-square distribution could not be used to determine critical values for tlge chan
point T- statistic. Instead, critical values were determined throughatioml

Data were simulated for 5,000 samples of varying sizes based on the null
hypothesis that a change point does not exist. The T-statistic was Sicstyrapplied
to varying sub-samples within the time series. Then, the maximum caictilatatistic
was stored for each simulation. The 5,000 stored T-statistics were then ramk#d: a
test statistics in the 995" 99" and 99.8 percentiles were stored as the critical values
for the 10%, 5%, 1%, and 0.5% level of significance, respectively. The T-statistic
within these percentiles represent a Type | error, in which the null hypothesjected
when a change point does not exist.

This method was repeated for time series based on different correlation
coefficients (i.e., different trends). Since the distribution of the correlatiefficent
changes with the value of the coefficient, the critical values showed sliggtioaibased

on the correlation coefficients analyzed. Therefore, a power model was fitcititted



values as a function of the individual correlation coefficients calculateshfiir sub-

sample within the test. The following functional form was fit to the critickiesa
CV = A*paranf Eq. 3-5

in which CV = critical value, A and B and defined in Table 3-1 for the 10%, 5%, 1%, and

0.5% levels of significance, and param is defined by the following equation:

4
param =—

Eqg. 3-6

where ‘i' designates the sub-sample, m = number of sub-samples, n = sub-siaepl

and r = correlation coefficient for sub-sample.

Table 3-1. Coefficients for Critical Value Power Model.

Alpha | 0.50% 1% 2.50% | 5% 10%
A 11.9522| 10.662| 8.794| 7.514] 5.974
B 0.16835| 0.1809| 0.1832 0.1989 0.20Y

3.4 Verification of Critical Values

The critical values were verified through simulation. Multiple analysae
conducted in which 1,000 samples were simulated with a sample size of 120 divided into
three even sub-samples, a mean of 1,000, and a standard deviation of 50. Each analysis
consisted of three parts, one null hypothesis scenario and two alternative bigoothe
scenarios. Then, a different correlation coefficient was applied to eacharsiples For
example, the first analysis tested a correlation coefficient of 0.9. Forlthg/pathesis

scenario, data within each sub-sample was simulated based on the followingrequati

[ [$3 ?R &:& $\ ] nx:3 Eq. 3-7



where z is a randomly generated number based on the normal distribution with a mean of
zero and standard deviation of one arefjuals 0.9 for each sub-sample. The alternative
hypothesis scenario consisted of data simulated based on the same equation for each sub
sample, butir= 0.9, p = 0, and = 0.9. The different r-values for each sub-sample will

result in two statistically significant change points within the data,difference in R

greater than 5% is considered statistically significant. The seconabdikerhypothesis
scenario consisted of ¥ 0, L = 0.9, andy= 0.9. This would provide one statistically
significant change point within the simulated time series. This analgsiconducted
forr=0.9,r=0.7,r=0.5, and r= 0.3. The resulting test statistic and critical vatues w
calculated and are shown in Table 3-2.

The results show that for the null hypothesis scenarios, the null hypothesis is
accepted, as expected, regardless of the correlation coefficient analyze alternative
hypothesis scenarios result in the rejection of the null hypothesis forell lefv
significance for the scenarios with r = 0.7 and 0.9. The null hypothesis is refarctied f
10% level of significance for r = 0.5. The null hypothesis is accepted for r = 0.3y ishic
understandable considering this corresponds to?amlRe of only 0.09. These results
imply that the critical values result in the appropriate test conclusionarfgaiss that

contain change points.

Table 3-2. Verification of Critical Values for Sample-Size N= 120; Sub-Sangl|
Sizes: n1=40, n2 =1000.

Level of Significance

R1 R2 R3 T 0.5 1 2.5 5 10
0.9 0.9 0.9 1.122 11.742 10.468.626| 7.358 | 5.845
0.9 0 0.9 46.861 10.967 9.721 8.008.788 | 5.375




Level of Significance

R1 R2 R3 T 0.5 1 2.5 5 10

0 0.9 0.9 46.855 10.967 9.721 8.008.788 | 5.375
0.7 0.7 0.7 1.500 11.256 9.996 8.238.999 | 5.549
0.7 0 0.7 15.495 10.513 9.289 7.648.457 | 5.102
0 0.7 0.7 15.080 10.513 9.289 7.648.457 | 5.102
0.5 0.5 0.5 1.822 10.63§ 9.406 7.71455463|5.176
0.5 0 0.5 5.893 9.934 8.740 7.195.039 | 4.759
0 0.5 0.5 5.783 9.934 8.740 7.195.039 | 4.759
0.3 0.3 0.3 1.775 9.759 8.575 7.053.914 | 4.656
0.3 0 0.3 2.284 9.115 7.960 6.548%.456 | 4.281
0 0.3 0.3 2.284 9.115 7.969 6.548%.456 | 4.281

The analyses were repeated for a standard deviation of 250 to determine the
sensitivity of test statistic to variation within the data. The resultshagrsTable 3-3.
The results suggest that the critical values perform just as effgctiegardless of the

increase in variation within the data.

Table 3-3. - " # -
$! " ! =1000.

Level of Significance

R1| R2 | R3 T 0.5 1 2.5 5 10
0.9/0.9/09| 1.1725 11.7421 10.4607 8.625 7.3582  5.8451
09| 0 | 09| 47.0124 10.9673 9.7209 8.008 6.7881  5.3746
0 [0.9/0.9| 46.6437 10.9673 9.7209 8.008 6.7881  5.3746
0.7/0.7/0.7| 1.4585 11.2556 9.9958 8.237 6.9994  5.5488
0.7 0 | 0.7] 13.9499 10.5130 9.2889 7.648 6.4571 5.1021
0 [0.7/0.7| 15.1872 10.5130 9.2889 7.648 6.4571 5.1021
0.5/0.5|05| 1.7316 10.6358 9.4055 7.745 >3 5.1755
0.5 0 | 0.5] 6.0423 9.9340 8.7403 7.190 6.0391  4.7588
0 [ 05/05| 6.0215 9.9340 8.7403 7.190 6.0391  4.7588
0.3/0.3/0.3| 1.7083 9.7594 8.5753 7.053 5.9139 4.6562
0.3| 0 | 0.3] 2.2697 9.1154 7.9688 6.548 5.4556  4.2813
0 [0.3/0.3] 2.3323 9.1154 7.9688 6.548 54556  4.2813
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For the final analysis, the sensitivity of the critical values to uneven soplss
was tested. The data were simulated based on the same method previouslyddescribe
however, the sample was divided into sub-samples of 30, 60, and 30 data values. The
results are shown in Table 3-4. The results suggest that the test performsasywailly
for uneven sub-samples as with even sample sizes.

Table 3-4. Verification of Critical Values for Sample-Size N= 120;# -
$! "% " =1000.

Level of Significance
Rl1 | R2 | R3 T 0.5 1 2.5 5 10
09| 09| 09 1.2301 11.7421 10.46078.6259 7.3582| 5.845]L
0.9 0 0.9| 54.9257  10.448¢ 9.2279 7.5972 6.4105 5.0638
0 09| 0.9 37.651 11.1869  9.9302 8.183 6.949 5.5072
07| 07| 0.7 1.4733 11.2556 9.99%8 8.2317 6.9994 5.5488
0.7 0 0.7| 18.1145  10.0159 8.8178 7.2554 6.098 4.8071
0 0.7 | 0.7| 121805 10.7234 9.4889 7.8148 6.6101 5,228
05| 05| 05 1.8096 10.6358 9.40%5 7.7453 6.5463 5.1755
0.5 0 0.5 6.889 9.4644 8.2971 6.8216 5.7082 4.4837
"/
3
2
P

0 05| 05 4.7856 10.133 8.9285 7.347 6.1822 4.8763
03] 03| 0.3 1.7426 9.7594 8.57%3 7.053 5.9139 4.6562
0.3 0 0.3 2.8011 8.6845 7.5647 6.212 5.1522 4.0338

0 03] 03 1.8865 9.298 8.1405 6.691 5.585 4.887

3.5 Verification of Test Statistic

The test statistic was then verified using simulated data. Samplesimetated
with the following characteristics: (1) slope = 1; (2) mean = 1,000; and standaré error
0.1. The data consisted of two change points. The first sub-sample contained zero slope,
the second sub-sample contained the designated slope, and the third sub-sample a zero
slope in the third sub-sample.

Multiple analyses were conducted in which two change points were simulated

within the data. Each analysis consisted of a different combination of totallessize



and change point locations. Then, the sample was divided systematically into sub-

samples and the test statistic was calculated for each testcstaliséi maximum test

statistic was then determined, and the associated change point locationsaasheel

critical values were stored. Table 3-5 shows the results for each anahydisted. The

results suggest that the test statistic detects the change point locatiorpiis or minus

one of the actual simulated change point location. Likewise, the calculateiisiiesta

suggest very significant change points in the data.

Table 3-5. Detected Change Point Locations and T-Statistics for Slope = 1 a8d =

)

4

0.1.
Simulated Change Point | Detected Change Point
Location Location
CV alpha T-
n 1 2 1 2 =1% Statistic
40 80 39 81 9.7937 881.341
200 40 120 39 121 10.339 1688.1
60 100 59 101 9.935 864.81
60 140 59 140 10.622 1649.¢
30 60 29 61 9.748 608.88
150 30 90 29 91 10.444 1140.2
45 75 44 76 10.178 590.73
45 105 45 106 10.415 1128.7
20 40 20 41 9.5541 321.5
100 20 60 20 60 10.822 601.32
30 50 29 51 9.5176 347.97
30 70 29 71 10.471 653.84

Figure 3-1 shows the response surface as the test statistic msagica#ly applied

for different sub-samples and, therefore, change points. The response sudiaae is

sample size of 200 and change points located at 60 and 140. The response surface

suggests that as the change point location tested nears the actual charigeaiwmin,

6



the test statistic value increases, which would be expected. Likewike,@smnge point
locations tested deviates from the actual change point locations, thetealdcat

statistic decreases. This suggests that the theory behind the test petistms as

expected.
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Figure 3-1. Response Surface of Test Statistic for a Sample Size Equal to 20@ an
Change Points Located at 60 and 140.

Two additional analyses were conducted in which the slopes within the second
sub-sample were decreased from to 0.5 and then 0.1. The purpose was to test the
sensitivity of the test statistic the ratio of the standard error to theasthdeviation.
Decreasing the slope will increase the standard error ratio. The resudtsoam in

Tables 3-6 and 3-7 for the slopes of 0.5 and 0.1, respectively.



Table 3-6. Detected Change Point Locations and T-Statistics for Slope = 0.5 &l

=0.1.
Simulated Change Point Detected Change Point
Location Location
CV alpha
n 1 2 1 2 =1% T
40 80 39 81 9.3379 668.55
200 40 120 39 119 10.38 13497
60 100 59 101 9.4811 724.81
60 140 61 141 10.263 1333,8
30 60 29 61 9.6327 544.99
150 30 90 29 89 10.557 865.31
45 75 44 76 9.7238 453.63
45 105 45 106 10.362 887.93
20 40 20 41 9.8183 206.78
100 20 60 20 61 10.439 487.58
30 50 29 51 9.5798 239.87
30 70 29 71 10.689 520.97
Table 3-7. Detected Change Point Locations and T-Statistics for Slope = 0.1 &l
=0.1.
Simulated Change Point Detected Change Point
Location Location
CV alpha
n 1 2 1 2 =1% T
40 80 38 83 9.9143 367.72
200 40 120 38 123 10.755 623.03
60 100 59 101 9.7304 372.53
60 140 57 137 10.392 723.33
30 60 26 65 9.7365 194.38
150 30 90 28 93 10.56 473.15
45 75 42 76 9.533 216.07
45 105 43 106 10.589 441.97
20 40 20 43 9.4272 135.711
100 20 60 20 58 10.26 192.45
30 50 25 55 10.228 108.88




Simulated Change Point

Detected Change Point

Location Location
CV alpha
n 1 2 1 2 =1% T
30 70 26 68 10.446 207.2

It is apparent from Tables 3-6 and 3-7 that the test is sensitive to the random

variation within the data. While the change points detected are very close ttutile ac

change points, it appears that the test statistic consistently undatestthe first change

point and overestimates the second change point. The response surface is shown in

Figure 3-2 for the analysis consisting of a sample size of 200 and changequzited ht

60 and 140 and slope equal to 0.1. Compared to Figure 3-1, it is apparent that the

response surface in Figure 3-2 is flatter near the actual change poilanscathis

suggests that as the difference in the slopes and, therefore, the correldfioieciseof

the sub-samples decrease, the difference between the test statisicabdukated for

each potential change point location decreases as well. This is expedtiésinase

difficult to reject the null hypothesis for any trend detection test as raadoation

increase or the magnitude of the trend decreases.
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Figure 3-2. Response Surface of Test Statistic for a Sample Size Equal to 206p8&i|
Equal to 0.1, and Change Points Located at 60 and 140.

It is clear from the response surfaces that the test statistics fatiglbthange
point locations within the vicinity of the simulated change point locations providg near
equal and statistically significant test statistic values. The dntadaes for the
individual test statistics were analyzed for each combination of potehiabe point
locations to determine whether a relationship exists between the tessicséaud the
critical value. In the event that the critical value calculated for thereift sub-sample
increases as the test statistic increases, the test statisBcaatial change point location
may be more statistically significant even if another location providEagar test
statistic value.

The analysis region was limited to the change point locations that encompassed

both the simulated and calculated breakpoints of the sample. The calculatedistist st



and critical values for the region of analysis are shown in Tables 3-8 and 3-9,
respectively. The maximum test statistic and the test statistisef@ctual change point
locations are highlighted. Likewise, the critical values associatédhgttwo change

point locations are highlighted in Table 3-8. While the change point locations of 57 and
145 provide the greater test statistic, it is apparent from Table 3-8 thaitited calue is

also larger but not significantly. This is because the critical valuegm@séige to the
correlation coefficients of the individual sub-samples. This suggests thaairaum

test statistic may not be the best indicator of the change point locations, buthrather
rejection probability associated with the test statistic at each clpangdocation may

be a better indication of the actual change points.

Table 3-8. Test Statistic Values for Analysis Region for Sample Size Equal200,
Slope equal to 0.1, and Change Points Located at 60 and 140.

Change Point 2
Change Point

1 140 141 142 143 144 145

57 702.79| 702.29 71255 730.45 720. 730.96

58 679.67| 683.65 683.2Y 693.55 711.37 701,96
59 699.87| 688.77 693.28 692.83 703.31 72139
60 679.54| 689.14 678.54 683.2 683.14 693,77
61 657.96| 677.7| 687.52 677.57 682.67 683/02
62 632.64| 656.7| 676.583 686.54 677.11 682/64

Table 3-9. Critical Values at the 5% Level of Significance for Analysis Regn for
Sample Size Equal to 200, Slope equal to 0.1, and Change Points Located at 60 and
140.

Change Point 2

Change Point

1 140 141 142 143 144 145
57 6.4952| 6.5338 6.5368 6.5099 6.5] 6.4886
58 6.4988| 6.5327 6.5704 6.5733 6.54/1 6.5b5

59 6.3672| 6.457| 6.4918 6.5305 6.5385 6.5066
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Change Point 2
Change Point
1 140 141 142 143 144 145
60 6.3519| 6.3618 6.4519 6.4867 6.52b6 6.5286
61 6.3417| 6.2966 6.3069 6.4001 6.436 6.4761
62 6.3591| 6.2885 6.2418 6.2525 6.3488 6.386

3.6 Conclusions

The results of this study suggest that theory behind the test statislicpbelve
accurately detects multiple change points within a time series. Howievigatibns do
exist with the application of this test statistic. The current method séthecmaximum
test statistic calculated based on a systematic application of thetesicsio potential
change points within a time series. A more accurate approach would be to edleailat
rejection probabilities associated with the test statistics cadclddteach potential
change point location. Based on these results, it is recommended that futanehrbse
conducted in which the distribution of the critical values is determined. This would
enable the rejection probability to be calculated for every test statatier than only
the 10%, 5%, 2.5%, and 1% levels of significance.

The development of a statistical test to detect multiple change poihis wiime
series improves the state of the art in change point detection. Curretiiyngegoint
test that can detect more than one change point within a time series is noteavailabl
(Reeves et al. 2007). The detection of multiple change points will become inghgasi
important as multinonstationarity continues to influence hydrologic data. Kdgevief
change point locations will aid in the optimal modeling of hydrologic data hasve

other time series that are influenced by multiple factors.



4 Development of Climate Change and Urbanization Adjatment
Factor

4.1 Introduction
Climate change scenarios are based on the assumption of significant temporal

increases in greenhouse gas emissions during the twenty-first centling leachanges

in temperature and preciptation. As a greater percentage of the populatemirsett

urban areas, urbanization scenarios indicate significant temporal indreases
imperviousness during the twenty-first century. Each of these factors Witk the
hydrologic cycle and, therefore, flood risk. The goal of Objective 3 is to develop a
method to adjust annual maximum flood data to climate change and urbanization
conditions at a design year. The adjusted time series can then be used to cdoddct a f
frequency analysis. The return periods of floods under future climateechadg

urbanization conditions can then be estimated. The development of each component will

be discussed in detail herein.

4.2 Development of Multinonstationarity Model
To develop a multinonstationarity model, the individual effects of each variable,

climate change and urbanization, on flooding were considered. The first step was to
determine whether the method should adjust peak discharge values simultaneously or
individually for urbanization and climate change. For an individual approach, physical
reasoning would be necessary to support the sequential order in which adjustenents ar
made. Therefore, a review of the influence of each component on the hydrologic cycle
was conducted.

In Chapter 2, the effects of climate change were discussed based on the IPCC

findings as well as individual studies. The studies show a global increase inaemger



in response to increases in greenhouse gas emissions. An increase in the watgr-holdi
capacity of the Earth’s atmosphere accompanies and an increase in evaporati
accompany an increase in temperature (Trenberth 1999). The increase in atimosphe
moisture content is expected to enhance precipitation and snowdal(katrl et al. 1995).
More intense rainfall events will result in more runoff and greater floodsnlbe

assumed that evaporation will not play a role during the occurrence of preaipitati
events and, therefore, increased evaporation rates will only mitigate flobdbugh the
reduction of antecedent moisture conditions during rainless time periods. Tagiiefo
main effect of climate change on flood risk is the change in precipitatiomrzaitéh
increased greenhouse gas concentrations.

Many studies have shown the effects of urbanization on flooding. Changes in
land cover involved in urbanization tend to decrease infiltration capabilities of the
watershed and therefore, alter runoff characteristics. This leads tasesri@ runoff.
While theories regarding the “heat island effect” of urbanization eRisfpatential
effects of urbanization on climate change and, therefore, precipitationgmered for
this study. Therefore, the urbanization effect considered in this study icthase in
runoff that results from a lower infiltration amounts, faster runoff times reduced
surface storage such as depression and interception storages.

Based on the individual effects of climate change and urbanization on the
hydrologic cycle, it was determined that the adjustment method should includeuradlivi
components to consider each factor separately. The main effect of climateon
flood risk results from the change in precipitation patterns, while the maat effe

urbanization results from the change in runoff caused by a precipitation evergfoldye
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the structure of the adjustment model was developed to account first forectinaatge
and second for urbanization in order to follow the sequence of the physical processes
influenced by each factor.

Figure 4-1 provides a diagram of the adjustment model structure. The model
includes three components: (1) a climate change adjustment method for an observed 24
hour precipitation event based on a climate change scenario; (2) the conversion of the
design and observed year rainfall event to a peak runoff event; and (3) an didraniza
adjustment method for the resulting design and observed year peak runoff events based
on the design and observed year urbanization conditions, respectively. Natestnat i
component, an estimated value for both the observed year and design year atedalcul
The final adjustment factor developed through the model is a ratio of the estidesign
and observed year peak discharge for the respective climate and urbanizadiitiores.

This ratio is then multiplied by the observed peak discharge value from tiveabtiigne
series. The development of each of the three components within this model will be

discussed herein.
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Figure 4-1. Diagram of Climate Change and Urbanization Adjustment Method
Structure.
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The climate change adjustment method required a physically rational eppooa

transform an observed 24-hour rainfall event to future climate change conditions. The

goal was to estimate the expected change in heavy rainfall intensitirogdor a

specified climate change scenario and then apply the estimated changetsetived

precipitation record. As stated in Chapter 2, many uncertainties ssiliveihin GCM

climate response predictions. Despite these uncertainties, GCMs cuprenitie the

best physical estimate of future climate changes based on rdaliste emissions

scenarios. Therefore, the climate change adjustment method was developddeusing

precipitation data compiled based on IPCC emission scenarios through the World

Climate Research Programme’s (WRCP’s) Coupled Model Intercompatisgection

phase 3.
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4.3.1 Retrieval of GCM Data
The World Climate Research Programme's (WCRP's) Coupled Model

Intercomparison Project phase 3 (CMIP3) multi-model dataset consists afechmodel
output from past, present, and future climate simulations from multiple GCMs. Output
variables are available for 3-hourly, daily, and monthly time periods dependihg on t
model and variable. The data are provided for rectilinear latitude-longitiatse \gith

the resolution varying for each model (Meehl et al. 2007).

The CMIP3 multi-model dataset provides climate simulations based on different
emissions scenarios. Each participating modeling group was required to provide a
twentieth century simulation (20C3M) as well as additional scenarios fangary
emissions projections. For this study, simulated precipitation data weyzeth&r the
SRES A2, A1B, and B1 scenarios, which represent low, medium, and high emission
rates, respectively (Meehl et al 2007). The 20C3M experiment was conductethé
year 1850 to 2000 and used observed greenhouse gas emissions. SRES A2, A1B, and B2
were conducted from the year 2000 to at minimum, the year 2100. Each of these
experiments used the end of the 20C3M run as the initial conditions and used the
greenhouse gas emissions projected for the specified climate changeos@édeahtiet al.
2007) (See Chapter 2 for further explanation of emissions scenarios).

Daily precipitation data were retrieved for this study from the CMIB&im
model dataset. Precipitation flux was provided with the units ¥g/amd included both
liquid and solid phases. The density of water equals 1 gram per cubic centimeter.
Therefore, 1 kilogram of water equals 1000°crfihis volume distributed over 1°m

equals 1 mm. Therefore, precipitation flux was converted to a daily depth (mmyday) b
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multiplying the variable by 86,400 seconds/day (http://www.narccap.ucar.edd&iata
tables.html).

The precipitation data were retrieved from the CSIRO Mark 3.5 GCM because
this model provided daily precipitation values for every decade in the twemnkth a
twenty-first century, rather than just the four decades specified in thEEMI
requirements. The grid resolution of the CSIRO Mark 3.5 model was 192 x 96 and the
vertical resolution was 18.

To retrieve precipitation data from the CSIRO model, the latitude and longitude
coordinates for an area of interest were required. The GCM outputs represent the
precipitation within the latitudinal and longitudinal bounds that define each grid cell. The
study area selected included the states of Maryland, Virginia, and Delemensure the
developed method would be applicable to multiple watersheds and still account for
regional precipitation patterns. The region excluded mountain ranges in thenwpeste
of Virginia as the physical processes would likely be different from tho$eof t
remainder of the region. This exclusion does not limit the anlayses. The grichatesdi
from which precipitation data were retrieved for the three emissionsrexzeaee listed
in Table 4-1 and the grids as well as the defined study region are shown in Figure 4-2.

Table 4-1. Latitude and Longitude Bounds for Grids 1 through 12 from the GIRO
Mark 3.5 GCM.

Grid 1 2 3 4 5 6 7 8 9 10 11 12

Lat. 354 | 373 | 41.0| 354 | 37.3| 41.0| 354 | 37.3| 41.0| 354 | 37.3 | 41.0
(N) 373 39.1|39.1| 37.3|39.1|391| 373|391 391 | 373 | 39.1| 39.1

Long. 815|815| 815|796 | 79.6 | 79.6 | 77.8| 77.8| 77.8| 759 | 759 | 75.9
(W) 796 | 79.6 | 796 | 77.8| 77.8| 778 | 759 | 759 | 759 | 740 | 74.0| 74.0




&I

N
[ 3 6 9 12
2 5 8 1
1 4 7 10
Legend
[ | cSIRORegion

[ | MD-VA-DE Study Region

Figure 4-2. CSIRO Model Grids within Study Region for Precipitation Data

4.3.2 Development of Annual Maximum 24-hr Precipitation Time Series
Daily precipitation flux data were downloaded from the CSIRO model for each of

the 12 grids and the three specified emissions scenarios from 2001 to 2100, as well as the
20C3M scenario from 1901-2000. The precipitation data were converted to depths
(in./day). Next, the annual maximum 24-hr precipitation event was identified and store

for each data set. The 20C3M scenario, representative of the twentieth censuthema
combined with each of the three emissions scenarios to provide three timérgpries

1901 to 2100 based on twentieth century emissions and the twenty-first century
scenarios: A2, A1B, and B1. The annual maximum 24-hr precipitation time seribe for

12 CSIRO cells are shown in Figures 4-3, 4-4, and 4-5 for the A2, A1B, and B1

emissions scenarios, respectively.
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Figure 4-3. Annual Maximum 24-hr Precipitation Time Series for the SRE A2.
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Figure 4-4. Annual Maximum 24-hr Precipitation Time Series for the SEES A1B.
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Figure 4-5. Annual Maximum 24-hr Precipitation Time Series for the SRE B1.

4.3.3 Selection of Annual Maximum Precipitation Distribution
With the annual maximum preciptiation time series available for each difrde t

emissions scenarios, the next step was to select the appropriate distribution wgboto whi

analyze the changes in precipitation characteristics. Based on previopgatieni

studies (Kharin and Zwiers 2005; Koutsoyiannis 2004; Martins and Stedinger 2000), the

general extreme value (GEV) distribution was selected (see Chaptes @dscripition

of the GEV distribution).



The GEV distribution uses three parameters, the location, scale, and shape
parameters. As described in Chapter 2, the shape parameter denotes whetleer the da
represent a Type |, I, or Il distribution, with the Type Il distribution behmgmost
common for hydrologic data. While some studies represent the Type Il distilath
a negative shape parameter and the Type Ill with a positive shape pardmeedpposite
notation has been selected for this study. Therefore, a positive shape paralineter w
represent the Type Il distribution. This notation was also adopted by Kharin ang Zwie
(2005) and Koutsoyiannis (2004) and is also the notation applied in Matlab, the software
program used in this research to conduct the GEV analysis.

The Kolmogorv-Smirnov One-Sample (KS-1) test was applied to each of the 36
annual maximum precipitation time series to ensure that the GEV distribution was
representative of the data. To develop the null hypothesis for each of the anatyses, th
GEV parameters needed to be calculated; however, each data set consists of
stationary precipitation data, as they represent changes in climatéh&dwentieth to
the twenty-first century. Therefore, GEV parameters calculated frerarttire data set
would be inaccurate because the parameter values change throughout trer200 ye
Therefore, a method developed by Kharin and Zwiers (2005) was applied in which the
GEV parameters were calculated within 51-yr windows throughout each 2ideyr t
series. The parameter value that was calculated within any 51-yr tirod pas
assigned to the middle year within the 51-yr window. The method of maximum
likelihood was used to calculate the parameter values. Kharin and Zwiers (2005) and
Semenov and Bengtsson (2002) discuss the advantages of using the method of maximum

likelihood rather than the method of moments. The result was 36 time series (three



emissions scenarios for each of the 12 grids) comprised of 149 parameter valaeh for e
of the three GEV parameters.

To conduct the KS-1 test, the median parameter values from the 51-yr window
analysis were selected to represent the population distribution, with the assuimgttion t
these values would provide the least deviation from the parameters duringemyimgie
period within the precipitation time series. Therefore, the null hypothesisdior ea
analysis stated that the precipitation data record represents a populatioidivatthe
GEV distribution with the parameters defined as the median shape, scale, and locat
parameter for each of the 36 time series. The median GEV parameterfgathesl2
grids are shown in Tables4-2, 4-3, and 4-4 for the A2, A1B, and B1 emissions scenarios,
as well as the resulting test statistic from the KS-1 Test.

For a sample size equal to 200, the critical value for the KS-1 test is 0.115 for the
1% level of significance. Therefore, the null hypothesis is accepteddonéthe 12
CSIRO grids and each of the emissions scenarios at the 1% level of sigeifiddns
implies that the GEV distribution is a good representation of the annual maximum
precipitation for each emissions scenario.

Table 4-2. Median GEV Parameter Values from the 51-yr Window Analysis and
KS-1 Test Statistic for the A2 Scenario.

Grid 1 2 3 4 5 6 7 8 9 10 11 12

KS-1 Test| 0.044| 0.045| 0.061| 0.059| 0.051| 0.082| 0.075| 0.047| 0.111| 0.044| 0.077| 0.057

Location | 1.79 | 1.67| 151 194 1.8 1.5 192 182 160 178 1.85 |[1.86

) 8
Scale 043 | 0.33] 031 035 03p 031 036 0.8 0{32 042 0.36 [0.38
Shape |-0.03| 0.00| -0.04 -0.1% -0.08 -0.09 -0.02 0.01 -0.05 -0.06 -pD.13 10.06




Table 4-3. Median GEV Parameter Values from the 51-yr Window Analysis and
KS-1 Test Statistic for the A1B Scenario.

Grid 1 2 3 4 5 6 7 8 9 10 11 12

KS-1 Test| 0.089| 0.088| 0.060| 0.080| 0.060| 0.070| 0.093| 0.066| 0.064| 0.041| 0.042| 0.061

Location | 1.86 | 1.75| 154, 190 180 161 191 182 164 1.77 1.80 |[1.84
Scale 040 | 0.36] 0.30f 036 03p 032 034 040 O0{34 041 0.38 .38
Shape |-0.02| -0.07| -0.04 -0.183 -0.112 -0.02 0.01 -0/04 -0.10 -0.04 -pD.16 :0.12

Table 4-4. Median GEV Parameter Values from the 51-yr Window Analysis and
KS-1 Test Statistic for the B1 Scenario.
Grid 1 2 3 4 5 6 7 8 9 10 11 12

KS-1 Test| 0.050| 0.055| 0.048| 0.042| 0.067| 0.047| 0.024| 0.045| 0.092| 0.058| 0.044| 0.034

Location | 1.77 | 1.65| 149 190 1.7 1.5 192 182 1|57 182 1.72 |[1.82

b 2
Scale 040 | 035 030, 036 03y 030 035 040 032 Q42 0.36 [0.37
Shape |-0.01| -0.04| -0.10 -0.10 -0.09 -0.06 0.03 0.08 -0.07 -0.09 -p.01 :0.05

4.3.4 Analysis of Change in GEV Parameters
The next step was to analyze the change in the GEV parameters as function of

time and the emissions scenario. The time series of the location, scale, and shape
parameters for each of the 12 grids and 3 emissions scenarios were anahgedhd
temporal change in each parameter was modeled. Model selection and fit¢ing for
each parameter and emissions scenario will be explained herein, followestbysions
of the calibrated models.

4.3.4.1 Model Selection

The selection of the appropriate functional form is necessary to ensure that
extrapolation from the beginning of the twentieth century and to the end of thetwenty
first century provides rational estimates. Model selection for each GEvhpaar time
series was based on an initial graphical analysis as well as phgsicaality. First,

each GEV parameter time series was plotted versus time and the rategd olas



analyzed throughout the time series. An appropriate model was then selectedrbase
these observations. For example, an exponential function was selected for dgrarame
time series in which the rate of change increased with time or a |dgistiton was
selected for a parameter time series in which the rate of changesatiad then
decreased with time.

The initial model selection was then analyzed for physical rationalite
expected changes in the precipitation distribution parameters are unknown; however,
assumptions can be made based on existing studies and trends in the emissions scenarios
themselves. Studies suggest that heavy precipitation events will increasgnituaie
while moderate events decrease in frequency in the Eastern United Staggseuvent in
an annual maximum precipitation time series can be considered a heavy pi@cipita
event. Therefore, increases in the magnitude of heavy precipitation events should be
reflected in changes in the location, scale, or shape parameters. An incibase i
location parameter would shift the precipitation distribution upwards and inchease t
storm magnitude for every return period. An increase in the scale paraffestir the
spread of the distribution, which enhances precipitation extremes. Changes irpthe sha
parameter influence the tail of the distribution, which also influences exeeemts.
Kharin and Zwier (2005) analyzed the global GEV parameters for preicipitaid
conclude that the location and scale parameters increased and the shapeparamet
experienced an insignificant decrease. The magnitude of these changt:seaoieally.
Based on these analyses, it can be assumed that the location and scaleparhmet
most likely increase with climate change and the model selected shoolthafar this

increase.



Emissions scenarios were also analyzed to provide additional information in
regards to the expected changes in the GEV parameters for each emcssians s The
emissions scenarios analyzed in this study (A2, A1B, and B1) change nonlinearly
throughout the twenty-first century (see Chapter 2 for more details). Thetére
precipitation distribution parameters most likely will not follow a linear model
Likewise, emission rates for the A2 and A1B scenarios are expected @smcre
throughout the twenty-first century while rates for the B1 scenario aretexipe
stabilize in the twenty-first century. Therefore, it is likely that theiprtation
distribution parameters will follow similar trends. While emission ratesthikely do
not directly affect the precipitation distribution parameters, the rate r&fase of
emissions for each scenario should be considered in the selection of a model stucture
parameter and scenario.

4.3.4.2 Model Coefficient Fitting Criteria

Once the model structure was selected, the coefficients wereyrfitisdsed on
numerical optimization. Then, the coefficients were subjectively adjuste@ whe
necessary to ensure that they provided rational models for the twentieth andfixgenty
century for each emissions scenario. For example, calculation of paranhetsrwihin
set window lengths results in a loss of data values at the beginning and end ofplee sam
Therefore, the developed models needed to be extrapolated both backwards and forwards
and the extrapolated models were assessed for rationality. Unfortuhttely
information is available to provide constraints for extrapolation to the year 2100;
however, verification was conducted at the end of the entire analysis to determi

whether precipitation projections that result from the final models coincidadttier



studies. For the twentieth century, the models would most likely be more stablleethan t
twenty-first century because the emissions rates were more stablatdsprojected for
the twenty-first century. Therefore, the models were adjusted to ensuettiagiolating
to the beginning of the twentieth century did not result in an irrational decre&se in t
parameter value.

In addition to the assessment of model rationality in extrapolation, it was
necessary that the models for the three emissions scenarios provide theE8ame G
parameters for the twentieth century. The emission rates in the twentigihycae
based on observed as opposed to projected values for the twenty-first century, and
changes in the emissions scenarios do not exist until the year 2000. Therefore, the
emissions rates for the preceding years should provide the same GEV pesamét
therefore, the same precipitation distribution.

Two issues arise that make it difficult to provide the same parameter {f@ues
the twentieth century for each of the three emission scenarios. Firstraheeper values
designated to a year after 1976 will be influenced by precipitation eventthaftgzar
2000, based on the 51-yr window within which GEV parameters are calculated. The
emissions scenarios, however, begin to diverge starting in the year 2000. Therefore,
despite the emissions scenarios being the same from 1900 to 2000, the GEV parameters
will differ slightly at the end of the twentieth century for the three domsscenarios as
they are influenced by events from the different scenarios. Second, if thestradelre
selected for a GEV parameter for the A2 scenario differs from that &fltlseenario, it
will be difficult to provide an exact fit for the three emissions scenarios itwirieth

century without a composite model, which can result in irrational model fits. oheref



final adjustments were made to the statistical model coefficientsdbr@gaV parameter
and emissions scenario to ensure that the differences between scenariosentibht
century parameter values were minimal.

Physical rationality was also ensured by comparing the parametes \@lG&V
parameters based on observed precipitation data within the MD-DE-VA region. IAnnua
maximum precipitation data were retrieved from 32 rain gauges, and the G&\epers
for each precipitation record were calculated. The parameter values werertipared
to ensure that magnitude of both the simulated GCM precipitation data and the observed
regional precipitation data were similar. Necessary adjustmentawegke when the
magnitudes differed significantly.

4.3.4.3 Location Parameter

For the annual maximum precipitation, the time series based on a 51-yr window
length for the location parameter provided parameter values from 1926 to 2074. Values
are lost at each end of the series as is characteristic of moving avkesage.f Values
of the median, mean, ®ercentile, and #5percentile of the parameter values
calculated for each of the 12 grids were computed. The results are shown &s Bigur

4-7, and 4-8 for the A2, A1B, and B1 emissions scenario, respectively.
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Figure 4-6. Median, Mean, 25th Percentile, and 75th Percentile of Location
Parameters for the 12 CSIRO Grid Cells from 1926 to 2074 for the A2 Scenario.
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Figure 4-7. Median, Mean, 25th Percentile, and 75th Percentile of Location
Parameters for the 12 CSIRO Grid Cells from 1926 to 2074 for the AB1 Scenario.
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Figure 4-8. Median, Mean, 25th Percentile, and 75th Percentile of Location
Parameters for the 12 CSIRO Grid Cells from 1926 to 2074 for the B1 Scenario.

Model Selection A graphical analysis was conducted for each of the three

scenarios to select the appropriate model structure. The rate of change of B&th the
and A1B location parameters appears to increase with time, which suggebtgtiha
parameter time series follow an exponential function. This function form was aanpar
to the globally averaged GEV parameters as a function of time developedby Khd
Zwiers (2005) for the A2 scenario and shown in Figure 4-9. Kharin and Zwiers (2005)
also found an exponential trend in the global location parameter. Based on the GEV
parameter graphs and verification by the globally averaged parantieéefsllowing
exponential model was fit to the location parameters for the A2 and A1B emissions

scenarios:

[ _ $_ ~=? Eq. 4-1.

with the coefficient values fit based on numerical optimization and adjusted focghysi

rationality.
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Figure 4-9. Rate of Change of the Shap&], Scale (), and Location () GEV

Parameters as a Function of Time for the Global Land Precipitation Distbution
for the A2 emissions scenario provided by Kharin and Zwiers (2005).

For scenario B1, however, the location parameter time series suggests thgd the
of increase in the parameter values begins to decrease towards the end aitirérsive
century (see Figure 4-8). This coincides with the emissions rate redwstiards the
end of the twenty-first century for the B1 emissions scenario (see ChapiEn&gfore,
the exponential model used for the A2 and A1B scenarios is not applicable. However,
the twentieth century portion of the model needs to be consistent for the threeoscenari
because the twentieth century emissions rates are based on measweghdadiess of
the twenty-first century emissions rates.

Based on these observations, a composite model was selected for the location
parameter for the B1 scenario. A slowly increasing exponential functioneleasesl for
the twentieth century followed by an exponential decay function for the twiesity-f
function. The composite model form is as follows:

[ _ ¢ =~ a=¥ for t<=t, Eq. 4-2



[ _ 0 ——— for t>t; Eq. 4-3

a gefoshfi
with the coefficient values calibrated through numerical optimization and therneabjus
for physical rationality.

Calibration of the Parameter ModelBor each of the three emissions scenarios,

the time series of the mean location parameter values for the 12 gridstiedréof the
selected models. The model coefficients were first determined based onaalimeri
optimization to ensure a least squares fit. Then, as previously discussed, tloeenbeff
values were adjusted slightly to ensure that the twentieth century values were
extrapolated at a rational rate. Final adjustments were also made rtazaithe
difference between the functions during the twentieth century to ensureniiat si
precipitation distributions would result regardless of the emissions scéeangp
analyzed. The coefficient values defined for the location parametetlasswee
goodness-of-fit statistics are shown in Table 4-5 for scenarios A2, A1B, and Bed=ig
4-10, 4-11, and 4-12 show the fitted functions for the A2, A1B, and B1 scenarios,
respectively.

Table 4-5. Fitted Coefficient Values for Location Parameter Models.

Emissions Coefficient Goodness-of-fit

scenario values
C1l 1.55 Se 0.013
AD C2 0.1115 | Se/Sy | 0.165
C3 0.0085 e -0.001
C4 |1928.186| ely 0
Cl 1.525 Se 0.017
ALB C2 0.1315 | Se/Sy | 0.171

C3 ]1926.008 e 0.006
C4 -1.388 ely 0.003
Bl C1 1.55 Se 0.026




Emissions Coefficient
scenario values

C2 | 0.1115 | Se/Sy | 0.417
C3 | 0.00852| e 0.016
C4 | 2186 | ely | 0.009

Goodness-of-fit

C5 1.227
C6 1.2
C7 1.7
C8 0.005
C9 13.4
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Figure 4-10. Location Parameter Model for the CSIRO Precipitation Data for RES
A2.
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Figure 4-11. Location Parameter Model for the CSIRO Precipitation Data for KRES
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Goodness-of-fit The relative biases for the adjusted models equaled 0, 0.003, and

0.009 for the A2, A1B, and B1 scenarios, respectively. Generally, the relativedfiases
less than 3% to 5% are not meaningful and certainly not statistically sagriifiThe
slight bias is the result of local biases within the data that are visiblgunegi4-10, 4-
11, and 4-12. This is most likely the result of calculating parameter valuesritai
sample sizes. The smaller the sample, the greater influence individua eitehaive
on the calculated parmeter value. This may create high and low points withimehe ti
series and, therefore, the local biases in the model. Even with the adjustments for
physical rationality, the models provide low bias with a few local biasésnvitie time
series for each scenario.

The ratio between the standard error and standard deviation for the A2, A1B, and
B1 scenarios equal 0.165, 0.171, and 0.417, respectively. This implies that the models
provide significantly better predications of the location parameter than e foreeach
scenario. While the models for scenarios A2 and A1B provide ratios witlvedyatne
same magnitude, B1 provides a ratio that is almost three times greated dBasigure
4-12, it appears that the total variation within the location parameter tims &eribe
B1 scenario is less than that of the A2 and A1B scenario. Likewise, the B1 model
experiences a greater local bias in the middle of the time series than thecetiaios.
Both of these factors most likely contribute to the greater ratio betwestatigard error
and standard deviation.

The goodness-of-fit statistics suggest that the location parameter models
developed for each emissions scenarios provide a good estimate of the chloo&ien

parameters. The models follow nonlinear trends, with A1B and A2 increasing throughout



the entire time series and B1 stabilizing in the 21 century. Both of these model
characteristics were hypothesized based on previous studies and the ratgefotha
each emissions scenario.

4.3.4.4 Scale Parameter
As with the location parameter for each emissions scenario, the time serie

developed using the sliding windows method for the scale parameter consisted ©f value
from the year 1926 to 2074. The time series of the median, méape&®ntile, and

75" percentile of the scale parameter for the 12 grids are shown in Figures-4413, 4

and 4-15 for the A2, A1B, and B1 emisions scenarios, respectively. While the location
parameter showed a smooth and slightly increasing exponential trend (ses Bigy 4-

7 and 4-8), the scale parameter (see Figures 4-13, 4-14, and 4-15) shows obvious peaks
and low points throughout the time series that may reflect the fact thattmese

moment is more variable than the first moment. Therefore, before the modeirstruc

was selected, the scale parameter time series were analyzednurdethe cause of the

local high and low points.
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Figure 4-13. Median, Mean, 25th Percentile, and 75th Percentile of Scale
Parameters for the 12 CSIRO Grid Cells for the A2 Scenario.
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Figure 4-14. Median, Mean, 25th Percentile, and 75th Percentile of Scale
Parameters for the 12 CSIRO Grid Cells for the A1B Scenario.
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Figure 4-15. Median, Mean, 25th Percentile, and 75th Percentile of Scale
Parameters for the 12 CSIRO Grid Cells for the B1 Scenario.

Analysis of the Scale Parametdfigure 4-16 shows an example of irrational

increases and decreases that occur in Grids 1 and 2 for the A2 scenario. In art@attempt
determine the cause of each individual increase and decrease, the annual maximum
precipitation data for Grids 1 and 2 were analyzed. Table 4-6 provides the ptiecipita
events for Grid 1 that are two standard deviations or greater than the mean pimtipita

in the A2 annual maximum precipitation time series. These events are cahbielavy
precipitation events in this time series, and would most likely have the greftesnce

on the scale parameter, which is a measure of the spread of the data. Tabte 4-6 als
shows the window of scale parameters that would be influenced by each heavy
precipitation event, based on the 51-yr time span. For example, a precipitation dvent tha
occurred in the year 2000 would influence the GEV parameters designated frararthe y
1975 to 2025 because the event would be included in the 51-yr window that surrounds

each of these years.
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Figure 4-16. Scale Parameter for Grids 1 and 2 for SRES A2.

In Grid 1, the scale parameter experiences a lowpoint at 1937 followed by a
steady increase and peak from 2030 to 2041. The time series experiences an abrupt
decrease from 2068 to 2070 that is followed by an increase from 2071 to 2074. Based on
the occurrence of heavy precipitation events, the high point of the scale parseneter
that occurs at the beginning of the time series is influenced by large ev&863 and
1909, with 1903 being one of the three greatest precipitation events shown in Table 4-6.
The low point in the late 1930’s, however, is only influenced by the heavy precipitation
event in 1958. From 1960 to 2040, the scale parameter is influenced by a minimum of
two heavy precipitation events for any given year, with the occurrence of te tifree
greatest events in Table 4-6 in years 2026 and 2039. From 2065 to 2070, the scale
parameter is only influenced by events that occurred in the years 2078 and 2083, both of
which are in the lowest four precipitation depths in Table 4-6. Finally, the heavy
precipitation event in the year 2095 influences the scale parameter aatl29y8, at

which point the graph of the scale parameter experiences a final peak. Bases#on the



observations, it is apparent that the scale parameter is sensitive to the peskvetien

the time series, which is expected for a parameter representativespfelad in the data.

Table 4-6. Heavy Precipitation Events in Grid 2 for SRES A2.

Year | 1903| 1909 1958 1985 1987 2010 2026 2039 2078 P083 |2095
Windo

| 1900, 19_00 19_33 19_60 19_62 19_85 20_01 2(314 20_53 20_58 2070.
Eﬁgde 1928 | 1934 1083 2010 2012 | 2035 | 2051 | 2064 | 2100 2100 | 2190
P(n) | 3.60| 3.16 334 328 338 339 386 359 322 329 B.19

Another concern was the dramatic drop that occurs from 1975 to 1976in the scale

parameter for Grid 2. Analysis of the heavy precipitation events withimtheah

maximum time series for the Grid 1 and SRES A2, shown in Table 4-7, does not suggest

a significant shift in heavy events that might influence the scale paadweing this

time period. However, the entire annual maximum precipitation time series) #gmow

Figure 4-17, shows that a potential low outlier occurred in the year 1950. This low value

would influence the scale parameters calculated from the year 1925 to 1975; however, the

value of the 1950 event would not influence the 1976 scale value, which experienced a

significant drop from the 1975 value. The omissions of the 1950 value would greatly

reduce the variation which is reflected in the smaller scale value.

Table 4-7. Heavy Precipitation Events in Grid 1 for SRES A2.

Year

1987

2017

2026

203D

2049 20

bl 20

66 2

D73 2

077

2083

2086

Window
Effected

1962-
2012

1992-
2042

2001-
2051

2014-
2064

2024-
2074

2026-
2076

2041-
2091

2048-
2098

2052-
2100

2058-| 2061-
2100 | 2100

P (in.)

3.04

2.80

3.03

3.31

2.99

3.1

1 2.

37 2.

98 3

.03

3.06

2.82
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Figure 4-17. Annual Maximum Precipitation (in.) for Grid 2, SRES A2.

The 1950 precipitation event was removed to determine whether or not a single
event within a 51-yr window could have such a significant influence on the scale
parameter. The resulting scale parameter time series is shown in4=it8iref
compared to the original Grid 2 scale parameter time series shown ie Btdér, it is
apparent that the abrupt decrease in the scale parameter is eliminateége weémoval of
1950 low outlier. Therefore, both low and high preciptation outliers have a significant

influence on the scale parameter.
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Figure 4-18. Scale Parameter Time Series for Grid 2, SRES A2 with Low Qligr in
1950 Eliminated.

Based on the effects of individual events on the scale parameter, the 51-yr
window time period was increased to 71-yr windows to reduce the influence of individual
precipitation events on the scale parameter without completely elingrtae trend that
exists. The comparison between the window lengths for the scale paranséi@vn in
Figure 4-19. The 71-yr window smooths out the irrational peaks and low points within
the time series; however, the overall trend remains, with a scale paraaiatenear
0.35 in the twentieth century, an increasing trend throughout the twenty-first cemtdry
a value of 0.4 around 2060. Therefore, the 71-yr window length was selected to analyze
the change in the scale parameter for each of the three emissionsoscasahown in

Figures 4-20, 4-21, and 4-22.



0.5 ‘ ‘
*  71-yr Window
+  51-yr Window
0.45 .
0.4+ .
<@
5]
O
n
0.35 8
0.3+ .

025 | [ | [ [ [ [ | |
1900 1920 1940 1960 1980 2000 2020 2040 2060 2080 2100
Time

Figure 4-19. Comparison of the 51-yr and 71-yr Window Length in Calculating the
Scale Parameter for SRES A2 based on the mean of the CSIRO 12 Grids.
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Figure 4-20. Median, Mean, 25th Percentile, and 75th Percentile of Scale
Parameters for the 12 CSIRO Grid Cells from 1936 to 2064 for the A2 Scenario.
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Figure 4-21. Median, Mean, 25th Percentile, and 75th Percentile of Scale
Parameters for the 12 CSIRO Grid Cells from 1936 to 2064 for the A1B Scenario.
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Figure 4-22. Median, Mean, 25th Percentile, and 75th Percentile of Scale.

Model Selection and Calibratioifhe scale parameter time series calculated

based on a 71-yr window were then analyzed to determine the best model to represent the

parameter values as a function of time. Similar to the location pararhetscaie
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parameter for both the A2 and A1B scenarios appear to follow an exponential function as
the rate of change increases with time. The scale parameter appeaesdochter
curvature than the locaiton parameter for both scenarios. Kharin and Zwiers (2005)
found a similar functional form to represent the global scale parameter as shown i
Figure 4-9 for the A2 scenario. Therefore, the following function was fit to #ie sc
parameter for both the A2 and A1B scenarios:

[ _ $_ =~ = Eq. 4-4.
The coefficients were calibrated using numerical optimzation and theneabifast
physical rationality.

As with the location parameter, the scale parameter model for the B1 ecenatri
differs from the A1B and A2 scenarios. The rate of change of the scale parame
appears to increase with time in the first portion of the time series and theas#eaith
time during the end of the twenty-first century. This again coincides witledugetion

in the rate of change for emissions in the twenty-first century for the@iaso. Based

on this observation, an exponential decay function was fit based on the following model

[ a
— a j efksnf

Eq. 4-5.
The model coefficient values were calibrated using numerical optimizattbthan
adjusted for physical rationality. The fitted coefficient values are showabte 4-8 and

the final models are shown in Figures 4-23, 4-24, and 4-25.

Table 4-8. Calibrated Coefficients for Scale Parameter Models

Emissions Coefficient

scenarios values Goodness-of-fit
AD Ci1 0.34 Se 0.007
Cc2 0.006 Se/Sy | 0.48
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C3 0.017 e -0.005
C4 1936.86 ely -0.012
Cl 0.34 Se 0.007
A1B C2 0.00637 Se/Sy | 0.334
C3 0.0197 e -0.003
C4 1936.84 ely -0.008
C1l 0.345 Se 0.01
C2 0.065 Se/Sy | 0.493
Bl C3 3 e -0.007
C4 0.045 ely -0.02
C5 70
0.5
0.45}
g
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Figure 4-23. Scale Parameter Model for CSIRO Precipitation Data for SRES A
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Figure 4-24. Scale Parameter Model for CSIRO Precipitation Data for SRES ¥8.
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Figure 4-25. Scale Parameter Model for CSIRO Precipitation Data for SRESB



Goodness-of-Fit As with the location parameter, the model coefficients for the

scale parameter were calibrated with numerical optimization and thenealdjoist

physical rationality. The relative bias for scenarios A2, A1B, and Blledjt@ 012, -

0.008, and -0.02, respectively. Based on Figures 4-23, 4-24, and 4-25, the negative
relative bias results from the few high points in the calculated scale paramalkees.
Analysis of the window length showed that these high points result from the taltula

of the second moment of the data based on small sample sizes. This allows the scale
parameter to be influenced by individual events within the time series. Therefere
reasonable that the models provide local biases due to the data rather than the models
selected for the scale parameter.

The ratio between the standard error and the standard deviation equaled 0.48,
0.33, and 0.49 for the A2, A1B, and B1 scenarios, respectively. These values suggest
that each of the models provided a statistically significant improvement istthetgon
of the scale parameter compared to the mean of the data. The values aréhaigtier
location parameter models, which is expected due to the increased variationthéthi
time series data, as previously discussed.

The goodness of fit suggests that the calibrated models provide a good estimate of
the scale parameter for the A2, A1B, and B1 scenarios. In addition, the nonlinear,
increasing model structure for the A2 and A1B scenarios meet the hypothesi®has
previous studies and the emissions scenarios. Likewise, the increasingrand the
decreasing model structure for the B1 scenario is expected based on treastaboif

emissions in the twenty-first century for the B1 scenario. Therefore, thibdesdescale
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parameter models provide a good statistical fit and meet the specifigidgilyy
rationality requirements.

4.3.4.5 Shape Parameter

Next, the shape parameter time series for each emissions scenarioalyzedc
Figures 4-26, 4-27, and 4-28 show the shape parameter calculated within 51-yr windows
for the A2, A1B, and B2 scenarios, respectively. It is apparent from the fitpatet ¢
shape parameter calculated within 51-yr windows suggests an irrationalidatshape.
Therefore, further anaysis was conducted to determine the cause of thervarithe

shape parameter data.
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Figure 4-26. Median, Mean, 25th Percentile, and 75th Percentile of Shape
Parameters for the 12 CSIRO Grid Cells from 1926 to 2074 for the A2 Scenario.
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Figure 4-27. Median, Mean, 25th Percentile, and 75th Percentile of Shape
Parameters for the 12 CSIRO Grid Cells from 1926 to 2074 for the A1B Scenario.
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Figure 4-28. Median, Mean, 25th Percentile, and 75th Percentile of Shape
Parameters for the 12 CSIRO Grid Cells from 1926 to 2074 for the B1 Scenario.

Based on the scale parameter analysis, it was assumed that thisesuas @f the
sensitivity of the shape parameter to individual precipitation events. As wisicadle
parameter analysis, the window length was increased to 71-yrs and thearesshewn

in Figure 4-29. It is apparent that the increase in window length begins tdhstim@ot
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change in the parameter value, but the sinusoidal trend is still apparent. fiehehefo
window length was increased to 91-yrs and 111-yrs and the results are shown is Figure

4-30 and 4-31, respectively.
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Figure 4-29. Shape Parameter as a Function of Time Calculated within 71-yr

Windows.
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Figure 4-30. Shape Parameter as a Function of Time Calculated within 91-yr
Windows.
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Figure 4-31. Shape Parameter as a Function of Time Calculated within 111-yr
Windows.

The window length greatly influences the temporal trend of the shape parameter
Martins and Stedinger (2000) confirm that irrational values can result fittmmaéag the
shape parameter based on small samples. Likewise, they showed that theamot-m
square error of quantile estimates increases as the sample siasecrkdditionally,
Koutsoyiannis (2004) proposed the regionalization of the shape parameter due to poor
shape parameter estimates from short record lengths at individual statlteesuggests
that the moving windows method for estimating the shape parameter may not provide
rational estimates of the shape parameter due to the reduction in samplénsas. T
supported by the smoothing of the sinusoidal trend in the shape parameter as the window
length is increased.

Based on these studies, shape parameter estimates calculated from@eb-sa

within the entire 200-yr record will most likely be poor estimates of the trzeneder



values. Therefore, it was determined that the shape parameter should be held at a
constant value, calculated from the entire time series. Kharin and Zwiers (28@&) m
similar assumptions based on their analysis of changes in the GEV pararh#ters
global precipitation distribution. They found that varying the shape parameger dras
the trend identified in their analysis was not statistically different framodel in which
the parameter was held constant. These results were true for the A2, 1S92a, and B2
scenarios in the study.

The shape parameter was calculated for each CSIRO grid based on theveespecti
200-yr record. The results are shown in Table 4-9. The average shape pardoeter va
equals -0.05. Martins and Stedinger (2000) claim that hydrologic extreastdikely
follow a GEV Type Il distribution with shape parameters ranging from 0 to 0.8 loaise
the notation used in this study; however, they state that a reasonable hydrologic
distribution can result from a shape parameter ranging from -0.3 to 0.3. Thendfibee
the negative shape parameter for the GCM data suggests a GEV Typ#ibudon, it is
still a rational distribution for hydrologic data. Additionally, shape pataraavith a
magnitude less than 0.3 represent the Gumbel distribution (Stedinger et al. 19818), whi
suggests that within this range, the shape parameter does not have as gresdrae infl
on the distribution. Likewise, Kharin and Zwiers (2005) also found a fairly constant,
near zero shape parameter for their global analyses, suggesting a @istnibeltion
rather than a GEV Type Il or Il distribution. Therefore, a constant gha@eneter
eqgual to -0.05 was selected to represent the CSIRO simulated precipitation data

distribution within the 12 grids for the SRES A2.
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Table 4-9. Shape Parameter for 12 Grids from CSIRO Precipitation Data Based
on 200-yr Recordsfor SRES A2.

Grid 1 2 3 4 5 6 7 8 9 10 11 12

k |-0.05|-0.04|-0.09|-0.01] -0.07] -0.09] 0.05| -0.08| -0.02] -0.01| -0.11| -0.04

The shape parameters for grids 1 through 12 and SRES A1B are shown in Table
4-10 for each entire time series. The average shape parameter equalsdibbe
used as a constant value to represent the data for the A1B scenario.

Table 4-10. Shape Parameter for 12 Grids from CSIRO Precipitation Data.

Grid 1 2 3 4 5 6 7 8 9 10 11 12

K ]-0.08|-0.05|-0.02| -0.04| -0.16| -0.02| 0.07 | -0.06 | -0.08 | -0.02 | -0.07 | -0.05

As with the A2 and A1B scenarios, the shape parameter was held constant for the
entire time series for the B1 scenario. The shape parameter walsteal for each grid
and is shown in Table 4-11. The spatial mean for the B1 scenario shape parameter equal
-0.02.

Table 4-11. Shape Parameter for 12 Grids from CSIRO Precipitation Data.

Grid 1 2 3 4 5 6 7 8 9 10 11 12

K |-0.02|-0.03|-0.02|-0.08| -0.04| -0.05] 0.02| 0.01 | -0.03| -0.06| 0.01 | 0.03

4.3.4.6 Comparison of SRES Statistical Models
The statistical models developed for the location and scale parameter for the

SRES A2, A1B, and B1 are shown in Figures 4-32 and 4-33, based on the CSIRO annual
maximum 24-hr precipitation. The models suggest that the A1B scenario results in the
greatest change in precipitation extremes, followed by the A2 scendribe@B1

scenario. The B1 scenario represents the lowest emissions rate. Thérisfergected

that the B1 GEV parameters experience the lowest rate of change aeHowever,
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the A2 scenario is defined as the highest emissions rate between the threesscéhés
suggests that the A2 GEV parameters should increase at the greatesheatdan the
A1B scenario. Therefore, further analysis was conducted to determine teeotthis

shift in rank from emissions rate to GEV parameter magnitude for eachiscenar
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Figure 4-32. Statistical Models for GEV Location Parameter as a Function ofime
based on CSIRO Annual Maximum 24-hr Precipitation.
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Figure 4-33. Statistical Models for GEV Scale Parameter as a Function ®fme
based on CSIRO Annual Maximum 24-hr Precipitation.

The annual maximum 24-hr precipitation time series for the A1B and A2
scenarios were compared to determine whether the disagreement in rank lleévee
emissions scenarios and the resulting GEV parameter values existed vateimtlated
precipitation data or was an error in statistical modeling. Table 4-12 psafieenean
and standard deviation of the annual maximum 24-hr precipitation from 1901-2100 for
the A2 and A1B scenarios for grids 1 through 12. The mean annual maximum
precipitation for scenario A1B is greater than or equal to the mean of A2 for 1118ut of
grids. Likewise, the standard deviation of the A1B scenario precipitatiomsdgtater

than or equal to A2 for 8 out of the 12 grids. This suggests that the simulated
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precipitation data for scenario A1B is heavier than for scenario A2, which ssipipert
statistical models for the GEV parameters.

The precipitation data for scenario A1B may exceed scenario A2 because of the
atmospheric concentration of greenhouse gases rather than the emissithmoaggout
the twenty-first century. Regardless of the emissions rates at the amyiveh time
period, the path of the emissions rate throughout the time period influences the overall
atmospheric concentration of greenhouse gases (See Chapter 2 for mige détai
atmospheric concentration of greenhouse gases for the A1B scenario maydretigmea
the A2 scenario at points throughout the twenty-first century, which may cause larg
precipitation events that influence the GEV distribution parameters. oherdie
models developed should not be extrapolated beyond 2100, as the precipitation
distribution for the A2 scenario may surpass the A1B scenario in magnitude.

Table 4-12. Characteristics of the A2 and A1B Simulated Annual Maximum 24-hr
Precipitation Data from CSIRO.

A2 1 2 3 4 5 6 7 8 9 10 | 11 | 12

Mean 51.9 47.9]43.2154.0/51.2|44.0| 55.4| 52.0| 47.1| 51.1| 50.1| 52.0

std. dev. | 14.111.5| 9.5 | 12.6/ 11.3] 9.6 | 13.7/ 12.3| 11.5| 14.0| 10.7| 12.5

AlB 1 2 3 4 5 6 7 8 9 10 | 11 | 12

mean 52.348.3143.3|54.3|50.8|44.7|55.9|52.5|147.1|51.2| 50.5| 52.5

std. dev. | 13.611.5|10.2| 12.6]10.7| 10.4| 13.9] 13.1|10.8|13.7|11.6| 12.8

4.3.4.7 Analysis of Regional GEV Parameters from Observed Data.
The final step to assess the model rationality of the GEV parameters torabe

emissions scenarios was to ensure that the parameters were repveseindaiserved
precipitation in the study region. Precipitation records were retrieved32orain gauge
locations within the study region. The coordinates for each rain gauge location are

shown in Table 4-13.



Table 4-13. Rain Gauge Locations and Coordinates for Region of Interest.

Location Coordinates
Baltimore 39°10'N / 76°41'W
Brighton 39°11'N / 77°00'W
Chestertown 39°13'N / 76°03'W
- Conowingo Dam 39°39'N / 76°11'W
3 Cumberland 39°38'N / 78°50'W
= Dalecarlia Reservoir 38°56'N / 77°07'W
= Emmitsburg 39°41'N [ 77°17'W
Hancock 39°42'N / 78°11'W
Oakland 39°25'N / 79°24'W
Salisbury 38°22'N / 75°35'W
Alta Vista 37°04'N / 79°10'W
Appomattox 37°21'N / 78°50'W
Ashland 37°45'N [ 77°29'W
Bremo Bluff 37°43'N [ 78°17'W
Hopewell 37°18'N [/ 77°17'W
Martinsville 36°42'N / 79°52'W
© Mt. Weather 39°04'N / 77°53'W
% Norfolk 36°54'N / 76°12'W
S Washington, DC (Reagan) 38°51'N / 77°02'W
Richmond 37°30'N / 77°19'W
Roanoke 37°19'N / 79°58'W
Somerset 38°15'N / 78°16'W
Suffolk 36°44'N / 76°36'W
West Point 37°34'N / 76°48'W
Williamsburg 37°18'N / 76°42'W
Dover 39°16'N / 75°31'W
o Georgetown 38°38'N / 75°27'W
‘;U Lewes 38°47'N / 75°08'W
3 Milford 38°54'N / 75°26'W
a Newark 39°40'N / 75°45'W
Wilmington 39°40'N / 75°36'W

The GEV parameters for the annual maximum precipitation time seriegctor e
location were calculated and are shown in Table 4-14. Then, the KS-1 test vied tppl

each the precipitation data at each gauge location to determine wheth&whe G
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distribution with the calculated parameters is representative of the deacaltulated

test statistic along with the critical values for each sample sizédharidt and 5% levels
of significance are also shown in Table 4-14. Based on the KS-1 test results, the null
hypothesis is accepted at each location, which implies that the annual maximum
precipitation data at each of the 32 rain gauges follows the GEV distributiotheit

specified parameter values.

Table 4-14. GEV Parameters and KS-1 Test Results for the 32 Rain Gaugesle t
MD-VA-DE Region, with CV = Critical Value.

GEV Parameters KS1 Test
Test Cv | CcvV
Rain Gauge Location | Location | Scale| Shape| Statistic| n | (5%) | (1%)
Alta Vista 2.440 | 0.741] -0.072| 0.083 | 55 0.1830.220
Appomattox 2419 | 0.708 0.258 | 0.076 | 64 0.17p0.204
Ashland 2.450 | 0.850 -0.061| 0.092 | 62 0.1730.207
Baltimore 2414 | 0.713 0.156| 0.093 | 61 0.1740.209
Bremo Bluff 2.545 | 0.860 -0.079| 0.100 | 63 0.1710.205
Brighton 2.298 | 0.834 0.094| 0.090 | 46 0.2010.240
Chestertown 2.408 | 0.778 0.125| 0.058 | 62 0.1730.207
Conowingo Dam 2.408 0.778 0.125 0.075| 61 0.1740.209
Cumberland 1.777 | 0.478 0.124| 0.146 | 37 0.2240.268
Dalecarlia Reservoir 2433 | 0.766 0.143 | 0.122 | 62 0.1730.207
Dover 2.670 | 0.853 0.115| 0.082 | 62 0.1730.207
Emmitsburg 2.108 | 0.652 0.264 | 0.062 | 52 0.1890.226
Georgetown 2.434 | 0.606 0.223| 0.120 | 49 0.1940.233
Hancock 1.988 | 0.567, 0.166 | 0.163 | 49 0.1940.233
Hopewell 2.335 | 0.714 0.256| 0.052 | 75 0.15[0.188
Lewes 2.607 | 0.709 0.128| 0.066 | 60 0.1750.210
Martinsville 2.383 | 0.657 0.147 | 0.074 | 60 0.1750.210
Milford 2.457 | 0.757, 0.106 | 0.082 | 49 0.1940.233
Mt. Weather 2.424 | 0.878 0.035| 0.078 | 79 0.1530.183
Newark 2.322 | 0.704 0.280| 0.071| 58 0.1790.214
Norfolk 2.755 | 0.934 0.186| 0.054 | 64 0.17p0.204
Oakland 1.859 | 0.530 0.088| 0.070| 62 0.1730.207
Richmond 2.531 | 0.804 0.119| 0.070 | 62 0.1730.207
Roanoke 2.342 | 0.657, 0.141| 0.097 | 62 0.1730.207




GEV Parameters KS1 Test
Test Cv | CV
Rain Gauge Location | Location | Scale| Shape| Statistic| n | (5%) | (1%)
Salisbury 2.628 | 0.890 0.133| 0.086 | 62 0.1730.207
Solomons 2.452 | 0.998 0.224 | 0.119 | 44 0.2050.246
Somerset 2.161 | 0.697 0.330 | 0.119 | 43 0.20[0.249
Suffolk 2.645 | 0.825 0.231| 0.067 | 65 0.1690.202
Washington, DC
(Reagan) 2.142 | 0.640 0.362| 0.075| 62 0.1730.207
West Point 2.455 | 0.795 0.220| 0.121 | 56 0.180.218
Williamsburg 2.575 | 1.005 0.354| 0.084 | 62 0.1730.207
Wilmington 2.402 | 0.611 0.267 | 0.117 | 62 0.1730.207

Next, the spatial mean within the region was calculated for each of the GEV
parameter values to develop regional location, scale, and shape parame®&ifs, al
shapefile was created that consisted of the location of each rain gauge bdmed on t
latitude and longitude coordinates. The spatial reference of the shapefdetwas
Geographic Coordinate System, North American Datum 1983. Census tract gata wer
retrieved fromwww.esri.como outline the region of interest including the states of
Maryland, Virginia, and Delaware. The spatial extent of the shapefiléheadimited to
the state boundaries and a longitude boundary equal to 80.23W. As mentioned
previously, this additional boundary was implemented so as to not misrepresent the
mountainous, western portion of Virginia from which precipitation data were not
retrieved. The areas within these boundaries were then allocated to thénagagesige
based on a Euclidean distance calculation. The allocation results are shogureéFi

34.
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Figure 4-34. Area Allocation for Spatial Mean Calculation for the 32 Rain Gauge
Locations.

The spatial mean was calculated based on the percentage of the total area
allocated to each rain gauge based on the following equation:

EaIr'rf=1"f'li * CI’
Spatial Mean = oL, A Eq. 4-6

where n = the total number of rain gauges in analysispecifies the rain gauge;A
area allocated to rain gauge ‘and G= mean coefficient value at rain gauge The
final spatial mean parameter values were as follows: (1) location = 2.442)rsfale =

0.772 (in.); and (3) shape = 0.155.



A sensitivity analysis was conducted to determheeuncertainty involved whe
using the spatial mean rathtban the parameters calculated for the individag
gauges. The 100-yr, 5@; 2C-yr, 10-yr, 5-yr, and 3# storms were calculated based
the GEV parameter values for each individual rangg location and for the spat
mean parameters. Thenettelative bias was calculated for the locatiorcgmestorm

depths versus the spatial mean storm depths. eButs are shown in Figu4-35.
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Figure 4-35.Relative Bias for Location Specific GEV Parimeters vs. Spatial Mear
GEV Parameters.

The sensitivity anlaysis results for each locatglmgwn in Figureé-35, provides
the expected bias when storm depths for a particetarn period are estimated basec
the spatial mean GEV parameters rathen the location specific GEV parameters. -

majority of the rain gauge locations show relativeses less than 20% for all rett



periods. The analysis suggests that lower return periods are less semsitesepatial
mean GEV parameters than higher return periods for all locations. Estinastd on
the spatial mean GEV parameters tend to overestimate the north and weskemnroport
the region and underestimate the south-eastern portion of the region.

Williambsurg, Hancock, Oakland, and Cumberland appear to be the most
sensitive to the spatial mean GEV parameters. Hancock, Oakland, and Cumberland are
located in the most north-west portion of Maryland, which suggests that the spatial me
should be used with caution in this region. This region is more mountainous than the
remaining parts of the region. However, the rain gauges surrounding Wiliagnsuch
as Norfolk and West Point, do not show significant biases relative to Williamsbhrg. T
suggests that the sensitivity is location specific for Williambsurg. Tdle and shape
parameter for Williambsurg are the greatest and second greatesgmitude,
respectively, compared to the values for the other rain gauge locations. Botbeof the
parameters influence extreme values, which mathematically explairssdlbedias when
the spatial mean parameter values are used for Williambsurg. However, tit@odef
the parameter values from the mean can only be explained by the observathtoeci
data. This could be the result of poor sampling at the Williamsburg rain gauge.

4.3.5 Comparison of Observed and GCM Simulated GEV Parameters.
The GEV parameters were calculated for the region based on both observed data

from the 32 rain gauges and simulated data from the GCM selected. The paramete
were then compared to determine whether the GCM values were represesfttie
observed data in the region. The coefficient, C1 (see Tables4-5 and 4-8), for landtion

scale parameter models was compared to the spatial mean values foramdigra
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The C1 coefficient represents the y-intercept of each parameter modalusBehe
location and scale parameters are relatively stationary in the tweceietury, the C1
coefficient is a reasonable estimate of each parameter for the tiveendtry.

Likewise, the constant shape parameter calculated for the GCM data wzeredrio the
regional spatial mean value.

It is apparent that the location, scale, and shape parameters are graater f
spatial mean of the observed precipitation data within the MD-VA-DE regionhbaa t
derived from the GCM simulations. The shape parameter for the observed data is
positive, which suggest a Type Il distribution, a popular representation of hydrologi
data. Additionally, Koutsoyiannis (2004) found that a constant shape parameter value
equal to 0.15 was representative of rainfall distributions throughout Europe and North
America. Therefore, the spatial mean shape parameter value for théAMIE= region
is representative of many geographic locations as a regional shape parantimost
likely a better estimate than the -0.05 shape parameter calculatddbbabe GCM data.

These results may lead to the intepretation that the GCM simulation of annual
maximum 24-hr precipitation may underestimate realistic precipitativaregs. It is
difficult for current GCMs to accurately simulate precipitation extiefoe small spatial
extents. Despite the availability of GCM projections for specified latinldind
longitudinal grids, the confidence in the changes projected by global modedasEcat
smaller scales. In fact, for smaller scales, higher intensrigtsagnfall depths will occur.
AOGCMs have coarse resolutions and large scale systematic etnersas extreme
precipitation events generally occur on a smaller spatial scale. SOAMGCMs have

proven to predict temperature extremes fairly well, the intensity, érexy) and
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distribution of precipitation extremes has proven to be more difficult to simulatel @R

et al. 2007). This was confirmed in a study conducted by Sun et al. (2006) of daily
precipitation simulated by 18 AOGCMs. The results showed that the models
underestimated both the frequency and intensity of heavy precipitation evemsd defi

10 mm/day. However, lorio et al. (2004) found that simulations of daily precipitation
events improved as the resolution of the AOGCM increased. Therefore, as théoresolut
of AOGCMs increase with advancements in modeling, projections of extreme
precipitation are expected to improve as well (Randall et al. 2007).

This also is a common issue when precipitation is estimated at an ungauged site
based on precipitation within the same region. For example, depth-area curésnare o
used in hydrology to adjust point rainfalls to represent mean rainfalls oger kreas.

This method results in a reduction in a point 24-hr rainfall depth by 10% for an area of
400 mf. The grid size for the CSIRO GCM outputs is roughly 36,008 krhich would
suggest that the estimate of precipitation over the entire area wouledtly geduced

from the precipitation event at a specific location of interest.

Based on these observations, it is clear that the magnitudes of the parameters
calculated based on the GCM data are less than those of the observed data; hmwever, f
this study it was assumed that the rate of change of the parametdirapplétable for
climate change scenarios. Therefore, it was determined that parameigs would be
based on the rate of change for the scale and location parameters developed based on the
GCM simulated data and the magnitude of the observed GEV parameters. As GCMs

become more sophisticated in the future and provide better estimates of extreme
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precipitation data at a regional scale, this method can be adjusted to rely entiree
parameter models developed based on the GCM simulations.

The fitted parameter models were scaled so that the 1950 parameter \&alue wa
within 0.001 of the spatial mean for the observed parameter values. The assumption was
made that while the magnitude of the parameter values differ, the rate of change
determined from the CSIRO GCM data was representative of the expectedschmatigp
regional spatial mean GEV parameters over the twentieth and twentyefitstries. The
final models are shown in Figures 4-36 and 4-37 and the coefficients are shown in Tables

4-15, 4-16, and 4-18 for the A2, A1B, and B1 scenarios, respectively.
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Figure 4-36. Final Location Parameter Model.
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Figure 4-37. Final Scale Parameter Model.
Table 4-15. Final Location, Scale, and Shape Parameter Coefficients

for the A2 Scenario.

Coefficient
Parameter Values
C1l 2.31
) C2| 0.1114995
Location
C3 0.0085
C4| 1928.1861
C1l 0.765
Cc2 0.006
Scale
C3 0.017
C4 1936.86
Shape 0.155

Table 4-16. Final Location, Scale, and Shape Parameter Coefficients

for the A1B Scenario.

Parameter | Coefficient Values
C1 2.278
C2 0.1315

Location




Parameter | Coefficient Values

C3 1926.008
C4 -1.388
Cl 0.765

Scale C2 0.00637
C3 0.0197
C4 1936.84

Shape 0.155

Table 4-17. Final Location, Scale, and Shape Parameter Coefficients

for the B1 Scenario.

Parameter Sgﬁ; fg;:lent
Cl 2.31
C2 0.1115
C3 0.00852
C4 2.186
Location C5 1.227
C6 1.2
C7 1.7
C8 0.005
C9 13.4
C1 0.77
C2 0.065
Scale C3 3
C4 0.045
C5 70
Shape 0.155
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4.3.6 Sensitivity Analysis for Twentieth Century Models
The data base used to model the GEV parameters over time was simulated by the

CSIRO Mark 3.5 GCM based on measured greenhouse gas emissions data from 1900
through 2000 and three projected scenarios of greenhouse gas emissions dataé&or the y
2001 to 2100. The data for the latter period varied with the emissions scenario.
Realistically, the GEV parameters should be the same throughout the twesttietty c
regardless of the emission scenario. However, the scale and location parfonéter
three emissions scenarios differ slightly during the twentieth centueypérod due to
the inclusion of the twenty-first century GCM data in fitting the functions.

A sensitivity analysis was conducted to determine whether or not the difference
of the functions for the twentieth century caused a significant change in thaitptem
event that would result from the twentieth century parameters. Because the 100-y
rainfall is often used in design and the greater return periods are matysd¢oshe
parameter values, the magnitude of the 100-yr rainfall based on the models developed for
A2, A1B, and B1 were compared from 1901 to 2000, as the emissions scenarios diverge
in the year 2000.

The 100-yr rainfall for each scenario is shown in Figure 4-38 for the tweatek
twenty-first centuries. The average value of the 100-yr rainfall for &étbcenarios
equals 7.64 in. for the twentieth century. The largest difference in the estimatgd 100
rainfall for a given year during the twentieth century for scenarid® @&id A2 occurred
in the year 2000 and equaled 0.040 in. or 0.5% of the average 100-yr rainfall from 1901
to 2000. The largest difference in the estimated 100-yr rainfall for a gagerfor

scenarios A1B and B1 equaled 0.036 in. or 0.5% of the average 100-yr rainfall for the



time period and occurred in 2003. The largest difference in the estimated 100alt ra
for a given year for scenarios B1 and A2 occurred in 1901 and equals 0.013 in. or 0.2%

of the average 100-yr rainfall for the time period.
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Figure 4-38. 100-yr Storm as a Function of Time and Emissions Scenario.

In the year 2100, the difference in the 100-yr rainfall for the three scenarios are
much larger (see Figure 4-38), by as much as 0.78 in. or 10% of the average 100-yr
rainfall in the twentieth century. The less than one-half percent erratef@00-yr
rainfall in the year 2000 is, therefore, not a meaningful contribution to errors in the
twenty-first century.

4.3.7 Final Climate Change Adjustment Factor
The final climate change adjustment factor consists of the differenise in t

expected storm depth for a given return period from the observed year to timeygesig

The temporal changes in the storm depths for the 100-yr, 50-yr, 20-yr, 10-yr, and 2-yr
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return periods are graphed in Figures 4-39, 4-40, and 4-41 for the A2, A1B, and B1
emissions scenarios, respectively. The figures are based on the cumusartivetiin
for each emissions scenario over time based on the statistical models foMhe GE
parameters. The change in additional return periods can be calculated based on the
statistical models for each GEV parameter and emissions scenario prediefirséd.

To adjust an observed precipitation event, the return period of the event in the
precipitation record must be calculated first. Then, the expected precipiapth for
the particular return period can be identified based on the emissions scenarioyaad the
using the statistical models for the GEV parameters. Finally, the ratie ekpected
precipitation depth in the design and the observation year will be multiplied by the
observed precipitation depth to determine the adjusted value in the design year. This
method would be applied to the entire precipitation record to develop a record with the

same length under stationary conditions in the design year.
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Figure 4-39. Final Climate Change Adjustment Factor Graph for SRES A2.

Figure 4-40. Final Climate Change Adjustment Factor Graph for SRES A1B.
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Figure 4-41. Final Climate Change Adjustment Factor Graph for SRES B1.

4.3.7.1 Verification
Kharin and Zwiers (2005) used the second version of the CCCma coupled global

climate model (CGCM2) to provide future estimates of the 20-yr return periodinkdtar
al. (2007) used the ensemble median of data from 14 CGCMs provided by the Program
for Climate Model Diagnosis and Intercomparison to also estimate futurer2@irn
periods. The results from these studies will be compared to the present study and
discussed herein.

Table 4-18 shows the projected percent increase in the 20-yr storm from the
current study for the MD-VA-DE region and by Kharin et al. (2007) for glcbad breas
and the northern hemisphere for the time periods 2046-2065 and 2081-2100, relative to

the time period 1981-2000. For the A2 scenario, the current study provides estimates
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closest to the land values provided by Kharin et al. (2007); however, the current study is
1.2% and 2.3% below the range provided by Kharin et al. (2007) for land for the 2046-
2065 and 2081-2100 time periods, respectively. The A1B scenario projections provided
by the current study are within the range of the land estimates provided by Kfarin e
(2007) for both time periods. The B1 scenario projections for the current study equal the
lower bound provided by Kharin et al. (2007) for land and is 0.5% lower than the range
for 2081-2100. Therefore, while the magnitude of the projected increases is shmailar, t
current study slightly underpredicts the projected global increases binkhal. (2007)

for land areas.

Table 4-18. Change in 20-yr Storm from Time Periods 2046-2065 and 2081-2100
Relative to 1981-2000.

A2 AlB Bl
2046-2065| 2081-2100 2046-4065| 2081-2100 2046-4065| 2081-2100
This Study 4.7% 9.3% 6.3% 13.3% 4.6% 6.4%
Kharin et al. " "
2007: Land *mp " “0lp*g | *miIXd, *slt 4 VX XS,
};grar;n Is;[_'aél' *mis,, ! t* g *mistll | *vio, X VIV, *miv,, “

While the global land and northern hemisphere projections provided by Kharin et
al. (2007) suggest that the current study underestimates the increasepigbi@tivith
climate change, regional estimates provided by Kharin et al. 2007 shown in 4ig2re
suggest that the MD-VA-DE region falls within the lower range of the land aricienor
hemisphere estimates. For example, for the time period 2046-2065, Figure 4-42ssugge
a 5-10% increase in the MD-VA-DE region for the A1B scenario while other laad a
suggest a 15-20% increase relative to the time period 1981-2000. Likewise, from 2081-

2100, Figure 4-43 suggests that the MD-VA-DE region will experience a 10-15%
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increase in the 20-yr return period while other land areas will experi&2@&@%
increase. Therefore, the lower projections from this study may be the resgdtarfal

versus larger scaled estimates relative to the time period 1981-2000.

-10 -5 0 10 15 20 30

Figure 4-42. Projected Percent Increase in the 20-yr Return Perioddm 1981-2000
to 2046-2065 provided by Kharin et al. (2007).
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Figure 4-43. Projected Percent Increase in the 20-yr Return Perioddm 1981-2000
to 2081-2100 provided by Kharin et al. (2007).

The results from this study suggested that the A1B scenario would affect
precipitation at a faster rate than the A2 scenario, which differs fronmtissiens rates
for each scenario. Kharin et al. (2007) found that the A1B scenario affected ptiEgipit
at a faster rate as well for the 2046-2065. However, the A2 scenario had a dfeciter e
on precipitation from 2081-2100. Therefore, as previously stated, the models developed
for this study should not be extrapolated beyond 2100, as the effects of the A2 scenario
will most likely eventually surpass those of the A1B scenario. This iegut iof the
variations inherent to the data used to calibrate the models.

Kharin and Zwiers (2005) estimated the changes in the scale and location
parameter based on the same method used in this study, but with 51-yr windows for each
parameter. Figures 4-44 and 4-45 show the regional percent change from @@&0gear

to 2050 for the A2 scenario. Table 4-19 shows the percent change for the current study in
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the scale and shape parameter from 2000 to 2050 for each scenario. Kharin and Zwiers
(2005) suggest a 0 to 2% increase in both the scale and location parameter for the A2
scenario in the MD-VA-DE region based on Figures 4-44 and 4-45. The results for the
current study suggest a 3% and 4.3% increase for the scale and location paramete
respectively. Therefore, while the magnitude of the increase is the saroerrdre

study provided slightly greater estimated increases in the GEV parartteterKharin

and Zwiers (2005) for the study region. Therefore, while Kharin et al. (2007) provided
estimates greater than those found in this study, Kharin and Zwiers (2005)gufojec

slightly lower increases in the GEV parameters than found in this study.

Figure 4-44. Percent Change in Scale Parameter from 2000 to 2050 provided by
Kharin and Zwiers (2005).



Figure 4-45. Percent Change in Location Parameter from 2000 to 2050 provided by
Kharin and Zwiers (2005).

Table 4-19. Change in GEV Scale and Location Parameter from 2000 to 2050 for
this Study.

SRES | Scale | Location
A2 3.0% 4.3%

AlB 4.7% 5.1%
Bl 4.2% 3.1%

4.4 Rainfall-Runoff Model Selection
With the 24-hour rainfall event adjusted from observed climate conditions to

design year climate conditions, the next step was to select a method to tomvantfall

to runoff. To develop a regional adjustment method, the rainfall-runoff model needed to

be applicable to a variety of watersheds. The NRCS graphical-peak-deschethod

was selected based on the availability of input data and its widely accepted us

hydrology. The NRCS model is a standard approach that uses the same inputs and model

structure as currently used in design (Soil Conservation Services 1986).
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The selection of appropriate curve numbers and watershed characteribcs t
used in applying the NRCS graphical-peak-discharge method was also necéssar
initial approach was to base these factors on the urbanization condition of théx@daters
during the observation year and the design year; however, after finaheing t
urbanization adjustment component which will be explained in Section 4.5, it was
determined that rural characteristics would be assigned to the NRCS metlabtegan
maintain consistency in the application regardless of the watershed beirgpdnaljren
the rural peak discharge estimates will be converted to urbanized valuesla@seeixin
Section 4.5.

The curve number selected for rural conditions and soil groups A, B, C, and D
equaled 39, 61, 74, and 80, respectively. The land use description selected for rural
conditions was good conditions with grass cover on 75% or more of the area (McCuen
2005). Specification of the curve number values enables the simplification of th& NRC
graphical-peak-discharge method.

% & (#$

The NRCS graphical-peak-discharge method is represented by the following

equation provided by McCuen (2005):
q, Q,*A*Q Eq. 4-7

whereq, =peak discharge (cfs}j, = peak unit discharge (cfs/mi*2/in.); A = watershed

area (mi*2); and Q = runoff depth (in.).
The unit peak discharge is calculated based on the following equation fit to the

NRCS graphical method:



Log(ay) = Co + Calog(Tc) + Cy(log(Tc))? Eq. 4-8
where G, Ci, and G are coefficients based on the variablg3 &nd shown in Table 4-20

and Tc is the time of concentration (hr).

Table 4-20. TR-55 Coefficients for Unit Peak Discharge Equation for Type Il1t8rm.

P la/P cO cl c2
10.76923 0.1 2.55323 -0.61512| -0.16403
3.589744| 0.3 2.46532 -0.62257| -0.11657
3.076923| 0.35 | 2.41896 -0.61594 -0.0882
2.692308 0.4 2.36409 -0.59857| -0.05621
2.393162| 0.45 | 2.29238 -0.57005| -0.02281
2.153846/ 0.5 2.20282 -0.51599| -0.01259

The method used to calculate the time of concentragpwdts dependant on the
drainage area of the watershed. For watersheds of 2,000 acres or less, dfie time

concentration was calculated based on the lag equation:

0.7

1000 g 05

t. 000526+ L°* N o Eq. 4-9

C

where tc = time of concentration in minutes, L = length of the watershedft}, tGe
curve number, and S = slope (ft/ft) (McCuen 2005). The length of the watershed for the
lag equation is calculated based on the following equation:
L = 209*A%° Eq. 4-10
where L = length (ft) and A = area (acres).
For watersheds with an area greater than 2,000 acres, a method based on

hydraulic geometry relationships was developed. The method assumes thmaetbk ti

concentration refers to all channel flow (i.e., ignores sheetflow). Fiestyatershed was



divided into subwatersheds and the drainage area and channel length within each
subwatershed is calculated. Then, the bankfull discharge (cfs) was edtraséel on
the following equation derived from Dunne and Leopold (1978):

Q = 52*A°82° Eq. 4-11
where Q = bankfull discharges (cfs) and A = area (square miles). Netta\bke
velocity is calculated based on the bankfull discharge for each subwatershed and the
following equation derived from Dunne and Leopold (1978):

V = 0.39 * A0-163%0.44 Eq. 4-12
where V = velocity (ft/s) and A = area (square miles). The travel vglimeithe channel
within each subwatershed is then divided by the length of the channel segment within the
subwatershed. This results in the travel time through each subwatershed. The time of
concentration equals the sum of the travel times for each subwatershed.

Finally, the depth of runoff in inches is calculated based on the NRCS rainfall-

runoff depth relationship as follows:

(P 02S)®

Q (P 08S)

Eq. 4-13
where S =4/0.2 (McCuen 2005).
] ) # *+
First, the TR-55 coefficient values for the peak discharge were graphed and a
function was fit to each coefficient based on @ Ivariable, show in Figures 4-46, 4-
47, and 4-48. The curve number values were thiestisuted into each of the equations

to produce four simplified equations, one for esgih group, as a function of only

precipitation. The resulting functions for each-3Rcoefficient value are shown in



Table 4-21. Itis important to note that theseatigms must not be extrapolated beyond

the la/P less than 0.1 or greater than 0.5.
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Figure 4-46. CO as a function of la/P.
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Figure 4-47. C1 as a Function of la/P.
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Figure 4-48. C2 as a Function of la/P.

Table 4-21. Equations for TR-55 Coefficients for Unit Peak Discharge Equiain.

Soil
Group Co C1l Cc2

A -21.861/(B) + 1.486/P + 2.527 15.217/0)R 2.215/P -0.558| 5.911/FfP+ 0.135/P - 0.176

-3.653/( B) + 0.607/P + 2.527  2.542/Q)R 0.905/P -0.558| 0.988/@P+ 0.055/P - 0.176

B
C -1.103/( B) + 0.334/P + 2.527]  0.768/¢)R 0.498/P -0.558|  0.298/P+ 0.03/P - 0.176
D -0.559/( B) + 0.238/P + 2.527]  0.389/f)R 0.354/P -0.558| 0.151/€P+ 0.022/P - 0.176

The peak unit discharge equation must be solvethéopeak unit discharge as
follows:
Qu= 1,(f0 + Cllog(TC) + C2(log(TC))2 Eq. 4-14
where G, C;, and G are defined in Table 4-20 and ¥ the time of concentration (hrs).
For the us;a in small watershettse time of concentration calculation based on
the lag equation was converted to hours and tmeplisied for each soil group through
the substitution of the equation for watershed tleragnd the curve number as follows:

Tc=C*ABxg03 Eq. 4-15



where T = time of concentration (hrs), A = watershed greé), S = slope (ft/ft), and
C, is dependent on soil group and defined in Takit2 4-The simplifications and
conversions of the time of concentration equatienshown in Appendix B.

Table 4-22. Soil Group Specific Values for C4 in Time of Concentration

Calculations.
Soil Group | C4
A 7.9199
B 4.4884
C 3.1773
D 2.6592

) *+
The total runoff (Q) can be simplified through thébstitution of the curve

number for the variable S as follows:

(P_Cy)°

Q P G

Eq. 4-16

where P equals the 24-hr precipitation depth &nd G and G are shown in Table 4-23.

Table 4-23. Coefficient Values for Total Runoff Simplification.

Soil Group C5 C6
A 3.13 12.51
B 1.28 5.11
C 0.70 2.81
D 0.50 2.00

- H O+
Therefore, the final equation for the peak dischasgas follows:

qp — 1(?0 + Cllog(TC) + C2(Iog(TC)),2A* ya | Eq 4-17

ya ¢



withTe = G, * A%*8* S 0% for small watersheds and based on hydraulic gagmet
relationships defined by Egs. 4-11 and 4-12; Aeadmf), S = slope (ft/ft), P = 24-hr
precipitation (in.), and the coefficients are poemsly provided. The equation inputs now
include only the 24-hr precipitation depth (whishsoblved for through the climate change
adjustment), the watershed area, the watershed,sdog the soil group of the study
location.

4.5 Urbanization Adjustment Factor Development
The final component in the adjustment process waevelop a method for the

urbanization adjustment of both peak dischargetsvautput by the NRCS method. The
peak discharge adjustment method provided by MogtehShivers (2006) and discussed
in Chapter 2 was selected. Moglen and Shiversgppfbvided seven models varying in
both complexity and the input variables. For #tigdy, the Population Density
Distribution and Impervious Distribution Models eeselected, as they both
outperformed the other five models in regards tmjmtion accuracy and consisted of
rational parameter trends. Both models requireret of a rural peak discharge, an
urbanization indicator (i.e., percent imperviousaaor population density), and a
measure of the difference between th& a0d 98 percentiles of this indicator within the
watershed. Therefore, the final model selectidhlvei determined by the user based on
the ease of data collection for the study region.

The model form for each distribution model is d#&fas:

C3,T C4,T

1
*QuCr *(U  0.00)%" *( U 0,003 Eq. 4-18

1
1 Cor

Cl,T

Q



where Q = urban peak discharge (cfs) ©rural peak discharge (cfs), U = urbanization
indicator, either impervious area (%) or populati@msity (thousands of people per
square mile), andU = the difference between the"and 98" percentiles of the
urbanization indicator within the watershed.

The coefficients provided by Moglen and ShiversO@0for each model are based
on the return period of each event. Thereforenibdel coefficients will differ for each
peak discharge record, as each record corresporadditferent return period. Therefore,
‘n’ sets of USGS coefficients must be calculateseolbon each of the ‘n’ return periods.
Moglen and Shivers (2006) provide coefficient valtmr the 2-yr, 5-yr, 10-yr, 25-yr, 50-
yr, 100-yr, and 500-yr return periods. Therefdrejas necessary to fit a model to the
coefficients as a function of return period in arttemake the approach applicable to
every return period and, therefore, every peakhdisge record in a time series. The
coefficients for the urbanization adjustment congoarfor the impervious and the
population density distribution models based on Mo@nd Shivers (2006) as a function
of return period are shown in Table 4-24 and 4r@8pectively, along with the
coefficient of determination.

Table 4-24. Urban Peak Discharge Equation Coefficient Values for the Impdous
Distribution Model as a Function of Return Period (T).

Coefficient Value RA2
C1 y = 0.437T7-0.0649| 0.9967
Cc2 1.1 NA

C3 y = 0.3036x"T-0.441% 0.8614
C4 y = 0.0259770.1994| 0.9702




Table 4-25. Urban Peak Discharge Equation Coefficient Values for the Pogation
Density Distribution Model as a Function of Return Period (T).

Coefficient Value RA2
C1 0.2831*T%%3%7 | 0.9993
Cc2 1.1 NA
C3 0.1670*T%%7 | 0.9985
C4 0.0628*T%%%- | 0.9935

4.6 Summary of Adjustment Factor Development
This new adjustment method is a combination of Iio¢goretical and empirical

analyses. Itis based on a climate indicator, fecipitation and the driving force, GHG
emissions), a hydrologic indicator (i.e., peak dége), and an urbanization indicator
(i.e., percent impervious area or population dghsis inputs. The method is as accurate
as the GCM outputs, NRCS method, and USGS methobtea Also, the input
requirements are minimal and available through USGB3AA, and census data or GIS
maps. The new adjustment factor method refleetstiange in peak discharge based on
both urbanization and climate change.

4.7 Application of Adjustment Factor

With the adjustment method for nonstationarity dieped, the next step was to
apply the method and adjust a peak discharge deraesign year climate change and
urbanization conditions. The application of th@guatinent factor, which includes the
location selection, input data retrieval, scendagelopment, and adjustment of peak
discharge records, will be discussed herein.

4.7.1 Selection of Location

The first step in the application of the adjustmmethod was to select a study

location within the MD-VA-DE region for which thelpistment method was developed.



The most important criteria for the study locatwere that the rain and discharge gauges
within the location were no more than a reasondisiance apart and the precipitation
and discharge records provided 50 or more oventapypears of data. Additionally, daily
precipitation was required in order to extract e2dtr precipitation event that coincided
with the recorded peak discharge event.

Based on these criteria, the watershed outletddcat Guilford, Maryland, was
selected along with the rain gauge in Laurel, Mamgl The rain gauge is identified by
NOAA as COOPID 185111 and located at the coordm3a®05'N and 76°54'W. The
watershed outlet is identified as USGS gauge 018@3%tle Patuxent River at Guilford,
Maryland, and located at the coordinates 39°10"0Batd 76°51'04.5"W. The distance
between the rain and discharge gauge is 6.4 milas.records consisted of 64 years in
which both daily rainfall and peak discharge dataenavailable.

The Guilford, Maryland, discharge gauge is locatedoward County, Maryland,
on the Little Patuxent River, which is a tributanythe Patuxent River and, therefore, the
Chesapeake Bay. Figure 4-49 shows the delineaatstshed as well as the stream
network within Howard County and the watershede @hainage area equals 38 square
miles. The Guilford watershed is a subwatershedimthe Little Patuxent River
Watershed, which is 51 square miles and is mad# aprariety of land uses including
residential, parks, open space, institutional, ceneomal, industrial, and agricultural

(Morales and Saltzman 2002).



Figure 4-49. Stream Networks within Howard County and Guilford Watershed.

4.7.2 Adjustment Method Inputs

Application of the adjustment factor requires eatdl of the following data for
the selected study location:
Time series of annual peak discharge(cfs) over pared, Qp
Vector of return periods associated with peak disgh events based on
the Log Pearson Il distribution (T);
Time series of 24-hour rainfall depth (in.) asstezlawith each annual

peak discharge, P;



Urbanization indicator over time period (i.e., imyeus area or

population density), U;

Area (A) (mf) of the watershed.
The annual peak discharge data for stream gaugessailable online through USGS.
Likewise, the area of the watershed is availableuth USGS. The rainfall data for
gauges are available through NOAA. The populatiensity can be retrieved through
GeoLytics (2003) or 2000 census data is provideg\w.esri.com Data can also be
retrieved through state planning websites and cereqports. The urbanization and
climate change indicators would ideally span tmgle of the discharge and rainfall data.

Missing values should be interpolated in a maninat bbest fits the data.

The precipitation and discharge data were retridvstto ensure that despite the
distance between the gauges, the data recordscovestated. The annual peak
discharge was retrieved from the USGS gauge0159B&Hi06 Patuxent River at
Guilford, Maryland. Daily precipitation data werrieved from the NOAA rain gauge
COOPID 185111 in Laurel, Maryland. Next, the datewvhich each annual peak
discharge occurred was stored and the correspo@ditg precipitation event was
retrieved. The peak discharge and correspondiegjptation records are shown in

Figure 4-50.
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Figure 4-50. Annual Max Peak Discharge and Precipitation based on Precipiiah
Occurring on Day of Peak for Guilford, Maryland.

The coefficient of determination equaled 0.14, \arsaggests that 14percent of
the variation in the peak discharge data is exptaby the precipitation data. However,
it is apparent that a few peak discharge eventespond to zero precipitation. This
suggested that precipitation from preceding dayg Ima&e caused the peak discharge
event. Therefore, the 24-hr precipitation waseeed both on the day of each peak
discharge event and the day before each peak digchaent. The maximum
precipitation depth between these two days wasgteed and plotted versus the peak
discharge event. An additional analysis was coteduio include the precipitation depth
two days before the peak discharge event as Wk results for both analyses are
shown in Figures 4-51 and 4-52. It is apparemhftbe graphs that include preceding
day in the analysis eliminates the issue in whigakpdischarge events correspond to zero
precipitation events. The coefficient of deterniimafor the analysis that consisted of
the day of the peak and the day before the peadded|(d.19, which suggests that 19

percent of the variation in the peak discharge tagxplained by the corresponding



precipitation data. The coefficient of determipatfor the analysis that added
precipitation from two days before the peak equél@®which suggests that 20 percent
of the variation in the peak discharge data isarpd by the corresponding precipitation
data. The two-day analysis provides the greatesticient of determination. Therefore,
the precipitation data based on two-day analyssseéected for the analysis. All of
these have statistical rejection probabilities $endhan 0.0005, which indicate they are

statistically significant.
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Figure 4-51. Annual Max Peak Discharge and Precipitation based on Maximum
Precipitation Occurring within One Day Before or Day of Peak for Guilford,
Maryland.
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Figure 4-52. Annual Max Peak Discharge and Precipitation based on Maximum
Precipitation Occurring within Two Days Before or Day of Peak for Guilford,
Maryland.

4.7.2.2 Inputs for Urbanization Adjustment Component.
As previously explained in Section 4.5, the USG@&atigns developed to adjust

rural peak discharge values to urbanized peak d@igehvalues require either a
measurement of urbanization or population densitlyivthe watershed. For this study,
the population density input was selected baseditan availability. The necessary input
values include the average population densitylfentatershed as well as the difference
in the population density between thé"Hnd 98' percentiles of the distribution of
population density in the watershed. These inplitas were calculated for the year
2000 in GIS and based on census data retrievedvirem esri.com
4.7.2.2.1 Calculation of Population Density Variable

To calculate population density within the watedshtbe census tracts and census
data from the 2000 census for Howard County, Mayjavere retrieved from

www.esri.com Then, the delineated watershed at Guilford, Neny, and the Howard



8/

County Census tracts are shown in Figure 4-53. cEhsus tracts within the watershed

were extracted as shown in Figure 4-54. This piedithe necessary information to

calculate the mean population density and diffezdyetween the foand 98' percentiles

within the study watershed.

Figure 4-53. Guilford Watershed Overlaying Howard County Population Density
Map (1000 people/square mile).
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Figure 4-54. Population Density (1000 people/ mi2) within Guilford Watershtein
Howard County.

The mean population density was calculated thrabglspatial mean equation as

follows:
{
Spatial Mean % Eq. 4-19

where n = the total number of census tracts imthiershedi = specifies the census
tract; A = area allocated to census tractand PD= population density within census
tract i'. The average population density within the Gudfwatershed equaled 2.33
(1000 people/sg. mi).

Next, the difference between théMdnd 98' percentiles of the distribution of
population density within the watershed was cateala The population density for each
census tract was plotted against fraction of the trea within the watershed, shown in

Figure 4-55. The band 98" percentiles from this graph were calculated. fline
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inputs into the urbanization adjustment componenttfe conditions in the year 2000 are

shown in Table 4-26.
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Figure 4-55. Distribution of population density as a fraction of the total wadrshed
area for U.S. Geological Survey Streamgagel1593500, Patuxent River at Guilford,
Maryland.

Table 4-26. Population Density Statistics for USGS Equations for 2000 CendData
for Guilford Watershed in Howard County.

90th Percentile 0.27
10th Percentile 4,98
Average Pop. Dens 2.33

The inputs were developed for the year 2000; hewdw conduct a complete
analysis, urbanization criteria must be developethfthe start year of the peak discharge
record to the final design year of interest. Fig study, the year 2100 was selected as
the final design year. Census data are not avaitaboughwww.esri.comfor years
other than 1990 and 2000; however, the MarylandaBegent of Planning provides total

population values for Howard County from 1970 t@@@nd projections of the total



8+

population from 2005 to 2040 (Maryland 2009). Auatdially, the total population for
Howard County in 1950 and 1960 were retrieved ftben1960 Census (US Department
1961) and 1930 and 1940 from the 1940 Census (deduld42).

The assumption was made that the ratio of populatensity to total population
in 2000 would be consistent throughout the 20th2ist century. Therefore, this ratio
was multiplied by the total population recordeguorjected within each decade from
1930 to 2040 to estimate the population densitindguhe respective decade. The results
are shown in Figure 4-56. The same method wasitep¢o estimate the 10th and 90th
percentiles of the distribution of population déysis a fraction of the total watershed

area. The results are shown in Table 4-27.
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Figure 4-56. Population Density Based on the Total Population Observed from 1930
to 2000 (Shown in Blue) and Projected from 2005 to 2040 (Shown in Red).

Table 4-27. Total Population and Estimated Population Density, 10th, and 90th
Percentile based on the Observed 2000 Values for Howard County.

Howard Average 10th 90th
Year County Pop. Dens Percentile Percentile




Howard Average 10th 90th
Year County Pop. Dens | Percentile Percentile
1930 16,169 0.15 0.33 0.02
1940 17,175 0.16 0.35 0.02
1950 23,174 0.22 0.47 0.03
1960 36,152 0.34 0.73 0.04
1970 62,394 0.59 1.25 0.07
1980 118,572 1.11 2.38 0.13
1990 187,328 1.76 3.77 0.21
2000 247,842 2.33 4.98 0.27
2005 267,200 2.51 5.37 0.29
2010 285,600 2.68 5.74 0.32
2015 298,800 2.81 6.01 0.33
2020 312,200 2.94 6.28 0.34
2025 321,200 3.02 6.46 0.35
2030 328,200 3.09 6.60 0.36
2035 332,800 3.13 6.69 0.37
2040 336,800 3.17 6.77 0.37

4.7.2.2.2 Statistical Models for Population Density

Functions were then fitted to the population dereitd the difference between
the 10" and 98" percentile data sets in order retrieve valuesifiyryear within the time
series. The functions were then extrapolateddo/dar 2100. A composite model based
on the following functional form was fitted to tpepulation density data set:

PD = G + G*x + Cg*x? for x<=Xc  Eq. 4-20

PD =G + Gg*(1-" @< ) for x>Xc Eq. 4-21
where PD = population density (1000 people/squale)x = year — 1920; Xequals 82;
C1, G,,Cs, and Gare defined in Table 4-28; and &d G are defined based on the

following equations:

_ab66 a4}
a" e hfk~

Eq. 4-22
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Cs=Cy + C*X ¢+ G*X 2 - Co*(1-6™"¢ ) Eq. 4-23.
The coefficients gand G are used to provide continuity of magnitude angealof the
two functions (Eq. 4-20 and 4-21) at the intergagttime X. A composite model was
selected with the intention to develop a secondmidation scenario for comparison.
This would require identical models in the twertieentury for both models to ensure an
accurate comparison of the changes in the twergydentury relative to the urbanization

in the twentieth century.

Table 4-28. Calibrated Coefficient Values for the Population Density Scanio 1

Function.
C 0.1
C, -0.00695
Cs 0.000425
C4 0.075
Xec 82

The fitted population density function for Scendtis shown in Figure 4-57.
The goodness-of-fit statistics are shown in Tab&94 The ratio of the standard error to
the standard deviation equaled 0.087, which suggleat the model is a significant
improvement over the mean for data predictionse ddefficient of determination
equaled 0.995, which suggests that 99.5% of thati@m in the data is explained by the
model. The relative bias is positive and near .zdioe slightly positive bias is the result
of the high level of curvature in the data set.

To demonstrate the effect of nonstationarity duerb@nization, two projected

scenarios were going to be used. However, bothesmgs would use the same



twentieth-century data, as this data were knowmerdfore, the composite model was
used to represent the data. The composite modateshthat both scenarios would have
an identical data for the twentieth century. ldesrto satisfy the constraints required for
the composite model and provide the level of cumein the data set, calibration of
additional coefficients would be required. Thisulbincrease the degrees of freedom
and, therefore, lower the goodness-of-fit of thedel@iven the small sample size of
population density data. The slight bias in theledlavas acceptable for a composite
model that would ensure an accurate comparisondegtvBcenario 1 and an additional

population density scenario.
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Figure 4-57. Population Density within the Watershed over Time for Scenanil.



Table 4-29. Goodness-of-Fit Statistics for Population Density Models foc&nario 1
where Se = Standard Error of Estimate; Se/Sy = Standard Error Ratio; e = Mean
Bias; ely = Relative Bias; R2 = Coefficient of Determination.

Data Set Se SJ/S, e ely R®

Population Density: | o 106 | 0.087| 0046 0024 0.995
Scenario 1

A second population density scenario was thenldped based on the model
fitted to the Maryland State Planning projectiofifie extrapolated value at the year
2100 was calculated and then increased by 50%.sdime model form was then fitted so
that the population density was 50% greater irydar 2100. The calibrated values for
coefficients G, C,, Cs, and Gfor Scenario 2 are defined in Table 4-30. Thelfina
composite models for population density Scenariaed 2 are shown in Figure 4-58.

Table 4-30. Calibrated Coefficient Values for the Population Density Scano 2

Function.
C 0.1
C, -0.00695
Cs 0.000425
Cq4 0.025
Xe 82
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Figure 4-58. Population Density within Watershed over Time for Scenarios 1 arzl

Statistical models were fitted to the™and 98' percentiles of the population
density within the watershed. For Scenario 1, dlais set was derived based on the ratio
of the value in the year 2000 to the total popatafor each decade from 1930 to 2040,
as shown in Table 4-27. For Scenario 2, the diffee between the #@&nd 9¢'
percentiles of the population density within theaevshed is equivalent to Scenario 1 for
the twentieth century. The projections from 200@®40 for Scenario 2 were
determined based on the ratio between the differanthe percentiles in the year 2000
and the population density in the year 2000. Téii® was multiplied by the population

density projected for Scenario 2 from the year 2002040 to project the respective



difference between the T@nd 98 percentiles of the population density within the
watershed for these years.

The data sets were fitted to the same compositeehused for the population
density models and provided in Egs. 4-20 and 4 e fitted coefficients, ¢ C,, C3,
and G for Scenarios 1 and 2 are shown in Table 4-31. fila¢ models are shown in
Figure 4-59 for Scenarios 1 and 2 and the goodokssstatistics are shown in Table 4-
32. The ratio between the standard error of estiraad standard deviation equaled
0.115 and 0.089 for the Scenarios 1 and 2 modpectively. This suggests that the
models provide very accurate representation oatbeal data. Likewise, the coefficient
of determination equaled 0.959 and 0.921 for thdetsfor Scenarios 1 and 2,
respectively. This suggests that 95.9% and 92 fifieovariation in the data were
explained by the models for Scenarios 1 and 2 extsely.

The relative bias for both models is positive lagemtially zero. The positive
bias is apparent in Figure 4-59 as the model otierates the data in the middle of the
twentieth century and the beginning of the twemtsticentury for the first scenario. As
with the population density models, this positivestis due to the high degree of
curvature within the data set. In order to satiby constraints required for the
composite model and provide the level of curvainrthe data set, calibration of
additional coefficients would be necessary for aleio This would decrease the degrees
of freedom and lower the goodness-of-fit of the elodrherefore, it was determined that
the small bias in the models was acceptable inraoderovide a composite model that

would ensure an accurate comparison between tbkse$ the two scenarios.



Table 4-31. Calibrated Coefficient Values for Models of the Differeres between the
10th and 90th Percentiles of Population Density within the Watershed for $narios

1 and 2.
Coefficient Scelnarlo Sce2r1ar|o
C: 0.25 0.25
Co -0.009 -0.009
Cs 0.0008 0.0008
Cs 0.0745 0.025
Xe 82 82
10
° *+  Observed and Projected Values _— - i
Scenario 1 s
8" | —— Scenario 2 / 7

Difference in 90th and 10th Percentile

0 1 1 L L 1 1
1920 1940 1960 1980 2000 2020 2040 2060 2080 2100

Time

Figure 4-59. Difference between the 10th and 90th Percentiles of Pogtibn Density
within the Watershed over Timefor Scenarios 1 and 2.



Table 4-32. Goodness-of-Fit for Models of Difference between the 10th a@@th
Percentiles of Population Density for Scenarios 1 and 2 where Se = Standanddf
of Estimate; Se/Sy = Standard Error Ratio; e = Mean Bias; ely = Relative Bias;2R=
Coefficient of Determination

Data Set Se S/S, e ely R®
Differencein | 9284 | 0115| 0167 0044 0.950
Percentiles: Scenario 1
Differencein | 9259 | 0.089| 0099 0024 0.921
Percentiles: Scenario 2

Two methods for the calculation of the time of cemication were proposed in
Section 4.4.1. The NRCS method was proposed fteralzeds with a drainage area less
than 2,000 acres. The Guilford watershed hasinaiya area equal to 39 square miles or
roughly 25,000 acres. Therefore, the method basdt/draulic geometry relationships
was selected for the application to the Guilfordesshed.

First, the watershed was divided into five sedibased on the length of the main
channel within the watershed. The subwatershedshaown in Figure 4-60. Then, the
length of the channel in each subwatershed asasdhe drainage area of each
subwatershed were calculated. The bankfull digghat the downstream point of each
subwatershed was calculated based on Eg. 4-11n, Tireetravel velocity within the
channel for each subwatershed was calculated loasEd. 4-12. Finally, the length was
divided by the velocity of the channel within eatlbwatershed to calculate the travel
time through each subwatershed. The calculatimnsteown in Table 4-33. The
individual travel times were summed to determireettme of concentration of the

watershed. The time of concentration was estim@atéa 26,777 seconds or 7.44 hours.



Figure 4-60.

Subwatersheds for Time of Concentration Calculation for Flowpét

Table 4-33. Time of Concentration Calculations.

Channel Contributin Individual Flow Bankfull Velocit Travel
Section | g Area (mi®) Sl (e IEEEEE y Time (s)
(ft) (cfs) (ft/sec)
1 1.976 21972.57 91.46 2.54 8634.06
2 7.083 21175.00 263.53 3.29 6434.54
3 18.048 15085.76 572.25 3.97 3797.23
4 27.616 15865.12 814.19 4.33 3665.60
5 37.894 19584.06 1058.37 4.61 4245.57
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Based on the available emissions scenarios andgimpudensity data, six

scenarios were developed for adjustments of pesthdige records. Three climate
change scenarios have already been explained basadissions scenarios and
identified as SRES A2, A1B, and B1 (See Chapter 2rfore details). Two urbanization
scenarios were developed based on the rate obseE@ population density within the
watershed. Table 4-34 shows the six combinatibtisecthree climate change and two
urbanization scenarios and the notation that wlubed to refer to each scenario.

Table 4-34. Analysis Scenarios.

Urbanization Scenario
Climate Change Scenario 1 2
A2 A2:1 A2:2
AlB Al1B:1 AlB:2
Bl B1:1 B2:2

4.7.4 Application of Climate Change Adjustment Method.

Given the calculated input variables, the adjustrpescess of the observed peak
discharge record can be applied. The processresgihie individual adjustment of each
observed peak discharge. The adjustment procedurbe conducted as two parts: (1)
climate change and (2) urbanization. Within thplamation of the adjustment method,
the term observation year refers to the year irclvthe peak discharge event to be
adjusted occurred and the term design year reddtgetyear to which the event is being
adjusted. The adjustment method can be appliednpdesign year from the present to
the year 2100. The design year is constrainedlmniyre time period for which the

adjustment method was developed, particularlyHerdimate change component.



As shown in the method development, the adjustrmextihods for climate change
and urbanization are dependent on return peridakrefore, the return period must be
calculated for the observed peak discharge recasddon the Weibull plotting position
formula distribution. The assumption was made tihateturn periods for the peak
discharge record and the associated 24-hr ramgfedird are the same. Then, the
adjustments based on climate change conditionsom@ucted.

For the climate change component, the effect afiate change is modeled using
the change in precipitation that would result duart increase in the climate change
indicator, the greenhouse gas emissions scena@herefore, the each 24-hour rainfall
record is adjusted based on the projected changeniall for the design year selected.
The precipitation GEV distribution parameters basedhe observation year emissions
rates and the design year emissions rates arerdetsl (See Section 4.3.5for further
clarification). Then, based on the return peribthe record, the expected 24-hour
rainfall event can be determined for the observayear as well as the design year. The
ratio of the expected 24-hr rainfall depth for tieservation year and the design year is
then multiplied by the actual observed rainfall tthef,) to calculate the adjusted 24-
hour rainfall event for the design yeag)PTherefore, two different 24-hour rainfall
depths associated with the return period of inteseist: (1) the actual ¢Pand (2) the
projected based on climate change in the design(lP@a This step is repeated for each
24-hr precipitation record based on the respecétan period.

Next, each 24- hour rainfall depth,aRd B, is converted to a peak discharge (cfs)
based on natural conditions. Each rainfall depiihdividually input into the SCS

method to calculate the resulting peak dischargécf®):



Q, = 16°* Cllog(TC) + C2(log(TCORpx Y2 1 Eq. 4-24

ya ¢
where T = time of concentration (hours), A = area{mP = 24-hr precipitation (in.),

and the coefficients are provided in Section 4 Ztierefore, two natural condition peak
discharge rates for the return period of interestcalculated: (1) the current climate
condition (@j) and (2) the future climate conditiong£R It is important to note that
both peak discharge rates are for natural waterstyeditions, not the actual or projected
urbanized conditions of the watershed. This ersstivat the peak discharge rates for
both climate conditions are applicable as inpud the USGS urbanization adjustment
component.

The USGS urbanization equations convert a peakdige from a rural
watershed to a peak discharge from the same watersider urbanized conditions.
Therefore, @.is adjusted to the observation year urbanizatioitons and Qis
adjusted to projected urbanization conditions lierdesign year based on the following

eqguation (Moglen and Shivers 2006):

1
Car

C3,T C4,T

. S
*Qpr *(PD 0009 *( PD 0.009 7

Qo
LT Eq. 4-25
where {' corresponds to either the observation year or deggr, G, C,, C;, and Gare
the USGS coefficients previously calculated forreturn period, T corresponds to the
return period, ‘PD’ is the population density foetwatershed, and ‘PD’ represents the
difference in the population density between th® a8d 98' percentiles of the

distribution of population density in the watershéthe final adjustment factor is the

guotient of the urbanized design year peak disehdpg, and the urbanized observed



year peak dischargep& This final adjustment factor is multiplied byetbbserved peak
discharge value to determine the peak dischargesiadj for future climate change and
urbanization conditions. These steps are repdatezhch recorded peak discharge value.

4.8 Adjustment Results

The observed peak discharge time series is showigure 4-61 for the Guilford,
Maryland, gauge. The data range from 1940 to 2@t:h observed peak discharge was
adjusted to urbanization and climate change canditfor design years 2025, 2050,
2075, and 2100 based on the six different scendewsloped: (1) Emissions Scenario
A2 and Urbanization Scenario 1; (2) Emissions Swes2 and Urbanization Scenario
2; (3) Emissions Scenario A1B and Urbanization Sderil; (4) Emissions Scenario
A1B and Urbanization Scenario 2; (5) Emissions &derB1 and Urbanization Scenario
1; (6) Emissions Scenario B1 and Urbanization Sterza The results of these

adjustments will be discussed herein.
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Figure 4-61. Peak Discharge Time Series for Guilford, Maryland.
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The adjusted peak discharge data sets for thgrdgear 2100 and Emissions
Scenarios A2, A1B, and B1 are shown in Figures 44623, and 4-64, respectively.
Each figure displays the corresponding observedesshs well as the adjusted values for
the respective climate change scenario and thenizditéon scenarios 1 and 2. The
adjusted peak discharge data sets for design 8afs 2050, and 2075 for each climate

change scenario are shown in Figures 8-1 through8Agpendix B.
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Figure 4-62. Observed and Adjusted Peak Discharge Records (cfs) foetiA2
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2100.
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Figure 4-63. Observed and Adjusted Peak Discharge Records (cfs) foetAlB
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2100.
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Figure 4-64. Observed and Adjusted Peak Discharge Records (cfs) foetB1
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2100.

It is apparent from Figures 4-62, 4-63, and 4-&4 the difference in the effect of
each urbanization scenario is small compared tovkeall adjustment for each climate

change and urbanization scenario. A greater éifiez in the adjusted peak discharge



rates is apparent between the three emissionsrgzeas expected, the A1B emissions
scenario results in the greatest adjustment ipélaé discharge records followed by the
A2 and B1 emissions scenarios. This correspontietoanking of the moments
calculated for the precipitation GEV parametersgfach emissions scenario in Section
4.3.7. The GEV parameters for the A1B scenariolted in the greatest rainfall depth
regardless of the return period for the designs/aaalyzed (See Figure 4-38), followed
by the A2 and B1 scenarios. Therefore, it is ptafbr rational that the A1B scenario
results in the greatest adjustments to the peakaliges, followed by the A2 and B1
scenarios.

The percent increase between each observed peailadije record and the
corresponding adjusted peak discharge record fibr emissions scenario and
urbanization scenario was calculated. The resuitdhe design year 2100 are shown in
Figures 4-65, 4-66, and 4-67. The figures sugdpasttwo factors influence the percent
increase, the time at which the observed recordroed and the magnitude of the
observed record. The percentage of increase @djusted peak discharge values
decreases as the data set progresses, or asahardesrecords observed later in the time
series are adjusted. This is because the differbatween the climate change and
urbanization scenario is less between the observggar 2000 and design year 2100
than the observation year 1940 and the design2&#). Therefore, peak discharge
events that occurred earlier in the twentieth agniuill require greater adjustments, as
expected.

The second factor is the magnitude of the obsepeedt discharge event. ltis

apparent from Figures 4-65, 4-66, and 4-67 thagtkatest percent increase occurs for



the second value in the data record, or the ye42.19he second data record value in the
observed time series shown in Figure 4-61 is thermum peak discharge value of the
entire time series. Likewise, the lowest percaotdase is applied to the®3data record

or year 1972, which is corresponds to the largleseved peak discharge in the entire
time series in Figure 4-61.While the magnitudenafease will be greater for the larger
events, the percent increase relative to the obdaralue will be smaller. Therefore, the
level of adjustment is dependent on both the tibhvehéch the observed peak discharge

occurred and the magnitude of the event.

2&l
ME .5 3
= 5 3
&&l .
I. [ I
® *
&l =T s
:’: : :-.-:l :
& e e Mg .
° i 4 0 om m ¢ m =
= 9 * * e ¢
28l : 2o 8 ¢ mmy,
¢ I‘!- w % Cpom s -:’ [
R AL T
&l o
&l
& & 2& +& 8&
) *+

Figure 4-65. Percent Increase of the Observed Peak Discharge Recotdshe Year
2100 for Emissions Scenario A2 and Urbanization Scenarios 1 and 2.
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Figure 4-66. Percent Increase of the Observed Peak Discharge Recotdshe Year
2100 for Emissions Scenario A1B and Urbanization Scenarios 1 and 2.
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Figure 4-67. Percent Increase of the Observed Peak Discharge Recotdshe Year
2100 for Emissions Scenario B1 and Urbanization Scenarios 1 and 2.

The statistics of the percent increase of each gisakarge record for each
emissions scenario, urbanization scenario, angjdgsiar are shown in Table 4-35. As

expected, the average percent increase is theegtdat the A1B emissions scenario



&4

followed by the A2 and B1 scenario regardless efdesign year. Likewise,

urbanization scenario 2 results in a greater peinoerease than the urbanization scenario
1 regardless of the climate change scenario ogdgs&ar. The average percent increase
ranges from 33.7% to 58.5% for the design year 21@D21.4% to 25.3% for the design
year 2025 for the six scenarios. The level of simipent increases as the design year
increases, which coincides with the expected irser@a greenhouse gases and increased
impervious area over time with the climate changd @rbanization scenarios.

Table 4-35. Statistics for Percent Change in Peak Discharge Values
for Design Years 2025, 2050, 2075, and 2100.
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4.9 Analysis of the Flood Distribution Parameters over Time
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With the peak discharge record adjusted to urbéinizand climate change
conditions from design years 2010 to 2100, the steqi was to calculate the Log
Pearson 3 (LP3) parameters of each adjusted daiedrm each design year. With the
parameters calculated, a flood frequency analygsisbe conducted for each design year
and the peak discharge corresponding to a givenreeriod can be determined for a
selected design year. To calculate the LP3 pams)dhe logarithms of each discharge
within each of the 92 adjusted design year datwsete calculated. The LP3 parameters
equaled the mean, standard deviation, and skewobrf @ the logarithm peak discharge
data sets. The LP3 parameters for each designgarthen stored in a time series.
Figures 4-68, 4-69, and 4-70 show the time seaethe mean, standard deviation, and

skew of the adjusted data records for each design y
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Figure 4-68. The Temporal Change in Log Mean of Peak Discharge Rates over
Time.
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Figure 4-69. The Temporal Change in Log Standard Deviation of Peak Discharge
Rates over Time.
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Figure 4-70. The Temporal Change in Log Skew of Peak Discharge Rates over
Time.
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4.9.1 Analysis of the Parameter Functions
It is apparent from the figures that the mean efltigarithms of the peak

discharge values increases over time regardled® afcenario. This is expected based
on the increases in the peak discharge recordsopisdy discussed. However, the
standard deviation of the logarithms slightly dases with time. The data sets for the
design years 2025 and 2100 for the A2 emissionsasiceand urbanization scenario 2
were analyzed to study the cause of the decreadbke standard deviation. The adjusted
peak discharge for each design year in the norpaadesis shown in Figure 4-71 while

the values in the log-space are shown in Figur2.44d the normal space, the standard
deviation equals 2097 and 2373 for the years 26832400, respectively. However, in
the log-space, the standard deviation equals GAd2.278 for the years 2025 and 2100,
respectively. Itis apparent from Figures 4-71 &rt? that the standard deviation of the
peak discharge values in normal space is increasitigg twenty-first century; however,

in log-space, the spread between the larger vadumsmpressed whereas the spread
between the smaller values is not as greatly inflted. Therefore, the standard deviation
of the log space decreases over time. This vagiitslecrease in the log-space standard

deviation, however, is counteracted by the incréaslee log-space mean of the data.
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Figure 4-71. Adjusted Peak Discharge Records in Normal Space for Emiees
Scenario A2 and Urbanization Scenario 2 for Design Years 2025 and 2100.
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Figure 4-72. Adjusted Peak Discharge Records in Log-Space for Emigss Scenario
A2 and Urbanization Scenario 2 for Design Years 2025 and 2100.



In addition to the overall decreasing trend ingtendard deviation of the
logarithms in the twenty-first century, the A1B sados show a slight increase at the end
of the twenty-first century. Likewise, if the fuian fitted for the A2 scenario were
extrapolated, an increase would occur as well. ddta was analyzed further in an
attempt to explain this shift in the data trendhe Btandard deviation of the peak
discharge data in normal space was calculatedafdr scenario and plotted in Figure 4-
73 to analyze this trend. It is apparent from Fegd+73 that the normal space standard
deviation is increasing for each scenario; howether B1 scenario appears to be
stabilizing around the year 2080 while the rateofease of the standard deviation for
the A1B and A2 scenarios appears to increase. eltinesds coincide with the trends in
the standard deviations of logarithms shown in FegL69 in that the B1 scenarios are
the only scenarios that appear to continue to dserato the twenty-second century.
This suggests that when the rate of increase dftdmedard deviation in the normal space
reaches a certain threshold, the standard deviatithre logarithms begin to increase as

well.
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Figure 4-73. Standard Deviation of the Adjusted Peak Discharge Records iroNmal
Space over Time.

In addition to the standard deviation, the skevapsater was analyzed further.
The estimated skew value as function of time suggepolynomial swing throughout
the 2f' century. However, this is likely to be due to géing variation. As was
determined in the development of the adjustmenofdor precipitation data, estimation
of the skew is difficult for small samples. Likes&i for use in the LP3 distribution, the
skew is rounded to the nearest tenth. Therefoesginor difference in skew that results
from the adjusted data is not meaningful. HoweNes,important that the models are

not extrapolated beyond the time period specifegdHis study.

4.9.2 Fitting Statistical Models to the LP3 Parameters

To estimate the LP3 parameters at a give design getistical models were
fitted to each data set for each scenario. Polyadomctions were used:

Y = Cp + Ci*x+ Co*x? + C*x3 Eq. 4-26



where the coefficient values for each moment equand each climate change and

urbanization scenario are given in Table 4-36. ddefficient of determination for each

model exceeded 0.99, which suggests that mored®f#nof the variation in the LP3

parameters is explained by the fitted models.

Table 4-36. Coefficient Values and Coefficient of Determination for Stegtical

Models of Mean, Standard Deviation, and Skew of the Log of the Peak Discharge

Values over Time.

Scenario Coefficient Value
Climate

Moment | Change | Urbanization CO0 Cl C2 C3 R?
A2 1 10.549 | -0.008 | 0.0000022 0 1.00

A2 2 3.721 | -0.002 | 0.0000007 0 1.00

@ AlB 1 12.057 | -0.010 | 0.0000026 0 1.00
% Al1B 2 5.253 | -0.003 | 0.0000011 0 1.00
Bl 1 -4.869 | 0.007 | -0.0000017 0 0.99

Bl 2 -11.631 | 0.014 | -0.0000032 0 0.99

A2 1 2.564 | -0.002 | 0.0000005 0 1.00

° < A2 2 3.102 | -0.003 | 0.0000006 0 1.00
s '% Al1B 1 -95.796 | 0.144 | -0.0000720, 0.000000012| 1.00
§ 3 Al1B 2 -92.408 | 0.139 | -0.0000698| 0.000000012| 1.00
» o Bl 1 77.202 | -0.114 | 0.0000566| -0.000000009| 0.99
Bl 2 80.852 | -0.119| 0.0000590| -0.00000001 | 0.99

A2 1 368.640 | -0.543 | 0.0002667| -0.000000044| 1.00

A2 2 356.509 | -0.526 | 0.0002590| -0.000000042| 1.00

% AlB 1 805.872 | -1.197 | 0.0005928| -0.000000098| 1.00
7 Al1B 2 793.232 | -1.179 | 0.0005847| -0.000000097| 1.00
Bl 1 -272.439 | 0.414 | -0.0002093| 0.000000035| 0.99

Bl 2 -283.628 | 0.430 | -0.0002163| 0.000000036| 0.99

4.9.3 Multinonstationary Flood Frequency Analysis

Based on the LP3 parameter models, flood frequanalyses were then

conducted for each emissions scenario and urbamzstenario for the years 2010,

2050, 2075, and 2100. Figure 4-74 shows the seBulthe A1B emissions scenario and




urbanization scenario 2. Figure 9-10 in AppendighGw the results for emissions
scenario A1B and urbanization scenario 1; Figur&$ @nd 9-12 in Appendix C show
results for emissions scenario A2 and urbanizagamarios 1 and 2, respectively; and
Figures 9-13 and 9-14 in Appendix C show resultefaissions scenario B1 and
urbanization scenarios 1 and 2, respectively. ¥peeted, the flood frequency analysis
shifts upwards over time under each scenario asudtrof the effects of

multinonstationarity.
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Figure 4-74. Flood Frequency Analysis for Emissions Scenario A2 and Urbaaition
Scenario 2



The multinonstationarflood frequency analyses for each scenario were
compared based on the 100-yr and 500-yr flood ésigth years 2050, 2075, and 2100.
The values are given in Tables 4-37 and 4-38 fethiee emissions scenarios and two
urbanization scenarios for the 100-yr and 500-godks, respectively. Figures 4-75 and
4-76 show the 100-yr flood peak discharge ratesif®murbanization scenario 1 and 2,
respectively, as well as the 100-yr flood peakliisge based on the observed peak
discharge. Likewise, Figures 4-77 and 4-78 sha\s0-yr flood peak discharge rates
for urbanization scenarios 1 and 2, respectivedyyvell as the 500-yr flood peak
discharge based on the observed peak discharge.

The results show that regardless of the emissionsbanization scenario, a flood
frequency analysis based on the observed peakadgehecords will underestimate the
100-yr and 500-yr floods. For each emissions steaad design year, the urbanization
scenario 2 results in a greater peak dischargethfzrirom urbanization scenario 1. For
the design year 2100, the emissions scenario Aglteein the greatest 100-yr and 500-
yr flood, followed by the A2 and B1 emissions sa@® These trends coincide with the
adjustment results as well as the general trenttsee0EEV parameters for the three
emissions scenarios and the fact that greater ntuer areas will result in greater runoff.

Exceptions to these trends exist, however, fod#sgn years 2050 and 2075.
The results suggest that the B1 emissions scewdliesult in the greatest peak
discharge for both the 100-yr and 500-yr floodha year 2050. Analysis of the
moments shows that the standard deviation of th&riithms for the B1 emissions
scenario is greater than the A1B and A2 emissioaesaio for this design year. As

previously discussed, the standard deviation deeseaver time in the log-space despite



an increase in the normal space for most scenandslesign years. Therefore, despite
the greater standard deviation in the normal sfade A1B and A2 scenario, the
standard deviation in log-space is less than théteoB1 scenario. If the individual
scenarios are analyzed over time, the decreabe istdandard deviation of the logarithms
is counteracted by the greater increase in the oganithms. However, when the A1B,
A2, and B1 scenarios are compared in the samerdgeay, the difference in the
standard deviation in the logarithms may overpadvat of the mean. This results in a
greater projected flood for the B1 scenario dedpigegreater moments in the normal
space for the A1B and A2 scenarios. However,Heryiear 2100, the 100-yr and 500-yr
floods are greater for the A1B and A2 scenario tih@B1 scenario. This suggests that
the difference in the means begins to counterattahthe standard deviation in the year
2100 as the scenarios continue to diverge.

Another exception occurs in the year 2075. Thesééhario results in a 500-yr
flood that exceeds the A1B scenario. Analysishefrhoments shows that the magnitude
of the skew for the A2 scenario is greater thahdhthe A1B scenario by roughly 0.003
for the year 2075. However, the LP3 distributiequires the skew to be rounded to the
nearest tenth, which results in a difference if.af with the skew values of 1.0 and 0.9
for the A1B and A2 scenarios, respectively. Thanefas the skew coefficient influences
the tail of the extremes, this difference resulta greater 500-yr flood for the A2
scenario. It is important to note that both ofsthexceptions are the result of limitations
of the application of the LP3 distribution for adld frequency analysis and should be

considered when conclusions are made based onrdmsts.



Table 4-37. 100yr Flood Peak Discharge (cfs) for each Emissions &tario and
Urbanization Scenario for the Years 2025, 2050, 2687and 210L.

2100 2075 205(
Urbanization

Scenaric 1 2 1 2 1 2

Observec 10587 10587 | 10587| 10587 | 10587 | 10587
)
_5 '% A2 13663 14014 | 13086 13387 | 12244 | 12465
g § Al1B 14432 14806 | 13234| 13538| 12554 | 12778
w v Bl 13314 13655 | 12771| 13067 | 12596 | 12892

Table 4-38. 500-yr~lood Peak Discharge (cfs) for each Emissions Sceiweand
Urbanization Scenatrio for the Years 2025, 2050, 267and 210C

2100 2075 205(
Urbanization
Scenaric 1 2 1 2 1 2
Observec 20012 20012 | 20012| 20012| 20012 | 20012
[92]
IS % A2 25758 | 26346 | 24906| 25416| 22816 | 23185
é § Al1B 26821 27442 | 24546| 25052| 23419 | 23792
w Bl 25703 26287 | 24082 | 24581 | 23893 | 24290
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Figure 4-75. 100yr Flood Based on Observed Data and Adjusted Dataof
Urbanization Scenario 1 and Climate Change Scenarios A2, A1B, @&B1.
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Figure 4-76. 100yr Flood Based on Observed Data and Adjusted Dataf
Urbanization Scenario 2 and Climate Change ScenarsoA2, A1B, and Bl
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Figure 4-77. 500yr Flood Based on Observed Data and Adjusted Dataf
Urbanization Scenario 1 and Climate Change ScenarsoA2, A1B, and Bl
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Figure 4-78. 500yr Flood Based on Observed Data and Adjusted De for
Urbanization Scenario2 and Climate Change Scenarios A2, A1B, and E.

Tables 4-39 and 40 show the percent increase from the 10@nd 50+-yr
floods, respectively, based on the observed dataetdO-yr and 500yr floods based o
the adjusted data for each design year and cliotetege and urbanization scenario.
the design year 210(he A1B scenario results in39.9% increase in the 1+yr flood
and a 37.% increase in the 5-yr flood for the urbanization scenario 2. The Ist
projected increase equadls.% for the B1 emissions scenario and the urbanizi
scenario 1 for the 109 The lowest projected increase for the-yr flood equalec
28.4% for the B1 scenario. Therefore, if stormwatenagement structures are desig
based on the observed data, the structures wouldde designed for both the 1-yr

and 500-yr floods.



Table 4-39. Increase (%) from Observed to Adjusted 100-yr Flood Peak Disarge
(cfs) for each Emissions Scenario and Urbanization Scenario for the Yea2850,
2075, and 2100.

2100 2075 2050
Urbanization
Scenario 1 2 1 2 1 2
5% A2 201 | 324 | 236 | 264 | 157 | 17.7
g qC_) AlB 36.3 39.9 25.0 | 27.9 18.6 20.7
(&)
UEJ n Bl 25.8 29.0 20.6 | 23.4 19.0 21.8

Table 4-40. Increase (%) from Observed to Adjusted 500-yr Flood Peak Disarge
(cfs) for each Emissions Scenario and Urbanization Scenario for the Yea2850,
2075, and 2100.

Skew based on Moment
Equations 2100 2075 2050
Urbanization
Scenario 1 2 1 2 1 2
5% A2 287 | 317 | 245|270 | 140 | 159
& 5 A1B 34.0 371 | 227 | 252 | 170 | 189
UEJ n Bl 28.4 31.4 20.3 | 228 | 194 | 214
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5.1 Introduction
While the term risk has many definitions, for thegose of this study risk will be

defined as a combination of the probability of acence and the consequences
associated with an event (See Chapter 2). A gskssment was conducted based on the
projected changes in the flood frequency analysieunonstationary conditions. The
risk assessment approach followed the method usdteldnteragency Performance
Evaluation Task Force, established by the UnitedeStArmy Corps of Engineers, in the
analysis of the New Orleans and Southern Louiskuraicane Protection System
following Hurricane Katrina (USACE 2009). The FEM#AZUS Flood Model for
riverine flooding was used to define the hazardetdam the developed flood frequency
distributions and estimate the consequences of@amft analyzed. The program has
three levels of complexity that vary based on ther inputs and the level of
sophistication of the program outputs. For thiglgf the simplest level was selected
based on the availability of user inputs and tlyglirement of a means for comparison
between risk under nonstationary conditions ratinwn an accurate estimate of the
damage.

5.2 Risk Assessment Methodology
In the IPET risk assessment, risk is defined aptbduct of the vulnerability to

the hazard and the consequences that would reBhudt.vulnerability to a hazard consists
of three parts: (1) the probability of occurren(@;the identification of the hazard; and
(3) the system performance. The probability ofuscence is based on a frequency
analysis. Identification of the hazard can havétipla components. For example, the

hazards assessed for a hurricane include surgle kve wave levels (USACE 2009).



For floods, the HAZUS program defines the hazammanents as flood depth and
velocity. The third component, system performamneters to reliability of any hazard
mitigation methods implemented under the conditidestified for the hazard. A
combination of these three components definesuhexability to a specific hazard
(USACE 2009).

5.2.1 Vulnerability to the Hazard
For this study, the hazard was identified as tbedldepth. The inclusion of a

velocity analysis in the hazard identification wex available for the HAZUS program
for a Level 1 analysis. Flood events with 1% ar&¥®probability of occurrence, i.e.,
100-yr and 500-yr return periods were analyzedHerGuilford watershed study.

The 100-yr and 500-yr floods were analyzed basetthi@e scenarios: (1)
stationary conditions; (2) worst case scenaridterdesign year 2100 under
nonstationary conditions; (3) best case scenarithiodesign year 2100 under
nonstationary conditions. The hazard for the @@y scenario was based on the flood
frequency analysis derived from the observed pésathdrge data. The hazard for the
worst case scenario was based on the frequencysanfdr the A1B emissions scenario
and the urbanization scenario 2, which resultegtiegreatest 100-yr and 500-yr flood in
the year 2100. The best case scenario was badeé trequency analysis for the B1
emissions scenario and the urbanization scenariyiile the A2 scenario resulted in the
minimum peak discharge for the 500-yr flood, thedB&nario resulted in the minimum
peak discharge for the 100-yr flood for the yea®d@1The 100-yr flood for the A2
emissions scenario is 2.4% greater than that dBfhemissions scenario for the year

2100, while the 500-yr flood for the B1 emissionsrgrio is only 0.2% greater than that



of the A2 emissions scenario. Therefore, the aomsscenario B1 and urbanization
scenario 1 were selected as the best case scearmacio will result in the least increase in
the hazard for the design year 2100.

The vulnerability of the study region to the hazask analyzed for two
conditions: (1) without the implementation of aigation system and (2) with the
implementation of a mitigation system implementéthe mitigation selected consisted
of zoning laws to limit development in vulnerabteas. Federal policies have attempted
to decrease the vulnerability of areas throughciral mitigation methods, such as
levees, as well as safe building standards. Likewthe have attempted to minimize the
losses that result from the residual risk throughNational Flood Insurance Policy as
well as disaster relief. As a result, developmex#timcreased in at risk areas. Therefore,
Burby (2006) argues that the most efficient waygnitigate losses is through the
restriction of development in vulnerable areasdwal governments.

The mitigation system analyzed consisted of zotamg that limited
development within the 100-yr floodplain based tatisnary conditions. The conserved
area will be referred to as the Special Protechiiea (SPA). Therefore, when the
mitigation system is implemented, damage that ecauthin the SPA due to flooding
will be assessed based on the 2010 inventory, bedhe assumption is made that
development does not increase following the implaateon of the zoning laws.
However, the damage that occurs outside of the @R4to flooding was assessed based
on the projected development for the scenario aedly The performance of the system
in the mitigation of risks was then compared toribks associated without the

implementation of a mitigation system.



5.2.2 Consequences
The second part of the risk assessment is the a&i@huof the consequences that

result from the hazard. This includes the potéfdss of life and property damage
(USACE 2009). For Level 1, the HAZUS program esties the consequences based on
default data within the HAZUS program. This inadsdhe general building stock within
the United States as well as national data fomgisddacilities such as police stations,
high potential loss facilities such as stormwatanagement structures, transportation
and lifeline systems, agriculture, vehicles, anchdgraphics (FEMA 2009). This
information is available at the census block Idgelthe flood model.

HAZUS assesses both direct and indirect lossesecDibsses included physical
damage to the general building stock, essentiahggitpotential loss facilities, lifelines
such as transportation and utilities, vehicles, agritultural. The level of damage is
estimated based on default data curves within théWs program. For example, for the
assessment of damage to buildings within the stmelst, the damage curve provides
estimates of the level of damage based on thereliffevater depths. The loss estimate is
then calculated based on the expected replacermsint ©Other direct losses include
induced damages from debris or the release of lazamaterials and direct social
losses such as casualties and displaced househottisect losses are defined as
additional disruption to economic activity as autesf the direct damage incurred by the
hazard.

The consequences provided by HAZUS are based aefaelt inventory data
for the year 2006 and census data for the year.2006refore, for the stationary

scenario assessed, the HAZUS estimates for theqoasces were assumed to be



representative of the 2010 conditions. Howevarttie nonstationarity scenarios based
on the design year 2100, the consequences estitmatddZUS based on the new flood
frequency analyses were adjusted based on thectgdjdevelopment conditions for the
year 2100. The application of the HAZUS programeach scenario as well as the
adjustments of the estimated consequences for @¥$lopment conditions will be

discussed herein.

5.3 Application of Risk Assessment Methodology to the Guilford Waterséd
The risk assessment methodology was applied tGthléord Watershed

stationarity and nonstationarity scenarios usinylAts HAZUS model. For level 1, the
HAZUS program required the user to define the stedyon based on the state, county,
census tract, or census block. For this study, &idWounty was selected for the study
region, as the Guilford watershed of the LittletRant River is within Howard County.
The program then retrieves inventory to be usatlérdamage assessment based on
census data, building stock data, and agriculpn@ducts. Then, the user must input a
digital elevation model for the study region, aable through USGS. Prompted by the
user, the program will delineate the stream netwavithin the study region based on the
elevations. Figure 5-1 shows the study area of&tdwCounty, the elevation map,

delineated stream networks, and Guilford Watershed.



Figure 5-1. Study Region of Howard County, Digital Elevation Map, Stream
Networks within Study Region, and Guilford Watershed.

5.3.1 Delineation of the Floodplain
Next, the user must select the stream or chanred giudied. The Little Patuxent

River was selected from the headwaters to the @dilflischarge gauge monitored by
USGS. Then, the user must choose to analyze rp&uiods stored in the program that
correspond to peak discharge rates based on US@Ea@ts for each return period or
input peak discharge values manually. The proghan delineates the floodplains that
would result from the selected flood event and gles estimates of the expected
damage. For this study, the peak discharge rages wput manually based on the flood
frequency analysis and return period for each sanahis approach requires that peak
discharge rates be input for each segment witld@rséhected channel or stream for the

analysis. The segments are defined by the HAZW@§ram and are typically based on



locations where additional streams flow into thargfel, which would suggest an abrupt
change in the peak discharge from upstream vallies.analyses preceding this point
are only conducted based on one study gauge fraohwlischarge data was retrieved
from USGS. Therefore, it was necessary to adpesestimated peak discharge for the
study gauge for upstream points defined by the H8Zdogram.

A method was developed to estimate the upstreakgiseharge rates as a
function of the peak discharge both observed ajubtatl at the Guilford gauge. First,
the subwatersheds were delineated for the dowmstpeant of each segment of the
channel. The delineated watersheds are showrgurd-b-2. The area of each
subwatershed was calculated and is shown in Tablaswell as the coordinates of each

subwatershed outlet.

Figure 5-2. Subwatersheds based on HAZUS Defined Segments of the [kitt
Patuxent River in the Guilford Watershed.



Table 5-1. Latitude and Longitude (Degrees) Coordinates of Outlet and Ageof
each Subwatershed within the Guilford Watershed.

Area (sq.
Subwatershed Longitude Latitude mi.)

1 76.851 39.269 7.711
2 76.844 39.247 11.674
3 76.847 39.240 22.625
4 76.850 39.227 24.956
5 76.853 39.212 28.255
6 76.857 39.206 28.866
7 76.852 39.180 35.959
Guilford Watershed 39.246

To estimate the peak discharge for the subwatesshegression equations
developed by Dillow (1996) for ungauged watershadbe state of Maryland were used.
Dillow (1996) provided the following equation totiesate the 100-yr peak discharge for
the Piedmont region based on drainage area anst fureer:

q = 3,060*A>>(F+10)%%* Eq. 5-1
where g = peak discharge (cfs), A = area (squalesimand F = forest cover (%). The
ratio of this equation for the peak discharge atGuilford outlet and the subwatershed
outlet of interest was solved for the peak discaaigthe subwatershed outlet of interest,
which resulted in the following equation:

F)xgx %OSD(gg.Z..(Hm.._.( T & (EeTee et x hDk | tvg

S(E.Z-o‘é("u”
Gf,..e tie )X %0, 010 = T x hDk Eq. 5-2

3c0pe ee. o >0 “ee. o

Since actual forest cover areas were not avaifableach subarea over the period of
record, the assumption was made that the perceafdgeest cover within the
subwatershed would be the same as the entire Wwatkrd his assumption seems

reasonable since the coefficient in the forest ctemns is significantly less than that for



the area; therefore, forest cover is the inputalde of lesser importance. Therefore, the

eqguation can be simplified as follows:

Bz S E T
Gf,.. (e tte 901 Eq. 5-3
9ecee"”

The peak discharge at each HAZUS defined segmeéhinihe Little Patuxent River can
be estimated based on the area of the subwatetblecatea of the Guilford watershed,
and the peak discharge at the Guilford streamgsaiigie Note that this equation is
specific to the 100-yr return period. Dillow (1998 ovides additional equations with the
same functional form for return periods that rafigen the 2-yr to the 500-yr. In
addition, this equation is specific to the Piednragion of Maryland; however, Dillow
(1996) provides equations for the for the Appalanti®?lateaus and Alleghany Ridges
Region, the Blue Ridge and Great Valley Region Whestern Coastal Plain Region, and
the Eastern Coastal Plain Region. The user cay #pse equations with their own
discretion if used outside of the Maryland regi@sdd on regional characteristics.

This method was applied to each subwatershed tbrthe 100-yr and 500-yr
floods in the Guilford Watershed. The resultssdtrewn in Tables 5-2 and 5-3 for the
100-yr and 500-yr floods, respectively. These p#iakharge values were manually input
into the HAZUS program and the floodplains werearaedted for each scenario and
return periods analyzed. The floodplain delineatiefined the flood depth, or the
hazard, at each location within the study regi®hen, a final analysis was conducted in
which the HAZUS program assessed the consequemaieaduld result from the defined

hazard for each scenario. The program then prdwadglobal summary of the



consequences that would result from each hazatgzaaefor this study based on the
2010 default inventory provided by the program.

Table 5-2. Estimated 100-yr Peak Discharge (cfs) for HAZARD Program Diaed
Subwatersheds within the Guilford Watershed.

Watershed/ Nonstationarity: Nonstationarity: Best Stationary
Subwatershed Worst Case Case Conditions
Guilford
Watershed 14806 13314 10587
1 5982 5379 4277
2 7536 6777 5389
3 10894 9796 7790
4 11506 10346 8227
5 12330 11087 8816
6 12478 11220 8922
7 14102 12681 10084

Table 5-3. Estimated 500-yr Peak Discharge (cfs) for HAZARD Program Dieed
Subwatersheds within the Guilford Watershed.

Watershed/ Nonstationarity: Nonstationarity: Best Stationary
Subwatershed Worst Case Case Conditions
Guilford
Watershed 27442 25703 20012
1 11342 10623 8271
2 14206 13306 10360
3 20348 19059 14839
4 21461 20101 15650
5 22958 21503 16742
6 23226 21754 16938
7 26169 24511 19084

5.3.2 Resulting Floodplains for Stationarity and Nonstationarity Scenarios

Figure 5-3, 5-4, and 5-5 show the floodplain thatld result from a 500-yr
return period calculated based on the assumptistatibnarity, the best case
nonstationarity scenario, and the worst case noos#ity scenario, respectively.

Figures 10-1, 10-2, and 10-3 in Appendix D show1@@-yr return periods for the three



scenarios. The floodplains and flood depths regmtethe hazard upon which the

conseqguences are assessed.

Figure 5-3. 500-yr Return Period Floodplain for Stationary Scenario.

1&



Figure 5-4. 500-yr Return Period Floodplain for Best Case Scenario in 2100.

Figure 5-5. 500-yr Return Period Floodplain for Worst Case Scenario in 2100.



5.3.3 Adjustments of Consequences for the Design Year 2100
The consequences defined by the HAZUS program septeensus data and

general building stock data for the year 2006. rétoee, it was necessary to adjust the
consequences assessed for expected developméme f@rar 2100. As the watershed is
further developed, the potential consequencesnitbase because more people and
property will be located within the floodplains hdrefore, estimates of the change in
consequences from the present day estimates g1 @tedesign year were needed.
Characteristics of existing development within wWedershed were analyzed as well as
the projected changes in the population densitg&mh scenario to determine realistic
assumptions for future development.

5.3.3.1 USACE National Economic Development Principles and Guidelines
The projections of consequences for the year 2496 conducted based on the

USACE National Economic Development Principles @uidelines (USACE 2009b).
The guidelines provide a systematic approach imast the benefits of urban flood
damage projects. The guidelines can be summanzeten steps, in which steps 3 and
5 aim to forecast the increased economic activitiimthe floodplain in order to
demonstrate future benefits and costs of the pexppsoject. For the use in this study,
these steps will be followed to project the incesssconsequences within the floodplain
and the benefit of implementing a zoning systemitigate risk.

5.3.3.2 Demographic Projections for Study Region
Step 3 within the guidelines requires that thevdigs in the affected area be

projected as follows:



I

“Base economic and demographic projections on thst necent available studies
and include the following: population, personalame, recreation demand, and
manufacturing employment and output” (USACE 2009b).
For this study, the projected demographic increasesleveloped based on total
population projections provided by Maryland Staf@nRing and were discussed in
Chapter 4. Therefore, the demographic projectiaiisoe based on the projected
increase in population density within Howard Countfich is assumed to apply within
the watershed.

5.3.3.3 Conversion of Demographic Projections to Land Development
Step 4 within the guidelines requires that theeptial land use within the affected

area be estimated based on the demographic porjecs follow:
“Estimate potential land use within the affecteeaaby converting demographic
projections to acres. The conversion factors camalby be derived from
published secondary sources, from agency studissniar areas or from
empirical and secondary data available in the tdtkarea. The categories of
potential land use need be only as detailed asssapeto reflect the incidence of
the flood hazard and to establish the benefitssddrirom a plan” (USACE
2009b).

For this study, the conversion was based on thewolg model between population

density and urbanization developed by Moglen andes$ (2006) for the central region

of Maryland to determine the change in impervioeaa

IA = 12.1935*(PD§ > Eq. 5-4
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where IA = impervious area (%) and PD = populatensity (1000 people). The
increase in population density projected in Secfioh2.2.1 from 2010 to 2100 was
calculated for both urbanization scenarios incluidetthis study and the change in
impervious area was estimated based on equationThd expected increase in the
percentage of urbanized area is 7% and 22% fdveébecase and worst case scenarios,
respectively.

These values represent the percent increase grwops area within the
watershed. The guidelines specify the conversiaemographic data to landuse type.
Therefore, the assumption was made that impenadces would correspond to either
residential or commercial and industrial landugeesy

5.3.3.4 Distribution of Land Development within Study Region
Step 5 in the guidelines requires that the chamgkesd use are allocated to the

floodplain and non-floodplain areas. The basitdieecconsidered in this allocation are as
follows:
“Base the allocation on a comparison of the floadptharacteristics, the
characteristics sought by potential occupants hadvailability of sought-after
characteristics in the nonfloodplain portions & #ifected area” (USACE
2009b).
To approach this step, the land cover within theevened was retrieved from USGS.
Figure 5-6 shows the different land cover clasatfans provided by the NLCD 2001
data set as well as the 100-yr floodplain basestatonary conditions. The map
suggests that urbanized and forested land coverspatially distributed throughout the

watershed and floodplain. This suggests that dpweént within and outside of the
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floodplain is desired by the community. It is innfamt to note that the agricultural land
use, however, is located mainly in the northern\aastern portion of the watershed,
with little interaction with the floodplain. Baseah these observations, it was assumed
that development within the watershed can be asswoneccur evenly distributed
between the available areas within and outsidaeflbodplain. Agricultural areas were
not considered in the analysis, as it does notappeat they will be affected by flooding
issues based on the scenarios in this study.

The second component considered in Step 5 wav#ilalaility of land for
development. The NLCD data set defines the deeeldgnd based on four
classifications: (1) open space; (2) low intengi8); moderate intensity; and (4) high
intensity. These classifications are based ompéneent impervious area as follows: (1)
open space corresponds to less than 20% imperareas (2) low intensity corresponds
to between 20-49% impervious area; (3) moderagngity corresponds to 50-79%
impervious area; and (4) high intensity correspdondsetween 80-100% impervious
area. The developed open space classificatiorsrefeyolf courses and other
recreational sites while the moderate and highitledsvelopment areas were assumed
to be completely developed. Therefore, it wasmsslthat increased impervious area
and, therefore, development will occur only in toev Intensity land cover

classifications and result in a shift from low mé@&y to moderate intensity.
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Figure 5-6. Landuse Types for the year 2001 within the Watershed and the 100-yr
Floodplain based on Stationarity Conditions.

To determine the total area of impervious land itk increase based on the
projected percent increases, the total impervioea within the watershed was estimated.
As the land use data is provided in the form ofid, ghe area will be referred to in terms

of the number of cells or pixels. Each cell représ an equal area of land. First, the



total area associated with each of the four deeslapassifications was calculated. Then
the average impervious area was assumed to repezsdnclassification. For example,
the total area classified as open space was asdongedsist of 10% impervious area;
low intensity consisted of 35% impervious area; gratk intensity was assumed to
consist of 65% impervious area; and high intensig assumed to consist of 90%
impervious area. Therefore, the total imperviogmaavas estimated to be 15,576 cells
out of 100,009 cells total within the watershederfefore, the watershed is 14.2%
impervious area. The results of these calculattwashown in Table 5-4.

Table 5-4. Total Impervious Area within Watershed in Terms of Cell Countand
Based on Description of Land cover Classification in Regards to Percent Irapvious

Area.
Area in 2010| Impervious Area in
Classification (Cell Count) | 2010 (Cell Count)
Open 36227 3623
Low 19005 6652
Moderate 6812 4428
High 971 874
Total for 4 Classifications 63015 15576

The next step was to determine the relationshiyéset the calculated increase in
impervious area and the conversion of low intend@yeloped land cover area to
moderate intensity land cover area. The totalg@ronpervious area is projected to
increase by 7% and 22% for the best and worstsas®arios, respectively. Therefore,
in the best case scenario, the watershed will sbngil5.2% and 17.3% impervious area.
For ease of calculation, it was assumed that eeltlequals 1 rh Therefore, the total
area of the watershed equaled 110089 Ror the best case scenario, the percent

impervious area within the watershed increases’byora total 15.2%. This equals
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16721.4 rwithin the watershed. Therefore, for the besecaznario, an additional
1145.4 i will be added to the watershed for the best caseasio. For the worst case
scenario, the percent impervious area will incrdgs22% within the watershed, which
equals 17.3% impervious area within the watershek®631.6 M. Therefore, 3455.6 ™
of impervious area will be added to the watersloedHe worst case scenario.

As previously stated, increases in impervious aidanly be added to low
intensity land cover classifications and will résala conversion of existing low
intensity land cover cells to moderate intensihdl@aover cells. The average percent
impervious area for low and moderate intensity leoder equals 35% and 65%,
respectively. If each cell is 17rit can be assumed that converting from 0.35which
would be the impervious area within one low intenkind cover cell, to 0.65 which
would be the impervious area within one moderatenisity land cover cell, results in the
addition of 0.3 mMto the watershed. Based on this value, it wasnaed that for the
worst case scenario, the addition of 3455%@fimpervious area would result in the
conversion of 11,519 low intensity cells to moderatensity cells. This represents 61%
of the low intensity cells within the watershedkewise, for the best case scenario, the
addition of 1145.4 mof impervious area would result in the convers3848 low
intensity cells to moderate intensity cells. Tit@presents 20% of the low intensity cells
within the watershed.

The assumption was made that the conversion ofritemsity to moderate
intensity development would be distributed evehhptighout the watershed. Therefore,
within every census block, the 20% and 61% of tiea defined as low intensity

development will be converted to moderate intendggtyelopment by 2100 for the best



case and worst case scenarios, respectively. idddily, a small portion of the
floodplain exists outside of the watershed. It wasumed that the same percentage of
low intensity development within these census sraaiuld be converted to moderate
intensity as well.

To conduct this conversion, the census tracts tegdry HAZUS as being
affected by the largest flood in the analysis waralyzed. The area of developed open
space, low intensity, moderate intensity, and mgénsity land cover were recorded.
Then, for each census block, the 20% and 61%eolotlv intensity area was converted to
moderate intensity area for the best and worst wagstationarity scenarios,
respectively. The results for each census bloelshown in Tables 10-1 and 10-2 in
Appendix D for the best and worst case nonstatipnscenarios, respectively.

5.3.3.5 Conversion of Projected Change in Developed Land to Projected Increase in
Consequences
The final step was to adjust the consequencesllmasthe increased development

within each census block. The total economic &wstotal number of people displaced
was recorded for each individual census block. tRetotal economic loss, the property
associated with each land cover type was assuniael telated to the average percent
impervious area for the land cover classificatiog ppen equals 10%, low equals 35%,
moderate equals 65%, and high equals 90%). Threrdfee increase in consequences
was determined based on the assignment of weigleadh land cover type. Open space
was assigned a weight of 1, low intensity was axiga weight of 3.5, moderate
intensity was assigned a weight of 6.5, and higdnisity was assigned a weight of 9.
Then, for each census block, the consequencesassuened to increase based on the

following equation:
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Eqg. 5-5

where ‘i' refers to the land cover classificatiarthe year 2100; ‘|’ refers to the land

cover classification in the year 2010; W = weigsgigned to the specified land cover
classification; A = area of the census bloc. Tfueee as the area of the moderate
intensity area increases and the area of the Item$ity area increases, the greater weight
of the moderate intensity development will be nulikid by a greater area. The result is
an increase in consequences that corresponds itactie@se in development.

For the best case nonstationarity scenario, thalptpn density within the study
region is expected to increase by 11.8%. For thiesticase nonstationarity scenario, the
population density is expected to increase by 67.5%vas assumed that the increase in
population density would be evenly distributed thgloout the study region. Therefore,
for the best and worst case nonstationarity scesatie estimated number of displaced
people for the stationary 2010 scenario would iaseeby 11.8% and 67.5%,
respectively.

Tables 10-3 and 10-4 in Appendix D show the adjestsof the total building
loss ($ millions) for each census block for thetlvase nonstationarity scenario and the
100-yr and 500-yr floods, respectively. Tablessl@xd 10-6 in Appendix D show the
adjustments of the total building loss ($ milliofa) each census block for the worst case
nonstationarity scenario and the 100-yr and 500epds, respectively. Tables 10-7 and
10-8 in Appendix D show the adjustments of thel togple displaced for each census
block for the best case nonstationarity scenaribtha 100-yr and 500-yr floods,

respectively. Tables 10-9 and 10-10in Appendiphbve the adjustments of the total



people displaced for each census block for the tveaise nonstationarity scenario and the
100-yr and 500-yr floods, respectively.

5.3.4 Results for Risk Assessment without Mitigation System
Figure 5-7 and 5-8 show the total economic log®i(fons) and total number of

people displaced, respectively, for each of thedtscenarios analyzed and the 100-yr
and 500-yr return periods. Table 5-5 shows the xtonomic loss ($ millions) and total
number of people displaced for each scenario andreeriod analyzed. For the best
case scenario, the total economic loss is projdota@ttrease by 26.6% and 19.8% for the
100-yr and 500-yr floods, respectively. Likewidge number of displaced people is
projected to increase by 17.1% and 21.0% for tifeyt@Gnd 500-yr floods, respectively.
For the worst case scenario, the total economgitexpected to increase by 55.2% and
39.5% for the 100-yr and 500-yr, return periodsie iumber of displaced people is
expected to increase by 41.5% for both return geridorherefore, if nonstationary factors
are not incorporated into a risk assessment, ttenpal consequences are
underestimated considerably for both the best aadevorst case nonstationary
scenarios.

Comparison of the increase in consequences asllh sésonstationarity
provides insight into the sensitivity of the systenthe nonstationary climate and
urbanization factors. For example, a 25.8% in@eéashe peak discharge was projected
for the best case scenario 100-yr flood, whichltedun a 26.6% increase in the total
economic loss. Likewise, a 39.9% increase in gaklischarge projected for the worst
case scenario resulted in a 55.2% increase irothkgconomic losses estimated. For the

500-yr flood, a 28.4% and 37.1% increase in thé jpgscharge was projected for the



best and worst case scenarios, respectively, whgllitecin a 21.0% an@9.5%
increase in the estimatedonomicloss. With the exception of the best case-yr
flood, the estimated percent increase in the gldtbss was greater than i
corresponding percent increase in the peak disehargese results suggest that
study region is highly sensitive to tnonstationary factors analyzed. Therefore,
important to consider nonstationary factors in askessment to ensure that
sensitivity of the potential consequences are wtded and appropriate action for flo

mitigation can be considere
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Figure 5-7.Total Loss ($ millions) for Stationarity, Best CaseNonstationarity, and
Worst Case Nonstationarity Scenarios for the Year 200 and the 10-yr and 50C-yr
Floods.



2/

m &&
mA48&¢

Figure 5-8.People Displaced for Stationarity, Best Case Nondgtanarity, and Worst
Case Nonstationarity Scenarios for the Year 2100 anthe 10(-yr and 50C-yr Floods.

Table 5-5.Total Lossand People Displaced for Stationarity, Best Cas
Nonstationarity, and Worst Case Nonstationarity Scearios for the Year 2100 anc
the 100-yr and 500-yr Floods.

10C-yr Flood 500yr Flood
Scenario Total Economic | Total People | Total Economic | Total People
Loss ($ Millions) | Displaced | Loss ($ Millions) | Displaced
Stationarity 115 1881 172 2351
Best Case 146 2202 206 2844
Nonstationary
Worst Case 179 2662 240 3326

Nonstationary

5.3.5 Implementation of Mitigation System
With the consequences and associated risks caduiat each scenario, the ni

step in the risk assessment was to implement thgation system. The mitigatic

system consists of zoning laws that would proHibither development within the 1-yr
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floodplain. This area will be referred to as thpe8al Protection Area (SPA), but is
equivalent to the 100-yr floodplain based on theuawption of stationarity. If this
mitigation system were implemented, then the camseces within the Special
Protection Area would remain the same as thosmated with the default HAZUS data
for the year 2006 for the stationarity scenarimwdver, for scenarios that resulted in a
floodplain with area outside the SPA, the consegegioutside the SPA would be
assessed based on the adjusted consequences@ate2Hopment conditions and inside
the SPA would be assessed based on the 2010 deeribponditions.

5.3.5.1 Development of Depth-Damage Relationship
The expected damage within a floodplain is depenadethe depth of flooding

that occurs. The United States Army Corps of Eegia New Orleans District provides
tabled values for the percent damage associatbédsyécific depths of flooding for
different types of residential and commercial bingg (GEC 2006). HAZUS reported
that in the study region, 92% of the building staoksisted of residential buildings.
Therefore, the residential depth-damage was usestiimate the percentage of damage
inside and outside the special protection area tho story residential building
constructed on slab rather than piers was sel¢égtexpresent the housing type in
Howard County. The depth-damage values are showabhle 5-6 and Figure 5-9.

The percent damage values were provided for baih and long term flooding.
The percent damage values varied by less than 2%atd depth between these two
categories; therefore, depth-damage curve for sbort flooding was selected for the
purpose of this study, as long term flooding isecawnhmon in Maryland. The following

function was fit to the depth-damage data:
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D =55+ 22*§43 Eq. 5.6
where d = depth of flooding (ft) and D equals tleecent damage. The model provides a
near zero relative bias equal to 0.01. The cdefftoof determination equals 0.95, which
implies that 95% of the variation is explained bg model. The standard error ratio
equals 0.32, which shows that the model providestir prediction than the mean
damage value.

Table 5-6. Depth-Damage (%) Values from GEC (2006) for 2 Story Residential
Building on Slab.

Depth (ft) | Short Long
0 5.5 5.6
0.5 18.1 18.5
1 23.1 24.4
1.5 23.8 25.2
2 26.8 28.4
3 29.0 30.7
4 36.8 38.6
5 394 40.8
6 40.0 41.4
7 40.3 41.7
8 43.3 44.5
9 52.5 54.2
10 54.6 56.1
11 55.4 57.1
12 57.2 58.8
13 59.2 60.7
14 59.2 60.7
15 59.3 60.8
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Figure 5-9. Depth (ft) - Damage (%) Curve from GEC (2006) for Two Story
Residential Building on Slab.

5.3.5.2 Analysis of Flood Depths within Floodplain Areas Inside and Outside SPA
Because the depth-damage model is nonlinear anitbttd depths are not

uniformly distributed throughout the floodplainwas necessary to analyze the flood
depths both inside and outside the SPA for eadufi@in and scenario. For each
scenario, the floodplain areas located within tR& @nd outside the SPA were extracted
from the entire floodplain and analyzed individyalFigure 5-10 shows an example for
the worst case scenario 500-yr flood in which tleaavithin the SPA and outside the
SPA has been differentiated. Figures 10-4 thral@fi in Appendix D provide figures
for the additional scenarios and return periodsen[ for each census block, the area of
the floodplain within the SPA and the area of flbedplain outside of the SPA were

retrieved.



Figure 5-10. Area Inside and Outside of SPA for Worst Case Scenario 500-yroéd
The flood depths within each portion of the totabfiplain for each scenario

were analyzed. The mean and standard deviatititredfood depths within each

floodplain are shown in Table 5-7. The flood depttere retrieved for each scenario and

the depth-damage model was used to estimate tpentian of the damage within each

census block that occurred within the SPA and dattie SPA for each scenario. The

results are shown in Table 5-8s would be expected, the worst case scenaridtsaa

the greatest expected damage, followed by thedasst



Table 5-7. Statistical Characteristics of Flood Depths for each Scenario.

Mean Flood
Scenario Area Analyzed Depth Std. Dev.
Entire
Floodplain 7.24 4.47
Best Case 100 ™" \yithin SPA 7.61 4.33
Outside SPA 5.3 4.67
Entire
Floodplain 9.24 5.69
Best Case 500 ™\yihin SPA 10.86 51
Outside SPA 5.53 5.2
Entire
Floodplain 7.53 4.74
Worst Case 100 ™\vithin SPA 8.14 453
Outside SPA 4.97 4.71
Entire
Floodplain 9.74 5.85
Worst Case 500 | \yuinin SPA 11.31 518
Outside SPA 6.09 5.74
Entire
Floodplain 8.51 5.25
Observed 500 Within SPA 9.47 48
Outside SPA 1.33 3.5
Observed 100 Entire
(SPA) Floodplain 6.91 4.76

Table 5-8. Expected Percent Damage based on Simulated Flood Depths areghiD-

Damage Model for each Scenario and Return Period.

Expected Damage (%)

Best Case 100 '”S"?'e SPA 44.7

Outside SPA 38.4

Best Case 500 '”S"?'e SPA 49.6
Outside SPA 39

Worst Case 100 '“5"?'e SPA 45.6

Outside SPA 37.8

Worst Case 500 '”S"?'e SPA 50.2

Outside SPA 39.9




5.3.5.3 Method of Adjustment for Mitigation System
The developed depth-damage model and simulated flepth distributions for

each scenario were then used to determine the texpeltange in consequences with the
implementation of the mitigation system or the $glderotection Area. For each
scenario and return period analyzed, the expeasmkpt damages were calculated for
the floodplain area within the SPA and the floodpkrea outside the SPA based on
Equation 5-7. Then, the proportion of the consages within each census block that
would be estimated based on 2010 inventory and @&08lopment conditions was

determined based on the following equation:

530-,-2.6206_2."G -~ 6 |

= Eq. 5-7
where the indices 1 and 2 refer to either the fjid@id area inside or outside the SPA,
depending on which calculation is being condu@&ed; the expected percent damage
based on the flood depth distribution for the desigd index; and A is the area for the
designated index.To determine the proportion octiresequences that will be estimated
based on the 2010 inventory, index 1 would equaktiea of the floodplain within the
SPA. Likewise, to determine the proportion of te@sequences that will be estimated
based on the 2100 projected increase in invenimagx 1 would equal the area of the
floodplain outside of the SPA. This equation wagligéd to each census block, using the
areas of each portion of the floodplain insidedbesus block. The results are shown in
Table 10-11 and 10-12 in Appendix D for the bestaaonstationarity scenario and the

100-yr and 500-yr flood, respectively, and Tabl@slB and 10-14 the Appendix D for

the worst case scenario and the 100-yr and 50@qd frespectively.
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The final step was to calculate the combined oquesieces that would occur both
inside and outside of the SPA for each census ldadkfor each scenario. The
calculated proportions shown in Tables 10-13 and4ifi Appendix D were applied to
the consequences provided by HAZUS for each saebased on the building inventory
and census data used for the 2010 conditions anadjusted consequences for the 2100
conditions for each census block based on thevitilig equation:

Total Consequences for Census Block 1z . C,*F» Eq. 5-8
where G = the consequences estimated for the census bésed on the 2010
conditions; it = the proportion of the consequences estimateddar within the SPA;

C,= the consequences adjusted for the census bleek lmn the 2100 conditions; and F
= the proportion of the consequences estimateddorautside the SPA. The total
consequences for each scenario with the mitigatystem implemented equaled the sum
of the total consequences for each census block.

5.3.6 Results for Risk Assessment with Mitigation System
The estimated consequences with the implementafitre development zoning

mitigation system are shown in Table 5-9. It ipagent that the implementation of the
special protection error reduces the consequencd®th nonstationarity scenarios and
return periods analyzed. For the best case sceilaei total loss was reduced by 5.5%
and 4.4% for the 100-yr and 500-yr flood, respetyiv Likewise, the number of people
displaced was reduced by 6.0% and 5.1% for theyt@®d 500-yr floods, respectively.
For the worst case scenario, the total loss wasceztlby 14.0% and 12.1% for the 100-
yr and 500-yr return periods. The number of pedmplaced for the worst case scenario

was reduced by 15.6% and 13.1%, respectivelyh®d00-yr and 500-yr floods.



While the consequences were reduced, it is diediithe consequences assessed

for the stationary scenario continue to noticeainigler predict the nonstationary

scenarios. The total loss for the best case sceisastill 16.4% and 12.7% greater than

the stationary scenario for the 100-yr and 500eads, respectively. For the worst case

scenario, the total loss is under estimated byYa%thd 18.5% for the 100-yr and 500-yr

floods, respectively. The total number of peop$pldced is underestimated by 9.1%

and 12.9% for the 100-yr and 500-yr floods, respebt, for the best case scenario, and

16.3% and 18.6% for the 100-yr and 500-yr floodspectively for the worst case

scenario. This is because the 100-yr floodpladngife nonstationary scenarios extend

beyond the Special Protection Area determined basetationary conditions for the

100-yr flood. Therefore, while the mitigation st reduces the consequences for the

2100 design scenario, the implementation of a sysbat takes into account the

changing 100-yr floodplain under nonstationary a¢tows would be more effective.

Table 5-9. Estimated Consequences for each Scenario and Return Period

With and Without a Mitigation System.

Stationary
Scenario | Best Case Scenarig Worst Case Scenario
Without With Without With
T Category System | System| System | System
Total Economic
Loss (§ Millions) 115 146 138 179 154
e Total People
: P 1881 2202 2070 2662 2248
Displaced
Total Economic
Loss ($ Millions) 172 206 197 240 211
S00-yT T el Peopl
Clel oo e 2351 2844 2700 3326 2889
Displaced




5.4 Discussion of Risk Assessment
The method conducted in this study provides a muttationary approach to

risk assessment. While the results showed notieehlanges in the consequences
associated with the design floods, it is apparesit the study region selected for this
research consisted of a small watershed for sulgtadled risk assessment. The HAZUS
program works on a census block basis. Theretorgsequences are estimated based on
the percentage of the hazard within the censukblblowever, the approach used in this
study can be replicated for larger watersheds witnereisks may be greater and climate
change and urbanization will have a more signifi¢amirologic effect. In a larger
watershed, the consequences will show a more gignifchange from the stationarity to
the nonstationarity scenarios.

Additionally, the topography within the region aégy is fairly steep. Therefore,
the floodplain did not experience much change betwbe different scenarios, despite
an increase in the peak discharges. The resulawascrease in flood depth rather than
the floodplain area. While this resulted in greatsequences based on the depth-
damage curve method applied within the HAZUS prograe mitigation system was not
as effective as expected between nonstationaratystationarity conditions. However, in
flatter areas and a larger watershed, the scenadokl most likely show a greater
difference in floodplains and the zoning for th&®40 floodplain would show a greater

reduction in risk.
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6 Conclusions and Recommendations
6.1 Introduction

Recent events and existing research suggest thatatimnary factors are
influencing the characteristics of hydrologic dag&tudies have shown the effects of
greenhouse gases on climate and, therefore, thelbget cycle. Characteristics of
precipitation data are expected to change throughew ' century, with the effects
varying spatially. Likewise, urbanization contisue influence the runoff characteristics
within watersheds. As land development occurdtriation capabilities within the
watershed decreases, which results in more ruddfrunoff is dependent on
precipitation as well as land cover characterisfiggire climate change and urbanization
are expected to contribute to nonstationary chariatics of flood data.

Current policies and design methods for flood ngeanzent are based on the 100-
yr flood derived from a flood frequency analysighe current method of conducting a
flood frequency analysis, however, assumes staitgnal herefore, as climate change
and urbanization continue to influence charactessif hydrologic data, the
effectiveness of existing methods will most likeiyninish. For example, a levee
designed for a 100-yr storm based on observedvdltaost likely not perform as
expected as the magnitude of the flood associaitctie design return period increases
with nonstationarity.

The goal of this study was to enhance the custté of knowledge related to the
detection and modeling of nonstationarity in hydgat processes. This goal was
achieved through the development of a statistestltb detect change points within a

time series, the development and application oéthod to adjust a flood frequency
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series for future nonstationary conditions, andac@dure for the assessment of risks
associated with nonstationary flood frequency serie
1 #H#H ) #

It is important to note that the analyses conduetighin this study contain
uncertainties. Uncertainties exist in each offthere urbanization and climate change
scenarios developed for this study. The IPCC stht& the emissions scenarios adopted
for use in research, designated as A2, A1B, andaBnot assigned any probability of
occurrence. They were developed to provide a fation upon which climate change
studies could be compared and represent threet@btemges of future emission rates.
Likewise, the projected changes in population dgrasid, therefore, urbanization are
based on projections by Maryland State Planningigver, a variety of other potential
changes in urbanization could occur during the ty#finst century. Therefore, the
accuracy of any of these scenarios existing irffuhee would be difficult to assess.

In addition to uncertainties within the urbanizatend climate change scenarios,
uncertainties exist within the models used in ¢higly. GCMs are assessed based on
their ability to reproduce observed twentieth centtiimate conditions; however, much
uncertainty still exists in regards to the représgon of physical processes within the
models and, therefore, the accuracy of predicteddiclimate responses to greenhouse
gas emissions and aerosols. The approach develadfted this study consisted of an
adjustment method to reduce these uncertainti@scoyporating the change in the
simulated and projected data over time rather thamctual data values; however,
uncertainties still exist in the magnitude of chapgedicted by the model. Uncertainties

also exist within the conversion from precipitatiorrunoff. While the NRCS method is
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a widely accepted hydrologic model, the methodtyeamplifies the physical processes
involved. Finally, uncertainties are introducedhe risk assessment through the many
assumptions included in the HAZUS model methodaloglyerefore, uncertainties exist
within both the developed climate change and udadiun scenarios and the model
components in this study.

The uncertainties associated with the developedeira@h be reduced through
further research. As science advances, the abfli@CMs to predict precipitation events
will improve. Additionally, a comparison of exisg GCMs will provide a greater
insight into the variation of the precipitation ctions between models and the optimal
precipitation estimates to incorporate in the depelent of the climate change
adjustment method. The implementation of a mophisticated rainfall-runoff model
into the method will reduce the uncertainty introeld by both the NRCS method and
Moglen and Shiver’s (2006) model. The adjustmentifferent urbanization scenarios
can be analyzed directly with the rainfall-runofédel. The risk analysis can be
conducted based on a higher level of risk assegdsmitin the HAZUS model to
provide additional information in regards to th&@sequences and the floodplain within
the watershed analyzed; however, this requirediaddl inputs that may themselves be
uncertain. Each of these components will minintieeuncertainties within the
developed model, however, the future climate chamgkeurbanization scenarios will still
remain unknown.

The results from this study were not meant to tshibe predictions of future
hydrologic or economic changes and, thereforeasiseciated risks. Emphasis should be

placed on the procedures developed to relate GChehuutputs to flood risk estimates.
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The many uncertainties that exist within componentkis developed method are
apparent. However, application of the developgt@h will provide a better
understanding of the sensitivity of a watershepdtential future climate change and
urbanization conditions. The findings from thigdst are meant to begin a discussion
among engineers, scientists, and policy makerstdabheipotential changes and the
associated risks that nonstationarity may bring, tarprovide a method that considers
recent scientific observations to promote well-infed risk management decisions.

6.3 Change Point Test

The first objective was to develop a statisticat te aid in the detection of
nonstationarity. Many factors influence hydrolodata. As these factors begin to affect
the data at a given period in time, the statistibaracteristics of the data may be altered
and the time series will become nonstationary.s Will influence the frequency
distribution and parameter values selected to sgptethe data. It is important that
scientists and engineers have a thorough undenstpatithe time at which these outside
factors begin to significantly affect the measudath in order to provide statistical
models of the data.

Existing methods to detect a change point depentde@assumption that no more
than one change point exists within the data (Reeval. 2007). As previously
discussed, the future will likely consist of mulémonstationary factors that will
influence hydrologic data. Likewise, an individdiattor, such as urbanization, may not
continue to influence the time series for the erdration following the initial effect.

Therefore, to accurately assess the individuatedfef these multiple factors and,



therefore, model hydrologic data based on potefuttate conditions, a method to detect
multiple change points within a time series is reekd

The breakpoint test developed in this study wdliai the detection of change
points within a time series. The theory behinddbeeloped test is that change points
within a time series will result in a change in #hepe of sub-samples within the data.
The slope of the data is directly related to theetation coefficient between the flood
magnitudes and time. Therefore, if the correlatioefficients for different sub-samples
within the entire time series are calculated ant/eded to Z-values through the Fisher’'s
‘Z’ transformation, the variance between the Z-eslgan be calculated. The null
hypothesis of equal slopes and, therefore, nofsigni change is most likely rejected at
the times when the test statistic is maximumhédf sub-samples are divided at the true
but unknown change point locations, then the vagasf the Z-values for the sub-
samples will be at a maximum value.

New critical values were needed for the test diatis the independent variable
of the time series is not a random variable, ti@e is an integer, uniformly distributed
variable. Critical values were developed and ietifor the test statistic. The test
statistic was then verified using simulated daaalysis of the response surface of the
calculated Z-values for varying sub-samples withilrme series proved that the theory
behind the test statistic holds for multiple chapgents. These findings improve upon
the existing change point tests that fail to idgntiore than one change point within a
time series. The developed statistical test wdllszientists and engineers in the
identification of change points within hydrologiatd in order to provide optimal

modeling accuracy.
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6.4 Nonstationarity Adjustment Method

A method was developed to account for nonstationangitions in a flood
frequency series. The method combines traditistaistical methods used in hydrology
with both theoretical and empirical projectiondutiure conditions. The future
conditions were based on two nonstationary fac{@jsclimate change and (2)
urbanization.

The method required the development of three compuisn(1) the adjustment of
a precipitation record for a selected climate cleasgenario; (2) the conversion of the
precipitation data to a peak discharge value ferstlected watershed; and (3) the
adjustment of the resulting peak discharge valuéutorre urbanization scenarios. The
climate change adjustment component was develogsetion the expected change in
the precipitation distribution. The expected changs modeled on daily precipitation
projections from a GCM for the twentieth and twefitgt century provided through the
CMIP3 multi-model data set for three emissions ages. The conversion from a
precipitation depth to a peak discharge for a setbwatershed was conducted based on
the NRCS method. The adjustment for urbanizatoemarios was developed based on
the USGS urbanization equations provided by Moglath Shivers (2006).

The method was then applied to the Guilford Watmish Howard County,
Maryland. Three climate change emission rate stenwere analyzed as well as two
potential urbanization scenarios for the twentgtfaentury. The observed peak
discharge record for the Little Patuxent River ml®&rd, Maryland, was adjusted to
design years ranging from 2010 to 2100. Statioflangd frequency analyses were then

developed for the design years 2050, 2075, and B160mpare peak discharges



associated with selected return periods to thoderuhe nonstationary conditions that
would reflect a measured record.

The results for the Guilford, Maryland analysiswkd that for the 100-yr flood,
failure to account for multinonstationarity willselt in a noticeable underprediction of
peak discharge rates. Depending on the climategehand urbanization scenario, the
100-yr flood was underestimated from 25.8% to 39f6fthe design year 2100 when the
assumption of stationarity was incorrectly madé&ewise, the 500-yr flood was
underestimated from 28.4% to 37.1%, depending erlimate change and emissions
scenario, for the 2100 design year when nonstaiignaas not taken into account.
These noticeable differences in peak dischargmats prove the importance of
accurately modeling nonstationarity for future flomitigation. The performance of
flood structures designed based on assumed statiooaditions is likely to decline as
nonstationarity increases the magnitude of thedflassociated with a selected return
period.

6.5 Risk Assessment

The final component of the study consisted ok assessment using FEMA'’s
HAZUS program. This risk assessment approach assdon the method used by the
IPET in the analysis of the New Orleans and Southeuisiana Hurricane Protection
System following Hurricane Katrina (USACE 2009d@he 100-yr and 500-yr floods
were analyzed based on three scenarios: (1) staitign(2) best case nonstationarity; and
(3) worst case nonstationarity. The HAZUS prograas used to define the hazard for

each event, or the flood depth, and estimate theamuences that would results. The
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consequences associated with the 100-yr and 56€ktyn period were then calculated
and compared for the three scenarios.

In addition to the comparison of consequencescestsal with stationary and
nonstationary conditions, the effectiveness of tigation system incorrectly designed
with the assumption of stationarity was asses3éx mitigation system consisted of
zoning laws to prohibit further development wittive 100-yr floodplain designed based
on stationary conditions, referred to as the Sp&iatection Area. The stationary 100-
yr flood was selected as the design criteria bex#dus the most common return period
upon which flood mitigation systems and policies laased. The reduction in
consequences with the implementation of the mitgagystem was then assessed.

The risk assessment was conducted for the design?2100. The results showed
that, if nonstationarity is not accounted for, temsequences for the 100-yr and 500-yr
flood will be noticeably underestimated. For tl@®-yr flood, the total building loss
would be underestimated by 26.6% and 55.2% fob#st case and worst case
nonstationary scenarios, respectively, when nanstatty was ignored. For the 500-yr
flood, the total building loss was underestimatgd 8.8% and 39.5% for the best case
and worst case nonstationary scenarios, respectivgtewise, the number of people
displaced was underestimated by 17.1% and 21.0%héot00-yr and 500-yr floods,
respectively, for the best case scenario and41d6%oath the 100-yr and 500-yr floods
for the worst case scenario when nonstationarity igg@ored. Therefore, if nonstationary
factors are not incorporated into a risk assessrtenpotential consequences will be

very significant from the standpoint of public waek and safety.



The implementation of the mitigation system, inahhdevelopment is prohibited
within the Special Protection Area, proved to nait&ythe consequences for each
scenario. However, the resulting consequences stdirgreater for the nonstationary
scenario than for the stationary scenario becduwesidodplain extends beyond the
Special Protection Area. The results showed tlatritigation system reduced the total
losses by 5.4% and 4.4% for the 100-yr and 500epdf respectively, for the best case
scenario and 14.0% and 12.1%, respectively, fol@eyr and 500-yr return periods for
the worst case scenario. Likewise, the numbeeopfe displaced was reduced by 6.0%
and 5.1% for the 100-yr and 500-yr floods, respetyi for the best case scenario and
15.6% and 13.1%, respectively, for the 100-yr ab@- floods for the worst case
scenario.

While the system reduced the consequences, essimatge based on stationary
conditions still greatly underestimated the conseges associated with each of the
nonstationary conditions regardless of the implaagksystem. The total loss for the
best case scenario is still 16.4% and 12.7% gréaderthe stationary scenario for the
100-yr and 500-yr floods, respectively. For thest@ase scenario, the total loss is
underestimated by 25.1% and 18.5% for the 100-gr5@®-yr floods, respectively. The
total number of people displaced is underestimbye@.1% and 12.9% for the 100-yr and
500-yr floods, respectively, for the best case adenand 16.3% and 18.6% for the 100-
yr and 500-yr floods, respectively for the worsseacenario. Therefore, unless
nonstationarity is accounted for in the design dfgation systems, the reduction in

consequences will be greatly underestimated faréutonditions.



While risk assessment is practiced by many agsnttie application to compare
multinonstationarity conditions has not been comellic The nonstationary application of
a risk assessment shown in this study can be odedttthe sensitivities of a community
to a range of potential future climate change abdnization scenarios. As a result,
stakeholders can make better informed decisionsgards to flood mitigation for an

uncertain future.

6.6 Conclusion

Through this research, methods to detect and nmodkinonstationarity in
hydrologic data as well as to assess risks fomatationary future were developed. A
statistical method to detect change points wasldped to improve the modeling of a
multinonstationary time series. A method to adjusasured flood series for the
changing influences of urbanization and climatengeeto a state that reflects conditions
over the design life of a project was both devetoged applied. Finally, a
multinonstationary risk assessment method was dstrated to show the effect of
failing to account for nonstationarity. These athaments in the state of the art will aid
both engineers and policy makers in understandiagoéanning for nonstationary
conditions in the future.

Flood management designs and policies can be atlapsed on the analysis of
the sensitivities of a particular watershed to alienchange and urbanization. If estimates
show that urbanization will cause a certain incegagisk, zoning laws can be
implemented today rather than tomorrow to mitighte risk. If the sensitivity of
flooding based on established emission rates caleteemined, policy makers can

attempt to control emissions to meet the set tagdbe year 2100. If the sensitivities of
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the system are understood, the factors could patigrbe controlled to mitigate the
consequences. While it may be difficult to prediet future, through methods such as
those proposed in this study, the range of pogsasilwill be better understood to ensure
that well informed decisions are being made togat® risks in a nonstationary

environment.

6.7 Future Research

While the results of this research greatly imprthescurrent methods for the
detection and modeling of nonstationarity as welthee assessment of the associated
risks, future research is needed. The proposdideiuresearch in regards to the
developed change point test, adjustment methoddiostationarity, and nonstationary
risk assessment will be discussed herein.

1/ , H#

In addition to a nonparametric test, the test dgyesd within this study can be
improved through the development of additionaicaitvalues. This will improve the
power of the statistical test in detecting changi@ts within time series with high
random variation. The critical values of the @ste sensitive to the correlation
coefficients of the individual sub-samples credigghotential change point locations.
Likewise, the test can identify multiple locatidies change points that provided
statistically significant test statistics. Themefodetermination of the distribution of the
critical values would enable the rejection prokitibg associated with each potential
change point location rather than the critical ealto be compared in order to best

identify the change point locations.
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Assessment of the constraints of the developedvasid also be beneficial to
ensure that the test is used appropriately. Asdiggsissed by Reeves et al. (2007), the
power of statistical tests can decrease when appidata that does not meet the criteria
for the test. It would be beneficial to understéme power of the developed change point
test under specific data characteristics, sucheasample size and random variation, in
order to better understand the likelihood of a t§peror when applying the test to
hydrologic data.

In addition to further research in regards to st statistic developed for this test,
a nonparametric multi-change point test would beebeial as well. The change point
detection test developed for this study assumespradent and normally distributed
errors. However, for extreme hydrologic data, #Hasumption does not apply.
Therefore, development of a nonparametric change getection to detect multiple
change points would be a beneficial addition tostadistical detection of changes in

hydrologic data due to nonstationarity.

1/ I"#  $ % # 0
Much future research can be conducted to improte the method developed for

nonstationarity and the application of the methbdr the climate change adjustment
component, daily precipitation projections werelgred from the CSIRO model for the
twentieth and twenty-first centuries. The CMIP8\pdes projections for additional
models as well; however, not all models providdydatiojections. As the field of

climate science advances and daily precipitati@jegtions become more available and
reliable, it would be beneficial to apply this medhto outputs from other climate models

in order to provide a more complete analysis ofpiftugected changes in precipitation.
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Likewise, as advancements in GCMs continue, thigyabf models to provide
projections of extreme hydrologic data will improsed, therefore, increase the accuracy
of the adjustments made with this method.

Based on existing studies and methods, the GEYilmision was selected to
represent precipitation and the LP3 distributiors welected to conduct the flood
frequency analysis. However, it would be beneffimaconduct a sensitivity analysis and
determine the effect of the probability distribution the adjustments in the peak
discharge as well as the assessed risk. Idenitficaf the appropriate distribution to
represent hydrologic data is important to ensueentbst optimal projections for future
conditions.

The method developed in this study used the NRCBoddo compute a peak
discharge value from the adjusted rainfall. Howgex®re advanced rainfall-runoff
models could be applied. To increase the accuwhtye adjustments, a watershed
specific rainfall-runoff model could be calibratadd applied. This would improve the
estimates of the peak discharge series from thestsdj precipitation depths.

In addition to using a more complex rainfall-runofbdel, consideration of
factors such as antecedent moisture conditions Wieerainfall is converted to runoff
would greatly improve the model. The developedhoetselects the 24-hr precipitation
depth associated with the day of the annual maximeak discharge event. The
assumption was made that the return periods afahguted peak discharge rate and the
24-hr precipitation depth would be the same. Hawel is feasible that the 24-hr event
does not represent the magnitude of the peak digelewent, but rather the antecedent

moisture conditions due to previous wet days cbuated to the increased runoff depth
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and peak discharge. If only the 24-hr precipitatiepth is adjusted, it is likely that the
adjustment of the observed peak discharge evehb&vilinderestimated. Therefore,
incorporating antecedent moisture conditions ihtogroposed method would improve
the physical rationality of the calculated adjustirfactors and, therefore, the resulting
nonstationary flood frequency analyses and riskssaents.

While the method developed in this study was basedata from the Maryland,
Delaware, and Virginia region, the method coulat@kbrated for additional regions.

The method can be developed for different climaggions through the retrieval of
projected precipitation data for the region of iegt. A region-specific adjustment factor
can then be developed and applied based on tlstistdtcharacteristics of the
precipitation distribution within that region. Fareas in the southwest, low flows could
be analyzed rather than peak discharge recordsd®gsing the changes in precipitation
and adjusting existing low flow records. Coashkabdling could also be analyzed and
adjusted through a similar process. The methadaptable for other regions and
hazards, as it is based on data available to thikcpand models that are widely accepted
in hydrology.

The projections provided through this method algest to the uncertainties
associated with the data inputs and the modeldaje»@ and applied. While it is not
possible to accurately assess the uncertaintigwe climate projections, assessment of
the uncertainties of the statistical and hydrologadels applied would provide
additional information in regards to the potentaige of future flood frequency
scenarios. Uncertainties associated with the asitom of the GEV parameters for the

precipitation distributions would provide greatesight into the range of potential



changes in precipitation based on each emissi@mago. For this study, the maximum
likelihood method was used; however, additionallrods are available and should be
compared to determine the optimal method of esingahe GEV parameters. Likewise,
a moving window method was applied to calculatecti@nge in the parameters over
time. This method could be improved through a nietiled sensitivity analysis to
determine the optimal sample size or window lenigtbalculate each GEV parameter.
1/ ! $

In this study, method developed was applied tmallsvatershed in Howard
County using basic input data. However, the aayuoh predictions could be improved
if more accurate input data were available. Urbatnon data can be retrieved from
satellite images to replace the use of populatewsdy as an urbanization indicator for
the USGS equations. Likewise, additional climdtange and urbanization scenarios can
be applied in order to provide a greater rangesilts and analyze the sensitivity of the
system more thoroughly. The nonstationary faatarsalso be analyzed individually to
compare the sensitivity of a watershed to climai@nge compared to urbanization. Each
of these components would provide a more detaihadlyais of the sensitivity of a

watershed to multinonstationarity.

1/ #'
Risk assessment is an important component inghisidn making for flood risk

management. While the risk assessment was meprnivtme a preliminary assessment
of the sensitivities of the community to nonsta#ioty, a more sophisticated approach
would be beneficial of future research. First, &ZUS program can be applied at a

more sophisticated level in order to assess thacitglhazard associated with flooding.
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This would provide a more accurate assessmenteahthected damage for a particular
flood. Additionally, the study area only consistédhe Little Patuxent River; however,
the Guilford watershed consists of additional foeder streams that drain into the Little
Patuxent. Analysis of the consequences of noosiity in these additional streams
would provide a more accurate assessment of tloeiatsd risks.

Projections for the future economic developmenhinithe watershed were made
based on existing land use data and projectedasesen population density following
the guidelines provided by USACE (2009b). Them,d¢bnsequences based on the
default inventory were adjusted accordingly for ieastationary conditions in the design
year 2010. However, it is possible to manipulbageitventory within the HAZUS, which
would provide a more objective assessment of theaguences based on the projections
developed.

Likewise, the application of this method to a largatershed would provide the
opportunity to analyze a more complicated mitigasgstem. For this study, zoning
laws were implemented in order to assess the eféeass of mitigation systems
designed based on the assumption of stationagitiglitional systems, such as levees, can
be analyzed within HAZUS to provide additional sewisy analyses of communities and
existing flood risk management methods to nonstatity.

The assessment of the consequences for additiesgrdyears and return periods
would provide a more thorough understanding ofpibiential risks over the twenty-first
century for a selected community. The annualirgdaan be calculated to provide
policy makers with a cumulative risk estimate faragiety of potential floods. Likewise,

the assessment of risks for additional design yeatdd provide a time series of the



change in risk for different climate change andanrbation scenarios. It is important
that risk be presented in a time span that wilhprte the optimal course of action in
flood mitigation. The design life of many flood negement structures does not extend
to the year 2100. Therefore, providing an estinoatbe change in risk over time will
enable stakeholders to better understand how rnansdety will affect communities in

the near future.



7 Appendix A

The Kendall Tau test was adjusted in an attemget@lop a statistical test to
detect multinonstationarity. Two different approas were attempted: (1) Systematically
apply the Kendall Tau test to sub-samples withendata and determine the largest sum
of the resulting Z-statistics and (2) Systematicafppply the Kendall Tau test to sub-
samples within the data and determine the grediiéstence between the resulting Z-
statistics. The results will be discussed herein.

Approach 1

The first approach applied the Kendall Tau test aferent parts of the entire
time series. A matlab program was written to aherlocation and duration within the
actual data series to be analyzed. The programiaied 10,000 data samples with the
following characteristics: (1) mean = 1,000; (@rstard error = 150; (3) length = 100;
and (4) trend magnitude = 2. Then, the Kendall featiwas systematically applied to
each sample. First, the entire sample was analysedstart time = 1 and duration =
100). Then the duration was decreased by increnoédi® until the sample size is
decreased to 30. Next, the start time was incdelagéncrements of 10 and the durations
at this start time were decreased by increment$ afccordingly. The Kendall Tau test
was conducted for each sub-sample constructedtfierariginal sample. At the end of
the analyses, the program identified the greatestize calculated from each Kendall
Tau analysis. The start time and duration assetiaith this Z value was stored in a
vector. At the end of the 10,000 simulations,riean of the start time and duration were
analyzed. The results for various combinationstaft times and durations are shown in

Table 7.1.



Table 7-1. Estimated Start and Duration Results of Partial Duration Trend or
Systematically Applying the Kendal Tau Test.

The results show that the duration was underestuifatr the full duration
sample; however, the duration of the remaining $asnwas consistently overestimated
based on the maximum Z-value within the differarii-samples. The smaller the partial
trend duration, the greater the duration is ovareged. The start times are
overestimated for an actual start time of zerowamderestimated for all other start times.
Comparison of the three scenarios with an actuataun of 50 shows that when the
trend of length 50 is centered in the data (itarts at position 25 and ends at position
75) rather than occuring towards the beginningok @& the data series (i.e., starts at
position 0 and ends at position 50 or starts atipass0 and ends at position 100), the
estimate of the start time and duration are mocerate. This coincides with the results
from the power analysis for partial duration tremds/hich the trends in the middle of
the data resulted in greater power, implying atgrea-value. These results suggest that

the Z-value alone may not be an accurate repraganta a partial trend within a time



series. It is apparent that inclusion of additlaisa values within a sample increases the
Z-value resulting in a false trend.
Approach 2

The second approach was to again systematicabyeceeib-samples within the
data; however, this approach splits the entire gamfo two sub-samples, applies the
Kendal Tau test to each sub-sample, and calculag¢edifference between the two Z-
values, Z1 and Z2. The hypothesis is that the sp#me partial duration trend will have
a greater difference in Z value from the span efdhta that does not contain a trend. A
potential breakpoint, or potential location of trensition between the trend and no-trend
portion of the data, is first located at positidhi@ the time series. This breakpoint
divides the entire time series into two samplesaisd S2. The Kendall Tau test is then
applied to both S1 and S2 and the test statigfticend Z2, respectively, were stored in a
vector. The absolute value of the difference betw#2 and Z1 was also stored in a
vector. The potential breakpoint was then systaltyishifted by an increment of 1 and
the previous steps were repeated. The time gaogson (n-20) in the time series was
the final breakpoint tested. This decision was enadensure that each of the sub-
samples consisted of at least 20 values.

After Z1 and Z2 are evaluated at each breakpthietgreatest difference between
the two is identified. For portions of the datanihich a trend does not exist, the random
variation is assumed to be evenly distributed &edésulting Z value will be zero. The
portion of the data that contains the entire plartéand duration would then have the

highest Z-value, and not contain any portion ofribdrend data. This would result in



the greatest difference between the Z-values aallethe actual breakpoint to be
identified.

This procedure was applied to 1,000 simulationsthadverage Z1-value, Z2-
value, and differences between at each breakpare walculated and compared. The
characteristics of the data for each analysis sfellows: (1) mean = 1,000; (2) standard
error = 25; (3) sample size= 100; (4) slope = 2 &) breakpoint at 50. The standard
error was kept to a minimum to first explore how #endall Tau test would react to the
partial duration trend without adding the complicatof random variation.

Figures 7-1 and 7-2 show the values of Z1, Z2,thedZ1-Z2 difference for a
sample with a partial duration trend beginning@ifppon 0 and ending at position 50 and
beginning at position 50 and ending at position, 188pectively. For both scenarios, the
greatest difference between Z1 and Z2 would intheocur at the 50 position in the
time series. However, Figure 7-1 suggests thagjtbatest difference in Z-values does
not appear at the actual breakpoint. Insteaghpears (see Figure A-1) that the
difference increases as the breakpoint increa&sshe breakpoint increases, the length
of Sl increases. S1 represents the trend portitreaata up to location 50 and any
portion of the no-trend data after location 50.isTimplies that even if the increase in the
length of S1 includes no-trend values, the addifiealues still increase the value of Z1.
However, Z2, the no-trend portion of the data, @ges to 0 at a breakpoint location of
50. This is expected and suggests that the Kemdalkest is able to accurately identify a
no-trend location. Since Z2 converges to zeroevhil continues to increase, the
greatest difference, Z1-Z2, occurs at the latessipte breakpoint. This implies that the

method will inaccurately identify the breakpoint topartial duration trend.



Figure 7-1. Z1, Z2, and Difference between for Sample with Partial Duratin Trend
from position 0 to 50.

Figure 7-2 shows similar results for the samples@giimg of a partial duration
trend beginning at position 50 and ending at pwsiti00; however, the difference in Z-
values now increases as the breakpoint decredbes tiaan as the breakpoint increases.
For this analysis, S2 is the portion that contéestrend and decreasing the breakpoint
lengthens S2. Z1 converges to 0 from the locatiotes50 within the entire sample,
again implying that the method results in an adeuaasessment of the no-trend portion
of the data. Therefore, the findings are consistétih Figure A-1. The Z-value
associated with the trend portion of the data imees as the sample increases and
includes no-trend portions of the data. This tssulan inaccurate estimate of the

breakpoint based on the differences in Z-valuesah potential breakpoint.



Figure 7-2. Z1, Z2, and Difference between for Sample with Partial Duratioifrend
from position 50 to 100.

Analysis of Kendal Tau Test Statistic under Partial Trend Duration Corafits

Further analyses were conducted to determine therfathat cause the Kendall
Tau test statistic to increase in magnitude whetrerd portions of the data sample are
included. The test statistic consists of two pdftsthe S-value in the numerator and (2)
the standard deviation of S in the denominatore $fvalue represents the sum of
concordances (‘pluses’) and discordances (‘minjigsséach value in the sample is
systematically compared to each other. To anahgéédehavior of this test statistic under
partial trends, a sample of length 100 was creattida partial trend from 0 to 50 and a
trend magnitude equal to 20%. For this analykis standard error was set equal to zero
to explore the test statistic under perfect tremdi @o- trend conditions. The sample was
again systematically divided into sub-samples; harehe beginning of the sub-sample

remained at the first position in the time seried the end of the sub-sample began at the



20" position and was increased by increments of Je &ffd point is referred to as the
breakpoint, as it would potentially be the endhaf trend and beginning of the no-trend
portion of the data. For each sub-sample, the Eikiidu test was applied and the Z-
value, S-value, and standard deviation were storgdctors.

Figure 7-3 shows the Z-value for each sub-samgémtified by the breakpoint
location. It is apparent that the Z-value is iasiag beyond that of the trend, as was
discovered in previous analyses. However, it irthdhat the rate of increase in the Z-
value is changing as the breakpoint shifts. Thal8es and Standard Deviations of S are

shown in Figures 7-4 and 7-5, respectively, to &ixpihe changes in the Z-value.
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Figure 7-3. Z-value for Sub-samples defined by the Breakpoint.

It is apparent from the figures that the S-valakesalso increasing as the
breakpoint increases. However, the rate of ineréason-linear from breakpoints 20 to

50 and linear from breakpoints 50 and greater. staedard deviation is increasing as



well; however, it is increasing at a slower ratartithe S-value . This explains the
increase in the Z-value as the breakpoint increagéigh the S-value in the numerator
and the standard deviation in the denominatorsifagtistic, the numerator is increasing

at a faster rate and thus the Z-value is increasing
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Figure 7-4. S-Value for Sub-samples defined by the Breakpoint.
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Figure 7-5. Standard Deviation of S-Values for Sub-sample defined by the
Breakpoint.

The first derivative of the S-values was calculdtedxplore the rate of change of
the S-value as the breakpoint changes. The rem@ltshown in Figure 7-6. The first
derivative, Delta S, increases at a linear raten fposition 0 to 50; however, beyond the
50" breakpoint, Delta S stabilizes at 50. Furthetyses of Delta S shows that where
the trend occurs, the function of delta S versag@a size (which is defined by the
breakpoint) is that Delta S equals one less thasdmple size. This is rational because
adding one value to the sample will create (n-Hitemhal comparisons between sample
values. In a perfect trend, each of these compasiwill be a concordance or plus,
resulting in an increase of (n-1) to the total 8+ga Likewise, as the sample size or
potential breakpoint extends beyond the actualkdp@at, 50, the increase in S stabilizes
at a value of 50. This is also rational, becauitle @ach new value, 50 previous values

will be of lesser value, adding a ‘plus’ value he tcalculation of S.



+&

4&

28 &

& o

Figure 7-6. First Derivative of S (Delta S) for Sub-Sample defined by¢
Breakpoint.

Based on this information, it is apparent thatZhealue increases as ‘no trend’
data values are included in the sub-sample be@asgmificant amount of values remain
less than the values being added to the sub-sarfplerefore, while the Kendall Tau test
is very powerful in detecting gradual trends, ih@ capable of detecting partial duration

trends within a time series.
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8 Appendix B

Simplifications for NRCS Graphical Peak Discharge Method
Simplifications of the Time of Concentration

The time of concentration (tc) is calculated basedhe lag equation:

07
t. 000526 L°¢* %) 9 *S0 Eq. 8-1

C

where tc = time of concentration (minutes), L =g#mof the watershed (ft), CN = the
curve number, and S = slope (ft/ft) (McCuen 200Bhe length of the watershed for the
lag equation is calculated based on the followigggagion:

L = 209*A%%° Eq. 8-2
where L = length (ft) and A = area (acres). Tihee of concentration equation must be
converted to hourly units and the area must be@ted to square miles to be consistent
with the units in the NRCS Graphical Peak Dischageation. Additionally, the curve
number for each soil group can be substitutedtimtcequation to further simplify the
inputs. The following steps were taken to simpliifg time of concentration equation.
The steps are conducted for each soil group.

1) L = 209*A%%°
a. The area units for the rest of the peak dischaggateon are square miles;
therefore, a conversion was necessary:
i. L =209*A>%
i. L=209%640Af*°=133,760*A°

2) Substitute L into the Jequation



0.7
. 0.00526* (133760* A%)% * 1000 9 *sS%

CN

a. t

b. Distribute the exponent and simplify the numerituea in the expression

in 2a

1000 _

i t, 66381* A* —— g *g®
CN

c. Convert from minutes to hours by dividing by 60 otes per hour

0.7
it lﬂm*Am“‘lqy 9 *g0
CN

C

0.7

d. For each soil group, solve the expressiol%(%) 9

i. Soil Group A: 7.158566
ii. Soil Group B: 4.056885
iii. Soil Group C: 2.871841
iv. Soil Group D: 2.403519
e. Substitute the above values in for the CN expresaia multiply by
0.002478 to simplify the equation as follows
i T.=C*A 0.48 % g 05
i. With A = area (i), S = slope (ft/ft), and £defined as the product
of the CN expression and 0.002478 for each sougas follows
1. Soil Group A: 7.9199
2. Soil Group B: 4.4884
3. Soil Group C: 3.1773

4. Soil Group D: 2.6592



Simplifications for the TR-55 Equation Coefficients

The coefficients, C0O, C1, and C2, were graphedugelaP based on the values
provided in TR-55. Polynomial functions were tHgeto the coefficients as a function of
la/P as shown in Figures 4.46, 4.47, and 4.48. cbeé#icient values and the fitted
polynomial coefficient values are shown in Tablg.8-

Table 8-1. Coefficients for Polynomial Functions fit to the TR-55 Coeffients where

x = la/P.
Equation b0 + blx + b2x"2
Coefficient b0 bl b2
cO 2.527 0.475| -2.234
cl -0.558 | -0.708| 1.555
c2 -0.176 | 0.043 0.604

Then, for each soil group, ¢orresponding to the appropriate curve number was
substituted into the polynomial equations and thretions were simplified. The
resulting coefficients are shown in Table 8-2.

Table 8-2. Coefficient Values for Polynomial Functions fit to the TR-55 Co#€ients
as a function of P (in.).

Equation b0 + b1/P + b2/(P"2)
Soil Group Coefficient| b0 bl b2
c0 2527 | 1.486| -21.861
A cl -0.558 | -2.215 15.217
c2 -0.176| 0.135 5.911
c0 2.527 | 0.607| -3.653
B cl -0.558 | -0.905] 2.542
c2 -0.176| 0.055 0.988
c0 2.527 | 0.334| -1.103
C cl -0.558| -0.498 0.768
c2 -0.176| 0.030 0.298
c0 2.527 | 0.238| -0.559
D cl -0.558 | -0.354] 0.389
c2 -0.176 | 0.022 0.151
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9 Appendix C
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Figure 9-1. Observed and Adjusted Peak Discharge Records (cfs) foreth2
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2025.
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Figure 9-2. Observed and Adjusted Peak Discharge Records (cfs) ftret A1B
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2025.
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Figure 9-3. Observed and Adjusted Peak Discharge Records (cfs) foretiB1
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2025.
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Figure 9-4. Observed and Adjusted Peak Discharge Records (cfs) foretih\2
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2050.
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Figure 9-5. Observed and Adjusted Peak Discharge Records (cfs) foretA1B
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2050.
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Figure 9-6. Observed and Adjusted Peak Discharge Records (cfs) foretiB1
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2050.
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Figure 9-7. Observed and Adjusted Peak Discharge Records (cfs) foretih2
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2075.

8&&&

+&&&

28&&

&&&

&&&&

8&&&

&
+&&& o

& &

o &
28&&&

do &
A 4

..0 L4

L 2 h &
8&& |— %o 4 =

IS SR L
¢ we [ L3 hel L 4
3110878 [3[e3°8epe8e8et s

4

* &

B
L 33

L 33
oB
SE-

* [
3“T‘3z“‘3“" *‘”

& &

&

1&
‘)

2& 4& +& '&
* 4

Figure 9-8. Observed and Adjusted Peak Discharge Records (cfs) foretA1B
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2075.
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Figure 9-9. Observed and Adjusted Peak Discharge Records (cfs) foretiB1
Emissions Scenario, Urbanization Scenarios 1 and 2, and Design Year 2075.
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Figure 9-10. Flood Frequency Analysis for Emissions Scenario A1B and

Urbanization Scenario 1
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Figure 9-11. Flood Frequency Analysis for Emissions Scenario A2 and
Urbanization Scenario 1
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Figure 9-13. Flood Frequency Analysis for Emissions Scenario B1 and Urbaation
Scenario 1
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Figure 9-14. Flood Frequency Analysis for Emissions Scenario B1 and Urbaation
Scenario 2



Figure 10-1. 100-yr Return Period Floodplain for the Stationarity Scenario.

Figure 10-2. 100-yr Return Period Floodplain for the Best Case Scenario.



Figure 10-3. 100-yr Return Period Floodplain for the Best Case Scenario.
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Table 10-2. Conversion of Land cover from 2010 to
2100 Worst Case Scenario Conditions.
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Table 10-3. Adjustments of Total Building Loss for Best Case Scenario
and 100-yr Flood.

Increase in 2100 Total
2010 Total Economic| Consequences for | Economic Loss ($
Census Block | Loss ($ Thousands) Census Block Thousands)
240276022003004 495 4.4% 517
240276022003008 450 10.8% 499
240276022003010 5448 4.3% 5685
240276022004000 1296 4.4% 1353
240276022004001 11586 6.9% 12390
240276023041000 894 4.7% 936
240276023041005 726 3.0% 748
240276023041006 410 1.7% 417
240276023041012 6442 7.1% 6897
240276023041019 2212 2.3% 2263
240276023041020 6 0.0% 6
240276023041021 595 17.1% 697
240276023042010 232 9.7% 255
240276023042015 30 11.6% 33
240276023042016 0 0.0% 0
24027602304201Y 106 0.0% 106
240276023051000 6385 7.8% 6881
240276023052001 1026 6.8% 1095
240276023062015 1007 9.9% 1107
240276023062016 524 12.7% 591
240276030001005 259 6.6% 276
240276030001006 21 10.5% 23
24027603000100Y 0 12.5% 0
240276030001008 570 6.0% 604
240276030002000 159 4.3% 166
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Increase in 2100 Total
2010 Total Economic| Consequences for | Economic Loss ($
Census Block | Loss ($ Thousands) Census Block Thousands)
240276030002001 0 15.1% 0
240276030002016 77 0.4% 77
240276054011003 4160 7.8% 4484
240276054011004 2706 4.8% 2836
240276054011005% 63 13.7% 72
24027605401100Y 3370 7.5% 3622
240276054011009 0 16.0% 0
240276054011010 3893 15.2% 4486
240276054012000 2834 9.0% 3090
240276054012002 171 6.1% 181
240276054023000 0 8.0% 0
240276054023001 2853 12.9% 3220
240276054023006 0 15.9% 0
24027605402300Y 11754 4.9% 12335
240276054023019 278 4.6% 291
240276054023020 0 9.5% 0
24027605602301Y 39 6.2% 41
240276056023019 0 2.9% 0
240276056023020 0 8.3% 0
240276066031003 2958 10.6% 3272
240276066032001 2610 6.7% 2784
240276066032003 0 5.6% 0
240276066032004 0 6.2% 0
240276067011000 882 9.0% 962
240276067011001 47 6.0% 50
240276067011002 524 6.3% 557
240276067011003 6720 7.3% 7208
240276067011004 0 2.9% 0
240276067011005% 0 14.6% 0
240276067011006 0 2.2% 0
24027606701100Y 5261 10.7% 5822
240276067011023 14 12.9% 16
240276067012010 1202 9.9% 1321
240276067031003 7211 3.3% 7450
240276068033000 0 14.0% 0
240276068033001 7479 11.0% 8302
240276068033003 1025 15.4% 1183
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Increase in 2100 Total
2010 Total Economic| Consequences for | Economic Loss ($
Census Block | Loss ($ Thousands) Census Block Thousands)
240276068033004 5890 6.0% 6245
240276068041000 0 0.0% 0
240276068041001 6 0.0% 6
240276068041005 0 3.3% 0
240276068041006 0 12.6% 0
24027606804100Y 71 8.9% 77
240276068041008 1760 13.7% 2001
240276068041009 0 5.7% 0
240276068041010 15371 0.0% 15371
240276069023001 1994 0.0% 1994
240276069024002 579 0.0% 579
2402760690240038 6 0.0% 6
240276069024005 764 0.0% 764
240276069024006 1165 0.0% 1165
24027606902400Y 345 0.0% 345
Total 136961 145757

Table 10-4. Adjustments of Total Building Loss for Best Case Scenario
and 500-yr Flood.

Increase in
2010 Total Economic| Consequences fo 2100 Total Economic

Census Block | Loss ($ Thousands)| Census Block Loss ($ Thousands)
240276022003004 591 4.4% 617
240276022003008 753 10.8% 835
240276022003010 6513 4.3% 6796
240276022004000 1804 4.4% 1883
240276022004001 16585 6.9% 17736
240276022004002 19 11.8% 21
240276023041000 1147 4.7% 1201
240276023041005 1001 3.0% 1031
240276023041006 512 1.7% 521
240276023041012 8602 7.1% 9209
240276023041019 2864 2.3% 2930
240276023041020 22 0.0% 22
240276023041021 758 17.1% 888
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Census Block

2010 Total Economic
Loss ($ Thousands)

Increase in
Consequences fol
Census Block

2100 Total Economic
Loss ($ Thousands)

240276023042010 340 9.7% 373
240276023042011 1 10.4% 1
240276023042015 46 11.6% 51
240276023042016 0 0.0% 0
24027602304201Y 126 0.0% 126
240276023051000 8690 7.8% 9366
240276023052001 1217 6.8% 1299
240276023062015 1332 9.9% 1464
240276023062016 663 12.7% 747
24027603000100% 373 6.6% 398
240276030001006 42 10.5% 46
24027603000100¥ 0 12.5% 0
240276030001008 888 6.0% 941
240276030002000 223 4.3% 233
240276030002001 0 15.1% 0
240276030002002 54 11.2% 60
240276030002008 0 10.1% 0
240276030002016 108 0.4% 108
240276054011008 5201 7.8% 5606
240276054011004 3267 4.8% 3424
240276054011005 193 13.7% 219
240276054011006 0 6.3% 0
24027605401100y 3692 7.5% 3968
240276054011008 137 9.9% 151
240276054011009 0 16.0% 0
240276054011010 5273 15.2% 6076
240276054012000 3775 9.0% 4117
240276054012002 485 6.1% 515
240276054012008 90 12.4% 101
240276054013000 34 10.5% 38
240276054023000 0 8.0% 0
240276054023001 4406 12.9% 4973
240276054023008 1046 9.2% 1142
240276054023006 0 15.9% 0
24027605402300Y 15901 4.9% 16686
240276054023009 1032 8.1% 1116
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Census Block

2010 Total Economic
Loss ($ Thousands)

Increase in
Consequences fol
Census Block

2100 Total Economic
Loss ($ Thousands)

240276054023019 415 4.6% 434
240276054023020 0 9.5% 0
24027605602301Y 53 6.2% 56
240276056023019 0 2.9% 0
240276056023020 0 8.3% 0
240276066031000 47 8.5% 51
240276066031008 5856 10.6% 6478
240276066032001 3463 6.7% 3694
240276066032008 0 5.6% 0
240276066032004 0 6.2% 0
240276067011000 1263 9.0% 1377
240276067011001 50 6.0% 53
240276067011002 954 6.3% 1014
240276067011008 8824 7.3% 9464
240276067011004 0 2.9% 0
24027606701100% 0 14.6% 0
240276067011006 0 2.2% 0
24027606701100Y 6458 10.7% 7147
240276067011028 79 12.9% 89
240276067012008 123 9.9% 135
240276067012010 1581 9.9% 1737
240276067031008 9743 3.3% 10066
240276067042000 5 8.0% 5
240276068032000 2 3.4% 2
240276068032004 15 0.0% 15
240276068033000 0 14.0% 0
240276068033001 10224 11.0% 11348
240276068033008 1598 15.4% 1845
240276068033004 7788 6.0% 8257
240276068041000 0 0.0% 0
240276068041001 18 0.0% 18
240276068041005 0 3.3% 0
240276068041006 0 12.6% 0
24027606804100Y 1802 8.9% 1963
240276068041008 4073 13.7% 4630
240276068041009 0 5.7% 0
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Increase in
2010 Total Economic| Consequences fo 2100 Total Economic
Census Block Loss ($ Thousands)| Census Block Loss ($ Thousands)
240276068041010 20916 0.0% 20916
240276069023001 2711 0.0% 2711
240276069023002 0 0.0% 0
240276069024002 717 0.0% 717
240276069024003 985 0.0% 985
240276069024005 1315 0.0% 1315
240276069024006 1937 0.0% 1937
240276069024007 702 0.0% 702
Total 193523 206196

Table 10-5. Adjustments of Total People Displaced for Best Case Scenario
and 100-yr Flood.

2010 Population| Increase in Consequences 2100 Population
Census Block Displaced for Census Block Displaced

240276022003004 12 4.4% 13
240276022003008 19 10.8% 21
240276022003010 0 4.3% 0
240276022004000 30 4.4% 31
240276022004001 149 6.9% 159
240276022004002 1 11.8% 1
240276023041000 6 4.7% 6
240276023041005 22 3.0% 23
240276023041006 7 1.7% 7
240276023041012 138 7.1% 148
240276023041019 49 2.3% 50
240276023041020 0 0.0% 0
240276023041021 17 17.1% 20
240276023042010 8 9.7% 9
240276023042011 0 10.4% 0
240276023042015 0 11.6% 0
240276023042016 0 0.0% 0
24027602304201y 3 0.0% 3
240276023051000 166 7.8% 179
240276023052001 29 6.8% 31
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2010 Population

Increase in Consequences

2100 Population

Census Block Displaced for Census Block Displaced
240276023062014 4 12.8% 5
240276023062015 27 9.9% 30
240276023062016 12 12.7% 14
240276030001005 11 6.6% 12
240276030001006 0 10.5% 0
24027603000100Y 0 12.5% 0
240276030001008 4 6.0% 4
240276030002000 3 4.3% 3
240276030002001 0 15.1% 0
240276030002016 1 0.4% 1
240276054011008 111 7.8% 120
240276054011004 79 4.8% 83
240276054011005 2 13.7% 2
240276054011006 0 6.3% 0
24027605401100Y 70 7.5% 75
240276054011008 1 9.9% 1
240276054011009 0 16.0% 0
240276054011010 135 15.2% 156
240276054012000 44 9.0% 48
240276054012002 5 6.1% 5
240276054023000 0 8.0% 0
240276054023001 67 12.9% 76
240276054023006 0 15.9% 0
24027605402300Y 0 4.9% 0
240276054023019 0 4.6% 0
240276054023020 0 9.5% 0
24027605602301Y 0 6.2% 0
240276056023019 0 2.9% 0
240276056023020 0 8.3% 0
240276066031008 159 10.6% 176
240276066032001 53 6.7% 57
240276066032008 0 5.6% 0
240276066032004 0 6.2% 0
240276067011000 0 9.0% 0
240276067011001 1 6.0% 1
240276067011002 7 6.3% 7
240276067011008 0 7.3% 0
240276067011004 0 2.9% 0
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2010 Population| Increase in Consequences 2100 Population
Census Block Displaced for Census Block Displaced
240276067011005 0 14.6% 0
240276067011006 0 2.2% 0
24027606701100Y 90 10.7% 100
240276067011023 0 12.9% 0
240276067012010 18 9.9% 20
240276067031003 0 3.3% 0
240276067041008 0 13.3% 0
240276067041018 0 10.3% 0
240276067042000 0 8.0% 0
240276068032000 0 3.4% 0
240276068033000 0 14.0% 0
240276068033001 106 11.0% 118
240276068033003 20 15.4% 23
240276068033004 0 6.0% 0
240276068041000 0 0.0% 0
240276068041001 0 0.0% 0
240276068041005% 0 3.3% 0
240276068041006 0 12.6% 0
24027606804100Y 0 8.9% 0
240276068041008 0 13.7% 0
240276068041009 0 57% 0
240276068041010 299 0.0% 299
240276069023001 11 0.0% 11
240276069024002 12 0.0% 12
240276069024003 7 0.0% 7
240276069024005 9 0.0% 9
240276069024006 22 0.0% 22
24027606902400Y 7 0.0% 7
Total 2053 2202

Table 10-6. Adjustments of Total People Displaced for Best Case Scerari
and 500-yr Flood.

2010
Population Increase in Consequenceg 2100 Population
Census Block Displaced for Census Block Displaced
240276022003004 13 4.4% 14
240276022003008 27 10.8% 30
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2010
Population Increase in Consequenceg 2100 Population

Census Block Displaced for Census Block Displaced
24027602200301( 0 4.3% 0
24027602200400( 33 4.4% 34
240276022004001 186 6.9% 199
240276022004002 3 11.8% 3
24027602304100( 8 4.7% 8
240276023041005 25 3.0% 26
240276023041006 8 1.7% 8
240276023041012 160 7.1% 171
240276023041019 55 2.3% 56
24027602304102( 1 0.0% 1
240276023041021 30 17.1% 35
24027602304201( 8 9.7% 9
240276023042011 0 10.4% 0
240276023042015 0 11.6% 0
240276023042016 0 0.0% 0
240276023042017 3 0.0% 3
24027602305100( 191 7.8% 206
240276023052001 32 6.8% 34
240276023062014 6 12.8% 7
240276023062015 37 9.9% 41
240276023062016 13 12.7% 15
240276030001005 11 6.6% 12
240276030001006 1 10.5% 1
240276030001007 0 12.5% 0
240276030001008 10 6.0% 11
24027603000200( 4 4.3% 4
240276030002001 0 15.1% 0
240276030002002 1 11.2% 1
240276030002003 0 10.1% 0
240276030002016 1 0.4% 1
24027605401100( 0 9.3% 0
240276054011003 121 7.8% 130
240276054011004 85 4.8% 89
240276054011005 4 13.7% 5
240276054011006 0 6.3% 0
240276054011007 76 7.5% 82
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2010
Population Increase in Consequenceg 2100 Population

Census Block Displaced for Census Block Displaced
240276054011008 7 9.9% 8
240276054011009 0 16.0% 0
24027605401101( 202 15.2% 233
240276054011011 0 0.7% 0
24027605401200( 50 9.0% 55
240276054012002 13 6.1% 14
240276054012003 2 12.4% 2
24027605401300( 3 10.5% 3
24027605402300( 0 8.0% 0
240276054023001 95 12.9% 107
240276054023003 28 9.2% 31
240276054023006 0 15.9% 0
240276054023007 0 4.9% 0
240276054023009 0 8.1% 0
240276054023019 0 4.6% 0
24027605402302( 0 9.5% 0
240276056023017 0 6.2% 0
240276056023019 0 2.9% 0
24027605602302( 0 8.3% 0
24027606603100( 4 8.5% 4
240276066031003 233 10.6% 258
240276066032001 68 6.7% 73
240276066032003 0 5.6% 0
240276066032004 0 6.2% 0
24027606701100( 0 9.0% 0
240276067011001 1 6.0% 1
240276067011002 16 6.3% 17
240276067011003 0 7.3% 0
240276067011004 0 2.9% 0
240276067011005 0 14.6% 0
240276067011006 0 2.2% 0
240276067011007 104 10.7% 115
24027606701102( 0 7.2% 0
240276067011023 2 12.9% 2
240276067012008 4 9.9% 4
24027606701201( 22 9.9% 24
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2010
Population Increase in Consequenceg 2100 Population

Census Block Displaced for Census Block Displaced
240276067031003 0 3.3% 0
240276067041008 0 13.3% 0
240276067041018 0 10.3% 0
24027606704200( 13 8.0% 14
24027606803200( 0 3.4% 0
240276068032004 0 0.0% 0
24027606803300( 0 14.0% 0

240276068033001 130 11.0% 144
240276068033003 26 15.4% 30
240276068033004 0 6.0% 0
24027606804100( 0 0.0% 0
240276068041001 0 0.0% 0
240276068041005 0 3.3% 0
240276068041006 0 12.6% 0
240276068041007 0 8.9% 0
240276068041008 0 13.7% 0
240276068041009 0 5.7% 0

24027606804101( 353 0.0% 353
240276069023001 13 0.0% 13
240276069023002 0 0.0% 0
24027606902400( 0 4.8% 0
240276069024002 13 0.0% 13
240276069024003 29 0.0% 29
240276069024005 13 0.0% 13
240276069024006 35 0.0% 35
240276069024007 13 0.0% 13
Total 2645 2844

Table 10-7. Total Building Loss for Worst Case Nonstationarity Scenario
and 100-yr Flood.

Census Block

2010 Total Economic
Loss ($ Thousands)

Increase in
Consequences for
Census Block

2100 Total Economic
Loss ($ Thousands)

240276022003004

&=

516

13.3%

585




Census Block

2010 Total Economic
Loss ($ Thousands)

Increase in
Consequences for
Census Block

2100 Total Economic
Loss ($ Thousands)

240276022003008 544 33.1% 724
240276022003010 5931 13.2% 6717
240276022004000 1340 13.3% 1518
240276022004001 11976 21.2% 14510
240276023041000 1334 14.3% 1525
24027602304100% 781 9.2% 853
240276023041006 480 5.2% 505
240276023041012 6908 21.5% 8395
240276023041019 2236 7.0% 2393
240276023041020 6 0.0% 6
240276023041021 543 52.3% 827
240276023042010 282 29.7% 366
240276023042015% 30 35.3% 41
240276023042016 0 0.0% 0
24027602304201y 110 0.0% 110
240276023051000 7033 23.7% 8701
240276023052001 1281 20.6% 1545
24027602306201% 837 30.2% 1090
240276023062016 538 38.8% 747
24027603000100% 261 20.1% 313
240276030001006 26 31.9% 34
240276030001007 0 38.1% 0
240276030001008 576 18.3% 681
240276030002000 163 13.2% 185
240276030002001 0 46.0% 0
240276030002016 66 1.2% 67
240276054011008 4048 23.7% 5009
240276054011004 2793 14.6% 3201
24027605401100% 168 41.8% 238
240276054011006 0 19.3% 0
24027605401100Y 3302 22.8% 4056
240276054011008 76 30.1% 99
240276054011009 0 48.8% 0
240276054011010 3864 46.5% 5659
240276054012000 2746 27.6% 3504
240276054012002 197 18.6% 234
240276054023000 0 24.3% 0




Increase in
2010 Total Economic | Consequences for| 2100 Total Economic
Census Block | Loss ($ Thousands) Census Block Loss ($ Thousands)
240276054023001 3206 39.2% 4464
2402760540230038 2 28.1% 3
240276054023006 0 48.6% 0
24027605402300Y 12679 15.1% 14589
240276054023019 331 14.1% 378
240276054023020 0 29.0% 0
24027605602301Y 40 18.9% 48
240276056023019 0 8.7% 0
240276056023020 0 25.2% 0
240276066031003 3732 32.4% 4941
240276066032001 3235 20.4% 3893
240276066032003 0 17.0% 0
240276066032004 0 19.0% 0
240276067011000 1197 27.6% 1527
240276067011001 52 18.2% 61
240276067011002 509 19.3% 607
240276067011003 6875 22.1% 8396
240276067011004 0 8.9% 0
240276067011005% 0 44 5% 0
240276067011006 0 6.7% 0
24027606701100Y 5395 32.5% 7149
240276067011023 27 39.5% 38
240276067012010 1248 30.1% 1624
2402760670310038 8001 10.1% 8809
240276068033000 0 42.6% 0
240276068033001 7907 33.5% 10559
240276068033003 1184 47.1% 1742
240276068033004 6753 18.4% 7993
240276068041000 0 0.0% 0
240276068041001 10 0.0% 10
240276068041005 0 10.0% 0
240276068041006 0 38.3% 0
24027606804100Y 372 27.2% 473
240276068041008 2758 41.7% 3908
240276068041009 0 17.4% 0
240276068041010 16485 0.0% 16485
240276069023001 2123 0.0% 2123
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Increase in
2010 Total Economic | Consequences for| 2100 Total Economic
Census Block Loss ($ Thousands) Census Block Loss ($ Thousands)
240276069024002 679 0.0% 679
2402760690240038 657 0.0% 657
240276069024005 1101 0.0% 1101
240276069024006 1313 0.0% 1313
24027606902400Y 555 0.0% 555
Total 149418 178563

Table 10-8. Total Building Loss for Worst Case Nonstationarity Scenario
and 500-yr Flood.

Increase in
2010 Total Economic| Consequences for| 2100 Total Economic
CensusBlock Loss ($ Thousands) Census Block Loss ($ Thousands)
240276030002000 240 13.2% 272
240276030002001 0 46.0% 0
240276030002002 80 34.2% 107
240276030002003 0 30.8% 0
24027602304101 8711 21.5% 10586
240276023041019 2952 7.0% 3159
240276023041020 30 0.0% 30
240276023041021 817 52.3% 1244
240276030001005 382 20.1% 459
240276030001006 33 31.9% 44
240276030001007 0 38.1% 0
240276030001008 914 18.3% 1081
240276054011003 5234 23.7% 6476
240276054011004 3317 14.6% 3802
240276054011005 193 41.8% 274
240276054011006 0 19.3% 0
240276054011007 3841 22.8% 4718
240276054011008 134 30.1% 174
240276054011009 0 48.8% 0
240276054011010 5655 46.5% 8282
240276054011011 0 2.0% 0
240276054012000 3860 27.6% 4925
24027605602301Y 51 18.9% 61
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CensusBlock

2010 Total Economic
Loss ($ Thousands)

Increase in
Consequences for
Census Block

2100 Total Economic
Loss ($ Thousands)

240276056023019 0 8.7% 0
240276056023020 0 25.2% 0
240276054023019 463 14.1% 528
240276054023020 0 29.0% 0
240276066031008 6188 32.4% 8193
240276066032001 4169 20.4% 5018
240276066032008 0 17.0% 0
240276066032004 0 19.0% 0
240276022003004 567 13.3% 643
240276022003006 54 18.8% 64
240276022003008 987 33.1% 1314
240276022003010 6883 13.2% 7795
240276022004000 1620 13.3% 1836
240276022004001 17092 21.2% 20709
240276022004002 19 36.0% 26
240276023041000 1721 14.3% 1967
24027602304100% 1113 9.2% 1216
240276023041006 504 5.2% 530
240276023042010 357 29.7% 463
240276023042011 10 31.8% 13
240276023042015 50 35.3% 68
240276023042016 0 0.0% 0
24027602304201Y 127 0.0% 127
240276023051000 8914 23.7% 11028
240276023052001 1630 20.6% 1966
240276023052002 0 11.6% 0
240276023062015 1403 30.2% 1827
240276023062016 685 38.8% 951
240276030002015 0 0.0% 0
240276030002016 118 1.2% 119
240276068032000 21 10.5% 23
240276068032004 44 0.0% 44
240276068033000 0 42.6% 0
240276068033001 9333 33.5% 12464
240276068033008 1486 47.1% 2186
240276068033004 8010 18.4% 9481
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CensusBlock

2010 Total Economic
Loss ($ Thousands)

Increase in
Consequences for
Census Block

2100 Total Economic
Loss ($ Thousands)

240276068041000 0 0.0% 0
240276068041001 21 0.0% 21
240276054012002 544 18.6% 645
240276054012008 94 37.9% 130
240276054013000 53 32.0% 70
240276054023000 0 24.3% 0
240276054023001 4574 39.2% 6369
240276054023008 1144 28.1% 1466
240276054023006 0 48.6% 0
24027605402300Y 17417 15.1% 20041
240276054023009 1074 24.7% 1339
240276067011004 0 8.9% 0
24027606701100% 0 44.5% 0
240276067011006 0 6.7% 0
24027606701100¥ 6701 32.5% 8880
240276067011028 106 39.5% 148
240276067011000 1275 27.6% 1627
240276067011001 72 18.2% 85
240276067011002 996 19.3% 1188
240276067011008 9087 22.1% 11098
240276067012008 114 30.1% 148
240276067012010 1648 30.1% 2144
240276067031008 9526 10.1% 10488
240276067042000 20 24.3% 25
240276068021000 1 22.5% 1
24027606804100% 0 10.0% 0
240276068041006 0 38.3% 0
24027606804100¥ 1969 27.2% 2505
240276068041008 4552 41.7% 6450
240276068041009 0 17.4% 0
240276068041010 20467 0.0% 20467
240276068042001 57 33.6% 76
240276069023001 2115 0.0% 2115
240276069023002 0 0.0% 0
240276069024002 763 0.0% 763
240276069024008 1075 0.0% 1075
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Increase in
2010 Total Economic| Consequences for| 2100 Total Economic
CensusBlock Loss ($ Thousands) Census Block Loss ($ Thousands)

240276069024005 1171 0.0% 1171
240276069024006 2179 0.0% 2179
24027606902400Y 793 0.0% 793
Total 199620 239798
Table 10-9. Total People Displaced Best Case Nonstationarity Scenario and 100-yr
Flood.
Increase in
2010 Population | Consequences for Censu 2100 Population
Census Block Displaced Block Displaced

240276022003004 12 0.13 14
240276022003008 23 0.33 31
240276022003010 0 0.13 0
240276022004000 30 0.13 34
240276022004001 153 0.21 185
240276022004002 1 0.36 1
240276023041000 8 0.14 9
24027602304100% 22 0.09 24
240276023041006 8 0.05 8
240276023041012 143 0.22 174
240276023041019 50 0.07 54
240276023041020 0 0.00 0
240276023041021 17 0.52 26
240276023042010 8 0.30 10
240276023042011 0 0.32 0
24027602304201% 0 0.35 0
240276023042016 0 0.00 0
240276023042017 3 0.00 3
240276023051000 176 0.24 218
240276023052001 34 0.21 41
240276023062014 4 0.39 6
24027602306201% 26 0.30 34
240276023062016 12 0.39 17
24027603000100% 11 0.20 13
240276030001006 1 0.32 1
240276030001007 0 0.38 0




2010 Population

Increase in

Consequences for Censu

2100 Population

Census Block Displaced Block Displaced
240276030001008 4 0.18 5
240276030002000 3 0.13 3
240276030002001 0 0.46 0
240276030002016 1 0.01 1
240276054011000 0 0.28 0
240276054011003 110 0.24 136
240276054011004 79 0.15 91
24027605401100% 4 0.42 6
240276054011006 0 0.19 0
240276054011007 72 0.23 88
240276054011008 7 0.30 9
240276054011009 0 0.49 0
240276054011010 147 0.46 215
240276054012000 43 0.28 55
240276054012002 5 0.19 6
240276054023000 0 0.24 0
240276054023001 75 0.39 104
240276054023003 2 0.28 3
240276054023006 0 0.49 0
240276054023007 0 0.15 0
240276054023019 0 0.14 0
240276054023020 0 0.29 0
240276056023017 0 0.19 0
240276056023019 0 0.09 0
240276056023020 0 0.25 0
240276066031003 170 0.32 225
240276066032001 65 0.20 78
240276066032003 0 0.17 0
240276066032004 0 0.19 0
240276067011000 0 0.28 0
240276067011001 1 0.18 1
240276067011002 7 0.19 8
240276067011003 0 0.22 0
240276067011004 0 0.09 0
24027606701100% 0 0.44 0
240276067011006 0 0.07 0
240276067011007 92 0.33 122
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Increase in
2010 Population | Consequences for Censu; 2100 Population
Census Block Displaced Block Displaced

240276067011023 0 0.39 0
240276067012010 20 0.30 26
240276067031003 0 0.10 0
240276067041008 0 0.40 0
240276067041018 0 0.32 0
240276067042000 0 0.24 0
240276068032000 0 0.10 0
240276068033000 0 0.43 0
240276068033001 108 0.34 144
240276068033003 23 0.47 34
240276068033004 0 0.18 0
240276068041000 0 0.00 0
240276068041001 0 0.00 0
24027606804100% 0 0.10 0
240276068041006 0 0.38 0
240276068041007 0 0.27 0
240276068041008 0 0.42 0
240276068041009 0 0.17 0
240276068041010 305 0.00 305
240276069023001 11 0.00 11
240276069024000 0 0.15 0
240276069024002 13 0.00 13
240276069024003 23 0.00 23
24027606902400% 12 0.00 12
240276069024006 24 0.00 24
240276069024007 11 0.00 11

Total 2179 2662

Table 10-10. Total People Displace for Worst Case Nonstationarity Scenario and

500-yr Flood.
Increase in
2010 Population Consequences for 2100 Population
Census Block Displaced Census Block Displaced
240276022003004 17 13.3% 19
240276022003006 9 18.8% 11
240276022003008 33 33.1% 44




2010 Population

Increase in
Consequences for

2100 Population

Census Block Displaced Census Block Displaced
240276022003010 0 13.2% 0
240276022004000 30 13.3% 34
240276022004001 188 21.2% 228
240276022004002 3 36.0% 4
240276023041000 10 14.3% 11
240276023041005 25 9.2% 27
240276023041006 8 5.2% 8
240276023041012 161 21.5% 196
240276023041019 57 7.0% 61
240276023041020 1 0.0% 1
240276023041021 30 52.3% 46
240276023042010 9 29.7% 12
240276023042011 1 31.8% 1
240276023042015 0 35.3% 0
240276023042016 0 0.0% 0
240276023042017 3 0.0% 3
240276023051000 190 23.7% 235
240276023052001 44 20.6% 53
240276023052002 1 11.6% 1
240276023062014 6 39.0% 8
240276023062015 37 30.2% 48
240276023062016 13 38.8% 18
240276030001005 11 20.1% 13
240276030001006 1 31.9% 1
240276030001007 0 38.1% 0
240276030001008 10 18.3% 12
240276030002000 4 13.2% 5
240276030002001 0 46.0% 0
240276030002002 1 34.2% 1
240276030002003 0 30.8% 0
240276030002015 0 0.0% 0
240276030002016 1 1.2% 1
240276054011000 0 28.3% 0
240276054011003 121 23.7% 150
240276054011004 86 14.6% 99
240276054011005 4 41.8% 6
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2010 Population

Increase in
Consequences for

2100 Population

Census Block Displaced Census Block Displaced
240276054011006 0 19.3% 0
240276054011007 76 22.8% 93
240276054011008 7 30.1% 9
240276054011009 0 48.8% 0
240276054011010 213 46.5% 312
240276054011011 5 2.0% 5
240276054012000 51 27.6% 65
240276054012002 15 18.6% 18
240276054012003 3 37.9% 4
240276054013000 3 32.0% 4
240276054023000 0 24.3% 0
240276054023001 95 39.2% 132
240276054023003 28 28.1% 36
240276054023006 0 48.6% 0
240276054023007 0 15.1% 0
240276054023009 0 24.7% 0
240276054023019 0 14.1% 0
240276054023020 0 29.0% 0
240276056023017 0 18.9% 0
240276056023019 0 8.7% 0
240276056023020 0 25.2% 0
240276066031003 238 32.4% 315
240276066032001 78 20.4% 94
240276066032003 0 17.0% 0
240276066032004 0 19.0% 0
240276067011000 0 27.6% 0
240276067011001 2 18.2% 2
240276067011002 18 19.3% 21
240276067011003 0 22.1% 0
240276067011004 0 8.9% 0
240276067011005 0 44.5% 0
240276067011006 0 6.7% 0
240276067011007 106 32.5% 140
240276067011020 0 22.0% 0
240276067011023 2 39.5% 3
240276067012008 3 30.1% 4




2010 Population

Increase in
Consequences for

2100 Population

Census Block Displaced Census Block Displaced
240276067012010 23 30.1% 30
240276067031003 0 10.1% 0
240276067041008 0 40.4% 0
240276067041018 0 31.5% 0
240276067042000 15 24.3% 19
240276068021000 0 22.5% 0
240276068032000 0 10.5% 0
240276068032004 0 0.0% 0
240276068033000 0 42.6% 0
240276068033001 120 33.5% 160
240276068033003 25 47.1% 37
240276068033004 0 18.4% 0
240276068041000 0 0.0% 0
240276068041001 0 0.0% 0
240276068041005 0 10.0% 0
240276068041006 0 38.3% 0
240276068041007 0 27.2% 0
240276068041008 0 41.7% 0
240276068041009 0 17.4% 0
240276068041010 347 0.0% 347
240276068042001 1 33.6% 1
240276069023001 10 0.0% 10
240276069023002 0 0.0% 0
240276069024000 0 14.6% 0
240276069024002 15 0.0% 15
240276069024003 28 0.0% 28
240276069024005 11 0.0% 11
240276069024006 39 0.0% 39
240276069024007 13 0.0% 13

Total 2705 3326




Figure 10-4. Area Within and Outside of SPA for Worst Case Scenario 100-yr
Flood.
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Figure 10-5. Area Within and Outside of SPA for Best Case Scenario 100-yr Flood
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Figure 10-6. Area Within and Outside of SPA for Best Case Scenario 500-yr Flood
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Figure 10-7. Area Within and Outside of SPA for StationarityScenario 500-yr
Flood.
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Table 10-11. Proportion of Consequences Allocated to Area Inside and OutsiGPA
for the Best Case 100-yr Flood

Census Block* | Inside | Outside
240276022003004 38% 62%

240276022003008 56% 44%
240276022003010 100% 0%
240276022004000 64% 36%
240276022004001 94% 6%
240276023041000 85% 15%
240276023041005 97% 3%
240276023041006 94% 6%
240276023041012 95% 5%
240276023041019 97% 3%
24027602304102]1 100% 0%
240276023042010 90% 10%

24027602304201
24027602304201
24027602304201
24027602305100
240276023052001 95% 5%
240276023062014 100% 0%

B

D

D

L

D

b

b

%

)

L

D

b 94% 6%
b
/
D
L
4

240276023062015 90% 10%

b
b
b
/
3]
D
L
b
3
4
b
/
D
D
D
%
D

100% 0%
95% 5%
96% 4%

240276023062016 96% 4%
240276030001005 84% 16%
240276030001006 96% 4%
240276030001007 100% 0%
240276030001008 87% 13%
240276030002000 87% 13%
240276030002001 88% 12%
240276030002016 97% 3%
240276054011008 98% 2%
240276054011004 94% 6%
240276054011005 91% 9%
240276054011007 93% 7%
240276054011009 87% 13%
240276054011010 93% 7%
240276054012000 96% 4%
240276054012002 100% 0%
240276054023000 100% 0%




Census Block*

Inside

Outside

24027605402300

95%

5%

24027605402300

90%

10%

24027605402300

92%

8%

24027605402301

84%

16%

24027605402302

100%

0%

24027605602301

100%

0%

100%

0%

24027605602302

97%

3%

24027606603100

85%

15%

24027606603200

25%

75%

24027606603200

79%

21%

24027606603200:

54%

46%

L
b
/
2
D
/
240276056023019
D
3
L
3
4
D

24027606701100(

72%

28%

24027606701100

100%

0%

24027606701100

100%

0%

24027606701100

21%

79%

24027606701100:

0%

100%

24027606701100

0%

100%

24%

76%

24027606701100

67%

33%

24027606701201

99%

1%

24027606703100

93%

7%

L
%
3
4
b
240276067011006
/
D
3
D

24027606803300(

100%

0%

24027606803300

90%

10%

24027606803300

95%

5%

100%

0%

L
3
240276068033004
240276068041000

96%

4%

24027606804100

45%

55%

24027606804100

100%

0%

24027606804100

100%

0%

24027606804100

87%

13%

100%

0%

24027606804101

85%

15%

24027606902300

85%

15%

24027606902400

97%

3%

24027606902400

94%

6%

L
b
b
3]
240276068041009
D
L
%
3
b

24027606902400

86%

14%
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Census Block* | Inside | Outside
240276069024006 86% 14%
240276069024007 100% 0%

*Due to resampling issues in ArcGIS, Census Traek3276068041007 and
240276067011023 were not included in the SPA aisalybe consequences were
assumed to remain at the 2010 conditions for tbessus tracks.

Table 10-12. Proportion of Consequences Allocated to Area Inside and Outsi8@A
for the Best Case 500-yr Flood.

Census Block Inside | Outside

240276022003004 38% 62%
240276022003008 52% 48%
240276022003010 96% 4%
240276022004000 62% 38%
240276022004001 84% 16%
240276022004002 0% 100%
240276023041000 70% 30%
240276023041005 90% 10%
240276023041006 90% 10%
240276023041012 87% 13%
240276023041019 89% 11%
240276023041020 0% 100%
240276023041021 69% 31%
240276023042010 87% 13%
240276023042011 0% 100%
240276023042015 79% 21%
240276023042016 100% 0%
240276023042017 89% 11%
240276023051000 90% 10%
240276023052001 87% 13%
240276023062014 56% 44%
240276023062015 73% 27%
240276023062016 90% 10%
240276030001005 82% 18%
240276030001006 52% 48%
240276030001007 62% 38%
240276030001008 43% 57%
240276030002000 77% 23%

240276030002001 68% 32%

=




Census Block

Inside

Outside

24027603000200

0%

100%

24027603000200

0%

100%

24027603000201

84%

16%

24027605401100

92%

8%

24027605401100:

91%

9%
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90%

10%
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100%

0%
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91%

9%
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79%

21%
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49%

51%
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86%

14%
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47%

53%
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100%

24027605401300
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100%
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90%

10%
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72%

28%
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100%
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78%

22%

24027605402300
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23%
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0%

100%

24027605402301

56%

44%
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100%

0%
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b
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2
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D
D
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3
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D
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D
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76%
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79%

21%
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56%

44%
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44%

24027606701100

50%

50%

24027606701100

86%

14%

24027606701100

20%

80%

24027606701100:

0%

100%

24027606701100

3
I
3
4
D 56%
L
P
3
4
b

0%

100%
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Census Block | Inside | Outside
240276067011006 23% 77%
240276067011007 63% 37%
240276067011023 0% 100%
240276067012008 0% 100%
240276067012010 87% 13%
240276067031008 87% 13%
240276067042000 0% 100%
240276068033000 100% 0%
240276068033001L 77% 23%
240276068033008 83% 17%
240276068033004 98% 2%
240276068041000 74% 26%
240276068041001 28% 72%
240276068041005 91% 9%
240276068041006 64% 36%
240276068041007 15% 85%
240276068041008 75% 25%
240276068041009 82% 18%
240276068041010 76% 24%
240276069023001L 76% 24%
240276069023002 0% 100%
240276069024002 91% 9%
240276069024003 76% 24%
240276069024005 83% 17%
240276069024006 62% 38%
240276069024007 91% 9%

Table 10-13. Proportion of Consequences Allocated to Area Inside and Outsi8@A
for the Worst Case 100-yr Flood

Census Block* Inside Outside
240276022003004 39% 61%
240276022003008 43% 57%
240276022003010 97% 3%
240276022004000 65% 35%
240276022004001 93% 7%
240276023041000 64% 36%
240276023041005 98% 2%
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Census Block* Inside Outside
240276023041006 89% 11%
240276023041012 93% 7%
240276023041019 97% 3%
240276023041021 100% 0%
240276023042010 90% 10%
240276023042015 93% 7%
240276023042016 83% 17%
24027602304201V 98% 2%
240276023051000 95% 5%
240276023052001L 84% 16%
240276023062014 100% 0%
240276023062015 86% 14%
240276023062016 93% 7%
2402760300010056 85% 15%
240276030001006 57% 43%
24027603000100V 67% 33%
240276030001008 85% 15%
240276030002000 86% 14%
240276030002001 78% 22%
240276030002016 97% 3%
240276054011003 99% 1%
240276054011004 94% 6%
240276054011005 94% 6%
240276054011006 100% 0%
24027605401100V 97% 3%
240276054011008 78% 22%
240276054011009 88% 12%
240276054011010 87% 13%
240276054012000 97% 3%
240276054012002 100% 0%
240276054023000 96% 4%
240276054023001 86% 14%
240276054023003 0% 100%
240276054023006 89% 11%
24027605402300V 88% 12%
240276054023019 78% 22%
240276054023020 100% 0%
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Census Block* Inside Outside
24027605602301V 100% 0%
240276056023019 100% 0%
240276056023020 97% 3%
240276066031003 80% 20%
240276066032001 21% 79%
240276066032003 79% 21%
240276066032004 55% 45%
240276067011000 55% 45%
240276067011001 86% 14%
240276067011002 100% 0%
240276067011003 21% 79%
240276067011004 0% 100%
2402760670110056 0% 100%
240276067011006 24% 76%
24027606701100V 67% 33%
240276067012010 92% 8%
240276067031003 91% 9%
240276068033000 100% 0%
240276068033001 89% 11%
240276068033003 92% 8%
240276068033004 98% 2%
240276068041000 86% 14%
240276068041001 45% 55%
240276068041005 100% 0%
240276068041006 74% 26%
24027606804100V 29% 71%
240276068041008 89% 11%
240276068041009 100% 0%
240276068041010 85% 15%
240276069023001 90% 10%
240276069024002 95% 5%
240276069024003 92% 8%
2402760690240056 86% 14%
240276069024006 83% 17%
24027606902400V 97% 3%
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*Due to resampling issues in ArcGIS, Census Tratk2Z26067011023 was not included
in the SPA analysis. The consequences were assiomechain at the 2010 conditions
for this census track.

Table 10-14. Proportion of Consequences Allocated to Area Inside and Outsi8@A
for the Worst Case 500-yr Flood.

Census Block* | Inside | Outside
240276022003004 29% 71%
240276022003006 0% 100%
240276022003008 44% 56%
240276022003010 95% 5%
240276022004000 67% 33%
240276022004001 83% 17%
240276022004002 0% 100%
240276023041000 56% 44%
240276023041005 87% 13%
240276023041006 85% 15%
240276023041012 86% 14%
240276023041019 87% 13%
240276023041020 0% 100%
240276023041021 69% 31%
240276023042010 81% 19%
240276023042011 0% 100%
240276023042015 77% 23%
240276023042016 100% 0%
240276023042017 88% 12%
240276023051000 89% 11%
240276023052001L 67% 33%
240276023052002 0% 100%
240276023062014 56% 44%
240276023062015 73% 27%
240276023062016 89% 11%
240276030001005 83% 17%
240276030001006 72% 28%
240276030001007 94% 6%
240276030001008 43% 57%
240276030002000 76% 24%
240276030002001L 64% 36%
240276030002002 0% 100%
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0%

100%
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0%

100%

24027603000201

79%

21%
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9%
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0%
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7%
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%

3
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D
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25%
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22%
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17%
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25%
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56%

44%
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56%

44%
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51%

49%
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78%

22%
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/
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D
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Census Block* | Inside | Outside
240276067011006 23% 77%
240276067011007 62% 38%
240276067011023 0% 100%
240276067012008 0% 100%
240276067012010 85% 15%
240276067031008 92% 8%
240276067042000 0% 100%
240276068021000 0% 100%
240276068033000 100% 0%
240276068033001L 82% 18%
240276068033008 86% 14%
240276068033004 93% 7%
240276068041000 72% 28%
240276068041001 24% 76%
240276068041005 91% 9%
240276068041006 66% 34%
240276068041007 15% 85%
240276068041008 75% 25%
240276068041009 81% 19%
240276068041010 76% 24%
240276068042001 0% 100%
240276069023001L 78% 22%
240276069023002 0% 100%
240276069024002 84% 16%
240276069024008 75% 25%
240276069024005 88% 12%
240276069024006 54% 46%
240276069024007 87% 13%

*Due to resampling issues in ArcGIS, Census Tralk226022003006 and
2402760220032000 were not included in the SPA aimlyhe consequences were
assumed to remain at the 2010 conditions for tbessus tracks.
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