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8 Abstract: Flooding is a prevalent natural disaster with both short and long-term social, economic,

9 and infrastructure impacts. Changes in intensity and frequency of precipitation (including rain,
10 snow, and rain on snow) events create challenges for the planning and management of resilient
11 infrastructure and communities. While there is general acknowledgement that new infrastructure
12 design should account for future climate change, no clear methods or actionable information is
13 available to community planners and designers to ensure resilient design considering an uncertain
14 climate future. This research used climate projections to drive high-resolution hydrology and flood
15 models to evaluate social, economic, and infrastructure resilience for the Snohomish Watershed,
16 WA, U.S.A. The proposed model chain has been calibrated and validated. Based on the established
17 model chain, the peaks of precipitation and streamflows were found to shift from spring and
18 summer to earlier winter season. The nonstationarity of peak discharges was discovered with more
19 frequent and severe flood risks projected. The peak discharges were also projected to decrease for a
20 certain period in the near future, which might be due to the reduced rain-on-snow events. This
21 research was expected to provide a clear method for the incorporation of climate science in flood
22 resilience analysis and to also provide actionable information relative to the frequency and intensity
23 of future precipitation events.
24 Keywords: climate projections; integrated modeling; flood modeling; nonstationarity
25

26 1. Introduction

27 Extreme flooding has been observed to become more prevalent and is expected to worsen with
28  a changing climate considering the potential for increased precipitation and rain-on-snow events in
29  regions of the United States[1]. Traditional approaches to designing flood mitigation strategies have
30  assumed a stationary climate, but it is increasingly important to consider changes in magnitude and
31  frequency extreme events and include future climate scenarios in design [2].

32 In many cases, the standards currently used in flood mitigation design using stationary climate
33 assumptions (e.g., historical 100-year return period) are no longer sufficiently conservative
34 assumptions [1]. In recognition of this, there have been recent changes in design standards and
35  floodplain management policy which call for the “consideration” of possible changes induced by
36  climate change [3]. For example, in 2015 a U.S. Presidential Executive Order (13690) mandated
37  changes in the federal flood risk management standard. This order gave agencies the flexibility to
38 either 1) use data and methods informed by best-available, actionable climate science, 2) build two
39  feet above the 100-year flood elevation for standard projects or three feet above for critical buildings,
40  or 3) build to the 500-year flood elevation. Specific guidance on appropriate methods informed by
41  best-available, actionable climate science is not available. Moreover, blindly raising infrastructure by
42 adefined, uniform threshold does not adequately consider risk and may result in either over or under
43 designed mitigation. Approaches that explicitly consider future climate scenarios are needed in order
44 to adequately understand flood risk and develop actionable, climate-informed information at a local
45  scale.
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46 One of the primary challenges in developing local-scale, actionable information for future flood
47  riskis related to the temporal and spatial scales of available climate information. To translate climate
48  projections into local-scale flood prediction, multi-modal approaches connecting general circulation
49 models (GCMs), downscaling methods, hydrological modeling, and consequence analysis present an
50  approach to overcome temporal and spatial resolution challenges [4, 5]. In a multi-model, multi-scale
51  approach, a GCM depicts climate variables at a global scale typically with a spatial resolution of
52 multiple degrees and a monthly temporal scale. These spatial and temporal scales are very coarse
53 compared to that of the watershed-scale hydrological processes [6] and therefore inadequate to use
54 alone in understanding the impacts of climate on flood risk management. To represent watershed-
55  scale processes, Regional Climate Models (RCM) dynamically downscaled to a specific region can be
56  developed by utilizing GCM as boundary conditions for higher resolution, regional climate
57  simulations. This approach in developing RCMs parameterizes physical atmospheric processes and
58  accounts orographic effects and mesoscale processes [7, 8].

59 GCMs can also be downscaled through statistical approaches are based on relationships in large-
60  scale climate and regional characteristics identified from observational data [6]. Because these
61  approaches do not have a significant computational burden, they are often the method of choice for
62  downscaling. The method of “change factors”, also known as the perturbation or the delta-change
63  method, is a simple example of statistical downscaling, which applies the difference in GCM
64  projections between the control and future periods to match the baseline observations [8]. Due to its
65  simplicity, this method is widely used by hydrologists [9, 10]. Another simple statistical method is
66  bias correction, which defines a transfer function for GCM/RCM outputs for the control period to
67  match certain statistical properties of the observations [11]. These simple statistical downscaling
68  approaches have a number of caveats, including assuming a stationary bias through time and a
69  constant spatial pattern of climate [8, 11]. To overcome limitations of both dynamical and statistical
70 downscaling methods, statistical-dynamical processes can be used to further remove inherent bias
71 [12].

72 At the watershed scale, hydrologic models ingest climatic variables such as temperature,
73 precipitation, and humidity derived from downscaled GCMs/RCMs to simulate hydrologic processes
74 and ultimately provide a continuous estimate of river discharges. Calibration of hydrologic models
75  is important in order to reduce the uncertainty in the flow estimates, especially for watersheds
76  sensitive to pronounced seasonal changes (e.g., rain and snow interactions) [13-15]. Statistical
77 distributions of extreme river discharge events can be developed using the continuous estimates of
78  river discharge [16].

79 To develop actionable flood risk information, thresholds from the statistical distribution of river
80  flows can be developed and used to drive high-resolution flood extent estimation. Various
81  approaches exist to estimate flood extent, including empirical, hydrodynamic, and non-physics-
82  based models [17], but is an essential component in assessing infrastructure exposure to floods and
83  subsequent damage estimates. Ensembles of flood extents and associated damage estimates derived
84  from sampling the statistical river flow distribution are foundational to robust probabilistic risk [18].
85 The objective of this research is to develop an end-to-end, multi-scale, multi-model framework
86  to effectively integrate GCM/RCM, hydrology, and flood risk to develop local-scale, actionable
87  information to be used in flood management. These tools will provide a means to develop mitigation
88  and adaptation strategies to ensure resilient designs of communities and critical infrastructure
89  systems. The achieved actionable information will help local stakeholders (including policy makers,
90  planners, and engineers) understand vulnerabilities and consequences related to the nonstationarity
91  of precipitation events.

92  2.Method

93 To overcome spatial and temporal resolution challenges and incorporate climate nonstationarity
94  into flood risk management, a multi-scale, multi-model flood risk framework has been developed
95  (Figure 1). This framework is intended to provide a means to develop quantifiable and actionable
96  flood risk information at a local scale.
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97 The framework is presented in the context of a case study based on the Snohomish River Basin

98  located near Monroe, WA (Figure 2Error! Reference source not found.). This river basin is of

99  particular interest for this case study because of the river peak flows sensitive to rain, snow, and rain-
100 on-snow events. The basin has frequent fluvial flooding, with overtopping expected to happen every
101  2to5years [19]. The Snohomish River Basin belongs to the U.S. Pacific Northwest region, which was
102 projected to experience the temporal and spatial changes in precipitation, with possible shifts of flood
103  and low flow extremes [20].
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105 Figure 1. Integrated multi-scale, multi-model framework for flood risk estimation
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107 Figure 2. The Snohomish watershed (blue lines) and the location of the USGS gauge near Monroe, WA.
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109 2.1. Climate Modeling and Downscaling

110 Existing climate datasets from the Platform for Regional Integrated Modeling and Analysis
111 (PRIMA) were extracted for the Snohomish basin [21, 22], where the GCM output was downscaled
112 using the Weather Research and Forecasting (WRF) model [23] with specific emphasis on the Pacific
113 Northwest. These dynamically downscaled climate simulations were then bias corrected to match
114  the North American Land Data Assimilation (NLDAS-2) monthly data [24] as mentioned in Hejazi et
115 al [25] using the Bias-Correction Spatial Disaggregation (BCSD) method described by Wood et al [5].
116  Bias correction was applied to precipitation and temperature, respectively. For temperature, the
117  linear trend was removed and then the quantile mapping was used. For precipitation, however, there
118  was no linear trend to remove, so quantile mapping was applied to both the historic and future
119 periods. Downscaled precipitation was compared to the U.S. National Oceanic and Atmospheric
120 Administration (NOAA)'s Global Historical Climatology Network-Daily (GHCN-D) database which
121 provides the observed precipitation records. Seven sites were selected for having sufficient length of
122 record and representative locations and elevations within the watershed (Table 1).

123 Table 1. NOAA Daily Precipitation Sites. Only calendar years with at least 300 recorded days were
124 included in the analysis.
Station Elevation Water Years Total of Years
Baring 235m 1978-1998, 2000, 2002-2003 24
(47.7722°N, 121.4819°W)
Everett 18m 1978-2003 26
(47.9753°N, 122.1950°W)
Monroe 37m 1978-2003 26
(47.8453°N, 121.9944°W)
Snoqualmie Falls 134m 1978-1995, 1997-2003 25
(47.5414°N, 121.8361°W)
Startup 52m 1978-2003 26
(47.8664°N, 121.7175°W)
Stevens Pass 1241m 1978-1980, 1995-1997, 1999, 2000 8
(47.7372°N, 121.0914°W)
Tolt S. Fork Reservoir 610m 1978-1984, 1986-1988, 1990-1991, 1993, 21
(47.7000°N, 121.6908°W) 1995-2000, 2002-2003
125 The RCM includes three groups of climate datasets used to bound the study- historical simulated

126  data (hereafter referred to as historic), and Representative Concentration Pathway 4.5 (RCP4.5) and
127 8.5 (RCP8.5). The historic data is representative of water years 1978 to 2003 and the RCP scenarios
128  represent future time periods (water years: 2022 to 2100). For this study, the future periods were
129 further decomposed into two separate time periods- 2022 to 2055 and 2067 to 2100. The RCM data
130 consisted of hourly data for air temperature, wind speed, relative humidity, incoming shortwave
131  radiation, longwave radiation, and precipitation. These hourly data were aggregated to the 3-hourly
132 format for use by the hydrologic model.

133 2.2. Hydrologic Modeling

134 To translate regional climate data into local-scale runoff distributions, the Distributed
135  Hydrology Soil Vegetation Model (DHSVM) [26] was used to simulate the hydrological processes
136  including precipitation, infiltration, snow accumulation and melt, and runoff at a 3-hourly timescale.
137  The DHSVM model was established for the Snohomish basin at 150-m resolution using the previously
138 described meteorological forcing data [27].
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139 DHSVM was further calibrated by adjusting parameters including temperature thresholds
140  impacting rain, snow, and rain-on-snow transitions. In addition, lateral conductivity was used as a
141  calibration parameter, initially set using published values related to specific soil layers [28] and
142 subsequently uniformly adapted through calibration. Both the temperature thresholds and the lateral
143 conductivity affect the timing and volume of peak runoff.
144 To optimize the hydrologic calibration process, the Multi-objective Complex Evolution Model
145  (MOCOM) [29] was used to fully explore the parameter space and optimize the parameters via an
146  objective function through successive generations of parameters. The objective function for
147 calibration was maximizing fit relative to extreme runoff events, where fit was measured as a function
148 of the coefficient of determination (R?), Nash-Sutcliffe Efficiency (NSE), and the root-mean-square
149 error (RMSE) based on the work of Moriasi et al [30]. The DHSVM calibration and validation period,
150  each a 10-year period, was driven by meteorological observations available in the NLDAS-2 dataset
151  (Figure 3). The calibration and validation point was at a USGS stream gage locations (ID: 12150800
152  Snohomish River near Monroe, WA, U.S.A.) near the downstream end of the basin. The calibrated
153 and validated DHSVM model was rerun using the RCM historic, RCP4.5, and RCP8.5 meteorological
154  forcings under the time periods shown in Table 2.
155
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157 Figure 3. DHSVM calibration and validation at Monroe, WA.
158 Table 2. Water years used for flow frequency analysis.
Scenarios Years
USGS 1964-2015
Historic 1978-2003
RPC4.5 2022-2055, 2067-2100
RPC8.5 2022-2055, 2067-2100
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2.3. Frequency Analysis

The hydrologic simulations produce a continuous distribution of flows over the duration of the
study period. To be able to change relative to flood risk, methods are needed to develop statistical
distributions of annual extreme events consistent with engineering design criteria. To this end, the
Bulletin 17C method [31] was used to develop statistical extreme event distributions derived from
the streamflow simulations generated by DHSVM.

There are significant uncertainties in developing future realizations of flood risk with
contributions from multiple aspects of the multi-scale, multi-model process [6, 32-37]. For example,
while climate models generally do well at representing decadal variability, and to some extent,
monthly variability, and representation of annual extremes is challenging.[38-41]. The inability to
capture extremes in the meteorological variables translates to an inability to capture extremes in
runoff and subsequently an underestimation in statistical distributions of annual extreme events.
Because the climate inputs for the Historic and RCP simulations share the same biases and
uncertainties, we employ a post frequency analysis bias correction based on differences between the
historic simulated data and observed USGS extreme event statistical distributions:

PFrcp, = PFusgs, + (PFrcp, — PFhistoric), 1)
where PFrcp,, is the bias-corrected annual extreme flow of an RCP scenario for a given return period
event, p; PFusgsyis the annual extreme flow of the derived from USGS instantaneous annual peak
flow for a given return period event, p; PFrcp,, is the annual extreme flow of an RCP scenario for a
given return period event, p, and PFhistoric, is the peak flow of the historic simulated period for a
given return period event, p.

2.4. Hydrodynamic and Consequence Modeling

Statistical distributions representing the change in annual extreme events are not sufficient in
developing local-scale, actionable information. To be effective and capture the nonlinearity that exists
in flood risk analysis, the statistical distributions of annual extreme flow rates must be translated to
spatial estimates of flood extents. To capture the flood extent, a two-dimensional hydrodynamic
model based on the shallow water equations is used to characterize extreme event flood behavior.
[42]. This model utilizes best-available topographic data and does not require prior knowledge of
flow path, effectively able to capture floodplain dynamics.

To develop spatial probabilistic risk estimates and capture changes from historic to future
climate, samples are taken from across the distributions of extreme events. In this study, nearly 140
samples from each statistical distribution (observed and both RCP projections) were taken and each
sample was used to drive a hydrodynamic simulation and develop corresponding spatial estimates
of flooding. For each hydrodynamic simulation, inundation depths were used to estimate the flood
damage and annualized flood risk based on depth-damage fragility curves available from HAZUS-
MH [43]. The direct damage can be determined by intersecting the depth from the depth-damage
curves to retrieve the percent damage:

D= ZZ:l(fcg,h X SVg)/ (2)

where D is damage ($), g is the spatial aggregation unit (e.g., grid cell for distributed analysis,

parcel), n is the total number of the flooded spatial units, & is the flood depth, fcgn is the percent

damage (%) corresponding to the flood depth h from the fragility curve for the g/ spatial unit, and

SV, is the structural value for the g spatial unit ($). One U.S. foot (~0.3 m) freeboard was assumed in

computing damage since no better information exists to determine the base elevation of a structure
[44].

Finally, the annualized risk is calculated as the product of damage and the corresponding flood
probability [45]:

R=DxP, 3)
where R is the annualized flood risk, and P is the exceedance probability.

As mentioned previously, a definition of spatial aggregation unit and associated monetary value
is needed to assess the damage. In this study, the 2011 Snohomish County-assessed parcel dataset

d0i:10.20944/preprints201805.0044.v1
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210  wasused to provide the asset value (structural value) for consequence analysis. However, the parcel
211  footprint was not used as the spatial aggregation unit. Rather, an approach was utilized to enhance
212 the spatial resolution of structural representation and avoid estimation of damage in large parcels
213 where the structural footprint is small. To accomplish this, the imperviousness percentages (30 m)
214 from the 2011 U.S. National Land Cover Database was used to filter out the non-developed areas
215  within a parcel. The structural asset value of a given parcel was distributed as a function of
216  imperviousness across the grid cells within the parcel, such that the distributed structural value is
217  conserved when compared to the total parcel value.

218 3. Results and Discussion

219 3.1. Precipitation Analysis

220 Mean-monthly comparisons of precipitation were made to understand the potential cascading
221  Dbias in the development of local-scale, actionable information. Precipitation from each climate
222 scenario was aggregated to mean-monthly values and compared to the seven weather stations (Table
223 1). The simulated precipitation of the historic scenario appears to over-predict at stations lower than
224 100 m, while generally matched well with the observations at higher elevations (Figure 4). While not
225  fully understood, plausible explanations for this variability is that the areas of the lower elevation are
226  subject to local disturbances (e.g. urban impacts, rain-shadow effect), which were not well captured
227 by the RCM. The precipitation curves from both RCP scenarios are consistently higher when
228  compared to historic precipitation, indicating an increasing trend in the precipitation amount
229  projected for the study area. Notably, both RCP scenarios show increased winter precipitation and
230  decreased summer precipitation relative to the historic scenario, a potentially important shift when
231  considering the potential for changes in rain, snow, and rain-on-snow events and preparation for
232 suchevents.
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234 Figure 4. Mean monthly precipitation from seven climate data sets at seven Snohomish watershed locations.
235 3.2. Streamflow Simulation
236 The calibrated and validated DHSVM model was used to predict river flow for both climate

237  scenarios and were subsequently compared to the gauged stream flows representing the current
238  condition. To closely examine the potential impact of the temporal shift in precipitation on the timing
239  of annual peak discharge, five occurrences of maximum daily flow were selected for each year in the
240  future period and compared to the gauge observations. For both the RCP4.5 and the RCP8.5
241  scenarios, there is a clear decrease in the number of months in which peak flows are simulated to
242 occur (Figure 5). That is, there are fewer occurrences of peak flow during the spring and summer
243 months and an increase in the occurrence of peak flows during the winter months. This finding is
244 consistent with the previous observation in this study where projected precipitation extremes tended
245 to shift from spring and summer months to winter months. Comparing the two future scenarios,
246  RCP8.5 scenario tends to have a stronger shift to winter peaks, a potentially important distinction as
247  we compare potential flood risk relative to carbon scenarios.

248
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250 Figure 5. The timing of the five largest daily flows in each water year for different scenarios.

251  3.3. Streamflow Frequency Analysis

252 Using the frequency distributions developed using the Bulletin 17C method, direct comparison
253 of annual return period events can be made to quantify relative change in intensity and frequency of
254  extreme flood events. Since traditional frequency analyses such as the Bulletin 17C method implicitly
255  assumed a stationary distribution, each carbon scenario was divided into two time windows. The
256  purpose of this was so as to not dilute future change based on historic conditions. A comparison of
257  the two windows (2022-2055 and 2067-2100), therefore, could directly exhibit the nonstationarity of
258  climate changes (Figure 6). A significant difference between the two future scenarios was found for
259  the period 2022-2055. Compared to RCP4.5, RCP8.5 generally exhibits a smaller increase in peak flows
260  and is especially pronounced for the more extreme return period events, consistent with previous
261  findings [46]. Although the projected peak flows of our RCP8.5 scenario became even slightly lower
262  than the historic conditions for the largest return periods, this was also found by a previous study
263 using 10 GCMs since simulating rare events with the large return periods is always challenging [46]
264  (page 181). Because the occurrence of precipitation peaks and runoff peaks are projected to toward
265  winter months, this finding could be expected to be related to the timing of rain-on-snow events. The
266  potential implications of rain-on-snow events will be discussed in details later.

267 The later future period (2067-2100) for both scenarios all show an increase in peak river flow
268  when compared to the early future period (2022-2055) (Figure 6). This exposes a nonstationary
269  condition in the magnitude of peak discharges for a given flood probability, and conversely, a
270  nonstationary reduction in the return interval for given peak discharge. These nonstationary changes
271 could be expected to be more intense for the rarer but more severe floods and, therefore, be associated
272 with more significant consequences.

273 An example can be given to take a closer look at these nonstationary changes. The low end of
274  the return periods is more closely aligned since they were established on a fair amount of historic
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275  events (and therefore more certainty) than the high end of the return periods established based on
276  few, rare events (Figure 6). Among the selected six return periods shown in Figure 7, both climate
277  scenarios projected a larger magnitude of peak flows for a same historic return period. That is, the
278  new 10-year return period in RCP4.5 and RCP8.5 could have more than 9% increase in the peak flows
279  when compared historically. Conversely, the historic 10-year peak flow would be expected to
280  happen, on average, every 5-7 years under both climate scenarios. Even within the selected 200-year
281  time window, the nonstationarity was clearly exhibited with a reverse changing trend between the
282 two periods; i.e. the percent increases in the peak discharges for both RCP4.5 and RCP8.5 scenarios
283  were projected to keep shrinking during 2022-2055 along with the return period, while the percent
284  increase in peak discharges for both scenarios kept enlarging during 2067-2100.
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286 Figure 6. Frequency curves of annual peak flow at Monroe for USGS instantaneous observations (1964-2014),
287 RCP4.5 (a), and RCP8.5 (b) made by the Bulletin 17C method.
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289 Figure 7. Percent increase of estimated future peak flows for RCP4.5 (a) and RCP8.5 (b) over the historic USGS

290 instantaneous peak flows.

291  3.4. Peak flows and the role of rain-on-snow events

292 Given the general perception of increased impacts for more extreme climate scenarios, it may be
293  somewhat non-intuitive to expect the reduced potential for flooding under warmer climate
294  conditions. Peak flows in a river have a complex, nonlinear relationship with precipitation dynamics.
295 Peak flows can be driven by rain events, snowmelt freshets, or rain-on-snow events. To understand
296  the influence of climate scenario of peak flow, snow water equivalent (SWE) (Figure 8) and the
297  prevalence of rain-on-snow conditions (Figure 9) were examined more closely. For rain-on-snow
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298  events, changes were quantified by calculating the amount of dime that rain-on-snow events
299  occurred at 5 locations and normalizing each location to the historic period.
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301 Figure 8. Changes in the basin-wide monthly snow water equivalent.
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303 Figure 9. The percent of occurrence of rain-on-snow events occurred at 5 randomly selected elevations.
304 Relative to the historic scenario, all RCP pathways had a decreased snow water equivalent

305 (SWE), which means a larger fraction of the precipitation fell as rain. Considering that the
306  precipitation peaks were projected to shift more towards winter months, more rain and rain-on-snow
307  events were projected to happen considering an increase in temperature. This would tend to reduce
308  snowmelt-driven peak flows in the springtime but trigger more intensive rain and rain-on-snow
309  driven peak flow events. However, both time periods of the RCP8.5 scenario exhibited less SWE than
310  RCP4.5 (Figure 8), indicating a more intensive reduction in the snowpack and reducing the potential
311  for rain-on-snow occasions in the RCP8.5. Particularly, the second period (2067-2100) of RCP8.5 had
312 the least amount of snowpack (Figure 8) and the least occurrence of rain-on-snow events (Figure 9)
313 duetoincrease in temperature in which case the snowpack may melt before being compounded with
314  the upcoming winter storms. This could explain why the second period of RCP8.5 had larger peak
315 flows (Figure 6), which would be only in response to rainfall as found by Madsen et al [47].

316 Surprisingly, the first period (2022-2055) of RCP8.5 had the moderate amount of remaining SWE
317  (Figure 8) and frequent rain-on-snow events (Figure 9) but the reduced peak-flow magnitudes (Figure
318  6), which was also found by multiple previous studies as summarized by Madsen et al [47]. The
319  reason for these similar declined flood magnitudes is still not clear, but they should be related to the
320  timing and the conversion between rain and snow.

321  3.5. Quantification of Consequences

322 The end products of the integrated multi-scale, multi-model framework quantify the flood risk
323 atalocal scale. In this case, only the later time period is considered when evaluating future flood risk.
324 The frequency distribution for the two climate scenarios for the later time period is shown in Figure
325  10. RCP8.5 had a frequency distribution with peak discharges that were less than the discharges in
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326 RCP4.5. Therefore, RCP4.5 represents the more severe flow condition in this study case, while RCP8.5
327  would fall within the envelope bounded by USGS and RCP4.5.

328 To capture the most extreme chance for change under future climate scenarios, only the USGS
329  (used as a baseline) and RCP4.5 frequency distributions were used. Due to the projected climate
330  change (from USGS to RCP4.5), the studied watershed would experience 24%, 33%, 29% increases in
331  both damage and annualized risk (with the same rates) for the 10-year, 100-year, and 1000-year floods
332 (Figure 11). The maximum annualized flood risk was raised by 15% from the USGS condition to
333 RCP4.5 condition, while both of the maximums occurred at the 1.2-year flood, indicating that the
334  mitigation measures should most target the repetitive low-risk floods for this region. The damage
335  caused by the historic 10-year flood would be expected to be equivalent to damage of the new 5-year
336  flood in the projected future climate, while the damage caused by the historic 100-year flood would
337  be projected to the only amount to the damage of the new 29-year flood. This indicates the necessity
338  toincorporate the climate change into the strategic planning to manage the future flood management.
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340 Figure 10. Frequency curves of annual peak flow with combined two periods for USGS instantaneous
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343 Figure 11. The damage (a) and annualized risk (b) of USGS and RCP4.5 flow conditions.
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344 4. Conclusions

345 The primary outcome of this project is the demonstration of the ability to utilize regional-scale
346  climate data to develop local-scale runoff distributions that can be used for community and
347  infrastructure planning. While the focus of this project was extreme precipitation and runoff relative
348  to flooding, the same approach can be utilized to investigate water management strategies relative to
349  temporal shifts in annual runoff volume under water-stressed conditions.

350 Major findings of this study can be summarized as follows.

351 (1) The peak flows simulated by the proposed model chain have been calibrated and validated
352 by compared to the observation;

353 (2) The peaks of precipitation and streamflows were projected to shift from spring and summer
354 to the earlier winter season;

355 (3) The nonstationarity of peak discharges was exhibited from both RCP4.5 and RCP8.5
356 scenarios with more frequent and severe flood risks projected in the longer future.

357 (4) The RCP 4.5 pathway projected overall higher peak flows than the RCP 8.5 pathway for the
358 study region, where more rain-on-snow events projected by RCP4.5 might be the reason.
359
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