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Purpose

This Technical Repodescribeghe climateweather generatd€lixWGen)and the background

climate analysis that was performed to inform the development of the weather gempamtof

the LongTerm Vulnerability Assessment and Adaptation Planningef@an Francisco Public
Utilities Commissiowater Enterprisd he weather generator described in this document is used to
produce time series of temperature and precipitation at locations of weather stations used for
hydrologic (Bay Area and Sierra Mayand demand (retail and wholesale service area) modeling.
These output time series will help explore the effects of variations sioblsert@d historical
conditions, as well as climate variability beyond the historical record due to changes in futur
temperature and precipitatidrhe weather generator is a component of the climate stress test, which
creates time serieStemperature and precipitatittrat systematically sample the plaudiibhate
conditions that may occur in the futurés sgcifically designed to create equally probable time series
that represent realizations of natural varial@itgput from this module will be used to evaluate
effecsof warmer temperatures and associated chasges/melbn reservoir operations andess

impact of changes in frequency and magnitude of extreme weather events. Thenaidekile
evaluation of thRegional Water Systperformance over a range of possible drought aabiitsr
sequenced he tool will develop drought sequences sticdihsbased on observed variability and

useour recentlylevelopednethodfor ranking their severity and recurrence interval



1. Introduction

Climate change is having a profound impact on California water resoevigsnesd by changes

in temperature, precipitation, snowpack, and river fasna et al. 2007)hese changes are
expected to continue in the futungth more precipitatioexpected tdall as rain instead of snow.

This potential change in weather patterns will exacerbate both drought and $lcoe resdd
additional challenges for water supply reliaflitke et al. 2013)hese accelerated changes in
climate undecorethe need for climate chamigk assessment aadaptationVulnerabilitybased
approaches to climate changle assessmearte increasingtiesiredin a bottorup or vulnerability

based approach, performance of systaysismatically evaluated over a range of plausible future
climates to identify climatic conditions that can cause a systerfBtovailet al. 2012Jhisis in

contrast to scenarltased approaches where system perfornsanogy testedor a given set of
climate model projections that ma y, amdovheren e c e S ¢
results are contingent dretprojections and downscaling approach that happenusedin the

bottomup approach, once toblimatessiatgsvebeaed slentfiedchemthe a b i | i
level of concern associated lithse climate states can be assessed using plioettionge.g,
generatirculation models @CMes), historical observationspalaeoclimatologicamulationsT his

separation of tharticulation obystem response to climasing climate stress testiragn the use

of GCM projections of futurelimate conditiorallows a comprehensive understanding efftbets

of climate changes on twater resource systéivhen projections of future climate conditions are
updated based on the best scientific understanedimglownscaling methadc, the expected risk

can beupdated usinghe new climatenformation without having torepeatthe entiremodel

simulations andssessment.

Stochastic eather generatofSWGs)are mathematicaalgorithms that produdeng series of
synthetioveather datat desired spatial and temporal resoluTioa.parameters of the model are
conditioned on existing meteorological records to ensure that the characteristics of historical weather
emerge in the daily stochastic pmcddsather generators provide various functions in water
resources management studies suckx@mnding meteorological records (Richardson 1985);
supplementing weather data in a region of data scarcity (Hutchinson 1995); disaggregating seasona
hydroclimat forecasts (Wilks 2002); and downscaling coarseeriong/imate projections tmdi

resolution, dailgata need in climate impact studi@slly et al. 2007SWGs canalso beused to

1



perform exhaustive assess meatetcenditorfs acaosssmuleplee mo s
temporal scalegicluding changes in mean climate and varigbiétgschneider and Brown 2013)

SWGs can beusedo produce a new realization of a time series of weather variables that exhibit the
same statistics as the original historical record, thus producing an ensemble of time series that samples
the historical Byrincremerdallyumaridtiidg onea moreafdararhetets yn.a

weather generat@ne can simulateany clnate scenaridisat exhaustively explore potential futures

that exhibit slight differences in nuanced climate characteristics, such as the intensity and frequency
of daily precipation, the serial correlation of extreme heat days, or the recurrencetesfmong
droughts

CliwxGenis developedo support bottm-up vulnerability assessment of $la@ Francisco Public

Utilities CommissioiBFPUQ Regional Water System (RWSljfferent aspects of climate variability

and changeThe weather generation process GBiWgxGenconsists o number osubsequent

phases. In the first phase, a large ensemble ofadeaations of historicelimate record to sample

the natural (stochastic) climate variabilitthe regionThis first stepis done using a wavelet
autoregressive mod®/ARM)to reproduce a time series of climatgableexhibiting asimilar

spectral structure (lefinequencyariability) to the observed ddtethe second phaségtsimulated

ensemble of climate realizations are perturbed to alter the historical climate characteristics and to
represent possible leteym changes in future climbtgh uniformly and differealiy across space

and timeThisapproaclallows for an assessment beybattaditionamethod®f climate sensitivity

analysis through exhaustive exploration and systematic sampling of climate uncertainties to identify

future conditions that may leadstdnerable outcomesgardingystem performance.

There are some important considerations associated with development of weather. generators
Weather generators should be able to replicate and perturb climate variability important for a given
systemreasonablyFor instance, for this vulnerability assessmerftelguency variabilifipettinger

and Cayar2014that hadeen identifiedth the literature as a characteristic of regional climate needs

to be replicated. Furthermore, given the geographic and topographic differences in the sources of
water for the SFPUC, the weather generator needs to produce synthetic time series where the

covariance structure between weather variables and acrizssaitgained



2. Historical Climate of the Regional Water System

System Description

A preliminarystep for the weather generadevelopmenis gainng a good understanding of the
climatologyof the study arearhis typically includeanalyses gdast trendén the relevant climate
variables such as precipitation and temperapagal and temporal correlations across different
climate variables anteterologicalstations, and lodvequencyariabilityor persistence in annual
precipitationwhich may result from atmospheric teleconnections such BBNiftbern Oscillation
(ENSO).

The SFPUC RWS consists of three distinct regions, which differ based on their climatological

characteristic§igurel). These are:

1 Upcountrggiqrronsisting dfletch Hetchyklearor, and Cherry Valley watershétitch Hetchy
reservoiis locatedn this regioprovideas bout 85% of the SFPUC&s to

1 Peninsutagiqgrconsisting ofwo reservoirs, Crystal Springs and San Andreas that collect runoff
from the San Mateo Creek watershed.

1 East Basegiqronsisting ofwo reservoirs, 8aAntonio and Calaveras, which collect water from
the San Antonio Creek, Upper Alameda Creek, and Arroyo Hondo wateriedaimeda
County San Antonio Reservoir also receives water from the Upcountry region.

Together, these watersheds and resepmavsde high-quality municipal drinking water the
SFPUC regionThe East Bayand Peninsula watersheds, collectively referred to as the Bay Area

watersheds, exhibit a similar climatology that is significantly different from the Upcountry watersheds.
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2.1.M eteorological Stations

The neteorologicalata considerddr this studyncludeslaily timeseries of precipitation fratmrty
gages and daily tirseries ominimum and maximunemperature from twentwo gagesThese
climate data confeom a number of different agencasl institutiongncludng SFPUC California
Department of Water Resourc88DWR), the National Weather Serviddg/S), Alameda County
Water District (ALWD)East Bay Regional Park Dist(EBRD), andTuolumne Utilities District
(TUD), and Racific Gas and Electric (PG&E)

Error! Reference source not foundandthreedisplaythe geographic locations ofgbgrecipitation

and temperature gage across the Penigsstdbay and Upcountry regions.
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Figure 2. Precipitation gage locationsin the SFPUC RWSacross the Peninsula, Upcountry and
Eastbay regions
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Geneal information regardinbesegagestationsincludinghe geographic region and coordinates,
altitude and the starting and ending year of the data collection peripdssantedn Tablel
(Precipitationland Table 2 (Tempeature)respectivelyDescriptive statistics associated whith

meterologicaldata from the samgages including annual means, minimums, maximum and
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Table L Summaryinformation for the precipitation gagesin the SFPUC system

Station Label Agency Region Latitude (°) Longitude (°) Altitude (ft.) Startyear Endyear Period (yrs)

1 Hetch Hetchy HTH SFPUC  Upcountry 37.948 -119.787 3858 1930 2017 87
2  Early Intake IN SFPUC  Upcountry 37.876 -119.957 2355 1930 2017 87
3 Moccasin MCN SFPUC  Upcountry 37.811 -120.299 938 1930 2017 87
4  Cherry Valley CVM SFPUC  Upcountry 37.976 -119.917 4765 1952 2017 65
5 Yosemite YOS NWS Upcountry 37.740 -119.583 3985 1956 2017 61
6 Sonora SON TUD Upcountry 37.962 -120.325 1750 1956 2017 61
7  Buck Meadows BKM SFPUC  Upcountry 37.823 -120.098 3200 1999 2017 18
8  Tuolumne Meadows TUM CADWR Upcountry 37.873 -119.350 8600 1985 2017 32
9 Pilarcitos PLD SFPUC Peninsula 37.548 -122.422 700 1909 2017 108
10 San Andreas Res SA SFPUC  Peninsula 37.579 -122.409 452 1908 2017 109
11 Lower Crystal Springs LCS SFPUC  Peninsula 37.533 -122.363 424 1915 2017 102
12 Upper Crystal Springs ucs SFPUC  Peninsula 37.512 -122.354 373 1908 2017 109
13 Sawyer Camp SC SFPUC  Peninsula 37.568 -122.388 344 1979 2017 38
14 North San Andreas NSN SFPUC Peninsula 37.612 -122.443 617 1979 2017 38
15 Davis Tunnel DT SFPUC Peninsula 37.578 -122.430 758 1979 2017 38
16 Half Moon Bay HMB NWS Peninsula 37.473 -122.443 27 1939 2017 78
17 San Antonio R SANT SFPUC EastBay 37.577 -121.846 498 1968 2017 49
18 Calaveras CAL SFPUC EastBay 37.488 -121.821 822 1915 2017 102
19 Alameda East Portal AE SFPUC EastBay 37.559 -121.859 334 1987 2017 30
20 Sunol SUNO SFPUC EastBay 37.591 -121.884 242 1907 2017 110
21 Poverty POV SFPUC EastBay 37.443 -121.771 2066 1998 2017 19
22 Rose Peak RSP EBRP EastBay 37.502 -121.736 3060 1995 2017 22
23 Livermore Airport LVK NWS East Bay 37.683 -121.790 437 - 2017 -
24 San Jose SJ NWS EastBay 37.359 -121.924 51 1998 2017 19
25 Mt Hamilton HML NWS EastBay 37.344 -121.643 4206 1948 2017 69
26 San Francisco Int. Airport SFO NWS Peninsula 37.620 -122.365 8 1945 2017 72
27 Fremont FRE ACWD East Bay - - - 1871 2017 146
28 Moffett Federal Airfield MOF NWS South Bay 37.415 -122.050 32 1945 2017 72
29 Newark NEW NWS East Bay 37.515 -122.033 10 1942 2017 75
30 Pleasanton PLE SFPUC EastBay 37.677 -121.901 - 1914 2001 87



Table 2. Summary information for the temperature gageis the SFPUC system

Station Label Agency @ Region Latitude (°) = Longitude (°) Altitude (ft.) Startyear End year Period (yrs)
1  Hetch Hetchy HTH SFPUC  Upcountry 37948 -119.787 3858 1930 2017 87
2 | Early Intake IN SFPUC  Upcountry 37g7g -119.957 2355 1930 2017 87
3 Moccasin MCN SFPUC  Upcountry 37811 -120.299 938 1930 2017 87
4 | Cherry Valley CVM SFPUC  Upcountry 37976 -119.917 4765 1952 2017 65
5 | Buck Meadows BKM SFPUC  Upcountry 37.go3 -120.098 3200 2005 2017 12
6 | Tuolumne Meadows TUM CADWR  Upcountry 37 g73 -119.350 8600 1985 2017 32
7 | Paradise Meadow PDS CADWR  Upcountry 3g 047 -119.670 7650.00 1987 2017 30
8  Slide Canyon SLI CADWR  Upcountry 3g g2 -119.430 9200.00 2005 2017 12
9 Horse Meadows HRS CADWR  Upcountry 3g 158 -119.662 8400.00 2005 2017 12
10 Pinecrest PCR PG&E Upcountry 33 200 -119.983 5600.00 1996 2017 21
11 Poverty POV SFPUC  EastBay 37443 121.771 2066 1998 2017 19
12  Rose Peak RSP EBRP EastBay 37502 -121.736 3060 1997 2017 20
13 Livermore Airport LVK NWS EastBay 37683 -121.790 437 1903 2017 114
14 San Jose SJ NWS EastBay 37359 -121.924 51 1998 2017 19
15 Spring Valley SVA SFPUC  Peninsula 37563 -122.437 1075 1998 2017 19
16  Pulgas PUL SFPUC  Peninsula 37 475 -122.298 644 1997 2017 20
17 Half Moon Bay HMB NWS Peninsula 37 473 -122.443 27 1939 2017 78
18 San Francisco Int. Airpor SFO NWS Peninsula 37 520 -122.365 8 1945 2017 72
19 Mt Hamilton HML NWS EastBay 37344 -121.643 4206 1948 2017 69
20 Moffett Federal Airfield MOF NWS South Bay 37415 -122.050 32 1945 2017 72
21  Burlingame BRL NWS Peninsula 37 5g3 -122.350 10.00 1946 1978 32
22  Newark NEW NWS EastBay 37515 -122.033 10 1942 2017 75



As Tablel andTable2 show,availableneterologicaldata from théemperature and precipitatio
gagesary substantially based on their length of retamigtime-series of dailypeteorologicalata
(e.g., 50 years or longewrhich is useful to assess the regional climatology is availahlg for
seventeeprecipitation gages anithe temperate gage@-igured).

Precipitation gages
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Newarl
Mt Hamilton
) San Jose -
Livermore Airport -
Rose Peak
Poverty -
Sunol -
Alameda East Portal -
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Figure 4. Length of records for theconsideredprecipitation and temperaturegagesin study region.
The dations in the Upcountry, Peninsula and East Bay regionare shownin blue, orange, and pink
colorsrespectively Vertical linesmark the analysis period fronil9%-2011
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There are also substantial altitudinal differences between thiatgageacrostd three regions
The gage elevations range from about 10920@feetin the Upcountryregion 0 to4200feetin
East Bayegion and 0 tdl075feetin the Peninsulegegionrespectively=jgureb).

Precipitation gages
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L ]
3000 Rose Peak Buck Meadows
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T Sonora
E Pllarcitos ) Davis Tunnel Calaveras Livermore Airport
~ w.er Crystal Springs 4 North San Andreas . ® Alameda East P?ltal Moccasin
S o | San Andreas\@e?‘sawe" Camp  San Antonio R « R . .
."C_E Upper Crystalidi§dibgs8&aFrancisco Int. Airport San Jose Newark
0]
i Temperature gages
c Slidg Canyon
o
=1 9000 Tuolumne Mea.dows
% Horse Meadows *
Parasllse Meadow
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Pinecrest®
[ ]
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L]
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. Livermor.e Airport
0l Half Moon Bay_ PUlgas ___ Buriingame ..
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Figure 5. Station elevationsfor the precipitation and temperaturemetereologicalgage in the study
region. The stations in the Upcountry, Peninsula and East Beare shownin blue, orange, and pink
colorsrespectively.
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2.2.Spatial Correlations of Climate V ariables

The correlational structuvédaily precipitation and temperaisexplored taunderstand the spatial
heterogeneity across the three regibims. corredtion analysis carried out using the Pearson
correlation gefficienfwhich measures the linédependenceetween two timseries of climate
variables from di f rwluesfi mmeahfimithatimeserresove iApefeetar s o n
unison(total positive linear correlatipnhereasa correlation ofl means thiéme-seriesnove in the

complete opposite directigotal negative linear correlatioA).correlation of 0 means no
relationshipDue to therelativelyshort length of the common @rsation periods oflimate
variablesthe spatial correlatiorenalysiss carriedover twentysix out of thirty precipitatiorgages

and fifteen out of twentyvo temperaturgages

Figure6 shows the correlatianatrixof daily precipitatiofrom the twentysix gage stationsith
sufficiently long records.lAue color indicates high degree of correlatifhe a r s~o0btb 4), r
whereasind a red color indicates a lower degree of correRt@ (r s~00rtad0sb)odween the
weather variables from different station® glages from theamegeographicakgionare highly
correlatedP e a r s ®» G )s Daily precipitation in tfeninsula anBast Bayregionsis also
observed toorrelate welA(e a r s~®.6d08).Stations in thElpcountryregion are not correlated
wellwith the stations in thBeninsula oEast Bayegionsalthough the correlations are still positive
Pear s~0rR03) r

SimilarlyFigue 7 displayshe spatiakorrelatios betweemlailytemperatures from the fifteen gage
stationsln contrast to thepatiatorrelatios shown fomprecipitationKigure6), dailytemperatures
highly correlatedithin the study arerosall threeegiongP e a r 5>0018)0 The only exception
is the Half Mon Bay (HMB), which is found to be less correlated witha@thérstations (r > 0.65).
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2.3.Trends in Observed Temperature and Precipitation

Across California, temperatures have shown a warming trengasttbentury, with the state as a
whole experiencing an increase of 1.2Ron2mean temperature over the past cefitaryfrom

early 1900s to 201G€A DWR 2015)Seasonal trends indicate a greater temperature increase in
summer months than in winter months. Studies of precipitation trend in the state have yielded
inconclusive results. While northern California shows increasétsrmean annual precipitation and
number of rainfall days, these increases are not statistically significant. Givendbesmeargid
trendsinthe20cent ury i n Cilamfetal 2014medcenductiméserizsanalyses

on the trends foannual and seasonal temperatumeprecipitationaveragescross the SFPUC
watershed® determine the nature of the trends (i.e. deterministic or stochastic), and understand the
spatial and temporal variation in these trends.

In this study, wevaluatéheannual and seasotrahds irminimumtemperaturérl i) andmaximum
temperaturéTma) from the yeal9% to 201L. For the trend analysisewnlyconsidethe stations
withlongenougltdatai.e.pver thes6year analysis period. Thets¢ionsare Half Moon Bay (HMB)

and San Francisco Airport (SFO) for the Peninsula regiétanviton HML), Livermore (LVK)

and Newark (NEW) for the East Bay region; and Moccasin (MCN), Early Intake (IN), and Hetch
Hetchy (HTH) for the Upcountry region respectivayannual trend analysis,averagéailyT min

and T.axvaluegrom each statioover each water yg@rctober to Septembelrn.the case feasonal

trend analysisve averagghe same dailymin and T.a vaduesover a dry season (from April to
September) and a wet season (from October to March).

Annualtrends inTmin overthe Upcauntry, Peninsuland East Bay regioms shownn Figure8. A

positive trends observedh all three regionwijth the EastBay trend being the strongest.

Annual trends in Jkx over the same three regi@rs shownn Figure9. Unlike T.n, the trend
directions is not the same over theghegiond.e.apositive trend is observed for Upcountry and
Peninsula regions, whereas no major isathetectetbr East Bay.
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and East Bay regionsResultsare shownfor the analysisperiod from the year19% to 201L The blue

lines indicate the linear trend fitted to the underlying data. The shaded regions show the 95%
confidence interval for theassociatedrrend line.
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Figure 9. Annual averagesf daily maximum temperatures (Thax) across the Upcountry, Peninsula,
and East Bay regionsResultsare shownfor the analysis period from the yaal956 to 201The blue

lines indicate the linear trend fitted to the underlying data. The shaded regions show the 95%
confidence interval for the associated trend line.
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Historicaltrends in i and Thaxfrom the same gagasealsoevaluatedbr the dry and wet seasons
separatelyor further analysid.min exhibitsa positive trend in all three regicarsd bothseasons
(Figurel0). The strongest trendse olservedn theEast BayegionIn contrast, a positive.ktrend

is observed for the Upcountry and Peninsula regions, whereas the direction of the trend for the East
Bay region is uncle&igurell).

50

40

30

Min. temperature (°F)

50 .

40

30 °
1960 1980 2000 2020 1960 1980 2000 2020 1960 1980 2000 202(

Figure 10 Dry season (April to September) and wet seas@@ctober to March) averages of daily
minimum temperatures (T min) acrossthe Upcountry, Peninsula, and East Bay regiongResults are
shownfor the analysis period from the year 1956 to 20Rlue lines show linear trend fitted over the
data. Shaded regions show 95% confidence interval for fiteed trend line.
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Figure 11 Dry season (April to September) and wet season (October to March) averages of daily
maximum temperatures (Tnax) across the Upcountry, Peninsula, and East Bay regionResultsare
shown for the analysis period from the year 1956 tO21 Blue lines show linear trend fitted over the
data. Shaded regions show 95% confidence interval for the fitted trend line.

Finally, the mnual and seasonal trendslaily Tmin and Thaxacross the three regicanr®e testedor
statistical significandeor this purpose, we apply a nonparametric Mann Kendall trefRetasts
from the Mann Kendall test show that all annual and seasonal trends previously identifeae for T
statistically significant, i.e., results in a p.value of less than 0IQ& &bitrends identified for
Upcountry and Peninsula regions are statistically signlfatzes)
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Table 3. Mann Kendall trend analysis result®n annual and seasonaverages of dailyl min and Tmax
for the Upcountry, Peninsula, and East Bay region&esultsarebasedon the analysis period from the
year 1956 to 201Columns 4 and 5 show the computed value a n K e nal atdtisti@ and the
associated pp-valueof 0.05 or higher means that the null hypothesis (i.e., no trend) canri® rejected

Variable Region Season tau p-value
Dry 0.368 < 0.0001
Upcountry Wet 0.349 < 0.0001
Annual 0.375 < 0.0001
Dry 0.419 < 0.0001
Thmin Peninsula Wet 0.268 0.0013
Annual 0.38 < 0.0001
Dry 0.618 < 0.0001
East Bay Wet 0.542 < 0.0001
Annual 0.565 <0.0001
Dry 0.245 0.0035
Upcountry Wet 0.227 0.0064
Annual 0.199 0.0165
Dry 0.256 0.0023
Tmax Peninsula Wet 0.249 0.0027
Annual 0.29 0.0005
Dry 0.038 0.6494
East Bay Wet 0.123 0.1397
Annual 0.062 0.4554

Overall, thel min and Tnaxtrendsshownin Figure8 throughFigurelland inTable3 are important to
understand the possible range of changes in the spatial and temporal availability of water resources.
The positive trends detected for the Upcountry region is especiallgntrijgmause it can affect the

phase of precipitation and thus not only the volume but also the timing of flows into the Upcountry
reservoirse.g.change in precipitation from snow to rdtaylier analyses have shown that the

last several decadesing temperatures itme Sierra Nevada and northern California trigger
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decreasing snowpack and earlier sno\Baettett et al. 2008)r the SFPUC, these changes change
water availabilityased on the structure of their water rights.

These results generally agree with the previous studies done by SFPUC, which concluded that the
average daily temperatures have increased ovewy#a period from 1930 to 2008, but increases

were not consistent. According to SFPUC, there are no apear@sin average daily temperatures

from about 1930 to 1960. From about 1960 to the present average daily temperatureesttyetch

(HTH) and Cherry Valley (CHV) increase, but the increase is due to an increase in daily minimum
temperatures. Daily maum temperatures show no significant tratsm, temperature records at
Moccasin at 938 fElevationdo not show preferential increases in daily minimum temperatures
relative to daily average or daily maximum tempera@hess.findingsy the SFPUCSs0 similar to

the results from other climatic studies in the region. Daily minimum temperatures in the Sierras have
generally increased since 1900, with most of the increase occurring before 1930 and since 1960
(Behnke, R. 2011). Daily minimum wintemptmatures in the Sierras increased oVi& R57F)

between 1950 and 1999, while winter average daily maximum temperatures increa%d over 0.8
(1.4F) (Bonfils et al. 2008).

Similar trend analyseere also conductéar dailyprecipitatiorrecordsacres the differerdtations
(seeAppendix Il, showrfor each calendar montiNone of the gages showed statistically significant

trends in precipitation, a finding consistent with that in the existing lifg¢dtameet al. 2014)
2.4.Low -Frequency Variability in Annual Precipitation

The impact of largecale climate patterns on precipitation in California is well docufbettiader

et al. 1998EFNino Southern Oscillation (ENSO) has been shown to influence precipitation in the
State, especially in Southern California. Evidence for the effect of ENSO on precipitation in the Delta
region is inconclusive. Understanding these effects is impedamse they are typically the source

of structuredow frequencyariability found in an observed weather time serieslo®iricequency

variability is a key factor in the occurrence of drought, preserving these effects is required to create a

weathegenerator that reproduces the local climate conditions.

We investigate the hist@ali@nnuaprecipitation record for presencdavi frequencyariability In
the common practicdhdre are twmajormethods for identifying persistence characteristiose

series: those which measure autocorrelation and those which perform arkeavedetnalysis.
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Autocorrelatiorbased methods hakeownlimitations in reproducirtpe spectral signature of the
time seried.e.,observed frequencies at spewwelengthdVaveletbasednethods on the other
hand,areknown to be better arresering periodic or quasiperiodic behaviors seen in climate time
seriegKwon et al. 2007)n this work, we apply the latter method of wavelet analysis tatessess

historical lowfrequency variability of annual precipitation.

In simple terms, avelet analys@r transforms a common tool fasrthogonal decomposition af
time-serieacross thémefrequencylomain By applying a wavelet analysis, one can determine both
the dominant modes of variability (ivaquency signalshd how those modes change over #me.
continuous wavelet transform of a tseeess appliedy estimating th@avelet power spectrum in

the Fourier space using a discrete Fourier trangforna detailed descriptiosgeTorrence and
Compo(1988).

Using wavelet analysis, one can explore the dominant periods of the time series and also determine
how these dominant periods vary over time. For doing thiaselet analygiovides two outputs:
ascalantegated(or loca) anda global (timéntegratedyvavelepowerspectrumThe formeioutput

(local spectrum) showlse variance otomputed powecoefficients over timevhereas the latter

output @lobalspectrum)showthe timeintegrated variance pbwercoefficients at every scale

Global wavelet spectaseobtained by averaging the wavelet power over all local sp&eiatm

along the time axis.

Figurel2 showstheresults from thevavelet analysig annual precipitation fohe Hetch Hetchy

stationin the Upcountry regiofhe localvavelet spectruie showronthe left(Figurel2-a)and the

global vavelet spectruns shownon the right(Figure12b). The local wavet spectrum shows
significant power spectra at Fourier periods of about 5 and 15 years respectively (marked by the black
contour3, with respect ta 90% confidence level comparedréal noisé. The temporal structure

of theentiretime series assessed using by global wavelet spectrum that shows statistically significant
low-frequencyignals at Fourier periods of 11, 12 and 13, corresponding to frequency values of 12.1,
13.6 and 14.9 years respectivelgimilar lowfrequency varialiy pdternis alsoshownfor the
Pilarcitogyage station in the Peninsula refigureld). In contrast to the results from Hetch Hetchy
station,annual precipitationdm the Pilarcitos station showselativelystrongermultidecadal

variability signal at about 15 years
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The quasiperiodic 15/ear cyclén the precipitation signfdr the Hetch Hetchy Kigure1l? and

Pilarcitos Kigure 13 stationshas beendentified previously in the literature but surprisingly has

received little further attention. This signal is also visible in theepalels for the past 200 years,

butnot before thaiMeko et al. 2014)he climatic patterns responsible for this signal are not currently

well understoodn addition to thestrong signal at ¥ear frequencyesultsalss how a o6 bumpd

aboutfive yearqFigurel3. While not significant at the 90% confidence level, this secondssignal

likely to be associated with the ENSO phenomena.
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Figure 12 Wavelet analysis results for the Hetch Hetchy gage station (193016) a) Local wavelet
power spectrum plot for annual precipitation, b) Global wavelet spectrumplot for the same
precipitation data. The local wavelet spectrunga) displays the strength of each signal (showm y-
axis) locally around the given time (showin x-axis). The strength of the signal increases the color
direction of from red to yellow.The black contours show the scales at which power spectra appear
greater than @% confidence for awhite-noise process. The croshatched regions on either end
indicate the o0cone of influence, 6 where ed)yge
summarizes the local informationby removing the time-dimension. The dashed red lineshowsthe
significance levelfor the global wavelet spectrum
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Figure 13 Wavelet analysis results for the Pilarcitos gage statioh®0-2016) a) Local wavelet power

spectrum plot for annual precipitation, b) Global wavelet spectrum plot for the same precipitation

data. The local wavelet spectrum (a) displays the strength of each signal (shoiwwry-axis) locally

around the given time (showrin x-axis). The strength of the signal increases in the color direction of

from red to yellow. The black contours show the scales at which power spectra appear greater than

90% confidence for a whitenoise process. The croshatched regions on eitherendindi at e t he 0con
of influence, 6 where edge effects become i mportan:
information by removing the timedimension. The dashed red lineshowsthe significancelevelfor the

global wavelet spectrum
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3. Stochastic Weather Generator for the SFPUC system

This section provides a technical overview of the CliWwxkeestochastic weather generator
developed for the SFPUC RWfgurel4illustrates the founajorphasesf the stochastic weather

generator.

In Phase [1] the goal is tproducestochastic simulationstoktorical annual precipitation over the
study regionlf the climatology is homogenous within the study areapmesaécific annual
precipitation data can be aawaraged to obtain a single, representativedinns. However, if there

are significant differences in climatology within the rigggon this studysimpleaveraging is not
appropriate. Instead, dnezipal component analysis (PCA) can be applied to preserve the variability
between different location.he stochastic tirreeries generatiors appliedby a wavelet
autoregressive model (WARM) on the represented annual precipitatigdwseriesal. 2007 he

WARM procedure first decomposies annual seri@sto sighificantlow-frequency signals and the
residual error term (noise). Each-fegquency component and the residual error is then simulated
stochastically usirmpstfit linearautoregressiyidR) models Finally, the simulated low frequency

and noisecomponer(s) ae aggregated to obtain the simulated representative series of annual
precipitation.

In Phase [2] simUated annual series from Phase fli$#gygregated in time and space to obtain daily
climate variablggrecipitation, temperature, humidétc) at all locationsThis is donein three

subsequent steps. Fitbe simulated annual series is inverted to its original scale and disaggregated
spatially into annual precipitation series for all gage qfatiass [2.1]). Next, the inversedes is
disaggregated into monthgluesusing the method of fragments norparametric resampling

approach widely applied in climate simulation and disaggi&ilaacmd Portela 20{2)ase [2]).

Finally, aidnearesheighbors (KNNJyesampling algorithm is usefuidher disaggregate the monthly
precipitation series into daily vafoesllweathewariablei.e., precipitation, and minimum, average,

and maximum temperature), while preserving the spatial and seasonal climate characteristics (In phase
[2.3]). At the end of Phase 2, a complete set of climate realizations are obtained, pihich sam

historical climate variability.

In Phase [3] the generated dataset of daily, naatiable, muksite climate realizatioase reduced
to a smaér set of realizations. This step is not mandatory in the stochastic weather geoegeason

but isdesired toeducehe computational challenges. due to the need to store and simulate large
19



number of climate realizationdwdrosystermodels. In this phase, weefally select a smadt of
realizations thaianspan thenitial variabilityrarge.Thisis done by first selecting criteria for ranking

of the climate realizations (e.g., drought severity, extreme precipitation), and then subset from the
initial set of realization using an appropriate statistical method setjuexrs peak algorithm
(Whateley et al., 2016).

In Phase [4] daily, multsite, multivariableclimaterealizationgre perturbed to simulate a wide
range of future climate changdssis the final phase of the stochastic weather generator, where we
perturb the underlyingasistics of climate realizations to obtain a range of scenarios that represent
both historical (natural) climate variability and a possible range of climate Thiangeitone
through different statistical procedures for the temperature and p@tipaatbles as explained

next. For temperature variables (i.e., minimum, average, and maximum daily terapditarere),
changdactorsare used to impose a lineareasever historical conditionstarting azeroand

ending at the level of specified temperature increase (e.gar4f€xipitationnultiplicative change
factors are used to ugedinearly perturb the historical mean values, startind. famah ending at

the level of specified change (e.g.)10%
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Figure 14 The flow chart of the stochastic weather generatoleveloped for the SFPUC RWS
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3.1.Historical Climate Data Used in the Weather Generator

When developing the weather generator, it is desirable ®@ \waatheecordthat islongenough

e.g.50 years or moréy provide a bettarepresentatioaf the climatologicéeatures such &®nds
andlow-frequency variabilitlso, the resampling techniques used isttehastieveather generator

(e.g., knearest neighborgjovidesmore diverse outcomes when the underlying input climate series

is long enough. In most studieag, continuous records of weather series may not be available, which
poses a limitation for weather generator develophteoircumvent this issuereather generators

often make use of gridded climate products, where corresponding time series of temperature of
precipitation are available for large study regldms.wavelet analysi®nductedon annual
precipitationn Secdion 2.4 identified a loMirequency signal of about 15 years, whadnsideredb
beasrelatively longvavelength.

As previously shown in Section thé length of the observed daily temperature sa@mdsacross

the stations, and only a limitadnber of stations provis®ng,continuous datdn order address

this challenge, we investigate the suitability of using gridded climate data by comparing it with the local
observation#s a gridded climate product, we evaluate the suitability ofttuéSCQiataset over the

study region, covering a periodnodre thanl00 year¢from 1901 to 20Q8t 6.25 krhspatial
resolution(Livneh et al.2013. The overlap of the CONUS grid cells with phecipitation and

temperaturgagestations are shown kigurel6andFigurel6respectively.

Wecomparehe daily precipitation from the CONUS datas#igeelectd gage stations across the
HTH andMCN stationsn Upcountry SFQ andHMB in Peninsula region, ab¥K Airport and
NEW in East Bayegion(Figurel?). The gridded CONUS dataset is not ableepdicatethe
observatioprecipitatioradequately, especially for lemagnitude precipitation events.

Similarly Figurel8 andFigurel9 show a comparison daily T.» and Tmaxvalues in the observed

and gridded dataset for the same statB@isrethe comparisorthe gridded temperatuseries is

adjusted by a lapse rate of @=5per km (H6°F per 1,00@eet)to account for the altitudinal
differences beteen the gage stats and the average grid elevdaurer et al. 200For Tmin, We

observe a negative bias for Tuolustagon and a positive bias for the Newark statfigurel8).

For Tnax We observed a slight negative bias for the SFO and HMB stations in the Peninsula region
(Figurel9).
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Figure 15 CONUS data grid cells(at 6.25 kn# spatial resolutior) and the precipitation gage stations
in the SFPUC RWSa) Peninsularegion, b) East Bayregion, and c) Upcountry region
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Figure 16 CONUS data grid cells (at 6.25 krhspatial resolution and the temperaturegage stations

in the SFPUC RWS: a) Peninsula region, b) East Bay region, and g)d¢duntry region
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Gridded precip. (inches)

Observed precip (inches)

Figure 17 Comparison of daily precipitation from observed (gage) daand CONUS dataset over the
19562011 analysis period. Results are shown for the Hetch Hetchy (HTH)uolumne (TUM), San
Francisco Airport (SFO),Half Moon Bay (HMB), Livermore (LVK), and Newark (NEW) stations
respectively.
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Figure 18 Comparison of daily minimum temperatures from observed (gage) datand CONUS
datasetover the 195@011 angkis period. Results are shown for the Hetch Hetchy (HTH)Tuolumne
(TUM), San Francisco Airport (SFO), Hd Moon Bay (HMB), Livermore (LVK), and Newark (NEW)
stations respectively.
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Figure 19 Comparison of daily maximumtemperatures from observed (gage) datand CONUS
datasetover the 195011 analysis period. Results are shown for the Hetch Hetchy (HTH)yolumne
(TUM), San Francisco Airport (SFO), Hd Moon Bay (HMB), Livermore (LVK), and Newark (NEW)

stations respectively.
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Overall, the gridded precipitatigfiound to be not suitable for conditioning the weather generator.
Instead the thirteen precipitation gages that have the longest records and are representative of

precipitation across the three regamesisedas inputgTable 4).

Combined with the CONUS daily gridded temperature datassdhastieveather generats
conditionedn thefifty-five-yearhistorical period from 1956 to 2011.

Table 4. The final precipitation dataset used in the wathergenerator

Short Period of record Period of record

Station name Region (full range) (used

UpperCrystal Springs UCS Peninsula 19085 2017 1%6- 2011
LowerCrystalSprings LCS Peninsula 1915 2017 1%6- 2011
San Andreas SA Peninsula 1908- 2017 1%6- 2011
Pilarcitos PLD Peninsula 1909- 2017 1%6- 2011
Sunol SUNO East Bay 1907- 2017 1%6- 2011
Calaveras CAL East Bay 1915 2017 1%6- 2011
Mt. Hamilton HML East Bay 1A8- 2017 1%6- 2011
Hetch Hetchy SFO Upcountry 1930- 2017 1%6- 2011
Earlyintake IN Upcountry 1930- 2017 1%6- 2011
Moccasin MCN Upcountry ~ 1930- 2017 1%66- 2011
Cherry Valley CVM Upcountry 1952- 2018 1%6- 2011
Yosemite YOS Upcountry 1956- 2017 1%6- 2011
Sonora SON Upcountry 1956- 2017 1%6- 2011
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3.2.Principal Component Analysis on Annual Precipitation

In order togenerate new realizations of the historical climate, the first stépasita representative
time-series annual precipitatiover the studyregion i.e., SFPUC RW®&ypically, a representative
time-seriegs providedby areaaveraging the precipitat data at different gage locatiaosss the

study areddowever, spati@veraging may not be appropriate in cases where the precipitation shows
highspatial variability, as for tteese of th&FPUC systernfrigure6 andAppendix I). In such cases,

a principal component analysis (PCA) can be applied to preserve the variability between the stations

that wouldbe lostf theywere simply averagedether.

In simpleterms PCAis a dimensiereduction method that can be used to transform a large number

of (possibly) correlated variables into a (smaller) number of variables called principal components
PCA finds a new set of dimensions such that all the dimensioris@genal (and hence linearly
independent) and ranked according to the variance ahdagthem.The first principal component

accounts for as much of the variability in the data as possible, and each succeeding component
accounts for as much of tremaining variability as possiBieplication of PCA includesnumber

of sequential steps includirdcalaibn ofthe covariance matiok thedatapoints theeigenvectors
andcorrespondingigenvaluesandsortingthe eigen vectoraccording to theeigen values the

decreasing orde

For this study, we appgMCAonthe historical annual precipitatsamies (1958011 periodiyom the

thirteen gage statiots identifyone or few principal componeiist canadequatelgxplainthe

variance within th&ull set ofdata The results of the PCiicluding the percentage of variance
explained by each principal component as well as the loading factors for all precipitation gage stations
for all components shownn Tableb. The firstprincipal component explains ab@¥&®f thetotal

variance, whereas the fivgb components together account for the 94% ofiatadvarianceén the

historical annual precipitation record
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Table 5. Summaryof results from the PCA on annugrecipitation data across the thirteen gage station3 he top row shows the percentage
of variance explained by each principal component. The remaining rows show tbemputed gage stationloadings for eachcomponent.

Stations PC1I PC2 PC3 PC4 PC5 PC6 PC7 PC8 PCY9 PCIO PCll PC12 PC13
(88%) (4.9%) (1.3%9 (129 (0.9% (0.6%9 (0.5%9 (0.4% (0.2%9 (0.29% (0.1% (0.1% (0.1%

Calaveras ~ 0.18 -0.13 005 -0.18 006 -0.31 010 008 -056 024 -021 -014 -0.61
Cherry 044 034 -035 032 002 -020 036 -039 -003 016 -023 020 0.17
Hamilton 019 -005 058 057 -0.38 -0.34 -013 011 002 -001 007 -003 0.03
HetchHetchy 0.33 021 -0.18 006 034 -025 -029 024 018 -058 -012 -030 -0.12
Intake 0.30 014 -005 006 033 005 -021 020 -010 025 068 038 -0.10
LowCS 021 -0.35 -005 -032 002 -037 -0.38 -0.18 046 042 011 -001 0.11
Moccasin 025 0.05 030 018 038 055 -011 009 000 036 -035 -0.29 0.12
Pilarcitos 0.31 -052 -044 022 -034 033 -028 -001 -026 -0.14 001 -003 0.03
SanAndreas 027 -0.33 005 000 005 010 060 -0.06 036 -0.05 037 -036 -0.20
Sonora 029 013 039 -034 -007 019 -019 -064 -0.16 -0.31 012 005 -0.06
Sunol 0.17 -0.16 010 -027 013 023 018 019 -041 -007 012 -017 0.71
UppCS 021 -0.30 022 012 012 009 022 026 014 -026 -034 067 -0.04
Yosemite  0.33 042 -0.04 -039 -057 017 005 041 013 012 -003 -0.07 -0.01
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PCAresults aréurther investigatelly a biplot(Figure20. Thex and yaxesof the biplot show the

first pair of principal componente(PC1 and PC2) and to what extent they can explasriduece

in annual precipitation ddtam each of thé¢hirteen gage stations. PC1 explains most of the variance
in precipitation gages, except for the Hamilton station, iwhiudre strongly associateith PC2.
Moststations within the Peninsula and East Bay regions simitar response profile (indexhby

the direction of the vectoirs Figure20), whereas th&ations in th&pcountryregionarefound to

be different than the stations in tbame tworegions.

0.2

0.0 . . .

PC2 (4.95%)

-0.2 .

-0.2 0.0 0.2
PC1 (88.28%)

Figure 20. PCA biplot for historical annual precipitation from thirteen gage stations. The x andaxes
show the first and the second principal components of the PCA. The values in the parentheses show
the total variance explained. Thepoints represent the scoresfathe observations on the principal
components The cosine of the angle between vector and a axis indicates the importance of the
contribution of the corresponding variable to the axis dimension
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Wavelet analysasealso performed on tHest two prircipal component® evaluate the spectral
signature of each compondP€1 has a significant Hrequency variability signal at about 15 years,
similar to the previously detected-fegquency signal of 1% yeardn thehistoricalprecipitation
data Figure21).
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Figure 21 Wavelet analysi®n the PC1 ofhistorical annual precipitation: a) the local wavelet spectrum

displaying the strengthof each signal locally around tk given time (shown in xaxis), b) the global

wavelet plot which is obtained by integrating the local wavelet spectrum over time. I, the black

contours show the scales at which power spectra appear greater than 95% confidence for-aoest

process. Thecrosvat ched regions on either end indicate th
become important.In b, the dashed red lineshows the significance, assuming the same significance

level and background spectrum as ithe localwavelet power spectra

In contrast to the PC1, the second principal component does not show any statistically significant

low-frequency signdtigure2?).
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Figure 22 Wavelet analysis on the PC2 of historical annual precipitation: a) the local wavelet spectrum
displaying the strength ofeach signal locally around the given time (shown in-axis), b) the global
wavelet plot, whichis obtained by integrating the local wavelet spectrum over time. la, the black

contours show the scales at which power spectra appear greater than 95% confiddor a rednoise
on

process. Thecrosshr at c hed
become important. In b, hie dashed red lineshowsthe significance, assuming the same significance

level and background spectrum as ithe localwavelet power spectra

regions

componenbf annual precipitation.

e

it her end i ndi

Finally, we evaluatéhe correlations between the first two principal compaosathtthe observed

average sea level pressures (SLP) and sea surface temperatures (SST) to have a better understandi
of the underlying cliate driversFigure23shows that PCik correlateavith both SLP and SST in

areas typically associated ®witNinodSouthern OscillatiafieNSO) and Pacific Decadal Oscillation

(PDO). However, PC2 is not seeéoassociatadth any climate patterriadure24).

Based on the results presented in this sewt®mnly apply the WARM to the first principal
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corr Oct—Sep averaged no name
a) with Oct—Sep averaged HadISST1 SST 1930:2015 p<10%
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Figure 23 Correlation plots a) PC1 . averaged anual sea surface temperatureSST) (b) PC1 vs.
averaged annuatea level pressureSLP)
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Figure 24. Correlation plots: a) PC2 vs. averaged annual sea surface temperature (SST) (b) PC2 vs.
averaged annual sea level pressure (SLP)
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3.3. Stochastic Simulation s of the PC1 of Annual Precipitation

After choosing the PC1 as a representative series of annual precipitation, the nexjelaskate to
new stochasticealizations of thiseries For this purposeve use a wavelet autoregressaiveel
(WARM), a timeseries simulation approach ttahbinesimpleautoregressivaodelsvith wavelet
decomposion (Kwon et al. 2007; Steinschneider and Brown.HYi&f)y, WARM decomposas
univariate time series into savestatistically significant componargsg a continuous wavelet
transform functionAfter the significant lofvequency components of the tisexies is identified,
anautoregressive (AR) moahen employed eactof thesecomponergfor stochastisimulation.

Finally, the simulated tirseriess obtainedrom the summation of each simulated component.

The WARM applicatiorfor the SFPUC study begins widbcomposing théC1 of annual
precipitationinto its low-frequencycomponents. The wavelet decomposition pramessdersa
series obrthogonal or independent series that carifreguencynformationwithin the datdi.e.,
persistence atterannuabndmultidecadaiimescales Figure25displays the PC1 serdsannual
precipitation(at the top andthe identified lowwrequency component about12-15 yearsirf the
middle)along withthe residual termatthebottom).Next, thelow-frequency componeandresidual
term are simulatedsinga series ofinearAR models The modelorder () and coefficientare
determined s i n g farme( éo)fadatioroin theorecast package inddguagéHyndman and
Khandakar 2008\ fter the AR models are defined, the ts®mees components are simulated using
the darima.simg )6 function fromthe sam& packageNote thatthe timeseriesnodelsemployed
here(linearAR moded) areadditivein naturewith no interactions across the noise or the signals
Based on this feature, we aggrdpatsimulatetbw-frequencycomponentand the residuabise
term to obtain a singimulatederies of PC1.

Thewarmprocessi.e.the wavelet decomposition of PC1 of annual precip, the stochastic simulation
of decomposed components, and finally aggregation of the simulated compaegetsied to

obtaina set ofn = 1,000ktochastic realizatiomsch having®®years of length
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Figure 25 Wavelet deccomposition of the PC1of annual precipitation (Original = PC1 of annual
precipitation, Component 1 =detectedlow-frequency signal at aboul215 years, Noise the residual
series fromthe PCJ)
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3.4.Disaggregation of Simulated PC1 Series in Time and Space

The stochastic climatéata generated 8ection 3.providesnewrealizations of thEClof annual
precipitatio. However, for stress testing the water resources system, this data needs to be
disaggregated into daily values of climate variables (i.e., precipitation, and minimum and maximum

temperature) at different locations.

The dsaggregation simulated PC of annual precipitation begins with inverting the vects® of
yearsimulated seriés a matrix of muksite dat@onsisting of 50 years of annual precipitation values
for each ofthe thirteerprecipitation gage statiofi$is is doneby multiplying the simulated PC1
series by the station loading factitained fronthe PCA(Table5), and then rescaling thimtion

specific precipitatioraluesdased on the computed mean staddard deviatiofi®m each gage.

Next, we disaggregatee multi-siteannual precipitaticshatainto monthlyaluesusingthed met h o d
of f r a(§rikenthan andl McMahon 2001; Silva and Portelatd Bethod of fragments is
aoplied byobtaining the monthly precipitati@tiosfrom the historical recoahd therstandardizing

the observed monthly rainfithe-serieso that the sumfdhe monthly rainfid in anygivenyear
equals unitylThisresults irb5sets of fragments of monthly rainfalls from a recob&-wpéar data

For each year in the simulated nsitki annual precipitation data,thenidentify the most similar
yearregardingnean annuarecipitation andistribute thesimulatedannual precipitation value to
monthlyvaluesusing theéwelvemonthlyfragments from ik most similar yearhis proceduréas

repeatedor all years dhe simulated annual precipitationizedions.

In the third and the final stewefurther disaggregate the simulateahthly precipitation to daily
valuedor all weather variabjé®., precipitation and minimum, average and maximum temperature
This procedure is done using a-pamameic k-nearest neighborsnf) resamplinglgorithm(Lall

and Sharmal1996) Knn is appliedoy findingk number of historical nearest neighbors from the
historical monthly precipitation record, and then resampling amorigrteiggeoors. In this process,

a discrete resampling kernel is introduced to place Wwrggbts to the neighbors that arere
similar to the simulated val(ghown below)Once a historical montls samplec&among the k
neighbors, all dailsaluesof climate variablgprecipitation andhinimum, average, and maximum
temperaturg are takerfrom that sampled month. Thenn resamplingorocesspreserves the
covariance structure between the weather variables andpacessice the valueme directly

sampledrom the historical record.
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Below are thalgorithms used for the method of fragmentkandesampling

Method of fragments approachddapted fromSilva & Portela, 2012)

1.
2.

Begin with an inverted series of each annual precipitation realizafion

For each gag@ “Qdetermingvhich yeakin the observed record had the most simils
annual precipitation to the simulated annual precipiliation

Calculate the proportion of annual precipitation in each month fd@tgeabtain
twelve monthly factof®d& | , wherax is the calendar month from 1 to 12
Use'Qa  values from step 2 to distribute the simulated annual precipitatioto
monthly value®da  z 0

Repeat steps 1 to 4 for each @&r 0 and gag&™ O

Repeat step 5 for each all annual precipitation realizatiornis

KNN resampling algorithm (adapted fromLall and Sharma 1996)

1.

Begin with a simulated monthly precipitation series obtained from the methd
fragments. For each morith a vector of simulated precipitation valuesf length
thirteen the number of gage stations) is available.

Calculate the Euclidean distarf@ebetweerd and each of the Q vectors of observeq
monthly precipitation for the same calendar month.

Order the computed Euclidean distaifzfem the smallest to the lagg and sele®
smallest distancé&3,where j is the index of the ordered distaruiesgQ. The value
of Qs set based on the square root of the sampl(engizis case set as 7

Assign weights to eathusing the discrete kernel function:

where the weights assigned to k nearest neightsans to 1.

Sample one value from thendarest neighbors, using the weightas the vector
probabilities assigned to each nearest neighbor, and record the histotical
associated with that value.

Obtain the daily values of@imatevariables, i.e., precipitation and minimum, avera
and maximum temperature from the sampled historical month.

Repeat steps from 1 to 6 for all months

Repeat step 7 for each anmuatipitation realizations
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3.5. Weather generator performance

In this section, aevaluatehe performance of the weather genetseed on its skill in replicating
the statistics of thHastoricakclimate perio@19562011).

Figure26presentshepower spectrirom 1,00&tochastiannual precipitation realizatiohise mean

power signdrom the stochastic series (black line) matchies wWed power spectra of the historical
annual precipitation (blue lima)h abump at the period length df-14 yearsResults also show that
the observed specteewithin the range of theimulated spect(enarked by the gray band) for the

period lagths of up to 30 years.
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Figure 26 Global power spectra for annual precipitation. The observed spectra (bluaje compared
against the mean power spectra (black) of theQD0 simulations, along with range bounded by the
2.5th and 97.5th percentiles of the power spectra for the ensemble (gr@ay$o shown is the 95%
significance level (red dotted).The power spectra of the observations and simulations become
statistically significant if they rise above the red dotted line.
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Figure27 compares annual mean precipitatiom 1,000 stochastigealizations t¢éhe observed
valueg19562011 perid)for each gage statiaoross th&lpcountry, Peninsula, and East Bay regions
Overall, thee is goochgreement between the simulated and observed annual precipitation, and the

historical means are within the simuletade except for the SUN&tationin East Bay.
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Figure 27. Boxplots of simulated annual average precipitain across the gage stations in the three
regions Upcountry = blue, Peninsula = orange, East Bay = pink) The black dots representthe
observed annual precipitatiorfor each gage station.
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Figure28 compare averagelaily pecipitation from the stochastic realizatiorthe averageaily
histoticalvalles foreach calendar monfResults from the stochastic realizationsoxeatythe wet
seasonHistorical daily precipitatias well representedofn Januaryo March underestimated in

November, and overestimated in December.
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Figure 28 Box-plots of mean monthly precipitation from the stochastic realizationsHistorical

monthly mean precipitation is shown by the blue dotResults show spatiallyaveraged values across
the thirteen gage stations.

Figure29compareaveragdaily’Y valuesrom the stochastic realizations to the obséxedor
each calendar montResults show that the observedeslare within the range of the simulated
“Y  values, howevethe match letween the two dataset varies based on the month. A similar

comparison is also shown for the d&ily valueswith comparable resul&gure30).
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Figure 29 Box-plots of mean monthly precipitation from the stochastic realizationsHistorical
monthly mean precipitation is shown by the blue dotResults show sptially-averaged values across
the thirteen gage stations.
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Figure 30 Box-plots of mean monthly precipitation from the stochastic realizationsHistorical
monthly mean precipitation is shown by the blue dotResults show spatiallyaveraged values across
the thirteen gage stations.

Next, we examine the first and higbeter statistics for all simulated daily weather vaaabbss
all stationg.e. precipitation, minimum temperat@edmaximum temgrature) fronthe same 1,000
stochastic realizati®n

Figure31 depictsthe mean, standard deviation, skavd kurtosi®f nonzero daily precipitation
amountsFor this evaluation, wiend the median values over the0D stochastic realizaticarsd

compared them to the statistics of the underlying historical analysi§ periedults suggesadry
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good performanceegardinghe mean of precipitatiohe standard deviation of precipitati®n
slightly underestimatethe skewness and kurtosis of simulated precipitation matches well with the

historical values, except for a few outlier values.

Figure32 showsthe mean, standard deviation, skavd kurtosisf daily minimum temperatures
computed from the median results of 1000 stochastic realizations. Daily means and standard
deviations shogoodperformance withanoticeable bias. For both skew and kurtosis parameters,
performance varies across different grid cells and months. However, we did not identify any systematic

bias (i.e., under or overestimation).

Figure33displaygshe mean, standard deviation, skewl kurtosisf daily maximum temperatures
computed from the median results of 1000 stochastic realizations. Daily means of maximum
temperature niehes very well with the historical values. However, the match between the historical
and simulated standard deviation varies across different grid calmtiisdnd overall shows a

slight negative bias. The match between the simulated and obsemeninnbexiperature is

acceptable for the skewness, and poor for the kurtosis.
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Figure 31 Daily performance statistics foiprecipitation for all possible combinations of gage stations
(13 in total)and months including the mean, sandard deviation, skewnessand kurtosis. Median
values across 1000 stochastic realizatioas2 shownagainst the observed values. Observed values
show daily values from the historical period 1958)11In each plot, the diagonal lines (slope=1 and
intercept=0) is shownin blue color.
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Figure 32 Daily performance statisticsfor minimum temperature for all combinations of grid cells
(260 in total)and months including the mean, standard deviation, skewnesand kurtosis. Median
values across 1000 stochastic realizatioase shownagainst the observed values. Observed values
show daily values from the historical period 1958)11In each plot, the diagonal lines (slope=1 and
intercept=0) is shownin blue color.
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Figure 33 Daily performance statistics forminimum temperature for all combinations of gid cells
(260 in total)and months including the mean, standard deviation, skewnesand kurtosis. Median
values across 1000 stochastic realizatioase shownagainst the observed values. Observed values
show daily values from the historical period 1958)11In each plot, the diagonal lines (slope=1 and
intercept=0) is shownin blue color.
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