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Abstract 22 
 23 

Trends in extreme temperature and precipitation in two regional climate model 24 

simulations forced by two global climate models are compared with observed trends over 25 

the western United States. The observed temperature extremes show substantial and 26 

statistically significant trends across the western United States during the late 20th 27 

century, with consistent results among individual stations. The two regional climate 28 

models simulate temporal trends that are consistent with the observed trends and reflect 29 

the anthropogenic warming signal. In contrast, no such clear trends or correspondence 30 

between the observations and simulations is found for extreme precipitation, likely due to 31 

the dominance of the natural variability over systematic climate change during the period. 32 

However, further analysis of the variability of precipitation extremes shows strong 33 

correspondence between the observed precipitation indices and increasing Oceanic Niño 34 

Index (ONI), with regionally coherent patterns found for the U.S. Northwest and 35 

Southwest. Both regional climate simulations reproduce the observed relationship with 36 

ONI, indicating that the models can represent the large-scale climatic links with extreme 37 

precipitation.  38 

The regional climate model simulations use the WRF (Weather Research and 39 

Forecasting) and HadRM (Hadley Centre Regional Model) forced by the ECHAM5 and 40 

HadCM global models for the 1970-2007 time period. Comparisons are made to station 41 

observations from the Historical Climatology Network (HCN) locations over the western 42 

United States. This study focused on temperature and precipitation extreme indices 43 

recommended by the Expert Team on Climate Change Detection Monitoring and Indices 44 

(ETCCDMI). 45 
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1.    Introduction 46 

Recent research has shown that an increased frequency of many types of extreme events 47 

has already occurred in the 20th century in many regions worldwide (Brown 2008) and 48 

over North America in particular (CCSP 2008; Peterson et al. 2008; DeGaetano 2009). A 49 

recent  IPCC  report  concludes  that  “it  is  very  likely  that  there  has  been  an  overall  decrease  50 

in the number of cold days and nights and very likely that there has been an overall 51 

increase  in  the  number  of  warm  days  and  nights  in  most  regions”  around  the  world (IPCC 52 

2012).  Trends  in  precipitation  are  less  certain,  with  “a  likely  increase  in  observed  heavy  53 

precipitation in many regions in North America, despite statistically non-significant 54 

trends  and  some  decreases  in  some  subregions”  (IPCC  2012).  For  western North 55 

America, significant positive trends are observed only locally in the Pacific Northwest 56 

with smaller positive trends and scattered negative trends elsewhere (DeGaetano 2009; 57 

Mass et al. 2011). These changes are broadly consistent with the anticipated effects of 58 

anthropogenic climate change (Gutowski 2008). It is unclear, however, whether local 59 

trends are discernible from the natural variability in the climate. We will address this 60 

problem in the current paper by comparing observed trends to trends simulated by global 61 

and regional climate models.  62 

The climate of the western United States is rather diverse. Within a few hundred 63 

kilometers, one can go from a marine-type climate to rain forests, glaciers, desert and 64 

near desert conditions. This diversity in climate comes mostly from weather systems 65 

interactions with complex terrain that ranges from sea-land interfaces to mountainous 66 

ranges (Fig. 1). These interactions lead to small-scale weather features such as land-sea 67 

breezes, leeside wind storms, gap winds, orographic precipitation or rain shadows which 68 
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play a considerable role in determining the climate and weather at regional and local 69 

scales (Mass et al. 2002). Global climate models are unable to simulate such small-scale 70 

weather features. To simulate such small features, a realistic representation of the local 71 

complex terrain and the heterogeneous land surfaces is needed. Therefore, the use of 72 

limited-area regional climate models with horizontal resolutions on the order of at least 73 

tens of kilometers is required in order to represent the physical processes controlling local 74 

climate and extreme temperature and precipitation events (Mass et al. 2002; Leung et al. 75 

2004; Duffy 2006; Christensen 2007; Salathé et al. 2010).  76 

It is important to evaluate to what extent the regional climate models capture the 77 

observed trends and variability in extremes before examining future changes. Several 78 

high-resolution modeling studies have been conducted around the world (e.g.; 79 

Huntingford et al. 2003; Fowler et al. 2005; Buonomo et al. 2007; Beniston et al. 2007; 80 

Alexander and Arblaster 2009) and many more are now ongoing. More particularly, for 81 

the U.S. Pacific Northwest, Dulière et al. (2011) examined the NCEP-DOE Reanalysis 2 82 

(Kalnay et al. 1996; Kanamitsu et al. 2002), WRF (Weather Research and Forecasting) 83 

and HadRM (Hadley Centre Regional Model) simulations using the reanalysis fields as 84 

the boundary conditions. These simulations were compared to observations from the 85 

Historical Climatology Network (HCN) over a 5-year period. The regional models 86 

showed substantial improvement over the reanalysis in terms of temperature and 87 

precipitation extremes. Since the reanalysis incorporates the available observations at the 88 

time of the processing, the resulting large-scale fields represent a close approximation to 89 

the actual state of the atmosphere including both historic patterns of daily weather and 90 

interannual variability. Thus, these results show that regional climate model simulations 91 
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can reproduce the observed distribution of extreme events when realistic large-scale 92 

boundary conditions are used.  93 

Changes in extreme events as a result of human influences on the climate will 94 

depend on the sensitivity of extremes to global climate change, and our ability to project 95 

these changes depends on the ability of global and regional models to represent the 96 

relevant atmosphere and land-surface processes. In this paper, we examine whether 97 

simulations forced only by the historically observed radiative forcing can reproduce the 98 

observed trends in extreme temperature and precipitation. It is possible that the observed 99 

trends are driven by anthropogenic influences on physical processes, such as indirect 100 

aerosol forcing, that are not well represented in current models (Jiang et al, 2012) and 101 

thus might emerge in simulations with more advanced models. Alternatively, observed 102 

trends may be the result of natural variability and not a direct response to anthropogenic 103 

forcing on the climate.  104 

To this end, we use the same two regional models (WRF and HadRM) as in 105 

Dulière et al. (2011) but driven by global climate model simulations for the 38-year time 106 

period 1970 to 2007. The initial and lateral boundary conditions for WRF and HadRM 107 

were interpolated from MPI-M (Max Planck Institute for Meteorology) ECHAM5 and 108 

HadCM3Q0  (a  version  of  the  Hadley  Centre’s  third  generation  coupled  ocean-109 

atmosphere general circulation model) data, respectively (see Zhang et al. 2009 for 110 

details). The global climate simulations are taken from the Climate Model Inter 111 

Comparison Project 3 (CMIP3) which specifies the historic radiative forcing including 112 

observed solar, volcanic, and greenhouse gas forcing. The models are otherwise 113 

unconstrained by observations and generate independent realizations of natural or internal 114 
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variations from daily weather to decadal variability. Thus, to the extent that observed 115 

trends are for the most part attributable to historic radiative forcing, and from 116 

anthropogenic effects in particular, the model simulations should be able to reproduce 117 

them. If, however, observed trends are dominated by natural variability, then the 118 

simulated trends would not correspond with observations. Note that the simulated results 119 

depend on both the global model, which provides the large-scale temperature and 120 

circulation, and regional model, which simulates local feedbacks and terrain effects. 121 

We expect natural climate variability to play an important role in the trends of 122 

climate parameters over periods of a few decades. In particular, El Niño-Southern 123 

Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO) have substantial 124 

influences on temperature and precipitation variability in western North America (see 125 

Gershunov (1998) and Cayan et al. (1999) regarding ENSO; Mantua et al(1997) and 126 

Gershunov and Barnett (1998) regarding decadal variability). Given that substantial 127 

regional warming attributable to greenhouse gas emissions has been observed only since 128 

approximately 1970 (see, for example, Tebaldi et al 2012, ),the timescale of 129 

anthropogenic climate change and of natural variability are similar. This is especially true 130 

for the PDO, which was in a persistent warm phase during the period 1977-1997. Thus, 131 

the observed trends in extreme events since the 1970s are likely a result of the combined 132 

effects of climate change and decadal variability. Furthermore, since there is little 133 

anthropogenic trend prior to the 1970s extending the period earlier would not likely 134 

improve the detection of anthropogenic trends.  135 

We examine several temperature and precipitation extreme indices, most of them 136 

recommended by the Expert Team for Climate Change Detection Monitoring and Indices 137 
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(ETCCDMI), and compare the simulated values to values computed from the HCN 138 

(Historical Climatology Network) observations. This work is organized as follows. The 139 

regional models and experimental design are briefly described in Sections 2 and 3, 140 

respectively. The methodology is presented in Section 4 and a comparison of models 141 

simulations with observations is discussed in Section 5. Major conclusions and 142 

discussions are presented in Section 6. 143 

2.    Models Descriptions 144 

2.1 WRF Model 145 

The WRF model is a state-of-the-art, mesoscale numerical weather model designed for 146 

both short-term weather forecasting and long-term climate simulation (http://www.wrf-147 

model.org). This modeling system includes a large selection of physical 148 

parameterizations suitable for a broad spectrum of applications and scales ranging from 149 

meters to thousands of kilometers. The physics package includes microphysics, cumulus 150 

parameterization, planetary boundary layer (PBL), land surface models (LSMs), 151 

longwave and shortwave radiation (Skamarock et al. 2006). The full non-hydrostatic 152 

form of the continuity equation is solved in WRF. 153 

In this work, the microphysics and convective parameterizations used were the 154 

WRF Single-Moment 5-class (WSM5) scheme (Hong et al. 2004) and the Kain-Fritsch 155 

scheme (Kain and Fritsch 1993), respectively. The WSM5 microphysics explicitly 156 

resolves water vapor, cloud water, rain, cloud ice, and snow. The Kain-Fritsch convective 157 

parameterization utilizes a simple cloud model with moist updrafts and downdrafts that 158 

includes the effects of detrainment and entrainment. The land-surface model used was the 159 
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NOAH (National Centers for Environmental Prediction - NCEP, Oregon State 160 

University, Air Force, and Hydrologic Research Lab) 4-layer soil temperature and 161 

moisture model with canopy moisture and snow cover prediction (Chen and Dudhia 162 

2001). The LSM includes root zone, evapotranspiration, soil drainage, and runoff, taking 163 

into account vegetation categories, monthly vegetation fraction, and soil texture. The 164 

PBL parameterization used was the YSU (Yonsei University) scheme (Hong et al. 2006) 165 

which is an updated version of Hong and Pan (1996). This scheme includes counter-166 

gradient terms to represent heat and moisture fluxes due to both local and non-local 167 

gradients. Atmospheric shortwave and longwave radiations were computed by the NCAR 168 

CAM (Community Atmospheric Model) shortwave scheme and longwave scheme 169 

(Collins et al. 2004), respectively. 170 

2.2 HadRM Model 171 

HadRM used in this study is a version of the third-generation regional climate model 172 

developed at the UK Met Office Hadley Centre (HadRM3P; Jones et al. 2004). It is a 173 

limited-area high resolution version of HadAM3H, an improved version of the 174 

atmospheric component of the latest Hadley Centre coupled AOGCM, HadCM3 (Gordon 175 

et al. 2000; Johns et al. 2003).  176 

HadRM incorporates a simplified hydrostatic version of the full primitive 177 

equations. Model parameterizations include dynamical flow, horizontal diffusion, clouds 178 

and precipitation, radiative processes, gravity wave drag, land surface and deep soil 179 

(Jones et al. 2004). A mass flux penetrative convective scheme (Gregory and Rowntree 180 

1990) is used with an explicit downdraught (Gregory and Allen 1991). It includes the 181 

direct impact of vertical convection on heat, moisture and momentum (Gregory et al. 182 
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1997). The boundary layer parameterization uses a first order turbulent mixing scheme 183 

that vertically mixes the conserved thermodynamic variables and momentum (Smith 184 

1990). The land-surface model used is based on MOSES (Met Office Surface Exchange 185 

Scheme, Cox et al. 1999) with the inclusion of a radiative (instead of a conductive) heat 186 

coupling of vegetated surfaces to the underlying soil. It includes evapotranspiration, soil 187 

drainage and surface runoff and takes into account climatological vegetation type and 188 

fractional cover within a grid box. A radiation scheme computes shortwave and long 189 

wave fluxes as a function of temperature, water vapor, ozone, carbon dioxide, clouds, and 190 

other trace gases. For detailed information, please refer to Jones et al. (2004). 191 

The horizontal resolution of the HadRM model grid is 0.22°x0.22° (although a 192 

resolution of 0.44°x0.44° is also available). The HadRM latitude-longitude grid is rotated 193 

in a way that the equator lays inside the region of interest. This permits quasi-uniform 194 

grid box area over the region of interest with a minimum horizontal resolution of ~25 km 195 

at the rotated equator.  196 

HadRM was released as part of the PRECIS (Providing REgional Climates for 197 

Impacts Studies) package (http://precis.metoffice.com). This package also includes 198 

software to allow processing and display of the model output data. The PRECIS package 199 

is flexible, user-friendly and computationally inexpensive. It can be easily applied over 200 

any region of the globe to provide detailed climate information for regional climate 201 

studies and climate change impacts assessment.  202 

3.    Experimental Design 203 

The experimental design follows Zhang et al. (2009) and is briefly described here.  204 
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WRF was set up by using one-way nesting (Fig. 1-left panel). The outer domain at 205 

108 km resolution covers nearly the entire North American continent and much of the 206 

eastern Pacific Ocean and the western Atlantic Ocean. The inner domain at 36 km 207 

resolution encompasses the continental U.S. and part of Canada and Mexico (Fig. 1-left 208 

panel). 31 vertical levels were used in the model with the highest resolution (~20 – 100 209 

m) in the boundary layer. 210 

We chose the highest available resolution (~25 km) for the domain of HadRM 211 

(Fig. 1-left panel). The HadRM domain includes a large part of the eastern Pacific Ocean, 212 

Western U.S. and part of Mexico and Canada to better represent the synoptic weather 213 

systems that affect the continental U.S. There are 19 vertical hybrid levels in HadRM 214 

spanning from the surface to 0.5 mb. 215 

For the current work, we used the WRF and HadRM simulations that were 216 

initialized at 0000 UTC January 1 and December 1, 1969 respectively, and ended at 0000 217 

UTC January 1, 2008. The first one-year simulation by WRF and one-month simulation 218 

by HadRM were regarded as model spin-up. The initial and lateral conditions for WRF 219 

and HadRM were interpolated from the MPI-M ECHAM5 and HadCM3Q0 data, 220 

respectively (see Zhang et al. 2009 for details). The external forcing for the 21st century 221 

period (2001-2008) is from the Special Report on Emissions Scenarios (SRES) A1B 222 

emissions scenario (Nakicenovic et al. 2000), which is close to the actual emissions 223 

during this period (Raupach 2007). The lateral boundary conditions were updated every 224 

six hours for both models and both model simulations were output hourly.  225 
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4.    Methodology 226 

We mostly focus on temperature and precipitation extreme indices recommended by the 227 

joint CCI/CLIVAR/JCOMM Expert Team on Climate Change Detection and Indices 228 

(ETCCDI). The data quality control and computation of these indices are done using the 229 

Fclimdex FORTRAN program (available at http://cccma.seos.uvic.ca/ETCCDMI). In 230 

addition, we also look at several heat wave indices as suggested by Beniston et al. (2007). 231 

These indices were chosen to assess aspects of a changing climate that include changes in 232 

intensity, frequency and duration of temperature and precipitation extremes. Definitions 233 

of these indices are found in Tables 1 and 2. 234 

The computation of extreme indices requires daily precipitation and daily 235 

maximum and minimum temperatures. The daily extreme temperatures are obtained from 236 

simulated hourly temperature with terrain adjustment as described in Zhang et al. (2009) 237 

and Dulière et al. (2011). The terrain adjustment accounts for differences in altitude 238 

between the station that provides the observations and the corresponding model grid box. 239 

Note that no terrain adjustment was applied to precipitation as a lapse rate of precipitation 240 

over complex terrain would depend on mountain width, buoyancy, moisture field and 241 

winds (Smith and Barstad 2004; Esteban and Chen 2008). 242 

Daily observations from 136 HCN stations in the states of California, Idaho, 243 

Nevada, Oregon and Washington (Fig. 1-right panel) are used to validate the simulated 244 

changes in extreme indices. The HCN observations used in this study have been subject 245 

to a suite of quality assurance checks such as tests to detect duplicated data, 246 

climatological outliers, and various inconsistencies (internal, temporal, and spatial; 247 

http://www.ncdc.noaa.gov/oa/climate/ghcn-daily/). Stations where at least 80% of the 248 
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daily precipitation and temperature measurements are available during the period 1970-249 

2007, and where, model grid boxes corresponding to their locations are land cells are 250 

used. The locations of the selected HCN stations are indicated in Fig. 1 (right panel).  251 

We examine two different aspects of changes in extreme indices. Firstly, we look 252 

at any observed and simulated averaged changes over the full domain (namely here, the 253 

states of California, Idaho, Nevada, Oregon and Washington). To that end, trends are 254 

computed from areally averaged indices at HCN station locations across the whole 255 

domain. The domain-average was done in two steps to account for the spatial 256 

heterogeneity in the station network. First, the average was done on a gridded domain 257 

(1°x1°), and then the resulting values were averaged over the whole domain. The second 258 

aspect of changes in extreme indices studied here, consists in the geographical pattern of 259 

changes. Here, trends in extreme indices are directly computed at each station location. In 260 

all cases, the trend calculation follows Alexander et al. (2006). A nonparametric 261 

Kendall's tau based slope estimator (Sen 1968) was used to compute trends and the serial 262 

correlation in residuals was considered when testing the statistical significance of trends. 263 

An iterative procedure was adopted, originally proposed by Zhang et al. (2000) and later 264 

refined by Wang and Swail (2001), to compute the magnitude of trends and to test their 265 

statistical significance. Note that we also tested the simple linear regression and the 266 

Kendall's tau method without considering the serial correlation in residuals. All three 267 

methods give similar results. 268 

For precipitation, we also evaluate the simulated climate variability in extreme 269 

indices. We look at variability associated with the El Niño/Southern Oscillation (ENSO), 270 

which is one important mode of interannual variability in the western U.S. and is well-271 
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represented in the global and regional models used here (Zhange et al 2012). This 272 

evaluation considers the trend in precipitation indices with increasing values of the 273 

Oceanic Niño Index (ONI). 274 

5.    Results 275 

5.1 Extreme Temperature Indices 276 

We focus here on changes in several extreme temperature indices (see Table 1) at HCN 277 

station locations across the states of California, Idaho, Nevada, Oregon and Washington. 278 

We compare extreme indices computed from the observed HCN data with values 279 

computed from the HadRM and WRF simulations over the 1970-2007 period. 280 

The time series of extreme temperature indices averaged over all HCN locations 281 

across the domain are presented in Fig. 2. The corresponding trends are listed in Table 3. 282 

Except for DTR, trends for each temperature extreme index are consistently the same 283 

sign for observed and simulated results (Fig. 2 and Table 3) although, for most indices, 284 

the simulated trends are larger than observed. Even when not statistically significant, 285 

these trends correspond with the increase of mean surface temperature due to global 286 

warming, which leads to a shift in more frequent and intense warm temperature events 287 

and less frequent and intense cold temperature events. Also shown are the results for the 288 

two global forcing models, HadCM for HadRM and ECHAM5 for WRF.  289 

Several of the observed trends are statistically significant at a 5% level, but with 290 

various successes by the regional and global models in reproducing these trends. For frost 291 

days (FD), both the observations and regional models yield statistically significant 292 

decreases of about 0.2-0.3 day/year between 1970 and 2007 (Fig. 2a and Table 3). While 293 



14 

the global models also simulate decreasing trends, the simulated trends are not 294 

statistically significant and much smaller in the case of ECHAM5. The average 295 

percentage of cool nights (TN10p, Fig. 2e) and cool days (TX10p, Fig. 2f) decrease by a 296 

statistically significant 0.10-0.15 %/year according to observations. Both the HadRM and 297 

HadCM simulations reproduce these results. WRF also reproduces these results but the 298 

day time trend is not statistically significant.  299 

A significant increase of 0.106 per year in the percentage of warm nights (TN90p, 300 

Fig. 2g) is observed at HCN stations and is robustly simulated by all models, including 301 

the global models. Consistent with the larger observed trend in night time (TN90p) than 302 

daytime (TX90p) extremes, there is a statistically significant decreasing trend observed in 303 

the diurnal temperature range (DTR) of -0.034 °C/year. A similar trend in DTR is 304 

simulated by the WRF model, but little trend is produced in the HadRM simulation. Note 305 

that the HadRM simulation has a large significant positive trend in TX90p, inherited from 306 

HadCM but contrary to observations, which likely also accounts for the DTR result. 307 

The observations show an increase in heat waves over the region (Figs. 2i, j, k, l), 308 

although a statistically significant trend (0.062 heat waves/year) is found only for the 309 

number of heat waves (Fig. 2j, Table 3); the duration, frequency and intensity increase as 310 

well, but these trends are not statistically significant. Both regional models simulate the 311 

trend in number of heat waves with WRF very close to the observed trend (0.053 heat 312 

waves/year) and HadRM overestimating (0.110 heat waves/year). The models tend to 313 

overestimate the remaining heat wave indicators including statistically significant trends 314 

in heat wave frequency 2 to 3 times the observed. These deficiencies are present in the 315 

forcing global models as well, and passed to the regional simulations. Trends in the 316 
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frequency of summer days (SU) and tropical nights (TR) are also too high in the model 317 

simulations, by as much as a factor of 5 in the case of HadRM.  318 

At individual HCN stations the observed and modeled trends in several selected 319 

temperature extreme indices (FD, SU, TX10p, TX90p and nHW) as well as in other 320 

extreme temperature indices (not shown here) largely agree with each other in sign 321 

although some trends are substantially larger in the simulations, especially for HadRM 322 

(Fig. 3). Many of the observed and modeled trends are statistically significant and these 323 

statistically significant trends are spread across the region. Note that trends in 324 

observations are only computed for stations with at least 20 years of available extreme 325 

indices. Both regional models show trends of consistent sign across the whole domain for 326 

each extreme index (second and fourth columns in Fig. 3) while a few opposite trends are 327 

found in observed extreme temperature indices (cfr. the northern part of Idaho in Fig. 3a). 328 

Note also that in the southern part of the domain, frost days are few if not unusual which 329 

results in mostly small and not statistically significant trends. At the same time, the 330 

annual number of summer days, warm days and heat waves show nearly the opposite 331 

trend at HCN stations.  332 

Although both regional models simulate the overall pattern of changes in extreme 333 

indices well, they fail to simulate these opposite trends. Note that natural variability in the 334 

climate will not coincide between the models and observations since it is not related to 335 

the external climate forcing. In fact, since the PDO was in a persistent warm phase during 336 

the period 1977-1997, it is likely that a residual trend from the PDO is present in the 337 

observed temperature record, which could explain both the regional variations in trends 338 

and the disparities between observations and simulations. Favre and Gershunov (2006) 339 
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show an intensification of cyclonic activity in the North Pacific coincident with the 1977 340 

regime change in the PDO. This intensification induced an increased frequency of warm 341 

nights and decrease frequency of cold nights as compared to warm and cold days. It is 342 

likely that this natural climate shift contributes to the differences between observed and 343 

simulated temperature extremes. 344 

Thus, results for stations with opposite trends are likely the result of natural 345 

climate variability that locally reverses the regional trend. The much higher regional 346 

uniformity in the simulated results may reflect weaker natural variability in the forcing 347 

models, particularly at the local scale. In fact, in an analysis of temporal standard 348 

deviation over all stations, the observed standard deviation exceeds the simulated values 349 

for precipitation, maximum temperature, and minimum temperature by a factor of 2 to 3. 350 

Likewise, the regional models simulated higher standard deviations than the global 351 

models. Another reason could be that the regional models fail to capture some local 352 

weather features due to insufficient spatial resolution or deficiencies in land-surface 353 

representation. Finally, these opposite trends could also result from non-climatic 354 

inhomogeneities in the observed data (i.e. station moves, instrument changes, and 355 

changes in land-use or the environment surrounding the station).  356 

The third and last columns in Fig. 3 show the trends in extreme temperatures as 357 

represented in the global models used to force the two regional climate model 358 

simulations. In general, the trends in the global models are consistent with the regional 359 

models, but with localized differences in magnitude. This result indicates that large-scale 360 

warming of the western U.S. over period 1970-2007 has resulted in a concomitant 361 

increase in extreme events. There are important localized differences between the global 362 
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model simulations and the regional simulations, especially for some parameters such as 363 

FD and SU. These differences reflect the importance of local land-atmosphere 364 

interactions that depend on the local terrain and land cover. 365 

No systematic differences are noted in extreme temperature trends between the 366 

Northwest and Southwest (Fig. 3), as is typically seen in warm and cold ENSO or PDO 367 

events (Ropelewski and Halpert 1986; Cayan 1996; Kumar and Hoerling 1998; 368 

Gershunov 1998; Favre and Gershunov, 2006; Favre and Gershunov, 2009; Zhang et al. 369 

2012). This suggests that a common and strong external forcing is at play for the two 370 

regions. Between 1970 and 2007, the annual number of frost days and cold days have 371 

significantly decreased at most of the HCN stations in observations and across the whole 372 

domain in the model simulations (Fig. 3). As suggested previously, these changes in 373 

extreme indices clearly reflect the global warming signal due to the anthropogenic 374 

forcing.  375 

5.2 Extreme Precipitation Indices 376 

In this section, we first examine the observed and simulated magnitude of annual 377 

maximum 1- and 5-day precipitation (RX1day_10 and RX5day_10) at 10-year return 378 

period. This is one way of evaluating the models performance in simulating the observed 379 

climatological statistics of extreme precipitation. Figure 4 shows the scatter plots of 380 

simulated RX1day_10 and RX5day_10 against observations at each HCN station. Both 381 

regional models simulate the observed return periods reasonably well. The correlation 382 

coefficients between the modeled and observed return periods are always larger than 0.7 383 

with the linear regression slopes around 1, especially for WRF. There is indication of 384 

overestimation by HadRM, which has a linear regression exceeding 1 for both 385 
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RX1day_10 and RX5day_10. Also shown are the results for the two global models used 386 

as boundary conditions for the regional simulations. In both cases, and especially for 387 

HadCM, the global models perform relatively poorly in representing the spatial variations 388 

in the observed intensity of heavy precipitation. Thus, the regional models are able to 389 

generate a geographically improved climatology of heavy precipitation from the forcing 390 

models. 391 

We now turn to the trends in several precipitation indices over the 38-year period: 392 

the simple daily intensity index (SDII), the annual total wet-day precipitation 393 

(PRCPTOT), the number of days with heavy and very heavy precipitation (R10mm and 394 

R20mm, respectively), the consecutive number of dry days (CDD), the consecutive 395 

number of wet days (CWD), the total precipitation on very wet and extreme wet days 396 

(R95p and R99p) and finally, the annual maximum 1- and 5- day precipitation (RX1day 397 

and RX5day). We compare changes in observed extreme indices with changes in 398 

simulated extreme indices over the 1970-2007 time period averaged over all136 HCN 399 

station locations. 400 

Figure 5 shows the time series of extreme precipitation indices averaged over all 401 

HCN locations across the domain. Most of the regionally-averaged indices from 402 

observations suggest a modest but statistically insignificant increase over the 1970-2007 403 

period (Fig. 5 and Table 4). The regional simulations also give insignificant trends with 404 

the WRF simulations more consistently positive than observed and the HadRM 405 

simulations similar to the observations with variable trends among the indices. Madsen 406 

and Figdor (2007) showed that an unusual increase in precipitation intensity has occurred 407 

over the contiguous United States since 1970 when compared to the 1948-1969 period. 408 
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Heavy, very heavy and extreme precipitation events all increased but at different rates 409 

while in the meantime, the annual number of days with rain or snowfall has decreased. 410 

Similar to the regional simulations, insignificant trends in extreme indices are also noted 411 

in the driving global models (Fig. 5 and Table 4). The trends in extreme indices averaged 412 

over two subregions (namely the Pacific Northwest and the Pacific Southwest) give 413 

similar results both in the observations and simulations (not shown). 414 

The observed and simulated trends in precipitation indices (SDII, PRCPTOT, 415 

R10mm, R95p and RX1day) as well as in other extreme precipitation indices (not shown 416 

here) show large spatial heterogeneity across individual HCN stations (Fig. 6). For 417 

observations, increasing trends are found in northern Washington and southern California 418 

with decreasing trends in Oregon. Madsen and Figdor (2007) and Mass et al. (2011) also 419 

showed increasing trends in frequency of extreme precipitation over the northern 420 

Washington and southern California and decreasing trends in Oregon during the period of 421 

1948-2006. In the interior of the domain, observed trends are rather small (Fig. 6). The 422 

observed trends are not statistically significant at most HCN stations. Note that Kunkel et 423 

al. (1999) analyzed the 1931-1996 period and found a different pattern of extreme 424 

precipitation trends in that the U.S. Southwest, which exhibited a highly statistically 425 

significant upward trend in short duration (1-7 days) extreme precipitation events. 426 

Large differences are noted in the spatial patterns of the observed and simulated 427 

trends at HCN stations (Fig. 6). For HadRM, increasing trends are found in the Pacific 428 

Northwest and decreasing trends are noted in California, except for PRCPTOT and 429 

R10mm for which decreasing trends are also found in the Pacific Northwest. For WRF, 430 

increasing trends are always noted over the Pacific Northwest while decreasing trends are 431 
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identified over California in terms of PRCPTOT and R10mm. The correspondence of 432 

R10mm with PRCPTOT suggests that the 10 mm threshold does not capture extreme 433 

events that respond differently to large-scale climate variations from total precipitation, 434 

as seen for R95p and RX1day. Note that most of the simulated trends in extreme 435 

precipitation indices are not statistically significant.   436 

As for the temperature results (Fig. 3), the trends in the global forcing models are 437 

also shown for comparison with the regional models in Fig. 6. Looking first at total 438 

precipitation (second row in Fig. 6), it is clear that the large-scale changes simulated by 439 

the global models are passed on to the regional models. The large-scale changes reflect 440 

shifts in the moisture flux and storm patterns that strongly condition the mesoscale 441 

simulations. HadCM simulates a modest domain-wide reduction in precipitation, which is 442 

reproduced in HadRM at nearly all stations. For the extreme precipitation indices SDII 443 

and R95p, however, HadCM simulates statistically significant increases across the state 444 

of Washington. In the regional simulation, HadRM restricts these increases to the western 445 

part of the state along the windward slopes of the Cascades. This connection between 446 

large-scale zonal winds, moisture flux, and precipitation is seen in other modeling studies 447 

for this region, for example in Leung et al (2003). ECHAM5, by contrast, simulates 448 

increasing precipitation in the northwest with decreases elsewhere. This large-scale 449 

pattern is only partly transferred to the WRF result with considerable local differences, 450 

not statistically significant (i.e. the eastern part of the study area and southern California). 451 

Similar to HadCM, ECHAM5 simulates statistically significant increases in heavy 452 

precipitation (SDII and RX1day; SDII and R95p for HadCM) in the northwest. 453 
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The small and insignificant trends in extreme precipitation indices with a large 454 

spatial heterogeneity across the domain suggest that the anthropogenic forcing associated 455 

with global warming cannot be the dominant forcing for changes in precipitation across 456 

the region. This is in contrast to the extreme temperature indices where the global 457 

warming footprint is dominant in their changes (Figs. 2 and 5). Temperature as well as 458 

precipitation is affected by natural variability (e.g. ENSO and PDO) while climate change 459 

affects temperature in a more strong, direct and uniform way than it affects precipitation. 460 

In particular, trends and variability in heavy precipitation are closely linked to large-scale 461 

circulation patterns that are controlled by ENSO and PDO on interannual to decadal time 462 

scales (Gershunov and Cayan, 2003). This results in a more detectable climate change 463 

signal in temperature (on top of natural variability) than in precipitation. Nevertheless, 464 

statistically significant precipitation trends are coincident across observations and the two 465 

regional models only for western Washington in SDII, RX1day, and R95p (not 466 

significant in the WRF simulation). A climate-change induced increase in heavy 467 

precipitation in this particular region is supported by studies that project a poleward shift 468 

and intensification of the Pacific storm track (Favre and Gershunov 2009; Salathé 2006; 469 

Ulbrich et al. 2008; Ulbrichet al. 2009) due to climate change. Nevertheless, while the 470 

present results suggest an emerging effect of climate change, such a conclusion is not 471 

statistically supported by the data presented here.  472 

5.3 ENSO Teleconnection Patterns 473 

Since the observed trends in extreme precipitation during the period 1970-2007 do not 474 

appear to be well-simulated by the regional models, we hypothesize that this is due to the 475 

partial sampling of natural variability, particularly the PDO, which undergoes regime 476 
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shifts on the same time scale as the 40-year period analyzed here. Even in the absence of 477 

systematic climate change, a 38-year record would not be sufficient to fully average out 478 

natural variability. In this case, however, the residual trends would not reveal a 479 

“fingerprint”  of  anthropogenic  climate  change.   480 

The El Niño-Southern Oscillation (ENSO) is one of the most important modes of 481 

natural variability over the western United States affecting precipitation (Cayan and 482 

Roads 1984; Ropelewski and Halpert 1986; Redmond and Koch 1991; Wallace et al. 483 

1992; Cayan 1996; Mitchell and Blier 1997; Dettinger et al. 1998; Kumar and Hoerling 484 

1998; Pandey et al. 1999). Since ENSO cycles are not related to external forcing, 485 

variability in precipitation related to ENSO will not correspond by year among the 486 

models. Since the ENSO is high-frequency, we do not expect systematic or common 487 

trends in observations. Nevertheless, it would be useful to evaluate whether the observed 488 

relationship between large-scale climate related to ENSO and local precipitation extremes 489 

is well simulated by the regional models. To this end, we shall examine the relationship 490 

between precipitation extremes and the Oceanic Niño Index (ONI).  Note that since ONI 491 

is quasi-periodic, the correlation of an index with increasing ONI does not imply an 492 

increase over time. 493 

During the wet season (October to March), the warm phase of ENSO (i.e., El 494 

Niño) is correlated with warm-dry weather in the Pacific Northwest (PNW) and cool-wet 495 

weather in the Southwest U.S. The cold phase of ENSO (i.e., La Niña) is characterized by 496 

cool-wet weather over the PNW and warm-dry weather of the Southwest U.S. An ENSO 497 

influence on precipitation and temperature extremes in the western U.S. have been 498 

reported by Gershunov (1998) and Cayan et al. (1999). The ability of the global and 499 
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regional models used in this study to represent ENSO and its teleconnections across the 500 

western United States has been examined by Zhang et al. (2012), and both the HadCM-501 

HadRM and ECHAM5-WRF simulations perform quite well. 502 

The PDO is more likely than ENSO to produce observed trends over the 1970-503 

2007 period since the 40-year period averages over several ENSO cycles. We performed 504 

a similar analysis for both ENSO and PDO. Results for the PDO were largely consistent 505 

with the results for ENSO, but due to the short period of analysis compared to PDO 506 

cycles, their statistical significance is weak. Therefore, we focus here on an analysis of 507 

ENSO behavior because 1) it is well simulated by the models in contrast to PDO and 2) 508 

the effects of PDO and ENSO on temperature and precipitation in western North America 509 

are very similar (Mantua et al 1997). 510 

Following Zhang et al. (2012), ONI was used to identify El Niño and La Niña 511 

events in the tropical Pacific from the driving model (ECHAM5 and HadCM3) SST 512 

fields. ONI is defined as the running 3-month mean SST anomalies for the Niño 3.4 513 

region (i.e., 5°N-5°S, 120°W-170°W). Events are defined as 5 consecutive months at or 514 

above the +0.5°C anomaly for warm phase and at or below the -0.5°C anomaly for cold 515 

phase. Figure 7 shows the running 3-month mean SST anomalies for the Niño 3.4 region 516 

(ONI) based on observations and HadCM3 and ECHAM5 simulations for 1970-2007. 517 

Table 5 presents the frequency (defined as the number of occurrence) and intensity 518 

(defined as the average of the maximum ONI) of El Niño and La Niña events. The ONI 519 

peaks around January in both the observations and simulations. During 1970-2007, 8 El 520 

Niño events with an intensity of 1.8°C and 7 La Niña events with an intensity of -1.6°C 521 

are indicated in the observations (Table 5 and Fig. 7-top); HadCM3 shows 4 El Niño 522 
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events with an intensity of 1.9°C and 5 La Niña events with an intensity of -1.4°C (Table 523 

5 and Fig. 7-middle); ECHAM5 shows 9 El Niño events with an intensity of 2.2°C and 524 

11 La Niña events with an intensity of -2.0°C (Table 5 and Fig. 7-bottom). The ENSO 525 

events in ECHAM5 are very regular. Since ECHAM5 and HadCM3 are free-running 526 

global climate models, the simulated ENSO events do not match the observed sequence 527 

of ENSO events but the distributions are similar (Fig. 7). The ENSO events in ECHAM5 528 

and HadCM3 last for about 1-2 years as in the observations. 529 

As mentioned above, the ENSO influence is most pronounced in the wet season 530 

(October to March). Therefore, extreme precipitation indices are computed here only 531 

over the wet season. This contrasts with the first part of our study where we focused on 532 

annual indices. 533 

Figure 8 shows the observed and modeled extreme precipitation indices averaged 534 

over HCN stations plotted against the corresponding ONI value. The extreme indices are 535 

computed separately for the Pacific Northwest (left panel) and the Pacific Southwest 536 

(defined here as the states of California and Nevada; right panel). For each observed 537 

index, opposite slopes with increasing ONI are found between the two regions. Both 538 

models capture these opposite trends in extreme indices except for WRF-simulated 539 

R10mm, CDD and CWD. Compared to the time series in extreme precipitation indices 540 

(Fig. 5), the regression coefficients are statistically significant for many more parameters.   541 

For the Pacific Northwest, the observed extreme precipitation indices decrease 542 

with ONI except for CDD (Fig. 8 and Table 6). This suggests a decrease in intensity and 543 

frequency of precipitation extremes during El Niño years compared to La Niña years. 544 

Both models simulate this observed relationship between extremes and ONI, except for 545 
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WRF simulated R10mm, CDD and CWD. The HadRM results are closer to observed 546 

compared to WRF. WRF is able to capture changes in very intense precipitation indices 547 

such as R95p, R99p, RX1day and RX5day. However, WRF displays wet biases as 548 

reflected by overestimation of CWD, PRCPTOT and R10mm for El Niño years. This 549 

probably also explains the WRF simulated decreasing trend in CDD as opposed to 550 

observations and HadRM simulation. This result is consistent with the findings in Zhang 551 

et al. (2012), who showed a weak ENSO response in Pacific Northwest precipitation in 552 

ECHAM5 as compared to reanalysis and HadCM. This deficiency in the forcing model is 553 

inherited by the associated WRF simulation.  554 

For the Pacific Southwest, each index increases with ONI in both observations 555 

and model simulations except for CDD for which the observed and simulated trends are 556 

decreasing (Fig. 8 and Table 6). Among the two regional models, WRF simulates the 557 

magnitude of the regression coefficients with ONI over the Pacific Southwest better than 558 

HadRM. This is in contrast to the Pacific Northwest where HadRM performs better than 559 

WRF in resolving the observed precipitation changes with ONI. Again, this result can be 560 

traced to the performance of the forcing global models, HadCM and ECHAM5. 561 

Figure 9 shows the spatial distributions of the regression coefficients of several 562 

extreme precipitation indices (namely SDII, PRCPTOT, R10mm, R95p and RX1day) 563 

with ONI at individual HCN stations. Consistent with the spatially-averaged ONI 564 

regression coefficients discussed above, decreasing and increasing coefficients are noted 565 

at most of the HCN stations over the Pacific Northwest and Pacific Southwest, 566 

respectively. This is true for both observations and model simulations.  567 
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In the interior of the domain and on the lee side of mountain ranges (namely the 568 

Cascades, Rockies and Sierra Nevada), the regression coefficients with ONI are rather 569 

small both in observations and model simulations. In contrast to the temporal trends in 570 

Fig. 6, the regression coefficients with ONI are statistically significant at many HCN 571 

stations (Fig. 9). 572 

Thus, while the simulated temporal trends in extreme precipitation do not 573 

correspond well with observations, this does not appear to reflect on model performance. 574 

Indeed, based on the results for ENSO, the models do a good job of simulating natural 575 

variability and the response of extreme precipitation to natural climate variability. This 576 

result suggests that the weak results for simulating temporal trends are due to the lack of 577 

robust signal of anthropogenic climate forcing on extreme precipitation during the period 578 

1970-2007. Any trend that may occur due to anthropogenic greenhouse gas forcing, 579 

which could be captured by the regional and global climate models, is not clearly 580 

discernible from natural climate variability and/or could be masked by decadal variability 581 

such as the PDO (Favre and Gershunov 2009). 582 

6.    Conclusions and Discussion  583 

In this paper, we have examined the performance of two regional climate simulations in 584 

simulating the observed trends and variability in extreme temperature and precipitation 585 

for the recent past (1970-2007) over the western United States. The regional climate 586 

simulations are forced by global climate model simulations from the HadCM and 587 

ECHAM5 models, thus the comparison evaluates both the global and regional model 588 

results. These simulations include only external climate forcings due to volcanic aerosol, 589 
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solar forcing, and anthropogenic greenhouse gases. Thus, anthropogenic greenhouse 590 

gases provide the only systematic trends in the forcing for the simulations.  591 

The observed temperature extremes show substantial and statistically significant 592 

trends across the region, with consistent results among individual stations. Observed 593 

indices of cold extremes, such as the annual number of frost days or percentage of cool 594 

nights, decreased with time over the 1970-2007 period. Indices of hot extremes, such as 595 

the annual number of summer days, percentage of warm days or number of heat waves, 596 

increased over the same period. Both regional models simulate these temporal trends 597 

consistent with the observations. Several measures of extreme temperature, however, 598 

show much stronger trends in the simulations than have been observed. Since the 599 

observed trends in temperature extremes are so strongly simulated in the regional climate 600 

models, they are very likely to reflect the global warming signal due to the anthropogenic 601 

forcing. The overestimate of these trends is likely the result of deficiencies in both the 602 

regional and global climate models since the trends in each are consistent. One possible 603 

source is aerosols, including their indirect effects, which are not well represented in the 604 

models used here (Jiang, et al. 2012). 605 

For precipitation, the observed trends are statistically significant at only a few 606 

stations, with both positive and negative trends depending on the station. No regional 607 

average trend is found, which is consistent with other previous studies, which typically 608 

show a northward shift in precipitation with climate change. Specifically, the 609 

observations indicate increases in extreme precipitation at stations in western Washington 610 

and coastal northern California. Decreases are found in some indices for Oregon stations. 611 

Insignificant trends are found for stations through much of the interior. Some of these 612 
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spatial features, such as increases in western Washington, are weakly reproduced in the 613 

regional models, but not consistently for all precipitation indices. There is no clear 614 

correspondence between the observed and simulated results for extreme precipitation. 615 

To test whether the weak results for precipitation are related to modeling 616 

deficiencies, we examine the variability of precipitation extremes with natural variability 617 

associated with ENSO. Here, a strong correspondence is found between observed 618 

precipitation indices and ONI, with regionally coherent patterns found for the Northwest 619 

and Southwest. Both regional climate simulations reproduce the observed ONI 620 

relationship, indicating that the models can represent the climatic links with extreme 621 

precipitation. 622 

Thus, the lack of correspondence between observed and simulated trends for 623 

extreme precipitation likely results from the dominance of natural variability over 624 

anthropogenic trends in heavy precipitation during the period 1970-2007. The simulated 625 

natural variability in the free-running climate simulations is not correlated in time with 626 

the observed variability, so residual trends due to variability will not produce consistent 627 

geographical results. Over time, as the anthropogenic influence amplifies, temporal 628 

trends in extreme precipitation may emerge. In fact, initial analysis of future climate 629 

change simulations with the models used in this paper show statistically significant 630 

increases in some indices, and this issue is the subject of ongoing research. 631 

  632 
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List of Figures 912 

FIG. 1. WRF model domains 1 and 2 and HadRM domain (left panel) and HCN stations 913 

in the states of California, Idaho, Nevada, Oregon and Washington (right panel). 914 

Shadings represent terrain height (m) for the corresponding WRF domain. Grid spacing 915 

for each domain is: WRF Domain 1, 108 km; WRF Domain 2, 36 km and HadRM 916 

Domain, 25 km. 917 

 918 

FIG. 2. Observed (black line) and modeled (red : HadRM; brown : HadCM; blue : WRF; 919 

green : ECHAM5) time series of extreme temperature indices from 1970 to 2007 920 

averaged over HCN station locations in the states of California, Idaho, Oregon, Nevada 921 

and Washington. The straight lines represent the corresponding linear trends in time. The 922 

full lines stand for the statistically significant trends at 5 % level. 923 

 924 

FIG. 3. Observed (first column) and modeled (second column : HadRM; third column : 925 

HadCM; fourth column : WRF; fifth column : ECHAM5) temporal trends in extreme 926 

temperature indices from 1970 to 2007 at HCN station locations. The crosses represent 927 

trends of magnitude between -0.001 and 0.001. Statistically significant trends at a level of 928 

5 % are contoured in black. 929 

 930 

FIG. 4. Scatter plots of HadRM (first column), HadCM (second column), WRF (third 931 

column) and ECHAM5 (fourth column) annual maximum 1-day (RX1day_10; top) and 932 

5-day (RX5day_10; bottom) precipitation with a return period of 10 years against 933 

observed ones. Colors from light gray to black represent station density. The two 934 
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numbers in each scatter plot correspond to the correlation coefficient and linear 935 

regression slope, respectively. Units are mm. 936 

 937 

FIG. 5. Observed (black line) and modeled (red : HadRM; blue : HadCM; WRF; brown : 938 

green : ECHAM5) time series of extreme precipitation indices averaged over HCN 939 

station locations from 1970 to 2007 in the states of California, Idaho, Oregon, Nevada 940 

and Washington. The straight lines represent the corresponding linear trends according to 941 

time. The full lines stand for the statistically significant trends at 5 % level. 942 

 943 

FIG. 6. Observed (left column) and modeled (second column : HadRM; third column : 944 

HadCM; fourth column : WRF; fifth column : ECHAM5) temporal trends in extreme 945 

precipitation indices from 1970 to 2007 at HCN station locations. The crosses represent 946 

trends of magnitude between -0.001 and 0.001. Statistically significant trends at a level of 947 

5 % are contoured in black. 948 

 949 

FIG. 7. Running 3-month mean ONI (dark gray) and PDO (light gray) indices during 950 

1970-2007 constructed from (a) observations, (b) HadCM3, and (c) ECHAM5 global 951 

climate model simulations. HadCM PDO was not computed due to the lack of data. 952 

 953 

FIG. 8. Scatter plots of observed (black) and modeled (red : HadRM; blue : WRF) 954 

extreme precipitation indices averaged over HCN station locations against ONI indices 955 

from 1970 to 2007 in the states of Idaho, Oregon and Washington (left panel) and 956 

California and Nevada (right panel). The straight lines represent the corresponding linear 957 
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regression with ONI. The full lines stand for the statistically significant linear regression 958 

at 5 % level. Extreme indices are computed over the wet seasons only. 959 

 960 

FIG. 9. Observed (left column) and modeled (second column : HadRM; third column : 961 

HadCM; fourth column : WRF; fifth column : ECHAM5) regression of extreme 962 

precipitation indices with ONI over the 1970-2007 period at each HCN station. The 963 

crosses represent ONI regression coefficients between -0.001 and 0.001. Statistically 964 

significant coefficients at a level of 5 % are contoured in black. Extreme indices are 965 

computed over the wet seasons only. 966 

967 
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TABLE 1. Extreme temperature indices used in this study. 968 

ID Indicator name Definition Units 
FD Frost days Annual count when TN (daily minimum) < 0°C Days 
ID Ice days Annual count when TX (daily maximum) < 0°C Days 
SU Summer days Annual count when TX (daily maximum) > 25°C Days 
TR Tropical nights Annual count when TN (daily minimum) > 20°C Days 
TN10p Cool nights Percentage of days when TN is lower than the 1971-

2000 calendar day 10th percentile calculated for each 
day over a centered 5-day window 

% 

TX10p Cool days Percentage of days when TX is lower than the 1971-
2000 calendar day 10th percentile calculated for each 
day over a centered 5-day window 

% 

TN90p Warm nights Percentage of days when TN is greater than the 1971-
2000 calendar day 90th percentile calculated for each 
day over a centered 5-day window 

% 

TX90p Warm days Percentage of days when TX is greater than the 1971-
2000 calendar day 90th percentile calculated for each 
day over a centered 5-day window 

% 

nHT Number of heat waves The number of heat waves in a given year. A heat 
wave is defined as a spell of at least 6 consecutive 
days with daily maximum temperature exceeding the 
1971-2000 calendar day 90th percentile, calculated for 
each day over a centered 5-day window (Robinson et 
al. 2001) 

  

HWDI Hear wave duration 
index 

The longest duration of a heat wave of all the heat 
waves occurring in the same year 

Days 

HWf Heat wave frequency The total duration of all the heat waves that occur in a 
given year 

Days 

HWi Heat wave intensity The greatest exceedance of maximum temperature 
over the 1971-2000 calendar day normal maximum 
temperature, for all the heat waves occurring in a 
given year 

°C/day 

GSL Growing season length Annual count between the first span of at least 6 days 
with TG (daily mean temperature)>5°C and first span 
after July 1 of 6 days with TG<5°C 

Days 

DTR Diurnal temperature 
range 

Annual mean difference TX and TN °C/day 

 969 

970 
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TABLE 2. Extreme precipitation indices used in this study. PRCP stands for the daily 971 

precipitation. 972 

ID Indicator name Definition Units 
SDII Simple daily intensity 

index 
Annual total precipitation divided by the 
number wet days (defined as 
PRCP>=1mm) in the year 

Mm/day 

PRCPTOT Annual total wet-day 
precipitation 

Annual total precipitation in wet days 
(PRCP>1mm) 

Mm  

R10mm Number of heavy 
precipitation days 

Annual count of days when 
PRCP>=10mm 

Days 

R20mm Number of very heavy 
precipitation days 

Annual count of days when 
PRCP>=20mm 

Days 

CDD Consecutive dry days Annual maximum consecutive days with 
PRCP<1mm 

Days 

CWD Consecutive wet days Annual maximum consecutive days with 
PRCP>=1mm 

Days 

R95p Very wet days Annual total precipitation when 
PRCP>95th percentile (calculated over the 
1971-2000 period) 

Mm  

R99p Extreme wet days Annual total precipitation when 
PRCP>99th percentile (calculated over the 
1971-2000 period) 

Mm  

RX1day Max 1-day precipitation 
amount 

Annual maximum 1-day precipitation Mm  

Rx5day Max 5-days precipitation 
amount 

Annual maximum 5-day precipitation Mm  

 973 

974 



47 

TABLE 3. Observed and modeled temporal trends computed from areally averaged 975 

extreme temperature indices over the period 1970-2007 using HCN station locations in 976 

the states of California, Idaho, Oregon, Nevada and Washington. Bold indicates 977 

statistically significance at 5 % level. Index definitions are given in Table 1. 978 

  OBS HadRM HadCM WRF ECHAM5 

FD -0.234 -0.256 -0.340 -0.470 -0.107 
ID 0.003 -0.099 -0.181 -0.166 -0.123 
SU 0.044 0.443 0.360 0.160 0.317 
TR 0.080 0.342 0.237 0.144 0.149 
TN10p -0.146 -0.150 -0.145 -0.102 -0.112 
TX10p -0.099 -0.135 -0.144 -0.067 -0.112 
TN90p 0.106 0.255 0.288 0.156 0.083 
TX90p 0.054 0.229 0.227 0.129 0.154 
nHT 0.062 0.110 0.111 0.053 0.086 
HWDI 0.054 0.165 0.259 0.115 0.065 
HWf 0.561 1.630 1.880 1.040 1.540 
HWi 0.032 0.039 0.059 0.048 0.050 
GSL 0.090 0.552 0.568 0.186 0.274 
DTR -0.034 0.006 0.010 -0.014 0.012 

 979 

TABLE 4. Observed and modeled temporal trends computed from areally averaged 980 

extreme precipitation indices over the period 1970-2007 using HCN station locations in 981 

the states of California, Idaho, Oregon, Nevada and Washington. Bold indicates 982 

statistically significance at 5 % level. Index definitions are given in Table 2. 983 

  OBS HadRM HadCM WRF ECHAM5 

 SDII 0.015 0.007 0.007 0.024 0.011 
PRCPTOT -0.120 -0.825 -0.856 2.432 -0.810 
 R10mm -0.003 -0.017 -0.029 0.088 0.004 
 R20mm 0.018 -0.004 -0.002 0.044 -0.002 
 CDD 0.300 0.203 0.090 -0.269 -0.037 
 CWD -0.010 -0.005 0.016 0.003 0.021 
 R95p 0.549 0.423 0.538 1.095 -0.320 
 R99p 0.275 0.107 0.140 0.707 0.155 
 RX1day 0.095 0.004 0.020 0.228 0.002 
 RX5day 0.250 0.101 0.201 0.268 -0.069 

 984 
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TABLE 5. Frequency and average intensity (°C) of El Niño and La Niña events for the 985 

1970-2007 period based on ONI index. Frequency stands for the number of events during 986 

the period and intensity for the average of the maximum ONI for all events. 987 

  El Niño events La Niña events 
  Frequency Intensity Frequency Intensity 
OBS 8 1.8 7 -1.6 
HadCM3 4 1.9 5 -1.4 
ECHAM5 9 2.2 11 -2.0 

 988 

TABLE 6. Regression slopes of observed and modeled extreme precipitation indices with 989 

ONI computed from areally averaged extreme precipitation indices over the period 1970-990 

2007 using HCN station locations. The PNW region includes the states of Washington, 991 

Oregon and Idaho and the PSW, the states of California and Nevada. Bold indicates 992 

statistically significance at 5 % level. Indices definitions are given in Table 2. 993 

    PNW     PSW   
  OBS HadRM WRF OBS HadRM WRF  
SDII -0.157 -0.153 -0.112 0.489 0.449 0.598 
PRCPTOT -44.660 -39.465 -0.519 38.154 85.729 59.447 
R10mm -1.322 -1.218 0.410 1.046 2.183 1.856 
R20mm -0.629 -0.541 -0.139 0.523 1.099 1.136 
CDD 0.659 0.840 -0.856 -2.685 -0.784 -2.011 
CWD -0.205 -0.114 0.002 0.150 0.767 0.343 
R95p -9.025 -12.561 -5.793 10.462 36.560 16.169 
R99p -3.381 -2.095 -4.360 2.122 9.053 3.644 
RX1day -0.959 -0.730 -0.483 2.856 3.269 2.222 
RX5day -2.851 -2.466 -0.455 4.950 9.644 5.114 

 994 

995 
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 996 

FIG. 1. WRF model domains 1 and 2 and HadRM domain (left panel) and HCN stations 997 

in the states of California, Idaho, Nevada, Oregon and Washington (right panel). 998 

Shadings represent terrain height (m) for the corresponding WRF domain. Grid spacing 999 

for each domain is: WRF Domain 1, 108 km; WRF Domain 2, 36 km and HadRM 1000 

Domain, 25 km. 1001 

  1002 
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 1003 
 1004 

FIG. 2. Observed (black line) and modeled (red : HadRM; brown : HadCM; blue : WRF; 1005 

green : ECHAM5) time series of extreme temperature indices from 1970 to 2007 1006 

averaged over HCN station locations in the states of California, Idaho, Oregon, Nevada 1007 

and Washington. The straight lines represent the corresponding linear trends in time. The 1008 

full lines stand for the statistically significant trends at 5 % level. 1009 
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 1011 
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 1012 
 1013 
FIG. 3. Observed (first column) and modeled (second column : HadRM; third column : 1014 

HadCM; fourth column : WRF; fifth column : ECHAM5) temporal trends in extreme 1015 

temperature indices from 1970 to 2007 at HCN station locations. The crosses represent 1016 

trends of magnitude between -0.001 and 0.001. Statistically significant trends at a level of 1017 

5 % are contoured in black. 1018 
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 1020 

 1021 
 1022 

FIG. 4. Scatter plots of HadRM (first column), HadCM (second column), WRF (third 1023 

column) and ECHAM5 (fourth column) annual maximum 1-day (RX1day_10; top) and 1024 

5-day (RX5day_10; bottom) precipitation with a return period of 10 years against 1025 

observed ones. Colors from light gray to black represent station density. The two 1026 

numbers in each scatter plot correspond to the correlation coefficient and linear 1027 

regression slope, respectively. Units are mm. 1028 
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 1030 
 1031 

FIG. 5. Observed (black line) and modeled (red : HadRM; blue : HadCM; WRF; brown : 1032 

green : ECHAM5) time series of extreme precipitation indices averaged over HCN 1033 

station locations from 1970 to 2007 in the states of California, Idaho, Oregon, Nevada 1034 

and Washington. The straight lines represent the corresponding linear trends according to 1035 

time. The full lines stand for the statistically significant trends at 5 % level. 1036 
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 1038 
 1039 

FIG. 6. Observed (left column) and modeled (second column : HadRM; third column : 1040 

HadCM; fourth column : WRF; fifth column : ECHAM5) temporal trends in extreme 1041 

precipitation indices from 1970 to 2007 at HCN station locations. The crosses represent 1042 

trends of magnitude between -0.001 and 0.001. Statistically significant trends at a level of 1043 

5 % are contoured in black. 1044 
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 1045 
FIG. 7. Running 3-month mean ONI (dark gray) and PDO (light gray) indices during 1046 

1970-2007 constructed from (a) observations, (b) HadCM3, and (c) ECHAM5 global 1047 

climate model simulations. HadCM PDO was not computed due to the lack of data. 1048 
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 1049 
 1050 
FIG. 8. Scatter plots of observed (black) and modeled (red : HadRM; blue : WRF) 1051 

extreme precipitation indices averaged over HCN station locations against ONI indices 1052 

from 1970 to 2007 in the states of Idaho, Oregon and Washington (left panel) and 1053 

California and Nevada (right panel). The straight lines represent the corresponding linear 1054 

regression with ONI. The full lines stand for the statistically significant linear regression 1055 

at 5 % level. Extreme indices are computed over the wet seasons only. 1056 
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 1058 
 1059 

FIG. 9. Observed (left column) and modeled (second column : HadRM; third column : 1060 

HadCM; fourth column : WRF; fifth column : ECHAM5) regression of extreme 1061 

precipitation indices with ONI over the 1970-2007 period at each HCN station. The 1062 

crosses represent ONI regression coefficients between -0.001 and 0.001. Statistically 1063 

significant coefficients at a level of 5 % are contoured in black. Extreme indices are 1064 

computed over the wet seasons only. 1065 


