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In many regions of the world, a significant portion of the surface water originates in 

mountain headwaters where the timing and magnitude of streamflow is largely dictated 

by the seasonal storage of precipitation as snowpack and long-term storage as glaciers. 

Accumulation, persistence, and melt of snow and ice are functions of the climate in which 

they exist and therefore respond to changes in that climate. One important use of water 

in many regions is for hydropower energy production. While reservoir-based hydropower 

infrastructure has some ability to absorb changes in timing of streamflow, run-of-river 

hydropower infrastructure does not. Thus, in assessing the economic feasibility of new 

or existing run-of-river infrastructure, it is important to account for potential impacts 

climate change may have over the lifetime of the project. Projecting impacts of climate 

change on surface water resources, and in particular on run-of-river hydropower resource 

potential, requires robustly characterizing the linkages between the climate, cryosphere, 

and streamflow. Two obstacles to increasing our understanding of mountain systems are 

the sparsity of observation data and complexity of weather patterns. The first part of 

my research addresses the issue of climate data availability in mountain regions through 

development of statistical models to characterize the high-spatial resolution distribution 

of historic and projected future precipitation and temperature. I demonstrate these cli

mate products through projecting long-term changes in snowfall for the Alaska Range, 

Alps, Central Andes, and Himalaya-Karakoram-Hindu Kush ranges. I then present a 



framework for assessing conceptual cryosphere hydrology models and implement the 

framework for two long-term glacier study sites in Alaska, USA. Using this framework, 

I identify novel formulations for modeling the heat transfer and energy balance of snow-

packs and glaciers that improve model robustness relative to the current generation of 

cryosphere hydrology models typically used in data-sparse mountain environments. 

then demonstrate a method for understanding the impacts of projected future climate 

change on run-of-river hydropower resource potential, using Falls Creek in Oregon, USA 

as a test case. A core value of this work is producing models that can be straightfor

wardly applied to any region, thus decreasing the impacts of data disparities between 

regions on our ability to characterize climate change impacts on mountain regions. 
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Chapter 1: Introduction
 

1.1 Background and Motivation 

Snow and ice are important resources in many regions of the world (Barnett et al., 2005) 

because they contribute to the health of diverse ecosystems, serve as sources of recreation 

and spirituality, and deliver important streamflow (e.g. see Bernbaum, 2006, Burgess 

et al., 2007, and Viviroli and Weingartner , 2008). These mountain water resources are 

collectively used by more than a billion people worldwide, and often cause streamflow to 

peak during the periods of the year when they are needed for activities such as agriculture 

(Viviroli et al., 2007; Immerzeel et al., 2010). The seasonality of snow and long-term 

equilibrium of glaciers depends on the climate in which they reside (DeWalle and Rango, 

2008; Cuffey and Paterson, 2010). As a simple example to demonstrate this, if a glacier 

is at equilibrium and the surrounding air temperature increases, the glacier will retreat to 

higher elevations until a new equilibrium-state is reached (Cuffey and Paterson, 2010). 

Likewise, in many environments, air temperature increases cause snow to accumulate 

less and melt earlier (Nolin and Daly , 2006; DeWalle and Rango, 2008; Sproles et al., 

2013). 

While these types of simple thought experiments can help us conceptualize the the 

relationship between the climate and cryosphere, more complex models are needed to 

actually understand the system and how it will respond to climate changes because cli

mate, and response by the cryosphere, are highly dynamic and non-linear.1 Therefore, 

understanding the climate, the cryosphere, their linkages, and impacts on water resources 

(e.g. streamflow and electricity generation from hydropower) requires use of a variety of 

sophisticated models. For example, Global Climate Models (GCMs) and Earth System 

Models (ESMs) provide an understanding of how large-scale climate phenomenon will 

respond to imbalances (e.g. energy imbalances due to greenhouse gas emissions) in the 

1Cryosphere is the term used to refer to parts of the Earth system containing frozen water. Thus 
they include snow and glaciers, which are studied here, as well as phenomenon not studied here, such as 
sea-ice. 
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Earth climate system (Taylor et al., 2012; Stocker , 2013).2 Their spatial resolution is 

too coarse to capture the impacts of climate change on phenomenon such as glacier equi

librium state and local changes in snowpack, though. Therefore, models are needed to 

translate the large-scale changes simulated by GCMs into local-scale linkages between 

climate, the cryosphere, and impacts. The work presented here develops tools to increase 

the spatial resolution of GCMs, then uses the local-scale climate representations as input 

to existing and novel cryosphere hydrologic models, and concludes by presenting a method 

for modeling the impacts of climate change on small-scale run-of-river hydropower re

source potential. 

GCMs and ESMs are physically-based models of the Earth’s climate system and 

therefore are the best tools available to understand how the climate will respond to per

turbations in the system. Due to their computational complexity, they are run on spatial 

grids that range between approximately 50 - 200 km (Taylor et al., 2012; Stocker , 2013). 

Often times it is desirable to characterize climate changes at finer spatial scales (e.g. when 

studying snow and glacier processes) because climatic conditions in mountains vary over 

short horizontal distances (Stocker , 2013; Sproles et al., 2013). Regional climate models 

can be used to represent climate dynamics at extremely fine spatial scales, but their ap

plication is very computationally expensive (Benestad , 2004), which typically prohibits 

them from being applied to large regions at a spatial scale sufficient to represent snow 

and glacier dynamics.3 Statistical methods, which are less computationally expensive, 

are therefore often used for these situations (Abatzoglou, 2013; Thrasher et al., 2013; 

Mosier et al., 2014). A component of my work has been to develop a statistical package 

that can be used to increase the spatial resolution of historic gridded reanalysis or GCM 

simulation output and can be applied for very large regions (e.g. the entire contiguous 

USA; Cotton et al., 2015). Importantly, the package can be applied with equal ease for 

regions such as the USA or Pakistan (Mosier et al., 2014). 

Low densities of meteorological stations tend to increase the uncertainty in extrap

2CGMs and ESMs are physically-based models of the climate system, implemented on a three dimen
sional spatial grid (i.e. they resolve vertical conservation equations as well as horizontal). The trend is 
for them to become more dynamically coupled with ocean and terrestrial processes, which enables them 
to better characterize feedbacks in the system (Taylor et al., 2012; Stocker , 2013). Given that GCMs 
and ESMs are physically-based, they are capable of outputing a wide-array of climate parameters. 

3For example Collier and Immerzeel (2015) implement the Weather Research and Forecast model 
at a 1 km resolution but only assess output for one catchment for one year, in part likely due to the 
computational expense. 
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olating between stations, especially in mountain regions where topography increases 

meteorological complexity. Data-sparsity is partially a function of the range of available 

data products for a region, station density within the region, and meteorological vari

ables reported by the stations. From a snow and ice hydrology modeling perspective, 

the Himalaya are much data-sparser than, for example, the conterminous USA. As seen 

in Fig. 1.1, the regions with higher meteorological station densities (i.e. those that are 

data-rich) are North America, Europe, and a few other scattered locales. Yet, climate 

change has and will impact most mountain regions around the globe, not just data-rich 

regions. 

Figure 1.1: Average number of meteorological stations influencing the precipitation value 
for each 0.5 degree grid cell (≈ 55 km at the equator) in the Climate Research Unit TS3.10 
dataset from 1951 to 2000. The color gradient saturation value is 50, although the largest 
number of contributing stations for a single cell is 605. While there is no defined cutoff, 
data-rich regions are basically taken to be those that are dark blue (e.g. the contiguous 
USA) and data-sparse regions are yellow or white (e.g. Alaska and most of Pakistan). 

One consequence of intraregional differences in data availability is that different types 

of cryosphere hydrology models tend to be applied between data-rich and data-sparse 

environments. For data-sparse mountain regions, such as the Himalaya, studies tend to 

use conceptual cryosphere hydrology models (e.g. the simple degree index model used 

in Lutz et al., 2014). Yet, much more complete and physically-based models exist, such 

as the Distributed Hydrology Soil Vegetation Model (Wigmosta et al., 2002). These 
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state-of-the-art hydrologic models tend to require extensive input data that are either 

not readily available for most regions (e.g. subsurface properties) or that have large 

uncertainties at fine-spatial scales for many regions (e.g. windspeed). A goal of my snow 

and ice hydrology research is to narrow the modeling gap between data-rich and data-

sparse regions, therein developing models that more robustly characterize the response 

of mountain surface water resources to climate change across all regions. I works towards 

this goal through developing a framework to compare conceptual cryosphere hydrology 

models, which are a category of model typically applied in data-sparse regions. I use this 

framework to identify strengths and weaknesses in existing cryosphere hydrology models 

and propose improvements. Importantly, the package is easy to use and can continue to 

be applied by others to identify further modeling improvements. 

The impacts of changing mountain water resources are multi-faceted. One that is 

important to many regions, including the Pacific Northwest in the USA and Pakistan 

and Nepal in South Asia, is hydroelectic generation resource potential. Hydroelectric 

generation resources include reservoir-based infrastructure, run-of-river facilities, and 

technology that is placed in-stream to generate electricity from the water’s kinetic energy. 

Reservoir-based infrastructure has some ability to absorb changes in seasonality of flow 

through changing reservoir operating procedures, although in many cases it is projected 

they won’t be able to fully mitigate the impacts (Christensen et al., 2004; Payne et al., 

2004; Hamlet et al., 2010). Run-of-river facilities are entirely dependent on natural 

timing and magnitude of streamflow since they have no ability to impound water and 

thus no capacity to use operating procedures to mitigate impacts from climate change. 

Run-of-river facilities are important sources of electricity in parts of Pakistan and Nepal, 

which have hundreds to thousands of small run-of-river hydropower facilities (Mirza 

et al., 2008; Siddiqi et al., 2012). While the power generated through these facilities is 

often a small contribution to the country’s overall energy portfolio, they are often cost 

competitive and in some instances they supply power to isolated villages, making them 

extremely important on a local or regional scale (Mirza et al., 2008; Siddiqi et al., 2012). 

A component of my research has been to develop a methodology to assess historic and 

projected future impacts on high-spatial distribution small-scale run-of-river hydropower 

resource potential. Like the other tools I have developed, the hydropower assessment 

methodology is designed to be useful for all regions. 
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1.2 Format of Dissertation 

This dissertation is a collection of manuscripts I have prepared on my work related to the 

above topics. The reader may notice logical incongruities between the chapters, which are 

not fully explained due to the manuscript format. For instance, while the first manuscript 

(Chapter 2) presents a downscaled monthly climate time-series I have developed, the 

fourth manuscript (Chapter 5), which compares performance of conceptual cryosphere 

hydrology models, uses the Climate Forecast System Reanalysis (CFSR) by the National 

Center for Environmental Prediction (Saha et al., 2010) as the climate input. The reason 

for this particular discrepancy is that the climate products I have developed have a 

monthly temporal resolution, but some cryosphere processes are not well represented at 

monthly time scales. Therefore, higher temporal resolution data are needed. Often the 

explanation for many of these discrepancies is that they are expressions of the evolution 

of my thinking on the relevant concepts and terminology over time. The current status 

of the manuscripts is that Chapter 2 is published (Mosier et al., 2014), Chapters 3-4 are 

in re-review, and Chapters 5-6 are ready to submit. 

Some discrepancies between manuscripts are pragmatic. For instance in the fourth 

manuscript (Chapter 5), I present a novel conceptual cryosphere hydrology model struc

ture that is more robust than existing models; however, in the fifth manuscript (Chapter 

6) I use an existing cryosphere hydrology model structure instead of my novel formula

tion. This particular choice was necessitated by the availability of GCM climate simula

tions through the Earth System Grid Federation (Williams et al., 2009). This repository 

of climate simulation output, which is the primary repository for these products, has 

been unavailable from May through November 2015. 

Due to the above outlined attributes of this dissertation, and because each manuscript 

must conform to specific formatting constraints, Section 1.3 provides an overview of each 

manuscript and a description of the rationale behind each work with respect to the scope 

of my research. 

1.3 Description of Chapters 

As stated above, the scope of my dissertation is to develop useful characterizations of 

climate change and its impacts on hydropower resource potential in data-sparse mountain 
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regions. The climate component of my work is contained in Chapters 2-4. Chapter 5 

then discusses a framework I have developed for comparing the temporal and spatial 

robustness of existing and novel conceptual hydrology models. Chapter 6 presents a case 

study for how the climate and cryosphere hydrology tools I have developed can be used 

to assess the impacts of climate change on small-scale run-of-river hydropower resources. 

Chapter 2 presents a package for statistically downscaling gridded monthly climate 

products.4 The downscaling package presented in Chapter 2 works with gridded monthly 

input climate datasets (input spatial resolution is flexible but all products examined in 

Chapter 2 have a resolution of 0.5 degrees) and spatially downscales the input to 30

arcseconds (approximately 1 km at the equator). The user manual for the downscaling 

package is provided as Appendix A and the downscaling package is freely distributed at 

www.GlobalClimateData.org. 

The decision to increase the spatial resolution but not the temporal resolution was 

made on the basis that climatic influences on snow and ice depend substantially on the 

fine-scale spatial structure of climate, but seasonal trends depend less on high-temporal 

resolution fluctuations. For example, the equilibrium state of glaciers can be character

ized using multi-year averages of the climate because glaciers respond slowly to climate 

(e.g. Sevestre and Benn, 2015). Optimally, a climate product would be both high spa

tial and high temporal resolution. In practice though, uncertainty generally increases 

monotonically as a joint function of extrapolation in time and space. Kilibarda et al. 

(2014) produce a 30-arcsecond daily climate product but the temporal distribution does 

not include physically representative daily properties. Instead, the 30-arcsecond daily 

time-series in Kilibarda et al. (2014) appear to essentially have a monthly structure that 

has been interpolated to a daily time step. Thus, a trade-off exists between increasing 

the spatial or temporal dimensions, and for the statistically downscaled precipitation and 

temperature products I have produced, I determined it was more important to improve 

the spatial rather than temporal resolution. 

Chapter 3 extends the statistical downscaling method presented in Chapter 2 for use 

with GCMs. GCMs are physically-based models of the Earth’s climate system and are 

the primary means for understanding how the climate will respond to perturbations in 

4Downscaling refers to the application of a model, either statistical or dynamical, to refine the spatial 
or temporal grid of an input. Throughout, I use downscaling to refer to refining the spatial grid of 
gridded climate products. 

http:www.GlobalClimateData.org
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the energy balance. The primary novelty of the method presented in Chapter 3 compared 

to Chapter 2 is that I updated the downscaling package to include two methods for bias-

correcting the input GCM projection simulation. Both bias-correction methods create 

a mathematical mapping from the GCM historical simulation to an historical reference 

gridded time-series and apply this mapping to the GCM projection simulation. After 

bias-correction, the downscaling method presented in Chapter 3 is the same as that 

presented in Chapter 2.5 

Chapter 4 uses the downscaling tools described in Chapters 2 and 3 to project changes 

in monthly snowfall for four important mountain regions: the Alaska Range, Alps, Cen

tral Andes, and Himalaya-Karakoram-Hindu Kush. While the changes represented in 

these projections are derived from the bias-corrected GCMs, the spatial resolution of the 

original GCM simulations is too low to assess the impacts of elevation on climate change 

patterns. A novel aspect of this work, therefore, is the ability to compare elevation-

dependent changes in climate for any region. 

Chapter 5 presents the Conceptual Cryosphere Hydrology Framework (CCHF), which 

is a structure I have developed for assessing existing and novel conceptual cryosphere 

hydrology models. A central goal of this research is to advance our ability to make 

robust projections of the impacts of climate on streamflow in mountain environments. 

While monthly resolution modeling (as is used in Chapters 2-4) is sufficient to understand 

trends in climate change impacts on the long-term trends in average snow conditions and 

glacier equilibrium states, higher temporal resolutions are needed to understand changes 

to the timing and magnitude of streamflow. Three novel aspects of Chapter 5 are that (1) 

CCHF decreases the barriers to testing new cryosphere process representations because 

it is designed to be modular, (2) I implement conceptual cryosphere heat transfer and 

internal energy representations that have not been applied in this way before, and (3) 

CCHF is easy to use for any global land area. 

Chapter 6 combines the downscaled historic climate reanalysis (Chapter 2), the down

scaled GCM projection simulations (Chapter 3), and a conceptual cryosphere hydrology 

model (Chapter 5) to assess historic and projected run-of-river hydropower resource po

tential. As they’re combined in Chapter 6, these models and the overarching method 

are referred to as the Hydropower Potential Assessment Tool (HPAT). In Chapter 6 we 

demonstrate HPAT for Falls Creek, Oregon, USA, which is a privately owned run-of-river 
5Appendix A is the user manual for the downscaling package presented in Chapter 3. 
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hydropower facility with a 4.96 MW generation capacity. I use Falls Creek as a test case 

because I have measured streamflow through the turbine there, allowing me to relate 

power output to streamflow and validate HPAT as a tool for simulating run-of-river hy

dropower potential. I use monthly climate products to implement a hydrologic model 

and simulate historic and projected future streamflow for Falls Creek. Using monthly 

climate data enables modeling the seasonality of hydropower resource potential changes 

but does not allow characterization of changes in extreme streamflow events. During 

an extreme event, run-of-river hydropower facilities use diversions to route excess water 

around the infrastructure to prevent damage, but are unable to utilize the diverted wa

ter. The choice is made to use the monthly products from Chapters 2 and 3 because it 

allows HPAT to be distributed as a single package. This makes HPAT easier to imple

ment for any region because all of the model components have been developed by me, 

which allows them to be distributed with HPAT, and are available for any global land 

area. The only region-specific data needed to implement HPAT are streamgage observa

tions, which are used for model calibration. As is seen in Chapter 6, these data can be 

improvised from other sources though, e.g. by empirically relating power production at 

an existing run-of-river facility in the region to flowrate. 

Chapter 7 provides a summary and synthesis of my graduate research. With the 

exception of Chapters 3 and 4, which are companion manuscripts, each component of my 

research has independent merit. Together, my research adds to our understanding of the 

links between the climate, cryosphere, and water resources in mountain environments. 

I’ve learned a substantial amount about these topics, and many corollaries to them, 

during my graduate school journey and Chapter 7 provides some more general reflections 

on best practices and future work. 
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ABSTRACT: 

Monthly total precipitation and mean temperature climate surfaces, grid

ded to 30 arcseconds (≈ 1 km at the equator) and available for all global 

land areas, are presented. These datasets are generated with a Delta down

scaling method, using the 30 arcsecond WorldClim climatologies to scale 

monthly anomaly grids. For monthly mean temperature, the anomalies 

are constructed from both the Climate Research Unit (CRU) and Will

mott & Matsuura (W&M) 0.5 degree time-series datasets, while for monthly 

precipitation Global Precipitation Climatology Centre (GPCC) data are 

also used. The 0.5 degree anomalies are then interpolated to the 30 arcsec

ond resolution. Use of Piecewise Cubic Hermite Interpolation Polynomials 

to interpolate the anomaly grids results in more physically representative 

Delta downscaled surfaces, compared to bilinear and cubic spline interpola

tion. The Delta downscaled products are compared to Global Historical Cli

matology Network (GHCN) station records for six test regions distributed 

globally. In this analysis, the Delta grids produced using the W&M time-

series dataset perform better than grids produced using GPCC or CRU. 

Using Oregon, USA as a test region, the Delta downscaled datasets are com

pared to the Parameter-elevation Regressions on Independent Slopes Model 

(PRISM) datasets. For monthly precipitation PRISM performs better than 

each of the three Delta downscaled datasets, but for mean temperature both 

Delta downscaled datasets outperform PRISM. Through computing the 

Pearson product-moment correlation coefficient between GHCN station-

delineated errors in the WorldClim climatologies and the Delta downscaled 

W&M data, it is shown that performance of the Delta grids corresponds 

strongly to performance of the reference climatologies. Therefore, future 

improvement of the 30 arcsecond Delta grids described in this article is 

strongly tied to advances in the high resolution climatological data for all 

global land surfaces. 

Keywords: downscaling, precipitation, mean temperature, monthly time-series, global 

climate data, high resolution 
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2.1 Introduction 

Mean monthly temperature and total monthly precipitation data are commonly used 

in hydrologic and agricultural studies (Döll et al., 2003; Renard and Freimund, 1994). 

In North America, several high spatial resolution (i.e. on the order of 30 arcseconds) 

monthly datasets exist, such as Parameter-elevation Regressions on Independent Slopes 

Model (PRISM) (Daly et al., 2002), Daymet (Thornton et al., 1997), and ClimateWNA 

(Wang et al., 2012). In contrast, for many other regions of the world the highest res

olution monthly precipitation and mean temperature datasets currently available have 

a spatial resolution of 10 arcminutes (approximately 18.5 km at the equator) (Hijmans 

et al., 2005), which is twenty times coarser than the Delta downscaled grids presented 

in this paper. The theoretical temporal coverage of the Delta downscaled datasets pre

sented is from 1900 to 2010; however, in practice grids for the first half of the twentieth 

century should be used with caution because the reference climatologies utilized in the 

datasets’ construction are for 1950 to 2000. In addition to this significant temporal 

coverage, the Delta downscaled monthly precipitation and mean temperature datasets 

presented herein are gridded to a spatial resolution of 30 arcseconds for all global land 

surfaces, open source, and freely available (at http://www.globalclimatedata.org). 

The present datasets are produced from available gridded meteorological data using 

a Delta downscaling method. The Delta method, as implemented herein, requires a 

lower resolution monthly times series and a high resolution climatology as inputs, where 

the latter input must contain a physically-representative, fine-scale distribution of the 

meteorological variable over the landscape. The purpose of using the Delta downscaling 

method, as compared to direct interpolation of low spatial resolution sources to a higher 

spatial resolution, is that the Delta downscaling process incorporates high resolution 

orographic effects, which are not represented in the low resolution input grids. In the 

current study, two Delta downscaled datasets are produced for monthly mean temper

ature, where one uses the 0.5 degree Climate Research Unit (CRU) (New et al., 2000; 

Mitchell and Jones, 2005; Harris et al., 2013) time-series and the other uses the analo

gous Willmott & Matsuura (W&M) product (Matsuura and Willmott, 2012a,b) as the 

low resolution time-series input. For monthly precipitation CRU, W&M, and the Global 

Precipitation Climatology Centre’s (GPCC) 0.5 degree Full Data Product (Becker et al., 

2013) are used. GPCC is only available for precipitation but is included because it is 

http:http://www.globalclimatedata.org
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well regarded (Fekete et al., 2004). In all instances, the WorldClim 30 arcsecond clima

tologies (Hijmans et al., 2005) are used as the high resolution reference needed for the 

Delta downscaling method. 

This implementation of the Delta downscaling method relies entirely on gridded input 

data. The advantage of using gridded sources instead of beginning from spatially discrete 

station records is that the gridded approach leverages the work that groups (such as CRU, 

W&M, etc.) have done to collect station records from multiple sources and process the 

data. This is significant since many sources of station records have copyrights on their 

data (Becker et al., 2013) and the raw records sometimes contain errors such as incorrect 

units or spatial position (Hijmans et al., 2005). While utilizing gridded products does 

forfeit a degree of control in the downscaling process compared to starting with station 

records, the decision should be viewed as a tradeoff and likely results in a greater number 

of station records being incorporated into the presently discussed downscaled products. 

There are many sources of 0.5 degree monthly precipitation and mean temperature 

grids. CRU, W&M, and GPCC are used here because of their global coverage and long 

temporal ranges, which are almost the entire period between 1900 and the present. For 

a high resolution climatology dataset, WorldClim appears to be the only source with a 

spatial resolution of 30 arcseconds that is available for all global land surfaces. Unlike 

many other climatologies, WorldClim is a 51 year climate normal, using input data 

for the period 1950 to 2000. The next highest resolution climatologies available for all 

global land surfaces are constructed by New et al. (2002) and have a spatial resolution 

of 10 arcminutes. As noted by Daly et al. (2008) WorldClim has deficiencies relative 

to the PRISM climatologies; most notably, WorldClim appears to overestimate leeward 

precipitation and underestimate windward precipitation. However, given that PRISM 

is not available for the majority of the world, WorldClim is, in many regions, the only 

dataset of 30 arcsecond climatologies. 

The quality of the Delta downscaled data is assessed by comparing it to Global His

torical Climatology Network (GHCN) station records (Lawrimore et al., 2011; Peterson 

and Vose, 1997) for six test regions distributed around the world. GHCN is produced by 

the National Oceanic and Atmospheric Administration, through the U.S. Department 

of Commerce, and provides a consolidated set of available global weather station time-

series data. Various statistics, including Mean Absolute Error (MAE) and Weighted 

Mean Absolute Percent Error (WMAPE) are calculated between GHCN records and the 
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corresponding Delta downscaled grid values. As a benchmark of relative quality, the 

same statistics are also calculated between gridded PRISM data (Daly et al., 2008; Daly 

et al., 2002) and GHCN records for stations within the state of Oregon, USA. PRISM 

is chosen for comparative purposes because these grids are the “official spatial climate 

data sets of the U.S. Department of Agriculture” (Daly et al., 2008), are well-regarded 

(Adam et al., 2006; Cosgrove et al., 2003), and have a similar resolution to the Delta 

downscaled data discussed herein. 

The Oregon test region is also used to compare use of three separate anomaly inter

polation schemes in the Delta downscaling method. Through this exercise, the Piecewise 

Cubic Hermite Interpolation Polynomial (PCHIP) scheme is chosen as the anomaly in

terpolation scheme that results in the most physically representative downscaled grids. 

This variation of the Delta downscaling method is then applied for all six test regions 

and for each of the low resolution time-series inputs. The statistical correspondence 

between the GHCN station records and Delta downscaled grids are aggregated over all 

stations and time-series elements for each test region, and presented herein. This as

sesses how closely the Delta downscaled grids represent meteorological values at known 

station locations. Since WorldClim is the only source of high resolution climatologies, 

it is also important to assess the propagation of error from WorldClim to the Delta 

downscaled grids. This is done by mapping station delineated WMAPE values for the 

Pakistan test region and calculating the Pearson correlation coefficient between station 

WMAPE values for WorldClim and the Delta downscaled W&M data (labeled herein as 

“Delta(W&M)”). Together, the analysis presented assesses variations of the Delta down

scaling method, choice of input time-series dataset, and the affect of the high resolution 

reference climatology on the physical representation of the downscaled data. 

2.2 Input Data 

2.2.1 30 Arcsecond Climatological Normals 

Accounting for orographic effects on precipitation and mean temperature is particularly 

important at the 30 arcsecond resolution because many grid cells do not contain a me

teorological station. Additionally, the location of stations tends to be biased towards 

population centers and arable land, which are primarily located in valleys (Hutchinson 
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and Bischof, 1983). Due to these meteorological sampling realities, if station records 

were directly interpolated to a 30 arcsecond grid without utilizing additional parameters 

(e.g. elevation) as independent variables, the resulting climatologies would inherently be 

overly smooth and biased towards values in the local valleys. 

WorldClim is produced using available station data as input to the ANUSPLIN 4.3 

package (Hutchinson, 2004). The ANUSPLIN thin plate smoothing spline algorithm 

incorporates elevation, longitude, and latitude as independent variables in the process of 

fitting a climate surface through station records. The parameters related to orographic 

effects on climate are not limited to those used in ANUSPLIN. PRISM, for example, 

includes in its regression algorithm aspect, slope, coastal proximity, and “orographic 

effectiveness” (Daly et al., 2008). Thus it is expected that the PRISM climatologies 

represent the spatial heterogeneity of precipitation better than WorldClim, especially 

in mountainous areas where aspect and slope become more significant. An advantage 

of WorldClim compared to PRISM though, is that WorldClim is freely available for all 

global land surfaces. 

Uncertainty is inherent in any procedure where meteorological values are being in

terpolated to locations without station records. This uncertainty is difficult to quantity 

precisely because there are no station records. Therefore, in the application of interpo

lating station records, most measures of uncertainty may better be classified as measures 

of sensitivity. The two methods presented by WorldClim to assess their products are 

(1) a procedure called data-partitioning where half the data are used in the interpola

tion scheme and compared to the remaining half of the data, and (2) a cross-validation 

technique. The data-partitioning procedure yields a mean uncertainty of less than 2 ◦C 

for mean temperature and 50 mm for total precipitation for most regions of the world 

(Hijmans et al., 2005). In cross-validation, individual stations are removed in turn, the 

ANUSPLIN package is run on the remaining data, and the interpolated data at the 

removed station’s location is compared to that station’s observed value. Mean cross-

validation errors are significantly lower for most regions of the world, with an upper 

magnitude of 0.4 ◦C for mean temperature and 10 mm for total precipitation. The 

lower errors found using cross-validation compared to data-partitioning simply reflect 

the increased amount of information used to produce the climate surfaces in the cross-

validation method. While both the cross-validation and data-partitioning errors are 

presented as absolute uncertainty, normalized uncertainty would be more illuminating, 
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especially for precipitation, since normal precipitation and temperature regimes vary 

widely by global region. 

2.2.2 0.5 Degree Historical Monthly Datasets 

A wide variety of acceptable low resolution monthly datasets exist which could be used 

as input to a downscaling method. For instance, Voisin et al. (2010) utilize remotely 

sensed data from the Tropical Rainfall Measurement Mission (TRMM) to produce high 

resolution precipitation grids. TRMM has geographic coverage between 50 degrees South 

and North, which excludes most of Canada and Russia, and was launched in 1997. The 

short duration of the dataset reduces its utility as an indicator of long-term trends. There 

is also an ongoing discussion of TRMM’s accuracy (Stampoulis and Anagnostou, 2012) 

and how to transform the TRMM data products to improve their physical representation 

(Condom et al., 2011). Of particular note, Condom et al. (2011) summarize a finding 

by multiple groups that TRMM underestimates precipitation for mountainous regions. 

Due to TRMM’s limited geographic and temporal coverage, and to avoid the extra 

computational steps that would be required to transform it, TRMM data are not used 

in the current study. 

Reanalysis models, such as ERA (Dee et al., 2011) and NCEP (Kanamitsu et al., 

2002), are other possible choices as low resolution input data. These datasets are derived 

from physically-based climate models, which generally produce multi-layered output for a 

host of parameters at daily or sub-daily time-steps. Each re-analysis product has its own 

strengths and weaknesses, and the quality is generally improving (Sheffield et al., 2004). 

NCEP has a temporal coverage of 1948 through the present, but is only gridded to a 

spatial resolution of 2.5 degrees, which is a common resolution for products derived from 

Global Climate Models (GCM), but is coarser than other available sources. Additionally, 

the real strength of reanalysis products is for applications within atmospheric studies 

where forcing data are needed for multiple layers or studies that require derived variables. 

Presently, the CRU and W&M 0.5 degree global datasets are used as low resolution 

time-series inputs to the Delta downscaling process for both monthly precipitation and 

mean temperature, and GPCC is utilized as an additional time-series input for monthly 

precipitation. These three datasets are ranked among those that represent “our current 

‘state-of-the-art’ understanding of global precipitation distribution” (Fekete et al., 2004). 
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The extensive temporal coverages of the CRU, W&M, and GPCC data are also useful 

because it allows them to be used to evaluate long-term trends. 

The W&M and CRU data are comparable in many respects and differ primarily due to 

the precise list of station records and the interpolation schemes used. The version of the 

CRU data used herein is CRU TS3.10 which unlike the CRU TS2.10 dataset (Mitchell 

and Jones, 2005) is not explicitly homogenized by CRU; although, the station data 

may have been homogenized by the individual meteorological organizations providing it 

(Harris et al., 2013). The W&M data used for precipitation and mean temperature are 

versions 3.02 and 3.01, respectively (Matsuura and Willmott, 2012a,b). 

Each of these input datasets draws on its own compiled set of station data, which are 

then interpolated to grids using a methodology specific to the group. Due to this, the 

number of stations contributing information to an interpolated cell varies between region 

and dataset. An example is provided in Figure 2.1, which shows the average number of 

stations from the CRU TS3.10 dataset influencing each interpolated cell for the years 

1951 to 2000. From Figure 2.1 it is apparent that there are significant disparities in 

station densities between regions. For instance, USA and Europe have relatively high 

station densities compared to most of Asia and South America. The trends in regional 

station densities seen in Figure 2.1 are qualitatively similar amongst the input datasets 

used herein (W&M: Matsuura and Willmott, 2012a,b; GPCC: Becker et al., 2013; World-

Clim: Hijmans et al., 2005); however, the number of stations and the networks of station 

data utilized by each group differ, in some places significantly, as seen through figures 

included in the preceding dataset citations. 

The methodologies used by the CRU and W&M groups to produce their 0.5 degree 

grids are similar to the Delta method employed herein, except that their methods are 

designed to extrapolate grids from discrete station data. CRU and W&M first pro

duce 0.5 degree gridded climatologies from all available station records. Each group 

then calculates anomaly values at cells where station data are available for the spe

cific time-series element being produced. These partially empty anomaly grids are then 

filled using an interpolation technique specific to the group. Whereas the CRU dataset 

is created using triangulated linear interpolation for this step (Harris et al., 2013), 

W&M use inverse-weighting and triangular-decomposition interpolation schemes on a 

two-dimensional spherical surface (Willmott and Robeson, 1995). 

GPCC Full Data Version 6 (Becker et al., 2013) is used as a third time-series input 
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Figure 2.1: Average number of stations influencing the precipitation value for each grid 
cell in the CRU TS3.10 dataset from 1951 to 2000. The color gradient saturation value 
is 50, although the largest number of contributing stations for a single cell is 605. 

for producing Delta downscaled precipitation grids. GPCC utilizes the SPHEREMAP 

method developed by Willmott et al. (1985) to interpolate the available station data 

onto a grid. An apparent strength of GPCC is that their database includes significantly 

more stations than either CRU or GHCN (Becker et al., 2013). 

2.3 Methods 

2.3.1 Delta Downscaling Procedure 

The Delta downscaling method is used with the data inputs described in Section 2.2 to 

produce 30 arcsecond monthly precipitation and mean temperature grids. Figure 2.2 

uses transects at a fixed latitude through Oregon, USA to illustrate the components and 

steps of the Delta downscaling process for temperature, using the W&M dataset as the 

0.5 degree time-series and WorldClim climatology datasets. The first step (Figure 2.2a), 

is to construct a 0.5 degree climatology for each month from the 0.5 degree time-series 

dataset. The low resolution climatology is produced using the years from 1950 to 2000 

because this is the range used by WorldClim to construct their climatology data. A 

0.5 degree anomaly (blue line of Figure 2.2b) is then calculated. For temperature, the 
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anomaly is the difference between the time-series element and corresponding low res

olution climatology, while for precipitation the anomaly is the ratio of the time-series 

element to the corresponding month’s climatology. The anomaly is then interpolated to 

the 30 arcsecond WorldClim grid (red line of Figure 2.2b). The final step of the Delta 

method (Figure 2.2c), is to transform the high resolution anomaly back to an absolute 

surface through scaling it by the WorldClim climatology for the corresponding month. 

This transformation undoes the creation of the anomaly. Therefore addition is used for 

temperature and multiplication is used for precipitation. 

(a) Creating Anomaly (b) Interpolating the Anomaly 
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−122.5 −122 −121.5 −121

−4

−2

0

2

4

Longitude (degrees)

T
e
m

p
e
ra

tu
re

 (
C

e
ls

iu
s
)

 

 

Delta(W&M) − 30 arc−sec (Jan 2001)

WorldClim − 30 arc−sec (Jan 1950−2000)

Figure 2.2: Transects highlighting the Delta downscaling method at a latitude of 44.25◦ 

North, passing through the state of Oregon, USA. 

The step of interpolating the anomaly grid from the original to the high resolution 

coordinates, illustrated in Figure 2.2b, can be carried out using many interpolation 
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methods. In this study, bilinear interpolation, cubic spline interpolation, and PCHIP 

are compared. Bilinear interpolation fits a linear function over each interval on the 

original grid, first in one dimension, then in the other. The cubic spline interpolation 

scheme is Matlab’s interp2 function (MATLAB, 2011), which fits a “natural” spline (i.e. 

one without a tension parameter) to each interval. The two-dimensional PCHIP function 

is an extension of the one dimensional form from Fritsch and Carlson (1980), using the 

method discussed in Press et al. (1992) to extend the scheme into two dimensions. 

Bilinear interpolation does not allow under- or overshooting (i.e. the interpolated 

surface cannot have values outside the original range), but is only first order accurate. 

Cubic spline and PCHIP are both third order accurate, but cubic spline interpolation 

allows under- and overshooting, while PCHIP does not. In the current context, under

shooting can lead to undesirable artifacts such as negative precipitation anomalies, which 

necessarily produce negative precipitation surfaces. PCHIP is both third-order accurate 

and constrains the interpolated surface to the original range. 

It is also important to mention that while the overarching structure of the Delta 

downscaling method implemented here is similar to those presented in such sources 

as Hayhoe (2010) and Fowler et al. (2007), specific components of the methods are 

distinct because the applications are different. In both Hayhoe’s and Fowler’s studies, 

the anomaly grids (also referred to as “change factors”) are calculated as the difference 

between past and future GCM simulation climatologies. The anomalies are then used to 

scale station observations, resulting in a downscaled time-series that simulates altered 

future conditions (Hayhoe, 2010). In the current study, anomaly grids are calculated as 

the difference between a historical 0.5 degree time-series and a corresponding gridded 

climatology constructed from the same 0.5 degree time-series dataset. These anomaly 

grids are then scaled by a historical 30 arcsecond climatology containing orographic 

effects, which results in a downscaled historical time-series dataset that includes high 

resolution climatic effects. 

A relevant point Fowler raises about the Delta method, though, is that the method 

assumes “the spatial pattern of climate will remain constant” (Fowler et al., 2007), where 

climate in this instance is referring to a meteorological variable and not a multi-year cli

mate average. In the present study, this translates to the assumption that the WorldClim 

climatologies represent high resolution orographic meteorological effects equally well for 

all points in time. Since all years of data produced using the Delta method rely on the 
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same WorldClim climatology to impart high spatial resolution orographic effects, there 

may be instances where this assumption is weak. For example, if regional circulation 

differs from the mean (i.e. climatological) state, this may effect the orientation of the 

windward and leeward sides of a topographic feature. 

2.3.2 Downscaled Grid Evaluation 

A common measure of uncertainty in climate surface assessment is cross-validation. 

WorldClim and W&M distribute maps of the cross-validation error, which they calculate 

by systematically withholding a station from the dataset, running the data processing 

and interpolation algorithms, and calculating the difference between values at the station 

location for the datasets with the station included and withheld. Cross-validation is a 

good measure of sensitivity in the downscaled dataset to density and distribution of in

put stations; however, it requires spatially discrete station data. The input data sources 

(e.g. CRU, WorldClim, etc.) do not release the station records used to produce their 

grids, primarily to respect copyrights on the station data as discussed in Becker et al. 

(2013). Cross-validation is therefore not applicable because it is not possible to system

atically withhold individual stations. As outlined in Sec. 2.1, there are multiple benefits 

to using gridded products in the current study, which, the authors believe, outweigh the 

disadvantage of not being able to perform cross-validation. 

The Delta downscaled data are instead assessed by treating GHCN station data as 

observed values and comparing them to the corresponding downscaled grid’s value for 

the cell that the GHCN station is within. This method does not independently verify 

the accuracy of the downscaled grids since all of the gridded input datasets utilized in 

this work contain GHCN station records as one of their input sources. GHCN is, though, 

the largest freely available collection of station records with a global spatial distribution. 

It should be understood, therefore, that utilizing GHCN in assessment of the current 

Delta grids is the most practical option and is a measure of the Delta downscaling 

method’s ability to retain and reproduce observed precipitation and temperature values; 

this assessment is valuable for understanding the Delta downscaled grids. 

Comparison of 30 arcsecond Delta downscaled data at all global GHCN locations 

would be impractical (due to computational time), therefore the southwest portion of 

the Yukon Territory in Canada, Altai Republic in Russia, Germany, Oregon in the 
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Figure 2.3: Global Historical Climatology Network (GHCN) station distribution and 
Delta data test regions (delineated with red boxes); “Adj” refers to adjusted GHCN 
station records and “Non” to non-adjusted GHCN records. The top-most layer is stations 
with adjusted precipitation (pre) records because these are the scarcest, followed by 
adjusted mean temperature (tmn), and with non-adjusted precipitation as the bottom
most layer. Due to the layering, many of the “Tmn Adj” and “Pre Non” locations are 
not visible. 

USA, Pakistan, and Central Argentina are used as test regions (shown in Figure 2.3). 

Comparison of Delta downscaled data to GHCN station records within each of these 

regions assesses how well the grids produced herein correspond to known values. This 

enables assessment of sensitivity to anomaly interpolation method, time-series input, 

and WorldClim climatologies, and ensures that the final product performs well. 

GHCN monthly precipitation and mean temperature station data, in adjusted or non-

adjusted form, are available for almost all global land surfaces. The GHCN adjustment 

process removes apparent shifts in the measurements that are unrelated to “true climatic 

variations,” as described in detail by Menne and Williams (2009) and Enloe (2012). 

As Figure 2.3 shows, adjusted temperature data (version 3) are available for the entire 

globe, while adjusted precipitation data are mainly available for northern latitude regions 

(North America, Northern Europe, and parts of Asia). In assessing the Delta downscaled 

temperature grids, the adjusted GHCN records are always used. With precipitation, 

adjusted data are used when present; where partially available, analysis of precipitation 
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based upon both adjusted and non-adjusted data are provided. 

The earliest temperature record in the GHCN records is from 1701 (Peterson and 

Vose, 1997), but in this study the Delta downscaled data are compared for all months of 

the years beginning with 1981 and continuing through 2009. The range 1981 to 2009 is 

chosen because it is long enough to capture a significant degree of inter-annual variability 

and corresponds to a procured set of PRISM data. Comparison is made between the 

PRISM and Delta downscaled grids for the Oregon, USA test region, producing an 

instructive benchmark of relative quality for the high resolution time-series datasets. The 

PRISM data are available at a resolution of 1.25 arcminutes, which is 2.5 times coarser 

than the Delta downscaled data; neither dataset is resampled though, to preserve their 

intended structures. A visual comparison is also carried out between PRISM and Delta 

downscaled time-series transects, allowing for a qualitative assessment of their respective 

meteorological parameter representations. 

For the Oregon, USA test region the Delta downscaled data are also compared to 30 

arcsecond grids which are directly interpolated from the 0.5 degree W&M data (labeled 

“DI(W&M)”). PCHIP interpolation is used to produce the DI(W&M) grids because 

of the advantages of PCHIP relative to bilinear or cubic spline interpolation outlined 

in Section 2.3.1. It is expected that the directly interpolated grids will perform worse 

than their downscaled equivalents because direct interpolation ignores all fine-scale topo

graphic influences on precipitation and temperature. Still, it is an instructive exercise to 

quantify how much increased value is added through utilization of the Delta downscaling 

process. 

2.3.3 Statistical Formulations 

Six statistics, defined mathematically in Table 2.1, are used to compare the performance 

of Delta downscaled grids relative to GHCN station records for each of the six test regions; 

three of the statistics are percent statistics and three are dimensional statistics. Five 

of the statistics are reported for precipitation while only the dimensional statistics are 

applicable for temperature due to the arbitrarily defined zero point in most temperature 

scales. 

The first dimensional statistic reported is bias, which simply quantifies the net aver

age difference between the modeled and observed variable. Mean Absolute Error (MAE) 
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is similar to bias except that MAE is the mean of the absolute errors. Also reported 

is the Root Mean Square Error (RMSE), which is a measure of deviation. Reviews on 

the usefulness of RMSE as a metric are mixed, with Willmott et al. (2009) stating that 

RMSE’s interpretation is conflated because its value is affected by both the mean in 

the error and the variability. The essential argument is that RMSE is affected by the 

distribution of errors within the set, the size of the set, and the average error, while 

the MAE is a direct measure of average model performance (Willmott and Matsuura, 

2005). Nonetheless, RMSE is a common statistic across a number of disparate fields and 

is useful to those who are familiar with it. 

Table 2.1: Reported statistics, where P refers to the predicted value, O to the observed 
value, and n is the number of elements. 
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Mean Absolute Percent Error (MAPE) uses an absolute difference (i.e. error) and 

is normalized by the observed value to form a percentage. The MAPE normalization 

factor causes errors in smaller observed values to be reflected more heavily than similar 

magnitude errors in larger observed values. A method of correcting for this is to form the 

Weighted Mean Absolute Percent Error (WMAPE), which is constructed from MAPE 

by replacing the averaging factor (1/n) with weighting factors (|Oi| in the numerator n 
and |Oj | in the denominator). The formulation of WMAPE provided in Table 2.1 

highlights the weighting factor in the definition, although for computational purposes 

the WMAPE formula can be simplified. 

MAPE and WMAPE are equivalent in the special case when all observed values are 

equal and all associated errors are also equal. WMAPE will be similar to or larger than 

MAPE when errors occur for the wettest precipitation measurements or more extreme 

temperature regimes; WMAPE will be smaller than MAPE if the converse is true or if the 

errors are equal but the observations vary. An advantage of MAPE and WMAPE over 

non-normalized variants, such as mean absolute error, is that they are more consistent 

across regions with different climate regimes. 

The Nash-Sutcliffe Efficiency (NSE), like RMSE, is a squared statistic, but with 

more common application within hydrology. The NSE’s range is negative infinity to 

positive one, where a value of zero indicates that the mean of the observed data is as 

good a predictor as the modeled values. NSE values less than zero indicate the modeled 

predictions are a worse fit than the mean observed value and an NSE of one indicates an 

exact fit. Legates and McCabe Jr (1999) and Willmott et al. (2011) note that because the 

NSE is a squared metric, it is more sensitive to a fewer number of extreme errors than to 

small, consistent errors. Additionally, the effect of the denominator is to bias the NSE 

towards values closer to one in situations where variations in the observed parameter n 
(i.e. the (Oi − O)2 factor) are large compared to when the observed parameter is 

relatively static. 

2.4 Results 

Results are primarily summarized as tables of statistics between the Delta downscaled 

grids and GHCN station records, aggregated over all station locations and all time steps 

for the period of years beginning with 1981 and extending through 2009. Delta(W&M) 
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is used to denote 30 arcsecond Delta downscaled data produced using W&M as the 

low resolution time-series, while Delta(CRU) and Delta(GPCC) refer to the analogous 

products produced using CRU and GPCC, respectively. 

Section 2.4.1 presents performance of the Delta downscaled data produced using the 

three anomaly interpolation methods described in Section 2.3.1 and PRISM data for the 

Oregon, USA test region. Sections 2.4.2 and 2.4.3 then present the main results, which 

are the quality of Delta(W&M) and Delta(CRU) precipitation and mean temperature 

grids for the six global test regions. 

2.4.1 Anomaly Interpolation Method for Oregon 

It is first necessary to establish which of the anomaly interpolation methods discussed 

in Section 2.3.1 produces the most accurate downscaled surfaces. Figure 2.4 shows tran

sects of Delta downscaled temperature grids for July 1996, passing through Oregon, 

using bilinear, cubic spline, and PCHIP interpolation. Tables 2.2 and 2.3 compare the 

associated aggregated GHCN metrics for Oregon precipitation and mean temperature 

data produced using the Delta downscaling method, direct interpolation, and PRISM 

data. It is evident in both Tables 2.2 and 2.3 that the Delta downscaling method is not 

particularly sensitive to bilinear, cubic spline, or PCHIP interpolation. For the majority 

of statistics though, the Delta downscaled data produced using PCHIP interpolation 

perform slightly better than those produced using either bilinear or cubic spline interpo

lation. Therefore, for the remainder of the paper, the Delta downscaled data presented 

and discussed are produced using PCHIP interpolation. 

For both precipitation and mean temperature, direct interpolation performs worse 

than each of the Delta(W&M) and PRISM datasets, which is expected per the discussion 

in Section 2.3.2. It is also evident in Table 2.3 that the Delta(W&M) mean temperature 

datasets outperform the PRISM data, which is an unexpected result. In the case of 

precipitation though, the PRISM data perform better than the Delta(W&M) data. 

2.4.2 30 Arcsecond Monthly Precipitation Surfaces 

Table 2.4 provides aggregated statistics for each of the six test regions delineated in 

Figure 2.3, for the Delta(W&M), Delta(CRU), and Delta(GPCC) precipitation grids. 
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Figure 2.4: Delta downscaled products for July 1996 at a latitude of 42.25 degrees, 
comparing use of bilinear, spline, and PCHIP interpolation as described in Section 2.3.1. 

GHCN adjusted precipitation records (as defined in Section 2.3.2) are available for the 

the entire area of all test regions except Pakistan and Argentina. For the Pakistan 

test region, both adjusted and non-adjusted statistics are given because adjusted GHCN 

records are only available for a northern band of the region, while for Argentina only 

non-adjusted GHCN records are available. 

The Delta(W&M) precipitation dataset outperforms both the Delta(CRU) and 

Delta(GPCC) datasets on aggregated statistics for every region except Germany, where 

Delta(CRU) performs better than either of the others. Assessing inter-regional perfor

mance within the Delta(W&M) dataset requires identifying which metric best reflects 

a given project’s needs. For example, if regional performance within the Delta(W&M) 

precipitation dataset is ranked by WMAPE, the Germany test region has the lowest 

value (11%) and the Russia region the highest (21%); under inspection of NSE, the 

Delta(W&M) data’s best regional performance is for the Oregon, USA region (0.96) and 

worst performance is still for the Russia region (0.82). 
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2.4.3 30 Arcsecond Monthly Mean Temperature Surfaces 

With version 3 of the GHCN station records, adjusted temperature data are available 

for all regions of the world. Table 2.5 provides a comparison of the aggregated statistics 

for each of the six test regions. For monthly mean temperature, performance between 

Delta(W&M) and Delta(CRU) as well as between regions is similar, relative to perfor

mance of the analogous precipitation data. For MAE, Delta(CRU) only outperforms 

Delta(W&M) for the Russia test region. Within the Delta(W&M) dataset, the MAE is 

almost twice as large for the Argentina region as for the Canada, Russia, or Pakistan 

regions, but is still less than 1◦C. 

2.5 Discussion 

The three possible sources of error in the Delta downscaled data are the Delta proce

dure, the low resolution time-series dataset, and high resolution reference climatologies. 

Section 2.4.1 of the results finds that error incurred through the Delta method is re

duced slightly by using PCHIP for interpolating the anomaly grids, which does not 

require further exploration. Section 2.5.1 of the discussion compares Delta downscaled 

grid performance relative to PRISM for the Oregon, USA test region, exploring perfor

mance differences between Delta grids created using the 0.5 degree W&M, CRU, and 

GPCC datasets. Assessment of the Delta grid statistics relative to PRISM generally 

validates the Delta method and establishes a benchmark of performance. Lastly, impact 

of the 30 arcsecond WorldClim climatologies on Delta downscaled grids is examined by 

first computing WorldClim statistics relative to GHCN station records, then calculating 

the correlation between the station delineated WorldClim WMAPEs and corresponding 

Delta(W&M) WMAPEs. 

2.5.1 Delta and PRISM Performance for Oregon 

Assessing the performance of PRISM grids for the Oregon test region is useful as a 

benchmark for the Delta downscaled grid performance in other regions. Example tran

sects of all high resolution time-series products are provided in Figure 2.5. It is readily 

apparent that while the values of the Delta(W&M), Delta(CRU), and Delta(GPCC) 

datasets vary substantially, the shapes of the distributions are very similar. It should be 
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recognized based upon the description of the Delta downscaling method in Section 2.3.1 

that this is a property of the Delta downscaling method and that the quickly varying 

spatial structure results from the spatial distribution of the WorldClim dataset. 

(a) Monthly Mean Temperature (b) Monthly Total Precipitation 
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Figure 2.5: PRISM, Delta(W&M), Delta(CRU), and Delta(GPCC) (GPCC for precipi
tation only) transects for November 1998, at a latitude of 42.25 degrees, passing through 
Oregon, USA. The Delta data are produced using the method described in section 2.3.1 
and have a spatial resolution of 30 arcseconds, while the PRISM data are gridded at 
1.25 arcminutes. 

2.5.1.1 Monthly Mean Temperature for Oregon 

Table 2.6 summarizes the aggregated statistics for Delta(W&M), Delta(CRU), and 

PRISM in the Oregon, USA test region. For RMSE, the Delta downscaled mean tem

perature data perform almost twice as well as PRISM. The precise reason for the Delta 

datasets’ superior representation of monthly mean temperature is unknown. It could 

simply be related to differences in input data or could result from PRISM’s choice of 

independent variables used to distribute and grid their temperature input data. 

Delta(W&M) performs better than Delta(CRU) for MAE and RMSE, although 

Delta(CRU) has a slightly lower bias. The difference in bias is evident in Figure 2.5a, 

which shows the Delta(CRU) temperatures to be consistently warmer than those in the 

Delta(W&M) dataset. Since the two Delta datasets are identical except for the input 

time-series, this difference in bias necessarily results from differences in the W&M and 
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CRU datasets. 

2.5.1.2 Monthly Precipitation for Oregon 

Table 2.7 summarizes the statistical performance between high resolution precipitation 

grids and GHCN station records for the Oregon, USA test region. The disparity between 

the PRISM, Delta(W&M), Delta(CRU), and Delta(GPCC) is greater for precipitation 

than mean temperature. Of note, the ratio between MAPE and WMAPE varies sig

nificantly by dataset. For example, the ratio of MAPE to WMAPE for Delta(CRU) is 

3.4 compared to 1.6 for PRISM. As mentioned in Section 2.3.3, this suggests that the 

PRISM errors tend to be larger for wetter months rather than drier ones, while the errors 

in Delta(CRU) are relatively more even between wet and dry months. 

Better performance by PRISM is expected because the PRISM algorithm accounts 

for aspect and slope, among other variables, whereas the ANUSPLIN package used to 

construct WorldClim only accounts for elevation, longitude, and latitude as independent 

variables. The stark contrast between Delta(W&M), Delta(CRU), and Delta(GPCC) 

is not expected though, especially because Oregon has the highest precipitation gage 

density of all six regions. 

Figure 2.6 compares monthly WMAPE values aggregated over all stations for the 

years 1981 through 2009. It is evident that the Delta downscaled products’ largest 

WMAPE values occur from June through September, which are the driest months in 

Oregon, USA. Reviewing the WMAPE formula in Table 2.1, greater WMAPE values 

for the Delta data during these months indicate that the size of the errors may remain 

constant, while the sum of the observed values for the month (i.e. the WMAPE’s de

nominator) decreases. The difference in monthly WMAPE values between the Delta 

downscaled datasets highlights that choice of low resolution dataset in the Delta down

scaling procedure significantly affects the quality of the resulting dataset. 

Although the summer errors in Oregon are significantly higher than the winter errors, 

the affect of these errors on a hydrological model may be less significant. Leibowitz et al. 

(2011) and McCabe and Clark (2005) show that precipitation in many regions of the state 

is an order of magnitude greater for January than it is for July. Thus, summer runoff is 

largely driven by winter precipitation and spring-summer temperatures (Serreze et al., 

1999; Leibowitz et al., 2011). 
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Figure 2.6: Monthly WMAPE for PRISM, Delta(CRU), Delta(GPCC), and 
Delta(W&M) precipitation grids in the Oregon, USA test region, using all GHCN station 
records for the years 1981 to 2009, inclusive. 

2.5.2 Evaluation of WorldClim for Pakistan 

Pakistan is chosen as the region to evaluate WorldClim because it straddles the spatial 

boundary of the adjusted GHCN precipitation records and because it is a region of the 

world where WorldClim is the only source of 30 arcsecond climatologies. Section 2.5.2.1 

establishes the aggregated degree of correspondence between WorldClim and GHCN 

records for the region. It is then shown in Section 2.5.2.2 that the station delineated 

WMAPE values between WorldClim and Delta(W&M) grids for the region are strongly 

correlated. 

2.5.2.1 WorldClim Correspondence to GHCN 

Tables 2.8 and 2.9 provide aggregated statistics highlighting the similarity between the 

WorldClim 30 arcsecond reference climatologies and the GHCN station records for the 

Pakistan region. The statistical formulas are the same as those used to assess the Delta 

time-series grids (Sections 2.4.2 and 2.4.3), but the methodology for calculating the statis

tics is different because the WorldClim grids are climatologies instead of time-series. In 

calculating the statistics, a given GHCN station is only used if it has data for at least 
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75% of the time-steps used to produce the corresponding WorldClim climatology. If this 

requirement is met for a given month of a station’s records, the month’s records are 

averaged over the years between 1950 and 2000, inclusive. Statistics are then calculated 

between this spatially-discrete GHCN climatology and the relevant WorldClim climatol

ogy. The initial number of non-adjusted GHCN stations in the Pakistan region is 97, 

which is reduced to 41 through the 75% time-step threshold criteria. 

In the case of non-adjusted GHCN precipitation records, WorldClim performs slightly 

better (Table 2.8) than the Delta(W&M) dataset (Table 2.4). In contrast, when com

pared to the adjusted GHCN records, Delta(W&M) and WorldClim perform similarly 

for both precipitation (Table 2.4 to Table 2.8) and mean temperature (Table 2.5 to Ta

ble 2.9). The fact that the aggregated errors for WorldClim and the Delta grids are 

generally similar begs the question of whether the discrepancies between WorldClim and 

GHCN are directly correlated to the differences between the Delta grids and GHCN 

data, which is discussed in Section 2.5.2.2. 

2.5.2.2	 Correlation of WMAPE Between WorldClim and 

Delta(W&M) 

The distribution of station delineated WMAPE values for WorldClim and Delta(W&M) 

in the Pakistan region are presented visually in Figure 2.7. WMAPE values for both 

adjusted and non-adjusted GHCN station records are included since adjusted records 

are only present for the northern portion of the Pakistan region. The stations included 

for WorldClim WMAPEs (Figure 2.7a) are those meeting the 75% criteria described in 

Section 2.5.2.1. All GHCN stations with records for the period 1981-2009 are included 

in the map of WMAPE distribution for Delta(W&M) (Figure 2.7b), since these are the 

time-series elements reported in Section 2.4.2. The WMAPE bins used in these maps are 

not uniform, proceeding in increments of 8% up to 32%, with a large fifth bin extending 

between 32% and 145%. This scheme is chosen because the majority of station WMAPE 

values are less than 32%, with a few extreme values of up to 145%. 

WMAPEs in the 32−145% range are present for both the adjusted and non-adjusted 

GHCN station records and for both the WorldClim and Delta(W&M) datasets. The 

majority of these large WMAPEs occur in northern Pakistan, where the terrain is very 

mountainous and partially glaciated. There are also a few large WMAPE values at 
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(a) WorldClim WMAPE (1950 to 2000) (b) Delta(W&M) WMAPE (1981 to 2009) 

Figure 2.7: Station delineated WMAPE precipitation errors for the Pakistan test region. 
Figure 2.7a gives WorldClim WMAPE at GHCN stations for which at least 75% of the 
time-series records used in WorldClim are present. Figure 2.7b is Delta(W&M) WMAPE, 
at all stations where any GHCN records are present. Glacier outlines are from GLIMS 
(Armstrong et al., 2012; Raup et al., 2007) and the Digital Elevation Model (DEM) is 
from the WorldClim data portal (Hijmans et al., 2005a). 

station locations away from the Himalaya mountains in relatively topographically ho

mogeneous areas. Although the origin of these outlying WMAPEs is not known, two 

plausible explanations are that they are artifacts of the WorldClim data cleaning and 

adjustment process or that they are related to the version of GHCN data used by World-

Clim. The paper describing WorldClim was published in 2005 and states that version 

2 of the GHCN data are used. The current GHCN temperature dataset is version 3.2 

although version 2 is still current for precipitation. Since the aggregated statistical dif

ferences between WorldClim and adjusted GHCN data are similar for both precipitation 

and mean temperature, it seems that the version of GHCN data used does not entirely 

explain the difference between the two datasets. Regardless of which explanation ac

counts for the differences between WorldClim and the GHCN climatologies, the two 

datasets have a similar spatial distribution, especially for stations with WMAPE values 

of 32 − 145% (Figure 2.7a compared to Figure 2.7b). 

The hypothesis that there is a strong correspondence between magnitude of sta
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tion WMAPEs in the WorldClim and Delta(W&M) datasets is confirmed by cal

culating the Pearson product-moment correlation coefficient (often referred to as r 

value) (Lee Rodgers and Nicewander, 1988), between station WMAPEs present in both 

datasets. The r value is defined as 

nn 
(Xi − X)(Yi − Y ) 

i r = _ (2.1) 
n nn n 
(Xj − X)2 (Yk − Y )2 

j k 

where n is the total number of elements being compared, the two ordered sets are denoted 

by X and Y , and the range of r is −1 to 1. All station delineated WMAPE values in 

Figure 2.7a are compared to WMAPEs from Figure 2.7b, in cases where the station IDs 

match. The resulting r value is 0.939, suggesting that, at least for the Pakistan region, 

the spatial distribution of WMAPE values present in the WorldClim climatologies are 

passed on the Delta(W&M) data. 

Evidence of a correlation between WorldClim and the resulting Delta downscaled 

grids does not determine whether it is desirable or undesirable for WorldClim to deviate 

from GHCN records at specific station locations. It does confirm, though, that the 

climate distributions present in the high resolution reference climatologies are transferred 

to the Delta downscaled dataset. For regions such as North America where there are 

multiple sources of high resolution climatologies, it is valuable to ensure a physically 

accurate climatology is used. For other regions, where WorldClim is the only option, 

it should at least be noted that effects present in WorldClim, both good and bad, will 

significantly impact the resulting Delta downscaled grids. 

From inspecting the figures of station distribution and cross-validation errors for 

WorldClim in Hijmans et al. (2005), it is evident that there is not an obvious relationship 

between station density and dataset performance. The reason is that other factors such 

as elevation, aspect, and proximity to a large body of water also affect local climate 

(Daly et al., 2008). Therefore, while maps of relative station density (such as Figure 2.1) 

may help inform a dataset user, other metrics such as cross-validation of the dataset 

are also worth considering. Maps of cross-validation are available for WorldClim and 

the gridded time-series datasets utilized as inputs herein, but are not produced for the 



39 

resulting Delta data because cross-validation is primarily applicable when gridded data 

are being derived from station data. 

2.6 Conclusion 

The 30 arcsecond Delta(W&M), Delta(CRU), and Delta(GPCC) monthly precipitation 

and mean temperature datasets presented here are open source and available for all 

global land surfaces, with a usable temporal resolution extending back to at least the 

1950s. Considering the set of six test regions, the Delta(W&M) dataset outperforms 

both Delta(CRU) and Delta(GPCC) in most cases. For the case of temperature though, 

both Delta downscaled datasets perform well for all test regions, with MAE values less 

than 0.7◦C for all regions except Argentina. The regional statistics validate the Delta 

downscaling method as a tool for increasing the spatial resolution of gridded meteorolog

ical data while maintaining the desirable features of both the low resolution time-series 

and high resolution reference climatology inputs. In addition to considering the per

formance of the Delta grids relative to GHCN station data, users should also be aware 

of the relative station density and physiographic heterogeneities within their region of 

interest. 

Improvements to the Delta method are of course possible and do impact the resulting 

data’s performance. For example, for the Oregon, USA test region it is shown that inter

polating the anomaly grid with PCHIP results in better performance than using either 

bilinear or cubic spline interpolation. All of the Delta downscaling variations, though, 

are shown to be superior to directly interpolating the 0.5 degree resolution time-series 

data to the 30 arcsecond grid. For mean monthly temperature, both the Delta(W&M) 

and Delta(CRU) datasets are shown to perform slightly better than PRISM when com

pared to GHCN station records. In the case of precipitation, PRISM outperforms the 

Delta downscaled data by varying degrees. The comparison to PRISM verifies that the 

Delta downscaling method presented herein strongly reproduces mean temperature and 

reasonably represents precipitation as well. 

The spatial distribution of WMAPE errors in the WorldClim grids corresponds 

strongly to that of the resulting Delta(W&M) grids for Pakistan. WorldClim is the 

only dataset of 30 arcsecond climatologies available for all global land surfaces; yet, 

the WorldClim climatologies are purported by Daly et al. (2008) to inaccurately rep
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resent windward and leeward precipitation. Thus, a significant limitation to improving 

the Delta downscaled precipitation data performance may be the availability of a more 

physically representative set of 30 arcsecond reference climatologies. Without WorldClim 

though, the Delta downscaled datasets discussed herein would not be possible for much 

of the Earth’s land area. If another set of 30 arcsecond global climatologies becomes 

available, it will be straightforward to incorporate the new (or updated) climatologies 

into the Delta downscaling tool described herein. 

Existence of a single source of 30 arcsecond precipitation and mean temperature grids 

is a significant addition to the research community because it allows groups to focus more 

resources on uses of the data rather than on producing the data themselves. The program 

and inputs to create the Delta downscaled datasets described herein are freely available 

at at http://www.globalclimatedata.org. The authors’ hope is that as improvements to 

the dataset become possible, they will be implemented and the work will continue to 

be freely distributed; however, the Delta(W&M) dataset is already a strong resource for 

parties interested in driving 30 arcsecond distributed hydrological models or studying 

high resolution historical trends in precipitation and mean temperature. 
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Table 2.3: Analogous to Table 2.2 except for mean temperature grids instead of precip
itation and 46 GHCN stations. 

Product Interp Bias (◦C) MAE (◦C) RMSE (◦C) 

PRISM N/A -0.2 0.7 1.4 

DI(W&M) PCHIP -1.0 1.4 1.7 

PCHIP -0.2 0.6 0.8 
Delta(W&M) Bilinear -0.2 0.6 0.8 

Spline -0.2 0.6 0.8 
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Table 2.5: Aggregated statistics between the Delta downscaled monthly mean tempera
ture grids and GHCN station records for all data points available in the range of years 
1981 to 2009, inclusive. 

Low-Res 
Region # stns Bias (◦C) MAE (◦C) RMSE (◦C)

Source 

Canada 17 -0.1 0.6 0.8 
Russia 4 -0.2 0.6 0.8 

Willmott and 
Germany 62 -0.1 0.6 1.4 

Matsuura 
Oregon 46 -0.2 0.6 0.8 
Pakistan 57 -0.1 0.6 0.9 
Argentina 10 -0.5 1.0 1.6 

Canada 17 -0.1 0.7 1.1 
Russia 4 -0.2 0.5 0.7 

CRU Germany 62 -0.0 0.7 1.5 
Oregon 46 -0.1 0.7 0.8 
Pakistan 57 -0.0 0.6 0.9 
Argentina 10 -0.5 1.0 1.6 

Table 2.6: Aggregated Statistics between high resolution time-series mean temperature 
grids (Delta(CRU), Delta(W&M), Delta(GPCC), and PRISM) and GHCN records for 
the Oregon, USA test region. 46 GHCN stations are used in formulating these aggregated 
statistics. 

Metric PRISM Delta(W&M) Delta(CRU)
 

Bias (◦C) -0.2 -0.2 -0.1 
MAE (◦C) 0.7 0.6 0.7 
RMSE (◦C) 1.4 0.8 0.8 
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Table 2.7: Aggregated Statistics between high resolution time-series precipitation grids 
(Delta(CRU), Delta(W&M), Delta(GPCC), and PRISM) and GHCN records for the 
Oregon, USA test region. 38 GHCN stations are used in formulating these aggregated 
statistics. 

Metric PRISM Delta(W&M) Delta(CRU) Delta(GPCC)
 

MAE (mm) 5.3 8.2 13.1 11.5 
MAPE (%) 14.1 30.8 70.7 45.5 
WMAPE (%) 8.6 13.2 21.1 18.5 
RMSE (mm) 12.9 15.6 23.6 20.4 
NSE (unitless) 1.0 1.0 0.9 0.9 

Table 2.8: Aggregated Statistics between WorldClim precipitation grids and GHCN 
records for the Pakistan test region. GHCN stations with non-adjusted (“Non”) records 
are distributed throughout the region while those with adjusted data (“Adj”) are only 
in the Northern portion of the region, as shown in Figure 2.3. 

Metric Adj Non 

# Stns 14 41 

MAE (mm) 4.9 5.1 

RMSE (mm) 10.3 13.7 

MAPE (%) 41.2 26.1 

WMAPE (%) 19.6 13.0 

NSE 0.9 1.0 

Table 2.9: Aggregated Statistics between WorldClim mean temperature grids and the 
40 GHCN stations with adjusted records within the Pakistan test region. 

Bias (◦C) MAE (◦C) RMSE (◦C) 

-0.1 0.7 1.0 
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Chapter 3: Global Climate Model Downscaling Package. Part I: A
 

Statistical Method for Use over Any Land Area
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ABSTRACT: 

While Global Climate Models (GCMs) are useful for simulating climatic re

sponses to perturbations in the Earth’s climate system, higher spatial reso

lution projections of climatic responses than are available through direct use 

of GCMs are needed for many applications. We present a downscaling pack

age able to efficiently bias correct and delta downscale simulations from any 

GCM participating in the fifth phase of the Coupled Model Intercompari

son Project (CMIP5) for any global land area. The included bias correction 

methods are univariate empirical quantile mapping (QM) and bivariate em

pirical joint bias correction (JBC). The skill of QM and JBC at improving 

downscaled GCM historic simulations is evaluated through comparing the 

downscaled GCM simulation’s cumulative distribution functions (CDFs) 

with Global Historical Climatology Network (GHCN) station CDFs for 

precipitation and mean surface air temperature between 1950-2000 within 

three test regions: Oregon (in the USA), the Alps (spanning several coun

tries in Europe), and the Ganges Delta (in India and Bangladesh). We 

also assess the representation of precipitation and mean temperature joint 

probability distributions relative to those present in GHCN station data. 

Delta downscaled GCM simulations bias corrected with QM prior to being 

downscaled perform better under all forms of the present analysis, including 

precipitation and temperature correlation, than GCM simulations bias cor

rected with JBC and GCM simulations that have not been bias corrected. 

Overall, downscaled GCM simulations that have been bias corrected with 

JBC still perform better than downscaled GCM simulations that have not 

been bias corrected. These results validate the bias correction methods as 

a means to improve GCM simulations for the purpose of delta downscaling 

them. 

Keywords: downscaling, precipitation, mean temperature, monthly time series, global 

climate data, high resolution 
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3.1 Introduction 

Global Climate Models (GCMs) are the best available tool for understanding possible 

future changes to the Earth’s climate; however, they are computationally expensive and 

are therefore run at spatial resolutions on the order of 100 km (Taylor et al., 2012). 

For watershed-scale modeling or other studies where sub-GCM scale climate variability 

impacts results, climate simulations from GCMs must be downscaled to a higher resolu

tion. While downscaling coarse spatial resolution time-series is sometimes controversial 

(e.g. see Hall , 2014) and each downscaling method involves its own set of assumptions 

(e.g. see Wilby et al., 2004), downscaling is capable of improving climate representations 

relative to directly resampling the time-series grids to a finer resolution (Busuioc et al., 

1999; Mosier et al., 2014). In previous studies, daily and monthly high spatial resolution 

downscaled GCM simulations have been produced at a resolution of 30 arcseconds (≈ 1 

km at the equator) for specific regions such as the United States (Abatzoglou and Brown, 

2012; Thrasher et al., 2013), but the highest resolution globally downscaled GCM simu

lations are 0.25 degrees (≈ 25 km at the equator) (Thrasher et al., 2012). We present a 

set of codes (referred to throughout as the ‘downscaling package’) for bias correcting and 

delta downscaling monthly precipitation and surface air temperature GCM simulations 

to the resolution of a reference climatology. We use the WorldClim 30 arcsecond refer

ence climatologies (Hijmans et al., 2005) and, therefore, the downscaled monthly grids 

presented here also have a 30 arcsecond spatial resolution. Given that the minimum spa

tial coverage of the the downscaling package inputs used here is all global land areas, the 

package can be readily implemented for any global land area. Our downscaling package 

is freely distributed at GlobalClimateData.org. 

The version of our downscaling package presently being assessed is 3.2 and is designed 

to work with all GCM time-series simulations for the fifth phase of the Coupled Model 

Intercomparison Project (CMIP5; Taylor et al., 2012) as well as Climate Research Unit 

(CRU; Harris et al., 2014), Global Precipitation Climatology Center (GPCC; Rudolf 

et al., 2010), and Willmott & Matsuura (W&M; Willmott and Matsuura, 1995) 0.5 

degree monthly reanalysis products. The downscaling package includes two optional 

empirical bias correction methods, univariate quantile mapping (QM) and bivariate joint 

bias correction (JBC). 

Downscaling methods are often labeled as either dynamical or statistical. Dynami

http:GlobalClimateData.org
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cal downscaling models use physical conservation relationships to model the sub-GCM 

scale climatic patterns (Lo et al., 2008). Dynamical downscaling methods are compu

tationally expensive and difficult to use for many regions because they require station 

data for a variety of parameters that are often not well-sampled (e.g. soil conditions; 

Lo et al., 2008). In contrast, statistical downscaling methods apply regression relation

ships between covariates or other time-invariant models (e.g. see summary of several 

statistical methods in Wilby et al., 1998 and Hayhoe, 2010). For example, local surface 

air temperature and precipitation are partially functions of topography (Rolland , 2003; 

Roe, 2005). Statistical methods are much more computationally inexpensive and flexible 

with respect to input requirements. The delta downscaling method is a commonly used 

statistical downscaling method (Hay et al., 2000; Diaz-Nieto and Wilby , 2005; Fowler 

et al., 2007; Mosier et al., 2014; Lutz et al., 2014), and is the downscaling method used 

here. 

The current work builds on an initial version of our downscaling package, presented 

in Mosier et al. (2014), which is able to downscale CRU, GPCC, and W&M 0.5 degree 

historic reanalysis products. Mosier et al. (2014) compares downscaled reanalysis to 

GHCN station data for five regions distributed around the globe. In Mosier et al. (2014) 

Parameter-elevation Regression on Independent Slopes (PRISM) reanalysis (Daly et al., 

2002) are also compared to GHCN station time-series data for the Oregon region. It is 

seen that the delta downscaled mean temperature reanalysis have lower mean absolute 

errors (MAEs; Table 3.1) than PRISM and that the downscaled precipitation reanalysis 

have larger weighted mean absolute percent errors (WMAPEs; Table 3.1) than PRISM. 

In this study we evaluate the efficacy of bias correcting and delta downscaling GCMs 

for Oregon, the Alps, and the Ganges Delta regions, shown in Fig. 3.1, by comparing 

downscaled simulations for each test region to available Global Historical Climatology 

Network (GHCN) station data (Lawrimore et al., 2011). These regions are used because 

each contains several GHCN stations (the lowest number is 20) and have contrasting 

climatic regimes. For instance, monthly precipitation and mean temperature are nega

tively correlated for all months in the Alps and Ganges Delta, while these variables are 

positively correlated for October through March in Oregon (Table 3.2). Additionally, 

Oregon and the Alps receive significant snowfall seasonally and contain multiple moun

tains, while the Ganges Delta does not receive snowfall, is flat, and close to sea-level 

(Barnett et al., 2005 and Fig. 3.1). 
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Table 3.1: Error statistics used, where M refers to the modeled value, O to the observed 
value, and n is the number of values compared. 

Statistic Definition
 
n

MAE Mi − Oi 
n 

i=1 
n

n 

n 

1
 

Mi − Oi
Oi × 

Oi 
WMAPE
 i=1 × 100%
n

Oj 

n 

j=1 

Figure 3.1: Geographic extent and names of the three downscaling package test regions. 
The digital elevation model is GTOPO30 (DAAC , 2004), glacier coverage is from the 
Randolph Glacier Inventory (Arendt et al., 2012), and country boundaries are from 
the Database of Global Administrative Areas (Hijmans, 2011). Magenta triangles are 
locations of Global Historical Climatology Network (GHCN) precipitation observation 
stations and green circles are GHCN surface air temperature observation stations within 
the test regions (Lawrimore et al., 2011). 

A companion paper to this one, Mosier et al. (2015), downscales an ensemble of 

GCM projection simulations over four mountain regions to investigate the impacts of 

high spatial resolution climate change on snowfall in some of the World’s important 
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Table 3.2: Pearson product-moment correlation coefficient (Kornbrot , 2005) between 
precipitation and mean temperature at co-located GHCN stations using all available 
data for 1950-2000 for each test region. GHCN precipitation and temperature paired 
data points are aggregated between all GHCN stations within each region, separately by 
month. The number in parentheses is the number of GHCN stations used. In all cases 
non-adjusted GHCN data are used for precipitation and adjusted GHCN data for mean 
temperature. 

Ganges
Alps Oregon

Month Delta 
(22) (20)

(57) 

Jan -0.38 -0.09 0.40
 
Feb -0.22 -0.11 0.32
 
Mar -0.49 -0.32 0.10
 
Apr -0.35 -0.56 -0.06
 
May -0.35 -0.58 -0.22
 
Jun -0.31 -0.61 -0.34
 
Jul -0.43 -0.57 -0.31
 
Aug -0.33 -0.49 -0.29
 
Sep -0.16 -0.42 -0.22
 
Oct -0.13 -0.23 0.03
 
Nov -0.16 -0.02 0.36
 
Dec -0.35 -0.10 0.45
 

natural water towers. 

3.1.1 Input Datasets 

The three main gridded inputs required for our downscaling package are (1) low spatial 

resolution monthly simulation time-series, (2) high spatial resolution monthly reanalysis 

climatologies at the desired downscaled resolution, and (3) monthly gridded time-series 

for bias correction. We use historic runs for six GCMs as the simulation time-series, 

WorldClim 30 arcsecond climatologies (Hijmans et al., 2005) as the high spatial resolu

tion reanalysis climatologies, and Climate Research Unit (CRU) 0.5 degree monthly 3.21 

time-series (Harris et al., 2014) for bias correction. 
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3.1.1.1 Simulation Time-Series: GCMs 

GCMs participating in CMIP5 are run for several modeling experiments, including one 

in which twentieth century climate conditions are modeled (referred to as a ‘historic 

run’) and a family of experiments that simulate the climate’s response to specific en

ergy balance perturbation scenarios (referred to as a ‘projection run’). The projection 

run experiments are differentiated by their representative concentration pathway (RCP) 

scenario, which varies between 2.6 and 8.5. The number specifies the peak increase in 

energy (units of Watts per square meter) relative to pre-industrial levels (Stocker , 2013). 

When downscaling GCM projection runs using our downscaling package, both a GCM 

projection run and historic run are used. 

Since it is not computationally feasible to downscale all of the more than 40 CMIP5 

GCMs for all global land areas, we assess six GCMs: BCC-CSM (developed by the Beijing 

Climate Center, China Meteorological Administration; Zhang et al., 2012), CESM1

CAM5 (developed by the National Center for Atmospheric Research; Neale et al., 2010), 

GISS-E2-H (developed by the Goddard Institute for Space Studies; Schmidt et al., 2014), 

IPSL-CM5A-LR (developed by the Institut Pierre Simon Laplace; Dufresne et al., 2013), 

MPI-ESM-MR (developed by the Max Plank Institute for Meteorology; Giorgetta et al., 

2013), and NorESM1-M (developed by the Research Council of Norway and based upon 

the Community Climate System Model version 4; Bentsen et al., 2013). These six 

GCMs, referred to respectively as BCC, CESM, GISS, IPSL, MPI, and NorESM are 

chosen because of their contrasting representations of historic climate (see Alder et al., 

2013). 

3.1.1.2 Reanalysis Climatologies: WorldClim 

One of the required inputs to our downscaling package is a reanalysis climatology at the 

desired spatial resolution of the downscaled output. In this work we use the WorldClim 

Version 1.4 30 arcsecond monthly 1950-2000 climatologies (Hijmans et al., 2005). Other 

climatologies exist for regions such as the United States (Daly et al., 2008), but World-

Clim is the only set of 30 arcsecond reanalysis climatologies available for all global land 

areas. The WorldClim climatologies are constructed by creating regression relationships 

between station observations and some of the data’s possible co-variates (e.g. station ele
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vation, latitude, and longitude) using the ANUSPLIN package (Hutchinson, 2004). The 

ANUSPLIN package then grids the variable to a high spatial resolution surface based 

on the calibrated regression relationships. There are many co-variates that WorldClim 

does not account for and physical effects not captured by this method. For example, 

proximity to a large body of water and aspect impact precipitation distribution and are 

accounted for in datasets such as PRISM (Daly et al., 2008) but not the current version 

of WorldClim. 

3.1.1.3 Bias Correction Time-Series: CRU 

A gridded time-series is needed if the GCM simulations are being bias corrected prior 

to downscaling. We use the Climate Research Unit (CRU) TS 3.21 (Harris et al., 2014) 

0.5 degree gridded monthly reanalysis product for this purpose. CRU reanalysis is con

structed by calculating time-series anomalies for each station observation used, gridding 

the anomalies, and transforming the anomalies back to absolute climate surfaces through 

scaling them by a gridded climatology. 

By using CRU for bias correction, we assume that CRU reanalysis represents the his

toric climatic distribution better than GCMs do. We test this by comparing downscaled 

CRU reanalysis to GHCN station data for each of the test regions. 

3.1.2 Bias Correction Overview 

Our downscaling package provides the option to bias correct GCM simulations prior to 

delta downscaling them. Bias correction methods can generally be categorized as either 

univariate or bivariate. They can also be classified based on whether the bias correction 

method fits input points to an analytic distribution (e.g. Gaussian curve) or is empirical 

(i.e. does not assume the points fit a distribution). 

Quantile mapping (QM) is a commonly used univariate bias correction method (e.g. 

Hamlet et al., 2003; Piani et al., 2010; Jakob Themeßl et al., 2011). QM applies a cor

rection factor at each point in the modeled variable’s cumulative distribution. QM bias 

corrects each variable independently, which ignores the dynamic link between precipita

tion and temperature. If precipitation and temperature are bias corrected separately, as 

through QM, the joint representation of these variables can be impacted. 
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In contrast, bivariate bias correction transforms each set of precipitation and tem

perature values simultaneously, usually through copulas, thereby improving the dynamic 

representation between the variables (e.g. Piani and Haerter , 2012; Li et al., 2014). Pi

ani and Haerter (2012) implement an empirical JBC method in which the first variable is 

corrected using QM (their first variable is temperature). They then bin the first variable 

and the distribution of the second variable within each bin is corrected. An analytic JBC 

alternative by Li et al. (2014) is to fit distributions (they fit a gamma function to pre

cipitation and a Gaussian to temperature) to the bivariate distribution of precipitation 

and temperature, then apply analytic QM to the marginal distribution of one variable 

(they try both precipitation and temperature), and subsequently apply QM to the sec

ond variable conditional on the marginal distribution of the first. This joint application 

of QM at every point in the two-dimensional probability space is only possible since they 

fit analytic functions to the distributions, because this allows the marginal distribution 

of each variable to be known everywhere in the domain. 

Overall, the JBC method used in Li et al. (2014) appears to improve GCM per

formance more than Piani and Haerter (2012); however, Li et al. (2014) find that the 

correlation between precipitation and temperature is worse in the bias corrected simu

lations compared to the original GCM simulations for some of the bias corrected GCM 

grid cells. In some instances they even find that bias correction causes the correlation 

to change sign. Li et al. (2014) bias correct GCM simulations for all months simultane

ously, which increases the number of points available to train the analytic distribution 

by a factor of 12. The disadvantage of combining all months is that for many regions 

the correlation between precipitation and mean temperature fluctuates significantly by 

month (e.g. see Table 3.2). 

While JBC improves the dynamic link between variables, individual variable correc

tion may be better using QM on both variables separately. For example, Li et al. (2014) 

find identical performance for the variable that is bias corrected first and slightly worse 

performance for the second variable. A potential issue with JBC is that it reduces the 

effective density of points, since the points are divided into two-dimensional instead of 

one-dimensional probability space. We bias correct each month separately and desire to 

avoid assuming an analytical distribution because the relationship between precipitation 

and temperature varies considerably around the globe and by seasonal (see Table 3.2 for 

monthly comparison of correlations for each test region). Therefore we implement an 
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empirical version of JBC. 

3.2 Methods 

The two main components of our downscaling package are bias correction, discussed in 

Section 3.2.1, and delta downscaling, discussed in Section 3.2.2. The methods and the 

many supporting functions are written in Matlab and are bundled into an easy-to-use 

package that is able to read multiple common geospatial data formats. The package 

allows the user to decide which input datasets to use, the bias correction method to 

apply, and the region and time period to downscale. 

The downscaling methodology explanation in Sections 3.2.1 and 3.2.2 is for a GCM 

projection run. If a GCM historic run is being downscaled, the method is the same but 

the historic run is used in place of both the projection and historic runs. In this study 

we analyze only GCM historic runs because these can be compared to station data. In 

instances where the GCM simulations are bias corrected, they are first resampled CRU 

0.5 degree grid. 

3.2.1 Bias Correction 

In empirical QM (Hamlet et al., 2003; Piani et al., 2010; Themeßl et al., 2012), empirical 

CDFs, ecdf , are calculated for each GCM simulation (both the historic and projection 

runs) and the gridded observation time-series (CRU reanalysis). The process is the 

same for precipitation and temperature, and for bias correcting projection or historic 

simulations. Mathematically the process is described by the equations 

P (Y ) = ecdfmod,his [Y ] (3.1) 

TF [P (Y )] = ecdf−1 [P (Y )] − ecdf−1 [P (Y )] (3.2)obs,his mod,his

Y ' = Y + TF [P (Y )] (3.3) 

where P is the non-exceedance probability of the ecdf corresponding to the modeled 

value Y being bias corrected and Y ' is the bias corrected value corresponding to the 

original value Y . As defined in Eq. 3.2, the transfer function (TF ) is the arithmetic 

difference between the empirical CDF of the CRU time-series (subscript obs, his) and 
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GCM historic run (subscript mod, his) and separate TF s are calculated for each grid 

cell and each month. The TF is applied to the GCM historic run and projection run 

based on the non-exceedance probability of the value relative to the GCM historic run’s 

CDF, as outlined in Eq. 3.3. As displayed in Eqs. 3.1 and 3.2, both projection and 

historic simulations are bias corrected relative to the historic modeled and observed 

CDFs. Supplementary Fig. 3.3 provides example CDFs for an MPI RCP 4.5 projection 

run, an MPI historic run, CRU, and bias corrected MPI RCP 4.5 projection run. We 

use the years 1950-2000 for calculating the ecdf of the two historic time-series (i.e. GCM 

historic run and CRU reanalysis) because these are the years included in the WorldClim 

climatologies. 

We also implement an empirical JBC method to test whether correcting the dynamic 

link between monthly precipitation and mean temperature improves downscaled GCM 

simulation performance. Our JBC method matches empirical copula values, eC, between 

the historic simulation and reference time-series. The empirical copula is defined as 

n1 
eC(X, Y ) = 1 (X ≤ x, Y ≤ y) (3.4) 

n 

where X and Y are the precipitation and mean temperature values for a given pair of 

precipitation and mean temperature values and x and y are the sets of all precipitation 

and mean temperature values in the time-series for the grid point and month being bias 

corrected. As in Eq. 3.2 for QM, a TF is then calculated for precipitation and temper

ature but at each eC value rather than for the univariate non-exceedance probability. 

In instances where multiple paired values share the same eC value, the subset of paired 

points are mapped from the historic model to reference time-series by finding the one

to-one mapping that minimizes the difference in univariate non-exeedance probabilities 

between the historic model and reference time-series paired values within the subset. The 

mapping is then applied simultaneously to each pair of precipitation and temperature 

values of the simulation being bias corrected using the mapping values corresponding to 

the eC value of the simulation being bias corrected in the joint probability space of the 

historic model time-series. Supplementary Fig. 3.4 provides example joint histograms 

for an MPI RCP 4.5 projection run, an MPI historic run, CRU, and bias corrected MPI 

RCP 4.5 projection run. A property of this empirical JBC method is that it reduces to 

the empirical QM method represented by Eqs. 3.1-3.3 in the case where one variable is 
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constant. 

Both the QM and JBC methods ensure that the bias corrected historic model dis

tributions match the historic reference reanalysis’s empirical probability distribution. 

Thus, for QM the bias corrected GCM historic run’s CDFs match the CRU reanalysis 

CDFs and for JBC the GCM historic run’s joint histogram matches the CRU reanalysis’ 

joint histogram. 

3.2.2 Delta Downscaling 

The bias corrected inputs are delta downscaled according to the following steps (see Fig. 

3.2 for a visual example of the inputs, intermediary products, and downscaled output): 

1. Calculate a GCM historic-run monthly climatology from the monthly GCM time-

series to be downscaled (e.g. Fig. 3.2C). The GCM historic-run climatology is 

constructed for the same years used in the high resolution historic reanalysis cli

matology, which are 1950-2000 because we use WorldClim. 

2. Monthly anomaly grids (e.g. Fig. 3.2D) of the GCM projection temperature time-

series are constructed by differencing each month of GCM projection time-series 

(e.g. Fig. 3.2B) with the corresponding month’s historic-run climatology (e.g. Fig. 

3.2C); a ratio is used for constructing precipitation anomalies. 

3. The monthly anomaly GCM time-series (e.g. Fig. 3.2D) are interpolated from the 

original GCM spatial resolution to the WorldClim spatial grid, which has a 30 

arcsecond resolution, using Piecewise cubic Hermite Polynomial interpolation in 

two dimensions (Fritsch and Carlson, 1980; Press et al., 1992) (e.g. Fig. 3.2E). 

This interpolation scheme is used because it is shown to produce downscaled output 

that perform slightly better than those produced using other interpolation methods 

(Mosier et al., 2014). 

4. The interpolated GCM anomaly grids are then transformed back to absolute cli

mate surfaces through scaling them by WorldClim (e.g. Fig. 3.2F). For temperature 

an additive scaling is used and for precipitation a proportional scaling is used. The 

output of this process are the downscaled GCM simulations (e.g. Fig. 3.2G). 
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Figure 3.2: Example of delta downscaling mean monthly surface air temperature for 
the MPI historic run in the Alps region. The grids are (A) GTOPO30 digital elevation 
model for the Alps test region (DAAC , 2004) (B) MPI November 1993 simulation, (C) 
MPI November 1950-2000 climatology created from historic run, (D) anomaly between B 
and C, (E) anomaly from D interpolated to the WorldClim spatial grid, (F) WorldClim 
November 1950-2000 climatology, and (G) downscaled MPI simulation for November 
1993. Color bars are the same for the absolute temperature values (‘Abs Temp’) in B, 
C, F, and G and for the anomaly temperature values (‘Anom Temp’) in D and E. 
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3.2.3 Analysis of Downscaled Reanalysis and GCM Simulations 

We assess downscaled CRU reanalysis and downscaled GCM historic runs by comparing 

them to GHCN station data within each of the three test regions (Fig. 3.1). We abbre

viate the downscaled CRU reanalysis to ‘delta(CRU)’, downscaled GCM historic runs 

that have not been bias correction to ‘delta(GCM: No BC)’, downscaled GCM historic 

runs bias corrected with QM to ‘delta(GCM: QM)’, and downscaled GCM historic runs 

bias corrected with JBC to ‘delta(GCM: JBC)’. 

We assess downscaled GCM historic simulations in probability space rather than 

as time-series because GCMs reproduce long-term climatic features (e.g. frequency and 

strength of the El Niño Southern Oscillation) rather than specific weather events. Each 

error value has been calculated over all months and years of GHCN data present between 

1950-2000, separately at each GHCN station. We report the mean of the station errors 

derived at each station. For GCM results the error value reported is the mean error 

for the six downscaled GCMs and the ‘±’ indicates one standard deviation of the errors 

between ensemble members. 

Univariate performance of downscaled precipitation and temperature products is 

evaluated by comparing empirical CDFs of each product to GHCN station empirical 

CDFs. For univariate analysis, all GHCN stations within the region are used and er

ror statistics are calculated between the downscaled product and GHCN CDFs after 

binning values into 50 uniformly spaced non-exceedance probability bins (i.e. 0.0-0.02, 

0.02-0.04, ..., 0.98-1.0). MAE and WMAPE are reported for precipitation and only MAE 

is reported (Table 3.1). 

Joint precipitation and temperature performance is analyzed by comparing the Pear

son product-moment correlation coefficients (r values; Kornbrot , 2005) between precipi

tation and temperature points for downscaled products and co-located GHCN precipita

tion and temperature observations. A geographical coordinate threshold of 0.1 degrees 

in longitude and latitude is used to co-locate GHCN precipitation and temperature ob

servations. 

http:0.02-0.04
http:0.0-0.02
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3.3 Results and Discussion 

In all cases, delta(CRU) reanalysis outperforms delta(GCM: No BC) (Tables 3.3-3.5). 

This is expected and justifies the use of CRU as a historic reference for bias correcting 

the GCM simulations to. The differences in performance vary by region, with the best 

delta(CRU) precipitation and mean temperature performances occurring respectively for 

Oregon (8% WMAPE) and the Ganges Delta (0.4 ◦C MAE) (Tables 3.3 and 3.4). The 

poorest performing regions for delta(CRU) precipitation and temperature are respec

tively the Ganges Delta (13% WMAPE) and Alps (0.7 ◦C MAE) (Tables 3.3 and 3.4). 

Delta(CRU) also reproduces the correlation between precipitation and mean tempera

ture well, with a regionally averaged MAE in r of 0.04 (Table 3.5). A limitation of these 

statistics is that they only convey errors at GHCN stations, which are used in the pro

cess of developing CRU, and not at the grid cells without GHCN stations. The statistics 

are informative because they (1) represent relative performance between regions and (2) 

allow comparison between delta(CRU) reanalysis and GCM simulations. 

3.3.1 Bias Correction Comparison 

Delta(GCM: No BC) on average have WMAPE values 7% larger than delta(CRU) for 

precipitation and MAE values only 0.1 ◦C greater for temperature (Tables 3.3 and 3.4). 

The relatively strong performance of the delta(GCM: No BC) mirrors the common ob

servation that GCMs reproduce temperature better than precipitation (Stocker , 2013). 

Delta(GCM: No BC) simulations also notably model the link between precipitation and 

temperature poorly, with a regional averaged MAE of 0.12 in r. The large precipitation 

errors and poor representation of the link between precipitation and temperature justify 

the use of bias correction in the downscaling process. 

Regionally averaged delta(GCM: QM) performance is equivalent to delta(CRU) for 

both precipitation and mean temperature (Tables 3.3 and 3.4) and correlation error is 

only 0.01 worse than delta(CRU) (Tables 3.5). In contrast, while delta(GCM: JBC) and 

delta(CRU) performance is similar for temperature, regionally averaged precipitation 

WMAPE values are 3% larger and MAE in r is 0.07 greater for delta(GCM: JBC) 

than delta(CRU) (Tables 3.3-3.5). For the Oregon and Ganges Delta, delta(GCM: JBC) 

outperforms delta(GCM: No BC), while the reverse is true for the temperature and 
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Table 3.3: Error between cumulative distribution functions for downscaled monthly pre
cipitation grids and all available GHCN data for 1950-2000. ‘Adj’ refers to adjusted 
GHCN data and ‘Org’ to non-modified data (as defined in Lawrimore et al., 2011). The 
number in the region column refers to the number of stations used in the analysis. Statis
tics reported are mean absolute error (MAE) and weighted mean absolute percent error 
(WMAPE), defined in Table 3.1. 

Region Delta( ) MAE (mm) WMAPE (%) 

CRU 12 13 
Alps 
(Org; 
34) 

GCM: No BC 

GCM: QM 

18 ± 2 

13 ± 0 

20 ± 3 

14 ± 0 

GCM: JBC 16 ± 0 17 ± 0 

Ganges 
Delta 

CRU 

GCM: No BC 

19 

28 ± 10 

14 

21 ± 9 
(Org; 
32) 

GCM: QM 

GCM: JBC 

19 ± 1 

21 ± 0 

13 ± 1 

15 ± 0 

CRU 5 8 
Oregon 
(Adj; 
67) 

GCM: No BC 

GCM: QM 

8 ± 1 

6 ± 0 

14 ± 3 

8 ± 0 

GCM: JBC 7 ± 0 11 ± 1 

correlation in the Alps (Table 3.3-3.5). 

The poorer performance of delta(GCM: JBC) than delta(GCM: QM) is surprising, es

pecially for r because JBC is commonly compared favorably to QM (Piani and Haerter , 

2012; Li et al., 2014). As noted in Section 3.2.1, QM causes the GCM historic run’s 

univariate distribution to exactly match CRU’s and JBC causes the GCM historic run’s 

joint precipitation and mean temperature distribution to match that of CRU. The lim

itation of these bias correction methods in the context of downscaling simulations is 

that spatial relationships between grid cells are not preserved. In particular, in the con

text of delta downscaling, a key step is interpolating the low-resolution anomaly (Step 

3 in Section 3.2.2). Thus, bias correcting grid cells independent of one another changes 

the interpolated anomaly values between grid cell centroids, which in turn impacts the 
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Table 3.4: Mean absolute error (MAE) between cumulative distribution functions for 
downscaled monthly mean temperature grids and all available GHCN data for 1950
2000. Nomenclature is as in Table 3.3. All GHCN stations used are from the adjusted 
GHCN dataset. 

Region Delta( ) MAE (◦C) 

CRU 0.7 

Alps 
(36) 

GCM: No BC 

GCM: QM 

0.7 ± 0.1 

0.6 ± 0.1 

GCM: JBC 0.9 ± 0.0 

Ganges 
Delta 
(28) 

CRU 

GCM: No BC 

GCM: QM 

GCM: JBC 

0.4 

0.5 ± 0.1 

0.4 ± 0.0 

0.3 ± 0.1 

CRU 0.6 

Oregon 
(61) 

GCM: No BC 

GCM: QM 

0.7 ± 0.0 

0.6 ± 0.0 

GCM: JBC 0.6 ± 0.0 

interpolated anomaly grid. 

While JBC is not seen to improve correlation, possibly for the reasons outlined above, 

QM improves the correlation between precipitation and temperature in downscaled sim

ulations relative to delta(GCM: No BC) (Table 3.5). A possible explanation is that 

the original GCMs reproduce temperature patterns well (Table 3.4), and therefore bias 

correction of temperature using QM is minimal. If it were simultaneously the case that 

the precipitation distribution was skewed but that the non-exceedance probabilities were 

roughly correct to represent the dyanimc link, QM could improve the correlation between 

precipitation and mean temperature present in the GCM. In JBC, both precipitation and 

mean temperature are corrected since the TF is selected based on the eC value rather 

than only the poorly modeled variable. Determining the precise cause of the poorer 

performance by JBC than by QM is beyond the scope of this work. 
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Table 3.5: Mean absolute error (MAE) in Pearson product-moment correlation coefficient 
(Kornbrot , 2005) values between GHCN station data and downscaled products for all 
available co-located GHCN data from 1950-2000. Precipitation and temperature GHCN 
stations are considered co-located if their geographic coordinates are within 0.1 degree 
of one another. The number in parentheses is the number of GHCN stations used. In 
all cases non-adjusted GHCN data are used for precipitation and adjusted GHCN data 
for mean temperature. 

Region Delta( ) MAE 

CRU 0.07 

Alps 
(22) 

GCM: No BC 

GCM: QM 

0.13 ± 0.04 

0.08 ± 0.01 

GCM: JBC 0.16 ± 0.01 

Ganges 
Delta 
(57) 

CRU 

GCM: No BC 

GCM: QM 

GCM: JBC 

0.03 

0.11 ± 0.05 

0.04 ± 0.01 

0.09 ± 0.00 

CRU 0.03 

Oregon 
(20) 

GCM: No BC 

GCM: QM 

0.11 ± 0.04 

0.04 ± 0.01 

GCM: JBC 0.09 ± 0.00 

3.3.2 Uncertainty and Assumptions 

There are numerous sources of uncertainty in the current work, stemming from the input 

dataset, bias correction, and delta downscaling procedure. First, GCMs are a useful but 

imperfect tool for understanding the Earth’s climate and response to perturbations. Each 

GCM represents the Earth system differently and the common practice, employed here 

as well, is to account for uncertainties in representation of the climate by GCMs through 

using an ensemble instead of a single GCM. Some limitations in GCMs are somewhat 

universal, though. For example, not all feedbacks between the Earth and atmospheric 

system are fully accounted for and GCMs are typically run at a coarse spatial resolution 

(typically ≈ 50 − 150 km), which is too coarse to represent local processes. 
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There are also uncertainties related to bias correcting GCM simulations. In both the 

QM and JBC methods, it is assumed that the GCM simulations are consistent through

out the historic and projection runs. It is additionally assumed that CRU reanalysis 

represents climate better than GCMs at all points in space and time. CRU is created 

through interpolating available station data and does not account for physical effects 

on climate between station locations (e.g. orography). Therefore, CRU gridded values 

do not represent actual average climate values within each spatial grid cell but are an 

approximation limited by availability of data. Despite these shortcomings, CRU is of

ten used as a reference for GCM simulations (e.g. Cai et al., 2009; Stocker , 2013; Li 

et al., 2014) and it has been shown here that delta(CRU) represents climate better than 

delta(GCM: No BC). 

Mosier et al. (2014) find that errors in downscaled historic reanalysis time-series 

are largely correlated to errors in the high resolution reference climatology. There are 

known issues with WorldClim, for example at capturing the windward and leeward dis

tribution of precipitation across mountains (Daly et al., 2008). Similarly, in regions that 

are relatively data sparse, the number of inputs used in both CRU and WorldClim is 

significantly lower, which increases the uncertainty (Hijmans et al., 2005; see Figure 1 in 

Mosier et al., 2014 highlighting the number of stations influencing each CRU grid cell). 

WorldClim is used here because it it is available for all global land areas, but in regions 

where higher quality high resolution historic reanalysis climatologies exist (e.g. PRISM 

in the contiguous USA), results may be improved by using an alternative source of high 

spatial resolution historic reanalysis climatologies. 

The delta downscaling method also contains uncertainties. An assumption in the 

delta downscaling method is that the sub-GCM scale spatial patterns of precipitation 

and mean temperature remain constant in time and do not change based upon the 

GCM’s spatial anomaly pattern. In reality, the spatial patterns are not constant and 

will change under altered climate scenarios, for instance due to changes in temperature 

lapse rates resulting from changes in clouds (Andrews and Forster , 2008). While the 

delta downscaling method assumes that the sub-GCM scale spatial representation of 

climate derived from the reference climatologies remains constant, temporal and spatial 

changes in climate are imparted from differences between GCM projection and historic 

run simulations through the spatial anomalies. Therefore, feedbacks captured in the 

GCM simulations are captured by the delta downscaling method. 
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Despite these numerous assumptions and uncertainties, downscaled GCM simulations 

are seen to reproduce historic distributions of climate at GHCN station locations (Tables 

3.3-3.5). Thus, for applications where sub-GCM scale climatic patterns are necessary, 

bias correcting and delta downscaling GCM simulations improves performance relative 

to directly resampling the original GCM simulation to the finer resolution grid (see 

comparison of delta downscaling and direct interpolation in Mosier et al., 2014). 

3.4 Concluding Remarks 

Climate varies on a much finer spatial scale than represented by current GCMs. Since 

sub-GCM scale climate differences influence a number of important systems, e.g. ecoys

tems and the cryosphere, it can be useful to downscale GCM simulations. In a companion 

paper, Mosier et al. (2015), we use the downscaling package to project the impacts of 

climate change on snowfall in mountain regions. Our downscaling package is able to 

bias correct and downscale GCM projection and historic simulations to the resolution 

of a high spatial resolution climatology and is able to readily downscale precipitation 

and temperature simulations or reanalysis for any global land area. It is seen that the 

empirical QM method reduces errors in downscaled GCM simulations more than directly 

downscaling GCM simulations or bias correcting them with empirical JBC. These results 

are consistent across GHCN stations located in the Alps (within Europe), Oregon (USA), 

and the Ganges Delta (India and Bangladesh). 

JBC is often lauded as a superior bias correction method to QM because JBC im

proves correlations between precipitation and temperature at each grid cell within a 

GCM simulation relative to the reference dataset. The empirical JBC method used by 

us forces the GCM historic simulation joint probability distribution to match the CRU 

reanalysis joint distribution. Thus, it is expected that delta downscaled GCM simula

tions bias corrected with JBC would demonstrate superior precipitation and temperature 

correlations relative to original GCM simulations or simulations bias corrected with QM. 

It is seen, though, that GCM simulations bias corrected with QM contain smaller precip

itation and mean temperature correlation errors than those biased corrected with JBC. 

This leads to a corollary result, which is that impacts of bias correction on the spatial 

pattern between GCM grid cells can impact later uses of the GCM simulations, and 

therefore should be considered in situations where these spatial changes will influence 
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climate interpretation. 

Through the present analysis, empirical QM has been validated as a means to improve 

GCM simulations for use with the delta downscaling method relative to bias correcting 

GCM simulations with JBC or not at all. There are uncertainties associated with down

scaling GCM simulations that should also be considered. For example, the quality of 

historic reanalysis products is dependent, in part, on density of stations in the proximity 

of each grid cell. Additionally, the delta downscaling method assumes that the sub-GCM 

pattern of precipitation and temperature remains constant in time. These assumptions 

and their consequences should be considered when using the downscaling package to 

synthesize simulations. The tools used to produce the results presented in this article 

are built into the package. Therefore, we recommend that those using the downscal

ing package assess performance of downscaled simulations for their study region. The 

downscaling package is freely distributed at GlobalClimateData.org. 
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3.6 Supplemental Figure 1
 

Figure 3.3: Example cumulative distribution functions (CDFs) used to bias correct an 
MPI projection run (RCP 4.5 shown) using empirical quantile mapping. The grid cell is 
centered at 8.25 ◦E, 45.25 ◦N, which is within the Alps test region and the month being 
bias-corrected is November. Subplot A shows mean temperature and subplot B shows 
precipitation. 
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3.7 Supplemental Figure 2
 

Figure 3.4: Example joint precipitation and mean temperature histograms of gridded 
products used to bias correct an MPI projection run (RCP 4.5 shown) using empirical 
joint bias correction (JBC). The grid cell is centered at 8.25 ◦E, 45.25 ◦N, which is within 
the Alps test region, and the month being bias-corrected is November. Our empirical 
JBC method creates a one-to-one mapping between the GCM historic run and CRU 
reanalysis, independently for each grid cell. Thus, the bias corrected MPI historic run 
joint histogram is exactly equal to that of CRU. 
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Chapter 4: Global Climate Model Downscaling Package. Part II:
 

Projections of Snowfall in Mountain Environments
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ABSTRACT: 

Global climate models (GCMs) are the primary means of projecting how 

climate will respond to perturbations in the Earth’s climate system, yet 

snowfall patterns vary on a much finer spatial scale than currently avail

able GCMs are run at. To investigate projected changes in snowfall, we 

downscale GCM simulations of monthly precipitation and mean tempera

ture using the methods by Mosier et al. (2015), then model snowfall using a 

linear ramp precipitation partitioning model. We optimize the precipitation 

partitioning model parameters for use with monthly inputs by comparing 

modeled snowfall to GCM solid precipitation output. We then apply the 

snowfall model to the downscaled GCM representative concentration path

ways (RCPs) 4.5 and 8.5 simulations from 2020-2100 for the Alaska Range, 

Alps, Central Andes, and Himalaya-Karakoram-Hindu Kush mountain re

gions. We use an ensemble of six downscaled GCMs for each RCP to project 

changes in snowfall for each study region relative to delta downscaled Cli

mate Research Unit historic reanalysis. Under both RCP scenarios, total 

annual snowfall is projected to decrease substantially for each region except 

the Alaska Range, with greater decreases projected under RCP 8.5. 

Keywords: downscaling, snowfall, precipitation partitioning, monthly time series, 

global climate data, high resolution 
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Figure 4.1: Geographical extent and names of the four study regions for which high-
resolution modeled snowfall are projected. The elevation model is from GTOPO30 
(DAAC , 2004), glacier coverage is from the Randolph Glacier Inventory (Arendt et al., 
2012), and country boundaries are from the Database of Global Administrative Areas 
(Hijmans, 2011). 

4.1 Introduction 

Mountains are natural water towers for many regions of the world, typically storing snow 

during winter months and seasonally releasing the water as melt. The resulting snowmelt 

is important for a myriad of reasons, including aiding in seasonal water availability for 

municipal uses, agricultural productivity, and ecosystems (Viviroli et al., 2007). For 

example, more than one billion people in India and Pakistan depend on water from the 

Ganges and Indus Rivers, which derive their water from the Himalaya and Karakoram 

mountains, respectively (Winiger et al., 2005; Immerzeel et al., 2010). The water re

sources in the Indus River are particularly vulnerable to climate change because the 

basin receives approximately 50% of its annual flow from melt sources (Winiger et al., 

2005; Immerzeel et al., 2010). We investigate high-spatial resolution monthly changes 

in the snowfall phase of the snow-reservoir system for the Alaska Range, Alps, Cen

tral Andes, and Himalaya-Karakoram-Hindu Kush (HKHK) mountain regions (extent, 

elevation, and glacier coverage in Fig. 4.1) from 2020-2100. 

Each of the four mountain regions we investigate stores a significant volume of wa
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ter seasonally as snow (Fig. 4.2). The historic snowfall reanalysis shown in Fig. 4.2 is 

produced by delta downscaling Climate Research Unit (CRU) TS 3.21 monthly precipi

tation and mean temperature historic reanalysis (Harris et al., 2014) using the method 

described in Mosier et al. (2014) and the snowfall calculation method explained in Sec. 

4.1.1 of the current paper. The grid cells with the highest modeled historic snowfall are 

located in the Alps, where multiple peaks receive more than 2,700 mm water equivalent 

of snowfall (throughout, units of snowfall are water equivalent). Conversely, the largest 

snowfall value in the Alaska Range is approximately 750 mm but because snowfall occurs 

over the entire Alaska Range region, both the Alps and Alaska Range regions receive 

similar spatially-aggregated, annual average masses of snowfall. The Central Andes and 

HKHK each contain a few peaks that on average receive more than 630 mm and 1,000 

mm of annual snowfall respectively, but large portions of these regions receive little or no 

snowfall. These inter-regional snowfall differences are directly a function of the precip

itation and temperature conditions for each region (see spatially-averaged climographs 

in Supplementary Fig. 4.7). 

Changes in snowfall are indicative of changes in the timing and magnitude of water 

availability within a region. For example, warmer temperatures cause less precipitation 

to fall as snow and contribute to earlier melt onset, resulting in earlier peak runoff 

(Barnett et al., 2005). Therefore, estimating likely changes to the seasonality and volume 

of snowfall is important for understanding and mitigating climate change impacts. 

While GCMs model snowfall at their native resolution (as a solid precipitation field), 

real snowfall patterns vary at a much finer spatial resolution and are a function of lo

cal precipitation and temperature (Beniston et al., 2003). In mountain regions, where 

elevation varies rapidly over short horizontal distances, the spatial distributions of pre

cipitation and temperature are not well represented by GCMs. For example, the grid 

cell size of the CESM1-CAM5 GCM (Neale et al., 2010) is approximately 150 km (Sup

plementary Fig. 4.8). Within such a grid cell it is common for elevation in mountain 

regions to vary by several kilometers and for meteorological conditions to differ markedly. 

Two causes of temperature differences are the moist and dry adiabatic lapse rates, which 

respectively predict temperature differences of about 5 and 10 ◦C per 1 km of elevation 

difference (Wallace and Hobbs, 2006), leading to temperature variations of more than 10 
◦C within a single GCM grid cell. In contrast, the downscaled products produced using 

the method by Mosier et al. (2015) have a spatial resolution of 30 arcseconds (≈ 1 km at 
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Figure 4.2: Average annual snowfall for 1950-2000 modeled using downscaled Climate 
Research Unit (CRU) reanalysis (Harris et al., 2014), produced using the downscaling 
method described in Mosier et al. (2014) and the snowfall model described in Sec. 4.2.1 
of this paper. Units of snowfall are mm of water equivalent. 
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the equator). Therefore, the purpose of downscaling in this context is to minimize errors 

in modeled snowfall relative to errors present in projections of snowfall at the GCM grid 

scale. 

4.1.1 Precipitation Partitioning Overview 

Whether precipitation falls as snow or rain, often referred to as precipitation partition

ing, depends on multiple parameters and complex relationships, including the vertical 

temperature profile, relative humidity, and air pressure (Dai , 2008; Ye et al., 2013). 

Commonly though, precipitation partitioning is modeled as a function of precipitation 

and mean surface air temperature (e.g. Kienzle, 2008 compares several models of this 

nature). 

Precipitation is often partitioned by applying a model to daily or sub-daily inputs. 

At these time-scales common values for Ts and Tr are approximately -1 ◦C and 3 ◦C, 

respectively (Wigmosta et al., 1994). These values are relatively robust between regions 

(Wigmosta et al., 1994; L’hôte et al., 2005). The optimal values change, though, if 

precipitation is partitioned using monthly instead of daily inputs. For instance, visual 

inspection of data presented in McAfee et al. (2014), which is an investigation of precip

itation partitioning for Alaska using downscaled monthly reanalysis, suggests that linear 

ramp fitting parameters would be closer to Ts = −10 ◦C and Tr = 5 ◦C. To understand 

the impact of using monthly inputs to a precipitation partitioning model, we test and 

optimize the linear ramp and step function precipitation partitioning models for each of 

the mountain study regions (outlined in Sec. 4.2.1). 

4.2 Methods 

We use version 3.2 of the downscaling package described in Mosier et al. (2015) to bias 

correct and delta downscaled GCM monthly precipitation and temperature simulations 

to 30 arcseconds (≈ 1 km at the equator) for 2020-2100. Quantile mapping is used 

to bias correct the simulations because Mosier et al. (2015) find that delta downscaled 

GCM simulations bias corrected with this method more closely match Global Historical 

Climatology Network station data than downscaled GCM simulations bias corrected with 

empirical joint bias corrected. WorldClim Version 1.4 climatologies (Hijmans et al., 2005) 
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are used as the high-spatial resolution reference climatologies in the delta downscaling 

method and the GCM simulations are bias corrected relative to CRU historic reanalysis 

for 1950-2000 (Harris et al., 2014). Since the GCM simulations are bias corrected relative 

to CRU, the GCM historic simulation statistics are consistent with those for CRU. Thus, 

the changes represented in the downscaled GCM simulations are consistent with the 

downscaled CRU historic reanalysis time-series. 

There are more than 40 GCMs associated with Coupled Model Intercomparison 

Project Phase 5 (CMIP5) (Taylor et al., 2012). Each CMIP5 GCM has been run for 

a number of experiments, several of which seek to understand Earth’s response to a 

perturbation in the climate energy balance. These experiments are referred to as pro

jection runs and correspond to an representative concentration pathway (RCP) ranging 

from RCP 2.6 to 8.5, where the number refers to the peak increase in Watts per meter 

squared of energy over pre-industrial levels (Stocker , 2013). We use RCPs 4.5 and 8.5 

because they are the most commonly used scenarios and highlight a plausible range of 

likely future climate forcing conditions (Taylor et al., 2012). 

We downscale monthly precipitation and mean temperature simulations from six 

CMIP5 GCMs: BCC-CSM (developed by the Beijing Climate Center, China Meteoro

logical Administration; Zhang et al., 2012), CESM1-CAM5 (developed by the National 

Center for Atmospheric Research; Neale et al., 2010), GISS-E2-H (developed by the 

Goddard Institute for Space Studies; Schmidt et al., 2014), IPSL-CM5A-LR (developed 

by the Institut Pierre Simon Laplace; Dufresne et al., 2013), MPI-ESM-MR (developed 

by the Max Plank Institute for Meteorology; Giorgetta et al., 2013), and NorESM1-M 

(developed by the Research Council of Norway and based upon the Community Climate 

System Model version 4; Bentsen et al., 2013). These six GCMs are chosen because they 

generally reproduce modern climate well and provide a range of climate energy imbal

ance responses for our four study regions (Alder et al., 2013). We report results based on 

the ensemble of the six GCMs, for each RCP separately, and report the ensemble mean 

projections and standard deviations between ensemble members. 

4.2.1 Precipitation Partitioning Optimization 

Two precipitation partitioning methods commonly used in hydrologic studies (e.g. Wig

mosta et al., 1994; Wang et al., 2004; Liston and Elder , 2006a) that we test for modeling 



89 

snowfall, S ([S] = mm; square brackets indicate units of the enclosed variable), are 

Tr − Tair
S = × P	 (4.1)

Tr − Ts⎧ ⎨P if Tair ≤ Ts 
S = ⎩0 otherwise 

(4.2) 

Tr is the temperature above which all precipitation occurs as rain ([Tr] = ◦C), Tair is 

the surface air temperature (typically at a 2 m height above the ground; [Tair] = ◦C), 

and Ts is temperature below which all precipitation occurs as snowfall ([Ts] = ◦C), and 

P is precipitation ([P ] = mm). Eq. 4.1 is a linear ramp function and Eq. 4.2 is a step 

function. 

We test the linear ramp and step functions for their ability to reproduce monthly 

GCM historic snowfall simulations using monthly GCM historic simulations of precipita

tion and mean temperature as inputs. Each of these GCM monthly fields is statistically 

consistent with the corresponding GCM daily field. Thus, this test allows us to assess the 

errors incurred by (1) using a simple precipitation partitioning model to reproduce the 

GCM solid precipitation field and (2) using monthly inputs for projecting monthly snow

fall. Use of monthly inputs for precipitation partitioning has precedence (e.g. in McAfee 

et al., 2014, which compares monthly modeled snowfall to measurements at stations in 

Alaska). 

We optimize the precipitation partitioning parameters for GCM grid cells contained 

within each of the four mountain study regions as well as for all global land areas for 

three GCMs (BCC-CSM, CESM1-CAM5, and MPI-ESM-MR). This allows us to assess 

how sensitive calibration of the precipitation partitioning model is for specific region and 

GCM combinations as compared to using a single set of precipitation partitioning model 

parameters for all regions and GCMs. The format of the test is: 

1. Optimize Ts and Tr separately for each GCM and region combination. 

2. Average the regionally-optimized Ts and Tr values. 

3. Apply the regionally-optimized	 Ts and Tr values from Step 2 to each GCM and 

region combination, and calculate the corresponding increase in error. 
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Based on this analysis, we select a single set of precipitation partitioning model parame

ters and use it to project changes in snowfall using downscaled data for each of the four 

study regions. 

4.3 Results and Discussion 

Section 4.3.1 presents results of the precipitation partitioning modeling experiment. The 

precipitation partitioning model is then applied to the six sets of downscaled GCM 

projection simulations for monthly precipitation and mean temperature. Attributes of 

the high-spatial resolution ensemble snowfall projections are discussed (Sec. 4.3.2). 

4.3.1 Precipitation Partitioning 

Table 4.1 displays optimized fitting parameters for the linear ramp and step function 

snowfall models (Eqs. 4.1 and 4.2) based on monthly GCM historic simulations for three 

GCMs and the associated mean absolute error (MAE), defined as 

nn1 
MAE = Mi − Oi (4.3) 

n 
i=1 

where M is the modeled value and O is observed value. The optimum precipitation 

partitioning model parameters vary between GCMs and regions. In almost all cases the 

linear ramp performs better than the step function. The GCM-averaged precipitation 

partitioning model parameters optimized for all global land areas are Ts = −7.9 ◦C and 

Tr = 5.2 ◦C for the linear ramp function and Ts = −0.7 ◦C for the step function (these 

specific parameter sets are referred to as the ‘GCM-averaged’ parameter sets). 
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Table 4.1: Optimized precipitation partitioning model parameters and associated mean 
absolute error (MAE) for three GCMs and the four study regions plus parameters opti
mized for all global land grid cells (‘Globe’). The two precipitation partitioning models 
are a linear ramp function (Eq. 4.1) and a step function (Eq. 4.2). Model inputs and 
the method are described in Section 4.2.1. The GCM-averaged parameters for the lin
ear ramp function are Ts = −7.9 ◦C and Tr = 5.2 ◦C and for the step function are 
Ts = −0.7 ◦C. The increase in MAE (Δ MAE) is the error resulting from using the 
GCM-averaged parameter sets instead of the parameter set optimized for each GCM 
and region combination. 

GCM Region Model Ts Tr MAE (mm) Δ MAE (mm) 

Ramp -9.7 4.7 2.6 0.1 
Globe 

Step -1.4 - 4.0 4.0 

Alaska Ramp -7.3 3.8 6.9 0.5 
bcc- Range 

Step -0.4 - 11.4 0.1 
csm1-1

Ramp -12.5 4.5 1.5 0.9m 
Alps 

Step -3.7 - 4.0 0.5 

Central Ramp -9.3 3.3 0.1 0.1
 

Andes Step -6 - 0.1 0.0 

Ramp -7.1 5.4 2.2 0.1 
HKHK 

Step -0.7 - 4.2 0.0 

Ramp -5.3 5.9 1.9 0.3 
Globe 

Step 0.9 - 3.3 0.1 

Alaska Ramp -5.1 5.8 6.2 0.9
 

Range
CESM1- Step 0.7 - 9.4 0.6 

CAM5 
Ramp -5.5 5.2 3.0 0.1 

Alps 
Step 0.0 - 5.1 0.1 

(continued on next page)
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Table 4.1: (continued from previous page)
 

GCM Region Model Ts Tr MAE (mm) Δ MAE (mm) 

Central Ramp -3.9 6.2 1.3 0.5 

Andes Step 0.6 - 2.6 0.0 

Ramp -2.6 7.5 2.9 3.4 
HKHK 

Step 2.4 - 6.7 1.3 

Ramp -8.7 5.2 1.5 0.7 
Globe 

Step -1.5 - 2.4 1.2 

Alaska Ramp -8.2 4.2 5.9 0.3 
MPI- Range 

Step -1.3 - 9.3 0.1 
ESM-

Ramp -8.8 4.4 2.1 0.2MR 
Alps 

Step -1.9 - 4.3 0.2 

Central Ramp -5.7 4.3 0.7 0.1
 

Andes Step 0.1 - 1.0 0.0 

Ramp -2.2 5.1 2.4 1.6 
HKHK 

Step 1.7 - 4.3 0.9 

As outlined in Sec. 4.2.1, we assess the sensitivity of the precipitation partitioning 

models to perturbations in the regionally-optimized parameter set through applying the 

GCM-averaged parameter set to all precipitation partitioning model to all GCM and 

region combinations. For the linear ramp function, the increases in MAEs resulting from 

using the GCM-averaged parameters are less than 1 mm in all but two instances, which 

are both for the HKHK region (Table 4.1). The average MAEs between the three GCMs 

for the linear ramp function using the GCM-averaged parameters are 2.4 mm for global 

land areas, 6.9 mm for the Alaska Range, 2.6 mm for the Alps, 0.9 mm for the Central 



93 

Andes, and 4.2 mm for the HKHK (Table 4.1). The MAEs vary more as a function 

of region and precipitation partitioning model than as a function of GCM or use of 

region-specific parameter sets (relative to the GCM-averaged parameter sets). Based on 

these findings, we use the linear ramp function with the GCM-averaged parameter set 

to produce the snowfall model results presented in Sec. 4.3.2. 

4.3.2 Monthly Snowfall Changes 

For each mountain region studied, projections of annual snowfall under RCPs 4.5 and 

8.5 are largely similar through approximately 2050-2060, depending on the region, and 

diverge significantly by 2100 (Fig. 4.3). Under RCP 4.5, most of the snowfall changes for 

the Alps and Central Andes occur before 2020 relative to the 1950-2000 climatological 

values. For approximately the second half of the twenty-first century, projected snowfall 

decreases under RCP 8.5 in the the Alps, Central Andes, and HKHK surpass those 

projected under RCP 4.5. The Alaska Range is not projected to experience a decrease in 

regionally-aggregated annual snowfall, even for RCP 8.5. For the Central Andes, while 

the ensemble mean projects a substantial decrease, standard deviation between ensemble 

member projections make the differences in decreases between RCP 4.5 and 8.5 roughly 

indistinguishable. Under RCP 8.5, snowfall decreases in 2100 are 48% for Alps (range: 

36 to 61%), 60% for the Central Andes (range: 23 to 98%), and 31% for the HKHK 

(range: 13 to 49%). 

Projected changes in average annual snowfall for 2070-2100 are very spatially hetero

geneous within each region, although the spatial patterns of change are similar between 

RCPs 4.5 and 8.5 (Fig. 4.4). The primary difference between spatial changes projected 

under RCPs 4.5 and 8.5 is that projected snowfall decreases tend to be larger under RCP 

8.5 relative to RCP 4.5 (Fig. 4.4). Additionally, for grid cells where snowfall increases are 

projected, the increases projected under RCP 8.5 tend to be smaller than for RCP 4.5 

(except for the in the Alaska Range region). For the Alaska Range region the magnitude 

of both the snowfall increases and decreases become larger for RCP 8.5 relative to RCP 

4.5. For the Alaska Range, the snowfall decreases occur for the coastal grid cells and the 

increases occur for inland grid cells (Fig. 4.4). 

Changes in annual snowfall for 2070-2100 are projected to occur asymmetrically 

by elevation (Fig. 4.5). For some of the regions, e.g. the HKHK and Central Andes, 
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Figure 4.3: Nine-year running average of percent change in annual snowfall for RCP 
4.5 and 8.5 ensemble projections of downscaled GCM simulations. Shading indicates 
one standard deviation about the downscaled GCM ensemble mean. Delta downscaled 
CRU reanalysis for 1950-2000 are used as reference (Mosier et al., 2014). A nine-year 
window is used because it sufficiently smooths year-to-year variability between ensemble 
members, better highlighting spread between the downscaled GCM projections. 
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Figure 4.4: Projected absolute change in annual average snowfall for 2070-2100 relative 
to the historic reanalysis results in Fig. 4.2. Top panel is for RCP 4.5 and bottom is for 
RCP 8.5. Green grid cells indicate locations for which the standard deviation between 
ensemble projections is greater than the projected change. Units of snowfall are mm of 
water equivalent. 
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there are two distinct elevation bands with pronounced snowfall declines. In the case 

of HKHK, the lower elevational band (≈1,500-4,000 m) is attributable to increases in 

winter temperatures and the upper elevation band (≈5,000-6,000 m for RCP 4.5 and 

≈5,000-7,500 m for RCP 8.5) is attributable to warmer summer temperatures (i.e. a 

smaller number of grid cells in the HKHK region are projected to have temperatures 

below freezing during late-summer when only the highest elevations are still freezing. 

While the maximum absolute decreases in snowfall for the Central Andes are smaller 

than the maximum decreases for the Alps or HKHK, the percent decreases and the 

standard deviation among ensemble members for the Central Andes are much larger 

(Fig. 4.5). 

The monthly distribution of projected snowfall changes for each region varies sub

stantially (Fig. 4.6). For the Alaska Range region, decreases in snowfall occur during 

the beginning of the the snowfall season (September and October), while for the HKHK 

region significant increases in snowfall occur at the end of the snowfall season (April). 

In the Alps region, snowfall decreases are relatively uniform from December through 

March. While the standard deviation between annual projections of snowfall in the 

Central Andes is approximately as large as the trend (Fig. 4.3), there is agreement be

tween GCM simulations that snowfall in the Central Andes will decrease significantly 

from December through March. In the Central Andes, the months where the snowfall 

projections disagree are May-August (Fig. 4.6), which is the height of winter within the 

region (Supplementary Fig. 4.7). 

Changes in snowfall are caused by changes in precipitation and temperature. As 

noted in Mosier et al. (2015) and Stocker (2013), agreement between GCMs is much 

greater for temperature than precipitation. Spatially-averaged precipitation and mean 

temperature climatologies for the downscaled GCMs presented in Supplementary Fig. 

4.9 mirror these previous findings, demonstrating that disagreement between downscaled 

GCM projections of snowfall are largely related to divert projections of precipitation 

rather than temperature. 

The climographs for each region in Supplementary Fig. 4.9 also partially explain 

the inter-regional differences in snowfall change. For instance, while the Alaska Range 

is projected to experience the largest climatological warming of any region (≈ 8 ◦C 

for December), the warming trends are also more seasonal than for the other regions 

(warming during July is less than 2 ◦C). Since winter temperatures in Alaska are well 



97 

Figure 4.5: Absolute change in annual average snowfall for 2070-2100 under RCPs 4.5 
and 8.5 as a function of elevation. Historic reference snowfall and shading are the same 
as in Fig. 4.3. The right y-axis displays the hypsometric distribution of area. A running-
average of 501 meters is used in calculating both contributing area and snowfall change. 
‘No snowfall’ indicates the scenario under which no snowfall occurs. 
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Figure 4.6: Spatially aggregated monthly average snowfall for RCP 4.5 and 8.5 ensemble 
projections and delta downscaled CRU reanalysis. Error bars are one standard deviation 
about the ensemble mean. 
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below freezing (Supplementary Fig. 4.7), these increases do not cause uniform decreases 

in snowfall within the region. Conversely, the Central Andes are projected to warm the 

least of the four regions (Supplementary Fig. 4.9), yet the ensemble mean projection is 

that the Central Andes region will experience the largest percent decrease in snowfall of 

the four regions (Fig. 4.3). The different effect in the Central Andes region results from 

the historic temperatures in the Central Andes being higher than for the other regions 

(Supplemental Fig. 4.7). Regional climographs do not fully explain the differences seen 

between regions though, since there is a strong spatial and elevational dependence to 

projected changes in snowfall. 

Changes in climatic conditions and the spatial distribution of snowfall will impact the 

thermal properties and energy balance of the resulting snowpack (Sturm et al., 1995). 

These changes will in turn affect the snowpack’s persistence and timing of snowmelt 

runoff. These changes to the timing of snowmelt runoff may impact important systems, 

e.g. in Alaska timing and temperature of runoff impacts salmon health and the Alaska 

near-shore current (Bang et al., 2005). Table 4.2 aggregates the spatial changes present 

in Fig. 4.4, highlighting total volumes of annual average snowfall change projected within 

each region for 2070-2100. For the Alps, Central Andes, and HKHK, where total snow

fall volumes are projected to significantly decrease and more than one billion humans 

depend on mountain snowpack as a natural reservoir of water, these projected decreases 

in snowfall will impact water scarcity for the myriad of human uses and will require 

mitigation efforts to reduce these impacts (Barnett et al., 2005; Immerzeel et al., 2010; 

Field et al., 2014). Snowfall is projected to decrease more by the end of this century 

under RCP 8.5 compared to RCP 4.5. This highlights the positive impact collective 

action by societies can have on reducing future energy perturbations to the the Earth’s 

climate system. 

4.4 Concluding Remarks 

Each of the mountainous and partially-glaciated regions studied is as an important nat

ural seasonal reservoir of water for its surrounding area. Changes in snowfall are highly 

heterogeneous on a fine spatial scale within each region, necessitating the use of high-

spatial resolution products to adequately represent changes. Our analysis of snowfall 

projections from 2020-2100 at a spatial resolution of 30 arcseconds is possible due to 
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Table 4.2: Spatially aggregated historic snowfall (‘Hist’) and projected change in 2070
2100 annual climatologies (‘Δ)’ for RCPs 4.5 and 8.5 in units of cubic kilometers of 
water equivalent. Change is computed as the sum of all cells for which the mean ensemble 
projected change is greater than the ensemble standard deviation (i.e. cells with reported 
values in Fig. 4.4). Lower and upper bounds on the snowfall projections are calculated 
by respectively subtracting and adding the ensemble standard deviation to change at 
each cell before spatially aggregating results. 

Region Hist RCP Δ (km3) 
(km3) 

Alaska 4.5 2 (-1 − 6)
55

Range 8.5 0 (-4 − 5) 

4.5 -13 (-17 − -9)
Alps 56 

8.5 -25 (-31 − -19) 

Central 4.5 -9 (-12 − -6)
23 

Andes 8.5 -11 (-14 − -9) 

4.5 -12 (-28 − 4)
HKHK 160 

8.5 -44 (-66 − -22) 

our development of version 3.2 of the open-source package to bias correct and downscale 

GCM monthly precipitation and temperature simulations, presented in Mosier et al. 

(2015), which is a companion paper to this one. We use these high-spatial resolution 

inputs to model snowfall using a linear ramp precipitation partitioning model. 

While we investigate changes for four mountain regions, the method by Mosier et al. 

(2015) can be applied with equal ease to any other global land area. A discussion of un

certainties and assumptions is contained in Mosier et al. (2015). One uncertainty is that 

each of the regions studied here is mountainous, where the overall density of meteoro

logical observation stations is low and the distribution is biased towards lower elevation 

locations (Hijmans et al., 2005). In this paper, we primarily evaluate changes between 

projected future and past conditions. These changes are derived from the differences in 

the GCM projection and historic simulations and are therefore unaffected by the low 

station density, except for during the bias correction step since we use the CRU historic 

reanalysis as the reference. 
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The downscaled GCM ensembles project that annual snowfall will decrease for each of 

the mountain regions studied, except the Alaska Range. For all four regions, projections 

under RCP 4.5 and RCP 8.5 are largely similar until approximately the middle of the 

twenty-first century. For the Alps, Central Andes, and HKHK, snowfall decreases under 

RCP 8.5 continue through the end of the century, leading to substantially more decreases 

in snowfall for RCP 8.5 than RCP 4.5 by 2100. By the end of century, the ensemble mean 

annual decreases under RCP 8.5 are greatest for the Central Andes -60% (±38%), but the 

standard deviation among projection ensemble members for the Central Andes is greater 

than for the other regions. The Alps and HKHK regions are also projected to experience 

annual average snowfall decreases of 48% (±13%) and 31% (±18%), respectively, under 

RCP 8.5. These standard deviations in snowfall projections are driven primarily by 

differences in GCM simulations of precipitation rather than temperature. 

In the HKHK region, the most substantial decreases in snowfall occur for the 1,500

4,00 m elevation band, which largely lies along the front the Hindu Kush and Himalaya 

ranges, while the high-elevation plateaus North of these ranges are projected to expe

rience minimal changes. While the ensemble mean projection of annual snowfall for 

the Alaska Range projects an overall increase, the spatial distribution of snowfall is 

projected to change, with less coastal snowfall and more inland snowfall. In contrast, 

snowfall within the Alps region is projected to decrease at all elevations. 

The downscaled snowfall projections vary significantly between regions and from grid 

cell to grid cell within each region. Snowfall is the primary input for water storage by 

the Earth’s cryosphere and this study indicates that the amounts, timing, and spatial 

distribution of this input are changing. Other groups have investigated potential impacts 

of climate change on specific regions, often using products only available for their region 

of interest. With the availability of these globally available downscaled GCM simulations, 

it is now easier to conduct high-spatial resolution climate change projection studies for 

the many regions where downscaled GCM simulations were previously unavailable and 

to directly compare projected changes across regions. 
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4.5 Supplemental Figure 1
 

Figure 4.7: 1950-2000 average monthly precipitation and mean surface air temperature 
produced using downscaled CRU reanalysis based on method described in Mosier et al. 
(2014). 
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4.6 Supplemental Figure 2
 

Figure 4.8: Topography of the four regions for which snowfall projections are analyzed. 
The red border in each region’s inset aligns with the corresponding topographical map’s 
inner black-bordered region. The coarse blue grid is an example GCM grid, correspond
ing to that used by CESM1-CAM5 (Neale et al., 2010). Elevation data are from the 
GTOPO30 dataset (DAAC , 2004), glacier coverage is from the Randolph Glacier In
ventory (Arendt et al., 2012), and country boundaries are from the Database of Global 
Administrative Areas (Hijmans, 2011). 



105 

4.7 Supplemental Figure 3
 

Figure 4.9: Projected changes in climatological average monthly precipitation and mean 
temperature for 2070-2100 relative to 1950-2000 climatological averages (see Supplemen
tal Figure 4.7). Values are the mean of the six-member downscaled GCM ensembles and 
error bars are one standard deviation about the mean. 
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ABSTRACT: 

Robustly understanding connections between the climate, cryosphere, and 

streamflow is necessary to make informed decisions regarding water re

sources in mountainous regions. Conceptual models, for instance varia

tions on simple degree-index (SDI) or enhanced temperature index (ETI) 

formulations of cryosphere heat transfer and melt, are often used in moun

tain environments. One reason for this is that mountain regions are often 

data-sparse and conceptual models typically only require precipitation and 

temperature as inputs, which are the most widely available meteorological 

parameters. Additionally, despite their simplicity, SDI and ETI models 

tend to work relatively well over short periods or small geographic regions. 

Their performance is known to degrade, however, when they are applied 

to longer periods or larger regions. If conceptual models are to be used to 

understand the response by the cryosphere to an altered climate state, it 

is therefore necessary to understand why the model’s calibration changes 

over time and between locations, and if alternative conceptual formulations 

would be more robust. To address these questions, we present the Concep

tual Cryosphere Hydrology Framework (CCHF), which is an easy-to-use 

modeling environment composed of coupled process modules, optimization 

routines, and analysis tools. Using CCHF, we assess existing SDI and ETI 

formulations and present novel conceptual cryosphere process modules that 

include net longwave radiation in the net heat transfer and conceptually 

represent the internal energy of snowpacks. We implement the CCHF for 

the Gulkana and Wolverine glacier watersheds in Alaska, and use multi

decadal glacier stake, streamgage, and snow-covered area observations to 

assess the models. We find that which model performs best depends on 

the observation variable of interest, but that averaging results across ob

servation variables and regions, our novel conceptual formulation performs 

better than SDI or ETI formulations. The CCHF is open-source and we 

encourage interested parties to use it and assess additional novel cryosphere 

model formulations. 

Keywords: cryosphere, hydrology, mountains, conceptual model, intercomparison, 

snowpack, glaciers, energy balance 
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5.1 Introduction 

Many regions of the Earth’s cryosphere are changing and are projected to continue 

changing significantly under a range of projected future climate scenarios (Stocker , 2013; 

Mankin et al., 2015). Understanding the impacts of climate change on the cryosphere, 

and in turn on timing and magnitude of streamflow originating from the cryosphere, 

requires implementing a spatially and temporally robust cryosphere hydrology model. 

Two categories of cryosphere models are energy balance and conceptual. Our basic 

definition of the difference between these model types is that energy balance models 

represent each heat flux independently and base calculation of heat fluxes on all physically 

relevant parameters, while conceptual models lump multiple heat fluxes together and use 

parameterizations to reduce the number of input variables. In practice, these model types 

exist on a spectrum rather than as distinct categories. 

Energy balance models are theoretically more robust than conceptual models because 

the relative balance of heat fluxes changes over time and between locations (Kustas 

et al., 1994; Sicart et al., 2008; Huss et al., 2009). Yet, many cryosphere studies utilize 

conceptual models, such as simple degree index (SDI) and enhanced temperature index 

(ETI) structures (e.g. Wang et al., 2004; Hagg et al., 2007; Jung and Chang , 2011; 

Lutz et al., 2014). Despite their relative simplicity, conceptual models perform well 

under many circumstances (Ohmura, 2001), with ETI models typically performing better 

than SDI models (Hock , 1999; Pellicciotti et al., 2005). The reasons for relatively good 

performance of SDI and ETI models are that heat fluxes are functions of temperature 

(e.g. sensible convection and longwave radiation), seasonality of air temperature and 

shortwave radiation are often correlated for a given location, and shortwave radiation 

fluxes tend to be significantly larger than convective heat fluxes during melt conditions 

(Marks et al., 1992; Cline, 1997). 

The often implicit reason why conceptual models are used rather than energy bal

ance models is that conceptual models require fewer inputs and are often easier to setup. 

SDI and ETI models typically only use precipitation and air temperature climate inputs, 

which are the most commonly observed climate variables (Menne et al., 2012). Precipi

tation and temperature still tend to have greater uncertainty for mountain regions than 

for adjacent lowlands, though (Hijmans et al., 2005). In contrast, energy balance models 

require a variety of inputs that are even more sparsely measured in mountain environ
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ments and that vary significantly over short spatial and temporal scales (see discussion 

on the surface energy balance in Sturm, 2015). Wind speed, for example, linearly scales 

each convective heat flux (i.e. sensible and latent), and is therefore necessary for energy 

balance models but is difficult to characterize over a region, even if there are measure

ments of wind speed at points within the region (Marks et al., 1992; Marks and Winstral , 

2001). 

Due to difficulties in characterizing high spatial and temporal variability of some 

meteorological parameters in mountain regions, model structures that abstract certain 

aspects of the cryosphere energy and mass balance (i.e. conceptual formulations) will 

likely continue to find utility in these environments. Commonly used conceptual models 

do not account for internal energy of snow or ice (e.g. Hock , 1999, Wang et al., 2004, 

and Pellicciotti et al., 2005). Instead, melt is modeled to occur when the surface air 

temperature is greater than a threshold value. This, of course, is an abstraction of 

reality because whether or not melt actually occurs depends on the snow and ice’s internal 

temperature and energy balance rather than on the surface air temperature. Therefore, 

improvements to conceptual models will stem from formulations that better account 

for the physical system, including heat transfer representations that better account for 

spatial and temporal heterogeneities and inclusion of formulations to account for the 

resulting energy and mass balances. 

Identifying improvements to conceptual models requires a framework for comparing 

existing structures and systematically assessing novel representations. Other hydrology 

intercomparison projects have been carried out (e.g. Smith et al., 2004, 2012) and are 

being developed (e.g. Clark et al., 2015a,b). The comparison carried out by Smith et al. 

(2004) assesses several hydrologic models, many of which are conceptual, but they imple

ment each model independently instead of through a common framework. The approach 

by Smith et al. (2004), therefore, makes it difficult to interchange specific modules and 

identify best-practices at the level of a single process representations. Clark et al. (2015a) 

have developed a common hydrologic model framework and the scope of processes rep

resented is quite inclusive, although they don’t specifically mention glaciers. Based on 

the structure and complexity of the framework by Clark et al. (2015a), it appears their 

emphasis is on developing a more accurate holistic understanding of hydrologic processes 

for relatively data rich environments, rather than on the data-sparse, partially-glaciated 

environments where conceptual models are often implemented. 
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In order to compare the performance of existing conceptual cryosphere hydrology 

models and identify improvements, we have developed the Conceptual Cryosphere Hy

drology Framework (CCHF). The CCHF is a modular framework to interchange process 

modules, optimize model parameters, and visualize results. The CCHF modularizes 

conceptual models into a set of nine process components. We implement the CCHF for 

three existing conceptual heat flux representations. We also present a novel conceptual 

heat flux representation and a novel conceptual formulation to account for the snow

pack’s internal energy. While the CCHF is straightforward to apply to any watershed 

where observations are available for evaluation, we conduct our assessment for Gulkana 

and Wolverine watersheds in Alaska (Fig. 5.1), which are both long-term United States 

Geological Survey (USGS) study sites and are partially glaciated. We use streamgage, 

glacier stake, and snow-covered area (SCA) observations to assess model performance 

over a ten-year period. In addition to our present assessment, a valuable attribute of 

CCHF is that it is open-source and can easily be implemented in the future for other 

regions, different climate forcing datasets, or novel module representations. 

5.1.1 Existing Conceptual Cryosphere Representations 

5.1.1.1 Heat Flux to Melt 

The most basic, yet still widely used, conceptual cryosphere heat flux to melt formula

tion is the SDI structure (two well known examples are Hydrologiska Byr̊ans Vattenbal

ansavdelning, Lindström et al., 1997, and the Snowmelt-Runoff Model, Martinec, 1975). 
−1In SDI models, melt, M ([M ] = m s−1, which represents depth of melt per unit of 

time per area; square brackets denote a variable’s units), occurs when the surface air 

temperature at a grid cell, Ta ([Ta] = ◦C), is above a temperature threshold, T0 ([T0] = 
◦C) (Singh et al., 2000; Wang et al., 2004). Otherwise, no melt occurs and incident 

precipitation during that time step adds to the snowpack. When melt occurs at a given 

cell, its magnitude is determined as ⎧ 

M = 
⎨ ⎩ 

fm (Ta − T0) 

0 

if Ta > T0 

otherwise 
(5.1) 
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Figure 5.1: Geographic extent of the glaciated Gulkana and Wolverine watersheds. The 
digital elevation model is produced by WorldClim (Hijmans, 2011) and glacier coverage 
is from the Randolph Glacier Inventory version 5 (Pfeffer et al., 2014). 

−1 ◦C−1where fm is the degree-index factor ([fs] = m s−1). 

ETI formulations are a category of conceptual cryosphere formulations which improve 

upon SDI structures by including both shortwave energy and air temperature to scale 

melt. Two ETI formulations, by Hock (1999) and Pellicciotti et al. (2005) respectively, 
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⎧⎨ ⎩⎧⎨⎩
 

are 

ai (1 − α) I + fm (Ta − T0) if Ta > T0 
M = (5.2) 

0 otherwise 

ai (1 − α) I + fm (Ta − T0) if Ta > T0 
M = (5.3) 

0 otherwise 

where ai is a fitting parameter that scales melt from shortwave radiation (Eq. 5.2: [ai] = 
−1 −1m J−1 ◦C−1; Eq. 5.3: [ai] = m J−1), α is the surface albedo (unitless), I is the 

measured or modeled shortwave radiation ([I] = W m−2). Throughout, the ETI heat 

formulations described in Eqs. 5.2 and 5.3 are referred to respectively as ETI(H) and 

ETI(P). ETI(P) is more physically representative than ETI(H) because temperature 

and shortwave radiation scale melt independently (DeWalle and Rango, 2008); however, 

Pellicciotti et al. (2005) only describes application of ETI(P) to individual points on a 

glacier, rather than as a distributed model. Conversely, ETI(H) is freely available as a 

complete modeling package, including a module to route liquid water (Hock , 1999). 

5.1.1.2 Internal Energy of Snow and Ice 

It is evident from Eqs. 5.1-5.3 that these conceptual models do not include internal energy 

of snow or ice because melt is directly proportional available energy during the current 

time step. A common concept in snow process modeling, however, is cold-content, CC 

([CC] = m), which is defined as 

ci ρs
CC = ds (Tm − Ts,i) (5.4)

Lf ρw 

where ci is the specific heat of ice ([ci] = J kg−1 K−1), ρs is the density of the snow mass 

([ρs] = kg m−3), Lf is the latent heat of ice ([Lf ] = J kg−1), ρw is the density of water 

([ρw] = kg m−3), ds is the depth of snow ([ds] = m), Tm is the temperature at which 

melt occurs (i.e 0 ◦C; [Tm] = ◦C), and Ts,i is the internal temperature of the snow mass 

(assuming the snow is isothermal or that Ts,i is the mass-averaged temperature; [Ts] = 
◦C). CC is simply a statement about the amount of latent energy that would be required 

to overcome the snow mass’ sensible energy deficit to produce a snowpack in which any 
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additional energy would result in melt. 

CC is a natural conceptual formulation of internal energy to combine with a concep

tual heat flux representation (e.g. Eqs. 5.1-5.3) because both are formulated as depth 

of water equivalent. Hock (2005) states that the concepts of energy deficit (referring 

to Van de Wal and Russell , 1994) and CC, or ‘negative melt’ (referring to Braun and 

Aellen, 1990), have been incorporated into previous conceptual cryosphere models; how

ever, the above references that Hock (2005) cites do not mention treatment of internal 

energy. Therefore, we are not aware of any previous conceptual cryosphere models that 

incorporate internal energy or ‘negative melt’ into their formulation. Many conceptual 

cryosphere model implementations are able to avoid including internal energy representa

tions by focusing only on the melt season (e.g. Kustas et al., 1994, Hock , 1999, Pellicciotti 

et al., 2005, and Sicart et al., 2008). Section 5.2.2 explains how CC is incorporated into 

the CCHF. 

Even after the CC of a snowpack is satisfied (i.e. becomes zero), the snowpack must 

ripen before releasing water. Snowpack ripening refers to the process by which snow 

holds water interstitially until the interstitial forces are overcome by gravity and the 

melt water drains from the snowpack. While the percentage holding capacity of snow 

varies, a typical value is 3% (DeWalle and Rango, 2008). Some existing conceptual 

cryosphere models include snowpack liquid water holding capacity (e.g. Kokkonen et al., 

2006) and others do not (e.g. Wang et al., 2004). Liquid water holding capacity is 

included in the CCHF and discussed in Section 5.2.2. 

5.1.2 Climates of Gulkana and Wolverine Watersheds 

While Gulkana and Wolverine watersheds are both within the Gulf of Alaska, their 

climates are markedly different. Fig. 5.2 is a plot of the cumulative distribution of 

daily precipitation and surface air temperature for these watersheds from 1980-2009, 

derived from the Climate System Forecast Reanalysis (CFSR; Saha et al., 2010) product 

(processed as described in Section 5.3.1). With respect to air temperature, the upper end 

of the air temperature ranges (i.e. summer temperatures) are similar between Gulkana 

and Wolverine but Gulkana is significantly colder at the low end of the distribution 

(i.e. corresponding to colder winter temperatures at Gulkana). At all percentiles in the 

distribution, Wolverine’s precipitation is greater than Gulkana’s. The zeroth percentile 
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non-exceedance probability of precipitation for Wolverine is greater than 150 mm per 

day while for Gulkana it is approximately 60 mm. 

Figure 5.2: Cumulative probability distributions of daily precipitation and mean surface 
air temperature for the Gulkana and Wolverine watersheds (Fig. 5.1) from 1980-2009. 
The lines correspond to the spatially averaged precipitation and temperature values and 
the shaded region indicates one standard deviation in the spatial distribution of precip
itation and temperature within the watershed. Climate representation is derived from 
the daily downscaled Climate System Forecast Reanalysis (Saha et al., 2010) product 
discussed in Section 5.3.1. 
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Bieniek et al. (2012) investigate regional differences in Alaska’s climate using cluster 

analysis of monthly station records. Their analysis results in 13 regionally clustered 

climates. Using Bieniek et al. (2012)’s climate classifications, Wolverine is part of the 

Cook Inlet region and Gulkana is part of the Southeast Interior region. The patterns 

of climatologically averaged monthly conditions between these regions are similar to the 

patterns present in Fig. 5.2. An interesting aspect of the the climatological differences 

seen in Bieniek et al. (2012) is that the Cook Inlet region experiences more precipitation 

both during the summer and winter than the Southeast Interior region. These climatic 

differences between the Gulkana and Wolverine regions of Alaska are also revealed in 

climatologically averaged analysis of the Parameter-elevation Regressions on Independent 

Slopes Model (PRISM; Daly et al., 2002) product conducted by (Simpson et al., 2002). 

Based on these differences, Gulkana’s climate can be categorized as more continen

tal while Wolverine’s is more maritime (Armstrong and Armstrong , 1987; Ukraintseva, 

2009). Continental cryosphere climates tend to be colder and drier than maritime 

cryosphere climates. These climatic differences lead to snowpacks in continental climates 

being much more polythermal and generally less dense than snowpacks in maritime cli

mates (Armstrong and Armstrong , 1987; DeWalle and Rango, 2008; Ukraintseva, 2009). 

Higher densities in maritime snowpacks are partially caused by atmospheric conditions 

during snowfall and also by repeat freezing and melting cycles, which are more common 

to maritime snowpacks. These differences between continental and maritime cryosphere 

climate affect the thermal properties resulting snowpacks because the thermal conduc

tivity of snow is primarily a function of density and water content (Sturm et al., 1997; 

DeWalle and Rango, 2008). 

5.2 The Conceptual Cryosphere Hydrology Framework (CCHF) 

Figure 5.3 depicts how the nine process modules included in CCHF each provide input to 

the backbone (central rectangle) and can be varied independently of one another. In the 

present work we only vary the “cryosphere heat transfer” and “cryosphere conservation 

of energy and mass” modules, which for brevity we refer to respectively as the heat 

module (described in Section 5.2.1) and the conservation module (described in Section 

5.2.2). Section 5.2.4 then discusses the modules involved in translating melt and rain 

into streamflow, which are represented by the four modules on the right hand side of 



122 

the backbone in Fig. 5.3. In addition to the nine process modules CCHF also includes a 

built-in optimization routine (Fig. 5.3), which we discuss in Section 5.2.5. 

Figure 5.3: Process modules presently included in the conceptual cryosphere hydrology 
framework (CCHF). Rounded blocks refer to process modules and ovals refer to data 
inputs and outputs. Blocks tinted green denote modules used for all models and blocks 
tinted orange denote modules only used for models that include shortwave radiation. 

While we have programmed multiple representations for each process module in 

CCHF, we only vary and assess the heat and conservation modules in the present work. 

We choose this focus because the processes represented in the heat and conservation 

modules are the most sensitive to climatic differences (results from either interregional 

variability or long-term climatic changes). Table 5.1 presents the representations used 

for each of the seven fixed modules. The representations for fixed modules (Table 5.1) are 

used because preliminary analysis indicated these modules work well for the conditions 

we are currently implementing the CCHF for. 

5.2.1 Cryosphere Heat Transfer 

While it is common that melt representations in conceptual models have units of meters 

of melt per unit area per unit time (see Section 5.1.1.1), the CCHF separates heat 
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Table 5.1: Module representations for modules that are fixed in the present CCHF 
implementation. Variables not denoted elsewhere are: tc, ts, and ca are fitting parameters 
(unitless), ΔT is maximum temperature minus minimum temperature ([ΔT ] = K), αf 

is the albedo of fresh snow (unitless), αo is the albedo of old snow (unitless), Tmax is 
the cumulative sum of maximum temperature since last precipitation event ([ Tmax] = 
K). 

Module Name Summary Source 

top-of
atmosphere 
radiation 

function of latitude, slope, 
aspect, and day of year 

DeWalle and Rango, 2008 

atmospheric 
transmittance 

tc 1 − exp(−0.01 ts ΔT 2.4) DeWalle and Rango, 2008 

albedo αf − ca log ( Tmax) Pellicciotti et al., 2005 

evapotranspiration Eq. 5.15 Allen et al., 1998; Lu et al., 2005 

flowpath Sec. 5.2.4 manual 

cell-to-cell 
time 

flow 
Eq. 5.16 Johnstone et al., 1949 

runoff to stream-
flow conversion 

Sec. 5.2.4 Moore et al., 2012 

transfer from conservation of energy and mass. To accomplish this we use units of Watts 

per meter squared (W/m2) for all heat module representations. The three existing heat 

modules we implement are SDI (Eq. 5.1), ETI(H) (Eq. 5.2), and ETI(P) (Eq. 5.3). 

Reformulating the left hand side of each of these formulations to W/m2 changes the 

units of the coefficients on the right hand side of the equations and the optimal range of 

fitting parameter values. 

A novel conceptual heat representation implemented here is the Longwave, Short

wave, and Temperature (LST). The LST representation is similar to ETI(P) except 

that LST includes a longwave radiation balance term and LST does not have a fitting 

parameter to scale shortwave radiation. Net longwave radiation is calculated as 

εa T 4 − T 4 (5.5)Lnet = σ a s 
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where σ is the Stefan-Boltzmann constant (σ = 5.67 × 10−8 W m−2 K−4), εa is the 

effective atmospheric emissivity (unitless), and Ts,s is the snow surface temperature 

([Ts,s] = ◦C). We take εa to be 0.7 when there is no precipitation and 1 otherwise, which 

roughly translates to clear-sky and cloudy conditions (Hock , 2005; Sedlar and Hock , 

2009). The LST heat formulation, HLST ([HLST]= W m−2), is thus 

HLST = (1 − α) I + fm Ta + σ ε T 4 − T 4 (5.6)a s,s 

where in this equation fm has units of W ◦C−1 m−2, which differs from fm’s units in 

Eqs. 5.1-5.3. Unlike the SDI, ETI(H), and ETI(P) formulations, the LST module require 

modeling the temperature of snow and ice. The method implemented to model snow 

and ice temperature is discussed in Sec. 5.2.2. 

5.2.2 Cryosphere Conservation of Energy and Mass 

We implement two module representations to relate the net heat flux to changes in the 

internal energy and mass of snow and ice. We refer to these representations as Δ, which 

is based on a step function (i.e. similar to Eq. 5.1), and CC, which is based on Eq. 5.4. 

In both the Δ and CC formulations, heat is translated into potential melt equivalent, 
−1MP ([MP ] = m s−1, i.e. depth of melt per unit area per time), as 

H Δt 
MP = (5.7)

ρw Lf 

where H is the net heat flux ([H] = W m−2) and Δt is the model time step ([Δt] = s). 

In the Δ representation, all MP results in melt when the net heat flux is beyond a 

threshold value, which is described mathematically as ⎧ ⎨MP if MP > mt 
M = (5.8)⎩0 otherwise 

where mt is a fitting parameter ([mt] = m−1 s−1). In the CC representation, CC ([CC] = 
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m) is calculated as ⎧ 

CCi = 
⎨ ⎩ 

CCi−1 − cc MP,i 

CCi−1 − MP,i 

if MP,i < 0 

otherwise 
(5.9) 

where subscript i refers to the current time step, subscript “i − 1” refers to the previous 

time step, and cc is a unitless fitting parameter that provides a hysteresis in the accu

mulation and depletion of CC. Once CC is less than or equal to zero, all melt potential 

goes into melt and CC is reset to zero. Additionally, CC is zero at grid locations without 

snowpack (i.e. CC is always zero for ice). In formulations where the heat fluxes depend 

on the snow temperature, the CC representation calculates Ts,i as 

Ts,i = −ct CC (5.10) 

where ct is a fitting parameter to translate CC into internal temperature ([ct] = ◦C 

m−1). The LST heat representation is the only formulation implemented here that 

uses Eq. 5.10, which is a function of the snowpack’s surface temperature. Thus, the 

assumption is made in the model combining the LST and CC representations that the 

snowpack is isothermal. 

Both the Δ and CC conservation representations contain a maximum snowpack liquid 

content, MLC ([MLC] = m−1, i.e. depth per area), represented by 

MLC = cs SWE (5.11) 

where cs is a unitless fitting parameter and SWE is the snowpack’s depth of water 

equivalent ([SWE] = m−1, which is depth of water equivalent per unit area). All liquid 

water in excess of the snow’s liquid water holding capacity drains from the snowpack at 

the end of each time step. In the CC formulation, the snowpack’s liquid water is refrozen 

when CC is greater than 0, and the CC is reduced in direct proportion to the amount of 

water frozen. The snowpack’s liquid water content is not counted as a change in snow 

until it drains from the snowpack. 
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5.2.3 Glacier Treatment 

Fully representing ice processes requires accounting the the ice’s internal energy. Con

ceptual models typically do not do this, instead assuming the the ice temperature is 0 
◦C when there is no snow present and the heat flux into the ice is positive (Hock , 1998, 

1999). No conservation modules that include representation of ice’s internal energy have 

been programmed in the current version of CCHF, although this is an area that should 

be developed in the future. Instead, CCHF assumes the glacier surface albedo is 0.4 

and that the glacier’s surface temperature is the minimum of the air temperature from 

the previous time step and 0 ◦C. The glacier’s surface temperature only impacts net 

longwave heat flux calculated in the LST model. 

Differences in ice melt are accounted for in the Δ and CC formulations by including 

a fitting parameter that scales glacier melt differently than snow melt. Thus, glacier 

melt is calculated as 
HiceMice = cg MP,ice (5.12)
H 

where cg is a unitless fitting parameter to scale glacier melt, Hice is the heat flux for 

the ice surface properties, H is the equivalent heat flux for snow surface properties, and 

MP,ice is the melt potential remaining after snow melt is calculated ([MP,ice] =m−1 s−1). 

5.2.4 Melt to Streamflow 

Once melt drains from the snowpack, CCHF models its transport through the landscape 

with the four modules on the right side of Fig. 5.3. Two general phases of this transport 

are (1) from melt to surface runoff and (2) through the stream network. To model 

phase one, we implement a leaky groundwater bucket model as described in Moore et al. 

(2012). In the bucket representation, all liquid water released from snow, snlr ([snlr] = 

m), released from ice, iclr ([iclr] = m), and from rain ([rain] = m) enters the groundwater 

bucket. The water in the bucket is described as the soil moisture, SM ([SM] = m), with 

a total soil moisture capacity, SMC ([SMC] = m; SMC is a fitting parameter). SM is 
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updated during each time step as ⎧ 

SMi = 
⎨ ⎩ 

SMi−1 + raini + snlri + iclri − rf,i − PETi 

SMi−1 + raini + snlri + iclri − rf,i 

if no snow or ice present 

otherwise 
(5.13) 

where subscript i refers to the value at the end of the ith iteration and where PET is 

potential evapotranspiration ([PET] = m; described below). Runoff in the bucket model 

is then calculated based on SM and SMC as ⎧ ⎨(SM − SMC) + dr SMC if SM ≥ SMC 
rf = (5.14)⎩dr SM otherwise 

where dr is a unitless fitting parameter referring to drain rate of the groundwater bucket 

during each time step (ranging from zero to one). 

PET is calculated using a formulation of the Hamon Equation (Hamon, 1961) based 

on Allen et al. (1998) and Lu et al. (2005), in which ⎛   ⎞ 
17.27 Ta6.108 exp Ta+273.15⎝ ⎠PET = 218.39 × ce × N (5.15)

Ta + 273.15 

where ce is a unitless fitting parameter and N is the number of daylight hours ([N ] = 

hrs). 

Direction of flow between grid cells in the CCHF can be input by users (through an 

ESRI formatted flow direction grid) or calculated automatically using algorithms from 

the TopoToolbox (Schwanghart and Kuhn, 2010). The travel time through each cell (Δt; 

[Δt] = s) is then calculated using a formulation by Johnstone et al. (1949),  
Δl 

Δt = tl 3600 √ (5.16) 
m 

where tl is a unitless fitting parameter, Δl is the distance between the centroids of 

grid cells in the flowpath ([Δl] = m), and m is the slope between cells in the flowpath 

expressed as a ratio (unitless). 

Two methods available in CCHF to route the streamflow are ‘lumped’ and ‘Musk

http:Ta+273.15
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ingum’. The primary difference between these two methods is that ‘lumped’ treats runoff 

as a fixed mass that moves downhill through the landscape as an essentially rigid mass 

while the Muskingum method allows dispersion of the flow (Bedient et al., 2012). The 

results of both flow routing methods are comparable for simulating small watersheds at 

large time steps; however, dispersion becomes more important as the size of the water

shed increases relative to the time step (Bedient et al., 2012). 

5.2.5 Optimization Routine 

Several optimization routine options are built into the CCHF, including a genetic algo

rithm (Wang , 1991), Monte Carlo simulation (Sawilowsky and Fahoome, 2003), Particle 

Swarm Optimization (PSO; Poli et al., 2007), and a hybrid algorithm that is developed 

by us. The hybrid algorithm works by evaluating the first several calibration generations 

using Monte Carlo simulations (ranging from four to 15 generations based on the num

ber of fitting parameters) and updating the following generations using PSO until two 

consecutive generations stagnate to the same fitness score (referred to here as an initial 

stagnation). Once an initial stagnation occurs, the hybrid algorithm uses a combination 

of linear sensitivity and Monte Carlo simulations to both add diversity to the population 

(Monte Carlo simulation) and explore the local parameter space (linear sensitivity). If a 

new optimum is found, PSO is reinitiated. The process repeats until the same minimum 

value is returned for 15 consecutive generations (referred to here as terminal stagnation). 

A population of 30 parameter sets is used in each generation of the optimization process. 

Calibration in the CCHF can be conducted in one or multiple stages. If multiple 

stages are implemented, the user must determine which categories of fitting parameters 

to optimize and the order in which to optimize each category of parameters. Several 

error metrics are built into the CCHF, which can be used to assess parameter set fitness 

during calibration or model performance during validation. The two metrics we use here 

are the Nash Sutcliffe Efficiency (NSE; Nash and Sutcliffe, 1970) score, Kling Gupta 

Efficiency (KGE; Gupta et al., 2009) score, and mean absolute error. The NSE score is 

extensively used to assess hydrologic models and, as is shown in Gupta et al. (2009), can 

be decomposed into the form 

NSE = 2 α r − α2 − β2 (5.17) 
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where α is the ratio of the model standard deviation to the observed standard deviation, r 

is the linear correlation coefficient, and β is the bias normalized by the observed standard 

deviation. From Eq. 5.17 it is evident that the NSE score unequally weights standard 

deviation, correlation coefficient, and bias. Therefore, Gupta et al. (2009) propose using 

the KGE score, defined as  
KGE = 1 − (r − 1)2 + (α − 1)2 + (β − 1)2 (5.18) 

where α is the ratio of standard deviation in the modeled time-series over the standard 

deviation in the observed time-series and β is the ratio of the mean of the modeled time-

series over the mean of the observed time-series. Thus, the KGE metric equally weights 

errors in the correlation, standard deviation, and the non-dimensional bias. 

A perfect KGE or NSE score is one and the negative bound on the scores is negative 

infinity. An NSE score of zero indicates the mean of the observation time-series are as 

as good of a predictor as the modeled time-series. Note, though, that a KGE score of 

zero does not share this interpretation. The advantage of using the KGE for calibration 

instead of the NSE is that the NSE is sensitive to errors in extreme values and less 

sensitive to errors in the overall distribution relative to the KGE metric (Legates and 

McCabe Jr , 1999). 

5.3 Methods for Model Comparison 

The objectives of the present implementation of CCHF are to (1) demonstrate that 

CCHF is a useful tool for developing and assessing conceptual cryosphere hydrology 

models and (2) demonstrate differences in robustness of existing and novel conceptual 

cryosphere hydrology models. We assess the CCHF and specific module formulations by 

applying them to Gulkana and Wolverine watersheds in Alaska (Fig. 5.1). Both of these 

glaciated watersheds are long-term USGS study sites and exist within different climatic 

regimes of Alaska, with Gulkana experiencing a more continental climate and Wolverine 

a more maritime climate (Section 5.1.2 and Van Beusekom et al., 2010). The varying 

climates between Gulkana and Wolverine allow us to assess how robust each conceptual 

cryosphere hydrology model is across climates. 

The model combinations that we implement and assess are outlined in Table 5.2 (the 
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fitting parameters contained in each model are displayed in Table 5.9). Section 5.3.1 

describes the inputs that we use to implement each model within CCHF, Section 5.3.2 

describes the observation data we use to assess model performance, and Section 5.3.3 

describes how we assess each model. 

Table 5.2: Conceptual heat (Section 5.2.1) and conservation (Section 5.2.2) module 
combinations that we assess. In all cases the non-cryosphere modules are those presented 
in Table 5.1. Note that as discussed in Section 5.2.1, all units of heat are expressed as 
W/m2, which differ from the units in many of the reference equations. 

Model Heat Conservation 
Label Eq. # Eq. # 

SDIΔ 5.1 5.8 
SDIcc 5.1 5.9 
ETI(H)Δ 5.2 5.8 
ETI(H)cc 5.2 5.9 
ETI(P)Δ 5.3 5.8 
ETI(P)cc 5.3 5.9 
LSTcc 5.6 5.9-5.10 

5.3.1 Model Inputs 

CCHF presently supports inputs of precipitation and temperature (mean, minimum, 

and maximum) time-series, a digital elevation model (DEM; we use the WorldClim 30 

arcsecond DEM, Hijmans, 2011), a glacier or ice cover raster (we use the Randolph 

Glacier Inventory version 5, Pfeffer et al., 2014), and a flow direction raster (FDR). We 

manually delineate the watersheds and determine flow direction using a combination of 

DEM and visual analysis. If no FDR is supplied, CCHF automatically generates the 

FDR using algorithms from the TopoToolbox (Schwanghart and Kuhn, 2010). 

The climate time-series inputs used here are derived from the CFSR, which is pro

duced by the National Centers for Environmental Prediction (NCEP) (Saha et al., 2010). 

CFSR is an hourly climate product available from 1979-2010 as 0.312 and 0.5 degree 

grids. Wang et al. (2011) and Lader (2014) find that CFSR represents precipitation and 

temperature variability as well or better than other reanalysis products such as MERRA 

(Rienecker et al., 2011) and ERA-Interim (Dee et al., 2011) for the Alaska region. CFSR 
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is also demonstrated to reproduce total volumes of water flux through the Gulf of Alaska 

better than estimates derived from other reanalysis products (Beamer et al., 2015). 

We temporally aggregate the hourly 0.312 degree CFSR product to daily time steps. 

Precipitation and mean temperature are used in all instances, while minimum and maxi

mum temperature are only used in module combinations that include shortwave radiation 

as a heat term. We input the temporally aggregated 0.312 degree CFSR product into 

MicroMet (Liston and Elder , 2006b). Micromet resamples the input time-series to the 

spatial grid of the DEM and applies temperature lapse rates and precipitation correction 

factors, which vary as a function of the day of the year, creating a 30 arcsecond daily 

time-series. These spatially downscaled and temporally aggregated time-series are then 

used as inputs to CCHF. 

5.3.2 Observation Data 

The three types of observation data we use to assess model performance are USGS 

streamgage measurements of flowrate (referred to as flow), Moderate Resolution Imagin

ing Spectroradiometer (MODIS; Hall et al., 2006) images of SCA (referred to as SCA), 

and USGS stake measurements of changes in snow and ice water equivalent (referred to 

as stake). Both Gulkana and Wolverine are long-term benchmark glaciers maintained by 

the USGS. Correspondingly, the USGS has been measuring glacier and snow accumula

tion and ablation at three locations on Gulkana glacier from 1974 through the present 

(with an additional stake from 1990 through the present) and three locations on Wolver

ine from 1965 through the present (Van Beusekom et al., 2010). Glacier stakes measure 

changes in depth of snow and ice at one location between two observation dates. These 

changes in depth are then converted to changes in mass through measuring the density of 

snow and assuming a density for ice. Wolverine glacier is entirely free of surface debris, 

while a portion of the ablation zone of Gulkana glacier contains scattered debris cover, 

but we model both glaciers as debris-free. 

There are streamgages located slightly below the termini of Gulkana and Wolverine 

glaciers. The streamgages were installed in 1966 and are maintained by the USGS. The 

temporal coverage of the streamgages is not continuous. For example, the streamgage 

at Gulkana is missing measurements from October 1978 through September 1989 and 

the streamgage at Wolverine does not have measurements from October 1978 through 
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September 2000. The USGS also cautions that there may be significant errors in the 

flowrates, especially at high flows, because the streamgages are located in geomorpho

logically active channels. 

Monthly estimates of SCA are obtained from the MODIS instrument aboard the 

National Aeronautics and Space Administration’s (NASA) Terra and Aqua satellites. 

MODIS images have been processed to observe many properties, but the dataset used 

here is MOD10CM, which is a 0.05 degree spatial resolution monthly temporal resolution 

approximation for the percent SCA of each grid cell (Hall et al., 2006). While daily 

and 8-day MODIS images are available (MOD10C1 and MOD10C2, respectively), these 

datasets are less useful than the monthly product for this region due to a large portion 

of the images being obstructed by clouds. Individual grid cells are even obstructed in 

the monthly images due to prevalence of cloud cover during a given month. To overcome 

this, we spatially average all MODIS SCA percentages over each study region and only 

use the spatially-averaged monthly SCA values for which 30% or fewer of contributing 

MODIS grid cells are obstructed for the given time step. 

5.3.3 Assessment Strategy 

As is seen in Fig. 5.2 and Supplemental Fig. 5.5, climate varies more between the Gulkana 

and Wolverine watersheds than it varies between decades at either of the watersheds. 

Due to this, and because observation data are more readily available for 2000-2010 than 

for other periods (see discussion in Section 5.3.2), we calibrate each of the seven models 

for Gulkana and Wolverine separately for July 2000 through June 2010 and then validate 

the models by applying them for the opposite watershed but the same time period. Using 

only the period 2000-2010 allows us to use flow, SCA, and stake measurements for both 

calibration and validation at each site. We view the ten year calibration and validation 

periods as necessary to assess long-term performance of the models. Often models are 

assessed for shorter periods (e.g. Singh et al., 2000, Liston and Mernild , 2012, and Hock 

and Holmgren, 2005) but their is evidence from work such as Razavi and Tolson (2013) 

that assessing models over short periods can lead to incorrect assessments. 

We calibrate each model in two stages. In the first stage parameters relating to 

cryosphere modules are optimized by comparing modeled and measured SCA and stake 

changes. The calibrated cryosphere parameters are then set constant during the second 
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stage of calibration and all remaining parameters (i.e. those related to runoff generation 

and routing processes - Sec. 5.2.4) are optimized by comparing modeled and measured 

flow. The KGE score is used to assess the fitness of parameter sets during calibration. 

Since stake observations are available at multiple points, fitness scores during the first 

stage of calibration are calculated at each stake measurement location and then averaged 

to produce a single stake score for each parameter set. This stake score is then averaged 

with the SCA score to determine the overall cryosphere fitness of the parameter set. 

5.4 Results and Discussion 

Each of the models from Table 5.2 is calibrated and validated using the procedure out

lined in Section 5.3.3. The corresponding KGE scores of each model for calibration and 

validation are summarized in Fig. 5.4 (full results, including NSE scores, are provided 

in Supplementary Tables 5.7 and 5.8). The corresponding calibrated parameter sets are 

provided in Supplementary Tables 5.9 and 5.10. While Fig. 5.4 efficiently summarizes 

the results, trends become more apparent when model performance is aggregated in spe

cific ways. We’ve therefore separated this section into several subsections to highlight 

interesting properties of the model intercomparison. Some of the trends are: (1) which 

conservation module representation performs best depends on the watershed (Section 

5.4.1), (2) overall performance varies between the two watersheds (Section 5.4.2), and 

(3) which model is most robust depends on the observation variable considered (Section 

5.4.3). Section 5.4.4 then presents general observations. 

We also want to note at the outset that the choice of metric is a significant determi

nant of perceived model performance. Throughout, we primarily report the KGE (Eq. 

5.18), although Supplementary Tables 5.7 and 5.8 provide model performance for the 

NSE (Eq. 5.17) as well. Depending on the characteristics of the errors, NSE scores are 

sometimes higher, and other times lower, than KGE scores (Supplementary Tables 5.7 

and 5.8). Whether the NSE or KGE score is higher has to do with the type of errors 

(i.e. in correlation, distribution, or bias, as explained in Section 5.2.5). To highlight this, 

Table 5.3 displays the types of stake measurement errors for the LSTCC model. This 

analysis shows that the linear correlation and standard deviation of stake observations 

are reproduced well and that the largest source of error for the stake observations is 

bias. This explains the better NSE scores for stake measurements, because the NSE is 
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Figure 5.4: Modeled flow performance during validation as a function of combined 
cryosphere performance, described using the Kling Gupta Efficiency (KGE; Eq. 5.18). 
The marker border indicates phase of assessment, face color indicates heat module rep
resentation, and shape indicates conservation module representation, as described in the 
legends. In subplot A, models are calibrated for Gulkana and validated for Wolver
ine. In subplot B, models are calibrated for Wolverine and validated for Gulkana. The 
cryosphere KGE score is the average of the stake and snow-covered area KGE scores 
(described in Section 5.3.2). 

less sensitive to errors in the bias if the correlation coefficient is strong and the standard 

deviation is reproduced well (Eq. 5.17). It also highlights that choice of error metric, 

and understanding the interpretation of each, is important in comparing results across 

studies. 

Many other modeling studies have implemented similar conceptual models and re

ported “better” model performance. Better is placed in quotation marks because what 

constitutes better depends on the metric used and how the model is assessed. Com

monly, glacier models are evaluated for only a few years (e.g. Liston and Mernild , 2012) 

or a few days (e.g. Singh et al., 2000). It has been demonstrated by Razavi and Tolson 
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Table 5.3: Types of error in reproduction of stake measurements by the LSTCC model 
during validation for Gulkana and Wolverine glaciers. The three error types correspond 
to terms in the Kling Gupta Efficiency (Eq. 5.18), which are the error in the linear 
correlation coefficient (r), the ratio of the standard deviation in the modeled time-series 
over the standard deviation in the observed time-series (α), and the ratio of the mean 
of the modeled time-series over the mean of the observed time-series (β). 

Error Term Gulkana Wolverine
 

|r − 1| 0.12 0.06 
|α − 1| 0.15 0.22 
|β − 1| 1.12 0.94 

(2013) that when calibrating and validating hydrologic models, use of short durations 

can lead to inaccurate assessments of model performance. In the context of identifying 

robust models for use in projecting the impacts of climate change, it is therefore neces

sary to ensure that the validation is sufficiently long and that validation is conducted for 

multiple climatic regimes. 

5.4.1 Conservation Module 

Average performance of the two conservation representations tends to vary by watershed 

(Table 5.4). On average the Δ representation performs better than the CC represen

tation for Gulkana and CC performs better for Wolverine. A difference between these 

watersheds is that Gulkana is drier and colder than Wolverine (Fig. 5.2 and Supplemen

tary Fig. 5.5). Although it is beyond the present scope to establish precisely why the Δ 

performs better for Gulkana and CC performs better for Wolverine, it may be related to 

the way each module represents the timing of accumulation and melt. 

The CC module assumes that the snowpack is isothermal, which impacts energy 

storage in all of the heat representations and the net heat flux in the LSTCC model. The 

former point is caused by the thermal conductivity of snow, which cannot be accounted 

for under the isothermal assumption. The thermal conductivity is lower for less dense 

snowpacks, which means that less dense snowpacks will absorb energy from the surface 

less quickly than snowpacks with a higher density. Therefore, negative heat fluxes during 

the extremely cold winter months may impact the average CC of the snowpack less than 
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as calculated by the CC conservation module representation, particularly for Gulkana 

because of its more continental cryosphere climate. 

Table 5.4: Kling Gupta Efficiencies (KGE; Eq. 5.18) during validation by conservation 
module representation and watershed, averaged over heat module representation. 

Gulkana Wolverine 
Model 

Flow SCA Stake Flow SCA Stake 

Δ 0.60 0.94 -0.28 -0.21 0.73 -0.16 
CC 0.12 0.37 -0.30 0.67 0.85 -0.06 

One characteristics of an improved conservation module would be that it allows 

snowpack temperature to vary vertically through the snowpack. This would have two 

advantages over the CC representation: (1) the net surface heat fluxes could be better 

calculated across climatic regimes and (2) the effect of the snowpack’s thermal conduc

tivity could be accounted for in updating the snowpack’s average internal energy. An 

approach to accomplish this would be to iteratively solve for the surface temperature by 

requiring that the surface energy balance be zero, as is done in Liston and Elder (2006a). 

Using such a method, melt would occur based on the energy balance at the surface of 

the snowpack rather than as a function of the snowpack’s average internal energy, as is 

the case in the CC representation. 

5.4.2 Regional Differences 

If validation results are aggregated over models by region, it appears that on average 

the seven models reproduce streamflow better for Gulkana but that they reproduce SCA 

and stake observations better for Wolverine (Table 5.5). This is a surprising result given 

that snow and ice melt are significant contributors to streamflow. A few points should 

be noted though, which are that SCA performance does not necessarily mean the spatial 

distribution of snow within the watershed is modeled correctly and that averaging over 

models ignores intermodel differences in performance between models. 

To better understand causes of interregional model performance, we also calculate 

the linear correlation coefficient, r value, between performance in each of the cryosphere 

observation types (i.e. SCA and stake) and flow, by region (Table 5.5). For Wolverine, 
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the correlation between SCA and flow performance is 0.92, while for Gulkana it is 0.22; 

however, inspection of Supplementary Fig. 5.6 reveals that ETI(H)Δ appears to be an 

outlier from the general trend because it has strong SCA performance but very poor 

streamflow performance. Removing this model, the correlation between SCA and flow 

for Gulkana increases to 0.71. Weaker correlations between stake and flow performance, 

as seen in Table 5.5, are expected given that glacier melt contributes a smaller portion 

of total annual flow than snowmelt. 

Table 5.5: Regional differences during validation runs in Kling Gupta Efficiency (KGE; 
Eq. 5.18) scores and in the correlation between KGE scores of each cryosphere observation 
type and flow. The top row is the regionally averaged KGE score. The number in 
parentheses is the linear correlation coefficient between the KGE scores of each the 
cryosphere observation type and flow. For Gulkana, the first correlation is for all models 
and the second excludes ETI(H)Δ, which appears to be an outlier (Supplementary Fig. 
5.6). 

Region Flow SCA Stake 

Gulkana 
0.33 0.61 

(0.22; 0.71) 
-0.29 

(0.20; 0.45) 

Wolverine 
0.29 0.80 

(0.92) 
-0.10 
(0.46) 

5.4.3 Robust Performance 

The primary goal of this work is to assess the robustness of conceptual cryosphere mod

ules between regions and climatic conditions. Two aspects of robustness are overall pre

dictive skill and how the predictive skill varies between applications of the model (e.g. 

across regions and climatic conditions). Table 5.6 provides the validation performance 

of each model combination averaged across regions and the difference in performance 

between each region. Under this analysis, the LSTcc has the best predictive skill for 

flow, ETI(H)Δ has the predictive skill for SCA, and ETI(P)cc has the predictive skill for 

stake measurements (Table 5.6). 

Differences in model performance between regions are indicative of how uniform the 

predictive skill is across regions and climates. In this regard, the LSTcc model has the 
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most uniform predictive skill for streamflow and stake measurements, and the ETI(H)Δ 

has slightly more uniform predictive skill for SCA (Table 5.6). Overall, the results 

indicate that the LSTcc model represents a significant improvement in uniformity of 

predictive skill relative to the other conceptual models assessed. 

Given that the climate, cryosphere, and streamflow are physically linked, it would 

be desirable for one model to perform best for all observation types. Selecting a “best” 

overall model is subjective, depending on which metric is used, the observation data 

available, and the structure of the assessment. However, the final column of Table 5.6 

displays the simple mean of KGE scores for flowrate, SCA, and stake measurements; 

under this evaluation the LSTcc performs better than the other models (mean KGE of 

0.52), with ETI(P)cc in second (mean KGE of 0.45), and ETI(P)Δ in third (mean KGE 

of 0.33). 

Table 5.6: Validation KGE scores for each model averaged over watersheds for each 
observation type and the average of all three observation types. Values in parenthases 
are absolute difference in validation KGE scores between regions. The complete and 
unaggregated validation results are provided in Supplementary Table 5.8. 

Model Flow SCA Stake Mean
 

SDIΔ 

SDIcc 

ETI(H)Δ 

ETI(H)cc 

ETI(P)Δ 

ETI(P)cc 

LSTcc 

0.32 
(0.98) 
0.29 
(1.00) 
-0.14 
(1.16) 
0.02 
(0.51) 
0.40 
(0.30) 
0.55 
(0.55) 
0.74 
(0.15) 

0.74 
(0.43) 
0.51 
(0.66) 
0.93 
(0.05) 
0.50 
(0.75) 
0.85 
(0.16) 
0.60 
(0.46) 
0.84 
(0.07) 

-0.58 
(0.97) 
-0.37 
(0.47) 
0.16 
(0.18) 
-0.54 
(0.16) 
-0.25 
(1.15) 
0.21 
(0.23) 
-0.01 
(0.10) 

0.16 
(0.79) 
0.14 
(0.71) 
0.32 
(0.46) 
-0.01 
(0.47) 
0.33 
(0.54) 
0.45 
(0.41) 
0.52 
(0.11) 

An important aspect of being robust is representing all fundamental processes well. 

In this regard, all of the models fail because none performs as well for stake measurements 
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as for flow or SCA, as quantified by the KGE. The LSTcc does the best by reproducing 

both flow and SCA observations across regions. The ETI(H)Δ and ETI(P)Δ, which 

both perform better than LSTcc for SCA, perform considerably worse for flow and are 

therefore deemed less robust. As discussed in Section 5.4.2, this may indicate that 

ETI(H)Δ and ETI(P)Δ do not represent the change in water content well or that while 

the represent the watershed’s average SCA well, they do not match the spatial pattern 

of changes in snow. Therefore, we believe the LSTcc conceptual cryosphere model is 

a positive contribution to conceptual model structures. We also believe, though, that 

improvements can, and should, be made to the conservation module representation to 

better represent ice processes and polythermal snowpacks. 

5.4.4 General Remarks and Future Directions 

As discussed in Fujita and Ageta (2000), glacier surface processes are not sufficient to 

describe glaciers; for example, because up to 20% of melt refreezes. Surface refreezing 

is allowed in the CC conservation module representation for snowpacks when the CC is 

positive but not for glaciers. The primary differences in the conceptual models imple

mented here between snow and ice heat fluxes are that ice has a different surface albedo 

and includes a fitting parameter to allow heat fluxes to translate into melt at a different 

rate (see Section 5.2.3). None of the models contains a representation of the ice’s inter

nal energy. Even SnowModel, an energy balance cryosphere hydrology model, does not 

characterize the internal energy of ice (Liston and Elder , 2006a). Yet, conceptual and 

energy balance cryosphere hydrology models are often applied to assess the impacts of 

glacier melt on projected future streamflow (e.g. Lutz et al., 2014). We therefore perceive 

this as a significant deficiency in current cryosphere hydrology models and an area where 

future work must be done. 

None of the cryosphere hydrology models implemented here uses wind speed or hu

midity as inputs, but these variables are needed to explicitly represent the sensible and 

latent convective heat fluxes. The choice to exclude these inputs is made because they 

are less frequently observed for mountain environments, are difficult to characterize at 

high spatial resolutions, and are therefore not commonly used in conceptual models. For 

continental snow and glacier environments, such as Gulkana, sublimation is an appre

ciable source of mass and energy loss (Ohmura, 2001; DeWalle and Rango, 2008; Sicart 
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et al., 2008). Similarly, sensible convection is important during the times of the year 

when the air and snow or ice surface temperatures differ from one another the most (e.g. 

late summer during the glacier melt season). Each of the conceptual models we imple

ment accounts for sensible heat fluxes through a degree-index term, which is a significant 

abstraction from the actual process, which in reality depends also on the wind speed and 

whether the atmosphere is in a stable, unstable, or neutral state (DeWalle and Rango, 

2008). A potentially enlightening future experiment would be to develop a heat module 

representation that uses wind speed as an input and compare precisely how uncertainties 

in characterizing wind speed impact representation of the heat balance relative to using 

a degree-index term (as is done here). The same experiment could be conducted for 

humidity to directly account for sublimation. 

5.5 Concluding Remarks 

Understanding how the cryosphere will respond to climatic changes has important water 

resources implications and requires implementing models that are robust across geo

graphic domains and climatic conditions. Conceptual cryosphere hydrology models are 

often used to make these types of projections in mountain environments due to data spar

sity, yet existing conceptual models are known to be less robust than physically-based 

model structures. We have developed the CCHF (Fig. 5.3) in order to systematically 

intercompare the robustness of conceptual cryosphere models. We use the CCHF here 

to implement seven existing and novel conceptual models (Table 5.2) for two glaciated 

watersheds in Alaska (Fig. 5.1). The CCHF enables us to interchange individual mod

ules, which affords us more insight into why model performance varies compared to if 

we implemented standalone models. 

Our model analysis provides some general insights and directions for future inves

tigations. For example, we find that the Δ conservation module representation results 

in better KGE scores for models validated for Gulkana (the colder and drier of the two 

watersheds) and that the CC conservation module representation performs better un

der the same analysis for Wolverine (Table 5.4). While no single model (coupled heat 

and conservation modules) outperforms the others for all categories of observations, the 

LSTcc model results in the best KGE score averaged across regions and observation 

types. 
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Assessed using the KGE score, all of the models better represent SCA than stake 

measurements (Table 5.6 and Supplemental Fig. 5.6). It is seen that the origin of this 

difference is larger bias errors in the reproduction of stake measurements (Table 5.4) 

than for the other observation types. One origin of these biases may be that the glacier’s 

internal energy is not accounted for in any of the conservation module representations. 

This deficiency in cryosphere model formulation is consistent with other conceptual mod

els (e.g. Hock , 1999, and Pellicciotti et al., 2005), and even with energy balance models 

such as SnowModel (Liston and Elder , 2006a) that are used in data-sparse mountain 

environments. Thus, we believe an area of future work with CCHF will be to better 

represent glacier processes. 

CCHF lowers the resources (e.g. time investment) required to develop new conceptual 

cryosphere formulations because instead of building a new model from scratch, only the 

specific model formulations need to be developed. Additionally, CCHF provides all the 

tools to calibrate and validate model formulations, and visualize results, making it easy 

to ensure assessment is homogeneous between model formulations. We therefore believe 

that CCHF will continue to be a useful tool to further our understanding of best practices 

for modeling the cryosphere in data-sparse mountain environments. 
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5.7	 Supplemental Figure: Joint Distribution of Precipitation and 

Temperature 
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Figure 5.5: Joint distribution function of daily precipitation and mean surface air tem
perature for Gulkana and Wolverine watersheds (Fig. 5.1) from 1980-1989 and 1990-2009. 
The precipitation and temperature values are spatially averaged over each watershed. 
Climate representation is derived from the daily downscaled Climate System Forecast 
Reanalysis (Saha et al., 2010) product discussed in Section 5.3.1. 
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5.8 Supplemental Figure: Validation Kling Gupta Efficiencies for 

Gulkana and Wolverine Watersheds 

Figure 5.6: Modeled flow performance during validation as a function of SCA and stake 
performance, described using the Kling Gupta Efficiency (KGE; Eq. 5.18). The marker 
border indicates phase of assessment, face color indicates heat module representation, 
and shape indicates conservation module representation, as described in the legends. 
Subplot A displays KGE scores for stake measurements and flow. Subplot B displays 
KGE scores for SCA and flow. 
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5.9 Supplemental Table: Calibration Performance Scores 

Table 5.7: Model Kling Gupta Efficiencies (KGE; Eq. 5.18) and Nash Sutcliffe Efficiencies 
(NSE; Eq. 5.17) during calibration. The top metric is the KGE score and the bottom 
metric in parentheses is the NSE score. The KGE score is used to calibrate each model. 
All calibration runs are for July 2000 through June 2010. 

Model 
Flow 

Gulkana 
SCA Stake 

Wolverine 
Flow SCA Stake 

SDIΔ 
0.60 
(0.53) 

0.54 
(0.53) 

0.72 
(0.35) 

0.75 
(0.53) 

0.84 
(0.83) 

0.81 
(0.86) 

SDIcc 
0.60 
(0.63) 

0.53 
(0.35) 

0.66 
(0.64) 

0.73 
(0.16) 

0.83 
(0.95) 

0.82 
(0.41) 

ETI(H)Δ 
0.49 

(-0.13) 
0.90 
(0.89) 

0.22 
(0.43) 

0.16 
(-1.22) 

0.95 
(0.90) 

0.41 
(0.78) 

ETI(H)cc 
0.61 
(0.60) 

0.60 
(0.44) 

0.56 
(0.59) 

0.66 
(0.50) 

0.85 
(0.81) 

0.71 
(0.39) 

ETI(P)Δ 
0.62 
(0.43) 

0.94 
(0.91) 

-0.06 
(0.27) 

0.15 
(-1.31) 

0.83 
(0.86) 

0.65 
(0.69) 

ETI(P)cc 
0.57 
(0.61) 

0.46 
(0.29) 

0.66 
(0.65) 

0.82 
(0.69) 

0.83 
(0.81) 

0.77 
(0.87) 

LSTcc 
0.62 
(0.68) 

0.58 
(0.43) 

0.57 
(0.61) 

0.74 
(0.70) 

0.86 
(0.83) 

0.85 
(0.85) 
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5.10 Supplemental Table: Validation Performance Scores 

Table 5.8: Model Kling Gupta Efficiencies (KGE; Eq. 5.18) and Nash Sutcliffe Efficiencies 
(NSE; Eq. 5.17) during validation. The columns labeled Gulkana are parameter sets 
that were calibrated for Wolverine and then validated for Gulkana, and vise versa for 
the Wolverine column. The top metric is the KGE score and the bottom metric in 
parentheses is the NSE score. The KGE score is used to calibrate each model. All 
validation runs are for July 2000 through June 2010. 

Model 
Gulkana Wolverine 

Flow SCA Stake Flow SCA Stake 

0.81 0.95 -0.09 -0.17 0.52 -1.06 
SDIΔ (0.60) (0.90) (0.37) (0.01) (0.46) (-0.37) 

-0.21 0.18 -0.60 0.79 0.84 -0.13 
SDIcc (-0.03) (-0.03) (-0.48) (0.61) (0.81) (0.36) 

ETI(H)Δ 
0.44 

(-0.23) 
0.95 
(0.92) 

0.07 
(0.48) 

-0.72 
(-4.84) 

0.90 
(0.89) 

0.25 
(0.40) 

ETI(H)cc 
-0.24 
(-0.06) 

0.12 
(-0.09) 

-0.62 
(-0.57) 

0.27 
(-0.10) 

0.87 
(0.77) 

-0.46 
(0.33) 

ETI(P)Δ 
0.55 
(0.06) 

0.93 
(0.86) 

-0.82 
(-0.88) 

0.25 
(-0.87) 

0.77 
(0.79) 

0.33 
(0.60) 

0.57 0.46 0.66 0.82 0.83 0.32 
ETI(P)cc (0.44) (0.19) (0.26) (0.66) (0.82) (0.54) 

0.66 0.80 -0.06 0.81 0.87 0.04 
LSTcc (0.70) (0.67) (0.38) (0.61) (0.83) (0.57) 
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5.11 Supplemental Table: Calibrated Model Parameters for 

Gulkana 
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5.12 Supplemental Table: Calibrated Model Parameters for 

Wolverine 
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Chapter 6: The Hydropower Potential Assessment Tool (HPAT):
 

Evaluation of Run-of-River Resource Potential for Any Global Land
 

Area and Application to Falls Creek, Oregon, USA
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ABSTRACT: 

Hydropower is a key component of the energy portfolio in many regions. 

Small-scale hydropower systems are popular both in the United States and 

much of the developing world due to the emphasis on renewable energy and 

the general cost-competitiveness of hydroelectric power generation. Often 

an important natural regulator of streamflow seasonality is snow, which 

acts as a natural reservoir. Yet, the climate is changing, which has the 

potential to significantly alter seasonal snowpacks in most regions. This 

in turn will impact the hydropower resource potential for existing facilities 

and those yet to be built. We present a package of tools, referred to as the 

Hydropower Potential Assessment Tool (HPAT), to assess historic and pro

jected future small-scale run-of-river hydropower resource potential either 

for a single location or distributed over a region. To model the link between 

climate and hydropower potential, HPAT implements a fully-distributed 

streamflow model on a 30 arcsecond (≈ 1 km) grid. HPAT creates maps 

of hydropower potential at the spatial resolution of the hydrologic model, 

which can be used to site a diversion, but does not include an algorithm to 

optimize the placement of the penstock between the diversion and turbine. 

To demonstrate HPAT, we implement the tools for a privately-owned run

of-river facility on Falls Creek outside of Sweet Home, Oregon, USA. We 

use an ensemble of Global Climate Models (GCMs) for two future climate 

scenarios to project a plausible range of future changes. For the Falls Creek 

facility, HPAT projects that the timing of peak streamflow will shift from 

spring to winter and that mean annual hydropower potential will likely de

crease slightly from average 1980-2010 historic conditions through the end 

of the 21st century. The only inputs to HPAT that are not globally available 

are time-series observations of streamflow, which are required for calibrat

ing HPAT. All other inputs can be easily generated using tools distributed 

with HPAT for any global land area, making HPAT easy to implement for 

any region where calibration data are available. 

Keywords: run-of-river, hydropower, hydropower siting, climate change
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6.1 Introduction 

Hydropower has been used for hundreds of years because it is often cost competitive as an 

energy source and can be harnessed with relatively basic technology. Today, hydropower 

remains cost competitive for many regions, but it is garnering additional attention due to 

a growing emphasis on renewable energy sources and the increase in overall demand for 

energy (e.g. see Summit Blue Consulting LLC , 2009, and Bartle, 2002). Many existing 

tools for characterizing hydropower resource potential consider only historic conditions 

(e.g. Kao et al., 2014, and Yi et al., 2010); however, in light of recent and projected 

future climate changes (Stocker , 2013), considering a site’s projected future hydropower 

resource potential over a range of climate change scenarios is necessary to ensure that 

infrastructure investment decisions are robust over the lifetime of the project. Aspects 

of climate change that may impact hydropower resources on a regionally-dependent 

basis include changes in the seasonality of precipitation and snowpack (amount and 

persistence) (Stocker , 2013), which will impact the timing and magnitude of streamflow 

for many regions (Barnett et al., 2005). 

Traditional hydropower resources are a function of flow and elevation gradient. In 

a reservoir-based system, the water is impounded and the water’s potential energy is 

used to generate electricity and provide other services to society, including water for 

agriculture (Altinbilek , 2002). Run-of-river systems, which typically divert water from a 

river to a turbine and subsequently release the water back to the river, work in much the 

same way, except that run-or-river systems lack the ability to impound water and are 

therefore dependent on the natural seasonality of streamflow (Balat , 2007). A relatively 

novel class of hydro-electric power conversion technologies are hydro-kinetic systems, 

which use only the kinetic energy of the water (i.e. do not divert the water through a 

penstock to utilize additional potential energy) and can therefore be used with much 

lower elevation gradients (Güney and Kaygusuz , 2010; Liu and Packey , 2014). 

Reservoir, run-of-river, and hydro-kinetic systems are each important, but the present 

work focuses on assessing small-scale run-of-river resource potential for any global land 

area. We focus on small-scale run-of-river systems because there is a need for a tool that 

has global applicability to site these projects and understand how climate change may 

impact system performance. We choose this focus because run-of-river systems are the 

most dependent on natural timing of streamflow and because small-scale systems are im
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portant in many developing regions of the world (Dursun and Gokcol , 2011; Kumar and 

Katoch, 2015), where tools to assess resource potential are also the most limited. Hydro-

kinetic systems also also dependent on natural flows, but are often installed in existing 

irrigation canals or in the tailrace of reservoir-based hydropower infrastructure(Botto 

et al., 2010; Liu and Packey , 2014). In cases where hydrokinetic systems are sited in 

natural waterways, a regional-scale tool is not appropriate to guide this process because 

the distribution of kinetic energy in a natural waterway is often very localized (Guney , 

2011). 

Some estimates of hydropower resource potential exist for specific regions. The hy

dropower assessment with the largest geographic scope is the National Hydropower As

set Assessment Program (NHAAP), which modeled historic potential for the entire USA 

(Kao et al., 2014). All hydropower assessments rely on estimating flowrate and typically 

the most robust method for doing this is to implement a hydrologic model. Kao et al. 

(2014) estimates streamflow for the entire USA by starting with mean annual historic 

streamflow estimates developed by McKay et al. (2012). To translate the mean annual 

estimates to gridded daily historic estimates, Kao et al. (2014) statistically extrapolate 

daily point observations to the gridded streamflow map and scale the annual results 

relative to nearby streamflow observation points. The flow value that Kao et al. (2014) 

use to calculate power potential at each location is the 30% flow exceedance probability. 

A 30% exceedance probability means that the flow is less than or equal to the given 

value 70% of the time. Kao et al. (2014) use a 30% exceedance probability because it is 

the measure used by the Bureau of Reclamation to optimize installed power generation 

capacity per unit of capital investment. The NHAAP is an impressive project due to its 

scope, utility, and coalescence of various data sources. 

As we argue above, it is also important to consider the impacts of climate change 

on hydropower resource potential. Another way the NHAAP could be improved upon is 

to utilize a streamflow model that represents spatial heterogenity better than a statis

tical approach. Additionally, the NHAAP relies on datasets only available for the USA 

and thus would be difficult to replicate for other regions. Kao et al. (2015) takes an 

approach similar to the one we are advocating to estimate climate change impacts on 

reservoir-based hydropower resources in the USA. Kao et al. (2015) find a national av

erage decrease of 2 Terrawatt hours (TWh) of annual hydroelectric generation capacity 

with an uncertainty of 9 TWh. The large uncertainty stems from differences in climatic 
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projections between global climate model (GCM) projections of future climate and be

cause Kao et al. (2015) aggregate results across the entire USA. Kao et al. (2015) also 

find that seasonality of flows into the reservoirs are projected to change. While Kao 

et al. (2015) represents an important work for managing existing US reservoir infras

tructure, they do not assess climate change impacts on existing run-of-river facilities or 

undeveloped hydropower resources. 

Outside of the USA, a few hydropower resource assessment studies have been con

ducted, but often these studies use methods that are labor-intensive to reproduce for 

additional locations. As an example, Kusre et al. (2010) apply the Soil Water Assess

ment Tool, which is a hydrologic model by the United States Geological Survey (USGS) 

in conjunction with geographical information system (GIS) modeling to identify loca

tions within a watershed in India that may be well suited for hydropower. HydroSpot, 

a tool presented in Larentis et al. (2010), is able to identify potential run-of-river and 

reservoir sites, but requires users to supply their own gridded streamflow time-series, 

which cannot be produced within HydroSpot. The methods by Kusre et al. (2010) and 

Larentis et al. (2010) are both technically sound but the modeling components do not 

couple well and they rely on multiple sources of local data (e.g. they do not use globally 

available climate data). Due to this, implementing the above models for new regions 

would essentially require conducting new separate climate, hydrology, and hydropower 

studies using region-specific tools. Additionally, none of these studies considers the im

pacts of climate change. The Hydropower Potential Assessment Tool (HPAT) accounts 

for each of these aspects of the system and the various sub-models integrate naturally 

with one another. 

HPAT meets the needs of groups interested in assessing historic and projected future 

small-scale run-of-river hydropower resource potential within a specific region anywhere 

in the world. The four principal steps of HPAT and the necessary inputs are outlined in 

Fig. 6.1. All inputs are freely available for all regions of the world, except streamgage 

observations, which must be obtained for the region in which HPAT will be implemented. 

HPAT can be implemented for existing hydropower infrastructure or over a large region 

to explore which locations may have the highest quality hydropower resource potential. 

HPAT does not have an algorithm to site diversions, thus it is primarily designed for 

small-scale systems utilizing a penstock that is at most the length of the model resolution 

(typically approximately 1 km). HPAT can be used to estimate the impact of a manually 



163 

sited diversion on hydropower resource potential though, which is done through modeling 

the power losses in the diversion due to friction. 

Figure 6.1: Principle data requirements and steps in the Hydropower Potential Assess
ment Tool (HPAT). Rectangles refer to data inputs and outputs and ovals refer to steps. 

We demonstrate HPAT by investigating the impacts of climate change on hydropower 

resources at an existing site located on Falls Creek, near Sweet Home, Oregon, USA. 

Historic flowrates are not known at the location, but we use a series of flow velocity 

measurements collected over two days to empirically relate flowrate to power output, 

which are then used to calibrate the hydrologic model. Using historic representations 

of climate, we model historic hydropower resource potential and then use an ensemble 

of future scenarios to assess the impacts climate change may have on this facility. We 

conclude by discussing how to implement HPAT for other regions. 



164 

6.1.1 Falls Creek Watershed and Plant 

To demonstrate the utility of HPAT, we implement it for Falls Creek, which is a run-of

river hydropower plant near Sweet Home, Oregon, USA (Fig. 6.2), which is owned and 

operated by Frontier Technologies. The position of Falls Creek on the western slope of 

the Cascade Range in the USA leads to the plant having annual average precipitation 

of approximately 2.2 m (Hijmans et al., 2005), some of which is stored seasonally as 

snowpack. Much of the Falls Creek watershed is also North-facing, which causes the 

snowpack to persist longer than equivalent South-facing watersheds. 

Figure 6.2: Falls Creek watershed in Oregon, USA, including locations of the plant 
diversion and powerhouse, and surrounding topography. The inset highlights the Falls 
Creek diversion, powerhouse, and watershed. Not shown is the penstock, which goes 
directly between the diversion and powerhouse. The digital elevation model used is 
distributed by WorldClim (Hijmans, 2011). 

Falls Creek is a run-of-river hydropower facility with an installed capacity of 4.96 

MW. Historic annual gross generation at the plant from 1985-2014 is slightly less than 

16,000 MWh (megawatt hours), with the bulk of generation typically occurring from 

November through June. The penstock has approximately 725 m of head and the hori

zontal distance between the penstock inlet and the turbine is approximately 2286 m, as 

described in the engineering drawings of the facility and verified with a digital elevation 

model (Farr et al., 2007). 
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Figure 6.3 displays the inside of the Falls Creek powerhouse and the turbine assembly. 

The turbine includes a twin-jet Pelton wheel. Except when the flow is low, the nozzles are 

used in equal proportion and the nozzle positions are automatically adjusted to maintain 

hydraulic head level at the diversion. The tailrace pipe exits the powerhouse and then 

opens into a canal, which drains into the Santiam River. 

Figure 6.3: Falls Creek powerhouse and turbine assembly. The left photo is inside the 
powerhouse and the right photo is of a scale model of the turbine assembly. 

6.2 Methods 

As outlined in Fig. 6.1, the general method for implementing HPAT involves calibrating a 

hydrologic model, applying the hydrologic model to the time periods and projected future 

scenarios of interest, linking streamflow to hydropower resource potential, and assessing 

characteristics of the hydropower potential (e.g. annual flow and seasonal stability). 

These steps can be carried out with equal ease for a single location (e.g. modeling the 

watershed upstream of an existing penstock) or for a large region. Sections 6.2.1-6.2.4.3 

follow the general flow of Fig. 6.1 and describe the HPAT methodology. Section 6.2.4 

then describes aspects of the analysis specific to the implementation of HPAT for Falls 

Creek. 
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6.2.1 Data Inputs 

As shown in Fig. 6.1, there are four main data inputs to HPAT, which are discussed in 

Sections 6.2.1.1-6.2.1.4. Each of these inputs is freely available online for all global land 

areas, except for certain types of calibration data. 

6.2.1.1 Topography 

The current work uses a digital elevation model (DEM) by Hijmans (2011), which has 

a 30-arcsecond (approximately 1 km) spatial resolution. The DEM used determines the 

spatial resolution that HPAT is evaluated for. In theory, any spatial resolution DEM 

can be used. In practice, the resolution of the DEM must strike a balance between being 

fine enough to represent spatial heterogenities in the climate and landscape but coarse 

enough that the model is computationally efficient. We recommend using a DEM with 

a spatial resolution of 30 arcseconds because it typically satisfies these requirements. 

6.2.1.2 Calibration Data 

Calibrating the hydrologic model requires comparing the modeled output to observation 

data. The primary data necessary to calibrate a hydrologic model are time-series of 

streamflow observations. For example, streamgage data in the USA are readily available 

from the USGS (Hirsch and Costa, 2004). For regions outside the USA, streamgage 

data often need to be obtained through local or regional stakeholders. The temporal 

resolution of the streamflow time-series should monthly or finer. If a monthly time-series 

is used, it should be averaged from daily or sub-daily observations, though. The number 

of locations with streamgage observations within the region is flexible. What is important 

is that the landscape characteristics upstream of the set of observation locations reflects 

the landscape diversity of the region being modeled with HPAT. 

HPAT also has the capability to ingest other forms of calibration data. Using more 

variables in calibration can lead to more robust calibration solutions. For example, 

Moderate Resolution Imagining Spectroradiometer (MODIS; Hall et al., 2002) snow-

covered area images can be a valuable tool to ensure that the seasonality of snow is being 

modeled accurately. Unfortunately, MODIS snow covered images could not be used for 

the Falls Creek site because the high density of trees in the Falls Creek watershed reduced 
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the accuracy of the MODIS observations. 

6.2.1.3 Historic Climate 

Two types of historic climate time-series are station observations (i.e. values at a single 

location) and gridded products (i.e. values that represent the average conditions over 

each grid cell). Station observations are typically less useful for implementing HPAT 

than gridded products because the hydrologic analysis in HPAT is done over a grid

ded domain. There are many types of gridded historic climate products, ranging from 

physically-based climate models (e.g. the Climate Forecast System Reanalysis, CFSR, 

by the National Centers for Environmental Prediction; Saha et al., 2010) to statisti

cal models (e.g. Parameter-elevation Regressions on Independent Slopes Model, PRISM; 

Daly et al., 2002, 2008, and Mosier et al., 2014). Products like CFSR typically have 

high temporal resolution (e.g. sub-daily) but low spatial resolution (e.g. 0.5 degrees or 

55 km). These resolutions are too low for direct use in analysis where snow is an impor

tant component of the system because temperature and precipitation in snow-dominated 

areas often varies at much higher spatial resolutions (Hijmans et al., 2005). 

Statistical products can typically be gridded to an arbitrary spatial resolution but 

often have a spatial resolution of 30 arcseconds. PRISM is a widely known and well 

regarded statistical historic monthly time-series and is available for the USA. Unfortu

nately, though, PRISM is not available for most countries outside of the USA. Mosier 

et al. (2014) is also a monthly time-series with a resolution of 30 arcseconds freely 

available for all global land areas. For Oregon, Mosier et al. (2014) show that their 

downscaled time-series compares well with PRISM. Therefore, we use the Mosier et al. 

(2014) historic time-series with HPAT with Climate Research Unit (CRU) version 3.22 

time-series (Harris et al., 2014) and WorldClim climatologies (Hijmans et al., 2005) as 

inputs to the Mosier et al. (2014) downscaling method. To produce climate time-series 

for a region of interest, users of HPAT must download the CRU and WorldClim historic 

climate inputs. Direct links to these climate inputs are provided in the user manual for 

the Mosier et al. (2014) method. 



168 

6.2.1.4 Projected Climate 

HPAT uses projections of future climate represented by GCMs associated with the Fifth 

Phase of the Coupled Model Intercomparison Project (CMIP5; Taylor et al., 2012 and 

Stocker , 2013). Like CFSR, the physically-based climate model discussed in Section 

6.2.1.3, GCMs have a high temporal resolution but a low spatial resolution. Additionally, 

GCMs contain biases relative to observations of historic climate and bias correcting GCM 

output is shown to improve their ability to reproduce historic climate trends (Piani and 

Haerter , 2012; Li et al., 2014). HPAT uses the method by Mosier et al. (2015) to both 

bias correct monthly GCM simulations relative to CRU 3.22 time-series and increase 

the spatial resolution from the GCMs original resolution to 30 arcseconds. The original 

spatial resolution of GCMs varies between about 0.5 and 2 degrees (≈55 and 220 km, 

respectively). 

GCMs are useful tools but are imperfect representations of climate. Thus, projections 

differ between GCMs. A standard practice to assess the uncertainty in future climate 

representation is to use an ensemble of multiple GCMs. We create ensembles of GCMs for 

two future climate scenarios, defined as representative concentration pathways (RCPs) 

4.5 and 8.5. RCPs 4.5 and 8.5 are the most commonly used future scenarios and bracket 

the likely range of future climate states (Stocker , 2013). The number in the RCP name 

refers to the peak energy imbalance of the Earth’s global climate system (e.g. for RCP 4.5 

the peak globally and annually averaged climate system energy imbalance is 4.5 W/m2). 

RCP 8.5 is considered to roughly correspond with a business as usual scenario and RCP 

4.5 is a future scenario in which significant reductions in greenhouse gas emissions are 

implemented (Stocker , 2013). GCM simulations are available through the Earth System 

Grid Federation (Williams et al., 2009) and direct links to many of the CMIP5 GCMs 

are available in the user manual distributed with the Mosier et al. (2015) downscaling 

package. 

6.2.2 Hydrologic Model Calibration and Application 

In many regions where run-of-river hydropower resources are prevalent, both snowmelt 

and rain contribute to streamflow. Therefore, a hydrologic model that accounts for snow, 

and potentially glacier processes, must be used. A further constraint for the present work 
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is that the hydrologic model must reproduce impacts of climate change on the seasonality 

of flow. The three primary hydrologic model structures are statistical, conceptual, and 

physically-based. Statistical models are not suitable for use at projecting results outside 

of the climate regime for which the model was trained and therefore cannot be used in 

climate change analysis. On the other end of the spectrum, physically-based models are 

theoretically the most robust (Hock , 2005; Sicart et al., 2008); however, often require 

extensive effort to implement. This makes physically-based models especially difficult 

to implement in mountain regions because many of the required inputs are either not 

known (e.g. soil depth) or are poorly characterized (e.g. wind speed). Well-known energy 

balance models include those described in Wigmosta et al., 1994 and Liston and Elder , 

2006a. Conceptual models lie between statistical and energy-balance models and rely 

only on widely available inputs, including temperature and precipitation time-series and 

a DEM. 

In HPAT we implement a simple degree index (SDI) snow hydrology model (Hock , 

2003; Ohmura, 2001), which is a conceptual hydrologic model, and include a groundwater 

bucket model (Moore et al., 2012). In the SDI model, melt, M , ([M ] = m, where square 

brackets refer to units) is formulated as ⎧ 

M = 
⎨ ⎩ 

fs (Ta − T0) 

0 

if Ta > T0 

otherwise 
(6.1) 

◦C−1where fs is the degree-index factor ([fs] = m s−1), Ta is the 2-m air temperature 

([Ta] = ◦C), and T0 is the melt threshold temperature ([T0] = ◦C). The SDI hydrologic 

model used in HPAT contains eight fitting parameters, including fs and T0, which are 

optimized using an automated calibration routine. The other fitting parameters relate 

to soil moisture holding capacity, routing streamflow through the landscape, and snow 

holding capacity. 

The optimization routine is a hybrid combination of Monte Carlo simulations (Saw

ilowsky and Fahoome, 2003), Particle Swarm Optimization (Poli et al., 2007), and lin

ear sensitivity analysis. The quality of a given parameter set is calculated by compar

ing model flowrate output against our monthly flowrate estimates derived from power 

records. The metric used to assess parameter set performance is the Kling Gupta Effi
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ciency (KGE; Gupta et al., 2009) score, which is defined as
 

KGE = 1 − (r − 1)2 + (α − 1)2 + (β − 1)2 (6.2) 

where r is the linear correlation coefficient, α is the ratio of the model standard deviation 

to the observed standard deviation, and β is the bias normalized by the observed standard 

deviation. A perfect KGE score is 1 and the negative bound on the metric is negative 

infinity. 

6.2.3 Hydropower Resource Potential 

Several factors impact the amount of hydropower resource potential available at a site 

and whether the site will be economically viable. Depending on the technology to be 

implemented, hydropower resource potential can be a function of the potential and ki

netic energy of streamflow. Economic considerations include the seasonal stability of the 

power, market for the electricity generated, tax structure, and regulatory requirements. 

HPAT only considers potential energy and seasonality, and does not include economic 

analysis. 

Potential energy of streamflow is defined as 

Px,y = η Hx,y −V̇x,y ρ g (6.3) 

where P is the power (subscript x, y refers to value evaluated at each grid cell; [P ] = W), 

η is the overall efficiency (unitless), H is the elevation change along the flowpath ([H] = 

m), −V̇ is the volumetric flowrate ([−V̇ ] = m3s−1), ρ is the density of water (ρ ≈ 1, 000 kg 

m−3), and g is the acceleration from gravity (g ≈ 9.81 m s−2) (Halliday et al., 2001). 

Penstocks are used in run-of-river hydropower systems to transport water from the 

river to a turbine. This allows head to be utilized while minimizing potential power 

losses due to friction. Often power losses in the penstock are expressed as units of head 

equivalent and used to scale the available head (i.e. Hx,y in Eq. 6.3). Although HPAT 

does not site diversions, accounting for power losses due to friction in the penstock is 

important, since it determines how a given penstock geometry will impact the portion 

of hydropower resource potential that can be utilized. The most robust methods for 

approximating power losses in the penstock are to solve the energy equation with ma
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jor losses or use the Darcy-Weisbach equation (Finnemore and Franzini , 2002), which 

respectively are 

2 2P1 − P2 v1 − v2hf = + z1 − z2 + (6.4)
ρ g 2 g 
Lv2 

hf = fD (6.5)
2 Dg 

where hf is the hydraulic head loss from friction ([h] = m), P is the pressure (subscripts 

1 and 2 refer to the endpoints for which the equation is applied to; [P ] = Pa), z is the 

elevation above a datum ([z] = m), v is the mean flow velocity ([v] = m s−1), fD is the 

Moody friction factor (determined from a Moody diagram; unitless), L is the distance 

between points 1 and 2 ([L] = m), and D is the internal pipe diameter ([D] = m). 

A more approximate, but simpler to apply, method for modeling power losses due to 

friction in the penstock is the Hazen-Williams equation, described in Finnemore and 

Franzini (2002), which is 
V̇ 1.85L −

hf = 10.67 (6.6)
C1.85 D4.87 

where C is the material-dependent roughness coefficient on the Hazen-Williams scale 

(unitless). Power losses due to penstock friction are modeled for Falls Creek to demon

strate its impact on available hydropower potential and demonstrate the relative accuracy 

of the methods (Section 6.3.1). 

6.2.3.1 Annual Power 

Annual average power production and stability between years are important consider

ations to assess the feasibility of a hydropower site. Annual average power is simply 

computed as the multi-year mean of annual power potential. Typically a period of 

around thirty years is used to calculate the annual mean. We report the interannual 

variability as the standard deviation of annual power potential over the reference pe

riod. One standard deviation is the bounds that 34.1% of years should fall within. Two 

standard deviations, which corresponds to 47.7%, can be obtained by multiplying the 

bounds presented here by two. 
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6.2.3.2 Seasonal Stability 

Since run-of-river facilities do not have the ability to impound water, seasonal stability of 

streamflow determines the timing of hydropower generation and also potentially impacts 

the design since utilizing flow during the peak season requires a larger generation capacity 

than during drier months. We account for this aspect of run-of-river hydropower resource 

potential through calculation of a metric to quantify the hydropower resource’s stability. 

A metric that has been used to assess the “flashiness” (i.e. stability) of a hydrologic 

system is the Richards-Baker Flashiness Index (RBFI; Baker et al., 2004), 

n (qi − qi−1)
RBFI = i=2 (6.7)n 

i=2 qi 

where qi are time-series of discharge values (arbitrary time step and units). The RBFI 

is designed to indicate how streamflow at the outlet of a watershed responds to meteo

rological inputs, and specifically to detect temporal trends in these responses over time, 

e.g. as a function of land use changes within the watershed (Baker et al., 2004). The 

RBFI has primarily been used for this purpose (e.g. Archer , 2007; Jacobson, 2011) but 

has also been suggested as a means to analyze stability of hydropower resources (Haas 

et al., 2014). Given that the original development of the RBFI was to quantify “flashi

ness” (i.e. instability), an RBFI value of one indicates highly unstable flow. For use in 

quantifying stability, it is therefore appropriate to use one minus the absolute value of 

the RBFI. This way a value of one indicates perfectly stable flow between time steps. 

The RBFI is not an appropriate metric to assess the seasonal stability of hydropower 

though, because the RBFI is relatively insensitive to large monthly deviations in modeled 

power (Fig. 6.4). HPAT therefore implements a novel stability metric (SM), defined as 

12 |pi − p̄|i=1SM = 1 − (6.8)
d |pmx| + 11 p̄ 

where pi are unit-independent monthly power values, p̄ is the mean of the monthly power 

values, d is the number of time-series elements for which pi > σp − p̄, where σp is the 

standard deviation of the power values, and pmx is the maximum of the monthly power 

values. A perfect SM score is one, which indicates that an equal amount of power is 

produced during each month. An SM score of zero indicates that all of the annual power 
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is produced during one month. 

We compare the utility of the RBFI (Eq. 6.7) and SM (Eq. 6.8) by generating random 

monthly power distributions in which 90% of the power is generated during three, six, 

nine, and twelve months of the year (Fig. 6.4). We find that the SM has a larger dynamic 

range than the RBFI. We additionally test each metric for the case where all of the power 

is evenly produced between one, two, three, etc. months of the year (Fig. 6.4). Under 

this test, the incremental changes in the SM values are relatively even, whereas for the 

RBFI the case in which all power is produced during only two months yields a stability 

factor of 0.5 (Fig. 6.4). This also demonstrates the relatively low dynamic range of the 

RBFI in this context. Based on this analysis, SM is justified as a more suitable metric 

to determine seasonal stability of hydropower resource potential. 

Figure 6.4: Standard deviation of monthly flow conditions for various test cases as a 
function of stability, as characterized by one minus the absolute value of the RBFI 
(Eq. 6.7) and the SM (Eq. 6.8). In all cases the total annual power produced is 6,000, 
where the units are arbitrary. The grouped points share the property that 90% of 
the annual power is produced in the specified number of months and intra-monthly 
perturbations vary randomly by ± 25%. The ungrouped curve of data points starting 
with a stability metric value of 0 and decaying towards 1 corresponds to the cases where 
all power is generated during one month, two months, three months, etc. and amount of 
power generated within each of these months is uniform. 
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6.2.4 Implementing HPAT for Falls Creek 

To demonstrate HPAT and highlight the adaptability of the methodology, we implement 

it for the Falls Creek hydropower facility in Oregon, USA (Fig. 6.2). What is unique 

about this implementation of HPAT for Falls Creek is that the Falls Creek facility does 

not record streamflow. They do, however, record power output. We therefore estimate 

streamflow from the power output records, as described in Section 6.2.4.1. Sections 

6.2.4.2-6.2.4.3 then describe details on how HPAT is implemented to assess historic and 

projected changes in streamflow at this facility. We use the input data sources described 

in Section 6.2.1 to acquire the necessary topographic and climate inputs. 

6.2.4.1 Linking Power and Flow at Falls Creek 

Neither velocity nor volumetric flow are measured in the penstock of the Falls Creek 

plant; however, penstock pressure is measured just prior to the turbine and power output 

from the turbine generator is also measured. For three power output regimes (600 kW, 

1200 kW, and 2400 kW), we measured velocities of water exiting the plant’s tailrace pipe 

using a SonTek FlowTracker Handheld ADV. 

The Falls Creek turbine has two jets (see Figure 6.3) with nozzles that can be in

dependently adjusted. The nozzle combination impacts the turbine efficiency. To test 

the impact of nozzle configuration, we measured flowrate for three nozzle configurations 

for the 600 and 1200 kW power regimes and two configurations for the 2400 kW power 

regime. In all cases, we manually set these nozzle configurations and chose them to 

characterize the possible operating ranges for the turbine. These velocity measurements 

allow us to empirically determine the correspondence between flowrate and power output 

at Falls Creek and assess the impact of nozzle combination on efficiency. 

To estimate volumetric flowrate, we measured stream velocity at five points in the 

cross-section of the end of the plant’s tailrace pipe (see Fig. 6.5 for description of distribu

tion), averaged the velocities, and scaled the average by the portion of the cross-sectional 

area of the tailrace pipe that was filled with water. We used these eight estimates of 

flowrates and corresponding powers to produce an empirical correlation between power 

and flowrate. We determine the uncertainty in this relationship by propagating the mea

surement uncertainties through the relevant equations using the method of sequential 
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perturbations and also present the curve fit error (Moffat , 1988).
 

Figure 6.5: Sampling distribution of velocity measurements at the Falls Creek plant’s 
tailrace. The five velocity sampling points are indicated by green dots. Three of the 
points are located along the vertical centerline of the tailrace pipe at 1/4, 1/2, and 3/4 
of the distance between the surface of the water and bottom of the pipe. The other two 
points are located along the vertical chord that is 1/4 of a diameter from the vertical 
centerline at heights of 1/4 and 1/2 the distance from the water’s surface. 

The empirical flow-power relationship we developed for Falls Creek is in terms of 

actual power produced, measured downstream of the generator but upstream of the 

transformer. That is, the power measurements are power output and therefore implicitly 

account for all losses in the system, including power lost in the penstock, turbine, and 

generator. We have to account for these losses in order to estimate the total available 

hydropower resource potential (i.e. power without losses) and the proportion of this 

resource being utilized (i.e. overall efficiency). To estimate the overall efficiency, we 

implement the energy equation (Eq. 6.4). To estimate power losses in the penstock, 

we implement and compare Eqs. 6.4-6.6. These efficiencies are reported since they will 

assist in applying a similar model to a location where HPAT is used to assess available 

hydropower resource potential instead of power generated. 
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6.2.4.2 Calibrating Hydrologic Model for Falls Creek 

The drainage point for the Falls Creek watershed is adjacent to the Falls Creek penstock 

(Fig. 6.2). Both of these locations are within the same grid cell of the DEM used in this 

study. Therefore, the streamflow modeled by the SDI hydrologic model is equal to flow 

entering the penstock and the flow remaining in Falls Creek. There are two primary 

operating constraints on the amount of water that the Falls Creek plant diverts are (1) a 

minimum of one cfs bypasses the penstock inlet and (2) the plant generates a maximum 

of 4.96 MW of power. 

The Falls Creek Plant measurements (e.g. time-series of power produced and penstock 

pressures) are proprietary but have been made available to us for January 2000 through 

the July 2015 and are recorded at 5 minute intervals. We use our empirical flow-power 

relation to convert these power records into estimates of flow. We then aggregate these 

five minute measurements to daily and monthly intervals. In preliminary analysis we 

have found that while spillage over the diversion (i.e. operating constraint two in the 

preceding paragraph) significantly impacts instantaneously observations and flowrate 

estimates aggregated to daily time-steps, water spilled over the diversion is much less 

significant at monthly timesteps. Therefore, we do not account for water spilled over 

the diversion in our monthly calculations. We do, however, exclude monthly flowrate 

estimates for which there are five or more days of missing records during a given month. 

This data cleaning step removes four points over the 10 year period. 

We run and evaluate the SDI hydrologic model at a monthly time-step rather than 

daily since we are primarily interested in understanding seasonal fluctuations in stream-

flow. We calibrate all eight parameters of the SDI hydrologic model against estimated 

monthly streamflow for the period August 2009 through December 2014. We use this 

period for calibration because it is one half of the total period for which power measure

ments are available from Falls Creek. January 2004 through July 2009 are then used to 

validate the SDI hydrologic model. 
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6.2.4.3	 Simulating Historic and Future Hydropower Resource Po

tential at Falls Creek 

We use the calibrated SDI hydrologic model to simulate historic and projected future 

streamflow. The historic simulation is run for 1980-2010 and the projection simulation 

runs are for 2025-2100. For analysis, the projection simulations are divided into the 

ranges of years 2025-2055 and 2070-2100 to characterize potential near-term and long

term changes. Uncertainty for projected streamflow scenarios is taken to be the standard 

deviation between ensemble members. Power is estimated from modeled flowrates by 

inverting the empirical power-flow equation and applying the relationship to the modeled 

monthly streamflows. 

To assess the uncertainty in future climate states, we run the SDI hydrologic model for 

six GCMs and two climate scenarios (RCP 4.5 and RCP 8.5), creating two ensembles of 

projection results. The GCMs included in the ensembles are BCC-CSM (by the Beijing 

Climate Center, China Meteorological Administration; Zhang et al., 2012), CESM1

CAM5 (by the National Center for Atmospheric Research; Neale et al., 2010), GISS-E2

H (by the Goddard Institute for Space Studies; Schmidt et al., 2014), IPSL-CM5A-LR 

(by the Institut Pierre Simon Laplace; Dufresne et al., 2013), MPI-ESM-MR (by the 

Max Plank Institute for Meteorology; Giorgetta et al., 2013), and NorESM1-M (by the 

Research Council of Norway and based upon the Community Climate System Model 

version 4; Bentsen et al., 2013). These GCMs represent a range of temperature and 

precipitation changes and generally reproduce modern climate well (Alder et al., 2013). 

6.3 Results and Discussion 

6.3.1 Power to Volumetric Flow 

Efficiency of the Falls Creek plant is a function of the volumetric flow through the 

plant in two primary ways. First, frictional losses in the penstock are a function of 

volumetric flow. Secondly, the efficiency of the turbine depends on the interaction of 

water impinging on the turbine blades and interactions with water exiting the turbine. 

In practice, the second efficiency source is significant and depends on both the design of 

the turbine and combination of jets used. That the nozzle configuration matters is readily 
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apparent in Table 6.1, which shows power output and losses for each of the eight manual 

velocity measurement points. The large uncertainties in the efficiencies are attributable 

to large uncertainties in the volumetric flowrate. As explained in Sec. 6.2.4.1, velocity 

is sampled at five points in the cross section of the tailrace outlet. We did not model 

the velocity profile because the tailrace pipe had a horizontal free surface inside (i.e. 

was not completely full) and the geometry of the tailrace exit complicated interactions 

between the jet from the pipe and the surroundings. Therefore, we used the average 

of the five velocity measurements, which we scaled by the portion of the cross-sectional 

area of the tailrace pipe that was full, to compute the volumetric discharge. We report 

the uncertainty as the standard deviation between the five velocity measures. Each 

velocity measurement is the time-average value recorded by the SonTek FlowTracker 

over a 60 second data collection period. This measurement duration was used because 

it significantly reduced the precision error in the measurement (i.e. was long enough to 

average out oscillations in the flow). 

Power losses due to friction in the penstock (displayed in Table 6.1) are calculated 

using the energy equation (Eq. 6.4), the Darcy-Weisbach friction equation (Eq. 6.5), and 

the Hazen-Williams equation (Eq. 6.6). In situations for which HPAT is used to identify 

new hydropower sites (i.e. those situations where the pipe pressure drop and velocity of 

water in the penstock cannot be observed), the Hazen-Williams equation is the easiest 

means of estimating penstock energy losses. While the energy equation is the most accu

rate means for calculating power losses in the penstock, the Hazen-Williams equation ap

proximates these losses well and has less uncertainty than the Darcy-Weisbach equation 

(Table 6.1). The large uncertainty in energy losses calculated with the Dary-Weisbach 

equation are due the formulation’s sensitivity to uncertainties in the volumetric flowrate 

and large uncertainties about the penstock’s internal roughness. These sensitivies are a 

property of the form of the respective functions. 

For all the the measured points, the energy losses in the turbine and generator are 

close to or greater than an order of magnitude larger than energy losses in the penstock, 

as calculated by the energy equation. Thus, choosing a turbine and generator setup 

that is efficient for the expected flow and pressure regimes, and ensuring the turbine is 

operated optimally, are more important to reducing power losses than factors such as 

the coating on the inside of the penstock. An area for future development of HPAT 

would be for the tools to suggest turbine technologies using results of the flowrate and 
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topography analysis; however, this is not part of the current package. 

The eight pairs of measured flowrates and output power values from Table 6.1 are 

used to create a linear best-fit line, which relates flowrate to power (Fig. 6.6). The trend 

line, which was obtained using a least squares fitting method, provides the empirical 

relationship 

−V̇ = 1.809 × 10−4 P + 1.606 × 10−2 (6.9) 

˙where P is the generator output power ([P ] = kW) and −V is the flowrate through the 

penstock ([−V̇ ] = m3s−1). The Pearson Product-Moment Correlation coefficient, r-value, 

for Eq. 6.9 is 0.98. We apply Eq. 6.9 to estimate flowrate from records of turbine power 

output. These flowrates are then aggregated to monthly values and used to calibrate 

and validate the SDI hydrologic model. 

Figure 6.6: Correspondence between power and flowrate at Falls Creek measured for 
three power regimes. Vertical error bars provide uncertainty in the volumetric flowrate 
estimates based on uncertainty in velocity and area measurements and range from 0.02

−10.03 m3s . Uncertainty in power produced, which we base on the standard deviation of 
power records during each measurement period, vary between 1 and 9 kW and have an 
average of 5 kW, which fits within the data point marker. The equation of the best-fit 

−1line is given in Eq. 6.9. The curve-fit error associated with the trend line is 0.017 m3s . 
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6.3.2 Streamflow: Historic and Projected 

During the calibration period, which is August 2009 through December 2014, the best 

performing parameter set has a KGE score (Eq. 6.2) of 0.73. This parameter set is 

then applied to a validation period from January 2000 through July 2007, resulting in 

a validation KGE score of 0.80. Both of these scores are considered strong model fits 

(Moriasi et al., 2007). Fig. 6.7 shows the modeled flowrate during these two periods 

relative to the flowrates that are empirically derived using Eq. 6.9. As seen in Fig. 6.7, 

high flows during both winter and spring are captured well and hydrologic model errors 

are primarily in reproducing flow between peaks. A possible reason for these errors is 

that groundwater is speculated to play a role in the Falls Creek watershed. The SDI 

hydrologic model does not account for lateral movement of water through the ground. 

Since groundwater moves much more slowly than surface water, lateral transport could 

account for the the smoothed seasonality seen in the observation records (Fig. 6.7). 

We then apply the calibrated SDI hydrologic model to the historic and projected 

future simulations. For the historic period, there is one simulation and for each future 

climate scenario (i.e. RCPs 4.5 and 8.5) there are six ensemble members. Fig. 6.8 shows 

average monthly flowrate for each simulation, where the future projection simulations 

are divided into the years 2025-2055 (referred to as near-term) and 2070-2100 (referred 

to as long-term). Monthly flowrates are projected to increase from December through 

February and decrease from April through October for most projection simulations in 

both RCP 4.5 and 8.5. The projected changes are present in both the near-term and long

term future projections, but the impacts are larger for the long-term period. Further, 

the impacts in the long-term projections are larger for RCP 8.5 than RCP 4.5.The 

trend towards larger winter flowrates and lower spring and early summer flowrates is 

attributable to less projected snowpack in the Falls Creek watershed, and is consistent 

with regional projections (Nolin and Daly , 2006). 

An attribute of flowrate not captured using monthly time-steps is the impact of 

individual storm events on flowrate. During flood events a lower percentage of the flow 

can be utilized for hydropower production since the plant has a maximum generation 

capacity. Some of the largest floods in Oregon are due to rain on snow events (McCabe 

et al., 2007). Thus, rain on snow flooding events will be less dramatic under future 

climate scenarios with less snowpack. Snowpack also serves as a natural reservoir of 
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Figure 6.7: Monthly average flowrates at the Falls Creek diversion for the SDI hydrologic 
model calibration and validation periods. The observed flowrates are empirically derived 
from measured power using Eq. 6.9. Monthly observed flowrates are excluded if five or 
more days of measurements are missing for a given month. 

water, storing precipitation from winter storm events until melt occurs in the spring. 

Thus, under a warmer future scenario more precipitation will occur as rain and runoff 

during individual winter storm events. Hydropower facilities with reservoirs have the 

ability to absorb these individual storm event streamflow peaks and can partially mitigate 

impacts of changing snowfall patterns. Since Falls Creek is a run-of-river facility, it does 

not have the capacity to mitigate these changes. 

6.3.3 Characterization of Hydropower Resources 

For the application of HPAT to Falls Creek, power is empirically estimated from the 

streamflow simulations using the inverse of Eq. 6.9. Table 6.2 highlights the corre



182 

Figure 6.8: Monthly mean flowrate at Falls Creek hydropower diversion for projection 
simulations compared to historic. Position on the y-axis indicates average flowrate and 
marker size denotes standard deviation in flowrate between years. 

spondence between simulated flowrate and impacts on hydropower. The seasonal and 

inter-annual stability, as quantified by the SM (Eq. 6.8), decreases slightly from historic 

to projected future simulations. The maximum power produced during any month is not 

predicted to change, although the month in which the maximum power is generated is 

projected to shift from April to March (as seen based on the flow estimate in Fig. 6.8). 

Another result is the total annual power production is expected to decrease from a mod

eled annual average of 1.80 × 107 kilowatt hours (kWh) to between 1.73 ± 0.12 × 107 and 

1.55 ± 0.14 × 107, depending on the scenario and timeframe (Table 6.2). The interannual 

standard deviation of power is not projected to change significantly. 

As is seen in our analysis of Falls Creek, climate change is likely to impact hydropower 

resources and thus tools to project potential impacts add benefit to long-term site analy

sis. Yet, as it is seen in Table 6.2, there are large uncertainties surrounding the projected 

impacts of climate change hydropower resource potential. The uncertainties stem from 

both the emissions scenario and differences between GCMs in what the future climate 

state corresponding to a given scenario will be. Despite these uncertainties, patterns of 
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change from historic to projected future scenarios do emerge. These changes will vary 

by region and therefore the climate change aspect of HPAT provides value relative to 

simply analyzing historic hydropower resource potential. 

Neither reservoir nor run-of-river facilities can mitigate inter-annual variability of 

flows. Given that the watershed upstream of Falls Creek is fixed, the best option for 

offsetting the impacts of these projected decreases in annual power production is through 

increasing efficiency of the system. The area where efficiencies can most easily be ob

tained is through optimizing the combination of nozzles used for each flowrate (Table 

6.1). 

6.3.4 General Implementations of HPAT 

The present analysis has been conducted for Falls Creek to demonstrate the utility 

of HPAT. HPAT can be applied to any location or region, though, and can be used to 

identify locations within a region that have the greatest run-of-river hydropower resource 

potential. The only difference between the present implementation of HPAT for Falls 

Creek and general implementations is that here we develop a relationship between power 

output and flowrate, which we use as the calibration data input to HPAT (Fig. 6.1). 

When HPAT is used to assess hydropower resource potential over a region, the hydrologic 

model needs to be calibrated using available streamgage data within the region being 

studied. The primary constraint on the streamgage data is that the characteristics of 

the gaged watershed should be representative of the region for which HPAT is applied. 

Some of the qualities to consider in ensuring the gaged watershed is representative of 

the study region are that the predominant vegetation cover, contribution of snow, and 

the extent to which groundwater influences streamflow are similar. 

For Falls Creek we calculate hydropower resource potential at a single location, which 

means the outputs are single statistical values. For regional implementations all of 

the statistical outputs presented in Fig. 6.8 and Table 6.2 are produced as gridded 

maps, including maps of historic and projected annual flow, stability, and other statistics 

designated by the user. These maps could be analyzed visually or by setting criteria to 

rank the most desirable locations within the grid. 

HPAT does not currently include the capacity to site diversions. In the instance of 

Falls Creek, the elevation difference between the penstock inlet and the turbine is known 
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and is entered manually. In general implementations of HPAT, the output maps show 

density of hydropower resource potential at the resolution for which HPAT is applied 

(commonly approximately 1 km). If a penstock longer than the grid resolution is desired, 

a user should identify locations with high hydropower resource potential using HPAT 

and then scale the hydropower potential calculated by HPAT to account for the increased 

potential energy due to the proposed penstock and power losses due to friction in that 

penstock. The Hazen-Williams formula for penstock power losses due to friction (Eq. 

6.6) has been demonstrated for Falls Creek to be effective at characterizing these losses 

(Table 6.1). 

In cases where HPAT is used to remotely identify resource potential over a large area, 

efficiencies of turbine technologies and the most cost effective generation capacity to in

stall must be accounted for (Anagnostopoulos and Papantonis, 2007). The efficiency of 

each turbine design varies as a function of flowrate and jet pressure (e.g. see technology 

comparison in Summit Blue Consulting LLC , 2009, and Cobb and Sharp, 2013). Cur

rently technology decisions must be made manually based on the results from HPAT. 

A useful future upgrade to HPAT would be to program the efficiencies of multiple tur

bine designs into HPAT and write an optimization routine to recommend specific turbine 

technologies for specific locations based on maximizing total annual power or minimizing 

the cost per unit of power generated. 

While we use high spatial resolution monthly historic climate reanalysis by Mosier 

et al. (2014) and projections of future climate by Mosier et al. (2015), other climate 

products can be used with HPAT as well. The advantage of using the above climate 

products is that they are freely available for all global land areas and are distributed 

with HPAT. In many instances though, daily climate time-series are advantageous since 

sub-monthly peaks in rainfall and runoff (i.e. corresponding to individual storm events) 

affect run-of-river facility operations and cannot be captured with monthly resolution 

climate products. One source of historic climate reanalysis is the Climate Forecast 

System Reanalysis (CFSR; Saha et al., 2010), which is also available for all global land 

areas. A disadvantage of CFSR is that it is a lower spatial resolution and for many 

applications must be downscaled, which adds extra complexity to implementing HPAT. 

One method for downscaling CFSR is with the MicroMet package by Liston and Elder 

(2006b). 

Limitations of remotely assessing hydropower potential should also be noted. Each 
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site has unique characteristics important to development of hydropower infrastructure 

that impact the decision process (e.g. see Jager and Bevelhimer , 2007). For example, a 

physical consideration is channel geometry, and the associated feasibility of installing a 

diversion and tailrace. Permitting requirements are also an important consideration that 

cannot directly be accounted for in HPAT. Yet another consideration is the economic 

feasibility of a potential project, including power purchase agreements, infrastructure to 

get the electric to the desired market, and tax structure. While HPAT is a valuable tool 

for assisting in the siting of hydropower infrastructure based on resource potential, there 

are therefore many other considerations that must be accounted for as well. 

6.4 Concluding Remarks 

HPAT is designed to identify the locations within a region with the greatest potential for 

development of small-scale run-of-river hydropower resources and to quantify potential 

impacts on hydropower resource potential due to climate change. It differs from previous 

tools to assess hydropower resources (such as the NHAAP, Kao et al., 2014, and the 

method by Yi et al., 2010) because HPAT is both easy to implement for any global land 

area and can be used to assess impacts of climate change on run-of-river hydropower 

resources. To validate HPAT, we implement it to assess historic and projected future 

hydropower at Falls Creek, an existing hydropower facility in Oregon, USA. 

The emphasis on small-scale hydropower resources is primarily because HPAT does 

not include an algorithm to automatically site diversions. Therefore, small-scale hydro 

in the context of HPAT is primarily based on infrastructure footprint rather than a set 

generation capacity. As discussed in Section 6.3.4, diversions longer than the HPAT 

spatial resolution (typically approximately 1 km) can be sited manually and accounted 

for using Eqs. 6.3 and 6.6 to account for increased hydraulic head and frictional losses. 

Climate change is spatially heterogeneous, as are the impacts on streamflow. Climate 

change will impact both precipitation patterns, the amount of precipitation that falls as 

snow, and the persistence of snowpack. For Falls Creek, climate change is projected 

to cause the months with peak streamflow to shift from spring to winter (Fig. 6.8) 

and decrease average annual flowrates slightly (Table 6.2). These types of changes are 

consistent with climate change projections for the Pacific Northwest of the USA. The 

climate projection tools distributed with HPAT can be used to create similar projections 
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for any other global land area. 

Whether or not a given hydropower resource is developed is often a matter of eco

nomics and regulation (Summit Blue Consulting LLC , 2009). An important component 

of the economics is the construction price of the project and the resulting cost per unit 

of energy to produce the power. Turbine technology and installed generation capacity 

play important roles in determining plant revenue versus expenses. How the system is 

operated also plays an important role. For example, at Falls Creek that turbine effi

ciency is sometimes higher when the jets are used asymmetrically (Table 6.1). For some 

regions, another consideration is ensuring that operators have the training necessary to 

maintain the plant at peak efficiency (Murni et al., 2013). Each of these factors should 

be considered to assess the economic viability of a potential hydropower project. 

The only input data to HPAT that must be obtained for the specific region it is 

being implemented for is streamgage data for model calibration. All other inputs to 

HPAT are available for all global land areas. Therefore, it is expected that HPAT will 

enhance the ability of engineers and policy makers to make better informed decisions 

about hydropower infrastructure development and investment both in locations such as 

the USA and data-sparse regions such as Pakistan and Nepal. 
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7.1 Synopsis 

Significant advances have been made in our understanding and modeling of the Earth’s 

climate and hydrologic processes. These advances include new climate reanalysis prod

ucts, more complete representation of climate feedbacks in long-term GCMs, better re

mote sensing of our Earth (including the cryosphere), and the development of hydrologic 

models that represent real processes and systems better than previous generations of 

models (Tapley et al., 2004; Abdalati et al., 2010; Stocker , 2013; Clark et al., 2015). De

spite these increases in our ability to remotely measure properties of the Earth system and 

increasingly powerful physically-based models, issues of data sparsity and disparities be

tween regions persist. The forms of data disparities include uncertainty in observations, 

density of the observation network, and variables reported. There are also disparities 

between computational resources of model users. This creates the need for tools that 

can be applied to fill in the gaps, both through extrapolating between observations and 

development of process models that acknowledge how well each input is constrained. My 

research seeks to address these issues through development of statistically downscaled 

historic and projected future climate products, a framework to compare and assess con

ceptual cryosphere hydrology model formulations, and a method to model the impacts 

of climate change on small-scale run-of-river hydropower resource potential. 

Chapter 2 presents a package I’ve developed to produce high-spatial resolution 

monthly gridded time-series of precipitation and temperature (minimum, mean, and 

maximum) using a delta downscaling method. Precipitation and temperature are chosen 

because they are the most widely available meteorological variables globally (Lawrimore 

et al., 2011) and because they are the most canonical time-series inputs required for mod

els of many systems, including cryosphere and hydrological processes. The downscaled 

historic climate time-series presented in Chapter 2 are compared to Global Historical 

Climatology Network (GHCN) stations for parts of the Yukon Territory in Canada, 

Altai Republic in Russia, Germany, the state of Oregon in the USA, Pakistan, and Cen

tral Argentina. Performance of the downscaled historic time-series varies by region and 

errors correlate strongly to errors in WorldClim (Hijmans et al., 2005), which is an in

put to the delta downscaling package. Thus, one means of improving the downscaled 

time-series is to create a more accurate 30-arcsecond spatial resolution reference clima

tology. To asses the relative magnitude of errors in the delta downscaled time-series, we 
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also compare the Parameter-elevation Regression on Independent Slopes Model monthly 

time-series (PRISM; Daly et al., 2008) to GHCN station records for Oregon, USA. We 

choose PRISM as the comparison because it’s the official historic time-series used by the 

US Department of Agriculture (Daly et al., 2008). For Oregon, the magnitude of errors 

in the two products are similar under this analysis. 

Chapter 3 presents an extension to the downscaling package from Chapter 2, which 

allows the package to be used with GCM monthly simulations (both historic and pro

jected). The main improvement to the package between Chapters 2 and 3 is the inclusion 

of a bias-correction component, which creates a mapping from a historic GCM simula

tion to a historic reference time-series. Two bias-correction methods are implemented, 

univariate empirical quantile mapping (QM) and bivariate empirical joint bias correction 

(JBC). Although JBC is seen in other instances to outperform QM (Piani and Haerter , 

2012; Li et al., 2014), in the context of bias-correcting and then delta downscaling GCM 

monthly simulations (i.e. as done in Chapter 3), QM appears to reproduce physical uni

variate and bivariate probability distributions of precipitation and temperature more 

accurately than JBC. 

Chapter 4 then implements the delta downscaling package with QM bias-correction 

to project changes in snowfall for the Alaska Range, Alps, Central Andes, and Himalaya-

Karakoram-Hindu Kush (HKHK) mountain ranges. A unique attribute of this analysis 

is that the high-spatial resolution mapping of snowfall allows the elevation-dependence 

of changes in snowfall to be analyzed, which would not be possible using original GCM 

simulation output because of the low spatial resolution of GCMs. In Chapter 4 it is seen 

that projected future patterns of snowfall are largely similar between representative con

centration pathways (RCPs) 4.5 and 8.5 until about the middle of the 21st century. The 

Alaska Range is projected to experience an increase in snowfall; however, the Alps, Cen

tral Andes, and HKHK regions are projected to all experience decreases. Although the 

tools developed are implemented for these four regions, the method can be implemented 

for any region. 

The Conceptual Cryosphere Hydrology Framework (CCHF), presented in Chapter 5, 

is a platform for implementing and evaluating conceptual hydrology models. The devel

opment of a platform to directly assess how specific cryosphere process representations 

affect model performance is itself relatively novel. Additionally, Chapter 5 presents new 

process representations that are shown to improve model performance relative to exist
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ing conceptual hydrology model formulations. These processes include a groundwater 

bucket model (Moore et al., 2012), use of cold content to account for changes in internal 

energy (DeWalle and Rango, 2008), and the Longwave-Shortwave-Temperature (LST) 

formulation for parameterizing the net heat flux. These methods are implemented and 

assessed for Gulkana glacier and Wolverine glacier in Alaska, USA, which are two long

term study sites maintained by the US Geological Survey (Van Beusekom et al., 2010). 

It is found through this analysis that including a groundwater bucket, cold content, 

and parameterizing heat fluxes using the LST model improves model performance and 

enhances model robustness when applied across watersheds and time periods. 

The Hydropower Potential Assessment Tool (HPAT), which is presented in Chapter 

6, is the culmination of the climate and cryosphere hydrology modeling tools presented 

in Chapters 2-5. HPAT is designed to model historic and projected future changes in 

small-scale run-of-river hydropower resource potential. HPAT can be used to model 

hydropower resources at existing facilities or to site new infrastructure for which the 

diversion is at most the length of the model grid cell (approximately 1 km). To assess 

run-of-river hydropower resources with longer diversions, the diversion properties (i.e. 

elevation change and length) must be manually defined in HPAT. HPAT is demonstrated 

for the Falls Creek run-of-river facility near Sweet Home, Oregon, USA. For Falls Creek, 

HPAT projects that the season of peak streamflow in Falls Creek will shift from spring 

to winter and that average total annual streamflow will decrease approximately 4-6 

% by 2025-2055 relative to 1980-2010 for RCPs 4.5 and 8.5. Except for streamflow 

observations, which are used for hydrologic model calibration, HPAT uses only globally 

available inputs and thus can be applied to any region. 

7.2 Synthesis and Future Work 

Each of the three components of this research - high-spatial resolution climate time-series, 

cryosphere hydrology model, and hydropower resource assessment tool - has independent 

merit. Together they provide a fuller characterization of the linkages between climate, 

cryosphere hydrology, and impacts on run-of-river hydropower. In this way, Chapter 6 

provides an example of how each area of my research connects to the others. Each of 

the tools also has utility beyond the context of this dissertation. For instance, under

standing high-spatial resolution changes in climate is useful for projecting changes in 
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animal habitat, arability of land, and economic impacts around the world (Keith et al., 

2008; Mantua et al., 2010; Olesen and Bindi , 2002; Parry et al., 2004; Beniston, 2012). 

Similarly, water is one of the most necessary resources for life and runoff from mountains 

is an important component of water resources for many regions (Messerli et al., 2004; 

Barnett et al., 2005). Thus, the improved cryosphere hydrology models produced using 

the CCHF have many applications, including understanding changes in probability of 

floods (Kay et al., 2009; Diffenbaugh et al., 2013), timing and magnitude of streamflow 

from mountain headwaters (Barnett et al., 2008; Immerzeel et al., 2010), and climate 

feedbacks (such as how surface albedo will change under different future scenarios (Qu 

and Hall , 2013)). 

There is a great desire and need for tools to assist us in understanding our climate 

and connection to it. The global interest in easy-to-apply and globally applicable tools 

to assess high-spatial resolution historic and projected future climates, for example, is 

demonstrated in Fig. 7.1, which shows the global distribution of individuals who have ac

cessed the climate downscaling tools presented in Chapters 2-3 (the climate downscaling 

tools are available at GlobalClimateData.org; see Appendix A for the user manual). Still, 

more advances are possible and needed to improve our characterization of local-scale cli

mate. The climate downscaling tools presented in Chapters 2 and 3 use a relatively basic 

statistical method, which acquires the local-scale (i.e. 30-arcsecond) climate pattern from 

a long-term climatology (Hijmans et al., 2005, is used in Chapters 2-4). This method 

represents high-spatial resolution climate patterns as being static in time. In reality, the 

local-scale climate pattern varies substantially based on the synoptic scale meteorology. 

Additionally, as synoptic scale climate changes, the local scale climate patterns will also 

change, which is not accounted for in the method. Thus, I believe the future of statistical 

downscaling products will be in the development of methods that are not fully dynamic 

but which include some feedbacks found using dynamic models. 

Important to ensuring tools are used, especially beyond research settings, is making 

them user-friendly and accessible. Even within research settings, models are more likely 

to be used if they are straightforward to understand and implement. The utility of 

the models I’ve developed is demonstrated throughout this dissertation and in Fig. 7.1. 

What is not represented here are the trade-offs that have been made to make the models 

more approachable and easy to use. For example, the routines I’ve written to read 

climate data can interpret several file formats and instead of hard-coding file paths into 

http:GlobalClimateData.org
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Figure 7.1: Locations of Internet Protocol addresses used by some of the more than 230 
people who accessed GlobalClimateData.org (Mosier , 2013) between August 2013 and 
November 2015. Map created using BatchGeo (BatchGeo, 2015). 

the scripts, most of the models I’ve developed use a graphical user interface (GUI) to 

locate inputs. Of course, for users interested in running the models on a server, the GUI 

can be overridden by hardcoding paths. The time invested in implementing these types 

of features is well worth it, provided they lead more people to use the models. 

A choice I feel less certain about is the decision to write the models in Matlab instead 

of an open-source programming language. Matlab is typically easier to read and run than 

compiled programming languages, which is a benefit to those who want to dissect the 

models or are not skilled programmers. Matlab is a closed-source programming language 

though, and is prohibitively expensive for many people, including individuals in the USA 

who are not associated with an organization that has a site license and researchers in 

the developing world whose institutions may not provide site licenses. To overcome 

this deficiency, I have not used any Matlab add-on packages, instead writing my own 

functions to perform the same computations. The benefit of using only basic functions 

is that the models I’ve written work on open-source clones of Matlab, such as Octave. 

There is a growing movement towards projects that compare modeling strategies. 

For example, Clark et al. (2015) presents a framework for comparing physically-based 

hydrologic models. Clark et al. (2015)’s method is designed to include all aspects of the 

http:GlobalClimateData.org


204 

system and requires system parameters that are not typically well constrained for moun

tain environments. Thus, I believe CCHF contributes to the need to compare models. 

While in Chapter 5 I have demonstrated the use of CCHF for two glaciated catchments 

in Alaska, USA, glacier thermodynamics are not accounted for in those modules. There

fore, improved glacier modules should be written and tested. Additionally, land cover 

(e.g. forests) is not accounted for in the CCHF modules I implement. Including limited 

land cover classifications to differentiate between landcover categories such as evergreen 

forests, deciduous forests, impervious surfaces, and grasslands would increase the ability 

of CCHF to be applied in a more fully distributed manner since forests are important to 

many mountain regions. 

As the climate and cryosphere hydrology models improve, our ability to project 

changes in run-of-river hydropower resources will increase. Additional areas where the 

HPAT could be improved are to include an algorithm for siting diversions, inclusion of 

a repository of technologies applicable to a given region, and an algorithm to suggest 

a specific technology based on the efficiency of each technology over the expected op

erating range at each potential site. In the current version of HPAT, diversions longer 

than HPAT’s spatial resolution (typically approximately 1km) must be sited manually. 

Including a method to site diversion would allow HPAT to be used to site larger-scale 

run-of-river projects. Including a repository of available technologies would allow HPAT 

to be used to better assess what percentage of the available hydropower resource poten

tial could viably be harnessed, and how the choice of technology would impact resource 

utilization. 

While we demonstrate HPAT for Falls Creek, Oregon, USA, HPAT is designed to be 

easy to implement for any global land area. The initial inspiration for the development of 

HPAT was to assess hydropower potential in Northern Pakistan, which is an extremely 

remote and data sparse region. Given the data constraints of this region, I spent the 

majority of my graduate research developing the tools that would enable characterization 

of hydropower resource potential for these types of data sparse regions. Due to this, it is 

left for the next graduate student to achieve the initial goal of mapping small-scale run-of

river hydropower in Northern Pakistan. Most of the tools are ready, the primary aspects 

of the work that remain are to implement the tools for the spatial domain of interest, 

determine the available technologies, and translate the individual hydropower statistics 

produced in HPAT into a distributed map of hydropower resource potential. Determining 
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the available technologies, including cost per generating capacity and efficiencies as a 

function of flowrate and hydraulic head are important for optimizing the utilization of 

available hydropower resources. The task of mapping hydropower potential will involve 

determining how to best convey the multiple statistics (e.g. monthly flowrates, elevation 

change, and seasonal stability) present at each grid cell over a distributed domain. The 

capacity to directly output a distributed map of hydropower resource potential based on 

the statistics produced in HPAT is not currently coded into HPAT, but would constitute 

a valuable addition. 

While the research presented in this dissertation has worked towards my goals of 

creating tools to robustly characterize the linkages between climate, the cryosphere, and 

streamflow, there is more work to be done. Much of the future work relates to reducing 

the error through development of more representative models, but another task is simply 

characterizing the uncertainty. Uncertainty in the future climate state is represented 

through using an ensemble of GCM projections. The uncertainties represented by the 

ensemble of future projections are then propagated through subsequent models, e.g. 

CCHF and HPAT, to determine the sensitivity of the models to these uncertainties. 

Another source of uncertainty that is not represented is uncertainty stemming from 

incomplete or inaccurate representation of hydrologic processes. Model performance 

metrics (i.e. Nashe-Sutcliffe Efficiency and Kling-Gupta Efficiency) are calculated to 

assess how closely the cryosphere hydrology outputs match observations. This provides 

a sense of the accuracy of the coupled climate and cryosphere hydrology representation, 

but does not quantify the uncertainty associated with the cryosphere and hydrologic 

process representations. 

A new method is needed to satisfactorily address the uncertainties in making pro

jections about coupled systems; a method that is computationally and methodologically 

efficient and that describes the factors that the model outputs are sensitive to. Ad

joint models, which are becoming more popular in atmospheric studies, could serve as 

inspiration for this work, but adjoint methods are linear approximations of the system 

and therefore breakdown under certain conditions.1 Additionally, adjoint models are 

1Adjoint methods are formulations of a model that can be used to computationally efficiently assess 
the sensitivity of outcomes (e.g. climate state) to deviations in inputs (e.g. energy perturbations) (Errico, 
1997). Examples of adjoint methods used in atmospheric studies are Guerrette and Henze (2015) and 
Zhang et al. (2015). 
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used to characterize the sensitivity of model output to inputs. Possibly an analogous 

model structure to adjoint simulations could be developed to efficiently characterize the 

response by the model outputs to linear perturbations in the model structure. I’m not 

aware of any researchers taking this approach, although many are searching for a satis

factory solution. And thus, the journey continues. 
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A.1 Introduction 

This document provides information on how to use the downscaling scripts and functions 

provided at www.GlobalClimateData.org. The scripts forming our downscaling package 

are written using Matlab, and thus require that the user has access to the basic set of 

Matlab packages. While our downscaling package has not been tested in Octave, the 

scripts also likely work on that platform because they only rely on standard Matlab 

functions. 

Our downscaling package is designed to increase the spatial resolution of gridded his

toric monthly reanalysis data and global climate model (GCM) monthly simulations. Our 

downscaling package utilizes the Delta method (Hay et al., 2000; Diaz-Nieto and Wilby , 

2005) to downscale either historic reanalysis or GCM simulations. The mathematical 

formulations and theoretical basis for the Delta downscaling methodology implemented 

herein are described in Mosier et al. (2013) and Mosier et al. (2015). When downscaling 

GCM simulations, an additional optional step is to bias correct the GCM simulation 

prior to downscaling it. The bias correction options are methodologies are explained in 

Mosier et al. (2015). Downscaled historic time-series can be compared to Global His

torical Climatology Network station observation records to assess quality (Peterson and 

Vose, 1997; Lawrimore et al., 2011). 

The downscaling package is constructed to handle precipitation and temperature 

(minimum, mean, and maximum) inputs, although many of the subroutines are much 

more general. For example, the ‘read geodata’ can read NetCDF and ESRI ASCII files 

(among a few other niche formats) and organizes the loaded grids into a structure array 

format that is common among many of the other subroutines, including the the primary 

downscaling modules and the ‘write geodata’ function. 

The spatial resolution of the downscaled output depends on the spatial resolution 

of the high-spatial resolution reference climatology used. If WorldClim (Hijmans et al., 

2005) is used, the output have a spatial resolution of between 30 arcseconds and 10 

arcminutes, depending on which of the WorldClim products is chosen. The advantage 

of using WorldClim instead of other climatologies is that WorldClim is available for all 

global land areas. 

Please do not hesitate to email Thomas Mosier (mosiert@onid.oregonstate.edu or 

mosier.thomas@gmail.com) with any questions. 

http://globalclimatedata.org/tools-data
mailto:mosier.thomas@gmail.com
mailto:mosiert@onid.oregonstate.edu
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A.2 Requirements 

The following are required to run the downscaling package: 

•	 The package of downscaling scripts and code from www.GlobalClimateData.org, 

which are available as a single archived file called “downscaling package v[version 

#].zip”. 

•	 A working copy of Matlab. 

•	 A coarse gridded monthly time-series to downscale (other products can be used as 

well; direct links to data given in Table A.1): 

–	 Climate Research Unit (Harris et al., 2014) 

–	 Willmott & Matsuura (Willmott and Robeson, 1995) 

–	 Global Precipitation Climatology Centre (available only for precipitation) 

(Becker et al., 2013) 

–	 GCM simulations 

•	 High-spatial resolution monthly reference climatology (e.g. direct link for World-

Clim 30 arcsecond climatologies (Hijmans et al., 2005) given in Table A.2). 

•	 If GCM projection simulations are being downscaled, both the projection and cor

responding historic modern run must be obtained. Our downscaling package is 

designed to work with GCMs participating in the Coupled Model Intercompari

son Project Phase 5 (CMIP5) (direct links for many CMIP5 GCMs provided in 

Table A.6). 

http://globalclimatedata.org/tools-data
http://www.mathworks.com/products/matlab/
http://iridl.ldeo.columbia.edu/SOURCES/.UEA/.CRU/.TS3p21/.dataset_documentation.html
http://climate.geog.udel.edu/~climate/html_pages/download.html#T2011
http://www.esrl.noaa.gov/psd/data/gridded/data.gpcc.html
http://www.worldclim.org/current
http://www.worldclim.org/current
http://cmip-pcmdi.llnl.gov/cmip5/
http://cmip-pcmdi.llnl.gov/cmip5/
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A.3 Version Notes 

A.3.1 Downscaling Package V3.2 (Released 1 August 2015) 

•	 Updated quantile mapping bias correction method. See (Mosier et al., 2015) for 

explanation of updated method. 

•	 Inclusion of an empirical joint bias correction method, which is the extension of 

empirical quantile mapping into two dimensions. See (Mosier et al., 2015) for 

explanation of updated method. 

•	 Downscaling package no longer uses NCToolbox. All ‘* geodata’ functions have 

been updated to use Matlab’s built in NetCDF handling capabilities. These up

dates include functions for writing NetCDF files as well. 

•	 ‘Snowfall’ Matlab function allows either linear ramp or step function snowfall par

titioning model to be used and fitting parameters must now be specified. 

•	 New options for comparing downscaled historic reanalysis or simulations to GHCN 

station records. The new options allow cumulative distribution functions (CDFs) 

of the downscaled product to be compared against GHCN CDFs and the joint 

histograms of each product to be compared. 

A.3.2 Downscaling Package V3.1 (Released 12 December 2014) 

•	 Various Bug fixes pertaining to: 

–	 Changes in V3.0 may have interfered with performance of historic reanalysis 

climate data production. V3.1 restores historic reanalysis data performance. 

The two main aspects of the package fixed are compatibility with GPCC input 

data and calculation of the anomaly grid in the Delta downscaling process. 

Note that in the historic reanalysis case data quality can always be checked 

by turning on the option to compare output with GHCN station records. 

–	 Functions calculating differences in time have been generalized and made more 

accurate. For example, an issue was fixed which caused some dates in Decem

ber to return errors. 
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–	 Resampling of output written to ASCII format - Many input datasets have a 

non-uniform grid spacing. Writing to ESRI ASCII output format requires the 

data to have a uniform grid. Edits in V3.1 improved the algorithm for choosing 

the uniform spatial grid to resample to. The new algorithm minimizes total 

offset between original and transformed grids latitudinally and longitudinally. 

–	 Algorithm for choosing “window” of input datasets enhances - New algorithm 

should ensure GCM data have more uniform window encapsulating downscal

ing region, which reduces edge effects. 

–	 Settings in V3.0 had inadvertently prevented several warning messages from 

appearing; in V3.1 warning message output is restored. 

–	 Bias-correction algorithm changes: 

∗	 In V3.0 the GCM historic simulation climatology is calculated from the 

monthly time-series and then bias-corrected. In V3.1 the GCM historic 

simulation time-series is bias-corrected and then used to produce a cli

matology. 

∗	 The maximum bias-correction factor is now 10. A limit is necessary 

for precipitation because a ratio of precipitation values is used in bias-

correction. A ratio is used because it prevents negative precipitation 

values; however, it permits the possibility that the denominator be very 

close to zero and the numerator be a regular value, which could result a 

near infinite precipitation correction factor. This is obviously not physi

cally representative. 

–	 Fixed issue from V3.0 that inhibited comparison of downscaled historic re

analysis to GHCN station data (caused by change to naming convention of 

output data). 

A.3.3 Downscaling Package V3.0 (Released 9 September 2014) 

•	 Includes ability to downscale GCM projection simulations: 

–	 Capability to downscaled GCM projection simulation. Requires both historic 

simulation (i.e. 20th century simulation) and projection simulation (e.g. cor

responding to specific representative concentration pathway). 
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–	 Method for downscaling GCM simulations includes quantile mapping bias-

correction step. Two downscaled outputs are produced: one with bias-

correction and another without. 

–	 If the GCM simulations are broken up into many files (corresponding to tem

poral chunks), the script automatically searches for split NetCDF files with 

same root name and splices them together. 

•	 More generalized functions for reading climate data. 

•	 Can use other climatologies, such as PRISM, in place of WorldClim. 

•	 Approximately four-fold speed increase, largely related to ASCII file write speed. 

•	 Ability to create grids up to longitudinal edges (previously was only able to down

scale to about -179 West and 179 East). 

•	 Can now downscale across the Prime Meridian, allowing users to create downscaled 

output for all land surfaces in single run. 

•	 Capability added to downscale minimum and maximum temperature (previously 

only mean temperature could be downscaled). 

•	 Improved error messages and better stability. 

A.3.4 Downscaling Package V2.1 (Released April 2014) 

•	 Reorganized processing to use significantly less RAM. 

•	 Output directory for downscaled products created within 

“downscaling main v*.m” instead of “downscale v*.m”. This was done in 

order to initiate the processing log earlier. The processing log now contains a 

complete record of all inputs and processes, thereby allowing full replication of 

results by another user. 

•	 Minor fixes for assorted specific cases that could have caused program to crash 

unexpectedly. 
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A.3.5 Downscaling Package V2.0 (Released March 2014) 

•	 Complete redesign of the scripts, making them more organized and enabling them 

to be more easily implemented for a variety of file formats. 

•	 Capability to read CRU reanalysis in NetCDF format. 

•	 Option to write output as NetCDF file (previously only option is ESRI formatted 

ASCII grids). 

•	 Capability to downscale minimum and maximum temperature (previously only 

mean temperature) 

•	 Added file to output folder labeled “processing log *.txt” which records all strings 

displayed in command window. 

A.3.6 Downscaling Package V1.3 (Released 22 November 2013) 

•	 Fixes a few trivial issues, including a typo in a disp call that causes the script to 

crash. 

A.3.7 Downscaling Package V1.1 (Released June 2013) 

•	 Incremental updates including better feedback to user. 

A.3.8 Downscaling Package V1.0 (Released May 2013) 

•	 Initial release; allows user to downscale CRU, W&M, or GPCC 0.5 degree monthly 

surfaces to the 30-arcsecond WorldClim grid. 
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A.4 User Input 

After downloading and locating the downscaling package, 

“downscaling package v[version #].zip”, uncompress it to the desired location on the 

hard drive. The scripts are packaged so that upon opening “downscaling main v[version 

#].m” in Matlab and running it, the Matlab search path will be automatically updated 

to include all necessary subroutines, provided that the file structure of compressed 

downscaling package. 

downscaling main v[version #].m contains two sections, “%%USER INPUTS:” and 

“%%IMPLEMENTATION CODE (DO NOT EDIT)”. As the names suggest, the first 

section is where the user inputs all choices regarding downscaling method and geographic 

region, while the implementation code section translates these inputs into commands 

and produces the downscaled data. The variables to edit within the user input section 

are presented and described in Table A.4 (Section A.6). Our downscaling package is 

distributed ready to produce a 30 arcsecond precipitation grid for June 1986, using 

a Global Precipitation Climatology Centre (GPCC) 0.5 degree time-series grid and a 

WorldClim 30 arcsecond climatology. The latitude and longitude bounding box in the 

distributed version are for the state of Oregon, USA. Note that the data distributed 

with our downscaling package is only sufficient to generate grids for June 1950 through 

2000 using the GPCC time-series input or June 2051-2100 using the GISS-E2-H GCM 

for representative concentration pathway (RCP) 8.5. The region and options related 

to downscaling methodology can be varied without downloading additional input data; 

however, to use another low-resolution time-series input or to produce downscaled data 

for more time steps, additional data must be downloaded from the original producer’s 

website, which is discussed in Section A.4.1. 

Required inputs for the “downscaling main.m” script vary depending on whether the 

time period being downscaled is “historic” or “future” (i.e. projected). The first two or 

three data prompts (depending on which options are selected) for both historic and future 

downscaling are the same, but an additional prompt will appear when downscaling for 

the ‘future’ period. The additional prompt is because the downscaling method requires 

both a projection simulation and a historic simulation. 

The first required input prompt will request the user to navigate to the high-spatial 

resolution reference climatology (e.g. WorldClim) file corresponding to the chosen cli
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mate parameter. Note that if one file is selected, the script will automatically detect 

the other similar files in the same folder. The example WorldClim grid is located at 

the relative path “.\downscaling package\input data June 1950 2000\WorldClim clim”. 

The second required prompt is for a historic reanalysis time-series (e.g. CRU). In the 

preset example, this is “.\downscaling package\input data June 1950 2000 \GPCC ts”. 

When downscaling “historic” products, this is the time-series being downscaled. When 

downscaling “future” simulations, this is used to bias-correct the GCM simulation. 

When downscaling “future” time-series, two additional prompts will appear. The first 

requires the user to navigate to the GCM projection simulation file and the second to the 

GCM historic simulation file. In the preset example, these simulations are located in the 

folder “\downscaling package\input data June 1950 2000\GISS-E2-H”. In the example, 

as with many other GCM simulations, the simulation is distributed as multiple files 

broken up by year. Before starting our downscaling package, ensure that all of the files 

spanning the desired years are present in the same folder. When our downscaling package 

prompts you to select a GCM file, choose any of the files for the GCM run you wish to 

use. The package will automatically detect the other files and splice them together. 

There is also an optional prompt that will appear if a clipping mask is being used to 

crop the downscaled output. This clipping simply sets the value of all grid points to the 

not-a-number (NAN) value for points in the reference file that are NAN. An example of 

why this may be desirable is if the user wishes to produce a downscaled grid for only 

the state of Oregon, USA, and to not include any of the points within the rectangular 

box outside of the state’s boundary. An example clipping mask for the state of Oregon 

is provided in “\downscaling package\input data June 1950 2000 \OR shape clip”. 

A.4.1 How to Obtain the Requisite Climate Data 

Table A.1 provides direct links to the sources of historic gridded observation time-series 

that are compatible with our downscaling package, while Table A.2 links to the ap

propriate WorldClim climatologies (other climatologies may be used but links are not 

provided). Follow the links in these tables to download the desired inputs. The time 

required for the script to finish running varies upon a number of factors, including the 

computer used, whether the data is stored locally or on a remote server, the number of 

time-series elements being created, the geographic size of the region, and the optional 
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output data being written. The preset example that comes with the downscaling package 

takes approximately 15-20 minutes to complete, which includes downscaling the time-

series and calculating statistics between the grid and the GHCN data. It should be noted 

though, that many of the computationally expensive processes are only calculated once 

for each month downscaled. This is especially true of the GHCN statistical comparison. 

Thus, the time required per grid is significantly less if June grids for the years 1950 to 

2000 are being produced rather than for a single year. 

GCM simulations from the coupled Model Intercomparison Phase 5 (CMIP5) are 

available through the Earth System Grid Federation (ESGF) data portal. This requires 

the extra steps of (1) setting up an ESGF user account, (2) registering for the “CMIP5 

Research” group under the account settings, (3) navigating to the desired GCM simula

tion, and (4) downloading it via direct link or wget script. This is often a cumbersome 

processes, made more difficult by seemingly erratic instances where a given GCM will 

not be present or downloadable. In an effort to reduce the difficulty to acquiring GCM 

simulations, direct links to some of the CMIP5 GCM runs are provided in Table A.6 

(Section A.8). These links are not a complete representation of available CMIP5 GCM 

data provided without warranty. Further, even with these links, the above outlined 

ESGF registration steps must be completed to obtain login credentials. 

Table A.1: Links to monthly gridded observation time-series data compatible with our 
downscaling package. 

Climate Parameter Download Link 

precipitation 
W&M V3.02 

CRU V3.21 

GPCC V6 

mean temperature 
W&M V3.01 

CRU V3.21 

minimum temperature CRU V3.21 

maximum 
ture 

tempera-
CRU V3.21 

http://pcmdi9.llnl.gov/esgf-web-fe/live
http://climate.geog.udel.edu/~climate/html_pages/Global2011/Precip_revised_3.02/Global2011P.tar.gz
http://badc.nerc.ac.uk/browse/badc/cru/data/cru_ts/cru_ts_3.21/data/pre/cru_ts3.21.1901.2012.pre.dat.nc.gz
ftp://ftp.cdc.noaa.gov/Datasets/gpcc/full_v6/precip.mon.total.v6.nc
http://climate.geog.udel.edu/~climate/html_pages/Global2011/Global2011T.tar.gz
http://badc.nerc.ac.uk/browse/badc/cru/data/cru_ts/cru_ts_3.21/data/tmp/cru_ts3.21.1901.2012.tmp.dat.nc.gz
http://badc.nerc.ac.uk/browse/badc/cru/data/cru_ts/cru_ts_3.21/data/tmn/cru_ts3.21.1901.2012.tmn.dat.nc.gz
http://badc.nerc.ac.uk/browse/badc/cru/data/cru_ts/cru_ts_3.21/data/tmx/cru_ts3.21.1901.2012.tmx.dat.nc.gz
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Table A.2: Links to WorldClim climatology data compatible with our downscaling pack
age. 

Climate Parameter Download Link 

precipitation WorldClim 

mean temperature WorldClim 

minimum temperature WorldClim 

maximum 
ture 

tempera-
WorldClim 

A.5 Generated Outputs 

All output are recorded in a unique folder at the same level in the directory tree as the 

time-series input being downscaled. In the “historic” case the output under the gridded 

observational time-series folder and in the “future” GCM downscaling case the output 

are under the GCM folder. The name and location of the output folder is displayed in 

the Matlab command history window upon being successfully written. 

There are many gridded outputs that can be written using our downscaling package, 

including the downscaled time-series output, subsets of the input data, seasonal averages, 

and derived snowfall; for a complete list see Table A.7 (Section A.7). When downscaling 

“future” GCM data, downscaled data produced both with and without bias-correcting 

the GCM are provided in the folders “...\downscaled TS BC’ and ‘...\downscaled TS”, 

respectively. Most additional gridded outputs are located in the folder under the parent 

labeled “extras”. 

Additionally, when downscaling ‘historic’ data, the time-series output can be com

pared to available Global Historical Climatology Network (GHCN) station data for 

the region being downscaled. This process is time-intensive and is switched on using 

its own input parameter (see entry “ghcnStats” in Table A.4, Section A.6). The six 

statistics calculated are defined in Table A.3. These statistics are calculated by station 

(aggregated over all time series elements in the downscaled dataset), by month (aggre

gated over all stations with data for the given month), and aggregated over all stations 

and time series elements. All statistics produced are written to a file titled “[data 

output folder ]\GHCN stats\GHCN stat [climate variable] [GHCN data type] [starting 

http://biogeo.ucdavis.edu/data/climate/worldclim/1_4/grid/cur/prec_30s_bil.zip
http://biogeo.ucdavis.edu/data/climate/worldclim/1_4/grid/cur/tmean_30s_bil.zip
http://biogeo.ucdavis.edu/data/climate/worldclim/1_4/grid/cur/tmin_30s_bil.zip
http://biogeo.ucdavis.edu/data/climate/worldclim/1_4/grid/cur/tmax_30s_bil.zip
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year ] [ending year ].txt”. Additionally, the station statistics are written to a text file 

that is directly interpretable by ArcGIS, named “[data output folder ]\GHCN stats\
stn geostats [climate variable] [GHCN data type] [starting year ] [ending year ].asc”. For 

regions where adjusted GHCN station records exist, GHCN statistics are calculated using 

both the GHCN adjusted and non-adjusted datasets. Non-adjusted GHCN observation 

records are available for all regions. Downscaled output can be compared to GHCN 

time-series, CDFs, or joint probability distributions. 

The output folder also contains a file labeled “processing log [time stamp].txt”. This 

file records all text displayed in the Matlab command history window and can therefore 

be used to check input data selected and many of the input parameters chosen. 

http://www.esri.com/software/arcgis
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Table A.3: Statistics calculated between downscaled grids and GHCN station data, where 
P refers to the downscaled value, O to the GHCN value, and n is the number of data 
points being compared. 

Statistic Definition
 
n

Bias Pi − Oi 
n 

i=1 

n1
 

Mean Absolute Error 1
 
n

(MAE) n 
i=1 

n 
Pi − Oi _
nn

Root Mean Square Pi − Oi 
Error (RMSE) i=1 

n 

2 

n 

n 

n

ror (MAPE) n Oii=1 
n

Mean Absolute % Er- 1
 Pi − Oi × 100%
 

Pi − Oi
Oi × 

OiWeighted MAPE i=1 n 

n 

n

Oj 

j=1 

n

× 100%
 
(WMAPE)
 

Oi − Pi 
2 

n 
Nash-Sutcliffe Effi i=11 − nciency (NSE)
 2

Oj − O 
j=1 

A.6 Input Variables
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Table A.4: Required variables in the “downscaling main.m” script of our downscaling 
package. 

Variable Default Description 

‘tPeriod’ ‘fut’ string specifying either ‘fut’ if GCM projection simu

lation being downscaled or ‘his’ if gridded reanalysis 

or GMC historic simulation being downscaled. 

‘yrs’ [2051, 2100] Vector with two entries, where the first entry is the 

first year to be downscaled and the second entry is 

the last year to be downscaled. All years in-between 

the first and last entry are also included. 

‘mnths’ (6:6) Vector list of months to be downscaled. For all twelve 

months, the syntax is ‘(1:12)’. 

‘metVar ’ 

‘dMethod’ 

’pre’ 

’hybrid grid’ 

An array of strings that determines which climate 

variable will be downscaled. String options are ‘pre’ 

for precipitation, ‘tmn’ for minimum temperature, 

‘tmp’ for mean temperature, and ‘tmx’ for maximum 

temperature. To downscale multiple variables, en

ter multiple strings into a cell array (e.g. “{’pre’, 
’tmn’}”). 

A string dictating which downscaling method to im

plement. The current options are ‘QM delta’ to 

bias-correct the input using quantile mapping and 

delta downscale it, ‘JBC delta’ to bias-correct the in

put with joint bias correction (i.e. empirical copula 

method) and delta downscale it, ‘delta’ to only down

scale the input, and ‘direct’ to directly interpolate the 

input to a higher resolution grid. 

‘region’ ‘OR’ A string of the region being downscaled, used to name 

the output data. 

(continued on next page)
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Table A.4: (continued from previous page)
 

Variable Default Description 

‘lonW’ -125 A number that sets the western longitude of the re

gion to downscale. Units are decimal degrees and if 

the longitude is in the western hemisphere it must be 

entered as a negative. 

‘lonE’ -115 A number that sets the eastern longitude of the region 

to downscale. See ‘lonW’ for more details. 

‘latS’ 41 A number that sets the southern latitude of the re

gion to downscale. Units are decimal degrees and if 

the latitude is in the southern hemisphere it must be 

entered as a negative. 

‘latN’ 47 A number that sets the northern latitude of the region 

to downscale. See ‘latS’ for more details. 

‘writeType’ ‘ascii’ Dictates which output format to use for writing geo

referenced data (Either ‘netCDF’ or ‘ASCII’). 

‘writeOpts’ ‘downscale ts’ See write option descriptions in Table ??, Section A.7. 

(continued on next page)
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Table A.4: (continued from previous page)
 

Variable Default Description 

‘ghcnStats’ ‘adj’ String to denote type of comparison to historic GHCN 

time-series to conduct. No comparison is conducted 

if the string is empty. Options include ‘adj’ to com

pare downscaled output to adjusted GHCN station 

records and ‘non’ to compare to non-adjusted GHCN 

station records. Additionally, the appendices ‘ cdf’ 

can be used to conduct the comparison in single vari

able probability space or ‘ joint’ to compare down

scaled outputs of precipitation and mean tempera

ture to GHCN station records in joint probability 

space. Multiple options can be selected through en

tering multiple strings into a cell array (e.g. “{‘adj’, 
‘adj CDF’}”). 

‘boolClip’ ’n’ Either ‘y’ or ‘n’ specifying whether or not an ESRI 

ASCII grid of values specifying a non-rectangular grid 

to clip the downscaled data to. Values outside the 

region to clip must be NaN. 

‘yrsClimMan’ [] Numeric array specifying years used in high-spatial 

resolution reference climatology. If empty script as

sumes WorldClim being used and sets the climatolog

ical years to 1950-2000. 

‘interpMeth’ ‘pchip’ A string that specifies which interpolation method to 

use with the chosen downscaling method. The options 

are ‘pchip’, ‘spline’ and ‘linear’. 

(continued on next page)
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Table A.4: (continued from previous page)
 

Variable Default Description 

‘stnExclude’ [] A vector of length N , where N is the number of 

Global Historical Climatology Network (GHCN) sta

tions to exclude when calculating statistics between 

GHCN and the downscaled grids. Each entry must 

be a numerical GHCN station identifier, which are all 

eleven digits long (e.g. 42572791000). If the GHCN 

station identifier is not recognized or is not within 

the region of interest, no warning will be produced. 

GHCN station identifiers can be determined retroac

tively by opening either of the two GHCN output files 

(see Section A.5 for details) and recording the GHCN 

identifier of the desired station. 

A.7 Output Options 

Table A.5: [Downscaling package products that can be output. All outputs are clipped 
to the geographic extent used during processing. 

Variable String Description 

‘downscale ts’ High-resolution monthly downscaled time-series. 

‘input clim’ 
Original resolution climatology from input time-series 

being downscaled. 

‘input ts’ Original resolution input time-series being downscaled. 

‘downscale clim’ Average of downscaled data for years processed. 

‘anomaly lr’ Time-series of original resolution Delta anomaly. 

(continued on next page) 
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Table A.5: (continued from previous page)
 

Variable String Description
 

‘anomaly hr’ 
Time-series of Delta anomaly interpolated 

scaled output resolution. 

to down

‘ref clim’ 
High-spatial resolution 

(e.g. WorldClim) 

reference climatology 

‘cdf’ Cumulative distribution functions of all input data. 

‘downscale seasonal’ 

Downscaled time-series seasonally averaged (in the case 

of temperature) or integrated (in the case of precipita

tion) for all months of year being downscaled. 

‘snowfall’ 

Calculates snow as any precipitation where surface air 

temperature for cell is at or below 0 degrees Celsius. 

Option only available if both mean temperature and 

precipitation downscaled in same package run. 

A.8 Direct Links to CMIP5 GCM Data 

Table A.6: Links to CMIP5 GCM simulations (aggregated to monthly a monthly time 
step) compatible with our downscaling package. ‘Pr’ refers to precipitation, ‘tas’ refers 
to mean temperature, ‘tasmin’ refers to minimum temperature, and ‘tasmax’ refers to 
maximum temperature. 

GCM Name Experiment Pr tas tasmin tasmax 

ACCESS 1.0 

Historical 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

RCP4.5 r1i1p1 

(continued on next page) 

r1i1p1 r1i1p1 

http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r1i1p1/latest/pr/pr_Amon_ACCESS1-0_historical_r1i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r2i1p1/v20130726/pr/pr_Amon_ACCESS1-0_historical_r2i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r3i1p1/latest/pr/pr_Amon_ACCESS1-0_historical_r3i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r1i1p1/latest/tas/tas_Amon_ACCESS1-0_historical_r1i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r2i1p1/v20130726/tas/tas_Amon_ACCESS1-0_historical_r2i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r3i1p1/latest/tas/tas_Amon_ACCESS1-0_historical_r3i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r1i1p1/latest/tasmin/tasmin_Amon_ACCESS1-0_historical_r1i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r2i1p1/v20130726/tasmin/tasmin_Amon_ACCESS1-0_historical_r2i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r3i1p1/latest/tasmin/tasmin_Amon_ACCESS1-0_historical_r3i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r1i1p1/latest/tasmax/tasmax_Amon_ACCESS1-0_historical_r1i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r2i1p1/v20130726/tasmax/tasmax_Amon_ACCESS1-0_historical_r2i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/historical/mon/atmos/Amon/r3i1p1/latest/tasmax/tasmax_Amon_ACCESS1-0_historical_r3i1p1_185001-200512.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp45/mon/atmos/Amon/r1i1p1/latest/tas/tas_Amon_ACCESS1-0_rcp45_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp45/mon/atmos/Amon/r1i1p1/latest/tasmin/tasmin_Amon_ACCESS1-0_rcp45_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp45/mon/atmos/Amon/r1i1p1/latest/tasmax/tasmax_Amon_ACCESS1-0_rcp45_r1i1p1_200601-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

Historical 

ACCESS 1.3 RCP 4.5 

RCP 8.5 

BCC

CSM1.1 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

BCC

CSM1.1 

(m) 

Historical 

RCP 4.5 

RCP 8.5 

BNU-ESM 

Historical 

RCP 4.5 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

CCSM4 

Historical 

r1i1p1, 

r1i2p1, 

r1i2p2, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r1i2p1, 

r1i2p2, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r1i2p1, 

r1i2p2, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r1i2p1, 

r1i2p2, 

r2i1p1, 

r3i1p1 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

(continued on next page)
 

http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp85/mon/atmos/Amon/r1i1p1/latest/pr/pr_Amon_ACCESS1-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp85/mon/atmos/Amon/r1i1p1/latest/tas/tas_Amon_ACCESS1-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp85/mon/atmos/Amon/r1i1p1/latest/tasmin/tasmin_Amon_ACCESS1-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-BOM/ACCESS1-0/rcp85/mon/atmos/Amon/r1i1p1/latest/tasmax/tasmax_Amon_ACCESS1-0_rcp85_r1i1p1_200601-210012.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/pr/r1i1p1/pr_Amon_bcc-csm1-1_historical_r1i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/pr/r2i1p1/pr_Amon_bcc-csm1-1_historical_r2i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/pr/r3i1p1/pr_Amon_bcc-csm1-1_historical_r3i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tas/r1i1p1/tas_Amon_bcc-csm1-1_historical_r1i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tas/r2i1p1/tas_Amon_bcc-csm1-1_historical_r2i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tas/r3i1p1/tas_Amon_bcc-csm1-1_historical_r3i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_bcc-csm1-1_historical_r1i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tasmin/r2i1p1/tasmin_Amon_bcc-csm1-1_historical_r2i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tasmin/r3i1p1/tasmin_Amon_bcc-csm1-1_historical_r3i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_bcc-csm1-1_historical_r1i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tasmax/r2i1p1/tasmax_Amon_bcc-csm1-1_historical_r2i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/historical/mon/atmos/tasmax/r3i1p1/tasmax_Amon_bcc-csm1-1_historical_r3i1p1_185001-201212.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp45/mon/atmos/pr/r1i1p1/pr_Amon_bcc-csm1-1_rcp45_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp45/mon/atmos/tas/r1i1p1/tas_Amon_bcc-csm1-1_rcp45_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp45/mon/atmos/tasmin/r1i1p1/tasmin_Amon_bcc-csm1-1_rcp45_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp45/mon/atmos/tasmax/r1i1p1/tasmax_Amon_bcc-csm1-1_rcp45_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp85/mon/atmos/pr/r1i1p1/pr_Amon_bcc-csm1-1_rcp85_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp85/mon/atmos/tas/r1i1p1/tas_Amon_bcc-csm1-1_rcp85_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp85/mon/atmos/tasmin/r1i1p1/tasmin_Amon_bcc-csm1-1_rcp85_r1i1p1_200601-209912.nc
http://bcccsm.cma.gov.cn/thredds/fileServer/cmip5_data/output/BCC/bcc-csm1-1/rcp85/mon/atmos/tasmax/r1i1p1/tasmax_Amon_bcc-csm1-1_rcp85_r1i1p1_200601-209912.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/historical/mon/atmos/pr/r1i1p1/pr_Amon_BNU-ESM_historical_r1i1p1_185001-200512.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/historical/mon/atmos/tas/r1i1p1/tas_Amon_BNU-ESM_historical_r1i1p1_185001-200512.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_BNU-ESM_historical_r1i1p1_185001-200512.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_BNU-ESM_historical_r1i1p1_185001-200512.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp45/mon/atmos/pr/r1i1p1/pr_Amon_BNU-ESM_rcp45_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp45/mon/atmos/tas/r1i1p1/tas_Amon_BNU-ESM_rcp45_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp45/mon/atmos/tasmin/r1i1p1/tasmin_Amon_BNU-ESM_rcp45_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp45/mon/atmos/tasmax/r1i1p1/tasmax_Amon_BNU-ESM_rcp45_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp85/mon/atmos/pr/r1i1p1/pr_Amon_BNU-ESM_rcp85_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp85/mon/atmos/tas/r1i1p1/tas_Amon_BNU-ESM_rcp85_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp85/mon/atmos/tasmin/r1i1p1/tasmin_Amon_BNU-ESM_rcp85_r1i1p1_200601-210012.nc
http://esg.bnu.edu.cn/thredds/fileServer/cmip5/BNU/BNU-ESM/rcp85/mon/atmos/tasmax/r1i1p1/tasmax_Amon_BNU-ESM_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i1p1/v20130425/pr/pr_Amon_CCSM4_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p1/v20130425/pr/pr_Amon_CCSM4_historical_r1i2p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p2/v20130425/pr/pr_Amon_CCSM4_historical_r1i2p2_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r2i1p1/v20130425/pr/pr_Amon_CCSM4_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r3i1p1/v20130425/pr/pr_Amon_CCSM4_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i1p1/v20130425/tas/tas_Amon_CCSM4_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p1/v20130425/tas/tas_Amon_CCSM4_historical_r1i2p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p2/v20130425/tas/tas_Amon_CCSM4_historical_r1i2p2_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r2i1p1/v20130425/tas/tas_Amon_CCSM4_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r3i1p1/v20130425/tas/tas_Amon_CCSM4_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i1p1/v20130425/tasmin/tasmin_Amon_CCSM4_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p1/v20130425/tasmin/tasmin_Amon_CCSM4_historical_r1i2p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p2/v20130425/tasmin/tasmin_Amon_CCSM4_historical_r1i2p2_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r2i1p1/v20130425/tasmin/tasmin_Amon_CCSM4_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r3i1p1/v20130425/tasmin/tasmin_Amon_CCSM4_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i1p1/v20130425/tasmax/tasmax_Amon_CCSM4_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p1/v20130425/tasmax/tasmax_Amon_CCSM4_historical_r1i2p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r1i2p2/v20130425/tasmax/tasmax_Amon_CCSM4_historical_r1i2p2_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r2i1p1/v20130425/tasmax/tasmax_Amon_CCSM4_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/historical/mon/atmos/Amon/r3i1p1/v20130425/tasmax/tasmax_Amon_CCSM4_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r1i1p1/v20130426/pr/pr_Amon_CCSM4_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r2i1p1/v20130426/pr/pr_Amon_CCSM4_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r3i1p1/v20130426/pr/pr_Amon_CCSM4_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r1i1p1/v20130426/tas/tas_Amon_CCSM4_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r2i1p1/v20130426/tas/tas_Amon_CCSM4_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r3i1p1/v20130426/tas/tas_Amon_CCSM4_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r1i1p1/v20130426/tasmin/tasmin_Amon_CCSM4_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r2i1p1/v20130426/tasmin/tasmin_Amon_CCSM4_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r3i1p1/v20130426/tasmin/tasmin_Amon_CCSM4_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r1i1p1/v20130426/tasmax/tasmax_Amon_CCSM4_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r2i1p1/v20130426/tasmax/tasmax_Amon_CCSM4_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp45/mon/atmos/Amon/r3i1p1/v20130426/tasmax/tasmax_Amon_CCSM4_rcp45_r3i1p1_200601-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

RCP 8.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

CESM1 

(BGC) 

Historical 

RCP 4.5 

RCP 8.5 

CESM1 

(CAM5) 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

RCP 8.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

CESM1 

(CAM5.1,FV2) 

Historical 

RCP 4.5 

RCP 8.5 

CESM1 

(WACCM) 

Historical 

RCP 4.5 

RCP 8.5 

Historical 

CMCC-CM RCP 4.5 

(continued on next page)
 

http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r1i1p1/v20130426/pr/pr_Amon_CCSM4_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r2i1p1/v20130426/pr/pr_Amon_CCSM4_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r3i1p1/v20130426/pr/pr_Amon_CCSM4_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r1i1p1/v20130426/tas/tas_Amon_CCSM4_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r2i1p1/v20130426/tas/tas_Amon_CCSM4_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r3i1p1/v20130426/tas/tas_Amon_CCSM4_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r1i1p1/v20130426/tasmin/tasmin_Amon_CCSM4_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r2i1p1/v20130426/tasmin/tasmin_Amon_CCSM4_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r3i1p1/v20130426/tasmin/tasmin_Amon_CCSM4_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r1i1p1/v20130426/tasmax/tasmax_Amon_CCSM4_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r2i1p1/v20130426/tasmax/tasmax_Amon_CCSM4_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NCAR/CCSM4/rcp85/mon/atmos/Amon/r3i1p1/v20130426/tasmax/tasmax_Amon_CCSM4_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r1i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r2i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r3i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r1i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r2i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r3i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r1i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r2i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r3i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r1i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_historical_r1i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r2i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_historical_r2i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/historical/mon/atmos/Amon/r3i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_historical_r3i1p1_185001-200512.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r1i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r2i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r3i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r1i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r2i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r3i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r1i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r2i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r3i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r1i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_rcp45_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r2i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_rcp45_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp45/mon/atmos/Amon/r3i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_rcp45_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r1i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r2i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r3i1p1/v20130313/pr/pr_Amon_CESM1-CAM5_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r1i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r2i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r3i1p1/v20130313/tas/tas_Amon_CESM1-CAM5_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r1i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r2i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r3i1p1/v20130313/tasmin/tasmin_Amon_CESM1-CAM5_rcp85_r3i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r1i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_rcp85_r1i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r2i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_rcp85_r2i1p1_200601-210012.nc
http://tds.ucar.edu/thredds/fileServer/datazone/cmip5_data/cmip5/output1/NSF-DOE-NCAR/CESM1-CAM5/rcp85/mon/atmos/Amon/r3i1p1/v20130313/tasmax/tasmax_Amon_CESM1-CAM5_rcp85_r3i1p1_200601-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax
 

RCP 8.5
 

CMCC-CMS 

Historical 

r1i1p1 

(1990

1999), 

r1i1p1 

(2000

2005) 

r1i1p1 

(1990

1999), 

r1i1p1 

(2000

2005) 

r1i1p1 

(1990

1999), 

r1i1p1 

(2000

2005) 

r1i1p1 

(1990

1999), 

r1i1p1 

(2000

2005) 

RCP 4.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 8.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

CNRM-CM5 

Historical 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

RCP 4.5
 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

RCP 8.5
 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

r1i1p1 

(2006

2055), 

r1i1p1 

(2056

2100) 

(continued on next page)
 

http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/pr/r1i1p1/pr_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/pr/r1i1p1/pr_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/pr/r1i1p1/pr_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/pr/r1i1p1/pr_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/pr/r1i1p1/pr_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/pr/r1i1p1/pr_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tas/r1i1p1/tas_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tas/r1i1p1/tas_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tas/r1i1p1/tas_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tas/r1i1p1/tas_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tas/r1i1p1/tas_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tas/r1i1p1/tas_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CMCC-CMS_historical_r1i1p1_199001-199912.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://adm07.cmcc.it/thredds/fileServer/esg_dataroot/cmip5/output1/CMCC/CMCC-CMS/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CMCC-CMS_historical_r1i1p1_200001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r1i1p1/v20110901/pr/pr_Amon_CNRM-CM5_historical_r1i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r2i1p1/v20110901/pr/pr_Amon_CNRM-CM5_historical_r2i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r3i1p1/v20110901/pr/pr_Amon_CNRM-CM5_historical_r3i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r1i1p1/v20110901/tas/tas_Amon_CNRM-CM5_historical_r1i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r2i1p1/v20110901/tas/tas_Amon_CNRM-CM5_historical_r2i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r3i1p1/v20110901/tas/tas_Amon_CNRM-CM5_historical_r3i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r1i1p1/v20110901/tasmin/tasmin_Amon_CNRM-CM5_historical_r1i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r2i1p1/v20110901/tasmin/tasmin_Amon_CNRM-CM5_historical_r2i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r3i1p1/v20110901/tasmin/tasmin_Amon_CNRM-CM5_historical_r3i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r1i1p1/v20110901/tasmax/tasmax_Amon_CNRM-CM5_historical_r1i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r2i1p1/v20110901/tasmax/tasmax_Amon_CNRM-CM5_historical_r2i1p1_195001-200512.nc
http://esg.cnrm-game-meteo.fr/thredds/fileServer/esg_dataroot5/CMIP5/output1/CNRM-CERFACS/CNRM-CM5/historical/mon/atmos/Amon/r3i1p1/v20110901/tasmax/tasmax_Amon_CNRM-CM5_historical_r3i1p1_195001-200512.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

CNRM

CM5-2 

Historical 

RCP 4.5 

RCP 8.5 

CSIRO

Mk3.6.0 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

RCP 8.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

CSIRO

Mk3L-1-2 

Historical 

RCP 4.5 

RCP 8.5 

CanESM2 

Historical 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

RCP 8.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

(continued on next page)
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http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r1i1p1/v20110518/tas/tas_Amon_CSIRO-Mk3-6-0_rcp45_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r2i1p1/v20110518/tas/tas_Amon_CSIRO-Mk3-6-0_rcp45_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r3i1p1/v20110518/tas/tas_Amon_CSIRO-Mk3-6-0_rcp45_r3i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r1i1p1/v20110518/tasmin/tasmin_Amon_CSIRO-Mk3-6-0_rcp45_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r2i1p1/v20110518/tasmin/tasmin_Amon_CSIRO-Mk3-6-0_rcp45_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r3i1p1/v20110518/tasmin/tasmin_Amon_CSIRO-Mk3-6-0_rcp45_r3i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r1i1p1/v20110518/tasmax/tasmax_Amon_CSIRO-Mk3-6-0_rcp45_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r2i1p1/v20110518/tasmax/tasmax_Amon_CSIRO-Mk3-6-0_rcp45_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp45/mon/atmos/Amon/r3i1p1/v20110518/tasmax/tasmax_Amon_CSIRO-Mk3-6-0_rcp45_r3i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r1i1p1/v20110518/pr/pr_Amon_CSIRO-Mk3-6-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r2i1p1/v20110518/pr/pr_Amon_CSIRO-Mk3-6-0_rcp85_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r3i1p1/v20110518/pr/pr_Amon_CSIRO-Mk3-6-0_rcp85_r3i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r1i1p1/v20110518/tas/tas_Amon_CSIRO-Mk3-6-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r2i1p1/v20110518/tas/tas_Amon_CSIRO-Mk3-6-0_rcp85_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r3i1p1/v20110518/tas/tas_Amon_CSIRO-Mk3-6-0_rcp85_r3i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r1i1p1/v20110518/tasmin/tasmin_Amon_CSIRO-Mk3-6-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r2i1p1/v20110518/tasmin/tasmin_Amon_CSIRO-Mk3-6-0_rcp85_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r3i1p1/v20110518/tasmin/tasmin_Amon_CSIRO-Mk3-6-0_rcp85_r3i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r1i1p1/v20110518/tasmax/tasmax_Amon_CSIRO-Mk3-6-0_rcp85_r1i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r2i1p1/v20110518/tasmax/tasmax_Amon_CSIRO-Mk3-6-0_rcp85_r2i1p1_200601-210012.nc
http://esgnode2.nci.org.au/thredds/fileServer/cmip5/output/CSIRO-QCCCE/CSIRO-Mk3-6-0/rcp85/mon/atmos/Amon/r3i1p1/v20110518/tasmax/tasmax_Amon_CSIRO-Mk3-6-0_rcp85_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/pr/r1i1p1/pr_Amon_CanESM2_historical_r1i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/pr/r2i1p1/pr_Amon_CanESM2_historical_r2i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/pr/r3i1p1/pr_Amon_CanESM2_historical_r3i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tas/r1i1p1/tas_Amon_CanESM2_historical_r1i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tas/r2i1p1/tas_Amon_CanESM2_historical_r2i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tas/r3i1p1/tas_Amon_CanESM2_historical_r3i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CanESM2_historical_r1i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tasmin/r2i1p1/tasmin_Amon_CanESM2_historical_r2i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tasmin/r3i1p1/tasmin_Amon_CanESM2_historical_r3i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CanESM2_historical_r1i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tasmax/r2i1p1/tasmax_Amon_CanESM2_historical_r2i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/historical/mon/atmos/tasmax/r3i1p1/tasmax_Amon_CanESM2_historical_r3i1p1_185001-200512.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/pr/r1i1p1/pr_Amon_CanESM2_rcp45_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/pr/r2i1p1/pr_Amon_CanESM2_rcp45_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/pr/r3i1p1/pr_Amon_CanESM2_rcp45_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tas/r1i1p1/tas_Amon_CanESM2_rcp45_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tas/r2i1p1/tas_Amon_CanESM2_rcp45_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tas/r3i1p1/tas_Amon_CanESM2_rcp45_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CanESM2_rcp45_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tasmin/r2i1p1/tasmin_Amon_CanESM2_rcp45_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tasmin/r3i1p1/tasmin_Amon_CanESM2_rcp45_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CanESM2_rcp45_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tasmax/r2i1p1/tasmax_Amon_CanESM2_rcp45_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp45/mon/atmos/tasmax/r3i1p1/tasmax_Amon_CanESM2_rcp45_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/pr/r1i1p1/pr_Amon_CanESM2_rcp85_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/pr/r2i1p1/pr_Amon_CanESM2_rcp85_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/pr/r3i1p1/pr_Amon_CanESM2_rcp85_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tas/r1i1p1/tas_Amon_CanESM2_rcp85_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tas/r2i1p1/tas_Amon_CanESM2_rcp85_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tas/r3i1p1/tas_Amon_CanESM2_rcp85_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tasmin/r1i1p1/tasmin_Amon_CanESM2_rcp85_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tasmin/r2i1p1/tasmin_Amon_CanESM2_rcp85_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tasmin/r3i1p1/tasmin_Amon_CanESM2_rcp85_r3i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tasmax/r1i1p1/tasmax_Amon_CanESM2_rcp85_r1i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tasmax/r2i1p1/tasmax_Amon_CanESM2_rcp85_r2i1p1_200601-210012.nc
http://dapp2p.cccma.ec.gc.ca/thredds/fileServer/esg_dataroot/AR5/CMIP5/output/CCCma/CanESM2/rcp85/mon/atmos/tasmax/r3i1p1/tasmax_Amon_CanESM2_rcp85_r3i1p1_200601-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

EC-EARTH 

Historical 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 4.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 8.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

FGOALS-g2 

Historical 

RCP 4.5 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 8.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

r1i1p1, r1i1p1, r1i1p1, r1i1p1, 

Historical r2i1p1, r2i1p1, r2i1p1, r2i1p1, 

FIO-ESM r3i1p1 r3i1p1 r3i1p1 r3i1p1 

r1i1p1, r1i1p1, r1i1p1, r1i1p1, 

RCP 4.5 r2i1p1, r2i1p1, r2i1p1, r2i1p1, 

r3i1p1 r3i1p1 r3i1p1 r3i1p1 

r1i1p1, r1i1p1, r1i1p1, r1i1p1, 

RCP 8.5 r2i1p1, r2i1p1, r2i1p1, r2i1p1, 

r3i1p1 r3i1p1 r3i1p1 r3i1p1 

GFDL-CM3 

Historical 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 4.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

(continued on next page)
 

http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/pr/r1i1p1/pr_Amon_FIO-ESM_historical_r1i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/pr/r2i1p1/pr_Amon_FIO-ESM_historical_r2i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/pr/r3i1p1/pr_Amon_FIO-ESM_historical_r3i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tas/r1i1p1/tas_Amon_FIO-ESM_historical_r1i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tas/r2i1p1/tas_Amon_FIO-ESM_historical_r2i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tas/r3i1p1/tas_Amon_FIO-ESM_historical_r3i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tasmin/r1i1p1/tasmin_Amon_FIO-ESM_historical_r1i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tasmin/r2i1p1/tasmin_Amon_FIO-ESM_historical_r2i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tasmin/r3i1p1/tasmin_Amon_FIO-ESM_historical_r3i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tasmax/r1i1p1/tasmax_Amon_FIO-ESM_historical_r1i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tasmax/r2i1p1/tasmax_Amon_FIO-ESM_historical_r2i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/historical/mon/atmos/tasmax/r3i1p1/tasmax_Amon_FIO-ESM_historical_r3i1p1_185001-200512.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/pr/r1i1p1/pr_Amon_FIO-ESM_rcp45_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/pr/r2i1p1/pr_Amon_FIO-ESM_rcp45_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/pr/r3i1p1/pr_Amon_FIO-ESM_rcp45_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tas/r1i1p1/tas_Amon_FIO-ESM_rcp45_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tas/r2i1p1/tas_Amon_FIO-ESM_rcp45_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tas/r3i1p1/tas_Amon_FIO-ESM_rcp45_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tasmin/r1i1p1/tasmin_Amon_FIO-ESM_rcp45_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tasmin/r2i1p1/tasmin_Amon_FIO-ESM_rcp45_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tasmin/r3i1p1/tasmin_Amon_FIO-ESM_rcp45_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tasmax/r1i1p1/tasmax_Amon_FIO-ESM_rcp45_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tasmax/r2i1p1/tasmax_Amon_FIO-ESM_rcp45_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp45/mon/atmos/tasmax/r3i1p1/tasmax_Amon_FIO-ESM_rcp45_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/pr/r1i1p1/pr_Amon_FIO-ESM_rcp85_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/pr/r2i1p1/pr_Amon_FIO-ESM_rcp85_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/pr/r3i1p1/pr_Amon_FIO-ESM_rcp85_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tas/r1i1p1/tas_Amon_FIO-ESM_rcp85_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tas/r2i1p1/tas_Amon_FIO-ESM_rcp85_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tas/r3i1p1/tas_Amon_FIO-ESM_rcp85_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tasmin/r1i1p1/tasmin_Amon_FIO-ESM_rcp85_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tasmin/r2i1p1/tasmin_Amon_FIO-ESM_rcp85_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tasmin/r3i1p1/tasmin_Amon_FIO-ESM_rcp85_r3i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tasmax/r1i1p1/tasmax_Amon_FIO-ESM_rcp85_r1i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tasmax/r2i1p1/tasmax_Amon_FIO-ESM_rcp85_r2i1p1_200601-210012.nc
http://cmip5.fio.org.cn/thredds/fileServer/esg_dataroot/FIO_ESM/rcp85/mon/atmos/tasmax/r3i1p1/tasmax_Amon_FIO-ESM_rcp85_r3i1p1_200601-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

RCP 8.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

GFDL-
Historical 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

ESM2G 
RCP 4.5 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 8.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

GFDL-
Historical 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

ESM2M 
RCP 4.5 

decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

RCP 8.5 
decadal 

files 

decadal 

files 

decadal 

files 

decadal 

files 

(continued on next page)
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax
 

Historical 

GISS-E2-H 

r1i1p1 

(1901

1950), 

r1i1p1 

(1951

2005), 

r1i1p2 

(1850

1950), 

r1i1p2 

(1951

2005), 

r2i1p1 

(1901

1950), 

r2i1p1 

(1951

2005) 

r1i1p1 

(1901

1950), 

r1i1p1 

(1951

2005), 

r1i1p2 

(1850

1950), 

r1i1p2 

(1951

2005), 

r2i1p1 

(1901

1950), 

r2i1p1 

(1951

2005) 

r1i1p1 

(1901

1950), 

r1i1p1 

(1951

2005), 

r1i1p2 

(1850

1950), 

r1i1p2 

(1951

2005), 

r2i1p1 

(1901

1950), 

r2i1p1 

(1951

2005) 

r1i1p1 

(1901

1950), 

r1i1p1 

(1951

2005), 

r1i1p2 

(1850

1950), 

r1i1p2 

(1951

2005), 

r2i1p1 

(1901

1950), 

r2i1p1 

(1951

2005) 

(continued on next page)
 

http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/pr_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/pr_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/pr_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/pr_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/pr_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/pr_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/pr_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/pr_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/pr_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/pr_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/pr_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/pr_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/pr_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/pr_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/pr_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/pr_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/pr_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/pr_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tas_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tas_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tas_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tas_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tas_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tas_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tas_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tas_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tas_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tas_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tas_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tas_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tas_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tas_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tas_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tas_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tas_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tas_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmin_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmin_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmin_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmin_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmin_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmin_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmin_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmin_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmin_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmin_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmin_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmin_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmin_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmin_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmin_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmin_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmin_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmin_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmax_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmax_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmax_Amon_GISS-E2-H_historical_r1i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmax_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmax_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p1/tasmax_Amon_GISS-E2-H_historical_r1i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmax_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmax_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmax_Amon_GISS-E2-H_historical_r1i1p2_185001-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmax_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmax_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r1i1p2/tasmax_Amon_GISS-E2-H_historical_r1i1p2_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmax_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmax_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmax_Amon_GISS-E2-H_historical_r2i1p1_190101-195012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmax_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmax_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/historical/E2-H_historical_r2i1p1/tasmax_Amon_GISS-E2-H_historical_r2i1p1_195101-200512.nc
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Table A.6: (continued from previous page) 

GCM Name Experiment Pr tas tasmin tasmax
 

RCP 4.5
 

r1i1p1 

(2006

2050), 

r1i1p1 

(2051

2100), 

r1i1p2 

(2006

2050), 

r1i1p2 

(2051

2100), 

r2i1p1 

(2006

2050), 

r2i1p1 

(2051

2100) 

r1i1p1 

(2006

2050), 

r1i1p1 

(2051

2100), 

r1i1p2 

(2006

2050), 

r1i1p2 

(2051

2100), 

r2i1p1 

(2006

2050), 

r2i1p1 

(2051

2100) 

r1i1p1 

(2006

2050), 

r1i1p1 

(2051

2100), 

r1i1p2 

(2006

2050), 

r1i1p2 

(2051

2100), 

r2i1p1 

(2006

2050), 

r2i1p1 

(2051

2100) 

r1i1p1 

(2006

2050), 

r1i1p1 

(2051

2100), 

r1i1p2 

(2006

2050), 

r1i1p2 

(2051

2100), 

r2i1p1 

(2006

2050), 

r2i1p1 

(2051

2100) 

(continued on next page)
 

http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/pr_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/pr_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/pr_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/pr_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/pr_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/pr_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/pr_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/pr_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/pr_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/pr_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/pr_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/pr_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/pr_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/pr_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/pr_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/pr_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/pr_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/pr_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tas_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tas_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tas_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tas_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tas_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tas_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tas_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tas_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tas_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tas_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tas_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tas_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tas_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tas_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tas_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tas_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tas_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tas_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmin_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmin_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmin_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmin_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmin_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmin_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmin_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmin_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmin_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmin_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmin_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmin_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmin_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmin_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmin_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmin_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmin_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmin_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmax_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmax_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmax_Amon_GISS-E2-H_rcp45_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmax_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmax_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p1/tasmax_Amon_GISS-E2-H_rcp45_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmax_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmax_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmax_Amon_GISS-E2-H_rcp45_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmax_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmax_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r1i1p2/tasmax_Amon_GISS-E2-H_rcp45_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmax_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmax_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmax_Amon_GISS-E2-H_rcp45_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmax_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmax_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp45/E2-H_rcp45_r2i1p1/tasmax_Amon_GISS-E2-H_rcp45_r2i1p1_205101-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

r1i1p1 r1i1p1 r1i1p1 r1i1p1 

(2006 (2006 (2006 (2006

2050), 2050), 2050), 2050), 

r1i1p1 r1i1p1 r1i1p1 r1i1p1 

(2051 (2051 (2051 (2051

2100), 2100), 2100), 2100), 

r1i1p2 r1i1p2 r1i1p2 r1i1p2 

(2006 (2006 (2006 (2006

RCP 8.5 
2050), 

r1i1p2 

2050), 

r1i1p2 

2050), 

r1i1p2 

2050), 

r1i1p2 

(2051 (2051 (2051 (2051

2100), 2100), 2100), 2100), 

r2i1p1 r2i1p1 r2i1p1 r2i1p1 

(2006 (2006 (2006 (2006

2050), 2050), 2050), 2050), 

r2i1p1 r2i1p1 r2i1p1 r2i1p1 

(2051 (2051 (2051 (2051

2100) 2100) 2100) 2100) 

GISS-E2-H-
Historical 

CC RCP 4.5 

RCP 8.5 

Historical 

GISS-E2-R RCP 4.5 

RCP 8.5 

GISS-E2-R

CC 

Historical 

RCP 4.5 

(continued on next page) 
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http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/pr_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/pr_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/pr_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/pr_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/pr_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tas_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tas_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tas_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tas_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tas_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tas_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tas_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tas_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tas_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tas_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tas_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tas_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tas_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tas_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tas_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tas_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tas_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tas_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmin_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmin_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmin_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmin_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmin_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmin_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmin_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmin_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmin_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmin_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmin_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmin_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmin_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmin_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmin_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmin_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmin_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmin_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmax_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmax_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmax_Amon_GISS-E2-H_rcp85_r1i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmax_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmax_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p1/tasmax_Amon_GISS-E2-H_rcp85_r1i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmax_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmax_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmax_Amon_GISS-E2-H_rcp85_r1i1p2_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmax_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmax_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r1i1p2/tasmax_Amon_GISS-E2-H_rcp85_r1i1p2_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmax_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmax_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmax_Amon_GISS-E2-H_rcp85_r2i1p1_200601-205012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmax_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmax_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
http://esgdata1.nccs.nasa.gov/thredds/fileServer/GISS/cmip5/rcp85/E2-H_rcp85_r2i1p1/tasmax_Amon_GISS-E2-H_rcp85_r2i1p1_205101-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

RCP 8.5 

HadGEM2

AO 

Historical 

RCP 4.5 

RCP 8.5 

HadGEM2

CC 

Historical 

RCP 4.5 

RCP 8.5 

HadGEM2
Historical 

≈ 25 

files 

yr ≈ 25 

files 

yr ≈ 25 

files 

yr ≈ 25 

files 

yr 

ES 
RCP 4.5 

≈ 25 

files 

yr ≈ 25 

files 

yr ≈ 25 

files 

yr ≈ 25 

files 

yr 

RCP 8.5 
≈ 25 

files 

yr ≈ 25 

files 

yr ≈ 25 

files 

yr ≈ 25 

files 

yr 

INM-CM4 

Historical 

RCP 4.5 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

IPSL

CM5A-LR 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

(continued on next page)
 

http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/historical/mon/atmos/Amon/r1i1p1/pr/1/pr_Amon_inmcm4_historical_r1i1p1_185001-200512.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/historical/mon/atmos/Amon/r1i1p1/tas/1/tas_Amon_inmcm4_historical_r1i1p1_185001-200512.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/historical/mon/atmos/Amon/r1i1p1/tasmin/1/tasmin_Amon_inmcm4_historical_r1i1p1_185001-200512.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/historical/mon/atmos/Amon/r1i1p1/tasmax/1/tasmax_Amon_inmcm4_historical_r1i1p1_185001-200512.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp45/mon/atmos/Amon/r1i1p1/pr/1/pr_Amon_inmcm4_rcp45_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp45/mon/atmos/Amon/r1i1p1/tas/1/tas_Amon_inmcm4_rcp45_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp45/mon/atmos/Amon/r1i1p1/tasmin/1/tasmin_Amon_inmcm4_rcp45_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp45/mon/atmos/Amon/r1i1p1/tasmax/1/tasmax_Amon_inmcm4_rcp45_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp85/mon/atmos/Amon/r1i1p1/pr/1/pr_Amon_inmcm4_rcp85_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp85/mon/atmos/Amon/r1i1p1/tas/1/tas_Amon_inmcm4_rcp85_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp85/mon/atmos/Amon/r1i1p1/tasmin/1/tasmin_Amon_inmcm4_rcp85_r1i1p1_200601-210012.nc
http://pcmdi9.llnl.gov/thredds/fileServer/cmip5_data/cmip5/output1/INM/inmcm4/rcp85/mon/atmos/Amon/r1i1p1/tasmax/1/tasmax_Amon_inmcm4_rcp85_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r1i1p1/v20110406/pr/pr_Amon_IPSL-CM5A-LR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r2i1p1/v20110406/pr/pr_Amon_IPSL-CM5A-LR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r3i1p1/v20110406/pr/pr_Amon_IPSL-CM5A-LR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r1i1p1/v20110406/tas/tas_Amon_IPSL-CM5A-LR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r2i1p1/v20110406/tas/tas_Amon_IPSL-CM5A-LR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r3i1p1/v20110406/tas/tas_Amon_IPSL-CM5A-LR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r1i1p1/v20110406/tasmin/tasmin_Amon_IPSL-CM5A-LR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r2i1p1/v20110406/tasmin/tasmin_Amon_IPSL-CM5A-LR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r3i1p1/v20110406/tasmin/tasmin_Amon_IPSL-CM5A-LR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r1i1p1/v20110406/tasmax/tasmax_Amon_IPSL-CM5A-LR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r2i1p1/v20110406/tasmax/tasmax_Amon_IPSL-CM5A-LR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/historical/mon/atmos/Amon/r3i1p1/v20110406/tasmax/tasmax_Amon_IPSL-CM5A-LR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r1i1p1/v20110914/pr/pr_Amon_IPSL-CM5A-LR_rcp45_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r2i1p1/v20110914/pr/pr_Amon_IPSL-CM5A-LR_rcp45_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r3i1p1/v20110914/pr/pr_Amon_IPSL-CM5A-LR_rcp45_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r1i1p1/v20110914/tas/tas_Amon_IPSL-CM5A-LR_rcp45_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r2i1p1/v20110914/tas/tas_Amon_IPSL-CM5A-LR_rcp45_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r3i1p1/v20110914/tas/tas_Amon_IPSL-CM5A-LR_rcp45_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r1i1p1/v20110914/tasmin/tasmin_Amon_IPSL-CM5A-LR_rcp45_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r2i1p1/v20110914/tasmin/tasmin_Amon_IPSL-CM5A-LR_rcp45_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r3i1p1/v20110914/tasmin/tasmin_Amon_IPSL-CM5A-LR_rcp45_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r1i1p1/v20110914/tasmax/tasmax_Amon_IPSL-CM5A-LR_rcp45_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r2i1p1/v20110914/tasmax/tasmax_Amon_IPSL-CM5A-LR_rcp45_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp45/mon/atmos/Amon/r3i1p1/v20110914/tasmax/tasmax_Amon_IPSL-CM5A-LR_rcp45_r3i1p1_200601-230012.nc


239 

Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

RCP 8.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

IPSL

CM5A-MR 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

IPSL

CM5B-LR 

Historical 

RCP 4.5 

RCP 8.5 

MIROC

ESM 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

MIROC

ESM-CHEM 

Historical 

RCP 4.5 

RCP 8.5 

Historical 

MIROC5 RCP 4.5 

RCP 8.5 

MPI-ESM

LR 

Historical 

(continued on next page) 

http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r1i1p1/v20111103/pr/pr_Amon_IPSL-CM5A-LR_rcp85_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r2i1p1/v20110726/pr/pr_Amon_IPSL-CM5A-LR_rcp85_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r3i1p1/v20110726/pr/pr_Amon_IPSL-CM5A-LR_rcp85_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r1i1p1/v20111103/tas/tas_Amon_IPSL-CM5A-LR_rcp85_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r2i1p1/v20110726/tas/tas_Amon_IPSL-CM5A-LR_rcp85_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r3i1p1/v20110726/tas/tas_Amon_IPSL-CM5A-LR_rcp85_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r1i1p1/v20111103/tasmin/tasmin_Amon_IPSL-CM5A-LR_rcp85_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r2i1p1/v20110726/tasmin/tasmin_Amon_IPSL-CM5A-LR_rcp85_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r3i1p1/v20110726/tasmin/tasmin_Amon_IPSL-CM5A-LR_rcp85_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r1i1p1/v20111103/tasmax/tasmax_Amon_IPSL-CM5A-LR_rcp85_r1i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r2i1p1/v20110726/tasmax/tasmax_Amon_IPSL-CM5A-LR_rcp85_r2i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-LR/rcp85/mon/atmos/Amon/r3i1p1/v20110726/tasmax/tasmax_Amon_IPSL-CM5A-LR_rcp85_r3i1p1_200601-230012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r1i1p1/v20111119/pr/pr_Amon_IPSL-CM5A-MR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r2i1p1/v20120430/pr/pr_Amon_IPSL-CM5A-MR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r3i1p1/v20120804/pr/pr_Amon_IPSL-CM5A-MR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r1i1p1/v20111119/tas/tas_Amon_IPSL-CM5A-MR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r2i1p1/v20120430/tas/tas_Amon_IPSL-CM5A-MR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r3i1p1/v20120804/tas/tas_Amon_IPSL-CM5A-MR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r1i1p1/v20111119/tasmin/tasmin_Amon_IPSL-CM5A-MR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r2i1p1/v20120430/tasmin/tasmin_Amon_IPSL-CM5A-MR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r3i1p1/v20120804/tasmin/tasmin_Amon_IPSL-CM5A-MR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r1i1p1/v20111119/tasmax/tasmax_Amon_IPSL-CM5A-MR_historical_r1i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r2i1p1/v20120430/tasmax/tasmax_Amon_IPSL-CM5A-MR_historical_r2i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/historical/mon/atmos/Amon/r3i1p1/v20120804/tasmax/tasmax_Amon_IPSL-CM5A-MR_historical_r3i1p1_185001-200512.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp85/mon/atmos/Amon/r1i1p1/v20111119/pr/pr_Amon_IPSL-CM5A-MR_rcp85_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp85/mon/atmos/Amon/r1i1p1/v20111119/tas/tas_Amon_IPSL-CM5A-MR_rcp85_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp85/mon/atmos/Amon/r1i1p1/v20111119/tasmin/tasmin_Amon_IPSL-CM5A-MR_rcp85_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp85/mon/atmos/Amon/r1i1p1/v20111119/tasmax/tasmax_Amon_IPSL-CM5A-MR_rcp85_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp45/mon/atmos/Amon/r1i1p1/v20120804/pr/pr_Amon_IPSL-CM5A-MR_rcp45_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp45/mon/atmos/Amon/r1i1p1/v20120804/tas/tas_Amon_IPSL-CM5A-MR_rcp45_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp45/mon/atmos/Amon/r1i1p1/v20120804/tasmin/tasmin_Amon_IPSL-CM5A-MR_rcp45_r1i1p1_200601-210012.nc
http://vesg.ipsl.fr/thredds/fileServer/esg_dataroot/CMIP5/output1/IPSL/IPSL-CM5A-MR/rcp45/mon/atmos/Amon/r1i1p1/v20120804/tasmax/tasmax_Amon_IPSL-CM5A-MR_rcp45_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r1i1p1/v20120710/pr/pr_Amon_MIROC-ESM_historical_r1i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r2i1p1/v20120710/pr/pr_Amon_MIROC-ESM_historical_r2i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r3i1p1/v20120710/pr/pr_Amon_MIROC-ESM_historical_r3i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r1i1p1/v20120710/tas/tas_Amon_MIROC-ESM_historical_r1i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r2i1p1/v20120710/tas/tas_Amon_MIROC-ESM_historical_r2i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r3i1p1/v20120710/tas/tas_Amon_MIROC-ESM_historical_r3i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r1i1p1/v20120710/tasmin/tasmin_Amon_MIROC-ESM_historical_r1i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r2i1p1/v20120710/tasmin/tasmin_Amon_MIROC-ESM_historical_r2i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r3i1p1/v20120710/tasmin/tasmin_Amon_MIROC-ESM_historical_r3i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r1i1p1/v20120710/tasmax/tasmax_Amon_MIROC-ESM_historical_r1i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r2i1p1/v20120710/tasmax/tasmax_Amon_MIROC-ESM_historical_r2i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/historical/mon/atmos/Amon/r3i1p1/v20120710/tasmax/tasmax_Amon_MIROC-ESM_historical_r3i1p1_185001-200512.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp45/mon/atmos/Amon/r1i1p1/v20120710/pr/pr_Amon_MIROC-ESM_rcp45_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp45/mon/atmos/Amon/r1i1p1/v20120710/tas/tas_Amon_MIROC-ESM_rcp45_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp45/mon/atmos/Amon/r1i1p1/v20120710/tasmin/tasmin_Amon_MIROC-ESM_rcp45_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp45/mon/atmos/Amon/r1i1p1/v20120710/tasmax/tasmax_Amon_MIROC-ESM_rcp45_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp85/mon/atmos/Amon/r1i1p1/v20120710/pr/pr_Amon_MIROC-ESM_rcp85_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp85/mon/atmos/Amon/r1i1p1/v20120710/tas/tas_Amon_MIROC-ESM_rcp85_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp85/mon/atmos/Amon/r1i1p1/v20120710/tasmin/tasmin_Amon_MIROC-ESM_rcp85_r1i1p1_200601-210012.nc
http://dias-esg-nd.tkl.iis.u-tokyo.ac.jp/thredds/fileServer/esg_dataroot/outgoing/output1/MIROC/MIROC-ESM/rcp85/mon/atmos/Amon/r1i1p1/v20120710/tasmax/tasmax_Amon_MIROC-ESM_rcp85_r1i1p1_200601-210012.nc
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax 

RCP 4.5 

RCP 8.5 

MPI-ESM

MR 

Historical 

RCP 4.5 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

MRI

CGCM3 

Historical 

r1i1p1, 

r2i1p1, 

r4i1p2, 

r5i1p2 

r1i1p1, 

r2i1p1, 

r4i1p2, 

r5i1p2 

r1i1p1, 

r2i1p1, 

r4i1p2, 

r5i1p2 

r1i1p1, 

r2i1p1, 

r4i1p2, 

r5i1p2 

RCP 4.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

RCP 8.5 r1i1p1 r1i1p1 r1i1p1 r1i1p1 

Historical 

MRI-ESM1 RCP 4.5 

RCP 8.5 

NorESM1-M 

Historical 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 

r2i1p1, 

r3i1p1 

r1i1p1, 
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Table A.6: (continued from previous page)
 

GCM Name Experiment Pr tas tasmin tasmax
 

RCP 8.5
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