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ABSTRACT 

 

Water managers for the City of Phoenix face the need to make informed policy decisions 

regarding long-term impacts of climate change on the Salt-Verde River basin. To provide a 

scientifically informed basis for this, we estimate the evolution of important components of 

the basin-scale water balance through the end of the 21st century. Bias-corrected and 

spatially downscaled climate projections from the Phase-3 Coupled Model Intercomparison 

Project of the World Climate Research Programme were used to drive a spatially distributed 

variable infiltration capacity model of the hydrologic processes in the Salt-Verde basin. 

From the many Global Climate Model’s participating in the IPCC fourth assessment, we 

selected a five-model ensemble, including three that best reproduce the historical 

climatology for our study region, plus two others to represent wetter and drier than model 

average conditions; the latter two were requested by City of Phoenix water managers to 

more fully represent the full range of GCM prediction uncertainty. For each GCM, data for 

three emission scenarios (A1B, A2, B1) was used to drive the hydrologic model into the 

future. The model projections indicate a statistically significant 25% decrease in streamflow 

by the end of the 21st century.  Contrary to previous assessments, this is not caused 

primarily by changes in the P/E ratio, but is found to result mainly from decreased winter 

precipitation accompanied by significant (temperature driven) reductions in storage of 

snow. The results show clearly the manner in which water management in central Arizona 

is likely to be impacted by changes in regional climate. 
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CHAPTER 1 INTRODUCTION 

1.1 Introduction 

1.1.1 Background 

Arizona uses about 8 million acre-feet (2.3 trillion gallons) of water each 

year. A majority of this water (~75%) is used for agriculture and the rest is used by 

residents and industry. To meet much of its water requirement, semi-arid Arizona 

relies upon surface water sources within the state supplemented by an allocation of 

approximately 2.8 million acre-ft/year from the Colorado River. The combined 

source of surface water provides a little more than 50% of the water used in the 

state, with groundwater sources being the next big source of water supply. In 

particular, central Arizona relies on big reservoir projects such as the Salt River 

Project (SRP) and the Central Arizona Project (CAP) to meet its ever-growing 

demand. Projected changes in regional climate are expected to directly impact this 

surface water availability (IPCC, 2007; Seager et al., 2007). Consequently, the 

complex question of how to maintain sustainable water resources in Arizona has 

become increasingly important. 

 The Colorado River drains 7 states (Wyoming, Colorado, Utah, (upper basin); 

Arizona, New Mexico, Nevada, and California (lower basin)) in the western US. The 

upper Colorado River basin is probably one of the best studied watersheds in the 

world, however the lower basin which consist smaller rivers which no longer drain 
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into the Colorado River have been relatively less studied. Several studies of the 

upper basin indicate that allotted deliveries (~2.8 MAF) from the Colorado River to 

Arizona may fall short due to population growth and a changing climate (e.g. Nash 

and Gleick, 1991, Christenssen et al., 2004, 2007, McCabe and Wolock, 2008, 

Rajagopalan et al., 2009, Barnett and Pierce, 2009). While Central Arizona receives 

part of this water through the CAP canal, the CAP has the lowest priority of Lower 

Colorado allocations and must curtail usage in a shortage year. Since Central 

Arizona also receives water from the Salt-Verde River basin through SRP (a water 

and power utility company for the City of Phoenix & the Salt River Valley that serves 

1 Million retail customers and delivers more than 1 million acre-feet annually), it is 

critical that we understand the impacts of climate change on these two rivers.  

Past studies in the Salt-Verde basin have examined paleo-climate records 

from tree rings (Figure 1.1) (Smith and Stockton, 1981) to quantify historical 

streamflow and drought in the basin. From this reconstruction it can be seen that 

the streamflow in the Salt-Verde Rivers goes below average for multiple years 

before a wet period brings the streamflow above average. Sheppard et al. (2002) 

have investigated the climate system of the southwest US to show conceptually the 

sources of moisture to this semi-arid region (Figure 1.2). From this figure it may be 

observed that the source of the winter moisture is from the northern Pacific ocean. 

These storms intern can be attributed to mid-latitude cyclones that large spatial 

scales that originate in the mid-latitudes. Whereas in the summer the moisture 
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surges from the eastern Pacific through the Gulf of California and Gulf of Mexico, 

depending on the location within the region of interest.  

 

Figure 1.1 Reconstructed streamflow using tree rings for the Salt-Verde Rivers 
in central Arizona. Source: Smith and Stockton et al., (1981) 
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Figure 1.2 Conceptual model of moisture source to the Southwest US. Source: 
Sheppard et al., (2002) 

 

Despite the study of tree rings and a conceptual understanding of moisture 

sources to the southwest US, there remains a lack of understanding regarding how 

climate affects surface hydrological processes in central Arizona. In particular more 

understanding is needed about the: 1) spatial and temporal variability of 

precipitation, evapotranspiration (ET) and snow water equivalent (SWE) within the 

basin, 2) partitioning of precipitation into ET and recharge to compute the available 

water, and 3) the impacts of future climate change on variables such as temperature, 

streamflow, soil moisture, ET and SWE. Understanding the complex relationships 

between climate and hydrology is critical to the development of long term 

sustainable water management plans. 
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 A satisfactory definition of climate may not be easily obtainable, but 

according to McGuffie and Henderson-Sellers, 2005 climate may be defined as ‘all of 

the statistics describing the atmosphere and ocean determined over an agreed time 

interval (seasons, decades or longer), computed for the globe or possibly for a 

selected region. This definition though broad emphasizes the importance of higher 

order statistics, such as variance than just the mean. The climate does not remain 

constant but is changing constantly. Climate change as defined by the 

Intergovernmental Panel on Climate Change (IPCC) is as follows: 

“Climate change in IPCC usage refers to a change in the state of the climate that can be 

identified (e.g. using statistical tests) by changes in the mean and/or the variability of 

its properties, and that persists for an extended period, typically decades or longer. It 

refers to any change in climate over time, whether due to natural variability or as a 

result of human activity.” (IPCC, 2007) 

 Figure 1.3 shows the observed trends in global average air and ocean 

temperatures, melting of snow, and rising global average sea level. From the 

instrumental record of temperature one can see very clearly an increase which is 

global in nature. Increase in temperatures causes a decrease in snow and ice extent 

which leads to an increase in sea level. The trends in each of the variables are 

consistent with one another. Apart from changes at a global scale, continental, 

regional and ocean basin scale changes have been observed (IPCC, 2007) 
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Figure 1.3 Observed trends in global temperature, sea level and snow cover 
over the past 150 years. Source: IPCC (2007) 

  

 Climate variability is driven by natural cycles which sometimes vary from 

couple of years, to decades. Many of these natural cycles are related to persistence 

of sea surface temperatures in certain regions of the Pacific and Atlantic oceans. 

Some well-known examples of such natural climate change drivers are ENSO (El 

Nino Southern Oscillation; Trenberth 1997), Pacific Decadal Oscillation (PDO; 
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Mantua et al., 1997) and the North Atlantic Oscillation (NAO; e.g. Hurrell and 

VanLoon, 1997). The changes in climate due to these natural causes are observable 

though the physical processes behind these cycles are areas of active research 

(Newman, 2007). In our region of study, which comprises the larger Colorado River 

basin, studies have shown that ENSO and PDO influence winter precipitation such 

that more (less) precipitation occurs in El Niño-high PDO (La Niña-low PDO) type 

years and hence streamflow in the basin is primarily driven by winter precipitation 

(e.g. Hidalgo and Dracup, 2003; Canon et al., 2007; Balling and Goodrich, 2007).  

 In addition to natural variability presented above, the cause for increasing 

temperatures at a smaller timescale of about 150 years, the radiative forcing of the 

climate is dominated by long-lived greenhouse gas (GHG). Carbon dioxide (CO2) is 

the most important anthropogenic GHG along with smaller contributions from 

methane (CH4) and nitrous oxide (N2O) (IPCC, 2007). From the synthesis of 

observations, the annual emissions of CO2 has grown substantially over the last 30 

years with most GHG coming from energy supply, transport and industry, and 

smaller contributions from residential and commercial buildings, forestry and 

agriculture sectors (IPCC, 2007). Figure 1.4a shows the atmospheric concentrations 

of CO2, CH4, and N2O based on data from ice cores over the last 10,000 years. From 

this figure it may be seen that there is an increase in GHG concentrations since about 

1750 (inset panels). 
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 The special report on emissions scenarios (SRES, 2000) projected an increase 

in baseline global GHG emissions between 25 to 90% between 2000 and 2030. 

Figure 1.4b shows these scenarios for the future in the absence of additional climate 

policies. In these scenarios, fossil fuels are projected to maintain their dominant 

position in the global energy mix till 2030 and beyond. Since published in 2000, post 

SRES studies have incorporated population growth, economic growth, effects of 

aerosols which have a net cooling effect, in the projections of GHG. In the current 

research, three storylines (A2, A1B, and B1) of projected GHG scenarios are studied. 

A2 describes a very heterogeneous world with high population growth, slow 

economic development and slow technological change. A1B describes alternative 

directions of technological change with a balance across all energy sources. B1 

describes a convergent world with the global population peaking in the mid-

century, but with more rapid changes in economic structures toward a service and 

information economy.  

 Advances in climate change modeling now enable us to model the climate for 

projected GHG scenarios of the 21st century. Figure 1.4c shows the projections of 

surface warming over the 21st century under various GHG scenarios. Though only 

the most likely scenario is shown in this figure, please refer the IPCC, (2007) report 

for likely ranges. Warming is expected to occur over land and at most northern 

latitudes. The least warming is expected to occur near Antarctica and North Atlantic. 
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Figure 1.4 (a) Observed increases in GHG over the past 10,000 years. (b) 
Scenarios of GHG emissions based on SRES, 2000. (c) Atmosphere-Ocean GCM 
projections of surface warming 
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  Many different global climate models or general circulation models (GCMs) 

have been developed by various research groups around the world (e.g. UK-Hadley 

Climate Model, Max Planck Institute- ECHAM5, National Center for Atmospheric 

Research, CCSM3) and thus variability of their simulation of the climate is large. But 

when observed trends are reproduced by the GCMs then these models may be used 

to reliably to predict future changes (Covey et al., 2003). There is a basic problem 

using GCM models to predict local hydrologic change, since the spatial resolution of 

the GCMs is too coarse (typically ~2 deg grids) for the data to be directly merged 

with hydrologic models (typically at least 1/8th deg grids). Hence strategies of 

downscaling the information from the GCM scale to the hydrologic model scale need 

to be employed, as discussed in section 1.2.  

1.1.2 Statement of the problem 

 The overarching question that needs to be answered specifically for different 

regions in the world is how does climate change affect water availability in my 

region of interest? Though the question seems fairly simple, the method of assessing 

such regional change is complex.  

 A fairly common approach to research change over a specific region of 

interest is to obtain the output from all available GCMs for that region and either 

statistically or dynamically downscale this output to the scale at which a hydrologic 

model is setup. Then merge the climate output data with the hydrologic model to 
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predict change. Assuming one takes such an approach the following questions still 

remain: 

 How does one select the GCM to study regional change? 

 What aspects of climate change is one interested in, e.g. is studying the 

impact to snow more important than studying flooding extremes. 

 Is statistical downscaling sufficient to study climate change in your basin of 

interest or is dynamical downscaling important to have any meaningful 

results? 

 If statistical downscaling is chosen, then what statistical methods are applied 

and if dynamical downscaling is applied which RCM will be used. What are 

the tradeoffs for the choices made? 

 What hydrologic model should one use for such a study? 

 Does the structure of the hydrologic models sufficiently describe the 

watershed under study? 

 Does the GCM output merged with the hydrologic model produce output that 

are consistent with historical observed values such as precipitation, 

temperature, streamflow etc.? 

 It is clear from above that the current state of the art leaves considerable 

room for improvement in most of the above mentioned questions.  
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1.2 Review of the Literature 

1.2.1 Strategies used to assess hydrologic impacts of climate change 

1.2.1.1 Overview 

 GCMs are important tools used to study climate impact assessments (Fowler 

et al., 2007). The GCMs used in the IPCC 4th assessment are numerical models that 

represent the coupled atmosphere-ocean-land surface system which offer 

considerable potential for the study of climate change and variability. Even though 

they represent the coupled system, the spatial resolution of these models remain 

relatively coarse because of which they do not resolve subgrid scale features such as 

topography and land use (Grotch and MacCracken, 1991). The techniques used to 

bridge this gap between the climate model resolution to regional and local scale 

process is generally referred to as ‘downscaling’. Two fundamental approaches exist 

for downscaling GCM output to a finer resolution viz. dynamical downscaling and 

statistical downscaling. The next two sections present information to give a broad 

understanding of the methodologies.  

1.2.1.2 Statistical downscaling of GCM projections 

 Statistical downscaling methods can generally be grouped into three groups, 

1) regression models, 2) weather typing schemes and 3) weather generators 

(Fowler et al., 2007). The fundamental concept of most statistical downscaling 

methods is that a relationship exists between large-scale atmospheric state and 

regional climates.  This can be expressed mathematically either as a stochastic 
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and/or deterministic predictors (large scale atmospheric variables) predictands 

(regional climate variable) relationship. The choice of the predictor is important in 

establishing a meaningful relationship. The inherent assumptions in statistical 

downscaling are 1) the predictor variable should be physically meaningful and 

reproduced well by the GCM and be able to reflect the processes responsible for 

climate variability on a range of timescales and 2) the predictor-predictand 

relationship is assumed stationary meaning it remains the same in a changed future 

climate.  

 Statistical methods are straightforward to apply compared to dynamical 

downscaling which is computationally very expensive. However, statistical 

downscaling tends to underestimate variance and poorly represent extreme events. 

Regression methods and some weather typing methods also under predict climate 

variability. One may wonder which of the statistical downscaling techniques is the 

best, but the answer to this question is not straight forward. Different methods have 

their own strengths and weakness for e.g. weather generators are skillful at wet-day 

occurrence and amount but are less skillful for inter-annual variability whereas 

artificial neural networks simulate inter-annual variability well but are known to 

poorly simulate wet day occurrence (Wilby and Wigley, 1997). 

 Few studies have compared relative performance of statistical and dynamical 

methods in climate impact assessment. One of the highly sited papers which did 

such a comparison is Wood et al., (2004) where they compared six relatively simple 
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statistical downscaling methods with a dynamical downscaling method using a 

Regional Climate Model (RCM). It is interesting to note that they conclude from this 

comparison that the statistical methods were successful in reproducing the main 

features of the observed hydrometeorology in comparison to the RCM approach. 

1.2.1.3 Dynamical downscaling of GCM projections 

 Dynamical downscaling refers to the use of Regional Climate Models (RCMs) 

which are nested within the GCMs to produce high resolution outputs. The large 

scale models act as lateral boundary conditions of the RCMs. Dynamical downscaling 

has shown to simulate regional climate features such as orographic precipitation 

(e.g Frei et al., 2003), extreme climate events (e.g. Fowler et al., 2007) and regional 

climate effects such as ENSO (e.g. Leung et al., 2003). However it is important to note 

that the model skill of the RCM is strongly linked to the biases inherent in the 

driving GCM. Hence, it is important that one chooses GCM models carefully to 

provide boundary conditions for RCMs. Another consideration with dynamical 

downscaling is how well the RCMs retain large scale variability of the GCMs. It is 

shown by Rockel et al., (2008) that in order to preserve large scale variability in 

RCMs spectral nudging is necessary.  

 Other considerations while using dynamical models include variability in 

internal parameterization which may be a source of uncertainty. A big drawback of 

dynamical downscaling is that it is very computationally expensive. Due to this 

these models are typically run for time slices for e.g. 1970-2000 and for a changed 
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2070-2100. This restricts the analysis of change in other periods. Using a RCM 

increases the uncertainty inherent to a GCM with the biggest source of uncertainty 

related to structure and physics of the formulation. The North American Regional 

Climate Change Assessment Program (NARCCAP) is an international organization 

aimed at producing high resolution climate change simulations in order to 

investigate uncertainties in future climate for use in impacts research. Table 1.1 

shows the relative advantages and disadvantages of statistical and dynamical 

downscaling from Fowler et al., (2007). One is strongly encouraged to read this 

article if they want more information about the downscaling methods.  

Table 1.1 Relative merits of statistical and dynamical downscaling techniques. 
Source: Fowler et al., (2007) 
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1.3 Physics of global climate and its representation in GCMs 

 In this section only a brief description of the physics of global climate and its 

representation in climate models is presented. For a more comprehensive 

understanding of this topic one is referred to Physics of the Climate, (Peixoto and 

Oort, 1992) and A Climate Modeling Primer (McGuffie and Henderson-Sellers, 2005). 

Of particular interest to the current research is the representation of natural climate 

variability such as ENSO within the GCMs since it has been established that this 

affects climate in the Colorado River basin (Canon et al., 2007). Also of interest in the 

current thesis is the representation of the extremes in the GCMs.  

 Today’s large scale coupled climate system models are designed to simulate 

the climate of the planet taking into account the whole climate system (McGuffie and 

Henderson-Sellers, 2005). Figure 1.5 shows the various components that form the 

coupled climate system. Due to the complexity of the climate system and various 

interactions that operate at different timescales it is necessary to make some 

simplifications to the governing equations of climatic processes. The governing 

equations of climate models are those of (from Pielke, Sr., 2002): 

 1) Conservation of mass 

 (     ⃗ )        

Where ρ is the density and V is the wind vector. 

2) Conservation of heat 
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   ⃗          

Where    is the potential temperature and 
 

  
 is the Eulerian derivative.    is the 

source sink term. 

3) Conservation of motion 

  ⃗                 ⃗    ⃗    ⃗  

Where the last term on the right is the Coriolis force, the second to last is the 

gravitational force and the first term on the right is the pressure gradient force. 

4) Conservation of water 

            
 

Where q1, q2 etc. are defined as the ratio of the mass of the solid, liquid and vapor 

forms of water and the S term is the source sink term. 

5) Conservation of gases and aerosols 

           
 

Where   refers to any chemical species expect water and S is again the source sink 

term.  

 Though the conservation equations appear very simple, to construct a 

numerical model that solves the above equations is extremely hard. The reasons 
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being: 1) non-linearity of the system of equations, 2) the equations needs to be 

discretized in space which introduces uncertainty and 3) the source sink terms in 

the equations typically use parameterizations which may not strictly be based on 1st 

principles.   

 

Figure 1.5 A schematic illustration of the components and interactions in the 
climate system. Source: (McGuffie and Henderson-Sellers, 2005) 
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 There are many different types of climate models, of interest to this study is 

the type that are called general circulation models. These are three dimensional in 

nature and account for atmospheric, land and ocean processes. These models 

attempt to simulate as many processes as possible and produce a three dimensional 

picture of the time evolution of the atmosphere and ocean. Typically the vertical 

resolution in these models is finer than the horizontal resolution.  

 In the present study we use five such GCMs which simulate the coupled 

ocean-atmosphere system under different GHG emission scenarios. Read more on 

the selection and data used in chapter 2. However, what is of interest is whether 

these models represent known sources of climate variability such as ENSO and 

observed climate extremes. Meehl et al., (2007) shows for the Parallel Climate 

Model (PCM) simulates the first order aspects of El Nino events and their 

teleconnections over North America. Tebaldi et al., 2006 showed that the models 

agree well with observations of temperature related extremes such as increased 

heat waves and warm nights.  Over the 21st century the GCM models showed a 

continued trend of more extremes in temperature related extremes, an 

intensification of precipitation with a greater frequency of heavy precipitation.  

1.4 Physics of land surface hydrology and its representation in catchment 

models 

 The physics of the land surface hydrology represented in the catchment 

models has advanced tremendously since the rational method published in 1851. 
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Though simpler conceptually rainfall runoff models are still in use for studying 

various hydrologic problems there is a tendency to use more sophisticated 

hydrologic models especially for impacts of climate change (e.g. Hurkmans, 2008, 

Christensen et al., 2007). Figure 1.6 shows a typical representation of the processes 

simulated by current distributed land surface models.  Similar to atmospheric 

models that use parameterizations for the source sink terms, some processes in 

hydrology are also modeled based on physical observations which gets into the 

jargon of hydrology as ‘physics’.  

 The actual physical properties that are conserved by the hydrologic model 

include conservation of mass and conservation of energy. Conservation of mass is 

more often in hydrology referred to as the water budget equation, which in its 

simplest form may be written as follows: 

  

  
       

Where, the S term stands for all storage within the basin e.g. soil moisture, snow 

storage. The P stands for precipitation input, E is a sum total of all evapo-

transpiration and R is a sum total of quick runoff, and baseflow (subsurface runoff). 

Conservation of energy for a layer of surface material which may include water, soil, 

plant canopy or snow, can be written as follows: 
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Where, Rn is the net radiative flux density at the upper layer of the surface,   is the 

advected energy into the layer, 
  

  
 is the rate of energy storage per unit horizontal 

area,   is the latent heat flux,  is the sensible heat flux and G is the specific energy 

flux leaving the layer at the lower boundary.  

 

Figure 1.6 A representation of typical hydrologic processes modeled in 
catchment hydrology models. Source: (McGuffie and Henderson-Sellers, 2005) 

 

 The Variable Infiltration Capacity (VIC) (Liang et al., 1994) model is used in 

this study and is described in chapter two, however, it should be noted that the VIC 

models processes shown in Figure 1.6. With the advent of cheaper computing power 
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and faster processing computers there has been a shift towards increasing 

complexity in the hydrologic model of very fine resolution coupled with 

atmospheric models (e.g. Maxwell et al., 2011). One should be aware that with more 

complex models there are bound to be more assumptions/simplifications made 

which may sometime not necessarily be a welcome change.  

1.5 Objectives and scope of the study 

1.5.1 Objectives 

 In view of the problems mentioned above the three main objectives of this 

dissertation are as follows: 1) to evaluate the water budget of the Salt-Verde River 

basin, Arizona, 2) to evaluate what statistically downscaled climate model data 

merged with the hydrologic model tell us about impact to the water balance of the 

Salt-Verde River basin and 3) how can one use the information of climate change 

derived from the GCMs to improve water management decisions. Specific objectives 

of this dissertation are to: 

 How to select/prepare GCM model/data to evaluate climate change in a 

region? 

 Setup, calibrate, and evaluate a hydrologic model for the Salt-Verde River 

basin for the historical observed period (1949-2005).  
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 Analyze the hydro-climatology of the Salt-Verde River system and test for 

any trends in the historical observed, precipitation, temperature, streamflow, 

and snow water equivalent. 

 Analyze the historical GCM simulated climate of the Salt-Verde River basin to 

identify what behaviors are preserved by the GCM simulated climate and 

what behaviors one needs to be cautious while interpreting results. 

 Evaluate the results of merging the climate scenarios from the GCM with the 

hydrologic model. 

 How can one merge non stationary information from the GCM analysis to 

stationary observed climate to create a pseudo non-stationary dataset which 

water managers could use to understand and plan for climate change? 

1.5.2 Scope 

 In this dissertation, the objectives listed above are pursued using GCM 

models and hydrologic models. The hydrologic model used is the VIC model which is 

first setup and calibrated for the historic observed period. The five GCMs used in 

this study are the UK-HADCM3, NCAR-CCSM3, MPI-ECHAM5, MIROC3.2-MEDRES, 

and NCAR-PCM3. The climate scenarios which account for different GHG scenarios 

include the A1B, B1, and A2. These models both the hydrologic and GCM models 

were selected apart from the reasons presented in chapter two, due to consultation 

with the stakeholder viz. SRP and the City of Phoenix. In this study we restrict the 

analysis of climate change impact assessment to the following variables of interest, 
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1) precipitation, 2) temperature, 3) streamflow, 4) evapo-transpiration, 5) soil 

moisture and 6) snow water equivalent.  

1.6 Organization 

 This Dissertation is organized as eight chapters including the introduction. 

The remaining seven chapters are organized in the following order: 

 Chapter 2 presents the study region and the data used in this study. Two 

datasets are used, one for historical study of the basin and two for the future 

climate change impacts to the basin. The method of selection of the GCM 

models is also presented in chapter 2.  

 Chapter 3 presents the setup, calibration and evaluation of the hydrologic 

model used in this study. 

 Chapter 4 presents an analysis of the historic observed data for the 

watershed. Typically trend analysis is performed to identify any historic 

trends in the observations. 

 Chapter 5 presents an analysis of what behaviors are preserved and what 

behaviors are not preserved by the GCM simulated historical period. This 

helps guide interpretation of future results and bring out shortfalls of the 

method. 

 Chapter 6 presents the results from the future projections of climate change 

in the Salt-Verde River.  
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 Chapter 7 we look at how change in the basin can be better interpreted from 

a water management stand point. 

 Chapter 8 provides a summary, conclusions and future work. 
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CHAPTER 2 STUDY REGION, MODELS AND DATA USED 

2.1 Introduction 

 This chapter discusses the study region, the Variable Infiltration Capacity 

(VIC) hydrologic model, and the historical and future climate atmospheric data used 

to drive the model in this study. This chapter is composed of three sections. Section 

2.2 describes the study area, section 2.3 details the hydrologic model and the data. 

Section 2.4 describes how specific General Circulation Models (GCMs) were selected 

for this study and how the data was prepared. 

2.2 Study Region 

 The focus of this study is two watersheds in central Arizona, viz. the Salt and 

the Verde River Basin, but the broad broad study region is the semi arid 

Southwestern USA (hereafter referred to as the Southwest and consisting, in this 

study, of the four states Utah, Colorado, Arizona, and New Mexico. The region is so 

chosen since the bulk of the Colorado River basin falls within these states. Our study 

basins are part of the larger Colorado River basin as shown in Figure 2.1. 

 Arizona receives more than 2 Million Acre-feet of water from the Colorado 

River each year. Numerous studies have been conducted on the upper Colorado 

River basin to assess the potential impacts of climate change (e.g. Nash and Gleick, 

1991, Christenssen et al., 2004, 2007, McCabe and Wolock, 2008, Rajagopalan et al., 

2009). However the lower basin is relatively less well studied, mainly because most 
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of the smaller rivers in the lower basin were dammed during the 20th century and 

so typically do not contribute much surface water flow to the Colorado River basin 

(except in very wet years).  

 

Figure 2.1 Study region showing the Southwest US along with the study area 
which is located in central Arizona 

 

 Another reason for the larger focal region is enable use of General Circulation 

Model (GCM) outputs to characterize climate changes in the region. To have 
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confidence in the selected GCM projections (see section 2.4), we examine the 

behavior of the GCMs over the larger Southwest region; this provides a more robust 

way to assess model performance than by picking only the 9 grid cells that 

encompass the Salt-Verde study area. 

2.3 The distributed catchment model (VIC) 

2.3.1 Introduction 

 The Variable Infiltration Capacity (VIC) Model (Figure 2.2; Liang et al., 1994, 

1996; Wood et al. 1992) is an explicit soil moisture accounting model (also called a 

conceptual rainfall-runoff model). The idea for this class of models originated in 

China in the 1970s where it has been widely applied (e.g., Zhao et al. 1980). Its 

relative simplicity facilitates its use as the bottom boundary condition (land surface 

response) for global and regional climate models. Its many uses have included flood 

forecasting for the Arno River (Todini 1996) and large scale hydrological modeling 

(Abdullah et al., 1996; Lohmann et al., 1998, Christensen et al., 2007).  The popularity 

of VIC stems from some advantages it has compared to other lumped hydrologic 

models; 1) VIC accounts for heterogeneity in soil moisture storage and runoff 

generation (lacking in previous land surface parameterizations) and 2) it achieves 

this in a computationally efficient way. The model is typically setup in a distributed 

manner wherein the catchment is split into multiple grid cells. The size of these cells 

is governed mainly by the spatial resolution of available meteorological inputs; for 

this study the spatial resolution is 1/8th degree. Sub grid variability of factors such 
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as land cover type is accounted for by splitting the grids into tiles that account for 

fractional coverage. Computations are carried out separately for each grid cell (cells 

do not interact directly). The next subsections describe streamflow generation 

(Section 2.3.2), evapotranspiration (2.3.3), soil moisture accounting (2.3.4) and 

snow processes (2.3.5).   

 

Figure 2.2 Conceptual diagram of the VIC hydrologic model. Source: 
http://www.hydro.washington.edu/Lettenmaier/Models/VIC/Overview/ModelOverview.shtml 

 

2.3.2 Soil moisture, Streamflow generation and routing 

 As rain is added to a grid cell (see Figure 2.2) the soil moisture storage 

component fills progressively and, when it can hold no more water, the excess 

becomes fast runoff. Between storms, the soil moisture storage drains slowly to 

http://www.hydro.washington.edu/Lettenmaier/Models/VIC/Overview/ModelOverview.shtml


 
 
 

45 
 
 

baseflow. These two components (fast and baseflow) are transported to the outlet of 

the cell by a unit hydrograph and then subsequently routed to the outlet of the 

basin. 

 While the conceptual approach described above is common to many water 

balance models, a distinguishing feature of VIC is that it allows for a non-uniform 

distribution of storage (Beven, 2001) by means of a variable infiltration curve (Zhao 

et al. 1980) that follows the power function shown below: 

])1(1[

1

b
im Aii   

where i is the infiltration storage capacity, im is a maximum infiltration storage 

capacity for the area under consideration, Ai is the fraction of the area with 

infiltration capacity less than i, and b is a shape parameter controlling the form of 

the distribution. If b=1 then the infiltration capacity will be uniformly distributed 

over the area.  

 The infiltrated water can be stored in three soil layers. No lateral flow can 

occur from the top two layers, so that water movement is only in a vertical direction, 

characterized by the one dimensional Richard's equation: 

z

K

z
D

zt 















 )(
))((





 

where θ is the volumetric soil moisture content, D(θ) is the soil water diffusivity, 

K(θ) is the hydraulic conductivity, and z is soil depth. The soil moisture in any layer 
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is computed based on the above equation along with the fact that there could be loss 

of moisture to evaporation and runoff. 

 The top two layers typically have a small water holding capacity with 

combined thickness smaller than the bottom layer. Direct runoff is produced from 

these two layers as:   
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where P is the precipitation input, z2 is the soil depth, θs is the soil porosity, θ2 is the 

soil moisture for the layer under consideration, io is the infiltration capacity, im is the 

maximum infiltration capacity, b is shape parameter. 

 Baseflow (based on Franchini and Pacciani 1991) is generated by the third 

(bottom) soil layer of the model: 
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where Dm is the maximum subsurface flow, DS is a fraction of Dm,, and WS is the 

fraction of maximum soil moisture (soil porosity) θs. The base flow recession curve 

is linear below a threshold (WS θs) and nonlinear above the threshold. The first 

derivative at the transition from the linear to nonlinear drainage is continuous. 
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 Once direct runoff and baseflow are computed,  the water is routed first to 

the outlet of the grid cell and then to the basin outlet (scheme developed by 

Lohmann et al., 1996, 1998). Flow exits each grid cell in only one of eight possible 

compass directions computed based on analysis of a digital elevation model for the 

area. In doing so, account is taken for the fraction of the grid cell lying within the 

basin. Once in the channel, the water does not re-infiltrate. Daily direct runoff and 

baseflow produced by each grid are transported to the outlet of the cell using a unit 

hydrograph, and then routed through the river network using a Saint-Venant type 

scheme. 

2.3.3 Evapotranspiration 

 Total evapotranspiration (ET) is computed for each grid cell as a 

combination of 1) evaporation from the canopy layer of each vegetation tile, 2) 

transpiration from each vegetation tile and 3) evaporation from bare soil (Liang et 

al., 1994) weighted by the respective surface fractional cover.  To calculate ET or 

latent heat solves the equation below until energy balance closure is achieved: 

GHERnet     

where Rnet is the net radiation, λ is the latent heat of vaporization of water, E is the 

ET flux, H is the sensible heat flux and G is the ground heat flux.  

 Canopy evaporation is computed using: 
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where Wim is the maximum amount of water the canopy can intercept (mm), which 

is 0.2 times LAI (Dickinson, 1984); the power of 2/3 is as discussed by Deardorff 

(1978). Architectural resistance, r0, is caused by the variation of the humidity 

gradient between the canopy and the overlying air; r0 is assigned for each land cover 

type according to the vegetation library. Aerodynamic resistance, rw, represents the 

transfer of heat and water vapor from the evaporating surface to the air above the 

canopy. Potential evapotranspiration Ep (mm) is calculated from the Penman-

Monteith equation (Shuttleworth, 1993) with the canopy resistance set to zero:  
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where λv is the latent heat of vaporation, Rn is the net radiation, G is the soil heat 

flux, (es - ea) represents the vapor pressure deficit of the air, ρa is the density of air at 

constant pressure, cp is the specific heat of the air, Δ represents the slope of the 

saturation vapor pressure temperature relationship, and γ is the psychrometric 

constant (66 Pa K-1). The Penman-Monteith equation as formulated above includes 

all parameters that govern the energy exchange and corresponding latent heat flux 

(evapotranspiration) from uniform expanses of vegetation. 

 The vegetation transpiration (Et) is calculated using (Blondin, 1991; Ducoudre 

et al., 1993): 
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where rc is the canopy resistance, rw is the aerodynamic resistance, ro is the 

minimum canopy resistance which are derived from a vegetation library for 

different canopy types. The vegetation transpiration from a certain vegetation tile is 

the total contribution from all three soil layers, weighted by the fraction of the roots 

in each layer.  

 Bare soil evaporation occurs only from the top layer. When saturated, the soil 

evaporates at the potential evaporation rate and when unsaturated at a rate 

calculated using the Arno formulation (Franchini and Pacciani 1991). Bare soil 

evaporation can be described mathematically as: 
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with As denoting the fraction of the bare soil that is saturated, and i0 representing 

the corresponding point infiltration capacity and im is the maximum infiltration 

capacity. 

2.3.4 Snow Model 

 The snow model (Figure 2.3) is a collection of sub-functions that compute 

snow accumulation and ablation, atmospheric stability, snow interception and 

canopy effects, and blowing snow. Similar to the accounting for subgrid variability in 

topography, land cover etc during streamflow generation, the snow model 
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partitions each grid cell into elevation bands, each containing several land cover 

tiles. Snow computations are performed separately for each land cover/elevation 

tile and grid cell mass and energy balance are computed as the area average of the 

tiles. 

 Separation of precipitation into rain and snow is based on a simple 

parameter that controls the maximum temperature at which snow can occur 

(typically set at about 1 deg C). Snow is represented using two layers to solve for 

energy and mass balance in the snowpack.  Energy exchange between the 

atmosphere, forest canopy and snowpack occurs only with the surface layer, 

expressed mathematically as (Andreadis et al., 2009): 

mplSr
S

sw QQQQQ
dt

dWT
c   

where cs is the specific heat of ice, ρw is the density of water, W is the water 

equivalent, Ts is the temperature of the surface layer, Qr is the net radiation flux, Qs 

is the sensible heat flux, Ql is the latent heat flux, Qp is the energy flux advected to the 

snowpack by rain or snow, and Qm is the energy flux given to the pack due to liquid 

water refreezing or removed from the pack during melt. 

  



 
 
 

51 
 
 

 

Figure 2.3 Schematic showing the snow accumulation and ablation model in 
VIC. Source: 
http://www.hydro.washington.edu/Lettenmaier/Models/VIC/Overview/ModelOverview.shtml 

 

2.3.5 Data used to drive hydrologic model for historical period 

 For the historical period the VIC model is forced with observed surface 

meteorological data; these include precipitation, temperature, wind, vapor pressure, 

incoming longwave and shortwave radiation, and air pressure based on the Maurer 

et al., 2002 dataset. This dataset spans the period 1949-2000 and has a spatial 

resolution of 1/8th degree over the conterminous United States. To generate a 

consistent set of observations gridded at a certain spatial resolution one must use a 

model: a brief description of how the observed dataset is generated is presented 

below. 
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  Because only temperature and precipitation are measured routinely at a 

large number of locations within the domain, established relationships are used to 

relate these to other meteorological and radiation variables (excluding wind). For 

example, dewpoint temperature is calculated using the method of Kimball et al. 

(1997), which relates dewpoint to the daily minimum temperature and 

precipitation. Similarly, downward shortwave radiation is calculated based on daily 

temperature range and dewpoint temperature using a method described by 

Thornton and Running (1999). Because surface observations of wind speed are 

sparse and are biased toward certain geographical settings (e.g., airports), daily 10-

m wind fields were obtained from the NCEP–NCAR reanalysis (Kalnay et al. 1996), 

and regridded from the T62 Gaussian grid (approximately 1.9 deg square) to the 

1/8 deg grid using linear interpolation. 

 Within the conterminous United States, precipitation data is available as 

daily totals from the National Oceanic and Atmospheric Administration (NOAA) 

Cooperative Observer (Co-op) stations, the average density of which is about one 

station per 700 km2. Daily precipitation totals were assigned to each day based on 

the time of observation for the gauge. For example, a gauge reporting precipitation 

accumulation at 0700 local standard time would have 7/24 of the daily total 

assigned to the reporting day, and the remainder to the previous day. The 

precipitation gauge data were gridded to the 1/8 deg resolution using the 
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synergraphic mapping system (SYMAP) algorithm of Shepard (1984) as 

implemented by Widmann and Bretherton (2000). The gridded daily precipitation 

data were then scaled to match the long term average of the parameter-elevation 

regressions on independent slopes model (PRISM) precipitation climatology (Daly 

et al. 1994, 1997), which is a comprehensive dataset of 12 monthly means for 1961-

90 that is statistically adjusted to capture local variations due to complex terrain. 

This was done by generating 12 scale factors for each grid cell, one for each month, 

where each scale factor was the ratio of the PRISM mean monthly precipitation for 

1961-90 to the mean monthly gridded, unscaled Co-op station precipitation for 

1961-90. Although the PRISM data do account for the lower station density in more 

complex terrain, they do not include an adjustment for precipitation gauge under 

catch, which can be significant especially for snowfall measurements (Yang et al. 

1998). For this reason, some underestimate of precipitation may still be present in 

snow-dominated areas. Minimum and maximum daily temperature data, also 

obtained from Co-op stations (approximately one station per 1000 square 

kilometers on average), were gridded using the same algorithm as for precipitation, 

and were lapsed (at -6.5 deg C km-1) to the grid cell mean elevation. Temperatures 

at each time step were interpolated by fitting an asymmetric spline through the 

daily maxima and minima. 
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2.4 Selection of GCM Models 

2.4.1 GCM Models Available in CMIP3 Dataset 

 The Program for Climate Model Diagnosis and Intercomparison (PCMDI) 

volunteered to collect climate model output contributed by leading modeling 

centers around the world in response to proposed activity of the World Climate 

Research Program's (WCRPs) Working Group on Coupled Modeling (WGCM). These 

climate simulations which included past, present and future climate was archived in 

2006 and is the primary data for the phase 3 of the Coupled Model Intercomparison 

Project (CMIP3). The research conducted from this dataset is primarily presented in 

the Intergovernmental Panel for Climate Change (IPCC) Fourth Assessment Report 

(AR4). This dataset is also referred to as the "WCRP CMIP3 multi-model dataset". In 

the archive there are many model output that are archived. Table 2.1 provides a 

snapshot of the data available. From the table one can notice that there are multiple 

models originating from different research centers around the world and also that 

multiple model runs for various emission scenarios are archived.  

2.4.2 GCM model selection criteria 

 As one may observe from Table 2.1 that data from many climate models and 

many emission scenarios are archived. Some models e.g. MIROC3.2(medres) Japan 

has more data archived for multiple model runs in comparison to GISS-AOM, USA. 

The other issue with the available raw data is the temporal resolution at which the 

data is archived. With the above constraints, the question of which models should 
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one use to study impacts of climate change in a region still is a difficult question to 

answer.  
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Table 2.1 Data availability summary for the models in the WCRP-CMIP3 multi-model dataset. Source: http://www-
pcmdi.llnl.gov/ipcc/data_status_tables.htm

 

http://www-pcmdi.llnl.gov/ipcc/data_status_tables.htm
http://www-pcmdi.llnl.gov/ipcc/data_status_tables.htm
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Two studies try to address this question of global climate model selection for 

regional climate change studies viz. Pierce et al., 2009 and Dominguez et al., 2009. 

Pierce et al., 2009 find in their study that the multi model ensemble average is 

superior to any 1 individual model. They also point out that this was already found 

in global studies examining the mean climate, is also true when studying regional 

climate variability.  

 From Pierce et al., 2009 one might infer that a multi model ensemble 

approach should be used to evaluate regional climate change impacts. However, this 

begs the questions of whether we need all of the models archived in the WCRP 

CMIP3 data set to establish this ensemble. Dominguez et al. (2009) examine this 

issue by analyzing which subset of climate models in the WCRP CMIP3 dataset 

shows relatively better skill at simulating the historical temperature and 

precipitation climatology for the southwest US along with their skill in simulating El 

Nino Southern Oscillation (ENSO) for the region. Their study focused on the 

Southwestern US and evaluated how the models from the WCRP CMIP3 dataset 

performed for the historical 20th century period over this region. They used the 

"Reliability Ensemble Average" (REA) after Giorgi and Mearns (2002) along with 

mean square error to compute a relative rank of each model in comparison to the 

other GCMs (see Figure 2.4). 
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Figure 2.4 Ranking of the IPCC AR4 models according to REA and MSE, the 
largest scores represent the best models. Source: Dominguez et al., 2009 

 

 Another criteria proposed by Dominguez et al., (2009) for GCM model 

selection for the Southwestern US is based on how well the models simulate 20th 

century ENSO. This criteria makes sense in our region of study because sea surface 

temperature (SST) anomalies over the equatorial Pacific Ocean are the most 

important factors correlating with inter annual climate variability in the Southwest 

US during the winter (Sheppard et al., 2002). To analyze the GCMs ability to 

accurately represent interannual variability of SSTs, both in historical and future 

projections for the winter (JFM) SSTs, a rotated principal component analysis was 
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performed. Results for the two models that best represented historical precipitation 

and temperature are shown in Figure 2.5. 

 Examination of Figures 2.4 and 2.5 reveals that the MPI-ECHAM5 and the UK-

HADCM3 models have better performance than the other GCMs; these were 

therefore our first choice of GCMs to use in the impact study. After discussing these 

results with water managers and Stakeholders (City of Phoenix and the Salt River 

Project) we decided to add three more models to the study, one being the the NCAR-

CCSM3  -- Figure 2.4 shows that performance for this model is not at par with the 

MPI-ECHAM5 but is still satisfactory. To examine potentially extreme wet and dry 

future scenarios, the remaining two models were selected as the ones that predicted 

the driest MIROC3.2 (medres) and wettest (NCAR-PCM1) 21st century future for the 

southwest region; note however both model have very poor performance for the 

historical 20th century simulation. Table 2.2 presents a list of models selected based 

on the above criteria. 
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Figure 2.5 ENSO spatial signation derived from R-PCA analysis for winter(JFM) 
SST. (Bottom) Principal component timeseries of the correspoding R-PCA. 
Source: Dominguez et al., 2009.
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Table 2.2 Atmospheric data used in this study 

 Dataset Modeling group IPCC Model ID Scenario Abbreviation Period Primary reference 

Observations - - - Obs 1949-2000 Maurer et al., 2002 

GCM 
Max Planck Institute for 

Meteorology, Germany 
ECHAM5 A2,A1B,B1 Mpi 

Reference Future 
Jungclaus et al., 

2006 1960-2000 
2000-

2098 

GCM 
Hadley Center for Climate 

Prediction and Research, UK 

UKMO-

HadCM3 
A2,A1B,B1 Hadcm3 1960-2000 

2000-

2098 
Gordon et al., 2000 

GCM 
National Center for 

Atmospheric Research, USA 
CCSM3 A2,A1B,B1 Ccsm3 1960-2000 

2000-

2098 
Collins et al., 2006 

GCM 
National Center for 

Atmospheric Research, USA 
PCM1.1 A2 Pcm 1960-2000 

2000-

2098 

Washington et al., 

2000 

GCM 

Center for Climate System 

Research (The University of 

Tokyo), Japan 

MIROC3.2 A2 Miroc 1960-2000 
2000-

2098 

K-1 model 

developers 2004 
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2.4.3 Downscaling of GCM estimates of Precipitation and Temperature 

 Before GCM estimates can be coupled with the hydrologic model they must 

be spatially and temporally downscaled and corrected for bias. This is due to three 

reasons 1) the GCMs are typically run at spatial resolutions larger than the 

hydrologic model resolution desired, 2) GCM model outputs are archived at monthly 

timestep and a strategy is required to disaggregate to daily timestep and 3) the 

inherent biases in a GCM model run (apparent from Figure 2.4) need to be corrected 

before the GCM output can be relied upon. 

 Bias correction and spatial downscaling for the models from the WCRP 

CMIP3 dataset has been performed and archived at the Santa Clara University and 

the Lawrence Livermore National Laboratory website (http://gdo-

dcp.ucllnl.org/downscaled_cmip3_projections/#Welcome). The methodology for 

bias correction and spatial downscaling follows Wood et al., (2002, 2004) and 

Maurer et al., (2007). Bias correction removes biases in the GCM when its 

simulations of historical climate conditions tend to be too wet/dry/warm/cold 

relative to the observations. To correct for such biases a quantile mapping technique 

is used.   

 The quantile mapping technique works as follows 1) Aggregate the 20th 

century observations to 2 deg spatially resolution, 2) grid/interpolate the GCM 

output to 2 deg spatial resolution so that it is consistent with the observations, 3) on 

a month specific basis create cumulative distribution functions (CDFs) of the GCM 

http://gdo-dcp.ucllnl.org/downscaled_cmip3_projections/#Welcome
http://gdo-dcp.ucllnl.org/downscaled_cmip3_projections/#Welcome
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outputs and observations and 4) correct the distribution of the GCM output 

anomalies to correspond to that of the observations using quantile mapping. The 

result is an adjusted GCM dataset that is distributionally consistent with the 

observations for the historical period (in our case 1950-1999).  Beyond the bias 

correction period, the adjusted GCM reflects the same relative changes in mean and 

variance as projected by the GCMs 21st century simulations, but mapped onto 

observed variance. A major caveat is that this methodology assumes GCM biases to 

have the same structure during the past (20th century) and future (21st century) 

simulations. 

 Spatial downscaling is used to translate the 2 deg adjusted GCM data to a 

1/8th degree (~12.5 km) resolution required by our setup of the VIC model for this 

study. The steps are as follows, 1) compute factors relating the adjusted GCM to 

observed data (for precipitation calculate a ratio and for temperature calculate the 

difference) using the 2 deg grid, 2) interpolate the 2 deg factor to 1/8 deg resolution 

using inverse distance squared interpolation and 3) apply the interpolated factors to 

the original 1/8 deg observed data. This technique preserves the historical general 

spatial relationships between large and fine scale climate. A caveat is that there is an 

inherent assumption that topographic and climatic features that determine the fine 

scale distribution of large climate will remain the same in the future. 

 Finally, for the monthly time scale precipitation and temperature data to be 

useful in driving a hydrologic model, it must be temporally downscaled to daily 
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timestep. This is achieved by randomly selecting a year from the historical record to 

represent a sample spatial weather pattern for driving the hydrologic response. For 

this random year, the means of the daily patterns of precipitation totals and average 

temperature are adjusted, for precipitation in a multiplicative manner and for 

temperature in an additive manner, to match those of the monthly adjusted GCM 

data. The resulting daily timeseries is used to drive the hydrologic model. While 

performing this resampling care is taken to avoid very large precipitation values 

arising from computational considerations. For example, let us assume we need 

disaggregate the July 2018 monthly precipitation into daily values and let us assume 

the GCM bias corrected monthly value was 50mm. Drawing from a random sample 

of historical data we sampled a July month that had only 5 mm of rain. Now in order 

to scale 5 mm to 50 mm one needs to multiply by a factor of 10. This scaling factor 

was generally limited to 2 in this study. 

2.5 Discussion and Summary 

 We began with an overview of the Southwestern USA study region. Analysis 

of this larger region is used to help abstract meaningful information from a climate 

model. Next we discussed the VIC hydrologic model chosen for this study and briefly 

discussed  how it computes soil moisture, streamflow generation and routing, ET 

accounting and snow. Finally we discussed the process of GCM selection, based on 

an objective approach to identify GCMs that have performed well in simulating 

historical climate responses for the Southwestern USA. A set of models was selected 
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to includes three of the best models plus two other selected to represent potential 

wet and dry extreme scenarios.  Finally the methods by which GCM simulations 

were downscaled (spatially and temporally) over the study region were discussed.   
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CHAPTER 3 SETUP, CALIBRATION AND EVALUATION OF HYDROLOGIC MODEL 

3.1 Introduction 

 Hydrologic models that simulate the internal spatio-temporal details of basin 

scale dynamics can be used to understand the water and energy budgets of a 

catchment.  They are increasingly being used operationally to predict streamflow at 

locations of interest (and for many other hydrologic studies), and can be coupled 

with predictions of precipitation and temperature made by general circulation 

models to assess the impacts of climate change. For such models to provide accurate 

simulations of the behavior of natural hydrologic systems, they require proper 

setup, calibration and evaluation. 

 The hydrologic model chosen for this study is the Variable Infiltration 

Capacity (VIC) model. Calibration involves estimating values for model parameters 

that are not easily or directly observable – the values are instead indirectly inferred 

by constraining the model response to be consistent with historically observed 

catchment input-output data (Pokhrel et al., 2010). Such calibration can be done 

manually, by experts, as is common practice at the National Weather Service (NWS), 

or by computerized (automatic optimization) programs (e.g. Duan et al., 1992, Yapo 

et al., 1996), or by some combination of these such as the multistep automatic 

calibration approach that combines the strengths of manual and automatic 

calibration (Hogue et al., 2000, Boyle et al., 2000). 
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 Irrespective of the technique chosen, calibration of complex distributed 

models such as VIC is complicated by the highly nonlinear nature of the problem 

and the existence of multiple local minima on the objective function surface (Troy et 

al., 2008). Challenges include the large computational requirements for even a single 

run of the VIC model which, since multiple realizations are required, can make the 

optimization process quite time consuming. In the current study an automatic 

calibration strategy, after Duan et al., (1992), was followed.  

 The decision to use automatic calibration was influenced by its relative 

objectivity and simplicity of implementation compared to other calibration 

methods. Further, our experience with the model demonstrated that when studying 

long term (annual and decadal) trends in streamflow it is only necessary to ensure 

that monthly streamflow values are well simulated. Although Shi et al., (2008) make 

the case that for seasonal (1-6 month) predictions of streamflow it is sufficient to 

bias correct the model forecasts using retrospective error statistics, we felt that a 

good baseline model calibration to ensure good simulation of monthly streamflow is 

important to being able to make robust inferences about the dynamics and 

magnitudes of both internal system state variables (e.g., snow and soil moisture) 

and output fluxes.   

The research questions addressed in this chapter are: 
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1) How well does the baseline VIC model perform in regards to historical 

simulations of the hydrology of the Salt-Verde Basin? 

2) To what extent can model calibration improve the performance of the model (in 

terms of its ability to simulate streamflow) in the Salt-Verde Basin? 

3.2 Salt-Verde Basin 

 The Salt-Verde watershed in central Arizona (Figure 3.1) is the main source 

of water supply for approximately 4 million people living in the Phoenix 

metropolitan area. It forms part of the lower Colorado River basin, has a drainage 

area of approximately 35,100 km2, and its elevation ranges from 280-3350m above 

sea level. Streamflow in the Salt River is regulated downstream of the Roosevelt 

reservoir, which has a storage capacity of 2.04 billion cubic meters (1.6 million acre-

feet). Four smaller downstream reservoirs are used to satisfy multiple demands for 

power generation, municipal and agricultural water supply, recharge to 

groundwater storage, etc. Streamflow in the Verde is regulated downstream of the 

Horseshoe dam, which has a storage capacity of 112 million cubic meters (110,000 

acre-feet). 

 Based on observational records (Maurer et al., 2002) the watersheds together 

receive ~160 mm of precipitation during the winter (Dec-Mar) and ~172 mm 

during summer (Jul-Sep). Corresponding seasonal streamflow averages are 820 

million m3 (Dec-May) and 148 million m3 (Jul-Sep). Clearly, the major contributor to 

total annual streamflow in the Salt-Verde system is precipitation that falls during 
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the winter months – in fact, 39% of annual precipitation at SNOTEL stations within 

the basin is recorded to be snowfall (Serreze et al., 1999). Due to the large variation 

in elevation, vegetation varies from desert scrub in the valleys to Pinion juniper at 

mid elevations and ponderosa pine and fir-spruce in higher elevations.  

 

Figure 3.1Salt-Verde basin map 

 

3.3 Data used for calibration and evaluation 

 Maurer et al. (2002) have made available a dataset of hydrometeorological 

variables for the continental USA (including estimates of streamflow generated by a 

land-surface hydrology model) for the period 1949-2005 at 1/8th degree spatial 
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resolution. The data includes gridded precipitation and temperature fields derived 

from National Oceanic and Atmospheric Administration Cooperative Observer 

(NOAA Co-op) stations using algorithms developed by Widmann and Bretherton 

(2000). The gridded daily precipitation data are scaled to match the precipitation 

and temperature climatology given by the parameter-elevation regression on 

independent slopes model (PRISM) (Daly et al., 1994). Wind speed was derived from 

the NCEP-NCAR reanalysis (Kalnay et al., 1996). Downward radiation was calculated 

based on daily temperature range and dewpoint temperature using a method 

described by Thornton and Running (1999).  

 We set up the VIC land-surface hydrology model at 1/8th degree (~12 kms 

grids) across the Salt-Verde basin to generate streamflow estimates for the period 

1948-2004 at the stream gages highlighted in Figure 3.1 having identifier labels 

USGS 9498500, USGS 9508500 and USGS 9499000. For calibration, a ten-year 

period spanning 1981-1990 was chosen. Though the choice of period of calibration 

is arbitrary, the period of ten years for calibration has been established by studies 

such as Yapo et al (1996). The subsequent ten-year period from 1991-2000 was 

used to evaluate the performance of the model.  

3.4 Model Calibration 

 Several of the parameters of the VIC model can be derived from satellite data 

or geological surveys. However, some of the parameters are conceptual and do not 

correspond to physically measurable quantities. For the latter, it is common to use a 



 
 
 

71 
 
 

calibration strategy that constrains the model in such a way that the difference 

between the model simulations and observations is minimized over some 

representative historical period. Table 3.1 gives an exhaustive (but not complete) 

list of parameters grouped into different classes for the VIC model. From this set, we 

selected five parameters for calibration based on the recommendations of previous 

studies (Lohmann et al. 1998; Demaria et al. 2007, Troy et al. 2008); these calibrated 

parameters are of two types - 1) those that affect direct runoff (the infiltration 

parameter), and 2) those that affect baseflow (the baseflow velocity parameters Ds, 

Ws and depth of two soil layers). We calibrated these parameters so that the model 

was constrained to closely match daily streamflows at the Salt River near Roosevelt 

and Verde River above Horseshoe reservoir (see Figure 3.1).  Precipitation and 

temperature fields from the Maurer et al. (2002) data set were used to drive the 

hydrological model. To initialize the state variables of the model, an initial spin up 

period of one year was used.  

 Parameter adjustments were performed using the Shuffled Complex 

Evolution global search algorithm (Duan et al., 1992) that has been widely used for 

hydrologic model calibration (Pokhrel et al., 2008; Tang et al., 2006; Vrugt et al., 

2005). To obtain a balanced model performance in terms of flow volume and timing, 

the Nash-Sutcliffe Efficiency (NSE) (equation 3.1) (Nash and Sutcliffe, 1970) was 

used as a performance metric: 
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where n is the number of time steps used for the evaluation, Qmod is the modeled 

streamflow and Qobs is the observed streamflow; this metric must be maximized to 

obtain optimal model performance.  












 n

i obsobs

n

i obs

QQ

QQ
NSE

1

2

1

2

mod

)(

)(
1



 
 
 

73 
 
 

Table 3.1 Exhaustive list of parameters in VIC with description, range, estimating method 

Parameter 

Class 

Parameter Description Units Range/Value Estimating Method Calibration 

YES/NO 

Soil 

Parameters 

Infilt Variable infiltration curve 
parameter  

N/A 10-5 – 0.4 Calibration YES 

Ds Fraction of Dsmax where non-
linear baseflow begins 

Fraction 0.001 – 1 Calibration YES 

Dsmax Maximum velocity of baseflow mm/day >0 - ~30 Calibration YES 

Ws Fraction of maximum soil 
moisture where non-linear 
baseflow occurs 

Fraction 0 – 1 Calibration YES 

C Exponent used in baseflow curve  N/A 2 Empirical NO 

Expt Parameter describing the variation 
of Ksat with soil moisture 

N/A >3 From table of soil 

hydraulic properties 

NO 

Ksat Saturated hydrologic conductivity mm/day Soil dependent STATSGO NO 

Init_moist Initial layer moisture content mm Soil dependent From table of soil 

hydraulic properties 

NO 

Elev Average elevation of grid cell m Dependent DEM, USGS NO 

Depth Thickness of each soil moisture 
layer 

m 0.1-2 STATSGO/ 

Calibration 

YES 

Avg_T Average soil temperature C Dependent From Air Temp NO 

Dp Soil thermal damping depth m 4 Empirical NO 

Bulk_density Bulk density of soil layer kg/m3 Soil dependent STATSGO NO 
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Soil_density Soil particle density kg/m3 Soil dependent STATSGO NO 

Wcr_FRACT Fractional soil moisture content at 
the critical point (~70% of field 
capacity) 

Fraction Soil dependent STATSGO NO 

Parameter 

Class 

Parameter Description Units Range/Value Estimating Method Calibration 

YES/NO 

Soil 
Parameters 

Wpwp_FRACT Fractional soil moisture content at 
the wilting point 

Fraction Soil dependent STATSGO NO 

Rough Surface roughness of bare soil m 0.001 Empirical/ 

Observations 

NO 

Resid_moist Soil moisture layer residual 
moisture. 

Fraction 

mm/mm 

Soil dependent STATSGO NO 

Vegetation 

Parameters 

Nveg Number of vegetation tiles in the 
grid cell 

N/A Pixel 

dependent 

Satellite NO 

Cv Fraction of grid cell covered by 
vegetation 

Fraction Pixel 

dependent 

Satellite NO 

LAI Leaf-area index of vegetation type N/A Pixel 

dependent 

Satellite NO 

Root depth Root zone thickness m Pixel 

dependent 

From Veg Type NO 

Root Fract Fraction of root in the current root 
zone 

Fraction Pixel 

dependent 

From Veg Type NO 

Snow 

Parameters 

Max Snow Temp Maximum air temperature at 
which snow can fall 

C 1.5 Calibration NO 

Min Snow Temp Minimum air temperture at which C -0.5 Calibration NO 
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rain can fall 

Snow Rough Snow surface roughness mm 5-200 Calibration NO 

Snow Albedo Albedo of snow surface N/A 0.75-0.95 Calibration NO 

Routing 

Parameters 

Flow Velocity Velocity for river routing m/s 0.5-3 Calibration NO 

Flow Diffusivity Flow diffusion used in river 
routing 

m2/s 200-4000 Calibration NO 
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 In addition to using the NSE metric for model calibration of the model, 

several other measures were computed to aid in evaluation of model performance. 

These functional measures, based on Yilmaz et al., (2008), compute the 1) bias 

related to high flow volume (%BFHV), 2) bias related to low flow volume (%BFLV) 

and 3) bias related to median flow volume (%BFMM). Table 3.2-3.4 presents the 

calibration and evaluation objective function values for the baserun, calibration and 

validation periods for the Salt River, Verde River and Tonto River basin. Baserun 

refers to the model run prior to calibration with apriori parameter values for the 

entire period of record.  

Table 3.2 Calibration and Evaluation Results for the Salt River Basin 

Obj Func 

Salt River 

Baserun 
Calibration 

(1981-1990) 
Validation 

(1991-2000) 

Daily Monthly Daily Monthly Daily Monthly 

%BFHV -0.1 6.0 -16.6 -15.6 -1.1 1.0 

%BLFV 85.9 58.6 83.6 40.1 86.7 45.5 

%BFMM 1.3 4.43 -1.5 2 0.7 4.7 

NSE 0.5 0.69 0.64 0.78 0.48 0.83 
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Table 3.3 Calibration and Evaluation Results for the Verde River Basin 

Obj Func 

Verde River 

Baserun 
Calibration 

(1981-1990) 
Validation 

(1991-2000) 

Daily Monthly Daily Monthly Daily Monthly 

%BFHV 11.9 30.3 -17.5 0.9 -7.5 -2.4 

%BLFV 79.8 48.6 65.5 18.4 80.1 46.82 

%BFMM 5.7 8.2 -7.3 -5.8 -7.8 -5.3 

NSE 0.08 0.4 0.3 0.72 0.09 0.58 

 

Table 3.4 Calibration and Evaluation Results for the Tonto River Basin 

Obj Func 

Tonto River 

Baserun 
Calibration 

(1981-1990) 
Validation 

(1991-2000) 

Daily Monthly Daily Monthly Daily 
Monthly 

%BFHV -49.21 -34.84 -52.83 -54.1 -68.15 -74.56 

%BLFV 95.53 93.12 72.56 -30.53 84.28 66.62 

%BFMM 21.12 17.46 12.42 17.04 7.14 22.12 

NSE 0.09 0.49 0.18 0.54 0.09 0.36 
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 Figure 3.2 shows the post-calibration performance of the model for the Salt, 

Verde and Tonto Rivers for the period 1981-1990 (the calibration period). The solid 

line indicates observed monthly streamflow and the dashed line indicates the 

monthly discharge simulated by the model using the calibrated parameters. 

Performance for the Salt and Verde River at a monthly time step is quite good (Table 

3.2-3.4 and Figure 3.2) with high NSE values of 0.78 and 0.72 respectively; the 

performance for the Tonto basin is poorer. Note that, as a consequence of model 

calibration, the NSE metric evaluated at the monthly time scale shows significant 

improvement over the baserun, even though calibration was conducted at a daily 

time step.  
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Figure 3.2 Model calibration results 

 

3.5 Model Evaluation 

 Figure 3.3 shows corresponding model performance for the Salt, Verde and 

Tonto Rivers for the independent 1991-2000 evaluation period. Performance for the 

Salt and Verde River at the monthly time step is good, although the performance for 

the Verde River decreases slightly compared to the calibration period (Table 3.2-3.4 

and Figure 3.3). The Tonto basin again performs very poorly. The other measures 

listed in Table 3.2-3.4 indicate model performance in terms of other criteria. We 

note that the tendency is for high flows to be under-predicted and low flows to be 

over predicted. However, the long-term bias in the median flow is very small.  
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3.6 Discussion and Conclusions 

 The calibration and evaluation results indicate that performance of the 

calibrated VIC model is the best for the Salt, satisfactory for the Verde and poor for 

the Tonto basin. There are strong reasons for this pattern. Of the three basins, 

streamflow in the Salt basin is least affected by human activity upstream of the 

gauging site used for model calibration. Consequently the hydrologic model is better 

able to represent the natural system, and hence provide better simulations, for this 

basin.  

 

Figure 3.3 Model Evaluation results 
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 Although the setup and calibration methodology for the Verde was identical 

to that for the Salt, the hydrologic model performs less well due partly to the fact 

that there is a lot of ground water pumping occurring in the upper Verde basin, 

especially in Prescott Valley. The extent of this pumping and of the quantity of 

return flow to the Verde River is as of yet poorly documented/understood. Since the 

Verde upstream of the gauging station is not pristine, and because the hydrologic 

model does not account for ground water withdrawal and return, the model is 

unable to provide performance comparable to for the Salt. 

 The Tonto Basin is the least well simulated of the three basins. This basin is 

extremely small compared to the Verde and the Salt making it more difficult to 

derive accurate estimates of its hydrometeorology (in terms of amount, spatial 

location and timing). Since the Maurer et al., 2002 dataset is a pseudo-reanalysis 

product subject to a certain amount of smoothing, its accuracy is better at spatial 

scales larger than that of the Tonto.  

 Since our essential goal is to evaluate how the hydrometeorology of the study 

area will change due to projected changes in climate, it is only really necessary to 

ensure that the hydrological model reproduces the main aspects of water 

partitioning and dynamics well enough for the sensitivity analysis to be 

hydrologically meaningful.  In this context, the Salt and Verde basin hydrologic 

simulations can be considered to be satisfactory. Further, the contributions of the 

Tonto Basin in terms of total water availability are small (about %10 of the Salt 
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Tiver contribution). In consultation with SRP the calibrated model was therefore 

deemed adequate for the needs of the study. Improving the Tonto Basin model and 

fixing the biases associated with under-predicting high flows and over-predicting 

low flows is left for future work.  
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CHAPTER 4 ANALYSIS OF OBSERVED HISTORICAL CLIMATE IN THE SALT-

VERDE BASIN 

4.1 Introduction 

 This chapter presents an analysis of patterns and trends observed in the 

historical observed climate of the Salt-Verde basin. Before modeling climate impacts 

of any system, it is important to understand the trends in the actual observations, as 

this can facilitate setting up a hypothesis for what to expect in terms of change in 

future projections.  

 From a climate standpoint we are interested primarily in precipitation and 

temperature, while from a hydrology standpoint we are interested in streamflow 

soil moisture and snow storage in the basin. Observations related to these variables 

are generally available (except commonly for soil moisture) and can be examined 

for patterns and trends. The two timescales most relevant to the analysis, viz. 

annual and seasonal, provide a first order understanding of trends in the system. 

Section 4.2 discusses the annual scale hydro-climatology of the Salt-Verde River. 

Section 4.3 presents a trend analysis of the various hydro-climatological variables 

(precipitation, temperature, streamflow and snow water equivalent).  

4.2 Hydro-Climatology of Salt-Verde Basin 

 Figure 4.1 summarizes the historical hydro-climatology of the Salt and the 

Verde River Basin. Observed data is averaged over the period 1960-2000 for the Salt 

and Verde River basins separately. The dash-dot line shows observed temperature 
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and the dashed line shows observed precipitation. We see for each basin, that (1) 

although it receives similar amounts of precipitation in winter and summer, the 

streamflows generated in winter are much larger than in summer, and (2) the error 

bars indicate that streamflow is more variable in winter than in summer. The 

behavior is a consequence of the semi-arid Central Arizona setting where the 

atmosphere is dry.  During the winter there is less energy available for evaporation 

due to lower temperatures resulting in a high ratio of precipitation to evaporation 

and consequently more precipitation becomes runoff. However in the summer, 

temperatures are significantly higher leading to high evaporation rates and hence 

the ratio of precipitation to evaporation is much lower and less precipitation 

reaches the streams.  Winter precipitation is from large-scale mid-latitude cyclones 

that have a very large spatial extent (like the size of entire state).  Summer 

thunderstorms are very small scale, isolated in nature, and are of short duration 

(e.g. hour or less). This different characteristic of summer and winter precipitation 

clearly manifests itself in the streamflow generation process. For e.g. the summer 

streamflow is marked by short flashy streamflow events which are directly related 

to the isolated thundershowers that occur in summer. 

 The observed record (based on the Maurer et al., 2002; USGS Streamflow) 

indicates that together the watersheds receive ~160 mm of precipitation during the 

winter (Dec-Mar) and ~172 mm during summer (Jul-Sep). Corresponding seasonal 

streamflow averages are 820 million m3 (Dec-May) and 148 million m3 (Jul-Sep). 
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Clearly, the major contributor to streamflow in the Salt-Verde system is winter 

precipitation - in fact 39% of annual precipitation at SNOTEL stations within the 

basin is recorded to be snowfall (Serreze et al., 1999).  Hence, for the future analysis 

presented in chapter 6, to understand how and why streamflow changes it is 

important to understand changes in the cool season atmospheric and hydrologic 

inputs and outputs.  

 

Figure 4.1 Hydro-Climatology of the Salt-Verde River Basins 
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4.3 Analysis of trends in observations 

 Since long-term trends are important from a water management perspective, 

here we test for the existence of trends in the historical observed time series of 

variables. Basin average values were computed from the Maurer et al. (2002) 

dataset. The daily data are aggregated to annual (Jan-Dec), cool season (Dec-May) 

and warm season (June-Nov) values.  
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4.3.1 Observed Precipitation 

Figure 4.2 presents a trend analysis result for basin-average precipitation for 

the Salt-Verde basin, using the Mann-Kendall non-parametric trend test (Helsel, 

2006) to test for significance. Rather than look directly at trends in precipitation, we 

analyze the precipitation anomaly obtained by subtracting the long term mean from 

precipitation. The result (Figure 4.2) indicates a gradual decline in precipitation 

over the historical observed period (1949-2005) with the winter decline being 

slightly more noticeable; however none of the trends are statistically significant at 

the 95% significance level.  

  

Figure 4.2 Trend analysis of observed precipitation at annual and seasonal 
timescales for the Salt-Verde basin. Note: Though they show a decreasing 
trend, none of the trends are statistically significant 

 

4.3.2 Observed Temperature 

 Figure 4.3 shows the results for maximum (top panel) and minimum (bottom 

panel) temperatures. Maximum temperatures show a slightly increasing trend over 

the historical period (not statistically significant at the 95% significance level) with 
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an overall increase of less than 0.5 deg C. This trend is more noticeable in the annual 

and winter maximum temperatures and less so in the summer maximum 

temperatures. However, minimum temperatures show a clear and statistically 

significant increasing trend over the historic period of record (p-value <0.05). On 

average we observe a more than 1 deg C increase in minimum temperatures with 

the most significant increase being in winter.  

 

Figure 4.3 Trends in maximum and minimum temperature over the Salt-Verde 
Basin. Note: * indicates a significant (p-value < 0.05) trend in the minimum 
temperatures. 

 

4.3.3 Observed Streamflow 

 Now we investigate whether the decreasing trend in precipitation (although 

some not significant) and the increasing trend in minimum temperatures are 
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associated with changes in streamflow. For this analysis we use only USGS observed 

naturalized streamflow at gages USGS 9498500 and USGS 9508500 rather than 

hydrologic model derived output, since the model may introduce biases. These 

gages are upstream of the major reservoirs in the system and hence provide good 

representation of naturalized flows. 

 Figure 4.4 indicates a decreasing trend in streamflow for the period of 

record, although the trends are not statistically significant. The trend is more 

evident in the Salt River than in the Verde.  

 

Figure 4.4 Trends in streamflow in the Salt-Verde River. Note: Though you 
notice a decreasing trend they are not statistically significant 
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4.3.4 Observed SWE 

 The NRCS SNOTEL station network (http://www.wcc.nrcs.usda.gov/snow/) 

provides a large dataset of observations for investigating trends in snowpack 

volume and snowmelt timing.   We selected the record length to maximize the 

number of stations online and provide an unbiased record of snowpack information. 

All SNOTEL stations having a record length of 21 years or longer (starting date of 

WY1989 or earlier) were included, and were subjected to simple quality assurance 

and quality control (QA/QC) measures. The data were then used to compute trends 

in mean winter temperature, maximum SWE, SM50 (days elapsed from maximum 

SWE until 50% of SWE was remaining), and days with snow cover (count of days 

with SWE>0). 

 Trends for individual stations were analyzed using the Kendall-tau 

nonparametric correlation coefficient (Mann-Kendall) and the relatively new, robust 

regional Kendall test (RKT). The nonparametric RKT determines if there is a 

monotonic trend over time and assumes no serial independence (seasonal 

snowpacks that return to zero each year). It therefore looks for consistency in the 

direction of trend at each location and tests whether there is evidence for a general 

trend across the region.  

 Figure 4.5 presents the results. The top left panel indicates that many 

SNOTEL stations within the basin have experienced statistically significant rises in 

winter temperature. Though the Mann-Kendall test does not indicate a statistically 

http://www.wcc.nrcs.usda.gov/snow/
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significant trend for individual stations, the other metrics (Max SWE, SM50 and days 

with snow cover) do show a statistically significant result using RKT. Of course, as 

indicated in the figure, the change in each variable is small since we are only 

analyzing two decades of data.  

 

Figure 4.5 Trends in Snow variables. The RKT analyses are shown using 
arrows at the top center of each panel. * indicates individual station 
significance using the Mann-Kendall test 
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4.4 Discussion and Conclusions 

 This assessment of historic observed trends illustrates the need to 

understand how the hydro-climatology of the Salt-Verde basin is likely to change 

during the 21st century. Although, precipitation and streamflow do not show 

statistically significant trends, the indication is towards declining values, likely 

associated with significant increases in minimum winter temperatures.  Note also 

that these temperature have, so far, remained below 0 deg C which may explain why 

dramatic changes in streamflow have not been observed. This fact is significant, 

since 0 deg C indicates a threshold within the system, and if winter minimum 

temperatures rise above this the behaviour of the system may be expected to 

change. From Figure 4.3, if the trend continues in a linear fashion, this threshold 

may be crossed sometime during the next 50 years. 

 Though some (precipitation and streamflow) of these hydro-meteorological 

variables do not show a statistically significant trend they do, none-the-less, show a 

shift in regime. To illustrate this point refer Figure 4.6 and 4.7. Figure 4.6 is a mass 

curve that shows accumulated precipitation from 1949 to 2005. A regression line is 

fit to the first ~30 years. It is very clear from this figure that from around 1980 to 

present (the recent 30 years) is significantly different from the previous 30 years 

indicating a shift in regime. One could argue that this is a cycle, but for this to be 

verified one would need to update this graph with the future 30 years of 

observations. However, the climate projections from GCM’s (refer chapter 6) 



 
 
 

93 
 
 

suggest that this is not a cycle, but a trend towards a different climate regime. This 

change in precipitation is also clearly manifested in the streamflow deviations from 

the mean (Figure 4.7). This shift in climate around the 1980’s is a well-documented 

global phenomena (Alexander et al., 2006). Here we first show that we observe such 

changes within the Salt-Verde basin, however this has also been shown previously 

in the IPCC AR4 report in the chapter on attributing climate change Figure 4.8. 

 

Figure 4.6 Mass curve of observed basin averaged (Salt River) precipitation 
with a linear regression fit to the first 30 years.  
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Figure 4.7 Cumulative deviation from mean of annual streamflow.  

  

The take home message from this chapter is that winter processes dominate 

the generation of streamflow in the Salt-Verde basin. Even though about equal 

amounts of rain fall in the winter and summer, the winter contribution of 

precipitation to streamflow is significant. Also, there are significant trends in 

minimum temperature, in particular during the cool season. Based on the analysis of 

SNOTEL data we infer that snow storage in the basin has also been changing. 

Although the timeseries of precipitation does not show a significant decreasing 

trend, the mass curve (Figure 4.6) shows that there has been a shift in the 

precipitation regime.  
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Figure 4.8 Climate change attribution to anthropogenic causes (Source IPCC, 
2007, Chapter 9).  
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CHAPTER 5 ANALYSIS OF SIMULATED HISTORICAL CLIMATE IN THE SALT-

VERDE BASIN 

5.1 Introduction 

 The primary goal of this chapter is to ascertain which aspects of the GCM 

simulations of the hydro-climate of the Salt-Verde basin can be trusted. To answer 

this question we examine the nature of the GCM simulations over the historical 

period (1961-2000) and compare them with available historical observations. For 

this we must first understand the method used to prepare the inputs for the 

hydrologic model, the variables simulated and their timestep, and how the 

experiment is setup. By doing so we can establish (a) which behaviors in the 

simulated and observed variables are constrained to be similar “by design”, (b) 

which aspects that are not explicitly so constrained can be trusted, and finally (c) 

those aspects that are not similar and for which care must be exercised when 

interpreting the results; by doing so we establish the limitations of the climate 

impact assessment methodology. 

5.1.1 Climate change impacts simulated by the GCM-VIC modeling strategy 

 The GCM simulated precipitation and temperature are merged with the 

Variable Infiltration capacity (VIC) hydrological model mainly to simulate changes 

in 1) baseflow and quick runoff which are combined to form streamflow, 2) 

evapotranspiration (ET), 3) soil moisture and 4) snow water equivalent (SWE) in 

the basin. The hydrologic model is run at a daily time resolution and so all of the 
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above variables must also be simulated at a daily time step. Therefore, the monthly 

GCM data, which is available as monthly average values, must (after bias correction) 

be temporally disaggregated to a daily time step. For each month, this is done by a 

sampling process that draws randomly from historical examples of the variable time 

series for previous such months and adjusts these time series to have the desired 

monthly mean. Note that any subsequent analysis of the daily output of the 

hydrological model will be conditional on this method for temporal downscaling. 

Further, although the time series of precipitation and temperature are treated inter-

dependently within a month (meaning that the daily cross correlation patterns 

between these variables are preserved within the month), the month-to-month 

cross correlations may be lost. Finally, since only one sample of such a daily 

sequence is typically generated, the uncertainty associated with this approach may 

not become evident (see Chapter 6 for further discussion of this). 

 To illustrate the impact of temporal disaggregation on the analysis of the 

model output, we can take the example of flood stage, which is of importance to a 

water manager. Flood stage is dependent on several factors, of which the most 

important are 1) daily precipitation amount, rate, duration, and 2) antecedent soil 

moisture. The temporal disaggregation process can affect (increase/decrease) the 

flood frequency distribution by the way that daily precipitation data is scaled to 

match the GCM simulated monthly total precipitation (as will be discussed in section 

5.3).   
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5.1.2 Establishing which aspects of climate change impacts can be trusted 

 The method of selecting and preparing the GCM output to be merged with the 

hydrologic model was discussed in Chapter 2. Figure 5.1 presents a schematic of the 

bias correction and spatial disaggregation methodology after (Wood et al., 2002, 

Wood et al., 2004 and Maurer et al., 2007). Key points to be noted are 1) bias 

correction is based on probability matching to observed data that has been 

aggregated to the GCM grid size, 2) the approach is designed to adjust the GCM 

simulated values to preserve the overall monthly climatology seen in the observed 

data and 3) the spatial disaggregation assumes a stationary relationship between 

large scale simulated GCM values and fine scale observations during the historic 

period, and this stationary relationship is assumed to persist into future periods. 

 Based on the methodology we have an apriori expectation that the behaviors 

that can be trusted are the climatology, the mean (over the region of interest), and 

the fine scale spatial structure of precipitation. What the method doesn’t preserve 

and where one should use caution when interpreting results are: 1) monthly 

correlation structures and 2) extremes (in terms of highs and lows) of both 

precipitation and streamflow. Sections 5.2 and 5.3 presents the analysis of which 

behaviors are similar by design and can therefore be trusted, and which behaviors 

one should be cautious about when interpreting. Finally we present a discussion of 

results some conclusions. 
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Figure 5.1 Schematic showing the downscaling method based on the Wood et al., (2002, 2004) and Maurer et 
al., (2007) approach 
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5.2 Behaviors preserved by the GCM/VIC modeling strategy 

5.2.1 Downscaled GCM Precipitation, Temperature, Streamflow, SWE  

 As a check of the bias-corrected and spatio-temporally downscaled (BCD) 

GCM data used for the climate impact assessment (see chapter 2) we compare the 

BCD daily precipitation simulated by the three best GCMs to the observed historical 

precipitation over the Salt River basin. Figure 5.2 presents the results of this 

comparison in the form of a climatology plot, constructed using monthly data from 

1960-2000. This figure indicates good agreement between the observed 

precipitation and BCD GCM precipitation climatology for the historic period. This 

figure shows clearly that the method of preparing the GCM outputs, to be used as 

inputs to the Variable Infiltration Capacity (VIC) model, was performed correctly; 

this similarity is expected since the GCM simulated precipitation was bias corrected 

using the observed data. Note however that even though the long-term climatology 

of the BCD GCM precipitation is similar to observed climatology, the individual 

realizations of the GCM output differ from the actual observations.  
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Figure 5.2 Comparison of the historic BCD GCM simulated and observed 
precipitation over the Salt River basin 

 

 Next we compare the BCD GCM simulations of temperatures to observed 

historical climate over the Salt River basin.  Figure 5.3 presents the results of this 

comparison in the form of a climatology plot. Again, there is good agreement 

between the observed and BCD GCM simulated temperatures for the historic period.  

As with precipitation, although the climatologies are similar, the individual 

realizations of the GCM output differ from the actual observations.  
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Figure 5.3 Comparison of the historic BCD GCM simulated and observed 
temperature over the Salt River basin 

 

 Using the simulated precipitation and temperature from the selected GCMs 

as input data, we run the calibrated Variable Infiltration Capacity model (VIC; see 

chapter 3) for the 1960-2000 historical period, and compare the results to those 

obtained using historical observed precipitation and temperature. Figure 5.4 shows 

the results for the three GCMs for the Salt River basin. The figure shows that the 

mean and variance of the observed streamflow climatology are well reproduced, 

without introducing significant method related bias. We will later use the 
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characteristics of these streamflow sequences as historical reference values against 

which to compare future streamflow values when assessing impacts of future 

climate change.  

 

Figure 5.4 Comparison of the historic BCD GCM simulated and observed 
streamflow over the Salt River basin 

 

 An important advantage of using a physically based hydrologic model run 

with data from a GCM output is that it enables us to obtain some insight into 

possible establish causal reasons for change in the basin of interest. For this we 

explore how well the GCM forced VIC model simulation of snow water equivalent 

(SWE; a measure of the snow storage in the basin) reproduces the observed values.  
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 To make this comparison we compare the model simulated SWE with actual 

observed SWE at several Snow Telemetry (SNOTEL) sites within the Salt River 

basin. These results should be interpreted with some caution, since the SNOTEL 

observations of SWE are point estimates whereas the model generated SWE values 

are averages over entire 1/8th degree grid cells; therefore the comparison is not 

completely direct. Further, the snow algorithm in the hydrologic model uses average 

elevation of the grid cell in its computations, whereas the SNOTEL observations are 

at specific elevations. Hence there are bound to be differences between the model 

and the observed values. Note that only grid cells with an average elevation similar 

to the corresponding SNOTEL site elevation were considered in this analysis. 

 Figure 5.5 compares the VIC simulated max SWE with the SNOTEL max SWE 

for 5 different stations, for the 15 year period 1985-2000. In general there is a good 

correspondence between the two. For certain years (particularly wet ones) and 

locations (e.g. Baldy), the simulated and observed values fall fairly close to the one 

to one line; however at lower precipitation years there is a tendency to under 

prediction. The correlation between simulated and observed SWE is ~0.61 which 

seems about average (see Mitchell et al., 2004). 
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Figure 5.5 Comparison of VIC simulated SWE with the SNOTEL observed SWE 
for selected stations in the Salt River basin 

 

5.2.2 Temporal and spatial behavioral characteristics preserved by the 

GCM/VIC modeling strategy 

 From Figure 5.1 it can be seen that the bias correction methodology works 

on the basis of probability matching in order to correct for biases in the GCM 

simulated precipitation and temperature at the monthly timestep. Figure 5.6 verifies 

the results of bias correction by showing the empirical cumulative distribution 

function plots for precipitation, maximum temperature and minimum temperature 

computed at daily, monthly and annual timescales for the different GCM models. At 
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the monthly time step, the observed values plot exactly on top of the BCD GCM 

simulated values, as expected since the GCM values were corrected at monthly time 

step using the observations. Similarly, this is true at the daily time step, because of 

the use of daily time series sampled for each month from historical observations.  

 Next we check the autocorrelation and partial autocorrelation structures at 

the monthly time scale (Figure 5.7). The top panel shows that the monthly 

autocorrelation functions (acf) of observed precipitation (red color) are similar to 

those of thae GCM simulated precipitation (grey color). The bottom panel shows 

that the partial acfs are also similar.  
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Figure 5.6 Emipirical cumulative distribution function showing observations 
and GCM simulated precipitation, temperature at various timescales 
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Figure 5.7 Autocorrelation (top panel) and partial autocorrelation (bottom 
panel) functions of observed and GCM ensemble precipitation at monthly time 
scale 

  

 Figure 5.8 presents a check on the spatial distribution characteristics of 

precipitation and temperature for the historical period. Note that since the GCM 

simulations are at a coarser spatial scale (~2 deg) the spatial structures of the 

observed variables have been used in the the downscaling method. The plot of long 

term means at each grid cell within Salt-Verde basin indicates that higher 

precipitation occurs in the mountain along the Mogollon Rim and the precipitation 
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rate drops significantly as we move down into the valley. The plot indicates good 

spatial correspondence between the observations and the different GCM ensemble 

scenarios. Of course, the reason these long-term spatial patterns look very similar is 

because the observed data was used to spatially disaggregate the GCM grid cell. 

However, even though the long-term spatial patterns are similar the storm-by-

storm spatial characteristics of simulated precipitation will be different from the 

observed.    

 

Figure 5.8 Long term mean of spatial distribution of precipitation for the three 
climate scenarios in comparison the observations 
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Figures 5.9-5.10 show the long-term spatial patterns of maximum and 

minimum temperature. Temperature is spatially distributed over the basin with 

high values in the valley and low values in the mountains. As with the precipitation 

plot, the various GCM scenarios show a similar pattern as the observed, as a 

consequence of the spatial downscaling method. Even though the coarse grid scale 

GCM models are not, by themselves, capable of resolving the topographical features 

present in the Salt-Verde basin, Figure 5.8-5.10 shows that the use of observations 

to correct the GCM data accounts indirectly for the topography. This is important 

from the standpoint of simulating physical processes that vary in space such as, soil 

moisture storage, snow accumulation and melt, evapotranspiration (ET). 
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Figure 5.9 Long term mean of spatial distribution of maximum temperature 
for the three climate scenarios in comparison to the observations 
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Figure 5.10 Long term mean of spatial distribution of minimum temperature 
for the three climate scenarios in comparison to the observations 

Figure 5.11-5.12 show the long term (averaged over 1960-2000) spatial 

behavior of ET as simulated by the VIC hydrological model for the Salt and Verde 

basins respectively. One can notice from these figures, that the hydrologic model is 

simulating relatively higher ET at high altitudes within the basin where there is 

more vegetation and moisture available. Also notice, that the spatial pattern of ET 

simulated by using the observed climate data and that forced by the GCM’s are 

similar. This gives us confidence in terms of trusting the results simulated by the 

future climate projections.  
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Figure 5.11 Spatial distribution of long-term means of hydrologic model 
simulated ET first forced by observed climate and GCM simulated values for 
the Salt Basin 
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Figure 5.12 Spatial distribution of long-term means of hydrologic model 
simulated ET first forced by observed climate and GCM simulated values for 
the Verde Basin 

 

Figures 5.13-5.14 show the long-term (averaged over 1960-2000) spatial 

behavior of soil moisture as simulated by the VIC hydrological model for the Salt and 

Verde basins respectively. Notice, that the spatial pattern of soil moisture simulated 

by using the observed climate data and that forced by the GCM’s are similar. This 

gives us confidence in terms of trusting the results simulated by the future climate 

projections. 
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Figure 5.13 Spatial distribution of long-term means of hydrologic model 
simulated soil moisture first forced by observed climate and GCM simulated 
values for the Salt Basin 
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Figure 5.14 Spatial distribution of long-term means of hydrologic model 
simulated soil moisture first forced by observed climate and GCM simulated 
values for the Verde Basin 

 

Figures 5.15-5.16 show the long-term (averaged over 1960-2000) spatial 

behavior of snow water equivalent as simulated by the VIC hydrological model for 

the Salt and Verde basins respectively. Notice, that the spatial pattern of snow water 

equivalent (SWE) by using the observed climate data and that forced by the GCM’s 

are similar. Also notice that the SWE is higher at the White Mountains in the Salt 

basin and San Francisco Peak in the Verde basin. This gives us confidence in terms 

of trusting the results simulated by the future climate projections.  
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Figure 5.15 Spatial distribution of long-term means of hydrologic model 
simulated snow water equivalent first forced by observed climate and GCM 
simulated values for the Salt Basin 
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Figure 5.16 Spatial distribution of long-term means of hydrologic model 
simulated snow water equivalent first forced by observed climate and GCM 
simulated values for the Verde Basin 

 

 5.3 Behaviors not preserved by the GCM/VIC modeling strategy 

 The previous section showed that the climatology, long-term mean and 

spatial correlation characteristics are preserved by the BCD methodology. In this 

section we explore what may not be preserved or what behaviors one should be 

cautious about while interpreting results.  
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 From the standpoint of water management another behavior of interest is 

the probability of experiencing extremes. It would therefore be tempting to use the 

GCM-VIC simulations of streamflow in computing the statistics of such events, for 

use in planning. However, this must be done with due caution. Figure 5.17 shows 

observed, simulated (using the actual precipitation and temperature observations) 

and BCD GCM simulated flood frequency distributions computed for the Salt basin. 

To aid in the analysis, a generalized extreme value distribution was fit through each 

data set.  We see that the multi-model GCM ensemble clearly under-predicts the 

return period, meaning that for a given return period the simulations tend to 

indicate floods of lower magnitudes than actually observed.  
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Figure 5.117 Flood frequency of monthly observed, simulated (using actual 
observed P,T), and the GCM ensemble multi model streamflow. A generalized 
extreme value distribution is fit to the data 

 

 Similary water managers may be interested in the return periods of 

streamflow deficit. In this study a flow duration curve was used to calculate the 80th 

percentile of streamflow (i.e. the streamflow that is equaled or exceeded for 80% of 

the time). Values of streamflow below this percentile were summed to compute the 

streamflow deficit. A deficit may not happen every year, but you could have multiple 

events in one year. A generalized pareto distribution was fit to the deficit volumes 

and the values plotted against return period (Figure 5.18). The results indicate that 
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the GCM ensemble streamflow tends to under predict streamflow deficit, meaning 

they over predict low flows. 

 

Figure 5.18 Discharge deficit in m3 of observed, simulated and GCM ensemble 
mutli-model streamflow. A generalized pareto distribution is fit to the data 

 

 Note that Figure 5.17 uses monthly streamflow values, whereas if one used 

daily streamflow values as would be needed for a flood frequency curve, the 

comparison to the observed is more poor compared to the monthly flow figure. The 

flood frequency curve made using daily data is shown in Figure 5.19.  
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Figure 5.19 Flood frequency of daily observed, simulated (using actual 
observed P,T), and the GCM ensemble multi model streamflow. A generalized 
extreme value distribution is fit to the data 

 

5.4 Discussion and Conclusions 

 This chapter has discussed what aspects of the GCM simulated values are 

similar to the observed by design and what other aspects can be trusted from these 

simulations. In this regard, the climatology, long-term mean, and variance of basin 

average precipitation and temperature are preserved at monthly timestep. Similarly 

the spatial patterns of precipitation are reproduced over the long term, even though 

there could be variations in spatial storm structure from one day to the next.    



 
 
 

124 
 
 

 Since VIC is a physically based distributed hydrologic model, it can be used to 

predict changes in known states of the system; of particular interest is snow in the 

basin because it controls the winter streamflow generation process, accounting for 

70% of current annual streamflow. The GCM-VIC simulations show good skill in 

reproducing observed SWE in the basin, even though model predicted and SNOTEL 

observed SWE are at different spatial scales and therefore not directly comparable.    

 However, the distributions of extreme events (floods and deficits) seen in the 

historical observations are not well reproduced. This and other limitations must be 

kept in mind when using the results of this kind of downscaling methodology for 

assessing the impacts of potential climate change for the purposes of water 

management and planning. 
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CHAPTER 6 ANALYSIS OF PROJECTED EFFECTS OF CLIMATE CHANGE IN THE 

SALT-VERDE BASIN 

6.1 Introduction 

 This chapter presents the analysis and results from our climate impact 

assessment for the Salt Verde River basin, based on merging the GCM output with 

the VIC hydrologic model. For completeness a brief description of the data and 

methods is provided in section 6.2. Section 6.3.1 presents the results at an annual 

timescale, and because the conclusions drawn from this analysis alone could be 

misleading it is followed by a seasonal analysis to assess water balance and snow 

impacts at various timescales (6.3.2). Section 6.3.3 tests the impacts of certain 

assumptions made during the analysis. Finally section 6.4 presents an overall 

discussion of results.  

6.2 Data and Methods 

 Two sets of atmospheric forcing data were used, one for historical 

simulations and the other for future impact studies.  

a) Historical Simulations: The Maurer et al. (2002) dataset, available at 1/8th degree 

spatial resolution for the continental USA, was used to force the land-surface 

hydrology model to generate simulations of historical streamflow. The atmospheric 

forcing included precipitation and temperature. For more detail on this dataset and 
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methods used to produce it please refer chapter 2. The comparison between 

simulated historic climate and observed climate appears in chapter 5. 

b) Future Impact Studies: To evaluate the impacts of potential future climate change 

on local hydrologic variables, a second set of atmospheric forcing data was 

generated based on simulations provided by five of the GCMs that participated in 

the 4th IPCC assessment, for three scenarios (A2, A1B and B1). The five GCMs are 

ECHAM5 (Max-Planck Institute for Meteorology), HADCM3 (UK Hadley Center for 

Climate Prediction and Research), CCSM3 and PCM1.1 (National Center for 

Atmospheric Research), and MIROC3.2 (University of Tokyo National Institute for 

Environmental Studies, and Frontier Research Center for Global Change). The method 

for selecting these GCMs is described in chapter 2. The following section discusses 

the results of merging the projected future climate multi-model ensemble data with 

the hydrologic model to estimate potential hydrological changes.  

6.3 Results 

6.3.1 Projected Annual changes to hydrologic variables 

 Figure 6.1 shows the timeseries of both historical and projected changes in 

temperature, precipitation and streamflow. For the historical period, the solid red 

line shows the observed values and the grey shaded region shows the range of 

values (minimum to maximum) estimated by the GCMs used in this study. For the 

future period, individual timeseries from the various GCMs are grouped by A1B, A2, 

and B1 emission scenario and indicated using dash and dash-dot lines. The two 
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extreme scenarios are shown in dark grey. Also shown is the ensemble mean of the 

different scenarios for each of the variables under consideration, smoothed by using 

a 5-year moving average window to bring out the trends.  

  Based on the ensemble mean, temperatures are projected to rise by about 

3.5 deg C in comparison to the historical average, precipitation to decrease by about 

5%, and streamflow to reduce by approximately 25% by the end of the 21st century. 

A non-parametric trend test based on the Mann-Kendall method (Helsel et al., 2006) 

indicates that the projected increasing trend in temperature and the projected 

decreasing trend in streamflow are both statistically significant (p-value < 0.05), 

whereas the projected decreasing trend in precipitation is not.   
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Figure 6.1 Historical and Future change to temperature, precipitation and 
streamflow in the Salt River Basin. The * indicate that the ensemble mean had 
a significant trend using a non parametric test at the p-value 0.05 

 

 Figure 6.2 presents similar results for the Verde River basin. While the 

streamflow hydrograph for the Verde is similar to that of the Salt, the magnitudes of 

flow are much lower, due mainly to the fact that the Verde basin receives, on 
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average, less precipitation than the Salt basin. Note that the Verde basin also shows 

a statistically significant decline in streamflow into the 21st century. 

 Both of these basins are projected to have an increasing trend in 

temperature, small decreases in precipitation, and significant decreases in 

streamflow. To understand the cause of the decrease in streamflow we next perform 

a seasonal analysis by subdividing the annual timeseries.   
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Figure 6.2 Historical and Future change to temperature, precipitation and 
streamflow in the Verde River Basin. The * indicate that the ensemble mean 
had a significant trend using a non parametric test at the p-value 0.05 

 

6.3.2 Projected Seasonal Changes to water balance components 

 While it might be tempting to conclude that the anticipated reductions in 

streamflow seen in Figures 6.1-6.2 are caused primarily by increases in 

evapotranspiration (ET) (driven by the significant rises in temperature), this 
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conclusion would be incorrect. Figure 3 shows how precipitation is transformed to 

streamflow for different (yearly, winter, summer) periods.  The first column shows 

mean annual values of the water balance variables except for precipitation which 

are total annual and the second and third column are for the cool season (Dec-May) 

and warm season (June-Nov). The choice for these months was guided by the fact 

that we can then sample the entire year, rather than use the typical definition of 

winter and summer months which usually sample only three months (e.g. DJF or 

JJA) each. In each graph, the solid black line indicates the ensemble mean and the 

blue dashed and the green dash-dot lines indicate the two extreme scenarios. The 

shaded region indicates one standard deviation above and below each of the 

ensemble members.  

 Figure 3 shows that decreases in ensemble mean annual streamflow for the 

Salt basin are caused primarily by both decreases in winter precipitation and 

reduced snowmelt contributions to streamflow. There is an increasing trend in ET 

in the winter, but the absolute magnitude compared to the ET in the summer is 

small. These results demonstrate the significance of winter processes on water 

supply in this basin. Under current conditions, ~70% of annual streamflow is 

realized during the winter and spring seasons, with average winter average 

temperatures about 2 deg C below freezing. Consequently, if the projected 3.5 deg C 

increase in temperature by the end of the 21st century occurs, we can expect most 

of the snow to vanish.  
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 Figure 6.4 shows similar results for the Verde basin. The projected decreases 

in streamflow are again attributable to reduced winter precipitation. However, the 

Verde River does not have a big snow component even in the historical period, 

mostly because the average elevations in the basin are much smaller than in the Salt.    

To show the sensitivity to exclusion of the extreme scenarios, Figure 6.5 

shows the same analysis as in Figure 6.3 with the wet and dry models removed. 

Comparison of Figures 6.3 and 6.5 shows clearly that the trends in the water balance 

components do not change because of the exclusion of the wet and dry models.    
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Figure 6.3 Monthly timeseries of various water balance components at annual, 
cool (Dec-May) and warm (June-Nov) timescales for the Salt River basin 
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Figure 6.4 Monthly timeseries of various water balance components at annual, 
cool (Dec-May) and warm (June-Nov) timescales for the Verde River basin 
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Figure 6.5 Monthly timeseries of various water balance components at annual, 
cool (Dec-May) and warm (June-Nov) timescales for the Salt River basin. The 
wet and dry models have been excluded in computing the ensemble means. 
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 Figures 6.3-6.4 showed the projected impacts of rising temperatures on 

snowpack into the second half of the 21st century. To examine the impacts on 

spatial distribution of snow, we plot the relationship between spatial distribution of 

winter average temperatures and elevation. For simplicity, we assume that all grid 

points within the watershed for which daily average temperatures fall below zero 

degree C will be snow covered during the winter.  

 Figure 6.6 shows two subplots of winter average temperatures versus 

elevation for all grid cells within the basin, one for the historic period (1970-2000) 

and one for the future projections (2068-2098). We see that whereas about 26% of 

the watershed has historically been covered by snow during the winter (Figure 

6.6a), the model projections indicate that this area will reduce to only 5% by the end 

of the century (Figure 6.6b). Simultaneously, the snow line (the elevation above 

which precipitation falls as snow) is expected to shift from 2000m above mean sea 

level (historical) to about 2500m above mean sea level (future). This is clearly 

significant from a water management standpoint and its impact is shown in Figures 

6.3-6.4. Further, it is also important from a forest management perspective, given 

that many of these high elevation areas are either national or state forests. 
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Figure 6.6 Plot of winter average temperature vs elevation to bring out the 
spatial change in snow 

 

 Figure 6.7 compares the historical and projected future water balances for 

the Salt River basin (results averaged over all models and scenarios). The water 

balance may be written as: 

 

where the change in total storage (S) is due to soil moisture and snow (the two 

primary state variables of the system), P is the precipitation input, E is 

evapotranspiration, and runoff (R) consists of two components - fast runoff (RO) 

and slow base flow (BF) - as shown in Figure 6.7 for the GCM model output averaged 

across all scenarios. This figure also acts as a check on closure of the water balance.  

REP
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 For the Salt River (top panel), the historical period (1970-2010) is 

characterized by a significant winter snow contribution whereas the spring 

streamflow is driven primarily by melt of winter snow accumulations. For the future 

period (2051-2090), the winter snow contribution to spring melt is significantly 

reduced. The reason for this decrease is explained by Figures 6.3-6.4 as being due to 

increase in temperatures and decreases in winter precipitation. Note that the winter 

precipitation (Oct-Mar) typically adds first to soil moisture during this period of low 

ET. Subsequently there is a significant quick runoff contribution to streamflow 

during Oct-Dec, following which the streamflow is driven by baseflow from Jan/Feb 

through May.  

 Temperatures in this semi-arid basin rise significantly as early as April 

causing large increases in ET, this demand being met by soil moisture stored during 

the cool season. During the next three months, when there is very little precipitation 

in the region, soil moisture continues to be depleted untill the monsoon arrives in 

July. While the monsoon precipitation adds small amounts to the soil moisture 

storage, this is largely lost to ET caused by very high temperatures during this time 

of the year. The predominant mechanism of streamflow generation in the summer is 

quick runoff.  

 For the Verde River Basin (lower panel), the winter snow component is seen 

to be very small during the historical period and virtually nonexistent during the 
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future period. Streamflow in the Verde River is typically driven primarily by quick 

runoff and the baseflow component of streamflow is very small.  

 

 

Figure 6.7 Monthly water balance change in the Salt River basin for historic 
and two future periods for the Salt River (top panel) and Verde River (bottom 
panel) 

 

6.3.3 Projected Spatial Changes to water balance components 

Figure 6.8 shows the spatial distribution of precipitation for two periods in 

the future (2010-2050 and 2060-2100) differenced from the reference observed 

period (1960-2000) for the three emission scenarios averaged over all models.  
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From this figure one may observe a couple of important features, 1) notice first that 

the precipitation in the future is declining (the magnitudes are negative); 2) notice 

that the magnitudes become more negative as we move towards the end of the 21st 

century and 3) notice that the A2 scenario is typically predicting the highest 

precipitation deficit in the future. This (scenario A2 predicting the extreme) is 

consistent with the IPCC formulation of the emission scenarios.  

 

Figure 6.8 Spatial change in precipitation for two future periods differenced 
from the historical reference period for the Salt-Verde Basin. (Note the 
magnitude of change is negative, meaning the future is drier than the past) 
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Figure 6.9 shows the spatial distribution of maximum temperature for two 

periods in the future (2010-2050 and 2060-2100) differenced from the reference 

observed period (1960-2000) for the three emission scenarios averaged over all 

models.  In general all scenarios show that a warming will occur in the Salt-Verde 

watersheds. From this figure one may observe a couple of important features, 1) 

notice first that the temperature in the future is increasing ; 2) notice that the 

magnitudes become higher as we move towards the end of the 21st century and 3) 

notice that the A2 scenario is typically predicting the highest temperature in the 

future.  
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Figure 6.9 Spatial change in maximum temperature for two future periods 
differenced from the historical reference period for the Salt-Verde Basin.  

 Figure 6.10 shows the spatial distribution of minimum temperature for two 

periods in the future. This figure shows a similar increase in minimum temperatures 

just like the spatial changes in maximum temperatures. Notice how high elevations 

near the Mogollon rim show a significant increase in temperature. It is this increase 

in minimum temperature that causes a reduction in the snow storage. 
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Figure 6.10 Spatial change in minimum temperature for two future periods 
differenced from the historical reference period for the Salt-Verde Basin.  

 

 

Figure 6.11 shows the spatial distribution of evapotranspiration (ET) for two 

periods in the future for the Salt Basin as simulated by the VIC model. This figure 

shows a similar increase in ET for the first period and then a small decrease for the 

second. This decrease in the second period is related to the controls on actual ET viz. 

temperature, radiation, wind speed and vapor deficit. Clearly temperature goes up 
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in the future (as is evidenced above) however the other control on ET is moisture 

availability. As precipitation goes down in the future, even with the temperatures 

going up, the ET shows a slightly decreasing trend.  This becomes clear when one 

observes the spatial change in soil moisture (Figure 6.12). 

 

 

Figure 6.11 Spatial change in evapotranspiration for two future periods 
differenced from the historical reference period for the Salt Basin.  
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Figure 6.12 shows the spatial distribution of soil moisture for two periods in 

the future for the Salt Basin as simulated by the VIC model. This figure shows a small 

decrease in soil moisture for both the first and a bigger decrease in the second 

future period. This is directly attributable to the decreasing precipitation trend. 

 

Figure 6.12 Spatial change in soil moisture for two future periods differenced 
from the historical reference period for the Salt Basin.  

 

Figure 6.13 shows the spatial distribution of snow water equivalent (SWE) 

for two periods in the future for the Salt Basin as simulated by the VIC model. This 

figure shows a small decrease in soil moisture for both the first and a bigger 

decrease in the second future period. This behavior shows the threshold response of 
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a state variable such as SWE. The decreases are small till the mid-21st century 

because the average winter temperatures are still below zero, however, during the 

last half of the 21st century, the average winter temperatures no longer stay below 

zero and hence the sudden large decrease in SWE. This behavior is also seen in the 

timeseries plots (Figure 6.3). 

 

Figure 6.13 Spatial change in snow water equivalent for two future periods 
differenced from the historical reference period for the Salt Basin. (Note the 
magnitudes are negative meaning the future values are smaller than the 
historic) 

 



 
 
 

147 
 
 

6.3.4 Sensitivity of results to downscaling methodology 

 To run the hydrologic model one needs data at a daily time step. However, 

the GCM data, spatially downscaled to hydrologic model resolution, is bias corrected 

at the monthly time step. The assumption behind bias correction at monthly time 

step is that monthly aggregations of GCM simulations (which are run at shorter time 

steps) are more reliably representative of the dynamics of the atmosphere. To 

obtain the daily values necessary to force the hydrologic model in any given month 

(say January), the procedure used is to sample observed daily sequences for a 

similar month (January) taken randomly from one of the historical years, and then 

adjust these sequences so that their monthly means matches the bias corrected 

mean monthly GCM output.  

 Here it should be borne in mind that when sampling from the historical data, 

little consideration is typically given to of whether the selected year was wetter or 

drier in comparison to the bias corrected GCM simulation. Figure 6.14 shows how 

the randomized selection of the daily sequence has an impact on other simulated 

hydrologic variables.  

 To construct this figure, a Monte Carlo (MC) experiment with 100 

realizations was conducted for the period 1960-2000. This period was chosen 

because of the availability of actual observations against which to compare the 

simulations. The runs consisted of precipitation and temperature realizations, each 

constructed so as to track the relevant sequence of mean-monthly values actually 
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observed for the period. The difference between realizations is that the actual daily 

time-sequence patterns, and the temporal correlation structures, of both 

precipitation and corresponding temperature were different. Note that although the 

average daily spatio-temporal structure of precipitation events is not explicitly 

changed by this approach, the actual spatio-temporal structure for each realization 

is different. As a baseline for comparison, we also generated the daily time series of 

hydrologic variables using observed precipitation as input to the VIC model.  

The results of this analysis are summarized using a Taylor diagram (Figure 

6.14) that summarizes multiple aspects of model performance in a single plot. The 

diagram quantifies the similarity between each time series realization and the 

baseline simulation, in terms of their cross-correlation, centered root mean squared 

difference, and amplitude of variations (Taylor, 2001). A primer on understanding 

Taylor diagrams can be found at http://www-

pcmdi.llnl.gov/about/staff/Taylor/CV/Taylor_diagram_primer.pdf. We use this diagram 

to examine whether the change in the temporal structure of precipitation at daily 

time step has an effect on other hydrologic variables (streamflow, ET, soil moisture, 

and snow water equivalent)  

 The top panel shows that variations in daily precipitation have minimal 

impact on the statistics of streamflow; the 100 MC realizations plot very close to the 

simulation generated using observed precipitation, with only a small drop in cross-

correlation. Similar impacts are seen for ET and soil moisture. There is however a 

http://www-pcmdi.llnl.gov/about/staff/Taylor/CV/Taylor_diagram_primer.pdf
http://www-pcmdi.llnl.gov/about/staff/Taylor/CV/Taylor_diagram_primer.pdf
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noticeable change in variability of simulated SWE. This indicates that the buildup of 

snowpack is sensitive to the actual sequence of precipitation and temperature 

values; in doing the Monte Carlo experiment we break the observed temporal 

correlation structure leading to larger variability in simulated SWE. 

 The bottom panel of Figure 6.14 shows the median and 25th and 75th 

percentile of the 100 MC realizations. The take home message from this graph is 

that the median values do not change much due to the temporal disaggregation 

process, however from the top panel, one can notice that the variability increases. 
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Figure 6.14 Summary of the Monte Carlo run to test temporal dissagregation method used in the study. The top 
panel is a Taylor diagram showing standard deviation, correlation and root mean squared difference. The 
bottom panel shows box plots of median behavior 
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6.4 Discussion and Conclusions 

 This chapter has quantitatively examined potential changes in hydro-

climatology of the Salt-Verde River that may be expected in response to project 

climate change. The quantification is done in a way that can help water managers in 

central Arizona to make better-informed decisions. By merging GCM climate 

information with a physically realistic hydrologic model we find that declines may 

be expected in streamflow for both the Salt and the Verde River basins (Figure 1-2). 

While the expectation of streamflow decline in the Southwest US in response to 

projected climate change has been previously reported (e.g. Seager et al., 2007) and 

our findings are in agreement with this finding, however the mechanisms causing 

such change has been further explored in the current research.  

 A fundamental argument in the Seager et al. (2007) paper is that the 21st 

century drying of the Southwest will be caused by decreases in precipitation 

accompanied by increases in temperature, such that available water (defined as P-

ET) reduces. Our study of the Salt-Verde system suggests that this explanation 

though correct, does not account for the trend in an important state variable viz., 

SWE. Based on our current research we propose the following causal mechanism for 

the reduction in streamflow in central Arizona. To properly explain the eventual 

decline in system streamflow, it is true that ensemble mean temperatures show a 

statistically significant increasing trend, and the ensemble mean streamflows show 

a statistically significant decreasing trend. However, the corresponding declines in 
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precipitation are not statistically significant. Figures 6.3-6.4 show that it is the 

combined effect of temperature increasing, precipitation and snowmelt reducing  

that is causing the streamflow decline; this contribution is currently ~70% of total 

streamflow. The decline in snowmelt is in turn caused by reducing winter 

precipitation combined with reduced snow storage brought about by the increases 

in minimum daily temperatures (Figure 6.3-6.4, see SWE panel), and small increases 

in winter ET. The current average winter temperatures are only ~1 to 2 deg C below 

freezing. As temperatures increases by about ~3 deg C by the end of the 21st century 

there will be significantly less snow in the higher elevations.  

 In contrast changes in projected summer precipitation bracket the historical 

average, four simulations being slightly lower and for other being slightly higher. 

However, even in the latter case, the increase in precipitation is not enough to 

compensate for the shortfall brought about by declining snowmelt. Further summer 

ET is already at its potential rate in this basin and only shows a small increase in the 

future projections (Figures 6.3-6.4).  

 Since winter accumulation of snow is important to water availability in the 

Salte-Verde basin, we also assess potential changes in spatial distribution of snow. 

Assuming that grid cells at temperatures less than 0 deg C temperature have 

snowcover, we find that the areal extent of snowcover can be expected to decrease 

from the historic value of 26% of the basin to about 5% of the basin .  
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These impacts will be bigger in the Salt than in the Verde because the Salt 

River has bigger snow storage than the Verde. The mechanism of historic 

streamflow generation in the Salt River is mostly through buildup of a snowpack 

during the winter and the subsequent slow release of melt water as baseflow in 

spring. In the Verde, however, runoff generation throughout the year is mostly 

through quick runoff, with a smaller baseflow component.   

 Guided by stakeholder feedback, we examined the sensitivity of the results to 

the temporal disaggregation approach used to downscale climatological data. We 

found that the temporal correlation of the daily sequence of meteorological inputs 

does not significantly affect the results, except for SWE for which variability is 

increased (making the uncertainty in its estimate much larger). While this finding is 

significant, it does not generally affect the conclusions of this analysis since mean 

water availability at the monthly time scale is not significantly affected.  

 In conclusion, these results can help water managers assess the impacts of 

projected climate change on the hydrological responses of the Salt and Verde 

watersheds in central Arizona. The projected increases in temperature of about 3.5 

deg C, and slight decreases in precipitation can be expected to result in a 25% 

reduction in streamflow by the end of the 21st century, caused mainly by reductions 

in winter precipitation combined with reduced snowmelt contributions during the 

spring. Importantly the snow line will climb from 2000m to about 2500m by the end 

of the century, causing a reduction in snow covered area from 26% to only 5%.    
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 These findings are significant from the standpoint of water management in 

central Arizona. With continued growth in population and likely reductions in 

available surface water supply, tough policy and management decisions will be 

needed to help sustain water supply. This analysis provides important information 

useful for SRP and City of Phoenix assessments of the potential impacts of climate 

change on future operations. 
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CHAPTER 7 PROJECTED CLIMATE CHANGE IMPACTS FROM A WATER 

MANAGEMENT PERSPECTIVE 

7.1 Introduction 

7.1.1 What GCM projections tell us on climate change in central Arizona 

 From the results presented in chapter 6 we have learned that climate in the 

Salt-Verde basin is not stationary over the 21st century in comparison to the 20th 

century climate. This is a significant finding from a water management perspective 

since most systems of management of water have been designed under the 

assumption of stationarity (Milly et al., 2008). Hydrologic systems in the basin are 

typically designed to account for natural fluctuations, however from the findings in 

the last chapter one should observe that snow contribution to streamflow is 

drastically reduced in the future, which means there would be more quick runoff 

especially in the winter which would have otherwise been stored in the snowpack 

for release in the spring/summer water stress periods.  

 From the GCM simulations of climate in the Salt-Verde basin we learned that 

the there is a clear trend towards increasing temperatures (2-4 deg C), whereas 

with precipitation there is uncertainty about magnitude of change. Also, 

precipitation shows a decreasing trend in the winter, whereas in the summer the 

ensemble mean projected precipitation shows an increasing trend which is not 

significant. Another significant result from the future projections of climate change 
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is that the snow covered area in the watershed could drastically be reduced. All 

these are very important findings from a water management perspective.  

7.1.2 How to use this information in water management decisions? 

  How does one use this information of climate change from the climate 

models to better inform water management decisions? One way of approaching this 

problem is to combine streamflow generated from the GCM future projections with 

reservoir operations and water supply models to assess vulnerability of the system 

to climate change. Though this sounds reasonable and should be explored, one 

should bear in mind that only relative change compared to GCM simulated historical 

climate would produce meaningful statistics. Also, we show in chapter 5 that the 

GCMs have limitations in terms of simulating historical observed climate. 

 An alternate approach is to use information from the GCM future projections 

to perturb historical observed stationary meteorology to create a synthetic pseudo 

non-stationary climate to assess change. This synthetic climate is used to drive the 

hydrologic model to study the sensitivity of hydrologic variables of interest to a 

water manager, viz. streamflow volume, timing, flood frequency and streamflow 

deficit. 

7.1.3 Strengths and limitations of this approach 

 The strengths of this approach are 1) we assume non-stationary climate for 

the historic period which could help water managers analyze retrospectively 

scenarios that one may have encountered compared to the actual observed climate, 
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2) this synthetic climate input could be used to identify potential thresholds in the 

system, e.g. risk to reservoir operation, hydro-electric power generation, water 

supply etc. Another advantage of this approach is that it can be rapidly applied to 

produce a range of climate scenarios, but has a number of caveats. 

 The major limitation of this approach are 1) variables such as daily inter-

arrival time of storms are not changed while setting up the synthetic climate, 2) the 

spatial storm structure of the input is unchanged (note only the magnitudes are 

changed). Other limitations include, the precipitation temporal sequence of wet 

days is unchanged. This may be of importance if change in wet and dry spells is 

important components of climate change. In addition to the strengths and 

limitations of this approach by itself (as stated above), it is useful to compare its 

strengths and limitations when compared to using the GCM statistically downscaled 

climate for understanding climate impacts to the basin. Table 7.1 provides a 

summary of such a comparison. 
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Table 7.1 Relative merits of GCM and Synthetic Climate approach to simulating 
climate change impacts 

 

7.2 Assessment Methodology and Results 

7.2.1 Constructing synthetic climate scenarios using perturbed historical data 

 Three sets of scenarios were constructed based on the information from the 

GCM simulated 21st century climate. Two sets of the synthetic scenarios  generated 

combine changes in precipitation along with temperature and one synthetic 

scenario set only accounts for change in temperature keeping historical observed 
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precipitation the same. For the two synthetic scenarios that perturb both 

precipitation and temperature we generated the following scenarios (T +2 deg C, P -

10, -5, 0, 5, and 10 %) and (T +4 deg C, P -10, -5, 0, 5, and 10 %). The third set of 

synthetic scenarios was generated in which precipitation was unchanged, whereas 

temperature was perturbed as following (T 0, 1, 2, 3, 4, 5 deg C). The reason why no 

synthetic scenarios with negative changes to temperatures were generated was 

because there is overwhelming agreement from the projected GCM simulations 

showing an increasing trend in temperature. All synthetic climate data was created 

starting from the base climate for the period 1960-2000. In the next section we 

present results from merging this synthetic climate scenarios with the VIC 

hydrologic model. 

7.2.2 Potential changes to water resources assessments 

 In this section we present results from merging the synthetic historical 

climate with the VIC hydrologic model to assess change from a water management 

perspective. As stated in above, typically from a water management standpoint, one 

is interested in streamflow volume, timing, flood frequency and streamflow deficit.   

 Figure 7.1 presents the results for streamflow climatology under synthetic 

historical climate. In this graph the observed streamflow is shown in red, the 

simulated streamflow using the actual observed precipitation and temperature is 

shown in blue dash line. Panel (a) of the graph shows the first scenario for T +2 deg 

C with positive and negative precipitation input and panel (b) is similar to panel 
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except that the scenario is for T +4 deg C. From this figure it can be seen that the 

effect of a 2 deg C increase in temperature alone does not reduce the streamflow 

significantly, however a change a T +2 deg C along with a 5% decrease in 

precipitation causes a reduction similar to an increase in temperature of 4 deg C 

alone. In general, it can also be seen that the effect of increase in temperature, both 

2 and 4 deg C above normal causes a reduction in streamflow. What is also 

interesting to note is that for the 4 deg C increase scenario, even if a 10% increase in 

precipitation were to happen, the amount of streamflow is still only at the historical 

observed volume. 

 

Figure 7.1 Streamflow climatology using synthetic climate scenarios 

 

 Figure 7.2 shows the flood frequency curve for the T (+2, +4 deg C), P (-10, -5, 

0, 5, 10 %) case. The plot shows the mean monthly maximum discharge vs. return 

period for the different scenarios including the observed and simulated for 
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reference. From this graph it may be observed that for the scenarios of 2 and 4 deg 

increases in temperature with no change to precipitation, the flood frequency curve 

is very similar to the flood frequency curve using simulated streamflow. One can 

also see from this figure that the flood frequency curve shifts to the right with higher 

return periods for the scenarios that account for reduction in precipitation of 5 and 

10%. While interpreting this result one should bear in mind that our scenarios have 

a limitation (based on historic observed) of spatial precipitation patterns.  

 

Figure 7.2 Flood frequency curve using synthetic climate scenarios 

 

 Figure 7.3 shows the result for the streamflow deficit analysis for the T (+2, 

+4 deg C), P (-10, -5, 0, 5, 10 %) scenario. First a flow duration curve was used to 

calculate the 80th percentile of streamflow (i.e. the streamflow that is equaled or 

exceeded for 80% of the time). Values below this can be totaled to compute a 

streamflow deficit. A deficit may not happen every year, but you could have multiple 
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events in one year. To the deficit volume a generalized pareto distribution is fitted 

and plot against its return period for the various scenarios.  

 From this figure it can be seen that the increase in temperature of 2, 4 deg C 

alone without any change in precipitation still shows significant increase in 

streamflow deficits. Combined with the increase in temperature the scenarios 

accounting for a reduction in precipitation also show an increase in streamflow 

deficit. The scenarios that show an increase in precipitation along with an increase 

in temperature do not show a decrease in the deficits. From this figure one may 

draw the inference that temperature change is significant when it comes to 

simulating low flows in the system. 

 

Figure 7.3 Streamflow deficit computed using synthetic climate scenarios 

 

 We next present the results of the synthetic climate input to the streamflow 

timing. Figure 7.4 shows the results from this experiment. On the x-axis is the 
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percent of annual precipitation and the y-axis shows the percent of annual 

streamflow. From chapter 4 we know that about half the annual precipitation occurs 

in the winter and the remaining half occurs in the summer. The prior expectation of 

temperature change affecting streamflow timing is that one would expect to see 

early streamflow melt. From the figure we notice that for the scenarios shown there 

is not significant change in timing of streamflow.  

 

Figure 7.4 Streamflow timing shown as percent annual averaged over the 
1960-2000 period using synthetic scnearios 

 

 The results presented in figures 7.1-7.4 looked at changes to both 

temperature and precipitation. In Figure 7.5 we present results only from a change 

in temperature (0, 1, 2, 3, 4, 5 deg C) keeping precipitation the same. The apriori 

expectation of this experiment was to identify any temperature related thresholds 

in the system. Figure 7.5a shows the streamflow climatology, 7.5b shows the 
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streamflow timing, 7.5c shows the flood frequency plot and figure 7.5d shows the 

streamflow deficit under various increasing temperature scenarios.  

 From figure 7.5 it can be seen that an increase in temperature alone without 

any change in precipitation causes a reduction in streamflow volume (7.5a) does not 

affect the streamflow timing significantly (7.5b). From figure 7.5c it may be 

observed that an increase in temperature alone does not alter the flood frequency 

curve, whereas figure 7.5d shows that a temperature increase has a tendency to 

increase streamflow deficits.  
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Figure 7.5 Results from (a) streamflow climatology (b) timing (c) flood 
frequency and (d) streamflow deficit for the scenarios of only temperature 
change with precipitation being the same 

 

 From figure 7.5a we observe a reduction in streamflow volume as a result of 

increases in temperature. From chapter 4 one may be reminded that the streamflow 

volume is high in the winter due to snow contribution to streamflow. This is also 

observed in figure 7.5b where between 70-80 % of the streamflow volume is 

generated by 60% of precipitation. Keeping this in mind we investigate whether 
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snow water equivalent (SWE) shows a threshold behavior which could then explain 

why streamflow reduces.  

 Figure 7.6 shows the plot of SWE under different temperature scenarios 

shown in different colors. From this figure it may be observed that though the SWE 

does reduce with increases in temperature, there is no particular threshold which 

causes a sudden drop in SWE. This could be because of the coarse (1 deg C) increase 

in temperature used in this study. Despite a clear threshold not being present, there 

clearly is a relationship between decreased SWE and decreased streamflow volume. 

 

Figure 7.6 Change in maximum SWE for different temperature scenarios 

 

7.3 Discussion and Conclusions 

 In this chapter we present a simple way of using climate change information 

from the GCMs to create synthetic historical climate. This synthetic climate data can 
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then be used with a hydrologic model to study sensitivity/elasticity of the 

watershed to climate change. In the current study we restricted ourselves to three 

primary scenarios, two that accounted for both precipitation and temperature 

change and one that exclusively assumed a change in temperature without any 

change in precipitation.  

 From the analysis of combined change in precipitation and temperature, we 

observed that clearly an increase of 4 deg C along with a decrease of 10% 

precipitation causes the biggest decrease in streamflow volume. A decrease in 

precipitation of 10% combined with an increase in temperature of 2 deg C has the 

same effect as an increase in temperature of 4 deg combined with a decrease in 

precipitation of 5% (figure 7.1). From the flood frequency analysis we learned that 

an increase in temperature alone does not alter the flood frequency curve 

significantly. However, an increase in temperature combined with an increase in 

precipitation also does not alter the flood frequency significantly (figure 7.2), 

though an increase in temperature along with a decrease in precipitation causes a 

lowering of the flood frequency curve which is obvious.  

 Increases in temperature clearly have an effect on the streamflow deficit in 

the basin, causing an increase in streamflow deficit. This finding is significant from a 

water management standpoint, since higher deficits means less water in the 

reservoir, which finally translates to less water available for supply. We next studied 

the effect of temperature and precipitation change on streamflow timing (figure 
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7.4). From this study we showed that there is no significant change in streamflow 

timing as a result of the change in climate.  

 The third group of scenarios tested in this study was primarily focused on 

temperature change with no change in precipitation. From figure 7.5 we observe 

that temperature change alone causes a decrease in streamflow volume and hence a 

corresponding increase in streamflow deficits. Temperature change alone does not 

significantly impact streamflow timing or the flood frequency curve. We finally 

show that a decrease in streamflow volume is also attributable to the decrease in 

snow storage (SWE) in the basin (figure 7.6). The scenarios involving only 

temperature change were created to identify any threshold behavior in the system 

which is attributable to temperature alone. Though we did not identify such a 

behavior, clearly the watershed does respond to changes in temperature alone. 
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CHAPTER 8 CONCLUSIONS AND RECOMMENDATIONS 

 

 The primary objective of the present work was to advance our knowledge of 

hydro-climatic processes affecting water availability in the semi-arid watersheds of 

central Arizona. To achieve this goal models and data from multiple sources were 

merged and analyzed. A hydrologic model was setup to represent as accurately as 

possible the current hydrology of the watershed system 

8.1 Summary and Conclusions 

 In chapter two, we presented the study region, a summary of the VIC 

hydrologic model along with some of its key equations. The methodology of 

selection of GCM’s for climate change analysis was also presented. In brief this 

procedure involved relatively ranking climate models based on how well, they 

simulated climate of the region of study. The second criterion used for selection of 

GCM’s was based on the representation of ENSO within the climate model. This 

additional criterion was chosen since we know that ENSO affects moisture 

availability in central Arizona. Our approach of selecting only a subset of the climate 

models to study future climate impacts to hydrology is based on trusting only those 

GCM climate outputs that can predict historical climate of your region of interest 

relatively accurately. 
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 In chapter three, we presented the hydrologic model setup, calibration and 

validation. The choice of the VIC hydrologic model was guided by familiarity with 

the model, the fact that the watersheds under consideration were relatively big 

(~5000 sq mi.) and that VIC is a physically based model. Previous studies of climate 

change in the basin used either statistical methods, or lumped models. This is the 

first attempt at using a physically based distributed hydrologic model driven by data 

from GCM output to answer the question climate impacts to hydrology in this basin. 

The shuffled complex evolution optimization algorithm was applied to the VIC 

model to calibrate it. In this chapter, we showed that the VIC model can adequately 

model the historical observed streamflow in the basin.  

 In chapter four, we presented an analysis of the historic observed climate of 

the Salt-Verde Basin. The analysis of the historic observed climate was motivated by 

the fact that are there trends in the hydro-climatic variables such as temperature, 

precipitation, snow and streamflow. Here we demonstrated that indeed there are 

statistically significant trends in temperature and snow water equivalent. Though 

the combined effect of this showed a decreasing trend in streamflow it was not a 

statistically significant trend. In addition to this, based on the mass curve, one can 

observe that there is a shift in the climate regime around the 1980’s. This shift has 

been well observed globally and our results are consistent with the other 

observations. This gave us a motivation to analyze how the climate changes in the 

future. We chose as already discussed in chapter two a method of merging data from 
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multiple climate models with a hydrologic model to predict climate impacts on 

hydrology. 

 In chapter five, we presented the analysis of the historical climate simulated 

by the bias corrected spatially disaggregated GCM output. Our analysis was 

motivated to understand what hydro-climatic behaviors are preserved by the GCM-

VIC modeling strategy and what behaviors are not preserved. From our analysis we 

showed that the climatology, long term mean and variance of the basin average 

precipitation and temperature along with spatial patterns are preserved. The 

extremes, especially distributions of floods and low flows are not preserved.  

 In chapter six, we presented some of the most important scientific findings 

of this study, the analysis of projected effects of climate change on the Salt-Verde 

Basin. Based on merging climate data from the selected GCM’s with the hydrologic 

model VIC, we calculate that there is a ~25% reduction in surface water availability 

in the Salt-Verde system. The physical reason behind this shortfall is driven by the 

fact that a bulk of the streamflow (~70% of the annual volume) is generated in the 

winter. Currently basin average winter temperatures are only 1 to 2 degrees C 

below zero. Due to warming, by the end of the 21st century these temperatures will 

no longer be below zero, which means the contribution of snow to streamflow will 

reduce. Further, due to higher temperatures in the winter, there will higher ET 

relative to the past. These factors coupled with a small reduction (5-10%) in 

precipitation leads to a significant reduction in streamflow. In addition to this we 
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show how the water balance components change as we move towards the end of the 

21st century. This analysis also reinforces our arguments about change in 

streamflow. These findings are consistent with other earlier research findings of a 

drier outlook for the southwest US in the future. 

 In chapter seven, we present how a water manager could make use of this 

information to help make better water management decisions. Typically, the 

reservoir systems have enough storage to mitigate the effects of short term (1-2 

year) droughts. However, assessing the impacts of longer term climate scenarios is 

critical in better management. Here, we created a synthetic climate data set by 

modify the observed climate for the historical period to help water managers 

evaluate alternate management scenarios. In this analysis we used historic observed 

climate because one can rapidly use this information evaluate alternate 

management scenarios. Based on this analysis we showed, that the basin responds 

to a change in climate forcing. For example, a 4 deg C increase in temperature, 

combined with a 5% reduction in precipitation causes a reduction in streamflow 

that is similar to a 2 deg C increase in temperature and a 10% reduction in 

precipitation. The data from this elasticity analysis can be made available to the 

water managers so that they could merge it with their system models. 
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8.2 Major Contributions of this Dissertation 

The contributions made by the work presented in this dissertation to the 

field of hydro-meteorology are the following: 

Climate change impact to watershed is not a new area of research. However, 

the current study sets a new benchmark in the approach taken to establishing the 

physical mechanisms of climate impact to water availability in a watershed. Based 

on the research conducted and our findings, we feel strongly that the analysis of 

climate change impacts should possess these key elements. 

 An analysis of the historic observed hydro-climatic variables, such as 

precipitation, temperature, snow (if applicable) and streamflow.  

 A method to identify an ensemble of climate models to use for the impact 

assessment, that simulates relatively well, historical observed climate of your 

region (a big area that encompasses your watershed) of interest. 

 An understanding of the techniques involved in preparing the data from raw 

GCM’s output to a product that can be merged with the hydrologic model. 

This tells us what behaviors are preserved and what are not, since this has a 

bearing on the interpretation of future climate impacts. 
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 Based on merging data from the GCM with a physical hydrologic model, we 

present for the first time a physical basis for a reduction in streamflow in the 

central Arizona region. 

 A method of interpreting the future impacts from a water managers 

perspective by altering the historic observed climate to reflect future 

changes. This provides the water manager with alternative scenarios to 

evaluate how they would have changed historical management decisions.  

These are the key elements that have been addressed in the current dissertation.  

8.3 Recommendations for future work 

 The research presented in this dissertation covered a range of issues related 

to climate impact assessment at a regional scale. Some of the issues addressed 

included, GCM selection criteria, hydrologic model setup and evaluation, GCM data 

preparation for use with the hydrologic model, analysis of historic and future hydro-

climate impacts, evaluation of uncertainty associated with temporal downscaling 

method. By pursuing this study various issues have been identified as useful 

extensions to the current work. In general these improvements can be categorized 

into the hydrology aspects of future work and the atmospheric component of future 

work and are itemized below as specific recommendations below: 

(a) Future work related to hydrology 
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 In this study the hydrologic model was calibrated to the observed data and 

used to predict change in the watershed using the GCM simulated climate. A 

recommendation for future work would include testing the hydrologic model 

parameter sensitivity to a different range of climatic inputs. This experiment 

would lead to better quantification of uncertainty to the hydrologic modeling 

exercise.  

 Another area for improvement to the hydrologic model is the use of varying 

land use and land cover patterns to the hydrologic representation of the 

watershed. This experiment could yield potential benefits to specific 

questions such as impacts to forest and ecology in the watershed. 

 Can the current hydrologic model be used operationally with real time or 

near real time data to forecast streamflow? Data from various climate models 

used to predict weather are archived and made available for use by the 

research community. Experiments could be setup to answer, “What is the 

value of such climate data merged with a hydrologic model?” 

(b) Future work related to Atmospheric science 

 One clear research outcome from this study is that the extremes are not well 

represented in the subset of the GCMs used in this study. This is probably an 

artifact of the statistical methods employed to prepare the data for the 

hydrologic model. These limitations can be overcome using a dynamical 

regional model nested within the GCM model to better represent topography 
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and regional climate processes. A comparison between statistical and 

dynamically downscaled data could yield better insight into extremes which 

may be of interest to the water manager. 

 Another area of improvement is the study of the monsoon processes in the 

Southwest and its intensification. Clearly using statistically methods for 

downscaling GCM methods, there is the assumption of stationarity. Using 

dynamical models, one could study the summer monsoon processes without 

any need to assume stationarity. This could potentially yield useful results to 

check if the summer contribution to streamflow has a net effect of nullifying 

the winter losses. 
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