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This dissertation consisted of three related studies.  The first study used 

historical streamflow records from the Hydro-Climatic Data Network (HCDN) 

representing 13 unimpaired watersheds to validate runoff simulated by six 

terrestrial ecosystem models (Biome-BGC, Century, GTEC, LPJ, MC1, and 

TEM) comprising VEMAP.  The validation exercise tracked the historical period 

of VEMAP from 1895-1993.  This study demonstrated that the models performed 

better in wet watersheds, where runoff was generally underestimated, than dry 

ones, where runoff was overestimated.  The static vegetation models 

outperformed the dynamic vegetation models.  TEM, an independently calibrated 

model,  was the best performer.  GTEC, a model missing a snow routine and an 

evaporation function, was the lowest performer.   This study suggested that 

improvements to these types of models may come from more realistic 

descriptions of hydrologic processes in arid environments.   

The second study examined water balance parameters of four of these 

models (Biome-BGC, Century, LPJ, and MC1) from the inception of the VEMAP 

 vi



climatological data base in 1895 through 2100.  The 21st century simulations were 

based on the Hadley Centre and Canadian Centre for Climate Modeling general 

circulation models (GCM).  Runoff and actual evapotranspiration trends were 

positive in the majority of cases.  Percentage changes in runoff exceeded 

underlying changes in precipitation and this amplification increased over time.  

Results varied by model and GCM.   

The third study sought to address an underlying assumption of the 

validation work.  Streamflow gauging stations included in the HCDN have been 

carefully screened to filter out factors that could confound their use in the 

assessment of long-term climate signals.  One criterion for station inclusion was 

that land uses in the watershed had not changed over the period of record so as to 

significantly alter natural streamflow.  This assumption was explicitly tested in a 

watershed selected for the validation study by interpreting remotely-sensed 

imagery from the North American Landscape Characterization (NALC) project, 

and land cover was found to be relatively unchanged over the period examined, 

1972-1992.  Runoff modeling of land-cover changes was accomplished using the 

Long-Term Hydrologic Impacts Assessment model and runoff changes were less 

than 5% over the twenty year period. 
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CHAPTER ONE 

 

Validation of Simulated Runoff from Six Terrestrial Ecosystem Models 

Using Observed Streamflow: Results from the VEMAP Phase 2  

Model Intercomparison 

 

Abstract 
Vegetation/Ecosystem Modeling and Analysis Project (VEMAP) Phase 2 model 

experiments investigated the response of biogeochemical and dynamic global vegetation 

models (DGVMs) to differences in climate over the conterminous United States.  This was 

accomplished by simulating ecosystem processes using historical climate and atmospheric 

CO2 records from 1895-1993.  We evaluated the behavior of six models ─ Biome-BGC, 

Century, GTEC, LPJ, MC1, and TEM ─ by comparing simulated runoff in 13 watersheds 

to gauged streamflow from the Hydro-Climatic Data Network (HCDN).  Metrics used to 

assess the "goodness of fit" between simulated and observed values were: 1) Pearson's r to 

evaluate the overall data set, 2) Kendall's τ  to gauge seasonality trends as derived from a 

time-series analysis of monthly runoff, and 3) three measures of absolute and relative error. 

We found small differences in performance among the six models over all 

watersheds.  However, the models yielded highly divergent results depending upon the 

watershed analyzed.  Performance of the ensemble of models in a watershed was positively 

correlated with observed streamflow: models in the wettest watersheds in this study were 

associated with the highest model correlations and largest absolute errors, and models in 

the driest watersheds were associated with the lowest correlations and smallest absolute 

errors.  Mean relative error was small and nearly constant across watersheds.  A bias 

estimator showed that the models tended to underestimate runoff in wet watersheds and 

overestimate runoff in dry watersheds.  Analysis of long-term trends in runoff using a 
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moving-average approach demonstrated the ability of the models to reproduce temporal 

variation in observed data, even though quantitative differences among models were large.   

Models relying on prescribed vegetation (Biome-BGC, Century, and TEM) 

outperformed the two DGVMs (LPJ and MC1); GTEC gave the poorest fit to 

observations due to the absence of an evaporation function and a snow routine.  Across all 

13 watersheds, TEM ranked the highest in model performance.  The validation results 

presented here suggest that improvements in the simulation of hydrologic processes in 

land-surface models will come, in part, from a more realistic representation of sub-grid 

scale soil moisture and from a more detailed understanding and representation of 

subsurface processes. 

Introduction 
Modeling sensitivity to altered climate conditions is currently an important focus of 

the climate change research community because of uncertainties about the speed and 

extent of future shifts in temperature and precipitation.  In recent years, ecologists, 

resource managers, and policy makers have worked to identify the potential effects of 

climate change on ecosystem structure and function.  While climate change studies are 

proliferating, it is difficult to gauge the accuracy of their results because these studies are 

modeling novel states.  Model intercomparison studies (e.g., PILPS Phase 2(c) (Wood et al. 

1998), and Cramer et al. 1999) and the reconstruction of past climates (e.g., Coe & Bonan 

1997, Claussen et al. 1999) are among the techniques that have been used to try to assess 

the validity of underlying land-surface models used in climate change modeling 

experiments.  As they can highlight shortcomings and inconsistencies, model 

intercomparisons are a useful adjunct to validation but not a substitute.   

One project that has combined both intercomparison and validation in its quest to 

understand the responses of terrestrial ecosystems to differences in climate over the 

conterminous United States is the Vegetation/Ecosystem Modeling and Analysis Project 

(VEMAP).  VEMAP's objective has been to force biogeochemical (i.e., ecosystem 

function) and biogeographical (i.e., ecosystem structure) models with a common set of 

inputs derived from historical climate and projected climate and atmospheric CO2  
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scenarios in order to understand how the models differ in attributes and responses 

(VEMAP Members 1995, Schimel et al. 2000).  A common set of inputs facilitates model 

intercomparison while the use of historical climate data allows validation.  

To gauge how well simulations perform requires rigorous assessment and setting 

benchmarks against which to measure success.  Model validation is essential to the 

interpretation of simulation results.  It illuminates under what circumstances a model 

reproduces events accurately and under what circumstances it performs unsatisfactorily.  

Validation is also critical to the improvement of models; the modeling community cannot 

improve models if it does not know how, where, and when they fail.  Calls for the 

evaluation or validation of climate and related models have been present in the literature 

for decades (e.g., Willmott et al. 1985, Koster et al. 1999, Cramer et al. 2001).   

Lack of scientific consensus about which methods are most appropriate for 

determining model accuracy has been one obstacle to the widespread adoption of 

validation techniques (Willmott et al. 1985, Rastetter 1996).  A second challenge, which is 

often model or question specific, has been determining what constitutes success.  Finally, 

few data sets are available for model validation of continental-scale simulations of 

ecological processes, particularly at appropriate spatial and temporal scales (Scurlock et al. 

1999).  As Rastetter (1996) noted, tests of long-term phenomena against data derived from 

short-term experiments may be inappropriate because processes that dominate at one 

temporal scale (e.g., months to years) may not be important to long-term behavior (e.g., 

decades to centuries).  Moreover, processes that control long-term responses may not be 

apparent from short-term data.  It is also well known that data to verify ecologically 

meaningful variables such as evapotranspiration or net primary production may be 

available at scales ranging from leaf to plot, but scaling up to the landscape level is fraught 

with uncertainty.   

Before turning to the task of understanding sensitivity of land-surface processes to 

possible altered forcings (e.g., land-use change, CO2, climate), the scientific community 

must be capable of realistically simulating past and present states.  One widely accepted 

validation technique in the area of land-surface modeling is to compare simulated runoff to 

observed streamflow records.  Streamflow serves to integrate a host of local and regional-
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scale processes, and as such, is appropriate for the validation of continental-scale 

simulations of land-surface processes (e.g., Vörösmarty and Moore 1991, Abdulla et al. 

1996, Bonan 1998, Arora et al. 2000, Olivera et al. 2001).  Assuming a simple hydrologic 

budget where streamflow equals precipitation minus evapotranspiration, streamflow can 

serve as a proxy for a wide range of hydrologic processes, including surface and base 

runoff, evapotranspiration, and precipitation.  In addition, because many of these processes 

are influenced by the local ecosystem and physical properties of the areas in which they 

occur (e.g., vegetation, topography, and soil hydrologic characteristics), streamflow is an 

integrator of the physical and natural environment.  

In this study we used streamflow records as a yardstick against which to measure 

the effectiveness of six terrestrial ecosystem models in reproducing temporal and spatial 

patterns of observed runoff.  We wanted to determine under what conditions the models 

accurately simulated monthly runoff and under what conditions the models performed 

poorly.  We evaluated the behavior of six VEMAP models - Biome-BGC (Hunt and 

Running 1992, Running and Hunt 1993), Century (Parton et al. 1987, 1988, 1993), Global 

Terrestrial Ecosystem Carbon Model (GTEC; Post et al. 1997), Lund-Potsdam-Jena 

Dynamic Global Vegetation Model (LPJ; Haxeltine and Prentice 1996, Sitch 2003), MC1 

Dynamic Global Vegetation Model (Daly et al. 2000), and Terrestrial Ecosystem Model 

(TEM; McGuire et al. 1992, Melillo et al. 1993, Tian et al. 2000) - by comparing simulated 

runoff from the VEMAP Phase 2 historical (20  century) experiments to gauged 

streamflow from the Hydro-climatic Data Network or HCDN (Slack and Landwehr 1992).  

These streamflow observations cover much of the 20  century, providing a lengthy record 

of monthly flows against which to validate the models.  We applied several metrics to 

gauge the "goodness of fit" between modeled and observed data for 13 watersheds 

representing a range of vegetation types and climatic zones.  In particular, we were 

interested in knowing how well the models reproduced the overall observed data set and 

how well they accounted for seasonal differences in runoff.  Our results present an 

important assessment of the performance of the water balance of the constituent VEMAP 

models. 

th

th
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Methods 

VEMAP PROJECT AND MODELS 
VEMAP Phase 2 model inputs consisted of temporally infilled and spatially 

interpolated measured temperature and precipitation data for 1895-1993 on a 0.5º of 

latitude by 0.5º of longitude grid for the conterminous U.S. (Daly et al. 1994, Kittel et al. 

1997, 2000).  Other climatic forcings including solar radiation and humidity were 

empirically estimated from daily temperature and precipitation (Kittel et al. 2000).  Daily 

and monthly versions of the data were created to serve the input requirements of the 

different terrestrial ecosystem models participating in the project.  Daily values were 

disaggregated from the monthly records using a modified version of the stochastic weather 

generator WGEN (Richardson 1981, Richardson and Wright 1984, Kittel et al. 1995). 

The VEMAP models investigated include four biogeochemical cycling models 

(Biome-BGC, Century, GTEC, and TEM), which simulate plant production and nutrient 

cycles, but rely on a static land cover type.  For these models, land cover is based on a 

vegetation map derived from Küchler's (1975) scheme of potential natural vegetation 

(Kittel et al. 1995), and has prescribed levels of disturbance (e.g., fire).  The two dynamic 

global vegetation models (DGVMs), LPJ and MC1, combine biogeochemical cycling 

processes with dynamic biogeographical processes including succession and fire simulation.  

In total there are 21 VEMAP vegetation types plus wetlands, though wetland processes are 

not simulated by these models. 

The formulation of hydrologic processes varies among models. Unless otherwise 

specified, model soil depth was constrained by the VEMAP soils data set, which is spatially 

variable (Kittel et al. 1995).  A summary of the attributes of the hydrologic models 

embedded within each of the terrestrial ecosystem models is presented in Table 1.1. 

1) Biome-BGC (or BBGC in the figures and tables) uses a single "bucket" model 

in which inputs of precipitation are balanced with the outputs of 

evapotranspiration and runoff.  The time step is daily.  Evapotranspiration is 

calculated using the Penman-Monteith equation (Monteith 1973).  There is a 

single soil layer and any soil water in excess of field capacity is routed to runoff, 

5 



including that which flows out from the bottom of the soil profile.  A snow 

routine accumulates snow below 0ºC and initiates the melt process above that 

temperature.   

2) Century and MC1 share the same water balance components.  Both operate on 

a monthly time step.  Evapotranspiration is calculated using Linacre (1977).  

There are as many as 10 soil layers, each 15 cm deep up to a depth of 60 cm 

and 30 cm deep below that point.  A fixed fraction of rainfall is immediately 

allocated to surface runoff. The remaining water travels through successive soil 

layers as field capacity is exceeded.  Some of the water released by the deepest 

layer enters the groundwater as the baseflow component of runoff and some is 

redirected to surface runoff via stormflow.  A snow routine accumulates snow 

below 0ºC and initiates the melt process above that temperature.   

3) GTEC hydrology is derived from the SUNDIAL model (Bradbury et al. 1993). 

There are 12 soil layers: 0-50 cm in 5 cm increments, 50-100 cm, and 100-200 

cm.  Leaching occurs as a 'piston flow' process, water successively filling each 

layer down the profile, before draining to the layer below.  Bypass flow, or 

runoff, occurs if rainfall in a given period exceeds a specified threshold value. 

Any water reaching the bottom of the soil profile is redirected to surface 

runoff.  Soil water values are updated daily.  There is neither an evaporation 

function nor a snow routine. 

4) LPJ uses monthly forcing input, but interpolates the climate to a daily timestep 

for all processes including its hydrologic model.  Evapotranspiration is 

computed using Monteith (1995).  The modified bucket model from Neilson 

(1995) contains two soil layers, the first of which is 50 cm and the second 50-

150 cm.  Water in excess of field capacity (i.e., surface runoff and deep 

drainage) is considered runoff.  A threshold temperature of -2˚C tested daily 

determines whether precipitation enters the soil directly or is stored as snow.   

5) The water balance model for TEM comes from Vörösmarty et al. (1989), with 

the exception that evapotranspiration is calculated after Jensen-Haise (1963). 

TEM operates on a monthly time step.  It uses a single bucket model with a 
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single soil layer whose depth is determined by soil texture class.  Runoff is 

generated from subsurface runoff pools when field capacity is exceeded.  

Snowpack accumulates whenever mean monthly temperature is below -1.0˚C; 

snowmelt occurs above this temperature.  TEM is unique among the six 

models in that CO  concentration and plant growth do not affect any water 

balance calculations (i.e., neither runoff nor actual evapotranspiration respond 

to plant processes) because the hydrologic model is run offline and prior to the 

ecosystem model.   

2

RUNOFF VALIDATION USING USGS RECORDS 
To validate VEMAP-simulated runoff, we compared model results to the Hydro-

Climatic Data Network or HCDN (Slack and Landwehr 1992) for 13 watersheds.  The 

HCDN consists of streamflow gauging stations with records retrieved from the U.S. 

Geological Survey's (USGS) National Water Storage and Retrieval System.  Only stations 

relatively free of confounding anthropogenic influences that would significantly alter the 

"natural" streamflow, such as diversions, regulation of flow, or changes in watershed land 

use, were included in the database.  The HCDN data set contains the mean daily discharge 

for 1,571 sites across the continental United States.  The data set contains streamflow 

records collected between 1874 and 1988, with an average station record length of 

approximately 48 years.   

We initially reduced the universe of sites to just over 100 by selecting only those 

sites that satisfied the following criteria: a) records of at least 50 years, b) watersheds of at 

least 5200 km2 whose boundaries were completely contained within the U.S., and c) 

watersheds whose non-contributing areas were less than 10%.  (Non-contributing areas are 

closed basins within a watershed.)  The number of potential records was further reduced by 

selecting watersheds that fell within a single VEMAP vegetation type and by trying to 

maximize the range of climates represented.  The 13 watersheds selected for this study 

range in size from 5944 to 28,228 km2 (Figure 1.1).  The watershed areas reported in the 

HCDN differ by less than three percent from that we determined by using ArcView (ESRI, 

Redlands, CA).  Records of the 13 watersheds are 59 to 111 years long ( = 74 years) x

7 



(Table 1.2).  In several cases, record length is shorter than that indicated by the start and 

end dates because the record was not continuous; column 6 of Table 1.2 is corrected for 

any missing years.  Watersheds are identified by a state moniker.  Also included in Table 

1.2 are eight-digit Hydrologic Unit Codes (HUC) that the USGS uses to uniquely label 

watersheds within the U.S.  Three watersheds in this study comprise solely one HUC; the 

remaining 10 watersheds are composed of two or more HUCs (see Figure 1.1).  

Because of differences in units and geographic formats between the simulated 

values and observed data we undertook two types of conversions.  First we converted the 

HCDN streamflow data from cubic feet per second to depth values by normalizing the 

flow by the area of the watershed.  Hence, both observed and modeled values are reported 

as mm per month per unit area and are referred to as runoff.  Second, we used ArcView to 

superimpose HUCs and VEMAP grid cells (e.g., Fig 1b).  From this we computed the 

fraction of a watershed overlapping each VEMAP cell.  We used these fractions to area-

weight simulated runoff; total runoff for a watershed was the sum of weighted grid cell 

values.  

All runoff values evaluated came from a single simulation of the VEMAP models.  

The two scenarios of increasing (i.e., historical) and constant (i.e., 1895 value) CO2 

produced nearly identical runoff data sets so the analyses presented here are based on the 

increasing CO2 simulations.  This issue of runoff similarity is explored further in the 

discussion section.  

 

STATISTICAL ANALYSES 
Several statistical methods were used to gauge the "goodness of fit" between the 

HCDN and the simulated values in each of the 13 watersheds.  The Pearson product-

moment correlation coefficient r  (Sokal and Rohlf 1995) was calculated between observed 

monthly data and each simulation (six models) over the entire period of overlap between 

the two (a minimum of 50 years).  (In the case of WV the period of overlap is less than the 

total HCDN record length because the start of record keeping precedes the date on which 

the simulations commence.  See Table 1.2.)   To investigate the ability of the models to 
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reproduce seasonal (i.e., monthly) runoff patterns within watersheds, Kendall's coefficient 

of rank correlation τ (Kanji 1999) was calculated using the average runoff of each month 

derived from the two time series (again, a minimum of 50 years).  These average values of 

monthly runoff (n = 12, one for each month) calculated from each of the observed and 

simulated data sets were independently ranked.  By comparing the ranks assigned to 

successive pairs (observedI, simulatedI) and (observedj, simulatedj) of monthly averages (e.g., ranks 

of February observed and simulated runoff compared to January ranks) a correlation 

coefficient was calculated indicating to what degree the pattern of monthly simulated 

runoff mimicked that of the observed in a given watershed.   

We chose not to report significance levels because the monthly values of runoff 

exhibited some serial correlation and because the Pearson analyses were based on hundreds 

of observations; all the values are "significant" at probability values less than 0.001.  We 

used the Pearson and Kendall statistics solely for descriptive purposes. 

To evaluate the magnitude of differences between observed and simulated values, 

several methods were adopted to measure absolute and relative error.  One error metric 

adopted was mean absolute error (MAE), computed as 

MAE =   
N

SO
N

j
jj∑

=

−
1

||

where Sj and Oj  are monthly simulated and observed values, respectively, and N is the 

number of monthly observations (Willmott 1984).   Another metric used was a bias 

estimator (BIAS), calculated as 

BIAS =  

where  and  are mean simulated and mean observed values, respectively, as derived 

from the entire monthly data set (Watterson et al. 1999, Wolock and McCabe 1999).  The 

Nash-Sutcliffe coefficient of efficiency (NS; Nash and Sutcliffe 1970) is another widely 

used statistic for evaluating the performance of hydrologic models (e.g., Wilcox et al. 1990, 

Wolock and McCabe 1999, Peel et al. 2001, Sauquet and Leblois 2001).  As the ratio of the 

mean square error to the variance in the measured data, subtracted from unity, it is 

computed as 

OS −

S O
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NS ranges in value from minus infinity (characteristic of a poor model) to 1 (perfect 

model).  If the variance of errors (numerator) is as large as the variance of the observations 

(denominator) then NS = 0; if the variance of errors exceeds observed variance then NS < 

0.  If errors approach zero, then high and low flows are well reproduced, and NS 

approaches 1.   

The ability of the models to reproduce observed, temporal runoff patterns in each 

watershed was ranked according to each metric.  An overall rank was determined by using 

all metrics as an index.  Where we ranked using the BIAS estimator, we used its absolute 

value.  In all cases, the model assigned the rank '1' most closely matched observed data. 

 Long-term trends in the data were identified by calculating five-year moving 

averages.  The moving average of a target year was determined by averaging a five-year 

span including the two calendar years before and after a target year.  Because the time 

series of observed data for five of the watersheds were incomplete, the starting date of the 

moving averages in these watersheds was the third calendar year after the data gap.  We did 

not undertake detailed statistical analyses of these trends because analyses of runoff trends 

in the U.S. have been reported elsewhere (e.g., Lettenmaier et al. 1994, Lins and Slack 1999, 

McCabe and Wolock 2002) and were not the focus of the current study.  Other analyses of 

long-term runoff and actual evapotranspiration trends from the VEMAP Phase 2 

experiments can be found in Chapter Two. 

Results in Tables 1.3-1.7 are ordered from wettest watershed on the left (OR) to 

driest on the right (AZ-1) based on mean annual streamflow.  Annual precipitation 

reported in Table 1.2 is for the location of the gauge and may not reflect the rainfall in the 

entire watershed.  For example, the gauge located in watershed MT is the fourth driest of 

the 13 watersheds studied in terms of precipitation.  Yet it is the fifth wettest in terms of 

the mean annual HCDN streamflow.  For these reasons, we used mean annual HCDN 

streamflow (in mm/year to eliminate a watershed size bias) as a proxy for wetness or 
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dryness of a watershed.  Streamflow tends to be highly correlated with watershed 

precipitation (Dolph and Marks 1992; Wolock & McCabe 1999; Lewis et al. 2000).   

 

Results 
 
MONTHLY TIME-SERIES CORRELATION 

 The Pearson product-moment correlation coefficient r of the monthly values 

ranged from -0.08 for GTEC in watershed MT to 0.94 for Century in watershed OR (Table 

1.3).  Average correlations by model, accounting for results from all 13 watersheds, ranged 

from a low of 0.51 for GTEC to a high of 0.69 for TEM (Table 1.3).  Total variability was 

similar for four of the six models; GTEC and LPJ exhibited the greatest variability in 

correlation coefficients across the 13 watersheds.  The average of model correlations within 

a watershed ranged from a low of 0.42 in watershed MT to a high of 0.91 in watershed OR 

(Table 1.3).  In some watersheds, the spread of correlation coefficients was narrow (e.g., 

OR and MS), while in others it was wide (e.g., MT and NV).  There was a positive, linear 

relationship between the average r of each watershed and the mean annual observed 

streamflow of that watershed (Figure 1.2a; R2 = 0.67).  Figure 1.3 depicts monthly runoff 

averaged over the entire historical data set for each of the observed and simulated values.  

This figure makes clear the close association between observed runoff (dark blue) and 

simulated runoff (other colors).  No one model consistently performed the best or worst in 

every watershed. 

SEASONAL PATTERN CORRELATION 
The Kendall's τ analysis for seasonality yielded correlations that ranged from -0.03 

for the GTEC model in watershed AZ-2 to 0.94 for both the Century and TEM models in 

watershed OR (Table 1.4).  Biome-BGC correlations were the least variable, while GTEC 

and LPJ were the most.  Average correlations by model, accounting for results from all 13 

watersheds, ranged from a low of 0.39 for GTEC to a high of 0.67 for Biome-BGC.  The 

average of model correlations within a watershed ranged from a low of 0.32 in watershed 

MT to a high of 0.88 in watershed OR.  In a few watersheds, the spread of correlation 
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coefficients was narrow (e.g., OR and MS), but overall the Kendall's τ results were highly 

variable from model to model.  Correlations were negative in watershed TX (for LPJ and 

TEM) and watershed MT (GTEC) indicating a modeled seasonality pattern opposite that 

of the observed.  There was a positive trend between the Kendall's τ and mean annual 

observed streamflow (Figure 1.2b; R2 = 0.55); the better fit between simulated and 

observed streamflow in the wetter watersheds can also be seen in Figure 1.3.  Again, no 

one model consistently performed the best or worst in every watershed. 

For watersheds in which snow dynamics play an important role in the annual water 

balance, such as NY and MT, GTEC's lack of a snowpack accumulation and melt routine 

resulted in temporal errors in runoff (Figure 1.3).  GTEC overestimated runoff in the 

winter months and underestimated runoff during the spring.  This pattern was in contrast 

to that observed in arid watersheds where GTEC overestimated runoff most months (e.g., 

TX). 

ERROR ANALYSES   
MAE was proportional to the mean annual HCDN streamflow (Figure 1.2c, slope 

= 0.045, R2 = 0.92).  Overall, the models performed similarly with the exception of GTEC, 

which produced the largest values of MAE.  However, performance of the models was 

highly variable from watershed to watershed.  The average of model errors within a 

watershed ranged from 9.23 to 19.83 mm/yr (Table 1.5).  As would be expected, the MAE 

values were proportional to the relative wetness of the watersheds with models producing 

large values of MAE in wet watersheds and small values in dry watersheds. Relative error 

averaged about 4.5% and was fairly even across all watersheds (Figure 1.2c). 

When results from all watersheds were considered together, BIAS was negative for 

four of the six models, indicating that they underestimated runoff (Table 1.6).  The two 

models for which BIAS was positive across the watersheds, MC1 and GTEC, had negative 

values in watersheds NY (both models) and WV (GTEC).  GTEC overestimated runoff by 

an order of magnitude in some watersheds, skewing the average results for those 

watersheds.  BIAS was positive in the watersheds with annual streamflow of about 100 

mm/yr or less; BIAS was negative in three out of the four watersheds with annual 
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streamflow greater than 400 mm/yr (Figure 1.2d).  In relative terms BIAS was within about 

+5% in watersheds with annual streamflow over 100 mm/yr, but exceeded +20% in some 

of the driest watersheds.  BIAS grew in magnitude as streamflow increased.  As with MAE, 

this was anticipated as the differences between the simulated and observed data sets were 

expected to grow larger (negative or positive) as runoff increased. 

If MAE and BIAS had been similar in absolute magnitude, these metrics would 

have indicated that a model consistently under- or overestimated observed values.  That 

some MAEs for individual models were larger in absolute magnitude than the 

corresponding BIAS values tells us that the models vacillated between under- and 

overestimates.  For example, MC1's MAE in watershed IA-1 was14.29 mm/yr (Table 1.5), 

an order of magnitude larger than its BIAS of 1.31 mm/yr (Table 1.6).  The BIAS statistic 

alone in this case would have suggested the model simulated the observed values set well.  

Yet, the comparison here of MAE to BIAS suggests there were many errors in the 

simulated data that tended to cancel each other out with overestimates being nearly equal 

in magnitude to underestimates, yielding a BIAS much closer to zero than to the MAE. 

NS ranged from 0.74 in watershed MS (representing a relatively wet watershed) for 

Century to -216.70 in watershed AZ-1 (representing a relatively dry watershed) for GTEC 

(Table 1.7).  Among models, the NS of TEM was closest to 1.0 (0.23).  The NS values of 

the other five models were all negative.  When 0  NS  1, the errors are no larger than 

the variance.  If NS < 0, the errors are large relative to the variance.  The curvilinear 

relationship between NS and mean annual HCDN streamflow (Figure 1.2e) provides 

evidence for a threshold around 300-400 mm/yr of runoff.  Watersheds whose runoff 

exceeded the threshold yielded a positive NS and those under the threshold yielded a 

negative NS.  The greatest errors relative to observed variance occurred in the most arid 

watersheds, as might be expected.  

< <

 The use of NS, MAE and BIAS demonstrates the different components of error, 

but the relative rankings of the six models based on results averaged across all watersheds 

were relatively consistent (Table 1.8).  TEM was the best performer, and GTEC the worst 

performer.  Biome-BGC and Century were ranked either ranked second or third, 

depending on which of the error measurements was used; LPJ and MC1 ranked fourth or 
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fifth.  Rankings of watersheds, based on averages across all models, were less consistent 

(Table 1.9).  NS, a measure of relative error, was lower in wetter watersheds.  Both MAE 

and BIAS, which measure absolute error, were lower in drier watersheds. 

LONG-TERM TRENDS AND INTERANNUAL VARIABILITY 
The five-year moving average charts show that there was much variability from one 

watershed to the next during the 60- to 100-year period examined (Figure 1.4).  Runoff 

increased both in the actual measured annual runoff and in the simulated annual runoff in 

watersheds MS, IA-1, IA-2, AZ-2, and NV.  The remaining watersheds did not show any 

long-term trends.   

In the majority of watersheds, the models reproduced runoff trajectories 

qualitatively similar to those of the observed data (Figure 1.4).  The exceptions seemed to 

lie in the driest watersheds such as TX, AZ-1, SD, AZ-2, where the simulations produced 

greater interannual variability than was present in the observed data (these results can also 

be inferred from Table 1.7).  Quantitative differences amongst the observed trend and the 

simulations were apparent in all watersheds.  The models underestimated runoff in the NY, 

MS, WV, and IA-1 watersheds (consistent with Table 1.6).  Overestimates occurred in the 

remaining watersheds.  

 

Discussion 
Examination of the smoothed time series shows that correlations between 

observed and simulated runoff were similar for each of the models (Figure 1.4).  But even 

though the models were able to reproduce temporal variability at this scale, there were 

considerable differences in magnitude between observed values of runoff and those 

projected by the models in each watershed.  There was also a lot of variability in these 

differences from one watershed to the next.  Overall, the greatest differences in model 

performance occurred not in a single watershed but from watershed to watershed (Tables 

1.3-1.7).  This is because the models were as a class better able to reproduce observed 

runoff in wet watersheds than dry ones.  While the analysis was limited to 13 watersheds, 

these watersheds represent a broad range of climatic zones and vegetation types.  There 
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was no relationship between watershed size and model performance (data not shown).  

There is no reason to believe our conclusions about model performance would differ if 

additional watersheds were examined based on the range of climate regimes represented by 

the watersheds evaluated. 

The BIAS estimator averaged over the entire data set indicated that runoff was just 

slightly underestimated, even though in the majority of watersheds runoff was 

overestimated (Table 1.6).  GTEC skewed the watershed results considerably, as is 

apparent from Figures 1.3 and 1.4 and Table 1.6.  By leaving surface evaporation out of its 

model, GTEC made more water available to runoff than should have been the case, and 

this was particularly important in dry areas where potential evapotranspiration would be 

expected to exceed actual evapotranspiration.  Of the remaining five models only MC1 also 

overestimated runoff in most watersheds.  A review of 11 land-surface models (Oki et al. 

1999) found systematic underestimation of runoff.  The authors primarily attributed this 

occurrence to the likelihood that rainfall gauges will underestimate precipitation, 

particularly under conditions of strong wind and during snowstorms.  VEMAP's 

precipitation climatology no doubt reflects similar shortcomings.  

There are other reasons for the models to underestimate runoff.  For optimal 

carbon fixation, the models maximize leaf area for a given climate resulting in increases in 

transpiration and reductions in runoff.  Furthermore, the model grid cells lack topography, 

and topographic relief increases runoff.  Review of the literature showed that where 

available moisture allows actual evapotranspiration rates to approach potential 

evapotranspiration rates, the methods used to calculate evapotranspiration are more prone 

to overestimate evapotranspiration than they are under water-limited conditions 

(Vörösmarty et al. 1998).  Finally, in wet watersheds, saturation excess runoff, and 

saturated/unsaturated subsurface flow are important components of runoff generation 

(Atkinson et al. 2002).  The VEMAP models do not include these processes, so they may 

not generate enough runoff.  

The tendency for runoff to be overestimated in the dry watersheds may best be 

explained by the difficulties posed in modeling hydrologic processes in arid and semi-arid 

regions.  In these regions, the hydraulic conductivity of soil varies by orders of magnitude 
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as a function of soil moisture. Prediction of hydraulic conductivity, a major control of 

infiltration capacity, is particularly challenging at the dry end of the soil moisture range.  At 

the wet end, hydraulic conductivity is bounded by a single parameter, its saturation value.  

At the dry end, however, estimating hydraulic conductivity requires knowledge of 

additional parameters (e.g., Brooks and Corey 1964, van Genuchten 1980) in addition to 

the soil water content, and hence its simulation is subject to considerable uncertainty.  If in 

the dry watersheds the models underestimated hydraulic conductivities and hence 

infiltration capacities, too much runoff would have resulted.  This tendency could have 

been exacerbated by the intense precipitation that falls in many arid systems; a single storm 

can represent a large proportion of annual rainfall.  Sub-grid variations in moisture content 

present in natural systems but absent in the VEMAP models, may have also contributed to 

the models' inability to simulate runoff well in dry regions.  

The validation of VEMAP-simulated runoff using observed streamflow records is 

subject to error.  None of the models' vegetation maps accounted for 20  century land-use 

and land-cover changes.  We tried to minimize any error this may have introduced into our 

validations by selecting relatively "unimpacted" watersheds as the basis of comparison.  

Nonetheless, "unimpacted" watersheds are still likely to have been affected by some human 

disturbances that would alter hydrologic regimes compared to natural, undisturbed 

conditions.  Whether human disturbance has increased or decreased runoff is unclear.  

While we assumed the observed streamflow data set was error free, this was likely not to be 

the case.  These data sets may include recording errors from instrumentation, calibration 

errors, transcription errors, and the like.  Moreover, streamflow gauges are notorious for 

their inaccuracies during times of flooding or drought. Measuring streamflow in 

mountainous terrain is also error-prone as these areas are characterized by high spatial 

variability.  Hence, it is difficult to place error bounds around the observed data set.   

th

We analyzed only the increasing CO2 scenario because, as mentioned in the 

methods section, the two scenarios of increasing and constant CO2 produced nearly 

identical runoff results.  While CO  did increase 20% over the time frame of the historical 

scenario and we might have expected to see an increase in water-use efficiency, there was 

little effect of the CO  on the water budget produced by the models for several reasons.  

2

2
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One reason is that temperature was increasing as well, which serves to temper the water-

use efficiency gains present in these models at higher levels of CO (Pan et al. 1998).  A 

20% increase may not have been sufficiently large to generate a detectable signal; model 

responses to increasing CO  in general are stronger as levels continue to increase (see 

Chapter Two).  For TEM, the hydrologic subroutine is decoupled from the ecosystem 

model.  For the other models, internal feedbacks lead to a reduced response of the water 

budget to increased CO , because as soil water increases due to reduced transpiration, NPP 

is enhanced (VEMAP Members 1995, Pan et al. 1998). 

2 

2

2

While it is useful to compare and contrast the functional behavior of the 

contributing terrestrial ecosystem models, we have not focused on the detailed 

parameterizations and formulations of the processes being modeled.  The formulations of 

these processes are highly diverse and complex, and a review of the efficacy of these 

parameterizations is beyond the scope of this paper.  Key model differences and limitations 

are: (1) only TEM, Century and MC1 account for contributions of rainfall to groundwater , 

and they do so in a simplistic manner; (2) GTEC overestimates runoff in most watersheds, 

likely because of the absence of an evaporation function in the model; (3) the absence of 

snow accumulation and melt processes in GTEC results in temporal errors in runoff; (4) 

TEM's hydrologic model runs independently of the ecosystem model; and (5) limited 

representation of below-ground hydrologic processes in the VEMAP models probably 

plays a role in model shortcomings.  To expand on this last point, rooting depth, for 

instance, tends to be shallow in these models with only a limited soil profile available to the 

plants for water extraction.  In studying the effect of rooting depth on simulations of the 

hydrologic cycle in a tropical catchment, Hagemann and Kleidon (1999) found that use of 

the deepest rooting depths produced simulated values that most closely matched 

observations.   

The three biogeochemistry models that relied on prescribed vegetation, TEM, 

Biome-BGC, and Century, performed somewhat better than the two biogeography models 

that generated their own vegetation, LPJ and MC1 (Table 1.8).  The difference is even 

more compelling when one considers that Century and MC1 share the same hydrologic 

model.  The additional uncertainty introduced by the use of DGVMs could be expected to 
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reduce their accuracy.  In a recent study of six DGVMs (Cramer et al. 2001), LPJ simulated 

a present-day distribution of vegetation types that was not as rich in vegetation classes as a 

satellite-derived map of contemporary natural vegetation types.  Moreover, using VEMAP 

data, LPJ and MC1 produced present-day vegetation maps differing from one another 

(National Assessment Synthesis Team, 2001).  The erroneous placement of vegetation 

could have profound, localized effects on the water balance.  For example, afforestation 

generally reduces runoff due to increases in evapotranspiration (Bosch and Hewitt 1982).  

While the static vegetation models may have done a better job of simulating current runoff, 

as climate and ecological conditions continue to change DGVMs should produce far fewer 

errors relative to their static vegetation counterparts in modeling future ecosystem and 

hydrologic regimes. 

While the conclusions drawn about relative performance of the six models was not 

much affected by the measure of performance used (Table 1.8), differences in model 

performance from one watershed to the next did depend upon the measure used (Table 

1.9).  In particular, models in wet watersheds generated accurate predictions of runoff by 

three of the five measures of performance used, but MAE and absolute BIAS were greatest 

in those watersheds.  In dry watersheds, the large, negative values of the Nash-Sutcliffe 

coefficient of efficiency illustrated the difficulties the models had in reproducing observed 

variance.  The tendency of hydrologic models to produce more accurate results in wet 

watersheds than in dry ones over a range of timescales has been demonstrated elsewhere 

(Atkinson et al. 2002).  It appears that accurate measurements of soil properties are a 

necessity in dry watersheds, but play a less integral role in wet watersheds. 

The trend analysis demonstrated the ability of the models to simulate runoff 

patterns correctly over the long term even as our other analyses showed the models 

producing month-to-month errors.  Results of our trend analysis are similar to those 

reported elsewhere in the literature.  Hubbard et al. (1997), working with HCDN annual 

records, reported increases in runoff for 16 of the 20 U.S.G.S.-defined water resources 

regions from 1948 to 1988, with the largest increases occurring in the southwest.  Several 

of the watersheds examined in this study showed increases in runoff over the time series.  

In addition, several more exhibited such a trend after 1950.  The increases in runoff 
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reported here and elsewhere are consistent with the observation that over the past century 

there has been a steady increase in the frequency of days with precipitation and in the 

magnitude of extreme 1-day precipitation events (Karl et al. 1996).  However, runoff has 

not increased in western portions of the U.S. 

 

Summary 
In comparing simulated runoff from six models participating in VEMAP Phase 2 

to observed streamflow records from the HCDN we found small differences in 

performance among the six models.  However, the models yielded highly divergent results 

depending upon the watershed analyzed.  The models exhibited their worst performance in 

simulating runoff in arid and semi-arid areas and came closest to reproducing the observed 

data in the wettest regions.  The models were able to qualitatively simulate the observed 

temporal patterns of annual runoff in each of the watersheds over the period of analysis, 

though the absolute quantity of runoff produced by the models varied widely by model.  

Using monthly data, we concluded that the three models relying on prescribed vegetation 

(Biome-BGC, Century, and TEM) outperformed their two DGVMs counterparts (LPJ and 

MC1), and that GTEC gave the poorest fit to the observations due to the absence of an 

evaporation function and a snow routine.  TEM was the overall best performer, no doubt 

in large part because its hydrologic model has been independently validated and it ran 

offline from the ecosystem model.  The validation results presented here suggest that 

improvements in the simulation of hydrologic processes in land-surface models will come, 

in part, from a more realistic representation of sub-grid scale soil moisture and from a 

more detailed understanding and representation of subsurface processes (e.g., Famiglietti & 

Wood 1991, 1994, Entekhabi & Eagleson 1989, Hagemann and Kleidon 1999).  Moreover, 

watershed-scale streamflow routing, a topic not considered in this study, may improve the 

timing of runoff and runoff delivery at watershed outlets (Oki 1999, Olivera et al. 2001). 
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CHAPTER TWO 

 

Response of the Water Balance to Climate Change in the U.S. Over the 

20  and 21  Centuries: Results from the VEMAP Phase 2  th st

Model Intercomparisons 

 

Abstract 
Using the VEMAP Phase 2 data set, we tested the hypothesis that changes in 

climate would result in changes in the water balance as projected by four terrestrial 

ecosystem models: BIOME-BGC, Century, LPJ, and MC1.  We examined trends in 

runoff and actual evapotranspiration (AET), changes in runoff in relation to changes in 

precipitation, and differences in runoff ratios as produced by these models for 13 U.S. 

watersheds.  Observed climate data were used as inputs for simulations covering 1895-

1993.  From 1994-2100, the Canadian Centre for Climate Modeling and Analysis 

(CGCM1) and the Hadley Centre for Climate Prediction and Research (HADCM2) 

general circulation models provided climate forcing.  Runoff and AET trends were 

significantly positive in the majority of 13 watersheds examined.  Percentage changes in 

runoff exceeded the underlying changes in precipitation and this amplification increased 

over time. Calculated runoff ratios showed model variability and differences based on 

the two GCM scenarios. 

 

Introduction 

Water plays a pivotal role in Earth's functioning, from its role in climate to its 

support of life to its underpinning of societies through agriculture and economic 

development.  Long-term observations confirm that our climate is in the process of 

changing (Houghton et al. 2001).  In the U.S. over the 20th century, the average annual 

temperature has risen nearly 0.6º C and precipitation has increased by 5-10%, mostly 
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due to increases in extreme precipitation events (Karl and Knight 1998).  Temperatures 

in the U.S. are projected to rise about 3-5 ºC on average over the next 100 years 

(National Assessment Synthesis Team 2001).  Associated with the rise in temperature 

are expected to be more frequent extreme precipitation events and higher rates of 

evaporation (Trenberth 1998, 1999, Houghton et al. 2001, Wetherald and Manabe 

2002), though recent research suggests that evaporative increases might be mitigated by 

factors such as enhanced cloud cover stemming from aerosols (Roderick and Farquhar 

2002).   

In the context of climate change, the extent to which water resources will be 

affected is among the most important questions.  Hydrologic effects of climate change 

will likely be heterogeneous across the U.S. because different processes dominate the 

water cycle in different regions (e.g., snowmelt fed streamflow in mountainous terrain 

versus heavy rainfall events in the south) and because the balance between available 

water and evaporative demand varies greatly by location. Changes to both temperature 

and precipitation regimes are already altering the timing of snowmelt, and with it the 

timing of winter and spring runoff (Groisman et al. 2001).  Water structures our 

environment through its strong influences on terrestrial net primary productivity (e.g., 

Stephenson 1990, Neilson 1992, Nemani et al. 2002), and any changes to the timing and 

availability of water are likely to reshape profoundly our landscape and associated 

human activities. 

While predictions of changes in precipitation are uncertain across the land 

surface, simulations by terrestrial ecosystem models support the expectation that  

evapotranspiration will rise as temperatures increase (Bachelet et al. 2001).  Even if 

precipitation does increase, it is uncertain whether it will be sufficient to counteract 

higher evapotranspiration rates.  The interaction of increased temperature, changes in 

precipitation, alterations to the composition of vegetation (i.e., successional replacement 

of C3 photosynthetic pathway plants by C plants), and increases in water-use efficiency 

brought about by increased concentrations of atmospheric CO  make it difficult to 

predict with any certainty the effect of climate change on hydrology. 

4 

2
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We have, however, witnessed increases in streamflow across many regions of 

the U.S. during the 20  century (e.g., Lettenmaier et al. 1994, Lins and Slack 1999, 

McCabe and Wolock 2002).   How runoff might change in the future is one focus of 

climate change studies.  Using a simulation approach, Arnell (1999a) examined changes 

in runoff produced by the general circulation model HadCM2 with HadCM3.  He found 

that HadCM2 simulations yielded increases in runoff for the year 2050 compared with 

the baseline period of 1961-90 over much of the U.S.  In contrast, HadCM3 projected 

decreases in runoff, which he attributed to higher rates of evapotranspiration in the 

HadCM3 simulations.  Under both scenarios, snow cover was significantly reduced in 

extent and duration in the northeastern U.S. due to increased temperatures, and this 

reduced peak runoff flows in the early spring.  In simulations of future climate change, 

differences in runoff patterns mostly reflect differences in forecasted precipitation.  

However, the extent to which temperature and actual evapotranspiration increase serves 

to modify the runoff outcomes (e.g., Roads et al. 1996, Arnell 1999b, Arnell 1999a, 

Arora and Boer 2001). 

th

Using the Vegetation/Ecosystem Modeling and Analysis Project (VEMAP) 

Phase 2 data set, we tested the hypothesis that changes in climate, which includes 

increases in atmospheric CO2 concentrations, precipitation, and temperature, would 

result in changes in runoff as projected by four terrestrial ecosystem models: Biome-

BGC (Hunt and Running 1992, Running and Hunt 1993), Century (Parton et al. 1987, 

1988, 1993), Lund-Potsdam-Jena Dynamic Global Vegetation Model (LPJ; Haxeltine 

and Prentice 1996a and b, Sitch 2003), and MC1 Dynamic Global Vegetation Model 

(Daly et al. 2000).  We investigated the responses of these four models by examining 

trends in runoff and actual evapotranspiration (AET), changes in runoff ratios (i.e., the 

fraction of precipitation that enters the runoff pool), and differences in water balance 

partitioning.  VEMAP has been an international collaboration of modeling efforts 

revolving around the question of how ecosystem structure (biogeography models) and 

function (biogeochemistry models) might respond to climate change (VEMAP 1995).   
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Methods 

VEMAP PROJECT AND MODELS 
VEMAP Phase 2 experimental design comprised two distinct components. First, 

terrestrial ecosystem models were run using historical climate observations from 1895-

1993 to simulate current ecosystem biogeochemistry.  Second, the models were 

integrated forward to 2100 using output from two climate system models.  While 

VEMAP 2 included six terrestrial ecosystem models - Biome-BGC, Century, Global 

Terrestrial Ecocsystem Carbon Model (GTEC; Post et al. 1997), LPJ, MC1, and 

Terrestrial Ecosystem Model (TEM; McGuire et al. 1992, Melillo et al. 1993, Tian et al. 

1999) - the present study examined the results from four of the six models, excluding 

GTEC and TEM.  GTEC was excluded because the model lacked an evaporation 

function and a snow routine (Bradbury et al. 1993).  Gordon et al. (in press) found the 

absence of an evaporation function to result in large overestimates of surface runoff 

compared to observed records and poor timing of runoff in snow-dominated watersheds.  

TEM was excluded because the hydrology model is run "offline," and therefore the link 

between the water balance and increasing CO2 is missing.  Changes in atmospheric CO2 

did not result in any changes in surface runoff in the TEM simulations because AET did 

not change in response to CO  (Pan et al. 1998). 2

For the historical period of 1895-1993, VEMAP model inputs consisted of 

temporally infilled and spatially interpolated measured temperature and precipitation 

data on a 0.5-degree of latitude by 0.5-degree of longitude grid for the conterminous 

U.S. (Daly et al. 1994, Kittel et al. 1997, 2000).  Other climatic forcings, including solar 

radiation and humidity, were empirically estimated from daily temperature and 

precipitation (Kittel et al. 2000). Daily and monthly versions of the data were created to 

serve the input requirements of the different terrestrial ecosystem models participating 

in the project. Daily values were disaggregated from the monthly records using a 

modified version of the stochastic weather generator WGEN (Richardson 1981, 

Richardson and Wright 1984, Kittel et al. 1995). 
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Simulations of future climate (1994-2100) were performed using the Canadian 

Centre for Climate (CCC) Modeling and Analysis (CGCM1 version) and the Hadley 

Centre for Climate Prediction and Research of the Meteorological Office of the United 

Kingdom (HADCM2 version) coupled ocean-atmosphere general circulation models 

(GCMs). CGCM1 has a surface grid resolution of 3.75 by 3.75 deg and 10 atmospheric 

levels; HADCM2 has a spatial resolution of 2.5˚ by 3.75˚ and 19 atmospheric levels.  

The external atmospheric forcings in the "experimental" GCM simulations include 

measured increases in CO2 and sulfate concentrations from 1900-1993 and subsequent 

increases in the two chemical constituents of one percent per year.  In the "control" 

simulations only climate changed over time; atmospheric CO  was set to its 1895 

concentration of 295 ppm.  The GCMs produced the variables needed to drive the 

terrestrial ecosystem models such as precipitation, minimum and maximum air 

temperature, solar radiation, and vapor pressure.  The output of GCM simulations were 

interpolated to the 0.5˚ x 0.5˚ VEMAP grid and used to drive the terrestrial ecosystem 

models.   

2

We focused our analyses on the results of the experimental simulations, that is, 

the simulations combining effects of climate change and increasing atmospheric CO2 

concentrations. Since actual climate observations were used as input to the terrestrial 

ecosystem models for the period of 1895-1993, Hadley and CCC scenarios differ only 

after 1993. 

The VEMAP models investigated here included two biogeochemical cycling 

models (Biome-BGC and Century) that simulated plant production and nutrient cycles, 

but relied on a static land cover type.  For these models, VEMAP land cover was based 

on a vegetation map derived from Küchler's (1975) scheme of potential natural 

vegetation (Kittel et al. 1995), and prescribed levels of disturbance (e.g., fire).  The 

other two models (LPJ and MC1) were dynamic global vegetation models (DGVMs) 

that combined biogeochemical cycling processes with both dynamic vegetation 

(succession) and fire simulation. Vegetation and soil carbon pools were initialized in the 

DGVMs from bare ground.  The models were driven by long-term mean climate until 
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the slow soil carbon pool reached equilibrium.  For MC1, this spin-up period required 

up to 3,000 years depending on the ecosystem.  For LPJ, the slow soil carbon pool was 

solved analytically at year 400.   The spin-up period continued until year 900 for LPJ.  

At the end of the spin-up period, simulations were continued using historical climate 

data starting with the year 1895 (Bachelet et al. 2001, B. Smith, University of Lund, 

personal communication).  All models generated 21 vegetation types plus wetlands, 

though wetland processes were not simulated by these models. 

The formulations of hydrological processes varied by model. Unless otherwise 

specified, model soil depth was constrained by the VEMAP soils data set, which was 

spatially variable (Kittel et al. 1995). A summary of the attributes of the hydrologic 

subroutines and photosynthetic processes embedded within each of the terrestrial 

ecosystem models is presented in Table 2.1. 

1. Biome-BGC (or BBGC in the figures and tables)  used a single "bucket" 

model in which inputs of precipitation are balanced with the outputs of 

evapotranspiration and runoff.  The time step was daily.  Evapotranspiration 

was calculated using the Penman-Monteith equation (Monteith 1973). There 

was a single soil layer and any soil water in excess of field capacity was 

routed to runoff, including that which flowed out from the bottom of the soil 

profile.  A snow routine accumulated snow below 0º C and initiated the melt 

process above that temperature.  Photosynthesis estimates were based on the 

models of Farquhar et al. (1980) and Leuning (1990). 

2. Century and MC1 shared the same water balance components.  Both 

operated on a monthly time step. Evapotranspiration was calculated using 

Linacre (1977).  There were as many as 10 soil layers, each 15 cm deep up 

to a depth of 60 cm and 30 cm deep below that point.  A fixed fraction of 

rainfall was immediately allocated to surface runoff.  Remaining water 

traveled through successive soil layers as field capacity was exceeded.  

Some of the water released by the deepest layer entered the groundwater as 

the baseflow component of runoff and some was redirected to surface runoff 
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via stormflow.  A snow routine accumulated snow below 0º C and initiated 

the melt process above that temperature.  There was no explicit 

photosynthesis calculation. 

3. LPJ used monthly forcing input, but interpolated the climate to a daily 

timestep for all processes including its hydrologic model.  

Evapotranspiration was computed using Monteith (1995).  The modified 

bucket model from Neilson (1995) contained two soil layers: the top layer 

was 50 cm deep and the bottom ranged from 50-150 cm in depth.  Water in 

excess of field capacity (i.e., surface runoff and deep drainage) was used to 

generate runoff.  A threshold temperature (-2˚ C) tested daily determined 

whether precipitation entered the soil directly or was stored as snow.  

Photosynthesis was calculated using a modified Farquhar approach 

(Farquhar et al. 1980). 

 

HYDROLOGIC ANALYSES 
The 13 watersheds selected for this study ranged in size from 5944 to 28,228 

km2 (Figure 1.1).  These watersheds were originally selected on the basis of availability 

of observed data for validation (see Chapter One for a detailed explanation of the 

selection of watershed sites).  In Table 2.2, watersheds are identified by a state moniker. 

Included for reference as well are eight-digit Hydrologic Unit Codes (HUC) that the 

U.S. Geological Survey (USGS) uses to label watersheds within the U.S. uniquely.  

Three watersheds in this study coincided with only one HUC; the remaining 10 

watersheds were composed of two or more HUCs.  

 Precipitation and runoff data were interpolated from the VEMAP grid to the 13 

USGS-delineated watersheds.  Because of differences in geographic formats between 

the VEMAP data and watershed boundaries we used ArcView to intersect the HUCs 

and the VEMAP grid cells (Figure 1.1).  From this we computed the fraction of the 

watershed overlapping each VEMAP cell.  We used these fractions to weight each of 

the variables investigated in this study (i.e., precipitation, runoff, and actual 
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evapotranspiration); total amounts for the watershed were the sum of these weighted 

grid cells.  All data are reported as mm per month (normalized to watershed area).  By 

'runoff' we mean this normalized streamflow.  Runoff and AET data evaluated in this 

study came from a single simulation of the participating models, which are 

deterministic. 

In the interest of simplifying the detection of changes in precipitation and runoff 

over time, multipliers were calculated for specific windows of time.  Selecting decadal 

epochs as the subject of analysis is an approach that has been used elsewhere (e.g., Karl 

and Riebsame 1989, National Assessment Synthesis Team 2001).  The period 1961-90 

is often selected to represent baseline climate (e.g., Arnell 1999b, National Assessment 

Synthesis Team 2001, Groisman et al. 2001) and it was used as such in this study.  Two 

other epochs were used for comparison: the decades of 2025-2034 and 2090-2099.  

Each decade's multipliers reflect changes from the baseline period.  The values reported 

in the multiplier tables were calculated from monthly averages and summed.  Applying 

the multiplier from a given epoch to the values of the corresponding baseline period 

would yield the new, numerical value of the variable.   

The fraction of precipitation entering the runoff pool, that is, the runoff ratio, 

was calculated by time period (i.e., the baseline period of 1961-90, 2025-34, and 2090-

99) for all terrestrial ecosystem models in all watersheds.  The fraction of precipitation 

allocated to AET was not calculated because it can be approximated by subtracting the 

runoff ratio from 100.  In some instances, the resultant value of AET may be 

overestimated because of losses of precipitation to soil water storage or baseflow. 

Spearman's coefficient of rank correlation coefficient (Sokal and Rohlf 1995) 

was calculated from annual runoff and AET files to detect trends in the data.  The trend 

analyses were a way to isolate long-term changes from the noise of interdecadal 

variability in precipitation that shaped runoff and AET in these models. 

 

27 



Results 

PRECIPITATION CHANGES 
Analysis of the output of the two GCMs for the 13 watersheds demonstrated an 

increase in precipitation over time in many cases.  Compared to the baseline period of 

1961-90, the precipitation multipliers (Figure 2.1) were greater than 1.0 in the majority 

of watersheds and time periods.  For the period 2025-34, Hadley projected increased 

precipitation in 10 watersheds, no change in two, and a decrease in one.  For the same 

time period, CCC projected increased precipitation in six watersheds, no change in six, 

and a decrease in one.  For the period 2090-99, Hadley projected increases in every 

watershed while CCC projected increases in all but one (Figure 2.1). 

The magnitude of the multipliers increased from 2025-34 to 2090-99 in nearly 

all watersheds.  The exceptions, HAD precipitation in AZ-2, MT, SD, and TX and CCC 

precipitation in TX, were unchanged over this period, though still increased over the 

baseline period.  The picture that emerges here is of increased precipitation in the 

majority of these watersheds. 

CHANGES IN RUNOFF IN RELATION TO PRECIPITATION CHANGES 
While changes in runoff generally tracked the direction of changes in 

precipitation (Figures 2.2-2.5), there were notable differences in the behavior of the four 

terrestrial ecosystem models in magnitude of response.  LPJ consistently generated 

changes in runoff of a magnitude much larger than that of the underlying changes in 

precipitation.  The largest differences occurred in watersheds that under historical 

conditions were located in relatively arid regions, such as Texas and Arizona.  Of the 

four models, MC1 was the model that produced runoff changes most closely tracking 

precipitation changes. 

The largest runoff multipliers were generated by LPJ in the arid watershed of 

TX (Figures 2.3-2.5) and AZ-2 (Figure 2.3).  LPJ was the only model that produced 

some zero or near-zero values are well (Figures 2.2 and 2.4).  These two phenomena are 

linked.  Small increases in runoff in arid regions were large in relative terms, yielding 
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multipliers one to two orders of magnitude larger than those recorded in all other 

watersheds.  Where the runoff ratio was already low during the baseline period, large 

decreases in runoff multipliers were reflective of additional, but small, decreases in 

absolute runoff. 

The "flashier" response generated by Biome-BGC and LPJ compared with 

Century and MC1 was probably a function of limited soil capacitance.  Biome-BGC 

was a one-layer bucket model.  LPJ had two soil layers.  Both MC1 and Century had 

multiple layers.  More soil layers dampen the runoff response.  MC1's runoff response 

was even attenuated compared with Century.  MC1 simulated more woody vegetation 

than Century, which always had a fixed vegetation.  Even though these two models 

shared the same core hydrologic subroutines, MC1 had been modified for improved 

woody-grass water competition so it more accurately represented differential rooting 

depths of the two growth forms.  Hence, the trees in MC1 tapped deeper water than 

those in Century did (Daly et al. 2000), which may have smoothed the runoff response.  

Soil moisture storage is an important predictor of annual runoff (Sankarasubramanian 

and Vogel 2003). 

Changes in precipitation were not always predictive of changes in runoff.  In 

some cases runoff decreased (i.e., a multiplier less than 1.0) despite increases in 

precipitation.  Reductions in runoff occurred in CCC-based simulations of four 

historically wet watersheds (NY, MS, WV, and MT) (Figures 2.2 and 2.3) even though 

all but two of the precipitation multipliers were 1.0 or greater.  There were other 

instances in which runoff decreased even though precipitation was unchanged or 

diminished.  These types of nonlinear responses of runoff to changes precipitation are 

consistent with results from other studies (e.g., Karl and Riebsame 1989, Arora and 

Boer 2001, Sankarasubramanian and Vogel 2003). 

Overall, 62 of the 104 CCC-based simulations had runoff multipliers greater 

than 1.0, while 32 were less than 1.0.  Eighty-two of the Hadley-based simulations 

yielded multipliers greater than 1.0, while 14 were less than 1.0.  A partial explanation 

for the pattern of differences between the two GCMs may be that CCC generated hotter 
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scenarios than Hadley for much of the U.S. (National Assessment Synthesis Team 

2001).  Even if greater precipitation were produced under the CCC scenario than under 

the Hadley scenario for the majority of watersheds examined here, a larger portion was 

allocated to AET under the CCC scenario (see the discussion of AET under runoff 

ratios below). 

The responsiveness of runoff to changes in precipitation increased over time as 

both sets of GCM-based simulations showed larger percentage changes in runoff for the 

2090-99 values than for the 2025-34 values.  These gains in runoff took place against a 

backdrop of increasing temperature, but they also took place as atmospheric CO2 was 

increasing and plant cover was changing for the two DGVMs (LPJ and MC1).  The gap 

between MC1's and Century's runoff multipliers grew over time despite their identical 

hydrologic subroutines.  These findings are consistent with the expectation that the two 

models' vegetation cover maps would drift further apart over time given climate change. 

ANNUAL RUNOFF TRENDS 
Nearly all models in all watersheds examined produced statistically significant 

increases in runoff over the 205-year period for the increasing CO2 runs (Table 2.3).  Of 

the 104 trajectories examined, 86 were significantly positive, 13 were significantly 

negative, two did not exhibit any trend, and three were slightly suggestive of a small, 

but positive trend (0.05 < P < 0.10).  Within a given watershed, the models usually 

generated trends in the same direction based on the input from a single GCM, and 

Hadley- and CCC-based simulations were consistent in the direction of the trend.  In a 

few watersheds, both positive and negative trends were documented from one GCM 

scenario (e.g., MT and NY).  In MS and WV, the models using the CCC-based scenario 

all produced negative trends while the Hadley scenario yielded all positive trends.   

CHANGES IN AET IN RELATION TO PRECIPITATION CHANGES 
The pattern of changes in AET derived from the two GCMs for 2025-34 relative 

to the baseline of 1961-90 more closely matched the pattern of changes observed in 

precipitation than did the 2090-99 GCM results (Figures 2.6-2.9).  The Hadley-based 
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results were slightly more variable between models than the CCC-based results.  LPJ's 

behavior was most dissimilar from the other models overall.  Interestingly, all four 

models produced decreases in AET relative to precipitation in two watersheds, AZ-3 

and AZ-2, based on the Hadley scenario (Figure 2.8).   

Like the runoff multipliers, the models generated AET multipliers that were 

more variable in 2090-99 than in 2025-34 for both of the GCMs (Figures 2.6-2.9).  

Whereas the runoff multipliers were greater than the precipitation multipliers in many 

cases for 2090-99, the AET multipliers were generally smaller than the precipitation 

multipliers (Figures 2.7 and 2.9).  Again, LPJ's behavior was the most dissimilar from 

the other models and accounted for many of the smallest AET multipliers, some of 

which were under 1.0. 

In most watersheds, LPJ generated increased runoff in the future, with the 

largest enhancements tending to occur in the driest watersheds.  Documented 

precipitation changes were not as large, so the increased runoff must have been the 

result of reduced AET.  In this version of LPJ, the only type of evapotranspiration 

implemented was transpiration from plant canopies, so decreased evapotranspiration 

must have been the result of decreased stomatal conductance.  The latter is an expected 

model response to increasing CO2, based on the theory that plants regulate their 

conductance to optimize CO  uptake against water loss. The effect was proportionally 

greater in the driest watersheds because baseline AET tended to be lower there. 
2

Even though Century and MC1 did not explicitly simulate photosynthetic 

processes, there was still evidence of a CO2 feedback on AET.  Compared to the control 

experiment in which only temperature increased, the presence of increasing CO  

produced lower AET rates by Century than increased temperature did alone (data not 

shown).  For MC1, AET results were variable; in some watersheds AET was 

unchanged, while in others either a small increase or decrease occurred in the presence 

of increasing CO  (data not shown).  Interestingly, AET rates grew in the increasing 

CO  experiment compared with the control for Biome-BGC (data not shown), a model 

which did explicitly simulate photosynthesis.  Biome-BGC's behavior may have been 

2

2

2
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governed by positive water-balance feedbacks on leaf area.  LPJ, the other model with 

an explicit photosynthetic pathway and which is known to show relatively large CO  

responses compared to other models, demonstrated a large decrease in AET in the 

increasing CO  experiment compared to the control (data not shown).  LPJ was tested 

against the observed effects of CO  enrichment in the Duke Forest FACE experiment 

and found to simulate a similar range of net primary production, including that of 

relatively dry years when the plants experienced water stress (T. Hickler, University of 

Lund, personal communication). 

2

2

2

AET ANNUAL TRENDS 
Analysis of AET trends (Table 2.4) found 78 of the 104 simulations projected 

increases in the variable over time.  Eleven were significantly negative; several more 

were suggestive of a decrease over the time series.  Ten exhibited no trend.  Four of the 

negative trajectories coincided with significant decreases in runoff.  In the remaining 

cases, decreases in AET were accompanied by significant increases in runoff.  

Conversely, eight of the negative runoff trajectories were accompanied by significant 

increases in AET.  In the majority of cases, both runoff and AET increased 

significantly.   

RUNOFF RATIOS 
A runoff ratio indicates the fraction of precipitation that is directed to runoff.  

While there were more similarities than differences in the runoff ratios between the two 

scenarios, runoff ratios were highly influenced by the underlying terrestrial ecosystem 

model and the watershed examined.  More humid watersheds (i.e., those towards the top 

of Table 2.5) generally produced the largest runoff ratios while the smallest runoff 

ratios were generated in more arid watersheds (i.e., those towards the bottom of the 

tables).  The largest changes (increases) to the ratios occurred in the arid west where 

precipitation increases were also large.  Under both scenarios, MC1 had the highest 

runoff ratios in nearly all cases.  There was often a two-fold difference or greater 
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between the model projecting the lowest allocation to runoff and the model projecting 

the highest within a single watershed. 

For comparison, Table 2.5 includes observed runoff ratios for the period 1951-

1988 taken from Sankarasubramanian and Vogel (2003).  No one model stands out as 

matching these observed runoff ratios consistently.  A similar conclusion was reached 

based on a validation exercise of the historical runoff from these models (Gordon et al. 

in press).  LPJ is the one model that underestimated runoff in every watershed except 

OR.  MC1, on the other hand, overestimated runoff in all but two watersheds (NY and 

WV).  Overestimates of runoff by MC1 may have resulted from a dynamic that sends a 

fixed fraction of precipitation immediately to the runoff pool.  Even though MC1 and 

Century shared the same hydrologic subroutine, differences in simulated vegetation 

cover and other properties could explain differences in runoff ratios between the two.  

MC1's vegetation was dynamically simulated whereas the vegetation was prescribed in 

Century; hence, the two generated different vegetation maps.  LPJ's underestimate of 

runoff and overestimate of AET may have resulted, in part, from the tendency of the 

model to overestimate plant biomass and leaf area resulting in an excess of transpirative 

losses; bare ground was seldom simulated (B. Smith, University of Lund, personal 

communication). 

We compared the CCC-based runoff ratios of the future epochs to the Hadley-

based ratios for each of the terrestrial ecosystem models resulting in 104 comparisons.  

Thirty-seven comparisons were within two percentage points of being the same between 

the two GCM scenarios for the corresponding epoch (Tables 2.5).  Nearly identical 

runoff ratios arose in 11 comparisons for Biome-BGC, in eight each for Century and 

LPJ, and in 10 for MC1.  Hadley was behind the majority of the remaining cases where 

differences in runoff ratio exceeded two percentage points (44 comparisons versus the 

18 comparisons in which CCC-based simulations produced the larger runoff ratios).  

These results imply that CCC-based AET allocations were larger than Hadley-based 

values in the majority of watersheds.  This could help explain the earlier finding in 

which even though CCC was responsible for producing the greatest increases in 
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precipitation in many of the watersheds, we calculated more simulations in which the 

runoff multiplier exceeded 1.0 under the Hadley scenario than under CCC. 

Runoff ratios produced by the terrestrial ecosystem models during the baseline 

period of 1961-90 were identical for the two scenarios.  This was expected as the 

climate data inputs for these years were based on observations and not subject to GCM 

scenario output. 

 

Discussion 
The CCC model projects a future for the U.S. that is hotter and drier than that of 

the projections of the Hadley Model when results are averaged over the country (up to 

5.0˚C increase in annual temperature in 2100 for CCC versus up to 2.6˚C increase for 

Hadley; National Assessment Synthesis Team 2001).  In the watersheds we sampled in 

this study, the CCC scenario generated more moisture than the Hadley scenario in many 

cases.  We found both GCMs projecting large increases in precipitation over portions of 

the southwestern U.S.  The spatial extent of the increase for CCC extended well beyond 

Hadley's footprint of increases in southern California and western Arizona, into most of 

Arizona, portions of Utah, and all of Nevada and California.  As reported by the 

National Assessment Synthesis Team (2001), CCC projected a corresponding increase 

in summer soil moisture over much of this area.  Enhanced precipitation in this region 

probably accounted for the greater increases in runoff seen in CCC-derived output than 

from Hadley.  In some of the humid regions like NY and WV, Hadley produced larger 

increases in precipitation than CCC, and this led to greater summer soil moisture over 

these regions under the Hadley scenario. 

Because there are a suite of uncertainties associated with the development of 

climate change scenarios and with the cascade of steps relating those changes in climate 

to hydrologic responses, this study focused on the intercomparison of results from four 

of the VEMAP terrestrial ecosystem models whose projections were driven by a 

common set of inputs.  We assumed that the baseline period of 1961-1990 was 

representative of conditions that would play out in the absence of climate change.  
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However, multi-decadal variations in climate in the absence of climate change may be 

of similar magnitude to the changes projected by the GCMs for the coming century.  In 

addition, none of the four models provided the type of feedback to the GCMs that may 

modify climate and carbon fluxes in the future. 

The trends in runoff over the 20th century reported here are consistent with 

observations from streamflow records (Lins and Slack 1999, Gordon et al. in press).  

The increasing temperature and atmospheric CO  concentrations used as forcings for 

the GCMs, and in turn the terrestrial ecosystem models during the 21  century 

simulations, provide the basis for understanding the interactions between runoff, AET, 

climate change, and vegetation change. 

2

st

Runoff increased over time in most of the simulations, but it did so at rates 

exceeding the underlying increases in precipitation.  Streamflow responses to changes 

in precipitation can be highly nonlinear, with small changes in runoff generating much 

greater changes in runoff (Karl and Riebsame 1989, Sankarasubramanian and Vogel 

2003).  Simulated increases in runoff occurred even though AET increased in many 

cases as well.  An examination of natural climate variability in the U.S. by Karl and 

Riebsame (1989) using a subset of "unimpacted" watersheds concluded that even small 

fluctuations in precipitation were amplified by a factor of two or more, whereas 

temperature fluctuations on streamflow were negligible.  The climate fluctuations they 

studied were similar in magnitude to that expected from future climate change.  The 

timing of precipitation (i.e., during the warm or cool season) influenced the calculated 

sensitivity of runoff to changes in precipitation by affecting the size of evaporative 

losses, with greater amplification of runoff occurring when more precipitation fell in the 

warm season.  We did not consider seasonal changes in precipitation in this study.  As 

both we and they detected, amplification was largest in some arid watersheds, but there 

was variability across the climate regions investigated. 

The allocation of runoff and AET from each model's water balance was highly 

variable by watershed.  Moreover, these allocations were not constant through time.  

Changes over time were probably a complex function of the model-specific 
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parameterizations and physiological processes.  Not only were climatic inputs changing 

as a function of the scenarios, but either biogeochemical cycles or land cover was 

changing as well.  Functional group dominance shifted in some locations (e.g., 

replacement of C  grasses with C  shrubs in response to increasing temperature or the 

opposite due to CO  enrichment).  Even though all the terrestrial ecosystem models 

were deterministic, it would be difficult to predict exactly how a model would respond 

to changes in a range of inputs. There are non-linear interactions that occur at many 

levels within the terrestrial ecosystem models. 

3 4

2

The four terrestrial ecosystem models differed in significant ways, the greatest 

of which was that LPJ and MC1 were DGVMs while Biome-BGC and Century were 

not.  These model results provide an opportunity to examine simultaneously the 

hydrologic effects of climate change and shifting plant cover over the U.S.  However, 

one must recognize that the models differ in many other respects as well.  Hence it is 

difficult to isolate the effect of any one model variable or shift in climate.  Moreover, 

even if two or more models behaved similarly with respect to a particular parameter, 

they may have done so for disparate reasons.   The models are highly complex and their 

processes are often non-linear.  We have tried here and in a previous study (Gordon et 

al. in press) to identify as many of the interactions as possible to aid in understanding 

what elements of the models make them successful and where their shortcomings might 

lie, with the expectation that these findings will help improve future terrestrial 

ecosystem modeling efforts. 

According to a study comparing MC1 and LPJ, under the CCC scenario MC1 

simulates decreases in live vegetation carbon pools whereas under Hadley MC1 

simulates an increase (Bachelet et al. 2003).  Under either scenario LPJ simulates 

increases in live vegetation carbon pools.  The difference in model behavior appears to 

stem from the response of LPJ to CO2 enrichment: the productivity enhancement 

generated by LPJ is enough to compensate for conditions encountered during relative 

drought periods.  MC1, in contrast, is driven to minimize vegetation water losses.  The 

model will switch from one vegetation type to another under conditions of water 
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limitation.  Accordingly, there may not be the opportunity for a CO  enrichment effect 

to materialize (D. Bachelet, Oregon State University, personal communication).  

Predicted improvements in water-use efficiency (WUE) due to increases in atmospheric 

CO  have been demonstrated in some experimental systems, but not in others (Drake et 

al. 1997).  Therefore, it is difficult to conclude that the type of dynamics projected by a 

model like LPJ are a more accurate depiction of the future than those suggested by a 

model like MC1.   However, as noted earlier, LPJ has been tested against the Duke 

FACE experiment and demonstrated its ability to simulate correctly carbon dynamics 

under conditions of CO  enrichment. 

2

2

2

Based on a low correlation between net primary production (NPP) and a water 

balance coefficient, Churkina et al. (1999) concluded that water availability is not a 

primary driver of NPP estimated by the current generation of terrestrial ecosystem 

models, which includes VEMAP models BIOME-BGC, Century, and TEM.  For 

example, Century relies primarily on nitrogen availability to regulate carbon uptake and 

storage (VEMAP Members 1995).  In other models, environmental factors such as 

nutrient constraints, low temperature, and insufficient radiation appear to act as 

controls.  These conclusions are borne out in the current study where common water 

balance constraints yielded vastly different outputs of AET, presumably reflecting 

underlying differences in how the terrestrial ecosystem models account for water 

limitation on NPP.  

While we would have liked to have examined soil water content because of its 

direct bearing on the carbon cycle, this was not a variable generated by the terrestrial 

ecosystem models.  Moreover, this value could not be isolated by subtracting runoff and 

AET from precipitation.  As pointed out by Churkina et al. (1999), there is a disjunction 

between how water is accounted for in these types of models and NPP.  These terrestrial 

ecosystem models are parameterized in such a way that available soil moisture 

facilitates increases in leaf area during the growing season, effectively eliminating any 

stores of water in soil (Neilson 1995, S. Running, University of Montana, personal 

communication).  Observational data suggesting the terrestrial carbon sink in the U.S. 
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has been enhanced by increases in precipitation and humidity since 1900 demonstrates 

the importance of available moisture to land-surface processes (Nemani et al. 2002). 

While we focused our analysis on the combined experiment in which both 

climate and CO2 changed, a cursory examination of the results of the control experiment 

in which only temperature increased (results not shown) against those of the combined 

experiment indicated that the effect of increasing CO  on runoff was to decrease AET 

and increase runoff under some circumstances.  This result is in keeping with what one 

would expect from principles of plant physiology.  The greater availability of CO  in 

the atmosphere (increasing from 354 ppm in 1990 to 708 ppm in 2100) should have 

resulted in less water being lost by plant stomata per unit of CO  acquired (Farquhar et 

al. 1980).  The net effect of this enhanced water-use efficiency might have been 

increases in soil water that could have increased runoff.  However, because of 

feedbacks in the models, sometimes the net result of the improved vegetation water 

balance was to increase leaf area, which increased transpiration over time (S. Running, 

University of Montana, personal communication).  Whether these types of feedbacks 

will occur in the future is uncertain, though the literature is replete with papers 

suggesting that plants achieve a long-term equilibrium with climate (e.g., Stephenson 

1990, Eagleson 1982a, b, Rodriguez-Iturbe 2000).  The outcome may depend on 

whether the climate system stabilizes. 

2

2

2

Conclusions 
VEMAP models are just a handful drawn from a larger universe of terrestrial 

ecosystem models, and the Hadley and CCC climate scenarios on which the present 

study is based are just two of a multitude of possibilities.  Nonetheless, the 

intercomparison of model behavior based on common inputs provides a useful product 

in that it helps to highlight the circumstances under which models perform similarly and 

those under which model performance diverges.  In turn, those results can shape future 

research where uncertainties and lingering questions have been identified. 

Both GCMs generally projected increases in precipitation and these increases 

grew larger over time in the watersheds examined.  Both runoff and AET trends were 
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significantly positive over this same time period in the majority of watersheds.  In fact, 

runoff fluctuations exceeded those of the underlying precipitation changes.  This 

amplification was most pronounced in the driest watersheds.  LPJ was the most 

responsive of the four models in this regard, probably because of its high sensitivity to 

increases in atmospheric CO2.  The simple bucket models of Biome-BGC and LPJ 

produced a "flashier" runoff pattern than the more complex soil layers of Century and 

MC1.  Even though CCC was responsible for producing the greatest increases in 

precipitation in many of the watersheds, runoff tended to increase more under the 

Hadley scenario owing to larger increases in AET under the hotter CCC scenario. 

CO2 and maybe also temperature effects on AET via stomatal conductance, 

photosynthesis, plant respiration, growth, and vegetation dynamics were among the 

most important influences on the magnitude of response in the four models.  

Inextricably linked to these processes and dynamics was the feedback of site-available 

water.  Differences in runoff and AET between individual watersheds could probably be 

attributed to seasonality of rainfall and temperature changes, and to the type of 

vegetative cover present. 

  Much of the climate change research program is driven by the desire to learn 

about possible, future climate states.  Foremost on the research agenda are the possible 

impacts of climate change on fresh water supplies.  Because the trajectory of future 

greenhouse gas emissions remains unclear, climate modeling efforts have incorporated 

a range of policy assumptions and produced a great many potential climate scenarios; 

the likelihood of any one of these unfolding exactly as projected is slim.  However, the 

results presented here, in conjunction with other historical analyses and other studies, 

suggest that one outcome of precipitation change, irrespective of warming, may be 

amplification of streamflow.  Clearly, climate models must be refined before resource 

managers will have the capability to plan for an uncertain future. 
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CHAPTER THREE 

 

Assessing Land-Cover Change in Watersheds of the Hydro-Climatic 

Data Network: Application of the North American Landscape 

Characterization Project 
 

Abstract 
Imagery from the North American Landscape Characterization (NALC) Project 

was analyzed to detect land-cover changes in a watershed selected from the Hydro-Climatic 

Data Network (HCDN).  Watersheds included in the HCDN have been screened to 

represent “unimpaired” streamflow, that is, watersheds in which water management 

practices have remained constant through time so as to not alter mean monthly discharge.  

Implicit in this definition is the assumption that land cover is also relatively constant over 

the streamflow time series.  This study examined land-cover change from 1972 to 1992 in 

an Oregon watershed selected from the HCDN.  Five classes were attributed for each of 

the time periods: water/shadow, forest, grassland, shrubland, and barren.  Accuracy 

assessment was carried out for the 1992 imagery using digital orthophoto quadrangles and 

an overall accuracy of 0.80 was calculated while the KHAT value was 0.74.  In the absence 

of data to use for accuracy assessment of the baseline period, classifications of two pieces 

of overlap imagery constituting a mosaic of the baseline period were compared for 

consistency.  A post-classification change detection was carried out between the 1972 and 

1992 images.  Fifty-six percent of the pixels were unchanged over time.  The largest 

transitions occurred among the forest, shrubland, and grassland classes.  The L-THIA 

model of Purdue University was used to quantify the potential impacts on runoff of the 

magnitude of land-cover change detected here.  Runoff changed less than 5% over the 20-

year period examined.  This report summarizes recommended steps for applying NALC 

imagery to detection of landscape change in other HCDN watersheds.   
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Introduction 
It is widely recognized that many aspects of landscape pattern and change 

influence the geomorphology of watersheds and streams.  Human activity on the land 

surface can alter the timing, quantity, and quality of streamflow through replacement of 

natural vegetation with impervious cover, introduction of pollutants onto the land and 

into the atmosphere, and disturbance of riparian corridors.  Because the scale at which 

many of these types of alterations occur is large (i.e., 1 km or greater), scientists have 

turned to new tools and sources of data over the past decade to aid in understanding the 

nature of anthropogenic influences on the earth system, such as geographic information 

systems (GIS) and satellite imagery.  The science of remote sensing lends itself to the 

characterization and study of large-scale, land processes on the earth’s surface, and, 

increasingly, the ecological and hydrological processes that affect water resources are 

being characterized through the interpretation of remotely-sensed imagery and the 

analysis of pattern metrics derived from such imagery (Jones et al. 2000). 

At the same time, factors other than land-use and land-cover change are driving 

alterations to natural processes; foremost is the influence of climate change.  It is widely 

recognized that the earth’s climate is warming, and concurrent with these documented 

temperature shifts are changes in precipitation regimes.  Numerous studies have 

demonstrated increases in the frequency and intensity of precipitation over the U.S. 

(e.g., Karl et al. 1996, Karl and Knight 1998).  Streamflow in the U.S. also appears to 

be increasing concurrent with these changes in temperature and precipitation (Karl and 

Riebsame 1989, Leavesley 1999, Lins and Slack 1999, McCabe and Wolock 2002).  

To isolate the effects of climate change on processes requires that other 

confounding factors, such as land-use and land-cover changes, be held constant.  Slack 

and Landwehr (1992) attempted to do just that when they built the Hydro-Climatic Data 

Network (HCDN).  The HCDN consists of streamflow gauging stations with records 

retrieved from the U.S. Geological Survey's (USGS) National Water Storage and Retrieval 

System.  Only stations relatively free of confounding anthropogenic influences such as 

diversions, regulation of flow, or changes in watershed land use were included in the 
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database.  The HCDN data set contains the mean daily discharge for 1,571 sites across the 

continental United States.  The data set contains streamflow records collected between 

1874 and 1988, with an average station record length of approximately 48 years.  

Applications of the HCDN include those related to its stated goal of furthering our 

understanding of effects of climatic variation on watersheds in the U.S. (e.g., Lins and Slack 

1999, Groisman et al. 2001, McCabe and Wolock 2002).  In addition, it has been used in 

water balance studies of the U.S. (e.g., Sankarasubramanian and Vogel 2002, 

Sankarasubramanian and Vogel 2003), and most recently to validate projected runoff from 

terrestrial ecosystem models under climate change (Gordon et al. in press).   

USGS streamflow records included in the data base were those that met six criteria 

(Slack and Landwehr 1992), the most important of which was the requirement that mean, 

monthly discharge remain "unimpaired" over the period of record.  Impairments were 

defined as activities that would significantly alter the "natural" streamflow, such as 

diversions, dam placement, extreme ground-water pumping, and land-use changes.  An 

additional filter for inclusion in the data base was the personal expertise of long-time 

employees of the USGS District offices.  These individuals helped identify potential gauges 

and watersheds for inclusion based on what they knew of the land-use practices in the 

watershed.  Nonetheless, it is recognized that few of the HCDN watersheds are truly 

"unimpaired," as there are very few drainage basins within the U.S. that have not 

undergone changes of some sort (J. Slack, USGS, personal communication).  The relevant 

question becomes: how much can land-cover change in a watershed without significantly 

impairing streamflow? 

 To test this question requires data on the nature and extent of land-cover change in 

a watershed.  Satellite imagery lends itself very well to the study of landscape change over 

time. Fortunately, remotely-sensed imagery covering a twenty-year time period from the 

early 1970s to the early 1990s is available from the North American Landscape 

Characterization (NALC) project, a joint, multi-year research endeavor of NASA, EPA, 

and USGS expressly developed to assess landscape conditions over long temporal 

periods at large spatial scales (Lunetta et al. 1998, USGS 2000).  This time period 

coincides with large changes in land cover over many parts of the U.S.  The basic data set 
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produced by NALC comprises geometrically rectified triplicates of Landsat Multi-spectral 

Scanner (MSS) scenes: one from 1973 +/- one year, one from 1986 +/- one year, and one 

from 1991 +/- one year.  The coarse resolution of the imagery (60 m) is well suited to 

analyses spanning large spatial areas. 

 In addition to testing the null hypothesis of "no significant change" in land use and 

land cover in a HCDN watershed from 1972-1992, this study aims to provide a streamlined 

methodology that could be easily adapted by researchers interested in change detection in a 

wider array of watersheds.  One of the strengths of the NALC project is its seamless 

coverage of the North American continent.  The availability of spatially continuous 

imagery, along with its archival longevity, makes NALC data highly attractive to 

researchers.  However, the availability of more than 800 triplicates also means the image 

processing, analysis, and interpretation of data for a wide area can still be labor intensive.  

Hence, this study includes a discussion of various methods with the goal of providing a 

simple, yet robust, methodology. 

 

Methods 

REMOTE-SENSING INTERPRETATION 
 This study focuses on a watershed located in southwester Oregon (USGS station 

14231000 at Umpqua River near Elkton; Figure 3.1).  It is one of 13 watersheds for which 

HCDN data were used for validation purposes (see Chapter One and Gordon et al. in 

press).  This watershed runs from the coast inland to the east, and covers an area of 

approximately 12,134 km2 over predominantly forested and agricultural terrain.  HCDN 

records for this station start with the 1906 water year.  Additional descriptive information 

may be found in Table 1.2.  Results presented in this paper are based on interpretation of 

NALC imagery for this watershed.   

Four coregistered Landsat MSS scenes (path 46, row 30) obtained on September 

28, 1974, July 29, 1972, August 10, 1986, and August 10, 1992 were used for this analysis.  

Cloud cover was less than 10% for all scenes.  ERDAS IMAGINE software (version 8.5, 

Leica, Geosystems AG, Switzerland) was used for image processing and analysis.  An area 
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of interest (AOI) was selected for each scene using a vector map of eight-digit USGS 

hydrologic unit codes (HUCs).  The AOI corresponded to the watershed comprising three 

HUCs: 17100301, 17100302, and 17100303.  Because the 1970's MSS sensor had a 

different footprint from the later sensors, it was necessary to mosaic the 1972 and 1974 

images to complete the coverage of the watershed (Figure 3.2).  This was accomplished 

after the scenes had been radiometrically corrected by matching the histogram of the 

western scene (acquired in 1972) to the eastern scene (acquired in 1974).  The eastern scene 

covered the majority of the watershed.  The missing portion of the watershed taken from 

the western scene was appended onto the first scene and the edges blended using mean 

values.  The merged 1972/4 scene was used as the template for the two later scenes.  Single 

scenes from 1986 and 1992 covered the watershed (the latter included in Figure 3.3).  For 

all years, the acquired NALC scenes covered at least 95% of the watershed.  To cover the 

remaining 5% of the watershed would have required a third scene in the 1970s period and 

a second scene for each of the 1980s and 1990s period.  The error introduced by the 

addition of the extra scene for mosaicking and processing probably would have exceeded 

its marginal contribution to the overall study.  Moreover, visual interpretation of this area 

showed it to be consistently forested throughout the 20-year study period. 

Detailed information about the acquisition and post-processing of Landsat  (MSS) 

data for the NALC project has been published by Sohl and Dwyer (1998) and can also be 

accessed at http://eosims.cr.usgs.gov:5725/CAMPAIGN_DOCS/nalc_proj_camp.html.  

In general, NALC triplicates comprise Landsat MSS scenes with an instantaneous field of 

view corresponding to 79 m on the ground.  These scenes have been resampled using 

cubic convolution to 60-m resolution, co-registered to a corresponding digital elevation 

model (DEM), and projected in Universal Transverse Mercator (UTM).  Image-to-image 

registration resulted in RMSE of 0.5 pixels or less, making the scenes suitable for change 

detection.  The present study relied on MSS bands 1 to 4. 

Because the images analyzed were derived from different satellite sensors over a 

long period of time, the method of choice for land-cover analysis was post-classification 

change detection.  I relied on a combined unsupervised and supervised classification 

method (hybrid classification).  The procedure consisted initially of unsupervised spectral 
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clustering of the satellite image based on the ISODATA clustering algorithm (Duda and 

Hart 1973), with specifications to generate 100 classes at the 0.98 convergence threshold.  

In general, the more classes specified the fewer that will be spectrally mixed.   Another 

study involving NALC data used 60 classes, which required resolving mixed classes 

(Kepner et al. 2000).  Signatures produced by the unsupervised classification were 

examined for spectral separability using transformed divergence as the metric.  After 

elimination of classes with poor separability, 36 classes remained.  A supervised 

classification was then run using those 36 signatures.  Attribution of the scene using visual 

interpretation resulted in five classes (Table 3.1).  It is a challenge to attribute NALC data 

into more than six classes without detailed ancillary data given its coarse resolution (C. 

Edmonds, U.S. EPA, personal communication).  For example, the spectral signatures of 

urban areas and fallow agricultural fields are nearly indistinguishable from Landsat MSS 

imagery (Guindon and Edmonds 2002).  This study did not include an urban/developed 

class partly because of this limitation of the data, but also because such areas were not 

apparent in the imagery. 

Ancillary information from the "Digital map file of major land uses in the United 

States" (Hitt 1991) and from the National Land Cover Data (NLCD) 1992 (Vogelmann et 

al. 2001) was used to help attribute classes.  The former classifications were based on high-

altitude aerial photographs taken in the late 1960s, and published as very coarse-scale maps 

in the 1970 National Atlas of the United States of America (USGS 1970).  The latter were 

derived from 1992, 30-m resolution Landsat Thematic Mapper data with an Anderson 

Level I accuracy of 83% in this region (L. Yang, USGS, unpublished data).  Land cover and 

land uses readily identified in this watershed over the time period of interest using these 

data sets include: (1) forest and woodland, mostly ungrazed; (2) woodland and forest with 

some cropland and pasture/hay; (3) cropland with grazing land (i.e., grasslands/herbaceous 

cover); and (4) irrigated land.  Evergreen forest has been the predominant vegetation type, 

though mixed forest is present.  Agricultural uses have been the second-most dominant 

land type.  Other specific land-cover classes present to a much smaller extent include: (1) 

residential; (2) commercial/industrial/transportation; (3) open water; (4) bare rock/soil; 

and (5) shrubland. 
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Of interest in this study are the changes between the date of first acquisition, 1972 

and 1974, and the third component of the triplicate from 1992.  Change was detected by 

comparing the 1972/4 composite to the 1992 scene as well as comparing the 1972/4 

composite to the 1986 scene and then comparing the 1986 scene to the 1992 scene.  The 

objective was to quantify land-cover change in the targeted watershed and to evaluate the 

utility of MSS data to detect these types of changes.  In this study, the term land cover 

refers to both human-derived and natural land covers. 

Only the results of changes in land cover between 1972/4 and 1992 are reported 

here, as the overall changes are the focus of this study.  Results of the change detection are 

summarized as total land area (hectares) and percentage of land area of each cover type 

converted from its initial to its final state.  Post-classification comparison was performed 

pixel-by-pixel and change detection matrices were produced.  Comparison of 

independently classified scenes from various acquisition dates and multiple sensors helps to 

minimize radiometric calibration differences.  However, the accuracy of the derived 

change-detection product is wholly dependent on the accuracy of the initial classification 

products. Due to the absence of reference data, no attempt was made to assess. 

independently the accuracy of the 1972/4 data.  Because the 1972 and 1974 images 

overlapped, a comparison of independent classifications of an inter-scene overlap region 

was undertaken as a form of accuracy assessment (Guindon and Edmonds 2002).  The 

western 1972 scene was classified and attributed using the hybrid approach described 

earlier (this portion of the western scene was not part of the 1972/4 mosaic).  Its classes 

were compared to the output of the hybrid classification of the eastern 1974 scene via a 

change detection (this portion of the scene was represented in the mosaic). 

Digital orthophoto quadrangles (DOQs) or quarter quadrangles (DOQQs) were 

used in accuracy assessment of the 1992 NALC scene.  These were grayscale images 

originally acquired in 1994 at a scale of either 1:12,000 for 3.75-minute quarter quadrangles 

or 1:24,000 for 7.5-minute quadrangles that had been orthorectified.  DOQs from four 

areas were sampled to represent potentially different land covers.  The scene was 

divided approximately into thirds from west to east, and the middle section was further 
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divided into north and south portions.  A scene was arbitrarily selected to represent each 

of the four areas. 

Reference points for use in the accuracy assessment were selected from the 

DOQs by stratified random sampling to minimize undersampling of small classes.  A 

total of 250 sample points were collected from all the DOQs.  To ensure adequate 

representation of the smallest classes, a minimum of five samples per DOQ for each 

class was specified.  However, not all DOQs had all classes represented so the final 

number of samples collected for the two most rare classes, water/shadow and barren, 

fell short of the desired minimum. Sample points from the classified maps were 

collected using a five-majority rule on a 3 x 3 pixel window.  Identification of reference 

point land cover relied on visual interpretation of the area at and near the point, taking 

into account the differences in scale of the DOQs (1 m) and the NALC imagery (60 m).  

Accuracy assessment is an essential tool for evaluating the quality of 

information derived from the classification of remotely-sensed imagery (Congalton and 

Green 1999).   The validity of the land-cover change detection depends upon identifying 

the types and sources of error.  An error matrix summarizing user's, producer's, and 

overall accuracy was generated for each of the classifications (Story and Congalton 

1986).  Overall accuracy was computed by dividing the total number of correct pixels 

(down the major diagonal of the error matrix) by the total number of pixels in the error 

matrix.  To determine "user's accuracy" of individual classification categories (i.e., the 

probability that a pixel classified from the scene represents that category on the ground), 

the number of correct pixels was divided by the total number of row or classified 

category pixels.  "Producer's accuracy" (i.e., the probability that a reference sample will 

be correctly classified) was calculated by dividing the number of correct pixels in a 

category by the total number of column or reference data pixels.   

The Kappa coefficient of agreement, or KHAT, which measures the agreement 

between the classified and reference data corrected for chance agreement, was also 

calculated (Jensen 1996).  A value greater than 0.70 represents strong agreement.  A 

minimum sample size of thirty points per class is generally recommended for a valid 
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accuracy assessment for that particular class. Some of the rarer classes fell below this 

recommended minimum sample size even with stratified random sampling as noted above. 

ASSESSING LONG-TERM IMPACTS OF LAND-USE CHANGE ON RUNOFF 
A Long-Term Hydrologic Impact Assessment model (L-THIA) has been 

developed as an analysis tool that can provide estimates of changes in runoff resulting from 

land use changes (Bhaduri et al. 2001, Grove et al. 2001, Pandey et al. 2001; Engel et al. 

2003). The model gives long-term average annual runoff for a land-use configuration, 

based on actual long-term climate data for that area.  Identified changes to land cover 

resulting from the remote-sensing analysis were coupled to the L-THIA model to provide 

insight into the relative hydrologic impacts of different land-use scenarios.  Required inputs 

to the model included geographic location and size of land parcel, hydrologic soil group 

types (estimated from the Douglas County, OR map; Figure 3.4), and percentage cover by 

land type (e.g., forest, pasture, agricultural).   Model output is based on computations of 

daily runoff obtained from 30 years of climate records, soil data, curve number (CN) value 

and land use of the area.  The model is based on the Soil Conservation Service's CN 

method, which is a core component of many traditional hydrologic models, with added 

simplifications: (i) it neglects the contributions of snowfall to precipitation, (ii) it neglects 

the effect of frozen ground that increases stormwater runoff during cold months, and (iii) 

it neglects variations in antecedent moisture conditions.  Also, ground water contributions 

to streamflow are not incorporated into the model; hence, the model may underestimate 

streamflow. 

Two hydrologic soil groups, B and C, are dominant in this watershed (Figure 3.4).  

Soil group D was not included in the modeling exercise because of its very localized nature. 

Descriptions of the soil groups are in Table 3.2.  Runoff curve numbers were set as either 

default values or specified by the user (Table 3.3). 
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Results 

ATTRIBUTION 
Five classes were derived from the hybrid classification of the 1972/4 and 1992 

scenes (Figure 3.5).  These classes summarize the spectral information of the raw NALC 

imagery in which absorptive surfaces such as closed-canopy forest and water appear dark 

while reflective substrates such as soil or sparse vegetation appear bright (Figure 3.3).  In 

both scenes, forest was the dominant cover type, followed by either shrubland (early scene) 

or grassland (later scene) (Table 3.4).  Independent attribution of the overlap swath 

produced very similar, though not identical, values for the two scenes (Figure 3.6 and Table 

3.5).  Total forest cover in the two scenes was nearly the same and it was the dominant 

cover type in both scenes.  However, more water/shadow pixels were identified in the 

eastern scene, a function of the more mountainous and forested terrain in portions of that 

scene outside the overlap region.  Remote sensing of vegetation in rugged areas is strongly 

affected by topography because solar reflectance is a function of the incidence angle of the 

incoming radiation, which is determined by the solar zenith angle and slope, and the 

exitance angle, which is dependent on slope and sensor position (Vincini et al. 2002).  

Much of the shadow class fell in forested areas.  Shadow may also have been exacerbated 

in the 1974 scene because it was acquired in late September, two months further from the 

summer solstice than the 1972 image.  A large proportion of the water/shadow class was 

probably forest in actuality.  Shrubland pixels were second-most numerous in both scenes, 

followed by grassland.  Differences in the attributions of the overlap swaths indicate that 

some error was introduced by mosaicking the two scenes together, but considering that the 

western scene represented about 12% of the overall mosaic (Figure 3.2), the amount of 

error was probably small. 

ACCURACY ASSESSMENT  
In the absence of aerial photographs to use for an accuracy assessment of the 

1970s scenes, areas of overlap were independently classified using a portion of the western 

scene that was otherwise discarded in the mosaicking process.  Sixty-seven percent of the 

pixel classifications matched between 1972 and 1974 (Table 3.6).  Of the 33% that did not, 
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the majority were pixels that were classified as water/shadow in the eastern scene and 

forest in the western because of the presence of greater shadow in the former, or pixels 

whose identity shifted between forest, grass, or shrub.  If all of the pixels classified as 

water/shadow in the eastern scene that appeared to be vegetation in the western scene 

were assigned to their western category, the overall consensus between the two overlap 

swaths would rise to 75%.  Of the remaining 25%, some, but probably not all, were 

misclassified.  Under ideal conditions of identical acquisition parameters, one could expect 

100% agreement between two attributions in areas of overlap.  However, these two scenes 

are two years and two months apart.  Hence, there is the possibility of land-use differences 

between the two scenes, some stemming from seasonal activities.  Also, the greater shadow 

present in the eastern 1974 scene was likely the product of later acquisition date and 

possibly different acquisition time of day.  Finally, the pixel populations of the two scenes 

differed, which would have affected the clusters generated by the ISODATA routine. 

Overall accuracy of the 1992 classification as determined by comparison of the 

land-cover classification with the DOQs was 80% and KHAT was 0.74 (Table 3.7).  While 

the results were somewhat less accurate than the often-targeted range of 85% or greater, 

KHAT fell in the "strong association" range.  One source of error was confusion of the 

water/shadow and forest classes.  It is likely that the six pixels identified as forest in the 

reference data, though classified as water/shadow, were indeed forest (35%) as noted 

previously.  If properly classified using a technique such as "cluster busting" (Jensen et al. 

1997) to disaggregate the spectral confusion, user's accuracy of that class, as well as the 

overall accuracy, would have been higher.  Another proportionately large source of error 

occurred because of confusion of the barren and grassland classes.  While 94% of barren 

sites were classified as barren, only 50% of sites so classified were actually that category; 

another 36% were grassland.  Some of this error may have resulted from the DOQs.  The 

exposure of the black and white photographs resulted in "washed out" areas that could 

have been either grassland or barren on the ground.  Error may have also resulted from the 

offset of dates: DOQs were acquired two years after the last NALC scene.  An area might 

have been bare in 1992, but vegetated in 1994.  Finally, it should be remembered that 

accuracy assessment, like attribution, is a subjective process involving visual interpretation 
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skills. Without ground-truthed information acquired from site visits for visual calibration of 

DOQ-based land-cover maps, one can only make a "best guess" as to land cover type. 

Fortunately, the largest errors occurred in the two most rare classes, water/shadow 

and barren together covering 3.5% of the watershed, suggesting that the overall utility of 

the attribution was high for the stated goals of the project (Table 3.7).   In addition, a 

comparison of user's and producer's accuracy for the three largest classes implies that the 

classification scheme was able to reliably identify the category of land cover as it existed in 

the 1990s, although land area was omitted from those same categories at a higher rate than 

targeted. 

CHANGE DETECTION 
Main diagonal values of the change detection summary matrix indicate that 56% of 

the pixels were unchanged from 1972/4 to 1992 (Table 3.8).  Another 1% were classified 

as water/shadow in the 1972/4 scene and something else in the later scene.  An even 

smaller number were classified as water/shadow in 1992 after being "transformed" from 

some other category.  These "shifts" from water/shadow to other classes and vice versa 

were probably artifacts of the inability to separate water from shadow classes. Moreover, 

these "transitions" could reflect spectral differences emerging from differences in the 

months of image acquisition, or sensor differences (Landsat 1 compared to later sensors).   

The largest category shifts occurred in the transitions from shrubland to forest 

(14%), forest to shrubland (8%), forest to grassland (6%), grassland to forest (4%), 

shrubland to grassland (4%), grassland to shrubland (2%), and barren to grassland (<2%).  

All other transitions affected less than 1% of pixels.  Spatially, changes appeared to be 

concentrated in the western and central sections of the watershed (Figure 3.7).  Changes to 

these various land-cover classes would generally reflect land-use activities such as timber 

harvesting, brush clearing, and re-planting, or even fire. 

Some classes present in NLCD 1992 were absent from the NALC classification, 

including residential and commercial/industrial/transportation.  These classes either had 

too small a footprint to be distinguished in the NALC scenes (e.g., one or two, 30-m-pixel-

wide roads in the NLCD) or had a spectral signature indistinguishable from that of other 
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classes (e.g., residential development in the NLCD that appeared to be dominated by 

vegetative cover in NALC pixels).  Urbanization does not appear to be a major factor in 

this watershed over the 20-year period examined. 

ASSESSING LONG-TERM IMPACTS OF LAND-USE CHANGE ON RUNOFF 
Relative impacts to streamflow from land-cover changes were estimated using the 

L-THIA model.  Applying the model to the two classifications of the overlap region 

yielded a total annual volume of runoff (m3) that differed by approximately 5% (Table 3.9).  

Therefore, runoff was not very sensitive to possible errors propagated by misclassifications 

in the overlap region.  In a second simulation, the “excess” water/shadow of the eastern 

scene (compared to the western scene) was re-allocated to forest based on the rationale 

that shadow was most likely associated with forested areas.  In this instance, the increase in 

forest cover to almost 49% from 41% of the eastern scene overlap region yielded an 

increase of runoff of under 2% (Table 3.10). 

A test of the potential impacts of land-cover change between 1972/4 and 1992 on 

runoff was carried out in which forest and shrubland cover types were allocated between 

hydrologic soil groups B and C using a visual approximation method.  Two thirds of forest 

cover was allocated to soil group B and one third to soil group C.  Shrubland was evenly 

split between the two soil group types.  Runoff increased less than 5% from 1972/4 to 

1992 based on the change map (Table 3.11).  To test the sensitivity of these results to 

assumptions of land cover relative to soil groups, a second simulation in which 75% of 

forest cover was assigned to soil group B and 25% to soil group C was run.  The overall 

change in runoff was still an increase of just under 5% (Table 3.12). 

A final test of runoff sensitivity to land-cover classification and changes over time 

was run in which forest cover allocations to the two soil groups shifted over time.  

Examination of Figures 3.4 and 3.7 suggests that forest increased to a similar degree over 

both soil groups.  Nonetheless, the model was run using a 67-33% allocation to soil groups 

B and C, respectively, in 1972/4, and a 75-25% allocation in 1992.  Under this scenario, 

runoff was essentially unchanged over the 20 years (Table 3.13). 
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Discussion 
 Analysis of human impacts on natural streamflow is made difficult by the 

interannual variability of climate and by the presence of geomorphic forces that gradually 

alter the nature of watersheds.   After climatic conditions, the next-largest influence on 

streamflow is the landscape including geomorphology, soils, and vegetation.  Surface soils 

mediate infiltration and evapotranspiration.  The influence of soil types on hydrology has 

been denoted by the hydrologic soil classification of A, B, C, or D, ranging from quite 

permeable sands to rather impermeable clay (USDA Soil Conservation Service 1964).  

Vegetation helps structure streamflow by its role in precipitation interception, interaction 

with soil, and infiltration and evapotranspiration.  Human alterations of the land surface 

and vegetation through processes such as deforestation, conversion to agriculture, and 

urbanization can alter both the timing and amount of streamflow.  The effects of these 

alterations can be difficult to predict over large areas as the landscape is fragmented into 

patches and land-use types are interspersed.  Runoff or overland flow from one patch may 

infiltrate the soil of the next downslope patch depending on land use, soil properties, and 

microclimatic conditions.  Nonetheless, the effects of vegetation changes on streamflow 

are often temporary because the replacement vegetation acts similarly on a watershed's 

water balance (Saxton and Shiau 1990). 

 This study lends credence to the idea that impacts of vegetation change on 

streamflow may be slight, and that streamflow in this watershed remained “unimpaired” 

over the study period.  Even with land-cover changes approaching 44% of the watershed 

runoff was predicted to have held relatively steady (within 5% change) from 1972/4 to 

1992.  The sensitivity experiments executed with the runoff model suggested that land-

cover changes in the future would have to be more dramatic than in the past to alter 

streamflow significantly.   

The results also suggest that low classification accuracies reported for some classes 

probably did not disproportionately influence the runoff results.  Low classification 

accuracies are not uncommon in regions with heterogeneous and highly interspersed land-

cover types (Skirvin et al. in press).  This patchiness may arise from edaphic variability, 

climatic and micro-climatic effects, and land-use effects.  Even though forest was the 
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dominant land cover, the DOQs made it clear that the landscape was very heterogeneous 

and that classifying 60-m pixels is challenging work (Figure 3.8).  

 Detection of land-use change using NALC triplicates presents its own challenges.  

Factors that complicate the interpretation of changes over time include the use of five 

different Landsat MSS sensors over the twenty-year period, variations in acquisition 

conditions, and differences in phenology.  One of the primary objectives of the NALC 

project was to minimize the errors these fluctuations introduce into the analysis of long-

term change using these scenes (Yuan et al. 1994, Sohl and Dwyer 1998).  Nonetheless, 

analysis of the scenes may have been hampered by these types of issues.  The detection of 

change using this imagery is complicated by spectral changes linked to temporal differences 

in the images. In this Oregon study area there was a two year and several month (July vs. 

September) gap between two images that formed a mosaic for the 1970s coverage, and 

probable differences in vegetation condition stemming from different climatic conditions, 

which can influence spectral reflectance.  The decision to mosaic two or more scenes 

introduces errors that might arise from classifying scenes from different epochs (Brown et 

al. 2000).  The later scene used in the change detection was from the month of August, 

rather than July or September, introducing additional variability into the classification 

process. 

On top of possible phenological differences stemming from different months of 

scene acquisition, this watershed appears to exhibit cyclic behavior due to its land uses as 

concluded from a review of the two time periods studied here and the 1986 scene (data not 

shown).  Agriculture, grazing, and timber activities lead to ever-shifting patches on the 

landscape.  An area might be clear-cut in one scene, and be in a state of forest re-growth in 

another.  A field could be irrigated in one scene and fallow in the next.  Thus, reported 

changes must be viewed through the lens of this shifting mosaic (Mertens and Lambin 

2000).  In fact, certain land-use practices such as timber harvest and grazing, which are 

linked to degradation of natural vegetation, may be undetectable from Landsat satellite 

imagery (Yuan et al. 1998). 

Error possibly entered into the analyses during various steps.  The comparison of 

the overlap swath of the 1972 and 1974 scenes demonstrated that the two were not 
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identical.  In addition to real differences in land use between the two scenes, user error in 

the classification of the mosaicked image probably introduced additional error.  

Quantification of the classification error was produced by the accuracy assessment of the 

1992 scene, but again, that process introduced its own errors by comparing a 1992 map 

with 1994 aerial photographs.  In the end, there is a subjective component of image 

analysis.  The user must determine whether the end product seems appropriate for 

answering the question of interest, recognizing that error introduced in post-classification 

change detection may exceed the actual change in land cover.  Steps inherent in generating 

a change detection map may generate change even under circumstances of limited 

anthropogenic influence because of phenological and reflectance discrepancies arising from 

climatological differences at the time of scene acquisition. 

It is also important to remember that while the first scene serves as a baseline in 

this study, it is an arbitrary demarcation in time.  The Oregon watershed serves as an 

excellent example in this regard.  In the absence of a monotonic progression of landscape 

change in time and space, and against a backdrop of cyclical land-use behaviors, it is not 

possible to reject the null hypothesis of no significant change in land cover.  However, in a 

watershed exhibiting an increase in the areal extent of certain land uses (e.g., agricultural 

expansion) or the introduction of new land uses (e.g., urban or suburban development 

where there was none), and the concomitant decrease in the areal extent of other land uses, 

the fact that the first scene acquired in a series may be arbitrary in time becomes less 

relevant.   

Other methods such as differencing and the use of vegetation indices such as the 

normalized difference vegetation index or NDVI are frequently integrated into studies of 

land-use change (e.g., Green et al. 1994, Lyon et al. 1998, Lunetta et al. 2002).  Differencing 

is often recommended over post-classification techniques because the process generally 

introduces fewer errors since multi-temporal classifications are not required.  However, 

differencing is difficult to interpret, especially if the user is interested in specific to/from 

change categories (Green et al. 1994).  Unless ancillary data are available to incorporate as 

training data for a supervised classification, one may do no better than identifying broad-

scale shifts such as increases and decreases in vegetation.  For the application considered 
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here, post classification is probably the preferred option.  Vegetation indices are a 

convenient shorthand for summarizing ecosystem processes and can be used to detect 

land-cover changes.  However, their use introduces a new set of challenges because of 

differential sensitivity to background properties such as substrate, topography, or 

phenological conditions (as discussed in Kerr and Ostrovsky 2003). 

The current study has relevance not only to past research that has relied on the 

HCDN data base but also to the continued use of the data base, and the broader issue of 

long-term monitoring of the climate system for the fingerprint of climate change.  As 

noted earlier, the HCDN is a popular tool for examining hydroclimatological processes and 

the detection of changes that have occurred to them during the 20th century.  

Demonstrating the long-term viability of HCDN as a set of reliable observations against 

which scientists can continue to examine the impacts of climate change is crucial.  The 

climate change modeling community recognizes the needs for such long-term monitoring 

sites (Goody et al. 2002).  The interpretation of remotely-sensed imagery with both a long 

temporal record and covering large land areas, such as the footprint of the HCDN 

watersheds, is a tool that could be employed for the continued assessment and updating of 

the records.  The 1988 termination date of the HCDN is already 15 years shy of current 

climate observations.  Extension of the data base would serve the needs of the climate 

change community for validation records. 

An objective of this study was to demonstrate the feasibility of a streamlined 

approach to detecting and interpreting land-cover change in watersheds so that this 

approach could be adopted and applied to watershed interpretation on a larger scale.  The 

methodology described includes many steps in which analyst judgement is of paramount 

important.  It is difficult to fully automate remote sensing interpretation.  A skilled analyst 

is a necessity.  Nonetheless, the steps outlined could be easily adopted and modified to 

demonstrate the ongoing suitability of HCDN watersheds to a wide range of hydrologic 

and climatological investigations using not only NALC data, but also incorporating data 

from newer platforms such as Landsat 7.  

A second generation of the NLCD, to be called National Land Cover Data 2001 

(USGS 2003), is underway by the Multi-Resolution Land Characterization Consortium.  
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This new data set should prove to be of great interest to users pursuing the type of 

application outlined in this study because of the high resolution of the data (30 m), the 

mapped land cover classes, and its targeted accuracy.  The combination of NALC with 

NLCD 1992 and NLCD 2001 should prove to be a powerful tool for examining land-

use/land-cover change at high resolution across the U.S. over long temporal scales with a 

minimal investment of time. 

RECOMMENDATIONS 
Based on the steps executed in this project, the following are recommended steps 

for carrying out similar research in other watersheds: 

(1) Visually inspect NALC scenes or other imagery from the time periods of interest.  

Depending on scene similarity it may be possible to stop at this point and conclude 

that land cover has remained reasonably constant over time.  In this study, the 

NALC imagery from 1972/4 and 1992 looked remarkably similar.  The errors 

introduced in post-classification change detection may exceed the actual change in 

land cover. 

(2) Classify the most recent NALC scene first and use ancillary data such as NLCD 

1992.  Consider acquiring two sets of DOQs, one to aid in classification and one 

for accuracy assessment. 

(3) Consider matching the histogram of the earliest scene to the latest scene before 

classification.  The calibration of the Landsat 1 sensor was not as refined as that of 

the later sensors. 

(4) Use of middle scene from the 1980s may provide insights into the trajectories of 

land-use and land-cover change, but it is not essential to assessing the overall extent 

of change in a watershed. 

(5) When attributing scenes, think in terms of land-cover classes rather than land uses.  

The latter are difficult to infer from space whereas the former are spectrally 

distinguishable. 

(6) In the absence of photographs to use for accuracy assessment of the earlier scene, 

consider a comparison of independently attributed areas of overlap, recognizing 
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that errors will likely accrue from this process if the overlap scenes were acquired 

under different conditions. 
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     Table 1.1. Summary of Terrestrial Ecosystem Model Hydrologic Parameters. 
 

Model Time Step Soil Layers Soil Depth Evapotranspiration Snow Routine Baseflow 

BBGC Daily One Variable Penman-Monteith (1973) Yes No 

Century Monthly Up to 10 Variable Linacre (1977) Yes Yes 

GTEC Daily 12 Constant None No No 

LPJ Daily Two Constant Monteith (1995) Yes No 

MC1 Monthly Up to 10 Variable Linacre (1977) Yes Yes 

TEM Monthly One Variable Jensen-Haise (1963) Yes Yes 

 
Notes: Time step refers to the frequency with which the hydrologic models were updated.  The soil 
depth was either constant for each grid cell or was retrieved from the VEMAP soils data set.  The 
specification of evapotranspiration method does include stomatal processes that would have been 
calculated independently.  Snow routines modeled snowpack accumulation and melt.  Baseflow 
occurred when water reaching the bottom of the soil profile was siphoned from the water balance 
rather than being added to surface runoff.  Baseflow does not refer to the modeling of 
groundwater contributions. 
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Table 1.2. Location, climatic data, and descriptive information from the HCDN for watersheds 
used in validation. 

 
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 

     Record    Annual  Annual VEMAP 

Watershed HUC of   Elevation Length First Last Drainage Streamflow Rainfall Vegetation

Name Gauge Lat Long (m) (yrs) Year Year Area (km2) (mm/yr) (mm) Type 

NY 2050101 42.035 -75.803 475 75 1914 1988 5944 538.5 1041.4 5 

MS 3160101 33.489 -88.433 86 64 1900 1979 11549 502.5 1346.2 6 

WV 5050006 38.138 -81.214 820 111 1878 1988 23136 471.2 1117.6 7 

IA-1 7080205 41.971 -91.667 323 86 1903 1988 17581 176.7 795.02 13 

SD 10140204 43.748 -99.556 792 60 1929 1988 25682 18.5 431.8 17 

IA-2 10230003 42.472 -95.797 433 61 1919 1988 7203 103.1 711.2 18 

TX 12110106 28.736 -99.144 337 73 1916 1988 8904 14.5 584.2 14 

AZ-1 15010010 36.892 -113.92 1676 59 1930 1988 15467 14.0 406.4 11 

AZ-2 15040004 33.049 -109.3 2097 63 1914 1988 7270 26.7 459.7 21 

AZ-3 15060103 33.619 -110.92 1887 75 1914 1988 12315 65.6 558.8 10 

NV 16040101 40.607 -116.2 1966 81 1903 1988 13129 27.4 228.6 20 

MT 17010204 47.302 -115.09 1664 72 1912 1988 28228 236.8 457.2 4 

OR 17100303 43.586 -123.55 756 83 1906 1988 12134 551.1 1193.8 3 

 
Notes: Column 1 contains the station identifier used in the text.  Columns 3-5 describe the location 
of the streamflow gauge residing in the HUC identified in column 2.  Columns 6-8 pertain to the 
HCDN record for that gauge.  USGS water years start in October of the year prior to the one listed 
in column 7 and end in September of the year listed in column 8.  In a few cases, the length of the 
HCDN record listed in column 6 is shorter than that indicated by the start and end dates listed in 
columns 7 and 8 because of discontinuities.  Column 9 lists the total drainage area of the watershed 
whose streamflow is measured by the gauge identified in column 1.  Column 10 presents the mean 
annual streamflow of the watershed normalized to watershed area.  Column 11 lists the annual 
rainfall measured in the vicinity of the gauge, as reported in the HCDN.  Column 12 identifies the 
dominant VEMAP vegetation type in the watershed at the start of the experiment: 3=maritime 
temperate coniferous forest; 4=continental temperate coniferous forest; 5=cool temperate mixed 
forest; 6=warm temperate/subtropical mixed forest; 7=temperate deciduous forest; 10=temperate 
mixed xeromorphic woodland; 11=temperate conifer xeromorphic woodland; 13=temperate 
deciduous savanna; 14=warm temperate/subtropical mixed savanna; 17=C3 grasslands; 18=C4 
grasslands; 20=temperate arid shrublands; 21=subtropical arid shrublands. 
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Table 1.3. Pearson product-moment correlation coefficient r by watershed (top row) between each 
of the models (left column) and the HCDN observations. 

 
Model OR NY MS WV MT IA-1 IA-2 AZ-3 NV AZ-2 SD TX AZ-1 average

BBGC 0.92 0.74 0.88 0.84 0.37 0.67 0.70 0.65 0.40 0.54 0.72 0.53 0.46 0.65 

CENT 0.94 0.74 0.87 0.85 0.45 0.60 0.61 0.66 0.47 0.56 0.68 0.55 0.52 0.65 

GTEC 0.87 0.67 0.83 0.81 -0.08 0.49 0.44 0.45 0.17 0.43 0.64 0.50 0.40 0.51 

LPJ 0.88 0.67 0.74 0.76 0.60 0.56 0.60 0.61 0.54 0.51 0.36 0.12 0.39 0.57 

MC1 0.90 0.69 0.83 0.78 0.41 0.41 0.44 0.55 0.36 0.55 0.63 0.51 0.48 0.58 

TEM 0.93 0.58 0.88 0.84 0.78 0.68 0.63 0.78 0.69 0.68 0.57 0.38 0.56 0.69 

               

Average 0.91 0.68 0.84 0.81 0.42 0.57 0.57 0.62 0.44 0.55 0.60 0.43 0.47 0.61 

 
Note: The results are ordered by the mean annual HCDN streamflow starting with the wettest 
watershed on the left and ending with the driest on the right. 
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Table 1.4: Kendall's correlation of rank order τ by watershed (top row) between each of the models 
(left column) and the HCDN observations. 

 
Model OR NY MS WV MT IA-1 IA-2 AZ-3 NV AZ-2 SD TX AZ-1 average

BBGC 0.91 0.88 0.82 0.88 0.36 0.64 0.79 0.56 0.60 0.64 0.73 0.36 0.48 0.67

CENT 0.94 0.21 0.88 0.73 0.39 0.67 0.79 0.39 0.48 0.24 0.70 0.67 0.39 0.58

GTEC 0.82 0.70 0.64 0.64 -0.18 0.15 0.49 0.15 0.23 -0.03 0.61 0.39 0.52 0.39

LPJ 0.85 0.82 0.60 0.58 0.45 0.15 0.09 0.60 0.61 0.59 0.24 -0.32 0.50 0.49

MC1 0.82 0.18 0.85 0.61 0.27 0.52 0.64 0.24 0.52 0.18 0.64 0.67 0.33 0.50

TEM 0.94 0.33 0.91 0.97 0.61 0.67 0.61 0.48 0.52 0.55 0.70 -0.21 0.24 0.59

       

Average 0.88 0.56 0.78 0.74 0.32 0.47 0.57 0.40 0.49 0.36 0.60 0.33 0.41 0.54

 
Note: The results are ordered by the mean annual HCDN streamflow starting with the wettest 
watershed on the left and ending with the driest on the right. 
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Table 1.5: Mean absolute error (MAE) in mm/year. 
 
Model OR NY MS WV MT IA-1 IA-2 AZ-3 NV AZ-2 SD TX AZ-1 average

BBGC 19.52 35.28 21.52 20.89 18.33 8.69 7.44 5.48 1.93 2.41 1.38 6.30 1.52 11.59

CENT 20.66 23.44 16.47 12.82 15.79 10.15 6.96 4.82 1.96 2.90 2.04 4.05 1.48 9.50

GTEC 40.16 24.90 22.70 19.94 29.90 14.10 13.56 20.56 11.91 25.83 11.35 13.98 8.96 19.83

LPJ 37.04 32.91 25.31 23.55 16.03 12.98 8.17 4.58 1.93 2.03 1.41 1.24 1.33 12.96

MC1 32.02 23.42 20.25 14.76 19.30 14.29 11.80 9.27 3.26 6.90 4.76 9.57 2.32 13.22

TEM 22.41 26.62 18.28 18.64 9.78 7.70 6.06 3.45 1.98 1.50 1.25 1.24 1.02 9.23

       

Average 28.64 27.76 20.76 18.44 18.19 11.32 9.00 8.03 3.83 6.93 3.70 6.06 2.77 12.72

 
Note: MAE calculated as the sum of the absolute differences between each pair of observed (HCDN) 
and simulated runoff values (from one of the six models), divided by the total number of 
observations. The results are ordered by the mean annual HCDN streamflow starting with the 
wettest watershed on the left and ending with the driest on the right. 
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Table 1.6: BIAS estimator in mm/year. 
 

Model OR NY MS WV MT IA-1 IA-2 AZ-3 NV AZ-2 SD TX AZ-1 average

BBGC -8.23 -35.20 -20.02 -19.30 -7.28 -2.57 1.86 -1.02 -1.77 -0.38 -0.54 6.03 0.15 -6.79

CENT 15.22 -18.86 -7.69 -8.95 -0.59 -3.36 -1.07 0.56 -0.34 1.61 0.77 3.56 0.18 -1.46

GTEC 18.58 -12.69 4.01 -7.70 12.22 1.67 6.05 18.69 10.64 25.58 11.06 13.67 8.27 8.47

LPJ 16.77 -22.72 -17.46 -19.04 -3.91 -6.16 -2.41 -2.86 -0.95 -1.07 -1.08 -0.99 -0.57 -4.80

MC1 25.72 -7.73 2.77 0.32 9.17 1.31 4.65 6.15 1.51 6.32 3.76 9.24 1.20 4.95

TEM 19.16 -17.84 -15.75 -17.88 -0.05 -4.04 0.18 -2.07 0.99 -1.01 -0.84 -0.45 -0.78 -3.11

       

Average 14.54 -9.02 -9.02 -12.09 1.59 -2.19 1.54 3.24 1.68 5.18 2.19 5.18 1.41 -0.46

 
Note: BIAS calculated as the mean simulated runoff (from one of the six models) minus the mean 
observed (HCDN) runoff by watershed (top row).  The results are ordered by the mean annual 
HCDN streamflow starting with the wettest watershed on the left and ending with the driest on the 
right. 
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Table 1.7: Nash-Sutcliffe coefficient of efficiency. 
 
Model OR NY MS WV MT IA-1 IA-2 AZ-3 NV AZ-2 SD TX AZ-1 average

BBGC 0.69 -0.32 0.58 0.17 -0.57 0.19 -0.27 -0.55 -0.09 -0.86 -0.32 -5.48 -14.43 -1.64

CENT 0.50 0.33 0.74 0.62 -0.40 0.01 0.19 -0.03 -0.22 -1.16 -1.45 -2.54 -9.27 -0.98

GTEC -0.72 0.27 0.48 0.24 -2.34 -0.98 -2.69 -11.84 -27.34 -87.33 -58.57 -33.85 -216.70 -33.95

LPJ -0.30 -0.13 0.38 -0.06 -0.19 -0.84 -0.56 0.07 -0.14 -0.23 -0.11 -0.09 -5.37 -0.58

MC1 -0.13 0.41 0.68 0.55 -1.04 -1.04 -1.40 -2.59 -2.56 -9.74 -12.50 -15.41 -22.80 -5.20

TEM 0.47 0.13 0.65 0.29 0.53 0.32 0.27 0.49 -0.15 0.37 0.12 0.11 -0.56 0.23

       

Average 0.09 0.12 0.59 0.30 -0.67 -0.27 -0.49 -2.41 -5.08 -16.49 -12.14 -9.54 -44.86 -7.02

 
Notes: Nash-Sutcliffe (Nash and Sutcliffe 1970) is a dimensionless metric used to evaluate the 
performance of the models (left column) by watershed (top row). It is the ratio of the mean absolute 
error to the variance in the measured data, subtracted from unity.  NS ranges in value from minus 
infinity (characteristic of a poor model) to 1 (perfect model).  The results are ordered by the mean 
annual HCDN streamflow starting with the wettest watershed on the left and ending with the driest 
on the right. 
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Table 1.8: Rankings of model performance based on overall results from all 13 watersheds. 
 

Model Pearson r Kendall's 

τ 

MAE BIAS NS Rank by r, 

τ and MAE 

Rank by r, τ 

and BIAS 

Rank by r, 

τ and NS 

BBGC 2 1 3 5 4 2 3 2 

CENT 2 3 2 1 3 3 2 3 

GTEC 6 6 6 6 6 6 6 6 

LPJ 5 5 4 3 2 5 5 4 

MC1 4 4 5 4 5 4 4 5 

TEM 1 2 1 2 1 1 1 1 

 
Notes: Metrics are identified at the column heads. '1' corresponds to the best performing 
model. Pearson r measures the correlation between the observed and simulated runoff.  
Kendall's τ  is a rank correlation used here to assess the degree of congruence in seasonal 
patterns between observed and simulated values.  The measures of error, Nash-Sutcliffe 
(NS; 1970), mean absolute error (MAE), and bias (BIAS) were used to assess relative and 
absolute errors (see text).  The models were ranked (the last three columns) by averaging 
performance based on r, τ, and either MAE, BIAS, or NS. 
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Table 1.9: Rankings of watersheds based on ability of the ensemble of six models to simulate runoff. 
 

      Rank by r, τ  Rank by r, τ Rank by r, τ Annual 

Watershed r τ NS MAE BIAS and  NS and MAE and BIAS HCDN 

OR 1 1 4 13 12 2 2 1 1 

NY 4 6 3 12 13 4 9 10 2 

MS 2 2 1 11 10 1 2 1 3 

WV 3 3 2 10 11 3 4 5 4 

MT 13 13 7 9 3 12 13 12 5 

IA-1 7 8 5 8 5 6 10 6 6 

IA-2 7 5 6 7 2 5 5 1 7 

AZ-3 5 10 8 6 7 8 7 8 8 

NV 11 7 9 3 4 9 7 8 9 

AZ-2 9 11 12 5 8 10 11 11 10 

SD 6 4 11 2 5 7 1 4 11 

TX 12 12 10 4 8 13 12 13 12 

AZ-1 10 9 13 1 1 10 6 6 13 

 
Notes: Metrics are identified at the column heads.  All rankings are derived from averages of the six 
models. '1' corresponds to the watershed in which the ensemble of models was best able to 
reproduce observed patterns of runoff with the smallest errors.  Pearson r measures the correlation 
between the observed and simulated values in each watershed.  Kendall's τ  is a rank correlation used 
here to assess the degree of congruence in seasonal patterns between observed and simulated values.  
The measures of error, Nash-Sutcliffe (NS; 1970), mean absolute error (MAE), and bias (BIAS), 
were used to assess relative and absolute errors (see text).  The watersheds were ranked by averaging 
model performance based on r, τ, and either MAE, BIAS, or NS.  A ranking of the watersheds based 
on mean annual HCDN streamflow (with '1' being the wettest) is provided for reference. 
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Table 2.1. Summary of Terrestrial Ecosystem Model Hydrologic Parameters. 
 

Model Time Step Soil Layers Evapotranspiration Snow Routine Baseflow Photosynthesis 

BBGC Daily One Penman-Monteith (1973) Yes No Farquhar et al. 

1980, Leuning 1990 

Century Monthly Up to 10 Linacre (1977) Yes Yes Not explicit 

LPJ Daily Two Monteith (1995) Yes No Modified Farquhar 

MC1 Monthly Up to 10 Linacre (1977) Yes Yes Not explicit 

 
Notes: Time step refers to the frequency with which the hydrologic models were updated.  The 
soil depth was either constant for each grid cell or was retrieved from the VEMAP data set.  The 
specification of evapotranspiration method does include stomatal processes that would have been 
calculated independently.  Snow routines modeled snowpack accumulation and melt.  Baseflow 
occurred when water reaching the bottom of the soil profile was siphoned from the water balance 
rather than being added to surface runoff.  Baseflow does not refer to the modeling of 
groundwater contributions. 
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Table 2.2. Location, climatic data, and descriptive information for watersheds examined. 
 

(1) (2) (3) (4) (5) (6) (7) (8) 

  Annual VEMAP 

Watershed HUC of Elevation Drainage Rainfall Vegetation 

Name Gauge Latitude Longitude (m) Area (km2) (mm) Type 

NY 2050101 42.035 -75.803 475 5944 1041.4 5 

MS 3160101 33.489 -88.433 86 11549 1346.2 6 

WV 5050006 38.138 -81.214 820 23136 1117.6 7 

IA-1 7080205 41.971 -91.667 323 17581 795.02 13 

SD 10140204 43.748 -99.556 792 25682 431.8 17 

IA-2 10230003 42.472 -95.797 433 7203 711.2 18 

TX 12110106 28.736 -99.144 337 8904 584.2 14 

AZ-1 15010010 36.892 -113.92 1676 15467 406.4 11 

AZ-2 15040004 33.049 -109.3 2097 7270 459.7 21 

AZ-3 15060103 33.619 -110.92 1887 12315 558.8 10 

NV 16040101 40.607 -116.2 1966 13129 228.6 20 

MT 17010204 47.302 -115.09 1664 28228 457.2 4 

OR 17100303 43.586 -123.55 756 12134 1193.8 3 

 
Notes: Column 1 contains the station identifier used in the text. Columns 3-5 describe 
the location of the streamflow gauge residing in the HUC identified in column 2, while 
columns 6 and 7 pertain to descriptive data for that gauge (from the HCDN, Slack and 
Landwehr 1992).  Column 11 identifies the dominant VEMAP vegetation type in the 
watershed at the start of the experiment: 3=maritime temperate coniferous forest; 
4=continental temperate coniferous forest; 5=cool temperate mixed forest; 6=warm 
temperate/subtropical mixed forest; 7=temperate deciduous forest; 10=temperate mixed 
xeromorphic woodland; 11=temperate conifer xeromorphic woodland; 13=temperate 
deciduous savanna; 14=warm temperate/subtropical mixed savanna; 17=C3 grasslands; 
18=C4 grasslands; 20=temperate arid shrublands; 21=subtropical arid shrublands. 
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Table 2.3. Spearman's rank test coefficients for runoff trend detection. 

 
 NY MS WV IA-1 SD IA-2 TX AZ-1 AZ-2 AZ-3 NV MT OR 

BGCC-C -0.16 -0.27 -0.48 0.23 0.12 0.13 0.15 0.62 0.27 0.45 0.68 -0.25 0.49 

 * **** **** *** 0.085 0.068 * **** **** **** **** *** **** 

BGCC-H 0.29 0.23 0.23 0.42 0.18 0.33 0.15 0.44 0.49 0.52 0.47 -0.19 0.13 

 **** ** *** **** ** **** * **** **** **** **** ** 0.061 

CENT-C -0.16 -0.42 -0.67 0.34 0.28 0.26 0.24 0.62 0.39 0.53 0.62 0.17 0.66 

 * **** **** **** **** *** *** **** **** **** **** * **** 

CENT-H 0.59 0.29 0.41 0.57 0.22 0.49 0.30 0.43 0.35 0.42 0.37 0.22 0.39 

 **** **** **** **** ** **** **** **** **** **** **** ** **** 

LPJ-C 0.25 -0.19 -0.23 0.76 0.14 0.69 0.35 0.57 0.42 0.58 0.65 0.61 0.69 

 *** ** *** **** * **** **** **** **** **** **** **** **** 

LPJ-H 0.70 0.45 0.68 0.79 0.20 0.74 0.23 0.43 0.41 0.45 0.46 0.55 0.45 

 **** **** **** **** ** **** *** **** **** **** **** **** **** 

MC1-C -0.26 -0.32 -0.69 0.40 0.13 0.35 0.23 0.62 0.32 0.48 0.54 0.04 0.63 

 *** **** **** **** 0.056 **** *** **** **** **** **** 0.57 **** 

MC1-H 0.43 0.34 0.29 0.51 0.40 0.45 0.29 0.44 0.25 0.35 0.23 0.070 0.34 

 **** **** **** **** **** **** **** **** *** **** ** 0.314 **** 

 
Notes: Annual output from the 205-year time series were analyzed using Spearman's р.   
Coefficients and significance values are presented.  Hadley simulations are identified with an  
'H' and CCC with a 'C'. 
 
P < 0.05 * 
P < 0.01 ** 
P < 0.001 *** 
P < 0.0001 **** 
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Table 2.4. Spearman's rank test coefficients for actual evapotranspiration trend detection. 

 
 NY MS WV IA-1 SD IA-2 TX AZ-1 AZ-2 AZ-3 NV MT OR 

BGCC-C 0.18 -0.16 -0.24 0.81 0.42 0.82 0.24 0.70 0.54 0.63 0.74 0.64 0.81 

 ** * *** **** **** **** *** **** **** **** **** **** **** 

BGCC-H 0.57 0.47 0.50 0.68 0.37 0.55 0.34 0.42 -0.13 -0.22 0.57 0.53 0.65 

 **** **** **** **** **** **** **** **** 0.06 ** **** **** **** 

CENT-C 0.39 0.08 0.29 0.55 0.40 0.49 0.20 0.69 0.56 0.65 0.74 0.60 0.70 

 **** 0.28 **** **** **** **** ** **** **** **** **** **** **** 

CENT-H -0.08 0.51 0.34 0.21 0.38 0.36 0.25 0.41 -0.08 -0.06 0.58 0.36 0.45 

 0.24 **** **** ** **** **** *** **** 0.28 0.43 **** **** **** 

LPJ-C -0.27 -0.18 -0.43 -0.43 0.39 -0.07 0.21 0.69 0.52 0.60 0.73 0.13 0.20 

 **** *** **** **** **** 0.32 ** **** **** **** **** 0.06 ** 

LPJ-H -0.39 0.16 -0.40 -0.52 0.35 -0.19 0.26 0.45 -0.05 -0.02 0.54 -0.12 0.06 

 **** * **** **** **** ** *** **** 0.48 0.75 **** 0.10 0.37 

MC1-C 0.41 -0.03 0.24 0.47 0.41 0.43 0.17 0.69 0.58 0.67 0.77 0.62 0.70 

 **** 0.64 *** **** **** **** * **** **** **** **** **** **** 

MC1-H 0.42 0.50 0.59 0.53 0.41 0.49 0.23 0.38 -0.12 -0.09 0.63 0.43 0.44 

 **** **** **** **** **** **** *** **** 0.08 0.20 **** **** **** 

 
Notes: Annual output from the 205-year time series were analyzed using Spearman's р.   
Coefficients and significance values are presented.  Hadley simulations are identified with an  
'H' and CCC with a 'C'. 
 
P < 0.05 * 
P < 0.01 ** 
P < 0.001 *** 
P < 0.0001 **** 
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Table 2.5. Runoff ratios from CCC- and Hadley-based simulations. 
 

  CCC    Hadley    1951-1988
  BBGC Century LPJ MC1 BBGC Century LPJ MC1 Observed 

Watershed Decade % runoff % runoff % runoff % runoff % runoff % runoff % runoff % runoff % runoff 
OR 1961-90 34 55 57 64 34 55 57 64 55

 2025-34 33 59 63 65 32 58 58 65 
 2090-99 35 65 71 70 31 60 58 66 

NY 1961-90 11 30 26 41 11 30 26 41 54
 2025-34 8 29 22 39 11 35 30 42 
 2090-99 9 25 44 34 12 41 36 47 

MS 1961-90 20 31 23 41 20 31 23 41 34
 2025-34 11 14 5 27 20 29 26 39 
 2090-99 12 15 15 30 20 36 39 44 

WV 1961-90 21 32 21 41 21 32 21 41 46
 2025-34 15 20 14 30 20 33 30 41 
 2090-99 10 16 20 26 23 40 43 44 

MT 1961-90 20 31 26 46 20 31 26 46 32
 2025-34 16 28 28 42 18 33 33 47 
 2090-99 14 33 35 40 14 33 34 42 

IA-1 1961-90 19 18 16 24 19 18 16 24 22
 2025-34 18 20 24 25 21 21 29 26 
 2090-99 28 29 46 30 29 34 44 32 

IA-2 1961-90 17 12 12 21 17 12 12 21 16
 2025-34 15 11 15 21 18 13 18 22 
 2090-99 28 19 36 27 27 24 22 26 

AZ-3 1961-90 11 14 7 25 11 14 7 25 12
 2025-34 10 15 9 26 17 21 12 31 
 2090-99 21 26 23 35 34 31 23 40 

SD 1961-90 3 6 1 14 3 6 1 14 4
 2025-34 1 5 0 12 2 6 1 14 
 2090-99 3 7 3 15 2 5 4 12 

NV 1961-90 2 9 6 16 2 9 6 16 8
 2025-34 3 9 7 15 3 8 6 14 
 2090-99 8 20 19 23 6 11 15 15 

AZ-2 1961-90 5 10 3 22 5 10 3 22 5
 2025-34 4 10 3 21 10 16 8 27 
 2090-99 6 12 6 22 19 21 13 32 

TX 1961-90 13 9 0 20 13 9 0 20 2
 2025-34 12 9 0 20 13 10 0 20 
 2090-99 14 12 4 23 16 15 8 25 

AZ-1 1961-90 6 6 3 9 6 6 3 9 5
 2025-34 6 6 2 11 2 2 0 4 
 2090-99 21 25 20 28 10 10 5 15 

 
Notes: Runoff ratios calculated as percentage of precipitation allocated to runoff.  AET can 
be approximated by subtracting the runoff value from 100.   The watersheds are ordered from 
the wettest (top) to the driest (bottom) based on historical observations of streamflow.  
Observed runoff ratios come from Sankarasubramanian and Vogel (2003). 

 



Table 3.1.  Land-cover descriptions for the Oregon watershed. 
 

Water/shadow Water in this category includes perennial rivers and streams, with 

attached pools, as well as lakes, and ponds.  Shadows were spectrally 

indistinguishable from water.  Many of these shadows fell over 

mountainous, forested terrain. 

Forest Old-growth and secondary-growth forests, primarily conifers, 

frequently with closed canopies. 

Grassland/ 

herbaceous 

cover 

Areas that had likely been forested in the past but have been cleared 

and now support non-woody vegetation including agricultural uses and 

grazing.  Some of these areas may represent the earliest stages of 

successional growth. 

Shrubland/ 

woodland 

Vegetative communities dominated by forest re-growth.  These are 

areas that may have been previously logged, as well as abandoned 

agricultural and grazing lands in the process of succession. 

Barren A cover class representing rock outcrops, sand, and bare soil. 
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Table 3.2. Hydrologic soil group descriptions. 
 
Soil Group Description 

A Lowest runoff potential.  Includes deep sands with very little silt and clay, 

also deep, rapidly permeable loess. 

B Moderately low runoff potential.  Mostly sandy soils less deep than A, and 

loess less deep or less aggregated than A, but the group as a whole has 

above-average infiltration after thorough wetting. 

C Moderately high runoff potential.  Comprises shallow soils and soils 

containing considerable clay and colloids, though less than those of group D.  

The group has below-average infiltration after presaturation. 

D Highest runoff potential.  Includes mostly clays of high swelling percent, but 

the group also includes some shallow soils with nearly impermeable sub-

horizons near the surface. 

 
From U.S. Soil Conservation Service, National Engineering Handbook, Hydrology, Section 4, 
Part I, Watershed Planning (1964). 
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Table 3.3. Runoff curve numbers (CN)  
incorporated into L-THIA model simulations. 
 
 CN by soil group 

 B C 

Land Cover   

Water1 0 0

Forest2 55 70

Grassland3 61 74

Shrubland4 60 73

Barren5 86 91
 

1These were model default values. 
2These were model default values for woods in good condition. 
3These were model default values for pasture or range (not contoured) in good condition. 
4These values were set equivalent to woods in fair condition. 
5This land-cover category was set equivalent to fallow. 
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Table 3.4.  Comparison of 1972/4 and 1992 attributed land-cover classes. 
 

 1972/4 land cover 1992 land cover 

Classes % Hectares % Hectares 

Water/shadow 1 17536 < 1 12427 

Forest 57 704082 61 752878 

Grassland 15 181204 19 239804 

Shrubland 25 302442 16 196763 

Barren 2 27682 3 31075 
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Table 3.5.  Comparison of 1972 and 1974 attributed land-cover classes 
in the overlap region. 

 
 1972 land cover 1974 land cover 

Classes % Hectares % Hectares 

Water/shadow <1 3383 8 58185 

Forest 41 306175 42 308025 

Grassland 20 148033 15 105231 

Shrubland 35 262466 33 244765 

Barren 3 21349 3 25206 
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Table 3.6. Comparison of overlap swaths of 1972 and 1974 hybrid classification  
maps showing percent (hectares) agreement in bold down main diagonal and  

transitions between classes. 
 
 1974 Eastern Attributed Classes 

1972 Western 

Attributed 

Classes 

Water/ 

shadow 

Forest Grassland/ 

herbaceous 

Shrubland Barren 

Water/shadow 2.01 
(1167) 

0.46 

(1418) 

0.31 

(324) 

0.19 

(466) 

0.03 

(8) 

Forest 62.48 

(36356) 

78.63 
(241405) 

3.53 

(3715) 

9.88 

(24419) 

1.11 

(280) 

Grassland/ 

herbaceous 

15.18 

(8830) 

2.17 

(6671) 

73.28 
(76089) 

15.16 

(37344) 

77.67 

(19099) 

Shrubland 18.40 

(10707) 

18.67 

(58308) 

14.83 

(15602) 

72.32 
(176525) 

5.25 

(1324) 

Barren 1.93 

(1124) 

0.07 

(222) 

10.06 

(9500) 

2.46 

(6009) 

15.93 
(4494) 

  
Overall agreement = 0.67 
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Table 3.7. Accuracy assessment of hybrid classification of 1992 scene. 
 

  Reference data 

  water/ 

shadow 

forest grassland shrubland barren total 

Producer’s 

Accuracy 

User’s 

Accuracy 

class water/shadow 10 6 1 0 0 17 0.91 0.59

 forest 0 67 3 9 0 79 0.81 0.85

 grassland 0 1 67 0 1 69 0.77 0.97

 shrubland 0 8 4 41 0 53 0.79 0.77

 barren 1 1 12 2 16 32 0.94 0.50

 total 11 83 87 52 16 250  

  
Overall accuracy = 0.80 
Kappa coefficient of efficiency = 0.74 
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Table 3.8. Summary matrix of change detection between 1972/4 and 1992 classified  
maps based on hybrid classification. Percent (hectares) agreement in bold down  

main diagonal and transitions between classes. 
 

 1990’s Attributed Classes 

1970’s 

Attributed 

Classes 

Water/ 

shadow 

Forest Grassland/ 

herbaceous 

Shrubland Barren 

Water/shadow 19.87 
(3484) 

40.08 

(7028) 

25.42 

(4458) 

14.23 

(2496) 

0.40 

(69) 

Forest 0.83 

(5868) 

74.38 
(523700) 

10.39 

(73185) 

13.42 

(94515) 

0.97 

(6814) 

Grassland/ 

herbaceous 

1.23 

(2232) 

27.74 

(50274) 

49.79 
(90213) 

15.12 

(27396) 

6.12 

(11090) 

Shrubland 0.20 

(593) 

55.10 

(169677) 

17.27 

(52236) 

23.48 
(71017) 

2.95 

(8920) 

Barren 0.90 

(250) 

7.94 

(2199) 

71.21 

(19712) 

4.84 

(1339) 

15.11 
(4182) 
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Table 3.9. L-THIA output from land-cover classification scenarios using  

attributions of original western and eastern overlap regions. 
 

Land Use Soil 

Group 

Avg. Annual Runoff 

(m3) Western 

Avg. Annual Runoff  

(m3) Eastern 

Water N/a 0 0 

Forest B 3888499 3911918 

Grassland C 15792160 11226043 

Shrubland B 5999973 5595328 

Barren C 15671447 18502716 

Total  41352079 39236005 
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Table 3.10. L-THIA output from land-cover classification scenarios using original 
attribution of western scene and modification of eastern scene’s land-cover classes. 

 
Land Use Soil 

Group 

Avg. Annual Runoff 

(m3) Western 

Avg. Annual Runoff  

(m3) Eastern 

Water N/a 0 0 

Forest B 3888499 4607903 

Grassland C 15792160 11226043 

Shrubland B 5999973 5595328 

Barren C 15671447 18502716 

Total  41352079 39931990 

 
Notes: All but 3383 hectares of water/shadow pixels in eastern scene were re-allocated to 
forest in this simulation. 
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Table 3.11. L-THIA output from land-cover classification scenarios using  
attributions of 1972/4 and 1992 scenes. 

 
Land Use Soil 

Group 

Avg. Annual Runoff 

(m3) 1972/4 

Avg. Annual Runoff  

(m3) 1992 

Water N/a 0 0 

Forest B 5991035 6406236 

Forest C 17114680 18300827 

Grassland C 19330843 25582291 

Shrubland B 3456912 2249013 

Shrubland C 15364054 9995408 

Barren C 20320249 22810916 

Total  81577772 85344688 

 
Notes: Forest cover was split between B and C soil groups, 67 and 33%, respectively  
both years.  Shrubland was evenly split between B and C soil groups both years. 
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Table 3.12. L-THIA output from land-cover classification scenarios using  
attributions of 1972/4 and 1992 scenes. 

 
Land Use Soil 

Group 

Avg. Annual Runoff 

(m3) 1972/4 

Avg. Annual Runoff  

(m3) 1992 

Water N/a 0 0 

Forest B 6706387 7171196 

Forest C 12965633 13864212 

Grassland C 19330843 25582291 

Shrubland B 3456912 2249013 

Shrubland C 15364054 9995408 

Barren C 20320249 22810916 

Total  78144078 81673007 

 
Notes: Forest cover was split between B and C soil groups, 75 and 25%, respectively,  
both years.  Shrubland was evenly split between B and C soil groups both years. 
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Table 3.13. L-THIA output from land-cover classification scenarios using  
attributions of 1972/4 and 1992 scenes. 

 
Land Use Soil 

Group 

Avg. Annual Runoff 

(m3) 1972/4 

Avg. Annual Runoff  

(m3) 1992 

Water N/a 0 0 

Forest B 5991035 7171196 

Forest C 17114680 13864212 

Grassland C 19330843 25582291 

Shrubland B 3456912 2249013 

Shrubland C 15364054 9995408 

Barren C 20320249 22810916 

Total  81577772 81673007 

 
Notes: Forest cover was split between B and C soil groups, 67 and 33%, respectively  
in 1972/4, and 75 and 25% in 1992.  Shrubland was evenly split between B and C  
soil groups both years. 



86 

 



87 

Figure 1.2. Goodness-of-fit metrics, averaged across six models, per watershed, plotted 
against annual streamflow.  A: Pearson correlation between monthly simulated and observed 
runoff.  B: Kendall’s τ assessing differences in temporal pattern of monthly runoff.
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Figure 1.2 Continued. C: Mean absolute error vs. streamflow. D: BIAS vs. streamflow. 
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Figure 1.2 Continued. E: Nash-Sutcliffe coefficient of efficiency vs. streamflow.
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Figure 1.3. Monthly comparisons of observed and simulated runoff by watershed.
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Figure 1.3 Continued. Monthly runoff comparisons by watershed.
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Figure 1.3. Continued. Seasonal pattern of observed (HCDN) and simulated runoff (six 
VEMAP models) by watershed.  Monthly values are averages over entire time series.  Panels 
are ordered by mean annual observed streamflow from wettest (OR) to driest (AZ-1), 
moving down the left-hand column and then down the right-hand column of each page.
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Figure 1.4. Five-year moving average comparisons of models and observed data by 
watershed.
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Figure 1.4 Continued.  Five-year moving averages of runoff from each VEMAP model and 
observed HCDN data set by watershed calculated to smooth the data and make the trends 
more apparent.  Panels are ordered by mean annual HCDN streamflow from wettest (OR) 
to driest (AZ-1), moving down the left-hand column and then down the right-hand column 
of each page.
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Figure 2.2 (top) and 2.3 (bottom).  Multipliers indicate how much more (values greater 
than 1.0) or less (values less than 1.0) precipitation and runoff were generated in the 
decade highlighted compared to the baseline period of 1961-90.  Watersheds arranged 
from wettest on left to driest on right based on historical observations of streamflow. 
Missing LPJ value (bottom) for TX is 326 and AZ-1 is 13.7. 
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Figure 2.4 (top) and 2.5 (bottom).  Multipliers indicate how much more (values greater 
than 1.0) or less (values less than 1.0) precipitation and runoff were generated in the 
decade highlighted compared to the baseline period of 1961-90.  Watersheds arranged 
from wettest on left to driest on right based on historical observations of streamflow. 
Missing LPJ values for TX are 22 (top) and 631 (bottom). 
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Figure 2.6 (top) and 2.7 (bottom). Multipliers indicate how much more (values greater 
than 1.0) or less (values less than 1.0) precipitation and AET were generated in the 
decade highlighted compared to the baseline period of 1961-90.  Watersheds arranged 
from wettest on left to driest on right based on historical observations of streamflow.
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Figure 2.8 (top) and 2.9 (bottom). Multipliers indicate how much more (values greater 
than 1.0) or less (values less than 1.0) precipitation and AET were generated in the 
decade highlighted compared to the baseline period of 1961-90.  Watersheds arranged 
from wettest on left to driest on right based on historical observations of streamflow.
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