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Soil-Vegetation-Atmosphere-Transfer Schemes (SVATS) are used in global 

climate studies to simulate and help understand the complex interactions between the 

climate and the biosphere. There currently exists a multitude of SVATS of varying 

complexity differing in terms of the modeled physics and the manner and sophistication 

with which the processes are represented. This analysis uses systems-based multi-criteria 

techniques to investigate the performance and sensitivity of various SVATS and their 

parameters. Results indicate that, once complexity reaches a certain level, incorporating 

more physics does not necessarily result in improved simulations or reduced errors and 

that several parameters in the models are insensitive regardless of the input data (ie., 

vegetation type). To better understand SVATS performance in semi-arid regions, and to 

evaluate the various impacts of data on the parameter estimation problem, an iatensive 

calibration and validation study is undertaken. Findings show that calibrated parameters 

result in improved performance over default, proxy site parameters result in similar 

performance for many time periods, and there is a need to include wet periods with 

elevated latent heat to capture the variability of climatic conditions such as the monsoon 

and El Nino winters. Last, a preliminarily investigation of the performance of the BATS2 

model is undertaken to evaluate the capabilities to simulate carbon (along with energy 

and water) fluxes in semi-arid regions. Results show poor performance for carbon flux 

simulations and that improvements are needed to better represent C4 vegetation for semi-

arid regions. Future research will be directed toward integrated modeling (carbon, energy, 

and water) in semi-arid regions. 
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CHAPTER 1 

INTRODUCTION 

1.1 BACKGROUND 

Land-surface hydrology involves the study of processes describing the movement 

of water on the Earth's surface, from the land-surface to the subsurface, and from the 

subsurface to the surface to the atmosphere. These processes occur on several time scales: 

from hours to days to weeks, to longer decadal to interdecadal processes involving long-

term drought. Climate models and their coupling with lajnd-surface models, or Soil-

Vegetation-Atmosphere-Transfer Schemes (SVATS), attempt to simulate the present 

climate and to make predictions for future changes to climate. Modeling the complex 

interactions between the land-surface and the atmosphere involves an understanding of 

the observations, models, and equations that are formulated to describe the energy, water, 

and chemical interactions that occur. 

Due to philosophical or methodological differences, a multitude of SVATS of 

varying complexity currently exist, which differ both in terms of which physical and 

physiological processes are modeled and the manner and sophistication with which these 

processes are represented. More recently developed SVATS contain interactive 

vegetation canopies, enabling the simulation of carbon (and nitrogen fluxes) to and from 

the atmosphere (tor example, the SiB2 (Sellers et al., 1996), BATS2 (Dickinson et al., 

1998), and the NCAR LSM (Bonan, 1996)). To gain some insight into which of the 

SVAT models are more accurate and representative of the real-world processes, the 
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Project for Intercomparison of Land-surface Parameterization Schemes (PILPS) 

{Henderson-Sellers et al, 1993, 1995; Pitman et al., 1998) has sought to intercompare the 

performance of various SVATS in the context of field data. These intercomparisons have 

been performed based on what are called default parameters, which are also known as 

book values, because they have been previously obtained from the literature or 

experimental data. There is some question as to the validity of this approach when there 

is uncertainty in the parameter meanings within models and little or no calibration of the 

SVATS to the study sites. 

Gupta et al. (1998) presented a multicriteria methodology for the calibration of 

hydrologic models. The methodology was then extended and applied to the parameter 

estimation of SVATS in Bastidas (1998), Gupta et al. (1999b), Bastidas et al. (1999), 

Sorooshian et al. (1999), and Bastidas et al. (2(X)1). Results from these studies 

demonstrated that the use of multicriteria calibration procedures could lead to a 20-30% 

reduction in the root mean square error (RMSE) when compared to the traditional use of 

default or book values. The goal of the current work is to use the multicriteria procedures 

previously developed by Dr. Sorooshian's research group to achieve several objectives, 

including: 

(1) An evaluation of the performance, sensitivity, and behavior of models and 

their parameters across a range of vegetated biomes commonly used in land-

surface modeling studies. 
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(2) A rigorous calibration and validation analysis on the impact of data length, 

seasonality, and short-term climatic events for obtaining reliable, consistent 

parameter estimates in a land-surface model applied to semi-arid regions. 

(3) An investigation of the current carbon parameterization schemes available 

within land-surface models and evaluation of a specific scheme's (BATS2) 

simulation of energy, water, and carbon fluxes for semi-arid vegetation. 

1.2 DESCRIPTION OF RESEARCH TO BE UNDERTAKEN 

PART ONE 

Land-surface modelers are developing ever-more complex systems to simulate the 

Earth's dynamics. In general terms, complexity can be defined as an increasing number 

of physical descriptions being represented in the models and hence an increasing number 

of variables (or parameters) that must be estimated to describe these processes. Model 

comparisons are currently being undertaken under the PUPS program, with assigned 

default values for parameters being used in the models for simulations of land-surface 

fluxes. A question arises as to the adequacy of this procedure when comparing and 

evaluating the perfonnance of land-surface models at various vegetation sites across the 

Earth. Does the same general definition of the parameters hold true for all models, i.e., is 

the behavior similar between models? Does the physical meaning of parameters and 

sensitivity vary from model to model? There is clearly a need for a comprehensive 

sensitivity analysis of some of the current land-surface models in use, including an 

evaluation of the number of identifiable parameters and a study of their behavior within 
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these models. In this regard, several tools, including the Multi-Objective Generalized 

Sensitivity Analysis (MOGSA-UA) (Bastidas et al., 1999) and the Multi-Objective 

COMplex Evolution (MOCOM-UA) (Yapo et al., 1997) are used to evaluate and 

compare the sensitivity of the models at several study sites, to estimate parameters in the 

models for a comprehensive evaluation of model performance, and to investigate the 

behavior of several common land-surface model parameters within the various schemes. 

This analysis will provide some insight into the general sensitivity of the numerous 

parameters in the current land-surface models and will also shed some insight into the 

behavior and meaning of parameters commonly used within modeling schemes. Finding 

the appropriate parameter values and complexity level for specific biomes over the 

Earth's surface is crucial for continued improvement in the development of land-surface 

models. 

PART TWO 

Of the numerous experiments that have been carried out to facilitate the 

development and evaluation of land-surface models, few have used long-term data sets 

(greater than one or two years) or have been carried out in semi-arid regions, even though 

these regions are estimated to cover approximately one-third of the Earth's surface. The 

extent of semi-arid regions guarantees that they play a significant role in the world's 

energy and water balance. Understanding the interaction of the surface vegetation with 

climate and the in^jact on the hydrologic cycle is crucial for predicting the availability of 

water resources (i.e., groundwater and surface water sources) and for providing accurate. 
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long-term impacts of climate change on these hydrologically stressed regions. To better 

understand model performance in semi-arid regions, and to evaluate the various impacts 

of data on the parameter estimation problem, there is a need to undertake a rigorous 

calibration and validation analysis in order to study the effects of the length of data, 

seasonality, short-tenn climatic events, and data quality on estimates of model 

parameters. At issue is how land-surface models will perform in semi-arid regions where 

precipitation is the dominant mechanism of the surface energy balance and how to 

validate model performance across varying vegetation sites. The majority of land-surface 

models use little to no representation of semi-arid lands in their global simulations. In 

many models, the region is classified as bare ground, assuming no vegetation interaction 

with the atmosphere. The analysis has evolved from the proposed PIIJPS-2g experiment 

for semi-arid regions and wiU aid in the development of a calibration and cross-validation 

scheme for the intercomparison of land-surface models. 

PART THREE 

Recently, the land-surface community has been attempting to represent carbon 

flux parameterizations within the models currently being coupled with General 

Circulation Models (GCMs). Recent models have evolved to include plant and soil 

carbon and nitrogen processes, such as the plant photosynthesis (Ac) in SiB2 (Sellers et 

al., 1996) and plant and soil C processes in the NCAR-LSM (Bonan, 1995) and BATS2 

(Dickinson et al., 1998). Models which contain a djmamic vegetation model that responds 

to the changes occurring within the atmosphere will undoubtedly produce more reliable 



22 

simulations of terrestrial responses to climate change. However, most of the land-surface 

models studies have focused on C3 vegetation processes, mostly due to the hypothesized 

saturation of C4 plant species under elevated atmospheric carbon conditions. However, 

recent studies reveal that this may not be the case (Wand et al, 1999). These and other 

field studies demonstrate the need to have adequate modeling systems to represent the 

dynamics of both vegetation types (C3 and C4) for accurate prediction of ecosystem 

responses to future climate change and iacreasing concentration of atmospheric carbon. 

There has been a lack of testing of the few current carbon parameterizations available for 

C4 vegetation parameterizations, especially within semi-arid regions. There is clearly a 

need for an integrated model, and also capable of simulating water, energy, and chemical 

(carbon and/or nitrogen) fluxes to and from the land-surface, capable of being coupled to 

a climate model for simulation and prediction of the effects of climate change on semi-

arid regions. The focus in this study is on C4 vegetation types and which modeling 

systems, if any, are currently capable of reproducing the carbon fluxes in semi-arid 

regions, which are dominated by these species. A review of the current carbon 

parameterizations is presented, and a preliminarily investigation of the performance of an 

existing SVATS model, BATS2, was undertaken to evaluate the capabilities of the model 

to simulate carbon fluxes in semi-arid regions. 
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1.3 OBJECTIVES OF RESEARCH 

The objectives of the current research are to: 

• Investigate the general sensitivity of various SVATS or land-surface models through 

increasing complexity levels. This analysis will be undertaken across several biomes that 

are commonly used for intercomparison studies. 

• Assess the model performance of these same land-surface schemes using multicriteria 

calibration techniques. The hypothesis that an improvement in the physical representation 

of the processes (ie., more complexity) leads to improved simulations will be tested. 

® Perform an indepth parameter analysis of several specific parameters common to the 

land-surface models in use today. The goal is to better examine the behavior and meaning 

of several common parameters between modeling systems across several vegetation sites 

and assess the implications for assigning default values to the parameters for land-surface 

modeling. 

• Perform an indepth caHbration and vaUdation analysis at two long-term study sites and 

assess the ioapact of data length, seasonality, and short-term climatic events on providing 

reliable, consistent, parameter estimates within an operational land-surface model. 

® Provide an overview and analysis of the current carbon parameterizations within land-

surface models and evaluate the performance of a current carbon parameterization 

scheme within one of these models (BATS2) on several semi-arid vegetation sites. 
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1.4 ORGANIZATION OF THE DISSERTATION 

This dissertation is organized in the following manner: 

A compreliensive analysis of several common land-surface models is presented in 

Chapter Two. The MOGSA-UA and MOCOM-UA are used as tools to evaluate the 

performance and sensitivity of models and their parameters across a range of study sites 

(various land cover and soil types) used in land-surface modeling studies. 

The sensitivity analysis of land-surface models with an indepth look at specific 

parameters and their behavior from model to model is described in Chapter Three. Seven 

parameters, four related to vegetation and three related to soil, are evaluated. 

In Chapter Four, the Noah model is chosen for evaluation of the performance of a 

land-surface model in a semi-arid environment. Various aspects of input data (length, 

seasonality, short-term climatic events) are analyzed for their impact on the estimation of 

model parameters and the resulting model simulations. 

An investigation of land-surface modeling in semi-arid regions is presented in 

Chapter Five; however, the focus is on the current carbon parameterizations within the 

models and the capabilities of a model (BATS2) to simulate carbon flux processes in 

these environments. 

Finally, in Chapter Sis, conclusions are presented along with suggestions for 

future research directions. 
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CHAPTER TWO 

A COMPREHENSIVE SENSITIVITY AND CALIBRATION ANALYSIS 

2.1. INTRODUCTION 

The objective of the current work is to investigate model sensitivity and 

performance for various levels of land-surface model complexity across several 

vegetation biomes currently used in the modeling community. Intermodel comparison 

studies have been ongoing for several years, driven mostly by the Project for the 

Intercomparison of Land-Surface Parameterization Schemes (Ptt^PS), formulated through 

the GEWEX Global Modeling and Prediction Panel (GMPP) and the Global Land 

Atmosphere System Study (GLASS). The majority of these studies have been based on 

the aggregation of various model fluxes to evaluate the energy balance on longer time 

scales (Henderson Sellers et al., 1992, 1995) or evaluating monthly streamflows of large-

scale or continental watersheds (Lettenmaier et al., 1996; Wood et al., 1998; ScMosser et 

al., 2(X)0; Boone et al., 2001). These studies have generally involved comparisons with 

minimal calibration or adjustment of parameters and little or no evaluation of the 

sensitivity of these models to the data sites used in the analyses. 

The objectives of the current work are to; 

® Investigate the general sensitivity of models through increasing complexity levels. This 

will be undertaken across various biomes that are commonly used in investigating land-

surface model performance and comparison studies. 



26 

• Assess the model performance of these land-surface schemes using multicriteria 

calibration techniques. The hypothesis that an improvement in the physical representation 

of the processes ( i.e., more complexity) leads to improved simulations will be tested. 

Several of the questions to he addressed in this analysis include: 

• How identifiable are parameters in the current commonly used land-surface models? 

Are there parameters in the models which are irrelevant to model simulations (i.e., are 

insensitive regardless of input data used)? 

® As the complexity level of the models increases, does the number of identifiable 

parameters change? 

® How does the performance of various land-surface schemes compare across several 

different vegetation biomes? Does performance improve with increasing complexity? 

2.2 BACKGROUND 

Land-surface models are becomitig increasingly important in helping to 

investigate the current state of the climate system and to estimate future scenarios of 

climate variability and change. Since development of the first "Bucket" model in the mid-

1960s (e.g., Manabe, 1969), increasingly complex land-surface parameterizations have 

been coupled with General Circulation Models (GCMs) to better represent energy and 

water fluxes over the Earth's surface. Land-surface Schemes (LSS) have numerous 

parameters that must be estimated for the various vegetated and nonvegetated surfaces 

across the Earth. Becau.se the LSS are simplified conceptual representations of the real-
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world system, it should be noted that the model parameters might also be considered 

conceptual representations of the physical properties of the system. In some cases, it may 

be possible to directly obtain estimates of the model parameters from measurements at 

field sites or via remote-sensing data. These estimates could be considered physical 

parameters, for example, vegetation cover, slope, leaf area index, vegetation height, etc. 

On the other hand, many of the parameters in the models cannot be obtained from direct 

measurements, and some other method must be used to find appropriate values. These 

parameters would be considered functional or effective parameters, for example, soil 

diffusivity, the Clapp and Homberger "b" parameter, and even hydraulic conductivity, 

among others. In this case, one can make the argument that these parameters are not 

based on a true physical representation at the LSS scale and, in some way, must be 

calibrated or adjusted to assure adequate model representation for specific study sites. 

Land-snrface modelers are developing ever-more concplex systems to model the 

Earth's dynamics. Complexity in this regard, and for the purposes of this study, is defined 

as an increasing number of physical descriptions being represented in the models, and 

hence an increasing number of variables (or parameters) that must be estimated to 

describe these processes. The hydrologic modeling community, although having varying 

opinions on the strategies to be used, has generally accepted the necessity of parameter 

estimation for the models used in either research studies or operational forecasting. 

Calibration of parameters has generally not been routine within the land-surface 

modeling community. Typical parameter estimation for LSS has been via a global land-

surface classification scheme with standard (or default) values for various land-cover or 
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vegetation types. These default values are then used either within the models as given or 

are modified slightly (manually adjusted or calibrated) via comparison of the off-line 

model performance against site-specific field data. The original Biosphere Atmosphere 

Transfer Scheme (BATS) (Dickinson et al., 1986; Dickinson et al, 1993), one of the 

early, more sophisticated LSS, contains 24 parameters (along with three initial soil-

moisture states), simple in confiarison to some of the more complex "community 

models" now being developed. The Noah (NCEP/Oregon State 

University/AirForce/NWS Hydrology laboratory) land-surface model (Mitchell et al., 

1999; Mitchell, 2000) contains 37 parameters and 12 initial states and is used as part of 

the operational weather forecasting system of the National Center for Environmental 

Prediction (NCEP). 

Global climate simulations are being driven to greater accuracy, and, as part of 

this endeavor, the land-surface models are becoming increasingly conplex. Studies such 

as the PTLPS 2c (Lettenmaier et al., 1996) have shown that even simple manipulation 

(manual, subjective adjustment) of the parameter values can result in significant 

improvements in model performance. Further work by Sen et al. (2001) has also shown 

that calibration to a number of the Earth's land-cover types results in significant shifts in 

global temperature and precipitation trends. A robust, reliable calibration procedure for 

estimating parameter values across various biomes on the Earth's surface is crucial for 

pinpointing model errors and structural problems. Improved parameter estimates can 

minimize errors in the land-surface simulation component of a coupled model and will 

ensure a more accurate representation of land-surface-atmosphere interactions. 
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A sensitivity analysis is the logical first step in the parameter estimation process. 

It can be used to evaluate the importance of the inputs in the simulation process and also 

to evaluate which parameters are important in the modeling process, or "sensitive" in the 

model. Once the sensitive parameters have been identified, other nonsensitive parameters 

can be set to default values, allowing a reduction in the number of parameters that must 

be estimated. A comprehensive sensitivity analysis can also be used for an evaluation of 

model and parameter behavior across various climatic regimes and land-cover types. 

Although sensitivity analysis has been used widely in systems and reliability engineering, 

it has seen less use in the physical and natural sciences (SalteUi, 1999). A robust and 

reliable sensitivity analysis is a valuable tool in verifying the response of the model to its 

input parameters and assigning uncertainty to these inputs. If the input-state-output 

response of a model is insensitive to a parameter, it may be appropriate to use an a priori 

or default value for the simulations. However, if the input-state-output response is 

sensitive to specification of the parameter value, it is essential to adjust the parameter so 

that model responses are constrained to closely match available observations (Gupta et 

al., 1999). A crucial step in the modeling process is, therefore, to first identify which 

parameters within the model are sensitive (to each land-cover type) and then to further 

adjust or calibrate these parameters in a reliable, objective manner. 

Saltelli (1999) stated in his critique of common sensitivity analysis methods that 

current techniques are often improperly used, especially BOAT (elementary one factor at 

a time) methods, which are used to draw conclusions regarding the impact of variable 

input factors on the prediction of the model. To adequately assess model sensitivity and 
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to discriminate between models, concurrent variation of the entire input space must be 

explored (Saltelli, 1999). These "one factor at a time methods" have been common within 

the land-surface community (e.g., Wilson et al, 1987a,b; Pitman, 1994; Gao et al., 1996). 

Improved methods have started to be developed and used in the land-surface community, 

including factorial methods (e.g., Henderson-Sellers. 1992; Lettenmaier et al, 1996), the 

Fourier amplitude sensitivity test (FAST) (Collins and Avisssar, 1994), and the 

regionalized sensitivity analysis (RSA) methodology (Franks et al, 1997). However, 

most of these methods assume model parameter independence (excluding the factorial 

method) and are also conqjutationally unreasonable for models with large numbers of 

parameters (Bastidas et al., 1999). In addition, very few of these methods employ real 

system data or use extended time periods for analysis. A multi-objective, system-based 

approach that accounts for the interaction and interdependence of parameters was 

proposed by Bastidas et al (1999). The Multi-Objective Generalized Sensitivity Analysis 

(MOGSA-UA) was applied to two specific case studies (ARM-CART and Tucson, 

Arizona) using the BATS land-surface model (version le). Results demonstrated that the 

algorithm was able to effectively identify sensitive parameters specific to the study site. 

The analysis presented in this study builds upon previous work by Bastidas et al (1999) 

and Gupta et al. (1999). 

2.3 METHODS 

Previously developed systems-based procedures, including the Multi-Objective 

COMplex Evolution (MOCOM-UA) and the MOGSA-UA are used in this work to 



evaluate the performance, sensitivity, and behavior of models and their parameters across 

a range of vegetated biomes commoBly used in land-surface modeling studies. Several 

sites from various vegetated biomes have been used consistently in land-surface 

modeling experiments. Five study sites were selected for analysis here, including the 

ARM-CART site in Kansas and Oklahoma (USA), the Cabauw field site m the 

Netherlands, the Reifsteck farm site in Champaign, Illinois (USA), the ABRACOS 

Reserva Jaru site in Ji-Parana, Brazil, and a semi-arid site located at Tucson, Arizona 

(USA) (Figure 2.1). A range of models, with various levels of complexity, were chosen 

for analysis. In order of increasing complexity, these models include: the modified 

BUCKET model (Manabe, 1969; Schlosser et aL, 1997), CHASM model (Desborough, 

1999), BATSle (Dickinson et aL, 1986, 1993), BATS2 (Dickinson et al., 1998), and the 

Noah Model version 2.5.1 (Mitchell et al., 1999). A general sensitivity analysis was 

performed on the five study sites and models to determine the degree to which each 

model's parameters are sensitive to the specific data sets. Calibration was also performed 

on each of the models, and model performance was evaluated. Study sites are described 

in Section 2.4, and models are summarized in Section 2.5. A brief discussion of the 

MOCOM-UA and MOGSA-UA procedures follows. 



Tucson 
ARM-CART (El 3) 

ABRACOS (Reserva Jaru) 

Figure 2.1: Study sites used in sensitivity and calibration analysis. 
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2.3.1 MOCOM-UA 

The multicriteria problem has been studied extensively within the fields of 

economic analysis, optimization theory, and statistics. The application of multicriteria 

theory to the calibration of conceptual, physically based models was introduced by Gupta 

et al. (1998). This work proposed that the parameter estimation problem in rainfall-runoff 

modeling be reformulated as a multicriteria problem that seeks a set of trade-off solutions 

(Pareto set) instead of a single unique solution. The methodology was extended to the 

more complex land-surface schemes in Gupta et al. (1999) and Bastidas et al. (2001). 

More detail on the MOCOM-UA algorithm may be found in Gupta et al. (1999) and 

Yapo et al. (1997). The following is a brief summary: 

A model system includes a p-dimensional parameter vector 6 =  { 6 i , ,  0 p  } .  The 

model can be calibrated using an observed time series collected on k different simulated 

response variables (Z/0, tj), tj = tajtbj, j = 1, ... k). The different responses represent 

various outputs from the model, such as sensible heat flux, latent heat flux, groxind heat 

flux, runoff, etc. Separate criteria, 6), are defined for each model response to assess the 

error between the model-simulated responses Zy and the observations Oj. The criteria and 

their mathematical form depend on the goals of the users. A common practice is to use a 

measure of residual variance such as the root mean square error. For a more indepth 

discussion of error estimation, see Gupta et al. (1998). Once an error function is selected, 

the multicriteria model calibration problem can then be formulated as: 

Minimize V(9) = {fi(0), ...Jl (0)} subject to 6 c 0 
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The primary purpose of the multicriteria optimization is to find values for the 

parameters (6) that simultaneously minimize all of the selected criteria. Parameters are 

constrained to fit within the feasible or physically realistic set, 0. The multi-objective 

minimization problem typically does not have a unique solution. Errors in the model 

structure (and other possible sources) can create a response surface where it is impossible 

to find a single point 6? at which all of the criteria have their minima. The multicriteria 

approach produces a .set of solutions with the property that moving from one solution to 

another results in the improvement of one criterion while causing deterioration in 

another. The set P of solutions has been termed the trade-off set, noninferior set, 

nondominated set, efficient set, or Pareto set. The Pareto set represents the ininimal 

uncertainty that can be achieved for the parameters via calibration, without subjective 

assignment of weights to the individual model responses (Gupta et al., 1998). 

Various optimization algorithms that seek a single-point (single-objective) 

solution in the parameter space are currently available and are commonly used in the 

calibration of rainfall-runoff models. However, the character of land-surface models is 

such that there are several modeled variables or outputs conoputed in the roodel (sensible 

heat, latent heat, etc.) and as such these models are better suited to a multicriteria, multi-

objective solution approach (Bastidas et al, 1999). Yapo et al. (1997) adapted the 

population-based strategy of the SCE-UA (Duan et al, 1992) to the multicriteria problem 

and developed the Multiple-Objective Complex Optimization Method (MOCOM-UA). 

The MOCOM-UA algorithm converges to an approximation of the Pareto set (or multiple 

solutions) with a single optimization run. The use of Pareto parameter sets to represent 
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model structural uncertainty and Pareto-ensemble simulations to represent model 

prediction uncertainty provides practical new ways for evaluating models and their 

performance. The method has been tested and has shown success in providing improved 

calibrations of watershed models (Boyle et al., 2000, 2001), hydro-chemistry models 

(Meixner et al., 1999, 2000, 2002) and land-surface schemes (Gupta et al., 1999; 

Bastidas, 1998; Bastidas et al., 2001). 

2.3.2 MOGSA-UA 

The MOGSA-UA procedure is a systems-based approach that provides an 

objective determination of the sensitivity of modeled outputs to specific parameters in the 

context of the available data and selected measures. This information can be used to 

reduce the dimensionality, and therefore the practical and numerical difficulty, of the 

optimization problem. Bastidas (1998) extended and improved the Generalized 

Sensitivity Analysis (GSA) method (Spear and Homberger, 1980; Homberger and Spear, 

1981) to the case of the multicriteria problem and developed the robust and efficient 

Multi-Objective Generalized Sensitivity Analysis (MOGSA-UA) method. The following 

description is adapted from Bastidas (1998): 

The MOGSA-UA procedure begins with a series of Monte Carlo simulations 

performed by a random sampling of n points within the feasible parameter space 

(determined by the lower and upper limits for each parameter). In this study, 10,000 

random points were generated within the accepted range of parameter values for each 

site. After generating model outputs, the samples are then partitioned into "behavioral" or 
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"nonbehavioral" regions (desired vs. nondesired model responses) based on a threshold 

Pareto ranking. Behavioral and nonbehavioral cumulative distributions are then computed 

for each parameter, and the Kolnx)gorov-Smirnov (K-S) two-sample test is used to 

evaluate the distance between the distributions of the two-parameter regions (behavioral 

and nonbehavioral). The K-S statistic is associated with a specific probability level, 

allowing the classification or ranking of parameter sensitivities. Robustness of the 

process is ensured by bootstrapping (Efron, 1979) the sample space (resampling 50 times 

with replacement) and using the median of the computed K-S statistics. The sample size 

is progressively increased until the number of sensitive parameters stabilizes. In this 

study, a significance level (a) equal to 0.05 was used to distinguish sensitive from 

nonsensitive parameters (i.e., a >0.05 means that the behavioral and nonbehavioral 

distributions of a parameter are from the same population and that the specific parameter 

being tested is not sensitive). If certain parameters are found to be insensitive in the 

context of the data and measures, they could be omitted from the optimization process, 

resulting in significant savings in computational time. The MOGSA-UA method also 

allows for incorporation of constraints on the parameters to ensure that the realistic 

physical relationship among the parameters is preserved. Use of the Pareto ranking as the 

discerning criterion in the MOGSA-UA algorithm also enables the modeler to 

incorporate as many objectives as necessary (Bastidas, 1998). 
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2.4 STUDY SITES 

The sites selected for study are representative of various vegetation types on the 

Earth's surface: agricultural cropland/pasture (ARM-CART), grassland (Cabauw), 

agricultural cropland (Illinois), tropical rain forest (ABRACOS), and semi-arid desert 

(Tucson). A listing of the sites with their respective details, including annual 

precipitation, temperature, and global locations is displayed in Table 2.1. 

To achieve continuous forcing time series, synthetic data were needed to fill gaps 

within some of the observed data. Missing values were generated via linear interpolation 

for data gaps of less than 2 hours. Longer gaps were filled with appropriate hourly 

averages in which the data gaps occurred. At the ARM-CART site, gaps were filled using 

data from a nearby tower within the study area. Att spurious or outlying data values were 

removed to ensure a consistent, quality data set. For sites where data were collected using 

the Bowen ratio system, flux values with ratios between -1.25 and -0.75 were removed 

from the time series. For the validation time series, missing flux values were not 

replaced, and only observed data (minus spurious values) were used. Forcing and flux 

data for each site are displayed in Appendix 1. 
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Table 2.1: Summary of Study Site Locations, Altitude, Vegetation Type, and 
Climatology. 

Site Latitude Longitude Altitude 

[m.a.s.L] 

Vegetation Type Precipitation 

[EDm/year] 

Temperature 

ra 
ARM-CART 36.605°N 97.485 W 318 Flat cattle pasture 785 15.3 

CABAUW 51.966°N 4.933'W -0.7 Grass field 793 9.8 

BLONOIS 40.000°N 88.283°W 300 Rotating crop 951 10.8 

ABRACOS 10.083°N 61.917 W 120 Tropical rain forest 2300 25.1 

TUCSON 32.21 rN 1I1.083'W 730 Semi-arid desert 305 20.2 

2.4.1 ARM-CART 

The ARM-CART site used in this analysis is part of the Southern Great Plains 

(SGP) experiment site located in Oklahoma. The U.S. SGP Cloud and Radiation Testbed 

(CART) site was the first field measurement site established by DOE's Atmospheric 

Radiation Measurement (ARM) Program, The site consists of in situ and remote-sensing 

instrument clusters arrayed across approximately 55,000 mi^ in north-central Oklahoma 

and south-central Kansas. Data for this study is from the centrally located El3 station 

near Lamont, Oklahoma. E13 consists primarily of a mosaic of grassland and winter 

wheat fields, with silty loam soils. Observation data (net radiation, precipitation, 

temperature, wind speed, relative humidity, and pressure) were coEected over a five-

month period from April 1 to August 25, 1995 at 30-minute intervals. Measurements at 

the El 3 site were collected using a 2.5-m tower with a Bo wen ratio system. Observed 

fluxes include sensible heat and latent heat. Surface ground temperature and soil-moisture 

data were also collected. 
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2.4.2 Cabauw 

The Cabauw site in the Netherlands (-25 km from DeBilt) is located in flat terrain 

at 0.7 m below sea level and consists of short grass separated by narrow ditches (Beljaars 

and Bosveld, 1997). No obstacles exist within several hundred meters of the 

meteorological tower, which has a height of approximately 20 m. The Cabauw data were 

originally collected to test the ECMWF model; however, the data were subsequently used 

to evaluate the models in the PILPS phase 2a intercomparison study. The vegetation at 

the Cabauw site exists throughout the year and is kept at a constant height of 8 cm. The 

soil at the site is fairly homogeneous and consists of 35-55% clay with some organic 

matter (8-12%). Deeper layers consist of a mixture of peat and clay, with only peat in the 

deepest layers. The soil is considered saturated year-round, and evaporation at the site is 

rarely water-Hmited. Data were collected for the study for the entire year of 1987 at a 30-

minute timestep and were provided by Beljaars and Bosveld (1997). Meteorological data 

for Cabauw consist of short-wave solar, net radiation, temperature, specific humidity, 

wind speed, and precipitation. Direct eddy correlation measurement of fluxes was not 

available; therefore, the sensible heat was estimated using the profile method (flux-proffle 

relationship using temperature) and compared with the Bowen ratio method when data 

were available. Latent and ground heat fluxes were then derived as residuals of the 

surface energy balance. Ground or skin temperature was also available for validation at 

the Cabauw site. 
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2.4.3 linois 

In August 1996, a flux measurement system was deployed within an agricultural 

area on the Reifsteck farm near Champaign, Illinois, in the GEWEX/GCIP northcentral 

region. Of special interest to the GEWEX/GCIP program is the cold season energy 

budget because it is affected by both land-surface and hydrological processes. The site is 

typical of the agricultural cropland found tliroughout much of the midwestem United 

States. The farm has been in continuous "no tiU" since 1986, rotating yearly between a 

soybean and com crop. The soil is a silt loam with 5% clay, 70% silt, and 25% loam. 

Data for this study were collected at a 30-minute timestep for the entire year of 1998 

(January 1 to December 31) using an eddy covariance system The soybean crop for 1998 

had a planting date of June 1 and a harvest date of October 10. Forcing data consisted of 

short-wave solar, net radiation, precipitation, tenyerature, wind speed, relative humidity, 

and pressure. Observations for this site include net radiation, sensible heat, latent heat and 

ground heat fluxes, skin temperature, soil temperatures at 5, 20 and 60 cm, and soil-

moisture measurements at 5, 20, and 60 cm. Carbon flux measurements were also 

collected at the IlHnois site. 

2.4.4 Reserva Jani (RJaru) 

The Anglo Brazilian Amazonian Climate Observational Study (ABRACOS) field 

site is located near the southwestern edge of the Amazon basin within the Reserva Jaru 

forest, near Ji-Parana in the state of Rondonia, Brazil. ABRACOS field campaigns were 

carried out at three sites in the Amazonia between 1990 and 1994 to evaluate the effects 
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of deforestation on local and regional climate. The ABRACOS Reserva Jaru site used in 

this study consisted of a mature tropical forest stand. Tn this region of Ji-Parana, there is a 

prolonged dry period, typically between June and September when the precipitation is 

less than 10 mm per month (Gash and Nobre, 1997). The wet season in this region is 

normally from December through April. Meteorological measurements were collected 

from a 52-m tower over a stand of forest with an average tree height of 33 m. The soil at 

the Reserva Jaru site is predominantly a medium-textured red-yellow podzol with 50-

85% sand. Hourly meteorological data (short-wave solar, net radiation, temperature, 

specific humidity, wind speed, and precipitation) were collected ixom May 1992 to 

December 1993, with latent and sensible heat flux data collected during two intensive 

periods: August to October 1992 and April to July 1993. Soil moisture data were also 

collected. 

2.4.5 Tucson 

The semi-arid data used in this study were collected by Unland et al. (1996) from 

a station located just outside of Tucson, Arizona. The study site rests on a gently sloping 

terrain in the alluvial Sonoran Desert. Vegetation is typical for the area, with diverse 

vegetation (low grasses to bushes to giant saguaros) and patches of exposed rocky soil. 

Vegetation cover was estimated at 40% (Unland et al., 1996) with heights ranging from a 

few centimeters to 7 meters (mean height estimated at 1.2 m). Some of the key species 

found at this site include creosote bush, brittlebush, velvet mesquite, palo verde, ocotilo, 

and various cacti, including saguaro, Englemann's prickly pear, and the teddy bear cho 11a 
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(Unland et aL, 1996). During the monsoon season, a sparse covering of black gramma 

grass also develops. Soil samples collected at the site revealed a coarse fraction 

consisting mostly of rocks and a fine fraction consisting of a significant percentage of 

clay. Data were collected using an eddy covariance system from a 10-m tower from May 

12, 1993 to June 5, 1994 at a 20-minute time step. Meteorological data consisted of 

shortwave solar, net radiation, precipitation, temperature, wind speed, and specific 

humidity. Observed fluxes collected were sensible heat, latent heat and ground heat. 

Ground temperature was also collected. 

2.5 STUDY MODELS 

A short summary of each of the five study models is presented here. More 

detailed descriptions of the models can be found in the original papers. Parameters for 

each of the models and their partition among use in vegetation, soil, or carbon 

parameterizations and initial value conditions are given in Table 2.2. In this analysis, 

initial soil moisture values in the models are considered as parameters to be estimated due 

to the longer memory of initial soil-moisture conditions in the models. It has been 

observed that initial soil temperatures do not have as long a memory as the soil moisture 

(Bastidas, personal communication, 2002) and, therefore, the temperature states were not 

considered as "parameters" to be estimated. These values were set to an approximation of 

initial soil temperatures from the observed time series. 
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Table 2.2: Number of Parameters in Each Model and the Distribution of Parameters 
Among Vegetation, Soil, and Carbon Processes and Initial Conditions. 

Model Total Vegetation Soil/Snow Carbon Initial States # Analyzed * 
BUCKET 12 0 10 2 11 
CHASM 17 7 8 - 2 17 
BATSle 27 10 14 - 3 25 
BATS2 36 14 14 5 3 24 
NOAH 49 10 27 - 12 36 

* Number of parameters calibrated and allowed to vary in sensitivity analysis 

2.5.1 BUCKET 

The BUCKET model used in this analysis is an adaptation of the original Manabe 

(1969) and Budyko (1969) models. The Manabe model uses a single-surface energy 

balance equation to relate energy fluxes to surface temperature. Evaporation is calculated 

using a simple function describing the plant-available moisture content and an energy-

driven potential rate. Moisture available for vegetation is expMcitly modeled, varying 

between wilting point and field capacity in response to precipitation input and output to 

evaporation. When moisture accumulates in excess of the field capacity, runoff is 

instantly produced. The code in this study is similar to that used in Robock et al. (1995), 

with the distinction that a consistent formulation of potential evaporation has been 

incorporated using a hypothetically wet surface temperature (Schlosser, 2000). The 

BUCKET model has a total of 12 parameters (including two initial states) that must be 

estimated. 
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2.5.2 CHASM 

The CHASM model was developed by Desborough (1999) to investigate the 

influence of surface energy balance complexity on LSM behavior. The hydrological 

parameterization used in CHASM is based on the BUCKET model, but the model has 

been configured with a range of modifications that allows it to run for a variety of 

increasingly complex surface energy balance modes. The simplest CHASM mode is a 

BUCKET-type formulation, with the most complex configuration consisting of a grouped 

mosaic structure with separate energy balances for each mosaic tile (e.g., Koster and 

Suarez, 1992). In the most complex mode, there is explicit treatment of bare ground 

evaporation, transpiration, and canopy interception (as with the more complicated LSM 

schemes). The root zone in the CHASM model is treated as a Manabe-type bucket with a 

finite water-holding capacity. Along with moisture in the root zone, water can also be 

stored in the canopy (depending on complexity mode) and in any existing snowpack. All 

of the CHASM modes include a six-layer soil temperature module. The intermediate 

complexity modes are structured around a ten5)oraUy invariant surface resistance. All of 

the surface energy balance configurations within CHASM use the same effective 

parameters and parameterirations, allowing the impact of the configurations to be 

isolated. In this study, the most complex mode of CHASM (SLAM) was incorporated. 

The CHASM model contains 14 parameters and 3 initial states to be specified (for a total 

of 17 parameters). 
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2.5.3 Biosphere Atmosphere Transfer Scheme Version le (BATSle) 

The BATS model was originally developed during the 1980s as the land-surface 

model to be coupled with NCAR's Community Climate Model. BATS is one of the more 

common and widely referenced SVATS in use, involved in numerous off-line and 

coupled modeling studies The model belongs to the group of models known as "big leaf" 

models, similar to SiB, which are heavy on their representation of vegetation processes, 

when compared to earlier models (Schaake et al., 1996). The first BATS model was 

developed in the 1980s, but the code has since undergone numerous updates and 

revisions. BATSle allows for a predominant (or average) vegetation type and soil tj^e to 

be assigned for a model grid cell (or point/site). BATSle contains three soil layers, a 

canopy air corqponent, a canopy leaf-stem component, and a snow-covered portion. Each 

of the three zones extends to the air interface, the upper two layers drain to the lower 

layer, and are all considered to contain homogenous soil characteristics (Dickinson et al., 

1986). Depth of the uppermost soil layer is typically fixed at 0.10 m The rooting soil 

layer varies from 0.5 to 2 m, but is typically set at 1 m, with total soil depth usuaEy set at 

a maximum of 10 m (Dickinson et al., 1993). Roots can occur in either the upper or root 

zone layer. Infiltration into the soil occurs from precipitation plus throughfall (drip from 

the canopy), plus snowmelt, plus dew, minus evaporation, and is also a function of the 

soil-moisture conditions of the upper two layers. The model uses saturation-excess runoff 

and assumes homogenous soil properties within the grid cell or runoff area. Water that 

does not infiltrate, due to saturated conditions, immediately becomes runoff. Moisture 

comes out of the soil zone via groundwater flow, evaporation, or transpiration. Soil 
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moisture may also diffuse upward in the soil layers. The six interacting components (3 

soil layers, canopy air and canopy leaf-stem, and the snow-covered portion) result in the 

evolution of 12 state variables (temperatiu-e and water content for each). In the BATS 

model, two of the states are not independent because the temperature of the lowest soil 

layer is assumed constant; furthermore, when snow cover is present, the snowpack has 

the same temperature as the upper soil layer. These two assumptions result in BATS 

using ten water-energy conservation equations to solve the dynamical evolution of the ten 

independent state variables. The BATS model is designed to be used with a global land-

classitlcation scheme consisting of 18 land-cover types and 12 soil types. The model 

contains a total of 24 parameters (16 parameters related to the vegetation class and eight 

parameters that relate to the soil properties) along with three initial state variables (water 

content of each soil layer) for a total of 27 values that must be specified. 

2.5.4 Biosphere Atmosphere Transfer Scheme Version 2 (BATS2) 

The BATSle model was modified to include a revised stomatal conductance 

model and growth model (Dickinson et al, 1998). The updated BATS2 model includes a 

new stomatal parameterization along with a carbon assimilation routine based on leaf 

water usage that simulates the growth and death of green foliage for the land-cover types. 

The original version of BATSle used a prescribed seasonally varying fractional 

vegetation cover, albedo, and leaf area index (LAI). In BATS2, this prescribed LAI 

behavior is replaced with a modeled seasonal evolution based on the carbon assimilation 

routine originally developed by Farquhar et al. (1980). The parameterization used to link 
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carbon assimilation and stomatal conductance is derived from that formulated by Ball et 

al. (1987). Carbon assimilated into the model is allocated into the various components of 

the vegetation: leaves, roots, and woody parts. At each time step, the growth model 

updates the carbon in these stores, plus that stored in the soil zone, and also outputs Net 

Primary Productivity (NPP) and the carbon flux to the atmosphere, producing an updated 

LAI that is returned to the main BATS2 model. The model retains the same soil structure 

and hydrologic properties. BATS2 contains a total of 36 parameters for estimation; 14 

vegetation-related, 14 soil-related, five carbon parameters, and three initial states that 

must be specified. 

2.5.5 Noah 

The Noah model is defined as one of several "community" or multigroup models 

that are evolving in land-surface studies. A cxirrent public release version of the model is 

running in the National Center for Environmental Prediction (NCEP) Land Data 

Assimilation System (LDAS), and an earlier version of the Noah model is coupled to the 

mesoscale ETA model used in operational real-time weather and climate forecasting by 

NCEP's Environmental Modeling Center (EMC). The model is updated periodically on 

the NCEP web site (ftp;//ftp.ncep.noaa.gov/pub/gcp/ldas/Noahlsm); version 2.5.1 is used 

in this analysis (release date: March 5, 2002). Similar to the BATS model, the Noah 

model (Mitchell, 2000) also simulates soil temperature, skin temperature, snowpack 

depth, snowpack water equivalent, canopy water content, liquid and frozen soU-moisture 

contents and both energy and water flux terms. In the version used for this analysis, the 

ftp://ftp.ncep.noaa.gov/pub/gcp/ldas/Noahlsm
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Noah model contains four soil layers: a thin 10-cm top layer, a second root zone layer of 

20 cm, a deep root zone of 60 cm, and a subroot zone of 110 cm. The code was 

developed to easily integrate additional soil layers. Infiltration capacity and surface 

runoff in the Noah model is taken from the Simple Water Balance (SWB) model of 

Schaake et al. (1996) and takes into account spatial variability of rainfall and soil-

moisture storage of the root zone. When used on a grid basis, both precipitation and 

infiltration heterogeneities are represented by exponential distributions to derive a poiat 

infiltration excess equation. The model then uses a probabilistic averaging (Moore, 1985) 

to derive a final equation for average infiltration capacity during each time step in the 

model. Earlier versions of the Noah model did not address the effects of frozen ground on 

infiltration. Work by Koren et al. (1999) added routines to the Noah model to account for 

frozen soils and impermeable areas. The Noah model can be run for 13 vegetation covers 

(two of which use the same parameter values) and nine different soil types (two of which 

also use the same parameters). The model contains 37 parameters: ten that relate to 

properties of the vegetation and 27 that describe the soil properties. The model has 12 

initial states (eight soil-moisture and four soil temperature) to be specified (when ran 

with four root layers). 

2.6 CALIBRATION RESULTS 

The MOCOM-UA calibration algorithm and MOGSA-UA analysis were run 

using each model at each of the five sites described above. Parameter ranges for the 

calibration and sensitivity analysis were based on physically realistic ranges originally 
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provided with model documentation and or code, and from discussions with model 

developers. To ensure consistency of ranges from model to model, some of the parameter 

bounds were modified for more accurate comparison of parameter behavior between 

codes. The ranges utilized for the calibrations and sensitivity analysis are presented in 

Appendix 2. In addition to these constraints, additional restrictions were added when 

necessary to preserve physically realistic representations, such as imposing successively 

increasing thicknesses of soil layers with depth. Numerous optimizations were carried out 

for each model at each site based on a minimized objective function (RMSE) between the 

observed and simulated time series. Based on the quality of the calibration solutions, a 

final set of multicriteria solutions were selected for comparison (Table 2.3). The 

MOCOM-UA optimization procedure provided a Pareto solution of 250 parameter sets 

for each site with each study model. The error criterion for the model fluxes was used as 

a general guideline for evaluating performance of the models at each site. Flux surface 

measurements represent an integrated response of the model to the land-surface and as 

such provide an objective method of analyzing model validity at specific sites (Bastidas 

et al., 2001). 

Table 2.3: Fluxes Used in Final Model Calibrations 

Model/Site ARM-PART rnh»iiw R.lani 

BUCKEl {  H L T  }  {  H L T }  no conva-gence {  H L S  }  {  H L T  }  

CHASM { HT } { H T }  {  H T S  }  { K G }  { H L T  }  

BATS le {  H T S  }  { H L T }  { H L T S }  {  H S G  }  { H G T }  

BATS2 {  H T S  }  {  H G T  }  { H L T S }  {  H S G  }  {  H G T }  

NOAH { H T S }  { H G T } { H L T S }  {  H S G  }  {  H L T  }  
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Figures 2.2a and 2.2b display scatterplots of the sensible and latent heat RMSE 

errors at the five study sites for the various models. In figure 2.2a, each plots illustrates a 

study site with the five model results (in various colors) illustrated as a scatterplot of 

latent heat flux versus sensible heat flux Root Mean Square (RMS) errors for the time 

period. The lowest errors (or best calibrations) would be closest to the origin in the lower 

left of each plot. This fornxat allows for a quick, objective look at which model performs 

the best at each site. For example, in Figure 2.2a, the BATSle model performs best at the 

ARM-CART and CABAUW sites (red), but also does well at the Illinois Site. The model 

does not do as well at RJaru and has higher errors on sensible heat fluxes at Tucson. The 

Noah model (green) performs best at the Illinois and Tucson sites. The Illinois site was 

originally used in the development and parameterization of the Noah model and, hence, 

would be expected to perform well at this site. The model does run higher on latent heat 

fluxes errors at ARM-CART and at the RJaru site. The BATS2 (black squares) has the 

best calibrations (lowest errors) at the RJaru site (most complex vegetation) and does 

reasonably well at ARM-CART and Tucson. However the model does not perform well 

at the Illinois crop site. 

In Figure 2.2b, each box (f through j) represents a specific model with 

calibrations performed at the five sites. Interestingly, the BUCKET model (box f) 

performs fairly well at the two more humid sites: the Cabauw site and the RJaru site. 

However, the simpler physics of the BUCKET model reveal poor performance at the 

more arid sites, ARM-CART and Tucson. The CHASM model also performs best at the 

Cabauw site, and moderately well at the RJaru site. The BATSle model seems to show 



the most a)usistency for all sites. It does extremely well at Cabauw, Illinois, Tucson, and 

ARM-CART. The model does have slightly higher errors at RJaru. It is also evident that 

the model does better with latent heat fluxes than sensible heat, which tends to show 

slightly higher errors. BATS2 has the lowest errors for the more complex vegetated site, 

RJaru. However, for most of the other sites, there is obviously some correlation and 

interaction occurring between the latent and sensible heat fluxes. This higher complexity 

model, with the growth and assimilation model, may be overparameterized and, hence, 

unable to successfully separate out independent model processes. The Noah model 

performs best at the semi-arid Tucson site, and also fairly well at the RJaru site. It also 

does very well at the Illinois site, which is expected, as model development was keyed 

around the use of this GCIP site. The model does not perform as well at the ARM-CART 

site, similar to the BUCKET, CHASM, and BATS2. 

The multicriteria optimization algorithm (MOCOM-UA) allows for an objective, 

reliable, tool for estimating a realistic set of solutions that can be used to improve land-

surface model simulations. Results for the given calibrations reveal reduced errors when 

compared to the default or traditional or lookup table values. Selected results from the 

optimization procedures are used in the following sensitivity analysis. 
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Figure 2.2a; Objective function comparisons (latent heat vs. sensible heat) for the study sites. 
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Figure 2.2b: Objective function comparisons (latent heat vs. sensible heat) for the study models. 
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2.7 SENSITIVITY ANALYSIS RESULTS 

2.7.1 General Comments 

The goals in this analysis are to identify the sensitivity of the numerous 

parameters in the current commonly used land-surface models are, and whether the 

number of sensitive parameters changes as model complexity (i.e., more parameters in 

the model) increases. A systematic sensitivity analysis also allows for the evaluation of 

the parameters from site to site and an insight into the comparison of parameter behavior 

between models. 

The MOGSA-UA algorithm was ran for each model using the ranges described in 

Appendix 2. The number of sensitive parameters for each model at each study site are 

presented in Table 2.4. The upper part of the table presents the raw number of parameters 

that are sensitive out of the number studied, and the lower part of the table represents the 

ratio of sensitive parameters at a site out of the total number analyzed (in parentheses). 

An average raw number of sensitive parameters and a calculated ratio are also listed for 

each model at the five sites. For the BATS2 model, fewer parameters (24) are actually 

analyzed for sensitivity then in the BATSle (25). This is because several of the BATS2 

parameters are calculated during model simulations or are set at prefixed values (eight 

parameters). The five carbon parameters were also not analyzed as part of this sensitivity 

analysis (due to a lack of carbon flux data at the given sites). 
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Tabie 2.4: Number of Sensitive Parameters for Each (a) Model and (b) Relative Index. 

Sites BUCKET (8/11*) CHASM (17) BATSle (25) BATS2 (24) NOAH (32) 

AMMCAKT 2 6 16 10 20 
Catauw 6 5 10 11 9 
Illinois 1 11 14 12 18 
Rjaru 5 3 12 8 15 
Tucson 2 7 15 10 14 

avg 3.2 6.4 13.4 10.2 15.2 
* 3 snow parameters were fixed at ARMCAT, Rjaru, and Tucson 

Ratio of Sensitive Parameters to total 
Sites BUCKET (11) CHASM(17) BATSle (25) BATS2 (24) NOAH (32) 

AMMCAMT 0.250 0.353 0.600 0.417 0.625 
Cabauw 0.545 0.294 0.400 0.458 0.281 
Illinois 0.091 0.647 0.560 0.500 0.563 
Rjaru 0.625 0.176 0.480 0.333 0.469 
Tucson 0.250 0.412 0.600 0.417 0.438 

avg 0.352 0.376 0.528 0.425 0.475 

The number of sensitive parameters in the models varies from an average of 

around three parameters for the simple BUCKET model to an average of 15 sensitive 

parameters for the more complex Noah model. The BATSle model has an average of 

around 13 sensitive parameters, while the BATS2 has on average ten parameters that are 

sensitive to the various sites. A better conqjarison index may be the ratio of sensitive 

parameters to the number of analyzed parameters in the model. This index will be 

referred to as the "relative" number of sensitive parameters. In general, the number of 

sensitive parameters increases with an increasing number of parameters in the model, 

from a relative index of 0.352 with the BUCKET model to an index of 0.528 with tiie 

BATSle model and 0.475 with the Noah model. However, when progressing from the 

BATSle to the more complex BATS2 model, there is actually a decrease in the relative 
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number of sensitive parameters for four of the sites (ARM-C ART, Illinois, RJaru, and 

Tucson). Although the BATS2 model has become more commonplace in modeling 

studies due to its growth model and carbon assimilation processes, the model apparently 

has lost some sensitivity, possibly due to overparameterization or compensation of 

interacting parameters. 

There is no clear trend in the number of sensitive parameters at a specific site as 

complexity increases. For example, the Cabauw and RJaru sites (the more humid study 

sites) have the most sensitive parameters with the BUCKET model; however, as 

complexity increases, the number of sensitive parameters does not necessarily increase. 

In fact, with the more complex BATSle and the Noah models, the Cabauw site actually 

has the smallest relative indices, 0.4(X) and 0.281, respectively. In contrast, the Illinois 

site has only one sensitive parameter (of 11) with the BUCKET model, while the other 

models are much more sensitive to this site. The Cabauw insensitivity may be related to 

the parameterization of cold weather processes or insensitivity to saturated conditions in 

the more complex models. Most high-latitude regions experience snow accumulation. 

The albedo of this snow surface significantly moderates the energy exchange between the 

land-surface and the atmosphere, reflecting more of the short-wave radiation back to the 

atmosphere. The Cabauw site is the most northern site in the study and is a site where the 

soils are saturated year-round (Beljaars and Bosveld, 1997). 

An analysis of (a) sensitive vegetation parameters and (b) soil and snow 

parameters is displayed in Table 2.5. Any snow parameters within the models were 

grouped with soil parameters for this analysis. Initial condition parameters were not 



56 

included as part of either group. The BUCKET model does not explicitly contain any 

parameters related to vegetation dynamics. In general, the CHASM model has much 

more sensitivity to vegetation parameters than to the soil parameters. The BATSle, 

BATS2, and Noah models show more even distribution between vegetation and soil 

parameter sensitivity, with similar index values for soM and vegetation parameters. 

Interestingly, the CHASM model has the highest relative index for vegetation parameters, 

although fewer soil parameters are sensitive. This structure of the CHASM model used in 

this analysis consists of a fairly simple bucket structure with a more complex vegetation 

representation and, as such, this may explain the insensitivity to soil parameters. Of the 

three more complex models, the BATSle again has a higher index for soil than either the 

BATS2 or Noah models. BATSle and BATS2 are very similar in the relative index of 

vegetation parameters (0.440 and 0.466), and the Noah model has the lowest index for 

vegetation parameters. This is somewhat disconcerting for the BATS2, which includes a 

much more advanced vegetation parameterization than either the BATSle or Noah 

models; hence, one would expect much more sensitivity to vegetation than the other 

models. A sensitivity analysis which would include carbon parameters may alter these 

results. This is an issue for further study at sites where more carbon flux data become 

readily available. 
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Table 2.5: Number of Parameters Sensitive for (a) Vegetation and (b) Soil/Snow. 

Sites BUCKET (0) CHASM (7) BATSle (10) BATS2 (9) NOAH (10) 
ARMCART n/a 0.857 0.600 0,444 0,700 

Cabanw n/a 0,571 0.400 0,555 0,200 
Illinois n/a 0.714 0.400 0,667 0,500 
Rjaru n/a 0.286 0.400 0,333 0,400 

Tucson n/a 0.571 0.400 0,333 0,100 
avg n/a 0.600 0.440 0.466 0.380 

Ratio of Sensitive Soil and Snow Parameters 
Sites BUCKET (8/11*) CHASM (8) BATSle (12) BATS2 (12) NOAH (14) 

ARMCART 0.250 0.125 0.667 0,417 0,571 
Cabauw 0.545 0.000 0.417 0,417 0.429 
Illinois 0.091 0.625 0.667 0,417 0,786 
Rjaru 0.625 0.000 0.500 0,417 0.500 

Tucson 0.250 0.250 0,667 0,417 0.571 
avg 0.352 0.200 0.584 0.417 0.571 

Some general comments can be summarized from this sensitivity analysis: 

• A simpler land-surface model does not necessarily result in more identifiable or 

sensitive parameters for a site; in fact, the opposite appears to be the case in this analysis. 

The more complex models have a larger relative index of sensitive parameters, although 

this varies somewhat with the vegetation sites. The BATSle is most sensitive to the more 

semi-arid sites, ARM-CART and Tucson. BATS2 has the most sensitivity to the Illiaois 

site, while the Noah model has the most sensitivity to the crop sites, ARM-CART and 

Illinois. As land-surface models become more complex, these results are somewhat 

encouraging. 

* The preceding statement appears to hold true only to a certain level of complexity. The 

BATSle model, intermediate in complexity in this study, contains the most relative 

sensitive parameters in this analysis. When moving from the BATSle to the BATS2 



model, there is actually a decrease in the average number of sensitive parameters. The 

more complex BATS2 has less overall sensitivity than its predecessor, BATSle. Only the 

Cabauw site has slightly more sensitive parameters in the BATS2 model. The Noah 

model behaves in a manner similar to the BATSle model in sensitivity for several of the 

sites, including ARM-CART, Illinois, and RJaru. 

• The sensitivity of the parameters in this study is also probably linked to the atmospheric 

forcings (input data) used in the analysis. The different environments used in the analysis 

(wetter sites (i.e., Rjara) vs. drier sites (i.e., Tucson)) lead to various levels of activation 

in model processes, resulting in different sensitive parameters for the study sites. 

2.7.2 Site and Model Specific Comments 

When analyzing the sensitivity plots for each site (Figures 2.3-2.7), more specific 

comments can be made regarding the performance of the models. In each figure, the top 

bar (light gray) represents the sensitivity relative to all three fluxes (typically H, A,E, and 

Tg), also defined as the global sensitivity. The bottom part of each subplot shows the 

sensitivity of each specific criterion (again H, XE, and Tg) to the model parameters. In 

brief, the longer the bar, the greater the sensitivity, with the greatest sensitivity if the bar 

crosses the 5% significance Mne (.05). Medium sensitivity is indicated if the bar crosses 

the 1% significance level (or .01). Below the 1% significance line, the parameter is 

considered to be insensitive. 
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Figure 2.3: MOGSA sensitivity plots for the BUCKET model at each study site. 



The BUCKET model used in this study is considered to contain only soil and 

snow-related parameters, with no vegetation parameters. In comparison to the other 

models used ia this analysis, the BUCICET model has the lowest relative index (.352). 

The drag coefficient (drag), influencing momentum, is the only parameter sensitive at all 

sites. Csoil is sensitive at four of the five sites, all but the Illinois site. Both ARM-CART 

and Tucson, the two more arid sites ia this study, had the same two sensitive parameters 

(drag and Csoil (thermal inertia of soil)). Interestingly, the Cabauw site is sensitive to the 

three albedo values (fresh snow, old or melting snow, and land-surface) along with the 

initial snow water equivalent value. RJaru is the only site where the field-capacity 

parameter (leap) and the initial soil-moisture conditions (soil) are sensitive. Three of the 

BUCEIET parameters show insensitivity at aU sites: fmelt (fraction of snowmelt 

infiltrating), mcf (runoff coefficient), and betad (critical value of Beta (as fraction)). 

Because streamflow was not used as a criterion or variable in this analysis, few 

conclusions can be drawn on the insensitivity of the runoff coefficient. It is expected this 

result may change if streamflow or runoff data were used as a criterion in a sensitivity 

analysis. 

The most complex version of the CHASM model (SLAM) was used in this 

analysis and, as such, the 14 parameters and three initial states were all involved during 

the model simulations. AU three initial states in the model (surface tenqjerature, soil 

moisture, and snow water equivalent) were analyzed as parameters. The snow water 

equivalent (wn) value was insensitive at all sites, even the snow regions (Illinois and 
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Figure 2.4: MOGSA sensitivity plots for the CHASM model at each study site. 
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Cabauw), and the initial soil moisture (wr) was only sensitive at the ARM-CART site. 

Interestingly, the initial surface temperature (ts), however, was sensitive at all sites. 

Of the vegetation and soil parameters, the CHASM model shows more sensitivity 

to the vegetation parameters than the soil parameters, most likely due to the simpler soil 

representation. Two of the CHASM vegetation parameters (fractional vegetation potential 

(fvegm) and the minimum stomatal resistance (rcmin)) were sensitive at all sites. The 

fractional vegetation seasonality parameter (fvegs) is sensitive at four of the five sites 

(insensitive at Rjaru). The insensitivity of the seasonality parameter is consistent with the 

evergreen broadleaf vegetation of the tropical rain forest. Of the remaining 14 

parameters, two vegetation parameters (aleafm and aleafs-both leaf area index 

parameters) along with the snow density parameter (rhon) and the soil color index (zcol) 

were insensitive at all sites. The Illinois site contains the most sensitive parameters using 

CHASM; 11 of the 17 parameters show high sensitivity to the criterion. The more 

complex vegetated site, RJaru, contains only three sensitive parameters; fvegm, rcmin, 

and the initial temperature (ts). 

Of the models used in this study, the BATSle has the highest overall number of 

sensitive parameters (Figure 2.5). During this analysis, only two of the 27 parameters 

were held fixed in the model, xmowil and xmofc, because these are calculated during 

model simulations. Of the three initial states in the model, the upper soil layer moisture 

(ssw) was sensitive at all sites. Tucson was the only site where the initial soil-moisture 

values in each layer (ssw, rsw, and tsw) were sensitive in the model. The BATSle model 

shows fairly even distribution between the number of sensitive vegetation parameters and 
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Figure 2.6: MOGSA sensitivity plots for the BATS2 model at each study site. 
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sensitive soil parameters. The ARM-CART site has the most sensitivity to vegetation, 

with six of ten parameters showing sensitivity. Cabauw, Illinois, and Tucson only have 

four sensitive vegetation parameters out of the ten vegetation parameters in the model. 

Surprisingly, there are only three vegetation parameters sensitive at the RJaru site. The 

Tucson site has the largest number of sensitive soil parameters, eight of 12. This seems to 

be consistent, as the vegetation cover at this site would not seem to play as big a role in 

the large sensible heat fluxes in the region. The Tucson site was also the most sensitive to 

initial conditions, with sensitivity to the initial moisture in all three zones (surface, root, 

and total). Cabauw has the least number of sensitive soil parameters, five of the 12 

values. Several parameters were sensitive at all sites; two vegetation parameters, 

fractional vegetation cover (vegc) and maximum leaf area index (xla), and three soil 

parameters: depth of the upper soil layer (depuv), the root fraction (rootf), and porosity 

(xmopor). Several other important parameters were also sensitive at only some of the 

sites. Minimum stomatal resistance (rsmin) was sensitive at three of the sites (ARM-

CART, RJaru, and Tucson). The Clapp and Homberger "b" parameter was sensitive at 

four of the sites, not at the RJaru site. The BATSle model only shows three of the 25 

parameters, which are insensitive at all sites: the seasonality fraction (seasf) and two soil 

parameters, depth of the total soil layer (deptv) and the short-wave albedo parameter 

(albvgs). 

The BATS2 model had on average ten sensitive parameters for the five sites. The 

Illinois site has the most sensitive parameters (12), and RJaru has the least sensitive 

parameters with eight. Of the vegetation and soil parameters, the BATS2 model actually 
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has the fewest parameters sensitive to the vegetation at the RJaru site, which has the most 

mature and complex vegetation of the sites in the study. This is an interesting outcome, as 

the BATS2 model was specifically developed to have an improved vegetation 

parameterization, able to simulate the growth and decay of vegetation. Four of the sites 

have fewer sensitive parameters in BATS2 (than BATSle) parameters, with only the 

Cabauw site having more sensitivity with the BATS2, and this is only one more 

parameter. At aU of the sites, five of the soil parameters were sensitive (index of 0.417), 

although these were not the same parameters throughout. Three of the BATS2 

parameters are sensitive at all the sites: vegetation cover (vegc), minimum stomatal 

resistance (rsmin), and the Clapp and Homberger "b" (bee) parameter. These findings are 

also consistent with Bastidas et al. (1999) in the BATSle model (and as in the previous 

section). Lettemnaier et al., (1996) also found the "b" parameter to be sensitive in the 

PILPS 2-c studies. Several of the BATS2 parameters are insensitive in all models, 

including single-side leaf area (sla), stem area index (sai), inverse sqrt of leaf dimension 

(sqrtdi), and the deptli of the total soil layer (deptv). The Tucson site was the most 

sensitive to initial soil moisture conditions, with two of the parameters sensitive: water in 

the root zone (rsw) and the total soil water (tsw). This is also consistent with the BATSle 

findings at the Tucson site (Bastidas et al., 1999). 

The Noah model (version 2.5.1) contains the most parameters of any of the 

models in this stud;, however, 12 of the 49 parameters are initial conditions that need to 

be estimated. Eight of the parameters relating to initial soil moisture were included in the 

sensitivity analysis, while the initial temperatures of the soil zones were not. Of the 
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Figure 2.7a: MOGSA sensitivity plots for the Noah model at the 
ARM-CART, Cabauw and Illinois sites. 
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Figure 2.7b: MOGSA sensitivity plots for the Noah model at the RJam 
and Tucson sites. 

remaining 37 parameters, 24 were included for analysis and 13 were set to default values. 

The issue of which parameters to include in the optimization and sensitivity analysis were 

done in consultation with the NCEP/Noali working group headed by Ken Mitchell 

(personal communication, 2002). The number of soils layers (nroot) in this analysis was 

set to four. The model had on average 15 of 32 sensitive parameters (0.475), varying 

from nine for the Cabauw site, to 20 for the ARM-CART site. Following the BATSle 
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model, the Noah model has the most sensitive parameters. Of the vegetation parameters, 

ARM-CART had the highest sensitivity, at an index of 0.700. The roughness length 

parameter (zO), along with four soil parameters - saturated hydraulic conductivity (satdk), 

saturated soil diffusivity (satdw), reference value for saturated hydraulic conductivity 

(refdk), and a parameter used in the calculation of roughness length of heat (czil) - were 

sensitive at all the sites. Five of the Noah parameters were insensitive at all sites, three 

vegetation parameters; canopy resistance function parameter (lis), second canopy water 

paranaeter (cmcmax), and the maximum stomatal resistance (rsmax); one soil parameter: 

saturated soil potential (psisat); and sh2o2 (initial soil liquid moisture in layer two). The 

Tucson site, as in the BATSle and BATS2 models, was sensitive to five of the eight 

initial soil moisture conditions. The ARM-CART site was also sensitive to five of the 

soil-moisture initial values. 

As discussed above, several of the parameters were either insensitive or sensitive 

parameters at all of the analyzed sites for each of the models. A summary of these 

numbers is presented in Figure 2.8. For example, the BUCKET model has three 

parameters (of the 12 in the model) that are insensitive at each of the sites. Of the more 

complex models (BATSle, BATS2, and Noah), the BATS2 model has five parameters 

that were insensitive to all of the study sites, while the Noah model has six parameters 

that were insensitive for each of the biomes analyzed. With the increasing number of 

parameters in the models, a broad sensitivity analysis, such as that performed here, can be 

undertaken to determine which parameters within the models are relevant. It is apparent 

that some parameters are important to the modeling process, while other are not, no 
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matter what the biome to which they are applied. These insensitive parameters can be set 

to default (or any other value) to greatly reduce the dimensionality of the parameter 

estimation problem for the various land-surface models, irregardless of the data set use in 

model simulations. Development of a systematic approach for defining sensitive and 

insensitive parameters, such as that used in this analysis, allows insight into the degree of 

difficulty of the parameter estimation problem and which parameters explicitly influence 

the modeling process. 

Sensitive and Insensitive Parameters at All Sites 

8 • Insensitive 

• Sensitive 
7 

BUCKET CHASM BATSIe BATS2 Noah 

11 17 27 36 49 
Model 

Figure 2.8: Number of parameters in each study model that are insensitive or 
sensitive at each vegetation site in this study. 
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2.7.3 Post-Sensitivity Calibration 

To illustrate the value of first performing a sensitivity analysis, followed by 

model calibration, two of the models (BATSle and Noah) were selected for re-calibration 

at two sites, ARM-CART and Tucson. The final calibrated parameters are compared to 

the calibrated parameters without a prior sensitivity analysis. These models were chosen 

due to their consistency in model performance during calibration at these sites and for 

comparison to previous studies (Bastidas et al., 1999). In the original calibrations for this 

study, the BATSle model consisted of 25 parameters for estimation at both ARM-CART 

and Tucson. After a sensitivity analysis, ten parameters at both sites were considered 

globally insensitive, leaving 15 parameters for calibration in the second step of the 

sensitivity-calibration process. In the Noah model, 32 parameters were originally 

calibrated at the two sites. After sensitivity analysis, 12 parameters were insensitive at 

ARM-CART (leaving 20 parameters for recalibration), wMle 18 parameters were 

insensitive at Tucson (leaving 15 parameters for recalibration). For re-calibration, 

parameters that were insensitive were set to model default values and held constant 

during the optimization procedure. In order to evaluate computational savings with a 

reduced number of parameters in the calibration process, one can compare the number of 

iterations (or loops of the MOCOM algorithm) required for convergence to the Pareto 

region. The original calibrations for BATSle took approximately 29,230 and 176 

iteration loops, for ARM-CART and Tucson, respectively. Upon recalibration, the 

smaller number of parameters resulted in optimizations of 2,845 and 139 iteration loops. 
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resulting in significant time savings for the ARM-CART site, and slight time savings for 

the Tucson site. 

A listing of final "best set" values for each of the calibration analyses (original 

and recalibration (post-sensitivity)) for BATSle, are presented in Table 2.6. Objective 

functions values (RMSE errors) for the original and recalibration parameter best sets are 

shown in Table 2.6a. These parameters are selected based on the normalized least squares 

distance of the optimized objective functions (also called L2norm for this analysis). The 

shaded parameters are the values that were recalibrated after the sensitivity analysis. 

These values can be compared to the original or initial calibration values. In general, the 

two sets of parameters compare very well. At the ARM-CART site, only the stomatal 

resistance (rsmin) and some of the soM-moisture values changed significantly. Rsmin 

changed from the original value of 48 to a value of 115. The soil-moisture values were 

affected by setting the insensitive total soil water (tsw) to a default of 450 mm. This 

caused the dependent and smaller surface soil water (ssw) and root soil water (rsw) to 

become much smaller than the original calibrations. At the Tucson site, the two sets of 

parameters are very similar. Only the soil-moisture values are slightly different (increased 

in RECAL), and the "b" parameter is increased sMghtly (6.77 to 8.26). The BATSle 

model seems to hold to the conclusion of sensitive vs. nonsensitive parameters and 

doesn't significantly change values of sensitive parameters upon recalibration. Observing 

the objective functions for the two parameters sets, there is actually a decrease in the 

sensible heat (SH) errors at both sites with recalibration and the latent heat flux errors 
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(LE) at the Tucson site. However, the LE errors increase at ARM-CART. Ground 

temperature (Tg) remains consistent, and ground heat flux errors increase at ARM-CART. 

Table 2.6: BATS le "Best" Set Parameter Values for Original Calibrations and 
Recalibration (RECAL) After Sensitivity Analysis. 

AKMCART Tucson 
liidex Par Name FLAG 1 Origjnal FLAG RECAL FLAG 1 Original FLAG RECAL 

1 vegc OPT 0.89 OPT 0.88 OPT 0.74 OPT 0.70 
2 seasf OPT 0.33 HX 0.60 OPT 0.19 HX 0.10 
3 roiigh OPT 0.01 OPT 0.04 OPT 0.07 OPT 0.04 
4 displa OPT 1.00 OPT 1.23 OPT 1.97 HX 0.00 
5 rsmin OPT 48 OPT 115 OPT 143 OPT 171 
6 xk OPT 3.68 OPT 4.53 OPT 2.51 OPT 3.32 
7 xlaiO OPT 2.53 HX 0.50 OPT 1.49 HX 0.50 
8 sai OPT 2.87 OPT 2.12 OPT 2.79 HX 2.00 
9 sqrtdi OPT 7.45 HX 10.00 OPT 6.70 HX 5.00 
10 fc OPT 0.03 HX 0.02 OPT 0.04 HX 0.02 
11 depuv OPT 126 OPT 157 OPT 162 OPT 146 
12 deprv OPT 1567 HX 1000 OPT 1707 OPT 1852 
13 deptv OPT 7425 HX 10000 OPT 7523 HX 10000 
14 albvgs OPT 0.11 HX 0.10 OPT 0.15 HX 0.17 
15 albvgl OPT 0.26 OPT 0.34 OPT 0.35 HX 0.34 
16 rootf OPT 0.39 OPT 0.41 OPT 0.49 OPT 0.70 
17 xmopor OPT 0.54 OPT 0..58 OPT 0.59 OPT 0.61 
18 xmosuc OPT 144 HX 200 OPT 78 OPT 81 
19 xmohyd OPT 0.01 OPT 0.01 OPT 0.00 OPT 0.00 
20 xmowil HX 0.30 HX* 0.30 HX 0.30 HX* 0.30 
21 xmofc HX 0.65 HX* 0.65 HX 0.65 HX* 0.65 
22 bee OPT 7.48 OPT 6.50 OPT 6.77 OFl' 8.26 
23 skrat OPT 1.33 OPT 0.98 OPT 1.55 OPT 1.64 
24 solour OPT 0.07 HX 0.05 OPT 0.09 HX 0.10 
25 ssw OPT 58 OPT 118 OPT 50 OPT 68 
26 rsw OPT 903 OPT 326 OPT 781 OPT 799 
27 tsw OPT 3428 HX 450 OPT 2719 OPT 4781 

Table 2.6a; BATSle Objective Function Values (RMSE errors) for Original 
Calibrations and Recalibration (REC AL) After Sensitivity Analysis. 

ARMCART TiKsm 
RECAlJ KBCAL 

SH 53.54 43.46 53.53 49.47 
m 45.09 73.30 3655 33.58 
Tg 2.28 2.82 3.79 3.65 
G 10.08 21.21 38.55 41.18 
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The No all model recalibrations are displayed in Table 2.7, with objective function 

values given in Table 2.7a. The Noah model recalibrations took approximately 6,308 

iterations for the ARM-CART site (originally 12,642) and 3,971 iterations (8,461 

originally) for the Tucson site, resulting in signiticant time savings for the optimizations. 

Unlike the BATSle model, the Noah model shows some changes in parameter values for 

ARM-CART when running a calibration with insensitive parameters set to default values. 

Several of the parameters change significantly, including leaf area index (lai), hydraulic 

conductivity (satdk), saturated soil diffusivity (satdw), and the "b" parameter. The other 

16 parameters change less notably. The Tucson site shows much less difference in the 

calibration parameter values from this procedure. With the 14 parameters optimized, only 

a few parameters change; roughness height (zO) increases slightly, and the reference 

value for surface infiltration (refkdt) decreases by about 50%. Analyzing the objective 

function values for the parameter sets (Table 2.7a), there is little change in the errors 

between the original calibration and the recahbration. There is even a slight decrease in 

errors for most fluxes at the ARM-CART site (SH, LE, and G) and a decrease in the LE 

error at the Tucson site. For both models, BATSle and the Noah model, there is a 

significant amount of time savings for the parameter estimation problem setting 

insensitive parameters to default values and concentrating only on parameters, which 

seem to affect model processes at these sites. Except for the latent heat fluxes at ARM-

CART with the BATSle model, simulation errors are consistent between original 

calibrations (all parameters) and recalibrations (only sensitive parameters), and even 

decrease in some cases. 
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vJoali "Best" Set Parameter Values for Original Calibrations 
•ration (RECAL) After Sensitivity Analysis. 

ARM-CART TUCSON 
FLAG Original FLAG MECAL FLAG Original FLAG RECAL 

OPT 75.3 OPT 87.3 OPT 95.8 FIX 200 
OPT 125 OPT 85.7 OPT 104 HX 100 
OPT 43.5 FIX 36.3 OPT 45 HX 42 
OPT 0.624 OPT 0.664 OPT 0.403 OPT 0.566 
OPT 1.17 OPT 3.14 OPT 0.272 FIX 4 
OPT 1.29 OPT 1.43 OPT 0.111 FIX 0.5 
OPT 7.69E-04 FIX 5.00E-03 OPT 9.62E-04 5.00E-04 
OPT -3.07 OPT -3.19 OPT -1.87 HX -2 
OPT 6066 FIX 5.00E403 OPT 5815 HX 5000 
OPT 300 OPT 299.4 OPT 296.7 FIX 298 
OPT 0.517 FIX 0.464 OPT 0.535 OPT 0.463 
OPT 0.0356 FIX 0.119 OPT 0.115 OFT 0.089 
OPT 0.236 FIX 0.62 OPT 0.228 HX 0.62 
OPT 8.97E-06 OPT 3.35E-06 OPT 5.41 E-06 OPT 7.75E-06 
OPT 4.58 OPT 10.4 OPT 4.83 OPT 6.41 
OPT 9.85E-06 OPT 1.28E-05 OPT 1.55E-05 OPT 1.79E-05 
OPT 0.219 OPT 0.358 OPT 0.432 FIX 0.1 
FIX 4 FIX 4 FIX 4 HX 4 
OPT 1.26E-05 OPT 1.89E-05 OPT 1.53E-05 FIX 2.00E-06 
OPT 2.54 OPT 2.77 OPT 1.66 OPT 1.38 
OPT 5.39 FIX 3 OPT 5.28 OPT 2.35 
OPT 0.561 OPT 0.589 OPT 0.222 OFF 0.23 
OPT 2.51E+06 OPT 3.00E+06 OPT 1.61E+06 HX 2.00E+06 
FIX -8 FIX -8 FIX -8 HX -8 
OPT 0.141 FIX 0.15 OPT 0.16 FIX 0.15 
OPT 6.21E-02 FIX 0.04 OPT 0.053 FIX 0.025 
HX 0.75 FIX 0.75 FIX 0.75 FIX 0.75 
FIX 2.6 FIX 2.6 FIX 2.6 FIX 2.6 
HX 0.1 EDf 0.1 FIX 0.1 FIX 0.1 
FIX 294 FIX 294 FIX 299 FIX 299 
FIX 5.00E-04 FIX 5.00E-04 FK 5.00B-04 HX 5.00E-04 
nx 0 FIX 0 FIX 0 FIX 0 
FIX 0 FIX 0 FIX 0 HX 0 
FIX 0.1 FIX 0.1 FIX 0.1 HX 0.1 
FIX 0.2 FIX 0.2 HX 0.2 HX 0.2 
FIX 0.6 FIX 0.6 FIX 0.6 HX 0.6 
FIX 1.1 FIX 1.1 FIX 1.1 HX 1.1 
FIX 293.6 FIX 293.6 FIX 297 FIX 297 
FIX 292.7 HX 292,7 HX 293.7 FIX 293.7 
FIX 290.5 HX 290.5 HX 290.5 FIX 290.5 
FIX 290.4 HX 290.4 FIX 290.4 FIX 290.4 
OFF 0.291 OPT 0.273 OPT 0.385 OPT 0.348 
OPT 0.333 OPT 0.547 OPT 0.331 FK 0.28 
OPT 0.444 OPT 0.37 OPT 0.289 OPT 0.347 
OPT 0.25 HX 0.56 OPT 0.443 OPT 0.532 
OPT 0.159 HX 0.05 OPT 0,309 OPT 0.262 
OPT 0.327 HX 0.05 OPT 0.278 HX 0.28 
OFF 0.295 OPT 0.157 OPT 0.25 OPT 0.158 
OFT 0.195 OPT 0.5 OPT 0.192 FIX 0.28 
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Table 2.7a; Objective Function Values (RMSE errors) for Original 
Calibrations and Recalibration (RECAL) After Sensitivity Analysis. 

ARMCART Tucson 
Fluxes Original RECAL Original RECAL 

SH 32.14 30.90 33.59 35.59 
LE 105.06 103.56 36.18 34.94 
Tg 1.83 1.85 1.60 1.69 

G 5.46 5.14 26.31 26.32 

2.8.4 Calibration and Sensitivity Analysis Conclusions 

For the calibrations performed at the vegetation sites in this study, the BATS le 

and Noah models tend to perform better than most of the other models, with the BATSle 

giving the best performance at Cabauw and ARM-CART, and the Noah model having the 

best calibrations at Illinois and Tucson. However, for the RJam rain forest site, the 

BATS2 model outperforms these two models, most likely due to the more complex 

vegetation physics in the model. Interestingly, however, the BATS2 had the lowest 

sensitivity index for vegetation at the RJara site. The CHASM model, given its relative 

simplicity (17 parameters vs. 27, 36, and 49 for the BATSle, BAT2, and Noah) does 

well, especially at the Cabauw, RJaru and Tucson sites. The BUCKET model generally 

performs poorly when compared to the other models, but seems to do better when used at 

the more humid sites (Cabauw and RJam). The increasing complexity in the models 

seems to result in improved simulations over the simpler BUCKET and CHASM models. 

However, at a certain point, the increased complexity may not be needed except in highly 

vegetated sites such as RJaru, where a carbon and/or growth model may be appropriate. 



77 

The Noah model also tends to be higher on latent heat errors for many of the sites. The 

BATSle model could be utilized to model four of these five sites, with little loss in 

performance from using the more complex BATS2 and Noah models. This would also 

result in fewer parameters to estimate and reduce computational time when using 

automated procedures. 

In tliis analysis, the tenn complexity was related to the number of parameters that 

need to be defined in the models. When evaluating the number of sensitive parameters for 

the study models, BATSle has the highest sensitivity (largest index), yet is intermediate 

in con^iexity in this analysis. Interestingly, this model also showed consistent calibration 

results for most sites. The BUCKET model, although it contains no explicit vegetation 

parameters, does have sensitivity to its soil parameters at the more humid sites in the 

study (Cabauw and RJara). The CHASM model (in the SLAM mode) also has a fair 

number of sensitive parameters for the level of complexity. BATS2, which includes the 

more advanced vegetation parameterization than either the BATSle or Noah models, 

does not necessarily result in a higher number of sensitive parameters, even for its 

vegetation parameters. The increasing complexity of the BATS2 model over the BATSle 

does not necessarily result in more identifiable parameters. In fact, the additional 

complexity in the BATS2 model may be causing interaction among the parameters and 

fewer sensitive parameters. The Noah model (used in operational weather forecasting) 

tends to lean more toward soil sensitivity rather than sensitivity to vegetation parameters. 

Recalibration of the B ATSle and Noah models showed little loss in quality using 

a reduced number of parameters for estimation, but significant time savings, especially 
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for the ARM-CART site. For the BATSle recalibrations, the two sets of parameters 

compare very well, and objective function errors for the sets are similar (except for the 

latent heat error at ARM-CART). The Noali model did show some changes in parameter 

values for the ARM-CART when re-running a calibration with insensitive parameters set 

to default values. Several of the parameters change significantly, although the other 16 

parameters were less noticeably affected. The Tucson site shows much less change 

during re-optimization, with only a few parameters changing significantly between the 

original calibration and recalibration. Objective function errors in the Noah model are 

similar for both parameter sets and even decline for many of the fluxes using the 

recahbrated parameter set. 

2.8 SUMMARY AND CONCLUSIONS 

In this chapter, the MOCOM-UA and MOGSA-UA algorithms were used to 

evaluate and compare the performance of several common LSS. General sensitivity of the 

various models was evaluated across biomes. Calibration of the models was also 

undertaken to evaluate the effect of complexity on performance across regimes. Results 

from this sensitivity and calibration analysis demonstrate that increasing complexity does 

not necessarily equate to better or improved performance. This issue is being addressed 

within the hydrologic modeling community (Croke and Jakeman, 2001; Jolly and 

Wheater, 1996; Jakeman and Hornberger, 1993), and there has been a move within some 

research groups to simplify the representation of runoff processes within hydrologic 

models. However, scientists within the land-surface community are striving for 
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increasingly complex representations within modeling schemes. Once complexity reaches 

a certain level, incorporating more physics does not necessarily result in improved 

simulations or reduced errors in the fluxes for many biomes. Time may be better spent 

incorporating improved biological and chemical flux processes or improved hydrologic 

and runoff physics, rather than continuing to solely increase the complexity of the 

vegetation/evaporation processes. 

Few studies are addressing the adequacy of specific models across biomes and 

the resulting parameter estimation problem for accurately simulating energy and water 

fluxes on the shorter time scales. The sensitivity analysis performed here revealed that 

several parameters in the models are insensitive regardless of the input data (i.e., 

vegetation type). TMs implies that there is potential for a reduction in the number of 

parameters a modeler must be concerned with at any given site. The development of a 

systematic approach for defining sensitive and insensitive parameters, such as that 

presented in this analysis, will aid modelers in defining procedures for reducing the 

parameter estimation problem and concentrating resources only on those parameters 

essential for accurate model simulations. 
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CHAPTER THREE 

INVESTIGATION OF COMMON LSM PARAMETERS 

3.1 INTRODUCTION 

The investigation in Chapter Two presented an overview of the general sensitivity 

of the various parameters over increasing levels of model complexity. After this initial 

study, a more specific parameter analysis is undertaken to evaluate the behavior of 

several "common" land-surface model parameters. Parameters that have been previously 

identified as being important in representing land-surface processes, and which proved to 

be sensitive in the preceding analysis, are specifically evaluated as to their sensitivity and 

behavior within a selected biome aci'oss the same group of land-surface models. In the 

general sensitivity analysis, five vegetation parameters were found to be sensitive over 

the various land-cover sites, including vegetation cover, aerodynamic roughness, 

minimum stomatal resistance, depth of upper soU layer, and depth of the root zone soil 

layer. Five parameters related to soil were found to be sensitive; porosity, minimum soil 

suction, maximum hydraulic conductivity, Clapp and Homberger "b" parameter, and the 

ratio of soil thermal conductivity to that of loam. Seven vegetation and soU parameters 

were chosen for further analysis and study of their behavior and performance between 

models. The majority of the sensitivity analysis to date have consisted of a single model 

at a specific site (or synthetic data) or, as with Bastidas et al. (1999), a single model at 

two sites. Few studies have encompassed a sensitivity analysis and evaluation of specific 

model parameters and their behavior in land-surface models across various global 
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vegetation biomes. The goal of this work is to perform an indepth evaluation of several 

common land-surface model parameters by analyzing their sensitivity to various biomes 

and their calibrated values in several of the study models. 

The specific objectives of this chapter are to: 

• Perfonn an indepth analysis of several specific parameters common to the land-surface 

models in use today. The goal is to better examine the behavior and meaning of several 

common parameters between modeling systems at the specific vegetated biomes. 

® Identify the physical meanings of the selected parameters within the land-surface 

models. Does the parameter behave similarly (for sensitivity level and calibrated values) 

across the range of models (at the saine biome)? What are the implications (ie., is the 

prescribed meaning truly the same between models if behavior is different)? 

3.2 METHODS AND PARAMETERS 

The parameters selected for further analysis include four vegetation parameters: 

fraction or percentage vegetation cover, aerodynamic roughness length, displacement 

height, and minimum stomatal resistance, and three soil parameters: porosity, maximum 

saturated hydraulic conductivity, and the Clapp and Homberger "b" parameter. These 

specific parameters were analyzed to gain insight into the effective meaning and behavior 

of these parameters in the various models. Several of these parameters have also appeared 

ill the literature as being important or sensitive in representing land-surface processes 

(Bastidas et aL, 1999; Driese and Reiners, 1997; Lettenmaier et al., 1996; Gao et al., 

1996; Henderson-Sellers, 1992). The seven parameters chosen for comparison and their 
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definitions as specified in the models are listed in Table 3.1. These parameters are 

common to many of the more complex and recently developed models. The fractional 

vegetation cover (vegc or fvegm) in the models is a parameter that varies between a 

minimum and maximum value during the growing season, typically based on the 

subsurface soil temperature. Any snow cover on vegetation reduces this fractional 

vegetation, as this part of the land-surface does not interact with the atmosphere. The 

roughness length (zO or rough) is used to express the roughness of the surface and is 

typically a fraction of the land-surface cover or vegetation height. It affects the intensity 

of mechanical turbulence and the various fluxes above the surface. In the BATSle model, 

roughness length is approximately 1/20 of vegetation height; other models typically use 

1/10 vegetation height (Shuttleworth, 1988). A lower roughness length implies less 

exchange between the surface and the atmosphere. The minimum resistance (or 

maximum conductance) encountered by diffusion of water moving from inside the leaf 

(or canopy) to the outside is referred to as the minimum stomatal resistance (rsrtrin or 

rcmin). This can occur through leaf stomata or cuticles and changes with environmental 

conditions (Dickinson et aL, 1993). The parameter is used in the calculation of overall 

stomatal resistance of the canopy. Displacement height, or zero plane displacement 

height, is also used in the determination of aerodynamic resistance of the surface. This 

value is typically estimated to be around 2/3 s of the mean height of the vegetation 

(Shuttleworth, 1993). Porosity and hydraulic conductivity have the same definitions 

found in classical hydrogeology, with porosity defined as the volume of voids in the soil 

fraction and hydraulic conductivity defined as the constant in Darcy's law, which relates 
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hydraulic gradient to specific discharge. Porosity is used in estimating maximum 

saturated conditions in each of the soil zones in the layers, while hydraulic conductivity is 

used to define gravitational drainage or flow from the soil layers. Clapp and Homberger's 

"b" parameter is a non-dimensional soil-texture parameter relating changes in soil-water 

potential and hydraulic conductivity with soil-water. 

Table 3.1; Chosen Study Parameters and Their Definitions for Each of the 
Four Land-surface Models. 

Model Parameter Parameter Definitions (units) 

CHASM fvegm fractional vegetation potential (-) 
BATSle vegc maximum fractional cover of vegetation (-) 
BATS2 vegc maximum fractional cover of vegetation (-) 
NOAH n/a 

CHASM zOv roughness length of vegetated surface (m) 
BATSle rough aerodynamic roughness length (m) 
BATS2 rough aerodynamic roughness length (m) 
NOAH zO roughness length (m) 

CHASM n/a 
BATSle displa displacement height (m) 
BATS2 displa displacement height (m) 
NOAH displa displacement height (m) 

CHASM rcmin minimum stomatal resistance (s/m) 
BATSle rsmin minimum stomatal resistance (s/m) 
BATS2 rsmin minimum stomatal resistance (s/m) 
NOAH rsmin minimum stomatal resistance (s/m) 

CHASM n/a 
BATSle xmopor fraction of soil that is voids (-) 
BATS2 xmopor fraction of soil that is voids (-) 
NOAH maxsmc porosity (-) 

CHASM n/a 
BATSle xmohyd maximum hydraulic conductivity (aim's) 
BATS2 xmohyd maximum hydraulic conductivity (mm/s) 
NOAH satdk saturated soil hydraulic conductivity (m/s) 

CHASM n/a 
BATSle bee clapp and homberger "b" parameter 
BATS2 bee clapp and homberger "b" parameter 
NOAH b clapp and homberger "b" parameter 
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The BUCKET model does not explicitly contain any of the parameters chosen for 

this study; hence it is not included in this analysis. The CHASM, BATSle, BATS2, and 

Noah model parameters were analyzed. The goal of this detailed analysis is to investigate 

the parameterization or "physical meaning" of these parameters within several of the 

common land-surface models. What is the stated meaning within the models, and is the 

meaning consistent from model to model? If the stated meaning is similar between 

models, does the sensitivity vary between same site/different models and same model 

/different sites? If so, this may be an indicator that the true meaning witliin the models is 

inconsistent with the stated meaning. What then are the implications for assigning values 

(especially default) to these parameters for land-surface modeling, specifically for inter-

comparison of models using these assigned values (i.e., PILPS-type studies)? 

3.3 SENSITIVITY RESULTS 

The ranges used for analysis are the same as in Chapter Two and can be found in 

Appendix 2. The parameters were included as part of the general sensitivity analysis and 

allowed to vary between their minimum and maximum values (as in the calibration 

analysis) corresponding to specific vegetation biomes. To ensure consistency, the same 

ranges were used in all of the models for each site. The CHASM model contains three of 

the chosen parameters, the BATSle and BATS2 contain all seven, and the Noah model 

contains five of the parameters. Figures 3.1 and 3.2 display the global sensitivity bars (as 

in the previous study) for each of the parameters with each model and study site. In 

Figure 2.9, each horizontal line is one model, and each parameter is displayed (listed at 
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top of the figure) for each of the sites (abbreviated at the bottom of the figure). As noted 

in Table 2.8, not all of the seven parameters are found in the study models. 
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Figure 3.1: Parameter global sensitivities for the seven parameters (top of figure) and 
the four models (listed on side), for each study site (abbreviated at the bottom of the 
figure). 

For example, in the top row, left comer of Figure 3.1, the vegetation cover 

(vegcover) parameter is shown for all five sites for the CHASM, BATS 1 e (Bl) and 

BAT2 (B2) models. The parameter is sensitive (> .01 or 1% significance line) at all sites. 

This format allows for a quick comparison of how each of the seven parameters for the 

models performs at the five sites. It can be seen that the vegetation cover parameter 

(vegcover) is sensitive at all sites in the three models, which explicitly contain this 
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parameter. However, there is variability in several of the other parameters in the models. 

It can be seen that the displacement parameter in BATSle and BATS2 has variable 

sensitivity from site to site. This is also true of the minimum stomatal resistance (rsmin) 

parameter in the Noah model and the porosity parameter in BATS2 and Noah. Hydraulic 

conductivity in BATSle and BATS2 changes significantly from site to site, as does the 

"b" parameter in the Noah model. 

To better assess how the "same" parameter performs across sites, Figure 3.2 is 

presented. Parameters in this figure are again listed across the top. A single site can be 

assessed across the range of models, which explicitly contain the parameter. For example, 

addressing the top row of bats, each parameter at the ARM-CART site can be evaluated. 

The vegetation cover (vegcover) is sensitive for all of the models (CHASM, Bl, and B2) 

at the ARM-CART site. However, the roughness parameter (second box from upper left) 

is insensitive in the CHASM model, but is sensitive in Bl, B2, and Noah, Other notable 

results at ARM-CART: the minimum stomatal resistance (rsmin) is insensitive in both 

BATS models yet is Mghly sensitive in CHASM and Noah. Two of the soil parameters, 

porosity and hydraulic conductivity (K) also vary significantly at ARM-CART. Porosity 

in the Noah model is insensitive, while BATSle hydraulic conductivity is insensitive. At 

the Cabauw site, there is an obvious difference in how the displacement height behaves in 

the BATSle and BATS2 models (sensitive at Bl and insensitive at B2). Another large 

difference is shown for rsmin, sensitive in three of the models and very insensitive for the 

Noah model, which is also the case for the Clapp and Homberger "b". At the Illinois site, 

large discrepancies are seen in how the BATSle and BATS2 sensitivities compare for 
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Figure 3.2: Parameter global sensitivities for the seven parameters (top of figure) and 
each site (listed on side), for each model (abbreviated at the bottom of the figure). 

porosity and satk. The RJaru site is also inconsistent in sensitivities for the soil 

parameters; porosity is sensitive for BATSle and BATS2, but insensitive for the Noah 

model. The opposite is true for the hydraulic conductivity parameter. The Tucson site 

shows the most variability in sensitivity, most likely attributable to the difficulty of most 

LSS to represent semi-arid processes. The vegcover is again sensitive in aU models; 

however, the roughness length shows high variability between models. CHASM and 

BATS2 are insensitive to this parameter, but BATSle and the Noah model are sensitive. 

Interestingly, these are also the two models that performed the best at the semi-arid site. 

Displacement does not appear to be important at the Tucson site, but minimum stomatal 
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resistance is sensitive in three of the models (not the Noah model). For the soil 

parameters, porosity is sensitive in all models, while hydraulic conductivity is only 

sensitive iiv BATSle. The Clapp and Homberger "b" parameter is sensitive within all 

models at the Tucson site. 

3.4 CALIBRATION RESULTS 

Calibration results for the parameters for four of the models, CHASM, BATSle, 

BATS2 and Noah are shown in Table 3.2. Listed are default values (look-up or book 

values) versus the "best" parameter set of the calibrated values (from the 250 Pareto 

solution). The best set is calculated using a normalized least squares difference for the 

relevant fluxes used in the calibration process. The shaded areas represent sites/models 

where the parameters were determined to be sensitive. First analyzing the vegetation 

cover (vegcover), which is sensitive in all models at all sites, there is a large difference ia 

the default values for Tucson and the final calibrated values (0.10 vs. 0.67) for both 

BATSle and BATS2. The only other large difference between default and calibrated 

values is at the Illinois site for BATsle, 0.85 for default, 0.51 for BATSle, and 0.70 for 

BATS2. The low default values for the vegcover for the semi-arid Tucson site are typical 

of most LSS assumptions of little or no vegetation cover in semi-arid regions. 

The roughness parameter is sensitive in all four models for Cabauw, yet the 

values for the Noah model are quite different at ARM-CART (0.624 for Noah vs. 0.010 

and 0.017 for BATSle and BATS2, respectively). Displacement height was only 

sensitive at ARM-CART, Cabauw, and Illinois for the BATSle and BATS2. 
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Table 3.2: Calibrated Parameter Values for Selected Study Parameters 
(Def=default, BEST="best" Parameter Set with L2iiorm). 

CHASM BATSIe BATS2 NOAH 

Par Site Def 1 BEST Def BEST Def 1 BEST Def 1 BEST 

Vegc ArmCart 0.80 0.94 0.85 0,90 0.85 0.94 

(%) Cabauw 0.80 0.55 0.80 0.74 0.80 0.76 

Illinois 0.80 0.84 0.85 0,51 0.85 0.70 N/A 

Rjaru 0.80 0.98 0.90 0.89 0.90 0.90 

Tucson 0.80 0.98 0.10 0.74 0.10 0.65 

Rough ArmCart 0.150 0.028 0.060 0.010 0.060 0.017 0.035 0,624 

Cm) Cabauw 0.150 0.011 0.020 0.011 0.020 0.011 0.035 0,076 

lllinras 0.150 0.105 0.060 0.074 0,060 0.010 0.035 0,536 

Rjaru 0.150 0.550 2.000 1.630 2,000 1.450 2.650 1,410 

Tucson 0.150 0.160 0.100 0.069 0.100 0.071 0.011 0,316 

Disp. Ht. ArmCart 0.0 1.0 0.0 1.1 

(m) Cabauw 0.0 0.1 0.0 0.1 

Illinois N/A 0.0 2,4 0.0 1.9 N/A 

Rjaru 2.0 4,8 2.0 16.4 

Tucson 0.0 2,0 0.0 3.1 

Rsmin ArmCart 40.0 5.4 120.0 2,9 120.0 50.2 40.0 75.3 

(sfm) Cabauw 40.0 5.4 200.0 5,4 200.0 14.7 40.0 60,0 

Illinois 40.0 107.5 120.0 56,7 120.0 101.1 40,0 73,3 

Rjaru 40.0 16.0 150.0 10.5 150.0 57.7 150,0 96,9 

Tucson 40.0 110.6 200.0 143.0 200.0 128.9 200,0 93,3 

Porosity ArmCart 0.45 0,54 0.45 0.51 0,46 0,52 

(%) Cabauw 0.45 0,50 0.45 0.48 0,41 0,59 

Illinois N/A 0.45 0,41 0.45 0.54 0,46 0.54 

Rjaru 0.66 0,40 0.66 0.33 0,41 0.35 

Tucson 0.45 0,59 0.45 0.56 0,42 0.54 

(K) ArmCart 0.89 0,51 0.89 0.48 0.2 0.866 

(e-5) Cabauw 0.89 0.36 0.89 0.39 0.72 0.657 

(m/s) Illinois N/A 0.89 0.87 0.89 0.79 0.23 0.21 

Rjaru 0.08 0.97 0.08 0.85 0.72 0.57 

Tucson 0.89 0.48 0.89 0.53 1.41 0.53 

"B" ArmCart 5.5 7.5 5.5 8.9 8.7 4.6 

(-) Cabauw 5.5 3.7 5.5 8.8 10,7 5.9 

Illinois N/A 5.5 3.8 5.5 9.8 8,7 6.8 

Rjaru 10.8 3.6 10.8 7.6 10,7 4.9 

Tucson 5,5 6.8 5.5 8.4 4,3 4.6 



Interestingly, the calibrated values for two of these sites are significantly higher than the 

default value of 0. The BATSle and BATS2 values compare better for these parameters, 

with ARM-CART at 1.0 and 1.1, respectively and 2.4 and 1.9 for Illinois, respectively. 

Minimum stomatal resistance (rsmin) is common to all of the models in this study, yet 

behaves quite different than many of the listed default values for the five sites. 

Comparing rsmin at Cabauw, where each model was sensitive for this parameter, a range 

of values can be seen. Three of the models generally have much lower values, 5.4 

(CHASM), 5.4 (BATSle), and 14.7 (BATS2). The Noah model has a slightly higher 

value of 60.0. When comparing to default values, the BATSle and BATS2 models have 

much lower calibrated values than would be used in a default parameter ran. For RJaru, 

the BATSle (10.5) and BATS2 (57.7) calibrated values are also significantly lower than 

the default of 150. The Tucson site also shows slightly lower calibrated values (143 and 

129) than the default of 200 for each of the BATS models. Porosity at each of the sites 

shows generally better comparison to default than most of the vegetation parameters. 

The RJaru site is the only site where the calibrated values of 0.40 and 0.33 for the 

BATSle and BATS2 models, respectively, are much lower than the default value of 0.66. 

In general, the Noah model has higher calibrated values for porosity than BATSle and 

BATS2. Results for hydraulic conductivity (K) are shghtly more variable at several of the 

sites. Of the sites where K is sensitive, the Cabauw site has very different values between 

the BATSl and Noah models (0.36e-05 vs. 0.66e-05). The BATS2 also has slightly lower 

values than Noah for the ARM-CART site (0.48e-05 vs. 0.87e-05). BATS2 and Noah 

have very different calibrated values for hydraulic conductivity at the Illinois site (0.79e-
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05 and 0.21e-05, respectively). The Clapp and Hornberger "b" parameter is sensitive for 

nearly all of the sites and models and generally reveals higher values for calibrated than 

default values. Calibrated values are higher for the ARM-CART site in the BATSle (7.5) 

and BATS2 (8.9) models, but lower in the Noah model (4.6) Values are much lower at 

the Cabauw site for BATSle (3.7) versus a value of 8.8 for BATS2 (default of 5.5). 

There is also a large difference between the calibrated value of 3.8 for BATSle and 9.8 

for BATS2 at the Illinois site. The final calibrated values for the "b" parameter are quite 

variable at the Tucson site: BATsle (6.8), BATS2 (8.4), and Noah (4.6) and differ in 

most cases from the prescribed default values. 

To better visualize behavior of the calibrated parameters, model-to-model 

comparisons are presented in Figures 3.4-3.7. In these plots, normalized parameter values 

at all five sites (each dot represents a site) are compared with two of the study models. An 

explanation of the results is presented in Figure 3.3. The calibrated parameter values were 

normalized (see formulation described in Figure 3.3) against the default value and the 

parameter ranges for each model. If two parameter values have a similar calibrated value, 

they will fall along the 45° line. If the values are close to the model default, they will 

cluster around the origin (0,0). If they deviate from the default, but are similar in value, 

they will be in the lower left quadrant (below default) or upper right quadrant (above 

default). In this analysis, illustration of results for the more complex models is presented: 

BATSle vs. BATS2, BATSle vs. Noah, and BATS2 vs. Noah. 
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Figure 3.3: Corrparison of calibrated model parameters. Parameters (X„orm) 
are normalized against default and calibration range as follows: 

Xnarm — (Xcal value Defaultjnodei) ^ 

Parameter values are then plotted in the above grid (Model 1 vs. Model 2). A 
value near zero signifies that both calibrated values from the compared 
models are near default values. Departure from zero indicates that the 
calibrated value is greater or less than the default value. A value falling along 
a 45° line indicates that the two models have similar calibrated values (either 
positive or negative). 
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Figure 3.4: ComparisoB of normalized calibrated parameter values for six of the 
parameters within the BATSIe (Bl) and BATS2 (B2) models. The five dots 
represent the five sites in the study (A = ARMCART, C = Cabauw, I = Illinois, 
R = RJaru, T = Tucson). 
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A comparison of six of the study parameters in the BATSle and BATS2 models 

is presented in Figure 3.4. Vegetation parameters are on the left side of the diagram 

(vegetation cover, roughness length, and minimum stomatal resistance (rsmin)), and soil 

parameters are on the right (porosity, saturated hydraulic conductivity (satk), and the 

Clapp and Homberger "b" parameter (bee)). Sites where parameter values deviate greatly 

from default values are noted with the site initial (as described in Figure 3.4). In general, 

similar values are seen for most of the parameters in the two models (values lie along the 

45" line). This implies that the parameterizations (or the implied physical meaning) for 

the parameters are comparable in the models and, accordingly, behaviors are similar. For 

example, values for the roughness length parameter all cluster around the origin, 

indicating similar behavior and also calibrated values near default. For the vegetation 

cover parameter, all of the values fall along the 45° line (act similarly); however, the 

calibrated values in both models are much higher than the prescribed default value for the 

Tucson site. Conversely, at the Illinois site, the calibrated value from both models is 

lower than default. This type of behavior can also be seen for several of the other 

parameters. Values for the rsmin are lower than default for all of the sites. Porosity values 

vary widely from default, with RJaru values being much lower and Tucson values much 

higher than default. Both satk and "b" values vary quite significantly from default. 

Comparisons between the BATSle and Noah models are illustrated in Figure 3.5. 

The scatterpiots in this figure are in sharp contrast to the comparison between the 

BATSle and BATS2 models (Figure 3.4). There is much more scatter in the calibrated 

parameter values at the various study sites between the two models. Additionally, few of 
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the calibrated values cluster around the origin, indicating significant deviation from 

default values. Only the "b" paraineter and porosity show some similarity in behavior 

(near 45" line) for a few of the study sites. Rsmin, roughness length, and satk all show 

great variation between the two models. The BATS2 and Noah models are presented in 

Figure 3.6. Again, patterns are seen similar to the comparison of the BATSle and Noah 

models. There is much more scatter in the values between the BATS2 and No all models, 

and few of the calibrated values are similar to the default values. For roughness length, 

the values cluster around the default for BATS2 (around 0), but the Noah model values 

are much higher or lower than this default value. Four of the sites show similar behavior 

for the porosity parameter, except for the RJaru site, which shows much different 

behavior between the two models. The rsmin, satk and "b" parameters show similar 

behavior, with significant scatter between the two models. The BATS2 values tend to be 

lower than default, and the Noah values scatter throughout the parameter range, showing 

dissimilar behavior between these two models for most of the parameters. 

In general, similar behaviors are seen for most of the parameters between the 

BATSle and BATS2 models (similar calibrated values). This implies that the 

parameterizations for these variables are comparable in the models and, accordingly, 

behavior is similar. However, calibrated values tend to be different than default values, 

signifying improvement with calibration at some of these sites. In contrast, there are 

major differences in the calibrated values found between the two BATS models and the 

Noali model. The parameters for the Noah model tend to behave much differently than 
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the same parameter in the other two models, implying dissiodlar parameterizations 

between the models for the parameters analyzed ia this investigation. 

3.5 SUMMARY AND CONCLUSIONS 

After the general calibration and sensitivity analysis, several parameters were 

selected for further study based on their behavior in the general analysis and their 

commonality in many LSS. The goal of analyzing the seven model parameters witMn the 

various land-surface models was to gain insight into the behavior of these very common 

variables at specific biomes across increasingly complex models. Do the specific 

parameters act differently within the various models at a specific site? If so, can it be 

inferred that the meaning in some of these parameters is not consistent, and that a 

calibration or adjustment procedure must be undertaken to determine effective values for 

the sites? 

To summarize the results of this study, of the four vegetation parameters 

analyzed, the vegetation cover (vegcover) appears the most consistent from site to site 

and from model to model (sensitive at all sites). This parameter may be one of the easier 

parameters to estimate from field studies (or look-up tables) and is obviously important 

(sensitive) in model simulations. However, observing the calibration results, the default 

parameters for the semi-arid Tucson site are consistently low in the two BATS models. 

Typical estimates of vegetation cover in this region are low (10%) to nonexistent (bare 

ground), typical for semi-arid region classifications in LSS. Displacement height (only 

included in BATSle and BATS2) is also fairly consistent throughout the sites. 



Interestingly, the displacement height is only sensitive at shorter vegetation sites 

(crop/grass sites) and insensitive at the rain forest and the semi-arid sites. Calibrated 

values tend to run much higher than model default values. Of the other vegetation 

parameters, roughness length is inconsistent at the drier study sites (ARM-CART and 

Tucson). 

Although various algorithms and techniques exist for estimating both the 

displacement height and roughness length, these variables are not easily measurable, and 

results from this analysis illustrate that adjustment or calibration should be undertaken to 

estimate an effective value at the various biomes. Minimum stomatal resistance, which 

also could be considered an effective parameter, acts quite differently between the Noah 

model and the BATS models, especially at the drier sites (ARM-CART and Tucson). 

Variability in sensitivity is also seen in porosity, saturated hydraulic conductivity and the 

"b" parameter for in the BATS and Noah models throughout the sites. These parameters 

can be estimated in the laboratory or through various field tests, but heterogeneities of 

sou properties make it difficult to extrapolate values to the larger scale of most land-

surface modeling studies. The behavior of the soil parameters in this analysis makes a 

strong case for the calibration of these conceptual or effective parameters. 

An analysis of the calibrated parameters illustrates several issues. Values for 

many of the parameters are significantly different than default or book values. The 

Cabauw default values are consistently too high, most likely due to the atypical nature of 

this grassland site (humid, saturated, grassland versus a drier, more savannah-type 

grassland). The calibrated values at this site have a much closer physical relationship with 
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what would be expected of these biomes. The RJaru site also shows much different 

values for the calibrated values than for the default values for several of the parameters, 

including vegetation cover, porosity, saturated hydraulic conductivity, and the "b" 

parameter. The Tucson site also shows much higher calibrated values for vegetation 

cover and porosity in the two BATS models than the default values. The calibration 

analysis also gives insight into the behavior of the parameters between the models. The 

two BATS models show similar calibrated values for most of the paraineters, implying 

that the parameterizations for the study parameters are comparable in the models and, 

accordingly, behaviors are similar. For the Noah and BATS models, there is quite 

different behavior between the parameters at some of the sites. The calibrated values are 

also quite different than default values when comparing these models, which leads to the 

conclusion that the parameterizations in the BATS and Noah models are quite different 

for paraineters that are assumed to have similar meanings. Assigning default values or 

book values would be inadequate for accurate model comparisons involving these 

models. 

This study is an initial investigation into the behavior and sensitivity of 

parameters of LSS. Results indicate that the prescribed parameter meaning is not 

consistent in the various formulations. Land-surface schemes are conceptual 

representations of the real-world system, and it can be concluded that the model 

parameters are also conceptual representations of the physical properties of the system, 

needing calibration and adjustment for those (effective) parameters where physical 

measurement is not possible. 
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CHAPTER FOUR 

EVALUATION OF A LAND-SURFACE MODEL FOR SEMI-ARID 

ENVIRONMENTS 

4.1 INTRODUCTION 

Numerous experiments have been carried out to facilitate the development and 

evaluation of land-surface models. Most of these comparison studies have been 

undertaken by the Project for the Intercomparison of Land-surface Processes (PILPS) 

(Pitman et al, 1993; Henderson-Sellers et al., 1993, 1995) under the auspices of the 

GEWEX Global Land-Atmosphere System Study (GLASS). However, few of these 

model evaluations have used long-term data sets (greater than one or two years) or have 

been carried out in semi-arid regions. Arid or semi-arid regions now compose 

approximately 1/3 of the total land-surface of the Earth (Figure 4.1). Understanding the 

interaction of vegetation processes with climate and its impact on the water cycle is 

crucial for predicting the availability of water resources (i.e., groundwater and surface 

water sources) in these hydrologically stressed regions. A recently proposed FBLFS 

experiment (Bastidas et al., 2003) will be undertaken in the southwestern U.S. using five 

semi-arid vegetation sites (including two from this study). Length of data, seasonality, 

short-tenii climatic events, and data quaEty are all issues which can impact the estimation 

of model parameters. The analysis undertaken within this chapter is partly based on the 

framework proposed for the PILPS 2g experiment and tests some of the hypotheses for 
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the calibration and cross-validation schemes proposed for the intercomparison of land-

surface models in semi-arid regions. 
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Figure 4.1; Major cUmate biomes of the Earth. Map is from 1999 and based on 
soil moisture and soil temperature regimes (NRCS, 2003). 

The semi-arid southwestern United States has experienced significant changes 

within the last century. This region may be facing an unsustainable situation with respect 

to the future availability of water and to meet the needs of a growing population. This 

increasing population has had dramatic and varied impacts on the region's ecosystems. 

There have been significant changes in the distribution and type of vegetation found in 

the area. Large areas of native grasses are being replaced by Chihuahuan Desert shrubs 

and mesquite trees (Kepner et al., 1998; Watts et al, 1998). Human activities such as 
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ranching, agriculture, urban development, fire suppressions, and groundwater mining 

have influenced these transfonnations (Ctehbouni et al, 2000). Feedback influences on 

the local and regional climate have caused a reduction in evaporation losses from the 

surface to the atmosphere (Qi et al., 2000). 

Growing interest the study of semi-arid systems has led to the tbmiation of 

several interdisciplinary groups instituted to furthering the understanding of hydrologic, 

ecologic, and atmospheric processes in semi-arid basins, including the Semi-Arid Land-

Surface-Atmosphere (SALSA) program and, more recently, the NSF-funded Science and 

Technology Center on the "Sustainability of semi-Arid Hydrology and Riparian Areas 

(SAHRA)". Under these programs, several flux tower and data colection sites have been 

set up to investigate the coupling of surface and climate processes and to investigate the 

interactions of surface and groundwater systems. With the wealth of hydrometeorological 

data now being accumulated and reported, more modeling studies are emerging to 

investigate the complex interactions between the water, energy, and carbon cycles and the 

atmosphere in these regions. The availability of four years of data from two distinct semi-

arid vegetation types will support investigation of the diversity of these environments and 

will insight into what degree of differentiation (and, hence, parameter estimation) is 

needed for accurate modeling of energy and water fluxes in the semi-arid regions of the 

world. With future climate scenarios predicting increasing temperature trends, semi-arid 

regions are particularly vulnerable to changes in the local and regional water cycle. 

Accurate representation within the modeling framework used for land-surface-
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atmosphere analyses is crucial for understanding the current state of the system and for 

prediction of potential climatic impacts. 

The following chapter investigates land-surface modeling parameter estimation 

issues, with a special emphasis on semi-arid regions. The focus of this work evaluates the 

influence of various data conditions (length, season, etc.) on the estimation of parameters 

for a common land-surface model for semi-arid vegetation. 

The objectives of the current chapter are to; 

• Assess the impact of data length, seasonality, and short-term climatic events on reliable, 

consistent calibration in a land-surface model. 

e Assess the default and calibrated performance of a land-surface model on several semi-

arid vegetation sites using various combinations of the resulting parameters (and default) 

• Perform an indepth evaluation and cross-validation of the model for the two study sites 

and across various data combinations. 

Questions that will be addressed in this analysis include: 

• Are current land-surface model representations (usually single or bare ground) of semi-

arid lands in the models adequate to reproduce the various environments that exist in 

these regions? 

» Is a single representative parameter set from the region sufficient to study semi-arid 

energy and water fluxes, and how does this model simulation compare to a simulation 

with default parameters? 
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• At each of the sites in the Walnut Gulch watershed, do the optimal (calibrated) model 

parameters vary from year to year and from season to season (monsoon vs. winter 

periods)? 

• What length (and period) of data is necessary to adequately model surface fluxes at the 

two sites? 

• How do the parameters from each of the calibrations at the two sites perform for other 

periods; for example, monsoon seasons, winter seasons. El Nino winters, etc. 

4.2 BACKGROUND 

There is a growing sector of hydrology dedicated to understanding the link 

between hydrology and ecosystem processes. This study is especially relevant in regions 

where ecosystems are water-limited and the vegetation is highly dependent on the 

imposed stresses, including the extreme spatial and temporal variability of available 

moisture, along with human-induced stresses such as grazing, urbanization, and 

groundwater withdrawals from the system, among others. 

Water-controlled regions such as the arid Southwest contain multifaceted, ever-

changing ecosystems, which depend on the complex interactions between the human 

society, climate, vegetation, and soil. Vegetation plays an important role in these systems, 

linking soil moisture and evaporation processes and defining an integral part of the water 

balance. To investigate these systems, we must study the physical processes using both 

observations and modeling. The scale at which these processes are studied is crucial to 

understanding the dynamics of these interactions (Rodriguez-Iturbe et al., 2001). An 
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evaluation of the perforaiance of a land-surface model's ability to capture the small-scale 

temporal variations in the water and energy budget (i.e., diurnal processes) for specific 

biomes is best studied at finer spatial resolution or point scale before evolving to larger 

regional-scale or global simulations. 

Various land-surface modeling studies are occurring at the point scale or for study 

plots, but temporal aggregations are typically made to evaluate model performance at the 

monthly and yearly time scales (Wood et ai, 1998; Schlosser et aL, 2000; Boone et al., 

2001). Numerous models have been run in the southwest region, specifically in the San 

Pedro River study area, but most of these are soil-based regimes (HYDRUS, 

MODFLOW, etc.) or ecological models, which are not specifically evaluating surface 

energy fluxes to and from the atmosphere. The question arises in this study of how land-

surface models will perform in semi-arid regions where precipitation is the controlling 

mechanism, and how to validate this performance across varying vegetation schemes. 

Vegetation in this region responds distinctly and variably to the precipitation processes. 

The woody plants in the region tend to be most active in spring or autumn (using deeper 

soil-moisture reserves), while the C4 grass species respond quickly to upper soil moisture 

during the summer monsoon periods (Kemp, 1983). Many of the land-surface models use 

little to no representation of semi-arid processes in their global simulations. In many 

models, semi-arid regions are classified as bare ground, assuming no vegetation 

interaction with the atmosphere. 

In the studies reported in this chapter, long-tenn data series were made available 

from two semi-arid study sites in the San Pedro River basin. The length and quality of 
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these data allow one of the first, comprehensive looks at the behavior and validation of 

land-surface models in semi-arid regions. 

4.2.1 Model Validation 

Klemes (1986) stated, " a hydro logic simulation model must demonstrate, before 

it is used operationally, how well it can perform the kind of task for which it is intended". 

The same could be said for the more complex land-surface models, designed to simulate 

water and energy cycles at various spatial and temporal scales. Many of these models are 

being applied over regions for which they have never been thoroughly tested. Validation 

studies have been emphasized by the World Meteorological Organization (WMO) for 

hydrologic or rainfall-runoff models (Refsgaard, 1996). Initial studies in the 1980s 

reported using several hydrologic models tested on data from different catchments. 

However, typical spMt-sampling (SS) analysis was applied. This involved calibration of 

data on a specific time frame and evaluation on another period of similar length. 

Hydrologic modelers have become comfortable with the concept of calibration (albeit 

manual or automatic) and validation; however, the land-surface modeling community has 

seen less acceptance of this concept. Parameter estimation for land-surface models is still 

traditionally via a global land-surface classification scheme with standard values assigned 

for various land-cover or vegetation types. In some cases, parameter estimation has 

become a problem for many of the various biomes, because data may not exist in regions 

where comprehensive land-surface studies are undertaken. This issue is especially 

relevant in developing and third-world countries where few observational networks exist. 
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yet studies investigating stresses and impacts on long-term water resources need to be 

undertaken. Rarely are modeling studies fortunate to have access to long-term data sets 

for calibrating and evaluating the performance of hydrometeorological models, especially 

in semi-arid regions. Furthermore, there are limited model evaluation studies in the 

absence of calibration and/or validation data. This analysis will test the performance of a 

model (post-calibration) on various data sets; within site, on a proxy (or related) site, and 

on varying climatic conditions that can occur outside of the calibration time frame. 

In the theoretical framework offered by Klemes (1986) and further elaborated on 

in Refsgaard (1996), several definitions are presented. A modeling system is defined as a 

generalized software or code that can be used for different catchments or, in this case 

vegetated sites, without having to modify the code. Examples of this are the MIKE SHE 

(Refsgaard and Storm, 1995) and the SAC-SMA (Bumash, 1995) in the rainfall-runoff 

modeling community, and BATS, CHASM, BATS2, Noah, etc. for land-surface 

modeling schemes. A model is then a site-specific application of this modeling system, 

using specific parameter values and observed input data An example in this case would 

be application of the BATS or Noah modeling system to sites with use of specific 

parameters to define the model. These definitions leave Ettle to debate and are commonly 

used witiiin the modeling community. However, two other commonly used terms, model 

verification and model validation, are less well-defined. Verification involves comparison 

of a numerical solution generated by the code with other means of solution computation, 

for example, via analytical or numerical means (Refsgaard, 1996). The reason for 

verification is to ensure that the code or computer algorithm correctly solves the 
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equations which constitute the mathematical model. Model validation, on the other hand, 

is the "process of demonstrating that a site-specific model is capable of making accurate 

predictions for periods outside a calibration period" (Refsgaard, 1996). A model is 

considered validated if the accuracy and prediction during the validation period (outside 

of calibration) are within what are defined as acceptable errors. The issue of evaluating 

model errors and performance criteria is a developing field (see Gupta et al, 1998; 

Anderson and Bates, 2001). Measures of fit can include various combinations of 

statistical and numerical measures and visual examinations of simulated vs. observed 

data. 

This chapter focuses on model validation using various universally accepted error 

measures within the land-surface modeling community, such as Root Mean Square Errors 

(RMSE) for the various model flux simulations, scatterplots of simulated vs. observed 

data, and time series simulations. A testing scheme, proposed in Refsgaard (1996) for 

rigorous model evaluation, is modified to suit these studies (see methods section). The 

results presented in the Refsgaard study used "subjective" or manual calibration and in 

their own words, possibly adding errors to the model simulations. In this analysis, multi-

criteria, automated techniques will be used to conduct an objective assessment of 

parameter estimates and the resulting simulations on two distinct vegetated biomes in the 

semi-arid region of Arizona. 
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43 STUDY AREA 

The sites used within this investigation are part of the Waliiut Gulch Experimental 

Watershed in southeastern Arizona. Walnut Gulch Watershed is a sub-basin of the Upper 

San Pedro River basin, located in the borderland of southeastern Arizona and northeast 

Sonora, Mexico (Figure 4.2). The San Pedro basin is a broad, high-desert valley 

representing a transition between the Sonoran and Chihualiuan deserts. There is 

significant topographic (1100 to 2900 m) and vegetation variation within the basin, and 

the region experiences significant variability in climate. Vegetation types in the basin 

include desert shrub-steppe, grasslands, oak savannah, a riparian corridor, and ponderosa 

pine at the higher elevations. 

Within the Upper San Pedro, the Walnut Gulch Experimental Watershed was 

developed in 1953 as part of the Research Division of the Soil Conservation Service to 

better understand the ecology and hydrology of desert watersheds. Walnut Gulch is 

located near Tombstone, Arizona, and enters the San Pedro River at Fairbank, Arizona, in 

an alluvial fan portion of the San Pedro River system There is evidence that less than 

100 years ago, the area was mainly grassland; however, shrubs now dominate about 2/3s 

of the watershed (USDA, 2003). Creosote, tarbush, mortonia, and whitethorn are the 

most common shrubs. The remaining 1/3 is still grassland, dominated mainly by black 

grama, curly mesquite grass, and tobosa grass (USDA, 2003). The Walnut Gulch 

Experimental Watershed is the most densely gaged watershed within the United States. 

The study area comprises the upper 150 km^ of the drainage basin and is heavily 

instrumented with eighty-five rain gauges and 11 runoff measurement systems (Houser et 
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al, 2001). Groundwater depth varies from 45 m in the lower end of the basin to 145 ni at 

the center (Houser et al., 2001). Two specific study sites were developed within Walnut 

Gulch during 1996 for more comprehensive investigation of the ecohydrology of semi-

arid regions. They are the Lucky Hills site, with mixed desert shrub vegetation, and the 

Kendall site, a semi-arid grassland (Figure 4.3). Mean annual precipitation in the Walnut 

Gulch Watershed is estimated at 356 mm, and mean armual temperature is 17°C (WRRC, 

2003). 
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Figure 4.2: Location map for the Upper San Pedro basin in southern 
Arizona, U.S., and Northern Sonera, Mexico (from Goodrich et al, 2000). 
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Figure 4.3: Lucky Hills desert shrub and Kendall grassland sites witWn the 
Walnut Gulch Experimental Watershed. 

4.3.1 Lucky Hills 

The Lucky Hills site is located within the lower shrub-dominated region of 

Walnut Gulch (elevation of 1372 m) and is mainly a woody, brush plant community. The 

dominant shrabs consist of woody C3 species, with whitethorn acacia, tarbush, creosote 

bush, and desert zinnia (Scott, 1999). A single grass species (C4 species) at the site is 

described as bush muhly, which had historically been a black gramma community 

(Emmerich, 2002). The site has a slope of approximately 3 to 8%. Soils at the site are of 
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the Lucky Hills series, a mixed, thermic, Ustochreptic Calciorthids (Emmerich, 2002) 

with numerous limestone fragments. These are mostly loamy sand or very gravelly sandy 

loams (Scott, 1999). Vegetation canopy height is estimated at 1 m for the Lucky Hills site 

(Emmerich, 2002). 

4.3.2 Kendal 

The Kendall site is in the eastern, grass-covered part of the watershed and consists 

of several perennial C4 grass species, including gramma (sideoats, black, and harry), 

lehmann lovegrass, fairy duster, and burroweed (Scott, 1999). The soils are a mix of 

Stronghold (coarse-loamy, mixed, thermic, Ustochreptic Calciorthids), Elgin and 

McCallister, with Stronghold the predominant soil type. The soils at this site are 

generally very gravelly sandy loams, which also contain limestone rock fragments in the 

alluvial parent material. The Kendall site is at an elevation of 1526 m, with a slope of 4 to 

9%. Canopy height is estimated from 0.4 to 0.7 m during the growing season (Emmerich, 

2002). 

Micrometeorological measurements were initiated in 1996 at both sites using a 

Bowen ratio energy balance system. Continuous, 20-minute measurements of water and 

carbon vapor flux measurements have been ongoing since implementation. Data for both 

sites were quality controlled for extraneous values and for Bowen ratio values 

approaching -1.0, fluxes were removed and designated as missing data. Data for four 

years at each site were made available for calibration and validation of the land-surface 
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models in this study. Plots of the observed fluxes and the meteorological input time series 

for the four years of data are presented in Appendix 3. 

43.3 HydnodBmatology 

Land-surface processes are dominated by precipitation in semi-arid regions, being 

highly variable in space and time. Annual rainfal in the Upper San Pedro ranges from 

300 to 750 mm per year (Goodrich et al., 2000). There are several distinct climate periods 

in the Southwest; the winter period, which receives a significant portion of the annual 

precipitation, a distinct dry season in spring (March through June), and the smnmer 

monsoon system from July through September, which brings convective storms to the 

region and typically delivers over half of the annual rainfall. Potential evaporation rates 

in the lower parts of the basin are estimated to be ten times the annual rainfall (Goodrich 

et al., 2000). Statistics were gathered on the temporal variability of the precipitation time 

series on the two sites. These data are displayed in Tables 4.1a and 4.1b. Total 

precipitation, the number of rainy days, the ratio of precipitation (to annual) for specific 

time periods, the amount of rain per day (during a rainy day), and the average 

temperature for the period are all calculated for the given data. Several periods were 

evaluated; the entire study period (1997-2000), yearly precipitation values, monsoon 

periods (July, August, September) for each year, and the three winter periods during the 

study period (December, January, February). Keeping in mind that the average 

precipitation over the Walnut Gulch basin is 365 mm/yr, it is observed that three of the 

four years recorded higher than normal precipitation at Lucky Hills (1997, 1999, and 
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2000), and that the Kendall site recorded one year near nonnal (1998) and one year above 

(2000). Several distinct events occurred during the period of the study data. The 1997-

1998 El Nino affected the winter precipitation over Arizona (NOAA, 2003). From Table 

4.1, one can see the winter precipitation is significantly great during this December, 

January, February period. Nearly 50% of the annual precipitation occurred during these 

three months. The 1999 monsoon in this region is also much wetter than normal. 

The Lucky Hills site received 412 mm of rain, nearly 84% of the annual rainfall, 

while Kendall received 315 mm of rain, 90% of the yearly total. The precipitation time 

series for each year are plotted in Figure 4.4. The July 1 to September 30 monsoon period 

is marked to aUow distinction of the monsoon period precipitation. Monsoon and winter 

periods were selected for specific study in this work. The 1999 monsoon period and the 

1997-1998 El Nifio winter were also selected for specific analysis. 

Average fluxes for the study periods are summarized in Table 4.2. The four-year 

average (used as a baseline in calibration comparisons) is listed at the top of the Table, 

followed by yearly averages and seasonal flux averages. There are significant differences 

in several of the average fluxes. Sensible heat is fairly consistent, with much lower 

averages during the winter periods (win97-00 and EN97-98). However, for the latent heat 

fluxes (LE), there is much more variability from year to year and dramatic increases 

during the monsoon periods. The 1997 year has much lower LE averages than any of the 

other years (24.55 w/nr). The year 2000 has also slightly lower averages of LE. On the 

other hand, the wet monsoon period of 1999 has extremely high fluxes (average of 

109.81 w/nt for the 90-day period). As can be seen, the variability of the surface fluxes 
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Table 4.1; Precipitation Patterns for (a) Kendall aiid(b) Lucky Hills Sites 
for Various Calibration Periods. 

a) Kendall 

Total ppl mllo of #Rainy Rafn/day Tmip 
(ntm) Rpt«otel days (mm) C 

1997-2(MC 1487 tVa 806 1.85 16.86 
19S7 333 rVa 222 1.5 16.63 
1998 365 n/a 171 2.13 16.43 
190S 337 iVa 163 2.07 17.08 
2000 451 n/a 250 1.81 17.3 

Monsoon 
1997 151 0.347 77 1.97 24.25 
1998 250 0.421 72 3.45 24.38 
1999 315 0.896 146 2.16 22.64 
2000 158 0.304 76 2.08 24.26 

Winter 
1SS7/98 132 0.464 103 1.28 6.65 
1998/99 9.2 0.053 9 1.02 10 
1999/00 6.1 0.031 5 1.22 9.96 

Lucky Hills 

Total ppt ratio of #Rainy Haln/day Tenfj 
(iwn) ppt/total days (mm) C 

1997-2000 1920 n/a 1915 1.01 16.91 
1997 495 iVa 575 0.86 16.79 
1998 338 n/a 380 0.89 16.56 
1999 439 n/a 345 1.27 16.99 
2000 649 n/a 615 1.06 17.29 

Monsoon 
1997 240 0.266 153 1.57 24.25 
1998 195 0.̂ 6 124 1.58 24.38 
1999 412 0.838 289 1.43 22.64 
2S00 282 0.299 184 1.53 24.26 

Winter 
1997m 171 0.468 269 0.63 6.53 
1998/m 9.9 0.079 30 0.33 9.55 
1999/00 12.4 0.081 28 0.44 9.4 
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Figure 4.4: Precipitation patterns for four years at the Kendall site (a) and the 
Lucky Hills site (b). The monsoon time period is designated with vertical 
lines at July 1 and September 30. 

Table 4.2; Average Fluxes for Kendall and Lucky Hills for Each of the 
Calibration Periods used in the Analysis. 

Kendall 
Data Period SH LE G Tg SH LE G Tg 

1997-00 69.58 33,43 0.87 19.75 86.51 24.83 0,15 20.18 
1997 66.07 23,55 -0.01 19.87 94.33 17.07 -0,65 20,05 
1998 66.94 39,47 2.05 19.04 85.79 26.29 0,74 19,73 
1999 71.94 40.78 1.06 20.62 86.65 27.19 1,04 20,34 
2000 74.44 29.26 0.76 20.30 79.15 28 79 -0,52 20,61 

Mon97-00 68.64 72,98 4.18 27.77 84.78 56.65 3,72 28 56 
Win97-00 38.13 16.74 -3.62 9.10 55.09 10.22 -4,82 9,78 
Mon99 51,69 109.81 4.33 25.84 57.30 95,01 5,36 26,79 

EN97-98 28,12 27.60 -4.46 7.03 45.94 20,15 -5,57 7,57 

Lucky Hills 
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can be quite extreme, and the ability of a land-surface model to capture this variability 

will be evaluated in this analysis. 

4.4 METHODS 

The Noah model, used for this analysis, has been described in Section 2.6.5 and 

details will not be reiterated here. The Noah model was chosen for evaluation for several 

reasons. The model performed well for all of the study sites described in Chapter Two 

and specifically showed the best performance (had the lowest RMS errors) for the semi-

arid Tucson site. More importantly, the model is currently parameterized for use over 

semi-arid regions in the NCEP Land Data Assimilation System (LDAS) and for 

operational weather forecasting over the continental United States by NCEP's 

Environmental Modeling Center (EMC). Testing of the model over semi-arid regions (a 

large portion of the western U.S.) will aid in validation of the model for operational 

forecasters. 

The Noah model currently runs for 13 vegetation types (taken from the SiB 

scheme). The model does not define a specific vegetation cover for semi-arid regions but 

classifies the region as bare ground or soil, based on analysis of the monthly greeimess 

fraction. Given the bare soil classification, parameters are assigned as shown for the 

Tucson site (Appendix 2). To reiterate, the model contains 33 parameters: 10 that relate 

to properties of the vegetation and 23 that describe the soil properties. The model also has 

16 initial states to be specified (when run with four root layers). Of these 49 nine 

variables to be estimated, 36 of these are included throughout the optimization and 



119 

validation testing scheme. Calibration of the model parameters will be performed using 

the MOCOM algorithm described in Section 2.3 and using the same procedures outline 

•within Chapter Two. Parameter ranges used for calibration of the Noah model are in 

Appendix 2. 

4.4.1 Model Testing Scheme 

Although model evaluation traditionally includes the split-sample (SS) strategy 

defined above, few modeling studies include a more rigorous testing scheme, defined in 

Klemes (1986) and Refsgaard (1996). More rigorous validations can include the 

differential split-sample (DSS) test, which involves calibration of the model based on 

data before a catchment change occurs, adjustment of parameters to reflect expected 

changes, and validation or testing of the model after the change has occurred. These 

changes could be land use (ie., urbanization, deforestation, etc.) or some sort of non-

stationary climate event, where a climate phenomenon occurs which has not been 

observed in the calibration data. 

The Proxy-Basin test (PB) involves applcation of a calibrated model to a siooilar 

catchment with no direct calibration on the validation basin. The model is calibrated to 

one regime and applied to a similar catchment for validation and testing of the model 

performance. Adjustment of parameters can be undertaken to account for different 

conditions within the proxy basin (ie., slightly different soil type, etc.), but these 

parameters are not adjusted against any observations. 
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The most stringent test defined by Refsgaard (1996) is the Proxy-Basin 

Differential Split Sample test (PB-DSS). This involves initial calibration of the model on 

one basin, transfer of the model to another catchment, selection of parameter sets to 

reflect changes, and testing of the model pre- and post-catchment change (or climate 

variance). This typically would involve two parameter sets, one to represent the period 

before the change and one to estimate changes after the specified change. 

Given the conditions of the study, we can only assess short-term climate 

phenomena (monsoon. El Nino conditions, wet and dry years, etc.) and the impact on 

model simulations. Longer-term climate change and variability, and how these will affect 

vegetation and evaporation processes in semi-arid regions, can only be undertaken 

through long-term model simulations. However, correct assessment and parameterization 

of models on short-term climate events may give insight and improve parameterizations 

for GKI!M coupled simulations of future unknown conditions of the climate change on 

land-surfaces. Taking into account the complexity of the above regime, the given data, 

and the climatic conditions of the study basins in this study, a modified testing scheme is 

developed based on the above scheme: 

1. The split-sample (SS) tests for this analysis will involve calibration on one time 

period and validation on independent time segments. However, to make this 

analysis more robust and to assess the influence of data length on the estimated 

parameters, calibration is performed over various time periods in the data sets, 

witli corresponding validation on differing lengths of data. This is illustrated in 

Table 4.3. 
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2. Proxy-basin (PB) analysis will involve direct transfer of the estimated parameters 

from the various calibrated models between the two study sites. This PB test is 

undertaken to test the capability of the model to simulate energy fluxes from a site 

for which no calibration data would be available. Direct application of the model 

is done, with no calibration of parameters typically allowed. As discussed 

previously, the two sites used in this analysis contain different semi-arid 

vegetation types (one a grassland and one a desert shrub), which respond 

differently to the atmospheric forcing in the region. This analysis is testing the 

commonly held assumption that semi-arid sites can be assumed homogeneous and 

assigned similar parameter sets for all semi-arid biomes across the Earth's 

surface. Testing on the proxy basins will be done for the corresponding time 

period (i.e., same calibration and validation period). The Proxy Basin testing 

scheme is illustrated in Table 4.4. 

3. A modified differential split-sample (DSS) is undertaken for this study. Typical 

DSS is undertaken to test the capability of the model to simulate fluxes under 

nonstationary climate conditions (Refsgaard, 1996). Because the data period of 

this analysis included a total of four years of data, short-term climatic conditions 

were evaluated for testing. Fortunately, several significant events occurred during 

the time period of this study data. The monsoon period occurring every summer 

season is evaluated, as are the winter periods (the two significant precipitation 

periods in this region). The 1999 monsoon is especially significant due to the 

specific intensity of this period. The 1997-1998 winter is also significant due to 
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the. El Nino event, which influenced precipitation patterns in Arizona during this 

time period. Typical yearly calibrations and resulting estimated parameters are 

evaluated for their performance over these unusual climatic events. In this 

analysis, scenarios will be tested within basin (DSS) and on proxy basin (PB-

DSS) (Table 4.5). 

4. A modified proxy-basin differential split-sample (PB-DSS) will involve transfer 

of parameters between the two sites, and testing on short-term climatic events, 

typical winter and monsoon periods, along with the 1999 monsoon and the 1997-

1998 El Nino year. These testing schemes are illustrated in Table 4.6. 

Table 4.3: SpMt Sample (SS) Testing Scheme. Calibrations are Shown in 
Black and Corresponding Validation Periods are Shovi^n in Gray. 

Kendall 

Vdidation 
Calibration 97-00 1997 1998 1 999 2000 1997-98 1999-00 98.99.00 I 97.99.00 97,98.00 I 97.98.99 

1997-00 

Validation 
Ludcy Hills 

Calibration 1997 1998 1999 2000 1997-98 1999-00 98,99,00 I 97,99,00 | 97,98,00 j 97,98,̂  
1997-00 

calibration 
validation 
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Table 4.4: Proxy-Basin (PB) Testing Scheme. Corresponding Validation Periods 
are Sliown in Gray. 

Lucky Hills Calibrations tested on Kendall 

Calibration 97-OOIK97 K98 KOO 97-98 99-00 ntion97-00iwin97-00 99mon EM97-98 
LH 1997-00 

LH 1997 
LH 1998 
LH 1999 
LH2000 

LH 1997-98 
LH 1999-00 

LH moni 997-00 
LH wini 997-00 i 

LH mon99 II 1 1 ; 
LH EN97-98 i l l  i  

Kendall Calibrations tested on Lucky Hills 

Calibration I97-OO' LH97LH98LH99LH0C 97-98 1! 99-00 nrion97-0diwin97-00i ^mon EN97-98 
Ken 1997-00 i 

Ken 1997 1 
ken 1998 1 
Ken 1999 1 
Ken 2000 1 1 

Kan 1997-98 
Ken 1999-00 

Ken mon1997-00 
Kenwin1997-00 

Ken mon99 
Ken EN97-98 
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Table 4.5: Differential Split Sampling (DSS) Testing Scheme. Calibrations are 
Shown in Black and Corresponding Validation Periods are Shown in Gray. 

Kendall Validation 

Caliliration mon97-00 1 win97-00 mon99 EN97-98 

1997-00 / i:  
1997 
1998 1 , 
1999 
2000 

mon1997 0C llSMKMCH 
win1997-00 

mon99 
EN9r-98 

Lucky Hills Validation 

Calibration mon97-00 win97-00 mon99 EN97-98 
1997-00 t £ ! 

1997 Z C: f 
1998 5 15 
1999 I I t 
2000 : ; 5 •• 

mon1997-00 

wm1997-00 

mon99 

EN97-98 

Table 4.6: Proxy-Basin Differential Split Saixpling (PB-DSS) Testing Scheme. 
Calibrations are Shown in Black and Corresponding Validation Periods are Shown in 
Gray. Kendall Valldalion 

LHCALS 

1997-00  ̂

1997 
1998 
1999 
aooo 

moni997-00 
wift1997-00 

mon99 
EN97-98 

Lucky Hills Validation 

1997-00 

1997 

1998 

1999 
2000 

moni 997-00 
w}n1997-00 

mon99 
EN97-98 

mon97-00 I win97-00 EN97-98 mon99 

mon97-00 t win97-00 
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4.5 RESULTS 

4.5.1 General Calibration 

Calibration of the Noah model was performed for all of the following data periods 

on both the Kendall and Lucky Hills sites: 

1997-2000 (four-year period) 
1997 to 2000 (each yearly period) 
1997-1998 (two-year period) 
1999-2000 (two-year period) 
1997-2(X)0 monsoon periods (July, August, September) 
1997-2000 winter periods (December, January, February) 
1999 monsoon (wetter than normal monsoon event) 
1997-1998 winter period (El Nino episode). 

Parameter ranges for calibration were used as described in Chapter Two, and 

these are also listed in Appendix 2. Default parameters were also run for each of the data 

periods used in calibration. The calibrations were then used in the testing scheme 

illustrated in Section 4.4.1. As described in Chapter Two, for each calibration run, 250 

parameter sets were generated within the Pareto solution. These parameters were then run 

within the model to obtain objective function values for each set. To evaluate the 

distribution of the sets and their performance as a group on various data periods, 

cumulative distribution plots of the objective function solutions were generated. These 

are Ulustrated in Figures 4.5-4.8. Each surface flux is illustrated and is labeled across the 

top of the respective column (sensible heat, latent heat, ground heat, and ground 

temperature). Each line represents one Pareto set (represented by its objective function 

values). The top layer of plots is the distributions for the one-year calibrations, the second 

layer of plots contain the two-year calibrations, and the third layer or row of plots is the 
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seasonal calibrations (monsoons, winter periods). To adequately compare across 

distributions, each set of functions is normalized against the 4-year calibration (1997-

2000). This would be represented as a near-zero (0) line on the plots. Therefore, if the 

calibration set performs better than this reference standard, the distribution will lie to the 

left of zero (lower objective function values), and if the calibration is worse than the 4-

year parameter set, the curve will lie to the right of zero (higher objective function 

values). A more vertical line would represent a set of solutions that has less variation, 

while a more curved or horizontal line indicates more spread within the parameter 

solutions. 

The objective function results for the parameter sets at the Kendall site are 

illustrated in Figure 4.5. The plot has three rows of Figures, with yearly calibrations 

shown in the first row. All of the yearly calibrations give lower RMS errors than the 4-

year calibration (1997-2000). The yearly calibrations show much lower errors for the 

sensible and latent heat fluxes than the longer four-year calibration, with similar results 

for ground heat. Of the four one-year calibrations, the 1999 calibration has the most 

spread in the cdf This is most likely due to the unusually wet monsoon in the summer of 

1999 causing much more variability ia the parameter set generated during calibration. 

The two-year calibrations also generally have lower errors than the four-year calibration 

and have more spread in the solution than the one-year cdf sets. The seasonal calibrations 

also reveal consistency in most of the calibration sets. Difference is seen in the sensible 

heat and latent heat fluxes for several of tlie sets. The 1999 monsoon calibration set 

shows higher errors for latent heat, while the 1997-2000 winter calibration set has the 
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lowest errors for latent heat. Other fluxes reveal fairly good consistency as compared to 

the 1997-2000 calibration set (0 line). All seasonal sets perform belter over their period 

thnn the 1997-2000 for ground temperature. 

Sensible Heat Latent Heat Ground Heat Ground Tsmpefature 
250 

2QQ 
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Figure 4.5: Kendall site cumulative distribution functions (cdf) of 
objective fiinction values for calibration periods (Pareto set solutions). 
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The same set of plots is shown in Figure 4.6 for the Lucky Hills site. At the Lucky 

Hills site, one can see that the emors for several of the fluxes are much higher than at 

Kendall. The 1997 calibration period shows much higher errors for sensible heat, latent 

heat, and ground temperature when normalized against the four-year calibration. On the 

other hand, the errors for the other three years are generally much lower than the four-

year calibration. More variation is seen in the ground heat fluxes at Lucky Hills than at 

Kendall. For the two-year calibrations, the 1997-1998 calibrations show higher errors, 

while the 1999-2000 calibrations are much better than the four-year calibrations. The 

1997-1998 caHbration has errors most Mkely generated through the 1997 data, which 

show errors in the first series of plots. The seasonal calibrations at Lucky Hills show 

similar results to the Kendall seasonal cahbrations. However, the 1997-2000 monsoon 

reveals higher errors for latent heat than any of the other calibrated sets, and the ground 

temperature errors for the 1997-2000 winter calibration are much higher than other 

parameter sets in this series. 

The next two series of cdf plots (Figures 4.7-4.8) show yearly calibrations 

presented against the other individual yearly data sets. The top row illustrates the 1997 

parameters for the 1998, 1999, and 2000 data sets for all four fluxes. The next row is the 

1998 parameters for each of the years, etc. At the Kendall sites, aU of the yearly 

calibrations perform well (top to bottom on the left side of the plot), when applied to the 

other yearly data sets for the sensible heat flux, and very similar performance for ground 

heat flux. For latent heat and ground temperature, however, there is more variability from 
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Sensible Heat Latent Heat Ground Heat Ground Temperature 

-2 0 ao 0 102 0 510 0 10 

Figure 4.6: Lucky Hills cumulative distribution ftmctions ( c d f )  of 
objective function values for calibration periods (Pareto set solutions). 

year to year. The 1997 parameters do not perform well with the 1999 data for latent heat 

and ground temperature. These two years are quite different in climatology. The 1997 

season had a fairly normal monsoon and a wetter than average December, with an 

average latent heat flux of 24.55 w/rn^, while the 1999 year had an extremely wet 

monsoon and a drier winter, with an average latent heat flux of around 41 w/m. The 

difference in precipitation patterns for these two years results in quite different surface 

interactions and poor performance of the model when applying each calibrated parameter 

(1997 or 1999) set to the other period. As also can be seen, the 1999 parameters (row 
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three) do not perform well with the 1997 data for latent heat. Looking at the same plots 

for the Lucky Hills sites, one can immediately see that the 1997 data do not show 

acceptable performance with any of the other calibrated parameter sets (1998, 1999, or 

2000). Enms for most of the yearly data sets, tested with individual year calibrations, are 

generally less than the 1997-2000 calibrations for any individual validation year. 

Sensible Heat Latent Heat Ground Heat Ground Temperature 

-2 0 2-2 0 2-2 0 a-2 0 

0 &2 0 0 S-2 0 2 

Figure 4.7: Kendall site cumulative distribution functions (cdf) of objective 
function values for cross-validations of yearly parameter sets (Pareto sets). 
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•round Heat Ground TeraperatuR Latent Heat Sensible H«9at 

Figure 4.8: Lucky Hills site cumulative distribution functions (cdf) of objective 
function values for cross-validations of yearly parameter sets (Pareto sets). 
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4.5.2 Model Validation Testing 

4.5.2.1 Split Sample (SS) 

After parameter sets were generated for each of the study periods, "best sets" 

were chosen from each of the calibrated Pareto sets to use in the cross-validation testing 

schemes. This single-best set was generated using the L2 norm as described previously in 

Chapter Two. The numerical results for each of the foUowiag testing schemes are shown 

in Appendix 4. The calibrated "best sets" were applied to the validation periods shown in 

Table 4.4. Default parameters were also run for each of the calibration and validation 

periods. Results are presented as scatterplots in Figures 4.9-4.10. Each box in the Figures 

represents one of the 11 calibration periods. Performance for each calibration is displayed 

via symbols described in the lower right legend. Note that the axes on the Kendall plot 

7 2 are from 20-70 w/m errors, while axes for the Lucky Hills site are from 20-100 w/m . 

When viewing the sensible heat fluxes for both Kendall and Lucky Hills, it can be 

observed that the default parameters (red dots) result in higher RMSE than any of the 

other parameter sets for most of the validation periods. There is as much as a 20 w/m^ 

decrease in sensible heat errors when using any calibrated parameter set rather than the 

default values. Another general observation is that the sensible heat errors tend to run 

higher than latent heat errors. Error values for 1997 reach to near 100 w/nr for sensible 

heat for the period. Most parameter sets perform well on the one-year periods, but 

performance decreases when applying single-year sets to longer validation periods. This 

is more evident at the Lucky Hills site. Errors nearly double when using a one-year 

calibration and applying it to a three-year validation period. When evaluating the three-
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year validation periods (combinations of 1997, 1998, 1999, 2000), it can be seen that the 

default and single-year calibration sets do not perform as well as the four-year calibration 

for any combination of these periods. The information content included in the one-year 

calibration is not sufficient to capture general trends over the longer time frame. This 

seems to suggest that, for improved long-tenn performance, a longer-term data set is 

required for adequate calibration of land-surface models. 

18§7-C0 1ii7 19S8 19® 

9&-ii-00 S7-90 

sj-se-oo 
100 iffl 100 

100 100 100 
SH SH SH 

Figure 4.9: Split-sample (SS) test results for the Kendall site. Validation 
periods with tested calibration sets for latent heat versus sensible heat flux 
errors are shown. Red = default, Blue = various calibrations. 
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Figure 4.10: Split-sample (SS) test results for the Lucky Hills site. 
Validation periods with tested calibration sets for latent heat versus sensible 
heat flux eixors are shown. Red = default, Blue = various calibrations. 

4.5.2.2 Proxy-Basin (PB) 

Each parameter set from all of the various calibration periods discussed above, 

along with the four seasonal calibrations, were evaluated directly against the same 

calibration period on the other study site. This proxy-basin testing scheme was outlined in 

Table 4.4. Direct application of the parameter set from the calibration period is applied to 

the proxy site, with no adjustment of parameters. Results from this site-to-site cross-

validation study are presented in Figures 4.11-4.12. Calibrations (stars), default (red dot) 
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and the proxy-basin parameter set (squares) are shown in each plot. The proxy-basin 

testing shows interesting results. Again, in nearly all validation periods, the default 

parameters result in poorer performance than nearly any calibration set. 

When applying the Lucky Hills parameters to the Kendall site (Figure 4.11), there 

are several time periods where the default parameters result in extremely poor 

performance (1999, monsoonl999) when compared to the calibrated parameter sets and 

the proxy parameter sets. Additionally, in roost cases, proxy-basin parameters result in a 

slight decrease in model performance (larger errors in both sensible and latent heat). 

There is generally an increase of 10 w/m^ when using the proxy basin set over the 

calibrated parameter set (1999, 1998, and 1999-2000). However, there are two time 

periods, where a reduction in latent heat errors is seen with the PB parameters: the 1997-

2000 monsoon periods and the 1999 monsoon. Although sensible heat errors remain 

similar, LE reduces by as much as 20 w/m^. At the Lucky Hills site, using Kendall 

parameters (Figure 4.12), the proxy site parameters result in much poorer performance 

for several time periods (especially 1997, 1997-1998, and EN1997-1998). However, 

again during several time periods, the proxy-basin parameters give very similar (and 

improved during the 1998 year) results for several time periods. A further assessment of 

data quality with neural networks may be warranted to addressed any data quality issues 

that may be influencing these conclusions. In general, the application of proxy-site 

parameters results in similar performance for many time periods. However, site-specific 

calibration does improve simulations somewhat. 
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Figure 4.11: Proxy-basin (PB) test. Kendall site with Lucky Hills parameters 
for validation periods. Red = default. Blue = various calibrations. 
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Figure 4.12: Proxy-basin (PB) test. Lucky Hills site with Kendall parameters 
for validation periods. Red = default, Blue = various calibrations. 

4.5.2.3 Differential Split Sample (DSS) 

A DSS analysis is undertaken to test the capability of the model to simulate fluxes 

under various climatic conditions tliat would occur in the Southwest and may not be part 

of the original calibration period. Four periods were evaluated under this scenario: the 

four years of monsoon periods only (monl997-2000), the three winter seasons in the data 

period (winl997-2000), the 1999 monsoon period (mon1999), and the 1997-98 El Nino 

winter period (EN1997-1998). The testing scheme for validation of various parameter 
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sets on these periods was shown in Table 4.6. The results for the DSS testing are 

presented as bar plots in Figures 4.13 (sensible and latent heat errors), and scatterplots are 

illustrated in Figure 4.14. In the bar plots, the results from the calibrated set are also 

included for comparison. For each of the four periods, default, the four-year calibrations, 

yearly calibrations, and the four seasonal calibrations are presented. In the top two plots 

of Figure 4.13, it can be seen that the nnon 1997-2000 and winl997-2000 show less 

variation in performance for sensible heat (Kendall site) with the series of calibrations 

tested; the calibrated data for these two periods show little improvement over the other 

tested parameters sets. This is also similar to what is observed for the sensible heat at 

Lucky Hills. There is slight improvement with the calibration set for the monsoon 1997-

2000 period, but similar results for most of the other parameter sets. However, for the 

shorter climatic events (monl999 and EN1997-1998), there is larger variability in the 

results from various parameter sets. The default parameters perform poorly at both the 

Kendall and Lucky Hills sites for this time period. Furthermore, the parameters obtained 

from the 1997 and 1998 years (much drier monsoon periods) show substantial increase in 

errors when applied to this specific time period. 
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Figure 4.13: Differential split sample (DSS) test. Validation of calibrated parameters on 
for sensible heat at both Kendall and Lucky Hills (within site). 



140 

Interestingly, the four-year parameters (1997-2000) perform well for the monl999 

period at Kendall, but do not do well at Lucky Hills. The El Nino parameters were also 

tested on the nx>nl999 period and, as would be expected, perfonn very poorly. For the El 

Nino validation period, one can see that at Kendall, there is little change from the various 

parameter sets, with slightly higher errors using the monl999 parameters. At Lucky Hills, 

the four-year calibration (1997-2000) again performs well, with similar performance to 

the set calibrated for this time frame. The parameter sets from years with drier winters, 

1999 and 2000, also do not perform well for this wetter El Nino winter period. 

Evaluating the latent heat plots (bottom of Figure 4.13), one can see more 

variability in the time periods evaluated. During the periods when moisture fluxes are low 

and latent heat is not dominant (the overall winter periods during 1997-2000), there is 

little difference in performance between the calibrated parameter sets, and all produce 

fairly low RMSE (20-30 w/m^). In addition, during the El Nino winter, most sets perform 

fairly well for Lucky Hills (errors of around 40 w/m^), and the same for Kendall. 

However, during the wetter monsoon periods, much larger errors are seen with most of 

the parameter sets. For Kendall, errors during the four-year monsoon validation period 

(monl997-2000), RMSE average around 80 w/m^, with the only improvement seen using 

the parameter set calibrated for this time period. For Lucky Hills, the average is around 

60-70 w/m^ with only a slight improvement seen using the parameter set calibrated for 

this time period. For the 1999 monsoon period, errors are also quite large and variable 

from set to set. The four-year calibration set does not perform well at Lucky Hills, but 

shows improved performance at Kendal! during this time frame. The default parameters 
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perform poorly, with errors of around 110 w/nr at Kendall and 78 w/nv at Lucky Hills. 

Further, the yearly calibrations do not perform well during these wet, unusual, climatic 

conditions of the 1999 monsoon period. 

Results from the DSS testing shown as scatterplots and presented in Figure 4.14. 

Both Kendall (top plots) and Lucky Hills (bottom plots) are presented in this Figure. 

Again, one can observe the spread of performance for the various parameter sets during 

the monsoon periods. The monsoon 1997-2000 data shows consistent errors for the 

sensible heat, but varying errors for latent heat in this time period. Interestingly, the 

parameters from the year 2000 calibration have the lower LE errors for this period. The 

four-year calibrations also do not perform as well during this time period as some of the 

individual year calibrations. The winter periods (winl997-2000) validation period shows 

clustering of all the results in the same error region. All of the parameter sets perform 

consistently, with fairly low LE errors (around 30 w/m^). There is a little more spread for 

the El Nino winter (EN1997-1998)) with default and monsoon parameters performing 

poorly at the Lucky Hills site. The default parameters actually give the best performance 

for the EN1997-1998 period, which is the time frame (short, wet winter) where this 

seems to be the case. The monsoon 1999 again shows the most errors from the various 

parameter sets. Default parameters perform poorly at both sites, as do the winter and 

1997 parameters. The simulations during this wetter period (with high SH and LE fluxes) 

seem to be very dependent on the parameter values, and calibration of parameters appears 

critical for good performance. 
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Figure 4.14; Differential split sample (DSS) test. KendaU site and Lucky 
Hills site for various seasonal validation periods. Red = default. Blue = 
various calibrations. 

4,5.2.4 Proxy-Basin Differential Split Sample (PB-DSS) 

For tMs PB-DSS, parameters were again directly transferred between sites 

without any calibration of parameters to test the performance of a proxy site on possible 

variable climatic conditions of the other basin without the benefit of calibration data. 

Results from this analysis are presented in Figure 4.15. Default parameters are also 

presented in this figure. Comparing against the previous figures presented in the DSS 

study (Figure 4.14), performance appears to deteriorate using parameters from the 

Kendall site on Lucky Hills, and using Lucky Hills' parameters on Kendall tor these four 

periods. Patterns are very similar between the two sets of Figures (4.14 and 4.15), but 

there is a slight performance decline in performance for several periods, especially 

monl999 and mon1997-2000 at Kendall. There are slightly higher errors when applying 
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Lucky Hills to Kendall, than with applying Lucky Hills to Kendall, as observed in the PB 

results. As before, sensible heat generally runs higher than the latent heat errors, 

especially during the winter seasons (win 1997-2000). Latent heat errors are extremely 

high during the monsoon 1999 periods, with values on the proxy site higher than the 

original errors in the DSS testing (i.e.. Lucky Hills parameters on the Kendall site do not 

perform as well for latent heat as the original DSS results). Again the proxy-site testing is 

showing mixed results. Some of these seasonal periods perform well with proxy site 

parameters, while other periods show a decline and have much better performance with 

the originally calibrated parameters. 
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Figure 4.15: Proxy Basin Differential Split Sample (PB-DSS). Testing. 
Kendall site for various seasonal validation periods. Red = default. Blue = 
various calibrations. 
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453 Parameter Hme Series 

Plots of the 31 parameters that were analyzed for the Noah model in this analysis 

are presented in Figures 4.17-4.18. Parameter values for four sets are plotted at each of 

the time periods on the x-axis, each represented by a separate line in the plot. Default 

parameters are shown in black (constant across the four-year time period), the 1997-2000 

parameter set is in blue (also constant across the four years), and the two-year 

calibrations are shown in green. These two-year parameters sets are the same for the first 

two years (1997-1998) and the second two years (1999-2000). If the parameter values 

from the two sets are the same for the parameter, then the green line will be constant 

throughout the plot. On the other hand, if the values differ between the two, two-year 

calibration sets, the line will change between the 1998 and 1999 years. The single year 

calibrations (1997, 1998, 1999, and 2000) are shown in red. These values will vary from 

year to year if the parameter values from each calibration period are different for each of 

the four calibrated yearly sets. If the parameter values from the four different years are 

the same, then the red line will also be constant throughout the time period. The plots 

offer a quick glance at several issues. One can directly see if the parameter values are 

close to the default (black) and also how the parameter sets for the two-year (green) and 

single-year (red) calibrations vary through time. It can also be seen how these differ from 

the four-year calibrations (in blue). 

Results from the selected calibrations at the Kendall site are shown in Figure 4.16. 

Some of the parameters values from the calibrations vary significantly throughout the 

time period. For example, the first plot (rcmin (minimum stomatal resistance)) shows that 
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the two-year calibrations (green line) are quite different between the first set (1997-1998) 

and second set (1999-2000). Values for 1997-1998 are around 600, and the value drops to 

around 250 for the 1999-2000 calibration. The 1997 yearly value is also higher than the 

following one-year calibrations (red line). In the rcinin plot, the default values (black) are 

also lower than the other parameter sets. Some of the other significant findings from the 

Kendall site are: 

• Several other parameters vary through time for the oae-year and two year 

calibrations, including the vegetation parameters hs, zO (roughness length), and lai 

(leaf area index), and soil parameters cmcmax, sbeata, maxsmc, satdk (hydraulc 

conductivity), refdk, and refkdt. 

• Parameters that do not vary significantly ia time or show much variability 

between the different sets include rsmax, drysmc, czil, and frzk. 

® Several parameters have sets that are quite different than default, including hs 

(parameter sets are all higher), zO (sets are all higher than the 0 default value), lai 

(all parameters are lower than default), and refdk (all parameter values are higher 

than default). 

• Most of the initial soil-moisture states (smcl, smc2, smc3, and sh2ol, sli2o2, 

sh2o3) do not vary significantly between calibrated sets. The deeper layer (smc4 

atid sh2o4) has more variability between parameter sets. 
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The same Figure is shown for the Lucky Hills site (Figure 4.17). Variability is 

also observed in many of the parameter sets through time, although the parameters which 

show change are not necessarily the same as at the Kendall site. Souk of the significant 

results from the Lucky Hills site are: 

• Parameters which show variability through time with the calibrated parameter sets 

(one-year and two-year calibrations) are two vegetation parameters, hs, lai, and 

several soil parameters, including cmcmax, topt, maxsmc, psisat, quartz, refdk, 

refkdt, and snup. 

® Some of the parameters which do not vary throughout the time period include the 

roughness length, zO (although these are all higher than default), a canopy 

parameter, cfactr (also higher than default, but constant throughout the one-year 

calibrations), and soil parameters drysmc, fxexp, and cziL 

• Parameters which vary significantly from default values include hs (values from 

calibration are higher), zO (values are significantly higher), lai (parameter sets are 

lower), "b" parameter (parameter values are higher), refdk (all values are higher 

than default), and snup (all values are significantly higher than default). 

« The initial soil-moisture conditions at Lucky Hills vary more throughout the four 

one-year calibrations than what is seen at the Kendall site. The one-year 

calibrations tend to follow the two-year calibrations (green), but are generally 

different from the four-year calibrations (blue line). 
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One would expect that the vegetation parameters (ten in the model) would be 

prone to vary through time and be more dependent on the period of calibration due to 

climatic conditions, available plant moisture, etc. However, of the 27 soil parameters, 

several of these, such as hydraulic conductivity, porosity, and quartz content, should be 

fairly constant at a given site, and one would not expect that the values would vary as a 

function of the calibration time periods. However, results from this analysis show this is 

not the case and that some soil parameters are dependent on the period of calibration. 

Some of the soil parameters that are varying in this analysis include soil quartz content 

(quartz), porosity (maxsmc), and the reference values for the saturated hydraulic 

conductivity and the infiltration parameter (refdk and refkdt). This raises a question on 

how well defined the hydrologic processes are represented in the model. There also is 

more consistency in the Kendall initial soil-moisture states than that seen at Lucky HUls. 

This result also raises questions. The sites are located only 10 km apart, with fairly 

similar soil properties (Sections 4.3.1 and 4.3.2) and one would expect to see more 

consistency in the initial soil-moisture states between the two sites. On the other hand, a 

few of the vegetation parameters, such as leaf area index (lai), and several parameters 

involved in canopy water ftinctions (hs, cfactr, and cmcmax) do change as a function of 

the calibration period. The minimum stomatal resistance parameter (rcmin) also seems 

dependent on the calibration period. The variability of these calibrated parameter values 

may be a function of the changing climatic and/or atmospheric conditions for the various 

periods. 
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4.5.4 Surface Flux Time Scries 

Results of selected optimizations for the Noah model are presented in a series of 

Figures (4.18-4.25) for a 10-day period during the 1999 monsoon (August 1-10, 1999), 

and a 10-day period during the dry season (May 1-10, 1999). For the monsoon period, 

three optimizations are presented; the 1997-2000 calibration, the yearly calibration for 

this year (1999), and the monsoon period calibration for 1999 (July, August, September, 

1999). For the dry period, the 1997-2000 calibrations are presented. In the Figures, 

results from the optimization are in yellow, which represents the tradeoff region 

generated from the range of solutions in the Pareto set (250 solutions). The default 

parameter solutions are shown as red dots, and the observed fluxes are shown as blue 

dots. For the 1997-2000 optimization at the Kendall site (Figure 4.18), it is observed that 

the model tracks well for sensible heat, ground heat fluxes, and ground temperature. The 

width of the solutions is also fairly narrow, indicating smaller parameter uncertainty for 

these simulations. However, on the latent heat fluxes, the model does not track well, and 

the range of solutions is greater. Default parameters tend to undersimulate on the latent 

heat fluxes and oversimulate on the sensible heat. This result verifies conclusions stated 

earlier, in the lack of the model to capture latent heat fluxes during the monsoon period 

with longer-term calibration sets. In Figure 4.19, the one-year 1999 calibration is shown 

on the Kendall site. In this simulation, the latent heat tracks much better, but a decline in 

performance is seen in the tracking of the sensible heat fluxes. Results from the 

optimization performed on the 1999 monsoon period are presented in Figure 4.20. Here, 

tracking again is much better for latent heat than either of the previous optimizations in 
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Figures 4.19 and 4.20; however, due to the shorter time period of the calibration, there is 

a large uncertainty seen in the Pareto solutions generated, especially in regard to the 

ground temperature time series. 

Similar results are observed with the same series of plots for the Lucky Hills site. 

The 1997-2000 optimization (Figure 4.21) illustrates good model tracking for three of the 

four fluxes and a narrow range in the solutions. However, latent heat fluxes are 

significantly undersimulated during this period. Again, the 1999 one-year calibration 

(Figure 4.22) results in much better performance for the latent heat, but a slight decline in 

performance is seen iii the sensible heat fluxes. The 1999 monsoon parameters (Figure 

4.24) track the latent heat fluxes much better and actually track the sensible heat fluxes 

slightly better than the 1999 or 1997-2000 optimizations. Interestingly, the uncertainty in 

the 1999 monsoon optimization for Lucky Hills is much less than that seen for the 

Kendall site for the same period. 

The last two time series Figures (4.24 and 4.25) illustrate the performance of the 

model for a 10-day dry period (early May) at each site. It is observed that the latent heat 

fluxes during this time period are much less than those seen during the monsoon periods, 

while sensible heat fluxes are much higher (peak at around 550 w/m^' compared to 200-

250 w/n/" for the monsoon period). The model does well at tracking all four of the 

observed fluxes for both the Kendall and Lucky Hills sites. Default parameters tend to 

slightly oversimulate on the latent heat fluxes and undersimulate on the ground 

temperature. 
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Figure 4.19: Kendall site model simulations for a 10-day monsoon period (August 
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Tlie time series simulations illustrate the performance of the model and its 

capabilities in capturing the diurnal variability of the fluxes. Generally, the parameters 

from the optimizations performed better than the given default parameters. The shorter-

term calibrations (1999 one-year and 1999 monsoon) captured the change in the latent 

heat that occurs during the monsoon period in the region. The longer-term calibrations 

performed well for the drier periods and for the sensible and ground heat fluxes during 

the monsoon, but could not capture the variability of the latent heat flux during the 

monsoon. 

4.6 SUMMARY AND CONCLUSIONS 

This calibration and validation analysis in this chapter was undertaken to 

rigorously test a common land-surface model on a semi-arid site under various validation 

scenarios. Results from these types of analyses will be dependent on the climatic 

conditions in basins and the quantity and quality of data available during study period 

(Refsgaard, 1996). Additionally, in this analysis, only short-term, seasonal, and periodic 

climatic conditions can be tested. Long-term climate change studies cannot be undertaken 

with the current observational data available. The goal of this investigation was also to 

address the impact of data on the estimation of parameters in semi-arid regions and the 

resulting affect on energy and water flux simulations. With numerous vegetation types on 

the Earth's surface, a common question arises as to whether parameters calibrated on a 

proxy-basin suffice as estimates for similar vegetation types? Furthermore, how do 

parameters perform when tested under conditions which were not included as part of the 
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calibration period (such as El Nino and monsoon events in the Southwest)? Few studies 

have addressed these issues with long-term data sets in a semi-arid region. 

Several general conclusions can be made from this analysis: 

• Parameter sets from nearly all calibration periods show improved performance over 

default simulations in nearly all of the validation periods. 

• Sensible heat is the driving flux in this region. Model simulations show larger errors for 

sensible heat than for latent heat fluxes. Only in periods where latent heat is significantly 

pronounced (mostly monsoon events) are errors larger for latent heat using different 

parameter sets. Model performance is improved during this period by as much as 20-30 

w/m^ by using a time frame with a wetter period in data for calibration of model 

parameters. 

•Any single-year calibration has lower errors during that period than using parameters 

from a longer calibration period. However, when applying shorter time period 

calibrations (one year) to longer time series (three or four year), performance declines. 

Over longer time periods (four years in this study), the four-year parameter set shows the 

best performance. Most of the land-surface modeling studies in the literature have been 

performed on fairly short data periods (15 months was the longest period used in this 

research group prior to this study). This analysis shows that, for long-term simulations, 

longer data periods are required for estimation of model parameters. 

• In general, it can be stated that the application of proxy site parameters results in 

similar performance for many time periods. Site-specific calibration does improve 

performance, but in the absence of calibration data, a proxy-basin set of parameters can 
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be applied with only a slight decline in perfomance. The results here show that this 

conclusion is very specific to the validation time period. In some cases, model 

performance can decline by up to as much as 40-60 w/nr (sensible heat) when using 

proxy parameters. However, the proxy site parameters are still an improvement over 

default values. A few parameter sets gave improved performance (mostly latent heat) at 

the proxy site for some seasonal validation (monsoon) periods. This issue needs further 

study and possibly the application of neural networks to evaluate data quality and 

uncertainty for some of the seasonal time periods used in this analysis. 

® The Lucky Hills 1997 data period reacts very different than others. Large errors are 

seen in nearly all calibrations using this data period. The year was characterized by a 

fairly dry summer and a wet December period. Further investigation into the problems of 

the models with this data period is needed. 

® This analysis has shown that there is a need for both "wet" and "dry" periods during 

calibration. In general, for the year-to-year monsoon and winter period simulations, 

shorter time period (yearly or specific seasonal) calibrations result in improved 

performance for these variable climatic periods. Using longer time-frame data (two-year 

or four-year) periods results in decreased performance during the nonstationary events 

tested in this analysis, especiaEy for the more extreme monsoon periods (such as the 

1999 monsoon period). The model does fairly well for sensible heat and ground 

ten^erature over the longer term, but the increase in latent heat during these short 

climatic events is not captured well in the model simulations. To capture the variability of 

these climatic conditions, there is a need to include wet periods where latent heat is 



markedly pronounced to initiate all physical processes in the model and to improve the 

estimation of model parameters. Sensitivity to calibration data (length, wet or dry 

periods) has been addressed in rainfall-runoff modeling studies using models such as the 

Sacramento Soil Moisture Accounting Model (Yapo et al., 1997). In cases such as the 

monsoon and El Niiio winters, it may be more appropriate to use seasonal or parameters 

specific to the season of interest. 

• Results from this analysis also show that several vegetation and soil parameters are 

dependent on the length and period of calibration. Although one would expect that the 

vegetation parameters might be more dependent on climatic conditions during the period, 

this should not be the case for some of the soil parameters. Of the 27 soil parameters, 

several different values are obtained, depending on the period used for calibration. This 

raises the question of the physical representation of the hydrologic and soil physics in the 

model Inadequate representation of these processes may result in uncertainty in 

parameters involved in these descriptions. 

• The analysis undertaken within this chapter tested hypotheses for the calibration and 

cross-validation of land-surface models as proposed in the PILPS 2g experiment. The 

developed methods provide a rigorous framework for comparisons of the behavior of 

land-surface models across various biomes on the Earth's surface. 

This is one of the first analyses undertaken to address data length and quality on 

parameter estimation in a land-surface model for semi-arid regions. Land-surface models 

need to be able to simulate long-term change, but one would also hope they would 

capture seasonal variability. A thorough assessment of this ability was tested in this 
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analysis. The model shows improved performance with calibrations (over default), and 

parameters from longer time periods perform well over the long periods for the sensible 

and ground heat fluxes and ground temperature. Climatic events such as El Nifio and the 

seasonal monsoon require parameters that are specifically calibrated during these events 

(or include similar events) for adequate representation of the latent heat fluxes. Long-

temi climate change scenarios are difficult to assess; however, the goal is that the 

calibration and val idation studies performed on models such as the No all system will lead 

to improved parameter estimates for use in long-term climate and regional environmental 

studies. 
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CHAPTER FIVE 

CARBON PARAMTERIZATIONS IN LAND-SURFACE MODELS; A REVIEW 

AND EXAMINATION FOR SEMI-ARID (C4) VEGETATION 

5.1 INTRODUCTION 

Evidence is mounting that humankind is playing an increasingly significant role 

in altering the Earth's climate. It is estimated that atmospheric carbon dioxide (CO2) has 

risen to concentrations which are more than 30% higher than pre-industrial levels (Figure 

5.1). TMs escalating concentration of CO2 can have mixed effects on the Earth's 

atmosphere, but there is a strong consensus that the trapping of long-wave radiation by 

this increase in a greenhouse gas is leading to a warming of the Earth's climate. It is 

estimated that global temperatures have warmed to 0.6 ± 0.2°C over the last century 

(Houghton, 2001). There is increasing pressure on nations to reduce greenhouse gas 

emissions, with special emphasis on CO2 reduction, shown to be the critical atmospheric 

component resulting from anthropogenic activities (Houghton et aL, 1990, 1996). A 

critical element in formulating national and international policies will be determining the 

current balance of terrestrial carbon. Recent sink estimates based on models and 

atmospheric data have been shown to vary by as much as 500% when assessing northern 

latitude carbon sinks, from 0.6 PgC yr"^ to 3.5 PgC yr"' (Houghton, 2001). The global 

carbon cycle and estimates of the various fluxes to and from soxirces and sinks 

(Sarmiento and Gruber, 2002) is illustrated in Figure 5.2. The majority of research studies 

investigating the global carbon cycle have focused on forested areas, neglecting the 
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Figure 5.1: Increasing CO2 concentrations since pre-industrial times. The insert 
displays data measured at Mauna Loa, Hawaii. Data before 1958 are from ice core 
samples taken from Antarctica (Sarmiento and Gruber, 2002). 

potential for grasslands and semi-arid regions to contribute to terrestrial estimates for 

carbon uptake. Ctirrent methods and techniques for estimating global carbon balance will 

need significant improvements in accuracy to narrow this wide discrepancy in sink 

values. 

The main focus of carbon flux research within land-surface, or SVATS, models 

has been directed towards C3 plant physiology, and the response of these systems to 

increased atmospheric carbon concentrations. However, research indicates the response 
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of C4 plants to rising CO2 may not be as insignificant as originally postulated. A review 

of several studies over the last two decades (Wand et al., 1999) has revealed that CO2 

assimilation by Q plants (mainly grasses) is also significant (a 25% increase, as 

compared to a 33% increase for C3). With semi-arid regions covering approximately 1/3 

of the land-surface of the Earth, and Q plants estimated to contribute 21% of the global 

Gross Primary Production (GPP) (Lloyd and Farquhar, 1994), correct representation of 

this process within coupled climate-SVATS models is crucial to accurately estimating 

responses to increasing CO2 throughout the global ecosystem. 
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Figure 5.2; Global carbon cycle and estimated sources and sinks. Arrows show the 
fluxes between the atmosphere and the two primary sinks, land, and ocean. 
Anthropogenic fluxes are in red; natural fluxes in black Red numbers denote the 
changes in CO2 flux due to human activities since pre-iudustrial times (black numbers) 
(Sarmiento and Gruber, 2002). 
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The objectives of this chapter are to: 

• Provide a brief description of the physics of the carbon assimilation processes in two 

vegetation species (C3 and C4 plants) 

• Present an overview and analysis of the current carbon parameterizations within land-

surface models. 

® Test and evaluate a current carbon parameterization scheme within a land-surface 

model (BATS2) on a semi-arid vegetation site. 

® Make suggestions for future research involving carbon flux modeling in semi-arid 

environments. 

5.2 BACKGROUND AND RELEVANCE 

Initial lack of understanding of carbon cycling has created an abundance of 

research attempting to simulate carbon fluxes to and from various vegetation biomes on 

the Earth's surface. Estimates of terrestrial sequestration and uptake of CO2 vary 

significantly depending on field data and analytical methods or models used. Much of 

the current funding for research is being invested to reconcile these issues and ensure 

adequate precision in carbon modeling, thereby allowing poMcy makers to deliver 

reliable, scientifically based decisions for future carbon emission policies. The hope is to 

deliver sound quantitative estimates of the magnitude of past and present carbon sinks in 

the global spectrum. Scientists have two avenues to use in meeting the challenge of 

accurate estimations; field experiments or modeling studies. Neither method in and of 
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itself may be sufficient in providing accurate estimates of vegetation states and responses 

to atmospheric carbon. Modeling studies, using field data for validation, can provide an 

avenue to summarize and integrate knowledge of vegetation responses to CO2 in a cost-

effective manner. Models can also be used to integrate results from plot-scale 

experiments across temporal and spatial scales and can be used to set priorities for future 

field experiments and research (Amthor and Loomis, 1995). Although models provide an 

alternative to studying responses to environmental change, they cannot be expected to 

completely replace field experiments and must be used to complement and enhance CO2 

research (Amthor and Loomis, 1995). 

Previously postulated theories of C4 ecosystem responses to increasing 

atmospheric CO2 concentrations are being re-analyzed. In a meta-analysis of numerous 

C4 and C3 biome studies conducted throughout the last several decades. Wand et al. 

(1999) found that, although there was a slight difference, both C4 and C3 increased total 

biomass significantly in conditions of elevated CO2, with averages of 33% and 44%, 

respectively. The hypothesized saturation of C4 plant biomes in conditions of elevated 

carbon conditions was not evidenced by the results of this study (Wand et al, 1999). 

These recent field studies demonstrate the need to have adequate modeling systems to 

represent the dynamics of both vegetation types (C3 and C4) for investigation of 

ecosystem responses to fiiture climate change and increasing concentration of 

atmospheric carbon. 

The majority of models used in simulating plant responses to increased carbon 

have been ecological or crop models, used mainly to represent specific plant systems at 
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the point scale, without considering aggregated responses or other land-atmosphere 

interactions. Recently, the land-surface modeling community has been attempting to 

represent carbon flux parameterizations within models currently being coupled with 

GCMs on a grid scale. The goal is an integrated model, capable of simulating water, 

energy, and chemical (carbon and nitrogen) fluxes to and from the land-surface, and 

capable of being coupled to a climate model for simulation and prediction of climate 

change. A model that contains a djuamic vegetation model and that responds to the 

changes occurring within the atmosphere will undoubtedly produce more reliable 

simulations of terrestrial responses to climate change. Land-surface modeling studies 

involving carbon have consisted mainly of C3 vegetation biomes; hence, the development 

of carbon parameterizations have focused mainly on the physics of this plant type. The 

empasis in this study is on C4 vegetation types and which modeling systems, if any, are 

currently capable of reproducing the carbon fluxes in semi-arid regions, which are 

dominated by these species. 

5.2.1 Physics of C3 and C4 Vegetation 

Approximately 40% of a plant's dry mass consists of carbon. Uptake of CO2 

occurs through the leaf pores, or stomata, which open or close depending on the available 

moisture in the plant and in the surrounding atmosphere. Once CO2 is assimilated, it 

diffuses to sites within the plant where carboxylation, or the fixation of carbon, occurs: in 

the chloroplast (for C3 species) and in the cytosol (for C4 and Crassulacean Acid 

Metabolism (CAM) species). Although all of these plant types contain the same internal 
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reactions, it is the linking of these processes, the anatomy, that distinguishes C3 plants 

from C4 and CAM plants (Lambers et al, 1998). The following description of C3 and C4 

photosynthesis and carboxylation is adapted from Lambers et al. (1998): 

C.I Vegetation 

The majority of the plants in the world (nearly all woody species) contain a C3 

carbon assimilation and photosynthesis physiology. In C3 systems, CO2 enters the leaf 

through the stomata and diffuses into the mesophyll cells where Rubisco catalyzes the 

carboxylation (addition of CO2) of RuBP (Ribulose Bisphosphate) to form two PGA 

(Phosphoglycerate) molecules. PGA is a three-carbon con^wund, hence, the name, C3 

photos3nathesis. The Calvin cycle and subsequent biochemical pathway then convert PGA 

into sugars which are transported to areas within the plant such as growing leaves, roots, 

and reproductive structures (Figure 5.3). However, Rubisco also has the capacity to 

catalyze the oxygenation of PGA in a wasteful sequence of reactions collectively called 

photorespiration. Consuming ATP, while releasing previously fixed CO2, 

photorespiration in C3 plants is particularly problematic at temperatures above 30"C. This 

photorespiratory cost is partially related to the evolution and success of C4 plants in 

certain environments. 

C4 Vegetation 

Many grassland species in North America and various crops, such as com and 

sugar cane, contain the C4 pliotosynthetic pathway. Although the functionality of this 
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type of CO2 assimilation is identical to C3 systems, the primary mode of CO? capture is 

substantially more efficient. In C3 systems, the carboxylating reactions are sequestered 

only in the mesophyll. In C4 plants, the photosynthesis reaction employs two tissue types, 

,C()2 + H2O 

ADP 
CARBOXYLATION 

3-phosphoglycerate REGENERATION 

ATP 

NADPH REDUCTION 

ATP 

Trios€ 
phosphate 

ADP + P 
NADP 

Sucrose, starch 

Figure 5.3: The C3 photo synthetic carbon reduction cycle (PGR), or Calvin cycle, 
has three stages: 1) CO2 is linked to a carbon skeleton (carboxylation), 2) reduction, 
during which carbohydrate (sucrose, starch) is formed, and 3) regeneration, during 
which the C02-acceptor molecule (Ribulose l,5~bisphosphate) is formed (adapted 
fromLambers et al., 1998). 
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the mesophyll and the bundle sheath cells, to achieve the same result. The C4 enzymes are 

located in the mesophyll cells, while the C3 enzymes involved in the Calvin cycle are 

specific to the bundle sheath. In short, CO2 enters through the stomata and diffuses into 

the mesophyll tissue where it is fixed by PEP (pho splweno Ipyru vate) Carboxylase to 

form oxaloacetate, which is then converted into malate (a 4-carbon molecule), and 

transported into the bundle sheath cells. Here, the C4 acid is decarboxylated, and the 

released CO2 is refixed by Rubisco and assimilated through the enzymes of the 

photosynthetic carbon reduction cycle to form sucrose and starch (Figure 5.4). Because 

the C4 pump is highly efficient at carboxylation and C4 acid delivery, the Rubisco (Calvin 

Cycle enzyme) in the bundle sheath is supersaturated with CO2 such that photorespiration 

is virtually eliminated. The enzyme that catalyzes the primary carbon dioxide fixation of 

C4 plants is the PEP Carboxylase. Its affinity for CO2 is by far higher than that of 

Rubisco, the first enzyme of the Calvia cycle. As a consequence, C4 plants are able to use 

even trace amounts of CO2. However, the C4 pathway does require extra energy in the 

form of ATP. 

The advantages of C4 photosynthesis ensure that these plants outcompete C3 

plants in certain environments (high light (PAR) and high temperature). C4 species are 

highly water-use efficient (use less water for each molecule of CO2 fixed) and nitrogen 

efficient. Because Rubisco is supersaturated with CO2, the stomatal openings necessary 

to allow CO2 inside the leaf can be reduced relative to that of C3 species. Because 

reduced stomatal conductance translates into reduced water loss, C4 systems use much 

less water than their C3 equivalents. Q plants also exhibit higher nitrogen use efficiency. 
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Figure 5.4: The C4 photo synthetic pathway. CO2 is assimilated and diffuses to 
the mesophyll cells, where it is assimilated into a C4 acid. It is then transported 
into the bundle sheath cells. The C4 acid then releases CO2 that goes through 
the C3 PCR cycle (Figure 5.3) to form the carbohydrates (starch and sucrose). 
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Because nitrogen is the most limiting nutrient for plant growth, using less nitrogen to 

achieve an equivalent, or higher rate, of carbon gain is a significant advantage. The most 

nitrogen-expensive enzyme in the leaf tissue is Rubisco; thus by building less of it, C4 

plants are able to exploit nitrogen deficient soils, and still maintain fairly high growtli 

rates. 

The high-water and nitrogen-use efficiency of C4 plants allows them to succeed in 

hot, dry environments, and often on poor soils. The vast majority of C4 plants in the 

world inhabit low-altitude and low-latitude regions with warm temperatures and high 

light availability (such as the southwestern U.S.). The distribution of C4 species 

diminishes drastically north of 40° latitude in North America (Figure 5.5). Sinoilarly, in 

temperate environments with seasonal temperature changes, C3 plants flourish during the 

cooler spring and early summer season, while the late summer is a time of C4 dominance 

in many regions. 

Many studies in the literature show that increasing atmospheric CO2 favors the 

growth of C3 species over C4 plants. Q species have decreased in competitive ability 

since the beginning of the industrial revolution (Lambers et al., 1998). Laboratory and 

chamber studies which measure the effects of increased atmospheric CO2 mainly show 

that the biomass of C3 plants is enhanced over C4 species, although C4 species are not 

necessarily as unproductive at higher CO2 levels as previously thought (Wand et al., 

1999). However, elevated CO2 levels create other environmental changes that may 

mitigate the singular effect of higher CO2 concentrations on plant growth. Elevated 

temperatures and drier climates may have the opposite effect on the competition between 
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these two plant species. C4 species which dominate in warm, dry climates, may expand 

over areas previously occupied by C3 species. Accurate representation of the potential 

fluxes to and from these regions will aid in the global carbon balance and future changes 

on this system. 

Figure 5.5: Carbon dioxide yields of Q and C3 plants of open grasslands at various 
latitudes. In temperate regions, the rather low light intensity is a disadvantage for 
C4 plants. C3 plants have an advantage in these higher-latitude regions due to their 
low rate of photorespiration and because they need no energy for the previous 
fixation of CO2 (Ehrlicher, 1978). 
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5.2.2 Review of Carbon Assimilation Fomiulatioas in LSS 

The developmeHt of land-surface models has gone through several series of 

improvements. First-generation models were simple, finite reservoirs of heat and 

moisture models such as the Mana be Bucket (see Section 2.6.1). In these models, 

vegetation was not explicitly parameterized; its only effect was to alter surface roughness 

and the albedo of the surface (Schlosser, 1997). Second-generation models were 

characterized with more sophisticated heat and moisture calculations and expHcit 

representation of vegetation (for example, BATS, Simple Biosphere (SiB) model (Sellers 

et al., 1986), Bare Essentials of Surface Transfer (BEST) model (Pitman et al., 1991), and 

the Canadian Land-surface Scheme (CLASS) (Verseghy, 1991)). These models contained 

separate treatment of soil and vegetation and typically included various soM layers for 

dynamic heat and moisture flow simulations. However, plant physiological processes in 

these models were still fairly simple, with prescribed LAI (model parameter) without 

dynamic evolution of the vegetation and no cMmate-vegetation interactions or feedbacks. 

Work by plant physiologists and ecologists in the 1980s and 1990s developed new 

insights into the biogeochemical processes controlling plant photosynthesis and stomatal 

functions (Sellers et al., 1996). The most recent generation of land-surface models has 

evolved to include plant and soil carbon processes, such as the plant photosynthesis (Ac) 

in SiB2 (Sellers et al., 1996) and plant and soil C processes in the NCAR-LSM (Bonan, 

1998) and BATS2 (Dickinson et al., 1998). 

Many of the land-surface formulations including leaf photosynthesis-conductance 

models (e.g., BATS2, SiB2, and LSM) link the inverse of stomatal resistance (or stomatal 
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conductance) with carbon assimilation by a derivative of the equation originally 

developed by Ball et al. (1987), now commonly referred to as the Ball-Berry equation: 

g, = m (AJCs)F( e }P + go (5.1) 

2 1 where gs is stomatal conductance for water vapor transfer (mol m" s ), m is a slope 

parameter, A„ is the net carbon assimilation (mol m's"'), Q is the partial pressure of CO2 

(Pa), F is a humidity-dependency stress factor, P is atmospheric pressure (Pa), and g„ is a 

prescribed minimum stomatal conductance (mol m " s"^). Minimum stomatal resistance 

processes are typically defined using a modification of Jarvis (1976), with variations on 

the approximation of the radiation flux throughout the layer(s) of the canopy. Carbon 

assimilation (A„ in the Ball-Berry equation) processes were originally developed by 

Farquhar et aL (1980). The Farquhar formulation included a biochemical model of 

photosjmthesis that describes assimilation within leaves (or chloroplasts) based on the 

rate-limiting enzyme Rubisco (from the plant Calvin cycle) and electron transport (which 

is a function of the Photo s}mthetically Active Radiation (PAR) incident on the leaves and 

the cholorophyll in the plants) (Sellers et al., 1996). This formulation was expanded on 

by CoUatz et al. (1991) for C3 vegetation (forests and temperate grasses) and later for Ct 

vegetation by CoHatz et al. (1992). A brief description of the Collatz formulations (1991, 

1992) for the leaf photosynthesis-conductance formulation is presented below. 

Leaf carbon assimilation is defined as the minimum of three limiting factors (the 

leaf enzyme Rubisco, the amount of light available, and the storage-export mechanism of 

the leaf cell); 

A <Min (Wc, We, Ws) (5.2) 
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where A = leaf assimilation (or photosynthetic) rate (mol m's'^), Wc = Rubisco limited 

rate of assimilation (mol m" s"'), We= light-limited rate of assimilation (mol in" s'), and 

2 1 Ws = carbon compound export limitation (for C3 species) (mol m s"), or PEP-

Carboxylase limitation on plwtosynthesis (for C4 species). 

The physiological limit on assimilation (wc) is a function of the leafs enzyme 

reserves and is represented in models by Vnax, the maximum catalytic capacity of the 

enzyme Rubisco. Wc is also dependent on temperature and soil moisture and can be 

written as: 

c, - r * 
Hv = K. 

q + K ( l  +  O J K J  
(5.3) 

where Vm = maximum catalytic capacity of Rubisco (mol m'  ̂ s"^), F* = CO2 

compensation point (Pascals (Pa)), Kc = Michaelis-Menton constant for CO2 (Pa), K<, = 

inhibition constant for O2 (Pa), Cj = partial pressure of CO2 in the leaf interior (Pa), and O2 

= partial pressure of O2 in the leaf interior (Pa). For C4 plants, Wc is set equal to Vm and is 

not dependent on CO2 or O2 pressures. 

The light-limited rate of assimilation (we) is given by: 

c, -r* 
W e =  

c .  + 2 r -
(5.4) 

where F„ = the flux of PAR incident on the leaf (vector) (W m "), n = leaf normal, £3 = 

quantum efficiency for CO2 uptake (for C3) (nx)l J '), and -Wn- leaf-scattering coefficient 

for PAR.For C4 plants, the formulation changes slightly to: 

We= (F„-  n )  84(1  -  w„)  (5.5) 
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The final limiting rate on assimilation is the storage-export term, defined as: 

w, (Cs) = Vr/2 (5.6) 

W, (C4)  =  2x l ( fV„r  Ci /p  (5.7) 

The net carbon assimilation of the leaf is then estimated from the difference between the 

respiration rate and the assimilation rate: 

An=A-Rd (5 .8 )  

2 1 Where Rj is also a function of the leafs enzyme pool (V„k,x, Tc, W2) (mol ni" s'). This 

net assimilation (An) is then coupled with the Ball-Berry formulation of stomatal 

resistance presented above (eq. 5.1). The formulations presented above describe the 

physics of carbon assimilation for a single leaf In order to estimate canopy assimilation 

(Ac) and conductance (gc), these equations must be integrated over the depth of the 

canopy. Formulations for these integrations, along with more details on the above 

functions, can be foimd in Sellers et al. (1996). 

The SiB2 model (a revised version of the early SiB model) has incorporated both 

C3 and C4 parameterizations based on the Collatz (1991 and 1992) formulations. The 

BATS2 model uses a simpler form of the carbon assimilation and growth model, similar 

to what is found in the NCAR LSM (Dickinson et al., 1998). The BATS2 model was 

chosen for an initial analysis of the performance of a land-surface scheme for carbon, 

energy, and water flux simulations on two semi-arid vegetation sites. The model is briefly 

described here. 
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5.2.3 BATS2 

In BATS2, the prescribed LAI behavior used in the original BATSle is replaced 

with an assimilation and growth model using several of the formulations discussed above. 

The canopy-average stomatal resistance is the average value for one direct-light canopy 

layer and four diffuse-light canopy layers. Each layer uses the stomatal resistance 

functions of Jarvis (1976), with some modifications, but the concepts used to describe 

carbon assimilation follow those of Farquhar et al. (1980) described above. The Ball-

Berry formulation is used to link assimilation and stomatal resistance; however, in the 

case of BATS2, the humidity term is expressed as a function of vapor pressure deficit 

(instead of relative humidity as used in other models). Leaves in the direct sun are treated 

separately from those leaves which lie within the canopy in the shade. On clear days, 

leaves in bright sunlight can be light-saturated, but leaves in the shade may be still be 

light-limited. The calculations for light-loading of diffuse radiation throughout the 

canopy have a four-layer structure in the BATS2 model, while the leaf area exposed to 

direct sunlight at the top of the canopy is calculated from a canopy radiative transfer 

model (Dickinson et al., 1998). The light-attenuation calculations assume a spherical 

distribution for leaf orientation and that a fraction of the attenuated direct sunlight is 

transformed into downward-scattered radiation in the canopy (Sen et aL, 2001). BATS2 

calculates an average leaf conductance for shade leaves in each layer and leaves receiving 

direct sunlight, assuming the air is saturated, and then applies a vapor-pressure dependent 

stress factor to calculate the effective value of leaf stomatal resistance (Dickinson et al., 

1998). 
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The assimilated carbon in BATS2 is allocated to other parts of the plant in 

addition to the leaves, while the death and decay of leaves and other plant parts releases 

CO2 back to the atmosphere (respiration). The total ecosystem respiration is the sum of 

four contributions corresponding to maintenance respiration for leaves, wood, roots, and 

soil, and three contributions corresponding to growth respiration for leaves, wood, and 

roots. In each case, the maintenance respiration is assumed to be a function of 

temperature, specifically, canopy temperature for leaves and wood respiration, deep soil 

temperature for root respiration, and soil surface temperature for soil respiration. In each 

case, growth respiration is assumed to be a specified fraction of the instantaneous carbon 

assimilation. BATS2 uses soil surface temperature (as opposed to a temperature deeper in 

the soil) to calculate soil respiration, and it assumes that growth respiration for the roots 

is related to instantaneous (as opposed to time-average) carbon assimilation. The BATS2 

model has been used extensively within the University of Arizona research group on 

model calibration in the Department of Hydrology and Water Resources, and was 

presented as part of the multi-model, multi-site analysis described in Chapter Two. More 

details on the parameters involved in the carbon formulations are presented in the 

methodology section (5.3.1). 

5.3 TESTING IN SEMI-ARID REGIONS 

5.3.1 Kendall and Lucky Hills Sites 

The two sites analyzed in the previous chapter, the Kendall and Lucky Hills sites, 

were chosen due to their location within the semi-arid San Pedro River basin (Figure 4.2) 
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and due to the availability of carbon flux data at the two sites. As previously stated, the 

KendaU site is predominantly a Q grassland, while the Lucky Hills site is a mix of shrubs 

and grasses, consisting of C3 woody species and some C4 grass species. Carbon flux data 

were collected at each of these sites along with the forcing and validation data presented 

in Chapter Four. Carbon flux data, at the 20-minute time step (in mg/m^/sec), are 

presented in Figures 5.6-5.7 for both sites. Precipitation is also shown. A negative flux 

value corresponds to carbon assimilation (flux towards the surface), and a positive flux 

corresponds to respiration (flux away from the surface). The gaps in the data are periods 

where data are missing; no values were interpolated for replacement. Some interesting 

patterns are observed in the yearly time series. As expected, most of the growth activity 

(assimilation and respiration) occurs during the monsoon periods (designated by the 

region between the vertical lines at day 182 and day 273). Once rainfall in the region 

starts, there is a definite response in the vegetation and the plants become active. 

Prior to the monsoon period, there is little activity or growth seen in the two sites 

at Walnut Gulch. There is some activity in some of the early spring periods (1997 and 

1998) when winter rains simulate some growth in the few C3 plants at the sites. What can 

also be observed in Figures 5.6 and 5.7 are the periodic spikes in respiration that occur 

throughout the year (for example, day 50 and day 60, 1997 at the Kendall site). Many of 

these spikes occur immediately after or during precipitation events. These sudden 

releases of CO2 are hypothesized to be from the carbonates which are abundant in the 

soils at these sites. Dissolution of the Calcium Carbonate (CaCOs) occurs when low pH 

precipitation infiltrate into the soils (Emmerich, 2002) and reacts with the soils. 
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Figure 5.6: Precipitation and carbon flux patterns for the Kendall site over 
four-year study period. 
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Figure 5.7: Precipitation and carbon flux patterns for the Lucky Hills site 
over four-year study period. 
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Typical diurnal cycles for the two sites are shown in Figure 5.8. Note that the 

daily cycle does not include this sudden release of CO2. This Figure shows a typical 24-

hour period during the (a) dry season (May), and (b) monsoon season (August) for both 

sites. During the dry season, it is observed that the plants are having little assimilation of 

carbon and are primarily respiring. The respiration is most likely a combination of soil 

respiration along with root respiration. In the August Figures, there is minimal 

respiration, but much greater influx of carbon (assimilation). The rainfall during the 

monsoon period initiates the growth phase for the grasses (and some of the other species), 

and the vegetation greens up as photos3aithesis and carbon assimilations occur. The 

monthly totals for assimilation (red) and respiration (blue) at the Kendall site for a wetter 

year (1999) and a drier year (2000) are displayed in Figure 5.9. The main growth period 

during the yearly cycle is during the monsoon period (July, August, September). During 

the wetter monsoon year (1999), assimilation is much greater (and hence plant growth) 

than during the drier monsoon year of 2000. 

5.3.2 Methodology 

The BATS2 model parameters are listed in Table 5.1. The model uses similar 

formulations of the carbon assimilation processes described in Section 5.2.1. Many of 

the variables used in the parameterizations are preset (and held constant) in the common 

blocks, with five parameters specifically relating to carbon which are considered to 

change according to vegetation type. The methodology incorporated to estimate the best 

parameters to simulate the water, energy, and carbon fluxes in the model involved a two-
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Figure 5.8: Kendall and Lucky Hills daily carbon flux cycle for a 
(a) dry season day (May) and (b) wet monsoon day (August). 

step process. Of the 36 parameters in the model, 24 were initially optimized usiing the 

MOCOM-UA (Section 2.3) multi-criteria algorithm, with three of the land-surface fluxes 

(sensible heat, ground heat flux, and ground temperature) used as criteria. 

The five carbon parameters (at the bottom of the Table) were initially held to 

default values for this step. During initial calibration research, the energy and water 
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fluxes dominated the model optimization (as compared to the carbon fluxes) and 

inseiisitivity was observed for the carbon fluxes. Therefore, after the Pareto set was 

obtained, a "best set" parameter set was selected and an alternative procedure was used to 

estimate the carbon parameters. To put more weight on the carbon fluxes, the Shuffled 

Complex Evolution (SCE-UA) (Duan et al., 1992, 1993) algorithm was invoked to 

optimize on this single flux. The SCE-UA is a global search optimization method 

designed to handle difficult, nonlinear response surfaces and has been used extensively in 

the calibration of conceptual watershed models, optimizing primarily on streamllow time 

series. The SCE-UA algorithm has been tested extensively (Duan et aL, 1992, 1993; 

Sorooshian et al., 1993; Gan and Biftu, 1996; Kuczera, 1997; Thyer et al., 1999; Hogue 

et al., 2000) and has been found to be efficient and consistent in finding the global 

optimum A detailed description of the method appears in Duan et al. (1992). For the 

SCE-UA, only the carbon-related parameters were optimized, and the remaining 

parameters were held to values found during the multi-criteria calibration. The five 

parameter values obtained during the SCE-UA calibration were then combined with the 

"best set" from the Pareto solution to make a final single-parameter set for simulating the 

carbon fluxes. 
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Figure 5.9: Kendall montMy carbon fluxes for year 1999 (wetter year) 
and year 2000 (drier year). Respiration is positive flux (+) away from the 
surface and assimilation is a negative flux (-) toward the surface. 
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5.4 RESULTS 

The final parameter set obtained from the above calibration process is also shown 

in Table 5.1. Most of the calibrated parameters for the BATS2 model compare fairly well 

between the Kendall and Lucky Hills sites. Additionally, many of the values are similar 

to default values, but a few are notably different, including vegetation cover (vegc), 

which is drastically increased (0.84 and 0.83) over the BATS2 default value of 0.10 for 

semi-arid regions. The carbon parameters are also notably different than the default 

values, with significantly higher values. For the Kendall site, which consists primarily of 

grasslands, the wood parameter was set to zero (default value). The Lucky Hills site does 

contaiQ woody species; hence this parameter was calibrated, with a resulting value (154) 

close to the default (150). The other three carbon parameters, leaf mass (Ifmass), fast 

carbon pool (fastcp), and mass of fine roots (rtmass) are all considerably higher than 

default. 

Results from the model runs using the parameter sets are illustrated in Figures 

5.10-5.13. The first two Figures, 5.10 and 5.11, show the land-surface fluxes of sensible 

heat, latent heat, ground heat, and ground temperature, with the Pareto solutions (from 

the MOCOM-UA) at the two sites for a 10-day period during the 1999 monsoon. In these 

Figures, the Pareto set is in yellow, observed values are in blue, and the default parameter 

simulation is in red. At the Kendall site, the Pareto solution captures most of the daily 

variability in the fluxes, performing slightly better than default parameters on sensible 

heat and ground heat. However, the model does not track the ground temperature as well 

at this site. At the Lucky Hills site (Figure 5.11), the Pareto solution does well on 
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tracking the sensible heat, ground heat, and ground temperature, but there is a problem 

with the latent heat fluxes during this time period. This issue is currently being 

investigated. Carbon flux simulations are shown in the next two Figures (5.12 and 5.13). 

Now the calibrated parameter set is illustrated in black, the observed is in blue, and 

default in red. Two 10-day periods are shown for each site; (a) a dry season period in 

May, and (b) a wetter period during the monsoon. 

All figures are for 1999 simulations. Although the model is attempting to capture 

the general trend of the daily carbon flux, the model seriously undersimulates the 

magnitude of the diurnal fluxes and appears to have thresholds. There is little to no 

respiration occurring at the Lucky Hills site during May, the model is actually showing 

slight assimilation during a very dry period of primarily plant respiration. Assimilation is 

very undersimulated and also appears to be reaching a threshold, resulting in a cut-off of 

the intake of the carbon from the atmosphere. The high parameter values obtained during 

the calibration still result in inadequate carbon simulations at these sites. These results 

imply the model physics may not be appropriate for simulating carbon in these types of 

ecosystems; the unrealistic parameters values obtained from the optimization also reveal 

problems with the physical representation in these regions. In fairness, the B ATS2 model 

was not initially designed to run for C4 vegetation, but was chosen here to conduct an 

initial analysis and obtain insight into processes in semi-arid regions. Research on this 

problem is continuing in order to adapt and modify the physics in the BATS2 for 

improved carbon simulations in this region and to test other models on these sites. 
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Table 5 .1;  Cal ibrated  Parameter Values ("Best Set") for Kendall and Lucky 
Hills Sites, Along with Default Values used in the BATS2 Simulations. 

Parameter 

Name Default Kendall LHills Min Max Physical Meaning of Parameters 

vegc 0.1 0.83 0.1 0.9 inaxitraim irac(i«nal cover of vegetation [-] 
sla 20 55 14 5 60 single-side leaf area [-] 

tdlef 27S 278 278 278 278 Leaf freezing temperature [k] 
wdpool 1 0.00 1.00 0 1 flag for existence of wood [-] 
wnat 3 19.13 27.02 0 60 wood to lion-wood ratio [-] 
seasf 0.1 0.44 0.21 0 0.8 difF. between vegc & fractional cover at 269K [-] 
rough 0.1 0.01 0.02 0.01 0.99 aerodynamic ronghness length [m] * 
displa 0 1.12 0.19 0.05 5 displacement height [m] ** 
ismin 150 115 90.74 5 200 ininimiini stomatal resistance [s/m] 

xla 6 7.80 2.50 0 6 maxiraoni area leaf index [-] 
xMO 0.5 3.15 3.27 0 5 miniiinini area leaf index [-] 
sai 2 2.26 3.11 0 4 stem area index [-] 

sqrtdi 5 8.87 7.14 5 10 inverse sqrt of leaf dimensuMon 
fc 0.02 0.04 0.04 0.02 0.06 Eght dependence of stomatal lesisitance [m?] 

depnv 100 55 83 10 200 array for depth of surface soil layer [mm] 
deprv 1000 302 434 500 5000 array for depth of rootzone soil layer [nun] *** 
deptv 10000 6621 8998 5000 10000 dqith of total soil lavw [mm] 
albvgs 0.17 0.16 0.14 0.04 0.2 veg. Albedo for wavelengths < 0.7 microns [-] 
albvgl 0.34 0.32 0.26 0.18 0.4 veg. Albedo for wavelengths > 0.7 microns [-] 
rootf 0.8 0.36 0.59 0.1 0.9 ratio of roots in upper layer to in root layer [-] 

xmopor 0.45 0.59 0.59 0.33 0.66 fraction of soil that is vcdds [-] 
xmosuc 200 139 37 30 200 mininunn soil suction [mm] 
xmohyd 0.0089 0.01 0.01 0.0008 0.01 maximum hydraulic conduclivily of soil [mtn/s] 
xmowil 0.3 0.30 0.30 0.088 0.542 fraction of water content at pemwnt wilting [-] 
xmofc 0.653 0.60 0.72 0.404 0.866 ratio of field capacity to sat water content [-] 

bee 5.5 6.53 6.66 3.5 10.8 clapp and hombereger "b" parameter [-] 
skrat 1.1 1.42 1.26 0.7 1.7 ratio of soil thermal conduct, to that of loam [-] 

SOIOBT 0.1 0.08 0.09 0.05 0.12 sdl albedo ibr diffiermt coloured soils [-] 
ssw 10 11 9.89 0 200 water in upper soil layer [mm] 
rsw 430 77 65 5 2000 water in rootzone layer [mm] 
tsw 2040 1024 88 50 10000 water in total soE la'5«r finml 

lihiass 0 240 189 0 500 leaf mass [g/rrf] 
llkstcp 30 304 441 10 1500 shrot fived carbon [g/irf] 
rtmass 50 1554 1253 10 2000 mass of fine roots [g/nf] 
wood 150 0 154 0 70000 mass of wood [g/itf ] 
stMcp 0 0 0.00 0 1 stable carbon pool [g/mfl 
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Figure 5.10: Kendall site model simulations for a 10-day monsoon period 
(August 1-10, 1999). Yellow= tradeoff bounds for 1998-1999 parameters (2 yr. 
calibration), Blue=observed data, and Red=default parameters. 
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Figure 5.11: Lucky HilLs site model simulations for a 10-day monsoon period 
(August 1-10, 1999). Yellow= tradeoff bounds for 1998-1999 parameters (2 yr. 
calibration), Blue=observed data, and Red=defa-ult parameters. 
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Rmse =0.012372,Parijias =-33.8239 

Rms® =0.042ag,Perbias =-1Ca.5171 
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Figure 5.12: Kendall site CO2 model simulations for two 10-day periods in 1999: 
a) May 1-10 and b) August 1-10. Black= "best set" for 1998-1999 parameters (2 

yr. calibration), Blue=observed data, and Red=defauit parameters. 
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Rmse =O.0t6CB5,ParbHS »-142,2?j» 

Rm» =0.03iffi25,Perbias =-4?.2121 

Figure 5.13: Lucky Hills site CO2 model simulations for two 10-day periods in 
1999: a) May 1-10 and b) August 1-10. Black= "best set" for 1998-1999 parameters 
(2 yi\ calibration), Blue=observed data, and Red=default parameters. 
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5.5 SUMMARY AND CONCLUSIONS 

The goal of today's land-surface models is to adequately simulate the interaction 

of the land-surface with the atmosphere. An argument can be made that the physics of 

chemical fluxes in and out of vegetated surface (carbon and nitrogen) should be described 

within integrated models tliat simulate not only chemical species such as carbon and 

nitrogen, but also represent water and energy dynamics. As evidenced from the results 

presented in this work, the current carbon parameterization within the BATS2 scheme is 

inadequate to describe the physical processes occurring in semi-arid ecosystems. Several 

other SVATS models exist which can be tested and adapted to Q plant system 

physiology, using Collatz et al. (1992) physics as an initial formulation for semi-arid 

carbon processes. Current and future research will involve investigation of other SVATS 

models to test their adequacy in simulating carbon fluxes (along with energy and water 

fluxes) for semi-arid vegetation. The SiB2 model will be tested on the Walnut Gulch data 

using the current C4 parameterization. Existing model thresholds and physics have 

prevented the linking of the multi-criteria optimization code with this model. Future work 

will involve addressing these issues, to allow for comparison of the SiB2 with other 

models that have been tested on the Walnut Gulch data. In addition to simulating the 

diurnal carbon flux (plant and root processes) in these regions, data from the KendaE and 

Lucky Hills sites also show period carbon spikes, which are released from the soil 

carbonates. Addition of a soil carbon parameterization model to a land-surface model 

may also be necessary to improve the overall surface responses of carbon fluxes in these 
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type of environments. The goal of future work in this area is to derive an adequate 

representation of carbon (and possibly nitrogen) flux dynamics for semi-arid and 

grassland regions, within an integrated model that will also simulate water and energy 

fluxes for the land-surface. 
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CHAPTER SIX 

CONCLUSIONS AND FUTURE RESEARCH DIRECTIONS 

The purpose of the present work was to use previously developed multi-criteria 

techniques to investigate the behavior and performance of several common land surface 

models, to assess the impact of data length, seasonality, and short-term climatic events on 

land surface model parameters in semi-arid regions, and lastly, to investigate the ability 

of a land surface model to simulate carbon fluxes in semi-arid regions. This chapter 

summarizes and documents the important conclusions from this work and suggests 

recommendations for future research. 

6.1 SUMMARY AND CONCLUSIONS 

In the multi-site, multi-model analysis presented in chapter two, a general 

sensitivity analysis and calibration study was undertaken to address the level of 

sensitivity (identifiability) of the various parameters in land surface models and to 

evaluate the effect of the level of model complexity on performance across various 

vegetation sites. General conclusions for this work are as follows: 

• hi the calibrations analysis, the BATSle and Noah models tend to perform better than 

the BUCKET, CHASM and BATS2 models. BATSle giving the best performance at 

Cabauw and ARM-CART, and the Noah model having the best calibrations at Illinois 

and Tucson. However, the BATS2 model outperforms all other models at the RJaru 

(rainforest) site, most likely due to the more complex vegetation physics in the model. 
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• The sensitivity analysis revealed that the BATSle model, which is intermediate in 

complexity, has the highest index of sensitive parameters. As noted above, this model 

also showed consistent calibration results for most sites. The BATS2 model, which 

includes a more advanced vegetation parameterization, does not necessarily result in a 

higher number of sensitive parameters, even for its vegetation parameters. 

• The sensitivity analysis also revealed that several parameters in the models that were 

evaluated are insensitive regardless of the input data (i.e. vegetation t5q3e). This 

conclusion implies there is a reduction in the number of parameters a modeler must be 

concerned with at any site and will aid in the development of a systematic approach for 

defining sensitive and non-sensitive parameters and estimating those variables which 

truly influence model simulations. 

® Results from this sensitivity and calibration analysis demonstrate that increasing 

complexity does not necessarily equate to better or improved performance. This work 

supports the concept that there are tradeoffs in model complexity and that the appropriate 

level of model coniplexity should be evaluated for a specific vegetation site. Once 

complexity reaches a certain level, incorporating more physics does not necessarily result 

in improved simulations or reduced errors in the fluxes for many biomes. 

In chapter three, the multi-criteria sensitivity analysis was continued with an in-

depth analysis of several common land surface model parameters. The sensitivity level 

and final optimized values were compared for several specific parameters. The same set 

of models and vegetation sites were used in this analysis as in chapter two.. Conclusions 

can be summarized as: 
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• Similar behaviors are seen for most of the parameters between the BATSle and BATS2 

models (similar calibrated values and sensitivity to sites). This implies the 

parameterizations for these variables are comparable in the models, and as such, behavior 

was similar. 

• In contrast, there are major differences in the behavior of the parameters between the 

two BATS models and the Noah model. The parameters for the Noah model tend to act 

much differently (different calibrated values and sensitivity levels) than the same 

parameter in the other two models, implying dissimilar parameterizations between the 

models for the parameters analyzed in this investigation. 

® Calibrated values for several of the parameters tend to be different than default, 

signifying problems with default assignment for many of the models. This is especially 

true at the more extreme sites, Tucson and RJaru, where calibrated values tend to vaiy 

significantly than default. 

• Many model parameters are conceptual representations of the physical properties of the 

system, needing calibration and adjustment for those (effective) parameters where 

physical measurement is not possible. Assigning default values or book values to these 

parameters is inadequate for reliable and accurate model intercon5>arisons. 

The analysis reported in chapter four was undertaken as a precursor to the Ptt.PS 

2g experiment to be conducted in semi-arid regions. This work will aid in the 

development of a calibration and cross-validation scheme for interconqjarison of land 

surface models. This study analyzed the impact of length of data, seasonality, short-term 
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climatic events, and data quality on the estimation of model parameters for the 

operational Noah model. Several of the key conclusions from this work are as follows; 

• Parameter sets from nearly all calibration periods show improved performance over 

default parameter simulations for nearly all validation periods. 

• Over longer time periods, the four-year calibrated parameter sets result in the best 

performance. When applying shorter time-period calibrations (one year) to longer time 

series (three or four year), performance declines. Most of the modeling studies in the 

literature have been performed on fairly short data periods. This analysis shows that for 

long-term simulations, longer data periods are required for improved model simulations 

« This analysis illustrates there is a need for both "wet" and "dry" periods during 

calbration. For the year-to-year monsoon and winter period simulations, shorter time 

periods (yearly or specific seasonal) calibrations result in improved performance for these 

variable climatic periods. Using longer time frame data periods (two-year or four-year) 

periods, results in decreased performance during the nonstationary events (monsoon and 

El Nino events). Model performance is improved by as much as 20-30 w/m^ by using a 

time frame with a wetter period in the data for model calibration. 

® The application of proxy site parameters results in similar performance for many time 

periods. Site-specific calibration does improve performance, but in the absence of 

calibration data, a proxy-basin (similar soils and vegetation) set of parameters can be 

appMed with only a slight decline in performance. 

• Final calibrated parameter values in the Noah model are dependent on the length of 

data and climatic conditions of the time period used in calibration. One would expect that 
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the vegetation parameters are more dependent on climatic conditions, but this should not 

be the case for some of the soil parameters. This raises the question of the adequacy of 

the physical representation of the hydrologic and/or soil processes in the model 

Few land surface models have been tested in semi-arid regions for their ability to 

simulate carbon fluxes to and from these ecosystems. This work undertaken in chapter 

five was to investigate the current carbon parameterizations available with land surface 

models, and to evaluate a current carbon scheme within the BATS2 model on two semi-

arid vegetation sites. PreUminary conclusions from this work are summarized as: 

® The Pareto solutions generated for the two sites do well at simulating most of the daily 

variability in the sensible heat, latent heat and ground heat fluxes, generally performing 

better than default parameters. At the Lucky Hills site, there is a problem with the 

BATS2 model simulating latent heat fluxes. This issue is currently being addressed. 

• Although the BATS2 model is attempting to capture the general trend of the daily 

carbon flux, the model significantly undersimulates the magnitude of the diurnal fluxes, 

for both respiration and assimilation. There appears to be thresholds or limits being 

reached in the model, preventing adequate process simulation. 

® The current model physics of BATS2 does not seem to be appropriate for simulating 

carbon in these types of ecosystems and work is needed to improve the physics of the 

model. The higher parameter values found during optimization may be trying to 

compensate for parameterization problems in the model. 
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6.2 RECOMMENDATIONS FOR FUTURE RESEARCH 

The research presented within this dissertation covered a wide range of issues in land 

surface modeling, from a multi-criteria model evaluation of model behavior over several 

vegetated biomes on the earth's surface, to carbon modeling at a semi-arid site in 

southern Arizona. There are various issues which should also be considered in the context 

of these studies, but were not included in the present work. 

In the estimation of model performance, numerous criteria are available to aid the 

modeler in choosing appropriate solutions for their system of study. The work presented 

within this dissertation focused on use of the root mean square (RMS) error for 

evaluation of performance. This has been the traditional error estimate used ia land 

surface modeling studies. However, further work will include evaluation of other 

performance criteria, including percent bias (%Bias), and the Nash-Sutcliffe forecasting 

efficiency (NSE), among others, in the calibration and validation studies presented here. 

The work presented within this research focused on use of the MOCOM-UA, 

which can be used to generate some uncertainty of the parameter solutions (and model 

uncertainty) that have been obtaiaed. Recent changes and improvements to the MOCOM-

UA have produced new algorithms, including the SCEM and MOSCEM (Vmgt et al, 

2002) that can be used to estimate the distribution of the parameters and the interactions 

and correlations between the various model parameters. Future work will involve 

applying these algorithms to aid in improving the understanding of parameter behavior 

within the land surface models. 
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SVATS models exist which can be tested and adapted to C4 plant system 

physiology. Future research will involve investigation of other SVATS models (starting 

with the SiB2) to test their adequacy in simulating carbon fluxes (along with energy and 

water fluxes) for semi-arid vegetation. In addition to simulating the diurnal carbon flux 

(plant and root processes), addition of a soil carbon model may be necessary to address 

the C02 behavior of these highly concentrated carbonate soils. The goal of fiiture work in 

this area is to derive an adequate representation of carbon flux d3mamics for semi-arid 

and grassland regions, within an integrated model that will also simulate water and 

energy fluxes for the land surface. In this regard, there are several other sites in the San 

Pedro river basin which also should be included in an analysis of surface fluxes in the 

region, including the mesquite and sacaton vegetation. Desert shrubs and mesquite trees 

are invading large regions of the San Pedro Basin's grasslands. An accurate 

representation of the energy, water, and carbon fluxes will be important for evaluating 

impacts on the local and regional water balance. To the author's knowledge these species 

have not been modeled to date with a carbon parameterization (within a land surface 

model). The mesquite may require inclusion of a two-layer structure (canopy and grass 

understory) for accurate representation of the fluxes into and out of this vegetation. 

Finally, an abundance of remote sensing data are currently being generated by 

existing satellite systems for use in land surface modeling studies. The numerous inputs 

required for land surface modeling has limited many studies to sites where flux tower 

data exists. However, with the wealth of data being generated, incorporation of these data 

as input or validation components will allow for improved modeling over many areas of 
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the earth's surface, particularly in regions where data is sparse and few studies have been 

undertaken. This will he especially relevant to regional and global carbon modeling 

studies, where remotely sensed vegetation data (ie., LAI, greenness fraction, NPP, etc.) 

will aid in simulating and validating the global carbon budget. 
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APPENDIX 2 

PARAMETER RANGES FOR STUDY MODELS 

Parameter Values and Ranges for BUCKET at Different Sites 

Index 
Parameter 

Flag Default Value Minimum Masinmns 
Physical Meaning of Parameters Index 

Name 
Flag 

Armcart Boreas Cabauw ieserva Jari Tucson Value Value 
Physical Meaning of Parameters 

1 soill OPT 75 75 75 75 75 0 300 initial value of soil moisture [mm] 
2 snow OPT 0 0 0 0 0 0 1000 initial value of water equivalent snow coverrmm] 
3 albsnf OPT 0.75 0.75 0.75 0.75 0,75 0.4 0.95 albedo of fresh snow cover [-] 
4 albsnm OPT 0.75 0.75 0.75 0.75 0.75 0.1 0.9 albedo of melting snow [-] 
5 albns OPT 0.25 0.25 0.25 0.25 0.25 0,05 0.4 albedo of land surface [-] 
6 frfrza FIX 0 0 0 0 0 0 1 fraction of moisture to allow into frozen soil [-] 
7 fcap OPT 150 150 150 150 150 1 600 field capacity 
8 frmelt OPT 1 1 1 1 1 0 1 fraction of snowmelt into ground [-] 
9 drag OPT 0.003 0.003 0.003 0.003 0.003 0.0001 0.1 drag coefficient [-] 
10 Csoil OPT 418700 418700 418700 418700 418700 100000 1000000 thermal inertia of soil [J/m^/k] 
11 mcf OPT 0 0 0 0 0 0 0.35 runoff coefficient [-] 
12 betad OPT 0.75 0.75 0.75 0.75 0.75 0 3 critical value of Beta (as fraction) f-] 

Note: For Armcart, Tucson, and Reserva Jam sites, 'snow', 'albsnf ,'albsnm' are fixed since there is no snow in these areas. For other sites,these three are optimized. 



Parameter Values and Ranges For CHASM at Different Sites 

Index 
Parameter 

Flag 
Default Value Minimum Maximum 

Hiysical Meaning Of Parameters Index 
Name 

Flag 
Armcart Boreas Cabauw Illinois Reserva Jam Tucson Value Value 

Hiysical Meaning Of Parameters 

1 albg OPT 0.2 0.2 0.2 0.2 0.2 0.2 0.1 0.4 albedo of bare ground [-] 
2 albii OPT 0.75 0.75 0.75 0.75 0.75 0.75 0.7 0.9 albedo of snow [-] 
3 albv OPT 0.23 0.23 0.23 0.23 0.23 0.23 0.1 0.4 albedo of vegetated surface [-] 
4 aleafln OPT 2 2 2 2 2 2 1 3 leaf area index potential [-] 
5 aleafs OPT 1.5 1.5 1.5 1.5 1.5 1.5 1 3 leaf area index seasonality parameter [-] 

6 fvegm OPT 0.8 0,8 0.8 0.8 0.8 0.8 0,1 0.9 fractional vegetation potential [-] 

7 fvegs OPT 0.7 0.7 0.7 0.7 0.7 0.7 0.1 0,9 fractional vegetation seasonality parameter [-] 

8 ranin OPT 100 150 100 150 150 5 200 minimum stomatal resistance [s/m] 

9 rhon OPT 100 100 100 100 100 100 50 100 density of snow [kg/m'] 
10 wrmax OPT 141 141 141 141 141 141 10 200 moisture holding capacity for rootzone [kg/m^] 
11 zcol OPT 5 5 5 5 5 5 4 6 soil color index [0 - 9] 

12 zOg OPT 0.01 0.01 0.01 0.01 0.01 0.01 0,0001 0.01 roughness length of ground [m] 

13 zOn OPT 0.0004 0.0004 0.0004 0.0004 0.0004 0.0004 0,0001 0.0006 roughness length of snow [m] 

14 zOv OPT 0.06 0.02 0.06 2 0.1 0,01 0.99 roughness length of vegetated surface [m] * 

15 ts OPT 279 279 279 279 279 279 275 285 aerodynamic surface temperature [k] 

16 wn OPT 0 0 0 0 0 0 0 10 available moisture in rootzone [nun] 

17 wr OPT 141 141 141 141 141 141 0 200 snow moisture equivalent [mm] 
Cabauw = 0.01-0.10 Rjaru = 0.01-3.00 

!S> to 
O 



Parameter Values and Ranges for BATS at Different Sites 

Index 
ParaiiKter 

Flag 
Default Value Mimmum Maximum 

Hiysical Meaning Of Parameters 
Name 

Flag 
Armcart Boreas Cabauw Illinois Reserva Jaru Tucson Value Value 

Hiysical Meaning Of Parameters 

1 vegc OPT 0.85 0.8 0.8 0.85 0.9 0.1 0.1 0.9 maximum fractional cover of vegetation [-] 
2 seasf OPT 0.6 0.1 0.1 0.6 0.5 0.1 0 0.8 diff. Between vegc and fractional cover at 269K [-] 
3 rough OPT 0.06 1 0.02 0.06 2 0,1 0.01 0,99 aerodynamic roughness length [m] * 
4 displa OPT 0 9 0 0 18 0 0 5 displacement height [m] ** 
5 rsmin OPT 100 150 150 100 150 150 5 200 minimxun stomatal resistance [s/m] 
6 xla OPT 6 6 2 6 6 6 0 6 maximum area leaf index [-] 
7 xlaiO OPT 0.5 0.5 0.5 0,5 5 0,5 0 5 minimum area leaf index [-] 

8 sai OPT 0.5 2 4 0.5 2 2 0 4 stem area index [-] 
9 sqrtdi OPT 10 5 5 10 5 5 5 10 inverse sqrt of leaf dimensuMon [m'"''] 
10 fc OPT 0.02 0.02 0.02 0.02 0.06 0,02 0.02 0.06 light dependence of stamatal resisitance [m^] 

11 depuv OPT 100 100 100 100 100 100 10 500 array for depth of surfece soU layer [mm] 

12 deprv OPT 1000 1500 1000 1000 1500 1000 500 2000 array for depth of rootzone soil layer [mm] '*** 

13 dqjtv OPT 10000 10000 10000 10000 10000 10000 5000 10000 depth of total soil layer [min] 

14 albvgs OPT 0.1 0.05 0.1 0.1 0.04 0,17 0.04 0.2 veg. Albedo for wavelengths < 0.7 microns [-] 

15 albvgl OPT 0,3 0.23 0.3 0.3 0.2 0,34 0,18 0.4 veg. Albedo for wavelengths > 0.7 microns [-] 

16 rootf OPT 0.3 0.67 0.8 0.3 0.8 0.8 0,1 0.9 ratio of roots in upper layer to in root layer [-] 

17 xmopor OPT 0.45 0.57 0.45 0.45 0.66 0.45 0.33 0.66 fraction of soil that is voids [-] 

18 xmosuc OPT 200 200 200 200 200 200 30 200 minimum soil suction [mm] 

19 xmohyd OPT 0.0089 0.0022 0.0089 0.0089 0,0008 0.0089 0.0008 0.01 maximum hydraulic conductivity of soil [mm/s] 

20 xmowil FIX 0.3 0.455 0.3 0.3 0,542 0.3 0.088 0.542 fraction of water content at permant vrfltir^ [-] 

21 xmotc FIX 0.653 0,794 0.653 0.653 0,866 0.653 0.404 0.866 ratio of field capacity to sat water content [-] 

22 bee OPT 5.5 8.4 5.5 5.5 10.8 5.5 3.5 10.8 clapp and hombereger "b" parameter [-] 

23 skrat OPT 1.1 0.85 1,1 1.1 0.7 1,1 0.7 1.7 ratio of soil thamal conduct, to that of loam [-] 

24 solour OPT 0.05 0.09 0.07 0.05 0.06 0,1 0.05 0.12 soU albedo for different coloured soils [-] 

25 ssw OPT 30 10 45 30 30 10 0 500 water in upper soil layer [mm] 

26 rsw OPT 450 430 450 450 600 430 5 2000 water in rootzone layer [mm] 

27 tsw OPT 450 2040 4500 450 4000 2040 50 10000 water in total soil layer [mm] 
* Cabauw = (0.01-0.10 Rjaru = 0.01-3.00 ** Cabauw II
 

o
 

o
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aru = 0.01-27.00 ***Rjaru = 500-9000 



ParaiiKter Values and Ranges for BATS2 at Different Sites 

Parameter 
Name 

Flag 
Armcart Boreas 

Default Value 

Cabauw Illinois Reserva Jara Tucson 

Miidmum 
Value 

Maximum 
Value 

Physical Meaning of Parameters 

vegc OPT 0.8 0.85 0.9 0.9 maximum fractional cover of vegetation [-] 
sla OPT 60 10 40 60 25 20 5 60 single-side leaf area [-] 

tdlef FIX 278 278 278 278 278 278 278 278 Leaf freezitig temperature [k] 
wdpool HX 0 1 0 0 1 1 0 1 flag for existence of wood [-] 
wrrat FIX 0 30 0 0 30 3 0 60 wood to non-wood ratio [-] 
seasf OPT 0,6 O.I O.I 0.6 0.5 0.1 0 0.8 diif. Between vegc and fractional cover at 269K [-] 
rough OPT 0.06 1 0.02 0.06 2 0.1 0.01 0,99 aerodynamic roughness length [m] * 
displa OFT 0 9 0 0 18 0 0.05 5 displaceanait hdght [m] ** 
rsmin OPT 100 150 150 100 150 150 5 200 minimum stomatal resistance [s/m] 
xla FIX 6 6 2 6 6 6 0 6 maximum area leaf index [-] 

xlaiO FIX 0.5 0.5 0.5 0.5 5 0.5 0 5 minimum area leaf index [-] 
sai HX 0.5 2 4 0.5 2 2 0 4 stem area index [-] 

sqrtdi OPT 10 5 5 10 5 5 5 10 inverse sort of leaf dimensuHon fm"" 
fc OPT 0.02 0.02 0.02 0,02 0.06 0.02 0.02 0,06 light dependence of stomatal resisitance [m^] 

depuv OPT 100 100 100 100 100 100 10 200 array for depth of surface soil layer [mm] 
deprv OPT 1000 1500 1000 1000 1500 1000 500 5000 array for depth of rootzone soil layer [mm] *** 
deptv OPT 10000 10000 10000 10000 10000 10000 5000 10000 depth of total soil layer [mm] 
albvgs OPT 0.1 0.05 0.1 0,1 0.04 0.17 0.04 0,2 veg. Albedo for wavelengths < 0.7 microns [-] 
albvgl OPT 0.3 0.23 0.3 0,3 0.2 0.34 0.18 0,4 veg. Albedo for wavdengths >0.7 microns [-] 
rootf OPT 0.3 0.67 0.8 0,3 0.8 0.8 0.1 0,9 ratio of roots in upper layer to in root layer [-] 

xmopor OPT 0,45 0.57 0.45 0,45 0.66 0.45 0.33 0,66 fracticHi of soil that is voids [-] 
xmosuc OPT 200 200 200 200 200 200 30 200 minimum soil suction [mm] 
xmohyd OPT 0,0089 0.0022 0.0089 0.0089 0.0008 0.0089 0.0008 0,01 maximum hydraulic conductivity of soil [mm/s] 
xmowil HX 0,3 0.455 0.3 0.3 0.542 0.3 0.088 0.542 fraction of water content at permant wilting [-] 
xmofc OPT 0.653 0.794 0.653 0.653 0.866 0.653 0.404 0.866 ratio of field capacity to sat water content [-] 

bee OPT 5,5 8.4 5.5 5.5 10.8 5.5 3.5 10.8 clapp and hombereger "h" parameter [-] 
skrat OPT 1.1 0.85 1.1 1.1 0.7 1.1 0.7 1.7 ratio of soil thermal conduct to that of loam [-] 

solour OPT 0.05 0.09 0.07 0.05 0,06 0.1 0.05 0.12 soil albedo for different coloured soils [-] 
ssw OPT 30 10 45 30 30 10 0 200 watff in upper soil layer [mm] 
rsw OPT 450 430 450 450 600 430 5 2000 water in rootzone layer [mm] 
tsw OPT 450 2040 4500 450 4000 2040 50 10000 water in total soil layer [iitm] 

Ifinass FIX 0 200 0 0 360 0 0 500 leaf mass [g/m^] 
fastcp HX 700 900 600 700 200 30 10 1500 shrot lived carbon [g/m®] 

rtinass FIX 400 400 400 400 450 50 10 2000 mass of fine roots [g/m^] 
wood HX 0 13000 0 0 13500 150 0 70000 mass of wood [g/m^] 
stblcp HX 0 0 0 0 0 0 0 1 stable carbon pool [g/m^l 

* Cabauw = (0.01-0, KRjaru = 0.01-3,00 ** Cabauw = 0.01-0. Rjani = 0.01-27.00 Armcart = 0.01-2.50 *** Rjaru = 500-9000 



Parameter Values and Ranges for NOAH (Z51) at Different Sites 

Index 
Parameter 

Name 
Flag 

Armcart 
Default Value 

Cabauw Illinois RJaru Tucson 
Minimum 

Value 
Maximu 

m 
Hiysical Meaning of Parameters 

1 rcmin OPT 40 40 40 150 200 5 200 minimum stomatal resistance (m) 
2 rgl OPT 100 100 100 30 100 30 150 used in solar radiation term of canopy res. Fx 
3 hs OPT 36.35 36.35 36.35 41,69 42 36.35 55 used in vap. pres. deficit term of canopy res. Fx 
4 zO OPT 0.035 0.035 0.035 2,653 0.011 0.01 0.99 roughness length (m) * 
5 lai OPT 4 4 4 4 4 0.05 6 leaf area index 
6 cfactr OPT 0.5 0.5 0.5 0,5 0.5 0.1 2 canopy water parameter 
7 cmcmax OPT 5.00E-04 5.00E-04 5.00E-04 5,0OE-O4 5.00E-04 l.OOE-04 2.00E-03 second canopy water parameter (m) 
8 sbeta OPT -2 -2 -2 -2 -2 -4 -1 used in calc. of veg. effect on soil heat flux 
9 rsmax OPT 5000 5000 5000 5000 5000 2000 1000 maximum stomatal resistance (m) 
10 topt OPT 298 298 298 298 298 293 303 optimum transpiration air temperature (K) 
11 maxsmc OPT 0.46 0.41 0.46 0,41 0.42 0.33 0.66 porosity (%) 
12 drysmc OPT 0.119 0.119 0.119 0,119 0.119 0.02 0.2 air dry soil moisture content limits 
13 psisat OPT 0.62 0.62 0.62 0,62 0.62 0.04 0.62 saturated soil potential 
14 satdk OPT 2.00E-06 7.20E-06 2.30E-06 7,20E-06 1.41E-05 8.00E-07 l.OOE-05 saturated soil hyctaulic conductivity Om/s) 
15 b OPT 8.72 10.73 8,72 10,73 4.26 3.5 10.8 the "b" parameter 
16 satdw OPT 2.33E-05 2.33E-05 2.33E-05 2,33E-05 2.33E-05 5.71E-06 2.33E-05 saturated soil dif&sivity 
17 quartz OPT 0.1 0.1 0,1 0,1 0.1 0.1 0.82 soil quartz content 
18 nroot FIX 4 4 4 4 4 4 4 number of root layers 
19 refdk OPT 2.00E-06 2.00E-06 2,00E-06 2.00E-06 2.00E-06 5.00E-07 3.00E~05 reference value for sat. hydraulic conductivity 
20 fxexp OPT 2 2 2 2 2 0.2 4 bare soil evaporatin exponent used in DEVAP 
21 refkdt OPT 3 3 3 3 3 0.1 10 reference value for surface infiltration parameter 
22 czil OPT 0.2 0.2 0.2 0.2 0.2 0.05 0.8 to calculate roughness length of heat 
23 csoil OPT 2,00E+06 2.00E+06 2.00E+06 2.00E+06 2,00E+06 l,26E+06 3.50E+06 soil heat capacity for mineral soil component 
24 zbot FIX -8 -8 -8 -8 -8 -3 -20 depth of Iowa" boundary soil temp (m) 
25 frzk OPT 0.15 0.15 0.15 0.15 0,15 0,1 0.25 ice threshold (above frozen soil is impermeable) 
26 xnup OPT 0.04 0.04 0.04 0.08 0,025 0,025 0.08 threshold snowdepth (100% snow cover) (m) 
27 snoalb FIX 0.75 0.75 0.75 0.75 0,75 0.3 0.75 maximum albedo over deep snow 
28 salp FIX 2.6 2.6 2.6 2.6 2.6 2.6 2.6 shape of dist. function of snow cover 
29 slope FIX 0.1 0.001 0.1 0.1 0.1 0.001 1 slope 
30 tl FIX 294 279 265 298 299 265 300 initial skin tanperature (KJ 
31 cmc FIX 5.00E-04 5.00E-04 5.00E-04 5.00E-04 5.00E-04 0 0.001 intitial canopy water content (m) 

32 snowh FIX 0 0 0.1 0 0 0 0.1 initial acctual snow depth (m) 
33 sneqv FIX 0 0 0,02 0 0 0 0.1 initial water equivalent snow depth (m) 

l>J lO U) 



Parameter Values and Ranges for NOAH (2.S1) at Different Sites 

Index 
Parameter 

nag 
Armcart 

Default Value 
Cabauw Illinois RJaru Tucson 

Minimum 
Value 

Marimn 
m 

Hiysical Meaning of Parameters 

34 sldptl FIX 0.1 0.1 0,1 0.1 0.1 0.1 0.1 soil depth - layer 1 (m) 
35 sldpt2 FIX 0.2 0.2 0,2 0.2 0,2 0.2 0.2 soil depth - layer 2 (m) 
36 sldpt3 FIX 0.6 0.6 0,6 0.6 0.6 0.6 0.6 soil depth - layer 3 (m) 
37 sldpt4 FIX 1.1 1.1 1.1 1.1 1.1 1,1 1.1 soil depth - layer 4 (m) 
38 stcl HX 293.6 279 264.6 298 297 260 300 initial soil temperature (K) 
39 stc2 FIX 292.7 277,7 264 297.7 293.7 260 300 initial soil temperature (K) 
40 stc3 FIX 290,5 275,5 263.5 295,5 291.5 260 300 initial soil temperature (K) 
41 stc4 nx 290.4 274.4 263 295,4 290,4 260 300 initial soil temperature (K) 
42 smcl OPT 0,05 0,05 0.05 0.05 0,05 0,05 0.56 initial soil total moisture 
43 smc2 OPT 0.05 0,05 0.05 0.05 0.05 0,05 0.56 initial soil total moisture 
44 smc3 OPT 0.05 0,05 0.05 0.05 0.05 0,05 0.56 initial soil total moisture 
45 smc4 OPT 0.05 0,05 0.05 0.05 0.05 0,05 0.56 initial soil total moisture 
46 sh2ol OPT 0.05 0,05 0.05 0.05 0.05 0.05 0.56 initial soil liquid moisture 
47 sh2o2 OPT 0.05 0,05 0.05 0.05 0.05 0.05 0.56 initial soil liquid moisture 
48 sh2o3 OPT 0.05 0,05 0.05 0.05 0.05 0.05 0.56 initial soil liquid moisture 
49 sh2o4 OPT 0.05 0,05 0.05 0.05 0.05 0.05 0.56 initial soil liquid moisture 

* Cabanw = -0.01-0.10, Rjara^oreas = 0.01-3.00 
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APPENDIX 3 

STUDY DATA FOR KENDALL AND LUCKY HILLS 
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Kendall Forcing Data 
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Lucky Hills Facing Data 
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APPENDIX 4 

MODEL EVALUATION NUMERICAL RESULTS 

Kendall SENSIBLE HEAT 
Validation 

Csiibrafion 1997-00 1997 1998 1999 2000 1997-98 1999-00 98.99.00 97.99,00 97.98,00 97.98.99 mon97-00 win97-00 mon99 Ef«7-98 
Default G0A5 59.46 59.56 68.89 53.77 54.68 57.5 60.79 63.79 63.58 62.8 57.88 58.08 82.21 44.88 
1997-00 55.65 46.57 49.96 48.21 44.90 46.73 45.13 54.55 54.30 55.78 44.67 54.45 49.06 69.35 42.00 

1997 45.22 46.80 48.54 42.89 57.22 
1998 47.08 44.03 41.93 39.67 55.65 
1999 52.47 47.07 3795 43.10 59.23 
2000 49.38 46.31 41.01 38.82 44.84 

1997-93 46.55 45.92 
1999-00 46.88 39.24 

mon1997-0C 54.36 51.47 64.21 
wm1997-00 56.39 4796 

mon99 58.13 43.79 
EN97-98 41.21 

Lucky Hilis 

Calibr l̂on 1997-00 1997 1998 1999 2000 1997-98 
^alidatioi 
1999-00 

1 
98.99.00 97,99.00, 97.98.00 97.98.99 m(Mi97-00 win97-00 nion99 EN37-̂ 8 

Ddault 62.32 69.93 39.70 49.75 52.39 56.45 46.19 59.59 59.58 64.29 56.34 5717 58.36 69.95 39.72 
1997-00 55,51 70.21 33.64 41.68 45.82 55.69 43.28 49.68 60.68 58.35 52.66 55.54 50.64 69.57 41.90 

1997 55.51 69,11 34.44 43.07 47.06 57.25 
1998 69.83 30.74 40.96 44.63 74.66 
1999 74.25 38,36 34.75 42.13 74.97 
2000 74.42 36.72 32.28 38.66 65.00 

1997-98 54.92 43.89 
1999-00 59.36 38.32 

moni 997-OC 53.90 63,77 53.11 
win1997-00 63.27 60.06 

nion99 72.58 39.89 
EN97-98 1 41.84 

Kendall LATENT HEAT 
Validation 

Calibration 1997-OC 1997 1998 19  ̂ 2000 1997-98 1^9-00 98.99,00 97,99,00 97,98,00 98,99.00 mon97-00 win97-00 mon99 EN97-98 
Defalt 49.10 43.34 51.35 57.68 42.76 45.70 49.96 51.05 49.37 45.74 50.21 81.22 31.91 108.43 28.78 

1997-00 49.04 40.34 44.86 53.24 40.59 44.71 47.51 51.93 48.97 45.06 50.16 49.04 28.76 98.42 41.97 
1997 39.65 43.98 52.69 39.52 50.15 
1998 41.62 40.52 44.71 37.19 44.36 
1999 49.20 40.35 39.60 41.62 42.79 
2000 43.67 39.18 38.98 34.43 44.22 

1997-98 41.93 43.71 
1999-00 44.25 38.94 

mon1997-OC 88.56 29.14 98.45 
win1997-00 70.35 30.62 

mon99 66.97 6S.48 
EN97-98 41.80 

Lucky HbHs 
Validation 

Calibration 1997-OC 1997 1998 1999 2000 1997-98 1999-00 98,99.00 97,99.00. 97,98,00 98,99,00 mon97-00 win97-00 monSd EM97-98 
Default 38.22 33.04 31.07 40.36 34.67 31.47 38.20 39.79 39.79 35.18 37.02 62.69 22.90 75.63 32.23 

1997-00 45.03 3774 32.17 4371 39.15 36.66 44.S2 47.20 47.98 41.48 43.34 81.17 20.17 80.11 33.97 
1997 34.33 28.85 41.28 35.69 39.09 
1998 44.03 31.09 44.64 39.15 46.12 
1995 45.18 31.72 32.65 33.08 39.78 
2000 31.51 30.46 32.03 39.11 

1997-98 32.02 40.43 
1999-00 37.58 34.77 

moni 997-OC 79,56 20.50 71.85 
wini 997-00 i 64.93 25.02 

mon99 1 5778 49.69 
EN97-98 35.88 
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Kenddi Ground Hesi Rux 
Valldatl<»i 

Calibration 1997-00 1997 1998 1999 2000 1997-98 1999-00 98,99.00 97,99,00. 97,98.0) 98.99.00 nr!on97-0C win97-00 mon99 5^7-̂ 8 
Default 24.67 24.39 24.80 21.96 24A5 24.88 22.91 24.78 24.46 25.02 24.48 27.10 21.95 30.41 24.93 
1997-00 22.56 24.33 24.74 23.81 24.65 23.74 23.00 21.93 22.38 23.86 22.02 27.10 21.95 24.93 23.95 

1997 22.87 23.47 22.73 23.53 22.48 
1998 23.10 22.47 20.07 22.55 23.65 
1999 24.48 23.50 20.06 23.53 24.63 
SOQO 22.90 22.94 20.41 21.77 20.99 

1997-98 22,06 21.22 
1999-00 23.74 22.19 

mon1997-00 26.93 27.39 27.19 
wert1997-bol[ 36.60 16.70 

mon99 | 26.46 26.27 
EN97-98 I 20.74 

Lucky Hills 
Validation 

Catibr îon 1997-Ofl 1997 1998 1999 2000 11997-98 1999-00 98.99,00 97,99.00. 97,98,00 98,99.00 mon97-00 win97-00 mon99 EN97-98 
Default 24.89 24.21 21.43 22.86 23.98 25.04 22.34 25.11 25.11 25.14 24.74 29.37 25.49 30.41 28.79 
1997-00 23.30 24.94 25.85 25.42 26.16 24.69 23.26 22.72 22.92 24.38 23.15 28.44 22.04 29.80 28.38 

1997 22.85 22.88 23.44 23.50 23.78 
1998 2710 20.75 23.56 24.17 32.32 
1999 26.10 27.66 24.33 26.32 34.49 
2000 26.04 21.72 23.60 32.98 

1997-98 22.94 22.48 
1999-00 28.16 23.86 

moni997-0) 27.91 27.23 27.19 
wln1997-00| 27.43 

mon99 | 27.71 26.18 
EN97-98 1 23.09 

Kendall Ground Temp^ature (Tg) 
Vaildatjon 

Csdibration 1997<00 1997 1%8 1999 2(m 1997-98 1999-OC 98,99,00 97,99,00, 97.98.00 98,99,00 mon97-00 win97-00 mon99 EN97-98 
Default 2.26 1.96 1.95 1.99 1.86 1.83 1.85 Z35 2.42 2.32 1.90 2.28 1.65 1.75 1.71 
1997-00 1.85 1.53 1.88 1.99 1.48 1.64 1.81 1.94 1.88 1.89 1.67 1.79 1.84 1.64 1.74 

1997 1.64 1.89 2.04 1.50 1.91 
1998 1.63 1.80 1.92 1.42 2.10 
1999 1.67 1.68 1.8S 1.50 2.12 
2000 1.53 1.87 1.99 1.39 1.65 

1997-98 1.66 1.70 
1999-00 1.54 1.63 

moni 997-00 1.70 1.96 1.80 
wini 997-00 3.06 1.46 

mon99 2.09 1.33 
EN97-«8 

Lucky Hills 

Calibration 1997-001 1997 1998 1999 2000 1997-98 
tfalldatior 
1999-OC 

\ 

98.99.00 97.99.00. 97.98.00 98.99.00 mon97-00 win97-00 mon99 

1.42 

EN97-98 
Default 2.25 1 1.79 1.61 1.70 1.74 1.62 1.65 2.39 2.39 2.26 1.84 2.46 2.21 1.53 1.66 
1997-00 1,68 j 1.67 1.55 1.51 1.48 1.64 1.47 1.68 1.71 1.79 1.53 1.68 1.91 1.41 1.55 

1997 1 
1.51 1.35 1.37 2.06 

1998 1 1.64 1.43 1.35 1.42 3.72 
1999 1 

1,62 1.43 1.20 3.69 
2000 1 1-50 1.63 1.55 1.22 3.48 

1997-98 i 1.44 1.50 
1999-00 1 1.43 1.29 

moni997-00 1 1.64 1.96 1.52 
wln1997-00 1.97 

nnon99 i 2.46 1.26 
EN97-98 1 1.31 
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Lucky Hills Cslibrations tested on Kendall 

SENSIBLE HEAT 
Callbraslon 1 97-00 K97 K98 K99 KOO 97-98 99-00 mon97-0G mon97-0dl mon99 11 EN97-98 
LH1997-00 1 5^  ̂

LH 1997 50 
LH 1993 48.14 
LH 1999 46.12 
LH 2000 39.78 

LH 1997-98 48.93 
LH 1999-00 44.12 

LH mon1997-00 1 58.37 
LHWin1997-00 1 51.96 

LH99mon 1 45.71 
EN97-98 1 39.59 

Kenda!) Caiibmtfons tested on Lucky Htils 

Csdlbr l̂on 97-00 LH97 LH98 LH99 LHOO 97-98 99-00 mon97-0fl wgn97-00i fnon99 11 ENg7.9d 
Ken 1997-00 58.74 

Ken 1997 70.76 
ken 1998 35.07 
Ken 1999 34.41 
Ken 2000 37.8 

Ken 1997-98 68.01 1 
Ken 1999-<» 1 

Ken mon 1997-00 1 58.46 
Ken win1997-00 1 55,53 
Ken mon1999 1 44.16 

EN97-98 1 45.52 

Lucky Hiiis CalibraticHis tested on Kendal! 

LATENT HEAT 
CaflbraSon 97-00 K97 K98 K99 KOO 1 97-98 99-00 mon97-00i wln97-00 1 mon99 1EN97-98 
LH 1997-00 58.21 1 LH1997 40.33 1 

LH1998 44.86 
LH1999 44.28 
LH 2000 34.56 

LH 1997-98 44.91 
LH 1999-00 43.25 

LH mon1997-00 101.97 
LH wtn1997-00 

LH99mon 
EN97-98 

29.88 LH wtn1997-00 
LH99mon 
EN97-98 

77.2 
LH wtn1997-00 

LH99mon 
EN97-98 40.33 

Kendall Calibrations tested on Lucky Hilts 

Calibration 97-00 LH97 LH98 LH99 LHOO win97-00 mon9d EN97-98 
Ken 1997-00 39.15 

Ken 1997 41.11 
Ken 1998 33.63 
Ken1998 40.22 
Ken 2000 34.45 

Ken 1997-98 37.3 
Ken 1999-00 38.11 

Ken mon1997-00 69.89 1 
Ken wln1997-00 1 35.45 

K^99mon 1 56.76 
EN97-98 1 40.66 
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SENSIBLE HEAT LATENT HEAT 

Kendall Validation Kendall Valid l̂on 
Calibration mon97-00 win97-00 monSd EM97-98 Callb îon mon97-00 wln97-00 mon99 E1SI97-98 

DEF 57.88 58.07 82.21 44.88 DEF 81.22 31.91 108.43 28.78 
1997-00 54.46 49.06 48.21 42.00 1997-00 83.44 28.76 53.24 41.97 

1997 54.61 57.71 68.38 40.69 1997 79.82 29.15 98.34 0.46 
1998 55.76 49.43 56.06 43.20 1  ̂ 71.44 29.15 81.58 42.64 
1999 56.84 50.51 45.65 50.15 1999 65.94 31.63 64.67 49.55 
2(KX! 55.32 51.72 48.56 46.79 2000 22.67 30.00 73.19 44.78 

moni 997-00 54.36 51.47 moni997-00 88.63 29.14 
win1997-«0 56.39 47.97 wln1997-00 i 70.34 30.62 

mon99 43.80 52.32 mon99 |j 68.49 46.97 
EN97-98 79.62 41.21 EN97-98 j 88.30 41.80 

Validation Validation 
Lucky Hills mon97-00 win97-00 mOnss EN97-98 Calibration mon97-(K) win97-00 mon99 0^97-98 

DEF 5717 58.37 69.95 39.72 DEF 62.69 22.90 75.63 32,23 
1997-00 55.55 50.64 69.60 41.90 1997-00 81.17 20.17 83.04 33.97 

1997 55.93 57.81 47.89 39.84 1997 62.93 2280 62.20 32.88 
1998 56.00 56.61 67.15 40.49 1998 66.73 23.94 70.00 35.33 
1999 65.01 59.31 47.99 51.28 1999 59.81 26.26 56.08 40.77 
2000 65.36 58.42 44.25 54.52 2000 59.44 27.02 54.20 43.22 

moni997-00 53.99 53.71 moni 997-00 79.56 20.50 
winl997-00 63.27 60.61 win1997-(K) 64.93 25.02 

nrion99 39.89 61.37 mon99 49.70 46.48 
EN97-98 81.48 41.84 EN97-98 89.55 35.88 

SENSIBLE HEAT LATENT HEAT 

Kendall Validation Kendall Validation 
LHCALS mon97-00 win97-00 monas EN97-98 LHCALS mon97-00 win97-00 mon99 EN97-98 
1997-00 59.31 47.88 75.75 42.84 1997-00 101.44 31.46 111.53 43.57 

1997 56 52.43 50.11 39.88 1997 82.26 29.99 82.02 41.98 
1998 55.98 51.81 77.93 40.19 1998 83.04 29.83 100.34 41.52 
1999 54.73 52.57 57.28 44.93 1999 71.56 29.36 82.47 41.7 
2000 54.38 52.03 52.21 47.42 2CM}0 70.68 29.89 78.13 43.36 

moni 997-00 58.37 49.61 moni997-00 101.97 31.59 
winl 997-00 55.47 51.96 winl997-00 76.12 29.88 

mon9$ 52.24 mon99 45.4 
EN97-93 60.17 EN97-98 48.67 

Lucky Hills Validation Lucky Hills Validsftlon 

KEN CALS mon97-00 win97-00 mon99 EN97-98 KEN CALS mon97-00 wln97-00 mon99 EIS197-98 
1997-00 57.66 55.5 60.13 44.48 1997-00 65.98 22.99 68.36 36.03 

1997 59.6 57.84 60.09 42 1997 64.93 23.49 68.86 34.07 
1998 66.65 55.23 49.24 48.14 1998 64.73 26.16 59.91 41.06 
1999 72.25 61.03 44.36 58.47 1999 67.23 35.49 64.42 55.34 
2000 68.86 58.54 43.86 54.041 2000 61.47 28.35 55.94 45.1 

moni 997-00 58.46 58.84 moni 997-00II 69.89 21.67 
winl 997-00 65.12 55.53 win19S7-00 I 71.84 35.45 

mon99 | 60.17 mon99 48.67 
EN97-93 1 60.17 41.84 EN97-9S 48.67 35.89 
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