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ABSTRACT

As land-surface modeling moves from the off-line mode to the coupled mode, it is

also highly desirable to extend the off-line calibration of land-surface models to coupled

applications. Using the NCAR SCCM as an example, this study proposed and

implemented some effective schemes for the application of automatic parameter

estimation procedures in a locally coupled environment, where other relevant issues such

as parameterization tests, sensitivity analyses, and off-line calibrations were also involved.

A parameterization deficiency having serious negative impacts on the

performance of the NCAR SCCM was identified and rectified in this work, which led to

significantly improved model performances and formed the basis for the subsequent

sensitivity analysis and calibration experiments. To facilitate the calibration studies, an

independent sensitivity analysis was conducted to identify some sensitive model

parameters, followed by a multi-objective sensitivity analysis using the MOGSA

algorithm to obtain better understanding of the model. Some off-line calibrations using

the NCAR LSM were also conducted for comparison purposes.

In the locally coupled environment, both land-surface and atmospheric

variables/parameters were involved in the calibration processes of 14 different pre-

designed calibration cases. In brief, the results show that atmospheric parameters are of

critical importance for the calibration of a coupled land surface-atmosphere model, and

atmospheric forcing variables generally contain more useful information for calibration

than land-surface fluxes/variables. In the coupled environment, step-wise calibration

schemes, with land-surface and atmospheric parameters optimized successively in the
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off-line and coupled modes, respectively, appear to be superior to the single-step

calibration schemes which optimize land-surface and atmospheric parameters

simultaneously in the coupled environment, in that the former can provide better

converged optimal solutions with less uncertainties. In addition, the results also show that

better optimization effects can be achieved in the partially decoupled environment by

replacing the model-generated precipitation and net radiation with the corresponding

observations to drive the land-surface part of the model, indicating the dominant

importance of precipitation and radiation in a coupled land surface-atmosphere model.
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CHAFFER ONE

INTRODUCTION

1.1. BACKGROUND

The Earth is regarded as a unified system of four physical components: geosphere,

atmosphere, hydrosphere, and biosphere. While all the four components are continuously

evolving and interacting with each other, increasingly introduced natural or

anthropogenic changes could reshape our earth dramatically and change the climate

system significantly, which, in turn, will have considerable long-term consequences for

life on the Earth. To better understand and predict these consequences, land-surface

models, along with climate models, have been developed to explore the various bio-

geophysical and bio-geochemical land-atmosphere interactions, especially the flux

transfers of energy, mass, and momentum between the land surface and the atmosphere

(e.g., Sellers et al.1986; Dickinson et al. 1986 and 1993). However, numerical modeling

of the earth system and its sensitivity to anthropogenic forcing has always been a highly

complicated scientific issue which involves the parameterizations of non-resolvable

physical processes such as the evapotranspiration of vegetated ground surfaces. If the

physical parameterizations themselves are associated with uncertainties and not capable

of representing the real processes sufficiently, which usually is the case, simulations or

predictions of current land-surface (or atmosphere) models could be erratically biased or

unrealistic. Accordingly, the parameterizations in land-surface models, thus the values of

corresponding model parameters, play a fundamental role in controlling the model

simulations/predictions. In other words, the successful application of a land-surface
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model depends on how well the physical parameterizations of the model are

tested/validated and how well the model is calibrated to the observed behavior of the real

system via adjusting model parameters.

To facilitate the assessment of different parameterization schemes, some land-

surface scheme validation and intercomparison projects have been established in recent

years. Among them are the Project for Intercomparison of Land-surface Parameterization

Schemes (PILPS, Henderson-Sellers et al. 1995) and the Global Soil Wetness Project

(GSWP, Dirmeyer et al. 1999), which evaluate the participating land-surface schemes at

the local (plot) scale and the large (global or regional) scale, respectively. Both of these

projects are elements of the Global Land Atmosphere System Study (GLASS) within the

context of the Global Energy and Water Cycle Experiment (GEWEX) and have proved

very useful in guiding the development of the next generation of land-surface schemes

with added parameterizations of physical processes such as the carbon cycle and the

horizontal variance of surface conditions. For example, PELPS has shown that the simple

bucket model is too rudimentary to represent the physical land-surface processes

sufficiently, with performances rather inferior to those of other more complex models. On

the other hand, the PILPS experiments have also demonstrated that there is no clear link

between model complexity and model performance. However, this could be a result of

the "blind" tests performed in PILPS where models were used without calibration of

model parameters. For example, Leplastrier et al. (2002) found that calibration can

effectively reduce the scatter between the performances of the five modes of the

Chameleon Surface Model (CHASM), suggesting that the wide scatter between model
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performances in PILPS could be at least partially attributed to the inhomogeneous

specifications of effective parameter values in the un-calibrated participating models.

Hence, to ensure a fair intercomparison of land-surface models, model calibration is

necessary to remove variations in the effective values of parameters between models, so

that all participating models can be evaluated at an equivalent level in terms of their

"optimal" performances corresponding to the "optimal" parameters for a specific location

(Bastidas et al. 1999; Bastidas et al. 2002). For this reason, it has been proposed that the

off-line intercomparison experiments in PILPS be repeated with all participating models

calibrated and running with "optimal" parameters.

During the last two decades, model calibration, an objective method for

estimating sensitive parameters, has been broadly employed in many studies to improve

the performances of hydrological or land-surface models (e.g., Sellers et al. 1989;

Sorooshian and Dracup 1980; Sorooshian 1981; Sorooshian and Arfi 1982; Sorooshian et

al. 1982; Sorooshian and Gupta 1983; Sorooshian et al. 1983; Sorooshian et al. 1993;

Yapo et al., 1996; among others). Yapo et al. (1997a, b) presented an automatic multi-

criteria calibration approach (MOCOM-UA), which has been successfully used in a

number of studies (e.g., Bastidas 1998; Gupta et al. 1998; Gupta et al. 1999; Sen et al.

2001; Bastidas et al. 2002; Leplastrier et al. 2002; among others). Gupta et al. (1999)

found that this multi-criteria calibration method could effectively improve the simulations

of a land-surface scheme by identifying appropriate parameter spaces. At a larger scale,

Sen et al. (2001) observed statistically significant changes in the simulated temperature

and precipitation fields of the Community Climate Model version 3 (CCM3) coupled to
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the Biosphere Atmosphere Transfer Scheme version 2 (BATS2) when some "optimal"

vegetation parameters from the off-line point-scale calibrations of BATS2 were applied.

This kind of study can help deteimine the transferability of parameter values from the

point scale to the grid scale and whether it is reasonable to use parameter values

identified by a calibration technique for a range of climate/biome types.

1.2. STATEMENT OF THE PROBLEM

All the parameterization intercomparison or model calibration studies mentioned

above in Section 1.1 are conducted in an off-line (or stand-alone) mode where feedbacks

existing between the land surface and the atmosphere have not been involved. This off-

line methodology allows the evaluation of performances of land-surface schemes without

the complications associated with the errors in the atmospheric components of a general

circulation model (GCM). However, recently, it has been broadly recognized that off-line

validations of parameterizations in land-surface schemes are of limited value in that they

prevent the investigation of the interactions and feedbacks between the land surface and

the atmosphere, leaving unanswered questions regarding the relevance of these off-line

tests to the fully coupled land surface-atmosphere system and the suitability of the

schemes validated in an off-line mode to model the impacts of anthropogenic forcing on

climate change. As far as the calibration of land-surface models is concerned, similar

questions also arise as to how the feedbacks within the coupled system affect the

identification of "optimal" model parameters and whether parameters obtained from off-

line calibrations are suitable to the coupled land surface-atmosphere system.
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A number of studies have pointed out that off-line experiments can lead to

misleading results and thus do not provide reliable information on the performance of a

land-surface scheme in GCMs. For example, Koster and Eagleson (1990) found that, due

to the lack of land surface-atmosphere feedbacks, the results from the off-line

experiments are incompatible with those from the coupled experiments with a single-

column model or a GCM. Dolman and Gregory (1992) and Pitman et al. (1993) also

showed that Pitman et al. (1990) had overestimated the sensitivity of the land surface to

changes in BATS (Dickinson et al. 1986) interception parameterization by running the

model in the off-line mode with prescribed atmospheric forcing. In addition, Jacobs and

Bruin (1992) reported that the planetary boundary layer feedbacks are important in

evaluating the sensitivity of the land surface to changes in the land-surface

parameterizations. While land-surface schemes have to be finally applied from the off-

line plot scale to the coupled regional/global scale in a GCM or a regional climate model,

new intercomparison and calibration experiments are required to address the issues

specifically related to surface heterogeneity and feedbacks between the land surface and

the atmosphere.

To foster the evaluation of land-surface schemes in a coupled environment,

GLASS has recently established another two actions (besides the off-line local-scale

action PILPS and the off-line large-scale action GWSP): the local-scale and large-scale

coupled actions. While the local-scale coupled action (also referred to as the data

assimilation action) is a necessary intermediate step considering the non-feasibility of

testing all the parameterizations in a fully coupled global model, the large-scale coupled
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action deals with the validation of surface schemes in GCM simulations in collaboration

with the Atmospheric Model Intercomparison Project (AMTP) and can be considered as

the final step of the intercomparison experiments. For the local-scale coupled

experiments, it has been suggested that all land-surface schemes be coupled to a common

boundary-layer model or a common single-column model to perform intercomparison of

different schemes. Single-column models have also been broadly used to test the physical

parameterizations in global climate models, such as those related to clouds, radiative

transfer, and moist convection. For example, in the GEWEX Cloud System Study

(GCSS), single-column modeling is adopted as the major research strategy to deal with

the physics of four specific types of clouds: boundary layer clouds, Cirrus clouds, mid-

latitude frontal clouds, and precipitating convective clouds. Randall et al. (1996) also

pointed out that the parameterizations tested in a single-column model could be

transplanted into the global model with little additional work.

As has been suggested for the off-line PILPS studies, it is also desirable for the

evaluation and comparison of land-surface schemes in the coupled mode to be integrated

with some calibration procedures to avoid as much as possible biases due to inappropriate

specifications of model parameters. This can also take into account the impacts of the

feedbacks existing between the land-surface and the atmosphere on the identification of

"optimal" land-surface parameters. In a coupled environment, calibrations can be

performed on not only the land-surface parameters but also some atmospheric parameters

to more effectively improve the performances of the coupled model in

simulating/predicting atmospheric forcing terms and land-surface fluxes and state
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variables. In addition, calibrations of a coupled model can be integrated with data

assimilation strategies to further improve model perfotmances and at the same time avoid

the implications of errors in the observational data of atmospheric forcing which is

required for off-line calibration studies.

Due to the extremely expensive computational expense associated with the

climate simulations/predictions, it is not practical to conduct either manual or automatic

calibration experiments directly within a fully coupled three-dimensional global or

regional climate model. Accordingly, as for the intercomparison studies of land-surface

schemes, it is more feasible and desirable to perform calibration experiments in a locally

coupled environment such as a boundary layer model or a single-column model. While

the calibration of atmospheric parameters such as those related to cloud and precipitation

physics is also desired to more effectively improve the model performances, single-

column models are preferable to boundary layer models in that the former contain the

whole atmospheric column and have the same physics as those of the parent global

climate models. In addition, because automatic calibrations are naturally more effective

and efficient than manual model calibrations, especially for complex coupled models

such as a single-column model, it is not practical to perform manual tuning of model

parameters. Instead, automatic methods are preferred in the case of calibrations in a

coupled environment.

1.3. OBJECTIVES AND SCOPE

In view of the problems mentioned above, the primary objective of this work is to

explore the feasibility and benefits (or disadvantages) of calibration in a locally coupled
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environment and to develop and implement specific calibration strategies that can deal

with the complexities and special concerns associated with calibration in a coupled

environment. This will also involve some related issues such as parameterization tests,

the identification of land-surface and atmospheric parameters for calibration, sensitivity

analysis, off-line calibration for comparison purposes, and the application of automatic

single-criteria or multi-criteria calibration algorithms to a locally coupled model such as a

single-column model. The details about the objectives of this research are described as

follows:

• Perform parameterization tests and make possible and necessary adjustments to

deficient parameterizations (if any);

• Perform model parameter sensitivity analysis and identify sensitive parameters for

subsequent calibration studies;

• Design, test, and implement some special calibration experiments that are suitable to

be performed in the locally coupled environment;

• Compare the results from coupled calibration experiments to those from off-line

calibration experiments and determine the potential benefits (or disadvantages) that

can be gained (or result) from calibrations in a coupled environment;

• Gain insights into the influence of the coupling between the land-surface and the

atmosphere on the sensitivities of land-surface parameters and the identification of

"optimal" land-surface parameters;

• Determine the relative importance of atmospheric parameters compared to land-

surface parameters in a coupled land surface-atmosphere model;
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• Determine the relative importance of information contained in atmospheric forcing

terms compared to those contained in land-surface fluxes/variables in terms of

calibration in a coupled environment;

• Obtain a better understanding of the significance of atmospheric forcing terms,

especially precipitation and radiation, in regulating the perfoll	 lance of a coupled land

surface-atmosphere model;

• Gain insights into the potential benefits that could be obtained by incorporating data

assimilation into the calibration framework in the coupled environment;

Upon the success in achieving the above objectives, the application of the

calibration strategies tested in this work can, hopefully, be extended to a larger scale

environment such as a regional or global climate model by calibrating the corresponding

locally coupled model (such as a single-column model) over multiple regions covered by

the domain of the climate model.

1.4. MODELS AND DATA

In this work, the Single-column Community Climate Model (SCCM) developed

at the National Center for Atmospheric Research (NCAR) is used in the case study of

calibration in a locally coupled environment. The corresponding off-line land-surface

model (NCAR LSM 1.0) is also used to conduct some off-line calibration experiments for

comparison purposes. Two summer Intensive Operational Periods (TOP) data sets (9510P

and 9710P) from the Southern Great Plains (SGP) Clouds And Radiation Testbed

(CART) site of the Atmospheric Radiation Measurement (ARM) program are used to

drive and evaluate the two models, with the 9510P data set for calibration purposes and
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the 9710P data set for testing purposes. Detail descriptions about the two models and the

two data sets will be provided in Chapter 3.

1.5. SIGNIFICANCE

The present work initiates the application of parameter estimation of coupled

land-surface models in a locally coupled environment using automatic calibration

algorithms, thus allowing a completely new understanding of the complications

associated with the feedbacks existing between the land surface and the atmosphere. As it

is true for the off-line intercomparison experiments, this research will also benefit the

modeling community in testing and validating land-surface schemes in a coupled

environment by providing a fair foundation for model intercomparison. In addition, this

work allows the investigation into the significance of the role that atmospheric forcing

variables and parameters play in the coupled environment, which has been explicitly

prevented in off-line calibration experiments. In the mean time, it will enable us to gain

some insights into how the coupling between the land-surface and the atmosphere

improves (or deteriorates) the calibration results (i.e., "optimal" parameters and

corresponding objective function values). When more observational data become

available from remote sensing and other sources, data assimilation strategies can be

incorporated into the current calibration work to better improve model performance,

serving the exact purpose of the local-scale coupled action of GLASS. Finally, the

present research is expected to provide some important guidance to future coupled

calibration studies and the extended applications of automatic calibration algorithms in
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regional/global climate modeling to avoid the unaffordable huge expense in manual

tuning of model parameters.

1.6. ORGANIZATION

Because the major task of this research is about conducting calibration

experiments using a single-column climate model, an in-depth literature review about

model calibration and single-column modeling is provided in Chapter 2, followed by a

detailed description about models and data in Chapter 3. In Chapter 4, a minor

parameterization deficiency in the land-surface model is identified and the corresponding

negative impacts and triggering sources and mechanisms are explored, along with the

proposal of a simple but effective adjustment method. Results from sensitivity analyses

of the coupled NCAR SCCM and the off-line NCAR LSM are described in Chapter 5,

along with the parameters selected for subsequent calibration studies. Chapter 6 presents

the results from the off-line calibration experiments of the NCAR LSM. In Chapter 7,

the 14 pre-designed calibration cases for the coupled NCAR SCCM are described, and

the results from different calibration cases are presented and analyzed, followed by

Chapter 8 where the major conclusions from this research and recommendations for

future research are presented. Chapters 4 and 7 can be viewed as the two major

contributions of the present work.
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CHAPTER TWO

LITERATURE REVIEW

2.1. INTRODUCTION

Model calibration, sometimes referred to as parameter estimation in the literature,

is a process wherein certain parameters of a model are adjusted and the model is run

repeatedly until the model outputs match the corresponding observations of the real

system within an acceptable level of accuracy. This has been an important part of any

numerical modeling activity, including hydrological and land-surface modeling on which

the literature review about model calibration will be focused in this work. In this chapter,

an overview for the calibration of hydrological and land-surface models is presented,

along with the descriptions about the basic concepts and applications of the single-

objective and multi-objective calibration algorithms to be used in this research, namely,

the Shuffled Complex Evolution algorithm (SCE-UA) and the Multi-Objective Complex

evolution algorithm (MOCOM-UA). In addition, because the calibration experiments in

this research are to be conducted in the locally coupled environment through single-

column modeling which has not yet become a common strategy among the model

calibration community at the present time, a detailed description of single-column

modeling is also provided, including the general concepts, strengths and disadvantages,

the corresponding data requirements, and various applications. In the end, the feasibility

and perspectives of performing automatic calibration experiments using a single-column

model are discussed, along with potential difficulties of calibration in a coupled

environment.
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2.2. CALIBRATION OF HYDROLOGICAL/LAND-SURFACE MODELS

2.2.1. Overview

For any hydrological or land-surface model to be used in a predictive role, the

model must be demonstrated to be capable of successfully simulating observed behaviors

of the physical hydrological or land-surface system that the model attempts to represent.

In other words, the successful application of a hydrological or land-surface model

depends on how well it is calibrated to the "true" observations of the real system.

There are two basic ways to perform model calibration experiments: manual

calibration where the model parameters are adjusted in a trial-and-error manner based on

the knowledge about the model and the real system to be represented, and automatic

calibration which takes advantage of the high-speed computing of digital computers to

train model parameters towards the corresponding "best" physical or conceptual values.

Before the widespread availability of high-speed computing and reliable automatic

calibration techniques, model calibrations were usually conducted in a manual way. For

example, Sellers et al. (1989) calibrated the simple biosphere model (SiB) to five two-

week periods of field data via manual adjusting of nine of the model parameters. In

addition, Brazil (1988) also presented a hybrid manual/automatic calibration procedure

called "multilevel calibration (MLC)" to assist the manual calibration of the Sacramento

soil moisture accounting (SAC-SMA) model. More recently, Lettenmaier et al. (1996)

reported at the P1LPS-2c workshop that subjective manual calibration of some model

parameters had led to significantly improved model performances. However, because the

models usually have highly non-linear structures and involve a large number of
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interacting parameters, it has always been time-consuming and difficult to perform

calibrations manually. Accordingly, since the 1960s, substantial research has been

devoted to the development of automatic calibration techniques which are supposed to be

more objective and efficient (e.g., Dawdy and O'Donnell 1965; Ibbitt 1970; Nash and

Sutcliffe 1970; Duan et al. 1992; and Yapo et al. 1998). An automatic calibration process

usually involves five basic elements including (1) a period of calibration data; (2) an

objective function or estimation criterion which measures the difference between model

output and observed data; (3) an automatic optimization procedure; (4) a feasible range

(or initial guess) of the model parameters to be optimized; and (5) a convergence criterion

to stop the automatic procedure. Hence, for a given model for which the model structure

is predefined or fixed, the success (e.g., effectiveness and efficiency) of an automatic

calibration experiment depends on how well these five elements of the calibration process

are determined or established.

While the determination of the last two elements of automatic calibration

mentioned above are quite straightforward and relatively easy to implement, issues

related to the first three elements (i.e., data, objective function, and optimization

procedure) have encountered more difficulties and initiated a great deal of research. For

example, a number of studies found that it was extremely difficult to obtain a unique

"true optimum" parameter set through calibration due to the complex interactions

between model parameters and the presence of discontinuities and multiple local minima

in the response surfaces (e.g., Ibbitt 1970; Johnston and Pilgrim 1976; Pickup 1977).

Sorooshian and Gupta (1983) pointed out these difficulties resulted mostly from
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inadequacies in both the model structures and the automatic procedures used for

calibration. They also concluded that a properly chosen objective function which can

better explain the stochastic nature of the errors in model output, such as the maximum

likelihood function in the case of streamflow, can result in smoother, better shaped

response surfaces (see also Sorooshian and Dracup 1980; Sorooshian et al. 1983; Ibbitt

and Hutchinson 1984). As to the requirements for calibration data, it has been pointed out

that the quantity and quality of calibration data plays a critical role in controlling the

success of the calibration procedure, and the informativeness of the data is far more

important than the length and amount used for calibration (Kuczera 1982; Sorooshian et

al. 1983; Gupta and Sorooshian 1985; Yapo et al. 1996). There has also been a great deal

of research into the development of automatic optimization techniques which are based

on population-evolution search strategies (Brazil and Krajewski 1987; Brazil 1988; Wang

1991). Among these optimization methods are the Shuffled Complex Evolution (SCE-

UA, Duan et al. 1992, 1993), which is a single-objective global optimization algorithm,

and the Multi-Objective Complex Evolution (MOCOM-UA, Yapo et al. 1997, 1998),

which is a multi-objective global optimization algorithm. These two algorithms will be

used in the calibration experiments in this research and are described in detail in the next

two subsections 2.2.2 and 2.2.3, respectively. In addition, some research has also been

devoted to the efficient representation of the structure and parameter uncertainties of a

calibrated model and the translation of these uncertainties into the uncertainty associated

with the model response (Spear and Hornberger 1980; Jones 1983; Beven and Binley

1992; Freer et al. 1996; Bastidas 1998; Bastidas et al. 1999).
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2.2.2. Single-Objective Calibration (SCE-UA)

As an illustration to the general concept of a single-objective model calibration

problem, we shall consider a conceptual physically based model with p parameters (0=

{191 , ..., 01,}) which is to be calibrated to the observed time series 0(t) corresponding to a

certain model response Z(0, t), where t represents separate time points. The single-

objective model calibration problem can then be stated as a single-objective optimization

problem as follows,

Minimize f( — f(0, ..., Op), subject to 0c 0 (2.1)

where f(0) is a criterion (or objective function, such as the root mean square error RMSE

function) defined to measure the distance between the model response Z and the

observation 0; 0 is the physically feasible p-dimensional parameter space. The ideal

solution to this optimization problem is a parameter set ak within 6 which minimizes the

objective function f( 0).

The shuffled complex evolution algorithm (SCE-UA, Duan et al. 1992, 1993)

developed at the University of Arizona is a global optimization strategy designed to be

effective and efficient for a broad class of single-objective calibration problems, by

combining the strength of the controlled random search (CRS, Price 1983) with the

concepts of competitive evolution and complex shuffling. In brief, the SCE-UA

algorithm starts with the random initial selection of a "population" of points from the

feasible parameter space, and the objective function value for each point is calculated.

The population is then partitioned into several complexes of 2p+1 points based on the

corresponding objective function values, where p is the number of parameters to be
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optimized. After evolving separately for a prescribed number of times based on the

downhill simplex search algorithm (Nelder and Mead 1965; Press et al. 1992), the

complexes, each containing new points (offsprings), are unpacked back into a single

group and the "population" is shuffled and partitioned into new complexes. The evolution

and shuffling steps are repeated until the prescribed convergence criterion is satisfied.

The details about the SCE-UA can be found in Duan et al. (1992, 1993) and

recommendations on the optimal use of this algorithm are presented in Duan et al. (1994).

The SCE-UA algorithm has been employed in a number of studies and proved to

be consistent, effective, and efficient in locating the globally optimal parameters of

hydrological or land-surface models (see e.g., Duan et al. 1992; Sorooshian et al. 1993;

Luce and Cundy 1994; Tanakamaru 1995; Gan and Biftu 1996; Kuczera 1997; Bastidas

1998; Jin 2002; among others).

2.2.3. Multi-Objective Calibration (MOCOM-UA)

Similar to the single-objective model calibration problem, a model with p

parameters (9 = f 01 , ..., Op }) can also be calibrated to multiple observed time series

{01(t),j=1,..., n1 corresponding to the n model outputs {44,0, j=1,..., nl, and the model

calibration problem can be stated as a multi-objective optimization problem as follows:

Minimize F(6) = fi(O, j=1,..., n} subject to 9c e (2.2)

where f1(0) is the objective function measuring the distance between the jth model output

and the jth observation and F(8) is the multi-objective function vector. The ideal solution

to this optimization problem is a parameter set d within the feasible space 6 which

simultaneously minimizes all the n objectives. However, because of the errors associated
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with the model structure, it is usually impossible to obtain a unique parameter set 0 at

which all the objectives have their minima. Instead, a multi-objective calibration

algorithm usually finds a set of "optimal" or Pareto solutions (Goldberg, 1989), with the

movement from one solution to another resulting in improvement in one objective but

deterioration in another (or others).

The multi-objective complex evolution algorithm (MOCOM-UA, Yapo et al.

1997, 1998) is a general-purpose multi-objective global optimization strategy which

combines the strengths of the controlled random search method (Price, 1983), Pareto

ranking (Goldberg 1989), and a multi-objective downhill simplex search method. Similar

to the single-objective algorithm SCE-UA, the MOCOM-UA starts with an initial

sampling of n points from the p-dimensional feasible parameter space based on a uniform

distribution. The multi-objective function vector F(0 is calculated for each point, and

samples are sorted and ranked using the Pareto ranking method presented by Goldberg

(1989). Simplexes of p+1 points are then selected from the sample according to a robust

rank-based selection method suggested by Whitley (1989) and evolved in an

improvement direction with a multi-objective downhill simplex search strategy to

generate new (better) points. The sample is ranked again and new simplexes are selected

and evolved iteratively until the population converges to the "Pareto" set with all points

mutually non-dominated. With this population-based optimization strategy, an

approximate representation of the true Pareto set can be obtained with a single calibration

run. More details about this algorithm can be found in Yapo et al. (1997 and 1998).
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The MOCOM-UA algorithm has also been successfully applied to a number of

multi-objective calibration studies of hydrological or land-surface models (Bastidas 1998;

Yapo et al. 1998; Gupta et al. 1998, 1999; Sen et al. 2001; Bastidas et al. 2002;

Leplastrier et al. 2002; Xia et al. 2002; among others).

2.2.4. Use of SCE-UA for Multi-Objective Calibration

Besides the MOCOM-UA algorithm, distinct Pareto solutions can also be

obtained sequentially with the classical multi-objective optimization techniques, which

can be categorized as a posteriori methods, a priori methods, and interactive methods

(Goicoechea et al. 1982). Among these methods is the weighting method that transforms

a multi-objective optimization problem into an equivalent single-objective optimization

problem by allocating different weights to the multiple objectives. In conjunction with

the weighting method, the single-objective algorithm SCE-UA can be used to solve

multi-objective model calibration problems as described in Gupta et al. (1998).

As an illustration to the weighting method, we shall consider a multi-objective

optimization problem where there are n objectives ( fj(0, j=1,..., n} to be minimized

simultaneously. By allocating a weight to each of the n objectives to obtain a weighted

sum of the objectives, the multi-objective optimization problem is converted into a

single-objective optimization problem as follows,

Minimize F (0) =lw f (0) subject to O c 	(2.3)
j=1

where w 1 + w 2 + • • + w„ =1 and F(0) is a scalar objective function. This problem can be

easily solved with a standard single-objective optimization algorithm such as the SCE-
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UA. An approximate Pareto set can be obtained by running the optimization algorithm

sequentially with different weight combinations for the n objectives. For example, by

allocating equal weights {w1=1/n, j=1,..., n} to the objectives, some compromise

solutions (i.e., the middle points of the Pareto set) can be obtained. Although it is

relatively difficult and time-consuming to approximate the entire Pareto space with this

weighting method, some studies (e.g., Yan and Haan 1991a, b; Leavesley et al. 1983)

have reported that it can achieve better model performances than pure single-objective

optimization algorithms.

In practice, because the objectives to be minimized simultaneously are usually in

different units, the weighting method presented above cannot be directly applied to the

multi-objective problem. For example, for a land-surface model, it usually requires that at

least one surface heat flux such as latent heat (W/m2) and one state variable such as

ground temperature (K) be used for optimization simultaneously to achieve desirable

results (Gupta et al. 1999). In this case, some transformation has to be performed on the

different objectives to make them in the same unit or unitless so that the objectives can be

weighted and summed up to create a single-objective optimization problem. One simple

way for doing this is to normalize the objectives within corresponding lower and upper

bounds which can be estimated by making a sufficient number of model runs with

parameter sets randomly selected from the feasible parameter space. The optimization

problem can then be stated as follows,

Minimize F(8) =lw f (0) subject to O c:
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where frun and fin' are the estimated minimum and maximum objective function values

for the jth objective corresponding to the prescribed feasible parameter space. Although

the subjective estimation of the lower and upper bounds of the objectives could have

some influence on the relative importance of the objectives, it should not be expected to

change the final results of the calibration significantly (some preliminary experiments

also proved so). This modified weighting method will be used in this research for the off-

line and coupled calibration experiments presented in chapters 6 and 7.

2.2.5. Model Performance Measures

As mentioned earlier in Subsection 2.2.1, the success of a calibration process also

relies on the selection of an appropriate objective function to effectively extract useful

information from the calibration data. In addition, when a set of "optimal" solutions is

obtained from a calibration, some other measures are desired to assess the performance of

a calibrated model and associated uncertainties. In this work, the commonly used Root

Mean Square (RMS) error function will be used as the objective function for all the

calibration experiments. Three additional measures, including correlation coefficient (R),

bias, and tracking (T), will be used to measure post-calibration model performances. To

define these four measures (RMSE, R, bias, and T), we shall consider a time series of a

certain model response ({yt, t=1,...n}) corresponding to the observed time series ( { xt,

}), where n is number of total time points in the time series. The definition of the

four measures with respect to these two time series can then be stated as follows.
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• Root Mean Square Error (RMSE)
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RMSE is a criterion for fitting the model simulations to the observed data. A

value as close to 0 as possible is desired.

• Correlation coefficient (R)

Ekx,	
— )1 R= r

inx,	 )2 E[(y— y)2V2
(2.7)

where "E" denotes the expected value and .7 and y are the sample means of {xt} and

{Yr}, respectively. A correlation coefficient is a number between —1 and 1 that measures

the degree to which two variables are linearly correlated, with the value of 1 meaning a

perfect positive linear relationship between the two variables, the value of 0 meaning no

linear relationship between the two variables, and the value of —1 meaning a perfect

negative linear relationship between the two variables.

• Bias

Bias =—E(y, —x,)
n ,=1

1 "	
(2.8)

The model estimation {yt } is positively or negatively biased if it overestimates

(bias>0) or underestimates (bias<O) the corresponding observation fx,I. A value of 0

indicates a perfect match between the model estimation {yt } and the observation {xt}.

• Tracking (T)
I n

n
	 —y) 2

T =1 (2.9)        
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The above formulation for "tracking" follows the definition in Bastidas (1998). T is

a number between negative infinity and 1 that measures how well the model-simulated

time series {y,} is tracking the observed data {x,}, with a value of 1 meaning a perfect

match between {y,} and txtl.

2.3. SINGLE-COLUMN MODELING

2.3.1. Challenges to the Testing of Climate Model Parameterizations

Physical parameterizations used in general circulation models (GCMs), such as

those of convection, radiation, and cloud, are commonly known to be critically important

for effective climate simulations and predictions. Nevertheless, these parameterizations

of physical processes are extremely complicated and usually involve various sources of

uncertainty due to the still limited knowledge about the atmosphere overlying the land

surface. This makes it necessary to test or validate the parameterizations of a climate

model before the model can be extensively used for climate studies and analyses;

therefore, the question naturally arises as to how the parameterizations developed or

under development for climate models can be effectively tested. Although testing a

parameterization within the climate model has the advantage of testing it as it is used in

the climate model, climate simulations are potentially computationally expensive and

time-consuming; in addition, results produced by a global climate model are usually big

and extremely complicated, making it very difficulty to separate the deficiencies of the

various interacting physical parameterizations. Alternatively, parameterization tests can

also be conducted within a forecast model by comparing numerical weather predictions

with observed individual weather events to obtain detailed analyses. These tests,
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however, require an elaborate data-ingest system and still have similar difficulties as with

a climate model in terms of complicated model results and expensive computation

requirements (Randall et al. 1996).

Other more efficient approaches have been suggested, which involve testing the

parameterizations outside a climate model. Among these approaches are the "semi-

prognostic" test and single-column modeling. Lord (1982) pioneered the use of the semi-

prognostic approach to test the Arakawa-Schubert cumulus parameterization, followed by

other similar studies including Kao and Ogura (1987) and Grell et al. (1991). In a semi-

prognostic test, except for the tendencies due to the particular process represented by the

parameterization to be tested, both the state of the atmosphere column and the tendencies

due to processes associated with all other parameterizations are prescribed from

observational data (Randall et al. 1996). Therefore, a semi-prognostic test is

computationally inexpensive and can separate the effects of the parameterization being

tested from those of the other parameterizations of the model. The semi-prognostic

approach, however, has the disadvantages of demanding data requirement and the lack of

feedback from one time step to the next, making it impossible to detect those

parameterization deficiencies associated with the feedbacks. Similar to a semi-prognostic

test, single-column modeling is another effective method for testing parameterizations

outside a climate model. The details about single-column modeling will be provided in

the following subsections (2.3.2-2.3.5). Figure 2.1 illustrates the differences of the above-

mentioned approaches (GCM/forecast model simulations, semi-prognostic tests, and

single-column modeling) to parameterization tests for a GCM, mainly in terms of the
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Figure 2.1. Differences between the three approaches of testing parameterizations: a) simulations using
a GCM or forecast model; b) semi-prognostic tests; c) single-column modeling.



41

interactions between large-scale dynamic processes, parameterized physical processes,

and large-scale theimodynamic and dynamic states, and the observational data

requirements.

As they are promising candidates for GCM parameterization tests, single-column

models (SCM) also potentially provide a favorable environment for parameter

estimation/optimization of coupled land-atmosphere-ocean models. In this work, all the

coupled parameter calibration experiments are based on a locally coupled land surface-

atmosphere SCM. Hence, an overview of the single-column modeling approach will be

presented in the following subsections, including the major features of a SCM, strengths

and weaknesses of single-column modeling, input data requirements, and related

applications.

2.3.2. Overview of Single-Column Modeling

As the name suggests, a single-column model can be envisioned as a single grid

column taken from a three-dimensional atmospheric GCM (Figure 2.2). In other words, a

global climate model can be considered as a collection of many single columns arranged

to cover the entire globe and interacting with each other through the large-scale

dynamics. In a one-dimensional time-dependent SCM, data derived from observations or

operational analyses are used to specify the effects of neighboring columns, with the

parameterized physics of the particular column considered in isolation from the rest of a

GCM. Typical momentum and thermodynamic configurations of an SCM can be stated

as follows (assuming pressure coordinates),
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Figure 2.2. A diagram of the single-column model from the Southern Great Plains of the United
States (Courtesy: U.S. Department of Energy's Atmospheric Radiation Measurement Program)
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where variables in{ } denote the quantities which need to be specified from observations,

including vertical motion( (6) and large-scale horizontal advection tendencies for zonal

wind (Fa ), meridional wind (F„), temperature (FT ), and tracer gases such as water

vapor( Fq )• The terms Pi, , P, , PT , and Pq represent the corresponding physics items

(sinks or sources).

Unlike the semi-prognostic tests where there is no feedback between successive

time steps, single-column modeling uses the results at one time step to predict the new

values of prognostic variables which are then used as the inputs in the next time step (see

Figure 2.1).

2.3.3. Advantages and Disadvantages of Single-Column Modeling

Due to the simplicity and computational efficiency available in single-column

modeling, the utilization of SCMs has been identified to be an efficient and effective

means for testing and developing parameterizations of physical processes in GCMs. A

straightforward strength of single-column modeling lies in that it can test a
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parameterization or a group of parameterizations of a climate model without having to

sort out the effects of the parameterizations being tested from the extremely complicated

results of the climate model. As pointed out by Randall and Cripe (1999),

parameterizations tested within single-column models can be translated into a global

climate model without extensive additional work. In addition, Randall et al. (1996)

showed that SCMs could be used together with cloud ensemble models (CEMs, Xu and

Randall 1996a, b) to provide a more detailed connection between observational data and

climate models.

Nevertheless, single-column modeling also has its unavoidable drawbacks. As

illustrated in the bottom panel of Figure 2.1, because observations (or model analysis

data) are used to prescribe the effects of neighboring columns (i.e., the large-scale

advective tendencies) in single-column modeling, this parameterization-test approach

lacks the more complete large-scale feedbacks available in a global climate model and

has demanding data requirements. In addition, as pointed out by Hack and Pedretti

(2000), huge uncertainties arising from nonlinearities in parameterized physics could

exist in SCM solutions, making it difficult to interpret the results. Regardless of these

drawbacks, single-column tests are capable of providing an inexpensive initial

examination of the characteristics of an individual parameterization in a global model

without having to sort out all the complicated processes.

2.3.4. Data Requirements of a Single-Column Model

The data requirements for a SCM are quite demanding and essentially the same as

those for a CEM as pointed out in Randall et al. (1996), where a detailed list of typical
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data requirements for SCMs and CEMs is provided. Generally speaking, in addition to

the observations that are required to initialize the thermodynamic and dynamic state of

the atmospheric column, vertical profiles of large-scale vertical motion and horizontal

advective tendencies of temperature, water vapor, and condensed water also need to be

prescribed from observations at every time step of the simulation period. These quantities

are typically difficult to measure and are usually obtained indirectly from various sources

such as rawinsonde data and wind profiles. Hence, special techniques are necessary to

deal with problems of instrument errors, missing data, and inconsistent temporal and

spatial coverage and resolution. These difficulties in obtaining quality and complete data

have hindered the applications of single-column modeling during the past years.

Fortunately, Ooyama (1987) found that objective analysis procedures could be used to

combine different data sources to obtain synoptic descriptions of the large-scale

dynamical and thermodynamic fields which can be used to infer wind divergence and

horizontal gradients. Zhang and Lin (1997) also developed a constrained variational

analysis approach to incorporate various supplemental measurements to derive large-

scale vertical velocity and advective tendencies from state variables based on the

conservation of column-integrated mass, moisture, momentum, and static energy. These

approaches have been used to process sounding data of winds, temperature, and water

vapor mixing ratio measured at the Atmospheric Radiation Measurement (ARM)

Program's Cloud And Radiation Testbed (CART) site where Intensive Observation

Periods (TOP) data are collected for special uses in SCMs and CEMs. Other data-

collecting programs can also provide data suitable for driving SCMs and CEMs,
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including the Atlantic Stratocumulus Transition Experiment (AS1EX), the Barbados

Oceanographic and Meteorologic Experiment (BOMEX), the Global Atmospheric

Research Program's (GARP) Atlantic Tropical Experiment (GATE), and the Tropical

Ocean Global Atmosphere - Coupled Ocean-Atmosphere Response Experiment (TOGA-

COARE). In addition, the single-column models can also be driven with data products

obtained through data assimilation at operational numerical weather prediction centers

(e.g., Bengtsson et al. 1982; Trenberth and Qlsen 1988).

2.3.5. Applications of Single-Column Models

Betts and Miller (1986) pioneered the use of single-column models to test GCM

parameterization. In recent years, the availability of suitable data through the above-

mentioned experiments (ARM, ASTEX, BOMEX, GATE, and TOGA-COARE) has

made the use of SCMs more and more popular. For example, single-column modeling, in

conjunction with the use of CEMs, has been a key research strategy for the four working

groups of the GEWEX Cloud System Study (GCSS) devoted to four specific types of

cloud systems: boundary layer clouds, Cirrus clouds, mid-latitude frontal clouds, and

precipitating convective clouds (GSCC Science Team 1993). The working group 4 of

GCSS organized an international single-column model intercomparison project in which

eight SCM groups using different deep convection parameterizations participated to

simulate a tropical squall line case observed during TOGA-COARE (Bechtold et al.

1999). Single-column modeling is also one of the key strategies through which the ARM

program aims to use data collected in the field to develop and test improved

parameterizations of radiation and radiative interactions with water vapor, aerosols, and



47

clouds, for use in GCMs (ARM SCM Working Group 1998). A wide range of SCM-

related studies has been conducted within the context of the ARM program to evaluate

the vertical heating and moistening profiles produced by parameterizations of cumulus,

microphysics, and radiation (i.e., Randall et al. 1996; Iacobellis et al. 1998; Petch and

Dudhia 1998; Lohmann et al. 1999; Somerville and Iacobellis 1999; Randall and Cripe

1999; Ghan et al. 2000; Hack anf Pedretti 2000; Lane et al. 2000; Xie and Zhang 2000).

Outside the ARM program, data sets from other experiments such as TOGA-COARE,

GATE, BOMEX, and ATEX have also been used in single-column modeling studies to,

for example, explore the implications of microphysics for cloud-radiation parameterizations

(Iacobellis and Somerville 2000) and test a new convective adjustment scheme of the

European Center for Medium Range Weather Forecasts (ECMVVF) model (Betts and

Miller 1986). In addition, by allowing land surface-atmosphere feedbacks, single-column

models have also proven to be a useful tool for assessing parameterizations of land-

surface hydrology and the sensitivities of the land surface to changes in land-surface

parameterizations (Koster and Eagleson 1990, Pitman et al. 1993; Pitman 1994; Hu et al. 1999).

2.4. DISCUSSIONS

For a coupled land surface-atmosphere model to simulate the behaviors of the real

land surface-atmosphere system with minimal uncertainty, it is necessary to estimate

appropriate values for the model parameters within the coupled environment rather than

the off-line environment. In other words, the parameter estimation or model calibration

procedure has to be performed within a coupled model to take into account the feedbacks

existing between the land surface and the atmosphere in the real system. While it is not
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practical to conduct calibration directly within a global climate model, the computational

efficiency available in single-column modeling makes it a potential desirable strategy for

calibration in a coupled environment. However, although a great deal of research has

been conducted into the calibration of standalone (or off-line) rainfall-runoff,

hydrological, or land-surface models, there has been little exploration, if any, of the

feasibility, potential benefits/disadvantages, and possible difficulties of calibration in a

coupled mode. This situation is the exact motivation of the present research.

First of all, it is quite reasonable to expect that calibration in the locally coupled

environment is possible and practical by using a single-column model in that the

computation of single-column modeling is not expensive and the corresponding results

are far less complex than those of a global climate model. The most significant benefit of

calibration in a coupled environment lies in that it takes into account the interactions

between the land surface and the atmosphere so that the model parameters are calibrated

in the same way as they are used in the coupled model, without having to rely on

observed atmospheric forcing which could contain considerable data errors. In addition,

in the coupled environment, not only land-surface parameters and fluxes/variables but

also some atmosphere parameters and variables can be used in the calibration procedure

to more effectively and efficiently evolve the model simulations towards the reality

through the favorable feedbacks between the land surface and the atmosphere. However,

if there are some serious model errors, either in the land-surface part or the atmospheric

part, the feedbacks could have unfavorable effects and drive the model simulations far

away from the reality, producing unreliable (even unreasonable) parameter estimates. In
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addition, the large number of interacting land-surface and atmospheric

parameters/variables could result in non-convergence problems and thus large

uncertainties in the estimated parameter sets. Consequently, special calibration strategies

and robust and reliable calibration algorithms may be necessary to deal with these

possible difficulties associated with the calibration in a coupled environment.
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CHAPTER THREE

MODELS AND DATA

3.1. INTRODUCTION

In this work, the coupled calibration experiments will be conducted with the

Single-column Community Climate Model developed at the National Center for

Atmospheric Research (the NCAR SCCM). This single-column model was derived from

the global climate model-Community Climate Model version 3 (CCM3) and is coupled to

the NCAR Land Surface Model version 1.0 (NCAR LSM 1.0). To provide some

references for the coupled calibrations, the off-line land-surface model is also used to

conduct some off-line calibration experiments. Both models will be driven and evaluated

with the Intensive Operational Period (I0P) data sets from the Southern Great Plains

(SGP) Cloud And Radiation Testbed (CART) site of the Atmospheric Radiation

Measurement (ARM) program. In this chapter, physical parameterizations of the two

models will be qualitively described, along with the major features of the models and

their implementation and relevant applications. Descriptions about the IOP data sets,

including data collection and analysis, will also be presented.

3.2. THE NCAR LSM

3.2.1. Overall Model Description

The NCAR LSM (hereinafter referred to as LSM) is a one-dimensional, time-

dependent model dealing with the multiple interactions between the land surface and the

atmosphere in terms of exchanging momentum, energy, water, and CO2 fluxes (Bonan
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1996a). The model allows for multiple (up to five) surface types in a single grid cell,

including two different vegetation types, bare ground, wetland, and lake. Ecologically,

the model can distinguish between 12 different vegetation types in terms of vegetation

height, roughness length, displacement height, time-varying leaf and stem area, root

profile, optical properties, and stomata effects. In addition, the model also takes into

account optical, thermal, and hydraulic differences among eight different soil types with

different combinations of percentages of sand, silt, and clay. The atmospheric forcing

terms driving the model include incident direct and diffuse solar radiation, incident

longwave radiation, convective and large-scale precipitation, specific humidity,

temperature, pressure, wind, and reference height. When driven by these forcing terms,

which can be generated by an atmospheric model or specified from observations, the

land-surface model calculates diffuse and direct surface albedos, zonal and meridional

momentum fluxes, constituent fluxes (H20 and CO2), surface-emitted longwave

radiation, surface sensible and latent heat fluxes, soil and vegetation temperatures, and

soil moisture contents.

The major features of the land-surface model can be summarized as follows: leaf

and stem areas are prescribed and vary seasonally; different optical properties of soil,

vegetation, water surface, snow, and ice are taken into account to calculate the

absorption, reflection, and transmittance of solar radiation; absorption and emission of

longwave radiation for the atmosphere and the land surface are determined from

emissivities of less than 1; surface sensible and latent heat fluxes and vegetation and

ground temperatures are determined by solving the surface energy balance, with latent
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heat divided into three components—canopy evaporation, canopy transpiration, and soil

evaporation; photosynthesis, stomatal physiology, and plant and microbial respirations

are also included to simulate the CO2 exchange between the land surface and the

atmosphere; the soil column is divided into six layers, with the soil temperatures

calculated using a heat diffusion equation which accounts for the phase change of soil

moisture; for deep and shallow lakes, the temperature calculation for each layer also

accounts for eddy diffusion and convective mixing; soil moisture contents for the same

six soil layers are determined by using a one-dimensional conservation equation which

takes into account infiltration input at the first layer, evapotranspiration, vertical water

flow due to head gradients, and gravitational drainage at the sixth layer (i.e., the bottom

of the soil column); other processes such as canopy interception, throughfall, stemflow,

and snow melt are also included.

A schematic diagram showing the different processes and their interactions

simulated by the model is given in Figure 3.1. For details of the model physics, interested

readers are referred to Bonan (1996a), where a comprehensive description about the

model is presented.

3.2.2. Parameterization of Canopy Evaporation

In this work, special attention has been paid to the implementation of the canopy

water and energy balances and the parameterization of latent heat flux of vegetated

surfaces in the LSM, where a minor parameterization deficiency has been identified to be

the source of seriously degraded model performances as presented in Chapter 4.
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Figure 3.1. Schematic diagram of the biophysical, biogeochemical, hydrologic, and ecosystem processes
and their interactions simulated by LSM 1.0 (adapted from Bonan 1996a).
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The L.SM makes differences between vegetation and bare soil in implementing

water and energy balances. For the canopy, the energy balance is solved first to obtain

vegetation temperature Tv and can be represented by the following equation with the

canopy heat storage assumed to be zero (Bonan 1996a),

= (Tv ) + H „(T„)+ E (Tv ) + E tvr (Tv )
	

(3.1)

where,

S, is the net solar radiation absorbed by vegetation (W m -2), L, is the net

longwave radiation flux to the atmosphere (W m -2), H, is the sensible heat flux (W

and E," and E," are latent heat fluxes(W rn -2) of evaporation from wet canopy and

transpiration from dry canopy, respectively. With all of the energy fluxes on the right side

of Eq. (3.1) expressed as linear or non-linear functions of vegetation temperature T, the

energy balance equation is iteratively solved for Tv using the Newton-Raphson method.

The latent heat fluxes of evaporation and transpiration are parameterized as functions of

saturated vapor pressure at vegetation temperature T„ as follows (Bonan 1996a),

patm Cp2E, =	 + Et; = cew
[c ciwea.+c gwe„(Tg ) (caw +cgw )e„,(T,)] 	

Ca +(c tw +c ew )+cg"'

(3.2)

with E," , and ET = , respectively. In Eq. (3.2), earn, is 
C iv + C we	 t 

the atmospheric vapor pressure; e,,(Tg ) is the saturated vapor pressure evaluated at the

ground temperature Tg ; c: and c.; are latent heat conductances (m s -i ) from surface air



( Wcan

\ p(L+S),
fwet = <1	 (3.5)

55

to atmospheric air, and from ground to surface air; and cew and c iw are vegetated

conductances (m s -1 ) for evaporation and transpiration from vegetation to surface air,

respectively. The vegetation conductances c e  and c," constrain each other and both

depend on the wet fraction of vegetation f„, and leaf and stem area indices (L and S) as

follows (Bonan 1996a):

fwef (L+S)
c e = 	 (3.3)

rb

c;v = (1— f wet)

	Lsun 	 Lsha
	+	
rb 	s' r+r	 F r shab	 s

(3.4)

where rb is the average leaf boundary layer resistance (s m-1 ); IT:" and r,sha are the sunlit

and shaded stomatal resistances (s m-1 ); and L'" and Lsha are the sunlit and shaded leaf

area indices. The parameter f„, is determined from the current canopy water (‘ 147 can

mm) using the following equation (Bonan 1996a):

where p is the maximum water that can be held by the canopy, per unit leaf and stem

area (mm).

The canopy water balance is a simple mass balance determined with gains from

interception of rainfall and dew and loss from evaporation (Bonan 1996a),

W can — W can ° + (qint r q clew q ceva)At
	

(3.6)
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where W„. ° is the canopy water (mm) of the last time step; q,,„„ q d,„., and q	 are

interception flux (minis); dew forming flux (mm/s), and canopy evaporation flux (mm/s),

respectively; and At is the time interval (seconds) between two continuous time steps.

3.2.3. Model Implementation

The land surface model (LSM) can be implemented globally by recognizing

different surface and soil types from a global surface data set which specifies the surface

type, soil color, soil texture (percentages of sand, silt, and clay), and percentages of a grid

covered by lake and wetland for each grid on the globe. Instead of using a blended

surface type of each grid as in the Biosphere Atmosphere Transfer Scheme (BATS,

Dickinson et al. 1993), the LSM treats the subgrids independently and performs separate

calculation for each subgrid with the same atmospheric forcing applied to each subgrid.

Grid-averaged surface fluxes are then determined by weighting the fluxes for each

subgrid area based on the fractional areas and passed back to the atmosphere. If inland

water surfaces (lake, swamp, or marsh) comprise more than five percent of a grid cell,

surface energy exchange and temperature are also calculated for these inland water

surfaces. For lakes, the model solves for surface temperature from the surface energy

balance that forces a one-dimensional thermal stratification model based on eddy

diffusion concepts (Henderson-Sellers 1985). For swamps and marshes, similar

parameterizations as in BATS are used, with soil moisture remaining saturated.

3.2.4. Applications of LSM

The LSM has been used and tested in many ecological, hydrological, and climate

studies. Early in 1995, a precursor of the LSM (LSM version 0, Bonan 1994), which
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accounted for CO, uptake during plant photosynthesis and CO, loss during plant and

microbial respiration, was coupled to a modified version of the NCAR Community

Climate Model version 2 (CCM2) to simulate the diurnal and annual cycles of biosphere-

atmosphere CO, exchange (Bonan 1995a). Then, by incorporating a subgrid

parameterization for inland water into the land surface model, Bonan (1995b) explored

the importance of inclusion of inland water surfaces for global climate simulation. When

a subgrid parameterization for infiltration and surface runoff was included (Bonan

1996b), the model produced less infiltration, decreased latent heat flux, and warmer

surface temperature as shown by other subgrid parameterization studies. To gain some

insights into the anthropogenic influences on climate of the United States, the LSM,

coupled to a precursor of the NCAR Community Climate Model version 3 (CCM3), was

used to simulate the climate change in the United States due to the replacement of natural

forests with modern vegetation such as crops in the eastern and central United States

(Bonan 1997 and 1999); the simulations showed that this land use practice significantly

altered the climate over most regions of the United States, contributing to the cooling in

the eastern and central United Sates. Bonan et al. (1997) found that the LSM reasonably

reproduced the diurnal cycles of the tower fluxes (surface sensible and latent heat, net

radiation, and CO2) measured at the southern aspen and jack pine forests of the Boreal

Ecosystem-Atmosphere Study (BOREAS) project. The land-surface climatology of the

LSM coupled to the CCM3 was investigated in Bonan (1998), with the prescribed surface

wetness, snow cover, and surface albedo and surface flux parameterizations in the CCM2

replaced by parameterizations of hydrological and ecological processes.
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More recently, Lynch et al. (1999) compared the LSM-simulated climate in

response to wet meadow tundra and dry heath tundra in Alaska, noticing that vegetation

variation within the Arctic could have significant influences on the climate over regions

extending beyond the Arctic. In Beringer et al. (2001), additional soil texture types

including mosses and lichens were added into the LSM to investigate the potential

significant influence which mosses would have on the thermal and hydrological regime

of Arctic soils; the results showed that the addition of mosses produced cooler summer

temperatures and warmer winter temperatures and also led to greater storages of soil

moisture in deep soil layers. Lynch et al. (2001) used a multivariate reduced form model

to investigate the sensitivity of the LSM to perturbations in atmospheric forcing, showing

that atmospheric temperature and downwelling longwave radiation were the most

important predictors of land surface responses in changing climate. As a companion

study, Beringer et al. (2002) used the same reduced form model to explore the sensitivity

of the LSM to biotic surface parameters, including roughness length, displacement

height, leaf area index, root fraction, albedo, and minimum stomatal resistance; the

results showed that the model was more sensitive to perturbations in atmospheric forcing

than to changes in these biotic surface parameters. Finally, a comparison of the climate

simulated by the CCM3 coupled to the LSM and to the Integrated Biosphere Simulator

(IBIS) showed that simulations from the two different land-surface models had similar

biases in the temperature and precipitation fields, indicating that the atmospheric model

CCM3 was most responsible for those biases (Delire et al. 2002).
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3.3. THE NCAR SCCM

3.3.1. Overall Model Description

The locally coupled NCAR Single-column Community Climate Model (NCAR-

SCCM, hereinafter referred to as the SCCM) was used in this work as a case study for the

calibrations in a coupled environment. It is a single-grid column model developed from

the global climate model NCAR CCM3 (Kiehl et al., 1996), which is the fourth

generation in the series of NCAR's Community Climate Models. In brief, the CCM3 is a

spectral general circulation model configured at T42 resolution with approximately 2.8° x

2.8° transform grid. The model uses a terrain-following hybrid sigma-pressure vertical

coordinate, with 18 vertical levels and a rigid top at 2.917 mb. It has a 20-min time step

except that solar and atmospheric longwave radiation is only updated every 60 minutes.

Major dynamic formalisms include the incorporation of a shape-preserving semi-

Lagrangian transport scheme (Williamson and Rasch 1994) for the vertical advection of

water vapor and other constituents and the use of the second-order Eulerian finite

difference scheme (Williamson 1988) to advect temperature. Principle physics

representations include the use of an -Eddington approximation to calculate solar

absorption (Briegleb, 1992); a sophisticated parameterization scheme for cloud fraction

and cloud optical properties (Kiehl et al. 1994); a non-local treatment of boundary-layer

processes (Holtslag and Boville 1993); and the use of the deep moist convection scheme

of Zhang and MacFarlane (1995) in conjunction with the scheme developed by Hack

(1994) for the CCM2, a precursor of the CCM3. Unlike in the CCM2, where the land

surface wetness, snow cover, albedos, and heat fluxes are prescribed, the CCM3
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incorporates the Land Surface Model version 1 (Bonan 1996a) to provide a

comprehensive treatment of the land-surface processes. More details about the physical

parameterizations of the CCM3 can be found in Kiehl et al. (1996).

The physical parameterizations in the SCCM, such as those of radiation, clouds,

deep and shallow convection, large-scale condensation, and boundary layer processes, are

the same as those in the parent model CCM3. Because the SCCM lacks the horizontal

feedbacks occurring in the three-dimensional model CCM3, the thermodynamic and

momentum components of the governing equations are independent of one another. In

the standard application of the SCCM, the large-scale horizontal momentum fields are

specified from observations (Hack and Pedertti 2000). Hence, the governing equations in

the SCCM only consist of a thermodynamic energy equation and a water mass continuity

equation as follows,

a0(p,t) 	ae(p,t) 
= Co(P,t)	 +Qh1s(p,t)+Qphy(p,t)at	 ap

aq(p,t) 
= w(p,t)

aq(p,t)
 + S his (p,t)+S phy (p,t)at	 ap

where Qhls and Shis denote the large-scale horizontal advection tendencies for temperature

and moisture, respectively; and Qphy and Sphy are the parameterized physics tendency

terms for temperature and moisture, respectively. The solutions for the SCCM can be

obtained by numerically integrating these two equations in time with specified initial

conditions for temperature and moisture.

(3.7)

(3.8)
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3.3.2. Model Implementation and applications

When coupled to the LSM described in Section 3.2, the SCCM can be

implemented at any location on the globe where appropriate forcing and evaluation data

for the SCCM are available. As a minimum requirement for solving the budget equations

(Eqs. 3.7-3.8) of the SCCM, the large-scale horizontal advective tendencies for

temperature and moisture (Qhis and Sias), as well as the vertical velocity w, must be

specified from observations or other sources. This was referred to as the "horizontal

advective forcing" method in Randall and Cripe (1999) where two other alternative

methods for specifying advective tendencies in single-column models were suggested:

"revealed forcing" where both horizontal and vertical advection tendencies are prescribed

from observations; and "relaxation forcing" where the model-computed horizontal

advective tendencies are nudged to the observed soundings at a specified relaxation

timescale. Although the "revealed forcing" method has been commonly used in SCM

intercomparison studies, in this work the default configuration of the SCCM (i.e., the

"horizontal advective forcing") will be employed, with the solutions for equations (3.7)

and (3.8) obtained by explicitly evaluating the large-scale vertical advection terms

(waolap and wag / ap ) from the temporally evolving temperature and moisture profiles

using the second-order Eulerian finite difference procedure (Williamson 1988) and the

semi-Lagrangian procedure (Williamson and Rasch 1994), respectively. In addition, for

each run of the SCCM, the land-surface model (LSM) coupled to the SCCM is initialized

with the observed ground temperature and a climatological value for soil moisture.



62

At the present time, there have been only a few studies in the literature which are

specifically related to the applications of the SCCM. Ghan et al. (2000) presented a

comparison of simulations of the summertime mid-latitude continental convection from

eleven single-column models, including the SCCM. Hack et al. (1999) provided a

detailed user's guide to the publically available SCCM software package with a

generalized, versatile graphical user interface (GUI), which should attract more single-

column modeling studies and make the SCCM more popular in the near future. Due to

the absence of the large-scale feedbacks, several limitations have arisen from the use of

the SCCM in terms of simulating precipitation, temperature, and moisture fields (Hack

and Pedretti 2000; Xie and Zhang 2000). The SCCM, however, provides a reasonable and

desirable locally coupled environment for this research in exploring the feasibility,

benefits, and (or) disadvantages of calibration in a locally coupled mode.

3.4. DATA

3.4.1. Site Overview

In this research, two Intensive Operational Period (TOP) data sets, 9510P and

9710P, from the Southern Great Plains (SGP) Clouds And Radiation Testbed (CART)

site of the ARM program are used to drive and evaluate the off-line LSM and the locally

coupled SCCM. The SGP has been the primary site for SCM IOPs, due to the wealth of

data available and the wide variety of meteorological conditions that occur over the SGP

domain, which is a 365 km>< 360 km site with an average elevation of 360 m. The site

includes a central facility (36.61 0 N and 97.49 ° W, 320 m above the sea level), four

boundary facilities, and 23 extended facilities. The central facility provides measurements
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of radiation, surface heat, cloud cover, cloud liquid water, atmospheric aerosols, and the

vertical profiles and integrals of wind, temperature, and water vapor. The four boundary

facilities, each located at near the midpoint of one side of the rectangle domain, measure

the wind, temperature, and water vapor profiles that constitute the basis for the estimation

of the lateral fluxes of moisture and energy into and out of the atmospheric column over

the SUP domain. The 23 extended facilities, distributed evenly across the domain,

provide data streams to facilitate the spatial integration of the surface heat, moisture, and

momentum fluxes across the SGP site. While observations made with these facilities

cannot be directly used to drive single-column models, some objective analysis schemes

(e.g., Barnes 1964; Zhang and Lin 1997) are employed to ensure that basic conservations

of mass, water vapor, and energy for the specific atmospheric column are not violated in

the forcing data. For the analysis of the two specific TOP data sets involved in this

research, besides the central facility and the four boundary facilities, six National Oceanic

and Atmospheric Administration (NOAA) wind profile stations and two operation

analysis grids produced by the mesoscale model of the National Center for

Environmental Prediction (NCEP) were also included to better define the SCM domain.

In addition, hourly wind data from 17 NOAA wind profiles surrounding the SCM domain

were used as additional inputs. The data are subjected to the constrained variational

analysis (Zhang and Lin 1997; Zhang et al. 2001), with all relevant variables representing

area-means in a SCM domain enclosed by the 12 grids (four boundaries facilities, six

wind profile stations, and two analysis grids) centered around the central facility. The

resulting data for uses in SCMs are at 3-hour time intervals, with a vertical resolution of
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50 mb for all multi-layer variables. The above information about the site and data

collection/processing is mainly extracted from Ghan et al. (2000), Randall and Cripe

(1999) and other ARM SGP-related studies.

3.4.2. Descriptions of Data

The first TOP data set (9510P) extends for 17.5 days from 0530 UTC July 18,

1995 (0030 in local time) to 1730 UTC August 4, 1995 (1230 in local time) and

experiences various summer weather conditions, including several intensive precipitation

periods (Figure 3.2). Due to the variety of weather conditions, this IOP data set was

chosen for the first ARM SCM intercomparison case to evaluate the performance of

single-column models. As shown in Figure 3.2, frequent moderate showers were

observed in the first half of the TOP occurring mostly during midnights to early mornings

(days 2, 3, 4, 6, and 8), followed by five dry days and a long precipitation event lasting

continuously for four days at the end of this period.            

A ,I\ /N. I., I t I Jk_ ,
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Time in days since 0530 GMT July 18, 1995

Figure 3.2. Observed precipitation rates (mm/day) over the IOP of 1995

The second IOP data set (9710P) extends for 29 days from 2330 GMT June 18,

1997 (1830 in local time) to 2330 GMT July 17, 1997. This period was associated with

frequent deep convections and upper-level stratiform clouds, with some clear days in the
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beginning and middle of the 1OP. Nine precipitation events were observed during this

TOP, with the two heaviest ones occurring at days 7 and 11 in the evenings (Figure 3.3).

The 9710P data set was chosen for the second ARM SCM intercomparison case,

performed jointly with GCSS WG 4.
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Figure 3.3. Observed precipitation rates (mm/day) over the IOP of 1997

The two 1OP data sets contain both single-level variables such as surface heat

fluxes, ground temperature, surface net downward radiation, precipitation, surface

pressure, and surface winds, and multi-layer fields such as temperature, specific

humidity, winds, vertical velocity, and horizontal and vertical advective tendencies for

temperature and specific humidity. To be consistent with the default time step length (20

minutes) of the SCCM, all the variables available in the 9510P and 9710P data sets were

interpolated at 20-minute intervals based on the original 3-hour observations using the

cubic spline interpolation method. Therefore, the time series of all the forcing and

evaluating terms are perfectly smooth.



CHAPTER FOUR

IMPACTS OF A PARAIVIETERIZATION DEFICIENCY

4.1. INTRODUCTION

Results from some pilot experiments with the off-line LSM and the coupled

SCCM led to the identification of a minor deficiency in the parameterization of canopy

evaporation of the land-surface model. In this study, intensive effort was focused on the

exploration of the mechanisms involved in the activation of unrealistically high canopy

evaporation and thus unreasonable surface energy partitions because of this minor

deficiency. The main causes responsible for exacerbating the impacts of the deficiency of

the land-surface model through the coupling of the two components (the land surface and

the atmosphere) are analyzed, along with possible impacts of land-surface parameters in

triggering the problems. Results from experimental runs show that, for a large number of

randomly generated physically realistic land-surface parameter sets, this model

deficiency has caused the occurrences of negative canopy water with a significantly high

frequency for both the off-line NCAR LSM and the coupled NCAR SCCM, suggesting

that land-surface parameters are not the only important factors in triggering the problems

associated with the model deficiency. In addition, the concurrence of intense solar

radiation and enough precipitation is identified to be mainly responsible for exacerbating

the negative impacts of the parameterization deficiency. Finally, a simple adjustment has

been made in this study to effectively prevent the occurrences of negative canopy water

storages, leading to significantly improved model performances. Without this

66
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parameterization adjustment, the off-line and coupled sensitivity analysis and calibration

experiments to be conducted later in this research would be more cumbersome and the

corresponding results would be less meaningful. Findings summarized in this chapter

have resulted in a manuscript accepted by the Journal of Hydrometeorology for

publication in 2003 (Liu et al., 2003).

4.2. CHALLENGES TO THE PARAMETERIZATION OF CANOPY EVAPOTRANSPIRATION

Land-surface heat fluxes, including sensible heat and latent heat, are of particular

significance in coupled land surface-atmospheric models in terms of transporting energy

and water between the two systems. This emphasizes the importance of partitioning

available energy between surface sensible and latent heat fluxes appropriately in land-

surface models to ensure a realistic distribution of precipitation between

evapotranspiration and various surface water storages, while conserving the water and

energy balances of the land surface at the same time. For a coupled land surface-

atmospheric system, the distribution of surface water and energy is especially important

as demonstrated by many numerical studies exploring the effects of varying soil moisture

and resulting variations in surface energy fluxes on the global circulation and

precipitation (e.g., Walker and Rowntree 1977; Shukla and Mintz 1982). However, the

surface evapotranspiration rate, which couples the land surface water and energy

balances, can easily be overestimated, as discussed in many previous studies. According

to Pan et al. (1989), the National Meteorological Center (NMC) medium-range forecast

model with a simple bucket scheme considerably overestimates evapotranspiration over

the Sahara Desert region compared to those models using a Penman-Monteith-based
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scheme. This has been further suggested by results from the Project for Intercomparison

of Land Surface Parameterization Schemes (PLLPS, Henderson-Sellers et al. 1995),

where it has been found that some of the participating land-surface models with a simple

"bucket"-type scheme evaporate excessively at the expense of negative annually

averaged sensible heat flux, which can also be partially attributed to their failure to

conserve water and energy appropriately.

To achieve a successful surface energy partition, it is necessary to make

distinctions between bare soil and vegetation because they interact quite differently with

the atmosphere. Accordingly, in land-surface models, vegetated surfaces and non-

vegetated surfaces should be treated separately, and water and energy balances need to be

conserved not only for the soil, but also for the canopy. It is not difficult to take this

feature into account in land surface modeling. However, the water and energy balances of

the canopy deserve special care to be implemented appropriately, because canopy water

storages are usually too limited to ensure potential canopy evaporation, especially under

intense solar radiation. With measurements from the forest in the center of the

Netherlands, Klaassen et al. (1998) noted that the common methods systematically

overestimate canopy evaporation during rain, accompanied by an underestimation of the

canopy water storage. This makes the constraint of maximum canopy evaporation

necessary in land-surface models to ensure realistic estimations of canopy evaporation

and other related surface fluxes. However, in the LSM, no maximum canopy evaporation

constraint has been applied to the canopy energy balance, and negative canopy water is

allowed to avoid complexity in solving the energy balance for vegetation temperature.
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Consequently, the parameterization of canopy evaporation in this model relies on an

underlying assumption that canopy water storage can be negative in model simulations,

and that this would not generate considerable negative impacts on the model

performances. Unexpectedly, the study presented in this chapter has shown that this

simple assumption can significantly degrade the model simulations.

4.3. EXPERIMENT WITH LSM AND SCCM

With the a priori prescribed land-surface parameter set (hereinafter referred to as

the default parameter set edef,J) neither the LSM nor the SCCM can satisfactorily

reproduce the observed surface latent flux (LH), sensible heat flux (SH), and ground

temperature (Tg). In this case, for both of the models, the initial volumetric soil moisture

contents are set to 0.3, and the soil temperatures are initialized with the observed ground

temperature. For the off-line case, although the model reproduces the latent heat flux

fairly well with a slight overestimation, it systematically underestimates the sensible heat

flux and overestimates the ground temperature (Figure 4.1). The root mean square (RMS)

errors of these three variables (LH, SH, and Tg) are 48 W M-2, 64 W M-2 , and 2.1 K,

respectively. For the locally coupled case (Figure 4.2), a similar trend can be noticed,

except that the SCCM estimates the sensible heat flux better but more greatly

overestimates the latent heat flux compared to the off-line LSM. In this case, the RMS

errors for LH, SH, and Tg are 94 W m 2 , 52 W m-2 , and 3.2 K, respectively. These results

suggest that the land-surface model may have an energy partition problem that deserves

an effort of model calibration, which has been used in many studies to improve

performances of hydrological or land-surface models as presented in Chapter 2.
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Figure 4.1. Comparisons of the off-line LSM simulations with the default land-surface parameter set
to the observations for (a) latent heat flux, (b) sensible heat flux, and (c) ground temperature

Figure 4.2. Comparisons of the SCCM simulations with the default land-surface parameter set to the
observations for (a) latent heat flux, (b) sensible heat flux, and (c) ground temperature.
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In this study, the automatic multi-objective optimization algorithm (MOCOM-

UA, Yapo et al. 1997) was used to calibrate the LSM in an off-line mode with 32 land-

surface parameters, including the initial soil moisture contents of the first 4 soil layers

(Descriptions of these parameters will be provided in Chapter 5). For the automatic

calibration process, reasonable upper and lower parameter boundaries and appropriate

inter-parameter constraints were applied to the varying parameters to ensure that the

optimized parameters are biologically and hydrologically realistic, and to preserve the

appropriate relationships among the parameters. For example, vegetation displacement

heights and roughness lengths should be less than vegetation heights, and soil water

contents must not be higher than porosity. In this calibration experiment, land-surface

parameters were adjusted to better match the simulations of the three calibration variables

(LH, SH, and Tg) to their corresponding observations so that the minimum RMS errors

for these variables could be achieved. One of the optimal parameter sets from the off-line

calibration (hereinafter referred to as the optimal parameter set {Pt }), for which the

RMS errors of LH, SH, Tg are 24 W M.-2, 24 W M-2, and 0.57 K, respectively, was then

applied to LSM and SCCM simulations. The resulting RMS errors of LH, SU, and Tg by

applying On to the SCCM are 105 W M-2, 48 W TY1-2, and 5.9 K, respectively. With

{On, although the RMS errors of LH, SH, and Tg for the off-line case have been

greatly reduced compared to the default case, the simulations by the coupled SCCM do

not improve much, indicating that optimal parameter sets from off-line calibrations do

not necessarily apply well to the coupled model due to the complicated two-way

feedbacks within the coupled environment. In addition, the high temperature errors in the
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coupled case can also be partially attributed to the basic limitations of a single column

model, such as the absence of large-scale feedbacks (Hack and Pedretti 2000). The time

series of the three simulated variables (LH, SH, and Tg) for the off-line and coupled cases

are shown in Figures 4.3 and 4.4, respectively.

As clearly shown in Figure 4.3, with the selected optimal parameter set {0°Pt }, the

simulated surface heat fluxes and ground temperature for the off-line LSM match the

observations much better compared to the control run with the default parameter set

{Odd}, indicating the success of parameter optimization. However, at some time steps, the

land-surface model seems to have a problem in partitioning available energy between

latent heat and sensible heat fluxes, resulting in unexpected sudden increases in latent

heat flux and corresponding sudden decreases in sensible heat flux. When the same

optimal parameter set is applied to the coupled SCCM, the situation becomes even much

worse, and the modeled surface fluxes fluctuate tremendously between continuous time

steps, varying from more than 600 W 2 to almost 300 W m-2 for latent heat flux and

from more than 200 W IT1-2 to less than zero for sensible heat flux over a single time step

of 20 minutes (Figure 4.4). These problems can be noticed more clearly in Figure 4.5a-b

for the off-line case and Figure 4.6a-b for the coupled case, where only the fluxes of the

first 4 days are shown for clarity. While the models were driven with completely smooth

data (see Chapter 3, section 3.4.2), relatively smooth surface fluxes were expected at least

for the off-line LSM simulations. For the coupled simulations, although there may be

some uncertainties or instabilities in the atmosphere, the modeled surface fluxes with

severe fluctuations are definitely unrealistic.
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Figure 4.3. Comparisons of the off-line LSM simulations with the optimal land-surface parameter set
to the observations for (a) latent heat flux, (b) sensible heat flux, and (c) ground temperature
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Figure 4.4. Comparisons of the SCCM simulations with the optimal land-surface parameter set to the
observations for (a) latent heat flux, (b) sensible heat flux, and (c) ground temperature

73

295
0



12:30	 00:30	 12:30	 00:30	 12:30

July 18	 July 19	 July 20

Local time and day (1995)

600 - (a)

(b)

July 21

— Obs.
— LSM

' E 400

x 200

0

300

' E 200

x*-- 100

o

74

Figure 4.5. Comparisons of the off-line LSM simulations with the optimal land-surface parameter

set to the observations for (a) latent heat flux, (b) sensible heat flux, and (c) ground temperature,
shown only for the first 4-day period for clarity. (d) is the observed precipitation for the first 4-day

period.
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for the first 4-day period for clarity. (d) is the observed precipitation for the first 4-day period.

75



76

4.4. THE PARAMETERIZATION DEFICIENCY AND ITS IMPLICATIONS

In reality, it is commonly known that a canopy cannot evaporate more than its

current water storage, i.e., the amount of water intercepted from precipitation or dew. On

the other hand, canopy evaporation estimated by a numerical model can easily be higher

than available canopy water, which makes it necessary to constrain estimated canopy

evaporation to be no more than available canopy water. However, in the LSM, in order to

avoid the complexity in solving the canopy energy balance for vegetation temperatures,

there has been no constraint of maximum canopy evaporation applied, and the canopy

water storage is allowed to be negative (Bonan 1996a). Underlying this is a simple

assumption that canopy water storage in a simulation can be less than zero, and

considerable negative impacts on the model simulation are not expected. However, this

study has shown that it is this minor deficiency in implementing the parameterization of

canopy evaporation that has led to unrealistic, high canopy evaporation, and thus

inappropriate surface energy partitions. In the original land-surface model, at each time

step, the energy balance is conducted first to solve for vegetation temperature and

corresponding surface fluxes, including the latent heat flux (evaporation) that is then used

in the canopy water balance to obtain the remaining canopy water after evaporation (See

Chapter 3, Section 3.2.2). The wet fraction of canopy of the next time step is then decided

from this remaining canopy water and is used to calculate canopy evaporation of next

time step by solving the energy balance. As the model simulation evolves with time, it

happens that, at some specific time steps when plenty of solar energy is available, the

computed canopy evaporation by solving the energy balance becomes unrealistically
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high, resulting in large decreases in the sensible heat flux by more than 100 W m 2 over

20 minutes. Consequently, the canopy water storage becomes negative by the water

balance, leading to zero wet canopy fraction and thus no canopy evaporation during the

next time step, with any intercepted precipitation or dew water filling the gap of negative

canopy water to conserve water in the system. As a result, to balance available energy,

the sensible heat flux increases significantly from the previous very low value to a very

high value, sometimes by more than 200 W rr1 -2, and vegetation temperature also

increases greatly due to water stresses. However, once the canopy water storage becomes

positive again after several time steps by intercepting precipitation, if any, canopy wet

fraction becomes positive, resulting in unrealistically high canopy evaporation again.

This, combined with transpiration and ground evaporation which are relatively smooth,

generates the "seesaw" pattern of surface fluxes modeled by the coupled SCCM as shown

in Figures 4.4 and 4.6. In this work, much effort has been focused on the interesting fact

demonstrated by Figures 4.3-4.6 that the energy-partitioning problem appears to be most

serious when the land-surface model is running in the coupled mode with the specific

optimal parameter set fet l. This suggests that both land-surface parameters and the

coupling of the two systems—the land surface and the overlying atmosphere—could

greatly influence the model performances in terms of reproducing observed surface heat

fluxes and state variables such as ground temperature. In the next section (4.5),

mechanisms and sources associated with the energy-partitioning problem will be

explored, mainly in terms of effects of land-surface parameters and the coupling between

the land surface and the atmosphere.
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4.5. EXPLORE MECHANISMS AND SOURCES FOR THE PROBLEM

4.5.1. Why is Canopy Evaporation Easily Overestimated?

The simulations show that, for some time steps with a positive wet canopy

fraction ( ), canopy evaporation can easily be overestimated, especially for the

coupled cases. As shown in Eq. (3.1), the canopy energy balance is maintained by

partitioning the absorbed solar energy ( Sr ) into various energy components, including

net long-wave radiation ( Lu), sensible heat (H,), canopy evaporation ( Er), and canopy

transpiration (E'r ). Although these four energy components all increase monotonically

with vegetation temperature, their sensitivities to a unit change in vegetation temperature

differ from one to another. H, is a linear function of vegetation temperature Tv with a

slope usually less than 1; the net long-wave radiation (Lu) is a function of (T, )4 , but the

very small Stefan-Boltzmann's constant (5.67 x10 -8 ) will cancel out the power effect so

that L, does not increase greatly with T ; canopy evaporation and transpiration (E 7a and

E'r) depend on the saturation vapor pressure evaluated at the vegetation temperature

(e.(Tv )), which increases exponentially with Tv and tends to result in high canopy

evapotranspiration at high vegetation temperatures. In addition, the increase in the

a(e.(Tv ))
saturation vapor pressure per unit increase in vegetation temperature	 also

aT,

increases exponentially with T. However, as transpiration from the wetted part of the

canopy is suppressed by evaporation processes, vegetation conductances for transpiration
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( c,' ), usually on the order of 10 -2 , are much smaller than vegetation conductances for

evaporation ( ce , usually on the order of 10 -1 ) for wetted canopies. As a result, for a

wetted canopy under intense solar radiation, the model-estimated potential canopy

evaporation would tend to be much higher than the actual evaporation rate, resulting in

negative canopy water storages.

Shown in Figure 4.7 are the four energy components as functions of vegetation

temperature for both typical wetted canopies (the left plot 4.7a, f,,„ = 0.50) and dry

stressed canopies (the right plot 4.7b, five, =0.0), for the case where the optimal

parameter set f Er t l is applied to the locally coupled model SCCM. In plots 4.7a-b, the

lines of evaporation and transpiration become flat when vegetation temperature is greater

than 323 K, because in the model saturation vapor pressures are calculated using Lowe's

polynomials (Bonan 1996a) that are assumed to be only valid for 223.15 K ^ T ^ 323.15

K. As indicated by plot 4.7a, for an average wetted canopy ( f,,,,, = 0.50), evaporation is

most sensitive to a unit change in T , followed by sensible heat, net long-wave radiation,

a(E") 
and transpiration. In addition, 	 v	 also increases with increasing vegetationaT,

temperature, further contributing to the overestimation of canopy evaporation at high

vegetation temperatures. According to plot 4.7a, the evaporation component (E,v, a )

a(E,")
increases tremendously with vegetation temperature ( 	 � 70 W m-2) and dominatesaT,

all of the other three components (H, , 4, and E t,,r) when vegetation temperature is above
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( f„,„ = 0.0).

300 K. As a result, to balance the large amount of net energy absorbed from intense solar

radiation, high latent heat flux of canopy evaporation will be generated, at the expense of

other energy fluxes which would be too low to be realistic. For example, in the case of

the optimal parameter set {On, if the absorbed solar energy is 500 W 111-2 , then more

than 80% of the energy (400 W 111-2) is used to evaporate water at an amount much larger

than the actual available canopy water, resulting in a relatively low vegetation

temperature of 305 K. If the incoming solar radiation is more intensive and the absorbed

solar energy is more than 500 W 111-2 , the situation would be even much worse because

the differences between evaporation and other energy components keep increasing when

the vegetation temperature increases. In the case of dry canopies, the wet fraction of

80
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canopy is zero (f 	0) so that the vegetation conductance for evaporation c:' is zero

and there will be no evaporation. On the other hand, the vegetation conductance for

transpiration c,"' will be increased compared to the wetted canopy case, but may still be

less than a typical value of cew for a wetted canopy. Consequently, the absorbed energy

will be partitioned into sensible heat, net long-wave radiation, and canopy transpiration

without considerable differences between one another. As can be noted from plot 4.7b, if

the absorbed solar energy is 500 W m -2 , each of the three energy components, except for

canopy evaporation, will be around 160 W rI1-2 with a resulting vegetation temperature

about 310 K. In practice, these two cases always occur in continuous time steps when

plenty of solar energy is available, resulting in sudden increases or decreases in surface

fluxes and vegetation temperature.

4.5.2. Influences of Land-Surface Parameters

Land-surface parameters, especially those related to vegetation, play an important

role in regulating canopy evaporation and transpiration via changing the components in

canopy energy balance (Eq. (3.1)). Although the land-surface parameters interact with

each other and it is difficult to separate the effects of a particular parameter from those of

the others, partial effects of the parameters can be obtained by investigating the

calculations of the components in the canopy energy balance equation. As demonstrated

by the above analysis in Section 4.5.1, canopy evaporation depends on both the

vegetation conductance for evaporation c, which determines how fast canopy

evaporation changes with vegetation temperature, and the absorbed solar radiation by
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vegetation S t , , which determines the balanced vegetation temperature, thus the amount of

canopy evaporation at balance. Accordingly, land-surface parameters can influence the

estimation of canopy evaporation via regulating these two variables. As indicated in Eq.

(3.3), c," is proportional to the wet fraction of vegetation f„,,, and the total leaf and stem

indices (L+S), with the latter set to be constant in the case of this study. The wet

fraction of vegetation f, however, can vary between 0.0 and 1.0, through its

dependence on a variable parameter "ch2op "—the maximum water that can be held by

the canopy per unit leaf and stem area: the smaller the parameter "ch2op ", the larger the

wet fraction f,„, and the larger the vegetation conductance cew, thus the higher the

estimated evaporation. In addition, c ew is also inversely proportional to the leaf boundary

layer resistance which depends on several other parameters, including top of canopy,

momentum roughness length of canopy, displacement height of canopy, and leaf

dimension (Bonan 1996a). If the integrated effect of these parameters is to decrease the

parameter 7;„ then cew will be increased, further enhancing the probability of

overestimating canopy evaporation, and vice versa. The other important factor S„, the

absorbed solar radiation by canopy, can be changed directly by leaf reflectances and

transmittances in VTR and MR regions, which are also variable parameters in this study.

For example, for a given amount of incoming solar radiation, if the leaf reflectances and

transmittances are decreased, the total absorbed solar energy by the canopy will be

increased, resulting in increased vegetation temperature and thus increased potential

canopy evaporation. In addition, other land-surface parameters, including both vegetation
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and soil parameters, such as soil hydraulic and thermal conductivities, will also influence

the estimation of canopy evaporation by regulating soil moisture contents and

temperatures and various atmospheric forcing terms to the land-surface model via the

complicated interactions between the land surface and the atmosphere. In summary, land-

surface parameters can amplify or mitigate the impacts of the deficiency in the

parameterization of canopy evaporation in the LSM, thus potentially playing a role in

regulating canopy evaporation.

The fact that the negative impacts of the parameterization deficiency became

more significant when applying the optimal parameter set { 0°P t } to the models can be

partially explained by comparing the two parameter sets } and {Odef }. In the case of

10°Pt l,"ch2op", which specifies the maximum canopy storage, is 0.04 mm and is much

smaller than in the default case (ch2op= 0.1 mm). This may increase canopy wet

fraction fwet and thus the estimated canopy evaporation. In addition, for the optimal

parameter set { et }, the leaf reflectances in VTR and NW regions and the leaf

transmittances in VIS and NW regions have also been reduced from the default values

(0.11, 0.58, 0.07, and 0.25) to 0.09, 0.44, 0.06, and 0.16, respectively. These decreases in

leaf reflectance and transmittances could result in increased net solar radiation absorbed

by the canopy, which may further contribute to the possibility of high canopy evaporation

estimation. However, as mentioned in the beginning of this section, because the

interactions between the parameters are very complicated, it is difficult to decide, either

qualitively or quantitatively, the final effects that a particular parameter would have on

the estimation of canopy evaporation.
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4.5.3. Experiment with Randomly Generated Parameter Sets

Because serious problems do not occur with the default parameter set {Odd } while

they do occur with the optimal parameter set {00P t } and a conclusive analysis is not

possible, a single run with a specific parameter set, the selected optimal parameter set

{0°Pt } or the default parameter set tel, may not be representative, and no conclusions

about the energy-partitioning problem of the land-surface model can be made. In light of

this, 100 experimental runs were conducted for both off-line and coupled cases, with

randomly generated land-surface parameters to investigate the frequency of the

occurrence of the problems. In order to ensure that the experiments are non-biased, a

random-number generator based on uniform distribution was used, and the 32 land-

surface parameters used for the previous calibration experiment were allowed to vary

simultaneously between reasonable lower and upper boundaries (as given in Table 5.1 in

Chapter 5). Again, appropriate constraints of the parameters were applied to ensure that

the randomly generated parameter sets are physically realistic. For each of the 100

experimental runs, two measurements were made to decide the frequency of the

occurrence of the problem and how serious it is for that specific run. These two

measurements are: (1) the number of time steps for which canopy evaporation increases by more

than 150 W M-2 compared to the last time step, i.e., AE,'a = [(E7 ) — (E,v,a ) _� 150 W M-2

(measurement No. 1); and (2) the number of time steps for which canopy evaporation is

larger than the amount of current canopy water (measurement No. 2). The total number of

time steps for the entire simulation period is 1,261. The purpose of the first measurement

was to examine how frequently the estimated canopy evaporation increased by an
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unrealistic amount over a single time step, and the second measurement was used to

decide how frequently the overestimation of canopy evaporation occurred.

Shown in Figure 4.8 are the histograms of the two measurements for both off-line

and coupled cases. For each of the histograms, the x-axis represents the values of the

specific measurement (the bins are centered at 10, 20, 30, 40...230 time steps), while the

y-axis represents the number of runs. Consequently, the more the centroid of a histogram

shifts to the right, the higher the values of the corresponding measurement for most of the

100 runs, and the higher the frequency of the occurrence of overestimation of canopy

evaporation due to the parameterization deficiency. The histograms indicate that most of

the runs with randomly generated parameters have overestimated canopy evaporation to a

certain degree, and the problem is more serious for the coupled runs. For the off-line

cases, although unrealistic increases of canopy evaporation by 150 W m-2 over a single

time step did not occur for more than 15 time steps according to plots 4.8a, plot 4.8b

indicates that, for more than 95% of the 100 runs, the estimated canopy evaporation was

greater than the available canopy water for at least 35 time steps, mostly within the range

of 40 to 70 time steps. The problem for the coupled cases was even much worse as

indicated by the corresponding histograms (Figure 4.8c-d): about 90% of the 100 runs

had problems of sudden increases of canopy evaporation by 150 W M-2 for at least 25

time steps, with the maximum reaching 95 time steps; for 97% of the 100 runs, the

estimated canopy evaporation was greater than the available canopy water for at least 125

time steps, with the maximum reaching 235 time steps.
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The numerical values of these two measurements, not easily observable from the

histograms, show that among the 100 runs, there was only one run for which the problem

did not occur for either off-line or coupled cases. For the selected optimal parameter set

{ On, the two measurements (No. 1, No. 2) are 8 and 72 for the off-line case and 80 and

165 for the coupled case, respectively. Even for the specific default parameter set {On,

the numbers are 0 and 64 for the off-line case and 28 and 209 for the coupled case,

86
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respectively. For a simulation period of 1,261 total time steps, these numbers are

substantial, considering that overestimation of canopy evaporation only occurs under

intensive solar radiation during the daytime. Although theoretically land-surface

parameters can play a significant role in regulating canopy evaporation as explained in

Section 4.5.1, the consolidated results from this experiment demonstrate that the

parameterization deficiency tends to generate serious negative impacts, regardless of the

land-surface parameters involved. This suggests the necessity of appropriately

parameterizing canopy evaporation to maintain canopy water and energy balances in

land-surface models.

4.5.4. Off-Line vs. Coupled Cases

Also demonstrated by Figures 4.3-4.6 is the fact that, for the off-line LSM

simulations, problems of unrealistically high latent heat associated with the

parameterization deficiency do not occur as frequently as in the coupled environment.

Because the same parameter set was applied, any difference between simulations from

the off-line and coupled cases can be effectively attributed to the complicated two-way

feedbacks between the land surface and the overlying atmosphere available only in the

coupled environment. In other words, the negative impacts of the minor deficiency of the

LSM are exacerbated by the coupling of the two systems—the land surface and the

atmosphere; while in off-line cases, the occurrence of the problem has been suppressed

by realistic observational atmospheric forcings. Further investigations into the impacts of

this minor deficiency indicate that two primary weather conditions are necessary to

generate continuous rapid fluctuations in simulated surface sensible and latent heat fluxes
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as in the coupled cases. First, plenty of solar energy should be available so that vegetation

temperature is high and canopy evaporation can easily be overestimated, as explained in

Section 4.5.2, suggesting that the problem of unrealistically high canopy evaporation can

occur only during daytime after early mornings. In addition, for the same problem to

occur continuously, enough precipitation should be available simultaneously so that the

gap of negative canopy water can be filled over a single or several time steps, easily

resulting in alternate positive and negative canopy wet fractions ( f,„,) and thus

overestimations of canopy evaporation.

The requirement of the concurrence of plenty of solar radiation and intensive

precipitation can be further proved by a comparison of Figure 4.5 with Figure 4.6 for the

off-line case and the coupled case, respectively. As clearly shown in Figure 4.5a-b,

during the first four days of the simulation period, there are two sudden increases in the

simulated latent heat flux and two corresponding sudden decreases in the simulated

sensible heat flux, accompanied by two small daytime precipitation events occurring

around exactly the same two time points during the afternoons of the first day and the

fourth day (Figure 4.5d). These two small rainfall events did not result in continuous

fluctuations in the simulated surface heat fluxes, because the rainfall amounts were too

small to compensate the negative canopy water resulting from previous unrealistic

overestimations of canopy evaporation. There are three other much more intensive

rainfall events which occurred during the nighttime or early mornings when the

overestimation of canopy evaporation has been prevented due to lack of external energy,

such as solar radiation. For the coupled case, unlike the observed precipitation that
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occurred mostly during the nighttime or early mornings, the model-simulated

precipitation occurs mostly during the daytime (Figure 4.6d), following the diurnal cycle

of incoming solar radiation (Xie and Zhang 2000). This situation satisfies the specific

requirement of the concurrences of solar radiation and precipitation, resulting in

continuous rapid fluctuations in the simulated time series of surface fluxes (Figure 4.6a-

b). This suggests that the coupling of the land-atmosphere system may exacerbate the

negative impacts of the minor deficiency in canopy evaporation parameterization and

greatly degrade model performances. Although it has been pointed out by Xie and Zhang

(2000) that the triggering function of convective precipitation in the SCCM has a serious

problem which is mainly responsible for the erroneous daytime precipitation pattern and

the problem can be fixed to some degree, the concurrence of plenty of solar energy and

intensive precipitation, such as a summer thunderstorm, is still possible in the real world.

4.6. A SIMPLE ADJUSTMENT

While the canopy evaporation in the LSM is calculated based on the vapor

pressure deficit of air around the canopy, it should be viewed as potential evaporation at a

specific temperature Ti,, and the actual evaporation can be equal to or much less than the

potential value, depending on the current canopy water available for evaporation.

Accordingly, in land-surface models, it is necessary to constrain canopy evaporation to be

less than or equal to the amount of water intercepted by the canopy. Although Bonan

(1996a) mentioned that taking this into account makes it more complicated to solve the

energy balance for vegetation temperature, a simple adjustment made in this study has

effectively improved the model performance in simulating the surface energy fluxes. To
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prevent the occurrences of negative canopy water, at each time step, canopy evaporation

is constrained to be less than or equal to the current canopy water storage, which can be

determined from the canopy water balance of the last time step. Generally, the larger the

wet fraction of the canopy, the higher the evaporation rate, and the lower the transpiration

rate for the canopy, and vice versa. Accordingly, when the potential canopy evaporation

is much higher than available canopy water and the canopy dries fast, canopy

transpiration will tend to be underestimated if the original canopy wet fraction is still

applied. On the other hand, if it is assumed that the time for evaporating current canopy

water is negligible so that the whole canopy is free to transpire (fwet = 0.0) for those

specific time steps where the maximum evaporation constraint is violated, canopy

transpiration will tend to be overestimated. Consequently, an intermediate approach

needs to be taken so that the estimated transpiration is as close to the actual value as

possible.

In this study, a simple adjustment has been made to take this problem into

account. For each time step, the energy balance as shown in Eq. (3.1) is solved with the

current wet canopy fraction to obtain the potential canopy evaporation ( E 0 ) and other

corresponding energy components ( 4, 0 , H0, and E% ). If the potential canopy

evaporation amount is larger than the available canopy water, the energy balance

equation (3.1) is solved for a second time with a zero wet fraction to obtain another set of

energy fluxes Ev" i , L, 1 , H, 1 , and Evfr i . The quantity E 1 should be zero because the

canopy wet fraction applied is zero. Assuming that the ratio of the available canopy water
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flux to the canopy potential evaporation amount E 0 is fi (if fi is greater than 1, fi is

set to 1), the overall energy fluxes are obtained from the weighted sums of the two sets of

energy fluxes, as follows:

[

E7 = i8E,7 0 + (1— fi)E7
= fiE tvr 0 + )6) E tvr

1 = Ay° + (1- fi)Lvi

H,= 1811, 0 + (1 — )8)H v1

(4.1)

This equation group implies that, for each time step with a length of At , the

canopy evaporates at the potential rate first for a period of fiAt until all of the available

canopy water has evaporated; after that, the canopy becomes totally dry, and the whole

canopy is free to transpire for the rest of the time step ( (1— fi)At ). This adjusted scheme

will prevent the occurrence of negative canopy and at the same time allows the canopy to

evapotranspirate more realistically, generating more smooth evaporation flux and other

surface fluxes. As shown in Figures 4.9 and 4.10, with the adjustment described above,

the surface fluxes simulated by the off-line model with the selected optimal parameter set

{ 0"t } are smooth enough, and the peaks and dips in the time series have been removed.

For the coupled case, the "seesaw" pattern of the surface fluxes disappears, and the

remaining small fluctuations should be attributed to the uncertainties in the atmosphere.

While this adjustment involves no coupling or decoupling processes, the rapid

fluctuations removed can be effectively attributed to the parameterization deficiency,

rather than the well-known numerical stability problem associated with the explicit

coupling of the two interacting systems (the land surface and the atmosphere).
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4.7. SUMMARY AND CONCLUSIONS

In coupled land-surface modeling studies, unexpected fluctuations in the

simulated quantities are commonly attributed to the numerical stability problems

associated with the explicit coupling of the land surface and the atmosphere. In addition,

although some land-surface model users may have been aware of the existence of some

minor parameterization deficiencies in the models, the serious negative impacts of these

deficiencies may be quite unexpected and not well known. The model deficiency

described in this Chapter is associated with an inappropriate assumption about the canopy

evaporation which allows the canopy water storage to be negative and has resulted in

significant negative impacts on model performances; therefore, this model deficiency

should be viewed as a parameterization deficiency rather than a programming or

technical problem.

This chapter provided insights into the importance of appropriately

parameterizing canopy evaporation to maintain canopy water and energy balances in

land-surface models, especially in coupled land surface-atmospheric models. In land-

surface modeling, the evaporation of vegetation can be readily overestimated because of

the specific dependence of canopy evaporation on vegetation temperature and incoming

solar radiation, and also because of the very limited canopy water storage capacity. Using

the off-line LSM and the locally coupled SCCM as examples, this study shows that the

coupling of the land-surface to the atmosphere can significantly exaggerate the negative

impacts of a minor deficiency in implementing canopy evaporation parameterization, i.e.,
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the allowance of negative canopy water storages, thereby greatly degrading model

performances in terms of simulating surface latent heat flux and sensible heat flux.

As demonstrated by the 100 experimental runs with randomly generated land

surface parameter sets, the frequency of the occurrence of unrealistically high canopy

evaporation is too high for this minor deficiency to be ignored, with only 1 out of 100

runs being completely free of the problem of unrealistic overestimation of canopy

evaporation. The results from these experimental runs indicate that land-surface

parameters are not the only important factors in triggering the problems associated with

the parameterization deficiency. In addition, much effort has been placed on exploring

the mechanisms and sources that are primarily responsible for the overestimation of

canopy evaporation. According to this study, the concurrence of two specific weather

conditions is necessary to generate continuous rapid fluctuations in simulated surface

energy fluxes: plenty of solar energy absorbed by vegetation and enough precipitation

during the daytime. In the coupled cases, this requirement is satisfied, and continuous

severe fluctuations have resulted in the simulated surface heat fluxes. Finally, in this

study, a simple adjustment made to the parameterization of canopy evaporation has

effectively prevented the occurrence of negative canopy water, leading to significantly

improved model performances.

The detection of the parameterization deficiency and associated impacts can be

viewed as one of the prerequisites for subsequent off-line and coupled calibration studies.

Without the corresponding adjustment, all the sensitivity analysis and calibration experiments

to be conducted later in this work would be more cumbersome and less meaningful.
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CHAPTER FIVE

SENSITIVITY ANALYSIS AND PARAMETERS

5.1. INTRODUCTION

McCuen and Snyder (1986) defined sensitivity as the rate of change in one factor

with respect to the change in another factor. In the case of a mathematical model,

sensitivity analysis is the study of how the variation in the output of the model can be

apportioned, qualitively or quantitatively, to different input factors (e.g., model inputs

and parameters), offering a valid tool for characterizing the uncertainties associated with

the model. For example, sensitivity analysis can be used to determine the factors that

mostly contribute to model output variability, interactions between factors, and the region

in the space of input factors where the model output variation reaches the maximum. In

this work, to facilitate subsequent calibration experiments on the LSM and the SCCM,

sensitivity analysis was focused on the sensitivities of the Root Mean Square (RMS)

errors of model outputs (mainly latent and sensible heat fluxes and ground temperature)

to selected land-surface and atmospheric parameters. For the atmospheric parameters, the

sensitivities of some model-generated atmospheric forcing variables, including

precipitation, air temperature, and radiation, were also explored.

Different sensitivity analysis methods have been developed and applied to

hydrological and land surface models. Among these methods is the elementary "one at a

time" (OAT) approach (e.g., Daniel 1976; Pitman 1994), where only one factor is

perturbed at each time while the remaining factors are kept constant. Other methods are

mostly derivative-based, including the 2nd order analysis (Sorooshian and Arfi 1982;
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Sorooshian and Gupta 1985); the factorial design (Chatfield 1978; Srivastava 1990); the

Fourier amplitude test (FAST) (Cukier et al. 1973, 1975, and 1978; Collins and Avissar

1994); and adjoint methods (Cacuci 1981; Hall and Cacuci 1982; Errico 1997; Margulis

and Entekhabi 2001). In addition, Bastidas (1998) presented a multi-objective approach

called the Multi-Objective Generalized Sensitivity Analysis (MOGSA) based on the

regional sensitivity analysis method (RSA, Spear and Homberger 1980; Homberger and

Spear 1981).

In this study, to reduce the dimensionality of the parameter space of subsequent

calibration experiments, a simple independent sensitivity analysis based on the "one at a

time" approach (where only one parameter varies each time) was conducted first for both

the off-line LSM and the coupled SCCM to filter out some apparently insensitive

parameters. Then, a more comprehensive sensitivity analysis MOGSA (Bastidas 1998)

was applied to both models to obtain a better understanding of model sensitivities to the

parameters selected by the independent sensitivity analysis. To obtain some predictions

of the testing results using the 9710P data, the sensitivity analyses were conducted for

both 9510P and 9710P data sets (Chapter 3, Section 3.4) for comparison purposes.

5.2. INDEPENDENT SENSITIVITY ANALYSIS

5.2.1. Introduction

As the name suggests, the "one at a time" sensitivity analysis approach allows

only one parameter to vary each time, ignoring the effects of parameter interactions (thus

called the independent sensitivity analysis in this work). However, as a non-expensive



97

preliminary analysis, it enables us to select the subset of the most potentially important

parameters for a subsequent more comprehensive sensitivity analysis.

Initially, 45 land-surface parameters were selected for sensitivity analysis. These

include snow roughness length and thermal conductivity, vegetation roughness length

and displacement height, leaf and stem reflectances and transmittances, soil roughness

length, porosity, hydraulic conductivity, Clapp and Hornberger "b", wilting point, soil

thermal conductivity and heat capacity, soil albedos, and soil layer thicknesses. From a

calibration point of view, initial soil moisture contents of the six soil layers were also

included as varying parameters. In addition, 14 atmospheric parameters, which are

associated with the parameterization of clouds and convective precipitation in the

atmospheric part of the single-column model, were also considered for the sensitivity

analysis within the coupled environment. Appropriate lower and upper boundaries (the

feasible ranges) for the selected parameters were carefully derived from available sources

of information, mainly expert opinions and the literature.

The independent sensitivity analysis experiments were conducted in the following

way: the models (LSM and SCCM) were run continuously for a number of times with a

single parameter varying from it's lower boundary to the upper boundary, increased by

one percent of the feasible range each time; all the other parameters were fixed at a priori

values (hereinafter referred to as default values). Accordingly, for each of the selected

parameters, a total of 101 model runs would be needed to complete the sensitivity

analysis. The mutual physical constraints among parameters, necessary to be considered
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in subsequent MOGSA studies and calibration runs, were not included for this simple

preliminary sensitivity analysis.

5.2.2. Land-surface parameters

Independent sensitivity analysis experiments were conducted for each of the

selected 45 land-surface parameters for the LSM and the SCCM, using the 9510P and

9710P data sets. Hence, four different cases of sensitivity experiments were established:

those with the LSM and 9510P data (LSM-9510P); those with the LSM and 9710P data

(LSM-9710P); those with the SCCM and 9510P data (SCCM-9510P); and those with the

SCCM and 9710P data (SCCM-9710P).

The results indicate that there are 32 land-surface parameters appearing to be

more or less sensitive to the off-line and coupled models. Shown in Figures 5.1-5.4 are

the changes in the RMS errors of latent heat flux (LH), sensible heat flux (SH), and

ground temperature (Tg) as response to 20 typical sensitive parameters varying from the

lower bounds to the upper bounds independently. For each subplot in these figures, the x-

axis represents a varying parameter, while the y-axis gives the RMS errors of heat fluxes

or ground temperature as the parameter varies. Hence, the steeper the response surface

associated with a parameter, the more sensitive the model (LSM or SCCM) to that

parameter in terms of simulating LH, SH, or Tg. For comparison purposes, the results for

all the 4 cases mentioned above (LSM-9510P, LSM-9710P, SCCM-9510P, and SCCM-

97I0P) are presented in a single subplot in plain red, bold red, plain blue, and bold blue,

respectively, with the RMS errors of LH, SH, and Tg simulated with the default parameter
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marked with stars. As can be noticed from Figures 5.1-5.4, for almost all the 20 land-

surface parameters, the default parameter values are not corresponding to the global

minimum of the response surfaces, indicating the potential benefits of optimizing these

parameters to obtain better matching between model simulations and observations.

As shown in Figures 5.1-5.4, the magnitudes of the sensitivities of both models to

different land-surface parameters are different. For the off-line cases, the LSM is most

sensitive to six land-surface parameters including the height of canopy, the Clapp and

Hornberger parameter "b", porosity, hydraulic conductivity, wilting point, and optimal

soil water content for evaporation. The other 14 parameter appear to be less sensitive (but

still sufficiently sensitive), including vegetation roughness length and displacement height,

leaf orientation index, q10 for maximum caboxylation rate at 25 °C, vegetation cover

fraction, soil roughness length, soil matrix potential, specific heat of soil solids,

thicknesses and initial water contents of soil layers. In the coupled cases, although the

response surfaces are less smooth than in the off-line cases due to the non-linear nature of

the coupled model, similar response trends as in the off-line cases can be noticed, with

most of the 20 parameters appearing to be less or as sensitive as they are in the off-line

cases.

Also demonstrated by Figures 5.1-5.4 is the fact that, for most of the 20

parameters, the response surfaces for the LSM-9510P cases are parallel to those for the

LSM-9710P cases, indicating that it is possible to successfully apply the "optimal" land-

surface parameter sets from off-line LSM calibrations to the 9710P data set. In the

coupled cases, although the response surfaces of heat fluxes LH and SH in cases SCCM-
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9510P and SCCM-9710P are still very close to each other, those of ground temperature

Tg are less well parallel to each other in the two cases and even show opposite responses

to the monotonic increases of some parameters such as vegetation roughness length and

displacement height, vegetation cover, soil roughness length, and porosity. This negative

sensitivity correlation might degrade the performance of the coupled model SCCM when

"optimal" parameter sets from the calibration using 9510P data are applied to 9710P

data.

There are other 12 land-surface parameters which are less sensitive than those

given in Figures 5.1-5.4, including the minimum leaf conductance, leaf reflectances and

transmittances in VIS and MR regions, the maximum intercepted water per unit leaf and

stem area, thermal conductivities for dry soil and soil solids, soil albedos in VIS and N1R

regions, and soil layer thicknesses for the third and forth layers. Although these

parameters did not appear to be sensitive in this simple independent sensitivity analysis,

they were found to be sensitive parameters in some other related studies (e.g., Bastidas

1998). Hence, in this work, for completeness, these 12 parameters were also included for

subsequent MOGSA studies and calibration experiments.

For the remaining thirteen parameters, the response surfaces are simply parallel

(or nearly parallel) to the x-axis, indicating that the models are not sensitive to them.

These include two snow parameters (roughness length and thermal conductivity), stem

transmittance and reflectance in VIS and NW regions, monthly stem and leaf area

indices, dry soil albedos in VIS and NW, soil layer thicknesses and initial soil water

contents for the deepest two layers. The reasons for model insensitivities to these
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parameters (or initial conditions) are straightforward: the change in snow parameters

should not influence model simulations since the simulation periods were in the summer,

when there is no snow in the ARM-CART SGP site; vegetation in the simulation periods

was mostly crops, for which stems do not constitute a significant amount of the

vegetation, leading to model insensitivities to the stem radiative transfer parameters;

changes in stem and leaf area indices should not play an important role due to the short

simulation periods; dry soil albedos have little influence because soils are seldom

completely dry; and finally, soil thicknesses and initial moisture contents for the deepest

two layers (the 5th and 6th layers) should not significantly influence the water and energy

transfers with the atmosphere at the surface due to the depth into the ground and also the

short simulation periods.

Based on the results of this simple independent sensitivity analysis, 32 land-

surface parameters were selected for the subsequent MOGSA studies and off-line and

coupled calibration experiments. Among these selected parameters, twelve are associated

with vegetation (i.e., crop); sixteen are related to soil textures; and the remaining four are

initial soil moisture contents. Table 5.1 provides the descriptions of the 32 parameters,

the corresponding feasible lower and upper boundaries (for MOGSA and calibration

experiments), as wells as their default values in the land-surface model.
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Table 5.1. Land -surface parameters selected for MOGSA and calibration experiments      

NO Name Default Lower Upper Description [units]            

12 parameters associated with vegetation (vegetation type = 11, crop)

1 zomvt 0.06 0.02 1 Momentum roughness length of vegetation [m]

2 zpdvt 0.34 0.1 1.5 Displacement height [m]

3 bp 2000 1000 3000 Minimum leaf conductance [umol/m 2/s]

4 rhol1 0.11 0.07 0.11 Leaf reflectance in VIS
5 rhol2 0.58 0.35 0.58 Leaf reflectance in NIR

6 taul1 0.07 0.05 0.07 Leaf transmittance in VIS
7 taul2 0.25 0.1 0.25 Leaf transmittance in NIR

8 xl -0.3 -0.04 0.6 Leaf orientation index
9 ch2op 0.1 0.05 0.5 Maximum intercepted water per unit lai+sai [mm]

10 hvt 0.5 0.35 1 Top of canopy [m]

11 avcmx 2.4 1 3 q10 for maximum caboxylation rate at 25°C

12 cover 0.85 0.3 0.98 Vegetation cover [%]

16 parameters associated with soil (soil color = 8)

13 rlsoi 0.05 0.004 0.1 Roughness length of soil [m]
14 watsat 0.435 0.33 0.66 Volumetric soil water content at saturation (porosity)

15 hksat 4.19E-03 1.00E-05 0.1 Hydraulic conductivity at saturation [mm H 20 Is]
16 smpsat -207 -750 -30 Soil matrix potential at saturation [mm]
17 bch 5.772 3 10 C lapp and Hornberger "b"
18 watdry 0.122 0.02 0.5 Water content when evapotranspiration stops
19 watopt 0.331 0.2 0.8 Optimal water content for evapotranspiration

20 tksol 7.065 4 10 Thermal conductivity, soil solids [W/m/K]
21 tkdry 0.15 0.1 3 Thermal conductivity, dry soil [W/m/K]
22 csol 2.20E+06 2.00E+05 5.00E+06 Specific heat capacity, soil solids [J/m3/K]
23 albsat1 0.05 0.05 0.12 VIS saturated soil albedo
24 albsat2 0.1 0.1 0.2 NIR saturated soil albedo

25 dzsoi1 0.05 0.2 0.2 Thickness for the 1st soil layer [m]
26 dzsoi2 0.1 0.6 0.8 Thickness for the 2nd soil layer [m]
27 dzsoi3 0.2 1 1.5 Thickness for the 3rd soil layer [m]
28 dzsoi4 0.6 2 2 Thickness for the 4th soil layer [m]

4 initial soil moisture conditions

29 h2osoi1 0.3 0.01 0.4 Initial volumetric soil water content, 1st layer
30 h2osoi2 0.3 0.1 0.5 Initial volumetric soil water content, 2nd layer
31 h2osoi3 0.3 0.15 0.66 Initial volumetric soil water content, 3rd layer
32 h2osoi4 0.3 0.2 0.66 Initial volumetric soil water content, 4th layer
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5.2.3. Atmospheric Parameters

Initially, 14 atmospheric parameters were considered for the independent

sensitivity analysis. These parameters are associated with the physical parameterizations

of cloud fractions, deep convection, shallow/middle moist convection, planetary

boundary layer (PBL) height, and vertical diffusions. Because atmospheric parameters

exist only in the coupled model SCCM, there were only two different cases of sensitivity

experiments to be conducted: SCCM-9510P and SCCM-9710P. For these coupled cases,

in addition to the sensitivities of model simulated surface heat fluxes (LH and SH) and

state variable (Tg), those of three important atmospheric forcing variables were also

analyzed, including precipitation (Precip.), downward net radiation at the surface (Rnet),

and air temperature (Ta) at the top of the bottom layer of the SCCM.

There are four parameters related to deep convection, including the threshold

value of the convective available potential energy (CAPE) for deep convection (capelmt),

the adjustment time scale for CAPE consumption (tau), maximum fractional entrainment

rate of updrafts (fmax), and a proportionality factor for the downdraft mass flux profile

(alfa). Another four parameters are associated with cloud fraction calculation, including

the threshold values of relative humidity for low and high cloud formation (rhminl and

rhminh), a coefficient for calculating column convective cloud amount (Cconv), and the

reduction on rhminl (rhccn) for enhanced cloud drop nucleation over land areas rich in

cloud condensation nuclei (CCN). While a brief summary of the model physics

associated with these parameters is provided in Appendix A, interest readers are also
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referred to Kiehl et al. (1996 and 1998) for details about how these parameters are

involved in the parameterization of cloud fraction and deep convection in the model.

The results from the independent sensitivity analysis indicate that the eight

parameters associated with deep convection and cloud formation appeared to be

considerably sensitive in the coupled environment. Figure 5.5 shows the sensitivities of

the three surface variables (LB, SH, and Tg) to five typical atmospheric parameters

(capelmt, tau, alfa, rhminl, and rhccn). The sensitivities of the three atmospheric forcing

variables (Precip., Rnet, and Ta) to the same five parameters are shown in Figure 5.6. As

indicated by the two figures, the sensitivities of these 6 variables show similar trends for

the two different data sets, except that ground and air temperatures response in opposite

directions for 9510P and 9710P data sets when three of the parameters (alfa, rhminl, and

rhccn) vary monotonically from their low boundaries to the upper boundaries. For the

cases of latent heat, precipitation, and net radiation, the response surfaces for the two

different data sets are very close to each other, showing that these variables are not

sensitive to the two data sets in the coupled environment.

The other three parameters related to deep convection and cloud formation (fmax,

rhminh, and Cconv, not shown in Figures 5.5 and 5.6), although appearing less sensitive

than the five parameters mentioned above, were also considered in subsequent MOGSA

and calibration experiments. Summarized in Table 5.2 are the descriptions of the eight

atmospheric parameters, as well as their default values in the SCCM and feasible ranges

to be used for MOGSA and calibration experiments.
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Table 5.2. Atmospheric parameters selected for MOGSA and calibration experiments

4 Parameters associated with deep convection

1 capelmt 70 0.01 3000 Threshold value of CAPE for deep convection [J/kg]

2 tau 7200 2400 9600 Adjustment time scale for CAPE consumption [sec]

3 fmax 0.0002 0.0001 0.0005 Maximum fractional entrainment rate of updrafts

4 alfa 0.1 0.01 0.5 Proportionality factor for downdraft mass flux profile

4 Parameters associated with cloud fraction

5 rhminl 0.9 0.7 0.98 Minimum relative humidity for low cloud formation

6 rhminh 0.9 0.7 0.98
Minimum relative humidity for mid-level and high cloud
formation

7 Cconv 0.035 0.01 0.06 Coefficient for calculating column convective cloud

8 rhccn 0.1 0.05 0.3
Reduction on "rhminl" for enhanced cloud drop
nucleation over CCN rich land areas

According to this independent sensitivity analysis, the SCCM are not sufficiently

sensitive to the remaining six atmospheric parameters, including the minimum vertical

diffusion coefficient Kn„,, the critical Richardson number for PBL height computation

Ri„, and four parameters related to shallow/middle moist convection: the minimum

convective detrainment Arun) the characteristic adjustment time scale for convection 1", the

cloud-water to rain-water auto-conversion coefficient co, and the minimum depth for

precipitating convection &nun. Hence, these six parameters were not included in the

MOGSA and calibration studies in this work. The reasons leading to the insensitivities of

the coupled model SCCM to these parameters are not well known at the present time and

should remain for further research.
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5.3. MULTI-OBJECTIVE GENERALIZED SENSITIVITY ANALYSIS (MOGSA)

5.3.1. Introduction

The Multi-Objective Generalized Sensitivity Analysis (MOGSA, Bastidas 1998)

was developed as an extension of the Regional Sensitivity Analysis (RSA, Spear and

Hornberger 1980; Hornberger and Spear 1981). The RSA methodology determines the

sensitivities of individual parameters by examining whether a priori distributions of the

parameters separate under a specific behavioral classification via the Kolmogorov-

Smirnov (K-S) two-sample test: the smaller the K-S probability, the more sensitive the

parameter. By using Pareto ranking (Goldberg 1989) as the technique for selecting the

discriminatory threshold for behavioral and non-behavioral parameter sets, MOGSA

takes into account the multi-objective nature of typical sensitivity problems of

hydrological, land-surface, and atmospheric models. In addition, bootstrapping (or

resampling) has been introduced into MOGSA to minimize the influences of sampling on

the outcome of the sensitivity analysis.

In practice, a number of samples (i.e. parameter sets) are randomly chosen from

the pre-defined feasible parameter space and are then divided into behavioral and non-

behavioral sets based on Pareto ranking. The K-S test is then performed on the two sets to

decide the multi-criteria (or global) sensitivity of each of the individual parameters. The

bootstrapping procedure is included to reduce the dependence of parameter sensitivities

on a particular sampling. This whole process is repeated with successively increased

sample sizes until the total number of sensitive parameters stabilizes. Once the global
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sensitivities have been decided, the corresponding quantile of the objective function value

is used as the discerning threshold to decide the sensitivity to a single objective.

In this work, for all MOGSA experiments, sample sizes were successively

increased from 500 to 750, 1,000, 2,000, 3,000, 5,000, 8,000, 10,000, 12,000, 15,000,

18,000, until 20,000, and four different Pareto ranks (5, 10, 15, 20) were used as the

threshold values. For robustness, 200 bootstraps were used for all samplings. In addition,

the median of the K-S statistic was used as the indicator of sensitivity at two particular

levels (0.01 and 0.05). Besides the multi-criteria sensitivities of LH, SH, and Tg, single-

objective sensitivity experiments were also conducted for each of the three variables.

Similar to the independent sensitivity analysis, four different categories of

MOGSA experiments (LSM-9510P, LSM- 9710P, SCCM-9510P, SCCM- 9710P) were

performed for the 32 land-surface determined from the previous "one at a time"

sensitivity analysis. For the eight atmospheric parameters, there are only two categories

to be conducted: SCCM-9510P and SCCM-9710P. To explore the interactions between

the land-surface and atmospheric parameters, each of the coupled categories (SCCM-

95I0P and SCCM-9710P) was further divided into three different sub-categories as

follows:

• Random sampling within the 32-dimentional land-surface parameter space only,

with all the atmospheric parameters fixed at their corresponding default values;

• Random sampling within the 8-dimentional atmospheric parameter space only,

with all the land-surface parameters fixed at their corresponding default values;
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• Random sampling within the 40-dimentional combined land-surface and

atmospheric parameter space;

5.3.2. MOGSA for Land Surface Parameters

For the sensitivities of land-surface parameters, there are three different cases for

each of the two data sets (9510P and 9710P) as follows:

• Case Li: sensitivities within the off-line LSM framework;

• Case L2: sensitivities within the coupled SCCM framework, with random

sampling within the land-surface parameter space only;

• Case L3: sensitivities within the coupled SCCM framework, with random

sampling within the combined land-surface and atmospheric parameter space;

The MOGSA results for these three cases of the land-surface parameter

sensitivities are presented in the following three subsections, where the three cases are

referred to as cases Li, L2, and L3, respectively.

5.3.2.1.MOGSA for the Off-line LSM (Case L1)

MOGSA experiments were conducted for the off-line LSM with the 32 pre-

selected land-surface parameters for both 9510P and 9710P data sets. The dependences

of global sensitivity of the parameter on the number of the points in the sample for 9510P

and 9710P data are shown in Figures 5.7 and 5.8, respectively, where the number of

parameters sensitive at the significance level of either 0.05(upper plots) or 0.01(lower

plots) is shown as a function of the number of points in the sample for the four different

Pareto rank levels (5, 10, 15, 20). The general goal of the MOGSA procedure is to choose

a sample size where the curve for a particular rank starts to flatten out with the highest
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number of sensitive parameters. However, in this work, a sample size that can sufficiently

satisfy the minimum size requirements of all the cases were used to facilitate the comparison

of different MOGSA experiments. For example, in the case of off-line LSM, a sample

size of 10,000 and the Pareto rank level of 10 were used for both 9510P and 971013 data

sets (marked as red circles in Figures 5.7 and 5.8). In fact, results from subsequent

MOGSA experiments showed that this combination (10,000 points in sample size and

Pareto rank 10 for threshold) was the most appropriate choice for all cases, off-line or

coupled. Accordingly, for all the MOGSA experiments, a sample size of 10,000 and the

Pareto rank 10 (with a couple of exceptions of rank 5) were used to decide global

sensitivities and corresponding quantiles for the sensitivities to single objectives.

Shown in Figure 5.9 are the global and single objective (LH, SH, and Tg) K-S

probabilities of the 32 land-surface parameters in the off-line 1—SM framework for 951013

(black) and 9710P (gray) data sets. In this work, the parameters with a K-S probability

less than 0.05 (marked with solid lines in Figure 5.9) are considered to be sensitive, and

those with a K-S probability less than 0.01 (marked with dashed lines in Figure 5.9) are

considered to be highly sensitive; insensitive parameters correspond to those short bars

with K-S probabilities higher than 0.05 (please note the y-axes are in a reverse direction).

As expected, there are differences between the MOGSA results and those from

the previous independent sensitivity analysis. The two different analyses, however, share

some common highly sensitive parameters, including top of canopy hvt, vegetation cover

fraction cover, and some soil parameters such as porosity watsat, roughness length rlsoi,

soil matrix potential smpsat, wilting point watdry, and optimal soil water for evaporation
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watopt. These parameters are also highly sensitive from the multi-criteria point of view

according to the MOGSA experiments. In addition, some of parameters have appeared to

be insensitive in both independent sensitivity and MOGSA experiments, including minimum

leaf conductance bp, vegetation refleetances and transmittances (rholl , rhol2, taull , tau12),

and soil albedos (albsatl and albsat2).

As shown in Figure 5.9, although some globally sensitive parameters are also

sensitive to all the three single objectives (e.g., hvt, cover, rlsoi, smpsat, watdry, watopt,

dzsoil, and h2osoil), the sensitivities of an individual parameter for different objectives

(global objective, LH, SH, and Tg) can be different. For example, the globally sensitive

parameter leaf orientation index x/ is sensitive for both SH and Tg, but not for LH, which

is also true for the thicknesses of the second and third layers (dzsoi2 and dzsoi3) in the

case of 9710P data. Overall, latent heat flux has less sensitive parameters compared to the

other two variables (sensible heat and ground temperature). Generally speaking, although

parameters highly sensitive for single objectives do not necessarily possess high global

sensitivity, a parameter that is insensitive for all the three single objectives also appears

to be globally insensitive (except for vegetation reflectance and transmittance in the NIR

region rhol2 and taul2).

Also indicated in Figure 5.9 is the fact that, although there are exceptions (e.g.,

vegetation roughness length zomvt, displacement height zpdvt, and NIR reflectance and

transmittance rhol2 and tau12), most of the globally sensitive (insensitive) parameters for

the 9510P data set are also sensitive (insensitive) for the 9710P data set. And the same is

true for single objective sensitivities for the two data sets.
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5.3.2.2.MOGSA for the Coupled SCCM (Case L2)

In this case, MOGSA was performed within the coupled SCCM framework to

explore the sensitivities of the land-surface parameters, with all the atmospheric

parameters fixed at their corresponding default values. The results for the two data sets

(9510P and 9710P) are shown in Figure 5.10. As expected, the sensitivities of some land-

surface parameters have changed in the coupled environment compared to their

sensitivities in the off-line case Li shown in Figure 5.9. Most noticeable are the increases

in the number of globally sensitive parameters in the coupled environment for the 9710P

data case (25, compared to 20 in case L1) and the number of sensitive parameter for LH

for both data sets (22 and 21 for 9510P and 9710P, respectively, compared to 15 and 17

in case L1). Some of the parameters, which appeared to be insensitive to LH in the off-

line case, start to show high LH sensitivities for both data sets, including vegetation

reflectance and transmittance in the NIR region rhol2 and taul2, and specific heat

capacity of soil solids cso/. These results are incompatible with those observed in the

independent sensitivity experiments where in the coupled cases most parameters appear

to be less or as sensitive as in the off-line cases, indicating the importance of the

inclusion of parameter interactions in sensitivity analysis. The coupled environment,

however, seems to have less influences on the parameter sensitivities for SH and Tg as

shown in Figures 5.9 and 5.10.
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5.3.2.3.MOGSA for the Coupled SCCM (Case L3)

When the MOGSA was performed for the coupled SCCM within the combined

land-surface and atmospheric parameter space, some complicated interactions between

the land-surface parameters and the atmospheric parameters might be introduced into the

coupled system. Shown in Figure 5.11 are the sensitivities of the land-surface parameters

in this case, for which the sensitivities of the atmospheric parameters will be presented

separately in Subsection 5.3.3.1.

When compared with case L2 shown in Figure 5.10, the most remarkable change

in case L3 is the decrease in the number of sensitive land-surface parameters for Tg from

22 and 19 to 15 and 11 for 9510P and 9710P data, respectively. As shown in Figure 5.11,

when the interactions between the land-surface parameters and the atmospheric parameters

are introduced, some highly sensitive parameters for Tg in case L2, such as top of

vegetation hvt, vegetation cover fraction cover, wilting point watdry, optimal water

content for evaporation watopt, and the initial soil water contents, have become less

sensitive or completely insensitive in case L3. Similarly, there are more globally

insensitive land-surface parameters in case L3 than in case L2, indicating that the

interactions between the land-surface parameters and the atmospheric parameters also

have some influences on the global sensitivities of land-surface parameters. In addition,

the parameter sensitivities for the two surface heat fluxes in case L3 are also different

from those in case L2. For example, for the latent heat flux, some insensitive vegetation

parameters in case L2 such as the minimum leaf conductance bp and vegetation reflectance

and transmittance in VIS region rholl and taull become highly sensitive in case L3.
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5.3.3. MOGSA for Atmospheric Parameters

For atmospheric parameters, sensitivities analyses were only possible in the

coupled SCCM framework, with random sampling within either the combined land-

surface and atmospheric parameter space or the 8-dimentional atmospheric parameter

space (hereinafter referred to as cases Al and A2, respectively). As in the previous

independent sensitivity analyses, sensitivities of the atmospheric parameters were

explored for six objectives, including LH, SH, Tg, as well as the three important

atmospheric forcing variables (precipitation, net radiation, and air temperature). To make

the analyses less complicated, MOGSA experiments were conducted separately for the

land-surface variables and the atmospheric variables in both cases (Al and A2).

Accordingly, for each of the two cases, in addition to the six single objectives, there are

two global objectives, one for LH, SH, and Tg and the other for precipitation, net

radiation, and air temperature.

5.3.3.1. MOGSA for the coupled SCCM (Case Al)

This is actually the same case as L3 presented in Subsection 5.3.2.3, where

MOGSA experiments were conducted for both land-surface and atmospheric parameters

simultaneously in the coupled environment. Shown in Figures 5.12 and 5.13 are the

global and single objective sensitivities of land-surface fluxes/variables (LH, SH, and Tg)

and those of atmospheric variables (Precip., Rnet, and Tair), respectively. As indicated by

Figures 5.12 and 5.13, most of the 8 atmospheric parameters are globally sensitive to

both land-surface fluxes/variables and atmospheric forcing variables. For the single
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Figure 5.12. SCCM sensitive atmospheric parameters for LH, SH, and T, for 9510P and 9710P data

sets (MOGSA for both land and atmospheric parameters)
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objectives of the six variables (LH, SH, Tg, Precip., Rnet, and Taff), the parameter

sensitivities are different from one variable to another: all of the eight atmospheric

parameters are sensitive for LH for both 9510P and 9710P data sets; Rae has six sensitive

parameters in the case of 9510P data and eight sensitive parameters in the case of 9710P

data; Precip. is sensitive to five parameters for both data sets; and SH, Tg , and Tair have

no more than five sensitive atmospheric parameters for both data cases.

Among the eight atmospheric parameters, three parameters, including the CAPE

threshold value (capelmt), minimum relative humidity for low clouds (rhminl), and the

reduction on rhminl for CCN rich areas (rhccn), are sensitive for both global and single

objectives of all the six variables (LH, SH, Precip., Rnet, and Taff) for both 9510P and

9710P data sets, except that rhccn is not sensitive to Precip. and Tai r in the case of 9710P

data. In addition, for both data sets, although rhminh and Cconv are highly sensitive for

LH, they appear to be insensitive for SH, Tg, Precip., and Tair. The other three

atmospheric parameters (tau, fmax, and alfa) are generally sensitive for LH, Precip., and

Rnet, but appear to be insensitive for SH, Tg, and Tait.

5.3.3.2. MOGSA for the coupled SCCM (Case A2)

In this case, the MOGSA experiments were conducted for only the atmospheric

parameters in the coupled environment. Shown in Figures 5.14 and 5.15 are the global

and single-objective sensitivities for the land-surface fluxes/variables (LH, SH, and Tg)

and the atmospheric variables (Precip., Rner, and Tair), respectively. As can be noticed

from Figures 5.14 and 5.15, when the land-surface parameters are not involved in the

sensitivity analysis, LH has less sensitive parameters and the numbers of sensitive
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parameters for SH, T g and has been increased compared to Case Al where land-

surface parameters were involved in the sensitivity analysis. The three parameters,

capeinn, rhminl, and rhccn that are highly sensitive in case Al, are still highly sensitive

for all the six variables for both 9510P and 9710P data sets in Case A2. In addition,

although rhminh and Cconv are insensitive for SH and T in Case Al, they appear be to

be sensitive parameters for SH and Tg in Case A2.

Figure 5.14. SCCM sensitive atmospheric parameters for LH, SH, and T, for 9510P and 9710P data
sets (MOGSA for atmospheric parameters only)
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5.4. SUMMARY AND CONCLUSIONS

In this chapter, the results from the independent sensitivity analysis (the "one at a

time" approach) and the multi-objective sensitivity analysis using MOGSA have been

presented and analyzed, with 32 land-surface parameters and eight atmospheric

parameters selected for the subsequent off-line and coupled calibration experiments

which are to be presented in Chapters 6 and 7, respectively.

For the simple independent sensitivity analysis, because the interactions between

parameters and those between objectives have been ignored, the sensitivities of individual

parameters, although somewhat different from case to case, are quite straightforward and

self-explanatory. For most of the land-surface parameters, the response surfaces of the

off-line LSM show the same trend as those of the coupled SCCM, with the latter being

less smooth due to, probably, the uncertainties and non-linearity in the coupled model. As

far as the two data sets (9510P and 9710P) are concerned, the response surfaces of the

surface fluxes/variables for most of the land-surface parameters for the two data sets are

generally parallel to each other in the off-line case, implying that one of the data sets

could be successfully used to test the "optimal" land-surface parameter sets from the off-

line calibration experiments using the other data set. While this is not always true for the

land-surface and atmospheric parameters in the coupled case where the response surfaces

of ground and air temperatures for some parameters show opposite trends for the two data

sets, the response surfaces of surface heat fluxes, precipitation, and net radiation for most

of the parameters still follow each other in the trends for the two data sets in the coupled

environment.
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For the multi-objective MOGSA experiments, the sensitivities of parameters vary

considerably from case to case due to the interactions between different parameters and

objectives, making the results more complicated and difficult for analysis. Generally

speaking, when the sensitivities of land-surface parameter are explored in a coupled

environment (Case L2), there are more land-surface parameters appearing to be sensitive

for the global objective and latent heat compared to Case Li where the sensitivities of

land-surface parameter are explored in an off-line environment. However, when the

MOGSA experiments are conducted for both land-surface and atmospheric parameters

simultaneously in the coupled environment (Case L3), the number of parameters sensitive

for ground temperature is greatly reduced compared to the other two cases (Li and L2).

For the eight atmospheric parameters, sensible heat, ground temperature and air

temperature have more sensitive parameters when the sensitivities of atmospheric

parameters are explored alone in the coupled environment (Case A2), compared to Case

Al where the sensitivities of the atmospheric parameters are explored together with those

of the land-surface parameters.

As land-surface models have to be eventually used with climate models in a

coupled environment, the above findings from the MOGSA experiments are quite

significant in that they have identified the critical influence that the coupled environment

would have on model sensitivities to land-surface parameters, thus providing some

reliable references for testing and validation of land-surface parameterizations in a

coupled environment.
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CHAPTER SIX

OFF-LINE LSM CALIBRATION

6.1. INTRODUCTION

Although in this work most of the efforts were to be focused on the calibration

experiments in a coupled environment using the land-surface and atmospheric parameters

selected by the independent sensitivity analysis, some preliminary calibration runs for the

off-line LSM were also conducted. The purpose was to, by comparing the calibration

results from the off-line cases with those from the coupled cases, determine the influence,

if any, that the interactions between the land surface and the atmosphere would have on

the identification of "optimal" parameters of a land-surface model, and the benefits or

disadvantages, if any, of calibrating a land-surface model in a coupled environment. In

addition, the off-line LSM calibration could provide a valid "optimal" parameter set for

use in subsequent step-wise calibration experiments in the coupled environment.

The Root Mean Square (RMS) error was used as the objective function for all

calibration experiments (both off-line and coupled) through the whole work. In this

chapter, the results from the calibration of the off-line LSM with 9510P data using both

the multi-objective algorithm MOCOM and the single-objective algorithm SCE

(described in Chapter 2, Section 2.2) will be presented and analyzed. In addition, the

testing results by applying the "optimal" land-surface parameter sets from the calibration

with the 9510P data to the 9710P data will also be described and analyzed. Details of the

two TOP data sets can be found in Chapter 3 (Section 3.4).
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6.2. OFF-LINE CALIBRATIONS

6.2.1. Overview

The off-line LSM was calibrated with respect to the selected 32 land-surface

parameters (Table 5.1, Chapter 5) and 9510P data using both MOCOM and SCE

algorithms. For all the off-line calibration experiments, efforts have been focused on

matching the LSM simulations of the two surface heat fluxes (latent heat LH and sensible

heat SH) and the state variable ground temperature Tg to their corresponding observations

from the 9510P data set. While observations for soil moisture, another state variable that

has also been commonly used in calibration studies of land-surface models, are not

available in the 9510P data set, this variable was not used in the calibrations in this work.

A number of calibration runs were conducted using the single-objective

calibration algorithm SCE to minimize the RMS errors of different combinations of the

three objectives of LH, SH, and Tg, including cases of {L111, {SH}, {Tg }, {LH, SHI,

{LH, Tg }, {SH, Tg }, and {LH, SH, Tg }. For the latter four cases, because more than one

objectives were involved in the calibration, the weighting sums of the objectives were

used for SCE to achieve a "multi-objective" purpose. To comprise an approximate Pareto

front in the objective space as the multi-objective algorithm does, several SCE runs were

conducted for each case with different weighting schemes (see Section 2.2.4 for details).

For example, in the case of ILH, SHI where LH and SH, but not Tg, were used in the

calibration, five weighting schemes were established, with the weights for the objectives

of LH and SH being 1) 0.95 and 0.05, 2) 0.7 and 0.3, 3) 0.5 and 0.5, 4) 0.3 and 0.7, and 5)

0.05 and 0.95, respectively. For the convenience of presentation, in this dissertation,
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variables used directly in the calibrations are referred to as "calibration variables", and

those not directly used in the calibrations but the RMS errors are calculated for evaluation

purposes are referred to as "evaluation variables". For example, in the case of {LH, SH} ,

LH and SH are the calibration variables while Tg is an evaluation variable. This

convention also applies to all other calibration cases (off-line or coupled) presented in

this work.

When the "optimal" solutions from all the SCE calibration cases mentioned above

are combined for Pareto ranking, the strong correlation between the objectives of LH and

SH can be observed as shown in Figure 6.1, where the Pareto fronts for the three

objectives (RMS errors of LH, SH, and Tg) are presented in two-dimensional projections

of the three-dimensional objective space. As indicated by the color-coding based on the

sum of RMS errors of LH and SH, the objectives of the two heat fluxes (LH and SH) are

highly correlated, and there exists a trade-off relationship between the objective of the

state variable Tg and those of the heat fluxes. In other words, while better solutions for

one of the heat flux correspond to better solutions for the other heat flux, better solutions

for Tg , however, may lead to high errors in LH and SH, and vise versa.

For the multi-objective cases, MOCOM was performed to optimize the three

objectives (RMS errors of LH, SH, and Tg) simultaneously with two different population

sizes of 250 and 500 samples. The optimization results indicated that the "optimal" solutions

for the 250-sample case were not well converged and associated with errors of LH, SH, and

Tg much larger than those from the 500-sample case. Hence, in this work, the results from

the calibration run with 500 sample points will be used for analysis and comparison.
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Figure 6.1. Objective function values corresponding to the Pareto solutions of all SCE calibrations of
the LSM using 9510P data

Table 6.1 provides a comparison of objective function values (RMS errors) for the

default case (with default land-surface parameters), the multi-objective calibration case

(with 500 samples), and three single-objective calibration cases “LH), {SH}, and {Tg })

where the three objectives were optimized separately. As shown in Table 6.1, compared

to the default case, both multi-objective and single-objective calibrations have

considerably reduced the objective function values of the two heat fluxes (LH and SH)

and the state variable Tg, indicating the success of parameter optimization.
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Table 6.1. RMS errors from MOCOM and SCE calibrations compared to those of the default case

Cases

_

Root Mean Square (RMS) Error

Latent Heat
(W/m2)

Sensible Heat
(w1m2)

Ground Temp.
(K)	

_
Default 48.5 64.4 2.11

MOCOM
(LH, SH, and Tg )

Average 23.7 21.4 0.62

Best LH 22.8 21.1 0.79

Best SH 23.8 20.5 0.78

Best Tg 25.8 24.8 0.53

Worst LH 25.9 24.3 0.54

Worst SH 25.8 24.8 0.53

Worst Tg 23.2 20.6 0.95

SCE

{LH} 18.3 20.2 2.52

{SH} 35.9 13.8 3.83

{TO 53.2 67.7 0.36

In the multi-objective case, the sample-average RMS errors of LH, SH, and Tg are

23.7 W 111-2, 21.4 W 111-2, and 0.62 K, respectively, with the lowest RMS errors for LH,

SH, and Tg being 22.8 W m 2 , 20.5 W 111-2, and 0.53 K, respectively. Compared to the

default case where the RMS errors for LH, SH, and Tg are 48.5 W 111-2 , 64.4 W m -2, and

2.11 K, respectively, the multi-objective calibration has achieved significant reductions

of 50%, 67%, and 75% on the RMS errors of LH, SH, and Tg , respectively. In the single-

objective cases, the SCE runs achieved even better results than the multi-objective case

on the calibration variables (18.3 W m -2 , 13.8 W Tr1-2, and 0.36 K for LH, SH, and Tg ,

respectively). However, these improvements on the calibration variables are obtained at

the expense of higher objective function values of other evaluation variables. For

example, in the case of {Tg } where Tg is the only calibration variable, although an
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optimal solution for Tg with a small error of 0.36 K has been achieved, the performances

on the other two evaluation variables (LH and SH) are greatly degraded, leading to higher

RMS errors of 53.2 W m 2 and 67.7 W m -2 for LH and SH, respectively, which are even

worse than those in the default case. This was also the case found in other related studies

(e.g., Bastidas 1998; Bastidas et al. 2002). As the main goal in this work is to obtain

better solutions for all of the three variables, compromise solutions as achieved in the

multi-objective calibration case are more desirable than some extreme solutions obtained

from SCE runs. Accordingly, the single-objective calibration results are not included in

the more detailed analysis of the optimal parameter and objective spaces and time series

as presented in the following Subsection 6.2.2.

6.2.2. Multi-objective Calibration Results

The results analyzed in this subsection are from the multi-objective calibration

run (with 500 sample points and the 9510P data) mentioned above in section 6.2.1. The

analysis will be focused on the parameter space composed of the final population from

the calibration (i.e., the Pareto front), the corresponding objective space, and the time

series simulated by the off-line LSM with the Pareto parameter sets (hereinafter referred

to as "optimal" parameter sets).

Shown in Figure 6.2 is the normalized space of the optimal parameter sets from

the calibration. The x-axis gives the 32 land-surface parameters, while the y-axis presents

the optimal values of each parameter, normalized between corresponding upper and

lower boundaries. As can be noticed in Figure 6.2, the optimal parameter sets have

converged to a sufficiently small region, indicating that the model is sensitive to the 32
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land-surface parameters selected for optimization. Generally speaking, the more sensitive

a parameter is, the better the optimal values of the parameter converge. In this sense, the

optimal parameter space is generally consistent with the results of the independent

sensitivity analysis and the multi-objective MOGSA studies presented in Chapter 5, with

most sensitive parameters (e.g., NW transmittance of vegetation tau12, leaf orientation

index x/, porosity watsat, saturation hydraulic conductivity hksat, saturation soil matrix

potential smpsat, Clapp and Homberger parameter "h" bch, and wilting point watdry)

better converged and less sensitive parameters (e.g., vegetation reflectances rholl and

rhol2, vegetation cover fraction cover, soil albedo in NW region albsat2, and the depth of

the forth layer dzsoi4) less well converged. Also can be noticed from Figure 6.2 is the

fact that the optimal values of most of the parameters are considerably different from

their corresponding default values. In fact, there are only 6 parameters for which the

optimal values are close to their default values, including vegetation roughness length

zOmvt, minimum leaf conduction bp, maximum intercepted water per unit leaf and stem

area ch2op, top of vegetation hvt, soil roughness length rlsoi, soil thermal conductivity

tkdry, soil specific heat capacity cso/, and the initial soil water content of the third layer

h2osoi3). This indicates that it is desirable to calibrate the LSM, as was done in this

work, to identify better values for the land-surface parameters before the model can be

applied to the specific 9510P data set to obtain some desirable model simulations.

Figure 6.3 presents the objective function values corresponding to the 500 optimal

parameter sets shown in Figure 6.2. The subplots a)-c) are the two-dimensional

projections of the three-dimensional objective space of the RMS errors of LH, SH, and Tg, and
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the subplot d) presents the three objectives in a single plot with different scales for the

three y-axes. As can be noticed from the subplots a)-d), the RMS errors of the three

calibration variables (LH, SH, and Tg) have been greatly reduced compare to their

corresponding default values obtained from a model simulation with the default

parameters. The subplot d) also indicates a tradeoff behavior of the multi-objective

calibration as observed in the single-objective cases: among the 500 Pareto solutions, the

best solution for one variable is always associated with inferior performances (higher

RMS errors) for the other two variables. Because two of the objectives LH and SH are

highly correlated (subplot a)), the best solution for either LH or SH (highlighted with red

or green in subplot d)), although associated with a high error of Tg, dose not yield a high

error on the other variable SH or LH. On the other hand, the best solution for the state

variable Tg (highlighted with magenta in plot d)) is corresponding to, as expected, high

errors on the heat fluxes LH and SH. This tradeoff behavior can also be noticed from the

numerical values provided in Table 6.1, where it shows that the best solution for Tg and

the worst solution for SH happen to be the same and are very close to the worst solution

for LH. Similar tradeoff behaviors of the multi-objective calibration had also been

observed in related studies such as Bastidas (1998).

Figure 6.4 shows the time series for LH, SH, and Tg simulated with the optimal

parameter sets (region filled with yellow), along with the time series of the simulation

with default parameters (bold black line) and the observations (red dots). As shown in

Figure 6.4, with optimal parameter sets from the multi-objective calibration, the

simulated time series for the three calibration variables match the observations much
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better than those simulated with the default parameter set, especially for the case of

sensible heat which has been significantly underestimated in the default case. Table 6.2

provides the values of the statistics (defined in Section 2.2.5) of the time series, including

the correlation coefficient (R), RMS error (RMSE), bias (Bias), and tracking (T). For the

optimal parameter sets, these statistics are determined from the mean time series by

averaging all the time series corresponding to the optimal sets at each time step. The

values in Table 6.2 indicate that the statistics of the time series of the optimal sets have

been greatly improved compared to those in the default case. These results are

comparable to, if not better than, those obtained in Bastidas (1998) where the same multi-

objective algorithm was applied to the Biosphere Atmosphere Transfer Scheme (BATS)

model (Dickinson et al. 1993) for Tucson and ARM-CART sites.

Because the multi-criteria approach produces a set of Pareto solutions rather than

a single solution, it is not possible to objectively select a best solution from the Pareto set

from the multi-objective point of view. Accordingly, in practice, additional information

such as the main purposes of the user is required and a subjective selection procedure

may be necessary. While the selection of a specific "optimal" solution is not the focus of

the present work, interested readers are referred to Bastidas (1998) for details about the

subjective decision procedure.
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Table 6.2. Statistics of the time series simulated with optimal parameter sets for the 9510P data set
compared to those of the default case

Statistics
Cases

R RMSE Bias T

Optimal
sets

LH (W/m ) 0.98 23.87 0.83 0.79

SH (W/m2) 0.94 21.98 -8.45 0.64

Tg (K) 0.96 0.67 0.37 0.66

Default

LH (W/m ) 0.97 48.52 23.99 0.58

SH (W/m2 ) 0.50 64.38 -36.11 -0.06

Tg (K) 0.90 2.11 1.55 -0.07

6.3. TESTING WITH 9710P DATA

6.3.1. Introduction

Because the 9510P data set (17.5 days) is not long enough for both calibrating

and testing the LSM, another data set from the same site (ARM-CART SGP site), the

9710P data set (29 days), was used to test the model parameters calibrated with the

9510P data set. Chapter 3 (Section 3.4) provides a detailed description about these two

data sets. While both of the two data sets were derived from the measurements taken

during summer at the same site, the land-surface model calibrated with one of the data

sets (9510P) is expected to be applicable to the other data set (9710P). In this work, the

500 "optimal" land-surface parameter sets obtained from the multi-objective calibration

described in Section 6.2 were applied to the off-line LSM with atmospheric forcing data

extracted from the 9710P data set. The model outputs of LH, SH, and Tg were then

compared to the observations from the same 1OP data set to examine the model

performances from a validation point of view.
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6.3.2. Testing Results

Similar to Figure 6.3, shown in Figure 6.5 are the objective function values

obtained by applying the 500 "optimal" parameter sets to the 9710P data set. As

expected, the model performs better for the 9710P data with the "optimal" solutions than

with the default land-surface parameters, especially on latent heat flux and ground

temperature for which the reductions on the RMS errors are about 50%. However, the

improvement on the simulation of the sensible heat flux was not encouraging, and several

solutions even produced higher SH errors than in the default case. As shown in subplot a)

of Figure 6.5, unlike for the 9510P data set where the objectives of LH and SH were

positively correlated, the two objectives (of LH and SH) become negatively correlated in

the case of 9710P data set, and the tradeoff feature between the two fluxes starts to show.

This can also be detected from the subplot d), where the best solution of LH corresponds

to a high SH error and vice versa. The tradeoff between LH and SH for the 9710P data

set could have partially contributed to the model's desirable performance on LH but

inferior performance on SH. The underlying reason for this non-consistent behavior for

the heat fluxes with the two data sets, however, is not well known and deserves further

research.

Figure 6.6 shows the corresponding time series for the three variables LH, SH,

and Tg. As suggested by the objective function values, the time series of LH and Tg

simulated with the "optimal" parameter sets match the corresponding observations much

better than those simulated with the default parameters. In the case of sensible heat flux,
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the improvement on the time series is not straightforward, and the model with the

"optimal" parameter sets seems to have consistently overestimated the sensible heat flux,

opposite to the consistent underestimation of sensible heat flux in the default case. A

summary of the statistics of the time series is provided in Table 6.3, where similar

information as indicated by Figures 6.5 and 6.6 can be found.

Table 6.3. Statistics of the time series simulated with 9710P data and the optimal parameter sets
from 9510P data calibration compared to those of the default case

atistics
Cases

R RMSE Bias T

Optimal
sets

LH (W/m2 ) 0.96 35.93 8.79 0.68

SH (W/m 2 ) 0.93 45.76 -6.83 0.15

Tg (K) 0.91 1.03 0.33 0.37

Default

LH (W/m2) 0.96 60.48 37.72 0.46

SH (W/m 2 ) 0.83 48.30 -38.25 0.10

Tg (K) 0.81 2.32 1.07 -0.42

6.4. SUMMARY AND CONCLUSIONS

In this chapter, the results from the applications of the multi-objective calibration

algorithm MOCOM to the off-line LSM have been presented, along with a brief

description of the single-objective calibration results with the SCE algorithm. Efforts

have been mainly focused on the analysis of the multi-objective (LH, SH, and T g)

calibration results in terms of "optimal" (Pareto) parameter sets and corresponding

objective function values and time series.

The analysis has shown that the multi-objective calibration experiment (with 500

sample points and 9510P data) has achieved well-converged optimal parameter sets,

leading to greatly reduced objective function values for the calibration variables (LH, SH,
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and Tg) and improved time series which match the observations much better than in the

default case. This demonstrates the success of calibrating the off-line LSM using 9510P

data, especially in reducing the errors in the calibration variables. The results also

indicate a strong correlation between the objectives of the two surface heat fluxes (LH

and SH), making it more difficult for the multi-objective algorithm to reach the

"extreme" solutions as identified by the single-objective algorithm.

When the "optimal" parameter sets identified by the multi-objective calibration

experiment were applied to another similar data set (the 9710P data set) for validation

purposes, expected improvements on the model performances have been achieved,

especially in terms of simulating latent heat flux and ground temperature. Unexpectedly,

the simulation of sensible heat flux, although also somewhat improved, is not as

encouraging as for the other two variables. In addition, a tradeoff feature, instead of a

strong positive correlation for the case of 9510P data, between the two surface heat

fluxes was observed for the case of 9710P data. This remarkable change in the

relationship between latent and sensible heat fluxes is interesting and deserves further

research.

Overall, both the calibration and the testing of the off-line LSM with the selected

32 land-surface parameters have been successful, and the results obtained from these

experiments can provide a valid reference for comparison with those from subsequent

coupled calibration experiments described in the next chapter (Chapter 7).
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CHAPTER SEVEN

CASE STUDY: CALIBRATION OF THE NCAR-SCCM

7.1. INTRODUCTION

This chapter presents the methodology and results of calibrations in a locally 1

coupled environment, which constitute one of the major contributions of this work.

Calibration of a coupled land surface-atmosphere model is a challenging issue requiring

proficient knowledge in the parameterizations of physical processes in both land-surface

and atmospheric parts of the model, as well as the interactions between the land surface

and the atmosphere. It is also a highly complicated scientific task in that it involves

optimizations of both land-surface and atmospheric parameters, with evaluations for both

land-surface fluxes/variables and important atmospheric forcing variables such as

precipitation, radiation, and air temperature.

The increased number of model parameters and calibration criteria involved in

optimization might not only make the traditional manual calibrations of a coupled land

surface-atmosphere model too time-consuming and complex to be possible, but also

make existing automatic calibration algorithms less effective and more cumbersome. In

this work, the multi-objective algorithm MOCOM-UA was first tested with some

preliminary calibration experiments using the SCCM and was found to be performing

unsatisfactorily in the coupled environment. Hence, through the whole work, all coupled

calibration efforts have been focused on using the single-objective algorithm SCE-UA to

For convenience of presentation, the "locally coupled" environment will be hereinafter simply referred to
as the "coupled" environment to be distinguished from the off-line environment.
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calibrate the SCCM, with equal weights for the (normalized) objectives of the calibration

variables to achieve a "multi-objective" purpose (see Section 2.2.4 for details about how

to conduct multi-objective optimizations using the SCE-UA).

Because optimizing the land-surface parameters and the atmospheric parameters

all together could still be a heavy burden for the optimization algorithm SCE-UA, some

step-wise calibration experiments (see Section 7.2 for the details) were designed to

explore the benefits of calibrating the land-surface model first in a off-line mode to obtain

an "optimal" land-surface parameter set for use in subsequent calibrations of atmospheric

parameters in a coupled environment. To explore the influence of the uncertainties in

model-generated precipitation and radiation on the calibration of the coupled model,

some partially decoupled calibration experiments were also conducted with model-

generated precipitation and net radiation replaced by their corresponding observations to

drive the land-surface part of the model.

The 32 land-surface parameters and the eight atmospheric parameters used for the

calibration experiments were selected based on the results of the independent sensitivity

analysis presented in Chapter 5. In this chapter, important results from some pre-

designed calibration cases in the coupled environment of the SCCM using the 9510P data

set are presented and analyzed, along with the testing results by applying the "optimal"

land-surface and atmospheric parameters to the 9710P data set. Details about the SCCM

and the two data sets (9510P and 9710P) were provided in Chapter 3.
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7.2. CALIBRATION CASE DESIGN

A locally coupled land surface-atmosphere model (such as the SCCM) consists of

two important parts (or sub-models): the atmospheric part (SCCM) and the land-surface

part (LSM), as illustrated in Figure 7.1. In the case of the SCCM, the two parts are

coupled with an explicit time-stepping procedure: the land-surface part is driven by the

calculated state of the atmosphere (precipitation, shortwave and longwave

downward radiation, air temperature, specific humidity, surface pressure, zonal and

meridional winds); the atmospheric part is then updated with surface energy (latent heat

and sensible heat), constituents (H20 and CO2), momentum, and radiative fluxes

computed by the land-surface part. Hence, from the point view of model calibration, not

only the land-surface fluxes/variables, but also some atmospheric forcing variables (such

as precipitation, radiation, air temperature) can be used for optimization. In addition, each

part of the coupled model has its own set of parameters so that not only land-surface

parameters ({0}) but also some atmospheric parameters ({ OD can be tuned during the

calibration process to better match model simulations with the corresponding observations.

Precipitaf on
SW & LW radiationl

Ta , qa , Pressure
Winds (u, v),

Energy fluxes: LH, SH
Constituent fluxes: H20, CO2
Momentum fluxes
Emitted LW radiationT
Reflected SW radiationT 

State variables:
Tg , 

Figure 7.1. Illustration of the components of a coupled single-column model
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In this work, based on the observations available in the 9510P and 9710P data

sets (see Chapter 3 for details), calibration efforts were to be focused on two land-surface

fluxes (latent heat LH and sensible heat SH), a land-surface state variable (ground

temperature Tg), and three atmospheric forcing variables (precipitation Precip., net

downward radiation at the surface Rnet, and air temperature Ta). The model simulations

for Rnet were obtained by subtracting the total upward radiation (the sum of surface-

emitted longwave radiation and surface-reflected shortwave radiation) from the total

downward radiation. As for the off-line LSM calibrations presented in Chapter 6, in this

dissertation, land-surface or atmospheric variables directly involved in a calibration

procedure are referred to as "calibration variables", and those not directly used for

optimization but the objective function values are calculated for evaluation purposes are

referred to as "evaluation variables". In addition, for all the calibration experiments of the

SCCM, the root meant square (RMS) error function was used as the objective function.

Special attention was paid to the calculation of the RMS errors of precipitation by using

the accumulative precipitation depth (mm) during a 6-hour period (18 time steps) instead

of the average instant precipitation rate (mmJs) over a single 20-min time step. In other

words, unlike the other variables (LH, SH, Tg, Rnet, and Tai r) for which the RMS errors

were all calculated using a total of 1260 points (the number of time steps of the entire

simulation period), the RMS errors of precipitation were calculated using only 70 points

and are in units of mm.

Because calibrations in a coupled environment involve both land-surface and

atmospheric parameters/variables, it is important to establish a number of different
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calibration experiments to compare the benefits and disadvantages of different calibration

schemes. In this work, based on the calibration variables, the calibration experiments

were first grouped into 1) "A" cases where only land-surface fluxes/variables including

LH, SH, and Tg were to be used for optimization, 2) "B" cases where only atmospheric

variables including Precip., Rnet, and Ta were to be used for optimization, and 3) "C"

cases where both land-surface variables (LH, SH, Tg) and atmospheric variables (Precip.,

Rnet, Ta) were to be used for optimization. In each case, the RMS errors for air specific

humidity qa were also to be calculated for evaluation purposes.

On the other hand, based on the parameters to be involved in optimization

(Chapter 5, Tables 5.1 and 5.2), the coupled calibration experiments were further divided

into 1) "1st" cases where only land-surface parameters {O} were to be optimized, with the

atmospheric parameters {0} fixed at the default set odefj, 
2) "2nd" cases where only

atmospheric parameters { 0} were to be optimized, with {O} fixed at the default set { odd},

and 3) "3rd" cases where both land-surface and atmospheric parameters were to be

optimized simultaneously. Because for these cases, the calibration experiments were to

be conducted directly in the coupled environment of the SCCM, they are referred to as

"single-step, coupled" calibration cases in this work.

However, as mentioned in the introduction (section 7.1), optimizing both land-

surface parameters and atmospheric parameters simultaneously in the coupled

environment could make the automatic algorithm cumbersome and less effective. Hence,

some "4th" calibration cases were also established to be conducted in a two-step way: the

land-surface parameters were optimized first in the off-line mode using the LSM to
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obtain a set of "optimal" land-surface parameters ({On); the atmospheric parameters

({ (1)1) were then optimized in the coupled environment using the SCCM, with the land-

surface parameter set {0} fixed at {On • For the "4th" cases, because the land-surface

parameters and the atmospheric parameters were successively optimized in an off-line

mode and a coupled mode, respectively, these cases are referred to as "step-wise,

coupled" calibration cases in this dissertation.

Finally, to facilitate the exploration of the influences of the uncertainties (or

errors) in SCCM-generated atmospheric forcing variables on the outcomes of coupled

calibrations, some partially decoupled calibration experiments were also to be conducted

by replacing the model-generated precipitation (Precip.) and surface net radiation (Rnet)

with the observations at each time-step over the entire simulation period. Because Precip.

and Rnet were decoupled from the coupled system while other atmospheric forcing terms

such as air temperature and specific humidity were still generated by the SCCM, these

calibration experiments are referred to as "partially decoupled" calibration cases in this

work.

By combining the above possibilities of calibration cases, a total of 14 calibration

experiments were established, including five single-step, coupled calibration cases (Al,

A2, A3, B3, and C3), three step-wise, coupled calibration cases (A4, B4, and C4), three

single-step, partially decoupled calibration cases (A3_D, B3_D, and C3_D), and three

step-wise, partially decoupled calibration cases (A4_D, B4_D, C4_D). Except for cases

Al and A2, all other cases were to focus on optimizing, directly or indirectly, both land-

surface parameters and atmospheric parameters of the SCCM, as better performances are
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expected when both land-surface and atmospheric parameters are involved in the

calibration. Table 7.1 provides a summary of the 14 different calibration cases, where

cases "DEF," and "DEFpd," refer to the default cases for which the default land-surface

and atmospheric parameters are applied to the coupled SCCM and the partially decoupled

SCCM, respectively, with model-calculated precipitation and net radiation replaced by

the corresponding observations in the latter case. In this work, the coupled default case

"DEF," will be used as the major benchmark for the comparison of all the calibration

cases while the partially decoupled case "DEFpd," will also be used as a minor

benchmark for the partially decoupled cases. The illustrations for the single-step and

step-wise coupled calibration cases are presented in Figures 7.2 and 7.3, respectively,

where al, Ea, and el" refer to the errors (i.e., differences between simulations and

observations) of land-surface variables, atmospheric variables, and all land-

surface/atmospheric variables, respectively. For the partially decoupled cases (A3_D,

B3_D, C3_D, A4_D, B4_D, and C4_D), the illustrations are almost the same as those of

A3, B3, C3, A4, B4, and C4, respectively, except that in the partially decoupled cases,

observed precipitation and net radiation instead of model-generated quantities are used to

drive the land-surface model at each time step as illustrated in Figure 7.4 for the case of

A3_D.
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Table 7.1. Cases of coupled and partially decoupled calibration experiments

Cases
Calibration
Variables

Land Pars
(0)

Atmo Pars

(0)

Precip. and
Rnet

Description

DEF c N/A O dd
O

def Coupled
Default case 1 (the majorD
benchmark)

DEFpdc N/A Odef odef Decoupled
Default case 2 (the minor
benchmark for partially
decoupled cases)

A
cases

Al

LH, SH, Tg

()cal
O

def

Coupled

Single-step,
coupled calibration

eclat ocal

ocal ocal

A4 0017 calo  Step-wise,
coupled calibration

A3_D
Decoupled

Single-step, partially
decoupled calibration

A4_D
Step-wise, partially decoupled
calibration

B
cases

B3

Precip., Rnet,

Tair

el
(4)

cal

Coupled

Single-step,
coupled calibration

B4 el
O

cal Step-wise,
coupled calibration

B3_D ocal calo

Decoupled

Single-step, partially
decoupled calibration

B4_D 0°11 Cl Step-wise, partially decoupled
calibration

C
Cases

C3

 LH, SH, Tg
Precip., Rnet,

Tar

°cal ocal

Coupled

Single-step,
coupled calibration

C4 001 0 cal Step-wise,
coupled calibration

C3_D calo calo

Decoupled

 Single-step, partially
decoupled calibration

C4_D 0617 ocal Step-wise, partially decoupled
calibration

Odd. • default and-surface parameter set	 Odd: default atmospheric parameter set
ØC2]: calibrate land-surface parameters	 cral: calibrate atmospheric parameters
el: an "optimal" land-surface parameter set from the previous off-line LSM calibration
"coupled": model-generated precipitation and net radiation are used to drive the land-surface part
"decoupled": observed precipitation and net radiation are used to drive the land-surface part
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Case Al
Case A2           

Observed
LU, SH, Tg, P, R, Ta                       

SCCM
(4))                  

P, R, Ta

LH, SH

Tg        

E
/+a                                                                                     

LSM
(0)                                     V                                                                            

Adjusted
0,                                                                          

Case C3                           

Case B3Case A3

1
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Figure 7.2. Illustrations of single-step, coupled calibration cases (Al, A2, A3, B3, and C3)
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Observed
LH, SH, Tg

Case A4

Adjusted 0

Observed
LH, SH, Tg, P, R, Ta

Off-line LSM calibration

Case C4

Case B4

Case A3_D
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Figure 7.3. Illustrations of step-wise, coupled calibration cases (A4, B4, and C4)

Figure 7.4. Illustration of the single-step, partially decoupled case A3_D
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7.3. CALIBRATION IN THE COUPLED ENVIRONMENT

7.3.1. Single-Step, Coupled Calibration Cases (Al, A2, A3, B3, C3)

For the single-step, coupled calibration cases, the model parameters were

optimized in a coupled environment and were expected to have effects on both land-

surface variables and atmospheric variables through the interactions between the land

surface and the atmosphere. This could make the calibration results more complicated

than in the off-line case where the optimization of land-surface parameters only affects

the simulation of surface variables of the land-surface model.

Shown in Figure 7.5 are the normalized "optimal" a) land-surface parameter

spaces and b) atmospheric parameter spaces of the 5 single-step coupled calibration cases

(Al, A2, A3, B3, and C3, see Table 7.1 and Figure 7.2), as well as the default land-

surface and atmospheric parameter sets. The normalization of each parameter was done

by dividing the parameter value by the distance between the lower and upper bounds of

that parameter. Descriptions of the 32 land-surface parameters and the eight atmospheric

parameters were provided in Chapter 5 in Tables 5.1 and 5.2, respectively. For each

calibration case, the "optimal" parameter sets correspond to the Pareto solutions of the

calibration variables (e.g., LH, SH, and Tg for cases Al, A2, and A3). As shown in Figure

7.5, when only land-surface fluxes/variables were used in the calibration procedure (cases

Al, A2, and A3), both land-surface and atmospheric parameter sets converged fairly

well, with most of the parameters having "optimal" values quite different from the

corresponding default values. Also can be noticed is the fact that, when both land-surface and

atmospheric parameters were optimized simultaneously in the coupled environment (Case A3),
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the obtained "optimal" land-surface parameters are different from those in Cases Al

where only land-surface parameters were optimized, and the same is true for the

"optimal" atmospheric parameters in Case A3 when compared with those in Case A2

where only atmospheric parameters were optimized. This can be attributed to the

interactions between the land surface and the atmosphere available in the coupled

environment, which influence the final "optimal" values of the land-surface and

atmospheric parameters by regulating the atmospheric forcing to the land-surface part

and also the land-surface feedback to the atmospheric part during the calibration process.

For the other two cases (B3 and C3) where the calibration of atmospheric forcing

variables were involved, the "optimal" land-surface and atmospheric parameter sets were

not well converged, which could be partially attributable to the errors in the model-

generated atmospheric forcing variables such as the erroneous daily precipitation pattern

pointed out by Xie and Zhang (2000). In addition, the simultaneous optimization of both

land-surface and atmospheric parameters to calibrate atmospheric variables in cases B3

and C3 could also be a heavy burden for the optimization algorithm. The subsequent

step-wise calibration experiments (A4, B4, and C4) were expected to be able to mitigate

the difficulties associated with these problems encountered in cases B3 and C3.

The objective function values (RMS errors) corresponding to the "optimal"

parameter sets for the five single-step coupled calibration cases are shown in two-

dimensional projections of the objective spaces in Figure 7.6, along with the RIMS errors

in the default case where the default land-surface and atmospheric parameters were

applied to the coupled SCCM (referred to as "DEF," in Figure 7.6). To facilitate the
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intercomparison between different cases, the average RMS errors of each case

(normalized by the default RMS errors) were also shown as bar graphs in Figure 7.7. As

indicated by Figures 7.6 and 7.7, for all the 5 calibration cases, the model generally

performed better than in the default case in simulating both land-surface and atmospheric

variables with only a couple of exceptions.

When only land-surface variables were involved in the optimizations (cases Al,

A2, and A3), the best performances were achieved in Case A3 where both land-surface

and atmospheric parameters were optimized simultaneously. For cases A2 and A3

where atmospheric parameters were optimized, the RMS errors of LH, Tg , and the four

atmospheric variables (Precip., Rnet, Tain and qair) were all greatly reduced compared to

Case Al where only land-surface parameters were optimized, indicating that atmospheric

parameters are also very important in a coupled land surface-atmosphere model.

However, in cases Al and A2 where only either land-surface or atmospheric parameters

were optimized, the RMS errors for SH were much higher compared to Case A3 where

both land-surface and atmospheric parameters were involved in the optimization,

showing that better model performances on the sensible heat flux rely on both land-

surface and atmospheric parameters.

For cases B3 and C3, where atmospheric variables were involved in the

optimization, the RMS errors for SH were even higher than the default SH errors; these

two cases, however, achieved better performances on precipitation than the "A" cases

where only land-surface fluxes/variables were used for optimization. This indicates that

there might exist a negative correlation between SH and the atmospheric variables,
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Figure 7.7. Normalized case-average RMS errors for SINGLE-STEP COUPLED calibration cases
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especially precipitation, in terms of optimization. Also can be noticed from Figures 7.6

and 7.7 are the similar perfoiniances of Case B3, where only land-surface

fluxes/variables were used for optimization, to those of Case C3, where both land-surface

and atmospheric variables were used for optimization. This indicates that, when

atmospheric variables are used for optimization in the coupled environment, there

appears to be little advantage in also including land-surface variables for optimization,

implying that the atmospheric variables may contain more information for calibration than

the land-surface fluxes/variables.

7.3.2. Step-Wise, Coupled Calibration Cases (A4, B4, C4)

For the three step-wise coupled calibration cases (A4, B4, and C4), the land-

surface parameter set was fixed at an "optimal" parameter set ({Erfi}) subjectively

selected from the previous off-line LSM calibrations presented in Chapter 6. Hence, in

these cases, only the eight atmospheric parameters were optimized in the coupled

environment of the SCCM. Corresponding to the three single-step cases A3, B3, and C3,

cases A4, B4, and C4 were designed to calibrate only land-surface fluxes/variables (LH,

SH, and Tg), only atmospheric variables (Precip., Raet , and Ta), and both land-surface and

atmospheric fluxes/variables (LH, SH, Tg , Precip., Rnet, and Ta), respectively.

Shown in Figure 7.8 are the normalized land-surface and atmospheric parameter

spaces. Again, the "optimal" solutions correspond to the points in the Pareto front of the

calibration variables. In the upper plot a), the black and cyan solid lines correspond to the

default land-surface parameter set ({ O}) and the "optimal" land surface parameter set

({e}, used for cases A4, B4, and C4), respectively. As can be noticed, except for
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several parameters including the minimum leaf conductance bp, vegetation height hvt,

thermal conductivity of dry soil tkdry, and the thickness of the third soil layer dzsoi3, the

"optimal" values in {0°fi} for all the other land surface parameters are different from their

corresponding default values. The "optimal" atmospheric parameter sets, also different

from the default atmospheric parameter set, have converged much better than in the cases

of B3 and C3. As can be noticed from the subplot b) of Figure 7.8, the "optimal" values

of most of the atmospheric parameters (except rhminh) for the three step-wise cases tend

to converge to common regions which are more or less different from the default values.

The better convergence of "optimal" solutions in cases A4, B4, and C4 can also

be noticed in the two-dimensional projections of the objective spaces presented in Figure

7.9, where it shows that the RMS errors of the six variables (SH, LH, Tg, Precip., Rnet,

and Tair) for all the three step-wise cases have been greatly reduced compared to the

default case. Similar to the single-step coupled cases B3 and C3, the performances of

cases B4 and C4 on all the six variables are very close to each other, making it difficult to

distinguish between cases B4 and C4 in Figure 7.9. The equivalent performances of "B"

and "C" cases in the coupled environment imply that atmospheric forcing variables may

be more informative than the land-surface variables in terms of calibration, which can be

partially attributed to the fact that satisfactory performances of a coupled model on land-

surface fluxes/variables naturally rely on the "closeness" of model-generated atmospheric

forcing variables to the corresponding observations. This, on the other hand, also implies

that the downward atmospheric forcing to the land surface may be more important than

the upward land-surface feedback into the atmosphere in a coupled land surface-atmosphere
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model. While there is not much difference among the RMS errors of LH, Tg , Rnet, and Tair

for all the three step-wise coupled cases, Case A4 has generated higher precipitation errors

but lower sensible heat errors than cases B4 and C4. This, once again, implies the negative

correlation between the sensible heat flux and precipitation in terms of calibration.

Figures 7.10 and 7.11 provide a comparison of the performances of the step-wise

cases (A4, B4, and C4) with those of the corresponding single-step cases (A3, B3, and

C3). As can be noticed, the performances of cases A4 and A3 are very close for almost

all the variables. However, as shown in Figures 7.5 and 7.8, although the "optimal"

land-surface parameter sets of cases A3 and A4 are quite different from each other, the

"optimal" atmospheric parameter sets for these two cases are very close, indicating the

critical importance of atmospheric parameters in a coupled land surface-atmosphere

model. Also can be noted from Figures 7.10 and 7.11 is the fact that cases B4 and C4

have generally performed better than cases B3 and C3, respectively, resulting in lower

RMS errors especially on sensible heat flux, air temperature, and air specific humidity

than cases B3 and C3. While in the step-wise coupled calibration cases, the "optimal"

solutions converged much better than in the corresponding single-step cases, the step-

wise calibration schemes appears to be superior to the single-step calibration schemes in

that the former can provide better converged "optimal" solutions with less uncertainties.
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7.4. CALIBRATION IN THE PARTIALLY DECOUPLED ENVIRONMENT

In a coupled land surface-atmosphere model, precipitation and surface net

radiation are of critical importance in regulating water and energy transfers between the

land surface and the atmosphere. As pointed out in Xie and Zhang (2000), the SCCM

used in this work has an error in the deep convection triggering function that has led to an

erroneous daytime precipitation pattern. Hence, in this work, to explore the influences

that errors (or uncertainties) in precipitation and net radiation generated by the SCCM

could have on the calibration results in the coupled environment, some partially

decoupled calibration experiments were also conducted with model-generated

precipitation and net radiation simply replaced by the observations to drive the land-

surface model at each time step during the simulation period. The model-generated

precipitation and radiation, however, were still evaluated in the calibration experiments to

examine whether the model-simulated precipitation and radiation can be improved

through the improved land-surface feedback into the atmosphere. As for the coupled

calibrations, both single-step and step-wise partially decoupled calibration experiments

were conducted, including cases A3  D, B3 D, C3 D, A4 D, B4 D, and C4_D which are

corresponding to the coupled cases A3, B3, C3, A4, B4, and C4, respectively.

Shown in Figure 7.12 are the normalized land-surface and atmospheric parameter

spaces for the "optimal" solutions of all the six partially decoupled calibration cases, as

well as the default land-surface and atmospheric parameter sets. Again, in the upper plot a),

the cyan solid line refers to the "optimal" land-surface parameter set { On (from the off-

line calibrations presented in Chapter 6) which was also used for the step-wise partially
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decoupled cases A4_D, B4_D, and C4_D. As can be noticed from Figure 7.12, although

the "optimal" parameter sets differ from case to case for some parameters, they have all

converged very well and are different from the default land-surface and atmospheric

parameter sets. For the eight atmospheric parameters, although the "optimal" values of

tau and fmax show a wide spread in the parameter space, those of the other six

parameters for most of the cases tend to converge to common upper or lower regions in

the parameter space. Especially for alfa and rhecn for which the default values are in the

lower regions of the parameter space, the "optimal" values of these two parameters for all

the six partially decoupled cases converge fairly well to the upper regions, which is also

true for the three step-wise coupled case A4, B4, and C4 as shown in Figure 7.8.

The two-dimensional projections of the objective spaces and the case-average

objective function values (normalized by the errors from "DEFc", the coupled default

case) for the six partially decoupled cases are shown in Figures 7.13 and 7.14,

respectively, along with the RMS errors of LH, SH, and Tg from the multi-objective

off-line calibration of the LSM for comparison purpose. Also shown in Figures 7.13

and 7.14 are the RMS errors of LH, SH, Tg, Precip., Rnet, Tait-, and qair obtained by

applying the default land-surface and atmospheric parameters to the partially decoupled

SCCM. This is referred to as the "DEFpdc" case and the corresponding RMS errors of the

variables are plotted in red circles in Figure 7.13. As can be noticed from Figures 7.13

and 7.14, if the default model parameters are applied to the partially decoupled SCCM

with model-generated precipitation and net radiation replaced by the corresponding

observations, the RMS error of LH is greatly reduced compared to the fully coupled case (35
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W Tr1 -2 vs. 105 W I11-2) and those of SH and Tg are also slightly reduced. However, the errors of

Precip. and Tair are almost the same, and the Rnet error is even higher than in the coupled case.

For the partially decoupled cases, the RMS errors of the atmospheric forcing variables (Precip.,

Rnet, Tak, and gall) were still calculated with the model-generated quantities and the

corresponding observations as in the coupled cases.

As demonstrated by Figures 7.13 and 7.14, when the land-surface part of the

coupled model was driven with the observed precipitation and net radiation, the RMS

errors of the land-surface variables (LH, SH, and Tg) were greatly reduced compared to

both the coupled and partially decoupled default cases, except that Case B3_D still

generated higher LH and SH errors than the partially decoupled default case. Although

the three step-wise calibration cases (A4_D, B4_D, and C4_D) have generated higher Tg

errors than the off-line LSM calibration case, the performances of the partially decoupled

cases (except for B3_D) are generally comparable to that of the off-line case in terms of

simulating the land-surface variables. For the atmospheric variables (Precip., Rnet, Tair,

and qa,r), the RMS errors in all of the partially decoupled cases have been more or less

reduced from the corresponding default errors, which is even true for precipitation and

net radiation that were "decoupled" at each time step in the calibration processes.

When compared to the corresponding step-wise partially decoupled cases (A4_D,

B4_D, and C4_D), the single-step partially decoupled calibration cases (A3_D, B3_D,

and C3_D) have generated lower errors on Tg, Rnet, and Tair, especially for Rnet for which

the reduction on the RMS errors in the three single-step cases is about 50% compare to

the default case. In addition, the single-step case B3_D has also achieved the lowest
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precipitation error which is about 50% of the default precipitation error. This indicates

that, in the partially decoupled environment, the step-wise schemes do not necessarily

possess advantages over the single-step schemes as in the coupled environment.

In addition, as for the calibration experiments in the coupled environment where

the RMS errors for all the variables in the "B" cases (B3 and B4) are very close to those

in the corresponding "C" cases (C3 and C4), the performance of Case B4_D is basically

equivalent to that of Case C4_D. However, Case B3_D has generated higher errors in the

surface variables (LH, SH, and Tg) and qair but much lower precipitation errors than Case

C3_D, indicating that, in the single-step partially decoupled cases, the dominant effects

of the atmospheric forcing variables are weakened by the decoupling of precipitation and

net radiation.

7.5. COMPARISON OF ALL CALIBRATION CASES

For the overall comparison of different calibration cases, the emphasis will be

placed on the "optimal" parameter sets and objective function values. Several

representative solutions will then be chosen to obtain the corresponding time series to

examine how well the simulations after calibrations are tracking the observations.

7.5.1. "Optimal" Parameter Sets

Generally speaking, for both land-surface and atmospheric parameters, the

"optimal" values vary from case to case, suggesting that the solutions are highly

dependent on the calibration schemes involved. When both land-surface and atmospheric

parameters, as well as the atmospheric variables, are used for optimization in the coupled

environment (cases B3 and C3), the performance of the calibration procedure is greatly
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deteriorated, leading to non-well converged "optimal" parameter spaces (Figure 7.5).

Hence, for convenience, these two cases are excluded from the following discussions that

will focus on the "optimal" parameter sets of the remaining 12 cases.

As indicated from Figures 7.5, 7.8, and 7.12, the "optimal" land-surface

parameter spaces, although different from case to case due to the large number (32) of

interacting land-surface parameters involved, have converged fairly well in individual

cases. For the eight atmospheric parameters, the "optimal" spaces are also well converged

and are generally consistent with each other among different cases for most of the

parameters. For almost all the 12 cases (except Case B3_D), the "optimal" values for

rhminl (the threshold relative humidity for low cloud formation) tend to converge to the

lower regions compared to the default case (rhminl=90%); and for all the 12 cases, the

"optimal" values for rhccn (the reduction on rhminl for CCN rich land areas) have all

converged to the upper regions compared to the default case (rhccn=10%). This indicates

that, in the SCCM, the prescribed threshold value of relative humidity for low cloud

formation over land areas (i.e., 80%) is too high for the model to catch the observed

cloud amounts. This is consistent with the results from Somerville and Iacobellis (1999),

where it was pointed out that the actual maximum relative humidity with the presence of

clouds is less than 80% according to the ARM observations, suggesting that a critical

relative humidity of about 80% for cloud formation, as used in many GCMs, need to be

re-examined. In addition, for all the 12 cases, the "optimal" values for alfa (a

proportionality factor for downdraft mass flux) have converged to the upper regions

compared to the default case (alfa=0.1), indicating that the prescribed proportionality
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factor of 0.1 is too small; in other words, more than 10% of rain water should be

evaporated for the downdrafts. The "optimal" values for the remaining atmospheric

parameters, however, are varying from case to case.

7.5.2. "Optimal" Objective Function Values

To facilitate an overall comparison of the objective function values from different

calibration cases, the normalized case-average RMS errors of both land-surface and

atmospheric variables for all the 14 cases are shown as bar graphs in Figure 7.15, along

with the errors for the coupled and partially decoupled default cases and those from the

multi-objective off-line LSM calibration. The corresponding numerical values of the

RMS errors for each case before normalization are also given in Table 7.2.

As indicated by Figure 7.15 and Table 7.2, all calibration cases have achieved the

general goal of calibration in terms of reducing the errors of both land-surface and

atmospheric calibration variables from the default cases, except that cases B3 and C3

have produced higher SH errors than the default cases and Case Al has generated T.,

errors slightly higher than the default cases (highlighted with bold italics in Table 7.2).

Even for the evaluation variable qair, which has not been used for optimization in any of

the 14 cases, the RMS errors have been reduced, more or less, in most of the cases. For

the six partially decoupled calibration cases (A3  D, B3 D, C3 D, A4 D, B4 D, and

C4_D), although the model-generated precipitation (Precip.) and net radiation (Rnet) were

disconnected with the coupled system at each time step, the model still produced better

simulations for these two variables via the optimization of atmospheric parameters and

improved land-surface feedback into the atmosphere.
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Table 7.2. Comparison of case-average RIMS errors for all calibration cases

Cases

Root Mean Square Errors

Surface fluxes/variables Atmospheric forcing variables

LH
(W/M2 )

SH
(W1M2 )

Tg
(k)

Precip.
(mm)

Rnet
(W/m2)

Tar

(K)
gaff

(kg/kg)

Default, 105 48 3.87 2.93 187 5.08 0.0060

Defaultpd, 35 46 3.42 2.95 199 5.10 0.0038

LSM* 24 21 0.62 N/A N/A N/A N/A

Single-step coupled calibration case

Al 43 0.0047

A2 50 49 1.62 1.96 97 3.84 0.0027

A3 48 31 1.67 2.65 104 3.54 0.0027

B3 59 1.94 1.51 103 3.85 0.0047

C3 56 1.96 1.53 103 3.88 0.0045

Step-wise coupled calibration cases

A4 46 32 1.70 2.73 102 3.34 0.0033

B4 48 43 1.55 1.56 96 3.39 0.0028

C4 48 43 1.54 1.57 95 3.38 0.0027

Single-step partially decoupled calibration cases

A3_D 21 15 0.95 2 82 100 3.47 0.0029

B3_D 53 48 1.57 1.46 81 3.49

C3_D 24 19 0.91 2.59 86 3.07 0.0029

Step-wise partially decoupled calibration cases

A4_D 20 19 1.99 2.67 162 4.45

B4_D 20 19 2.23 2.57 141 4.64 0.0028

C4_D 20 19 2.01 2.59 146 4.40 0.0025

*: Off-line multi -objective LSM calibration presented in Chapter 6.
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As far as the seven calibration/evaluation variables (LH, SH, Tg, Precip., Rnet, Tair,

and qa,r) are concerned, although the normalized RMS errors for SH, Precip., and Tair are

mostly higher than 0.6, those for the other four variables (LH, T g, Rnet, and chir) are less

than 0.6 (which means more than 40% reduction of the default errors) in most of the 14

calibration cases of the SCCM. The difficulty in calibrating precipitation can be, at least

partially, attributed to the built-in model error in the triggering function for deep

convection (Xie and Zhang, 2000). Also demonstrated by Figure 7.15 and Table 7.2 is the

fact that, whenever the RMS error of SH is relatively small, the error of precipitation in

the same calibration case is relatively large (cases A3, A4, A3_D, C3_D, A4_D, B4_D,

and C4_D), and vice versa (cases A2, B3, C3, B4, C4, and B3_D), indicating the strong

negative correlation between SH and Precip. in terms of calibration. When referring to

the corresponding "optimal" parameter spaces of different calibration cases (Figures 7.5,

7.8, and 7.12), it can be noticed that cases with small precipitation errors and large SH

errors always correspond to large "optimal" values of the capelmt parameter, i.e., the

threshold value of convective available potential energy (CAPE) for deep convection,

while those with large precipitation errors but small SH errors always have small optimal

values of capelmt as in the default cases (70 J kg4). This is consistent with the results

from some preliminary experiments with the parameter capelmt where it has shown that,

for the current SCCM, the larger the values of capelmt, the better the model simulation of

precipitation matches the observed precipitation (See Appendix B for details).

Generally speaking, calibrations in a partially decoupled environment can achieve

better optimization effects for both land-surface and atmospheric variables. For example,
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the smallest RMS errors for LH, SH, Tg , Precip., Rnet, Tau, and gait, which are 20 W m -2 ,

15 W r11-2 , 0.91 K, 1.46 mm, 81 W IT1-2, 3.07 K, and 0.0025 kg kg-1 , respectively, have

been achieved in the partially decoupled cases of A4_D(B4_D, C4_D), A3_D, C3_D,

B3_D, B3_D, C3_D, and A4_D, respectively (highlighted with a light gray background

in Table 7.2) . On the other hand, the worst cases for the seven variables (highlighted

with a deep gray background in Table 7.2) correspond, mostly, to the single-step coupled

calibration cases Al, where the errors for LH, Tg, Precip., Rnet, and Tait are 72 W rn-2 ,

3.04 K, 2.89 mm, 158 W M-2, and 5.18 K, respectively, and B3 (also C3) where the error

for SH is 56 W TI1-2, except that the single-step partially decoupled case B3_D has the

highest gait error (5.18 kg kg-1 ).

Also can be noticed from Figure 7.15 and Table 7.2 are the equivalent

performances of "B" cases to those of the corresponding "C" cases (B3 vs. C3, B4 vs.

C4, and B4_D vs. C4_D), except that the results from Case B3_D are somewhat different

from those from Case C3_D. This is also indicated by the very close "optimal" parameter

sets for B3 and C3, B4 and C4, and B4_D and C4_D presented in Figures 7.5, 7.8, and

7.12, respectively. In the partially decoupled environment where model-generated

precipitation and net radiation are not used to drive the land-surface part, the dominance

of the atmospheric forcing variables disappears and the improved model performances on

atmospheric forcing variables would have little, if any, influence on the simulation of

land-surface fluxes/variables. In other words, unlike in the coupled environment (cases

B3, C3, B4, and C4) where better model simulations of atmospheric forcing would

automatically lead to better model performances on the land-surface fluxes/variables, the
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latter have to be explicitly included in the optimization procedure, as in Case C3_D, in

the partially decoupled environment to achieve desirable model performances on the

land-surface outputs. This explains why Case C3_D has achieved better performances on

land-surface fluxes/variables, especially SH, than Case B3_D where only atmospheric

variables were used for optimization. For cases B4_D and C4_D, because the land-

surface parameters were fixed at the "optimal" solution {On from the off-line

calibration in both cases, the land-surface fluxes/variables, no matter used for

optimization or not, would tend to be similar for the two cases in the partially decoupled

environment, leading to the equivalent performances of cases C4_D and B4_D.

Based on the overall comparisons, two "optimal" solutions, one selected from the

coupled calibration cases and the other from the partially decoupled cases, were applied

to the SCCM to obtain the time series of the seven variables (LH, SH, Tg, Precip., Rnet,

Tail', and qa ir). The results will be presented in the next subsection 7.5.3.

7.5.3. Comparison of the Time Series

A straightforward way of evaluating the performances of a numerical model is to

examine whether the model can satisfactorily reproduce the observed time series of the

important model outputs, such as the seven land-surface or atmospheric variables LH,

SU, Tg, Precip., Rnet, Tau, and qa,, in the case of the SCCM. In this work, an "optimal"

solution from the step-wise coupled calibration case A4, which has the smallest square

sum of the RMS errors (normalized by the default errors) of the seven variables among

all the "optimal" solutions obtained from the coupled calibration cases, was considered to

be the "best" solution and selected as a representative coupled calibration solution.
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Another "optimal" solution was selected, in a similar way, from the partially decoupled

case C3_D as a representative for all the partially decoupled cases.

The two representative "optimal" solutions of land-surface and atmospheric

parameters were applied to the SCCM to obtain the corresponding time series of model

simulations. Shown in Figure 7.16 are the time series of LH, SH, and Tg simulated by the

SCCM with the two "optimal" parameter sets, as well as those simulated by the SCCM

with the default parameters and the observations for LH, SH, and Tg. The time series for

the other four atmospheric variables (Precip., Rnet, Tan., and qa,r) are shown in Figure 7.17.

As can be noticed from Figures 7.16 and 7.17, with the two "optimal" parameter

solutions selected from the calibrations of the SCCM, the model-simulated time series of

LH, SH, Tg, Rnet, Tan-, and ciair (blue and green lines) match the time series of the

corresponding observations (red dots) much better than in the coupled default case (black

line) where default values of land-surface and atmospheric parameters were applied to the

coupled SCCM. When the time series for the two "optimal" solutions are compared, it

can be noticed that the simulations with the "optimal" parameter set from the partially

decoupled calibration cases (green lines) are even better than the simulations with the

"optimal" parameter set from the coupled calibration cases (blue lines) in terms of

matching the corresponding observations, especially those of LH, SH, Tg, and Rnet . This

can also be noticed from the statistics of the time series (including correlation, RMS

error, bias, and tracking, defined in Section 2.2.5) presented in Table 7.3 where the two

"optimal" cases are referred to as the "best coupled calibration case" and the "best

partially decoupled calibration case", respectively.
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Table 7.3. Comparison of statistics of the time series of different cases (9510P)

Statistics
Cases

LHw m -2
SHw m-2

Tg Precip.
mm

Rnet

W M -2 )
Tau r

K
Claw

k /k

Default
Case

Correlation 0.94 0.79 0.60 0.53 0.94 0.46 0.43

RMSE 104.8 48.3 3.87 2.93 186.7 5.08 0.006

Bias 52.1 -26.4 3.26 0.52 133.4 3.24 0.005

Tracking 0.09 0.21 -0.98 0.13 0.05 -0.21 -3.36

Best
coupled
calibration
case

Correlation 0.92 0.86 0.73 0.61 0.91 0.67 0.60

R MSE
47.2 32.5 1.42 2.68 98.7 3.16 0.0028

Bias -6.1 -6.7 0.27 0.18 40.8 0.10 0.0020

Tracking 0.59 0.47 0.27 0.20 0.50 0.25 -1.00

Best
partially
decoupled
calibration
case

Correlation 0.98 0.95 0.89 0.64 0.90 0.71 0.55

RMSE 23.5 19.3 0.89 2.58 87.8 3.04 0.0028

Bias 2.3 -6.2 0.02 0.19 13.1 0.23 0.0022

Tracking 0.80 0.68 0.54 0.23 0.55 0.27 -1.06

Best
precipitation
case

Correlation 0.91 0.80 0.32 0.92 0.90 0.35 0.50

RMSE 48.7 57.8 2.18 1.37 89.4 4.06 0.0052

Bias -7.7 -32.0 0.80 0.03 -13.8 1.04 0.0047

Tracking 0.58 0.05 -0.12 0.59 0.54 0.03 -2.81

However, none of the cases, the two selected "optimal" solutions or the default

case, is capable of capturing the true (or observed) precipitation pattern during the

simulation period. The model-generated precipitation is too frequent and sometimes too

weak compared to the observation, which has also been a well-known problem of other

climate models. In the case of the SCCM, the poor performance on precipitation

simulation can be, at least partially, attributed to the error in the deep convection

triggering function in the model as pointed out by Xie and Zhang (2000). Nevertheless,

because both of the two selected "optimal" solution are associated with high precipitation

errors (Table 7.3) and thus not excepted to produce significantly improved precipitation



192

time series, it is of interest to examine whether other "optimal" solutions with greatly

reduced precipitation errors (such as those in cases B3 and C3) are able to track the

observed precipitation pattern. Hence, a third "optimal" parameter solution from Case

C3, which has the smallest precipitation error among all the "optimal" solutions, was

applied to the SCCM and the corresponding time series of the three land-surface

fluxes/variables (LH, SH, and Tg) and the four atmospheric variables (Precip., Rnet,

and gall-) are presented in Figures 7.18 and 7.19, respectively, where the time series from

the default case and the observations are also shown for comparison purposes. As can be

noticed from Figures 7.18 and 7.19, the model-generated precipitation (blue line) matches

the observed precipitation much better than the default case and has captured almost all

the observed rainfall events. While the time series of LH and Rnet simulated with the third

"optimal" parameter set are still matching the corresponding observations fairly well, the

performances on the other four variables, especially SH, are inferior to the corresponding

performances of the first two "optimal" parameter sets selected from the coupled and

partially decoupled cases. This again indicates the negative correlation between Precip.

and SH in terms of optimization. The statistics of the time series simulated with the third

"optimal" parameter set (hereinafter referred to as the "best precipitation case") are also

provided in Table 7.3, where it shows that the RMS error of precipitation of the "best

precipitation case" is 1.37 mm (compared to 2.93 mm, 2.67 mm, and 2.58 mm for the

default case, the "best coupled calibration case", and the "best partially decoupled case",

respectively). Other statistics (correlation, bias, and tracking) of the simulated

precipitation of the "best precipitation case" have also been greatly improved compared
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to the other three cases shown in Table 7.3. While the values of the parameter capelmt are

70 J kg -1 , 8.97 J kg-1 , 93.6 J kg -1 , and 5485 J kg -1 for the default case, the "best coupled

calibration case", the "best partially decoupled calibration case", and the "best

precipitation case", respectively, the superior performance of the forth case (the "best

precipitation case") on precipitation also indicates the same fact as described in Appendix

B: the larger the value of capelmt, the better the model-simulated precipitation matches

the observed precipitation.

7.5.4. Conclusions from the Calibration Experiments

The conclusions from the inter-comparison of different calibration cases can be

summarized as follows:

• The partially decoupled calibration cases have better performances than the coupled

calibration cases, confirming the critical importance of precipitation and radiation in the

coupled environment, which also implies the potential benefits that might be gained by

incorporating data assimilation of atmospheric observations into the coupled calibration

framework.

• In the coupled environment, step-wise calibration cases have at least equivalent, if not

better, performances than single-step calibration cases in minimizing the objective

function values, indicating that for a coupled land-surface atmosphere model, step-wise

calibration schemes may be superior to single-step calibration schemes in that the former

can achieve better convergences thus less uncertainties in the "optimal" solutions.

However, this might not be the case if the calibration is to be conducted in a partially
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decoupled environment due to the dominant importance of precipitation and net radiation

that, when decoupled, are the same for both single-step and step-wise calibration cases.

• Overall, Case Al,  where only land-surface parameters have been involved in the

calibration, is inferior to all other cases in minimizing the RMS errors of almost all of the

calibration/evaluation variables, indicating the importance of including atmospheric

parameters in the calibration of a coupled land surface-atmosphere model.

• The performances of the "B" cases are very similar to those of the corresponding "C"

cases (except for single-step partially decoupled cases), implying that once atmospheric

variables are involved in the optimization, there appears to be little advantage to optimize

the land-surface variables at the same time. This also indicates that atmospheric forcing

variables contain more information than the land-surface variables in terms of calibration,

which can be partially attributed to the fact that satisfactory performances of a coupled

model on land-surface fluxes/variables naturally rely on the accuracy of model-generated

atmospheric forcing variables. In this sense, "B" cases appear to be more desirable than

"C" cases in that the former require less computational resources. This conclusion,

however, could be model-dependent due to the known error in the deep convection

triggering function in the SCCM.

• The surface sensible heat flux has been better optimized in cases with small "optimal"

capelmt values (A3, A4, A3_D, C3_D, A4_D, B4_D, and C4_D) than in the other cases

with large "optimal" capelmt values (A2, B3, C3, B4, C4, and B3_D), and the reverse is

true for precipitation. This implies that there exists a strong negative correlation between

sensible heat flux and precipitation in terms of optimization, and capelmt is a critical
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atmospheric parameter in regulating the model performances on these two variables

(sensible heat flux and precipitation).

7.6. TESTING WITH 9710P DATA

As described in Chapter 6, when the "optimal" land-surface parameter sets from

the off-line multi-objective calibration of the LSM using the 9510P data set were applied

to the 9710P data set, another data set from the same site (ARM-CART SGP site) but in a

different year, the off-line model performed much better than with the default land-

surface parameters, especially on the latent heat flux and ground temperature for which

the reductions on the RMS errors are more than 50%. The performances on the sensible

heat flux in the same testing case, however, only obtained marginal improvement

compared to the corresponding default case. Nevertheless, the testing experiment in the

off-line case can still be fairly considered to be successful. It is then of interest to

examine whether "optimal" land-surface and atmospheric parameter sets calibrated in a

coupled environment with one set of data (9510P is this work) can also be successfully

applied to another similar data set (9710P in this work). The testing results could be

markedly different from those of the off-line case due to the complicated interactions

between the land surface and the atmosphere.

As expected, when the "optimal" parameter sets from the 14 calibration cases

presented in the previous sections (7.3, 7.4, and 7.5) were applied to the corresponding

coupled or partially decoupled SCCM with the 9710P data set, the improvements on the

model performances in terms of simulating LH, SH, Tg , Precip., Rnet, Tair, and gain were

not as encouraging as in the off-line case. Shown in Figures 7.20, 7.21, and 7.22 are the
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2-dimentional projections of the objective spaces obtained by running the SCCM with the

9710P data set and the "optimal" parameter sets from the five single-step coupled

calibration cases (Al, A2, A3, B3, and C3), the three step-wise coupled calibration cases

(A4, B4, and C4), and the six partially decoupled calibration cases (A3_D, B3_D, C3_D,

A4_D, B4_D, and C4_D), respectively. As shown in Figure 7.20, the model

performances on LH and Precip. have been more or less improved in all the five single-

step coupled cases compared to the default case; the performance on SH has actually

been worse than the default case in all the five cases; and only marginal improvements, if

any, have been obtained for the other variables (Tg, Rnet, and Tair). In addition, similar to

the calibration results with the 9510P data, the validation results with the 9710P data for

cases B3 and C3 are very close to each other. This is also true for the validation results of

the two step-wise cases B4 and C4 as shown in Figure 7.21, where it can be noticed that,

for all the three step-wise coupled cases (A4, B4, and C4), the RMS errors of LH, Rnet,

and Precip. have been reduced compared to the default case while the performances on Tg

and Tai r are almost the same as in the default case; the RMS errors of SH, however, are

still considerably higher than in the default case. In Figure 7.22, where the validation

results of the six partially decoupled cases are shown, a similar trend as for the coupled

cases can be noticed, with the performances on LH, Precip., and Rnet generally being

better than those on the other three variables SH, Tg, and Tair. Among the six partially

decoupled cases, Case B3 (red) appears to be superior to the other five cases in that it is

the only case where reduced RMS errors (compared to the coupled and partially decoupled
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default cases) have been obtained for all the variables (especially Precip., Rnet, and Tr)

except SH.

The corresponding case-averaged errors (normalized by the errors of the default

coupled case) for all the 14 cases with 9710P data are shown in Figure 7.23 for a) the

land-surface fluxes/variables (LH, SH, and Tg) and b) the atmospheric variables (Precip.,

Rnei, Tair, and qair). As can be noticed from Figure 7.23, the RMS errors of LH and Precip.

have been reduced (more or less) compared to the default coupled case in all the 14 cases,

and the reverse is true for SH. This, as for the calibration results with the 9510P data, also

indicates the negative correlation between Precip. and SH, with large capelmt values

always corresponding to relatively small Precip. errors (cases A2, B3, C3, B4, C4, and

B3_D). In addition, the errors of Rflet have also been reduced compared to the default case

for most of the 14 cases, and the reverse is true for gain

As for the calibration results, based on the rule of the smallest square sum of the

RMS errors (normalized by the default errors) of the seven variables (LH, SH, Tg,

Precip., Rnet, Tair, and qair), two solutions (i.e., parameter sets), one from the coupled

case C3 and the other from the partially decoupled case B3_D, are used as representatives

for the coupled cases and the partially decoupled cases, respectively. The time series of

the seven variables for the two solutions are shown in Figures 7.24 and 7.25 for the three

land-surface fluxes/variables (LH, SH, and Tg) and the four atmospheric variables

(Precip., Rneb Tau., and qair), respectively, along with the corresponding time series

simulated by the coupled SCCM with the default parameters and the 9710P data set.

Although it is difficult to describe the differences between the time series of the default
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case and the two chosen cases for six of the seven variables (LH, SH, Tg, Rnet, Taff, and

qair), the simulations of precipitation for the two chosen cases are obviously matching the

observed precipitation pattern much better than the default case, as a result of the large

capelmt values of 2936 J kg' and 3379 J kg' for the coupled case and the partially

decoupled case, respectively. The statistics (correlation, RMS error, bias, and tracking) of

the time series for the two chosen cases and the default case are given in Table 7.4, where

the two chosen cases are referred to as the "best coupled validation case" and the "best

partially decoupled validation case", respectively. Similar information as indicated by the

time series can be noticed from Table 7.4, i.e., the performance on precipitation is better

than those on the other six variables.

Table 7.4. Comparison of statistics of the time series of different cases (9710P)

Statistics
Cases

LH
Wm

SH
Wm -2

Tg
K

Precip.
mm

Rnet_
2W m

Tar
K

Clair

Wk.

Default
Case

Correlation 0.90 0.88 0.54 0.06 0.89 0.61 0.52

RMSE 89.4 30.9 2.88 2.88 173.1 4.55 0.0021

Bias 34.5 -17.2 -1.97 0.32 111.4 -3.59 -0.0006

Tracking 0.19 0.43 -0.76 -0.20 0.22 -0.30 0.00

Best
coupled
calibration
case

Correlation 0.86 0.79 0.54 0.85 0.85 0.70 0.67

RMSE 74.7 38.9 1.65 1.28 136.2 2.82 0.0025

Bias 16.9 -20.3 -0.48 0.14 39.7 -1.10 0.0019

Tracking 0.33 0.28 -0.01 0.47 0.39 0.19 -0.19

Best
partially
decoupled
calibration
case

Correlation 0.98 0.90 0.67 0.89 0.86 0.82 0.65

RMSE 77.4 37.1 2.04 1.12 115.9 2.59 0.0032

Bias 32.9 -25.9 -1.39 0.30 5.1 -1.44 0.0027

Tracking 0.30 0.31 -0.25 0.53 0.48 0.26 -0.49
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Overall, testing with the 9710P data for the coupled model SCCM is generally

less successful than that for the off-line model LSM. In the coupled environment, the

"optimal" parameter sets obtained from the calibration with one data set (9510P) does not

necessarily lead to significantly improved model performances when applied to another

similar data set (9710P). This can also be noticed from the fact that, with the default land-

surface and atmospheric parameters, the model basically performs better with the 9710P

data than with the 9510P data, especially on latent heat, sensible heat, ground

temperature, air temperature, and air specific humidity for which the default RMS errors

are 89 W rI1-2 , 31 W rn -

2 , 2.88 K, 4.55 K, and 0.002 kg kg-1 for the 9710P data and 105 W

rr1-2, 48 W rr1-2, 3.87 K, 5.1 K, and 0.006 kg kg-1 for the 9510P data, respectively (See

Tables 7.3 and 7.4).

However, as in the off-line case, the validation results for the sensible heat flux

are also worse than those for the other variables in the coupled (or partially decoupled)

environment. In addition, the validation results of the SCCM are consistent with the

corresponding calibration results in three ways as follows:

For both calibration and validation results of the SCCM,

• there exists a negative correlation between precipitation and sensible heat flux;

• the larger the value of the parameter capelmt, the better the model-simulated

precipitation matches the observed precipitation;

• the performances of the "B" cases are basically equivalent to those of the "C"

cases in the coupled environment;
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7.7. SUIVIMARY AND CONCLUSIONS

In this chapter, the calibration results with the 9510P data and the corresponding

validation results with the 9710P data from the 14 coupled or partially decoupled

calibration experiments for the single-column model (SCCM) have been presented and

analyzed. Although the automatic calibration of a coupled land-surface atmosphere

model is, for the first time, explored in this work and (probably) completely new among

the modeling community, this pilot study with the 14 calibration experiments indicates

that it is possible to conduct automatic calibration experiments in a coupled environment.

And more importantly, the calibration results of the SCCM have demonstrated that

considerable benefits can be gained by including atmospheric parameters and variables

into the calibration procedure, while in the traditional off-line calibration studies of land-

surface models, only land-surface parameters and fluxes/variables have been involved in

the optimization.

Comparison of the calibration results from different experiments indicates that

atmospheric parameters are of critical importance in a coupled land surface-atmosphere

model, and it is necessary to include, besides the land-surface parameters, also some

atmospheric parameters into the calibration procedure to achieve desirable performances

of a coupled model. For example, it has been found in this work that, with large CAPE

threshold (capelmt) values, the model-generated precipitation is able to capture the major

observed rainfall events and match the observed time series fairly well. This conclusion,

however, is conditional in that the SCCM has a built-in error in the triggering function of

deep convection as pointed out in Xie and Zhang (2000).
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In addition, the calibration results also demonstrate that calibration in a partially

decoupled environment, with model-generated precipitation and net radiation replaced by

observations to drive the land-surface part, can achieve better results than calibration in a

coupled environment, indicating the significance of the accuracy of the model-generated

precipitation and net radiation in a coupled land surface-atmosphere model. This also

implies the potential benefits that may be gained by incorporating data assimilation of

atmospheric forcing variables, especially precipitation and net radiation, into the

calibration procedure.

The results also show that, in the coupled environment, the performances of the

"B" cases, where only atmospheric variables are used for optimization, and those of the

"C" cases, where both atmospheric variables and land-surface fluxes/variables are used

for optimization, are basically equivalent to each other. This indicates that atmospheric

variables may contain more useful information than the land-surface fluxes/variables in

terms of calibration, leading to the dominance of atmospheric variables and thus little

advantage of including land-surface fluxes/variables into the calibration procedure at the

same time. However, in the partially decoupled environment where improved simulations

of precipitation and net radiation do not automatically lead to improvements on the land-

surface fluxes/variables, the latter have to be explicitly included in the calibration

procedure to achieve desirable model performances on the land-surface outputs.

In the coupled environment, the step-wise calibration schemes appear to be

superior to the corresponding single-step calibration schemes in that the former can

provide better converged "optimal" solutions with less uncertainties and at the same time
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achieve encouraging optimization effects which are at least comparable to, if not better

than, those of the single-step calibration schemes. The superior performances of step-

wise calibration cases in the coupled environment can be partially attributed to the fact

that, in these cases, the land-surface parameters are calibrated in an off-line mode where

the atmospheric forcing, which has the dominant effects in the coupled environment, is

derived from the observations. This also explains why in the partially decoupled

environment, where observations of atmospheric variables are used to drive the land-

surface part, the step-wise calibration schemes do not necessarily posses advantages over

the corresponding single-step schemes.

For all the calibration experiments involved in this work, the "optimal" solutions

associated with small precipitation errors always correspond to those associated with

large sensible heat errors. Whether this negative correlation between precipitation and

sensible heat is related to the known error of the SCCM in the triggering function of deep

convection (Xie and Zhang, 2000) is still unclear and should remain for further research.

For the testing experiments with the 9710P data, the results for latent heat,

precipitation, and net radiation are better than those for the other variables (sensible heat,

ground and air temperatures, and specific humidity), with the results for sensible heat and

specific humidity being the worst. Generally speaking, the post-calibration testing results

are, as expected, not as encouraging as those in the off-line case, partially due to the

complicated interactions between the land-surface and the atmosphere. This indicates that

the "optimal" parameter sets obtained from the calibrations of a coupled land surface-

atmosphere model with one set of data, might not be suitable for another similar data set
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(from the same site and a similar period). Nevertheless, there exist some consistencies

between the calibration and testing results including the negative correlation between

precipitation and sensible heat, the dominant importance of atmospheric forcing variables

in the coupled model, and the relationship between model-generated precipitation and the

threshold CAPE value capelmt for deep convection (i.e., larger capelmt values lead to

better precipitation simulations as described in Appendix B).
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CHAPTER EIGHT

CONCLUSIONS AND RECOMMENDATIONS

8.1. SUMMARY

Owing to complexities in the large volume of model outputs and the requirement

for expensive computation resources, manual tuning of parameters in a coupled land

surface-atmosphere model, if possible, has always been tremendously time-consuming

and cumbersome. Using the NCAR SCCM (a coupled land surface-atmospheric single-

column model) as an example, this work proposed and implemented some effective

schemes for the applications of automatic model calibration in a locally coupled

environment, where it involved the optimizations of both land-surface and atmospheric

parameters and the evaluations of both land-surface fluxes/variables and atmospheric

forcing variables.

In this work, a parameterization deficiency in canopy evaporation was identified

in the land-surface part of the SCCM (i.e., the NCAR LSM). The negative impacts of this

model deficiency and the corresponding mechanisms were explored and summarized in

Chapter 4 where an adjustment to the parameterization deficiency, which led to

significant improvements on the model performances, was also presented. Without this

parameterization adjustment, subsequent studies presented in this dissertation, if possible,

would have been less successful, and the corresponding results could be inaccurate and

less reliable.

To facilitate the calibration experiments in the coupled environment, some

sensitivity analyses, using the "one at a time" approach and the multi-objective approach
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MOGSA (Bastidas 1998), were conducted for both the off-line LSM and the coupled

SCCM in this work, and the results were summarized in Chapter 5. In addition, to

provide certain references for the coupled calibration experiments, some off-line

calibration experiments were conducted for the LSM using both the single-objective

algorithm (SCE-UA) and the multi-objective algorithm (MOCOM-UA). The off-line

calibration results were presented in Chapter 6.

Because the multi-objective algorithm MOCOM was found to be performing

unsatisfactorily in the coupled environment, the single-objective algorithm SCE-UA was

used to conduct all the "multi-objective" calibration experiments for the SCCM. A total

of 14 different calibration cases were explored in this work, including eight coupled

calibration cases and six partially decoupled calibration cases which were conducted in

either a single-step way or a step-wise way. The calibration results from different cases

using the 9510P data set were summarized and analyzed in Chapter 7, along with the

post-calibration testing results with the 9710P data set.

8.2. CONCLUSIONS

Based on the studies presented in Chapters 4-7, the major conclusions of the

present work can be divided into four different parts which are presented in the following

four subsections (8.2.1-8.2.4).

8.2.1. Exploration of the Parameterization Deficiency

The exploration of the parameterization deficiency in canopy evaporation in the

land-surface part of the model has led to the following conclusions:
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• For land-surface models, it is necessary to constrain the model-simulated canopy

evaporation to be equal to or less than the available canopy water storage. Otherwise,

model performances could be greatly degraded, especially in a coupled land surface-

atmosphere environment.

• The concurrence of enough precipitation and intense solar radiation has been

identified to be the major mechanism triggering the continuous overestimations of

canopy evaporation, thus leading to the frequent fluctuations in the simulated time

series of surface heat fluxes.

• The simple adjustment to the canopy evaporation parameterization made in this work

has led to significantly improved model performances for both the off-line LSM and

the coupled SCCM.

8.2.2. Sensitivity Analysis

The independent ("one at a time") sensitivity analysis has led to the following

conclusions:

• In the independent sensitivity analysis experiments where the interactions between

parameters and those between objectives are ignored, the response surfaces for most

of the land-surface parameters in the off-line case show the same trends as those in

the coupled case.

• The response surfaces of parameters in the coupled case are less smooth than those in

the off-line case due to the uncertainties and the non-linearity in the coupled model.

• In the off-line case, the response surfaces of the surface fluxes/variables for most of

the land-surface parameters for the two data sets (9510P and 9710P) are generally
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parallel to each other. However, this is not always true for the land-surface and

atmospheric parameters in the coupled case.

Conclusions related to the multi-objective sensitivity analysis with MOGSA can

be summarized as follows:

• In the coupled environment, there are more sensitive land-surface parameters than in

the off-line environment for the global objective and latent heat flux.

• When the MOGSA experiments are conducted for both land-surface and atmospheric

parameters simultaneously in the coupled environment, the number of sensitive land-

surface parameters for ground temperature is much lower than in cases where

sensitivity analyses were conducted for only land-surface parameters in the off-line or

coupled environment.

• For the atmospheric parameters, sensible heat, ground temperature, and air

ten	 perature have more sensitive parameters when the sensitivities of atmospheric

parameters are explored alone in the coupled environment, compared to the case

where the sensitivities of the atmospheric parameters are explored together with those

of the land-surface parameters.

8.2.3. Off-line LSM Calibration

The off-line calibration of the LSM has resulted in encouraging improvements on

the performances of the LSM and led to the following conclusions:

• The calibration of the off-line LSM with the 9510P data has been fairly successful in

that the objective function values (RMS errors) have been reduced, on the average, by
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more than 50% for the three land-surface fluxes/variables: latent heat, sensible heat,

and ground temperature.

• The results from both single-objective and multi-objective calibrations of the off-line

LSM with the 9510P data demonstrate that latent heat flux and sensible heat flux are

highly positively correlated, while there exists a trade-off relationship between the

state variable (ground temperature) and the two heat fluxes. However, in the case of

9710P data, the strong positive correlation between latent heat flux and sensible heat

flux is replaced by a trade-off relationship.

• In the off-line case, the post-calibration testing with the 9710P data can also be

considered to be fairly successful in that, although the improvement on sensible heat

flux is only marginal, about 50% reductions on the RMS errors for latent heat flux

and ground temperature have been achieved.

8.2.4. Calibrations of the SCCM

Some significant conclusions can be drawn from  the results of the 14 different

calibration experiments of the SCCM as follows:

• Although more complicated and requiring a robust automatic calibration algorithm, it

is feasible to conduct automatic calibration experiments in a coupled environment (at

least in a single-column model framework).

• Atmospheric parameters are of critical importance in coupled land surface-

atmosphere models; and it is of high benefits to include, besides the land-surface

parameters, also some important atmospheric parameters into calibration procedures

to achieve desirable performances of a coupled model.
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• Once the important atmospheric forcing variables (such as precipitation, radiation,

and air temperature) are used for optimization in a coupled environment, there

appears to be little advantage to also include the land-surface fluxes/variables into the

calibration procedure at the same time.

• The atmospheric forcing variables appear to contain more information for calibration

than the land-surface fluxes/variables, thus possessing dominant influences on the

calibration results.

• When model-generated precipitation and radiation are replaced by the corresponding

observations and the calibration is conducted in such a partially decoupled

environment, better calibration results can be achieved than in the coupled

environment, implying the significance of precipitation and radiation in a coupled

model and the potential benefits that may be gained by incorporating data

assimilation of these atmospheric variables into the calibration procedure of a coupled

land surface-atmosphere model.

• In the coupled environment, the step-wise calibration schemes appear to be superior

to the corresponding single-step calibration schemes in that the former can provide

better-converged "optimal" solutions with less uncertainty and at the same time

achieve encouraging optimization effects.

• For all the calibration experiments involved in this work, the "optimal" solutions

associated with small precipitation errors always correspond to those associated with

large sensible heat errors, indicating that there might be a negative correlation

between precipitation and sensible heat flux in terms of optimization.
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• The calibration results show that the default threshold value of CAPE (70 J kg-1) for

deep convection is too low for the SCCM to generate realistic precipitation, and better

precipitation simulations are always associated with higher CAPE thresholds (about

3000 J kg-I).

• The calibration results also show that the prescribed threshold for relative humidity

(80%) for low-level cloud formation over land areas is too low in the SCCM (and

many GCMs). The same is Mae for the proportionality factor (0.1) for the downdraft

mass flux.

• Probably due to the complicated interactions between the land-surface and the

atmosphere, the post-calibration testing results are not as encouraging as those in the

off-line case.

• The testing results for latent heat, precipitation, and net radiation are better than those

for the other variables (sensible heat, ground and air temperatures, specific humidity),

with the results for sensible heat being the worst.

• The calibration and testing results share at least three common features, including the

negative correlation between precipitation and sensible heat, the dominant importance

of atmospheric forcing variables in the coupled model, and the relationship between

model-generated precipitation and the threshold CAPE value for deep convection.

8.3. RECOMMENDATIONS FOR FUTURE RESEARCH

Generally speaking, the errors in the outputs of a numerical model, such as a

coupled land surface-atmosphere model, are associated with three possible sources:

model structure, model parameters, and observational data. While model calibrations are
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aimed to minimize the errors related to model parameters only, the errors associated with

other sources could have an influence on the final "optimal" solutions from the

calibration and sometimes even considerably degrade the performance of a calibration

algorithm such as the capability of achieving convergence. Consequently, it is important

to choose, carefully, a model with as few structural errors as possible and corresponding

observational data with minimum measurement errors. In the case of this work, the IOP

data sets from the ARM-CART SGP site were derived from a constrained variational

analysis based on the conservation of mass, heat, moisture, and momentum (Zhang and

Lin 1997) and have been successfully used in many ARM single-column modeling

studies. However, as mentioned earlier in this dissertation, the SCCM used in this work

has a built-in error in the triggering function of deep convection, which could make some

of the conclusions about the calibration of the SCCM presented in Section 8.2 conditional

and less reliable. Hence, an interesting direction for future research is to rectify the

specific error associated with the parameterization of deep convection in the SCCM and

re-conduct the calibration experiments. Another possible direction of future research

could be to test the calibration schemes in a more accurate single-column model and

compare the results to those obtained in this work.

The complexity of calibration in a coupled environment put more demanding

requirements on the robustness and effectiveness of the automatic calibration algorithms.

In this work, the multi-objective optimization algorithm MOCOM-UA was found to be

performing unsatisfactorily in the coupled environment, and all the calibration

experiments were conducted with the single-objective scheme SCE-UA with a weighting
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approach to achieve a rough approximation of the "multi-objective" applications, where

only a few comprising solutions could be obtained and the complete Pareto front

associated with the nature of multi-objective calibrations was missing. Vrugt et al. (2003)

recently presented a new multi-objective approach named as MOSCEM, which can

theoretically approximate the "true" Pareto parameter sets and has been proved to be

more effective and efficient than MOCOM-UA when applied to several theoretical or

hydrological models. It is therefore of interest to test the MOSCEM algorithm with a

coupled land surface-atmosphere model such as the SCCM to examine whether this new

optimization algorithm performs also satisfactorily in the coupled environment to obtain

more complete and reliable results.

As have been commonly known in the climate modeling community, it is

extremely difficult, if possible, to test the parameterizations directly within a three-

dimensional global or regional climate model. The same is true for automatic calibration

of parameters of a three-dimensional climate model due to the limited affordable

computer resources. While single-column modeling has been considered to be a useful

tool for testing the parameterizations for a global climate model, it is also of high interest

to examine whether the "optimal" parameter sets from calibrations within a single-

column framework can be directly transplanted into the a global or regional climate

model with little additional work. Since "true" model parameter sets are usually site-

specific at certain resolutions, it may be necessary to calibrate a single-column model at

multiple locations so that calibrated "optimal" parameter sets can be successfully applied

to a global or regional climate model to generate desirable simulations or predictions. In
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addition, some downscaling or upscaling procedures might be necessary to match the

spatial and temporal resolutions of calibrated parameters with those of the

parameterizations in a regional or global climate modeL

Finally, as mentioned in the conclusions (Section 8.2), better performances of the

partially decoupled calibration schemes imply that potential benefits can be gained by

incorporating data assimilation of important atmospheric variables into the calibration

procedures of a coupled land surface-atmosphere model. Because the "optimal" values of

land-surface parameters, and probably atmospheric parameters too, are highly dependent

on the atmospheric forcing that drives the land-surface part of a coupled model, the

incorporation of atmospheric data assimilation into the calibration framework is expected

to provide more realistic "optimal" parameter values via improving the atmospheric

forcing variables. With the widespread availability of remote sensing data of atmospheric

variables, especially precipitation and radiation, this should constitute another future

research direction that is of great promise
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APPENDIX A

THE ATMOSPHERIC PARAMETERS USED FOR CALIBRATION

The following descriptions about the eight atmospheric parameters used for the

calibrations of the SCCM follow the presentations of Kiehl et al. (1996 and 1998) about

the CCM3. The first four parameters are related to deep moist convection, and the

remaining four parameters are related to cloud fraction calculation.

• Threshold value of CAPE for deep convection (capelmt, CAPE in„)

If the model-calculated convective available potential energy (CAPE) is higher

than a threshold value (CAPEim,), the moist convection is treated as deep convection

using the scheme developed by Zhang and McFarlane (1995); otherwise, it is treated as

shallow- and middle level convection using the scheme developed by Hack (1994). This

threshold value is assumed to be 70 J kg-1 in the CCM3.

• Adjustment time scale for CAPE consumption (tau, r

The closure condition for the deep convection is that the CAPE is consumed at an

exponential rate by cumulus convection with a characteristic adjustment timescale z- as

follows:

Mb 
	z-F
	 (A.1)

where F is the CAPE consumption rate per unit cloud base mass flux and Mb is the total

cloud base mass flux. r is assume to be 7200 seconds in the CCM3.

• Maximum fractional entrainment rate of updrafts (fmax,
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The cloud model is composed of the updraft ensemble and the downdraft

ensemble, with the updraft ensemble represented as a collection of entraining plumes.

The parameter fm specifies the maximum characteristic fractional entrainment rate of the

updraft plumes and is assumed to be 0.0002 in the CCM3.

• Scale factor for downward mass flux profile (alfa, a)

In the deep convection scheme, a "proportionality factor" a is applied to the

downward mass flux profile to ensure that the downdraft strength is physically consistent

with the precipitation availability (i.e., the net upward moisture flux at the cloud base is

not negative). It is assumed to be 0.1 in the CCM3.

• Minimum relative humidity for low cloud formation (rhminl, RH 17)

The cloud fraction in the CCM3 is evaluated via a diagnostic method (Slingo,

1989) by dividing the clouds into three types: (high-level) convective cloud, (mid-level)

layered cloud, and low-level cloud. The parameter R11 17 denotes the relative humidity

threshold for low cloud formation and is assumed to be 90% in the CCM3.

• Minimum relative humidity for mid-level and high cloud formation (rhminh, RH h '.8h )

Similar to the parameter Nei' , RH mh zignh denotes the relative humidity threshold

value for mid-level and high-level cloud formation and is also assumed to be 90%.

• Coefficient for calculating column convective cloud (Cconv, Cc.)

The total column convective cloud amount (AT)) is diagnosed as a function of

the column averaged convective mass flux ( M ) from the moist convective

parameterization as follows:
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kon, = ccom in(1.0 +He )

	

(A.2)

where the coefficient C„„, is assumed to be 0.035 in the CCM3.

• Reduction on RI-1 1' for CCN rich land areas (rhccn, ICCN )

This parameter denotes the reduction on the RH in: which is made to account for

enhanced cloud drop nucleation at lower relative humidities that can occur over cloud

condensation nuclei (CCN) rich land areas. RI-I cc,A, is assumed to be 10% in the CCM3.

In other words, the relative humidity threshold for low cloud formation over land areas is

assumed to be 80%.
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APPENDIX B

PRECIPITATION AND CAPE THRESHOLD VALUE

Shown in Figure B.1 are the RN1S errors (normalized by the errors in the default

case) of (a) land-surface fluxes/variables (latent heat, sensible heat, and ground

temperature) and (b) atmospheric variables (precipitation, net radiation, air temperature,

and air specific humidity) simulated by the SCCM as the threshold value of CAPE

increases, successively, from 70 J kg -1 (the default value) to 1000, 2000, ..., and 7000 J

kg-1 . As can be noticed from Figure B.1, the error of model-simulated precipitation keeps

decreasing as the threshold value of CAPE for deep convection increases; and when the

threshold value for CAPE is increased to 7000 J kg -1 , the error of precipitation has been

reduced by more than 50% compared to the default case where the threshold value for

CAPE is only 70 J kg-1 . However, the rate of improvement on precipitation decreases as

the threshold value of CAPE increases.

In addition, as the threshold values increases, the errors for latent heat and net

radiation have also been reduced compared to the default case while the simulation of

sensible heat actually becomes worse than the default case, implying there exists a

negative correlation between sensible heat and precipitation. The errors for the other

three variables (ground temperature, air temperature, and air specific humidity) first

decrease and then increase as the threshold value of CAPE increases.

Figure B.2 shows the time series of precipitation, latent heat, and net radiation for

cases with different CAPE threshold values (70, 2000, and 6000 J kg-1 ) compared to the

observations. As can be noticed from Figure B.2, the larger the threshold value of CAPE,
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the better the model-simulated precipitation matches the observed precipitation, and the

simulations of latent heat and net radiation in cases of larger CAPE threshold values have

been improved too compared to the default case.
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Figure B.1. The normalized RMS errors of land-surface and atmospheric variables as CAPE
threshold values increases
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