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ABSTRACT 

The effects of uncertainties on the simulation component and the decision 

component of the USDA-ARS Water Quality Decision Support System (WQDSS) are 

studied. For the simulation component, a generalized second order covariance propagation 

equation for multiple response models is developed to account for model nonlinearities 

and complexities. The equation permits the calculation of the covariance matrix of several 

model responses as a function of their first and second order sensitivities to variations in 

model parameters and the cross moments of the parameter vector. The equation is 

complemented by developing an applied approach that aims to identify model 

nonlinearities, isolate response discontinuities, and simplify the computational efforts 

associated with analytical uncertainty analysis. 

As for the decision component, a generalized closed form solution of the 

WQDSS's decision model is derived to allow consideration of a vector of quantitative 

scale factors. The factors indicate the relative importance of the studied decision criteria. 

A procedure that is based on computing these scale factors and assigning importance 

orders proportional to the effects of the uncertainties on the scoring function 

transformation of the individual critelia is also developed and tested. 



29 

ABSTRACT - continued -

To test the methodology, the covariance matrix of twelve model responses is 

estimated based on uncertainties in sixteen soil related parameters using a) direct 

simulation, b) first order propagation and c) second order propagation. Comparing the 

first and second order propagated matrices to those resulting from actual simulations of 

four agricultural management systems attests to the superiority of the second order 

equation. 

The effects of uncertainties on the decision recommendations are identified 

through experimental combinations of three different importance orders and four possible 

alternative ranking schemes. Two of the importance orders and their associated scale 

factors are based on the uncertainties in evaluating decision criteria. The ranking methods 

are based on varying the point at which averaging of the data takes place with respect to 

the decision process. Results indicate that the decision model is less sensitive to changes in 

the point of averaging than it is with respect to variations in the importance orders and the 

scale factors. 
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CHAPTER! 

INTRODUCTION 

1.1 Baci{ground 

The selection of environmentally sound, yet profitable farm management practices 

has been evolving as a multiple objective decision making process. The Water Quality 

Program of the United States Department of Agriculture (USDA) includes the 

employment of state of the art non-point source pollution modeling technologies in the 

context of comprehensive decision making tools. Following this guideline, the USDA 

Agricultural Research Service CARS) Southwest Watershed Research Center has 

pioneered the development of a Water Quality Decision Support System (WQDSS). The 

WQDSS utilizes a combination of a set of scoring functions, optimization theory and 

several state of the art physically based natural resource simulation models. The system 

allows decision makers to obtain preference ranking of farm management systems based 

on the type and magnitude of influence such systems exert on erosion, the fate and 

distribution of nutrients and pesticides, crop growth and farm returns. 

The research presented here will supplement the development of the WQDSS by 

exploring the effects of uncertainties associated with the embedded simulation models on 

the system's decision recommendations. 
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1.2 Problem Statement 

An important area of research in multiple objective decision makin~ with 

embedded simulation models involves evaluating the effects of uncertainty on the 

reliability of decision recommendations. In general, uncertainty in simulation results stems 

from the combined effects of various sources. These sources include uncertainty in 

parameter estimates, model structure and the future behavior of the natural system (plate 

et aI., 1990). 

Certainly, a unified theory of multiple objective decision making under uncertainty 

is yet to be developed (Helton et aI., 1989). Such development faces several difficulties. 

The most important of these difficulties is the wide range of differences between the 

conceptual and the applied aspects of the most commonly used multiple objective decision 

making approaches. However, any research pertaining to the use of simulation models in 

order to evaluate alternative management scenarios for decision making purposes must 

emphasize four main topics. These topics are complementary with respect to their 

characteristics and to their utilities as well. First, the research must aim to identify a simple 

composite alternative evaluation measure that is capable of preserving the problem's 

mUltiple objective nature. Second, it must also attempt to distinguish between the effects 

of human subjectivity on the reliability of the decision recommendations and those effects 

stemming from uncertainties in model prediction. Third, a great deal of attention must be 

paid to the process of identifying the type of quantitative uncertainty analysis that yields 

the required information under various data availability scenarios. Fourth and last, it is 

--~~~-~,--.. -. -.~.--.. ~------- .. ~--.----~-
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highly important for this type of research to identify reasonable methods through which 

uncertainty information can be incorporated into the structure of the decision making 

problem. 

According to Ronen (1988), most uncertainty analysis methods fall under one of 

the following two categories. a) sensitivity based uncertainty analysis, and b) random 

sampling based uncertainty analysis. Sensitivity based approaches provide quantitative 

information about the contribution of uncertainty in each individual parameter to the total 

uncertainty in the studied model response. The main disadvantage to this approach is 

related to the restrictive assumptions that are imposed on the model's behavior within a 

small neighborhood of a nominal parameter vector. The size of the validity region of the 

linearity assumptions determines the degree of locality that is accorded to sensitivity based 

uncertainty analysis methods. 

The standard sensitivity based method is the first order uncertainty analysis 

(McCuen, 1973; Mein et aI., 1978; and Kohberger et aI., 1978). Because of its relative 

simplicity, and the availability of a multivariate extension of the first order sensitivity 

based approach, this method has been exhaustively used as an uncertainty propagation 

technique for hydrologic and water quality simulation models. The main drawback of the 

first order uncertainty analysis is its failure to acknowledge nonlinear relationships 

between model responses and model parameters. Because most hydrologic and water 

quality models can be described as complex nonlinear models, results of the variance and 

the rarely used covariance propagation applications using the above method become less 
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reliable in a manner that is proportional to the complexity of the simulation model (Beck, 

1987). On the other hand, higher order uncertainty analysis methods are impeded by 

difficulties in quantifYing the nonlinear behavior of complex models. The absence of 

multivariate extensions of nonlinear analysis is perhaps another important reason for the 

rarity of their applications to hydrologic and water quality simulation models. 

Although random sampling techniques can be computationally demanding in some 

cases, they require relatively simpler implementation for complex models than their 

sensitivity based counterparts. The main advantage of random sampling uncertainty 

analysis methods is characterized by the ability to simultaneously construct posterior joint 

and marginal probability density functions of several model responses (Rief, 1988). 

Indeed, the reliability of these distributions as measures of uncertainty in model predictions 

depends on the accuracy of the prior joint and marginal densities of the studied parameters 

(Scavia, 1981). 

Several characteristics distinguish complex natural resource simulation models. 

First, most natural resource simulation models produce several temporal or spatial 

realizations of a response vector. Such vectors represent a multitude of natural processes 

that are both conceptually and statistically correlated. Second, most of the above 

mentioned responses are nonlinear functions of model parameters. Although the degree of 

nonlinearity varies between models as well as amongst several responses of a given model, 

its presence poses significant challenges to the validity of the first order uncertainty 

analysis basic assumptions. Third, natural resource simulation models are known to utilize 
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large parameter vectors. Some of these parameters are strongly correlated. Yet they are 

not dependent enough to warrant considering them as state variables, which may be 

predicted via mathematical relationships with other model parameters. Because of the 

considerable difficulties pertaining to the identification of the joint and the marginal 

probability density functions of large parameter vectors, the effectiveness of random 

sampling uncertainty analysis methods can deteriorate proportionally with the size of the 

considered random parameter vector. 

In summary, decision making for natural resource management requires evaluating 

the effects of management alternatives on several decision criteria. When complex natural 

re~ource simulation models are needed for the latter purpose, the effects of the 

uncertainties associated with simulation parameters must be accounted for in the decision 

making process. However, a large proportion of natural resource simulation models are 

complex and nonlinear. Classical multivariate first order uncertainty analysis may not be 

applicable under these conditions to account for the model nonlinearities. Additionally, a 

large number of model parameters drastically increases the difficulties in identifY their joint 

probability density function such that the integrity of their marginal distributions is 

maintained. This can impede the effectiveness and the random sampling methods. 

Therefore, the adequacy and the applicability of the second order second moment 

approach as an alternative uncertainty analysis method for multiple response natural 

resource simulation models must be investigated. Such investigation will contribute to the 

ongoing uncertainty analysis research. 
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1.3 Objectives 

The objectives ofthis dissertation are 

1- To extend the theory of sensitivity based second order uncertainty analysis to 

encompass the propagation of second moments of multiple response prediction:;. 

2- To formulate and test an applied frame work for evaluating the various components 

of the developed method for complex natural resource simulation models. 

3- To develop and test an applied approach for incorporating information regarding 

uncertainties in decision criteria within the decision component of the WQDSS. 

1.4 Approach 

To achieve the first objective of this dissertation, fundamental aspects of linear 

algebra will be utilized to derive a multivariate formulation of the second order Taylor's 

series expansion of a vector of model responses. By applying the properties of the 

statistical expectation operator to the latter expansion, the solution of the multivariate 

trajectory of the variance covariance matrix of model responses will be derived. Each 

element of the latter trajectory is an approximation of the covariance of a pair of model 

responses as a function of the covariance matrix of model parameters, the gradient vectors 

and the hessian matrices of both model responses. The developed equation will be 

denoted as the Quadratic Covariance Trajectory Method (hereafter referred to as QCTM) 
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as opposed to the Linear Covariance Trajectory Method (hereafter referred to as LCTM). 

The second objective of this dissertation will be achieved through a dual phase 

process that includes a development phase and a testing phase. The development phase 

encompasses an investigation of the numerical requirements of the QCTM theory. 

Methods of estimating the variance covariance matrix of model parameters, first and 

second order sensitivity indices will be surveyed and discussed. The discussion also 

includes methods for assessing model linearity or nonlinearity with respect to its 

parameters. Thereafter, the qualitative results of the latter survey will be incorporated to 

formulate a quantitative approach that integrates standard statistical methods of hypothesis 

testing and response surface approximations in order to evaluated the above mentioned 

requirements. 

With respect to the QCTM's testing phase, the method will be applied to the 

simulation component of the WQDSS in the following manner. First, prediction 

uncertainty will be assumed to result from lack of site measurements of a vector of model 

parameters. Therefore a sample of soils that share similar texture and hydrologic group 

with the soil of the case-study site will be identified by searching a selected soil data base. 

Second, the sample will be used to obtain estimates of the mean vector and the variance 

covariance matrix of the studied parameters. Thirdly, the above mentioned sample will 

also be used to compute an Observed Covariance Trajectory (OCT) of several model 

responses. This will be attained by introducing each of the sample's parameter vectors to 

the simulation model and then computing the covariance matrix of the resulting sample of 
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model response vectors. It is important to realize that the computed OCT is a conditional 

measure of the effects of possible variations of model parameters on the associative 

dispersion of model responses. The reason for OCT being considered conditional rather 

than absolute measure is the prior assumption regarding the source of uncertainty in 

simulation prediction. In particular, this assumption will be imposed because of its 

consistency with the methods of obtaining parameter values for the WQDSS for ungauged 

watersheds. Finally, both the LCTM and the QCTM will be applied to the simulation 

model in order to obtain mean value and covariance trajectories of the selected responses. 

By comparing the latter two trajectories with the previously computed OCT, measures of 

the accuracy of each method will be calculated. These measures will be compared to 

identifY if the proposed QCTM is more efficient than the commonly used classical 

LCTM. The above test will be performed with respect to four different management 

systems. This aims to evaluate the proposed method under different simulation conditions 

of the same natural resource model. 

Similar to the second objective if this dissertation, the third and last objective will 

also be achieved through a dual phase process. Again, the process involves a development 

phase and a testing phase. As for the development phase, it will be based on the 

assumption that reducing the uncertainty levels of the simulation is not feasible. The 

assumption is consistent with the lack of site specific historical record that permits 

calibrating the simulation model for different management alternatives. The most 

significant implication ofthe above statement is that the effects of uncertainty in evaluating 
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decision criteria must be identified and/or accounted for through a combination of a) 

evaluating various ranking methods of the alternatives and b) re-adjusting the importance 

order of the decision criteria so that it accounts for the uncertainties associated with the 

predicted values. 

With respect to point (a), a frequency based approach that consists of four 

different methods to rank alternative management systems will be proposed. Each of the 

four ranking methods is distinguished by the point at which the expectation operator is 

applied to a random decision criteria with respect to the three decision sub-processes that 

are associated with the WQDSS decision component. 

Point (b) will be addressed by introducing a heuristic method that accounts for 

uncertainties in parameterizing the decision component. To maintain consistency with the 

proposed analytical. uncertainty analysis of the simulation component, it will be assumed 

that information about uncertainties in decision criteria are made available through error 

propagating parameter uncertainties through the simulation component. These information 

will be used to define an informed uncertainty region (IUR) as opposed to a total 

uncertainty region (TUR) for each ofthe decision criteria logistic scoring functions. Based 

on the size of the two mentioned regions, the importance order and a corresponding 

vector of quantitative scale factors will be accorded to the decision criteria vector under 

two different decision making strategies. The first strategy assigns priority proportional to 

uncertainty. The second strategy assigns priority proportional to confidence. 

The above listed approaches will be used in conjunction with the results of the 
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uncertainty analysis of the simulation model. The effects of uncertainty on the decision 

recommendation will be assessed by performing the same decision experiment using model 

predictions that are based on calibrating the simulation model. The calibration will utilize 

available historical record from three adjacent watersheds on which the four management 

systems were applied and observed during a long study which has been conducted by the 

USDA-ARS. 

1.5 Contributions 

The expected contributions of this research can be separated under two categories, 

theoretical benefits, and practical benefits. The most important theoretical benefit of this 

dissertation will be the development of the second-order second moment uncertainty 

analysis equation for multiple response simulation models (i.e. QCTM). A second 

theoretical benefit will be the illustration of possible methods to incorporate predictive 

uncertainties within the structure of multiple objective decision making with embedded 

simulation models. This will benefit the proposed users of the WQDSS. 

There are four major practical benefits of this dissertation. The first is related to 

the evaluation and testing of the simulation component of the WQDSS. Because this 

component shares several aspects with a suite of widely used natural resource simulation 

models, users of these models will be provided with quantitative and qualitative 

information regarding the magnitude and the order (i.e. linear, quadratic) of the 

sensitivities of the shared simulation elements to the studied parameters. The latter 
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contribution will also benefit the USDA-ARS's decision support system development by 

pointing parameters that must be assigned high research priorities. 

The second practical benefit of this research will be the development and 

illustration of an applied approach for sensitivity based uncertainty analysis for complex 

natural resource simulation model. 

The third practical benefit of this dissertation is the demonstration of the usefulness 

of utilizing the tremendous amount of information available in several soil data bases. This 

will contribute to the ongoing research efforts that aim at transferring complex natural 

resource simulation models from the research arena into practical applications. 

Finally, the USDA-ARS will benefit from the evaluation the robustness of the 

decision component of the WQDSS. 
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CHAPTERll 

LITERATURE REVIEW 

n.l Objectives and Organization 

This chapter has two immediate objectives. The first objective is to provide an 

in-depth review of literature concerning (a) multiple criteria decision making in natural 

resources, and (b) uncertainty analysis of complex process based simulation models. Both 

of which are relevant to the materials and developments addressed in this dissertation. The 

second objective of this chapter is to demonstrate through literature review the 

unequivocal need for extending the mathematical theory of sensitivity based second order 

second moment uncertainty analysis from its present state (i.e. single response variance 

propagation) to encompass the propagation of the variance covariance matrix of several 

responses. 

To achieve the first of the above objectives the chapter will be divided into two 

mam sections. In the first section, Multiple Criteria Decision Making in Natural 

Resources, the development of some multiple criteria decision making techniques; 

hereafter referred to as (MCDM) will be reviewed and discussed. The review will include 

brief discussions ofthe following aspects (a) applicability to natural resource management 

problems and (b) the type of information necessary to define and quantify various natural 
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resources MCDM problems that may be solved by these methods. 

The second section of this chapter is titled Sensitivity and Uncertainty Analysis. It 

intends to provide a critical review of the most commonly used uncertainty analysis tools. 

Applications of these tools to natural resource modeling. Additionally, distinction will be 

made between the propagation of parameter uncertainties arising from natural variability, 

and those resulting from model identification problems (i.e. calibration). 

11.2 Multiple Criteria Decision Making in Natural Resources 

The study of highly structured problems of operational decision making was first 

initiated during the second world war to study large scale tactical military operations. 

Operations research was defined as a "systematic approach for scientifically studying 

well-structured problems that can be modeled using quantitative mathematical techniques" 

(Ripel, 1992). After the war, the 1947 development of the simplex method for solving 

linear programming models by Dantzig (Drobny, 1971) played a pivotal role in applying 

linear programming to a wide range of natural resources management situations. 

Numerous examples of these applications are found in water resources management 

literature. These examples include problems such as single reservoir operation (Little, 

1955; Sobel, 1975; and Croley et aI., 1979). Linear programming was also used to identify 

optimal design and operation plans for multiple reservoir systems under contlicting 

interests and objectives. Such objectives included flood protection, hydropower generation 

and recreational uses (Mejia et aI., 1974; Becker et al., 1974; Cohon and Marks, 1975; 



43 

and Turgeon, 1981). Linear programming and other optimization techniques were also 

applied to water quality and environmental management problems. Among which are, lake 

eutrophication, Biodegradable Oxygen Demand and management of non-point source 

induced concentration of nutrients (Loucks et aI., 1967; and Drobny, 1971; and Brill et 

aI., 1979) 

In general, there are two main classes of decision making problems. The first, is 

the operational or (tactical) decision making. This class is suitable for continuous type 

problems that have a well defined single valued objective function. Such problems are 

encountered in resource allocation, engineering design, and scheduling algorithms. The 

second class, on the other hand, involves comparison between a finite set of discrete 

alternative scenarios (strategies) as they perform with respect to various decision criteria. 

Problems such as natural resource management fall under the latter category. 

Classical tools of describing and solving strategic MCDM programs involve 

selecting an alternative that maximizes a weighted sum of utility measures. Each decision 

criterion is assigned a utility transformation function. The objective of the latter 

transformation is to convert the non-commensurable decision criteria (variables) from their 

original units into a unified unit system (e. g. monetary value). Accordingly, a scalar 

objective function could be constructed to describe the total utility of an alternative 

management system. It is also possible to include some of the objectives within the 

constraint set of the mathematical program. A generalized mathematical representation of 

the approach consists of the objective function and a set of constraints that are imposed 
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either on the decision criteria themselves (Le. none negativity) and/or on a set of linear or 

nonlinear combinations of these criteria. This is illustrated in equation (2.1) below. 

N 

max L wlf;(xij, 9) 
jeM 1=1 

St 

where in (2.1) , 

glj (X])::; blj 

xI} ~ 0 ; 

N : number of decision criteria, 
M : number of alternatives, 

Ij = 1,2, ... ,L], 
i= 1,2, ... ,N, 
j= 1,2, ... ,M. 

(2.1) 

xi} : the value of the i'th criterion as evaluated through thej'th alternative, 
Wi : weight of the utility associated with the i'th criterion, 
/; : utility transformation function, 
e : parameter vector, 
g, b : constraint function and value respectively, 
Lj : number of constraints associated with the j'th alternative and 
Xj : a vector ofN decision criteria associated with the j'th alternative. 

Selecting a particular solution method of the optimization problem described in 

(2.1) depends on the linearity or nonlinearity of the objective function and the constraints 

set. Complicated nonlinear constrained mathematical programs, which occur frequently in 

natural resource management, require optimization techniques such as the cutting plane 

methods and the active set methods. Both of which provide powerful but cumbersome 

solution algorithms (Luenberger, 1984). The forthcoming discussion illustrates some of 

the numerous applications of multiple objective decision making theory to environmental 
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management. 

Miller and Byers (1973) developed a mUltiple objective linear programming model 

that considers maximizing the present worth of a realized stream of net benefits as an 

objective function. The model accounts for other conflicting variables (e.g. social 

constraints on water quality indicators) within the constraint set of the linear program. To 

quantifY the effects of several severity levels of each management constraint on the 

realized net benefits, the authors utilized the concept of tradeoff functions. The analysis 

was applied to assess management options at the West Boggs Creek watershed which is 

located in southern Indiana. A set of eleven decision criteria including phosphorus 

concentration in sediment, wildlife habitat conditions, recreation and farm production were 

considered. The evaluated management systems reflected ten different land treatments and 

nine different structural designs. Miller and Byers argued that composite tradeoff functions 

have the advantage of displaying the impacts of changing constraint levels on the value of 

the objective function. This allows decision makers to select the desired combination of 

decision criteria such that an acceptable level of net benefit may be realized . 

Monarchi, Kisiel, and Duckstein, (1973) used the cutting plane optimization 

technique to solve a goal programming problem that describes environmental management 

of a hypothetical river system. Industrial effluents causing Biodegradable Oxygen Demand 

(BOD) problems were assumed to conflict with several other economical variables. The 

authors approach allows decision makers to specifY a set of desired management goals 

such that distinction could be made between goals that are externally defined by regulatory 
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or natural conditions and those reflecting decision maker preferences. The authors were 

able to utilize a set of goal indicator transformation functions. For each decision criterion, 

the corresponding function indicates goal attainment for values less then unity and 

non-attainment otherwise. The cutting plain technique is an iterative procedure. At the 

beginning of each iteration cycle, the DM defines a subset of goals to be included in the 

constraint set of the optimization problem. The resulting mathematical program is solved 

y ~elding optimal value of the objective function and a vector of decision criteria values at 

the optimal point. The latter vector is introduced to the set goal indicator functions to 

estimate the effect of asserting the attainment of the defined subset of goals on the 

attainment of all other goals. The process terminates when the DM decides that a 

satisfactory solution has been obtained with respect to both objective function and most 

desirable management goals. 

A similar study was conducted by Goicoechea, Duckstein and Fogel (1976) to 

evaluate several proposed land management alternatives of the San Pedro River basin 

located in Southeast Arizona. Management objectives included increasing runoff yield, 

minimizing sediment yield, sustaining wildlife habitat, improving recreation, and enhancing 

the commercial development of the basin. The authors of this study concluded that cutting 

plain methods provide useful tools to solve goal programs associated with multiple 

objectives natural resource management. 

Despite their usefulness, goal programming techniques may cause decision makers 

to adopt a sub-optimal management system. This is due to the subjective termination of 
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the cutting plain iterative process based on the decision maker's judgment. Such 

termination omits all unexplored combinations of attainment levels and their 

corresponding values of the objective function. 

Another commonly used method for ranking a finite set of design alternatives is the 

ELECTRE method (David and Duckstein, 1976; Gershon et aI., 1982; Teele et aI., 1988, 

and Khalili et aI., 1988). The method and its variations ELECTRE IT and ELECTRE ITI 

are based on the general framework of compromise programming. The ELECTRE 

algorithm consists of pairwise comparisons of management alternatives. Alternatives In 

and n are compared with respect to all decision criteria in order to distinguish a set of 

criteria Sm.n for which alternative In is preferred to alternative n. Ifa vector of weights W 

reflecting the importance of each decision attribute is provided by the DM, a concordance 

measure Cm.n between alternative In and alternative n could be defined as the ratio of the 

sum of weights of all decision criteria that belong to the set Sm.n to the total sum of 

weights, or, 

L WI 
C _leS(m,n) 

m,n - N 

LW' . 1 J 
F 

(2.2) 

A second measure used in the method is the discordance measure between two 

alternatives Dm.,,' This measure depends on a vector of criterion scales HT =[hJ,h2, ... ,hNl 

supplied by the decision maker. According to Gershon et ai. (1983), a criterion scale hi 
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measures the degree of discomfort experienced by the DM as the response of any 

alternative n with respect to a decision criterion i changes from its most preferable (best) 

value to its least preferred (worst) value. Based on the above definition, Szidarovszky et 

al. (1986) defined the discordance measure as a representative of the maximum degree of 

discomfort associated with all criteria for which alternative m is not preferred to 

alternative n. The index is expressed as, 

Where in 2.3, 

max (Xn,i -Xm,l) 
D - leS'Sm,/J 

m,n - -....;;,;.;~N:-----

max hi 
1=1 

D mn : discordance index of alternatives m and n, 
Xn.i' xn~1 : values of the i'th decision criterion evaluated at alternatives nand, 
hi : the i'th criterion scale defined above, and 

(2.3) 

SISmn : the set difference operator representing the decision criterion for which 
m is not preferred to n 

Once the concordance matrix C and the discordance matrix D are calculated, 

alternative m is said to outrank alternative n if and only if the following inequalities are 

satisfied, 

ell/,n ?p and DIIl1/ ? q (2.4) 

where in (2.4), p and q are concordance and discordance thresholds specified by the DM. 
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Teele, Fogel and Duckstein (1988) used ELECTRE II to analyze management 

alternatives of forested watersheds. Their study concluded that decision makers need to 

specifY several levels of p and q precedent to a reliable decision. 

Although the ELECTRE class of methods eliminatc the requirement of utility 

transformation, they still require large number of arbitrarily selected parameters. It is elear 

that while the selection of weighing vector can reflect the preference order of the decision 

criteria, a definition of criterion scale range may be ambiguous for most decision problems. 

Lane et al. (1991) proposed using scoring functions (Wymore, 1988) as a mean to 

scale decision variables into a common unitless domain. In their implementation of the 

scoring functions, Lane et al. used a weighted average of the scores to calculate the total 

merit of an alternative with respect to all decision criteria. Yakowitz et al. (1993a) used 

the concept of importance order dominance to derive an index for ranking management 

alternatives. The concept utilizes qualitative information (i.e. ordinal ranking) rcflecting 

the relative importance of each decision criterion with respect to all other criteria. The 

importance order qualitative information reduces the amount of subjectivity in decision 

making by eliminating the need to specifY weights. The method was combined with a field 

scale non-point pollution simulation model in the development of a United States 

Department of Agriculture-Agricultural Research Service (USDA-ARS) Water Quality 

Decision Support System (WQDSS). Further details about the system will be provided in 

Chapter III of this dissertation. 

"". -~~-"~""---~-- ."-----
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n.3 Sensitivity and Uncertainty Analysis 

Given the advances of hydrologic and water quality modeling, combining 

simulation models and multiple objective decision making theory seems to be a logical 

step. However, simulation predictions are affected by uncertainties stemming from a 

multitude of sources. According to Beck (1987), and because of the multitude of sources 

of uncertainties associated with hydrologic modeling: "It is easy to challenge the 

usefulness of any modeling exe"~ise to decision making. ". The F oHowing discussion 

explores some of the efforts to quantifY uncertainty in watershed modeling. 

D.3.1 Model Identification and Uncertainty 

A mathematical model is an abstract representation of a natural system that aims to 

mimic particular aspects of the system. This representation may encompass knowledge 

about the physical laws that govern interactions between several of the system's 

components. For example, consider conservation mass, energy and momentum laws, 

which are commonly present in hydroJigc models. A mathematical model may also depict 

empirical relationships between the system's input and its output. According to Woolhiser 

and Brakensiek (1982), most watershed models share elements of both approaches. 

Since the immediate objective of any modeling exercise is to mimic a selected 

natural process, discrepancies between the modeled and the observed values of that 

process must be evaluated using statistical methods of curve fitting and hypothesis testing, 

(Beck, 1987). A multitude of statistical indicators and dimensionless measures of 

- -----. ----~- -----

.~--.-------
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agreement between two data sets can be used to evaiuate the degree of resemblance or 

dissemblance between the modeled and the observed data. Aitken (1973) compared 

several goodness of fit criteria with respect to the performance of seven different 

watershed rainfall-runoff models. He concluded that the mean, standard deviation, 

coefficient of determination and coefficient of efficiency, although useful, do not provide 

sufficient information about systematic errors in the model. Aitken argued that the 

presence of systematic errors is better diagnosed through sign tests and by comparing the 

residual mass curves of both simulated and observed records. 

Sorooshian and Gupta (1985) divided the process of model identification for a 

given watershed into a structural identification stage and a parameter identification stage. 

The first includes the selection of the system boundaries, model input, model output and 

the mathematical representation of the relationships between the latter two. The second 

stage subsumes the processes of recognizing a proper parameter estimation method and 

identifying the most satisfactory parameter vector with respect to the selected criterion. 

Most researchers agree that considerable care must be practiced during the first 

stage. It is during this stage that structural and systematic errors are introduced to the 

model structure (Beck, 1987; Kuczera, 1983; and Ibbitt, 1991) therefore affecting the 

ability to properly estimate the model's parameters. 

Parameter estimation or model calibration involves the selection of proper 

estimation criterion. An estimation criterion or objective measures the error associated 

with a given parameter set. Hence, assuming that a unique optimal parameter set exists, 
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optimization techniques could be utilized to minimize the numerical values of the criterion 

with respect to the selected parameter space (Troutman, 1985a; 1985b). Sorooshian 

(1983) defined two objectives of model calibration. The first objective is to obtain a 

realistic and unique parameter set that enhances the understanding of the physical process. 

The second objective is to identifY a parameter set that gives the best resemblance between 

the modeled and the observed processes. Under this definition, the proper parameter 

estimation criterion must account for the stochastic nature of both model input and the 

physical process. 

As in linear regression, undertaking the optimization of any parameter estimation 

criterion implies acceptance of the validity of two basic assumptions regarding the 

statistical behavior of model errors (Clarke, 1973). These assumptions are (a) model 

errors represent a random variable with zero mean and constant variance, (b) model 

residuals (i.e. errors) are mutually independent. Clarke also asserted that if confidence 

intervals were to be constructed about model predictions, two additional assumptions 

must be considered. These are (c) the residuals are normally distributed and (d) the log 

likelihood function of the residuals can be approximated by a quadratic function in the 

neighborhood of the optimal parameter set. 

Generally, hydrologic models produce residuals that deviate from one or more of 

the preceding assumptions. In particular, prediction errors of hydrologic models tend to 

display significant levels of correlation. A broad analysis of residual correlation in 

hydrologic models is provided by Sorooshian and Dracup (1980). Their study affirmed 
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that the realism of parameter estimates depends on the estimators ability to account for the 

deterministic nature of the physical process while considering the stochastic nature of its 

input. The same study investigated the relationship between the presence of correlated 

residuals to the duration separating two measurements of the actual physical process. 

Additionally, they presented a multivariate form of the assumption (a) (i.e. zero mean and 

constant standard deviation) as a necessary condition for residual independence. The 

assumption states that model residuals must be (1) identically distributed, (2) possess a 

joint distribution which asymptotically approximates the multivariate normal distribution 

with zero mean vector and (3) the covariance matrix equals the product of the identity 

matrix and the vector of the variances of the marginal distributions of model errors. 

Sorooshian and Dracup (1980) challenged the automatic acceptance of the validity of (3) 

with respect hydrologic models. They argued that in many cases, model errors are 

correlated and may even retain a non-stationary variance (heteroschedastic residuals). 

Corresponding to the latter case, the authors developed a power transformation technique 

which enables parameter estimation using the log maximum likelihood criterion while 

considering the non-stationary nature of the error variance. 

According to Sorooshian and Gupta (1983, and 1985), parameter identification 

difficulties such as structural unidentifiability, non-uniqueness of parameter estimates, and 

parameter unobservability may arise during the calibration stage. These problems may be 

attributed to one or more of the following reasons, (1) parameter interdependence, (2) 

insensitivity of the model to changes in parameters, (3) indifference and/or insensitivity of 
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the estimation criterion to changes in parameters, (4) discontinuities in the response 

surface and (5) presence of local optima in the criterion's response surface. They, 

attributed the above difficulties to factors such as the presence of threshold parameters in 

the simulation model, lack of calibration data that activates all modes of the physical 

process or the simulation model, structural problems (e.g. over/under parameterization) 

and data variability. 

Of all issues related to model calibration, the conclusions of Sorooshian (1983) are 

perhaps most relevant to the topic of this research. In fact, overlooking the stochastic 

nature of model parameters while designing the model and then its parameter estimation 

criterion could lead to significant difficulties in the validation stage of the model. The 

spatial and temporal variability of model parameters need to be addressed as early as 

possible in the modeling process. In the next subsection we consider the latter type of 

uncertainties in parameter estimates which is the primary concern ofthis study. 

n.3.2 Sources of Un ceria in ties in Environmental Models 

Beck (1987) describes environmental management objectives to be the utilization 

of scientific knowledge regarding causes and effects of natural processes to restore, 

improve and maintain an environmental system. This must be achieved under limitations 

imposed by existing or planned developments, seasonal variations, extreme events and 

accidents. Consequently, a sound management is contingent on the reduction of the 

ambiguity and uncertainty in identifYing the relationships between causes and effects of 

natural processes as they are described by the structure and optimal parameters of a given 
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mathematical model. As we have seen in the last section, model calibration requires the 

availability of a historical record such that a calibration criterion could be evaluated at 

different points in the parameter space. Unfortunately, decision making for environmental 

management involves evaluating proposed alternative management practices for which no 

historical record exists. Under such circumstances, parameter estimates must be obtained 

from sources other than model calibration. Alternative sources of parameter estimates may 

include available literature, expert opinion and the user's experience and knowledge about 

the model and the particular case study as well. All of which aggrandize the risk of 

obtaining ambiguous and uncertain parameter estimates. 

According to Beck (1986) and Gardner at a1. (1987), uncertainty in watershed 

models stems from five main sources. First, there is the uncertainty about the mathematical 

relationships between model input, model parameters and its output. This uncertainty is a 

direct consequence of the imperfect knowledge of the underlying physical process 

(Zimmerman et aI., 1992). The second source of uncertainty in watershed models arises 

due to the type of problems encountered during the calibration stage (see above section). 

Third, spatial and temporal variation of model parameters and input contribute 

substantially to uncertainties in model predictions. According to Plate and Duckstein 

(1988), any measurements of input and/or parameter is in fact a point measurement. 

Hence, continuity of any extrapolated or interpolated value is strictly relative as well as 

scale dependent. The fourth source of uncertainty in watershed models reflects 

uncertainties in future values of hydrologic processes (e.g., precipitation, temperature and 
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solar radiation). According to Clarke (1973) and Sorooshian (1980) the randomness of 

these processes implies that deterministic watershed models produce stochastic output. 

The fifth and last major source of uncertainty in watershed modeling results from 

measurement errors and experimental designs. 

n.3.3 Uncertainty Analysis Methods 

Because of the randomness of model parameters, it is necessary to distinguish 

between errors and statistical uncertainty. Following Ronen (1988), an error represents a 

mistake that may be due to model identification, measurement errors and/or negligence. 

On the other hand, statistical uncertainty is mainly due to natural variability and the 

complexity of the studied natural system and its mathematical representation. Clearly, the 

above definition remains in the theoretical realm. In fact, most practical applications of 

uncertainty analysis consider situations where uncertainties in model prediction result from 

all indistinguishable errors and uncertainties involved (Gardner et aI., 1987). 

Zimmerman et aI. (1990) defined uncertainty analysis as the propagation of 

uncertainties associated with input and/or parameters through a simulation model. 

Parameteric uncertainty analysis propagates a measure of parameter dispersion through 

the model in order to identifY the effects of such dispersion on the expected range of 

variability in model output. 

Gardner et al. (1987) classified uncertainty analysis methods under two main 

categories, the analytical approach and the numerical approach. Analytical uncertainty 

- ~.---------- -----
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analysis involves identifying analytical expressions of output variations as functions of 

input variations and model structure. The analytical expressions could be derived either 

directly from structure of the studied model or by invoking numerical approximations of 

the partial derivative of the model's output with respect to its parameters. Numerical 

uncertainty analysis attempts to capture the probability distributions of the model output 

(posterior distributions) by sampling its parameters from their corresponding distributions 

(prior distributions). The latter technique is widely known as Monte-carlo sampling. The 

following two sections will discuss each of the two approaches separately. 

A. Analytical Uncertainty Analysis 

Much of the literature regarding Analytical Uncertainty Analysis uses the term 

Sensitivity Based Uncertainty Analysis or the term Differential Uncertainty Analysis 

interchangeably with Analytical Uncertainty Analysis. This is owed to similarities between 

the mathematical methods used in sensitivity analysis and in analytical uncertainty analysis. 

To avoid multiplicity of acronyms, this study will use the first term hereafter. What 

distinguishes sensitivity analysis from analytical uncertainty analysis is the type of 

information one chooses to extract from the outcome of the same mathematical steps that 

are performed (Zimmnerman et al. 1990). 

Perhaps the most commonly used analytical approach for single response models is 

the first order analysis which utilizes the linear terms of Taylor's approximation of model 

response to propagate the parameter covariance matrix into a variance of model output. 

,~-.. _ . ..,.....-----



58 

The extension of this approach to multiple response models is the only available form of 

mUltiple response analytical uncertainty analysis. The applicability of the linear uncertainty 

propagation equation is contingent on the validity of three key assumptions (Ronen. 

1988). The first assumption states that the studied response can be approximated by a 

linear function of model parameters in the neighborhood of the nominal parameter set (e.g. 

mean parameter vector). The second assumption requires marginal perturbation of 

parameters to produce relatively marginal deviations in responses. Finally, if the 

covariance matrix of model responses is to be obtained, the error in parameter estimates 

must be normally distributed with zero mean and constant variance. An important 

implication of the first assumption is the local nature of the first order methods. If all three 

assumptions are held valid, then for a single response model with correlated parameters, 

the error propagation equation is, 

where in (2.5), 
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McCuen (1973) used first order sensitivity indices as diagnostic tools for error 

analysis in multiple component hydrologic models. He concluded that realizing the full 

potentials of sensitivity analysis methods in hydrologic modeling requires (a) the 

development of sensitivity theory that accounts for the nonlinear terms in Taylor's 

expansion of model response and (b) the development of procedures that account for the 

effects of response discontinuities on the propagation of uncertainty. 

To account for nonlinear responses, Kohberger et al. (1978) used two different 

criteria to produce global measures of response perturbations resulting from small 

perturbations in model parameters around a nominal point. The first criterion represented 

a linear approximation of the response. The second criterion represented a quadratic 

approximation that is equivalent to the second order Taylor's expansion of single response 

models. The authors applied their method to a system of differential equations 

representing dynamic aspects of a lake ecosystem. Results of their study showed that 

while the linear approximation was easier to obtain, the probability distribution of model 

residuals deviated from the normal distribution. The quadratic approximation, on the other 

hand, produced residuals that closely approximated the normal distribution. 

According to Troutman (1985), a key element of analytical uncertainty analysis is 

the proper evaluation of the expected error or deviations in independent variables (Le., 

parameter estimates). such evaluation becomes possible when calibration techniques that 

produce probability distribution of errors in parameter estimates are used. Another 

important element is the definition of the correlation structure of the independent 

-~---, ------~--,~~~ 
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variables. 

Rosenblueth (1975) proposed a first order based method to approximate the k'th 

moment of a single model response. The method utilizes the k'th power of the model 

output evaluated at the mean parameter vector and at all possible permutations of one 

standard deviation perturbation from the mean vector in both the positive direction and the 

negative direction. Independent of the order of the required moment, the method requires 

2n model evaluations to cover all possible combinations of parameter pairs. where n is the 

number of model parameters. Clearly, the number of required simulation runs becomes 

prohibitive as the number of parameters increases. 

While the main advantage of first order method is its moderate computational 

requirements, most authors agree that the main difficulty associated with the method stems 

from the need to estimate the differential sensitivity indices. This difficulty is most realized 

for complex models. (Beck, 1987; Troutman, 1985; and Zimmerman et a!., 1990). And it 

is probably the main reason for the noticeable dominance of the above issue in the 

literature regarding sensitivity based uncertainty analysis. Zimmerman et a!. (1990), 

surveyed the three most common methods of calculating the first order sensitivity indices 

which are (a) direct, (b) adjoint and (c) Green's functions methods. The selection of a 

particular method depends on the type and complexity of the model under study. 

Another difficult task in first order methods is the determination of the range at 

which the linearity assumption is held valid. Gardner et a!. (1980) demonstrated that the 

validity of the linear assumption deteriorates rapidly for nonlinear models as the coefficient 
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of variations of model parameters increases above 30%. This poses a considerable 

challenge to the method since most parameters involved in hydrologic modeling display 

coefficients of variations that exceed the above mentioned value. 

Kirby (1987) used a direct analytical approach to derive closed form solution of 

error propagation in slope-area discharge equations. He derived analytical expressions of 

the partial derivatives of Manning formulae for compound sections with respect to 

seventeen different parameters. Assuming that all geometrical parameters are independent 

between different cross sections, Kirby derived the contribution of each parameter to the 

total prediction error. An algebraic equation representing the variance of model prediction 

as a function of the variances of all model parameters was constructed assuming 

independent parameters. Two different case studies were presented. Both of which 

indicated the applicability of the above approach for error propagation in general and for 

identification of the most important parameters in particular. 

B. Stochastic Uncertainty Analysis 

As mentioned in a previous section, numerical uncertainty analysis relies on 

generating probability distributions of model responses based on knowledge of the 

probability distributions of the independent variables. In fact, Monte-carlo simulation cam 

be viewed as a random sampling based unceltainty analysis method (Tiscareno-Lopez, 

1991). Assuming that the probability distribution of independent variables are known a 

priori, multiple realizations of these variables can be generated and used to produce 
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multiple realizations of model output. The latter are used to construct estimates of the 

probability distributions of the dependent variables. Additionally, unbiased estimators of 

sample mean, standard deviation and correlation matrix can be utilized to obtain these 

statistical measures. Hence, the method permits the identification of the effects of 

parameter variability on the behavior of model responses. Among the commonly used 

methods to generate random realizations of model parameters are (a) random sampling, 

(b) stratified sampling and (c) the Latin hypercube sampling (Helton et aI., 1989). Of 

particular interest for this research is random sampling approach which is the most 

common Monte-carlo method. 

Random sampling techniques include the following three major steps (a) 

determining the prior distribution of parameters, (b) sampling from the prior distribution 

and ( c) identifYing the distribution of model output. The three stages are illustrated in 

figure (2.1.) for a single parameter model. First, the probability distribution of the 

dependent variable is determined based on sample observations. Second, a random deviate 

is sampled from a uniform distribution within the [0,1] interval. The latter deviate is 

introduced to the inverse cumulative density function (CDF) which is solved to produce a 

realization of the random variable. Repeating the process a sufficient number of times 

results in a random sample of the model parameter. Finally, each parameter realization is 

used in one simulation run to generate a random realization of model output. Statistical 

methods are used to obtain sample and distribution moments of the model which indicate 

the uncertainty in model predictions. If multiple parameter were to be considered, the 
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Figure 2.1. Random sampling Monte-carlo technique. X represents the random 
parameter sample. Y represents the resulting random model output. 
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According to Iman et al. (1981 a), random sampling produces an unbiased 

estimate of the output mean vector. The level of bias in the variance covariance matrix 

elements depends on the ability of the prior joint density function to capture the 

correlation between the independent variables as well as its preservation of their marginal 

distributions. Iman et al. (l981.b) argued that the Latin Hypercube sampling method 
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produces less bias in variance estimates than both crude random sampling and the 

stratified sampling methods. 

In a previously mentioned work, Gardner at al., (1980) applied the crude random 

sampling technique to propagate parameter uncertainty in a marsh hydrology model. The 

sampled parameters included physical properties of soil, ground water movement, and 

evaporation parameters. Total model error was calculated as the difference between the 

observed and simulated output values (i.e. using the mean parameter vector) for each of 

the 240 days comprising the simulation period. The authors defined model bias as the 

difference between the daily mean of model output resulting from 500 Monte-carlo 

simulations and the daily values obtained from a single simulation at the mean parameter 

vector. The contribution of bias error to the total error was found to vary among the 

parameters. Gardner et al. also compared the results of the above Monte-carlo experiment 

with classical first order sensitivity analysis. They concluded that there were three major 

differences between the results of both techniques. First, the larger variance involved in 

Monte-carlo sampling concealed the sensitivity relationships between model output and its 

parameters. Second, both methods resulted in different importance ordering of model 

parameters according to their effects on individual responses. Third, while Monte-carlo 

method emphasized the contribution of bias error to the total error, the latter contribution 

was underestimated by the first order sensitivity analysis. 

Scavia et al. (1981) compared variance propagation resulting from Monte-carlo 

simulation and that of first order approach for a nonlinear, seasonal food chain, nutrient 
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cycle lake eutrophication model. They argued that the two methods yield different types of 

information regarding the effects of parameter uncertainty on the variance of model 

predictions. They attributed these differences to the different trajectories imposed on the 

prediction mean value by each method, linearity of the first order approximation and to the 

ambiguity of the ambiguity of the statistics generated by Monte-carlo sampling from the 

highly skewed distributions. Similar variance trajectories were obtained from both 

methods when symmetric probability density functions where used as prior distributions of 

the parameters. 

To further test the validity of the linear assumption with respect to the above 

mentioned model, the above authors designed a simpler version of the model to facilitate 

the implementation of the single response second order uncertainty equation for variance 

propagation. By comparing the results of the second order uncertainty analysis to their 

counterparts from first order and Monte-carlo methods, the authors concluded that 

disparities between the first order and the Monte-carlo variance propagation could not be 

fully explained by the simplifications associated with the first order approximation. 

A detailed study of random sampling applications in erosion modeling is found in 

Parker (1991). In his study, Parker explored the impacts of spatial variability of several 

input parameters on the output from the hillslope version of the Water Erosion Prediction 

Project model (WEPP). The studied parameters included a multitude of independent 

variables representing physical properties of soil, terrain, and watershed topography. In 

addition to input parameters, the study considered spatial variations of rainfall and 
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vegetation cover. The impact of spatial variations was simulated by dividing the watershed 

into a discrete number of homogeneous cells. Each cell was characterized by a unique 

random parameter vector. Within a single cell, random variables comprising the above 

mentioned vector were drawn from their marginal density functions. The cross correlation 

between these variables was determined by obtaining analytical expressions linking most of 

the soil properties to the physical composition of the soil matrix. In order to assess the 

impact of various levels of spatial variations on the probability density of the model's 

output, Parker performed three different Monte-carlo experiments at low, moderate and 

high values of the parameters coefficients of variation. Results of all three analyses 

confirmed that spatial variability of vegetation cover parameters as well as overland flow 

profiles were most important in determining the rate of erosion from range land simulation 

runs. He concluded that spatial variability must be assessed within a sensitivity based 

framework in order to obtain accurate estimates of erosion from range land. 

Tiscareno-Lopez (1991) and Tiscareno-Lopez et al. (1993) considered the 

recommendations of Parker's study by performing a thorough sensitivity analysis of the 

watershed version of the WEPP model. Combining Monte-carlo sampling with a 

sensitivity analysis approach, they obtained continuous measures of relative first order 

sensitivity indices of several responses with respect to a vector of model parameters that 

included soil properties, topography and vegetation parameters. For each model response, 

the two studies provided a ranking vector of model parameters in order of importance 

corresponding to their impacts on the studied response. Tiscareno-Lopez concluded that 
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Monte-carlo simulation, when combined with standard first order sensitivity analysis 

constitute a valuable tool for analysis of sensitivity of highly nonlinear watershed models. 

These benefits are attributed to the global nature of random sampling and the indicative 

properties of first order sensitivity analysis. 

The main advantage of Tiscareno-Lopez approach is its ability to provide 

information regarding the probability density functions of model output simultaneously 

with information regarding the sensitivity of the model response to each individual 

parameter. Furthermore, the approach could be utilized to assist the development of 

response surface model as a substitute of the original model. As will be illustrated in the 

next section, response surface models allow faster implementation of random search 

technique. 

C Response Surface Methods 

Modem advances in computers have increased the popUlarity of random sampling 

as means of evaluating uncertainties associated with hydrologic and water quality 

modeling. Today's workstations and personal computers are capable of performing a large 

number of simulation runs in relatively short period of time. Nevertheless, some watershed 

models involve large number of parameters and include a large set of submodels which 

drastically increases the computer demand of random sampling. Computer demand 

becomes more arduous when multiple attribute decision making under uncertainty is 

required. Such applications (even in their deterministic form) require multiple simulations 
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of the system's response to several management alternatives. Consequently, random 

sampling can be expensive even with faster processing speeds. Under such circumstances, 

a procedure called the response surface method can be implemented to reduce the 

computational demands of random sampling. The process utilizes evaluations of the model 

response at several points in the parameter space to construct a linear approximation of 

the model which takes the form (Helton at al. 1989), 

R= c+Ba (2.6) 

where in (2.6), 

R : vector (m x 1) of model responses, 
c : constant (m x 1) vector, 
B : (m x n) matrix of coefficients, 
a : (n xl) parameter vector, and 
m, n : number of model responses and parameters respectively. 

Equation (2.6) is equivalent to the first order Taylor approximation since the matrix B 

includes the partial derivatives aRt - hi} of each response with respect to its au} - I 

corresponding parameters. 

Schanz and Salhotra (1992) compared the variance estimates obtained from 1000 

Monte-carlo simulation runs of three one dimensional pollutant transport models with the 

variance estimates obtained using Rackwitz-Fiessier (Rackwitz and Fiessler, 1978) 

response surface uncertainty analysis method. The three models included a fully analytical 

model, a semi analytical model, a fully numerical model. The RF method approximates the 

... -- .-----~--. -----
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model by a linear function of a vector of normally distributed parameters. Hence, allowing 

easy analytical propagation of output variance. The method involves transformation of the 

model's original parameters from their prior distribution into normally distributed random 

variables. In addition to the variance, the RF method permits the calculation of any 

specified percentile with similar simplicity provided that an adequate number of iterations 

is performed to guarantee the convergence of percentile values. Schanz and Salhorta's 

comparison indicated that the RF method performed well for all three models with respect 

to the estimation of the 95th and the 90th percentiles. Less accuracy ( i. e., relative to 

Monte-carlo simulations) was observed for the 50'th percentile. The authors concluded 

that the RF response surface method is adequate for fast estimation of the ranges of a 

preselected percentiles of a single model response at a time because of its lower computer 

demand. Monte-carlo method, on the other hand, provides simultaneous approximation of 

all percentiles through sampling the full range of model parameters. 

The dominant advantage of response surface methods is that they provide a simple 

surrogate to the model that allow faster implementation of Monte-carlo simulations. 

Another advantage of these methods is the presumed linearity of the model which allows 

direct application of stochastic differential equations methods to propagate the uncertainty 

for simpler models (Zielinski, 1991). The disadvantages of the method are similar to those 

associated with first order uncertainty analysis. They are related to the assumed linearity 

and locality of the approach. Another disadvantage is the increasing simplicity of the 

model which may increase the bias error ofthe surrogate model. 
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n.4 Summary and Conclusions 

The above chapter reviewed the literature concerning the application of multiple objective 

decision making theory to natural resources management problems and uncertainty 

propagation in simulation models. 

With respect to the first objective, a review of some of the most commonly used 

multiple objective decision making techniques and their applications to natural resources 

management was provided. It was found that most of the reviewed methods were found to 

introduce varying levels of sUbjectivity to the final outcome of the decision making 

exercise. The main factor contributing to this subjectivity was found to be the requirement 

imposed by most methods on the decision maker to specify one form or another of a 

quantitative weighting vector of the decision criteria. However, the method proposed by 

Yakowitz et al. (1992), which requires only ordinal information regarding the importance 

order of decision criteria, allows for considerable reduction of subjectivity by accounting 

for all possible weighting vectors. 

Inasmuch as the second objective is concerned. A review of model identification 

process was provided. Problems associated with model calibration were discussed in order 

to distinguish between errors and uncertainties. Once the distinction was made, a review 

of the most widely used uncertainty analysis methods was performed. These methods 

included the first order analytical method, the random sampling approach, and the linear 

response surface method. 

Despite the effectiveness of the both random sampling and first order sensitivity 
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based uncertainty analysis, ambiguous results could be obtained from either method. With 

respect to random sampling, the leading sources of ambiguity are (a) the presence of 

highly skewed probability density functions of model parameters, (b) failure of the joint 

distribution function of multivariate random vectors to maintain the integrity of the 

marginal distribution and (c) difficulties in obtaining and sampling from complicated joint 

distributions for highly correlated parameter vectors. As for the first order analytical 

uncertainty analysis, its basic underlying assumptions restrk~ its use to cases when linear 

approximation of dependent variables closely resemble the original model. Unfortunately, 

watershed models display nonlinear behavior even in the neighborhood of the nominal 

parameter set. McCuen (1973) and Beck, (1985) exemplified the need to consider the 

rarely used Second Order Uncertainty Analysis which involves truncating Taylor's 

approximation after the second order terms. Hence, allowing the determination of the 

effects of non-linearities on the total prediction uncertainty. This advantage has been 

eclipsed by the high computational demand imposed on the method due to the need to 

calculate second order partial derivatives. Furthermore, while the first order uncertainty 

analysis theory has been extended to multiple response models, similar extension of the 

second order uncertainty analysis is yet to be developed. It is among the objectives of this 

research to develop a theoretical background for the propagation of variance covariance 

matrix for multiple response models. 

In other words, decision making under uncertainty involves evaluation of 
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uncertainties associated with prediction of decision criterion. The impact of ambiguous 

criteria evaluation can be expensive especially in environmental management. A common 

characteristic of most environmental models is the high degree of nonlinearity (i.e. in 

algebraic sense) associated with their underlying processes. Coupled with large variance of 

parameter estimates, and the difficulties associated with generating multivariate random 

vectors beyond standard distributions, these models present significant challenges to both 

the classical first order uncertainty analysis approach and the Monte-carlo method. 

Throughout the various sections of the above chapter, the need for advanced research in 

two major issues regarding environmental decision making has been demonstrated. The 

first issue relates to the development of mathematical theory of second order uncertainty 

analysis for multiple response models. The second issue reflects the need to understand the 

mechanism at which simulation uncertainties affect multiple attribute decision making. 

Both issues will be discussed in this dissertation. 
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CHAPTERm 

THE USDA-ARS WATER QUALITY DECISION SUPPORT SYSTEM 

m.l Objective and Organization 

The objective of this chapter is to introduce the readers to the USDA-ARS Water 

Quality Decision Support System (WQDSS) that has been developed at the Southwest 

Watershed Research Center, Tucson, Arizona. To achieve this objective, the chapter will 

contain three major sections. The first of which traces major legislative, research and 

administrative efforts leading to the development of the system. The second section 

describes the two major components of the WQDSS in two separate subsections. In the 

first subsection, we describe the simulation component while emphasizing the 

parameterization requirements of the simulation model. The second subsection addresses 

the multiple objective decision making component of the WQDSS. A brief description of 

the scoring functions concept will be followed by a discussion of the theoretical 

background of the model's optimization technique. Finally, the chapter concludes by 

presenting the operational sequence of the WQDSS user interface. 
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m.2 Background 

The need for linking improved environmental evaluation of natural resources 

management systems and mUltiple objective decision making theory increased when the 

United States Congress recognized water quality and regional development as elemental 

objectives of natural resources management (Clean Water Act, USA Congress, 1972). 

Ever since, scientists have frequently examined the conjunctive use of simulation models 

and multiple objective decision making theory in natural resources planning. Some 

examples can be found in Jacoby and Loucks (1972), Dee at aI. (1973), Reckhow et aI. 

(1985), and Gilliland et ai. (1985). 

The 1986 Environmental Protection Agency (EPA) national water quality survey 

indicated that non point source pollution resulting from agricultural land contributed to 

65% of the total acreage of impaired lakes. These findings were further refined in the 

agency's 1990 report to Congress. The contribution of various sources of pollution to the 

total impaired river miles in the US are shown in figure 3.1. Clearly, agriculture may be 

considered as the single most important contributor to water quality problems in river 

streams. Notice that more than one pollution source may contribute to the impairment of 

the same river mile. (i.e. the sum of ail percentages of impaired miles is greater 100%). 

The conclusions of the EPA reports along with increasingly growing public and 

political environmental awareness contributed to the political processes that resulted in the 

1990 Food, Agriculture, Conservation and Trade (FACT) Bill, better known as the 1990 

Farm Bill. Similar to the President's water quality initiative of 1990 (Ward et aI., 1991), 



75 

FACT encouraged voluntary adoption of sound environmental management systems by 

establishing an incentive system to encourage farmers to adopt environmentally oriented 

Best Management Practices (BMP). Consistently, the USDA affirmed the department's 

commitment to "foster agricultural and forestry practices that protect and enhance the 

nation's ground and surface water resources by announcing a national water quality 

initiative that recognized the need for a farm management water quality decision support 

system. The objective of such a system would be to combine state of the art powerful 

simulation models and modem decision theory in order to evaluate farm management 

alternatives with respect to a wide set of decision criteria in general and to non point 

source pollution in particular. 
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Figure 3.1. Percentage of impaired river streams according to 
pollution sources in the US. Source: EPA, 1990 National Water 
Quality Survey, Report to Congress. 
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To apply the concept of decision support systems within the context of the USDA 

water quality initiative, the USDA-ARS Southwest Watershed Research Center began 

developing a Water Quality Decision Support System (WQDSS), in 1991. The system 

utilizes a modified version of the Groundwater Loading Effects from Agricultural 

Management System (GLEAMS) field scale model (Leonard et aI., 1987), and (Heilman 

et aI., 1993) combined with scoring functions (Wymore, 1988) and a simple but powerful 

linear programming tool (Yakowitz et aI., 1992;1993a; 1993b; and 1993c) to evaluate 

alternative farm management systems. In the following sections, we will discuss the 

components of the WQDSS. 

As mentioned above, the USDA-ARS water quality decision support system 

includes two main components. The simulation model and the decision model. Each of the 

two components is a stand alone element. Separating the two components permits 

recommending decisions based on historical record whenever possible. Since the purpose 

of this study is the analysis of the propagation of uncertainty due to parameter estimates 

through the WQDSS, it is important to provide a fair description of both components of 

the system as well as the user interface. The remaining of this chapter will be devoted to 

describing all of the above mentioned components. 
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ill.3. WQDSS Simulation Component 

The modified GLEAMS model (see Yakowitz et aI., 1992, and Heilman et aI., 

1993) simulates the effects offarm management activities on the daily values of (a) runoff, 

(b) erosion and sediment yield, (c) nutrient distribution in runoff, sediment and 

percolation, (d) pesticide fate and distribution in runoff, sediment and percolation, (e) 

crop yield. Net farm return calculated subsequently by using the Cost and Return 

Estimator (CARE) model. Table 3.1 lists the original source of each of the model's 

components which, except for the CARE model, have been combined in a single 

simulation model . 

Table 3.1. Sources of the various sub-models comprising the USDA-ARS 
WQDSS simulation component. 

Model Component Source 

1- Hydrology Groundwater Loading Effect from Agricultural management 
2-Erosion Systems. (GLEAMS). Leonard et aI., 1987 
3- Pesticides 

4-Nutrient Chemical , Runoff and Erosion from Agricultural Management 
Systems (CREAMS) Knisel et al., 1980. 

5-Crop Growth Erosion Productivity Impact Calculator (EPIC) Williams et al., 
1989. 

6-Economic Cost and Return Estimator (CARE) 
Midwest Agricultural Research Associates, 1988 

The modified GLEAMS requires moderate input preparation efforts. A wide 

range of parameters that characterize watershed topography, soil and land management 

activities must be selected by the user. Climatologic input to the model include daily 
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precipitation, temperature, and solar radiation. Full descriptions of all parameter files 

required to parameterize each of the components listed in Table 3.1 are available in their 

respective user manuals. A simplified diagram of model input and output is illustrated in 

Figure 3.2. Although each component of modified GLEAMS is capable of generating a 

wide range of daily output, only the output which are directly related to non-point source 

pollution control are considered in this study. 

INPUT 
• Watershed 

G Flow Profile 

• Soil 

• Temperature 
• Radiations 
• Precipitation 

~rn 
• Management 

• Crop 

• Tillage 

• Chemicals 
o Nutricn'-' mL 
• Pesticides e~ o Crop Yield 

• Runoff n • Nutrients 
&2. 0 Pesticides 

• Sediment n . Nutrients 
~ • Pesticides 

• Percolation 
n • Nutrients 

!:dJ:,. Pesticide!! 

Figure 3.2. The modified GLEAMS input/output configuration. Although the 
diagram indicates that the model predicts concentrations of nutrients and 
pesticides within runoff, sediment yield and percolation, these predictions are 
made available within the nutrient output file. A statistical summary file is also 
generated by the model. The file includes the minimum annual, maximum 
annual, mean and the standard deviations of all selected decision criteria. 

--_ .. _------- -----
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m.3.! Hydrology Submodel 

The modified GLEAMS utilizes a combination of SCS curve number method and 

soil moisture routing approach to predict daily soil moisture balance and runoff volume 

and peak flow. The daily soil moisture continuity equation (Smith and Williams, 1980; 

Knisel et al., 1991) is, 

SMi =SMi-l+(Pi-Qi) -ETi -Oi+Mi (3.1) 
.. . . 

Pi 

Where in (3.1), 
~ : soil moisture content at end of the i'th simulation day (L), 
Pj :daily precipitation (L), 
Qj : daily runoff (L), 
ET; : daily evapotranspiration (L), 
OJ : daily percolation below root zone (L), 
M; : daily snow melt (L), and 
F'; : daily infiltration (L). 

The model uses the SCS curve number method to determine runoff volume. A 

daily curve number value is estimated by an exponential function of the weighted average 

soil moisture deficit. This accounts for variability of soil properties in various layers of the 

root zone profile. The model also assumes that total evapotranspiration can be separated 

into soil evaporation and plant transpiration. Improved daily predictions of transpiration 

are made available to the hydrologic component by incorporating the crop growth 

component within the modified model. This allows estimating the effects of nutrient 

availability and/or stress on the actual evapotranspiration and soil moisture. The model 

allows the simulation of five soil layers with distinct properties that include porosity, field 
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capacity and wilting point. Table 3.2 lists the input parameters that must be provided 

through the hydrology input file. The table implicitly reflects the sequence by which a 

specified parameter may enter the calculation of several hydrologic processes. Notice that 

in Table 3.2, symbolic units are used. This serves to indicate GLEAMS capability of 

handling more than one system of measurements (i.e. Metric, English). 

Table 3.2. Functionality of GLEAMS hydrologic parameters. Notice that some 
parameters indicate the distributed nature of the model. (e. g. soil moisture routing) 

Symbol Description Name Affected Process 

Curve Number CN2 1- soil water retention Runoff 
Infiltration 

Porosity POR(j) 1- soil water retention Runoff 
2- plant available water Infiltration 

travel time Percolation 

Field Capacity FC(j) 1- soil water retention Runoff 
2- plant available water Infiltration 
3- travel time Transpiration 

Water Content BRI5(j) 1- soil water retention Runoff 
at 15 bar. 2- plant available soil InfiltrationlET 
(Wilting Point) 3- travel time Percolation 

Winter Cover GR I-upper limit on stage 1 Soil evaporation 
Factor soil evaporation 

Evaporation CONA 1- upper limit of stage 1 Soil evaporation 
Parameter soil evaporation 

Effective RC LfI' I-travel time in soil Percolation 
Saturated horizon 
Hydraulic 
Conductivity 
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m.3.2 Erosion and Sediment Submodel 

Similar to many erosion models, GLEAMS allows the separation of overland flow 

profiles and channel profiles into a discrete number of segments. In order to simplifY the 

calculation and permit the inclusion of daily rainfall erosive characteristics, GLEAMS 

assumes a quasi-steady state sediment continuity equation. Therefore, sediment movement 

down slope may be described by an ordinary differential equation for each computational 

time interval. Nonetheless, recognizing that hydrologic component ofthe model computes 

flow volume and peak flow on a daily basis, the actual implementation of the quasi steady 

state sediment transport equation is reduced to a fully steady state application .. The quasi 

steady state ordinary differential equation of sediment transport is (Foster et aI., 1980), 

(3.2) 

Where in (3.2), 
qs : sediment load per unit width per unit time MlLIT, 
x : distance measured positively down slope L, 
DL : lateral inflow of sediment MlL21T, and 
DF : detachment of deposition of sediment by flow M/L2/T. 

For each flow segment, the first computational step consists of estimating the total 

initial sediment load by adding the lateral sediment inflow which is due to rill and inter-rill 

erosion to the sediment inflow transported from the upstream segment. A particle size 

distribution of the initial sediment load is estimated based on their distributions in both 

sediment inflow components. Second, a sediment transport capacity of the flow segment is 
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calculated with respect to each particle size using a modified form of the Yalin's sediment 

transport equation (see Yalin, 1963 for the original formulation, and Foster et aI., 1980, 

for the modified equation). In the third step, the sediment transport capacities of the 

segment with respect to all particle sizes are compared to the initial sediment load. The 

comparison may result in one of three possible cases. The first case occurs when all of the 

above mentioned capacities are below their initial sediment load. In this case, excess 

sediments are deposited and a new particle size distribution of the segment's topmost soil 

is calculated for use during future detachment events. The second case occurs when 

deficits are observed for some particle sizes and excesses are observed for others. In this 

case, the aggregate transport capacity is shifted between particle sizes until the partial 

capacities for all sizes are either less or greater than their respective sediment loads. When 

the former occurs, deposition is calculated in a manner similar to that described in the first 

case. When the latter occurs (i.e. flow transport capacity of all particle sizes is greater than 

the initial load), an aggregate flow detachment capacity is calculated based on a modified 

version of the Universal Soil Loss Equation (USLE). The aggregate detachment capacity 

is distributed among particle sizes in accordance with the particle size distribution of the 

erodible soil. Then, it is added to the initial sediment load. The resulting load is called the 

potential sediment load of the segment. Fifth, a new transport capacity is calculated and 

compared to the potential sediment load. If this transport capacity is less than the potential 

sediment load, then, erosion is assumed to be limited by the flow erosivity. Hence, no 

deposition is calculated and the sediment leaving the segment is limited to the transport 
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capacity. Otherwise (i.e. transport capacity is greater than the potential sediment load), 

erosion from the segment is considered to be limited by the availability of sediment and the 

sediment yield from the segment equals the total potential loads for each particle size. The 

process is repeated for each flow segment down to the last segment of the overland flow 

profile. Sediment yield from the last flow segment is then introduced to the channel, if 

present. Similar steps are used for channel sedimentation. The total sediment yield is the 

sediment leaving the last flow segment of the field. 

An important aspect of the erosion submodel is the calculation of sediment 

enrichment ratio which is defined by Leonard et al. (1987) as a "measure of the enrichment 

of the clay and organic matter fraction of the sediment that enables the estimation of the 

transport capacity of the total sediment mass leaving the field". The enrichment ratio is 

instrumental in calculating the final mass of pesticide carried off the field by sediment 

transport. 

Because the main objective of the GLEAMS model is to simulate the various 

impacts of land management activities on non-point source pollution from agricultural 

systems, the model was designed so that its parameters can reflect a large array of land 

management practices. In fact, the effect of a given management practice on erosion is a 

result of the dynamic interaction between the effects of the practice on the production of 

overland flow, soil erodibility and on flow resistance. GLEAMS considers the first effect 

in the hydrology component and the latter two effects in the sediment and erosion 

component through the model's parameters. Furthermore, the model can simulates 
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different sequences of flow elements to account for land management practices that 

include structural modifications of the field. These sequences may include overland flow 

profile, channel, impoundment and other types of natural and artificial flow paths. 

Consequent to the model's flow, parameters that enter the erosion calculations are 

classified by simulation sub-process in Table 3.3. 

Table 3.3. Functionality of GLEAMS erosion parameters. Notice processes due to 
the presence of several spatially varied parameters. 

Symbol Description Name 

% Sand surface soil texture rate 
% Silt sediment load 
% Clay 

dJ l'th type particle diameter 

a'J l'th type particle specific SPG(I) capacity 
gravity detachment 

%SedJ l'th type fraction of sediment. FRAC(j) capacity 
detachment 

%Sandr % of component in the l'th FRSND 
% SiltJ particle size FRSLT 
%ClaYJ FRCLY 
%OMJ FRORG 

K Soil Erodibility factor USLE KSOL (overland and 

(.by Soil loss ratio factor CFACT Rill and inter-rill detachment in 

noJ 
00)' Manning number of overland Overland flow transport 

flow element capacity. 

licht/a)' Manning number NCHAN Detachment (Channel) 
channel Transport capacity 

nchoul Manning number at CTLN Detachment (Channel) 
channel outlet Transport capacity 
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m.3.3. Pesticides Submodel 

Pesticide applications result in the presence of pesticides in three storage locations: 

foliage, surface .soil, and below the surface soil. The presence and concentration of 

pesticide in the above three locations depends on the method and date of pesticide 

application. The model assumes that the primary source of pesticide pollution in runoff 

water is the topmost soil layer which is in direct contact with rain drops. GLEAMS uses a 

conceptual pesticide balance model to account for the various processes affecting pesticide 

concentration in runoff, in sediment and in percolation (Sichani et aI., 1991; and Truman 

and Leonard, 1991) 

Starting on the application day, pesticide concentration in each of the three storage 

components is depleted by processes such as volatilization, plant uptake and decay. For 

each rainfall event, a pre-specified percentage of the pesticide in the foliage storage, if any 

was available, is washed off to the soil surface. A portion of the pesticide at the soil 

surface is made available for extraction by raindrop impact and rill and inter-rill erosion 

processes that occur at the topmost 1 cm of the soil. The pesticicie concentration in runoff 

may assume two phases, the solution phase, and the sediment phase. The concentration of 

pesticide in infiltration which equals the concentration of the solution phase is routed 

through the soil profile past the root zone. Finally, the total mass of pesticide carried with 

sediment equals the concentration of pesticides in the sediment phase multiplied by the 

total sediment mass and the enrichment ratio. Most of the pesticide parameters are made 

available by manufacturers. Again following the model's flow, a classification of pesticide 

--~..,---------. --~~-~ .. ~ 





the concentration of nitrogen in rainfall. Or 

where in (3.3), 

C: existing nitrogen concentration, 
Cr : Nitrogen concentration in rainfall, 
K1: Rate constant for downward movement, and 
f{t): infiltration rate. 
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(3.3) 

Solving (3.3), given the initial nitrogen concentration in the soil and integrating over the 

infiltration period produces an estimate of the mean nutrient concentration during 

infiltration. Thus, an estimate of nitrogen concentration at the beginning of the runoff 

event could be estimated and used as initial concentration for a similar equation describing 

the rate of change during runoff period. 

(3.4) 

where q(t) is the runoff rate, K2 is the rate of movement in the runoff direction. Again, 

solving (3.4), and integrating yields an estimate of the mean nitrogen concentration in the 

soil layer during the runoff period. The mean concentration in runoff and in infiltration are 

mUltiplied by an extraction coefficients to determine the actual concentration of nitrogen 

leaching below the first 1 cm of the soil, and that of the nitrogen extracted with runoff. 
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Similar equations are used to describe phosphorus movement given that the concentration 

of phosphorus in rainfall equals zero. The mass of nutrient transported by sediment 

depends on the sediment enrichment ratio described previously. The second type of 

nutrient loss occurs within the root zone and describes a very complex process that 

involves denitrification, nitrogen uptake by plant, and nitrate leaching below the root zone. 

In fact, linking the crop growth component of the EPIC model allows for the estimation of 

nitrogen uptake by plant as a function of the accumulated biomass. Table 3.5 lists the 

modified GLEAMS nutrient parameters according to their effect on nutrient movement 

processes. 

Table 3.5. Functionality ofthe modified GLEAMS nutrient parameters. 

Symbol Description Name Affected 
Variable/Subporces 

K N Extraction coefficient of nitrogen EXKN Nitrogn in runoff/ percolation 

K p Extraction coefficient of phosphorous EXKP Phosphorus in runoff 

ERN Nitrogen enrichment ratio AN Nitrogen in sediment 

EEN Nitrogen enrichment exponent BN Nitrogen in sediment 

ERp Phosphorous enrichment ratio AP Phosphorous in sediment 

EEp Phosphorous enrichment exponent BP Phosphorous in sediment 

C, Nitrogen concentration in rainfall RCN Nitrogen in runoff/percolation 



m.4. WQDSS Decision Component 

mA.1. Scoring Functions 
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Environmentally oriented multiple criteria decision making involves evaluating a 

multitude of attributes that describe the natural system's responses to a given set of 

management alternatives. Generally, these attributes are non-commensurable and they 

must be transformed from their original units into a common unit or unitless domain such 

that an abstract total measure of performance of each alternative may be quantified. Lane 

et al. (1991), proposed using a group of twelve scoring functions (value functions) 

designed by Wymore (1988) to scale decision criteria from their original units into 

dimensionless values within the range [0,1]. The twelve scoring functions were 

subsequently classified under four generalized classes (Yakowitz et al., 1992). The first 

class is called "more is better" indicating the increasing utility of an alternative as the 

value of the corresponding decision criterion increases. The second class is called "more is 

worse" and it reflects decreasing utility of the alternative as the value of the corresponding 

decision criterion increases. The last two classes are called "desirable range" and 

"undesirable range" respectively. They indicate that the maximum or the minimum utility 

associated with a decision criterion are attained within a range. The four categories are 

illustrated in Figure 3.3. 



(I) MORE IS BETTER (2) MORE IS WORSE 

1.00 1.00 

0.75 0.75 

~ 0.50 ~ 0.50 
CIl CIl 

0.25 0.25 

0.00 0.00 
Deoision Criterion (Unit) Deoision Criterion (Unit) 

(3) DESIRABLE RANGE (4) UNDESIRABLE RANGE 
1.00 1.00 

0.75 0.75 

~ 0.50 ~ 0.50 
CIl CIl 

0.25 0.25 

0.00 0.00 
Decision Criterion (Unit) Deoision Criterion (Unit) 

Figure 3.3. Generalized categories of scoring functions. The four 
classes represent generalized formulation of twelve possible scoring 
functions. 
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To construct a scoring function for a given decision criterion, the decision maker 

needs to specify several parameters that define the function's shape. Parameters for the 

first two categories include a lower threshold a, an upper threshold c, a baseline value b 

and a slope at the base line s. The lower and upper threshold parameters a and c indicate 

the values of the decision criterion corresponding to the maximum possible score (1.0), or 

the minimum possible score (0.0). The baseline value b represents the cliterion value 

corresponding to the neutral 0.5 score. Finally, the slope at the baseline s determines the 

steepness of the scoring function at the baseline value. Figure 3.4. represents a scoring 
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function of a hypothetical decision criterion whose most preferred value equals zero, while 

its least preferred value is not well defined. Full description of all scoring functions and 

their parameters is found in Appendix A. of this dissertation 

0.75 
s =-l/(b-a) 

~ 0.5 

C/J 

0.25 

a=O o L-________ ~~ ______ ~ __ ~====~ ________ __ 
o 2 

Decision Criterion (Unit) 

Figure 3.4. Example of a "more is worse" scoring function. 
(Wymore's scoring function 7). Notice that in this particular 
case, only parameters b and a need definition. The value of slope 
parameter s is the suggested value (i.e. default value). 

Objective parameterization of scoring functions requires the sdection of a realistic 

baseline alternative. A base line alternative is one that scores 0.5 with respect to all 

decision criteria. Provided that the aggregate score is determined by a normalized 

weighted average of the scores of individual decision criteria, the above definition yields a 

total score of the baseline alternative that equals 0.5 for all possible vectors of normalized 

weights. Consequently, the aggregate score of any other alternative could be measured 
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against that of the baseline alternative. Lane et al. (1991) suggested using the values of 

decision criteria obtained from the existing (conventional) management practice to 

determine the shape of the scoring functions such that the average annual value of each 

decision criterion scores 0.5 for the conventional practice. Upper and lower threshold 

parameters and slope at the baseline are then determined by decision maker's preferences 

or from the minimum and maximum observed or simulated values of the decision criterion. 

Alternatively, regulatory restrictions on various water quality attribute may be used to 

determine the shapes of scoring functions for a given situation. 

m.4.2. Best and Worst Aggregate Scores 

Although the WQDSS decision component assumes an additive value function of 

the individual scores as an aggregate score for each alternative, alternatives are not ranked 

based on a single vector of weights. In fact, if an ordinal ranking of decision criteria is 

available, alternative ranking can be attained by utilizing simple yet powerful linear 

programs in order to obtain the best and worst possible composite scores considering all 

possible weighting vectors (Yakowitz et aI., 1992). 

Suppose that one must rank n alternatives in order of preference with respect to a 

vector of m decision criteria. Suppose also that the importance of each criterion is 

indicated ordinally, then, a criterion matrix X may be defined by arranging the criterion in 

descending order respective to their ordinal ranking. We denote the criteria matrix by, 

-------- ------------------ -----
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x = [Xlj] pl.2..... • 
J=1.2.n 

(3.5) 

where x/j is the value of the j'th important decision criterion corresponding to the j'th 

alternative. Similarly, a scoring matrix V is then, 

V(X, 8) = [vd /;1.2 ..... 
J=1.2.n 

(3.6) 

Notation 3.6 indicates that V is a function of X as wen as ofa parameter vector 8 which 

has been defined in the previous section. Assuming that the greater the score the better, 

the best and worst composite scores of an alternative consistent with the importance order 

are found by solving the following linear program for Wi .. /=1.2 •.•.• m.; 

III 

BCSj (WCSj ) = max (min) L WI Vlj 
1=1 

III 

st L WI = 1 (3.7) 
1=1 

WI ~W2 ~ .•. ~WIII ~ 0 

Where in (3.7), 
BCSj : best composite score ofthej'th alternative, 
WC~ : worst composite score of the j'th alternative, and 
Wi : the j'th element of the weighting vector. 

The first constraint of the above program insures the normalization of the weights. 

The second constraint enforces consistency with the imposed importance order. Yakowitz 



et al. (1993a) demonstrated that if a composite score skj is defined by 

1 k 
Skj =-k L Vlj 

1=1 

Then, a closed form solution of (3.7) is expressed in vector notation as 

BCS[V(X, 9)] = [BCSj ] = max [skf1i=1,2, .. ,n 
k=1,2, .. m 

WCS[V(X,9)] = [WCSj ] = min [Skj]j=I,2, .. ,n 
k=1,2, .. m 
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(3.8) 

(3.9) 

(3.10) 

It is clear that the solution of (3.9) and (3.l0) depends on the importance order specified 

above. For a given importance order and solutions (3.9) and (3.10) alternative) is said to 

dominate alternative I if and only if the following is true 

Sk/~Skl Vk=I,2, .... m and3ke {I,2, ..... m} suchthatskj>sk/ (3.Il.a) 

AItenrantive) is said to strongly dominate alternative I if 

min [Skj] > max [skd 
k=1,2, .. m k=1,2, .. m 

(3-Il.b) 

If no alternative strongly dominates all other alternatives, then graphical 

interpretations of (3.11), which are easy to obtained, can be used to determine the 

required preference ranking. A simple rule is to rank management alternatives consistent 

with the average value of their best and worst composite scores (ACS). The vector of the 

- -. ------- ----
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average best-worst composite scores of all alternatives is, 

ACS[V(X, e)] = [ACSj] = [ BCSj ~ WCSjJ . 
J=1.2 .... n 

(3.12) 

For explanation and justification of the above rulte see Yakowitz et at. (1993.a) and 

Yakowitz et al. (1993b). Based on (3.12), a solution of the multiple criteria decision 

making problem is a vector of integers R, whose p'th element rp represent the number of 

the alternative holding the p'th rank. Or, 

R = 1'\ [ASC(V(X, e))] = [r p]; re{I,2, .. n} (3.13) 
JPI,2 •... ,II 

The function 1] is a descent ranking function that may be defined as following, 

1'\=rp E {1,2, ... ,1l}; V p={l,2, .... 1l-1} ACSrp ;::,ACSrp>1 . (3.14) 

Figure (3.5) illustrations a hypothetical case of multiple criteria decision making problem. 

Five management alternatives are ranked based on the average best and worst composite 

scores. The first alternative is considered to be the conventional practice whose decision 

criteria were used to construct the scoring functions. Clearly, all of its composite score 

equal 0.5 consistent with the definition of conventional alternative provided in a previous 

section of this chapter. 
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Figure 3.5. Concept of range of possible composite scores. Notice that 
the conventional alternative (AltI) has both best and worst composite 
scores that equal 0.5. Notice also that Alt2 strongly dominates Alt! and 
Alt3. The corresponding ranking vector R based on ACS is given by 
RT=[2,4,5,1,3]. 

96 

A second possible ranking approach uses the distance from the ideal composite 

score as a ranking criterion. An ideal alternative is a hypothetical alternative whose best 

and worst composite scores are both equal to 1.0. For any alternative j, the Euclidean 

distance between a point in the two dimensional space (BCS,WCS) and the point (1,1) 

represent the deviation from the ideal alternative. The vector of distance from ideal is 

given by 

(3.15) 



The ascent ranking function is then 

R = i} [DIS(V(X, em = [rp ]; 

and the function i} is defined as 

re{I,2 •. n} 
pl,2 .... ". 

i}=rp E {l,2, ... ,n}; V p={1,2, .... n-l} DIS,." 5.DISrp+1 
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(3.16) 

(3-17) 

Figure 3.6 displays the graphical equivalent of (3.16) for the same hypothetical case 

presented in Figure 3.5. The DIS based ranking vector may differ from that of the ACS 

based ranking vector. 

U) 

U 
a:l 
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Alt3 /' 

0.4 f-......... .. ..................... . 

02 .... '''''' ............................................................................................................................................ .. 

o~----~----~----~----~----~ o 02 0.4 0.6 0.8 

WCS 
Figure 3.6. Concept of distance from ideal sore. Notice 
that AItl is located at the centroid of the square. The 
ranking vector is RT=[2,4, 1 ,5,3]. 
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m.4.3. Importance Order with Importance Scale Factors 

In many cases, multiple attribute decision making involves quantitative indicators 

of the importance of each decision criterion. Importance scale factors are means by which 

quantitative information regarding the relative importance of decision criteria. Yakowitz et 

al. (1993a) suggested a linear program similar to (3.7) to include the quantitative scale 

factors in the determination of the best and worst possible composite scores of an 

alternative. For a single alternativej, considering a vector cr = [cI ,c2 ,cJ , ... cm ] ofm 

importance scale factors that satisfies Cl = 1 and {c/ ~ l}i=2 ..... 1n , their program can be 

written as, 

In 

BCSj (WCSj ) = max (min) L Wi Vij 
/=1 

St 
W/~CI+lWI+1 ;i=I,2, ... ,m-l (3-18) 
Wi~O ;i=I,2, ... ,m 

In 

LWi = 1 
1=1 

The first constraint of the linear program (3.18) implies that criterion i is at least Ci+1 times 

as important as criterion i+ 1. It will be shown that if one defines the composite scores as, 

k 
TIcr 

k ~ 
."'\7' CI 

skj =£.J k Vij 
1=1 TIc 

k p=l P :r,-
1=1 CI 

(3.19) 

-- - --- ... _--._- -----
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Then, the closed form solution of the linear program (3.18) is identical to the solution of 

the program (3.7) which is provided by (3.9) and (3.10) for the best and worst composite 

scores respectively. A complete derivation of (3.19) is provided in Appendix B. of this 

dissertation. The derivation complements the proof provided by Yakowitz et al. (1993a) 

of the special case for which all elements of the vector C were equal to 1. It will be 

demonstrated that in the latter case, the linear program 3.18 is reduced to (3.7). Similarly, 

equation (3.19) will also be reduced to the solution (3.8). 

ill.S User Interface and Decision Support Sequence 

The WQDSS integrates the simulation component and, the decision component 

through a graphical user interface. The interface is an X windows application for the 

UNIX operating system. For details about the design concepts of the interface see 

Yakowitz et a1. (1993c), Hernandez et a1. (1993), and Lane et al. (1994). In general, the 

interface divides the decision support process into four major stages. These stages are 

illustrated in figures (3.7,3.8,3.9, and 3.10). 

In the first stage "Preparation", the user is asked to provide basic information 

about watershed topography, its soil and its climate. Additionally, information about each 

of the management alternatives should be provided. This information includes tillage 

operations, crops, nutrients and pesticides applications. Because of the availability of data 

bases, only a minimal amount of information is actually required (i e. soil textural class, 

soil order and hydrologic group). Users can also enter parameters values based on field 
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data. For each management system, a set of simulation input and parameter files which 

include hydrology, erosion, crop, pesticides and a nutrient parameter files. An economic 

input file is also created for use by the stand alone CARE model. 

STAGE 1. PREPARATION 
o Watershed 

• Flow Profile 
M-GLEAMS Input Fil 

• Soil 

o Climate 
o Temperuture 
• Radiations 

o Management 

• Crop 

• Tillage 

• Chemicals 
• Nutrients 

• Pesticides 

D 

~ 
~ 

, 
~ 

~ ~ 
Conventional AIt#1 

• Conventional 
• Hydrology 
• Erosion 
• Crop 
• Nutrients 
• Pesticides 

D o Economic 

o Alternative #1 
• Hydrology 
• Erosion 
• Crop 
o Nutrients 
• Pesticides 
• Economic 

,~ 
~ 

I) Alternative #2 
o Hydrology 
o Erosion 
o Crop 

~ 
o Nutrients 
• Pesticides 

AIt#2 
o Economic 

Figure 3.7. First stage of the WQDSS decision support sequence. During the 
"Preparation" stage the data bases and the parameter editor assist users in 
parameterizing the simulation model. It is possible to utilize previously stored 
information such as watershed topography and/or previously defined 
components of management systems. 
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The second stage "Simulation" consists of performing the required simulation runs. 

Results of this stage include a set of output files providing the minimum annual, maximum 

annual and the average annual values ·of a wide range of decision criteria for each of the 

simulated alternatives. 

o Conventional 
• Hydrology 
• Erosion 
• Crop 
o Nutrients 
• Pesticides 
• Economic 

STAGE 2. SIMULA'TION 

o Net Returns 

o Runoff 
n · Nutrients 
~ 0 Pesticides 

o Percolatio 
n • Nutrients 

&:JJ:. 0 Pesticides 

o Sediment 
n 0 Nutrients 
~ • Pesticides 

" Crop Yield 

Figure 3.8. Second stage of the WQDSS decision support sequence. Notice 
that crop yield is first simulated by the modified GLEAMS. Annual values of 
crop yields are then introduced to the CARE model to evaluate net returns. The 
illustrated processes represent only a fraction of all possible output from the 
modified GLEAMS model. Other output such as soil denitrification, 
evaporation and evapotranspiration are also available. 
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In the third stage "Scoring", users are asked to formulate the decision making 

problem. Formulating the decision problem involves selecting the baseline management 

system, a suite of simulated alternatives and a vector of decision criteria that are deemed 

important. Once the decision problem is formulated, the interface creates an initial set of 

scoring functions based on the baseline alternative. Parameterizing the initial scoring 

functions automatically allows an initial ordinal ranking of the decision criteria based on 

the normalized values of the slopes of their respective scoring functions. 

Conv ! MiniMax IMean 

~i 
~I. ! 
~T""'T"''''''''r'''''''''''''''' 

Ir::[=:j::== 

STAGE 3. SCOlUNG 

AIt#1 I Mean .1 re;·r ........ · .. · .. · .. ·· 
.~::r::.·:::~:~:~:~:·: 
~i .. 21· .... ·' .... · .. · .. · .. · .... · 

AIt#2 I Mean ... C:!)i;' .................... .. 

~:::r:::::·:~:~:~:~::: 
.. {l ...... , ................ . 

Scoring Matrix 
Conv AIt#1 AIt#2 

~ 0.5 

~ 0.5 

~ 0.5 

(~5 0.5 

Il 0.5 

Figure 3.9. Third stage of the WQDSS decision support sequence. Notice that 
scoring functions are based on the results of simulating the baseline (i.e. 
conventional ) system. Decision criteria that correspond to other alternative are 
scored to yield a scoring matrix. Also, the scores of the average annual values of 
the conventional system are all equal to 0.5. 

-----~-.----
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The fourth stage "Ranking" is automatically activated for the initial solution. This 

stage involves solving the special case mathematical program (see equations 3.7 and 3.8) 

for the initial set of scoring functions and providing an initial alternative ranking vector. 

STAGE 4. RANKJ[NG 

Scoring Matrix 

Cony AIt#l Alt#2 

~ 0.5 

0.5 

0.5 Ranking Vector 
~ 0.5 

&l 0.5 Ranle Alt 

1 AIt#2 
2 AIt#l 
3 Conv 

Figure 3.10. Fourth stage of the WQDSS decision support sequence. Only one of 
two possible ranking method is illustrated herein (i.e. based on average best and 
worst composite scores). 

The interface allows users to modify the scoring functions, the importance order, 

and other aspects of the decision problem once the initial ranking vector is presented. This 

provides the users with the ability to conduct several experiments in order to evaluate the 

effects of changing the above mentioned parameters on the ranking recommendations. 
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ill.6 Summary 

This chapter provided a detailed description of the USDA-ARS Water Quality 

Decision Support System. The chapter was divided into three major sections. In the first 

section a brief historical review of the efforts leading to the development of the WQDSS 

was provided. 

The second section described the WQDSS simulation and decision components. 

With respect to the former, major simulation sub-models were briefly discussed to identify 

their respective parameters. It can be concluded, based on the above description of the 

simulation component, that of all parameters affecting the output of the simulation model, 

parameters that directly affect the driving processes are most important. These parameters 

will be discussed with greater degree of details in forthcoming chapters. 

With respect to the decision component of the WQDSS, this chapter included a 

detailed description of the concept of scoring functions as it has been applied within the 

system, a description of the concept of importance order dominance and the 

corresponding Best and Worst composite scores. And finally a description of the 

generalized importance order dominance with importance scale factors. A mathematical 

proof of the close form solution of the optimization problems that results from the latter 

concept has been formulated by the author and is listed in Appendix B of this dissertation. 

The last section of the chapter provided a brief description of the sequential operation of 

the user interface of the WQDSS. 
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CHAPTER IV 

THEORY AND APPLIED SECOND ORDER UNCERTAINTY ANALYSIS FOR 

MULTIPLE RESPONSE MODELS 

IV.l Objectives and Organization 

This chapter addresses two objectives. The first objective is to present the theory 

of 'Second Order Second Moment Uncertainty Analysis for Multiple Response Models'. 

The second objective is to formulate an applied framework that utilizes the theory in 

practical applications of uncertainty analysis. Because of the large number topics this 

chapter addresses, details of the mathematical treatments pertaining to the theory of 

second order uncertainty analysis of multiple response models (here after referred to as 

Quadratic Covariance Trajectory Method QCTM) will be deferred to Appendix C. This 

should serve to emphasize the applied aspects of the development and to sustain continuity 

of the discussed subject matters. In this dissertation the term trajectory will be used to 

indicate the predicted value of a statistical descriptor of model responses resulting from 

propagating input or parameter uncertainties through the simulation model. 

Parallel to its objectives, the chapter is partitioned into two divisions. Each of the 

divisions includes several of the chapter's sections. In the first division, which is titled 

Theoretical Considerations the mathematical components of sensitivity based uncertainty 
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analysis will be reviewed. This includes a review of Taylor's expansion of single response 

functions, an examination of the effects of truncating the quadratic terms of Taylor's series 

on the approximation of the model response and a brief review of the resulting first and 

second order variance trajectory for single response models. Then, the discussion will 

examine the properties of the first order multiple response uncertainty equation (Le. 

LCTM). Once this has been achieved, the discussion will proceed by presenting a matrix 

formulation of the Taylor's approximation of multiple response models that retains the 

quadratic term of the expansion. The steps involved in utilizing the latter approximation to 

obtain a covariance trajectory for several responses will be outlined. 

The second division, which is titled Al!plied Approach starts by investigating the 

QCTM's numerical requirements. A survey of some methods which are commonly used 

for evaluating the similar quantities will be conducted. The survey includes (a) parameter 

covariance estimation, (b) numerical approximation of linear and quadratic sensitivity 

indices and (c) a univariate diagnosis of model nonlinearities. Finally, a straight forward 

approach that integrates some of the surveyed methods pertaining to (a, b, and c) will be 

formulated at the conclusion of the chapter. 

Throughout the chapter, considerable efforts will be directed toward exemplifYing 

the validity of the presented hypotheses. This will be achieved through univariate or two 

dimensional examples. Due to their simplified nature, which was dictated by thier 

objectives, these examples will serve only illustrative purposes. 
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IV.2 Theoretical Considerations 

IV.2.t Introduction 

Consider a real valued single response model R(a), where ex is an Nxl vector of 

model parameters. The m'th order Taylor series approximation of R at a point ex 

(4.1) 

where 
: Reference parameter vector (i.e. nominal point), 
: the j'th parameter deviation from its nominal value, or, Otl-Ot

lO
, 

: m'th order partial derivative ofR to evaluated at Oto ' and 

: m'th order truncation error. 

Hereafter, bold face characters will indicate that the mentioned quantity is a vector 

or a matrix. The m'th order partial derivatives are commonly referred to as the m'th order 

sensitivity indices of the response R. Equation (4.1) has been utilized for propagating the 

first and second order effects of uncertainties associated with parameter estimates through 

single response simulation models (Mein and Brown, 1978; Walker, 1982; and Beck, 

1986). The process involves replacing the nominal point Oto by the mean parameter vector 

J.La . Hence, any deviation OOt will represent the deviation between a probable value of the 

-~--".-----~~~--------------~----
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parameter and the parameter estimate (i.e. probable parameter estimation error). 

(4.2) 

Assuming that the estimation error vector Aa consists of normally distributed 

random variables with mean value vector 0 and a variance covariance matrix r, (Le. 

N[O,r]), Usiequation (4.2) can be used to derive the m'th order approximation of several 

statistical moments of the response R. In fact, the preferred order of the error propagating 

equation for a particular model depends on the degree of the model's nonlinearity in the 

neighborhood of the nominal point. As illustrated in chapter II, most researchers assume 

the validity of the linear hypothesis, which states that the studied model behaves linearly in 

any small neighborhood. This hypothesis allows substantial reduction of the analytical and 

computational efforts by eliminating the need to estimate nonlinear sensitivity indices. 

Ronen (1988) demonstrated the possibility of developing a generalized m'th order error 

propagation equation for single response models. He then argued that the existence of the 

generalized formulation does not justify the computational efforts associated with analyses 

that are beyond the second order. This is owed to the ability of the quadratic terms in 

Taylor'S expansion to sufficiently explain model nonlinearities with respect to small 



109 

parameter perturbations. The following discussion examines the validity of Ronen's 

argument by comparing the prediction errors resulting from fitting a linear response 

surface and a quadratic response surface to a single response two parameter model. 

Consider figure (4.1), which shows the results of a two dimensional uniform 

sampling experiment that was performed on the thirty year average annual runoff 

predicted by the modified GLEAMS model for a field near Treynor, Iowa. The first step 

of the experiment is illustrated in Figure 4.1a. The figure depicts the response surface 

which was obtained by varying the type II curve number (CNII) and the effective saturated 

hydraulic conductivity Ks (see Chapter ill for details). The two parameters were 

uniformly sampled from a region whose centroid is given by the nominal point 

(8l.5,0.335) for CNII and Ks respectively. A first glance at the response surface reveals 

that the model response is more sensitive to variation ofCNII than it is to variations in Ks. 

One may also argue that particularly in the neighborhood of the nominal parameter point, 

the nonlinear nature of the surface is hardly detectable with respect to either one of the 

two parameters. Figure 4.1b illustrates the results of the experiment's second step. The 

step consisted of identifying the best fit Linear Response Surface (LRS) and Quadratic 

Response Surface (QRS) corresponding to the actual model output. A modified Least 

Square (LS) method was used to mimic the first and the second order approximations of 

equation (4.2) respectively. Clearly, Figure 4.1b indicates that the QRS (open circles) has 

produced a superior fit when compared to the LRS (solid squares). An R2 value of 0.947 

was computed for the LRS. The corresponding value for QRS was found to be 0.998. 



110 

Figures 4.1 c and 4.1 d are plots of the Relative Absolute Error (RAE) associated with the 

predictions of the above two methods respectively. They show that the LRS produced a 

local RAE maxima in the neighborhood of the nominal point while the QRS produced a 

local minima at the same point. The magnitude difference between the error associated 

with the two methods is also evident. 

(b) 
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Figure 4.1. Comparison between Quadratic and Linear approximation of a 
nonlinear model response. The model is the modified GLEAM. See above 
text for description of items a ,b, c and d. 
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Inasmuch as uncertainty analysis is concerned, the closeness of fit at the 

neighborhood of the mean parameter vector or at the nominal point is most elemental. 

Figures 4.2a and 4.2b examine the above issue closely. The figure illustrate two 

perpendicular cross sections of the model response (open circles), the LRS (solid squares) 

and the QRS (asterisks). Figure 4.2a represents cross sections of the three plots that are 

parallel to Ks. Clearly, the linear response surface has failed to capture the effect of small 

perturbations of Ks on the response. On the other hand, Figure 4.2b indicates that the 

LRS has captured the general slope of the response surface with respect to variation in 

CNI!. Nonetheless, QRS maintained superior performance with respect to the effects of 

small as well as large perturbation of CNII. 
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Figure 4.2. Cross sections in LRS and QRS approximations of two 
parameter model. 

One can conclude from the above discussion that retaining the second order terms 

of 4.2 can improve the performance ofthe uncertainty analysis by providing better capture 
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of model nonlinearities. Relatively greater improvements are expected with respect to less 

sensitive parameters. This is owed to the ability of the second order approximation to 

capture changes in the response's slope with respect to small parameter perturbations. The 

above conclusion becomes more important if the effects of parameter correlation are to be 

considered in the analysis. 

IV.2.2 Uncertainty Equations for a Single Response 

Having exhibited the superiority of the second order approximation, we now 

continue our review of uncertainty analysis equations for single response models. First, the 

first order equation can be derived by truncating the second and higher order terms of 

(4.2), this yields 

(4.3) 

If Au is N[O,r] distributed, then the mean and the variance trajectories of (4.3) are given 

by (Beck, 1987), 

E[R(u)] =R{Jla) (4.4) 

for the mean value trajectory, and 
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Var(R) =f f aaR! aaR I cav(aj, aj) 
i=1j=1 at J.1a aj J.1a 

(4.5) 

for the variance trajectory. Second order trajectories of the mean and variance of a single 

response are obtained by retaining the quadratic terms of the series expansion 

(4.6) 

In (4.6), the quantity (a;-llai) was replaced by its equivalent term Bai to shorten the 

mathematical notations. Consistent with (4.6) is the following approximation of the mean 

value of R 

(4.7) 

Notice that by retaining the quadratic term, both the correlation between pairs of 

parameters and the model's nonlinearity are accounted for ill the mean value trajectory. It 

can be shown that the variance trajectory consistent with (4.6) is given by 

Var(R) =f f aaR.! aaR! cav(at, all 
i=ll=l a, J.1a al J.1a 

(4.8) 
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where the function S(<X/, <Xi> <Xl, <xp) is defined as 

An exquisite and comprehensive listing of the mathematical treatments leading to 

(4.8) and (4.9) is available in Ronen (1988). Clearly, both (4.5) and (4.8) provide 

information about the effects of parameter uncertainty as measured by their covariance 

matrix on the variance of the studied response. Such information, though important, is not 

sufficient when the interactions between several model responses must to be considered. 

In this case equations (4.4), (4.5) and (4.8) must be used separately for each model 

response to obtain the required trajectories. McCuen (1973), suggested a successive 

approach for mUltiple component simulation models. In the latter approach the first order 

sensitivity indices of a subsequent model response are computed using the sensitivity 

indices of all posterior components affecting the studied response. McCuen's approach 

assumes that model components are separable, an assumption that can be contested for 

many natural resource simulation models. 

IV.2.3 Linear Covariance Trajectory Method 

The identification of the covariance structure of several random variables is a 

pivotal element in multivariate statistical analysis. Knowledge of the effects of parameter 

uncertainty on the covariance structure of model errors allows the analyst to identify the 

effects of reducing uncertainties in model parameters on the uncertainty in several 
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responses. Therefore, research objectives can be prioritized to concentrate on the most 

important (sensitive) parameters. Single response uncertainty equations, regardless of their 

order, are incapable of inferring the covariance structure of several model responses. Such 

information may be obtained by considering the uncertainty equation for multiple response 

models. Only the linear approximation of the equation is available in the literature. A form 

of which is given below (Beck, 1987; and Ronen, 1988). 

(4.10) 

where in (4.10) 

cov (Rk,Rs) : Covariance of responses ~ and R., and 

aRk I 
aai 11" 

: the i'th linear sensitivity index of the k'th response. 

Clearly, for a given response, contributions of insensitive parameters to the elements of the 

covariance matrix associated with the said response vanish. 

IV.2.4 Quadratic Covariance Trajectory Method 

Consider a model that accepts an Nxl vector of model parameters a and a vector 

of model input X. Assume that the model produces a Kxl vector of model output R As 

mentioned in the introduction to this chapter, only the general outline of the mathematical 

treatments of the second order uncertainty equation for multiple response models will be 
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provided herein. Detailed discussion of the treatment is available in Appendix C of this 

dissertation. It will be shown that a possible formulation of the second order Taylor's 

expansion of the vector R is 

(4.11) 

where in (4.11) 

S : KxN first order sensitivity matrix of all model responses evaluated at the 
mean parameter vector Ila' 

H : NKxNK block matrix H whose k'th diagonal element represents the 
hessian of the k'th response also evaluated at J.l.a , 

Aa : Nx 1 vector of parameter estimation error, 
IK KxK identity matrix, and 
eK : Kx 1 vector whose elements equal 1. 

The direct matrix product AaxIK is an NKxK block diagonal matrix whose diagonal blocks 

are occupied by the vector Aa. There are two main advantages of (4.11). The first is 

related to the elimination of the summation operator found in other expressions such as 

the expression provided by Athans et al. (1968). The second advantage relates to the 

straightforward applicability of mahix algebra in identifying the variance covariance matrix 

of model output. 

Again assuming that Aa is N[O,r] distributed, the mean vector of model response 

can be calculated as a function of the second order sensitivity matrix H and the covariance 

matrix of model parameters r. The process of obtaining the mean trajectory involves 



applying the expectation operator to both sides of(4-11}. Which yields 

where 

~[R(a)] 

Q 
: Kx 1 mean value vector of model responses, and 
: Kxl vector whose elements are functions Hand r. 

The k'th element Qkofij is given by 

where 
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(4.12) 

(4.13) 

: the kith response hessian corresponding to the (i,j)'th pair of 

parameters, and 
: cov( (Xi ,(Xj)' 

In order to obtain the covariance matrix of model responses, first, the deviation 

from the mean vector is obtained by subtracting (4.12) from (4.11). The resulting equation 

is multiplied by it's vector transposition. The expected value of the matrix product is the 

variance covariance matrix of model responses which is denoted by n. 

n = Cov[R] =E[(R(a) -E[R(a)] )(R(a) -E[R(a)])1']. (4.14) 
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Substituting (4.11) and (4.12) in (4.l4) and expanding yields a nine term matrix expression 

of n. These terms must be evaluated using (4.13) and utilizing the properties of the 

expectation operator given that Aa belongs to N(O,I) distribution. The final result of the 

statistical and mathematical treatment of (4.14) is an expression of a general element of 

n. 

(4.15) 

The function I;(cx;cxjcx/cxp ) has been already defined in (4.9). Equation (4.15) is the second 

order uncertainty analysis variance covariance equation for multiple responses. If only a 

single response were considered, k and r become identical and (4.15) reduces to (4.8). 

Additionally, the linear approximation (4.10) is easily inferred from (4.15). Finally, the 

variance of the k'th response is the diagonal element ~. The correlation coefficient of 

two responses is easily obtained by utilizing the definition of the covariance. 

(4-16) 
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IV.3 Applied Approach 

There are several requirements that determine the practical applicability of (4.15) 

to complex simulation models. First, an identifiable covariance structure of input 

parameters must exist. Second, model responses must be first and second order 

differentiable at the mean parameter vector. Third, parameter estimation errors must 

follow the Multi-Normal distribution. The first requirement is related to the availability of 

multiple observations of the parameter vector and to the choice of parameter estimator. 

The second requirement depends on the studied simulation model. The last requirement 

depends on the observed data as well as on the choice of parameter estimator. 

IV.3.t Estimation of Parameter Covariance Matrix 

Let a be a random vector of n model parameters with a continuous joint density 

function f (al , <X.:z , ... ,aJ, Given the marginal density function ./;(aj ) of the i'th vector 

component of a, the corresponding element of the expected value fla is given by 

00 

/llli = f ad ,(a,) dal (4.17) 

And the covariance between a j and a j is 

(4.18) 
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Denote the joint probability density function of the (iJ)'th random pair as};/aj,a), then, 

the definition of the expectation operator E[.] implies the following integral relationship 

00 00 

cov(a;, aj) = 1 1 (at - ~a)(aj - ~a)JiJ(at, aj)da;daj (4.19) 

Given m observations of the random vector a, an nxm matrix A can be constructed to 

include the l'th observation of the random vector in its column I. A possible estimator of 

the sample covariance matrix that guarantees the positive definiteness/semidefinitness is 

given in vector notation (Bras and Rodriguez-Iturbe, 1986), 

Cov( a) = E[( a - J.La)( a - J.La) T] == ! (A - J.La)(A - J.La) T . (4.20) 

The sine qua non for proper application of correlation theory is the appreciation of 

the type of information yielded by the variance covariance matrix or the correlation matrix 

of a random vector. Kendall and Stuart (1979) assert that "A statistical relationship, 

however suggestive, can never establish a causal connection.". For as well as we know, 

the covariance matrix should be viewed only as a measure of the interdependent 

dispersions of the random variables constituting a random vector. 

Estimates of parameter covariance can be obtained from several sources. Among 

these sources are available literature, site measurements and local, regional and national 

data-bases. In all cases, it is highly important to define the type of variations that 
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constitute the main source of uncertainty in parameter estimates prior to uncertainty 

analysis. For example, consider an application of a lumped parameter model to predict a 

suite of responses at a given location. Assuming that the model accepts a single vector of 

readily measured parameters to represent several properties of the studied field (i.e., 

porosity, field capacity, ... etc.), then, the mean vector of several spatially distributed point 

measurements of the above properties can be considered as an estimate of the parameter 

vector. Hence, the main source of parameter uncertainty is the spatial variations of the 

aforementioned point measurements. These measurements can be used to compute the 

required covariance matrix. It is important to realize that the computed covariance does 

not quantify physical relationships between parameter values at two distinct points, nor 

does it measure the relationship between the values of the same parameter as a function of 

the distance separating two measurement locations. In fact, the matrix should be only 

viewed as an estimate of the associative dispersion of parameter values. 

The above example serves an illustrative purpose only. In fact, many hydrologic 

models utilize inferred rather than measured parameters. Accordingly, identifying a 

covariance matrix of estimation errors incurs ambiguity at one level or another. The 

degree of the added ambiguity depends on how difficult it is to distinguish between 

uncertainties due to actual variations in parameter values from those augmented by the 

inference method. 

Another difficulty in obtaining a covariance estimate of model parameters arises 

when the available data set includes missing values. This problem is commonly 
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encountered in many hydrologic records, soil data, vegetation cover data and other types 

of quantitative information usually required to parameterize hydrologic and natural 

resources models. Several approaches can be employed to solve the problem. These 

include (1) the exclusion method, (2) the regression inference method and (3) the 

maximum information method. 

The exclusion method is based on excluding all incomplete vectors from the 

analysis. Compared to the other two methods, the method yields a smaller sample of the 

random vector. The sample size may be significantly reduced if temporal variations of the 

random vector (i.e. process) were to be considered. In that case, only the longest 

uninterrupted and complete subset of the data can be used for estimating the covariance 

matrix. Such restrictions are very common in hydrologic multivariate time-series analysis 

(Bras and Rodriguez-Iturbe, 1986). Because of the smaller sample size, the method 

produces the widest confidence band associated with a given confidence level about the 

covariance estimate. Notwithstanding the former issue, the consistency of the sample size 

guarantees the positive definiteness/semidefiniteness of the covariance matrix. 

The regression inference method allows the analyst to utilize all of the sample's 

information content. The method assumes that missing parameter values can be inferred 

from the statistical relationships obtained from the complete subset of the sample. Linear 

regression models are the most commonly used tools for this purpose. However, care 

must be exercised when interpreting the quantitative results of such method. One can 

argue that the method does not, by any means, improve the information content of the 
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original data set. Again, the uniformity of the sample size implies the applicability of (4.20) 

which implies the positive definiteness of the estimated covariance. 

The third method is based on estimating the elements of the mean vector and the 

covariance matrix using the largest possible complete subset with respect to each statistic. 

The mean value estimator takes the form 

where 

: the mean value of the j'th random variable, 
: total number of observed v~lues of the j'th variable, and 
: the l'th observation of <Xj • 

(4.21) 

The (iJ) 'th element of the covariance matrix is approximated using the following central 

moment estimator 

(4.22) 

where mjj is the total number of observed vectors that include observations of the i'th and 

the j'th random variables. Due to the variable sample size, the latter method may result in a 

negative semi-definite covariance matrix. 
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Throughout the above discussion, the tenns parameter covariance matrix and 

covariance matrix of errors in parameter estimates were used interchangeably. Although 

the two terms are not generally the same for most applications, they are identical inasmuch 

as the application of sensitivity based uncertainty analysis is concerned. The underlying 

assumptions of sensitivity based uncertainty analysis requires that the mean value vector 

J.1a be the parameter estimator. Thus, for any probable observation a of the random 

vector, the estimation error vector associated with the above estimator can be written as 

follows 

Aa= a-J.1a; (4.23) 

The expected value of Aa is 

E[da] =E[a- J.1a;] =E[a] -E[ J.1a;] (4.24) 

If the random vector possesses a stationary mean value, which implies that E[J.1a]=J.1a • then 

by substituting in (4.24) one obtains, 

E[da] = E[a] - J.1a; = J.1a; - J.1a; = 0 (4.25) 

By definition, the covariance matrix of estimation error is 

(4.26) 
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Substituting (4.23) in (4.26) yields 

Cov(Aa) =E[(a- J1a)(a- J1a)T] = Cov(a) (4.27) 

Expressions (4.25) and (4.27) point that, if the expected value was used as an estimator of 

a random parameter vector, then the expected value of estimation error is equal to zero 

and the error covariance is identical to the covariance of the random vector. 

IV.3.2 Numerical Approximation of Sensitivity Indices 

The most effort demanding task of second order uncertainty analysis involves 

obtaining quantitative values of the first and second order sensitivity indices. This can be 

achieved either analytically or numerically. Analytical expressions may be derived for 

simple models that possess relatively few responses and parameters. However, considering 

the complexities of most integrated watershed models, obtaining such analytical 

expressions seems unlikely even for the first order derivatives. Numerical approaches such 

as the Finite Difference Method, (hereafter referred to as FDM) or Response Surface 

methods (hereafter referred to as RS) allow the analyst to obtain approximations of the 

partial derivatives of model responses with respect to a vector of parameters. 

A. Finite Difference Approximation 

According to Bear (I988), any FDM scheme can be formulated through successive 

evaluations of Taylor's series at several adjacent points in the parameter space. A large 



126 

suite of FDM schemes have been developed for the sole purpose of solving differential 

equations whose analytical solutions are unattainable. This type of application poses a 

number of restrictions on the selection of any particular scheme in order to assure its 

numerical stability, solution consistency, and the convergence of the approximation. 

Stability of a numerical scheme means that the scheme's approximation of the differential 

equation remains bounded. Which indicates that small errors (e.g. roundoff errors) do not 

amplifY as the solution progresses for many temporal and spatial steps. Consistency of an 

FDM scheme means that the approximation approaches the original partial derivative as 

the brute force imposed perturbations approach zero. Finally, Convergence, means that 

the numerical solution of the partial differential equation approaches the analytical solution 

as the magnitude of the perturbations become infinitesimally small. The above mentioned 

three conditions are integrated in a single theory known as the Lax: theorem (Cunge et aI., 

1980). The theory states that "Given a properly posed initial value problem and a finite 

difference approximation that satisfies the consistency condition, stability is the necessary 

and sufficient condition for convergence". 

The Lax: theorem asserts that consistency is a scheme dependent condition while 

stability and convergence are both scheme and problem related conditions. Cunge et ai. 

(1980) noted that the theoretical rate of convergence of a consistent and stable FDM 

scheme depends on its accuracy. Which is measured by the smallest order of truncated 

terms from the series expansions that leads to the scheme's formulation. Inasmuch as 

second order uncertainty analysis is concerned, the accuracy of the scheme must be 

-------~~-~-----< -< -< ,---------



127 

investigated since only one possible approximation of the partial derivatives is necessary 

for each covariance propagation problem. 

FDM evaluation of first and second order sensitivity indices of a response R with 

respect to a pair of parameters (a,J3) requires the construction of a two dimensional grid 

whose nodes are perturbed by (ila,ilJ3) from the nominal point. Figure 4.3 illustrates a 

nine point grid that is commonly used for the latter purpose. 

(-,+) (0,+) (+,+) 
«p_._._._...... . .. _._._.-............... _ .. _._ ............ _._.{j)._ ............... _._ .................. _._._._ ............... -._ .......... Cj) 

I!! II ila II 

! ~ ~ 
I co. I I 
I <l , 

(-,0) t----------------t~~~!---------t (+,0) 

! I 
1 I 
i I 

I I I 
G> .. _ .... _ ............ _ ... _ .......... ·_·_·_·_ .............. ·_·_·_·-0 .. ·_·_·_·_ ............ -· .. ·-·_·_ ............ -.-................. -.-.-~ 

(-,-) (0,-) (+,-) 

Figure 4.3. Nine points FDM grid. The actual values are replaced 
with signs indicating the relative position of each point with 
respect to the central point. 

Let RO represent the value ofR at the central point of the grid (aO,W). Similarly, let 

R++= R(ao+ila$'+ilJ3) 
R + 0 = R( aO +ila, 13°) 
R+- = R(ao+il,W-ilJ3) 
R- O = R(aO-ila,J3°) 

R--= R(aO-ila,W-ilJ3) 
RO+ = R(ao,J3°+LlJ3) 
R-+ = R( aO-Lla,W+Ll(3) 
R 0- = R(aO,W-Ll~). 



128 

The FDM approximations of the partial derivatives of R with respect to 0: and B can be 

written as follows: 

(JR I R+O - R-O 
(Jo: aP.I30 = 2~0: ' 

(a) 

(J2R I = R+O + R-O - 2ROO 

(J0:2 aP.I30 (~0:)2 
(b) (4.28) 

(J2R I = R++ + R-- - R+- - R-+ 
(Jo:(JB (l0.I30 4~~B 

(c) 

Expressions similar to (4.28a) and (4.28b) can be derived for the parameter B. To 

calculate the number of simulation runs required for full identification of the gradient and 

hessian of an n parameter single response model. First, because of the symmetric 

properties of the hessian matrix, one needs to consider only the unordered non repeating 

combination of pairs that are needed to evaluate the off-diagonal elements. Since equation 

(4.28c) requires four simulation runs (i.e. one at each of the (+,+),(+,-),(-,-) and (-,+) grid 

points). From combinatorial analysis 

(
n ) 4xn! 

4xC(n,2) =4x 2 = 2!(n-2)! . (4.29) 

Second, two additional evaluations are required for each of the diagonal element of the 

hessian matrix. These evaluations represent the nodes (0,+), (0,-). The same simulation 
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runs are used to evaluate the first order derivative. Finally, a single mode evaluation is 

required at the nominal parameter vector. The total number of model evaluations is, 

4xn! _ 2 
2(n-2)! +2Xn+ 1-2xn + 1 . (4.30) 

No additional efforts are necessary for multiple response models. This is because 

of the fact that the same runs can be used to estimate the sensitivity indices of several 

responses with respect to the same pair of parameters. Clearly, advances in processing 

speed have diminished the significance of large numbers of model evaluation as a 

computationally prohibitive factor. Nonetheless, the facts that model parameters have 

different units and varying orders of magnitude complicate practical utilization of (4.28) in 

general and (4.28c) in particular. Additionally, several combinations of parameter 

perturbations must be tested to insure convergence of the FDM approximation. This is 

perhaps the most prohibitive factor in applying FDM to uncertainty analysis of models 

with large number of parameters. 

B. RS Approximation of Partial Derivatives 

One can conclude from the previous discussion that FDM schemes, though 

powerful, may lead to substantial numerical difficulties. Response surface methods, on the 

other hand, provide accurate representation of the model response especially in the 

immediate neighborhood of a nominal point. Furthermore, the usefulness of the quadratic 
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response surface (QRS) approximation in reproducing model nonlinearities has been 

demonstrated. In fact, applying the quadratic response surface method to approximate 

partial derivatives is commonly encountered in nonlinear optimization theory (Luenberger, 

1984). In the current section, we explore the practical aspect of derivative estimation by 

response surface methods. Because of the presence of second order derivatives in the 

error propagation expression 4.15, the discussion will concentrate on the QRS method. 

The practical aspects of Linear Response Surface (LRS) are identical therefore are 

deducible from the following discussion. The general form of a multivariate quadratic 

fimction is 

(4.31) 

where 

R : scalar function (i .e dependent variable), 
a : nx 1 vector of independent variables, 
H : nxn coefficient matrix, 
b : nx1 coefficient vector, and 
c : scalar coefficient. 

Differentiating with respect to the vector a. The gradient vector ofR is 

(4.32) 

and the hessian is 

V(VR)=H. (4.33) 
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For H to approximate the hessian matrix of R, (4.31) must be fitted to simultaneous 

observations of R and the parameter vector such that the resulting coefficient matrix is a 

symmetric matrix. Expanding (4.31) yields 

(4.34) 

The == operator indicates that the RHS of (4.34) is an approximation of the functional 

form of the LHS. Imposing the symmetricity condition (h;j=hj;) yields 

(4.35) 

Kendall and Stuart (1979), defines the meaning of "linear" as being linear with 

respect to the fitting coefficient rather than with respect to the independent variable. Their 

definition applies to the regression model (4.35). For if (4.35) is evaluated at fixed point 

Oto in the 11 dimensional parameter space, R becomes a linear function with respect to the 

regression coefficients h;j' hi' and c. Consequently, an equivalent form of(4.35) is, 

(4.36) 

where 

z : lxk row vector of independent variables, and 
w : lxk row vector of regression coefficient. 

. ..,.-~-~'-----'--- .~------~--
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Efficient structures of the vectors z and w can be obtained by ordering their elements in 

the following fashion 

a~ hI,I 

a 2 n hn,n 
aIa2 hI,n 

ZT = and wT = 
hn-l,,, 

(4.37) 
a"an-I 

al b I 

a" bn 
1 c 

To obtain an estimate of the vector w, m ~ k = O.S(n2 + 3n) + 1 simultaneous obselVations 

of the scalar R and the vector z must be available. According to Myers (1976), if the 

above condition is satisfied, then an augmented form of(4-36) can be written as 

(4.38) 

where 

R : mxk vector of model output obselVations (i. e. dependent variables), 
Z : mxk matrix of obselVed dependent variables, 
w : 1xk row vector of regression coefficient, and 
e : mx 1 vector of independent errors. 

Kendall and Stuart (1979) give the unbiased Least Squares (LS) estimator of w. Which is 
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(4.39) 

The t statistic associated with the i'th element ofw is given by, 

(4.40) 

Where;' is the sum of squared residuals. 

The t statistic is used to compute the central confidence intervals about each of the 

regression coefficients. Clearly, evaluating (4.39) and (4.40) involve inverting the (kxk) 

ZTZ matrix. Since k is a quadratic function of the number of parameters, one expects the 

latter matrix to be large. Several numerical algorithms address the inversion of large 

matrices. These methods can be highly sensitive to the mathematical properties of the 

matrix ZTZ. According to Shirley (personal communication), the two main factors that can 

affect the numerical solution of (ZTZ)"I are a) computer precision and b) range of 

variation of the elements of Z. While the former factor is beyond the scope of this 

dissertation, the latter one is highly related to uncertainty analysis especially when the 

studied model displays high level of complexity. In order to obtain a stable structure of the 

latter matrix transformations of the vector Z could be utilized. Such transformation will 

assist in obtaining the vector w with minimal number of model evaluations. 
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IV.3.3 Normality Condition 

The third r~quirement of applying (4.15) to simulation models states that the 

parameter error vector Lia must be nonnally distributed N[O,r]. In fact, and as will be 

demonstrated in Appendix C, the availability of a mathematically tractable fonn of the 

parameters joint density function may lead to the relaxation of nonnality condition. This is 

due to the fact that the condition arises from the need to evaluate the expected value of 

the product of more than two random vectors (Le. third and higher order central moments 

of the parameters joint density function). 

Alas, the large number of model parameters involved in complex hydrologic 

models renders analytical treatments of their joint distribution functions (if any is 

identifiable) an extremely difficult task. Nonetheless, since the condition is imposed on the 

estimation errors which are assumed to represent minor perturbations of parameter value, 

analysts tend to accept the validity of nonnal distribution as a representative of parameter 

errors (Ronen, 1988). 

IV.3.4 Diagnosis of Response Sensitivity Order 

IdentifYing model nonlinearity with respect to i~s parameters is perhaps the first 

task of applying QCTM to any simulation model. In fact, the acceptance of one hypothesis 

or another regarding model linearity has significant impacts of the numerical and analytical 

efforts pertaining to model identification and uncertainty analysis. According to Kuzcera 

(1990), if the linear hypothesis is accepted for a given model in the immediate 
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neighborhood of an optimized parameter vector, then the multi-normal distribution 

adequately describes the probability density function of model parameters at that 

neighborhood. Kuczera's statement is based on the implicit assumption that model errors 

are normally distributed in the said neighborhood. 

Single parameter response functions when combined with proper analysis of model 

sensitivity can adequately isolate model nonlinearities in the initial stages of analysis. Such 

plots also provide information that can help determining whether more elaborate methods 

are needed to assess the proper order of model sensitivities. The following sections 

present a graphical approach and an analytical approach for assessing model nonlinearity 

with respect to a single parameter. The former a is modified linear sensitivity plot. The 

latter utilizes statistical hypothesis testing methods and it may be extended to several 

parameters at a time. 

A. Graphical Methods 

First, consider Figure 4.4 which represents the relationship between the average 

field capacity of the root zone soil profile (FC2) and the thirty year average annual soil 

detachment by overland flow as predicted by the modified GLEAMS model for one ofthe 

management systems which will be discussed in thoroughly in chapter 6 of this 

dissertation. Inasmuch as the current discussion is concerned, it is sufficient to assume that 

the mean value ~c and the standard deviation O'FC of the field capacity parameter are 

available. The brute force parameter perturbation technique was used to obtain the plotted 

response function. The process involves sampling FC2 uniformly from the domain 
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[IlFC-O'FC' IlFc +O'FC]. The range [0.307.0.049,0.307+0.049] was divided into forty equal 

intervals for the latter purpose. At first glance, Figure 4.4 indicates that the model may be 

approximated by a linear function within the neighborhood of the mean parameter value. 

Detachment predictions varied between 32 tonlha and 45 tonlha. The response function 

displayed an increasing soil detachment as the field capacity increased within the above 

mentioned range. 

45.0 

42.5 

~ 

~ 40.0 
g 

] 37.5 

~ 
t:l 35.0 

32.5 

30.0 L-..J.--,--,--,-.J.......J---I---'---,-.l..-L-.1.--L.--,-...I-,---,"--,---'--1.......L...-L-.1.--L.--l 

0.25 0.28 0.30 0.33 0.35 0.38 
Lower Zone Field Capacity 

Figure 4.4. Standard response function plot. The plots represents 
the effects lower zone field capacity variation on GLEAMS 
predictions of average annual soil detachment. The simulation is 
based on data from deep disking management system applied on 
WS#1 near Treynor, Iowa. (1964-1993). 
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Since univariate sensitivity based uncertainty analysis is concerned with the propagation of 

the standard deviation of the model parameter, an indicative sensitivity plot must account 

for the former quantity. Such a plot may be obtained by defining 

(4.41) 

Figure 4.5 shows the plot of PPR and RRS values that were obtained for the above 

example. Notice that (4.41) acts to shift and scale Figure 4.4. 
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Figure 4.5. Modified relative sensitivity plot. The plots represents 
the effects lower zone field capacity variation 011 GLEAMS 
predictions of average annual soil detachment. The simulation is 
based on data from deep disking management system applied on 
WS#1 near Treynor, Iowa. (1964-1993). 
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Relative sensitivity plots, such as figure 4.5 reveal model nonlinearity by displaying 

the differences between the response's sensitivity to incremental changes in parameter 

values RRS(+) (Le. solid circles) and those sensitivities resulting from decremental 

changes RRS(-) (Le. open circles). For a model response to be fully linear, the magnitudes 

of the two sensitivities must be equal and their signs must be opposite. This condition 

leads to the development of yet one more graphical approach. This approach is illustrated 

in Figure 4.6. The plot is constructed by placing RRS(+) on the abscissa and selecting two 

value axes. The first, which is to the left side of (4-6), represents the RRS( -) and 

-1.RRS(+) (Le. -1: 1 line). The second, which is located to the right side, represents the 

(PPR) values that are associated with the -1.RRS(+) values. This arrangement has two 

main advantages. First, it provides a means by which the departure from linearity may be 

detected. Second, it allows the recognition of the point, relative to the parameter's 

standard deviation, at which the linear hypothesis is no longer valid. Both advantages may 

be realized regardless of the magnitudes of the relative sensitivities. 

The above advantages can be attained through the following procedure. First, 

locate the point of noticeable departure between the RRS( -) values ( solid circles) and the 

-1:1 line (solid line). A vertical line can be extended to intersect the dotted line which 

represents the parameter perturbation ratio. From the later intersection, a rightward 

horizontal line is extended to the second value axis. The PPR value at the intersection 

delineates the region beyond which the linear hypothesis is longer considered valid. It is 

important to mention that the location of the plot can assume different quadrants 

-----------
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depending on the type of relationship between the response and the parameter. 

Additionally, if RRS( -) and -1: 1 line fell in different quadrants the response clearly 

non-linear. Similar conclusion may be drawn if the RRS( -) plot was to intersect the line 

separating two quadrants. 
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Figure 4.6. Graphical method for sensitivity order identification. The plots 
corresponds to GLEAMS prediction of the average annual solid detachment 
as a function of the upper lower zone field capacity. Notice the clear 
departure from linearity at 0.27 of the parameter's standard deviation. The 
plot may be constructed within any central confidence region. One standard 
deviation is assumed to sufficiently describe a large portion of the parameter 
density function. The simulation is based on data from deep disking 
management system applied on WS#1 near Treynor, Iowa. (1964-1993). 
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B. Analytical Approach 

Brute force response function evaluations can he used in conjunction with 

statistical hypothesis testing methods to determine the sensitivity order of a model 

response with respect to one or more of its parameters. With respect to second order 

uncertainty analysis, the hypothesis which must be tested is whether the model response 

can be approximated by a quadratic function of the parameter. 

R(cx) = acx2 + bcx+c 

To accept or reject the applicability of 4.42, the hypothesis 

Ho : a'¢:-o 

HI: a=o 

(4.42) 

(4.43) 

must be tested at a specified significance level c, the lower and upper limits of the central 

confidence interval about a LCL(a) and UCL(a) are given by 

LCL(a), UCL(a) = a ± 11--
2
<! -L(ZTZ)-I I m-Ie 1,1, (4.44) 

where in 4.44 

a : regression estimate of a, 
m : number of observations used for regression, 
Ie : number of regression coefficient (in tlus case k=3) 
s- : sum of squared errors ofthe regression model, 
ZZT : regression matrix defined in (4-37) for three coefficients, and 
tl_~ : student's (I) value at 1-i for m-3 degrees of freedom. 
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The null hypothesis Ho is rejected when the following is true at c significance level: 

LCL < 0, and UCL > o. (4.45) 

Satisfaction of the above condition indicates that the regression coefficient can not be 

distinguished from zero at the given significance level. Therefore, the quadratic 

assumption doesn't provide additional information regarding the relationship between the 

dependent and the independent variables. If 4.45 is not true, then the null hypothesis may 

not be rejected at the given significance level. A simple regression confidence interval 

index (RCII) can be designed to reflect whether the two confidence limits are of similar 

signs. Simply, 

IV.4 Applied QCTM 

RCII = 1; LCL x UCL ~ 0 

RCII=-1; LCLx UCL < 0 

(4.46) 

Having outlined a suite of analytical tools in the previous sections of this chapter, it 

is possible now to construct an applied approach for second order uncertainty analysis of 

multiple response models. The proposed approach is separated into two stages. The first 

stage, which may be referred to as the initial identification stage, is illustrated in Figure 

4.7. This stage involves obtaining samples of the population estimates of the mean vector 

--...,...----. --------.----~--~ 
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and the covariance matrix of the studied parameters. Sources of these estimates were 

discussed in a previous section of this chapter. A second step of the initial identification 

stage involves isolating strong univariate nonlinearities of all responses. This can be 

achieved using the graphical or the analytical methods. Once the strongly nonlinear 

parameters are identified, the structures of the second order sensitivity matrix and the first 

order sensitivity vector corresponding to each response can be inferred . 

Parameter Data Set 

RESPONSES ~~nI I SIMULATION MODEL I ~~nl 

RRS(+) 

Analytical 

Rk(IXi)=a x 002+ b x IXi+c 

+-1l·,t-
o LCLa a UCLa 

Il 
Cov 

0' 

~ 
J.1i+ai 

J.1i 

J.1 i-O'i 

Figure 4.7. Initial identification stage of QCTM. All steps following 
the statistical analysis are repeated for each response. The same 
univariate uniform sample of any parameter may be used to analyze 
the sensitivities of multiple responses. 
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The second stage of the analysis is schematically illustrated in Figure 4.8. The 

stage involves fitting model responses to a suite of multivariate linear and quadratic 

regression models in order to evaluate the first and the second order sensitivity indices (i.e. 

the gradient vector and the hessian matrix corresponding to each response). According to 

Luenberger (1984), although quadratic regression models may be used to obtain estimates 

of the response's gradient, linear regression models provide a better approximation of the 

gradient vector. 

To obtain the necessary regression data, several observations of the parameter 

vector may be generated using the multinormal distribution N[J.1a,Cov(a)]. The choice of 

the distribution is dictated by several factors amongst which are (a), consistency with the 

normality assumption regarding parameter errors, (b) availability of fast numerical 

algorithms, (c) existence of analytical solutions of joint confidence regions (Chames, 

1991) and (d) the need to obtain more realizations of model responses near the mean 

parameter vector. The last factor is the most important factor. This is because of the fact 

that the generated random realizations of the parameter vector will not be used to obtain 

posterior distributions of model output. Therefore, the multivariate normal distribution 

serves only to span a larger portion of the parameter space with minimum number of 

observations while maintaining the general statistical properties of the random vector. In 

fact, if the number of model parameters is small, brute force techniques may be used to 

obtain the required ensemble of depenedent and independent regression variables. 

Once a sufficiently large number of output realizations becomes available, least 
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squares methods can be used to obtain the above mentioned multivariate linear and 

quadratic approximations of each of the model responses. Finally, the resulting first order 

sensitivity matrix and second order sensitivity block matrix are introduced together with 

the parameter variance covariance matrix and are used to calculate the required 

approximation of output covariance using equation (4.11) for the classical linear 

approximation and (4.15) for the second order approximation developed in this 

dissertation. 

Il(a) 
Cov(a) 10$ 

RANDOM SAMPLING 
Multi-Nonna! 

Sample Size: 111 

Random Parnmc:tcr Vectors 

Ct-Dl I<8AT LFC 

MODEL 
Ie? n parameters 

Kresponses 

= ~ 

Figure 4.8. Schematic representation of the covariance propagation stage of 
QCTM. Notice that information are available for first order analysis. Notice 
also that the linear regression model is used for gradient approximation. 
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IV.S Summary 

The above chapter addresses the following two objectives (1) to describe the 

theory of 'Second Order Second Moment Uncertainty Analysis for Multiple Response 

Models' and (2) to formulate an applied framework that utilizes the theoretical aspects of 

the analysis. 

After introducing the theoretical background of sensitivity based uncertainty 

analysis for single response models, the first of the chapter's objectives was achieved by 

extending these concepts to multiple response models. The extension involved developing 

a matrix formulation of the second order Taylor's expansion for multiple responses. A 

series of mathematical and statistical operators were applied to the latter formulation in 

order to obtain the variance covariance trajectories of model responses. These 

mathematical treatments are listed in Appendix (C). 

As for the second objective of the above chapter, the numerical requirements of 

the analysis were identified and discussed. Several methods for obtaining numerical values 

of the parameter variance covariance matrix and the first and second order sensitivity 

indices were discussed in as much detail as permitted within the scope of this dissertation. 

Additionally, a new brute force univariate graphical approach was developed to assist in 

isolating the validity region of the linear assumption. The latter approach was 

supplemented by an analytical method that utilizes hypothesis testing methods to identifY 

the sensitivity order of individual model responses. Finally, an applied approach that 

integrates these numerical methods in order to obtain variance covariance trajectories of 
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multiple response models was proposed. The approach utilizes linear and quadratic 

regression models to evaluate the first and second order sensitivity indices. Both of which 

are essential for the computation of the required trajectories. 

Several conclusions may be drawn based on the results of various illustrative 

examples provided within the discussion. First, it is important, when conducting sensitivity 

based uncertainty analysis, to identify the region of validity of the underlying assumptions. 

Of particular interest is the linearity assumption whose validity may deteriorate even 

within the region specified at one standard deviation distance from the mean parameter 

value. Second, when the quadratic assumption proved to be superior, its validity region 

was also more expansive than that of the linear approximation. Therefore, one can 

conclude that second order analysis provide a better approximation and extends the region 

of applicability of sensitivity based uncertainty analysis. Finally, it is vital to form a clear 

understanding of the type and sources of uncertainty in parameter estimates prior to the 

uncertainty analysis. Such understanding can assist researchers in the process of 

identifying the type of data that must be collected in order to evaluate the variance 

covariance matrix of model parameters. 



147 

CHAPTER V 

INCORPORATING UNCERTAINTY INFORMATION WITHIN THE DECISION 

COMPONENT OF THE USDA-ARS WQDSS 

V.I Objectives and Organization 

The main purpose of this chapter is to propose a general framework that allows the 

USDA-ARS-WQDSS to consider random decision criteria. One objective of the 

proposed framework is to assist decision makers in identifYing best management practices 

under uncertainty. Another objective is to explore possible means for selecting the ordinal 

importance order of decision criteria (see chapter ill) and the quantitative scale factors 

vector (see chapter III and appendix B) based on the level of uncertainty associated with 

those criteria. 

Because the final output of the WQDSS's decision component is an ordinal 

ranking of several management systems in preference order, sensitivity based uncertainty 

analysis may not provide an ideal framework for error propagation through the latter 

component. Therefore, to achieve the first goal of the proposed framework, a frequency 

based approach for alternative ranking will be examined in the section which is titled 

Random Decision Criteria. The currently implemented decision making processes will be 

divided into separable sub-processes. Then, four different ranking schemes will be 
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presented. The four schemes utilize the same decision making sub-processes, and they 

differ from each others in applying the expectation operator to the random sample at 

different subprocess points. 

The second objective of the proposed framework will be addressed in the 

subsequent section Baseline Uncertainty and Importance Order. A method that 

incorporates information about uncertainty in evaluating the baseline management system 

(i. e. results from second order uncertainty analysis of the simulation component), within 

the structure of the WQDSS's decision component will be discussed. The discussion will 

introduce the total uncertainty region concept and the informed uncertainty region concept 

of the scoring functions. Practical applications of the two concepts will be designed under 

two different decision making strategies. A strategy that assigns importance proportional 

to uncertainty, and a strategy that assigns importance proportional to confidence. 

Although the proposed framework is valid regardless of the type and source of 

uncertainty in evaluating the decision criteria, the following discussion considers 

uncertainty associated with simulation parameters as a primary concern. This serves to 

maintain consistency with other developments of this dissertation. However, references 

will be made to other possible applications of the presented methods as the discussion 

proceeds. 
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V.2 Random Decision Criteria 

The structure of the WQDSS decision component allows dividing it into three 

different sub-processes which are 1) conversion, 2) aggregation and 3) ranking. 

Conversion is the application of a set of scoring functions that are characterized by a 

parameter vector 0 to convert the decision criteria matrix X into a scoring matrix V(X,O). 

Aggregation is the processes of obtaining the best composite scores (DCS) vector and the 

worst composite scores (WCS) vector. These two vectors contain the solutions of the 

linear program (3.7) or the program (3.18) for each management system. Ranking is 

technique to obtain a preference order of the studied management systems here based on 

their average composite score (ABW) or t.he distance from the ideal score (DIS). Details 

about each of the above sub-processes have been discussed in Chapter III of this 

dissertation. 

The current implementation of the WQDSS decision component ranks several 

management systems based on scoring the average annual values of the decision criteria 

that are associated with each system. This results in a single ranking vector for each of the 

two compromise programming methods. One can argue that, smoothing the annual 

variations of the decision criteria matrix reduces the ability to identify the effects of 

extreme events on the decision recommendations. 

Considering the random nature of several water quality decision criteria serves 

three proposes. One purpose is to account for the influence of the annual variation of 

climatologic processes, which are the driving natural forces, on the ranking of farm 
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management alternatives. A second propose is to account for the uncertainty in model 

predictions due to uncertainties in parameter values. The third purpose is to assess the 

effect on the decision results of the points at which each of the three decision making 

sub-processes is performed. The latter point is identified with respect to the statistical 

expectation operation. 

Let ~ be the number of available realizations of the random parameter vector. 

Also let Ny be the number of prediction intervals (e. g. years). Suppose that for each year 

of a simulation run, the model produces a vector of m responses. Then, the decision 

criteria matrix that describes n different management systems, and accounts for an 

imposed priority order may be written as following 

x = [Xkp] k:1;l •.. Ny = [Xljkp] 1=1;l •. .m 
p=1;l ... Nr pl;l •. ". 

k:1;lNr 
p"'1;l •. Ny 

(5.1) 

The scalar [xijkp] represents the model prediction of the i'th most important decision 

criterion that corresponds to the j'th management system. The indices k and p represent 

the p'th prediction interval that is associated with the k'th realization of the random 

parameter vector. Accordingly, and to avoid lengthy notation, the (mxn) submatrix Xkp 

will indicate the decision criteria matrix of the k'th year from the p'th simulation replica. 

By applying the conversion decision subprocess to each matrix Xkp' one obtains the 

general scoring matrix. 
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V(X,8) = [V kp] = [V(Xkp, 9)] = [Vljkp] (5.2) 

Similarly, applying (3.8) or (3.19) to each scoring submatrix, one obtains a set of 

composite scoring matrices. Aggregating the individual scores within each of the V kp 

matrices involves applying (3.9) and (3.10) to obtain the best and worst composite scores. 

The direct application of (3.12) and (3.15) yields the corresponding average composite 

score and distance from ideal score respectively. The generalized description of the fonner 

is written as a function of the scoring matrix 

ABW = [ABWkp] = [ABW(V(Xkp, 9»] = [AB~kp] (5.3) 

Similarly 

DIS = [DISkp] = [DIS(V(Xkp, 9»] = [DIS)kp] (5.4) 

Notice that the index i has been elirrinated from (5.3) and (5.4) subsequent to the 

aggregation subprocesses. The ranking matrices consistent with (5.3) and (5.4) are 

Rkp = 11[ABW(V(Xkp, 9»] (5.5) 

(5.6) 

Definitions ofthe functional fonns 11 and'U are available in (3.13) and (3.17) respectively. 
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To study the effects of random decision criteria on the recommendation of the 

WQDSS, the frequency of occurrence of each alternative at a given rank will be computed 

using four different schemes. Table (5.1) summarizes the four ranking schemes based on 

the point of application of each decision subprocess, and also indicates explicitly when 

averaging of the data takes place. 

Table 5.1. Sequential ordering of decision sub-processes for the four proposed 
ranking schemes. 

Scheme description Conversion Aggregation Ranking Averaging 
Prior to 

a Full ensemble Annual Annual Annual 
Fe,,",,:;.) 

b Average annual decision Replica Replica Replica Conversion 
criteria for each replica 

c Average annual scores of Annual Replica Replica Aggregation 
each replica 

d Average annual best and Annual Annual Replica Ranking 
worst composite scores for 
each replica 

Although the above outlined schemes are applicable to the average composite 

scores method as well as to the distance from the ideal score method, the following 

discussion will concentrate on the first method. This serves to avoid unnecessary repetitive 

descriptions. 

In scheme (a), all replicas are considered as a single sample of ~ x Nr annual 

observations (simulations) of the random decision criteria. The alternatives are ranked 

annually and the frequency matrix FR is given by 
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[
N[rt =Jl] FR = [Frti] ,=1,2 •.. ,11 = NT ' 

j =1,2 ... n , =1,2 ... ,11 

j=I;l ... n 

(5.7) 

where N [rt=j] is the number of times for which alternative t occupies the rank j and NT is 

the total number of ranking vectors in the sample (in this case NT = ~ x NJ Clearly, in 

the above scheme, conversion, aggregation and ranking are all implemented annually. 

In the scheme (b), each replica is a realization of the random sequence. Thus, there 

will be Nr samples whose expected value (sample mean) of the decision criteria matrix is 

given by, 

(5.8) 

In this case, the scoring matrix is a function of the sample mean of the decision criteria 

matrix for each replica of the ensemble. 

V(E[X]k, 8) = [vijh ,k = 1,2, ... Nr (5.9) 

The average composite score and the ranking vector corresponding to the k'th replica are 

also functions of the scores associated with the expected value of the decision criteria 

matrix. Or 
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ABW k = ABW(V(E[Xh, 0» ,k = 1,2, ... Nr (5.10) 

Rk =ll[ABW(V(E[X]k, 9»] ,k= 1,2, ... Nr (5.11) 

Applying (5.11) to all replicas within the ensemble yields a sample of Ny ranking vectors. 

The corresponding ranking frequency matrix FR is given by (5.7) with NT=Ny (the 

number of replicas in the ensemble). Unlike the first scheme, this scheme averages the 

elements of the decision criteria matrix with respect to each replica, Thus, conversion, 

aggregation, and ranking are all performed at the replica level. 

In scheme (c), the decision criteria are scored annually to produce a scoring matrix 

for each year p within a replica k. The average annual scoring matrix for each replica is 

given by, 

Ny 

l: V(Xkp,9) 
o p=l k 1 E[V(Xkp , u)h = '---N-

y 
--, = ,2, ... Nr (5.12) 

The average composite score for each replica can be determined subsequent to solving the 

programs (3.9 and 3.10) for the replica's average annual scoring matrix. The alternatives 

are ranked according to, 

Rk =ll[ABW(E[V(Xkp, 9)h)], k= 1,2, ... Nr (5.13) 

Again, a sample of Ny ranking vectors results by applying (5.12) and (5.13) to all of the 



155 

ensemble's replicas. Subsequently, ranking frequency can be obtained using (5.7) with 

NT=Nr • This scheme differs from the two previous schemes in that conversion is 

implemented annually, while aggregation and ranking are both performed on the replica 

scale. The interface between the two levels is provided by the sample expectation 

operation described in (5.12). 

In the last scheme (d), the decision criteria matrices are converted to scoring 

matrices for which best and the worst composite score vectors are determined annually. 

The replica sample mean of the Bes and the wes are 

Ny 

~ BCS(V(Xkp,O» 
E[BCS(V(Xkp, O»h = p=I Ny , k= 1,2, ... Nr (a) 

(5.14) 
Ny 

~ WCS(V(Xkp,O» 
E[WCS(V(Xkp, O»h = p=I N ' k = 1,2, ... Nr (b) 

y 

Because the average best/worst composite score is a linear combination of the BCS and 

WCS, its expected value is a linear combination of their expected values. Therefore 

management alternatives can be ranked based on 

E[ABW(V(Xkp, O»h = E[BCS(V(Xkp, O»h~E[WeS(V(XkP' O»h , (5.15) 

k= 1,2, ... Nr 

The corresponding ranking vector is, 
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Rk = 11 [E[ABW(V(Xkp, 9»lk)] , k = 1,2, ... Nr (5.16) 

A sample of Nr ranking vectors results by applying (5.16) to each replica within the 

random ensemble. The ranking frequency is determined using (5.7) \\-lth NT=Nr • In this 

scheme, the conversion subporcess and the aggregation subprocess are performed on the 

annual scale. Ranking is performed on the replica scale. Similar to the latter two schemes, 

the transition between the two scales (i.e. replica and ensemble) is provided by the 

averaging operation described in (5.14). 
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V.3 Baseline Uncertainty and Importance Order 

As mentioned in chapter ITI, the WQDSS considers a given management system, 

usually the current (i.e. conventional) system as the base line alternative. Predicted 

decision criteria values that correspond to the baseline alternative are used for the purpose 

of parameterizing the selected set of scoring functions. The process is based on specifying 

the average annual value of each criterion as the baseline parameter (i.e. parameter b). The 

slope of the scoring function (see Appendix A) is determined based on the range of the 

annual series which also serves to determine the initial ordinal importance order of the 

decision criteria. By utilizing the range of variations in the annual series, the former 

approach accounts for uncertainties resulting from natural variation in weather input to the 

simulation model. Nonetheless, it does not account for uncertainties associated with model 

parameters. 

To illustrate means of incorporating the effects of parameter uncertainties within 

the structure and design of a decision making process only two scoring functions will be 

considered. These are the functions SSF3 and SSF9 (see Appendix A for illustration). The 

first belongs to the (more is better) category and the second belongs to the (more is 

worse) category (see chapter lIT for details). Both functions are defined by an upper 

threshold parameter (c) and a lower threshold parameter (a). Assuming that a and c values 

are determined by external factors such as regulatory limitations or decision maker's 

preference, then, the level of ambiguity associated with constructing either one of the two 

scoring functions depends on the uncertainty in estimating the baseline parameter b. and 
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the slope at baseline s. 

Average annual predictions of decision criteria, being influenced by parameter 

uncertainties, must be treated as random variables. Consequently, given a single realization 

of the random parameter vector, the probability density function that describes the annual 

values of each decision criterion can be considered as a conditional density function. 

Similarly, for a rainfall, temperature, radiation, and management record of a specified 

length (i. e. years), the probability density function of the average annual values of model 

predictions consistent with the prior joint distribution of model parameters is a conditional 

probability density function (i.e. given the above mentioned record). The following 

discussion deals with the latter posterior distribution, which will be treated as a marginal 

distribution of the average annual values of model prediction over a fixed length of time. 

The availability of only a single observation of a random variable implies that at 

any significance level, the central confidence limits of the expected value of the random 

variable are infinitely wide. Consequently, the confidence limits of the expected value of b 

(i.e. expected value of the average annual decision criteria) will be infinitely wide if a 

single observation of the latter was available. The effects of selecting b from single 

observation on the uncertainty in scores is illustrated in figure 5.1 for SSF3. Scores 

associated with any x value (a < x < c) may vary with an unknown probability between 

[O<score(x)<I]. In other words, under conditions imposed by lack of quantitative 

information regarding the effects of parameter uncertainties on the probabilistic behavior 

of b, parameters a and c define the range within which scores are uncertain. Denote this 

-- .. _-- - -_._. __ .-._- . -----
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range as the Total Uncertainty Region (TUR). Clearly, from the definition the studied 

scoring function the scores are insensitive to values out side (TUR). Thus, the domain 

[-oo,a]u[c,+oo] is the Insensitivity Region (ffi). Similar definitions apply to SSF9. The 

extent of the above regions may vary for scoring functions that are associated with one or 

no threshold parameters (i.e. asymptotic). 

1.00 

0.75 

~ 
0 
0 

0.50 CZl 
IR m 

0.25 

0.00 L-..l..--L---J-

a Decision Criterion Value c 

Figure 5.1. Illustration of the Total Uncertainty Region concept for 
SSF3. Notice that only one single observation of the baseline parameter 
b is available for calculation of the expected value ~b. 

To construct an approximation of the TUR for asymptotic scoring functions, the 

upper and lower thresholds (a and c) can be replaced by the coordinates on the decision 

criterion's axis of the points at which the absolute value of the sensitivity of the scoring 

function to variations in x becomes less than a small positive constant E. That is 
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such that I assFI I ::;; e < lsi ax 7:0 

(5.17) 

where TURL represents an upper or lower limit of the above mentioned region. The 

threshold sensitivity e should be less than absolute value of the slope parameter s. 

Suppose now that an expected value of b (~) is available along with an estimate of 

the standard deviation (O'b) which results from propagating the combined effects of 

uncertainties in simulation parameters on the model's prediction of b values. Both Ilt, and 

O'b facilitate the construction of central confidence intervals that represent various 

probability levels of Ilt,. Two possibilities arise regarding the mathematical treatment of the 

above uncertainty measures. These possibilities depend on the type of uncertainty analysis 

leading to the identification of Ilt, and O'b' First, if Ilt, and O'b represent sample statistics 

which were obtained by introducing several realizations of the random parameter vector to 

the simulation model (i.e. Monte-carlo sampling), then, standard statistical methods can be 

used to determine the above mentioned confidence levels given the size of the random 

sample or the posterior distribution of the response (in this discussion equivalent to the 

average annual value). On the other hand, if sensitivity based uncertainty analysis methods 

are used to determine Ilt, and O'b' then, confidence intervals can be constructed only after 

assuming a probability distribution of b. Independent from the uncertainty analysis 
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method, a widely used indicator of uncertainties associated with model predictions is the 

If s is fixed at a reasonable value, (i.e. the value corresponding to b=J.4) one can 

construct a scoring function at each limits of the range [J.4 -crb , J.4 +crbl by substituting 

(b=J.4 -crb) for the lower limit and (b=J.4 +crJ for the upper limit. The two scoring functions 

will define an area whose size represents the cumulative effects of uncertainty in b on the 

possible values of scores. Denote this area as the Informed Uncertainty Region (IUR). 

Clearly, if a and c where both selected to span a wide enough range of the decision criteria 

values, then the size of the informed uncertainty region should be smaller in than that of 

the total uncertainty region. Figure 5.2 illustrates the IUR concept for SSF3 and SSF9 

respectively. The area defined by IUR is calculated using the integral expression 

c c 

lUR=f SSF3(a, Jlb -crb,C,X) x dx f SSF3(a, Jlb + crb, c, x) x dx (5.18) 
a a 

for SSF3, and by the integral expression 

c c 

lUR=f SSF9(a,Jlb + crb,C,X) x dx f SSF9(a, Jlb -CJb,C,X) x dx (5.19) 
a a 

for SSF9. Similar integrals can be written for asymptotic scoring functions by replacing 

the parameters a and c with their equivalents from (5.17). 
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Figure 5.2. Illustration of the IUR concept for the scoring 
functions SSF3 and SSF7. Slope parameter is fixed at the value 
associated with h=1lb in all cases. Notice that TUR=(c-a)xl. 
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Define the Scoring Ambiguity Ratio (SAR) which is associated with a given 

decision criterion as the ratio between IUR and TUR. Conceptually, the value (l-SAR) 

indicates the proportional reduction of ambiguity that results from identifying uncertainty 

measures regarding the baseline parameter b, Therefore, for a given criterion, smaller SAR 

value indicate less sensitivity of the scores to uncertainty in evaluating the baseline 

parameter. For a well defined decision problem SAR satisfies the condition 

0::;; SAR::;; 1 . (5.20) 

The above developed measures allow decision makers to assign an ordinal 

importance order to a set of decision criteria based on their uncertainty. Suppose that the 

decision making problem involves ranking n alternatives with respect to m criteria, a 

decision maker can define the importance order of these criteria based on one of two 

strategies. In the first strategy, importance is proportional to uncertainty. In other wards, 

decision criteria whose scores are more sensitive to uncertainty associated with evaluating 

the baseline parameter are placed at higher importance level. Applying the strategy means 

ordering the decision criteria such that 

(5.21) 

In the second possible strategy, decision makers can assign the importance order 

proportional to confidence. In this case the ordering is such that 
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SAR 1 '5, SAR 2 '5, .... '5, SARI '5, SARI+I '5, ". '5, SARm-1 '5, SARm (5.22) 

Another practical benefit of the SAR measure is related to the estimation of the 

criteria scale factors. Hereafter, the notation cj represents the scale factor that corresponds 

to the i'th most important criterion provided that the importance order is obtained from 

(5.21) or from (5.22) . As mentioned in Chapter ill and Appendix B, scale factors are 

quantitative measures of the relative importance of decision criteria. (i. e. x j.) is c j times 

more important than xJ. To obtain the closed form solution (3.19) of the linear programs 

which were described in (3.18), the quantitative scale factors must satisfy the condition 

{

CI=l; i=l 

C/ ~ 1; i=2,3,,,.,m 

(5.23) 

A possible method for obtaining estimates of the vector c based on SAR values 

such that the integrity of(5.23) is maintained can be 

C/ = 1 i=l 

SARI 
C/ = 1 + m i = 2, 3, '" m 

LSARj 
j=1 

m 

(5.24) 
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Independent of the importance strategy, equation (5.24) emphasizes decision criteria that 

possess SAR values above the average value obtained from all criteria. Another possible 

approach that produces an opposite effect is 

CI = 1 

m 
~SAR· 

j=I J 

i=l 

m 
cl=l+ SARI i=2,3, .. ,m 

(5.25) 

It is important to realize that (5.24) and (5.25) belong to an infinite number of 

possible structures of the vector c that satisfy (5.23). Nonetheless, both formulas, though 

heuristic, allow the quantitative scale factors to be determined based on the uncertainty 

associated with the individual criterion while considering the aggregate level of uncertainty 

imposed on the problem in general. 
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V.4 Summary 

The two main objectives of the above chapter were achieved through proposing 

two approaches for incorporating uncertainties in decision criteria within the structure of 

the WQDSS decision component. The first approach consisted of four different methods 

to rank altemative management systems. The four methods were based on changing the 

point at which the expectation operator is applied to a random decision criteria with 

respect to three decision sub-processes. These sub-processes are 1) conversion, 2) 

aggregation and 3) ranking. Definitions of these sub-processes were provided and 

generalized functional formulations were presented with respect to each of the four 

methods. 

The second objective of this chapter was achieved by introducing a heuristic 

method that accounts for uncertainties in evaluating the baseline management system. 

Assuming that information about these uncertainties can be made available through error 

propagation techniques, the propagated mean value of the scoring function's baseline 

parameter was used in conjunction with the propagated standard deviation to define an 

informed uncertainty region (ruR). The size of the run region indicates the possible 

variations in scores as bypro ducts of ambiguity in estimating the baseline parameter of a 

given scoring function. Subsequently, a scoring ambiguity ratio (SAR) was defined, and 

methods for utilizing its estimates for a vector of criteria in determining the relative 

importance order were proposed. Methods for estimating the optional quantitative scale 

factors based on SAR estimates were also proposed . 

. ~------~-~~---- . 
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CHAPTER VI 

CASE STUDY 

VI.I Objectives and Organization 

To Rank fann management systems based on water quality factors, decision 

makers need to acquire knowledge of each system's perfonnance with respect to a 

multitude of decision criteria. Because of the large contribution of nonpoint source 

pollution from agricultural lands to the impainnent of river stream miles in the US (see 

Chapter II), the vector of decision criteria must include the various loading effects from 

agricultural lands. Effects such as the presence of nutrients and pesticides in surface water, 

sediment and in below the root zone percolation must be taken in account. Additionally, 

fann land sustain ability and crop yield should be considered to ensure the productivity and 

profitability of the management systems. 

The objective of this chapter is to describe the preliminary efforts associated with 

predicting the effects of several management systems on the above mentioned decision 

criteria using the simulation component of the WQDSS. At the center of the simulation 

activities are those involving the identification of the proper simulation parameters. In this 

chapter, two possible GLEAMS identification scenarios will be discussed. The first 

scenario assumes that a set of management systems have been implemented on the same 
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watershed, or on similar watersheds (i.e. soil series, texture, and hydrologic group) for a 

period of time during which measurements of model input and some of the primary 

watershed processes are made. Primary watershed processes are the driving processes 

which include runoff, sedimentation, crop yield and percolation. The scenario also assumes 

that measurements of all soil related parameters were obtained for each of the considered 

watersheds (Le. porosity, field capacity, wilting point and saturated conductivity). Figure 

6.1 shows a schematic diagram of the steps required to obtain model predictions of water 

quality decision criteria for a given management system. The first step of the process 

involves identifying model input that include climate data, pesticide and nutrient 

applications, crop data and tillage management operations. The last input item is used to 

identify management related erosion parameters. The second step involves utilizing 

available soil data from each considered watershed to construct an initial soil related 

parameter vector. This vector is introduced together with the historical record of the 

primary watershed processes to the calibration stage. Once an optimal parameter vector is 

identified, and the model produces predictions of the primary processes which reasonably 

resemble the observed record, the simulation output of the secondary processes that 

correspond to the optimal parameter vector can be used as reasonable estimates of these 

processes. 
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Figure 6.1. Schematic diagram of the first simulation scenario. Predicting 
the effects of farm management activities on water quality decision 
criteria for historically implemented systems with record of primary 
watershed processes. 
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The second simulation scenario is needed when a suite of management systems are 

recommended for future implementation on a given field for which only general soil 

information may be available (i.e. hydrologic soil group and soil texture). Decision making 

under such conditions involves describing the possible range of values for water quality 

decision criteria given the possible range of model parameters. Figure 6.2 shows a 

schematic diagram of the general steps required to perform the simulation task. First, and 

similar to the former scenario, topographic and climate data are obtained from local or 

regional record. Crop management activities for each management system are then used to 

evaluate management related input. Second, data bases and other sources of information 

are used to construct statistical descriptions of the random vector of soil related 

parameters. The latter step results in a sample that represents the population of similar 

soils. Statistical analysis of the sample provides estimates of the expected vector and the 

variance covariance matrix of model parameters. The third and last major step of the 

procedure is the uncertainty analysis of the simulation model. This step results in 

identifying the probable range of variation of water quality decision criteria under 

conditions that are imposed by parameter uncertainty. The above procedure must be 

repeated for each recommended management system before the decision experiment can 

be performed. 
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To achieve the objectives of this chapter, a simulation-decision making case study 

was selected to allow testing both of the above described scenarios. The case study 

involves four management systems that have been applied to three different watersheds. 

The watersheds are located in the Agricultural Research Service Deep Loess Research 

Station (hereafter referred to as DLRS) near Treynor, Iowa. Selection of this particular 

study site was dictated by the availability of historical record regarding some primary 

watershed processes. In the next section, a description of the study site will be provided. 

VI.2 Description of the Study Site 

Research began in 1964 by the ARS's North Central Watershed Research Unit in 

Colombia, Missouri on four watersheds located in the Deep Loess Soil Major Land 

Resources Area near Treynor, Iowa. The general research summary (Alberts et aI., 1991) 

describes the main objective of the efforts as the evaluatation the effects of several land 

and crop management systems on various watershed processes. These processes included 

surface runoff, baseflow, sheet and rill erosion, gully erosion and farm productivity. The 

four watersheds are located in Pottawattamie County, approximately ten miles southeast 

of Council Bluffs, Iowa. Figure 6.3 shows the geographic locations, topographic maps and 

3D representations (vertical scale exaggerated) of three of the four watersheds which are 

WS#l, WS#3 and WS#4. The topographic information were obtained by digitizing 

(1120000) scale topographic maps of the three watersheds provided by the DLRS. 

-------



Watershed 114:( 60.8 ha) 

o 200 400 600 
i I 

METERS 

Watershed #3: (43.3 ha) 

o 200 400 600 
i 

METERS 

173 

PO'ITAWATI'AMffi COUNTY, IOWA 
o 10 

Kilometers 

Watershed /I I: (30.4 ha) 

o 200 400 600 , , , . 
METERS 

Figure 6.3. Topographic and 3D representations of WS#l, 3 and 4 of the Deep 
Loess Research Station near Treynor, Iowa. Vertical scale is exaggerated by a factor 
of 5 for all watersheds in order to illustrate elevation differences and slopes. 
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The DLRS data reports and general summaries (Hjelmfelt, 1989; and Alberts et 

aI., 1991) indicate that the outlets of all three watersheds are in gullies extending within 

the saturated soil layer. Accordingly, sediment yield measurements were obtained at two 

locations within each watershed. The first location is above the gully head cut. Sediment 

concentration measured at this location represents soil losses from the field. The second 

location is at the weirs which are located within the gullies. The latter measurement 

accounts for the gully's contribution to the total sediment yield. This study will consider 

only sediment yield from the field. 

Detailed soil sample analyses are available for WS#2, 3 and 4. Samples obtained by 

the Soil Conservation Service (SCS) National Soil Laboratory in Lincoln, Nebraska 

indicate that the soils of all three watersheds are predominantly of the Monona-Ida 

association which is characterized by silt loam (SIL) to fine silt loam (FSIL) texture and a 

moderate permeability (i.e. hydrologic group B). However, the soil profiles obtained from 

WS#3 and 4 included layers of silt-clay-loam texture (SICL). According to Kramer 

(personal communication) the soils ofWS#2 and WS#1 are quite similar, and the sample 

from WS#2 can be used to describe the general properties of the soil of both adjacent 

watersheds. Table 6.1 summarizes the general information about each of the three 

watersheds and indicates the crop management systems implem;:nted on each unit during 

the period between (1964-1990). Conversion of management systems occurred in 1972 on 

all three watersheds for research purposes. 

~----.---
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Table 6.1. Summary of management systems implemented between 1964 and 1989 
on watersheds 1, 3, and 4 near Treynor, Iowa. 

WS# Area Soil Management systems 
(ha) Series Texture Gr 1964-1971 1972-1989 

1 30.4 Monona SIL B Continuous Com Continuous Com 
Ida Chisel Plowed Deep Disking 

3 42.3 Monona SIL B Pasture Continuous Com 
Ida SICL Ridge Till 

FSIL 

4 60.8 Monona SIL B Continuous Com Continuous Com 
Ida SICL Deep Disking Ridge Till 

FSIL Level Terraces Parallel Terraces 
with no Drainage Tiles with Drainage Tiles 

The effects of the above management systems on the hydrologic and erosion 

properties of each watershed can be illustrated by considering the total annual values of 

surface runoff, baseflow and sediment yield from the field for the study period. Figure 6.4 

depicts the annual precipitation time-series for all three watersheds. 
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Figure 6.4. Total annual rainfall on watersheds 1, 3 and 4. The vertical 
line at 1972 delineates management system conversion on all watersheds. 
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Figure 6.5 presents the observed total annual values of surface runoff for the same 

period. Clearly, the marginal differences between the observed precipitation do not explain 

the noticeable differences in surface runoff between the three watersheds. The latter 

differences are both watershed and management practice related. However, it can be 

noticed that the average annual runoff from WS# 1 was higher in both management periods 

than those associated with WS#3 and WS#4. 
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Figure 6.5. Total annual runoff from watersheds 1, 3 and 4. The vertical 
line at 1972 delineates management system conversion on all watersheds. 

Management effects on the total annual baseflow are detectable from Figure 6.6. 

Notice that conversion from pasture to ridge till on WS#3 (open circles) has increased the 

annual baseflow values measured after 1972. On the other hand, WS#4 displayed a slight 

reduction of baseflow during the second management period. This is attributed to the 

presence of drainage pipes on the terraces which reduced the amount of infiltration caused 
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by trapping the surface runoff behind the terraces. The timeseries from WS#3 and WS#4, 

indicate that reduced tillage is likely to reduce the total soil moisture loss to 

evapotranspiration due to the higher density of plant residues. The increased base-flow can 

also be noticed for WS# 1. 
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Figure 6.6. Total annual baseflow from watersheds 1, 3 and 4. The 
vertical line at 1972 delineates management system conversion on all 
watersheds. 

Conversion from conventional tillage systems such as deep disking to reduced 

tillage such as ridge till has a significant impact on the total annual sediment yield from 

agricultural fields. Figure 6.7 portrays the drastic reduction of sediment yield that occurred 

in subsequent to implementing reduced tillage practices. This reduction of erosion owes its 

magnitude to the additional protection of the surface soil due to retaining crop residues 

from the previous year on the field. Reduction in sediment yield from WS#4 in the first 

management period is primarily due to the effects of trapping sheet and rill sediment. 
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Figure 6.7. Total annual sediment yield from watersheds 1, 3 and 4. The 
vertical line at 1972 delineates management system conversion on all 
watersheds. Notice the logarithmic scale, which indicates the appreciable 
decrease of erosion due to the implementation of reduced till management 
systems. 
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In order to obtain reasonable predictions of nutrient and pesticide loading effects, 

historical records of primary watershed processes will be used to calibrate the simulation 

component of the WQDSS. Because the current implementation of the WQDSS's 

decision component requires scoring the average annual values of decision criteria, the 

initial vector of simulation parameter will be adjusted to minimize the differences between 

the predicted and observed average annual values of the primary watershed processes. 

Following the diagram in figure 6.1, the first step of the procedure consists ofidentitying 

management input to the model. The values of these input will remain constant throughout 

the various simulation exercises. 
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VI.3 Management Input to the Simulation Model 

Four of the six different management systems that were applied on the three 

studied watersheds will be considered in this study. The four selected systems represent 

different combinations of structural designs and tillage management consistent with 

continuous com cropping. Structural designs included (a) nonintervention alternative, (b) 

level terraces with no drainage and (c) parallel terraces with drainage pipes. In general, 

sediment reduction through structural modification of the field is achieved by altering the 

length, slope and sequence of flow on the field. All of these factors affect the erosive 

energy of the overland flow by reducing its total volume and/or its specific discharge. 

Sediment reduction through tillage management such as ridge till is achieved by increasing 

the resistance of the surface soil to detachment by raindrop impact and/or flow erosivity. 

Greater resistance to rain drop impact results from two main factors. These are (a) 

increasing the surface protective cover by maintaining denser plant residues after 

harvesting and prior to planting, and (b) maintaining a more cohesive structure of the soil 

surface by eliminating the cohesion destroying effects of disking and plowing. Table 6.2 

lists tour abbreviated notations that will be used hereafter to describe the studied 

management systems. The table also indicates the modified GLEAMS flow sequence 

representation corresponding to each system. These sequences determine the type and 

amount of information required by of the erosion sub model. 



Table 6.2. Structural and tillage management systems on watersheds 1, 
3 and 4 near Treynor, Iowa. 

Structural 

No intervention 

Level Terraces 
LT 

Parallel Terraces 
PT 

Deep Disking 
DD 

Ridge Tillage 
RT 

Overland ¢ Impoundment 
(orifice) 
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Topographic maps of WS#1 and WS#3 were digitized to obtain representative 

overland flow and channel profiles. The profiles were incorporated in the erosion 

parameter files corresponding to the DD and RT management systems. As for the 

remaining two practices (i.e. LT_DD and PT_RT), topographic and terrace design maps 

of WS#4 during both management periods were used to identifY a representative terrace 

configuration. An 8.5% average slope was obtained for the 100 m average slope length. 

The latter distance exceeds the SCS recommendation for similar watershed topography. 

To construct management dependent erosion, nutrient, pesticide and crop input 

data files, typical representations of tillage and crop management activities were obtained 
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by examining detailed records of the implementation of the two different cropping 

systems, the deep disking and the ridge tillage. Table 6.3 lists the dates associated with 

major tillage operations during a typical management year for the two systems. 

Table 6.3. Typical tillage operations for deep disking and ridge till 
management of continuous com. 

Operation 

Shallow 

Plantirll! Com 

Harvest 

The above dates are used by the WQDSS parameter editor to estimate the 

temporal distribution and the values associated with the GLEAMS erosion updateable 

parameters which include the contouring factors and the soil loss ratios for overland flow 

during a typical crop management year. These parameters were estimated using the 

procedures outlined in Wischmeier and Smith (1978). Manning numbers for overland flow 

profiles and channels were obtained from Lane et al. (1994). Because this dissertation 

concentrates ~m the uncertainty associated only with soil related parameters, detailed 

descriptions of the above procedures will not be discussed herein. 

Crop input data for the modified GLEAMS model were obtained from the crop 

data base of the EPIC simulation model (Williams et aI., 1990). Detailed description of 

-----_._---
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these input can also be found in Lane et al. (1994). 

Typical nutrient applications for nn and RT consisted of 28 kg/ha of Nitrogen 

and 56 kg/ha of phosphorous applied to the soil during planting. These applications are 

followed by a 142 kg/ha of nitrogen that is applied twenty days later. 

Although the types and the rates of pesticide applications varied from one location 

to another on the three fields during the study period, four pesticides were most 

commonly used. These were Atrazine, MetolacWor, Terbufos and Glyophosate. In this 

study, only the 1.7 kg/ha typical application of the herbicide Atrazine will be studied. This 

application occurs three days prior to planting in both tillage systems. 

VIA Initial Estimate of Soil Related Parameters 

As mentioned above, this study assumes that the main source of uncertainty 

associated with the simulation predictions of the average annual values of decision criteria 

is the lack of actual soil measurements from the site. Therefore, only those parameters that 

are related to soil properties will be considered for application of the second order 

uncertainty analysis of the simulation component. To retain the distributed soil profile 

description while maintaining a tractable number of parameters, the soil profile will be 

divided into two layers instead of the maximum allowed five layers. Table 6.4 lists and 

describes sixteen model parameters that will be considered in the uncertainty analysis of 

the simulation component. 



Table 6.4. Listing and descriptions of the studied soil related parameters of 
the modified GLEAMS simulation model. 

No Parameter Description Input file 

1 CNII Curve number for antecedent moisture condition II Hydrology 

2 Ksat Effective saturated hydraulic conductivity Hydrology 
(most restrictive value within the root zone) 

3 PORI Porosity of the uppermost 15 cm of the soil profile Hydrology 

4 FCI Field capacity of the uppermost 15 cm of the soil Hydrology 

5 WPI Wilting point of the uppermost 15 cm of the soil Hydrology 

6 OMI Organic matter content of the topmost 15 cm of the Hydrology 
soil 

7 POR2 Weighted average porosity of the root zone Hydrology 

8 FC2 Weighted average field capacity of the root zone Hydrology 

9 WP2 Weighted average wilting point of the root zone Hydrology 

10 OM2 Weighted average organic matter content of the root Hydrology 
zone 

11 Ksol Soil erodibilty factor of the erodible soil Erosion 

12 %Clay Clay content of the erodibile soil Erosion 

13 %Silt Silt content of the erodible soil Erosion 

14 Nsol Soil nitrogen content of the top 15 cm of the soil Nutrient 

15 Psol Soil phosphorous content of the top 15 cm of the soil Nutrient 

16 POTMN Potentially rniniralizable nitrogen content of the top Nutrient 
15 cm of the soil 
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The three available soil samples provide most of the above mentioned parameters 

except for CNII, Ksat, OM, Ksol, Psol, Nsol and POTMN. Values of the latter parameters 

must be obtained either by analysis of the historical record as for the CNII parameter or 

from relationships between these parameters and measurements of readily available soil 

properties. In the following sections methods of calculating these parameters will be 

investigated. 
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VI.4.1 Curve Number Parameter 

The hydrologic component of the GLEAMS model utilizes the SCS rainfall runoff 

equation. The equation relates the total storm depth P, storm runoff volume Q and a 

watershed soil site storage parameter S. In English units, the equation is 

Q = (P-0.2S)2 P 028 
P+0.88 ' >. ; 

Q=O ,P~0.28 

The relation between the CUlVe number parameter and the soil site storage is 

eN= 1000 
10+8 

(6.1) 

(6.2) 

Handbook estimates of CN are available for several cropping systems under Antecedent 

Moisture Conditions II (AMCII). According to Hawkins et al. (1985), AMCII 

corresponds to a 50% probability that a storm of depth P will produce runoff that exceeds 

the value predicted by (6.1). The above authors suggested an iterative approach that 

allows the identification of AMCII CUlVe number from historical rainfall runoff record 

based on a probabilistic interpretation the antecedent moisture conditions. Briefly, the 

procedure is an iterative processes that is based on excluding from the identification all 

rainfall events that satisfY the condition: 



p = > 0.456. 
S 
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(6.3) 

where in (6.3), S is the least square estimate of S obtained by fitting (6.1) to the largest 

storm events. The above condition aims to ensure that CN estimates for the accepted 

storms do sufficiently represent a log-normally distributed sample whose mean 

corresponds to AMelI while its 10% percentile corresponds to the AMCm and its 90% 

percentile occurs at AMCI. It is important to mention that the above procedure does not 

guarantee the abiliy to identifY the required curve number. This can be attributed to several 

factors such as the length of the rainfall runoff record, the inability of the rainfall events to 

activate all possible runoff generation modes. As indicated from the graph below, CNII 

values were identifiable for DD, RT and PT_RT systems. However, the number and 

magnitudes of the historical runoff events associated with LT_DD were insufficient to 

obtain the required CNII estimate. The figure also lists the ratios between the number of 

events that were used by the identification (i.e. termination of the iterative procedure) and 

the total number of events in the record for each of the management systems. 
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Figure 6.8. Identification of initial values ofCNII parameter for four management 
systems from historical rainfall runoff records using the technique of Hawkins et 
al. (1985). The procedure was implemented using a code provided by Dr. R. H. 
Hawkins. 

Contrary to what may be expected, the estimated curve number value for the RT 

management system was less than the curve number estimate for PT_RT. By examining 

the annual rainfall and runoff time series one notices that annual runoff values 

corresponding to PT_RT were also higher than those corresponding to RT. The fact that 

ridges were constructed parallel to the terraces rather than to the contour lines may have 

contributed to the higher values of observed runoff from the PT _ RT management system. 

On the other hand, ridges that were constructed on WS#3 during the implementation of 

RT management system were parallel to the contour lines which allowed them to be more 

effective with respect to runoff reduction. 
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VI.4.2 Effective Saturated Conductivity 

The average saturated conductivity of the 11th soil layer is calculated using the 

expression suggested by Williams (1990): 

12.7(100 - Clayl)SSI 
(6.4) 

where, 

Ksat, : saturated conductivity of the l'th layer (mm/hr), 
Clay, : percentage of clay in the l'th soil layer, and 
SS, : soil strength factor for the l'th layer. 

The soil strength factor is calculated as 

(6.5) 

where, 

: soil strength factor of layer I, 
: parameters dependent upon soil texture, and 
: bulk density of the l'th layer (glcm3

) adjusted for water content. 

The parameters btl' b~ are obtained from soil texture as following 

b _ In[O.OII2BDL] -In[8BDU] 
t2 - [BDL-BDU] , (a) 

(6.6) 

btl = In(O.OII2BDL) - (BDL)bt2 . (b) 
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The quantities BDL and BDD are the bulk densities at the lower and the upper boundaries 

of the strength factor (SS=I, SS=0.2) respectively. Williams et al. (1990) provided the 

following estimates ofBDL and BDD: 

BDL= 1.1S+0.0044SSand1 , 

BDU= l.S+0.00SSandl , 

where in (6.7), Sand is the percentage of sand in the 1'th soil layer. 

VI.4.3 Soil Erodibility Factor 

(6.7) 

Soil erodibilty factor is calculated from the texture of the uppermost soil layer and 

the organic matter content (OMI ) of the said layer as 

Ksol = TF(12 - OMt} + SF + PF , (6.8) 

where, TF, SF, and PF are a texture factor, a structure factor, and a permeability factor 

respectively. Textural dependent values of these factors are obtained from Knisel et al. 

(1980). An estimate of the organic matter content of each layer is calculated as a function 

of the layers organic carbon content (OC~ as 

OMI=I.70CI . (6.9) 
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VI.4.S Soil Nutrient Parameters 

Stanford and Smith (1972) published the results of an extensive study that included 

38 soil series representing eight of the ten soil orders. Soil orders are the broadest 

taxonomic soil classifications indicating the presence or absence of certain diagnostic soil 

horizons. The data presented by the above mentioned authors provided the organic carbon 

content of the 15 cm surface layer of each soil series and the corresponding total nitrogen 

content of the same layer. In this dissertation, the aforementioned data was used to obtain 

regression relationships between the soil nitrogen content as a function of the organic 

carbon content of the soil for each soil order. For the sake of brevity, only the equations 

and their corresponding R2 values will be presented in Table 6.5. 

Once the soil nitrogen content is determined, the total nitrogen of the topmost 15 

cm of the surface soil can be determined by 

NT(kglha) = Nsol% xBDod xO.15 x 1000 x 10000, (6.10) 

where BDod is the oven dry bulk density of the soil (gr/cm3
). The total soil nitrogen IS used 

in determining the potentially mineralizable nitrogen using regression relationships that 

were developed in this dissertation based on Stanford and Smith (1978). The latter data 

included 62 soil series for which the both quantities were made available. Table 6.6 lists 

the regression relationships. in a manner similar to that of Table 6.5. 
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Finally, the soil phosphorous content Psol is detennined based on Lane et al. (1994). 

Psol % = 0.5 Nsol% (6.11) 

Table 6.5. Regression relationships between soil nitrogen content (Nsol) and 
organic carbon content. 

Soil order Regression relationship Parameter Parameter 
% Nsol = f(%OC) a b 

#of 
Point 

Table 6.6. Regression relationships between the potentially mineralizable nitrogen 
and total soil nitrogen. 

Soil order Regression relationship Parameter Parameter 
POTMN (kglha) = f(NT kglha) a b 

# of 
Point 
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VI.S Parameter Adjustment 

The above described procedures were used to obtain an initial estimate of the 

parameter vector for each watershed. Thereafter, the curve number, the saturated 

conductivity and the soil erodibility factor Wf;re manually adjusted to obtain reasonable 

fittings between the simulated and the observed average annual values of runoff, sediment 

yield and crop yield for each management system. Table 6.7 presents the measured and 

estimated soil related parameters for the three available soil samples. 

Table 6.7. Measured and estimated soil related parameters based on three SCS 
collected soil samples. 

Parameter Watershed Notes 

PORI em/em 1,2 3 4 topmost 15 em 

FCI em/em 0.24 0.24 0.25 topmost IS em 

WPI em/em 0.11 0.12 0.13 topmost 15 em 

OMI 2.89 3.97 3.39 topmost 15 em 

POR2 em/em 0.49 0.47 0.47 weighted average 

FC2 em/em 0.23 0.24 0.26 weighted average 

WP2 em/em 0.12 0.11 0.12 weighted average 

OM2 1.22 0.93 0.61 weighted average 

%Clay 26.40 29.00 27.00 topmost 15 em 

%SiIt 69.30 66.70 68.70 topmost 15 em 

Nsol gr/gr 0.00156 0.00212 0.00182 topmost 15 em 

PsoI gr/gr 0.00078 0.00106 0.00091 topmost 15 em 

POTMN kglha 394.00 500.00 449.00 topmost 15 em 

Table 6.8 includes the optimized values of CNII, Ksat and Ksol that correspond to the 

four management systems. As mentioned before, soil samples from WS#3 and WS#4 

------~.---
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included layers of silt-clay-loam texture which explain the lower values associated with the 

initial Ksat estimates for both watersheds. As for the adjusted curve number values, 

PT_RT retained higher curve number value than RT. 

Table 6.8. Initial and adjusted values ofCNII, Ksat and Ksol for the four considered 
management systems. 

Parameter Status Watershed and practice (where applicable) 

1,2 3 4 Notes 

eNlI Initial DD: 76.1 RT: 60.2 LT DO: 50.0 Initial values from 

PT RT: 68.5 Figure 6.8 

Optimal DO: 81.8 RT: 58.0 LT DO: 77.3 

PT RT: 71.5 

Ksat cmlhr Initial 0.17 0.03 0.05 Initial values from 

Optimal DD: 0.17 RT:O.11 LT_OO: 0.14 equation (6.4) for the 

PT_RT: 0.11 
most restrictive layer 

Ksol Initial 0.48 0.32 0.34 Initial values from 

Optimal DO: 0.43 RT: 0.35 LT_OD: 0.31 equation (6.8) for 

PT_RT: 0.34 
topmost 15 cm 

Figure 6.9 shows the differences between the observed and simulated average, 

minimum and maximum annual runoff, sediment yield and crop yield given the adjusted 

parameter values. From the figure, one can conclude that the predicted average annual 

values of the primary watershed processes closely resembled their observed counterparts. 

As for the minimum and maximum annual predictions, there seems to be a model tendency 

toward overestimating the former while underestimating the latter. The differences 

between the maximum annual values were most pronounced for the sediment yield 

time-series in general and with respect to the DD practice in particular. A possible 
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explanation of this behavior is that GLEAMS, being a daily simulation model, does not 

account for the effects of high intensity rainfall events on the total annual sediment yield. 
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Figure 6.9. Observed and simulated mlmmum, maximum and average 
annual values of the three studied primary watershed processes. The 
simulated values correspond to adjusted CNII, Ksat and Ksol for all four 
management systems. 
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Proper formulation of water quality decision making problems requires evaluating 

all competing alternatives under identical climatologic conditions. Therefore, the optimal 

parameter values associated with each management system were used together with daily 

rainfall records from WS# 1 to obtain model predictions of the average annual values of 

twelve different decision criteria during the period from 1964 to 1993. These predictions 

are listed in Table 6.9 (column headers P) together with the predictions made for the 

calibration period associated with each management system (column headers C). 

differences between the length of the calibration periods and that of the record availability 

for LT_DD and PT_RT management systems are due to partial failure of terraces and 

extensive terrace repairs on the WS#4 during various years. The effects of such events on 

the sediment yield can not be predicted by the simulation model. From the table below, it 

can be noticed that the relative differences between the thirty year model predictions and 

the calibration output were most pronounced with respect to the L T system. This is due to 

the short calibration period associated with the said system. Obtaining the values 

presented in Table 6.9 concludes the simulation efforts of the first of the two simulation 

scenarios described in Figures 6.1 and 6.2. Results from the thirty year model predictions 

will be introduced into the decision component of the WQDSS. To maintain continuity 

and tractability of results, analysis of the decision recommendations is deferred to the next 

chapter of this dissertation. 
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Table 6.9. Average annual values of the primary and the secondary watershed 
processes for the calibration and prediction periods. 

Management system and simulation period 

Simulated Process Unit 
DD RT LT_DD PT_RT 

C P C P C P C P 

1972 1964 1974 1964 1968 1964 1974 1964 
1987 1993 1987 1993 1970 1993 1987 1993 

Runoff mm 53.52 70.57 36.32 43.02 44.88 68.85 49.08 52.43 

Soil Detachment tlha 18.73 23.30 1.65 2.79 1.88 2.38 5.46 6.61 

Sediment Yield tlha 10.55 18.87 1.66 2.81 3.02 2.92 0.78 0.86 

Nitrogen in Runoff kglha 2.98 3.08 1.41 1.59 1.84 3.03 2.03 2.05 

Nitrogen in Sediment kglha 37.85 41.38 7.56 11.50 10.76 10.06 4.14 4.41 

Phosphorous in Runoff kgllla 0.36 0.32 0.06 0.07 0.18 0.24 0.13 0.12 

Phosphorous in Sediment kglha 18.92 20.69 3.49 5.30 5.41 5.06 2.07 2.21 

Percolation mm 108.17 104.84 182.24 227.55 52.03 102.18 145.93 153.90 

Nitrate in Percolation kglha 7.03 5.64 6.93 6.50 3.18 4.66 6.78 6.04 

Atrazine in Runoff gr/ha 17.41 14.05 0.77 1.55 6.24 10.92 5.70 4.79 

Atrazine in Sediment grlha 2.27 1.81 0,01 0.03 0.33 0.42 0.10 0.10 

Com yield tIha 5.79 6.62 6.41 6.71 6.59 6.04 6.58 6.71 

VI.6 Parameter Estimation Using Soil Data Bases 

Consider the second simulation scenario which addresses the uncertainty in model 

predictions due to lack of site specific information about parameter values and historical 

records of the primary watershed processes. The scenario also arises when management 

systems that have been implemented and observed on several watersheds are being 

proposed for implementation on another watershed for which no actual record exists. 

To apply the approach that has been illustrated in Figure 6.2 to the described case 

study, the four management practices will be considered under the assumption that the 
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only available infonnation are a) watershed topography b) the most dominant soil texture 

(i.e. hydrologic group B silt loam) and c) climate data. 

In order to obtain statistical descriptions of the above described model parameters, 

the soil data base of the EPIC simulation model (Williams et aI., 1990) was searched for 

agricultural soil series that are predominantly Silt-Loam, and are of the hydrologic group 

B. The data base includes detailed descriptions of 780 soil profiles. The search yielded a 

sample of fifty soil series which are listed in Appendix D of this dissertation. 

Once the fifty soil series were identified, model parameters were estimated for each 

soil series using the same procedures associated with the first simulation scenario except 

for the curve number parameter. The latter parameter was estimated for each management 

system using a conceptual interpretation of the curve number model following Hawkins 

(1980). In the following section we discuss the approach and the proposed practical 

application. 

VI.6.1 Management and Soil Series Dependent Curve Number 

Consider the SCS rainfall runoff relationship (6.1). 

Q = (P-0.2S)2 P 02S 
P+0.8S ' >. ; 

Q=O ,P~O.2S . 
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According to Hawkins (1980), the total rainfall amount P can be partitioned into 

three different components. These components are the runoff, Q, the initial abstraction, la, 

and the post initial abstraction losses, F. Introducing these component into equation (6.1) 

leads to, 

P _(T F) = (P-0.2S)2 
.la+ P+0.8S (6.12) 

Substituting la = 0.2S and expanding leads to an expression that links the antecedent 

moisture parameter S, the rainfall amount P, and the total post initial abstraction losses 

during a storm event F, 

F=SP-0.2S 
P+0.8S 

(6.13) 

Denote the loss rate which has the (LIT) dimension as <jl, the storm duration as D (T), and 

the storm intensity at a given time as i (LIT), then the average storm intensity (LIT) is 

T =PID. A dimensionless measure of storm intensity is the ratio iii which can be plotted 

against the dimensionless time (tID) to illustrate the concept of post initial abstraction 

losses for a given storm. Figure 6.10 depicts the above concept for the dimensionless 

representation of the depth-time and heytograph of the National Engineering Handbook 

design storm type 4B (hereafter referred to as the NEH-4B storm). 
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The dimensionless equivalent of 6.13 can be used to provide a relationship 

between the quantities <pii and PIS. While closed-form solutions may be obtained for 

storms with mathematically described distributions, an iterative procedure must be 

employed for all other storms. Figure 6.11 illustrates a reproduction of two such solutions 

pertaining to the NEH-4B storm and a uniform intensity storm. 
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An analogy between the constant post initial abstraction loss rate </> and the vertical 

flow rate·in saturated soils can be drawn. Therefore, the above method can be utilized to 

obtain relationships between eNlI and a measure of the vertical flow rate in saturated 

soils. A possible approximation of such a measure is the average saturated conductivity of 

a given soil profile when it is corrected for the effects of cropping conditions. 

FIangan et al. (1994) provided adjustment coefficients of the fallow condition 

saturated conductivity (19. Their coefficients account for the combined effects of the soil 

hydrologic group and several crop management practices on the average saturated 

conductivity of the soil. The authors also suggested a functional relationship between the 
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cropping condition saturated conductivity (Kcr), the type IT curve number and the fallow 

condition conductivity I<r. In as much as this study is concerned, only point estimates of 

the ratio (Kc/Kr) for hydrologic group B soils under several cropping conditions will be 

used to obtain interpolated values of the latter ratio consistent with the four management 

systems. In order to utilize the above point estimates of the (KjI<r) ratio, an average value 

of curve number must be defined for each management system. The latter values must 

reflect the effects of tillage management operations and structural modifications of the 

field associated with each management system. 

Rawls et at. (1980) compiled data from several studies concerning the effects of 

tillage and residue management on runoff production from agricultural fields. In their 

study, they proposed a practical approach for adjusting handbook estimates of CNII based 

on the amount of residues left on the field and the level of changes in water retention 

properties of the soil due to different tillage operations. This method was used here to 

obtain average curve number values for each of the four management systems assuming 

baseline residues for (100-125) bushels/acre com yield. The residues were reduced based 

on the type, number and level of tillage activities performed in conjunction with each 

management system as indicated in Table 6.3. The reduced residues were then used to 

determine the proper curve number adjustment ratios. Finally, (KjKJ ratios were 

obtained by interpolation of the Flanagan et at. (1994) point estimates. Table 6.10 lists the 

initial handbook estimates, the residue adjusted values and the corresponding (KjI<r) 

ratios. The table also mentions the rationale for each handbook value. 
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Table 6.10. Evaluation of (KjKJ ratio using residue cover adjustments of average 
curve number values. Handbook values represent midpoint between good and poor 
conditions. 

Management Handbook Adjusted KJKr Notes on handbook selection of CNII 
system CNII CNII 

DD 79.5 76.7 2.08 Straight rows 

Straight rows 
RT 73.0 65.2 4.89 Contoured 

Terraces (ridges on contours act as mini-terraces) 

LT_DD Contoured 
77.0 74.3 2.51 the wide span between terraces reduces the 

effectiveness of terracing 

Value for terraces without contours are not 
available. 

PT_RT 75.0 69.3 3.67 estimate made to produce 
CN(RT) < CN(PT_RT) < CN(LT_DD) 
Kramer (personal communication) 

The four (ICJKr) values were used to compute representative cropping condition 

saturated conductivity for each of the fifty soil series given the average saturated 

conductivity of the soil profile. Then, the series Kcr value corresponding to each 

management system was used in conjunction with the twenty five largest rainfall events 

from WS# 1 to estimate management system CNII for the particular soil series. This was 

attained by utilizing the ($17 ,PIS) solution for each storm event assuming uniform 

intensity. The final CNII estimate for the soil series was computed by averaging the 

resulting values from the subset of storms for which CNII values were identifiable under 

the given cropping and residue management conditions. 

To avoid lengthy discussion, detailed statistical description of the resulting fifty 
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parameter vectors will be made available in Appendix D. of this dissertation. The 

description includes the covariance matrix of these parameter. Additional to the statistical 

description of the fifty parameter vectors, the appendix provides a statistical description of 

the simulation results consistent with the fifty soil series. 

VI. 7. Summary 

The effects of four different crop and tillage management systems on water quality 

decision criteria were simulated using the modified GLEAMS simulation model. Two 

distinct simulation scenarios were considered. The first scenario is based on utilizing 

available records of primary watershed processes, together with site specific soil data in 

order to calibrate the simulation model, and then obtain predictions of the secondary 

processes. The second scenario is based on obtaining a large sample of soil dependent 

parameters representing soils of similar properties to the studied watershed's soil. The 

ensemble of model parameters is then used to obtain a statistical description of the 

decision criteria vector corresponding to each management system. 

Data from three watersheds located at the USDA-ARS Deep Loess research 

station near Treynor, Iowa was used in conjunction with the first of the above mentioned 

scenarios. As for the second scenario, the soil data base of the model EPIC was searched 

to obtain the required sample of soil related parameter. Sixteen model parameters and 

twelve model responses were considered during the implementation of each simulation 

scenario. 
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CHAPTERVll 

RESULTS 

VII.1 Objectives and Organization 

The first objective of this chapter is to present and discuss the results of applying 

the proposed QCTM (Quadratic Covariance Trajectory Method) to the modified 

GLEAMS model. A second objective of the chapter is to present and discuss the results 

of incorporating information about uncertainty in evaluating water quality decision criteria 

within the structure of the WQDSS's decision component. 

To achieve the first objective of this chapter, results pertaining to the application of 

the QCTM (see section IV.4) will be divided into three categories. These categories 

reflect the sequential order of the involved computational steps which are a) sensitivity 

order identification (see section IV.3.4B), b) response surface approximation of the first 

and second order partial derivatives of model responses (see section IV.3.2B) and c) 

propagation of parameter uncertainty. 

To achieve the second objective of this chapter, the two simulation scenarios 

discussed in Chapter IV and in Appendix D will provide quantitative assessment of the 

effects of four studied management systems on water quality decision criteria. The 
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scenarios will also provide measures of the effects of parameter uncertainties on the 

evaluation of the baseline management system and the corresponding scoring functions. 

Thereafter, four different ranking methods will be compared with respect to three 

importance orders and two simulation scenarios. The three importance orders are a) the 

default importance order with equal importance scale factors, b) importance and scale 

factors proportional to confidence in evaluating decision criteria and c) importance and 

scale factors are proportional to uncertainty in evaluation decision criteria. The simulation 

scenarios are 1) simulation using the optimal parameter vector and 2) simulation using the 

average vector of parameters obtained from the above mentioned fifty soil series. 

Throughout the current chapter, the term "model response" refers to the thirty 

years average annual prediction of several hydrologic and water quality variables. The 

annual predictions correspond to the modified GLEAMS simulation using historical 

rainfalI record for the period (1964-1993) on WS#l near Treynor. Iowa. Therefore, the 

term expected value of model response indicates the expected value of the average annual 

predictions. Similar definitions are applicable with respect to other statistical measures. 

The chapter will be divided according to the above mentioned objectives. Lengthy 

listings of some intermediate results will be deferred to subsequent appendices. 
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VII.2 Uncertainty Analysis of the Modified GLEAMS Model 

As mentioned in Chapter VI and in Appendix D of this dissertation, fifty 

Silt-Loam, hydrologic group B soil series were obtained from the EPIC simulation model 

data base. These series provided fifty possible realizations of nineteen soil related 

parameters. Fifteen of the nineteen parameters are solely dependent on soil properties. The 

remaining four parameters (i.e. SCS Curve number parameters) reflect the combined 

effects of soil properties and tillage operations on the rainfall runoff relationships 

representing four different continuous com tillage management systems. The systems are 

Deep Disking (DD), Ridge Till (RT), Level Terraces with Deep Disking (LT_DD) and 

Parallel Terraces with Ridge Till (PT_RT). For each management system, the fifty 

realizations of the sixteen corresponding parameters were used to obtain fifty realizations 

of twelve model responses. Detailed statistical descriptions of the latter quantities are 

provided in Appendix D of this dissertation. 

The main objective of sensitivity based uncertainty analysis is to construct 

statistical descriptions (i.e. expected value, covariance matrix) of the probable variations in 

model responses by utilizing knowledge of the model's sensitivity to parameter variations 

together with the statistical descriptions of the probable variation in these parameters. 

Given an ensemble of parameter vectors, and notwithstanding other sources of errors in 

the simulation model, the model can be used to obtain a corresponding ensemble of 

response vectors. Hence, the latter ensemble provides the basis to compute what may 

termed as "actual trajectories" of the response vector statistical descriptions. Such 
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trajectories can be compared with their counterparts which are computed using sensitivity 

based uncertainty analysis. 

The above mentioned ensemble of parameter vectors and the corresponding 

ensemble of model response vectors were used to construct the actual trajectories of the 

expected vector and a covariance matrix of the twelve model responses for each 

management system (see Appendix D). By comparing the latter quantities with those 

computed using the proposed QCTM and the commonly applied LCTM (Linear 

Covariance Trajectory Method) one can identity whether the former provides a better 

means for sensitivity based uncertainty analysis in complex multiple response simulation 

models than the latter. Additional to the mean vector and the covariance matrix, the 

standard deviations and the correlation coefficient matrix which are bypro ducts of the 

covariance matrix will also be compared. Each comparison will be based on measures of 

resemblance between the actual and the propagated trajectories. Several of these measures 

will be considered later in this chapter. For now, the discussion will concentrate on brief 

description of some intermediate results of the steps involved in obtaining the analytical 

trajectories of the above mentioned statistical quantities. 



207 

VTI.2.1 Sensitivity Order Identification 

Following Figure 4.7 and section IV.4, the first step of the QCTM consists of 

identifying the sensitivity order of model responses. The sensitivity order of the response R 

with respect to a parameter ex is defined as being quadratic (Q), linear (L), unidentified (U) 

or insensitive (I). Quadratic order indicates that the quadratic coefficient of the second 

order univariate regression equation describing the relationship between the response and 

the parameter was distinguishable from zero at the specified significance level. On the 

other hand, the response is described as being linear when the above statement is valid 

only for the linear coefficient (i.e. the central confidence region of the quadratic coefficient 

included the zero value). The response R is described as being unidentified when both of 

the above coefficients can not be distinguished from zero at the specified confidence level 

despite the response's sensitivity to parameter variations. Finally, the response R is said to 

be insensitive when variations in ex do not produce variation in R. 

Figure 4.7 described the approach which has been followed in order to identify the 

sensitivity orders of the twelve model responses with respect to a vector of sixteen soil 

related parameters. Briefly, for a given response R and given parameter ex, the approach 

consisted of the following steps. First, The mean value Jla and the standard deviation aa of 

each model parameter are obtained from Table D.2. Second, forty one brute force 

simulation runs are performed at equal intervals within the central range (Jla -()a,Jla +aJ. 

Third, a univariate quadratic regression model is fitted to the relationship between the 

dependent response values and the independent parameter values (i.e. equation 4.43). 
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Hence, the central confidence interval of the quadratic regression coefficient a and the 

linear regression coefficient b corresponding to % I 0 significance level are calculated using 

equation (4.45). Finally, equation (4.47) is used to compute the Regression Confidence 

Interval Index (RCll) for the two coefficients. 

Complete listings of the sensitivity order identification results are provided in Table 

E.I in Appendix E. The table also lists the maximum response relative sensitivities which 

correspond to the largest absolute values of (RRS+ and RRS-). These quantities are 

calculated using equation (4.42) for each brute force perturbation node, and then 

searching for the largest absolute value associated with each of the central range's two 

halves. 

By examining the aforementioned Table, the nonlinear behavior of the modified 

GLEAMS model becomes evident. This is indicated by the differences between the 

relative sensitivities within the positive half (Ila +O"J of the parameter perturbation range 

and those computed within the negative (Ila -O"J half Additionally, the quadratic 

hypothesis was seldom rejected. However, in the few instances when the latter hypothesis 

was rejected (e.g. sensitivity of Nitrogen in runoff to the upper layer's porosity PORI), the 

linear hypothesis was also rejected with respect to the same response. The rejection of 

both hypotheses, despite the presence of a high values of the relative sensitivities indicates 

the presence of discontinuities in the relationship between the studied response and 

parameter. Finally, and contrary to the common assumption in sensitivity based 

uncertainty analysis, lower values of relative sensitivities did not negate the nonlinearity of 
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the respective response. In fact, the acceptance of the quadratic hypothesis was 

independent of the magnitude of the relative sensitivity in either half of the perturbation 

range. 

The quantitative information obtained from Table E.l are used to classifY model 

responses according to their relative sensitivities. This is attained by examining the latter 

sensitivities over the full (Ila. -(j a.,Ila. +0" a> range for each parameter to obtain the scalar 

quantity r which is defined as, 

r(R,IX)= max IR(IX)-R(lla) I . 
[1la-oa.ll-.aJ R(llcx) 

(7.1) 

where R(IX) and R(Ila> are the model response as evaluated at a node IX and at the mean 

value of the parameter IX respectively. Table 7.1 gives the results of classifYing the twelve 

model responses based on the criteria listed at the end of the table. The table indicates that 

CNII is perhaps the most sensitive (i.e. important) model parameter. This is due to the 

higher values of relative sensitivities displayed by most of the model responses to curve 

number variations. With respect to other parameters, the relative sensitivities and the 

sensitivity levels of the studied responses varied between the four management systems. In 

general, most responses were sensitive to the hydrologic parameters subvector (CNII, 

Ksat, PORI, FCl, WPl, POR2, FC2 and WP2). Crop yield displayed low sensitivities 

with respect to most of the model parameters. 
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Table 7.1. Sensitivity levels of twelve modified GLEAMS responses. 

MODEL PARAMETERS 

1/ (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) (14) (IS) (16) 
c:> 

response Parameter CNII Ksat POR FCI WP OM POR FC2 WP OM Ksol Clay Silt Nsol Psol PTMN 
~ c:> 1 1 1 2 2 2 

Runoff H S S S S ).< S S S 
..... : ... i<:<:.:·. 

Detachment H S S S S <> S S S ·i>::.:· s S S .:.:: ...... ::. » < ..•..•...... 
Sediment Yield H S S S S •• :.:.:.< .. S S S </ S S S <i·.· : .........•.... : ........ : ....... 
Nitrogen Runoff H-V S H-V S S L S S S L-S I •• ·> » . .. / . :.: . \ . L 

Nitrogen in Sediment H S S S S i).//.· S S S I.: .. ::·:· S S S H .... > .•.. ........... 
Phosphorous in runoff V S S S S I· .• :: •. S SoH S . ::: ..... I:>::· i ... .. :. . ..... ... : ..... : . 

Phosphorous in sediment H S S S S /< S S S i/ .... · S S S ..: S :.:.: .•......... 
Percolation SoH S L-S L-S S L L-S S S L 1/ :> .: ... :: ..• > >' .. : ... 
Nitrate in percolation S S L-S S S S S SoH S S .. :.: .... > :.: .. . ........ . ..... : S 

Atrazine in runoff V SoH S S S SoH SoH SoH S :.~ 
I············· 

·:··i::.· .. ••· : ...... 

--
--Atrazine in sediment V s-v S S S H SoH S S i< S S S ...... 

Crop yield L L L L L L L S S S I·:::.·:.'··:'· .. :.' .. : ... : ..... : ...... . :..::: . L 

Classification criterion 

Symbol Classification Criterion Note: 
More than one 

L Low Sensitivity o <r~O.OI 
classification of a given 
response indicate that r 

S Sensitive 0.01 <r~0.5 has displayed high level 

H Highly Sensitive 0.5 <r~ 2 
of variation between the 
four studied management 

V Very Sensitive r>2 systems 

Tables E.l and 7.1 give the necessary infonnation regarding the parameters which 

must be accounted for in the computations of the quadratic covariance trajectory. The first 

and second order derivative of each model response with respect to the sensitive 

parameters must be identified. The next section of this chapter will depict the results of the 

response surface approximations of the first and second order derivatives of the twelve 

model responses. 
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vn.2.2 Approximation of Partial Derivatives 

The second computational step of the proposed QCTM involves the calculation of 

the gradient vector and the hessian matrix of each model response with respect to a vector 

of n parameters. It has been shown in section (IV.3.2B) that a minimum of 

N=O.5(n2+3n)+ 1 simultaneous observations ofthe parameter vector and the corresponding 

response must be available to perform the required regression. 

Brute force sampling of large parameter vectors can be prohibitive because of the 

large number of possible permutations that must be considered in order to cover the 

required multi-dimensional parameter space. Assuming that the available infOlmation 

about parameter uncertainty consist of the mean parameter vector fla and the covariance 

matrix r, random sampling techniques can be used to sample the required number of 

realizations of the parameter vectors from the multinormal distribution N(fla,I). It is 

important to view such sampling procedure only as an alternative to the computationally 

demanding brute force sampling. 

Ghosh et aI. (1987) developed an algorithm for generating random vectors from a 

multivariate normal distribution N(fla,I). Their algorithm utilizes Choleski's factorization 

of the positive definite covariance matrix to transform a vector of independent deviates 

which are distributed according to the univariate standard normal distribution into a vector 

of linearly dependent random deviates. This is attained through multiplying the former 

vector and the lower triangular matrix of the covariance decomposition. The resulting 

vector of deviates is distributed according to the multinormal distribution N(O,I). The last 
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step of the algorithm transforms the N[O,r] vector into the required N(J1a,I) simply by 

shifting the generated vector about the mean parameter vector J1a. 

The Ghosh et al. algorithm was modified to include an acceptance-rejection test 

for every sampled parameter vector. The test consists of several conditions that are 

imposed by the physical definitions of the considered parameters. For example, and in 

addition to the non-negativity condition, which was imposed on all parameters, conditions 

were imposed to ensure that the directional inequalities between the porosity, the field 

capacity and the wilting point of each soil layer remain valid. 

The modified algorithm was used to generate 300 random parameter vectors with 

the vector J1a and the covariance matrix r being obtained from Table D.2. Each generated 

vector consisted of nineteen parameters that include four curve numbers. For each 

management system, the corresponding parameter vectors were introduced to the 

modified GLEAMS model to produce three hundred realizations of the model response 

vector. Thereafter a linear response surface (LRS) was fitted to the each model response. 

The mathematical representation of the LRS approximation is 

where 
LRSk 

Sk 

vk 

G;; 

"k 

scalar linear approximation of the kith response, 
vector ofn01linear coefficients (i.e. first order sensitivities) 
regression constant. 
partial parameter vector n01, and 

(7.2) 

number of sensitive parameters (i.e. obtained from Table 7.1). 
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A quadratic response surface (QRS) was also fitted to the same response. The 

mathematical representation of the quadratic response surface approximation of a model 

response is given by 

(7.3) 

where 
QRSk scalar quadratic approximation of the k'th response, 
Hk matrix of n.;< nk quadratic coefficients 

(Le. second order sensitivities) 
bk vector of n.;<1 linear coefficients 
ck regression constant. 
~ partial parameter vector n.;<1, and 
11k number of sensitive parameters (i.e. obtained from Table 7.1). 

It has been shown in Chapter IV that (7.2) and (7.3) are linear in the regression 

coefficients Sk' Vk, Hk, bk and ck• Therefor, equations (4.31) through (4.40) can be used to 

identify the least square solution of both linear regressions. A FORTRAN code was 

written to perform the required computations which include inversion of large matrices. 

For the sake of brevity, only the goodness of fit measures associated with the two 

regressions will be presented. Table 7.2 gives the number of GLEAMS parameters, the 

number of LRS fitting parameters and the resulting R2 values with respect to each of the 

twelve model response and the four management systems. Table 7.3 lists similar quantities 

which represent the results ofthe QRS approximations. 

---"._---
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Table 7.2. Goodness of fit of the LRS approximation of twelve model responses. 

Number of parameters Degrees R2 
of 

GLEAMS LRS freedom Management systems 

Response Name nil. N,,=n,,+l 300-N" DD RT LT DD PT RT 

Runoff 8 9 291 0.919 0.734 0.895 0.797 

Detachment 11 12 288 0.923 0.767 0.901 0.818 

Sediment Yield 11 12 288 0.924 0.749 0.918 0.875 

Nitrogen Runoff 11 12 288 0.389 0.051 0.121 0.107 

Nitrogen in Sediment 12 13 287 0.916 0.883 0.906 0.925 

Phosphorous in runoff 8 9 291 0.827 0.577 0.824 0.621 

Phosphorous in sediment 12 13 287 0.918 0.906 0.902 0.935 

Percolation 10 11 289 0.453 0.196 0.326 0.285 

Nitrate in percolation 11 12 288 0.851 0.841 0.884 0.760 

Atrazine in runoff 9 10 290 0.838 0.643 0.844 0.730 

Atrazine in sediment 12 13 287 0.853 0.627 0.876 0.876 

Crop yield 11 12 288 0.285 0.197 0.294 0.366 

Table 7.3. Goodness of fit of the QRS approximation oftwelve model responses. 

Number of parameters Degrees R2 
of 

GLEAMS QRS freedom Management systems 

Response Name :1 
300-N" DD RT LT_DD PT_RT nil. N"=O.5(n,, +311J 

+1 

Runoff 8 45 255 0.991 0.922 0.985 0.962 

Detachment 11 78 222 0.991 0.932 0.983 0.968 

Sediment Yield 11 78 222 0.990 0.929 0.986 0.980 

Nitrogen Runoff 11 78 222 0.577 0.283 0.297 0.285 

Nitrogen in Sediment 12 91 209 0.991 0.973 0.991 0.991 

Phosphorous in runoff 8 45 255 0.976 0.874 0.977 0.920 

Phosphorous in sediment 12 91 209 0.993 0.977 0.990 0.992 

Percolation 10 66 234 0.7ll 0.557 0.639 0.607 

Nitrate in percolation 11 78 222 0.955 0.952 0.971 0.923 

Atrazine in nmoff 9 55 245 0.951 0.875 0.956 0.930 

Atrazine ill sediment 10 66 234 0.971 0.900 0.979 0.977 

Crop yield 11 78 222 0.634 0.582 0.616 0.679 
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By comparing the above two tables one can conclude that QRS provided better 

response surface fitting for all responses. The R2 values for both regression models were 

reasonably high, except for three responses. These are nitrogen in runoff, crop yield. and 

percolation. Reasons for the lower goodness of fit measures observed for latter responses 

can be inferred from Table E.l. For example, nitrogen in runoff displayed very high 

sensitivity levels to the parameter PORI (Table E.1.4) Such high sensitive could not be 

explained by the univariate quadratic response surface (notice that the sensitivity order 

identification symbol is U for the first and second management systems). The presence of 

discontinuities in the relationship between the response and the parameter is perhaps the 

primary reason for the low R7. values associated with the multivariate response surface 

approximations. With respect to crop yield, Table (E. 1. 12) indicates that although all of 

sensitivities to parameter variations were explained by the univariate quadratic regression 

equations (class Q), they remained at the lower end of the relative sensitivities scales (see 

Table 7.1). Consequently, the relative variations displayed by crop yield were not 

sufficient to obtain a good fit with respect to both multivariate regression methods. 

However, the R 2 values of crop yield and percolation response surfaces were substantially 

improved by utilizing the QRS approximation. Alas, relatively less improvements were 

detected for Nitrogen in runoff, which emphasis's the presence and the significance of the 

above mentioned discontinuities. 
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Vll.2.3 Linear and Quadratic Trajectories of Uncertainty 

A. Introduction and Principles 

Estimates of the first order partial derivatives (i. e. linear sensitivity vectors sJ and 

second order partial derivatives (i.e. the matrices HJ are used to obtain the linear and 

quadratic trajectories of a) the mean vector, b) the covariance matrix c) the standard 

deviations and d) the correlation coefficients of the twelve model responses for the studied 

management systems. The following discussion will compare each ofthe items (a, b, c and 

d) with the previously discussed actual trajectories. Only the statistical aspects of the 

comparisons will be provided in this chapter. Tabular listing of the actual, linear and 

quadratic trajectories of (a, b, c and d) can be found in Appendix F. 

A widely used predictive performance measure of simulation models is the 

coefficient of efficiency E f • According to Nash and Sutcliffe (1970) who were first to 

recommend the use of Erin hydrologic modeling, and Garrick et al. (1978), the coefficient 

is calculated by 

where 

n n 
L (01-1-10)2_L (01-PI)2 

Er= ;=1 n 1=1 

L (01-1-10)2 
1=1 

coefficient of efficiency, 
observed value of the i'th element of the vector, 
predicted value of the i'th element of the vector, 
mean value of the observations, and 
number of observation. 

(7.4) 
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A perfect resemblance between the observed and predicted value produces a value 

Ef = 1. A negative value of the coefficient indicates that using the predicted values 

introduces more ambiguity than simply using the mean value of the n observations. 

Unlike the mean value and the standard deviation of hydrologic and water quality 

variables, which are always positive quantities, the covariance and the correlation 

coefficient of a pair of variables can be a negative scalar as well as positive one. Therefore, 

the ability of any uncertainty analysis method to predict the signs of such quantities must 

be considered to be as important as its ability to predict their magnitudes. A measure of 

resemblance between individual observations and individual predictions that accounts for 

sign deviations is the relative estimation error (eJ which is calculated by: 

where 
relative estimation error of the i'th element ofa vector, 
observed value of the i'th element ofthe vector, and 
prediqted value of the i'th element of the vector. 

(7.5) 

Clearly, equation (7.5) is valid only when the values of all considered observations 

are different from zero, and then eRi= 0 indicates perfect fit between the i'th observed and 

predicted values. When -1 < eRi < 0, the predicted value is said to underestimate the 

magnitude of the observed. Similarly, when 0 < eRi , the prediction is said to overestimate 

the observation. Also, when eRi< -1, the observed and predicted values are of opposite 
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signs. Finally, when a set of eR values which are computed for two different models or 

estimation methods (say A and B) are plotted against each others in the Cartesian plane, 

the (1: 1) line indicates that methods A and B are identical with respect to their estimation 

error. Similarly, the (-1: 1) line indicates that the two methods produce the same magnitude 

of error but with opposite signs (i.e. overestimation v.s underestimation). Figure 7.1 is a 

schematic diagram of a region in the above described plane. The region is selected to 

exclude any prediction whose error magnitude exceeds the magnitude of the observed 

value. Clearly, the above mentioned lines divide the plane into four quadrants, two which 

include points where method A is better than method B. The other two include points 

where method B is better than A. 
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Figure 7.1. Comparing the relative estimation 
error of two different methods. 
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B. Mean Vectors 

The effects of uncertainties in soil related parameters on the expected values of the 

twelve selected model responses are propagated through the simulation model using the 

corresponding linear equation (i.e. equation 4.4) and the corresponding quadratic equation 

(i.e. equation 4.7). Table F.2 shows the results of the two trajectory methods together 

with the corresponding actual trajectories of the forty eight expected values. The actual 

trajectories are obtained from Table D.7. Seemingly, and by examining Table F.2 the 

quadratic trajectory method is revealed as the more successful of the two methods in 

propagating the effects of parameter uncertainties on the expected values of GLEAMS 

responses. The linear approximation provided better estimates for few responses. Some of 

which were associated with unidentifiable sensitivity orders (e.g. nitrogen in runoff, see 

Table E.1). 

Figure 7.2 compares the relative estimation error of the two methods. The figure 

emphasizes the advantage of the quadratic trajectory method since most points fell in the 

quadrant where the quadratic trajectory is considered better than the linear trajectory. 

Both methods were found to underestimate the expected values of some model responses 

while overestimating the expected values of others. However, the two methods displayed 

a considerably higher tendency toward the former behavior. One can also notice that the 

relative estimation errors were bounded within the reasonable error region (i.e. error 

magnitudes were always less than the magnitudes ofthe observed values). 

~-~-------~------
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Figure 7.2. Comparison between the performances of the linear and the 
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methods toward underestimating the expected values of model responses. 
Notice also that most of the points fell in the (quadratic is better than 
linear) quadrant and that eR values are bounded within the reasonable error 
region. (i.e. I eR I < 1) 
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Several statistics of eR which are computed for each management system and for 

the augmented sample (i.e. using data from all four management systems as a single set) 

are listed in Table 7.4. In this table, and thereafter, the coefficient of kurtosis, which 

measures the peakedness of the distribution of a random sample is calculated as 

Kurtosis 3, (7.6) 
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where in (7.6), x is the random variable, /lx is the mean value, O'x is the standard deviation 

and the number 3 is the ratio between the fourth central moment to the square of the 

second central moment of the normal distribution. According to Kendall (1960), flat 

distributions, which are "likely" to display ("(2 < 0) are called "platykurtic". Peaked 

distributions are "likely" to display ("(2 > 0) and are called "leptokurtic". Distributions that 

display ("(2 = 0 ) are called "mesokurtic". 

Table 7.4. Statistical analysis ofthe relative estimation error in mean value trajectories. 

Management DD RT LT_DD PT_RT ALL 
system c:::> 

Trajectory method c:::> 
L Q L Q L Q L Q L Q 

Statistics (k,r) .lJ. 

Sample size 12 12 12 12 12 12 12 12 48 48 

Minimum -0,437 -0.051 -0.949 -0.278 -0.552 -0.113 -0.943 -0.359 -0.949 -0.359 

Maximum 0.075 0.323 0.574 0.780 0.052 0.037 0.051 0.013 0.574 0.780 

Range 0.512 0.374 1.523 1.058 0.604 0.150 0.994 0.372 1.523 1.139 

Mean -0.177 0.021 -0.246 -0.011 -0.249 -0.034 -0.351 -0.132 -0.256 -0.039 

Standard deviation 0.177 0.100 0.416 0.267 0.196 0.043 0.318 0.115 0.290 0.161 

Skewness -0.142 2.537 -0.086 2.306 -0.092 -0.135 -0.695 -0.644 -0.431 2.675 

Kurtosis -1.126 5.230 0.049 4.798 -0.936 -0.765 -0.589 -0.388 1.199 12.884 

Median -0.183 -0.014 -0.231 -0.044 -0.242 -0.034 -0.289 -0.119 -0.230 -0.037 

Mean (abs) 0.197 0.050 0.351 0.151 0.258 0.042 0.360 0.136 0.291 0.095 

The mean values of the absolute relative estimation error (last row in the above 

table), which are computed to eliminate the effects of sign variation on the expected 

magnitude of the relative estimation error, are consistently lower for the quadratic 



222 

trajectory method than they are for the linear trajectory method. The values of the 

medians, means, standard deviations and ranges of the relative estimation error associated 

with all four management systems and with the augmented sample underscore the same 

above conclusion. As for the coefficients of kurtosis, the distributions of the relative 

estimation errors resulting from the quadratic propagation were either less platykurtic or 

more leptokurtic than their linear counterparts. However, because of the small sample size 

associated with the individual management systems, only the kurtosis coefficients of the 

augmented samples can be used with confidence. 

Finally, the size of the augmented sample allows one to graph and compare the 

frequency histograms and the box-whiskers plots of the relative estimation errors of the 

two studied methods. Figure 7.3 provides a visual evidence of validity of the quadratic 

trajectory method, as applied in this dissertation, as a powerful uncertainty analysis tool 

even for complex models such as the modified GLEAMS. In fact, in the commonly used 

linear trajectory method (equation 4.4), by assuming that the expected value of any model 

response can be approximated by the model's response evaluated at the mean parameter 

vector, ignores the effects of the associative dispersion of parameter uncertainties on the 

response's variation. The quadratic trajectory method (equation 4.7), accounts for these 

effects by considering the covatiance matrix of the parameter vector and the second order 

derivatives of the studied response. Accounting for these two factors was responsible for 

the 69.3% average reduction in the relative estimation error. 
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Figure 7.3. Frequency distributions and box-whiskers plots of the relative 
estimation errors in mean value trajectories. Notice the location of the 
peakedness associated with the quadratic trajectory's histogram. Both graphs 
A and B indicate that the quadratic approximation produced a highly 
leptokurtic distribution of the relative absolute error. Also notice the drastic 
improvement in the median values and the upper interquartile range as 
observed in Figure 7.3B. 
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C. Covariance Trajectories 

The quadratic covariance trajectory equation QCTM (i.e. equation 4.15), which 

was derived in Appendix C of this dissertation, was used to predict the covariance matrix 

of model responses for each of the four studied management systems. The commonly 

used linear covariance trajectory method LCTM (i.e. equation 4.10) was also used to 

predict the same covariance matrices. Table F.4 lists the results of both methods and the 

actual trajectories of the diagonal and below diagonal elements corresponding to eleven 

model responses. The table does not include the covariance elements associated with crop 

yield. This response was not considered in the covariance trajectory study mainly because 

of the lack of confidence in its correlation with most of the other responses (see section 

0.4 and Tables 0.17 through 0.20). 

A quick examination of Table F.4 shows that covariance values that were obtained 

using the QCTM are closer to the actual covariance trajectories than those estimated by 

the LCTM. However, the size of the list prohibits a comprehensive discussion of its 

content. Therefore, the data of above mentioned table will be used to obtain the relative 

estimation errors for each of the linear and quadratic entries. This will allow the two 

methods to be compared based on visual and statistical descriptions oftheir corresponding 

relative estimation errors. 

Figure 7.4 compares the relative estimation error of the two methods. Clearly, all 

of the QCTM's eR values fell within one of the two (QCTM is better than LCTM) 

quadrants. In fact, these points fell in a region of the plane where both methods are said to 
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consistently underestimate the actual covariance trajectories. Additionally, the relative 

estimation errors of both methods were bounded within the reasonable error region. The 

fact that none of the two methods was associated with a relative estimation error below 

(-1. 0) indicates that the two methods were quite successful in predicting the signs of the 

covariance between all pairs of studied responses. 
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Figure 7.4. Comparison between the perfOlmances of the linear and the 
quadratic covariance trajectories. Notice the persistence of underestimation 
behavior that is displayed by both methods. Notice also that all ofthe points 
fell in the (QCTM is better than LCTM) quadrant and that eR values are 
bounded within the reasonable error region. (Le. I eR I < 1). Both methods 
were successful in predicting the signs of the covariance elements. 
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There are two reasons for the persistence of underestimation in both methods. The 

first reason is related to the so called "normality assumption". Both methods assume that 

the distribution of parameter errors can be approximated by the multivariate normal 

distribution (see section C.4). Although a generalized quadratic trajectory equation, which 

does not require the validity of the above assumption, was derived in Appendix C of this 

dissertation, the assumption was imposed on the QCTM's application to maintain 

consistency with the LCTM's assumptions. The second reason for the persistence of 

underestimation of the actual covariance trajectories is related to the mathematical 

structure of Taylor's approximation of multiple response models (see section C.l). The 

first order approximation does not account for the relationships between two subsequent 

model responses. The quadratic approximation, although it considers the second order 

derivatives of model responses with respect to model parameters, its approximation of the 

relationships between two different model responses is implicitly linear. 

Statistical descriptions of the relative estimation errors in covariance trajectories 

are shown in Table 7.5. Because of the invariant sign of all elements of the eight samples 

(i.e. two methods and four systems), the table does not include the mean of the absolute 

values of eR • It can be seen while that the ranges of and the standard deviations of relative 

estimation errors are quite similar among the two methods, the mean values and the 

medians associated with the quadratic method are always less (in magnitudes) than their 

linear counterparts. This is also the case with respect to the augmented sample. As for the 

kurtosis coefficients, their values indicate the dominant platykurtic behavior of the eR's 
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distributions except for the quadratic approximation of the management system DD. 

Similar ranges, standard deviations and coefficients of kurtosis, when combined 

with different mean values and medians of two probability distributions indicate that a 

shifting effect may have taken place. By examining the frequency histograms and the 

box-whiskers of the augmented eR distributions (Figure 7.5) one can conclude that the 

QCTM has performed such shifting when compared with the LCTM. Clearly the 

direction of shifting indicates that using the former methods allows a substantially better 

approximation of the covariance matrix than using the latter. In general, an average 

reduction of34.5% in the magnitude of the relative estimation error was gained by using 

the quadratic approximation. 

Table 7.5. Statistical analysis of the relative estimation error in covariance trajectories. 

Management DD RT LT_DD PT_RT ALL 
system c:> 

Trajectory method c:> 
L Q L Q L Q L Q L Q 

Statistics (k,r) .0-

Sample size 66 66 66 66 66 66 66 66 264 264 

Minimum -0.743 -0.639 -0.941 -0.806 -0.830 -0.664 -0.897 -0.763 -0.941 -0.806 

Maximum -0.191 -0.055 -0.375 -0.043 -0.167 -0.038 -0.239 -0.033 -0.167 -0.033 

Range 0.552 0.585 0.567 0.763 0.663 0.626 0.657 0.730 0.775 0.773 

Mean -0.408 -0.212 -0.749 -0.517 -0.536 -0.368 -0.673 -0.493 -0.591 -0.397 

Standard deviation 0.139 0.132 0.152 0.191 0.165 0.162 0.154 0.170 0.201 0.204 

Skewness -0.449 -1.088 0.698 0.453 0.141 0.073 0.654 0.403 0.141 -0.071 

Kurtosis -0.522 0.947 -0.424 -0.614 -0.844 -1.005 -0.298 -0.713 -1.019 -1.083 

Median -0.405 -0.180 -0.791 -0.547 -0.543 -0.380 -0.702 -0.504 -0.603 -0.388 
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Figure 7.5. Frequency distributions and box-whiskers plots of the relative 
estimation errors in covariance trajectories. Notice above mentioned 
shifting of the distribution that is associated with the QCTM's histogram. 
Also notice improvement in the median value. Clearly, the upper 
interquantile ranges of both methods have similar magnitudes but are 
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D. Standard Deviations 

The most commonly used measure of uncertainty is the standard deviation. 

Propagated values of standard deviations of model responses were obtained by calculating 

the square roots of the diagonal elements of the above discussed covariance matrices. By 

definition, the diagonal elements of the covariance matrix are the variances of the 

individual random variables (some authors refer to the covariance matrix as the 

variance-covariance matrix). As for the crop yield response, linear and quadratic variance 

trajectories can be obtained by using equation (4.5) with respect to the former and 

equation (4.8) with respect to the latter. The square roots of propagated variances are 

then calculated and listed in Table P.3 for the actual, linearly propagated and quadratically 

propagated standard deviations corresponding to all four management systems. 

Because the standard deviations are calculated based on the diagonal elements of 

the corresponding covariance matrices, one expects their relative estimation errors to 

generally behave in a manner similar to what has been reported in the previous section. 

Figure 7.6 compares the eR values of the standard deviations computed based on the two 

types of covariance matrices. The statistical analysis of these errors is presented in Table 

7.6. It can be seen from the above mentioned figure as well as from the table that the 

quadratic trajectories of the standard deviations are associated with smaller magnitudes of 

eR than their linear counterparts. Howeve,:" the magnitudes of the average values, the 

standard deviations, the medians and the ranges of the relative estimation errors associated 

with both methods were lower than their counterparts from Table 7.4. There are two 
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factors that contribute to such an observation. These are a) the scaling effect of the square 

root calculation and b) errors are contributed by one response only (i.e. diagonal 

elements). In general, a 40.4% average reduction of relative estimation error was gained 

by computing the standard deviations based on the quadratic covariance trajectories. 
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Figure 7.6. Comparison between the performances of the linear and the 
quadratic trajectories of the standard deviation. Notice the persistence of 
underestimation that is displayed by both methods. Notice also that all of the 
points fell in the (quadratic is better than linear) quadrant and that eR values 
are bounded within the reasonable error region. (i.e. I eRI < 1). 
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Table 7.6. Statistical analysis of the relative estimation error in standard deviation. The 
trajectories are predicted based on the linear and the quadratic trajectories of the 
covariance matrix. 

Management DD RT LT_DD PT_RT ALL 
system c:> 

Trajectory method c:> 
L Q L Q L Q L Q L Q 

Statistics (k,r) .u. 
Sample size 12 12 12 12 12 12 12 12 48 48 

Minimum -0.670 -0.416 -0.769 -0.678 -0.655 -0.391 -0.662 -0.484 -0.769 -0.678 

Maximum -0.101 -0.028 -0.247 -0.078 -0.179 -0.061 -0.212 -0.122 -0.101 -0.028 

Range 0.567 0.388 0.522 0.600 0.476 0.330 0.450 0.363 0.668 0.650 

Mean -0.300 -0.152 -0.534 -0.332 -0.384 -0.234 -0.448 -0.288 -0.417 -0.251 

Standard deviation 0.173 0.136 0.201 0.201 0.170 0.122 0.160 0.128 0.192 0.160 

Skewness -0.696 -0.814 0.148 -0.441 -0.196 0.162 0.095 -0.157 -0.212 -0.585 

Kurtosis -0.338 -0.808 -1.643 -1.286 -1.465 -1.593 -1.252 -1.342 -1.112 -0.352 

Median -0.271 -0.094 -0.551 -0.262 -0.369 -0.267 -0.432 -0.279 -0.398 -0.241 

Comparison between the frequency histograms and the box-whisker plots of the 

augmented eR samples (see Figure 7.7) leads to the same conclusion as above. However, 

the box-whisker plots indicate that the quadratic method produced a narrower upper 

interquartile range than the linear method. This and the lower magnitude of the 

corresponding median can be attributed to the higher density at or near zero of quadratic 

eR distribution. In summary, quadratic uncertainty analysis, when properly formulated, can 

be a valuable and rather powerful tool for predicting the effects of uncertainties in 

parameter estimates on the uncertainties in model responses. 
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E. Correlation Coefficients 

Similar to the standard deviations of model response, the correlation coefficients 

between pairs of model responses are computed based on the two propagated covariance 

matrices. For each management system, equation (4.16) is used to transform the elements 

of the corresponding covariance matrix into correlation coefficients. It is important to 

mention that correlation coefficients between crop yield and other model responses are not 

computed for the reasons discussed in section (VII.2.3C). 

Because the diagonal elements of the correlation coefficient matrices are equal to 

unity by definitions. These elements will not be included in the eR analysis. Thus, the 

number of propagated coefficients which are compared to the actual coefficients (Tables 

D.lO, D.12, D.14 and D.16) reflects the number of below diagonal elements of such 

matrices. 

The eR values of the two methods are compared in Figure 7.8, which is quite 

different from the previous plots 7.2, 7.4 and 7.6 in several aspects. First, both trajectories 

display underestimation and overestimation of the actual correlation coefficients. Second, 

some the linear trajectory eR values the depart from the reasonable relative error region. 

Although these departures are observed only for points located at the overestimation 

quadrant of the plane, they represent a high level of ambiguity in prediction (eR > I). The 

fact that the relative estimation errors associated with both methods are bounded from the 

negative direction indicates that both methods are capable of predicting the signs of the 

correlation coefficients. This is consistent with, and in fact dependent on similar 

._--- ._-- -------
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observation regarding the covariance trajectories. Third, a sizable proportion, though not 

the majority of points in the graph fall within the (linear is better than quadratic) 

quadrants. Higher concentration of such points appears to have been associated with 

underestimation of the correlation coefficients, where the points were fairly close to the 

1: 1 line. 
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Figure 7.8. Comparison between the performances of the linear and the 
quadratic trajectories ofthe correlation coefficients. Notice the concentration 
of points about the (1: 1) line in the underestimation region and the departure 
of some of the linear predictions from the reasonable error region. Notice 
also that some points are located in the (linear is better than quadratic) 
quadrants and that the signs of the correlation were predicted correctly by 
both methods. 
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The above findings hinder the identification of a superior method by visual means. 

Quantitative analysis can provide the means for such identification. Table 7.7 encompasses 

the statistics of the relative estimation errors associated with each of the two methods. 

These statistics include the mean of the absolute relative error which is essential to identify 

the expected magnitude of the eR• Based on the previously established comparison 

criterion, the mean absolute errors, the ranges and standard deviations of the relative 

estimation errors associated with the quadratic trajectories are consistently less (in 

magnitudes) than their linear counterparts. A 29.1 % average reduction of the magnitude 

of eR can be observed from the last row of the table. 

Table 7.7. Statistical analysis of the relative estimation error in correlation coefficients. 

Management DD RT LT_DD PT_RT ALL 
system ¢ 

Trajectory method ¢ 
L Q L Q L Q L Q L Q 

Statistics (k,r) .(J. 

Sample size 55 55 55 55 55 55 55 55 220 220 

Minimum -0.290 -0.304 -0.677 -0.549 -0.221 -0.302 -0.536 -0.510 -0.677 -0.549 

Maximum 0.836 0.462 1.730 0.788 1.073 0.547 1.490 0.899 1.730 0.899 

Range 1.122 0.766 2.407 1.337 1.293 0.849 2.027 1.410 2.407 1.448 

Mean 0.159 0.062 0.112 0.012 0.178 0.049 0.067 0.001 0.129 0.031 

Standard deviation 0.295 0.204 0.464 0.291 0.320 0.209 0.421 0.335 0.381 0.265 

Skewness 0.709 0.509 1.253 0.331 0.971 0.593 1.270 1.009 1.099 0.618 

Kurtosis -0.879 -0.924 2.101 -0.088 -0.160 -0.125 1.949 0.816 1.838 0.687 

Median 0.023 0.009 0.012 -0.011 0.010 0.004 -0.001 -0.047 0.014 0.001 

Mean (abs) 0.227 0.158 0.335 0.226 0.239 0.155 0.290 0.234 0.273 0.194 

~~~~~---- _._--
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Figure 7.9. Frequency distributions and box-whiskers plots of the relative 
estimation errors in correlation coefficients. Notice the very similar 
properties of the two histograms. Also notice the narrower upper 
interquartile range that is associated with the quadratic approximation. 
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F. Probability of Better Performance and Efficiency of Methods 

To further evaluate the perfonnance of both uncertainty analysis approaches, the 

nubmer of times a method (A) is considered better than its competitor (B) is obtained by 

counting the number of times the absolute value of e/ is less than eR
B

, where the 

superscripts A and B indicate methd A and B respectively. This latter number is divided by 

the total number of elements in the sample (first row in Tables 7.4 through 7.7) to 

compute the frequencies shown in Figure 7.10. The figure provides additional testament in 

favor of the quadratic approach with respect to all of the discussed uncertainty measures. 

Additional to the above test, the Nash and Sutcliffe coefficient of efficiency is 

computed for all of the above studied uncertainty measures using equation (7.4). The 

values ofthe latter coefficients are illustrated in Figure 7.11. It is clear from the figure that 

the quadratic approximation has improved the predictive power of sensitivity based 

uncertainty analysis with respect to all of the studied uncertainty measures. In particular, 

the improvement can be considered most noticeable, as well as important, with respect to 

the covariance trajectories. It was for these trajectories that the Nash and Sutcliffe 

coefficients went from very low values to values that indicate reasonable and sometimes 

high predictive power. 
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Vll.2.4 Summary 

The previous sections described the intermediate and final results of the application 

of two multivariate second moment sensitivity based uncertainty analysis to the modified 

GLEAMS simulation model. These are, the linear trajectory method and the quadratic 

trajectory method. The two methods were used to predict the effects of uncertainty in 

several soil related parameters, as measured by the mean parameter vector and the 

covariance matrix of the parameters on the model's predictions of the expected values, 

covariance matrices, standard deviations and correlation coefficients of a suite of 

responses representing water quality decision criteria. 

Results of the above described experiments were compared with actual trajectories 

of the aforementioned quantities. The actual trajectories were obtained by using a sample 

of fifty soil series from similar soil texture and hydrologic soil group to identify fifty 

corresponding parameter vectors. The latter vectors provided the mean parameter vector 

and the parameter covariance matrix, both of which were propagated using the sensitivity 

based uncertainty analysis methods. Additionally, simulation runs based on the fifty 

samples produced fifty corresponding vectors of GLEAMS responses. The expected 

vector and the covariance matrix of the latter fifty vectors were considered to represent 

the actual trajectories. 

The results attested to the validity of using regression models to obtain the first 

and second order partial derivatives of complex multiple response models by means of 

response surface. Accurate evaluation of both types of derivatives is essential for 

---~------.-. -
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successful implementation of the proposed method which was called the QCTM 

approach. 

The actual and propagated trajectories of response vector uncertainties were 

computed for four management systems. And the relative estimation errors associated 

with the propagated uncertainty measures were obtained for both trajectory methods. 

Comparisons between these relative estimation errors were performed using a combination 

of qualitative visual and quantitative statistical approaches showed that the multivariate 

second order second moment uncertainty analysis for complex simulation models is not 

only possible, as it is proven in Appendix C, but it is also superior to the commonly used 

first order second moment uncertainty analysis. 



vrr.3 Decision Experiment 

VU.3.1 Introduction 
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To incorporate the infonnation about the effects of uncertainty in model responses 

within the structure of the WQDSS's decision component simulation runs from the fifty 

soil samples are used to obtain four different evaluations of each model response. The four 

points are selected to reflect the effects of uncertainties in the simulation parameter vector 

(a) on the evaluation of water quality decision criteria. For a given response Rji• where i is 

the response's number and j indicates the simulated management system. The first 

response evaluation represents the expected value of Rjj E[Rjj(a)] which is obtained from 

the fifty simulation runs, The second and the third evaluations are obtained by considering 

the uncertainty interval [E[Rjj(a)]-~j.E[Rjj(a)]+O"Rij] (see Chapter IV) where O"Rjj is the 

standard deviation of the studied response, also obtained from the fifty simulation runs. 

The fourth evaluation can be obtained simply by performing a simulation run at the 

expected parameter vector. This evaluation, which is denoted as Rjj(E[otD, represents the 

linear trajectory of the expected value of model response. In fact, Rjj(E[otD is commonly 

used as means to evaluate the effects of management activities on water quality decision 

ctiteria if calibration data was unavailable. If model calibration is feasible (see Chapter VI), 

a fifth response evaluation Rjj( a*) can be considered, where (a*) indicates the optimized 

parameter vector. 
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To maintain consistency with other developments of this dissertation, an 

interpretation of the location of Rij( a*) with respect to the uncertainty interval can be 

formalized by assuming that the uncertainty range is derived by means of sensitivity based 

uncertainty analysis (e.g. QCTM). An implication of this assumption is that a confidence 

level can not be assigned to the above range due to the inability of QCTM to infer the 

posterior distribution of Rij' Thus, the uncertainty range [E[Rjj(a)]-crRjj,E[Rjj(a)]+O'Rjj] can 

only be interpreted as a best possible estimate of the combined effects of model 

nonlinearities and parameter uncertainties on the level of probable variations of the studied 

response. Consequently, if the point Rij(a*) falls outside the interval, then our best 

estimate of the aforementioned effects has failed to locate a possible range of the state of 

nature. Figure 7.12a through 7.121 view the uncertainty ranges for the twelve GLEAMS 

responses. Because of the availability of data from the fifty soil series, the actual sample 

means and standard deviations of model responses are used to construct the graphs. It is 

clear that in most cases, Rjj(a*) fell within the uncertainty interval. The level and the 

direction of deviation between Rjj( a*) and Rjj(E[ a]) varied among management systems as 

weII as among the twelve responses. Nonetheless, these deviations were included within 

the uncertainty interval in most cases. The widest uncertainty ranges were associated with 

the management system DD. This is due to the larger runoff and sediment production 

associated with this type of tillage activities. 
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Figure 7.12. Uncertainty intervals of twelve GLEAMS responses. Notice the 
variability of the deviation among the four management systems in general, and 
with respect to erosion related responses particularly (log scales). 
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vn.3.2 Formulation of the Decision Malting Problem 

The objective of the decision making exercise is to obtain a preference ranking of 

the four management systems based on their effects on the a suite of selected decision 

criteria. The selected criteria include soil detachment, sediment yield, nitrogen in runoff, 

nitrogen in sediment, nitrate in percolation, phosphorous in runoff, phosphorous in 

sediment, Atrazine in runoff, Atrazine in sediment and crop yield. It is important to 

mention that crop yield is considered here as the sole representative of management 

profitability, the corresponding decision making problem, therefore accounts only for one 

of many aspects of farm management economics. 

Deep disking (DD) is selected as a baseline management system (see chapter IV). 

Initial parameterization of the ten scoring functions is performed based on the simulation 

results corresponding to the optimal parameter vector (see Chapter VI and Appendices A 

and D). First, a zero value lower threshold (a = 0 ) is applied unifonnly to all scoring 

functions. Second, the upper threshold parameter (c = maximum annual value), the 

baseline parameter (b = average annual value) and the slope at the baseline (s, see Figure 

5.1) of each scoring function are evaluated. The selected scoring functions represent the 

category (more is worse) except for the crop yield whose scoring function belongs to the 

more is better category. Third, a normalized slope (c/b) is computed for each scoring 

function. The vector of normalized slopes is sorted in descending order to obtain the initial 

importance order of the decision criteria. As mentioned in Chapters ill and V, the current 

implementation of the WQDSS's decision component does not make use of the 
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generalized solution with importance scale factors (see Appendix B). This implies that the 

scale factors corresponding to the above importance order assume a value of (1.0) for all 

decision criteria. 

To obtain scale factors and importance orders that account for the effects of 

uncertainty in evaluating the baseline management system, the method outlined in Section 

V.3 is applied to the regions defined by the uncertainty intervals. First, two regions are 

identified for each scoring function. These regions are the Total Uncertainty Region 

(TUR) and the Informed Uncertainty Region (IUR)(see Figures 5.1 and 5.2 respectively). 

Next, the areas defined by each IUR region are obtained through numerical integration of 

equation (5.19) or (5.18) based on the category of the corresponding scoring function. 

Then, a vector of Scoring Ambiguity Ratios (SAR) which represent the ratios (IURITUR) 

is computed and the inequality (5.20) is validated for each SAR value. Hence, the decision 

criteria can be ordered based on their corresponding SAR values under two different 

strategies. This is attained by considering inequality (5.21) to assign importance orders 

proportional to uncertainty, and (5.22) for assigning importance proportional to 

confidence. Finally, the scale factors corresponding to each importance order are 

calculated using (5.24). The TUR, IUR and SAR values are listed in Table 7.8. The three 

importance orders and the computed scale factors are listed in Table 7.9. 



Table 7.8. Total and Informed Uncertainty Regions based on the 
management system DD. 

UNCERTAINTY REGION 
DECISION CRITERION TUR IUR SAR 

Detaclunent 120.892 31.836 0.263 

Sediment Yield 87.910 24.484 0.279 

Nitrogen Runoff 10.518 4.507 0.429 

Nitrogen in Sediment 128.154 64.390 0.502 

Phosphorous in runoff 1.185 0.865 0.730 

Phosphorous in sediment 64.077 31.047 0.485 

Nitrate in percolation 30.671 10.467 0.341 

Atrazine in runoff 79.960 35.251 0.441 

Atrazine in sediment 11.665 5.640 0.483 

Crop yield 8.664 1.745 0.201 

Table 7.9. Three importance orders of water quality decision criteria. 
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INTI1AL BASED ON UNCERTAINTY BASED ON CONFIDENCE 
ORDER Criterion Scale Criterion Scale Criterion Scale 

Factor Factor Factor 
s 

I Atrazine in sediment 1.000 Phosphorous in runoff 1.000 Crop yield 1.000 

2 Atrazine in runoff 1.000 Nitrogen in Sediment 2.209 Detachment 1.634 

3 Nitrate in percolation 1.000 Phosphorous in sediment 2.166 Sediment Yield 1.670 

4 Detachment 1.000 Atrazine in sediment 2.164 Nitrate in percolation 1.821 

5 Sediment Yield 1.000 Atrazine in runoff 2.061 Nitrogen in Runoff 2.031 

6 Phosphorous in runoff 1.000 Nitrogen in Runoff 2.031 Atrazine in runoff 2.061 

7 Crop yield 1.000 Nitrate in percolation 1.821 Atrazine in sediment 2.164 

8 Nitrogen in Runoff 1.000 Sediment Yield 1.670 Phosphorous in sediment 2.166 

9 Phosphorous in sediment l.OaO Detachment l.634 Nitrogen in Sediment 2.209 

10 Nitrogen in Sediment 1.000 Crop yield 1.485 Phosphorous in runoff 2.758 
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To compare the effects oflack of calibration data on the decision recommendation, 

preference ranking of the four systems is obtained based on R(a*) and R(E[a]). In each 

case, only the value of the baseline parameter of the scoring function is substituted by the 

average annual prediction of the corresponding decision criterion representing the 

management system DD. Upper and lower thresholds and slopes at the baseline are 

retained at their initial values. 

The four ranking methods outlined in section V.2 can now be applied in 

conjunction with the annual predictions of the decision criteria to obtain four different 

ranking vectors. Each ranking method is based on the point at which averaging of the data 

takes place with respect to three decision subprocesses. As defined in the above mentioned 

section, the three decision subprocesses are conversion, aggregation and ranking. 

VII.3.3 Results and Discussion 

Considering the four ranking methods, two simulation scenarios and the three 

importance orders yield twenty four different ranking vectors. Table 7.10 lists the results 

of such twenty four decision experiments. The frequency plots and the best.worst graphs 

are shown in Figures 7.13 through 7.18 Each of the figures represents one of the three 

importance orders. The first three illustrate the frequency based ranking method and the 

last three contain the results of the three averaging based methods. 
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Table 7.10. Summary of ranking vectors resulting from four ranking methods, two 
simulation scenarios and three importance orders. 

Preference ranking bnsed on 
Simulation scenario 

At optimal parameter vector At mean parameter vector 
R(a*) R(E[a)) 

Importance order of decision Importance order of decision 
criteria criteria 

Rank Initial Uncertainty Confidence Initial Uncertainty Confidence 

Freguen~ of annual ranks: 1 RT RT PT_RT PT_RT PT_RT PT_RT 
Conversion : every year 

2 PT_RT PT_RT RT RT RT RT Aggregation : every year 
Ranking : every year 3 LT_DD LT_DD LT_DD LT_DD LT_DD LT_DD 
NO AVERAGING 

4 DD DD DD DD DD DD 

Average annual DC values: 1 PT_RT RT RT PT_RT PT_RT PT_RT 
Averaging over 30 years 

2 RT PT_RT PT_RT LT_DD RT RT Conversion : of averages 
Aggeregation : once 3 LT_DD LT_DD LT_DD RT LT_DD LT_DD 
Ranking : once 

4 DD DD DD DD DD DD 

Average annual scores: 1 RT RT PT_RT PT_RT PT_RT PT_RT 
Conversion : every year 

2 PT_RT PT_RT RT RT RT RT Averaging over 30 years 
Aggregation : once 3 LT_DD LT_DD DD LT_DD LT_DD LT_DD 
Ranking : once 

4 DD DD LT_DD DD DD DD 

Average annual best worst: 1 RT RT PT_RT PT_RT PT_RT PT_RT 
Conversion : every year 

2 PT_RT PT_RT RT RT RT RT 
Aggregation : every year 
Averaging over 30 years 3 LT_DD LT_DD DD LT_DD LT_DD LT_DD 
Ranking : once 

4 DD DD LT_DD DD DD DD 
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Figure 7.13. Frequencies of annual ranking based on the 
initial importance order. 
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(a) Simulation at optimal parameter vector 
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Figure 7.14. Frequencies of annual ranking based on 
assigning importance order proportional to uncertainty. 

251 



(II) Simulation at optimnl paromcter vector 
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Figure 7.15. Frequencies of annual ranking based on 
assigning importance order proportional to confidence. 
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Figure 7.16. Effects of varying the point of data averaging on the 
best and worst composite scores based on the initial importance 
order. Notice the slightly higher sensitivity of the worst composite 
score to the point of averaging, and the presence of best and worst 
scores that are different from 0.5 for the baseline system (i.e. DD). 
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Figure 7.17. Effects of varying the point of data averaging on the 
best and worst composite scores based on assigning importance 
proportional to uncertainty. Notice the slightly higher sensitivity of 
the composite scores displayed by the results from simulation at 
the optimal parameter (Figures a, c, and e). 
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Figure 7.l8. Effects of varying the point of data averaging on the 
best and worst composite scores based on assigning importance 
proportional to confidence. Notice the large shifting of both 
composite scores as compared to Figures 7.17 and 7.18. 
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Table 7.10 indicates that it was easier to identify inferior management systems than 

to select a definite ranking vector. This is indicated by the persistent, yet not absolute 

occurrence of the management system DD at the fourth rank and the system L T _ DD at 

the third rank. As for the selection of a best management system, the two competing 

systems RT and PT_RT exchanged ranks several times when the decision 

recommendations were based on simulation at optimal parameter vector. On the other 

hand, PT_RT seemed to occupy the first rank whenever the decision was based on the 

simulation using the mean parameter vector. 

The effects of the three importance orders and their corresponding scale factors on 

the values of the best and worst composite scores can be identified by comparing the 

composite score graphs for each of the three averaging based ranking methods (i.e. same 

letters in Figures 7.16,7.17 and 7.18). By comparing Figures 7.16a, 7.17a and 7.18a, it can 

be seen that the narrowest composite score ranges for each management system were 

obtained by assigning importance orders proportional to uncertainty. The widest ranges 

were obtained for the opposite case. Similar observations can be made with respect to the 

other two averaging based ranking methods. From the conceptual point of view, assigning 

importance orders based on uncertainty is likely to place those decision criteria which 

display higher relative sensitivities with respect to the most dominant simulation 

parameters at the forefront of the priority order. 

The effects of the three importance orders on the sensitivity of decision 

recommendation to the four ranking methods can be identified by examining the variability 
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of ranking vectors for each importance order and simulation scenario. From Table 7.10, it 

is clear that the vectors obtained for the initial importance order were sensitive to the 

ranking method in both simulation scenarios. The only importance order that produced the 

same ranking vector for all four methods, and with respect to each simulation scenario 

was the uncertainty importance order. The confidence importance order produced variable 

ranking vectors for the simulations at the optimal parameter vector and a constant vector 

for the simulations at the mean values of GLEAMS soil related parameters. 

Another facet of the above results is the comparison between the four ranking 

methods independently of the imposed importance order. In fact, utilizing all four methods 

allow decision makers to realize several benefits. However, the frequency based method is 

perhaps the most informative when used for a reasonably long simulations. The method 

allows the decision maker to evaluate the effects of the annual variation of the 

climatologic processes on the results of a decision making problem. These variations may 

include extreme events under which the management systems respond differently. 

Additionally, the method can provide convincing and conclusive ranking vectors when 

discerning between two closely competing systems can be obtained from the averaging 

based methods. For example, consider the simulation at the optimal parameter vector. One 

can notice that independent of the priority order, the management systems RT and PT_RT 

displayed very competitive behavior when the averaging based methods were used to 

compute the best and worst composite scores. In most cases, the differences between the 

average best worst composite score where hardly noticeable and perhaps insignificant. 

~-~------. --
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However, by examining the frequency plots corresponding to our example, which are 

found in Figures 7.13.a., 7.14.a. and 7.15.a a more decisive distinction between the two 

systems can be made for each of the three importance order. 

The WQDSS's currently implemented ranking method, which is based on scoring 

the average annual values of decision criteria can be very useful in identifying a set of 

inferior or non-inferior alternatives, this is especially important when the decision making 

problem involves a large number of potential management systems. Under such 

conditions, the frequency based method may yield identical frequencies for the two 

systems, or identical frequencies of the same system occurring at several possible ranks. 

The above discussion exemplifies the benefits of considering more than one 

ranking method when the decision making problem includes closely competing 

alternatives. Decision makers can gain different perspectives by using all of the above 

methods. 
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Vll.4. Summary and Remarks 

This chapter addressed two main objectives. The first objective was to introduce 

the results corresponding to the application of the proposed QCTM to the modified 

GLEAMS model. The presented results included two levels, an intermediate level and a 

final level. Intermediate results are those pertaining to the a) the sensitivity order 

identification stage of twelve model responses and b) response surface approximations of 

the first and second order partial derivatives of the above mentioned responses with 

respect to sixteen soil related model parameters. Final results are those which represent 

comparisons between errors associated with the linear and the quadratic trajectories of 

four uncertainty measures that include mean vectors, covariance matrices, standard 

deviations and correlation coefficients of the twelve studied responses. The above 

mentioned errors are computed as the deviations between the propagated values of 

uncertainty measures and the uncertainty measures resulting from simulation runs utilizing 

a sample of fifty soil series of similar texture and hydrologic group. 

Another objective of the chapter was to present the results of a decision 

experiment that consists of applying the expectation operator at different locations within 

the decision making sub-process. The experiment also includes ranking management 

systems under three different importance orders and two simulation scenarios. 

Given the presented results and their subsequent discussions, the findings of tillS 

chapter can be separated under three major categories representing results pertaining to 

(a) validation of the modified GLEAMS model, (b) application of multiple response 
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uncertainty analysis to the latter model and (c) incorporating information about 

uncertainty within the structure of the WDQSS's decision component. First, with respect 

to the modified GLEAMS simulation model and based on the two parameter 

identification methods that were studied, the findings of the most important findings of 

the chapter can be summarized in two major issues. These are 

1. Given actual soil samples from the study site, the modified GLEAMS reproduced 

the historical average annual values of runoff, sediment yield and crop yield with 

minor parameter adjustments. Model predictions of the annual series tended to 

overestimate lower values while underestimating higher values. However, the 

versatility of the modified GLEAMS model was demonstrated through the ability 

to reproduce the historical average annual values corresponding to four different 

management systems that represent varying tillage and structural activities. 

2. During the initial sensitivity order identification stage, it was found that most of the 

studied model responses displayed higher sensitivity to the SCS curve number 

parameter than to other soil related parameters. However, univariate relationships 

between few of the studied responses and soil related parameters displayed some 

discontinuities. These discontinuities were most pronounced with respect to the 

relationship between nitrogen concentration in runoff and the porosity of the upper 

soil profile. 
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Second, based on the intermediate and the final results of applying and comparing 

the proposed Quadratic Covariance Trajectory Method (QCTM) with the commonly used 

Linear Covariance Trajectory Method (LCTM), the following remarks can de pointed: 

1. The proposed univariate sensitivity order identification was successful in utilizing a 

simple univariate brute force linear sensitivity analysis to obtain qualitative 

information regarding model nonlinearities and discontinuities. 

2. It was also found during the univariate sensitivity order identification stage that the 

validity of the linear assumption can still be challenged even when small 

perturbations of model parameters lead to relatively small perturbations in model 

responses (see Table E.1). TIllS is demonstrated by the deterioration of the linear 

hypothesis within the range defined by one standard deviation from the mean 

parameter value. 

3. Utilizing response surface regressions provided a reasonable alternative for 

estimating the first and second order partial derivatives of model responses. The 

method elinlinates difficulties that are commonly encountered with the finite 

difference approximation of the above mentioned derivatives. However, care must 

be exercised to ensure the continuity of the studied model responses with respect 

to the perturbed parameters throughout the parameter perturbation regions. It is 



262 

important to isolate such discontinuities prior to performing analytical uncertainty 

analysis for they pose considerable challenge the validity of the underlying 

hypotheses of analytical uncertainty analysis which are continuity and first and 

second order differentiability of model responses at the immediate neighborhood of 

the mean parameter vector. 

4. Utilizing aggregate measures of errors such as the coefficient of efficiency together 

with statistical analysis of the relative estimation error associated with individual 

predictions can greatly improve the ability to compare two or more proposed 

methods. This is due to the difference between the type of information yielded by 

each measure of error. 

5. Comparison between the QCTM and LCTM indicated that QCTM, as applied in 

this dissertation, was the superior analytical uncertainty analysis approach when 

compared to the commonly used LCTM. The superiority of QCTM was strongly 

demonstrated by the coefficients of efficiency as well as the statistical analysis of 

the relative estimation errors of the mean vector, the covariance matrix, the vector 

of standard deviations and the correlation coefficients of the studied model 

responses. 
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Third, based on the results of comparing three different importance orders of 

decision criteria, four different ranking methods and two simulation scenarios, the 

following comments are reached regarding the decision component of the WQDSS: 

1. The proposed method of assigning importance order and scale factors proportional 

to uncertainty was successful in producing a robust ranking vector that was 

insensitive to the ranking method for each of the two simulation scenarios. Further 

testing of the method is necessary before a full assessment of its potentials can be 

reached. 

2. Decision making based on simulations at the mean parameter vector was 

successful in reproducing one of the two most probable ranking vectors which 

were obtained based on simulation runs at the optimal parameter vector. 

3. The combination of the frequency based ranking method and the ranking method 

which is based on scoring the average annual values of decision criteria was 

sufficient to identity a best management system. Using more than one ranking 

method is recommended when two systems display highly competitive best and 

worst composite scores. 



CHAPTERvm 

CONTRIBUTIONS, LIMITATIONS, RECOMMENDATIONS AND 

CONCLUSION 

VDI.l Contributions 
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This research has responded to the need for developing an uncertainty analysis 

framework that is applicable to multiple criteria decision making with embedded 

simulation models. The USDA-ARS Water Quality Decision Support System, which 

combines complex natural resource simulation models and modem multiple criteria 

decision theory provided an ideal environment for extending the theoretical contributions 

of this dissertation into an applied framework. Contributions of this dissertation are with 

respect to analytical uncertainty analysis, and multiple criteria decision making. 

VDI.l.l Analytical Uncertainty Analysis 

Certainly, response multiplicity, model complexity and model nonlinearity are all 

common characteristics of natural resource simulation models. When these models provide 

the input to multiple criteria decision making models, the acknowledgment of the effects 

of their characteristics on the propagation of uncertainty is a paramount prerequisite to the 

development of any corresponding uncertainty analysis methodology. Accordingly, a main 
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objective of this dissertation was to generalize the second order second moment error 

propagation formalism from its current state (i.e., variance propagation) to address 

uncertainty analysis for multiple responses (i.e., covariance propagation). The significance 

of this contribution is due to the following factors: 

1. The developed second order equation allows researchers to obtain a more accurate 

representation of model nonlinearities. Hence, a better estimate of the covariance 

matrix of model responses is attainable. This is an important factor in uncertainty 

analysis, especially when some of the studied responses are also input to subsequent 

processes, a likely possibility in most natural resource models. Under such 

circumstances, first order sensitivity indices do not describe the sensitivities of the 

secondary processes to simultaneous perturbations in two parameters, one of which 

affects the primary process, and the second of which affects the secondary process. 

The latter issue is better resolved using second order analysis. 

2. The validity of the linear assumption, as imposed by first order analysis, can 

deteriorate when relatively small perturbations of model parameters produce relatively 

large perturbations in model responses. In contrast, the validity of the quadratic 

assumption generally holds for a wider range of response perturbations and 

encompasses both higher and lower relative response sensitivities. Thus, the developed 

second order approximation represents a valuable tool for simultaneous analysis of 
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multiple responses that may differ in the magnitudes of their relative sensitivities to 

parameter perturbations. 

3. The developed second order equation simultaneously accounts for the effects of 

(a) the expected ranges of parameter inter-relationships as represented by the 

parameter covariance matrix and (b) model nonlinearities as represented by the second 

order sensitivity indices on the expected range of inter-relationships between model 

responses. The ability to quantifY the last type of inter-relationships provides 

researchers with the tool required to assess the effects of calibrating a model with 

respect to a given response on the expected variations of the remaining responses. This 

can reduce the level of ambiguity associated with the identification of multiple 

response models. 

In summary, there are three benefits of the availability of second order uncertainty 

analysis for multiple responses, which was demonstrated to be superior to its first order 

counterpart. The first benefit is the extension of the applicability of analytical uncertainty 

analysis to a wider class of simulation models. The second benefit is the ability to obtain 

more accurate estimate of the covariance matrix. The third benefit is the ability to account 

for model nonlinearities. 

Since the WQDSS's simulation component is a representative of complex, 
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nonlinear and mUltiple response natural resource simulation models, second order analysis 

was applied to propagate uncertainties associated with sixteen soil related parameters to 

estimate the covariance matrix, and other moments, of twelve model responses. The 

application was preceded by the development of an applied framework for analytical 

uncertainty analysis. The framework consisted of three stages that aim to identifY model 

nonlinearities, isolate discontinuities, and to simplifY the computational efforts associated 

with accurate estimation of the first and the second order sensitivity indices. As mentioned 

before, the results of comparing the first and second order approximations attested to the 

superiority of the developed equation as an analytical uncertainty analysis method. 

vm.1.2 Multiple Criteria Decision Malting 

The contributions to mUltiple criteria decision theory are directly related to the 

decision component of the WQDSS. They include the following developments: 

1. A generalized definition of composite scores was formulated. The definition 

extends the applicability of the closed form solutions developed by Yakowitz et al. 

(1993) for the best and worst composite scores linear programs in order to account for 

the more general case of unequal importance scale factors which differ from unity. The 

definition, and its corresponding mathematical theorem, allow decision makers to 

specifY a vector of quantitative bounds on the relative importance of decision criteria 

without increasing the computational demand of the solution algorithm. Such bounds, 
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although quantitative, differ in their concept as well as in their functionality from 

subjective weighting vectors, which are commonly used in multiple criteria decision 

making. The distinction between criteria scale factors and weighting vectors is 

inherent in the structure of the original optimization problem, and it is applicable to the 

generalized closed form solution. The main benefit of this development is the reduction 

of the level of subjectivity associated with multiple criteria decision without affecting 

the ability to consider cardinal as well as ordinal importance measures. 

2. An integrated approach for incorporating information about uncertainty in model 

evaluation of the baseline management system within the structure of the WQDSS's 

decision component was developed. The approach utilizes analytically propagated, or 

record based uncertainty ranges, to identify two different importance orders and their 

associated quantitative scale factors. Each of the two orders assigns importance by 

comparing the sensitivities of the scoring functions to uncertainties associated with 

their corresponding decision criterion. By selecting either one of the two importance 

orders and the resulting quantitative scale factors, decision makers can attain further 

reduction of subjectivity. 

VIll.2. Limitations 

The two main limitations of second order uncertainty analysis of multiple response 

models are related to (a) the validity of the quadratic hypothesis and (b) the availability of 

a large sample of model parameters. 
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As for the first limitation, the underlying assumptions of second order uncertainty 

analysis require that each of the studied responses be approximated by a continuous first 

and second order differentiable function within the neighborhood of the mean parameter 

vector. This represents an added constraint when compared to the first order analysis, 

which requires only the validity of the continuity and the first order differentiability 

assumptions. To avoid ambiguous results, the limitation must be addressed by examining 

the goodness of fit of the quadratic response surface approximation prior to performing a 

formal second order analysis particularly when the studied parameter vector includes 

threshold parameters. Procedures similar to those described in Chapter IV of this 

dissertation are recommended for this purpose. 

The second limitation of the second order analysis is shared by sensitivity based 

uncertainty analysis as well as random sampling uncertainty analysis. Concerning second 

order uncertainty analysis, a larger sample of parameter vectors allows the computation of 

the third and fourth moments of parameter errors with higher confidence. As indicated in 

Appendix (C), the availability of the latter two moments allows the relaxation of the 

normality assumption, which leads to the applicability of the generalized covariance 

propagation equation developed in the aforementioned appendix. In all cases, assessment 

of the confidence limits about the correlation coefficients of model parameters is highly 

recommended. 
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Regarding the limitations of the proposed method of incorporating uncertainty 

within the structure of the WQDSS's decision component, the main limitation of the total 

uncertainty region, the informed uncertainty region and the scoring ambiguity ratio 

concepts is in that they account for contributions of uncertainty in evaluating the baseline 

management system only. However, similar concepts can be developed to account for 

uncertainties in evaluating the remaining management systems. 

VIII.3 Recommendations 

Two types of recommendations can be advanced based on the results of several 

illustrative examples and the results of the case study. The first type addresses potentials 

for future research pertaining to the theory of error analysis in complex models. The 

second type involves possible improvements of the WQDSS simulation and decision 

components. First, Regarding potentials for research concerning the theory of error 

analysis for complex multiple response models, this dissertation has indicated the need for 

further research in four major directions. 

1. The first direction involves applying second order analysis to model identification 

problems. Research topics in that direction are likely to concentrate on utilizing the 

approach to evaluate the impacts of input uncertainties on the uncertainty in the 

optimized parameter vector. Of special interest, is parameter identification for 

multiple response models. The developed methodology provides a potentially 
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powerful tool for estimating the effects of input uncertainty on several components of 

an objective function that represents all responses. 

2. A second research direction is needed to assess the effects ofthreshold parameters, 

and response discontinuities on the reliability of the second order uncertainty analysis. 

Such efforts may also include extending the univariate sensitivity order identification 

methods, which were presented herein, to account for several parameters at a time. 

These efforts can improve the ability to assess model nonlinearities as well as its 

discontinuities. The efforts will lead to the development of a method for isolating a 

multivariate validity region of the quadratic assumption. 

3. A third research direction must concentrate on issues related to the calibration of 

process based models. A likely topic is testing the validity of using models that are 

calibrated with respect to a suite of primary watershed processes in order to predict 

other secondary watershed processes. Research in this direction will answer several 

important questions regarding the practical applicability of process based models to 

decision making problems. 

4. A fourth research direction involves investigating the benefits gained by combining 

more than one measure of prediction error to compare the performances of two or 

more candidate simulation models. The need for this research was demonstrated by 
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the failure of the model efficiency measure to deliver the amount of information that 

was provided by a statistical analysis of the relative estimation errors associated with 

individual predictions. 

Second, based on the results of the various decision making experiments, and 

considering the limitation of the proposed method for incorporating uncertainty 

information, the following recommendations are advanced regarding possible 

improvements of the WQDSS's decision component. 

1. Incorporating the generalized closed form solution with quantitative scale factors 

will bestow the decision component with added versatility. This is due to the improved 

ability to consider not only the ordinal ranking of decision criteria but also quantitative 

measures of their relative importance as well. 

2. It is also recommended that the frequency based ranking scheme be incorporated 

within the decision making process. This enhances the decision maker's ability to 

discern between alternatives that display a high degree of competitiveness with respect 

to the three averaging based ranking schemes discussed in Chapters V and VII of this 

dissertation. 

3. The proposed method of incorporating uncertainty information within the structure 
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of the decision component can be extended to account for the effects of uncertainties 

associated with all management systems. A possible approach can be constructed by 

allowing all management systems to exchange the baseline position within a frequency 

based framework. 

Finally, Regarding the potentials for improving the simulation component of the 

WQDSS, this dissertation recommends that the following issues be addressed. 

1. The WQDSS parameter editor and data base can be linked to the SCS soil data 

base. Such linkage allow better parameterization of the simulation model, especially 

when the studied site lacks site specific record that can be used for calibration 

purposes. Using the soil data base, decision analyst will be able to construct a 

statistical sample of the soil related parameters, which permits the construction of a 

statistical sample of model responses. However, it is important to identifY the 

distinguishing characteristics of the study site, even in the broader sense, so that the 

most descriptive ensemble can be obtained from the data base. 

2. Because most model responses displayed high sensitivity to the curve number 

parameter, and because of the absence of modern land management systems from the 

handbook tabulations of the latter parameter, the WQDSS simulation component can 

benefit by incorporating procedures for CNI! identification. An example of these 
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procedures, which account for the effects of tillage activities, soil properties and 

climate conditions on the CNII parameter, is outlined in Chapter VI of tlus 

dissertation. It is hoped that by implementing this or similar procedures, better 

identification of the above parameter is possible. Hence, the ability to predict the 

effects of land management activities on water quality using the modified GLEAMS 

model will improve. 

3. Similarly, the applicability of the developed equations relating the nitrogen content, 

and potentially ntineralizable nitrogen to other soil properties can be further 

investigated. Incorporating validated versions of the relationships in the editor 

improves the ability to estimate the two parameters, which are rarely measured. 

4. Detailed validation analysis of the nutrient simulation component is highly 

recommended. The main benefit of the analysis will be in isolating the source(s) of 

discontinuities in model predictions of nitrogen loading, which were observed during 

the univariate sensitivity order identification stage. 
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VID.4 Conclusion 

As the number of competitive concepts and approaches to natural resource 

management grows, parallel developments pertinent to multiple criteria decision making 

under uncertainty become more essential. Certainly, an ideal environment for such 

development is provided by decision support systems with embedded simulation models. 

Increasing reliance on these systems for natural resource management will depend on their 

ability to account for uncertainties in evaluating management practices. Whereas this 

dissertation has addressed prediction uncertainties in a manner that is applicable to a wide 

range of simulation models, methods of incorporating uncertainties within the structure of 

the decision making problem were specific to the USDA-ARS Water Quality Decision 

Support System. 

Uncertainty analysis for multiple response, complex, and nonlinear natural resource 

simulation models requires methods other than the classical first order approach. This 

dissertation has provided an analytical tool that may be suitable for that task. Yet, proper 

use of the developed second order uncertainty analysis for mUltiple responses, which has 

demonstrated its superiority to the first order analysis, requires more efforts on the 

analyst's part. The decision to apply one method or another to a particular simulation 

model must be based on several factors. Paramount amongst these factors are the type of 

studied model, the required level of analysis accuracy and the availability of data. 
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APPENDIX A 

A.1 Scoring Functions 

Lane (1991) suggested using a suite of twelve scoring functions designed by 

Wymore (1988) as means to transform decision criteria from their incommensurable 

dimensional domains into a unitIess [0,1] domain. Such transformation allows decision 

makers to obtain an abstract composite and quantitative measure of the performance of 

each management alternative. Accordingly, management alternatives could be amongst 

each others in lieu with a multitude of criteria. 

The twelve scoring functions bear two main advantages to other utility 

transformation functions. First, they are flexible in the sense that each can be easily 

designed by decision analyst to reflect the narrowness or width of the preferable values of 

its corresponding decision criterion. The second advantage of the above mentioned 

functions is related to the diversity of their shapes and the sensitivity of the graphs 

associated with the aforementioned shapes to simple adjustments of few parameters. 

According to Wymore, (1988), the first scoring function (hereafter referred to as 

SSF1) provides the generic building material of the remaining eleven functions. Tllis is 

attained by imposing series of reflections and compositions about selected points 

representing preference threshold parameters on the generic function SSF!. These 

reflections and compositions operations produce four main categories of functions which 
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were subsequently identified by Yakowitz et al. (1992). These categories are a) more is 

better, b) more is worse, c) desirable range, and d) undesirable range. 

Although all scoring functions are variations of SSF1, the number and meaning of 

the parameters involved in constructing any scoring function vary from one function to 

another. Furthermore, the original definition of the twelve scoring functions is based on 

hierarchical structure such that one function is composed of several others. It is the 

opinion of the author that a better understanding of the construction of the 

aforementioned functions is achieved by introducing the concept of generic scoring 

element. A Generic Scoring Element (GSE) has three parameters and a single independent 

variable. The sole purpose of the above element is to transform the independent variable 

into the [0,1] domain according to a set of rules that reflect decision making preferences. 

Composite graphs can be generated to indicate several ranges of preferences. 

Key to the construction of the GSE for a given range of a decision criterion is the 

definition of a baseline parameter B. A baseline parameter defines a value on the decision 

criterion axis such that the score associated with this value equals (0.5). An other 

important parameter is the slope at the baseline, S, that measures the rate and direction of 

improvement or decline in score within the immediate neighborhood of the baseline value. 

A third parameter that must be defined for the generic scoring function GSE is the lower 

threshold parameter A. This parameter indicates the decision criterion value associated 

with the minimum possible score (0). Assuming that a given decision criterion is to be 

transformed using GSE, then, the score corresponding to a value Z of the criterion may be 
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evaluated using Wymore's definition ofSSFI, 

I v(A,B,S,Z) = GSE(A,B,S,Z) = 2S(B+Z-U) ,Z>A; 

1+(~=~) (AI) 

o ,Z~A. 

where in (AI) 

v : score value, 
Z : decision criterion value, 
A : lower threshold parameter, 
B : baseline parameter, and 
S : slope at baseline. 

Constructing composite (i.e. peicewise) scoring function consists of defining the 

required behavior of utility transformation within several ranges of the decision criterion 

values. For example, a decision analyst may require that a zero partial utility be assigned 

to any alternative that produces a value of the decision criterion below a certain threshold. 

He/she may also require that all alternatives that produce values higher than an upper 

threshold be assigned maximum utility (1.0). Clearly, in addition to the baseline value and 

the slope at the baseline value, two more parameters (i.e. upper and lower threshold 

values) must be defined. To maintain the basic properties of a scoring function, 

relationships between these parameters and the parameters of the GSE must be defined 

within all preference ranges. Therefore, one may write the j'th element of the N'th scoring 

function element SSFNj as following. 
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SSFNi(eN, x) = f( GSE(A(eN), B(eN), S(eN), Z(eN, x»), x E R/, (A 2) 

where in (A2), On is the parameter vector defining the N'th scoring function. R j is the 

domain of the i'th element of the N'th scoring function and x is the decision criterion value. 

The functionj{GSE) possesses a parameter vector that depends on the vector On' In the 

following set of Figures Al through A6, the twelve composite scoring functions are 

graphed using (A2). Each graph illustrates two functions that require the same number of 

parameters, but are opposite in their utility transformation (i. e, more is better vs. more is 

worst). In all of the following graphs, open circles indicate the locations of threshold and 

baseline parameters when they are plotted on the criterion axis. On the other hand, those 

circles intersecting the composite scoring function and a (v=a) line indicate limits of 

domains within which different forms of the functional relationship (A2) are utilized to 

calculate the scores. Although the functional relationships were determined by direct 

substitution and algebraic manipulations of Wymore's original definitions of the twelve 

scoring functions, they are easier to construct since each one depends only on the generic 

scoring element. Furthermore, the above approach allows decision makers to design more 

than twelve scoring fimctions by imposing additional reflections and shifting operations on 

the general scoring element. 
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Figure A.I. Scoring functions S8Ft and SSF7. Notice that both 
functions have a lower threshold parameter a, a base line parameter 
b, and a slope at the baseline s. Also, notice that both functions 
become asymptotic at the higher end of decision criterion values. 
SGF7(a, b,s,x)=l-SSFI (a,b,-s,x). 
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parameter b, and a slope at the baseline s. The definitions of A and 
Z produce transposition of the generic scoring element GSE about 
b. both functions become asymptotic at the lower end of decision 
criterion values. Also, SSF8(b,c,s,x)=1-SSF2(b,c,s,x). 
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Figure A.3. Scoring functions SSF3 and SSF9. Notice that both 
functions have a lower threshold parameter a, an upper threshold 
parameter c, a base line parameter b, and a slope at the baseline s. 
Notice that in addition to the ranges defined by the threshold 
parameters, the baseline parameter separates both functions into 
two scoring ranges. This is due to the presence of two threshold 
parameters. The definitions of A and Z produce transposition of 
the generic scoring element GSE about b. Also, 
SSF9(a, b,c,s,x)= 1-SSF3(a, b,c,-s,x). 
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Figure A.4. Scoring functions SSF4 and SSFlO. Notice that both 
functions have only a base line parameter b and a slope at the 
baseline s. Both functions are asymptotic at either end while their 
ranges are defined only by the baseline parameter. The definition 
of A depends on band s. This is due to the absence of threshold 
parameters. Also, SSFIO(b,s,x)=1-SSF4(b,-s,x). 
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Figure A5. Scoring functions SSF5 and SSFl1. Notice that each 
of the two functions has two is composed of two limbs, a left limb 
and a right limb. The left limb has two threshold parameters a and 
c, a baseline b, and a slope s. The right limb has two threshold 
parameters c and e, a baseline d and a slope t. Notice that the 
parameter c is shared by both limbs. Once as an upper threshold 
and then as a lower threshold. the five parameters a,b,c,d,e 
separate the functions into six domains with the relationship 
SSFl1(a,b,c,d,e,s,t) = 1-SSF5(a,b,c,d,e,-s,-t) held valid as before. 
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Figure A.6. Scoring functions SSF6 and SSF12. Notice that each 
of the two functions is composed of two limbs, a left limb and a 
right limb. The limbs share a single threshold parameters c, once as 
an upper threshold and then as a lower threshold. Each limb also 
has a baseline parameter h, and d. and slopes sand t . Clearly, the 
two graphs are asymptotic at both ends. The threshold parameter c 
separates each scoring function into two scoring domains with the 
relationship SSF12(h,c,d,s,t)=1-SSF6(h,c,d,-s,-t) held valid as 
before. 
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APPENDIXB 

BEST AND WORST POSSmLE COMPOSITE SCORES WITH UNEQUAL 

~PORTANCESCALEFACTORS 

B.I Introduction 

Let vij represent the j'th alternative score with respect to the i'th decision criterion, 

(Chapter III), and assume that all decision criteria are ordered such that the index i reflects 

their importance order. Given a weighting vector W, and assuming that a vector of 

importance scale factors c is provided by decision makers to indicate additional partial 

information regarding the relative importance of decision criteria such that, 

Cl = 1, .... C; ~ 1, i=2, ... ,m. (B.l) 

Then, the linear programs that describe the best and the worst composite scores of the j'th 

alternative are written as, (Yakowitz et aI., 1993a); 

111 111 

BCSJ, = max L W/Vi' , WCSJ, = min L W/Vi' 
~1 ~ ~1 ~ 

St 
Wi ~ C;+IWi+l ,i = 1,2, ... ,m-l 

111 

L W;= 1 
;=1 

Wi~O ,i = 1,2, ... ,m-I. 

(B.2) 

In both programs, the first constraint assures that criterion i is at least Ci+1 as important as 
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APPENDIXB 

BEST AND WORST POSSmLE COMPOSITE SCORES WITH UNEQUAL 

UMPORTANCESCALEFACTORS 

B.I Introduction 

Let vij represent the j'th alternative score with respect to the i'th decision criterion, 

(Chapter III), and assume that all decision criteria are ordered such that the index i reflects 

their importance order. Given a weighting vector W, and assuming that a vector of 

importance scale factors c is provided by decision makers to indicate additional partial 

information regarding the relative importance of decision criteria such that, 

Cl = I, .... c; ~ I, i =2, ... ,m. (B.I) 

Then, the linear programs that describe the best and the worst composite scores ofthe j'th 

alternative are written as, (Yakowitz et aI., 1993a): 

In In 

BCSj = max .'E w;vij , WCSj = min .'E Wjvij 
~1 M 

St 
Wj~C;+lW;+1 ,i=I,2, ... ,m-1 

111 

1: W; = I 
;=1 

W;~O ,i= 1,2, ... ,m-1. 

(B.2) 

In both programs, the first constraint assures that criterion i is at least Ci+1 as important as 
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criterion i+ 1. The second constraint indicates that the weights are normalized. The third 

constraint implies non negativity of the elements of the weighting vector W. For c1= c2= 

Cm = 1; the above linear programs become, 

III III 

BCSj = max ~ W,Vr , WCSj = min ~ w'Vlj 
'=1 IJ 1=1 

Sf 
WI ~W2 ~ .,. ~WIII 
III 

~w,= 1 
'=1 

W,~O i = 1,2, ... , m - 1. 

(B.3) 

The linear programs in (B.2) and (B.3) are solved for the vector W. Yakowitz et 

al. (1993a) demonstrated that if one defines the composite score of alternative j 

associated with the k topmost important criteria ski as, 

1 k 
SIcj"=- ~ VI" 

k 1=1 IJ 
(B.4) 

then, the solutions of the two linear programs (B.3) are equivalent to the solutions of the 

following two linear programs: 

III III 

BCSj = max ~1 PkSlj , WCSj = min i~ (3kSlj 

St 
//I 

L Pk= 1 
k=1 

Pk~O k=I,2, ... ,m-l. 

(B.5) 



Define, 

" lej E (1,2, ... ,m), 

lej E (1,2, ... ,m), 

Sic =max [s/g'] 
:J k=l ... m 

Then the optimal solution of the BCS in (B.S) is 

and for the WCS, 

~ 1 ifi =kj [ " 

I = 0: otherwise 

~i =[ 01" ifi = kj 

otherwise 

Finally, combining the above definitions, the closed form solution ofB.S is 

WCSj =min [skj] 
k 
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(B.6) 

(B.7) 

(B.8) 

(B.9) 

(B.IO) 

A full listing of the mathematical theorem that summarize the above analysis and its proof 

is found in Yakowitz et al. (1993a). 
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B.2 Solution for Unequal Importance Scale Factol's 

It is possible to seek a closed fonn solution of (B.2) that is similar to (B.5). For 

(B.5) to become equivalent to (B.2) one needs to redefine ski' the vector Wand the vector 

p so that the following conditions are true, 

Wi~Ci+lWl+l ,i=I,2, ... ,m-1 (a) 
m m 
~Wi=~~k=l (b) 

1=1 k=1 (B.ll) 
III m 

~ WIVlj =~ ~kSkj (c) 
;=1 k=1 

Condition (B.lla) is imposed by the importance order and the importance scale factors, 

while conditions (B. lIb) and (B.11c) are imposed to satisfY the equivalence of the 

constraints and the objective functions of (B.2) and (B.5). Thus (B.4) needs to be 

redifined for (B.IO) to apply as a solution of (B.ll). In the following treament, a 

redefinition of(B.4) that satisfies (B. II) will be derived. 

B.2.1 Importance Order Condition 

Define, 

a.i~O, i=I,2, .. ,m , (B.12) 

and define wk such that, 



m 
~ CX, C, 
i=k 

k 
TIc, 
r=1 

The above definition is consistent with condition (B.lla) since 

m 
~ CX, C, 
i=le 

k 
TI C, 
r=1 
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(B.l3) 

(B.14) 

Notice that the index i was replaced by the index I in the second term, this serves to clarifY 

the mathematical manipulation. Clearly, 

Ck+l _1_ 
W--= k (B.lS) 
TI CI TI CI 
1=1 1=1 

Substituting in (B. 14) yields, 

1/1 m 
1: CX, Ci - 1: CXp Cp 
i=le p=k+l CXk Ck 

Wk - Ck+l W k+l = ~--k::-'---- = --;-- ;:: 0 (B. 16) 
TI CI TI CI 
1=1 1=1 

B.2.2 Weighting Vector Equivalency 

In order to define 13k consistently with the weighting vector equvalency condition 
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(B.l1b), the RHS of expression (B.l3) can be introduced to the LHS of (B.llb). This 

yields, 

(B.17) 

Let Ai = 1/ IT C r • And let "(k = Ci.k Ck . Then, by substituting both quantities in the 
r=1 

middle term of (B .17) and introducing the RHS of (B .11 b) into the resulting equation one 

obtains, 

111 111 111 111 k 

1: Wi = 1: 1: "(kAt = 1: "(k 1: Ai = 
i=1 i=1 k=i k=1 i=1 

(B.18) 

Thus, 

(B.19) 

Equation (B.19) provides a definition of A: that satisfies the first equality of 

(BII,b). The second equality, which indicates that the sum of the elements ofW and the 

sum of the elements of P are both equal to unity must be satisfied by the solution of the 

linear program. Since the said solution is equivalent to (B.8) for the best composite score 

and (B.9) for the worst composite score, it can be concluded that the unity condition will 

also be satisfied provided that Skj is defined to satisfY (B.llc). 
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B.2.3 Objective Functions Equivalency Condition 

Substitution (B. B) in the LHS of (B. lIe) yields, 

( m J ( J 
111 111 ~ fXkCk 111 V 111 

~ w/vij =;E vij k=i
l 

=;E -!-L fXkCk 
/=1 /=1 II 1=1 II k=i C, C, 

r=1 r=1 

(B.20) 

At this point of the analysis, it is important to recognize that any form of ~j must be 

independent of a. To achieve this independence, equation (B.19) is utilized to evaluate rx.: 

as a function of Pk and the vector C. Or, 

(B.21) 

Again, by replacing ~ in the RHS of (B.20) with the RHS of(B.21) the objective function 

equivalency condition becomes, 

111 111 vij 111 CkPk 
~ W iVij = ~ -1- L --k-(--';:"";-I --):-
/=1 1=1 II C, k=i Ck ~ 1 II c p 

r=1 1=1 p=1 

(B.22) 
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m /' Examinning (B.22) shows that the quantity j~ vlj !! Cr is independent from the 

index Ie. This allows one to introduce the fonner quantity into the tenn inside the 

summation without affecting the mathematical value of the summation. After correction 

and reduction. This result is 

111 111

m (1 1 J ~ Wjv!J· =~~ VIjPk -,-. k ( II ) 
I-I I-Ik:=j II Cr ~ 1 II c

p 
r=1 1=1 p=1 

(B.23) 

Expression (B.23) can be reduced to a compact fonn by rewriting the inverse of the 

products as following 

1 
(fi Cr ) C, 

r=' (a) --= , k 
II Cr II Cu 
r=1 u=1 

(B.24) 

1 ~Cp )ICI 
(b) --= 

j k 
II Cp II Cu 

p=1 u=1 

Substituting (B.24a and b.24b) in (B.23) leads to 
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(B.25) 

(B.25) could be further reduced to, 

(B.26) 

In order to achieve equivalency of the two objective functions, the RHS of (B.26) must be 
III 

in the form L BkSkj . Such mathematical form could be obtained by utilizing the nested 
k=1 

double summation properties which states that, 

11/ III 111 111 III k 
LL a1bk=L al L bk=L ak L b; 
;=Ik=1 ;=1 k=1 k=1 1=1 

Applying (B.27) to (B.26), bk could be isolated and one obtains, 

k 
IT C r 
r=; 

111 III k CI III 

L lV;Vij =L Bk L --=-- vij =L BkSkj 
;=1 k=1 ;=1 k k=1 

k IT Cp 

LE-
1=1 Cl 

(B.27) 

(B.28) 



295 

Clearly, a definition of ~j that satisfies (B. 11 c) is 

k 
II Cr 

k ~ 

skj = L CI 
vij' (B.29) 

i=1 k 

k II cp 

LE-
1=1 CI 

Which is identical to equation (3.19). We now gather the results of the former analysis in a 

mathematical theorem. 

THEOREM (B.I) 

Let BC~ and WC~ be the objective functions values at the optimal solutions of the linear 

programs, 

Best total utility 

111 

BCSj = max L w;vii , 
;=1 

St 

Worst total utility 

111 

WCSj = min L lV;Vii 
;=1 

W;~C;+lWi+l ,i=1,2, ... ,m-1 
111 

L W;= 1 
;=1 

W;~O ,i=1,2, ... ,m, 

where the vector c of importance scale factors is such that C 1 = 1, .... C; ~ 1; i = 1, 2, ... , m . 

Also, define 



Then, 

Proof: 

k 
ITcr 
r=I 

k Cj 
Skj = L -----'-k - V Ij 

1=1 

BCSj =max [Skj-] 
k 

k ;£Cp 

L-
1=1 CI 

WCSj =min [Skj] 
k 
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From the analysis (B.ll) through (B.26), the given definition of skj satisfies the 

equivalency conditions between the above two linear programs and the programs. 

m m 
BC~· = max ~1 PkSIj , WCSj = min j~ PkSIj 

SI 

k= 1,2, ... ,m-l 

respectively. 

Let lej, and kj be defined as in (B.6) and (B.7) respectively, then Pk satisfies (B.8) 

at the optimal solution of the best possible utility program and (B.9) at the optimal 

solution of the worst possible utility program. Therefor 

BCSj =max [sAt] 
k 

Which is the closed form solutions of the above mentioned linear programs. 
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APPENDlXC 

THEORY OF SECOND ORDER SECOND MOMENT SENSITMTY BASED 

UNCERTAINTY ANALYSIS FOR MULTIPLE RESPONSE MODELS 

C.l Objective 

This appendix will illustrate the mathematical treatments that lead to the 

development of the theory of Second Order Second Moment Sensitivity Based 

Uncertainty Analysis for Multiple Response Models. Since the applied aspects of the 

theory were presented in Chapter IV of this dissertation, the current discussion is 

considered as an integral part of the said chapter. 

Due to the presence of complex matrix multiplication in the analysis below, some 

of these multiplication will be evaluated directly in their vector formulations. Others are 

evaluated by considering their generalized elements in order to avoid lengthy notations. 

C.2 Matrix Notation of Taylor Expansion 

Consider a model M that accepts a vector of (N) model parameters ex and a vector 

of model input X whose dimensions are irrelevant to the forthcoming analysis. Suppose 

that the model M produces a vector of (K) model responses R. A schematic expression of 

the relationship between the model input, the parameter vector and the model's output 

vector is 
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R=M{X,ot) (C.I) 

Let S be a (KxN) first order sensitivity matrix of model responses. The general 

element of S (Sm> is the first order partial derivative of the k'th response with respect to 

the n'th parameter. The matrix notation ofS is 

dR l dRl dR l 
dal dan daN 

S= dRk dRk dRk 
(C.2) dal dan daN 

dRK dRK dRK 
dal 

... 
dan daN 

Also, denote Hk as the hessian matrix of the k'th response which is also its second order 

sensitivity matrix 

d2Rk d2Rk d2Rk 
dar dal daj dal daN 

Hk= 
d2Rk d2Rk d2Rk 

(C.3) 
da;dal da;daj da;daN 

d2Rk d2Rk d2Rk 
daNdal daNdaj da1 

,~----.~--
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Assuming that third and higher order partial derivatives of all model response can be 

considered negligible, a diagonal NKxNK block matrix H can be constructed to include the 

hessians of all responses as following 

(C.4) 

The bold typeface zero elements of the augmented matrix H represent identical 

(NxN) matrices of zero values. Also, hereafter, all notations corresponding to Sand Hare 

assumed to implicitly indicate that both matrices are evaluated at the mean parameter 

vector J.!a' A second implicit assumption is that the model can be approximated with a 

differentiable function in the neighborhood of the vector J.!a' Now, consider the point a in 

the N dimensional parameter space whose deviation from J.!a is given by the vector Aa 

such that 

Aa=a-J.!Il. (C.S) 

To obtain a matrix formulation of Taylor's second order expansion of the vector R, 

define a (KxK) identity matrix IK • According to Graybill (1983) the direct vector product, 

AotxIK is an (NKxK) block diagonal matrix whose diagonal blocks are the vector Aa. 
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[ 

Aa ... 0 0 1 
AaxIK= ...... 0 0 

o ... Aa 0 
o ... 0 Aa 

(C.6) 

Also, by defining a (!<xl) identity vector '1: (i.e. all elements equal 1), the required 

expansion becomes 

(C.7) 

where the term (j3 is the truncation error vector which results from truncating the series 

beyond its second order term. As mentioned in Chapter IV, the main advantage of(C.7) is 

the elimination of the summation operator found in other expressions such as the 

formulation of Athans et al. (1968). The third term in the RHS of (C. 7) may be written as 

a single Kxl vector Q whose k'th element is given by 

NN 
Qk = AaT Hk Aa =.~ ~ hkl}ocxl)cxj 

, IxN ,NxN. Nxl 1=1]=1 
(C.8) 

IxN , 
Ixl 

Notice that the dimensional consistency test of (C.8) indicates that QIc is a scalar. Now, 

substituting (C.8) in (C.7) and assuming that the truncation error (j3 is negligible leads to 

an abstract form ofthe second order Taylor expansion of multiple responses, which is, 
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(C.9) 

where in (C.9) 

R(a) : Kxl vector of model responses evaluated at a, 
R(J1J : Kxl vector of model responses evaluated at the mean parameter vector, 
J1a : Kx 1 mean parameter vector, 
S : KxN first order sensitivity indices matrix, 
Q : Kx 1 vector representing the nonlinear effects of parameter errors, and 
Aa : Nx 1 vector of parameter error Aa=a.J1a. 

The following sections of this appendix discuss the application of the expectation 

theory to (C.9) in order to obtain the second order trajectories of the mean vector and the 

variance covariance matrix of several model responses. It is important at this point of the 

analysis to realize that (C.9) implicitly assumes that the diagonal matrices Hk of the matrix 

H sufficiently account for the relationships between two subsequent model responses (i.e. 

runoff and soil detachment). 

C.3 Quadratic Mean Vector Trajectory (QMT) 

Applying the expectation operator to both sides of (C.9) yields the expected value 

of the model ~esponse vector 

E[R(a)] =E[R(J1n)] +E[SAa] + tE[Q] (C.lO) 
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By definition, the expected value of the parameter deviation vector ACt equals zero. Also, 

the matrix S is composed of constant elements. Therefore 

E[R(a)] = R(J1a) + S ~ +kE[Q] = R(J1a) + kE[Q] (C. 11) 
o 

Further reduction of (C. II ) is attained by invoking the definition of the expected value of 

a random vector, which states that the elements of the expected value of a random vector 

are the expected values of the elements of the vector, 

(C.12) 

Substituting (C.8) in (C.I2) and applying the linear property of the expectation operator, 

the general term for the k'th element ofE[QI:] is 

(C. 13) 

Let r ij be the covariance of the (iJ),th parameter pair, which is by definition 

(C.14) 
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where 

O'j,O'j : standard deviations of the parameters i andj respectively, 
ljj : covariance of the parameter pair i and j , and 
Pij : correlation coefficient of the (iJ),th pair parameters 

Also, let 

The k'th elemenyt of the (Kx 1) vector ij is 

_ NN 

Qk =E[Qk] =LLhkulij (C.IS) 
i=lj=l 

Finally, by substituting (C. IS) in (C.ll), one obtains the quadratic trajectory of the mean 

vector of several model responses: 

E [R( ex)] = R(J.!.u) + kij. (C.I6) 

The validity of the above analysis for error propagation does not require errors in 

parameter estimates obey the multinormal distribution. The above analysis is valid for any 

parameter error vector that possesses a zero mean value vector as long as the mean 

parameter vector is selected as a parameter estimator. 
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C.4 Quadratic Covariance Trajectory Method (QCTM) 

The deviation of the response vector from its expected value can be obtained by 

subtracting (C.16) from (C. I 0) yielding 

R(a) -E[R(a)] = SA01.+ t(Q-Q) (C.17) 

Denote g as the covariance matrix of the random vector R which by definition is the 

expected value of the squared deviation (C.17). The vector notation of 0 is 

g = Cov[R] =E[(R(a) -E[R(a)] )(R(a)-E[R(a)] l] 

(C.18) 

Expanding (C.18) and utilizing the linear property of the expectation operator 

leads to a nine terms expression of Q. Denoting each term with an alphanumeric index 

leads to 



305 

Cov[R] =f[SAaAaTST]. +tf[SAaQT ]. -tf[SAaijT]. 
Wi w ... 

Tl 12 T3 

(C.19) 

T4 T5 T6 

17 1'8 19 

By evaluating the nine terms of (C.19) the quadratic covariance trajectory can be 

identified. However, the mathematical treatments of the fonner evaluation requires 

utilization of the general terms and the matrix notation of each term interchangeably. 

1. Term Tl 

Because S is a constant matrix, expanding TI and applying the expectation operator leads 

to 

Tl =E[SAaAaTST] = SE[AaAaT] ST = S r ST 
'-v-' '-v-' '-v-' 
KxN NxNNxX 
\ ' . 

KxX 

(C.20) 

where r is the covariance matrix of parameter errors. Tl describes the propagated 

uncertainty due to the linear component of the simulation model. The (Ic,r)'th element of 

the above matrix can be identified from the structure ofthe matrix product in (C.20). 



NN 

TI(Ic,r) =LL SkiSrj rlj 
i=1j=1 

where, Ski, Sri> and r Ij were previously defined. 

2. Terms 12 and T4 

Examining (C.19), the following relationship between 12 and T4 exists: 
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(C.2l) 

(5.22) 

Consequently, one can evaluate either one of the two terms. Considering 12, which is 

Again, because S is a constant matrix, it can be factored outside the expectation operator 

12 = -21 S E[Aa QT] 
KYN Nxl IxK 

(C.23) 
\ . . 

NxK 

The matrix (AaQ1) is an (NxK) matrix whose general (i,k)'th element can be"found by the 

substituting RHS of(C.S) for each kith element ofQ, 
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NNN 

LLL h ripE [bUlbU/bUp ] 
i=ll=Ip=l 

(C.24) 

Unlike the second moment E[bUjbUj ], the quantity E[bUjO~bUp] has no generalized closed 

form solution. Numerical evaluation of the former quantity must be attained either from 

sample observations of parameter errors or from the knowledge of the joint and marginal 

probability density functions associated with the random vector Aa. A special case 

solution for E[bUjbUlbUp] will be discussed in a subsequent section of this appendix. define 

3. Terms 13 and 17: 

Because QT is a constant vector, 13 can be written as 

(C.25) 

Substituting E[Aa] = 0 in the RHS of the above expression leads to 

13 =0 . (C.26) 

Similarly for term 17 one can write 

(C.27) 

'~--'--------'--



4. Terms T6 and T8. 

Let us first examine the dimensional consistency of T6, where 

T6=lE[Q (iT] 
4 '-v-''-v-' 

KxllxK 
~ 

KxK 

Substituting the general element of Q and Q, an expanded vector form of T6 is 

1 T6=-E 
4 

NN 
1:1: hK oaioa· 
i=Ij=1 II 'J 

Clearly, the (k,r)'th general element of the above (KxK) matrix is 

The quantities hkll , hr,p ' and rip are constants. Therefore 
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(C.28) 

(C.29) 

(C.30) 



Similarly, T8 is evaluated as 

So Term 19: 

Again, because Q is a constant matrix, the term 19 can be written as 

1 -- 1--19=-E[QQT]=- QQT , 
4 4Y''-r' 

KxllxK 
'--v--' 

KxK 

where the (k,r)'th general term of 19 is, 

60 Term TSo 
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(C.31) 

(C032) 

(C033) 

(C034) 

To evaluate the term TS, which represents the contribution of the full quadratic 

term to model error, Dimensional consistency requires that the resulting matrix be a (KxK) 



matrix, Clearly 

T5 = 1 E[QQT] 
4 '-v''-v-' 

KxllxK 
'--v---' 

KxK 

Let Oij = O<x'iO<x'j and Olp = O<X.IO<X.p . Then, by Expanding both of the above vectors 

1 T5=-E 
4 

Accordingly, the (Ic,r)'th general element of T5 is 

Expanding oij and Olp , one obtains 
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(C.35) 

(C.36) 

(C.37) 

(C.38) 
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Similar to the expectation E[oaiOajO~ ] the quantity E[oaio~o~oap] has no general 

closed form solution. 

7. Gathering non zero terms: 

From the above analysis the covariance of the (k,r)'th pair of model responses can 

be evaluated by gathering the non zero terms of (C. 19). Arranging the terms in the order 

at which they were evaluated yields, 

Q(k, r) = n (k, r) + 12(k, r) + T4(k, r) - T6(k, r) - T8(k, r) + 19(k, r) + T5(k, r) (C.39) 

Define 

(C.40) 

Then, by substituting the corresponding expressions in (C.39), one obtains 



NN 
Q(k, r) = 1:1: Ski Srj r If 

i=lj=l 

correcting for equal terms 

NN 
Q(k,r) = 1:1:SkiSrjrij 

i= Ij= 1 
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(C.41) 

(C.42) 

Expression (C.42) is the generalized multivariate second order covariance 

trajectory for two responses. Because of the fact that the series were expanded in the 

fieighborhood of the mean parameter vector, it must be emphasized that both first and 

second order sensitivity indices must be evaluated at the mean parameter vector f.1a . 

~--... ---~---.--~- .. ---------
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C.S Covariance Trajectory for Normal Errors 

At this point of the mathematical treatment, the only known assumption regarding 

the joint density function F(Aa) is that it possesses a zero mean vector and a covariance 

matrix r. It has been demonstrated during the above discussion that if Aa was defined as 

the difference between any probable realization of the random parameter vector a and the 

mean parameter vector Jia then the following are true expressions 

and 

E[Aa] = E[ a - Jill] = E[ a] - E[JiIl] = Jill - J.lll = 0 , 

Cov(Aa) = E[(Aa-E[L\aD(L\a-E[L\aDT] 

= E[L\a.AaT
] 

= E[ (a - Jill)( a - Jill) T] 

= Cov(a). 

However, practical applications of sensitivity based uncertainty analysis require 

evaluating all of the terms in (C.42). Therefore, the availability of closed form solutions of 

the expectations E[o<xjo<Xj0<X1 ] and E[o<xjO<X10<X10<XP]' which are denoted by </>3 and </>4 

respectively, can greatly reduce the analytical and numerical demands of the QCTM. 

Otherwise, it will be necessary to compute numerical values of the two functions. by 

identifYing the trivariate joint density functions of all possible non repeating combinations 

-~~. ------~----
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of parameter triads, and identifYing the quadrivariate joint density functions of all possible 

non repeating combinations of parameter quads. Thereafter, one must perform the 

required multivariate integration in order to evaluate of the moments 4>3 and 4>4' ·Indeed, 

such tasks are formidable and represent unnecessary added complexities. In fact, most 

sensitivity based uncertainty analysis methods assume that the vector Aot belongs to the 

multivariate Gausian distribution with zero mean vector and a r covariance matrix. 

According to Clifford (1973), Troutman (1985) and Ronen (1988) the distribution N(O,I) 

sufficiently represents the probabilistic behavior of measurement errors. Additionally, 

several parameter estimation techniques such as the maximum likelihood method can 

produce parameter estimates whose errors are normally distributed. 

As for this research, the assumption that multivariate normal distribution is a 

sufficient representative of the probabilistic behavior of parameter errors will be accepted 

for three main reasons. First, most hydrologic parameters involve measurements whose 

errors can be represented by the latter distribution. Second, the assumption is Gonsistent 

with the standard first order uncertainty analysis as well as with the underlying 

assumptions of several model calibration techniques that are commonly used in association 

with hydrologic models. The third and perhaps the most important reason is that the 

assumption allows significant reduction in the numerical efforts that are associated with 

evaluating the moments 4>3 and <1>4' These reductions are due to the availability of closed 

[
1M ] form solutions oftheM'th multivariate moment <l>M =E E10Ux when the vector Aot is 
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normally distributed with zero mean. 

Comprehensive and expository treatments of the moment .pM were provided by 

Graybill (1983), and later by Ronen (1988) for normally distributed parameter errors with 

zero mean vector and r covariance matrix. The former treatment utilizes linear algebra in 

order to identifY special solutions for several special cases. The latter treatment utilizes the 

characteristic function of the multinormal distribution to derive a generalized closed form 

solution of the said expectation. According to Ronen (1988), such solution is expressed as 

[

1M ] 1 0 , M is odd; 

E I1 OIXx = ( . ) 
x=il 11 (5x L p(il,}t)p(il,jd ... P(iMI2,jMI2) , M is even, 

x=ll '/9/ 

(C.43) 

where in (C.43) 

(5" : standard deviation of the x'th parameter 
p(iIJ1) : correlation coefficient for the p(iIJ1)'th pair of parameters 

The summation must be performed over of the products of the correlation coefficients 

associated with all possible non repeated paired arrangement of the M parameters. 

Therefore 

(C.44) 

and 



Substituting 11>3 and 11>4 in (C.42) leads to 

NN 
Q(k,r) = LLSk,Srjrij 

1=11=1 

By expanding and reducing (C.46) one obtains 

Denoting s( ai, aj, ai, ap) = (r/l rjp + rip r j1 ) and substituting in (C.47) yields 

This expression is identical to equation (4.15) in Chapter IV ofthis dissertation. 
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(C.4S) 

(C.46) 

(C.47) 

(C.4S) 
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APPENDIX D 

STATISTICAL DESCRIPTION OF MODEL PARAMETERS AND OUTPUT 

D.l Introduction 

As mentioned in Chapter VI of this dissertation, a sample of fifty Silt-Loam soil 

series which also belong hydrologic group B was obtained from the EPIC simulation 

model data base (Williams et aI., 1990). For each soil series, a vector of sixteen model 

parameters was estimated using the methods discussed in Chapter VI. The resulting 

parameter vectors were introduced, one at a time, and together with the data files 

representing four management systems to the modified GLEAMS. The four management 

systems are a) deep disking (DD), b) ridge tillage (RT), c) level terraces with deep disking 

(LT_DD) and d) parallel terraces with ridge till (PT_RT). A sample of fifty vectors of 

model responses was obtained for each of system. These vectors represent estimates of the 

effects of tillage management on the thirty year average annual values of sixteen water 

quality related criteria. Data files were designed to reflect the topography of WS# 1 in the 

deep loess research station near Treynor, Iowa. Temperature and precipitation record 

covering the period (1964-1993) were also obtained for the same watershed. 

"------.--~--
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The above experiment corresponds to the second simulation scenario which has 

been discussed in Chapter IV. Additionally, the experiment will provide estimates of the 

mean vector and variance covariance matrix of model responses. Both of which will be 

compared to the mean and covariance trajectories that are obtained through linear and 

quadratic covariance trajectory methods (Chapter IV and Appendix C). The latter 

comparison is discussed in Chapter VII of this dissertation. 

Following a list of the SCS series names of the fifty soil series, the appendix will 

include two main sections. The first section will be devoted to the statistical analysis ofthe 

sixteen model parameters. It will include a table of the minimum, maximum, mean value 

(j..l) , standard deviation (0'), skewness coefficient and median of each parameter. This will 

be followed by a series of figures that illustrate the frequency histogram and a box-whisker 

plot of each parameter. Each box-whisker plot divides the univariate sample into four 

areas of equal frequency. A box that encloses values between the first and third quartiles. 

The box also includes a vertical line that indicates the median. Two whiskers extend on 

both sides of the box. The left whisker extends from the first quartile to the smallest data 

value within 1.5 interquartile ranges from the first quartile. The right whisker extends from 

the third quartile to the largest data value within 1.5 inter-quartile ranges from the third 

quartile. These figures will be followed by listings of the covariance matrix and the 

correlation coefficients matrix of the sixteen parameters. 

The second section will present a similar analysis of the model output. However, 

the section will not include frequency histograms of the twelve considered responses. 
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Illustration of the differences between the four management systems will be provided by 

comparing their box-whisker plots instead of their frequency histogram. Additionally, the 

section will include listings of four different covariance matrices and four different 

correlation coefficient matrices. Each represents one of the four management systems. 
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Table D.I. SCS series name of the fifty Silt-Loam Group B soil 
series obtained from the EPIC simulation model data base. 

# Series Name # Series Name 

ALFORD 26 KEITH-A 

2 ARCHABAL 27 MATAPEAKE 

3 ATHENA 28 MONONA 

4 BAGDAD 29 NEWDALE 

5 BAUDEITE 30 NOLIN 

6 BODINE 31 OWYHEE 

7 COLBY 32 PANCHERI 

8 COLY 33 POINSETT 

9 CROFTON 34 PORT BYRON 

10 DUNCANNON 35 PORTNEUF 

11 FAYEITE-B 36 RENSLOW 

12 FAYEITE-C 37 RITZVILLE 

13 FLANAGAN 38 ROCKY FORD 

14 FORDVILLE-A 39 ROXBURY 

15 GEARY 40 SEATON 

16 GENOLA 41 SHANO 

17 GLENBAR 42 ULY 

18 HARKEY 43 ULYSSES 

19 HOBBS 44 UNADILLA 

20 HOLDREGE-A 45 VALE _ 

21 HOOD 46 WALLA WALLA 

22 HORD 47 WAMIC 

23 HUNTINGTON-A 48 WARDEN 

24 IDA-A 49 WILLAMETTE 

25 IDA-B 50 WINOOSKI 
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D.2 Model Parameters 

Table D.2 lists the above mentioned moments and statistics of the nineteen 

considered parameters. The table includes nineteen parameters instead of sixteen to 

account for variations of CNII between the four management systems. 

Table D.2. Statistical description of model parameters. Sample represents from fifty 
Silt-Loam hydrologic group B soil series. 

Management 
system CNII 

Most 
restrictive 

Upper 15 em 

Weighted FC2 
mean of root t----t---t----t----t---t----t-----t------j 

zone values t-
WP-

2
---t----t----t---+----t----t---t---J 

Erosion 
upper 15 em 

Nutrient 
upper 15 em 

* 

OM2* 

Parameter values were computed using equations and procedures In 

Chapter VI of this dissertation. 
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Figure D.I illustrates the frequency histograms and box-whisker plots of the clay 

and silt contents of the topmost fifteen centimeters of the fifty soil series. The figure also 

indicates the distribution of the latter series within the USDA textural classification 

triangle. Clearly, the uppermost layer of all fifty samples belonged to the most dominant 

texture of the soil profile which is Silt-Loam. 

Soil Textures 
S : Sand 
SC : Sandy Clay 
SCL : Sandy Clay Loam 
SL : Sl1ndy Loam 
LS : Loamy Sand 
C : Clay 
CL : Clay Loam 
L : Loam 
SI : Silt 
SIC : Silt Clay 

<D s SIL : Silt Loam 
100 90 80 70 60 50 40 30 20 10 SICL : Silt Clay Loam 

%Snnd 

~ ~ 
0.16 

~~~ 
0.18 

,J~~i 
~ 0.12 

~ 0.15 

g. 0.08 
~ 0.12 

IIJ ~ ~:~~ 
<tl 0.04 

0.03 
0.00 0.00 

0 0.2 0.4 0.6 0.8 0 0.2 0.4 0.6 0.8 
Clay content Silt content 

Figure D.I. Frequency histograms and box-whisker plots of silt and clay 
contents. 
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Figure D.2 shows the variation of the estimated CNII between the four studied 

management systems. The histograms of all four eNII values displayed positively skewed 

behavior which was also indicated in table D.2. Only the eNII values associated with the 

LT_DD management system produced a histogram that closely resembles standard 

distributions (i. e. log-normal distribution). 

Figure D.2. Frequency histograms of estimated eNII values. Samples represent 
four management systems when applied on Silt-Loam, hydrologic group B soils. 
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Figure D.3 illustrates the most restrictive saturated conductivity of the fifty soil 

series. The figure indicates the high level of variation in Ksat and the multi-modality of the 

frequency histogram. This is also indicated by the high value of the coefficient of variation 

as computed from Table D.2 (i.e. 0.751). It must be noted that these values do not 

represent the probabilistic behavior of the saturated conductivity of Silty-Loam soils in 

general. In fact, the lower end of the histogram may as well correspond to soil layers that 

posses higher clay contents than the clay content of the most dominant texture within each 

of the profiles. 

0.16 

0.12 

~ 
§. 0.08 

'" <t: 
0.04 

o 0.2 0.4 0.6 

.Ksat cmlhr 
Most restrictive layer 

0.8 1.2 

Figure D.3. Frequency histograms of the estimated most restrictive 
saturated conductivity (Ksat). Sample represents fifty Silt-Loam, 
hydrologic group B soils. 
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Figure D.4 illustrates the frequency histograms of the six water retention 

parameters. These parameters are PORI, FC1,WP1, POR2, FC2 and WP2. Levels of 

variability were quite similar for both the topmost layer's values and those averaged over 

the remaining depth of the root zone. Coefficients of variation were calculated from table 

(D.2), and yielded the highest values for both wilting point parameters (0.188, 0.191). On 

the other hand, porosities displayed the lowest coefficient of variation (0.055,0.081). Field 

capacities were associated with the values (0.109,0.130) for the two layers. 

Upper layer 

0.30 

>, 0.25 
~ 020 
g. 0.15 

<tl 0.10 
0.05 

024 

>, 0.20 
~ 0.16 
g. 0.12 

Jl 0.08 
0.04 

0.00 0.00 t==~~~~=- 0.001:..:=~~~~=-
0.2 0.3 0.4 0.5 0.6 0.1 0.2 0.3 0.4 0 0.1 0.2 

Porosity em/em 

Lower layer 

0.25 

>,020 
OJ c: 
g 0.15 
0' 

Jl 0.10 

0.05 

025 

>,0.20 
g 
g 0.15 
0' 

Jl 0.10 

0.05 

Field capacity em/em 

0.00 0.00 I:=~~':'±':~~~ 
0.2 0.3 0.4 0.5 0.6 0.1 02 03 0.4 

Porosity em/em Field capacity em/em 

Wilting point em/em 

o 0.1 0.2 

Wilting point em/em 

Figure D.4. Frequency histograms of estimated water retention parameters. 
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Unlike water retention parameters, the organic matter contents are significantly 

different among the two studied layers. Figure D.5 illustrates these differences which are 

consistent with the presence of higher levels of plant residues in the topmost layer of the 

soil. Coefficient of variations were calculated for both parameters and were found to be 

(0.591, 0.477) for the upper and lower layers respectively. Additionally, these values 

represent agricultural soils which are the essence ofthe EPIC soil data base. 

r---1 
0.16 Uppcrlaycr 

~ 
I:l 

0.12 

g. 0.08 
0) 

<l:l 
0.04 

0.00 
0 2 4 6 

% Organic matter contcnt 

r-1 I 

0.24 

[ 
0.20 Lowcr laycr 
0.16 g. 0.12 

~ 0.08 
0.04 
0.00 

0 2 3 
% Organic mattcr content 

Figure D.S. Frequency histograms of organic matter contents. 
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Values of the soil erodibility factor (Ksol ) ranged between (0.282, 0.582). Higher 

values are associated with the high Silt content of the studied soil series. Coefficient of 

variation was computed and found to be (0.159). Figure D.6 illustrates the frequency 

histogram and the corresponding box-whisker plot of (Ksol). Both of which indicate that 

most of probability density occurred at the higher end of the above mentioned range. One 

can think of a (fJ) probability distribution density function as a representative of the type of 

probabilistic behavior ofKsol. 

1----------11 1 ~ 
0.2 

0.16 

~ 0.12 

'" g. 
~ 0.08 

0.04 

0.2 0.3 0.4 0.5 0.6 0.7 

Ksol. Soil erodibility factor 

Figure D.6. Frequency histogram of estimated soil erodibility 
factor (Ksol). 
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Figure D.7 illustrates the marginal frequency histograms of the last three 

parameters which are the soil nitrogen content (Nsol), soil phosphorous content (psol) and 

the potentially mineralizable nitrogen (pOTMN). The identical shape of the histograms of 

Psol and Nsol are due to approximating Psol as one halfNsol. (see chapter VI). Ail three 

parameters displayed higher values of the coefficient of variations, which were found to be 

(0.528,0.528 and 0.332) for Nsol, Psol and POTMN respectively. 

2 3 
Nsol (kg/kg) 

5 10 15 

>. 0.25 
1:l 0.20 
~ 0.15 
t::1' J:l 0.10 

0.05 
o.oo~~~~~~ 

o 0.2 

Psol kgIkg 

0.4 0.6 
POTMNkglha 

4 

20 

0.8 

5 
(X 0.001) 

25 
(X 0.0001) 

I 
(X 1000) 

Figure D.7. Frequency histograms of estimated nutrient 
parameters. 
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The covariance matrix and the correlation coefficients matrix were both calculated 

for all nineteen parameters.. The parameter covariance matrix for each management 

system differ amongst each others only with respect to the first column and the first row. 

Table D.3 illustrates the below diagonal elements of the four covariance matrices that are 

associated with the eNII parameters. Although the four management systems will be 

simulated independently, the covariance elements of pairs of eNII parameters are retained 

to facilitating the random sampling for response surface generation. 

Table D.3. Covariance matrix elements associated with 
eNII parameters for the four management systems. 

Parameters CNII 

DD I RT I LT_DD I PT_RT 

DD 3.l23E+OI 

RT 4.898E+OI 8.087E+Ol 
CNII LT_DD 3.545E+Ol 5.856E+Ol 4.305E+Ol 

PT_RT 4.580E+OI 7.42 lE+O I 5.389E+OI 6. 970E+O I 

Ksat -9.028E-OI -1.394E+OO -1.056E+OO -1.371E+OO 

PORI -7. 586E-02 -1.201E-Ol -8. 573E-02 -1.051E-Ol 

FCI 1.497E-02 1. 889E-02 1.504E-02 2.499E-02 

WPI 6.340E-02 1.0 13E-O I 7.655E-02 9.854E-02 

OMI 8. I 74E-O I 1.646E+00 1.439E+OO 1.773E+OO 

POR2 -9. 97 lE-02 -1.582E-Ol -1.224E-OI -1.462E-Ol 

FC2 -1.672E-03 -1.4I8E-02 -1.409E-02 -1.043E-03 

WP2 5. 392E-02 7.904E-02 5.813E-02 8.497E-02 

OM2 2.563E-OI 4.900E-OI 4. I 75E-O I 4.807E-OI 

Clay -1.620E-OI -2. 967E-OI -2.258E-OI -2.646E-OI 

Silt 1. 873E-O 1 2. 944E-O 1 2.228E-OI 2.797E-01 

Ksol 2.930E-02 1.331E-02 5.179E-03 3.773E-02 

Nsol 4.705E-04 9. 882E-04 7.7 I 6E-04 9.643E-04 

Psol 2.353E-04 4. 94 1E-04 3.858E-04 4.822E-04 

POTMN 6.1 34E+OI 1.200E+02 8.67 lE+O 1 1.096E+02 
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The remaining covariance elements are presented in Table DA. These elements are 

invariant with respect to the studied management systems. Only the diagonal and below 

diagonal elements are presented here. 

Table DA. Diagonal and below diagonal covariance elements of model parameters. 

Parameters Ksat I PORI I FCI I WPI I OMI I POR2 I FC2 I WP2 

Ksat 8.205E-02 

PORI 2. 197E-03 8.l98E-04 

FCI 2.714E-04 5.968E-04 1.023E-03 

WPI -1.318E-03 2.951E-04 7.459E-04 7.576E-04 

OMI -5.4lOE-02 1.759E-02 1.51OE-02 2.l81E-02 2.542E+OO 

POR2 5.728E-03 7.206E-04 5.940E-04 2.350E-04 -1.035E-04 1.865E-03 

FC2 -6.665E-04 5.865E-04 8.594E-04 5.916E-04 1.174E-02 1.314E-03 1.632E-03 

WP2 -3.885E-03 3.006E-04 5.693F.-04 5.l79E-04 1.418E-02 4.785E-04 1.006E-03 8.40lE-04 

OM2 -1.475E-02 4.217E-03 3.986E-03 5. 772E-03 5.396E-Ol 2.309E-03 4.643E-03 4.686E-03 

Clay 5.457E-03 -1.867E-04 -3.429E-04 -7.894E-04 -8.240E-02 4.160E-04 -3.093E-05 -5.066E-04 

Silt -5.983E-03 3.632E-04 6.76lE-04 1.045E-03 4.628E-02 -1.785E-05 7.680E-04 1.068E-03 

Ksol -6. 928E-03 3. 944E-05 1.183E-03 7.684E-04 1.282E-02 7.653E-05 1.336E-03 8.53lE-04 

Nsol -3.868E-05 5.480E-06 4.030E-06 7.870E-06 9.185E-04 -2.980E-06 -5.000E-08 3.400E-06 

Psol -1.934E-05 2.740E-06 2.01OE-06 3.930E-06 4.593E-04 -1.490E-06 -2.000E-08 1.700E-06 

POTMN -7.546E+OO 1.007E-02 -3.78lE-01 3.692E-Ol 5.814E+Ol -6.215E-03 2.03lE-01 4.464E-Ol 

Table DA. continued 

Parameters OM2 I Clay I Silt I Ksol I Nsol I Psol I POTMN 

OM2 1.893E-Ol 

Clay -1.757E-02 5.590E-03 

Silt 1.478E-02 -2. 163E-03 3.653E-03 

Ksol 6.859E-04 9.445E-04 -1.103E-03 7.26lE-03 

Nsol 2.386E-04 -3.330E-05 2.033E-05 -1.51OE-06 5.700E-07 

Psol 1.193E-04 -1.665E-05 1.0 17E-05 -7.500E-07 2.900E-07 1.400E-07 

POTMN 2.227E+Ol -1.637E+00 2. 158E+OO -2. 18lE-01 5.900E-02 2.950E-02 2.02lE+04 
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Tables D.S and D.6 contain the elements of the correlation coefficient matrix in the same 

manners as above. Notice the linear dependency between the rows corresponding to Nsol 

and Psol parameters in both the covariance and the correlation matrices. 

Table D.S. Correlation coefficient associated with CNIT 
parameters for the four management systems. 

Parameters CNII 

DD I RT I LT_DD I PT_RT 

DD 1.000 

RT 0.975 1.000 

CNII LT_DD 0.967 0.992 1.000 

PT_RT 0.982 0.988 0.984 1.000 

Ksat -0.564 -0.541 -0.562 -0.573 

PORI -0.474 -0.466 -0.456 -0.440 

FCI 0.084 0.066 0.072 0.094 

WPI 0.412 0.409 0.424 0.429 

OMI 0.092 0.115 0.138 0.133 

POR2 -0.413 -0.407 -0.432 -0.406 

FC2 -0.007 -0.039 -0.053 -0.003 

WP2 0.333 0.303 0.306 0.351 

OM2 0.105 0.125 0.146 . 0.132 

Clay -0.388 -0.441 -0.460 -0.424 

Silt 0.555 0.542 0.562 0.554 

Ksol 0.062 0.017 0.009 0.053 

Nsol 0.111 0.146 0.156 0.153 

Psol 0.111 0.146 0.156 0.153 

POTMN 0.077 0.094 0.093 0.092 
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Table D.6. Diagonal and below diagonal correlation coefficients of model parameters. 

Parameter Ksat 

I PORI I FCI 

I 
WPI 

I 
OMI I POR2 I FC2 

I 
WP2 

s 

Ksat 1.000 

PORI 0.268 1.000 

FCI 0.030 0.652 1.000 

WPI -0.167 0.374 0.847 1.000 

OMI -0.118 0.385 0.296 0.497 1.000 

POR2 0.463 0.583 0.430 0.198 -0.002 1.000 

FC2 -0.058 0.507 0.665 0.532 0.182 0.753 1.000 

WP2 -0.468 0.362 0.614 0.649 0.307 0.382 0.859 1.000 

OM2 -0.118 0.338 0.286 0.482 0.778 0.123 0.264 0.372 

Clay 0.255 -0.087 -0.143 -0.384 -0.691 0.129 -0.010 -0.234 

Silt -0.346 0.210 0.350 0.628 0.480 -0.007 0.315 0.610 

Ksol -0.284 0.016 0.434 0.328 0.094 0.021 0.388 0.345 

Nsol -0.179 0.254 0.167 0.378 0.763 -0.091 -0.002 0.155 

Psol -0.179 0.254 0.167 0.378 0.763 -0.091 -0.002 0.155 

POTMN -0.185 0.002 -0.083 0.094 0.257 -0.001 0.035 0.108 

Table D.6. continued 

Parameters OM2 I Clay I Silt I Ksol I Nsol I Psol I POTMN 

OM2 1.000 

Clay -0.540 1.000 

Silt 0.562 -0.479 1.000 

Ksol 0.019 0.148 -0.214 1.000 

Nsol 0.726 -0.590 0.446 -0.023 1.000 

Psol 0.726 -0.590 0.446 -0.023 1.000 1.000 

POTMN 0.360 -0.154 0.251 -O.oI8 0.550 0.550 1.000 
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D.3 Model Responses 

The fifty parameter vectors were each introduced to the simulation model together 

with the necessary input files in order to evaluate the effects offour different management 

systems on hydrologic, sedimentation, water quality and crop yield responses of the 

studied watershed. The simulation results consisted of four random samples, each 

containing fifty vectors of average annual values of the above mentioned responses. 

Qualitative comparison between the effects of management systems on water quality 

decision criteria can be performed through side by side illustrations of the box-whisker 

plots of each criterion. On the other hand, statistics of the aforementioned samples can be 

used to provide quantitative comparison of the latter effects. It is important to mention 

that the above experiment generates a large amount of data. One must decide to identify 

those statistics, which are illustrative and informative. Amongst these statistics are the 

mean value and the standard deviation, which, combined with the box-whisker plots of the 

corresponding samples will provide the type of information that are needed for the 

forthcoming analyses. Additionally, the latter values will be used in conjunction with the 

covariance and the correlation matrices of model responses to test the performance of the 

proposed uncertainty analysis method (i.e. QCTM). The following series of tables and 

figures illustrate the above mentioned effects as predicted by the modified GLEAMS 

model for the thirty year (1964-1993) average annual values of twelve model responses on 

WS# 1 near Treynor, Iowa. 
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Table D.7 gives the mean values and the standard deviation values that were 

calculated for the thirty years average annual values of the twelve model responses. These 

values indicate that the DD management system has produced the highest amounts of 

runoff, detachment, sediment yield, nitrogen in runoff, nitrogen in sediment, Atrazine in 

runoff and Atrazine in sediment. As for percolation and the nitrate in percolation, other 

practices such as RT and PT_RT produced larger amounts of both criteria. The simulated 

crop yield varied also between management systems with PT_RT being the highest. 

Table D.7. Expected values and the standard deviations of twelve model responses. 
Values are predicted for fifty Silt-loam, hydrologic group B soils using the modified 
GLEAMS model. 

Management system 

DD RT LT DD PT RT 
Simulated Process Unit 

J.I. cr J.I. cr J.I. cr J.I. cr 

Runoff mm 79.13 33.51 41.13 14.94 54.74 24.80 40.12 16.68 

Soil Detachment tlha 28.36 16.89 5.99 3.33 1.80 1.36 5.76 3.69 

Sediment Yield tlha 22.07 13.26 5.36 3.06 2.11 1.50 0.67 0.33 

Nitrogen in Runoff kg/lla 4.14 2.26 1.96 0.71 3.10 1.39 2.09 0.84 

Nitrogen in Sediment kglha 42.97 31.18 13.82 10.42 5.95 5.60 2.87 2.19 

Phosphorous in Runoff kglha 0.53 0.50 0.09 0.11 0.23 0.31 0.11 0.16 

Phosphorous in Sediment kglha 21.47 15.59 6.90 5.21 2.97 2.80 1.43 1.09 

Percolation mm 124.64 61.31 283.07 56.81 138.03 54.29 168.86 64.05 

Nitrate in Percolation kglha 9.99 7.88 13.95 7.31 11.88 8.00 9.61 7.94 

Atrazine in Runoff glha 20.32 20.34 2.21 5.24 9.09 13.65 3.43 7.40 

Atrazine in Sediment g/lla 2.71 3.33 0.16 0.47 0.25 0.39 0.06 0.12 

Corn yield t1ha 6.40 1.57 5.86 1.32 5.70 1.34 6.90 1.66 
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Figure D.S. Effects of soil related parameter variability on the range of 
variation in model hydrologic response. The box-whisker plots represent 
the distribution of the thirty years average annual values of the model 
responses that were predicted for fifty Silt-Loam, hydrologic group B soils. 
Notice that conservation tillage systems effectively reduced runoff values 
while increasing the total below root percolation. 
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Figure D.9. Effects of soil related parameter variability on the range of 
variation in model sedimentation responses. The box-whisker plots 
represent the distribution of the thirty years average annual values of the 
model responses that were predicted for fifty Silt-Loam, hydrologic group B 
soils. Notice the drastic reduction in soil detachment and sediment yield due 
to conservation tillage systems. 
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Figure D.lO. Effects of soil related parameter variability on the range of 
variation of model predictions of the fate and distribution of Nitrogen. 
The box-whisker plots represent the distribution of the thirty years 
average annual values of the model responses that were predicted for 
fifty Silt-Loam, hydrologic group B soils. Notice that no single 
management system represent a superior system with respect to all three 
responses. 
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Figure D .11. Effects of soil related parameter variability on the range of 
variation of model predictions of the fate and distribution of 
Phosphorous. The box-whisker plots represent the distribution of the 
thirty years average annual values of the model responses that were 
predicted for fifty Silt-Loam, hydrologic group B soils. Notice that, 
notwithstanding the higher values of P concentration that are associated 
with the DD management system, no single conservation tillage 
management system represent a superior system with respect to both 
responses. The absence of P in percolation is due to the zero value 
predictions of the latter response throughout the experiment. 
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Figure D.12. Effects of soil related parameter variability on the range of 
variation of model predictions of the fate and distribution of pesticide 
Atrazine. The box-whisker plots represent the distribution of the thirty 
years average annual values of the model responses that were predicted for 
fifty Silt-Loam, hydrologic group B soils. Notice the competitive 
performance of the RT and PT_RT systems. The absence of P in 
percolation is due to the marginal values of predictions of the latter 
response throughout the experiment. 
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Figure D.13. Effects of soil related parameter variability on the range of 
variation of model predictions of com yield. The box-whisker plots 
represent the distribution of the thirty years average annual values of the 
model responses that were predicted for fifty Silt-Loam, hydrologic group 
B soils. Higher predictions of crop yield for the system PT_RT can be 
explained by the combined effect of moisture detainment and the drainage 
availability of the said system (see Chapter VI for detailed description of 
management systems). 

340 



341 

The following tables list the four resulting covariance matrices and the associated 

correlation metrics. Table D.S provides the abbreviated names of the twelve which will be 

used in the tables to follow. 

Table D.S. Abbreviated name of model responses. 

Response 
Number Response Name Abbreviation 

1 Runoff RO 

2 Soil Detachment SD 

3 Sediment Yield SY 

4 Nitrogen in Runoff NR 

5 Nitrogen in Sediment NS 

6 Phosphorous in Runoff PR 

7 Phosphorous in Sediment PS 

8 Percolation PE 

9 Nitrate in Percolation NP 

10 Atrazine in Runoff RA 

11 Atrazine in Sediment SA 

12 Com yield CY 

Tables (D.9 and D.lO) list the covariance matrices and the correlation matrix for 

the management system DD. Tables (D .11 and D .12) are associated with the management 

system RT. Similarly, (D.13 and D.14) correspond to LT_DD, and (D.lS and D.16) 

represent the system PT_RT. 
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Table D.9. Covariance matrix of the average annual values of model responses for 
deep disking management system (DD). The matrix corresponds to the simulation 
results from fifty Silt-Loam, hydrologic group B soil series. 

RO SD SY NR NS PR PS PE NP RA SA CY 
RO 1123.0 

SD 551.32 285.19 

SY 429.59 220.86 175.94 

NR 74.53 36.26 27.96 5.13 

NS 816.76 381.40 299.81 54.78 971.91 

PR 16.31 7.80 6.07 1.11 12.47 0.25 

PS 408.65 190.88 149.97 27.42 485.86 6.24 242.90 

PE -1114.0 -538.50 -434.12 -68.98 -909.72 -17.31 -455.12 3758.4 

NP -113.73 -55.34 -46.25 -6.65 -116.06 -1.72 -58.06 433.65 62.12 

RA 661.18 315.13 244.36 45.10 514.94 9.95 257.72 -676.49 -69.99 413.79 

SA 84.57 37.05 28.31 5.97 92.86 1.37 46.45 -89.61 -10.56 57.46 11.08 

CY 1.02 0.34 0.72 -0.06 1.44 0.05 0.72 -80.74 -9.27 1.00 0.05 2.45 

Table D.lO. Correlation matrix of the average annual values of model responses for 
deep disking (DD) management system. The matrix corresponds to the simulation 
results from fifty Silt-Loam, hydrologic group B soil series. 

RO SD SY NR NS PR PS PE NP RA SA CY 
RO 1.000 

SD 0.974 1.000 

SY 0.966 0.986 1.000 

NR 0.982 0.948 0.931 1.000 

NS 0.782 0.724 0.725 0.776 1.000 

PR 0.976 0.926 0.917 0.985 0.802 1.000 

PS 0.782 0.725 0.725 0.777 0.991 0.803 1.000 

PE -0.542 -0.520 -0.534 -0.497 -0.476 -0.566 -0.476 1.000 

NP -0.431 -0.416 -0.442 -0.372 -0.472 -0.438 -0.473 0.897 1.000 

RA 0.970 0.917 0.906 0.979 0.812 0.981 0.813 -0.542 -0.437 1.000 

SA 0.758 0.659 0.641 0.792 0.895 0.824 0.895 -0.439 -0.403 0.849 1.000 

CY 0.019 0.013 0.D35 -0.018 0.029 0.070 0.029 -0.841 -0.751 0.031 0.010 1.000 
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Table D .11. Covariance matrix of the average annual values of model responses for 
ridge till management system (RT). The matrix corresponds to the simulation results 
from fifty Silt-Loam, hydrologic group B soil series. 

RO SD SY NR NS PR PS PE NP RA SA CY 

RO 223.33 

SD 47.75 11.11 

SY 43.85 10.09 9.35 

NR 9.94 2.l7 2.00 0.50 

NS 125.57 25.62 23.18 5.46 108.55 

PR 1.58 0.31 0.28 0.07 1.00 0.01 

PS 62.85 12.83 11.60 2.74 54.27 0.50 27.l4 

PE -306.06 -72.40 -65.07 -8.52 -208.95 -1.91 -104.62 3227.0 

NP -51.49 -12.67 -11.45 -1.72 -39.29 -0.30 -19.66 345.67 53.42 

RA 70.81 13.55 12.29 3.17 46.51 0.59 23.27 -83.78 -12.98 27.44 

SA 5.64 1.02 0.92 0.25 4.10 0.05 2.05 -6.57 -1.02 2.37 0.22 

CY 1.52 0.47 0.39 -0.07 0.97 0.01 0.49 -70.31 -6.63 0.l3 0.00 1.73 

Table D.12. Correlation matrix of the average annual values of model responses for 
ridge till management system (RT). The matrix corresponds to the simulation results 
from fifty Silt-Loam, hydrologic group B soil series. 

RO SD SY NR NS PR PS PE NP RA SA CY 

RO 1.000 

SD 0.958 1.000 

SY 0.959 0.990 1.000 

NR 0.939 0.918 0.922 1.000 

NS 0.807 0.738 0.728 0.741 1.000 

PR 0.935 0.824 0.820 0.884 0.852 1.000 

PS 0.807 0.739 0.728 0.742 1.000 0.852 1.000 

PE -0.361 -0.382 -0.375 -0.212 -0.353 -0.297 -0.354 1.000 

NP -0.471 -0.520 -0.512 -0.332 -0.516 -0.365 -0.516 0.833 1.000 

RA 0.904 0.776 0.767 0.854 0.852 0.990 0.853 -0.282 -0.339 1.000 

SA 0.811 0.658 0.649 0.770 0.846 0.950 0.847 -0.249 -0.299 0.972 1.000 

CY 0.077 0.107 0.097 -0.070 0.070 0.031 0.071 -0.941 -0.689 0.019 0.006 1.000 
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Table D.B. Covariance matrix of the average annual values of model responses for 
level terraces with deep disking management system (LT_DD). The matrix 
corresponds to the simulation results from fifty Silt-Loam, hydrologic group B soil 
series. 

RO SO SY NR NS PR PS PE NP RA SA CY 

RO 615.24 

SO 33.05 1.84 

SY 36.51 2.03 2.25 

NR 30.88 1.59 1.74 1.92 

NS 117.69 6.06 6.65 6.49 31.32 

PR 7.37 0.38 0.42 0.41 1.57 0.10 

PS 58.92 3.04 3.33 3.25 15.66 0.79 7.83 

PE -645.23 -34.03 -38.02 -38.50 -131.84 -7.72 -65.99 2947.6 

NP -89.68 -4.99 -5.57 -4.86 -20.60 -0.96 -10.31 367.72 63.95 

RA 321.79 16.57 18.19 17.60 68.50 4.21 34.29 -326.66 -42.26 186.24 

SA 7.87 0.39 0.43 0.46 2.05 O.ll 1.03 -8.26 -1.18 4.91 0.15 

CY 1.30 0.05 0.07 0.24 0.21 0.02 0.10 -64.13 -7.23 0.36 0.00 1.80 

Table D.l4. Correlation matrix of the average annual values of model responses for 
level terraces with deep disking management system (LT_DD). The matrix 
corresponds to the simulation results from fifty Silt-Loam, hydrologic group B soil 
series. 

RO SO SY NR NS PR PS PE NP RA SA CY 

RO 1.000 

SO 0.982 1.000 

SY 0.982 0.999 1.000 

NR 0.899 0.844 0.836 1.000 

NS 0.848 0.799 0.793 0.837 1.000 

PR 0.952 0.895 0.888 0.940 0.898 1.000 

PS 0.849 0.800 0.794 0.838 0.998 0.898 1.000 

PE -0.479 -0.462 -0.467 -0.512 -0.434 -0.455 -0.434 1.000 

NP -0.452 -0.460 -0.464 -0.439 -0.460 -0.386 -0.461 0.847 1.000 

RA 0.951 0.895 0.889 0.931 0.897 0.988 0.898 -0.441 -0.387 1.000 

SA 0.813 0.739 0.732 0.843 0.940 0.915 0.940 -0.390 -0.377 0.922 1.000 

CY 0.039 0.027 0.032 0.131 0.027 0.047 0.027 -0.881 -0.674 0.020 0.006 1.000 
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Table D.15. Covariance matrix of the average annual values of model responses for 
parallel terraces with ridge till management system (PT_RT). The matrix corresponds 
to the simulation results from fifty Silt-Loam, hydrologic group B soil series. 

RO SO SY NR NS PR PS PE NP RA SA CY 

RO 278.30 

SO 60.85 13.61 

SY 5.27 1.12 0.11 

NR 11.11 2.48 0.20 0.70 

NS 28.00 6.37 0.51 1.30 4.79 

PR 2.49 0.56 0.04 0.11 0.29 0.03 

PS 14.02 3.19 0.26 0.65 2.39 0.14 1.20 

PE -329.39 -73.60 -7.33 -17.39 -43.10 -2.68 -21.58 4102.4 

NP -41.57 -9.18 -0.97 -2.40 -6.21 -0.31 -3.11 467.28 63.02 

RA 115.15 25.88 2.01 4.98 13.46 1.16 6.74 -120.22 -14.21 54.80 

SA 1.71 0.39 0.03 0.08 0.24 0.02 0.12 -1.88 -0.24 0.86 0.02 

CY 0.60 0.12 0.04 0.13 0.17 0.00 0.09 -100.13 -11.22 -0.24 -0.01 2.76 

Table D.16. Correlation matrix of the average annual values of model responses for 
parallel terraces with ridge till management system (PT_RT). The matrix corresponds 
to the simulation results from fifty Silt-Loam, hydrologic group B soil series. 

RO SO SY NR NS PR PS PE NP RA SA CY 

RO 1.000 

SO 0.989 1.000 

SY 0.964 0.927 1.000 

NR 0.796 0.803 0.742 1.000 

NS 0.767 0.789 0.716 0.708 1.000 

PR 0.943 0.954 0.846 0.813 0.823 1.000 

PS 0.768 0.790 0.717 0.709 1.000 0.824 1.000 

PE -0.308 -0.311 -0.349 -0.325 -0.307 -0.265 -0.308 1.000 

NP -0.314 -0.314 -0.373 -0.361 -0.357 -0.250 -0.358 0.919 1.000 

RA 0.932 0.948 0.829 0.804 0.831 0.995 0.832 -0.254 -0.242 1.000 

SA 0.832 0.858 0.742 0.733 0.891 0.930 0.891 -0.238 -0.246 0.942 1.000 

CY 0.022 0.020 0.073 0.092 0.048 -0.002 0.048 -0.941 -0.851 -0.019 -0.028 1.000 
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D.4 SIGNIFICANCE LEVELS IN RESPONSE CORRELATION 

According to Hogg and Tannis (1977), the cumulative density function of the 

correlation coefficient estimate p of two random variables is given by 

p 

( )-J r[(n-l)/2] 3)(n-4)/2di 
Pr r::; p --1 r(1/2)r[(n _ 2)/2] (1- p p , (D.1) 

where 

r : is the gamma function, and 
n : is the sample size. 

Equation (D. 1) was numerically integrated to determine the confidence levels of 

the correlation coefficients in tables (D. 10, 0.12, 0.14 and 0.16). Figure (D. 14) illustrates 

the integrated values and the significance levels associated with the correlation coefficients 

of a sample of 50 observations. Tables (D.17, 0.18, 0.19 and 0.20) list the computed 

significance levels of the correlation coefficients of the twelve model responses for the 

four management systems. Each table entry represents the lower bound on the significance 

level for which the hypothesis Ipl > 0 must be rejected with respect to the correlation 

coefficient between the two model responses. For example, if a table entry has a value 

0.05, then the above mentioned hypothesis is rejected for any significance level below 

0.05. 

The identification of the correlation coefficients significance levels bears an 

important impact on the decision to use analytical uncertainty analysis for covariance 
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propagation. Attempting to evaluate the covariance of two model responses which are not 

significantly correlated is a rather pointless exercise. This is due to the inability to 

distinguish the correlation coefficients of the two responses from zero at reasonable 

confidence level. 
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Figure D.14. CDF significance levels of the correlation coefficients 
based on 48 degrees of freedom sample of two random variables (i.e. 
sample size =50). 
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Table D.17. Significance levels of the correlation coefficients of the average annual 
values of model responses for DD management system. 

RO SD SY NR NS PR PS PE NP RA SA CY 

RO 0.000 

SD 0.000 0.000 

SY 0.000 0.000 0.000 

NR 0.000 0.000 0.000 0.000 

NS 0.000 0.000 0.000 0.000 0.000 

PR 0.000 0.000 0.000 0.000 0.000 0.000 

PS 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

PE 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

NP 0.002 0.003 0.001 0.008 0.001 0.002 0.001 0.000 0.000 

RA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.002 0.000 

SA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.004 0.000 0.000 

CY 0.890 0.923 0.809 0.901 0.836 0.629 0.836 0.000 0.000 0.825 0.945 0.000 

Table D.18. Significance levels of the correlation coefficients of the average annual 
values of model responses for R T management system. 

RO SD SY NR NS PR PS PE NP RA SA CY 

RO 0.000 

SD 0.000 0.000 

SY 0.000 0.000 0.000 

NR 0.000 0.000 0.000 0.000 

NS 0.000 0.000 0.000 0.000 0.000 

PR 0.000 0.000 0.000 0.000 0.000 0.000 

PS 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

PE 0.010 0.006 0.007 0.139 0.012 0.036 0.012 0.000 

NP 0.001 0.000 0.000 0.019 0.000 0.009 0.000 0.000 0.000 

RA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.048 0.016 0.000 

SA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.082 0.036 0.000 0.000 

CY 0.590 0.460 0.498 0.629 0.624 0.825 0.624 0.000 0.000 0.896 0.962 0.000 
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Table D.19. Significance levels of the correlation coefficients of the average annual 
values of model responses for LT _ DD management system. 

RO SD SY NR NS PR PS PE NP RA SA CY 
RO 0.000 

SD 0.000 0.000 

SY 0.000 0.000 0.000 

NR 0.000 0.000 0.000 0.000 

NS 0.000 0.000 0.000 0.000 0.000 

PR 0.000 0.000 0.000 0.000 0.000 0.000 

PS 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

PE 0.000 0.001 0.001 0.000 0.002 0.001 0.002 0.000 

NP 0.001 0.001 0.001 0.001 0.001 0.006 0.001 0.000 0.000 

RA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.001 0.006 0.000 

SA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.005 0.007 0.000 0.000 

CY 0.783 0.852 0.820 0.361 0.847 0.741 0.847 0.000 0.000 0.890 0.962 0.000 

Table D.20. Significance levels of the correlation coefficients of the average annual 
values of model responses for PT_RT management system. 

RO SD SY NR NS PR PS PE NP RA SA CY 
RO 0.000 

SD 0.000 0.000 

SY 0.000 0.000 0.000 

NR 0.000 0.000 0.000 0.000 

NS 0.000 0.000 0.000 0.000 0.000 

PR 0.000 0.000 0.000 0.000 0.000 0.000 

PS 0.000 0.000 0.000 0.000 0.000 0.000 0.000 

PE 0.030 0.028 0.013 0.022 0.030 0.064 0.030 0.000 

NP 0.027 0.027 0.008 0.010 0.011 0.081 0.011 0.000 0.000 

RA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.076 0.092 0.000 

SA 0.000 0.000 0.000 0.000 0.000 0.000 0.000 0.097 0.086 0.000 0.000 

CY 0.879 0.890 0.610 0.521 0.741 0.989 0.741 0.000 0.000 0.896 0.852 0.000 



APPENDIXE 

LISTING OF SENSITIVITY ORDER IDENTIFICATION OF MODEL 

RESPONSES 

E.1 Description of Table 

350 

The following table lists the sensitivity order identification variables. The table is 

divided into twelve parts. One for each model response. Each part includes sensitivity 

order identification results corresponding to the four management systems. For a given 

management system (Le. sub-table), response (Le. table's title or first cell) and parameter 

(i.e. row) the column entries are 

l.max (RRS-) [u-aJ 

This entry includes the largest relative sensitivity that was obtained by perturbing 

the parameter in the negative direction between its mean value m and standard deviation s. 

Notice that the sign of the sensitivity is maintained despite the fact the value represents the 

largest absolute value. 

l.max (RRS+) [u+a] 

Same as above, but in the positive direction. 



351 

Order identification: 

This entry is divided into three sub-entries which are 

assumes a value of 1 when the quadratic coefficient of the univariate second 

order regression equation was found to be significant at 10% significance level (i.e. 

indicating that the upper and lower confidence intervals were of equal signs). When the 

coefficient is not significant, entry value assumes a value of -1 (i.e. indicating that the 

upper and lower confidence intervals were of different signs) 

1L 

assumes a value of 1 when the linear coefficient of the univariate second order 

regression equation was found to be significant at 10% significance level (i.e. indicating 

that the upper and lower confidence intervals were of equal signs). When the coefficient is 

not significant, entry value assumes a value of -1 (i.e. indicating that the upper and lower 

confidence intervals were of different signs) 

An alphabetic index that can assume the following characters 

Q : Response was found to be quadratic (a=l) 

1 : Response was found to be linear only (a=-l, b=l) 

I: Response was found to be insensitive (a=-l, b=-l, RRS+=O and RRS-=O) 

U: Unidentified (a=-l, b=-l, RRS+:;cO or RRS4 0) 



Table E.l. Univariate sensitivity order identification of the modified GLEAMS thirty years average annual predictions of 
twelve water quality decision criteria. 

(1) Runoff 

(1) Alternative Management Systems 

Runoff Conventional Practice Management System #1 Management System #2 Management System #3 

Deep Disking Ridge Till Level Terraces Deep Disking Parallel Terraces Ridge Till 

Crnm) max max Order max max Order max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification (RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

Parameter [/l-cr] [IJ.+cr] a b 0 [/l-cr] [/l+cr] a b 0 [/l-cr] [/l+cr] a b 0 [/l-cr] [/l+cr] a b 0 

CNII -0.3937 0.9326 1 1 Q -0.0969 1.0644 1 1 Q -0.4065 1.2319 1 1 Q -0.3392 1.5533 1 1 Q 

Ksat 0.1008 -0.0161 1 1 Q 0.1671 -0.0189 1 1 Q 0.1268 -0.0190 1 1 Q 0.1742 -0.0245 1 1 Q 

PORI 0.Ql96 -0.0150 1 1 Q 0.0179 -0.0136 1 1 Q 0.0211 -0.0158 1 1 Q 0.0238 -0.0179 1 1 Q 

FCI -0.0415 0.0453 1 1 Q -0.0383 0.0421 1 1 Q -0.0454 0.0510 1 -1 Q -0.0477 0.0543 1 -1 Q 

WPI 0.0220 -0.0267 1 1 Q 0.0196 -0.0213 1 1 Q 0.0245 -0.0296 1 -1 Q 0.0244 -0.0272 1 1 Q 

OMI 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

POR2 0.0838 -0.0543 1 1 Q 0.0770 -0.0482 1 I Q 0.0975 -0.0611 1 1 Q 0.0967 -0.0591 1 1 Q 

FC2 -0.1162 0.1410 1 1 Q -0.1085 0.1511 1 1 Q -0.1327 0.1713 1 1 Q -0.1278 0.1702 1 1 Q 

WP2 0.0459 -0.0526 1 1 Q 0.0494 -0.0534 1 1 Q 0.0548 -0.0606 1 1 Q 0.0526 -0.0598 1 1 Q 

OM2 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

Ksol 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 -1 I 

PTMN 0 0 -1 -1 I 0 0 -1 -1 I 0 0 -1 _ -1 I 0 0 -1 _ ~- I 
- - - w 

VI 
N 



Table E.!. Continued, 

(2) 

Soil Conventional Practice 
Detachment 

Deep Dishing 

(ton/ha) max max Order 
(RRS-) (RRS+) Identification 

Parameter [~-<J] [~+cr] a b 0 

CNII -0.5333 1.2792 I I Q 
Ksat 0.1485 -0.0219 I I Q 

PORI 0.0229 -0.0171 I I Q 
FC} -0.0495 0.0563 I -I Q 
WPI 0.0290 -0.0369 I -I Q 
OMI 0 0 -I -I I 

PORl 0.1060 -0.0673 1 I Q 
FC2 -0.1456 0.1836 I I Q 
WP2 0.0604 -0.0672 I 1 Q 
OM2 0 0 -1 -I I 

Ksol -0.1327 0.1105 1 I Q 
Clay -0.0320 0.0111 1 I Q 
Silt 0.0257 -0.0247 -1 I L 

Nsol 0 0 -1 -1 I. 
Psol 0 0 -1 -I I 

PTMN 0 0 -I -1 I 

(2) Soil detachment 

Alternative Management Systems 

Management System # I Management System #2 

Ridge Till Level Terraces Deep Disking 

max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[~-<J] [~+cr] a b 0 ~-<J] [~+cr] a b 0 

-0.1946 1.9000 I I Q -0.6300 1.9018 I I Q 
0.2921 -0.0299 I I Q 0.2101 -0.0328 1 I Q 
0.0244 -0.0183 1 1 Q 0.0250 -0.0190 1 I Q 
-0.0533 0.0602 I -I Q -0.0569 0.0650 1 I Q 
0.0281 -0.0298 I I Q 0.0323 -0.0410 I I Q 

0 0 -I -I I 0 0 -1 -I I 

0.II42 -0.0661 1 I Q 0.1223 -0.0798 1 I Q 
-0.1483 0.2240 I 1 Q -0.1634 0.2108 1 1 Q 
0.0703 -0.0729 1 I Q 0.0673 -0.0736 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0921 0.0438 1 1 Q -0.0504 0.0460 -1 1 L 

-0.0997 0.0301 1 1 Q 0.1021 -0.0796 1 1 Q 
0.0369 -0.0417 1 1 Q -0.0688 0.0575 1 1 Q 

0 0 -I -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -I -1 I 0 ,-----0 _ ~. -1 I 

Management System #3 

Parallel Terraces Ridge Till 

max max Order 
(RRS-) (RRS+) Identification 

[~-<J] [~+cr] a b 0 

-0.4514 2.1553 I 1 Q 

0.2450 -0.0328 I I Q 
0.0287 -0.0213 I I Q 
-0.0578 0.0668 I I Q 
0.0307 -0.0329 I I Q 

0 0 -I -I I 

0.1165 -0.0712 I I Q 
-0.1515 0.2036 1 1 Q 
0.0639 -0.0708 I 1 Q 

0 0 -1 -1 I 

-0.0007 0.0041 1 1 Q 
-0.0644 0.0214 1 1 Q 
0.0593 -0.0369 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -I I 

0 0 -I -I I 

w 
VI 
W 



Table E.l. Continued, 

(3) 

Sediment Conventional Practice 
Yield 

Deep Disking 

(tonlha) max max Order 
(RRS-) (RRS+) Identification 

Parameter [J.l--cr] (J.l+<>] a b 0 

CNII -0.5233 1.2259 I I Q 

Ksat 0.1430 -0.0223 1 1 Q 

PORI 0.0210 -0.0185 1 1 Q 

FCI -0.0489 0.0545 1 -1 Q 

WPI 0.0262 -0.0359 1 -1 Q 

OMI 0 0 -1 -1 I 

POR2 0.1025 -0.0651 1 1 Q 

FC2 -0.1421 0.1764 1 1 Q 

WP2 0.0571 -0.0640 1 1 Q 

OM2 0 0 -1 -1 I 

Ksol -0.1135 0.1038 1 1 Q 

Clay -0.0224 -0.0213 1 1 Q 

Silt -0.0642 0.0488 1 1 Q 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

PTMN 0 0 -1 -1 I 

(3) Sediment yield oil detachment 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 

max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[J.l--cr] [J.l+<>] a b 0 (J.l--cr] [J.l+<>] a b 0 

-0.1892 1.9680 1 1 Q -0.6302 1.6662 1 1 Q 

0.3077 -0.0283 1 1 Q 0.1858 -0.0329 1 1 Q 

0.0261 -0.0204 1 1 Q 0.0338 -0.0260 1 1 Q 

-0.0515 0.0581 1 1 Q -0.0519 0.0597 1 -1 Q 

0.0275 -0.0287 1 1 Q 0.0277 -0.0371 1 1 Q 
0 0 -1 -1 I 0 0 -1 -1 I 

0.1085 -0.0641 1 1 Q 0.1135 -0.0739 1 1 Q 
-0.1436 0.2112 1 1 Q -0.1508 0.1879 1 1 Q 
0.0687 -0.0712 1 1 Q 0.0650 -0.0679 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0697 0.0371 1 1 Q -0.0403 0.0318 1 1 Q 
-0.0350 -0.0177 1 1 Q 0.0847 -0.0723 1 1 Q 

-0.0359 0.0239 1 1 Q -0.0563 0.0443 1 1 Q 
0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

Management System #3 

Parallel Terraces Ridge Till 

max max Order 
(RRS-) (RRS+) Identification 

(J.l--cr] [J.l+<>] a b 0 

-0.4212 1.4605 1 1 Q 

0.1685 -0.0258 1 1 Q 

0.0242 -0.0178 1 1 Q 
-0.0469 0.0533 1 -1 Q 
0.0232 -0.0274 1 1 Q 

0 0 -1 -1 I 

0.0946 -0.0583 1 1 Q 
-0.1286 0.1640 1 1 Q 
0.0498 -0.0590 1 1 Q 

0 0 -1 -1 I 

-0.0372 0.0397 1 1 Q 
-0.0420 0.0899 1 1 Q 
-0.1000 0.0892 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

w 
VI 
~ 



Table E.!. Continued, 

(4) 

Nitrogen in Conventional Practice 

Runoff Deep Disking 

(kgIha) max max Order 
(RRS-) (RRS+) Identification 

Parameter [~--()] ~+O"] a b 0 

CNII -0.4330 2.0040 1 1 Q 

Ksat 0.1220 -0.0077 1 1 Q 

PORI -0.0930 0.7442 -1 -1 U 

FCI -0.0630 0.0411 1 1 Q 

WPI 0.0298 -0.0439 1 -1 Q 

OMI 0.0023 -0.0020 1 1 Q 

POR2 0.10&4 -0.0741 1 1 Q 

FC2 -0.1449 0.1775 1 1 Q 

WP2 0.0665 -0.0806 1 1 Q 

OM2 0.0107 -0.0062 1 1 Q 

Ksol 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

PTMN -0.0041 0.0043 1 1 Q 
- -

(4) Nitrogen in runoff 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 

max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[~--()] [~+O"] a b 0 ~--()] [~+O"] a b 0 

-0.0426 0.7213 1 1 Q -0.3603 2.1588 1 1 Q 

0.0925 -0.0064 1 1 Q 0.1575 0.0077 1 1 Q 

-0.1771 2.2169 -1 -1 U -0.0874 1.7670 1 1 Q 

-0.0348 0.0373 1 1 Q -0.0612 0.0550 1 1 Q 

0.0176 -0.0188 1 1 Q 0.0381 -0.0348 -1 1 L 

0.0014 -0.0013 1 1 Q 0.0044 -0.0036 1 1 Q 

0.0731 -0.0461 1 1 Q 0.1366 -0.0673 1 1 Q 

-0.1002 0.1306 1 1 Q -0.1616 0.2083 1 -1 Q 

0.0464 -0.0541 1 1 Q 0.1071 -0.0820 -1 1 L 

0.0067 -0.0043 1 1 Q 0.0212 -O.D108 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0014 0.0014 1 1 Q -0.0035 0.0036 1 1 Q 

Management System #3 

Parallel Terraces Ridge Till 

max max Order 
(RRS-) (RRS+) Identification 

[~--()] ~+O"] a b 0 

-0.2541 2.0953 1 1 Q 

0.1722 -0.0156 1 1 Q 

0.1271 2.8871 1 1 Q 

-0.0407 0.0524 1 1 Q 

0.0245 -0.0267 1 1 Q 

0.0013 -0.0012 1 1 Q 

0.1009 -0.0597 1 1 Q 

-0.1048 0.1629 1 1 Q 

0.0446 -0.0508 1 -1 Q 
0.0060 -0.0037 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

-0.0023 0.0042 1 1 Q 

VJ 
Vl 
Vl 



Table E.l. Continued, 

(5) 

Nitrogen in Conventional Practice 
Sediment Deep Disking 
(kgIha) max max Order 

(RRS-) .. (RRS+) Identification 

Parameter [J.t-cr] [~+O'] a b 0 

CNll -0.4906 1.0966 1 1 Q 

Ksat 0.1184 -0.0192 1 1 Q 

PORI 0.0195 -0.0172 1 1 Q 

FCI -0.0446 0.0483 1 -1 Q 

WPI 0.0234 -0.0306 1 -1 Q 

OMI 0 0 -1 -1 I 

POR2 0.0919 -0.0591 1 1 Q 

FC2 -0.1284 0.1570 1 1 Q 

WP2 0.0509 -0.0577 1 1 Q 

OM2 0 0 -1 -1 I 

!(sol -0.0883 0.0820 1 1 Q 

Clay -0.0168 -0.0171 1 1 Q 

Silt -0.0524 0.0425 1 1 Q 

Nsol -0.5073 0.5073 -1 1 L 

Psol 0 0 -1 -1 I 

PTMN 0 0 -1 -1 I 

(5) Nitrogen in sediment 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 

max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[~-cr] [J.t+O'] a b 0 [~-cr] [~+O'] a b 0 

-0.1679 1.5670 1 1 Q -0.5977 1.4861 1 1 Q 

0.2499 -0.0254 1 1 Q 0.1561 -0.0279 1 1 Q 

0.0231 -0.0181 1 1 Q 0.0310 -0.0228 1 1 Q 

-0.0453 0.0515 1 1 Q -0.0445 0.0532 1 1 Q 

0.0240 -0.0249 1 1 Q 0.0237 -0.0318 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0.0961 -0.0559 1 1 Q 0.1012 -0.0633 1 1 Q 

-0.1259 0.1863 1 1 Q -0.1362 0.1726 1 1 Q 

0.0616 -0.0624 -1 1 L 0.0581 -0.0607 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0608 0.0336 1 1 Q -0.0345 0.0308 1 1 Q 

-0.0292 -0.0114 1 1 Q 0.0549 -0.0417 1 1 Q 

-0.0361 0.0279 1 1 Q -0.0416 0.0356 1 1 Q 

-0.5073 0.5073 -1 1 L -0.5071 0.5078 -1 1 L 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

Management System #3 

Parallel Terraces Ridge Till 

max max Order 
(RRS-) (RRS+) Identification 

[~-cr] [~+O'] a b 0 

-0.3900 1.3053 1 1 Q 

0.1485 -0.0223 1 1 Q 

0.0222 -0.0161 1 1 Q 

-0.0427 0.0497 1 -1 Q 

0.0211 -0.0254 1 -1 Q 

0 0 -1 -1 I 

0.0902 -0.0533 1 1 Q 

-0.1208 0.1549 1 1 Q 

0.0456 -0.0544 1 -1 Q 

0 0 -1 -1 I 

-0.0334 0.0345 1 1 Q 

-0.0388 0.0723 1 1 Q 

-0.0857 0.0771 1 1 Q 

-0.5073 0.5073 -1 1 L 

0 0 -1 -1 I 

0 0 -1 -1 I 
- - --

w 
VI 
0\ 



Table E.!. Continued, 

(6) 

Phosphorus Conventional Practice 

in Runoff Deep Disking 
(kgIha) max max Order 

(RRS-) (RRS+) Identification 

Parameter ij.L--cr] [Jl+a] a b 0 

CNII -0.7092 3.2413 1 1 Q 
Ksat 0.1410 -0.0173 1 1 Q 

PORI -0.0730 0.0776 1 1 Q 
FCI -0.1021 0.1105 1 1 Q 

WPI 0.0596 -0.0714 1 -1 Q 
OMI 0 0 -1 -1 I 

POR2 0.2229 -0.1372 1 1 Q 
FC2 -0.2743 0.3928 1 1 Q 

WP2 0.1174 -0.1330 1 1 Q 
OM2 0 0 -1 -1 I 

Ksol 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 

Pso1 0 0 -1 -1 I 

PIMN 0 0 -1 -1 I 

(6) Phosphorous in runoff 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 

max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

ij.L--cr] ij.L+a] a b 0 [Jl--cr] [Jl+a] a b 0 

-0.1192 6.2107 1 1 Q -0.7610 5.0495 1 1 Q 
0.2456 -0.0246 1 1 Q 0.1842 -0.0217 1 1 Q 
0.1083 -0.1048 -1 -1 U -0.0603 0.0710 1 1 Q 
-0.0478 0.0534 1 -1 Q -0.1058 0.1360 1 1 Q 
0.0239 -0.0290 1 1 Q 0.0726 -0.0721 -1 1 L 

0 0 -1 -1 I 0 0 -1 -1 I 

0.0980 -0.0582 1 1 Q 0.2791 -0.1481 1 1 Q 
-0.1246 0.2181 1 1 Q -0.3106 0.4999 1 1 Q 
0.0627 -0.0641 -1 1 L 0.1528 -0.1474 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 
--- --

Management System #3 

Parallel Terraces Ridge Till 

mID: max Order 
(RRS-) (RRS+) Identification 

[Jl--cr] [Jl+a] a b 0 

-0.6827 8.5727 1 1 Qi 
0.3134 -0.0382 1 1 Q 

-0.0158 0.0334 1 1 Q 

-0.1139 0.1563 1 1 Q 

0.0777 -0.0710 -1 1 L 

0 0 -1 -1 I 

0.3017 -0.1478 1 1 Q I 

-0.3134 0.5454 1 1 Q I 

0.1624 -0.1498 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -1 I i 

0 0 -1 -1 I I 

0 0 -1 -1 I 

0 0 -1 -1 I I 

0 0 -1 -1 I I 

0 0 -1 -1 I 
-- ---- -- -

w 
Vl 
-....l 



Table E.1. Continued, 

(7) 

Phosphorus Conventional Practice 
in Sediment Deep Disking 

(kglha) max max Order 
(RRS-) (RRS+) Identification 

Parameter [j.1~] [j.1+<T] a b 0 

CNII -0.4906 1.0966 1 1 Q 
Ksat 0.1184 -0.0192 1 1 Q 

PORI 0.0195 -0.0172 1 1 Q 
FCI -0.0446 0.0483 1 -1 Q 
WPI 0.0234 -0.0306 1 -1 Q 
OMI 0 0 -1 -1 I 

POR2 0.0919 -0.0591 1 1 Q 
FC2 -0.1284 0.1570 1 1 Q 
WP2 0.0509 -0.0577 -1 1 L 

OM2 0 0 -1 -1 I 

Ksol -0.0883 0.0820 1 1 Q 
Clay -0.0168 -0.0171 1 1 Q 
Silt -0.0524 0.0425 1 1 Q 

Nsol 0 0 -1 -1 I 

Psol -0.4861 0.4861 -1 1 L 

PTMN 0 0 -1 -1 I 

(7) Phosphorous in sediment 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 
max max Order max max Order 

(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[j.1~] [j.1+<T] a b 0 [j.L~] [j.1+<T] a b 0 

-0.1679 1.5670 1 1 Q -0.5978 1.4852 1 1 Q 
0.2499 -0.0254 1 1 Q 0.1557 -0.0282 1 1 Q 
0.0231 -0.0181 1 1 Q 0.0307 -0.0232 1 1 Q 
-0.0453 0.0515 1 1 Q -0.0448 0.0529 1 1 Q 
0.0240 -0.0249 1 1 Q 0.0234 -0.0321 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0.0961 -0.0559 1 1 Q 0.1009 -0.0636 1 1 Q 
-0.1259 0.1863 1 1 Q -0.1365 0.1722 1 1 Q 
0.0616 -0.0624 -1 1 L 0.0577 -0.0610 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0608 0.0336 1 1 Q -0.0349 0.0304 1 1 Q 
-0.0292 -0.0114 1 1 Q 0.0545 -0.0421 1 1 Q 
-0.0361 0.0279 1 1 Q -0.0419 0.0353 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.4861 0.4861 -1 1 L -0.4861 0.4861 -1 1 L 

0 0 -1 -1 I 0 0 -1 -1 I 
-- ---

Management System #3 
i 

Parallel Terraces Ridge Till 
I 

max max Order 
(RRS-) (RRS+) Identification : 

[jl.~] [J.I.+<T] a b 01 
-0.3900 1.3053 1 1 Q 
0.1485 -0.0223 1 1 Q i 

0.0222 -0.0161 1 1 Q 
-0.0427 0.0497 1 -1 Qi 
0.0211 -0.0254 1 -1 Q 

0 0 -1 -1 I 

0.0902 -0.0533 1 1 QI 
-0.1208 0.1549 1 1 Q 
0.0456 -0.0544 1 -1 Q 

0 0 -1 -1 I I 

-0.0334 0.0345 1 1 Q I 
-0.0388 0.0723 1 1 Q 

-0.0857 0.0771 1 1 Q 

0 0 -1 -1 I 

-0.4861 0.4861 -1 1 L 

0 0 -1 -1 I 

w 
VI 
00 



Table E.1. Continued, 

(8) 

Percolation Conventional Practice 

Deep Disking 
(rom) max max Order 

(RRS-) (RRS+) Identification 

Parameter [~-(J] [J.J:ta] a b 0 

CNII 0.3516 -0.7346 1 1 Q 

Ksat -0.1093 0.0121 1 1 Q 

PORI -0.0176 0.0139 1 1 Q 

FCI 0.0630 -0.0509 1 1 Q 

WPI -0.0316 0.0216 -1 1 L 

OMI -0.0011 0.0012 -1 1 L 

POR2 -0.0759 0.0488 1 1 Q 

FC2 0.4547 -0.2547 1 1 Q 

WP2 -0.1423 0.2512 1 1 Q 

OM2 -0.0035 0.GJ45 1 1 Q 

Ksol 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

PTMN 0 0 -1 -1 I 

(8) Percolation 

Alternative Management Systems 

Management System # 1 Management System #2 

Ridge Till Level Terraces Deep Disking 
max max Order max max Order 

(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

~-a] [~+a] a b 0 [~-a] [~+a] a b 0 

0.0115 -0.1267 1 1 Q 0.2236 -0.6162 1 1 Q 

-0.0247 0.0011 1 1 Q -0.0863 0.0069 1 1 Q 

-0.0024 0.0020 1 1 Q -0.0116 0.0087 1 1 Q 

0.0121 -0.0079 1 1 Q 0.0399 -0.0345 1 1 Q 

-0.0049 0.0058 1 1 Q -0.0244 0.0130 1 1 Q 

-0.0013 0.0013 1 1 Q -0.0017 0.0016 1 1 Q 

-0.0091 0.0057 1 1 Q -0.0531 0.0329 1 1 Q 

0.1185 -0.0416 1 1 Q 0.3462 -0.1806 1 1 Q 

-0.0258 0.0632 1 1 Q -0.1014 0.1863 1 1 Q 

-0.0046 0.0045 1 1 Q -0.0048 0.0066 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 
- ._--_ .. -

Management System #3 

Parallel Terraces Ridge Till 
max max Order 

(RRS-) (RRS+) Identification 

[~-(J] ~+a] a b 0 

0.0959 -0.4095 1 1 Q 

-0.0709 0.0057 1 1 Q 

-0.0067 0.0055 1 1 Q 

0.0349 -0.0316 1 1 Q 

-0.0193 0.0209 1 1 Q 
0 0 -1 -1 I 

-0.0273 0.0168 1 1 Q 
0.3475 -0.2012 1 1 Q 
-0.1311 0.2076 1 1 Q 
-0.0024 0.0023 -1 1 L 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

O. 0 -1 -1 I 

0 0 -1 -1 I 

'------~ 0 -1 -1 I 

w 
VI 
\0 



Table E.1. Continued, 

(9) 

Nitrate in Conventional Practice 
Percolation Deep Disking 

(kglha) max max Order 
(RRS-) (RRS+) Identification 

Parameter [J.!--cr] [J.!+a] a b 0 

CNII 0.2091 -0.4526 1 1 Q 
Ksat -0.4574 0.2522 1 1 Q 

PORI 0.0089 0.0208 1 1 Q 
FCI 0.0726 -0.0425 -1 1 L 

WPI 0.0143 -0.0715 -1 -1 U 

OMI 0.0477 -0.0425 1 1 Q 
POR2 0.0551 -0.0389 -1 1 L 

FC2 0.6636 -0.2783 1 1 Q 
WP2 -0.0803 0.3498 1 1 Q 
OM2 0.2134 -0.1345 1 1 Q 
Ksol 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

~_1MN -0.0498 0.0512 1 1 Q 

(9) Nitrate in percolation 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 
max max Order max max Order 

(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[Jl--cr] [J.!+a] a b 0 [J.!--cr] [J.!+a] a b 0 

0.0104 -0.1077 1 1 Q 0.1857 -0.4000 1 1 Q 
-0.3514 0.1497 1 1 Q -0.4173 0.2791 1 1 Q 
-0.0180 0.0194 1 -1 Q -0.0251 0.0196 1 1 Q 
0.0217 -0.0175 -1 1 L 0.0572 -0.0202 1 1 Q 
-0.0078 0.0115 -1 -1 U -0.0225 -0.0509 1 1 Q 
0.0424 -0.0377 1 1 Q 0.0448 -0.0384 1 1 Q 
0.0487 -0.0416 1 1 Q 0.0572 -0.0341 1 1 Q 
0.2116 -0.1601 1 1 Q 0.5193 -0.1561 1 1 Q 
-0.0685 0.0349 1 1 Q -0.0500 0.2902 1 1 Q 
0.1949 -0.1363 1 1 Q 0.2070 -0.1205 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0372 0.0387 1 1 Q -0.0387 0.0402 1 1 Q 

Management System #3 
I 

Parallel Terraces Ridge Till _I 
max max Order 

(RRS-) (RRS+) Identification! 

[J.!--cr] [J.!+a] a b o i 

0.0400 -0.2538 1 1 Q 
-0.4521 0.1864 1 1 Qi 
-0.0147 0.0154 -1 1 LI 
0.0507 -0.0353 1 1 Q, 
-0.0172 0.0169 -1 -1 U·i 

0.0466 -0.0414 1 1 QI 
0.0483 -0.0521 -1 1 Q 
0.7026 -0.3409 1 1 Qi 
-0.2378 0.3653 1 1 QI 
0.2020 -0.1311 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -1 I , 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I i 

-0.0439 0.0444 1 1 Q 

IN 
0\ 
o 



Table E.1. Continued, 

(10) 

Atrazinein Conventional Practice 
Runoff Deep Disking 
(gIha) max max Order 

(RRS-) (RRS+) Identification 

Parameter [Il-cr] [IlM] a b 0 

CNll -0.7195 2.5914 1 1 Q 

Ksat 0.1572 -0.0093 1 1 Q 

PORI 0.0389 -0.0321 1 1 Q 

FCI -0.1049 0.1128 1 1 Q 

WPI 0.0677 -0.0779 1 1 Q 

OMI -0.1835 -0.2195 -1 -1 U 

POR2 0.2133 -0.1278 1 1 Q 

FC2 -0.2670 0.3710 1 1 Q 

WP2 0.1131 -0.1254 1 1 Q 

OM2 0 0 -1 -1 I 

Ksol 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

PTIv1N 0 0_ -1 -1 I 
- - -

(10) Atrazine in runoff 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 
max max Order max max Order 

(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[Il-cr] [Jl+<J] a b 0 [Jl-cr] [1l+<J] a b 0 

-0.6189 84.9067 1 1 Q -0.8289 4.4194 1 1 Q 

2.0080 -0.0314 1 1 Q 0.2313 -0.0140 1 1 Q 

0.1590 -0.1213 1 1 Q 0.0637 -0.0458 1 1 Q 

-0.4292 0.4489 -1 -1 U -0.1155 0.1544 1 1 Q 

0.2166 -0.3663 1 1 Q 0.0959 -0.0847 1 1 Q 

-0.5273 0.4596 -1 1 L -0.2861 -0.2060 -1 -1 U 

0.7435 -0.3899 1 1 Q 0.2876 -0.1568 1 1 Q 

-0.5321 1.8429 1 1 Q -0.3242 0.5119 1 1 Q 

0.4375 -0.3843 -1 1 L 0.1629 -0.1542 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 ~ ._ I 0 0 -1_ ---=! .. I 
-- -- ----_ .. - --

Management System #3 

Parallel Terraces Ridge Till 
max max Order 

(RRS-) (RRS+) Identification 

[Il-cr] [Jl+<J] a b 0 

-0.9488 9.0054 1 1 Q 

0.4290 -0.0407 1 1 Q 

0.0935 -0.0734 1 1 Q 

-0.1517 0.1900 1 1 Q 

0.1040 -0.1019 -1 1 L 

-0.3973 -0.1843 -1 1 L 

0.3594 -0.1938 1 1 Q 

-0.4048 0.6484 1 1 Q 

0.1909 -0.1950 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 
~-- - -- -

W 
0\ -



Table E.l. Continued, 

(11) 

Atrazinein Conventional Practice 

Sediment Deep Disking 

(gIha) max max Order 
(RRS~) (RRS+) Identification 

Parameter [J,l-O"] [J,l+o] a b 0 

CNII -D.7244 2.7074 1 1 Q 

Ksat 0.1667 -D. 0244 1 1 Q 

PORI 0.0275 -D.0367 1 1 Q 

FCI -D.1 061 0.1168 1 1 Q 

WPI 0.0522 -D.0783 -1 -1 U 

OMI -D.6088 0.5314 -1 1 L 

POR2 0.2198 -D. 1306 1 1 Q 

FC2 -D.2712 0.3823 1 1 Q 

WP2 0.1186 -D.1285 1 1 Q 

OM2 0 0 -1 -1 I 

Ksol -D.0884 0.0552 1 1 Q 

Clay -D.l051 -D.0768 1 1 Q 

Silt 0.0939 -D.0849 1 1 Q 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

PTMN 0 0 -1 -1 I 

(11) Atrazine in sediment 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 
max max Order max max Order 

(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[J,l-O"] [J,l+o] a b 0 [J,l-O"] [J,l+o] a b 0 

-D.7789 132.7982 1 1 Q -D.7871 3.0193 1 1 Q 

4.4177 -D.0770 1 1 Q 0.1547 -D.OI04 1 1 Q 

0.2036 -D.I520 1 1 Q 0.0612 -D.0489 1 1 Q 

-D.4380 0.4688 -1 -1 U -D.0861 0.1164 1 1 Q 

0.1929 -D.3682 1 1 Q 0.0695 -D.0644 -1 1 L 

-D.8248 1.5351 1 1 Q -D.6569 0.6128 -1 1 L 

0.7727 -D.4243 1 1 Q 0.2178 -D. 1229 1 1 Q 

-D.5994 2.0316 1 1 Q -D.2624 0.4013 1 1 Q 

0.4920 0.0000 0 0 Q 0.1274 -D. 1227 -1 1 L 

0 0 0 0 I 0 0 -1 -1 I 

0 0 0 0 I -D.0891 0.0846 -1 1 Q 

0 0 0 0 I 0.1174 -D.0837 1 1 Q 

0 0 0 0 I 0.0255 -D.0122 1 1 Q 

0 0 0 0 I 0 0 -1 -1 I 

0 0 0 0 I 0 0 -1 -1 I 

0 0 0 0 I 0 0 -1 -1 I 

Management System #3 

Parallel Terraces Ridge Till 

max max Order 
(RRS-) (RRS+) Identification I 

[J,l-O"] [J,l+o] a b 01 
-D.9069 2.9633 1 1 Q 
0.1725 -D.0211 1 1 QI 
0.0558 -D.0443 1 1 QI 
-D.0790 0.0919 1 -1 Q 
0.0568 -D.0553 -1 1 L 

-D.7058 0.6940 -1 1 LI 

0.1717 -D.1027 1 1 Q 
-D.2494 0.2732 1 1 Q i 

0.0843 -D.1022 1 -1 QI 
0 0 -1 -1 I 

-D.1452 0.1411 1 1 QI 
0.0782 -D.0560 1 1 QI 
0.0153 -D.OI42 1 1 Q 

0 0 -1 -1 I , 

0 0 -1 -1 I I 

0 0 -1 -1 I 

W 
0. 
tv 



Table E.l. Continued, 

(12) 

Com Conventional Practice 

Crop Yield Deep Disking 

(ton/ha) max max Order 
(RRS-) (RRS+) Identification 

Parameter [J,l.-cr] [J.!+<1] a b 0 

CNII -0.0074 -0.0053 1 1 Q 

Ksat 0.0291 0.0257 1 1 Q 

PORI 0.0060 -0.0063 I -1 Q 

FCI -0.0160 0.0122 -1 1 L 

WPI 0.0094 0.0163 1 I Q 

OMI 0.0081 -0.0073 1 1 Q 

POR2 0.0110 -0.0031 1 1 Q 

FC2 -0.1893 0.0598 1 1 Q 

WP2 0.0480 -0.1038 1 1 Q 

OM2 0.0338 -0.0226 1 1 Q 

Ksol 0 0 -1 -1 I 

Clay 0 0 -1 -1 I 

Silt 0 0 -1 -1 I 

Nsol 0 0 -1 -1 I 

Psol 0 0 -1 -1 I 

PTMN -0.0042 0.0031 1 1 Q 

(12) Com crop yield 

Alternative Management Systems 

Management System #1 Management System #2 

Ridge Till Level Terraces Deep Disking 

max max Order max max Order 
(RRS-) (RRS+) Identification (RRS-) (RRS+) Identification 

[J,l.-cr] [J,l.+<1] a b 0 [J.!-a] [J,l.+a] a b 0 

0.0000 0.0021 1 1 Q -0.0059 0.0123 1 -1 Q 

0.0124 0.0131 1 1 Q 0.0250 0.0305 1 1 Q 

0.0075 -0.0079 1 1 Q 0.0062 -0.0058 1 1 Q 

-0.0080 0.0024 1 1 Q -0.0133 0.0143 -1 -1 U 

0.0014 -0.0025 1 1 Q 0.0075 0.0184 1 1 Q 

0.0091 -0.0082 1 1 Q 0.0095 -0.0093 1 1 Q 

0.0026 -0.0006 1 1 Q 0.0074 -0.0023 1 1 Q 

-0.1181 0.0140 1 1 Q -0.1620 0.0422 1 1 Q 

0.0116 -0.0552 1 1 Q 0.0344 -0.0807 1 1 Q 

0.0391 -0.0266 1 1 Q 0.0387 -0.0303 1 1 Q 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

0 0 -1 -1 I 0 0 -1 -1 I 

-0.0045 0.0032 1 1 Q -0.0056 0.0036 1 1 Q 

Wumagement System #3 

Parallel Terraces Ridge Till 

max max Order 
(RRS-) (RRS+) Identification 

[J,l.-a] [J.!+a] a b 0 

-0.0019 -0.0131 1 1 Q 

0.0259 0.0149 1 1 Q 

0.0032 -0.0036 1 1 Q 

-0.0215 0.Gl05 1 1 Q 

0.0085 -O.Gl05 1 1 Q 

0.0059 -0.0052 1 1 Q 

0.0033 -0.0007 1 1 Q 

-0.2688 0.1177 1 1 Q 

0.0869 -0.1568 1 1 Q 

0.0249 -0.0164 1 1 Q 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

0 0 -1 -1 I 

~_64 0.0043 ~,- 1 ~----

W 
0\ 
W 



364 

APPENDIXF 

LISTINGS OF SAMPLE, LINEAR AND QUADRATIC TRAJECTORIES 

This appendix is an integral part of section VII.3 ofthis dissertation. The appendix 

includes five tables. Table F.l is the key for the abbreviations that are used in the 

remaining four tables. 

Table F.l. List of abbreviations 

Abbreviation Meaning 

RO RWlOff 

SD Soil Detachment 

SY Sediment Yield 

NR Nitrogen in Runoff 

NS Nitrogen in Sediment 

PR Phosphorous in Runoff 

PS Phosphorous in Sediment 

PE Percolation 

NP Nitrate in Percolation 

RA Atrazine in Runoff 

SA Atrazine in Sediment 

CY Com yield 

S Column values were obtained from simulation results using the previously 
described filly soil series (values are also listed in appendix D) 

L Column values were obtained using the Linear Trajectory method associated 
with the table header. Compare with column S 

Q Column values obtained using the Quadratic Trajectory method associated with 
the table's header. Compare WiUl column S 
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Table F-2. Expected values of twelve model responses calculated using simulation offifty 
parameter vectors, linear trajectory method and quadratic trajectory method. 

Management system 

DD RT LT DD PT RT 
Trajectory <=:> 

Response .u- S L Q S L Q S L Q S L Q 
RO 79.13 66.17 78.18 41.13 33.66 39.62 54.74 44.15 53.04 40.12 29.68 36.22 

SD 28.36 22.35 27.89 5.99 4.44 5.61 1.80 1.24 1.66 5.76 3.62 4.93 

SY 22.07 17.42 21.66 5.36 3.91 5.01 2.11 1.52 1.98 0.67 0.47 0.58 

NR 4.14 4.45 5.48 1.96 3.09 3.49 3.10 2.49 3.08 2.09 1.62 1.95 

NS 42.97 35.10 42.13 13.82 10.55 13.19 5.95 4.56 5.95 2.87 2.03 2.53 

PR 0.53 0.30 0.51 0.09 0.04 0.07 0.23 0.11 0.21 0.11 0.04 0.08 

PS 21.47 17.56 21.13 6.90 5.35 6.61 2.97 2.23 2.87 1.43 1.03 1.26 

PE 124.6 123.9 123.3 283.1 277.5 280.7 138.0 137.3 137.5 168.9 165.1 171.1 

NP 9.99 9.73 9.48 13.95 14.11 13.43 11.88 11.48 11.15 9.61 9.26 9.25 

RA 20.32 12.32 20.53 2.21 0.19 1.60 9.09 4.07 8.48 3.43 0.20 2.40 

SA 2.71 1.53 2.92 0.16 0.01 0.12 0.25 0.14 0.25 0.06 0,01 0.04 

CY 6.40 6.70 6.52 5.86 6.13 6.24 5.70 6.00 5.91 6.90 7.25 6.99 
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Table F-3. Standard deviations of twelve model responses calculated using simulation of 
fifty parameter vectors, linear trajectory method and quadratic trajectory method. 

Management system 

DD RT LT DD PT RT 
Trajectory ¢ 

Response .0- S L Q S L Q s L Q s L Q 
RO 33.51 28.77 32.06 14.94 8.23 11.18 24.80 18.21 21.13 16.68 10.05 12.83 

SD 16.89 14.82 16.42 3.33 2.06 2.71 1.36 1.03 1.19 3.69 2.21 2.76 

SY 13.26 11.39 12.64 3.06 1.85 2.49 1.50 1.20 1.36 0.33 0.24 0.28 

NR 2.26 1.48 2.19 0.71 0.25 0.65 1.39 0.63 0.96 0.84 0.50 0.69 

NS 31.18 28.04 29.83 10.42 7.85 8.77 5.60 4.59 5.25 2.19 1.72 1.92 

PR 0.50 0.36 0.45 0.11 0.03 0.05 0.31 0.15 0.20 0.16 0.05 0.08 

PS 15.59 12.04 12.90 5.21 3.82 4.43 2.80 2.22 2.53 1.09 0.84 0.93 

PE 61.31 31.08 41.32 56.81 17.77 35.37 54.29 22.42 34.90 64.05 23.97 39.43 

NP 7.88 4.77 5.30 7.31 4.64 5.32 8.00 5.45 5.99 7.94 4.03 4.89 

RA 20.34 14.92 18.42 5.24 1.44 2.41 13.65 7.09 9.08 7.40 2.59 3.94 

SA 3.33 1.91 2.68 0.47 0.12 0.21 0.39 0.23 0.28 0.12 0.07 0.09 

CY 1.57 0.52 0.92 1.32 0.30 0.42 1.34 0.46 0.82 1.66 0.70 1.07 
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Table F-4. Diagonal and below diagonal elements of the covariance matrix of eleven 
model responses calculated using simulation of fifty parameter vectors, linear trajectory 
method and quadratic trajectory method. 

Management system 

DD RT LT DD PT RT 
Trajectory c::> 

Responses S L Q s L Q s L Q s L Q 
(k,r) ~ 

RO RO 1123.0 827.8 1028.0 223.3 67.7 124.9 615.2 331.8 446.3 278.3 101.0 164.6 

RO SD 551.32 419.95 517.99 47.75 16.66 29.71 33.05 18.65 24.70 60.85 21.91 35.03 

RO SY 429.59 322.98 398.47 43.85 15.14 27.40 36.51 21.75 28.28 5.27 2.35 3.51 

RO NR 74.53 41.62 58.75 9.94 1.24 4.15 30.88 9.18 14.91 11.11 2.28 4.35 

RO NS 816.76 605.28 738.97 125.57 42.30 70.64 117.69 69.54 90.32 28.00 11.51 17.00 

RO PR 16.31 10.35 14.11 1.58 0.26 0.55 7.37 2.75 4.08 2.49 0.54 1.01 

RO PS 408.65 223.02 286.19 62.85 20.29 35.36 58.92 33.32 43.23 14.02 5.48 8.03 

RO PE -1114.0 -769.2 -922.9 -306.1 -76.4 -149.6 -645.2 -307.2 -414.2 -329.4 -81.2 -144.6 

RO NP -113.7 -91.1 -107.0 -51.5 -24.1 -37.8 -89.7 -63.0 -76.9 -41.6 -18.8 -30.6 

RO RA 661.18 427.69 576.58 70.81 11.70 25.92 321.79 128.01 187.52 115.15 25.81 48.98 

RO SA 84.57 44.27 65.58 5.63 0.91 2.07 7.87 3.60 4.93 1.71 0.60 0.91 

SD SD 285.19 219.52 269.55 11.11 4.26 7.36 1.84 1.07 1.41 13.61 4.88 7.62 

SD SY 220.86 167.14 205.30 10.09 3.78 6.69 2.03 1.25 1.61 1.12 0.50 0.74 

SD NR 36.26 21.27 29.80 2.17 0.29 0.95 1.59 0.51 0.81 2.48 0.47 0.91 

SD NS 381.40 290.Q3 358.10 25.62 10.27 17.00 6.06 3.77 4.85 6.37 2.55 3.71 

SD PR 7.80 5.24 7.06 0.31 0.06 0.13 0.38 0.15 0.22 0.56 0.12 0.22 

SD PS 190.88 104.73 136.96 12.83 4.91 8.39 3.04 1.81 2.32 3.19 1.21 1.75 

SD PE -538.5 -386.4 -462.3 -72.4 -17.8 -33.0 -34.0 -17.3 -22.7 -73.6 -15.6 -28.8 

SD NP -55.34 -43.00 -51.31 -12.67 -5.61 -8.91 -4.98 -3.44 -4.29 -9.18 -3.90 -6.38 

SD RA 315.13 215.59 288.55 13.55 2.89 6.08 16.57 7.12 10.20 25.88 5.65 10.43 

SD SA 37.05 20.99 30.41 1.02 0.22 0.48 0.39 0.19 0.26 0.39 0.13 0.20 
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Table F-4. Continued 

Management system 

DD RT LT DD PT RT 
Trajectory .::> 

Responses S L Q s L Q s L Q s L Q 
(k,r) .0-

SY SY 175.94 129.64 159.75 9.35 3.44 6.20 2.25 1.45 1.85 0.11 0.06 0.08 

SY NR 27.96 16.30 22.80 2.00 0.28 0.90 1.74 0.60 0.92 0.20 0.06 0.10 

SY NS 299.81 225.48 278.79 23.18 9.05 15.39 6.65 4.41 5.61 0.51 0.27 0.37 

SY PR 6.07 4.03 5.43 0.28 0.06 0.12 0.42 0.18 0.25 0.04 0.01 0.02 

SY PS 149.97 82.18 107.31 11.60 4.34 7.62 3.33 2.12 2.69 0.26 0.13 0.18 

SY PE -434.1 -308.2 -364.5 -65.07 -17.32 -31.00 -38.02 -20.22 -26.25 -7.33 -2.53 -3.60 

SY NP -46.25 -35.62 -42.06 -11.45 -5.17 -8.18 -5.57 -4.05 -4.97 -0.97 -0.52 -0.74 

SY RA 244.36 166.03 222.16 12.29 2.60 5.62 18.19 8.31 11.64 2.01 0.60 1.02 

SY SA 28.31 16.12 23.40 0.92 0.20 0.44 0.43 0.23 0.30 0.03 om 0.02 

NR NR 5.13 2.19 4.79 0.50 0.06 0.43 1.92 0.40 0.93 0.70 0.25 0.48 

NR NS 54.78 27.88 39.33 5.46 0.48 1.91 6.49 1.91 2.99 1.30 0.29 0.48 

NR PR 1.11 0.52 0.86 0.07 0.00 0.02 0.41 0.08 0.14 0.11 0.01 0.03 

NR PS 27.42 9.88 15.27 2.74 0.23 1.06 3.25 0.92 1.43 0.65 0.14 0.22 

NR PE -68.98 -39.37 -61.67 -8.52 -2.53 -7.79 -38.50 -11.64 -18.38 -17.39 -7.59 -10.84 

NR NP -6.65 -4.34 -5.95 -1.72 -0.88 -1.64 -4.86 -3.13 -3.87 -2.40 -1.83 -2.32 

NR RA 45.10 21.32 34.61 3.17 0.19 0.90 17.60 3.49 6.42 4.98 0.54 1.23 

NR SA 5.97 2.08 3.95 0.25 0.01 0.08 0.46 0.10 0.17 0.08 0.01 0.02 

NS NS 971.91 786.28 889.88 108.55 61.63 76.85 31.32 21.09 27.61 4.79 2.97 3.70 

NS PR 12.47 7.65 10.12 1.00 0.16 0.30 1.57 0.58 0.82 0.28 0.06 0.10 

NS PS 485.86 333.36 378.93 54.27 30.00 37.33 15.66 10.19 13.29 2.39 1.45 1.79 

NS PE -909.7 -562.3 -666.6 -209.0 -42.5 -76.3 -131.8 -61.8 -82.4 -43.1 -10.0 -15.6 

NS NP -116.06 -92.91 -104.4 -39.29 -24.56 -31.59 -20.60 -17.16 -19.82 -6.21 -3.77 -4.85 

NS RA 514.94 327.20 425.83 46.51 7.97 14.81 68.50 28.34 39.39 13.46 3.20 5.33 

NS SA 92.86 47.14 59.76 4.10 0.70 1.23 2.05 0.95 1.30 0.24 0.09 0.13 
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Table F-4. Continued 

Management system 

DD RT LT DD PT RT 
Trajectory c:> 

Responses S L Q s L Q s L Q s L Q 
(k,r) ~ 

PR PR 0.25 0.13 0.20 0.01 0.00 0.00 0.10 0.02 0.04 0.02 0.00 0.01 

PR PS 6.24 2.82 3.98 0.50 0.08 0.15 0.78 0.28 0.39 0.14 0.03 0.05 

PR PE -17.31 -9.95 -12.81 -1.91 -0.26 -0.61 -7.72 -2.61 -3.85 -2.68 -0.42 -0.86 

PR NP -1.72 -1.17 -1.40 -0.30 -0.08 -0.15 -0.96 -0.52 -0.65 -0.31 -0.09 -0.17 

PR RA 9.95 5.37 8.23 0.59 0.05 0.12 4.21 1.07 1.78 1.16 0.14 0.32 

PR SA 1.37 0.57 0.99 0.05 0.00 0.01 O.ll 0.03 0.05 0.02 0.00 0.01 

PS PS 242.90 144.93 166.47 27.14 14.62 19.61 7.83 4.93 6.42 1.20 0.71 0.87 

PS PE -455.12 -209.4 -258.7 -104.6 -20.32 -37.43 -65.99 -29.47 -39.61 -21.58 -4.87 -7.63 

PS NP -58.06 -38.41 -43.96 -19.66 -11.97 -15.87 -10.31 -8.31 -9.59 -3. II -1.85 -2.37 

PS RA 257.72 122.15 168.83 23.27 3.83 7.69 34.29 13.60 18.89 6.74 1.53 2.52 

PS SA 46.45 19.14 25.15 2.05 0.34 0.68 1.03 0.46 0.63 0.12 0.05 0.06 

PE PE 3758.4 966.0 1707.3 3227.0 315.9 1251.3 2947.6 502.6 1217.7 4102.4 574.6 1554.6 

PE NP 433.65 114.43 156.38 345.67 45.94 90.06 367.72 86.36 123.62 467.28 71.58 130.14 

PE RA -676.5 -401.5 -524.9 -83.8 -12.0 -30.0 -326.7 -119.1 -178.2 -120.2 -20.2 -44.0 

PE SA -89.61 -42.41 -59.83 -6.57 -0.95 -2.23 -8.26 -3.50 -4.75 -1.88 -0.54 -0.84 

NP NP 62.12 22.77 28.07 53.42 21.53 28.30 63.95 29.73 35.88 63.02 16.21 23.91 

NP RA -69.99 -48.56 -59.22 -12.98 -4.08 -7.05 -42.26 -25.27 -31.45 -14.21 -4.86 -8.61 

NP SA -10.56 -6.75 -7.88 -1.02 -0.36 -0.59 -1.18 -0.88 -0.98 -0.24 -0.15 -0.19 

RA RA 413.79 222.60 339.09 27.44 2.07 5.82 186.24 50.21 82.43 54.80 6.71 15.55 

RA SA 57.46 24.11 39.93 2.37 0.16 0.48 4.91 1.48 2.24 0.86 0.16 0.29 

SA SA 11.08 3.66 7.17 0.22 0.01 0.04 0.15 0.05 0.08 0.02 0.00 0.01 
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Table F-S. Correlation coefficients of eleven model responses calculated using simulation 
offifty parameter vectors, linear trajectory method and quadratic trajectory method. 

Management system 

DD RT LT_DD PT RT 
Trajectory c:> 

Responses S L Q s L Q s L Q s L Q 
(k,r) .0-

RO SD 0.970 0.985 0.984 0.958 0.980 0.979 0.982 0.990 0.984 0.989 0.987 0.989 

RO SY 0.966 0.986 0.983 0.959 0.992 0.985 0.982 0.992 0.985 0.964 0.975 0.972 

RO NR 0.982 0.978 0.838 0.939 0.612 0.570 0.899 0.799 0.732 0.796 0.450 0.490 

RO NS 0.782 0.750 0.773 0.807 0.655 0.721 0.848 0.831 0.814 0.767 0.664 0.689 

RO PR 0.976 0.996 0.973 0.935 0.995 0.977 0.952 0.998 0.978 0.943 0.998 0.971 

RO PS 0.782 0.644 0.692 0.807 0.645 0.714 0.849 0.824 0.808 0.768 0.646 0.672 

RO PE -0.542 -0.860 -0.697 -0.361 -0.523 -0.378 -0.479 -0.752 -0.562 -0.308 -0.337 -0.286 

RO NP -0.431 -0.664 -0.630 -0.471 -0.630 -0.636 -0.452 -0.635 -0.608 -0.314 -0.465 -0.487 

RO RA 0.970 0.996 0.977 0.904 0.988 0.961 0.951 0.992 0.978 0.932 0.992 0.968 

RO SA 0.758 0.805 0.764 0.811 0.957 0.895 0.813 0.872 0.835 0.832 0.900 0.833 

SD SY 0.986 0.991 0.989 0.990 0.986 0.990 0.999 1.000 0.999 0.927 0.942 0.951 

SD NR 0.948 0.970 0.830 0.918 0.575 0.538 0.844 0.789 0.703 0.803 0.422 0.474 

SD NS 0.724 0.698 0.731 0.738 0.634 0.715 0.799 0.794 0.777 0.789 0.671 0.698 

SD PR 0.926 0.979 0.950 0.824 0.980 0.949 0.895 0.984 0.949 0.954 0.989 0.959 

SD PS 0.725 0.587 0.647 0.739 0.622 0.699 0.800 0.787 0.772 0.790 0.652 0.681 

SD PE -0.520 -0.839 -0.681 -0.382 -0.484 -0.344 -0.462 -0.748 -0.547 -0.311 -0.295 -0.264 

SD NP -0.416 -0.608 -0.590 -0.520 -0.586 -0.617 -0.460 -0.611 -0.602 -0.314 -0.439 -0.473 

SD RA 0.917 0.975 0.954 0.776 0.974 0.928 0.895 0.972 0.946 0.948 0.987 0.958 

SD SA 0.659 0.741 0.692 0.658 0.941 0.853 0.739 0.828 0.783 0.858 0.902 0.838 



371 

Table F-5. Continued 

Management system 

DD RT LT DD PT RT 
Trajectory c::> 

Responses S L Q s L Q s L Q s L Q 
(k,r) .0. 

SY NR 0.931 0.968 0.825 0.922 0.608 0.552 0.836 0.795 0.704 0.742 0.526 0.525 

SY NS 0.725 0.706 0.739 0.728 0.622 0.705 0.793 0.798 0.786 0.716 0.648 0.682 

SY PR 0.917 0.980 0.949 0.820 0.986 0.956 0.888 0.985 0.946 0.846 0.965 0.919 

SY PS 0.725 0.600 0.658 0.728 0.612 0.692 0.794 0.791 0.781 0.717 0.632 0.668 

SY PE -0.534 -0.871 -0.698 -0.375 -0.525 -0.352 -0.467 -0.749 -0.554 -0.349 -0.439 -0.324 

SY NP -0.442 -0.656 -0.628 -0.512 -0.600 -0.617 -0.464 -0.617 -0.611 -0.373 -0.538 -0.534 

SY RA 0.906 0.977 0.955 0.767 0.975 0.935 0.889 0.974 0.943 0.829 0.959 0.917 

SY SA 0.641 0.740 0.692 0.649 0.935 0.861 0.732 0.833 0.791 0.742 0.867 0.812 

NR NS 0.776 0.672 0.603 0.741 0.247 0.334 0.837 0.660 0.589 0.708 0.333 0.358 

NR PR 0.985 0.980 0.866 0.884 0.563 0.578 0.940 0.792 0.739 0.813 0.413 0.452 

NR PS 0.777 0.555 0.541 0.742 0.240 0.367 0.838 0.653 0.585 0.709 0.329 0.347 

NR PE -0.497 -0.856 -0.682 -0.212 -0.579 -0.338 -0.512 -0.823 -0.546 -0.325 -0.628 -0.398 

NR NP -0.372 -0.614 -0.513 -0.332 -0.770 -0.474 -0.439 -0.909 -0.671 -0.361 -0.900 -0.686 

NR RA 0.979 0.966 0.859 0.854 0.544 0.575 0.931 0.782 0.734 0.804 0.414 0.452 

NR SA 0.792 (1.737 0.674 0.770 0.524 0.594 0.843 0.716 0.627 0.733 0.393 0.389 

NS PR 0.802 0.755 0.750 0.352 0.642 0.683 0.898 0.834 0.791 0.823 0.662 0.655 

NS PS 1.000 0.988 0.985 1.000 0.999 0.961 1.000 0.999 0.999 1.000 0.999 0.998 

NS PE -0.476 -0.645 -0.541 -0.353 -0.305 -0.246 -0.434 -0.600 -0.450 -0.307 -0.243 -0.206 

NS NP -0.472 -0.694 -0.661 -0.516 -0.674 -0.677 -0.460 -0.685 -0.630 -0.357 -0.544 -0.515 

NS RA 0.812 0.782 0.775 0.852 0.706 0.700 0.897 0.871 0.826 0.831 0.717 0.703 

NS SA 0.895 0.879 0.748 0.846 0.773 0.681 0.940 0.913 0.885 0.891 0.829 0.814 
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Table F-5. Continued 

Management system 

DD RT LT DD PT RT 
Trajectory ¢ 

Responses S L Q s L Q s L Q s L Q 
(k,r) {l. 

PR PS 0.803 0.649 0.682 0.852 0.631 0.683 0.898 0.825 0.784 0.824 0.643 0.636 

PR PE -0.566 -0.886 -0.685 -0.297 -0.456 -0.342 -0.455 -0.769 -0.559 -0.265 -0.326 -0.266 

PR NP -0.438 -0.676 -0.586 -0.365 -0.569 -0.541 -0.386 -0.630 -0.552 -0.250 -0.435 -0.417 

PR RA 0.981 0.996 0.988 0.990 0.992 0.990 0.988 0.994 0.991 0.995 0.994 0.991 

PR SA 0.824 0.819 0.818 0.950 0.956 0.929 0.915 0.881 0.844 0.930 0.901 0.821 

PS PE -0.476 -0.560 -0.485 -0.354 -0.299 -0.239 -0.434 -0.592 -0.448 -0.308 -0.241 -0.208 

PS NP -0.473 -0.669 -0.643 -0.516 -0.674 -0.674 -0.461 -0.686 -0.632 -0.358 -0.545 -0.521 

PS RA 0.813 0.680 0.711 0.853 0.696 0.720 0.898 0.864 0.821 0.832 0.700 0.686 

PS SA 0.895 0.832 0.728 0.847 0.763 0.738 0.940 0.911 0.883 0.891 0.818 0.801 

PE NP 0.897 0.772 0.714 0.833 0.557 0.479 0.847 0.706 0.591 0.919 0.742 0.675 

PE RA -0.542 -0.866 -0.690 -0.282 -0.471 -0.351 -0.441 -0.750 -0.563 -0.254 -0.326 -0.283 

PE SA -0.439 -0.714 -0.541 -0.249 -0.465 -0.305 -0.390 -0.688 -0.487 -0.238 -0.339 -0.248 

NP RA -0.437 -0.682 -0.607 -0.339 -0.611 -0.549 -0.387 -0.654 -0.578 -0.242 -0.466 -0.446 

NP SA -0.403 -0.739 -0.556 -0.299 -0.666 -0.534 -0.377 -0.715 -0.584 -0.246 -0.552 -0.458 

RA SA 0.849 0.845 0.810 0.972 0.984 0.962 0.922 0.923 0.885 0.942 0.939 0.871 
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