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Hydrologic Modeling Strategy for the Islamic
Republic of Mauritania, Africa

By Michael J. Friedel

Abstract

The government of Mauritania is interested in how to maintain hydrologic balance to ensure
a long-term stable water supply for minerals-related, domestic, and other purposes. Because of the
many complicating and competing natural and anthropogenic factors, hydrologists will perform
quantitative analysis with specific objectives and relevant computer models in mind. Whereas
various computer models are available for studying water-resource priorities, the success of these
models to provide reliable predictions largely depends on adequacy of the model-calibration
process. Predictive analysis helps us evaluate the accuracy and uncertainty associated with
simulated dependent variables of our calibrated model. In this report, the hydrologic modeling

process is reviewed and a strategy summarized for future Mauritanian hydrologic modeling studies.

Introduction

The government of Mauritania is interested in understanding how to maintain
hydrogeologic balance to ensure a long-term stable water supply for minerals-related, domestic,
and other purposes. Because of the many complicating and competing natural and anthropogenic
factors, the surface- and ground-water resources are believed to be spatially variable in quantity and
quality (British Geological Survey, 1996). Hydrologists will perform quantitative analysis with
specific objectives and relevant computer models in mind. These objectives need to be developed
based on the suggested national water-resource priorities: (1) protecting and expanding the ground-
water supply for Nouakchott, the capital of Mauritania; (2) increasing mineral industry water
supplies; (3) increasing rural water supplies; and (4) devising ground-water recharge strategies. The
success of computer models to provide reliable predictions depends on the modeling process. In

this report, the modeling process is summarized for future application to Mauritania.



Modeling Process

The process of modeling the subsurface transport of mass and energy involves four primary
components: numerical model development, model design, model validation, and model predictive
analysis. The following sections provide an overview of these modeling components as well as a

current set of references.

Numerical Model Development

Development of a numerical model begins by deriving the governing equations that
describe the multidimensional transport of mass or energy, or both, in a basin. The complexity and
nature of these equations depends on the objective and the water-resource setting, such as transport
in surface water, ground water, the unsaturated zone, and the variably saturated zone. In some
cases, multiple equations are coupled and solved to describe multiphase water flow and the
simultaneous transport and interaction of water, chemicals, and heat in these settings. Because
analytical solutions are typically available only for simplified equations and boundary conditions,
the governing equations are converted to a numerical equivalent using one or more methods, such
as analytic-element, boundary-element, finite-element, or finite-difference methods. These
numerical equations are then coded, using a computer language, into a numerical model that is

applied following model design, validation, and prediction analysis.

Model Design

Computer models have become a ubiquitous part of hydrologic analysis. Unfortunately,
uncertainty is common in hydrologic models due to an imperfect model design process. The ability
to minimize the introduction of uncertainty into our hydrologic models requires an understanding
of the model design process. An overview of the model design process that includes
conceptualization, parameterization, information content, regularization, eigenvector analysis, and

model quality is provided in the following sections.

Conceptualization

At the foundation of all hydrologic models (whether basin, groundwater, variably saturated,
or combinations thereof) is a conceptual model—the basic idea or construct of how the system or

process under study operates. Using the principle of parsimony, a hydrologist seeks the simplest



model that is consistent with available data. As a result, the conceptual model reflects the
hydrologist’s subjective idea of how to simplify reality. No single conceptual model is necessarily
correct; however, some may be more correct than others. Because a conceptual model contains
qualitative and subjective interpretations, its validity cannot be tested until a numerical model is
constructed and comparisons between field observations and model simulation results are made.
Thus, a numerical model is used to test and improve the conceptual model of a field site. The
numerical model also can guide future data collection, particularly where additional data are needed
to produce a conceptual model consistent with field observations. In this way, conceptual and
numerical modeling should be viewed together as an iterative process where the conceptual model
is reformulated using additional new insights and information from future or other field studies.

To study infiltration or recharge, ground-water hydrologists often develop and use complex
models, such as field models of variably saturated zones (Izbicki and others, 2000; Pang and others,
2000) rather than laboratory models of simple unsaturated zones (Simunek and others, 1998). The
argument for using a complex model is often based on recognizing the coupled interaction between
multiple dependent variables, accounting for spatial and temporal heterogeneities, and wanting
predictions beyond the calibration conditions. A coupled model that simulates a complex, variably
saturated zone, such as the West African Sahara sand dune system, will require a greater number of
estimated parameters than does a simple model, as a consequence of the additional coupled

governing equations needed to represent spatial heterogeneity and temporal variation.

Parameterization

After a conceptual model is identified, the numerical model parameterization proceeds by
supplying parameter values that control the simulated rate exchange of fluxes within the hydrologic
system. These values come from direct or indirect sources, or both. Many laboratory and field
methods allow direct determination of volume-averaged point hydraulic parameter values. For
water supply problems, simple models of subsurface geology and direct bulk values of hydraulic
parameters may suffice. As the focus shifts to contaminant transport problems where contaminant
travel time is important, more complex models of the subsurface may be necessary. For example,
lithologic facies may account for the largest permeability contrasts. In that case, conditional
simulation of facies distributions (where alternate realizations are produced, and known values and
statistics are maintained) may be important in parameterization of the numerical model. Because it

is not possible to drill enough holes to confidently state that particular features exist or not at a site,



soft prior information and stochastic simulation techniques can be used to improve the subsurface
characterization. The stochastic techniques used this way are mostly continuous geostatistical
models (Shafer and Varljen, 1990; Dietrich and Osborn, 1991), or discontinuous facies models such
as Boolean indicator (Bui and Moran, 1995; Benito and Beucher, 2002), and the Markov-Chain
method (Clifford, 1993; Chen and others, 2004).

Geostatistical techniques are widely used to produce geologically plausible realizations of
facies and other hydrologic variables (such as parameter and property values). Reasons for using
these techniques are that: (1) they provide a framework for considering sample support; that is, data
that are averages over different support; (2) they provide a means to constrain the inverse procedure
to estimate parameter values; and (3) they provide a Monte Carlo technique that can be used to
generate realizations for assessing the consequences of uncertainty on flow and transport in a
heterogeneous system. There are two challenges, however, in using geostatistical techniques. The
first is the tacit assumption that all relevant heterogeneities and structures can be captured by a
covariance. Substantive data sets are needed to develop models of spatial variability by empirical
curve-fitting to sample indicator cross- (co)variograms. The second challenge is that the sequential
indicator simulation method, a commonly used geostatistical technique, does not accurately
produce patterns of spatial variability for systems having three or more facies (Seifert and Jensen,
1999).

Whereas the emphasis of geostatistics is on spatial variability, hydrogeologic variables may
fluctuate in time as well as in space. Rouhani and Myers (1990) and Rouhani and Wackernagel
(1990) discussed how to model variables that change with time, using empirically derived
variograms. Desbarats and Bachu (1994) presented a geostatistical analysis of the spatial structure
of hydraulic conductivity, from scales increasing from core to well to basin, for a sandstone
hydrostratigraphic unit in Canada. They also describe upscaling from local conductivity to local
transmissivity (upscaling through integration over the vertical direction) and increasing to
macroscopic transmissivity.

Like traditional geostatistical techniques, the Markov chain method uses conditional
simulation on sparsely observed data (Elfeki and Dekking, 2001; Liu and others, 2004; Zhang and
Li, 2005). In contrast, however, variations in the Markov chain are used to devise transition
probabilities for conditional simulation (Carle and Fogg, 1996). This approach is essentially an
extension of indicator kriging, where the indicator variograms (or covariances) are replaced by

transition probabilities used to generate simulated realizations. Another application of Markov
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random fields is used for simulated annealing (Norberg and others, 2002). These two techniques
provide: (1) conceptual understanding of parameters in the spatial variability model, so that
geologic insight can support and enhance model development when data are sparse; (2)
mathematical rigor, so that the co-regionalized model (including the spatial cross-correlations)
obeys probability law; and (3) consideration of spatial cross-correlation, so that juxtapositional

tendencies — how frequently one facies tends to occur adjacent to another facies — are honored.

Calibration

A common alternate technique for the direct or stochastic estimation of parameter values
(model calibration) is an objective mathematical approach, such as nonlinear regression, genetic
algorithm, or simulated annealing. These methods of model calibration are based on fitting a
simulated sequence of state variables to a measured time sequence. Whereas in the direct approach
heterogeneity is defined by a set of measured, often interpolated, averaged values at local wells, in
the indirect estimation approach heterogeneity is neither defined nor prescribed. The description of
heterogeneity is based on local averaged measurements, and its distribution in space is inferred by
the model calibration procedure.

Three indirect model calibration approaches are commonly used to solve multi-state inverse
problems associated with mass and energy transport (Inoue and others, 2000). In the first approach,
the inverse process is uncoupled, requiring two separate inverse problems to be solved. The
estimated parameter values from an inverse solution to the flow equation (for example, hydraulic
conductivity) are used as input to a second inverse problem, where parameter values for either a
heat or solute transport equation are estimated (for example, thermal conductivity or dispersivity)
(Mishra and others, 1989). In the second and most common model calibration approach, the flow
and transport equations are loosely coupled through the sequential inverse solution of both
equations at a given nonlinear parameter estimation iteration (Medina and Carrera, 1996;
Abbaspour and others, 1997; Simunek and others, 1998a; Inoue, and others, 2000; Bravo and
others, 2002; Gandhi and others, 2002). In the third approach, parameter values are estimated
simultaneously using a set of governing equations that are implicitly coupled through their
dependent variables for ground water (Sun and Yeh, 1990) and variably saturated zone transport
(Friedel, 2002; 2005). Whereas these nonlinear approaches have been limited largely to two-state
subsurface transport inverse problems (water flow and solute transport, or water flow and heat

transport), model calibration using the sequential approach has been applied to multicomponent



reactive groundwater (Essaid, and others, 2003) and variably saturated transport (Gaganis and
others, 2002).

Information Content

Unfortunately, attempts to calibrate more complex field models under steady-state
conditions (e.g., Hughson and Yeh, 1998) or transient conditions (e.g., Friedel, 2002, 2005) often
result in estimated parameter values with a high degree of uncertainty (poor parameter
identifiability). One way of resolving this problem in transport models for groundwater (Woodbury
and Smith, 1988; Sun and Yeh, 1990; Medina and Carrera, 1996) and variably saturated zones
(Abbaspour and others, 1997; Friedel, 2002, 2005) is to estimate parameter values while calibrating
a coupled model against multiple types of coupled dependent variables. This method facilitates the
crossover of information between dependent variables (the crossover effect), and its success is
commonly evaluated through observed reductions in transport parameter uncertainty (Sonnenberg
and others, 1996; Hendricks-Franssen, H.J. and others, 2003; Friedel, 2002, 2005, 2006a, 2006b).

Field studies demonstrate the inadequacy of calibration information on parameter
uncertainty under transport conditions for steady-state ground water (Hughson and Yeh, 1998) and
transient variably saturated zones (Friedel, 2002, 2005). Understanding the effect of limited spatial
and temporal field information on parameter uncertainty in flow and transport modeling is
important for predicting comparatively small fluxes through the variably saturated zone,
particularly as attempts are made to model increasingly complex spatial heterogeneity. Composite-
scaled sensitivities allow us to evaluate the quantity of information available for estimating
parameter values, and the likely importance of each parameter for predictions of interest (Mehl and
Hill, 2001). If the information quality is comparatively poor (that is, limited in one or more of the
following: number, type, space, and time), the calibration process may become numerically
intractable. In general, the limited information content of field measurements used to constrain the
model calibration process requires some form of regularization (Tikhonov, 1977; McLaughlin and
Townley, 1996; Friedel, 2002, 2005, 2006a, 2006b).

Regularization

Regularization is a mathematical approach that can stabilize an overparameterized model
and potentially extract more information from measurements used to constrain the calibration

process. This is done by adding more information to the typically underdetermined system of field



equations that must be inverted. Whereas the introduction of measurements as direct prior
information represents an implicit form of regularization, this form is not preferred. The primary
disadvantage in this method is the introduction of an unknown and permanent amount of structural
noise (uncertainty). A preferred regularization strategy is to allow only simplifications that are
necessary to achieve numerical stability in the parameter estimation process itself (McKenna and
others, 2003; Friedel, 2005, 2006a, 2006b). Variations of this strategy common in inverse transport
modeling include the use of prior parameter estimates and their statistics or else kriging in
conjunction with pilot points (Hoeksema and Kitanidis, 1984; Carrea and Neuman, 1986a, 1986b;
McKenna and others, 2003; Friedel, 2002, 2005, 2006a, 2006b).

Despite the stability and potential extraction of information content during a regularized
inversion, the estimated parameter values are recognized as nonunique (Pang, 2000; Friedel, 2002,
2006a; McKenna and others, 2003). Parameter nonuniqueness reflects the fact that it is possible to
calibrate a model that can be designed using one of a valid set of optimal measurements with
optimal yet alternate sets of parameter values. The four potential reasons for parameter
nonuniqueness in model calibration are: (1) lack of numerical precision, (2) numerical dispersion,
(3) global and local minima in parameter space, and (4) correlation among model parameters.
Friedel (2006b) provides a review of solutions that avoid parameter nonuniqueness caused by the
first three reasons. The most difficult and elusive factor influencing parameter nonuniqueness,
however, is the fourth reason: correlation among parameters.

Parameter correlation contributes to nonuniqueness because two or more parameters can
vary in such a way as to have virtually no net effect on the calibration function. Correlation among
parameters can occur because of model nonlinearities (either explicit or implicit) or insufficient
information to resolve parameters values. Explicit nonlinearities occur naturally when converting
the partial differential equations to a numerical equivalent. As a result, parameter values form ratios
that were previously isolated. Implicit nonlinearities occur when a parameter is a function of one or
more dependent variables, such as moisture content, which in arid climates can be a function of
pressure head, concentration, and temperature. One consequence of correlation among parameters
in subsurface transport models is the nonuniqueness of estimated parameter values despite their
optimality in the least-squares sense (Friedel, 2002, 2005, 2006b). Because calibrated ground-water
or variably saturated model parameter values are likely to be nonunique despite their optimality,
flow and transport predictions made using a calibrated model also are likely to be nonunique and

therefore uncertain. The issue of parameter-value nonuniqueness in inverse modeling is discussed



for synthetic groundwater transport in McKenna and others (2003) and for variably saturated zone
transport in Friedel (2002, 2005).

Eigenvector Analysis

The interrelation between pair-wise parameter correlation and parameter uncertainty has
been conceptualized for ground-water transport using the linear confidence ellipse (Carrera and
Neuman, 1986b). The confidence ellipse represents a prescribed level of certainty associated with
the two-parameter response surface for which the idealized objective function minimum is a point.
At this level of uncertainty, the linear confidence ellipse is defined by semiaxes (eigenvectors)
whose magnitudes are proportional to the square roots of eigenvalues derived from the covariance
matrix. Whereas the angle between the major and minor eigenvalues and horizontal axis describes
the degree of correlation between parameters, the ratio of major to minor eigenvalues (called the
condition number) describes the relative magnitude of model uncertainty. In general, larger
condition numbers represent greater model uncertainty. The actual magnitude of parameter
uncertainty associated with a particular eigenvector is given by the probability distributions that
define the extent of the confidence contour.

A two-parameter response surface associated with the coupled inverse modeling of water-
heat-solute transport within variably saturated zones appears very different than the conceptualized
linear response surface (Friedel, 2005). These differences are attributed primarily to intrinsic and
extrinsic nonlinearities. Extrinsic nonlinearities arise in transport modeling from forming ratios of
two or more parameters in the governing equations. Intrinsic nonlinearities arise from equation
parameters and properties that are functionally related to the dependent variables. For example,
variations in the actual two-parameter transport response surface within a variably saturated zone
represent a range of possible parameter estimation constraints. These possibilities include a well-
defined global minimum with minimum parameter uncertainty, a global minimum with an
intermediate amount of parameter uncertainty, a nearly perfect correlation, defined as an elongated
trough, with a great amount of parameter uncertainty, a perfect correlation with infinite parameter
uncertainty, multiple minima with little parameter uncertainty, or multiple minima with high
parameter uncertainty (Friedel, 2005, 2006b). Potential regression pathways and corresponding
estimated, best-fit parameter pairs are included to better illustrate the relation between the nonlinear
parameter estimation process and potential reasons for parameter nonuniqueness and estimation

uncertainty.



Measurement information in the model calibration process constrains the solution space
through interaction of the combinations of various parameter response surfaces (Carrera and
Neuman, 1986b; Friedel, 2005). The best possible parameter estimation solution is when parameter
values are uniquely defined by the intersection of parameter surfaces and therefore comprise a point
(well-defined). In contrast, the worst parameter estimation solution is when the interaction of
parameter response surfaces is poorly defined and has a large (poor or undefined) solution space.
The interaction of parameter response surfaces in multi-dimensional parameter space is hard to
visualize or quantify graphically, but the interaction of these response surfaces can be readily
evaluated through inspection of the normalized eigenvector matrix (Doherty, 2004).

The normalized eigenvector matrix (derived from the corresponding covariance matrix) has
as many eigenvectors and elements as the number of parameters being estimated. The eigenvectors
themselves are arranged from minimum to maximum eigenvalues that correspond to a range of
minimum to maximum model uncertainties. Because a principal component is determined by
multiplying the parameter vector by the eigenvector matrix, the element values are interpreted as a
measure of relative importance of associated parameters to an eigenvalue along the associated
eigenvector (Friedel, 2005). More specifically, a parameter that is coincident with the eigenvector
will have a value of 1 (direction cosine), whereas a parameter that is orthogonal and not associated
with the eigenvector will have a value of 0. In general, most parameters contribute uncertainty to
varying degrees and therefore will have values between 0 and 1. Those parameters with a shared
predominance among an eigenvector are related and therefore represent correlation and the
likelihood for parameter nonuniqueness and enhanced uncertainty. The modeler should concentrate
on identifying and removing correlated parameters associated with eigenvectors characterized by
the largest eigenvalues. In this way, the reduction in parameter complexity also reduces the model
uncertainty (Friedel, 2006b, 2007).

Model Quality

Regardless of the model calibration approach used and the number of state variables, the
calibrated model quality is typically judged on three qualities: the minimization of an objective
function, the various model statistics (such as the mean and standard error of residuals, and model
correlation coefficients), and parameter statistics that characterize the degree of uncertainty, which
is either linear (Hill, 1998; Gandhi, and others, 2002; Gaganis and others, 2002) or nonlinear
(Christensen and Cooley, 1999; Friedel, 2005, 2006). The ability to infer the quality of parameter



estimates using linear statistics becomes less precise as the nonlinearity of the problem increases.
For example, whereas ground-water models are considered slightly nonlinear, basin and variably
saturated zone models are highly nonlinear. In the case of these nonlinear models, the computed
linear confidence limits typically do not extend far enough in parameter space to capture the true
central tendency and to reflect true asymmetric limits associated with a parameter (Friedel, 2005).
For all degrees of nonlinearity, the residual objective function (measured at its minimum), the
estimated limits of parameter uncertainty, the variation in eigenvalues, and the model condition
number all underscore the presence of uncertainty. The fact that calibrated parameter values for
basin, ground-water, or variably saturated models are uncertain despite their optimality suggests
that flow and transport predictions made using a calibrated model also are likely to be uncertain.

Therefore, it is in the best interest of the hydrologist to evaluate the prediction uncertainty.

Model Validation

Following the model calibration process, the calibrated model is usually tested in some kind
of validation phase. Model validation tests the ability of a calibrated model to simulate some
prescribed system behavior. The calibration process already represents a rudimentary model
validation by attempting to minimize the misfit between simulated and observed dependent
variables. This approach is inherently weak, however, because the calibrated model is limited to the
information content within the measurement constraints. One common alternative is the so-called
split sample approach, in which some portion of the observed measurements are randomly reserved
for subsequent comparison against the model predictions. In this case, the model performance is
determined on similar but independent data. The split-sample approach also is weak and suffers the
disadvantage of removing already limited and expensive data from the calibration process. A more
sophisticated, but less used, extension of the split-sample method is cross validation, where the
model is developed on one randomly drawn half of the data and tested on the other half. The
average is taken as an estimate of performance. This approach offers flexibility in omitting other
fractions; for example, 10% of the observations reserved to test a model developed on the other
90%. To improve the stability of the cross validation, the whole procedure can be repeated several
times, taking new random sub-samples (Efron and Tishirani, 1997). Another common approach is
to perform a post-audit analysis of model predictions. Historically, the literature is replete with
post-audit analyses of calibrated models in which predicted future system behavior resulted in over

or under predictions (Anderson and Bates, 2001). Whereas Bredehoeft (2005) associates these
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problems with the conceptual model, the author’s experience is that model parameterization and
limited information content in the calibration-constraints can contribute equally, if not more, to the

overall prediction uncertainty.

Predictive Uncertainty

The early evaluations of prediction uncertainty in hydrologic systems modeling, whether of
surface water, ground water, or variably saturated zones, used deterministic or stochastic
assessments of parameter sensitivity by assigning random variables and applying a Monte Carlo
sampling technique. Early sensitivity analyses were of limited value (for example, identifying the
parameter exerting the greatest influence on the hydrologic system) because of the evaluation of
single parameter values instead of the simultaneous evaluation of all parameters that is done using
Jacobian matrix and composite-scaled sensitivity calculations (Hill, 1998; Friedel, 2005, 2006a).

The primary disadvantage in using a forward Monte Carlo modeling approach is that model
parameter values are arbitrarily described as a random variable distribution, with no consideration
for honoring field measurements (the dependent variables). In an effort to honor field
measurements, researchers recently applied the Monte Carlo technique to estimated parameter
values and their computed linear limits for a coupled, variably saturated system (Kwicklis and
others, 2006). Such an approach is inappropriate because estimated parameter values do not
represent median values, nor do the linear uncertainty limits extend far enough into parameter
space, and because of the need to assume Gaussian random parameters when in fact they are not.
To overcome the limitations with the traditional forward Monte Carlo approach in predictive
analysis, hydrologists appropriately considered alternate inverse predictive analysis approaches,
such as the generalized likelihood uncertainty estimation (Beven and Binley, 1992; Beven and
Freer, 2001; Friedel, 2002, 2006a, 2006b), the direct estimation of the nonlinear predictive limits
(Veccia and Cooley, 1987; McKenna and others, 2003; Friedel, 2002, 2005, 2006a, 2006b), and the
Markov-Chain Monte Carlo method (Chen and Kao, 2002), among others.

The first and perhaps most widely used predictive analysis tool is the generalized likelihood
uncertainty estimation method. This method requires the analysis of multiple inverse simulation
scenarios based on uniform random sampling of the model parameter hyperspace. In cases where
models are physically complex or highly nonlinear, such as for flow or transport in basins (Beven
and Binely, 1992) or in variably saturated zones (Friedel, 2006b), this requirement is

computationally prohibitive. There are also potential problems when the inverse method stalls in
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computing local minima, particularly for nonlinear problems and when using gradient-based
parameter estimation algorithms.

A second alternative in predictive analysis is the direct estimation of nonlinear prediction
limits (Veccia and Cooley, 1989). This method assumes that there is a best-fit set of nonunique
model parameter values. That is, there is a single global minimum objective function value
(determined, for example, using a calibrated model), but because of the limited information content
used to constrain the solution space, there are infinite combinations of parameter value that satisfy
the predictive solution. This method appears to be relatively robust. One disadvantage, however, is
that one complete estimation problem must be solved for each prediction limit being evaluated.

A third alternative in the analysis of predictive uncertainty is the Markov-Chain Monte
Carlo method (Kuczera, 1998; Campbell and others, 1999; Bates and Campbell, 2001). Markov-
Chain methods have become important for generating sequences of random numbers to accurately
reflect complicated desired-probability distributions. In recent years this approach has improved the
practicability of Bayesian inference methods. In hydrologic modeling, a Markov-Chain model is a
dynamic hybrid of probability and matrix models. For example, the probability matrix of the
Markov-Chain model can be determined from the ground-water table elevation/time series. In this
case, the probability reflects the likelihood of the ground-water table changing between levels. The
Shuffled Complex Evolution Metropolis method (Vrugt, 2003) was recently devised for single- and
multi-objective calibration of hydrologic models. This algorithm is a general-purpose optimization
algorithm that uses adaptive Markov-Chain Monte Carlo sampling to provide an efficient search of
the parameter space. Whereas Markov-Chain Monte Carlo methods and similar approaches could
be used in nonlinear predictive analysis, both the generalized likelihood uncertainty estimation and
the direct estimation of nonlinear predictive uncertainty limits can be done using the model-
independent parameter estimation framework called PEST (Doherty, 2004). First, the hydrologist
calibrates the numerical model and then estimates the limits of prediction using the direct approach
integrated into PEST.

The ultimate goal of the model calibration process is to ensure that predictions are made
with a minimum amount of uncertainty. The hydrologist should evaluate the effect of
modifications to the conceptual model and the introduction of additional information on the range
of predictive uncertainty. Likewise, eigenvector analysis may be used to reduce the model
complexity, and the recalculation of predictive limits can assess the benefit toward reducing the

prediction uncertainty. More important is the need to evaluate known or observed dependent
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variables with the limits of prediction uncertainty. Predictive uncertainty can be lessened by
reducing model complexity, but this lessening often results in increased model prediction bias.
Examples of the tradeoff between model complexity, prediction uncertainty, and model prediction
bias are provided for predicting peak-flow discharge in a gaged basin (Friedel, 2006a, 2006b) and

recurrent rainfall in several ungaged basins (Friedel, in press).

Summary

The ability of numerical models to provide reliable answers depends on the adequacy of the
model structure, its parameterization, and the quality of field information. Assuming that the
conceptual model structure and other model characteristics are adequate, parameterization can
proceed either by directly assigning parameter values or by estimating them indirectly through a
nonlinear inverse process. Because the inverse process honors dependent field measurements (such
as head pressure, solute concentration, water temperature, and so on), one suggestion is to use the
geostatistically-based parameter field as initial starting values (soft prior information) in a
mathematically-based (gradient, genetic, or global search algorithm) estimation approach along
with an objective function. Increasing the number and type of measurements is known to reduce
model uncertainty; therefore, a least-squares measurement objective function is suggested, together
with a regularization objective function. One form of regularization introduces into the objective
function measures of dissimilarity across parameter space. This approach facilitates evolution of
the covariance among parameter values as long as useful information exists in the constraint
measurements. Whereas the set of parameter values is optimal in a best-fit sense, it is also
nonunique due to uncertainty in the modeling process. For this reason, estimating the limits of
predictive uncertainty is important, and the Veccia and Cooley (1987) approach is recommended.
For cases of slightly nonlinear ground-water basins, the generalized likelihood uncertainty
estimation approach could also be used. Re-evaluation of the range of prediction uncertainty is
suggested if changes to the conceptual model or additional information are introduced into the
calibration process. Finally, eigenvector analysis can be used to identify and remove parameters
that cannot be well resolved. Evaluating the predictive uncertainty following any reduction to a
model's structure or complexity should be considered iterative and useful for ensuring no

introduction of prediction bias.
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