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ABSTRACT
Reliance on basin models by hydrologists to study the effects of changing landscapes on sustainability of water resources is increasing. The successof
basin models to provide reliable predictions depends on adequacy of the calibrated model and residual model uncertainty. In this paper, reductions in
predictive streamflow uncertainty are demonstrated using streamflow quantities integrated over different sample frequencies as calibration constraints
and iterative updating of prior information. Respective model-quality results in terms of coefficient of model-fit efficiencies for cases using published
parameter values and no calibration, traditional calibration constrained by daily streamflow measurements, and calibration constrained by various
derived streamflow quantities were−0.44 (very poor), 0.66 (fair), and 0.66 (fair) to 0.91 (excellent). Incrementally reducing the number of active
excellent-quality-model parameters (from 130 to 6 parameters) reduced the range of uncertainty (from 287.7 m3 s−1 to 54.5 m3 s−1) when predicting
the 500-year peakflow discharge within the Blackberry Creek basin near Chicago, Illinois. The reduction in range of predictive uncertainty, however,
coincided with increased model bias for which the 6-parameter model could not predict the 500-yr peakflow discharge. Thus, the hydrologist needs
to strike a balance between an acceptable level of model complexity that gives rise to predictive uncertainty and model bias.

Keywords: Model calibration; calibration constraints; model-fit efficiencies; peak-flow discharge; predictive uncertainty.

1 Introduction

Reliance on basin models by hydrologists to study the effects
of changing landscapes and climatic conditions on the sustain-
ability of water resources is increasing (Steuer and Hunt, 2001;
Guay, 2002; Johnstonet al., 2003). The success of these basin
models to provide reliable prediction largely depends on the ade-
quacy of the model structure, parameterization, and content of
calibration-constraint information. Assuming that model struc-
ture is adequate and calibration-constraint information available,
parameterization proceeds by supplying parameter values that
control the rate exchange of fluxes within the basin. Parame-
ter values that are supplied to the basin model can be obtained
from direct and (or) indirect information sources. Whereas a few
parameter values may be directly related to observable character-
istics of the basin, most basin model parameter values are abstract
conceptual representations of nonmeasureable basin characteris-
tics that must be assigned published values or estimated indirectly
through a calibration process.

In general, basin models can be calibrated using trial and error
(manual), a mathematically-based search algorithm, or a combi-
nation of these inverse-modeling approaches. Despite the time
intensive and unsatisfying task of trial and error basin model
calibration, the prevailing model calibration paradigm outside
academic circles involves inverse modeling using the trial and
error approach (Dunckeret al., 1995; Anderson, 1997; Duncker
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and Melching, 1998; Steuer and Hunt, 2001, Bossonget al.,
2003). During the trial and error calibration of a basin model,
individual groups of model parameter values are adjusted based
on hydrologic reasoning until a reasonable match is achieved
between the simulated and observed streamflow hydrographs.
Whereas the trial and error calibration approach implicitly hon-
ors the information content of the streamflow hydrograph, the
trial and error calibration approach is subjective and determining
an optimal parameter set of parameter values that best represents
the basin hydrology is nearly impossible.

To ensure that an optimal set of model parameter values are
determined, hydrologists use various objective mathematically-
based parameter-estimation approaches that include genetic
algorithm, nonlinear regression, shuffled complex evolution, and
simulated annealing (Wang, 1991; Duanet al., 1992; Sumner
et al., 1997; Yapoet al., 1997; Thiemannet al., 2001; Doherty
and Johnston, 2003). Whereas the genetic algorithm is robust
and rapid, it is generally not able to estimate the actual parameter
values. In contrast, the shuffled complex evolution and simulated
annealing algorithms are comparatively slow, but can eventu-
ally arrive at the correct global minimum. Whereas simulated
annealing is not well-suited to evaluating parameter nonunique-
ness, the premise of the shuffled complex evolution algorithm is
that estimated parameter values are nonunique and for this rea-
son an inverse Monte Carlo approach is used to compute the most
likely parameter values. In this study, a faster alternative two-step
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approach is used in which nonlinear regression is first used to
estimation optimal parameter values from which the range of
predictive uncertainty can be calculated by finding the associated
critical points in parameter space (Doherty, 2000).

In general, attempts to calibrate basin models using an
objective mathematically-based parameter-estimation approach
experience challenges that are not found to the same extent as
with most ground-water and other environmental models. For
example, basin models have (1) a high degree of nonlinearity with
respect to adjustable parameters (extrinsic), (2) a large number
of parameters that require calibration (tens to hundreds), (3) a
large number of measurements (thousands to tens of thousands),
and (4) a large range in measurement magnitude (several orders
of magnitude). Despite the potentially large number of measure-
ments available to constrain the model-calibration process, the
objective calibration of most basin models results in estimated
parameters values with a comparatively high degree of uncer-
tainty (Kuczera, 1983a; Kuczera and Mroczkowski, 1988; Gupta
et al., 1998). Some reasons for the high degree of parameter
uncertainty include inappropriate model structure and limited
information content of input variables (for example, precipi-
tation measurements) and calibration constraints (for example,
streamflow measurements).

The limited information content of measurement variables
used in the model-calibration process result in the estimation of
a filtered version of the true basin model transfer function during
inverse modeling (deconvolution). Because the simulated stream-
flow hydrograph represents a convolution of input variables with
the basin model transfer function (described by the conceptual
model and parameter values), the simulated hydrograph will be
limited by the frequency content (amplitude and phase) of the
basin model transfer function. For these reasons, the hydrologist
must supply information to the model-calibration process that is
rich in frequency content. Practically speaking, the information
supplied to the inverse modeling process is limited in frequency
content due to time and spatial sampling constraints and noise
that exists in the model structure and observed measurements. In
most cases, the information associated with extreme events may
be missing entirely from the streamflow record. In addition to the
natural and physical filtering of calibration-constraint informa-
tion, the inverse-modeling process results in the explicit filtering
of calibration-constraint information content through weighting
of streamflow measurements and use ofa priori parameterization
schemes.

One consequence of inverse modeling with filtered and
frequency-limited information is the introduction and (or)
enhancement of correlation among parameters (Kuczera and
Mroczkowski, 1988). The correlation among parameters results
in parameter nonuniqueness reflecting the fact that it is possi-
ble to calibrate a model against a set of measurements using
optimal yet alternate sets of parameter values (McKennaet al.,
2003; Friedel, 2005). The fact that calibrated model-parameter
values are likely to be nonunique despite their optimality sug-
gests that predictions made while using a calibrated model also
are likely to be nonunique and therefore uncertain. For these rea-
sons, the goal of this paper is to understand how the uncertainty

in basin model predictions can be reduced. One hypothesis is that
the explicit filtering of calibration-constraint information can be
counterbalanced by reintroducing streamflow information inte-
grated over selected sample frequencies. Another hypothesis is
that additional information content can be extracted from the cal-
ibration constraints if simplifications in model parameterization
are allowed to occur only when it is necessary for the achievement
of numerical stability through the parameter estimation process
(Friedel, 2005). The objectives therefore are to: (1) calibrate a
basin model using various streamflow quantities integrated over
different sample frequencies as constraint information with iter-
ative parameter updating of prior temporal and spatial parameter
relations; (2) quantify and compare the calibrated model quality
using coefficient of model-fit efficiency (sometimes called the
Nash-Sutcliffe criteria; Nash and Sutcliffe, 1970); and (3) quan-
tify the relation between model complexity, bias, and uncertainty
associated with a rare peak-flow discharge event.

2 Hydrologic simulation

The basin processes were simulated using the Hydrologic Simu-
lation Program-Fortran (HSPF) numerical basin model (Bicknell
et al., 1997). In simulating the basin processes, the principle of
continuity was used to balance precipitation, evapotranspiration,
storage, and runoff given by

Precipitation− Actual evapotranspiration± Storage

= Runoff. (1)

The storage zones represented in this basin model included inter-
ception, surface, interflow, upper, lower, and active ground-water
(Fig. 1). The respective maximum to minimum evapotran-
spiration demand exerted on these storage zones were active
ground-water outflow, interception, upper, active ground water,
and lower. The three runoff components simulated in the basin
model were surface runoff, interflow, and active ground-water
flow. Surface runoff was direct runoff across the surface of the
soil, whereas interflow was direct runoff through macropores and
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Figure 1 Schematic of conceptual storage and fluxes simulated in the
hydrologic software.
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active ground-water flow is baseflow that maintained streamflow
between storm events.

In pervious areas, only the interception, upper, and lower
storage zones were user specified. Interception represented stor-
age associated with vegetal cover above the surface of the soil,
whereas the upper zone storage reflected storage in the soil lay-
ers that were above the layer controlling infiltration. The upper
zone determined the proportion of potential direct runoff and
water flux entering the upper zone. Drainage of the upper zone
was dependent on evaporation and percolation to the lower and
active ground-water zones. The lower zone storage represented
lower soil layers that controlled the rate of infiltration. Water
available for infiltration was excess water that occurred when the
interception storage capacity was exceeded. Water that did not
infiltrate the subsurface was divided between the upper zone, sur-
face runoff, and interflow, whereas infiltrating water was drained
by the lower and active ground-water zones. The division of
infiltrated and percolated water between lower and active ground-
water zones was a function of fullness in the lower zone. The
lower zone was drained by evapotranspiration, whereas a portion
of active ground water also could be diverted out of the basin as
recharge to the deep aquifer.

Impervious areas were represented independently of pervious
areas with losses by retention storage. Retention storage was
associated with cracks and wetting of the surface (analogous to
interception storage for pervious areas). The retention storage
was drained by evaporation at the potential rate and all rainfall
in excess of the user-specified storage capacity became runoff.
Surface runoff both for impervious and pervious surfaces was
routed across an overland flow plane of user specified length,
slope and roughness. Because the flow rate across the plane was
a function of the depth of flow, the runoff response was nonlinear
and partly dependent on the runoff intensity.

3 Model calibration and validation

Solution of the basin inverse problem was achieved by apply-
ing a nonlinear regression algorithm (PEST) (Doherty, 2004) to
the hydrologic simulation model. The purpose for using nonlin-
ear regression was to estimate values of model parameters that
minimized a predefined objective function. When the objective
function was minimized, the resulting vector of parameter values
was considered to be estimated and the model calibrated.

3.1 Objective function

In this study, the objective function to be minimized was defined
by

�(Q, Va, Vm, Vs, D, d)

= λ

{
NP∑
i=1

wQi

[
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]2

+
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[
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+
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j=1

wrl

[
dml − dsl(p)

]2
(2)

where � is the objective function composed of the sum of
weighted squared differences between simulated and measured
time-dependent variables (first five terms on right-hand-side
known as the measurement objective function) and set of prior
information defined in this report as preferred relationships
(fourth term on right-hand-side known as the regularization
objective function);λ is the Lagrange multiplier that was applied
to perform nonlinear parameter estimation as an unconstrained
problem (Doherty, 2004);Q, Va, Vm, Vs, D are daily stream-
flow, annual streamflow volumes, monthly streamflow volumes,
storm streamflow volumes, and streamflow duration;d was the
vector of preferred conditions;p is the vector of parameter val-
ues being estimated for each pervious land segment (lzsn, infilt,
uzsn, intfw, irc, lzetp, agwrc, lsur, deepfr, nsur, kvary, basetp,
agwetp, cepsc, infexp);m ands are subscripts indicating mea-
sured and simulated values;NQ, NVa, NVm, NVs, andND are
number of daily streamflow, annual streamflow volume, monthly
streamflow volume, storm streamflow volumes, and streamflow
duration fractions;NR is the number of soft prior conditions;
wQi

, wVaj , wVmj
, wVsj , wDj

are weights for daily streamflow,
annual streamflow volumes, monthly streamflow volumes, storm
streamflow volumes, and streamflow duration fractions that were
determined iteratively to form a single population with a uniform
population variance (Gailey and Gorelick, 1991);wrl are soft
prior information weights that were estimated as part of the non-
linear regression process (Doherty, 2004). The actual number of
measurement objective function terms used during the model cal-
ibration process was dependent on the number of measurement
types used to constrain the inverse modeling procedure.

3.2 Prior information and iterative updating

In this study, the basin model was regularized by introducing
preferred relations as soft prior information. The soft prior infor-
mation is defined by equations where the difference between
weighted logarithms of model parameters is initially set equal
to a preferred value for temporal and spatial parameter rela-
tions. A general form of the equations used to describe preferred
conditions can be written as

pri = wri log(pj) − wri log(pk) (3)

wherepri is the prior information (set initially equal to zero),wri

are regularization weights (set initially to 1),pj is a parameter
in pervious land segmentj, andpk is a parameter in pervious
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land segmentk. The prior information is considered soft because
these preferred values have the possibility of changing follow-
ing a nonlinear iteration. That is, if there is sufficient information
content in the calibration-constraint measurements to improve the
estimation of parameter values and weights (continued reduction
in the objective function), the parameter values would change
and prior information accordingly. In this way, the model param-
eterization structure is iteratively updated in a similar way to
Bayesian updating as described by Thiemannet al. (2001). Using
the prior information equations (3) to describe preferred tempo-
ral and spatial relations is analogous to using spatial measures
of dissimilarity described by a variogram during the calibra-
tion of groundwater (Hoeksema and Kitanidis, 1984; Carrea and
Neuman, 1986; McKennaet al., 2003) and vadose-zone models
(Friedel, 2005).

3.3 Streamflow quantities and calibration constraints

One possible reason for the poor outcome of past objective
basin model calibration attempts was that traditional nonlinear
regression weighting schemes, in an effort to apply weights
evenly to daily (or hourly) discharge measurements, rendered
the information content used as calibration constraints to be
frequency-limited; that is, on-the-average the daily (or hourly)
discharge measurements each contributed equivalently to the
objective function thereby implicitly filtering the low- and peak-
flow discharge contributions. In an attempt to avoid the problems
associated with frequency-limited constraint-information, it was
important to use meteorological and streamflow quantities that
spanned the widest variety of hydrologic conditions (time periods
and magnitudes). In this study, the vector of observations supplied
to the measurement objective function differed so that the effec-
tiveness of additional frequency-related information to constrain
the model-calibration process could be evaluated. For example,
the vector of observations included daily streamflow measure-
ments (very high sample frequency) with one or more integrated
quantities derived from the streamflow hydrograph at differ-
ent sample frequencies; such as, annual streamflow volumes (low
sample frequency), monthly streamflow volumes (intermediate
sample frequency), storm volumes (high sample frequency), and
flow-duration values (broad sample frequency). Combining these
streamflow quantities in different ways resulted in the following

Table 1 Calibration-constraint scenarios. (Q – daily streamflow discharge, D – streamflow duration,
Va – annual volumes, Vm – monthly volumes, Vs – storm volumes).

Number Calibration Daily Annual Monthly Storm Duration
constraint streamflow volume volume volume fraction
scenario

1 Q Yes No No No No
2 QD Yes No No No Yes
3 QVa Yes Yes No No No
4 QVm Yes No Yes No No
5 QVmVs Yes No Yes Yes No
6 QVaVmVs Yes Yes Yes Yes No
7 QVaVmVsD Yes Yes Yes Yes Yes

calibration-constraint scenarios: daily streamflow (Q), daily
streamflow and annual streamflow volumes (QVa); daily stream-
flow and monthly streamflow volumes (QVm); daily streamflow
and flow-duration values (QD); daily streamflow, annual stream-
flow volumes, and monthly streamflow volumes (QVaVm); daily
streamflow, annual streamflow volumes, monthly streamflow
volumes, and storm volumes (QVaVmVs); daily streamflow,
annual streamflow volumes, monthly streamflow volumes, storm
volumes, and flow-duration values (QVaVmVsD) (Table 1).

3.4 Diagnostic and inferential statistics

Progress of the model calibration process was evaluated by mon-
itoring changes in the objective function and composite-scaled
sensitivities (Mehl and Hill, 2001). The overall model quality
of estimated parameter values was evaluated quantitatively by
considering mean of weighted residuals, standard error of the
regression and correlation coefficient (Hill, 1998). However, the
correlation coefficient (CC) did not consider the magnitude of
differences between observed and simulated values (only values
that were greater than and less than their respective mean val-
ues), the simulated time series could increase and decrease in the
same pattern as the observed time series yielding a high correla-
tion coefficient even though the two time series were in relatively
poor agreement.

In contrast to the correlation coefficient, the coefficient of
model-fit efficiency (CMFE) is a direct measure of the fraction
of the variance of the original data series explained by the model
(Nash and Sutcliffe, 1970). Because the CMFE considers the
magnitude of differences between observed and simulated values,
the CFME provided a more rigorous evaluation of the calibrated
basin model quality. The CMFE for streamflow on a monthly
basis was calculated (after Steuer and Hunt, 2001) by

CMFE =
∑N

1

(
Qoi

− Qo

)2 − ∑N
1

(
Qoi

− Qsi

)2

∑N
1

(
Qoi

− Qo

)2 (4)

whereQoi
is the observed streamflow volume for monthi, Qsi is

the simulated streamflow volume for monthi, Qo is the average
observed monthly streamflow volume,Qs is the average simu-
lated monthly streamflow volume, andN is the number of months
in the calibration period. If the calibrated model residuals were



Predictive streamflow uncertainty in relation to calibration-constraint information, model complexity, and model bias 113

normally distributed with a mean error close to zero (minimum
bias), the CMFE would nearly equal the square of the correlation
coefficient. A CMFE value that exceeded 0.9 was considered
excellent, whereas the CMFE values in the range of 0.8–0.9,
0.7–0.8, 0.6–0.7, 0.5–0.6, and less than 0.5 were considered very
good, good, fair, poor, and very poor, respectively (Dunckeret al.,
1995). In addition to these statistical measures, the quality of the
calibrated model also was checked graphically by comparing the
observed and simulated time series and runoff-duration curves.

3.5 Split sample validation

Following the successful calibration of a basin model, the conven-
tional wisdom is to perform model validation. Although model
validation has various definitions (Anderson and Bates, 2001),
the essential meaning of validation is the process of ensuring
that a calibrated model accurately represents the processes and
response of the study site. Validation differs from calibration in
that the parameters are not adjusted and performance of the cali-
brated model is evaluated using a different data set than that used
to calibrate the model. Perhaps the most common approach is the
so-called split-sample validation. In the split-sample validation
approach, a portion of the measured field data are withheld from
the calibration stage in favor of comparing these field data to sim-
ulated time series responses that arise when using the calibrated
model (Anderson and Bates, 2001).

In general, there are several reasons why the split-sample vali-
dation approach is considered a poor test of the calibrated model’s
predictive ability. First, even if there is no noise in the concep-
tual model or measurements, the less than perfect measurement
information content such as number, type, frequency content,
and hydrologic stresses, that is used to calibrate the basin model
results in introducing correlation among parameters. One result
of parameter correlation between subsets of fitted parameters is
that there are many best-fit sets of parameter values that can pro-
duce identically simulated streamflow (nonuniqueness), although
the relative contributions of fluxes constituting the streamflow
may vary greatly (Kuczera and Mroczkowski, 1988). For this rea-
son, the nonuniqueness in estimated parameter values introduced
by parameter correlation is stochastic and therefore associated
with a range of predictive uncertainty. Second, there is no agree-
ment as to what critical statistical values define acceptable levels
of model accuracy determined as part of the validation process.
Third, post-audit analysis following validation and application of
numerical models has mixed results: some predictions are rela-
tively poor while other predictions are reasonably good (Donigian
and Rao, 1990; Anderson and Woesner, 1992). For these rea-
sons, the test of predictability for the calibrated basin model in
this study is based on computing and analyzing the model and
predictive uncertainty and not the split-sample validation.

4 Uncertainty

4.1 Model uncertainty

The interrelation between model parameter correlation and
model parameter uncertainty is more easily understood using the

conceptualized linear confidence ellipse (Carrera and Neuman,
1986). The linear confidence ellipse represents a prescribed level
of certainty associated with the two-parameter response surface
(sum of squared residuals) for which the idealized objective func-
tion minimum is a point. At this prescribed level of uncertainty,
the linear confidence ellipse is defined by semiaxes (eigenvectors)
whose magnitudes are proportional to the square roots of eigen-
values derived from the covariance matrix. Because the nonlinear
regression algorithm used in this study is only an approximate
solution to the parameter estimation problem, in practical non-
linear basin studies involving more than 2 parameter values,
the normalized eigenvector matrix (derived from the covariance
matrix) provides a means of evaluating approximate uncertainty
and correlation among multiple parameters (Friedel, 2005).

In practical basin studies involving more than 2 parameter
values, the normalized eigenvector matrix provides a means
of evaluating approximate nonlinear uncertainty and correlation
among multiple parameters (Friedel, 2005). For example, those
parameters with a shared predominance among a particular eigen-
vector represent correlation among a group of parameters that
contribute to the model uncertainty. 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) of the nor-
malized eigenvector matrix describes the relative magnitude of
model uncertainty. In general, larger condition numbers represent
greater model uncertainty and smaller condition numbers rep-
resent lesser model uncertainty. Whereas the condition number
describes the relative magnitude of model uncertainty, the non-
linear uncertainty associated with specific streamflow predictions
must be determined in another way.

4.2 Predictive uncertainty

The predictive estimation technique, first described by Vecchia
and Cooley (1987), is used to estimate the limits of nonlin-
ear uncertainty associated with peak-flow predictions. A model
action used to compute the prediction limit in this approach can
be represented (Doherty, 2004) by

d = Mp, (5)

whered is a scalar prediction value,M is a 1×n matrix describing
the model (n is the number of parameters requiring estimation),
andp is the parameter vector (previously defined). The goal of
the predictive estimation process is to maximize (or minimize)
Mp, while maintaining the basin model in an optimally calibrated
state, as defined by a value�p that is about 5 percent larger than
the objective function minimum�t. Using this approach, the
set of optimal parameter values estimated determined during the
model calibration procedure are used as initial (starting) parame-
ter values in the predictive estimation problem together with their
associated measurement and regularization weights.

The parameter vector that maximizes (or minimizes) the
predictive estimation problem is given by

p = (XT QX)−1

[
XT Qc − K

2λ

]
, (6)
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where the first term is the matrix representation of the normal
equations,X is the matrix operator that contains equations for
the solution of the basin model as a function of the parame-
ters describing the model domain as well as the discretization
scheme and boundary conditions,XT is the transpose of matrix
X, Q is the diagonal weighting matrix, andc is the vector
of model-simulated observations. The Lagrange parameter is
computed using an analytical equation presented by Doherty
(2004).

5 Basin model

The model used in this study represents the Blackberry Creek
basin that is located about 10 miles west of metropolitan Chicago.
The Blackberry Creek basin has a temperate, humid, continen-
tal climate with a respective long-term (1927–99) average annual
precipitation and temperature of 889 mm and 9.4 Celsius, respec-
tively. Climate of the area results in storms with seasonal rainfall
characteristics typical of the Midwestern United States. Land-use
in the Blackberry Creek basin (drainage area of about 189 km2)

is largely agricultural (84.2%); however, the basin is develop-
ing rapidly with population and proportion of urbanized land
area in the basin expected to double by the year 2020. The
Blackberry Creek basin boundaries, land-use categories, and
land-use percentages are important in developing the concep-
tual model used in the basin model calibration process (Fig. 2).
Other important information that is needed to construct the basin
model includes field measurements and model parameter values.
Collectively, the model conceptualization and parameterization,
and measurement (input and calibration constraint) informa-
tion account for the total uncertainty in the calibrated basin
model.

Figure 2 Blackberry Creek basin boundaries, tributaries, and land use.

5.1 Conceptualization

Although HSPF is classified as a lumped parameter model, this
basin model reproduces spatial variability by dividing the basin
into hydrologically homogeneous pervious land, impervious
land, and river reach segments. For this reason, the Blackberry
Creek basin boundary delineation and percentages of land-use
types were determined using a geographical information system
and multiresolution land cover information with a 30-meter pixel
resolution (Illinois Department of Natural Resources, 1996).
Six homogeneous land-segment types were identified based on
percent impervious area and five pervious land segments: flat
grassland (less than 4.7 m/km), moderately steep grassland (4.7 to
37.9 m/km), steep grassland (greater than 37.9 m/km), forest, and
cropland. In determining the pervious land segments, the amount
of imperviousness was assumed to be 40 percent, 50 percent, and
85 percent for the respective low-intensity residential, high inten-
sity residential, and commercial/industrial land-use categories.
In these urban land-use categories, the portion of residential land
that was not impervious was assumed to represent grass and for-
est. In addition to conceptualization of land-segment types, the
basin model required conceptualization of an appropriate number
of stream reaches that drain the pervious land segments.

Two conceptual models of the Blackberry Creek basin were
constructed for evaluation in this study. These two conceptual
Blackberry Creek models differed in the total number of stream
reaches used to describe the drainage system: conceptual model 1
used 3 stream reaches (1 mainstem and 2 tributary reaches),
whereas conceptual model 2 used 21 stream reaches (11 main-
stem and 10 tributary reaches). In both conceptual models, the
stream reaches were represented as one-dimensional straight-line
segments requiring information such as discharge, depth (stage),
surface area, and volume. In conceptual model 1, the estimates
of stream reach surface area and volume for various discharge
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values were computed using the stage-discharge relations for the
streamflow gage station at Yorkville. This same information was
used for all three reaches. In conceptual model 2, the measured
cross sections and Manning’s roughness coefficients were used
together with the HEC-RAS program (Brunner, 2001) to derive
rating tables for input to the model.

5.2 Parameterization

Based on an initial evaluation of composite-scaled sensitivities,
there was determined to be sufficient information content in the
calibration-constraint measurements to estimate 16 parameter
types (of the thirty-nine total) during model calibration. Model
parameters that would be estimated for each model land segment
included: ground-water evapotranspiration (AGWETP), daily
ground-water recession constant (AGWRC), baseflow evapo-
transpiration (BASETP), nominal interception storage (CEPSC),
fraction groundwater inflow that becomes recharge (DEEPFR),
exponent affecting sensitivity of infiltration function (INFEXP),
index to infiltration capacity of soil (INFILT), interflow param-
eter (INTFW), interflow recession constant (IRC), ground-water
recession shape factor (KVARY), length of overland flow plane
(LSUR), lower zone storage (LZSN), lower zone evapotran-
spiration (LZETP), roughness of overland flow plane (NSUR),
and upper zone storage (UZSN). Many of these parameters
were interactive and therefore associated with more than one
component of the streamflow hydrograph. Parameters not incor-
porated into the estimation process were assigned reasonable
published values as were the initial parameter values. The assign-
ment of parameters values was based on those reported for a
neighboring basin by the Northeastern Illinois Planning Com-
mission (Price, 1997). The upper and lower bounds supplied
for adjustable parameters replicated those described by Bicknell
(1997). To enhance the rate of numerical convergence and pre-
vent parameters from becoming negative, all parameters were log
transformed.

The application and use of these model parameter values
was the same for both conceptual models with the exception of
upper zone storage. Because the application of upper zone stor-
age differed for these two conceptual models, the total number
of parameter values that were estimated during model calibra-
tion also differed. Specifically, conceptual model 1 assumed
that there was no monthly difference in upper zone storage. For
this case, a single UZSN parameter value was assigned to each
pervious land segment giving a total of 75 parameter values to
be estimated during model calibration. In contrast, the concep-
tual model 2 assumed that the upper zone storage differed on
a monthly basis. For this case, twelve UZSN parameter values
were assigned to each pervious land segment resulting in a total
of 130 parameter values to be estimated during model calibra-
tion. The estimation of parameter values using these conceptual
models was performed with the constraints derived from two
different calibration periods that differed only in the inclusion
(or exclusion) of streamflow quantities related to the maximum
streamflow recorded in Blackberry Creek on July 19, 1996.

5.3 Measurements

Adequacy of the basin model calibration process is highly depen-
dent on the temporal and spatial quality of input measurements
driving the basin simulations and recorded observations used as
calibration constraints. Input measurements driving the Black-
berry Creek basin model were related to meteorology, whereas
those measurements used to constrain the Blackberry Creek basin
model calibration were related to streamflow. The meteorologi-
cal time-series information used in this study spanned the period
from 1989 to 2000. Information such as sky cover, solar radia-
tion, air temperature, and wind movement were input to the basin
model so that evapotranspiration and snowmelt could be calcu-
lated. These time-series meteorological measurements (assumed
to be homogeneous over the basin) were recorded at the Chicago
International O’Hare airport and obtained from the Midwest
Climate Information System (Kunkelet al., 1990).

Because of the large spatial variability in rainfall that is
often associated with Midwest storms, the model calibration
process can be difficult when based on a sparse number of
rainfall measurements. Generally speaking, the less detail avail-
able to describe spatial rainfall requires a longer calibration
period to average-out spatial variability between storms (Duncker
et al., 1995). Even long-period rainfall records, however, could
introduce model bias if errors in rainfall measurements were
present (Troutman, 1982). In this study, no rain-gage stations
were located within the Blackberry Creek basin. Stations with
long-period rainfall records were available for three stations
that surrounded the Blackberry Creek basin: Aurora, Illinois
(southeast), St. Charles, Illinois (northeast), and DeKalb, Illi-
nois (northwest). The spatial variability in rainfall associated
with these three sites was evaluated by comparing correlation
coefficients between rainfall events.

Over the period of 1989–96, only 14 storms appeared highly
correlated (> 0.70) between pairs of rain gage stations (Aurora–
St. Charles, St. Charles–DeKalb, Aurora–DeKalb), and only
three dates (2/17/1994–2/24/1994, 6/23/1994–6/28/1994, and
1/13/1995–1/22/1995) had high concurrent correlation coeffi-
cients for all three pairs of rain gage stations indicating the
presence of a relatively uniform storm over the Blackberry
Creek basin. The fact that most storms were poorly correlated
between rain-gage stations underscored the heterogeneous nature
of rainfall over the Blackberry Creek basin. Because of the hetero-
geneous rainfall over the Blackberry Creek basin, a 7-year time
series (1989–96) from the closest rain gage station at Aurora
(about 8 km from the basin centroid) was used as input to the
basin-model (Fig. 3a).

Streamflow observations for Blackberry Creek were recorded
at the U.S. Geological Survey station gage (00050700) near
Yorkville, Illinois (Fig. 3b). Hourly streamflow for the period
1989–2000 was interpolated to daily streamflow for determina-
tion of summary statistics and provide information to construct
calibration-constraint scenarios for two periods: 10/01/1989–
6/30/1996 and 10/01/1989–7/30/1996. The summary statistics
for Blackberry Creek indicated that streamflow was perennial
and daily flows ranged from 0.04 m3 s−1 to 98 m3 s−1 (Table 2).
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Figure 3 Daily (a) Daily precipitation over the period 1989–2000,
Aurora, Illinois. (b) Mean streamflow measured at gage near Yorkville,
Illinois.

Whereas the historical and calibration periods had similar min-
imum, mean, and median streamflow, the maximum peak flow
in the first calibration period was less than half that of the sec-
ond calibration period. Both calibration data sets had at least one
discharge value in the 1st percentile range (streamflow exceeding
11 m3 s−1), and the second calibration data set had the largest his-
toric peak flow of 98 m3 s−1 (July 19, 1996) resulting in a greater
standard deviation and coefficient of variation. In general, there

Table 2 Summary statistics for daily streamflow at Blackberry Creek gage near Yorkville, Illinois.
(cm – centimeter, hr – hour).

Model usage Historical Calibration period 1 Calibration period 2
period 1960–2000 10/01/1989–6/30/1996 10/01/1989–7/30/1996

Statistic Daily streamflow Daily streamflow Daily streamflow

m3 s−1 cm/hr m3 s−1 cm/hr m3 s−1 cm/hr

Minimum 0.0 0.0 0.1 0.0 0.0 0.0
Maximum 98.0 4.7 34.8 1.7 98.0 4.7
Mean 1.5 0.1 1.5 0.1 1.7 0.1
Median 0.9 0.0 1.0 0.0 0.9 0.0
Standard deviation 2.4 0.1 2.1 0.1 4.1 0.2
99th Percentile 11.0 0.5 10.9 0.5 12.6 0.6
90th Percentile 3.1 0.1 3.4 0.2 3.1 0.1
10th Percentile 0.3 0.0 0.3 0.0 0.3 0.0
Coefficient of variation 0.0 4.0 0.0 3.4 0.1 6.2

Number of measurements 413.8 37109.4 70.9 6355.1 74.5 6677.7

was considerable variation in daily streamflow between all data
sets as indicated by the respective historical, calibration 1, and
calibration 2, coefficient of variations of 1.59, 1.35, and 2.46.

In addition to streamflow statistics, the range of hydrologic
conditions was determined from an annual streamflow excee-
dence probability curve, where the 0–25, 25–75 and 75–100
percent ranges indicated wet, average, and dry hydrologic con-
ditions, respectively. Based on these exceedence criteria, the
Blackberry Creek daily streamflow data sets were considered
unbiased because they included streamflow information from
one wet, one dry, and four average water years. Using these
daily streamflow data sets, the constraint scenarios constructed
for the two respective calibration periods had a total of 2,502
and 2,629 streamflow measurements (Q). The derivation of inte-
grated streamflow quantities with different sample frequencies
from daily records for each calibration period provided the same
number of additional measurements for each period: 10 annual
streamflow volumes (Va), 82 monthly streamflow volumes (Vm),
26 storm volumes (Vs), and 15 streamflow duration fractions (D).

6 Results

6.1 Calibration of model 1

For comparative purposes, streamflow was simulated (base case)
using the Blackberry Creek basin model and published parameter
values (uncalibrated) for similar land-use covers in an adjacent
basin (Table 3). This uncalibrated base case resulted in a very
poor relation (CMFE of –0.43 and correlation coefficient of 0.66)
between the simulated and observed streamflow. Following the
application of various calibration-constraint scenarios, the qual-
ity of the calibrated Blackberry Creek basin model improved.
In general, the quality of the calibrated model increased with
the number of types of streamflow quantities included in the
calibration process. For example, application of the Q, QVa,
QVaVm, QVaVmVs constraint scenarios resulted in enhancing
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Table 3 Summary of performance for Blackberry Creek conceptual
model 1 constrained by period 1 (10/01/1989–6/30/1996) information.
(Q – daily streamflow discharge, D – streamflow duration, Va – annual
volumes, Vm – monthly volumes, Vs – storm volumes).

Calibration Number of Coefficient Correlation Model
constraint measurements of model-fit coefficient quality
scenario efficiency

Base case None −0.431 0.66 Very poor
Q 2,502 0.592 0.873 Poor
QVa 2,509 0.574 0.859 Poor
QVaVm 2,590 0.631 0.887 Fair
QVaVmVs 2,616 0.777 0.905 Good

Base case – published parameter values used in forward simulation only.

the respective calibrated model quality from poor (CMFE of 0.59
and correlation coefficient of 0.87), poor (CMFE of 0.57 and
correlation coefficient of 0.86), fair (CMFE of 0.63 and correla-
tion coefficient of 0.89), and good (CMFE of 0.78 and correlation
coefficient of 0.91). Because the total number of daily stream-
flow measurements was more than an order of magnitude greater
than the total of all other derived streamflow quantities, the
improvement in model quality was attributed to enhance spec-
tral information through the addition of streamflow quantities
sampled at different frequencies.

The fact that the CMFE values were about equal to the square
of correlation coefficient for these calibrated models indicates
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Figure 4 Simulated versus observed streamflow values (a) daily and
exceedence fraction, (b) storm volume, monthly volume, and annual
volume.

that the residuals (difference between simulated and observed
streamflow quantities) had a zero bias. In general, the distri-
bution of residuals for these and other models was essentially
random with an expected value of the weighted residuals close
to zero (unbiased). For example, the plot of weighted simulated
and observed streamflow information for the basin model con-
strained by the QVaVmVsD scenario revealed that values of daily
streamflow, annual volume, monthly volume, storm volume, and
flow duration fell along a straight line. The fact that the simu-
lated and observed streamflow quantities fell on a line of slope
equal to 1 with an intercept of zero visually corroborates the low
mean value of weighted residuals (−0.04) and unbiasedness of
the model (Fig. 4).

Inspection of the simulated and observed streamflow hydro-
graphs and flow duration curves (exceedence probability for
flows) for the uncalibrated (Fig. 5a–d) and calibrated model cases
(Fig. 6a–d) indicated significant differences. For this conceptual
model, the use of published parameter values and no calibration
resulted in significantly overestimating high flows and under-
estimating low flows with a crossover at about 0.001 in/hr and
30-percent chance for flow exceedence. In contrast, application
of the QVaVmVsD calibration-constraint scenario resulted in bet-
ter matching the peak and low flows, as indicated visually by the
hydrograph and flow-duration curve. Given the improved match
between simulated and observed hydrographs following model
calibration with selected constraint scenarios and iterative updat-
ing of parameter relations, it is of interest to evaluate the effect
of the conceptual model on model calibration quality.

6.2 Calibration of model 2

In this test series, the application of calibration-constraint sce-
narios to the second conceptual Blackberry Creek basin model
resulted in additional improvements to the estimated model
parameter values over calibrations when using conceptual
model 1 (Fig. 7a-d). As with the first conceptual model, the cal-
ibration quality of the second conceptual model was dependent
on the combination of streamflow quantities used to constrain
the calibration process (Table 4). For example, calibration of
the second conceptual model subject to the respective Q, QVa,
QVaVmVs, and QVaVmVsD constraint scenarios increased the
model quality over the first conceptual model from poor, poor,
and good (CMFE values of 0.592, 0.574, and 0.777) to Fair,
Fair, and Very Good (CMFE values of 0.664, 0.857, and 0.926).
Whereas the use of monthly upper zone storage and additional
stream reaches enhanced the respective model quality when
applying the Q, QVa, and QVaVmVs constraint-scenarios by
about 11 percent, 42 percent, and 10 percent, the CMFE value for
the calibrated basin model constrained by the QVaVmVs with no
monthly storage was similar to the calibration test using concep-
tual model 1 suggesting that the addition of stream reaches may
not be as important as the introduction of time varying storage
for this basin.

The additional constraint scenarios used to calibrate the
second conceptual Blackberry Creek model were included to
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Figure 5 Simulated versus observed: (a) streamflow hydrograph with no calibration of conceptual model 1 (three stream reaches, no monthly storage)
and published values; (b) flow-duration curves with no calibration of conceptual model 1 (three stream reaches, no monthly storage) and published
values; (c) monthly mean streamflow hydrographs with no calibration of conceptual model 1 (three stream reaches, no monthly storage) and published
values; (d) annual mean streamflow hydrographs with no calibration of conceptual model 1 (three stream reaches, no monthly storage) and publi-
shed values.
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Figure 6 Simulated versus observed: (a) streamflow hydrographs following calibration of conceptual model 1 (three stream reaches, no monthly
storage) calibrated using new approach and QVaVmVsD objective function contributions; (b) flow duration curves following calibration of conceptual
model 1 (three stream reaches, no monthly storage) using the new approach and QvaVmVsD objective function contributions; (c) monthly mean
streamflow hydrographs following calibration of conceptual model 1 (three stream reaches, no monthly storage) using the new approach and QvaVmVsD
objective function contributions; (d) annual mean streamflow hydrographs following calibration of conceptual model 1 (three stream reaches, no
monthly storage) using the new approach and QVaVmVsD.
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Figure 7 Simulated versus observed: (a) streamflow hydrographs following calibration of conceptual model 2 (21 stream reaches and monthly
upper-zone storage) calibrated using new approach and QVaVmVsD objective function contributions; (b) flow duration curves following calibration
of conceptual model 2 (21 stream reaches and monthly upper-zone storage) using the new approach and QvaVmVsD objective function contributions;
(c) monthly mean streamflow hydrographs following calibration of conceptual model 2 (21 stream reaches and monthly upper-zone storage) using
the new approach and QvaVmVsD objective function contributions; (d) annual mean streamflow hydrographs following calibration of conceptual
model 2 (21 stream reaches and monthly upper-zone storage) using the new approach and QVaVmVsD.

Table 4 Summary of performance for Blackberry Creek conceptual
model 2 constrained by period 1 (10/01/1989–6/30/1996) information.
(Q – daily streamflow discharge, D – streamflow duration, Va – annual
volumes, Vm – monthly volumes, Vs – storm volumes).

Calibration Number of Coefficient Correlation Model
constraint observations of model-fit coefficient quality
scenario efficiency

Q 2,502 0.664 0.834 Fair
QD 2,527 0.685 0.854 Fair
QVa 2,509 0.816 0.905 Good
QVm 2,583 0.759 0.913 Good
QVmVs 2,608 0.840 0.931 Very Good
QVaVmVsD 2,629 0.857 0.926 Very Good
QVaVmVsa 2,616 0.751 0.877 Good
QVaVmVs 2,616 0.862 0.929 Very Good

aNo monthly upper zone storage used.

evaluate the potential model improvements over the widest pos-
sible range of streamflow observation quantity combinations.
Inspection of these results indicated that incorporating annual
volumes (QVa) may be more useful in model calibration than
incorporating monthly volumes (QVm), however, adding storm
volumes to the monthly volumes further improved the model over
the inclusion of annual volumes. Whereas using the three types of
volume measurements to constrain the calibration resulted in the
best overall model calibration improvement (QVaVmVs), adding
the flow duration values to the monthly volume observations did

not significantly change the quality of the calibrated basin model,
possibly because much of the duration information was already
accounted for through the derived streamflow quantities sampled
at varying frequencies. Despite the improvements when calibrat-
ing the Blackberry Creek basin model various derived streamflow
quantities as calibration constraints, the CMFE values were still
less than 1 indicating that limitations existed in the conceptual
model and (or) information content used to constrain the model
calibration process.

Application of the constraint-scenarios with the largest storm
event (calibration period 2) to the conceptual model 2 resulted
in additional improvements in the Blackberry Creek basin model
quality. For example, the respective quality of calibrated models
when using the new QVs, QVmVs, QVaVmVs, and QVaVmVsD
constraint-scenarios (period 2) improved quality from good,
very good, very good, and very good to very good, excellent,
excellent, and excellent (Table 5). The respective CMFE when
the model was constrained by the QVmVs, QVaVmVs, and
QvaVmVsD scenarios increased by 9.88 percent, 6.03 percent,
and 5.20 percent. These increases in model-calibration quality
were attributed to a shift in the hydrologic regime due to the
largest storm forcing the model to operate over a wider range
of hydrologic states. This finding underscores the importance of
recalibrating a model when the basin experiences a disturbance
not previously associated with the former calibration constraints.
Taking advantage of the additional information due to shifts in
hydrologic fluxes may result in reduced model and predictive
uncertainty.



120 Michael J. Friedel

6.3 Model and predictive uncertainty
Despite the demonstrated improvements in model quality that
occurred when enhancing the calibration-constraint information,
the calibrated models were not perfect. Some possible reasons
for the less than perfect match between simulated and observed
streamflow included poor spatial representation of rainfall, noise
in the spatial and temporal measurements, and residual noise in
the conceptual model. Even if a basin model could be calibrated
with a perfect match between simulated and observed hydro-
graphs (CMFE and CC of 1), there would likely be some level of
parameter nonuniqueness due to correlation among parameters
that contributed to model and predictive uncertainty.

The effect of parameter nonuniqueness on model and pre-
dictive uncertainty was evaluated by considering the Blackberry
Creek basin model calibrated using the QVaVmVsD constraint
scenario. In this case, 130 parameter values were estimated with
the uncertainty a function of the constraint scenario derived from
the first period of streamflow record without the largest historic
peak. Following model calibration subject to this constraint,
the maximum eigenvalue was on the order of 106 indicating
significant parameter uncertainty associated with that eigenvec-
tor (Table 6). A number of elements in this eigenvector shared
predominance implying that the correlation among these param-
eters was the primary contributor to parameter nonuniqueness
and therefore model uncertainty. To reduce the present level of
model uncertainty (and therefore parameter nonuniqueness), one
or more of these correlated parameters needed to be removed
(by assigning physically realistic values) from the nonlinear

Table 5 Summary of performance for Blackberry Creek conceptual model 2 constrained by period 1 and period 2 information. (Q – daily streamflow
discharge, D – streamflow duration, Va – annual volumes, Vm – monthly volumes, Vs – storm volumes).

Calibration
constraint
scenario

Time step Calibration without extreme event Calibration with extreme event
(Period 1: 10/01/1989–6/30/1996) (Period 2: 10/01/1989–7/30/1996)

Coefficient
of model-fit
efficiency

Correlation
coefficient

Model quality Coefficient
of model-fit
efficiency

Correlation
coefficient

Model quality

QVs Monthly — — — 0.896 0.951 Very Good
QVmVs Monthly 0.840 0.931 Very Good 0.923 0.961 Excellent
QVaVmVs Monthly 0.857 0.926 Very Good 0.904 0.956 Excellent
QVaVmVs Monthly 0.862 0.929 Very Good 0.914 0.956 Excellent

Table 6 Summary of uncertainty for Blackberry Creek conceptual model 2 constrained by period 1 information (10/01/1989–6/30/1996). (Q – daily
streamflow discharge, D – streamflow duration, Va – annual volumes, Vm – monthly volumes, Vs – storm volumes).

Calibration Number Coefficient Correlation Calibration Eigenvalues of Condition Prediction
constraint estimated of model-fit coefficient model Eigenvector matrix number quality
scenario parameters efficiency quality

Minimum Maximum

QVaVmVsD 130 0.862 0.929 Very Good 1.08× 10−5 1.30× 106 120,367,108,557 Poor
QVaVmVsD 21 0.847 0.928 Very Good 1.50× 10−7 8.82× 10−1 5,880,270 Fair
QVaVmVsD 6 0.865 0.931 Very Good 3.60× 10−6 1.84× 10−1 50,986 Good

regression and (or) additional information must be made available
to better constrain the model calibration process.

Because there was no additional information available to
constrain the model-calibration process, the 109 correlated
parameters associated with eigenvectors having the largest eigen-
values (>1) were removed from the basin model-calibration
process. For this case, there was a significant reduction in the
maximum uncertainty of the calibrated model (indicated by
a reduction in eigenvalue of the maximum eigenvector from
1.3 × 106 to about 0.88) by reducing the total number of esti-
mated parameter values from 130 to 21. An additional reduction
in the maximum uncertainty was achieved (indicated by a fur-
ther reduction in eigenvalue of the maximum eigenvector from
0.88 to about 0.18) by further reducing the number of estimated
parameter values from 21 to 6. The removal of these additional
15 parameters from the model calibration resulted in a single pre-
dominant element value in each of the remaining 6 eigenvectors.
The predominance of a single element in each eigenvector indi-
cated that an additional reduction in the maximum uncertainty
was not possible without changes to the conceptual model and
that only 6 of the original 130 parameters controlled the simulated
basin hydrology response. These reductions in the maximum
uncertainty were coincident with reductions in the overall model
uncertainty indicated by reductions in the model condition num-
bers from 120,367,108,557 to 5,880,270 (reduced the number
of estimated parameter values from 130 to 21) and 5,880,270 to
50,986 (reduced the number of estimated parameter values from
21 to 6).
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Whereas the previous analysis demonstrated that a reduc-
tion in the Blackberry Creek model parameterization complexity
coincided with a reduction in the model uncertainty, there was
considerable residual model uncertainty even for the 6-parameter
model. Because of the varying amounts of residual model uncer-
tainty in these three calibrated Blackberry Creek models, an
important test was to quantify and compare the uncertainty
limits associated with predictions of a streamflow event not
included in the calibration data set. To evaluate the usefulness of
reducing parameter complexity in the Blackberry Creek model,
the predictive estimation technique was used to compute the
uncertainty limits for the largest magnitude streamflow recorded
(500-year peakflow discharge) in the Blackberry Creek basin. For
these three calibrated models, the estimated minimum prediction
limits were 10.6 m3 s−1, 45.9 m3 s−1, and 156 m3 s−1; whereas
the estimated maximum prediction limits were 298.8 m3 s−1,
253.6 m3 s−1, and 210.4 m3 s−1.

Despite the consistency in model calibration quality (CMFE of
about 0.86 and CC of about 0.93) among these three models, the
reduction in model parameterization complexity from 130 to 21
and 21 to 6 parameters coincided with a reduction in the respec-
tive range of predictive uncertainty from about 288.2 m3 s−1 to
207.7 m3 s−1, and 207.7 to 54.4 m3 s−1 (Fig. 8). Whereas the
reduction in model parameter complexity reduced the range of
predictive uncertainty, the reduction in range of predictive uncer-
tainty appeared to occur at the expense of model bias; that is,
as the range of predictive uncertainty decreased, the model bias
increased. The increase in model bias indicated that there were
probably one or more model parameters that control basin hydrol-
ogy but were not accounted for because of a lack of relevant
calibration-constraint information content. This finding implied
the following basin modeling conundrum: model complexity
guarantees prediction within the limits of uncertainty, but reduced
prediction uncertainty at the expense of model complexity guar-
antees model bias outside the limits of uncertainty. These findings
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Figure 8 Prediction of the largest peak flow (98 m3 s−1, July 19, 1996)
using the best-quality calibrated Blackberry Creek models (coefficient of
model-fit efficiency of 0.86, and correlation coefficients of 0.93) based
on the conceptual model 2 with 21 stream reaches and QVaVmVsD
constraint-scenario derived from October 1, 1989 to June 30, 1996).

underscore the need to strike a balance between an acceptable
level of model complexity that gives rise to predictive uncertainty
and model bias.

7 Conclusions

Based on results from this study, several summary statements
and conclusions were formulated to assist hydrologists engaged
in using calibrated basin models to predict the effect of chang-
ing landscapes and climatic conditions on the sustainability of
water resources.First, the substitution of published parame-
ter values for the same or similar land-use cover types into
the basin model gave very poor model results that significantly
overestimated high flows and underestimated low flows. For
this reason, the application of these uncalibrated basin mod-
els should be used only to understand average system behavior.
Published parameter values, however, could be valuable when
used as initial parameter values in the nonlinear model cal-
ibration process.Second, improvements in the basin model
quality could be achieved by augmenting traditional streamflow
measurements used as calibration-constraint information with
integrated streamflow quantities derived at different sample fre-
quencies. The continuing improvements in basin-model quality
with an increase in the number of integrated streamflow quan-
tities used to constrain the calibration process underscores the
importance of broadening the spectrum of the transfer response
function. The fact that addition of flow duration values to the var-
ious volume observations did not significantly change the quality
of the calibrated basin model is attributed to the duration informa-
tion being already accounted for through the derived streamflow
quantities sampled at varying frequencies.Third, the similarity in
calibrated quality of basin models when constrained by the same
measurement types, no monthly storage, but different conceptual
models of drainage networks suggests that the addition of stream
reaches may not be as important as the introduction of time vary-
ing storage for this basin. Also, evaluating conceptual models
using the CMFE is more appropriate than the objective function
because of the differences in number of estimated parameter val-
ues.Fourth, despite the improvements when calibrating the basin
model using various derived streamflow quantities as calibration
constraints, the model correlation coefficients and coefficient of
model fit efficiencies were less than 1 indicating that limitations
exist in the conceptual model and (or) information content used
to constrain the model calibration process. Because changes in
the conceptual model did not change the coefficient of model
fit efficiencies, the calibration limitation was attributed to the
information content associated with system stresses not other-
wise captured in the streamflow record or filtered as a result
of the inverse modeling procedure.Fifth, because there was no
additional information available to constrain the best-calibrated
basin model, the correlated parameters associated with eigenvec-
tors having the largest eigenvalues (>1) were removed from the
basin model-calibration process. Whereas the reduction in model
parameter complexity reduced the range of predictive uncertainty,
the reduction in range of predictive uncertainty appeared to occur
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at the expense of model bias. The increase in model bias with a
decrease in model complexity indicated that there were probably
one or more model parameters that control basin hydrology that
were not accounted for because of a lack of relevant calibration-
constraint information content. This finding suggests that model
complexity guarantees prediction within the limits of uncertainty,
but reduced prediction uncertainty at the expense of model com-
plexity guarantees model bias outside the limits of uncertainty.
These findings underscore the need to strike a balance between an
acceptable level of model complexity that gives rise to predictive
uncertainty and model bias.
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