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s u m m a r y

Recent advances in optimizing watershed model calibration have focused mainly on incorporating multi-
ple objective measures of model performance and improving optimization algorithms. However, some
parameters vary widely among different calibration locations. We present a watershed model calibration
method that combines multi-objective optimization with averaging across multiple calibration sites.
Model parameters were first estimated by multi-objective optimization at each calibration site, and then
finalized by weighted averaging the parameter values across sites. The weight for each site was calculated
from the prediction error at that site. The calibration framework was applied to estimate 16 hydrological
and nutrient parameters of the General Watershed Loading Function (GWLF) watershed model at the
Rhode River basin, in Maryland, United States of America. When calibrated to a single watershed, GWLF
gave reasonable predictions for monthly streamflow (r2 = 0.71–0.78), monthly total nitrogen (TN) loads
(r2 = 0.55–0.65), annual streamflow (r2 = 0.80–0.91), and annual TN loads (r2 = 0.67–0.86); but success
for total phosphorus (TP) loads varied among watersheds (r2 = 0.41–0.68 for monthly TP loads and
r2 = 0.47–0.79 for annual TP loads). In comparison to the single-site calibrations, the multi-site weighted
average approach combined with multi-objective optimization reduced the relative cumulative error of
predictions in validation watersheds by 3.5–7.4% for monthly streamflow, 3.2–6.3% for monthly TN loads,
and 4.3–5.9% for monthly TP loads, respectively.

� 2009 Elsevier B.V. All rights reserved.

Introduction

The problem of eutrophication has become a central theme of
coastal research and management due to the ever-increasing pro-
portion of the human population being concentrated in coastal
watersheds (Rosenberg, 1985; Gray, 1992; Howarth et al., 2000;
Kemp et al., 2005). Watershed models are increasingly used in
management efforts to reduce nutrient and sediment loads. The
prediction accuracy of watershed models depends on model struc-
ture, input data availability and data quality, and model parameter
estimation. Most watershed models have many parameters that
cannot be directly measured or cannot be determined at the re-
quired spatial scale; therefore some model parameters must be
estimated through model calibration. Calibration is the process of
adjusting parameters until model outputs are sufficiently similar
to observed values (where sufficiency is specified by the modeler).

A measure to be used for judging the similarity between predicted
and observed outputs is called an objective function (van Griens-
ven and Bauwens, 2003).

Management decisions to protect estuaries are being made in
the context of unprecedented environmental changes. We devel-
oped a management-oriented modeling system to look at interact-
ing effects of climate and land use change on shallow subestuaries,
which are biologically critical to larger estuarine systems such as
the Chesapeake Bay in the United States.

The modeling system has linked watershed and subestuary
models. We are using relatively simple watershed and subestuary
models to facilitate application to large numbers of subestuaries
and to facilitate automated calibration and analysis of model
uncertainties. The watershed is considered to be an upstream
boundary where multiple stressors, such as nutrients and sedi-
ments, are discharged to the subestuary. We applied a widely-used
watershed model, the Generalized Watershed Loading Functions
(GWLF) model (Haith and Shoemaker, 1987), to provide predic-
tions of local watershed loading for driving the subestuary model
and to predict how watershed loadings will respond to changes
in land use and climate. One significant challenge is the watershed
model calibration.
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The laborious nature of manual trial and error model calibration
has motivated the development of automatic calibration
techniques, including gradient-based methods like the Gauss–
Levenberg–Marquardt method (Doherty and Johnston, 2003),
population-evolution-based algorithms like Shuffled Complex Evo-
lution method (Duan et al., 1992), and regionalization or spatial
generalization (Lamb and Kay, 2004). Gradient-based methods
are computationally efficient, but may identify parameters associ-
ated with a local minimum of the objective function rather than
the global best parameter values (Rode et al., 2007). Global search
methods such as SCE-UA (a shuffled complex evolution algorithm
developed at The University of Arizona, Duan et al., 1992) avoid
this problem, but global algorithms are complex and computation-
ally expensive. A third calibration approach, called regionalization
or spatial generalization, attempts to relate calibrated model
parameters from many gauged watersheds to measurable wa-
tershed characteristics using regression or statistical methods,
and then the relationships can be used to estimate model parame-
ters for ungauged basins (Wagener and Wheater, 2006). This ap-
proach requires a large number of gauged watersheds with
reliable data describing watershed characteristics, and sometimes
there may not be any significant statistical relationships between
a model parameter and watershed characteristics.

Multi-objective global optimization (Yapo et al., 1998; Gupta
et al., 1999; Boyle et al., 2000; Vrugt et al., 2003; Fenicia et al.,
2007) has been developed because any single-objective function,
no matter how carefully chosen, may not adequately measure
the ways in which a model fails to match the important character-
istics of the observed data (Yapo et al., 1998). In multi-objective
optimization, it is not possible to minimize all criteria simulta-
neously. Instead, a set of solutions is commonly found, which is
called the Pareto set (Gupta et al., 1998). The Pareto set represents
the set of solutions that can objectively be considered to be better
than all other possible solutions. For the Pareto optimum solution,
multiple objective functions can be aggregated into one statistical
criterion (Madsen, 2000, 2003; van Griensven and Bauwens, 2003,
2005). Madsen (2000) proposed a balanced aggregated objective
function using a Euclidian distance function in which all the objec-
tive functions are transformed to have about the same distance to
the origin near the optimum. Based on Bayesian theory, Van
Griensven and Meixner (2007) proposed a simpler method to cre-
ate a global optimization criterion (GOC) with the shuffled com-
plex evolution (SCE) algorithm which reduces the computational
burden.

Most applications of multi-objective optimization methods to
watershed model calibration are implemented at a single site. No
matter how well a model is calibrated at one site, extrapolating
the parameter values to other watersheds may be problematic be-
cause of the uniqueness of model parameters for individual water-
sheds (Beven, 2000). Using calibration results from multiple sites
(Vandewiele and Elias, 1995) can be an effective way to reduce
the uncertainty of extrapolating parameter estimates from a sin-
gle-site calibration. As more stream measurements become avail-
able, multi-site calibration should be an important step towards
applying global multi-objective optimization methods to broader
watershed modeling applications for management of eutrophica-
tion in coastal waters.

In this paper, we apply the global multi-objective optimization
method to multi-site calibration of a watershed model. The paper
has two objectives. First, we present a new method that integrates
multi-objective global optimization with multi-site calibration to
better estimate model parameters for unmonitored sites with no
calibration data. Second, we test the new method with the
widely-used GWLF watershed model. We hypothesized that the
multi-site approach would yield better parameter choices and
better model predictive performance than one would get from

extrapolating parameters from a single site. To evaluate this
hypothesis, we quantify the benefit of multi-site calibration in
improving model performance over single-site calibration and
compare the benefit for different model predictions of flow, nitro-
gen and phosphorus. We apply the GWLF model to subwatersheds
of the Rhode River basin of the Chesapeake Bay drainage. We
aggregated multiple objective functions into one single global
optimization criterion, calibrated water yield and nutrient loads
at single and multiple sites, and evaluated the single-site and
multi-site calibrations.

Methods

Study site

The study watersheds are part of the 3332 ha Rhode River
drainage basin (Fig. 1). The Rhode River is a tidal tributary to the
Chesapeake Bay in Maryland, United States of America (38�520N,
76�320W), and its watershed is in the mid-Atlantic Coastal Plain
physiographic province. Since 1974, the Smithsonian Environmen-
tal Research Center (SERC) has measured stream discharges from
subwatersheds within the basin using automated stream sampling
stations that record streamflow and collect water samples for
chemical analysis (Correll, 1977; Jordan et al., 1997a, 2003; Correll
et al., 1999a,b). The five study subwatersheds considered in this
paper range in size from 0.17 to 2.47 km2 and differed in land cover
(Table 1).

The GWLF model

GWLF (Haith and Shoemaker, 1987) is a lumped parameter wa-
tershed model that predicts streamflow and the loads of sediment,
nitrogen (N) and phosphorus (P). GWLF uses runoff predictions
from the curve number (CN) method, the Universal Soil Loss Equa-
tion (USLE, Wischmeier and Smith, 1978), and with average nutri-
ent concentrations based on land use (Fig. 2). Watershed attributes
are assumed to be homogenous across each watershed. For sub-
surface loading, the model uses a water balance approach. Daily
water balances are computed for an unsaturated zone as well as
a saturated sub-surface zone, where infiltration is computed as
the difference between precipitation and snowmelt minus surface
runoff plus evapotranspiration.

The GWLF model calculates nutrient loads using a number of
empirical equations. All nutrients in GWLF computations are
either dissolved or solid-phase, and total N or P are simply the
sums of solid and dissolved forms. Monthly N discharge is calcu-
lated as

Nd ¼ Ndp þ Ndr þ Ndg þ Ndu ð1Þ
Ns ¼ Nsp þ Nsr þ Nsu ð2Þ

where Nd is total dissolved N; and Ndp, Ndr, Ndg, and Ndu are the dis-
solved N contributions from point sources, rural runoff, ground
water, and urban runoff, respectively. Ns is total solid N; and Nsp,
Nsr, and Nsu are solid N from point source, rural runoff and urban
runoff N discharges, respectively. Monthly P discharge is calculated
in the same way as N. The GWLF model assumes that all the nutri-
ent loads from point source, groundwater and septic systems are
dissolved, and from urban nutrient load is solid.

Here we briefly describe the calculations for nitrogen loads
(phosphorus loads are calculated in the same way as nitrogen)
from rural runoff, urban runoff, groundwater sources and septic
systems. More details about the calculations can be found in the
model manual (Haith et al., 1996).

278 X. Li et al. / Journal of Hydrology 380 (2010) 277–288



Author's personal copy

Rural runoff loads

The monthly dissolved nitrogen load from rural runoff is calcu-
lated as:

Ndr ¼ 0:1 �
X

k

Xm

t¼1

Ck � Q kt � Ak ð3Þ

where Ck is nitrogen concentration in runoff from source area k
(mg L�1), Qkt is runoff (cm) from source area k on day t, Ak is area
(ha) of source area k, and m is number of days in the month.

The solid-phase nitrogen load from rural runoff Nsr is calculated
from monthly sediment yield Ym (Mg) and an average sediment
nutrient concentration Cs (mg kg�1):

Nsr ¼ 0:001 � Cs � Ym ð4Þ

Monthly sediment yield Ym is estimated using the model devel-
oped by Haith (1985).

Urban runoff

The GWLF monthly nitrogen load from urban runoff is calcu-
lated as:

Nsu ¼
X

k

Xm

t¼1

Wkt � Ak ð5Þ

where m is number of days in the month and Ak is area (ha) of
source area k. Wkt is a first-order wash off function:

Wkt ¼ 1� e�1:81�Qkt ð6Þ

where Qkt is runoff (cm) from source area k on day t.

Groundwater sources

The monthly groundwater nitrogen discharge to the stream is
calculated as:

Ndg ¼ 0:1 � Cg � A �
Xm

t¼1

Gt ð7Þ

where m is the number of days in the month, Cg is the nitrogen con-
centration in groundwater (mg L�1), A is area (ha) of source area k,
and Gt is groundwater discharge (cm) to the stream on day t.

Table 1
Area and land cover (Homer et al., 2004) for study watersheds of Rhode River basin,
Maryland, USA. Two minor land cover categories (wetlands and water) are not
included.

Subwatershed Land area
(km2)

Land cover percentage

Developed
land

Cropland Grassland Forest

101 2.26 5.7 2.9 28.0 63.0
102 1.93 6.9 8.7 31.0 53.1
103 2.42 2.4 4.8 24.5 67.5
108 1.52 1.9 16.3 19.5 62.3
109 0.17 0.0 23.7 7.5 68.8

Fig. 1. Five study watersheds of Rhode River basin in Maryland, United States of America.
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Septic systems

The monthly nitrogen discharge from septic systems is the sum
of discharges four septic system types:

Nds ¼ Nds1 þ Nds2 þ Nds3 þ Nds4 ð8Þ

where Nds1, Nds2, Nds3 and Nds4 are the nitrogen discharges from
normal, short-circuited, ponded, and direct discharge systems.
These discharges are computed from per capita daily effluent loads
and the populations served by each type of septic system.

Compared to other watershed-oriented water quality models,
such as Soil and Water Assessment Tool (SWAT), Stormwater Man-
agement Model (SWMM), and Hydrological Simulation Program –
Fortran (HSPF), GWLF has been classified by the US EPA as a model
with ‘‘mid-level” complexity that includes most of the key mecha-
nisms controlling nutrient fluxes within a watershed (US EPA,
1999). The data inputs for GWLF are generally easier to compile
than many other models (Deliman et al., 1999). GWLF has been
successfully applied to estimate water, total N, total P, and sedi-
ment discharges from ungauged watersheds (e.g., Lee et al., 2000,
2001; Schneiderman et al., 2002); to predict the effects of land
use on downstream loads of nutrients and sediment (i.e., Howarth
et al., 1991; Fisher et al., 2006); to forecast the effects of climate
change on flow and nutrient discharges (i.e., Abler et al., 2002;
Chang et al., 2001); and to calculate nutrient and sediment loads
for TMDL (total maximum daily load) development and implemen-
tation (e.g., Borah et al., 2006).

Input data

We quantified watershed characteristics by using the ArcGIS
(ESRI, Inc.) geographic information system (GIS) to intersect digital
spatial data with watershed boundaries derived from digital topo-
graphic data and stream maps (Baker et al., 2006). Topographic
variables, such as slope, were derived from the US National Eleva-
tion Data (1:24,000 DEM, Caruso, 1987; http://edc.usgs.gov/geoda-
ta/). Watershed land cover was calculated from the second
generation of the US National Land Cover Dataset (30 m resolution;
Homer et al., 2004; http://www.mrlc.gov), which was derived from
Landsat 7 satellite imagery. We derived soil properties (permeabil-
ity, soil erodibility and hydrologic group) from the SSURGO digital
soil map for Anne Arundel County, Maryland (1:24,000, USDA-
NRCS, 1995; http://www.ncgc.nrcs.usda.gov/products/datasets/
ssurgo/).

We used daily meteorological data (precipitation and air tem-
perature) from the SERC weather station (Correll et al., 1999a) to
drive the model. Measurements of streamflow and nutrient loads,
and sediment loads during 1980–2004 were from five monitoring

stations operated by SERC (Correll et al., 1999a; Jordan et al.,
2003). Human population data were from the US Census
(www.census.gov). US Census data on households with and with-
out public sewer service were used to estimate the number and
density of septic systems.

Calibrated parameters

In applying GWLF in a Chesapeake coastal basin, Lee et al.
(2000) grouped the parameters of GWLF into three classes based
on their influences on model performance. Group 1 parameters
must be adjusted to achieve adequate model performance. Group
2 parameters can improve the model performance, that is, they
are useful but not essential. Group 3 parameters can be set to de-
fault values because they influence model output only for the first
few months. In this paper, we calibrate only the hydrology and
nutrient parameters in groups 1 and 2 (Table 2). The curve number
and soil erosion parameters were not included in our calibrations.
Curve number (CN) values were based on land use type (see CN
values in Table 2). We derived soil erosion parameter values from
mapped values of erosion parameters. These mapped values were
derived from soil database, DEM and land cover maps (Boomer
et al., 2008). The soil erosion parameters (soil erodibility K, the
slope length-gradient LS, a crop/vegetation factor C, and a conser-
vation practice factor P) are components of the Universal Soil Loss
Equation (USLE, Wischmeier and Smith, 1978).

Model calibration procedure

We calibrated GWLF for monthly and annual water flow, TN
load, and TP load. Three hydrological parameters were estimated
by calibrating to monthly or annual flow: baseflow recession coef-
ficient, deep seepage coefficient and unsaturated available water
capacity (Table 2). Several other hydrological parameters, such as
initial saturated and unsaturated water storage and initial snow,
influence model output only for the first few months. We ran the
model for 1 year prior to the time period of interest to avoid the
effects from these initial conditions. Once the baseflow recession,
deep seepage, and water capacity parameters were optimized,
we estimated sediment and nutrient (TN and TP) parameters by
comparing predicted monthly or annual sediment and nutrient
loads with their measurements using multi-objective calibration
at a single site or at multiple sites (see description below). We used
a Latin-Hypercube sampling approach (McKay et al., 1979) to gen-
erate parameter sets for the optimization (below). The values for
each parameter to be calibrated must be in a value range based
on literature or site characteristics (Table 2). For a few hydrological
parameters, we used empirical relationships to set the parameter

Fig. 2. Structure of the GWLF model. Shaded arrows are major fluxes of the hydrologic cycle.
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range. For example, we used a published relationship between the
sediment delivery ratio and drainage area (see Haith and Shoe-
maker, 1987) to estimate the sediment delivery ratio, and then
we assigned a range 50% below and 50% above that estimate. Sim-
ilarly, Lee et al. (2000) observed a hyperbolic relationship between
the groundwater recession coefficient and watershed drainage
area, and we assigned the parameter value range to be 50% below
and above the estimate from that relationship.

According to the principles of multi-objective calibration based
on the concept of Pareto optimality (Gupta et al., 1998), the cali-
bration problem can formally be stated as

min FðhÞ ¼ ff1ðhÞ; :::; fmðhÞgh � H ð9Þ

where the goal is to find values for h (a set of model parameters)
within the feasible parameter space H that minimize all of the
objectives fi(h), i = 1, 2, 3, . . . , m simultaneously (where m is the
number of objective functions). In this paper, the parameter space
is defined by specifying lower and upper limits of each parameter.
To solve the Pareto optimality, we used a global optimization crite-
rion (GOC) approach that was proposed by Van Griensven and
Meixner (2007). Several multi-objective functions are aggregated
into one single objective, so that the multi-objective optimization
problem becomes a single-objective problem:

GOC ¼
Xm

i¼1

xi � fiðhÞ ð10Þ

where xi is the weight for objective function i (i = 1, 2, 3, . . . , m) and
fi(h) is the objective function. The weight is equal to the number of
observations divided by the minimum of each objective function
(van Griensven and Meixner, 2007), so the GOC can be calculated as

GOC ¼
Xm

i¼1

fiðhÞ � n
fiðhÞmin

ð11Þ

where fi(h)min are the minimum values to be found for each objec-
tive function, and n is the number of observations. Once we find

Table 2
GWLF parameters and their values or value ranges. Values ranges are from Haith et al. (1996) and Lee et al. (2000).

Parameter Value or value range Unit Description

CN
Forest 60 None Curve number for computing surface runoff
Grassland 69
Cropland 77
Developed land 83
Wetland 99
Water 99

Baseflow recession 0.01–0.2 cm day�1 Groundwater recession coefficient
Seepage coefficient 0–0.08 cm day�1 Deep seepage coefficient
UAWC 5–20 cm Unsaturated available water capacity
Sediment delivery ratio Site-dependent None The ratio of annual sediment yield to annual erosion
Sediment N 500–900 mg kg�1 Solid-phase N from rural sources
Sediment P 120–393 mg kg�1 Solid-phase P from rural sources
Groundwater N 0.1–19 mg L�1 Dissolved N concentration in groundwater
Groundwater P 0.01–0.1 mg L�1 Dissolved P concentration in groundwater
Agricultural runoff N 0–29 mg L�1 Dissolved N concentration in runoff from agricultural land
Agricultural runoff P 0.1–5.1 mg L�1 Dissolved P concentration in runoff from agricultural land
Grassland runoff N 0–29 mg L�1 Dissolved N concentration in runoff from grassland
Grassland runoff P 0.1–5.1 mg L�1 Dissolved P concentration in runoff from grassland
Forest runoff N 0.19–5 mg L�1 Dissolved N concentration in runoff from forest
Forest runoff P 0.006–0.067 mg L�1 Dissolved P concentration in runoff from forest
Urban build-up N 0.012–0.1 kg ha�1 d�1 Solid N accumulation and wash off on urban surfaces
Urban build-up P 0.002–0.01 kg ha�1 d�1 Solid P accumulation and wash off on urban surfaces

Table 3
Squared correlation coefficients (r2) between GWLF model predictions and observa-
tions of monthly or annual streamflow, TN load, and TP load in Rhode River
watersheds. The simulation time periods are October 1980–September 2004 for
monthly streamflow, January 1985–December 2002 for monthly TN load and TP load.
For annual results, water years numbered 1985–2001 extend from October 1 to
September 30 of the following year. Statistical significance is evaluated with t-test
and indicated as ‘‘not significant” (p > 0.5), ‘‘significant”.

Variable Watershed

101 102 103 108 109

Monthly streamflow 0.71** 0.78** 0.75** 0.73** 0.74**

Monthly TN 0.61** 0.61** 0.65** 0.55** 0.60**

Monthly TP 0.47* 0.42 0.68** 0.47* 0.41
Annual streamflow 0.88** 0.91** 0.84** 0.87** 0.80*

Annual TN 0.80* 0.69* 0.67* 0.86** 0.74*

Annual TP 0.70* 0.48 0.79* 0.56 0.47

* 0.01 < p < 0.05 or ‘‘highly significant”.
** p < 0.01.

Table 4
Values of objective functions calculated between GWLF model predictions and
observations of monthly or annual streamflow, TN load, and TP load in Rhode River
watersheds: cumulative error (CE), root mean squared error (RMSE), and the index of
agreement (d). The simulation time periods were the same as in Table 3.

Watershed 101 102 103 108 109

Monthly streamflow
CE (cm) 305 286 297 322 60
RMSE 1.56 1.39 1.44 1.62 1.20
d 0.86 0.88 0.86 0.87 0.85

Monthly TN
CE (kg N) 3770 4928 6759 6848 1058
RMSE 33.06 36.02 51.02 60.48 11.95
d 0.82 0.84 0.84 0.81 0.82

Monthly TP
CE (kg P) 1887 2057 22996 3360 691
RMSE 14.98 18.18 151.64 48.32 8.07
d 0.77 0.79 0.85 0.80 0.79

Annual streamflow
CE (cm) 172 140 178 186 95
RMSE 6.97 6.06 7.78 8.07 4.33
d 0.9 0.92 0.88 0.9 0.89

Annual total N
CE (kg N) 1517 2100 3092 3340 544
RMSE 140.24 167.21 216.69 235.76 44.27
d 0.86 0.85 0.85 0.88 0.86

Annual total P
CE (kg P) 828 1196 4144 2138 353
RMSE 66.5 96.11 416.84 195.54 28.37
d 0.86 0.78 0.88 0.81 0.8
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the minimum GOC in Eq. (11), we can identify the best parameter
estimates using this multi-objective optimization.

In this study, we used three objective functions to calculate GOC
in Eq. (11): CE, RMSE and d. These objective functions measure
model error or residual. Their definitions are

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
t

Xt

i¼1
ðOi � PiÞ2

r
ð12Þ

CE ¼
Xt

i¼1

jOi � Pij and ð13Þ

d ¼ 1�
Pt

i¼1ðOi � PiÞ2Pt
i¼1ðjPi � Oj þ jOi � OjÞ2

ð14Þ

Root mean squared error (RMSE) measures the generalized
standard deviation between observed and model predicted values.
Cumulative error (CE) is an important error measure for an entire
prediction time period, and d is the index of agreement for the en-
tire time period (Willmott, 1981). In Eqs. (12)–(14), t is the total
number of time steps in the calibration period, O is the observed
value, and P is the predicted value.

We normalized values of the three objective functions to a scale
of 0–1 so that we could calculate the GOC values at the same
magnitude with different objective functions. Each objective
function was divided by the maximum value among objective
functions of the five single-site calibrations to normalize its value.
The three normalized functions thus received the values with same
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Fig. 3. Observed and predicted monthly streamflow (October-1980–September-2004) for five Rhode River watersheds. The predictions were based on single-site calibrations.
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magnitude. We actually used 1 � d rather than d in the GOC be-
cause minimizing the GOC then tends to minimize 1 � d and thus
maximize agreement (d). We also actually used relative CE (see Eq.
(18) below) rather than absolute CE because relative CE remains
comparable even when the duration of simulations is changed.
For each calibration site, we estimated the parameters in Table 2
through minimizing GOC values in Eq. (11). We separately com-
pared monthly or annual predictions of streamflow, TN loads,
and TP loads with their observed values to identify the best param-
eter sets with minimum GOC values at both monthly and annual
time scales. When we estimated nutrient concentration parame-
ters, we required that agricultural runoff N (or P) > Grassland run-
off N (or P) > Forest runoff N (or P). When the parameter values
yielding a minimum GOC did not meet this constraint, we elimi-
nated unreasonable parameter sets by choosing the parameter
set with next lowest GOC that did satisfy the constraint.

For a single watershed, the best parameter set can be identified
by optimizing GOC, but the parameter estimates will vary among
watersheds. To reduce the possible bias in parameter estimates
due to the arbitrary selection of a single calibration watershed,
we used multi-site averaging to estimate the final parameter val-
ues. We tried averaging across calibration sites using two calcula-
tions. The equal weight average (hereafter called un-weighted
average) is the simple average for each parameter from indepen-

dent calibrations at multiple sites. For the multi-site weighted
average (hereafter called weighted average), we assigned a higher
weight to a site for which the difference between predicted and ob-
served values is smaller. The weight w was the inverse of residual
variance calculated as

wj ¼
1
r2

j

ð15Þ

where rj is standard deviation of model residuals (predictions
minus measured values) at site j (j = 1, 2, 3, . . . , n). Then the
weighted average parameter value is

h ¼
Xn

j¼1

wjPn
j¼1wj

hj ð16Þ

where hj is the best estimate for parameter set based on Eq. (9) at
site j (j = 1, 2, 3, . . . , n). In Eq. (16), we normalized the weights.

Model validation and evaluation of model performance

Model validation using independent watersheds
We used data from an independent watershed to validate

parameters estimated from various calibration approaches. We
used any four of the five Rhode River watersheds for model
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calibrations and the remaining watershed for validation. We then
changed the combination of the four calibration watersheds and
the remaining one validation watershed, and finally implemented
model calibrations for all five different combinations. The combi-
nations for calibration and validation are: watersheds 101, 102,
103 and 108 for model calibration, and watershed 109 for valida-
tion; Watersheds 101, 102, 103 and 109 for calibration, and wa-
tershed 108 for validation; and so on.

Multi-site versus single-site calibration and validation
For each validation watershed, we compared model perfor-

mance with different six parameter sets. There were four parame-
ter sets calibrated from four single sites. The fifth parameter set
was an un-weighted average of the four single-site sets, and the
sixth parameter set was a weighted average of the four single-site
sets (weighted by inverse residual variance, Eq. (15)). Thus, we had
two multi-site calibration scenarios: one from un-weighted aver-
aging and another from weighted averaging.

To quantify model performance, we calculated the squared cor-
relation coefficient, r2, between predicted and observed values
(also called the coefficient of determination) and relative cumula-
tive error (CE). r2 is a widely-used and clearly interpretable good-
ness-of-fit indicator, while CE measures the error from an entire
prediction time period. We used relative CE rather than absolute
CE because relative CE remains comparable even when the dura-
tion of simulations is changed. The coefficient of determination r2

is calculated as:

r2 ¼
Pt

i¼1ðOi � OÞ � ðPi � PÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPt
i¼1ðOi � OÞ2 �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPt
i¼1ðPi � PÞ2

qr
0
BB@

1
CCA

2

ð17Þ

with O observed and P predicted values. CE is defined as the sum of
absolute values of the difference between predictions and observa-
tions. The relative CE (%CE) is the ratio of absolute CE to the sum of
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observed values over the entire study time period expressed as a
percentage. The relative CE is calculated as:

%CE ¼ CEPt
i¼1Oi

� 100 ð18Þ

where CE is calculated by Eq. (13).

Results

Single-site calibration

GWLF simulations calibrated with the multi-objective optimi-
zation approach at single sites showed various levels of success
among responses and among the five calibration watersheds
(Tables 3 and 4, Figs. 3–5). Overall, model predictions for monthly
or annual streamflow were better than for TN load, and TN load
predictions were better than TP load predictions. Simulations of
monthly and annual streamflow and TN in all five watersheds were
successful, with r2 values of 0.71–0.78 for monthly streamflow,
0.55–0.65 for monthly TN, 0.80–0.91 for annual streamflow,
0.67–0.86 for annual TN. Model performance for monthly and an-
nual TP loads was generally not as good as streamflow or TN loads,
as shown by r2 values of 0.41–0.68 for monthly TP loads, 0.47–0.79
for annual TP loads (Table 3).

Parameter estimates from multi-objective optimization at five
single calibration sites varied among sites (Table 5). Some param-
eters varied widely, especially the site-dependent parameters
identified by Lee et al. (2000). For example, the baseflow recession
varied from 0.014 to 0.044 (a 67% difference between the highest
and lowest values), and the sediment delivery ratio varied from
0.16 to 0.31 (a 48% difference between the highest and lowest val-
ues). Nutrient parameters varied less among watersheds than did
the hydrological parameters. For example, the concentration of N
in agricultural runoff N varied from 5.8 to 8.0 mg N L�1 (a 28% dif-
ference between the highest and lowest values).

Multi-site average parameters

The weights from different sites (Eq. (15)) used in estimating
weighted average parameter values varied widely among water-
sheds and among model outputs in the same watershed (Table
6). The variation of weights for monthly streamflow was relatively
lower than for monthly TN or TP load. For example, the weights for
monthly streamflow ranged from 0.21 to 0.29 when watersheds

101, 102, 103 and 108 were selected as calibration sites and from
0.18 to 0.34 when watersheds 102, 103, 108 and 109 were selected
as calibration sites. The weights for monthly TP or TP load were
more variable. For example, the weights ranged from 0.12 to 0.39
for monthly TN loads and 0.01 to 0.56 for monthly TP loads when
watersheds 101, 102, 103 and 108 were selected as calibration
sites. The weight ranges were 0.09–0.53 for monthly TN loads
and 0.01–0.51 when watershed 102, 103, 108 and 109 were se-
lected as calibration sites.

The weighted average parameter estimates (Eq. (16)) improved
model prediction in comparison to the average of single-site
parameters for monthly and annual streamflow, TN and TP load
in validation watersheds, but the un-weighted average parameters
did not improve model performance (Table 7). In comparison to
the average of r2 values from single-site calibrations from four cal-
ibration watersheds, calibrations with weighted averaging in-
creased squared correlation coefficients between predictions and
observations in validation watersheds by 0.06–0.10 for monthly
streamflow, 0.03–0.08 for monthly TN loads, and 0.02–0.05 for
monthly TP loads. Similar improvements were found for predic-
tions of annual streamflow, TN load, and TP load. Model prediction
performance for each calibration scenario varied among validation
watersheds. For example, squared correlation coefficients for
monthly streamflow using the average of single-site parameters
for calibration ranged from 0.60 to 0.68. The variations of model
performance among validation watersheds for monthly and annual
TN and TP loads were generally broader. For example, r2 ranged
0.63–0.74 for annual TN loads with weighted average calibration.

The relative cumulative error (%CE) from validation simulations
using weighted average parameters was lower than the %CE from
simulations using un-weighted average parameters and also lower
than the average of the four %CE values from single-site calibration
(Table 8). For example, in validation watershed 101, the %CE for
monthly streamflow was 33.8% with weighted average parameters
and 41.6% with un-weighted average parameters. The average of
the cumulative errors for the four single-site calibrations was
41.2%. However, the weighted calibration did not always produce
a smaller %CE than every single-site calibration. For monthly TN
load or TP load predictions in each validation watershed, there
was at least one single-site calibration that produced a smaller
%CE than did the weighted average. For example, at validation wa-
tershed 101, %CE for monthly TN loads was 40.8% for using calibra-
tion with weighted average, but 38.2% and 35.6% for the single-site

Table 5
GWLF parameter estimates from calibration of each single watershed of Rhode River
basin using multi-o objective optimization approach.

Parameter Calibration watershed

101 102 103 108 109

Baseflow recession 0.034 0.020 0.044 0.027 0.014
Seepage coefficient 0.016 0.016 0.024 0.020 0.015
UAWC 10.8 9.1 9.1 9.98 11.8
Sediment delivery ratio 0.31 0.30 0.31 0.27 0.16
Sediment N (mg kg�1) 631 688 601 703 719
Sediment P (mg kg�1) 172 172 187 248 253
Groundwater N (mg L�1) 1.5 3.7 1.3 3.3 3.7
Groundwater P (mg L�1) 0.082 0.082 0.073 0.085 0.087
Agricultural runoff N (mg L�1) 6.5 5.8 8.0 7.2 8.0
Agricultural runoff P (mg L�1) 1.3 1.0 1.6 1.8 2.0
Grassland runoff N (mg L�1) 4.3 2.5 5.8 5.0 4.3
Grassland run off P (mg L�1) 0.78 0.52 1.03 0.65 0.78
Forest runoff N (mg L�1) 1.3 1.6 2.3 1.9 2.0
Forest runoff P (mg L�1) 0.020 0.023 0.034 0.027 0.031
Urban build-up N (kg ha�1 day�1) 0.059 0.071 0.048 0.038 0.027
Urban build-up P (kg ha�1 day�1) 0.0064 0.0043 0.0045 0.0045 0.0041

Table 6
Weights for each watershed in different calibration combinations used for multi-site
weighted average calibrations for monthly streamflow, TN and TP. The letter ‘‘V”
represents the validation watershed.

Variable Watershed

101 102 103 108 109

Streamflow 0.23 0.29 0.27 0.21 V
TN 0.39 0.33 0.16 0.12 V
TP 0.56 0.38 0.01 0.05 V

Streamflow 0.22 0.24 0.21 V 0.33
TN 0.19 0.16 0.08 V 0.57
TP 0.31 0.21 0.01 V 0.47

Streamflow 0.21 0.26 V 0.19 0.35
TN 0.20 0.16 V 0.06 0.58
TP 0.30 0.21 V 0.03 0.46

Streamflow 0.21 V 0.24 0.19 0.36
TN 0.28 V 0.12 0.08 0.52
TP 0.48 V 0.01 0.05 0.46

Streamflow V 0.25 0.23 0.18 0.34
TN V 0.25 0.13 0.09 0.53
TP V 0.42 0.01 0.06 0.51
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calibration from watersheds 102 and 109, respectively. With
weighted average parameters for our five validation watersheds,
the model prediction error was reduced by 3.5–7.4% for monthly
streamflow, 3.2–6.3% for TN loads, and 4.3–5.9% for TP loads in
comparison to average %CE from single-site calibrations (Table 9).

Weighted average parameters generally reduced prediction er-
ror compared to parameters from a single site (Table 8). For exam-
ple, in predicting TN load, weighted average parameters produced
lower %CE than two of four single-site calibrations at validation
watershed 101 and three of four single-site calibrations at valida-
tion watershed 102, 103, 108, or 109. However, choosing the
weighted average parameters instead of single-site parameters

also decreased error more often and to a greater extent than it in-
creased error (Table 9).

Discussion

Parameter estimation with the multi-objective method can im-
prove model prediction performance compared to a single objec-
tive calibration (e.g., Gupta et al., 1998; Yapo et al., 1998; Bekele
and Nicklow, 2007). However, some hydrological and nutrient

Table 7
Squared correlation coefficients (r2) between GWLF model predictions and observations of monthly or annual streamflow, TN load, and TP load at validation watersheds. Four of
five Rhode River watersheds were used for calibrations, and the remaining watershed for validation. The model predictions are based on parameter estimates from different
calibration scenarios. The column labeled ‘‘single site mean” gives the mean value of r2 for each validation site based on parameters from four single-site calibrations. The columns
labeled ‘‘un-weighted average” and ‘‘multi-site weighted average” give r2 values for each validation site based on parameters from multi-site un-weighted averaging and multi-
site weighted averaging calibrations. Statistical significance is evaluated with t-test and indicated as ‘‘not significant” (p < 0.5), ‘‘significant”.

Calibration scenario

Variable Validation site Single site Un-weighted Weighted Single site Un-weighted Weighted
Mean Average Average Mean Average Average

Monthly Annual

Streamflow 101 0.60** 0.59** 0.70** 0.68* 0.67* 0.81**

TN 101 0.54* 0.54* 0.60** 0.65* 0.65* 0.74*

TP 101 0.47* 0.46* 0.49* 0.58 0.59 0.63*

Streamflow 102 0.68** 0.70** 0.77** 0.73* 0.75* 0.85**

TN 102 0.55** 0.54* 0.61** 0.57 0.56 0.64*

TP 102 0.37 0.39 0.42* 0.44 0.43 0.47

Streamflow 103 0.67** 0.68** 0.73** 0.69* 0.71* 0.77*

TN 103 0.60** 0.62** 0.64** 0.58 0.60 0.63*

TP 103 0.61** 0.61** 0.65** 0.69* 0.69* 0.72*

Streamflow 104 0.65** 0.67** 0.73** 0.75* 0.76* 0.82**

TN 104 0.52* 0.53* 0.55** 0.70* 0.71* 0.73*

TP 104 0.36 0.37 0.38 0.48 0.51 0.53

Streamflow 105 0.67** 0.69** 0.74** 0.73* 0.74* 0.80*

TN 105 0.52* 0.53* 0.60** 0.59 0.70* 0.72*

TP 105 0.45* 0.48* 0.47* 0.43 0.42 0.46

* 0.01 6 p < 0.05 or ‘‘highly significant”.
** p < 0.01.

Table 8
Relative cumulative errors (%CE) for simulations using different parameters sets to
predict monthly streamflow, TN load, and TP load. Columns giving results from
single-site calibrations are labeled with the site number. The column labeled ‘‘Mean”
gives the mean value of %CE for the four single-site calibrations. The last two columns
give %CE values for parameters from multi-site un-weighted averaging and multi-site
weighted averaging. In each row, four watersheds were used for calibration and the
remaining one (marked with ‘‘V”) for validation.

Watershed Calibration scenario

101 102 103 108 109 Mean Un-weighted
average

Weighted
average

Streamflow V 39.3 42.0 44.0 39.5 41.2 41.6 33.8
TN V 38.2 55.4 57.3 35.6 46.6 46.4 40.8
TP V 81.2 87.7 98.9 78.0 86.5 85.9 81.3

Streamflow 35.6 V 41.6 42.4 40.4 40.0 38.7 34.1
TN 42.8 V 50.7 54.4 50.0 49.5 50.2 43.2
TP 76.3 V 96.7 93.3 78.1 86.1 85.6 80.3

Streamflow 40.7 42.8 V 43.5 37.0 41.0 40.2 37.0
TN 44.9 49.8 V 55.0 45.3 48.8 47.5 45.1
TP 76.3 92.2 V 96.9 85.3 87.7 88.0 81.8

Streamflow 43.4 42.9 45.1 V 36.9 42.1 40.9 36.8
TN 49.8 54.8 53.2 V 43.2 50.2 49.1 46.7
TP 96.1 93.5 83.7 V 78.6 88.0 85.7 82.5

Streamflow 41.7 39.2 40.1 42.5 V 40.9 42.5 37.4
TN 44.8 47.7 53.5 53.7 V 49.9 52.1 46.7
TP 76.4 78.9 95.8 93.3 V 86.1 87.8 81.8

Table 9
Difference (range and mean) of relative cumulative errors (%CE, see Table 8) for
simulations between using multi-site weighted averaging (or un-weighted averaging)
parameters and using a single-site calibration. A negative value indicates a decrease
of %CE from using multi-site calibration compared to the single-site calibration and a
positive value indicates an increase. A mean value indicates the mean of the
differences in %CE.

Validation watershed Un-weighted Average Weighted Average

Range Mean Range Mean

101
Streamflow (�2.7) � 2.4 0.4 (�10.5) � (�5.4) �7.4
TN (�12.1) � 12.0 �0.2 (�17.7) � 6.4 �5.8
TP (�13.0) � 7.9 �0.5 (�17.6) � 3.3) �5.2

102
Streamflow (�3.8) � 3.4 �1.3 (�8.5) � (�1.2) �5.9
TN (�4.7) � 8.1 0.8 (�11.7) � 1.1 �6.3
TP (�11.1) � 9.3 �0.5 (�16.4) � 4.0 �5.8

103
Streamflow (�3.5) � 3.5 �0.8 (�6.7) � 0.3 �4
TN (�8.2) � 3.0 �1.3 (�10.6)�0.6 �3.7
TP (�8.9) � 11.7 0.3 (�15.1) � 5.5 �5.9

108
Streamflow (�4.4) � 4.3 �1.2 (�8.5) � 0.2 �5.3
TN (�6.2) � 6.6 �1.2 (�8.6) � 4.2 �3.6
TP (�10.4) � 7.1 �2.3 (�13.6) � 3.9 �5.5

109
Streamflow (�0.1) � 3.3 1.6 (�5.2) � (�1.8) �3.5
TN (�1.9) � 7.9 2.2 (�7.3) � 2.5 �3.2
TP (�8.0) � 11.4 1.7 (�14.0) � 5.4 �4.3
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parameters rely heavily on local watershed characteristics (such as
soil physical and hydraulic features, nutrient concentrations in
water flow, and nutrients in surface soil layers), which can vary
widely among different locations. That variability complicates the
task of extrapolating model parameters from calibration sites to
other ungauged basins. We developed and tested a new method
that integrates multi-objective optimization with multi-site cali-
bration to better estimate model parameters for ungauged water-
sheds. We found that the new method provided a significant
boost in model performance for validation watersheds (Tables 7
and 8).

Parameters from muli-site averaging always worked better
when the individual site calibrations were weighted by their pre-
diction errors using Eq. (9) (Tables 7 and 8). With such weighting,
sites with better calibrations (lower prediction errors) contributed
more to the average parameters than did sites poorer calibrations
(higher prediction errors). Simulations with the weighted average
parameters had lower cumulative errors than simulations using
simple un-weighted average parameters (Table 8).

When selecting model parameters for unmonitored watersheds,
parameters from the weighted averaging method are far more
likely to minimize prediction bias than are parameters from sin-
gle-site calibrations. This biases reduction occurs even though
parameters from a single-site calibration might sometimes have
lower prediction errors. Our study offers 15 test cases (5 validation
watersheds � 3 materials) for comparing cumulative errors from
weighted average parameters and single-site parameters (Table
8). Across these 15 cases, there are 60 possible choices of single-
site parameter sets (15 cases � 4 possible calibration watersheds).
Only 14 of these 60 choices of a single-site calibration (23%) would
yield a cumulative error lower that the weighted average parame-
ter set (Table 8). In other words, there is a better than 75% proba-
bility that the weighted average parameter set will have a lower
cumulative error for an unmonitored watershed than one would
get from choosing one of the single-site calibrations (Table 8).

It is not known whether or not model prediction performance
will be further improved if the number of calibration watersheds
is increased. Future studies should investigate the appropriate
number of watersheds to use with the weighted average method.
Future studies should also investigate the need for geographic
proximity of the calibration sites (Vandewiele and Elias, 1995; Ou-
din et al., 2008). For example, in the Chesapeake region, Piedmont
watersheds release more N than Coastal Plain watersheds with
similar land cover proportions (Jordan et al., 1997b, 2003). Averag-
ing watersheds from Piedmont and Coastal Plain could cause great
variation in parameter estimates and lead to higher prediction
error.

An improved calibration method does not help to reduce pre-
diction errors that are caused by errors in model structure. For
example, the poor model performance for TP loads may be caused
by the inadequacy of model prediction in soil erosion with a curve
number based method in Chesapeake region (Boomer et al., 2008).
GWLF failed to predict unusually high discharges of monthly
streamflow, TN and TP. For example, during April of 1983, GWLF
underestimated monthly streamflow by 26–35% in our four cali-
bration watersheds; during September of 1999, the remnants of
hurricane Floyd passed through the mid-Atlantic area and depos-
ited almost 23 cm of rain at Rhode River basin over an 18 h period,
and GWLF underestimated monthly TN loads by 1–38%, and
monthly TP loads by 26–102%. Poor model performance in extreme
events could be due to poor ability to predict storm flow (Lee et al.,
2000). The calibration for streamflow does not guarantee a good
partitioning between base flow and stormflow. The uncertainty
of flow partitioning affects the proportion of TN or TP discharges
among surface runoff and groundwater recharge, as well as soil
erosion process.

Conclusions

We developed a watershed calibration framework using a mul-
ti-objective optimization criterion and weighted average parame-
ters from multiple neighboring watersheds. The new calibration
method was tested using five watersheds at the Rhode River basin,
in Maryland, United States of America. As we hypothesized, the
multi-site calibration approach produced better parameter choices
and better model predictive performance than did parameters
extrapolated from a single site. The parameters derived from a
multi-site weighted average approach reduced the relative cumu-
lative error by 3.5–7.4% for monthly streamflow, 3.2–6.3% for
monthly TN loads, and 4.3–5.9% for monthly TP loads in compari-
son to the average of single-site calibrations.
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