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Chapter 6

Calibration of global hydrological
models based on streamflow
characteristics

Abstract. Streamflow (Q) estimation in ungauged
catchments is perhaps the most fundamental challenge
faced by hydrologists. A promising approach to cali-
brate hydrological models in ungauged catchments is to
use estimated Q characteristics to identify acceptable
model parameter sets. This study is the first to test
this approach at the global scale using a large, heteroge-
neous catchment set. First, observed Q data from 3320
catchments were used to establish neural-network mod-
els to derive global maps of five selected Q character-
istics, each describing a different aspect of the hydro-
graph. All Q characteristics could be estimated satisfac-
torily, with mean training R2 values ranging from 0.62
to 0.86. Next, a conceptual rainfall-runoff model (HBV-
Light) was calibrated in a lumped fashion for 200 inde-
pendent catchments for 2003–2007 using values of the Q
characteristics derived from the newly produced maps.
A substantial improvement in the simulated Q character-
istics was noted, which, in turn, led to improvements in
most of the traditional Q performance measures as com-
puted from simulated and observed Q time series. The
comparison between the newly produced maps of the
respective Q characteristics and estimates derived from
two macro-scale hydrological models (Noah and PCR-
GLOBWB) suggests that the maps can be employed to
diagnose the runoff parameterization of the models. The
methodology further offers unique possibilities for the di-
agnosis and/or calibration of future macro-scale hydro-
logical models with high spatial resolution (down to 1
km).

6.1 Introduction

Understanding the spatio-temporal variability of stream-
flow (Q [mm d−1]) is important for water resources
management, for reliable drought and flood forecast-
ing, for hydropower and irrigation systems, for main-
taining aquatic habitats, and for sediment and contam-
inant transport (e.g., Brauman et al., 2007; Quintero
et al., 2009; Cyr et al., 2011). Calibration is a crucial

step in hydrological model application to obtain accu-
rate Q estimates for a catchment. It involves the iden-
tification of one or more acceptable model parameter
sets, typically by evaluating objective functions using
observed and modeled Q (e.g., Madsen, 2000). However,
observed Q data are unavailable for ungauged catch-
ments and hence over the majority of the Earth’s land
surface (Fekete and Vörösmarty, 2007), thus requiring
recourse to other approaches. One of the most com-
monly used approaches is the transfer of model param-
eters from gauged to ungauged catchments (Kim and
Kaluarachchi, 2008, and references therein), based on
geographic or physiographic proximity or using multi-
variate regression (He et al., 2011). However, this ap-
proach has had limited success due to the equifinality
problem, where different model parameter sets may lead
to similar results (Beven, 1993). An alternative approach
that has been gaining popularity in recent years is the
transfer of Q characteristics (e.g., Olden and Poff, 2003)
from gauged to ungauged catchments and to use these
to identify acceptable model parameter sets (Wagener
and Montanari, 2011). This approach has three advan-
tages: (1) it avoids the problem of equifinality; (2) it is
model-independent; and (3) Q characteristics are more
meaningful than model parameters. Several studies have
demonstrated the usefulness of this approach (Yadav
et al., 2007; Zhang et al., 2008a; Castiglioni et al., 2010;
Lombardi et al., 2012; Pinheiro and Naghettini, 2012),
although these studies had a regional scope and used a
relatively small number of catchments (≤ 30).

Macro-scale hydrological models (land surface schemes
and global hydrological models) are important tools de-
signed to simulate the water and energy balance of the
land surface at continental or global scales (Wood et al.,
1997). They have a physically-based representation of
the chief processes governing the water cycle and a
large number of a priori estimated parameters describ-
ing physical characteristics of the land surface. Such
macro-scale models are expected to provide reasonably
accurate Q estimates for ungauged regions owing to their
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physical basis. However, comparisons between hydro-
logical models and macro-scale models have revealed Q
estimates from macro-scale models to be relatively inac-
curate (Duan et al., 2006; Nasonova et al., 2009), largely
due to sub-par calibration (Beven, 1989; Duan et al.,
2001). Some macro-scale models are uncalibrated, such
as Noah-MP (Niu et al., 2011), Mac-PDM (Gosling and
Arnell, 2011), and the Community Land Model (CLM;
Oleson et al., 2010). Others have been crudely cali-
brated only, such as the Variable Infiltration Capacity
(VIC) model (Liang et al., 1994; Nijssen et al., 2001) and
WASMOD-M (Widén-Nilsson et al., 2007), which both
use nearest-neighbor interpolation of calibrated model
parameters, and WaterGAP (Döll and Fiedler, 2008),
which has been calibrated for gauged catchments based
on the runoff coefficient (the ratio of long-term Q to pre-
cipitation).

Recently, thanks to (on-going) Q data collection and
verification efforts by the Global Runoff Data Centre
(GRDC; Koblenz, Germany; http://grdc.bafg.de),
global maps of two important baseflow-related Q charac-
teristics were produced using neural-network (NN) mod-
els and global physiographic data (Beck et al., 2013b).
Such maps present a unique opportunity to calibrate
hydrological models for the entire land surface includ-
ing ungauged regions. The current paper tests whether
the global maps of five Q characteristics can be used
to calibrate a simple conceptual rainfall-runoff model
(HBV-Light). The employed methodology consists of
two stages. First, the respective maps are derived and
their global patterns are compared to estimates derived
from two commonly used macro-scale hydrological mod-
els. Second, the improvement in the simulated Q ob-
tained by the HBV-Light model is quantified and the
possibility of calibrating the two macro-scale models us-
ing the respective maps is explored.

6.2 Data

6.2.1 Observed streamflow

The observed daily Q data used here originate from three
sources. First, Q data from the 1862 Model Parameter
Estimation Experiment (MOPEX; Schaake et al., 2006)
catchments located in the USA were downloaded from
the US Geological Survey (USGS) National Water Infor-
mation System (http://waterdata.usgs.gov). Catch-
ment boundaries associated with the US Q data were ob-
tained from the MOPEX webserver (ftp://hydrology.
nws.noaa.gov/pub/gcip/mopex/US_Data/). Second, Q
data from 4047 stations around the world from the
GRDC streamflow dataset were considered. Third and
finally, Q and associated catchment boundary data for
321 Australian stations compiled by Peel et al. (2000)
were considered. Together this resulted in an initial
dataset comprising 6230 Q stations.

For a catchment to be included several requirements
had to be satisfied. First, to ensure that the used catch-

ments were relatively undisturbed, < 2 % of the catch-
ment area was allowed to be urban (using the “artificial
areas” class of the GlobCover v2 map; Bontemps et al.,
2011) or subject to irrigation (using the Global Irrigated
Area Map; http://www.iwmigiam.org). Second, catch-
ments needed to have an area of < 10 000 km2 to avoid
any effects of channel routing. This resulted in a dataset
comprising 3520 catchments. From this set, 200 catch-
ments with a temporal Q data coverage of > 90 % during
2003–2007 (i.e., the time period for which the HBV-Light
model was calibrated) were randomly selected and used
for the evaluation of the HBV-Light model configura-
tions, whereas the remaining 3320 catchments were em-
ployed to derive the global maps of the various Q charac-
teristics. Fig. 6.1 shows the locations of the catchments.
The Q data were converted to areal mean runoff in mm
d−1 using the corresponding catchment areas.

6.2.2 HBV-Light model inputs

Daily time series of precipitation (P [mm d−1]), air tem-
perature (T [◦C]), and net radiation (Rn [W m−2 d−1])
were calculated for the catchments to run the HBV-Light
model. For P the daily 0.25◦ gauge-based Climate Pre-
diction Center (CPC) Unified v1.0/RT dataset (1979–
2012; Xie et al., 2007; Chen et al., 2008) was used, and
for T the daily 1◦ satellite-based Atmospheric Infrared
Sounder (AIRS) AIRX3STD v005 dataset (2002–2011;
Olsen, 2007). Gaps in the T record were filled using
linear interpolation. Long-term means of CPC P were
linearly transformed to WorldClim data (Hijmans et al.,
2005), whereas long-term means of AIRS T were offset to
WorldClim data. The WorldClim data represent high-
resolution (1 km), elevation-corrected, long-term means.
For Rn the daily 1◦ satellite-based NASA/GEWEX
Surface Radiation Budget (SRB) v3.0/v3.1 dataset
(1983–2007; http://gewex-srb.larc.nasa.gov) was
used. All data were bilinearly interpolated to 0.25◦.
Catchment-mean time series of P , T , and Rn were cal-
culated for 2003–2007 (i.e., the common time period for
all datasets) for the 200 evaluation catchments.

6.2.3 Noah-based streamflow predic-
tions

Simulated Q data from the Noah land surface scheme
version 2.7.1 (Schaake et al., 1996; Ek et al., 2003) de-
veloped at the National Centers for Environmental Pre-
diction (NCEP) were obtained from the NASA God-
dard Earth Science (GES) Data and Information Ser-
vice Center (DISC; http://disc.sci.gsfc.nasa.gov/
hydrology/data-holdings). The model was driven by
the Global Land Data Assimilation System (GLDAS;
Rodell et al., 2004). The data have a 3-hourly temporal
and 0.25◦ spatial resolution and cover the period 2000–
present. Catchment-mean Q time series for the 200 eval-
uation catchments were computed for 2003–2007. Al-
though simulated Q data from three other land surface
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Figure 6.1: The locations of the catchments used here. Each data point represents a catchment centroid (n = 3520). Blue catchments
were used to produce the global maps (n = 3320), whereas red catchments were used to assess the HBV-Light model configurations
(n = 200).

schemes driven by GLDAS were available, these data
were less suitable due to their 1◦ spatial resolution.

6.2.4 PCR-GLOBWB-based streamflow
predictions

Simulated Q data from the PCRaster Global Water
Balance (PCR-GLOBWB) global hydrological model
(Bierkens and van Beek, 2009; Van Beek and Bierkens,
2009) developed at Utrecht University in the Nether-
lands were used. The model was driven by the ERA-
Interim reanalysis dataset (Dee et al., 2011). The data
have a daily temporal and 0.5◦ spatial resolution and
cover the period 2003–2010. Catchment-mean Q time
series for the 200 evaluation catchments were computed
for 2003–2007 as well.

6.3 Methodology

6.3.1 Computation of streamflow char-
acteristics

The five selectedQ characteristics were: (1) mean annual
runoff (MAR [mm yr−1]); (2) 1st percentile (probability
of non-exceedance) runoff (R1 [mm d−1]); (3) 99th per-
centile runoff (R99 [mm d−1]); (4) the baseflow index
(BFI [mm d−1]), defined as the ratio of long-term mean
baseflow to total Q; and (5) the baseflow recession con-
stant (k [d−1]), defined as the rate of baseflow decay.
The Q characteristics were chosen so as to represent the
most important aspects of the hydrograph. Only five
metrics were selected to allow the results of each to be
discussed in sufficient detail. All Q characteristics were
calculated from daily continuous Q time series (either

simulated or observed), with BFI and k computed fol-
lowing Van Dijk (2010) with the “window size” set at 5
days. To normalize the distributions of the respective Q
characteristics, values were transformed according to:

MARtrans = ln (MAR) ,

R1trans = R11/3,

R99trans = ln (R99) , (6.1)

BFItrans = BFI2, and

ktrans = −ln (1− k) ,

where the trans-subscript denotes the respective trans-
formed values of the Q characteristic under consideration
[-].

6.3.2 Global maps of streamflow charac-
teristics

Global observation-based maps (0.125◦ spatial resolu-
tion) of the five Q characteristics were derived following
Beck et al. (2013b), who used a highly heterogeneous set
of 3548 catchments with areas < 10 000 km2 around the
globe to construct neural-network (NN) models involv-
ing 18 physiographic characteristics to estimate BFI and
k. The catchment set was divided into training and test-
ing subsets for ten cross-validation iterations. For each
iteration a NN model was trained using the training sub-
set of catchments and independently evaluated using the
testing subset of catchments, whereas for each subset R2

and RMSE values were computed. Global maps of dis-
tributed BFI and k were subsequently obtained using
global physiographic data as input for the ten NN mod-
els and calculating the per-pixel median. Uncertainty
estimates were calculated as the per-pixel standard de-
viation (see Beck et al. (2013b) for details). Note that in
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this study the 200 evaluation catchments were excluded
when deriving the global maps.

The newly produced maps were compared to estimates
of the corresponding Q characteristics derived from the
Noah and PCR-GLOBWB models. In addition, the
MAR maps were compared to a MAR map computed us-
ing the Budyko formula (Budyko, 1974) with long-term
mean P taken from the WorldClim dataset (Hijmans
et al., 2005) and long-term mean Penman-Monteith po-
tential evaporation from the Fisher et al. (2011) dataset.
For these comparisons, all maps were averaged to 1◦ reso-
lution, and for each 1◦ latitudinal band and method the
median values of the respective Q characteristics were
calculated.

6.3.3 The HBV-Light model

HBV-Light (Seibert, 2005) is a simple conceptual
rainfall-runoff model run here in a spatially-lumped fash-
ion for the 200 evaluation catchments for 2003–2007.
The HBV-Light model was chosen because of its par-
simony and proven effectiveness under a wide range of
physiographic conditions (Te Linde et al., 2008; Steele-
Dunne et al., 2008; Driessen et al., 2010; Beck et al.,
2013a). The model runs at a daily time step, has two
groundwater stores and one unsaturated-zone store, and
requires daily time series of P , potential evaporation
(PET [mm d−1]), and T as inputs. The stores were ini-
tialized by running the model three times consecutively
without re-initializing the stores in between runs. Table
6.1 describes the model parameters and lists the calibra-
tion ranges used. The routing parameter (MAXBAS)
was set at 1 day and the snow-refreezing parameters
(CFR and CWH) were both set to 0.

PET was calculated using the Priestley-Taylor (P-T)
equilibrium equation (Priestley and Taylor, 1972), a less
input-intensive version of the Penman-Monteith equa-
tion (Allen et al., 1998) with the aerodynamic term re-
moved and an empirical constant (α [-]) added. The P-T
equation performed among the best in a comparison of
six methods to calculate potential evaporation (Lu et al.,
2005). The P-T equation reads:

PET =
α

λ
(Rn −G)

∆

∆ + γ
, (6.2)

where G is the soil heat flux [MJ m−2 d−1], ∆ is the slope
of the saturation vapor pressure-temperature curve [kPa
◦C−1], and λ is the latent heat of vaporization [MJ kg−1].
Time series of G were computed as 0.05×Rn, time series
of λ and ∆ were computed from T following Allen et al.
(1998), and α was set at 1.26.

6.3.4 HBV-Light model configuration 1

Three different HBV-Light model configurations were
used. In the first, the HBV-Light model was run in
a lumped fashion for 2003–2007 for the 200 evaluation
catchments using 2000 candidate parameter sets. The

latter were identified by Latin hypercube sampling (LHS;
McKay et al., 1979) of uniform a priori distributions.
LHS is an improved variant (Yu et al., 2001) of the com-
monly used Monte Carlo technique (Metropolis, 1987;
Beven, 1993; Seibert, 1999) that splits up the parameter
space in 2000 equal intervals from which values for the
parameters were generated by randomly sampling each
interval just once. Table 6.1 gives the sampled range for
each parameter. The median simulated Q (referred to
hereafter as HBV-1) was calculated, reflecting the per-
formance of the HBV-Light model without calibration.

6.3.5 HBV-Light model configuration 2

In the second HBV-Light model configuration the model
parameters were calibrated based on values of the respec-
tive Q characteristics derived from the newly produced
global maps (see section 6.3.2). Specifically, the follow-
ing steps were carried out:

1. The HBV-Light model was run in a lumped fash-
ion for 2003–2007 for the 200 evaluation catchments
using 2000 candidate parameter sets identified by
LHS.

2. The five Q characteristics were computed for each
of the 2000 Q simulations. Additionally, catchment-
mean values of the five Q characteristics were de-
rived from the global maps.

3. All Q characteristics were transformed following Eq.
6.1 to improve the normality and standardized to
allow intercomparison following:

Zi =
Xtrans i −Xi

si
, (6.3)

where Zi and Xtrans i are, respectively, the stan-
dardized and transformed values of Q characteristic
i [-], Xi is the mean of the transformed global map
of Q characteristic i (4.65, 0.22, 1.09, 0.46, and 2.40
for the respective Q characteristics), and si is the
standard deviation of the transformed global map
of Q characteristic i (1.67, 0.24, 1.32, 0.20, 0.78 for
the respective Q characteristics).

4. Standardized upper and lower uncertainty bounds
(wi [-]) were calculated as:

wi =
ei
2si

, (6.4)

where ei is the uncertainty estimate associated with
the global map of Q characteristic i (see section
6.3.2).

5. For each of the 2000 Q simulations the following
aggregate objective function was evaluated:

Ln =
5∑

i=1

max
(∣∣Zmod

i − Zref
i

∣∣− wi, 0
)
, (6.5)

where Ln is the aggregate objective function asso-
ciated with simulation n [-], i = 1, ..., 5 are the Q
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Table 6.1: HBV-Light model parameter units, descriptions, and calibration ranges.

Parameter Units Description Minimum Maximum

TT ◦C Threshold temperature when precipitation is simulated as snowfall −2.5 2.5

CFMAX mm ◦C−1 d−1 Melt rate of the snowpack 0.5 5

SFCF - Snowfall correction factor to account for undercatch 1 1.5

BETA - Shape coefficient of recharge function 0.1 6

FC mm Maximum water storage in the unsaturated-zone store 50 700

K0 d−1 Additional recession coefficient of upper groundwater store 0.05 0.99

K1 d−1 Recession coefficient of upper groundwater store 0.01 0.8

K2 d−1 Recession coefficient of lower groundwater store 0.001 0.15

LP - Soil moisture value above which actual evaporation reaches PET 0.05 1

PERC mm d−1 Maximum percolation to lower zone 0 5

UZL mm Threshold parameter for extra outflow from upper zone 0 100

characteristics [-], and the mod and ref superscripts
denote the standardized and transformed values of
Q characteristic i as derived, respectively, from the
model and the global maps [-]. It follows from Eq.
6.5 that the score for an individual objective func-
tion is 0 when the difference between the value of
the simulated Q characteristic and the value derived
from the global map is < wi, whereas it increases
when the difference between the value of the sim-
ulated Q characteristic and the value derived from
the global map is > wi. It is noted that the utopian
solution (i.e., the simulation n yielding L ≈ 0) will
not always be attainable as the individual objective
functions may conflict with each other.

6. The 50 Q simulations with the lowest values of L
were selected and the median Q was computed. The
resulting Q simulation is referred to hereafter as
HBV-2. The performance difference between HBV-
1 and HBV-2 can be attributed to the use of the
global maps of the respective Q characteristics.

Note that the calibration framework presented here can
also be applied to other hydrological models and ensem-
bles of hydrological models.

6.3.6 HBV-Light model configuration 3

In the third HBV-Light model configuration the model
parameters were calibrated using values of the Q charac-
teristics derived from observed Q data. The same steps
as in HBV-Light model configuration 2 were carried out,
except that the Zref values were derived from observed
Q data for 2003–2007 for each catchment. Additionally,
the upper and lower uncertainty bounds wi were set to
0 for all Q characteristics. The resulting Q simulation,
referred to hereafter as HBV-3, represents the perfor-
mance obtained by calibrating the HBV-Light model in
the gauged situation. The performance difference be-
tween HBV-2 and HBV-3 can be attributed to inaccura-
cies in the global maps.

6.3.7 Assessment of the HBV-Light
model configurations

The effectiveness of the HBV-Light model calibration
procedure using the newly derived global maps of the
various Q characteristics was assessed by comparing esti-
mated (from the global NN maps, HBV-1, HBV-2, HBV-
3, Noah, and PCR-GLOBWB) and observed values of
the Q characteristics for 2003–2007. All values were
transformed using Eq. 6.1 and standardized using Eq.
6.3. The correlation coefficient (R [-]) and the mean dif-
ference (D [-]) between estimated and observed values of
the Q characteristics were calculated. Significance lev-
els (or p values) were not calculated as these may be
misleading (Anderson et al., 2000; Nicholls, 2001).

In addition, for each catchment five commonly used
objective functions were evaluated using daily simu-
lated (from HBV-1, HBV-2, HBV-3, Noah, and PCR-
GLOBWB) and observed Q to assess the ‘real-world’
performance of the different methods. The first is the
Nash-Sutcliffe efficiency (Nash and Sutcliffe, 1970; NS
[-]):

NS = 1−

g∑

t=1

(Qto −Qts)2

g∑

t=1

(Qto −Qo)2

, (6.6)

where Qs and Qo are 3-day mean simulated and observed
Q, respectively [mm d−1], t is the time step [-], while the
summation is over t = 1, 2, . . . , g. A 3-day averaging pe-
riod was used to account for the flashy nature of many
streams, which could have resulted in mismatches be-
tween daily peaks of observed and simulated Q. The
second objective function (NSlog [-]) is the NS efficiency
computed from loge-transformed 3-dayQs andQo to give
more weight to low Q values. The third is the NS effi-
ciency computed from monthly mean observed and sim-
ulated Q. The fourth is the long-term bias (B [%]):

B = 100
Qs −Qo

Qo

. (6.7)
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The fifth and final is the absolute long-term bias (|B|
[%]).

6.4 Results

6.4.1 Global maps of streamflow charac-
teristics

Table 6.2 presents mean R2 and RMSE values obtained
for the catchment-scale prediction of the five (trans-
formed) Q characteristics (MARtrans, R1trans, R99trans,
BFItrans, and ktrans). Mean training R2 values of 0.86,
0.76, 0.77, 0.73, and 0.62 were obtained for the respective
Q characteristics (Table 6.2). Fig. 6.2 shows scatterplots
of median estimated vs. observed values of the (trans-
formed) Q characteristics, including the corresponding
linear regression lines. The median estimated values rep-
resent the median estimates of the ten NN models (one
for each cross-validation iteration; see section 6.3.2). The
scatterplots use transformed Q characteristics to avoid
non-robustness issues in the regression analysis. The as-
sociated R2 values are 0.89, 0.82, 0.83, 0.81, and 0.71
for the respective Q characteristics (Fig. 6.2), and are
thus somewhat higher than the mean training R2 values
(Table 6.2).

Global maps of theQ characteristics were derived from
global physiographic data using the NN models. Fig. 6.3
shows for each 1◦ latitudinal band median estimates of
the five Q characteristics as derived from the NN mod-
els and the two macro-scale hydrological models (Noah
and PCR-GLOBWB). Also shown are MAR values es-
timated using Budyko’s formula (panel (a) only). Fig.
6.4 presents global maps of MAR as derived from the
NN models, Noah, and PCR-GLOBWB. The agreement
in terms of MAR among the methods is highest be-
tween ∼20◦S and ∼10◦N (i.e., the tropics; Fig. 6.3a and
6.4). Noah generally produces slightly lower and PCR-
GLOBWB slightly higher MAR relative to the global NN
map (Fig. 6.3a and 6.4). The global NN map produces
somewhat higher MAR than the other methods between
15◦N and 30◦N (which includes the Sahara; Fig. 6.3a and
6.4). PCR-GLOBWB and the global NN map exhibit
similar latitudinal patterns for R1, whereas Noah shows
relatively little latitudinal variability in R1 (Fig. 6.3b).
There is general agreement among the methods in terms
of R99 latitudinal patterns (Fig. 6.3c). Noah agrees well
with the global NN map in terms of BFI south of ∼45◦N,
but produces markedly lower BFI relative to the global
NN map north ∼45◦N (i.e., in snow-dominated regions;
Fig. 6.3d). PCR-GLOBWB shows relatively little latitu-
dinal BFI variability and generally produces somewhat
lower BFI than the global NN map (Fig. 6.3d). Rela-
tive to the global NN map Noah produces lower k-values
north of 60◦N, whereas PCR-GLOBWB indicates higher
k-values across the entire latitudinal range (Fig. 6.3e).

6.4.2 Assessment of the HBV-Light
model configurations

Fig. 6.5 presents scatterplots of estimated (from the
global NN maps, HBV-1, HBV-2, HBV-3, Noah, and
PCR-GLOBWB) against observed values of the vari-
ous Q characteristics for the 200 (independent) evalu-
ation catchments, including the best-fit regression lines.
The correlation coefficients (R) and mean differences
(D) associated with the scatterplots are listed in Ta-
ble 6.3. Among the six methods, HBV-3 (which used
the same observed Q for both calibration and valida-
tion) performed best with R ≥ 0.69 and |D| ≤ 0.30,
followed closely by the global NN maps with R ≥ 0.65
and |D| ≤ 0.36 (Table 6.3). HBV-2 (which used the
global NN maps for calibration) performed well, with
R ≥ 0.36 and |D| ≤ 0.43. HBV-1 (which was uncal-
ibrated) showed fair performance, yielding R ≥ −0.15
and |D| ≤ 0.64. PCR-GLOBWB also showed fair per-
formance, with R ≥ 0.06 and |D| ≤ 2.19, whereas Noah
performed poorly with R ≥ 0.02 and |B| < 1.23 (Table
6.3). MAR estimated using Budyko’s formula against
observed MAR showed an R of 0.79 and a D of −0.02
(corresponding scatterplot not shown).

Since the data were standardized the D values in Table
6.3 can be compared directly between the five Q char-
acteristics. Absolute D values higher than 0.5 reflect a
bias of more than half a standard deviation in the esti-
mated relative to the observed values, indicating major
biases in the estimates. These were found for Noah for
MAR, R1, R99, and BFI with D values of −0.50, −1.23,
−0.59, and −0.82 respectively, and for PCR-GLOBWB
for BFI and k, with D values of −1.29, and 2.19, re-
spectively. Among the five Q characteristics, MAR and
R99 generally exhibited the highest R, whereas R1 and k
generally exhibited the lowest R (Table 6.3). This result
was rather consistent among the six methods.

Table 6.4 shows the median objective function scores
evaluated between simulated and observed Q for each
catchment. HBV-2 (which used the global NN maps
for calibration) outperformed HBV-1 (which was uncal-
ibrated) for all but one of the objective functions (Table
6.4). Relative to HBV-1, HBV-2 reduced the absolute
bias (|B|) from 37.60 % to 26.65 % and increased the
monthly Nash-Sutcliffe efficiency (NS) from 0.20 to 0.23.
HBV-3 (which used the same observed Q for both cali-
bration and validation) performed best among the var-
ious methods, obtaining a |B| value of 19.17 % and a
monthly NS value of 0.35. PCR-GLOBWB performed
slightly less than HBV-1, yielding a |B| value of 51.69
% and a monthly NS value of −0.10, followed by Noah
with a |B| value of 66.05 % and a monthly NS value of
−0.24.
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Table 6.2: Mean R2 and RMSE values obtained for the catchment-scale prediction of the transformed Q characteristics.

Q characteristic Mean R2 Mean RMSE [-]

Training Testing Training Testing

MARtrans 0.86 0.82 0.48 0.54

R1trans 0.76 0.67 0.12 0.15

R99trans 0.77 0.70 0.52 0.61

BFItrans 0.73 0.65 0.12 0.13

ktrans 0.62 0.52 0.36 0.41
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Figure 6.2: Scatterplots of estimated vs. observed values of (a) MARtrans, (b) R1trans, (c) R99trans, (d) BFItrans, (e) ktrans for the
analyzed catchments, including the linear regression line. Each data point represents a catchment (n = 3320). The estimated values are
the median estimates of the ten NN models used (one for each cross-validation iteration). For each iteration the training, validation,
and testing subsets of catchments were included.
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Figure 6.3: For each 1◦ latitudinal band the median (a) MAR, (b) R1, (c) R99, (d) BFI, and (e) k estimates as derived from the global
NN maps, the Noah model, and the PCR-GLOBWB model. Also shown in (a) are MAR estimates derived using Budyko’s formula.
Values are plotted only if there are > 15 pixels of 1◦ resolution with a value within the latitudinal band. Noah and PCR-GLOBWB had
several 1◦ resolution pixels without runoff which prevented the computation of BFI and k. Therefore, these pixels were excluded for all
three methods (the global NN maps, Noah, and PCR-GLOBWB) from the median BFI and k calculation in (d) and (e). Consequently,
the patterns of BFI and k differ from those shown in Fig. 9 of Beck et al. (2013b)

Table 6.3: Correlation coefficient (R) and mean difference (D) as calculated between estimated and observed Q characteristics. The
estimated and observed Q characteristics were transformed using Eq. 6.1 and standardized using Eq. 6.3 prior to calculation of the
statistics. Accordingly, the D values are intercomparable. Each statistic is based on values for the 200 evaluation catchments.

Q characteristic NN models HBV-1 HBV-2 HBV-3 Noah PCR-GLOBWB

R D R D R D R D R D R D

MAR 0.91 0.06 0.84 −0.05 0.91 0.06 0.96 −0.00 0.74 −0.50 0.64 −0.07

R1 0.75 −0.22 0.51 −0.64 0.69 −0.43 0.83 −0.30 0.25 −1.23 0.29 −0.11

R99 0.87 0.29 0.80 −0.09 0.86 0.11 0.93 −0.05 0.67 −0.59 0.45 −0.12

BFI 0.78 −0.36 0.34 0.48 0.74 −0.00 0.95 0.27 0.02 −0.82 0.06 −1.29

k 0.65 −0.28 −0.15 −0.10 0.36 −0.12 0.69 0.16 0.14 0.13 0.08 2.19

Table 6.4: Medians of objective functions evaluated between simulated and observed Q for each catchment and method. The global
NN maps are not shown here since they represent long-term means of the Q characteristics and not continuous Q time series.

Objective function HBV-1 HBV-2 HBV-3 Noah PCR-GLOBWB

3-day NS 0.19 0.13 0.29 −0.13 −0.23

3-day NSlog −0.44 0.08 0.25 −2.31 −1.03

Monthly NS 0.20 0.23 0.35 −0.24 −0.10

B [%] −26.50 −2.22 −7.01 −60.42 −23.63

|B| [%] 37.60 26.65 19.17 66.05 51.69
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Figure 6.4: MAR as derived from (a) the global NN maps, (b) the Noah model, and (c) the PCR-GLOBWB model.
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Figure 6.5: Scatterplots of estimated (from the global NN maps, HBV-1, HBV-2, HBV-3, Noah, and PCR-GLOBWB) against observed
Q characteristics. Estimated values are plotted along the x-axis and observed values along the y-axis. In each scatterplot the x-axis
and y-axis have the same range. The estimated and observed Q characteristics were transformed using Eq. 6.1 and standardized using
Eq. 6.3. Each data point represents a catchment (n = 200). The dashed line is the 1:1 line and the solid line is the best-fit regression
line. Statistics associated with the best-fit regression line are listed in Table 6.3.

6.5 Discussion

6.5.1 Global maps of streamflow charac-
teristics

The neural-network (NN) models were able to success-
fully estimate the five Q characteristics from catchment
physiographic data. The performance of MARtrans was
best with a mean training R2 of 0.86 and a mean test-
ing R2 of 0.82 (Table 6.2). The mean testing R2 value
greatly exceeds the R2 range of 0.55–0.70 obtained in the
validation of (non-transformed) MAR from 14 macro-
scale land-surface models and six Budyko-type models
against observed Q for 150 large catchments (>10 000
km2) around the globe by Zhou et al. (2012). To
our knowledge, no studies have estimated R1 and R99
from catchment physiographic data. The obtained mean
training R2 of 0.73 obtained for BFItrans is in the up-
per range of training R2 values obtained by various
regional studies that estimated (non-transformed) BFI
from physiographic data (e.g., Boorman et al., 1995;

Lacey and Grayson, 1998; Neff et al., 2005; Santhi et al.,
2008; Van Dijk, 2010; Ahiablame et al., 2013). Although
the mean training R2 of 0.62 obtained for ktrans was
the lowest among the Q characteristics examined (Table
6.2), it is still in the upper range of training R2 values
obtained by other more regional studies (Post and Jake-
man, 1996; Brandes et al., 2005; Demuth and Hagemann,
1994; Krakauer and Temimi, 2011; Peña-Arancibia et al.,
2010; Van Dijk, 2010).

Global maps of the five Q characteristics were pro-
duced using the established NN models from global
physiographic data. MAR is arguably the most impor-
tant Q characteristic, and yet there are substantial dif-
ferences between the respective methods (NN models,
Noah, and PCR-GLOBWB; Figs. 6.3a and 6.4). The
Noah-based results exhibited little variability in terms
of R1 over the entire latitudinal range (Fig. 6.3b), possi-
bly because no topography-related information is used in
the model’s parameterization. This essentially suggests
Noah is unable to simulate flows in mountainous and
humid-tropical environments satisfactorily. Noah fur-
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ther appears to produce excessive quickflow in the Arctic
domain (Fig. 6.3d), which is in agreement with the find-
ings of Slater et al. (2007), who used observed Q of four
large Arctic catchments (>1 680 000 km2). The overesti-
mation of quickflow under Arctic conditions is likely due
to excessive reduction of the soil infiltration capacity un-
der freezing conditions in the version of Noah used here
(cf. Niu et al., 2011). By contrast, PCR-GLOBWB pre-
dicted volumes of quickflow that were too high across the
entire latitudinal range relative to the NN models and
Noah (Fig. 6.3d), suggesting that a re-evaluation of the
model’s runoff subroutine might be in order. The poor
agreement for k between the three methods (Fig. 6.3e)
and the relatively poor performance of the NN model for
k (Table 6.2 and Fig. 6.2e) suggests the estimation of k to
be the most challenging among the five Q characteristics
examined here.

6.5.2 Assessment of the HBV-Light
model calibration configurations

The global NN maps of the five Q characteristics dis-
cussed in the previous sub-section have the potential
to globally improve the parameterization of hydrologi-
cal models. This was tested using a simple conceptual
rainfall-runoff model (HBV-Light) calibrated for 200 (in-
dependent) evaluation catchments using values of the Q
characteristics derived from the global NN maps (HBV-
2). HBV-2 showed substantially better performance
than the HBV-Light model without calibration (HBV-1)
for all Q characteristics (Fig. 6.5 and Table 6.3), demon-
strating the effectiveness of the calibration procedure.
The improved representation of the Q characteristics in
HBV-2 led, in turn, to improvements in the medians of
four traditional Q performance measures (3-day NSlog,
monthly NS, B, and |B|) but also to a deterioration in
the median of one measure (3-day NS; Table 6.4). The
deterioration in the median 3-day NS is due to the high
sensitivity of the NS efficiency value to peakflows (cf.
Eq. 6.6). Although HBV-1 simulated lower peakflows
compared to HBV-2, HBV-2 generally yielded a larger
value of the numerator in Eq. 6.6 resulting in a lower NS
because of mismatches between observed and simulated
peakflows, mostly due to the relatively poor quality of
the P data. HBV-3 exhibited superior performance com-
pared to all other models (HBV-1, HBV-2, Noah, and
PCR-GLOBWB) because it was calibrated using Q char-
acteristics derived from the same observed Q data also
employed for the validation. HBV-3 obtained R ≥ 0.69
and |B| ≤ 0.27 between simulated and observed values
of the Q characteristics (Table 6.3), suggesting that the
HBV-Light model is capable of capturing a wide range
of Q characteristics by exploring the a priori parameter
space. This further suggests that the aggregate objective
function (Eq. 6.5) is capable of identifying the ‘optimal’
solution for most catchments.

Other studies demonstrating that Q characteristics
estimated from catchment physiographic characteristics

can be used to calibrate hydrological models had a re-
gional focus (Yadav et al., 2007; Zhang et al., 2008a; Cas-
tiglioni et al., 2010; Lombardi et al., 2012; Pinheiro and
Naghettini, 2012). These studies used ≤ 30 catchments
and multi-variate linear regression to estimate the Q
characteristics from physiographic data. However, larger
catchment sets reveal that the relationships are often de-
cidedly non-linear (cf. Van Dijk, 2010; Peña-Arancibia
et al., 2010; Beck et al., 2013b), necessitating the use of
non-linear models such as neural networks. In addition,
these regional studies did not transform the Q character-
istics to make their distributions approximate normality,
which may confound the estimation of Q characteristics
from physiographic data and the calibration exercise (cf.
Parada and Liang, 2010). However, several of the stud-
ies (Yadav et al., 2007; Zhang et al., 2008a; Castiglioni
et al., 2010) provide Q uncertainty ranges, which can be
calculated here from the 50 selected Q simulations (see
section 6.3.5 step six).

In light of the slightly lower performance of the two
(uncalibrated) macro-scale models examined (Noah and
PCR-GLOBWB) in terms of both Q characteristics (Fig.
6.5 and Table 6.3) and traditional performance measures
calculated from observed and simulated daily continu-
ous streamflow time series (Table 6.4), one should bear
in mind that these models were not specifically devel-
oped to provide continuous Q time series for such small
catchments at a daily time step. Further, they may
perform considerably better at other Q characteristics
or for catchments not examined here. It must also be
emphasized that other macro-scale models are likely to
exhibit similar performance. Nevertheless, our results
indicate that Noah generally underestimated MAR, R1,
and R99 (i.e., produced too little flow overall; see Figs.
6.5e, 6.5k, and 6.5q, respectively, and Table 6.3), which
has been confirmed by Zaitchik et al. (2010) using ob-
served Q data for 66 large catchments (> 19 000 km2)
around the globe. PCR-GLOBWB generally underesti-
mated BFI (i.e., produced excess quickflow; Fig. 6.5x and
Table 6.3) and overestimated k (i.e., the baseflow recedes
too slowly; Fig. 6.5D and Table 6.3). PCR-GLOBWB
further produced relatively unbiased MAR (Table 6.3),
although the scatter was large (Fig. 6.5f). However, this
scatter is likely to average out in larger catchments, as
shown by Van Beek and Bierkens (2009) using observed
Q data for 19 large catchments (> 65 000 km2) world-
wide. Since the global NN maps appear to outperform
both models (Fig. 6.5 and Table 6.3) it is conceivable
that the global NN maps can be employed to refine the
parameterization and/or structure of Noah and PCR-
GLOBWB. The global NN maps should further prove
useful for macro-scale hydrological models having spa-
tial resolutions down to 1 km that are anticipated in
the near future (Wood et al., 2011), since the global NN
maps have a resolution limited only by the resolution of
the input data used.

Further research should focus on expanding the ob-
served Q dataset in data-poor regions (i.e., outside the
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USA, Europe, and Australia), on identifying disinforma-
tive data in the observed Q dataset (cf. Kauffeldt et al.,
2013), and on refining and/or expanding the selection
of Q characteristics. For example, the addition of a
Q characteristic related to the seasonal timing of flows
could improve our ability to estimate the arrival of spring
snowmelt in mountainous or sub-Arctic catchments. It
should be noted that to warrant the inclusion of a par-
ticular Q characteristic in the calibration of a hydrolog-
ical model the estimates from the NN model need to be
better than the initial estimates from the hydrological
model under consideration. Furthermore, the global NN
map of MAR may be corrected for bias using MAR as
estimated for interstation regions from observed Q data
of very large catchments (cf. Fekete et al., 1999, 2002).

6.6 Conclusion

The present study is the first to present an approach
to globally improve the parameterization of hydrological
models using Q characteristics. The main findings are
as follows:

1. Global maps of five Q characteristics (MAR, R1,
R99, BFI, and k) were successfully produced using
neural-network (NN) models based on observed Q
and physiographic data for 3320 catchments world-
wide (Table 6.2 and Fig. 6.2). Global patterns of
mean annual runoff (MAR) as derived from the NN
models, the Noah model, and the PCR-GLOBWB
model demonstrated relatively low agreement (Fig.
6.3 and 6.4a). It was further found that Noah
showed little latitudinal variability in terms of the
1st percentile runoff (R1; Fig. 6.3b) and produced
more quickflow in northern latitudes relative to the
NN models (Fig. 6.3d), whereas PCR-GLOBWB
produced more quickflow over most of the land sur-
face relative to the NN models (Fig. 6.3d).

2. A simple conceptual rainfall-runoff model (HBV-
Light) was calibrated for 200 independent catch-
ments using values of the five examined Q charac-
teristics as derived from the newly produced maps
(HBV-2). The simulated Q characteristics improved
considerably relative to the uncalibrated HBV-Light
model (HBV-1; Fig. 6.5 and Table 6.3). This, in
turn, led to improvements in most of the traditional
performance measures, particularly in those related
to the long-term water balance (Table 6.4). Noah
and PCR-GLOBWB performed somewhat less than
the global NN maps in terms of specific Q character-
istics (Fig. 6.5 and Table 6.3), suggesting that the
global NN maps can be used to improve the param-
eterization and/or structure of these models.
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