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1. Introduction
Global hydrological models (GHMs) are essential tools to analyze Earth’s hydrological cycle and water resources 
(Bierkens, 2015; Pokhrel et al., 2016). Over the past two decades, there have been numerous efforts to develop 
and apply GHMs (Döll et al., 2003, 2014; Gerten et al., 2004; Hanasaki et al., 2008a, Hanasaki, Yoshikawa, 
et al., 2018; Rost et al., 2008; Sutanudjaja et al., 2018; Wada et al., 2014). Their applications include assessment 
of climate change impacts on water resources (Haddeland et al., 2014; Schewe et al., 2014), environmental foot-
print analyses (Dalin et al., 2012; Gleeson et al., 2012), and historical drought analyses (Schewe et al., 2019). 
However, the majority of GHMs are uncalibrated and typically use a set of basic hydrological parameters. Com-
parative studies of GHMs have shown that streamflow simulations sometimes deviate considerably from observa-
tion records (Beck et al., 2017; Gudmundsson et al., 2012; Haddeland et al., 2011; Zaherpour et al., 2018). Thus, 
further work is needed to improve the overall skill of estimations of basic hydrological variables, particularly 
streamflow (Bierkens, 2015; Oki et al., 1999).

There are two main challenges in accurately calibrating GHM parameters: (a) The laborious and computation-
ally expensive calibration of parameters at numerous worldwide stations; (b) inference of parameter values for 
watersheds having no observation records (hereafter, ungauged watersheds). The spatio-temporal distribution of 
streamflow observations is uneven, with no available data for ∼50% of the global land surface (Döll et al., 2003; 
Fekete & Vörösmarty, 2007).

Various studies have addressed the challenges of GHM parameterization and suggested the dominant influence of 
climate on hydrological parameters. Nijssen, Schnur & Lettenmaier (2001), Nijssen, O’Donnell, et al. (2001) im-
plemented the global variable infiltration capacity (VIC) hydrological model by manually calibrating six hydro-
logical parameters for nine river watersheds, each in different climatic zones. These parameters were then used 
in simulations for 17 other watersheds, ensuring that the climate zones of the original calibration and subsequent 
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simulation were the same. Nijssen, Schnur & Lettenmaier  (2001), Nijssen, O’Donnell, et al.  (2001) found no 
reduction in bias and root-mean-square error for individual watersheds, although the transfer of climate-specific 
calibrated parameters between watersheds improved the overall simulation performance in terms of continental 
water balance. Döll et  al.  (2003) developed the Water-Global Assessment and Prognosis (WaterGAP) GHM 
and manually calibrated one hydrological parameter for 724 gauged watersheds. For ungauged watersheds, the 
parameter was estimated by multiple linear regression using air temperature, area of open freshwater, and the 
length of non-perennial river stretches within each watershed as explanatory variables. Validation of stream-
flow simulations for nine watersheds in comparison to gauge data showed reasonable accuracy at all stations 
(Döll et  al.,  2003). Widén-Nilsson et  al.  (2007) developed a simple global water balance model (Water and 
Snow Modeling System; WASMOD-M) and generated 1680 parameter combinations. For gauged watersheds, 
Widén-Nilsson et  al.  (2007) identified the optimal parameter combination that maximized the skill score of 
streamflow simulation. For an ungauged watershed, the authors transferred the best combination of parameters 
from the nearest gauged watershed within 19.5° (latitude)/8.5° (longitude). These studies implicitly presumed the 
dominant influence of climate properties for the transferability of the GHM parameters.

The similarities in hydrological signatures that show how watersheds respond to rainfall and other meteorologi-
cal forcing can help reducing uncertainty in predictions (McMillan, 2021; Wagener & Montanari, 2011; Yadav 
et al., 2007). To assess the similarity of watersheds, Beck et al. (2015) analyzed 17 hydrological indices of several 
thousands of 10‒10,000 km2 watersheds globally and concluded the dominance of climate properties, rather than 
soil and geological properties, on hydrological similarities. Addor et al. (2018) used three complementary ap-
proaches to compare and rank 15 commonly used hydrological signatures (e.g., runoff ratio, baseflow index, and 
slopes of flow duration curves) in more than 600 catchments in the Unites States from the CAMELS hydrological 
data set (Addor et al., 2017), finding that the correlations between climate properties and some hydrological sig-
natures were stronger than other predictors, including vegetation, soil types, and geology. All the studies based on 
intensive data analysis indicate the dominance of the influences of climate on hydrological behaviors.

Parameter regionalization at a global scale has benefited from the intensive data compilation, revealing the dom-
inant influence of climate properties on the similarities of hydrological behaviors (Addor et  al.,  2018; Beck 
et  al.,  2013,  2015,  2016). Beck et  al.  (2016) applied the Hydrologiska Byråns Vattenbalansavdelning (HBV) 
hydrologic model globally. They calibrated the model at 1787 catchments and selected 674 catchments in which 
the simulation performance exceeded a particular threshold (donor catchments). For each ungauged watershed, 
they ran simulations using parameters from 10 donor catchments that were the most similar to the watershed 
(devised by Beck et al., 2015). The ensemble indicates that the 10 simulations outperformed those with spatially 
uniform parameters for 79% of the watersheds. Beck et al. (2020) subsequently performed the optimization in a 
fully spatially distributed fashion at high resolution (0.05°), rather than at a lumped catchment scale, using an un-
precedented database of daily observed streamflow from 4,229 headwater catchments (<5,000 km2) worldwide.

Theoretical studies also suggested the water-holding capacity in the subsurface has direct or indirect links with 
climate (Harman & Troch, 2014; Troch et al., 2015). Direct links may include the weathering of rock, which is 
related to the amount and temperature of water flowing through it; therefore, the soil formation rate is higher in 
regions with ample rainfall and warmer temperatures (Rasmussen et al., 2005). Indirect links would include the 
interactions between soil, climate, and vegetation. Milly (1994) demonstrated that water storage capacity in the 
soil was an essential component to explain the seasonal variation in water-balance over the eastern United States 
and speculated that the estimated values of subsurface storage capacity are almost large enough to maximize 
evapotranspiration. Milly and Dunne (1994) also noted that the rooting depth of plants reflects ecologically opti-
mized responses to the relative timing and magnitude of water and energy supplies.

Advances in computational resources and calibration algorithm have accelerated studies aiming at calibrations 
of GHMs, while observed watersheds have remained the main research focus. Burek et al. (2020) individually 
calibrated parameters of the CWatM model at 1,366 gauging stations using an evolutionary algorithm and showed 
that the calibration improved the streamflow simulations compared to the baseline simulation with a default 
parameter set for all stations. Recent compilation of new streamflow datasets increased the number of observed 
stations but did not address the problem in which the observed stations cover only a limited fraction of the land 
surface. For example, the Global Streamflow Indices and Metadata archive (GSIM) presents daily streamflow 
time-series at more than 35,000 stations globally (Do et al., 2018; Gudmundsson et al., 2018); however, stations 
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are unevenly distributed around the world, resulting in large spatial gaps in observed discharge data in Africa and 
Asia. However, calibration of ungauged watersheds remains a crucial challenge (Burek et al., 2020).

The regionalization of model parameters is the subsequent step in GHM calibration (Bierkens, 2015; Hrachow-
itz et al., 2013; Samaniego et al., 2010, 2017). Regionalization of hydrological behaviors has traditionally been 
carried out by one of three approaches: (a) through calibration of the model to many watersheds and by deriving 
regression equations between parameters and watershed characteristics; (b) through priori parameter estimates 
using only local physical characteristics of the watershed; and (c) transfer of parameter sets (rather than individual 
parameters, as in the first strategy) from donor watersheds on the basis of some measure of hydrological similar-
ity between donor and transfer watersheds (Wagener & Montanari, 2011).

All three approaches have strengths and weaknesses; however, in this study, we adopted the third approach to 
the regionalization in a slightly simplified manner due to the high computational demand and the associated un-
certainties in the forcing and observed data. First, from the previous studies of catchment classification (Addor 
et al., 2018; Beck et al., 2013, 2015) and parameter regionalization (Beck et al., 2016, 2020; Döll et al., 2003; 
Nijssen, O'Donnell, et  al.,  2001), we hypothesized that the climate properties exert a dominant influence on 
parameter similarities at a global scale. We subsequently tested the identifiability and predictive uncertainties of 
common and representative parameter sets that yield acceptable behaviors for as many watersheds as possible in 
a group composed of similar climate properties. Here, identifiability refers to the degree of convergence of the 
representative parameter values for each climate class, and the predictive uncertainty is the general indication of 
simulation reliability with the representative parameter sets. We also calibrated each watershed to obtain single 
“optimal” parameters, which will help to understand whether the parameter values in the group composed of sim-
ilar climates converged, and to examine the difference between the simulated streamflow with the representative 
and optimal parameter sets. We address three key research questions.

1.  First, how can we identify representative parameters for a group of watersheds in a robust manner?
2.  Second, are the identified representative parameters for a group composed of similar climates consistent with 

the individually calibrated parameters?
3.  Third, do the representative parameters of each climate class yield a reliable streamflow simulation in un-

gauged watersheds?

2. Materials and Methods
2.1. Global Meteorological Data

We used WATCH Forcing Data (WFD; Weedon et al., 2011), which provides global land coverage (excluding 
Antarctica) at a spatial resolution of 0.5° (latitude) × 0.5° (longitude) at daily intervals for the period from 1901 
to 2001. WFD is derived from a global-grid of monthly ground observations (CRU TS2.1; New et al., 2000) and 
6-hourly global reanalysis data (ERA-40; Uppala et al., 2005) including seven variables: Air temperature, specific 
humidity, wind speed, surface air pressure, shortwave downward radiation, longwave downward radiation, and 
precipitation.

2.2. H08 Global Hydrological Model

The H08 model comprises six sub-models: land-surface hydrology, river routing, crop growth, reservoir oper-
ation, water abstraction, and environmental flow. Here, we used the land-surface hydrology and river routing 
sub-models. Hanasaki et al. (2008a, 2008b, 2010), Hanasaki, Yoshikawa, et al. (2018) provides descriptions of 
the sub-models.

Land-surface hydrology is based on a single-layer bucket model (Manabe, 1969; Robock et al., 1995) that re-
solves the surface-energy and water-budget (including snow) at daily intervals and has a single soil moisture layer. 
The storage capacity (Smax [m]) is expressed as:

𝑆𝑆max = 𝑆𝑆𝑆𝑆 × (𝑓𝑓FC − 𝑓𝑓WP) , (1)
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where SD is soil depth (m), fFC is the soil moisture fraction at field capacity (unitless parameter), and fWP is the 
soil moisture fraction at wilting point; the default (global) settings (Hanasaki, Fujiwara, et al., 2018) are 1 m for 
SD, 0.30 for fFC, and 0.15 for fWP (Robock et al., 1995). Water balance of the soil moisture layer is expressed as:

𝑑𝑑𝑑𝑑

𝑑𝑑𝑑𝑑
= 𝑅𝑅 +𝑄𝑄sm − 𝐸𝐸 −𝑄𝑄s −𝑄𝑄sb, (2)

where S is soil moisture (kg m−2), R is rainfall (kg m−2 s−1), Qsm is snow melt (kg m−2 s−1), E is evapotranspiration 
(kg m−2 s−1), Qs is surface runoff (kg m−2 s−1), and Qsb is subsurface runoff (kg m−2 s−1). Evapotranspiration (E) 
is expressed as:

� = �� ��� (�SAT (�s) − �) , (3)

where β is evaporation coefficient (unitless), ρ is the density of air (kg m−3), CD is the bulk transfer coefficient 
(unitless), U is wind speed (m s−1), qSAT (Ts) is saturation specific humidity at surface temperature Ts (kg kg−1), 
and q is the specific humidity of air (kg kg−1). Surface runoff (Qs) occurs when soil moisture exceeds storage 
capacity (Smax). Subsurface runoff (Qsb) occurs under the following condition:

𝑄𝑄sb =
Smax

𝜏𝜏 ∗ 86400
×

(

𝑆𝑆

𝑆𝑆max

)𝛾𝛾

, (4)

where τ is a time constant (days) and γ is a shape parameter (unitless). Surface and subsurface runoff are parti-
tioned into two components: direct runoff to rivers and groundwater recharge. The proportions of these two flows 
are determined by a function of indexes representing topographic relief, soil texture, geology, permafrost, and 
glacier (Döll & Fiedler, 2008). Recharged water is stored in the groundwater reservoir and released as subsurface 
runoff formulated as Equation 4.

The river routing model routes runoff through the global digital river-network, with spatial resolution of 0.5° 
(latitude) × 0.5° (longitude; Döll & Lehner, 2002) at a constant flow velocity of 0.5 m s−1.

Default τ and γ values were determined completely empirically for four distinct climate zones: Tropical, monsoon 
and dry, temperate, and polar (Hanasaki et al., 2008a). Previous studies which applied the H08 model to specific 
basins suggested that the calibration of four sensitive parameters (SD, CD, γ, and τ) improved the representation of 
the observed long-term variations in streamflow (Hanasaki et al., 2014; Masood et al., 2015; Mateo et al., 2014; 
Yoo, 2016).

2.3. Hydrological Data and Simulation

Using monthly (3,045 stations) streamflow data collected by the Global Runoff Data Center (GRDC; https://
www.bafg.de/GRDC), we identified records suitable for calibration and validation by applying two thresholds: 
(a) With catchment areas >10,000 km2; and (b) without missing data during 1961–1970. The former thresh-
old was set because the H08 model was constructed at a spatial resolution of 0.5° (latitude) × 0.5° (longitude; 
∼55 × 55 km at the equator, equivalent to ∼3000 km2). We selected the latter threshold as it provided the most 
extensive global coverage of streamflow data. In total, 777 stations in 500 basins met these criteria. All stations 
were geo-referenced to the global digital river-network of the H08 model so that the errors of modeled catchment 
areas with respect to observed catchment areas were <20%.

H08 simulations at daily intervals were carried out with the land surface and river sub-models set up in accord-
ance with boundary conditions and model parameters described by Hanasaki, Fujiwara, et al. (2018). To avoid 
introducing uncertainties associated with the human water uses, we calculated H08 assuming natural conditions, 
that is, in the absence of reservoir operation and water withdrawals.

Hydrological models should be calibrated in pristine watersheds, but the number of such watersheds is expected 
to decrease drastically. To maximize sample size, we included all 777 watersheds in our analysis. If we also 
added modules of human water usage (reservoir operation and water withdrawal) for calibration, the increase in 
parameters would cause calculation time and cost to become unmanageable. The lack of a globally consistent 
and trustworthy data set of human water usage and reservoir operations introduces additional uncertainties to 
calibrated parameters. However, we consulted a previous study based on H08 that examined how human water 

https://www.bafg.de/GRDC
https://www.bafg.de/GRDC
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use alters streamflow in six watersheds heavily affected by anthropogenic 
influence (Mississippi, Parana, Chang Jiang, Ganges, Huang He, and Col-
orado Rivers). The results indicated that natural and human-modified con-
ditions differed significantly in only one out of six watersheds that showed 
statistically significant differences between the natural and human-modified 
conditions (Hanasaki, Fujiwara, et al., 2018). Thus, we assumed that human 
influence on discharge was negligible.

Nevertheless, we calculated two indices that measure the possible human in-
fluence on the observed discharges in the included watersheds. One was total 
upstream-reservoir-storage volume normalized by observed discharge (Stor-
age over Discharge, SoD). The other was upstream-total-water-withdrawal 
volume normalized by observed discharge (Withdrawal over Discharge, 
WoD). We evaluated SoD based on the digital river network with 0.5° spatial 
resolution and total reservoir storage from GranD global inventory of res-
ervoirs (Lehner et al., 2011). We tracked upstream of each gauging station 
in the river network and added the storage volume of all reservoirs located 
within the grid cells. Next, we quantified WoD using gridded water with-
drawal based on a global data set of water withdrawal (Food and Agriculture 
Organization,  2017). Water withdrawal for irrigation was weighted by the 
fraction of irrigated area in each grid cell (Siebert & Döll, 2010). Municipal 
and industrial water withdrawals were weighted by the population density 

(Center for International Earth Science Information Network, Columbia University and Centro Internacional de 
Agricultura Tropical, 2005). Finally, we divided total reservoir storage and water withdrawal volumes by annual 
river discharge during 1961–1970. Note that both indices are based on observed discharges, which is altered by 
human water uses upstream. Therefore, index values may be overestimated when observed discharge is less than 
what would be expected under natural conditions.

2.4. Calibration and Regionalization Method

2.4.1. Climate-Based Calibration

We calibrated H08 model parameters based on Köppen climate classes (hereafter referred to as “climate-based” 
calibration). We constructed a global map using 11 Köppen climate zones, delineated by using mean monthly 
temperature and precipitation from WFD (Table 1; Köppen, 2011). The representative Köppen climate class was 
assigned to each watershed by the most common climate classification within that watershed.

We identified the climate-based parameter sets and the predicted uncertainty with the acceptance‒rejection al-
gorithm of the Monte Carlo method. This procedure was performed for each climate class. The algorithm is as 
follows:

1.  Generated N parameter sets (θ′i) from the uniform distributions of four 
parameters in the exploration ranges presented in Table 2 (SD, CD, γ, and 
τ), with “i” indicating the identifier of generated parameter sets.

2.  Apply θ′i to entire globe uniformly, simulate discharge (y′), and sum-
marize monthly streamflow time-series at 777 stations for the period 
1961–1970.

3.  Calculate the Nash–Sutcliffe Efficiency (NSE; Nash & Sutcliffe, 1970) 
using observed monthly discharge, y, and y′ for each simulation, obtain-
ing N number of NSE values per watershed.

4.  Aggregate NSE scores from target M watersheds and compile N*M num-
ber of NSE values per climate class.

5.  For each climate class, evaluate the Xth percentile of NSE score as the 
threshold value (ɑ).

6.  If NSE(i) > ɑ, Accept θ′i.

Climate Abbreviation No. of stations

Tropical rain forest Af 3

Tropical monsoon Am 4

Tropical savanna Aw 61

Arid BW 17

Semi-arid BS 6

Hot summer temperate Ca 99

Warm summer temperate Cb 129

Hot summer continental Da 18

Warm summer continental Db 164

Subarctic Dc 262

Tundra ET 14

Total 777

Table 1 
Köppen Climate Classes Used in This Study and Number of Stations in Each 
Climate Class

Parameter Range Default

Soil depth (SD) 0.05–4.0 1.0

Bulk transfer coefficient (CD) 0.001–0.012 0.003
aShape parameter for subsurface runoff (γ) 1–4 1–2a

aTime constant for subsurface runoff (τ) 10–400 50–300a

aNumber differed by climatic zones. (γ, τ) is (2.0, 100) for tropical forest; 
(2.0, 300) for tropical monsoon, savanna, and dry climates; (2.0, 200) for 
temperate and continental (warmer) climates; and (1.0, 50.0) for continental 
(cooler) and polar climates (Hanasaki et al., 2008a).

Table 2 
Default Values for the H08 Global Hydrological Model Parameters and 
Value Ranges Used for Randomly Generated Parameter Sets
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We set the number of simulations (N) to 5,000, mainly because of computational limitations, as 5,000 runs re-
quire almost 2 weeks. We selected parameter sets yielding NSE scores exceeding a specific quantile value (Xth 
percentile) of the NSE distribution for aggregated watershed samples. A split-sampling test (see Section 2.4.2) 
determined the appropriate X value for our data set. The test was necessary because the range of simulated NSE 
scores were completely different ranges across watersheds, presumably reflecting the inaccuracy of climate forc-
ing and oversimplification of hydrological systems in our model. Thus, the fixed tolerance would lead to different 
acceptance ratios (i.e., ratios of accepted samples to the total simulation runs) for all climate classes. Given the 
paucity of accepted parameter sets, we had difficulties interpreting the results.

To compare the effectiveness of the climate-based calibration, we identified two other parameter sets by: (a) 
applying the same procedures as the climate-based calibration to the aggregated samples of all the 777 gauged 
watersheds (hereafter, “global” calibration); and (b) implementing the same calibration for individual watersheds 
(hereafter, “individual” calibration). The individual calibration informed us of the upper limit of feasible NSE 
values and the optimal parameter set given the current model structure and meteorological forcing. For individual 
calibration, we used the 99th percentile of NSE samples (i.e., acceptance ratio: 1%) per watershed for acceptance 
threshold (ɑ). Then we identified individual parameters from the mode of the accepted sample distribution. We 
changed the method from climate-based and global calibrations because accepted samples for each watershed 
are presumably more concentrated in a specific region in the search domain than aggregated samples per climate 
class.

2.4.2. Split-Sampling Test for Inferring Representative Parameter Sets

The climate-based parameter sets require two criteria to be fulfilled: (a) consistent yield of satisfactory results for 
ungauged watersheds (robustness); and (b) reflective of the differences of climate and catchment properties at a 
global scale (representativeness). When one considers representative parameters for group of watersheds, there is 
presumably a trade-off between the acceptance ratio used and the representativeness of parameter sets. If a low 
acceptance ratio is used, there may be an insufficient number of watersheds included in the accepted samples to 
capture the hydrological behavior for the entire group. Conversely, the higher the acceptance ratio, the lower the 
NSE threshold value; thus, the parameters may converge to the mean of the proposed distribution and may not 
reflect the hydrological properties of each individual watershed.

To examine the robustness and representativeness, we split the samples of watersheds within each climate class 
into calibration (gauged) and validation (ungauged) datasets by randomly selecting half of the watersheds. We 
checked whether the representative parameters derived from the calibration data set were consistently represent-
ative of the validation data set (split-sampling test, Figure 1). We repeated this process 100 times to check the 
robustness and representativeness of the calibration and transfer processes by comparing the range of NSE scores. 
We conducted the split-sampling test for each of the Köppen climate classes in which the number of watersheds 
exceeded 50 (i.e., classes Aw: tropical savanna, Ca: hot summer temperate, Cb: warm summer temperate, Db: 
warm summer continental, and Dc: subarctic; Table 1), which included 91% of the observed stations.

Thus, it is important to use a suitable acceptance ratio for sampling, and a suitable statistical measure (mode, 
median, and mean of accepted sample distribution) to derive representative parameters from the distribution of 
the accepted sample. We considered acceptance ratios of 0.1%, 1%, 5%, 10%, and 20%, which correspond to ɑ 
values determined with 99.9th, 99th, 95th, 90th, and 80th percentile of entire NSE samples, respectively, and a 
suitable statistical measure to provide the optimal determination of representative parameters of an entire group 
of watersheds (Figure 1). In total, we tested 15 options to select representative parameter sets; a combination of 
multiple acceptance ratio of the samples in procedure 5 (five options) and statistical measures, which were mode, 
median, and mean (three options).

2.5. Evaluation of Effectiveness of Calibration

Effectiveness of the process was evaluated by addressing the following points: (a) The improvement of the ob-
tained NSE values compared to those of the default parameters; and (b) the number of stations for which satis-
factory and good NSE values were obtained. NSE thresholds used were initially based on the recommendations 
of Moriasi et al. (2007, 2015) and Krysanova et al. (2018). Here, we adjusted the thresholds (i.e., made them 
less strict) for the global models, for example, NSE thresholds used by Moriasi et al. (2015) for satisfactory and 
good performance of runoff simulations were 0.55 < NSE < 0.70 and 0.70 ≤ NSE ≤ 0.85, respectively. However, 
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the thresholds typically used for judging the efficacy of watersheds scale studies, and the global scale studies 
can incorporate far more uncertainties including forcing data (Beck et al., 2019; Biemans et al., 2009; Schmied 
et al., 2014, 2016). The studies using GHMs (Hanasaki et al., 2018b; Nijssen, O’Donnell, et al., 2001; Nijssen, 
Schnur & Lettenmaier, 2001; Widén-Nilsson et al., 2007) indicated that even the mean annual discharge (i.e., 
NSE = 0) could not be reproduced where a low-quality global data set was used. Global-scale regionalization 
studies evaluated simulated discharge at a daily scale; however, these studies were performed on selected small-
er watersheds (<5,000  km2) in which routing processes may be negligible and watersheds with presumably 

Figure 1. Flowchart depicting the relation between climate-based calibration and split-sampling test. Split-sampling test 
was implemented to determine the appropriate X value and statistical measures (mode, mean, or median) to determine the 
representative parameter sets for climate-based calibration (procedures 2–7) using randomly chosen M/2 watersheds.
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good-quality observed discharge and fording data (Beck et al., 2016, 2020). 
Thus, we used less strict threshold 0.0 < NSE < 0.50 for satisfactory perfor-
mance and NSE ≥ 0.50 for good performance.

In addition to NSE, we calculated the Kling–Gupta Efficiency (KGE), which 
decomposed NSE into three constitutive components of hydrological be-
haviors, that is, bias, variability, and correlation (Gupta et al., 2009; Kling 
et al., 2012), and is defined as:

KGE = 1 −

√

(BIAS − 1)
2
+ (CV − 1)

2
+ (CC − 1)

2
,

 (5)

where the bias component (BIAS) is the ratio of the simulated and observed 
means, the variability component (CV) is the ratio of the simulated and ob-
served coefficients of variation, and the correlation component (CC) is the 

Pearson’s correlation coefficient between the simulated and observed streamflow. The value of KGE ranges from 
−∞ to 1, indicating the match between simulated and observed streamflow in all three aspects.

2.6. Additional Analysis With Geophysical Attributes of Watersheds

We divided climate class Dc into six subareas depending on longitude (Table 3; Figure 2) and performed the 
same procedures as the climate-based calibration for each subarea. With regard to the sources of uncertainty, 
we incorporated geographical distributions of permafrost (Brown et al., 2002, Figure 2a), as well as of lakes and 
reservoirs (Lehner & Döll, 2004, Figure 2b). In particular, lakes and reservoirs affect the timing and magnitude 
of streamflow fluctuation. They are thus essential hydrological model components, especially in the context of 
global flood forecasting (Zajac et al., 2017).

Subarea
Range of 

longitude (°) Notes (river names, area)

1 180°–105°W Alaska. Yukon River, East of McKenzie River

2 105°–30°W Eastern Canada, Canadian Prairies, Quebec

3 30°W–40°E Scandinavia

4 40°−60°E Eastern Europe

5 60°−90°E Western Siberia

6 90°−180°E Eastern Siberia

Table 3 
Geographical Divisions of Climate Class Dc (Subarctic)

Figure 2. Division of the climate class Dc (subarctic) based on the spatial distributions of: (a) permafrost (Brown et al., 2002), and (b) lakes (Lehner & Döll, 2004).
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3. Results and Discussion
3.1. Inference of Climate-Based Parameters

3.1.1. Suitable Procedures for Climate-Based Calibration

The box and whisker plots show the NSE values of 15 combinations of the split-sampling test (Figure 3). For all 

Figure 3. Ranges of Nash–Sutcliffe Efficiency (NSE) scores obtained from 100 iterations of the split-sampling test for: (a) 
tropical monsoon (Aw), (b) hot summer temperate (Ca), (c) warm summer temperate (Cb), (d) warm summer continental 
(Db), (e) subarctic (Dc), and (f) all data except for Dc. Each boxplot shows the different combinations of the acceptance ratios 
(0.1%, 1%, 5%, 10%, and 20%) and the statistical measures used (mode, mean, and median). Numbers in brackets indicate the 
number of watersheds in each climate class.
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climate classes except for Aw, there was a larger spread of data when the mode was used to determine the repre-
sentative parameters than when the median or mean were used, especially for climate class Dc. Compared to the 
mode, the mean and median values were stable and yielded narrower ranges of NSE values, implying robustness 
of the method. These results indicate that the sample-mean or -median of accepted sample distribution would be 
an appropriate measure for identifying robust parameters for the climate-based calibration.

Table  3 summarizes variations in the threshold values of NSE (ɑ) and tested acceptance ratios for each cli-
mate class. When the acceptance ratios did not exceed 10%, ɑ exceeded 0.0 for all climate classes except BW 
(ɑ = −0.873 for 5% of the acceptance ratio), suggesting that the selected samples satisfied the criteria of ‘good’ 
performance (see Section 2.4.2). For BW, care should be taken regarding the interpretation of the identified pa-
rameters. We also found that a narrow acceptance ratio (e.g., 0.1%) did not necessarily provide an improvement, 
which was most likely due to overfitting to only a few watersheds and not being representative of an entire climate 
class.

We provisionally posit that the sample-median from the acceptance ratio of 5% is the suitable method to identify 
climate-based parameters based on the number of stations yielding good or satisfactory simulations.

3.1.2. Possible Human Influence on Parameter Inference

Figure 4 depicts SoD and WoD distribution for all the gauging stations (blue dots, n = 777), reflecting possi-
ble human influence on river discharge; orange dots indicate watersheds selected for climate-based calibration 
(n = 435). Selected watersheds had a WoD distribution that was positively skewed compared with all studied 
watersheds, suggesting that the watersheds with lower WoD values were preferentially selected for calibration 
(Figure 4a). Curiously, selected watersheds had a SoD distribution that was very similar to the SoD distribution of 
all watersheds. This difference in sampling preference corroborates Hanasaki, Fujiwara, et al. (2018), who found 
that discharge in watersheds highly affected by water withdrawal may differ substantially from natural discharge.

Human intervention did not strongly affect most selected stations, with median values of 0.0034 for SoD and 
0.010 for WoD. The ranges of SoD and WoD suggest that the climate-based calibration preferentially used water-
sheds with less human influence. One selected station had exceptionally large SoD (28.5) and WoD (13.3) values 
(Matamoros, Rio Grande River, climate class: BS, Figure 4b). However, we argue that its contribution to all BS 
samples (150 simulations) is trivial because only eight (5.3% to total) simulation samples were selected from this 
station. Also, the selection of samples from the highly disturbed watersheds may simply reflect the substantially 
lower NSE values for BS watersheds, compared with watersheds from other climate classes. Overall, we never-
theless confirmed the validity of our study's chosen calibration strategy and its underlying premise that all the 
watersheds as if they were under natural conditions.

Figure 4. Two indices that measure the possible human influence on the observed discharges in the included watersheds: 
total upstream-reservoir-storage volume normalized by observed discharge (Storage over Discharge, SoD) and total upstream-
total-water-withdrawal volume normalized by observed discharge (Withdrawal over Discharge, WoD). Figure (a) depicts plots 
ranging from 0 to 4 for both indices and (b) depicts plots for all samples of this study. Blue dots indicate all stations in this 
study, and orange dots indicate the stations that yielded at least one simulation sample for climate-based calibration.
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3.1.3. Identifiability and Predictive Uncertainties of Parameters

To understand the general identifiability of each parameter, we depict the cross plots of the distributions of the 
accepted samples in Figures 5 and 6 for the climate classes Cb and Dc, respectively. We used an acceptance ratio 
of 5% and superimposed the identified parameter values from the calibration of individual watersheds.

Among the six combinations of the parameters for the climate class Cb, the SD-CD plot (Figure 5a) exhibits the 
most constrained distributions of the accepted samples, and parameter sets of individually calibrated values were 
consistently clustered in the distribution; other plots do not show such clear constraints (Figures 5b–5f). This lack 
of constraints was especially the case for the γ and τ cross plot (Figure 5f) which showed widely scattered indi-
vidual calibrations in the search domain. These plots suggest that SD and CD had higher explanatory power than 
γ and τ in terms of NSE variations. Climate class Dc showed distinctively different distributions of the accepted 
samples, especially for the SD-CD plot. Compared with the constrained SD-CD plot for Cb (Figure 5a), multiple 
clusters of individually identified parameters are found (Figure 6a) and the distribution of the accepted samples 
of SD widely extends in the search domain.

The poor-identifiability of the climate-based parameters in Dc can be explained by the relative importance of the 
SD parameter among the other parameters. Figure 7 presents the distributions of the accepted samples for the 
individual calibration at one of the 777 watersheds (ID: 4362600, at Boca Del Cerro station in Rio Usumacinta 
River). The samples were derived by accepting NSE values >0.0. Higher explanatory power of SD and CD to the 
NSE values can be confirmed from the SD-CD plot (Figure 7a), which exhibited the most constrained distribu-
tions. The parameter sets that yielded higher NSE values were consistently clustered in a specific region of the 
SD-CD search domain, while the γ and τ distributions were rather uniform and the NSE scores did not appear to 
correlate with the selected parameter values.

Figure 5. Cross plots of the parameters identified by the individual calibration for the climate class Cb (warm summer temperate). Each subplot represents the 
relationships between: (a) SD-CD, (b) SD-γ, (c) SD-τ, (d) CD-γ, (e) CD-τ, and (f) γ-τ. The shaded area shows the sampled distributions of the climate-based calibration.
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Ideally, every distribution of the accepted samples should exhibit a clear peak, similar to the SD-CD plots in 
Figures 5a and 7a, such that the choice of the statistical measures does not affect the identified representative 
parameter values. The SD-CD plot for climate class Dc did not exhibit such a clear constraint in the distribution; 
however, we found that the parameters calibrated per individual watersheds can roughly be grouped by geograph-
ic locations (Figure 6a), implying regional similarities of parameters.

3.1.4. Evaluation of Climate-Based Parameters

The climate-based calibration improved H08 model performance in terms of NSE values. Figure 8 shows the 
scatterplots of NSE values with default parameters and those with global and climate-based calibrations for three 
climate classes: Aw, Cb, and Dc. Compared with the default parameters, all Aw watersheds improved in NSE 
scores with the climate-based calibration. The climate-based calibration also provided even higher NSE values 
than the global calibration. This is reflected in the climate-based calibration yielding a median NSE value of 
−0.28, better than the median from default (−7.92) or global calibration (−2.61). In climate class Cb, 107 out 
of 129 watersheds improved with the climate-based calibration (median NSE: 0.56) compared with the default 
calculation (median NSE: −0.13), suggesting that parameter sets based on climate class were effective.

Climate class Dc generally yielded a poorer performance than the other climate classes (see row “Dc unif.” In 
Table 4), and NSE values increased for only 71 of the 262 Dc watersheds (median NSE value decreased from 0.18 
with the default calibration to −0.15 with the climate-based calibration). Because the Dc climate class contained 
the most watersheds (n = 262), its lower NSE values deteriorated overall scores, leading us to the more rigorous 
investigation described in Section 3.1.5.

Figure 6. Cross plots of the parameters identified by the individual calibration for the climate class Dc (subarctic). Each subplot represents the relationships between: 
(a) SD-CD, (b) SD-γ, (c) SD-τ, (d) CD-γ, (e) CD-τ, and (f) γ-τ. The shaded area shows the sampled distributions of the climate-based calibration.
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3.1.5. Representative Parameters for the Subdivided Areas in Climate Class Dc

By dividing the entire Dc into the six subareas, 150 out of 262 watersheds improved from the default parameters, 
and 197 watersheds showed an increase in NSE values compared to those with uniformly determined parameter 
sets for the entire Dc (Figure 9). The median NSE values were 0.18 (default), −0.15 (uniform Dc), and 0.22 
(divided Dc).

Figure 7. Cross plots of the kernel density distribution of the watershed (GRDC watershed ID: 4362600), accepting Nash–Sutcliffe Efficiency (NSE) scores >0.0. 
Each subplot represents the bivariate plots between: (a) SD-CD, (b) SD-γ, (c) SD-τ, (d) CD-γ, (e) CD-τ, and (f) γ-τ. Yellow crosses indicate the mode of the distributions 
of the accepted samples.

Figure 8. Scatterplots of Nash–Sutcliffe Efficiency (NSE) values comparing those obtained with the default parameters 
versus calibrated parameters (global and climate-based) for three climate classes: tropical savanna (Aw), warm summer 
temperate (Cb), and subarctic (Dc).
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It was outside the scope of our study to elucidate why and how these differ-
ences between subareas emerged. We also cannot argue that this division 
was the optimal way to characterize the hydrological properties. However, 
several potential explanations are available that we plan to investigate in fu-
ture studies. Highly constrained ranges in CD suggest that the values reflect-
ed actual properties of surface roughness, showing low evaporative potential 
in the arctic climate. Conversely, interpretations of SD fluctuation were not 
straightforward due to the wide variability in subareas. We thus analyzed cor-
relations between SD values and two geophysical attributes for each subarea 
in Dc (Figure 10): areal ratios of lakes and reservoirs (Lehner & Döll, 2004, 
Figure  2a), as well as of continuous permafrost (Brown et  al.,  2002, Fig-
ure 2b). Areal ratio of the water surface was strongly and positively corre-
lated with SD (Figure 10a). The relationship can be understood through con-
sidering that H08 model was run with natural conditions: model simulations 
complemented storage in real-world reservoirs and lakes with storage in the 
subsurface. In contrast, SD and areal ratio of continuous permafrost were not 
strongly correlated, but the extensive permafrost subarea IV (Eastern Siberia) 
could explain why SD values there were extremely low (Brown et al., 2002, 
Figure 2b). The division of Dc in the Eurasian Continent (i.e., subareas 4–6) 
seems quite close to the division of “hydroregions” proposed by Meybeck 
et al.  (2013), who delineated 26 regions based on the annual average tem-
perature and discharge, to maximize inter-region differences and minimize 
intra-region variability Indeed, the division of this study has still remained 
arbitrary; however, all the coherence described above suggests intriguing hy-
potheses to be addressed in the future.

3.2. Simulated Discharges With Climate-Based Parameters

3.2.1. Evaluation With NSE Values

The climate-based calibration markedly improved the representativeness and 
robustness of parameter sets used in the H08. Table 5 summarizes the number 
of stations with “satisfactory” and “good” performances (see Section 2.5). 
For the climate class Dc, two cases of the climate-based calibrations are pre-
sented, that is, the differences between the initial attempt (Dc [unif.]: treating 
the whole area uniformly [see Section 3.1.4]) and the second attempt (Dc 
[div.]: dividing the whole into six subareas [see Section  3.1.5]). The total 
number of stations with good and satisfactory performances sequentially in-
creased from the default to the global and to the climate-based parameters, 
except for Dc. In Dc, the default parameters yielded the best result (satisfac-
tory: 166, and good: 23), while Dc [unif] yielded (93 and 18). In total, 61.7% 
and 30.1% of the stations exhibited “satisfactory” and “good” performances, 
respectively. With the climate-based calibration, the NSE scores improved 
from the default parameters at 72.2% of the stations, and from the global cali-
bration at 35.6% of the stations. Note that the global and climate-based pa-
rameters for each of the climate classes, Ca, Cb, and Db were identical; thus, 
no improvement from the global calibration was achieved in these climate 
classes. The effects of dividing Dc were remarkable, whereby the number 
of stations increased for “satisfactory” (from 93 to 157) and “good” perfor-
mances (from 18 to 70).

The NSE values obtained from four parameter sets were then compared (Fig-
ure  11): The H08 model default parameters, the optimized parameters for 
an individual watershed, the representative parameters obtained for each cli-
mate class, and the parameters optimized for the entire global data set. The 

Acceptance ratio (%)

Climate 0.1 1 5 10 20

Af 0.546 0.472 0.337 0.206 −0.033

Am 0.888 0.868 0.842 0.814 0.755

Aw 0.919 0.851 0.688 0.526 0.189

BS 0.598 0.455 0.255 0.113 −0.099

BW 0.396 0.240 −0.873 −4.527 −18.569

Ca 0.899 0.838 0.710 0.602 0.437

Cb 0.888 0.831 0.708 0.619 0.473

Da 0.811 0.718 0.602 0.516 0.355

Db 0.816 0.680 0.511 0.380 0.202

Dc 0.810 0.671 0.474 0.340 0.171

ET 0.797 0.684 0.548 0.401 0.212

Note. Af: tropical rainforest, Am; tropical monsoon, Aw: tropical savanna, 
BW: arid, BS: semi-arid, Ca: bot summer temperate, Cd: warm summer 
temperate, Da: hot summer continental, Db: warm summer continental, Dc: 
subarctic, ET: tundra.

Table 4 
Nash–Sutcliffe Efficiency (NSE) Threshold Values for Acceptance According 
to the Acceptance Ratios in Each Climate Class

Figure 9. Scatterplot of Nash–Sutcliffe Efficiency (NSE) scores in climate 
class Dc (subarctic), comparing efficiency between the climate-based 
calibration that treated the entire climate class as uniform (uniform Dc) and 
the calibration that divided the climate class into six sub-regions (divided Dc).
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boxplots for the individual calibrations showed the feasible maximum NSE values for the given model structure 
and meteorological forcing. Using the default parameters as a reference, we compared the gained improvement 
of the two other calibrated parameters. The NSE distributions with the climate-based parameter substantially 
improved compared to those with global calibrations and default parameters in the climate classes Af, Aw, BS, 
and BW, highlighting the representativeness of the climate-based parameters. A notable feature of NSE distribu-
tions of climate-based calibrations was the narrower ranges between first and third quartiles compared to those 

Figure 10. Correlations between SD values and two geophysical attributes for each subarea in Dc: (a) areal ratios of lakes 
and reservoirs (Lehner & Döll, 2004) and (b) continuous permafrost (Brown et al., 2002). Annotation indicates subareas 
presented in Table 3.

“Satisfactory” performance (0.5 > NSE > 0) “Good” performance (NSE > 0.5) Improved stations

Climate No. Climate-based Global Default Climate-based Global Default from Default from Global

Af 3 1 (0.333) 0 (0.000) 0 (0.000) 0 (0.000) 0 (0.000) 0 (0.000) 3 (1.000) 3 (1.000)

Am 4 1 (0.250) 1 (0.250) 1 (0.250) 1 (0.250) 1 (0.250) 1 (0.250) 4 (1.000) 4 (1.000)

Aw 61 24 (0.393) 9 (0.148) 2 (0.033) 14 (0.230) 3 (0.049) 1 (0.016) 61 (1.000) 57 (0.934)

BS 17 5 (0.294) 5 (0.294) 1 (0.059) 0 (0.000) 0 (0.000) 0 (0.000) 14 (0.824) 9 (0.529)

BW 6 2 (0.333) 0 (0.000) 0 (0.000) 0 (0.000) 0 (0.000) 0 (0.000) 6 (1.000) 5 (0.833)

Ca 99 69 (0.697) 69 (0.697) 49 (0.495) 26 (0.263) 26 (0.263) 21 (0.212) 65 (0.657) 0 (0.000)

Cb 129 101 (0.783) 101 (0.783) 54 (0.419) 74 (0.574) 74 (0.574) 20 (0.155) 107 (0.829) 0 (0.000)

Da 18 16 (0.889) 14 (0.778) 10 (0.556) 7 (0.389) 4 (0.222) 3 (0.167) 17 (0.944) 11 (0.611)

Db 164 96 (0.585) 96 (0.585) 40 (0.244) 37 (0.226) 37 (0.226) 10 (0.061) 130 (0.793) 0 (0.000)

Dc (unif.) 262 93 (0.355) 91 (0.347) 166 (0.634) 18 (0.069) 8 (0.031) 23 (0.088) 71 (0.271) 160 (0.611)

Dc (div.) 262 157 (0.599) 91 (0.347) 166 (0.634) 70 (0.267) 8 (0.031) 23 (0.088) 150 (0.573) 178 (0.679)

ET 14 8 (0.571) 3 (0.214) 10 (0.714) 5 (0.357) 0 (0.000) 7 (0.500) 4 (0.285) 10 (0.714)

Total (Dc unif.) 777 416 (0.535) 389 (0.501) 333 (0.429) 182 (0.234) 153 (0.197) 86 (0.111) 482 (0.620) 259 (0.333)

Total (Dc div.) 777 480 (0.617) 389 (0.501) 333 (0.429) 234 (0.301) 153 (0.197) 86 (0.111) 561 (0.722) 277 (0.356)

Note. “Improved Stations” indicate the number of stations that yielded increased NSE with climate-based parameters compared to those with default and global 
calibration, respectively
Af: tropical rainforest, Am; tropical monsoon, Aw: tropical savanna, BW: arid, BS: semi-arid, Ca: bot summer temperate, Cd: warm summer temperate, Da: hot summer 
continental, Db: warm summer continental, Dc: subarctic, ET: tundra, NSE: Nash-Sutcliffe Efficiency, Dc (unif.): treating the whole area uniformly [see Section 3.1.1], 
Dc (div.):1220 dividing the whole into six subareas [see Section 3.1.3].

Table 5 
Number of Stations With “Satisfactory” and “Good” Performances for the Climate-Based, Global, and Default Parameters
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with default parameters, exhibiting the robustness of the calibration procedures. The climate-based and global 
calibrations produced identical NSE distributions for Ca, Cb, and Db. This was presumably due to a large number 
of stations in these climate classes contributing to the parameters selected in the uniform calibration because: 
(a) Relatively higher NSE scores were obtained for these climate classes; and (b) the total number of watersheds 
listed in the three climate classes was 392 (50.5% of the total number of watersheds).

3.2.2. Evaluation With Streamflow Representations

We observed an improvement in the representation of simulated streamflow, especially during the flood period. 
Figure 12 depicts hydrographs at four GRDC stations from 1961 to 1970: (a) Bakel, Senegal River (GRDC ID: 
1812500, climate class: Aw); (b) Morpana, Sao Francisco River (3651807, Aw); (c) Ohotsky Perevoz, Aldan 
River (2903601, Dc); and (d) Tabaga, Lena River (2903429, Dc). In climate class Aw (Figures 12a and 12b), sim-
ulated monthly peaks with climate-based parameters matched well with observed peaks and were generally lower 
than the default simulation, leading to improved NSE values ([a] from −5.58 with default parameters to 0.43 with 
climate-based parameters; [b] from −8.30 to 0.39). We then quantified high- and low-magnitude changes to flow 
simulated with climate-based parameters versus flow simulated with default parameters. Specifically, we defined 
high and low flows using the 90th and 10th percentiles of monthly discharge during 1961–1970, then calculated 
relative errors to default values. Changes in high flows were distinct (Figure 12 [a] −70.0%, [b] −70.4%, [c] 
+88.6%, and [d] +127.8%), while changes in low flow were less apparent ([a] −25.9%, [b] −33.2%, [c] −64.8%, 
and [d] −47.9%). In climate class Dc, climate-based streamflow simulation (Figures 12c and 12d) tended to be 
higher than the default simulation, reflected in the increasing NSE values ([c] from 0.35 with the default param-
eters to 0.81 with the climate-based parameters; [d] from 0.07 to 0.66).

Contrary to those in Figure  12, the stations depicted in Figure  13 showed limited improvement in terms of 
NSE values, including: (a) Matamoros, Rio Grande River (GRDC ID: 4351900, Climate class: BS); (b) Queen-
ston, Niagara River (4236010, Db); (c) Kinshasa, Congo River (1147010, Aw); and (d) Razdorskaya, Don River 
(6978250, Db). The simulated streamflow (both with default and climate-based parameters) deviated positively 
from the observed streamflow in Figure 13a, though the NSE values improved from −288.0 with the default 
parameters to −30.5 with the climate-based parameters. The observed streamflow in Figure 13b was extremely 
smooth compared to the simulated variations, which limited the NSE value of −21.0 with the climate-based 
parameters (−52.0 with default parameters). The improvement in the simulated streamflow seen in Figure 13c 
was limited (from −33.4 with default parameters to −2.34 with climate-based parameters), which was largely 
due to the irregular variations in the observed streamflow. Figure 13d indicates substantial improvement with 

Figure 11. Nash–Sutcliffe Efficiency (NSE) scores obtained using the default parameters and calibrations using the 
individual watershed, climate-based, and global parameter sets for 11 climate classes. Note that NSE scores of BW (arid) for 
the default and global parameters were <−3.0. Af: tropical rainforest, Am; tropical monsoon, Aw: tropical savanna, BW: arid, 
BS: semi-arid, Ca: bot summer temperate, Cd: warm summer temperate, Da: hot summer continental, Db: warm summer 
continental, Dc: subarctic, ET: tundra.
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the climate-based parameters in terms of the visual representation; however, the obtained NSE value remained 
negative (−0.10).

The results shown in Figure 13 indicate the unsolved issues of this study. First, the discrepancies between the 
observed and simulated streamflow shown in Figure 13a can be attributed to human water withdrawal (total: 
14,062 million m3 per year; Food and Agriculture Organization, 2017) or water storage in the upstream reservoirs 

Figure 12. Hydrographs at four Global Runoff Data Center (GRDC) stations from 1961 to 1970 at: (a) Bakel, Senegal River (GRDC ID: 1812500, Climate class: 
tropical savanna [Aw]), (b) Morpana, Sao Francisco River (3651807, Aw), (c) Ohotsky Perevoz, Aldan River (2903601, subarctic [Dc]), and (d) Tabaga, Lena River 
(2903429, Dc).

Figure 13. Same as Figure 9 at: (a) Matamoros, Rio Grande River (GRDC ID: 4351900, Climate class: semi-arid [BS]); (b) Queenston, Niagara River (4236010, warm 
summer continental [Db]); (c) Kinshasa, Congo River (1147010, tropical savanna [Aw]); and (d) Razdorskaya, Don River (6978250, Db).
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(total storage capacity: 30,173 million m3; Lehner et al., 2011). Although the H08 model enables simulation of 
streamflow incorporating human water uses, we omitted the human component because the sub-models in H08 
that simulate human water uses (i.e., water abstraction and reservoir operation) are tightly coupled with the sim-
ulated streamflow. In other words, they cannot be applied unless the calibration was completed. Further research 
is necessary to determine whether the representations of streamflow can be improved by applying climate-based 
parameters to H08 simulations that are fully coupled with human water uses.

Second, another caveat for this study was the representation of lakes or wetlands. Streamflow at Queenston 
(Niagara River; Figure 13b) and Kinshasa (Congo River; Figure 13c) were likely to be affected by the Great 
Lakes and the wetlands in the Congo Basin, respectively. The Great Lakes are the second-largest freshwater lakes 
on Earth, accounting for 22,684 km3 by total volume (United States Environmental Protection Agency, 2021), and 
the wetlands in the Congo Basin cover an estimated area of at least 190,000 km2 (Campbell, 2005). Human water 
use and the substantial volumes of lakes and wetlands were not explicitly accounted for in this study and will be 
addressed in further investigations (Alsdorf et al., 2016; Zajac et al., 2017).

Finally, the major drawback of using NSE as the objective function is indicated by Figure 13d. Although the NSE 
value with the climate-based parameters was −0.10, the representation of streamflow was substantially improved. 
The KGE value of the climate-based calibrations shown in Figure 10d was 0.57. Indeed, NSE and KGE values 
are not directly comparable; however, Knoben et al. (2019) postulated threshold values distinguishing behavioral 
and non-behavioral simulations with an NSE of 0.5 and a KGE of 0.3. The simulation depicted in Figure 13d was 
non-behavioral when NSE was used as an index, whereas it was behavioral when KGE was used. This suggests 
that the use of NSE as the objective metrics in this study led to optimization focusing on high flow periods and, 
thus, information regarding low flow periods tended to be lost.

3.2.3. Diagnose Deficiencies in Model and Data Errors

KGE is based on the concept of Pareto optimality for the three components and provides useful information 
regarding the deficiencies of a model structure. Figure 14 summarizes the KGE values and the three associated 
components of KGE obtained with the climate-based calibration. The median KGE score of the datasets for all 
777 stations was 0.36, ranging from the best climate class, Cb (median KGE: 0.71) to the worst class, BS (me-
dian KGE: −0.36), which is consistent with the ranking based on NSE values. The median scores for the bias, 
variability, and correlation components of the KGE, expressed as |BIAS−1|, |CV−1|, and |CC−1| were 0.30, 0.30, 
and 0.27, respectively, which were not substantially different; however, there were eminent differences between 
climate classes (Figure 11).

Figure 14. Kling-Gupta Efficiency (KGE) and three associated components (bias, variability, and correlation) obtained 
using the climate-based parameter sets for 11 climate classes. Numbers in brackets indicate the number of watersheds in 
each climate class. Red dotted lines indicate the optimal values. Af: tropical rainforest, Am; tropical monsoon, Aw: tropical 
savanna, BW: arid, BS: semi-arid, Ca: bot summer temperate, Cd: warm summer temperate, Da: hot summer continental, Db: 
warm summer continental, Dc: subarctic, ET: tundra.
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We highlighted the model or data deficiencies by comparing how each of the components contributed to KGE on 
a climate basis. First, the bias error was dominant in tropical and arid climates. The median values of |BIAS−1| 
were 0.79, 0.47, 0.92, and 0.76 for Am, Aw, BS and BW, respectively. The simulated streamflow in each of these 
climate classes was positively biased in most of the watersheds (as shown in the distributions of BIAS in Fig-
ure 14), suggesting the overestimation of precipitation, the underestimation of evapotranspiration, or a combina-
tion of both. The sparse observations of rain gauges can explain the large bias in these climate classes. The WFD 
data set is an integrated compilation of reanalyzed atmospheric conditions and meteorological data observed at 
the land surface. Thus, the sparser observation networks in tropical rainforest, arid, and semi-arid zones provide 
inferior WFD forcing data compared to that obtained in temperate and continental climate zones (Schneider 
et al., 2014). This suggests that the compilation of new global meteorological data, which fills the spatial gap in 
precipitation data, will be valuable and will improve the overall performance of GHMs.

Second, the variability and correlation components in the arid climate classes (BS and BW) were lower than other 
climate classes (medians of |CV−1| were 0.55 and 0.56; medians of |CC−1| were 0.39 and 0.52, respectively), 
which could explain the lower NSE values for these climate classes. The erroneous representations in timing 
and variability of the streamflow response to rainfall may be explained by the structure of H08, which is based 
on a simple bucket model wherein all precipitation reaching the land surface infiltrates to the subsurface, with 
subsurface drainage continuing until empty. This would differ for watersheds in arid and semi-arid climate zones, 
where excess infiltration plays a critical role in runoff generation (Goodrich et al., 1994; Nicolau et al., 1996). 
These diagnostics based on fundamental summary metrics contribute to understand the model deficiencies and, 
therefore, enhance the model development (Fenicia et al., 2007; Vrugt & Sadegh, 2013). Recent advancements 
in calibration and uncertainty estimation using summary metrics (e.g., approximate Bayesian computation) will 
accelerate the diagnostic power of hydrological models (Fenicia et al., 2018; Kavetski et al., 2018).

3.3. Evaluation of Climate-Based Parameters

3.3.1. Representativeness of Climate-Based Parameters

Here we discuss the representativeness of the climate-based parameters based on the values individually cali-
brated at each station. Figure 15 compares default and calibrated SD, CD, γ, and τ values obtained from three 
calibration methods (individual, climate-based, and global). Blue-shaded boxplots represent the distributions of 
individual calibrations. A narrower range of individual parameters within the same climate class allows for easier 
identification of climate-based parameters. However, climate classes Af, Am, and BS had narrow ranges only 
because the number of stations was low (3, 4, and 6, respectively). Additionally, BW had unreliable distributions 
of accepted samples under the climate-based calibration because the accepted samples included the parameter 
sets that yielded NSE scores <0.0. Thus, we excluded Af, Am, BS, and BW from the analysis below.

We evaluated the ranges of the individual parameters for a given climate class using differences between the 
first and third quartiles of calibrated parameters, normalized by parameter search range (Table 6). Normalized 
ranges of individual SD parameters were relatively narrow (<0.5) for classes Aw, Ca, Cb, Da, and Db, whereas 
Dc (0.525) and ET (0.780) had wider distributions. Normalized ranges of CD showed a large spread in Ca (0.454) 
and Db (0.313), while the remaining classes had narrow spread: from 0.040 (ET) to 0.213 (Cb). Because SD and 
CD better explained variability in NSE scores than γ and τ (Figure 5), the wide ranges of SD values for individual 
parameters in Dc and ET implied that representative parameters were difficult to identify based on climate class. 
These difficulties were corroborated with split-sampling tests (Section 3.1.1). For Dc, NSE scores for ungauged 
watersheds deteriorated substantially when representative parameters were defined with the mode, suggesting 
the distribution of accepted samples may have plural peaks that yield similar NSE scores. The lower NSE scores 
obtained from our initial attempt to identify climate-based parameters in Dc also confirm that representative 
parameters were less identifiable (Section 3.1.3).

Climate-based parameters of SD and CD (red dots in Figures 15a and 15b) were within the first- and third-quar-
tile range of individual parameter distributions in climate classes Ca, Cb, Da, and Db. Although the red dots for 
Aw were not within the blue-shaded boxes, they were closer to those boxes than gray dots (default parameters) 
or green dots (globally calibrated parameters), suggesting that climate-based parameters successfully captured 
global-scale differences in hydrological properties. For SD, four out of six climate-based parameters identified 
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per subarea were within the box, while the CD parameters were concentrated near the median values of the indi-
vidual parameter.

Global-calibration (green dots) and default parameter (blue dots) values were both set as constant for SD and CD 
and deviated from the distributions of the individual parameters, especially in tropical (Af, Am, and Aw) and arid 
(BS and BW) climate classes (Figure 12). These deviations corroborated the improvement gained from default 
and global parameters in these regions (Table 5). Because stations in tropical and arid regions only accounted 

for 11.7% (91 stations) of the total, we would likely see greater improvement 
with more stations located in these climate classes.

3.3.2. Interpretation of Climate and Parameters Values

The parameter for the SD obtained from climate-based calibration exhibited 
a decreasing trend as the climate cools from the tropical (Af, Am, and Aw) 
through to the subarctic (Dc) and tundra (ET; Figure 15a). In addition, CD 
showed a decreasing trend from warmer to cooler climate: tropical (Af, Am, 
and Aw): 0.0091, arid (BS and BW): 0.0072, temperate (Ca and Cb): 0.0055, 
cold (Da, Db, and Dc): 0.0031, and polar (ET): 0.0037 (Figure 12b).

The relationships between climate and these two parameters were consist-
ent with previous findings, suggesting that the water-holding capacity in the 
subsurface has direct or indirect links with climate (Harman & Troch, 2014; 
Troch et al., 2015). The soil formation rate is higher in regions with ample 
rainfall and warmer temperatures (Rasmussen et  al.,  2005). This rationale 

Figure 15. Comparison for all climate classes of optimized values of (a) SD, (b) CD, (c) γ, and (d) τ (colored dots) with boxplots of the distributions of the individual 
calibrations (blue-shaded boxes). Numbers in the brackets indicate the number of watersheds that belong to the climate classes. Af: tropical rainforest, Am; tropical 
monsoon, Aw: tropical savanna, BW: arid, BS: semi-arid, Ca: bot summer temperate, Cd: warm summer temperate, Da: hot summer continental, Db: warm summer 
continental, Dc: subarctic, ET: tundra.

Climate SD CD γ τ

Aw 0.193 0.056 0.472 0.533

Ca 0.239 0.454 0.314 0.619

Cb 0.238 0.213 0.545 0.523

Da 0.135 0.212 0.274 0.427

Db 0.327 0.313 0.474 0.638

Dc 0.525 0.082 0.542 0.330

ET 0.780 0.040 0.375 0.131

Table 6 
Differences Between First- and Third-Quartile Values of Individual 
Parameters per Climate Class, Normalized by Parameter Search Range



Water Resources Research

YOSHIDA ET AL.

10.1029/2021WR030660

21 of 26

corroborated the decrease in SD along the climate gradient. Therefore, studies involving direct comparison of 
modeled SD with global soil depth maps (e.g., Pelletier et al., 2016) are worthy of future research. However, as 
water can be stored in the soil layer as well as in deeper bedrock (Ajami et al., 2011; Sayama et al., 2011), and the 
optimized parameters of subsurface storage may include such deep aquifer storage, a direct comparison may not 
be possible between parameterized SD and the actual volume of water stored in the soil layer. Indirect links would 
include the interactions between soil, climate, and vegetation. In this respect, the adoption of more hydrologically 
relevant climate properties, for example, aridity index (Budyko, 1974) or seasonality index (Knoben et al., 2018; 
Walsh & Lawler, 1981), would be desirable; however, this study was conducted based on Köppen climate classi-
fication (Greve et al., 2020).

The bulk transfer coefficient CD depends on the roughness of the canopy surface (Stull, 2012). The parameter 
values obtained with the individual and climate-based calibrations were consistent with the notion that tropical 
regions typically have high evapotranspiration efficiency due to dense vegetation, unlike cooler regions which 
have low evapotranspiration efficiency. In the first generations of land surface models (LSMs), CD was set to the 
standard value for grassland vegetation (Hartmann, 1994; Manabe, 1969). Milly and Shmakin (2002) developed 
the Land Dynamics (LaD) model that calculates water and energy balance with parameters based on the vegeta-
tion and soil types. The global simulation of LaD showed improved annual water balance, justifying the parame-
terization based on land-surface attributes. Most of the LSMs that are currently operational employ detailed and 
complex parameterization of the land-surface scheme, but use a priori parameters with lookup tables, limiting 
their ability for model improvement via sensitivity analysis (Mendoza et al., 2015; Samaniego et al., 2017). Our 
approach employed a simple land-surface scheme; however, the identifiability of the “effective” heat-flux param-
eterization will benefit from further improvement.

We are not concluding that the parameters γ and τ were not important for determining hydrological behavior at 
the global scale; rather, including additional explanations from local or regional studies regarding the slower re-
sponses of watersheds based on geological settings is a promising research direction (e.g., Jefferson et al., 2010; 
Yoshida & Troch, 2016).

3.4. Advantage of Presented Framework

The main advantage of the presented framework can be summarized as follows. First, this framework allows for 
the identification of robust and representative parameter sets for each climate class from aggregated samples of 
promising parameter values within each climate class, rather than transferring a single optimized parameter set 
from gauged to ungauged watersheds. This approach acknowledges the equifinality of hydrological parameters, 
which indicates multiple parameter sets can yield an equally acceptable representation of hydrological behaviors 
of watersheds (Beven & Freer, 2001). Thus, contrary to transferring a single parameter set from gauged to un-
gauged watersheds, it minimizes the effects of uncertainties that will unavoidably be introduced in the parameter 
optimization. Although various attempts have been made to search for optimal transfer functions of multiple 
parameter sets from gauged to ungauged watersheds (Athira et al., 2016; Buytaert & Beven, 2009; McIntyre 
et al., 2005; Smith et al., 2014), a general approach has not yet been established, and application of this approach 
remains limited to a few donors and predictor watersheds. The fact that the split-sampling tests can capture a 
robust and suitable method to identify the climate-based parameters is encouraging for its more general utility.

Second, the aggregated sample of accepted parameter sets allow for visualizing the explanatory power of each 
parameter on modeled systems. In other words, the identifiability of the representative parameters can be eval-
uated visually with the distributions of accepted or individually calibrated parameter values (Figures 5–7). For 
instance, the plots of parameter distributions helped in defining the Dc subareas where representative and robust 
parameters can be found, although the division has remained arbitrary. This can be an advantage rather than a 
drawback to the extent it could be used as a tool to test hypotheses that climate has exerted dominant control on 
hydrological properties and highlight climatic regions where parameter identifiability was low.

Third, the identified parameters for climate classes exhibited consistency with the physical interpretation of soil 
formation and efficiencies in vapor transfer. The consistency of the identified parameter values with physical 
underpinnings indicates that the appropriate parameters were determined, which ensured the robustness of the 
parameters, especially when they are transferred to ungauged watersheds. Wang et al. (2021) developed a GHM 
in which the parameters can be identified by referencing the existing literature (i.e., equations or lookup tables). 
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Although they validated the model against seven GHMs and demonstrated that the simulation accuracy improved, 
they did not discuss how the identified parameter values can be interpreted based on physical properties (e.g., 
soil hydraulic properties). Overall, the consistency of the identified parameter values with physical underpinnings 
indicates that the correct parameters were identified, also ensuring the robustness of parameters, especially when 
parameters are transferred to ungauged watersheds.

4. Conclusion
We present a novel framework for calibration of GHMs, based on the assumption that parameters can be region-
alized by climate similarities. We calibrated four sensitive parameters of the H08 GHM by aggregating them into 
11 Köppen climate classes, using a particular objective function (NSE) with simple rejection-acceptance sam-
pling. By conducting a 100-fold split-sampling test from the aggregated sample distribution, we found that both 
the representativeness and robustness of the transferred parameter sets were guaranteed when we accepted the 
upper 5% of the samples to derive the sample acceptance and assigned the median of each distribution of the ac-
cepted samples to parameter sets for the climate class. The simulation with the climate-based parameters yielded 
“satisfactory” (NSE > 0.0) and “good” (NSE > 0.5) performances at 480 and 234 stations (61.7% and 30.1% of 
777 stations), respectively, demonstrating improvement from default parameters. Simulations with climate-based 
parameters also showed higher NSE scores than those with default parameters in 72.2% of the watersheds.

The main advantage of the presented method over regionalization based on calibrated parameters for individual 
watershed is the ability to identify of robust and representative parameter sets for each climate class. In addition, 
the identified parameters for climate classes exhibited consistency with the physical interpretation of soil forma-
tion and efficiencies in vapor transfer. These results increased the confidence in the reliability of the simulated 
streamflow in ungauged watersheds. The storage capacity (SD) and the conductive coefficient (CD) were sensi-
tive to the Köppen climate classes and exhibited well constrained distributions of the accepted samples, while 
the recession parameters for the subsurface storage (γ and τ) showed little or no explanatory power to climate. 
The identified parameters for 11 Köppen climate classes showed consistency with the physical interpretation of 
soil formation and efficiencies in vapor transfer with a wide variety of vegetation types. The consistency of the 
identified parameter values with physical underpinnings indicates that the correct parameters were identified, 
also ensuring the robustness of parameters, especially when parameters are transferred to ungauged watersheds.

Numerous meteorological data sets at the global scale have been developed; the uncertainties in precipitation 
were notoriously dominant and affected the simulated streamflow and the calibrated model parameters (Beck 
et al., 2019; Biemans et al., 2009; Schmied et al., 2014, 2016). The presented method can be applied to each of 
the meteorological data sets individually with a reasonable level of effort, and thus, the parameter uncertainties 
caused by the forcing datasets can be disentangled from other uncertainty sources, that is, model structure and 
streamflow observations.

Data Availability Statement
The H08 model is open source and the code is available at https://h08.nies.go.jp/h08/. The Global Runoff Data 
Centre (GRDC) provided river discharge data at https://www.bafg.de/GRDC/EN/Home/homepage_node.html. 
The GranD global inventory of reservoirs (Lehner et al., 2011) is available at http://globaldamwatch.org/grand/. 
The circum-Arctic map of permafrost and ground-ice conditions, version 2 (Brown et al., 2002) is available at 
https://nsidc.org/data/GGD318/versions/2.
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