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Key Points:

e We tested identifiability of parameters of a global hydrological model based on climate
properties using Approximate Bayesian Computation.

e NSE scores with the identified parameters for 11 Koppen climate classes outperformed
than those with the default and global parameters.

e The identified parameters showed consistency with the physical interpretation of soil
formation and efficiencies in vapor transfer.
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Abstract

The calibration of global hydrological models has been attempted for over two decades, but an
effective and generic calibration method has not been proposed. In this study, we investigated the
application of Approximate Bayesian Computation (ABC) to calibrate the HO8 global hydrological
model by running global simulations with 5000 randomly generated sets of four sensitive
parameters. This yielded satisfactory results for 777 gauged watersheds, indicating that ABC can
be used to optimize HO8 parameters to calibrate individual watersheds. We tested the identifiability
of the parameters to yield satisfactory representations of hydrological functions based on Képpen’s
climate classification (“climate-based” calibrations hereafter) We aggregated 5000 simulation
results per catchment based on the 11 Koppen climate classes, then selected the parameters that
exceeded the Nash—Sutcliffe efficiency (NSE) scores predefined by the acceptance ratio for each
climate class. Our results indicate that the number of stations showing satisfactory (NSE > 0.0)
and good (NSE>0.5) performances were 480 and 234 (61.7% and 30.1% of total stations,
respectively), demonstrating the effectiveness of climate-based calibration. We also showed that
the climate-based parameters outperformed the default and global parameters in terms of
representativeness (global-scale differences of hydrological properties among climate classes) and
robustness (consistency in yielding satisfactory results for watersheds in the same climate class).
The identified parameters for 11 Kdppen climate classes showed consistency with the physical
interpretation of soil formation and efficiencies in vapor transfer with a wide variety of vegetation
types, corroborating the strong influence of climate on hydrological properties.

Plain Language Summary

This is optional but will help expand the reach of your paper. Information on writing a good plain
language summary is available here.

1 Introduction

Global hydrological models 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 use such models (Doll et al., 2003; D6ll et al., 2014; Gerten et al.,
2004; Hanasaki et al., 2008a, 2018; Rost et al., 2008; Sutanudjaja et al., 2018; Wada et al., 2014).
Their applications include assessing the impact of climate change on water resources (Haddeland
et al., 2014; Schewe et al., 2014), environmental footprint analyses (Dalin et al., 2012; Gleeson et
al., 2012), and historical drought analyses (Schewe et al., 2019).

Further work is needed to improve the overall skill scores of estimations of basic
hydrological variables, particularly streamflow (Oki et al., 1999). Comparative studies of models
have shown that streamflow simulations sometimes deviate considerably from observation records
(Gudmundsson et al., 2012; Haddeland et al., 2011; Zaherpour et al., 2018). Most global
hydrological models adopt empirical a priori model parameters, limiting the effectiveness of
simulations. There are two main obstacles to calibrate global model parameters accurately: 1. The
difficult and computationally expensive calibration of parameters at numerous worldwide stations;
2. Inference of parameter values for watersheds having no observation records (hereafter,
ungauged watersheds). The spatio-temporal distribution of streamflow observations is uneven,
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with data unavailable for ~50% of the global land surface over substantial periods (Déll et al.,
2003; Fekete & Vorésmarty, 2007).

Various studies have tackled these challenges. Nijssen et al. (2001a, b) developed the
global Variable Infiltration Capacity (VIC) hydrological model by manually calibrating six
hydrological parameters for nine river watersheds, each in different climatic zones. These
parameters were then used in simulations for 17 other watersheds, ensuring that climate zones of
the original calibration and subsequent simulation were the same. They found no reduction in bias
and root-mean-square error for individual watersheds, although the transfer of climate-specific
calibrated parameters between watersheds improved overall simulation performance. D6l et al.
(2003) developed the Water-Global Assessment and Prognosis (WaterGAP) global hydrological
model, and manually calibrated one hydrological parameter for 724 gauged watersheds. For
ungauged watersheds, it 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 streamflow simulations for nine watersheds in comparison to
gauge data showed reasonable accuracy at all stations. Widén-Nilsson et al. (2007) developed a
simple global water balance model (Water And Snow Modeling System; WASMOD-M) and
generated 1680 parameter combinations. They identified the “best” parameter combination that
maximized the skill score of streamflow simulation for gauged watersheds. For ungauged
watersheds, they transferred the best combination of parameters from the nearest gauged watershed
within 19.5° (latitude)/8.5° (longitude). The simulation employing transferred best parameters
outperformed those with spatially uniform parameters. Beck et al. (2016) applied the Hydrologiska
Byrans Vattenbalansavdelning (HBV) hydrologic model globally. They calibrated 14 parameters
for 1787 catchments using an evolutionary algorithm and selected 674 of these whose simulation
performance exceeded a particular threshold (donor catchments). For each ungauged watershed,
they ran simulations using parameters from 10 donor catchments most similar to the watershed
(devised by Beck et al., 2015). The ensemble means of these 10 simulations outperformed those
with spatially uniform parameters for 79% of the watersheds. The influences of climate properties
on hydrological parameters were tested using the Budyko framework (Greve et al., 2020). They
calibrated the additional parameter to account for the residuals from the Budyko equation based
on the empirical relationship obtained in the contiguous US and showed that the long-term water
and energy balance could be improved without any additional data.

These studies imply that parameter calibrations for gauged watersheds are effective if the
models are reasonably simple with a limited number of parameters. This implication is a constraint
for state-of-the-art models because their formulations and structures are becoming increasingly
complex. The integrity of the parameter transfer technique to simulate ungauged watersheds is not
yet established. Several improvements are reported using parameter transfer in ungauged
watersheds (e.g., Nijssen et al., 2001b; Widén-Nilsson et al., 2007) with a limited number of
validation stations (e.g., DOll et al., 2003), or using the necessity of ensemble technique (e.g., Beck
etal., 2016).

Approximate Bayesian Computation (ABC) is a promising new technique in the field of
biology for inferring complex models (Beaumont et al., 2002; Sisson et al., 2018). Avoiding
explicit evaluation of the likelihood function, it uses a set of summary statistics to extract
information from observations to approximate target distributions. Hydrological modeling dealing
with complex water flow processes through watersheds can benefit from the strengths of ABC
(Sadegh & Vrugt, 2014; Sadegh et al., 2015). In ABC, a candidate parameter set (proposal) is first
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sampled from some prior distribution, which is then used to simulate the output of the model.
Instead of a likelihood evaluation in Bayesian approaches, a distance function is used to determine
the acceptance of the proposal. Accepted samples are then used to summarize target posterior
distributions. Applying ABC directly to an individual watershed would yield an optimized
parameter set for that watershed (Sadegh & Vrugt, 2014; Vrugt & Sadegh, 2013). However, those
parameters are not guaranteed to behave like other watersheds because of the overfitting of model
parameters to epistemic errors associated with a model’s structural and climate forcing errors
(Beven and Freer, 2001).

In this study, we applied ABC to calibrate hydrological parameters of the HO8 global
hydrological model (Hanasaki et al., 2018) and to identify representative parameter sets based on
climate properties. Our study aims to identify parameter sets that effectively reproduce a
satisfactory performance for groups composed of watersheds, rather than “optimal” parameters for
a single watershed. Hydrological similarities are divided into similarities in climate and watershed
properties (Wagener et al., 2012; Troch et al., 2017). Based on previous studies, we hypothesize
that on a global scale, similarity in climate properties is a dominant control on hydrological
properties (Beck et al., 2016; Nijissen et al., 2001ab). We address two key research questions in
this study: 1. Do climate properties exert dominant controls on hydrological properties on a global
scale? 2. How can we identify representative parameters for watersheds under specific climate
systems using the ABC technique?

2 Materials and Methods

2.1 HO8 global hydrological model

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

Land surface hydrology is based on a single-layer bucket model (Manabe, 1969; Robock
et al., 1995). It resolves the surface-energy and water-budget (including snow) at daily intervals
and has a single soil moisture layer. Storage capacity (Smax) is expressed as

Smax = SD X (fec — fwp), 1)
where SD is soil depth (m), frc is soil moisture fraction at field capacity (unitless parameter), and
fwe is soil moisture fraction at wilting point. The default (global) settings (Hanasaki et al., 2018)
are 1 m for SD, 0.30 for frc, and 0.15 for fwe (Robock et al., 1995). Water balance of the soil
moisture layer is expressed as

S =R+ Qum —E — Qs — Qup, ©)

where S is soil moisture (kg m2), R is rainfall (kg m2 s), Qsm is snowmelt (kg m2 s), E is
evapotranspiration (kg m2s™), Qs is surface runoff (kg m=2 s1), and Qsb is subsurface runoff (kg
m~2 s71). Evapotranspiration (E) is expressed as

E = BpCpU(qsar(Ts) — q), ©)
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where £ is the evaporation coefficient (unitless), p is the density of air (kg m=3), Cp is the bulk
transfer coefficient (unitless), U is wind speed (m s™), gsat(Ts) is saturation specific humidity at
surface temperature Ts (kg kg2), and q is specific humidity of air (kg kg™). Surface runoff (Qs)
occurs when soil moisture exceeds storage capacity (Smax). Subsurface runoff (Qsb) occurs under
the condition

Qoo = —ome o (2, @

786400 Smax

where 1 is a time constant (days) and vy is a shape parameter (unitless). Surface and subsurface
runoff are divided 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 (D6ll & Fiedler, 2008). Recharged water is
stored in the groundwater reservoir and is formulated using Eq (4).

The river routing model routes runoff through the global digital river network, with a
spatial resolution of 0.5° (lat) x 0.5° (long) (Do6ll & Lehner, 2002), at a constant flow velocity of
0.5ms™

Default values of t and y were determined empirically for four distinct climate zones:
tropical, monsoon and dry, temperate, and polar (Hanasaki et al. 2008a). Previous studies which
applied the HO8 model to specific basins suggested that the calibration of four sensitive parameters
SD, Cb, v, and 1, improved the representation of the observed long-term variations of streamflow
(Hanasaki et al., 2014; Masood et al., 2015; Mateo et al., 2014; Yoo, 2016).

2.2 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° (lat) x 0.5° (long) at daily intervals
for the period 1901-2001. WFD is derived from a global-grid of monthly ground observations
(CRU TS2.1; New et al., 2000) and six-hourly global reanalysis data (ERA-40; Uppala et al., 2005)
including seven variables: air temperature, specific humidity, wind speed, surface air pressure,
downward shortwave radiation, downward longwave radiation, and precipitation. Using mean
monthly temperature and precipitation from WFD, we constructed a global map using 11 Kdppen
climate zones (Table 2; Figure S1; Kdppen, 2011).

2.3 Hydrological data and simulation

Using monthly (3045 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 with: 1) Catchment areas >10,000 km?; and 2) Continuous records for
the period 1961-1970. We set the first limit because the HO8 model was configured at a spatial
resolution of 0.5° (lat) x 0.5° (long) (~55 km x 55 km at the equator, equivalent to ~3000 km?).
The second limit was selected the period 1961-1970 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 HO8 model so
that the errors of the modeled catchment areas with respect to the observed catchment areas were
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<20%. The most common climate classification within the catchment was assigned as the
representative climate zone for each catchment (Table 2).

HO08 simulations were conducted at daily intervals and the land surface and river sub-
models were set up following the boundary conditions and model parameters described by
Hanasaki et al. (2018).

2.4 Calibration of HO8 parameters by ABC

2.4.1 Implementation of ABC in HO8 framework

We selected four hydrological parameters (0) in the HO8 hydrological model (i.e., SD, Cp,
Y, and 1) as inference parameters in ABC, all of which have physical meaning. However,
identifying their “true” value for each grid cell is challenging due to the heterogeneity within the
grid cells and the simplification of physical processes inherent to the model.

We applied a simple rejection algorithm in ABC to infer the parameters. The priors “q (0)”
of @ are summarized in Table 1. The protocols of ABC were:

1. Generate N samples of ', according to q ().

2. Simulate runoff y’ using sampled 6" by HO8 model and extract the monthly streamflow
simulation time-series y at 777 stations for the period 1961-1970.

3. Calculate the Nash—Sutcliffe Efficiency (NSE) (Nash & Sutcliffe, 1970) using y and y’ for
each simulation and obtain N number of NSEs in each watershed.

4. For the calibration of a group of watersheds, aggregate NSE scores from target M watersheds
and compile N*M number of NSEs in each group.

5. Ineach group or watershed, evaluate the Xt percentile of NSE as tolerance &i.

6. Then, if NSE > ¢, store 0'i as a posterior. We conducted this procedure for each group or
watershed.

We set the number of simulations “N” to 5000 with “i”” indicating the watershed identifier.
This number was determined because of the restrictions of computational resources. Instead of the
fixed tolerance, €, which is commonly used in ABC procedures, we selected parameter sets
yielding NSE scores exceeding a specific quantile value (X percentile) of the NSE distribution
for each watershed. This was done because the NSE scores generated by the 5000 simulation runs
showed completely different ranges for each watershed, presumably reflecting the inaccuracy of
the climate forcing and oversimplification of the hydrological systems in the model. Thus, the
fixed tolerance would lead to different acceptance ratios (ratio of accepted samples to the total
simulation runs) for all the climate classes, making it difficult to interpret the results if the
posteriors were too few and their distributions were discrete.
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2.4.2 Representative parameters for the watershed groups

When one considers the representative parameters for the groups of watersheds, which is
the scope of this study, there is presumably a trade-off between the acceptance ratio used and the
representativeness of the parameter sets. If a low acceptance ratio is used, the number of
watersheds included in the posterior may be too few to capture the hydrological behavior for the
entire group. Conversely, the higher the acceptance ratio, the lower the range of NSE values; thus,
the parameters may converge to the mean of the priors and may not reflect the hydrological
properties of each watershed. The statistical measure used (e.g., mode, median, or mean) for
parameter identification may also affect the representative parameters’ veracity. It seems
reasonable to use frequently occurring values of parameters (the mode) in the posterior
distribution, but the mode may reflect local optima not representative of the entire climate class.

Thus, it is essential to use a suitable acceptance ratio for sampling the posterior distribution,
and a suitable statistical measure (mode, median, and mean) to derive representative parameters
from the posterior distribution. We considered acceptance ratios of 0.1, 1, 5, 10, and 20% and an
appropriate statistical measure to provide the best determination of representative parameters for
an entire group of watersheds. In total, we tested 15 options to select representative parameter sets;
a combination of multiple acceptance ratio of the samples in procedure 5 (5 options) and statistical
measures, which were mode, median, and mean (3 options).

We implemented ABC to calibrate HO8 model parameters for individual watersheds
(hereafter, “individual” calibration). Then, we tested two categorizations of groups of watersheds.
First, we implemented ABC to calibrate HO8 model parameters based on the Képpen climate
classes (hereafter referred to as “climate-based” calibration). This categorization assumes that
climate properties dominate global-scale differences in hydrological behaviors (Nijssen et al.,
2001a, b; Beck et al., 2016). We aggregated 5000 simulation runs (samples) of all watersheds in
each climate class as prior distributions and applied the ABC technique to derive posterior
distribution. We attempted 15 combinations of the acceptance ratio and statistical measures to
determine the representative parameter sets satisfying the two criteria mentioned in the next
section. We also tested the transferability of the representative parameter sets for each of the
climate classes to the watersheds in the same climate class. Second, to compare the effectiveness
of the climate-based calibration, we determined the parameter sets at a global scale by applying
the same procedures as the climate-based calibration to the aggregated samples of all the gauged
777 watersheds (hereafter, “global” calibration).

2.4.3 Evaluation of procedures

The inferred parameters required the fulfillment of two criteria: 1) Consistent yield of
satisfactory results for ungauged watersheds (robustness); and 2) Reflect differences of climate
and catchment properties at a global scale (representativeness). To examine the robustness and
representativeness, we divided the samples of each climate class into calibration and validation
datasets by randomly selecting half of the watersheds. We then checked whether the representative
parameters derived from the calibration dataset were consistently representative of the validation
dataset (Repeated two-fold cross-vlidation). 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 repeated two-fold cross-vlidation for each of the Képpen climate
classes in which the number of watersheds exceeded 50 (i.e., classes Aw: tropical monsoon, Ca:
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hot summer temperate, Cb: warm summer temperate, Db: warm summer continental, and Dc:
subarctic, Table 2), which included 91% of the observed stations.

We evaluated the effectiveness of the process from the following points of view: 1) The
improvement of the NSE values obtained compared to those of the default parameters, and 2) The
number of stations for which satisfactory and good NSE values were obtained. NSE thresholds
used were initially based on the recommendations of Moriasi et al. (2007, 2015) but also that of
Krysanova et al. (2018) thereafter. Here, we adjusted the thresholds (made them less strict) for the
global models, e.g., NSE thresholds used by Moriasi et al. (2015) for a satisfactory and good
performance of monthly runoff simulations were 0.55 < NSE < 0.70 and 0.70 < NSE < 0.85,
respectively. Here, we used 0.0 < NSE < 0.50 for a satisfactory and NSE > 0.50 for a good
performance, respectively.

3 Results

3.1 Calibration of individual watershed

Figure 1 showed the cross plots of the posterior distributions at one of the watersheds (ID:
4362600, at Boca Del Cerro station in Rio Usumacinta River). The acceptance ratio was 30% for
Figure 1. The color of the plots signified the NSE values, and the crosses represented the values
corresponding to the mode (yellow), mean (light blue), and median (white) of the posterior
distribution. Among the six combinations of parameters, the SD-Cp plot (Figure 1 (a)) showed the
most constrained posterior distributions, and parameter sets that yielded higher NSE values were
consistently clustered in a specific region of the search domain (near the upper-right corner). The
other plots did not show such explicit constraints, and the NSE scores did not appear to correlate
with the selected parameter values. This was particularly evident for the cross plot of y and t
(Figure 1 (f)), which show widely scattered plots in the search domain and the totally randomized
NSE scores.

The modal values of the posterior distributions (yellow crosses) was plotted centrally in
the accumulated plots with higher NSE scored (blue crosses). In contrast, the mean and median
values (crosses with light blue and white, respectively) deviated from the plots with higher NSE
scores, plotting near the center of the search domain. These posterior distribution patterns were
typically observed for the other watersheds or when the varied acceptance ratios were used. These
results suggested that using the modal values of the posterior distribution was suitable for
identifying the optimal parameters for the individual watersheds. Here, we decided to use an
acceptance ratio of 10% because the posterior distributions obtained with acceptance ratios lower
than 10% were discrete.

The spatial distribution of the parameters identified for individual watersheds were shown
in Figure 2. The NSE threshold range showed higher NSE scores for the temperate and continental
climate classes (Figure S2), and relatively low scores for watersheds in the arid (BW), semi-arid
(BS), and tropical rainforest (Af) climate classes. Two possible explanations exist:

1. The structure of the model 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).
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2. The WFD dataset is an integrated compilation of reanalyzed atmospheric conditions and
meteorological data observed at the land surface. Thus, the sparser observation networks in
tropical-rainforests, arid, and semi-arid zones (Schneider et al., 2014) result in less reliable
WEFD forcing data than that obtained in temperate and continental climate zones.

3.2 Climate-based calibration

3.2.1 Optimal method to identify climate-based parameters

Figure 3 showed the two-dimensional posterior distributions for the combinations of
parameters for the climate class, Db, obtained with acceptance ratios of 5%. The crosses indicated
the locations of the mode (yellow), median (white), and mean (light blue), the same notation used
in Figure 1. As suggested by the individual calibration, the SD-Cp plot showed the most
constrained distribution compared to the other five distributions. Ideally, the posterior distributions
should exhibit a clear peak and concentrated in a specific region of the search domain to ensure
that the choice of statistical measures does not affect the identified representative parameter values.
However, the posterior distribution for the climate-based calibration suggested that the
representative parameters differed depending on the choice of statistical measures.

We calculated the NSE scores of the validation data sets for the climate classes Db and Dc
based on the parameters selected from the calibration data sets with different acceptance ratios and
statistical measures. Figure 4 showed the distribution of NSE values for the validation groups
obtained from the 100 repetitions of the repeated two-fold cross-vlidation. We then considered the
influence of the choice of statistical measure on the NSE scores. For both climate classes, there
was a larger spread of data when the mode was used to determine the representative parameters
than when the median or mean were used. This was particularly noticeable for the Dc climate class
for which the parameter values obtained from the posterior mode varied substantially (Figure 5(b)).
However, despite unimodal parameter distributions obtained for Db, this climate class yielded
lower first quartiles for the mode than for the median and mean (Figure 5(a)). Compared to the
mode, the mean and median values were stable and yielded narrower ranges of NSE scores,
implying the robustness of the method. These results indicate the effectiveness of the posterior-
mean or -median for identifying robust parameters for climate-based calibration. Note that
different statistical measures were used for determining the representative parameters in the
individual and climate-based calibrations: the mode for the individual calibration and the median
or mean for the climate-based calibration.

The variations in the tolerance, €, which depend on the acceptance ratios, are summarized
for each climate class (Table 3). The samples were selected as posterior distributions if the NSE
scores exceeded the tolerance, €. For acceptance ratios not exceeding 10%, tolerance exceeded 0.0
for all the climate classes, suggesting that the selected samples can be used to provide donors for
at least satisfying the criteria of ‘good’ performance. The only exception was the climate class BW
(e =-0.873 for 5% of the acceptance ratio), and care should be taken when interpreting the
identified parameters for BW. We also found that a narrow acceptance ratio (e.g., 0.1%) did not
necessarily provide an improvement, probably owing to the overfitting of only a few watersheds,
which are not representative of an entire climate class.

Based on our analyses, we provisionally postulate that the posterior-median from climate
classes with acceptance ratios of 5% is the optimal method to identify climate-based parameters
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based on the number of stations yielding good or satisfactory simulations (Table 4). The only
exception to this is the inferred parameter sets in the climate class Dc, which performed
inadequately compared with the other climate classes (see the row ‘Dc unif.” in Table 4). This can
probably be attributed to the many watersheds (261) in this climate class, which resulted in lower
NSE scores and a significant deterioration of the overall scores.

3.2.2 Rigorous investigation of inadequate performance in the Dc climate class

Figure 5 displayed the cross plots of the parameters identified from the individual
calibration of the Dc climate class. We found that there were multiple clusters of identified
parameters compared to Figure 3, which presented the posterior distributions of the climate-based
calibration for Db. We also observed regional patterns for each parameter (Figure 6), indicating
that geographic regions can determine the parameters. Encouraged by the spatial smoothness of
the individually calibrated parameters, we divided the Dc climate class into six subareas depending
on the longitude (Table 5). We then conducted ABC for each subarea and inferred the
representative parameter sets. The combinations of the acceptance ratios and statistical measures
were also tested, as for the climate-based calibration.

Figure 7 summarized how the divisions of the Dc climate class on the changes in the NSE
values of each watershed. The initial climate-based calibration in Dc resulted in NSE values lower
than 0.25 for most of the stations (shown as red in Figure 7(a)), except for the stations in the
subarea IV. The higher NSE scores in the subarea IV indicated that the initial sampling of the
posterior was selective and that the posterior predominantly consisted of the stations in the area.
Next, we conducted a simulation with the representative parameters that were determined for each
subarea from the median (Figure 7 (b)) and mode (Figure 7 (c)) of the posterior distributions. Our
simulations revealed that modal values of the posterior distributions yielded better NSE scores
compared to those of the median, especially in subareas | and V. This indicates that the posterior
distributions for each area were well constrained in the search domain. We also indicated in Figure
7 the differences in NSE from the initial climate-based calibration (i.e., uniform sampling
throughout Dc; Figure 7(a)) to the calibration for the divided subareas with the posterior-mode
(Figure 7(c)). This shows improvement with the division method for 87% of the stations in the Dc
climate class (Figure 7 (d)).

3.3 Effectiveness of calibrated parameters

The NSE values obtained from the four parameter sets were compared (Figure 8). The four
parameter sets are the HO8 model default parameters, the optimized parameters for an individual
watershed, the representative parameters obtained for each climate class, and the parameters
optimized for the entire global data set. As expected, the boxplots for the individual calibrations
outperformed for all the climate classes, exhibiting the best median values and the narrowest
ranges between the first and third quartiles. Using the default parameters as a reference, we
compared the gained improvement of the other two calibrated parameters. The NSE distributions
with the climate-based parameter substantially improved from 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 the NSE distributions of the climate-based
calibrations was the narrower ranges between the first and third quartiles compared to those with
default parameters, exhibiting the robustness of the calibration procedures. The climate-based and
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global calibrations produced similar NSE distributions in the temperate and continental climate
classes (i.e., Ca, Ch, Da, and Db) suggesting that a large number of stations in these climate classes
probably contributed to the parameters selected in the uniform calibration because: (1) Relatively
higher NSE scores were obtained for these climate classes, and (2) The number of stations listed
in the four climate classes totaled 400 (51.2% of total stations).

Overall, using ABC in the climate-based calibration procedure markedly improved the
representativeness and robustness of the parameter sets used in the HO8 global hydrological model.
Table 5 summarized the number of stations with “satisfactory” and “good” performances (see
section 2.4.3). For the Dc climate class, two cases of the climate-based calibrations were also
presented: the differences between the initial attempt (Dc (unif.): treating the whole area
uniformly) and the second attempt (Dc (div.): dividing the whole into six subareas). The number
of total stations with good and satisfactory performances sequentially increased from the default
to the global, reaching a maximum for the climate-based parameters. In total, 61.7% and 30.1% of
the stations exhibited “satisfactory” and “good” performances, respectively. For the climate-based
calibration, the NSE scores improved at 72.2% of all the stations from the default, and 35.6% from
the global parameters. Note that the global and climate-based parameters for each of the climate
classes Ca, Ch, and Db were identical; thus, no improvement from the global parameters was
achieved in these climate classes. However, the effects of dividing Dc were remarkable,
significantly increasing the number of stations with a “satisfactory” performance (from 93 to 158)
and “good” performance (from 18 to 70).

Figure 9 compared the default parameters and identified values of SD, Cb, y, and t obtained
from the three calibration methods (individual, climate-based, and global). Note that the number
of stations per catchment varied (Table 2). The blue-shaded boxplots, representing the distributions
of individual calibrations for Af, Am, and BS showed quite narrow ranges because the number of
the stations in those classes was too few (3, 4 and 6, respectively). Moreover, the posterior
distribution of the climate-based calibration for BW was indistinct because the posteriors included
the parameter sets that yielded NSE scores lower than 0.0. Except for the climate classes Af, Am,
and BS, the blue-shaded boxplots of the two parameters, SD and Cp, showed relatively narrow
ranges for the Aw, Ca, Cb, Da, and Db classes. Because SD and Cp were sensitive parameters and
explain more effectively variabilities in the NSE scores than y and t (Figure 1), the narrower ranges
of the individual parameters for these climate classes justify our hypothesis to identify
representative parameters based on their climate class. Conversely, the ranges of the individual
parameter SD in the class Dc and ET showed broad distributions in the search domain. This was
consistent with the lower performance of the initial attempt to search climate-based parameters in
these classes.

The climate-based parameters (red dots in Fig. 9) were mostly identified in the ranges of
the first and third quartiles of the individual parameter distributions. This suggests that they
successfully captured the differences in the hydrological properties on a global scale. The six
climate-based parameters of the Dc climate class also showed consistency with the individual
calibration. While the individual parameters of SD demonstrated wide distributions in the search
domain, four out of the six climate-based parameters identified for each subarea were within the
box. The individual parameters of Cp displayed a relatively narrow range, and the six parameters
were concentrated near the median values of the individual parameter.

In contrast, the global calibration (green dots) and default parameter (blue dots) values
were both set constant for SD and Cp and deviated from the distributions of the individual
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parameters, particularly in the tropical (Af, Am, and Aw) and arid (BS and BW) climate classes
(in Fig. 9). This fact highlighted the significance of the gained improvement from the default and
global parameters in these regions (Table 5). Because the number of stations in the tropical and
arid regions accounts for only 11.7% (91 stations), the improvement will be more prominent if the
number of stations per climate system increases.

4 Discussion

4.1 Does climate exert a dominant control on hydrological properties on a global scale?

In this study, we tested the identifiability of representative parameters determined for the
Koppen climate classes. The representative parameters provided improved streamflow simulations
compared with those of the default and the global calibration. Moreover, the climate-based
parameters showed remarkable improvement in four out of the five climate classes composed of
more than 50 watersheds (i.e., Aw, Ca, Ch, and Db). This supports our initial hypothesis that
similarity in climate properties is a dominant control on hydrological properties on a global scale.
Our results are also consistent with the previous findings of the validities of transferring parameters
of global hydrological models based on climate properties (Nijssen et al., 2001a, b; Beck et al.,
2016).

We highlighted the importance of the direct or indirect connections of the effects of climate
on the hydrological function of watersheds. First, we revealed the most critical relationship
between the climate and modeled values of the bulk transfer coefficient Cp, which depends on the
roughness of the canopy surface (Stull 1991). Cp showed a decreasing trend from the warmer to
the cooler climate classes (Figure 9 (b)). The parameter values obtained for the individual and
climate-based calibrations are consistent with the notion that tropical regions typically have a high
evapotranspiration efficiency due to dense vegetation, unlike cooler regions, which generally have
a low evapotranspiration efficiency. In the first generations of land surface models (LSMs), Co
was set to the standard value for grassland vegetation (Manabe 1969, Hartmann 1994). Milly and
Shmakin (2002) developed the Land Dynamics (LaD) model, which calculates the water and
energy balance with parameters based on the vegetation and soil types. The global simulation of
LaD showed an improved annual water balance, justifying the parameterization based on land
surface attributes. Most of the operational LSMs today employ detailed and complex
parameterization of the land surface scheme but use a priori parameters with look-up tables,
limiting their abilities for model improvement via sensitivity analysis (Samaniego et al., 2017).
Our approach employed a simple land surface scheme, but the identifiability of the “effective”
heat-flux parameterization will benefit further improvement.

The soil depths (SD) obtained from the climate-based calibration showed a decreasing
trend with cooling climate, from the tropical (Af, Am, and Aw) through to the subarctic (Dc) and
tundra (ET) (Figure 9 (a)), suggesting that 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, so the rate of soil-formation is higher in regions with ample rainfall and warmer temperatures
(Rasmussen et al., 2005). This rationale corroborated the decrease in soil depth along the climate
gradient. Studies involving direct comparisons of modeled SD with global maps of soil depth (e.g.,
Pelletier et al., 2016) are worthy of future research. However, as water can be stored in the soil
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layer as well as in deeper bedrock (Sayama et al., 2009; Ajami 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 soil depths (SD) and the actual volume of water stored in
the soil layer. Understanding the global variance in subsurface storage capacity is more relevant
(Harman and Troch, 2014). Moreover, it would help us understand the long-term water-balance or
the baseflow characteristics of watersheds. Milly (1994) demonstrated that water storage in the
soil was essential to explain the seasonal variation of water-balance over the Eastern United States.
Yoshida & Troch (2016) showed that the estimated storage of the deep aquifers in volcanic
watersheds varied with geological timescales under similar climatic conditions of the Western
United States and Japan. As these studies were conducted in regions with similar climatic
conditions, a comprehensive understanding between the subsurface storage and climate on the
global scale was limited.

The Dc climate class showed diversified individual parameters, and the representative
parameters for the entire area yielded poor results. This suggests that the Képpen climate classes
are not the only measure that explains global hydrological differences. We found that the
individual parameters in Dc did not exhibit spatially randomized patterns, but rather smoothness
in space (Figure 6), which divided the entire area into sub-areas and improved the NSE score. This
corroborates the findings of Addor et al. (2018) that the spatial smoothness of hydrological
signatures can be satisfactorily regionalized when the signatures exhibit smoothness, most likely
reflecting the climate.

It is out of the scope of this paper to elucidate why and how these differences in the subareas
emerged; however, we will provide several possible explanations that can be investigated in the
future. A highly constrained Cp suggests that the values reflect surface roughness’s actual
properties, showing low evaporative potential in the arctic climate. This is also consistent with the
global differences in Cp (Figure 9 (b)). Conversely, the interpretations of variabilities in SD are
not straightforward, ranging from 0.208 (subarea V1) to 3.027 (subarea II). We suggest that the
variance may reflect the processes relevant to permafrost or lakes, which are not or poorly
represented in the HO8 model. The extremely small SD values for the subarea VI (Eastern Siberia)
correspond to the areal extension of the ‘continuous’ permafrost, which means that 90-100% of
the area was covered permafrost (Brown et al, 2002, Figure S3). As the permafrost decreases, SD
values tend to increase (westward on the Eurasia continent). However, for subarea Il (Eastern
Canada), the SD value was the largest even though the area was covered with ‘continuous’ or
‘discontinuous’ permafrost. This might be explained by the existence of large lakes (Lehner and
Doll, 2004, Figure S4). Relatively low NSE scores in this area, even after the subarea-based
calibration (Figure 7 (c)), also suggests the influence of other factors that were not accounted for
by the model on observed discharges (i.e., disturbance by the storage in lakes).

4.2 Practical guidance for the application of ABC to large scale hydrological modeling

The ABC algorithm is based on the rationale that one can approximate ‘true’ posterior
distributions when sampling can be conducted an unlimited number of times (Beaumont et al.,
2002; Sisson et al., 2018). However, due to the high demand for computational resources, the
calibrations of global hydrological models would not be conducted in an ideal way. In this study,
the number of prior samples was limited to 5000. The challenge was to derive useful information
from the limited number of samples using the framework of ABC. The successful identification of
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the parameters in this study may be attributed to the low dimensionality of the problem of four
sensitive parameters, thanks to the previous attempt to calibrate the HO8 at the individual
watershed (Hanasaki et al., 2014; Masood et al., 2015; Mateo et al., 2014; Yoo, 2016). For the
problems with higher dimensionality, the simple rejection algorithm requires substantial iterations
to obtain useful posterior distributions (Sadegh and Vrugt, 2013).

The approximated posterior distribution accuracy depends on the choice of the summary-
metrics and the effects of other sources of errors (e.g., climate forcing or model structures). The
use of discharge-based metrics in ABC possesses similarity with the limits of the acceptability
approach of generalized likelihood uncertainty estimation, GLUE (Beven & Binley, 1992). The
theoretical connections between ABC and GLUE were thoroughly discussed in the references
(Nott et al., 2012; Sadegh & Vrugt, 2013), but we point out the consequences of selecting NSE as
the summary metrics. The low sensitivity of y and t might partly reflect our use of monthly-
averaged streamflow for the calibration or NSE for summary metrics. Parameters y and t explain
the groundwater recession rate, but the monthly streamflow was presumably insufficient to
represent the recession rate, especially for large watersheds (i.e., with catchment areas >10,000
km?). y and T might have shown more sensitivity to the overall results if we had used daily or
weekly mean streamflow data to calibrate the smaller watersheds. Moreover, NSE is particularly
sensitive to the timing of flood peaks because it calculates error residuals based on the ratio of the
mean square error to the variance of observed streamflows (Nash & Suttcliffe, 1979). Using other
hydrological signatures would provide more explicit contributions of these parameters, e.g.,
baseflow index (Vogel & Kroll, 1992; Kroll et al., 2004), or the slope of the flow duration curves
(Yadav et al., 2007; Zhang et al., 2008).

Lastly, we determined the method to identify representative parameter sets for each climate
class using median values of the posterior distribution obtained with an acceptance ratio of 5%.
However, we do not argue that these criteria are conclusive, but rather that the application of this
method to other datasets and with different purposes may result in different criteria.

4 Conclusion

In this study, we introduced the ABC technique to calibrate four sensitive parameters of
the HO8 global hydrological model for gauged watersheds and aggregated the 5000 simulated
samples into 11 Kdppen climate classes. We then tested the hypothesis that the parameters derived
from the aggregated posterior distribution represent the hydrological properties in the same climate
class, and are transferable to the watersheds in that climate classes (climate-based calibration). By
randomly splitting watersheds into equal-sized calibration and validation datasets, we found that
the representativeness and robustness of the climate-based parameters are satisfied with an NSE
acceptance ratio of 5% and the median of the posterior distribution to define representative
parameters. 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 a significant improvement from those simulated with default
parameters. Simulations using climate-based parameters also showed higher NSE scores than
those with default parameters for 72.2% of the watersheds.

The 11 Kdppen climate classes' identified parameters showed consistency with the physical
interpretation of soil formation and efficiencies in vapor transfer with a wide variety of vegetation
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types. The consistency of the defined parameter values with physical underpinnings indicates that
the correct parameters were determined, ensuring the robustness of the parameters, particularly
when transferred to ungauged watersheds. One of the significant advantages of applying ABC to
a global hydrological model is that it can be easily implemented without complex code
modifications and, as in this study, the results of the same calculations can be used to determine
the ideal combination of parameters in an exploratory manner. Therefore, this technique is suitable
for studies aiming to constrain model parameters that better predict watershed behaviors on a
global scale.
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822  Figure 6. Parameter map for the climate class Dc. Each subplot represents the values of (a): SD,
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Table 1. Default values for the HO8 global hydrological model parameters and ranges of values
used for randomly generated parameter sets.

Range Default
Soil depth (SD) 0.05-4.0 1.0
Bulk transfer coefficient (Cp) 0.001-0.012 0.003
+ Shape parameter for subsurface runoff (y) 1-4 1-2+
1 Time constant for subsurface runoff (t) 10-400 50-3007

+ Number differed by climatic zones. (y, ) 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. Koppen climate classes used in this study and number of stations for each climate class

Climate Abbreviation Number 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
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859  Table 3. NSE values as tolerance in ABC for each climate class according to the acceptance ratios
860

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
861
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Table 4. Number of stations for “satisfactory” and “good” performances for the climate-based, global, and default parameters.

“Satisfactory” performance (0.5>NSE>0) “Good” performance (NSE>0.5) Gain of NSE Climate-based

Climate Num | 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)

Ch 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 (Dcdiv.) | 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)
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872  Table 5. The geographical divisions of the climate class Dc.

" Subarea | Range of longitude [degree] Note (River Names, Area)
1: 180 W - 105 W Alaska. Yukon River, East of McKenzie River
2: 105W-30W Eastern Canada, Canadian Prairies, Quebec
3: 30W-40E Scandinavia
4: 40E-60E Eastern Europe
5: 60E-90E Western Siberia
6: 90E-180E Eastern Siberia
874
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