
Journal of Hydrology 641 (2024) 131727

Available online 31 July 2024
0022-1694/© 2024 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Research papers

Application-based evaluation of multi-basin hydrological models

Yiheng Du a,*, Jonas Olsson a,e, Kristina Isberg a, Johan Strömqvist a, Yeshewatesfa Hundecha a,
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A B S T R A C T

Hydrological models are generally calibrated and validated using a suite of well-known statistical metrics, which
sometimes lack clear connection and tailoring to the local users’ need and therefore limits the evaluation,
especially in the case of global climate services. Therefore, in this study, two types of application-based evalu-
ation metrics are introduced, addressing (i) temporal matching of quantile extremes and (ii) relative bias in flow
signatures, which supplements commonly used model performance assessment metrics. The introduced metrics
are compared to conventional statistical metrics, at seven case study areas across the world, with three model
settings representing different datasets and calibrations, generated from the global hydrological model World-
Wide HYPE (WW HYPE). The results suggest that different performance results can occur when comparing
application-based metrics to conventional ones. This implies that different evaluation metrics reveal models’
capability in various aspects, supporting their application under the corresponding circumstances. Finally, these
metrics enable us to propose two model applicability scenarios: generally applicable models and conditionally
applicable models. For instance, the WW HYPE with global dataset and local calibration can yield optimal es-
timates concerning the timing of quantile extremes and temporal variations in flow signatures, despite its sub-
optimal performance in conventional evaluation metrics. Therefore, it may be considered as a conditionally
applicable model which can be used in regions with limited local datasets, supplying reliable information for
decision-makers in formulating strategic plans for water resources management.

1. Introduction

Climate services provide climate information to help individuals and
organizations to make climate smart decisions. The consequence of
climate change is global and will affect the shared future of mankind,
which generates an essential demand for climate services in every corner
of the world. However, conducting local modeling requires substantial
resources in terms of time, data and budget, especially for water ser-
vices, which are less attainable in regions with limited development,
resources, or social stability. At the same time, the United Nations
Framework Convention on Climate Change (UNFCCC) initiative on
climate adaptation demands easy access to readily available hydro-
climate data and information for assessments (Merks et al., 2020).

Therefore, global scale water services are crucial to guarantee equal
access to hydrological information in resource sparse areas, to support
local vulnerability, resilience and risk assessment. This raises the de-
mand of evaluating their applicability at local scales.

Evaluation of hydrological models is generally conducted using a
suite of well-known conventional statistical metrics (in the following
called “conventional metrics’’), which are conducted within time and
signature domains. Time-domain metrics (Teegavarapu et al., 2022)
include various error and performance measures, that fall into general
categories such as scale-dependent (e.g. mean absolute error, MAE;
Willmott & Matsuura, 2005), scale-independent (e.g. correlation coef-
ficient, CC; Legates &McCabe, 1999), relative-based (e.g. relative error,
RE; Törnqvist et al., 1985), and efficiency measures (e.g. Nash-Sutcliffe
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Efficiency, NSE; Nash & Sutcliffe, 1970). Unlike these time-domain
metrics based on evaluating the entire time series, signature-based
metrics evaluate only specific features of the time series, for example,
maximum daily flow, base flow index, interannual runoff variability and
others (Kavetski et al., 2018; Westerberg et al., 2016; Yilmaz et al.,
2008). However, to ensure local applicability of global climate services,
corresponding model evaluation should be tailored to the local users’
needs (Vincent et al., 2020; Hartmann et al., 2002; Nkiaka et al., 2019),
together with efficiently communicating uncertainties and decision-
making guidelines (Vaughan & Dessai, 2014; Crochemore et al.,
2021). Therefore, besides the concise model evaluation provided by
conventional metrics (Ewen, 2011; Pfannerstill et al., 2014), comple-
mentary evaluation metrics reflecting local model applications and the
ways the services are used in practice need to be included, to ensure
model’s sufficiency under the corresponding conditions (Krysanova
et al., 2018). In the following, we call such metrics “application-based
metrics”.

Application-based metrics should highlight specific aspects of hy-
drological processes that the operations in the targeted sectors heavily
rely upon. For example, flood (or drought) forecasting is a main task in
operational application, where a model is required to predict whether
the streamflow will pass certain quantiles sometime in the future. In the
European Flood Awareness System (EFAS), a threshold exceedance
approach is used, where simulated discharge time series are transformed
into dichotomous time series of 1 and 0 by comparing with model-based
quantile thresholds (Thielen et al., 2009), allowing for qualitative esti-
mation of event severity. Similarly, the operational system in Sweden
uses indicators based on quantile thresholds (Arheimer et al., 2011). For
example, a drought advisory threshold is defined as streamflow lower
than quantile 0.95 (in the model climatology) for a number of consec-
utive weeks (SMHI, 2023). In Brazil, the State of Minas Gerais adopts a
drought alert system with different levels, defined based on the mini-
mum average flow of 7 days and 10 years of return time (Q7,10) and on
the conditions of reservoirs, when they exist in the basin (CERH-MG,
2015). Another example of common climate service applications is
climate change impact assessment, where a model is used to estimate the
relative difference of some streamflow signature (e.g. average, seasonal
or annual minimum streamflow) between a historical and a future time
period, both in scientific analysis (Cao et al., 2021; Forzieri et al., 2014;
Guo et al., 2017; Lee & Bae, 2016; Mello et al., 2021; Raulino et al.,
2021) and operational application (Climate Information, 2020; Nor-
wegian Centre for Climate Services, 2023). By highlighting these aspects
of hydrological performance, the evaluation can better serve the needs
of the targeted sectors and ensure the models are providing relevant
information.

In light of the above common application scenarios, application-
based evaluation can include e.g. metrics reflecting a model’s ability
to predict high and low quantile crossings (i.e. model suitability in a
forecast context) or to predict differences in flow signatures between
two periods (i.e. model suitability in a climate change context). Intui-
tively, a model that performs better in terms of conventional metrics can
be assumed to perform better also in such practical applications, but this
assumption is very seldom evaluated or confirmed (Filianoti et al.,
2020). Although limitations of climate services are a reality when pro-
jecting an ultimately uncertain future (Donnelly et al., 2018), commu-
nications with users can be enhanced by outlining both
recommendations and constraints.

Therefore, in this study we complement the conventional metrics
with application-based metrics, that are designed to reflect model per-
formance related to the above examples of application. In order to
demonstrate, implement, and evaluate the new metrics, a set of model
configurations with different, yet reasonably representative perfor-
mances are needed. These configurations were derived from the Glob-
alHydroPressure project (GHP), where hydrological models were
established in various potential applications. In GHP, seven different
case study basins world-wide, covering a wide range of hydrological

pressures, stakeholder needs, socioeconomic conditions and climates,
provided a good opportunity of demonstrating the use of application-
based metrics as well as assessing the added value of local datasets
and local calibration for adapting global hydrological models to
different conditions.

In light of the above, the study has a number of connected and
complementary objectives:

● to develop a framework for application-based evaluation;
● to apply and demonstrate the framework on three different config-

urations of a multi-basin hydrological model (World Wide HYPE) in
seven case study locations, and assess the added value of local cali-
bration and local forcing data;

● to investigate the connection between conventional metrics and
application-based metrics; and

● to characterize the degree of confidence with which different signals
from a global hydrological model can be interpreted in practical
applications.

2. Application-based model evaluation

As described in the introduction, in the model evaluation we com-
plement a suite of conventional metrics with two types of application-
based metrics, based on (1) quantile extremes and (2) flow signatures,
that reflect how hydrological models are commonly applied for practical
purposes.

Regarding quantile extremes, there have been explorations of using
quantiles (i.e. frequency-based thresholds) for model evaluation, e.g. in
flash flood warning systems (Carpenter et al., 1999; Norbiato et al.,
2009; Younis et al., 2008) and in terms of hydrological extremes (Can-
dogan Yossef et al., 2012). The key underlying assumption is that the
hydrological model has skill in ranking events even if the simulated
extreme flows are biased relative to the observed data (Reed et al.,
2007). Therefore, to evaluate model performance for events of different
severity, on one hand we assess the model performance in terms of
biases in extremes (described by quantile difference; Section 2.1.1). At
the same time, we adopt frequency-based analysis to assess the model
performance with a focus on temporal matching of extreme events
(described by Peirce Skill Score; Section 2.1.2).

As for flow signatures, they have been employed as rigorous
diagnostic-based model evaluation methods, to evaluate the model
capability of reproducing functional behaviors of catchments (Donnelly
et al., 2016; McMillan et al., 2017; Westerberg et al., 2011). The
approach tests the ability of a hydrological model to reproduce the
signatures by analyzing similarities and differences between observed
and simulated signatures (e.g. long-term averages; Shafii & Tolson,
2015). Moreover, considering that climate conditions are non-stationary
under climate change, evaluation performed on climatically contrasted
discontinuous periods has been proposed, i.e. a split-sample analysis
(Refsgaard et al., 2014; Thirel et al., 2015; Dakhlaoui et al., 2017, 2019),
in order to improve evaluation of model performance under a changing
climate. This is mostly done by dividing the evaluation period into
distinctly different climate conditions (e.g. dry/wet or cold/warm;
Refsgaard et al., 2014). Moreover, with the design described in the
introduction, relative change is a useful way to exclude bias in ampli-
tude (Forzieri et al., 2014; Guo et al., 2017). Therefore, besides assessing
average bias in flow signatures (Section 2.2.1), we implement an extra
evaluation metric, assessing models’ performance in reproducing rela-
tive differences (RD; Section 2.2.2) between two subsets of streamflow
conditions (i.e. high/low flow).

The application-based metrics are applied to weekly average runoff
as this time step is common in operational application (World Meteo-
rological Organization (WMO), 2021), especially for low flows. The
weekly averages are calculated using calendar weeks (i.e. from Monday
to Sunday) and for consistency the same weekly averages were adopted
for evaluation of both high and low flows.

Y. Du et al.
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Four conventional statistical metrics (Maidment, 1993) are selected
as benchmarks for the above application-based metrics: mean absolute
error (MAE), correlation coefficient (CC), relative error (RE) and Nash-
Sutcliffe Efficiency (NSE). MAE is a measure given in absolute terms,
which presents errors in the same units as the measurement (m3/s in our
case). RE represents relative bias in the mean value, representing the
models’ performance on the long-term average annual runoff, while CC
represents the temporal variability of streamflow. NSE is used to
compare the ratio of the simulation error to an error obtained using a
naïve simulation method (the average streamflow), where negative
values indicate less skill compared to the average. Median values of each
conventional metric were computed for each study area (Section 3.1),
whereas absolute RE was used to avoid compensation of negative and
positive errors during the calculation of medians.

2.1. Quantile extremes and temporal matching

2.1.1. Quantile differences
To assess the performance of models in terms of extremes, the bias of

streamflow at different low (0.80, 0.9 and 0.95) and high (0.2, 0.1, 0.05)
quantiles (i.e., exceedance probabilities) were evaluated, by the abso-
lute quantile difference (QD, Fig. 1a) at each station:

QD(p) = QM(p) − QO(p) (1)

where QO(p) and QM(p) denote the observed and modelled values at
quantile probability p, respectively.

2.1.2. Temporal matching of quantile extremes
For evaluating temporal matching of hydrological extremes, a con-

tingency table is used, as it is an effective way for analysis of extreme
events that has been widely used for hydrometeorological studies
(Aghakouchak & Mehran, 2013; Bartholmes et al., 2009). However, if
categorical statistics in contingency tables are defined by amplitude
thresholds, and distinct bias exists due to different distributions for each
data series, interpretation across thresholds is difficult (Jenkner et al.,
2008). To avoid this problem, the contingency table in our study is
defined by frequency thresholds, which means the quantiles are
computed for each of the model data series and observation data series
independently. The quantiles are calculated by taking the weekly
averaged streamflow data series for observation (QO) and models (QM)
(Fig. 1.b1), rank all weeks during the study period in descending order
and estimate the flow exceedance quantile (qn) for week n as the ratio
between the rank of the current week (rn) and the total number of weeks
(N):

qn = rn/N (2)

After sample quantiles are computed for observation data (qO) and
model data (qM) independently (Fig. 1.b2), the datasets can be
compared using the same relative quantile thresholds within their own
distribution. The same quantile thresholds as in section 2.1.1 are used
for high flow extremes (0.05, 0.10 and 0.20) and low flow extremes
(0.95, 0.90 and 0.80).

The standard contingency table (Table 1; Fig. 1.b3, b4) for dichot-
omous events (relating to the target threshold) contains the following
entries: hits H, misses M, false alarms F and correct negatives Z (Mason,
1989; Gandin and Murphy, 1992). The four numbers may be used to
compute several different categorical scores.

In this study, the Peirce Skill Score (PSS; Peirce, 1884) is adopted as
it is ideally suited to measure the joint distribution, i.e. to display the
model accuracy on its own (Jenkner et al., 2008), and it is calculated as:

PSS =
H

H+M
−

F
F + Z

(3)

Positive PSS values indicate skill compared to a shuffled sample, since
PSS=0 denotes the skill of a random forecast at all times, and PSS=1

indicates a perfect model.

2.2. Flow signatures and split-sample analysis

2.2.1. Flow signatures
Three flow signatures were selected to investigate different parts of

the hydrograph: annual mean, maximum and minimum weekly
streamflow. As a general evaluation, the model performance in ampli-
tude terms is analyzed by the long-term averages of each flow signature
for the entire study period. In a certain case study basin, let QOy,b

w denote
the observed weekly flows (1 ≤ w ≤ 52) in year y (1 ≤ y ≤ Ny) and
subbasin b (1 ≤ b ≤ Nb).

1 Denote by SOy,b
type the observed flow signatures for a certain year and

subbasin, with subscripts representing one of three types: mean,
maximum (max) or minimum (min) annual flow. The three types of
signatures are thus calculated as

SOy,b
mean =

∑52

w=1

QOy,b
w
w

, SOy,b
max = max(Qy,b

w ), SOy,b
min = min(Qy,b

w ) (4)

2 Long-term averages of the observed signatures are denoted as SOb
type

and calculated as

SOb
type =

∑Ny
y=1

SOy,b
type

y
(5)

Steps 1–2 are repeated for the modelled weekly streamflows QMy,b
w

resulting in signatures denoted as SMb
type for each subbasin. When

referring to SOb
type and SMb

type without need to distinguish between
observed and modelled data, Stype (i.e. Smax, Smean, Smin) is used.

2.2.2. Split-sample analysis
Split-sample analysis divides the study period into subsets based on

different climate conditions, in our case, the high/low flow years from
the observation records. The same high/low flow years will be applied to
divide model simulations into subsets, therefore the evaluation metric
generated from the subsets quantifies the agreement of higher/lower
records and their occurrence years (Fig. 1c).

In a certain case study basin:
1. For each subbasin b, start from the observed flow signatures for

each year y, i.e. SOy,b
type, with types min, mean and max (Equation.4).

2. Sort the flow signatures in ascending order and divide the entire
period into higher and lower subsets, separated by the median value of
the signature.

3. Calculate averages of the flow signature in the higher (yh) and
lower (yl) subsets:

SOHb
type =

∑Ny/2

y=1
SOyh,b

type , SOL
b
type =

∑Ny/2

y=1
SOyl,b

type (6)

4 Calculate the relative difference between the higher and lower
observed flow signature averages, denoted as rdobtype:

rdobtype = (SOHb
type − SOLbtype)/SOL

b
type (7)

5. Divide the modelled signatures SMy,b
type into the same observation-

based subsets (yh and yl) and calculate SMLbtype, SMH
b
type and rdm

b
type as

in steps 3–4 above.
6. Calculate the relative difference between rdobtype and rdmb

type,
denoted as RDbtype (Fig. 1c) for each subbasin:

RDb
type = (rdmb

type − rdobtype)/rdo
b
type (8)

In this context, a positive RD value indicates a greater discrepancy be-
tween the higher and lower subsets within the model-estimated flow
signatures, compared with observations. On the other hand, a negative

Y. Du et al.
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Fig. 1. Illustration of application-based metrics. (a) Observed (QO) and modelled (QM) streamflow at a defined exceedance probability for calculation of Quantile
Difference (QD). (b) Example of quantile extreme events for calculation of temporal matching: observed (QO) and simulated (QM) streamflow in m3/s (b1); observed
(qO) and simulated (qM) streamflow in quantiles (b2); illustration of four types of events related to high flow (b3) and low flow (b4) thresholds (darker color denotes
event crossing the corresponding thresholds). (c) Schematic of the calculation of RD for one flow signature type at one subbasin.

Y. Du et al.
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RD value suggests a lesser discrepancy, indicating a closer alignment
between the higher and lower subsets. Consequently, the smaller the
absolute value of RD, the better the agreement between the observed
and modelled flow signature difference, respectively.

3. Case studies and model configurations

3.1. Study area and data

The locations of seven case study areas are shown in Figure A in the
Appendix, Which represent an ensemble of opportunity based on the
partners in the GlobalHydroPressure project, aiming to develop tools
and methods for assessing hydrological pressure worldwide through
coordinated case studies in Europe, South America and Asia. Informa-
tion of case study characteristics and available datasets are listed in
Table A in the Appendix. The case study areas were classified into
different Köppen climate systems (Beck et al., 2018), covering arid,
tropical, temperate, and polar climate. The spatial extent of the different
case studies ranges from a few to several hundred thousands of square
kilometers.

Evaluation and comparison were done using output from the global
hydrological model World Wide HYPE (WW-HYPE) (Arheimer et al.,
2020; Bartosova et al., 2021). For each case study area, WW-HYPE
submodels were extracted and forced with global and local inputs
(Section 3.2). The global forcing data used for WW-HYPE and the case
study submodels is HydroGFD version 3.2 (Berg et al., 2021). It is a near
real-time data set of bias adjusted reanalysis data comprising daily
precipitation as well as minimum, mean, and maximum daily temper-
ature with a resolution of 25 km. In the WW-HYPE setup, the data are
area weighted for each subbasin. Local streamflow and forcing data
(mean precipitation and temperature) at daily time step are from
different sources and for different time periods, provided by meteoro-
logical or water sector agencies in the case study countries (Table A in
the Appendix). Local streamflow data are used for calibration and
evaluation. The gridded observational forcing datasets (Sweden and
Norway) are area weighted for each subbasin, as the global dataset,
while for in situ observations, the point nearest the subbasin centre point
was used to link precipitation and temperature data to the subbasins.
Since the observations – streamflow, precipitation and temperature –
start and end differently, the overlapping time period available for
performance evaluation was determined for each case study separately.

We consider the local forcing data to represent the “first choice” in
the different countries, when performing hydrological modelling in an
arbitrary location. Any detailed quality control (and, if needed,
improvement) of the local forcing data was not attainable within the
resources of the study, but a simplified comparative assessment of the
global and local forcing data in terms of mean values is shown in Table A
in the Appendix. Although the global and local mean values are gener-
ally similar, there is uncertainty in the local forcing datasets where the
quality varies among the case studies. For example, in seNorge, there is
cold bias in the coastal areas. Together with a warm bias in
HydroGFD3.2, which is inherited from the original reanalysis datasets
(Berg et al., 2021; Lussana et al., 2019), this gives a substantial differ-
ence between these two. However, the bias is less in the subbasins used
for calibration which makes the dataset in general qualified for the
purpose of this study. Overall, we assume and believe that quality of the
forcing data is sufficient to meet the objectives of the study.

3.2. Configurations for World-Wide HYPE

In order to separate the influence from calibration and forcing data
on model performance, three WW-HYPEmodel versions were developed
in the seven case study areas, with different setting in terms of forcing
data and calibration:

● Sim1: Global forcing data and global (i.e. generalized) calibration,
extracted directly from WW-HYPE v. 1.3.7. The parameters have (in
previous model development) been calibrated to reproduce the long-
term water balance and the seasonal dynamics globally.

● Sim2: Global forcing data and local calibration. The parameters were
(in this study) tuned to optimize the performance given the global
forcing data (extracted for each basin).

● Sim3: Local forcing data and local calibration. The parameters were
(in this study) tuned to optimize the performance given the local
forcing data. Note that Sim3 is not performed in AKS, China, since
the local meteorological data is restricted.

A stepwise parameter estimation method was used for the global
calibration (Sim1) of WW-HYPE on monthly flows, where each step
focuses on different processes (Arheimer et al., 2020; Donnelly et al.,
2016; Strömqvist et al., 2012). This procedure allows the model to
identify robust values for ungauged basins, as well as reliable process
descriptions along the flow paths of the dominant flow-generation
processes. Simultaneous calibration was conducted in numerous repre-
sentative basins around the world to achieve the first goal. By separately
calibrating basins that represented various climates, elevations, and
land covers around the world, spatial variability was taken into
consideration. The second goal was accomplished by employing a step-
by-step methodology along the flow routes, following the HYPE process
description, and only calibrating a small subset of the parameters
driving a single process at a time. The calibration was a combination of
automatic calibration toward the in-stream measurements and manual
calibration, using NSE, RE and the Kling-Gupta Efficiency (KGE) as
objective functions. More information of WW-HYPE model can be found
in the Appendix. Details of model performances for streamflow are
available in Arheimer et al. (2020).

In the local calibration process (Sim2 and Sim3), specific model
routines were added and optimized based on the dominant hydrological
processes in the study areas. Automatic calibration was performed first
with NSE and RE as objective functions, using the Differential Evolution
(DE) algorithm for optimization. Afterwards, manual adjustment of a set
of parameters was performed where visual judgment of the hydrographs
was employed in addition to minimizing the objective functions,
depending on the hydro-climatic characteristics of each study area:

● in VES (Norway) and AKS (China), soil, land use, snow and glacier
modules were activated, with manual corrections on routing and
missing outlet lakes;

● in Brazilian study areas, potential evapotranspiration and soil were
the main processes, and in SF reservoir parameters were added;

● in EM (Sweden), soil, snow and potential evapotranspiration pro-
cesses were used.

It deserves to be emphasized here that the evaluations for all model
configurations are using the overlapping simulation period across the
three configurations, as denoted in Table A in the Appendix, without
separating into calibration/validation subsets. This is in line with the
objective of demonstrating the proposed new metrics, therefore we do
not perform in-depth analysis into the parameter optimization. More-
over, the resources available for the calibration were limited and does
not allow deep investigation for emerging issues, including the reasons
behind certain cases of unsatisfactory model performance, e.g. quality of
local observations. Nevertheless, as our primary focus is on the
demonstration and evaluation of the proposedmetrics, our methodology

Table 1
Contingency table.

Model: 1 Model: 0

Obs: 1 (1,1)
H

(1,0)
M

Obs: 0 (0,1)
F

(0,0)
Z

Y. Du et al.
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requires a set of model simulations that represent a realistic range of
performances (in a global modeling context), in terms of various metrics
and signatures, therefore the chosen model configurations well fulfill
this requirement.

4. Results

4.1. Conventional metrics

The results from evaluation by conventional statistical metrics are
shown in Fig. 2. Medians within each study area were calculated for
each statistical metric and plotted as points, besides the violin plot
showing the density of metrics in all the evaluated stations regardless of
study area. Progressive improvements when localizing model configu-
rations were observed in MAE, as the medians in the violin plot
decreased from 53.4 (Sim1), through 31.2 (Sim2), to 23.6 (Sim3), be-
sides a gradually flatter distribution (Fig. 2a, right). The MAE values in
different study areas showed a similar pattern that a larger improvement
was achieved when introducing local calibration in Sim2, while less
improvement was found when introducing local dataset in Sim3 (Fig. 2a,

left).
A similar progressive improvement was revealed in CC, withmedians

increasing through the localizing model setups: 0.657 for Sim1, 0.722
for Sim2 and 0.760 for Sim3 (Fig. 2b, right), which confirms a gradual
improvement in the model performance with respect to temporal vari-
ability. In most of the study areas (Fig. 2b, left), considerable im-
provements occurred both in model configurations with local
calibration and local dataset, while in EM and SF, larger improvement
was achieved by adding local calibration. It is also interesting to note
that the interquartile range of CC from Sim3was larger than that in Sim2
(Fig. 2b, right), indicating a less stable simulation in terms of temporal
variability by introducing local datasets.

The median absolute RE (%) showed a decrease from 55.8 % (Sim1),
12.6 % (Sim2), to 10.8 % (Sim3) (Fig. 2c, right). However, this
improvement varied among case study areas (Fig. 2c, left): Sim2 showed
a general superiority in most study areas (except SAP and SF) with
values closer to zero, indicating that a better model performance of long-
term averages was achieved with local calibration together with the
global dataset.

Gradual improvements in NSE were observed across all study areas,

Fig. 2. Conventional evaluation metrics with median values for each study area (left panel) and full distribution for each model setup (right panel): (a) MAE; (b) CC;
(c) RE (%); (d) NSE. Note the different scales on the y-axes.

Y. Du et al.
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from Sim1 to Sim2 and then to Sim3, as indicated by the increasing
medians in each study area (Fig. 2d, left) and a shift towards higher NSE
in the density (Fig. 2d, right). The median NSE for all study areas ach-
ieved increased from 0.042 (Sim1), through 0.314 (Sim2), to 0.507
(Sim3). Comparing different model setups (Fig. 2d, left), local calibra-
tion generally resulted in a significant improvement in NSE in most
study areas, except for SAP where no obvious increase was observed in
Sim2. Furthermore, the introduction of local datasets further improved
NSE, except for EM with no clear improvement achieved in Sim3.

The above results from using conventional metrics to evaluate the
performance of hydrological models serve as a benchmark for further
analysis and comparison with application-based metrics. Generally,
increasing localization of model configurations leads to an improvement
in performance. However, the impact of localizing calibration or forcing
data varied across the different case study areas. A significant
enhancement in model performance was observed in cases of local
calibration with global datasets, sometimes surpassing even the
improvement achieved with local datasets. This may be attributed to the
fact that the local observations used in Sim3, despite their accuracy, are
limited in the aspect of spatial consistency, which can affect the model
efficiency when local observations are used for parameter calibration.

Under most circumstances, the incorporation of local data can result in
better performance, however, a possibility of over-fitting should be
noted, where the model can excessively adapt to the specific charac-
teristics of the local data at the expense of general applicability. Addi-
tionally, the influence of anthropogenic activities, e.g. the complex
operational patterns of large reservoirs for hydropower generation and
intense irrigation in PAR and SF, further complicates model simulation
and sometimes leads to limited improvements when relying on local
datasets.

4.2. Quantile extremes and time-matching

4.2.1. Flow quantiles
An assessment of high and low flow extremes was conducted for each

model setup, evaluating QD at the selected thresholds (Fig. 3); high flow
extremes are listed on the left side of each figure at thresholds 0.05, 0.1
and 0.2 and low flow extremes are on the right at thresholds 0.8, 0.9 and
0.95.

In the case of the AKS study area (Fig. 3a), Sim1 was found to un-
derestimate both high and low flows at all evaluated thresholds. Sim2
also underestimated the extremes at most thresholds, although with a

Fig. 3. Boxplot of QD at different quantile thresholds for each study area (a)-(g): high flow QD (0.05, 0.1, 0.2) at the left y-axis, low flow QD (0.8, 0.9, 0.95) at the
right y-axis, with dotted line in between for separation. All (h) shows results from all stations in all case study areas. Note the different scales on the y-axes.
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smaller amplitude of QD when compared with Sim1. This outcome
suggests that the local calibration in Sim2 enhances the flow duration
curve at most thresholds. For threshold 0.2, Sim1 and Sim2 provided
comparable results concerning the amplitude of QD, with Sim1 under-
estimating and Sim2 overestimating the extremes.

In EM (Fig. 3b), all three model configurations displayed an over-
estimation of the target high flow extremes. Notably, Sim3 did not yield
optimal performance in terms of QD for high flow extremes, but Sim2
consistently outperformed the other two model configurations. For low
flow extremes, Sim2 and Sim3 produced slight overestimations, whereas
Sim1 showed distinct underestimations.

In MP and PAR (Fig. 3c, d), by introducing local calibration to the
global dataset (Sim2), the model performance was substantially
improved with reduced QD in both high and low flows. With the local
dataset in Sim3, not much improvement was achieved, especially at low
flow thresholds. Sim3 showed inferior results to Sim2, indicating that

the global forcing dataset with local calibration is sufficient in terms of
capturing quantile extremes. In SAP (Fig. 3e), Sim2 outperformed the
other two model setups with a lower QD for low flows, while Sim3
proved superior for high flows. In SF (Fig. 3f), Sim2 and Sim3 brought
certain improvements for both low and high flows regarding median
QD, but sometimes with larger interquartile ranges, i.e. a larger spread
among the subbasins.

In VES (Fig. 3g), Sim2 and Sim3 achieved considerable improve-
ments in high flow QD. For low flows only Sim3 managed to outperform
Sim1, and Sim2 gave less accurate results compared with Sim1, in terms
of both median and spread.

In summary, there is generally a gradual improvement in the high
flow quantiles from Sim1 to Sim3 (see also Fig. 3h) by adding local
calibration and local forcing data. However, for the low flow quantiles
the pattern is less clear with Sim1 often showing similar (and sometimes
even better) results than Sim2 and Sim3, indicating the capability of the

Fig. 4. Boxplots for PSS at defined thresholds in each case study area (a)-(g), All (h) denotes subbasins in all case study areas.
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global configuration models in capturing prolonged dry periods. This
can be attributed to the lower complexity and higher homogeneity in
both space and time for low flow extremes, therefore the generalized
configuration is effective in capturing their dynamics. The localized
configurations, on the other hand, are tailored towards local hydrolog-
ical characteristics, which are highly influenced by variability in high
flow extremes and therefore sometimes not sufficient in low flow ex-
tremes. With different regional hydro-climatic regimes, the model per-
formance in QD varies among different study areas, which sets the base
for the application-based metrics of quantile time matching.

4.2.2. Temporal matching of quantile extremes
The analysis of time-matching quantile extremes was carried out

using PSS for both high flow and low flow extremes, as depicted in Fig. 4.
All case study areas display a more or less distinct inverted U shape,
reflecting that the temporal matching is generally best for the least
extreme quantiles (0.2 and 0.8) and worst for the most extreme ones
(0.05 and 0.95). Generally, PSS values are somewhat higher for the high-
flow quantiles than the low-flow quantiles, which is reflected in the
combined diagram (Fig. 4h).

The results of PSS for high flow extremes are listed on the left side of
each figure at thresholds of 0.05, 0.1 and 0.2 (Fig. 4). A general trend
can be observed in which PSS values increase as the model configura-
tions become more localized (Fig. 4h), although distinct patterns
emerged when the case study areas were examined individually. For
instance, a stepwise enhancement from Sim1 to Sim2 and subsequently
to Sim3 was noted in the AKS, EM, and VES case study areas, as indi-
cated by the rise in median PSS and/or the reduction in spread. Overall,

the differences among the three model configurations were minimal.
According to median PSS values, Sim1 occasionally surpassed Sim2 (e.
g., high flow thresholds in PAR) and Sim3 (e.g., threshold 0.1 in MP),
while in other instances, Sim2 outperformed both Sim1 and Sim3 (e.g.,
thresholds 0.05 and 0.2 in SF).

The results of PSS for low flow extremes are listed on the right side of
each figure at thresholds of 0.8, 0.9 and 0.95 in Fig. 4. Across all case
study areas, PSS at low flow thresholds showed an increase from Sim1 to
Sim2 and subsequently to Sim3 (Fig. 4h). However, distinctly different
improvement patterns were observed among the various case study
areas. In AKS, Sim2 showed higher PSS compared to Sim1 at low flow
thresholds, although not to the same extent as observed for high flows.
In EM, a remarkable enhancement was achieved by Sim3 with the local
dataset at the lowest thresholds, whereas Sim2 had already significantly
improved PSS for high flows. In the four Brazilian case study areas, PSS
occasionally showed a gradual increase for low flow extremes as model
configurations progressed from Sim1 to Sim3 (e.g., PAR and SF).
Conversely, in MP and SAP, Sim2 outperformed the other two setups at
specific thresholds. In VES, PSS at low flow thresholds displayed a
behavior distinctly different from that at high flow thresholds, as per-
formance is not increasing but even declining slightly upon incorpo-
rating local dataset. This finding suggests that Sim1 holds a potential
advantage in capturing the timing of low flow extremes.

4.3. Flow signatures and split-sample analysis

4.3.1. Flow signatures
Fig. 5 presents a boxplot of flow signatures (Smax/Smean/Smin) for the

Fig. 5. Boxplot of flow signatures for each flow signature (Smax,Smean, Smin) in case study area (a)-(g), and All (h) denote subbasins from all case study areas. Note
the different scales on the y-axes.
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various model configurations and corresponding observations in each
study area. A general trend (Fig. 5h) indicates enhanced model perfor-
mance with the incorporation of local calibration and local datasets, as
demonstrated by the medians of Sim2 and Sim3 approaching the ob-
servations for the three flow signatures.

Smax showed improved performance from Sim1 to Sim2 and then to
Sim3 (Fig. 5, Smax), as the medians approached those of observations,
particularly when local calibrations were included in the models.
Notably, in EM, PAR, and SF, the best performance was achieved in
Sim2, which employed local calibration with the global dataset. This
aligns with the high flow QD results (Fig. 3), where Sim2 and Sim3
displayed a similar better performance in terms of QD in those case study
areas.

Similarly to Smax, generally clear improvements were observed in
Smean, when model configurations move from Sim1 to more localized
ones, i.e. Sim2 and Sim3 (Fig. 5, Smean). Overall, Sim1 tended to un-
derestimate Smean in most cases (except EM), while Sim2 and Sim3 gave
results closer to observations. However, minimal improvement was seen
from Sim2 to Sim3. For instance, the performance of Sim2 and Sim3 in
MP, PAR, and SAP was comparable. This finding generally validates our
confidence in the global dataset HydroGFD, as Sim2 demonstrated a
strong capability when applying local calibration to the global dataset.

The results for Smin also showed variation among study areas and
model setups (Fig. 5, Smin), with Sim1 consistently underestimating Smin,
while Sim2 and Sim3 displayed improved but similar performance.
Based on the performance of Sim1 with respect to Smin, global calibra-
tion appears to be insufficient for capturing Smin, whereas Sim2 and
Sim3 achieved considerable enhancements when using local calibration.
A similar pattern was observed in low flow QD (Fig. 3), where Sim2 and
Sim3 showed substantial improvement in comparison to Sim1.

4.3.2. Split-sample analysis
As described in section 2.2.2, rdm and rdo were calculated for each

flow signature. An illustrative scatter plot of rdo and rdm for the mean
flow signature (Smean) is shown in Fig. 6. Notably, rdm is consistently
positive, i.e. SMH is always larger than SML (see Fig. 4.c). Points situated
above the 1:1 line indicate a higher rdm value than rdo, suggesting that
the model-estimated flow signatures gave a larger discrepancy between
the higher and lower subsets, subsequently resulting in positive RD
values (Equation (8), and vice versa. Any underestimation represented
by points below the 1:1 line can be attributed to either the flow signature

values or a mismatch in the years corresponding to the higher/lower
subsets between models and observation. As illustrated in Fig. 6, for
annual mean flow Sim1 showed a tendency for overestimating the dif-
ferences between higher/lower subsets, with many points located above
the 1:1 line. In contrast, Sim2 and Sim3 were situated closer to and
mostly below the 1:1 line, indicating underestimation of the discrepancy
between higher/lower subsets in these simulations.

Fig. 7 presents the computed RD between each model setup and
observation. The general pattern across all case study areas (Fig. 7h)
reveals that Sim2 and Sim3 tend to give negative RD for all three sig-
natures, i.e. underestimates of the observed difference in the flow sig-
natures, while Sim1 occasionally overestimates rdo with positive RD (as
illustrated in Fig. 6).

Focusing on RDmean (Fig. 7, second row, RDmean) for each case study
area individually, Sim2 and Sim3 show more robust results in terms of
RD, with a smaller spread among the subbasins. In contrast, Sim1 dis-
plays larger RDmean spreads in some study areas (e.g., MP, PAR). As local
calibration and local datasets were incorporated, RDmean gradually
improved in the majority of case study domains (six case study areas,
excluding VES), with the median RDmean approaching zero in Sim2 and
Sim3, though sometimes with a somewhat larger spread (e.g., EM, SF).
However, for VES, Sim1 outperformed the other two model setups, and
both Sim2 and Sim3 had negative RDmean values.

Regarding RDmin and RDmax, the results show greater uncertainty,
with larger RD in both positive and negative directions (Fig. 7, RDmax
and RDmin). This is particularly true for RDmin, where small discharge
values (sometimes reaching zero) can generate considerable un-
certainties. Consequently, RD for these two flow signatures should be
interpreted in a general manner. For the annual maximum flow signa-
tures (Fig. 7, RDmax), Sim2 and Sim3 consistently underestimated the
observed difference rdo, with negative RDmax for all case study areas. In
contrast, Sim1 occasionally showed positive RDmax (e.g., PAR, SAP, and
SF). For annual minimum flow signatures (Fig. 7, RDmin), most model
setups produced negative RDmin values. However, Sim1 displayed sub-
stantial uncertainty in its performance, with RD values reaching up to
500 % (e.g., PAR, SAP, and SF), due to the small magnitudes of mini-
mum flow signatures.

To sum up, it should be noted that when a model has systematic bias
in long term averages S, it may still offer added value in terms of RD.
Sim2, with global forcing data and local calibration, can yield results
comparable to Sim3, presenting an alternative for data-scarce regions.

5. Discussion

5.1. Evaluation cross the metrics

Based on the metrics introduced above, a more in-depth under-
standing can be achieved by a comprehensive evaluation across metrics.

A comparison of PSS values (Fig. 4) with QD values (Fig. 3) yields
several noteworthy insights. First, certain model configurations show
their superiority in reproducing extremes with both accurate amplitude
and timing. For instance, in the case of low flow extremes in MP, Sim2
achieves the highest PSS and QD values closest to zero. Second, when
model setups show similar QD values in terms of amplitude (i.e. devi-
ation from zero), their performance can vary with respect to the timing
of extreme events, as indicated by PSS. In AKS, at a high flow threshold
of 0.2, Sim1 and Sim2 yield comparable QD amplitudes; however, Sim2
displays a PSS value exceeding 0.75, while the PSS of Sim1 is approxi-
mately 0.4. This suggests that Sim2 holds an advantage in simulating the
timing of low flow periods which is not noticeable in metrics reflecting
only the distribution (e.g. the flow duration curve). Furthermore, a
lower QD value does not necessarily imply unqualified performance in
terms of extreme event timing. This is evident in the low flow extremes
in PAR, where Sim3, despite not outperforming Sim2 in terms of QD,
achieves a higher PSS value. Similarly, in MP, Sim1 shows worse QD
performance compared to the other two set-ups, yet its PSS performance

Fig. 6. Scatter plot of rdo and rdm for mean flow signatures at all stations in
the seven case study areas.
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is comparable, indicating that Sim1 is better at simulating the temporal
occurrence of extremes than the flow distribution.

Moreover, comparing the results from RD (Fig. 7) with long term
averages of flow signatures S (Fig. 5), several interpretations can be
made. In some study areas, the model setup that achieved the best
performance in terms of RD also excelled in S, as seen for the maximum
flow signatures in AKS, MP, and PAR. Furthermore, in some cases, the
introduction of local calibration and local data in Sim2 and Sim3 led to
improvements in both S and RD (e.g., MP and SF for Smean and RD
mean), indicating reduced bias in flow signatures and enhanced repro-
duction of the difference. Conversely, the results from RD and S occa-
sionally yielded different conclusions. In AKS and VES, Sim1
outperformed or equaled Sim2 in terms of RDmean, while Fig. 5
demonstrated Sim1′s reduced capability in accurately capturing Smean.
This suggests that when local calibration/local dataset in Sim2/Sim3
improves the model performance with regard to the long-term average
of mean flow signatures, uncertainties in representing the relative dif-
ference between high- and low-flow years may arise as a trade-off. For
minimum flow signatures, due to uncertainties stemming from small
discharge values, the only conclusion that can be drawn is that model
setups with advantages in simulating S do not always have the same

advantages in terms of RD.

5.2. Incorporation into hydrological services

Based on our results, it is clear that model performance can have
either agreement or discrepancy when assessed by different evaluation
metrics. Instances of agreement strengthen general confidence in the
evaluated model configurations, while instances of discrepancy provide
valuable insights for applying these models in relatively reliable con-
texts. We propose a schema for incorporating the application-based
metrics into the hydrological service (Fig. 8), where the comprehen-
sive evaluation can benefit the communication with users by providing
an indicator of model applicability. Two “applicability categories” can
be defined as follows, where suggestions of application scenarios can be
provided to the users accordingly:

- Generally Applicable Models: These models have excellent perfor-
mance in terms of both conventional and application-based metrics.
They can be used confidently for various purposes across different
time scales, including simulating discharge values for urban water
supply, amplitude and timing of extreme events for flood or drought

Fig. 7. Boxplot of RDmax, RDmean and RDmin in flow signatures for each study area (a)-(g) and All (h) denotes subbasins from all case study areas. Note the different
scales on the y-axes.
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risk monitoring, and decadal change of hydrological signatures. Ex-
amples of this type of models from this study include Sim2 in AKS
and EM, as well as Sim3 in the other case study areas. This model
configuration has near-optimal performance for most of the evalu-
ated metrics, both conventional and application-based, and may
therefore be regarded as an optimal model when the required forcing
data and resources are available.

- Conditionally Applicable Models: These models show relatively good
but not excellent performance in terms of conventional metrics,
while the application-based metrics are highly qualified. These
models can be applied under certain circumstances, acknowledging
their potential limitations in terms of statistical accuracy. Their
application should be limited to the context of the corresponding
application-based metrics and not extended to value-based applica-
tions. For instance, Sim2 in VES and SAP show their accuracy in
replicating the time matching of quantile extremes, while also hav-
ing a satisfactory overall performance in conventional metrics. Thus,
these models can have a value in a forecasting system based onmodel
climatology quantiles, benefitting water resources planning activ-
ities, e.g. reservoir management. Moreover, Sim1 in SAP manages to
reasonably well capture the relative difference in flow signatures
between two periods. Given the challenges associated with the
scarcity and collection of local forcing data in the Brazilian case
study areas, the global model adds significant value by offering an
accessible hydrological service for climate adaptation in these
regions.

In summary, with applicability categories, corresponding scenarios
for an available hydrological service can be communicated with the
users, which not only expands possibilities for services with suboptimal
performance but also builds up the overall reliability. Therefore, it is
essential for hydrological service providers to furnish the information of
model applicability. The next step of our work is to investigate a further
implementation of the application-based metrics, to incorporate them
into the model calibration process as objective functions (Fig. 8),
therefore allowing the model to be tailored to certain application
scenarios.

6. Conclusions

In conclusion, this research seeks to develop and test a set of

application-based evaluation metrics that focus on (1) temporal
matching of discharge extremes and (2) differences in flow signatures
between periods, complementing traditional metrics and offering addi-
tional insights for practical applications of multi-basin hydrological
models. The proposed evaluation framework was compared to conven-
tional statistical metrics, examining the performance of the World-Wide
HYPE (WW-HYPE) global hydrological model in seven diverse case
study areas. These assessments were conducted using three model con-
figurations, which varied in terms of the localization (from global to
local) of both the calibration and the forcing data, further illustrating the
applicability of the developed metrics in hydrological modeling.

The main findings of this study can be summarized as follows:

1. The application of both conventional and application-based metrics
to evaluate the models’ capacity of simulating discharge from
various perspectives generally indicates significant improvements
when introducing local calibration and local forcing data, as
compared with the original global model, where local calibration
appears to be the main key to enhance model performance.

2. The comparison of conventional metrics and application-based
metrics offers insights in particularly two respects. Firstly, in some
cases, incorporating local calibration and local dataset can enhance
model performance in both conventional and application-based
metrics, thereby suggesting a clear advantage in localizing model
setups as much as possible. Secondly, it is common for improvements
to be observed in only specific aspects, reflected by specific evalua-
tion metrics, but not in others. In such cases, it is worthwhile to
assess the resources required for localizing model setups considering
the expected improvements from the perspective of a particular user.
As demonstrated in the results, local calibration (Sim2) often delivers
relatively good outcomes, comparable to also using local forcing data
(Sim3), but without demand for local forcing data.

3. Models can be classified according to the consistency between out-
comes derived from statistical metrics and application-basedmetrics,
with different application scenarios. Generally applicable models
excel under most evaluation metrics, and therefore can be applied in
various aspects, including urban water supply, flood or drought risk
monitoring, and decadal change of water resources. Conditionally
applicable models serve as a supplementary option to the generally
applicable models, which can be useful especially in resource limited

Fig. 8. Schema of incorporating comprehensive evaluation metrics into the hydrological service. Solid blue line denotes the process included in this study, dashed
blue line denotes the next step.
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regions, offering potentially reliable information within the context
of the relevant application-based metrics.

Global multi-basin hydrological modelling is a growing field where
much remains to be done. Even if performance varies for different re-
gions/climates, basin sizes, dominant processes, etc., it is important to
look for useful signals and applicability that may not be apparent in the
results of conventional evaluation. This study was an attempt to tackle
this challenge with the hope that it will spawn follow-up research along
these lines.
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www.smhi.se/kunskapsbanken/meteorologi/varningar-och-meddelanden. Accessed
16 May 2023.
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