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Abstract

Runoff prediction in ungauged basins (PUB) is a challenging but essential research
topic from scientific and practical perspectives, and the International Association of
Hydrological Sciences (IAHS) was motivated to establish a “Decade on Predictions
in Ungauged Basins (PUB): 2003–2012”. Regionalization methods are currently re-
garded as the most common solution for PUB, coupled with hydrological models.
Regionalization methods are generally categorized into three classes: spatial proxim-
ity, physical similarity and regression. However, knowledge of the applicability of
regionalization methods is not clear or consistent, despite the number of extensive
studies that have been conducted and considerable progress that has been achieved
in recent decades. Due to the nonstationary climate, the reliability of results from
historical data for future applications cannot be used undoubtedly. Even worse, PUB
studies in cold regions (e.g., Norway) are limited.

To increase the knowledge of future runoff prediction in ungauged basins in cold
regions under the changing climate, this study conducted investigations that focused
on the following aspects: (a) a performance evaluation of 16 types of regionalization
methods using one simple hydrological model; (b) a transferability assessment of 5
frequently used regionalization methods under non-stationary climate conditions, as
well as the uncertainty evaluation for future runoff prediction; and (c) an estimation of
the dependence of regionalization performance on hydrological models and climatic
regions.

Some interesting findings are obtained from the investigation. First, we found
a clear worse performance from regression methods than the spatial proximity and
physical similarity methods in PUB. This finding is independent of the selection of
hydrological models. Second, for the spatial proximity and physical similarity meth-
ods, better regionalization performance is obtained by applying multiple donor catch-
ments using output averaging option (compared with the performance of the param-
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eter averaging option). When applying hydrological models in PUB, the performance
difference between these two options increases with the increase in the number of
tunable hydrological model parameters (see Paper III). Furthermore, comparison be-
tween the spatial proximity and physical similarity methods (with the output averag-
ing option) and the combination methods (between the spatial proximity and physical
similarity methods) did not detect substantial performance difference (See Paper I).
Finally, regarding the impact of climate change on the regionalization methods, the
physical similarity method with parameter averaging option presented the highest
transferability under changing climate and larger simulation differences in PUB pre-
sented between regionalization methods in the future. To simulate PUB in the future,
uncertainty will be dominated by climate models when the annual total amount and
variability of precipitation is high; otherwise, regionalization methods may contribute
more to uncertainty than climate models (see Paper II).
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Abstract Å estimere av avrenning i umålte felt (PUB; Predictions in ungauged
basins) er et utfordrende, men essensielt forskningstema sett fra et økonomisk og
sosialt perspektiv, så viktig at International Association of Hydrological Sciences (IAHS)
satte i gang “Decade on Predictions in Ungauged Basins (PUB): 2003–2012”. Region-
aliseringsmetoder er den vanligste måten å estimere avrenning i umålte felt, kom-
binert med hydrologiske modeller. Regionaliseringsmetoder kategoriseres vanligvis
i tre klasser: romlig nærhet (spatial proximity), fysisk likhet (physical similarity) og
regresjon. Imidlertid er det ennå ingen entydig og konsistent kunnskap om hvor an-
vendelig regionaliseringsmetoder er, selv om omfattende studier har blitt utført og
store fremskritt har blitt oppnådd de siste tiårene. Fordi klimaet endrer seg (ikke-
stasjonært) blir påliteligheten av funnene som kommer fra historiske data ikke nød-
vendigvis anvendelig for framskrivninger. At det finnes få PUB-studier i kalde re-
gioner (f.eks. Norge), gjør det enda mer utfordrende.

Denne studien hadde som mål å øke kunnskapen om framskrivninger av avrenning
i umålte felt i kalde regioner, og bestod av undersøkelser innenfor følgende aspekter:
(a) Evaluering av ytelsen til seksten typer regionaliseringsmetoder, ved bruk av en
enkel hydrologisk modell. (b) Vurdering av hvor godt metodene kunne overføres fra
ett felt til et annet, for fem ofte brukte regionaliseringsmetoder under ikke-stasjonære
klimaforhold, samt usikkerhetsvurderingen for framskrivninger av avrenning. (c) Es-
timering av hvordan regionaliseringsytelsen avhenger av hydrologiske modeller og
klimatiske regioner.

I disse undersøkelsene oppnådde vi noen interessante og nyttige funn. For det
første fant vi at regresjonsmetoder simulerte avrenning markant dårligere enn meto-
dene romlig nærhet og fysisk likhet, som er til stede i PUB. Dette funnet er uavhengig
av valget av hydrologisk modell. For det andre, for metodene romlig nærhet og fy-
sisk likhet, oppnås bedre regionaliseringsytelse ved å bruke flere donor-nedbørfelt
ved å bruke alternativet output averaging (sammenlignet med alternativet parameter
averaging). Når man bruker hydrologiske modeller i PUB, finner man at ytelses-
forskjellen mellom disse to alternativene øker med antall kalibrerbare hydrologiske
modellparametere (se artikkel III). Ved å ta metodene for romlig nærhet og fysisk
likhet med gjennomsnittlig output-alternativ for å sammenligne med kombinasjons-
metodene (mellom metodene for romlig nærhet og fysisk likhet), ser vi ingen vesentlig
ytelsesforskjell (se artikkel I). Til slutt, angående hvordan klimaendringer påvirker
regionaliseringsmetoder, gir den fysiske likheten med alternativ for parametergjen-
nomsnitt den høyeste overførbarheten under klimaendringer og vi ser større forskjell i
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simuleringene i PUB mellom regionaliseringsmetodene i fremtiden. Skal man simulere
PUB i fremtiden, vil usikkerheten domineres av klimamodeller når nedbørmengde og
-variabilitet; ellers kan regionaliseringsmetoder bidra med mer usikkerhet enn kli-
mamodeller (se artikkel II).
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摘要 无流量观测地区的水文预测（PUB）研究不仅是一个具有挑战性的科学

问题，也是一个工程应用难题。据此，国际水文科学协会（IAHS）将 2003 至

2012 确定为“PUB 十年”。参数区域化方法结合水文模型是目前最流行的 PUB

解决方案。尽管 PUB 的问题在近几十年得到了大量的关注并取得了相当大的研

究进展，但是在季节性积雪的寒冷地区（例如挪威）的 PUB 研究非常有限，因

此关于参数区域化方法的适用性的问题仍存在不清楚或不一致的认识。另一方

面，由于变化的气候环境，已取得的结果和结论是否能够适用于未来情形仍然

存在疑问。 

鉴于以上方面考虑，本文旨在增加气候变化条件下寒冷地区 PUB 的认知水平，

从以下三个方面展开研究：（ａ）结合一个简单的水文模型，综合评估 16 种区

域化方法在挪威的应用表现；（ｂ）气候变化条件下，区域化方法的可移植性

探讨及未来径流预测的不确定性研究；（ｃ）使用多个水文模型，研究区域化

方法对模型及气候区域选择的依赖性。研究结果表明，首先，在该研究区域无

论选择哪种水文模型，多元回归方法在 PUB 中的表现都劣于空间临近法和物理

相似法。其次，关于空间临近法和物理相似法，当使用多个临近（或相似）流

域信息时，输出流量平均法始终优于参数平均法。并且，这两种平均法之间的

表现差异会随着水文模型参数的增加而增大（参见论文 III）。然而，当使用输

出平均法时，空间临近法、物理相似法及其各种组合方法并未呈现明显的差异

表现（参见论文 I）。对于未来不同的气候条件，所有区域化方法的差异将增大，

物理相似法的参数平均选项呈现了最高的可移植性。关于未来径流预测的不确

定性，年降水总量和变化较高的区域，模拟结果的不确定性由气候模型主导。

否则，区域化方法对流量模拟不确定性的贡献与气候模型贡献相当（参见论文

II）。 
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Chapter 1

Introduction

1.1 Motivation

Predicting runoff plays a significant scientific and practical role in water resource
management and engineering projects (Parajka et al., 2013), such as the design and
management of reservoirs. The application of hydrological models in runoff predic-
tion is currently the most valuable and commonly used tool (Tegegne et al., 2017).
Hydrological modeling is a mathematical process to represent the hydrologic pro-
cesses as well as the interactions between them (Gosain and Tanaka, 2009), and it is
driven by the input data and observed streamflow and includes parameters to show
difference within basins. Although some of the parameters are defined to represent
the physical properties of the catchment, most model parameters cannot be measured
and have to be calibrated by comparing model simulations with the observed stream-
flow (Edijatno et al., 1999). However, most of the worldwide basins are ungauged or
poorly gauged (Sivapalan et al., 2003; Mishra and Coulibaly, 2009) according to the
definition of ‘ungauged basin’ in Sivapalan et al. (2003): catchments with inadequate
records (in both data quantity and quality) of hydrological observations (e.g. stream-
flow). Thus, hydrological models are not applicable without database to calibrate the
parameters (e.g. He et al., 2011; Oudin et al., 2010). For this challenging topic, the
International Association of Hydrological Sciences (IAHS) established a “Decade on
Predictions in Ungauged Basins (PUB): 2003–2012”, to improve hydrological predic-
tions in ungauged basins (Sivapalan et al., 2003).

As a result, a wide range of methods have been developed during and after the
period from 2003-2012 (e.g. Merz and Blöschl, 2004; Young, 2006), and regionaliza-
tion methods are considered the most common approaches to predicting runoff in
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ungauged basins (Hrachowitz et al., 2013). Regionalization is the process of trans-
ferring information (e.g. model parameters) from gauged (donor) to ungauged (tar-
get) basins (e.g. Rojas-Serna et al., 2016; Razavi and Coulibaly, 2013). Based on the
categorization of He et al. (2011), the regionalization methods include (hydrological)
model-dependent and model-independent methods. The model-dependent methods
could be further divided into distance-based (spatial proximity, physical similarity)
and regression-based approaches. The spatial proximity method by Egbuniwe and
Todd (1976) is the earliest applied regionalization approach in hydrology, and it op-
erates under the hypothesis that neighboring catchments behave similarly (e.g. Van-
dewiele et al., 1991). Geographical distance is applied to determine the donor catch-
ments for the target basin. Physical similarity is another distance-based regionaliza-
tion method, which assumes that catchments with similar physical characteristics have
similar hydrological response (e.g. Kokkonen et al., 2003; McIntyre et al., 2005). Thus,
the prediction in ungauged basins (PUB) using physical similarity methods borrows
information from physically similar catchments and performs selections using so-
called similarity indices (e.g. Wagener et al., 2007). Compared with the distance-based
methods by transferring values of hydrological model parameters to target basins,
regression-based methods apply the relationship to ungauged basins, and estimations
are performed between hydrological model parameters and catchment descriptors in
gauged basins (e.g. Magette et al., 1976; Xu, 1999; Oudin et al., 2008). The assumption
behind the regression-based methods are that, a linear relationship occurs between
the hydrological model parameters and catchment characteristics and the relationship
is transferable from the gauged to ungauged basins (e.g. Poissant et al., 2017).

The aforementioned methods have been applied and validated intensively during
and after the PUB decade. However, to date, there is no clear and consistent conclu-
sion between studies regarding the conditions under which the different methods are
applicable (e.g. Oudin et al., 2008; Samuel et al., 2011; He et al., 2011). For instance,
according to the spatial comparison in 308 catchments in Austria, Merz and Blöschl
(2004) concluded that the spatial proximity is the best-performing method coupled
with the HBV(Hydrologiska Byråns Vattenbalansavdelning) model. This finding is
supported by Oudin et al. (2008), who applied two simple conceptual rainfall-runoff
models (GR4J (modèle du Génie Rural à 4 paramètres Journalier) and TOPMOD
(Topological Mesh Modeler)) to 913 catchments in France. However, Parajka et al.
(2005) found that the physical similarity method performed better, even though the
same hydrological model and similar catchments as Merz and Blöschl (2004) were
applied. The result from McIntyre et al. (2005) who compared the physical similarity
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method with the regression approach, are in line with this finding. However, in the
UK, the result from Young (2006), which was based a summary of 260 catchments,
indicated that the regression method performed better compared with the proximity
method based on a single physiographically nearest donor catchment. This conclu-
sion is consistent with the result from Kay et al. (2006) when using the Time-Area
Topographic Extension (TATE) model. However, Kay et al. (2006) found that the re-
gression method performed slightly worse than the physical similarity method when
using the Probability Distributed Model (PDM). This result indicated that the region-
alization performance is hydrological model dependent. According to the statistical
summary from 34 studies, Parajka et al. (2013) discovered that the distance-based re-
gionalization methods performed better in humid regions, and regression and phys-
ical similarity worked slightly better for runoff simulation in arid ungauged basins.
However, between the physical similarity and regression approaches, Bao et al. (2012)
deduced that physical similarity was preferred over the regression method in both
humid and arid regions, and the performance difference between the two approaches
was larger in arid areas. These inconsistent conclusions between studies, might be due
to the following factors. First, various types of hydrological models are subjectively
applied (Kay et al., 2006). Second, the study areas in the studies differs dramatically
in geography, climate and geology, etc.(e.g. Bao et al., 2012; Merz and Blöschl, 2004).
Furthermore, different catchment sets are included by Oudin et al. (2008). For in-
stance, Bao et al. (2012) applied Variable Infiltration Capacity model (6 parameters) in
55 catchments in China to compare the regionalization performance from two differ-
ent approaches. However, in the study of Merz and Blöschl (2004), the regionalization
performance evaluation was conducted in 308 catchments in Austria using the HBV
model (11 parameters). Finally, the criteria used to compare or assess the regionaliza-
tion performance differ between studies.

Few studies have conducted regionalization performance evaluations by applying
multiple hydrological models, to achieve a more general conclusion about the prefer-
ences of the methods in their study regions. Aiming to search for better performing
regionalization methods between spatial proximity and physical similarity methods
in Australia, Li and Zhang (2017) included two conceptual rainfall-runoff models:
SIMHYD (10 model parameters) and XAJ (12 model parameters) in 605 widely dis-
tributed catchments. Similar research was conducted in the southeast Tibetan Plateau
by Li et al. (2014), where the GR4J (7 model parameters) and SIMHYD (12 model pa-
rameters) models were applied for evaluation. However, the conclusion differed be-
tween those two studies, with Li and Zhang (2017) noting that the physical similarity
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outperformed the spatial proximity and Li et al. (2014) showing the opposite results.
Their conclusions were valid and consistent over their applied hydrological models.
The study of Petheram et al. (2012) investigated the physical similarity and spatial
proximity performance using five hydrological models in a tropic area in Australia.
The results show that negligible differences occurred between the models in runoff
prediction performance in ungauged basins and, spatial proximity was preferred over
physical similarity. The small difference in regionalization performance between the
hydrological models was in line with some studies (e.g. Chiew, 2010; Viney et al.,
2009). However, none of these studies took the most frequently used regionaliza-
tion method - regression into consideration, which limits deducing the general idea
about the preference of regionalization methods. To the best of our knowledge, the
study from Oudin et al. (2008) is the most comprehensive performance evaluation
and, considers three types of regionalization methods and two hydrological models (
GR4J-4 model parameters and TOPMO-6 model parameters) based on 913 catchments
in France. However, either the number of regionalization methods or the number of
models used in the above studies is still too small to generalize the conclusion about
the applicability or preference of regionalization over hydrological models in diverse
regions. Furthermore, all of these investigations were conducted in relatively warm
climate regions; thus, limited knowledge has been accumulated in cold regions where
the snow process is important.

In addition to the difficulty of drawing a generalized conclusion about the applica-
bility of regionalization methods based on current and historical data, future runoff
predictions in ungauged basins is more challenging, primarily because the climate
is changing (IPCC, 2014), and the hydrologic cycle is considered statistically non-
stationary (e.g. Held and Soden, 2006; Milly et al., 2008). Therefore, investigating the
reliability of applying current conclusions to future conditions has become an essen-
tial topic in research (e.g. Broderick et al., 2016; Li et al., 2012). In the hydrology field,
the simulation responses to climate change impacts have received attention. For in-
stance, Menzel and Bürger (2002) investigated the climate change impact on regional
hydrology and found a decrease in the simulated mean discharge in a meso-scale
sub-basin of the Elbe in Germany. Stewart et al. (2004) estimated the time shift of
snowmelt and streamflow based on climate model projections and concluded that
spring time snowmelt will occur 30–40 days earlier in many rivers in western North
America. In addition, Jiang et al. (2007) found that different hydrological models yield
distinct streamflow simulations under contrasting climatic conditions, although all
models work similarly well in the calibration case. Expanding the runoff simulation
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to ungauged basins, where regionalization methods play an important role, a similar
study is essential to show the climatic impact responses of regionalization methods.
Therefore, assessing the transferability of regionalization methods to non-stationary
climate conditions could provide insight to improve the credibility for future runoff
prediction in ungauged basins. Assessment of the hydrological responses to climate
change impact forced by the bias-corrected down-scaled precipitation and tempera-
ture projections from climate models (e.g. Xu, 1999; Chen et al., 2011) are considered
to contain uncertainties from various error sources (e.g. Giuntoli et al., 2018). The
uncertainty of future runoff predictions in gauged catchments might be caused by
model parameters, input data, climate models and hydrological model structures (e.g.
Koutsoyiannis et al., 2007; Meresa and Romanowicz, 2017; Wine et al., 2018; He et al.,
2018). Thus, exploring the sources and effects of uncertainty could help to improve
the reliability and robustness of climate change impact analysis (e.g. Her et al., 2019).
For example, Maurer (2007) analyzed the uncertainty of water resources stemming
from Global Climate Models (GCMs) and emissions scenarios, and discovered that
emissions scenarios contribute more uncertainty than the GCMs, whereas (e.g. Her
et al., 2019) found that the GCM projections were the main source of uncertainty for
relatively rapid hydrological components. However, most previous studies have not
performed future runoff predictions in ungauged catchments although such intensive
studies were conducted on climate change impacts and uncertainty exploration in
future runoff predictions.

1.2 Objectives and outlines

Aiming to fill the knowledge gaps discussed above, this thesis investigates the perfor-
mance of runoff prediction in ungauged basins in Norway under a changing climate.
The assessment is based on various regionalization methods and hydrological models
under non-stationary climate conditions, to answer the following research questions:

(a) Which regionalization method performs best in a high latitude, seasonally snow-
covered mountainous region?

(b) How large is the difference in runoff predictions in ungauged basins between
the past and future periods?

(c) How do hydrological models and climate regions influence regionalization per-
formance?

To meet the preceding objectives, three research papers are generated, as depicted
in Figure 1.1. To find the best-performing regionalization method in high latitude, sea-
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sonally snow-covered mountainous region, a comprehensive comparison is carried
out for 16 types of regionalization methods, along with the WASMOD (Water And
Snow balance MODeling system) for 118 evenly distributed catchments in Norway
(Paper I). Because of the changing climate, future runoff predictions based on histori-
cal knowledge become questionable. Paper II investigated the climate change impact
for five frequently used regionalization methods coupled with WASMOD, forced by
the bias-corrected projections from five climate models from 1976-2005 and 2071-2100.
Considering that regionalization is coupled with hydrological models in most appli-
cations, Paper III performed an evaluation of five widely used regionalization meth-
ods, combining four frequently used daily hydrological models (GR4J–6 parameters,
WASMOD–8 parameters, HBV–13 parameters and XAJ–17 parameters). In addition,
Paper III conducted the evaluation in three different climatic regions according to the
Köppen-Geiger classification (Kottek et al., 2006), to show the regional influence on
regionalization performance.
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Figure 1.1: Flow chart showing the papers, including the main outcomes.
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Chapter 2

Study area and data description

2.1 Study area

This study is based on evenly distributed catchments across Norway (see Figure 2.1).
In Paper I, the investigation was based on 118 gauged catchments (see Figure 1 in
Paper I), while Papers II and III assessed 108 and 86 gauged catchments, respectively,
from those 118 basins (see Figure 1 in Papers II and III). Figure 2.1 presents the total
information about the catchments in all three papers.

Norway is located in the western and northern part of the Scandinavian Peninsula.
The latitudes range from approximately 57° to 81°N and longitudes vary from 4° to
32°E. Norway has an extensive and rugged coastline, faces the North Atlantic Ocean
and the Barents Sea. Due to the temperate waters of the Gulf Stream, Norway ex-
hibits a more temperate climate than expected for such high latitudes. As one of the
most mountainous countries in Europe, a large area of Norway is dominated by the
Scandinavian Mountains and the country’s average elevation is 460 m, spanning from
sea level to 2469 m.a.sl.

The climate in Norway presents considerable spatial variations(e.g. Vormoor et al.,
2016), and large variations can occur within the separate regions. However, in gen-
eral, the coastal region has a marine climate with high precipitation, mild winters, and
cool summers, whereas the interior of Norway has low precipitation, cold winters and
warm summers. The mean precipitation can exceed 5000 mm/yr in the mountain ar-
eas near the coast or less than 400 mm/yr in the interior part of the country. In
addition to the strong spatial heterogeneity of precipitation, the annual distribution
of precipitation also exhibits a high spatial difference (see Figure 2.2). Along the coast
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Figure 2.1: Map showing the location of the hydrological gauging catchments applied
in this study.

10



region, the highest precipitation occurs in autumn and early winter, while April to
June is the driest period. In contrast, the inland region has the smallest precipitation
in winter and spring although high precipitation in summer and early autumn. In
addition, the monthly mean temperature varies substantially in space and time. For
example, the lowest mean monthly value is -17°C in January in Karasjok (a far north-
eastern part of Norway), while the highest mean monthly value (+17°C) appears in
July in Oslo (located on the country’s southern coast). In general, the warm peak
occurs around mid-July in the inland area but during the first half of August in the
coastal region. In addition, the annual amplitude of the temperature shows a strong
spatial difference, which is approximately 5°C in the coastal region and 30°C in the
inland area. However, according to the Köppen-Geiger climate classification (1976-
2000) (Kottek et al., 2006), the mainland area could be categorized into three distinctly
different climate zones: oceanic climate in the southern part; continental climate in
the middle and northern areas; and polar climate in some northern and mountainous
regions(see Figure 1 in paper III).

Influenced by the distinct differences in precipitation and temperature and diver-
sity in physical characteristics between catchments, the annual and seasonal stream-
flow in Norway varies considerably between different basins. Figure 2.2 displays
examples of the monthly precipitation, temperature and runoff graphs for catchments
located in different areas in Norway. Since the long mountain ranges shield east Nor-
way from precipitation of the prevailing westerlies, the mean annual runoff shows
heavy spatial heterogeneity and differs from less than 250 mm/yr in the driest basin
located in the northern inland area to more than 5000 mm/yr in the wettest basin in
the southwestern coast region. The total amount of runoff heavily depends on pre-
cipitation, although the seasonal pattern of runoff is strongly affected by temperature
(e.g. Immerzeel et al., 2014). For instance, high flow, is caused by high precipitation,
during November and December in the western region and during October in the
southern and south-eastern regions, although is mainly produced by snow-melt that
occurs in spring (April-June) for the inland regions and during summer (July-August)
in the mountainous regions.

2.2 Data description

The observed meteorological data (precipitation and temperature) applied in this
study are acquired from the gridded SeNorge dataset (senorge.no), with a resolution
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Figure 2.2: Some examples show the diversity patterns of climographs and runoff
regimes in tested catchments.
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of 1 km (Lussana et al., 2018). This dataset is produced by the Norwegian Meteoro-
logical Institute (MET) (e.g. Engeset et al., 2004; Tveito et al., 2005; Mohr, 2008). The
temperature and precipitation data were processed by interpolation and correction
with the consideration of some physical characteristics, such as latitude, elevation,
distance from the coast, etc Tveito et al. (2005). This study applied SeNorge dataset
version 1.1, which included daily data from 1957 to today in mainland Norway. The
quality of the dataset has been checked in previous studies (e.g. Skaugen et al., 2018;
Rizzi et al., 2017). Because we are simulating at the catchment scale, we aggregated
the precipitation data by sum function from the grid data at every time step, whereas
for temperature, we used data at the catchment scale and applied the average func-
tion across all grids. Since, the hydrological model is run at monthly time steps in
Papers I and II, we further formed the data from daily to monthly steps by averaging
or summing function.

The precipitation and temperature data for the future period were derived from
climate input data for ‘Klima i Norge 2100’, with a spatial resolution of 1 km. The
dataset at 1 km scale is achieved by the following processes. At the first stage, the data
were produced by GCMs, whose scale is 100 x 100 km. Since that resolution is too
coarse to properly resolve the topographic effects, Regional Climate Models (RCMs)
were applied in the second step to dynamically downscale the data into lower res-
olutions ( 12 x 12 km at best). However, this resolution still lacks details for actual
landscape characteristics; therefore, additional processes are applied to generate data
at a finer scale and higher spatial resolution (Wong et al., 2016). Furthermore, the
IPCC report has already pointed out the importance of using bias-corrected precipi-
tation and temperature for hydrological modeling studies, such as Seneviratne et al.
(2012), and we followed it in this study. However, processing the climatic data is out
of the scope in this study; however, details about the downscaling and bias-correction
processes in Norway were reported by Wong et al. (2016) and Hanssen-Bauer et al.
(2017). This dataset was generated from an ensemble of ten EURO-CORDEX runs
(Jacob et al. (2013); see also http://www.eurocordex.net/) resulting from five GCM and
four RCM combinations (see Table 1 in report from Wong et al. (2016)).In this study,
we included the bias-corrected and downscaled forcing data from five GCMs with
the RCM, namely RCA4 (Rossby Centre regional Atmospheric model), under emis-
sion scenario RCP8.5 (Representative Concentration Pathway) as the forcing data for
hydrological simulation. The same post-process is conducted as the observed meteo-
rological data to aggregate the data into monthly time series at the catchment scale.
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The hydrological variable investigated in this study is streamflow, which is ex-
tracted from the Hydrological Reference Dataset (HRD) of the Norwegian Water
Resources and Energy Directorate (NVE). The HRD contains the daily streamflow
records for 188 stations with different lengths, covering the mainland of Norway with
a diversity of catchment characteristics (Fleig et al., 2013). Due to the varied length
of the streamflow data and the scope of the research studies, we applied different
sets of catchments in the three papers (see Figure 2.1), based on the principle that
the missing streamflow records should be less than 40% for both the calibration and
validation periods.

In addition to precipitation and temperature, catchment characteristics also affect
hydrological processes (e.g. Xu and Singh, 2004). Based on this consensus, the catch-
ment characteristics have been considered in the hydrological model simulation (e.g.
Parkin et al., 1996; Beldring et al., 2003) as well as the runoff simulations in ungauged
basins (e.g. Merz and Blöschl, 2004; He et al., 2011; Oudin et al., 2008). This study
applied the catchment descriptors proposed by He et al. (2011), including: (1) Climate
indices, derived from meteorological variables, such as the mean precipitation, mean
temperature and aridity indices (e.g. Merz and Blöschl, 2004; McIntyre et al., 2005)
and precipitation and temperature seasonality (Bull, 2009); (2) Terrain characteristics,
such as, the average slope of the catchment, were computed from Digital Elevation
Models, which were collected from the orographic maps produced by the Norwe-
gian Mapping Authority (NMA) with a horizontal resolution of 25m; (3) Land use,
shows the proportional areas for five categories and was extracted from the database
of CORINE land cover; and (4) Soil indices, which present the areal fractions for five
soil infiltration capacity classes defined by Norges geologiske undersøkelse (See the
report (Undersøkese, 2015).
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Chapter 3

Methodology

3.1 Hydrological models

Based on scientific and practical expectations, hydrological modeling is regarded as
the most popular solution to runoff prediction (e.g. Xu and Singh, 2004; Todini, 2007)
and hydrological component analyses in gauged basins (e.g. Yevjevich, 1972).

3.1.1 WASMOD

WASMOD (the Water And Snow balance MODelling system) is a conceptual hydro-
logical model with a simple structure that follows the process that precipitation is
transformed to evaporation and runoff. Different versions of WASMOD have been
well-tested and have shown a high level of generality from applications in variously
sized watersheds in Europe, Asia, and Africa and in global water balance studies (e.g.
Vandewiele et al., 1991; Widén-Nilsson et al., 2007; Li et al., 2015). Additionally, several
publications have reported its transferability in non-stationary climate conditions (Xu,
1999) and in ungauged basins in Sweden (Xu, 2003), Denmark (Müller-Wohlfeil et al.,
2003).

The versions of WASMOD we applied were developed by (Xu et al., 1996), a
lumped conceptual modeling system and could simulate snow storage, snowmelt,
actual evaporation and streamflow. The model parameters have been shown to be
typically independent and statistically significant after calibration Xu (2001), and the
model structure and parameters are illustrated in Xu (2002). A brief description of the
model parameters is presented in Table 2 of Paper I. In the monthly snow module,
two parameters (a1 and a2) are included to show the temperature thresholds between
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snowfall and rainfall and between snowmelt and snow accumulation. In the daily ver-
sion, two additional parameters (a7 and a8) are the coefficients for snow storage and
snowmelt. Parameter a3 is included in simulating evapotranspiration, and is used to
convert long-term average potential evapotranspiration to the actual value of potential
evapotranspiration. Parameter a4 is designed to determine the actual evapotranspi-
ration based on potential evapotranspiration and available water. The parameters a5
and a6 are non-negative parameters, that control the proportion of runoff as ’base
flow’ and ’fast flow’.

3.1.2 GR4J

GR4J (Génie Rural à 4 paramètres Journalier) is a model based on unit hydrograph
principles with four free parameters (Perrin et al., 2003). The version with four model
parameters is modified from the version GR3J proposed by (Edijatno et al., 1999). Be-
cause of its simplicity, the GR4J model has been widely used in regionalization studies
worldwide, such as France (e.g. Oudin et al., 2008), China (e.g. Li et al., 2014) and Aus-
tralia (e.g. Zhang et al., 2014, 2016).

The runoff simulation in the GR4J model is based on two functions: production
and transfer functions (Bodian et al., 2016). The main process through the produc-
tion function is to estimate the runoff from rainfall and water quantity to the transfer
reservoir based on the daily rainfall and daily potential evapotranspiration (Collet
et al., 2013). As presented in Figure 1 of Perrin et al. (2003), parameter X1 is included
in this process and shows the capacity of the production store. Then, a routing func-
tion calculates the discharge at the outlet of the basin (Bodian et al., 2016). The other
three parameters are used here, where X2 shows the coefficient of water exchange, X3
shows the capacity of the routing store in a day and X4 is the unit hydrograph time
base.

The shortcoming of the GR4J model is the lack of consideration of snow simulation,
which is important when applying it into seasonally snow-covered regions, such as
Norway. Therefore, we coupled the GR4J model with a degree-day type snow module
called CemaNeige that was developed by Valéry (2010). Two tunable parameters are
defined in this snow module, namely the ponderation coefficient CTG and degree-
day factor Kf (see Figure 2 in the paper of Valéry et al. (2014)). This snow module
allows for the estimation of snowmelt and simulation of snowpack evolution, and the
coupling of GR4J and CemaNeige has been tested by some other studies (e.g. Coron
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et al., 2014; Hublart et al., 2015).

3.1.3 HBV

HBV (Hydrologiska Byråns Vattenbalansavdelning) was originally developed by Bergström
(1976) at the Swedish Meteorological and Hydrological Institute (SMHI). It is a con-
ceptual model that considers the relations between precipitation and air temperature
to calculate snow accumulation and snowmelt, soil moisture, evaporation and runoff
(Bruland and Killingtveit, 2002). After several decades of development, HBV has be-
come one of the most used hydrological models in the world for runoff simulation in
both gauged and ungauged basins. For regionalization studies, it has been applied in
different climate regions, such as Austria (e.g. Merz and Blöschl, 2004; Parajka et al.,
2005), Sweden (e.g. Seibert and Beven, 2009), China (e.g. Jin et al., 2009), Canada (e.g.
Samuel et al., 2011) and the US (e.g. Pool et al., 2017).

The HBV-light version that operates on daily time step (Seibert and Vis, 2012) is
applied in this study, including four routines (snow routine, soil moisture routine,
response function, and routing routine) and thirteen tunable parameters. Seibert and
Vis (2012) presented a detailed description of the model structure in section 2 and
model parameters in Table A3.

3.1.4 XAJ

The XAJ (Xin An Jiang) model is a rainfall-runoff model, developed for humid re-
gions in China by Ren-Jun (1992), and has been used world-wide hydrology and
climate change studies. It has been applied in many regionalization studies as well
(e.g. Zhang and Chiew, 2009; Li et al., 2009; Li and Zhang, 2017). The evapotranspi-
ration is calculated through three soil layers. The main feature of the XAJ model is
the concept of runoff formation on repletion of storage, which means that runoff is
not produced until the soil moisture content of the aeration zone reaches the field
capacity, and thereafter runoff equals the rainfall excess without a further loss (e.g.
Ren et al., 2007).

In this study, the structure shown in Lin et al. (2014) is followed, without the Musk-
ingum routing module. Our catchments are rather small in size with a steep slope,
therefore river flow routing is not an important process (Li et al., 2014). The model
consists of modules for computing evapotranspiration, runoff production, runoff sep-
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aration, and flow routing; however, there is no snow module. Therefore, we coupled
XAJ with the CemaNeige snow model (see description of the GR4J model above) in
this application; thus, there are a total of seventeen model parameters.

3.2 Calibration of hydrological model parameters

To apply the hydrological models in runoff prediction, model calibration is an essen-
tial procedure to determine the appropriate values of the parameters by optimizing
the objective function. The objective function is subjective and highly depends on
the expectations and experience of the authors (e.g. Jie et al., 2015; Gelleszun et al.,
2017). However, the general objective is to minimize the difference between the model
simulation and observation (Green and Stephenson, 1986). In this study, two differ-
ent objectives are applied to estimate the model parameters. In Paper I, the objective
function is to minimize the sum of squared errors (SSE) between the simulated and
observed discharge (see Equation 3.1). Qsim,i and Qobs,i show the simulated and ob-
served discharge in the ith time step. However, it was found that using a single
objective might lead to large errors in other outputs of interesting characteristics (e.g.
Yapo et al., 1998; Mostafaie et al., 2018), thus, multiple objectives are applied in Pa-
pers II and III. Equation 3.2 shows the function, a weighted combination of Nash and
Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) and a logarithmic function of bias
(Viney et al., 2009).

SSE =
n

∑
i=1

(Qsim,i −Qobs,i)
2 (3.1)

F = NSE− 5 |ln(1 + bias)|2.5 (3.2)

To achieve the optimized model parameters, we first applied a Monte-Carlo method
to find the best range of model parameters and then used a standard gradient-based
automatic optimization method that Lagarias et al. (1998) implemented in MATLAB
software package (“fmincon” function; MATLAB R2016b, The MathWorks, Inc., Nat-
ick, Massachusetts, United States).
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3.3 Regionalization methods

From the PUB review report of Hrachowitz et al. (2013), regionalization is instrumen-
tal for assessing and predicting the hydrological response in ungauged catchments
although it is mostly coupled with hydrological models (e.g. Razavi and Coulibaly,
2013; Athira et al., 2015). Regionalization in hydrology is defined as methods that
allow for the transfer of hydrological information from gauged (donor) to ungauged
(target) location in recent years (e.g. Oudin et al., 2008; Razavi and Coulibaly, 2013;
Rojas-Serna et al., 2016), and it was developed from the definition of ‘Extending
records in space’ by Riggs (1973). According to the classification by He et al. (2011),
the regionalization methods applied in this study (see Table 3.1) are regionalization
of the model parameters, including regression-based methods and distance-based ap-
proaches between gauged and ungauged sites.

In distance-based approaches (spatial proximity and physical similarity), the model
parameter (set) is directly transferred from the donor to the target catchment. In (two-
step) regression approaches, regression equations are transferred to the target catch-
ment, which are estimated by regression methods between the calibrated parameters
of the hydrological model (dependent variables) and the catchment descriptors (inde-
pendent variables) in gauged catchments.

3.3.1 Spatial proximity

Spatial proximity is one of the distance-based regionalization approaches, assuming
that geographically close basins behave similarly and that the hydrological response
may vary gradually and smoothly in space (e.g. Merz and Blöschl, 2004). Therefore,
the geographical distance is considered as a reasonable indicator to find the gauged
(donor) catchments for the ungauged (target) catchment, Equation 3.3 gives the dis-
tance calculation formula.

Dtd =
√
(xt − xd)2 + (yt − yd)2 (3.3)

where xt, xd and yt, yd represent the target and donor catchment positions under the
Universal Transverse Mercator(UTM) coordinate system, respectively, and Dtd is the
distance between them. The target catchment is denoted by subscript t, and the donor
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Table 3.1: Summary table of the regionalization methods applied in this study.

Regionalization
methods

Abbrevia-
tion

Donor
catch-
ments

Average
option

Average Weight
approach

Spatial SP-par multiple parameter arithmetic mean
proximity SP-out multiple output arithmetic mean

Physical Phy-par multiple parameter arithmetic mean
similarity Phy-out multiple output arithmetic mean

SP-N1 single / /
Spatial SP-AVE multiple output arithmetic mean

proximity SP-IDW multiple output inverse distance
weight

Phy-N1 single / /
Spatial Phy-AVE multiple output arithmetic mean

proximity Phy-ISW multiple output inverse similarity
weight

Stepwise Regression Reg-step multiple / /

Principle
Component
Regression

PCR multiple / /

Combination of SP-ISW multiple output inverse similarity
weight

spatial proximity Phy-IDW multiple output inverse distance
weight

and physical Inte-AVE multiple output arithmetic mean

similarity methods Comb-
ISW multiple output inverse similarity

weight
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catchment is denoted by subscript d. The donor catchment with a smaller value of
Dtd is assumed to behave more similarly to the target basin from a hydrological stand-
point, although the value of Dtd could vary from 0 to +∞.

Regarding the findings from previous studies, using more than one donor catch-
ment has a higher chance of obtaining better performance for runoff prediction in
ungauged basin (e.g. Oudin et al., 2008; Kjeldsen et al., 2014). As a result, the runoff
simulation in the target basin could differ from the ways the information is used.
First, what type of information will be transferred to the ungauged basin? Oudin
et al. (2008) proposed two options: the parameter averaging option and the output
averaging option. For the parameter averaging option, the model parameters from
the donor catchments are first averaged and then used to run the model for the target
catchment. For the output averaging option, the model is first run using the pa-
rameters from the donor catchments on the target catchment and the outputs from
the model are then averaged. Second, how will the borrowed information from the
gauged basin be used in the ungauged basins ? Averaging is the most common an-
swer to this question, although the weight methods could affect the averaging result.
For instance, using higher weight for more similar donor catchments (such as the in-
verse distance weight IDW) or the same weight (the arithmetic mean) for all the donor
catchments may lead to different runoff simulations for the ungauged basin. In this
study, we evaluated the simulations by both averaging options and various weighting
methods.

3.3.2 Physical similarity

Physical similarity is another frequently used distance-based regionalization approach,
because similar catchment descriptions in space are causatively linked to similar hy-
drological behavior (Gottschalk, 1985). Therefore, the similarity based on the catch-
ment descriptions (e.g. the physiographic and climatic attributes) is applied to find
the donor catchments for the ungauged target catchment for physical similarity meth-
ods (e.g. Oudin et al., 2010; Li and Zhang, 2017; Burn and Boorman, 1993). The sim-
ilarity calculation formula in Burn and Boorman (1993) is followed in this study (see
Equation 3.4).

Std =
k

∑
i=1

|CDd,i − CDt,i|
∆CDi

(3.4)
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where CD is the catchment descriptor, d denotes the donor catchment, t denotes the
target catchment, k is the total number of catchment descriptors and ∆CDi is the range
of ith catchment descriptors. Similar to the distance formula in the spatial proximity
method, the donor catchment with a smaller value of CD is assumed to behave more
similarly to the target basin and the value of Std varies within (0, +∞).

Multiple donor catchments work better than one donor catchment for physical sim-
ilarity (e.g. Oudin et al., 2008; Kjeldsen et al., 2014). Thus, the evaluations considering
the parameter averaging option and the output averaging option also proceed for
physical similarity methods, as well as the weighting methods (IDW and arithmetic
mean).

3.3.3 Regression methods

Regression methods in hydrological regionalization are used to transfer the relation-
ship functions between the calibrated model parameters and the catchment descrip-
tors to the target basin, and these functions are estimated in the gauged donor catch-
ments. The basis of the regression method are that a well-behaved relationship exists
between the observable catchment characteristics, and then, the model parameters
and catchment descriptors used in the regression provide information relevant to the
hydrological behavior at the ungauged sites (e.g. Merz et al., 2006). The way to apply
the established relationship to obtain the model parameters in the target ungauged
basin is the same for all the regression methods, although how to establish the rela-
tionship varies between studies (e.g. Timilsena et al., 2007). In this study, we estimated
the relationship by a) stepwise regression and b) principal component regression.

The stepwise regression is a method of fitting the regression models by automati-
cally selecting the explanatory variables (catchment descriptors in our case). In each
step of the process, a catchment descriptor is considered for addition to or subtraction
from the set of catchment descriptors based on some prespecified criterion (Bayesian
information criterion BIC in this study). The catchment descriptor will be added if the
significant improvement of the fit is higher than the significance level 0.05 and sub-
tracted if the insignificant deterioration of the model fit is higher than the significance
level 0.1.

Principal component regression (PCR) is a regression analysis technique that is
based on principal component analysis (PCA). PCA is a statistical procedure that
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uses orthogonal transformations to convert a set of observations of possibly correlated
variables into a set of linearly uncorrelated variables (called principal components).
In general, the number of principal components is less than or equal to the number of
original variables. Then, the normal multiple regression method is applied to estimate
the relationship between the model parameters and yield the principal components
in the gauged donor catchments.

3.3.4 Combination methods

Aiming to improve the performance of PUB, some combination methods were pro-
posed by including both the spatial location and physical attribute information (e.g.
Zhang and Chiew, 2009; Samuel et al., 2011). Zhang and Chiew (2009) considered the
geophysical distance as an additional and normal catchment attribute as two catch-
ment descriptors (mean woody vegetation fraction and aridity index) and, then used
the same process as the physical similarity methods to search the donor gauged catch-
ments. The geophysical distance is used as the weighting information by Samuel et al.
(2011), and the donor basins are determined by the physical similarity index. In this
study, we used the two aforementioned combination methods and proposed two other
new combination methods. First, similar to the method from Zhang and Chiew (2009),
we included the geophysical distance as a normal catchment attribute, although the
inverse physical similarity distance is used as the weight coefficients rather than the
same weight between the selected donor catchments. Second, the donor catchments
are determined according to the smaller geophysical distance. Then, the inverse phys-
ical similarity distance is applied as the weight coefficients to average the output sim-
ulations for the target basin.

3.4 Regionalization performance assessment

The regionalization performance is estimated by a leave-one-out cross-validation scheme
(LOOCV), a particular case of leave-p-out cross-validation with p = 1. In this scheme,
every observation is applied as the validation set and the remaining observations as
the raining set, and it is repeated on all ways to cut the original sample on a val-
idation set of one observation and a training set (Celisse, 2014). LOOCV has been
widely applied in regionalization studies (e.g. Laaha and Blöschl, 2006; Leclerc and
Ouarda, 2007; Parajka et al., 2005), and the observation in the LOOCV scheme stands
for the observed discharge or runoff time series in regionalization research. In detail,
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the first step is to apply the regionalization method to a catchment of interest (tar-
get catchment) based on the information from the remaining basins (potential donor
pool). The second step is to evaluate the simulation performance in the target catch-
ment by comparing the simulation with the observed streamflow. To obtain a general
conclusion about the suitability of regionalization methods, the above process should
be repeated across all the tested catchments (e.g. Jaafar et al., 2011; Salinas et al., 2013).

3.5 Transferability evaluation of regionalization meth-
ods

Transferability measures the performance change in the regionalization methods from
the calibration (control) period to the future period in this study, similar to most
climatic impact studies (e.g. Krysanova et al., 2018; Gelfan et al., 2016). Thus, the
smaller performance change means more robust and higher transferability under non-
stationary climate. The performance estimation for the regionalization methods in
each time period still applies the LOOCV. However, the performance assessment of
the regionalization methods in the future is not practical, since there is no observed
streamflow data to be the evaluation reference. As a result, we applied a so-called
reference simulation in Paper II, which represents a typical approach for assessing
climate change impacts on runoff in hydrology (e.g. Chiew et al., 2009; Niemann and
Eltahir, 2005; Zheng et al., 2009). This reference simulation is yielded from the model
simulation applying the calibrated model parameter set, which is driven by the bias-
corrected climate data for both the past and future periods. The assumption of this
scheme is that the hydrological models calibrated for the historical period are also
valid for use in the future period with possibly different climate conditions (Vaze
et al., 2010).

3.6 Analysis of uncertainty contribution to future runoff
predictions

The uncertainty of future runoff predictions in ungauged basins, is measured here by
variance, this study tries to quantify the contributions stemming from climate mod-
els, regionalization methods and their interaction term. As various projections and
regionalization methods are applied in this process, there will be a group of values
obtained for the runoff prediction in one catchment. Following the methods described
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in Déqué et al. (2007), the future PUB in this study is Rij, where i varies within 1-5
according to the climatic projections from five climatic models (CM) and j differs from
five regionalization methods (REGN). Then, the variance V can be determined based
on Equation 3.5, where the interaction indicates the interaction term between CM and
REGN. Including the interaction term generalizes the evaluation to the case that the
variance is not the sum of the individual parts (Déqué et al., 2007). From the statistical
aspect, the interaction effect occurs when a factor depends on the second factor. The
equations for variance calculation are presented in Equation 3.6, to 3.8. This method
has been applied and validated in climate change studies (e.g Kay et al., 2008; Déqué
et al., 2011; Chen et al., 2019).

Vtotal = VCM + VREGN + Vinteraction (3.5)

VCM =
1
5

5

∑
i=1

(Q̄i. − Q̄)2 (3.6)

VREGN =
1
5

5

∑
i=1

(Q̄.j − Q̄)2 (3.7)

Vinteraction =
1
5
∗ 1

5

5

∑
i=1

5

∑
j=1

(
Qij − Q̄i. − Q̄.j + Q̄

)2 (3.8)

where Qij is the streamflow simulation forcing by the projection data from the
ithclimate model, and applying the jth regionalization method. Q̄ denotes for the
average value over all the simulation samples and Q̄i. and Q̄.j indicate the average
streamflow with respect to the ithclimate model and the jth regionalization method,
respectively.
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3.7 Mathematical evaluation criteria

Applying mathematical criteria is often considered an objective and quantitative way
to evaluate a certain aspect of the set of analyzed values (Jachner et al., 2007), and cri-
teria are deliberately selected with consideration of the purposes (Crochemore et al.,
2015). In this study, several different criteria are applied to measure the performance
regarding how much the simulated runoff differs from the observed runoff for both
the model performance assessment and the performance evaluation between the re-
gionalization methods. The first criterion is percent bias (Equation 3.9), which shows
the performance of the overall water balance and ranges from −∞ to −∞ where 0
indicates the perfect performance. Then, three different formats of the Nash-Sutcliffe
efficiency (see Equations 3.10 to 3.12) are used to show the performance of the hydro-
graph simulation, all of which vary from −∞ to 1 (the optimal value). The evaluation
by the NSE put more emphasis on high flow, while NSElog is more sensitive to low
flow and NSEsqrt is more focused on the general simulation (Seiller et al., 2012; Huang
et al., 2016). In these Equations, Qsim,i and Qobs,i are the simulated and observed dis-
charge at the ith time step, respectively, and n is the number of total time steps.

Pbias = 100 ∗ Q̄sim − Q̄obs

Q̄obs
(3.9)

NSE = 1− ∑n
i=1(Qobs,i −Qsim,i)

2

∑n
i=1(Qobs,i − Q̄obs)2 (3.10)

NSElog = 1− ∑n
i=1(log(Qobs,i)− log(Qsim,i))

2

∑n
i=1(log(Qobs,i)− log(Q̄obs))2 (3.11)

NSEsqrt = 1− ∑n
i=1(sqrt(Qobs,i)− sqrt(Qsim,i))

2

∑n
i=1(sqrt(Qobs,i)− sqrt(Q̄obs))2 (3.12)
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Chapter 4

Findings

4.1 Paper I: Runoff prediction in ungauged catchments
in Norway: comparison of regionalization approaches

To provide insights into the regionalization performance for a high-latitude, sea-
sonally snow-covered mountainous region, a comprehensive comparison is carried
out for 16 types of regionalization methods in Paper I. The investigated regionaliza-
tion methods include distance-based methods (spatial proximity, physical similarity,
and their combinations), regression-based methods and spatial interpolation method-
kriging, with various weighting approaches. Additionally, the study tested the hy-
pothesis that the regionalization methods could perform better if the basins were
clustered into similar climatic groups. The main findings are as follows:

(1) The regionalized simulation for the distance-based methods differs from the
number of donor catchments, and the output averaging option outperformed the
parameter option (see Figure 3 in Paper I). This finding is in line with some pre-
vious studies (e.g. Oudin et al., 2008; Bao et al., 2012; Arsenault and Brissette, 2014).
The worse performance in the parameter option, regardless of the applied weighting
methods (see Figure 4 in Paper I), is caused by linearly transferring the interpolated
individual parameter values for the ‘non-linear interacting’ model parameters (Bár-
dossy, 2006). Therefore, applying the parameter set rather than the individual value
is recommended for regionalization applications (Parajka et al., 2005; Poissant et al.,
2017).

(2) One of the combination methods yields slightly better performance in PUB than
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distance-based regionalization methods and kriging, but a clearly better performance
than the regression methods (See Figure 5 in Paper I). This result partly supports the
conclusion that combining methods is a way to improve the performance in PUB (e.g.
Zhang and Chiew, 2009; Heng and Suetsugi, 2014), although this finding still depends
on the combination approaches. For instance, SP-ISW presents similar performance
as Phy-AVE in this study. The worst performance for regression methods supposedly
results from the limitation that not all the functions between the hydrological model
parameters and catchment descriptors follow a linear assumption (Blöschl and Zehe,
2005).

(3) Reducing the heterogeneity of the tested catchments could not improve the
regionalization performance for distance-based methods, but did work for regression
methods (see Figure 8 in Paper I). The performance did not improve for the distance-
based methods because the classification plays a slight role in updating the donor
catchments, as shown in Figure 7 in Paper I, where the catchments in each group are
still close in space after classification. However, because more representative functions
were built based on the catchments with more similar characteristics in that region,
substantial improvements occurred in the regression approaches.

4.2 Paper II: Transferability of regionalization methods
under changing climates

To answer the question of how large the difference in runoff predictions in the un-
gauged basins will occur in the future from past, Paper II conducted an investigation
on the climate change impact for five frequently used regionalization methods (spa-
tial proximity, physical similarity, and regression methods) coupled with WASMOD,
which was forced by the bias-corrected projections of precipitation and temperature
from five climate models for the period 1976-2005 and 2071-2100 (see Figure 2 in Paper
II). In this paper, the transferability assessment was first estimated for the regionaliza-
tion methods from the past to the future period. Then, the uncertainty contributions
to the annual runoff predictions from 2071-2100 by the regionalization methods, cli-
mate models and their interaction term were analyzed.

(1) The runoff simulations from regionalization methods have a greater difference
in the future than that in the past (see Figure 5 in Paper II). This response pattern
to the climate change impact is similar to that shown for the hydrological models
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(Jiang et al., 2007) and can be explained by the weaker correlation in the period out of
calibration between the model performance and the catchment properties (Petheram
et al., 2012). Furthermore, a positive correlation in the percentage bias (Pbias) of the
simulated runoff is presented between the past and future periods (Figure 8 in Paper
II). Thus, it is thus reasonable to deduce that catchments where the regionalization
method underestimates runoff for the past period will have a larger chance to under-
estimates runoff for the future period.

(2) The Phy-par (physical similarity with the parameter averaging option) approach
shows the smallest performance degradation from the past to the future period, fol-
lowed by the regression and SP-par methods, and the largest drops are found for
SP-out and Phy-out methods (see Figures 7 and 8 and Table 6 in Paper II). This result
indicates that transferring model parameters as a whole set (output option) is more
sensitive to changes in climate, and therefore less robust than the remaining methods
evaluated.

(3) In general, climate models tend to contribute more to the total uncertainty than
the regionalization methods, as well as their interaction term (see Figure 9 in Paper
II). This finding, to some extent, is consistent with the notion that the uncertainty
stemming from the climate models is larger than that from the downscaling methods
and/or hydrological models (e.g Addor et al., 2014; Osuch et al., 2016). Mapping the
uncertainty contributions at each catchment (see Figure 10 in Paper II), a large differ-
ence is presented between basins (see Figure 10 in Paper II), although in general, the
climate models dominated the uncertainty in most coastal regions. Further analysis
indicated that the higher contribution to future prediction uncertainty stemming from
the climate models is related to the precipitation amount and its variability (see Figure
11 in Paper II). However, in regions with small precipitation amounts or precipitation
variability, the uncertainty from the regionalization methods cannot be neglected and
can even be the dominant factor.
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4.3 Paper III: Dependence of regionalization methods on
the complexity of hydrological models in multiple
climate regions

Motivated by evaluating the dependence of regionalization methods on hydrological
models, an investigation was performed in Paper III for five widely used region-
alization methods (spatial proximity, physical similarity, and regression methods),
combined with four frequently used daily hydrological models (GR4J–6 parameters,
WASMOD–8 parameters, HBV–13 parameters, and XAJ–17 parameters). This assess-
ment was performed for 86 catchments in Norway that, belong to three different cli-
matic regions according to the Köppen-Geiger classification (Kottek et al., 2006), and
the data were collected under two sub-periods (1980-1989 and 2006-2015) with dif-
ferent climate conditions. This design would explicitly address how the performance
of the regionalization methods varies between different climate regions (as defined
by the Köppen-Geiger classification), and changes in different climate conditions, i.e.
when the air temperature increases. The following conclusions were deduced accord-
ing to the investigation:

(1) A across all the hydrological models, the output averaging option performed
better than the parameter averaging option, when using multiple donor catchments
in distance-based regionalization methods (see Figure 5 in Paper III). Moreover, the
difference in the performance between the output and parameter averaging options
increases with the number of hydrological model parameters. The increasing perfor-
mance difference between the two options might be because of the stronger influence
by ‘non-linear interaction’ between the model parameters (e.g. Perrin et al., 2003; Pois-
sant et al., 2017), as explained above, and more unreasonable results were yielded by
the parameter averaging option (Bárdossy, 2006). Therefore, especially for hydrolog-
ical models with more parameters, it seems important to use the model parameters
as whole consistent set to achieve optimal performance for runoff simulations in un-
gauged basins.

(2) Although the general performance in PUB is higher if the regionalization meth-
ods are coupled with the XAJ model, the ranking of the regionalization methods is the
same across all four hydrological models (see Figure 6 to 8 in Paper III). Regarding the
visibly better performance by XAJ, we cannot ignore the influence of the selection of
the hydrological models (Bárdossy, 2006). In addition, this result supports the claim
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that there is no incentive to prefer a parsimonious hydrological model in a regionaliza-
tion study rather than a model with adequate complexity (e.g. Arsenault and Brissette,
2014; Poissant et al., 2017). On the other hand, consistent with the finding in Paper I,
the regression method is proved to perform worse than the distance-based methods
by all the hydrological models, and there is no clear difference in the performance be-
tween the spatial proximity and physical similarity methods. This result additionally
supported the suggestion of Oudin et al. (2008), that determining the most appropri-
ate approach between SP-out and Phy-out is difficult when the streaming network
density is lower than 60 stations per 100,000 km2. The worse performance from re-
gression methods might be due to their original limitation in which the relationship
between the model parameters and catchment characteristics is linear and spatially
transferable (e.g. Blöschl and Zehe, 2005; Pagliero et al., 2019).

(3) In three Köppen-Geiger climate regions, the average regionalization perfor-
mance in the oceanic region is the best and the general variance over the regional-
ization performance in the oceanic region is also the smallest (see Figure 9 in Paper
III). This result is in line with the conclusion from (Parajka et al., 2013) that the region
selection influences the regionalization performance in PUB. Furthermore, the result
indicates that the uncertainty in the selection of regionalization methods is larger in
cold and dry regions than that in warm and wet regions.
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Chapter 5

Conclusions and outlook

In this thesis, the performance of various regionalization methods coupled with differ-
ent hydrological models is investigated under stationary and non-stationary climate
conditions, over different climatic regions. For the evaluation of (a) the performance
with and without climatic classification; (b) the transferability of regionalization meth-
ods under changing climate; and (c) the dependence of regionalization methods on
hydrological models and climatic regions, diverse findings were obtained. The three
research questions from the introduction may be answered as follows.

(1) What is the best-performing regionalization method in a high-latitude, season-
ally snow-covered mountainous region?

One of the combination methods provided the best performance for PUB over 16
kinds of regionalization methods, but only slightly better than the distance-based
regionalization methods (Paper I). If narrowing the evaluation range to the most fre-
quently used regionalization methods, the distance-based regionalization methods
(with output averaging option and multiple donor basins) outperformed the regres-
sion methods, which was valid across all the tested hydrological models and climatic
regions (Paper III). However, the performance of the regression method in PUB could
be improved by classifying catchments into relatively homogeneous climatic groups,
which is different from the distance-based methods (Paper I).

(2) How large is the difference in runoff predictions in ungauged basins between
the past and future period?

According to the evaluation of the periods 1976-2005 and 2071-2100 with forcing by
the bias-corrected projection data from climate models, the responses from five region-
alization methods are investigated and coupled with WASMOD to show the transfer-
ability (Paper II). First, the match between the simulations from all the regionalization
methods and the reference declined from the past to the future period, and the differ-
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ence between the regionalized simulations tends to increase in the future compared
to that of the past period. The performance in the future is positively correlated with
the performance in the past period. Second, for the climate change impact, the physi-
cal similarity method with the parameters averaged from multiple donor catchments
(Phy-par) performs robustly and has the best performance in both periods, whereas
the distance-based methods with output averaging option (SP-out and Phy-out) are
more sensitive to climate change impacts. Finally, for future runoff predictions, the
main source of uncertainty depends on the catchment attributes. The climate mod-
els contribute the most to the total uncertainty for basins with high amounts of and
variable precipitation, whereas the regionalization methods might dominate the un-
certainty in catchments with lower amounts of and variable precipitation.

(3) How do hydrological models and climate regions influence regionalization per-
formance?

According to the regionalization performance over four hydrological models, XAJ
presents visibly better results than the others, and we conclude that the model se-
lection could somehow affect the PUB performance. However, the model selection
seems independent of the ranking of the regionalization methods as shown by the
same ranking across all the hydrological models. On the other hand, in three dif-
ferent Köppen-Geiger climate regions, the oceanic climatic region provided the best
performance and smallest variance over the regionalization methods and hydrolog-
ical models. The ranking of the regionalization methods is consistent over all the
climatic groups. Finally, an interesting finding is that the difference in performance
between the output and parameter averaging options is not stable, but increases with
the number of parameters for hydrological models.

Throughout the study, evaluations on all the model-dependent regionalization
methods have been carried out, and they considered climate change impacts in catch-
ments with diverse characteristics in Norway. The findings in this thesis provide in-
sights into the choice of regionalization methods and the dependence between the hy-
drological models and regionalization methods in cold and seasonally snow-covered
regions. Furthermore, the transferability under changing climate conditions helps to
illustrate the different responses between regionalization methods and the uncertainty
contribution from the regionalization methods to future runoff predictions. All these
findings and results provide valuable information for runoff predictions in ungauged
basins in Norway, as well as the regions with similar climate and geographical char-
acteristics.

Overall, the results in the present study, as well as those in recent studies on re-
gionalization performance, suggest a valuable area for further research. Conclusions
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on the preferred regionalization methods are not consistent between studies, because
of the diverse use of hydrological models in various study regions. In addition, few
studies have included more than three hydrological models or various climatic or
geographical regions to illustrate the influence on the regionalization performance.
Moreover, few studies have considered the climate change impact for future runoff
prediction in ungauged basins. The results of this study indicate that regionalization
methods might dominate the contribution to uncertainty in catchments with lower
amounts of and variable in precipitation.

Although this study produced some solid conclusions that were not previously
reported, there are some limitations in the current study. Further investigation and
improvement of this study may include the following:

(1) Model-independent regionalization methods could be included to explore the
performance preference in different regions and then analyze the relationship between
the regional characteristics and regionalization preference. Increasing the diversity of
regional characteristics is also an important direction to identify regionally optimal
regionalization methods.

(2) This study was conducted based on a climate data projection from five climate
models under RCP8.5; however,the responses of the regionalization methods to the
changing climate under RCP 2.5, 4.5 are still unknown, and the relationship between
the transferability and RCP circumstances, as well as monthly uncertainty analysis
are worthy of investigation.

(3) This study found that all regionalization methods do not produce good simu-
lations for low flow relative to the general hydrograph fit and water balance. Thus,
further close attention should be paid to improve the simulation for low flows. More-
over, coupling regionalization methods with distributed hydrological models also rep-
resents a promising line of research.
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A B S T R A C T

Regionalization methods have been extensively discussed as the solution for runoff predictions in ungauged
basins (PUB), especially during the PUB decade (2003–2012). At the same time, research topics relevant to
climate change appear to be an essential and attractive field for hydrologists in recent decades, because the
availability and quality of water resources are strongly affected by climate change. However, it is still unknown
whether regionalization methods can be used to predict hydrological impacts of climate change for ungauged
catchments or how much uncertainty of future predictions may result from the use of regionalization methods.
Therefore, in this study, we investigate the transferability of regionalization methods (i.e. spatial proximity and
physical similarity methods, regression method) under changing climate conditions and compare the uncertainty
resulting from regionalization methods with that from using climate models. The investigation is based on 108
catchments in Norway, with large variability in climate conditions and geographic characteristics. The study
applies a lumped conceptual rainfall-runoff model (WASMOD) with simple structure and six model parameters.
Our result shows that (a) the differences in the predictions by the regionalization methods tend to increase in the
future, (b) the physical similarity method with parameter option (i.e. the model parameters from the physically-
similar donor catchments are first averaged and then used to run the model for the target catchment) shows
higher transferability than other methods, (c) the uncertainty contributions from climate models and re-
gionalization methods to future runoff prediction are basin dependent, and (d) the uncertainty of future runoff
prediction due to regionalization methods can be higher than that from climate models in low precipitation
areas. This study provides insight to the choice of regionalization methods under changing climate conditions
and the role of regionalization methods to the uncertainty contributions in future runoff predictions.

1. Introduction

From economic, social and environmental perspectives, runoff
predictions have significant influence on the engineering design and
sustainable water management. Using hydrological models is the most
popular solution to this problem by hydrologists and water managers.
For runoff prediction of gauged basins, the models are typically cali-
brated to get the optimized parameter set by comparing the simulated
result with the observed runoff, and then, applying the optimised model
parameter set to predict the runoff for the future period. If the catch-
ments lack observed runoff data, i.e. ungauged basins, hydrological
models cannot be calibrated anymore and the model parameters are
unknown (He et al., 2011; Oudin et al., 2010). Since the majority of
basins worldwide are effectively ungauged, predictions in such basins
become an interesting but challenging topic for hydrologists (e.g. Merz
and Blöschl, 2004; Oudin et al., 2008; Parajka et al., 2007; Sivapalan
et al., 2003; Xu, 2003; Young, 2006; Brugan and Aksoy, 2018). Taking

these problems into consideration, the International Association of
Hydrological Sciences (IAHS) was motivated to establish a “Decade on
Predictions in Ungauged Basins (PUB): 2003–2012”, which was aiming
to improve hydrological predictions in ungauged basins.

During the PUB Decade, many new methods were developed for
runoff predictions in ungauged basins (e.g. Xu, 2003; Merz and Blöschl,
2004; Young, 2006; Parajka et al., 2007; Yang et al., 2018a). According
to the review report from IAHS after the PUB decade, the most common
method to solve the PUB problem is the use of so-called regionalization
methods (Hrachowitz et al., 2013). Researchers applied and compared
regionalization methods in different regions using different models. The
conclusions about which approach performed best differ between the
studies and depend on, among other factors, the study area and model
choice (e.g. He et al., 2011; Oudin et al., 2008; Parajka et al., 2005;
Razavi and Coulibaly, 2013; Reichl et al., 2009; Salinas et al., 2013;
Samuel et al., 2011; Viglione et al., 2013). For example, Parajka et al.
(2005) used the semi-distributed HBV (Hydrologiska Byråns
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Vattenbalansavdelning) model in Austria and showed that the physical
similarity method produced better results than regression and spatial
proximity methods. Oudin et al. (2008) used 913 catchments in France
and concluded that spatial proximity yielded the highest accuracy,
followed by physical similarity, and then regression methods. Applying
regionalization methods in high latitude regions, Yang et al. (2018a)
reported that the physical similarity methods perform best followed by
spatial proximity methods and regression methods produce the worst
simulations based on more than 100 catchments in Norway. The poorer
performance of the regression methods in these studies may relate to
the assumption of a linear relationship between catchment descriptors
and model parameters, which might not be valid in their cases. How-
ever, Young (2006), using 260 catchments from the UK, concluded that
the regression method performed better than the proximity method
based on a single physiographically nearest donor catchment. All these
studies show different outcomes and there is no consistent conclusion
about which regionalization method performs best. To address this
problem, Parajka et al. (2013) made a second comparison of re-
gionalization methods based on 34 studies reported in the literature
involving 3874 catchments. Their statistical result shows that spatial
proximity and physical similarity methods overall perform better than
the regression method.

Studies evaluating regionalization methods have so far been using
data for periods too short to show a pronounced influence by global
warming. However, climate conditions are changing or are becoming
non-stationary (IPCC, 2014), and under non-stationary climate condi-
tions, the reliability of transferring the conclusions or patterns needs to
be investigated (e.g. Broderick et al., 2016; Li et al., 2012). The

simulation of hydrological consequences to climate change has received
increasing attention from the hydrology communities, which usually
consists of three related fields, i.e. (a) use general circulation models
(GCMs) to provide future global climate scenarios, (b) use downscaling
techniques (both nested regional climate models, and statistical
methods) for “downscaling” the GCM output to the scales compatible
with hydrological models, and (c) use hydrological models to simulate
the effects of climate change on hydrological regimes at various scales.
Progress and uncertainty involved in each field has been evaluated and
reported extensively in the literature (e.g. Broderick et al., 2016; Chen
et al., 2011; Etter et al., 2017; Xu, 1999a; Xu et al., 2005). To the future
runoff prediction in ungauged catchments, regionalization methods are
almost equally essential as hydrological models, global/regional cli-
mate models and statistical downscaling methods. However, the
transferability of regionalization methods under climate change has not
achieved similar attention. We are unaware of any studies that has
evaluated how well different regionalization methods perform under
different climate conditions, which motivates our study.

Therefore, the main objectives of this study are to (a) evaluate the
transferability of regionalization methods for climate change impact
assessments and, (b) compare the uncertainty contribution in the runoff
predictions stemming from the choice of regionalization methods and
the choice of climate models. To fulfil those study aims, we focus on the
following specific research questions: (i) How much will the runoff
projections for the future period differ from the past period by re-
gionalization methods? (ii) Will the regionalization method that per-
formed best for the past period also show the best performance for the
future period? (iii) How much uncertainty stems from the

Fig. 1. Overview of the 108 catchments used in this study: (a) average catchment elevation above sea level, (b) yearly average precipitation; (c) yearly average
temperature; (d) seasonal variations in precipitation; (e) seasonal variations in temperature. The climate characteristics are computed using data for the period from
1976 to 2005.
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regionalization methods when projecting runoff for the future period
compared to other factors, such as the uncertainty given by the climate
models? To answer the research questions stated above, we assessed the
transferability of five commonly used regionalization methods using a
lumped conceptual hydrological model, forcing by bias-corrected data
from five climate models during past period (1976–2005) and future
period (2071–2100). For comparing the uncertainty contributions given
by the climate models and regionalization methods, the regionalized
runoff predictions during 2071–2100 are analysed for 108 evenly dis-
tributed catchments throughout Norway.

2. Study area and data

2.1. Study area

This study was conducted using data for 108 independent (i.e. not
nested) and evenly distributed catchments in Norway, one of Europe's
most mountainous countries located on the Scandinavian Peninsula.
Due to the mountainous terrain and large latitudinal extension
(Vormoor et al., 2016), the variation in mean elevation of the catch-
ments is large (80–1500m) (see Fig. 1a) and the hydro-climatological
conditions differ much (see Fig. 1b to e). High pressure systems and
extratropical cyclones dominate precipitation patterns, along with
orographic lifting. Variations in latitude and altitude determine tem-
perature patterns in the study region. The average annual precipitation
over the 108 catchments is approximately 1950mm, with a strong
decrease from coastal to interior areas (see Fig. 1b). Three example
catchments, which are marked on Fig. 1b and 1c by black circles, are
selected to show the typical seasonal climate conditions for their re-
gions. The south-western catchment located close to the coast shows
much higher precipitation amounts, in particular from September to
May, than the northern and south-eastern basins (see Fig. 1d). For air
temperature, the largest difference between the catchments occurs in
the period from October to March. In this period, the catchment located
in the south-eastern inland region shows the lowest temperature, even
lower than the northern basin located close to the coast. In summary,
the climate in coastal area is wetter and maritime and changes to drier
conditions in the interior regions.

2.2. Data

2.2.1. Observed hydrological and meteorological data
The precipitation and temperature data for each catchment was

acquired from grid dataset with a resolution of 1 km retrieved from the
SeNorge dataset by the Norwegian Meteorological Institute (Tveito
et al., 2005; Mohr, 2009; Jansson et al., 2007). The discharge data are
selected from the hydrometric observation network of the Norwegian
Water Resources and Energy Directorate (NVE).

Catchment descriptors are applied to quantify the catchment simi-
larity index in physical similarity methods or build the relationship
with model parameters for regression methods in this study. The
catchment descriptors used in this study are similar as those presented
in Yang et al. (2018a). Table 1 shows a selection of indices from terrain
characteristics and land use.

2.2.2. Climate model data
Typically, bias-corrected climate model data are used for impact

studies (Hewitson et al., 2014). The importance of using bias-corrected
data for hydrological modelling studies has been described in the spe-
cial report of the IPCC (Seneviratne et al., 2012). The main reason for
using bias-corrected data is that the raw simulation data from climate
models often contain large systematic errors, which are much reduced
by the bias-correction step (e.g. Teutschbein and Seibert, 2010, 2013).

In this study, the data we used for each catchment is from bias-
corrected and downscaled climate model data with a spatial resolution
of 1 km available for the periods 1976–2005 and 2071–2100. For the

hydrological model simulations, we use monthly precipitation and
temperature data. Detailed information about the datasets as well as the
downscaling and bias-correction procedures is available in the report
“Climate in Norway 2100” (Hanssen-Bauer et al., 2017). In this study,
we use data from (a) five global climate models (see Table 2), (b) one
regional climate model RCA4 (Kupiainen et al., 2014), and (c) one re-
presentative concentration pathway - RCP 8.5.

Fig. 2 shows a comparison between the bias-corrected climate
model data and the SeNorge dataset (see Section 2.2.1). For the past
period, the bias-corrected climate model results agree well with the
observations, and there is almost no difference between the climate
models and the observations for both precipitation and temperature due
to the bias-correction step. For the future period, on the other hand, the
data from climate models differ more between each other. The median
increase in air temperature is approximately 5 °C and precipitation in-
creases with approximately 21% from the past to the future period.

As climate affects the basic components of hydrologic cycle such as
soil moisture, evaporation and atmospheric water content (Gleick,
1986; Jiang et al., 2007; Yang et al., 2018b), the climate characteristics
are often included in regionalization methods (e.g. He et al., 2011;
Oudin et al., 2008). The climate indices applied are the same as those
presented in Yang et al. (2018a) except that they are calculated from
bias-corrected climate model data used in this study. Table 2 sum-
marised the climate indices calculated from 108 catchments for all five
climate models for both past and future periods.

3. Methods

3.1. Hydrological model

3.1.1. Model description
Conceptual rainfall-runoff models are commonly used for research

on regionalization methods (e.g. He et al., 2011; Oudin et al., 2008;
Parajka et al., 2005; Reichl et al., 2009; Samuel et al., 2011). However,
models with higher complexity and more parameters will likely be
more influenced by over-parameterization and equifinality problems
(e.g. Li et al., 2009; Merz and Blöschl, 2004; Schoups et al., 2008;
Seibert, 1999; Wagener et al., 2007), and the results might therefore
lose generality. Thus, a model with few parameters that are physically
relevant and statistically independent should be an advantage (Yang
et al., 2018a). Considering these criteria, we selected a lumped con-
ceptual rainfall-runoff model called WASMOD (Water And Snow bal-
ance MODeling system). Presented by Xu et al. (1996) and Xu (2002),
WASMOD only has six parameters in total including the snow module
and the model parameters are validated to be typically independent and
statistically significant after calibration (Xu, 2001, 2003). The model
equations are shown in Table 3. Because of the simple structure and few
model parameters, the model has been used and validated in many
different climate regions in the world (e.g. Li et al., 2015, 2013; Widén-
Nilsson et al., 2007; Xu and Halldin, 1997; Xu and Singh, 2002). Ad-
ditionally, the model has also been applied in different regionalization

Table 1
Catchment descriptors for the 108 watersheds used in this study.

Mean Median Maximum Minimum

Area (km2) 301 137 5620 2.84

Terrain characteristics
Mean slope (°) 10.60 9.00 26.00 2.00
Mean elevation (m) 680 621 1472 83

Land use
Urban (%) 0.42 0.00 8.01 0.00
Agriculture (%) 3.92 0.90 57.56 0.00
Forest (%) 85.01 88.78 100.00 34.80
Wetland (%) 7.17 2.28 41.58 00
Waterbody (%) 3.48 2.55 15.05 0.00
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studies (Xu, 1999b; Xu, 2003; Muller-Wohlfeil et al., 2003; Yang et al.,
2018a) and climate change studies (Xu, 1999c; Li et al., 2015).

Table 4 shows the parameter ranges used for the calibration of
WASMOD. The parameters a1 and a2 are two temperature threshold
parameters used in snow routine. Parameter a3 is used for the compu-
tation of potential evapotranspiration. Parameter a4 determines the
value of actual evapotranspiration, which is related to potential eva-
potranspiration and available water. Parameters a5 and a6 influence the
generation of streamflow, where a5 influences base flow and a6 the fast
flow. The base flow parameter should be higher in forested areas than
in open areas or sandy soil, and the fast flow parameter should increase
with the degree of urbanization, average basin slope, and drainage
density (Xu, 2002).

3.1.2. Model calibration and evaluation
As most of the model parameters cannot be directly determined

from field measurement, model calibration is an essential process for
parameter estimation by optimising an objective function. A traditional
split-sample test was conducted for model evaluation, aiming to test the
model validity in different periods (Coron et al., 2012; Wang et al.,
2017) In our study, we divided the observation period from 1976 to
2005 into two distinct periods: 1976–1990 and 1991–2005. Both per-
iods are used for calibration and validation in turn. For the period of
1976–1990, the yearly mean precipitation is approximately 1885mm
and the yearly mean air temperature is 0.94 °C. Precipitation equals
approximately 2000mm and temperature is 1.94 °C in the period
1991–2005. Thus, temperature has increased by approximately 1 °C and
precipitation has increased by about 6% from the first to the second
period.

In this study, the model parameters are optimised to maximise the
NSE-bias objective function (Viney et al., 2009), which is a weighted
combination of Nash and Sutcliffe efficiency (Nash and Sutcliffe, 1970)
and a logarithmic function of bias given by:

= +F NSE 5 |ln(1 Pbias)|2.5 (1)

where Pbias is the bias and NSE denotes the Nash–Sutcliffe efficiency,
which are shown in Eqs. (2) and (3), respectively. Eq. (1) can effectively
maximise NSE while at the same time minimize the bias (Vaze et al.,
2010).

=Pbias 100 Q¯ Q ¯
Q ¯

sim reference

reference (2)

where Qreference represents the observed runoff and Qsim represents the
simulated runoff.

=NSE 1
(Q Q )

(Q Q ¯ )
sim reference

2

reference reference
2 (3)

NSE ranges between −∞ and 1.0, where a value equals to one
indicates a perfect model fit, and values smaller than zero indicate that
the mean observed value is a better predictor than the simulated value.

For model calibration, we first used a Monte-Carlo method to find
the best range of model parameters and then used a local search algo-
rithm (Lagarias et al., 1998) to refine the result. For the Monte-Carlo
step, we used 10,000 sets of parameters randomly sampled according to
the ranges defined in Table 4. For model evaluation, we applied NSE
and Pbias as criteria, since they can assess the simulation from different
aspects. Following Moriasi et al. (2007), we classify model performance
into four categories using the limits shown in Table 5.

3.2. Description of regionalization methods

Information from gauged basin, so-called donor catchments, are
often used for predicting runoff in ungauged basins (Kleeberg, 1992;
Blöschl and Sivapalan, 1995; Petroselli et al., 2018). Regionalization
methods can help to select the best donor catchments for one particular
ungauged target catchment. The regionalization methods evaluated inTa
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this study include: (a) spatial proximity method based on geographical
distance; (b) physical similarity method based on catchment char-
acteristics similarity; and (c) Principal Component Regression (PCR)
method.

Spatial proximity and physical similarity methods are regarded as

distance-based regionalization methods by He et al. (2011) for trans-
ferring parameter information from donor to target catchments. In a
previous study, three donor catchments produced the best performance
of the distance-based regionalization methods for our study area (Yang
et al., 2018a). We therefore use the same number of donor catchments
in this study. Additionally, we applied two different approaches for
using the regionalized model parameters in the hydrological model: the
so-called parameter option and output option (Oudin et al., 2008; Yang
et al., 2018a). For parameter option approach, the model parameters
from the donor catchments are first averaged and then used to run the
model for the target catchment. While, in the output option, the model
is first run using the parameters from the donor catchments on the
target catchment and the outputs from the model are then averaged. In
total, four distance-based methods are applied in this study: (a) the
spatial proximity method with parameter option (SP-par); (b) the spa-
tial proximity method with output option (SP-out); (c) the physical si-
milarity method with parameter option (Phy-par); and (d) the physical
similarity method with output option (Phy-out).

Unlike the distance-based regionalization methods, for the regres-
sion methods the regression equations are transferred to target catch-
ment. These equations are established by regression methods between
the calibrated parameters of the hydrological model (dependent vari-
ables) and catchment descriptors (independent variables) in gauged

Fig. 2. Precipitation and temperature comparison over 108 catchments. The SeNorge dataset is denoted by black, the climate data for the past period by blue, and for
the future period by red color. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 3
Principal equations of the WASMOD.

Variables Equations

Snowfall (mm/month) = +S P exp T a a a{1 [ ( )/( )] }t t a 1 1 2 2

Rainfall (mm/month) =r P St t t
Rainfall (mm/month) = +SP SP S mt t t t1
Snowpack (mm) = +m SP exp T a a a{1 [ ( )/( )] }t t a 1 1 2 2

Potential evap. (mm/month) = +ep a T( )t a3 2

Actual evap. (mm/month) =e w a ep epmin( (1 exp( ), )t t t t4
Available water (mm/month) = + +w r smt t t 1
Slow flow (mm/month) = +b a sm( )t t5 1 2

Available storage (mm) =+sm max sm( , 0)t t1 1
Fast flow equation (mm/month) = +f a sm m n( ) ( )t t t t6 1 0.5

Active rainfall (mm/month) =n r ep e(1 )t t t
rt ept( / )

Total computed runoff (mm/
month)

= +d b ft t t

Water balance equation (mm) = + +sm sm r m e dt t t t t t1

Where, Pt – monthly precipitation (mm/month); Ta – air temperature (°C/
month); t – time; ai are model parameters, =i 1, 2, ,6.

Table 4
Parameter ranges for WASMOD.

Parameter a1 a2 a3 a4 a5 a6

Range [0 5] [−5 0] [0 2] [0 1] [0 0.001] [0 1]

Table 5
Classification of model performance into categories with limits following
Moriasi et al. (2007) for Pbias and NSE.

Criteria Performance class

Very good Good Satisfactory Unsatisfactory

NSE (-) > 0.75 0.65–0.75 0.55–0.65 < 0.55
|Pbias| (%) < 10 10–15 15–25 >25
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catchments (Yang et al., 2018a). In this study, principal component
regression (PCR) method is applied, which is a combination of principal
component analysis (PCA) with multiple regression methods. According
to the PCA statistical procedure, a set of observations of possibly cor-
related variables is converted into a set of linearly uncorrelated vari-
ables (called principal components) by orthogonal transformations.
Based on these new principal components, a multiple regression
method is used to determine the function between model parameters
and selected catchment descriptors in gauged donor catchments. Fi-
nally, these functions are applied in ungauged locations to estimate the
model parameters, which will be used in the hydrological model to
predict the streamflow.

For details about the methods used in this study, see Yang et al.
(2018a). The catchment descriptors for physical similarity and regres-
sion methods have been summarized in Tables 1 and 2.

3.3. Evaluating the transferability of regionalization methods

3.3.1. Performance of regionalization methods
We determine the performance of the regionalization methods using

leave-one-out cross-validation, which is a commonly used strategy in
many regionalization studies (e.g. Oudin et al., 2008; Parajka et al.,
2013; Samuel et al., 2011). For each station, we compute the perfor-
mance of each regionalization method using a so-called reference si-
mulation since there is no observed runoff available for the future
period. For the reference simulation, we use a model simulation ap-
plying the parameters obtained directly from the local calibration (see
defined in Table 5), i.e. not involving any regionalization methods and
drive the model with the bias-corrected climate data for all runoff si-
mulations for both the past and future period (see Section 2.2.2). Our
reference simulation follows a very typical approach for assessing cli-
mate change impacts on runoff (e.g. Chiew et al., 2009; Niemann and
Eltahir, 2005; Xu, 1999c; Zheng et al., 2009; Guo et al., 2018). This
method assumes that hydrological models calibrated for the historical
period are also valid for use in the future period with possibly different
climate conditions (Vaze et al., 2010). Following this assumption, we
use the reference simulation to judge which regionalization method
provides the best prediction of runoff for the future period. We compute
the performance of the regionalization methods using the NSE and
Pbias measures presented in Section 3.1.2.

3.3.2. Transferability of regionalization methods
Once we have determined the performance of regionalization

methods, we test how sensitive the long-term runoff predictions in
ungauged basins is to the choice of regionalization methods. The sen-
sitivity is measured as the change in performance of the regionalization
methods from the past (1976–2005) to the future (2071–2100) period.
Since NSE and Pbias evaluates the agreement between the regionalized
and reference simulation from different aspects, we need an ad-
ditionally simple but comprehensive index to rank regionalization
methods. The proposed ranking index (RI) is based on the probability of
good performance (as described in Section 3.1.2) as:

= +
=

( )RI
m

f d f d1 0.5 0.5i
k

m

NSEik NSE Pbiasik Pbias
1

0.65

1

15

15

(4)

where f NSE_ ik and f Pbias_ ik stand for the probability density functions
of NSE and Pbias for regionalization method i and climate model k. As
mentioned before, we applied five regionalization methods and five
climate models, thus = =m k i5, and 1, 2, 3, 4, 5. Since the ranking
index is based on probability of good performance, higher values in-
dicate better performance within each period and the optimal value is
1.

In summary, we evaluate the transferability of the regionalization
methods using three different performance criteria. A small change in
performance of the regionalization method from the past to the future

period indicates a good transferability capacity of the method for dif-
ferent climate conditions.

3.4. Quantifying the uncertainty contributions from climate models and
regionalization methods

The uncertainty in predictions of hydrological impact of climate
change by hydrological models stems from different sources, such as
model parameters, input data, climate models and hydrological model
structural (e.g. Meresa and Romanowicz, 2017, Wine et al., 2018; He
et al., 2018). The assessment of uncertainty contributions can help
managers of water resources to understand the projections in more
depth, and make better decisions than when this information is ne-
glected (Winkler, 2016). For the uncertainty analysis presented below,
we applied data from all five climate models presented in Section 2.2.2
and the five regionalization methods outlined in Section 3.2. We
quantify the uncertainties stemming from climate models and re-
gionalization methods for yearly average runoff over 2071–2100 for all
108 study catchments.

We use variance decomposition to compute the contributions to the
total uncertainty from the climate models and regionalization methods.
In this study, we follow the approach described in Déqué et al. (2007,
2012). The total variance of runoff Vtotal, can be splitted into the three
different contributions as:

= + +V V V Vtotal climate regionalization interaction (5)

where Vclimate and Vregionalization are the individual parts of the variance
explained by the climate models and regionalization methods, respec-
tively. Vinteraction is the variance due to the interaction between climate
models and regionalization methods. Statistically, interaction effects
occur when the effect of one factor depends on the levels of the second
factor. In our case, this can occur when the response of the re-
gionalization methods depends on the selection of climate models. The
variances in Eq. (5) can be computed as:

=
=

V 1
5

(R̄ R̄)climate i 1

5
i.

2
(6)

=
=

V 1
5

(R̄ R̄)regionalization j 1

5
.j

2
(7)

= +
=

=
V 1

5
1
5

(R R̄ R̄ R̄)interaction i 1

5

j 1

5

ij i. .j
2

(8)

where Rij is runoff simulation from climate model i and regionalization
method j. R̄ represents the yearly average runoff simulation of all
samples. R̄i. and R̄.j are the average runoffs with respect to climate
model i and regionalization method j. For more details, see Déqué et al.
(2007, 2012).

4. Results

4.1. Evaluation of model performance by split-sample test

Fig. 3 shows the performance of WASMOD using a split-sample
experiment. The median NSE value for the calibration period
1976–1990 is 0.86 and the 25% quantile value is approximately 0.8,
which means that the model performance is higher than 0.8 for 75% of
the catchments. For the validation period 1991–2005, the median NSE
value is 0.75 and the 25% quantile value is around 0.70. The median
Pbias is close to zero during the calibration period 1976–1990, and for
the validation period, it is approximately −6.5%, and the interval be-
tween 75% and 25% quantile increases from 4 to 12%. When cali-
brating the model for the period 1991–2005, the model results are al-
most unbiased with an NSE value approximately equals to 0.84. For the
validation period 1976–1990, the median NSE value is 0.78 and the
bias is 3.0%. In addition, from the calibration to validation period, the

X. Yang et al. Journal of Hydrology 568 (2019) 67–81

72



50% interquartile range (the interval between the 75% and 25% in-
terquartile values) increases from 0.08 to 0.14 for NSE and from ap-
proximately 3% to 18% for the Pbias. According to the suggested per-
formance classification by Moriasi et al. (2007), the model performance
can be considered as very good for calibration and good for validation.

Fig. 4a shows a map with model performance for the calibration
period 1976–1990. The catchments with highest performance (NSE
greater than 0.85) are mainly located in the interior area rather than
the coastal regions. There are more than 50% catchments with NSE
values larger than 0.85. For the validation period 1991–2005, the
model performance generally decreased (Fig. 4b). Many stations with

poorer performance are located along the coast, whereas catchments
with higher performance are often situated inland. For the validation
period, about half of the catchments show NSE values higher than 0.75,
and 8 catchments show NSE values higher than 0.85.

4.2. Transferability evaluation of regionalization methods

4.2.1. Visual difference between regionalization methods in different
climates

All climate models show increased temperature and precipitation in
the future compared to the past period (see Section 2.2.2). To illustrate

Fig. 3. Split-sample test showing the model performance of WASMOD for all 108 study catchments.

Fig. 4. Map showing the performance of WASMOD: (a) NSE values for the calibration period 1976–1990; (b) NSE values for the validation period 1991–2005.
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how this change in climate influences the runoff simulations, we show
the difference, in terms of cumulative distribution functions, between
the regionalized and reference simulations for the past (1976–2005)
and future period (2071–2100) in Fig. 5. The results are calculated
based on the 30-year averaged monthly runoff for the 108 study
catchments, and using the EC-EARTH-RCA4 climate model, whose
precipitation and temperature data are closest to the ensemble mean
spanned by the five individual models.

Comparing Fig. 5a and b, we first see that the absolute difference
between the regionalized and reference runoffs shows a large increase
from past to future period for all regionalization methods. For instance,
the maximum absolute difference in runoff between the regionalized
and reference simulation is around 30mm/month for the past period,
but has increased to about 55mm/month for the future period. The
largest increase occurs for the spatial proximity methods. Second, the
difference between the regionalization methods themselves tends to
increase in the future compared to the past period (i.e. the range be-
tween the methods increases). Therefore, we conclude that the re-
gionalized simulations will differ more between each other for the fu-
ture period, which indicates that the selection of regionalization
method will largely influence the accuracy of runoff predictions in
ungauged basins.

4.2.2. Evaluation of regionalization methods by Nash-Sutcliffe values
Fig. 6 shows the probability density functions (PDF) of NSE values

for the five regionalization methods and five climate models during
both periods. First, all regionalization methods perform worse in the
future than in the past period. For instance, the mode value of NSE
decreased and the probability density of high NSE values dropped from
the past to future period based on data from all five climate models.
Second, the decrease in performance varies between the regionalization
methods and climate models. Third, by using different climate models,
the differences of regionalization method performances are not sub-
stantial, which can be seen from median of NSE values over 108
catchments for each regionalization method (see right panel in Fig. 6).
Thus, we conclude that the different climate models have small influ-
ence on the performance of the regionalization methods. Finally, among
all regionalization methods, the Phy-par method performed best during
both periods for all climate models (compare the PDF curves in the
third panel from the left and the median NSE values in the right panel of
Fig. 6).

4.2.3. Evaluation of regionalization methods by Pbias values
Fig. 7 shows probability density functions (PDF) of the simulated

percentage bias (Pbias) for the different regionalization methods and
climate models for the 108 study catchments. Foremost, the probability
density curves change from narrow in the past to wide in the future
period for all regionalization methods. This pattern indicates that there
are more catchments with higher errors in the future simulations than
in the past period, which can also see from the standard deviation of
Pbias values increases between the two periods (right panel in Fig. 7).
This result is consistent with the results presented in Fig. 6 where NSE
was used as performance criterion. The different climate models have a
small influence on the performance of the individual regionalization
methods (compare the rows in Fig. 7 for each regionalization method).
Typically, the shapes of the PDFs for the future period are similar be-
tween the climate models for each regionalization method. Further-
more, the difference in mode values between the two periods is always
smaller than 5%, which also suggests that the choice of climate model
has small influence on the regionalization performance in terms of
Pbias. When comparing the different regionalization methods, we find
that the Phy-par method shows the smallest change in mode value
between two periods (see third column from the left and the right panel
in Fig. 7). At the same time, this method also shows lowest standard
deviation of Pbias for the future period (see right panel in Fig. 7). Thus,
the Phy-par method seems best suited for projections of average runoff.

In the following, we examine how the Pbias in the past period re-
lates to the Pbias in the future period. Fig. 8 shows the Pbias in mod-
elled runoff by the five regionalization methods from the past to the
future period using data from EC-EARTH-RCA4. Overall, there is a
strong positive correlation between the Pbias for the past and future
period. Thus, biases given by the regionalization methods will likely
persist from the past to future period. Moreover, the value of the Pbias
for the past period is generally smaller than for the future period. For
example, the Pbias by SP-par method varies within a range from−25 to
15% for the past period, but the spread increases to a range from −45
to 35% for the future period. In this case, the uncertainty in simulated
mean annual runoff due to the regionalization methods increases from
the past to the future period. Comparing the methods in both periods,
the physical similarity approaches show similar spread in both periods,
whereas the other methods display larger differences (compare with
results presented in Section 4.2.3).

Fig. 5. Absolute difference in monthly mean runoff between the regionalized and reference simulations for the past (panel a) and future (panel b) period for the five
regionalization methods. The figure shows these differences as a cumulative distribution function for the 108 study catchments.
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Fig. 6. Probability density functions (PDF) showing NSE values from five regionalization methods and five climate models for the past (1976–2005) and future
(2071–2100) period. Each PDF contains data from the 108 study catchments. The grey vertical lines show the mode for each distribution. The right panel shows the
median of the NSE values from the 108 catchments for the different regionalization methods for both periods.

Fig. 7. Probability density functions (PDF) showing Pbias values from five regionalization methods and five climate models for the past (1976–2005) and future
(2071–2100) period. Each PDF contains data from the 108 study catchments. The grey vertical lines show the mode for each distribution. The right panel shows the
standard deviation of the Pbias values from the 108 study catchments for the different regionalization methods for both periods.
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4.2.4. Evaluation of regionalization methods by ranking index
Table 6 shows the ranking of the regionalization methods using the

index (RI) proposed in Section 3.3.2. As the evaluation criterion is
probability-based higher values mean better performance than lower
values. First, the probability of being good performance for all re-
gionalization methods in the future is lower than in the past period,
with an average decrease in RI of approximately 9.3%. This result is
consistent with those shown in Figs. 6 and 7, indicating that all re-
gionalization methods will have higher likelihood of producing worse
simulations in the future. Second, the difference in RI between the re-
gionalization methods increases from 7.14% (= (0.939–0.875)/
0.939 * 100) for the past period to 10.8% (= (0.918–0.825)/
0.918 * 100) for the future period. These results are in line with those
presented in Section 4.2.1 (see Fig. 5). Third, when comparing the re-
gionalization methods in the past period, the RI value for SP-par ap-
proach (0.875) is smaller than for all other methods. For the future

period, both spatial proximity methods show lower RI values (less than
0.8) than other methods, where the remaining methods all utilize
catchment descriptors. This result is partly related to the diversity of
catchments characteristics in this study; the spatial proximity methods
do not seem able to capture the large variability in parameter values
through space. Finally, from the transferability aspect, the Phy-par
approach shows the smallest decrease (7.14%) of probability for good
performance from the past to the future period, whereas the SP-out and
Phy-out methods show the largest decreases (higher than 10%). Thus,
we conclude that the physical similarity method with the parameter
option has the best transferability among all. The transferability of re-
gression method (PCR) is moderate when considering all methods.

4.3. Contribution of uncertainty from climate models and regionalization
methods

Fig. 9 shows boxplots of the variance decomposition for the pre-
dicted mean annual runoff for the 108 study catchments. The con-
tribution of the uncertainty from the climate models and regionaliza-
tion methods varies strongly between the catchments (from less than
10% to more than 90%). Overall, the climate models show a larger
contribution to the uncertainty (median variance fraction equals to
51%) compared to the regionalization methods (median variance
fraction equals to 40%). The contribution of the interaction term be-
tween the climate models and regionalization methods is, on the other
hand, of much smaller importance.

Fig. 10 shows a map of the variance decomposition results

Fig. 8. Scatter plots showing the Pbias for the future period against the past period for the 5 different regionalization methods.

Table 6
Performance and ranking of regionalization methods by evaluation criteria RI.

Multiple criterion RI Ranking Decrease of RI (%)

Past Future Past Future

SP-par 0.875 0.793 5 4 9.37
SP-out 0.918 0.722 2 5 10.46
Phy-par 0.939 0.872 1 1 7.14
Phy-out 0.907 0.809 4 3 10.80
PCR 0.918 0.825 2 2 9.04
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displaying the uncertainty contributions from climate models and re-
gionalization methods for the individual catchments. The uncertainty
contributions vary largely between the basins, which is consistent with
other studies (e.g. Mendoza et al., 2016; Sunyer et al., 2015). The re-
gionalization methods typically dominate the uncertainty in most of the
south-eastern catchments, and also in many of the catchments in middle
and northern Norway. For the remaining catchments, the climate
models typically dominate the uncertainty in predicted mean annual
runoff. In almost all catchments, the contribution of the interaction
term between the climate models and regionalization methods is small
with few exceptions. Therefore, we can conclude that, for most

catchments, the mean yearly runoff predictions from regionalization
simulations do not depend on the selection of climate models.

Catchments where the total uncertainty in the runoff predictions is
dominated by the climate models tend to be located in coastal areas,
where precipitation is higher than in the inland regions. Fig. 11a dis-
plays the difference in uncertainty contributions between the climate
models and regionalization methods against yearly mean precipitation
for all study catchments. When precipitation is higher than 3400mm/
year, the climate models give higher uncertainty than the regionaliza-
tion methods. At the same time, the standard deviation in projected
precipitation between the climate models also increases with pre-
cipitation amount (Fig. 11b). Note that both panels use data from all
climate model data during the future period (2071–2100). From the
results in Fig. 11, it can be summarized that, for catchments with high
precipitation amounts or high variability of simulated precipitations
between climate models, the climate models dominate the total un-
certainty of the runoff predictions. However, for catchments with pre-
cipitation lower than 3400mm/year, climate models and regionaliza-
tion methods both can dominate the total uncertainty of the runoff
predictions. Thus, we can conclude that the uncertainty contribution
from regionalization methods is comparable with climate models for
catchments with precipitation amounts lower than 3400mm/year in
our study region.

Fig. 12 shows the normalized variances for climate models and re-
gionalization methods computed using Eqs (6) and (7) for simulated
annual mean runoff. The normalized variance for climate models is
calculated by dividing Vclimate for each catchment by the maximum
value of Vclimate for all catchments (see also Eqs. (6–8)). The same
normalization is performed for the variance of the regionalization
methods. The normalized variances are much higher, often a factor 10
or more, in the coastal areas than the interior regions. In the regions
with high variances, the climate models overall produce higher un-
certainties than the regionalization methods. These regions are char-
acterized by higher precipitation amounts than the interior regions
(compare with Fig. 1), and the differences in projected precipitation by
the climate models dominate over the parameter uncertainty given by
the different regionalization methods. On the contrary, the variances
from both climate models and regionalization methods are considerably
smaller in the interior regions and some northern basins (see also inset
maps in Fig. 12). For many of these catchments the variance given by
the regionalization methods exceeds the variance given by the climate
models. This result may be due to the lower precipitation magnitude
and variability observed in these regions (compare with Fig. 1b and
Fig. 11b). Thus, for areas with low precipitation amounts and varia-
bility, the predicted runoff is more sensitive to variations in model
parameter values given by the different regionalization methods than
small changes in precipitation due to differences between climate
models.

5. Discussion

5.1. Model performance

According to our results, there are more than 50% catchments
whose NSE values are higher than 0.85, which is regarded as very good
according to the classification presented by Moriasi et al. (2007). With a
split-sample test, the model transferability can be assessed under dif-
ferent conditions, including changes in climate (Klemeš, 1986). In our
case, yearly mean precipitation has increased with approximately
115mm and temperature has increased approximately 1 °C from the
period 1976–1990 to 1991–2005. Our split-sample test shows that NSE
values are higher than 0.7 and absolute values of Pbias are lower than
15% for approximately 75% of catchments. These high model perfor-
mances indicate that the model is able to predict changes in runoff
conditions under changing climate conditions. The ability of WASMOD
for simulating runoff for different climate conditions has also been

Fig. 9. Contribution of uncertainty from climate change models and re-
gionalization methods, and their interaction for the 108 study catchments.

Fig. 10. Map showing the fraction of uncertainty given by the climate models
and regionalization methods to yearly average runoff during 2071–2100 for the
108 study catchments.
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validated by Xu (1999c).

5.2. Transferability of regionalization methods under climate change

In this study, we assessed the transferability of five regionalization
methods under climate change. We find that the capacity of the re-
gionalized simulations to match the reference simulation declined from

the past to the future period. This behaviour may partly be explained by
the argument from Petheram et al. (2012), who concluded that the
correlation between catchment descriptors and the model performance
becomes weaker for prediction than calibration mode. In some cases,
our results showed systematic differences for the regionalization
methods between the past and future period. For example, we found a
positive correlation in the percentage bias (Pbias) of simulated runoff

Fig. 11. (a) Scatter plots showing the difference in fraction of uncertainty given by the climate models and regionalization methods versus yearly average pre-
cipitation, and (b) correlation between precipitation amount and its variability. The results presented in this figure are computed using data from all five climate
models during 2071–2100.

Fig. 12. Normalized variances from climate models and regionalization methods for the future (2071–2100) period over the 108 study catchments to the yearly
runoff predictions. The bar height is proportional to the normalized variances ranging from 0 to 1 for the country-wide map, whereas it ranges from 0 to 0.08 for the
two inset maps.
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between the two periods (Fig. 8). According to this result, we can de-
duce that for catchments where the regionalization method over-
estimates runoff for the past period will likely also overestimate runoff
for the future period. This has important implication for the choice of
regionalization method when aiming for accurate predictions of
average future runoff. Moreover, the difference between the runoff si-
mulations obtained by all regionalization methods appears to increase
from the past to the future period. Thus, for predicting runoff for the
future period it is very important to select the methods with lowest
uncertainty. Our results are similar to simulations using different hy-
drological models for gauged basins. Those simulations also tend to be
more similar for the past historical period than the future projection
period (e.g. Jiang et al., 2007).

Each regionalization method performs differently under changed
climate conditions. Using our ranking index, we find that the physical
similarity methods perform better than the spatial proximity methods
for both periods (see Table 6). Here, the spatial proximity methods
performs worse than in other studies (e.g. Oudin et al., 2008), which
may partly be explained by the fact that our network of available donor
catchments has a lower density than in previous studies. The density of
donor catchments is considered as an important factor to impact the
efficiency of spatial proximity methods (Lebecherel et al., 2016). For
the future period, all regionalization methods that utilize catchment
descriptors showed a better match with the reference simulation than
the spatial proximity methods, which only consider distance informa-
tion. From the past to future period, the Phy-par approach shows the
smallest decrease of the ranking index, followed by regression and SP-
par methods, and the largest drops are for SP-out and Phy-out methods.
This result indicates that transferring model parameters as a whole set
(output option) is most sensitive to changes in climate, and therefore
less robust than the remaining methods evaluated.

5.3. Contribution of uncertainty from climate models and regionalization
methods

As mentioned in many studies, future predictions include un-
certainty (e.g. Beven et al., 2010; Koutsoyiannis et al., 2007). In this
study, we quantified the contribution of uncertainty from climate
models, regionalization methods and their interaction for predictions of
runoff. Our analysis, based on data from 108 catchments, shows that
overall the climate models contribute more to the total uncertainty than
the regionalization methods. This result is, to some extent, supported by
earlier studies, which have shown that the uncertainty stemming from
climate models is larger than from the downscaling methods and/or
hydrological models (e.g. Addor et al., 2014; Chen et al., 2011; Etter
et al., 2017; Osuch et al., 2016; Sunyer et al., 2015). The interaction
influence is considerably smaller and can almost be neglected, which
indicates that climate models and regionalization methods work almost
independently from each other for runoff predictions. While, as our
result is based on 108 catchments, the result shows large variability
between the catchments. The climate models contribute most to the
total uncertainty in coastal areas whereas the regionalization methods
dominate the uncertainty in some inland regions. The catchments
where the uncertainty is dominated by climate models show higher
precipitation amounts and variability than for the regions where the
regionalization methods dominate the uncertainty. Furthermore, the
variance map shows that the uncertainty due to climate models shrinks
considerably from the coast to inland, whereas the variance by re-
gionalization methods changes within a relatively narrow range for all
catchments. Thus, the regionalization methods dominate the total un-
certainty in the inland regions because the climate models contribute
considerably less to the uncertainty there than in the coastal regions. In
summary, contribution of climate models to future prediction un-
certainty is related to the precipitation amount and its variability. In
addition, for regions with less precipitation or lower precipitation
variability, the uncertainty from regionalization methods cannot be

neglected and can even be the dominant factor.

6. Conclusions

In this study, we evaluated the transferability of five regionalization
methods for climate change studies using five different climate models.
The regionalization methods were tested against a reference simulation
using locally calibrated parameters. We also analysed whether the re-
gionalization methods or the climate models dominated the total un-
certainty in the predictions. The study was performed using data from
108 catchments in Norway, a seasonally snow-covered region with
mountainous terrain. The main conclusions from the study are sum-
marized in the following points:

– The match between simulations from all regionalization methods
and the reference declined from the past to the future period. While,
the performance in the future is positively correlated to the per-
formance in the past period.

– From past to future period, the physical similarity method with the
parameters averaged from the donor catchments (Phy-par) performs
best, whereas the distance-based methods with output averaging
option (SP-out and Phy-out), are more sensitive to climate change
impact. The difference between the regionalised simulations tends
to increase in the future compared to the past period.

– For the runoff predictions of the future period, the main source of
uncertainty depends on catchment attributes. The climate models
appear to contribute most to the total uncertainty for basins with
high amounts and variability in precipitation, whereas the re-
gionalization methods tend to dominate the uncertainty in catch-
ments with lower amounts and variability in precipitation.
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A B S T R A C T

Hydrological models have been widely used to predict runoff in regions with observed discharge data, and
regionalization methods have been extensively discussed for providing runoff predictions in ungauged basins
(PUB), especially during the PUB decade (2003–2012). Great progress has been achieved in the field of re-
gionalization in previous studies, in which different hydrological models have been coupled with various re-
gionalization methods. However, different conclusions have been drawn due to the use of different hydrological
models, regionalization methods, and study regions. In this study, we assessed the performance of the five most
widely used regionalization methods (spatial proximity with parameter averaging option (SP-par), spatial
proximity with output averaging option (SP-out), physical similarity with parameter averaging option (Phy-par),
physical similarity with output averaging option (Phy-out), and regression methods (PCR)) and four daily
rainfall-runoff models (GR4J, WASMOD, HBV and XAJ, with 6, 8, 13, and 17 parameters, respectively) at the
same time. Our aim was to evaluate how the performance of the regionalization methods depends on (a) the
selection of hydrological models, (b) nonstationary climate conditions, and (c) different climatic regions. This
investigation used data from 86 independent catchments evenly distributed throughout Norway, covering three
different climate zones (oceanic, continental and polar tundra) according to the Köppen-Geiger classification.
The results showed that (a) the SP-out and Phy-out methods performed better than the SP-par and Phy-par for all
the hydrological models, and the regression method performed worst in most cases; (b) the difference between
the parameter averaging option and the output averaging option is positively related to the number of hydro-
logical model parameters, i.e. the greater the number of parameters, the larger the difference between the two
options; (c) the XAJ model with the greatest number of parameters produced the best results in most cases, and
models with fewer parameters tend to produce similar performance for the different regionalization methods; (d)
models with more parameters displayed larger declines in performance than those with fewer parameters for
nonstationary conditions; and (e) clear differences in the performance of the regionalization methods exist
among the three climatic regions. This study provides insight into the relationship between the complexity of
hydrological models and regionalization methods in cold and seasonally snow-covered regions.

1. Introduction

Runoff prediction plays a significant and essential role in water
resources management, the assessment of the impact of environmental
change (e.g., climate and land use), and hydrological design (e.g.,
Blöschl and Montanari, 2010; Parajka et al., 2013). During the last
several decades, hydrological models have become the most popular
and common solution for runoff predictions. However, the models have
free parameters to be calibrated by using the observed discharge data
before predicting the runoff hydrographs, which are not available in
many catchments of interest (e.g., He et al., 2011; Parajka et al., 2013).

This fact made the topic ‘predictions in basins without observed dis-
charge data (ungauged basins)’ attractive and challenging for hydrol-
ogists (e.g., Parajka et al., 2007; Sivapalan et al., 2003; Xu, 2003). As a
result, the International Association of Hydrological Sciences (IAHS)
established a “Decade on Predictions in Ungauged Basins (PUB):
2003–2012”, and great progress has been achieved during this period
(Hrachowitz et al., 2013).
Regionalization is defined as the method for predicting runoff in

ungauged basins by transferring information from gauged (donor) to
ungauged (target) catchments (e.g., Rojas-Serna et al., 2016; Razavi
and Coulibaly, 2013). In general, regionalization methods are classified
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into three categories: (a) spatial proximity methods assume that geo-
graphically close catchments have similar hydrological behaviors (e.g.,
Egbuniwe and Todd, 1976; Vandewiele et al., 1991); (b) physical si-
milarity methods assume that catchments with similar physical char-
acteristics have the same hydrological response (e.g., Burn and
Boorman, 1993; McIntyre et al., 2005), thus, the parameter values are
transferred to ungauged basins from either geographically close or
physically similar gauged basins; and (c) the regression method, which
is one of the most popular and oldest regionalization approaches
(Oudin et al., 2008), links model parameters to physical and climatic
catchment characteristics by regression functions and assumes that the
relationship is transferable from gauged to ungauged basins (e.g.,
Magette et al., 1976; Young, 2006).
Many studies have applied and compared regionalization methods for

various regions in combination with a wide range of hydrological
models. However, in many cases, the conclusion about which method
performed best differs largely among the studies. For example, Merz and
Blöschl (2004) concluded that the spatial proximity method performed
better than the regression method for catchments in Austria using the
HBV model. On the other hand, Young (2006) found that the regression
method gave better results than the spatial proximity method in the UK.
Bao et al. (2012) concluded that the physical similarity method was best
by using the Akaike information criterion (AIC) on 55 catchments in
China. Different models were applied for different regions in these stu-
dies, and therefore many hydrologists claim that the performance of
regionalization methods depends on the study area and the choice of
hydrological model (e.g., Parajka et al., 2013; Reichl et al., 2009; Salinas
et al., 2013; Samuel et al., 2011; Viglione et al., 2013). Most of the
above-mentioned studies only used one hydrological model in a specific
region, and conclusions cannot be drawn on how the model selection or
study region affects the performance of the regionalization methods.
Few studies have assessed the performance of regionalization

methods using multiple models. Li and Zhang (2017) used SIMHYD (10
model parameters) and XAJ (12 model parameters) in Australia and
found consistent regionalization results for both models. The same con-
clusion was drawn by Li et al. (2014), where GR4J (7 model parameters)
and SIMHYD (12 model parameters) were applied in the southeast Ti-
betan Plateau. Furthermore, Petheram et al. (2012) conducted a com-
parison by using five rainfall-runoff models and concluded that the dif-
ference between hydrological models was negligible for runoff prediction
in ungauged basins. This conclusion was consistent with two other stu-
dies (Chiew, 2010; Viney et al., 2009b), which also included five hy-
drological models. However, none of these studies included a regression
approach, which provided very different results when used with either
the GR4J (4 model parameters) or TOPMO (6 model parameters) model
in the study of Oudin et al. (2008), who tested three kinds of re-
gionalization methods using two hydrological models for 913 catchments
in France. Either the number of regionalization methods or the number
of models used in previous studies is still too small to draw a general
conclusion. In addition, all these evaluations have been performed for
relatively warm climate regions, where the snow process is of limited
importance. Thus, a more comprehensive study is needed to investigate
how regionalization performance differs with multiple hydrological
models of different complexity for runoff prediction in ungauged basins,
especially for cold and seasonally snow-covered regions.
Furthermore, climate is changing (IPCC, 2014), resulting in non-

stationary relationships between rainfall and runoff (Zhang et al.,
2011), which makes the reliability of applying the conclusions made in
a historical period into future application questionable. Thus, for future
runoff prediction in ungauged basins, it is essential to investigate the
transferability of the regionalization methods under changing climatic
conditions (e.g., Broderick, 2016; Yang et al., 2019). Finally, re-
gionalization performances also vary between regions, according to
Parajka et al. (2013), who statistically summarized this conclusion from
34 regionalization studies. However, it cannot explicitly present the
performance difference between regions for specifically selected

regionalization methods because different hydrological models and
regionalization methods were applied in the studies cited and sum-
marized by Parajka et al. (2013).
In this study, we perform a comprehensive evaluation of the per-

formance of five widely used regionalization methods (see Section 3.2)
combined with four frequently used hydrological models (GR4J–6
parameters, WASMOD–8 parameters, HBV–13 parameters and XAJ–17
parameters) in regions with highly contrasting physiographic and cli-
matic settings. The evaluation is based on 86 catchments in Norway,
belonging to three different climatic regions according to the Köppen-
Geiger classification (Kottek et al. 2006) and under different climate
conditions. This is the first study that specifically addresses how the
performance of the regionalization methods (a) depends on the selec-
tion of hydrological models, (b) changes in different climate conditions,
i.e., when air temperature increases, and (c) varies between different
climate regions as defined by the Köppen-Geiger classification.

2. Study area and data

2.1. Study area

Our study catchments are located in Norway, which is situated in
northern Europe in the western and northern part of the Scandinavian
Peninsula. Norway has a long and rugged coastline, elevation spanning
from sea level to 2469 m.a.sl., and latitudes ranging from 58° to 71°N.
This results in highly variable hydroclimatological conditions across the
study domain (Vormoor et al., 2016; Yang et al., 2018, 2019). In this
study, we used data from 86 nonoverlapping catchments distributed
evenly throughout our study domain (Figure 1). These stations have
continuous meteorological data and discharge data records with less than
40% missing values during the periods from 1980 to 1989 as well as
2006 to 2015. These two periods are used in this study. The left panel
map in Figure 1 also displays the Köppen-Geiger climate classification,
which is based on data from 1976 to 2000 (Kottek et al., 2006; Peel et al.,
2007; Beck et al., 2018). Note that the original classification divided
Norway into five different climate groups. However, in two of these
groups, less than 10 catchments were located. We therefore merged some
of the groups, resulting in the following three regions: (a) oceanic climate
containing 19 catchments, (b) continental climate containing 52 catch-
ments and (c) polar tundra climate containing 15 catchments.

2.2. Data

For the hydrological simulations, we used daily precipitation and
temperature data acquired from the gridded seNorge dataset with a re-
solution of 1 km produced by the Norwegian Meteorological Institute
(Tveito et al., 2005; Mohr, 2009; Jansson, 2007). Daily discharge data
were obtained from the hydrometric observation network of the Norwe-
gian Water Resources and Energy Directorate (NVE). To test the perfor-
mance of the regionalization methods under varying climate conditions,
we analyzed the precipitation and temperature records for the period from
1980 to 2015 (Figure 2). For precipitation, there is no clear trend, whereas
temperature increases throughout the study period. For model calibration
and verification, we selected ten years at the start (1980 to 1989) and the
end (2006 to 2015) of the whole period since these two periods show the
largest difference in air temperature. For the first period, the average
precipitation is 1932 mm/year, and the air temperature is 1.2 °C. For the
second period, the average precipitation is 2027 mm/year, and the air
temperature is 2.6 °C. The right panels in Figure 2 show the average
monthly precipitation, temperature and Pardé coefficient (ratio between
the average monthly discharge and the mean annual runoff) for the
catchments in each climatic group. The oceanic climate group is char-
acterized by higher precipitation during autumn and winter and higher air
temperature than that of the two remaining groups. The watersheds in the
oceanic climate group also show two peaks in runoff (compare the Pardé
coefficient between the groups) resulting from spring snowmelt and strong
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rainfall during autumn. The continental climate group displays low sea-
sonality for precipitation but high seasonal variations in temperature, re-
sulting in one peak runoff caused by snowmelt. The climate characteristics

for the polar tundra climate group are similar to those of the continental
group, but with lower temperature, and the snowmelt-induced peak in
runoff occurs later.
Table 1 shows the average annual and seasonal precipitation, tem-

perature and runoff for the three climate classes. Precipitation in the
oceanic climate group is substantially larger than that in the other two
groups, which show rather similar precipitation amounts. For tempera-
ture, the oceanic climate group shows the highest values, whereas the
coldest temperatures are recorded in the polar tundra climate group. In
particular, for the oceanic group, precipitation increases from the cali-
bration to verification period for the winter season, but for the summer
season, the difference is small between the two periods. For temperature,
the increase from the calibration to verification period is smallest in the
oceanic region compared to the other regions. The seasonal characteristics
in runoff are similar to those of precipitation. Note that summer runoff
decreases from the calibration to the verification period for all groups.
Since there is no potential evapotranspiration (Ep) data available in

our study area, which are needed as the input data for the hydrological
models, we applied the Hargreaves equation (Hargreaves, 1975) to
calculate Ep (mm/day), which is recommended by Shuttleworth (1993)
and Xu and Singh (2002):

E R TC TR0.0023 ( 17.8)p a= + (1)

where Rais the extraterrestrial radiation for the location in mm/day
evaporation equivalent (Allen et al., 1998), TC is the temperature (°C),
and TR is the daily temperature range (°C).
A set of catchment descriptors is needed for two of the re-

gionalization methods, namely, the physical similarity and regression
methods (see Table 2). These catchment descriptors were used in Yang
et al. (2018, 2019). Similar catchment descriptors have been used in
several studies for evaluating regionalization methods (e.g., He et al.,
2011; McIntyre et al., 2005; Merz and Blöschl, 2004).

3. Methods

3.1. Hydrological models

Four widely used conceptual rainfall-runoff models running at a

Fig. 1. The location of the study catchments and the modified Köppen-Geiger
climate classification.

Fig. 2. The left panel shows yearly mean precipitation and temperature for the available data period, including a moving average with a sample window covering
10 years of data. The right panel shows the climatological distribution of precipitation, temperature and Pardé coefficient (i.e., ratio of the average monthly discharge
to the mean annual runoff) using monthly data for the three climatic regions.
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daily time step were selected for the analysis in this study, and a snow
module was included in the models since runoff in many of the catch-
ments is strongly affected by the accumulation and melting of snow.
The number of model parameters varies from 6 to 17 between the
models after adding the snow routine. Figure 3 shows the model
structures, and a description of the parameters is available in Table 3.
GR4J (Génie Rural à 4 paramètres Journalier) is a model based on

unit hydrograph principles with four free parameters (Perrin et al.,
2003). It has been widely used in regionalization studies worldwide,
such as in France (Oudin et al., 2008), China (Li et al., 2014) and
Australia (Zhang et al., 2014, 2016). We coupled the GR4J model with
a degree-day type snow module called CemaNeige that was developed
by Valéry (2010). This snow module allows us to estimate snowmelt
and simulate snowpack evolution using two additional parameters, and
the coupling of GR4J and CemaNeige has been tested in other studies
(e.g., Coron et al., 2014; Hublart et al., 2015).
WASMOD (The Water And Snow balance modelling system) is a

model with simple structure and has been validated in many different
climate regions (e.g., Xu and Singh, 2002; Li et al., 2013, 2015; Widén-
Nilsson et al., 2007; Xu and Halldin, 1997). For regionalization studies,
it has been applied in Sweden (Xu, 2003), Denmark (Muller-Wohlfeil
et al., 2003) and Norway (Yang et al., 2018, 2019). The version of
WASMOD used in this study has eight free parameters.
HBV (Hydrologiska Byråns Vattenbalansavdelning) is a popular

model used for runoff simulation in both gauged and ungauged basins.
For regionalization studies, it has been applied in different climate re-
gions, such as Austria (e.g., Merz and Blöschl, 2004; Parajka et al.,
2005), Sweden (Seibert and Beven, 2009), China (Jin et al., 2009),
Canada (Samuel et al., 2011) and the US (Pool et al., 2017). In our
study, we followed the structure and formulas in the HBV-light version
(Seibert and Vis, 2012), which includes a snow routine, soil moisture
routine, response function and routing routine. In total, this model has
thirteen calibration parameters.
The XAJ (Xin An Jiang) model was developed for humid regions in

China by Zhao et al. (1980, 1992) and has since become a widely used
model in flood forecasting, water resources assessment, and climate
change assessments. The original model consists of modules for com-
puting evapotranspiration, runoff production, runoff separation, and
flow routing. It has also been applied in many regionalization studies
(e.g., Zhang and Chiew, 2009; Li et al., 2009, 2017). We implemented
the structure shown in Lin et al. (2014) without the Muskingum routing
module because our catchments are rather small in size with steep slopes,
and therefore, river flow routing is not an important process (Li et al.,
2014). However, there is no snow module in XAJ, and therefore, we
coupled it with the CemaNeige snow module (see description of the GR4J
model above). This model system contains seventeen parameters in total.

3.2. Regionalization methods

Spatial proximity, physical similarity and regression methods are
commonly used in regionalization studies (e.g., Oudin et al., 2008;
Petheram et al., 2012; Hrachowitz et al., 2013). For spatial proximity
and physical similarity methods, which are classified as distance-based
regionalization methods according to He et al. (2011), the model
parameter values in ungauged catchments are transferred from gauged
donor catchments. For the regression method, the model parameter
values in ungauged catchments are determined by regression functions
established using data from gauged basins. The regression method in
this study is principal component regression (PCR), which couples
principal component analysis (PCA) with the multiple linear regression
method. Using PCA, a set of observations of possibly correlated catch-
ment descriptors is converted into a set of linearly uncorrelated vari-
ables called principal components. Then, the relationships among
model parameters and selected catchment descriptors are established
using multiple linear regression. Finally, these functions are used for
estimating model parameters in the ungauged catchments. Table 4
describes the equations and assumptions for the regionalization
methods applied in this study.
For distance-based regionalization methods, i.e., spatial proximity

and physical similarity, two approaches are often used for transferring
the model parameters from the gauged donor to the ungauged target
catchments (e.g., McIntyre et al., 2005; Oudin et al., 2008). (a) For the
so-called parameter averaging option, the model parameters from the

Table 1
The average precipitation, temperature and runoff information for all climate groups.

Precipitation (mm/period) Temperature (oC) Runoff (mm/period)

calibration validation calibration validation calibration validation

Oceanic climate Year 2949 3211 4.1 5.2 2158 2342
summer* 1411 1412 9.0 9.8 1197 1128
winter 1508 1800 −0.7 0.5 961 1214

Continental climate Year 1686 1750 0.8 2.3 1213 1250
summer* 867 873 7.0 8.0 898 835
winter 819 878 −5.3 −3.4 315 415

Polar tundra climate Year 1633 1688 0.0 1.4 1187 1236
summer* 817 819 6.1 7.1 942 908
winter 816 869 −6.1 −4.3 245 328

*Summer is from 1st of May to 31st of October.

Table 2
The statistical information about catchment descriptors used in regionalization
methods.

Mean Median Minimum Maximum

Area (km2) 340 145 3 5621
Climate index
Mean annual precipitation (mm) 2255 1922 601 6008
Precipitation seasonality indices(1) 3.1 2.9 1.7 7.0
Mean annual temperature (°C) 2.7 2.5 −2.2 7.3
Temperature seasonality indices(2) 15.5 15.4 7.5 24.2
Aridity index(3) 0.1 0.1 0.0 0.4
Terrain characteristics
Mean slope (°) 11 9 2 26
Mean elevation (m) 666 590 157 1472
Land use
Artificial (%) 0.5 0.0 0.0 8.0
Agriculture (%) 4.1 1.1 0.0 57.6
Forest (%) 84.7 87.8 34.8 100.0
Wetland (%) 7.0 2.2 0.0 41.6
Waterbody (%) 3.7 2.9 0.0 15.1

(1) Precipitation seasonality indices: the ratio between the three consecutive
wettest and driest months for each watershed.
(2) Temperature seasonality indices: the mean temperature of the hottest month
minus the mean temperature of the coldest month in °C.
(3) Aridity index: the ratio between annual mean precipitation and potential
evapotranspiration.
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donor catchments are first averaged and then used to run the model for
the target catchment. (b) For the so-called output averaging option, the
model is first run using the parameter sets from the donor catchments
(i.e., basins with runoff where model calibration is possible) on the
target catchment and the outputs from the model are then averaged. As
a result, there are five regionalization approaches used in this study, as
shown in Table 5. For a more detailed description, please see Yang et al.
(2018, 2019).

3.3. Performance evaluation

3.3.1. Model calibration and verification
In this study, we applied a widely used objective function proposed

by Viney et al. (2009a) when calibrating the models. This objective
function is a weighted combination of the Nash and Sutcliffe efficiency
(Nash and Sutcliffe, 1970) and a logarithmic penalty function based on
the bias as follows:

F NSE bias5 |ln(1 )|2.5= + (2)

where:

NSE
Q Q

Q Q
1

( )

( )
sim obs

obs obs

2

2
=

(3)

bias Q Q
Q

sim obs

obs

=
(4)

Qobs represents the observed runoff, and Qsim represents the simu-
lated runoff. F values can vary from −∞ to the optimal value of 1. This
objective function can come close to maximizing Nash and Sutcliffe
efficiency (NSE) and minimizing the bias at the same time (Vaze et al.,
2010). For the calibration process, we used a standard gradient-based
automatic optimization method (Lagarias et al., 1998) implemented in
the MATLAB software package (“fmincon” function; MATLAB R2016b,
The MathWorks, Inc., Natick, Massachusetts, United States).
The split-sample test is commonly used for model verification,

aiming to show the model validity in different climate conditions (e.g.,
Coron et al., 2012; Xu, 1999; Klemeš, 1986). In the current study, we
evaluate the model performance for 1980–1989 and 2006–2015, and

the temperature and precipitation in the latter period are approxi-
mately 1.4 °C and 5% higher than that in the first period.

3.3.2. Evaluation of regionalization methods
We performed three different evaluations of the regionalization

methods. In the first evaluation, the performance of the regionalization
methods was tested for all models using data from the calibration period,
aiming to show the differences among the models. In this step, we applied
a leave-one-out cross verification method as in many other studies (e.g.,
Yang et al., 2018; McIntyre et al., 2005). In the second analysis, we re-
peated the same evaluation but for the warmer and wetter verification
period. This analysis thus tests the transferability of both the re-
gionalization methods and hydrological models under climate change
conditions (e.g., Broderick, 2016; Li et al., 2012). In the final evaluation,
we summarize and discuss the performance of the regionalization methods
for the three different climatic regions (see Section 2.1). Since the climate
is changing to be warmer in the future (IPCC, 2014), the following re-
gionalization performance for different climate conditions is investigated
from 1980 to 1989 (calibration) to 2006–2015 (verification).

3.3.3. Evaluation criteria
To investigate the performance from different aspects, we applied

four different criteria in this study. The calibration function F (Eq. (2))
is the first selection since it considers both the goodness of fit and the
water balance aspects between the simulated and observed runoff. NSE
(Eq. (3)) is the second evaluation criterion, which is the most commonly
used criterion in hydrology to measure the fit of the hydrographs be-
tween the observed and simulated runoff, and is relatively sensitive to
high flow (e.g., Oudin et al., 2008; Pushpalatha et al., 2012; Zhang and
Chiew, 2009). Thus, we included another criterion, NSElog, which is
based on the same formulation as NSE but computed on logarithmic
transformed flows and with more emphasis on low flow (e.g., Oudin
et al., 2008; Pushpalatha et al., 2012). Finally, the percentage of bias
(Pbias) (Eq. (4)) is applied to measure the average tendency of the si-
mulation to be larger or smaller than the observed counterparts.
The range for F, NSE and NSElog is (− , 1), where 1 means the

simulated runoff perfectly fits the observed runoff and less than 0
suggests that the model is no better than the observed mean value. For
Pbias, it varies between (− , + ) with the optimal value equal to 0

Fig. 3. The structure of hydrological models tested in this study. The circles show the input variables, the ellipses present the process/output variable and the model
parameters are marked with bold text. For detailed model equations, please refer to the references for the (a) GR4J model (Perrin et al., 2003; Valéry, 2010), (b)
WASMOD model (Xu, 2003), (c) HBV model (Seibert and Vis, 2012), and (d) XAJ model (Lin et al., 2014).
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and worse performance for water balance simulation if the absolute
Pbias is larger.

4. Results

4.1. Hydrological model performance in cross verification

Before evaluating both the hydrological models and the regionalization

methods, we first assessed the performance of the models by a split-sample
test. Figure 4 presents the cumulative density function (CDF) curves for all
hydrological models over 86 catchments, measured by F value during
1980–1989 and 2006–2015.
For the first calibration period 1980–1989 (the left panel in Figure

4), the CDF curves from all the hydrological models stay close, and XAJ
appears to be slightly better. The average F value is approximately 0.75
for XAJ, 0.73 for WASMOD, 0.72 for HBV and 0.69 for GR4J. In the
verification period 2006–2015, the models perform differently,
meaning the temporal transferability varies between the hydrological
models. However, the best performance is still produced by XAJ, whose
mean F value is approximately 0.68, followed by WASMOD (0.64). The
HBV model shows the worst performance, with a mean F value of ap-
proximately 0.61 and the highest degradation of performance between
the calibration and verification periods.
The results in the right panel (calibration in 2006–2015 and ver-

ification in 1980–1989) shows very similar characteristics to those in
the left panel. XAJ produced the best performance for both the cali-
bration and the verification periods. Following the rating classification
from Moriasi et al. (2007), who labeled the performance as ‘good’ if
NSE is larger than 0.65 and |Pbias| is less than 15%, the F values larger
than 0.61 are considered “good” model performance. Considering the
average aspect, all mean F values for our split-sample test are higher
than 0.61. Thus, all hydrological models applied in the current study
are classified as ‘good’ performing models for runoff simulation for both
calibration and verification periods.
Table 6 gives the average model performance corresponding to the

split-sample test by using other assessment criteria. First, regarding the
water balance aspect, all models yield similarly ‘good’ performance for
both subperiods with |Pbias| values smaller than 5%. Second, the model
performance measured by NSE shows consistent findings with the re-
sults from the F value, i.e., (a) the models show similar performance in
the calibration period but perform differently in the verification period;
(b) XAJ is considered the best-performing model for both the calibra-
tion and the verification cases; and (c) HBV shows the largest decline in
performance from the calibration to the verification period. This simi-
larity between the results from the F value and NSE can be explained by
the small Pbias for all the simulation results. Finally, according to the
results of NSElog, which is more sensitive to low flow, the simple
models (GR4J and WASMOD) display higher values in the calibration
period, while WASMOD and XAJ show better performance in the ver-
ification period. Considering the performance loss from calibration to
verification, relatively larger degradation appears for the NSElog than
for the NSE and Pbias, especially for the GR4J model.

4.2. Evaluation of regionalization methods

4.2.1. Influence of the number of donor catchments on performance under
stationary conditions
Figure 5 shows that the output averaging option gives better

average performance than the parameter averaging option in both
spatial proximity and physical similarity methods and for all the
models, except for the case of one donor catchment, where both options
provided the identical results as expected. When considering the
number of donor catchments, the largest increase in performance ty-
pically occurs when changing from using one donor catchment to using
two donor catchments, with the parameter option for XAJ as the only
exception. This is in line with earlier studies that the number of donor
catchments typically affects the performance of distance-based re-
gionalization methods (e.g., Oudin et al., 2008; Yang et al., 2018).
However, the number of donor catchments providing the best perfor-
mance differs among the hydrological models and regionalization
methods. For instance, for XAJ, two donor catchments give the best
results for SP-out, whereas 8 donor catchments are needed for HBV to
achieve the optimal performance. Finally, the difference in performance
between the output and parameter averaging options increases with the

Table 3
Description of the calibrated model parameters in this study.

Parameter Explanation Reference

CemaNeige Valéry (2010)
CTG Ponderation coefficient
Kf Degree-day factor
GR4J Perrin et al. (2003)
X1 Production store maximal capacity
X2 Catchment water exchange coefficient
X3 One-day maximal capacity of the routing

reservoir
X4 HU1 unit hydrograph time base
WASMOD Xu, (2003)
a1 Threshold temperature for rainfall and

snowfall
a2 Threshold temperature for snowpack and

snowmelt
a3 Proportion parameter in potential

evapotranspiration
a4 Exponent parameter in actual

evapotranspiration
a5 Proportion coefficient of base flow
a6 Proportion coefficient of fast flow
a7 Coefficient for snowpack
a8 Coefficient for snowmelt
HBV Seibert and Vis,

(2012)TT Threshold temperature
CFMAX Degree-day factor
SFCF Snowfall correction factor
CFR Refreezing coefficient
FC Field capacity
LP Threshold for reduction of evaporation
Beta Shape coefficient
UZL Threshold parameter for upper zone
K0 Recession coefficient in upper zone
K1 Recession coefficient in upper zone
K2 Recession coefficient in lower zone
Perc Maximal flow from upper to lower box
MAXBAS Routing, length of weighting function
XAJ Lin et al. (2014)
WM Areal soil moisture storage capacity
B The exponent of the soil moisture storage

capacity curve
KE Ratio of potential evapotranspiration to pan

evaporation
IMP Ratio of the impervious to the total area of the

basin
X Proportion of soil moisture storage capacity of

the upper layer to WM
Y Proportion of soil moisture storage capacity of

the lower layer to WM
C Coefficient of deep evapotranspiration
SM Areal mean free water capacity of the surface

soil layer
EX Exponent of the free water capacity curve
KI Coefficient of the free water storage to

interflow
KG Coefficient of the free water storage to ground

flow
N Number of reservoirs in the instantaneous unit

hydrograph
NK Common storage coefficient in the

instantaneous unit hydrograph
CI Recession constant of the lower interflow

storage
CG Recession constant of the groundwater storage
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number of model parameters. For example, the difference in the
average F value between the two options for the GR4J model was ap-
proximately 0.025 and increased to 0.075 for XAJ. Thus, when using a
model with many parameters, it is more important to use the output
averaging option to achieve optimal performance for runoff simulations
in ungauged basins.
The physical similarity methods require fewer donor catchments to

achieve optimal performance for runoff simulations in ungauged basins
compared to that for the spatial proximity methods (Table 7). On
average, the best performance by the physical similarity methods was
produced by 3 donor catchments, whereas the corresponding number

for the spatial proximity methods was 8. It is also noteworthy that the
parameter averaging option requires fewer donor catchments than the
output averaging option for both the physical similarity and the spatial

Table 4
Assumptions and descriptions of regionalization methods used in this study.

Method Equation Assumption and Description Application examples

Spatial proximity D x x y y( ) ( )td t d t d
2 2= + Closer basins show similar hydrological characteristics.

The donor catchments are determined by the distanceDtd. x ,y shows the location
information, which uses the Universal Transverse Mercator (UTM) coordinate
system.

Merz and Blöschl (2004), Oudin et al.
(2008), Yang et al. (2018, 2019)

Physical similarity SItd i
k CDd i CDt i

CDi1
| , , |

= =
Similar attributes show similarly in terms of hydrological processes.
The donor catchments are decided by the similarity index SItd. CD is the
catchment descriptor, shown in Table 2 in this study.

Burn and Boorman (1993), Poissant et al.
(2017), Yang et al. (2018, 2019)

Regression MP f CD( )j j i= A well-behaved relationship exists between the observable CDs and model
parameters (MP), and theCDs used in regression provide information relevant to
hydrological behavior at ungauged sites.
The relationship (linear regression function), which is built on gauged basins,
will be transferred to ungauged catchments.

Young (2006), Oudin et al. (2008), Merz
et al. (2006), Yang et al. (2018, 2019)

t : target catchment.
d: donor catchment.
i: ith catchment descriptors.
k : total number of catchment descriptors.
j: jth model parameter.
CD: catchment descriptor. The climate indices in CDs varied from the calibration to verification period, others are assumed as constant.

Table 5
The tested regionalization methods in this study.

Regionalization methods Abbreviation

Spatial proximity methods with parameter average option SP-par
Spatial proximity methods with output average option SP-out
Physical similarity methods with parameter average option Phy-par
Physical similarity methods with output average option Phy-out
Principal Component Regression method PCR

Fig. 4. The performance of hydrological models by split-sample test evaluated by the F value over 86 catchments. The left panel shows the results for calibration in
1980–1989 and verification in 2006–2015; the right panel displays the results of calibration in 2006–2015 and verification in 1980–1989.

Table 6
Average model performance in terms of Pbias, NSE and NSElog over the tested
catchments in the split-sample test.

calibration verification

1980–1989 2006–2015 2006–2015 1980–1989

Pbias GR4J −0.81 −0.49 −4.37 −2.32
WASMOD 2.61 3.15 −0.54 3.26
HBV −1.62 −1.49 −3.69 −3.90
XAJ −2.34 −1.69 −3.48 −1.80

NSE GR4J 0.76 0.76 0.67 0.66
WASMOD 0.77 0.76 0.68 0.67
HBV 0.77 0.76 0.65 0.65
XAJ 0.79 0.78 0.72 0.71

NSElog GR4J 0.74 0.75 0.39 0.37
WASMOD 0.67 0.71 0.58 0.55
HBV 0.37 0.51 0.28 0.33
XAJ 0.51 0.65 0.52 0.55
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proximity methods. Therefore, for practical applications, it is highly
recommended to analyze the relationship between the regionalization
performance and the number of donor catchments to choose the best
configuration to obtain the optimal results for each case.

4.2.2. Regionalization performance assessment for all catchments
As discussed in Section 2.2 (Figure 2 and Table 1), the climate

conditions, especially air temperature, differed between 1980 and 1989
and 2006–2015. This section presents the influence of climate condi-
tions on regionalization performance when the models are calibrated in
1980–1989. The evaluation results presented here applied the opti-
mized number of donor catchments for each method and model, as
shown in Table 7.

4.2.2.1. Comparison of regionalization performance between hydrological
models. Figure 6 shows the distribution of F values as split violin plots
for the five regionalization methods and four hydrological models for
both the calibration and verification periods. Foremost, for all the
hydrological models, the regionalization methods applying the output
averaging option (SP-out and Phy-out) showed better performance than
the parameter averaging option (SP-par and Phy-par), and the regression
method is the worst (compare black dots with circles). This ranking
applies for both the calibration and the verification periods, where the
methods with output averaging options presented more negative skewed
distributions and higher mode values than those of the other methods.
On the other hand, for both periods, the difference in the average
performance between the regionalization methods is smaller for GR4J
than for the other models. This difference seems to increase with the
number of model parameters and is thus largest for XAJ. For instance, in
the calibration period, the range in the average F values between the
regionalization methods equals 0.04 for GR4J and 0.09 for XAJ. Finally,
from the calibration to verification period, performances decreased for
all the hydrological models and regionalization methods but to various
extents. Measured by the decrease in the overall mean F values from the

calibration (solid line) to verification (dashed line) period, HBV and XAJ
displayed larger declines in performance than those of GR4J and
WASMOD.
Figure7 compares the regionalization performance in terms of the

average values of Pbias, NSE and NSElog for all catchments using four
hydrological models in the calibration and verification periods.
Appendix A presents the violin plot for the evaluation criteria over all
the tested catchments.
Regarding the water balance simulation, all average values of Pbias

vary within (−10%, 10%). The smallest water balance error for re-
gionalized runoff simulation varies with the hydrological models and
regionalization methods. In general, SP-out and Phy-out tend to yield
smaller errors for water balance simulation than those of the other
methods.
The NSE results give similar findings as the F value. First, SP-out and

Phy-out methods perform best for all the hydrological models, with all
average NSE values larger than 0.6, and PCR performs worst. Second,
the difference in NSE between the regionalization methods increases
with the growing number of parameters for the hydrological models.
For example, the regionalization performance in the calibration period
ranges within (0.57, 0.61) for GR4J and (0.57, 0.67) for XAJ. Third,
relatively larger degradation of the average regionalization perfor-
mance is found using the HBV and XAJ models from the calibration to
the verification period.
For the low-flow evaluation, the regionalization methods with the

output average option (SP-out and Phy-out) substantially outperform
the other methods, and the performance differences between the re-
gionalization methods are more distinct for HBV and XAJ. Furthermore,
the average performance of the regionalization methods is highly in-
fluenced by the hydrological models. In this study, WASMOD and HBV
produced the highest and lowest average NSElog values for the re-
gionalization methods, respectively. Compared with the results from
the NSE and F values, the evaluation by NSElog presents a more re-
cognizable performance difference between the regionalization
methods and hydrological models, as well as the difference between the
two subperiods.

4.2.2.2. Comparison of performance between regionalization
methods. Figure 8 compares the performance difference in terms of
NSE and NSElog between the hydrological models for each
regionalization method during the calibration and verification
periods. We omit the results of the F value and Pbias in the following
analysis due to high similarity between the results from the F value and
NSE (see Figure 6 and Appendix A) and small average |Pbias| values
(see Figure 7).

Fig. 5. Model performance versus number of donor catchments for the distance-based regionalization methods and four different models. The number of model
parameters is given in the parenthesis next to the model name.

Table 7
The number of donor catchments providing the best performance for each re-
gionalization method and hydrological model in the leave-one-out cross vali-
dation.

GR4J WASMOD HBV XAJ

SP-par 7 4 8 2
SP-out 10 9 8 9
Phy-par 3 2 2 3
Phy-out 3 5 5 3
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According to the average NSE values, XAJ is considered the best
hydrological model for all the distance-based regionalization methods
and the second best model for PCR. GR4J shows the best results for PCR,
but the difference in performance between the models (the gray bars for
PCR) is smallest among the regionalization methods, indicating that the
hydrological models have relatively smaller influence on the regression
method than on the distance-based methods. However, this difference is
enhanced from the calibration to the verification period, indicating a
larger influence of the hydrological model on future runoff predictions.
According to NSElog, WASMOD shows the best performance for all the
regionalization methods and for both periods. In general, a larger dif-
ference between the hydrological models appears for low flows (in-
dicated by NSElog) than for high flows (indicated by NSE).

4.2.3. Assessment of regionalization performance for different climatic
regions
The three climatic regions shown in Figure 1 display very different

runoff regimes, particularly between the oceanic and the two remaining
groups (Figure 2). For illustration purposes, the dependence of the per-
formance of the regionalization methods on the geographical regions as
measured by NSE is shown in Figure 9. It is seen that the oceanic region
presented generally better regionalization performance than that of the
other two regions, whose performance variation was smaller as well
(only four performance classes shown on the figure). Then, some
common characteristics are presented in all the regions. First, when

considering the regionalization methods, the output averaging option
tended to give higher performance than all the other methods. When
focusing on the hydrological models, XAJ showed the best performance
in most cases for both the calibration and verification periods. Otherwise,
none of the remaining models consistently showed better results than the
other models for all climatic regions and regionalization methods. Fi-
nally, GR4J produced the lowest variation in performance within the
climatic regions between the regionalization methods in almost all cases.
From the calibration to verification period, the highest ranking for XAJ
with SP-out and Phy-out methods did not change.

5. Discussion

5.1. Hydrological model performance

According to the performance classification presented by Moriasi
et al. (2007), the split-sample test result in our study indicated that all
the hydrological models were able to provide ‘good’ simulations of
runoff for both the calibration and the verification periods. Especially
for the water balance simulation, the mean values of |Pbias| for all the
studied models are smaller than 5%.
According to the evaluations in the calibration period based on the F

value and NSE in our study area, XAJ is the best-performing model, and
the performance tends to decrease with a decrease in the number of
parameters for the hydrological models. This finding is in line with the

Fig. 6. Split violin plots show the distributions of F values for the five regionalization methods by each hydrological model during the calibration (left side of the
violin) and verification (right side of the voilin) periods. For each model and regionalization method, the solid black dots show the average performance for the
calibration period, whereas the black circle shows the corresponding value for the verification period. The average performance of all regionalization methods for
each hydrological model is shown as a solid line for the calibration period and as a dashed line for the verification period. The plot displays results from the 86 study
catchments. The ‘model’ in the x-axis label shows the hydrological model performance in the calibration (left side of the violin) and validation (right side of the
voilin) periods.
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Fig. 7. Average performance for the different hydrological models and regionalization methods, given by Pbias, NSE and NSElog. Model* is the result of model
simulation performance in the calibration (‘calib’) and verification (‘valid’) periods.

Fig. 8. Comparison of hydrological model performance over five regionalization methods in the calibration and verification periods. The bar shows the maximum
difference between the hydrological models evaluated by the average NSE and NSElog values over 86 catchments.
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statement that increasing the number of model parameters can lead to
better performance during the calibration period (e.g., Perrin et al.,
2001; Petheram et al., 2012; Parajka et al., 2013). However, the result
in terms of low flow simulation (evaluations by NSElog) did not support
that statement. For example, WASMOD outperformed XAJ and HBV for
both subperiods. Therefore, further study is needed to assess the re-
lationship between hydrological model complexity and performance in
terms of low flow. Furthermore, for the verification results, the per-
formances among the models varied substantially. The degradation of
performance is quite similar between the hydrological models evalu-
ating by the F value and NSE, but distinct differences are shown in the
NSElog results. It reminds us that specific criteria are needed for eva-
luation of hydrological models when the emphasis stands on low flow
or draughts. Regarding the model performance change from the cali-
bration to the verification period, the model performance of the XAJ
model did not vary substantially. This is incompatible with earlier
findings, which suggest that a complex model tends to have less stable
performance than simple models in the verification period (e.g., Perrin
et al., 2001; Holländer et al., 2009). This phenomenon might relate to
the model structure; for instance, the runoff concentration in the XAJ
model includes surface runoff, interflow runoff and groundwater runoff
with three parameters that may better represent the processes in our
study catchments.

5.2. Evaluation of regionalization methods

5.2.1. Influence of the number of donor catchments on performance
To test the influence of the number of donor catchments on model

performance, we examined the relationship between regionalization
performance and the number of donor catchments for all the models
with distance-based methods. The results indicate that using one donor
catchment, which might be either the spatially nearest or physically
most similar watershed, gives worse results than using a set of donor
catchments. This conclusion is supported by all the tested models in our
study, which is in line with previous findings (e.g., Arsenault and

Brissette, 2014; Oudin et al., 2008). Multiple donor catchments typi-
cally provide more information than single donor catchments, which
may explain the behavior described above (e.g., Viney et al., 2009b).
However, the output averaging option might tend to smooth the flow
variability as the number of donor catchments increases. This is espe-
cially the case if the donors give models with different time lags be-
tween rainfall and peak flow. Therefore, the smoothing effect and trade-
off between the benefits of gains in performance with “more informa-
tion” and loss of performance due to this possible smoothing is worth
further investigation in future studies. Our results additionally con-
firmed that the output averaging option provided better performance
than the parameter averaging option in all the model and method
combinations (e.g., Oudin et al., 2008, Bao et al., 2012; Yang et al.,
2018). Since we applied hydrological models with different complex-
ities and number of parameters, a promising and new finding is pre-
sented in this study: the difference in performance between the para-
meter averaging and output averaging options increases with the
number of model parameters (see Figure 5). First, this result can be
explained by the ‘nonlinear independence’ influence between model
parameters; thus, transferring the linearly interpolated individual
model parameter value (the parameter averaging option) will lead to
unreasonable model parameters and results (Bárdossy, 2007). Second,
hydrological models with more parameters tend to increase the inter-
action between their parameters (e.g., Perrin et al., 2003; Poissant
et al., 2017). Hence, we should consider the model parameters as a
whole set rather than individual values for regionalization research as
suggested by Bárdossy (2007) and Oudin et al. (2008).
Some previous studies used one donor catchment for regionalization

evaluation according to spatial or physical similarity and concluded that
the difference in performance between hydrological models is negligible
(e.g., Viney et al., 2009b; Chiew, 2010; Petheram et al., 2012). However,
in the current study, XAJ produced distinct results from the other models
(see Figure 5 results with 1 donor catchment), which suggests that the
performance of regionalization methods is affected by the choice of hy-
drological models even with one donor catchment.

Fig. 9. The performance of the regionalization
methods and hydrological models in different
climatic regions. The size of the boxes is pro-
portional to the average NSE value of the catch-
ments within each climate group. The upper
panel shows the results from the calibration
period, and the lower panel shows the verifica-
tion period. The number of catchments in each
group is given in the title of each column. The
‘Model’ in the x-axis label shows the hydrological
model performance for runoff simulation without
regionalization.
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5.2.2. Assessment over hydrological models
Although we claimed that the methods with the output averaging

option (SP-out and Phy-out) produced better performance than the
other methods, it is difficult to determine the most appropriate method
between the spatial proximity (SP-out) and physical similarity (Phy-
out) methods (also valid for excluding the influence on the hydrological
model performance of calibration and verification, see Appendix B).
This is consistent with the evaluation by using one hydrological model
(monthly WASMOD) in the same area by Yang et al. (2018). According
to the explanation from Oudin et al. (2008), it is not possible to decide
which approach (SP-out or Phy-out) is the most appropriate one when
the streaming network density is lower than 60 stations per
100,000 km2. As we used four hydrological models at different com-
plexity levels, this result additionally confirmed that this assertion is
independent of the selection of hydrological models.
Investigating the model preference for regionalization methods

from different aspects, XAJ should be preferred when the evaluation is
more focused on high flow, while WASMOD should be considered for
low-flow analysis. This result is consistent with the model performance
for gauged catchments (see Figure 4 and Table 6). This result tends to
support the claim that there is no incentive to prefer a parsimonious
hydrological model for regionalization studies rather than a model with
adequate complexity (Arsenault et al., 2015; Poissant et al., 2017).
However, hydrological models with fewer parameters are re-
commended when no preknowledge about the regionalization perfor-
mance is available since the performance difference between the re-
gionalization methods is relatively smaller. For the regression method,
the model with more parameters works worse, probably due to the
stronger interaction influence when increasing the number of para-
meters (e.g., Perrin et al., 2003; Poissant et al., 2017). Another lim-
itation of the regression method is that not all the functions for the
model parameters follow the linear assumption (e.g., Blöschl, 2005)
and poor performance results from the accumulated errors.

5.2.3. Assessment in different climatic regions
According to both the NSE and NSElog results, SP-out and Phy-

out perform best for all the climatic regions. Therefore, it seems
reasonable to conclude that the selection of the climatic region has
no large effect on the ranking of regionalization methods. However,
the average regionalization performance in the oceanic climate re-
gion is substantially better and varies within a smaller range than in
the other two cold regions. This indicates that the uncertainty in the
selection of regionalization methods is larger in cold and dry regions
than in warm and wet regions (see Figure 2). Due to the limited
number of catchments in the oceanic climate and polar tundra cli-
mate regions, further comprehensive studies are needed to conclude
the preferences of hydrological models and regionalization methods
over various regions.

6. Conclusions

The main aim of this study was to investigate how different com-
binations of regionalization methods, hydrological models and climate
conditions will influence the overall performance of hydrological si-
mulations in ungauged basins. We assessed the performance of four
hydrological models and five regionalization schemes (a) under sta-
tionary climate conditions to test how the performance of the

regionalization methods depends on the choice of hydrological models,
(b) under different climate conditions to assess the stability in perfor-
mance of the hydrological models and regionalization methods as cli-
mate changes, and (c) in different climatic regions to test how the
performances of the simulations vary between these regions. The study
was performed using data from 86 catchments in Norway, covering
three climatic groups according to the Köppen-Geiger classification.
In this study, we found that for all the hydrological models, the

distance-based approaches with the output averaging option (SP-out
and Phy-out) always outperformed the other tested methods, especially
for the low-flow estimation. Second, the difference in performance
between the output and parameter averaging options is not stable and
positively increases with the number of parameters for the hydrological
models. From our study, the performance difference between these
options is the largest for XAJ and the smallest for GR4J. Third, the
performance difference among the regionalization methods was smaller
for models with fewer parameters (GR4J and WASMOD) compared to
that of the models with more tunable parameters (HBV and XAJ).
Regarding the model influence on regionalization performance, XAJ is
recommended as the best-performing model according to the evalua-
tions by NSE and F values, whereas NSElog recommends WASMOD as
the best through the evaluation. Furthermore, clear differences in
general were displayed for three climatic regions, and oceanic climatic
regions provided the best performance and smallest variance over the
regionalization methods and hydrological models. Moreover, the dif-
ference in hydrological model performance seems smaller among the
regionalization methods than among the climate regions. From cali-
bration to verification periods, the general performance for the re-
gionalization methods did not show large degradations.
Although this study produced some solid conclusions that were not

available before, there are some limitations of the current study.
Compared with the general evaluation of hydrograph fit and water
balance, assessment with emphasis on low flow showed more con-
trasting results, which requires closer attention in future work. In ad-
dition, studies with more different hydrological models are needed to
show the influence of hydrological model selection on regionalization
performance. Moreover, studies with more contrast in climate condi-
tions are recommended to investigate the transferability of conclusions
across climate regions and climate changing conditions, which is es-
sential for future prediction.
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Appendix

Appendix A. The performance assessment over all tested catchments by Pbias, NSE and NSElog during calibration (left side of the violin) and verification (right side
of the violin) periods. For each model and regionalization method, the solid black dots show the average performance for the calibration period, whereas the black
circles show the corresponding values for the verification period. The average performance of all the regionalization methods for each hydrological model is shown as
a solid line for the calibration period and as a dashed line for the verification period. Model* shows the hydrological model performance for calibration (left side of
the violin) and verification (right side of the violin).
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