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Abstract. Research on regionalisation in hydrology has (CMs). PMs describe distributed mechanics of hydrological
been constantly advancing due to the need for prediction oprocesses. Such models are appropriate for studying the ef-
streamflow in ungauged catchments. There are two typegects of land use changes, soil erosion, surface groundwater
of studies that use regionalisation techniques for ungaugeéhteractions Todini, 1996 because their parameters are (or
catchments. One type estimates parameters of streamfloaupposed to be) reflected in the field measurem&esdn
statistics, flood quantiles in most cases. The other type esti1989. In practice, they do not represent physical processes
mates parameters of a rainfall-runoff model for simulating as they are purported to, especially in the reality of hetero-
continuous streamflow or estimates continuous streamflovgeneity and complexity of water flows in the fielBIdschl
without using a model. Almost all methods applied to the and Sivapalan1995 Sivapalan2003. Beven(1989 made
latter can be applied to the former. This paper reviews allan interesting assertion on current PMs arguing that they are
methods that are applied to continuous streamflow estimain fact lumped CMs; even if they operate at the grid scale
tion for ungauged catchments. We divide them into two gen-rather than at the catchment scale of more traditional lumped
eral categories: (1) distance-based and (2) regression-basetbnceptual models. CMs, on the other hand, are well-known
Methods that fall within each category are reviewed first andfor their moderate data requirement. They provailpli-
followed with a discussion on merits or problems associatedied representations of key hydrological processes using a
with these various methods. perceived systerfDawson and Wilby2001). But they ex-

hibit deficiencies when dealing with ungauged catchments
because their model parameters cannot be obtained through
calibration. Their conceptual basis also limits their ability to
deal with climate/landuse change and other dynamic changes
taking place in many catchments. This is due to the fact that
they only perform reasonably well with calibration based on
past data which does not necessarily reflect the future. The
calibration-dependent nature and static features associated
with CMs highly constrain their application for prediction

in catchments that is ungauged or undergoing climate and/or
thsical changesHe et al, 2011). In a broad and practi-

cal sense, ungauged catchments do not only refer to the ones
without past stream flow observations but also those catch-
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1 Introduction

The derivation of relationships between the rainfall over a
catchment area and the resulting flow in a river is a funda-
mental problem for the hydrologisRainfall-runoff models

of different types provide a means of quantitative extrapola-
tion or prediction of discharge and estimation of water bal-
ance Beven 2000. Two dominant types of these models

are physically-based models (PMs) and conceptual model
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Table 1. Definition of regionalisation as it appears in the literature chronologically.

Authors Term used Definition
Riggs(1973 Regional analysis  Extending records in space.
Gottschalk(1985 Regionalization Areal classification, the ability to attach

to location a label or number
which is hydrologically meaningful.

Bloschl and Sivapalafl995 Regionalization Transfer of information from
one catchment to another.

Wagener and Wheat¢200§ Regionalization This statistical relationship and the

or measurable properties of the ungauged
Spatial catchmentthat is used to derive estimates
generalization of the (local) model parameters.

Young (2006 Regionalisation Relating hydrological phenomena to

physical and climatic characteristics
of a catchment/region.

Oudin et al(2010 Regionalization All methods allowing transfer
of hydrological information from
gauged to ungauged locations.

Regardless of the type of hydrological model used to de-with estimation of rainfall-runoff model parameters for con-
rive rainfall and runoff relationships, estimation of model tinuous streamflow simulation in ungauged catchments. The
parameters and prediction in ungauged catchments are pamost intuitive regionalisation method is to identify similar
ticularly difficult and are always associated with consider- or proxy catchments, be it location-wise or behaviour-wise.
able uncertainties. Estimation of streamflow statistics in un-The concept of catchment similarity is the foundation of all
gauged catchments is another issue that is always encounlistance-based methods for regionalisation. This category of
tered when engineering design is needed for hydraulic strucmethods is reviewed in Sect. 2 Distance-based regional anal-
tures. Research focus on prediction in ungauged catchmentssis. Parameters can be related to catchment descriptors by
was formally endorsed and set out by the PUB (Prediction inusing regression functions in which rainfall-runoff model pa-
Ungauged Basins) Science and Implementation Plan withirameters and catchment descriptors become explained vari-
the IAHS (International Association of Hydrological Sci- ables and explanatory variables respectively. This category
ences) Bureau in 2005{vapalan et al.2003. Regional-  of methods is reviewed in Sect. 3 Regression-based regional
isation techniques have been designed to enable estimatesalysis. The two categories are illustrated in Fig. 1.
of statistical distribution parameters of stream flow char-
acteristics, e.g. flood frequency distribution, low flow fre-
quency distribution, flow duration curves etc., or rainfall-
runoff model parameters to simulate continuous stream flow? Distance-based regional analysis
at ungauged catchments. They aim to transfer information
from one catchment or a group of catchments to another on®istance-based regional analysis is essentially linked to the
or another group. The definitions of regionalisation (Table 1)subject of catchment classification. If a hydrologically ho-
vary depending on contexts and place emphasis on extrapanogeneous region, either joint or disjoint, can be identified
lation of time series, classification or statistical relationship. using various classification approaches, information can be

The development of regional analysis for streamflow transferred from data-rich to data-poor catchments. The most
statistics has a relatively long and rich history and much of itsapparent and straightforward way is to use geographical dis-
development has benefited the advancement of regional esance as the basis to classify similar catchments. A slightly
timation of rainfall-runoff model parameters for continuous more sophisticated approach is to apply spatial interpolation.
streamflow simulation\{ogel, 2005. Almost all methods These approaches are reviewed in Sect. 2.1 Geographical dis-
applied to the latter are adapted from the former and hencéance. Geographical neighbouring catchments do not nec-
applicable to the former, with the exception of a number of essarily share similar hydrological behaviour and responses.
emerging methods that have only been tested with rainfallinformation transfer amongst hydrologically similar catch-
runoff models. The focus of this paper is on studies dealingments is considered more sensible. Catchments are classified
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Fig. 1. The two categories of methods for regional estimation of continuous streamflow and the session structure of the paper.

based on their hydrological similarity and these methods areneighbouring catchments as direct discharge donors for up-

reviewed in Sect. 2.2 Hydrological distance. dating forecasts in addition to the use of their model param-
eters, but find rather poor performance.
2.1 Geographical distance A slightly more sophisticated procedure that makes use of

parameters from neighbouring gauged catchments is to ap-
Itis assumed that catchments that are close in a geographicgly geo-statistical methods such as “kriging” and “inverse
space also behave similarly based on the premise that hyistance weighting” to interpolate parameter values over the
drological response is likely to vary gradually and smoothly geographical space (e.gandewiele and Eligsl995 Merz
in space and hence spatial proximity is a reasonable indicaand Bbsch| 2004 Parajka et a).2005 Viviroli et al., 2009.
tor for catchment similarityBl6sch| 2009. Euclidean dis-  Mixed performance is reported. For exampl@ndewiele
tanced is commonly used to compute the geographical dis-and Elias(1995 found that out of the 75 Belgian catch-

tance between a pair of catchments. ments 72% can be well modelled using kriging compared
to 44 % using simple neighbouring catchments. Bldrz
drg = \/(Xt — X2 + (Y; — Yg)? (1) and Bbschl (2004 found only tiny decrease in the model

performance using kriging compared to neighbouring catch-

whereX;, ¥; and X4, Y4 are the geographical coordinates of ments in Austria. Using the same data sets as reported in
the centroids of the target and donor catchments respectivelyerz and Bbschl (2004 but an improved model version,
Target catchments here refer to poorly gauged (with someParajka et al(2005 find close performance between krig-
past hydrometric data), completely ungauged or pseudoing and simply neighbouring but the former is slightly better
ungauged (regarded as ungauged for research purpose) catchan the latter. One may look for reasons associated with
ments that require information to be transferred from donorthe physiographic characteristics of the two populations of
catchments. Donor catchments are gauged catchments idepatchments with one located in the largely heteogeneous high
tified to be similar to target catchments. The entire rainfall- alpine mountainous region and the other in low land. But the
runoff model parameter set is transfered from the nearestesults are not directly comparable because in the two stud-
catchment or a combination of a number of donor catchmentges the adopted models are different, the temporal resolutions
to the target catchment. It assumes the differences in the seire monthly versus daily, and the simple neighbouring ap-
of parameters arise only from random factdvvifoli et al., proach takes a number of close neighbours versus the im-
2009. mediate up/down-stream catchmentdviroli et al. (2009

Vandewiele and Elia€l995 use neighbouring catchments apply the kriging approach in Switzerland and report a me-
to transfer model parameters. Out of 75 catchments in Beldian Nash-Sutcliffe efficientce (NSE) of 0.69 for validation.
gium, 44 % are well modelled by using neighrouring catch- They do not compare it with regional analysis simply using
ments.Merz and Bbschl(2004) transfer the average value of neighbouring catchmentsArchfield and Vogel(2010 ap-
model parameters from the immediate upstream and downply kriging approach without dealing with model parame-
stream neighbouring catchments in Austria and found thisters. They interpolate correlations of pair-wise streamflow
approach outperforms kriging or regression mettieaindri-  time series over the study area and select the gauged catch-
anasolo et al(2011) use model parameters transfered from ment with the highest correlation as the donor for the un-
neighbouring catchments for ensemble forecast at ungaugeghuged catchment. They find an improved estimation of
catchments in France and show it can provide reasonablgtreamflow compared to the use of the nearest neighbouring
good forecasts at the target catchments. They find perforeatchment. This work makes an implicit assumption that the
mance increases as the number of neighbours increases (frooorrelation of streamflow time series represents catchments’
1 to 20 neighbours as donors) and the best single donor is ophysiographic-climatic characteristics that make up a holistic
average about 18 km away from the target. They also useatchment response, and hence the catchments’ similarity.
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In most studies based on geographical distance, catchmeig sufficiently similar (physically) to the target catchment,
physiographic or climatic descriptors are not taken into ac-the set of rainfall-runoff model parameters can be transposed
count because geographical distances are supposed to playMcintyre et al, 2009. Since a number of regionalisation
dominant role in classification of similar catchmenkderz techniques are developed based on hydrological distances in
and Bbschl (2004 find using average parameter values of the space of physiographic and climatic descriptors, it is nec-
the immediate upstream and downstream catchments peessary to reflect on the subject of hydrological similarity and
form the best amongst all regionalisation methods includingcatchment classification.
kriging and regression methods. They conclude sipatial Many studies can be found in literature that aim at defin-
proximity may be a useful surrogate for unknown controls oning hydrological similarities. For examplB|dschl and Siva-
the runoff regime and hence the model paramet&awicz ~ palan(1995 explore similarities in association with dimen-
et al. (2011 also find spatial proximity a clear indicator of sional analysis from a scalling point of viewmcDonnell
similarity but further suggest spatial proximity may reflect and Wood42004 suggest a catchment classification scheme
similarity in other characteristics. Catchment characteris-needs to include descriptions of fluxes, storages, and re-
tics and responses can change abruptly in space, which malgponse times as explanatory variabM&gener et al2007)
spatial proximity a vague indicator. For examplécintyre view hydrological similarity as a joint functional response
et al. (2005 find using the single nearest catchment (to de-based on catchment structural and climatic characteristics
fine posterior likelihoods) gives the worse performance indi-and a physically meaningful classification is to map them
cating UK geology often changes markedly between neigh-into a functional space (see Fig. 2).
bouring catchments. Experience can also be learned from the Catchment structure and hydro-climatic regimes play
development of regional analysis for streamflow statistics.dominant roles in shaping hydrological responses in a nat-
For exampleReed et al(1999 discuss catchment classifi- ural catchment. Earlier work often takes a single feature to
cations based on hydrological similarities are more relevantlassify regions, e.g. isoline mapslerbertson(1912 uses
than those based on geographical proximi@uarda et al.  isotherm lines to classify the thermal regions of the world.
(2007 demonstrate geographical locations of catchments arét is a prototype of climatic classification leading to its de-
not significant variables in a canonical correlation analysisvelopment in hydrologyBudyko (1974 proposes a climatic
and hence do not necessarily lead to hydrological similarity.classification based on energy balance and described the cli-
Shu and Burr{2003 suggest geographical proximity cannot matic condition of each area with a 3-symbol combination.
always be regarded as hydrological homogeneity. The climatic dryness index defined as a ratio between aver-

It is not unexpected that spatial proximity is reported in age annual potential evaporation and average annual precipi-
various studies as good or poor indicators of similarity. Manytation is used to classify arid regions of the woltNESCQ
studies in different regions can be carried out and a mixedl979. Woods(2006 proposes three family indices to iden-
outcome is anticipated. This is because we do not yet postify the dominant state of stored water including pore water,
sess the knowledge of underlining reasons for catchmentrozen water and open water, as the state of dominant storage

similarity. impacts and affected by catchment processes and climatic
conditions. The indices are more useful for catchment clas-
2.2 Hydrological distance sification as they take into account not only climatic features

but more the interaction with surface and subsurface waters.
A catchment is an indissoluble bond of landscape, geology;The limitations to these indices lie in the heavy data demand
climate as well as human factors, which are generally re-of soil attributes and the simplifying assumptions the indices
garded as physiographic and climatic attributes or descripare based on. Readers can refeagener et al(2007) for
tors. In practice, collection and compilation of catchment a review on more recent development of classification based
descriptors involve, to various extents, upscalling or down-on hydro-climatic regime.
scalling procedures because of tteinning degree of het- With respect to catchment structural propertd&gener
erogeneity and variability in both space and tirf®6schl et al.(2007) describe them mainly in the form of:

andds_wa;]pala,nl%af. ThehS|m|Ia(rj|ty cqncept Eeri is consid- . 1. Dimensionless numbgsuch as stream orde@rton,
ered in the space of catchment descriptors that have causative 1945 Strahler 1957), bifurcation ratio Horton, 1945,

links with hydrological behaviour and make regionalisation drai density. hills| Peclet bB t
hydrologically meaningfulGottschalk 1985. Zgﬂgae?:d Seonzlny, lislope Peclet numbBetne et al

2.2.1 Physiographic-climatic 2. Curves or distributionssuch as the hypsometric curve,
first introduced byLangbein(1947) is an empirical cu-
The rationale of regional analysis based on hydrological sim- mulative height frequency curve for the Earth’s surface

ilarity is that catchment physiographic and climatic charac- or a catchment. The topographic index curve or the
teristics can predetermine hydrological behavidurf and topographic index is conceptualized Kirkby (1975.
Boorman 1993 Oudin et al, 2010. If the donor catchment The index(«/tang) is a ratio betweew — the drained
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area per unit contour length and far the slope of the  whereX;; andXq; are the value of each catchment descrip-
ground surface at the specific location. The locationstori (i =1, ...,I) for the target and donor catchment respec-
with the same index value can respond in a hydrologi-tively, w; is the weight associated with thiecatchment de-
cally similar way.). scriptor, andoy; is the standard deviation of the descriptor
across the entire set of catchments under study. The smaller
3. Conceptual modetlefined as a simplified schematic the distancel; 4 between the target and donor catchment, the
representation of the subsurface hydrological processesnore similar they are. When a single descriptor is consid-
An example is the HOST (Hydrology of Soil Types) ered,w, for other descriptors is set to zero. When all de-
classification systemBpoorman et al.1995 which has  gcriptors are considered to be equally important,is set
been used to group all UK soils into 29 classes and fur-tg one (e.g.Parajka et aJ.2005 Kay et al, 2007 Oudin
ther regionalised a baseflow index. et al, 2008 Zhang and Chiew2009. w; can be set to a
. . . . . specific value based on expert judgment (lgtitute of Hy-
4. tl\\/l/v?etgr?r;]tarlzgzzrgq(;?]?\;zg]or?;zv;)deehsa\ioollricrﬁ g?(grggl-e idrology, 1999 Mclintyre et al, 2009 or optimisation (e.qg.
the study conducted e Felice et al(19§3 who ap- Dudin et al, 2010. The descriptotX; can take the natural
logarithm form to avoid highly skewed distribution (elg-

ply a simple conceptual model to classify catchments. _: .
The model uses a variation of the Thornthwaite-MatherStcl)t(l;%e of Hydrology 1999 Mcintyre et al, 2005 Kay et al,

method which represents the catchment as two reser- Once similar catchments are identified, the entire set of

voirs in series. The study demonstrates one m_odel P& odel parameters calibrated on the donor catchments can be
rameters could encompass the complex geological and

) o . . transfered from the closest donor to the target catchment (e.qg.
morphological characteristics and differentiate catch- g (e.g

; . - ..~ Parajka et a).2005 Zhang and Chiep2009. One can also
ments from low, medium to high permeability. Within pool a number of donor catchments that have distances be-
each class, a surrogate valueptould be transfered

to a catchment with similar geological and morpholog- low a threshold value and then take a weighted average of
ical features. The similar catchments identifiedmis the parameter values from the pooled g:atchment; Keay.
. ' N " et al, 2007). The advantage of transferring the entire model
independent from climatic conditions. parameter set is that it does not interfere with the integrity of
The hydrological response of a catchment is a holisticM0del parameters as a set (see discussidridintyre et al,
function that integrates structural and hydro-climatic fea-2003 Parajka et a).2005 Oudin et al, 2010).
tures into one signaturaNagener et al(2007) discuss pos- Trar_lsferrlng a parameter set unavoidably makes two as-
sible metrics that can best integrate similarities based orfUmptions Qudin et al, 2010: (1) the model parameter set
catchment structures and hydro-climatic regions to represerfi€fl€cts hydrological behaviour and (2) catchments classified
catchment response behaviour. They also point out similat" the space of physiographic-climatic descriptors are similar
catchment responses ought to be considered in associatidhl their hydrological behaviour. The first assumption is the
with spatial and temporal scales. Figure 2 illustrates the genPasis Of using a rainfall-runoff model in continuous stream-
eral framework of hydrological similarity based Wagener flow simulation. If a modgl does not capture the correct pro-
et al.(2007. cesses of runoff generation from rainfall over a catchment,

A practical impetus behind the investigation of hydrolog- t€re is no point of transferring flawed model parameters.
ical similarity is the need for regional flood frequency anal- Model reliability, as well as uncertainty, is a widely discussed

ysis @Bléschl and Sivapalari995. A great amount of lit- topic e_md _beyond the scope of this review. The second as-
erature in regional streamflow statistics using physiographicSUmPption is fundamental to the hydrological distance-based
climatic distance is present. These studies are beyond thEggionalisation technique©udin et al.(201( demonstrate

scope of this review and thus not covered here. Neverthe!!Sing 893 French and 10 English catchments that similar-
less, the readers are encouraged to explore related literaturlly Pased on physiographic-climatic descriptors cannot nec-
As more and more spatial data and complex rainfall-runofféssarily be translated into h_ydrologlcal S|m|Iar|M.c.Intyre .

models are made available following the advancement inEt &l-(2009 also show no evidence that close physiographic-

computer technology, the techniques developed in the forClimatic distance contribute to improved simulation in un-
mer studies are increasingly applied to continuous streamd@uged catchments. More studies are needed to examine if
flow simulation. catchments classified in the space of physiographic-climatic

In regional studies for continuous streamflow simulation, d€Scriptors can truly reflect similarities in terms of hydrologi-
measures of physiographic-climatic similarity are defined in €@l Pehaviour and functional responses. Physically meaning-
slightly different ways but take the general form as follows. Ul classification schemes advocateddiggener eta(2007)

are of great importance to the improvement of regionalisation
2 techniques.
Xt — Xd,i
drd = Z wj <—l l) (2)
=11 oXi
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Fig. 2. The general framework of hydrological similarity and catchment classification based on Wagnener et al. (2007).

2.2.2 Transformed coordinates Bardossy(2004). CCA is subject to limitations: (1) the orig-
inal variables should follow normal distributions, (2) nonlin-

A couple of valuable attempts have been made to define metar components of these relationships are not recognised and

rics of hydrological similarity to facilitate development of hence not captured, (3) the solution of the linear correlation

regionalisation. Methods discussed in this section measurés not unique, and (4) the derived linear correlation is hard to

distances or similarities between catchments in a transformebe interpreted. A number of multivariate statistical methods

space of the physiographic-climatic descriptors. can be used in a similar way to define transformed coordinate
Canonical correlation analysis (CCA) has seen a numbe@xes that are orthogonal, for example principal component

of applications in regional statistical analysis (®@earda  a@nalysis. But the bivariate correlation formulated by CCA
et al, 2001 for a review). CCA can be used to investi- makes it easy to perform metrics calculation and is therefore
gate the correlation structure between catchment descriptor@articularly attractive.

and extreme streamflow (e.g. floods) or model parameters in The distances or similarities between catchments pre-
the case of continuous streamflow simulation using a modelsented in this paper thus far describe dependences or bivari-
Readers can refer tQuarda et al(2001) for a full expla-  ate relationships between random variables. The relationship
nation of the CCA's theoretical background and its applica-Will change if the marginal distribution of the random vari-
tion in regional flood frequency estimation. CCA presents aables change. To study the relationship or dependency with-
typical instance where regional statistical analysis has benout being influenced by marginal distribution of each vari-
efited the development of continuous streamflow simulationable, the concept of copula can be introduced to provide a
in ungauged catchmentslundecha et ak2008 test an ap-  similarity measure. Copula is a multivariate distribution with
proach based on the previous work@€iarda et al(200J) uniform marginal distributions, a measure describing depen-
andHundecha and &dossy(2004. The relationships be- dency disregarding the marginals.

tween catchment descriptors and model parameters are de- Samaniego et a{2010 formally investigate three variants
fined with a linear canonical correlation and replaced byof a copula based similarity measure. The two random vari-
canonical variables. A very useful property of canonical vari- ables are streamflow time series for a pair of catchments.
ables is that they are uncorrelated and orthogonal to eacfihe first similarity measure takes into account the degree
other, which makes it possible to be defined as coordinatef symmetry of the empirical copula density. The second
axes. The distance between catchments can be then corand third not only consider the degree of symmetry, but also
puted using the Euclidean metrics in the space defined byhe correlation coefficient of the two random variables. The
canonical coordinate axes. The spatial structure of the modedmpirical copula is estimated on the basis of streamflow be-
parameters is considered in the canonical space using geaause it is regarded as a holistic functional response of all the
statistical approach. The overall performance is better thamphysiographic-climatic descriptors to have on a catchment.
using a regression-based method reportedundecha and The similarity metrics are defined in a transformed space
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of catchment descriptors by using a transformation m&rix hydrological similarity integrates the model based similarity
which relates the:-dimensional space of the catchment de- measure and the measure based on physiographic-climatic
scriptorsX into ak-dimensional space measured with co-  descriptors. It is a promising approach because it elimi-
ordinates ofU. TheB is obtained using a so called local nates or minimises influence of unsuitable or poorly cali-
variance reducing technique (LVR). The LVR is described in brated models (possibly due to unreliable input data or model
full details byBardossy et al(2005 and applied in a num-  structure), and at the same time, it selects donor catchments
ber of regional studies (e.Bardossy et al2005 Hundecha in a way that they do not have physiographic-climatic char-
et al, 2008 He, 2008 Samaniego et 3l2010. acteristics that deviate too far from the target catchments.
Samaniego et a2010 show the copula based similar-
ity measure reduces considerably the 90% confidence in-
terval of the streamflow prediction and outperform the Eu-3 Regression-based regional analysis
clidean metrics for the overall NSE. The copula based sim-
ilarity measure has also been applied to regional analysifnother general category of regionalisation methods to
of streamflow statistics (e.@Chowdhary and Sing2010. estimate rainfall-runoff model parameters for continuous
The measure seems very promising because it is able to destreamflow simulation is based on regression. The most no-
scribe the full stochastic dependence or relationship betweetable early research of regionalisation using regression-based
catchments. There are a number of outstanding issues to beethods was probably carried out byash(1960 who at-
addressed that can potentially help to improve the methodtempted to derive empirical correlations between unit hy-
(1) how to formally determine the dimension of the trans- drographs and the characteristics of the catchment. And
formed space:, and (2) which copula based similarity for- almost at the same tim&alrymple (1960 reported a re-

mulation is the most robust measure. gionalisation procedure to obtain flood frequency curve for
sites with or without gauging station records. Since then,
2.3 Other similarity measures a plethora of studies have been carried out in estimating

rainfall-runoff model parameters or stream flow statistics for
There are a couple of studies that consider hydrological simungauged catchments. This section discusses three variants
ilarity without using formally defined coordinates and do of regression-based regionalisation methods.
not directly transpose model parameters from gauged catch-
ments. For exampleQudin et al.(2010 uses hydrological 3.1 Two-step regression
models to measure hydrological similarity. If a number of
parameter sets all lead to satisfactory model performance fofhe two-step regression method is the most widely used re-
a pair or group of catchments, they are considered as hygionalisation method. In the regional study conducted by
drologically similar catchments. To prove this similarity is Nash(1960, two parameter values of the instantaneous unit
not dependent on the model usédl din et al.(2010 also hydrograph lash 1957 were estimated for an ungauged
compare similar catchments obtained by using two differ-catchment by using regression relationship obtained from 60
ent models and conclude they identify similar pools of hy- other gauged catchments in the UK. The parameters are ex-
drologically similar catchments for most target catchments.pressed as linear functions of a number of topographic char-
Mclntyre et al.(2005 apply an ensemble approach to esti- acteristics such as catchment area, slope and length of the
mate streamflow time series based on a weighted average ofiain channel. It is a valuable attempt although the stream-
a number of selected models and a number of donor catchflow prediction at the ungauged catchment is rather poor.
ments. The weights computed from each donor catchmenRoss(1970 andJameg1972 demonstrate significant cor-
using each selected model are used as prior and posterioelations between certain model parameters and catchment
likelihoods in a similar manner as the framework of the gen-characteristics using the Kentucky Fortran Version of the
eralized likelihood uncertainty estimation (GLUEpdven  Stanford Watershed Model INCfawford and Linsley1966.
and Binley 1992. The prior likelihoods reflect the model's James(1972 further propose a similar linear regression-
goodness-of-fit on the gauged catchments. A threshold valubased approach to be used on an ungauged catchment, that
is set to select the satisfactory models or parameter sets. The to relate the model parameters to measurable catchment
higher the prior likelihood, the more chance the particularcharacteristics with a regression function, but does not in his
model or model parameter set can stand out to contribute tpaper engage in predicting streamflow using the parameters
the weighted streamflow value. The prior likelihoods is to assessed from the regressions. Dozens of studies follow this
directly measure the suitability of a particular model or pa- school of thought to predict streamflow in ungauged catch-
rameter set for the gauged catchments. They indirectly repments using relationship found between certain model pa-
resent a model based similarity. The posterior likelihoodsrameters and catchment descriptors (dayboe and Haan
take into consideration the hydrological similarity on the 1974 Heerdegen and Reicli974 Weeks and Ashkanasy
basis of physiographic-climatic descriptors (as discussed ir1983 Waylen and Wop1984 Weeks and Boughtori987
Sect. 2.2.1). This study presents an example whereby th&arlinger et al, 1988 Servat and Dezettet993 Tung et al,
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1997 Abdulla and Lettenmaierl997ab; Kull and Feld-  tinue until the last parameter is calibrated and its regression

man 1998 Sefton and Howarth1998 Post et al. 1998 function is obtained. Detailed explanation of the method and

Post and Jakemath999 Xu, 1999 Seiberf 1999 Kokkonen  case studies can be found inafnb et al, 200Q Lamb and

et al, 2003 Mwakalila, 2003 Xu, 2003 Merz and Bbsch| Kay, 2002 2004 Wagener and Wheate2006. An outline

2004 Wagener and Wheatg2006 Heuvelmans et 312006 flowchart of the sequential regression procedure can be found

Young, 2006. They carry out regionalisation with two steps: in Lamb and Kay2002 p.70).Calver et al(2005 present a

(1) calibrate model parameters (MPs, hereafter) for eachmodified version of this method. It adds a so-called “second

catchment and (2) relate MPs to catchment descriptors (CDgass” to repeat the same sequential procedure once again, but

hereafter). In other words, the method starts with maximis-the order of parameters remains the same as that of the “first

ing the goodness of fit between observed and simulated digpass”. Detailed procedure is illustrateddalver et al (2005

charges for each individual catchment and then proceed tp.48).

obtain an optimal correlation between each MP and one or The advantage of sequential regression is that it enhances

a number of CDs. Multiple regression is commonly usedthe identifiability of the model parameterwagener and

to formulate relationship between MPs and CDs and solvedVheate (2006 demonstrate the improvement in the parame-

by least square solutions. In the case of regional streamflower identifiability after each round of calibration, but unfortu-

statistics, it is the statistical distribution parameters insteachately, the improved identifiability does not lead to stronger

of MPs that are related to CDs. relationship between MPs and CDs. In general, sequential
The method seems effective and straightforward in estiregression is reported to perform better than the two-step re-

mating the MPs of ungauged catchments but relationshipgression (e.g.amb et al, 200Q Lamb and Kay2002 2004

found between MPs and CDs are often weak and predictiorCalver et al. 2005. Wagener and WheatéR006§ report

in ungauged catchments achieves limited succEesn@n-  worse performance of sequential regression compared to the

dez et al. 2000 Hundecha and &dossy 2004 Kim and two-step regression, which is likely due to the single objec-

Kaluarachchi2008. Various formulations of objective func- tive function they use in the sequential calibration.

tions and a number of optimisation algorithms have been em-

ployed in an attempt to better calibrate the rainfall runoff 3.3 One-step/simultaneous regression

models, unfortunately the models suffer from the same prob-

lems, namely existence ofiultiple optimaand presence of The one-step regression method was developed based on

high interactionbetween model parameteruczera and the two-step regression method described in Sect. 3.1. The

Mroczkowski 1999. This is the so-called “equifinality” is- method combines two steps into one and calibrates the model

sue discussed Heven(1993 1996 2001); Beven and Freer with all objective functions at the same time, hence it is also

(2003). In addition, multiple catchment characteristics may referred to as simultaneous regression.

be highly correlated with each other or with some linear com- Fernandez et a(2000 present the one-step method and

bination of them and reduce reliability and stability of regres- test it with a monthly water balance model in the southeastern

sion coefficientsHlirsch et al, 1993 Blosch| 2005. region of the United States. Unlike the two-step method, the
model is not calibrated independently from the catchment de-
3.2 Sequential regression scriptors but with an objective function simultaneously tak-

ing into consideration the performance of the multiple regres-
Sequential regression is designed to address the particul&ion measured with the coefficient of determinativhand
problem of poor identifiability of model parameters. The the goodness-of-ﬁRl.2 between predicted discharg# and
method essentially modifies the calibration procedure. In-observed discharg@; at the time step for each catchment
stead of calibrating all model parameters simultaneously in(i =1, ..., N). The generalized reduced gradient algorithm is
one go, it is executed sequentially from the most identifiableused to optimize 3& 4 =120 variables (30 catchments used
parameter to the least one. In each calibration round, differfor calibration). The regression relationships are found to be
ent objective functions can be used to give consideration tanearly perfect. These optimized relationships are tested with
certain aspects of hydrological response mostly represente@ other catchments. The results do not show any improve-
by a specific parameter. This is reported as a multistep automent from the traditional 2-step approach. The loss of model
matic calibration scheme iHogue et al(2000. The sequen-  performance from calibration to validation catchments with
tial order of parameters to be calibrated in each round can béhe proposed one-step approach is almost the same as with
based on hydrological judgment as well as the resulted rethe two-step approach. Based on these results, they suggest
sponse surface in the dotty plots of the objective functionmultivariate regression analysis is not able to uncover basic
versus the parameteCélver et al. 2005. Within each cal-  physical laws and regional studies will not advance unless
ibration round, the most identifiable MP is related to the se-the basic relationships between catchment characteristics and
lected CDs using regression functions. The parameter valuenodel parameters are formulated physically and correctly.
takes the result from the fitted regression and is fixed in the Hundecha and &dossy2004) adopt the one-step method
next calibration round. The calibration and regression con{presented byrernandez et al2000 but select a different
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study region, model, temporal resolution, and CDs. An ag- Identify catchment descriptors
gregated objective functio®y is established to maximize

the model performance in the form of the Nash-Suctliffe ef-
ficiency coef'ficientRl.2 and punish the individual with the
worst model performance. Drainage area, slope, shape, soil Y
properties and land use are related to the model parame-
ters according to their relevance to the processes of runoff
generation and runoff response. Instead of calibrating the
model parameters, the linear coefficients relating the model
parameters and catchment descriptors are calibrated. The
generalized reduced gradient algorithm is also used to find
the optimal solution. In this way, the regional study can be
performed in one step. The relationships established with
30 catchments are tested with 15 other catchments. Most of
them obtain a Nash-Suctliffe efficiency above 0.8. With these
relationships, the method is further implemented to study the
impact on streamflow under three different future land use
scenarios.

It is worth noting here thaternandez et a(2000 seek to
implicitly improve Rf, i.e. the MP-CD relationships, while maximum
Hundecha and &dossy(2004 do not implicitly calibrate
R? for each model parameter. The MP-CD relationships es- Legend

tablished in the latter study may be not as perfect as the for- To calibrate model parameters m

mer, but the improvement in predictability in the latter study

is evident. The former uses CDs which require analysis of To obtain regression functions m

discharge data and the study is intended on formulation of

the one-step approach and finding strong relationships bugig 3. General procedures of the three regression-based regionali-
not necessarily its implementation in ungauged catchmentSsation methods.

On the contrary, the CDs selected in the latter study all fall

within the six most popular CDs ranked out of 15 studies

listed in Table 3 with “shape” as an exception. The CDs instudy between the two-step and one-step regression, unlike
the latter study are selected in such a way is also because fternandez et ak200Q who compare the two approaches
aims to estimate impact of land use change on the ungaugeand demonstrate equivalent performance. Performance could

Select a hydrological model

Two-step Sequential

One-step

Goodness of Fit

catchments. even be worse in the case of one-step regression since param-
eter values may be constrained by the MP-CD relationship
3.4 Comparison of the three methods functions assumed a priori. It is therefore unclear if one-step

regression can lead to significant improvement over two-step
The three regionalisation methods use different proceduresegression. Future studies that apply multiple methods will
to identify optimal model parameters, relate model parame-be very welcome to make comparison possible. And more
ters to catchment descriptors, and account for uncertaintiestudies in different hydro-climatic regions are needed to test
Their general procedures are outlined in Fig. 3. Two-step rethe two less popular methods.
gression methods have been widely tested in different parts Reliability of prediction in ungauged catchments seems
of the world using various catchment descriptors, hydrologi-to depend on the type and quality of catchment descriptors
cal models, and regression functions. In comparison, a relaselected to formulate regression relationshifiggs (1973
tively small number of case studies can be found that use sesuggests some commonly used CDs may not prove signifi-
quential regression or one-step regression. Sequential regresant in a particular regression if the range in the CD is small
sion is reported to perform generally better than the two-stefe.g. all streams in a region have very similar slopes), and
regression, as discussed in Sect. Bldndecha and &dossy  further notes a CD is not necessarily insignificant if it is in-
(2009 show one-step regression produces very good perfrequently used. In order to collate various CDs that have
formance (with goodness of fit above 0.8) using validationbeen used in literature, a total number of 15 regression-based
catchments in both calibration and validation time periods.regional studies (see Table 2) are randomly selected. The
But there is no guarantee the same method can be adopte€Ds used in these studies are summarised and listed in Ta-
and same good performance regained in other regions béle 3. One can see a large number of physiographic char-
cause catchments may exhibit very different behavibun- acteristics ranging from elevation, soil properties, land use
decha and Brdossy(2004 do not provide a comparative to meteorological and climatological attributes. Out of the
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Table 2. Summary of authors, year, the model, and number and location of catchments used in 15 regional studies. They are randomly

selected and listed in a chronological order as they appear in literature.

Y. He et al.: Catchment regionalisation

No. Authors (year) Model Total number of catchments, location
A Abdulla and Lettenmaier (1997a,b) VIC-2L 40, Arkansas-Red River basin

B Sefton and Howarth (1998) IHACRES 60, England and Wales

C Post and Jakeman (1999) IHACRES 16, Victoria, Australia

D Xu (1999) MWB-6;3 26, central Sweden; 24, northern Belgium
E Seibert (1999) HBV 18, Sweden

F Fernandez et al. (2000) abcd 33, USA southeast

G Kokkonen et al. (2003) IHACRES 13, North Carolina, USA

H Hundecha and &dossy (2004) HBV-IWS 45, Rhine basin

| Merz and Bbschl (2004) HBV 308, Austria

G Wagener and Wheater (2006) pd4-2pli 10, England southeast

K Heuvelmans et al. (2006) SWAT 25, Scheldt river basin, Belgium

L Young (2006) PD 260, UK

M Kim and Kaluarachchi (2008) 2L WB 18, Blue Nile

N Viviroli et al. (2009) PREVAH 140, Switzerland

(@] Samuel et al. (2011) MAC-HBVY 111, Ontario, Canada

39 descriptors, “drainage area” stands out as the most fred Conclusions
quently used descriptor followed by land use, slope, soil clas-
sification and elevation. Apart from evident links between Obtaining reliable streamflow time series is of great impor-
these catchment descriptors and hydrological response, afance to a wide range of applications from engineering design
other reason for them to be popular is due to easy accesgf hydraulic structures to restoration of ecosystem services.
to these data. In practice, ungauged catchments often d& hydrological model can be used to derive streamflow from
not come with descriptors that are not eas"y measurab|el:ainfa” over a catchment. But when there is no past stream-
e.g. storm intensity or annual relative humidity. It is there- flow observation for a catchment, the model becomes useless
fore in favour of engineering practice to develop methodsbecause its parameters cannot be calibrated against observa-
of prediction in ungauged catchments using easily accessiblion and hence unable to produce reliable streamflow simula-
catchment descriptors. Nevertheless, it is very important tdion for the catchment in question. This limit is not only true
study the MP-CD relationship for those less popular CDs andor conceptual hydrological models, but also true to some
obtain more insight on the governing physical processes thagxtent for the current versions of physically-based models.
take place in a catchment and how they can be best describddatchments without past streamflow observation are gener-
by MPs. Emphasis should be placed more on the subsurfac@lly referred to as ungauged catchments. Catchments that
descriptors that are particularly less well understood. are poorly gauged or subject to potential changes that make
Ultimately, improvement of regression-based methods resthem virtually ungauged in the future tense are also broadly
with improved understanding of physical processes in aconsidered as ungauged catchments. To overcome the hurdle
catchment. Regression-based methods are not a means @ having no observation to calibrate a hydrological model
an end, in other words, they are unable to uncover underlinand produce reliable estimation of streamflow for ungauged
ing physical laws Wallis (1969 demonstrate it by using an catchments, a remarkably large number of studies have been
example of a person calculating the weight of hollow cylin- devoted to find solutions.
ders without knowing the mathematical formula. The person Amid all the methods, the paper divides them into two gen-
might collect many cylinders, measure some of their descrip-eral categories, namely distance-based and regression-based
tors, choose a model, and subject the resulting data to a muregionalisation methods for estimating continuous stream-
tiple regression analysis. The person may come up with glow simulation. An intuitive and straightforward method
number close to the true weight with random errors, but mayis to “borrow” model parameter values or streamflow time
also end up with a wrong weight. The example clearly showsseries from neighbouring catchments that are situated geo-
regression-based methods can be used as a useful estimatigfaphically close to ungauged catchments. Many mathemat-

method but the ultimate solution would be to understand thecally more sophisticated methods are also used to perform
underlining functional relationship. spatial interpolation. Geographical proximity between catch-

ments does not necessarily mean close functional behaviour.
It may be more sensible to search for similar hydrological
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Table 3. CDs that have been used in 15 regression-based regional studies. “Total” refers to the total number of usage of each CD. The top
six most frequently used CDs are highlighted in bold. This table needs to be read in conjunction with Table 2 for the 15 studies denoted from
Ato O.

A B C D E F G H I G K L M N O Total Catchmentdescriptordefinition

x
[any

geographic coordinates (latitude, longitude)

area

slope

aspect

shape

elevation (catchment average, or elevation at the weir)

channel gradient

wetted area: percentage of the catchment adjacent to the stream channel
topgraphical index

stream frequency/drainage density

longest drainage path

mean overland flow distance to a stream

mean flow distance in a stream

HOST soil percentage

baseflow index

baseflow recession constant

other soil classification, e.g. sand, clay etc.

Index of proportion of time that soils are wet

regression residuals from a regression between BFIHOST and SPRHOST
(see Young, 2006)

x
x
x
x
x
x
x
x
x
x
x
[y
[N
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x

20 x 1 porosity

21 X 1 field capacity

22 X X 2 hydraulic conductivity

23 X X X 3 permeability

24 X X X X X X X X X X 10 percentage of the area covered by e.g. forests, urban land use, pastures etc.

25 X 1 average temperature

26 x 1 mean max temperature

27 X 1 average precipitation

28 X 1 mean max precipitation

29 X 1 solar radiation index

30 x 1 season interarrival time

31 x X 2 storm intensity

32 x 1 storm depth

33 x 1 mean annual number of events

34 X 1 annual relative humidity

35 X 1 1961-1990 standard period average annual rainfall

36 X 1 fraction of months within a year in which the 35th descriptor exceeds
precipitation

37 X 1 median annual maximum 2-day rainfall

38 X 1 mean annual potential evapotranspiration

39 X 1 relief energy of intermediate 80 % altitude range (see Viviroli et al., 2009)

behaviour and transfer parameter values or streaflow time seare a number of methods that do not directly transfer model

ries from gauged to ungauged catchments when their similarparameters. They make direct use of past streamflow time
ity in functional behaviour can be identified. Be it geograph- series at gauged donor catchments. They may not be appli-
ical or functional distance, they are all classified as distance€able in a non-stationary context because the donor and tar-
based methods. Another large amount of studies attempget catchment relationship established by similarity/distance

to relate model parameters to catchment descriptors. Thesmay be invalid when catchments are subject to changes.

ke use mu|t|p|e regression approaches but d|ffer n Through discussing the category of distance-based meth-
when they optimise model parameters and/or regression re-

lationship. They are classified as regression-based methodsOdS’ Fhls paper tOI.JChe.S aspects on the notion pf_catc_hment

' Classification. Regionalisation or regional analysis is to iden-

Within each general category of methods, the papettify a homogeneous region that can be either joint or dis-

reviews a number of variants and then makes an intrajoint and within which catchments have the least variance

comparison with regards to their associated problems or adamong themselves. The catchments within this region can

vantages. The majority of methods use hydrological mod-represent each other due to their similarity. From this point
els for streamflow simulation and transfer model parameter®f view, the notion of regionalisation is not different from

calibrated on donor catchments to target catchments. Therthat of catchment classification. But the former perhaps puts
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more emphasis on the application side while the latter iscal system KcDonnell and Woods2004). The efficacy of
more about the theoretical basis and the organising princiregionlisation methods can only be improwatil hydrolo-
ple. Catchment classification sets out an important foundagists formulate the basic theoretical (physical) relationships
tion for regionalisation to move forward. To achieve a suc- between watershed model parameters and watershed charac-
cessful catchment classification, more research is needed teristics(Fernandez et gl2000. Regionalisation may even-
find proper similarity metrics that can integrate catchmenttually become unnecessary when a perfect physically-based
physiographic-climatic descriptors and derive a physicallyhydrological model together with all its required input data
meaningful classification. The similarity metrics do not have becomes available. The goal may be too far distant to be
to be defined in the usual Euclidean space. We can possiblgchieved by many generations of scientists, but many differ-
transfer coordinates of catchment descriptors and map therant methods used in regionlisation may hopefully converge in
into another space using different distance measures. A nunthe future and contribute to the advancement of hydrological
ber of valuable attempts discussed in Sect. 2.2.2 have beestiences.
made to find a space that can better describe the stochastic Bloschl(2005 concludes his review jokingly but perhaps
dependence between catchments. Further research is needssints out one of the right directions. He highlights the best
to improve these methods and test them with catchments loway to handle the issue of rainfall-runoff modelling in un-
cated in different parts of the world. The latter needs a col-gauged catchments would beitwstall a stream gaugeln-
laborative action because the difficulty of research often liesdeed, limited or incomplete data can still be extremely valu-
in sharing data. This is particularly true for regionalisation able because one can use it to constrain model calibrations.
work as the nature of the work requires as many catchmentMany studies have demonstrated usefulness of limited data
as possible but all with good quality data. (e.g.Vogel and Krol] 1991 Burn and Boorman1993 Bin-

The notions of hydrological or functional similarity and ley and Beven2003 Wagener et al.2003 Mclintyre and
physical similarity are often not distinguished. CatchmentsWheatey2004 Laaha and Bisch| 2005 Rojas-Serna et al.
are assumed to be hydrologically similar when they appear t@®006 Perrin et al, 2007 Seibert and Bever2009 Randri-
be physically similar based on one or a number of catchmenainasolo et a).2011). On one hand, more research is needed
descriptors. The model parameters or parameter sets are thém improve techniques in regionalisation and prediction in
automatically assumed transferable. The assumption of thengauged catchments, on the other hand, instrumentation and
two being equal may only be valid if the model parametersdata assimilation technologies need to be advanced, along
are able to represent certain catchment functional behaviouwith other advancement in hydrological science, to reduce
Physically based model parameters are probably more cahe number of completely ungauged catchments, improve un-
pable of representing hydrological processes, provided thatlerstanding in physical processes of a catchment, and min-
they really do capture field physics correctly. Conceptualimise predictive uncertainties.
model parameters are mostly obtained by calibration and do
not necessarily have physical meanings. They are limitedAcknowledgementsThe work was supported by a scholarship
by a number of factors including errors in observation data,from the German Federal Ministry of Education and Research
inappropriate model structures, model parameter interactiorBMBF) as well as the Tyndall Centre for Climate Change Re-
or low identifiability of optimum model parameters. These search. The scholarship is admlnlstereql by the International Burt_aau
factors are shown in regression-based studies as reasons th{ﬁa\/under the program of the International Postgraduate Studies

. . . n Water Technologies (IPSWaT). The authors gratefully acknowl-
possibly lead to weak relationship between MPs and CDs. edge Yeshewatesfa Hundecha, Thorsten Wagener, Peter Troch,

A number of studies hgve suggested that reg'onal's_aporl/lurugesu Sivapalan and Dermit Daramanpran for their valuable
should not focus on relating relevant CDs to each individ- ;oyments on this manuscript.
ual MP, but on relating relevant CDs to MPs as a set be-
cause it maintains the integrity of the parameter set. Whergdited by: H. Savenije and R. Woods
hydrological similarity is judged through the use of hydro-
logical models, it is necessary to (1) understand why certain
catchments exhibit similar behavior by sharing a large por-References
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