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Abstract. The use of flexible hydrological model structures combination with several hydrological signatures is shown to
for hypothesis testing requires an objective and diagnostide useful to visualise the performance and consistency of a
method to identify whether a rainfall-runoff model structure model structure for the study catchments. With this frame-
is suitable for a certain catchment. To determine if a modelwork performance and consistency are evaluated to identify
structure is realistic, i.e. if it captures the relevant runoff which model structure suits a catchment better compared to
processes, both performance and consistency are importargther model structures. Until now the framework has only
We define performance as the ability of a model structurebeen based on a qualitative analysis and not yet on a quanti-
to mimic a specific part of the hydrological behaviour in a tative analysis.

specific catchment. This can be assessed based on evalua-

tion criteria, such as the goodness of fit of specific hydro-

logical signatures obtained from hydrological data. Consis-

tency is defined as the ability of a model structure to ade-1 Introduction

quately reproduce several hydrological signatures simulta-

neously while using the same set of parameter values. IfPne of the main purposes of scientific hydrology is to de-
this paper we describe and demonstrate a new evaluatiowelop better predictive models of rainfall-runoff processes.
Framework for Assessing the Realism of Model structuresTo improve these models it is crucial to have a good un-
(FARM) The evaluation framework tests for both perfor- derstanding of the hydrOIOQical behaviour of catchments and
mance and consistency using a principal component analysi&® be able to explain the variability in catchment response
on a range of evaluation criteria, all emphasizing differentand the factors influencing iK{rchner, 2006 Fenicia et al.
hydrological behaviour. The utility of this evaluation frame- 2008k Hrachowitz et al.20131. Each hydrological model
work is demonstrated in a case study of two small headwatefoncept can be seen as a hypothesis of catchment behaviour
catchments (Maimai, New Zealand, and Wollefsbach, Lux-(Savenije 2009, and it is therefore a suitable tool to gain
embourg). Eight different hydrological signatures and elevenmore knowledge about catchment processes. However, for
model structures have been used for this study. The result§1odels to be a suitable tool, it is very important that the
suggest that some model structures may reveal the same déight” model is selected for a certain catchment. Due to
gree of performance for selected evaluation criteria whiledifferences between catchments @éven 2000, different
showing differences in consistency. The results also shownodels can be “right” for different catchments (kfcMillan

that some model structures have a higher performance anét al, 2011).

consistency than others. The principal component analysis in Clark et al.(201]) argue that the use of multiple hypothe-
ses (models) can help to develop a better understanding of
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1894 T. Euser et al.: Assessment of model structure realism

the catchment behaviour. Typically, every model (structure)structure to reproduce several signatures, expressed as evalu-
consists of several components, representing different runoféition criteria; consistency is defined as the ability of a model
processeskenicia et al.(2011) describe the SUPERFLEX structure to reproduce different signatures with the same set
framework, similar to the FUSE frameworlClark et al, of parameters. Thus, here consistency implies satisfying dif-
2008, which can be used to configure such different modelferent evaluation criteria simultaneously and does not explic-
structures. With these frameworks it is possible to conve-itly relate to consistency in time or space. However, higher
niently compare different model structures and their under-performance and better consistency result in higher confi-
lying hypotheses and hence use them as a learning tool tdence that a model represents the dominant processes of a
improve our understanding of the behaviour of individual given catchment, thereby to a certain level implying consis-
catchmentsunn et al, 2008 Hrachowitz et al. 20131. tency in time and space. The novelty of this study is that in
When different (flexible) model structures are used for hy-addition to performance also consistency based on different
pothesis testing, the understanding of catchment behaviouevaluation criteria is taken into account to identify the most
can be increased by investigating whether a model is able tguitable model structure for a given catchment.
represent the dominant processes in the catchniemti¢ia A principal component analysis (PCA) is a common statis-
et al, 20083. When this is the case, it may be said that thetical tool to decrease the dimensions of a problem. In hydrol-
hypothesis that a model structure “suits a catchment” cannobgy it has been used for example in tracer studies to inves-
be rejected. To test if dominant processes are represented bytigate the correlation between tracer response patterns (e.g.
given model structure, it is important to have a sound methodBrown et al, 1999 Worrall et al, 2006 Hrachowitz et al.
to evaluate which model structure suits better for a certain2011). In principle, a PCA can also be used to investigate the
catchment and to understand the reasons behiidrat(ner, correlation between different evaluation criteria. Therefore,
2006 Andréassian et 312009. the objectives of this study are to test (1) whether an eval-
It is increasingly acknowledged that model evaluation uation framework using a PCA together with hydrological
based on single objective optimisation, often performed withsignatures can help to determine the performance and consis-
standard least squares optimisation, is insufficient to approtency of model structures for a certain catchment and (2) if
priately identify dominant processes. The use of a multi-this framework can be used to identify whether certain model
objective optimisation offers more insight into the processesstructures suit a catchment better than other model structures.
underlying the observed catchment response (@gpta  Inthe following section the evaluation framework will be de-
et al, 1998 Seibert 2000 Wagener et al.2003 Schaefli  scribed, followed by an application of the framework in a
and Gupta 2007 Winsemius et a). 2009 Hrachowitz  case study (see Sects. 3, 4 and 5).
et al, 20133. The use of specific characteristics of the hy-
drograph, hereafter referred to as hydrological signatures o
(Jothityangkoon et 312003, for the (multi-objective) eval- 2 Deéscription of the framework
uation of the performance of hydrological models can give

even more information about the hydrological behaviour of .
tures) makes use of three main elements: model structures,

the modelled catchment$iachowitz et al. 20130, The hydrological signatures and the principal component analy-
use of such hydrological signatures can therefore strengthen.y 9 9 P P P Y

. . ."Sis (PCA). Figurel describes how these elements interact in
the link between the models and the underlying hydrolog|-the eneral framework. The PCA is the aeneral part of thi
cal processes (e.gupta et al. 2008 Yilmaz et al, 2008 9 Work. IS g par 1S

ingray ef s 2010 Wagener and Motanareo1). s TAMENOTKS ereore vl be descrbed e The moce,
ing hydrological signatures for model evaluation has somestud this frame>\//vork \?vill be ?Jsed for TrF])erefore the pare
advantages and disadvantages in relation to traditional hy: Ay . . )  they

mainly described in the methodology part of the application.

rograph fitting. The main disadvant is that a signatur . )
drograp g. 'he ma disadvantage is that a signature The framework consists of the following steps (Fig.
represents a certain aspect of the catchment response at the

expense of others. Itis therefore necessary to consider multi- 1 selection of a catchment and gathering of hydrological

ple signatures to fully characterise the system behaviour. The  process knowledge;

main advantage, however, is that signatures are better inter-

pretable in terms of underlying processes than aggregate per-2. definition of hydrological signatures;

formance measures, as they are constructed to reflect specific

aspects of the system behaviour. 3
In this paper a framework is proposed to evaluate the suit-

ability of model structures for a given catchment (FARM — 4 sglection of a set of plausible model structures for hy-

Framework for Assessing the Realism of Model structures). pothesis testing:

The realism, or suitability, is defined as a function of both

performanceand consistencyof different model structures. 5. derivation of a posterior parameter distribution for the

In this study, performance is defined as the ability of a model selected model structures and catchments (calibration);

FARM (Framework to Assess the Realism of Model struc-

. definition of evaluation criteria to assess the models’
ability to reproduce the hydrological signatures;
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“““““““““ ' Consistencyf a model structure for a certain catchment is

i DATA i MODEL i determined by the number of evaluation criteria, describing
1| Hydrological 4 ______________________________ : different hydrological signatures that have their best perfor-
| behaviour of { > model structures , . A
| catchments || : mance for a specific parameter set. The consistency of model
1 i structures can vary gradually between fully consistent and
! _ | ! i fully inconsistent. It is important to have insight into the con-
i H::;‘;'t‘ﬁ'::' || Modelevaluation |1 sistency of model structures for two reasons: first, a high con-
! T i ! T i sistency means that the model is capable of reproducing sev-
| . ! | . ! eral hydrological signatures with the same parameter set, im-
! Formulation of |, ! Posterior parameter | . . .
| evaluation  |! distribution + : plying a better representation of real world processes (i.e. the
! criteria | | associated hydrographs | i model can reproduce different, ideally contrasting, aspects of
S —— | - e T - the hydrograph). Second, a highly consistent model is thus
L expected to behave comparably in the calibration and valida-
Va'““_tf”_e‘;a'”;“"" tion period Kirchner, 2006 Fenicia et al.2007) and would
pzrr'a::;;rsets therefore have a reduced predictive uncertainty.
i The consistency and performance of a model structure can
be determined independently, but are both important for the
Principal Component evaluation of the model structure®égener et al.2003.
Analysis Only a model with high performance and high consistency
i may be considered a suitable hypothesis for a certain catch-
Performance and ment and, therefore, points towards a high degree of real-
consistency of model ism. In reality all signatures occur simultaneously. Hence, a
structures model that is able to reproduce all selected signatures to a

_ _ _ high degree with the same parameter set has a higher degree
Fig. 1. Schematic overview of FARM to compare the performance qf realism than a model structure that is not able to do that.
a_nd consistency of model structures with respect to hydmlog'calHowever, it is possible that, for a certain model structure, the
signatures. degree of performance is different from the degree of con-

sistency. The consequences for different combinations of the

6. random sampling oV parameter sets from the derived degree of consistency and performance are shown in2Fig.

posterior parameter distribution and calculation of the FO @n inconsistently good model structure, signatures are
evaluation criteria for the modelled hydrographs: reproduced well, but not with the same parameter set. For a

consistently poor model structure, signatures are not repre-
7. principal component analysis for each combination of sented correctly, although the model is consistent. So, a high
catchment and model structure; and degree of consistency only gives extra value in the evaluation

. . process when it is combined with a high performance.
8. assessment of relative performance and consistency for

each combination of catchment and model structure. 2.2 Principal component analysis (PCA)

2.1 Definitions A principal component analysis (PCA) is a statistical tool
. ) o ~_which can be used to reduce the dimensions of a multivariate
Performance and consistency are important definitions in th'?)roblem. For a PCA the eigenvectors of a covariance matrix

paper; therefore, they are explained below. are determined. For many data sets most of the variance is
Performanceof @ model structure for a certain catchment gegcribed in the direction of a limited number of eigenval-

is determined by its ability to reproduce a certain hydrolog- ye5 By transforming the original axes towards the eigenval-
ical behaviour or signature. This can be measured with thges (principal components (PCs)), the original variable can
maximum value for an evaluation criterion (belonging to the pe expressed in terms of the PCs (the variables have a certain
best parameter set), which describes this hydrological signagading on the PCs). More detailed descriptions on the prin-
ture, and by the range of values covered by the evaluationipes of a PCA can be found in literature about multivariate
criterion (belonging to all the parameter sets from the POS-gnalysis (e.gKrzanowskj 200Q Hardle and Simar2003.

terior distribution). Here, to assess the relative performance, AppendixA an example can be found explaining the use

of a model structure three indicative performance categorieg;s pca for FARM. Note that here the vectors of the loadings
are defined: high, medium and low. A model structure is as-5,e referred to as “vectors” thereafter.

sumed to perform better when more evaluation criteria are in
the highest performance category.

www.hydrol-earth-syst-sci.net/17/1893/2013/ Hydrol. Earth Syst. Sci., 17, 189842 2013
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on one evaluation criterion also means a better performance
on another evaluation criterion, leading to a high consistency.
For the PCA this results in the vectors, representing the eval-

Performance

High realism Consistently uation criteria, pointing in the same direction. When evalua-
9) poor tion criteria are inversely correlated, it means that a param-
_*% eter set with a better performance for one criterion leads to
g a worse performance for another. It is assumed that the sig-
natures used for FARM are constructed to reflect different
Inconsistently Low realism

aspects of the hydrograph and, therefore, are not correlated
by construction. The diagram which is the result of the PCA
can be characterised by five general types of configurations
(Fig. 3):

Fig. 2. Consequences for model structures for different combina-

tions of performance and consistency, under the condition that the 1. All evaluation criteria are completely and directly cor-
uncertainty of the input data is limited. The use of signatures for the related (“line-shaped” diagram) (Fi§a). When this is
evaluation of performance and consistency limits the influence of the case, the model is fully consistent, which would be
input uncertainty. the case for a hypothetical “perfect” model.

good

2. All evaluation criteria have their highest loading in the
same direction on one principal component and thus
are all directly correlated to a certain degree (Rig).
When this is the case, the model is consistent.

2.2.1 Input for PCAs

For FARM PCAs are used to explore the correlation structure
between different evaluation criteria. A PCA is performed for
each model structure in each catchment¥gparameter sets. 3.
HereN is the number of parameter sets needed to reach con-
vergence (see Seet.4.1). The parameter sets are randomly

The evaluation criteria are all located in one quadrant
of the diagram and are all partly directly correlated
(Fig. 3c). An increase in performance for one criterion

sampled from a derived posterior parameter distribution. For
theseN samples all the evaluation criteria for the selected
signatures are calculated (see Fijj.these values form the

input to the PCA. Note that the model calibration strategy

remains the choice of the modeller. 4.

For a PCA it is assumed that the input data are generated
from a normal distribution Johnson and Wicheyri998.
Normality is especially important for the marginal distri-
butions. Multivariate normality is of less importance if the
PCA is used for dimension reduction, and thus as a mere
descriptive tool as is the case with FARMo{liffe, 1986.

If the marginals are not normally distributed, the values for
the evaluation criteria have to be transformed to a normal

distribution. This transformation could for example be done 5.

with a normal quantile transformatioi\erts et al.2011,
Montanari and Brath2004).

2.2.2 Interpretation of PCAs

does not result in a decrease in performance for another
criterion. Therefore, this configuration has a medium
degree of consistency.

The evaluation criteria have their longest distance in
the same direction on one of the two principal compo-
nents and are therefore all either directly correlated or
uncorrelated (“L-shaped” diagram) (Figd). This con-
figuration has a medium degree of consistency as well,
as there are two sets of evaluation criteria. The criteria
within the different sets are highly and directly corre-
lated, but the sets themselves are uncorrelated.

The evaluation criteria show a “star-shaped” diagram
and some evaluation criteria are uncorrelated, while oth-
ers are inversely correlated (Fige). In this case the
model is inconsistent.

The configurations in Fig3 are basic configurations. In

The PCA represents two model characteristics: the perforease of deviations from these basic configurations, three mea-
mance and the consistency. The three indicative performancsures are important for interpretation of the PCA diagrams;
categories (see Seeat.1) are presented by the thickness of these three are listed below. These measures can in princi-
the vectors in the PCA diagram (see for example the resultple be objectively determined, but in this study they are only
of the Maimai in Fig.8). Note that, for each study, specific determined visually.
values for the categories should be defined.

The degree of consistency is presented by the configura- — Spreading on PC1 or PC2 (x- or y-axis): PC1 always

tion of the vectors in the PCA. When a model structure is able
to simulate different signatures well with the same set of pa-
rameter values, the corresponding evaluation criteria should
be directly correlated. In other words, a better performance

Hydrol. Earth Syst. Sci., 17, 18934912 2013

represents a larger part of the explained variance in the
data, so a spread or inversely correlated evaluation crite-
ria on PC1 determine the consistency to a larger extent
than inversely correlated evaluation criteria on PC2.

www.hydrol-earth-syst-sci.net/17/1893/2013/
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PC2 PC2 PC2 PC2 PC2

Fig. 3. lllustration of possible configurations for the PCA diagram: each vector represents an evaluation criterion (analysis is done per model
structure). The axes are formed by the first two principal components (RQsgpresents a fully consistent model structye,a fully
inconsistent model structure.

— Length of the vectors: the longer a vector is, the higher
the loadings, and thus the more influence the vector S(Qmod)
has on the total analysis. An inversely correlated vectorF = ‘1 — XMt
which is relatively small influences the consistency less $5(Qobs)
than an inversely correlated vector which is relatively with S(Qmog) the value of the hydrological signature for the
long. modelled hydrograph ani Qqps) the value of the hydrolog-

ical signature for the observed hydrograph.

With this formulation of the evaluation criterion, the lower
he value for the evaluation criterion is, the better the perfor-
mance. For the PCA it is convenient to link a better perfor-

performance. So, inversely correlated thick vectors in- . . o
dicate that inconsistency is the main problem. while in- mance to a higher value for the evaluation criterion. So, the
Y P ’ formulation in Eq. 2) could be used for the PCA.

versely correlated thin vectors indicate that performance
is still the main problem. Fpca=1—-F @)

: @)

— Inversely correlated thick vectors: a thick vector means
that there is a parameter set for which the signature can
be modelled well; a thin vector indicates poorer model

Note that a PCA only shows thelative similarities and
differences within the data used for the PCA; therefore, thez  Study areas
absolute values on PC1 and PC2 and the individual direction
of the vectors are of no importance. When interpreting a PCATwo small headwater catchments have been selected for
diagram, only the relative directions of the vectors and thethis case study: the Maimai M8 catchment in New Zealand

relative length differences of the vectors are important. (0.038 kn?) and the Wollefsbach catchment in Luxembourg
_ . (4.6 kn?). The catchments have been selected because of
2.3 Hydrological signatures their small size and their data availability. Another advan-

) tage of these two catchments is their previous use in other
The performance and consistency of the model structures are.cearch projects (e.yIcGlynn et al, 2002 Fenicia et al

evaluated with evaluation criteria based on hydrological sig—2 08a Kavetski and Fenicia2011). These previously ob-

natures. These signatures can be derived from the observq ined results can be used to check the new results for plausi-

hydrograph, for ex.a.mple the flow duration curve or the au,'bility. Figure 4 shows the discharge, precipitation and poten-
tocorrelation coefficient. However, these signatures can iNig evaporation for both catchments

principle also be derived from other data sources, for exam-

ple groundwater levels, tracer data or satellite data. Note thag 1 Maimai

the “more independent” the selected signatures are (i.e. re-

flecting contrasting parts of the hydrograph), the higher theThe Maimai M8 catchment is located in the northern part of
significance of their PCA interpretation. New Zealand’s South Island (Fif). It is small (0.038 krf),

Most signatures are represented by one value for the obbut one of the most researched catchments worldwide
served and one value for each modelled hydrograph. A posfMcGlynn et al, 2002. The Maimai has short, steep slopes
sibility to formulate the evaluation criteriorf{ is shown in ~ and shallow soils, where saturation seldom decreases be-
Eqg. (1). Only the value for the signature of the modelled hy- low 90%. The subsoil is poorly permeable and the yearly
drograph changes per parameter set; the value for the oldeep percolation rate is approximately 100 mmlyrThe
served hydrograph is the same for each parameter set. Byhole catchment is forested with a mixture of deciduous
dividing the modelled value by the observed value, the rela-trees, which leads to an interception of about 26 % of the
tive deviation of the modelled from the observed value canrainfall. The yearly rainfall and discharge are approximately
be obtained. The absolute value and-“1the ratio are re- 2600 mmyr?! and 1550 mmyr?, respectively. More infor-
quired to obtain the same resuk)for the same deviation of mation about this catchment and previous research is de-
the modelled value above or below the observed value. scribed in a review byMcGlynn et al.(2002. Due to the

www.hydrol-earth-syst-sci.net/17/1893/2013/ Hydrol. Earth Syst. Sci., 17, 189842 2013
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Maimai Wollefsbach
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Fig. 4. Discharge, precipitation and potential evaporation data for
Maimai and Wollefsbach catchments (discharge = bottom blue line
precipitation = top blue bars, potential evaporation = top red line).
Note that the potential evaporation is presented in mrﬁaayld
the discharge and precipitation in mmh The discharge scale for
both catchments differs: the discharge in the Wollefsbach is muc
lower.

Fig. 5. Catchment area of the Maimai study area in New Zealand:
the M8 catchment is one of the side branches of the main creek.
Left: red dot indicates the location in New Zealand, right: topo-
graphic map of the Maimai study area with indicated the catch-
pment boundary of the M8 catchment (sourctp://www.topomap.
co.nzj.

potential evaporation was estimated with the Penman equa-

climate, the physical properties of the catchment and, as 40N (Penman1948. The first year of the data was used as a
result of this, the fact that the catchment is most of the timewarm-up period, the following two years for calibration.
saturated, the rainfall-runoff processes are relatively easy to

model. The wet climate with little seasonality leads to a
system with a limited number of hydrological regimes. The
steep slopes together with the shallow, saturated soils ang, s section the specifics of FARM are described for this
the impermeable subsurface lead to a quick response of thgyge study.

catchment Yaché and McDonnell2006. For the Maimai

catchment hourly data of discharge, precipitation and poten4.1 PCA

tial evaporation from 1 January 1985 till 31 December 1987

were used. The rainfall was measured with a recording rairHere, the model posterior parameter distributions were deter-
gauge, which is located inside the catchment. The potenmined with Bayesian inference, using a heteroscedastic error
tial evaporation was estimated as describedRoyve et al.  model based on the weighted least squares (WLS) scheme
(19949. The first year of the data was used as a warm-up pe{Thyer et al, 2009 and non-informative prior parameter dis-

4 Methodology

riod; the last two years were used for calibration. tributions. A total of 1000 random samples were drawn from
the posterior distributions, and all evaluation criteria were
3.2 Wollefsbach calculated for each random sample. The evaluation criteria

distributions were then transformed to normal distributions
The Wollefsbach is located in the Attert catchment in Lux- With a normal quantile transformatioieerts et al.201%
embourg (Fig.6). The Wollefsbach is a small headwa- Montanari and Brath2004. The transformed criteria were
ter catchment, like the Maimai; however, the catchmentsubsequently used as input for the PCAs.
area is about 100 times larger (4.6%mThe Wollefsbach The three indicative performance categories for this case
has shallow top soils, with a low permeable clay layer Study are defined as follows:
in the subsoil; therefore, the deep percolation is minimal
(Kavetski and Fenicig2011). The land use in the catchment
consists mainly of grassland and cropland. The discharge in
the Wollefsbach is characterised by a quick response dur-
ing the winter period and almost no discharge in the sum-

— High (continuous and very bold vectors), when the max-
imum value for the evaluation criterion is higher than
0.8 and 90 % of the values for the evaluation criterion
are higher than 0.65.

mer period (see also Fig). For the Wollefsbach catchment  _ Medium (dashed and bold vectors), when is the max-
hourly data of discharge, precipitation and potential evap-  imum value for the evaluation criterion is higher than
oration from 1 September 2004 till 30 August 2007 were 0.4 and 90 % of the values for the evaluation criterion
used. The rainfall was measured with two tipping buckets, are higher than 0.3.

which are located inside the catchment, and the rainfall mea- .
surements were aggregated based on Thiessen polygons. The— Low (dotted and thin vectors), for all other cases.

Hydrol. Earth Syst. Sci., 17, 18934912 2013 www.hydrol-earth-syst-sci.net/17/1893/2013/
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for the low flow period is strongly correlated with the one for

e PN\ AR A .
¢ S m\%,;_-"_fex; ; the total flow period.
oW )

"y | - Zi
287 Rvoir

Ho =

Ly =C
Sy A .. . .
. ;,’?;USELI 4.2.2 Rising limb density (RLD)

Like the autocorrelation, this signature is an indication of the

N smoothness of the hydrograph, but the RLD is averaged over
) J the total period and is completely independent of the flow
volume Shamir et al. 2005. This signature is calculated
S ‘ : by dividing the number of peaks by the total time the hy-

Fig. 6. Catchment area of the Wollefsbach catchment in Luxem-drograph is rising. Therefore, the RLD is the inverse of the
bourg. Left: red dot indicates the location in Luxembourg, right: mean time to peak. Together with RLD also DLD (declining
topographic map of the Wollefsbach catchment with indicated thelimb density) has been used before for supporting the cali-
catchment boundary of the Wollefsbach catchment (sourttp: bration process3hamir et al.2005 Yadav et al.2007) and
/leau.geoportail 1)/ for catchment classificatiors@wicz et al.2011).

4.2.3 Peak distribution (peaks)

4.2 Hydrological signatures L .
This signature shows whether the peak discharges are of

The signatures used for this case study are described in thigdual height; therefore, only the peak discharges are taken
following. All the signatures are calculated for the total mod- Nt0 account. A peak discharge is the discharge at a time step

elled period, and in addition some are also calculated for spe2f Which both the previous and the following time step have a
cific periods. These periods are the periods in which the low/oWer @scharge. From these peak discharges a flow duration
flows (May—September) or high flows (November—April) oc- CUrve is constructgd gnd the average slope betweelj thg 10th
cur in the Wollefsbach. In the Maimai the seasonality is min- 2nd S0th percentile is taken as the measure for this signa-
imal; therefore, there are no clear periods of high and lowtUre: BY taking the 10th and 50th percentile, only the higher
flow. However, the same signatures and periods are used fdieaks (but not the extremes) are taken into account, which
both catchments: May until September as low flow periodare considered the most mteres.tmg fo.r th.'s analMcz

and November until April as high flow period. Most of the ©t&l- 2011). For the total flow period, this signature is a mea-
signatures are expressed as evaluation criterion as definet/r® for the differences in peak heights. Due to measurement
in Eq. (1), except for the flow duration curve, as this sig- €TOrS and heterogeneity, the input rainfall for the modelled
nature (the flow duration curve itself) is not represented by2nd observed discharge can be different, resulting in different
one value. The equations and a sketch of each signature aRfak heights. By using the slope of the flow duration curve,

shown in TableL. Below the applied signatures are described ©NlY the relative peak heights of the modelled and observed
in detail. hydrograph are compared.

4.2.1 Autocorrelation (AC) Low flow period (peaksL.ow)

o The peak distribution during the low flow period is again
The autocorrelation is a measure for the smoothness of a My ken into account to investigate whether this signature can

drograph: a high autocorrelation means a small diﬁerenchemify the peaks in the discharge during the low flow pe-

between two consecutive points. For this signature the COryioq For this reason the uses of the 10th and 50th percentile
relation coefficient of the autocorrelation with a lag of 1 day ¢ interesting, as identifying the small bumps is not useful

for a hydrograph is calculatedMinsemius et aJ.2009. A o1 this analysis. In the Maimai catchment there is no clear
lag of 1 day means that within a hydrograph a data point isj\ fiow period, so it is expected that for the Maimai the eval-

compared with the data point 1 day earlier. For the total flowyation criterion for the low flow period is strongly correlated
period this signature is used to represent the timing of the,ith the one for the total flow period.

peaks.

4.2.4 Flow duration curve (FDC)
Low flow period (AClow)

For this signature a flow duration curve is constructed from
The low flow period is taken into account to investigate all the discharge data. The Nash—Sutcliffe efficierisagh
whether this signature can be used to evaluate a quick reand Sutcliffe 1970 between the observed and modelled flow
sponse of the catchment on rain events in the summer periodiuration curve is taken as the evaluation criterion. Flow du-
In the Maimai catchment there is no clear low flow period, ration curves are frequently used hydrological signatures to
so it is expected that for the Maimai the evaluation criterion evaluate the overall behaviour of a catchment. Depending on

www.hydrol-earth-syst-sci.net/17/1893/2013/ Hydrol. Earth Syst. Sci., 17, 189842 2013
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Table 1.Explanation of the different hydrological signatures used for this study. The formula for FDC directly gives the evaluation criterion.
The formulas for AC, RLD and peaks only give the signature; the evaluation criterion can be derived with . & the discharge at
time stepi, O the average discharg¥rpc,; the value of the flow duration curve of the modelled discharge initobability of exceedance,

Yrpc,; the value of the flow duration curve of the observed discharge ifobability of exceedance, angpc the average observed
discharge).

Signature Formula Sketch
1 day (24h)
Autocorrelation AC= Z(Q,-—@(Qi+224—Q
Y (0i-0)
L . . T,
Rising limb density ~ RLD= Nooaks
™
Tr ‘T-I" 'ﬁ
{ ¢
)
T 010—-0
Peak distribution peaks G350 l
Q10 Q50

Discharge [L/T]

Flow duration curve

X i_Y i 2 M
FDG& > (XFoc.i—YrDC.i) — l

—
> (Yroc,i—YrDC)
Modelled (X)

Observed (Y)

Discharge [L/T]

Probability of exceedance

the study, different parts of the FDC were previously investi- High flow period (FDChigh)

gated Yadav et al. 2007 Yilmaz et al, 2008 Blazkova and

Beven 2009 Westerberg et gl2011). The FDC for the total  When only using the total flow period, also the high flows
flow period represents the overall behaviour of a catchmentare not specifically taken into account. This signature for the
By taking the Nash—Sutcliffe efficiency of the flow duration high flow period represents the overall behaviour of a catch-
curve, instead of the Nash—Suitcliffe efficiency of the flows, ment during the high flow period. As in the Maimai catch-
the magnitudes of flow are taken into account, without focus-ment, there is no clear high flow period either; it is expected
ing on timing problems and missed or unrepresented rainfalfhat the result for the high flow period is similar to the result
events due to heterogeneity of rainfall. of the total and low flow period.

Low flow period (FDClow) 4.2.5 Reference evaluation criteria

When only using the total flow period, the low flows are not In addition to the evaluation criteria based on a hydrologi-
specifically taken into account. This signature for the low cal signature, also two reference evaluation criteria are used:
flow period represents the overall behaviour of a catchmenfNash-Sutcliffe efficiency fns) and the Nash—Sutcliffe ef-
during the low flow period. In the Maimai catchment there is ficiency of the log of the flows Kjogns). These evaluation

no clear low flow period, so it is expected that the result for Criteria are used because they (especially the Nash—Sutcliffe

the low flow period is similar to the result of the total period. €fficiency) are commonly used for the evaluation of hydro-
logical models and are therefore suitable to use as a bench-

mark for this study.
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4.3 Model structures for 500 and 1000 parameter sets, it is an indication of con-

vergence and ergodicity can be assumed.
For this study nine flexible model structures are tested,

and their performance and consistency are compared witd.4.2 Independent test period

2 (fixed) benchmark models: GR4H (an hourly version of

GR4J Perrin et al.2003 and a modified version of the HBV  In addition to the sensitivity to the number of parameter sets,
model Lindstdm et al, 1997. The main adaptation on the the obtained results can also be validated on a independent
HBV model is that river routing is not included (D. Kavetski, test period. It may be expected that a consistent model struc-
personal communication, 2012), because it is not consideretire behaves similarly in the calibration and validation pe-
as a crucial process due to the small size of the catchmentsiod, as it is assumed to capture the dominant processes bet-
These benchmark models are mainly selected because thégr than an inconsistent model (&eibert 2000. Therefore,

are widely used for hydrological modelling. the model structures are run for an independent test period
with the parameter sets derived during the calibration. For
4.3.1 Configuration flexible model structures the Maimai catchment one additional year of data was avail-

able; for the Wollefsbach catchment two additional years of
The nine flexible model structures have been configured withdata were available. Both the performance and consistency
the SUPERFLEX frameworkHenicia et al.2011). Model  are compared for the calibration and validation period.
structures built with the SUPERFLEX framework consist of
reservoir elements, lag function elements and junction ele-
ments. The created model structures (M1 to M9; see als® Results
Fig. 7 and Table2) differ in the number of reservoirs (1 to o
5), the number of fluxes (3 to 10) and the number of param->-1 Maimai
eters (1 to 9). The selection of the model structures is mainly. o
based on the model structures used<ayetski and Fenicia The PCA results for the Maimai catchment of all model

(2011 and on experiences of previous modelling exercises Structures are shown in Fi§. The PCA results are based on

A discussion of processes represented by the model strué—he covariance matrix of the evaluation criteria. To illustrate
tures can be found iKavetski and Fenici&2013). what the PCA results are based on, the covariance matrix of

model structure M8 in the Maimai is presented in Tele

4.3.2 Model conditionin
9 Performance vs. consistency

The model conditioning is done with Bayesian inference, as . .

described byKavetski and Fenicig2013). The applied er- All the model structures developed with the fle>_<|ble fr_ame-
ror model is based on weighted least squares. For the quasf/'K €xcept M8 have a very small range in their maximum
Newton parameter optimisation, 20 multi-starts are used.Jash—Suicliffe efficiency; M3 to M5 even have an equal
During the Markov chain Monte Carlo (MCMC) sampling, maximum Nash—Sutcliffe efficiency. However, the consis-

5000 parameter sets were generated. The prior and post ency (the configuration of the vectors in the diagrams) dif-
rior parameter ranges of the drawn samples are shown in T ers between the model structures. M1 and M3 show a com-

bles2-4. paratively high degree of consistency, i.e. a low spread of
the vectors. For M1 the variance explained by PC2 is small

4.4 Plausibility checks compared to PC1,; therefore, the spreading on PC2 has a mi-
nor influence. The evaluation criteria for M3 almost show

4.4.1 Sensitivity to number of parameter sets an L-shape (see Sec2.1and2.2.2, and only Ejogns IS

inversely correlated. Model structures M4 to M7 are much
In this case study 1000 parameter sets, randomly drawn frontess consistent. Model structure M8 behaves differently from
the posterior distribution, are used to construct the PCA. Tomodel structures M1 to M7: it has a relatively high maxi-
investigate whether this number is sufficient for stable PCAmum Nash-Sutcliffe efficiency and a high performance for
patterns, the sensitivity to the number of parameter sets wathe other evaluation criteria; the diagram for M8 really shows
tested. To test the sensitivity of the PCA, it is important to an L-shaped configuration. Another interesting aspect is the
know if the PCA is ergodic. When this is the case, there ishigh performance for most evaluation criteria for the HBV
a convergence to a stationary measure when enough sample®del, but a relatively low consistency. For the HBV model
are taken into account; this convergence is independent afome evaluation criteria are inversely correlated on PC1, and
the initial conditions Descombes2012). To test whether the the variance explained by PC2 is relatively high. GR4H has a
PCA is ergodic and to test if 1000 parameter sets are suffihigh performance for most evaluation criteria, like the HBV
cient, a PCA was also performed with 500 and 200 paramemodel, but is more consistent than the HBV model, as the
ter sets. When the differences between the diagrams with 208valuation criteria are mainly inversely correlated on PC2,
and 500 parameter sets are larger than between the diagrartisus being of limited importance.
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Table 2. Prior and posterior parameter ranges for both catchments and all flexible model structures. The first prior KalisdamfM1, the second for M3—M5 and M8, the last for

M6, M7 and M9.
Imax (mm) Su,max (Mm) BE) Pmax (mm ) Fr-) D) Tt () Kr (1/h) Ki (1/h) Ks (1/h)

Prior 1.0x 1072-6.0 1.0x1071-1.0x 10 1.0x 1073-10 1.0x10°6-1.0x 1?2  0-2.0x10°1 0-1.0 1.0-5.¢ 10!  5.0x10°3-4.0 1.0x 109-10 5.0x 1074-1.0x 102
Maimai 1.0x 1078-4.0

1.0x 107%-4.0

Posterior ranges Maimai

M1 - - - - - - - - 2.3%1072-25x1072 -
M2 - 4.2x 10-4.6x 10" 3.61-4.38 5810 -6.4x 101 — - - - - -
M3 5.95-6.00 1610 -1.3x101 - - - - - - 3.5¢1072-37x 102 -
M4 1.0x1072-15 6.2x 101-8.3x 10t 43x10151x101 - - - - - 3.9¢102-43x 102 -
M5 35x101-1.8 6.0 101-8.3x 10" 36x101-51x101 - - - 1.0-13 - 3.810°2-42x102 -
M6 1.99-2.51 3.510'-3.8x 10 - - - 25x1071-27x 1071 1.0-13 - 6.0¢1072-65x 1072  1.2x 107 3-1.4x 1073
M7 3.1-3.9 4.0< 10'4.4x 10 6.2x10717.2x1071 - - 25x10127x101  1.0-1.3 - 5.9 1072-6.0x 1072  1.2x1073-1.4x 1073
M8 1.0x1072-25%x 1072 15x10-1.6x 10! 16-1.8 - 1.9% 107 1-2.00x 1071 - 1.0-1.4 5.0¢1073-5.7x 103 9.7x1072-1.0x10°1 -
M9 4.7-6.0 5.0¢ 10'-6.0x 10t 6.3x101-77x10°1 - 1.98x 10°1-2.00x 101 2.9x1071-3.1x101 1.0-2.3 2.0¢10°1-2.4x 107t 2.8x1072-3.0x102 9.2x1074-1.1x 1073
Prior 1.0x 1072-6.0 1.0} 10°1-1.0x10*  1.0x1073-10 1.0x10°5-1.0x 10?7  0-0.2 0-1.0 1.0-50101 5.0x1072-4.0 1.0x 1079-10 5.0x 1075-1.0x 103
Wollefsbach 1.0x 10-8-4.0

1.0x 1074-4.0

Posterior ranges Wollefsbach

M1 - - - - - - - - 151074-1.7x 1074 —
M2 - 2.0x 101-2.2x 10t 4.1-5.4 1.0¢102-1.1x101 - - - - - -
M3 1.0x1072-12x 1072  4.4x10'-4.6x 10 - - - - - - 42¢10°2-46x102 -
M4 1.0x1072-1.1x 1072 8.8x 10'-9.8x 10 17-18 - - - - - 3.86102-34x102 -
M5 1.0x1072-1.1x 1072 9.0x 10'-1.0x 107 17-18 - - - 2.4-3.4 - 32102-3.4x 1072 -
M6 1.0x1072-1.2x1072  1.2x 10?-1.3x 1% - - - 1.4x1071-16x 101 3.6-4.5 - 4.2¢102-47x 102 9.9x1074-1.0x 1073
M7 1.0x102-1.1x 1072 85x10-9.3x 10 13-14 - - 1510°1-1.6x101 3.5-4.4 - 45¢1072-4.8x 102 9.9x 1074-1.0x 1073
M8 1.0x102-1.1x 1072 7.8x 10'-8.2x 10 17-18 - 1.6¢1072-1.9x 102 - 3.4-43 5.00103-5.03x 1073  4.8x1072-53x1072 -
M9 1.0x1072-1.1x 1072 8.3x 10'-9.1x 10 13-1.4 - 6.9 1077-6.0x 1075 15x1071-16x 1071 3.6-4.4 5.4¢ 1072-3.9 45x1072-4.9x 1072 9.96x 1074-1.00x 10~3
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Fig. 7. Conceptual configurations of the flexible model structures used for this study.
Table 3. Prior and posterior parameter ranges for both catchments for GR4H.
x1 (mm) x2 (mm) x3 (mm) xq (h)
Prior
1.0to 2.0x 103 —1.0x 10 to 1.0x 107 1.0 to 5.0x 102 5.1x 10 1t02.0x 10

Posterior ranges Maimai

12x10°7t01.3x 10? —-9.7x101t0-85x10"! 1.7x10't01.9x10! 6.1t06.7
Posterior ranges Wollefsbach
92x10't01.2x 10? —51x101t0-4.0x10"! 55x10't05.9x 10" 1.9t02.0

5.2 Wollefsbach

M1 and M2 is also relatively good (the evaluation criteria are
mainly spread on PC2), their performance is poor, so these

The PCA results for the Wollefsbach catchment of all modelmodel structures are consistently poor.
structures are shown in Fi@. It can be seen that the re-
sults are less clear than for the Maimai: the consistency 06.3 Comparison of catchments

the model structures is lower, and
tify if a model structure has a hig
than another.

Performance vs. consistency

it is more difficult to iden-

her degree of consistencyrne two catchments show large differences in performance
and consistency. Both are much higher for the Maimai than
for the Wollefsbach. The main similarity between the two
catchments is the low consistency for the model structures
with a groundwater reservoir (M6, M7 and M9). The per-

The performance of all model structures is relatively low: formance and consistency for the model structures in both
only GR4H and HBV have four thick vectors; M1 to M5 only catchments are compared in FIE0. The classification for
have one thick vector. It can be seen that M5 to M7 have a lowthis figure is purely indicative with the purpose of showing

consistency, i.e. a high degree of

spreading, but their perforthe performance and consistency of model structueés

mance is better than for M1 to M4. The consistency of HBV tive to those of other model structures. In this figure it can
and M8 is higher, and their performance is higher than mosbe seen that in both catchments M1 and M2 are consis-
of the other model structures. Although the consistency oftently poor. Another observation is the difference between
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Fig. 8. Results for PCA for the Maimai catchment. Each figure represents one of the model structures. The figures are based on 1000 paramete
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used to construct the evaluation criteria and these ratios are dimensionless. The total variance explained by these figures is the sum of th

explained variance per PC.

5 peaks — " = 6|
=) peaksLow 2 peaks: T Eys =~ peaks
hat S RLD: - ‘peaksLow S \ S )
n4 nY [ \ no4 peaksLow IENS
= = = - = logNS
g, g9 AClow & [Fociow. _peaigiow g s 1 _roc
8 - 3 : o) ) M B RO
8 Ere g 5, . 5 \ ac 5 \,— 7 =FDChigh
< 0 Sr"“*;gchwgh s = L ac S - 7 50 RLD- = = =AC
52 ! FBiow L o P A7 T = -FDChigh L
& & & o
AClow 1 FDClow . ~ O -2
g 4 \\ b 2 G FDC £ .- "peaks NEDC o
- RLD
NS
M1 RLD 3} M2 FDChigh M3 E o “4t\g  FDClow
4 2 0 2 4 6 8 2 0 2 4 6 K 4 2 0 2 4 6 4 2 0 2 4 6
PC1*15 (Var expl = 0.6) PC1*15 (Var expl = 0.48) PC1*15 (Var expl = 0.59) PC1*15 (Var expl = 0.5)
= > < 6l AClow 5 9 1peaks
b i D Clow e RLD [AClow S < 5 RLD
s S
" Vs o4 \ W T4 peaksLowl/
S \ s 5 53
3 9 H 39 3 i
5 9 \ ° 2 o, Fociow ° ) p
5 5 5
S T A g Vo B | 2 - #o §ap oo
2 ol Eugns -7 © FDClow Feaks v © 0 s
y s — KT % 2 & Jpeakstow N & \ ~AC
© fpeaksLon. o S s o I Eiogns 3 ; = FDChigh 02 NS
2| “FDChigh -4 - -3
M5 M6 peaksLow 3l M7 E M8 \E
3| TogNS. -4 NS
2 0 2 4 6 8 % 2 0 2 4 6 2 0 2 4 6 4 2 0 2 4 6 8
PC1*15 (Var expl = 0.46) PC1*15 (Var expl = 0.43) PC1*15 (Var expl = 0.4) PC1*15 (Var expl = 0.56)
< o - NS
§ 9 £ ¢ b S 4 E ognis: | PeaksLow
< 4 S 5p peaksLow T
g3 T peaks Exs pAC 3 2
S 3 : 25n
T igl
2! N B FDC
o 0 = = = FBGgn w 1f EDChigh ACI Y
T} FOClow N o 2 ffos =~ ow T 2 peaks
& o FDClow N
O 2 \ O E b4
o N ‘RLD o ) logNs -4
MO GR4H HBV ~ FDClow

-2 0 2 4 6
PC1*15 (Var expl = 0.43)

-2 0 2 4 6
PC1*15 (Var expl = 0.46)

8

4 2 0 2 4 6
PC1*15 (Var expl = 0.41)

Fig. 9. Results for PCA for the Wollefsbach catchment. Each figure represents one of the model structures. The figures are based on 1000
parameter sets. The principal components are dimensionless, because the ratios of specific signatures of the modelled and observed hydr
graphs are used to construct the evaluation criteria and these ratios are dimensionless. The total variance explained by these figures is th

sum of the explained variance per PC.

Hydrol. Earth Syst. Sci., 17, 18934912 2013

www.h

ydrol-earth-syst-sci.net/17/1893/2013/



T. Euser et al.: Assessment of model structure realism 1905

Table 4. Prior and posterior parameter ranges for both catchments for HBV.

FC (mm) £ PWP* (mm) L (mm) ko (1/h) k1 (1/h) kperc(1/h) ko (1/h) Imax (mm)

Prior

1.0-5.0x 1% 1.0-10 1.0-5.& 107 50x102-50x 100  1.0x1073-3.0x10'  1.0x104-3.0x10!  1.0x103-3.0x10" 1.0x1073-3.0x10! 1.0x10°7-10

Posterior ranges Maimai

9.4x10'-1.0x 10? 58-6.4 5% 10-6.7x100 7.0x10°1-8.0x10°1 3.7x1072-4.0x102 87x10°3-1.1x102 6.7x103-7.4x103 15x103-1.7x10°3 5.3-5.6

Posterior ranges Wollefsbach

45x101-53x 101 2.9-35 3.4 101-4.4x 100 1.16x10'-1.22x 10!  1.8x10°1-2.1x101 35x102-38x102 1.4x102-15x102 21x103-2.7x10°3 6.7-7.5

* PWP = Perm wilting point [mm ml] - soil thickness [m].

Table 5. Covariance matrix of the evaluation criteria for M8 in the Maimai catchment. The data are normally transformed, and therefore the
variances within a evaluation criterion are very high. However, a small experiment shows that this does not influence the PCA results a lot.

Ens  Ejogns AC  AClow RLD peaks peaksLow FDC FDClow FDChigh
ENs 0.989 -0.187 0.026 —-0.014 -0.068 —0.039 —0.017 0.014 —0.005 0.053
ElogNs —0.187 0.989 0.225 0.410 —0.030 0.671 0.249 0.549 0.557 0.522
AC 0.026 0.225 0.989 0.921 —0.058 0.127 0.113 0.886 0.900 0.846
AClow —0.014 0.410 0.921 0.989 —0.226 0.281 0.129 0.904 0.919 0.867
RLD —0.068 —-0.030 —-0.058 —0.226 0.989 -0.146 —0.229 -0.054 -0.062 —0.057
peaks —0.039 0.671 0.127 0.281 —0.146 0.989 0.531 0.433 0.413 0.458
peaksLow —0.017 0.249 0.113 0.129 —0.229 0.531 0.989 0.187 0.188 0.198
FDC 0.014 0.549 0.886 0.904 —0.054 0.433 0.187 0.989 0.985 0.975
FDClow —0.005 0.557 0.900 0.919 —0.062 0.413 0.188 0.985 0.989 0.961
FDChigh 0.053 0.522 0.846 0.867 —0.057 0.458 0.198 0.975 0.961 0.989

the catchments for M8 and M3. Both performance and con5.4.2 Independent test period
sistency are much better for the Maimai, most likely because
the catchment is small and homogeneous, and the climate i Fig. 12 an example is given to show the differences be-

very humid/wet. tween two model structures with a more (M8) and a less
(M7) comparable behaviour between the calibration and val-
5.4 Plausibility of results idation period for the Maimai catchment. A summary of the

results of both catchments is presented in TalBlesd 7.

The model structures in these tables are ordered by consis-
. . . tency for the calibration period. For the Maimai it can be seen
Figure 11 shows the PCA diagrams for M8 in both cgtch- that both the performance and consistency changed between
ments for 200, 500 anq 1000 parameter sets. In_ the figure lf‘ge calibration and validation period. Model structures with a
can be seen that th? difference betweep selecting 1000 angy consistency in the calibration period have slightly larger
500. parameter sets is smaller than the (j|ﬁereng¢ l_:)etween S.%hanges for the validation period. For the Wollefsbach it can
lecting 500 and 200 parameter sets. This sensitivity analys%e seen that there are mainly changes in consistency between
is performed for all the model structures, and the r_esults @"%he calibration and validation period. For most model struc-

¢ inad for all model struct Model struct r]ltures with a low consistency, the configuration in the valida-
0 avarying degree for all mode! structures. Model structures;, | period changed much more than for the model structures

with a highe_r performance a.nd coqsi_stency and the modeWith a higher consistency.
structures with less complexity exhibit larger convergence.

However, these are not always the model structures with a

more constrained posterior parameter distribution. In gen-6 Discussion
eral, the convergence for all model structures shows that er-
godicity can be assumed and that the use of 1000 paramet -
sets is sufficient to have an indication of consistency of the%r'l Applicability
evaluated model structures in this study.

5.4.1 Sensitivity to number of parameter sets

Comparing model structures based on both performance and
consistency has some advantages with respect to a compari-
son based on either performance or consistency. This can es-
pecially be seen for M8, M3, GR4H and HBV in the Maimai

www.hydrol-earth-syst-sci.net/17/1893/2013/ Hydrol. Earth Syst. Sci., 17, 189842 2013
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Performance Performance Table 6. Summary of differences between the PCA graphs for the
calibration and the independent test period for the Maimai catch-
ment (EC =evaluation criterion). The model structures are ordered
by consistency in the calibration period. 1, 2 or 3 “EC changed”

in the last column means the configuration of the PCA diagram of

> 7 bold <2 bold > 7 bold <2 bold

M8

T L - shaped

—

> >
o (8]
3 Ran M3 2 ey M1 M2 the calibration and validation are equal, but 1, 2 or 3 vectors have
§ M2 it § M4 Ms a different direction and/or length. “conf. changed” means that the
relative direction of almost all vectors changed.
M4 M5 M6 M6 M7 M3
fﬁi},;d M9 HBV| M7 GR4H M9} M5 Performance Consistency Performance Consistency
originalP originaP validatio?  change
Fig. 10. Overview of the performance (columns) and consistency HBv 7 low 7 config. changed
(rows) of the Maimai (left) and Wollefsbach (right). The middle M7 2 low 4 (+2) 3 EC changed
row and column indicate a medium consistency and performance. M6 2 low 5(+3) 2 EC changed
The location of the model structures in this overview is determined M9 4 low 5(+1) 2 EC changed
based on visual inspection. There is only a difference between the Mo 3 low 2(-1) small differences
P o y L M5 3 low 2(-1) small differences
squares: the exact position of a model structure within a square :
is arbitrary. The PCA configurations for a high consistency (line- m; é m!gg:e g(gll)) 12EECC Chhang‘zd
; o ) - : middle change
shaped) are not prr:asentefl in this figure, as those configurations d'dGR4H 8 middle 9 (+1) 1 EC changed
not occur among the results. M2 5 middle 5 small differences
M8 8 high 5E3) 1 EC changed

catchment. Their performance is more or less equal, but theif The number of §ignaturgs in performance category high (thick vectors) is taken as a

consistency is not. Another example is M1 and M2 for the Measure? According to Fig10.

Wollefsbach. Their performance is poor, while their consis-

tency is relatively good for the hydrological signatures used

e e % st crera elonging to e exa ol sgns
. . ) fures are uncorrelated with the evaluation criteria from the

for model structures with a high performance, the degree o

consistency gives useful information about the suitability for streamflow data.
ency g y In addition, poor performance and poor consistency of a
a certain catchment.

certain model structure can be an indicator for the absence of
The results for the Wollefsbach are not as clear as for the

Maimai. but for both catchments it is possible o boint out certain runoff processes in the catchment. This can be seen
' P P in the Maimai and the Wollefsbach: the consistency and per-

§8rmance of M6, M7 and M9 are relatively low. These are

:\rllvaér;If')tggrp‘rr:que:as;]ruzugesm;(I).mer;t?esoaead!ffer(ejn;:esarl]aqethe only flexible model structures with a groundwater reser-
lagrams are s » When paring diagr ?/oir, S0 possibly a groundwater reservoir is not important or

ml:(;]esr:\]:gsil:reirzgzifi’bgcisir:l;r;]peogggtt to keep in mind the incorrectly representgd for bqth 'catchments. This is also in
' accordance with the site description of both catchments: both

have shallow soils and (almost) impermeable subsurface lay-
ers. The performance and consistency of M8 in the Maimai
are very good; M8 has a riparian zone reservoir, which prob-
ably fits well with the almost year-round saturated soils of
the Maimai catchment.

The use of a PCA can also help to identify the relation be-

A model structure that suits a certain catchment is moretween the dominant processes and the response behaviour of
likely to represent the dominant processes that actually occuthe catchment (the hydrograph). For example, from the PCA
in the catchment than model structures that are less suited fatiagram of model structure M6 in the Wollefsbach catch-
the catchment. Therefore, the model structure is an indicament, it can be seen that FDClow has a low performance and
tion of dominant processes in a catchment. However, whens inversely correlated with FDC and FDChigh, for the cali-
the hydrograph does not contain information about certainbration period. It can also be seen that peaksLow has a low
processes, these processes will not be taken into accoupierformance and is inversely correlated with AClow. So, no
for the analysis. In that case, auxiliary data sources are reparameter set can be selected with a good performance for

1. spreading on PC1 or PC2;
2. length of the vectors; and

3. inversely correlated thick lines.

quired to reveal these processes (&/gche and McDon-
nell, 2006 Son and SivapalarR007 Fenicia et al.201Q
Hrachowitz et al. 2013a Birkel et al, 2010. When extra

signatures focusing on the high and low flow period, but also
no parameter set can be selected with a good performance for
different signatures focusing on the low flow period. There-

data sources give extra information, it is expected that thefore, itis likely that the representation of dominant processes
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Fig. 11. Result PCA for M8 in Maimai (top) and Wollefsbach (bottom) for different number of parameter sets:

200(left)/500(middle)/1000(right). The difference between the diagrams with 1000 and 500 parameter sets is smaller than the differ-
ence between the diagrams with 500 and 200 parameter sets. The principal components are dimensionless.

Table 7. Summary of differences between the PCA graphs for the calibration and the independent test period for the Wollefsbach catchment
(EC =evaluation criterion). The model structures are ordered by consistency in the calibration period. 1, 2 or 3 “EC changed” in the last

column means the configuration of the PCA diagram of the calibration and validation are equal, but 1, 2 or 3 vectors have a different

direction and/or length. “conf. changed” means that the relative direction of almost all vectors changed.

Performance Consistency Performance Consistency Performance Consistency
originaP originaP validatio?  change validatioh  change

M3 3 low 2(-1) config. changed 3 config. changed
M6 3 low 3 config. changed 3 config. changed
M7 3 low 3 config. changed 3 config. changed
M9 3 low 3 config. changed 2{1) config. changed
GR4H 3 low 3 config. changed 2-() config. changed
M5 3 low 3 1 EC changed 3 1 EC changed
M1 2 middle 3(+1) config. changed +() config. changed
M8 2 middle 2 3 EC changed 2 3 EC changed
M4 2 middle 2 2 EC changed 3(+1) 2 EC changed
HBV 2 middle 2 2 EC changed H1) 2 EC changed
M2 2 middle 1¢1) 1 EC changed 2 1 EC changed

2The number of signatures in performance category high (thick vectors) is taken as a nﬁAmmrding to Fig.10.

for the low flow period should be adapted. In this case theinfluence is not explicitly included in FARMBardossy and
existence of a groundwater reservoir in the model structureSingh 2008. The influence of these errors will be different
can have a high influence on the modelled discharge in théor different signatures. On the other hand, by using signa-
low flow period. tures, mainly the dynamics of the measured and observed
It should be noted that FARM is meant to indicate which hydrograph are taken into account. These dynamics are more
model structures have a higher performance and considikely to represent catchment behaviour and to be less sensi-
tency than others. However, data errors can influence théive to small measurement errors than evaluation criteria that
performance and consistency of a model, and this possibleompare each point of the hydrograph individually.

www.hydrol-earth-syst-sci.net/17/1893/2013/ Hydrol. Earth Syst. Sci., 17, 189842 2013



1908 T. Euser et al.: Assessment of model structure realism

PCA results for calibration and validation periods and the
application of the framework in larger catchments. First, the
hydrological signatures — selecting different signatures from
different data sources — result in testing different aspects,
which leads to different results. The selection of the signa-
tures is highly subjective and influences the results. For this
framework a good approach would be to start with many sig-
natures for a catchment and test which signatures are directly
—— correlated. The signatures that are strongly directly corre-
' lated with another signature for each model structure can be
FoGHEh omitted.

Aliqw The second is the different PCA results for the calibra-
Focen tion and validation period for some model structures. In
Sect.5.4.2it is shown that generally the model structures

0.14)
0.16)

peaksLow, RLD

FDClow
z
2 7~ FDChigh
-

PC2*15 (Var expl

P = R SR -
PC2*15 (Var expl

A b N S o v w s o

AClow

AC M8

6 8

2 0 2 4 2 0 2 4 6
PC1*15 (Var expl = 0.56) PC1*15 (Var expl = 0.53)

=0.17)
s o
=0.2)

PC2*15 (Var expl
o
PC2*15 (Var expl
A b NS o N w s oo

Eogns

M8 with a higher consistency behave more similarly in the cal-

6 8 -4

PC1#15 (Var axpl = 0.53) ibration and validation period. However, this does not hold
for all model structures, and the similarity between the cali-
Fig. 12. PCA diagrams for M7 (left) and M8 (right) for both the = pration and validation period can be influenced by the length
calibration (top) and validation (bottom) period. The principal com- of the ysed time series as well. Therefore, before selecting a
ponents are dimensionless. M8 shows a higher consistency for thlﬁwodel structure which seems to have a very high consistency
pahb_raﬂon pe”qd a_nd amore consistent behaviour between the? “@and performance, it may be beneficial to test the performance
ibration and validation period. Presented results are for the Maimal . ' ’ . .
catchment. and consistency on a different time period.
Finally, the scale of the catchment influences the frame-
work: for this study the framework has only been tested for
6.2 Using the framework two small headwater catchments. When applying the frame-
work in larger scale catchments, additional questions will
The use of PCAs for model evaluation also has limitations.arise. The main question will be whether the model structures
The main limitation may be the low variance explained by the sl function on larger scales. Large catchments are more het-
first two principal components as obtained in this study. Forerogeneous,and the effect of the heterogeneity of the rain-
most model structures the variance explained is below 80 %fa|| is larger. Therefore, the signal detected in the PCA will
More reliable diagrams would therefore also incorporate the"ke|y be weaker, as the signatures in the hydrograph are a
third principal component; however, a 3-D graph is more dif- mixture of different processes in different parts of the catch-
ficult to visualise and interpret than a 2-D graph. There arement. Therefore, it will be more difficult to relate them to
two situations related to a low eXplained Variance, which arespeciﬁc dominant runoff processes. For |arger scale catch-
good to keep in mind when interpreting the PCA diagrams. ments it may also be required to use auxiliary data sources
. i . . . . and formulate additional signatures and evaluation criteria
— Consistent configuration with low variance explained: from these data sources in order to also take into account

the_ higher principal compon_ents (PC.3 an(_j higher) X the processes which are not presented by the hydrograph.
plain a smaller amount of variance; this variance can re-

duce the high consistency, but will not make the model
fully inconsistent.

4 2 0 2 4
PC1*15 (Var expl = 0.51)

7 Conclusions
— Inconsistent configuration with low variance explained: _ o
the first two principal components already show incon- I this study we present a framework to jointly evaluate the

sistency. The variance explained by the higher principalP€rformance and consistency and thus the realism of differ-
components is lower, so they are unlikely to change a€nt model structures. The framework can be used to com-

diagram from inconsistent to consistent. pare different candidate model structures for a certain catch-

ment. The framework consists of a PCA in combination

The diagrams presented in Figsand 9 are suitable to  with several hydrological signatures. The configuration of
reveal some information about the consistency of a modethe PCA is a good measure to evaluate the consistency of

structure in a catchment. When the results from the PCA aremodel structures, and different line widths for different per-
evaluated in a more quantitative way, more principal compo-formance categories in the PCA diagrams are a good addition
nents should be taken into account. to evaluate the performance of a model structure for a certain
In addition to this limitation, also three other aspects in- catchment as well. The framework is tested on two headwa-
fluence the usefulness of the framework. These include theéer catchments, using eleven model structures. Comparison
selection of hydrological signatures, the sometimes differenof the model structures for these catchments showed clear
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Table Al. Covariance matrix, left: case 1; right: case 2. Directly Indirectly
correlated correlated
Directly correlated ECs Inversely correlated ECs 1 1
0.124 0.125 0.070 —0.070 N KN N
0.125 0.128 —0.070 0.095 Q o ) Q o
Table A2. Eigenvalues and eigenvectors, left: case 1; right: case 2. i 5 1 i 0 y
EC1 EC1
Directly correlated ECs Inversely correlated ECs
eigenvalues 1 eigV1 1 _
0.0004 0.251 0.011 0.154 < | - . eigy2
- O 9 .t O 9 a
eigenvectors w co w
-0.714 0.700 —0.768 —0.641 eiv‘V2 S
0.700 0.714 —0.641 0.768 ] - 9 A eigVt
-1 0 1 -1 0 1
EC EC
1 1
differences between the model structures and the catchments. 1 1
Therefore, this framework can help to test multiple hypothe- 2 EC, g,\f
ses for a certain catchment. The comparison also showed that © 0 e 0
a high performance is not always related to a high consis- § ) EC,
tency. Even if some evaluation criteria show a high perfor- C, & EC,
mance, others may show a very low performance. Thus, it is '1_1 0 1 '1_1 0 1
important to take both aspects into account when evaluating PC1, 93.4% PC1, 86.4%
whether a model structure suits a catchment.
1 1
Appendix A 0 _EC2 ol —_ EC,
EC, EC,
Example PCA ] ]
. -1 0 1 -1 0 1
Al Introduction PC1, 93.4% PC1, 86.4%

This appendix gives a synthetic example of the use of princi-Fig- Al. Example showing the basic principles of principal compo-
pal component analysis for FARM. For FARM multiple eval- nent anal_y5|s and the appllcanc_)n of PCA _fo_r FARM. left column:
uation criteria are used; however, for this example only twocase 1; right column: case 2; first row: original data for{Ed

evaluation criteria are used, to be able to visualise the resultﬁE(.:Z second row: original data with eigenvectors ("eigV", dotted);
. . . hird row: ECs expressed in terms of PC1 and PC2; fourth row: ECs
In this example two cases will be discussed:

expressed in terms of PC1.

1. two directly correlated evaluation criteria and

2. two indirectly correlated evaluation criteria. — Calculation of the eigenvalues and eigenvectors of the
covariance matrix (Tabl&2) results in as many eigen-
vectors as evaluation criteria. The eigenvectors are or-

A2 Basic principles of PCA thogonal and the eigenvector with the largest eigenvalue
describes the largest amount of variance in the data. The
The PCA applled for FARM consists of several StepS, which eigenvectors can be expressed in terms oi‘ Bl EQ

are listed below. (second row of FigA1).
— The original data with values for evaluation criterion
1 (ECG) and evaluation criterion 2 (E£ (first row of — Selection of the amount of principal components (PCs)
Fig. Al) are obtained. (the eigenvalues) that are taken into account is done
based on the variance explained by each PC. The ex-
— The covariance matrix of the evaluation criteria is cal- plained variance per PC is the eigenvalue of that PC
culated (TableAl). divided by the sum of all eigenvalues. In case of two
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evaluation criteria, all PCs can be presented in a 2-DBirkel, C., Dunn, S. M., Tetzlaff, D., and Soulsby, C.: Assessing
graph, as there are only 2 PCs. the value of high-resolution isotope tracer data in the stepwise
development of a lumped conceptual rainfall-runoff model, Hy-
— Expression of evaluation criteria is in terms of the prin-  drol. Process., 24, 2335-234#i:10.1002/hyp.7762010.
cipal components (in this case: PC1 and PC2). ThereBlazkova, S. and Beven, K.: A limits of acceptability approach
fore, the third row in FigA1 shows the loadings of both to model evaluation and uncertainty estimation in flood fre-
ECs on PC1 and PC2. quency estimation by continuous simulation: Skalka catch-
ment, Czech Republic, Water Resour. Res., 45, WO0O0B16,
— The relative direction of the vectors can be used to doi:10.1029/2007WR00672@009.
identify the consistency. In FigA1 the relative direc- Brown, V. A., McDonnell, J. J Burns, D. A., and Kendall, C.: The
tion of the vectors in both cases seems similar. How- role of event water, a rapid shallow flow component, and catch-
. . ment size in summer stormflow, J. Hydrol., 217, 171-190, 1999.
ever, for case 1 the vectors have an opposite loading on,

PC2 which i I t of th ark, M. P, Slater, A. G., Rupp, D. E., Woods, R. A,, Vrugt, J. A.,
» Which repreésents a very small amount of the vari- Gupta, H. V., Wagener, T., and Hay, L. E.: Framework for Under-

ance. For case 2 the vectors have an opposite 10ading standing Structural Errors (FUSE): A modular framework to di-
on PC1, which describes the largest amount of th? varl-  agnose differences between hydrological models, Water Resour.
ance. Therefore, case 1 has a much higher consistency Res., 44, W00B02joi:10.1029/2007WR006732008.

than case 2 (of course, for two ECs this can be easilyClark, M. P., Kavetski, D., and Fenicia, F.: Pursuing the method of

deduced from the original data as well). multiple working hypotheses for hydrological modeling, Water
Resour. Res., 47, W0930d0i:10.1029/2010WR009822011.
A3 Reduction of dimensions Descombes, X.: Stochastic geometry for image analysis, ISTE Ltd,

London, 2012.
In the step-wise approach described above, both PCs areunn, S. M., Freer, J., Weiler, M., Kirkby, M. J., Seibert, J., Quinn,
kept. However, as can be seen in Figl PC1 describes a P. F., Lischeid, G., Tetzlaff, D., and Soulsby, C.: Conceptualiza-
much larger part of the variance than PC2; thus, PC2 can be tion in catchment _modelling: simply learning?, Hydrol. Process.,
disregarded. The result of disregarding PC2 is shown in the. 2'2"23?:9_28393@'“10;032/ gyp.KAOi@OO% d Pfister. L A
last row of Fig.A1. A reduction of the dimensions leads for enicia, ., saveniye, H. H. 5., Viaigen, ., and Fhster, ..
case 1 to two vectors in the same direction. while for case 2 comparison of alternative multiobjective calibration strategies

. . ) . . ; for hydrological modeling, Water Resour. Res., 43, W03434,
it leads to two vectors with exactly opposite directions. This doi:10.1029/2006WR005098007.

is because for case 1 the vectors had an opposite loading Qfenicia, F.. McDonnell, J. J., and Savenije, H. H. G.: Learning
PC2 and for case 2 an opposite loading on PC1. from model improvement: On the contribution of complementary
data to process understanding, Water Resour. Res., 44, W06419,
doi:10.1029/2007WR006388008a.
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