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Abstract. When analysing the performance of hydrological and applicability in different hydrological modelling con-
models in river forecasting, researchers use a humber of ditexts (e.g. Beran, 1999; Seibert, 2001; Criss and Winston,
verse statistics. Although some statistics appear to be use@008; Jain and Sudheer, 2008). Schaefli and Gupta (2007)
more regularly in such analyses than others, there is a disstressed that hydrological model evaluation metrics were im-
tinct lack of consistency in evaluation, making studies un-portant, not only as an integral part of model development
dertaken by different authors or performed at different loca-and calibration processes, but also as a means of communi-
tions difficult to compare in a meaningful manner. Moreover, cating results to scientists, stakeholders and other end-users.
even within individual reported case studies, substantial conThis recognition has led to renewed interest in model evalua-
tradictions are found to occur between one measure of pertion metrics by hydrologists, in which the basic approach has
formance and another. In this paper we examine the ideabeen to undertake detailed exploration of individual metrics
point error (IPE) metric — a recently introduced measure ofand their interpretation in different theoretical or real-world
model performance that integrates a number of recognisedcenarios. Indeed, six studies afforded to the Nash-Sutcliffe
metrics in a logical way. Having a single, integrated mea-efficiency index (NSE: Nash and Sutcliffe, 1970) in the last
sure of performance is appealing as it should permit morefive years are a prime example of the desire by hydrologists
straightforward model inter-comparisons. However, this isto better understand the evaluation metrics that they are us-
reliant on a transferrable standardisation of the individualing (Schaefli and Gupta, 2007; Criss and Winston, 2008; Jain
metrics that are combined to form the IPE. This paper ex-and Sudheer, 2008; Gupta et al., 2009; Ruesser et al., 2009;
amines one potential option for standardisation: the use oMoussa, 2010).
naive model benchmarking. In data-driven modelling, the importance of evaluation
metrics is particularly acute since there are few other mech-
anisms available by which the performance of a data-driven
model (DDM) can be assessed. Moreover, the implicit black-
1 Introduction box characteristic of many DDMs prevents the examination
and verification of the physical rationality of the modelling
Evaluation metrics that provide a quantitative comparisonmechanisms (Minns and Hall, 1996; Babovic, 2005; Abra-
of the fit between an observed hydrological record and anart et al., 2012a,b). Consequently, the majority of DDM
model’s prediction are a central component of validation. st dies in hydrology identify the best or preferred model
Their correct use and interpretation is fundamental for thesolely on the basis of superior metric score(s) achieved, even
justification of a model and the evaluation of its performancethough this approach has been argued to be overly simplis-

in a given hydrological application. Itis of no surprise, there- tjc (Abrahart et al., 2011). In addition, the fact that there is
fore, that evaluation metrics have received considerable aty wide range of potential sources of error in hydrological
tention in the last decade with respect to their usefulness
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models that impact differently on different performance met- no assumptions about the error distributions of the different
rics (Criss and Winston, 2008; Willems, 2012) makes themodels being compared. However, difficulties remain when
choice of which metric to choose complex. It is, therefore, comparing IPE scores for different models, particularly if the
vital that researchers provide adequate clarification of whatelative performance of models that have been developed to
the specific values of different metrics really mean in the con-predict different observed series is of interest. Each metric in
text of the errors that may be presentin their models. Itis alsdPE, and hence the final IPE score itself, is unique to a partic-
vital that assessments are not made on the basis of an individdar data set, such that a metric standardisation process based
ual evaluation metric score as it may be unduly influenced byon the observed series will not be consistent across different
a specific error component that is present in the model outputmodelling applications and contexts.

(American Society of Civil Engineers, 1993). An alternative is to use a simple model, rather than the

In recognition of this, it has become standard practiceobserved data set, as the basis for metric standardisation. In
for data-driven modellers to assess the performance of theithis way, the metric scores for a given model are compared
models against a large number of different metrics with ato those obtained by a simple, standard, baseline model. Each
host of different combinations potentially being applied to a model can then be assessed with respect to its relative perfor-
particular solution (Elshorbagy et al., 2000). However, theremance gain over the baseline model. This idea is not new and
is little consistency in how different metrics are adopted fromis the basic concept underpinning NSE, in which model per-
one study to another (Legates and McCabe, 1999), a fadibormance is assessed relative to a highly simplistic model that
that may be down to the provision of different default met- represents the mean of the observed record. Metrics that are
rics in modelling software packages (Chiew and McMahon,standardised in this way do not enable direct comparison of
1993). As Hall (2001) pointed out:ldeally, the modeller  values from models developed on independent data in any ab-
would wish to express the goodness-of-fit of the model tsolute terms. However, they do have the important advantage
the data in terms of a single index or objective function. of enabling a transferrable comparison of each model’s rela-
Although researchers have acknowledged the importance dive performance gain over a baseline model type (e.g. Seib-
multi-criteria performance analysis (for example, Masmoudiert, 2001; Moussa, 2010) and this will be consistent from
and Habaieb, 1993; Weglarczyk, 1998; Willems, 2009), de-study to study. Despite these advantages, standardisation of
velopments in the integration of multiple error measures intometrics in this way remains rare and few studies have exam-
a single measure of hydrological model performance havened the impact of model benchmarking with respect to the
only recently received attention, and their application in data-differential performance of a specific hydrological modelling
driven studies remains rare. evaluation metric.

Combining multiple evaluation metric scores into a single  Given the potential benefits of metric standardisation using
function raises an important technical question about howsimple models, it was perhaps surprising that this approach
very different scales and value ranges associated with indiwas not considered in the original papers of Elshorbagy
vidual metrics can be standardised. Gupta et al. (2009) proet al. (2010a,b) as a method for standardising the metrics
posed the Kling-Gupta efficiency index (KGE), which deliv- in IPE. Indeed, only limited discussion and evaluation of
ers a measure of Euclidean distance from an ideal point irselection and integration procedures were provided in the
“scaled space”. Their approach standardises the componesburce articles. As a consequence, two key questions remain
metrics on the basis of each model’s deviation from the mearunaddressed:
and standard deviation of the observed data series. This re-
sults in a flexible integrated metric that can be computed us-
ing either un-weighted or re-scalable equations. It also offers
the potential to fine-tune the metric so that it responds more
or less strongly to different error types. However, their use of 2. What is the impact of standardising IPE to a baseline
statistical parameters as the basis for a standardisation means model, rather than to the observed data?
that consistent statistical distributions of error are expected]_

. . . his paper responds to the current interest in better under-
if models are to be compared using KGE, and this assump- ) . ) . .

. standing hydrological metrics by undertaking a detailed as-
tion may not always be met. More recently, Elshorbagy et

al. (2010a,b) proposed the ideal point error (IPE). This met_sessment of potential strengths and weaknesses associated

ric builds upon the idea of Gupta et al. (2009) of quantifying Wlth”IPE ': Ephe C?n:]i,)i(t Orf a s:cmpleh rrlver ;;Irovr\,l ifo;svcaf\s'ludﬁg}n
the distance from an ideal point. However, it uses the ge-2Ppiication. The signiticance of such research 1S twotolc:

viation of a model’'s multiple goodness-of-fit metrics from performing an examination of potential benefits and limita-

their “perfect” scores as a standard (in which a perfect matchtlonS surrounding the use of a new evaluation metric, and in

between the modelled and observed series results in a peexplormg the adoption of simple models as standardisation

fect score of zero), rather than statistical measures of deE)aselmes. The above questions are studied by

viation. This arguably results in a more flexible evaluation 1. revisiting the method of Elshorbagy et al. (2010a,b) and
tool, which can integrate a wider range of metrics, and makes  developing general rules for error metric inclusion in

1. How is IPE output impacted by the particular compo-
sition and distribution of errors in the suite of models
under test?
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IPE, together with a simple variant equation that avoidsTable 1. Fivefold classification of potential components used in
several numerical problems encountered when applyindPE.

the original;
Category Examples Best Worst IPE component
2. assessing the output consistency of the original IPE ~
equation, the variant outlined above and the variant pro- RMSE, MARE 0 B max(sD
posed by Dominguez et al. (2011) in which metric or- g RSqr 1 0 —S2-1
. . min(S2 —1
thogonality is enforced;
S3 R 1 -1 WS(%E){ 1
3. examining the impact of standardising IPE to a naive, <
autoregressive baseline model. S4 PEP, ME 0 +o00 sy
- o : : S5-1
Individual statistics in this paper were calculated using S5 NSE, PI 1 -0 maEso1

HydroTest (www.hydrotest.org.uk a standardised, open ac-
cess website that performs the required numerical calcula-

tions (Dawson et al., 2007, 2010). Equations and sourcegs a standardisation factor of model performance for each in-
for the different metrics are provided in its related papersdividual assessment metric. The four selected error statistics,
and web pages. The following abbreviations for each com-along with a visual comparison performed between observed
puted metric will be employed in the remainder of this pa- and predicted values, were considered to be sufficient to re-
per: root mean squared error (RMSE), mean absolute relayeal any significant differences occuring amongst the various
tive error (MARE), mean error (ME), correlation coefficient modelling approaches being compared with regard to their
(R), R-squared (RSqr), persistence index (P1), percentage eprediction accuracy.

ror in peak (PEP) and NSE (defined earlier; labelled CE in  Detailed inspection of the original IPE equation (Eq. 1)
HydroTest, but now rebadged as NSE, in order to avoid anyteveals that it is inconsistent in the method of standardisa-
possible conflict and/or confusion arising from the fact thattion which is carried out for each component. The first three
our discipline now possesses two alternative measures of hymetrics are standardised with respect to the worst perform-
drological modelling efficiency NSE and KGE). ing model, while the last metricR) is standardised with re-
spect to the best performing model. It should also be noted
that the reported standardisation of the correlation coefficient
(R) presented in Eqg. (1) is not designed to deal with negative
scores which could deliver components that exceed the max-
imum upper limit for a perfect score (i.e.1).

IPE is a dimensionless composite index that measures One of the key advantages of IPE is the flexibility with
model performance with respect to an ideal point innan ~ Which it can accommodate a wide range of different error
dimensional space (whereis the number of model perfor- Metrics. However, care must be taken over the exact manner
mance evaluation metrics employed). It standardises a set df Which specific metrics are integrated. Table 1 summarises
model performance evaluation statistics to an ideal point ly-how certain classes of error measure should be standardised
ing at[0, 0, 0, ..., 0]. The worst case is at [1, 1, 1, ..., 1]. Thefor integration into an IPE. These classes, referred to as S1-
overall performance of a model in terms of IPE is measuredS5., are based on the range of potential outputs for a particular
as the Euclidian distance from that ideal point (i.e. smallermetric (best and worst).

is better). If IPE is applied to a group of model outputs com-  Equation (2) represents an improved variant (here termed
puted on the same data set, an IPE value of unity correspond&Eg) of the original equation, which includes a more gener-
to the worst performing model; an IPE value of zero corre-2alised and robust procedure for standardisihthat can ac-
sponds to a perfect (ideal) model. Elshorbagy et al. (2010a,b§ommodate its full range{1, +1]. IPE is also consistent in
published an original IPE index (here termed pREhat in-  the way that standardisation is performed with respect to the
tegrated four popular metrics (in which they referred to ME WOrst performing model. Thus, it eliminates the standardisa-

2 Ideal point error

2.1 Metric standardisation

as mean bias, MB): tion inconsistency of Eq. (1). This modification can resultin a
significant difference arising between the output of \ARfd
RMSE 2 MARE; 2 IPEg, particularly for situations containing moderate or low
IPEA = [025|{| ————— —_— . -
max(RMSE) maxMARE) correlation coefficient values. Indeed, as the results presented
12 later show, correlation coefficient scores as high as 0.91 can
ME; 2 R —1 2 ) still result in quite different scores for IREand IPE.
max|ME]| 1/max(R)

where, for model, max () is the maximum value of the
statisticx among the group of models under test and is used

www.hydrol-earth-syst-sci.net/16/3049/2012/ Hydrol. Earth Syst. Sci., 16, 30460 2012


www.hydrotest.org.uk

3052 C. W. Dawson et al.: Ideal point error for model assessment in data-driven river flow forecasting

) 5 all 22 statistical metrics. The first five components provided
IPEs — [0_25<< RMSE ) < MARE; ) 91% of the information content of all 22 metrics. These
maxRMSE) maxMARE) orthogonal components were then examined to determine
) o 71/2 which metrics could best represent them. Subsequent anal-
< ME; ) ( Ri -1 ) (2)  VYsisled to the five metrics used in Eq. (3): such selections, it
max|ME| min(R) — 1 should be noted, being dependent on the data set involved.
The use of a comprehensive PCA approach to analyse or-
2.2 Equifinal models thogonality is not always going to be feasible, particularly
if only a few models and metrics are being compared. In
A further potential difficulty with IPE arises in the case sych circumstances, a basic correlation analysis should be
of equifinal models, which are known to be a problem in gygficient to detect redundant metrics which, if not removed,
the field of hydrology (Beven, 1993, 1996, 2001). Equifi- would bias IPE output (i.e. identification and removal of
nal models will result in IPE values close to unity for each highly correlated metrics is recommended). Performing such
model, indicating (possibly incorrectly) that all models are gn analysis would seem to be a prudent early step in all ap-
poor because of the manner in which IPE is derived relativepncations of IPE, and one which can quickly identify the
to the worst performing model in the suite of models underpest number and mix of metrics to be included. We, there-
evaluation. However, if, as suggested later in this paper, IPEore, perform just such an analysis in our evaluation of IPE
is based on a common benchmark (such as a naive modeljater in this paper. In cases where only a few individual mod-
then all models are Compared to that benchmark rather tha@|s are being Compared, there may be an insufficient num-
against one another and the problem is alleviated. In addiper of models present to perform a meaningful analysis that
tion, if IPE still prOdUCGS similar values for different mod- could |dent|fy redundant IPE Component metrics. |nstead,
els, this would simply be highlighting the equifinal nature of the selection of metrics will need to be made on the basis
the models under test. In this situation, detailed inspection o results collated from previously published hydrological

the corresponding hydrograph might possibly tease out submodeliing studies performed for similar forecasting scenar-
tle differences arising between individual solutions. ios conducted in a similar environmental Setting_

2.3 Metric orthogonality

In applying any integrated evaluation metric, the question of3 Numerical experiments

which set of metrics to use is central. One approach to an;

. ) S : . In this paper, we explore IPE and its variants in the context
swering this question is to consider the extent to which the . . ! o .
of a simple river flow forecasting application, a topic that

metrics overlap one another with respect to their discrimina- . . i
. ; ... . has been a focus of data-driven hydrological modelling stud-
tory power. Dominguez et al. (2011) published a modified. )
. o . ies over the last two decades, e.g. in neural network mod-
IPE index (here termed IRf} which integrated five popular . . e
) . : ; elling (Maier et al., 2010). We use artificial errors here to
metrics ordered according to their power of appraisal. It was_ . A R .
. : L ... _engineer a set of “models” from an observed data series,
strongly argued in their paper that the individual statistics

which are selected for inclusion in such procedures should bé’wth each model having one characteristic error type associ-

. . ated with it. In this way, we provide a theoretical insight into
orthogonal (i.e. uncorrelated), as well as comprehensive, t(i?mw different variants of IPE behave when faced with differ-
avoid potential issues of information redundancy (i.e. loss of - . : i

. : " - _ent characteristic errors in the fit between observed and pre
discriminatory power) and/or double-counting (i.e. multiple dicted series. Our approach is supported by several examples
accumulated measures that assess identical factors). Thus :

following detailed analysis of numerous potential candidates,Of studies in which artificially engineered "synthetic errors

only two of the four original IPlg metrics were retained in are computed for a simple hydrological data set, and used

their modified equation (RMSE and ME) afdwas replaced as the basis for_examlnlng the_vanatlon |n_ evaluation metric
by RS scores under different theoretical scenarios (e.g. Krause et

al., 2005; Cloke and Pappenberger, 2008). Although a sim-
RMSE 2 RSqr — 1 2 plification of the real-world, this approach is justified by the
IPEc = [0 2 ((W) <W’)—l> extent to which reported results can be interpreted in both
q simple and fundamental terms, thereby offering a degree of
ME;, \2 PL—1 \2 PER 2 2 general transferability for our findings. This key outcome and
(m) (m) (m) )} ®3) such clarity would be impossible to accomplish from analy-
ses involving multifaceted, real-world case studies possess-
IPEc was derived from an examination of 22 different sta- ing complex, compound errors.
tistical metrics for each of 60 models. Principal component The observed record used in this study was first adopted
analysis (PCA) was used to derive surrogate measures cis an instrument for performing error testing operations in
performance that encapsulated the information contained ilDawson and Wilby (2001). It relates to six-hourly discharge
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recorded in s x 10? at the site of the Three Gorges
Dam, on the Yangtze River in China. The data comprise
160 observed records for the period 4 July 1992 to 13 Au-
gust 1992 and are depicted in Fig. 1. This data set can be
downloaded from the HydroTest website (Dawson et al.,
2007, 2010). Further particulars on the origins of the data
set can be found in Dawson et al. (2002).

The IPE variants specified in Egs. (1)—(3) are evaluated
and benchmarked in this paper using 12 simple data series,
which are compared against the observed record. The first
four data series are generated from simple models of the ob-
served record: two naive time-shift models (as used by Hall,

3053
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4 Jul 1992 16 July 1992 29 July 1992 13 August 1992

2001); and two simple linear regression models. The otheiFig. 1. Hydrograph of observed flow for Three Gorges Dam,
eight data series were constructed by introducing different¥angtze River, China.

types of error into the observed record. The first four of these
are based on the ones used by Hall (2001) in his evaluation of
popular goodness-of-fit indices. The second four involve the
use of random numbers sampled from a normal distribution.
Two versions of each data series are included, represent-
ing large and small deviations from the observed record. The
formulae used to calculate the modified records are given in
Egs. (4)—(9) below (in whiclp; is the estimated discharge):

1. Two naive time-shift models that forecast observed dis-
charge. This series can be expressed as:

Qi = Qifn (4)

in which n is the lag-time. In this case two lag times
are used: a lag of one € 1) representing a 6 h, 1 step-
ahead naive forecast; and a lag of four(4) represent-

ing a 24 h, 4 step-ahead naive forecast. These models
are referred to as Naive £ 1) and Naive {+ 4).

2. Two simple linear regression models that use antecedent
flow as a predictor for delivering+1 step-ahead and
t +4 step-ahead forecasts of observed discharge (and
which are consistent with our naive modelling solutions
Naive ¢ +1) and Naive (+4)). This series can be ex-
pressed as:

Qi =12 Qin + ky (5)

wherer, is the regression coefficient for time lagand

k, is the intercept. These are referred to as Regression
(r +1) and Regression ¢ 4). Forn=1, r1 =0.999 and
k1=-0.332. Fom =4,r4=0.927 and4 = 18.324. Note
thatry is close to unity.

3. Synthetic series containing scaled errors that are propor-
tional to the magnitude of the observed flow. This series
can be expressed as:

0i =cQ; (6)

wherec is a constant. Two values efare adopted in

this paper to assess the effects of varying degrees of er- 6

ror: 1.25 and 1.5. The latter is the upper value applied

www.hydrol-earth-syst-sci.net/16/3049/2012/

by Hall (2001). The former represents half that applied
error. These series are referred to as Scaled (low) for
¢=1.25 and Scaled (high) fer=1.5.

4. Synthetic series containing bias errors in which the ob-

served discharge has been incremented by a constant
amount p) according to the following equation and as
such equates to a vertical displacement of the original
record. This series can be expressed as:

Qi = Qi +b. @)

In order to show how an IPE can differentiate between
similar modelsp is set to values such that the RMSE
of the bias errors is the same as the RMSE of the two
scaled errors introduced in Eg. (6) above. In the case
of Scaled (low),b =74.3. In the case of Scaled (high),
b=148.6. These series are referred to as Bias (low) and
Bias (high) respectively.

5. Synthetic series in which random noise has been added

to the observed record. This series can be expressed as:
0i=0Qi+N (8)

in which N is a random value from a normal distribu-
tion with a mean of zero and either one or other of two
permitted standard deviations. In one case, the standard
deviation adopted is one quarter of the standard devi-
ation of the observed recor&v(=20.45). In the other
case, the standard deviation adopted is half that of the
standard deviation of the observed recoM=(40.90).
These values were chosen as they represent a reason-
able distribution of noise without generating negative
flow values. These series are referred to as Noise (low)
and Noise (high) respectively.

Synthetic series in which the random noise added to the
observed record in Eq. (8) above has been scaled by the

Hydrol. Earth Syst. Sci., 16, 30486Q 2012
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Table 2. Individual statistics for experimental data series (“best” result in bold, “worst” result in italic per metric).

Error ME RMSE PEP MARE RSqgr Pl R
model

Naive ¢ + 1) 0.70 9.24 0.00 0.02 0.99 0.00 0.99
Naive ¢ +4) 2.85 35.01 0.00 0.08 0.83 —-13.29 0.91
Regressions(+ 1) 0.08 9.21 -0.17 0.02 0.99 0.01 0.99
Regressions(+ 4) 0.13 34.39 —-3.66 0.08 0.83 -12.79 0.91
Scaled (low) 71.38 74.30 25.00 0.251.00 —63.38 1.00
Scaled (high) 142.75 148.60 50.00 0.50 1.00 -256.50 1.00
Bias (low) 74.30 74.30 14.77 0.28 1.00 —63.38 1.00
Bias (high) 148.60 148.60 29.54 056 1.00 -256.50 1.00
Noise (low) —0.59 20.20 6.46 0.06 094 -3.76 0.97
Noise (high) 2.07 39.92 5.69 0.12 0.80 —-17.58 0.90

Scaled Noise (low) —3.79 24.86 18.03 0.06 091 -6.21 0.96
Scaled Noise (high) —0.30 48.09 29.98 0.11 0.77 —25.97 0.88

square of the observed record. This leads to proportionand PI). Similarly, Scaled (high) has unity scores for RSqr
ally larger errors at high flows and smaller errors at low and R but also has the worst score for RMSE and PI. Con-

flows. This series can be expressed as: versely, although Naiver £ 1) possesses the two best scores
R ) for PEP and PI, it does not come out on top according to
Qi =0i+NQj/z (®)  other measures.

. . . Several other points of interest can be identified. First, note
in which z is a value chosen to ensure scaled errors do . ;

. . . that both Naive models return PEP values of zero (i.e. the
not lead to negative flows. In this case, settinp the

square of the mean of the observed recard 285.82) best permitted score for this metric). This is because both

leads to acceptable results. The two series are referred o generated directly as a time-shift of the observed data

as Scaled Noise (low) and Scaled Noise (high) Coincid_and consequently have the same peak value as the observed

ing with the amount of random noise added in Eq. (8) record. This brings into question the use of individual error
g q- (9. measures that can return good or perfect results for very sim-

The relationship between each data series and observed floplistic models, and will often also create a divide by zero
is depicted in Fig. 2. The plots show similar performance of problem if used as benchmarks in an IPE. Second, although
the Naive and Regression models with the two models in-most error statistics return similar scores for the NaiveX)
volving one-step-ahead prediction demonstrating low errorsand Regressiory ¢ 1) models, there is a notable difference
across the range of the observed record. The scaled error sit the ME score for these two models (0.7 and 0.08 respec-
ries show, not surprisingly, a linear increase in error as ob{ively). Clearly, bias is reduced as a result of fhes —0.332
served flow increases, while the bias error series show consigntercept since all other factors are more or less identical.
tent error across the same range. The two noise series (Noiddoreover, because this measure is calculated using signed
(low) and Noise (high)) show a reasonably even spread oflifferences between the observed and modelled record, there
error across the range of the observed record, while scalet$ also a danger that, even for a poor model, substantial dif-
noise displays heteroscedastic error in both cases (Scaldérences will cancel one another out leading to good scores.
Noise (low) and Scaled Noise (high)). Third, despite returning perfect scores for RSqr @&adhe
Scaled and Bias series return very poor Pl, ME and RMSE
scores compared with the other data series. RSqrRaace
not good at identifying scaled and bias errors when evaluat-
ing models.

The results confirm a long-standing argument in hydro-

HydroTest statistics for each data series and all relevant evall-()?'cc?l modelling thgt '”d""g_“a' error stat|st|csf can(;\olt be
uation metrics are provided in Table 2. The analysis reveald€''€d UPON to provide an objective measure of model per-
no overall “winner” (or “loser”) in the sense of one data se- formgnce. This analysis also hlghl!ghts the dangers of using
fies possessing a superior (or inferior) result for all seven'n_d'v'dual measures that may.prowde results that are contra-
metrics, providing sound grounds for the application of andictory to what is actually being measured. It is only when
IPE. For example, Bias (high) returs and RSqr scores error statistics are compared or combined that an overall pic-
of one (the maximum score) but is identified as the pooresfur® Of model performance emerges.

model according to four other statistics (ME, RMSE, MARE

4 Interpretation of error statistics

4.1 Error statistics of the data series
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Fig. 2. Error plots for experimental data series (measurementsisithx 107).
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Table 3.Correlation matrix of individual statistics for experimental Table 4.Integrated assessment of experimental data series.
data series.

IPE values Rank
ME RMSE PEP MARE RSar PI_R Data series IPE IPEg IPEc IPEy IPEg  IPEC
'\R",EISE %‘%(; 1.00 Naive ¢ +1) 0.04 0.04 0.04 2 2 2
' ' Naive ¢ +4) 0.15 040 0.36 6 6 5
PEP 0.76 0.82  1.00 ’
Regressions(+ 1) 0.04 0.04 0.04 1 1 1
MARE  0.98 099 0.78 1.00 X
Regressionz(+ 4) 0.14 040 0.36 5 5 6
RSqr 0.59 037 027 045  1.00
Scaled (low) 041 041 0.40 9 7 8
PI -0.96 -097 -0.79 -0.97 -045  1.00 !
R 0.60 039 029 0.47 100 —0.46 100 Scaled (high) 0.83 0.83 0.89 11 12 12
: : i : : i : Bias (low) 043 043 0.36 10 8 7
Bias (high) 0.87 0.87 0.82 12 12 11
Noise (low) 009 014 0.4 3 3 3
i : _ Noise (high) 0.18 046 041 7 9 9
4.2 Iden't|f|cat|on and removal of non-orthogonal Scaled Noise (low) 010 021 025 4 4 4
metrics Scaled Noise (highy 0.20 054 0.54 8 10 10

As noted earlier, provided sufficient data are available, it is

possible to undertake a cross-correlation analysis between , i

the error metrics under consideration for inclusion in an IPESCOreS Of 0.99. However, in the case of the Naive 4)

in order to identify potential metric redundancy. Table 3 pro- a_ln_d Regressiore ¢ 4) models, bqth have correlation cqef-

vides just such an analysis based on the 12 experimental daﬂf'ent scores of _0'91 and the switch has_led to much higher

series used in this study. These results would tend to indicatd E Scores: IPk is 0.15 and 0.14 respectively; IBES 0.40

some redundancy between ME, RMSE, MARE and P!. HOW_and O.4Q. This empha&ses thg dl_vergence of thg_s.tandard|sed

ever, in this particular case study, the data series have been aqgrrelaﬂon'coeff]ments and h|gh||ght§ the sensitivity of IPE

tificially generated and, as a consequence, perhaps a grea’t@rthe way in which components_are mte_:grate;d.

than usual number of series are found to deliver near identi- Tgble 4 also presents some interesting Q|ﬁerences when

cal results according to many of the metrics adopted. For exM0Ving from IPE to IPEc. The latter contains a compre-

ample, six of the twelve return almost identical RSqr values,NeNsive set of orthogonal error measures, and, although there

and the bias errors were derived in such a way as to have th@Ppear to be only minor changes in IPE scores, two things

same RMSE scores as the scaled errors. If these data rep hould be noted. First, IPE values range from O (for a per-

sented genuine models in a hydrological study, there woul ect model) to 1 (for the worst model), so small _absolute

be some argument for removing ME and PI from P& changes in IPE score (such ‘_als_o._43_t(_) 0.36 for Bias (Ipw))

they are closely related to RMSE, which would be retained.©@n represent a S|gn|f|cant sh|ft in individual over.all scoring.

Conversely, preserving ME and Pl may lead to additional em_Second, the associated rankings of the Qatt_;l series relative to

phasis being placed on metrics of this type, perhaps swamene another can also change when swﬂc;hmg fromg|RE

ing the contribution of other retained metrics such as RSqupEC__ nof[ably in the Iower_half of the scorings. '_I'he four top

and PEP in our study. rankmg; in contrast remained gnchanged. _Thls means that

In this case, because IREs based on a comprehensive an IPE-mtegratgd asse.ssment. is both metrlg and model de-

study of 60 models, we will retain all the components for _pgn_dent. Selection of elthe_r W|!I.control the final tally, and,

further analysis. A study of redundancies amongst IPE com—If itis to be of grea'ter apphcgblhty (for examplg to S“ppc?”

ponents is an important issue and should be the subject quoss-stqdy analysis), meaningful, benchmarking operations

further research. Without such an analysis, it is reasonabl&"® reql_ured. ) ) _ _

to accept an IPE such as IPEwhich is based on a sound _The f|n_al point to notg W|th this set o_f results is that, de-

hydrological analysis. spite having the same (identical by design, as described pre-
viously) RMSE, IPE scores for scaled error and bias error are
different. This is primarily due to differences in PEP, such

5 Evaluating IPE variants that a single local assessment statistic is the controlling item.
In so doing, it provides a cautionary justification for a com-

The integrated IPE (A—C) scores for each data series argined error measure such as IPE that can be used to tease

compared and contrasted in Table 4. The effects of switchout the differences among apparently equivalent models in a

ing from IPE, to IPEg, given varying strengths of correla- process that could easily be perverted.

tion coefficient, can be observed. For example, for those data

series returning correlation coefficient scores of 1 (Scaled

(low), Scaled (high), Bias (low), Bias (high)), there is no 6 Standardising IPE using naive model benchmarks

change in the scores of IREand IPE. IPEx and IPE

scores are also the same for the Naive 1) and Regres- Far greater value can be gained from error metrics if they

sion ¢ + 1) models, which both return correlation coefficient are presented in such a way that they offer a degree of
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transferability across different catchments or case studiesghe selection will be governed by the nature of the specific
This is a particularly challenging problem due to the hetero-modelling problem and data availability.
geneity experienced in the hydrological responses of differ- The adoption of a naive model comparator in hydrological
ent catchments, located in different physiographic and cli-modelling evaluation metrics has a strong linage; it forms a
matological settings, across different periods. However, ondundamental part of PI (Kitanidis and Bras, 1980). It equates
can move towards this goal by benchmarking metrics to ao a one parameter “no knowledge” or “no change situation”
common baseline model, which is applied irrespective of themodel in which the underlying process that is being modelled
case study that is of interest. This ensures that the metric igs assumed to be a Wiener process (i.e. variance increases lin-
derived by assessing each model's performance relative tearly with time, such that the best estimate for the future is
a common, simplistic model type that is well understood. given by the latest measurement). The adoption of a naive
It results in additional transferability across different catch- ¢ + » model has two key benefits for IPE. First, the compara-
ments that have a high degree of commonality in their chartor model can be easily developed for any river forecasting
acteristic hydrological responses, because metric values foapplication. Second, the underlying model will be consistent
each catchment indicate the relative, additional performancdérom catchment to catchment in the respect that it is not con-
that is gained over a common baseline modelling approachtrolled by one or more fitted coefficients. The needAdo
It also has the added benefit of demonstrating the complexbe consistent and determined by each case study in question
ity of the modelling problem presented by each catchmentjs axiomatic.
as only marginal increases in model performance over the Inthe standard application of IPE, the denominator of each
benchmark would indicate a simple problem that warrantedcomponent in the IPE equation is the maximum or minimum
a simple modelling solution. metric value achieved across a set of models, and is unlikely

So far, IPE has used the worst performing statistic fromto ever be zero across all models in the set. However, if a sin-
the suite of error models under evaluation as the basis fogle, standard benchmark model is used, the characteristics of
standardising its individual metrics (scaling to one for the that model fit may result in a zero value for certain metrics.
worst model, and to zero for a perfect model). Thus, modelFor example, an unbiased benchmark will always have a ME
performance rankings may differ depending on each particuscore of zero. Similarly, a naive model will always result in a
lar combination of selected metrics adopted and the suite oPEP score of zero. In adapting IPE to a standardised bench-
models included. This arbitrariness is not common hydrolog-mark, this potential issue must be considered. The resultant
ical practice, whereby a benchmark model is usually definedaction should be to either select a benchmark model that will
a priori, and is independent of comparator models. NSE, fomot result in zero values for any of the metrics in the IPE
example, compares model performance against a primitiveequation, or to adjust the metrics included in the equation so
model, comprising the mean of the observed discharge tim¢hat those evaluating to zero against the chosen benchmark
series as output at all points. IPE model skill is, in contrast,are omitted.
evaluated against a moving target — something that changes IPEa and IPE cannot be recommended for naive model
according to the mix of models involved, such that reportedstandardisation since they contain arbitrary and possibly re-
numerical findings cannot be transferred to other studies. dundant component metrics. IREould also generate scores

Standardisation of metrics to a baseline model raises th¢hat exceed unity, whilst IREwould encounter a division
question of which model to use as the baseline. Clearly, thidy zero error in the case of PEP, which will always produce
will vary according to the context of the modelling problem a zero if a naive +n benchmark model is included. How-
of interest. One possibility is to use a simple linear model ever, given that IPEwas constructed by means of analytical
benchmark, obtained from least squares linear regressiommethods and represents an algorithm structured according to
for the purposes of assessing the extent to which a particuexplanatory power, and PEP was the least influential input
lar problem is linear or near-linear and so does not requiren IPEc, PEP could simply be dropped from the equation
a complex non-linear modelling solution (Abrahart and See,to produce another variant, IBEthereafter calculated using
2007; Mount and Abrahart, 2011). However, in the contextthe four remaining measures (and consequently the overall
of river forecasting models, Seibert (2001) highlights the po-weighting factor is 0.25, not 0.2):
tential of a simple naive modelObviously, there are more 2 2
rigorous benchmarks that can be used ... We can also Usepgy — [0,25 ((RMSE’) + (M)
the observed runoff, shifted backwards by one or more time maxRMSE) min(RSqy — 1
steps. In this case, we use the observed runoff at times step 2 2\ 11/2

" . : ME; P, —1

as a prediction of the runoff at time step- n. This type of + (—> + <—> (10)
benchmark is especially suitable for forecast models. max|ME| min(Pl) — 1

In thi§ context, the naive model can be though't of aS|pE, will therefore be studied in which:
the basic benchmark model “type”. However, within this

“type”, different instantiations of the lag are possible, and 1. IPEpw uses each “worst case” individual statistic as a
benchmark (as before).
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Table 5.1PEp analysis of experimental data series.

IPE values Rank

Data series IPBw IPEp1  IPEpy IPEpw IPEp1  IPEpg
Naive ¢ +1) 0.04 1.00 0.19 2 2 2
Naive ¢ +4) 0.40 10.37 1.00 8 6 6
Regressions(+ 1) 0.04 0.87 0.14 1 1 1
Regressionz(+ 4) 0.40 9.98 0.85 7 5 5
Scaled (low) 0.37 60.59 12.76 5 9 9
Scaled (high) 0.85 165.01 26.68 11 11 11
Bias (low) 0.37 62.36  13.26 6 10 10
Bias (high) 0.87 167.63 27.64 12 12 12
Noise (low) 0.14 3.46 0.38 3 3 3
Noise (high) 0.45 12.48 1.10 9 7 7
Scaled Noise (low) 0.21 5.86 0.83 4 4 4
Scaled Noise (high) 0.53 16.53 1.34 10 8 8

2. IPEp; uses the naive one-step-ahead prediction as thevould be an inappropriate option as a benchmarking thresh-
basis for standardisation (Naive+1)). old for rejecting models that predict with a longer lead time
(such as Regression« 4)).
3. IPEp4 uses the naive four-step-ahead prediction as the The benchmark, against which models are evaluated,
basis for standardisation (Naivet(4)). should be chosen with the same lead time; otherwise, the test
is “unfair” and not a true reflection of the accuracy of the
The results of this analysis are provided in Table 5. In this ta-models under scrutiny. With this point in mind, a more ap-
ble, the benchmark statistics are used to define the worst caggropriate baseline might be to use the naive four-step-ahead
scenario against which everything is measured and standargnodel (Naive { +4)) — represented as IBE In this case,
ised. For IPlp; and IPE4, we are measuring performance the simple regression models (Regressionk) and Regres-
against a naive baseline — any data series that performs worsgon ¢ + 4)), the naive one-step-ahead model (Naive 1)),
than these benchmark solutions can be considered particiand the Noise (low) and Scaled Noise (low) series all per-
larly poor. form better than the baseline. However, in this case, it would
Table 5 presents some interesting results using each of thise wrong to assess the performance of the Regressioh)(
three benchmarked measures of 4P depicts similarrank-  and Naive { + 1) models against this benchmark as they have
ings to those presented earlier for IREPEg and IPE, with  a shorter lead time and are thus not facing a “fair” test. The
the best four and worst two data series being ranked in thether data series presented all have IPE scores greater than
same position. In this case, the Regressionl) and Naive  unity so all perform worse than our simple four-step-ahead
(¢ +1) models are consistently the strongest performing dataaive model.
series assessed by IRk, IPEp1 and IPE4; Scaled (high) It is also possible to turn this argument on its head:+f:
and Bias (high) are consistently the worst. is seen as a sliding scale, it is possible to offer a series of
In each scenario, IPE scores for our scaled and bias seriasegraded benchmarks that can be used to quantify the mo-
are quite different, but IPE scores for Scaled (low) and Biasment at which a particular series crosses a particular thresh-
(low), and for Scaled (high) and Bias (high), are neverthe-old (i.e. to establish that the model under test is no better
less similar. This, doubtless, is a reflection of dropping PEPthan ar +» naive prediction). This form of assessment may
While there is some difference between these scores, andffer rewards in model development operations since the “no
some of the rankings change as a consequence, there is @hange scenario” offers a severe challenge for non-empirical
argument for modifying IPE to better differentiate between modelling solutions in which the major outcome is greater
such errors when evaluating models. scientific understanding and not necessarily higher predic-
Using the naive one-step-ahead model (Naive1)) as  tion accuracy.
the baseline (IPEy) identifies some problems with this par-  The relative order of the rankings in Table 5 is also wor-
ticular choice. In this case, only the Regressiofil) hasan  thy of comment. For the best (those ranked in the top four
IPE score less than unity. Having scores that are no longegach time) and worst (those ranked 11th and 12th each time)
confined to a common upper range potentially loses someperforming data series, there is no change in their relative
thing useful. This analysis also highlights the significance ofposition from one baseline to the next. However, this is

selecting an appropriate benchmark with which to evaluatenot the case for their absolute IPE scores. For example, the
all other models. In this case, the naive one-step-ahead model
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Regression:(+ 1) model is ranked first for all three baselines, IPE is standardisation of measured error statistics relative to
although its IPE scores range from 0.04 (for §gB to 0.87  some agreed set of end markers: the selection of a suitable
(for IPEp1). These results emphasise the fact that IPE carpoint of reference is a key factor as well as the constituent
provide a useful relative measure of performance within aerror metrics. Originally, this was established as the worst
study, but, to be applicable across studies, a common benclperforming model in the suite of models under scrutiny.
mark must be defined in terms of something meaningful. ~ However, in such cases, IPE equates to a moving target that
A final aspect of IPE that is worthy of further considera- is dependent on the model combination used. Hence, results
tion is the role of weights. In the equations presented hereand conclusions drawn from the analysis are unique to each
each error measure used in each IPE is equally weightedset of models used in calculating IPE. A more generic use
This does not have to be the case as more emphasis can béIPE has been discussed in which a naive: step-ahead
placed on individual components depending on the nature ofmodel is employed for benchmarking purposes. A simple lin-
the modelling requirements. One aspect of IPE that has notar model, such as the regression model adopted in this study,
been analysed in any study to date is the ability of the mod-could also be used as a more sophisticated benchmark. How-
eller to influence the IPE outcome by varying the weighting ever, extending the benchmark to ever more sophisticated
given to each component metric in the equation. A full anal-levels would make cross-comparisons between studies diffi-
ysis of the impact of weight variation is beyond the scopecult as there is no guarantee the benchmark was being equally
of this study as it, inevitably, will relate to the specific pat- derived or applied in each case. Basing the benchmark on one
terns of error in each hydrological model, and this, in turn, or more naive +n step-ahead predictions provides a recog-
will reflect the hydrological modelling challenge of interest. nised standard that can be consistently applied across differ-
Indeed, we identify this as a potentially worthwhile direction ent studies, for broader model evaluation purposes.
for future work. However, even without a detailed study, itis An area of further work is to examine the interplay
possible to make some general comments about the impa&etween the different errors introduced in this paper and
and potential of using different weights in an IPE. For exam-their performance as measured by different error statistics

ple, different metrics emphasise different aspects of an errof:examiningl furthelr éhe (tjhgmes discussed .bty ';a”’ dzct)O%z]
distribution, meaning that specific magnitudinal or timing- or éxample, scaled and bias errors were introduced to the

related assessment could be of direct operational reIevancObserVed record in this study_ with equal RMSE. In some
. ~ tases, an integrated IPE provided reasonable differentiation
(€.9. mean absolute error at lead times of 110 5 days for rivefyeyeen these errors, in other cases less so. The real-world
level flood forecasting on the Lower Mekong River; Nguyen nyqrological relationship between errors and residuals,
and Chua, 2011). Indeed, the squaring of the error value inhe |atter expressed in terms of theoretical structures and
RMSE will result in a greater emphasis on the model fit at distributions, when applied to data sets with different
peak flows and in predicting large flood events. For manycharacteristics, could also be explored.
river flow forecasting problems, this is of primary concern,
and it may, therefore, be appropriate to increase the weightEdited by: F. Laio
ing of this metric in the IPE equation. By direct contrast, the
use of a relative metric such as MARE will place greater em-
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