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Abstract. Hydrodynamic models are useful tools for urban inability to address the causes of model discrepancies. Fur-
water management. Unfortunately, it is still challenging to ther research should focus on quantifying and reducing the
obtain accurate results and plausible uncertainty estimatesauses of bias by improving the model structure and propa-
when using these models. In particular, with the currently ap-gating input uncertainty.

plied statistical techniques, flow predictions are usually over-
confident and biased. In this study, we present a flexible and

relatively efficient methodology (i) to obtain more reliable

hydrological simulations in terms of coverage of validation 1  Introduction

data by the uncertainty bands and (ii) to separate prediction

uncertainty into its components. Our approach acknowledgeiathematical simulation models play an important role in
that urban drainage predictions are biased. This is mostlyhe design and assessment of urban drainage systems. On
due to input errors and structural deficits of the model. Wethe one hand, they are used to investigate the current sys-
address this issue by describing model bias in a Bayesiate™, for example regarding the capacity for and likelihood of
framework. The bias becomes an autoregressive term addflooding. On the other hand, engineers use them to predict
tional to white measurement noise, the only error type acthe consequences of future changes of boundary conditions
counted for in traditional uncertainty analysis. To allow for OF control strategiesGujer, 2008 Kleidorfer, 2009 Korvin
bigger discrepancies during wet weather, we make the variand Clemens2003. Traditionally, according to standards of
ance of bias dependent on the input (rainfall) or/and outpu@00d engineering practice, such models were calibrated by
(runoff) of the system. Specifically, we present a structured@djusting parameters to allow predicted flows to closely re-
approach to select, among five variants, the optimal bias deflect field data. In recent years, it has been suggested that
scription for a given urban or natural case study. We testedredictions of urban drainage models are not of much practi-
the methodology in a small monitored stormwater systemca| use without an estimate of their uncertairipfto et al,
described with a parsimonious model. Our results clearly2011 Kleidorfer, 2009 Korvin and Clemens2005 Reichert
show that flow simulations are much more reliable whenand Borsuk 2003. Unfortunately, there are so far no es-
bias is accounted for than when it is neglected. Furthermoret@blished methods available to assess prediction uncertainty
our probabilistic predictions can discriminate between thregn sewer hydrology in a statistically satisfactory wayrgni
uncertainty contributions: parametric uncertainty, bias, ancet al, 2009h Breinholt et al, 2013). -

measurement errors. In our case study, the best performing In the context of design, operation and assessment of ur-
bias description is the output-dependent bias using a logPan hydrosystems, it is important to obtain reliable predic-
sinh transformation of data and model results. The limita-tions from a calibrated modeB{korska et al.2012). This

tions of the framework presented are some ambiguity dugn€ans that random draws from the model should have similar

to the subjective choice of priors for bias parameters and ittatistical properties (such as variance or autocorrelation) as
the data. Additionally, for reliable predictions, the observed
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4210 D. Del Giudice et al.: Improving uncertainty estimation in urban hydrology

coverage of the simulated uncertainty bounds should matchrelatively straightforward to apply, but also often help to
or exceed, the nominal coverage. Ideally, this can be achievetheet the underlying statistical assumptions. However, a dis-
by representing the dominant sources of uncertainty explicadvantage of such lumped error models is that only pa-
itly in the model. This could be done by considering uncer- rameter uncertainty can be separated from the total predic-
tainty in (i) model parameters, (ii)) measured outputs, (iii) tive uncertainty. By not distinguishing among error com-
measured inputs and (iv) the model structure and by propponents, they do not help to reduce predictive uncertainty.
agating these uncertainties to the model output. To additionally separate bias from random measurement er-
While there have been some attempts to formulate aors, Kennedy and O’Hagai2001), Higdon et al.(2005,
sound “total error analysis framework” in natural hydrol- Bayarri et al.(2007 and others suggested using a Gaus-
ogy (Kavetski et al. 2006 Vrugt et al, 2008 Reichert and  sian stochastic process to describe the knowledge about the
Mieleitner, 2009 Montanari and Koutsoyianni012, ap- bias, plus an independent error term for observation error.
plications in urban hydrology are lacking, probably due to This approach has been applied to environmental modeling
the complexity of these approaches. Instead, it is usually (ofand linked to multi-objective model calibration Reichert
ten implicitly) assumed, first, that the model is correct and,and Schuwirth(2012. Recently, a more complex input-
second, that residuals, i.e., the differences between modelependent description of bias has been applied successfully
output and data, are only due to white measurement noiséy Honti et al.(2013. In their study, this solved the problem
(Breinholt et al,2012 Dotto et al, 2011). Furthermore, these that model bias was greater during rainy periods than dur-
observation errors are considered to be identically (usuallying dry weather, a common situation in hydrolo@réinholt
normally) and independently distributed (iid) around zero et al, 2012. Going into a different direction of error sepa-
(Willems, 2012. Unfortunately, these are very strong as- ration, Sikorska et al(2012 combined the lumped autore-
sumptions in urban hydrology, where processes are fastegressive error model with rainfall multipliers to separate the
than in natural watersheds, the spatial heterogeneity of preeffect of input uncertainty from (lumped, remaining) bias and
cipitation may have a bigger effeddllems etal, 2012, and  flow measurement errors.
rainfall runoff can increase by several orders of magnitude In summary, there are three major interrelated needs in (ur-
within a few minutes. This “flashy” reaction can be challeng- ban) hydrological modeling: (i) to obtain reliable predictions,
ing to reproduce correctly in time and magnitude with current(ii) to disentangle prediction uncertainty into its components,
computer models and precipitation measuremedthiéllart  and (iii) to fulfill the statistical assumptions behind model
et al, 2012. In addition, sewer flow data have a high res- calibration. In particular, need (iii) is necessary to fulfill re-
olution of a few minutes and are usually more precise thanquirements (i) and (ii) in a satisfying way.
those of natural channels. Having temporally dense and pre- To address these issues, here we adapt the framework of
cise measurements exacerbate the effects of systematic dikennedy and O’Hagarf2001), as formulated byReichert
crepancies between model outputs and dReighert and and Schuwirt2012), to assess model bias along with other
Mieleitner, 2009. If such model bias, mainly induced by in- uncertainty components. This makes it possible to provide
put and structural errors, is not properly accounted for, auteliable predictions of (urban) hydrological models while
tocorrelated and heteroskedastic residual errors and overcoimproving the fulfillment of the underlying statistical as-
fident (i.e., too narrow) uncertainty intervals are generatedsumptions. At the same time, this approach considers three
(Neumann and Guje2008. different uncertainty components, namely output measure-
To better fulfill the statistical assumptions of homoskedas-ment errors, parametric uncertainty and the effect of struc-
ticity and normality of calibration residuals, and so obtain tural deficits and input measurement errors on model output.
more reliable predictions, a commonly applied technique inWith this approach all uncertainties are described in the out-
hydrology is to transform simulation results and output data.put. This does not allow separating input errors from struc-
The Box—Cox transformatiorBpx and Cox 1964 has in-  tural deficits. However, a statistical bias description is sim-
deed been successfully used in several case studies, both rpler and less computationally intensive than addressing the
ral (e.g.,Kuczera 1983 Bates and Campbel2001 Yang causes of bias via mechanistic propagation of rainfall uncer-
et al, 2007h a; Frey et al, 2011 Sikorska et a].2012 and  tainty (Renard et a).2011), stochastic time-dependent pa-
urban (e.g.Freni et al, 2009h Dotto et al, 2011, Breinholt ~ rameters Reichert and Mieleitner2009, or by combining
et al, 2012. Admittedly, transformation stabilizes the vari- filtering and data augmentatioBiflygina and Gupta20117).
ance of the residual errors in the transformed space. Unfor- Although focused on urban settings, our methodology is
tunately, it has almost no effect on the serial autocorrelationalso suitable in other contexts like natural watersheds, where
of residuals and thus cannot capture model bias. generally processes occur on longer timescales and output
To account for systematic deviations of model results frommeasurements are more uncertain. In this paper, we do not
field data, it seems promising to apply autoregressive erroadvocate an ideal error model that fits every situation. In our
models that lump all uncertainty components into a singleview, although very desirable, such a model might be unre-
process Kuczera 1983 Bates and Campbel2001 Yang alistic because watershed behaviors, measurement strategies
et al, 2007k Evin et al, 2013. Such models are not only and hydrodynamic models differ from case to case. Instead,
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we suggest a structured approach to find the most suitabla probabilistic error termf(y0|0, 1/f,x) describes the joint
description of model bias for a given hydrosystem and aprobability density of observed system outcomges, given
given deterministic model. the simulator and error model paramet#rsf), and external
Specifically, we investigate different strategies to parame-driving forcesx, such as precipitation. The probability den-
terize the bias description, making it (i) input-dependent andsity, f(y0|0, r//,x), may have a frequentist or a Bayesian in-
(i) output-dependent by applying two different transforma- terpretation. While the former considers probabilities as the
tions. The innovations of our study are the following. limiting distribution of a large number of observations, the
. . o o latter uses probabilities to describe knowledge or belief about
i. A formal investigation of model bias in urban hydrol- 5 qantity, e.g., output variable. Only frequentist elements in
ogy. This makes it possible to obtain reliable uncer- 5 jikelihood function can be empirically tested. To formu-
tainty intervals of sewer flows, also because the undery,¢e sych a likelihood function, we need (i) a simulator of the
lying statistical assumptions are better fulfilled. system with parametefs and (ii) a stochastic model of the
errors with parameterg. A generic likelihood function as-
suming a multivariate Gaussian distribution with covariance
matrix X (0, ¥, x) of output transformed by a functiog()
can be written as
(2m)~%

Jdet(Z (¢, x))
1,. ~ 1. N nod
—Z[o—M@.0] =W, x) 1[y0—yM(o,x)])Ed—f(mw), (1)

ii. Anassessment of the importance of model bias by sep
arating prediction uncertainty into the individual con-
tributions of bias, effect of model parameter uncer-
tainty and measurement errors.

. . . . 0 10,9,x) =
iii. A systematic comparison of different bias formula- o l0-9.3)

tions and transformations. This is highly relevant for
both natural and urban hydrology because we can ac'—exp<
quire knowledge for potential future studies.

2
wheren is the number of observations, i.e., the dimension of

iv. An assessment of predictive uncertainties of flows for Yo» Which could be, for instance, a sewer flow time series.
past (calibration) and future (extrapolation) system ¥M are the corresponding model predictions. The tilde de-

states. We find that considering bias not only produceg?0tes transformed quantities, i.¢.= ¢(y). Note that Eq.1)
reliable prediction intervals. It also accounts for in- SSUMes the residual errors to have 0 as expected value.

creasing uncertainty when flow predictions move from Uncertainty analysis for predictions is usually preceded
observed past into unknown future conditions. Further-PY model calibration, which requires that the statistical as-
more, we discuss how the exploratory analysis of biasSUmptions underlying the likelihood function are approxi-

and monitoring data can be used to improve the hydro-mately fulfilled. This means that the Bayesian part of the
dynamic model. likelihood function should correctly represent (conditional)

knowledge/belief of the analyst about the error distribution

The remainder of this article is structured as follows: first, (given the model parameters). This assumption is not testable
we present the statistical description of model bias and comby frequentist techniques. Instead, the appropriateness of the
pare it to the classical approach. Second, we introduce twgoriors can be checked by carefully eliciting the knowledge
different bias formulations and two transformations, and de-of the experts@’Hagan et al.2006. Additionally, frequen-
scribe how we evaluate the performance of the resultingtist assumptions can be tested by comparing empirical dis-
runoff predictions. Third, we test our approach on a high-tributions with model assumptions. In our error models, we
guality data set from a real-world stormwater system inwill have a frequentist interpretation of the observation er-
Prague, Czech Republic, and present the results obtainewr that can be tested, whereas the distributional assumption
with the different error models. Fourth, we discuss these re-of the bias cannot be tested. If frequentist assumptions are
sults as well as advantages and limitations of our approachiolated, options are (i) to improve the structure of the deter-
based on theoretical reflections and our practical experienceninistic model, (ii) to modify the distributional assumptions,
In addition, we suggest how to select the most appropriateor (iii) to improve the error model, e.g., by using a statistical
error formulations for urban and also natural hydrological (Bayesian) bias description.

studies and outline future research needs. i. Regarding improving the model structure, e.g., by a

more detailed description of relevant processes or by

2 Methods increasing the spatial resolution, bias can be reduced,
but not completely eliminated for environmental mod-
2.1 Likelihood function els. Natural systems are so complex that models will
always be a simplified abstraction of the physical real-
To statistically estimate the predictive uncertainty of urban ity, unable to describe natural phenomena without bias.
drainage models, we need a likelihood function (a.k.a. sam- In addition, increasing model complexity will increase
pling model),f(y{,|0,1/f,x), which combines (in this partic- parametric uncertainty and computation time. Thus,
ular case) a deterministic model (a.k.a. simulataf),with adequate model complexity must balance between bias
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and parametric uncertainty. Input errors are relevanterror term representing the measurement noise of the system
when dealing with highly variable forcing fields, as responseE:

it is the case for precipitation. Having a denser point - -

measurement network or combining different types of Yo(x.0.9)=ymx.0) + E(Y), @

input observations (e.g., from pluviometers, radar andwhere variables in capitals represent random variables,
microwave links) can reduce this uncertainty. How- whereas those in lowercase are deterministic functions.

ever, for practical reasons, input errors cannot be com-  Assuming independent identically distributed normal er-
pletely eliminated Berne et al.2004. rors in the transformed spack, follows a multivariate nor-

ii. Regarding improving the distributional assumptions,amal distribution with mean 0 and a diagonal covariance

simple way is to transform data and model results andmatrix,

applying the convenient distributional assumptions to y, , — 05 1. (3)

the transformed values. This technique is commonly ] )

applied in hydrology to reduce heteroscedasticity andWe then have = o, and the covariance matrix of EdL)(
skewness of (random observation) errors, while simul-iS 9iven by X =X g. As E(y) is interpreted to represent
taneously accounting for increasing uncertainty dur_observatlon.error, the dl_strlbutlonal assumptions are testable
ing high flow periods \(ang et al, 2012 Breinholt through re3|dual analysis. Note that while in hydrology the
et al, 2019. Alternatively, a similar effect can be observation and measurement errors are used as synonyms,
achieved through heteroscedastic error models within other environmental contexts observation errors can con-

error variance dependent on external forcingeriti  t@in additional sampling errors.
et al, 2013 or simulated outputsSchoups and Vrugt
2010.

iii. Regarding accounting for difficult-to-reduce input and In contrast to the independent error model, the autoregres-
structural errors responsible for autocorrelated residu-sive bias error model explicitly acknowledges the fact that
als, it has been suggested to describe prior knowledg&imulators cannot describe the “true” behavior of a system.
of model bias by means of a stochastic process and td his has been originally suggested in the statistical literature
update this knowledge through conditioning with the (Craig et al, 2001, Kennedy and O'Hagar2003; Higdon
data Craig et al, 200% Kennedy and O'Hagar2001; et al, 2005 Bayarri et al, 2007) and later adapted to envi-
Higdon et al, 2005 Bayarri et al, 2007). ronmental modelingReichert and Schuwirtl2012).

Technically, model inadequacy (also called bias or dis-
crepancy) is considered by augmenting the independent error
model with a bias term:

2.1.2 Autoregressive bias error model

To increase the reliability of our probabilistic predictions
and the fulfillment of the underlying assumptions for a given
model, we suggest to combine strategies (ii) and (iii).

In the following paragraphs, we consider nine differ- ¥,(x,0,v) = ym(x,0) + Bu(x, ¥) + E(W). 4)
ent likelihood functions by systematically modifying (i) the

variance—covariance matrix of the residugl§Sects.2.1.], fOntth;e one hgn(_j, thls model b'dﬁ"'t can dca[;)tur? thle l.Efft
2.1.2 and (ii) the transformation functiog (Sect.2.1.3. ect ot errors in Input measurements and structural fimita-

Specifically, we take into account three forms of parame-t'ons' On the other hand, it car} also descnl?e_lsyste_matlc oult-
terization of the bias process: neglection of bias (traditionalpUt measurement errors, e.g., from sensor failure, incorrectly

error model with independent observation errors only), acallbrated devices or erroneously estimated rating curves. In

stationary bias process, and an input-dependent bias prdt-s simplest form, the bias is modeled as an autocorrelated

cess. Regarding output transformation, we compare the iderﬁtatlonary {andomlpror(:esaeélchert and Sclhumtrtm(t)la : q
tity (no transformation), the Box—Cox transformation, and OWEVET, It can also have a more complex structure and,

a recently suggested log-sinh transformation (references arfé)r ms_tance, be mput-depen(_jehtdntl et fal' 2013. Strictly .
given below). speaking,B\ represents a bias-correction whereas the bias

itself is its negative.
2.1.1 Independent error model Conceptually, one difficulty is the identifiability problem
between model and bias, which is apparent in Ej. As
In urban hydrology, the most commonly used statistical tech-both cannot be observed separately, this issue can only be
nique to estimate predictive uncertainty assumes an indepersolved by considering prior knowledge on the bias in param-
dent error model Dotto et al, 2011, Freni et al, 2009a eter estimation. This requires a Bayesian framework for in-
Breinholt et al, 2012. Besides the absence of serial cor- ference and prior distributions that favor the smallest possi-
relation, this requires residual errors identically distributedble bias. Indeed, we want output dynamics to be described
around zero. as accurately as possible by the simulator and only the re-
The transformed observed system outdy, is modeled  maining deviations by the bias. The distribution of the resid-
as the sum of a deterministic model outpwi(x,#) and an  uals,Bn(x, ¥) + E(¥), is not testable due to the Bayesian
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interpretation ofBy (x, ¥). However, when estimating both Sikorska et al.2012. Indeed, such a covariance structure

By (x,¥) and E (), the assumptions regarding the obser- makes it possible to transfer the autoregressive error mod-

vation error,E (¢), can be tested by frequentist tests. els Kuczera 1983 Bates and Campbel2001; Yang et al,
Practically, the choice of an adequate bias formulation2007H to the bias description frameworkénti et al, 2013.

is challenging. On the one hand, examples from urban hy-

drological applications are currently lacking. On the other Input-dependent bias

hand, the bias results from the complex interplay between the

drainage system, the simulator and the monitoring data. Thi

is not straightforward to assess a priori. In contrast, the auto-

correlated bias and the random observation errors are usual@' f

well distinguishable due to their distinct statistical properties.
In the following, we investigate four different bias for- grows quadratically with the precipitation intensity,

mulations: (i) constant (i.e., input- and output-independent), shifted in time by a lag/. The equation for the rate of change

(i) output-dependent, (iii) input-dependent, (iv) input- and of the input-dependent bias is then given by
output-dependent. The constant bias is modeled via a BM(t)
standard Ornstein—Uhlenbeck (OU) process. The input- dBu (1) = —
dependence uses a modified OU process, which is perturbed
by rainfall. The output-dependence is considered through
transformation of measured and simulated data.

more complex bias description considers input-
dependency to mechanistically increase the uncertainty
ow predictions during rainy periods. Followirigonti
al. (2013, we suggest an OU process whose variance

dr +\/2 (GBt-i-(Kx(t—d)) )dW(z) @)

Wherex is a scalmg factor and denotes the response time
of the system to rainfall. For an equidistant time discretiza-
tion, with ;1.1 — #; = At, assuming that the lag is a constant
multiple of Ar, d = § At, and the input is constant between
time points, we derive from Eq7) the recursion formula for

The simplest bias formulation is a mean-reverting OU pro-the variance:

cess Uhlenbeck and Ornsteiri930, the discretization of 2 2 2

which would be a first-order autoregressive process (AR(1)) [BM (ti)] - [BM (@ 1)] exp(—;At)

with Gaussian iid noise. The OU process is a stationary 2
Gauss—Markov process with a long-term equilibrium value + [Uzzzd + (KXi—a)z] (1— exp(—;At)). (8)
of zero (in our application) and a constant variance, either
in the original or transformed space. The one-dimensional

OU processBw is described by the stochastic differential y — (GBWT’K,(;)T_ (9)
equation

Constant bias

The parameterg of this bias are given by

The resulting bias covariance matri®p,,, is given by
_Bu( 2
dBw (1) = — M )dt+\/;chldW(r), () Ty (h.x) =E[B] (min(rl-,t,,a)]exp(—%u,- —m). (10)

where is the correlation time andp,, is the asymptotic ~ In comparison to the original bias formulation binti et al.
standard deviation of the random fluctuations around the(2013, we modified two aspects. First, we consider the re-
equilibrium. dW(¢) is a Wiener process, which is the same sponse time of the system by introducing a time lag of the
as standard Brownian motion (random walk with indepen-input, which was necessary due to the high-frequent mon-
dent Gaussian increments). For an introduction to stochastigoring data with a temporal resolution of 2 min. Indeed, in-
processes see, e.glenderson and PlaschK8006; lacus  stead of working with daily discharge data usedionti et al.

(2008; Kessler et al(2012. (2013, here we had output observations every two minutes.
This stationary bias results in the likelihood function of Second, we omitted the fast bias component, which accounts
Eg. (1) with covariance matri® = X g + X p,, with for additional noise coming into action during the rainy time

steps. In our experience, this component did not have a sig-

Sp () = o2 exp<—3|t- _[‘|) ©6) nificant effect at this short timescale and its elimination led

M, Bt ) to a greater simplicity and robustness of the error model.

In contrast to the formulation given by Ed)(the covari- 2.1.3 Output transformation
ance in the original formulation bikennedy and O’Hagan
(2001 had an exponent for the term|s; —¢;|. To guaran- In hydrological modeling, it is common practice to apply a
tee differentiability, this exponent is often chosen to be equafransformation to account for increasing variance with in-
to two. For hydrological applications we prefer an exponentcreasing discharge. The two variance stabilization techniques
of unity to be compatible with the OU process, which can Which are, in our view, most promising for urban drainage
be assumed to be a simple description of underlying mecha@pplications are: the Box—Cox transformati@wk and Cox
nisms leading to a decay of correlatioraqg et al, 2007a 1964 and the log-sinh transformatiokang et al.2012).

www.hydrol-earth-syst-sci.net/17/4209/2013/ Hydrol. Earth Syst. Sci., 17, 420225 2013
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Box—Cox

25

20

The Box—Cox transformation has been successfully used in
many hydrological studies to reduce the output-dependence

of the residual variance in the transformed space (e.g.,- Box-Cox - & =
Kuczera 1983 Bates and Campbell2001;, Yang et al, 3 24 T h=0% 2
2007a Reichert and Mieleitner2009 Dotto et al, 20117, o p— - o
Sikorska et a].2013. ] - a=5

The one-parameter Box—Cox transformation can be writ- o 4 |/ P - &
ten as T T T T T T T

y)‘—l |f ) 7& O 0 100 200 300 400 500 600

8 = { log(y) if A =0, (11) v

1 Az + 1)1/A if A %0 I_:ig. 1. Behavior pf the Box—Co_x (solid line) and Iog-sinh (dashe_d
g @)= { exp(z) ifA=0 (12) line) transformation as a function of the output variable (e.g., dis-

’ charge in L §1) with parameters used in this study.

&y, 13)
dy

instead, the absolute error gradually stops increasing and the

i 1
whereg indicates the forward angl™* the backward rans-  gqjing of the error (derivative af) becomes approximately

: o - . o
formation, wherea%—y is the transformation (_Jlerlvatlvgz., equal to unity. In our study, we choseto be a runoff in the
8(y), andz represent the transformed outphitis a param- 546 of the smallest measured flow ahtb be an interme-
eter that determlr_les how stron.g the transformation is. It 'Sdiately high discharge above which uncertainty was assumed
chogen from the mterva[ (Q)’_W'th the extreme cases of 1 not to significantly increase. These considerations are also in
leading to the (shifted) identity transformation, and 0 10 @ 34reement with the transformation parameter values deter-
log transformation. We chooseéia= 0.35, which has lead o ineq py\wang et al(2012. Given the characteristics of our
satisfactory results in many similar investigatiolgillems, catchment and model we set=5Ls ! andg = 100LsL.

2012 Honti et al, 2013 Yang et al, 2007h & Wang etal.  1hg graphs of the transformation function and its derivative
2012 Frey et al, 2011). _Assumlng a constant variance in the \ith these parameter values are provided in Flgand S1.
transformed space, this value yields a moderate increase of g, yransformations are able to reduce the heteroscedas-
variance in non-transformed output. This accounts for an obsjqjr, of residuals, which represents the fact that flowmeters
served increase in residual variance while keeping the weighl ' rating curves are more inaccurate during high flows and
of high discharge observations sufficiently high for calibra- systematic errors lead to a higher uncertainty during high

“9“- In other words, this moderateassures a good compro- flows. Another positive characteristic is that these transfor-
mise between the performances of the error model and the f'r’hations make error distributions asymmetric, substantially

of the simulator. The behavior of the Box—Cox transforma- o y,cing the proportion of negative flow predictions, which
tion and its derivative for the stormwater runoff in our study -, otherwise occur during error propagation.

are shown in Figsl and S1.

) 2.2 Inference and predictions
Log-sinh

. . . The following steps are needed to calibrate a deterministic
The log-sinh transformgtlon hag rec_ently shown very PromMiS-model M with a statistical bias description and observation
ing results for hydrolqg!cal apphqaﬂon%ng etal.2012. error and to analyze the resulting prediction uncertainties:
In contrast o th_e original notation, we prefer a reparam- iy gefinition of the prior distribution of the parameters, (ii)
eterized form with parameters that have a more intuitive o aining the posterior distribution with Bayesian inference,

meaning: (iii) probabilistic predictions for the temporal points (in the
aty following called layout) used in calibration, and (iv) proba-
g =4 Iog(&nh(T)), (14) bilistic predictions for the extrapolation period. In these last
1 . z o two phases credible intervals are estimated by uncertainty
g (= (arcsmt(exp(g)) - E)ﬂ (15)  propagation via Monte Carlo simulations. Finally, one has
dg aty to assess the quality of the predictions and verify the statis-
d coth( 5 ) (16)  tical assumptions. We highly recommended an exploratory

analysis of the bias, which can help to improve the structure
wherex (originally a/b) andg (originally 1/b) are lowerand  of the simulator.

upper reference outputs, respectivelyontrols how the rel-

ative error increases for low flows. For outputs larger than

Hydrol. Earth Syst. Sci., 17, 42094225 2013 www.hydrol-earth-syst-sci.net/17/4209/2013/
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2.2.1 Prior definition posterior, numerical techniques have to be applied. In this
context, Markov Chain Monte Carlo (MCMC) simulations

First, one has to define the joint prior distribution of the are useful for approximating properties of the posterior dis-

parameters of the hydrological modél, and of the error  tribution based on a sample, even if the normalization con-

model, . In particular, this requires an informative prior of stantin Eq. {7) is unknown. Details are given in Se8t2
the covariance matrix of the flow measurements. Although

a first guess can be obtained from manufacturer’s specifica2.2.3  Predictions for the calibration layout L1

tions, it is recommended to assess it separately with redun-

dant measurements (sBérrenmatt et a)2013. As stated in Third, one has to compute posterior predictive distributions
Sect2.1.2 itis important that the prior of the bias reflects the for the observations that have been used for parameter esti-
desire to avoid model inadequacy as much as possible. This i&ation. The experimental layout of this data set (here: cali-
obtained by a probability density decreasing with increasingbration layout),L1, specifies which output variables are ob-
values ofo, andx (e.g., an exponential distribution). This Served, where and when. Here, the model output at calibra-
helps to reduce the identifiability problem between the deterdion layout Ly is given by the vectoy’ = (v,..... ¥}, ),
ministic model and the bias. For the prior fos,, one could  wherey* denotes the discharge at the locatiorf the mea-
take into account that the maximum bias scatter is unlikelysurements and;, for i =1,...,n1, the time points of the

to be higher than the observed discharge variability. On theneasurements.

other hand, the maximum value ofis in the same order of In order to separate different uncertainty components, we
magnitude as the maximum discharge divided by the correeompute predictions from (i) the simulaty(‘,,l, which only
sponding maximum precipitation of a previously monitored contains uncertainty from hydrological model parameters;
_st(_)rm event._ Additionallyr shoul_d represent the character- (i) our best knowledge about the system resp@fgqj,lfﬂur

!StIC correlation length of the residuals and co_uld k_)e approx-Bﬁl), which comprehends additional uncertainty from input
imately set to 1/3 of the hydrograph recession time. Moregrors and structural deficits; and (iii) observations of the sys-
prior [nformat|on may be aval.laple from previous model ap- tem respons%‘l(jr,f,l1+BfA1+ELl), which, in addition. in-
plications to the same or a similar hydrologlcal_ system. Fi- oy, 4es random flow measurement errors (note that we mean
naIIy,_ t_he parameters of the ch_osen transformf'itlon have to bﬁere the application of the scalar functign to all compo-
specified. These parameters influence the priors:obg,,, nents of the vector specified as its argument). Usually, hy-

andx, which are defined in the transformed space. drological “predictions” describe simulation results for time

'We recognize that assigning priors for bias pgrameterspoims or locations where we do not have measurements.
might be challenging. Therefore we suggest testing a POSHere, consistent withligdon et al.(20095 andReichert and

:ert'ﬁ” th_e ser\llimwéy .Of the l_detate_d para_m';eter (:.'Smbu_tf'onSSchuwirth(Zma, “predictions” designate the generation of
o the priors. We advise against using uninformative uniform .| outputs (with uncertainty bounds) in general.

priors for two feasons. First, as discussed above_, our1gno- 14 optain probabilistic predictions for multivariate nor-
rance about bias parameters is not total. Second, if one Iadﬁwal distributions involved in the evaluation of these random
kr120wledge gbqut/x one S,hOUId aIsp '39" knowledge about variables, the reader is referredkendall et al.(1994 and

wz, but no distribution exists that is uniform on bathand Kollo and von Roseif2005. Taking as an example the pos-
¥« (Christensen et 312010. terior knowledge of the true system output without obser-
vation error conditional on model parameters, the expected

2.2.2 Bayesian inference .
transformed values are given by

Second, the posterior distribution of the simulator and the ero [~L1 4 Bl | L0 '/,] _
ror model parameterg (@, ¥ | y,, x) is calculated using the M M50

prior distribution, £ (6, ¥), the likelihood function,f (y, | L -1 N
0,v¥.x), and the observed datg,, according to Bayes’ yMl+EBAL41 (EELl +ZB,\L,|1) '(yol —J’Ml) (18)
theorem: ) . )
and their covariance matrix by
_ f(o,'ﬁ)f()’owv'ﬁ’x) - ~ -1
JON Y00 = Gy f o 10 gy ) V(i B TR0y = T (Zpe+ ) " Z g (19)

In other words, during a Bayesian calibration, the joint TO obtain the posterior predictive distribution of the bias-
probability density of parameter and model results, the prod-corrected outputj;* + By, first, we have to propagate a
uct of the prior of the parameters and the likelihood, is con-large sample from the posterior distribution through the sim-
ditioned on the data. ulator, y,\L,ll, and draw realizations ojrf,'l +B,\L,|1 by using

In order to cope with analytically intractable multi- Egs. 8) and (L9). Then, we transform these results back to
dimensional integrals, such as the ones in the denominatathe original observation scale by applying the inverse trans-

of Eq. (L7) or those raising when marginalizing the joint formationg—2. Finally, to visualize the best knowledge and
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uncertainty intervals of this distribution, we compute the The sample of the bias fdt, can be generated by drawing

sample quantile intervals (e.g., 0.025, 0.5, and 0.975 quanteratively from these distributions for all required values of

tiles). A similar procedure has to be applied to derive the starting from the last result of each sample point from lay-

predictive distributions of;t andy; + By + EL1, out L,. By calculating the results of the deterministic model
Besides calculating the posterior predictive distribution, it and drawing from the observation error distribution, samples

is important to check the assumptions of the likelihood func-for yy2, ¢ 1(312 + By?), andg L(3372 + By + E*2) can be

tion. As our posterior represents our knowledge of systenconstructed similarly as for layout; .

outcomes, bias and observation errors, of which not all have

a frequentist interpretation, we cannot apply a frequentist tes2-2.5 Performance analysis

to the residuals of the deterministic model at the best guess of . h th i h dicti ) | db .
the model parameters. However, we can perform a frequen'-:'Tct » the quality of the predictions is evaluated by assessing

tist test based on our knowledge of the observation errors() the coverage of prediction for the validation layout and
This makes it necessary to split the residuals into bias andil) Whether the statistical assumptions underlying the error
observation errors and to derive the posterior of the observaM0del are metfor the calibration layout.

tion errors alone. A nl_JmerlcaI sample of this pOSte”Or_CanChecking the predictive capabilities

be gained by substituting the sample for the random variable

ni+ By in The predictive capability of the model can be assessed by
I L L two metrics, the “reliability” and the “average bandwidth”
E" =571 — (3,1 (x.0)+ B™). (20)  (Breinholt et al, 20129. The reliability measures what per-

i — i i centage of the validation data are included in the 95 % credi-
In this equationy,™ refers to the field data. The medians of pjjity intervals ofg=1(jum + Bm + E). When this percentage

the components of this sample represent our best point estiz |arger than or equal to 95 %, the predictions are reliable.
mates of the observation errors that we will use to test thgp, general we expect this percentage to be larger than 95 %
statistical assumptions as described in Se@.5 as our uncertainty bands describe our (lack of) knowledge
about future predictions. This combines Bayesian paramet-
ric and bias uncertainty with the uncertainty due to the ob-
servation error. These three components of predictive inter-

the extrapolation layout,», where data are not available or val_s are thuslsyste_lr_r;]anl(_:al_ly more un(;ertaln than the obsgr-
not used for calibration. If data are available, they can bevatllon error adone. € !][nltlng case oran exgct covdersge IS
used for validation. In our study,» denotes the location and °" y”expecte (th oc§ur Ib parameter uncelrtamty an r:as IS
the time points of the extrapolation range, and the associated™? ctt))mzar% hto,iBeV\? servation eLror. h contrast, t ef a;]/-
model output is given byw2 = (y¢ _,...,yS ). This lay- erage banawl t. ( ) measures the average span of the
o imAl gt 95 % credibility intervals. Ideally, we seek the narrowest re-

out, however, could also contain interpolation points betweer]. . o :

calibration data iable bands. Besides these two criteria, the Nash—Sutcliffe

' efficiency index Nash and Sutcliffe1970, a metric often

A sample for layoutl, could be calculated similarly to used in hydrology, is applied to evaluate goodness of fit of
the one forL1 by using Egs. (35) and (36) &eichert and yarology, PP 9
the deterministic model to the data.

Schuwirth (2019 instead of Egs.1(8) and (L9). However, As a side note, it has been suggested to check the pre-

the specific form of our bias formulation as an OmStem_diction performance of a model by examining the number of

Uhlenbeck process (EQS, 7) offers a potentially more ef- L . L S
ficient altemative. As the OU process is a Gauss—Markovdata points included in the prediction uncertainty intervals re

rocess, we can draw a realization for the entire period b pulting only from parameter uncertain§¢tto et al, 2011).
P ' P yUnfortunately, this is not conclusive because the field obser-

iteratively drawing the realization for the next time step at __.. o .
: . : : vations are not realizations of the deterministic model but of
time¢; from that of the previous time step at time ; from

t:}he model plus the errors.

a normal distribution. The expected value and variance of th

normal distribution of the bias given the model parameters iSChecking the underlying statistical assumptions
given by

2.2.4 Predictions for the validation layoutL

Fourth, one computes posterior predictive distributions for

A The underlying statistical assumptions of the error model are
bj-1,0, ,/,] = bj_1~exp<——>, (21) usually verified by residual analysiR¢ichert 2012. This,
T however, is only meaningful for frequentist quantities. In a
Bayesian framework probabilities express beliefs, which can
differ from one data analyst to another and thus cannot be
2 At tested in a frequentist way. In our error model (Eg the ob-
(O"Igct + (kxj-a) ) ' (1 —exp(— ZT)> : (22)  servation error is the frequentist part of the likelihood func-
tion and frequentist tests can thus only be applied to this

L L
E[BMZ.,/ | BMZ,j—l =

L L
Var[BM%j | B2, 1.6, 1/I:| —
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term. As outlined in Sec®.2.3 we can use the median of
the posterior of the observation error at lay@ytto do such A Ay
a frequentist test. One should test whether these observatiol
errors are (i) normally distributed, (ii) have constant variance
and (iii) are not autocorrelated. As the observation errors may
only represent a small share of the residuals of the determin-
istic model, posterior predictive analysis based on indepen-
dent data, as outlined in the previous paragraph, remains at_ Pluviometer1
important performance measure. 2

As a side note, it is conceptually incorrect to check fre-
quentist assumptions by using the full (Bayesian) posterior
distribution (e.g.,Renard et a).2010. Using the full pos-
terior instead of the best point estimate of the observation
errors adds additional uncertainty from the imprecise prior
knowledge of parameter values. In our view, this distorts the
interpretation of frequentist tests.

Fig. 2. Aerial photo of our Sadova case study catchment. The map
shows the layout of the main stormwater conduits and the location

2.2.6 Improving the simulator
P 9 of the rain gauges and the flowmeter.

Finally, after performance checking, one should evaluate the

opportunity to improve the simulator and/or the measure-r. 5| o1 during dry weather to 600 L' during strong
ment design for the model's input. Hints for improvement rainfall

can be obtained by exploratory analysis of the bias, for exam- Rainfall intensities were measured with two tipping bucket

ple by |.nvest|gat|ng the relation between its median and out—rain gauges that were installed only a few hundred meters

i th lati f the bias t del inout tout d from the catchment (FiR). These two input temporal data
In the reration of the blas 1o modet Input or OUIPUL WOUIA <ats have heen aggregated to 2 min time steps using inverse
suggest the presence of model structural deficits that coul

b ted. On the other hand. i : ; tth istance weighting.
€ corrected. ©On the other hand, Incréasing varnance of e g, g calibration, we selected two periods with 6 ma-

A ) . ‘for rainfall events. One on 27 August between 01:52 LT and
uncertainty in rainfall data. This could be improved by more 12:58, and the second in July between 22 July at 23:32 and
reliable rainfall information. o . - ; : '
23 July at 19:00. For validation, a single period from 23 July
at 19:02 to the next day at 07:00 was selected. Calibration
_ and validation storms had a maximum rain rate ranging from
3 Material 13 to 65 mm ! and from 8 to 34 mmh!, respectively. The
monitored rainstorms had a duration of 0.5—-4 h with a cumu-

To demonstrate the applicability and usefulness of our apyatjve height varying from 2.3 to 33 mm. The calibration and
proach, we evaluate the performance of nine different errokyjigation data of July 2010 are illustrated in Fég.

models in a real-world urban drainage modeling study. In the
following we will briefly describe the case study and details 3.2 Model implementation
on the numerical implementation of the bias framework.
We modeled runoff in the stormwater system using the
3.1 Case study SWMM software Rossman and Suppl010. The model
was set to a simple configuration, namely a nonlinear reser-
We tested the uncertainty analysis techniques on a small uvoir representing the catchment connected to a pipe with a
ban catchment in Sadova, Hostivice, in the vicinity of Pragueconstant groundwater inflow. Lumped modeling is particu-
(C2). The system has an area of 11.2 ha and is drained by krly appropriate when a study focuses on outlet discharge
separate sewer system. It is a green residential area with aand computation can be a limiting fact@dutu et al.2012).
average slope of circa 2 %. The parameters that we inferred during calibration were the
The monitoring data of rainfall and runoff were collected imperviousness, the width, the dry weather inflow, the length
in summer 2010 RareS et al.2010. Flow was measured of the conduit and the slope of the catchment.
at the outlet of the stormwater system in a circular PVC The procedure outlined in Se@.2to compute the poste-
pipe with a diameter of 0.6 m. A PCM Nivus area-velocity rior predictive distributions was implemented (R Core
flowmeter was used to record water level and mean velocityTeam 2013. For a simulation, an input file with parame-
every 2 min. These output data show that the hydrosystem igers and rainfall series was read. The input file was iteratively
extremely dynamic, with a response ranging approximatelymodified to update the parameters by usimgk (Aho et al,
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Fig. 3. The 95 % credible intervals for flow predictions for the transition phase obtained with different assumptions on error distribution. The
vertical dotted line divides the calibration layout (past) from the validation layout (future). The solid line is the deterministic model output
with the optimized parameter set, whereas the dashed line is the bias-corrected output representing our best estimation of the true syster
response. Observed output of the system is represented by circles and triangles. Triangles were only used to validate the model. Colors o
the credibility intervals: deterministic model predictions (light gray), predictions of the real system output (intermediate gray), predictions
of new observations (dark gray). When considering bias, the contribution of uncorrelated observatioR éortotal uncertainty becomes

very small € 1L s~1) and therefore is not visible at this scale. Consequently, the credibility intervals for the system gUftgif + Bm))

and the observationg (1(ym + By + E)) are almost identical and overlap.

1987. awk was also used to extract the runoff time series error models also substantially reduced the magnitude of the
from the output file. identified independent observation errors and decreased their
From a numerical viewpoint, we solved the “inverse prob- autocorrelation. The different formulations of model inade-
lem” described in Sec®.2.2by using a Metropolis—Hastings quacy, however, show a considerable variability in terms of
MCMC algorithm Hastings1970. Before sampling from  predictive distributions and behavior of the identified obser-
f@,v |y, x), we obtained a suitable jump distribution vation errors.
(a.k.a. transition function or proposal density) by using a
stochastic adaptive technique to draw from the posterio4.1 Evaluating the performance of probabilistic sewer
(Haario et al.2001J). For better performance we added a size- flow predictions
scaling step, which depends on the target acceptance rate. For
our inference problem, this algorithm proved to be more ro-As expected, the different assumptions underlying the nine
bust than others, such &hola (2012. However, research error models lead to different credibility intervals for
on efficient techniques for posterior sampling is evolving stormwater runoff at the monitoring point (Fig, Table1).
rapidly and other approaches could also be used | &g Predictions did not exhibit considerable sensitivity to the
et al.(2011) andLaloy and Vrugt(2012) for recent develop-  prior for the bias (results not shown).
ments in Bayesian computation. For our case study, the best error model clearly was the
constant bias model with log-sinh transformation (F4y.
It leads to a high reliability, Nash—Sutcliffe index and sharp
4 Results total uncertainty intervals.
Although the deterministic model reproduced the mea-
In general, accounting for model bias produced substantiallysured discharge dynamics well, the total uncertainty during
wider prediction uncertainty bands in the extrapolation do-strong rain events in the validation period is still rather large.
main and separated them in three components. The bialmdeed, as illustrated in Figd, even the best performing
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error model has a 95 % interquantile range uptb40 L s 1, W T
which is about 32 % of the maximum runoff modeled in the r
extrapolation phase. FOD0  FOS0  F1000  Frise0  F2000  Sa0100  Sa0600

In general, we found that most of the error formulations
with model bias produced reliable predictions and around . s o e servatons i "
95 % or more of validation data fell within the 95 % predic- e Pt
tion interval range for new observations (Tai)e In addi- T mossiatpenerorsmedan i
tion, the bias framework separated the total uncertainty into
parametric uncertainty, effect of input plus structural deficits,
and observation errors (Fig3.4). All the autoregressive er-
ror models indicated that most of the predictive uncertainty
is due to model bias. Interestingly, uncertainty due to random
measurement noise is generally so small that it is not visible
in the plots.

In contrast, all error models that ignore model bias, withor | __
without transformation, generated overconfident predictions T T T T
with too narrow uncertainty bands. As previously stated, they
also could not separate the total uncertainty into the individ-Fig. 4. Probabilistic runoff predictions for part of the calibration
ual error contributions. (left) and the validation period (right) with the constant bias model

Besides providing reliable estimates of the total predic-and log-sinh transformation. The input time series (hyetograph) is
tive uncertainty, a second advantage of the bias frameworhown on the top. The observed hydrograph is represented by dots,
is that it takes into account the different knowledge within with the tr_lang.ular data p0|_nts being used only for valldatlgn. The
the calibration and validation layouts. As shown in Fig. 95 % credible intervals are interpreted as follows: parametric uncer-

. . - . L . tainty due toypy (light gray), parametric plus input and structural
the predictions obtained with bias description for the cahbra—uncertainty due ta—L(jy + By) (intermediate), total uncertainty

tion layout, to the left of the dotted line, included most of ¢ (615, + By +E) (dark gray). Validation data not included
the observations while being, at the same time, very narrowip, this dark gray region are marked in red. The prediction intervals
This takes into account that in the calibration range, wheretor the system output and the observations are almost indistinguish-
data are available, our knowledge on stormwater runoff isable and therefore only the intermediate gray band is visible at this
rather accurate and precise. In contrast, for the extrapolationcale.

domain where no observations are available, the uncertainty

intervals are much larger. . . .

In addition, we found that the conditioning on the monitor- autocorre!at_lon and het_eroscgdastlcny are .not taken |nto.ac-
ing data became increasingly weak the further the model preS0UNt This is not surprising since maximizing the posterior
dicts into the future. This gradually increases the uncertaintyVith the simple iid error model with no transformation cor-
in the transition phase as the prediction horizon moves fron €SPONAS to minimizing the sum of the squares of the errors
the past into the future. Again, this is not possible with the 21d therefore produces the best fit. ,
traditional error models. Indeed, models with uncorrelated Comparing the input-independent and dependent bias for-

error terms cannot describe the propagation of informationulations, two important points are observed. First, the con-
obtained from calibration data to nearby time points. There-Stant bias description produced on average narrower uncer-

fore, their prediction intervals are equally wide for both the [Nty bands than the input-dependent version. The latter,
calibration and validation layouts. in particular, produced huge uncertainties during rain events

A third advantage of bias description is that it provides and very narrow intervals during dr_y weather. Second, as ex-
an estimate of the most probable system respeneiv + pressed in Tabld, the constant bias almost produced the
Bw), which is depicted by the dashed line in F&y.In the ~ Same simulator fit as the simple error model, whereas the
calibration layout it closely follows the observations, which INPUt-dependent bias formulation performed on average less
are comparably precise and therefore contain the best inforsatisfactorily. _ o
mation on the state of the system. For the extrapolation lay- The transformation created skewed predictive distributions
out, this information is lacking. However, instead of abruptly and,“ as ?xpected, increased the wet weather uncertainty in
reverting to the simulator, the transition is gradual becausdn€ ‘Téal” space. This substantially reduced occurrence of

the autocorrelated bias carries the information from the lasf'€9ative predicted flows with the Box—Cox transformation,
monitoring data into the future. This “de-correlation” typi- and avoided them altogether with log-sinh. The most notice-

cally takes a few correlation lengths (here circa 30-50 min). able observation about transformation is that combining the
As can be seen in Table and Fig.3, even though the input-dependent bias with the Box—Cox transformation we

uncertainty intervals are more reliable when bias is consid-2Ptained the largest uncertainty bands and among the poor-
ered, the deterministic model performs best when residuafSt déterministic model performances.
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Table 1. Prediction performance metrics for the different error models: iid untransformed error model (iidE), Box—Cox transformed
(iidE.BC), and log-sinh transformed (iidE.Is), constant untransformed bias (CtB), Box—Cox transformed (CtB.BC), and log-sinh transformed
(CtB.Is), input-dependent untransformed bias (IDB), Box—Cox transformed (IDB.BC), and log-sinh transformed (IDB.Is). The criteria on the
left represent the Nash—Sutcliffe index in calibration (NS.cal) and validation (NS.val) phases in the non-transformed space, the percentage
of validation data points falling into 95 % prediction interval (Cover.val), and the average bound width][inghe extrapolation domain
(ABW.val).

iidE iidE.BC iidE.Is CtB CtB.BC CtB.Is IDB IDB.BC IDB.Is

NS.cal 0.948 0.924 0.936 0.885 0.921 0.876 0.847 0.839 0.904
NS.val 0.839 0.782 0.806 0.821 0.796 0.817 0.729 0.731  0.827
Cover.val 89.2 58.1 66.1 95.3 74.7 97.5 95 88.3 90
ABW.val 44.4 21.2 22.9 85 25.8 53.2 815 134 55.6

Transformation

none Box—Cox log-sinh
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Fig. 5. Time series of median d&, the part of residuals assumed to come from random observation errors. The range illustrated is the same
part of the calibration period as shown in FHg.The ordinate axis is in transformed flow units.

4.2 Analysis of estimated observation errors of magnitude larger than observation errors estimated with a
bias description. Such huge residuals clearly lose their mean-

In general, the analysis of the measurement errors is conind as random measurement errors of the flow.
sistent with the predictive performance analysis. Again, the Finally, besides frequentist analyses of the white measure-
error model with a constant bias and the log-sinh transfor-ment noise, one should check what can be learned from an
mation is among the ones that best fulfills the statistical as€xploratory analysis of the model bias. Plotting the model
sumptions (Fig5). The estimate of the observation errors has Pias against flow data (Fi§) shows an almost constant scat-
almost no autocorrelation and relatively low heteroskedasticter with only weak trends. In general, we observed a negative
ity. Diagnostic plots onE are only shown as “Supplement” bias in the intermediate flow range and a positive bias during
since the usefulness of formal statistical tests can be quegevere storms. While the first systematic deviation is caused
tioned when the testable errors are much smaller than th&Y slightly overestimating the runoff in the decreasing limb
bias. of the hydrograph, the second reveals that the model sys-
In contrast, the residuals of the iid error models are het-tematically underestimates the highest peak discharges (see
eroskedastic and heavily autocorrelated and thus strongly viEig. 4).
olate the statistical assumptions. They are also several orders
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. how model discrepancies depend on the measured discharge

7 . . gave us the necessary information to improve the simulator.

= . . . : Increasing the number of calibration parameters from prelim-

L L inary simulations reduced a strong positive bias (results not
. ) ) shown) to some mild remaining systematic trends (Bjg.

50 100

IJl/z(BM)
-50 0
L
A
A, N

(%
&

g.m.:v. h. .. . . 5.2 Comparison of different bias descriptions

In this paper we proposed 5 different descriptions of model
inadequacy. The bias description where the variance quadrat-
ically increases with precipitation is the conceptually most
5 appealing form since it mechanistically accounts for higher
uncertainty during rainy periods. Furthermore, in contrast
Fig. 6. Median of model inadequacy versus transformed observedo the empirical output-dependence via data transformation,
runoff for the calibration period shown in Fid. Results are shown input-dependence acknowledges that the rising limb of the
for the best solution: the constant bias log-sinh transformed errohydrograph is more uncertain than the recessive limb.
model. Notwithstanding its theoretical appeal, the input-
dependent bias has several drawbacks. First, it has two
parameters more than the constant bias, which potentially
reduces the robustness of this approach. In particular, during
estimation, the proportionality constart tends to reach

The outcomes of this study, in agreement with theoretical . . .
. . : . . ery high posterior values (see Supplement for priors and
considerations, confirmed that describing bias by means o . . . . )
Posterlors) and, in this way, leads to inflated variances

a stochastic process produces much more reliable and intef; . . . .
during rainfall and too small variances during dry weather.

pretable hydrological predictions than the overly simplistic Second, since we always assume a normal distribution

traditional error model. Additionally, the bias error model of the bias, the input-dependent description frequently

naturally describes the increase in uncertainty about the sys-_ . . . . .
. L2 requires a transformation anyway in order to avoid negative
tem response when passing from the calibration to the ex-

trapolation range. In the following, we will interpret the re- predictions that are physically meaningless. Third, linked
b ge. 9, P to the two previous considerations, the input and output

n :
the proposed bias description formulations, analyze the disg?ependent error model has the tendency to include too many

ST ) mechanisms to describe model inadequacy. This complex
similarities between natural and urban hydrology, and finally ; o . h
. o . 4 .” representation reproduces data dynamics “excessively well
provide guidelines on how to describe model discrepancies . L !
; X and therefore motivates the deterministic model less to fit
in future studies. .
the observations.
It is interesting to notice that the input-dependent error
model never reverted back to a constant bias (.eever cal-
The analysis of the uncertainties in our stormwater Sys_ibrated to 0), even in cases where all performance indicators
fjavored the simpler error description. This can be explained

tem demonstrated that our parsimonious deterministic mode

captures most of the hydrograph dynamics. Nevertheless‘fonSidering that the input-dependent bias has a basic vari-

it produced partially biased simulations. By accounting for 21C€ Plus a variance induced by precipitation. In our case, the
these systematic deviations with the most plausible erroPosterior basic variance for the input-dependent bias was, ir-
model. we observed almost a constant variance of the esti€SPective of the transformation, smaller than for the constant
mated observation errors in the transformed space. Furthefi@s: This is caused by three combined phenomena: first, an
more, the bias tended to be negative during intermediate raiffror distribution with sm_aller variance has generally higher
events and positive at very high discharges. These findingk€linood, second, our simulator could match the baseflow
indicate that a part of the predictive uncertainty stems from2/most exactly, and third, a large part of the calibration pe-
structural deficits due to oversimplification of the simulator, [1°d had an output equal to the baseflow. Since the input-
which produce systematic trends in the residuBitey et al dependent error model still had to account for big errors dur-
2011). Another part of prediction uncertainty, instead, stems/Nd Wet weather, it did so by increasing the precipitation-
from imprecise precipitation measurements, which increasdduced error variance, producing sometimes too wide un-
the scatter of the residuals. certainty intervals for the future storm events.

If the study’s goal is to reduce prediction uncertainty, one
should, after detecting structural deficiencies, improve the
model. This can be done by modifying process formulations
or increasing the model complexity. In our case, analyzing

-150

5 Discussion

5.1 Bias analysis in the case study
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5.3 Bias assessment in urban and natural hydrology explicitly, especially for urbanized areas. This is in agree-
ment with many other studie®feinholt et al, 2012 Yang
Interestingly, forHonti et al. (2013 the input-dependent et al, 2007k Schoups and Vrugt201Q Reichert and
Box—Cox transformed error model produced the best preMieleitner, 2009. If the modeler is not interested in sepa-
dictions. This different outcome, however, is not necessarilyrating predictive uncertainty into its contributing sources be-
in contrast with our findings. First, as mentioned in the in- cause data collection or model building processes are fixed,
troduction, different case studies can display extremely diswe suggest using a lumped autoregressive error mBadit§
similar error properties. Our urban catchment had a muchand Campbe]l2001; Yang et al, 2007k Evin et al, 2013.
stronger difference in the hydrologic response between dnSuch formulations are usually sufficient to reliably estimate
and wet periods than Honti et al.'s natural watershed, whichtotal output uncertainty. However, it is often useful to assess
additionally presented fewer points of constant minimal dis-how far the prediction uncertainty can be reduced by min-
charge. Second, their formulation presented an additionalmizing a particular error sourceSikorska et al.2012. In
precipitation-dependent bias component, while neglectinghese cases, we recommend applying our five-variant bias
the delay between precipitation occurrence and uncertaintglescription in order to disentangle the effects of model dis-
increase. Third, irHonti et al. (2013 the log-sinh transfor-  crepancies and random measurement errors. In particular, we
mation was not implemented. suggest starting with a constant log-sinh transformed bias
Comparing urban to natural catchments, an important asand setting priors of the error model parameters using the rec-
pect is, first, that urban hydrosystems react much moreommendations given in Se@.2.1 This likelihood formula-
rapidly and strongly and therefore require much more fre-tion is simple and robust and proved to perform extremely
guent measurements of the hydrologic response (typically atvell in our case study. Then, if the efficiency of this error de-
minute scale instead of daily scale). Furthermore, the disscription is unsatisfactory, the Box—Cox transformation and
charge in sewers can be ascertained with much higher presventually the input-dependent bias description in its three
cision and accuracy than in the case of rivers. Indeed, invariants can be applied. Finally, we propose selecting among
drainage conduits the area-velocity sensors can measure thiee error description providing the best validation coverage
velocity directly, without requiring a rating curve, whichis an with the narrowest bands and the most iid transformed ob-
additional source of uncertainty in streamflow observationsservation errors, and applying this likelihood formulation to
(Sikorska et a].2013 Montanari and Di Baldassarr2013. subsequent predictions.
The elevated temporal density and precision of the mea- If the input-dependence is of particular interest though

surements, as discussed Rgichert and Mieleitne¢2009), providing dubious predictions, considering what we dis-
leads to an even higher need to address model discrepanciesssed above, we suggest adapting this dependence on pre-
explicitly. cipitation as a function of the system’s dynamics. One pos-

Second, in natural watersheds the high flow can be assacsibility could be to modify Eq. {) and, instead of a lin-
ciated with floodplain inundations, which dramatically in- ear increase of uncertainty with the precipitation, one could
crease the uncertainty of flow measurements. In sewer sysadopt a power relationship with the exponent as calibration
tems, by contrast, the well-defined geometry of the pipesparameter.
and the reliable flow measurement devices lead to a much
smaller increase in observation uncertainty with increasing .
discharge. This situation underlines the advantage of a logé ~Conclusions
sinh transformation in urban hydrology instead of the tra-

ditional Box—Cox. Indeed, the former assumes that res'duareliable flow predictions and quantifying different error con-

scatter in .h'gh streamﬂow ranges IS I|r_n|ted. tributions. We adapted a Bayesian description of model dis-
Regarding uncertainty estimation, it seems that a formu-

lation where the standard deviation of the mput—dependen?repancy t(.) urban hydrolog_y, r_nak|r_lg the bias variance in
. ; . . o crease during wet weather in five different ways. From the
bias component linearly increases with precipitation is sub- ) . L . .
) .~ experience gained in this modeling study and theoretical con-
optimal for urban systems. Indeed, most urban water basins

. s : siderations, we conclude the following.
especially those only draining stormwater and having low

|n this study, we proposed different strategies for obtaining

groundwater infiltration, exhibit extremely hlgh contrasts be- i. Due to input uncertainty, structural deficits, and (pos_
tween low and high flows. Such strong dynamics and lin- sibly) systematic errors in flow measurements, urban
ear input dependence can result in unnecessarily wide uncer-  hydrological simulations are biased. When using pre-
tainty intervals. cise and high-frequency output measurements to cali-
brate and analyze the uncertainties of these simulators
5.4 Recommendations by means of traditional iid error models, we obtain im-

plausible predictions.
As our results demonstrate, hydrological predictions are

more reliable when model deficiencies are considered
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ii. We can obtain much sounder predictions and signifi- many iterative simulations. This can be possibly over-
cantly improve the fulfilment of the assumptions by come by statistical approximations, such as emulators
adding a model discrepancy function to the classical (Reichert et a].2011).

error model. Such a bias term should have a variance

that increases during storm events as a function of rain-

fall and/or runoff. Finally, the results demonstrate that Supplementary material related to this article is
random output observation errors are much smalleravailable online athttp://www.hydrol-earth-syst-sci.net/
than uncertainty due to bias. 17/4209/2013/hess-17-4209-2013-supplement.pdf

iii. In our study, a rather simple constant autoregressive

_blas with a IOg'Sm,h transfo.rm.atlon outperformed an Acknowledgementsie would like to thank Vogch Bare$ and
input-dependent bias description. Although the latter \atin Fencl for providing the monitoring data and information

is conceptually superior, the simpler formulation ap- apout the case study. We are also grateful to David Machac for
peared more suitable for systems with alternating longthe computational support and Anna Sikorska, Dmitri Kavetski,
low flow periods and short high discharge pulses, suchSaket Pande, Eberhard Morgenroth, and two anonymous referees
as urban watersheds. Indeed, it is apparently less suder helpful comments. The Swiss National Science Foundation is
ceptible to producing excessively wide error bands andacknowledged for financing this research within the scope of the
suboptimal fit. Therefore, we suggest to test this first COMCORDE project (grant No. CR2212_135551).

and then try the other bias descriptions, if necessary. _ _
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iv. Although it generally outperforms the traditional er-
ror assumptions, we are aware of the limitations of our
approach. The presence of bias, to which we have toR
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