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Bayesian inference of uncertainties in precipitation-streamflow
modeling in a snow affected catchment
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[11 Bayesian inference is used to study the effect of precipitation and model structural
uncertainty on estimates of model parameters and confidence limits of predictive variables in
a conceptual rainfall-runoff model in the snow-fed Rudbéck catchment (142 ha) in southern
Finland. The IHACRES model is coupled with a simple degree day model to account for
snow accumulation and melt. The posterior probability distribution of the model parameters
is sampled by using the Differential Evolution Adaptive Metropolis (DREAMs)) algorithm

and the generalized likelihood function. Precipitation uncertainty is taken into account by
introducing additional latent variables that were used as multipliers for individual storm
events. Results suggest that occasional snow water equivalent (SWE) observations together
with daily streamflow observations do not contain enough information to simultaneously
identify model parameters, precipitation uncertainty and model structural uncertainty in the
Rudbéck catchment. The addition of an autoregressive component to account for model
structure error and latent variables having uniform priors to account for input uncertainty
lead to dubious posterior distributions of model parameters. Thus our hypothesis that
informative priors for latent variables could be replaced by additional SWE data could not be
confirmed. The model was found to work adequately in I-day-ahead simulation mode, but
the results were poor in the simulation batch mode. This was caused by the interaction of
parameters that were used to describe different sources of uncertainty. The findings may
have lessons for other cases where parameterizations are similarly high in relation to

available prior information.
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1. Introduction

[2] It is the nature of conceptual rainfall-runoff models
that at least some of the model parameters must be cali-
brated against observations. Values of these parameters
cannot be measured in the field because they aggregate
properties of the whole catchment, which is described as a
lumped system by the model. For several decades auto-
matic calibration schemes for the estimation of these
parameters against historical data and the related problems
and challenges have received much attention [e.g.,
Sorooshian and Dracup, 1980; Duan et al., 1992]. More
recently focus has turned into utilization of multiple sour-
ces and measures of information in model calibration
[e.g., Gupta et al., 1998; Seibert and McDonnell, 2002;
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Gupta et al., 2008; Efstratiadis and Koutsoyiannis, 2010]
and into better understanding of the uncertainties affecting
the calibration and model simulations in a predictive mode
[e.g., Beven and Binley, 1992; Vrugt et al., 2009a]. Some
recent contributions attempt to take into account in the
calibration procedure all the factors that may contribute to
uncertainty in the parameter estimates [Kavetski et al.,
2002; Ajami et al., 2007; Renard et al., 2010; Renard
etal.,2011].

[3] In rainfall-runoff modeling there are four major sources
of uncertainty that can be linked to the total uncertainty of
model parameters and ensuing predictions/simulations. These
are well recognized as being with respect to inputs, model
structure, parameters and output calibration data. Several
approaches have been devised to approximate the total uncer-
tainty of rainfall-runoff simulations. Very popular among
these approaches is the Generalized Likelihood Uncertainty
Estimation (GLUE) procedure [Beven and Binley, 1992;
Beven and Freer, 2001; Beven, 2006]. To improve model
performance, however, it would be essential to know how
much different sources contribute to total uncertainty. Such
information can guide research efforts and measurement ac-
tivity can then be allocated to the most influential factors.
The contribution of the different sources of uncertainty
cannot be distinguished by using GLUE because total uncer-
tainty is aggregated into parameter uncertainty within the
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equifinality concept. Furthermore, the subjectively chosen
thresholds between behavioral and nonbehavioral models
and common use of informal likelihood functions in GLUE
have led to an active debate about whether it gives trust-
worthy estimates of uncertainties in rainfall-runoff model-
ing [e.g., Mantovan and Todini, 2006; Beven et al., 2007,
2008; Stedinger et al., 2008].

[4] In boreal regions snow processes are an important
part of the hydrological cycle. To our knowledge specific
snow modeling research focusing on uncertainty and in par-
ticular separation of different sources of uncertainties
related to snow modeling are scarce. Rutter et al. [2009]
compared 33 snowpack models in different hydrometeoro-
logical and forest canopy conditions. The comparison indi-
cates that model structure uncertainty plays an important
part in total uncertainty of snow modeling. Furthermore,
their research reveals that it is more difficult and uncertain
to model snow processes at forested sites than open sites.
Franz et al. [2010] used Bayesian model averaging (BMA)
to combine results of 12 snow models to assess uncertainty
in hydrologic prediction. They found out that different
snow models perform best at different locations and time
periods. They suggest that consideration of multiple models
would provide useful information for probabilistic hydro-
logic prediction. He et al. [2011] studied the parameter
uncertainty of the SNOW17 model using Generalized Sen-
sitivity Analysis and Differential Evolution Adaptive Me-
tropolis (DREAM) in 12 contracting study sites in the U.S.
They showed that parameter uncertainty of the model
depends on the study site and that uncertainty ranges of
some model parameters show correlation with forcing data
(precipitation and temperature). Uncertainty in input varia-
bles, model structure and snow observations were not ex-
plicitly addressed in the research. Although it seems that
other specific studies on snow modeling using Bayesian in-
ference are missing, there are individual published uncer-
tainty studies where a snow process scheme is included in
the hydrological model. Kavetski et al. [2006b] applied the
Bayesian Total Error Analysis (BATEA) framework in the
two case studies in U.S. (French Broad River and South
Branch Potomac River) using rainfall and runoff measure-
ments (without snow observations) as the calibration
data. Snow process parameters identified with the standard
least squares calibration were affected when the input uncer-
tainty model was included and the hydrological model
was recalibrated. Also Clark and Vrugt [2006] pointed out
that input uncertainty may seriously bias the parameter esti-
mates in snow modeling. These studies highlight the need
for addressing input uncertainty in the calibration of a snow
model.

[5] It is well established that the estimates of the model
parameters and the confidence limits of streamflow simula-
tion are affected when data uncertainty is taken into
account in the calibration of conceptual rainfall-runoff mod-
els [e.g., Huard and Mailhot, 2008; Croke, 2009; Thyer
et al., 2009]. Kavetski et al. [2002, 2006a] pointed out three
possible outcomes when errors in the input variables are
neglected in the calibration of hydrological models:

[6] 1. Parameter bias caused by possible input errors is
likely to be different from catchment to catchment and thus
regionalization of parameters to ungauged catchments may
be significantly confounded.
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[7]1 2. Biased parameters may yield biased predictions
and, because input uncertainty affects the structure of pa-
rameter uncertainty, the confidence limits of the parameters
are likely to be erroneous if input uncertainty is neglected
in calibration.

[8] 3. Ignorance about different types of errors in hydro-
logical models prevents proper analysis of model error and
model adequacy that may help to improve the model.

[0] Kavetski et al. [2002, 2006a, 2006b] and Kuczera
et al. [2006] proposed the BATEA framework to separate
and take into account all the uncertainty sources in model
calibration. In BATEA, input (precipitation) uncertainty is
included by using additional latent variables that are multi-
pliers for individual storm events and calibrated simultane-
ously with model parameters. Vrugt et al. [2008] extended
the same input uncertainty model by introducing more
vague priors (uniform) for the multipliers and use of the
DREAM in parameter sampling. One of the problems in the
application of latent variables is the number of additional pa-
rameters, which may lead to computational problems in cali-
bration when the number of precipitation events (and thus
latent variables) increases considerably. Ajami et al. [2007]
tried to decrease the number of parameters in the input
uncertainty model of BATEA by using multipliers sampled
from the same distribution for each rain observation in their
Integrated Bayesian Uncertainty Estimator (IBUNE)-frame-
work. (see discussion by Renard et al. [2009] and Ajami
et al. [2009]). Reichert and Mieleitner [2009] presented a
method to account for input uncertainty that can be seen as a
generalization of the storm-dependent latent variables. Their
approach is based on stochastic time-dependent variables.

[10] None of the multiplicative precipitation error mod-
els is able to “correct” rainfall observations if rainfall
occurred but was not recorded by the gauges or more gen-
erally if events were very poorly sampled. By using a case
study in New Zealand McMillan et al. [2011] conclude that
multiplicative error model is consistent with observations
and can be used in hydrological modeling where an appro-
priate minimum rainfall intensity threshold is respected.
They also show the dependency of the rainfall error struc-
ture on the data time step and point out that common inde-
pendence assumption of consecutive rainfall multipliers
may be flawed for models operating with short (subdaily)
timesteps. In addition, separation of storm events in the
precipitation series is a practical problem when the latent
variables are used to account for rainfall uncertainty.
Renard et al. [2010] presented a recent example of how to
overcome this issue by assigning an individual multiplier
(latent variable) for each rainy day. Use of daily multi-
pliers, however, still does not solve problems connected to
nondetection of rainfall and of how to separate the influ-
ence of model structure and missing information (e.g., pre-
cipitation intensity during a time step used in the model).
Furthermore, latent variables will most likely be affected by
model structure error unless it is specified separately (param-
eter values may also be biased with respect to their physical
interpretation by model structure error), and this leads to the
question of how to represent model structure error.

[11] There are several methods for approximating struc-
tural uncertainties in rainfall-runoff modeling:

[12] 1. Tt is possible to use multiple models and approxi-
mate model uncertainty based on the range of simulation
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results [e.g., Refsgaard et al., 2006]. As an example of a
technique BMA has been used in different disciplines to
combine results of different models. Franz et al. [2010] for
example used BMA in studying snow model uncertainty.

[13] 2. It is possible to account for the bias in the model
with a method based on stochastic, time-dependent parame-
ters [Kuczera et al., 2006; Reichert and Mieleitner, 2009]

[14] 3. Model structure uncertainty can also be taken into
account by fitting an ARMA-model to the model residuals
[e.g., Schaefli et al., 2007 ; Vrugt et al., 2009a; Laloy et al.,
2010].

[15] The generalized likelihood function of Schoups and
Vrugt [2010] adopted in this study applies autoregressive
model to account for model structural uncertainty. Autocor-
relation in the residuals of model output variables is a typical
indication of model structural problems. Autocorrelation is
caused, e.g., by the storages in conceptual models that may
unrealistically smooth estimated runoff series. However, sys-
tematic errors in precipitation and streamflow observations
can lead to similar problems and autocorrelated errors in the
model simulation results. We assume in this study that the
ARMA-model accounts solely for model structural errors,
because the other sources of errors are separately handled.
This study is motivated by the need to assess how valid the
above assumption is in a snow-affected catchment and
whether different sources of errors can be separated in the
inference.

[16] This study adopts the input uncertainty model pre-
sented by Kavetski et al. [2002] in a snow-fed basin in con-
junction with Bayesian inference. It extends the studies of
Kavetski et al. [2006ab], Vrugt et al. [2008] and Schoups
and Vrugt [2010] by utilizing snow observations in addition
to streamflow records in calibration. To our knowledge it is
the first time that the generalized likelihood function of
Schoups and Vrugt [2010] that uses an autoregressive part
to account for model structural uncertainties has been
applied with an input uncertainty model. Renard et al.
[2010] concluded that given rainfall-runoff time series
alone, input and structural errors cannot be separated unless
one has good prior knowledge about the magnitude of the
errors. Based on a case study Renard et al. [2011] con-
cluded that inclusion of independent estimates of rainfall
and runoff uncertainties could overcome the ill-posedness
of the inference. A dense rain gauge network enabled geo-
statistical conditional simulation for independent estima-
tion of rainfall uncertainties prior to Bayesian inference.
Compared to Renard et al. [2010, 2011] this study adopts a
different strategy for describing model structure uncertainty
and extends their study by introducing snow water equiva-
lent (SWE) observations as another state variable in the
inferencing. The hypothesis is that the use of informative
priors for precipitation multipliers, e.g., through geostatisti-
cal analysis of rain gauges, is not necessary, when rainfall-
runoff data is complemented with additional hydrological
information such as SWE data used in this case study.

[17] The conceptual rainfall-runoff model THACRES
combined with a degree-day snow model is used to simulate
SWE and streamflow in a small boreal catchment in south-
ern Finland. The aim is to determine unbiased parameter
estimates for the combined degree-day snow model and
IHACRES by taking into account both input uncertainty
and model structure uncertainty in the model calibration. At
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the same time our goal is to reveal precipitation uncertainty
from the streamflow and SWE data. Thus we are doing “hy-
drology backward” [Kirchner, 2009; Vrugt et al., 2008].
Bayesian multiresponse calibration is adopted to utilize
both streamflow and SWE observations. Precipitation
uncertainty is separately handled in the calibration of the
model, whereas input air temperature, streamflow and SWE
measurements are considered to be free of error.

2. Rudbick Catchment and Data Available

[18] The Rudbick catchment in southern Finland has an
area of 142 ha (Figure 1). The elevation in the area is undu-
lating and ranges from 5 m to 65 m. The bedrock is exposed
on the hilltops and the downslope areas have shallow depths
of mostly silty and sandy till underlined by impermeable
bedrock. Some layers of clay and peat are found in the low-
land areas. The catchment is covered by a managed forest
stand dominated by Norway Spruce (Picea abies L. Karst.)
with a mixture of mainly Scots Pine (Pinus sylvestris L.) and
Birch (Betula sp.). The catchment includes a number of
stand management units where stand density, age and tree
species distributions vary. More details on the site informa-
tion are published by Lepisto [1996] and Lepisté and Kivinen
[1997].

[19] The climate of the southern coast of Finland is tem-
perate with cold, wet winters and several cycles of snow
accumulation and melt. Mean annual precipitation (uncor-
rected) during 1991-1996 was 700 mm with 15-25% of
snowfall. Mean annual air temperature is about 5°C. Daily
discharge values at the outlet of the catchment were avail-
able for the period 1997-2000.

[20] Micrometeorological variables were measured at a
height of 2 m above ground in a clearcut area of 3 ha
(Figure 1). The variables were processed to estimate daily
air temperature and precipitation for the current study. Pre-
cipitation was corrected for gauging errors according to the
operational recommendations of Forland et al. [1996].
Missing meteorological measurements were supplied from
the nearby weather station (Vihti) operated by the Finnish
Meteorological Institute. The processing of the weather data
is described by Koivusalo [2002]. Snow depth was manually
measured at 22 points in the forest, and at 12 points in the
clearcut area (Figure 1). Bulk snow density was measured at
three points in both forested and open sites by weighing
cylindrical snow samples. Snow measurements were taken
once or twice per week depending on the occurrence of
snowfalls and snowmelt. An average of the field and forest
measurements was used in the current study. Details of
the snow and meteorological measurement are given by
Koivusalo and Kokkonen [2002, 2003].

3. Methods
3.1. Model

[21] The rainfall-runoff model used in this research is the
parsimonious conceptual model IHACRES [Jakeman et al.,
1990; Jakeman and Hornberger, 1993] available, e.g., in
the hydromad software package [Andrews et al., 2011].
The model consists of two modules: a nonlinear module
that converts rainfall to effective rainfall and a linear rout-
ing module. There are different versions of the nonlinear
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Figure 1.
measurement sites used in the study.

module but here the Catchment Moisture Deficit (CMD)
version [Croke and Jakeman, 2004, 2005] is used. The lin-
ear model consists of single or multiple linear storages that
are connected either in series or parallel. To account for
snow processes in the catchment, a snow module using a
degree-day factor approach is attached to the model. The
model structure is illustrated in Figure 2.

[22] The mass balance equations for the snow module are
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Figure 2. Structure of the hydrological model.
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compared to the maximum liquid water retention capacity of
the snowpack (L, [mm]), which is represented simply as

Lyax = rcap] (3)

where 7., [-] is the retention parameter.

[23] The precipitation is ruled to be either in the form of
snow or in the form of rain in the snow module based on
the parameter Ty,., [°C].

0T < Tthrex
fe , @
1 T 2 Trhrex
Js=1—=/, (%)

where f,. [-] is the fraction of rainfall, f; [-] the fraction of
snowfall, T}, is the threshold temperature, and 7T [°C] is
the measured air temperature. To account for the effect of
the canopy on interception, rainfall and snowfall are
adjusted by using correction factors ¢, [-] and ¢ [-] i.e.,

P, = cr_ﬂpobsv (6)

Py = foSPobsv (7)

where P,,, [mm d '] is the daily precipitation measure-
ment. In the degree-day model, snowmelt is linearly related
to air temperature above a given threshold temperature. In
this application, the parameter 7}, (equation (4)) is used
as this threshold. The rate of melting () is then

m = min(/, max (0, ks (T — Tyres))), (8)

where k; [mm d™' °C™'] is the degree-day factor. Similarly
the rate of freezing (F) in the snowpack is

F = min(L,maX (O,k/'(TlhreS - T)))7 (9)

where kr[mm d~' °C™'] is the degree-day factor for freez-
ing. Thus the snow model contains 6 parameters (7js, C;-
Css kd, kﬁ rcap)~

[24] The winter snowmelt discharge or summer through-
fall is the input to the CMD module of the [HACRES model

that converts this input into effective rainfall U [mm d'.
The mass balance step of the CMD module is

M
= _Po+Es+U
b o+Es+U,

(10)
where M [mm], Po [mm d™'], E, [mm d~'] and U are the
catchment moisture deficit, the snowmelt discharge/
throughfall, evapotranspiration, and effective rainfall, respec-
tively. In the CMD-module the response of the catchment dU
to a small input dP is assumed to be dependent on M alone

M\ b
Ezlfmm |:1,(d> },

(11)

KOSKELA ET AL.: BAYESIAN INFERENCE IN A SNOW AFFECTED CATCHMENT

W11513

where the threshold parameter d [mm] is used to define the
catchment moisture deficit above which part of the input
becomes effective rainfall. The value of d is set to 200 mm
[Croke and Jakeman, 2004] and the shape parameter b [-]
must be calibrated. Note that the introduction of the b pa-
rameter is a modification to the original CMD module. To
satisfy the conditions listed in Croke and Jakeman [2004],
b should be greater than, or equal to, one. It is also assumed
that £, is only a function of M and potential evapotranspi-
ration (Ep [mm d~']) with a threshold at M = fd where f[-]
is another model parameter.

ol ()}

[25] Potential evapotranspiration is assumed to be a sim-
ple function of daily air temperature

eT T >0°C
EP = )
0 T7T<0°C

(12)

(13)

where e [mm d~' °C™'] is a potential evaporation coeffi-
cient. Thus the number of calibrated parameters in the
CMD module is three (b, e, f).

[26] Finally, effective rainfall is the input to the routing
module. The number of parameters in the linear module
depends on the number of reservoirs used. Here the linear
module was identified to consist only of a single reservoir
i.e., base flow and quick flow components could not be sep-
arated by using the available data. Thus only a single pa-
rameter 7 [d] is needed as the time-constant of the
reservoir. The mass balance of the storage (S [mm]) of the
linear reservoir is

ds
S= kS 4 U,

k=1—exp (—1)
T

3.2. Time-Stepping Scheme

(14

(15)

[27] Recent studies point out that the numerical approxi-
mations of differential equations in hydrological models
have an effect on the inference and that it can dwarf the
uncertainty caused by model structure [Clark and Kavetski,
2010; Schoups et al., 2010]. In the present research Monte
Carlo Markov Chain (MCMC) based sampler is used to sam-
ple the posterior probability density functions (pdf) of the
parameters and latent variables. Thus the model must be ex-
ecuted thousands of times to reach convergence and calcula-
tion speed is of great importance. Daily data are available
for both meteorological forcing and streamflow, but only
about weekly data for SWE. To achieve sufficient speed in
the calculations an explicit Euler method is used to solve the
differential equations in the snow model (equations (1) and
(2)) and the linear storage routing module of the IHACRES
(equation (14)). The nonlinear module (equation (11)) is
solved analytically, and the solution coded into the model.
To minimize the impact of the numerical solution scheme
on daily model output series, computationally, hourly sub-
stepping is used within each daily modeling time step, with
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the hourly results aggregated to the daily scale. Hourly pre-
cipitation is the daily value divided by 24.

3.3. Calibration and Uncertainties in Modeling

[28] Bayesian inference is used to calibrate the model pa-
rameters. By using the Bayesian inference with MCMC
sampling it is possible to estimate the uncertainties of pa-
rameter estimates. In the Bayesian approach the posterior
pdf of the parameters is sampled by the MCMC algorithm
after convergence being reached. In this study, parameters
are conditioned simultaneously on both streamflow and
SWE observations. It is expected that errors in the simu-
lated SWE are independent and follow a normal distribu-
tion. For streamflow, however, assumptions of Gaussian
and independent errors are often violated [e.g., Kuczera,
1983]. To account for the case with correlated, heterosce-
dastic and non-Gaussian errors Schoups and Vrugt [2010]
presented a generalized likelihood function. They proposed
a model

q>p(B)e¢’2,i = 0¢2,idj, (16)
for the residuals e.,, where a; follow a skew exponential
power distribution SEP(0,1,£,5) with zero mean, unit var-
iance, and with the parameters £ and (3 accounting for the
skewness and the kurtosis. The standard deviation of the
residuals 0., ; can be explicitly defined to account for heter-
oscedasticity, ®,(B) is an autoregressive polynomial with
the parameters ¢, and B is the backshift operator. Details
of this approach can be found in Schoups and Vrugt [2010]
where they show that the log likelihood function with these
assumptions is

(0|Y) = nzlog

Zlog Oedi —ng |ae,i \2/ ”3
17

where 7, is the number of streamflow observations. The
variable a,; in equation (17) is

ag; = gfsign(ﬂgrasa;)(‘ug + U.fai)7 (]8)

and the equations for the variables i, o¢, c3 and wg that
are functions of § and ¢ are given in Appendix A of
Schoups and Vrugt [2010] (equation (A2) for wg, equation
(A3) for cg, equation (AS) for ye and equation (A6) for o).
To reduce the heteroscedasticity of the residual series the

Box-Cox transformation is adopted here for the observed
and modeled streamflow [Box and Cox, 1964].

[(Q+ )M —1]
7200, A, 2) = N MEO (19
In (Q + )\2) A =0

where O [mm d™"] is streamflow and A, and )\, are the
transformation parameters. In Schoups and Vrugt [2010]
heteroscedasticity was handled with the assumption that

O =00+ 010;, (20)
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where both o and o; were calibrated along with model pa-
rameters. The Box-Cox transformation, however, was found
to be more suitable to account for heteroscedasticity in this
case study. Thus o, was set a value of 0 and o,, for Box-
Cox transformed streamflow became a constant o,

[20] The parameters (3, £, oo and the autoregressive
model parameters ¢, are calibrated along with the model
parameters. We assume that errors of streamflow and snow
models are uncorrelated and therefore the log likelihood
function is

10171, 72) == n (2

Uel 202 Z [v1,(6)

el j=1

Zlog Oe2ii *Cdzm |2/ Hd

(e2))

-

+ nzlog

where ¥ 1 and Y , are measured SWE and streamflow obser-
vations and 6 contains all the parameters. Douglas et al.
[1976] pointed out that it is possible that the other response
(e.g., y1) will dominate the parameter estimation procedure
if n; is much greater than n, in equation (21). Whether the
larger number of streamflow observations dominates the
parameter estimation in our case study is discussed later.

[30] The Differential Evolution Adaptive Metropolis algo-
rithm (DREAM 7)), is used here to sample the posterior pdf
of the parameters. DREAM is an efficient MCMC sampler
that simultaneously runs multiple Markov chains. During the
process the whole parameter space is explored and the algo-
rithm automatically adjusts the scale and orientation of the
proposal distribution. The original DREAM is well docu-
mented in the studies of Vrugt et al. [2008, 2009a]. The
DREAMys, used is a modification of that algorithm. It uses
an archive of past states to generate candidate points in each
individual chain. Such sampling is more efficient than opti-
mal random walk Metropolis [ter Braak and Vrugt, 2008].
DREAMzs, maintains efficient convergence and needs less
parallel Markov Chains than the original DREAM. Schoups
and Vrugt [2010] presented a detailed analysis of the per-
formance of DREAM g, with artificial data in the context
of hydrological modeling. In the present application chains
are initialized by using the Latin hypercube method to
achieve different starting points for the chains. DREAM g,
is recently discussed by Laloy and Vrugt [2012]. The
R-statistic of Gelman and Rubin [1992] is used to check
whether the chains have converged. Similarly to Vrugt et al.
[2009b], the threshold value of R is 1.2 for each chain.

[31] At the beginning of the model calibration process,
the basic model is calibrated with two precipitation multi-
pliers (¢, and ¢, in equations (6) and (7)) using the Gaussian
assumptions for both streamflow and the SWE residual se-
ries (Approaches Al and A2 later in the text; see Table 1).
Subsequently, streamflow errors are assumed to be non-
Gaussian and autocorrelated (Approach B1). In these cases
the multipliers ¢, and ¢, describe both precipitation (input)
uncertainty and the effect of the canopy on snow and
streamflow. Finally (Approach B2), an individual multi-
plier is assigned to each identified precipitation event and
the streamflow residuals are assumed to be non-Gaussian
and autocorrelated. For this purpose the daily precipitation
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Table 1. Different Model Inference Setups Used in the Study®
All the

Calibrated
Model Separate Input Parameters
Setup Uncertainty Tinress ka Teap ky e fib, T, 001, O C, C, Di Jo] 13 o3} Well-Identified ?
Al No C C C C C C 1 0 1 0 No
A2 No C 0 0 0.17 C C 1 0 1 0 Yes
B1 No C 0 0 0.17 C C 1 C C C Yes
B2 Yes C 0 0 0.17 C 1 C C C C No

“The letter C indicates that the parameter is calibrated and a number indicates the fixed value used for the parameter.

series was partitioned into discrete events separated by at
least 3 consecutive days without precipitation. In the cali-
bration period (1 August 1997 to 31 July 1999) there were
43 such precipitation events and in the so-called validation
period (1 August 1999 to 31 December 2000) there were 33
events. Thus a latent variable p was introduced for each
event and equations. (6) and (7)) in the model were
replaced by

Pi=pfiPopsi i=1,..

.,43, (22)

Py :plf\'Pobxj i= 17 L) 43. (23)

[32] The separation of the storm events using the thresh-
old defined above reveal several types of precipitation
events in the time series. Some events have short duration
with a low amount of accumulated precipitation (<5 mm).
On the other hand, some events last for a long time and
accumulate large precipitation depths (>60 mm). Large
precipitation events occur especially during the winter
snowfall season. In the validation period (33 events) uncer-
tainty of the precipitation is presented by sampling the pre-
cipitation multiplier from a posterior of a valid class. These
classes are based on the 43 precipitation events of the cali-
bration period that were classified based on the event pre-
cipitation sums. For example, if in the validation period
there is a rain event that is a member of class 4 (Table 2),
uncertainty is presented by sampling from the posterior of
that class. The classification into six classes (Table 2) is
rough as only the accumulated precipitation is used to clas-
sify different types of storm events. It would be possible,
for example, to use the length of storm events or the peak
intensity of precipitation as the classification criterion.
However, it was not reasonable to use a larger number of
classes than six as the calibration sample size comprised
only 43 storm events.

[33] Uniform prior distributions are assumed for the
model parameters and their ranges are presented in Table 3.

Table 2. Description of the Different Kinds of Storm Events

Number of
Class Description of Events in
Number the Storm Event Calibration
1 Rain, precipitation sum < 5 mm 11
2 Rain, 5 mm < precipitation sum < 20 mm 9
3 Rain, 20 mm < precipitation sum < 60 mm 11
4 Rain, precipitation sum > 60 mm 3
5 Snow, precipitation sum < 50 mm 6
6 Snow, precipitation sum > 50 mm 3

The parameters A\; and A, of the Box-Cox transformation
(equation (19)) were estimated a priori and set to A; = 0
and X\, = 1. Error variances 02, and 02, (equation (21)) are
estimated along with the model parameters. A uniform ini-
tial distribution U[0.1,2.0] was used for the latent variables
following Vrugt et al. [2008]. Kavetski et al. [2002] ques-
tioned the use of uniform priors for precipitation multi-
pliers. In their BATEA-framework the prior of the
multipliers is usually assumed to be Gaussian. Renard et al.
[2010, 2011] showed that informative priors about input
and output uncertainty are needed in rainfall-runoff model-
ing to separate different sources of uncertainties in predic-
tion and to avoid ill-posedness of the inference. Such
information for precipitation could be provided by geostat-
istical analysis of rain gauges [Renard et al., 2011]. The
precipitation estimate used in this study is based on meas-
urements of a single rain gauge located inside the 142 ha
catchment. The uncertainty in the precipitation estimates is
thus a combination of representativeness of this gauge mea-
surement for the whole catchment and accuracy of rain
gauge measurement itself. There is no a priori information
available about the distribution of the error characteristics.
McMillan et al. [2011] found out in their case study that
lognormal multiplier distribution (used, e.g., by Kavetski
et al. [2006b]) presents a relatively close approximation
about the true distribution. However, McMillan et al.
[2011] did not address snowfall.

[34] The use of uniform priors does lose information
about the precipitation events as only timing is expected to
be correct a priori and this may lead to ill posedness of the
inference [Kavetski et al., 2006a; Renard et al., 2010].
Vrugt et al. [2008], however, were able to infer multipliers
from rainfall-runoff data by using flat priors. In this study
we decided to apply uniform priors for precipitation multi-
pliers and focus on the usability of the SWE observations,
in addition to rainfall-runoff data, for providing sufficient
amount of information for the inference. We hypothesized
that the use of informative priors for precipitation multi-
pliers, e.g., through geostatistical analysis of rain gauges, is
not necessary, when rainfall-runoff data is complemented
with sufficient amount of additional hydrological informa-
tion. In this study such additional data is provided through
SWE observations.

3.4. Predictive Uncertainty

[35] The results of the Bayesian inference contain all the
necessary information to estimate predictive uncertainty of
the model for both streamflow and SWE [Vrugt et al.,
2009a]. When the posterior pdfs of the parameter estimates
are available, pdfs are sampled 10,000 times to produce a

7 of 19



W11513 KOSKELA ET AL.: BAYESIAN INFERENCE IN A SNOW AFFECTED CATCHMENT W11513
Table 3. Prior Ranges of the Parameters

Parameter Description Minimum Maximum Unit
Trhres Threshold temperature of the degree day model -1 1 °C

ka Degree day factor for melting 1 5 mmd'eC™!
ky Degree day factor for freezing 0.001 2 mmd'°C™!
Feap Parameter for the water retention capacity in snow 0.001 0.2 -

c, Correction factor for measured rainfall 0.1 2.0 -

Cy Correction factor for measured snowfall 0.1 2.0 -

b Power parameter in CMD module 1.1 100 -

f The ratio between the stress and flow threshold (CMD) 0.01 3.0 -

e Potential evaporation coefficient (CMD) 0.01 0.3 mmd'eCc™!
T Time-constant of the linear reservoir 0.1 20 d

a2 Error variance, snow water equivalent 0.12 207 (mm)?
o’ Error variance, streamflow 0.1 12 (mmd~"y?
J5) Kurtosis parameter —1 1 -

13 Skewness parameter 0.1 10 -

o3} Lag-1 autocorrelation coefficient 0 1 -

large set of model outputs. Results for the outputs are then
analyzed and 90% confidence limits are estimated. This
uncertainty is a representation of the parameter uncertainty
only and thus does not contain unexplained error (e.g., out-
put uncertainty). To estimate the total predictive uncer-
tainty the remaining error is expected to be additive. For
each outcome of SWE, the residual error

E,NN(OUZ)

»Yel (24)
is added to the outcome. After that SWE confidence limits
are produced similarly to the estimation of model output
uncertainty described above.

[36] To approximate total uncertainty limits for modeled
streamflow, an additive error approach is used as described
in Schoups and Vrugt [2010]. First an independent residual
series from an assumed skew exponential power distribu-
tion is generated and then this series is manipulated to
obtain the required autocorrelation properties (see equation
(16)). The manipulated series is then used as an additive
error series for Box-Cox transformed modeled streamflow.
Finally the modeled streamflow series is obtained through
an inverse Box-Cox transformation (see equation (19)).
Results for these outputs are then analyzed and 90% confi-
dence limits are estimated.

[37] The effect of uncertainties in the latent variables on
model output is quantified in the calibration period by sam-
pling their posterior pdf, similarly to the model parameters
as described above. In the validation period, uncertainty
caused by precipitation is revealed by sampling the precipi-
tation multiplier from a posterior of a valid class. For
example, when there is a rain event in class 4 (Table 2) in
the simulation period, uncertainty is presented by sampling
from the posterior of that class.

4. Results and Discussion
4.1. Assuming Gaussian Errors

[38] With the assumptions of 3 = 0, £ = 1 and an inde-
pendent error series equation (21) simplifies to the “classical”
Gaussian likelihood function where both error series (SWE
and streamflow) are independent and identically distributed
according to a normal distribution with zero mean. This
assumption was the first step of the analysis. Calibration of
the model under this assumption (Approach Al in Table 1)

led to the conclusion that the number of model parameters
can be decreased. The marginal posterior of the snow model
parameter 7,,, (equation (3)) indicated a value of 7., = 0,
thus rendering &, (equation (9)) redundant in the model.
DREAMzs, converged in 9.8 x 10* model runs. To speed up
the convergence of the MCMC chains the values of r.,, and
ky were fixed to zero. When calibration yields a r,, value of
zero the description for liquid water storage in the snowpack
is disregarded as there is not enough information in the data
to identify its characteristics. Kokkonen et al. [2006] have
shown that measured SWE values can be equally well repro-
duced without the liquid water storage. Furthermore, the
value of e was not identified properly. The value was there-
fore estimated a priori by using the Penman-Monteith equa-
tion and the available net radiation estimates. As a result the
parameter value (e in equation (13)) was fixedto e = 0.17.

[39] Recalibration of the simplified model (Approach A2
in Table 1) led to the marginal posterior distribution estimates
of the parameters shown in Figure 3. DREAM s, using 9 par-
allel chains converged in 4.1 x 10* model runs. All parame-
ters are well-identified and show narrow posterior ranges
compared to their uniform priors (Table 3). The precipitation
multipliers ¢, and ¢ (equations (6) and (7)) are equally well
identified and indicate that precipitation must be scaled down
due to canopy interception losses. In a catchment nested
inside the current study area, Koivusalo and Kokkonen [2002]
measured interception losses in the canopy and found that the
average summer and winter season losses were 29 and 26%,
respectively. The estimated multipliers in the current study
are in line with the reported interception losses.

[40] It is well known that the snow model parameters 7,
and k, (equation (8)) are correlated [Clark and Vrugt, 2006;
Kokkonen et al., 2006]. This was confirmed by studying the
parameter values of MCMC chains after the convergence.
The larger the value of Tj,., was the larger was also the
value of k,. In Finland Kuusisto [1984] reported that degree-
day factors in forests range from 1.8 to 3.4 mm d~' °C™".
The posterior of the calibrated k; (mode 2.3 mm d'ec™
in this study is well within this range.

[41] In Figure 4 the estimates of streamflow and in Figure 5
the estimates of SWE are shown with uncertainty bounds.
Uncertainty bounds in Figure 5 are not shown for the
summer periods with no snow cover. Lower values of the
90% total uncertainty bounds were fixed to zero, although
the assumptions used resulted in negative lower prediction
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bounds for both near-zero flows and SWE. The assumption
of a constant additive error leads to an estimated large range
of uncertainty bounds and high uncertainties at low values
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[42] The parameter uncertainty was found to be only a
small fraction of the total uncertainty (90% uncertainty
bounds in Figures 4 and 5). Only 12% of the streamflow
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Figure 4. Uncertainty bounds (90%) for simulated streamflow in Approach A2 and measured

precipitation.
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bounds in the calibration period and 13% in validation. The
90% bounds for total uncertainty (consisting of parameter
and remaining additional residual error), however, cover
90% of the streamflow observations both in calibration and
validation. It is obvious that uncertainty is overestimated
for low flows and underestimated for peak flows (Figure 4).
Most streamflow observations outside the uncertainty
bounds are peak events. For the case of SWE (Figure 5)
13% of the observations in the calibration period are inside
the parameter uncertainty and 94% inside the 90% total
uncertainty bounds. In validation these figures are 27% for
the parameter uncertainty and 91% for the total uncertainty.

[43] The following assumptions were made about the
model errors. It was assumed that the residuals are nor-
mally distributed, the model errors are homoscedastic, and

the errors are mutually independent showing no autocorre-
lation. Furthermore, it was assumed that the snow model
errors are not correlated with the errors in modeled stream-
flow. This last assumption was satisfied as no significant
correlation was found between snow and streamflow model
errors (significance level aw = 0.05).

[44] The assumptions related to the snow model can be
visually assessed using graphs shown in Figure 6. Kolmo-
gorov-Smirnov test [Massey, 1951] revealed that the normal-
ity assumption cannot be rejected (Figure 6a) and Figure 6¢
does not show evident heteroscedasticity. There is correla-
tion between consecutive residuals, however (Figure 6b).
The correlation coefficient is 0.57 for consecutive residuals,
where the time-lag between observations is not constant.
The obvious reason for the presence of autocorrelation is the

(a) (b) (0
0.015 g |
= = °
[°]
S 001 e ' Z ©
S A é 0.5 = o §
0 o 3 @]
3 0.005 < 0 P - ez e8
g - R Sl DO et
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Residuals ( st)

Lag Simulated SWE [mm]

Figure 6. Residual analysis of the SWE results using the maximum likelihood parameter set in
Approach A2. (a) The histogram is based on the observed errors and the red line is the theoretical density
based on the assumed distribution. (b) Partial autocorrelation of residual series. (c) Residuals as a func-

tion of simulated SWE.
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fact that errors during the accumulation period influence the
later predictions until snowpack is melted. If the snow model
misses one snowfall event at the start of the snow season,
the following error will be present in the modeled SWE
throughout the winter and thus causes the autocorrelation. In
addition, the presence of autocorrelation can be a symptom
of inadequacy of the snow model to account for key snow
processes or inaccuracies in the observations of meteorologi-
cal input variables and SWE. It should be noted that the
snowfall measurement is more prone to observation errors
than the rainfall measurement. The correction factor for
snowfall gauging error typically exceeds the factor for rain
catch error, and the snowfall correction factor can vary in
different weather conditions [Forland et al., 1996].

[45] In addition to autocorrelation in SWE, there is severe
autocorrelation in the streamflow residuals (Figure 7b) in
the calibration period, suggesting that the lumped model
structure is not able to account for all the hydrological vari-
ability in the catchment. Autocorrelation is slightly more
severe for periods with snow cover and snowmelt compared
to the summer months. As there is no immediate streamflow
response to precipitation during the snow cover periods,
such autocorrelation is expected. However, even during the
summer time autocorrelation remains significant. This may
be caused by the inability of the model to generate stream-
flow peaks as fast as the measured peaks occur. The catch-
ment contains soil covered lowland areas and exposed
bedrock at hilltops and it is likely that the runoff generation
mechanism changes when runoff producing areas extend
from near stream areas toward areas covered with thin soil
layers or even exposed bedrock [Koivusalo and Kokkonen,
2003]. The rapid generation of high discharge peaks reflects
the distribution of soil types as well as variable antecedent
soil moisture conditions within the catchment. The routing
model contains only a single linear storage with a time-
constant of approximately 7 days, which may not be suffi-
cient for variable hydrological conditions. If there were
more observations (longer period) available another routing
storage could become identifiable and model structure prob-
lems could decrease.

[46] In addition to the presence of autocorrelation in the
streamflow error, the normality assumption in the residuals
is violated (Kolmogorov-Smirnov test, significance level
«a = 0.05) and Figure 7¢ reveal heteroscedasticity in the
residuals. The residual histogram (Figure 7a) indicates that
an assumption of a skewed distribution with a high kurtosis
might be more appropriate for the remaining residual error.

KOSKELA ET AL.: BAYESIAN INFERENCE IN A SNOW AFFECTED CATCHMENT
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Since error sources are not handled separately in the calibra-
tion, it is uncertain whether the violations of the assumptions
about the model residuals are caused by the model structure,
incorrect input variables, or errors in output observations.
The highly significant correlations between the model resid-
uals, however, are an indication of the model structure being
an important source of uncertainty. The well-known conse-
quences of violations of residual assumptions include biased
parameters and inaccurate confidence limits, as recently
demonstrated by Thyer et al. [2009] and Schoups and Vrugt
[2010]. To fix these problems the generalized likelihood
function (equation (21)) is applied next with the assumptions
of autocorrelated and non-Gaussian errors for streamflow.

4.2. Generalized Likelihood Function for
Autocorrelated and Non-Gaussian Errors
(Approach B1)

[47] In addition to the model parameters 5 additional pa-
rameters are now included. These represent statistical prop-
erties of the assumed error distributions (0,1, 0.2, 3, &, ¢1).
These parameters were calibrated at the same time with the
model parameters. Parameter £ frees the symmetry assump-
tion of the streamflow residual errors and 3 allows estima-
tion of different values for the kurtosis of the distribution.
It was assumed that an ARI-model with lag-1 parameter ¢,
can be used to represent the model structural error in the
remaining residual series and to remove the autocorrelation
from the residual errors that was present in Approach A2.

[48] DREAM sy with 12 parallel chains converged in
7.0 x 10* model runs. The resulting posterior parameter
distributions are shown in Figure 3. All the parameters are
well identified. The posterior distributions are narrow com-
pared to their uniform priors (Table 3). Compared to
Approach A2 there are clear differences in the modes of
the posterior distributions (e.g., ¢,, 7 and o,, in Figure 3).
In addition, the posterior distributions are now wider for
Tipresn and b. The posterior values of 3 and £ are close to
unity indicating a symmetric distribution with a high kurto-
sis for the remaining residuals (also seen in Figure 8a). The
lag-1 autocorrelation coefficient ¢, attains values close to
0.9. The autocorrelation of the posterior residual series is
small (Figure 8b). Also the scaled histogram of the remain-
ing residuals visually closely matches the assumed distribu-
tion (Figure 8a) but the two-sample Kolmogorov-Smirnov
test rejects the assumption that observed residuals would
come from the assumed skewed exponential power distri-
bution. The test was performed by using observed residuals
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Figure 7. Residual analysis of the streamflow results using the maximum likelihood parameter set in
Approach A2. (a) The histogram is based on the observed errors and the red line is the theoretical density
based on the assumed distribution. (b) Partial autocorrelation of residual series. (c) Residuals as a func-

tion of simulated streamflow.
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line is the theoretical density based on the assumed distribution. (b) Partial autocorrelation of residual se-
ries. (¢) Residuals as a function of simulated streamflow.

and an equally sized random sample from SEP(0,1,£,5) and
a significance level a = 0.05. By using the White test
[White, 1980] with a significance level o = 0.05 the null-
hypothesis of homoscedasticity (Figure 8c) must be rejected.
There was no significant (« = 0.05) correlation between
snow and streamflow errors.

[49] In this inference setup, the model contains an ARI-
component. The model can be used, however, also without
the AR I-component. In the following the “Simulation mode”
refers to batch-computation of the model for the entire length
of the simulation period starting from initial values of the
state variables and using the air temperature and precipitation
series as input. In this mode the ARI component is inacti-
vated in the model and no information about the residuals of

runoff series is utilized in the simulation. The other opera-
tional mode is the “Il-day-ahead simulation mode,” which
includes the ARI-component and utilizes the residual series
of streamflow from the previous computation time steps.
Results from both of these simulations are presented and
discussed.

[50] By using the maximum likelihood parameter set and
l-day-ahead simulation, the Nash-Sutcliffe efficiency R* for
streamflow is 0.86 for the calibration period and 0.68 for the
validation period. These values are clearly improved com-
pared to Approach A2 (0.72 and 0.63). At the same time R*
for SWE is 0.98 for calibration and 0.88 for validation. In
Figure 9 the confidence limits (90%) for the 1l-day-ahead
simulated streamflow can be observed to be narrow. The
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Figure 9. Uncertainty bounds (90%) for 1-day-ahead simulated streamflow in Approach B1 and meas-

ured precipitation.
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parameter uncertainty limits contain 23% of the streamflow
observations during the calibration period and 29% in vali-
dation. The 90% bounds for total uncertainty contain 88%
of the observations in calibration and 89% in validation.
These numbers are similar to Approach A2 but now the con-
fidence limits are much narrower (compare Figures 4 and 9).
The AR1-model was used to account for the structural uncer-
tainty in the model. As shown the ARl-model has signifi-
cantly narrowed the uncertainty bands without negatively
affecting the percentage that describes the streamflow obser-
vations within the uncertainty limits. For SWE (Figure 10)
the percentage of the streamflow observations within the
90% limits for total uncertainty is 92% for calibration and
86% for validation. Both of these percentage values are
smaller compared to the values for Approach A2.

[51] In the simulation mode (i.e., when knowledge of
previous streamflow errors are not utilized) the snow model
is still working well. The rest of the model (runoff genera-
tion), however, is not working properly. The R* value of
the maximum likelihood parameter set for streamflow
drops to 0.63 in calibration (compared to 0.86 in 1-day-
ahead simulation mode) and 0.53 in validation (compared
to 0.68, respectively). The 90% bounds for the total uncer-
tainty also become much wider. The main reason for the in-
ferior performance is that with the addition of the ARI-
model the parameter ¢, seems to attain too small a value in
calibration. This raises the question whether the addition of
the AR-component has actually led to unbiased parameter
estimates. Instead, it seems that the parameter ¢; account-
ing for the model structural errors, has interacted with c,

180 ~
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that describes the rainfall uncertainty. In any case, the
results suggest that the model should not be used for pur-
poses other than those corresponding to the calibration
objectives (in this case I-day-ahead simulation).

[52] Next we study whether the problems above related
to parameter ¢, and violation of the residual assumptions
can be ameliorated by using latent variables for the precipi-
tation events. In addition, we examine whether or not there
is enough information in the data to infer storm-dependent
precipitation uncertainty during model calibration.

4.3. Using Separate Precipitation Uncertainty Model

[53] The inclusion of latent variables in Approach B2
(Table 1) led to a solution where most of the latent varia-
bles and some model parameters were poorly identified.
The DREAMzs, algorithm converged smoothly (6.7 x 10°
model runs) although in Approach B2 there were 5 model
parameters, 5 statistical parameters and 43 latent variables
in the model. The posterior distributions of the unidentified
latent parameters are spread throughout their whole prior
range. There is not enough information contained in the
streamflow and SWE observations to simultaneously iden-
tify all the latent variables, the model structure uncertainty
(¢1) and the model parameters.

[54] The marginal posterior parameter estimates are shown
in Figures 11 and 12. Changes in the calibrated model param-
eter values compared to Approach A2 and B1 (Figure 3) are
obvious. For example, the posterior distribution of parameter

f (equation (12)) is now almost uniform as long as f'is greater

than f = 0.9. In addition, b and 7 have wide posterior
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Figure 11.

distributions. This is caused by correlations between some
rainfall multipliers and the parameters b and 7 (Figure 13),
all of which are now influencing the water balance of the
model. Furthermore, the posterior distribution of the degree-
day factor k; has clearly widened and the posterior of the
threshold temperature 7}, is at the upper limit of its
assumed prior. Correlations between the model parameters
and the latent variables (Figure 13) indicate that the latent
variables, in addition to representing input uncertainty, are
trying to compensate for model structural problems. Table 4

Scaled histograms of estimated posterior model parameters in Approach B2.

shows that the posteriors of the snow model parameters %,
and Ty, are also still correlated.

[55] Most of the precipitation multipliers are not identi-
fied from the data and their posteriors are spread over the
entire prior range (Figure 12). The well-identified latent
variables are predominantly the ones describing the uncer-
tainty of large precipitation events (class 4, class 6).
Indeed, all the variables that describe rain events with accu-
mulated rainfall less than 20 mm are not identified from the
data. This is caused by the fact that either there is no
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1234567 8 910111213141516171819202122232425262728293031323334353637383940414243

p.

Figure 12. Box plot of the posterior values of the precipitation multipliers in the calibration period in
Approach B2. Plot displays lower, median and upper quartile and whiskers extend to the most extreme
data point. Snowfall events are represented with lighter colors.
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Figure 13. Correlations between model and latent parameters in Approach B2.

response in streamflow and SWE records to these minor
rain events, the weight of small and short events in the
objective function is negligible, or the autoregressive com-
ponent is accounting for both input and model structure
uncertainty. Thyer et al. [2009] proposed a method to
remove unidentifiable latent variables from the model to
speed up the convergence of MCMC chains.

[s6] Figure 14 shows the histograms of the latent variables
inferred from the data for each class presented in Table 2.
It is obvious that precipitation uncertainty cannot be inferred
from the data except for the large events. The use of distribu-
tions of class 1, class 2 and class 5 events, for example
(Figure 14), to sample latent variables in validation leads to
wide parameter and precipitation uncertainty limits for SWE.
Similar effect is not seen in the modeled streamflow because
it is simulated only l-day-ahead with the inclusion of the
ARI-model. Poorly identified storm event multipliers indi-
cate that the modeler has only information about the timing
of the storm event and no information about the accumulated
precipitation of the event itself. If there were more informa-
tive priors available for the precipitation uncertainty, this

type of problem could be avoided [Renard et al., 2010,
2011]. Such information for the most of the storm events
cannot be inferred from the data in this case study.

[57]1 For Approach B2 the model is still not able to satis-
factorily simulate all the flow peaks and streamflow reces-
sions during the calibration period. The Nash-Sutcliffe
efficiency R” is 0.86 in the calibration period but only 0.59
in the validation period. The unexplained variance of stream-
flow remains similar compared to that of Approach B1. For
SWE the posterior of the unexplained variance is slightly
narrower in B2 than B1 and the mode has decreased a little.

[s8] In Approach B2 (Table 1) 26% of the streamflow
observations in the calibration period are inside the 90%
uncertainty bounds caused by the parameter and precipita-
tion uncertainty, and 42% in validation. The 90% bounds
for total uncertainty, however, cover 90% of the streamflow
observations both in calibration and in validation. For SWE
55% of the observations in calibration are inside the uncer-
tainty bounds caused by the parameter and precipitation
uncertainty, and 82% in validation. These figures for the
90% bounds for total uncertainty are 95% for both

Table 4. Correlation Matrix of Model Parameters and Statistical Parameters in Approach B2

kd Ttresh f b Oel Oe2 ﬁ 5 ¢1
kq 1.00 0.46 0.09 —0.07 —0.03 0.14 —0.06 —0.07 0.01 0.04
Tresh 0.46 1.00 0.15 —0.35 —0.38 0.16 —0.23 —0.12 0.08 0.01

0.09 0.15 1.00 0.04 —0.05 —0.15 —0.09 0.13 0.40 —0.09
b —0.07 —0.35 0.04 1.00 0.58 0.01 0.18 0.13 —0.01 —0.19
T —0.03 —0.38 —0.05 0.58 1.00 —0.02 0.29 —0.03 —0.11 —0.15
Oel 0.14 0.16 —0.15 0.01 —0.02 1.00 —0.12 —0.10 —0.13 0.08
Oe2 —0.06 -0.23 —0.09 0.18 0.29 —0.12 1.00 —0.04 —0.03 —0.16
Ié] —0.07 —0.12 0.13 0.13 —0.03 —0.10 —0.04 1.00 —0.01 0.06
I3 0.01 0.08 0.40 —0.01 —0.11 —0.13 —0.03 —0.01 1.00 0.08
ol 0.04 0.01 —0.09 —0.19 —0.15 0.08 —0.16 0.06 0.08 1.00
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Figure 14. Histograms of latent variables inferred from the data for each storm event class.

calibration and validation. The uncertainty limits for SWE
are overestimated.

[59] No significant (o = 0.05) correlation was found
between the residuals of snow and streamflow models. Sta-
tistical properties of the streamflow residual series (ML pa-
rameter estimates) are shown in Figure 15. The remaining
autocorrelation is small (Figure 15b). The null hypothesis
of the homoscedasticity is however, rejected by using the
White test with significance level o = 0.05. The scaled his-
togram of the observed residuals is visually a good presen-
tation of the assumed distribution (Figure 15a). However,
the two-sample Kolmogorov-Smirnov test rejects the null
hypothesis that these two samples (Figure 15a) would arise
from the same distribution. Further analysis reveals that the
observed residual series contains a large number of zero
residuals corresponding to time periods of zero flow. Thus
the observed distribution is more highly peaked (high kur-
tosis) than the assumed SEP(0,1,£,3). By repeating the two-
sample Kolmogorov-Smirnov test for a time period from
1 December 1997 to 31 May 1999 that does not contain

zero flows, the null hypothesis could not be rejected. This
observation points out the need for further consideration in
the formulation of the likelihood function in case studies
having a large number of zero or close to zero flows.

[60] Properties of the SWE residual series can be seen
from the diagnostic plot (Figure 16). The residual series
follows the assumed normal distribution (Kolmogorov-
Smirnov test with significance level a = 0.05). Compared
to Approach A2 (Figure 6) the remaining autocorrelation
between consecutive (lag-1) errors is clearly less significant
and residuals are visually homoscedastic.

[61] Similarly to Approach B1 the model does not work
properly in the simulation mode (i.e., when the AR l-model
is not utilized). The R* value of the ML parameter set for
streamflow is only 0.53 in the calibration period. This is
caused by the effect of the latent variables and the ARI-
model on model parameters. In validation the result
depends on the selection criteria of the latent variables. If
the mean value of the respective class is used, the R* value
for streamflow is only 0.28 in the validation period.
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Figure 15. Residual analysis of the streamflow results using the maximum likelihood parameter set in
Approach B2 and 1-day-ahead simulations. (a) The histogram is based on the observed errors and the red
line is the theoretical density based on the assumed distribution. (b) Partial autocorrelation of residual se-
ries. (¢) Residuals as a function of simulated streamflow.
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Figure 16. Residual analysis of the SWE results using the maximum likelihood parameter set in
Approach B2. (a) The histogram is based on the observed errors and the red line is the theoretical density
based on the assumed distribution. (b) Partial autocorrelation of residual series. (¢) Residuals as a func-

tion of simulated SWE.

[62] Both Vriugt et al. [2009a] and Kavetski et al.
[2006b] were able to infer the precipitation uncertainty
along with model parameter uncertainty from the stream-
flow data. Vrugt et al. [2009a] used uniform priors for the
latent variables in a similar manner to the present case
study, but they were not trying to simultaneously estimate
model structural uncertainties. Here, some model parame-
ters could not be estimated at the same time with the latent
variables. There was not enough information in the stream-
flow and SWE observations to simultaneously identify
model parameters, model structural uncertainty, and uncer-
tainties in precipitation observations. In the recent studies
Renard et al. [2010, 2011] concluded that input and struc-
tural errors cannot be separated in the results (by using
rainfall-runoff data) unless one has good prior knowledge
about the magnitude of the errors. Model structural uncer-
tainty was defined here differently, but the results are in
line with Renard et al. [2010, 2011]. Furthermore, this case
study shows that addition of observations from another state
variable (SWE) does not unmask the sources of uncertainty in
a snow-fed basin and more informative priors for precipitation
must be used for proper inference. As suggested by earlier
studies, e.g., Seibert [2000], it is possible to decrease the pa-
rameter uncertainty and to improve the model structure by
using groundwater observations in calibration. There are
groundwater observations available in the Rudbéck catch-
ment, and thus this research line is interesting. However, this
would require major changes in the model structure to
describe groundwater levels and it was left for future research.

[63] During the snowmelt season the measured air tem-
perature affects the snowmelt rate and thus streamflow
peaks. In this study, input temperatures were assumed to be
free-of-error but the effect of the temperature uncertainty
will be the focus of subsequent studies. There are also indi-
cations that the degree-day factor in the model is dependent
on the season [Kuusisto, 1984]. Thus it would be interesting
to see whether model performance would improve if k, was
treated as a stochastic time-dependent variable.

[64] The log likelihood function (equation (21)) is affected
by performance of both snow and streamflow simulations.
The components in equation (21) that account for snow and
streamflow errors were of the order of same magnitude. Fur-
thermore, the unexplained variances were intuitively reason-
able. Thus it is fair to say that neither one of the data sets is
dominating the inference although there is clearly a higher
number of streamflow measurements compared to snow

measurements in equation (21). This observation obviously
cannot be generalized and it might be necessary to use nondi-
mensionalizing to avoid scale issues in other case studies.

5. Conclusions

[65s] The approach presented in the BATEA-framework of
Kavetski et al. [2002] was used in this study with noninfor-
mative priors on the latent variables to account for precipita-
tion uncertainty in the calibration of a conceptual model in a
snow-fed catchment in southern Finland. The IHACRES
rainfall-runoff model was coupled with a degree-day snow
model to represent snow accumulation and melt. Model pa-
rameters were simultaneously calibrated against snow water
equivalent (SWE) and streamflow observations by using a
formal Bayesian approach with the posterior distribution
sampled using the DREAM 7, algorithm.

[66] The results suggest that the original degree-day
model needs to be simplified because some of its parameters
were not identifiable in the calibration. Furthermore, it is
concluded that there was not enough information in the
streamflow and SWE observations to simultaneously iden-
tify all the model parameters, the model structural uncer-
tainty, and the latent variables describing precipitation
uncertainty. The use of an autoregressive model to account
for the model structural uncertainty affected the input uncer-
tainty parameters leading to poor performance of the model
in simulation mode. The introduction of the latent variables
was found to have a clear effect on the calibrated model pa-
rameters. Both the mode of the parameters and wideness of
the posterior distributions changed. This was caused by the
mutual correlation between the latent variables and the
model parameters. When the residual assumptions are satis-
fied using formal Bayesian approach, the inference should
lead to unbiased parameter estimates (assuming the
accounting of model structure error is sufficiently correct).
The high value of the lag-l autocorrelation coefficient ¢,
(for streamflow) is a strong evidence of structural problems
in the model. The hypothesis that structural problems are
the main cause of uncertainties in this case study is sup-
ported by the correlation between the latent variables and
the model parameters, and by the relatively small improve-
ment in model fit after the introduction of the latent varia-
bles. The hypothesis that the model structure is the main
source of uncertainty cannot be confirmed, however. The
evident interaction between the different sources of
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uncertainties in the calibration exercise means that separa-
tion of individual uncertainties was not successful.

[67] The generalized likelihood function was used for the
first time in combination with latent variables to account
for precipitation uncertainty. DREAM g, still converged
smoothly although the number of calibration parameters was
high. The present study did not reveal any general problems
in combining these two methods, and hence encourages
future research in this area. It was observed, however, that
availability of a priori information on the uncertainty esti-
mates is desirable. The case study also revealed that the gen-
eralized likelihood function may not be flexible enough for
hydrological conditions having long periods of zero flow.

[68] To conclude, more precise a priori knowledge of the
input uncertainty as well as a better understanding and a
description of the hydrological processes within the catch-
ment are needed, rather than mining such information from
the snow and runoff data. Based on this case study, the hy-
pothesis that snow data would provide enough new infor-
mation, compared to rainfall-runoff data alone, to let us use
flat priors for precipitation multipliers must be rejected.
Uncertainty estimates can be very inaccurate if error models
are mispecified or if the uncertainties in observed streamflow,
model structure, or model inputs are not adequately known a
priori. This is caused by the fact that different components
representing different sources of uncertainties interact in the
inferencing procedure. In any case, application of Bayesian
techniques can provide useful insights into the limitations of
both model structure and data, and thus assist in the develop-
ment of models having a suitable structure and complexity
for the system of interest. It must be kept in mind, however,
that posterior checks on the statistical assumptions adopted in
defining the likelihood function should be conducted as a
part of meaningful Bayesian inference.
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