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Parameter calibration and uncertainty estimation of
a simple rainfall-runoff model in two case studies
X. Zhang, G. Hörmann, N. Fohrer and J. Gao

ABSTRACT
The simple rainfall-runoff conceptual KIDS (Kielstau Discharge Simulation) model using PCRaster is
applied to simulate continuously daily discharge of the Kielstau and XitaoXi basins. This work focuses
on parameter calibration procedure and, in particular, assessment of model prediction uncertainty.
We employ a simplistic analysis routine SUFI-2, coupled with the implementation of a Monte Carlo
based sampling strategy for the joint investigation of parameter calibration and uncertainty
estimation. The scatter plots of model performance and parameter exhibit high equiﬁnality of
parameter sets in ﬁtting observations, while their histogram distribution patterns imply that most
parameters can be well deﬁned. This study investigates parameter sensitivities and ﬁnds interesting
local results: soil and groundwater parameters are more sensitive in Kielstau models than in XitaoXi
models, and only the soil parameters ‘Sfk’ and ‘Kc’ are found strongly correlated. Finally, the
uncertainty bounds are always thin and the global shape of the hydrograph is well approximated for
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both basins. As the validated uncertainty bounds also represent the desired coverage (P factor
>50%) of the observations, and the calculated R factor values are in the targeted range (R factor < 1),
it demonstrates the efﬁciency and suitability of this revised SUFI method for the two case studies.
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| hydrologic modeling, KIDS model, Kielstau in Germany, parameter uncertainty
estimation, random sampling, XitaoXi in China

INTRODUCTION
In the last few decades, there has been an increasing use

are the presence of non-uniqueness in parameter optimiz-

of dynamic simulation in hydrological models. In order to

ation, nonlinear parameter interaction and the complex

improve the accuracy of model simulations, many cali-

shape of the response surface deﬁned by the objective

bration methodologies have been developed intending to

function (Feyen et al. ). Moreover, since process-

locate the values of unknown parameters and to verify

based hydrological models consist, at least partially, of

the usefulness and power of models. The laborious

an empirical combination of mathematical relationships

nature of conventional manual calibration in the ‘trial

describing some observable features of idealized hydrolo-

and error’ adjustment style has motivated the develop-

gical processes (Kuczera & Parent ), parameter

ment of automatic calibration techniques, including

estimates are subject to uncertainty, which leads to uncer-

gradient-based

Gauss-Levenberg-

tainty in model predictions. To overcome these problems,

Marquardt method (Doherty & Johnston ), popu-

many studies have shifted the research emphasis on iden-

lation-evolution-based

shufﬂed

tifying the model prediction uncertainty, instead of

complex evolution method (Duan et al. ), and regiona-

searching for one absolute global optimum. Parameter

lization or spatial generalization (Lamb & Kay ).

calibration and prediction uncertainty of a model are

methods

like

the

algorithms

like

the

The main difﬁculties preventing the determination of the

then intimately related (Blasone et al. ; Laloy et al.

best parameter set by any automatic calibration schemes

).
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A large number of methods have been published recently

is attractive for low-dimensional uncertainty estimation pro-

to derive feasible calibration techniques and uncertainty

blems, such as modeling with restricted data availability, a

analysis in hydrologic modeling, involving the optimization

relatively simple model structure, or less parameters. The

algorithms such as the shufﬂed complex evolution algorithm

calibration procedure we have applied in this paper belongs

(Duan et al. ; Vrugt et al. b; Feyen et al. ), simu-

to this group, but with adjustments adapted to the PCRaster

lated annealing (Sumner et al. ) and genetic algorithms

modeling environment (Van Deursen ; Wesseling et al.

(Wang ; Cheng et al. ). With the aim of simulating

). The current study has two objectives. First, we test the

various important characteristics of the observed data, auto-

SUFI-2 method with a simple rainfall-runoff conceptual

matic routines using multiple criteria or objectives have been

model, KIDS (Kielstau Discharge Simulation) (Hörmann

introduced in solving the calibration problem (Yapo et al.

et al. ; Zhang et al. ). The KIDS model is raster

; Boyle et al. ; Cheng et al. ; Madsen ;

based using a dynamic modeling language PCRaster,

Vrugt et al. a; Schuol & Abbaspour ; Li et al.

which has more ﬂexibility in input data requirements and

). Other approaches focusing on assessing global uncer-

less complexity in model structure than the SWAT model

tainty in rainfall-runoff modeling include the (pseudo-)

applied in Abbaspour et al. (). Second, we assess the

Bayesian methods (Freer et al. ; Thiemann et al. ),

parameter uncertainty for the KIDS model and quantify its

such as the generalized likelihood uncertainty (GLUE) fra-

effects on model simulations for daily discharge of two

mework (Beven & Binley ; Aronica et al. ;

river basins. One is a small lowland Kielstau catchment in

Uhlenbrook & Sieber ; Blasone et al. ), and the

Germany, and the other is a mesoscale mountainous

meta-Gaussian approach (Krzysztofowicz & Kelly ;

XitaoXi basin in China. We hypothesize that the approach

Montanari & Brath ). These methods contributed to

in this two-site comparison would do better to examine

the development of more complex or sophisticated uncer-

the inﬂuence pattern of each parameter on model perform-

tainty analysis tools, but some weaknesses may be

ance, and yield better results in uncertainty assessment

inevitable at the same time, such as the fact that global algor-

than one could get from extrapolating parameters from a

ithms are mostly complex and computationally expensive (Li

single site. To evaluate our hypothesis, we selected six

et al. ), and other approaches such as GLUE also requires

main parameters for each basin, compared their distribution

a large sample of model runs and adequate reliable data

patterns and correlations, and applied the adapted SUFI-2

describing watershed characteristics (Choi & Beven ).

methodology to map and quantify simulation uncertainty

In practice, however, the complex approaches do not

in the modeling process onto the parameter space.

always provide more accurate results relative to simpler
and low-dimensional estimation problems, depending on
the watershed scale, the number of parameters to calibrate,

SITES DESCRIPTION AND DATA PROCESSING

or the quantity and quality of calibration data. A simple
approach may be adequate and efﬁcient in the cases of

The study sites include two basins with remarkable differ-

ungauged basins, or lumped models with less parameters.

ences in hydrologic features – Kielstau in Germany and

Abbaspour et al. () proposed a simple inverse mod-

XitaoXi in China.

eling routine SUFI-2 (Sequential Uncertainty Fitting, version

Kielstau is a lowland watershed in Northern Germany,

2) for an uncertainty estimation of the SWAT (Soil and

with a drainage area of 51.5 km2 (see Figure 1(a)). As the

Water Assessment Tool) model (Arnold et al. ). Another

development of the landscape was mainly inﬂuenced by

application in Schuol & Abbaspour () showed that

the Saale and the Weichselian ice ages (Eggemann et al.

SUFI-2 is an efﬁcient parameter optimization-uncertainty

), the whole catchment is rather ﬂat, with elevation ran-

analysis procedure for a multi-site large-scale water quantity

ging from sea level to 50 m. Land use is dominated by

investigation. The sequential ﬁtting scheme in SUFI-2 helps

agricultural (55.8%) and grassland (26.1%). Mean annual

to maintain an appropriate sampling density in the Monte

precipitation is circa 800 mm, and evaporation approxi-

Carlo based sampling method. The easy-to-setup approach

mately 400 mm (Schmidtke ). The main soil texture is
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Location of (a) the Kielstau catchment and (b) the XitaoXi catchment, with gray-scale overlay of the topography (discharge simulation point: Soltfelt-Kielstau, HengtangcuXitaoXi; weather station in Kielstau – Flensburg, hydrostations in XitaoXi – 1: Tianjintang, 2: Hanggai, 3: Fushishuiku, 4: Laoshikan, 5: Yinkeng, 6: Dipu, 7: Hengtangcun,
8: Fanjiacun).

sandy loam and the dominating soil types are Gleysol and

dap scale. Although the drainages in Kielstau area are rela-

Luvisol (Sponagel ). A large fraction of wetland area

tively indistinct due to the ﬂatness of the basin surface, the

and the near-surface groundwater level are observed in

KIDS model still allows for efﬁcient runoff routing based

this region.

on the ﬂow accumulation calculated from DEM.

The second study watershed, XitaoXi, is a 2,271 km2

The climatic data for Kielstau catchment are taken from

sized mountainous basin (Figure 1(b)), which is located in

the data set of Flenburg station, the ofﬁcial weather station

the semitropical monsoon zone in Southern China. It is a

nearest Kielstau basin. The LANU (Landesamt für Natur

sub-basin of the Taihu Lake. In the XitaoXi region, 63.4%

und Umwelt) provided river discharge values from 1983 to

of land use is forest and grass, 20% paddy rice land (Wan

1999 (at the ofﬁcial Soltfeld gauge station). Daily precipi-

et al. ). Average precipitation in the watershed is

tation data in the XitaoXi basin are available from eight

1,466 mm annually, with 75% of rain falling between April

stations within the watershed area, while evaporation data

and October. Average evaporation from water surface

are only recorded at two stations – Fushishuiku and Heng-

ranges from 800 to 900 mm annually. The dominant soil

tangcun. The discharge data set from the selected

types are red soil and rocky soil. Since these soils tend to

Hengtangcun gauge station is available from 1978 to 1987.

have limited water storage capacity, most portions of the

The reason to select Hengtangcun instead of the river

river discharge are probably from the saturation excess sur-

outlet as discharge simulation point is that Hengtangcun is

face runoff (Xu et al. ).

the nearest station to river outlet and are not greatly inﬂu-

The KIDS model in PCRaster requires climatic and

enced by the backﬂow from Taihu Lake. Only the

topographic data as basic data input for all model runs.

contributing area is considered in the model calculation.

The DEMs are derived originally from the topographic

Other data including land-use and soil maps are converted

maps provided by local authorities (Landesvermessungsamt

from its originally coarser data resolution to a raster map

Kiel and the Administrative Bureau of TaiHu Basin) and

with the same cell length of DEM.

gridded with an resolution of 50 m for the Kielstau basin

The Kielstau and XitaoXi watersheds have quite differ-

and 200 m for the XitaoXi basin according to the input

ent hydrologic regimes (Zhang et al. ), thereby
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providing diverse data sets to test the adapted SUFI-2

Runoff is calculated on each grid cell based on the water

method used in this study. For example, the average daily

balance equation (Equation (1)), taking into account inter-

runoff of the XitaoXi river (35.09 m3 s1) is much

ception, precipitation, evapotranspiration, and the ﬂows to

higher than that of the Kielstau stream (0.45 m3 s1). The

other compartments. We use ‘mm’ as unit of measure for

difference is signiﬁcant as well when considering the

all the water amount expressions included in equations of

different discharge area: the runoff rate per unit area

this paper, and calculate with a daily time step.

1

is 23.02 l s

2

km

1

for XitaoXi, and 8.82 l s

2

km

for

Kielstau. The calibration data considered in this paper are

St ¼ St1 þ Pt  ETt  It  Qot  Spt

ð1Þ

3 1

the daily records of river discharge (m s ) at the selected
gauge station. The current work also serves as one part of

where S is the soil water content, t is the modeling time step

a Sino German integrated geohydrological study of these

(daily), P is precipitation and ET is evapotranspiration, I is

two basins. All analysis steps will be made in parallel for

interception, Qo is surface runoff (overland ﬂow), Sp is per-

the Kielstau and XitaoXi catchments.

colation or seepage.
Precipitation and potential evapotranspiration are input
forcing data. Interception is calculated with the parameter

KIDS HYDROLOGIC MODEL
The KIDS model (Kielstau Discharge Simulation model;
Hörmann et al. ; Zhang et al. , ) is a simple
rainfall-runoff model developed for practical purposes to
facilitate water resource management in the ﬁeld of Kielstau. It is basically driven by elevation map and
meteorological input data, and then simulates river discharge in given river basins as a dynamic function of
spatial information using PCRaster modeling language.
Additional inputs like soils and land cover can be integrated as extended submodels to the basic model

‘Im’ (Equation (2)), such that
It ¼ minðPt ; ImÞ

ð2Þ

where Im is the maximum interception amount of vegetation cover.
Surface runoff ‘Qo’ (Equation (3)) describes soil percolation and storage calculation on the basis of derived soil
parameters like ﬁeld capacity and inﬁltration rate of soil
water deﬁcit,
Qot ¼ maxf½Pt  It  Kc ðSfk  St Þ; 0g

ð3Þ

structure. All derived models form the KIDS model ensembles. Figure 2 gives an overview of the basic model

where Qo represents the surface runoff, Kc is the inﬁltration

structure with solid lines and added submodels in dashed

parameter, and Sfk is the wetness at ﬁeld capacity.

lines. The model is spatially distributed and space was dis-

The whole river basin is assumed to have one soil type

cretized in 50 × 50 m grid size for Kielstau and 200 × 200 m

with uniﬁed water storage capacity in the basic model struc-

for XitaoXi.

ture. Sub-surface ﬂow is modeled as 1 D bucket ﬂow with a
lateral ﬂow rate parameter ‘Ks’, as shown in Equation (4).
The value of parameter Ks is set equal to zero in the basic
model for both basins, so
Qst ¼ Ks St

ð4Þ

where Qs is subsurface ﬂow, and Ks is lateral ﬂow rate.
The groundwater layer is represented as linear storage
and its discharge is set with a groundwater outﬂow
Figure 2

|

Illustration of the KIDS model structure.
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Owing to the general nature and ﬂexible structure of the

daily groundwater dynamics,
Gt ¼ Gt1 þ Igt  Qgt

|

ð5Þ

KIDS model, its application to any study area requires that
certain parameters be identiﬁed for the particular basin.

Igt ¼ ρSt

ð6Þ

In the current model version, six main parameters need

Qgt ¼ Kg Gt

ð7Þ

observations. Table 1 lists an overview of the calibration

to be determined by calibration using daily discharge
parameters with their upper and lower value ranges.

where G is groundwater storage, Ig the inﬂow to groundwater aquifer, Qg the groundwater discharge to runoff, ρ
the water seepage rate from soil to groundwater, Kg the
groundwater outﬂow rate.
The ﬂow path is then derived from topography through
a ﬂow accumulation grid calculated in PCRaster. The routing of the runoff is modeled with the fully dynamic
kinematic wave function (Chow et al. ).
Considering the greatly differing hydrology of the two
basins, the appropriate model structure for each basin is
selected from the KIDS model ensembles (Zhang et al.
, ): Model ‘DW’ for Kielstau – basic KIDS model
with drainage (Equation (8)) and integration of wetland
(Equation (9)); Model ‘LTG’ for XitaoXi – basic KIDS
model with landuse-coefﬁcient adjusted ET distribution,
additional subsurface ﬂow with Ks > 0 and groundwater outﬂow threshold (Equation (10)).
Dt ¼ Kd St þ Ld

CALIBRATION SCHEME
SUFI-2 revised with random sampling strategy
The SUFI-2 scheme (Abbaspour et al. ) is designed to
perform multi-site, semi-automated global search procedure
with the SWAT hydrologic models (Arnold et al. ).
Schuol & Abbaspour () provided another application
example using SUFI-2 for large-scale water quantity investigations. It combines parameter calibration and uncertainty
prediction. The procedure is simple and the uncertainty is
worked out by calculating the likelihood of the parameter
set using the simulated and observed discharge. The
choice of the likelihood function relies on the user-deﬁned
hypothesis. However, the Nash-Sutcliffe (NS) efﬁciency

ð8Þ

where D is the drained water volume, Kd is drainage factor,

(Nash & Sutcliffe ) is assumed as the informal likelihood measure, which is widely used as a performance
measure in hydrological modeling (Beven et al. ).

S is available soil water storage, Ld is the lateral inﬂow
volume (lateral seepage from irrigation canals and drainage

Table 1

|

Description of parameters included in the KIDS hydrological model calibration
procedure, with their upper and lower bounds

channels),

Parameter
(unit)

Range

Deﬁnition

Im [mm]

0–10

Maximum water amount intercepted
by vegetation cover

Sfk [mm]

1–800

Soil water storage capacity

Kc [–]

0.01–0.6

Soil inﬁltration parameter

ρ [–]

0.01–0.5

Water seepage rate from soil to
groundwater

Kg [–]

0.001–0.1

Groundwater discharge rate to the
river baseﬂow

ð10Þ

Kd [–] in
Kielstau

0–0.01

Water drainage rate from available
soil water storage

where Gm is the maximum daily groundwater outﬂow or

Ks [–] in
XitaoXi

0.001–0.05

Soil water percolation rate to river
discharge

Wt ¼ Wt1 þ Iwt  Ewt  Qwt

ð9Þ

where W is wetland water storage; Iw the incoming water
volume inﬂuenced by precipitation, interception and soil
moisture; Ew the water loss from wetland, mainly
evapotranspiration; Qw the wetland water seepage contributing to runoff, and


Qgt ¼ Min Kg  Gt ; Gm

groundwater outﬂow threshold.
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Each set of parameters is assigned a likelihood value (the
NS index) to quantify how well that particular parameter
combination simulates the system. Higher NS values typically indicate better correspondence between the model
prediction and observations. A preliminary sensitivity test
of six parameters is conducted to decide the initial sampling
space (as shown in Table 1) by sequentially varying one parameter while keeping all other constant. In order to adapt
the sampling scheme in SUFI-2 to PCRaster environmental
modeling language, Schmitz et al. () developed a
specialized client-server software toolbox for the KIDS
model. It has extendable interfaces and a Python binding
allowing the user to add calibration algorithms and deﬁne
speciﬁc objective functions. This software framework is
suited for the PCRaster environment to assign the KIDS
model ﬁles, and it is applied to the parameter sampling in
this study. It is a Monte Carlo based method as it evaluates
the objective function at randomly spaced points in the
deﬁned parameter space. This random sampling scheme is
easy to install and requires two assumptions when used in

Figure 3

|

Flowchart of the calibration strategy.

practical applications: low-parameterized models and the
uniform prior distributions for the tested parameters. Our
conjecture is that the random sampling scheme adopted

values as behavioral parameter combinations. From the

here can provide a sufﬁciently large sample of solutions

chosen 1,000 simulations result, the parameter distribution

for the simple KIDS models with relative low-dimensional

pattern, parameter correlation and identiﬁability can be

parameter estimation problems.

inferred. In SUFI-2, parameter uncertainty is depicted as
uniform distributions. We construct the probability distri-

Analysis procedure

butions for each parameter by dividing its sampling
range into ten equivalents. When a further iteration is

The process of parameter calibration and uncertainty analy-

required, we narrow the parameter sampling range by

sis of the SUFI-2 algorithm is depicted graphically in

neglecting those parameter value ranges that has low

Figure 3. Starting from models with the initially large par-

probability (it is deﬁned here <5%). The resettled parameter

ameter sampling range, each iteration run generates 2,000

value range is used as the new sampling range in the next

model simulations (s ¼ 2,000). With the purpose of identify-

SUFI-2 iteration.

ing a group of behavioral parameter sets within the resulting

Two measures are deﬁned in SUFI-2 to quantify the

possible model parameter combinations from the ﬁrst iter-

model uncertainty and to decide the calibration target: P

ation, we derived a subjective method to differentiate

factor and R factor (Equations (11) and (12)). The percen-

between behavioral and non-behavioral simulations. The

tage of measured data bracketed by the 90% simulation

term ‘behavioral’ is used here to characterize those par-

uncertainty bound is referred as the P factor. From the simu-

ameter sets that are judged to be ‘acceptable’ on the basis

lation results of each sampling run, the 90% uncertainty

of available data and knowledge (Tang et al. ). As

bound can be derived by calculating the 0.05 and 0.95 quan-

each parameter set is assigned with a NS value, we sorted

tiles of the simulated discharge values. We deﬁned the

the sample population in order of decreasing NS value,

associated parametric uncertainty R factor as the ratio of

and chose half the results (s/2 ¼ 1,000) with higher NS

the average distance of the 90% uncertainty intervals and
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Parameter uncertainty and correlation

situation is to have an R factor value close to zero,
while at the same time to cover all the observation

The result of the last iteration is plotted in Figure 4 (Figure 4

data within the 90% prediction uncertainty bounds

(a) for Kielstau and Figure 4(b) for XitaoXi) to assess the par-

(P factor ¼ 100%).

ameter behavior on model performance in Nash-Sutcliffe
values. In general, the scatter plots of model performance

P factor ¼

m
× 100%
n

ð11Þ

where m is the number of model time steps counted when
the observed river discharge value is within the modeled
simulation uncertainty bounds, n is the time steps of the
selected ﬂow period, and

R factor ¼


Pn 
i¼1 ðS95  S5 Þ1 þ ðS95  S5 Þ2 þ . . . þ ðS95  S5 Þn =n
stdevfQ1; Q2; . . . ; Qng
ð12Þ

where S95 and S5 denote the 95 and 5% percentiles for each
simulated variables, n is the time steps of the selected ﬂow
period, and stdev is standard deviation of the observed
ﬂows within the selected period.
The values of the P and R factors reﬂect the uncertainty about the model parameters after taking into
account the discharge observations. These two measures
also specify the stopping rules of SUFI iterations. When
the calculated R factor value reaches a small ratio –
usually less than 1, and most of the observations
(>50%) can be bracketed inside the uncertainty bound,
we deﬁned it as a state of being sufﬁciently calibrated.
The sampling run will be iterated several times by resettling, usually narrowing the parameter space though the
posterior parameter distribution, until the calibration
target is achieved.

versus parameter values exhibit a high degree of equiﬁnality
of parameter sets in ﬁtting the observations. This indicates
that a wide range of parameter values can be included in behavioral parameter sets to make the model’s performance
similar or close to optimal. This equiﬁnality problem has
been universally found and accepted as a working paradigm
in hydrological models (Zak & Beven ; Beven ;
Li et al. ).
For Kielstau, the parameter, ρ (water seepage rate from
soil to groundwater), is the most sensitive to model performance, with a peaked band of dots ranging 0.05–0.1. This
means that better model performances occurred for parameter sets having ρ values between 0.05 and 0.1. For
XitaoXi, a tendency of achieving better results is observed
when the parameter Kc and ρ have small values. The maximum efﬁciency occurred in Kielstau model when the
parameter Sfk has higher value (around 450 mm), while in
XitaoXi model it was with a lower value of Sfk near
225 mm. An inspection of other plots in Figure 4 reveals
low sensitivity of those parameters, where smooth response
surfaces are clearly displayed. The scatter plots describe adequately the high equiﬁnality of acceptable parameter sets,
and imply a large uncertainty from parameter estimations.
The high uncertainty depicted in the ﬁgures is mainly due
to the iteration, which leads to a narrower sampling space
taken from a wide interval of possible parameter values.
Further explorations are thus needed by examining parameter distributions and calculating associated uncertainty
bounds.
For a closer look at the parameter distribution pattern,

RESULTS AND DISCUSSION

we construct the posterior parameter distribution from the
result of the last iteration by setting a subjective cutoff

The SUFI-2 scheme is implemented for the Kielstau and

threshold (50% of all simulations) for behavior parameter

XitaoXi basin. Starting from an initially large parameter

sets. This posterior distribution can be used to directly reset-

sampling space, the calibration procedure was iterated

tle, usually narrow, the parameter sampling space when a

three times until the desired target was reached. This section

further iteration is needed. Figure 5 presents the probability

presents analyses for the last iteration that reaches the

distributions for the calibration parameters constructed

desired calibration targets.

using the top-ranked (NS-index) 1,000 samples. For a good
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Scatter plots of model performance in Nash-Sutcliffe index within the parameter space of the last sampling iteration for (a) the Kielstau basin and (b) the XitaoXi basin.

comparison of the two study basins, results for the same par-

parameter Sfk is well deﬁned but its optimal value range dif-

ameter are plotted in one diagram, where the x-axis depicts

fers in the two basins. Most acceptable simulations are

its original bound range stated in Table 1. The upper and

achieved when the Sfk in XitaoXi has lower values from

lower boundary values of each parameter in its distribution

230 to 275, while in Kielstau it is in the higher values ran-

histogram are showed along the x-axis, where numbers with

ging from 405 to 485. Owing to the very different soil

brackets are values for the XitaoXi basin. The response sur-

types in two basins, it reﬂects the relatively high water sto-

face of each parameter can help to identify its optimum

rage capacity of the loamy soils or wetland soils in the

value range.

lowland area of Kielstau, and meanwhile limited soil water

The approximately ﬂat response surface for the intercep-

capacity of the typical red soil and rocky soil in the mountai-

tion parameter Im corresponds to a uniform distribution for

nous region of XitaoXi. Distributions of another soil

both basins. It indicates a nearly negligible inﬂuence contri-

parameter Kc still have a large probability at their peaks indi-

bution of this part in water processes to the overall model

cating more uncertainty on their most likely value for both

performance. The distributions of soil ﬁeld capacity par-

basins. The density of the soil groundwater ﬂux parameter

ameter Sfk and hydraulic inﬁltration parameter Kc show a

ρ approximates a normal distribution centered around the

log-normal shape. Given that the peak of their posterior dis-

sharp peak, despite the fact that its left lower boundary is

tribution around the most likely value is sharp or nearly

truncated by the limits of the x-axis. The higher ρ optimal

sharp, these parameters are well deﬁned for the study

values in Kielstau reveal a more interactive relationship

area. The most likely value of the soil water storage capacity

between soil and groundwater layers. Moreover, the most
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Histograms of parameter distribution in the comparison of the two study basins. Parameter units are listed in Table 1.

likely value of groundwater recharge parameter Kg is not

As an illustration, Figure 6 presents correlation plots in

easily identiﬁable in XitaoXi, but in Kielstau it shows a mod-

two dimensions of parameter space obtained from samples

erate normal distribution. This indicates that groundwater in

with good performance (10% of the maximum NS) in the

Kielstau plays a more important role in river runoff produ-

two study areas. It indicates that moderate to strong linear

cing

correlations exist between some parameters. For example,

processes.

Furthermore,

the

added

submodel

parameters describing drainage rate Kd in Kielstau and lat-

the plots of soil parameters {Sfk, Kc} show a clear negative

eral ﬂow rate Ks in XitaoXi have high possibilities in small

correlation in both cases. It is especially closely related in

values comparing their original bound ranges. The optimal

the XitaoXi catchment. The two parameters affect the fast

value of Kd is well deﬁned, but the distribution of Ks is

response of the model either through overland ﬂow or sub-

slightly bimodal. One must also note that for all parameters,

surface runoff. We also note in panels {Sfk, Kd} for Kielstau

the intervals between the lower and upper bounds are not

and {Sfk, Ks} for XitaoXi, these parameters are slightly nega-

identical for different study basins, in order to have a good

tive correlated, while in {Kc, Kd} for Kielstau and {Kc, Ks} for

comparison on the same range of the x-axis.

XitaoXi, they are slightly positive correlated. It can be
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Correlation plots of parameters in two study areas (lower left: Kielstau, upper right: XitaoXi).

directly explained by their effect on model response. Indeed,

properties of each iteration result by checking if the two

an increase of Sfk will have the same effect on runoff pro-

measures of P factor and R factor could reach the desired

duction as a decrease of Kc, or Kd for Kielstau (Ks for

targets. When the calculated results from the total generated

XitaoXi). The plots for parameter ρ in both basins are

simulations of the last SUFI-2 iteration meet our calibration

restrained within the half range of lower values, suggesting

targets, the same run was conducted for validation. The cali-

a high probability to have optimal values near lower bound-

bration and validation results for both study basins are

ary. Other plots concerning parameters Im and Kg show

derived here in the sense that they represent the desired

very low correlations, which is consistent with their large

range of simulation uncertainty instead of one ‘optimum’

uncertainty demonstrated in Figures 4 and 5.

parameter set. The 90% uncertainty bound describes the
parameter uncertainty resulting from the non-uniqueness

The SUFI-2 uncertainty bounds in calibration and

of effective model parameters. As we can see from Figures 7

validation results

and 8, hydrograph simulations obtained from the 90%
uncertainty bounds can reproduce the observed discharges

Accurate probabilistic forecasting requires that the uncer-

with reasonable accuracy for both catchments. The calcu-

tainty bounds are statistically meaningful and exhibit the

lated values of P factor and R factor are also shown in the

appropriate coverage. Instead of focusing on the goodness-

ﬁgures. This exhibits the appropriate coverage, i.e. the

of-ﬁt of the median output estimate, we examine the

simulations bracket the observations most of the time
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Calibration and validation results for Kielstau basins showing the 90% simulation uncertainty intervals (gray shadow) along with the measured discharge (black line).

Figure 8

|

Calibration and validation results for XitaoXi basins showing the 90% simulation uncertainty intervals (gray shadow) along with the measured discharge (black line).

2012

(P factor > 50%) with acceptable R factor values (R factor <

months of July and August. This can be partly a result of

1). The plot reveals that there is a tendency for small dis-

the recorded dry season, and partly because of the relatively

charges to be underestimated in Kielstau during the

low water storage modeled in wetland or groundwater aqui-

summer time, but overestimated in XitaoXi at its spring sea-

fers accumulated from previous calibration years, which are

sons. For example at the beginning of calibration period in

supposed to be important baseﬂow sources in low-rain sea-

Kielstau, the low runoff is underestimated during the

sons. Meanwhile in XitaoXi, the river discharges are
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slightly overpredicted around the month of March for both

efﬁcient for relatively simple low-dimensional sampling pro-

calibration and validation. This can happen given the great

blems, as the applications in two very-differing study basins

complexity in water management (like irrigation) of such

demonstrates here.

periods for which plants are growing with low precipitations

The scatter plots of parameter values versus model per-

(Gao et al. ). However, the global shape of the hydro-

formance (NS) clearly exhibit equiﬁnality where many

graph is nevertheless well approximated. When comparing

possible parameter sets can provide acceptable simulations

the calibration and validation results for the Kielstau

of the catchment response. This also implies a large

basins, it is noticeable that better P factor and R factor

uncertainty from parameter estimations. It ensures the

values are achieved for the validation period. As we can

assumptions that a meaningful calibration should include

see from Figure 7, the validation year included more peak

the uncertainty estimation instead of identifying a unique

ﬂows, while a longer period of low ﬂow was presented

set of parameter values. Further investigation into the pos-

during the calibration year. The pattern is consistent with

terior parameter distribution functions reveals a clearer

the inference that low-ﬂow seasons contribute more to the

distribution pattern for each parameter. Among them,

overall uncertainty than peak-ﬂow seasons (Zhang et al.

most of their optimal values can be well deﬁned. Two par-

). Regarding the XitaoXi catchment, the total uncertainty

ameters, Im and Kg, have a relatively smooth response

bounds are relatively thin despite similar R factor values,

surface and therefore are not as identiﬁable for a good

indicating a good model performance. This could partly be

model performance. This is consistent with the results of

due to the much larger scales in the y-axis of the XitaoXi

parameter correlations, that these two parameters are not

river discharge amount compared with the small Kielstau

close-correlated with others. Soil and groundwater par-

streamﬂow. As the calibration and validation results show

ameters like ρ and Kg are more sensitive in the Kielstau

accepted accuracy for both basins, it clearly indicates that

models. This may reﬂect the active soil–groundwater inter-

the data are adequate to capture the scale of local hydrologic

actions in the Kielstau region because of the near-surface

processes in spite of different resolution data used for each

groundwater level and the large fraction of wetland area.

catchment.

A strong negative correlation was found between soil

Finally, the simulated uncertainty bounds in Figures 7

parameters Sfk and Kc due to their effect on model perform-

and 8 using SUFI-2 are mainly associated with parameter

ance. The validated hydrograph shows an acceptable

estimation but account for all sources of uncertainties such

simulation uncertainty range (R factor < 1) for both catch-

as model structure and input data (Abbaspour et al. ).

ments, which can bracket the observations most of the

The fact that the parameter uncertainty is relatively

time (P factor > 50%). Despite the fact that some simu-

narrow but does not always bracket the observations indi-

lations are less accurate during low-ﬂow periods, the

cates

further

global shape of the hydrograph is reasonably well approxi-

improvement. However, the advantage of a more complex

mated for both basins, and the 90% uncertainty bounds

model is limited and may be outweighed by an increase in

are always narrow. However, the parameter uncertainty

model uncertainty with added processes and information.

bounds do not always cover the measured data during the

that

the

model

structure

may

need

validation periods. This indicates that further improvements
in the model structure may be required for more accurate

CONCLUSION

predictions in future research.

A simple and iterative parameter optimization-uncertainty
analysis routine, SUFI-2, has been successfully used to
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