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Objectives of HORIX

www.rimax-hochwasser.de/projekte.htm
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• Development of an efficient management tool for floods in 
meso-scale watersheds

• Analysis of the whole “flood chain”: 
rainfall events – rainfall-runoff-model – hydraulic model

• Quantification of uncertainties of the “flood chain”

• Development of an expert system, which 
- is operationally applicable,
- is easy to use
- establishes a flood forecast for the population

• Visualization of the current flood risk by WEB-based flood 
maps

Objectives of HORIX



Statistical DownscalingStatistical Downscaling

Hourly precipitation fields (1 km x 1 km) 

Statistical
Downscaling

General Circulation Model

(60 km x 60 km)

Uncertainty of forecasted precipitation events



forecast uncertainty: 

• statistical downscaling based on the analogue method
(Obled et al. , 2002)

observation uncertainty:

• conditional simulation based on a three-dimensional
turning bands method (Mantoglou and Wilson, 1987)

focus on precipitation: dominant source of 
uncertainty

Uncertainty of forecasted precipitation events



Analogue MethodAnalogue Method

Precipitation Forecast

(1)Past weather situation are identified, which are similar to the 
current situation

(2) The daily areal precipitation of past weather situations is
chosen as forecast.

Predictors

• Geopotential height of 1000 hPa-field

• Relative humidity of the 700 hPa-field

• Moisture flux of the 700 hPa-field

Uncertainty of forecasted precipitation events



Generating precipitation scenariosGenerating precipitation scenarios

1. The temporal distribution and the moving direction 
of precipitation events are determined for each 
circulation pattern.

2. The daily areal precipitation is disaggregated in 
hourly time steps

3. Precipitation scenarios are determined using the 
turning bands method. 

Uncertainty of forecasted precipitation events



Concept of the turning bands methodConcept of the turning bands method

Uncertainty of forecasted precipitation events



two different kinds of observations

• hourly observations (small number < 20) good estimates of the 
temporal distribution

• daily observations (large number > 60) good estimates of the spatial 
distribution

working steps of the methodologies:  

1.) conditional simulation based on a three-dimensional turning bands 
method to derive n hourly precipitation fields

2.) interpolation of the daily areal precipitation by an external drift kriging

3.) disaggregation of the daily areal precipitation according to the 
temporal distribution of the hourly precipitation fields

Estimation uncertainty of precipitation observations



simulation concept



Uncertainty of forecasted precipitation events



interpolation simulation

Interpolated and simulated hourly precipitation field

12. August 2002, 11 pm, Freiberger Mulde



Uncertainty of hourly areal precipitation

August 2002, Freiberger Mulde, 11. Aug. – 13. Aug.

Further information: see poster Bliefernicht et al. 

“Short-range forecast of daily areal precipitation of 

meso-scale catchments – a probabilistic approach”



(1)Estimation of the amount of areal precipitation of an extreme 
event (extreme value distribution). 

(2)Simulation of hourly precipitation fields in a spatial resolution 
of 1 km x 1 km (turning bands method). 

(3)Disaggregation of the areal precipitation according to the 
spatial and temporal distribution of the hourly precipitation 
fields . 

(4)Step 2 and 3 are repeated n realisations

Generation of extreme 
precipitation events



120 mm in 72 h,  Freiberger Mulde, (Elbe basin, Germany)

winter event
100-year return period



163 mm in 48 h, Freiberger Mulde,Elbe basin, Germany.

summer event
100-year return period



after
Schulla (1998)

input of
meteorological data

snow accumulation
and snow melt

interception

infiltration / generation
of surface runoff 

discharge routing

total discharge

potential and real
evapotranspirationevaporation from

snow surfaces

evaporation from
the interception storage

evapotranspiration
from the soil and

from the vegetation

shadowing and exposition
dependent adjustment for
radiation and temperature

interpolation of the 
meteorological

input data

precipitation 
correction

   soil storage
                  infiltration

capillary rise

unsaturated
zone

infiltration

saturated zone                  saturated zone

inactive zone

surface runoff

base flow

interflow

soil(root)storage
and unsaturated zone

Correction separately for rain and snow,
dependend on wind speed 

Station data or altitudinal gradients
calculated in a preprocessing step

Altitud dependend regression and/or inverse 
distance weighting interpolation (IDW); Thiessen

Adjustment of radiation dependend on solar 
and local geometry

ENMAN ONTEITH
HOMPSON

P  - M
T

 after MORECS-Scheme
(  et al., 1981)

Approach after  (1973) or T-index;
glacier: Hock (1998)

NDERSONA

Leaf area index-dependend maximum storage 
capacity, depletion:
potential evaporation

Infiltration after and (1911) using 
saturation time after  (1977, 1987)

REEN MPT
ESCHKE

G  A  
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Translation-retention-approach
using hydraulic parameters for channels

+

+

Topmodel Richards

Calibration of rainfall runoff models

WaSiM-ETH



S. Pakosch and M. Disse

Modelling the vadose zone with Richards-equation:

• physically based approach

• modelling 1D vertically within a layer discretised soil 
column for each grid cell (FD method)
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Calibration of rainfall runoff models

QDevaporation

saturated zone

QI

QB

soil(root)storage
unsaturated zone



S. Pakosch and M. Disse

• Implementation of 2D groundwater model possible

• with groundwater model:
4 parameter have to be calibrated

• without groundwater model:
conceptual approach for base flow
6 parameter have to be calibrated

Calibration of rainfall runoff models



• kd recession coefficient for the direct flow

• ki recession coefficient for the interflow

• kb recession coefficient for the base flow

• dr scaling factor
for the interflow

• Q0 scaling factor
for the base flow

• krec scaling factor for the 
saturated hydraulic conductivity

Parameter of WaSiM-ETH (Richards mode)
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Calibration of rainfall runoff models



Genetic 
evolution 
algorithm 
SCE-UA 
(Shuffled 
Complex 
Evolution –
University of 
Arizona)

after
Duan et al. (1994)

Calibration of rainfall runoff models

1. Generation of a population (n=2, PK=10)2. Partitioning into complexes (a=2)3. Independent evolution of the complexes to an optimum4. Abolishment of the complexes5. Reshuffling and new evolution (see number 2.)6. Optimisation ends (global optimum)



1. Zufällige Generierung einer Population (n=2, PK=10)2. Aufteilung in Komplexe (a=2)3. Unabhängige Entwicklung der Komplexe zum Optimum4. Auflösung der Komplexe zu einer Population5. Erneute zufällige Aufteilung in Komplexe (vgl. 2.)6. Unabhängige Entwicklung der Kompl. zum Opt. (vgl. 3.)

Calibration of rainfall runoff models
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Calibration of rainfall runoff models
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Results of the automatic calibration (SCE UA algorithm)
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Calibration of rainfall runoff models



soil-
data

modell-
parameters

rainfall-
data

soilhydraulic
characteristics

rainfall-
realisations

Ex

rainfall-
runoff-modell
parameterised by

expected values (Ex)

Ex

soil parameter
uncertainty

- Monte-Carlo -

Modell parameter
uncertainty
- MCMC -

space-time
variability

rainfall
- Monte-Carlo -

hydrologic
uncertainty
- MCMC -

global 
uncertainty

- Monte-Carlo -

Uncertainty of hydrological models

Numerical solution: Markov-Chain-Monte-Carlo (MCMC) method
SCEM-UA (Vrugt, 2003)



aim:
to determine the distribution of the model parameters, which are most likely 
to characterize the observed runoff

Bayes theorem
posteriori likelihood priori

 
( ) ( ) ( )

( )
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obs
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f y f
f y

f y

θ ∗ θ
θ = θ .. modell parameter

yobs .. data

allows to include prior knowledge about the parameters 

Bayesian inference

Uncertainty of hydrological models



Numerical solution: Markov-Chain-Monte-Carlo (MCMC) method
SCEM-UA (Vrugt, 2003)

 ( ) ( ) ( )obs obsf y f y fθ ∝ θ ∗ θ
Inferenz:

Likelihood:

Prior: uniform
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independent, normal distributed θ .. modell parameter
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yM .. sim. Output 
x .. obs. Input 

3.1.5. Methods of uncertainty analysis



Bayes theorem
posteriori likelihood priori
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θ = θ .. modell parameter

yobs .. data

allows to include prior knowledge about the parameters 

Likelihood:

Prior: uniform
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Uncertainty of hydrological models



5% - 95%
quantile
mean
median
observation

soil
5% - 95%
quantile
mean
median
observation

rainfall

5% - 95%
quantile
mean
median
observation

modell parameter

Uncertainty of hydrological models



5% - 95%
quantile
mean
median
observation

Hydrol. unc.: MCMC
5% - 95%
quantile
mean
median
observation

MC: hydrol. unc. + rainfall

Uncertainty of hydrological models



Parameter and model uncertainty Gauge Kemmern / 
Oberer Main



• normal discharge conditions
daily based forecast of Q(t+1d), Q(t+2d), Q(t+3d) [m³/s]
and W(t+1d), W(t+2d), W(t+3d) [cm]

• if one forecasted water level exceeds given warning level 1
switch forecast to a hourly base
forecast of Q(t+1h), …, Q(t+12h), …, Q(t+24h) [m³/s]
get shape of hydrograph and discharge volume 
get corresponding inundation area (checking analogy)

• if observed water level W(t) [cm] falls below warning level 1
switch forecast back to a daily base

Fuzzy-based expert system



daily forecast

hourly forecast

Fuzzy-based expert system



hourly forecast

Fuzzy-based expert system



Fuzzy inference systems

• MAMDANI ‘S METHOD 1974
IF x1 is Ai,1 AND x2 is Ai,2 AND … AND xk is Ai,k THEN Bi

DOF calculation: product operator

defuzzification method: centre of gravity method

• TAKAGI-SUGENOS ‘S METHOD 1985 
IF x1 is Ai,1 AND x2 is Ai,2 AND … AND xk is Ai,k THEN yi = fi(x1,...,xk)

DOF calculation: product operator

Response calculation: DOF weighting

use Simulated Annealing algorithm for the training



MAMDANI ‘S METHOD 1974
IF x1 is Ai,1 AND x2 is Ai,2 AND … AND xk is Ai,k THEN Bi

DOF calculation: product operator

defuzzification method: centre of gravity method

mean areal Pμ
1

APIμ
1

forecasted Pμ
1

AND AND

mean areal Pμ
1

APIμ
1

forecasted Pμ
1

AND AND

mean areal Pμ
1

APIμ
1

forecasted Pμ
1

AND AND DOF1 = µ1(P) * µ1(API) * µ1(fP)

DOF2 = µ2(P) * µ2(API) * µ2(fP)

DOF3 = µ3(P) * µ3(API) * µ3(fP)

IF

IF

IF

mean areal Pμ
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APIμ
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forecasted Pμ
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B2: Q(t+3)
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AND AND THEN
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B3: Q(t+3)
1

AND AND THEN

mean areal Pμ
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forecasted Pμ
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Fuzzy-based expert system
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TAKAGI-SUGENOS ‘S METHOD 1985 
IF x1 is Ai,1 AND x2 is Ai,2 AND … AND xk is Ai,k THEN yi = fi(x1,...,xk)

DOF calculation: product operator

Response calculation: DOF weighting

THEN y3 = a03+a13*P+a23*API+a33*fP

THEN y2 = a02+a12*P+a22*API+a32*fP
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mean areal Pμ
1

APIμ
1

forecasted Pμ
1

AND AND
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IF
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Fuzzy-based expert system
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• Arguments
represent actual and forecasted meteorological situation:
actual and predicted rainfall, temperature, etc.
represent actual discharge and catchment situation:
antecedent precipitation index, etc.

• Responses
direct forecast of discharge QF(t + x) [m³/s]
forecast discharge differences ΔQF,x(t) [m³/s]

training:   ΔQobs,x(t) = Qobs(t + x) – Qobs(t)

forecast:  QF(t+x) = Qobs(t) + ΔQF,x(t)

Fuzzy-based expert system



Mainleus

Schwürbitz

Study area Upper Main, Germany

• AE = 4242 km² (gauge Kemmern, outlet)

• characterised by high floods in winter

• Rainfall-runoff modell: WaSiM-ETH

• Hydrodynamic model: 1D/2D SOBEK

Kemmern



Database of the Upper Main

• Measured data: Q, T, P, etc.
daily: 01.01.1964 – 31.12.2005
hourly: 01.01.1991 – 31.12.2005

• simulated data:  
P-frequency: 10, 25, 50, 100, 250, 500 and 1000 years
convective events with a duration of 48 h
advective events with a duration of 72 h
100 realisations per precipitation frequency
2 different initial model conditions (dry / wet)
extended database: 2800 possible discharge scenarios



Daily based forecast of Q(t+3d) Mainleus

• Training
01.01.1984 –
31.12.1994

• Validation
01.01.1995 –
31.12.2004

• Mamdani
50 rules
rval = 0.89

• Takagi-S.
5 rules
rval = 0.93



Daily based forecast of ΔQ(t) Mainleus

• Training
01.01.1984 –
31.12.1994

• Validation
01.01.1995 –
31.12.2004

• Mamdani
55 rules
rval = 0.74

• Takagi-S.
5 rules
rval = 0.70



Hourly based forecast of Q(t+6h) and Q(t+12h) 

• Takagi-S.
5 / 7 rules
16 / 22arguments 

• Training
06.01.1991 –
31.12.1999

• Validation
01.01.2000 –
31.12.2004

• correlation 
coefficient
rtrain = 0.98 / 0.97
rval = 0.98 / 0.98

Arguments: Q(t), API6h(t), maT6h(t), P(t-1), P(t-2), P(t-3), P(t-4) P(t-5), P(t-6),
P(t), P(t+1), P(t+2), P(t+3), …, P(t+x), x= forecasting length



• Takagi-S.
5 / 7 rules
16 / 22arguments 

• Training
06.01.1991 –
31.12.1999

• Validation
01.01.2000 –
31.12.2004

• correlation 
coefficient
rtrain = 0.98 / 0.97
rval = 0.98 / 0.98

Arguments: Q(t), API6h(t), maT6h(t), P(t-1), P(t-2), P(t-3), P(t-4) P(t-5), P(t-6),
P(t), P(t+1), P(t+2), P(t+3), …, P(t+x), x= forecasting length

Further information: see poster Pakosch et al. 

“Development of a fuzzy rule-based expert system for 

flood forecasts in meso-scale catchments”

Hourly based forecast of Q(t+6h) and Q(t+12h) 



Inundation modelling

Wehr

BurgkunstadtHochstadt

Rothwind

Maineck

1 km

Schwürbitz

Mainleus

Mainleus

Schwürbitz



Inundation modelling

1D/2D-Simulation (hybrid) SOBEK

Merging the advantages of 1D and 2D model

but no momentum exchange!



Inundation modelling

Monte Carlo Simulation

yVL

yFS

kstVL

kstFS

Q 

Parameter

± 0,15 m

± 0,2 m

18 – 32 m1/3/s

30 – 44 m1/3/s

HQ100 ± 15 
%

Range

Monte Carlo-
Simulation

(3000 runs)

Statistical analysis

Target parameter: 
Water depth

- stationary discharge

- non-stationary discharge



Inundation modelling

HQ100 stationary

Evaluation of the 

Monte Carlo Simulation



Uncertainties of hydrodynamic models

Water depth



WebGIS-Application with UMN MapServer

DOF1

f1(x)

DOF2

f2(x)

DOF3

f3(x)

DOFM

fM(x)

Rule M

Rule 3

Rule 2

Rule 1

Rule Base

aggregation
of responses

output
y = f(x1,x2,…,xK)

APIμ
1

mean areal Pμ
1

Q(t)μ
1

forecasted Pμ
1

input

Arguments (x1,x2,…,xK) Takagi-Sugeno fuzzy 
inference system



WebGIS-Application with UMN MapServer

Fuzzy inference systemPrecipitation forecast Pre-calculated flood maps

UMN MapServer



WebGIS-Application with UMN MapServer



WebGIS-Application with UMN MapServer



WebGIS-Application with UMN MapServer



WebGIS-Application with UMN MapServer



Inun-
dation
movie 
(Proto-
type!)



• Comparable performance of both fuzzy systems (daily base)
training of Mamdani is faster than of Takagi-Sugeno
Mamdani needs more rules than Takagi-Sugeno

• Comparable and good performance of daily QF(t+x) and 
ΔQF(t) forecasts

• First results of hourly  QF(t+x) forecast are satisfying using 
Takagi-Sugeno

• Flood forecast is very fast
precipitation ensembles can be evaluated statistically

Conclusions



• investigate further arguments

e.g. representing snow melting processes 

flood events mainly in winter

• investigate performance of both system on the hourly 
resolution further

include investigation of QF(t+x) and ΔQF,x(t) forecast

• integrate model uncertainty into the fuzzy system

• apply fuzzy system to 2 other study areas

Outlook



Summary

• HORIX considers uncertainties of the whole „flood chain“

• Calibration of rainfall runoff models should be performed 
half-automatically

• Precipitation uncertainty is most important, followed by 
soil heterogeneity and parameter uncertainty of the 
models

• Flood forecasts, which are generated by the fuzzy-based 
expert system, are very fast

precipitation ensembles can be evaluated statistically

• The current inundation risk for the residents will be 
visualized by (dynamic) flood maps in the internet



• Integration of uncertainties into the 
inundation maps

• Presentation of complex information 
(dynamic flood maps, quantiles, 
confidence intervals,…) in an 
understandable manner

Outlook
Thank you for you attention!


