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Sensitivity - Uncertainty

Deterministic - Stochastic
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- Deterministic hydrology. In deterministic hydrology one is usually
aware of these errors. They are taken into account, often in a
primitive way, during calibration of models. During this phase of the
modelling process one tries to find the parameter values of the model
(e.g. surface roughness or hydraulic conductivity) such that the
magnitude of the residuals is minimized. After calibration of the
model, the errors are not explicitly taken into account while
performing further calculations with the model. Errors in model
outcomes are thus ignored.

Bierkens & van Geer, 2012
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Sensitivity - Uncertainty

Deterministic - Stochastic

- Stochastic Hydrology. Stochastic hydrology not only tries to use
models for predicting hydrological variables, but also tries to quantify
the errors in model outcomes. Of course, in practice we do not know
the exact values of the errors of our model predictions; if we knew
them, we could correct our model outcomes for them and be totally
accurate. What we often do know, usually from the few
measurements that we did take, is some probability distribution of the
errors. Here it suffices to know that a probability distribution tells one
how likely it is that an error has a certain value.

Bierkens & van Geer, 2012
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Sensitivity - Uncertainty

A Traditional deterministic model

]

Fixed parameter 1

Original uncertain . /\
Choose one
parametens Fixed parameter 2 > | Model e

parameter
value

Uncertain parameter 1 J

/\ Fixed parameter 3

Uncertain parameter 2

A 8 Uncertainty quantification of the model

Uncertain parameter 3 Uncertain parameter 1 W

Use the :

let Uncertainty
cgmp € e quantification
distribution

Uncertain parameter 2
Model

)

-

Uncertain parameter 3

Tennge et al., 2018
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Sensitivity - Uncertainty

Sensitivity analysis

Sensitivity analysis procedures explore and quantify the
Impact of possible errors in input data on predicted model
outputs and system performance indices. Simple sensitivity
analysis procedures can be used to Iillustrate either
graphically or numerically the conseguences of alternative
assumptions about the future.

‘Sensitivity analysis’ aims to describe how much model
output values are affected by changes in model input
values.

Loucks & van Beek, 2017 7
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Sensitivity - Uncertainty

Uncertainty analysis

Uncertainty analyses employing probabilistic descriptions of
model inputs can be used to derive probability distributions
of model outputs and system performance indices.

Uncertainty involves the notion of randomness. If a
value of a performance indicator or performance measure,
like the phosphorus concentration or the depth of water at a
particular location, varies, and this variation over space and
time cannot be predicted with certainty, it is called a random
variable. One cannot say with certainty what the value of a
random variable will be but only the likelihood or
probability that it will be within some specified range of
values. The probabilities of observing particular ranges
of values of a random variable are described or defined
by a probability distribution.

Loucks & van Beek, 2017 ¢©
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Sensitivity - Uncertainty

P

output
uncertainty

T output variable
higher
<t sensitivity
< lower
sensitivity
—3> input parameter

input
uncertainty
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Schematic diagram
showing relationship
among

model input parameter
uncertainty and
sensitivity to

model output variable
uncertainty (Lal, 1995).

Loucks & van Beek, 2017 °



TMHMA MOAITIKQN MHXANIKQN
MnNz “AIAXEIPIZH YAPOMETEQPOAOTITKQN KATAZTPO®QN”

A

AHMOKPITEIO

Sensitivity - Uncertainty

-2
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3

9 The precision of

? model predictions is

,zr affected by the
difference between

the conditions or

=5 scenarios of interest
prediction error o
for future conditions and the conditions or
scenarios for which
the model was
calibrated.

model error
with calibration data

calibration conditions conditions for
which prediction needmﬂ/

Loucks & van Beek, 2017 10
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Sensitivity - Uncertainty
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Rather than contrasting ‘knowledge’ uncertainty versus
natural variability versus decision uncertainty, one can
classify uncertainty in another way based on specific
sources of uncertainty, such as those listed below, and
address ways of identifying and dealing with each source of
uncertainty.

1. Informational uncertainties
= imprecision in specifying the boundary and initial
conditions that impact the output variable values

= Imprecision In measuring observed output variable
values.

Loucks & van Beek, 2017 11
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Sensitivity - Uncertainty

2. Model uncertainties
= uncertain model structure and parameter values

= variability of observed input and output values over a
region smaller than the spatial scale of the model

= variability of observed model input and output values
within a time smaller than the temporal scale of the model.
(e.g., rainfall and depths and flows within a day)

= errors in linking models of different spatial and temporal
scales.

3. Numerical errors
= errors in the model solution algorithm.

Loucks & van Beek, 2017 12
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Sensitivity - Uncertainty

Monte Carlo

A random variable is a variable that can have a set of different values
generated by some probabilistic mechanism.

Due to the complexity of physical systems and mathematical
functions encountered in real-life hydrosystems design and
management problems, derivation of the exact solution for the
probabilistic characteristics of the system response is difficult, if not
Impossible.

In such cases, Monte Carlo simulation (MCS) is a viable tool to
provide numerical estimations of the stochastic features of the system
response. MCS is a numerical procedure to reproduce random
variables that preserves the specified distributional properties. In
MCS, the system response of interest is repeatedly measured under
various system parameter input sets generated from the known or
assumed probabilistic laws. MCS offers a practical approach to the
reliability analysis because the random behavior of the system

response can be probabilistically duplicated.
Vijay et al., 2017

AHMOKPITEIO

HHHHHHHHHHH

13



TMHMA MOAITIKQN MHXANIKQN
MNZ “AIAXEIPIZH YAPOMETEQPOAOI'IKQN KATAZTPO®QN”

Sensitivity - Uncertainty

Monte Carlo

Two major concerns in the practical applications of MCS in uncertainty
and reliability analyses are:

* (1) the requirement of a large amount of computations for generating
random variates, and

« (2) the presence of correlation among stochastic basic parameters.

However, as computing power increases, the concern with the
computational cost diminishes, and MCS is becoming more practical
and viable for uncertainty and unreliability analyses. As noted previously,
the accuracy of the model output statistics and probability distribution
(e.qg., probability that a specified safety level will be exceeded) obtained
from MCS is a function of the number of simulations performed. For
models or problems with a large number of stochastic basic variables
and for which low probabilities (< 0.1) are of interest, tens of thousands
of simulations may be required. Rules for determining the number of
simulations required for convergence are not available, and, thus,
replication of the MCS runs for a given number of simulations is the only
way to check convergence (Melching, 1995).

AHMOKPITEIO
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Vljay et aI., 2017 14
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Time series of model output or system
performance showing variability over
time. Range ‘@’ results from the natural
variability of input data over time. The
extended range ‘b’ results from the
variability of natural input data as well as
from imprecision in input data
measurement, parameter value
estimation, model structure and errors in
model solution algorithms. The extent of
this range will depend on the confidence
level associated with that range.

system performance indich

Loucks & van Beek, 2017 1°
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Simple Monte Carlo Sampling

The use of Monte Carlo simulation in solving general
problems involving random variables (and/or stochastic
processes) requires the generation of samples from
random variable vector X. The most straightforward way of
generating samples of a vector of random variables is by an
Inversion of their cumulative distribution function F (Xx).
Generate a random vector of components uniformly
distributed between 0 and 1;

dos Santos & Beck, 2014



TMHMA MOAITIKQN MHXANIKQN
MnNz “AIAXEIPIZH YAPOMETEQPOAOTITKQN KATAZTPO®QN”

Sensitivity - Uncertainty

y

randomly assign each of 6 intervals k
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Loucks & van Beek, 2017

Latin Hypercube Sampling

normal distribution for Py

for each input j to 6 model-runs
The Latin Hypercube Sampling (LHS) - f
was introduced by McKay et al. (1979). il
The idea of Latin Hypercube Sampling BEE =
is to divide the random variable % % z ? i distbution Tor
domain in stripes, where each stripe is N i
sampled only once. This procedure SR
guarantees a sparse but homogeneous . k:I ;_ _:_ 3{ : e

cover of the sampling space.

randomly sample from each specified interval k
to obtain values Py for use in each simulation run

v

f

A

model | randomly selected values value of k= 12 304 556

dos Santos & run k| Py for each simulationrun | output
P P P variable

Beck, 2014 fle e A Y

: Pig P3Py £

. Prp Py Py /]

. Py P Py L)

. Pig Py Py Y

- P3P Py Y

: Pig s Py Y

r
1) voE o x W

Schematic representation
of a Latin hypercube
sampling procedure for six
simulation runs.

plot histogram of output

resulting from model-runs

—3 probability

—>> discrete range of output
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time-series plots for continuous time-
dependent indicators
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probability exceedance distributions for

ontinuous indicators

probability F{Y)

exceeded

—> F(Y

—> FY)

= )

discrete events, times,

—>

or alternatives

m ap/

histograms for discrete event indicators

overlays on maps for space-dependent discrete

events

Different types of displays used to show
model output Y or system performance
indicator values F (Y ).

Plots of ranges of possible model output Y
or system indicator values F (Y ) for
different types of displays.

Loucks & van Beek, 2017 ¢
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Q Uncertainty analysis application using monte carlo
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LIDAR field survey
LIDAR data collection

1)

Legend

e LIDAR Field Survey stops
LIDAR Field Survey pattern
Aerial Orthophoto

RGB

- Red: Band_1

- Green: Band_2

- Blue: Band_3

Papaioannou, 2017a
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LIDAR point cloud processing and Processed LIDAR DEM generation

| o | | Mewepoins | | gy | | Removalof above J  DEM creaton trough
/ cl a oug gro evel poi rcgis with min elevation
(Raw ILRIS 3D point data\ ; Polyworks software. best fit analysis reference of the using QTModeler | values. Subsequent Bare Earth
\ Subsequent manual P entire points fiw AGL I L of DEM
N D P process (IC 2Bud software (AG manual removal 0
points algorithm) analysis) erroneous points

Elevation
64 -70
57 - 64

Papaioannou et al., 2013
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Post Flood Analysis

Roughness coefficient and flood
hydrograph validation
» Slope Area method

« Manning Formula
« HEC-RAS hydraulic
hydrodynamic modelling
600 l T I—-I_’_' 0
OPrecipitation
500
«Clark IUH M50
*Post flood analysis (Slope-

400 Area method) -
=5 Post flood analysis 100 @
~ [}
E (Manning formula) E
- *Post flood analysis (HECRAS =
a0 300 simulation) g
© >
e 3
& 150 3

200

200

100 A

0 250
0 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16

Time (Hours)

Papaioannou et al., 2016
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Sensitivity analysis application

Objectives

- to address the sensitivity of different modelling approaches in
combination with several types of river and riverine spatial resolution
on floodplain mapping and flood inundation modelling at ungauged
streams.

— using different DEM created by Terrestrial Laser Scanning (TLS) point

cloud data, classic land surveying and digitization of elevation contours
from 1:5000 scale topographic maps

— using various hydraulic models of different complexity

- to demonstrate the methodology for Xerias watershed, Thessaly,
Greece

Papaioannou et al., 2016 -
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Configuration processes

Modelling approach
« 1D (16 configurations)
« 2D (26 configurations)

« Coupled (1D/2D) (23
configurations)

Dem accuracy

* Processed LIDAR DEM

- Raw LIDAR DEM

- Topographical surveying DEM
-+ Digitized 1:5000 map DEM

Validation process

AHMOKPITEIO
nnnnnnnnnnn
BPAKHL

Event Event Observed
simulated Yes No Total
Yes A (Hit) B. (False alarm) A + B,
No C.(Miss)  D.(Correct rejections) C. + D,
Total Ac+ C. B. + D¢ Ac+B+C 4D,
CSI = 4

(A +B. + ()

A, = Hit - event simulated to occur,
and did occur,;

B. = False alarm - event simulated
to occur, but did not occur and:

C. = Miss - event simulated not to
occur, but did occur

Papaioannou et al., 2016
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First level of sensitivity analysis (Dem accuracy — Modelling
approach)

a) ¢)
. Instantaneous Unit
Gf\:g::zﬁl‘:’fkf;a::w »| Hydrological processing [—| Hydrograph (use of MIKE 21 Flow Model MIKE 21 Flow Model
Omax) (Grid based) (Flexible Mesh)
g : 3 g : 3
Digitized 1:5000 map MIKE Zero (Mesh Digitized 1:5000 map _ e Parameter settings Parameter settings
DEM Generation) " River Geometry Pg’ a.m"‘frt :f“‘“gﬁ" P:"‘F"e‘;'t.se““zg“" and simulations and simulations
GBI CHONS (ce anc SETTANONI\GE (element size (element size
size Im) size Sm) 1m¥/1m?) 1m%/10n?)
Topographical surveying »| MIKE Zero (Bathymetry) H—» Topographical surveying I T T T
DEM River Geometry P
S Three to four different types (river geometry) of Flood inundation area for each scenario
aw Li iver
Raw LIDAR DEM MIKE GIS —> Geometry
d)
T MIKE 11 MIKE 11
Processed LIDAR DEM HEC-GeoRAS | ,{ Processed LIDAR River / MIKE 21 Flow Model / MIKE 21 Flow Model
Geometry (Grid based) (Flexible Mesh)
b) v v v v
Parameter settings Parameter settings Parameter settings Parameter settings
HEC-RAS MIKE 11 and simulations (cell | | and simulations (cell and simulations and simulations
size 1m) size 5m) (element size Im?) (element size 10m?)
l L L 1 1 J
! v v
Pamrr;ents:'l ;(te't::;;s and sgnulaliolgrs S(;;::?rﬁi)g:gd Parameter selliqgs and Three to four different types (river geometry) of Flood inundation area for each scenario
3 cross section data in river S"::tl::‘o:fvé‘s_megr
geometry )
HEC-GeoRAS
[
v

Three to four different types (river geometry) of Flood inundation area for each scenario

Papaioannou et al., 2016 26
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Results-

First level of sensitivity

Processed Lidar

1D
MIKE11
HEC-RAS Interpolated MIKE 11 DEM
cross section
Processed Lidar 0.46 0.41 0.44
Raw LiDAR 0.31 0.27 0.28
Topographical 033 031 0.35
surveying
Digitized 1:5000 map 0.17 0.16 0.15
2D
MIKE 21 Flow MIKE 21 Flow MIKE 21 Flow MIKE 21 Flow
Model 1m cell Model 5m cell Model Flexible Model Flexible
size size mesh 1m?/1m?  mesh 1m?/10m?
Processed Lidar 0.64 0.63 0.59 0.54
Raw LiDAR - 0.45 0.46 0.47
Topographical 035 0.36 031 035
surveying
Digitized 1:5000 map 0.15 0.15 0.15 0.15
1D/2D
MIKEL1 / MIKE MIKEL1 / MIKE MIKE11 / MIKE MIKE11 / MIKE
21 Flow Model 21 Flow Model 21 FI.ow Model 21 Fl.ow Model
1m cell size 5m cell size Flexible mesh Flexible mesh
1m?/1m? 1m?/10m?
Processed Lidar 0.54 0.55 0.48 0.48
Raw LiDAR 0.41 0.42 0.34 0.35
Topographical 0.44 0.42 0.40 0.40
surveying
Digitized 1:5000 map 0.16 0.14 0.17 0.17
DEM spatial resolution - All Modelling b)

Approaches

"

———
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surveying
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s
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Papaioannou et al., 2016
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| Legend

¢l Legend
[11D HEC-RAS @8] 11D Mike 11/2D Mike 21 cell size 5m
[ Fiooded Validation Area
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[_1Mike 21 cell size 1m
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Second level of sensitivity analysis (Modelling approach-LIDAR
DEM)
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a) ¢)
Meteorological and —>) HEC-GeoRAS MIKE 21 (Grid MIKE 21 FM Lisflood 2D
; HECRAS 2D
Geomorphology based) (Flexible Mesh) XPSTORM 2D (subgrid) FLO2D
I — e ¢ l
Parameters Parameters Parameters Parameters
MIKE GIS and Parameters : Parameters 5 s Parameters 3
| MIKE HYDRO seftings (defaulty | | Setings (default) seftings (default) seflings (defaull) setlings:(defali) settings (default) settings (default)
2 3 3 and simulation g ; and simulation and simulation : , and simulation
' River and simulation = Z and simulation % o : 5 7 and simulation 3 %
Hydrological (with bridges and (with lindges and (with bridges and (with bridges in 1D (without bridges (without bridges (without bridges
3 2 v4 2 2
processing 25m2 cell size) 10m? slemant 25m2 element size) and 144m? cell and 144m? cell and 25m? cell size) and 625m? cell
MIKE Zero size) size) size) size)
(Bathymetry)
il MIKE Zero l l
— (Mesh
Instantaneous Generation) Parameters Parameters Earameles
Unit Hydrograph > : settings (default)
settings (default) settings (default) > i
i z A 7 and simulation
—»  XPSTORM and simulation and simulation (without bridges
(with bridges and (without bridges and 100m2 gell
P 25m? cell size) and 25m?2 cell size) 2
size)
Processed LIDAR LISFLOOD-FP
River Geometry ’ / ArcGIS l
(LIDAR) 1m L
_[ Flood inundation area for each hydraulic-hydrodynamic L
—>  Flo2D | modeling scenario [
. MIKE 11 MIKE 11 LISFLOOD-FP
Parameter settings HECRAS 1D/2D / MIKE 21 FM 1 MIKE 21 (Grid XPSTORM 1D/2D
XPSTORM ‘
1D (default) and (Flexible Mesh) based)
simulations
Parameter settings I l .
(default) and v Parameters settings Parameters settings .
simulations Flood P.a rametors Rardmelon Earamators Parameters settings (default) and channel (default) and channel Rammetors setings
tarting DEM data ) . settings (default) settings (default) settings (default) : : ; G ; ; ! ; (default) and
(s g inundation d simulati . A : ¢ (default) and simulation simulation using simulation using % . :
MIKE 11 in river geometry) and simulation qnd sxlmulahon alnd S|_mulat|on (with bridges and 25m? DRSS Kinoriatia was ) simulation (with
area for each (with bridges and (with bridges and (with bridges and cell size) MHSIY i approximation (without bridges and 100m? cell
hydraulic- 25m2 cell size) 10m? element size) 25m? element size) approximation (W‘; out b?i does and 25m2 cell size)
Parameter settings hydrodynamic bridges and 25m? cell g !
(default) and odeling size) size)
) simulations scenario
(interpolated cross
section data in -
river geometry )
HECRAS Parameter settings l
1D > (default) and Flood inundation area for each hydraulic-hydrodynamic
simulations modeling scenario

Papaioannou, 2017a
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Results- Second level of sensitivity

1D
Hydraulic MIKE11
v XPSTORM 1D (Interpolated MIKE11 (DEM) HEC-RAS 1D
model
DEM)
(o] 0.49 0.54 0.57 0.53
2D
Hydraulic XPSTOR'\Q 2D XPSTOR'\? 2D MIKE21 HD (25m? MIKE 21 HD FM MIKE 21 ZI[
model (144m? - (144m?- - bridges) (25m? - bridges) FM (10m?.
bridges) without bridges) g g bridges)
(&)] 0.58 0.53 0.60 0.60 0.56
LISFLOOD-FP
2D subgrid FLO2D
HEC-RAS 2D
Hydraulic (25m? - (fOOmSZ i HEC-RAS 2D (25m?  HEC-RAS 2D (25m? (625m? -
model without without bridges) - without bridges) - bridges) without
bridges) g bridges)
Quasi-2D
Cs| 0.70 0.70 0.68 0.60 0.56
1D/2D
Hydraulic XF;SDT/OZEM MIKE11/MIKE21 ~ MIKEIL/MIKE21  MIKE11/MIKE21 Hfg}ggs
2 2 2
model (100m?) HD (25m?) HD FM (25m?) HD FM (10m?) (25m?)
CSI 0.51 0.64 0.66 0.63 0.64
LISFLOOD-FP LISFLOOD-FP
(Diffusive . .
wave- (Kinematic
Hydraulic wave-channel /
channel/ )
model without without
) 5
bridges/ 25m? bn?liis(: ZIaSir:) n
in floodplain) P
Cs| 0.63 0.54

Critical Success Index

0.71
0.70
0.69
0.68
0.67
0.66
0.65
0.64
0.63
0.62
0.61
0.60
0.59
0.58
0.57
0.56
0.55
0.54
0.53
0.52
0.51
0.50
0.49
0.48

Modelling Approach - All geometry configurations

- B

:\I
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1D 2D
Modelling Approach

1D/2D

Papaioannou, 2017a

30



TMHMA NOAITIKQN MHXANIKQN

MMz “AIAXEIPIZH YAPOMETEQPOAOIKQN KATAZTPO®QN”

Legend

()20 LISFLOOD-FP (25m’)
4| (] Ficoded Validation Area

[JRiver Banks

.'
AHMOKPITEIO

NANENIZTHMIO
BPAKHI

Papaioannou, 2017a 3t




TMHMA NOAITIKQN MHXANIKQN
MMz “AIAXEIPIZH YAPOMETEQPOAOIKQN KATAZTPO®QN”

Results-

Second level of sensitivity

iD
MIKE11
Hydraulic model XPSTORM 1D (Interpolated MIKE11 (DEM) HEC-RAS 1D
DEM)
sim time (min) 0.42 1.60 1.60 2.00
2D
XPSTORM 2D XPSTOR“Q 2D ,  MIKE21HD MIKE 21
Hydraulic model (144m? - (1fl4m X MIKE2L .HD (25m FM (25m?- HD F':/I
bridges) WI.thOUt - bridges) bridges) (1F)m )
bridges) bridges)
sim time (min) 2.50 2.52 340.00 533.00 1380.00
LISFLOOD-FP
2D subgrid HEC-RAS 2D FLO2D
wydraulicmodel (25 (100m?-  HEC-RAS 2D (25m? HE(CZER:;(‘_ZD (625m? -
without without - without bridges) bridges) without
bridges) bridges) bridges)
Quasi-2D
sim time (min) 5.18 10.40 39.37 152.00 2085.00
1D/2D
. XPSTORM  \\vet1/mikE21  MIKELL/MIKE22HD  VIKELY/ — HECRAS
Hydraulic model 1D/2D HD (25m?) M (25m2) MIKE 21 HD 1D/2D
(100m?) FM (10m?) (25m?)
sim time (min) 2.54 30.00 116.00 1017.00 82.47
LISFLOOD-FP
(Diffusive LISFLOOD-FP
wave- (Kinematic
. channel/ wave-channel /
Hydraulic model without without
bridges/ bridges/ 25m?
25m?in in floodplain)
floodplain)
sim time (min) 3.90 2.90

Papaioannou, 2017a

a) Modelling Approach 2D (mesh resolution

o w 5
8 8 8

Simulation time (min)

g

b)

Simulation time (min)
g g g

g

25m?)

20

Modelling Approach

Modelling Approach 1D/2D (mesh
resolution 25m?)

10/20

Modelling Approach

foR R

o
-

Simulation time (min)
E B B B B K & &

w
-]

Simulation time (min)
& 3 -

5
s

Modelling Approach 1D

10
Modelling Approach

Modelling Approach 2D

MIN:2.5
MAX:2085

Fli]
Modelling Approach

Modelling Approach 1D/2D

MIN:2.54
MAX:1017

1D/20

Modelling Approach
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Concluding Remarks

- HEC-RAS 1D is proposed for calibration and uncertainty analysis
investigation.

— inline structures

— simulation time

— accuracy of the results

— data pre and post processing

— availability of the model (free, commercial use)

— encoding of the model (open source, closed code)

Papaioannou, 2017a 33
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Wolman Pebble Count

Sand Gravel | cobble | Boulder Bedrock
20 ) T 1 |

Legend o cinud iy Al o \
— Pebble count pattern | I . ; 18
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Wolman Pebble Count

Roughness (n)

A/A Equation Coefficient Value Source
1 Gwinn and Re
1 n= 0.035
(2.1 4 2.3x + 6In(10.8vR)) 1980
1/6
— 0.1129RY Marcus et al.
2 T ite+ (R/b,,) 0.043 1992
. og /D84
_ Loukas and Qu
3 n = 0.0326 + 1.3041Sy 0.052 1996
Romero et al
_ 0.38—0.16
4 n = 032253 R 0.074 2010
1.762S01581\1 (D367 Romero et al
=0.183 +In| ——— .
5 n [ + n( 06T 8 0.074 2010
6 n=(ng+nq;+n,+n;+n,)m 0.103 Jarret, 1985
7 n=(ny +n; +ny; +n3+n,)m 0.074 Jarret, 1985
8 n = 0.121(Sy)%38(R)008 0.061 Chang, 2012
Base scenario estimated using guidelines of Chow (1959) 0.106
9 Extreme case scenario using guidelines of Chow (1959) 0.12 Chow, 1959
10 n = 0.104(Sy)"177 0.049 Chang, 2012
1/6 .
1 _ Dy 0.056 Ho and Huan;
15.29 1992
1/6 .
12 _ Dy 0.054 Ho and Huan;
6 1992
13 n = 0.0593D% 7% 0.038 Javan et al., 1¢
14 n = 0.0561D%"° 0.039 Javan et al., 1¢
15 n = 0.0495D33° 0.043 Javanetal., 1¢
_ 1/6 McKay and
16 n = 0.0431Dqy 0.037 Fischenich, 20
_ 1/6 McKay and
7 n = 0.0439Dq, 0.038 Fischenich, 20
1.74628%1581\] (Dg,) /6 Ugarte and
=10.1 1 - .
18 " [O 83+ “( Fro2631 NG 0072 Madrid-Aris, 1¢
0.0211
00785 (R
19 “lo1s3+1 130148 (D84) (Dgy)V/® 0.076 Ugarte and
n=(0183 4 Fro1705 /g : Madrid-Aris, 1¢
0.026
[ 00932 (R 1
20 o219 +1 13259 (Dso) [ (Dso)*/ 0.075 Ugarte and
n= [ 219 +In Fr0.2054 J N : Madrid-Aris, 1¢
21 Optimum value according to calibration process 0.09

n = Manning’s n roughness coefficient (m3/s), x = retardance class, v= velocity (m/s), R = hydraulic radius (m), Di =
characteristic size of bed material which is larger than i% of particles (m), Sw = water surface slope (m/m), S¢ = energy sl
(m/m), Fr = Froude number, g = acceleration due to gravity (m/s?).

Predefined ds,
diameters  (mm)

di6 38.86
dss 62.41
dso 84.83
dss 188.39
dsa 285.81
doo 400.13
dos 618.88

Assumptions

Energy gradient =
River bed gradient
Optimum
roughness value
Median of the total
estimated hydraulic
parameters

Papaioannou et al., 2017b
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Uncertainty analysis application using monte carlo "

Objectives

- to develop a Monte Carlo framework (for ungauged streams) for
uncertainty analysis of floodplain mapping due to roughness
coefficient.

- Steps
— to evaluate the ability of using a one dimensional hydraulic-hydrodynamic

model and GIS to produce probability maps of flood plain areas for
ungauged catchments and flash flood events

— to use typical processes to determine the size distribution of river bed
material, empirical formulas, several probability distributions and the Latin
Hypercube Sampling algorithm to generate different sets of Manning
roughness coefficients.

— to demonstrate the methodology for the ungauged Xerias River, Volos,
Greece.

Papaioannou, 2017a/ Papaioannou et al.,2017b, 2017c 37
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Methodology
ot the generaton or Pebble Count
Clark IUH LIDAR DEM . g _
different sets of Manning
roughness coefficients. ¢
Estimation of
v doo, ds4, d75,
d50, d6s,
iy HEC-RAS Monte  |_ Realizations ¥
code development < -
. Carlo Framework definition
(in excel) Manning's
Empirical
formulas
A
Flood extent derived ¢
Investigation of the from historical flood B
validation process » Validation Process |« records for a specific ~ Probability
criteria extreme flash flood distribution fitting
event process
I I
if pass the results not evaluation and
validation ——NO—| saved or selection of the
process exported best fitted
[ — distributions
YES according to
several GOF
results exported and saved clillesa
v
Development of . .
Binary wet-dry reasoning
GIS models . Al
_| GIS analysis (results for the estimation of flood
Hroughimodel "l post processing) || inundation probability of
builder for the post post p 9 p y
’ each cell
processing step
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Flood inundation probability maps
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Distribution fitting
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Goodness of fit statistics

Goodness of fit criteria

Distributions

Normal 0.1307 0.1008 0.6818 97.5191 -95.337
Lognormal 0.1458 0.0793 0.5153 101.437 -99.2552
Exponential 0.4239 0.8333 4.1749 74.8262 -73.7352
Gamma 0.131 0.08 0.5303 100.762 -98.5796
Beta 0.1304 0.0801 0.5327 100.673 -98.4905
Uniform 0.3358 0.7077 inf NA NA
Logistic 0.1292 0.0867 0.625 96.6285 -94.4465
Cauchy 0.2002 0.137 0.9604 87.7592 -85.5771
Weibull 0.1296 0.0848 0.5794 98.6621 -96.48

02

00

CDF

08

04

Empirical and theoretical CDF's

T T
004 006 008 010

Manning’s n roughness coefficient values

Normal
Lognormal
Exponential
Gamma
Beta
Unsform
Logistic
Cauchy
Webut

Density
10

1

Histogram and theoretical densities

Normal
Lognormal
Exponential
Gamma
Beta
Undorm
Logistic
Cauchy
Wesbul

f T T
004 006 008 010

Manning’s n roughness coefficient values
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Validation process

a) 0.60

0.55
0.50
0.45

@ 040
035
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0.20
000 001 002 003 004 005 006 007 008 009 010 011 012 013 014 015

Manning's Roughness Coefficient
b) «

35
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=
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GIS Analysis o

Modell for HEC-RAS results transformation to flood extent polygons and
raster water depth files’.x
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Flood Inundation Probability Maps

« For the creation of the flood inundation probability maps a binary wet-
dry reasoning selected in order to estimate the flood inundation
probability of each cell.

« Moreover, all the probability maps that created by the selected
realization set are summed to create the total one.

* The probability maps created by dividing the total with the number of
ensemble members.

« Finally for computational purposes the probability maps were
classified in 10 probability classes : 0-10%, 10-20%, 20-30%, 30-
40%, 40-50%, 50-60%, 60-70%, 70-80%, 80-90%, 90-100%.

Papaioannou et al., 2017¢c 43
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Stability and Sensitivity of the Method

Different realizations set applied : 100, 200, 500, 1000, 2000, 5000.
Lognormal distribution was used for all the realizations numbers.

Gamma, Weibull and Uniform distributions were also examined for
1000 realizations.

Two different validation threshold setups were examined : 22%, 18%.

Five supplementary river geometry conditions examined with distance
between the cross sectionsof : 2m, 4 m, 8 m, 16 m, 32 m.

Stability of the component has been examined using the optimum
configuration. Five different runs have been employed and the
results are compared.

Papaioannou et al., 2017¢c “
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Results
Number of 6
acceptable 100 200 500 1000 2000 5000
realizations 5 *4.94
100 0 £y
]
200 5.31 c 3 :
S “2.66
500 5.15 £ 2
= +.1.49
1000 471 1 T
.0:63 .......................................... u
2000 4.57 0 0.59
5000 494 2.66 149 063 059 0 0 200 400 600 800 1000 1200 1400 1600 1800 2000

Realizations number

Realizations inspection: flood inundation probabilities classes

Flood inundation probabilities

classes (%) \Number of 100 200 500 1000 2000 5000
acceptable Realizations

100-90 78.72 79.34 78.82 78.87 78.83 78.83

90-80 0.70 0.96 1.06 0.98 1.02 0.93

80-70 0.95 0.97 0.90 0.84 0.83 0.96

70-60 0.81 1.36 1.14 1.23 1.19 1.28

60-50 1.43 1.63 1.49 1.38 1.32 1.29

50-40 1.72 1.29 1.72 1.65 1.73 1.65

40-30 3.16 2.78 3.04 2.72 2.89 2.86

30-20 3.58 2.78 2.45 2.72 2.78 2.65

20-10 5.33 5.74 5.20 5.06 4.84 4.96

10-0 3.61 3.16 4.18 4.56 4.57 4.58

Papaioannou et al., 2017¢c ”
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Results

Legend
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Results

Theoretical Probability
Distributions Lhorm Gamma Weibull Uniform
differences (%)

Lhorm 0

Gamma 1.53 0

Weibull 4.48 3.23 0

Uniform 19.22 19.31 18.92 0

Distributions inspection: flood inundation probabilities classes

distribution in percent (%)

Flood inundation probabilities
classes (%) \ Theoretical Lognormal Gamma Weibull Uniform
Probability Distributions

100-90 78.87 78.85 79.16 79.61
90-80 0.98 0.94 1.08 1.85
80-70 0.84 1.01 1.09 2.14
70-60 1.23 1.27 1.46 2.28
60-50 1.38 1.30 1.41 2.84
50-40 1.65 1.73 1.66 2.19
40-30 2.72 3.18 2.72 3.78
30-20 2.72 242 245 2.29
20-10 5.06 4.69 4.96 1.35

10-0 4.56 4.61 4.01 1.68

Papaioannou et al., 2017¢c
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Results

Legend N Legend N

Lognormal inundation pattern (1000 realizations) W %, E Uniform inundation pattern (1000 realizations) W % E

Probability (%) Probability (%)

o0 S B o1-10 I

B 0-20 B 0-2

[ 20-3 [ 20-%

%« w0

[ l40-%0 [ l4-%

B s0-e0 B -

B - B -7

B 70- % B 7o-%

| B -

B <o - 100 B - 10

a b)
50 325 0 650 Metersp50 325 0 650 Mete
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MJAPE threshold
level differences (%)

18 0
20 11.73 0

22 15.06 10.69 0

18 20 22

Flood inundation probabilities classes (%) of all threshold value of
MdAPE statistical criterion

Flood inundation probabilities MdAPE MdAPE MdAPE

classes (%) \ MdAPE threshold level 18% 20% 22%
100-90 85.02 78.87 75.13

90-80 0.81 0.98 0.88

80-70 0.86 0.84 1.01

70-60 1.02 1.23 1.35

60-50 1.32 1.38 1.44

50-40 1.89 1.65 1.64

40-30 1.39 2.72 2.53

30-20 1.74 2.72 3.82

20-10 3.74 5.06 6.02

10-0 2.20 4.56 6.18

Papaioannou et al., 2017¢c 49
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Legend N Legend N Legend N
18% inundation pattern (1000 realizations) W %E 20% inundation pattern (1000 realizations) W %E 22% inundation pattern (1000 realizations) W %E
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Results

,_.
=

" 13.29

= e
o N

8.43 ................

,3.69..»"“'""
2.07 *3.20

Difference (%)

o N B O

0
0 2 4 6 8 101214 16 18 20 22 24 26 28 30 32 34
Cross Sections Distance (m)

Flood inundation probabillities classes (%) of all cross section distance
Intervals.

Flood inundation probabilities classes (%)

] ) ] Im 2m dm 8m 16m 32m
\ Cross Sections Distance interval

100-90 78.87 79.08 80.31 79.02 80.04 80.77
90-80 098 1.02 096 097 095 0.84
80-70 084 092 082 087 112 1.08
70-60 1.23 118 121 126 106 1.08
60-50 1.38 138 125 121 146 140
50-40 165 156 151 158 183 201
40-30 272 275 237 287 299 2.69
30-20 272 277 295 259 264 430
20-10 506 497 493 527 456 2.53
10-0 456 439 370 435 335 331

Papaioannou et al., 2017¢c o
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Legend N Tvgend N
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Legend
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A floodplain mapping uncertainty framework for ungauged streams -
Complex riverine topography + Cobble and gravel bed materials.

Limited data and information (only flood extent data).
Optimum configuration of the Uncertainty analysis component :
— lognormal distribution,
— 1000 realizations,
— 1 m spacing of the cross sections (up to 16 m),
— the choice of the statistical criterion (MdAPE) and
— the setup of threshold to 20%.
Validation - Historical flood event.

Ungauged streams — Probabilistic Flood Maps (PFMs)

Papaioannou et al., 2017¢c >
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