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ABSTRACT
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Many processes in water resources engineeringliapgsed to uncertainty due to

the inherent variation of many inputs and parameters in time and plasestudy

mainly consists of twparts. In the first part, probabilistic variations of bed lads

are examinedising MeyefPeterM ¢, | bnel EinsteirBrown approaches under the
effect of different bed sfzes, bednaterials,and flow rates itheMi | i - . TRea s i n
resultsof the first paroffer an insight into therobabilistic nature of bed resistance

With this awareness, the ages inthe water surface profile are analyzed the
second part of the studhe Monte Carlo simulatiomethod is utilized to carry out

the uncertainty analysaf bed loadateand water surface profile computatsoiihe
recommende@robability Density Function armbefficient of variatiorfor hydraulic
variables reported ithe literature are designated for the milestone of the simulation.
To appraise t outcomes, the Cl8quareand KolmogorovSmirnov testsare
applied as part of théoodness of Fitest. Conequently,mainly Betaand Gamma
distributions are observed for thed loadtransport raten the study areaAs the
expanse of the second part, Mannar@mgds r o



investigated by integrating Monte Carlo simulation with the HEAS model for
Tak | é&d e Coaseduentyghlen uncertainty analysis is conducted for flow rate
and Manningos r o u g h mairdys Gamnwaeahd Legormaln t
distributions are obseed for the bed load transport rate

Keywords: Uncertainty, Bed load rate, Monte Carlo simulation, flow depth,
Manningbés roughness coefficient
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CHAPTER 1

INTRODUCTION

1.1 General

Hydrology, which is the study oEa r t waigrsis a furdamental phenomen for
the environment and human beinlgsleals withthegeneration oflesigy parameters
for hydraulic structuresmanagement of water resourcesdiment transpation
resevoir routing, flood contrglforecasting of hydrological events and time series
and modelng various processe@ajarmizaeh et al., 2012; Wilson, 1990)Vhile
dealing with all these main subjects, hydrology is subject to uncertbiydiyology
can only besufficientfor mathematical representatidae to a lack of knowledge
such as the essdat dynamics of wateprocessesand the geometry afystems
(Montanari et al., 20097t the point of representation, the deterministic appragch
used for formulating the variables in nature with an accurate method. In the
deterministic approach, the same set dpuots is obtained by using the inputsain
time-invariant mannerDespite this approadbeingthe most effective and easiest
way to analyze the system, hydrgical systems are exposed tostable cases,
which always occur in natur@/erhoeven et al., 20037t this point, it becomes
difficult or not realisticto formulatethe deterministic pproachestherefore the
stochastic approach is reqed. The stochastic approach expldims randomness
and distributions of variables instead of providing unique values and théllslank
points in the systerfRenard et al., 2013pinceall hydrologicvariades from nature
are stochastidyydrologicalmodels are disposed to uncertaifiigskra and Droste,
2008) For example, when reservogdimentation is analyzed for manydrological
studies, theyhave uncertainties anmgy from parameterssuch as the ratef

streanflow, the quantity of sediment inflow into a reservoir, sediment particle size



distribution and reservoir siz€Salas and Shin, 1999pther examples, such as
designing damandstorm drainage systerandassessing the water supdygilities

are disposed to uncertainty becausetwracteristics of flow simulation models
supplies and operating process@géen, 2010) In order to present a study that is
close to being certain, analyzing and modelimgcpsses should be conducted
regardinguncertainty analysis of hydraulic variahlesich as hydrdic parameters
(flow rate, healbss, etc.), inputs (meteorological time series, river geometry, etc.),
or factors (design flood frequency, etdskra and Droste, 2008Forrespondigly,
dealing with uncertainties anessentialstep forhydrology and water resources.
Working with precisehydraulic variabless beneficial for engineers in decision
making, sediment transportation analysiata processing;osteffective designs,
and more accurataputs and outputs for prediction and simulation mo¢kienson,
1996; Yen, 2010)Hence it is stated that a wide range of engineering perspectives

and interpretations is presedtby intralucing a stochastic approach.

1.2  Assessment of Uncertainty

In planning and desigsteps carried out in water resoure@gineeringsystems are
exposed to uncertainty for many reasons. Hydrologic or hydraulic uncertainties in
these systems can bévgn as leadingexamples. Hydrologic uncertainty can be
classified as natural, model, and parameter uncertainties. Natural uncertainty occurs
due to nature which is unmanageable and variable. Model uncertainty appears
because of the estimations made in d¢lg@ations integrated into the model, and
correctionfactors can be used to lintihese uncertainties. Parameter uncertainty
arises due to the randomness of the coefficients used in the mathematical statements.
The uncertaintyarising from the structurenodel,and flow descriptions hydraulic
uncertainty. An evaluation of the geakuncertainty of the phenomenisrequired

to evaluate the system propeflyanmaz, 2022a)



1.3 Literature Review

Generally, uncertainty defines a situation that includes defective or unknown
information (Corotis, 2015) Before investigating the uncertainty analyses and
methods,the factors and sources causing uncertainty should be knolag.
uncertainty of hydraulic analyses and modeling could be affected by the following
reasongChang et al., 1993; Montanari et al., 2009)

1. The nherent wariability of natural phenomena
2. The structural error of the model (difficulty in reflecting the same behavior
in nature).
3. Uncertainty of parameter due to quantification problems.
4. Uncertainty ofdata due to measurement eraodheterogeneity of samples.
5. Uncertaintiesarisng from the possibility of operator and human error during
the model and analysis phase
In hydrology andvater resources, many studies have been carried out to clarify the
uncertaintysubjectssuch as monitoring the variabldgt impact uncertainty most
andidentifying the most efficient, costly beneficial, and easily applicable methods

to eliminate uncedinties.

Hieu et al (2015) applied three different methods to investigate uncertainty
guantificationthrough the bed level of the rivesr TELEMAC/2D simulation to a

10 kmlong reach oRiver Rhine. The Monte Carlo simulatiolRirst Order Second
Moment method, and algorithmic differentiation methods were selectedniafyde
the most applicable approaahd to determinehe effect of uncertainty analgsin
river engineeringMa n ni n g 6 s coeffciangahdnthevarmusgrainsizeswere
selected as uncertain paramet#ris concluded that three methods are successful
conduct uncertainty analysiand the mostsensitive parameterfor analysis is
Manni ngds r ou gfornhesmnsin chaneefCobnsequerdly) the study
presenéd the advantages and opportunities of uncertainty analysisufoerical

calculationgn river engineering.



Iskra and Drosté2008 performed a study based parameter uncertainty by using
three different methods in the watershed elod’he 18 different hydrologic
parameters were analyzég Methods of MomentsVionte Carlo simulationand
Response Surfacéccording to the study, th&lonte Carlo simulation method
provided the best improvement in uncertainty analysis and provided more useful

outputs than other methods.

A study was performed bZhang et al(1993) by using the Latin hypercubic
sampling techniquandthe linear regression proceduoddentifythesensiivity and
uncertaintyof the sediment transport moddlhe ®diment transport model was
selected to implement uncertainty analyhige to the randomness of sediment input
data in natureHEC2-SR (US Army Corps of Engineers, 199@)as preferred to
obtainand review the analysis resultid.a n ni n g 6 s coefficierg fonlefts s
right, andmainchannes), contraction and gpansion coefficients, porosity, agdhin
sizes were selected as inplihe study was conductdry assuming that the only
feature affecting the uncertainty is the input parameférs.Uniform distribution

was assignedas the Probability Density Function PDF) for all inputs After
conducting the analyses, it waecorded that the major input parameter that caused
uncertainty was the main channel Manning's roughness coefficient. As a
consequence of the study, conducting uncertainty asatgsinput parameters
improved the precision of model resulfsccording to the auther the stochastic
input values wereenhanced with uncertainty and sensitivity analysis, leading
engineers to study more efficient and reliable models. Lastly, the awghggested
that different types of nenormal distributions should be considered to show the

model's response.

AltarejosGa r ¢ 2 g20R)carri?zd out a study to be an option Monte Carb
simulatonoy appl yi ng R estimatcbMethaREMYna stfeanthat t
is part of the TuriaRiver in Spain.The velocity and flow depth eve selected to

visualizethe uncertainty effect omundationrisk assessmenia flow modeling In



the wcertainty analysidMa n ni n g 6 s coeffciengs li{nmam shannel and both
over bank¥ were considered as the origin of uncertainty to obt&i@ mean and
standard deviation for the flow depth and velocity. RMdae nni ngds r ought
coefficient, three types of didution were assigned which are Unifqrisormal
andTriangular Analyzes were performed for three diffetéow rates, 200, 300 and
5000 7O TheUniform Flow model, 1D HEERAS model, an@-D ShallowWater
Equations modewere used to monitor the resulto Tompare the productivity of

the PEM and Monte Carlo methods, both of them were implementad Bianodel.

As a result, théog-normaldistribution isfound to besuitable to estimatenly flow

depth according to theEM method. Since the output variables were parallel with
theMonte Carlo simulatiojthe 1D HEGRAS model study was successful witie

PEM method.t was stated that the method lost accuracy as the complexity and
number of iterations rise whifgerforming unceainty studies on 2D modelsastly,

it was noted that the Monte Carlo method is proposed as an effective tool in

uncertainty analysis.

The uncertainty ofinnual sediment deposition and sediment accumulation over a
long period in the reseoir was studied b$alas and ShiL999)in Kenny Reservoir

in Colorado. Since the prediction of reservoir sedimentatiepedds on some
variables such as sediment load, is subject to uncertaintyin this study, the
uncertainty of the main factors which are flow rate, sediment load, the grain size of
sediment, and tpa efficiency was investigatedThe analysis of the reservoir
sedimentation study to evaluate the uncertainty was done with Latin hypercube
sampling andMonte Carlo simulationrmethods. The results demonstrated that the
most critical uncertainty resources for resaér sedimentation arenaualflow rate

and sediment inflow.

Bozzi et al (2019 conducted research based on roughnes§icient and lbw rate
uncertainty through 4D model and tsualized the effects with flowdepth.The

steadyflow wasused for this study for the rectangutaonsssectionfor two rivers in



Italy and Francen the first step, by using the derivditribution method, PDFs of

the flowdepths were examined. In the second step\iibrete Carlo simulationvas

used to obtain output PDH$.was stated that thepefficient of variationfCOV) of
output (flow depth) was lower than the COVs of inputs (rowegis coefficient and

flow rate). Moreover, despite the assigned symmetrical distributions for input
parameters, the output provided asymroatridistributions. For the flow depth
PDFs, the lefskewed PDFs and the rigbkewed flowdepth PDFs were observed
from theflow rate and roughness coefficienéspectivelyAs a resulof this study,
uncertainty analysis on the input roughness coefficient and flow rate should not be

ignored when implementing flodepth analysis from a model.

The model and paramet&udy for the sediment transportation model was performed
by Beckers et al(2018) To conductuncertainty analyses, the fistder £cond
moment method was selected because of computationaFeaseodel uncertaigt

the Sieldd parameter and Meyd? e t e ller fadigr caused higher uncertainty in

the sediment transportation model. For parameter uncertainty, river channel
roughness rad grain roughness were more uncertegfative to the others.in
addition, it was stated in the study that although the-dirdér seconanoment
method used was successful, if the input and output values are not linear, different
methods, such as Monteaflo simulation, should be adopted.

As observed in many studies, the most fundamental step based on reliability and
uncertainty analysis is selecting the most suitable COV andf®CtRe governing
variables If these two variables are not selected appropriatefgay lead to errors

in the analysis result€Johnson, 1996)In the uncertainty studies conducted in
hydrology and water resourceSQV and PDF selections were ade in different
valuesand distributiongCesare, 1991; Johnson, 1999, 1996, 1995, 1992; Kentel and
Yanmaz, 2008; Liao et al., 2015; Mays and Tung, 2002; Tung and Member, 1990;
Wang, 2004; Yanmaz, 2003; Yeh et al., 1993)erefore, the variables used in the

uncertainty analyses reported in the literature are reviewed to identilydpesed



COVsand PDEn this study. The summary informati@presented in Table1],

and the selection of the relevasatriablesin this fudyis based on this table.

Tablel.1 The summary table for proposed COV and PDF for hydraulic variables

PROPOSED | PROPOSED
VARIABLE PDE Cov REFERENCES
Geometic mean size Uniform
of bed material$ distribution 0.05 (Yanmaz, 2003)
. Symmetrical
Fa”ﬁ‘:::gﬁg;’ fbed Triangular 0.2 (Yanmaz, 2003)
' distribution
Symmetrical
Flow Depth Triangular 0.2 (Johnson, 1999)
distribution
Normal .
Flow Depth distribution 0.23 (Liao et al., 2015)
. Triangular
Flow Velocity distribution 0.008 (Johnson, 1996)
. Uniform
Flow Velocity distribution 0.012 (Johnson, 1996)
Symmetrical
Flow Velocity Triangular 0.2 (Johnson, 1999)
distribution
Flow Velocity NA 0.329 (Johrson, 1992)
Flow Velocity NA 0.51 (Johnson, 1995)
Sediment particle Uniform
size, D distribution 0.02 (vehetal., 1993)
Sediment particle Uniform
size, D distribution 0.05 (Johnson, 1996)
Friction slope .U“!fo”?“ 0.17 (Yeh et al., 1993)
distribution ' "
Sediment specific Uniform
weight,r distribution 0.12 (vehetal., 1993)
. Normal
Drainage Area, A distribution 0.1 (Kentel and Yanmaz, 2008)

NA*: Not Available




Tablel.1 (continued)

PROPOSED| PROPOSED
VARIABLE PDE Cov REFERENCES
. N Normal
Initial water level,E distribution 0.4 (Kentel and Yanmaz, 2008)
Runoff coefficient, C _No_rma_d 0.3 (Kentel and Yanmaz, 2008)
distribution
. . Lo Normal
Rainfallintensity, i distribution 0.1 (Kentel and Yanmaz, 2008)
. Normal
Manning roughness, distribution 0.1,0.15 (Cesare, 1991)
. Uniform
Manning roughness, distribution 0.28,0.18 (Johnson, 1996)
. Normal
Manning roughness, distribution 0.2,0.053 (Mays and Tung, 2002)
. Triangular
Manning roughness, distribution 0.08 (Yeh et al., 1993)
. Log-normal
Manning roughness, distribution 0.20-0.35 (Yeh et al., 1993)
Triangular&
Manning roughness, Gamma 0.10, 0.055 (Tung and Member, 1990)
distribution
. Log-normal
Discharge rate distribution 0.21-0.25 (Wang, 2004)
Normal
Channel slope distribution 0.3, 0.068 (Mays and Tung, 2002)
Triangular
Channel slope distribution 0.12, 0164 (Tung and Member, 1990)
Log-normal
Channel slope distribution 0.25 (Johnson, 1996)
Symmetrical
Depth of tailwater Triangular 0.2 (Yanmaz, 2003)
distribution
Symmetrical
Jet flow velocity Triangular 0.2 (Yanmaz, 2003)
distribution

NA*: Not Available




1.4  The Aim and Scope of the Study

The goal of this thesiss to implement uncertainty analysis based on hydraulic
parameters and input variablagshecomputation of bed load rates and water surface
profiles. Besides theeterministic approach, the stochastic apginaa applied along
with the Monte Carlo simulatiofbased on the assign®dDFs andCOVs After the

simulations, the results are investigated based oGdloeiness of FEGOF)tests.

The study is carried out in two parts. In the first psegliment bedoad transport

rateandMa n ni n g 6 s coeffwiengvarialdes are used as sources of uncertainty
intheMi | i -wBakin t he bor de&ngeManhingtsaghreasmb a P |
coefficient is influenced byherate of bed load transportation in viei material
accumulatig and scouringthe investigation ofthe stochastic nature of bed load

transportatiorgives valuable insighhto therandomness of bed resistance.

With this awarenessnithe second pala n ni n g 0 s coefftcieng dnah flow s
rate are selected to implement the uncertainty analysis through thdRABQUS
Army Corps of Engineers, 2016)n T a ICteakih &izee The flow depth is
received as an output pamater to interpret the resuliBhe data obtained at the end
of the study are investigated based onRBés andCOVs The general flowchart of

thecondictedstudy can be seen in Figure 1.1.



Part 1 Part 2

Implementing uncertainty Implementing uncertainty analysis
analysis through bed load rates through water surface profiles
Uncertainty analysis output Uncertainty analysis output
o Bed Load Rate o Flow Depth

Manning’s roughness coefficient

Uncertainty analysis input

o Manning’s roughness coefficient
o Flow Rate

Uncertainty analysis input
Harmonic slope
Hydraulic depth
Sediment grain sizes (D5, and Dgg)
Chezy coefficient }

|

Implementing Monte Carlo
Simulation

O O O O

Probability
Density
Functions

Coefficient of
Variations

!

Implementing Goodness of Fit
Tests

Evaluation of results based on stochastic and
deterministic approaches

Figurel.1 General flowchart othe study

Chapter 1gives general information and a brief literature review together with the
aim of the thesisThe definitions and mathematical representations of the methods,
software, and variables are explained briefly in Chapter 2. Chapter 3 includes the
analysis results antheir discussions. Finally, a brief summary aodclusios are

presented in Chaptdr
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CHAPTER 2

METHODOLOGY

2.1 Introd uction

Problems related to hydrology and water resources are of inherent haiuthis
reason, theystens arealways subject toandomness anghcertainty. In this study,
the probabilistic performance assessments based on uncertainty aim@iylses! in
bed load transport rate and water surface profile computatrerimplemented with
theMonte Carlo simulatioto understand the uncertainty plbenenaThe GORess
areconducted to determine the best fittingshe governing variablehis study is
conductedn two separate partgith different hydraulic variablesVhile in the first
partan uncertaintytsidy is carried out for beldadrate omputatormand Manni ngd s
roughness coefficientn the second part anothancertanty study is carried out
through the HEERAS (US Army Corps of Engineers, 2018y studying the=ffect

of therandomness dfla n n i n g Gess coefficiegt Ana water surface elevation

2.2 Monte Carlo Simulation Method

When working with mathematical models, input parameters rely on several outer
factors and these factors are liable to some risks and uncertain situations. Generally,
modeling is conducted using the deterministic approach and this is named the base
case. Inthis case, the deterministic approach does not review all situations that
contain risks. As aesult, the evaluatiors subject to providing uncertain outputs
(Renard et al., 2013)Consequently, the stochastic approach is invobmedithe

effect of sampling of variables throughout uncertainty analyses is investigated.
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The Monte Carlo simulatioms selected to apply uncertainty analysis in this study
TheMonte Carlo simulatiors a kind of statistical method which uses a set of random
samples and defined probability distributions to understand the uncertainty
underlying each variable that is paf a physical procedur@aychaudhuri, 2008;
Singh, 2010)

The following steps describe the process of Mente Carlo simulatiormethod
(Dantan and QureshiPR9; Raychaudhuri, 2008)

1. The parameters to which tionte Carlo simulatiorwill be implemented
are determined.

2. The statistical features are defined. The applic&ild- and COV are
assignedo each parameter.

3. To generate the random samples the nvedume of each input parameter is
introduced to the system.

4. The simulation is run via preferred software. Bgimulatingas many times
as required, an output set is obtained.

5. Each output value is the result of a scenario in the simulation. To conclude
the simulation and the uncertainty analysis, statistical analyzes are
accomplished on the output parameters. The study can be concluded by

reaching certain conclusions as a result of this statistical analysis.

Inherently theMonte Carlo simulatiomethod has some advantages and drawbacks.
One of the advantageous featurethat the working mechanism and algorithm of
the methd aresimple. Each computation is independent and it is not affected by the
previous and next calculatior{§obol, 1994) The complicated systems can be
modeled witiMonte Carlo simulatioas it takes into account a large number of input
covariances and relations impulsivel@mid et al., 2010)Moreover, while it can
deal with both minor and major uncertainties, it also does not need paritratides
during this operatiofPapadopoulos and Yeung, 200DEspite thesadvantages,

the simulation is variable according to the number of trialssa®dofthe parameter

12



Although the number of trials is high, endless trials giwerttost accurate analysis
result(Shui-Tuang Cheng, 1982)

Many uncertainty analyzes have shown tlante Carlo simulatiomgjives effective
results when it is not possible to use an analytical model. For exakdggeann

and Schmid(2010)compared the Scatter Analysis method with Mante Carlo
simulationmethod in the study. As a result, although the Monte Carlo application
time was longer than the Scatter Analysis methiidnte Carlo simulatiorwas
recommended because of its effect in computing the tolerance values {argarn
values correty. In another study, three different uncertainty medthowere
compared(lskra and Droste, 2008hese methods were Response surfaces, the
method of moments, and ti\donte Carlo simulation As a consequence of the
study, the high uncertainty was calculated withonte Carlo simulation
Additionally, corsidering that theMonte Carlo simulationneeded fewer

assumptions, the recommended method wabthrge Carlo simulation

As a resultthe Monte Carlo simulatioms selected to apply uncertainty analysis in

this study.

Determining the number of simulati®ris an essential criterion fédonte Carlo
simulation Each repetition of thgoverning variablerovides different values for

the mean. In this study, the standard error is used to determine the number of
simulations. The standard error is the standard deviation of the populaton itne

is shown in Equation 2.The simulation is run with differésimulation cycles and

the results are comparédsed orstandard error values. The selection is completed

by choosing the number of simulations that provide the lowest(@&mdrade, 2020)
A n e aw A
3O0AIT BAOA ﬁ: P
x EAROMY3 OAT AAOEAQET I

Td. Of AIA@AIT D1 AO
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2.3  The Goodness of FifTest

Model calibration andvalidation procedures must be applied to be considered
successful in the methods and models used in simulating environmental values and
processegRitter and MunozCarpena, 2013)To make statistical calculations more
applicable, theobtained graphical resuthould be represented by an appropriate
PDF. After the statistical data arepresented graphicallysaitable density function

for the distribution of this graph can be proposed. However, the suitability of this
proceseeds to be testgdfanma, 2022b) For this reasorthe GOFtestsshould

beappliedafter conductig anuncertainty analysis

In this study, the most common two types@DFtests ag used. One of them is the
Chi-square test, the other one is Kolmogo®wirnov Test.

2.3.1 The Chi-Square Test

The Chisquare tesf ...) is a GOF test based on whether the difference between
observed frequencies and expected frequencies is statistically signifibanthi-
square tesis used to test the relevance argument for a populaticerged based

on a random sample and itapplied to test whether a sample of data comes from a
populaton with a certain distributiofUgoni and Walker, 1995)There are som
assumptions for applying thehGsquare test. As long akese assumptions are

applied the test is applicable. These assumptions are as fqlMetdugh, 2013)

1. The frequencies dhenumber of variables should be tested.

2. Each variable promotes data only once and affects another variable only for
one subject.

3. The result obtained for each individual does not affect or depend on.others

4. The80% of the expected frequencies should be greatefitrean

The observed fragency in the Chsquare test4t and the estimated PDF frequency

(0) which is also named estimated frequency are compared with eachFathtns
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purpose, Equation 2&ith m being the number of class intervals givihg Chi-
square results is calculatedanmaz, 2022hb)

£ 0
? —5— A &

0
It is checked whether the Ghguare value calculated with this equation is less than
the limit value. The limit value of the l@-squaredistributionis (& § , the
significance levels | , the degreeof freedomis "Q "Q p, andthe number of
parametes is ‘Q The significance levels are selected which are equal to any value
between 0 and I'he limit values of the Ri-square distbution, which should be

selected depending 6fandp | , are shown in Table 2.

While the null hypothesi§O) indicates that the observed distribution follows the
expected distributiorgndthe alternative hypothesf®© ) indicates that variables do
not follow the expected distributioif.the condition in Euation 22 is satisfied, the
null hypothesiss acceptedOtherwise, theull hypothesiss rejected Teegavarapu,
2019)

Table2.1 The limit values fothe Chi-square test distriklion (Ang and Tang,

1975)

p |
f 0.005 0.025 0.050 | 0.900 | 0.950| 0.975| 0.99 0.995 | 0.999
1 | 0.04393| 0.03982| 0.02393| 2.71 3.84 5.02 6.63 7.88 10.8
2 0.01 0.0506 | 0.103 4.61 5.99 7.38 9.21 10.6 13.8
3 0.0717 | 0.216 0.352 6.25 7.81 9.35 11.3 12.8 16.3
4 0.207 0.484 0.711 7.78 9.49 11.1 13.3 14.9 18.5
5 0.412 0.831 1.15 9.24 11.1 12.8 15.1 16.7 20.5
6 0.676 1.24 1.64 10.6 12.6 14.4 16.8 18.5 22.5
7 0.989 1.69 2.17 12 14.1 16 18.5 20.3 24.3
8 1.34 2.18 2.73 13.4 155 | 17.34| 20.1 22 26.1
9 1.73 2.7 3.33 14.7 16.9 19 21.7 23.6 27.9
10 2.16 3.25 3.94 16 18.3 20.5 23.2 25.2 29.6

15



The ChiSquare test is a strong statistical test that allows the testing of the hypotheses
of variables. Inherently, theutcomes are more certain with random gi® and
with wide sample size@icHugh, 2013)

2.3.2 The Kolmogorov-Smirnov Test

The KolmogorovSmirnov test is &OFtest.It provides information on whether two
distributions have the same distribution by comparing ti@ne distribution is the
distribution of the data set to be tested, while the athers a known distribution.

The null hypothesis(O) argues that the digbution tested and the known
distribution are the same, while the alternative hypoth{#&isargues that there are
different distributions(Teegavarapu, 2019)The KolmogorovSmirnov test ks

some limitations. It is necessary to use continuous distributions to perform the test,
and the tesis more critical in the center. Moreoyeahe distribution must be

determined precisely by a simulatiPhslam, 2019)

In the KolmogorovSmirnov test, the variables are teor from smallest to largest
(0,w,...m). Then"Y @ which istheempirical distribution functioms calculated

as follows:

T f X wthenY o Tt
T If @OX & thenY & Q¢
T If X wthen'Y ®w p
The difference between thbgerved total frequencies, F(a&hd the total frequencies

of the PDF whose fit is investigated is calculated. The maximum valuehigf t

difference mst be less than the limit value (EquatioB)2.
$ | A®R@ 3 @s $ ¢

In Equation 2.3$ is a critical value at the determined significance levigich is
shownin Table 2.2 In this table, ns the number of datgranmaz, 2022hb)
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Table2.2 KolmogorovSmirnov test critical value$ , (Ang and Tang, 1975)

U

0.20 0.10 0.05 0.01

0.45 0.51 0.56 0.67
10 0.32 0.37 0.41 0.49
15 0.27 0.3 0.34 0.4
20 0.23 0.26 0.29 0.36
25 0.21 0.24 0.27 0.32
30 0.19 0.22 0.24 0.29
35 0.18 0.2 0.23 0.27
40 0.17 0.19 0.21 0.25
45 0.16 0.18 0.2 0.24
50 0.15 0.17 0.19 0.23
>50 1.07p1 1.22/1 1.3641 1.6301

2.4 Part 1

To identify the unertainty of hydraulic parametets be handled through the course
of thePart 1 phas¢heMonte Carlo simulatiomethods implemented in parameters
of bed loadransport ratendMa n n i n g 6 s coeffwiantfdn awrieesseparately
Different PDFsand COVs are defined according tie literature review for input
variables.Based onthe defined PDF and COVa Monte Carlo simulations
implementedor each variablseparatelyConsequentlythebedloadtransport rate
andMa n ni n g 0 s coefficieny de wadcslatedvith these results and analyzed
based orGOFtests.

2.4.1 Study Area

The area surveyed within the scopetlofs thesisis theMi | i - loGed in n

¢ ar K a mb, &urkByl The pnoject site can be divided into three in terms of
landforms. These can be listed as the mountainous part, the plateaus between the
mountainous partand the coastal plains between the plateaus and the Black Sea.

¢ ar kK a mb laorddpsl cani be seen in Figui21. The region, which has a mild
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climate under the influence of the Black Sea, has plenty of rain in every season, and
the rairs are more effective mutumn and winter seasons. Depending on the climate,

the natural vegetation in the projerea is feest.

TheMi | i -, sdeatsdis the study areaovers an area of approximately 266
hectares.

Six maincreelks are selected for analysm theMi | i - . Tikseseekware named

Leyl ek, Sakarl e, , &kl Mj | ikeveast tothelvest, a ma n

respectivelywhichcan be seen in Figug2.

\Yakakent

Alacam Ba’fra

g
‘ol

Ondokuzmayis

A
. Samsun
e o,
G N
i Tekk( kdy
. N

Carsamba

Figure21Sat el | ite i mage of ¢Rebruagy@AR2@2 Pl ai n

18

(Goo



MiLi¢

KISLA SAKARLI

EVCi g LEYLEK
KOCAMAN

Figure2.2 The six maircreels that are investigated in the Project (Google Earth
February 272022)

2.4.2 Bed Load Transport Analyses

Sedimers arethe particlesthataredissolved or eroded from rocks and solid parts of
the earth by water, wind, or gravity. The transgtioh or accumulation of these
pariclesis called sediment transportatidParticle size, particle shape, fall velocity,
or bulk properties of particles are th@verningproperties of sedient and sediment
transportation(Yanmaz, 2022a)Sediment load can be computed based on the
transport mechanistype such as bed load transpartd suspended load transport
The olling, sliding, or saltation are the modes at the bed or near the bed leading to
sediment transport, calldzed load transpo (Thorne, 200Q)In river engineering,
estimating and calculatingedimentoed loadplay a critical rolein the design and
operation of various types of hydraulic structurdany formulas have been
developedfor bed load transport rat&ome commonlyusedbed load transport
formulas are listed belowvith characteristic grain size rang@ésaddadchi et al.,
2013)

1 MeyerPet er a (Bd:O0Mrhil28.6 mn)
1 Schoklitsch$ :0.3 mmi 5 mm)
1 EinsteinBrown($ :0.25mmi 32 mm)
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1 Yae&($ :0.315 mmi 28.65 mm)

1 Engelund and Hansdf :0.15 mmi 5 mm)

1 Ackers and Whité$ : 0.4 mmi 28.65 mn)

1 VanRijn($ :0.6 mmi 2 mm

Among thee equationstwo approaches are selected specificédlyconductthe
uncertaintyanalysidor the bed loadatecalculatiors. The® are théMleyerPeterand
M¢l | er  dndMtReMBinsteirBrown (E-B) approacks Considering the
applicability conditions,these approaches are found to be compatible with the
conditions of the study arellormaly MPM approach gives smaller values e

E-B approach gives gater results than actual transport rafganmaz, 2022a)

Al t h o uigdnd Ackelts @and Whiteapproaches are also applicable based on
gravel sizes in the case of the study area, these approaches are based on highly
complex sequential mathematical formulations. Therefole precision of
stochastic analyses of these approaches may weaketo duany independent
variables to besampled viaMonte Carlo analyses. Hencenly MPM and EB
approaches are accepted to be suitable for stochastic analyses in the study area.

Meyer-Pete r a n d (1849 Appmach

In 19481949, asediment load formula was develogesed on sediments that have
a distinctive specific gravityMPM approachwas enhanced based on uninterrupted
dataset experimenterfsediment load transportati@®idiropoulos et al., 2021Jhis
approachs one of the most preferregpproachegHuang, 201Q)There are some
restrictionsto applying thisapprach Uniform sediments with a specific gravity
ranging from 1.25 to 4vereconsidered irthis approach(Haddadchi et al., 2013)
Thebed loadransport ratéormula for theViPM approachs shown in Equation 2,

while the intermediateteps are shown in Equations ari 2.6(Yanmaz, 2022a)
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Einstein-Brown (1950)Approach

The EinsteinBrown (Brown, 1950) which is & approachobtained by performing
onedirectional flow flume tests using welsorted sediment, is applied by
replacement of shear stress with shear velgcitgsnd Amos, 1995)Thereare some
limitations forapplying thisapproachThebed loadransportrateformula for theE-

B approach is shown in Equation72while thebed shape factor equationsisown
in Equation2.8 (Yanmaz, 2022a)
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Bed loadtransportateis variable due to its nature. Since it is very toomsuming
imprecise and costly to directly measure the bed load, the abwemtioned
empirical methodsire practical in usdnherently, these approaches always contain
some uncertainties. Codgrring the engineering studies, suchchannel design,
flood controlsystems etc., identifying the most accurate sediment load is critical
and it is important to apply uncertainty analysis to th@&mlsvik, 2004; Riahi
Madvar and Seifi, 2018; Schmelter et al., 201R2)r this reason, in this study,
uncertainty analysis fobed loadrate is conducted througine dorementioned
approaches, and each variabt@ichis shown in Table 2.%& evaluated separately.

Table2.3 Input variableswhich are used iMonte Carlo simulatioyfor bed load
transport rate

Variable Symbol Unit
Harmonic slope 3 %
Hydraulic depth y m
Median grain size $ m
Grain size $ m
Chezy coefficient C -

2.4.3 Ma n n i nogighsessBoefficient

One of the most important equations used in eg@nnel hydraulic calculations is
the Manning formuldy Robert Manning in 188@&hichis widely used iruniform
flow computationgYen, 1992) The most important problem exposed in the use of

the Manning equation is determining the suitable roughness coefficient for open
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channels. Choosing an appropriate coefficient depends on a good evatuat®n

the roughness coefficient depends s®veral factorssuch as accumulation and
scouring, geometric features of the channel, type of bed material, and seasonal
characteristics. For this reason, this coefficient is corrected according to Equation
2.9 and 2.0 based on crossection geometry, channel dimension, vegetation and
roughness in the flow area, and rate of curvature. These corriattorsare given

in Table 24 (Lagasse et al., 2001n which sinuosity is the ratio of the length of
channel reach to the Euclidean distance between both ends of the channel reach.

I I R e R Q)
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Table2.4 Correction factorsfoMa n ni n g 6 s coeffecianyllagasss &t al.,

2001)
i Conditions Values Notes
Smooth 0 Very smooth channel
i Minor rough 0.00%0.005 Slopes with little erosion
Moderate Rough 0.0060.010 Rough base and slope
Severe rough 0.0110.020 -
Small variation 0 Gradual crossection change
| Medium variation 0.00%0.005 Local section narrowing
Large variation 0.0160.015 Frequent section changes
Obstructions occupy %5 of the cross
Low rough 0-0.004 _
sectional area
] Obstructions occupy %15 of the
Middle rough 0.0050.015 .
- crosssectional area
Obstructions occupy (%15- %50) of
Rough 0.026:0.030 )
the crosssectional area
) Obstructions occupy %50 of the
High rough 0.0400.060 .
crosssectional area
Small vegetation 0.0020.01 y > 2vegetation height
; Medium vegetation 0.0250.050 y > vegetation height
Large vegetation 0.0560.1 y <vegetation height
Extreme vegetation | 0.04G0.060 y < 0.5vegetation height
Low curvature 1.00 Sinuosity <1.2
i Mediumcurvature 1.15 1. SiAwsityO1 . 5
High curvature 1.30 Sinuwosity >1.5

The most sensitive and important parameter in determining the flow properties in
hydraulic analysis and modelinghda n ni n g 6 s coefficieng(Gharey £tsal.,

1993; Pappenberger et al., 2008pwever, the reliable determinationda n ni ng o6 s
roughnessoefficient is dificult due to the limited available datigumar, 2019) For

this reason, the assignsthh n n i n g 0 s coeffiangvalnes aresselected from a
wide parameter scale and this value is generallyealistic according to

environmental conditiongSavage et al., 2016)This causes an uncertainty in
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Ma n n i n g @essoeffwiangfér conducted studies. For this reason, in this study,
uncertainty analysis is performed fdfa n ni n g 6 s coefficierg. Ron eashs
component ofMa nni n g 0 s coefoicierg, the enga; of the mmum and
maximum valuegiven in Table 2.4 is calculated aatk used as the mean value for

T,7,7 andi (seeTable 25).

Table25Ma n ni n g 6 s coeffeciang dormeetiensfactors used in this study

l l l l
0.0105| 0.008 | 0.0305 | 0.006

2.4.4 Dataset

The data to be used in the analyses are taken frorBatmesurTerme Kocaman

Group basin sediment transport study regjoi ar ag® z and . This k me n,
study was conducted under the supervision of Prafinyaz. It covers a wide range

of sediment, channel geometry, and flow rate data. Since intensive information is
available in this study, this basin is specifically selected in this study for the realistic
evaluation of uncertainties based on field d&taw rates of sixnaincreeks in the

Mi | i - arBgaenifan2-year 5year, 10year, 25year, 50year, 100year, and

500year return pericglin Table 26 for each creek.

Table2.6 Flow rate values df1i | Basinfor different return periods

Return Period
5 | 10 | 25 | 50 | 100 | 500
Flow Rate i ¥l
Leylek 14.33 | 29.85 | 41.93 58.72 72.07 86.03 120.64
Sakar| 10.98 | 22.97 32.29 45.25 55.56 66.34 93.06
Kéekl a 802 | 16.71 23.47 32.86 40.33 48.15 67.51

Creek ‘
Name

Evci 19.46 | 40.45| 56.79 79.49 97.54 | 116.43 | 163.23
Kocaman| 39.52 | 80.70 | 112.67 | 157.00 | 192.21 | 229.01 | 320.12
Mi | i -| 41.74 | 85.17 | 118.87 | 165.61 | 202.73 | 241.54 | 337.6
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The sediment bed load transport rates and thasnsed to calculate these values
are fiown inTable 2.7and Table &, in which u is the average flow velocity based

on hydraulic depth.

Table2.7 Bed load calculation according to-y@ar return period flow rate

. . - ~ N 1., 1.
Name of | n; y A A u o] 6 |, A . A
stream | (%) | (m) | (mm) | (mm) | (m/s) | (MPM) | (EB) (I(M F/>SI\//IT) (i (E/- E/)m)

Leylek | 0.15|1.65| 0.38 | 21.00 | 0.69 | 0.135 | 0.26 | 0.0001 | 0.0030

Saka|0.11|0.83| 0.27 5.00 | 1.21 | 0.564 | 0.16 | 0.0003 | 0.0012

Késl| 066|061 19.00 | 42.00 | 1.69 | 0.536 | 0.54 | 0.0005 0.4338

Evci 0.30| 1.73| 26.00 | 60.00 | 2.28 | 0.603 | 0.54 | 0.0009 | 0.6808

Kocaman| 0.18 | 2.02| 18.00 | 45.00 | 2.22 | 0.66 | 0.54 | 0.0008 | 0.3936

Milic1 | 1.24| 1.39| 16.00 | 64.00 | 3.52 | 0.498 | 0.54 | 0.0159 0.5762

Milic2 | 0.03|1.52| 0.08 0.1 1.39 | 0.561 | 0.003| 0.00010 | 0.00006

Table2.8 Bed load calculation according to 5@8ar return period flow rate

. . . ~ ~ P 1.,
Name of | n; y A A u 0 6 |, A . A
stream | (%) | (m) | (mm) | (mm) | (m/s) | (MPM) | (EB) (I(M ésl,\//lr;]) < (E/- E/;n)

Leylek | 0.15| 1.84| 0.38 | 21.00 | 0.82 | 0.158 | 0.26 | 0.0002 0.0031

Saka|011|1.07| 0.27 500 | 1.10 | 0.383 | 0.16 | 0.0002 0.0014

Késl| 066|0.67| 19.00 | 42.00 | 2.00 | 0.627 | 0.54 | 0.0012 0.4475

Evci 0.30| 2.09| 26.00 | 60.00 | 2.70 | 0.642 | 0.54 | 0.0023 0.7251

Kocaman| 0.18 | 2.40| 18.00 | 45.00 | 2.54 | 0.684 | 0.54 | 0.0016 0.4169

Milic1 | 1.24|1.45| 16.00 | 64.00 | 4.03 | 0.583 | 0.54 | 0.0224 0.5844

Milic2 | 0.03| 1.93| 0.08 0.1 1.61 | 0.571 | 0.003| 0.00015 | 0.000016
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2.45 Software

In this study, R programming is used to implemdointe Carlosimulationas part

of theuncertainty analysis iRart 1. R programming is a continuously improved and
updated programming language that analyzes and manipulates data, works with
arrays and matrices, and provides visualization for and@kign, 2018)It provides

a high capacity for both statistical analysis and visualizatibhe working
mechanism oMonte Carlo simulatioim R programming is based time probability

of generating severahndom variables as much as required for known or newly
assigned distriltions (Robert et al., 2010While visualizing simulationasultsin

R programming, the histogranarecreated for each simulation. In the histogram,
each colummives information abouhe density and frequency distributgaf the
outputs The total area afhe histogram must be equal to uniBubsequently, the
frequency ordensty axes (corresponding to theayis) are unitless ancheir
decimals are automatically determined to have a total anaaitgfaccording to the
decimals of the value on theaxis (Li et al., 2019) Moreover, viile determining

the number of class intervaté the histograms for applying tl&OF test, Sturges’
Rule which is shown in Equation 2L1is taken intoaccount in R programming
(Sarkar and Rashid, 2016 this studysome R programming codes a®veloped

by the author by importing the requirtttiangle”, "fitdistrplus”, "dplyr", "readxI",

and "stats’packages
I 17Tk p c® p

144 EAT OAI AIAA OA OCRAIDERAIOA OA O

2.5 Part 2

In order to narrow the scope of uncertainty analysisconputing water surface
profiles, a single waterway is taken into consideration in Part 2mptement
uncertainty analysis through HERAS (US Army Corps of Engineers, 2016he
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Monte Carlo simulatiofis implemented to thla n n i n g 6 s coeffciangdmch e s s

flow rate for acreek Firstly, the simulation is appliedonlgMa nni ngdés r oughnes:
coefficient, then it is appliedo Ma nni n g 6 s coefoicierg A él@avsrate

jointly. This study is conductddya s sumi ng t hat Manningds rough
and flow rate are independerdriablesas also considered tBozzi et al.,(2015)

Different PDFsand COVs are defined for them according tbe reviewed past

studies. Based on the defined PDF and COV, NMumte Calo simulation is

implemented with10000 runs for each variable. Consequently, flow depth is

calculated through HERAS (US Army Corps of Engineers, 201®)visualize and

analyze the results based @@Ftests.The results of the analyses will be presented

in Chapter 3.

251 Study Area

Inthispart T a kOreektbeatectin Rize is used apply theuncertainty analysis
to water surface elevationhg&re is a bridga the study reach of the cre@ihecreek
is in the EasternBlack Searegion of northern Turkey. The satellite imagk
T a K | Erdekis shown in kgure 23.

Figure23The st udy & reekm RizeT(&wmdlecEdrdeptember 16,
2022)
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252 Dataset

In many uncertainty analyses conducted for hydraulic estimations, it has been
observed that the main channel roughness coefficient is theeafiective variable

regarding channel resistan@@hang et al., 1993; Hieu et al., 201Bpsides, it is

highly recommendetb perform an uncertainty analysis for the flow réBezzi et

al., 2015; Salas and Shin, 199%is study conducts uncertainty analysis for the

fl ow rate and Manningds roughness coef fi
the output variable to observe and analyze the applied study.

For the requied inputs, thetudythatis carried ouby Y € | d(B2013isrusedwith
12crosss ect i ons o0V E@reekinRreThdlacatibns af #2rcressections
in the region are shown Fgure 24.

Figure2.4 Cross Section and Bridge Location (Google E&dptember 162022)
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According to the regional characteristidgla nni n g 6 s caefficegthsn e s s
assigned af.07 for the left and right riverbanks and 0.065 for the main channel.
Based orihe sieve analysis salts for the bed materia®, is 0.52 mmg$ is 0.65

mm and$ is 1.65 mm.The discharge valueseording to the return periodse

given in Table 2. In this study, 10§ear return period dischargeé ) is usedo
conduct the uncertainty analysiBhe main channel flow profile df  flow (in

subcritical regimejor T a kK | €Erdel car be seen in Figure.2.5

Table2.9 Peak discharge values based on return pefiod£ | dér ém, 2013)

Return period (year) Flow Rate, Q { /s)
5 356.5
10 432.6
25 545.2
50 642.2
100 750.3
500 970.1
1000 1064

T
0 200 400 800 800 1000 1200 1400 1800

Main Channel Distanca (m)

Figure2.5 The main channdlow profile of1  flowf or T aCkekké der e
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253 Software

As explained in Part 1, the R programming is used to implement the Monte Carlo
simulation in Part Zaswell Subsequent | vy, Manningds roug
flow rate are examined by implementit® HEC-RAS steady flowHEGRAS is

the river analysis system that carries out 1D stdlady and 1D/2D unsteady flow
calculations, sediment transpartalysis, bed modelg, and water quality analysis

(US Army Corps of Engineers, 2016)

31



32



CHAPTER 3

ANALYSIS AND RESULTS

Since the study is conducted in separate parts, thesasadynd results are discussed
for Part 1 and Part eparatelyThe variables simulatdd bothparts areonsidered

to be ofindependenthature Forthis reason, the Monte Carlo analysis can be handled

properly.

3.1  Analysis of the Results oPart 1

In Part 1,a stoclastic approach istilized for computing bed load rate using two

commonly applied approachasn d f or Ma n n coeffgciéns Uncedantg h n e s s
analysis is performed fdved loadtransport rat§N andManni ngdés rough!
coefficient( ) throughMonte Carlo simulationTheseresults are evaluated with the

GOF test and the results are as®# based on randomness and probabilistic

approaches

Conducting the study for all creeks and return periods is unnecessarygainee

creeks contain similar hydrologic inputs. It is preferable to use variables of different

sizes characterizing bed material and creek properties to analyze the results
accuately. Thereforebased on the elimination of similar variables to a singleaset,

data selection is performed for the creeks and return periods. The data selection is
based on maximum and minimum flow rate, harmonic slope, and median grain size.
Values ae ordered in ascending order, and maximum, minimum, and mesiaga

values are selected. Four main creeks ar
These <creeks are VLeyl ek, Sakarl e, Evci,
respectively. The selectedeeks and input values are shown in Table 3.1 and Figure

31For Mili- Creek, which consiysarreturmf t wo
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period values -Yyowmar Midtiur il @erdi ®dOval ues for
Sediment grain sizedidriut i on i s accepted to be uniform
Table3.1 Selected @lues to be used in this study
Return Flow Harmonic | Hydraulic ~ 5
Né\ggkof Period | Rate, Q | slope ) Depth, y (rﬁm) (rﬁm)
(yean | (i /s) | (%) (m)
Leylek 50 72.07 0.15 1.65 0.38 21.00
Mi 11i 50 202.73 1.24 1.39 16.00 64.00
Evci 50 97.54 0.30 1.73 26.00 60.00
Saka| 500 93.06 0.11 1.07 0.27 5.00
Mi 12i 500 337.6 0.03 1.93 0.08 0.1

Yali'Mahallesi

Eva Sopags

Altuniu

D010
usu
Bagsaray
Ev $ +
L Hiseyinmescit KISLA Y
Sahilkdy Goba
Kozluk Kocukiu
KOCAMAN /
Kiraziik Mevkii
Camlica \
Yuksekyayla
Tahtalik Dumantepe /

/

itepe

Figure3.1 Selected maiCreels for analysis (Google Earth February 2022)

In this study several PDFs are tested, i.e. Normal Distribution (N);nbogpal
distribution (LN), Gamma distribution (G), Beta distribution (B), Triangular
distribution (T), and Uniform distribution (U).

The PDF and COV values are assigned based on the literature review for the
hydraulic parameters and inputs determined to carry out the Monte Carlo simulation
analysis In this study, for the bed load rate, the Monte Carlo simulation is applied
based on the recommended COVs and half of thésés@0.5COV) to observe the
effect of sampling range®oreover since more than one PDF and COV values are

recommended for Mannifggroughness coefficient, three different arrangements are
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used tesearch the effect of these choices outlined in Tabl&B&seassigned values

are showrfor N and nin Table 3.2and Table 3, respectively.

Table3.2 PDF and COV values defined fiir analysis

. Harmonic | Hydraulic 5 ~ Chg;y
Variables A A Coefficient,
slope Depth C
covV 0.3 0.23 0.05 0.02 0.25
Normal Normal Uniform Uniform Normal
PDF distribution | distribution | distribution | distribution | distribution

Table3.3 PDF and COV values defined foranalysis

& COV
cov 0.05 0.1 0.18 0.08 0.2
1 PDE pn!form .No.rma.ﬂ }.Jniform 'Ifria'ngu'lar .No'rme'll
distribution | distribution | distribution | distribution | distribution
cov 0.02 0.28 0.15 0.18 0.08
2 PDE Uniform Uniform Normal Uniform | Triangular
distribution | distribution | distribution | distribution | distribution
cov 0.05 0.08 0.053 0.1 0.28
3 PDE Uniform Triangular | Normal Normal Uniform
distribution | distribution | distribution | distribution | distribution

The determination of theumber osimulation cyclefor theMonte Carlo simulation

is required before performing the study. For this reason, L&tekkwith 50 year

return period is selected to determine the simulation cycle. This study is implemented
only for N with the MPM approach through R programmingotever, the result
obtained is also used in the analysis for n. Since the PDF and COV shosfithked d

to implement the simulation, the variables in Table 3.2 are used for this study. The
study is carried out with 100, 500, 1000, 25000&A.0000, and 2000Gimulation
cycles. TheMonte Carlo simulatiobasedn defined simulation cycles is perforthe

for each hydraulic variable éhmanic slope, hydraulic deptl$ ,$ , andChezy
coefficien). Moreover, each simulatioryde is repeated 10 times ¢btainreliably
the mean valuesnd standard deviationéfter carrying out each cycld\ is

calculatel with simulated variables. To obtain a standard error, the average and
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standard deviation ofl are calculatedThe standard error results are shown in
Figure 3.2.As expectedthe standard error decreases as the number of simulation
cycles increasess the rate of decrease of the standard error is negligibly small after

10000simulations, it is decided to run 10000 simulations in this study.

0.000005
1

Standard Error
0.000003
1

0.000001
|

T T T T T T T
0 1000 2500 5000 10000 15000 20000

Number of Simulation

Figure3.2 The standard error calculation with different simiolatcycles

To observe the statistical distribution of the oufplie graphical resul{®istograms)

obtained with thélonte Carlo simulatiocanbe represented by an appropriate PDF.

For this reason, CHsquare and Kolmogore8mirnov tests are appliedttoe Monte

Carlo simulatiorresults with R programming@.he significance levelsi(jare used as

0.05 and 0.1 for the Clsiquare and Kolmogore8mirnov testslf the test result is
AAccepted"” for any test, t he o deeisioal | deci si
i s 0 R eThisappreadhds.used to observe whether the output can be represented

by commonly used PDFs.

3.1.1 Uncertainty Analysis of Sediment Bed load Transport Rate

TheGOF test results for MPM andBE approaches are shownTables 3.4 and 3.5
respectivelyTo observe the effect of COVs on samplings, the recommended COV
values and 0.5COV values are tested and the output histograms for these cases are

compared for both MPM and-B approachesThe distibutions fitted to the

36



simulation resultdor MPM and EB approaches are shown in Appendix A and

Appendix B, respectively

Table3.4 The GOF results foviPM

Chi- Chi- Kolmogorov- | Kolmogorov-
Square Square Smirnov Smirnov

COVs PDE | - 5 5 5 Finql

Creek U=005| U = u = 0 U = 0] Decision
Decision | Decision Decision Decision
N Rejected | Rejected Rejected Rejected Rejected
cov Leylek | LN Rejected | Rejected Rejected Rejected Rejected
(50-Y) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Accepted Accepted Accepted
N Rejected | Rejected Rejected Rejected Rejected
0.5COV Leylek | LN Rejected | Rejected Rejected Rejected Rejected
' (50-Y) G Rejected | Rejected Accepted Accepted Accepted
B Rejected | Rejected Accepted Accepted Accepted
. N Rejected | Rejected Rejected Rejected Rejected
covV M i ! LN Rejected Rejected Rejected Rejected Rejected
(50- ) G Rejected | Rejected Rejected Rejected | Rejected
B Accepted | Accepted Accepted Accepted Accepted
. N Rejected | Rejected Rejected Rejected Rejected
0.5COV M i ! LN Rejected | Rejected Rejected Rejected Rejected
(50-Y) G Accepted | Accepted Accepted Accepted Accepted
B Accepted | Accepted Accepted Accepted Accepted
Evci N Rejected | Rejected Rejected Rejected Rejected
cov (50 . . . . .

Y) LN Rejected | Rejected Rejected Rejected Rejected
N Rejected | Rejected Rejected Rejected Rejected
0.5COV Evci LN Rejected Rejected Rejected Rejected Rejected
(50-Y) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Rejected Rejected Rejected
N Rejected | Rejected Rejected Rejected Rejected
cov 5(5% é 9 LN Rejected Rejected Rejected Rejected Rejected
Y) G Rejected | Rejected Accepted Accepted Accepted
B Rejected | Rejected Accepted Accepted Accepted
N Rejected | Rejected Rejected Rejected Rejected
0.5COV S(5a0(|>( 9 LN Rejected Rejected Rejected Rejected Rejected
Y) G Rejected | Rejected Accepted Accepted Accepted
B Accepted | Accepted Accepted Accepted Accepted
Mi | N Rejected | Rejected Rejected Rejected Rejected
covV 2 LN Rejected | Rejected Rejected Rejected Rejected
(500 G Rejected | Rejected Rejected Rejected Rejected
Y) B Accepted | Accepted Accepted Accepted Accepted
Mi | N Rejected | Rejected Rejected Rejected Rejected
0.5COV 2 LN Rejected | Rejected Rejected Rejected Rejected
' (500 G Rejected | Rejected Accepted Accepted Accepted
Y) B Rejected | Rejected Accepted Accepted Accepted
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Table3.5 The GOF results for4B

Chi- Chi- Kolmogorov- | Kolmogorov-
Square Square Smirnov Smirnov

COVs PDE | - 5 3 5 Finql

Creek u = (U = u = 0 U = 0] Decision
Decision | Decision Decision Decision

N Rejected | Rejected Rejected Rejected Rejected
cov Leylek | LN Rejected | Rejected Rejected Rejected Rejected
(50-Y) G Rejected | Rejected Rejected Rejected Rejected
B Accepted | Accepted Accepted Accepted Accepted
N Rejected | Rejected Rejected Rejected Rejected
0.5COV Leylek | LN Rejected | Rejected Rejected Rejected Rejected
’ (50-Y) G Accepted | Accepted Accepted Accepted Accepted
B Accepted | Accepted Accepted Accepted Accepted
. N Rejected | Rejected Rejected Rejected Rejected
cov M i ! LN Rejected Rejected Rejected Rejected Rejected
(50-Y) G Rejected Re!ected Re!ected Re!ected Re!ected
B Rejected | Rejected Rejected Rejected Rejected
. N Rejected | Rejected Rejected Rejected Rejected
0.5COV M i ! LN Rejected Rejected Rejected Rejected Rejected
(50-Y) G Rejected | Rejected Rejected Rejected Rejected
B Accepted | Accepted Accepted Accepted Accepted
N Rejected | Rejected Rejected Rejected Rejected
cov Evci LN Rejected Rejected Rejected Rejected Rejected
(50-Y) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Rejected Rejected Rejected
N Rejected | Rejected Rejected Rejected Rejected
0.5COV Evci LN Rejected Rej:ected Rejected Rejected Rejected
: (50-Y) G Rejected | Rejected Accepted Accepted Accepted
B Accepted | Accepted Accepted Accepted Accepted
N Rejected | Rejected Rejected Rejected Rejected
cov S(5%0|-( LN Rej:ected Rej:ected Rejected Rejected Rej:ected
v) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Rejected Rejected Rejected
N Rejected | Rejected Rejected Rejected Rejected
0.5COV S(5%ol-( LN Rej:ected Rej:ected Rejected Rejected Rej:ected
' v) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Accepted Accepted Accepted
Mi | N Rejected | Rejected Rejected Rejected Rejected
cov 2 LN Rejected | Rejected Rejected Rejected Rejected
(500 G Rejected | Rejected Rejected Rejected Rejected
Y) B Rejected | Rejected Rejected Rejected Rejected
Mi | N Rejected | Rejected Rejected Rejected Rejected
0.5COV 2 LN Rejected | Rejected Rejected Rejected Rejected
' (500 G Rejected | Rejected Rejected Rejected Rejected
Y) B Rejected | Rejected Rejected Rejected Rejected
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3.1.2

The GOF test results far are shown in Table 8. The distibutions fitted to the

Uncertainty Analysiso f

Ma n ndughgeésSoeffitient

simulation resultgor n are shown in Appendi€. PDF and COV combinatis as

shown in column 1 of thigable are formed according to Table 3.3.

Table3.6 The GOF results for n

Chi- Chi- Kolmogorov- | Kolmogorov-
Square Square Smirnov Smirnov
o Final
of
poF | creek |PPF| U = d U = Uu = o0 U = 0] Decision
&
cov
Decision | Decision Decision Decision
N Rejected | Rejected Rejected Rejected Rejected
LN Rejected | Rejected Rejected Rejected Rejected
1 Iggl%k G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Rejected Rejected Rejected
U Accepted | Rejected Rejected Rejected Accepted
N Accepted | Accepted Rejected Rejected Accepted
5 Mi 11i] LN Rejected | Rejected Rejected Rejected Rejected
(50-Y) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Rejected Rejected Rejected
N Accepted | Accepted Accepted Accepted Accepted
3 Evci LN Accepted | Accepted Rejected Rejected Accepted
(50-Y) G Accepted | Accepted Rejected Rejected Accepted
B Accepted | Accepted Accepted Accepted Accepted
N Rejected | Rejected Rejected Rejected Rejected
LN Rejected | Rejected Rejected Rejected Rejected
1 (550%_5) G Rejected | Rejected Rejected Rejected Rejected
B Rejected | Rejected Rejected Rejected Rejected
U Rejected | Rejected Rejected Rejected Rejected
N Accepted | Accepted Rejected Rejected Accepted
5 Mi 12i| LN Rejected | Rejected Rejected Rejected Rejected
(500-Y) | G Accepted | Rejected Rejected Rejected Accepted
B Accepted | Accepted Rejected Rejected Accepted
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3.1.3 Resultsof Part 1

The output results are examed by using the COV and @BV values for input
variables With 0.5COVs of the input variables, the baseline (ie, limiting the input
valuesrangeto be generatetbr the data for output) is narrowed. Therefore, the
output bed load rates arebtained closer to the mean valu@he frequency
distributions generated randomly for the irgaand the output can be seen in Figure
3.3 throwgh Figure 3.6 for Leylek Creekor the MPM method, output histograms
resulted in different distributions, i.e. a riggltewed distribution is obtained for
COV, whereas an almost asymmetrical distribution is generated for the case of
0.5CQV. The reason may be attributed to the highlylimear nature of the MPM
approach. Small changes in the input values may result in pronounced changes due
to the existence of big power of variables.
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Figure3.3 Input and output distributiorfer Leylek Ceekwith MPM based on
assigned COV
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Figure3.4 Input and output distributiorfer Leylek Creelwith MPM based on
assigned.5COV

When the EB and MPM approaches are compared, the frequeaogesbserved to
be concentratediround the meawith the EB method, while a more letkewed
distribution is observed with the MPM methdéurthermore, output histograms
under COV and 0.5CQOV are of simigype distributions in the case of theBE

approach.
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The results of the uncertainty analysis conductedNforshowedthat Beta and
Gammadistributions are observddr the analyse carried out by th®1PM and EB

approacksbased on this study aréBable 3.7.

The COV values obtained by dividing the standard deviation of a series by its mean
are calculated for each analyss expectedhe series with small COV values are
less variable according to others. In other words, the analyzed terms are distributed
morehomogeneously around the mean. Within the scope of the analysis results, the
COVs obtained by the-B approactare lower han the MPM approach (Table B.7
Moreover, when the COV values are reduced by half, the output COV values also

decreased.

When the btained frequency distributions are examined, simulation relsatisd

on deteministic values are evaluated. Therpentages are calculated over the
frequency distributions for both smaller and larger values than the deterministic
values. As a result ohis evaluation, although the results vary regionally, generally
50% of the bed load rate values obtained doyulation are higher than the

deterministic bed load rates.

In addition, it is seen that the rate of being greater than deterministic wadtesssed

from 50% to 72% fosome of the results using @OV values. This indicates the
difference between the deterministic and the larger stochastic value even in a
narrowed baselinéTable 3.7).The corresponding frequency histograms are also
providedin Appendix Aand Appendix8.

In light of these results for bed load ratiee stochastic approach provides crucial
data for engineering design and knowledge for sediment transportatialyses

and designs of hydraulic structures using deterministic load rates may
underestimate the phenomenon. This may create some problems in view of the safety

of foundations.
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Table3.7 Analysis results foN

A percentage | A percentage
Accepted lower than higher than
Approach Creek COVs PDF cov the the
deterministic | deterministic

value value
MPM Leylek, 50| COV B 0.426 42% 58%
MPM Leylek, 50 | 0.5COV | B,G | 0.429 28% 72%
E-B Leylek, 50| COV B 0.203 56% 44%
E-B Leylek, 50 | 0.5COV | B,G | 0.103 50% 50%
MPM | Milic1,50 | cCoOV B 0.910 56% 44%
MPM | Milic1,50 | 0.5COV | B,G | 0.446 53% 47%
E-B Milic 1,50 | CoV - 0.190 54% 46%
E-B Milic 1,50 | 0.5COV B 0.092 51% 48%
MPM Evci,50 | cov - 1.219 39% 61%
MPM Evci, 50 | 0.5COV - 0.882 49% 51%
E-B Evci,50 | cov - 0.192 49% 51%
E-B Evci, 50 | 0.5COV | B,G | 0.090 51% 49%
MPM sakal cov | BG |o08a1 50% 50%
MPM Saxafoscov| BG | 0415 41% 58%
E-B S 5""0'5 af cov - 0.244 55% 45%
E-B S;‘Og af oscov B 0.107 53% 47%
MPM Mie2 | cov B 0.821 55% 45%
MPM Mgigoz’ 0.5COV | B,G | 0.408 52% 48%
E-B Mgigoz’ cov - 0.299 31% 69%
EB MIe2 | oscov : 0.152 11% 89%

The results of the uncertainty analysis conducted for n demonstrated that the obtained
distributions show a tendency to variaypes of PDFs (Table 3.8
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Table3.8 The uncertainty analysiresuls of n

Name of Return Flow n
Period Rate,Q Observed PDF for n
Creek o (mm)
(year) @i Is)
Leylek 50 72.07 0.38 Uniform
Mi 11i - 50 202.73 16 Normal
Evci 50 97.54 06 | GammaBeta Normal
Log-normal
Sakar 500 93.06 0.27
Mi 12 - 500 337.6 0.08 Gama,Beta Normal

In line with the obtained results, the COV values for n show parallelism with the
distributions suggested in the literature (Table 3®)e percentages aralso
calculated over the frequency distributions for both smaller and larger vaares th
the deterministic valug®r n (Table 3.9. The corresponding frequency histograms

are provided in Appendix Q\lmost50% of n valueshatcomefrom the simulation

are greater than the deterministic n values. This is an indication that the stochastic

approach should be considered when making aanal ysi s

roughness coefficient

Table3.9 Analysisresults for n

based

A percentage A percentage
Set of PDF Accepted lower than the | higher than the
Creek & COV PDF cov deterministic deterministic

value value
Leylek, 50 1 U 0.32 54% 46%
Mi 11j50 2 N 0.27 48% 52%
Evci, 50 3 N,LN,G,B 0.15 50% 50%
Sakar |l 1 - 0.29 49% 51%
Mi 12j500 2 N,B,G 0.28 60% 40%
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3.2

In the second part of the uncentiyi analysis, the effects aincertainties of the HEC

RAS model input data are analyzed through output data by integrating Monte Carlo

Si mul

(Q) are input datathe flow deph is selected athe outpu data As stated before,

Ma n ni n gliness qoefficient and flow rate are considered as independent

variables.

The seven crossections are satéed from a study conducted byY € | d é r ® m,

implement the uncertainty analysis. ketl of using all 12 crossections, seven

ati

on.

Whi |

Analysis of the Results oPart 2

e

ma i

n

channel

Manni ngos

2013)

different crosssections are chosen to evaluate the results based on various hydraulic

features and geometric characteristithese crossections are 2, 3, 3.3 Bgd
downstream 3.3 Bridgeupstream 4, 7, and 11(see Figure 2.4)The hydraulic

features and crossections that are used to carry owd gtudy are shown in Table

3.10.

Table3.10 Hydraulic variable®f selected river statiorfer 1

Main Main
Water Flow Flow
River Station Q"Total Surface depth Cha”f.‘e' Area Channel
(" 18) | Elevation (m) (m) velocity ) Froude
(mis) | ¢ #
11 750.31 15.62 3.21 39 | 19226 | 073
7 750.31 12.7 3.54 404 | 18573 | o074
4 750.31 10.34 4.2 204 | 258.96| 045
3.3Bridge | ;54 49 10.01 431 238 | 31523 | o041
Upstream
3:3Bridge | ,54 49 9.58 3.94 259 | 28938 | 047
Downstream
3 750.31 9.47 3.87 258 | 201.01| 047
2 750.31 9 4.03 211 | 355.99 | 0.34

As the first step of the analysisMonte Carlo simulations performed wih PDF
and COV values recommendedthe literaturgTable 3.1). Since many different
PDF and COV values are suggested for n, threerdiffedistributions are selected
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As mean valus, 0.065for n and750.31i /s, which isthe flow rate corresponding

to areturn period of 100 years, are usklbnte Carlo simulatioms performed via R
programming with10000 simulation cycles. While selecting0000 simulation
cycles, as explained in Part 1, the n value is simulE®ed 500, 1000, 2500, 5000,
1000Q and 2000 times As the rate of decrease of the standard error is negligibly
small after 10000 simulations, it is decided to run 10000 simulations in this study
(Figure 37).

Table3.11 Assigned PDF and COV values fdionte Carlo simulation

Manni ngds Qoeaffinient(m) ¢ Flow Rate, Q(i /s)
PDF Normal Distribution Log-normalDistribution
Cov 0.2 0.25
PDF TriangularDistribution Log-normalDistribution
CoVv 0.1 0.25
PDF Uniform Distribution Log-normalDistribution
cov 0.28 0.25
Z =
§. T T T T I T T
0 1000 2500 5000 10000 15000 20000

Number of Simulation

Figure3.7 The standard error calculation with different simulation cycles with n

The values obtained onte Carlo simulatioare implemented one by one to HEC
RAS (US Army Corps of Engineers, 201&)jirstly, the n value is psented to the
model as a sirlg uncertain variable. Thenand Q values are presented to the model
as multiple uncertain variables to observe the &ffetn and Q value§he method
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recommended b§oodell 014)is used to ru10000values one byme over HEC

RAS. The simulated values are recorded on a sheet in MS Excel and are tested one

by one with a code running on Visual Basic with HRES. As a result of this study,

flow depth values as output are received and printed on another excel skeeet. Th

the flow depths are converted into a dataset using R programming. TS| @me

and KolmogorovSmirnov tests are applied to check the compatibility of the obtained

flow depth results with any known distribution. As in Parth®, significancdevels

(U)areused as 0.05 and 0.1 toothtests Theflowchartthat summamgesthe analysis

is displayed in Figure 3.8

Monte Carlo

Simulation
10000 run

10000 value one by
one to HEC-RAS

Computing 1D
Steady Flow for

Implementing

each value

Flow Rate

Manning roughness coefficient & Manning roughness coefficient & Manning roughness coefficient &

Flow Rate Flow Rate

R programming

Goodness of Fit
Tests and
Analysing Results

Visual Basic (VBA) HEC-RAS

(2 =
Y|
L

Recording output
based on each
variable

Flow Depth

Flow Depth

R programming

Microsoft Excel

Figure3.8 Flowchart of Part 2 with &tware
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3.21 SuccessiveAnalyses According to CrossSections

The geometric detalof crosssecton 2 are indicated in Figure 3.9

River = taslidere Reach = rize RS =2
o e e
T T o

N

Legend

G Q100
WS Q-100

Ground

Bank Sta

Elevaton (m)
©

Station (m)

Figure3.9 Geometric features of crosgction 2 in the HEQRAS model

The GOF test results of cesection 2 for fbw depth are shown in Table 3.12

Table3.12 The GOF test results forasssection 2

Chi- Chi- Kolmogorov | Kolmogorov-
. Square Square -Smirnov Smirnov )
Variable | V&1able | ppp — - - - Final
PDF u = (¢ U = u = 0 U = 0 Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Rejected | Rejected Accepted Accepted Accepted
n, Q N, LN G Rejected | Rejected Rejected Rejected Rejected
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Accepted | Accepted Accepted Accepted Accepted
n, Q T,LN G Rejected | Rejected Rejected Rejected Rejected
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected
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The geometric detalof crosssecton 3 are indicated in Figure 3.10

River = taslidere Reach =rize RS =3 Bound 2
065

Legend

EGQ-100
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Ground

Bark Sta
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Figure3.10 Geometric features of croesgction 3 in the HE(RAS model

The GOF test results of cressction 3 for flow depth are shown in Table3.1

Table3.13 The GOF test results for cressction 3

Chi- Chi- Kolmogorov- | Kolmogorov-
Variable Square | Square Smirnov Smirnov Final
Variable PDF PDF 1 g = U = U = o U = 0| Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN G Rejected | Rejected| Accepted Rejected Accepted
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN G Rejected | Rejected Rejected Rejected Rejected
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected
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The geometric detabf thecrosssecton 3.3 bridgelownstrean{BD) are indicated
in Figure 3.11

Riwer= slidere Reach=rdze RS=331 BR
085

Figure3.11 Geometric features of croesection 3.3 BD in the HERAS model

The GOF test results of cresection 3.3 BD for flow depth are shown in Table43.1

Table3.14 The GOF test mults for crossection 3.3 BD

Chi- Chi- Kolmogorov- Kolmogorov-
. Square Square Smirnov Smirnov .
Variable Variable PDF = . . - F|r_1a_l
PDF u = u = u = 0 U = 0 .| Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN G Rejected | Rejected Rejected Rejected Rejected
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN G Rejected | Rejected Rejected Rejected Rejected
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected
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The geometric detabf thecrosssecton 3.3 bridgaipstrean{BU) are indicatedn
Figure 3.12

Riwr= @didem Reach=rze RS5=33 B8R
o0&

Legend

EG0-00

WS 0100

Figure3.12 Geometric features of cresgction 3.3 BU in the HERAS model

The GOF test results of cressction 3.3 BU for hw depth are shown in Table 3.15

Table3.15 The GOF test results for cressction 3.3 BU

Chi- Chi- Kolmogorov- | Kolmogorov-
. Square Square Smirnov Smirnov .
variable | Vaiable | ppe i~ . - - Final
PDF u = u = u = 0 U = 0] Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Rejected | Rejected| Accepted Accepted Accepted
n, Q N, LN G Rejected | Rejected Rejected Rejected Rejected
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Rejected | Rejected| Accepted Accepted Accepted
n, Q T,LN G Rejected | Rejected Rejected Rejected Rejected
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected
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The geometric detalof crosssecton 4 are indicated in Figure 3.13
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Figure3.13 Geometric features of crosgction 4 in the HEGRRAS model

The GOF test results of cressction 4 for fbw depth are shown in Table 3.16

Table3.16 The GOF test results for cressction 4

Chi- Chi- Kolmogorov- | Kolmogorov-
. Square Square Smirnov Smirnov .
Variable Variable | PD - - - - Fma_l
PDF F u = 0 U = U 005 U = 0| Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Accepted | Rejected| Accepted Accepted Accepted
n, Q N, LN G Rejected | Rejected Rejected Rejected Rejected
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Accepted | Rejected| Accepted Accepted Accepted
n, Q T,LN G Rejected | Rejected Rejected Rejected Rejected
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected

53



The geometric detalof crosssecton 7 are indicated in Figure 3.14

River = taslidere Reach =rize RS =7

Elevaton(m)

Figure3.14 Geometric features of croesgction 7 in the HEERAS model

The GOF testesults of crossection 7 for fbw depth are shown in Table 3.17

Table3.17 The GOF test results for cressction 7

Chi- Chi- Kolmogorov- | Kolmogorov-
. Square | Square Smirnov Smirnov .
Variable Variable PDF _ . - — Fmgl
PDF u = u = u = 0 U = 0| Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN G Rejected | Rejected Accepted Rejected Accepted
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN G Rejected | Rejected| Accepted Accepted Accepted
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected
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The geometric detalof crosssecton 11 are indicated in Figure 3.15

River = taslidere Reach = rize RS=11
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Figure3.15 Geometric features afrosssection 11 in the HE®RAS model

The GOF test results of cressction 11 for thw depth are shown in Table 3.18

Table3.18 The GOF test results for cressction 11

Chi- Chi- Kolmogorov- Kolmogorov-
. Square Square Smirnov Smirnov )
variable | Vaiable | ppe = - . - Final
PDF u = u = u = 0 U = 0 .| Decision
Decision | Decision Decision Decision

n N N Rejected | Rejected Rejected Rejected Rejected
n N LN Rejected | Rejected Rejected Rejected Rejected
n N G Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q N, LN G Rejected | Rejected Rejected Rejected Rejected
n T N Rejected | Rejected Rejected Rejected Rejected
n T LN Rejected | Rejected Rejected Rejected Rejected
n T G Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN N Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q T,LN G Rejected | Rejected Rejected Rejected Rejected
n U N Rejected | Rejected Rejected Rejected Rejected
n U LN Rejected | Rejected Rejected Rejected Rejected
n U G Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN N Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN LN Rejected | Rejected Rejected Rejected Rejected
n, Q U, LN G Rejected | Rejected Rejected Rejected Rejected
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The distibutions fitted to thesimulation resultsfor flow depth are shown in

Appendix D for all crossections.

3.2.2 Resultsof Part 2

The uncertainty analysis resuttarried ot throughthe HEGRAS model fom and
Q are evaluatetbased orflow depth. The COV values are calculated for analysis
results.The COV results in Table 3.1@present values only when nsisnulated,
while the COVresults in Table 3@represent values when n and Q are simulated

jointly.

Table3.19 COV results for flow depth for each cressction (n is simulated)

n PDF

CS2

CS3

CS 3.3
BD

CS3.3
BU

CS4

CS7

cs1

Normal

0.076108

0.101944

0.097045

0.087004

0.084076

0.131007

0.152912

Triangle

0.058406

0.078092

0.075621

0.068513

0.065571

0.114251

0.131168

Uniform

0.327078

0.303185

0.291794

0.293745

0.225511

0.299445

0.380792

Table3.20 COV results for flow depth for each cressction (n and Q are

simulated)
CS33 | CS33
n PDF CS?2 CS3 D BU Cs4 CS7 | CSs11
Normal | 0.279721| 0.286847| 0.273731| 0.26434 | 0.270651| 0.349616| 0.382695
Triangle | 0.272055| 0.276187| 0.264941| 0.257247| 0.262579| 0.340941| 0.374475
Uniform | 0.418275| 0.397468| 0.385301| 0.398063| 0.352257| 0.421594| 0.504305

The COV values from n analysis are lower than tl@VGralues from n and Q

analysis Approximate values to theOV values suggested in théelature (Table

3.21) are observed when uncertainty analysis is applied for@atindn jointly.
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Table3.21 Flow depth PDF and COV values based on literature

Variable ProposedPDF ProposedCOV References
SymmetricalTriangular,
Flow Depth o 0.2 (Johnson, 1999)
distribution
Flow Depth Normaldistribution 0.23 (Liao et al., 2015)

All distributions are rejected when uncertainty analysepiglied only for n (Table
3.22. In contrastGammaandLog-normaldistributions are accepted for flow depth

when uncertainty analysis is performed jbirfor both n and Q (Table 332

Table3.22 PDFresults for flow depth for each cresection (n is simulated)

n PDF CS2 CS3 |CS33BOCS33BY CS4 CS7 CS11

Normal | Rejected| Rejected| Rejected| Rejected| Rejected| Rejected| Rejected

Triangle | Rejected| Rejected| Rejected| Rejected| Rejected| Rejected| Rejected

Uniform | Rejected| Rejected| Rejected| Rejected| Rejected| Rejected| Rejected

Table3.23 PDF results for flow depth for each cressction (n and Q are

simulated)
n PDF CS2 CS3 |CS3.3BD|CS3.3BU| CSs4 CS7 CS11
Normal Log- Gamma | Rejected Log- Log- | Gamma Rejected
normal normal | normal
. Log- . . Log- Log- .
Triangle normal Rejected| Rejected normal | normal Gamma | Rejected

Uniform Rejected| Rejected| Rejected| Rejected| Rejected| Rejected| Rejected

The percentages are calculated between the flow depth values obtained as a result of
the simulation and the determinis flow depth value (Table 3.24This table
presents percentages of higher and lower values than the deterministicTigue
corresponding frequency histograms are provided in AppendixABen the
percentages are examinetl,is seen that 50% of the flow depths obtained by
simulation are generally higher than the deterministic flow depths. This situation is

observed even when only n is simulated, n and Q are simulated jointly, in different
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crosssections, and when input ha#fferent PDFs.This may imply thatsome
parameters to be dealt with in view of safety, sucfreeboards computed using
deterministic approaches would be underestimated according to the stochastic
approachTherefore, a more realistic decision can be nfaddydraulic analysis

and design by using a stochastic approach.

Table3.24 Analysis results for flow depth

A percentage A percentage
cs Variable Variable Accepted lower th'an the higher tha_n t'he
PDF PDF deterministic deterministic

value value
2 n N - 50% 50%
2 n T - 44% 56%
2 n U - 44% 56%
2 n, Q N, LN LN 50% 50%
2 n, Q T, LN LN 48% 52%
2 n, Q U, LN - 49% 51%
3 n N - 49% 51%
3 n T - 43% 57%
3 n U - 44% 56%
3 n, Q N, LN G 50% 50%
3 n, Q T, LN - 48% 52%
3 n, Q U, LN - 49% 51%
3.3BD n N - 46% 54%
3.3BD n T - 39% 61%
3.3BD n u - 43% 57%
3.3BD n, Q N, LN - 49% 51%
3.3BD n, Q T, LN - 46% 54%
3.3BD n, Q U, LN - 48% 52%
3.3BU n N - 55% 45%
3.3BU n T - 51% 49%
3.3BU n U - 45% 55%
3.3BU n,Q N, LN LN 52% 48%
3.3BU n, Q T, LN LN 50% 50%
3.3BU n, Q U, LN - 50% 50%
4 n N - 49% 51%
4 n T - 43% 57%
4 n U - 39% 61%
4 n, Q N, LN LN 51% 49%
4 n, Q T, LN LN 48% 52%
4 n, Q U, LN - 43% 57%
7 n N - 50% 50%
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Table 3.2 Continued

A percentage A percentage

cS Variable Variable Accepted lower th_an t_he higher tha_n t.he

PDF PDF deterministic deterministic
value value
7 n T - 44% 56%
7 n U - 42% 58%
7 n, Q N, LN G 50% 50%
7 n, Q T, LN G 48% 52%
7 n, Q U, LN - 42% 58%
11 n N - 50% 50%
11 n T - 44% 56%
11 n U - 43% 57%
11 n, Q N, LN - 50% 50%
11 n, Q T, LN - 48% 52%
11 n, Q U, LN - 47% 53%

As a concluding summaryggerally the analysis with mean n and Q values offers

a deterministic approach, whiestochastic approachimplemented with the Monte
Carlo simulationcovering possiblenultiple combinations of variables and their
mean valuesnstead of obtaining a value uncertain with the deterministic approach,
a wide range of results is presented by applying uncertaintysééo each input

with the stochastic approach. In this direction, variations from mean behavior are
captured by filling the gaps with the stochastic approach. In addition to offering
valuable insights into system performance, uncertainty analysis d&stach

approach) also provides crucial data for engineering design and knowledge.
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CHAPTER 4

SUMMARY AND CONCLUSIONS

Dealing with certain hydraulic variables is requirddr engineers in decisien
making, sediment transportation analysisdata processing, and casftective
designs.At this point, a stochastic approach is required since it explains the
randomness and distributions of variablds. this study, the probabilistic
performance assessments based on wiogrtanalysis are performefbr the
stochastic approaciMonte Carlo simulations used to investigate the uncertainty
underlying each variable for the stochastic approddte required number of
simulation cycles for each simulation is determined basdti® standard errand
time efficiency and the study is carried out withO0O00 simulation cycles
accordingly. The?DFandCOV assigned to each input in the simulation are defined
in line with the literature review. R programming is used to operat®trge Carlo
simulation The GOF testsare applied after conducting an uncertainty analysis. In
this study, the ChBquare test and Kolmogor@&mirnov testwith 0.05 and 0.1

significance levelsire performed.

The study is conduatkin two parts.in the first part,bed loadtransport rate and

Manni n g 0 s coeffciang areraeab/z=d for tii | Basin Turkey The four

branchesof the river are used with 5@ear and 50§ear return period flow rates.

Two methods are selected to conduct the uac#y analysis for the bed load

sediment rate calculation i.e.MeyerP et er a n dnd BvhgtéinBmewn

approache. The PDFs are assigned to the input vaded® together with a
recommende€OV. In the second part, the effects of the uncertainties dfE@-

RAS model input data are analyzed through output data by implementing Monte
Carl o simulation. The main channel Manni
are evaluated as input data, while the flow depth is examined as output data. In this
study, ssen different ri ver , Rutkeytaie calested ion T a K |
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implement the uncertainty analysis for the second part. To perform the Monte Carlo

simulation, the Normal, Triangular, and Unifordistributions areassigned for

Manningo6s roughness -nomaltidtibuton isasdignedforhi | e t he
the flow rate. To monitor coefficentandlfloect s of Ma
rates epar ately, Manningds roughneasingleoef fici en

uncertain variable and then both of them are presented to the model as multiple

uncertain variables.
The following results are obtained throughout the study:

1 The results of the undainty analysis conducted for bémhd rate showed
thattheBetaandGammadistributions are observeuth the analyss carried
out by theMPM and EB approacksf or Mi L. i - Basin

1 Although the results vary regionally, generally 50% of the stochastic bed load
rate values are higher than the deterministic bed load f@tesearly all
simulations with both approaches. Additionally, the rate of being greater than
deterministic values is higher than 50% for some rebylissing 0.£0Vs.

1 TheCOVsf or Masmnoaoghness @oefficierghow parallelism with the
distributions siggested in the literature.

1 TheCOVsfor flow depth are ihine with therecommended valuesiggested
in the literature

1 All distributions are rejected for flow depth when uncertainty analysis is
appliedonlyfoMa n ni n g 6 s coeffwiang Wherea&anmaandLog-
normaldistributions are accepted for flow depth when uncertainty analysis is
performed forMa n ni n g 6 s coefficierg aml dlavsratgointly for
Tak!| Erdekr e

1 The50% of the flow depths obtained by simulation are generally higher than
the deterministic flow depths. This is an importanbgduct of a stochastic

approach in view of safety requirements in open channel design.

Conducting similar analysegith mainly fine sedimestandusingdifferent bed

load transport rate equations niaya topic for future research.
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APPENDICES

A. Distribution Fittings of Bed Load Rate (MPM)
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B. Distribution Fittings of Bed Load Rate (EB)
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C.Distribution Fittings of Manningds Roug
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D. Distribution Fittings of Flow Depth
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Figure D.5 Distribution fitting for flowdepth CrossSection 2 (n: Uniform
distribution)
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Figure D.6 Distribution fitting for flow depth Cros$ection 2 (n: Uniform
distribution, Q: LogNormal distribution)
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Figure D.7 Distribution fitting for flow depth CrosSection 3 (n: Normal
distribution)
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Figure D.8 Distribution fitting for flow depth Cros$ection 3 (n: Normal

distribution, Q: LogNormal distribution)
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Figure D.9 Distribution fitting for flow depth Cros$ection 3 (n: Triangular

distribution)
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Figure D.10 Distribution fitting for flow depth CrosSection 3 (n: Triangular

distribution, Q: LogNormal distribution)
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Figure D.11 Distribution fitting for flow depth CrosSection 3 (n: Uniform
distribution)
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Figure D.12 Distribution fitting for flow depth CrosSection 3 (n: Uniform
distribution, Q: LogNormal distribution)
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Figure D.13 Distribution fitting for flow depth CrosSection 3.3 BD (n: Normal

distribution)
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Figure D.14 Distribution fitting for flow depth CrosSection 3.3 BD (n: Normal
distribution, Q: LogNormal distribution)

95



39% 61%
| |

0 _
a Deterministic flow depth i8.94m. — j {;(z;rrrnn
AT ==+ gamma
7 1 | A‘
& | /’ )
> 7 *
[a}
0
o
N k
o
f T T T 1
30 35 40 45 50
Flow Depth (m)
Figure D.15 Distribution fitting for flow depth CrossSection 3.3 BD (n:
Triangular distribution)
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Figure D.16 Distribution fitting for flow depth CrosSection 3.3 BD (n:
Triangular distribution, Q: LogNormal distribdion)
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Figure D.18 Distribution fitting for flow depth CrosS$ection 3.3 BD (n: Uniform
distribution, Q: LogNormal distribution)
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