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ABSTRACT

Wat er resource designs based on flood are perfect exanples of

deci si ons under uncertainty. Three types of uncertainties may
exist in a flood design problem- when the classical nethod is
used. These are natural, paraneter and nodel uncertainties.

To reduce the paraneter and nodel uncertainties, the Bayesian
procedure has been used. Three common probability distributions
(normal, |og-normal, and exceedance) were considered. To reduce
the paraneter uncertainty, the Bayesian procedure was applied to
these three distributions to give the correspondi ng Bayesi an
probability nodels. To achieve this objective, flood di scharge
data col | ected fromGassol gaging station we re taken as the sanpl e
information while flood di scharge data from el even ot her sel ected
gaging stations in the same honmogeneous area as Gassol in Upper
Benue River Basin were considered to be the prior (regional)

informati on. Natural uncertainty is al so reduced by this proceedure.

To reduce the nodel uncertainty, Bayesi an procedure was al so
applied to estimate the marginal |ikelihoods of the three nodels.
Resul ts showed that only the exceedance nodel fits the flood
di scharge dat a.

Conpari son of the classical nethod with Bayesi an nethod shows
that Bayesi an nethod predicts higher flood di scharges than the
cl assical nethod. A so conparison of the regional (prior) method
(only in the case of exceedance nodel) shows that the Bayesian

net hod predicts |lower discharges than the regional infornation.
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1
CHAPTER 1

INTRODUCTION

1,1 DEFINITION

A flood is an unusually high stage in a river that can
cause damage to adjacent area, Large monetry damages, loss
of lives and properties are often encountered whenever a
flood occurs,

In water resources planning the hydrologist's mzain
function is analysis that lead to engineering decisions.
Such analysis is usually connected with the fregquency of
occurence, the maximum stage reached, the volume of flood
water, the area inundated and the duration of floods., The
decision variable is not a hydrologic varizble, but a2 general
engineering varieble like the height of a dike or the size
of a spillway., Thus the separation of hydrologic anzlysis

and economic analysis cannot occur if efficient designs are

‘to be obtained,

FLOOD FREQUENCY ANALYSIS

The flood frequency analysis (the estimation of the
relationship between the magnitude § and the return period T)
which is a central protlem in applied hydrology is usually
carried out using the following methods:

(A) analysis using a historical record of discharge at the
site in question,

(8) analysis using regional information or data from other
statione in the same homogeneous basin.

(C) relationship between rainfall and discharge,

(D) Two stztion comparison,



The first of the above metheds is the most popular and is

referred 1o here as the classical method of analysis, The

procedure normally used in this pethod is summarized {Wood and

Rodriguez-Iturbe, 1975a) as follows:

(1)

(ii)

(iii)

(iv)

Cbserve a historical record of flood events, the length of
such record averages 40-50 years and in many cases is

much less.

Pick a generating process or probability density function
thet seems reasonable, For eXample, Gumbel distribution,
normal distribution, log-normal distribution, Pearson i{ype
IIT distribution, log~Pearson type III distribution, Poisson
process, Binomial and multinermial distributions.

Estimate the parameters of this underlying process from
historical record. For example, mean discharge, variance
and skewness using maximum likelihood estimate (MIE) method
or method of moments,

Make inferences about the occurences of future flood events.

However, there exist a number of sources of errors in numbers

{ii) and (iii) which are also grouped into the following three

categories (Benjamin and Cormell, 1970):

(a) Natural uncertainty which is determined as the uncertainty

(b}

inherent in the natural generating process, due to the
randomﬁess of the strezam flow process. |

Parameter (statistical) uncertainty which is aésociated with
ihe estimation of the parameters of the model of the stochastie

proceés duae to limited data.

(e) Model uncertainty which is associated with the uncertainty

that a particular probvabilistic model of the stochastic

process may not be the 'true'! or best method,
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- Often the clussical analyst takes care of these uncertainties

by means of some artificial mechanisms such as adding a safety
factor o the design variable, designing for the largest possible
event oxr using some other methods which cannot be related to
meaniful economic {or social) preference criterion,

The Bayesian procedure which aliows some sources of information
(for example, historical record and regional record) to be used is
therefore proposed 30 as 1o reduce both parameter and model uncer-
tainties.

In Regional frequency anzlysis, a statistically homogeneous
bagin is determined. Within such basins, the resulis of point-data
analysis can be averaged fo represent the frequency characteristic
of the entire basin, Thus, the average probability curve so obitained
is applicable to the whole basin (Chow, Ven-Te, 1964)}. Usually
multiple regression analysis is employed. Thus, from the multiple
regression equation so obtained, the discharges at other stations
where there are scanty or short record are estimated, This method
is atiragtive in its empiricism, but estimates obtained are usually
subjeet 1o large sampling variance.

The rainfall and discharge relationship, despite its popularity
in the early days of scientific hydrelogy, is still inadequately
developed even in principle (Cunnane and Hash, 1973), The synthesis
of a rainfall~agpount-duration frequency relationéhip and a method
of converting rainfall into discharge is by no means triviel, except
when the model for the latier operation is the rational method,

In the two station comparison (Viessman et al, 1977),
regreasion techaivue is frequently employed ito extend short records
if significant correlation exists between the gaging station of

short record and & nearby gaging station of longer record.



The reliabiliiy of such method depends on the correlation
coefficient and the length of the concurrent records, If
the correlation coefficient is low and the concurrent

record is too short, the method gives unreliable results.

LITERATURE REVIEW

Shane and Graver,{1970),were the first to propose the
use of both regional information from regression models and
historical at-site information in flood frequency analysis
and the resulting engineering decisions., The objective in
that work was to combine estimators from these two sources,
Wood, (1973} ,compared the Bayesian procedure with the
classical method (Meximum  Likelihood estimate) of estimating
parameters of an exceedence model in & cuase whare the historicel
data was short, The comparison was based on the historical
data obtained for a river in the Worthweastern United State.

The prior parameters of the exceedance model were
estimated from regional frequency znalysis carried out in 36
other U.S. Aiver Basins, The result of his studies indicated
that the Bayesian procedure is superior 1o the clessiecal
method in reducing parameter uncertainty. .

Wood and Rodriguez~Iturbe,(1975a), 2pplied the Bayesian
proceedure to the Normal, log-~Normal and exceedance distributions.
The result of their analysis indicated that both the normal and
log~normal distributions are transformed into Student t ~
distributirns. In case of exceedance distribution an approximate
exceedance model was developed using Bayesian procedure,

These madzls take into consideration parameter uncertainty.
o

S



The Bayesian procedure was also applied to the same three
distributions {normal, log-normal and exceedance) as if they were
competing probabilistic models, Wood and Rodriguez-Iturbe, (1975b)
arrived at a composite model which was obtained by cowbining the
above ihree models. The composite model reduces the model
uncertaioty. |

These analytical derivations were applied to the Blackstione
River at Woonsocket, Rhode Island in U.S3.A., The rasult of the
studies indicated that 1% 1s safer to base engineering decisions
on Bayesian procedure than the classical method,

Vicens et al, {1975) also applied the Bayezian procéduré té
the normal distribution and showed that the Noxmal distribution
is transformed into a2 Student = t model. They zlso showed that
the marginal distributions of the mean discharge, n, and tha..
variance, 0'2 are Student - t and inverted gamma ~ 1 distributions
respectively. Tt was also shewn in the paper that the prioxr
parameters could be estimaied from the first and second memenis
of the marginal distributions of n and 62, bnalytical expressions
for the parameters obtained by using the momenis of these marginal
distributions of n and o° y resulied inic equations inveolving
the expectations and variances of p.and<$2 given the regional
information.

The analytical resulis were applied to Pemigewasset River.
at Plymouth, New Hamsphire, U.X. The result of the studies of

Vicens et a1,(1975) indicated that the Bayesian procedure, which
allows the combination of both historical at-site receord and the
regional inforration gignificantly reduces the parameter uncertainty

of the model when the historical record is shoxt.



Qdusote (1989) performed resmional frequency analysis on Ogun-
Oshun - River Basin in Nigeria, using regression analysia and he

arrived at an equation of the form: : -
Q‘mi = a .&i Li i o :! 0.-0--.0-..0----000(111)

relating Mean Maximum Annual fleod discharge, Qg  to the physiographic
information - drainage area, A, and the main stream length, L.

In equation (1.,1) i is the station number while &, b, ¢ are
regression constants to be determined,

Benjamin and Cornell, {1970) stated that when g is & function
of varisbles Xy Xp «»e X, and if X1, Xpees Xj have & high linear
dependence, then the expectation &#nd variance of g should be found
using Taylor's first order and second order approximations series

Iespectively.

144 : ' OBJECTIVE

In some of the gaging stetions of the river basins in West Africa,
there are virtually no historical records and if they exist, the records
are often scanty and of short duration., Classical method of flood
fieqpency analysis cannot be used at these stations due to limited duta,
The use of Bayesian analysis or procedure which can combine both
regional information or other sources of information and the limited
historical data will give & reliable result, That is, both parameier
and model uncertainties are greatly reduced,

© It is hoped that this work will ccmplement the work earlier
initiated on the area {Upper Benue River Basin in Nigeria) by Ogbuli
(in print) on the use of regional fregquency analysis,
. The objective of the analysis {Classical or Bayesian) is to predict

flood discharges with return period greater or equal to ten years,



1.5 . SCOFE OF WORK

The areas covered by this thesies are arranged as followi~

In section {1,2) of this ﬁhépter, various traditional methods
of flood frequency analysis were discussed together with their
limitations. The awnthor finally proposed the use of Bayesian
method of analysis since it can combine the historical data with
other sources of informetion.

The major part of this thesis have bheen devoted to the
derivation of analytical expressions for reducing paramster and
model uncertainties as well as their agpplications to River Taraba
at Gassol in the Upper Benue River Basin in Nigeria,

The author has cheosen regiopal information as his other source
of information apart from the historical data and theresfore an
auxiliary work has been carried out on regional frequency analysis.

Iy chapter two models have been derived for reducing parameter

upqeftainty for three selected distributions, namely: normal, log~
ﬁormal, and exceedance distributions. For each model, the estimation
of the postericr parameier inveclves as a first sitep, the estimation
of sample parameters and secondly, the estiimation of prior parameters
using regional information, Also the classical method of estimating
the parameters of the models (using maximum likelihood estimate
method) have been presented,

In chapter three, description of the Taraba River Basin and
Gassol gaging station, frequency analysis of the twelve gaging
stations, homogeneity test and theoretical multiple regression
analysis have been presented. The application of the mumliiple
regression analysia for the estimation of the mean and variance

of the flood discharges for the three chosen distributions using



the regional information from some selected gaging station records
in Upper Benue River Basin in Nigeria are alse presented,

Chapter four deals with the application of the analytical
medels developed in chapler two to River Taraba at Gassol gaging
gtation in the Upper Benue River Basin in NHigeria.

Throughout the ecalculations, the Gassol gaging station record has
been used as the sample record., Also for each of the three models
a graphical comparison of the Bayesian method of flood frequency
analysis with ihe classical method of flood frequency analysis
have been presenied, : e

In chapter five, sections 5,1 and 5.2, the analyfical
derivation of expressions for reducing the model unceriainty have
been presented, These result into & composite model which reduces
both perameter and model uncertainties. Section 5.3 of the chapter
deals with the applications of the analytical expressicns derived
in sections 5,1 and 5.2 to the River Taraba at Gassol in Upper
Benue River Basin, The composite model which consists of the three
selected models was found to result into only the exceedance model,

The discussions and conclusions/recommendations drawn from

the studies are presented in chapier 6 and 7 respectively,



CHAPTER 2

PARAMETER UNCERTAINTY FORMULATIONS

2,1 DEFINITIONS OF DISTRIEUTIONS AND STANDARD FUNCTIONS

The following distridbutions have been widely used in this
work and their definitions and moments are as given (Raiffa and

Schlaifer, 1961) below.

2,1.1. Gamma - 1 Distribution

The gamma-1 normzlized density function is defined by:

£, (zlr, y) = exp(-yz)(yz)™ Z20
¥1 v i ¥s r'ﬁo}.....(zn.m)

where r, y are the parameters and z, the dependent variable,
Its first twe moments are:

»n =

.....l......l.'.."..l.(2.1.02)

) Ll2 = -uo-ooo-a--o..o.-ooo-n(2.1n03)

(PR

- O - Gamma = 2 Distribution

The gamma-2 normelized density function is defined by:

o (elys W) = e (B we (T we }5.(2.1.043

(v - i B30

where y and v are the parameters, and z, the dependent variztle,

Its first two moments are:

)L‘ = .....................(2-1-05)

@i

”2 = !OO.'Itlt.l.uo.a‘....(2.1¢06)

o
18
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2.1.3 Inverted Gamma — 1 Function

The inverted - gamma — 1 normzlized function is defined

)r+1

£399 (try v) = Exp (/%) G/t 1 e | eesee(2:.3:07)
(r - 1) ¥ T,y >0
where r, y are the parameters and t is the dependent variable,

Its first two moments are:

p1 - _!___ aoltcc!’.lto-0000(201008)
r =1
’12 = yz 0.-...-nCc-nl..t.(201l09)

(z~1)° (x-2)

N Y Inverted Gamma - 2 Functions
The inverted gamma - 2 normalized density function is

defined by:
Ly (s, v) = 2 exp(-3ws?2) (3 iy ™ “”"} veeese(2.1.10)
(3 v-1)1 (3 ved)? * mee

where 8, v are the parameters,

Its first two moments are:

Moo=, 'l'zv ﬁv-.z’h)!

V>1 SrEEE TR R RN (2t1l11)

(2v =1)2
)12 - 82.!_.... - }112 v—>2 ssassaasassse (2.1.12)
v=2
2,154 General Student Function

The general or non-standardized student density function

is defined by:
o

is (zlm, Hy, v = L Iy (zlm. h H) I‘I? (hh. v) dh ... (2,1,13a)
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~4(v+1)
2
- .%;)_[ v+ (2 -m)] N T CA L )

where m, h are the parameters (that is, mean and precisions)

v is the No, of degrees of freedom,

-w.éz-éoo

H, v>0
The equation (2,1.13b) can be transformed to give
21 —2w1). 3
fa(z[m, H. V) = —-——-—1 [ 1 +% (' -'l!) ] [ﬁ] ‘l.la.l(2l1.13°)

B(3, 3v)

The first two moments of the Student density function

are:
u‘] = n '}1 oo-.oou--(201o14)
la.._.‘L.... v =2 uo--a---i(2o1o15)
Y2 T % V=2
2.1.64 Poisson  Distribution

The Poisson normalized mass function is defined by:

fp (xlm) =  exp(-m) &%, r =0, 1, 2, cecsces (241.16)

rl m >0
where m is a parameter and r is a variable,
Its first two moments are:

].11 = m aresbsaan (291017)
“ssersnay (2.1| 18)

2:%:T» General Normal Function
The general or non-standardized normal normalized

density function is defined by:

Py (zlm, B) = -Fj—zi exp [ ~ 4 (M)2] [ weeeee (2.1.19)
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where m, H are parameters.

The first two complete moments of Normal Function are:

n1 = m Srasesensena (2.1020)
112 = ;_ Sarassansnsns (2.1-21)
2.1.8, Standardized Beta Function

The standardized beta normalized density function is

defined by:
1
r«s} (Z.Ip, ‘l) - Btp,q)
Py 9>0

where p, qQ are parameters and B(p, q) is the complete beta

2P (1-z)q;1 o<z <1

].......(2.1.22)

function defined as:

B(pl q) = gt‘Iz; gs‘12= Sesssnssnnne (2.1-23)

(p+a=~1)!

The first two moments of the Beta function ares

nj “ ﬁ Basssanaanse (2.1.24)
= Pq -
(M)z (P"'q-'l) sessssssans (2.1.;3)

Gagme Function,

2.,1.9 The gamma function is defined as:

k=1
o = Zo . & WK anEsenvew: [2:1:56)

For the values of k in the above integeral, the gamma function

is defined ass

m - (k-1)1 Esssaaanee (2I1l27)
In the special case when k = %, then

B = (@n = x2 sesscceese (2.1426)



2,2

13

PARAMETER UNCERTAINTY - GENERAL PRINCIPLE

Bayesian inference lays its foundation upon the fact that states
of nature can be treated as random variables (Wood et al, 1974 .).
Considering annual flood discharges, the mean p, is a random
variable distributed with a sample mean m and variance 32
estimated from the available information, Usually the available
information is the historical record, However, other sources
of information may be used, An example of this is the regional
information,

Supposing one has a set of historical data, Q of annual
flood discharges which is assumed to come from the probability
model, fq(q\e), which is conditional upon the uncertain set
of parameters 8,

Thus Q and © are defined respectively as:

A R sunsunnanona (2000

o = {91. 6,, 05  oes en} saseansenis ()

Baye's theorem provides a means by which the prior
distribution of the parameter set © can be updated by the
data set Q to provide posterior distribution of & (Wood and
Rodriguez~-Iturbe, 19752) namely:
me) = m(e]e, 1) = £ (6.1 (8]I1) T sevnrerreenes(202.3)
where:
m (8) = f (o], Io) -~ Posterior density function
for @ conditional upon & set of data @ and information Ig.
£ (el6) = L (8]e) - sample likelihood function of
the parameter set, conditional upon the observations (or the

probability cf the observations given the parameters)
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f '(B/Io) - Prior density function for 6, conditional upon
the initial information,

K = normalizing constant.

If future observations QF are available, Baye's theorem can
be used to update the probability density function on ©, In this
case the former posterior density function for @ now becomes the
prior density function, since it is prior to the new observations
or the utilization of new data, The new posterior density function
would have been obtained if the two samples Q and Qp had been observed
sequentially as one set of data,

One is concerned about making a specific engineering decision
involving the frequency of the flood discharge q. Thus, the inferences
about q should reflect the uncertainty in ©, This is done by applying
compound distribution theory in a Bayesian procedure, This
procedure results in the EBayesian transformed form cf the distribution
(Benjamin and Cornell, 1970) for flood discharges q, This transformed
distribution is found by:

Tq) = { £0(a]8)e £ (8) 40 surererrsrnscrssrssascnsasa(24204)

wheres

T(q) - Bayesian transformed form of the distribution of the
flood discharges now parameter free,
This resulting probability density function includes the natural or
inherent randomness of the stream-{low process and the uncertainty
about the parameters (Vicens et al, 1975). It can be viewed as a
weighted average of the model prcbability density function with the

posterior probability density function of the parameters as the weights,
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In making inferences on flood discharges, it is important to

use the Bayesian transformed form of the distribution for g, f(g),

as opposed to the probabilistic distribution for g, £(c|Q¥) with
the Bayes estimator (or any other point estimator) for the parameter
set ©® because using point estimators for uncertain parameters
underestimates the variance in the flood discharges q due to those
parameters (Wood and Rodriguez-Iturbe, 1975a).

The Bayesian transformed form of the distribution for flood
discharges will be derived for three selected probability distributions

Namely: (1) Normal distribution (2) Log-normal distribution and

(3) Exceedance distribution,
To obtain this aim three relevant models were constructed.

The normal and log-normal models consider the anmual series of
flood discharges, which is made up of the largest flood discharges
in each year, The exceedance model considers the partial duration
series of flood peaks above a 'bzse' level, However, since partial
duration series and annual flood series are virtually identical above
2 frequency of about the 10-year flood (See Teble 2,1)

Lengbein,(1949) and Wood,(1973), the use of the annual series for
the prior was considered to be adequate for the example studied,
Thus the base=level discharge corresponding to a return period of

about 10-years is chosen for the exceedance model,
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Table 2,1: Relationship Between Keturn Period By the

Partial - Duration Series and the Annual Series

Recurrence Interval Recurrence Interval
in Years by in Years by
Partial-Duration Series Anmual Series
0,50 1,16
1,00 1.58
1.45 2,00
2,00 2.54
5.00 552
10,00 10,50
20,00 20,50
50,00 50450
100,00 100,50

After (Langbein, 1949)

2.3 PARUICTER UHCERTAINTY FOR HORAL M02TL
Cedel Density Funciion ani Liselihood Function

Supposing a normal distribution generztes random

varizbles say q4, Gpeanty then referrinz to eguation (2,1.19)

the probaoility density function is given by:
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. (qlp,,h) = (21t)'i exp [-%b(q - 11)2]. hi’ - 00¢q <00)ss(2:3.1)
- 00 < y<00)
h>o
where n is the mean anmual flood discharge and h is the precision,
Referring to equations (2.1,20) and (2.1.21) the mean flood
discharge, p» and the precision h are given respectively by:
E(glu, n) = 2 sesshasesvenaniansnes (2+3:2)

V(thg h) = % R (2.303)

The likelihood of observations 4 , eeed 4 q, on a
r ’ ’

normal distribution is
L (n. hIQ) = ‘ﬁ' f(qilu, h) B T T R (20304)
i=1

where -fi- f(a;)my ) = £(ay|me B)e flaylne 1) oue £{q |ny h)
i=

= (270-& exp [—%h(qpu)z] n?, (2104" exp [-éh(q?-ﬂ)z]hj"---
(20 exp [Bnla,_0)?] n¥. (202 exp [-in(a )% ]n?
L(nhle) = (202 exp [ £, (a,12] o 12, eeeeene (2.305)

where n - number of observations in the sample Q,
Let us introduce the following statisticss

m =- +the mean of the sample

W = the variance of the sample

v - the number of degrees of freedom, defined as:

i
m = ]
n 1%1 i IR AR AN R EREERNENNEREN ] (2.3.6)

w = '51__1 121 (qi-m)z Sesssdssssdsssnens {20307)

Y = n=- 1 FERERTRARAREERRERRRES (2-5.8)
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The expression in exponent in equation (2,3.5) can be

expanded as:
exp [0Z (%] = exp{ 30 [@a)? 2(a) + m?]}
-exp{-éh [n 2 (Eqi) - 2n, = ):qi n+an ] ]’ vivos (2:5:9)

Substituting equation (2.3.6) into the right side of egquation

(2.3.9) gives:

exp {-I-ﬂn)'_'(qi-u)z}- axp{-%b [(a)? - 2(zm) p + nnz]} eeses (243410)

On addition of 2nm2 and - 2rnn2 to the right side of eguation

(2.3.10) and rearranging
exp {-}h‘f_(qi n) }- exp {-&h [(nm) - 20° 4 2B = 2nmp + np' ] ]'
ﬁ@{-ﬁl[(m)z-h(m)-tmz-rm -2m;1+np.]}.. (2.3.11)

From equation (2,3,6) mn =Lq, thus substituting this in the

above expression gives:

exp {-30(a-)? } = exp [ [(Ta,22um; + m®) + (ma~cmopers®)] }

exp {-ihi(qi' P)z} - up{"]"h [ ==)% + 2 (a- “)2]}"' (2.3.12)
The right side of equation (2,3.12) can be further modified

by multiplying and dividing the first term by n = 1 to give:

exp {30} (9, - ) 2} = exp {-ish(n- 1 )'z:(g;‘_-_llcn_)2 - 3n(n - 11)2}--(2-3-13)

=
Substituting equation (2.3.13) into eguation (2.3.5) gives:
L(u, bIQ) = (2X)™V2 exp [=#n(n-1) z (o, = m)? /(n=1)]sexp [n(a—se) ZJn 2
ee(2:3014)
Substituting equations (2,3.7) and (2.3.8) into equation (2.3.14)
gives:

L (n, hiQ) = (21')-13/2 exp(-3hwv). exp [-ﬁ&m(m—ﬂ)zl.hnlz cinave 12:3:15)

The Kernel of this function consisting of terms which vary

only with the unimown parameters (n and h) iss

exp(-zhwv) exp [-th(m- n}zlhn’/z‘hiexp(-ﬁhw). exp[-lshn(m—-p)z].h(n'ﬂ/z
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Substituting ecu=tion (2,3.8) in the power of 1-st term of the
Kernel fvnction.
v/2
L (JJ-. th) = (ZI)-nfz hi’ e)‘.p(-%hw). e!p[-éh.n(m- 3)2]. h -0(203-16)

Thus from eguation (2.3.16) results that likelihood function is

proportional to the expressions

L (p, hiQ)oC hi . €Xp [—"h%l (m-n)z] e €Xp [-'b'g!-]. hwi2 eone £2:3:17)

From equation (2,3,17) it can be deduced that (a) the Kermel of
the marginal likelihood of (m,n) is:

hi . exp [=*hn (um -n)2 Jeseecereseeaseannsancncenes (2.3.18)

(b) While the Kernel of the marginal likelihood of (w,v) is:

hV/zo Bxp ['%WJ (R R R N R R N NN (203t19)
24342 Distribution of { n,h)

When both parameters of & normel model are unknown and are
to be treated as random variables u and h, the most convenient
joint distribution of the two variables, that is, the natural
conjugate of equation (2.3,16) is a Normal-gamma distribution

(Raiffa and Schlaifer, 1961), defined as a product of £y, and £y,
IH‘ (n' hlm' Wy Tiy V) = fN (}llm, hn). fsz (hlw'V). assames (2.3.20)
Following from equations (2.,1.19) and (2,1.04) respectively,

( 2 (-] I 1)
fN J.I.Im’ h.n) = (2K) . Bexp ["ﬁ‘hﬂ m-u) * hn ssssnnsne (2.5-2

Where product hn = H, That is, we say that the information H is

equivalent to n owservations on the normel model,

£y, (nlw, v) = exp [—dwwn]. (i«wvhﬁ"’ o« WV ceecvesee (2.3.22)
(3v - 18
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Thus from equation (2,3,21) by considering only terms involving h,

it can be deduced that:

£y (n|m, hn) & ha“’ ‘o eXp [-éhn (m - 3)2] sssssese (243423)

Similarly considering only terms involving h it can be deduced from
equation (2.3.22) thats

t’2 (hl"' V} oc:' h i « EXp [-éhuv 1 Besssssansrsssnsn (203.24)

Substituting relations (2.3.23) and (2.3.24) into equation

(2.3.20) gives:
£y (1»y hjmy, wy ny v) OChi. exp [—-}-21 n(m-n)z]. wir, exp[~3hwv e of2.3425)

Thus if the prior distribution of (m, h) is Normal-gamma with
parameters (m', n', w', v'), then equation (2.3.25) implies thats
.
f'uy(n' hlm' , W', n', v*')oC h"". exp[-&hn'(ul-n)z] ,1&'—1 .exp[-iﬂ'lwfv‘}..(i’.}.%)
If the prior distribution of (m, h ) is Normal-gamma with
parameters (m',n',w',vY) and if a sample then yields a sufficient
statistics (m, w, n, v), the posterior distribution of (m, h) will
be Normal-gamma with parameters (m", n", w"', v").
Following the same form as in equation (2.3.25).

o (20 blaty o, o7, v)o 12, exp [<dhnt(are1) 2 ® ~laxp [anwrer]
.b.(2.5.2?)
Collecting similar terms of eg (2.3.27) together gives:

f“ms (»n, hlm", W'y ", V")°Ché- h%v"-z exp {-%h [n“(ln"z-an"ni-nz)-l-ﬂ‘"v”_]}
eee(2:3428)
But from eguation (2.2.3)

anB (-“o h]m"t W', ", V") = L(ilv hIQ). f'n-x()l’ hlm' sw!,n’ ,v')/k..(2.3.29)
Substituting relacions (2.3.17)and (2.3.26) into equation (2,3.29):
fyg (o Blat, 0" v") oC{b?, exp [~bhn(m- 2)? ] sexp [-2nw]n"/? ],

{h’. exp [~%hn'(a* -n)z-_’ . %v'-—l exp [—ihw'v']} sases (2:3:30)
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Collecting similar terms together, the right side of relation (2.3.30)

becomes:

nf * 3 Y2221 o ln(a - ) <o = 3t (= )2t ]

or
h%(v-rv‘! exp {-éh [n(m2-2m+p2) +vw + n'(n' - 2m p+n2) + w'v‘] }

Thus relation (2.3,30) becomes:
L (3, hjm" ,w" 0" ,v") hé(vw:)exp {-l)h [n(m2-2m1+ n2) VW +
n' (m'=2m' u+n2 +w'v']}..(2.5.31)
Since the left side of relation (2.3.28)and {2.3.3!) are the same,
it means the right sides of both equations are identically the same
and hence
hi(v"-1.)exp {-ih [n" (m"z-em" 1.1+u2)+ Wy ] }
- hi(vw:)exp {-ﬁh [n(mz-Zm p+ 1) +wven’ (022" 1+ 3°) +'v'] ]...(2.3.32)
Comparing the coefficients of n° in equation (2.3.32) impliest
™ = n + n susssnsunresanssrsessks Se35)
Comparing the powers of h in equation (2,3.32) implies:
My =1) = Hv' +v)
v = v o+ v o+ 1 ....................(2.3.34)
Comparing the coefficients of p in equation (2.3.32) implies
"o = mm + n'm'

" = nm + n'm' .-t000.-..0.-.0..-0(203035)
n'

Comparing the constant powers of the exponent

2 + Wiy = nm2 + WY + n'n® 4+ Wiy

n"'m"
w o= v [(m® s W) + (a'm'? + wiv') = nw? ] L...l(203.36)
The corresponding equation obtained by (Wood and Rodriguez~Iturbe,
19752) for the value of m" was
" = 1/20" fn'n' + m] .
Thus an error has been detected here because the correct velue for

w" is as given by ecuation (2.3.35).
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The Bayesian distribution of the annual maximum floed q can
be determined from equation (2.2.4). If the posterior density
function of the parameter p and h is normal gamma as defined by
equation (2.3.27) with posterior parameters as proved above and

if the distribution is normal with mean p and precision h, then
fQ = fgng (qlll, h)o sz ()J.’ hlm", \f‘,n",?") d}l dh ..--0..(2.3.3?)

(Wood et al, 1974) suggested that the Bayesian transformation of
the normal distribution is the Student-t distribution with

parameters as follows:

,5“{ £ (alm, B)e fiy(n, njat,we 0", v )dpdn = ?Q(qlm",ﬁ:—mw—...f')..(z.a.zae)

To prove this, the following procedure was adopied by the
author of this thesis,

Applying equation (2.1,132), the rizht side of equation (2.3.38)

can be evaluated as:

?Q (le“, '(2::7)7‘,"") = 20 fN(QIﬂf', h('ﬁ:?r?). fiz(h|1,v")dh..(2.3.39)

By applying the equations (2,1.19) and (2.1,04)
tylala* ) = (207 exp [Gm(aw)? ] B cevvrrenernnn(2.3.00)
feo (n[1,v) "'(21"7)—!{ exp [—‘;hv"] . (o), ﬁv"}......(z.z».m)

Substituting equation (2.3.40) and(2.3. 41) into equation

2e3 and d ti H \
(243.39) enoting = nn"+1 = gives:

%, (alot ) = ] (@07 a2, exp [dn(ear)? 2

exp [dnv'] . Gav) ™" dvman
(3v0-1)! veven(2.3.42)

= H(G)? . zo exp{ -ish[n(q-n')sz]].n*"""“* dh eeeeee (2.3.43)
(3v-1)1(X)

By making the following substitution,
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e = BB G2 sv ] SRRV o(2.3.44)

This implies that
du = % [H(q-m")2+v"]dh
or dh = {é ]:H (q - m")2 + V"] }_1 du o.o-ooto.(203-45)

ho=u{s[E@-2)+w]}’ ORI | B0 <,

Substituting equations (2.3.44), (2.3.45) and (2,3.46) into

* equation (2.3.43) gives:

?Q = Hé(é'v")w T exp [-—u]. {i [H(q-m")z g ]}-%v"-l%‘
(v"=1)1 (ﬂ)i 'mw-&{é[ﬂ(q'ﬂ")zdﬂﬂ} “Vau .. (2.3.47)

'EQ = B2 (av) 3" [% [ﬁ(qqn")z + V" ]}-kv"-!.r Zo°—u “w-bdu...(Z.S-ﬁ)
(v-1)1(2X)?

, = B0 @F T [ () 1RO P B )
(3w-1)3 (2m)?

Multiplying numerator and denominator of the right side of

equation (2.3.49) by (3v"=3)! gives:

g

7, = BN v [(e-am)ie 32 5 o8 B R, (203050)
(2v* = 1)} n? (3v - )8

Applying the equation (2,1.23) for p = % and q = 2v", the

following equation is obtained:

B(3, 2v") = (2=1)8(3v"=1)1 = (=2)1(3v"~1)} vecrcesceancnsa(2.3.51)
(3+dv=1)2 (3w - 24

Substituting equation (2.1,28) into equation (2.3.51) givess

B(3, 3v') = X2 (3w ~ 1)1
(3 - 3¢ Cereeeaes ves(243.52)
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Substituting equation (2.3.52) into equation (2.3.50) givess

T (alu i) = g [a(qt) v T2 e " u...nu(2.3.53)
B3, G - 2

The integeral re'“l uﬁ{v"-ﬂ) can be evaluated by applying the

(3" -3
general equation (2,1,26) with K = #v'+2, then K-1 = 2v'—% = &(v'-1),
so that Zo e ¥ Vay - TGw + 3 US——. X"
(3" - 31 G - 3!

Applying the equation (2,1.27)
TG +23) = v +3 1)l = (3 -3))

Substituting this in equation (2.3.54)
I" o2, 2(v'=1)
(3w - 3)1

Substituting equation (2,3.55) into (2.3.53) gives

du = (g«:-&): - 1 conusnsosLBeTu55)

Z (el 2 = B [e s n(ea)2 ] H N (2356)
B(%, 3v")
- H%(V‘" )Evu_(jul"%(v"'n) [1 + %(Q-mn)z }“"E(V"'ﬂ)
B(%, 3v")
H 2 y=2(v'+1) [¥" '5......(2.3.57)
= 1 [1 +j;,,(q-m") ] [-}T]
B(2, 2v")

Substituting for H

Tlala, ___ 0" v) = __] F i 1 (Q-n")a}-é{wﬂ)
(n"+1)""- B(3. %\"") n"+1  vwt .

[9_"_-!-_1_. Wyt ]"k sensaessnilndes8)

n!t
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n*

Substituting r = e

&, (g, & w) = 2 [1+z(ea")? J"l"(""*”.v"w']"’*’...(z.a.59)
- T ) o :
Since the equation (2,3,59) is a Student-t distribution

applying the equations (2.1.14) and (2.1.15) remembering that

- o .1
i= (A2

its first two moments are given by:

E(q) = v 1 esesees(2.3460)
via) = w [5:_—2 J [&’;;,-,i"—-’-] v >2 vecsese(243.61)

Thus inferences about future flood discharges modeled according
to normal distribution with unimown mean and variance can be made
from equation (2.3.,59), the Student-t model which fully accounts
for para.;neter uncertainty (Wood and Rodriguez-Iturbe, 19752).

The Stud;ent-t density function is similar to Normal density

function, but it has a larger dispersion than normal density function.

2.3.3 Estimation of Prior Parameters
A normal inverted gamma 2 pdf, which is the conjugate of

equation (2.3.75) is the convenient prior pif for » andg, This is
because when it is combined with the likelihood function, equation
(2.3.15), it yields an analytical tractable posterior pdf, Thus

the prior pdf is a product of a normel and an inverted gamma 2

(162) paf (Vicens et al, 1975).

£ n.g-lIn) = f'H(n]m',d[n‘é). fﬁz'(d'lw'%, 3 S—— W W)
where the parameters m', w', n', v' are estimated from prior

information I’R.

The marginal pdf for either of the two unknown variables n
and o can be obtained by 'integerating out! the other variatbles,
(Vicens et al, 1975) showed that in the case of normal and inverted
gamma~-2 (1y2) distributions, the resulting marginal distribution

for » is a Student-t distribution,
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(nl) = Zof'(n. oli)as = £ '(nlat, ﬁ:. V') seee(2.3.63)
wt
where £ '(n|n', n', v') is a Student-t distridution with

paraneters, m', w', n', and v', The expected value of the
student disiribution for p by applying the general eguation

(2,1.14) and (2.1.15) avre:

Eln |5g] = w vt eeees(2.3.64)
vie | L] = ::E‘-Z) v 2

The marginal distribution of ¢ is inverted gamma-2

distribution
f'(crlIR) - rr'(n, a'llﬁ)dp = r”z'(o'lw'i’, V') ceece(2e3466)

where fiiz(crlw‘%, v') is an inverted gamma 2 distribution with
parameters (w', v').
Applying the general equation of moments (2.1.11) and 2.1.12),

the first two moments are:

efel,] = wEae?. G -y savess(2:3467)
' (3 vt =12
0 B L

Introducing gamma function given by equation (2,1.27), equation
(2+3.67) can be written ast
efe|5]= Gv)Ew? a0l v 31 aei(2.3.69)
M (3v')

From ecuation (2.3.66), the marginal pdf for the normzl model

can be obtained through the theory of derived distributions

(Vicens et al, 1575)

rf(o’zlla) = rnz'(dz]:[ﬁ).l }o" = f151'(62]i1r'. Fvtwt)ees(2.3.70)
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which is an inverted gamma-] distribution, By applying the
equations (2.1.08) and (2.1.09) with = = #v', and y = 2v'w'

the expected value and variance of O 8 are respectively:

gl 2 ’ = ' = viw', 2 = vWw' v'>2 ,.(2.3.71)

k IH] (2v'-1) 2 v'=2 v'=2

o | ] = G = 2 4, 2
(iv'-1)2(i7'-2) 4 (v' = 2)2 (v'=4)

v[62| IR] = 2(v'w)? v 4 swernnnsnl2e3:72)

(v1=2)% (v'-4)
From equation (2.3.64), ' = E( n|Ig)
Dividing equation (2.3.71) by equation (2.3.65) gives:
3[0'2] ‘J = viw!' o n'(v'-2)
v [n [Ia] vi-2 viv
Thus

d = 3[6’21131 PPN ¢35 2 &)

Multiplying the square of egquation (2,3.71) by 2 and dividing

by equation (2,3.72) gives:

2 E2[62 !IR] = 2(v'w')? . (v'=2)2(v"=4)

v[e? |1z ] (v =2)2  2(v'wr)?
voo= 4 o+ 2=2[6%] 1) Sereereensannane(2.3.74)
v 6% |1z ]
Multiplying both sides of equation (2.3.71) by (v'-2) gives:

E[dleR]. v'-2 = V'w' n[v' -2
v! v'm2

W' o= [,,- -2 ] 2[0? | 15) swnianane a8 3UTS8)

v'
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The corresponding value of v' obtained by (Vicens et al, 1975)
wass:

v = 25021y
v(o?|15)

which is wrong because 4 should be added to the right hand side,

Hence equation (2,3.74) should be used as the correct equation,

2.3.4 ZEstimation of Expectation and Variance of p and 0'2

In order to solve equation (2.3,64)ard (2.3.73) through (2.3.75),
it is necessary to determine the expectations and variances of both
n and 62. To do this, the approximate moment of a function for the
multivariate case (Benjamin and Cornell, 1970) is used,
For the expectation of a function

Y = g(x.‘. 12. xji sew xn) aoo.-..-ao..--o(2.3.76)

(Benjamin and Cornell,1970) used the second order approximation of

the Taylor's series expansion and obtained:

2
e[y ]= g(l-ix1'ﬂx2’ ...,M&) +§g §£_iﬁc}73

where

L .cw(xi’xj) . (2- 3-7?)

X, x2 ese Xy are the independent varizbles
»

¥y is the dependent variable

Hx M eee 1 are the mean value of the varizbles
1 *2r *n
11 . xe . seny xn

2
a € is the mixed second order partial derivative

of g (x.l’ Xy ves X, )with respect to x, and X,

evaluated at M M . e M
- Xqs Xoy Lo
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If the variables Xq, X5, ses X,y @re uncorrelated then the
second term of the rizsht side of eguation (2.3 T}') vanishes, giving:

B[ Y]= 0y s Moy oee My ) SRR PR 8, 1% ).

In order to determine the variance of Y, for the multivarizte
case, (Benjamin and Cornell, 1970) used the first = order

approximation and obtained:

Va.r[ YJ—’_E g :’g -g-g: \m . fg} Ln o COV [ Xi9 xj] eeserse(2.3.79)

If x4 and Xy are uncomla.ted, then the variance of Y is simply:

V&[Y] i; {—E

For a special case vhere Y is a function of two variables

: \ra.r[ x; ] tevsesssacenannes(2.3.80)

x4 and X, equations (2.3.77) and (2.3.79) can be written

respectively ass
el ¥] 26(1'1;;1’ ¥x,) +§{§ J% ?:fml“. cov[ i xj].}..
= g(ﬂx_‘, sz) + Q{%?% 328

' | x4 0%
-Bl—zﬁﬁl me Cov [Xp, xq] + ) s lm.Var[ "2] } verernenen(2.3.81)
Var[ Y]-:i% jgl %x_i"m"%]m-(:ov[xi. xj]

ds

L) vl oS e b e [ x]

'3:_2 a 3—2‘ e cov [=, x) s [%;2— L]2 (2 70 [R—— N

mOVar[:q]d- i Lov [11'12] +

From regionzl frequency analysis (Odusote, 1989), the mean
annual discharge Qp is 2 function of both drainage area, A and the
lenzth of the main stream L, Substituting in ecuations (2,3.81)

and (2.3,82) givess
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30 ,-!:
8 [ )= @ (b, 1) + {0000 la s vee [) s Pyt il cov 5, 1]

2% 2
+WL= * cov [1, 4] +E%_lm evar [ 1] }.............(2.3.33)

where Ay and Ly are the mean values of A aa.nn:l L respectively.
Var [ud*fg-%{m]g var [ A] * g%—'m . ﬁflm * cov [ A, L]
# %%_lm% p— [1,4] + [%Im :\2. var [ 1 1 ceen(2i3i80)

From the regional frequency analysis (Odusote, 1989), the relation
between the discharge, Q, the drainage area, A and main stream
length, L is given by equation (1,1) as:
Q = a A" L,
where a, b and ¢ are constants to be determined from multiple
regression analysis,
When this equation is substituted into equations (2.3.83)

and (2.3.84) the following equations are obtained:

E [;;Q]-'_‘_a. nmb me + 3 {ab(b-ﬂ Amb-2 me . va.r[ A ]

b1 ~1 =1 -1
+ abe Am me . cov [ A, L] + abe Am me covl: L, -&] v
ac (c ~1) Amb me-z' var[ L] } siasasiaek 2. 5.08)
b-1 2 2 2b=-1 . 2¢-1 X
Var[ pq] = (a.b Am me) . vax[k] + 2a be .&m Lm ¢ cov [n, L} .
2
b c=1 . oa:o----o(203086)
(ac Ay Lo ) var[ 1.1
24345 Posterior Parameters

Having evaluated the prior parameters as described above, the
posterior parameters n", v', m" and w" can be calculated from

equations (2.3.33) through (2.3.36).
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These values obtained are then substituted into equation
(2.3.59) to obtain the Student- density function from which the

return period can be calculated,

24346 lassical Proced or Normal Model
The Maximum Likelihood Estimate (MLE) method is used to
estimate the parameters p and h, The normal distribution is
given by equation (2.3.1) and the likelihood function is given
by equation (2.3.5) as:

L (n nlQ) = (2R72 exp[-ﬁh g{(qi-n)z].h"/z

wnere h = cf-e

Taking the natural logarithm of both sides of equation

{2.3.5) givess
1 {1 1)) -2 1m(eM - dn F (o - w2+ 2 10 ()een (203.87)

Differentiating both sides of equation (2,3.87) with respect to

n and equating to zero.

Dln I"( shh’.)] = h (Q. -;) + 0 = 0
i 2

ﬁ = 1/!1 E qi -l---.ooa.a-otocpooo(2.5naa)
This is an unbiased estimate of n.

Differentiating both sices of equ-tion (2,3,87) with respect

to h and equating 1o zerc.

2
_%n[l.(u.hh;] = =% ‘él (g, =®) + %% =0
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g (a3 - })°

This is a biased estimate of h.

A
8 .u..o.............(2.3.89)

The unbiased estimate ish = _ n =1 - evesssesss(2e3490)
ﬁl(qi - R
=

A A
The values of the estimators p and h are substituted into
equation (2.3.1.) to gives

A

7y (a |pe b) = (2“‘0-!t exp[-2h (3 - 021 o5 eennea(2.3091)

Equation (2.3.91) is the probability density function of the

normal model utilized in the classical method of analysis,
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2.4 PARAMETER UNCERTAINTY FOR LOG-NORMAL MODEL

24441 Density Function, Likelihood Function and Distributionof (u,h)

An appropriate model which seems to fit the sample information

of many rivers is one which satisfies the following criterias

(1) the probability distribution takes values greater than
zero only for positive flood discharges (@ Do)
(ii) the distribution is positively skewed (long upper tail),
An example of such a distribution is the log normal
distribution, In this distribution, we define

xi = ln qi 'tootp.--..oa.(2.4l1)

which is normelly distributed with mean p and precision h, Then
9y is distributed leog=-normally by definition, The probability

density function for q is (Wood and Rodriguez-Iturbe, 1975b):
£ (q ]}1, h) = q-1 {2I )-} hé e:f.p[ - 'é' h(x'u)z] 0-.--.-.---(2.4o2)

The likelihood function for m and h, given set of independent

observations, Q is

Ll = g e Fafen [ -0t e

exp[= 3 G =07 e @O F 0 e [ty - 0] e 2eaed)
where Q = :11’ 12 e qn

Simplifying the right side of equation (2.4.3 ) gives:

-1
L ( n nl) = [ﬁ 9y ] (2) /2 |, w2 exp [ ("i"“)e ] ees(2.4.4)

i=1

n
where ﬂqi = q1.q2.q3...qn.

i=1

Following the same procedure as for the normal distribution,
the Bayesian trancformed form of the log-normzl model can be
shown to be (Wood ani Rodriguez~Iturbe, 1975a) log Student = ¢

distribution of the form:
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Al — ] 1 1
fQ(QIInsrt?') EE'B_(E_.iv")["*r—W e

o (lnq-m“)z ]-%(v"-ﬂ)[ & ] 3
ee(2.4.5)

nﬂ

e
vhere r = T ¥ T

Prior and Posterior Parameters of the log-liormal distribution

are calculated in the same way as for Normal distribution,

Reked Classical Procedure for Log-Normal Model

The maximum likelihcod method is used to estimute the
parameters nu and h, The log-normal distribution is given by
equation (2.4.2) and the likelihood function is given by equation

(2.4-4.) 251

-l -n/
L( Ky hIQ) = [;‘fl q:l..] (27[) 2- hnjz exp [ ~h g(lmli- u)z]

Taking the natural logarithm of both sides of equation (2.4.4) gives:

in L( 0, hl:a) == 1n iﬁ Q4 —g 1n (2m) +-r§’ lnh=- %h é (lna_i.-n)z
000000(2-4-6)

Differentiating both sides of equation (2,4.6) partially with

respect Lo p and eguating to zero gives:
Dln [ L( Ky h‘Q)J = h 2{;(1&q1 - n) = 0 -oooa-(2.4.7)

u A
ﬁi ]_nqi -np = 0
A
or B = i% (ln qi) .-otonoo---o-o(204ta)
n

Differentiating both sides of eguation (2.4.6) partially with

respect to h and ejuating to zero gives!

%[ L(p, Q)] = F. -:: -3 g(lnqi -?:)2 =0 sece(2.4.9)

or L = n 0000000-0(2.4'10)

gtmqi—i)“
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This is the biased estimate of the precision h, The unbiased
estimate of h is:

I¢l'l e n -1 .-a-‘laoo.(204l11)
2
? (1ngy - 1)

The values of the estimators p and h are substituted

into equation (2.4.2) to give:

e @18 B) = @ (@0F exp [nla - 92] B e (20012)

Equation (2.4.12) is the probability density function of the
log=normal model utilized in the classical method of analysis,

25 PARAMETER UNCERTAINTY FOR EXCEEDANCE MCDEL
2:5.1 Density Function and Likelihood Functions

while the Normazl and log-normal distribution models of
the flood events were based on annual series, ihat is, a series
consisting of largest flood annually, the exccedance model is
based on partial duration series, thet is, a series consisting

of flood peaks above a certazin level Qp,



36

The probability distribution of the entire series may be unknown,
(Wood and Rodriguez-Iturbe, 19752) suggested that the base level flood
discharge, Q’b be chosen large enough so that the probability
distribution of the flood events greater than Qb will be assumed
to be exponentially distributed. That is:
fq (@) = oo exp I:-“(q -Qb)] - O - “NR——— K X, )

where X is the event magnitude distribution defined ass
1
o =

a =

let =2 = ] -Qb ocdoaa.ooacc--(2o502)

vhere z is the exceedance discharge, then substituting eauation

(2.5.2) into equation (2,5,1) gives:

fz (Z) - dexp (-dz) M for zZ20 O...Q....l!l.Il..o(zis.j)

The probability that an exceedance discharge will be greater

than Z is then:

P(z) = Ttxexp[-u‘.z]dz = [... e"“‘]m = [_e-uloo]_ [_e-uz

= 0O + e

Pz = exp[-ﬂz] vesssssees{26504)

If it is assumed that time between independent flood peaks
larger than the base level flood discharge Q_b is exponentially
distributed with an average arrival rate v, then the occurence of
exceedance flows will be governed by Poisson Process,

The occurence of floods above some exceedance level z is also

a Poisson process but one with an average arrival rate v,P

|
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Thus the probability that in time t, n, exceedances
(n exceedances above a flood exceedance level z) is just

(Wood end Rodriguez-Iturbe, 1975a);

nz
g (W=N) = (vp)" . exp L‘I"Ps ] vervesenasnens(265:50)

But if 2z is such that no exceedances occurs in time t, then
Py (N = 0) is the cummlative density function for z, F,(z).

Substituting N, = 0 in equation (2.5.5) gives:

F, (2) =(vpz)° exp | - vp, t
0!

7, (z) = exp [-_— vt e-uz:] forz >0 POCE— X )

The probability that 2 = 0 is the probability that q is less
than the base value, Q_b. If z is large so that the probability
of exceeding it is small and the arrival rate of such event is
small, (Wood et al, 1974), have developed an approximate equation

to eguation (2,5.6) ast

(z) = 1 = vtexp [-utz] ssnnnianenek2a e

or

6, () == 1 = F(2) = wiexp[-az] .uceenn(2.5.8)

Equation (2,5,7) represents the underlying probabilistic
distribution of the exceedance flood, This distribution serves
both the classical and Bayesian analysts but in slightly different
ways,

The Bayesian analyst obtains the posterior pdf for a parameter
by applying equation (2.2,3) and assuming that o and v are

independent.
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To obtain the approximate density function of the exceedance
model, equation (2.5,7) is differentiated with respect to z to
gives

i‘z(z) - sz(z) = vt exp (= ol z) s eresss L 058}
az

The likelihood function for the exceedance parameter " X" is

gamma.,

L [_—m{ z (n, T)] = TzT £ (z) saeunakssesa R Re e 10}

L [ﬂ-]z (n!T)] = ?ntn {“o e-dz‘it da_“zz T da-“zn}.o

n
L [{i | z (n, T)] = vntn d.n exp d\z zi Il.tlooanlioi(2I5011)
i=1

Thus from equation (2.5.11) it can be deduced that:

PO D B LA s ) IR CERD

where n is the number of exceedance discharges above the base level
QU in record of T years, OC. neans "proportional to"

The natural conjugate prior is gaumma-1 distributed with
parameters w! and 1°

Thus by applying the equation (2.1.1)

f"ﬁ‘l (u |w', 1') = BIE E -“1':1! !21'!1". 1' ' EE (2.5-13)

wh
Also by applying equations (2,1.02) and (2,1.03) the first

two momenis are:

E[d ] = w'171 cevesesssansene (245014)
vi]s  wrsd sEsreinnavreaea (25:95)

112
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From equation (2,5.13) it can be deduced thats

- 4 - (a]w'y 1V) o= a" eXpP(=1')  seeersccesee (2.5.16)

Similarly, the posterior density function of of will be
gamma-1 distributed and by applying equations (2.1.01), (2.1.02)
and (2.1.,03), the distribution and first two moments are

respectively given by:

f“l"(dlw“! 1“) = E__xp ("%ﬂ}:‘) Ldl:)wn__lu .l--.n.....(2l5l17)

E[d ] - d-‘ - !:—-t-l ....U..l'--(2.5.13)
ll‘l
v[d ] - E‘——-‘:—1 ll.l.....-.(2.5.19)
2

From equation (2,5.17) it can be deduced that:

f“!1 (d|w". 1“) £ d“‘" exp (-d.ln) lll.l.....(2.5.20)

Applying equation (2.2.3) gives:
e (afw, 1) = L [afal, ] g (alv, 1) a(2osa2)

Substituting equations (2.5.12), (2.5.16) and (2.5.20) into
equation (2.5.21) givess
1
u“ﬂ exp (1) o= o exp(-di% 21)e ok" exp (=al)
or

xw" Bxp(-dl")O(___ Dl(w'-m) exp [—ol(l' " ig zi)-_l ....-...(2.5.22)

eguating the powers of the exponents

i i = 1. + £1 Zi ....-----..-.(2-5-23)
i=

Equating powers ci'ck 2
w' = w' 4+n e e (- 3 B 1)
To obtain the density of the exact exceedance model, the
equation (2.5.6) is differentiated with respect to z

£,(2) = aF (2) = vtole "% exp [- vt e'”—J ssasesh2i5.0%)
&
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The likelihood function for the exceedance model parameter

"y is gamma,
L Erlz(n, T)] = ﬂ' £(z)
Zn
- Tre™2 ~yTe~"%2 =~43n
L [v]z(n. T)] = VI« e"m. e TT? vike %2, o V'I'o”. b ‘
%2y
gvle
_ v;n ,rn dn. .-u(z1 + 32 T oeee zn) e---‘ir'l‘(e:""mz‘I + ,‘“’2.
- -“zn.
+ oees + € )

L[v I?-fn,T)] = VA B oxo [. o{igzi] ¢ exp{-ﬂ‘ i% exo [- u.zi]}.. veeee(2,5,26)

2 e""%i ig the sum of the probabilities that the exceedance

discharges z, zz ceen 2 will be greater than z, This is approximately
r

equal to 1,

That is

):e'“'zi i 1.

Substituting this into equation (2,5.26) gives:
L ‘:v|z(n., T)] g 'I'n.tgxi_an(i% zi.]. N i (2.5.27)
From egquation (2,5.27) it can be deduced that:
L [vlz (n, T)] o= oV # serdnvesnannesan PeSd20)
The natural conjugate is also a gemma-1 distribution with

parameters u' and s', Substituting r-1 =u', y = 8" and 2 = v into

equation (2.1.01) givest

£y (viln, ) = ¥ (vs)Y, s R ¢ X - )|
o i

The corresponding first two moments of the above gamma-1

distribution are:

E[V] = u' +1 eopsussenrnnasne (2a5450)
sl
viv] = u' + 1 ssssassenanesns (2a5a31)
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21
From equation (2.5.29), it can be deduced that:
1 )
£ 51 (Vhl', 5') ol — a-vs . ?u Setsseserssssssnsnsshnnan (2-5.32)

The posterior density function for v is alsc gamma-l
distributed and by similar substitutions as above, the following
equation is obtazined:

1 (vhit, 8") = explevs") (v8")” o 8% seseesesssoscses (25433)

o |

and the corresponding first two moments are:

Efv] = ¥ = SEN ———— X ")

v [V ] - 2":'5"1 l.i.‘ll‘ol....!‘ﬂl(2.5.35)
s"
From equation (2.5.33) it can be deduced that:

m (v‘u", 3") o— e-’VB". Vu“ e rsssanmnnnne (2-5036)

$1
Applying the equation (2.2,3)

™ ('vlu". ) = L[vlm] . o p(vhaty 81 eeveee (2.5.37)

Substituting equations (2.5.28), (2.5.32) and (2.5.36) into

equation (2.5.37) gives:

1
E-VB“ . ‘ru" = e-‘VT . vn . edvs : . ?u
" 1
edva“ . Vu = ﬂ-‘v(T ® B') . T(n 4 8 ) (AR R R E RN RN (2.5.}8)

Equating coefficients of the exponential terms gives:

SM"o= 5Y + 7 frssasasnssans (2-:5039}
Equating powers of v gives:
" = u' + n ssnssssnnenann (2-5040)

Distribution (et , v)

To find the Bayesian tranaformed form of the exceedance
distribution, equation (2.2.4) is applied as for the normal

distribution.
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=1

z(z) - jj fﬁ(z]u,v).

) f31“ (oher, 1), f”"(vfu, s")avdo

030(205.41)
where fz(zla, v) is given by equation (2.5.9)

(Wood et al, 1974) performed the integration and obtained

the following as a solution to the equation (2.5.41).

N - -(w" + 2
nw = asfie 217000

LA A NN NN NN (2.5-42)
where o, v are as defined by equations (2.5.18) and (2.5.34)
respectively; that is, they are the expected values of ¢ and v

respectively.

In the same manner the exceedance proba‘bilityaz(z) =1 = Fz(z)

can be calculated from:

—

G, (2) = éi vt exp(=dz). i"'ﬁ(vlu", s"). r"m(a}u", 1")avax  +0e(245.43)

(Wood et al, 1974), alsoc integration equation (2.5.43) and obtained

the followings
X z

w1

RN -8, 7.

Ez(z) = ‘v't[ . ]-(w"+1)
1

Fm Bqua‘tion (2.5.16) m+ = T“ lan.ct-.--ulu.-.--.(2.5--:5)

Substituting equation (2,5.45) into (2,5.44) gives:

é"z(z) = ;t[ 1 +_§" ]"'(w" + 1)

........Il......l...(2l5.46)
Equation (2.5.46) is the Bayesian transformed form of the

exceedance distribution which accounts for the parameter uncertaincy,

24503 Estimation of Prior Parameter of Exceedance Model
The prior parameters of the exceedance model are grouped into
two classes; (2) those associated with event magnitude distribution,

o » and (b) those associated with average arrival rate, v.



43

24543 (2) Prior Parameters for o

The mean exceedance flood, Zy can be related to the event
magnitude distribution, (Wood, 1973) by:

tm o= A— X W, ;'

Since  is gamma-1 distributed as discussed above, it follows
that 2, may be assumed to be inverted gamma-1 distributed, By

making the following substitutions:

t =25 r=-1 = w and y = 1'

into the general equation (2,1.07), the following equation results:

g Galets 1) = e AU b B0 ). (as)

The first two moments corresponding to the zbove gamma-l

function are:

E [ Zm ] = '%: l...llu...t.l.!.l....tll.l(2.5'49)
2
. 1' |.ann.-..-..oonnoon¢.-....(2.5.50)
Y [ Zm ] - 2
(w*)2(wr-1)
Dividing the sguare of equation (2.5.49) by equation (2.5.50)
gives:
22[ 7, ] -« 1%, 4Ryt = 1)
V [ Za)] w2 112
or

..—.III.....I....'0.'.'(2.5.51)

wo= 1o+ B Zm |
V[ )
From equation (2,5.49)

1" = w' B [zm}. .ttn..c.-aooo.ooooooc.a(2.5.52)



a

The expectation E[Zm] and the variance V[Zm] are

evaluated from regression model obtained from regional information

as described in chapter three,

2.543 (b) Prior Parameters for V
The estimation of prior information on V, the average arrival

rate involves, as a first step, the estimation of the first two
central moments of the arrival rate of a peak flow that will
exceed the base level discharge, Qe

There are some probabilistic or statistical methods one may
use to approach the problem, For example, the Maximum Likelihood
Estimate (MLE) method may be applied to determine V at each station
and the results tabulated, The tabulated values of V may be used
by the engineer as a basis to make statements such as (Wood and
Rodriguez~Iturbe, 1975a) "based upon my experience in the area, my
best estimate of V is '¢#' and there is & 50-50 chance that V could
be plus. or minus t of #",

The implication of the statement is that the variance,
var[ V] ds:

var[ V] = =5 (2 ) SRR RANR AR R AR R R URADASE)

and the expectation E[V ] is

s[v] = ¢ SRRSO -1, B 7 |

Substituting ecuations (2.5.54) and (2,5.53) into equations (2.5.30)

and (2,5.,31) give respectively:

e[v] = ¢ - u-;1 P T P PP 2L M

Var[ Y] B 'i"}.‘é' (2 52) = ui ': 1 -olcctotnplnoln-nonl-acc(205|56)
8
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Dividing equation (2.5.28) by equation (2.5.29) gives:

B |V] = ut + 1 x 3‘2
v

Vi ] g* u'+1

e = E[v] R TX )
Va.rI V]
Rearranging equation (2.5.55),

W = s! E[V-J - 1 svsnassinsensal2e558)

24544 Posterior Parameters gf Exceedance Model

The posterior parameter for o can be evaluated, using egquations
(2.5¢23) and (2.5.24) while the posterior parameters for V can be

evaluated using equations (2.5.59) and (2.5.40)-

24545 Classical edure for Exceed
Egtimators for both the parameter of the event magnitude

distribution, o , and the average arrival rate, V, can be obtained

by application of the Maximum Likelihood Estimate (MIE) ecriterion.
From equaetion (2.5.12), the likelihood function for ol may

be written as:

L = 1Kot[z(n, T)] = K o exp [- dg Zj_] soessal2.5:59)

where k1 is a constant of proportionality

The estimator of « , x may be evaluated by taking the natural

logarithm of boin sides of equation (2.5.59).

].'n[ L] = 3nk1 + n lnod - dgzi
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Differentiating partially with respect to ol and equating to

zero gives:

_gln_L:O%-E-ézizO

o

8= =
g zi .O.b.....l..ll.(2.5060)

Also from equation (2.5.28), the likelihood function for V
may be written as:
-NT v

L o= 1 Vs, )] = ke vanesuussval2e8:61)

vhere k is a constant of proportionality.

A
The estimator of V, V may be evaluated by taking the natural

logarithm of both sides of eguation (2,5.61).

In{L]= 1in[K]+ nln{v]- VI
Differentiating partially with respect to V and equating
to zero.giveas

Jln,b, = 0 4+ n = M
e ——

IV v
from which
A
V = E .lloanoao..l.o.(aasuﬁz)
7

A
The values of & and V obtained from equation {2,5,60)
and (2.5.62) respectively are tnen substituted into eguation

{2.5.8) to give:
6 (2) = 1=F (2) = ¥t exp [ - z] sanpaumaivel2:5:63)

Bquations (2.5.46) and (2.5.63) is the probability density
function of the exceedance model utilized in the classical method

of analysis,
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CHAPTER 3

REGIONAL FREQUENCY ANALYSIS

3.1 DESCRIPTION OF STUDY ARBA

ALTS and LIDECO ITALY,(1983) have the description of the
Taraba river basin and Gassol gaging station as followss:

3e1a1 TARABA RIVER - DESCRIPTION OF THE BASIN

The Taraba is the first large tributary on the left side of the

Benue in Nigeria, Its source is on the slopes of the Gotel

Mountains and Mambilla Plateau, beginning as various streams

which join into one in the large basin at the foot of the Mambilla
Platean escarpment, generally known as the Gashaka Plains (Figure 3,12),

The Taraba then proceeds north until it joins the Yim River,

half-way between Beli and Serti, The Yim, toc, has its source

in the Gotel Mountains and runs north, and is separazted from

the Taraba by the Filinga Plateau., As it proceeds it collects

a few tributaries which come from the region of the Cameroun

border; subsequently it turns west and joins the Taraba (Figure 3.1'b).

After having been joined by the Yim, the Taraba runs towards
the west, collecting only minor tributaries as far as Beli,

Then, as it proceeds it is joined by the Gazabu, a tributary flowing
from the left which descends from the extreme ramifications North-
West of the Mambilla Plateau, and by the Kam on the right, The Kam
drains « vast mountainous area and stretches out in an East-llorth-
East direction as far as the Shebshi Mountains,

Having passed the gorge of Garin Dali, the valley opens out,
carved in modest relief with old deposits from the Benue valley
until, having left at Gassol the last ramifications of this area
in relief, it pours into the Benue divided intoc several branches,
The last reach is elevated with respect to the alluvial plain of
the Benue, and tnere rest in it traces of various ancient water
courses,
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FIG31b Location mop of Hydroogical end Meteordogeal  stations [ courtesy of Upper Berue River
Bosin  Development Authority, Yola |
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The watershed starting from Gassol follows the gentle ridge

which rises as far as Garba-Chede then runs eastwards to

the Shebshi Mountains, and from this point, turning towards South=
East, it goes as far as the Cameroun border, which it follows

more or less to the Gotel Mountainsj then it follows the

ridge of the Mambilla Plateau as far as Nguroje and Xafshishi

Hill overlooking Mai Samari, Fromhere it descends inteo the valley of
the Benue towards Dendirdi (see Figure 3,1a), North-North-West,

In the area of the junction with the Benue the watershed
is lost in the swampy ground.

From a geological point of view, it is important to distinguish
the area downstream of Garin Dali, on soils deriving from
sedimentary rocks, with low relief and gentle morphology, from
the area upstream from thies village deriving from the crumbling
of rocks which constitute the basement complex, In this section
are frequent outcroppings of the substratum in the form of steep
mountains or hills made up of gneiss and granite, which rise in
the broad valley areas,

The valley bottoms are in general wide, constituted by recent
alluvium, In them, water courses flow between natural banks which
cause the formation of lakes at the end of secondary valleys

or at the bends of the primary.

These lakes and the recent alluvium which are relatively
permeable constitute a considerable storage, because of
which the flood waves are delayed and attenuated significantly.

In the depletion phase, these catchment areas provide a
significant fraction of the discharges which are found
again in the channel,
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The high part of the basin is characterized by relatively
steep slopes of the versant and dendritic drainage. The
climate of the basin is characterized by a strong North-West/
South~East rainfall gradient, caused in part by the existing
elevation gradient in West-East dirsction, and corresponding
for the other part to the North-South gradient common to sub-
tropical and Sahel Africa, This gradient is due to the fact
that the humid air masses originating on the Atlantic move in
an East-North-Bast direction as far as the Inter-Tropical
Continental Zone (ITCZ), which is shifted between about the
Equator in the winter, and about 159 latitude in the summer,

It follows from this that the air masses become drier as they
move northward and that the length of the rainy season is shorter.
The rains have a stormy character, and an unpredictable small
scale spatial distribution. Moreover, this character of the rains
determines & minor importance of the orography as far as the
orientation of slopes is concerned: the air masses rise and
produce condensations and rain much more in daily thermal
convection cells than in the form of frontal disturbances or
masses of moist air forced upward by the orography encountered
along its path.

Nevertheless, the peaks facilitate the formation of convection
cells and with the increase cof elevation relative humidity
increases, thus it can be clearly observed that in the high
zones the rainy season begins significantly earlier and ends
significantly later than in the Benue valley,

The annual rainfall varies from 1,065mm at Gassol to 1,984mm

at Mayo Ndaga, Since the effective evaporation is reascnably
constant on the basin — about 900mm/year, the unitary discharges
vary from 165ma to 1,080 mm/year., The southeastern ends of

the busin seem to contribute in a determinative manner to the
low discharge of water, because the dry season is briefer here,
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3ele2 GASS0L STATION

The Gassol station is situated on the right bank of the Taraba,
in exact correspondence with the village of the same name, at
the point where the villagers go down to the river,

The Station was installed by Nederland Development Company (NEDECO)

in 1955 and in 1958 was passed on to Inland Waterways Division (IWD),
which has operated it until the present (1991), It consists of five staff
attached to driven metal tubes and by two crest gauge staff,

The range of the station is 047 m; at the inspection on 13-14
September, 1979 errors appeared in the levelling of the various
staff, with a difference of from 4 to Jem,

The Station is located at km 1,112, 30 km upstream from the present
confluence with the Benue, near a limestone outcropping which

extends into the channel, Downstream from the Station the spilled
waters probably do not return to the Taraba channel but reach the
Benue by crossing the swamps and the low lands which are characteristic
of the zone, Further downstream, secondary branches are to be found,
Therefore, the Staticn represents the natural closure section of the
Taraba basin,
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The river channel consists of one channel that runs near the
right slope of the valley and is bordered by natural banks
which separate it from the lowlands, lakes and swamps on
both shores.

The valley at maximum high waters level is about 4 km wide,
while the channel has a mean width of 400 m, The wide low
strip beyond the left bank of the Taraba is drained by the
Wurio river, which flows for over 50 km in sinuous meanderings,
among oxbow lakes — the remains of old meanders — separated
from the Taraba by the natural bank,

The channel bed consists of coarse granitic sand, size about
2-3 mm; with frequent nodules having a dimension of about

1 cm, The banks are stabilised by luxuriant vegetation and
silt.

The local slope of the channel is 40 cm/km and tends to grow
slightly as the channel proceeds downstiream.

The gauge zero drawn from the 1979 ALTS levelling along the

entire axis of the bund of the reclamation area, is at an
elevation of 106,95 above Federal Survey of Nigeria (¥SN) datum.

' 2
The basin has a surface of 22,354 km, half of which falls
within the Beli station range.



54

52 DATA
3e2,.1 Data Verification

The Flood discharge record obtained at Gasscl gaging station
was verified for consistency using double mass curve analysis,
The cumulative discharges at Gassol gaging station was plotted
against the cumulative mean discharges of five stations, The
five stations used were, River Katsina Ala at Katsina Ala, Hiver
Katsina Ala at Sevav, River Donga at Donga, River Taraba at Beli
and River Donga at Manya,

The double mass curve analysis was carried out with the aid
of Table 3,0 and the Figure 3.2. From Figure 3.2, it can be seen

that the Gassol gaging station discharge records are consistent,
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Tables 3,0 Double Mass Curve Analysis

Yeaxr Taraba at K/Ala at Donga at Taraba at Donga at Taraba at Cumulative mean

Gassol Sevay Donga Beli Manya Gassol discharges of 5 =

Cumulative discharges stations
1955 1930 2670 1776 2322 (1050) 1,93%0 2,084
1956 2038 2826 2047 2382 (1130) 3,968 4,503
1957 2000 2610 1800 2180 (1080) 5,968 6,617
1958 1710 1910 1632 1612 (920) 7678 8,327
1959 1120 1635 1250 1100 602 8,798 9,608
1960 1805 2428 1890 2426 T35 10,683 11,679
1961 1725 3658 1645 2125 726 12,408 13,868
1962 1635 1809 1548 1642 982 14,043 15,504
1963 2280 3000 2272 2830 970 16,323 17,534
1964 1680 2050 1580 2220 858 18,003 19,766
1965 1880 2095 1730 2467 1050 19,883 21,744
1966 1785 2329 1850 (1940) 1030 21,668 23,697
1967 1720 2145 (1560) 1860 1000 23,388 25,572
1968 2195 (2900) 1750 2550 Y 25,583 27,851

1969 2400 3164 2150 2700 1040 27,983 30,302



Table: 3.0 Contn'd

Year

1970
1m97M
1972
1973
1974
1975
1976
1977
1978
1979
1980
1961
1982
1983
1984

Taraba at
Gassol

2017
1188
1675
1700
1730
1410
1605
1670
1650
1690
2047
2500
1865
1460
1552

K/Ala at
Sevay

2598
1820

2007
2480
2122
1700
1920
1950
2246
2246
(2650)
3450
2465
2324
2241

Donga at
Donga

1680
1350
1510

(1720)
1910
1475
1690
1700
2010
1670
2100
2400
1740
1600
1490

Taraba at

Beli

1372
2100
2150
2010
1798
1789
1737
1500
1957
2350
1767
1897
1415
1398

Donga at

Manya

835
840
864
850
837
846
945
584
852
965
940
1400
1550

1020

1100

Taraba at
Gassol
Cumulative discharges

30,000
31,188
32,863
34,563
36,293
37,703
394308
40,978
42,628
44,318
46,365
48,865
50,730
52,190
53,742

Cumulative mean
discharges of 5§ =
stations

32,173
33,649
35,281
37,172
39,052
40,628
42,357
44,035
45,829
47,737
50,426
53,019
55,066
56,768
28,484
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Table: 3,0 Contn'd

Year

1985
1986
1987
1988

Taraba at
Gassol

1685
1890
1575
1275

K/Ala at
Sevav

2200
(2450)
2150
1550

Donga at

1650
1930
1615
1420

Taraba at
Beli

2095

2200
(1650)
(1340)

Donga at
Manya

(900)
(1010)
(840)
(660)

Taraba at
Gassol
Cumulative discharges

55,427
5T+317
58,892
60,167

Cumulative mean
discharges of 5 =
stations

60,478

62,596

64,327

65,665
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30202 Data Ana-lxgis

The data shown in Appendix A-1 {ihrough A-lzlwere collected from
twelve selected gaging stations in Upper Benume River Basin by Ogbulil.
The peak flood discharges are shown in column (2) of each table,
Those discharges shown in bracket in column (2) were generated by
Ogbuli, using random generation technigue, In column (3) the
discharges have been rearranged in decending order of magnitude
with the generatied data omitted, The generated data only asalst in
estimating the order number, M {column 4) of the collected discharges
of each station, Thus, in the frequency analysis of all the stations,
the generated discharges have been cmitted, }

In column {5) the recurrence intervals have been calculated
using Weibull's formulas

N+1 ;
Tr = "'m_ . no---o.-c.-a..oouauuoo.-ooo'oa(30201)

where Pp is the recurrence interval, N is the length of record in

years ‘and m is the order number, | ;
The exceedance probability shown in column {6} have been

calewlated as the reciprocal of the recurrence interval expressed

in percentages,

3e3 FITTING OF FREQUENCY CURVES

Several probability distributions were Iif:ted to the da{a ghown
in Appendices A = 1 through A = 12 by the author of this thesis,
It was found that only the log-normal distribution was the most
suitable for all the twelve stations considered, These f{requency

curves are shown in Figures 3.3 through 3.14.
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The confidence band have been plotted with the aid of Beard's
coefficient, 95% confidence band were initially tried and it was
found unsuitable for most of the stations. Therefore 90% confidence
band was used for all the twelve gaging stations and found to be

satisfactory,

The upper confidence bands were ploited by adding the product
of the Beard's coefficient and the standard deviation of the gaging
etation discharge record to the theoretical discharge at the station

for a particular return period,

The lower confidence bands were plotted by subtraction of the
product of the Beard's coefficient and the standard deviation of the
gaging station discharge record from the theoretical discharge at

the station for a particular return period,

The Beard's coefficients for the various return periods for

the different number of years of records are presented in Table 3,1.
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Table 3.1: Coefficients for the calculation of the 90% confidence

intervals around the flood frequency curve Beard (1962)

Confidence Year of Recurrence Interval, Ty (Years)
Band Record 1000 100 10 2 1.1 1,0
90% Upper 5 4.41  3.41 2.12 0.95 0.76 1.00
10 2,11 1,65 1.07 0.58 0,57 0.76
15 1,52 1,19 0.79 0.46 0,48 0.65
20 1423 0,97 0.64 0,39 0.42 0.58
30 0.93 0.74 0.50 0,31 0.35 0.49
40 0.77 ©0.61 0.42 0.27 0,31 0.43
50 0.67 0.54 0.36 0.24 0,28 0.39
70 0.55 0.44 0,30 0,20 0,24 0.34
100 0.45 0.36  0.25 0.17 0.21 0.29
90% Lower 5 1,22 <1,00 -0.76 =1,95 =2,12  =3.41
10 0.94 =0.76 =0.57 =0.58 =1,07 =1.65
15 <0.80 0,65 0,48 0,46 =0,76 =1.,19
20 0,71 =0,58 0,42 0,39 =0.64  =0.97
30 0o6= 0,49 =0.35 0,31 =0,50 =0.74
40 0,53 =0.43 =031 0,27 0,42  =0,61
50 0e49 =0.39 0,28 0,24 =0,36 0,54
70 “0e42 =0.34 =0.24 0,20 0,30 =0.44
100 <0437 =029 0,21 0,17 =0.25 =0,36







