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ABSTRACT 

In this research , statistical work in stochastic modelling of hydrologic time series 

is discussed. The theme is the comparison of stationarity and non-stationarity approaches 

for stochastic simulation of monthly streamflow sequences. The paper first introduces 

various concepts related to stochastic modelling ; the history of stochastic simulation and 

applications of stochastic modelling in hydrology; and the step-by-step modelling 

procedures. Then the paper describes how synthetic streamflow sequences can be generated 

using these procedures. As a particular case, synthetic streamflow sequences were generated 

for two streams in Ethiopia using both stationarity and non-stationarity approaches. At last, 

based on these synthetic flows , an attempt was made to compare the performance of the 

two approaches with some comments and recommendations. 
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The first question that naturally ames in regard to stochastic modelling of 

hydrologic time series (such as annual rainfall , monthly streamflow, etc.) is as to why we 

should apply statistics in hydrologic analysis . The answer to this question lies in the fact 

that the planning and designing of water resources projects need information on different 

hydrologic events that are not governed by the known physical and chemical laws, but are 

governed by the laws of chance or are stochastic in nature. For example, streamflow in any 

given river varies from day to day, from month to month and from year to year. The fact 

is that no one can exactly predict the discharge of a certain river at a particular point in any 

particular month, say January 1996. Since the exact amount of flow cannot be predicted, 

the analyst has to rely on the statistical and probabilistic analyses of past observed (historic) 

streamflow data to determine the risk involved in designin g the structure . But, due to 

different reasons, information on streamflow data at the point of interest for a good length 

of time is rarely available. Thus, quite often one is confronted with the problem of 

analyzing and designing water resources projects with the available short historical 

hy drologic data. But basing analysis on a limited length of historical (recorded) data is 

found to be inadequate. For instance, suppose we have for analysis a 50-year length of 

streamflow data and that the overall purpose of the analysis is to determine the size and 

future performance of a storage reservoir to be constructed near the streamflow 

measurement site. It has been a common procedure to use the longest run length or largest 

run sum to 'determine the probability of occurrence of critical droughts (probability of the 

reservoir going dry) ; the range to determine the storage capacity of the reservoir; and 

frequency analysis to estimate the frequency of flood, or in general , various sample 

statistics are used to determine the probability of the reservoir to meet long term storage 

requirements . But it is quite likely that the river, and hence th e stream flo ws, might exhib it 

much larger pseudo-cyclic changes than the 50-year maximum allowed for by the historical 

record due to variations in the energy radiated by the sun or atmospheric circulations. As 

a consequence, the analysis based on the 50-year historic data may lead to economic 

wastage or failure . As a remedy for this, statisticians and hydrologists have embarked upon 

formulating models which would be able to reproduce, by si mulation , longer sequences of 

flows that are statistically indistingu ishable from th e relevant hi storical sequence. The 
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techniq ues and proced ures for finding su'Ch mode ls ,is; w het , we. ca.ll: stocha&tie' ITIodell ing. 

, . . 
The stochastic modelling of streamflow sequences is motivated by the desire to 

produce synthetic sequences of flows to route through a water resource system design ; the 

idea being to test it out under a variety of conditions, and with longer sequences of flows 

than historically available. The implication is that longer sequences will contain more 

extreme events than observed and thus give a more convincing test of the system. 

There are several models that can be applied for modelling hydrologic time series; 

some are simple and others are complex. As for complex models, often there arise 

difficulties in identifying them and in estimating their parameters. Besides this, they involve 

too many parameters. Therefore, as a general rule, it is wise to start with a simple model 

and keep it simple. The simplest and most widely used models are the autoregressive (AR) 

models. These models have been extensively used in hydrology and water resources since 

the early 1960's for modelling annual and periodic hydrologic time series such as annual 

rainfall, monthly streamflow, etc . The historical development of AR models in hydrology 

may be divided into two periods the 1960 decade initiated mainly by the work of Thomas 

and Fiering (J 962) and Yevjevich (1963), and the 1970 decade motivated by the publication 

of the book of Box and Jenkins (1970) . Since then, more refined methodologies for 

improving the estimates of the parameters of the model , for verifying or checking the 

assumptions of the model and for selecting among competing models have been developed. 

Though various models are available for stochastic modelling of monthly streamflow 

sequences, as stated above, the AR models are the simplest and widely used models and 

hence in this study we will restrict oursel ves to these. 

Generally two approaches are developed for stochastic modell ing of hydrolo gi c time 

senes [Seth & Chandra, 1977] the stationarity and non-stationarity approaches. The 

stationarity approach is based upon decomposition of the non-stationary stochastic process 

into deterministic and stochastic components; quantifying and removing the deterministic 

part; and then representing the stochastic component by an autoregressive model of order 

one, two or three. In the second approach, the non-stationary stochastic process is treated 

as it is, i.e, without decomposing it into its various components . 
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The overall objecti ve of this study IS to compare the performance of these two 

approaches for stochastic modelling of monthly streamflow sequences for two streams in 

Ethiopia : Rivers Megecha and Gudla. The inferred best approach then may be used to 

generate synthetic streamflow sequences for a longer period so as to be used as inputs for 

some water resources project such as storage reservoir or dam which may be constructed 

along the two rivers in the future. 

In this research, the second chapter describes various concepts related to stochastic 

models and modelling together with the historic development of stochastic simulation in 

hydrology; some common applications of stochastic models in hydrology; the various 

properties and description of autoregressive (AR) models; and methods of parameter 

estimation,model identification and selection among competing models. Chapter three 

covers the step-by-step modelling procedures for monthly streamflow sequences for Rivers 

Megecha and Gudla using both the stationarity and non-stationarity approaches. Chapter 

four deals with the generation of synthetic samples and comparison of the two approaches 

based on these samples . And the last chapter presents some recommendations and 

limitations and other comments extending or relating to presentations in the previous 

chapters . 



. -. o;,.~_ 

~_ .f • 

4 

CHAPTER lWO 

STOCHASTIC MODELS AND MODELLING IN HYDROLOGY 

2.1 What is stochastic modelling ? 

Let T denote the set of time points at which measurements are made and let X(t) 

be the observation made at time t. The set of observations {X(t), t e T} is called a time 

series. A time series may also be defined as a collection of observations made sequentially 

in time. The basic idea of the statistical theory of analysis of a time series {X(t), T e t} is 

to regard the time series as an observation made on a family of random variables {X(t), t 

e T}; that is, for each t in T, the observation X(t) is an observed value of a random 

variable. Such a family of random variables {X(t), t e T} is called a stochastic process 

[Parzen, 1965] . When T= { 0, ±1, ±2, . .. }, the stochastic process is said to be discrete 

and when T= { t: -oo<t<oo }, it is sai d to be continuous. An important class of stochastic 

process are those which are stationary . A stochastic process is said to be stationary if the 

joint distribution of X(t \), . . ,X(tn) is the same as the joint distribution of X(tl + 1), ... , 

X(t
n 

+1) for all tl, .. ,t
n

, 1. A stochastic process is stationary in the mean or first-order 

stationQlY if 

E{X(I)} = E{X(2)} = E{X(t)} = E(X) = j.l 

The process is stationary in the covariance when the covariance depends only on the time 

lag k and not on the position t. That is, Cov{ X(t) , X(t-k) } = Cov(k) regardless of t. A 

stochastic process is said to be second order stationary or weak stationary if it is stationary 

in the mean and covariance. If the other statistical properties besides the mean and 

covariance do not depend on time, then the stochastic process is strong stationary . But if 

shifting the time origin by an amount say 1 affects the joint distributions, then the process 

is non-stationary . 

A mathematical model representing a stochastic process is called a stochastic model. 

In order to analyze a time series {X(t), t e T}, we would like to find a mathematical model 

for {X(t), t e T}, which is completely specified except for the values of certain parameters 
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which one proceeds to estimate on th e basis of an observed sample The techniques and 

procedures for finding such a model is called stochastic modelling. 

Stochastic modelling is a process which can be simple or complex depending on the 

characteristics of the available sample series, on the type of model to use and on the 

selected techniques of modelling. For instance, series with statistical characteristics that do 

not vary with time usually lead to models and modelling techniques which are simpler than 

those of series with time varying characteristics. There are various types of stochastic 

models which can be used to represent a time series. Some are more complex than others. 

For a particular type of model, there are various techniques for estimating the parameters 

of the model and for testing how good the model is . Also in this case, some are more 

complex than others. 

In general, stochastic modelling can be organized in the following stages [Box & 

Jenkins, 1970] : 

1) the selection of the type of model , 

2) the identification of the form of the model , 

3) the estimation of the model param eters , and 

4) the diagnostic check of the model. 

The first stage refers to selecting a type of model among the various types of 

models available to the analyst. Once the type of model is selected, the next stage is to 

identify the form or order of the model. For instance, if autoregressive(AR) models were 

selected in the first stage, then we need to identify the order of the AR model , say order 

one (one AR coefficient or one parameter) , order two, etc . The third stage is to estimate 

the parameters of the model identified in stage two and some checks are made on the 

conditions to be met by the estimated parameters. The final stage of the modelling is to 

make some diagnostic checks to verify how good the model is. 

Models are built to reproduce or to resemble the main statistical characteristics of 

the historical time series. Such reproduction or resemblance is understood to be in the 

statistical sense. It doesn 't mean that a generated series based on the model has to give 
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exactly the same statistical characteristics as shown by the historical record. This brings up 

the questions of what statistical characteristics are to be reproduced by the model and how 

these characteristics should be int erpreted or understood . 

Unfortunately , there are no unique and easy answers to the above questions. First 

of all, the true or population statistical characteristics of hydrologic series is never known, 

because what is observed or measured is only a finite (sample) number of years(N), and 

as a result the characteristics derived from such samples are only estimates of the true 

(unknown) characteristics. If, for example, instead of N years of observations, a different 

number of years N' either smaller or larger than N were observed, then those estimates 

based on a sample of N' years would be different from those based on N years. That is, the 

sample estimates are random variables . 

The mam statistical characteristics of most time senes are the mean, standard 

deviation, skewness and autocorrelation . Usually the mean and standard deviation can be 

reproduced by a given model with a high degree of certainty . But, this is not so for the 

skewness and autocorrelation . In particular, it is difficult to reproduce them in small 

samples. Their interpretation often decides the type of the model to be used as well as its 

form [Salas e l aI, 1980]. 

2.2 History of synthetic generation of streamflows beginnings of stochastic simulation. 

The inadequacy of basing analysis on a limited length of historical data has been 

appreciated for many decades. Hazen(1914) followed the work of Rippl(1883) by studying 

the variability of flows in rivers and its effect on the requisite storage capacities of 

reservoirs. He made a joint study of the streamflow records of 25 - 45 years in length of 

14 rivers around New York by adding up these streamflow records so as to get a longer 

flow sequence. He used Gaussian probability paper which he originated and mass diagrams, 

after initial standardization with respect to sample means. A drawback in this particular 

approach was that the effective total length of historical record was much less than the sum 

of the lengths of the records of the individual rivers ; cl early because of geographical 

proximity and meteorological similarities. Th us the flow sequences did not give a 
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comprehensive crossection of possibl e events and combination of events from which a 

sound hydrological assessment could be made . 

These shortcomings were recognized by Sudler( 1927) who extended the work of 

Hazen by the inclusion of an element of chance. Discrete values of annual streamflow from 

a 50-year sequence were transferred one to a card of a pack of fifty . The pack was shuffled 

to form new sequences of data. This approach , though it was an advancement, had the 

serious limitation that the flows were collectively the same from one synthetic sequence to 

the next; thus, for instance, moments and extreme values were always exactly the same -

obviously unrealistic of future sequences . There was also the fact that the method ignored 

possible dependency in the streamflow sequences. 

Perhaps the first real stochastic simulation was by Barnes(1954) ; in designing a 

reservoir for the Upper Yarra river in A ustralia, he used a table of mutually independent 

standardized Gaussian variables to generate a 1,000 year sequences of synthetic annual 

data. The mean and standard deviation were estimated from the 29-year historical record. 

This was a reasonable approach since the assumption of independence and Gaussian 

di stribution of flo ws were not in conflict with the record. The idea of reproducing particular 

historical aspects of the data in a si mulation model is central to much present-day 

generation of synthetic flows . 

2 .3 Stochastic models in hydrology and their applications 

2 .3.1 Stochastic models in hydrology 

Though early studies by Hazen and Sudler (and then Barnes) showed the feasibility 

of using statistics and probability theory for hydrologic simulation , it was not until the 

beginning of the 1960's that the formal development of stochastic modelling began with the 

introduction and application of autoregressive(Markov) models to seasonal and annual 

hydrologic time series. Since then a great deal of work has been done and published. 

Research on hydrologic time series has been aimed at studying the main statistical 

characteristics, providing physical justification to some stochastic models; developing new 

andlor alternative models ; impro ving the estimates of model parameters ; develop ing new 

or improving existing modelling procedures; and improving tests of goodn ess of fit. 
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Several stochastic models have been proposed in the past for modelling hydrologic 

time series . These include autoregressive mod els(AR) ; fractional gaussian noise 

models(FGN); autoregressive moving average model s(ARMA); broken-line models(BL) ; 

model of intermittent processes; disagg regation models ; Markov mixture models; ARMA

Markov models; and general mixture models. Although each model has its own merit and 

some of them can be successfully applied in operational hydrology, they do have 

limitations : they may not be able to reproduce long (or short) term dependence; there may 

be difficulty in estimating parameters ; they may involve too many parameters and others. 

Although the development of time series modelling in hydrology has reached some 

degree of sophistication, unfortunately most time series modelling in practice is still 

generally based on the simple methods. This usually involves the selection of an AR model 

in advance mainly because : 

1) the AR form has an intuiti ve type of time dependence ; i.e , th e va lue of a variable at 

the present time depends on the values at previous times ,and 

2) they are the simplest models to use. 

a) DesCliption of AR models 

Let y be the observation for the year v and time "( (say months, weeks, etc) 
v,'t 

of a hydrologic time series with mean It and variance 0 2 , where "(= 1,.,w and w is 
rt t 

the total number of time intervals within the year ; v= 1 , .. . ,N and N is the total number of 

years of observations. The general pth order AR linear model is [Box & Jenkins, 1970]: 

and 

where <t>j are the constant (non-periodic) AR coefficients and 0e is a non-p eriodic 
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standard deviation which gives ~ as a second order stationary and independent 'o v, t 

variable with mean zero and variance one. 

The variable may also be represented by an AR model with periodic 

coefficients as [Salas et aI, 1980] : 

7 = ~ <1> . 7 ·+0 ~ -v,t L..Jj=l j,r-V,t -j Et V,t 

where "-. is the jth periodic AR coefficient at time 1:, 0 is also a periodic standard 
'+'j, t Et 

deviation and ~ is as defined above . The above model is non-stationary because both 
V,t 

the autoregression coefficients and the standard deviation are periodic. This fact makes the 

model more complicated. However, if th e size of the hi storical record is small, AR models 

with constant coefficients yield equally good results . 

b) Properties of AR models 

and 

for 1: = l , ... ,w. f.L
t 

I 0; will be estimated from hi storical data using appropriate methods 

(see section 2.4). 

The parameters "-,+. ,+. are estimated by so lvi ng 
'+' 1 1 '+'2 I ••• I 'fIp 
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where the population correlation coefficients Pj are replaced by the sample correlation 

coefficients r j of the standardized series Z and "'J' are replaced by the estimates 
V,t '+' 

<Pj ;that is, 

In particular, for an AR(!) model, 

Similarly, for an AR(2) model, 

The parameter 0 2 is estimated as 
€ 

where 8 2 =Var (7 )!!!1 
"'V, t 

2.3 .2 Model applications 

2 
.t = r 2 - r 1 

I 'V2 2 
1 - r 1 

What good are stochastic models of hydrologic time series ? What use can they be 

put to ? When and where are they most useful? When are they a waste of time ? 
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These questions, of course, cannot be answered once for all cases. There are always 

exceptions to any rule and there are no general rul es to be followed . However, some of the 

common applications of stochastic models are the following [Salas et aI, 1980] : 

a) Reservoir sizing studies 

Perhaps the most obvious application of stochastic models is the sizing of storage 

reservoirs where there is a carryover from one year to the next Reservoir sizing is the 

determination of a size of reservoir which is required to produce a certain dependable yield. 

Sizing traditionally has been done with historical data in which case the most critical 

(adverse) period is used for sizing This implies an assumed unknown level of risk for 

failure in the future and the resulting sizes may be far from the desired optimum with a 

resultant economic waste . The variability of water supply is the hardest to accurately 

quantify and, therefore, the use of stochastically generated data usually is the best 

al ternati ve . 

b) Reservoir operation studies 

A reservoi r operation study is the determination of the best manner to operate a 

rese rvoir. As before , if th e sequencing of data is important, then the use of stochastically 

generated data will result in an improved analysis. A better assessment of the operation 

plan will be made with a more accurate estimation of the probabilities associated with 

various levels of failure . 

c) Basin-wide studies 

Much more complex than th e single reservoir problem is the study of a complete 

ri ver basin with many data sites and many reservoi rs. While sizing may still be of concern, 

more often basin studies deal with the operational strategy of a system of reservoirs . The 

determination of the best joint operational strategy for all the reservoirs within an entire 

basin can be studied using stochastically generated data. 
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2.4 Statement of the problem and methods of solving the probl em 

2.4.1 Statement of the problem 

In this study, the statistical behaviour of monthly streamflow time series(sequences) 

and the modelling of such series will be di scussed . The main objective of the study is to 

stochastically model the monthly streamflow sequences for some streams in Ethiopia using 

various approaches; to use the models for generation of synthetic flows ; and based on the 

resulting generated data, to compare the performance of each approach and make inference 

as to which method should be applied 

2.4 .2 Methods 

Here, two different approaches will be used in the stochastic modelling of monthly 

streamflow sequences: 

1. Stationarity approach 

II. Non-stationarity approach 

I. STATIONARITY APPROACH 

A typical hydrologic time series may be decomposed into three main components 

[Seth & Chandra, 1977]: 

1) Deterministic trend component T p which represents smooth motion of the series over 

a long period of time , 

2) Deterministic periodic component P p which rep resents a seasonal or cyclic component, 

and 

3) Stationary stochastic component S p which may consist of dependent and independent 

(random) components. 

For purposes of analys is, these components are iso lated and the time series element 

X t of monthly streamflow sequences is represented by an additive mod el of deterministic 

and stochastic co mponents: 
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The removal of trend component, if signifi can t, makes the given time series homogeneous 

and then the removal of periodic component makes the stochastic process stationary . 

TREND COMPONENT 

Several characteristics of time series such as the mean, standard deviation and serial 

correlations may be affected whenever a trend and/or a positi ve or negative jump (slippage) 

are produced in hydrologic series by non-homogeneity . The identification or detection , 

description and removal of such non-homogeneity are important aspects of time series 

analysis. 

Generally trend is assumed to be found only in the mean for hydrologi c series. The 

synthesis of streamflow data requires detection and separation of trend component from 

recorded sequences. However, if the same or similar trend is not likely to occur in the 

future , then it is not considered as part of th e model in order to avoid bias in generated 

sequences [S eth & Chandra, 1977]. 

The identification and description of the characteristics of changes in hydrologic 

time series are based on [Salas el ai, 1980]: 

1) fitting a trend function and testing that its parameters are significantly different from 

zero ; and 

2) testing that the basic statistical characteri stics of subseries of the sample series are 

statistically di fferent among th emsel ves . 

The trend analysis assumes a monotoni c function expanded in power series form as 

X =b +b t+b t 2 +- -- +b t m 
t 0 1 2 In 

where b
o

' b
I

, - - - , b
m 

are the parameters to be estimated. Only when any of the 
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parameters b b - - - b are found to be significantly different from zero, with b o a 
l ' 2 ' 'm 

constant or zero, that a linear or non-linear trend becomes a characteristic of the series. 

The second technique divides the historic time series into two or more subseries and 

the main statistical characteristics are estimated for each subseries. Then tests are performed 

to check whether or not these stati stical characteristics are significantly different among 

themselves. 

PERIOD IC COMPON ENT 

Periodic hydrologic time series such as seasonal , monthly , weekly and daily series, 

in most cases known in nature, have significant periodic behaviour in the mean, standard 

deviation and skewness. In addition to these periodicities, they show a time correlation 

structure which may be constant or periodic Consequentl y, such time dependence may be 

represented by say , AR models with constant or periodic coefficients. In order to obtain 

second order stationarity in the stochastic component, it is necessary to identify and remove 

periodicity in the mean and standard deviation . 

Let us assume that y represents monthly streamflow time series where v is the 
v,t 

year and 't is the month . The mathematical model for the standardized homogeneous 

sequence y can generalIy be written as 
V,t 

Y v, t = ~t +orZv , t 

where II and a are the periodic mean and periodic standard deviation, respectively, 
t"'t t 

and 7 represents the value of the stochastic compon ent in the year v and for the month 
"'V, t 

't , 1=1 , ... ,12. This removes the period ic ity in the mean and standard deviation and gives 

a second order stationary stochastic component. Since the monthly population parameters ~t 
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and at are not known, they must be estimated from hi storical data. Two procedures can 

be followed for obtaining these estimates [Mutrej a, 1986] : 

I) The non-parametric approach 

Here the sample mean for the month 1 is determined by 

where 1 = 1, ... , 12 and N is the total number of years of available data. And an estimate of at 

is given by 

And the standardized homogeneous sequence y becomes 
v,t 

V= ::" , ... ,N;! =l , ... , 12 

2) The parametric approach 

In the non-parametric approach , th e number of stati stics used to describe the periodic 

parameters is twenty four and hence to reduce the number needed for the mathematical 

description of the periodicity, the parametric method is adopted. 

Let us consider that u represents a sta ti stical characteristic of a periodic hydrologic 
t 

time series Yv, t 
(such as the peri odic mean and the periodic standard devi ation 

). Assume also that u is a sam pl e esti mate of the unknown population parameter 
t 

denoted by v
t 

The parametric or Fourier seri es representation of u
t 

, denoted 10 

general as v
t 

, can be obtained b 
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u + ~ (A.eo s ( 2rtjt ) + B.s in ( 2rtjt ) ) 
Lj~l ) W ) W t =l , ... , 1 2 where U IS 

the mean of u
t 

' Aj , Bj are the Fourier series coefficients, j is the harmonic and h is 

the total number of harmonics ; h = w/2 or h = (w-I)/2 according to whether w is even or 

odd, respectively. For instance, for monthly series w= 12 and so h=6. 

The mean Ii and the Fourier coefficients A. and B. are determined by 
) ) 

and 

U = ~"",w U 
W L.Jt ~l t 

2 2 . 
A . = _"",W It c o s ( ~) 

) WL.Jt ~l t W 
j =l , ... , h 

~"",W uSin ( 2rtjt) j ·= l , ... ,h 
WL.Jt= l t w 

When w is even , the last coefficients Ah and Bh are given by 

and 

In the above equation , v
t 

is determined by con sidering all the harmonics j=1 , ... ,h. 

But in practice, a smaller number of harmonics h • < h is used; that is , v
t 

should be 

computed with only those harmonics which significantly contribute to the variability of Ur · 

The correlogram analysis, the periodogram anal ysis an d oth ers may be used to identify the 

number of significant harmonics h . 
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When dealing with daily or weekly eries (or any other seri es with a relatively small 

time interval) , the application of Fourier analysis is found to give better estimates of 

parameters. But often in practice for monthly , bimonthly, quarterly or similar series, the 

Fourier analysis is not applied [Salas el aI, 1980]. 

STOCHASTIC COMPONILNT - DEPILNDENCIL MODILL 

The variable ;',t obtained by remo ving the periodicity in the mean and/or 

standard deviation is only approximately a second order stationary stochastic time series. 

The dependence is generally approximated by the first , second or third order AR linear 

models for short hydrologic series. As desc ribed in sec tion 2.3, the general pth order AR 

linear model is 

7 = ~ <1> ..7 . + 0 ~ 
"V , t L...Jj =l .JV, r -) E V,t 

where <l>j represents estimates of constant (non-periodic) AR coefficients, 0E IS a non-

periodic standard deviation which gives ;: as a second order stationary and '> v, r 

independent vari able with mean zero and vari ance one. 

The parameters <l>j and ° are estimated from the available sample data. For 
E 

the selection of the order of the AR model , one approach is to plot the expected 

correlograms for the AR(I), AR(2) and AR(3) models and that of the historical series and 

to choose the one whose correlogram is closer to the correlogram of the hi storical record 

[Salas et aI, 1980]. Another approach is to use the so-called Akai ke Inform ation Criterion 

(AlC) [Akaike, 1974]. For comparing competing AR(p) models, compute 

AlC (p ) = N In (o; ) + 2p 

where N is the sample size and 0 2 is an estimate of the resi dual variance , and choose 
E 

the model which gives th e minimum Ale. The interpretati n of his criteria is a folIo s. 
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As the order of the model increases (i .e. more exp lan ato ry variables) , we expect a reduction 

of the residual variance. But, the large r th e order, th e greater is the number of estimated 

parameters and hence the more unreliable th e model becomes. Therefo re, a model which 

minimizes the sum of these two effects is desi rable. 

lNDEPENDENT STOCHASTIC COMPONENT 

The independent stochastic component ~ is obtained after removIng the 
'tv, • 

dependence structure from the standardized residual component '7 using the AR model 
"'II " 

of particular order selected. The ~ of the process thus computed is a random variable 
v, • 

with mean zero and variance one. Once ~ is accepted as a stationary independent <' v, • 

variable, a theoretical best fit distribution is found from normal , three parameter Lognormal 

or three parameter Gamma distribution , using Chi-square criteria. Sometimes Kolmogorov

Smirnov test is also used. The performance of stati onarity approach have been found to 

depend on the best fit distribution for the random component and generation of random 

numbers having that probability density function [S eth & Chandra, 1977]. However, since 

most probability theory and statistical techniques applied to hydrologic time series analysis 

are developed assuming the variab les are normally di stributed, it is often necessary to 

transform the original skewed series into normal before carrying out the statistical analysis 

of interest. In such cases, the generation of a synthetic time series will start with the 

generation of independent normal variables with mean zero and variance one, and then 

adding the time dependence structure as well as periodic components, whichever is 

necessary [Salas et ai, I 980). 

At last, a word of warning may be desirable against unjustified attempts at detection 

and removal of trend component when anal zi ng a time series by the stationarity approach . 

That is, slow oscill atory movements (low frequency random effects - a considerable rise 

or decline of a time series once in a decade or once in a quarter of a century , etc) might 
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be treated or regarded as trends and as a result, the inference from such 'trend' in a 

particular period to the effect in the future mi ght be quite false [Kendall & Stuart, 1968 ]. 

Therefore, the verification process of a trend shou ld ascertai n wheth er th e hi story of data 

collection (various sources of systematic errors) ; the hi story of river basin developments 

(the abstraction of water from a ri ver or the construction of a reservoi r affecting a lake 

level); or the other natural factors (changes in nature by natural di sruptive, evolutive or 

sudden processes) may support the final acceptance of the inferred trend. In short, the 

detection and removal of a trend is more reli abl e if changes are substantiated by both 

statistical tests and physical or historical evidence and justification [Salas el aI, 1980] . 

H. NON-STATIONARITY APPROACH 

Many investi gators have considered the hydrologic time se ri es as a non-stationary 

process entirely. It is similar to Markov chain model in which the variate at the t-th time 

is comprised of a component lin ea rl y related to that at (t- I)th time and a random 

component. For relating th e streamfl ow durin g any month to that during the month 

immediately preceding it, this meth od uses seri al correlation coefficients of monthly 

streamflow computed from the reco rd usi ng linear regression analysis. The following 

recursion equation [Thomas and Fiering, 1962] can be written to represent this model 

where Q i and Q ,+1 are flows during i-th and (i+ I )th months, respectively, co unted from 

the start of the generated sequence; Q- . and Q- . are th e mean monthly flows during 
J J+l 

j -th and (j + l)th months , respectively, within a repetiti ve annual cycle of 12 months ; S )+ 1 

is the standard deviation of monthly flo ws during (j + I )th month ; B ) is the regression 

coefficient for estimating the flow in the (j + I )th month from the flow in the j -th month ; r) 

is the correlation coeffici ent between the flows of j -th and (j I )th months and Z, IS an 

independent variable wi th mean zero an d variance I . 
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The square root and logarithmi c tran sformati on of the original data have been 

recommended by Thomas and Fi erin g to avoid negati ve valu es of generated flows and also 

to narrow down the gap between hi gh fl ows and low flows. 

As in the case of stationarity approach , this method also requires generation of 

random numbers of appropriate probability di stribution . But since most frequency curves 

of hydrologic variables are asymmetrically di stributed , or are bound by zero (they are 

positively valued variables), it is often necessary to transform these variables to normal 

before carrying out the statistical analysis of interest. 

Generation of normally distributed independent random numbe~ 

Whenever historical flows are avail abl e, a sequence of future flows can be 

synthesised by consulting a table of random numbers, or by generating using a di gital 

computer or by similar approaches 

The first step in synthetic generation of flows is th e generation of uniformly 

di stributed independent random numbers. In our case, thi s was done by using RA DOM, 

a built-in routine available in th e Turbo Pascal compil er, version 4.0. The second step is 

the transformation of these random numbers into those having the required fitted 

distribution of the observed streamflow data. In this study, because of various reasons 

mentioned above, the observed data were transformed into normal before carrying out the 

desired analysis. Therefore, in our case, we need to transform the generated uniformly 

distributed independent random numbers into normal. This was done by using the Polar 

Marsaglia method. The procedure is as follows . Let UI and U2 be two ind ependent 

uniform(O,l) random numbers. Let 

and 

If q2 < 1, then 

V I = 2U I - I 

V2 = 2U2 - 1 
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and 

will be a pair of independent standard normal random numbers, where 

q = [-2 In (qJ / q2 ] 1/2 

Using the above steps, normally di stributed independent random numbers of length as 

required can be generated. 
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CHA PTER THREE 

MODELLING AND GENERATION OF MONTHLY STREAMFLOW SEQUENCES 

3.1 Modelling of Megecha ri verflo w time eries and generation of synthetic flows 

3.1.1 A stationarity approach 

Megecha river is located in the Ghibi e - Omo basin . It has a total drainage area of 286 

square kilometres. Monthly runoff data ( in million cubic meters) recorded at a gauging 

station near Gubrie for 12 years ( 1977 - 1988 ) are used for analysis. 

I. Preliminary analysis 

The monthly time series, denoted by Y , v= I,,,. ,12 and 1:= 1,,, ,12 , are plotted as 
v, r 

shown in Fig.l . It shows th at during th e summ er ( Jul y, August, and September) the fl ows are 

generally higher than during the rest of th e year; thi s situation repeats itself every year in 

a periodic manner. 

To check whether the flows are trend fr ee or not, a linear trend function is fitted. The trend 

function is : 

Yt Po + P
1
t' = 9.479272 -0.00618 It 

where Y
t 

is the flo w in month t , t= I ,2 , ... ,12( 12)= 144 . We say a linear trend exists if the 

slope is significantly di ffe rent fro m ze rO.Here the standard erro r of P
1 

is SE(f3J =0.02673 

and 

T = -0.23 I 

Since the sample si ze (N= 144) is large, th e sam pling dis tribution of T is approximately standard 

normal. For a. = 0.05 , the ( l-o.12)th quantil e of the standard nomal di stribution is 1.96 . Since the 

absolute value ofT is less th an 1.96 , the hypoth si th at the lope is not signifi cant! different from 

zero is accepted. Thus, we can ass um e that the no\\'s are trend free. 
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II . Parameter estimation and model identification 

In order to avoid negative val ues of genera ted flow and to make th e data normal , a 

logarithmic transformation with a lower boundary parameter C = 0.1825, i.e., 

is applied to the ori ginal series. (The lower boundary parameter may be obtained by trial 

and error.) Then the monthly means x
t 

and monthly standard deviations S are 
t 

computed and are given in Table 3.1. 

Table 3.1 : Monthly means and standard deviations ( in 

millions cubic meters) of th e normali zed 

streamflow series of Megecha ri ver. 

month mean standard deviation 

"( xt St 

-0.883 1.14 6 
2 -0.459 0.877 
3 -0010 0.873 
4 0.317 1. 657 

5 0.826 0.83 6 

6 1.122 1.209 

7 2.859 0.583 

8 3.610 0.439 

9 2.856 0.283 

10 1.922 0.77 1 

11 0.405 0.740 

12 -0266 0.435 

Now standardize th e series as : , 

, v= I, ... , 12; "(= 1, ... ,12 
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This standardi zed seri es has approximatel mean z ro and afl an e on . In ce th i f1 es 

is free of peri odicity , we can write it as Z ,t= I, .. , 12( 12)= 144 . Then th co rrelogram of 
( 

Zt 't (Z) I and the expected correlogram for the AR( I), AR(2) and AR(3) models 

are computed. 

1) AR(1) model 

The model is 

Zt 

An estimate of the AR coefficient <1>1 IS 

<$1 = 0.4549 . 

The autocorrelation function (ACF) is 

k> 0 

An estimate of the error standard deviation is 

~ = 0.89365 19. °c 

2) AR(2) model 

The model is 

The estimates of the AR coeffici ents <1> 1 and <1> 2 are 

<$1 = 0.4437 and <$ 2 = 0.0246 . 

The ACF is 

An estimate of the error standard de iation is 



3) AR(3) model 

The model is 

26 

<\ =0.896 2 10 

Zt = 4>1 7 -1 + '+" _7 - 2 + ,+,. Z + 0 "t '+'G"f '+'3 r- 3 "', 

By solving the ACF ( system of linear equations) 

we get <PI =0.4415, <P2 = -0 .0252and <P3 = 0.1107. 

An estimate of the error standard deviation is 

a" = 0.8941214. 
c 

The computed values ofr k ,k= I,2, .. , 10 , for th e three models are given in Table 3.2 

below. 

Tab le 3.2 : Expected correlograms for AR( I) A R(2) and AR(3) models. 

k AR(I) AR(2) AR(3) 

1 0.4549 0.4549 0.4 55 1 

2 0 .2069 0 .2265 0 .2261 

3 0 .0941 0.1117 01990 

4 0 .0428 0.0551 0 .1326 

5 0 .0195 0 .0272 0.0785 

6 0 .0089 0 .0134 0.0534 

7 0 .0040 0.0066 0.0363 

8 0 .0018 0.0033 0.0234 

9 0 .0008 0 .0016 0 .0153 

10 0.0004 0.0008 0.0 102 

Now, based on these values of r k k= I,2 , .. 10 , of th e AR(I) , R (2) and AR(3) 

models, the expected correlogram s are plotted together wi th th e sa mple (hi storical) 

correlogram as shown in Figu res 2(a) , 2(b) , 2(c) and 2(d). 
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Visual inspection of the plots doesn 't help to decide whi ch e pected correlogram is clo er 

to the sample correlogram. Therefore the so-called Akaike Information riterion (AI ) is 

used. The AlC's for the three models, respectively, are 

AIC(I) = -30.382419 

AIC(2) = -27.459266 

AIC(3) = -26.231151 

Since the AR(1) model has the least AIC, it is selected for further analysis. The selected 

model is 

O.4549Z
t

_1 + e t 

where & ~ = 0.8936519 ~ 
£ lot lot 

Since 1~11 < 1 we can conclude that the esti mated parameter 4>1 compli es 

with the stationarity condition . 

III. Tests of goodness of fit and generation of sy nthetic flows 

Since Z 0 is not known, the residual s are computed beginning at - 2. For 

instance 

and so on, where z t are the standardized observed flows . 

The hypothesis of uncorrelated residual s is tested 

correlogram [Anderson, 1941). The tol erance band around r 

side is given by : 

-1 ± 1.96y'N - K - 1 

N- K 

by the Anderson test of the 

at tolerance Ie el % on each 
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where N is the total number of obse rvati ons and k is th e ma ' Imum lag conSld red in g 

the above formula the 95% lower and upper probabili ty limit are omp uted, re pectiv I , 

as -0.2009 and 0.1817. The correlogram of th e resi duals togeth er wlth the % limits IS 

plotted as shown in Fig.3. From the fi gure we can see th at all va lue lie in ide th e limits. 

Therefore, the hypothesis of un correlated residuals is accepted. 

The hypothesis of normality of the residuals is Ie ted by the skewn ess test of 

normality. In our case, the skewness coeffici ent is 1 =0.0 19. For a norm al popul ation, 

the (I-a) probability limits on the population skewness coeffi cient y may be defi ned 

by [Snedecor & Cochran, 1967] : 

For a=0.05, the limits are ( -0.3998 ,0.3998 ). Since 1 li es in th is interval, the hypoth esis 

of normality of the res iduals is accepted. 

Now, standardize the residual s as 

0.8936519 

This standardized series is approximately standard normal. 

Here our model is 

t = 0.45 49Zt_l + 0 . 8936519 ~r (3 .1) 
t 

d b s r: and th en assumi ng Z 0 =0, use First generate standard normal ran om num er "r 

. . th · bl t To begin the generation e assu med Z 0 =0 equatIOn ' (3 .1) to generate e vana e r · 

and as a result the first generated val ues of tr are biased. To a oid such bias, th e 
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Jackson, 1971] to drop the first 50 generated al ues of 2 
t 

2t as 2t+5 0 

and then to re-inltiali e 

Then write 2 as t 2 t 
1 1,1' 2 as 1,2 "" ,2144 as 21 2 , 12 , ... 

so that 

(3 .2) 

where X, and s, ,respectively, are the monthly means and standard deviations of the 

normalized series X v. t · And finally to get the generated future flows G apply an anti-
Jv, t 

logarithmic transformation on i ; i.e., 
v, t 

fv" = exp (xv,,) + 0. 182 5 (3 .3) 

Using equations (3 .2) and (3 .3), future flows of Megecha ri ver of length as r quired can 

be generated. 

Here it is worthwhile to note the following points. First, if th e stationarity condition s 

of the estimated AR parameters are not satisfied, then one has to ei th er chan ge the 

estimation method or change the order of the model. Second, if the hypothesis of 

uncorrelated residuals is rejected, th en th e selected model is inadequate and one has to 

select a higher order model. And lastly, if th e ske'v ness test of normality rejects the 

hypothesis of normality of the residuals, th en one ha to either go back and try another 

transformation to normality of the original data or find a best fi t di tribution for the 

residuals (from three parameter Gamma or three parameter lognormal ). 

The computer program (in Turbo Pascal) that as used to generate nthetic flows 

by the stationarity approach is given in Appendix A. 
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3.1.2 A non-stationarity approach 

Here, a mathematical model developed by Thomas and Fi erin g (1962) will be u ed. 

The method assumes that the streamflow is made up of two components: the determini tic 

and the random. As described in the previous section, the model for unit time interval (one 

month in our case) to generate flows is : 

1 

+ ZPj+l ( 1 - r/) "2 (3.4 ) 

i=O,1, .. . ,12N-l;j=1 ,2, .. . ,12 and N is the total number of record years to be generated. 

The monthly streamflow observations,y I , of Megecha river are found out to be 

skewed. A simple logarithmic transformation 

X i = Ln( y i - 0.1825 ) 

makes the observations normal with mean 1.032 and standard deviation 1.658 . And hence 

a i = ( X i - 1.032 )/ \.658 

is standard normaL 

Using this standardized series, the values of QJ ,S J' r J and B J are computed for 

j=l, .. ,12 . These values are given in Tabl e 3.3. 

By substituting these estimates, Equation (3.4) is recursively used to get values of 

Q I_ I ,i=0,1, ... ,12N-l where N is the total number of record years to be generated, and then 

the inverse (backward) transformation 

Y i.l = exp ( 1.658 Q i. 1 + 1.032 ) + 0.1825 

is applied to obtain the generated future flo ws. 

Th t ram (I·n Turbo Pascal) that was u ed to generate s nthetic flo ws e compu er prog . 

b h t t
· .ty model of Thomas and Fiering is given in Append ix B. 

y t e non-s a IOnan 
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Table 3.3 : Monthly means, standard deviati ons, co rrelation 

and regression coefficients of the standardized 

normalized streamflow sequence of Megecha ri ver. 

month mean standard correlation regression 
deviation coefficient coeffi cient 

J Qj S j r J B
J 

1 -1.1552 0.6911 0.6704 0.513343 
2 -0.8995 0.5290 0.4553 0.45306 1 
3 -0 .6283 0.5266 0.7825 \ .486542 
4 -0.4301 1.0003 0.4803 0.2423 17 
5 -0.1245 0.5045 0.3321 0.480008 
6 0.0544 0.7295 0.1073 0.05 1722 

7 1.1017 0.351 9 0.0604 0.045420 

8 1.5552 0.2646 0.3906 0.251766 

9 1.1 002 0.1705 0.2036 0.555 120 

10 0.5367 0.4649 0.75 33 0.723420 

1 I -0.3782 0.4465 0.8289 0.4865 85 

12 -0.7829 0.262 1 0.169 \ 0.44 571 0 

3. 2 Modelling of Gudla riverflo w time seri es and generatio n 

3.2.1 A stationarity approach 

of synth etic flows 

River Gudla is located in the western part of Ethi opia in the Bl ue Ni le basi n. It is 

a tributary to Abay ri ver with a total drainage area of 242 Sq.Kms. Monthl run off data 

(in million cubic meters) for 33 years (1960-1 992) reco rded at a gauging tatio n near 

Dembecha are used for analysis. 

I. Preliminary Analysis 

The monthly streamflow sequence y , =1, ... ,3 3; 1= 1, ... ,12 is plotted as hown 
v, t 

in Fig.4(a) and 4(b). From the fi gures it can be seen that during the m nths of lui ugust 

and September the flo ws are hi gher than du rin g th e re t f th ear. 
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For monthly streamflow data of Gudla river a linear trend fun ction 

Y l = 22.83926 + 0.009617t 

is fitted. At the 95 percent probability level the slope is not significant. Therefore, we can 

conclude that the monthly streamflow sequence of this river is not characteri zed by a trend. 

II . Parameter estimation and model identification 

The monthly flows are found to be skewed with skewness coefficient ? = 1. 705 . 

A logarithmic transformation with a lower boundary parameter C = 0.1725, i.e., 

is applied to reduce this skewness to zero. 

Then the monthly means x and monthly standard deviations Sl are computed. 
t 

These values are given in 

Table 3.4 . Using these values standardize the data as 

7 XV,t-Xt , 1=1 , .. . ,12 and v= I, .. . ,33 
""V,t= S 

t 

Table 3.4 : Monthly means and standard devi ations of the normali zed streamflow equence 

of river Gudla. 

month mean standard deviation 

1 Xt 
s, 

1 -0.086 0.563 

2 0.940 1.177 

3 -0 .800 0.637 

4 0.978 0.896 

5 0.123 0.888 

6 2.163 1.019 

7 4.304 0.464 

8 4.627 0.253 

9 4065 0.289 

10 2.861 0.575 

11 1.522 0.515 

12 0.796 0.650 
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Now write z.,t as ~ ,t= 1, 12(33) 3 .. , == 96 and determine th e co rrelogram 
'k (z ) 

Also compute the expected correlograms for AR( I), AR(2) and 

1) AR(I) model 

The model is 

with estimates <$1 = 0.5566 and ~ °e 

2) AR(2) model 

The model is 

= 0.831841. 

with estimates -f. == 0 5447 'f' 1 . , $2 == 0.02 14and 

Oe = 0.8327058. 

3) AR(3) model 

The model is 

R(3) models, 

of , 

with estimates -f. == 0.5455 , -f. == 0.0309, -f. == -0 .0175 and (] = 08334994 'f'1 'f' 2 'f'3 e " 

In Table 3.5 below, the correlogram of th e hi storical monthly flows of ri er Gudla 

is given. By using the estimates of th e AR coefficients for the R( I), R(2) and R(3) 

models, the expected correlograms are computed an d are gi en In 

Table 3.6 . 



38 

Table 3.5 : Correlogram of the historical monthly 
streamflow equence of udla ri r 

k ric (z) k rk (z ) 

0.557 21 -0.024 
2 0.325 22 0.027 
3 0.177 23 0.066 
4 0.067 24 0.094 
5 -0.001 25 0.145 
6 0.016 26 0.081 
7 0.010 27 0.104 
8 0.061 28 0.081 
9 0.067 29 -0.019 

10 0.132 30 -0 .062 
II 0.136 31 -0.028 

,I 
12 0.113 32 -0 .003 
13 0.091 33 0.034 
14 0.072 34 0.038 
15 0.085 35 0.064 
16 0.022 36 0.069 
17 0.015 37 0.009 
18 -0 .013 38 -0 .015 
19 -0.059 39 0.031 
20 -0.051 40 0.027 

Table 3.6 : Expected correlograms for the AR( I) , AR(2) and ARC) models. 

k AR(I) AR(2) AR(3) 

1 0.5566 0.5566 0.5570 

2 0.3098 0.3245 0.3250 

3 0.1724 0.1887 0.1770 

4 0.0960 0.1097 0.0969 

5 0.0534 0.0638 0.0526 

6 0.0297 0.0371 0.0286 

7 0.0165 0.0216 0.0155 

8 0.0092 0.0125 0.0084 

9 0.0051 0.0073 0.0046 

10 0.0029 0.0042 0.0025 
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For identification purposes, the expected correlogram of each of th e abo e models 

is plotted together with the historical correlogram as shown in Fi gures (a), (b), c) and 

5(d). It is really hard to identify the model whose correlogram is clo er to th e sampl e 

correlogram by visual inspection of the plots. Therefore, the Akaike Lnformation Criterion 

(AlC) is used for this purpose. The AIC's for the AR(1) , AR(2) and AR(3) models, 

respecti vely, are 

AlC(l) = -143.818 

AlC(2) = -140.995 

AlC(3) = -138.241 

Thus, the AR(1) model has the least AIC and is selected for further analysis. The 

selected model is 

Since ~ = 0.5566 < 1, the stationarity condition for the AR(J) model is sati sfi ed. I 'til I 

III. Tests of goodness of fit and generation of 

synthetic flows. 

The residuals e
t 

are computed beginning at t=2 SInce 

instance, 

e 3 =Z3 -<P1Z2 ,and so on. 

IS not known . For 

. ltd or not Anderson's tes t of the correlogram at 
To test whether the residuals are corre a e , . . ., 

d 95 percent lower and upper probabdll 11 m ItS, 
percent tolerance level is used. The compute . . . 

I of the resi du als togeth er With th e e li mits 
respectively are -0 .1065 and 0.1009. The corre ogram . . . f ( I 

' I valu e lies outs ide th e lim its a max imum 0 -

is plotted as shown in Figure 6. Here on y one 'd I ~ the R( I ) model 
ve can conclude that th e re I ua s or 

0 95)40 = 2 is allowed) and , therefore , " 

are uncorrelated. 
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-0.1 L-------~--------~------~--------L-------~ 
o 10 20 30 40 

k 

- - original series -l- for AR(1) model 

F igure 5(a) :Correlogram of the stand
ard ized h istor ical series and expected 
correlogram for the AR(1) mode l. 
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Figure 5(b) :Correlogram of the stand
ard ized histor ical series and expected 
correlogram for the AR(2) model. 
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Figure sic) :Correlogram of the stand
ard ized h istor ical series and expected 
cor relo gram for the AR(3) model. 
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F igure Sid) :Correlogram of the stand
ardized historical series and expected 
correlograms for the three models . 
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The coefficient of skewness of th 'd . e resl uals IS 1 = 0.189. and the 9 per en! 

confidence interval for the population k ' " s ewness coeffiCient IS 

Since 'Y = 0.189 falls in this interval, the hypothesis of normality of the residuals is 

accepted at the 95 percent confidence level. 

Now standardize the residuals as 

~ = et = et 

t at 0.831841 

This ~t series is approximately standard normal. 

The model for generation of synthetic flows is 

2t = 0.556621-1 + O. 83 1 84 1 ~t 

By assuming Zo = 0, use the above equation to generate the variable Zt where ~I 

IS a standard normal random number. Due to the assumption of fa 0, the first 

generated values of Zt are biased, and as a remedy drop the first 50 generated alues of i l 

and re-initialize the series as ~ Z~ Zt= t+ 50 

Then write ~ , t=1, .. ,12(N) as 7' , v=l , .. , 
Zt ~, t 

and -r= 1, ... ,12 where is th e 

total number of record years to be generated, without disturbing the chronological order, 0 that 
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where xt and St are the monthly means and standard deviations of the normalized 

senes "v.t· And finally, to obtain the skewed generated synthetic flows of Gudla Jv, t 

river, apply the inverse of the normalization transformation, i.e.; 

3.2.2 A non-stationarity approach 

Let y )=1, ... ,396, denote the streamflow sequence of Gudla ri ver. As stated In the 

previous section, the flows are skewed. Therefore, a logarithmic transformat ion 

x i= In( y i - 0.1725 ) 

is applied to make the flows normal with mean 1.471 and standard deviation 2.138. And 

finally, the sequence is standardized as 

a i = ( X i -I. 4 71 )/2.138 

This sequence a i is approximately standard normal. Then determine the monthly means 

Q
j 

, the monthly standard deviations S J' and the regression coeffi cients B J an d the 

correlation coefficients r of successive months, j=1 , .. . , 12.These values are given in Table 
J 

3.7. 

Then insert these values in the model : 

Q - Q- + B. (Q. - Q-.) + Z ~J'+l '1 - r).2 
i +l - j +l ) I) t' Y 

where z i is a sequence of standard normal random numbers. Finally, apply the in erse of 

the standardization and normalization transformations on Q ,-I to get the generated flows , 

i.e., apply the transformation : 

Q 147 1 ) + 0 . 172 5 
Yi+l exp (2.138 i +l + . -

i=O, .. . , 12N-l, where N is the number of record years to be generated. 
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Table 3.7 : Monthly means, standard deviations, regression and correlation coeffici ent of 

the standardized normalized series a J' 

month mean std.dev. co rr.coe. regr.coe. 

Qj 
S 

J 
r . 

J B
J 

1 -0 .728 0.263 0.7767 1.623561 

2 -1.127 0.551 0.7875 0.42631 8 

3 -1.062 0.298 0.5658 0.795559 

4 -1.145 0.419 0.2032 0.201343 

5 -0 .630 0.415 0.4589 0.526827 

6 0.324 0.477 0.4451 0.202733 

7 1.325 0.217 0.4863 0.264944 

8 1.476 0.1 18 0.5469 0.624314 

9 1.213 0.135 0.5209 1.037894 

10 0.650 0.269 0.2904 0.260209 

11 0.024 0.241 0.7889 0.99575 1 

12 -0.316 0.304 0.1367 0.118352 

I '" 
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CHAPTER FOUR 

RESULTS AND DISCUSSION 

4.1 Testing the adequacy of models 

A modeller is usually interested in finding a model which can reproduce the 

historical statistical characteristics considered relevant Usually the main stati stical 

characteristics that the generated data is required to preserve are the hi stori cal mean , 

standard deviation , skewness coefficient and correlogram. 

In order to compare the statistical characteristics of the generated data with those 

of the historical data, first based on the selected model generate say m sampl es of length 

the same as that of the historical sample and then determine the mean p (i ) standard 

deviation 8 (i) , skewness coefficient y (i ) and correlogram 'A: (i) , (k= I , ... ,40) for 

each generated sequence, i=I , ... ,m. Let u(i) represent any of these stati sti cal characteris tics. 

Compute the sample mean and standard deviation of the u(i )'s, respectively, as 

s (u) 

2 ~ u(i) 
mL..Ji= l 

1 ~ (u(i ) -U) 2 
(m-l) l..Ji= l 

Then calculate the confidence interval 

[ Ii - c S(u) , Ii + c S(u) ] 

2 d dna on how str ict th e test is made. Al ternati el , 
Usually c is taken as 1, 1.5 or epen I ~ . . . 

d 
I 'ate corresponding to a speC ified Sign ificance 

c could be taken as the standar norma van 
I I [S alas e/ al 1980]. Finall check wheth er the 

level such as 1.64 for ten percent eve ' 
. .' t ve interval or not. If the h istori cal stati ti cal 

historical statistical value falls Inside ItS respec I 
. I the analyst has to either change the parameters 

value doesn't fall inside the mterval , n en . 
d I 't If But if all statistical alues con Idered 

of the model or perhaps change th e mo e l se . . 
. . Is then we say the model I adequ ate . . nfl dence mterva , relevant fall in th eir respective co . 
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4.2 Comparison of stationarity and non-stationarity approaches for generation of nthetl c 
streamflows 

4.2.1 Megecha River 

As discussed in the previous chapter, the model selected for generation of syntheti c 

streamflows for river Megecha by the stationarity approach is the AR( I) model. This model 

was used to generate 38 samples each of length 12 years. The general stati sti cal properti es 

of the generated and historical samples are given in Table 4.1. 

Confidence intervals, each one standard deviation away from the mean, were constructed 

for the mean, standard deviation and coefficient of skewness for checking th e adequacy of 

the model. These confidence intervals are 

( 8.597 , 10.435 ) for the mean; 

( 12.665 , 17.655 ) for the standard deviation ; and 

( 2.016 , 3.948 ) for the skewness coefficient. 

Since each historical statistical characteristic lies in its respecti ve confidence interval, we 

can conclude that the model is adequate. 

In order to compare the performance of the stationari ty and non-stati onarity ap proaches 

for generation of synthetic monthly streamflow sequences for ri ver Megecha, 38 ampl es 

of length equal to that of the historical sample, that is, of length 12 years, were also 

h t· ·ty model of Thomas and Fiering. The main statistical generated by t e non-sta IOnan 

. f h I and of the original sample are given in Table 4.2. properties 0 t ese samp es 
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Table 4.1 : General statistical properti es of the hi sto rical sample and of ample g n rat d 

by the stationarity approach for rive r Megecha monthly flow equence. 

Historic 
sample 

Generated 
samples 
1 
2 
3 
4 
5 
6 
7 
8 
9 

10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 

34 
35 
36 
37 
38 

Mean of 
38 values 

mean sld .dev. 

9.086 

10.374 
8.276 
8.198 

10.514 
9.607 
8.6 54 
8.381 
9.504 
9.521 
9.444 
8.674 
8083 
9.130 
9.589 
9.476 
9.081 
9.155 
8085 

10.68 1 
10.677 
7.80'+ 
9.817 

10.042 
9.214 

10.042 
11.197 
9.849 

11.736 
9.220 
9.'+ 30 
9040 

10. '+ 60 
10.250 
9.010 
9.930 
9.420 

11 .020 
9040 

9.516 

13.3 19 

18 .76 1 
13.070 
13.5 53 
17.267 
13.9 13 
12.676 
12.471 
15 .123 
17.633 
16.39 1 
13.697 
11.960 
13. 180 
14.-+ 78 
13.562 
130.+ 6 
12.'+ 98 
II. 912 
17.93 1 
16.6 1'+ 
11 .697 
15 .6 13 
17.856 
13.57.+ 
16785 
22.8.+0 
17.273 
20 .779 
14 .2.+0 
1.+ .170 
13.580 
1-+320 
17080 
1'+ .290 
16.1.+0 
15.120 
16.'+ 50 
1.+ .530 

, 

15.160 

2.263 

3.588 
2.6 11 
4.168 
2.890 
2.328 
2.122 
2.3 9 
2.426 
4.909 
3:79 
2.8 6 
2.997 
1.988 
3.263 
2.159 
1. 992 
2.08 '+ 
2.'+ • 

3.-+ 16 
2.7"3 
2. 05 
.1 9 

3.828 
2.579 
3.1 2 
7.233 
3.131 
3.500 
2.7.t 0 
2. 20 
2.220 
2.020 
2.900 
2.3 .t0 
~.-+ 0 

2.9.t 0 
2.6 0 
~ .6.t0 

2.9 2 
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Table 4.2 : Main statistical properties of the historic sample and of sampl e generated b 
the non- stationarity approach for monthly flow series of Megecha ri er. 

mean sld.dev . skewness 

Historic 9.086 133 19 2.263 
sample 

Generated 
samples 

I 10 .559 13.225 2.102 
2 8.798 11.525 2.915 
3 9.555 14.593 2.810 
4 9.466 13.505 2.213 
5 10.200 13.854 2.242 
6 9.721 15.517 3.838 
7 10.073 12036 1.756 
8 9.166 12 .158 2.217 

9 9.013 13.959 3.487 

10 9.481 12 .9 18 2.724 

1 I 9.017 12.739 2.243 

12 9.857 I·U69 2.308 

13 9.52~ 12.566 1. 949 

14 8.959 1 3 . 65~ 2.580 
," 

1~ . 0\3 2.287 10.\02 15 

16 10 .006 1~ . 785 2.956 

17 10300 IU61 2.188 

18 9.268 \3.59~ 2.637 

19 8362 1105~ 2 . 07 ~ 

20 10.588 1~ .57 ~ 2.289 

21 10 .260 13. 769 2 . 05 ~ 

22 9.575 IU38 2.735 

23 10. IH 1 30~9 1.705 

\O . ~81 16.869 3.836 
24 

8.675 11 303 1.868 
25 

9.697 15306 2.516 
26 

1~ . ~ 96 n81 9.156 27 
10.5 73 2.165 7.9 17 28 
12.150 2.190 

29 8.280 
13 . ~ 30 2.120 

30 9.0~0 
1 3. ~~0 2.380 

8.500 
1 3. 8~0 2.710 3 1 

7.960 
13.180 2.700 32 

8.080 
15 . 0~0 3.500 33 

8.750 34 
13.3 80 2.850 

8 . 2~0 
IH30 2 . 2 ~ 0 35 

9.520 
2 . 0~ 0 36 

8.510 1 2 . ~ 30 
2.260 37 

8.5 90 In90 
38 

2 . 50~ 
9.300 1 3.5 ~8 

Mean of 
38 values 
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As in the case of stationarity a h 
. . pproac , based on th e sampl es generated b th 

statJOnanty model, confidence intervals fo th . . 
r e mean , standard devIatI on and kewn 

n n-

ere 
computed for checking the adequacy of th e model 

The confidence intervals are 

( 8.527 , 10.073 ) for the mean ; 

( 12.222 , 14.874 ) for the standard deviation ' d ,an 

( l.959 , 3.049 ) for the coe. of skewness . 

Each historical statistical characteristic falls inside its respective confi dence interval. 

Hence, we can say that the model is adequate and that the main hi tori cal stati ti cal 

characteristics are preserved. 

Though both approaches provide adequate models for generation of ynthetic monthl y 

streamflow sequences for Megecha ri ver, the average values of th e stand ard deviatio n and 

coefficient of skewness of samples generated by th e stati onari ty ap proach how a 

considerable upward bias as can be seen from Table 4.1. And from Fig.7 it can be ob erved 

that the correlogram of samples generated by the non-stati onari ty approach is clo er to th e 

hi storical correlogram than that of stationarily generated sampl es. A current practice in 

generating new sampl es of hydrologic time se ri es is to preserve, exactl (which is less 

likely) or very closely, those estimates of th e hi storic sampl e which ha e th e smal lest 

sampling variances such as the mean and standard deviation [Salas et ai, 1980]. But in our 

case, the mean value of the standard deviati ons of sampl es generated by the statio narity 

approach is considerably larger than the hi storic standard deviation. Th erefore, generating 

using the non-stationarity approach is somewhat better in thi s case. 

4 .2.2 Gudla River 

As in the case of Megecha ri ver, th e model th at is used to generate nth etic flo s fo r 

Gudla river by the stationarity approach is th e autoregressive model of order one R( I ) . 

samples each of length 33 years were generated. The genera l 
By using this model 3 8 ~ 

. . . .' I d oenerated samples are gi en in Table 43 . 
statistical properties of the ongIna an '" 
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Table 4.3 : General statistical properti es of th e hi storical sampl e and of ampl e generat d 
by the stationarity approach for Gudla river. 

mean std . dev . skewness 

Historic 24 .748 
sample 

38.203 1.705 

Generated 
samples 

26.111 41 .029 1.745 
2 24.614 39.456 2.02 2 
3 24.531 37.869 1.612 
4 24 .462 39368 1.941 
5 25 .068 38.619 1.787 
6 22.999 35.438 1.752 • 7 25 372 39.197 1.744 ft 
8 26.414 ·H .823 1. 909 
9 23 .727 36.815 1.62 7 

10 233 90 36097 1.590 

II 2H38 38.93 1 1.815 

12 26.795 41.2 35 1.658 

13 22.61 2 36062 1.815 

14 25.069 38 .875 1.754 

15 25 .084 38.867 1.693 

16 25.3 57 39.040 1.767 

17 25.969 42.325 1.084 

18 26.026 41 .045 1.828 

19 25.278 39.3 44 1.741 

20 25.79 1 38522 1.5~6 

2 1 23.602 37 .805 2.476 

23 .698 36 .223 1. 618 
22 

25 .62 5 41.670 2.057 
23 

24.7 94 41.647 2.926 
24 

34.142 1.507 22.848 25 
35.906 2.022 

26 22.448 
1. 976 23.962 37 .613 27 

37.46 1 1.587 
28 25.093 

38 .258 1.948 
29 23 .845 

40.194 1.78 1 
30 25. 729 

39.172 1.588 
3 1 25.91 7 

41.606 1.879 
32 26.287 

36.167 1.737 
23 .199 

38.343 1.686 33 
24.7 59 

1.687 34 
23.186 36.322 

2.746 35 
24.903 41. 839 

1.8 6 36 
25. 154 40.152 

2.484 37 
27 .706 45.282 

38 
1.842 

24 .79 1 38.941 
mean of 
38 values 
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In order to check whether the mod I . e IS adequate or not confid . 
standard deviation and skewne ' ence tnt r al for th e mean , 

ss are constructed by taking c== 1 Th fi are . ese con Idenc intervaJs 

( 23.549 , 26 .033 ) for the mean; 

( 36 .599 , 41.283 ) for the standard d . . eVlatIon; and 

( 1.503 ,2.181) for the coefficient of skewness. 

Since each historical statistical characteristic fall . ·d . . s InSI e Its respective confidence intervaJ 

we can concl ude that the model i d . . ' s a equate and that the maIn historical characteristics are 

preserved. 

Following the procedure developed in the previous chapter, the non-stationarity model 

of Thomas and Fiering was applied and 38 samples were generated. The main tati tical 

properties of these samples are given in Table 4.4. 

For checking the adequacy of the model, confidence intervals for the mean , tandard 

deviation and skewness were constructed by taking c== 1. The confidence interval s are 

(24 .615,27.315) for the mean ; 

(37 .219,41.429) for the standard deviation ; and 

( 1.551 ,2. 183) for the coefficient of skewness . 

Here each historical statistical characteristic falls inside its respective confidence 

interval. Therefore, we can concl ude that the model is adequate . But as can be seen from 

Table 4.4 , the average values of the mean and standard deviation of sam pl es generated b 

the non-stationarity approach show a considerable upward bias. Furth ermore, as can be seen 

from Fig.8, the correlogram of the samples generated by the stationari ty approach is much 

closer to the historical correlogram than that of non-stationarily generated amples. 

Therefore we can conclude that the stationarity approach is better in thi s ca e. 
, 
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Table 4.4 : Main statistical properties of the hi stori c sample and of amp le gen r t d b 
the non-stationarity approach for Gud la ri verflow tim e serIes. 

mean std . dey . 

Historic 2 ·U~8 38 .203 1.70-
sample 

Generated 
samples 
I 24 .294 38 .722 1.70 1 
2 26.569 39 .93 1 1.877 
3 25.967 40.110 1.056 
4 22 .659 34,330 1. 965 
5 25.7 18 38. 181 1.794 
6 27. 987 41330 1.694 
7 27.-l1 ~ 40.941 2. 11 4 
8 27 .212 40.85 1 2.079 

9 25 .998 37 .H 9 1.758 

10 2-l .892 35.574 1.596 

11 28.496 42.880 1.9 

12 27.842 4 1 . ~ 3 3 I.H 

13 25 .835 36 .883 1.7 16 

14 25 .6 79 ~ 0 . ~ 88 2.4 

15 25.~05 36.6 13 1.78 

16 29.60 1 43796 1. 865 

17 25.7 ~ 8 3 8 .3 ~6 1.872 

18 27. 300 ~ 0 . 67 1 1 . 88 ~ 

19 27.289 ~ 1.3 ~ 5 1.8 2 

20 26 .826 39.85 1 1. 9 -4 

2 1 25 .880 3 6. ~ 82 1.7 3 

22 25.527 38.165 1.8 -6 

26 .477 38.685 1.68 1 
23 

25.123 37,353 1. 825 
24 

25 .223 37.503 1.71 1 
25 

26 .299 38 .848 1.8 -8 
26 

26 ,3 67 39.22 1 1.808 
27 

25 .468 41 .880 3.3 28 
28 

38 .3 28 1.709 250 76 29 
38.577 1.744 25 .181 30 
H 329 1.66 7 

26 . 7 ~ 7 31 
23.620 3 .406 

32 
25.480 41.1 I ~ 

41 .696 2.0 ~ 33 
26.06 1 

36.951 1.6 - 2 34 
23 .988 

1. 9 6 35 
2U98 ~ 0 .06 1 

36 40.238 1. 96 
24 .85 ') 

~ 0 . 7U 1.902 37 
25 .7 50 

38 

1. 6 
25 .96 5 ~ 9.' 2 ~ 

Mean of 
38 values 
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4.3 Comparison of results with similar studies 

Similar studies were conducted in Kenya [Chamia, 1973] and India [ eth & 

Chandra, 1977]. In Kenya, a 14-year monthly flow data of river Wakefi eld and in lndia , , 

a 15-year flow data of river Sileru were used to generate synthetic streamflow sequences 

by the non-stationarity approach. And the results show that the parameters of sy ntheti c 

flows lie within the 95% confidence limits of the historical flows. This is in direct 

agreement with our results where generation of synthetic streamflow sequences for river 

Megecha based on a 12-year monthly data using the non-stationarity approach performed 

well . This indicates that the non-stationarity approach can be successfully appli ed for short 

term records. 

To compare stationarity and non-stationarity approaches, 38 years of strea mfl ow 

data of ri ver Lakshmantirtha in India were used for generation of sy nthetic sequences and 

the results show that generation using the stationarity approach is superio r. Again thi s result 

also matches ours where the stationarity approach for stochastic generation of sy nthetic 

streamflo ws for ri ver Gudla using 33 years of data performed better than th e non-

. ' h ThJ's J'mplies th at for data of reasonable length, it is prefe rabl e to use statlOn an ty approac ' 

the stationarity approach . 

,. 
, . 
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CHAPTER FIVE 

CONCLUSIONS 

In this study, it was attempted to desc ribe the steps in 01 ed In modelling 

hydrologic time series in general a d hi . . , , n mont y streamflow sequences,ln partl ular. n e er-

present goal has been to compare stat ' . d " . lonanty an non-statlonanty approaches for generatIon 

of synthetic flows so as to establish the performance of each model in planning and 

designing water resource systems. As a particular case, these two approaches were applied 

for modelling the streamflow data of rivers Megecha and Gudla. In both cases, to mak e the 

data normal and to avoid negative values of generated flows , a logarithmic tran formation 

was applied to the original data. And then synthetic samples of length equal to th e 

corresponding historical sample were generated and the statistics of the generated ampl es 

were compared with the corresponding historical statistics. 

In case of river Megecha, both th e stationarity and non- tationarit appr ache 

provide adequate models for generation of synthetic streamflow sequence . But the a erage 

standard deviation and skewness of the samples generated by the tationarity approach how 

a considerable upward bias. Besides thi s, the correlogram of the sampl e generated b th e 

non-stationarity approach is closer to the historical correlogram than that of tationaril 

generated samples. Therefore, we can conclude that th e non-stationarity approach is 

superior to the stationarity approach in this case. 

Also in the case of river Gudla, both approaches provide adequate models. But ince 

the average values of the mean and standard deviation of samples generated b the non-

.. h h a considerabl e upward bias we can say that those e timates of 
statlOnanty approac s ow ' 

the historic sample with minimum sampling variance (i .e. the mean and tandard d iation 

I I d The various statistical properties of sampl es generated b the 
are not c ose y preserve . 
.. h n good agreement "vith their corr pondin g histor ical 

statlOnanty approach, owever, are I 
. . . h c can conclude that th is approach i upenor. 

statlstlcal properties and, t erelore, we 

. h t f r short term data, the performance of th e non- t 
Generally, It seems taO 

. . roach in g nerat ing equen of trea m 
approach is better than the statIOnarity app 

tlOn n 

ut 
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for data of considerable length , th e . 
statIonar ity app roach gi e bert r re ult th I 

number of parameters as compared to th .. 
e non-statlon afl ty approach . 

One question that may arise h . h h . ere IS t at w en do we say a gIven h drologic data 

is of short term or of considerable length Un~ortunatel th . d ti . . y, ere IS no e Jnlte an wer for thi s 

since what is long for one purpose may be short "or anoth Th C h ak 
L' er. ereJore, one as to t e 

much care when selecting among the two approaches. But in si tuations where it is hard to 

say whether a given data is of short term or long term , it is advisable to u e th e stati onarity 

approach because it involves a minimum number of parameters as compared to th e non

stationarity approach. This is known as the principle of parsi mony of parameter [ ala 

ai, 1980]. 

In this study, the models considered have been limited to those which are of rno t use 

and simple, i.e., the autoregressive (AR) models . But it should be tre sed th at if AR 

models fail to preserve the main hi sto rical stati stical characte ri stics th en thi defeats th e 

basic objective of generating new samples and, therefo re, one has to co n ider alternative 

models. 

Another factor which is important to consider in practical app licati on of AR model i 

related to the modelling of ske\\cd variables . Though it is desirable to wo rk with eri e 

transformed to normal ( because the es timation of param eters and goodn ess of fit te ts are more 

efficient than for skewed variables ), biases in the mean: standard de iation and erial 

correlations of the original series may occur wh en syntheti c samples are generated \ ith the A R 

model based on these transfonned se ries If such biases are considerable, then th e anal t ma 

avoid such transfonnation 

. . d tl t tl ~ intrinsic \·alue of the data generation method itself ma be At last. It must be mentlOne 1a leo 

. ' . . ' ld · lfonnation th an is in th e histori al record : but longer 
questIOned. Clearly It cannot Yle more II 

. h · t tical characteri stics indi tingui habl e from th at of the 
sequences of synthetic flows , a\ tng sta IS • 

. . t resource S\'stem 0 as 10 judge II overall alue. [n 
historical record are used as tnputs to a \\ a er . 

, . ethod whi hi not comm only accepted i tha t a h 
this respe t, a limitation of the data generation m 

I d If I g r qu n e are u d. th n 
sim ulation should be no longer than the histori ca recor . on 

. I tion is being in\'oked I La\\ ran c ollcgo a. I 7 ). 
unsubstan tiated but sensIble extrapo a 

• 
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program stationary; APPENDIX A 

{ This program can be used to . h b . generate syn thet" f1 WlS es y the statIonarity approach B C" IC stream ow sequences of length as one 
'1 bl . elore exec t h' aval a e number of years of record. } u Ing t IS program repl ace c I by th e 

const nyears = c l' k=40 ' 
type type 1 = array [l..nye'ars, 1..12] of real 

type2=array[-2 . .3000] of real ' ' 
type3 =array [ 1 .. 1000] of real ' ' 
type4=array[l..k] of real' ' 
type5=array[ 1..12] of re~l; 
type6=array[ -2 .. 10] of real; 

var y,z,genz,ycap: typel; 
rn ,zcap : type2 ; 
zp ,e : type3; 
r,err : type4; 
mean,stdev : type5; 
arl ,ar2 ,ar3 : type6; 
year ,month,j ,h,m,i,t,order,no,s,d, w : Integer; 
sum,ss,sum 1 ,sum2,sum3 ,ss 1 ,meanz real ; 

er s urn 1 , ersum2,ersum3 ,erss I ,mea ner ,si gm ae3 ,s m; real ; 
rand,v 1 ~v2 , q ,q2 ,phlcap 11 ,phicap21 ,phicap22: real ; 

phlcap31 ,phicap32,phicap33 ,c2,sigmae2,sigmae 1 r eal ; 
fl ,f2 ,8 ,f4,f5 : text; 

. fname 1 ,fname2 ,fname3,fname4,fname5 : string; 
begm 

W riteln ( 'Enter the file contaIning th e data.') ; 
readln (fname 1); 
assign(fl ,fname 1); 
reset(fl) ; 
for year=1 to nyears do 

begin 
for month :=1 to 12 do 

begin 
readln(fl ,y [year,month]) ; 

end; 
end; 
close(fl ); 

{ Perform a logarithmic transformation ( with lower bound ary parameter c2 ) to make the 
original data normal and to avoid negati ve values of generated stream fl ows. The 10 er 

boundary parameter c2 may be obtained by trial and error. } 
Writeln( , Enter the lower boundary parameter. ') ; 

Readln( c2 ); 
for year:=! to nyears do 

begin 
for month : =! to 12 do 

If"! 

.. 
II 
• 
It 

, 
" 
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begin 

y[year,month] := In( y[year,month] _ c2 ). 
end; , 

end; 

{ Calculate the monthly means and stand d d . . ar eVI atlOns} 
for month :=1 to 12 do 

begin 
sum:=O; 
ss:==O; 
for year :=1 to nyears do 

begin 
sum:=sum + y[year,month]; 
ss:=ss + sqr(y[year,month]) ; 

end; 
mean[ month ]:=sum/nyears; 
stdev[month] := sqrt((ss -
nyears*sqr(mean[month]))/(nyears - I)) ; 

end; 
{ Standardize the data.} 

for year:=l to nyears do 
begin 

for month :=1 to 12 do 
begin 

z[year,month ]:=(y[year,month] - mean[ month ])/stdev[ month]; 
end; 

end; 
{ Write z[1 ,1] as z[1] , z[1 ,2] as z[2], z[I,3] as z[3], .. , z[2 ,1] as z[13] , z[2,2] as z[J4] and 
so on .} 

for year :=1 to nyears do 
begin 

m:= year - 1; 
for i:=(12*m)+1 to 12*(m+1) do 

begin 
month :==i mod 12; 
if month==O then month== 12; 
zp [i] :==z[year,month] ; 

end; 
end ' , 

{ Compute th'e correlogram of the standardized series .} 

suml:==O; 
ssl :==0 ; 
for i:==l to 12*nyears do 

begin 
sum J:==sum1 + zp[i] ; 
ss1==ssl + sqr(zp[i]) ; 

end; 
meanz:==sum 1112 *nyears; 
sum2 :==ss1 - 12*nyears *sqr(lll eanz); 

IfNi 

It 



for t=1 to k do 
begin 

sum3 :=0; 
for i:=1 to (12*nyears - t) do 
begm 
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sum3 :=sum3 + ( [.] zp I - meanz)*(zp[t+i] - mea ). 
end; nz , 

r[t]:=sum3/sum2 . 
end' ' , 

{ Compute the estimates of the AR ff ' 
correlograms for AR(1 ),AR(2) and AR~;)e mlc~e~ts and residual variances and expected 

{ For the AR(1) model} 0 e s.} 

phicapll:=r[l]; 
for h:=1 to 10 do 
begin 

arl [h]:= exp(h*ln(phicap II)); 

{ For ~~~ ; AR(2;1!:~:I\=sqrt(( 12*nyears*( I-sqr(phicap II )))/( 12*nyears-l)) ; 

phicap21 : =(r[ I] *(1-r[2]))/( I-sqr( r[ I])) ; 
phlcap22 :=(r[2]-sqr(r[ I ]))/(I-sqr(r[ I])) ; 
for h:=1 to 10 do 
begin 

ar2[0] :=1 ; 
ar2[ -1 ]:=r[l]; 
ar2[h] : =phicap21 * ar2[h-l] + phi cap22* ar2[h-2]; 

end; 
w:=12*nyears; 

sigmae2 :.=( w*( I +ph icap22)* (sqr( l-phicap22) - sqr(phicap2 J )))/ (( w-2)* ( I -ph i cap22)) ; 

slgmae2 :=sqrt(Slgmae2) ; 
{ For the AR(3) model. Here a simplifi ed form for the es timates of th e AR coeffici ents is 

not available ; so solve the ACF to get them . } 
Writeln(, Enter the three AR coeffici ents.') ; 
Readln(phi cap31 ,phi capJ 2,ph i capJ 3); 

for h:=1 to 10 do 
begin 

ar3[0] :=I ; 
ar3[-I]:= r[l]; 
ar3[-2] := r[2]; 
ar3[h]:= phicap31 *ar3[h-I] + phicap3 2* ar3[h-2] ph icap33*ar3[h-3] ; 

end; 
sm:= phicap31*r[l] + phicap32*r[2] + ph icap3J* r[ 3J; 

sigmae3 :=sqrt(( w*(I-sm))/(w-3 )); 
{ Write the correlogram of the standardized seri es and expected correlogram s for R( I) 
AR(2) and AR(3) models to the fil e Plot the co rrelograms an d choo e the be t model. } 

Writeln( I Enter the file to store th e co rrelogram of th e standard ized eries and 

expected correlograms for the three models.') ; 

Readln( fname2) ; 
assign(f2,fname2); 
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Rewrite(f2) ; 
Writeln(f2,'Correlogram of the . 

For t=1 to k do standardIzed series') ; 

begin 
Writeln( f2, t,' ',r[t]:7:4)' 

end; , 

Writeln(f2,'AR(1) model" "AR(2) " model" "AR(3) 
For h:=1 to 10 do " model '); 

begin 
Writeln(f2,' ',arl [h] :7:4,' ',ar2[h]: 74,' , end; ,ar3[h]:74 ); 

close(f2); 
{ Calculate the error terms.} 

wntelnCEnter the order of the selected model- I 2 or 3? ,) . 
readln(order); , ., 

if order= 1 then 
begin 

for i:= order+l to 12*nyears do 
begin 

end; 

e[i]:= zp[i] - phicapll*zp[i-l] 
end; 

if order=2 then 
begin 

for i:= order+l to 12*nyears do 
begin 

e[i] := zp[i] - phicap21 *zp[i-l] - phicap22*zp[i-2J; 

end; 
end; 
if order=3 then 
begin 

for i= order+l to 12*nyears do 
begin 

e[i]:=zp[i] - phicap31 *zp[i-l] - phicap32*zp[i-2] - phicap3 3*zp[i-3]; 

end; 
end; 

{ Write the error terms to the file and test for normality . If the hypoth esis of normalit is 
rejected, then go back and try another normali zation tran sformation on the original data.} 

writeln(,Enter the file to store the error terms') ; 

readln(fname3 ); 
assigneD ,fname3); 
rewrite(D) ; 
For i:= order+l to 12*nyears do 

begin 
wri teln( D ,e[i]: 7: 4) ; 

end; 
close(D) ; 

{ Compute the correlogram of the residual s (e rror terms) . } 

• r 
II 



ersuml :=0; 
erss 1 :=0; 

for i:= order+l to 12*nyears do 
begin 

ersum 1: =ersum I + e[ i]; 
erssl :=erssl + sqr(e[i)) ; 

end; 
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meaner:=ersum l/(l2 *nyears - order); 
ersum2 :=erssl - (12*nyears - order)*sqr(meaner) ; 

for t=1 to k do 
begin 

ersum3:=0; 
for i:= order+l to (12*nyears - t) do 

begin 
ersum3 :=ersum3 + (e[i] - meaner)*(e[t+i] - meaner); 

end; 
err[ t] :=ersum3/ersum2; 

end; 
{ Write the error correlogram to the file and test for independence. If th e hypothe i of 
uncorrelated residuals is rejected, then go back and change the order of th e model. } 

WritelnC Enter the file to store the error correlogram. ') ; 
Readln( fname4) ; 
assign(f4,fname4); 
Rewrite(f4); 
for t=l to k do 

begin 
writeln(f4,t,' " err[t] .74); 

end; 
close(f4); 

{ Generate N(O,I) random numbers.} 
writeln(,Enter the number of N(O, 1) random numbers to generate.'); 

readln(no); 
randomize; 
rand: =random; 
s:= l ;i:==l ; 
repeat 

vI :==2*random - I; 
v2 :=2*random - 1 ; 
q2 :=sqr(vl) + sqr(v2) ; 
if q2 < 1 then 

begin 
q: ==sqrt( (-2 * In( q2) )/q2) , 
rn[i] :==vl *q; 
rn[i+l]==v2*q; 
i:==i+2; 

end; 
s:=s+1 ; 

until (s > no12) and (i > no) ; 

., 



{ Generate standardized flows .} 
zcap[ -2]:=0 .0; 
zcap[ -1 ]:=0.0; 
zcap[O] : =0. 0; 
for i:=1 to no do 

begin 
If order= 1 then 
begin 
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zcap [i ]:=phicap 11 * zcap[i-I] +- sigmae 1* rn[i]; 
end; 
If order=2 then 
begin 

zcap[i ]:=phicap21 * zeap[ i-I] + phieap22* zeap[i-2] + sigmae2'" rn[i]; 
end; 

If order=3 then 
begin 

zcap[i] : =phicap31 * zeap[i-l] +phieap3 2 * zeap[i -2]+phieap33 * zeap[i-3] sigmae3 '" rn [i] · 
end; 

end; 
{ Re-initialize the generated standardized flows .} 

for i:=1 to (no - SO) do 
begin 

zcap[i ]:=zeap[i +SO); 
end; 

{ Write zcap[l] as zeap[l ,l], zeap[2] as zeap[I ,2], .. . , zeap[13] as zeap[2,1], zcap[ 14] as 

zcap[2,2], ... , and then generate future flows .} 
writeln(,Enter the file to store the generated flows .'); 

readln(fnameS); 
assign( fS ,fnameS); 
rewrite(fS); 

Writeln(,Enter the number of years of data to generate ') ; 

Readln(d) ; 
for year: = 1 to d do 
begin 

m:=year-l ; 
for i:= (12*m)+1 to 12*(m+1) do 

begin 
month := i mod 12; 
if month=O then month = 12; 
genz[year month] =zeap[i]; 

, h] + td '[month] * oenz[year,month]; 
ycap[year,month]:=mean[mont s e\ :::> • 

ycap[year,month] :== exp(yeap[year,month]) e2 , 

writeln(fS,yeap[year,month] : 7:3); 

end; 
end; 
close(fS); 

end. 

I 
;~ 

I" 
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program non_stationary ; 
APPENDIX B 

{ This program can be used to generate synth t· 
sequences of length . e IC streamflow as one WIshes by th . 
of Thomas and Fiering Bee . e non-statIonary model 

. lore executIng th 
cl by the available number of f IS program, replace 

years 0 record } 
const nyears = c 1· . , 
type typel=arraY[I .. nyears,LI3] of real ; 

type2=array[0 . .4S00] of real; 
type3=array[1..13] of real; 

var y, ycap : typel; 
Z, Q : type2; 
B,r,Qbar,S : type3; 
year,j,no,i,d,t,m,n : integer; I" 

sum,ss,rand,v 1 ,v2,q3 ,q2 ,c2 ,w,sumt,sst,meant,sdt : real ; 
sumreg,ssreg 1 ,ssreg2,c3 real ; 
fl ,£2 : text; 
fname 1 ,fname2 : string; 

begin 
WriteIn( 'Enter the file containing the data.') ; 
readIn(fname 1); 
assign(fl ,fname 1); 
reset(fl); 
for year :=l to nyears do 

begin 
for j :=l to 12 do 

begin 
readln(fl ,y [year,j]); 

end; 
end; 

c1ose(fl ); 
{ Perform a logarithmic transformation (with a lower boundary parameter c2) on the 
original series to make it normal (i .e. to reduce the skewness closer to zero). } 

Writeln( , Enter the lower boundary parameter '); 

Readln( c2 ); 
for year :=l to nyears do 

begin 
for j :=l to 12 do 

begin 
y[year,j]:= In( y[year,j] - c2 ); 

end; 
end' 

{ Calcula~e the overall mean and standard deviation of th e 

transformed data. } 
sumt:=O ; sst:=O; 
For year := 1 to nyears do 

begin 



Forj := I to 12do 
begi n 

sumt: =s umt + y[yearj] ; 
sst :=sst + sqr(y[yearj]); 

end; 

end; 

w:= 12*nyears ; 

meant:= sumt/w; 
sdt:=sqrt((sst - w*sqr(meant» /(w - I»: 

{ Standardize the normalized data } 

for year:= 1 to nyears do 
begin 

for j :=1 to 12 do 
begin 

y[yearj] :=(y(yearj] - meant)/sdt ; 
end ; 

end ; 
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{ Calculate the monthly means and monthly standard deviations of the standardized normalized 

data. } 
for j := 1 to 12 do 
begin 
sum :=O ; 
ss :=O ; 
for year :=1 to nyears do 

begin 
sum:=sum + y[yearjJ ; 
ss :=ss + sqr(y[yearj]) ; 

end; 
Qbar[j] :=sum /nycars : 

S[j] := sqrt((ss - nyears*sqr(Qbar[j j) J ' ( Il~ ears - I»: 

end ; 
{ Compute the monthly regression coeffi cients} 

For j := I to 12 do 
begin 

sumreg :=O;ssregl :=0;ss reg2 :=O : 
For year:= I to nyears do 

begin 
y [ y ear , 1 3] : = y[y e a r . I I : Qba r[1 3] = Qbar[l] 
sumreg: =S UIll reg +(y[year jJ -Qbar[j J)* (~ · lyear j + I]-Qbar[j+ I]) ; 

ssregl :=ssregl sqr(y[yearj] - Qbar[jD: 
ssreg2 :=ss reg2 + sqr(y [ycarj IJ - Qbar[j - I J) : 

end ; 
r[j]: =su mreg/sqrt( ss reg l *ssreg2 ): 

end ; 
{ Compute the monthly correlati on coeffici nt . } 

For j := 1 to 12 do 
beg in 

S[13]: =S[IJ; 
B[j ]:=( r[jl*S!j + I] )/S[j ]; 

end ; 
{ Generate N (O, I) random numbers.} 



randomize; 
rand :==random; 
no :==3000 ; 
t== I ;i:== I ; 
repeat 

v I :==2 *random -I ; 
v2 :==2*random-1 ; 
q2:==sqr(vl) + sqr(v2); 
if q2 < 1 then 

begin 
q3 : ==sqrt« -2 * In( q2 ) /q2 ); 
Z[i]:==vl *q3 ; 
Z[i+I] :==v2*q3; 
i:==i+2 ; 

end; 
t==t+l; 

until (t> no/2) and (i > no); 
{ Generate synthetic flows} 
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Writeln(, Enter the streamflow measurement corresponding to the last month of hi torical data.'); 
Readln(c3); 
for i:==O to no do 
begin 

Q[O] :== ( In(c3 - c2) - meant )/sdt: 
j :== (i+l) mod 12 ; 
if j==O then j :== 12; 

Q[i+I]:==Qbar[j+I] + B[j]*(Q[iJ-Qbarlj]) + Z[i]*S[j +I]*sqrt(l-sqr(r[j])) ; 

end; 
writelnCEnter the number of years of data to generate ') ; 

readln(n); 
for year:== 1 to n do 

begin 
m : ==year - I; 

for i:== 12*m to 12* (m+l) -I do 

begin 
j :==(i+ l) mod 12; 
if j==O then j :==12 ; 

ycap[yearj] :== exp( Q[i+IJ*sdt + meant ) + c2 : 

end ' end' 
{ Write the g~ner;ted synthetic streamflo,,'s to the fil ~ , 

Writeln( 'Enter the file to store the generated fl ows, ): 

Readln(fn am e2); 
Assign(f2,fname2); 
Rewrite(f2) ; 
For year:==1 to n do 

begin 
For j :== 1 to 12 do 

begin 
Writeln( f2 ,ycap[yearjJ :7:3): 

end; 
end ; 
c1ose(f2); end, 
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APPENDIX C 

Monthly streamflow data of River Megecha 
( 1977 - 1988 ) 

ye ar JAN FEB MAR APR MAY JUN JUL AUG SEP OCT :-': 0 V DEC 

1977 1.000 1.660 1.160 2.950 1.970 2.780 37.060 57.48 0 15.790 17340 II 110 1.810 

1978 1.079 0.878 1.338 0.711 1.135 4472 49 .360 57910 16440 10330 : 2 18 I. 56 

1979 2 .29 1 3.970 2.014 3.291 3.130 1.429 18.428 33.890 10 10 7 398 I 217 0828 

1980 0.692 0.612 0.694 0.956 0.910 0.937 11.839 29.070 11460 2.793 0932 0.712 

1981 0.660 0.750 1.270 7.490 3.650 0470 11 .970 40.190 16.960 II 28 0 I '20 0.720 

198 2 0.700 0.690 0.800 1.290 1.610 3.400 11 .940 41 250 133 20 13900 2 140 1.160 

1983 0.763 2.420 5.940 15.200 13 .250 8.070 7.260 69.880 33 .930 10 420 I 40 095 4 

198 4 0 .200 0.450 0.500 0.330 1.430 7.220 21.31 0 18. 11 0 17 030 2570 I 190 0990 

1985 0 .670 0.600 0.630 1.390 4.640 3.910 12070 41 130 21320 4 040 I· 0 0 71 0 

1986 0.434 0.463 0.977 0.280 5070 17.3 70 30.190 222 0 195·1O 3720 : ;'0 0690 

1987 0.442 OAOI 3.970 15.470 3 150 14.560 II 200 21 I 0 16 ' 0 23 0 : 100 0690 

0.579 0.730 0.691 0.587 1.236 1.605 25.326 52 320 22 420 20630 
, 

I I 175 1988 -
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APPENDIX D 

Monthly streamflow data of River Gudl a 
( 1960 - 1992 ) 

year JAN FEB MAR APR MAY JUN JUL At.:G SE? OCT !\OV DEC 

1960 2.930 1.360 0.990 0.610 1.990 2.450 74.370 83 240 54 710 12.030 3 020 1 590 

1961 0.780 0.660 0.640 0.940 0.510 1.380 83.700 154.000 8- 210 34120 5540 5 260 

1962 1.330 0.490 0.680 0.390 1.010 14.7 10 90.780 11 7. 270 89.320 25.300 4 260 2.::0 

1963 1.240 0.600 0.510 0.850 3.670 9.140 116.510 140.430 7:! 090 19070 18.700 25 60 

1964 3.460 1.540 0.780 0.780 3.460 25.120 154.900 130600 80.400 51600 7.440 4 -30 

1965 1.660 1.1 10 0.900 0.980 0.620 3.010 34.270 86.120 36'90 261 70 9110 6 890 

1966 2.320 1.500 1.2400.861 1.0508.360 54 .900 103.200 36.900 70403910 2050 

1967 1180 0.740 1190 0.820 1.530 4.030 75.910 107 180 70 360 29 150 62 0 3 440 

1968 1.390 0.960 0.780 0.760 1.640 16.440 75.460 89380 48 090 25280 3940 23 0 

1969 1.950 1.390 2.750 2.210 2.380 4.090 59.800 140 300 44 580 6 80 44 0 1 -60 

1970 0.920 0.580 0.640 0.680 0.670 3.090 57300 11 41 00 56150 251- 0 5 150 20:0 

1971 1. 190 0.660 0.650 0.460 1.41010.700 63820 2.97050 430 12490 520 o 

19/ 2 1.390 0.760 0. 590 0.570 0.650 2.860 394 10 54 160 060 8600 11 450 2-40 

1973 1180 0.575 0.455 0.372 2.520 15.900 69280 105060 56950 : 520 5960 2 ::0 

1974 1110 0.627 0.755 0.363 3.278 14.830 76 700 9 400 46-20 1: 500 140 1 3 

1975 0.81 0 09: 0 0. 557 0.433 0 440 13 800 84800 13:900 -- --0 1: 4:0 43·10 : 300 

1976 0.910 0.702 0639 0.318 2.410 12.084 70 340 88:00 - 6-40 1111 0 420 :860 

1977 0.946 0610 0.773 0.390 2.930 16450 114490 993: 0 6: 560 5·1900 1:5 r 90 

19; 8 1 705 0.754 0.770 0.56 1.377 9.9·10 64 7: 0 - 600 5: 4: 0 : 4 : 0 591 0 -40 

1919 1.720 0 750 0.665 0.452 1.708 27.100 60910 84 90 - 1980 123:0 4 080 18 0 

1980 0860 0.780 0589 0 776 0.956 3 530 84 890 101 300 49460 1·1 680 40-0 

1981 0.892 051 8 0526 0.453 2.680 8.090 76810 92 8 0 55 840 13190 39 0 1 2-0 

1982 0.900 0 490 0.520 0 360 1.010 1.620 40940 9: 140 85 6- 0 40 5 0 4 5 0 2:00 

1983 0.920 0640 0.680 0420 0.740 2.570 36660 6980 9 0 11 60 5'00 , -

1984 0.920 0.460 0 400 0310 0 850 17 480 20000 105 920 568 0 

1985 0910 0 r o 0440 0620 0920 5 240 96 0 0 1: 840 3:00 1: 941) 2 30 1 60 

1986 0.696 0.340 0532 0.547 0 494 14 160 113 900 69520 5: -0 165:0 : 9:0 1", 

1987 0.670 0 41 0 0728 0460 12.000 51350 101.200 108600 4 : 50 1: 130 4010 2 640 

1988 1.140 054 0.391 0266 0517 11 560 172900 14- 000 4 ::0 540 5 40 10 

1989 0.577 0250 0463 0558 243029830 7131 0 94990 4-61 0 13 50 31 -0 0 

1990 1 520 0716 0 492 0428 0628 3 630 ' 1 446 69940 4· - 0 10 660 1 -00 0 -3: 

1991 0395 017 4 0217 0 24 7 0657 46690 164500 143500 0 450 1- 10 34 0 13 0 

1992 0539 0 31 0 0672 10 120 3 000 46 0 123 900 159300 1 r : 00 5: 010 : 6 0 0 
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