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Chapter One Introduction

Chapter One

Introduction

V.): General :

In resent years water quality problems have attracted increasing attention
from authorities and communities throughout the world, especially in
developing countries. In these countries previously neglected aspects of
environmental protection are now becoming a major obstacle for further and
sustainable economic and social development [»¢].

Most environmental models ignore the fact that natural systems are
inherently stochastic, and hence they are of limited value to decision makers,
because they attempt to model deterministically processes that are
intrinsically combinations of deterministic and stochastic events [r].

The analysis of the existing water quality parameters and the prediction
of their concentration changes in future are important in planning of water
pollution control program. This analysis and prediction are important steps|¥].

Water supplies play an important role in the development of national
health and economy. The proper utilization and enjoyment of such supplies
depend upon their qualities, which in turn depends on their successful
management and proper treatment. This is only possible through the analysis
of all available water quality data.

The use of raw water quality data can not be over looked since such data
have considerable effect on the calculation of needed chemical and proper
management and treatment and assessing the potentialities of the use of

furnished water supplies for different purposes [¥r].
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Stochastic analysis is the useful treatment of data for making quantitative
decisions, such as whether water quality is improving or getting worse over
time. Another important application of stochastic analysis is the
transformation of data to give an understanding of the average and extremes
of water quality conditions, and also the changes or trends that may be
occurring.

Many mathematical stochastic models are useful tools for water quality

management because they enable:

). Forecasting of impacts of the development of water bodies.
Y. Linking of data on pollution loads with data on water quality.
Y. Provision of information for policy analysis and testing.

¢. Predication of propagation of peaks of pollution of early warning
purposes.

Multisite models are widely used in forecasting water quality
parameters, flow, rainfall, and other hydrologic phenomena. These models are
decomposed the action of many stations and many variables|].

The idea of using a mathematical model to describe the behavior of
physical phenomenon is well established. In particular, it is sometimes
possible to derive a model based on physical laws, which enable us to
calculate the value of some time-dependent parameter nearly exactly at any
instant of time. If exact calculations were possible, such a model would be
entirely deterministic.

Probably no phenomenon is totally deterministic because of unknown
factors that contribute to its variation. So that it is possible to use a
deterministic model to describe this phenomenon. Never the less, it may be

possible to derive a model that can be used to calculate the probability of a
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future value lying between two specified limits, such model is called a
stochastic model [v].

The deterministic part of any phenomenon is represented by the trend
and periodic components, where as the non—deterministic part is represented
by the stochastic component. The last one contains dependent and
independent parts.

The Euphrates river has a large importance in the present time and in the
future because of the detrimental effect of pollutants resulting from human
activities. Also the harmful effect of the increasing drainage waters coming
from agricultural lands upstream coupled with the decreasing in its
discharge[¥v].

Hilla river is a branch of the Euphrates river. It passes through many
towns and villages and supplies water to them. The problem of the Hilla river
water quality retrogradation is investigated. The decrease in its flow will
effect the water quality parameters and frequently result into water quality
retrogradation. See Figure (»—) which represents Al-Hilla river.

In this study, stochastic models is used. These models utilize the time
series for the historical data of water quality and discharges of Shutt Al-Hilla
at four stations restricted between Al-Hindiya barrage and Al-Hashimiya and
estimate their parameters. The river has been subjected to increasing levels of
pollution due to the rapid expansion of economic and industrial activities
within the river basin. The main source of pollution is of industrial origin but
the domestic sector also contributes significantly as there are no major sewage
and waste water—treatment plants in the city. A part from the general
environmental concern, the water quality levels in the river reach are
important to the city water supply engineers as well, because the river water is
pumped at several locations for public supplies in the middle Euphrates

region. The series of historical data are analyzed. Models are built and used
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for both water quality parameters and discharges. The relation between them

Is investigated now and in future using the predicated data.

Description

Al-Hindiya barrage water treatment plant

Al-Hilla water treatment plant

Al-Hssien water treatment plant

Al-Hashimiya water treatment plant

Al-Hindiya barrage irrigation station

Al-Hilla irrigation station

Al-Hssien irrigation station

Al-Hashimiya irrigation station

Agricultural Wastes

Municipal Wastes

Industrial Wastes

No.
n ” \
\\\ Y
."\.\ v
N :
.\. S
\'.J\ i
i L V
. ) A
! LS
] Boundary of Babylon | IS
I~ o \ Government "
‘.\.\ -/v\
Al-Hindiya Barrage
o Al-Hssien Village
- /-

Al-Hilla City

Al-Hashimiya City
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Fig. (Y-V) Shutt Al-Hilla and its main of sources of pollutions
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V.Y: Objective of The Present Study:

The main objective of the present study is to arrive at a stochastic
description of the time series of monthly water quality data consisting of eight
Water Quality Parameters (alkalinity, calcium, chloride, -electrical
conductivity, hardness, magnesium, turbidity and total dissolved solids) with
discharges at four stations on Shutt Al-Hilla. This can be achieved by
decomposing the data into deterministic and stochastic components and
developing suitable mathematical model which adequately describes this
process and enable us to forecast the future water quality series required in
planning a water pollution control program. The cross—correlation is
considered between locations because the stations are expected to be

interconnected and related.
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Chapter Three
Modeling of Water Quality and Discharges
Data for The Selected Regions

¥.V: Introduction:

This chapter explains and includes the analysis of the observed historical
data of eight water quality parameters and discharges. Measurements of
water quality and river discharges were calculated on monthly basis for period
(vaav—y..1) at four stations on Al-Hilla river. Water quality parameters are
listed in table (v—).

The analysis of water quality data has become one of the important
functions that the environmental engineer must perform. It was complicated
by the fact that many of the underlying factors which influence variations in
water quality were not well defined. These factors may be further obscured by
the occurrence of random events. Consequently the application of statistical
techniques to water quality data analysis has become necessary [11].

The overall aim of the analysis is to specify the character of the
dependence time series and to find the parameters required to built a
stochastic model suitable to generate synthetic water quality data and
discharge sequences that are statistically similar to observed data and to show
relation between them. Statistical similarity implies generated sequences that
have statistics and dependence properties similar to those of historical
records[r-]. These sets of data are useful in the planning, design and operation
of engineering projects, which may reduce the pollutants concentrations in the
area. Statistical tests are used to detect trend and jump components (non—

homogeneity). A suitable transformation is selected to normalize the data.

Yy
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Table (¥-Y): List of water quality parameters used for analysis

Notation Parameter term
Alk Alkalinity
Ca Calcium
Cl Chloride

EC Electrical conductivity
Ha Hardness

Mg Magnesium

TDS Total dissolved solids
Tu Turbidity

Auto—correlation analysis is used in the representation and removal of
periodic component. Finally standarization is applied to the remaining series
which is free from trend and periodic component.

The independent stochastic components are computed for each station by
the auto-regressive model AR(") and tested for independency.

The procedure used for data analysis may be summarized by the

following steps:

). For testing homogeneity, some statistical tests are used to detect if the
data series is homogenous or not (which is caused by a trend or a jump

component or both).

Y. Removal of non—homogeneity whenever detected by using an appropriate

method.

Y. Normalization of data by using a proper transformation such as,

logarithemic, square root, or box—cox transformation.

¢. Plotting correlogram for monthly mean and standard deviations of the

transformed data to show the effect of periodicity.

O Removal of periodicity by appling harmonic analysis which is represented
as a fourier series and determination of the number of significant

harmonic for monthly means and standard deviations of the series.

Ye
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1 Standarization of the remaining series.

V. Computation of the serial correlation coefficients (r,, r«¢, r-yand r.y).
A Estimation of models parameters.

a. Computing and testing of the independency of the stochastic component.
A Calibration of the model if required.

VY. Verification of the model.
The steps above may be changed slightly as step (v) may be applied after
step (v) , however the first approach is better as indicated by Richardson [-].
After completing of the above steps the stochastic model is ready for

data generation.

r.x: Filling of Missing Data:

Data used in the present study consist of monthly means of water quality
parameters and discharges at four stations on Al-Hilla river for period (yaav-
Yo,

The Problem which arises in the use of any statistical analysis is the
missing data values [v']. These gaps should be filled before starting the data
analysis. Among many methods available to obtain a missing value, linear
interpolation procedure which is used for filling the gaps to complete the
historical record in each station using the software SPSS, (Statistical Package
for social sciences). Data from (124v) to (v234) were used for the analysis and
the remaining three years (vs34-v..1) were used for model calibration and
verification. It’s worth to say that the missing data is in this research is of

small persent (»o7).

r+: Description of Al-Hilla River and Evalulation of Data

Selected for Analysis:

Yo
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Al-Hilla river is a branch of the Euphrates river. It branches at Al-
Hindiya Barrage town with discharge range (v---vve) m'/s. The length of Al-
Hilla river through Babylon governorate as about (:4) Km.

Al-Hilla river passes through many towns and villages and supplies the

water for them, thus it represents the main source for different uses such as:

v~ Irrigation of large agricultural areas on both sides of the river.
- Supply source for many water treatment plants.
r- Supply source for industrial plants.

Four main water treatment plants were exist, that draw raw water from
the river, Al-Hindiya Barrage, Al-Hilla, Al-Hssien and Al-Hashimiya water
treatment plants.

Five types of sources of pollutants [r] were taken into consideration as
follows:

). Treated domestic waste water (municipal and inter—-municipal waste water
treatment plants (WWTP) as well as septic tank).

Y. Untreated waste water (raw waste from sewer networks and directly from
house holds).

Y. Treated industrial waste water (private and public (WWTP)).

¢. Untreated industrial waste water [r] such as textile industry and pepsi cola
industry.

o. Farming and agricultural practices.

Other sources of pollution are represented by many drains, which flow
into the river and increase the possibility of river pollution.

Source of Al-Hilla river varies during the year according to the
information that was supplied by Babylon Irrigation Administration. The
main sources of the river water are:

). Rain water.
Y. Stored water such as lakes and reservoirs.

Al-Hilla river, main water supply systems and sources of pollution are
presented in Figure (1-1).

A
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Four stations on Al-Hilla river are used for this research and monthly
mean values of eight water quality parameters and discharges for period
(vaav—aan) are used for the basic analysis, the remaining three years (ha23—
¥.+1) are used for the comparison with the series of data generated using the
time series models. In each station data were collected from both raw water

(river), and treated water called howafter as water supply.
r.¢. Test and Removal of Non — homogeneity:

The need for statistical techniques to test the homogeneity of the water
quality parameters considered here in and discharges records was emphasized
in section (v.).v).

The probability of detecting changes in the mean of a sequence X,,
Xy,..., X, by statistical methods depends on how serious these changes are
when only a small change occurs during a short period of the sample record
there is little chance that the tests will indicate non—homogeneity. On the
other hand, for feasible test—statistics it is necessary that they should be able
to indicate all relevant departures from homogeneity [+].

It is necessary to study the historical data and man—made activities
upstream the station before starting this analysis [¢]. Test for homogeneity is
made by using the split sample method described in sec. (v.v.¢) to ascertain
whether or not the differences between the mean and standard deviations of
two sub—samples are significantly different from zero at the (sv.c) percent
probability level significance. This test requires that the sample is divided into
two sub—samples.

The (vv) years selected for analysis (1aav—1144) are tested for homogeneity
using three trials for all water quality parameters and discharges. The first
trial is (¢) years long (yaav—aa.) with (») years long (y32y—1444), the second trial
IS (1) years long (yaav—14ay) with () years long (y2av—12a4) and the third trial is
(») years long (yaav—aat) with (¢) years long (ya1e—444). The critical (t) value
is found as (v.xr) and (n,,n,) are equal (:,»), (x.1) and (».¢) for all parameters

v
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respectively. Test is applied using equations (A.,A.,A:) (see—appendix). The
critical F—value is different according to the trials. The results are summarized
in tables (r—v), (v—r), (v—¢) and (v—).

YA
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After these attempts of dividing the historical data into two groups of
years for each water quality parameters and discharges, it’s clear that the high
value which gives significant difference in mean or standard deviation was
selected. Tables (v-v) to (r-°) indicate that the significant non—homogeneity is
due to a jJump component because of high discharge especially at (ra4r).

Figures from (r-)) to (v-¢) show annual mean and standard deviation of
the original time series for all stations and both raw water and treated water
supply. The solid line on these figures represents the average of annual mean
and standard deviations of the sub—samples respectively. For the series which
show significant difference, the split sample method used for removing the

non—homogeneity was explained in section (v.1.¢.c). The annual means (Y j)

and annual standard deviations (S;) are fitted by applying equations (x—) (v—
1v). The regression coefficients and the overall means and standard deviations
of the second sub-samples are calculated also, then the results are
summarized in tables (v—),(v—v),(—) and (*—). The non—homogeneity is
removed by applying equations (r—) for all parameters having the jump
component in order to obtain the first new sub—samples, so the new series is
free from the jump component for this parameter as show in equation (v—) for
(CA) in Al-Hindiya station, see table (v—).
Xj,t —17515+7.04]

Y= T 731.29488.04 oo ()
' 17.91+0.39j

After this process, the test of homogeneity is repeated using the new first
sub—sample and the original second sub—sample. The results are shown in
tables (v—+), ("), (v—'v) and (r—v) which indicate that the jump component
Is removed from the data.

Trend component may be detected by means of the significant

correlation coefficient ['] using equation (r—).

&y
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r

t:\/(1—r2)/(n—2) ------------------------------------------------------- ()

Where: t : Significant correlation coefficient.
r . correlation coefficient of the series.
n : Number of years.

If the correlation coefficient of the series is less than the significant
correlation coefficient, this means that there is no trend in the series. The
results of checking trend are shown in tables (*—¢), (v—7¢), (v— ) and (v—
1v). The series after check can be considered as homogeneous. Figures (r-¢)

to (v-») show and assure the obscence of the jump from the series.

r.o: Transformation to Normally Distribution Data.

The homogenous series for water quality data and discharges at all
stations have significant skewness as shown in table (r—4) and their
distribution are far from the normal distribution.

The time series observations of a given phenomenon require a certain
type of transformation [¢]. It is often better to transform the data to the
normal distribution to utilize it’s simple properties, stabilize the variance,
making the seasonal effect additive and improving the normality assumption
of the white noise [-].

Several transformations may be used to normalize the data but the
most common and the useful class of transforms for stabilizing the variance is
known as the Box — Cox transforms [ye].

Box and Cox have suggested the following transformation for
normality [ 4].

Y:{(Xk -1/ “O} ..................................................................... ()
logX =0

In which Y= Transformed variates.
X= Variates of a given series.
A = Constant of transformation.

oy
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Table (Y¥-YA): Skewness coefficients of homogeneous data for all stations

Al-Hindiya Al-Hilla Al-Hssien Al-Hashimiya
Pollutant

Cs CS CS Cs

Alk

Ca

Cl

EC

Ha

Mg

Al-Hindiya Al-Hilla Al-Hssien Al-Hashimiya

Pollutant

CS Cs CS CS

Alk LN

Ca

Cl

EC

Ha

Mg

1y
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The value of (1) generally ranges from (1) and (-»), it is strongly related
to the skewness coefficient (C;) [+]. The relationship between (1) and (Cy)

takes the form of second degree polynomial:
A=B, +B,Cs+B,Cs* +...+ B .CS™ ..o, (r—¢)

Thus, the constant (1) is nonlinear and can not be determined in the
closed form, it can be found by trial and error and choosing random (¢) values
for (1) between (-)) and (1) and computing the corresponding (C ;) values for
the series after transforming it by equation (v—), then by fitting equation (r—:)
to these (¢) points the value of the required () is found as equal to (B.). The
effect of (1) values on the first four moments (mean,Sd,C,,Cy) is shown in
tabels (v—4), (v*—+), (—1) and (r—xv) which also show the values of (1) that
make the skewness coefficient (C = +). The normally distributed data has
zero skewness and kurtosis equal to (v), however, it is found that it is not
possible to find (1) values which simultaneously satisfy the two conditions
(Cs=+, Ck=r) of normality.

In order to ensure that the distribution of power transformed data is
normal or not, a test of normality was done by plotting P (X) against (X) on

normal probability paper where:

Where P (X): Probability of the value (x).
m: Rank of (X) in ascending order.
N: Number of data to be tested.

The resulting plots are the cumulative probability plots which are shown
in Figures from (v-4) to (v-'v) before and after transforming data. The number
of data to be tested (n) for each parameter is equal (h:¢¢). Tables (v—r), (*—
v¢), (v—ve) and (r—v1) show the effect of transformation on the first four

moments of each series.

1y
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Table(¥-14):Effect of (1) values on the first four moments of series for Al-Hindiya station

Pollutant

Water type

Mean

Sd

Alk

Raw water

EREED

JROAS

Ca

EXYYEY

V¥ A

Cl

NEF Y. Yo

TA, 0 88

EC

\

YYaV. Ve Y

AFAYYY
°

Ha

YATAVRY

VY Y4,

Mg

TV.oATTY

5 EVa)

TDS

YA ¥ AAY

\iv.*~°
Y

Tu

qoYVe

\.~ o

Pollutant

Water type

Y14..\Ve

Mean

2."ﬂ°~

Sd

Alk

Water supply

VUL AT

CAYEY

EXXERYY

Aan

Cl

Y£4.1VVo

YOATY .

VA4

CLEFYY

A

FYEA

Yée Yve

Yovay

Yeq v.o

TN14FA

RELERY

L YAV

Table(¥-Y +):Effect of (1) values on the first four moments of series for Al-Hilla

station
Pollutant | Water type Mean Sd
YV AATYYY R Y-A
Alk Raw water
Ca YV.VIAFY YAV
Cl Vodq ayy\V AR YYRY
EC FY.ETTA YAVFT €
Ha Y.4% 40 ae Yr¢
Nm Y1.%. Y.« Yo
\Y'~‘1°°'1‘\°YV. \ﬁ~~-.nn~
o .
Tu FAYYY YT
0 Yoty as REREEE
Pollutant Water type A Mean Sd Ck Cs
Alk Water supply CAETYY v.e eYvay VLAY | v
Ca e VEY LS YRy Y. AVYe -\ LI
Cl (RN Y.V Yoo. Yy.yvay SV v v
EC V. edvay YAAAY oo Yoo. 0.V oYY v v
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Table(¥-Y V):Effect of (1) values on the first four moments of series for Al-Hssien
station

Pollutant | Water type Iy Mean Sd

Raw water | -+.¢¢%+¥ 1,44y e tdy
Alk .

Ca ANAAT 0. 4YY 6.0t
Cl AYEt. 14¢. 0. ERAYY
EC AYAYA YoVY vt \YY ooV
v
Ha AdaAg YYV, M4y | Y4 neY
Mg AEven Ao v oA . VrY.
Ad.44 £0. YEUY | Y1 Vi
Tu Arvaay ¥ VVe Y. AAQY
Q yosvy 04) 4V Y | ot FuVe

Pollutant | Water type Iy Mean Sd
Alk Water supply | -Y.Y1V4¢e AT e
Ca CAYVEY o, vy o YvVYYV
Cl AR IO AR Y- T.VEAA

EC YavANE | yeeAsxy | ATVTRA

Ha AVYY [V RNYY [ AF VAYA

Mg NETA 5. TV T A4AA

TDS LAVAY. Viqag) AEED

Tu FYvye Y.aAVYY .Yive

Pollutant | Water type Iy Mean Sd
Alk Raw water | -+.1YA4Y V.orve cevtoy
Ca AR AR! Ve oA o .ANoYe
Cl LoVrYe £y, 0V Y.A0N R

YYeAede v | Yedney,
EC Y'Y6£~~ o Vv

Ha AAECA EvA Y Yé, .Y 8
Mg AViye 1o, YA Y AVAR
TDS Jvav. VYV A Y.ovye
Tu JUeVAA AR Vo)
Jy.ay EYA AV tE YYAS

Pollutant | Water type A Mean Sd Ck Cs
Alk Watersupply -i.\V‘Ai “'.\/\ h.h“"h@ ~.YV Vv e
Ca '.A*'*/\ 51.“/\ i.r\h-‘ h‘\n Vv
Cl VY CTAA tVE NS YV.AVYVA | - AA v v

EEY VYA
EC \,Y’~°"£ 1401 VA ; -~‘°\ Vo
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Ha VAYREA AY . YA EY. 697 | - Vo ERE
Mg AEYON rvay AR KA 4 ERE
TDS AYAYe Yye ¢o VY. qve¢ v 0V R
Tu Vo YYEY AV yrvny - YA ERE
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r.1: Detection and Removal of Periodic Component:

Generally, water quality data series have small periodicity, because the
concentration of any parameter changes continuously in the river and do not
repeat it self at the same position in the following year [¥].

Detection of the periodic component can be made by the construction of
the correlogram of the data. If the series is periodic, the correlogram will also
be periodic [)v], otherwise it is not. The serial correlation coefficients of the
normalized data at four stations are calculated using equation (v—rv). The
correlograms for each parameter after normalization of the data are shown in
Figures (v-1v), (v- ¢). The high magnitude of the peak values shows that the
deterministic periodic component form a dominant part of monthly time
series.

Removal of periodicity from the data is done by harmonic analysis to
monthly means and standard deviations using the fourier series. Harmonic

analysis is done by using the following steps:

- Calculation of sample monthly means and monthly standard deviations,
(X¢and Sy for(t=r,v,r,.., ).

Y- Computation of the fourier coefficients (A;, B;) using equations (v—+) (v—
H)_

v- Determination of the number of significant harmonics for means and
standard deviations using the empirical method with n =v, w =y, C =
for means and C = for standard deviations.

¢~ Appling equation (v—v) to calculate the periodic component of means
(p ) and standard deviations (o, ).

>- Removal of periodic component from data series by:

Xj,t —Hy

ht
G

Where: Yj;: Series free from periodic component at year (j) and month (t).
X+ Homogenous series.
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Then, the result series is further standarized to ascertain a zero mean and
a unit variance [rv].
Thus:

Where: ¢ jt: Dependent stochastic component.
uy: Mean of (Y;) series.

Oy! Standard deviation of (Yj;) series.

By appling the above harmonic analysis steps to homogeneous
normalized water quality data series and discharges, it is clear that the
harmonics are significant at the six harmonics for all stations as shown in
tables from (r—vv) to (v—:¢v). This indicates that the estimation of maximum
number of harmonics which equals (w/v=2) is a good estimation.

Even though using high numbers of harmonics in the parametric
method, no good fit is obtained as shown in Figures from (v-1¢) to (v-)A).
Hence, the non—parametric method is used here for the removal of the
periodic component (as explained in sec. v.1.c ().

The result series is called stochastic series. It contains a dependency in
time which was represented by an [AR(P)] for singlesite models and Matalas
method for multisite model; an independent part that can only be described by

some probability distribution function can be found.

rv: Singlesite Model:
The selection of the most appropriate model depends on the behavior of
the auto-correlation function (ACF) coupled with that of partial auto-

correlation function (PACF) of the dependent stochastic component.
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The (ACF) measures the amount of linear dependence between the
observations in a time series that are separated by lag (K). The (PACF) is an
important tool in determining the order of the model if the serial correlation
function suggests that the process could be approximated by linear auto-
regressive model [vv]. The concept of model parsimony is followed i.e. a
model with the smallest possible number of parameters is preferable [14].

Figures (v-11), (v-v+) show the (ACF) and (PACF) for the dependent
stochastic components of the series at four stations. It is obvious from figures
that the process is an auto-regressive one. Since the (ACF) have much more
points lying outside the limits than those for the (PACF).

The singlesite model to fit the (g¢) series is tested, this model is auto-

regressive AR(v) (Markov) model. The general form of this linear model is:

Where:

¢ j,+ Dependent stochastic component at year (j) and month (t).
& .+ Independent stochastic component at year (j) and month (t).
o and o: Parameters of the model .

Lo I o SOOI (+—")
The values of (o and o) for the water quality data and discharges of

four stations are shown in tables from (r—:v) to (v—:1). To test the

independency of the resulting (aj,t) series, the correlograms of this series are

computed up to lag (N/¢) ['+] shown in Figures (r-vv), (v-vv). The tolerance
limits given by Anderson and computed by Eq. (v—rv) are equal to (+-.-4) at
the (av.2) percent significant probability level. The results show that the most
of computed lags lie inside the tolerance interval, therefore the series can be
considered to exhibit a white noise term (independecy). Hence the AR(")
model can be considered satisfactory because of its capability of removing

the dependency from data.
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r.r. Multisite Auto - Regressive Model:

Matalas method is used to model multisite problems. This method
depends on cross—correlation between stations, besides the serial correlation
coefficient, using first order form developed by Matalas as given by equation

(Y—£1),

where (A) and (B) are the coefficients matrices given by equations (Y-£1),
(Y-£V), respectively.

The parameters of the multisite model are the two matrices (A) and (B).
to find these two matrices, the lag-zero (M.). and lag-one (M,), cross-
correlation matrices are calculated by using equation (Y-£2). Matrix (A) was
found directly from equation (Y-¢%1) while matrix (B) was found from
equation (Y-£V) based on Young and Pisano method [Y4]. Tables (Y-¢V),
(¥-¢A) show matrices (M., M\, A, B) for all water quality parameters and

discharge at four stations.
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Table (¥-¢V): Matrices for multisites model (M., My, A, B) for all pollutants and
discharge at four stations (raw water)

M.

Pollutant

Alk

Station

Hindiya

Hashimiya

Hilla

~.i“~

n‘Qq

Hindiya

\....

VYoo

Hashimiya

~.‘~O°

\.~~~

Hssien

Pollutant

EANY

Alk

~.°~/\

Station

Hindiya

Hashimiya

Hssien

Hilla

~.Yiu

L EAA

LEYA

Hindiya

AR

CETA

n.O'L/\

Hashimiya

Y E

TR

~.iﬁu

Hssien

Matrix A
Pollutant

CYAY

Alk

~.0'1ﬂ

VY

Station

Hindiya

Hashimiya

Hssien

Hilla

IR

~_~"G

V48

Hindiya

N

v VY

o JYov

Hashimiya

L

~_0V1

«NTA

Hssien

Matrix B
Pollutant

_...%\‘

Alk

XEK

YA

Station

Hindiya

Hashimiya

Hssien

Hilla

LI B B )
.

LS B B
.

LA B B )
.

Hindiya

7YX

O
.

O
.

Hashimiya

YT

ga%?

O
.

Hssien

~.~0°

49

Y

LTS
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Pollutant

Table (Y¥-£V): Continued

Ca

Station

Hindiya

Hashimiya

Hilla

CAYY

CYVY

Hindiya

\.hhh

VYV

Hashimiya

VYV E

\.~~~

Hssien

Pollutant

LRy

Ca

VALY

Station

Hindiya

Hashimiya

Hssien

Hilla

«.YVA

2

n.VGO

Hindiya

CAYY

~.V\°

CAvY

Hashimiya

AN

VAV

VEA

Hssien

Matrix A
Pollutant

~_15i

Ca

C Y

A

Station

Hindiya

Hashimiya

Hssien

Hilla

~.~V~

VA

CArY

Hindiya

CAYA

~.~/\Y

CAYY

Hashimiya

CavY

AR

v Y

Hssien

Matrix B
Pollutant

Y

Ca

XK

CAVY

Station

Hindiya

Hashimiya

Hilla

LIUNE B B )
.

LI B B )
.

Hindiya

EEA

O
.

Hashimiya

NEYE;

CEVA

Hssien

T

LAY
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Table (¥-¢V): Continued

Pollutant Cl

Station Hindiya Hashimiya
Hilla Ao Ay
Hindiya Voo AYA
Hashimiya : CAYA SRR
Hssien Vay A

Pollutant Cl

Station Hindiya Hashimiya Hssien
Hilla ..Vas4 7Y VY
Hindiya CANY CAYY 2N
Hashimiya «.Vae AR AN
Hssien LYY Vet A

Matrix A

Pollutant Cl

Station Hindiya Hashimiya Hssien
Hilla Sy Y YA
Hindiya c.0tn Yy R
Hashimiya o LLVAY L
Hssien A R XY

Matrix B

Pollutant Cl

Station Hindiya Hashimiya
Hilla
Hindiya RAR RER
Hashimiya . AR LYoo
Hssien AR Y
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Pollutant

Table (Y¥-£V): Continued

EC

Station

Hindiya

Hashimiya

Hssien

Hilla

AT

Y

YY)

Hindiya

\.~~~

N2

TR

Hashimiya

2

\.hhh

A

Hssien

Pollutant

VY

EC

~.1°1

\.nnn

Station

Hindiya

Hashimiya

Hssien

Hilla

W VeV

XX

NEYE:

Hindiya

~'A\°

XY

XX

Hashimiya

IR

“ VeV

XX

Hssien

Matrix A
Pollutant

e VY

EC

~.°°\

«VAA

Station

Hashimiya

Hilla

-~.~Yi

Hindiya

-t .‘.
.

Hashimiya

ity

Hssien

Matrix B
Pollutant

EC

- VN EA

Station

Hindiya

Hashimiya

Hssien

Hilla

LI B B )
.

O
.

O
.

Hindiya

CLEY4

LI B B )
.

O
.

Hashimiya

N

~.°"Y

O
.

Hssien

NEXE;

AR

N

~.°~Y
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Pollutant

Table (Y¥-£V): Continued

Ha

Station

Hashimiya

Hilla

~'VA°

Hindiya

YT

Hashimiya

\.hhh

Hssien

Pollutant

~'1‘~°

Ha

Station

Hindiya

Hashimiya

Hssien

Hilla

VALY

YAR

NEEEY

Hindiya

VA48

VALY

T

Hashimiya

NEZYY

CAYY

n.‘YG

Hssien

Matrix A
Pollutant

Y

h.1h°

Ha

~.5V~

Station

Hindiya

Hashimiya

Hssien

Hilla

K

YY)

~.~1~

Hindiya

Y

~.YV°

EX Y

Hashimiya

« v 0
.

LAY

~.~°q

Hssien

Matrix B
Pollutant

...'kﬁ

YR

Ha

Yot

Station

Hashimiya

Hilla

0
.

Hindiya

LIS B B
.

Hashimiya

TH

Hssien

v LRY
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Pollutant

Table (Y¥-£V): Continued

Mg

Station

Hindiya

Hashimiya

Hssien

Hilla

~.2~~

LYYR

..*hﬁ

Hindiya

\.~~~

~'~/\Y

608

Hashimiya

VLAY

\.hhh

C.Y£4

Hssien

Pollutant

608

REA

Mg

\.nnn

Station

Hindiya

Hashimiya

Hssien

Hilla

VY

Y

v VY

Hindiya

X%

N

NEEY

Hashimiya

~.\°°

YV

CAVY

Hssien

Matrix A
Pollutant

LEYY

~.\\°

Mg

u.i'\~

Station

Hindiya

Hashimiya

Hssien

Hilla

.'.Q.

BT

~.~~Y

Hindiya

L.raq

- N EN

~.~°\

Hashimiya

« v 0
.

~.~“~

“AA

Hssien

Matrix B
Pollutant

CYVe

~.~~Y

Mg

LYY

Station

Hashimiya

Hilla

O
.

Hindiya

O
.

Hashimiya

R

Hssien

SRR
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Pollutant

Table (¥-¢V): Continued

TDS

Station

Hindiya

Hashimiya

Hssien

Hilla

CAVEA

\.£04

VEVA

Hindiya

\.~~~

L EQE

VYA

Hashimiya

LY

\....

Loy

Hssien

Pollutant

YAV

ey

TDS

\.~~~

Station

Hindiya

Hashimiya

Hssien

Hilla

~.°V\

CYAY

V.Yoq

Hindiya

hA..
.

Lyay

n.YVO

Hashimiya

iV

~.0'1Y

n.\0~

Hssien

Matrix A
Pollutant

LYY

~_~VG

TDS

AN

Station

Hindiya

Hashimiya

Hilla

XX

- A

Hindiya

WVt

_...Va

Hashimiya

VYo

LEYY

Hssien

Matrix B
Pollutant

~.~V°

vV A

TDS

Station

Hindiya

Hashimiya

Hssien

Hilla

O
.

O
.

LIS I I |
.

Hindiya

' 00,

LS B B
.

LSRN B |
.

Hashimiya

CAYY

JVeyY

LIS I I |
.

Hssien

IREY?

_~.~~i

A
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Pollutant

Table (Y¥-£V): Continued

Tu

Station

Hindiya

Hashimiya

Hssien

Hilla

~_°£V

Love

ove

Hindiya

\.~~~

KEE

LYY

Hashimiya

LYY

\....

V000

Hssien

Pollutant

CFNY

Tu

V000

\.nnn

Station

Hindiya

Hashimiya

Hssien

Hilla

'.9’“1

CFVA

~.iv°

Hindiya

~.f'/\~

YV

._}“‘la

Hashimiya

LEYE

~_'L°Y

~.i~°

Hssien

Matrix A
Pollutant

W YEE

Tu

XY

L EEA

Station

Hashimiya

Hilla

~.~i“

Hindiya

Y )

Hashimiya

LY

Hssien

Matrix B
Pollutant

Tu

BEEY:

Station

Hindiya

Hashimiya

Hssien

Hilla

O
.

O
.

O
.

Hindiya

v NS

LS B B |
.

O
.

Hashimiya

A

~_‘QO

O
.

Hssien

oo Y

LY

oy
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Pollutant

Table (¥-¢V): Continued

Q

Station

Hindiya

Hashimiya

Hssien

Hilla

..one

~.0A.

CEAY

Hindiya

\'~~~

LEYA

CYAY

Hashimiya

CETA

\....

.ovq

Hssien

Pollutant

CYAY

Q

~.°“q

\.nnn

Station

Hindiya

Hashimiya

Hssien

Hilla

LYoy

X

EX Y

Hindiya

~.°iv

Ly

LAY

Hashimiya

“YVe

Levy

T

Hssien

Matrix A
Pollutant

RY:

Q

- o

- e ¢y

Station

Hashimiya

Hilla

N

Hindiya

- 0 YG

Hashimiya

_..Yhi

Hssien

Matrix B
Pollutant

Q

-u_\i~

Station

Hindiya

Hashimiya

Hssien

Hilla

O
.

O
.

0
.

Hindiya

VLYY

LS B B |
.

O
.

Hashimiya

XK

YA

O
.

Hssien

K

LYY

XY
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Table (¥-£A): Matrices for multi sites model (M., My, A, B) for all pollutants at four
stations (water supply)

M.

Pollutant

Alk

Station

Hindiya

Hashimiya

Hssien

Hilla

V.oV

~'°Y°

u.i*~

Hindiya

\.~~~

~'°Ai

n.GA“

Hashimiya

~_°/\i

\.hhh

Loy

Hssien

Pollutant

h.aAv

~'°YV

Alk

\.~~~

Station

Hindiya

Hashimiya

Hssien

Hilla

LYY

LETY

U

Hindiya

NPT

Y

n.G'LY

Hashimiya

L ETY

e

AR

Hssien

Matrix A
Pollutant

R

._aY‘l

Alk

CA

Station

Hindiya

Hashimiya

Hilla

_._.i‘\

Y

Hindiya

ey

~.Y/\°

Hashimiya

~.~i~

h.bi"

Hssien

Matrix B
Pollutant

I

~.‘“1~

Alk

Station

Hindiya

Hashimiya

Hssien

Hilla

O
.

O
.

O
.

Hindiya

BERE

LS B B |
.

O
.

Hashimiya

~.\'\Q

EEY

O
.

Hssien

AT

~.\"°

LY



Chapter Three

Modeling of Water Quality and Discharges Data for The Selected Regions

Pollutant

Table (¥-¢A): Continued

Ca

Station

Hashimiya

Hilla

LAY

Hindiya

X

Hashimiya

\....

Hssien

Pollutant

Ca

el

Station

Hindiya

Hashimiya

Hssien

Hilla

N

Jvés

VYV

Hindiya

VAT

VY

~.1°/\

Hashimiya

L

AV

VYA

Hssien

Matrix A
Pollutant

LAy

Ca

v V14

CAEA

Station

Hindiya

Hashimiya

Hssien

Hilla

R

R

CAVY

Hindiya

~.'1°/\

VAVA

Y

Hashimiya

~_~i\

h.O\"

YX

Hssien

Matrix B
Pollutant

CETA

Ca

K

~_1/\~

Station

Hindiya

Hashimiya

Hssien

Hilla

O
.

O
.

0
.

Hindiya

~.i\°

LIS B B
.

O
.

Hashimiya

CAYY

oy

0
.

Hssien

- YA

~.~/\'1

NPEY)
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Pollutant

Table (¥-¢A): Continued

Cl

Station

Hashimiya

Hilla

AV

Hindiya

A

Hashimiya

\....

Hssien

Pollutant

Cl

CVIA

Station

Hindiya

Hashimiya

Hssien

Hilla

ey

Lvan

7R

Hindiya

~.ﬂ~~

VA

“ YV

Hashimiya

ey

CAVA

~.Vn9

Hssien

Matrix A
Pollutant

7Y

Cl

Lves

ALY

Station

Hindiya

Hashimiya

Hssien

Hilla

- [N

VA

V4

Hindiya

Y

ey

v

Hashimiya

R

CATA

IR

Hssien

Matrix B
Pollutant

~.~/\\

Cl

LY

itV

Station

Hashimiya

Hilla

O
.

Hindiya

LS B B |
.

Hashimiya

ey

Hssien

AR

~.~Vi
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Table (¥-¢A): Continued

Pollutant EC

Station Hashimiya
Hilla CAYE
Hindiya CAEA
Hashimiya Voo
Hssien VA

Pollutant EC

Station Hindiya Hashimiya Hssien
Hilla vy LYY ETX
Hindiya . CAYVY LVay 2K

Hashimiya ey AYA AR
Hssien « 4N AR AT

Matrix A
Pollutant EC

Station

Hindiya

Hashimiya

Hssien

Hilla

-0 oy

VY

o %

Hindiya

LYYa

~.Y\~

~.~Gr

Hashimiya

- KA

~_O/\V

...%.

Hssien

Matrix B
Pollutant

_~.~r'1

EC

~.~r'1

CTEA

Station

Hindiya

Hashimiya

Hssien

Hilla

O
.

O
.

O
.

Hindiya

L EYY

LIS B B
.

O
.

Hashimiya

CAYY

NS

O
.

Hssien

A

YA

O
.
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Pollutant

Table (Y¥-£A): Continued

Ha

Station

Hindiya

Hashimiya

Hssien

Hilla

Y

Y

LAY

Hindiya

\.~~~

v ANOE

..'H‘o

Hashimiya

v JANOE

\.~~~

..'LAo

Hssien

Pollutant

~_‘*°

Ha

VY

\.n~~

Station

Hindiya

Hashimiya

Hilla

VY.

N7

Hindiya

VL AAL

o AOA

Hashimiya

VAt

NEXE

Hssien

Matrix A
Pollutant

~"l~~

Ha

~.V~°

Station

Hindiya

Hashimiya

Hssien

Hilla

vty

XY

A

Hindiya

~'°i°

X

R

Hashimiya

~.~i°

CAVO

XY

Hssien

Matrix B
Pollutant

Y

Ha

CEY

L EAT

Station

Hindiya

Hashimiya

Hssien

Hilla

0
.

LS B B |
.

LA B B )
.

Hindiya

+ras

O
.

O
.

Hashimiya

ER;

v

O
.

Hssien

R

ARA

~_~iY

..o%Y’
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Table (¥-¢A): Continued

Pollutant Mg

Station Hindiya Hashimiya
Hilla o) LA
Hindiya Voo .04
Hashimiya AR Voo
Hssien LYEY LYVE

Pollutant Mg

Station Hindiya Hashimiya Hssien
Hilla A ¥ Y YN
Hindiya Vel IR AR VY
Hashimiya AR e ey
Hssien YA AR Y

Matrix A

Pollutant Mg

Station Hindiya Hashimiya Hssien
Hilla AL K N
Hindiya BEEYY T LY
Hashimiya Y EA L EYo Y
Hssien ey AR Y

Matrix B

Pollutant Mg

Station Hindiya Hashimiya Hssien
Hilla Vo Vo e Ve
Hlndlya 8 e SRR
Hashimiya e AL
Hssien S vy Y CAVA

Y
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Pollutant

Table (Y¥-£A): Continued

TDS

Station

Hindiya

Hashimiya

Hssien
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Chapter Two
Theory and Literature Review

A: Theory:

v.2: Time Series Components and Properties:

Time series is defined as a set of observations generated sequentially in
time X¢:te T)[].

A time series is said to be continuous when some variables (X ;) can be
observed continuously, i.e. the time (t) can take all the values in an interval of
real numbers and said to be discrete when the set of the possible values (t) is a
discrete set, i.e. (T) can be viewed as a subset of the integers [-]. Thus, the
observations from a discrete time series are usually expressed as an average
value over equal intervals of time such as mean daily, mean monthly, or mean

annual data.

v..0: Components of Time Series:

Generally, a time series can be expressed as a linear combination of four
components depending on the type of variable and the averaging time
interval. These components may exist in monthly time series which are
represented in the form:

Xi=di T +PiHE; i, (—)

Where:

X - Time series observations at timet=», v, v, ...N.
J¢: Jump component.

T Trend component.

P Periodic component.

€ ¢ - Stochastic component.

N: No. of observations.
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Time series analysis involves the decomposition of the series into
constituent components.

The first three components represent the deterministic part which are
exactly determined by some mathematical function, while the fourth
component represents the non—deterministic part (stochastic part) which is
described only in terms of the probability distribution. Fig. (v-v) shows the

four time series components

v..v: Homogeneity of Time Series:
Prior to any analysis it is essential to verify that the series is
homogeneous by detection and removal of jump and trend components.

Homogeneity definition requires at least two conditions:
). The data series is free from any systematic error.

Y. All the conditions of series should be constant.

The series may be considered as homogeneous if these conditions are
satisfied. Homogeneity implies a time invariant mean and therefore, tests to
check its prevalence are based on evaluating the significance of change in

mean value [].

v..r: Stationarity:

A very special class of time series, called stationary process, is based on
the assumption that the process is a particular state of statistical equilibrium.
A series, once found to be homogeneous, should also be tested for its
stationarity. Because strict stationarity is only a mathematical concept, it is
often necessary for practical purposes to restrict the conditions of stationarity

to the mean and the variance only [].
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Positive jJump R Negative jJump
t - t
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Xe=Ji+ Pt + &

Xt Xt

Positive trend Negative trend
t t

v
v

Xe=Ti+ Py + &

"o .

v

t

Xe=Pt+ & Xt = &t

Fig. (v-') The Components of time series
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If it’s seasonal (monthly, weekly, daily) means are constant with time then it
Is considered to be first order stationarity. If standard deviations are also
constant with time, then it is considered as second order stationarity and so
on.

First order stationary may be found by subtracting the mean of each

period from the series as shown below:

Yj,t :Yj,t_Mt ............................................................................... (Y—Y)

Where:

%
Y j,t: First order stationary series at year (j) and month (t).

Yj: :Value of homogeneous, non — stationary series.

M : Mean at month (t), week, or day.

To obtain second order stationarity, equation (v—v) is devided by the

standard deviation for each period.

Where:
Z; : : Second order stationary series.

S: : Standard deviation of month (t), week, or day.

The application of equation (v—r) is also called standarization Which
gives a series (Z;) with zero mean and unit variance. Second order stationary
Is commonly used for the analysis time series. Finally, stationarity implies
that the statistical parameters of the series computed from different samples
do not change except due to sampling variations and it is important to

mention that the stationary series is homogeneous.
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va.¢2 Jump and Trend Components:

Many authors define the jJump component as a trend component, while
these two components differ some how from each other [:]. The jump
component may be defined precisely as a sudden slippage (either negative or
positive) in the statistical parameters of the historical data such as mean,
standard deviations ...etc. This component usually results from the activities
of citizens, for example, the construction of factories or drains upstream of the
observation station, will cause a positive jump in pollution levels, while
shifting the industrial waste water and drainage water away from the point of
observation may result in negative jump.

Trend component is defined as a growth or decay that is the tendencies
for data to increase or decrease fairly steadly over time[+] or defindes as
wether water quality which is getting better or worse[r'] state in any
parameter of the series. The main causes of trend in water quality data are
either sequential man—made change within the catchment area (such as
extensive urban development), or natural causes (such as climatic change).

Among many tests available to detect trend and jump in time series are
the turning point test, Kendall’s Rank Correlation test [12] and split-sample

method.

a— Turning Point Test:

This test is based on the fact that too many or too few turning points
indicate non—randomness ["]. In the observed sequence of (X ), a turning
point (P) in series occurs at time (t = 1), if (X;) is either greater than (X;_.)
and (X ;) or less than the two adjacent values. The expected number of

turning points (P) in the random series is (f’ ):

= 2(N-2) "
P_—3 .................................................................................... (v— ¢)

Where N : Number of observations.
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Variance (F’) can be computed as:

var (P )=% ...................................................................... (v—°)

the number of turning point (P) in a series is expressed as a standard normal
variate in the form:
Z:i ................................................................................... (x—")

Jvar (P)

b — Kendall’s Rank Correlation Test:

Kendall’s Rank test statistically evaluates the trend of a series by

computing the number of times (P) in all pairs of observation X, X; (j > 1)

that X; > X;. The test is carried out using the statistic (T) defined as:

L (- )

N(N-1)

The statistic is then expressed as a standard normal variate in the form:

Where (T ): The expected value of (t ) if the series is random (-, if random).

var (

The computed standard normal variate is then compared with it’s table

Al

)_ﬂ2N+®
“9N(N-1)

value at a given level of significance. If the calculated value of ( Z ) is within
the limits the hypothesis of no—trend is accepted. If a trend is detected, it can

be removed by fitting a linear regression equation.

¢ — Split — Sample Method:

This method is the most powerful for testing homogeneity which is
suggested by YeVjevich [¢]. It is carried out by dividing the series of the data

into two sub—samples. Then the mean and standard deviation of each sub—

AR
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sample were computed and used for testing the difference between these two
sub—samples at the ( av.c % ) probability level of significance by using the (t—
test).

This method is used mostly for the detection jump component, but it may
be also used for detection of trend component when the trend is steep enough
to produce high difference in the same statistical parameters (mean, standard
deviation) for two sub—samples.

For non-homogeneity arises due to changes in the method of data
collection and the environment which is done, Yevjevich suggestes fitting
linear regression equations for both annual means and annual standard

deviations as follows:

X j,t _XJ
Y= SU, AV (v—)
S
Where:
Ji t : Annual and monthly position of observation, respectively.
Y - Transformed series (homogeneous).
X - Historical non — homogeneous series.

Av.,Sd. : Mean and standard deviation of the second sub—sample respectively
(Future sub-sample).

X j» Sj: Linear regression equations for annual means and standard deviations

against year, which are expressed as follows:

Where: X j: Annual means at year (j).

S;: Annual standard deviation at year (j).
A, B, A, B.: Regression cofficients.

VY
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v..o: Periodic Component:

This component is defined as a regular fluctuation which is repeated
from year to year with about the same timing and level of intensity (for
example, each month, or each day ...etc.) [1].

Cyclic behavior may appear in more than one statistical parameter such
as mean, standard deviation, skewness, kurtosis and serial correlation
coefficients.

Detection of periodicity can be made by the auto—correlation and

spectral analysis [v-].

v..e (@): Auto-Correlation Analysis:

For random variables or observation the auto—correlation coefficients
must theoretically equal to zero [¥r].

In the auto-correlation analysis, the existence of the periodic component
may be detected by investigating the correlogram (see sec. v.1.1) of the data. If
the series is periodic, the auto—correlogram will also be periodic, otherwise it
IS not.

The classical two approaches to description and removal of periodicity in
basic parameters of hydrologic and other geophysical time series are here

termed as follows:

a—\: The Non — Parametric (Non Functional) Approach:

This approach is appropriate for simulation of stationary unregulated
water quality data inputs that are needed in simulation studies to analyze
alternative designs, operation policies, and rates for water resources
systems][r-].

It is necessary to remove any seasonlity (periodicity) in the historical

data. A common procedure employed in hydrology for monthly sequences is

VY
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to deseasonalize the series by subtracting the estimated monthly mean and

dividing by the estimated monthly standard deviation for each data [v:] as

follows:
Xi:i =X
j.t t
€ i f T eeeee ettt ————aeeeeeete e ————aaraeattrr—————————————. Yy
jit S, (x—r)
Where:

€t Dependent stochastic component of (X ) at year (j) and month (t).
X't, St Samples mean and standard divations of (X ; 1) at month (t) which

were computed by :

1.
thﬁjz_:—lxj't ................................................................................ (x—1¢)
e
13 2
St :|:E-jzl(xj't_ t) } ----------------------------------------------------------- (v—°)

Where (n): Number of years.
The removal of periodicity in (Yt) and (S; by equation (v—) is

equivalent to the standardization of (X; ) series in equation (v—).

a—Y: The Parametric Approach:

If a periodicity exists in a trend free series, it can be removed by

representing it by a Fourier series of the form:

. :
m,=mgy+> Cjcos(zcvjt+9j) ................................................ (=)

j=1

Where:

m ¢ Harmonically fitted means, variance or any parameter at month t (t=
LYY, W),

m .: Population mean of (my).

)¢
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(w+1)
2

h: Total number of harmonices (:g or j depending on whether (w)

Is even or odd).
w : Time span of periodicity (for monthly data w = »v).

Cj, 6 j: Amplitude and the phase of the (jth) harmonic, respectively.

An alternative form of equation (v—+) may be used:

h 2mjt (2wt
mt:mo+jZ:1(Ajcos( WJ j+BjS|n( WJ D ...................... (x—1v)
Aj, Bj: Fourier coefficients which are defined as:
2 |\ ¥ 27t
A= — M COS| = | eeiiiieiee et —
A JEme 2 -
2 |\ . (2wt
Bj:(W)émtSM( W ) ....................................................... (v—9)
the amplitude (C;) and phase (6 ) are calculated by:
_ 2 2
S R e T (=)
B.
0 =10 | —L | s -
i (AjJ (x—")

For monthly data (w=)v) and therefore the maximum number of

harmonic (h) is ( %:6j . When w is even then:

The use of the Fourier series requires cureful judgment in estimation of
significant harmonics in periodic functions which describe the basic
parameters of hydrologic time series. There is a need for more accurate

methods of estimating the significant harmonic in the Fourier description| ],

Yo
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so that the empirical method which is also called the critical explained
variance method was used for this estimation.
The ratio (AP ) calculated by:

APJ-:('A\JZJFBJ?)/2 ....................................................................... (v—¢)

var -m,

This ratio represents the part of variance of (m,) which is explained by

the (jth) harmonic. These ratios (A P j) are then ranked in descending ordered

sequence and assumed to:

szipi for(j:1,2,...,%) ...................................................... (=5

i=1
Where (P;) is the variance explained by ( j ) harmonics.
For most hydrological series the harmonices of any parameter are

usually not significant beyond the first w/v harmonics, so (PW/Z) IS

calculated from equation (¥ — v¢) and then:

a-1f P, , <P, then no harmonic is significant.

b-1f Ppin <P 2 <Pmax, then all harmonic are significant.

max?’

c-1f P, >Pn.. then the first (j) harmonic whose (P;) value first exceed

(Pmax) are significant where the critical values (Pmin) and (Pmax) are
calculated from:

W
Pmin =a,|—
ne (v—1)

respectively, where:
C: Order of the highest moment used in estimating the parameter (m,).
w: Number of seasons.
n: Number of years.

a: Constant which is suggested to be (-.-vr) by Yevjevich[r+].

1
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v..e (b): Spectral Analysis:

This method is used to detect the existance of the periodic component as
well as Auto-Correlation analysis by using the spectral density function of a
given time series.

Spectral analysis is mainly concerned with purely non-—deterministic
processes, but the technique can also be used for deterministic processes to
pick out periodic components in the presence of noise [¥].

A popular type of estimating the spectral density function consists of
taking a Fourier transform as equal to the covariance of continuous series. For

a real discrete process, the estimate of the spectral density f (w) is given as:

m-1
f(w)zz—ln[co D, +2 kzlckacos(wk)+Cmij ................. (=)

Where:

f (w): Spectral density in variance per cycle, per month.
w : Frequency in cycle per month.

m : Maximum number of lags.

C«: Covariance at lag k which is estimated by:

1 N-K 1 N-K
Ch=— Y X, Xppm—— - ¥ X,
“TN-K tZl U (IN-K)? tzl i (r— v3)

Where e
X: Value of series observation.

N: Total number of data.

D «. Van Hann smoothing coefficient suggested by Blank—Mann and

Tukey[], using Kernal function:

Dk:£(1+cosn—kj |k|>m

2 M ) (v—r)
=0 |k|<m

Where: K=,y v ...m

ARY
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When the estimates f (w) are plotted against (w), the resulting plot called
periodogram. If this plot shows “spikes” or “lines”, then the existence of
periodicity is certain.

Quimpo[¢] compared between the auto correlation and spectral analysis
and found that the spectral method is very expensive in computer time,
without yielding much more information than the conventional, less

expensive auto — correlation method.

v.a.10 Persistency:

Persistency is the important characteristic of nautral time series. This is
the property by which high values tend to follow high values and low values
tend to follow low values [»4].

A particular method of measuring persistence is through the serial
correlation coefficient plot which called the correlogram plot between serial
correlation coefficient values (r ) and the lag (k) values. The periodic shape
of the correlogram of the series indicates the existence of a periodic
component in this series.

Thus, the persistence represents the correlation between the values at
time (t) with the values at time (t+), t+v,...,t+k) which is measured by the

serial correlation coefficient (r) using:

N N N
(N_K)Z‘ixt * Xk _zxtzxuk
t=

t=1 t=1

[(NK)HX?(”XJ } ........................................ (*—=m)
1
2%
Xt+kj ]

[(w—mtz“lxak—[

Where: r: Lag (K) serial correlation coefficient.
N: Number of data.

K: Lag in time units.

X Value at time (t).

Mz

t
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Thus, (r ) indicates the correlations between any value of the series and
the value which appears after (k) time units.

Approximate expressions for (r ) estimation which require less
computer time than equation (v—1) are available. Equation (v—rv), given by
Kendall and Sturat, Hall et.al., is known to be both adequate and economical

In computer time [<].

N-K
NiK l(Xt_Y)(XHk_Y)
N i (- )

L)

—
Il

Z|

Where ()_( ) is the series mean.

The (r ) values for pure random series should be equal to zero, and in
practice those (ry) values will deviate from zero due to sampling effect. The
series is considered to be independent (uncorrelated) at the (:° %) level, if the
computed values of (r) fall inside the following tolerance limits:

g ~1+196,/N-3

N-2

Where (N): Number of data.

S: Tolerance limits.

v.v: Stochastic Component Methods:

Stochastic component is the remaining part resulting from the separation
of periodic component of mean and standard deviation (non-stationarity)
from a trend free series (homogeneity)['']. It is termed as the dependent

stochastic component of the process and denoted as (s jit ) This series is

considered as homogeneous and second order stationary series.

Since correlation exists between successive values of (s jt )series, then

it may be fitted by a suitable model whose parameters will depend directly or

Y4
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indirectly on the amount of existing correlation represented by the (r ) values.
The models are usually represented as the relation between the dependent

stochastic component (g j,t) and an independent stochastic component

(ij,t ) These models may be applied for singlesite or multisites.

v.v.a0 Singlesite Models:

These models are applied to a single time series in one point from which
the observations are taken. The most common three basic models that existed
in literature are; the auto—regressive model (Markov model), Moving average
model (MA) and their combinations model auto—regressive integrated moving
average (ARIMA).

A: Auto Regressive Model (Markov Model) [AR(P)]:

This model describes the dependence in any stochastic series (a jit ) by
assuming that each value (s jit ) is a combined effect of previous values in
addition to an independent stochastic component (ij,t ) which occurs at the
same time of occurrence of (& j ¢ ). The independent series (& ) is a series

of random numbers usually with zero mean and unit variance. The
formulation of this model is given as:
p

sj’tzgaisj’t_l+6§j,t ............................................................... (x— re)
Where:
P - Order of the model.
(o, o) : Parameters of the model.

In the stationary time series, the dependence can be well approximated
by first, second, or third order linear auto—regressive model. The estimation of

the first and second order auto-regressive model parameters is shown below:
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\ — First Order Model:

€1 =0 €11 FOE | oo (v—re)
Where

0L =l et s (v—r)

e (v—rv)
¥ — Second Order Model:

€1 =01 € 10 E 1 pFOE ¢ s (v—r2)
Where:

o = I =rr;

S (v—9)
_r2_r12
T ()
G=1—\/ (a12+oc§+2a10c2 rl) ....................................................... (v—)

B — Moving Average Model [MA(qQ)]:
Another kind of models of great practical importance in the
representation of observed time series is the finite moving average process|v].

In this model each value of (g it ) Is assumed to arise from the effect of
previous values of the independent stochastic component (ij,t) rather than

the dependent stochastic component (& j ¢ ), thus:

Where: (q): Order of the model.
bi: Parameter of the model.
The estimation of the parameter (b ;) and the degree of the model were

described by Box and Jenkins|[v].

Y
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C-Auto Regressive Integrated Moving Average Model [ARIMA(p, d, 9)]:

To achieve greater flexibility in fitting of actual time series, it is some
times advantageous to include auto-regressive and moving terms in the
model. This model for stationary series may be represented by a mixed auto —
regressive moving average [ARMA] (p, q) or ARIMA [p, -, d] process as

follows:

€¢=018¢ 1+0,& o+ +0 &,

Where:

¢ ¢ Dependent stochastic component.
& .. Independent stochastic component.

(o) and (b): Parameters of the model.

The model which is capable of representing sequences that are certain
types of homogenous non-stationary was developed by Box and Jenkins and
obtained by supposing some suitable differences of the process to be
stationary.

If the process (w) is non-stationary in the sense explained above, then it

can be converted to a stationary process (gt) by taking the suitable

difference using:

Where: (V d) is the (dth ) difference of the process (w ). The stationary

(at ) series is then fitted by equation (v—:v) and the model designated as

(ARIMA) (p, d, q), i.e., the (ARMA) (p, q) model is regarded as a special case
of the (ARIMA) model with (d = ).

Yy
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v.v.v; Multisite Models:

For the planning, design and operational works of water resources
systems, concurrent sequences of flow and water quality data are required at
more than one site. This state deals with models which can be used to
generate data sets for this purpose. These models should be formulated so that
important relationships between the time series are preserved, together with
the properties of the individual series [14].

Singlesite models deal with the flow and water quality data at a certain
point and consider the serial correlation coefficient only i.e. the correlation
exists in time, while they neglect the cross correlation that exists among
position. Multisite models consider correlations in both time and space.

The most commonly used Multisite model is limited to the first order
auto—regressive model which was initiated in hydrology by Matalas ( av).
This model assumed that the series of historical data at each site standardised
to zero mean and unit variance after initially removing trend and seasonality.

When (m) represents the number of stations , then:

€t,€t—1=mx1 vector of dependent stochastic component at time (t) and

(t—), respectively.

&, =mx1 vector of independent stochastic component at time (t). The models

takes the form:
Er=AE 1 +BE; (v—:°)

Where:

(A) and (B) are two ( mxm ) matrices of parameters.

M ,: Lag — zero cross covariance matrix.

M ,: Lag — one cross covariance matrix.

Yy
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M gl: Inverse matrix of (M,).

M 1T :Transpose matrix of (M,).

The matrix (A) is found directly by substituting the estimated correlation
coefficient in the matrix (M) and (M), but matrix (B) could be found after

obtaining a matrix (C)

and using the Young and Pisano[r+] method assuming a triangle matrix.
The cross correlation coefficient between two stations is determined by

using the following equation:

N-K N-K N-K
(N'K) zxt°Yt+k_ th ZYt+k
t-1 t—1 t—1
re (X,Y)=

N-K L, (NoK ) &
(N-K) ¥ X; —[ tz1Xt}

t-1

Where:
r« (X,Y): Lag (k) cross correlation coefficient between stations (X) and (Y).
X Value of the data of station (X) at time (t).
Y ¢+« Values of the data of station (Y) at time (t+k).

It is obvious and important point that the models discussed in the above
sub—section are only the most commonly used models, where as there exist

many other types of models in the literature[ .

Y¢
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Statistical analysis of water quality is a major tool in assessing the state

of pollution of rivers, streams, lakes, resevoirs and other water sources. A
short review of different types of stochastic models and related researches is
presented here in historical sequence.

Young and Pisano [r4] in (1414) proposed a multisite monthly stream flow
model by using Matalas algorithm to preserve the cross correlation between
the stations. The data were normalised before starting the analysis using either
logarithimic or square root transformation. It was found that such a model
was capable of preserving the cross correlation coefficient besides the
preservation of means and standard deviations.

Pentland and Cutherbert [¥A] in (vavr) presented a multisite daily flow
model which was a modification of single site model and was based on
generation of monthly flows during dry season and daily flows during flood
season. This model had some problems that the sequence of random numbers
used in daily generater was not necessarily compatible with the sequence used
in monthly generater.

Huck and Farquhar [)1] in (hav¢): used the Box and Jenkins techniques
for analyzing a time series of water quality data existed as a set of
observations that were statistically, sequentially dependent. The overall aim
of their analysis was to specify the character of this dependence. The
hydrochemical data consist of hourly readings of chloride, temprature,
dissolved oxygen, PH. and conductivity. The chloride and dissolved oxygen
data were selected for analysis and the authors found that the Box—Jenkins
method was successful in modeling the river water quality reviews.

Ossenbruggen [¥v] in (haae): applied probability models derived from a
long—term (r-) years color record for the Oyster river in Durham. The author

formed a method of forecasting raw water color and assigning an alum dose
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for treatment of surface waters and used the differencing method to remove
linear trend or non-stationary from data series. Three probabilistic models
were developed and evaluated: the random walk, log—normal and seasonally
AR(") models. All models were compared for treatment performance. The
auto—correlation and partial auto—correlation analysis were used to identify
the form of time series models. The results indicated that the two time series
models (random walk and seasonally AR(Y)) were feasible methods because
they led to use of alum without excessive overdosing, in contrast with the
log—normal model.

Al Suhaili [¢] in (yaa1) studied the stochastic analysis of daily stream flow
data of Tigris river for the period extending from (»ari—aav) of four stations
(Mosul, Fatha, Baghdad and Kut). Trend component was identified and
removed using split-sample method. The periodicity was detected by the
correlogram technique, then it was analyzed by using Fourier series and
removed by harmonic analysis. The dependent stochastic component was
found to be well expressed by AR(») model for each station. Multisite model
or (Matalas model) was also used depending on the cross correlation between
the four stations. The comparison between generated and observed data was
found to be satisfactory.

Gupta and Chauhan [)r] in (haa1) studied the stochastic structure ,of
weekly irrigation requirement of crop. The irrigation requirement time series
was assumed to be represented by an additive model with trend, periodic and
stochastic as its components. Each component was identified and, if found,
removed from the original series. The turning poing test and Kendall’s rank
correlation test were applied for detecting the trend. In the analysis of series,
the correlogram technique was used to detect the periodicity, which was then
analyzed by Fourier series method. Harmonic analysis was done for
identifying the number of significant harmonics. The series was then tested

for stationary and dependent part of the stochastic component was found to be
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well expressed by the second order auto— regressive model .As a result, the
developed model superposes a periodic—deterministic process and a stochastic
component. The adequacy of fit was judged by the insignificant correlation
and normal distribution of the obtained residuals. The developed periodic—
stochastic model may be used for representing the time based structure of the
irrigation requirement time series of a paddy crop.

Lohani and Wang [¥-] in (haav) used Box—Jenkins time series analysis for
the monthly water quality data in Chung Kang River. The monthly samples
which were taken from three stations were analyzed for (1v) parameters and
period (vavi—aam). Five years of data (vavi—aa.) were used for the basic
analysis and the data in the sixth year (y2rv) were used for the comparison of
the result forecasted from the time series models. Normalization of data by
using square root, logarithmic and power transformation were applied. Auto—
correlation and practical auto—correlation were used to define the number of
model terms. It was found that the auto—regressive model with order one is
the best fit of data and forecasting with seasonal data seemed to perform well
when the Box-Jenkin technique was combined with non parametric
transformation to remove seasonal cyclic from data.

Jayawardena and Lai ['v] in (vs4%) applied time series technique to model
(vv) years of mean monthly water quality data in the Guangzhou reach of the
Pearl river in Southern China. The data of (COD) were measured in two
stations for the period (121e—aae). The basic properties of the water quality
data time series were determined. The author defined a time series were
determined. The author defined a time series as a combination of four
components, trend, periodic, a dependent stochastic and an independent
residue components. Trend was detected by using turning point test and
Kendall’s rank correlation test, then removed by fitting a regression equation.
Periodicity was detected by the auto—correlation and/or spectral analysis and

represented by Fourier series. In stochastic component, several (ARMA)
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models were investigated which ranged from ARMA (»,:) to ARMA (v.v) to
describe the dependent structure of stochastic component. Synthetic water
quality data were generated by using the probability distribution of the
independent residuals, and forecasting of future water quality data was done
using a Box—Jenkis type different model. The comparisons were found to be
satisfactory.

Risley et.al. [v4] in (vesr) presented a methodology for forecasting the
response of salinity movement in a tidal estuary to seasonal rainfall and fresh
water inflows. The forecasting procedure used the linked stochastic and
deterministic models which included multisite stochastic rainfall data
generation models, a deterministic rainfall-runoff multiple regression model
and a one dimensional finite difference salinity intrusion model.
Accumulative probability distribution of the maximum salinity flushing
distances a long the estuary was developed as a tool for decision—markers.
This methodology can be used for long—term seasonal forecasting of salinity
intrusion in an estuary under the conditions of seasonal rainfall and fresh
water inflows. However, the effects of upstream water withdrawal on
downstream flow and salinity are not considered and thus, these forecasting
results can not be introduced into a water management model.

Fernando and Jayawardena [\'] in (v23¢) described and applied various
stages of decomposing and synthesizing a time series to a monthly rainfall
data from Sri Lanka for the period (13 —aa1). The continuous record was
split into two sub—series and the results indicated that the series was non—
homogeneity. The turning point test and Kendall’s Rank correlation test were
available to detect the trend component, then the trend was removed by fitting
a polynomial function. If a periodicity was existed, it could be removed by a
Fourier series. The resulting stochastic component were fitted with various

(ARMA) models. Generation and forecasting were made by using the
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probability distribution and the Box-—Jenkins type difference model,
respectively, then the results appeared to be satisfactory.

Ojha and Graham [¥+] in (vs3¢) used the technique of auto—regressive
process for predicting head loss and filtrate concentration across deep bed
media at various times. The problem of evaluating filtrate concentration and
head loss values was done by using second order auto—regressive model. The
use of this model for short—term predictions of filter performance was clearly
feasible. Very good agreement between the predicated and observed values of
the filtrate concentration and head loss values resulted by using this model.

Lall et.al. [*¥] in (1231): developed a non—parametric, wet—dry spell model
for re—sampling daily rainfall at a site. All marginal, joint and conditional
probability densities of interest (dry spell length, wet spell length,
precipitation amount and wet spell length given prior to dry spell length) are
estimated non-—parametrically using at-site data and Kernal probability
density estimators. The model was applied to daily rainfall data from Silver
Lake Station in Utah (USA) and the performance of the model was evaluated
using a number of performance measures. The model reproduced satisfactory
the wet day precipitation, wet spell length and dry spell length (Coated by
v..\),

Katsamaki et.al. [A] in (h434) presented a methodology for data analysis
and stochastic modeling of daily municipal solid waste (M.S.W) production
rates. The data sets examined were the daily quantities of municipal solid
waste for consecutive days and for each day separately. Each sequence of
observations was modeled by Box—Jenkis stochastic models as a function of
auto— regressive, moving average and seasonal terms. For the overall time
series, a seasonal (ARMA) (»,)) was found to be adequate. For the separate
day time series, sample auto regressive (AR) models were adequate without
inclusion of any seasonal terms. (ACF) and (PACF) were used for the

identification of seasonal models and their plots were represented the
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confidence limits. Values of these functions within these limits were not
significantly different from zero. In general, these models demonstrated
statistical fit, and modeling of the trend was satisfactory. Box-—Jenkis
modeling could be used with success whenever the short—term modeling of
(M.S.W) gquantities was required. The forecasting ability of these models was
compared to simpler statistics and gave satisfactory forecasting depending on
the specific day.

Tarboton et.al. [r¢] in (y224): proposed a disaggregation procedure based
on non parametric density (NPD) estimation which models adaptively
complex relationships between aggregate and disaggregate flows. The
primary shortcoming of the (NPD) procedure is that it is data and
computationally intensive. For less than (r.) years of data, the (NPD)
procedure is not expected to disaggregate monthly data better than parametric
models. (Coated by ¥-+1).

Thyer and Kuczera [rv] in (1434): developed a hidden state Markov (HSM)
model with Bayesain interface to generate annual rainfall data for Sydney,
Australia. The model assumes that the climate is composed of two states,
either a dry state (low rainfall year) or a wet state (high rainfall year).

They compared the results from the (HSM) model with those from an
AR(») model and found that the dry spell presistence identified by the (HSM)
model procedure higher and more realistic drought risks. (Coated by ¥--1).

Mahmood [¥¥] in (v..+) applied Box—Jenkins time series analysis for
monthly water quality data which were included ten parameter on the
Euphrates River at Kufa for the period (va:v—134). (ACF) and (PACF) were
used for the identification seasonal models. Common logarith transformation
was found to be the most suitable one for the water quality data. Stochastic
component was found to be well expressed by the (AR) (1) model, AR () and

ARIMA (,,)) model for different parameters. The results were indicated the
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suitability of the adopted models and the seasonal component was not existent
in these types of observations.

Al-Husseini [¥] in (v--+) applied time series analysis to model eight years
of mean monthly hydrochemical data of Shutt Al-Hilla. Trend component
was detected and removed by using split-sample method. Power
transformation was the suitable method for water quality data. The
correlogram technique was used to detect the periodicity, then it was removed
by using Fourier series. Dependent stochastic was represented by various
stochastic model for each water quality parameter. For forecasting, two
stochastic models were developed univariate and multivariate stochastic
models. Various models were used to fit stochastic component such as
univariate AR(), MA(») models for seven parameters. Multivariate stochastic
model proved to be good in forecasting hardness. Seven years of data were
used for model development, while the model performance was compared
with the data for the eighth last year. The comparisons were found to be
satisfactory.

Wang and Nathan [r¥] in (v-.+): developed a daily and monthly mixed
(DMM) algorithm for the generation of daily rainfall. Results for the Lake
Eppalock Catchment rainfall and for six other sites showed that the (DMM)
algorithm reproduced the mean, coefficient of variation and skewness of
daily, monthly and annual rainfall. The results were examined for the Lake
Eppalock; the algorithm worked well in reproducing the mean, coefficient of
variation and skewness of monthly maximum daily rainfall, but not as well
for the annual maximum rainfall. For the other six sites, the algorithm worked
well in reproducing the mean and coefficient of variation but not as well in
reproducing the skewness of the annual maximum daily rainfall (Coated by:
Srikanthan and McMahon: v- 1),
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Al-Tikriti [] in (v--)) presented statistical analysis of average weekly
water quality data consisting of seven hydrochemical parameters with
discharges at two stations (Al-Hindiya and Al-Samawa) for the period (yar:¢—
1aav)., Trend component was detected and removed by using split—-sample
method. The correlogram technique was used to detect the periodicity, then it
was removed by harmonic analysis. Single site auto—regressive model with
first order AR(») model was found convenient for all parameters. Ten years of
data (haa:—1aar) were used for analysis and the remaining four year was used
to check the model acceptability. The comparison of the statistical parameters
of those records and with generated series was found to be acceptable.

Grumet etal. ['v] in (v.+)) presented multisite records of climate from
coasted East Africa which is demonstrated that isotopic tracers preserved with
in coral aragonite accurately record intraseasonal to interannual changes in
sea surface temperature. They used multisite analysis of sea surface
temperature variability along the East Africa coast as recorded in composition
of reef corals. The results are generally in agreement with the climate records.

Wilks [r4] in (v--¥): presented a method to adjust the parameters of daily
time series model for weather generators in away that is consistent with both
local climate and probabilistic seasonal forecasts. Both single—station weather
generator, and spatial networks of coherently operating weather generators are
considered. Only a subset of parameters for individual station models are
found to depend appreciably on the seasonal temperature and precipitation
outcomes, so that extension to coherent multisite weather generators is
straight forward. The results allow stochastic simulation of multiple daily
weather series, conditional on seasonal forecasts. Both the science and
practice of seasonal forecasting continue to improve, but the forecast products

should be used carefully.
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Chapter Four
Results and Discussions

.., Generation of Synthetic Series :

Synthetic data can be generated starting from a sample of the residual
series using the appropriate probability distribution[1].

Generation of many sets of data is done with the two models (Singlesite
AR()) model and Multisite (Matalas) (AR(") model). Statistical tests are
applied to check the reliability of the generated sequences at the (av.ex)
significant probability level. The general generation produce can be regarded
as reversing the analysis procedure with slight differences, as shown by the
following steps :

1- Generation of the independent stochastic component (&;;) using normally
distributed independent generator available in the software Excel.

Y- Generation of the dependent stochastic component (&;;) using :
a. Equation (v-ve) for singlesite AR(") model.
b. Equation (v-¢°) for multisite AR()) model.

- Reversing the standardization process,

Yj,t = E_-;j,t de + My ............................................................................ (5'\)
¢- Calculation of the normalized series.
Xj,t = Mt + Yj,t Sdt ............................................................................ (5-7)

Where: (M, Sd;) are the periodic means and standard deviations

respectively.

- Applying the inverse power transformation.

Nit = (AXjt + )" o (¢-v)
Where : (N;,) is the generated series of year (j) and month (t).
Calibration and verification the model before using it for generation are

very important. This will ensure more realistic generated sequences. The
comparison between the generated and observed series indicates that there is
no need for calibration, Hence, verification is required as shown in tables
from (:-1) to (:-17).
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£.Y Verification of the Model

It is important to make sure that those generated sequences are extracted
from the same statistical population of the historical series, by verifying the
model used in the generation. The basic verification concept of any model is
that it generates a sequence of data which preserve most of statistical
properties of the historical series.

The properties of the generated series are compared with those of the
observed series. The set of data are generated for the flow and water quality
parameters of the four stations by each of the models (singlesite AR (V)
model, multisite model), the set is of (v) years length, the same length of the
observed series which are left for verification (yaaa-v. ),

Tables from (:¢-v) to (¢-»1) show the general properties (mean and
standard deviation) of the generated monthly series by singlesite model and
multisite model and that of the observed one. For checking the model, the
generated sequence of data are tested with those of the observed series using
(t-test) and (f-test) at av.o% level of significant as shown in the same tables. The
values marked by (*) sign in these tables are those which failed to pass the (t-
test) and (f-test). These indicate the two models are capable of preserving the
monthly means and standard deviations for all water quality parameters and
discharge.

The percentages of successful test values are shown in tables from (:-1v)
to (¢-vv) for the two models, for the two types of water at the four stations.
These tables show that the successful percentages indicate the adequacy the
singlesite AR(") and multisite AR(») model and the values that in the shadow
cells which failed to pass the (t-test) and (f-test).

Because two models are used to generate data for all water quality
parameters and discharge and for two types of water at four stations, then all
the results are plotted against time, therefore some of these plotted selected as
shown in figures From (:-1) to (¢-1+) which represent the monthly mean of the
generated and observed data. These figures indicate that the generated data
give monthly means slightly different that those of observed data.
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Table (¢-1V): Percentage of non-significant difference between monthly means
of generated by singlesite model and observed series (t-test) for
Al-Hindiya station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful

Table (¢-YA): Percentage of non-significant difference between monthly
standard deviations of generated by singlesite model and
observed series (f-test) for Al-Hindiya station

Raw water

Percentage Ha Mg
of
Successful

Water Supply

EC

Ha

Percentage
of
Successful

Table (¢-19%): Percentage of non-significant difference between monthly means
of generated by singlesite model and observed series (t-test) for
Al-Hilla station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful
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Table (¢-Y:): Percentage of non-significant difference between monthly
standard deviations of generated by single site model and
observed series (f-test) for Al-Hilla station

Raw water

Alk Ca Cl EC Ha Mg TDS Tu Q

Percentage
of
Successful

Water Supply

EC Ha

Percentage
of
Successful

Table (¢-YV): Percentage of non-significant difference between monthly means
of generated by singlesite model and observed series (t-test) for
Al-Hssien station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful

Table (¢-YY): Percentage of non-significant difference between monthly
standard deviations of generated by singlesite model and observed
series (f-test) for Al-Hssien station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful
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Table (£-YY): Percentage of non-significant difference between monthly means
of generated by singlesite model and observed series (t-test) for
Al-Hashimiya station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC

Ha

Percentage
of
Successful

Table (¢-Y¢): Percentage of non-significant difference between monthly
standard deviations of generated by single site model and
observed series (f-test) for Al-Hashimiya station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful
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Table (£-Y¢): Percentage of non-significant difference between monthly means
of generated by multisite model and observed series (t-test) for
Al-Hindiya station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

Percentage
of
Successful

EC Ha

Table (¢-Y1%): Percentage of non-significant difference between monthly
standard deviations of generated by multisite model and
observed series (f-test) for Al-Hindiya station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

Percentage
of
Successful

EC Ha

vy

Table (¢-YV): Percentage of non-significant difference between monthly means
of generated by multisite model and observed series (t-test) for
Al-Hilla station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful
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Table (¢-YA): Percentage of non-significant difference between monthly
standard deviations of generated by multisite model and
observed series (f-test) for Al-Hilla station

Raw water

Percentage Ha Mg

of
Successful

Water Supply

EC Ha

Percentage
of
Successful

Table (¢-Y9%): Percentage of non-significant difference between monthly means
of generated by multisite model and observed series (t-test) for
Al-Hssien station

Raw water

Perce?tage Alk Ca Cl EC Ha Mg | TDS Tu Q
0
‘ Successful Vor0h | Yea0h | AY0H | V08 | Yea0h | Vea0p | FYOH | V4.0 \..%l

Water Supply

Percentage
of
Successful

EC Ha

vy

Table (¢-Y:): Percentage of non-significant difference between monthly
standard deviations of generated by multisite model and
observed series (f-test) for Al-Hssien station

Raw water

Percentage Ha Mg
of

Successful

vy

Water Supply

Percentage EC Ha
of
Successful
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Table (¢-YV): Percentage of non-significant difference between monthly means
of generated by multisite model and observed series (t-test) for
Al-Hashimiya station

Raw water

Percentage Alk Ca Cl EC Ha Mg TDS Tu Q

of
Successful

Water Supply

Percentage EC Ha
of
Successful

Table (¢-YY): Percentage of non-significant difference between monthly
standard deviations of generated by multisite model and
observed series (f-test) for Al-Hashimiya station

Raw water

Percentage
of
Successful

Alk Ca Cl EC Ha Mg TDS Tu Q

Water Supply

Percentage
of
Successful

EC Ha

\Yov



Chapter Five Conclusions & Recommendations

Chapter Five
Conclusions and Recommendations

s.» Conclusions:

From this study the following conclusions can be obtained :

- Most of the water quality parameters used in this study are found to have
a jump component in all stations which is attributed to the man-made
activities upstream these stations. The split sample method is found to be

successful to remove this jump.

v- All monthly series of water quality parameters and discharge are free

from a trend component.

v- All hydrochemical parameters and discharge at four stations (raw and
pure water) were found to be adequately represented by the first order
auto-regressive AR(') model. The t-test for in significant differences
between monthly means of observed and generated series indicates (- -7)

SUCCess.

¢- The percentages of f-test between monthly variance of observed and
generated series show good results for all water quality parameters and
discharge (:v%) as minimum, except (Ca) in raw water at Al-Hssien

station which has a very low percentage (vv7).

- The t-test comparison between monthly means of observed and generated
series by multisite auto-regressive AR(») model shows very good results
(v--z) for most water quality parameters and discharges except
(TDS=rv%), (TDS = &%) in raw water Al-Hssien and Al-Hashimiya

stations, respectively.
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1- The percentages between monthly variance of observed and generated
series by multisite model indicate that the (TDS = vz, Q = ¢v%) in raw
water at Al-Hashimiya station failed to pass (f-test) and some of these
parameters have low values such as (TDS = ez, TDS = wvz) in raw and
pure water at Al-Hilla station, (TDS = =A%) in raw water at Al-Hssien
station and (EC = -a7) in pure water at Al-Hashimiya station. All the
values or the parameters which failed or have low values indicate that
there are different sources of pollutions along the river which dispose
their waste into it and change the concentration in the water, therefore the

randomness is increased.

s-+ Recommendations:

The following recommendations are presented for possible further

studies:

- Sampling on shorter time periods (e.g., weekly or daily) should be used in
future studies of such water quality parameters to reveal the true nature of
such variation and give in sight on the generating process of these time

series.

¥- Choosing small time interval for turbidity to put an accurate model which

describes the fluctuations on it.

r- Multisite-Multivariate model is recommended as a further study to account

for the correlation between the stations and water quality parameters.

¢- Study the sources of pollutant in between the stations which increase the

percentage fail in Matalas model due to cross-correlation effect.
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Table (¥-Y): Results of split sample test of original data in Al- Hindiya station (raw water-water supply)

I Water type Raw water I

Pollutant Alk Ca Cl EC Ha Mg TDS Tu Q
t-critical Y.Yy Y.Yy Y.Yy Y.Yy Y.Yy Y.Yy Y.Yy Y.Yy Y.Yy
¢ -M-calcul. V.EA )Y V.. 4 YLy A Y. L y.00 AN
1-t- calcul. WY Yy Voo Yoot Y Y.40 Y Y.04 1.Ve
A-tt- calcul. REK £V V. AA LR €4y Y. 00 €Y y.t0 ¥oEA
t-critical o A4 o A4 o A4 o A4 o A4 o.M o A4 o.M o A4
t-critical Ve Ve Ve Ve V.ye Ve V.ae Ve V.ae
t-critical Ve Ve Ve Ve Ve Ve Ve \EY Ve
¢ _M-calcul. Y.YA Y Yo XL YAy KE V.. 8 YA VAo
1-%f- calcul. vy £ vy KK 104 YAV voey KA V.61 y. oV
A-¢f- calcul. Y.AY ¥oYA V.4 V.00 V.V AR VoY KK \.Ve
f-test Homog Homog Homog £-A Homog A-¢ Homog Homog Homog

Water type

Water supply

Pollutant

EC

Ha

t- critical

Y.Yy

Y.yYy

¢-At-calcul.

V¥

\.£9

1-1t- calcul.

Y.ay

YV

A-¢t- calcul.

£ 0

£VY

¢-Mf critical

o.A4

o.A4

1-%f- critical

Ve

Ve

A-¢f- critical

YR

YR

¢-Af-calcul.

KXY

V.Y

1-7f- calcul

VYA

Y.a1

A-¢f- calcul

V.on

YA

f-test

Homog

Homog







Table (¥-¢): Results of split sample test of original data in Al- Hssien station (raw water-water supply)

I Water type Raw water I

Pollutant Ha
t- critical . Y.Yy
¢-M-calcul. . V.YV
1-1t- calcul. . Y.
A-¢t- calcul. . . YAy

¢-AMf- critical . o A4
1-%f- critical . V.\e
A-¢f- critical Ve
¢-M-calcul. Y.v¢
1-%f- calcul. V€V
A-¢f- calcul. \.Ve
f-test Homaog.

Water type Water supply
Pollutant EC Ha
t- critical Y.vy Y.Yy

¢-AM-calcul. EA \AK

1-1t- calcul. Y. Y.vv

A-¢t- calcul. Y4 y.ay

¢-AM- critical o A4 o A4
1-f- critical Ve Ve
A-¢f- critical TRE AR
¢-M-calcul. V.61 Y.ev
1-f- calcul AR )YV
A-¢f- calcul AR VYA
f-test : Homaog. Homaog.







Table (¥-¢): Results of split sample test of original data in Al- Hashimiya station (raw water-water supply)

I Water type Raw water I
Pollutant Alk Ca Cl EC Ha Mg TDS Tu Q
t- critical RE; YYy Y.Yy YYy Y.Yv Y.Yy YYv Y.Yy YYv
¢ _At-calcul. Y A Y Vo Y.V 1.9 KL LY Y ey
| 1-t- calcul. Y. oV Y YA Y. ¢o R V.0 ¥.an voey e.or
A-tt- calcul. Y. or € " LAY A ¥.aa VA Y.to Yot V.4
‘ ¢-Mf- critical o A4 o A8 o A4 o A8 o A4 o.AQ o Ad o.AQ o A4 |
| "-f- critical V.\e V.\e Ve V.\e Ve Ve Ve V.\e vae I
A-¢f- critical FRY FRE VET FRE Ve Ve Ve Ve T Ve
¢ _Af-calcul. V.AA £V XN V.o VeV XY £y YA € €
1-1f- calcul. V.. 0 Y VS V.6 K Yo Y Y4 o Yo Y.y
A-¢f- calcul. V.V Yov VY RE VoA R Y. RY YA
f-test Homo Homo £-A Homo Homo A-£ Homo Homo Homo

Water type Water supply
Pollutant EC Ha
t- critical Y.vy Y.vy

¢-AM-calcul. V.EA V.0t

1-1t- calcul. Y.qY Y.ry

A-¢t- calcul. £€.)) £,00

¢-AM- critical °.A4 oA
1-1f- critical Ve Ve
A-¢f- critical Ve \EFX
¢-AM-calcul. Y.e1 V.Y¢
1-f- calcul \.va \.VY
A-¢f- calcul V.0A y.rem

f-test Homog £-A







Chapter Three Modeling of Water Quality and Discharges Data for The Selected Regions

Table (*-1): Coefficients required for removing non-homogeneity for Al-Hindiya
station (raw water-water supply)

Water Quality | Reg. Coef. of Mean | Reg. Coef. of Sd
Parameter A B A B

Mean-Y/M

Ca \Ve ve MY 1V.40 v IYRY:
EC \YAE Ve -Yo VY Yv¥o oA . Y TTLAY
Ha VYN -¥e A" Vo vy . £y 1Y
Mg Trve -VtY YAV . £h. 0V
VYN UK A AY ¥A . VYY Yo
Tu RN “Ve o.AN . Yé ¢4
Ve Ve Y.AY IRy . X

I Water Quality | Reg. Coef. of Mean | Reg. Coef. of Sd Mean-*/M | Sd-t/M I

Parameter A B A
Ca YAY VA -ANA YY.AS . Mg Yo
EC YEYO AN i VYot £ . Yooy \REWR
Ha SRR L) -Ye Vo LRV . YAANY aary

IRARKS -¥4 .44 q..r4 . A4 ¢ Y Vs

Tu £y Y.AY 1.4 . oy LY

Table (*-v): Coefficients required for removing non-homogeneity for Al-Hilla station
(raw water-water supply)

Water Quality | Reg. Coef. of Mean | Reg. Coef. of Sd Mean-/M
Parameter A B A B
Alk Vv te Yy YL -1 1LY
Ca 114.%¢ -%.¢4 £4.7) -v.00 Mg o
EC YFAT £ -Yo v, YYa £y SRR EEAAR
Ha V.40t RN YV AR NEAR v, yo
AT ¢ -Y¢ AS YAAYY -\Y 00 Vev oY
Q Yé oA Y.Y Yoy R 1Y VY

Water Quality | Reg. Coef. of Mean | Reg. Coef. of Sd

Parameter A B A B
Alk AR 1A% Y ey -1.0)
Ca \Ve to -Vt 0t 4A —¥ AN
EC YEVE VY -y, YYA, 0 NERA
Ha TAY A -Yo oV Yot ¢A -A80
Mg oV, VY -1 RT

41¢ 00 -Y. 04 Yot Ve

Tu ANY -y YA

¢V
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Chapter Three Modeling of Water Quality and Discharges Data for The Selected Regions

Table (v-A): Coefficients required for removing non-homogeneity for Al-Hssien
station (raw water-water supply)

Water Quality | Reg. Coef. of Mean | Reg. Coef. of Sd
Parameter A B A B

Mean-Y/M

Alk YV ey 1.1 Y1 AS VLAY EXRT
Ca 114,04 -o.VvY YV.Ae -\.00 44,41
EC AR SAV.AA VET YA — oA VAP AY
Ha VALY SYVLYA YAV oy RAR ££9 AA
TDS ArANY “ALY REAY ST INAAR
Tu Yo UA VY 1YL - 69 rYe
Q IRARA Y Y (R As AA AR

Water Quality | Reg. Coef. of Mean | Reg. Coef. of Sd

Parameter A B A B
Alk IREAA V.08 ryvy RA% IEARL)

Ca \VAY SV YAVY Ay 401,
Cl YVA.Qe -Vt VA AS o1 oA VA
EC VELAVA RN VeV Y Ay RRAAL
Ha AZRA VAL AR v eV ¢ ¢
Mg R -1.0) EAS! K3 £0 4.
TDS vt oA RFR AR Ras AYY .44
Tu V.t Y vEy V.£A

Mean-Y/M

Table (*-4): Coefficients required for removing non-homogeneity for Al-Hashimiya
station (raw water-water supply)

Water Quality | Reg. Coef. of Mean | Reg. Coef.

Parameter A B A
Alk Verev Yoo €0, ¥ ) IR

Ca VYA -1.0v LY 4y .4¢
ClI YAY.M - gy vYvY N
EC Ve.0 £0 -Y¢ oA AR IRERR A
Ha 1ay,ee RENA Ve, ve I ARRA]
Mg e, Y - ov YA £V VY
TDS A4, 0% R Ao \y . AYV. 0.
Tu Y4 AY L q.¥A Y
Q TR KAy R R4 'Yy Ve

Mean-Y/M

Water Quality | Reg. Coef. of Mean | Reg. Coef.

Parameter A B A
Ca IEERA Y..9 TRY AY €9

EC Yéego Nt -rY. on 1Y4.4¢ Yoy, 0.
Ha Ve va -Yy 4y Ve ay ¥4y Ao
Mg ov. 1 - yy VY. AE . £¢.9.
Viood Ve -Y4,¢9 IRRRT AT

Mean-¥/M

Tu V.NA ¥4 y.vy . Yoo

EA



Chapter Three Modeling of Water Quality and Discharges Data for The Selected Regions

€9



Table (*-1+): Results of split sample test after removing jump for Al- Hindiya station (raw water-water supply)

Water type Pollutant n Ny t-calc./M | t-critical M-test F-calc. F- critical F- Test
Raw water Ca A ¢ AR .Yy HOMOG. vy Ve HOMOG.
EC A ¢ o HOMOG. Voo Ve HOMOG.
Ha A ¢ Ve HOMOG. Yoy Ve HOMOG.
Mg 1 1 ik HOMOG. Voro V.ye HOMOG.
TDS A ¢ - HOMOG. Yoo Ve HOMOG.
Tu 1 1 - HOMOG. Yoo Ve HOMOG.
Q 1 1 HOMOG. o V.ye HOMOG.

Water type

Pollutant

t-calc./M

t- critical

F- critical

Water supply

Ca

KX

K2z

VET

EC

Ha

Tu




Table (*-11): Results of split sample test after removing jump for Al- Hilla station (raw water-water supply)

Water type

Pollutant

t-calc./M

t- critical

F- critical

Raw water

Alk

0

Y.Yy

Ve

Ca

EC

Ha

Water type

Q

Pollutant

Water supply

ALK

CA

EC

HA

MG

TU




Table (r-1v): Results of split sample test after removing jump for Al- Hssien station (raw water-water supply)

Water type

Pollutant

t-calc./M

t- critical

F- critical

Raw water

Alk

Yy

TRE

Ca

EC

Ha

Tu

Water type

Q

Pollutant

t- critical

F- critical

Water supply

Alk

[KE:

VET

Ca

Cl

EC

Ha

Mg

Tu




Table (*-V*): Results of split sample test after removing jump for Al- Hashimiya station (raw water-water supply)

Water type

Pollutant

t-calc./M

t- critical

F- critical

Raw water

Alk

Y

K2

1T

Ca

EC

Ha

Mg

Tu

Water type

Q

Pollutant

t-calc./M

t- critical

critical

Water supply

Ca

KX

K2

VET

EC

Ha

Mg

Tu




Table (¥-) ¢): Trend check for Al-Hindiya station

I Water type Raw Water I

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

Q

Ny

vee00

A

AT

et

vy

Ve

ConAA

ey

ey

r

SN

LY CAA

Svary

n'nﬁiA

CAVEY

- AYY.

coedrn

BN 27X

VYA

r-t

YL

YAed

YL

YAed

JYAes

YL

YAed

JYAed

YAed

Result

Raw Water

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

Water supply

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

Ve

...\‘.c

DRREE

VYo

caNay

caevy

e oA

g0

—n.nf\ﬁq

AN

Syt

EERE

R

Srane

SNAY]

YA

r-t

RYX

RYX

LA

'« YAeS

LA

JYAeS

L¥AeS

nga%

Result

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend




Table (¥-Y¢): Trend check for Al-Hilla station

| Water type Raw Water I

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

Q

Ny

n_n\h\

DRR'E

n'nni/\

o AN

e -Ai

.0 Y14

h'nn\A

IEEEE1

~.~\fé

r

—n_\~~Y’

CAYY.

_..."L‘H"

...Aq%

vy

-

EOREAS

YA

Ny

r-t

nYAGR

nYAGR

anﬁﬂ

“VA94

n*A°q

JYAes

oA

JYAed

anﬁﬁ

Result

Water type

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

Water supply

No Trend

No Trend

No Trend

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

Ny

RN

et

“avo

Y

vy

COYAY

DY
.

CAFYA

r

R Y

v e QA

- ATY

LY

o AEA

-v.\%40

_n.nn\/\

- VAN

r-t

v JYAeS

nVAG*

“VAQQ

DR

YAed

YAl

anQﬁ

YAeS

Result

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend



Water type

Table (¥-Y1): Trend check for Al-Hssien station

Raw Water

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

Q

VA OAY

Coe AR

e

et

vV ed

Ny

ety

Carey

ety

- YtYe

n_n*"}\

- 0 YVY

LAY e

DAREA

—n-nﬂ\.‘

h'nﬂéﬁ

—v VoY

EORE )

n*AG*

n*AG*

“YAOR

JYAed

nVA°q

JYAes

nVA°q

YAes

nrAﬁﬂ

Water type

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

Water supply

No Trend

No Trend

No Trend

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

SRR

v

1Y

Ve

NI

NNy

Cavry

Y

S YEVY

~_~°ﬂ/\

—v VoA

ATy

AR

RRAR

- .\eve

- Ve

r-t

v JYAeS

nVAG*

“VAQQ

JYAeS

YAed

YAl

anQﬁ

YAeS

Result

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend




Table (¥-VV): Trend check for Al-Hashimiya station

| Water type Raw Water I

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

Q

Ny

v

e

n'nni"

...‘1\

L YA

nlnn\'/\

Caray

~-~/\~V

RN

r

ey

CAVYY

Y

YR

CATVe

LA

- NAVA

YA

- ¥YYe

r-t

« YAeS

«YAeS

YAeS

DRARA

JYAeS

« YAed

JYAeS

' YAeS

IYX

Result

Water type

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

Water supply

No Trend

No Trend

Pollutant

Alk

Ca

Cl

EC

Ha

Mg

TDS

Tu

n'\~°q

oo W

n'nni"

DEREA

~_n"~r

o AY

e YVA

._.'L.V

AR

._.AY"&

YRR

AT

CAVEDN

n-nﬂ\~

S ANTA

R TEY

r-t

JYAeS

nVAG*

“VAQQ

JYAeS

YAed

YAl

anQﬁ

YAeS

Result

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend

No Trend
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Chapter Three

Modeling of Hydrochemical and Discharges Data for The Selected Region

Normal P-P Plot of RW_AL

Obsened Cum Prob

Normal P-P Plot of RW_CL

Obsened Cum Prob

Normal P-P Plot of RW_HA

1.00

75

.50

.254

0.00
0.00 .25 .50 .75 1.00

Obsened Cum Prob

Normal P-P Plot of RW_CA

Obsened Cum Prob

Normal P-P Plot of RW_EC

1.00

751

.50 1

.251

0.00
0.00 .25 .50 75 1.00

Obsened Cum Prob

Normal P-P Plot of RW_MG

Obsened Cum Prob

Fig. (¥-%): Probability plots of homogeneous data for Al-Hindiya station (raw water)

(YAAV-Y44A)
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Modeling of Hydrochemical and Discharges Data for The Selected Region

Normal P-P Plot of RW_AL

1.00

.75

.50

25

0.00
0.00 .25 .50 .75 1.00

Obsened Cum Prob

Normal P-P Plot of RW_CL

Obsened Cum Prob

Normal P-P Plot of RW_HA

1.00

1.00

751

.50

254

0.00

Normal P-P Plot of RW_CA

0.00 .25 .50 75 1.00

.75

.50

.25

0.00

0.

Obsened Cum Prob

Normal P-P Plot of RW_EC

00 .25 .50 .75 1.00

Obsenved Cum Prob

Normal P-P Plot of RW_MG

1.00
am

751 754 m’ﬁ

504 50

251 251 f

&
0.00 0.00
0.00 25 50 75 1.00 0.00 25 50 75 1.00

Obsened Cum Prob

Obsened Cum Prob

Fig. (¥-Y+): Probability plots of normalized data for Al-Hindiya station (raw water
(YAAV-144A)
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Modeling of Hydrochemical and Discharges Data for The Selected Region

Normal P-P Plot of WS_AL

1.00

751

.50 1

g,

.251

0.00

0.00 .25 .50 .75

Obsened Cum Prob

Normal P-P Plot of WS_CL

1.00

1.00
751
.50 1
.25
0.00
0.00 .25 .50 75 1.00
Obsened Cum Prob
Normal P-P Plot of WS_HA
1.00
751
.50 1
.25
0.00
0.00 25 .50 75 1.00

Obsened Cum Prob

Normal P-P Plot of WS_CA

0.00 .25 .50 .75 1.00

Obsened Cum Prob

Normal P-P Plot of WS_EC

1.00

751

74

.251

0.00
0.00 .25 .50 .75 1.00

Obsened Cum Prob

Normal P-P Plot of WS_MG

1.00

751

.50

.259

0.00
0.00 .25 .50 .75 1.00

Obsened Cum Prob

Fig. (¥-YY): Probability plots of homogeneous data for Al-Hindiya station (water supply)

(YAAV-YA4A)

TA



Chapter Three

Modeling of Hydrochemical and Discharges Data for The Selected Region

Normal P-P Plot of WS_AL

Normal P-P Plot of WS_CA

1.00 1.00
75 75
50 50
5
251 25
0.00 0.00
0.00 25 50 75 1.00 0.00 25 50 75 1.00
Obsened Cum Prob Obsened Cum Prob
Normal P-P Plot of WS_CL Normal P-P Plot of WS_EC
1.00 1.00
75 75
50 50
251 25
0.00 0.00
0.00 25 50 5 1.00 0.00 25 50 R 100
Obsened Cum Prob Obsened Cum Prob
Normal P-P Plot of WS_HA Normal P-P Plot of WS_MG
1.00 1.00
75 751
50 50
[ o
25 251
0.00 0.00
0.00 25 50 75 1.00
0.00 25 50 75 1.00

Obsened Cum Prob

Observed Cum Prob

Fig. (¥-'Y): Probability plots of normalized data for Al-Hindiya station (water supply)
(YAAY-144A)
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RW_AL RW_CA
1.0 1.0
51 54
ll
0.0 0.0 1
_}5! _.5-
Confider Confidence Limits
& &
< 1.0 Wl coetiicie < 1.0 lcoericient
1 9 17 25 33 41 49 57 65 1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69 5 13 21 29 37 45 53 61 69
Lag Number Lag Number
RW CL RW_EC
1.0 10
51 51
004 004
-54 - -51 —
) Confidence | _Confidence Limits
o &
2 1.0 -Ooefﬁciem < -1.0 -Coeﬁiciem
19 17 25 33 41 49 57 65 19 11 25 3 4 49 57 65
5 13 21 20 37 45 53 61 69 5 13 21 29 37 45 53 61 69
Lag Number Lag Number
RW_HA RW_MG
10 1.0
5
IR
.5 -5 _
Confidence L Confidence Limits
& &
2 1.0 Wlcocficient < -1.0 Wlcocticient

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number

Fig. (¥-\V¥): Correlogram plots of normalized data for Al-Hindiya station (raw
water) (Y 3AV-144A)
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WS_AL WS_CA
1.0 1.0
51 5
0.0 1 0.0
-5 -5
Confidence Lim Confidence Limits
5 6
< 10 Wlcoeficient < 10 Wlcocricient
1 9 17 25 33 41 49 57 65 1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69 5 13 21 29 37 45 53 61 69
Lag Number Lag Number
WS_CL WS_EC
1.0 1.0
5 5
0.0 0.0
-5 ) - -5
Confidence Limi Confidence Limits
LLIB LL
< -1.0 -Coefﬁciem S() 1.0 -Coefficiem
1 9 17 25 33 41 49 57 65 1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69 5 13 21 29 37 45 53 61 69
Lag Number Lag Number
WS_HA WS_MG
1.0 1.0
5 5
0.0 0.0
-5 . . -5
Confidence Limi Confidence Limits
o) L
P 1.0 -Coefficien! 2 1.0 -Coefficient
1 9 17 25 33 41 49 57 65 1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69 5 13 21 29 37 45 53 61 69
Lag Number Lag Number

Fig. (-1 ¢): Correlogram of normalized data for Al-Hindiya station (water supply)
(YAAV-144A)
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Chapter Three Modeling of Hydrochemical and Discharges Data for The Selected Region
RW_AL RW_AL
1.0 1.0
51 .5
0.0 0.0 1y I'
|
54 - 5 -
_Ccnfidence Limits _Confidence Limits
é 1.0 Mlcoefiicient 1.0 Mcoeficient

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number

RW_CA

10

-5
Confidence Limits
s
< -1.0 -Coefficient
1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69
Lag Number
1.0
51
0.0 %
.5
Confidence Limi
&
< -1.0 -Coefficient

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number
RW_CA
1.0
51
00 '|"'-|1l|‘|'||1'|l'r'|r""-|"-|||-‘1r||||"~|-
T
54
Confidence Limits
10 Mlcoeficient

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number
RW_CL
1.0
5
)
0.0
L |
-5
Confidence Limits
-1.0 -Coefficiem

1 9 17 25 33 41 49 57 65
5 13 21 29 37 45 53 61 69

Lag Number

Fig. (¥-YV): Correlogram for the independent stochastic component of the series at
Al-Hindiya station (raw water)
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WS_AL WS_AL
1.0 1.0
5 5
AR
AN
00 00 UL |‘||1r'r"|"r'1"|"|'||r*'||"'r
5 — -5 I
Confidence Limits Confidence Limits
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Fig. (¥-YY): Correlogram for the independent stochastic component of the series at
Al-Hindiya station (water supply)
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Table (¥-YY): Effect of power transformation on the first four moments of each series in Al-Hindiya station (raw water-water supply)

Pollutant

Before transformation

After transformation

Sd

Mean

Sd

Alk

Yvvy

\F. Ve

YY)

Ca

va.¢4

EXYYEY

Y ¥ OVA

Cl

VY AS

NEF Y. Yo

TA e €8

EC

AAV .

YYaV.eva Y
\

AFAYY Yo

Ha

AR ¥

YATAVRY

VY EY4.

¢4

TNLeATRY

o.¢Vay

ARIR-N

YALY ANY

VEY Y oY

Y47

q.0vVe

\.~~0‘

Pollutant

Y.a0

Before transformation

Y14, Vo

¢ M40,

After transformation

Mean

Sd

Cs

Mean

Sd

Alk

VYAV S

TR

-h.Yn

YR_E AT

CAYEY

Ca

LAy

Y. s

IR

VF.a4yY

VSEE

Cl

vo4q ¢4

VYY)

_...\o

Y£4.1VVo

YOAYY .

EC

VO YAAY

YYUe

Y

YV.a

CETYY

Ha

I ARW-E

ERY:

INEEY

AN

¥ YEAN

Mg

o0y Ve

Voo A

_~.Qié

YiYVo

y.ovay

TDS

XRE

TYVA

XY

Yaq.~~°

4.14%A

Tu

G.W .

A

XYY

o Yrayuy

L .YAVA



Table (¥-Y¢): Effect of power transformation on the first four moments of each series in Al-Hilla station (raw water-water supply)

I Before transformation After transformation I
Pollutant Sd

Mean Sd Mean
Alk \YY Ao XY . . VAAPYYY YY)
Ca 40 ¢¢ AT . . YV VIAYY Y. AoV

Cl You. 14 Ao oY . . Voq 41y AT YYRY
EC Y Q9. vy . . FY\VYo. Q. YAVYT €
Ha LNy £V AV« . _ Y.4%.40 YREIEY

Mg RS KR . . [ Y. Yo
\Y.400740YY
VoA Y FaY. ) . o .

Tu YA¥e R . . ¥AY VYT
Q \ar.en Y.iv . . Yoty 4t [EXWIZE

YQ e v v e v

Polluant Before transformation After transformation
Sd Mean Sd

YA . . YN e YAy
Ca UEPLE ; ; LR RY YAV
Cl Av e LARPR R Yy avay
EC Yy ey . . yaqie vy Yoo. 0.V
Ha 140, . . A RK] \Ye YoA
Mg Y.EN Y.ry YA

TDS Vot . . €Yo A
Tu VLAY . . v . Yied

Alk




Table (¥-Y¢): Effect of power transformation on the first four moments of each series in Al-Hssien station (raw water-water supply)

I Before transformation After transformation I
Pollutant

Mean

Sd

Mean
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Table (¥-Y1): Effect of power transformation on the first four moments of each series in Al-Hashimiya station (raw water-water supply)
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Table (¢-9): Comparison between monthly means and standard deviations of observed data (¥ years) and data generated (¥ years) by
multisite model for Al-Hindiya station (raw water)
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Table (£-%): Continued
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Table (¢-Y+): Comparison between monthly means and standard deviations of observed data and data generated by multisite model for
Al-Hindiya station (water supply)
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Table (¢-YY): Comparison between monthly means and standard deviations of observed data (¥ years) and data generated (¥ years) by
multisite model for Al-Hilla station (raw water)
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Table (¢-1Y): Comparison between monthly means and standard deviations of observed data and data generated by multisite model for
Al-Hilla station (water supply)
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Table (¢-1Y): Continued

Water supply
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Table (¢-YY): Comparison between monthly means and standard deviations of observed data (¥ years) and data generated (¥ years) by
multisite model for Al-Hssien station (raw water)
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Table (¢- ¢): Comparison between monthly means and standard deviations of observed data and data generated by multisite model for
Al-Hssien station (water supply)
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Table (¢-Y¢): Comparison between monthly means and standard deviations of observed data (¥ years) and data generated (¥ years) by
multisite model for Al-Hashimiya station (raw water)
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Table (¢-Y1): Comparison between monthly means and standard deviations of observed data (¥ years) and data generated (¥ years) by
multisite model for Al-Hashimiya station (water supply)
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Table (¢-Y1): Continued
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