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ABSTRACT

Water Quality Assessment using Optimal Multi-Objective Waste-Load Allocation Approach:
The case of Little Akaki River

Mulugeta Yilma Tsegaye
Addis Ababa University, December 2018

In Addis Ababa, indiscriminant waste disposal from domestic, industrial and commercial
sources affect the water quality of the Little Akaki River. Moreover, this situation is limiting the
usability of the River. Consequently, in many studies, the River is regarded as one of the most
polluted Rivers in Ethiopia. On the other hand, there are inadequate comprehensive studies on
the river principally due to insufficient research fund. In addition, existing studies on the River
mainly focus on concentration measurement of certain constituents and their comparison against
local and international standards. This approach has limited the public and policy makers from
knowing the exact pollution status of the River. Furthermore, a number of studies conducted on
the pollution problem and ongoing efforts to enforce existing environmental regulations have not
effectively restored the river water quality. As a result, its pollution problem has increasingly

worsened.

Therefore, in this study, the application of statistical multivariate analysis for regular and
economical water quality assessment, water quality index analysis for summarizing the water
quality situation and optimal waste-load allocation modeling as a tool for decision-making are

sought.

For statistical multivariate analysis, twenty-seven locations from the River and
tributaries were sampled and analyzed in October/November 2015. Afterwards, multivariate
statistical tools were used to investigate data from measurements and laboratory analysis.
Accordingly, the cluster analysis divided the sampled sites into three according to level of their
pollution. This result indicates that water quality variation was caused because of the difference
in land-use conditions. In addition, for the spatial analysis of the three pollution groups,
backward stepwise approach of discriminant analysis was identified to provide data reduction

(87.5%) to two parameters resulting in 85.2% correct assignment. The principal component



analysis/factor analysis identified ten parameters accounting for 81.9% of total variation.
However, data reduction was not significant. The factors that were latent and identified from the
principal components’ varimax rotation suggest that variation in water quality was caused mainly
by domestic sewage. The outcomes show that the methods can be applied to evaluate the river
water quality variation using three monitoring sites and ten parameters: total nitrogen, total
suspended solids, total ammonia, chemical oxygen demand, nitrite, total phosphorus, phosphate,
nitrate, biological oxygen demand and electrical conductivity. This, in consequence, requires
lesser cost and effort and hence paves way for more affordable, regular water quality evaluation

of Little Akaki River.

For index analysis, twelve water quality parameters from twenty-seven sampling sites in
the Dry season (January/February, 2017) and Wet season (October/November, 2015) were used
for index determination. Results show that, all sampling sites except one site in the upstream
were under poor water quality category. Afterwards, the neural network model was trained and
validated, for twelve inputs and one output, using several combinations of hidden layers (2-20),
number of neurons in the hidden layers (5, 10, 15, 20, 25), transfer, training and learning
functions. The most optimal model architecture was obtained with eight hidden layers, fifteen
hidden neurons that resulted in R? value of 0.93. This shows a good agreement between the
calculated and predicted index values suggesting that artificial neural network can be

successfully applied for modeling Little Akaki River’s water quality index.

One of the ongoing efforts by the Addis Ababa Water and Sewerage Authority to control
and minimize impact from pollution source is channeling a portion of domestic discharges to
central treatment plants. However, the nature of these discharges is variable in time and space.
Accordingly, impact on the river varies. Under limited treatment plant capacity, the river’s health
can be maximized either by putting in place strict environmental control or by preferentially
channeling the streams having significant impact on the river. Identification of these streams can
be done through routine field sampling and laboratory analysis and decision making afterwards.
However, this requires high financial, time and human resource. In this regard, water quality
simulation can help to understand the interaction between pollution sources and the river. For
this, monitoring data can be used to predict pollution contribution of the various sources on the

river and agencies can apply this approach for environmental decision-making. In this study,



QUAL2Kw was used to predict the river water quality. The model was calibrated and validated
using data collected during dry (January/February, 2017) and wet seasons (October/November,
2015), respectively. The results from the calibrated model indicate that the model was able to
reasonably predict the pollution of the river with R? values of 0.91, 0.90, 0.81 and 0.89,
respectively for dissolved oxygen, biological oxygen demand, total nitrogen and total
phosphorus. Moreover, sensitivity analysis showed that dissolved oxygen, biological oxygen
demand, total nitrogen and total nitrogen predictions are highly sensitive to point source flow
and Manning’s n. Therefore, this model may be applied as an option for water quality

management of the Little Akaki River.

For optimal waste-load allocation, a simulation-optimization model was developed
through integration of a water quality model - QUAL2Kw and genetic algorithm - PIKAIA.
Afterwards, cost-performance and cost-performance-equity models were applied on water
quality data set. The model resulted in pareto-optimal curves for conflicting objectives such as
treatment cost and equity versus water quality performance. These curves offer convenient
means for informed decision-making during environmental planning and implementation.
Especially, the strategy is helpful in finding compromised solutions for pollution problems with
conflicting objectives. In general, the study results indicate that significant waste load reduction

is required for an improved water quality condition of the Little Akaki River.
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1. INTRODUCTION

1.1. Background

Water is essential to the existence of life on earth. Moreover, water contributes
enormously to social and economic aspects of a nation (Gerbens-Leenes et al. 2009; Pereira et
al. 2009). Shortage of freshwater due to manmade problems such as pollution has posed big
challenge around the world, particularly in developing countries (Kivaisi 2001). Generally,
pollution of rivers and streams comes from industrial waste, agricultural runoff and untreated
municipal sewage (Pereira ef al. 2009). This situation worsens through rapid urbanization, lack
of sufficient wastewater treatment facilities and capacity shortfall in enforcing pollution control

laws (Kivaisi 2001).

The daily wastewater generation in AA has been estimated at 398,985m> (MoWIE 2017).
In addition, the city struggles with critical wastewater handling and management problems. From
the total wastewater produced only 7.5% is entertained and treated at the city’s two treatment
plants: Kalitiy and Kotebe wastewater treatment plants (MoWIE 2015). The remaining
commercial and residential liquid waste is largely drained to sewer lines, which ultimately

reaches BAR and LAR (UN-Habitat 2007; Van Rooijen & Taddesse 2009).

The catchment area of the Awash basin that includes the city of Addis Ababa (AA) is
divided into two sub-catchments by approximately a north-south running surface water divide.
These are the Big Akaki River (BAR) sub-catchment and the Littlie Akaki River (LAR) sub-
catchment (Bekele, 1999). These Rivers are used for drinking, industrial, irrigation, and other

purposes. Unfortunately, they are also used as an open waste recipient of the waste generated by



industries and other sources from AA and the surrounding areas (Bekele, 1999). Studies indicate

that LAR is more polluted than BAR (Mohamed, 2002).

LAR is located in the Western part of AA and it is a combination of two main streams,
namely Gefersa and Gulele. The former flows down from the Northwestern outskirt of the city
while the latter begins as streams from Intoto Mountain in Gulele Sub-city. As the river advances
to the central and Southern part of the city, it is exposed to wastewater, to a varying degree, from

domestic, commercial, agricultural and industrial sectors (Mengistu & Alemayehu 2013).

In this context, water quality assessment of LAR is important part in the effort to

minimize its pollution level and negative impacts.

1.2. Problem Statement
Water is essential to life on earth. It has a very high social and economic value and its
availability and use play important role in the development of our societies (Hinkelmann 2006).
Developing countries face problems associated with degraded water quality (WQ) (Saremi et al.

2010). The solutions to such problems require the application of scientific principles (Simonovic

2009b).

Annually AA generates about 49 million m® of grey water, of which 87% is domestic,
while the remaining 13% is of industrial origin (Beles 2014). The drainage and sewer system
infrastructure was dysfunctional, although it had coverage capacity of only 3% of the city in
2010 (UN-Habitat 2010). This is partly due to illegal encroachment of sewer trunks by squatter
settlements (Beles 2014). This absence of functional sewer system was described as the cause for
record level pollution due to wastewater ending up in the Akaki River almost entirely (UN-

Habitat 2007; Van Rooijen et al. 2010).



LAR is used for irrigation and domestic purposes, despite its bad odour, black colour and
toxicity. It serves as an open waste recipient of industrial and domestic wastes. In this regard,
the major sources of industrial pollution include tanneries, breweries, wineries, distilleries and a
slaughter facility (Mebratu and Redda 2005; Bekele 1999). As a result, LAR faces WQ
deterioration and management challenges (Melaku et al. 2007; Van Rooijen et al. 2010).
However, there are inadequate comprehensive studies that are based on regular and continuous
data collection approach particularly due to budgetary constraints. Because of this, regulatory
and technical solutions that are often taken to address the pollution problem face limitations.
Multivariate statistical methods are useful methods for WQ data reduction and can be applied for

continuous assessments.

Some of the reports on LAR studied predominantly heavy metals and other parameters
concentration impact on health and the River’s usability for irrigation purpose (Van Rooijen et
al. 2010; Mekonnen et al. 2012; Weldegebriel et al. 2012). The likes of: Melaku et al. (2007)
and Worku et al. (2017) investigated the general health of the River. These and other similar
studies mainly used concentration measurements of certain constituents and compared them
against local and international standards. The multitude of objectives and differences in selected
constituents in the various reports require scientific knowledge to understand the River water
quality status. This may hinder policy makers and the public from knowing the extent of the

River’s pollution.

To control and minimize impact of pollution from domestic, industrial and commercial
sources, one of the ongoing efforts by the Addis Ababa Water and Sewerage Authority
(AAWSA) is to channel domestic discharges to central treatment plants. The nature of these

discharges is variable in time and space. Accordingly, impact on the river varies. Under limited



treatment plant capacity, the river’s health can be maximized either by putting in place strict
environmental control or by preferentially channeling the streams having significant impact on
the river. Identification of these streams can be done through routine field sampling and
laboratory analysis and decision making afterwards. However, this requires high financial, time
and human resource. In this regard, water quality simulation can help to understand the
interaction between pollution sources and the river. For this, it can use monitoring data to predict
pollution contribution of the various sources on the river. Thus, agencies can apply this approach

for environmental decision-making.

A number of studies conducted on the pollution problem and ongoing efforts to enforce
existing environmental regulations have not effectively restored LAR WQ condition to
acceptable levels. Consequently, its pollution problem has increasingly worsened. Impaired
rivers like LAR require alternative environmental decision-making mechanisms that can truly
work under their circumstance. In this context, assimilative capacity estimation of a river or its
reaches is a very important step towards restoring WQ of a waterbody. It reveals the most useful
information on loading capacity of the river and pollution sources level of impact. With this
consideration, to restore the impaired portion of the LAR, assimilative capacity of different
reaches of the river needs to be identified. And these sections of the river should not be loaded
beyond their assimilative capacity. This can be approached by using multi-objective (MO)
simulation-optimization (SO) waste-load allocation (WLA) modeling. In this regard, optimal
WLA based on a river’s assimilative capacity enables estimation of discharge loads for an

improved river water quality management.



1.3. Study Objectives

1.3.1. General objective

The main aim of this research is to undertake water quality assessment using optimal

multi-objective waste-load allocation modeling in order to come-up with an environmental

decision-making tool for addressing pollution problem of the Little Akaki River.

1.3.2. Specific objectives

The specific objectives of the research shall be to:

Identify parameters of significance in spatial WQ variation of LAR, latent factors of
pollution, spatial pollution condition using multivariate statistical approaches.

Summarize the spatial pollution condition of LAR using water quality index approach.

Do WQ simulation using QUAL2Kw (Q2Kw)-WQ model using calibration and
validation data.

Do a MO optimization of equity, waste load reduction and treatment cost using coupled

genetic algorithm (GA) and Q2Kw-WQ model for better River WQ condition..

1.4. Research Application

The research can find application in the following areas:

For economical and regular WQ assessment
For devising responsive strategies by policy-makers for pollution problems.
For environmental-decision making by environmental agencies and industries.

For research purposes in environmental studies.



1.5. Outline of the Research Approach
The research follows classical approach and is outlined as follows:
Chapters 1 provides general information on the study area, the research need, research

objective, research application, assumptions, limitations and scope.

Chapter 2 details literature review on the following topics: urban river characteristics,
water pollution classification, pollutant constituents, water quality index (WQI), WQ regulatory
tools, WQ modeling equations and software primarily Q2Kw, optimal MO WLA and its
application.

Chapter 3 deals with research methodology and model formulation. The chapter provides
approaches used in this study including data sources and collection, multivariate statistical
analysis, water quality index analysis, applications of Q2Kw, and SO based WLA modeling.

Chapter 4 presents study results and discussion. The study outputs described in this
section include: statistical analysis; water index of the river; calibration, validation and
sensitivity analysis using Q2Kw; optimal WLA based on cost-equity and cost-performance-equity
model formulations and its importance.

Chapter 5 summarizes conclusions drawn from this study and gives recommendations for

future works.

1.6. Assumptions, Limitations and Scope of the Study
1.6.1. Research Assumptions
This research proposal is based on the following hypotheses:
e During January-February the river was under Low-flow conditions.

e During the low-flow condition, the pollution of LAR was at its highest level.



e During the data collection period, the conditions were under a fairly steady-state
condition.
1.6.2. Research Hypothesis
The results of the model will provide insight into the pollution problem and provide
understanding on how to restore and maintain the health of LAR, help develop additional
management tools to restore and maintain impaired local rivers using statistical tools, water

quality indexing, WQ modeling and waste load allocation modeling approaches.

1.6.3. Research Limitations
The research limitations are:
e There was no organized historical water and hydrological data on the River to support the
modeling activity.
e Access to the River was mostly limited by settlements especially in Sub-Cities with high
population density.
e The data collected was fairly enough to meet the research objectives. However,

additional data could have improved the modeling results.

1.6.4. Research Scope
The scope of this study is limited to LAR. The study covers the pollution condition of the
River and impact of pollution sources on the River. The study aims to find approaches which can
be used during WQ assessment and environmental decision-making. In this regard, the study
uses statistical multivariate analysis, water quality index analysis, Q2Kw based WQ simulation

and optimal WLA modeling using coupled MO Q2Kw-GA.



2. LITERATURE REVIEW

2.1. General

Fresh water is a fundamental resource and it sustains life but it is scarce. That is only 2.53
per cent of the earth’s water potential is freshwater, while the remainder is saltwater. Some two-
thirds of this freshwater is locked up in glaciers and permanent snow cover. In addition, its
systems are imperiled, and this threatens both human well-being and the health of ecological
systems (Simonovic 2009a). The main causes are population growth, agricultural activities,
industrialization, urbanization and climatic factors (USEPA 1996; Benedini & George 2013). In
this context, WQ contamination results in water shortage and increases the costs of treating water

for use (Carpenter ef al. 1998).

Rivers are the primary sources supplying water for municipal, agricultural and industrial
uses. Consequently, there is public concern on WQ pollution of Rivers. Pollutant release is the
primary reason for pollution of Rivers. Moreover, the management of pollution sources is often
challenging and requires techniques that are useful for addressing the problems. Improved WQ
prediction and protection techniques are important for successful management of pollution

problems in these waters (Tung & Hathhorn 1989; Mannina 2010; Mostafavi & Afshar 2011).

2.2.Urban Rivers
The water quality situation in urban areas is represented with parameters such as biological
oxygen demand (BOD), ammonia, suspended solids (SS) and chemical oxygen demand (COD)
(von Sperling & de Lemos Chernicharo 2002). Table 2-1 below shows typical concentration of
parameters in urban areas (Price & Vojinovi 2011). These values are usually violated particularly
in developing countries (Asit et al. 2006). Some examples of urban rivers around the world

8



include: Bagmati River in Nepal with values of BOD (185mg/L) (Kannel et al. 2007a) and

Bangladesh with values of BOD (82mg/L) (Ahammed et al. 2016).

Table 2-1 Concentration of pollutants in urban runoff

Parameters | Highway | Residential | Commercial Industrial
(mg/L) runoff areas areas areas
BODS 12-32 7-56 5-17 8-12
Ammonia 0.02-2.1 0.3-3.3 0.03-5.1 0.2-1.2
SS 28-1178 112-1104 230-1894 34-374
COD 128-171 37-120 74-160 40-70

The major challenges of waste generation in urban areas are direct discharge and/or
inadequate treatment of domestic and industrial wastewater. Particularly, management of streams
and rivers becomes more complex under amplified urbanization and industrialization conditions.
This problem is usually greater in developing countries than in developed countries. Some of the
issues in developing countries include: (1) Lack of sufficient resource and inadequate public
awareness. (2) urban drainage still dominated by 19th-century sanitary philosophy that
disregards impact on the downstream. (3) contamination of streams by sediment, foul sewage
and garbage. (4) lack of adequate experience in drainage management and (5) problems with

enforcing standards(Silveira 2002, von Sperling, 2002).

2.3. Water Quality Assessment: Statistical Approach
Data collection and analysis through development of monitoring network that effectively
accounts for spatial WQ differences in Rivers is essential for effective and lasting management
(Ouyang et al. 2006; Qadir et al. 2008). In this regard, different multivariate statistical methods

(MSM) such as cluster analysis (CA), discriminant analysis (DA), principal component analysis



(PCA) and factor analysis (FA) can be employed to improve knowledge on WQ status, reduce
WQ data, identify the highly significant factors and interpret WQ data easily (Chapman 1992b;

Vega et al. 1998; Singh et al. 2005; Bhuiyan et al. 2011; Bouguerne et al. 2017).

In this context, descriptive statistics and MSM application was observed in different
reports. Exploratory statistics were applied for weighing river WQ condition (Chapman 1992b;
Vega et al. 1998). CA was applied to sort sampling sites spatially based on WQ similarity (Vega
et al. 1998; Bouguerne et al. 2017). DA was employed to identify variables that are significant
enough for discriminating the different pollution groups (Gholizadeh et al. 2016; Sabri et al.
2016). PCA was applied to downsize WQ parameters dimensionality (Ayeni & Soneye 2013;
Khan et al. 2017); while FA was employed to understand unobservable factors that cause WQ

variation (Voutsa et al. 2001; Singh et al. 2005; Juahir et al. 2011).

In this study, the application of exploratory statistics and multivariate statistical

approaches are considered for WQ data dimensional reduction and WQ assessment purposes.

2.4. Water Quality Assessment: Water Quality Index Approach

2.4.1. Water Quality Index

The public concern on the pollution of rivers and streams (Tunstall ez al. 2000; Said et al.
2003) necessitates statements with minimum technical knowledge requirement (CCME 2001).
One such method that gives more understandable summary of the WQ data is WQI (Brown ef al.
1972).

WQI was introduced in 1965 in the United States (Horton 1965). It uses complex data
and yields a single number that describes WQ status of a water body. It also evaluates WQ trends

and allows preliminary classification of River water for the purpose of various designated uses
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such as recreation, agriculture and others (Cude 2001; Kannel et al. 2008). However, there are
various approaches of WQI. Examples are Canadian Council of Ministers of the Environment
(CCME) WQI, National Sanitation Foundation WQI (NSF), Oregon WQI etc (Abbasi & Abbasi
2012). So far, there is no worldwide-accepted method among the many approaches.

Consequently, there is still difference in global application of the WQIs (Table 2-2) (Sutadian et

al. 2016).
Table 2-2 Countries of application of some WQI approaches
WQI Approach Countries of Application Reference
Canada, India, Albania, Chile, Egypt,
CCME .
Iran, Spain, Turkey and Poland
NSF USA, Brazil, India and Iran
Oregon WQI USA (Sutadian et al.
Bascaron index Spain, Argentina, Brazil, Korea and India | 2016)
Malaysian index Malaysia
Status and
France
Sustainability index

In this study, CCME is used for WQI determination of LAR due to its capacity to

simplify the reporting of complex and technical WQ data (CCME 2001)

2.4.2. Artificial Neural Network Application in Water Quality Index Prediction

In many cases, WQI requires lengthy calculations and transformations. In addition, some
of the transformations employ different formulae for the different values, or ranges of values,
almost for every WQ input parameter. Alternatively, artificial neural network (ANN) can be used
for modeling WQI of rivers (Gazzaz et al. 2012). The key characteristic of a neural network

being its ability to learn (Sharma et al. 2015b), ANN can simplify and speed up WQI
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determination. In fact, successful applications of ANN for WQI determination are reported in
different papers (Khuan et al. 2002; Juahir et al. 2004; Mohammadpour et al. 2016; Sakizadeh

2016).

ANN is a computational process which attempts to represent and compute a mapping
from multivariate data set as inputs neuron layers to one or several hidden layers and an output
layer comprising one or several neurons (Lek et al. 1996; Mohammadpour et al. 2016). Hidden
nodes in the hidden layer allow neural networks to detect and capture the pattern in the data.
Logistic transfer functions are majorly used for hidden nodes, however for output nodes linear
activation function are used in forecasting problems which involves continuous target values
(Zhang et al. 1998). The method can handle non-linearity in WQ data without requiring
assumptions about the underlying statistical properties of a data set (Lek ef al. 1996). This study
tries to develop ANN model for LAR and demonstrate its appropriateness for the prediction of

CCME-WQI values.

2.5. Water Quality Modeling and Simulation
2.5.1. General
Modeling is any mathematical formulation describing a system and that can be used for
prediction and management purposes (Aral 2010). Computational WQ model can also be defined
as a replica of how we perceive the problem in view of knowledge, data, and scopes for the

activity (Somlyody & Varis 1992).

For water resource management purpose, monitoring and controlling are useful in
pollution identification of rivers (Benedini & George 2013). The practice of modeling of water
quality as a means of River water quality more common in developed countries than developing

countries. Some examples are the application of Total Maximum Daily Load approaches
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practices in Korea (OECD 2018), U.S.A after the Clean Water Act of 1972 (Lung 1993) and
Europe after the Water Framework Directive (Lawson 2005). Here South Africa is taken as an
example for the developing countries. South Africa, based on National Environmental
Management Act (NEMA), recognizes beneficial use and ecological function of water bodies.

However, practical application of the regulation is not yet fully realized (Hranova 2006b).

In this regard, WQ decision-making based on monitoring approach alone has its
limitations, though it is essential part of WQ management. The approach is not cost-effective and
falls short of showing pollution scenarios on a basin scale for planning and decision-making
purposes. In addition, damage will be done at the time of taking corrective action for a pollution
problem identified during monitoring. In this case, investigators will know the standard
violations in the receiving water body during monitoring; however, the approach is not good
enough to prevent this from happening beforehand (Gu & Dong 1998; Deksissa et al. 2004,

Camargo et al. 2010; Gikas 2014).

On the other hand, WQ modeling is cost-effective and has the ability to establish cause—
effect relations between pollution sources and receiving aquatic environments based on scientific
knowledge. Moreover, it can enhance policy makers’ understanding of the assimilative capacity
of water bodies. Thus, the approach can be used during the development stage of control
measures and during assessment of their effectiveness (Gu & Dong 1998; Reichert et al. 2001;
Bottino et al. 2010; Oliveira et al. 2012; Holguin-Gonzalez 2013). In this regard, impact pattern
due to various pollution scenarios can be established for developing and implementing
appropriate pollution control measures. Monitoring and modeling approaches, when used in
combination, give useful information to the regulator for an effective environmental decision-

making during planning and implementation (Reichert ez al. 2001; Susilowati et al. 2004; Kannel
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et al. 2011). Therefore, mathematical models have enormous potential to address WQ problems

and give rational solutions (Benedini & George 2013).

2.5.2. Water Quality Model Equations
Mathematical models apply balance equations for momentum, mass and energy to
describe chemical, physical and biological processes (Hinkelmann 2006). These processes are

governed by basic transport equation that is applicable for all mechanistic WQ models (Reichert

et al. 2001; Cox 2003).

In the mid-1800s Navier and Stokes developed the application of Newton’s laws to
hydrodynamics (Schiitze et al. 2011). Flow of water in a river is a turbulent flow which can be
described by the continuity (mass balance) and Navier-Stokes (momentum) equations given in
Equation 2-1. The right-hand side (RHS) of the momentum equation is the forces that act on it:

internal body forces, pressure, and stress (Foias et al. 2001):

Z_‘: +@@-Vu=f- %Vp + vAu (momentum)

2-1)
% +V(pu) =0 (Continuity)

where p is pressure, u is velocity, t is time, V is Hamilton operator, f is the field mass

forces, p is density, v is coefficient of viscosity and A is Laplace operator.

It is St. Venant who came up with the first basic physics explanation of water motion in
open channels (Schiitze et al. 2011). In this regard, assumptions made on description of
turbulence determine the form of a hydrodynamic model. St. Venant equations are composed of
the momentum and continuity (mass balance) equations. These equations for a 1-D channel with

omitted eddy losses and wind shear become (Cox 2003; Holguin-Gonzalez 2013):
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A, @ .
a_x a_Q = q (conservation of mass)
t | ox (2-2)

w0 , ) A2 —gA(S,~S;) = 0
2 T e T oeAg —eASe—Sf) =

ot
Local Advective Pressure Gravity Friction
acceleration acceleration force |force force . )
Kinematic wave
|< Diffusion wave
I# Dynamic wave

where ¢ = time, 4 = wetted area, O = discharge, g = lateral inflow per unit length, x =
distance downstream, y = depth, g = acceleration due to gravity, So = bed slope, o = momentum

coefficient and St = the friction slope.

A 1-D model is often used in the modeling of shallow and narrow rivers. These rivers are
known to have less than 1m and 20m depth and width respectively (Ji 2008). In this regard, very
often, assumptions help to get a manageable equation. The lateral and transverse velocities are
very much small in comparison with the longitudinal velocity, and can be neglected without

causing too much error (Jayawardena 2014).

The ‘St. Venant’ equations require numerical methods for finding solutions. These
methods necessitate small time steps to avoid problem of numerical instability. Consequently,
computation of the full ‘St. Venant’ equations becomes complex and time consuming. With this
consideration, for WQ and quantity purposes, simplifications are usually made on Equation 2-2
and results in equations such as kinematic wave (ignores pressure gradient term that is essential
for the description of backwater effects) and diffusion wave (ignores the acceleration terms)

(Cox 2003; Holguin-Gonzalez 2013).

As indicated in ‘St. Venant’ equation, solute transport in rivers is often a subject of the

advection and dispersion processes. Advection is bulk movement of solute at the velocity of the
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liquid. Whereas dispersion is solute conveyance by mixing and molecular diffusion induced by

concentration gradients (Nirmalakhandan 2002; Ji 2008).

Diffusive transport at the molecular level under steady state conditions can be described
mathematically using Fick’s First Law of diffusion. Accordingly, the molar rate of transport in
the x-direction, Jx,i (MT!), is directly proportional to the concentration gradient, dC; /dx, and the

area of the face AyAz at location x is (Nirmalakhandan 2002):

d Ci) (2-3)

]x,i = —D;A, <E

where D; = molecular diffusion coefficient, negative sign indicates that the flux is

positive in the x-direction.

Dispersive transport results from a combination of multiple mechanisms, such as
molecular diffusion, turbulence, eddy currents, and velocity gradients. The quantification of
concentration profiles and chemical fluxes by dispersive transport follows the same model as that
for diffusive transport but uses a dispersion coefficient, £ (L*T™!) (Nirmalakhandan 2002). While
the magnitude of the molecular diffusion hangs mainly on the chemical and fluid properties,

turbulent diffusion and dispersion depend primarily on the flow regime (Metcalf & Eddy 2005).

The dispersion process in rivers is often less important in the transport of pollutants,
when compared to the advection, which predominates due to the relatively high water velocity
(Benedini & George 2013). Molecular diffusion, which takes place to a microscopic scale, is

small compared with turbulent diffusion and therefore can be ignored (Jayawardena 2014).

In shallow rivers, two processes control longitudinal dispersion: transverse

homogenization by turbulent diffusion and longitudinal stretching due to the horizontal depth
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averaged velocity shear (Fischer et al. 1979). In this regard, the diffusive transport rate under
time-dependent, unsteady state condition can be quantified using Fick’s Second Law

(Nirmalakhandan 2002; Benedini & George 2013):
<6C> _9%C 24
0t ) qisy - 02 (2-4)
where ¢ is dispersion coefficient.

Manning’s n Equation: Those models such as QUAL2E (Q2E) (older version of Q2Kw-
WQ model) with a steady-state approach drop the 0Q/0t term and then Manning equations may
be used to obtain the depth and velocity in the channel (Cox 2003). In this regard, for trapezoidal

channel, the Manning’s equation becomes (Pelletier & Chapra 2008a):

52 a (2-5)
n PpP2/3

where Q is flow [m?/s], n is Manning roughness coefficient, Sy is bottom slope [m/m], P

is wetted perimeter [m], and 4. is cross-sectional area [m?].

2.6. Water Quality Modeling and Simulation Software

2.6.1. Historical Development of Water Quality Models

In the past few decades, WQ models development has made remarkable progress also
encouraged by the advance in computer technology. River WQ modeling is considered to have
started by Streeter and Phelps (1925) groundbreaking work. They found relationship between
constant pollution loading of the Ohio River and the resulting sag in the Dissolved Oxygen (DO)
concentration in the downstream water. This first-order kinetic model described variation of DO

concentration due to organic carbon (i.e., characterized as BOD) decomposition because of
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bacterial action. Models developed afterwards worked on improvement of this two-state-variable
model in three major steps. In the first step, state variables such as carbonaceous biological
oxygen demand (CBOD) and nitrogenous biological oxygen demand (NBOD) were
distinguished. In addition, particulate matter settling rate, dissolved matter decay rate and
sediment oxygen demand were introduced. The second step included ammonia, NO3; and NO»
from N cycle. The third stage introduced algae and P cycling, which resulted in state variables
such as organic phosphorus (OP), ON, algae biomass (in terms of chlorophyll a) and dissolved
phosphorus (DP) (Reichert et al. 2001). Similarly, Gao and Li (2014) divide historical
development stages of WQ models into three. This is summarized in Table 2-3. A number of

papers give historical development of these models (Somlyody & Varis 1992).

Table 2-3 Historical developmental stages of watershed, river and stream models

Development
Year Description
stage
. In this initial period, models were focused on
Primary stage 1925 — 1965 modifying and further developing of the Streeter-

Pheleps models.
. Models were limited to 1-D steady-state models for
BOD-DO simulation

. In this rapid model development period, models took
further steps and included simulation of parameters
such as N, P, TO, phytoplankton, biologic growth rate,
sunlight, sediment among others.

. Models capacity was expanded to 2-D and 3-Ds.

Improvement stage
1965 — 1995

. New methods such as fuzzy logic, neural network, and

Broadening stage 1995 onwards | GA were included in WQ models.

. During this period, models have found application in
environmental agencies for pollution control purpose

2.6.2. Water Quality Software Description
WQ models are developed for specified objectives and under varied degrees of

complexity in response to complex environmental problems (Aral 2010). In line with this, data
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requirement, mathematical computations (deterministic, stochastic), software requirement,
dimensions of manalysis (1-D, 2-D and 3-D), assumptions, etc. of models may vary (Bahadur et
al. 2013). Table 2-4 shows characteristics of some of the widely known models: Hydrological
Simulation Program Fortran (HSPF), WQ Analysis Simulation Program (WASP), BASINS, Soil
and Water Assessment Tool (SWAT), and Q2Kw (Benedini & George 2013). In this regard, 2-D
and 3-D models require large amount of data. They are complex models and therefore usually

applied in large rivers (Cox 2003).
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Table 2-4 Characteristics of common watershed and WQ models

Model
(Source, Year Model Overview Model strengths Model limitations References
of release)
« 1-D steady-state WQ model « Considers Atm. Reaeration as (Streeter & Phelps
S-P (Streeter & o Considers degrading BOD as the only “sink” for DO. the only “source” for DO 1925)
Phelps, 1925) « Applies advection (ideal PFR) as the only cause for Disregards
downstream movement. dispersion/Diffusion.
HSPF (US « A nonproprietary, 1-D WQ and watershed hydrology | . Simulates land and receiving - Extensive calibration data and (SINGH &
. model. water simultaneously. high level of expertise FREVERT 2006;

Environmental . . . . . . . .
Protection - Simulates toxic organic and conventional pollutants « Simulates point and nonpoint requirement Ambrose Jr et al.

Agency, 1980.)

such as pesticide fate and transport.

sources

Limited to well-mixed rivers
and reservoirs

2009; Gao & Li
2014)

WASP (US
Environmental
Protection
Agency, 1983)

A nonproprietry 1-D, 2-D and 3-D steady an
unsteady state surface WQ model.

Dynamically simulates pollutants such as ammonia,
DO, BOD, bacteria and eutrophication.
Mechanistic process description with deterministic
data requirement.

Flexible in dimension terms
Applies user-defined timestep
Simulates point and nonpoint
source

Complex and experiences
unstablity.

It requires an external
hydrodynamic model to provide
flow file for solving advection

(Di Toro et al. 1983;
Ambrose Jr et al.
2009; Sharma &
Kansal 2013; Gao &
Li2014)

BASINS (US « 1-D watershed model and WQ model. « Consists of ArcView-GIS « Requires a large set of GIS (Ambrose Jr et al.
Environmental interface that links to data, 2009)
Protection environmental databases « Requires ArcView 3.x, and the
Agency, 1996) « Can model basin scale Spatial Analyst

« 1 - Driver basin, or watershed hydrology and WQ « Suitable for study of watersheds | « does not simulate sub-daily (Douglas-Mankin et
SWAT ( by Dr. . . )
Jeff Amold for mpdel . from srpall to very large sizes events such as a single storm al. 2010; Vanderkruk
the USDA « Simulates WQ varlzflb.les such as TSS, ON, NO3/NOa, | « It considers land use and soils eyent and . et al. 2010)
Agricultural NH3/NHas, OP, pesticides, metals etc. data « diurnal changes of DO in a

. « Simulates point and nonpont water body.

Research Service
(ARS), 1998) sources

« 1-D steady-flow WQ model « It can simulate water exchange - simulates only the main stem of | (Pelletier & Chapra

Q2Kw

Simulates conventional Pollutants such as N, P, DO,
BOD, pH, Periphyton bottom algae and Pathogens.
Mechanistic process description with deterministic
data requirement.

Applies numerical method for solving Advective-
diffusion equations of pollutant transport.

between surface water column
and hyporheic zone and
sediment pore-WQ.

a river but not branches of the
river system.

2005; Kannel et al.
2011; Sharma &
Kansal 2013; Gao &
Li2014)
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2.6.3. Water Quality Models Application
2.6.3.1. General Condition: Application of Water Quality Models

In many countries, river WQ assessment solely relies on physicochemical standards
(Holguin-Gonzalez 2013). Nevertheless, the need for integrated approach in river management
was observed in international legislations such as the Clean Water Act of 1972 (Law, 1972) the
WQ Act of 1987 (USEPA 2011) and the Water Framework Directive (WFD) (EU 2000). In this
regard, US federal laws have a two-tier system in which sets effluent limitations based on
available technology. In cases where this first approach becomes insufficient to meet WQ

standards for a particular river, a further reduction in waste-load (WL) is determined through a

WLA approach (Reichert et al. 2001).

Integrated WQ assessment intends to evaluate physical, chemical and biological nature of
water bodies in terms of their natural quality, intended use and human effects (Vaughan et al.
2009). Furthermore, the aforementioned legislations encourage the use of WQ models as
decision support tools in which the legal emission limit values, pollution sources characteristics
and recipient quality standards are considered (Holguin-Gonzalez 2013). The role of WQ models
in environmental decision-making is regarded essential because the models allow watershed
based management approach, predictive capacity and cost-effectiveness (Gao & Li 2014).
Consequently, they are applied in developed nations to remediation decision-making. This
approach uses accurate and rich historical database maintained by scientific establishments and

government agencies (Ongley & Booty 1999).

2.6.3.1. Water Quality Models Application in Ethiopia
WQ models application in developing countries for environmental decision-making is not

common. Their intended application is hindered due to unavailability of required model input
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data in quantity and quality, in addition to lack of experience in model based WQ decision-
making (Tyson et al. 1993; Gu & Dong 1998; Ongley & Booty 1999; Deksissa et al. 2004).

Furthermore,

in these countries, the monitoring approach is not implemented regularly mostly due to
budgetary constraint. This situation limits the decision-making and implementation ability of
regulators in environmental agencies. Therefore, there is the need for environmental agencies in
developing countries such as Ethiopia to begin modeling exercises as part of their management
programs based on economical WQ monitoring approaches. Furthermore, theses countries can
workout future conditions for the application of modeling tools in the environmental decision
making process. Some of hydrological and WQ based scholarly studies in Ethiopia are

summarized in Table 2-5.

Although a number of literature works on watershed modelling about rivers, lakes and
groundwater in Ethiopia were observed, they mostly deal with hydrology of the water bodies.
The number of modeling works on WQ is very low even when compared to the not many
hydrological modeling works on waterbodies in Ethiopia. Furthermore, specifically on the Little
Akaki River (LAR), which is often regarded as one of the most polluted rivers in Ethiopia, no
WQ modeling works were found during the literature survey that were conducted on LAR and
use the conventional modeling tools such as SWAT, Q2Kw and the likes. However, in this
regard, Tesfaye (2007) did a 1-D WQ (BOD and DO) model based on mass hydrodynamic and
transport equations that was developed and numerically solved using a computer program in

MATLAB platform.
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Table 2-5 A survey of model based WQ and hydrology studies in Ethiopia

Waterbody sl il el e Objective Model Used Reference
Gilgel Abay River Streamflow SWAT (Dile et al. 2013)
Awash river basin Water allocation MODSIM (Berhe et al. 2013)
Blue Nile river basin Sediment transport SWAT (Betrie et al. 2011)
Didessa Sub-Basin Water resources allocation | WEAP (Adgolign et al. 2016)
Maybar gauged watershed Sediment transport SWAT (Yesuf et al. 2015)
River Blue Nile river basin Sediment transport SWAT (Ayele et al. 2017)
Omo-Geba river basin Hydrological assessment SWAT (Chaemiso et al. 2016)
Holetta river Hydrological assessment SWAT (Tibebe et al. 2016)
Tekeze dam watershed Hydrological assessment SWAT (Welde & Gebremariam
2017)
Gilgel Abay basin Stream flow TOPMODEL | (Gumindoga et al. 2014)
Anjeni-gauged watershed Sediment transport SWAT (Setegn et al. 2010)
Lake Lake Tana Sustainable water use SWAT (Dargahi & Setegn 2011)
Lake Ziway watershed Hydrological assessment SWAT (Desta & Lemma 2017)
Central main Ethiopian rift | Groundwater-surface water | MODFLOW | (Ayenew 2001)
lakes basin flow interactions
Lake Tana basin Groundwater-surface water | MODFLOW | (Chebud &  Melesse
Groundwater flow interactions 2009)
Geba river basin Groundwater resources MODFLOW | (Gebreyohannes et al.
assessment 2017)
Tana sub-basin Lake Tana and SWAT (Abiy et al. 2016)

groundwater interaction
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2.6.1. Evaluation and Selection of Water Quality Model
2.6.1.1. General
The description of a model relies on its constituent terms such as variables, constants, and
parameters. In a crucial role, formulae connects variables to produce outputs for inputs. In this
regard, models that yield only one output value that corresponds to a given input value is called
deterministic model. While, model that is based on probabilistic relationship among the variables

is called stochastic modeling (Benedini & George 2013).

An actual state of a river can be characterized more realistically using complex models
such as 2-D or 3-D. However, these models are highly sophisticated and are commonly reserved
for deep and wide rivers. These Rivers have complex mixing patterns and extensive data
requirement (Cox, 2003). On the other hand, 1-D models are traditionally applied to river
modeling and they are usually adequate for simulating hydrodynamic and WQ processes. For
most small and shallow rivers, these 1-D models are commonly applied. In 1-D models, water
surface elevation, velocity, and discharge vary only in the longitudinal (along - the - river)
direction and are considered as constants in the lateral (across - the - river) direction. This

approach provides a simplified mathematical description of river flows (Ji 2008).

2.6.1.2. Model Selection
In the model selection step, an appropriate, freely available and widely used WQ model
for rivers and streams was sought. USEPA freely offers widely accepted and applied WQ
models. For instance, some of the most appropriate models for rivers and streams include Q2E,
QUAL2K (Q2K) and Q2Kw. These models have wide application in different parts of the world

(Zhang et al. 2012).
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e Q2K

Park and Lee (2002) developed Q2K after modification of Q2E (Brown & Barnwell
1987), which included the addition of new WQ interactions such as conversion of algal death to
BOD, denitrification, and DO change caused by fixed plants. In addition, all interface operations
are programmed in Microsoft Excel/ Visual Basic for Applications (VBA) environment.
Moreover, excel serves as the graphical user interface. Furthermore, the model simulates
attached bottom algae. pH, light extinction and pathogens (Chapra et al. 2007). However, Q2K is
similar to Q2E in the following aspects: it is 1-D and has branching, steady state hydraulics, diel

water-quality kinetics, diel heat budget and mass and heat inputs.

o Q2Kw

Pelletier et al. (2006) developed Q2Kw by modifying Q2K originally developed by
Chapra and Pelletier (2003). Q2Kw is a public and well documented modeling framework with
many new elements (Pelletier 2005). These new elements include conversion of algal death to
CBOD, DO interaction with fixed plants, and reduction of CBOD due to de-nitrification.
Additionally, it has auto calibration system and it is useful in data limited conditions (Pelletier et

al. 2006; Kannel et al. 2007b; Sharma et al. 2015a).

Furthermore, Q2Kw can simulate WQ and hydrological conditions of shallow streams as
well as systems with diffusive pollution loads. In this regard, its ability to simulate bottom algae
and the hyporheic zone (area below the streambed where water percolates through spaces
between the cobble and rocks) adds to its ability to simulate shallow streams (Pelletier et al.

2006). (Bottino et al. 2010).
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Consequently, the model was successfully applied to rivers in different parts of the world:
Cértima River in Portugal (Oliveira et al. 2012), river Yamuna in India (Sharma et al. 2015a),
Bagmati River in Nepal (Kannel ef al. 2007a), a small karstic watershed in Brazil (Camargo et
al. 2010), Gharbia drain in the Nile Delta, Egypt (Allam et al. 2016) and plain of Chryssoupolis

in Kavala, North Greece (Gikas 2014).

Q2Kw also had application in the determination of total maximum pollution load that a
river can receive to meet WQ criteria (Kannel et al. 2007a). Furthermore, application of
embedded Q2Kw in SO models for the purpose of optimal WLA modeling was observed (Cho &
Lee 2014; Allam et al. 2016).. Therefore, in this study, Q2Kw is selected for simulation and

WLA purpose of the LAR.

2.7.Q2Kw Description
2.7.1. General
Q2Kw represent rivers as a 1-D channel with steady and non-uniform flow. It simulates
the fate and transport of conventional (i.e., non-toxic) pollutants (Table 2-6) caused by the
impact both from non-point and point pollutant loadings (Pelletier et al. 2006; Pelletier & Chapra

2008a).
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Table 2-6: Model state variables

Variable Symbol Units*
T °C
Conductivity S1, 2 pmhos
Inorganic suspended solids (ISS) mj,1, Mi? mgD/L
DO 01, 02 mgO2/L
Slow-reacting CBOD Cs,1, Cs2 mg O/
Fast-reacting CBOD Cf1, Cf2 mg Oo/L
ON No,1, No2 ugN/L
NH; -N Na,1, Na2 ugN/L
NOs3-N Nin,1, Nn2 ugN/L
OP Po.15 Po2 ugP/L
Inorganic phosphorus pi1, pi2 pngP/L
Phytoplankton ap,1, ap2 ngA/L
Detritus Mo, 1, Mo mgD/L
Pathogen X1, X2 cfu/100 mL
Generic constituent geni, genz | user defined
Alkalinity Alk;, Alk> | mgCaCOs/L
Total inorganic carbon (TOC) CT1, CT2 mole/L
Bottom algae biomass a, an gD/m?
Bottom algae N IN» mgN/m?
Bottom algae P 1Py mgP/m?

* mg/L=g/m3, D = Dry weight, A = chlorophyll a
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2.7.2. Simulation Equations

e Mass Balance

Q2K solves governing 1-D advection-diffusion equation (ADE) in a steady-state condition
for a constituent concentration (c;) in the water column of a stream reach i. This gives a general
mass balance equation (Figure 2-1) that can be expressed as (Pelletier ef al. 2006; Pelletier &

Chapra 2008a):

d_tl = _]l/i Ci-1 _VZCL' —%Ci +lTi(Ci—1 —¢;) +7:(Ci+1 —¢;) +7;+Si (2-6)

where Qi = flow [m’/d, ab = abstraction], Vi = volume (m?), Ei = the coefficient of bulk
dispersion between reaches i and i+1 [m?/d], S; = sources and sinks of the constituent due to
reactions and mass transfer mechanisms [g/m®/d or mg/m?®/d] and W; = the external loading of the
constituent to reach i [g/d or mg/d].

atmospheric

transfer .

mass load l I 1 mass abstraction
T - T
1 1

inflow =——> . =t outflow
1 l 1

dispersion <¢—t—>» <—1—> dispersion
1 1
bottom algae sediments

3L
1

Figure 2-1 Mass balance for constituents in reach segment

In this regard, Q2Kw assumes the deposition of settled ISS, phytoplankton, and detritus
from the water column layer to the sediment diagenesis zone and do not enter the hyporheic pore

water. The sediment diagenesis sub-model accounts for anaerobic metabolism of settled material
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in the sediment. On the other hand, the hyporheic sub-model accounts for aerobic metabolism of

heterotrophic bacteria in the hyporheic zone (Pelletier & Chapra 2008a).

Complete list and description of equations for constituents and general mass balance are
available in Q2Kw theory and documentation report (Pelletier & Chapra 2008b). In this work,

equations for some of the parameters are given (Sharma et al. 2015a):

dCz" Ef’l i d b,i dINb dIPb
dxl =Sz t+ VLZZL( i Cz,i)i% = Obi T g T ObNi T
(2-7)
dah
Sbp,is dt‘l = San,i
DO
Sy = Tyq(PhytoPhoto — PhytoResp)
Asti .
+ 1,4 (BotAlgPhoto — BotAlgResp) T — 1,.FASTCOxid
i
— 7,cSlowCOxid — 7, NH,Nitr + Reaeration — COD, ;4
_ sopast
i
= Toa " (Kgp®npPrp@p = Foxp  krp - ap)
+ r,4[BotAlgPhoto
Ast,i
— Poxb (krbl “ap — krbZBOtAlgPhOto)] Tl — Toc (2-8)
' (Foxcf ' kdc ' Cf) —Toc* (Foxcf ! kdcs ' Cs) - 7"on(Fox‘ndk‘nna)
. Ast,i
+ Reaeration — k¢op[COD] — SOD —
l
Reaeration = k,[(e'°s(1 — 0.0001148 - elev) — 0)] (2-9)
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Sun = Foxna * kmn - 1o — (1 = Foxan)kantn — Taa (1 — Pap)
 (kgp®npPrp)ar (2-18)
+ [Jvo, — (1 — Pyp)BotAlgUpTakeN (NUpWCfrac) |
Notations: Ah = biofilm of attached heterotrophic bacteria in the hyporheic sediment zone; ap =
phytoplankton concentration (mgA/m?); ab = bottom algae concentration (gD/m?); A; = surface
area of the reach (m?); BotAlgPhoto = bottom algaec photosynthesis (gO2/m?*/day);
BotAlgUptakeN = uptake rate for N in bottom algae (mgN/m?*/day); BotAlgUptake P = uptake
rate for phosphorous in bottom algae (mgP/m?*/day); BotAlResp = bottom algae respiration
(202/m?/day); c2;= concentration in hyporheic sediment zone (mg/L); ¢; = concentration in the
surface water in reach i (mg/L); ¢; - 1 = concentration in the u/s reach i - 1 (mg/L); CODoxid =
oxidation of non-carbonaceous non-nitrogenous chemical oxygen demand (gO»/m?/day); Denitr
= rate of denitrification [mgN/L/day]; E'i.1, E'; = bulk dispersion coefficients between reaches i -
I andiand i+ I (m®/day), respectively; E's, ;= bulk dispersion coefficients between hyporheic
zone and reach i (m*/day); FastCOxid = fast CBOD oxidation (g02/m?%day); Foxer = attenuation
due to low oxygen [dimensionless]; Foxna = attenuation due to low oxygen on ammonia
nitrification (dimensionless); Foxp = attenuation due to low oxygen on phytoplankton respiration;
Hy,; = the thickness of the hyporheic zone (cm); INy = intracellular N concentration in bottom
algae (mgN/m?); IP, = intracellular P concentration in bottom algae (mgP/m?); Jcuaa = the
sediment flux of dissolved methane in oxygen equivalents (g02/m?*/day); Jxua = sediment flux of
NH;3(mgN/ m%/day); Jnos = sediment flux of NOs (mgN/m%/day); Jros = sediment flux of
inorganic P (mgP/m?/day); k. = reaeration rate (1/day); kac(T), kaes(T) = T°-dependent fast CBOD
oxidation rate [day]; kqp = phytoplankton death rate (/day); kgp = maximum photosynthesis rate

at T° (day); kne(7) = T%-dependent slow CBOD hydrolysis rate [day]; knn = ON hydrolysis rate
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(1/day); knxo = preference coefficient of bottom algae for ammonium (mgN/m?); Knnxp =
preference coefficient of phytoplankton for ammonium (mgN/m?); kna = nitrification rate for
NHs-N (1/day); kan = T°-dependent nitrification rate for NH3-N (1/day); kyp = phytoplankton
respiration rate (1/day); NHsnitr = ammonium nitrification (g02/m?*/day); NUpWCfrac =
fraction of N uptake from the water column by bottom plants; Os = saturation concentration of
DO(mgO,/L); Pab = preferences for ammonium as a N source for bottom algae; Pap =
preferences for ammonium as a N source for phytoplankton; Phytophoto = phytoplankton
photosynthesis (gO2/m?/day); PhytoResp = Phytoplankton respiration (g02/m?/day); PUpWCfrac
= fraction of P uptake from the water column by bottom plants; Qap,; = total flow abstractions
from the reach 7; Q; = outflow from reach i; Q..; = inflow from the u/s reach i - 1; gN = actual cell
quotas of N (mgN/gD); qP = actual cell quotas of phosphorous (mgP/gD); Reaeration =
(g202/m?/day); rma = ratio of N to chlorophyll a (mgN/mgA); rod = ratio of oxygen consumed to
detritus (mgO2/mgD) during bottom algae respiration; ron = ratio of oxygen consumed to N
during nitrification (mgO2/mgN); r.a = ratio of oxygen generated to phytoplankton growth
(mgO2/mgA); roc = ratio of oxygen consumed during CBOD oxidation (mgO2/mgQO>); rpa = ratio
of P to chlorophyll a (mgP/mgA); S»,i = sources and sinks of the constituent in the hyporheic
sediment zone due to reactions; San;, = sources and sinks of heterotrophic bacteria in the
hyporheic sediment zone due to reactions (gD/m?/days); Sp; = sources and sinks of bottom algae
biomass due to reactions (gD/m?/day); Sen; = sources and sinks of bottom algae N due to
reactions (mgN/m?*/day); Sep; =sources and sinks of bottom algae P due to reactions
(mgP/m?*/day); S; = sources and sinks of constituent i due to reactions and mass transfers
(mg/L/day); SlowCOxid = slow CBOD oxidation (gO2/m?*/day); Ta = absolute TO (°K), elev =

elevation of the area (m); Va,i = (¢s,iAs,H2,i/100) volume of pore water in the hyporheic
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sediment zone (m?); Vi = volumes of reach i (m®), t = time (day); vi = ISS’ settling velocity
(m/day); W; = external loading of the constituent to reach i (mg/day); ¢r, = phytoplankton light
attenuation factor (dimensionless); ¢np = phytoplankton nutrient attenuation factor

(dimensionless); and ¢s,; = porosity of the hyporheic sediment zone.

2.7.2.1. Hydraulic Characteristics
e Manning’s n Equation
Q2Kw allows three ways for velocity and depth relationships: rating curves, weirs, and

Manning equations. For steady flow, the Manning equation is represented as (Pelletier & Chapra

2008a):

oS A"

n P’ (2.19)

where O = flow [m?/s], n = the Manning roughness coefficient, Sy = bottom slope [m/m], P = the
wetted perimeter [m].and A. = the cross-sectional area [m?].
e Longitudinal Dispersion

Q2Kw computes longitudinal dispersion using channel’s hydraulics (Fischer et al.

1979).

U}B}
E,;=0011—— (2.20)

where E),; = the longitudinal dispersion between reaches i and i + 1 [mz/s], U, = velocity [m/s],

B; =width [m], H; = mean depth [m], and U;™ = shear velocity [m/s].
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2.8. Multi-objective Optimization
2.8.1. General
In Multi-objective (MO) optimization, a set of tradeoff solutions are required to arrive at
a specific and compromised decisions. Thus MO optimization final solution relies on the practice
of optimization and decision making (Tan et al. 2005). Schiitze et al. (2011) provides

classification of local and global optimization methods shown in Figure 2-2.

[ Optimization methods ]

[ Local Methods ] [ Global Methods ]
\ I
Methods for Derivative / Direct search \ Deterministic Randomized
special cases based methods methods methods methods
e.g. linear, e.g. Newton and e.g.
quadratic Quasi-Newton Powell’s method,
and convex methods, simplical search
optimization Response (Nelder/Mead) |
\ /| surface method }
& / ( Uniform ‘/Adaptive random\
random search methods
sampling e.g. Simulated
| methods annealing,
Gridding Branch- Dynamic . Metropolis
. (Various .
methods and-bound programming algorithm,
degrees of
methods domi Controlled random
ran .omlz search, SCE
ation) algorithm, genetic
algorithm

J

Figure 2-2: Classification of search and optimization methods

Local optimization methods do not ensure the attainment of a global minimum. On the

other hand, Global optimization techniques do not get stuck in a local minimum. However, these
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methods, usually require a higher number of function evaluations necessary to obtain a solution

(Schiitze et al. 2011).

There are several methods for solving MO optimization problems reported in the
literature, such as GAs, variable neighborhood search, greedy randomized adaptive search
procedure (GRASP), simulated annealing, tabu search, ant colony, and others(Andrade et al.
2013). GA has been selected as a solution method to solve the problem due to some of its
effectiveness and inherent advantages over other MO solution methods (Simonovic 2009b).
Consequently, it is the most widely used algorithm of the randomized global methods (Schiitze et

al. 2011).

2.8.2. Genetic Algorithm (GA)

GA is a search algorithm developed using the theory of breeding and natural selection
(Wardlaw & Sharif 1999). It evaluates performances of candidate solutions at multiple points
simultaneously. This is very suitable for solving MO optimization problems (Tan et al. 2005). In
this context, GA readily facilitates the application of a simulation model to evaluate WQ
response (Burn & Yulianti 2001).Consequently, its application for optimal WLA problems was
observed in previous papers (Burn & Yulianti 2001; Mujumdar & Subbarao 2004; Murty et al.

2006; Allam et al. 2016).

The first task in applying GA is representing a potential solution of the optimization
problem with a suitable coding structure, treated as a chromosome (Mujumdar & Subbarao
2004). Afterwards, each point in the "population" of trials is assigned a fitness value. The present
population is subjected to a selection pressure relying on their respective computed fitness.
Subsequently, the parameter values are modified with genetic operators of crossover and

mutation in order to uncover new areas of parameter-space (Metcalfe & Charbonneau 2003).
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The crossover operation exchanges important building blocks between two strings that
perform well. Applying this procedure, the GA aims to produce new strings that preserve the
best material from two parent strings. Mutation allows for the random mutations of bits of
information in individual genes. As a result, it introduces new genetic material to a population. In
addition, elitism ensures retention of the best individual of a population between generations.

This maintains a high and improving maximum fitness (Wardlaw & Sharif 1999).

Some examples of MO evolutionary algorithms are Vector Evaluated GA (VEGA)
(Schaffer 1985), the non-dominated sorting GA (NSGA) (Srinivas & Deb 1994) and PIKAIA

GA (PIKAIA-GA) (Charbonneau & Knapp 1995).

PIKAIA-GA is an optimization subroutine adaptable for use in a wide variety of
modeling applications. It was written in Fortran 77 code (Charbonneau & Knapp 1995).
Afterwards, it was translated to Excel VBA for use in Q2Kw WQ model (Pelletier et al. 2006).
Internally, PIKAIA GA seeks to maximize a (user-defined) function f{x) in a bounded n-

dimensional (n-D) space as indicated in Equation 2-21 (Charbonneau & Knapp 1995).

X = (Xq,X2 .. Xp) Xg € [0.0, 1.0] (2-21)

PIKAIA-GA carries out its maximization task on a population made up of fixed np
individuals over a fixed, preset number of generations (Charbonneau & Knapp 1995). It has
found application for optimization purpose in different works (Metcalfe & Charbonneau 2003;

Ghenaiet & Tayeb 2009).

In this paper, PIKAIA-GA with embedded Q2Kw is proposed for the MO optimal WLA

problem.

36



2.9. Simulation-Optimization Models
Simulation models are mathematical models that represent the reality in descriptive way.
In Optimization (or programming) models, it is important to identify an objective function to be
optimized with the involved variables and in view of a predetermined criterion of operation.
Generally, water related problems cannot be thoroughly examined by means of a single model,
and several models are often necessary. Both simulation and optimization, that are

interconnected are required in order to achieve a reliable result.(Benedini & George 2013)

In this regard, SO techniques are useful in WQ prediction and protection (Tong & Chen
2002; Santhi et al. 2006). These models provide the advantages of the two modules within the
bounds of a single framework. As such, SO models provide modeled effect of pollution
discharge for the purpose of optimal WL reduction. Thus, these models are convenient for WQ

decision making (Mujumdar & Subbarao 2004).

2.10. Waste Load Allocation

2.10.1. General Description

The WLA problem is MO because it deals with problems with two or more objective
functions (Cohon 1978b). The potential of a river to clean itself assignable to its assimilative
capacity determines the amount of pollution it should receive. WLA modeling aims to distribute
WL among polluters based on assimilative capacity of the receiving water body. In this regard,
the approach tries to optimize WL reduction in an equitable manner. As a result, it differs from
the traditional WQ management approach that seeks to maximize WL reduction from
dischargers. This model is MO and includes WQ at monitoring sites, equity measure, WL
removal fraction and performance measures. Equity measure makes possible the fair allocation
of WL among polluters. Performance measure represents constraints such as number of
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checkpoints with DO violations, magnitude of maximum DO violation, and total magnitude of
DO violations at the checkpoints. The solution of an optimal MO-WLA model yields a trade-off
curve, or surface, identifying a collection of points that define efficient solutions to the problem

(Burn 1987; Tung 1992a; Burn & Yulianti 2001; Yandamuri et al. 2006).

This tradeoff curve can be used by a WQ agency to identify an appropriate solution for
implementation under conflicting objectives inherent to the problem (Cho & Lee 2014).
Furthermore, objective functions in WLA models shape decision makers perception and action
on the pollution problem. Hence, for optimal solutions, models involving more objectives
extending to social, economic, legal and environmental aspects should be explored (Cohon
1978a; Tung & Hathhorn 1989; de Andrade et al. 2013). Simultaneous application of several
objectives is also recommended in the search for better WLA model outputs (Tung 1992a). For
example, cost-equity formulations do not allow performance measures (i.e., DO standard) as a
constraint in the formulation. This hinders decision maker desire to arrive at a cost-equity trade-

off solution for a desired performance level (Yandamuri et al. 2006).

2.10.2. WLA Problem Formulations

The formulation of a WLA model depends on the objective function and the prevailing
condition which also determines the constraints. It considers more than one objective, for
example, maximizing economic efficiency and measures of WQ. Another objective commonly
discussed in WLA is equity, for example, allocation of wastewater discharge fees in proportion
to treatment costs (Andrade et al. 2013). According to (Tung 1992b), failure to include an equity
measure in the WLA model could result in the allocation of large quantities of waste to the
upstream users, whereas the downstream dischargers could be required to treat their effluent at

levels of maximum possible efficiency (Andrade et al. 2013).
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The minimization of treatment cost and maximization of equity among the polluters are
conflicting objectives. Maximizing equity results in increased treatment cost, which may be
undesirable from economic point of view whereas minimizing treatment cost leads o reduced
equity among the polluters, which may not also be desirable for Pollution Control Agency
(PCA). Hence, it would be appropriate to solve the WLA problem as a MO model so that tradeoff
curve can be obtained between treatment cost and equity (Park 2010). From this tradeoff curve, a
suitable solution point that satisfies both polluters and PCA could be selected. (Simonovic

2009b). The following are some of the works on WLA model formulations.

Two of the three GA based optimization models formulated in Burn and Yulianti (2001)
are: cost versus quality model (i.e., minimize total treatment cost and minimize the sum of the
violations of WQ standards) and cost versus equity model (i.e., cost minimization and equity in
the prescribed treatment). Yandamuri ef al. (2006) proposed total treatment cost, equity among
waste dischargers, and DO violation performance measure (i.e., expressed as a weighted sum of
the individual performance measures of the number of DO limit violations and the magnitude of
the maximum and total DO limit violation) for an optimal MO WLA problem. de Andrade et al.
(2013) formulated models using WL removal efficiencies, equity measure, limits for the
concentration of DO and BOD. Cho et al. (2003) and Du et al. (2013) proposed WLA model
using Total Nitrogen (TN), BOD, and TP as WQ indicators. Recently, Allam et al. (2016)
constructed WLA model for a MO optimization problem, with the aim of minimizing WL
abatement costs, while maximizing overall performance to comply with water reuse standards in

irrigation systems.

The aforementioned works successfully applied WLA models for WQ management. In

those papers, DO, BOD, TN and TP are the most common performance measure parameters.
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Moreover, these parameters were used simultaneously and in different combinations. However,
to the best of the authors’ knowledge, no previous work was observed that treats DO, BOD, TN
and TP as performance measures simultaneously, in an integrated Q2Kw and GA based optimal

WLA model framework

2.10.3. WLA Models Applicability
The application of the WQ objective approach in the regulatory practice would rely heavily on
the site conditions, and the specific geographic, climatic, economic and social factors. For
example, for smaller rivers and streams that are ephemeral and are caused mainly by point
effluent discharges, the natural assimilative capacity of the body cannot be considered. Rather,
an effluent orientated approach would be feasible. In cases of larger surface water bodies, a WQ
orientated approach for protection and pollution prevention, together with assessments of their

assimilative capacity would be feasible .(Hranova 2006a).
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3. MATERIALS AND METHODS

3.1.Study Area
Ethiopia is located in the horn of Africa and shares borders with Eritrea to the North,
Sudan and South Sudan to the West, Kenya to the South and Somalia and Djibouti to the East. It
covers a total area of 1.13 million square kilometers (Km?) with a topography of massive
highlands, rugged terrain and low plains. The elevation ranges between two extremes that is from
125 m below mean sea level (bmsl) at Danakil depression to 4,620 meters (m) above mean sea

level (amsl) at Ras-Dashen peak (Berhanu et al. 2014; Hailemariam 2017).

Administratively, Ethiopia is a Federal Democratic Republic composed of nine National
Regional States and two Chartered Cities: Addis Ababa (AA) and Dire-Dawa (Hailemariam
2017). AA (Figure 3-1) is the capital city of Ethiopia, the seat of Head Offices of the African
Union and United Nations Economic Commission for Africa. Besides, in the City, there are more
than 100 embassies and many international Aid and Development organizations.
Administratively, the City, with an area of 540 km?, is subdivided into 10 sub-cities (namely:
Gulele (G), Yeka (Y), Addis-Ketema (AK), Arada (A), Kolfe-Keranio (KK), Lideta (L), Kirkos
(K), Bole (B), Nefas silk-Lafto (NL), and Akaki-Kality (AKK)) and 116 districts (Wereda)

(FDREMT 2011).

AA is geographically located between 465000m and 485000m East and 980000m and
1005000m North. The city is on the southern flank of Intoto ridge (3,139 m amsl) having an
average elevation of 2,600m amsl. The topography slopes down from the Intoto mountain in the
North to the Southern border of the city, with a number of steep-sided valleys, rivers and

streams. The center of AA lies on a rolling terrain with some flat land areas (Gizachew 2008).
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Figure 3-1 Map of Addis Ababa

3.2. Little Akaki River
The Akaki Rivers in AA are part of the greater Awash River Basin. The BAR drains the Eastern
and Central part of the catchment area while the LAR drains the Western part of the catchment.
These two rivers, with 1,462 km2 catchment area, form one of the biggest tributaries of the
Awash River basin (Figure 3-2). This basin, with a total coverage area of 110,000 km?, begins
near Ginchi Town at Dandi Wereda, 80km West of Addis Ababa. And, ends at Abbe Lake at the

border with Ethiopia and Djibouti (Fasil ef al. 2013).
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Figure 3-2 Awash river basin

In the downward flow of the Rivers to the South direction, there is an elevation drop of
about one kilometer (km) in a space of thirty km. The two rivers enter Abba Samuel Lake at the

outskirt of AA before flowing down to Koka Dam (Oljira 2006).

Collection of domestic wastewater in Addis Ababa is very low that only 25-30% of
households have wastewater collection system that uses either vacuum trucks or piped sewer line
(WBG 2015). The LAR in Addis Ababa, due to deteriorating water quality condition, has not
found services that are worth mentioning except urban irrigation (Figure 3-3). Even this service
has raised public concern because of health hazards from vegetables irrigated with polluted water

(Aschale 2015).
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Figure 3-3 Partial view of irrigated land along LAR near Mekanisa

3.2.1. Land Use

Table 3-1 shows the general land use condition in Addis Ababa. The most upstream part
of LAR, in Gulele sub-city, is covered with dense vegetation. Moreover, Western and Southern
parts of Nefas-Silk Lafto sub-city; and Northern and Southern parts of Kolfe-Keranio sub-city
have sizable vegetation coverage. Urban irrigation activities were observed along the LAR in

Addis-Ketema, Lideta, Kolfe-Keranio, kirkos and Nefas-Silk Lafto sub-cities.

Table 3-1 Addis Ababa City Land Use Condition, 2011

Land cover classes Area (%)
Forest 11
Urban built up 40
Agriculture and Vegetation 27
Bare land 22

Total 100

Source: (Arsiso et al. 2018)

All sub-cities in LAR catchment have a number of industries, however by proportion Nefas-Silk

Lafto has the most of all. Table 3-2 lists some examples of industries in the different sub-cities.
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On the other hand, although all sub-cities in LAR catchment have mixed residential and

commercial use, Addis Ketema sub-city is probably the most utilized in this regard.

Table 3-2 Partial list of industries in the sub-cities of LAR catchment

Sub-Cities
Gullele Addis Kolfe Keranio Lideta Kirkos Nefas-silk
Ketema Lafto
Ethio-Marble | ABYA Tikur Abay shoe | St. George Addis Ababa | Addis Ababa
Mechnical factory Brewery Abbattoirs Cement
Engenering factory
PLC/ Metal
Gullele Soap | Dire ind. Plc Repi Soap National Moha Soft Addis Modjo
& Detergent (leather) Detergent Tobacco Drinks Edible Oil
Ediget Dil Edible Oil | Samjo Cosmotics | Awash Winery | Chora Gas & | Batu Leather
garment Factory Chemicals
Gion industry East Africa Tana Family Mil
chemical Bottling enginering
g Natran plastic Lejo Misrak Flour | Horizon
£ Auluminium Factory Addis Tyre
= PLC
= Addis Abeba Anbessa flour | Shewa National
bottle & Glass Factory Bakery Alchol &
factory Liquor
K.0.J.J. food National Yekatit paper | Star Soap &
processing Alchol & converting Detergent
complex Liquor Factory | enterprise
Addis Abeba Anbessa Shoes | Moha Soft Akyd Resin
Tannery Factory Drinks co2
Factory
Artistic Nifas Silk Kadisco Paint
Printing Paints

3.2.2. Population

The world population was 7.6 billion in 2017 and it is projected to reach 9.8 billion in
2050. Half of this population growth is expected to be concentrated in just nine countries: India,
Nigeria, the Democratic Republic of the Congo, Pakistan, Ethiopia, the United Republic of
Tanzania, the United States of America, Uganda and Indonesia (ordered by their expected

contribution to total growth) (UN-DESA 2017).
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Ethiopia is the second most populous country in Africa (Hailemariam 2017). Ethiopia’s
and AA’s population in 2016 was 92.2 million and 3.35 million respectively (CSA 2013).

Moreover, in 2016, the average population density in AA city was 6,208 per km? (Table 3-3).

Table 3-3 Population and settlement density in the AA Sub-Cities

Projected Population Population
Sr. No Sub-City (2016)
Number % Density/km?
1 Gulele 327,426 9.8 10,004
2 Kolfe Keranio 524,729 15.7 8,060
3 Addis Ketema 312,414 9.3 34,790
4 Arada 258,808 7.7 22,388
5 Lideta 246,805 7.4 19,904
6 Yeka 424217 12.7 5,155
7 Kirkos 270,721 8.1 16,650
8 Nefas-Silk Lafto 387,017 11.5 6,086
9 Bole 378,104 11.3 3,127
10 Akaki Kality 221,759 6.6 1,759
Total Population 3,352,000 100 6,208

Source: (CSA 2013)

The three least densely populated sub-cities were Akaki-Kality, Bole and Yeka.
However, Addis Ketema, Arada and Lideta sub-cities were the three most densely populated
sub-cities (CSA 2013). These mostly populated sub-cities belong to the central and older part of
the city and encompass the City slum areas of the City. Furthermore, AA faces water scarcity
because of rapid urbanization and increased individual water demand and the per capita
distribution is estimated to be around 40 liters/day (L/d), which is well below the city’s goal of

110 L/d (WBG 2015).
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Some of the factors that affect wastewater disposal management are urban population
numbers, settlement conditions and water use patterns (UN-Habitat 2001). All human
settlements use natural resources and subsequently generate waste. Its impact depends on
availability of water supply, sanitation and solid waste management. Especially informal
settlements and slums in urban areas exacerbate pollution problem (UN-Habitat 2002). For
example, increase in urban population results in addition of organic wastes and overloading of
sewer facilities. This ultimately pollutes local rivers and streams. Also, informal housing
establishments without connection to municipal sewers exacerbate this problem (Mvungi ef al.

2003; Das et al. 2010).

3.2.3. Climate

The Ethiopian climatic zones, based on altitude difference, are five: Alpine for altitude of
3,000 m and amsl, Temperate for 2,300m to 3,000 m amsl, sub-tropical for 1,500 m to 2,300 m
amsl, Tropical for 800 m to 1,500 m amsl and Desert for less than 800 m (The National Atlas of
Ethiopia (1981). Akaki River catchment is in the Temperate and sub-tropical climatic
zonesbecause its altitude ranges between 3,200m amsl at Intoto Mountain to 2,060m amsl at Aba
Samuel reservoir (Ayenew et al. 2008). The three seasonal periods in the Akaki River catchment
are: period of heavy rain during June to September, dry season during October to February and

little rain during March to May (Feven 2007).

3.2.4. Geology
The Akaki River catchment geology is in the Miocene—Pleistocene volcanic successions
category. It mainly includes basaltic lava flows, acidic and intermediate lava flows, and

pyroclastic flows. These rocks form interlayered sequence with quaternary normal faults. The
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principal soil types in the Southern and Northern parts of AA are vertisols and cambisols,

respectively (Alemayehu et al. 2009).

3.3. Environmental Policies and Regulations
The Constitution of Ethiopia proclaims that all citizens shall have the right to live in a clean and
healthy environment (Articles 43,44 and 92). The overall Environmental Policy goal of the
Federal Democratic Republic of Ethiopia (FDRE) is to improve the health and quality of life of
all Ethiopians and to promote sustainable social and economic development. In line with the
Constitution adopted Policies, guideline ambient Environmental Standards for Ethiopia was

prepared and adopted (EPA & UNIDO 2003).

3.4. Sampling and Analysis

Samples were collected using 250 ml polypropylene containers. Which were readied,
preserved and transported as per standard methods (APHA et al. 1998). The sampling positions
(Figure 3-4, Table 3-4) were identified both to evaluate LAR condition and impact of tributaries
on the River. Accordingly, sixteen sampling sites were identified from tributaries before joining
LAR; and eleven sites from the river before and after mixing with tributaries. The water samples
from these sites were subjected to analysis of fifteen WQ parameters (Table 3-5). Measurements
were done in situ for DO, T, electrical conductivity (EC) and pH while the remaining eleven
parameters were analyzed at the AA City Environmental Protection Laboratory (AA-EPA). In
addition, WQ data from point sources and main stem were determined from measurements.
Likewise, channel properties were derived from field measurements. These approaches were

observed in other papers (Turner et al. 2009).

Flow, water T°, pH, electrical conductivity (EC), DO, total suspended solids (TSS), total

alkalinity as CaCOs (alkalinity), orthophosphates as phosphorus (PO4P), TP, ammonium as N
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(NH4N), NOs3 as N (sum of NO3N and NO;N), 5 days biochemical oxygen demand as O> (CBOD

or BOD) and chemical oxygen demand as O, (COD) were measured. Similar parameters were

measured for TMDL determination of urban river using Q2Kw (Kannel et al. 2007b).

980000 E 1000000

Sudan

Addis-Ababa

980000

7 Kilometers

480000

Legend
= Addis Ababa Boundary
*  Sampling Locations
— LAR
Sub-Cities Boundary
| Aba Samuel Lake

Figure 3-4 Sampling sites from Little Akaki River (LAR)
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Table 3-4 Sample collection sites from LAR

No. Cil(;Z . Station Area
1 Al LAR Upstream Shegole
2 A2 LAR near Marble Factory General Wingate Technical
College
3 Bl Gulele stream near Finance- Finance-Medhanialem
Medhanialem Roundabout
4 A3 LAR near Sefere-Selam Kolfe Atena-Tera akababi
5 A4 LAR at Eshete Dildiye Chimad behind Ethio-Tebib
hospital
6 B2 Eshete Dildiye Chimad behind Ethio-Tebib
Hospital
7 AS LAR near Eyesus Gedam Amanuel Total akababi
8 A6 Lar near Wndemamachoch Keftegna 4
9 B3 Fereja stream near Kefetegn 4
Wendemamachoch
10 A7 LAR - Tolossa-Sefer akababi Tor-hayloch Mekoninoch
Kibeb
11 A8 Lideta Tsebel Mechare Meda
12 B4 Lideta - Buhe stream Hostel near Mechare Meda
13 A9 LAR - Behind St. Michael Church Bulgaria Akababi
14 BS5 Mexico Stream near Bulgaria Africa Union
Akababi
15 A10 LAR near Kera Kera
16 B6 Abo Mazoria Stream Abo Mazoria
17 All LAR at Mekanisa Mekanisa — National Alcohol
18 B7 Mekanisa- Gefersa Stream Mekanisa — National Alcohol
19 Al2 LAR near German Adebabai German Adebabai
20 B8 Lebu Stream Mebrat Mazoria
21 Al3 LAR Lafto-Gofa Condominium Lafto
22 B9 Lafto-Jaja Stream Lafto
23 Al4 LAR Saris Saris - Dama Hotel
24 B10 Saris- Teramaj Stream Saris - Dama Hotel
25 Bl11 Chefe Stream Hanna Mariam
26 Al5 LAR near Batu Leather Kality Maseltegna
27 Al6 LAR under New Toll Road Bridge Mekanisa -Kotari
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Table 3-5 Parameters and analytical methods

Parameter Abbreviations Units Analytical Methods

pH pH pH unit pH meter

Total Suspended Solid TSS mg/L Photometric

Total Ammonia as N T-NH3 as N mg/L Salcilate

TOC TOC mg/L Oxidation

Nitrate as N NOs as N mg/L Cadmium reduction

Nitrite NO2 mg/L Diazotization

Total N T-N mg/L Persulfate digestion

Total Phosphorus T-P mg/L Potassium
persulphate digestion
then molybdate blue

Phosphate PO4 mg/L Molybdate blue

Biological Oxygen BOD mg/L Gravimetric

Demand

Total Alkalinity T-Alk. mg/L Volumetric

DO DO mg/L DO meter

Chemical Oxygen COD mg/L Reactor digestion

Demand method

Temperature T° °c Thermometer

Electric Conductivity EC mS/cm Conductivity Meter

3.5. Multivariate Statistical Analysis

In this study, statistical analysis were computed using SPSS Statistics 17.0, JMP 13.0,
STATISTICA 8.0 and Excel 2013 software packages. In this context, methods that were
followed during cluster analysis, discriminant analysis, PCAand factor analysis are provided

below.
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3.5.1. Cluster Analysis

Clustering algorithm seeks and forms clusters by relative uniformity within a data
(Larose 2014). Since CA tries to find observation vectors that are alike and collect them into
clusters, many approaches use an index of similarity or closeness between units of observations.
A proper sign of closeness is the distance or gap in the observations. Distance is an indicator of
dissimilarity because it increases as two observations go further apart. Euclidean distance is a
typical function for a distance found between vectors. The scale of variables measurement is a
useful element while applying Euclidean distance. For this, many authors recommend
standardization of each variable (Briimelis et al. 2000; Rencher 2002). The squared mode of

Euclidean distance is given in Equation 3-1:

Distance (Q;,Q;) = Zn (X1 — X2))° (3-1)

j=1

where Q; is the i object and Xj; is the value of the j" variable of the i object.
Spatial variability was determined using distance of linkage (dlink) for a specific case
divided by the largest linkage distance (dmax). Then dlink is standardized by multiplying it with

100 (Alberto et al. 2001).

In this study, the most general hierarchical agglomerative CA approach having
dendrogram as a visual summary (Alberto et al. 2001; McKenna 2003) was applied. For this,
Ward’s method (Ward 1963) with squared Euclidean distance as an indicator of similarity was
used on a data set that was normalized to obtain groups of similar sampling sites for LAR. The
approach was commonly applied for WQ evaluation and interpretation in different reports (Singh

et al. 2005; Bouguerne et al. 2017).
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3.5.2. Discriminant Analysis

DA was used for discriminating between two or more groups that occur naturally, by
applying a set of discriminating variables. These variables measure characteristics on which the
groups are expected to differ (Shrestha & Kazama 2007; Close ef al. 2016). DA applies a linear
equation of a regression analysis on raw data with pre-knowledge of membership of objects to
particular groups or clusters and provides statistical classification of samples (Alberto et al.

2001; Singh et al. 2004; Wu & Kuo 2012). DA is expressed in Equation 3-2.

FG) =k + ) wiy Py (3-2)
j=1

J

where k; is a constant specific to each particular group, i is the count of groups (G), n is count of
parameters used in group classification, w; is specific parameter (P;) weight coefficient

designated by DA.

Independent variables entry options in DA include simultaneous and stepwise (both
backward and forward) approaches. Simultaneous entry calculates discriminant function by
employing all independent variables at once. This approach is used for limited number of
independent variables and in the interest of discovering how well certain variables perform as
discriminators in the absence of others. However, stepwise method puts independent variables
into the discriminant function (DF) one at a time. This step of entry is based upon variables’
relative importance to group separation with greater discriminant weights entered first (Hair et

al. 1995; Swanson & Holton 2005).

In this study, standard, forward as well as backward stepwise approaches of DA were

applied on each matrix of the primary data. In the forward stepwise mode, Discriminant Function
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Analysis (DFA) variables were added stepwise until no worthwhile change occurs, whereas, in
the backward stepwise mode, variables were removed starting from least significant until
significant change occurs. For this purpose, three groups obtained from CA were selected for
spatial evaluations. Approach similar to this was followed in other reports (Briimelis et al. 2000;

Qadir et al. 2008).

3.5.3. Principal Component Analysis

PCA reduces dimensionality of variables in the primary data set by linearly transforming
them into a considerably reduced set of uncorrelated variables that represent most of the
information in the initial set of variables. These new variables remove potential problems
resulted from multi-collinearity. Then, it becomes less complicated to interpret the data set and
use it in further analysis than a bigger set of correlated variables (Dunteman 1989; Abdul-Wahab

et al. 2005).

In this aspect, ahead of PCA/FA, the following assessments are required on the data set to
confirm its suitability based on the underlying assumptions. Normality and completeness of data
set were checked (O'Shea & Jankowski 2006). The data goodness of-fit to log-normal
distribution with 95% or higher confidence is tested with the Kolmogorove-Smirnov (K-S)
statistics. Kaisere Meyere Olkin (KMO) was assessed to evaluate sampling adequacy that
indicates the degree of common variance probably caused by latent factors. KMO value close to
one generally indicates the usefulness of PCA and FA. Likewise, Bartlett's sphericity test signals
the lack of relation within variables in the event that the correlation matrix becomes identity
matrix A Bartlett's test having significance level of under 0.05 implies significant relationships

within variables (Shrestha & Kazama 2007; Singh et al. 2009b; Bilgin & Konang 2016).
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PCA yields PCs by transforming the set of correlated variables into uncorrelated linear
sets. The PCs are obtained from eigenvectors of the covariance matrix (Kiithnert ef al. 2014). The

PCs y4, y5... ym are linear groupings of the data x (Equation 3-3).

Y1 = Aq11X1 + a1z Xo + - +a1pxp

Y2 = A1X1 + A%y + 0+ AgpXy (m=<p) 3-3)

Vm = Qm1X1 + QpaXp + - +ampxp
The procedure for the determination of eigenvalues in PCA is available in different works

(Manly 2004; Kiihnert et al. 2014; Shamshirband et al. 2015). In this study, p WQ variables (p)

and n individual samples yield a matrix of “n x p”. This is represented in Equation 3-4:

xll xlz “en xlp

x21 x22 “en x2p

A= (3-4)

Xn1 Xnz e Xnp

where x;; is a real number that represents the measurement of the variable x; on sample i.
X11 ... x1p are variables standardized to have unit variances and zero means. This is to avoid one

or two variables having an unjustified influence on the principal components (PCs).

The covariance matrix between x; and x variables is given in Equation 3-5.

1
(n-1)

n
Cov (xj,xk) = Z(xij —3?]) (xXix—%) j=1P; k=1P (3-5)
i=1

where 7 is number of samples and x is mean of the standardized WQ variables. The symmetric

matrix C for covariance then takes the form shown in Equation 3-6:
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c=| (3-6)

where Cj; = Cj;, is the correlation between x; and x;. That is, the PCA is carried out on the
matrix of correlation. In that case, summation of eigenvalues in the diagonal is designated as p,
which is the number of x variables. Where variance of variable x; is the diagonal element C;; and
covariance of x; and x; is the off-diagonal term Cj;. Eigenvalues A1, A2 ... A, represent variances of
PCs and related eigenvectors a1, a2 ... a, denote the coefficients of the ith PC, y; (Equation 3-3).
Eigenvalues of the covariance matrix C are obtained using the characteristic equation (Equation

3-7):
Det(A— A1) =0 (3-1)

where I is the identity matrix with (P x P) dimension, A is eigenvalues and represent the diagonal
values of the diagonal matrix [D]. With the assumption that eigenvalues are ordered as A1 > A> >
... = Ap =0, then A; corresponds to the ith PC. At this stage, PCs with eigenvalues less than 1 are

disregarded.

In Equation 3-3, the loading vector (eigenvector) a; = {ail,aiz, s aip} (i=12..m)

is calculated by the corresponding eigenvalue matrix A using Equation 3-8:
Ax = Ax (3-8)

There can be up to n of these eigenvalues. Equation 3-8 can be solved by arbitrarily
setting x; = 1, and the resulting vector of x values with transpose x' = (1, x2, X3 ... X,), or any

multiple of this vector, is called the i eigenvector of matrix A.
p g
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The first PC is a linear combination with maximal variance; the objective is essentially to
search for a dimension along which the observations are widely separated. Furthermore, the
second PC is a linear combination having maximal variance in the orthogonal direction (i.e., at

ninety degree) to the first PC, and so on (Rencher 2002).

3.5.4. Factor Analysis

Unlike PCA which aims to explain data variance using few uncorrelated components, FA
identifies underlying, unobservable, latent factors for variables correlation (Chapman 1992b;
Kucuksezgin 1996; Helena et al. 2000; Wu & Kuo 2012). FA comes after PCA and minimizes
the contribution of less significant variables by varimax rotation of the axis defined by PCA to
get new variables also called varifactors (VFs) (Chapman 1992b; Vega et al. 1998). This
transformation attempts to extract a lower dimensional linear structure from the data set, hence
eases the dataset interpretation process (Qadir et al. 2008). Different works elaborate description
and calculation steps on FA (Afifi & Clark 1997; Manly 2004). FA tries to represent each of the
variables as a linear grouping of common factors plus a unique factor as expressed in Equation

3-9:
xl = lllFl + lleZ + -+ llmFm + el

Xy = l21F1 + lZZFZ + -+ l2mFm + e, (3-9)

xp = lplFl + lszz + -4 lmem + ep

where F;, F> ... F,, are common factors, /; is the loading of the i variable on the j®

common factor, m is the count of common factors (typically this number is considerably smaller
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than P), and ei, e> ... ep are distinct factors, each linking to one of the original variables. Factor

loading /;; signifies the correlation between x; and F.

The factor model in Equation 3-9 illustrates that each variable is influenced by the
underlying common factors. The loadings show how every x; independently depends on the
common factor. Consequently, description for the common factor is inferred. In this regard, the
factor model breaks the variance of x; into two parts. Since x; is standardized, its variance is equal

to one and is composed of the following two parts (Equation 3-10):

1. Communality (hi?), i.e., variance in variables caused by common factors;

2. Specificity (u?), i.e., variance in variables caused by unique factor e;
Varx; = 1 =h? +u? (3-10)

The numerical aspects of F/4 are concerned with finding estimates of the factor loadings
(li) and the communalities (h;?). The factor loadings (l;)) are obtained from eigenvalues in the

varimax rotation. The communality of x; is expressed in Equation 3-11:

hi =14+ 15+ +1 3-11)

In any FA, the count m of common factors is required. Ideally, it should be known prior
to the factor analysis. If it is not the case, most investigators use the count of factors as number
of eigenvalues exceeding one. The extent of variance defined by the factors is determined as
given in Equation 3-12:

p

(3-12)

Variance due to Factors =
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In this study PCA and FA were applied on a standardized data set using correlation
matrices, rather than covariance matrices, to define PCs because the results of analyses are better
for direct comparison for different sets of arbitrary variables (Jolliffe 1986; Singh ef al. 2009b).
The variances (eigenvalue or latent roots) and PCs (eigenvectors) of the correlation matrix
results were analyzed by examining the major components that are supposed to hold large share
of the whole variation. An eigenvalue indicates factor’s significance and these two are directly
related. Significant are those eigenvalues having 1.0 or more (Kim & Mueller 1978). Also,
factor loadings were organized as ‘weak’, ‘moderate’ and ‘strong’, relating to absolute loading
values of 0.50-0.30, 0.75-0.50 and >0.75 respectively (Liu ef al. 2003). In some applications,

the PCs are an end in themselves and may be amenable to interpretation (Rencher 2002).

3.6. Water Quality Index Analysis
Public participation is considered as one of the most important components of river
management(Von Korff et al. 2012). In this circumstance, using WQI, the public will be
communicated about pollution problems with simple language that can convey rivers water
quality condition without loss important information. This can create awareness and encourage
the public to take part in pollution discussions, impact mitigation activities and water quality

protection works(Chun 2012).

In this regard, no previous work was found on WQI-ANN analysis of the Little Akakai
River. Although the approach used in the thesis is one of the most widely used, it can encourage
other researchers to explore alternative indexing approaches in Ethiopia. In this regard, of all the
available WQI approaches in the world, Ethiopia (Environmental Agencies) can select one

appropriate approach to be consistently used to track water quality conditions. For that matter, a

59



new indexing approach may be developed based on the purpose and designated use of the

different rivers in Ethiopia.

3.6.1. CCME-Water Quality Index

In this study, CCME-WQI was used for WQI determination of LAR due to its capacity to
simplify the reporting of complex and technical WQ data. The CCME-WQI provides a
mathematical framework for assessing ambient WQ conditions relative to WQ objectives. It is
flexible with respect to the type and number of WQ variables, the period of application, and the
type of water body (stream, river reach, lake, etc.) tested. Therefore, before the index is

calculated, the water body, time period, variables and appropriate objectives need to be defined

(CCME 2001).

CCME-WQI has three factors: Scope (Factor 1, F1), Frequency (Factor 2, F2) and
Amplitude (Factor 3, F3). These factors are computed to get a single value (between 0 and 100)
and to summarize WQ status of water body. For instance, values such as zero and one hundred

indicate the worst possible and the best possible index scores respectively. The steps for

determination of CCME-WQI are given hereunder (CCME 2001):

F1 (Scope), represents the percentage of variables that do not meet their objectives at
least once during the time period under consideration (“failed variables™), relative to the total

number of variables measured (Equation 3-13):

_ (Number of failed variables
L=

3-23
Total number of Variables> x 100 ( )
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F2 (Frequency), represents the percentage of individual tests that do not meet the objectives:

Number of failed tests
2 = ( - ) 00 (3-14)
Total number of variables

F3 (Amplitude), represents the amount by which the failed test values do not meet their

objectives. F3 is calculated in three steps:

Step 1: The number of times by which an individual concentration is greater than (or less
than, when the objective is a minimum) the objective is termed an “excursion” and is expressed

as follows in Equation 3-15 and Equation 3-16.

When the test value must not exceed the objective:

. (Failed Test Value; 1 315
excursion; = Objective (3-15)
For the cases in which the test value must not fall below the objective:
] Objective; 316
excursion; = Failed Test Value; (3-16)

Step 2: The collective amount by which the individual tests are out of compliance, referred to

as the normalized sum of excursions (nse), is expressed in Equation 3-17.

Y . excursion;
nse = ==L - (3-17)
number of tests

Step 3: F3 is then calculated by an asymptotic function that scales the normalized sum of the

excursions from objectives (nse) to yield a value between 0 and 100 (Equation 3-18).

nse
0.01nse + 0.01

F3=( ) (3-18)
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The CCME-WQI is finally calculated as expressed in Equation 3-19.

CCME WQI = 100 — (

[T, o9

1.732

Table 3-6 CCME-WQI categories (CCME 2001)

Rank SR Interpretation
values
WQ is protected with a virtual absence of threat or
Excellent (95-100) impairment; conditions are very close to natural or
pristine levels
Good WQ is protected with only a minor degree of threat or
80-94 impairment; conditions rarely depart from natural or
desirable levels
Fair WQ is usually protected, but occasionally threatened or
60-79 impaired; conditions sometimes depart from natural or
desirable levels
Marginal WQ is frequently threatened or impaired; conditions
9 often depart from natural or desirable levels
Poor WQ is almost always threatened or impaired; conditions
O usually depart from natural or desirable levels

After the CCME-WQI value was determined for LAR, WQ was ranked by relating it to one of
the given categories in Table 3-6. In this case, the Ethiopian surface water guideline was used in

the WQI determination process.

3.6.2. Artificial Neural Network

In this study, ANN model was used to predict CCME-WQI for LAR. The input signals in
the input layer are processed in forward through to the hidden layer. The input signal can be a

single signal or an array of signals, whereas the output signal is typically single. To each
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connection between two successive layers of neurons, a modifiable weight (W;) and bias (b;) are
associated in each iteration. A back propagation (BP) neural network with three inputs, one
hidden layer and one output layer (Figure 3-5) is explained here as an illustration. (Lek et al.
1996; Javan et al. 2015; Parsaie & Haghiabi 2015; Mohammadpour et al. 2016). Assuming the
input signal by a vector x (X1, X2,... Xn), the corresponding weights to unit */” by wj (wij, Wij,...,
Wnj), and the bias wjo(=b), the net input to the unit /” is given by Equation 3-20. (Karunanithi et

al. 1994; Khuan et al. 2002; Kamruzzaman et al. 2006; Sakizadeh 2016):

. E @
=}
E 8 g
= S =
7} o o
< <
u T o B
X
! Wiy b
X Wii Sj Y
. Y; : ” fO =
Wh Summation Transfer
W .
b X, Function  gynction
Figure 3-5 Typical BP Network
(3-20)

netj = EanXn +W]0 = W]X +b
n

A sum of weighted inputs are then transformed to an output value by applying an
activation function, i.e., f(.). For example, the output of a single-layer perceptron neuron is given
in Equation 3-21. A simple Perceptron has a set of input neurons and a single output neuron to

which all input neurons are connected (Karunanithi ez al. 1994; Sterratt ef al. 2011; Magoules &

Zhao 2016).

63



Yi=fo (z wiX; + b) (3-21)

Also, the explicit expression for an output value of a three layered multi-layer perceptron
(MLP) Error! Reference source not found.)is given in Equation 3-22 (Nourani et al. 2013):

My Ny
Yi = o Z Wik * fn Z WiiXi + Wjo | + Wy, (3-22)
=1 i=1

where w;; is a weight in the hidden layer connecting the ith neuron in the input layer and
the jth neuron in the hidden layer, wj, is the bias for the jth hidden neuron, f; is the activation
function of the hidden neuron, wj; is a weight in the output layer connecting the jth neuron in the
hidden layer and the kth neuron in the output layer, wi, is the bias for the kth output neuron, f, is
the activation function for the output neuron, x; is ith input variable for input layer and y;
and y are computed and observed output variables, respectively. Ny and My are the number of the

neurons in the input and hidden layers, respectively.

The network is trained using one of the three popular algorithms: error back propagation,
cascade correlation and conjugate gradient. Basically the objective of training is to reduce the

global error, E, defined below (Deo & Thirumalaiah 2000).

P
Z Ep (3-23)
pP=1

where P is total number of training patterns and Ep is error for training pattern, p, which

E =

|-

is given by:

N
1
Ep = EZ(Ok — ty)? (3-24)
k=0
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where, N is total number of output nodes, Ox is network output at the k™ output node and tx is
target output at the k™ output node. In this context, the goal of every training algorithm is to
reduce this global error by adjusting the weights and biases (Deo & Thirumalaiah 2000;

Kamruzzaman et al. 2006).

The three major steps in ANN configuration, in standard commercial software, are neural
network type choice, design choice, training and testing of the network (Khuan et al. 2002;
Georgilakis 2009). Commonly ANN modelling follows the following steps: database collection,
analysis and preprocessing of the data, and training of the neural network. The latter includes the
choice of architecture, training functions, training algorithms and parameters of the network. The
final step is testing of the trained network and using the trained ANN model for simulation and
prediction. The relative mean squared error (RMSE), coefficient of determination (R?) and mean
squared error (MSE) were used for testing purpose (Dawson & Wilby 2001; Dogan et al. 2009;
Heddam 2016; Wagh et al. 2016). The ANN model framework for CCME-WQI is given in

Figure 3-6.
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The choice of network configuration depends on the scale and type of problem. For instance,
nonlinear computation requires nonlinear network. Use of a nonlinear transfer function makes a
network capable of storing nonlinear relationships between input and output. The sigmoid
(logistic) and hyperbolic tangent are most commonly used transfer functions. However, instead
of using these functions in the output layer one can use a linear function. The linear output layer
lets the network produce values outside the range —1 to +1. In addition, except for purely linear
networks, the more neurons in a hidden layer, the more powerful the network becomes (Demuth

& Beale 1993; Karunanithi ef al. 1994; Govindaraju & Rao 2013).

In this study, input data was standardized to accommodate the difference in variables unit
and to minimize impact on ANN algorithm (Dawson & Wilby 2001; Singh et al. 2009a). To this
end, the data were transformed using input data (Xin), the minimum data (Xmin), and the

maxiumum data (Xmax) as shown in the following relationship (Zhang et al. 1998; Barzegar &

66



Moghaddam 2016):

e
!. ( Water Quality data ) WATER QUALITY INDEX DETERMINATION \'!
: X Collection ) ¢ Monitoring Site Selection :
i ‘ e Water Quality Index (WQl) Method Selection :
o ™ e Sampling and Water Quality Analysis .
i CCME_WQl e WQI Determination :
N Determination ) e Data Normalization for ANN model /.'

MR . — (e m = mim e m e m e m e m = .

e 1

Neural Network (NN) ANN MODEL TRAINING & CALIBRATION
Type Choice

NN Type Choice: Cascade-forward Backpropagation,
Elman Backpropagation, Feed-forward
Backpropagation etc.

ANN Design Choice Design Choice: Transfer Function, Training Algorithm,

Network Topology, Training Parameters, etc.

y

ANN MODEL TESTING AND VALIDATION

Validation Equations (Dawson & Wilby 2001): R?, MSE, etc.
Compare

using R?

g -D(E-1)

(=12 3, (1~ 1)’

RZ

>0.75 _
Where: li are n computed WQIs, [ is the mean of the observed
Validated ANN model WaQls, ii are the modelled n WQls, and [ is the mean of
for wal the modeled WAQls.

Figure 3-6 ANN Model Framework for CCME-WQI

X — X .
Zgn = 0 (3-25)

Xmax - Xmin

In addition, for CCME-WQI prediction, the commonly applied feed forward (FF) neural
network with back propagation (BP) training algorithm was used (Zhang et al. 1998; Brion &
Lingireddy 2000; Ehteshami et al. 2016). For twelve inputs and one output, prediction was
conducted using several combinations of hidden layers (2-20), number of neurons in the hidden

layer (5, 10, 15, 20, 25), transfer function (logsig-non linear, linear), training function (trainlm)
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and learning function (learngdm, learngd). Afterwards, architectures with best correlation
coefficient (R) were retained. Suggestion on approaches were observed in different reports
(Zhang 1998; Juahir 2004 and Singh 2009). All computations were performed using the EXCEL

2016 and MATLAB.

3.7. Applications of Q2Kw
3.7.1. River Discretization
For the purpose of this study, a data collection (i.e., for discharge and WQ variables)
network was designed to capture the variability of the headwater (also called the upstream
boundary condition), point sources (i.e., tributary inflows) in the sixteen tributaries and eleven

sampled sites on the river LAR. Similar approach was proposed in other papers (Pelletier &

Chapra 2008a; Hobson et al. 2014).

To implement the model, the studied 24 km length of LAR was discretized into ten
reaches with different reach lengths. Figure 3-7 shows the river system segmentation along with
the locations of pollution loads and abstraction. The river segmentation is based on making
divisions at points of major changes, such as confluence with major tributaries. Furthermore,
each of these reaches was assumed to have similar hydraulic characteristics such as slope of
reaches, width, manning roughness coefficient etc. The WQ at uppermost Gulele locality was
considered as upstream boundary. The downstream boundary was not prescribed considering
absence of effects in modeling. Similar approach was used in different reports (Kannel et al.

2007b; Gikas 2014; Sharma ef al. 2015a).
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Figure 3-7 Little Akaki River Segmentation and Pollution Sources

3.7.2. Data Entry
For simulation purpose, in addition to WQ data, Q2Kw requires site-specific information that is
important to characterize the stream and its surroundings. This includes geometric properties of
the river (such as channel slope, channel width, side slope, and manning roughness coefficient),
hydraulic properties (such as travel time, stream flow, velocity), pollutant loads, and
meteorological parameters (such as air T, dew point T°, wind speed, cloud cover, solar
radiation) (Hobson et al. 2014; Sharma et al. 2015a). In addition, for data entry purpose, Q2Kw

provides convenient numerous Microsoft Excel sheets (Figure 3-8).

69



| Sheet1 Workshest -
Alphabetic ] Categorized |

Sheetl
Project - VBAProject ﬂ
----- CEf}sheet1 (QUALZK) P

Sheet10 (Rates)

Sheet1l (Temperature Data)
Sheet12 (Read Me)

Sheet13 {Hydraulics Data)
Sheet14 (Diel Water Column)
Sheet15 (Diel Data)

Sheet1d (BC Diur Data)
Sheet17 {Thames Diur Data)
Sheet1d (Shade {orig))
Sheet19 (Air Temperature)
Sheet? (Reach)

Sheet20 (Dew Point Temperature (orig))
Sheet21 (Wind Speed (orig))
Sheet22 (Cloud Cover {orig))
Sheet23 (Auto-calibration)
Sheet24 (Diel 5TS)
Sheet25 (Diel Fluxes)
Sheet2s (Reach Rates)
Sheet27 (Initial Conditions)
Sheet28 (Solar {orig))
Sheet29 (Diel Hyporheic)

T W B W T T

e

..... :i
Figure 3-8 Partial list of Q2Kw data entry sheets

e Geometric Properties
In this study, Manning’s roughness coefficient was adjusted to the following characteristics:
depth and mean velocity as a function of the stream’s bottom declivity, width, and slopes, with

each reach idealized as a trapezoidal channel (Figure 3-9).
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Figure 3-9 Trapezoidal channel

For steady flow, the Manning and other relevant equations are provided in Equations 3-26 to

Equations 3-29 (Pelletier & Chapra 2008a):

_ 8% A (3-26)
 n p2/3

where O = flow [m>/s], So = bottom slope [m/m], n = the Manning roughness coefficient,

A, = the cross-sectional area [m?], and P = the wetted perimeter [m].
The cross-sectional area of a trapezoidal channel is computed as:
A, = [By + 0.5(Sg; + Sg,)H|H (3-27)
where By = bottom width [m], s51 and ss2 = the two side slopes [m/m], and H = reach depth [m].

The wetted perimeter is computed as:

P = B, +H\/S§1+1+H\/S§2+1 (3-28)

After substituting Equations 3-27 and 3-28, Equation 3-26 can be solved iteratively for depth:

2/5
() (Bo + Hpo1/Sé + 1+ Hio1y/SS + 1) (3-29)

H
K S3/10[B, + 0.5(Sg; + Ssz)Hy_1]
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where k=1, 2, ..., n, n = the number of iterations. Here, an initial guess of Ho = 0 is
employed and the method is terminated when the estimated error falls below a specified value of

0.001%. The estimated error is calculated as:

Hy 41 — Hy

£, = x 100% (3-30)

Hie14

The average reach width, B [m], can be computed as:
B =—< (3-31)

e Hydraulic Properties
Flow was measured using float method determining cross-sections and measuring
velocities at three to five points along river cross-sections. Similar approach was observed in

other reports (Kannel ez al. 2007a).
The cross-sectional area can be determined with Equation 3-27 and the velocity can then
be determined from the continuity equation:

0
U= (3-32)

Residence time of any given reach k is determined as:

Qk

T (3-33)

where 7 = the residence time of the ™ reach [d], Vi = the volume of the £ reach [m?] = AcxAx,

and Axx = the length of the k™ reach [m].
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A river reach forms one part of a river system. Each reach is also divided into a number
of computational elements or sub-reaches. Q2Kw implements steady-state flow (i.e., dQ/dt = 0)
balance for each model reach. Therefore the balance for a computational element (Figure 3-10)

can be written as:

Qi = Qi—1 + Qin,i — Qan,i (3-34)

where Q; = outflow from reach i into the downstream reach i + 1 [m?/s], Qi1 = inflow from the
upstream reach i — 1 [m?/s], Qm, is the total inflow into the reach from point and nonpoint
sources [m®/s], and Qu; is the total outflow from the reach due to point and nonpoint

abstractions [m?/s].

Qin,i Qab,i

|

0

i—1 i+1

Figure 3-10 Reach flow balance

e Meteorological Parameters
For the study area, air T, relative humidity, wind speed, sun hours and precipitation data were

obtained from the National Meteorology Agency of Ethiopia (APPENDIX I).

e Model Implementation Data
In model implementation stage, time step for the calculations was set at 5.625 minutes to
avoid instability in the model. For integration and pH modeling purposes, Euler’s method and

Newton-Raphson method were applied, respectively. Euler’s method is the default setting
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because it commonly attains sufficiently accurate results at a moderate computational time

(Pelletier & Chapra 2008b).

Similar approaches were observed in other reports (Camargo et al. 2010; Hossain et al.

2014; Sharma et al. 2015a).

To simulate exchanges in the hyporheic zone, level I was chosen, because it included
zero-order and first-order oxidation of the fast-reacting dissolved components of BOD. The
sediment/hyporheic zone thickness, sediment porosity and hyporheic exchange flow were
assumed to be 10 cm, 40%, and 5%, respectively. The algae cover and bottom-sediment oxygen
demand were both assumed to be 50 and 100% respectively. Moreover, to obtain the best
adjustment, the modeling system assigns standard weights to various parameters in order to
minimize the error between the observed and simulated data. In this regard, a weight of fifty for
DO, because it is the most influential parameter, versus weights of five for BODs, TN and TP
were used. Similar approach was observed in other reports (Camargo et al. 2010; Kannel et al.

2011; Hossain et al. 2014; Sharma et al. 2015a).

The number of model runs over which to perform the optimization (i.e., based on GA) of
the parameter set was selected for model runs equal to number populations times number of
generations. The population, np = 200 with generations, ngen = 100 has been used for GA
resulting in the generation of a total of 20,000 different values and out of which the value which
gives maximum fitness function has been chosen for the period and kept constant for the
validation purpose. The model was run until the system parameters were appropriately adjusted

and reasonable agreement between model results and field measurements were achieved. Similar
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approach was observed in different works (Pelletier & Chapra 2005; Kannel et al. 2007a;

Camargo et al. 2010; Hobson et al. 2014; Sharma et al. 2015a).

3.7.3. Calibration and Validation

e Model Calibration

Q2Kw was auto-calibrated and validated for DO, BOD, TN, TP and eleven sampled sites
on LAR. These parameters were commonly used for model calibration and validation purposes

in different reports (Kannel ef al. 2007a; Sharma et al. 2015a)

For model calibration, the usual practice is to establish that certain constituents are
predicted correctly before moving onto the more interconnected mechanisms associated with
nutrient cycling. In this study also discharge was calibrated first, using Manning’s roughness
coefficient n as calibration variable that was varied within suggested limits for natural streams;
the final values ranged between 0.02 and 0.04 (Table 3-7). Any remaining difference in
discharge between observed and predicted could be attributed to sources such as nonpoint
sources, inaccessible sources etc. Similar approach was suggested and observed in different

reports (Hobson, 2014;Gikas, 2014; Pelletier, 2008).

Table 3-7 River Reach based Manning’s roughness, n values of the LAR

Downstream
Reaches Manning,n
location (km)
1 23.93 | 23.30 0.030
2 2330 | 22.22 0.040
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3 22.22 | 19.77 0.020
4 19.77 | 17.29 0.032
5 17.29 | 13.13 0.038
6 13.13 | 9.95 0.033
7 995 | 7.78 0.033
8 778 | 4.96 0.040
9 496 | 0.00 0.039

Furthermore, the numerical integration of the model is compiled as a Fortran Program for

fast performance. In this regard, for automatic calibration, the PIKAIA-GA orders the compiled

program to run each time the fitness function is evaluated for maximization purpose.

Consequently, the VBA accounts for only a small fraction of the computational time when the

GA is run. The automatic calibration in Q2Kw calculates the goodness of fit by comparing the

simulated result with measured data based on fitness value of root mean square error (RMSE)

inverse indicated in Equation 3-35 (Pelletier ef al. 2006; Pelletier & Chapra 2008b).

m oo, .
q q j=1%Y1,j
f(x)—[ZW] Zl UL (3-35)
- i W 1/2 B
= = Wil [X7E1(Pj — 0;5)? /
m
Where Oj; = observed value, Pij = predicted value, m = number of pairs of predicted and

observed values, wi = weighting factor, and q = number of different state variables included in

the reciprocal of the weighting normalized RMSE.

In this study, the default kinetic parameters in the “Rate” sheet were taken for the auto-

calibration purpose (Pelletier & Chapra 2008b).
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e Model Verification
To test the model’s ability to predict the WQ conditions during different hydrological
periods, Q2Kw was run for the wet period, without changing the parameters that were calibrated
for the dry period (Camargo et al. 2010). In this regard, the verification was used to compare
different sets of field data and meteorological data, while for the input variables of the model
(e.g., rates of nitrification, denitrification, etc.) obtained from the calibration of the model were

maintained (Gikas 2014).

3.7.4. Uncertainty and Sensitivity Analysis

In this study, a simulation Add-In (YASAIw) was integrated to Q2Kw to convert the
existing deterministic Q2Kw model into a probabilistic model for sensitivity analysis. Eckstein
and Riedmueller (2002) originally developed YASAIw as a generalized Microsoft Excel Add-In.
It was then enhanced and adapted to suit Q2K by the State of Washington (Pelletier 2009).
Consequently, the YASAIw allows for any number of Q2Kw inputs to be converted to stochastic
parameters defined by probability distributions. The software uses Monte Carlo sampling to
sample from the input distributions for a prescribed number of model iterations and provides

probabilistic output for key parameters (Sharma et al. 2015a).

In this study, the dry season data was used to understand the effect of input variables on
DO, BOD, TN, and TP. For this purpose, rate parameters and flowrate were varied for sensitivity
analysis. This analysis was conducted by running the Q2Kw model in a loop that repeats a
specified number of times. Each time the model run is repeated, the program generates a new set
of randomly varied input variables. The program records the input values and output values at

the end of each run and then repeats the process (Sharma et al. 2015a).
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3.8. Simulation-Optimization based WLA Modeling
3.8.1. Q2Kw Codes
The Q2Kw model uses open Excel VBA code organized in modular form (Figure 3-11).
The availability of the VBA code of Q2Kw allows to design user specified WQ simulations and
optimizations (Pelletier et al. 2006). As a result, the PIKAIA-GA code in the Autocal algorithm

module was modified for SO based WLA modeling purpose.

As specified in (Pelletier ef al. 2006), the PIKAIA-GA maximizes the function f(x) in a

bounded n-Dspace for:

x = (Xq1,%9, .., Xn)  X,&[0.0,1.0] (3-36)

Where n is the number of parameters that are being optimized. The parameters (x) are
bounded in the range of 0.0 to 1.0 in the GA. These optimization parameters for the model are
scaled from the values of x according to a linear interpolation between the specified minimum
and maximum value of each kinetic rate parameter that is being optimized. The fitness of a
particular set of optimization parameters is represented by the maximization of the value of the

function f(x) (Pelletier et al. 2006).
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Figure 3-11 A partial view of modular VBA code organization of Q2Kw model

3.8.2. Genetic Algorithm Codes
In this study, PIKAIA-GA was used for the MO-WLA optimization problem. The algorithmic

structure of PIKAIA-GA in pseudo-code form is shown below (Metcalfe & Charbonneau 2003).
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forj:=1,Ngdo GENERATION LOOP M
for k:=1,Np/2 do BREEDING M
k1= SELECT (fit) select first parent M
k2= SELECT (fit) select second parent M
g1 = ENCODE (P_old(ki,1:n)) create first parent string M
g2=ENCODE (P_old(k2,1:n) create second parent string M
call CROSS (g1,22) crossover operator M
call MUTATE (g)) mutation operator M
call MUTATE (g2) mutation operator M
P new (2k—1, 1: n) == DECODE (g;) decode and store M
P new 2k—1, 1: n) := DECODE (g2) offspring strings M

endfor

for k := 1, Np do FITNESS EVALUATION S
fit (k):== FF (P_new(k,1:n)) user-supplied fitness function S

endfor
for k:=1, Np do REPRODUCTION PLAN M
P old (k, 1: n) :=P_new(k,1:n) full generational replacement M

endfor
call ADJMUT (fit) adjust mutation rate M

endfor

Referring to the above PIKAIA-GA pseudo-code, the number of model parameters being
optimized is n, Np is the (fixed) population size, and Ng is the number of (time-like) generations
over which the evolution is executed. The tasks ENCODE and DECODE transform an n-D
floating-point array to a string, and vice versa. The function SELECT picks a single individual

(flagged by an integer, here ki or k»), with a probability proportional to its fitness-based rank in
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the current population. Selection is done using a rank-based version of the classical Roulette
Wheel Algorithm. It is to be noted that the strings gi, g» are modified upon exit from CROSS and
MUTATE, and since each breeding event produces two offsprings, the first inner loop only
needs to repeat Np/2 times to produce a new, full-size population. Function and operations calls
designated as ‘“M’’ are executed serially by the Master program, and those labeled ‘S’ are

carried out in parallel by the Slave processes. (Davis 1991; Metcalfe & Charbonneau 2003).

The GA algorithm seeks to find a population having a maximum value of the user-
supplied fitness function (FF), which takes as input an n-D floating-point array x(1 : n)
containing a set of parameter values defining one occurrence of the model being optimized, and
outputting a measure of goodness-of-fit. The code evolves a population of Np trial points in the
n-Dsearch space, stored in the array P_old (1:Np, 1 : n), through a preset number of generations
Ng. The population is usually initialized with random changes uniformly distributed in user-
specified intervals, so that the evolutionary search remains bounded but otherwise entirely

unbiased by the choice of initial conditions (Metcalfe & Charbonneau 2003).

3.8.3. Q2Kw-PIKAIA Integration for Optimization
Integrated Q2Kw — GA model is important in finding trade-off solutions for a decision maker
faced with WLA problem among various dischargers (Allam et al. 2016). The proposed optimal
WLA framework is shown below in Figure 3-12. It consists of the MO optimization model, with
the WQ simulation model (Q2Kw) embedded in the optimization model (GA) (Yandamuri et al.
2006). In each output of new solution, the input data for Q2Kw model was kept constant and
multiplied with random WL reduction factors supplied from the GA (Mostafavi & Afshar 2011).
In this study, the Pseudo-code algorithm of Q2Kw-PIKAIA-GA is provided in APPENDIX III.

In addition, data-tables that are relevant to the pseudo-code are given in APPENDIX IV.

81



Define: Objective Function (i.e., reduce waste-load from tributaries optimally. Treatment cost and Equity
are considered)

) &
Constraints {i.e., constraints such as meeting DO standard at monitoring Points)
¥
Define Conditions for the GA

Number of generation, Number of population, Crossover rate, Mutation Rate

¥

I Initialize GA (i.e., randomly generate the first population)

&

Input data in Q2w is multiplied with GA supplied factors.

And, a2 sobsequent model implementation is camried out B
r Hutation I
Stopping criteria (for the
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Figure 3-12 Optimal MO-WLA modeling framework

3.8.4. Proposed Model

The proposed optimal WLA model was formulated to achieve minimum WL abatement,
minimum inequity measure and maximum performance measure (Tung & Hathhorn 1989). The
equations for the WLA formulations are described as follows. Equation Error! Reference source
not found. is the objective function that defines the treatment cost at each source expressed by

waste-removal efficiencies (Burn & Yulianti 2001; de Andrade et al. 2013). Equation (3-37) is

82



objective function that defines the equity measure among all the pollution sources measure

(Burn & Yulianti 2001).

The proposed approach for the overall performance measure is shown in Equations from
3-39 to 3-40. This is similar approach to Yandamuri et al. (2006) . In this regard, the three
individual performance measures are expressed in terms of number of violations, total magnitude
of violations, and magnitude of maximum violation. In addition, the individual performances are
expressed as the ratio of the “difference between individual performance during no treatment and
that corresponding to actual treatment” to “corresponding to no treatment.” Equation Error!
Reference source not found. is a constraint equation that defines performance measure in terms
of the violations of local DO and BOD standards (Burn & Yulianti 2001; Yandamuri et al. 2006;
de Andrade et al. 2013). WQ monitoring parameters of TP and TN (Wang et al. 2008) were

incorporated in EquationError! Reference source not found. also as constraints.

Minimize
n
lexi (3-37)
i=1
Minimize
n
+ Z a_ 3-38
W — — — -
2213w (3-38)
i=1
No—Ngq . Vo—Vg . TMo—TM, No—Ngq . Vo—Vg . TMo—TM,
+ws ( N T T oo+ wi ( N T T Json (3-39)
No—Ngq . Vo—Vg . TMo—TM, No—Ng = Vo—Vq . TMo-TM,
+ws ( e g fote 4 DT Yo+ we ( e B D I (3-40)
Subject to

83



Where

In which

Where

In which

Where

No=fi((Q)), Qsa)  and  No=£((Q)), Qsta)
NC
Ne= > (),
j=1

N, = {1 if Qstq > (Qj)a

0if Qua < (0)),

Vo=£((Q)), Qsea) and Vo = £, ((Q)). . Qsea)
Vo =[S0 $Dar-- (5), ]

(Qsea = (0)),) if Quea > (Q)),
0 if Qsta < (05),,

(5), =
M, = f5((Q)) @sta) and TM, = £5 ((Q)) ., Qsea)
TM, = fs ((Qj)o' Qstd)

TM, = f¢ ((Qj)aJ Qstd)

NC

™, = Z(sj)a

j=1
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where in Equations 3-37 to 3-38, x; = waste-removal level for the waste source i, Wi =
mass flow for the waste source i. In Equations 3-39 to 3-40, No = number of DO/BOD/TN/TP
standard violations corresponding to no treatment, N, = number of DO/BOD/TN/TP standard
violations corresponding to actual treatment. Vo = magnitude of maximum DO/BOD/TN/TP
standard violations corresponding to no treatment, V. = magnitude of maximum
DO/BOD/TN/TP standard violations corresponding to actual treatment. TMo = total magnitude
of maximum DO/BOD/TN/TP standard violations corresponding to no treatment, TM, = total
magnitude of maximum DO/BOD/TN/TP standard violations corresponding to actual treatment.
In Egs. (19-28), Nc¢ = number of checkpoints. The index (yj). keeps the count of
DO/BOD/TN/TP standard violation at a checkpoint j (zero-one) integer variable. Q; =
DO/BOD/TN/TP concentration at the checkpoint j, and subscripts 0 and a indicate the level of
treatment corresponding to no treatment and actual treatment respectively. Qs = specified

DO/BOD/TN/TP standard for the river.

The weighted sum of Equations 3-37 to 3-40 (de Andrade et al. 2013; Allam ef al. 2016)
is used as fitness function in this Q2Kw-GA MO optimal WLA problem. The WLA results
presented here for LAR are based on ten reach divisions, 100 - 0 % pollutant removal levels, 100
populations and 50 generations. Other major conditions of this analysis are roulette wheel as a

selection mechanism and mutation probability (pm) ranging between 0.005 and 0.25.
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4. RESULTS AND DISCUSSION

4.1. Descriptive and Multivariate Analysis

4.1.1. Descriptive statistics

For the purpose of WQ assessment of the LAR, as suggested in other reports (Voutsa et
al. 2001), the raw WQ data (wet season and dry season) was averaged and analyzed using
descriptive statistics (mean, minimum, maximum, standard deviation) to get summary of the WQ
condition of LAR (Table 4-1). The mean values of TSS, T-N, BOD, and DO far exceed the
standard stipulated in the Ethiopian guideline for surface waters (EPA & UNIDO 2003). High
TSS values reduce light penetration in water and thus limits photosynthesis and respiration in
aquatic organisms (Baratkiewicz et al. 2014). High BOD indicates organic pollution that results
in river oxygen depletion (Inoue & Ebise 1991; Kumar et al. 2010). In addition, DO
concentrations below 5 mg/L may adversely affect survival of biological communities and below
2 mg/L may lead to the death of most fish. The mean values of TOC (greater than 10mg/L) and
COD (greater than 100mg/L) imply discharge of municipal and/or industrial wastes (Chapman

1992a).

Moreover, the spatial WQ variation is evident from the high standard deviation values.
Similar result was observed in another report as well (Vega et al. 1998). For instance, a
maximum 1,006 mg/L TSS value of Fereja stream (sampling site 9 in Figure 4-1) belongs to the
most densely populated Addis Ketema sub-city (Error! Reference source not found.). Likewise,
T-N had a maximum value of 196 mg/L in the third densely populated Kirkos sub-city. Unlike
other parameters, of all sampled sites, none met criteria for BOD. Again, the degree of violation

was greatest in the most densely populated sub-city. In addition, except few sampled sites in the
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upstream, DO values fell short of 4mg/L in the sampled sites. Raw WQ data were subjected to

descriptive statistics: range, standard deviation.
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Table 4-1: Basic Statistical analysis of WQ data of LAR

Standard
Parameter Mean  Minimum Maximum Local Standard™

Deviation

TSS, mg/L 264.4 12.5 1006.0 205.2 50

NOsas N, mg/L 10.4 0.0 48.9 14.2 50

NO2, mg/LL 0.1 0.0 1.1 0.2 0.1

T-N, mg/L 65.4 0.1 196.0 46.1 1

T-Alk, mg/l. 484.0 138.9 835.5 156.0 Not stated

TOC, mg/l. 37.8 3.2 78.2 21.6 Not stated

COD, mg/l. 503.5 110.0 1026.0 318.6 Not stated

BOD, mg/I. 192.7 57.5 476.0 106.8 <5

DO, mg/I1. 1.5 0.0 6.2 2.0 >4

T°,°C 16.2 9.0 19.3 2.7 Should not result in >3°C variation

EC, mS/cm 0.8 0.3 3.0 0.5 1 at 20°C

pH 8.0 7.1 8.5 0.3 6-9

*I EPA and UNIDO, 2003. (EPA & UNIDO 2003) *2 un-impacted concentration at upstream was 1.8mg/L
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and mean to assess the risks of pollution and summarize data sets in easier and more

understandable form.

Chen et al. (2016) described direct correlation of higher population density and higher
organic contaminant discharge, such as food waste, and human sewage. However, EC was

highest in the more industrialized NL sub-city (Florescu et al. 2011).

4.1.2. Multivariate Analysis
e Data Treatment
For the purpose of multivariate statistical analysis, raw wet season WQ data of LAR were
subjected to descriptive statistics: range, standard deviation and mean to assess the risks of
pollution and summarize data sets in easier and more understandable form. Other reports that
suggested this approach include (Chapman 1992b; Voutsa et al. 2001; Bhuiyan ef al. 2011; Khan

et al. 2015; Taoufik ef al. 2017). The summarized data is given in Table 4-2.
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Table 4-2 Basic statistical analysis of water quality data of LAR (Wet Season)

Standard

Parameter Minimum Maximum Mean NP Local Standard*!
TSS, mg/L 20.0 1062.0 238.4 205.5 50
T-NHzas N,mg/LL. 0.4 83.0 29.7 20.0 0.2
NOs as N, mg/L 0.0 12.1 2.5 3.1 50
NO2, mg/L 0.0 0.7 0.1 0.2 0.1
T-N, mg/L 0.0 97.0 243 26.8 1
T-P, mg/L 0.0 18.4 53 4.7 0.005
PO4, mg/LL 1.8 105.4 37.0™ 253 Should not be impacted by > 15%
T-Alk., mg/L 7.5 975.0 439.1 199.7 Not Stated
TOC, mg/L 2.1 21.4 16.3 4.6 Not Stated
COD, mg/L 25.0 1580.0 368.3 314.9 Not Stated
BOD, mg/L 20.0 720.0 164.9 156.7 <5
DO, mg/L 0.0 9.5 2.2 2.6 >4
T, °C 9.8 234 19.4 3.5 Should not result in >3°C variation
EC, mS/cm 0.3 5.1 1.1 8 1 at 20°C
pH 6.7 9.0 8.1 0.5 6-9

*I EPA and UNIDO, 2003. (EPA & UNIDO 2003)
*2 un-impacted concentration at upstream was 1.8mg/L
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The high standard deviation in the data set indicates WQ spatial variation. Such results
were mentioned elsewhere (Vega et al. 1998). The means of the parameters were compared with
the surface WQ standards set by the EPA of Ethiopia: ‘Guideline Ambient Environment
Standards for Ethiopia’(EPA & UNIDO 2003). Results show NOs3, NO,, T° and pH were within
the allowable limits compared with local surface water standards. However, parameters such as

TSS, T-NH3s, T-N, T-P, PO4, BOD and DO violated the recommended limits.

A mean pH value of 8.1 showed that LAR was slightly alkaline although it still meets the
allowable range. The maximum pH value of 8.9 was observed at sampling site 24 (Termaj
stream) in Figure 4-1. This site is located in one of the most industrialized sub-cities: NL sub-
city. The EC of LAR and its tributaries range from 310uS/cm to 1,340uS/cm and 750uS/cm -
5,130uS/cm, respectively. This indicates that parts of the river and tributaries violated the 1000.0
uS/cm threshold value. Teramaj stream’s maximum EC value of 5,130 puS/cm suggests discharge
of industrial (Florescu et al. 2011) waste in addition to the domestic one. T’ as expected,
increased gradually from 10°C at the upstream of the river to 23.4°C downstream with little

irregularity.

The DO concentrations of LAR and its tributaries were found to be in the range from
0.02mg/L to 7.27mg/L and from 0.11mg/L to 9.53mg/L, respectively with 89% of the sampled
sites (24 from the 27 sites) showing DO concentrations (under 4mg/L) below the standard. In
this regard, DO concentrations under 5 mg/L may negatively impact the survival and functioning

of biological population and under 2 mg/L may result in the loss of most fish (Chapman 1992b).

TOC with mean concentration of 16.4mg/L (greater than 10mg/L) implies the discharge
of municipal and/or industrial waste. The mean COD concentration of 386.3mg/L is greater than

20mg/L or less for clean waters to greater than 200 mg/L in waters getting effluents. In addition,
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industrial wastewaters may have COD values ranging from 100 mg/L to 60,000 mg/L O,. This
indicates the susceptibility of waste matter in LAR to oxidation. Furthermore, BOD of a raw or
untreated sewage is around 600 mg/L, while treated sewage effluents have BOD values ranging

from 20 to 100 mg/L subject to the level of treatment applied (Chapman 1992b).

The range of BOD concentration of LAR were found to be from 20mg/L to 242mg/L and
from 27mg/L to 720mg/L for LAR and tributaries, respectively. The mean BOD concentration of
164.9mg/L (local standard of 5mg/L. maximum) and maximum concentration of 720mg/L at
sampling site 6 near Mesalemiya in Addis Ketema sub-city implies that the tributary was loaded
with high level of sewage effluent. The 37mg/L phosphate mean concentration of LAR was 20
times higher than the concentration at the upstream of the river. This violates the local standard

recommending concentrations not to exceed the un-impacted condition by 15%.

The raw data, in this study, was logio(X) transformed to get normal distribution for the
data and then was transformed by Z-score to get dimensionless data and hence reduce the
difference in units and achieve comparable ranges for variables. The Kaiser-Meyer-Olkin
(KMO) value of 0.726 (> 0.5) suggests that the data set is acceptable for PCA analysis. In
addition, the Bartlett’s sphericity test with a significance value of 0.000 indicates a sufficient
correlation within parameters hence fit for a PCA. Similar approach was noticed in other reports
(Aruga et al. 1995; Brumelis et al. 2000; Liu et al. 2003; Singh et al. 2005; Shrestha & Kazama
2007; LI et al. 2009; Wu & Kuo 2012; Kim et al. 2015; Monica & Choi 2016; Powley et al.

2016; Ling et al. 2017).

e Cluster Analysis (CA)
The log-transformed and z-transformed data set was used for CA (Singh et al. 2009b).

The vertical dendrogram (Error! Reference source not found.Error! Reference source not
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found.) obtained from Ward’s method CA on normalized data set implies that the twenty-seven
sampling sites, based on their similarity, may be grouped stepwise into three at (Diink/Dmax) x 100
< 40. Similar method was used in other reports (Alberto et al. 2001; Shrestha & Kazama 2007,

Singh et al. 2009b).
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Figure 4-2 Dendrogram showing clustering of sampling sites of LAR

In this study, an assessment based on the local standard generally categorizes the river
WQ in the three clusters as polluted. However, the degree of pollution identified in all sampled
sites was not uniform. To account for the difference in relative pollution levels among the
sampled sites, the three clusters were given pollution rank based on methods observed in

different papers and ranges specified in .
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Singh et al. (2004) also obtained three clusters having similar characteristic attribute and
natural background source types. Singh ef al. (2004) then categorized the clusters based on land
use condition (such as the upstream as low pollution (LP), areas with various waste drains and
polluted tributaries as high pollution (HP), downstream part demonstrating WQ recovery due to
self-purification as medium pollution (MP). Similarly, Shrestha and Kazama (2007) categorized
three sites in the upstream and one site in the most downstream as relatively less polluted (LP).
They also categorized the sites with pollution from domestic sources and industries as high

pollution (HP). A similar approach was also noticed in another report (Wang et al. 2014).

In this study also, the pollution rank was specified in Table 4-3 based on LAR
appropriateness for a particular use. Its use is affected by the WQ status that is commonly caused
by the land use condition. LAR application includes irrigation activity. Because of this, pollution
rank was defined based on the river appropriateness for recreational purpose only (as medium

pollution) and for irrigation activity or no use at all (as high pollution).

Consequently, Cluster I is formed by three sampling sites (1, 2 and 18) representing the
most upstream part in G sub-city and a stream from Gefersa water supply dam sampled at
Mekanisa. This Cluster, based on Table 4-3 is designated as relatively Less Pollution (LP).
Likewise, Cluster II involves seventeen sampling sites (3, 4, 5, 7, 8, 10, 11, 15, 17, 19, 20, 21,
22,23, 25,26 and 27) and cluster III consists of seven sampling sites (6, 9, 12, 13, 14, 16 and
24). These Clusters are designated as Medium Pollution (MP) and High Pollution (HP)
respectively. In contrast, 85% of the sampling sites in this group (that is six out of seven
sampling sites in the cluster) are from the tributaries mostly in the densely populated sub-cities:

AK, L and K. Higher concentrations of TSS, T-NH3, T-N, T-P and PO4 were observed in group
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IIT as compared to Clusters I and II indicating the presence of increased sewage and detergent

discharge to parts of the river (Kundu et al. 2015).
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Table 4-3 Cluster pollution rank

Clusters

Average values for parameters (mg/L)

TSS

I 50.3
190.4
435.6

T-NH3 NO3

T-N T-P

7.9 2.5
24.6 34
51.7 0.5

1.3

Data Assessment Approach:

Direction:

POs TOC COD BOD DO EC*

5.5 6.5 49 24 7.9 0.5
31.6 17.8 2939

63.7 16.8  685.8 1.6

High local standard violation

Relative pollution rank based on parameters

average value:

Medium local standard violation Cluster I Less pollution

Within standard Cluster 11 Medium pollution

No local standard stated Cluster II1 High pollution
Parameter Local standard Medium pollution High pollution References
TSS, mg/L 50 150 - 300 >300 (DOE 2007)
T-NHzas N,mg/L. 0.2 0.9-2 >2.7 (DOE 2007)
NOs3 as N, mg/L 50 not applicable not applicable
NO2, mg/L 0.1 0.15-1 >1 (NEPA 1988)
T-N, mg/L 1 1.5-2 >2
T-P, mg/L 0.005 0.1-0.2 >0.2 (NEPA 1988)
PO4, mg/LL - not applicable not applicable
BOD, mg/L. <5 10-30 >30 (USEPA 2012)
DO, mg/L >4 2-4 <2 (DOE 2007)
EC, mS/cm 1 at 20°C 1-2 >2 (FAO 1976)

*unit: in mS/cm
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This clustering result allows data interpretation and monitoring of LAR using three
sampling sites to the minimum. Hence, cost of sampling and analysis can be minimized without
significantly losing information on the WQ variation of the river. Similar applications of such
approach to WQ analysis were observed in other reports (Singh et al. 2005; Shrestha & Kazama

2007; Singh et al. 2009b; Khan et al. 2015; Kundu et al. 2015).

e Discriminant Analysis (DA)

DA was used to know the most critical parameters in relation with variation between the
clusters. Primary data and three spatial groups obtained from CA were used in the DA. In this
case, WQ parameters were treated as independent while pollution groups were considered as
dependent variables. Classification matrixes (CM) in Table 4-4 show that 100%, 96.3 % and
85.2 % of the data points were correctly classified in the standard, forward as well as backward
stepwise modes, respectively. The standard DA approach constructs discriminant functions
(DFs) using fifteen parameters while it was only two and six parameters for backward stepwise

and forward stepwise modes, respectively.
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Table 4-4 Classification matrix for DA of spatial variation in LAR

Monitoring % Region assigned by DA
region Correct

C1 C2 C3
Standard DA mode
C1 100.0 3 0 0
C2 100.0 0 17 0
C3 100.0 0 0 7
Total 100.0 3 17 7

Forward stepwise DA mode

C1 100.0 3 0 0
C2 100.0 0 17 0
C3 85.7 0 1 6
Total 96.3 3 18 6
Backward stepwise DA mode

C1 100.0 3 0 0
C2 94.1 1 16 0
C3 57.1 0 3 4
Total 85.2 4 19 4

“l'includes stations (1, 2 and 18)
2 includes stations (3,4,5,7,8,10,11,15,17,19,20,21,22.,23,25,26 and 27)
©3 includes stations (6, 9,12,13,14, 16 and 24)
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In forward stepwise mode, pollutants such as NOs3, NO,, T-P, T-Alk., TOC and T were
found as insignificant variables indicating that these have less variation in terms of their spatial
distribution. Backward stepwise mode deleted least significant and discriminated two significant
variables (T-P and DO). These two parameters, with 85.2% correct assignation, are the critical
parameters useful to make distinction within the three pollution groups. This implies that
expected spatial WQ variation can be explained sufficiently using T-P and DO. Wilks' lambda
shows discriminatory capacity of functions for the partition of cases into groups. p-level < 0.05,
in this case shows that both functions are statistically significant. Similar approach was used for
WQ assessment in different reports (Alberto et al. 2001; Singh et al. 2005; Qadir et al. 2008;
Juahir ef al. 2011; Zheng et al. 2016; Bouguerne et al. 2017; Hajigholizadeh & Melesse 2017,

Taoufik et al. 2017).

Box and whisker plots of the discriminating parameters obtained from DA (backward
stepwise approach) are used to visually evaluate spatial WQ variation patterns. Similar trends of
spatial variations with inverse relationship were observed for DO and T-P in Figure 4-3. For
instance, cluster 3 has the highest mean TP value resulting in less than 1mg/L DO concentration.
Which may be because of consumption of DO resulting from increase in biological activity as a
result of high nutrient availability in this section of the River. Box plots with long whiskers at the
top of the box (as shown for DO and T-P in cluster 2) imply that underlying distribution is
skewed toward high concentration .On the other hand, box plots with large spread such as T-P in

cluster 3 imply WQ spatial variation.
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Figure 4-3 Box plot of the most discriminating parameters

In this regard, DO and TP had the highest mean value in cluster 3 and cluster 1,
respectively due to the inverse correlation effect. Unlike DO, higher concentration of T-P was
observed in cluster 3 in the downstream due to accumulated sanitary sewage, industrial discharge
and agricultural runoff. Generally, from the plots it can be realized that WQ deterioration

increased from cluster 1 to cluster 3 (Vega et al. 1998; Bilgin & Konang 2016).

e Principal Component Analysis

The correlation extent among parameters is important in data reduction process in PCA.
Component loadings are the linear combinations in each PC and explain the correlation between
the primary variables and the obtained components (Ouyang et al. 2006; Bilgin & Konang 2016).
In this study, the correlation among parameters was not predominantly strong, especially NO3
and NO; had relatively weak correlation with the rest of the parameters having coefficients less
than 0.326 (absolute value). While DO resulted in medium inverse correlation with PO4 (0.590),
TOC (0.505), BOD (0.622) and EC (0.507) due to partial oxidization of organic matter by

oxygen, it did not have strong correlation with any of the parameters (Vega et al. 1998). Some
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parameters had strong positive correlation. Coefficients of parameters that had strong correlation
with T-NHj3 are T-P (0.915), PO4 (0.885), COD (0.844), EC (0.771) and pH (0.768). In addition,
coefficients of parameters that had strong correlation with PO4 are TSS (0.887), T-NH3 (0.885),
T-P (0.891), COD (0.914), BOD (0.877) and EC (0.763). Moreover, coefficients of parameters
that had strong correlation with COD are: TSS (0.876), T-NH3 (0.844), T-P (0.808), PO4 (0.914)
and BOD (0.873) which is due to organic contamination related to domestic sewage (Vega et al.

1998; Armah et al. 2010).

Eigenvalue higher than unity means that a PC contains more information than one
original variable, offering opportunity for reduction of data dimensionality. The PCA analysis on
a normalized data resulted in four PCs (Table 4-5) with Eigenvalues >1 accounting for 81.9% of
the total WQ variation (Helena et al. 2000). 54.5%, 10.1%, 9.4% and 7.8% of total variance is
expressed by PC1, PC2, PC3 and PC4, respectively with corresponding eigenvalues of 8.18,
1.51, 1.41 and 1.17. As for PC1, the parameters demonstrating strong positive loading are TSS,
T-NH3; as N, T-N, T-P, PO4, COD, BOD and EC. While PC2 was with no parameters
demonstrating strong loading, PC3 has NOs with strong positive loading. Similarly, PC4 shows
NO; as a strong positive loading. Therefore, ten parameters are required to describe 81.9% of
WQ variations. The data reduction from the initial 15 parameters is just 33% and is not
considered significant. Varimax rotation was conducted on PCA components to minimize the

participation of less significant variables.
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Table 4-5 PCs loading for parameters

Particular Prin.1 Prin.2 Prin.3 Prin.4

TSS 0.87756 -0.23460 -0.15756 -0.00529
T-NH3 0.92129  0.26991 -0.02188 -0.00410
NOs3 -0.29332  -0.08140  0.84705 -0.25759
NO: -0.19001  0.10444  0.49776  0.77267
T-N 0.74857 -0.38446  0.19392  0.37448
T-P 0.90498  0.06342  0.00875  0.13243
PO4 0.97929 -0.06615 -0.03687 0.03723
T-Alk 0.31016  0.01330  0.41989 -0.54444
TOC 0.66729  -0.50649 0.17160  0.06687
COD 0.92741 -0.08079 -0.10469 -0.03067
BOD 0.87004 -0.20496 -0.20533 -0.12188
DO -0.58450  0.33965 -0.19899 0.13554
T° 0.72509  0.50381  0.00797  0.08372
EC 0.80070 0.27678  0.27386 -0.07978
pH 0.66017  0.67718  0.11227 -0.02399

Strong loading for parameters such as TSS, T-NHs, T-N, T-P, PO4, BOD, NOs-N, and
NO2 in PC1 (Table 4-5) can be mainly due to sewage and detergent discharge from domestic,
food and beverage processing industries and agricultural runoff from the peri-urban section of

LAR watershed. Consequently, odor is felt in many parts of the LAR due to the release of NHj3
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as an implication of organic matter decomposition. This makes the water harmful to aquatic life

and ill-suited for potable use (Wu & Kuo 2012; Kundu et al. 2015; Powley et al. 2016).

e Factor Analysis
Varimax rotation was done on PCA components to degrade the influence of variables
having limited significance. After varimax rotation, the number of parameters (Table 4-6) with
strong loading remained 10 in number maintaining the same data reduction capacity as PCA.
However, the loadings of parameters were changed after rotation. For example, EC loading
changed from 0.800 to 0.427 after rotation. PCA/FA was implemented to downsize data
dimensionality in different reports (Briimelis et al. 2000; Alberto et al. 2001; Qadir et al. 2008;

Singh et al. 2009b; Bhuiyan ef al. 2011; Jung et al. 2016).

LAR WQ is affected due to pollution from industrial plus domestic sources. Therefore,
this study takes these sources as the common pollution factors. In this regard, for Factor 1,
component matrix (Table 4-6) dictates that, T-N, TOC, TSS, PO4, BOD, COD, T-P and DO
belong to VF1 which can be due to the presence of sewage and detergents. Consequently, it can
be labeled as domestic pollution factor. The biodegradation of these organic matters causes
concentrations of waterborne BOD, DO, and T-NH; (Chapman 1992b; Vega et al. 1998;
Shrestha & Kazama 2007; Wu & Kuo 2012). Likewise, DO utilization for the disintegration of
organic materials is shown by the negative DO loading in VF1 (Singh et al. 2004). Also, T-NH3
(caused by the decomposition of organic matter) and TN as the significantly high loading
variables indicate domestic sewage discharge in the river (Shrestha & Kazama 2007; Wu & Kuo

2012).
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Table 4-6 Rotated component matrix

Component
Particulars
VF1 VF2 VEF3 VF4
T-N 873
TOC 847
TSS 794 381
PO4 776 584
BOD 750 395 -.351
COD 732 534
T-P .653 .637
DO -.652
pH 949
T° 854
T-NH3 510 801
EC 427 747
NO2 942
NOs3 864
T-Alk .636

EC, pH and T° loads heavily on Factor 2 with low loading on Factor 1. Moreover,
correlation between pH and EC (0.755) and EC and T (0.644) is strong (greater than 0.5). In this

aspect, electrical conductivity measurements attributable to the influx of salts serve as a useful
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indicator of industrial pollution (Webster 1995; Florescu et al. 2011). Therefore, Factor 2 can be

labeled as industrial pollution factor.

4.2. Water Quality Index

4.2.1. CCME-WQI

Raw data of LAR was used for CCME-WQI determination. The indices obtained are
presented in Figure 4-4. It shows that, except one in the river headwater, the rest (96.3%) fall
entirely in the poor WQ category. Consequently, the WQ is considered as impaired and that
usually departs from desirable levels. For the purpose of comparison, no previous WQI analysis
on LAR was observed. However, this result is in line with other reports indicating LAR WQ
deterioration (Van Rooijen et al. 2010; Weldegebriel et al. 2012). The headwater, on the other
hand, was of fair quality but degraded due to streams coming from residential sources. Lack of
strict increment in WQ degradation in the downstream direction could be the result of abstraction
for urban irrigation, pollution sources with different flowrates and variation in concentration in

the different sources (Whitehead ez al. 2009).
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Figure 4-4 Water Quality Index based on CCME for LAR
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Figure 4-5 (a) generally shows inverse relationship between BOD and WQI. Also, the
trend line equation and R? values in Figure 4-5 (b) indicate weak relationship between the two.
However, the graphs indicate the importance of BOD as an important WQ parameter. Its use as
an instrument for the control of dischargers was observed in different papers (Burn & Lence

1992; Carmichael & Strzepek 2000).

Population density is related to pollution of rivers and streams in urban areas (Chen et al.
2016). Figure 4-5 (c¢) shows the impact of population density on WQI of LAR. The figure
reveals opposite trend between WQI and population density. This implies the likelihood of WQ
deterioration because of population growth. However, the inverse relationship between WQI and
population density is not very strong as can be seen from Figure 4-5 (d) and an R? value of
0.022. In addition, stronger inverse relationship is observed between BOD and WQI than

population density with WQI.
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4.2.2. Water Quality Index based on Artificial Neural Network

The model results improved when run using logsig activation function for the hidden
layer with purelin at the output layer. Figure 4-6 (a-d) show the performance of the model
against layers and neurons number in the hidden layers. In this case, although there is no clear
pattern in the relationship, performance of ANN generally improves with lower number of
hidden layers. Moreover, number of neurons that is a little greater than the number of layers
improves the performance. In this regard, eight layers and fifteen neurons were found as the most
optimal combinations.

The performance of the modeling was analyzed using Root Mean Square Error (RMSE),
Mean Square Error (MSE) and R2. Table 4-7 shows some of the of the model runs with good
performance. From this, ANN3 model architecture (Hidden layers: 8 and Hidden neurons: 15)
with values of RMSE: 1.97, MSE: 0.07 and R* 0.93 provided the best result. The values
generally indicate that ANN can successfully model CCME-WQI data. Similar approach was

observed in other reports (Singh et al. 2009a).
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Table 4-7: ANN model prediction performance

ANN
NN
RMSE | MSE | R? Learning
Predictions R Layers | Neurons
Function
ANNI 4.62 1.77 0.62 | 0.9528 4 10 Learngdm
ANN2 4.70 4.15 0.60 | 0.9969 3 15 Learngdm
ANN3 1.97 0.07 0.93 | 0.9993 8 15 Learngdm
ANN4 3.63 0.01 0.87 | 0.9986 4 20 Learngdm
ANNS 4.64 4.15 0.61 |0.9949 12 15 Learngd
ANNG6 4.59 4.15 0.75 1 0.9917 14 25 Learngd

4.3. Q2Kw Simulation Model

4.3.1. Calibration and Verification

The calibrated parameter values in the model are presented in Error! Reference source
not found.. These ranges of model rate parameters, required by Q2Kw, were obtained from
various literatures (Kannel et al. 2007b) including: Environment Protection Agency (EPA)
guidance document (USEPA, 1985b), Q2Kw user manual (Pelletier & Chapra 2005) and

documentation for the enhanced stream WQ model Q2E and Q2E-UNCAS (Brown & Barnwell

1987).
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Table 4-8 List of Rate Parameters and respective Calibration Values

Parameter | Value | Units Min value | Max value
Inorganic suspended solids:

Settling velocity | 0.382 | m/d 0 | 2
Oxygen:

User reaeration model parameter A 5.262 3 6
User reaeration model parameter B 0.9245 0.5 1
User reaeration model parameter C -1.78735 -1.85 -1.5
Slow CBOD:

Hydrolysis rate 0.0982 | /d 0.05 0.25
Temp correction 1.047 1 1.07
Oxidation rate 3265 | /d 0 5
Temp correction 1.047 1 1.07
Fast CBOD:

Oxidation rate 385 |/ 0 5
Temp correction 1.047 1 1.07
Organic N:

Hydrolysis 0.17975 | /d 0.05 0.3
Temp correction 1.07 1 1.07
Settling velocity 0.6662 | m/d 0.05 2
Ammonium:

Nitrification 1.7079 | /d 0.05 3
Temp correction 1.07 1 1.07
Nitrate:

Denitrification 0.626 | /d 0 2
Temp correction 1.07 1 1.07
Sed denitrification transfer coeff 0.936 | m/d 0 1
Temp correction 1.07 1 1.07
Organic P:

Hydrolysis 0.171 | /d 0.05 0.3
Temp correction 1.07 1 1.07
Settling velocity 0.3503 | m/d 0.05 2
Inorganic P:

Settling velocity 1.292 | m/d 0 2
Sed P oxygen attenuation half sat constant 0.73 | mgO,/L 0 2
Detritus (POM):

Dissolution rate 0.4766 | /d 0.05 0.5
Temp correction 1.07 1.07 1.07
Settling velocity 0.87485 | m/d 0.05 2
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The dissolved oxygen in the LAR is below 2mg/L nearly all of the twenty seven sampled
sites except two in the upstream. Moreover, the River has foul odor and grey to dark color. It
shows that oxygen supply, against the deoxygenation, is insufficient to keep the river under
aerobic condition (Rowe, 1995). As a result of this, the condition of the river can be categorized
as anaerobic. Under this condition hydrogen sulfide, methane and carbon dioxide are released to
give the river unpleasant smell (Rao, 2002). Continuous sewage discharge into the River,
biological oxygen demand and turbidity create septic condition (McKinney, 2004; Caduto, 1990
#791). In this consideration, due to significant anaerobic condition of the River, the
phytoplankton and bottom algae rate parameters were disregarded among the calibration rate
parameters in the QUAL2Kw model. In this regard, reaeration was considered as the main re-

oxygenation mechanism that is used by LAR.

The calibration results based on four selected calibration-parameters (DO, BOD, TP and
TN) at ten monitoring locations in ten reaches are shown in Figure 4-7. The horizontal axis of
each graph indicates the distance (km) upstream of the mouth of the canal (distance Okm is
downstream end). The model calibration results are in well agreement with the measured data,
with some exceptions. R? values 0.91, 0.90, 0.81 and 0.89 of DO, BOD, TP and TN, respectively
indicate the effectiveness and interrelationships between the observed and simulated values. For
instance, Kannel et al. (2007a) and Sharma et al. (2015a) considered R? value that is greater than
0.5 as acceptable especially for the developing countries where the financial resources are often

limited for higher accuracy data analysis and frequent monitoring campaigns.

Similar to calibration results, the calibrated model resulted in acceptable agreement
between measured wet season data and model prediction (Figure 4-8). In this regard, the model

was run under different WQ conditions, but without changing the calibrated parameters. And the
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R? values obtained between the simulated and observed values of DO, BOD, TN and TP are
0.98, 0.82, 0.77 and 0.75, respectively. Attending to this good agreement, the model can be used

to test

different scenarios in a general strategy to understand the river response to different pollution

loads. Similar approach was also observed in other reports (Oliveira et al. 2012).
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4.3.2. Sensitivity analysis
Sensitivity analysis is crucial to quantify the error associated with the variation of the parameters
of greater importance and to evaluate the model robustness. Moreover, sensitivity analysis allows
to understand the parameters to which the model is more sensitive and more effort should be
applied in order to precisely determine those parameters (Oliveira et al. 2012). The sensitivity
analysis has been done to identify the parameters having maximum influence on the significant
parameters: DO, BOD, TP, and TN output. The analysis was performed by varying the values of
the rate parameters, Manning’s n factor and flowrates while keeping all other parameters
constant. It was found that the model was highly sensitive to point source flow, Manning’s n,
InorgP Settling velocity and Sed denitrification transfer coeff. Similar approach was observed in

other reports (Kannel ez al. 2007b) (Sharma et al. 2015a).

The results of the sensitivity analysis are presented in Table 4-9 where it is seen that the
DO model is highly sensitive to Manning’s n and Sed denitrification transfer coeff. BOD is
significantly sensitive to point source flow, InorgP Settling velocity, OrgP Settling velocity,
Denitrification and Sed denitrification transfer coeff. The TN concentration is primarily affected
by point source flow, InorgP Settling velocity and Periphyton Basal respiration rate. Whereas TP
concentration is impacted by point source flow, InorgP Settling velocity, Manning’s n, Sed
denitrification transfer coeff and HTS Respiration rate. Other reports with similar approach

include (Sharma et al. 2015a).
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Table 4-9 Sensitivity analysis results

Degree of DO BOD TN TP
Parameter parameters degree of disturbance due to

variation parameters variation
Point source flow 20% 0.68% |20.18% | 19.46% | 17.00%
InorgP Settling velocity 20% 0.64% | 1.78% | 2.68% | 1.57%
OrgP Settling velocity 20% 0.67% | 1.45% | 0.70% | 0.65%
Denitrification 20% 0.28% | 1.19% | 0.90% | 0.94%
Sed denitrification transfer
coeff 20% 1.44% | 1.01% | 0.70% | 1.07%
Periphyton Basal respiration rate 20% 0.18% | 0.98% | 1.30% | 0.87%
Mannings n 20% 6.65% | 091% | 0.84% | 2.09%
HTS Respiration rate 20% 0.43% | 0.79% | 0.99% | 1.06%
CBODslow Hydrolysis rate 20% 0.26% | 0.52% | 0.47% | 0.59%
Oxygen inhib parameter CBOD
oxidation 20% 0.24% | 0.50% | 0.25% | 0.22%
OrgN Settling velocity 20% 0.61% | 0.46% | 0.47% | 0.39%
Periphyton Death rate 20% 0.43% | 0.46% | 0.35% | 0.50%
HTS Death rate 20% 0.65% | 0.32% | 0.40% | 0.68%
Reaeration user model
parameter A 20% 0.59% | 0.29% | 0.07% | 0.34%
OrgP Hydrolysis 20% 0.60% | 0.28% | 0.35% | 0.51%
OrgN Hydrolysis 20% 0.30% | 0.16% | 0.36% | 0.23%
Nitrification 20% 0.43% | 0.04% | 0.15% | 0.09%
CBODfast Oxidation rate 20% 0.11% | 0.04% | 0.08% | 0.03%
Periphyton Max Growth rate 20% 0.70% | 0.02% | 0.11% | 0.17%
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4.4. Multi-objective Waste-load Allocation Model
The ongoing effort to address the pollution problem of LAR requires a combination of
regulatory and technical tools. In this regard, this study aims to show usefulness of SO based
WLA models for the WQ management of LAR. Especially, such models assist environmental
agencies in the WQ decision making process. Application of similar models to realistic systems
was observed in other papers (Yandamuri et al. 2006; Cho & Lee 2014). The proposed two

models, in this study, are cost-performance (CP) and cost-equity-performance (CEP) models.

4.5. Cost-performance model
This model takes cost of waste treatment and performance measures as objective function and
constraint respectively. In this aspect, implementation of the Q2Kw - GA model retains those
runs with the least possible treatment cost and least violations of specified standards. Violation
of standards is expressed as number of violations, magnitude of total violations and magnitude of

maximum violations at the WQ checkpoints.

The Pareto-optimal front describing the cost-performance trade-off for DO, BOD, TN
and TP are presented in Figure 4-9 (a) - (d). In these trade-off curves, the two extreme points
stand for the Maximum Performance (MP) and the Least Cost (LC) pareto-optimal solutions.
The midpoint represents compromise (CM) solution. This approach was observed in other

reports (Yandamuri ef al. 2006).
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Figure 4-9 Cost-performance trade-off graphs

The decision maker at the relevant authority can make decisions based on DO, BOD, TN,
TP performances and corresponding treatment cost. For example, a desired DO performance
increase from 3.6 mg/L to 5 mg/L on average requires 50% WL reduction (treatment cost
equivalent). Furthermore, the decision process can look into treatment cost effects as a result of
better DO, BOD, TN and TP performances. As such, the trade-off curves can help environmental

decision making under conditions of budget constraints and desired performance measures.
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3.2 Cost-equity-performance (CEP) model

This model considers cost and equity as objective functions while performance measures
is taken as constraint. Figure 4-10 shows selected representations of CEP model. In these
graphs, various combinations of treatment cost, performance measures and equity measures are
represented for DO, BOD, TN and TP. These trade-off curves allow the decision maker to arrive
at optimal solutions without seriously affecting interests of dischargers. In this way, fairness
among dischargers can be ensured, in addition to improvement in WQ and reduction in treatment

cost.

A desired 5 mg/L average oxygen concentration requires about 87% WL reduction with 0.73
equity measure. However, in the case of industries, cost burden for waste treatment is usually
worrisome especially those under budget constraint condition. This will lead the decision maker
to search for a compromised solution. For instance, a decision to lower this WL by 40% results
in a 3.6 mg DO/L and that violates the standard. In such a way, the approach can be used to
select a compromise solution using the trade-off curves. Moreover, the environmental agencies
can make their analyses and decisions based on the remaining parameters such as TP, BOD and

TN.

Furthermore, effect of WL reduction on the overall environmental performance can be
considered. In this regard, overall WQ improvement due to concentration reduction of all
parameters is considered. This analysis is illustrated in Figure 4-11. For example, a 0.5 WL
reduction results in an overall performance of 5.4. The same WL reduction results in 4.1 mg/L of
DO. Environmental decision based on this approach can be improved by examining performance

of the separate parameters for the desired overall performance.
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4.5.1. Model’s Applicability to the Local Condition

Similar to suggestion for developing countries (Hranova 2006a), the practical
implementation of the WLA modeling in Ethiopia for the purpose of River management can be
considered for impaired large rivers (i.e., rivers that are not based on effluent discharge).
However, due to extensive data requirement (that is collected on regular monitoring programs) of
these approaches, its consideration as a management tool is not possible in the near future. Data
base organization and capacity building aimed at future application of models as management

tools is important for improving WQ of impaired waters in Ethiopia .
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5. CONCLUSIONS AND RECOMMENDATIONS

5.1. Conclusions

The data from LAR was subjected to CA, DA, PCA and FA to recognize spatial pollution
pattern, identify discriminating parameters, reduce data dimensionality and investigate the latent
factors. The general grouping of 27 sampling sites for LAR based on Ward’s method came up
with three clusters: Cluster I grouped together relatively least polluted water from the upstream
and a major tributary to LAR having its source from Gefersa Dam. Cluster II contains nearly
63% of the sampling sites with a relatively medium pollution level, and Cluster III groups three
streams coming from the heavily inhabited areas with high level of commercial activity in the
AK, L and K sub-cities. The DA resulted in 85.2% correct assignation with two parameters: T-P
and DO. Although PCA/FA data dimensionality reduction was not significant, from the original
parameters of sixteen to ten with 81.9% of data variability explained, the methods revealed the
situation in LAR pollution patterns. Strong PCA/FA loadings for ten parameters such as TSS, T-
NH3, T-N, T-P, PO4, BOD, NOs-N, and NO; can be mainly due to sewage and detergent
discharge from domestic, beverage and food processing industries and agricultural runoff from
the peri-urban section of LAR watershed. The odor from the river was due to T-NH3, which was
released by the disintegration of organic matter. Moreover, FA identified domestic and industrial
waste discharges as the common causes for pollution problems of LAR. The results obtained
from the multivariate analysis indicate that CA, DA, PCA and FA can be used to systematically

assess the WQ variation of LAR economically with limited resource and effort. To this end,

125



three sampling sites, instead of twenty-seven, one from each cluster, and ten significant

parameters, instead of fifteen, can be employed to characterize LAR WQ.

WQI was determined based on CCME-WQI method using local discharge standards and
data collected during 2015 (November/October) and 2017 (January/February). The result
obtained summarizes LAR WQ as generally poor. This rank, according to CCME WQI
interpretation, categorizes LAR as impaired. Considering lengthy calculation requirement of
WQI determination, a validated ANN model was applied successfully for WQI determination of
LAR. ANN optimal model resulted in acceptable prediction with RMSE, MSE and R? values of
1.97, 0.07 and 0.92 respectively. Therefore, it is concluded that CCME-WQI can be used to
summarize LAR WQ status in a way that is easy to understand for policy makers and the public.
In addition, to minimize time and effort burden of repeated WQI determination, a modelling

approach based on ANN (parametric model) can be employed successfully for acceptable results.

In this study, Q2Kw was calibrated, validated and a sensitivity analysis was done for
LAR based on simulated parameters such as: DO, BOD, TN and TP. During sensitivity analysis,
20% increase in values of parameters such as point source flow and Manning’s n did not result in
significant WQ improvement of LAR. This indicates that a higher degree of effort is required for
better WQ result. The R? values of DO, BOD, TN and TP obtained after calibration: 0.91, 0.90,
0.81 and 0.89; and those after validation: 0.98, 0.82, 0.77 and 0.75, respectively indicate that the
performance of Q2Kw model is satisfactory and the model can be applied successfully to

generate future scenarios for the study area.

The results obtained from the application of optimal MO-WLA models on LAR
demonstrate the importance SO models for a sustainable WQ decision making. The factors

considered in these proposed models (i.e., cost-performance and cost-equity-performance) such
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as treatment cost, equity and performance measures consider economic, social and
environmental concerns. Thus, this feature is useful in addressing pollution problems fairly in
various land use conditions and under budget constraint. Particularly, the cost-performance
model outputs show the need to consider budget constraints in specifying desired performance
measure. This model fails to consider equity as a factor. Hence, it may not be appropriate for
conditions with uneven discharge from polluters. On the other hand, cost-equity-performance
model can be used for such cases. The trade-off curves from the cost-equity-performance model,
for a specified WQ performance, treatment cost increases with increased equity among
dischargers. Here, the trade-off curves present the environmental agency with the opportunity of
finding compromised solutions. Therefore, the approach is useful for sustainable WQ decision

making.

5.2. Significance of the Work for Rehabilitation of the LAR
The most important issues related to the Little Akaki River are deteriorating water quality, poor
water quality monitoring and control, indiscriminate domestic and industrial waste disposal,
inactive public participation and low awareness. Rehabilitation works aimed at improving the
water quality condition of the River and its surrounding require approaches that can cope up with
the complexities and shifting pollution conditions. To this end, this work can be used: to increase
public participation through information about the River condition using WQI, and to achieve
economical and regular monitoring activity using CA and PCA. Moreover, this work can be
helpful in decision making during water quality assessment and control schemes using

QUAL2Kw-Genetic Algorithm based simulation-optimization model.
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5.3. Recommendations for Future Work
In this study, the recommendations for future work are:
e  WAQ assessment of sewer networks for pollution sources identification and solution
proposal.
e Assessment of other regulatory approaches other than the existing discharged based

approach
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APPENDIX I: METEOROLOGICAL DATA

(Original data obtained from National Meteorology Agency, Data collected from: Addis Ababa observation station, 2,386m amsl,
(38.7475, 9.01891)).

A. Mean Precipitation Data (mm)

Year 2015 2016 2017
Month 01 | 02 | 03 04 05 06 07 08 09 10 |11 |12 | 01 02 03 04 | 05 | 06 07 |08 |09 |10 |11 12 {01 |02 |03 |04 | 06 07

110000 0.0 0.0 0.0 0.6 12.6 0.0 29 | 00 | 00 ] 0.0 0.0 0.0 0.0 38 | 123 0.0 7.1 12 2.0 3.0 0.0 | 00| 00 0.0 0.0 0.0 0.0 0.4
2 100 )00 0.0 0.0 0.0 0.0 32 4.3 0.7 | 0.0 | 00 | 0.0 0.0 0.0 0.0 12 | 156 0.0 [ 11.6 4.0 54 0.0 0.0 | 19 ] 00 0.0 0.0 0.0 0.0 | 344
310000 0.0 0.0 0.0 0.0 12 2.0 0.0 | 0.0 | 00 | 0.0 0.0 0.0 15 34 0.0 0.0 2.6 1.1 3.7 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 2.8
4 100 |00 0.0 0.0 2.1 0.0 0.5 2.0 80 | 00 | 00 | 0.0 0.0 0.0 [ 11.0 0.0 0.0 2.0 9.0 8.0 0.0 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 | 140
510000 0.0 0.0 2.1 0.0 3.0 0.0 87 | 00 | 33 ] 00 0.0 0.0 0.0 0.0 | 111 412 0.0 | 148 0.0 0.0 0.0 | 00| 00 0.0 0.0 0.0 0.7 7.2
6 | 00|00 0.0 0.0 1.8 0.0 5.8 4.2 0.0 | 00 | 27 ]| 0.0 0.0 0.0 | 103 | 12.8 | 21.2 0.0 82 | 112 0.0 0.0 0.0 | 00| 00 0.0 0.0 0.0 0.0 | 38.1
7100 ] 00 0.0 0.0 1.0 5.1 04 | 478 | 00 | 0.0 | 00 0.0 0.0 22 | 15.0 5.6 3.2 46 | 47.7 4.3 0.0 0.0 | 00| 00 0.0 0.0 0.0 0.0 4.0
8 100 |00 0.0 0.0 | 14.2 0.0 18 | 171 128 | 00 | 0.0 | 00 0.0 0.0 3.6 0.0 0.0 2.2 44 | 164 12 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 2.2
9 100 )00 0.0 0.0 5.2 0.0 145 | 144 451 00 | 1.7 | 00 34 0.0 | 125 0.0 3.2 13 | 116 33 6.2 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 0.0
10 | 0.0 | 0.0 0.0 2.9 7.0 14 9.6 1.7 1 00 | 0.0 | 00 | 197 0.0 2.3 6.5 4.0 0.9 93 | 170 0.0 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.6 | 232
11 1 00 | 0.0 0.0 0.0 0.0 0.9 10.5 0.0 0.8 | 0.0 | 00 ] 0.0 2.6 0.0 0.0 0.0 | 20.2 0.0 9.8 | 156 | 14.6 6.3 0.0 | 00| 00 0.0 0.0 0.0 35 6.2
12 1 0.0 | 0.0 0.0 0.0 0.0 7.5 35 | 113 20 | 00 | 00 ] 0.0 3.8 0.0 0.0 9.0 0.0 0.0 2.2 6.0 0.7 1.7 0.0 | 00| 00 0.0 0.0 0.0 1.0 3.8
13 1 0.0 | 0.0 0.0 0.5 0.0 0.0 16.8 88 | 119 | 00 | 0.0 | 00 0.2 0.0 0.0 | 157 | 11.8 0.0 35 0.0 8.8 0.0 0.0 | 00 | 00 | 193 0.0 0.0 0.0 5.5
14 | 0.0 | 0.0 0.0 | 116 0.0 0.0 23 | 163 102 | 00 | 00 | 00 | 197 0.0 0.0 8.3 0.0 3.7 28 | 177 0.0 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 33
Date 15 1 0.0 | 0.0 0.0 0.0 0.0 0.1 13.4 0.0 0.0 | 0.0 | 00 | 0.0 0.7 0.0 0.0 | 12.0 0.0 9.2 0.0 0.1 1.1 0.0 0.0 | 00 | 00 0.0 0.0 0.4 0.0 13
16 | 0.0 | 0.0 0.0 0.0 0.0 | 16.9 17 | 323 04 | 00 | 00| 00 0.4 0.0 0.0 13 0.0 | 102 | 102 2.0 0.0 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 37
17 1 0.0 | 0.0 0.0 0.0 0.0 3.0 13.2 | 226 14 ] 00 | 0.0 | 00 0.0 0.0 0.0 0.0 [ 11.6 | 150 5.7 33 0.7 0.0 0.0 | 00| 00 0.0 0.0 0.0 0.7 | 36.7
18 | 0.0 | 0.0 0.0 0.0 0.0 0.0 54 | 240 59 | 00 ] 00 | 00 0.0 0.0 0.0 34 | 132 7.1 7.7 | 234 1.7 0.0 0.0 | 00| 00 0.0 0.0 0.0 44 35
19 | 0.0 | 0.0 0.0 0.0 0.0 3.8 0.0 | 26.0 0.0 | 00 | 00 ] 0.0 0.0 0.0 0.0 0.5 0.0 7.3 35 86 | 15.2 0.0 0.0 | 00| 00 0.0 4.8 0.0 0.0 | 23.0
20 | 0.0 | 00 0.0 0.0 12 18.1 | 33.1 0.0 | 00 | 00 | 0.0 0.0 0.0 0.0 4.0 0.0 | 123 | 120 0.5 4.8 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.1 4.8
21 | 00 | 00 | 128 0.0 0.0 2.8 47 7.5 166 | 00 | 0.0 | 00 0.0 0.0 0.0 0.0 0.0 58 | 11.8 37 1.0 4.5 0.0 | 00 | 00 0.0 0.5 0.0 1.0 32
22 | 0.0 | 00 35 0.0 25 | 216 33 6.0 42 ] 00 | 00 | 00 0.0 0.0 0.7 0.0 0.0 6.2 2.5 5.6 0.0 0.0 0.0 | 00 | 00 0.0 0.0 0.0 0.0 2.7
23 | 0.0 | 00 9.8 0.0 21.0 | 204 7.4 70 | 00 | 00 ] 0.0 0.0 0.0 03 8.3 0.0 8.2 0.5 58 | 123 0.0 0.0 | 00| 00 0.0 2.3 0.0 2.7 2.2
24 | 0.0 | 00 0.0 0.0 21 | 225 85 | 228 0.0 | 00 | 00 ] 0.0 0.0 | 121 0.0 2.3 0.0 0.8 40 | 126 0.1 0.0 05 | 00| 00 0.7 | 11.7 0.0 12.1 5.0
25 | 0.0 | 00 1.1 0.0 | 126 | 22.5 3.1 0.0 0.0 | 00 | 00 ] 0.0 0.0 0.0 0.0 0.7 29 | 152 7.0 9.4 34 0.0 0.0 | 00| 00 0.6 0.0 0.0 32 9.1
26 | 0.0 | 00 0.0 0.0 | 27.6 | 23.0 45 0.2 0.0 | 0.0 | 0.0 | 01 0.0 0.0 2.2 2.7 0.0 0.2 48 | 373 1.5 0.0 0.0 | 00 | 00 0.1 0.0 0.0 2.6 35
27 | 0.0 | 00 0.0 0.0 0.5 | 205 1.1 0.3 0.0 | 0.0 | 00 | 0.0 2.5 0.0 13 2.3 0.0 | 100 | 179 0.3 0.0 0.0 12 | 0.0 | 0.0 0.0 6.5 0.0 7.2 5.6
28 | 0.0 | 00 0.0 0.0 15 | 194 6.8 1.1 14 ] 00 | 0.0 | 00 6.8 0.0 0.0 0.0 0.0 7.1 1.8 7.6 0.0 0.0 19 | 0.0 | 0.0 0.0 0.6 8.0 6.2 3.8
29 | 0.0 0.0 0.0 | 30.1 | 23.0 9.3 0.0 0.0 | 00 | 00 ] 0.0 0.0 0.0 0.0 | 12.0 0.0 4.0 3.0 0.0 | 13.0 0.0 0.0 | 00| 00 102 | 17.3 13.0 | 35.0
30 | 00 0.0 0.0 0.0 2.6 17.0 3.2 0.0 | 00 | 00 ] 0.0 0.0 0.0 0.0 | 11.6 0.0 | 142 2.2 0.2 | 401 0.0 0.0 | 00 ] 00 0.0 8.0 5.5 1.8
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B.

Mean Relative Humidity Data (%)

Year 2016 2017 2018
Month 01 02 04 04 05 06 07 08 09 10 1 12 01 02 03 05 06 07 08 09 10 m 12 01 02 03 04 06 07 08 09
Date 378 310 390 380 378 60.8 723 705 69.5 66.5 583 478 50.0 623 385 775 493 555 708 795 80.8 350 538 323 383 410 41.0 530 59.0 795 743
2 363 343 338 40.8 44.0 69.3 61.3 770 57.5 51.0 62.5 49.8 37.0 56.8 39.5 68.0 46.3 59.0 70.8 80.5 623 40.0 68.0 283 45.0 37.8 43.0 56.0 68.3 67.3 74.5
3.0 36.0 303 278 43.8 51.5 55.5 723 76.0 548 59.0 515 48.0 56.8 39.5 47.5 63.5 52.3 51.0 75.5 82.0 45.5 350 423 288 48.8 385 42.5 50.0 835 703 79.5
4.0 39.0 27.5 24.5 423 60.8 37.0 70.0 71.8 58.8 46.5 56.8 458 54.3 48.3 54.8 54.5 52.3 53.5 718 60.8 48.5 36.8 36.8 288 533 37.5 42.0 50.3 80.3 68.8 81.0
5.0 48.5 333 345 413 69.8 388 713 76.5 79.8 53.0 67.8 48.8 513 44.5 53.0 55.3 61.8 53.0 ## 455 49.5 40.5 353 29.0 45.0 355 42.5 58.0 770 740 78.0
6.0 49.8 29.3 35.0 62.8 69.0 38.8 59.7 73.0 68.0 57.0 71.0 478 50.3 48.8 52.8 68.0 61.8 58.3 75.0 49.5 48.0 52.8 383 23.0 45.0 383 37.0 483 783 60.5 823
7.0 54.0 39.0 0.0 395 720 59.0 627 823 67.5 60.5 69.8 60.3 48.5 450 518 713 68.8 66.5 82.5 56.5 45.5 413 398 283 45.3 325 43.8 50.3 76.5 81.0 79.5
8.0 49.0 325 353 25.0 82.0 56.3 71.7 74.0 740 48.0 60.5 47.0 46.3 52.8 61.3 59.0 73.0 52.5 83.8 73.0 49.5 47.0 430 213 483 423 423 54.0 85.5 86.3 70.5
9.0 52.3 340 343 40.3 775 53.5 79.0 68.0 748 523 553 62.3 483 55.5 59.0 63.5 57.8 56.5 80.3 62.8 50.8 52.0 40.0 26.5 325 348 44.0 528 740 84.5 708
10.0 48.0 305 348 453 79.0 62.8 59.3 76.8 728 55.5 48.5 748 56.3 48.5 61.3 833 62.8 458 843 65.0 44.8 46.3 393 278 298 333 348 54.0 705 84.8 833
11.0 55.3 36.0 38.5 338 64.0 0.0 42.0 61.8 66.5 55.0 53.0 59.8 59.3 46.5 43.0 85.0 54.0 46.5 74.8 65.3 68.5 36.5 42.0 273 335 37.0 383 64.0 79.0 815 78.5
12.0 623 325 44.0 398 56.8 66.8 63.7 61.5 66.5 520 528 55.0 69.0 46.0 428 64.0 47.3 61.3 743 64.8 70.5 44.5 433 28.0 36.5 325 375 60.5 775 76.8 56.3
13.0 56.8 403 403 56.8 54.8 58.8 69.3 67.3 66.8 48.0 60.0 56.3 80.5 428 37.3 60.0 48.0 60.3 65.3 713 51.5 40.3 458 30.5 513 373 40.3 54.3 783 78.0 53.0
14.0 493 40.5 41.5 51.8 45.5 60.5 67.0 57.3 51.0 46.5 42.0 64.5 703 515 340 493 793 58.5 708 67.5 55.8 313 388 26.5 69.3 348 380 49.8 79.0 75.5 81.0
o 15.0 44.5 44.5 35.0 66.0 44.0 58.5 59.7 79.5 62.0 45.0 42.5 60.3 67.5 41.0 355 42.0 63.0 54.3 76.5 53.3 463 383 37.5 313 533 31.0 403 493 62.8 738 725
® 16.0 44.5 493 288 36.5 41.5 64.5 75.0 64.5 58.0 46.5 89.0 60.8 63.5 435 355 383 56.8 60.0 61.3 63.5 51.0 44.8 45.0 285 52.0 328 380 47.0 66.8 715 713
= 17.0 478 50.8 33.8 44.0 478 63.3 61.0 75.0 76.0 493 47.5 55.0 748 478 41.0 60.3 72.8 54.8 75.0 70.0 413 423 48.5 275 51.0 36.5 33.5 50.0 753 723 815
18.0 52.3 42.8 343 42.8 40.0 60.5 70.7 770 68.3 520 46.5 50.5 63.8 458 433 65.0 86.0 57.5 80.0 733 433 44.8 48.0 288 56.3 410 370 53.0 69.3 68.5 81.5
19.0 57.8 39.0 40.0 433 36.0 63.3 63.3 76.8 60.0 46.8 52.8 53.3 52.8 458 430 69.3 72.5 53.5 86.0 67.8 50.5 42.0 46.5 278 62.3 458 39.8 62.0 69.3 743 75.5
200 59.8 42.5 53.0 44.0 303 62.5 45.7 720 515 478 48.8 513 54.3 380 59.5 52.3 653 68.8 81.8 69.3 45.8 20.5 455 348 55.8 48.5 43.8 523 793 68.0 83.8
21.0 25.5 49.5 0.0 363 345 673 49.0 65.5 61.5 47.5 46.0 54.5 59.3 38.5 388 54.0 76.8 64.5 70.0 64.0 46.3 44.5 51.8 355 41.0 453 39.0 48.3 76.8 63.8 76.3
22.0 50.8 48.5 36.3 41.5 58.3 68.8 70.0 59.5 718 54.0 473 52.3 533 355 41.5 49.0 62.0 50.8 64.5 55.0 57.0 44.5 57.8 33.8 39.0 48.8 41.5 493 715 720 733
230 48.5 40.0 643 315 60.8 68.0 743 66.0 62.5 50.3 50.5 440 46.0 36.3 528 58.8 57.3 58.8 730 62.8 53.0 46.8 36.5 333 40.0 54.5 330 513 79.0 778 778
24.0 45.0 47.5 53.3 320 0.0 74.5 76.7 69.8 59.3 46.8 438 49.3 39.5 56.3 37.0 62.8 80.0 53.8 715 713 483 55.0 34.8 30.8 515 56.3 38.8 66.8 67.5 66.0 69.0
250 41.5 48.5 55.3 423 69.8 68.0 68.3 83.0 61.0 453 578 60.0 440 62.8 54.3 67.0 81.0 533 78.0 713 44.5 57.3 46.8 36.3 57.3 52.3 45.5 70.5 775 783 70.5
26.0 45.5 50.8 46.0 46.8 55.3 73.8 61.7 74.0 58.0 52.8 423 65.5 49.8 63.0 46.5 64.8 78.8 55.0 67.0 66.3 423 66.3 37.5 383 45.8 56.0 428 65.5 86.0 70.5 59.8
270 370 56.3 47.5 435 65.5 80.3 65.3 62.5 56.0 48.0 57.5 60.0 52.5 50.5 47.5 613 65.8 63.3 69.8 67.3 45.3 64.8 333 353 61.8 53.5 45.8 775 783 548 538
28.0 283 39.8 52.0 373 723 86.0 63.3 758 56.8 56.0 41.0 57.0 60.0 49.8 40.8 47.0 728 57.5 715 57.8 50.0 735 388 358 55.5 65.5 50.0 750 733 77.5 57.0
29.0 293 0.0 48.8 395 745 835 65.0 743 63.3 56.0 56.3 49.5 63.5 36.3 48.5 46.0 75.0 58.0 738 69.8 50.0 54.3 37.0 448 0.0 63.8 740 553 775 89.0 753
30.0 273 0.0 44.5 353 57.5 71.5 76.7 67.0 50.0 58.0 48.0 68.5 476 458 43.5 74.5 50.3 733 85.3 43.8 47.3 42.5 48.5 0.0 56.8 703 73.8 783 773 90.0
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C. Sun Hours Data

Year 2015 2016 2017
Montt 01 02 03 04 05 06 07 08 09 10 11 12 01 02 03 05 06 08 09 10 11 12 01 02 03 04 06 07 08 09
1 9.8 | 11.0 | 103 106 | 105 | 33 | 2.6 2.7 8.0 | 105 5.5 6.9 8.0 9.2 8.8 42 7.6 2.5 0.7 34 109 58 | 102 | 100 | 102 93 65 | 04 20 19
2 | 104 | 105 8.9 79 | 20 | 30 0.2 9.5 | 107 6.5 | 103 | 102 | 103 9.2 3.0 6.5 1.6 0.0 1.6 9.8 23 | 105 | 100 | 103 8.3 9.0 | 45 34 3.5
3 9.8 | 105 9.7 9.9 63 | 46 | 12 33 9.5 9.7 | 101 73 | 103 8.6 7.6 6.6 6.0 0.1 25 94 10.3 103 [ 103 | 103 | 100 | 10.6 80 | 00 42 14
4 [ 103 120 | 104 8.1 42 | 97 | 32 6.5 | 105 6.2 30 | 100 56 | 104 74 8.2 7.8 0.4 94 9.7 10.2 10.5 9.3 6.6 | 10.0 8.5 52 | 13 4.5 2.5
5 9.5 105 [ 103 8.9 05 | 90 | 40 13 4.0 12 8.0 88 | 10.0 8.7 83 8.9 3.0 0.0 10.1 47 10.2 8.6 92 | 104 | 103 9.8 6.1 32 12 2.6
6 | 103 9.5 9.7 23 |1 76 | 71 2.5 1.8 8.8 56 | 103 83 | 103 6.5 4.2 5.6 1.0 9.5 8.6 10.2 104 | 104 8.2 9.7 | 106 6.5 | 34 3.6 2.5
7 9.8 | 103 6.7 18 | 27 | 52 1.0 2.1 8.3 2.8 6.2 | 10.0 9.5 6.4 2.5 4.0 2.0 7.5 8.7 9.7 100 [ 104 | 102 [ 103 6.5 70 | 22 0.7 24
8 | 104 | 100 [ 105 0.1 56 | 50 1.6 0.1 8.2 5.5 7.0 9.0 7.8 52 54 4.5 0.6 0.0 | 104 0.6 9.5 | 105 9.6 9.2 9.6 4.1 0.8 0.0 5.5
9 9.7 9.8 | 103 12 | 36 | 35 6.2 0.1 94 | 10.0 | 10.0 7.2 9.8 6.3 4.4 5.6 0.1 32 | 101 13 104 | 104 | 10.1 102 | 105 7.0 | 01 20 5.1
10 | 10.1 109 9.9 7.1 1.1 62 | 58 2.2 0.0 7.1 6.7 1.0 8.5 9.5 49 04 5.2 0.1 5.2 6.4 10.2 104 [ 104 9.8 | 10.0 | 10.6 00 | 52 3.0 33
1 8.5 105 [ 104 | 10.8 3.0 4.5 1.0 0.1 6.7 6.7 2.2 8.8 93 | 103 0.2 3.9 2.7 5.1 33 84 103 8.2 52 | 106 | 10.8 42 [ 15 12 4.8
12 6.6 9.6 73 | 101 8.1 25 |1 70 8.1 0.0 9.8 2.2 3.0 3.0 9.8 | 103 56 | 102 33 23 13 92 | 105 5.5 9.8 | 10.6 27 | 42 20 9.7
13 6.0 | 105 | 10.0 35 46 | 63 12 2.1 5.6 9.6 83 35 2.2 9.7 | 103 6.6 7.5 52 3.6 5.7 84 102 [ 104 3.1 83 8.7 5.1 1.5 0.6 104
14 [ 100 6.2 | 103 42 | 100 | 46 | 26 4.2 34 9.2 9.0 3.0 4.7 9.8 | 104 9.8 12 54 3.5 6.3 10.3 8.6 9.9 16 | 107 | 103 54 | 23 2.3 3.9
% 15 9.7 6.8 | 104 43 73 | 35 | 30 1.8 5.6 78 | 103 6.8 42 [ 102 | 106 10.3 5.0 3.0 9.8 6.2 104 94 | 103 9.8 9.0 9.8 | 100 | 35 4.8 4.0
8| 16 | 102 55 | 105 75 ] 100 | 53 | 04 57 | 103 | 102 9.3 7.0 44 | 100 | 107 8.3 6.0 6.5 72 8.8 10.2 100 [ 100 | 104 [ 100 7.8 66 | 37 5.7 15
17 [ 100 64 | 102 36 | 100 | 26 | 69 3.0 0.1 9.2 5.6 73 35 7.8 9.7 24 2.6 23 22 | 102 83 8.7 | 103 9.6 | 10.1 10.1 55 | 28 5.8 18
18 [ 100 9.8 | 103 103 72 | 70 | 60 34 9.3 9.4 9.3 | 100 6.5 8.9 8.5 3.5 03 15 17 9.2 10.0 104 | 102 8.8 9.2 8.2 40 | 41 2.5 18
19 6.3 9.2 85 | 102 72 | 46 | 47 5.0 88 | 102 | 103 8.5 7.0 | 102 9.0 5.6 1.1 0.0 2.3 103 9.9 103 [ 104 53 7.8 | 102 35 | 12 5.5 24
20 64 | 104 2.6 7.6 98 | 7.2 | 51 45 8.5 8.8 | 10.0 7.7 8.7 9.0 8.0 8.0 03 0.1 3.1 8.5 10.2 84 | 102 | 103 7.0 7.0 82 | 12 5.0 2.8
21 55 8.5 104 93 | 50 | 59 5.1 4.7 7.1 104 [ 120 76 | 10.0 8.3 9.7 3.6 19 4.5 5.5 7.8 87 | 10.0 | 104 6.7 8.5 84 | 22 5.5 3.5
22 9.0 | 105 | 10.0 8.8 54 | 18 | 2.0 | 10.0 3.0 8.0 | 105 | 10.2 | 10.0 9.2 48 5.6 3.8 5.7 10.0 20 10.1 8.6 9.5 | 103 78 6.0 65 | 19 33 14
23 9.9 | 104 2.0 | 107 80 | 04 | 32 6.1 7.0 7.9 8.7 82 | 10.2 9.3 5.5 4.2 6.7 4.5 5.2 6.2 7.5 102 | 103 | 10.0 42 | 107 63 | 16 2.2 4.2
24 | 101 8.6 32 7.8 06 | 27 7.0 | 10.0 | 10.0 9.5 8.2 8.0 34 32 2.0 5.5 25 7.8 5.6 104 9.7 8.0 52 9.8 50 | 43 14 5.2
25 10.5 74 2.8 9.5 34 | 58 0.5 6.0 7.5 93 6.0 | 10.2 45 6.0 33 3.0 1.6 18 8.2 7.0 85 | 10.0 35 5.0 76 12 | 20 29 13
26 | 10.0 9.6 3.2 3.0 3.0 | 25 | 62 4.5 5.7 82 | 104 7.5 | 103 6.1 5.5 2.6 3.0 6.5 3.7 | 102 3.5 104 | 102 6.3 2.7 8.7 39 | 07 0.6 5.9
27 | 104 | 102 [ 102 40 [ 01 4.0 42 53 9.9 9.5 7.0 8.6 8.0 47 6.1 22 53 18 | 105 2.0 103 [ 103 20 7.0 74 08 | 35 1.8 8.2
28 | 103 100 [ 100 2.6 17 | 00 | 57 4.5 6.2 8.0 7.8 7.3 6.7 | 10.0 7.0 6.8 12 4.0 52 | 103 14 9.0 | 10.0 6.0 53 3.1 2.1 2.5 3.0 6.5
29 | 104 82 | 105 36 | 20 | 30 1.1 5.0 42 9.6 9.9 34 | 100 6.2 93 0.9 1.8 5.1 8.2 10.2 10.0 7.8 3.0 0.0 65 | 50 0.0 0.6
30 | 10.6 7.3 | 105 6.5 | 26 | 10 8.7 8.1 7.0 | 102 8.5 6.4 9.1 7.9 7.8 3.8 2.2 12 | 105 8.8 10.1 10.0 8.8 20 52 | 25 15 0.0
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D. Wind Speed Data (m/s)

Year 2015 2016 2017

Month 04 01 02 | 03 [04 |05 |06 |07 |08 |09 |10 |1 12 | 01 02 | 05 [ 08 | 09
1 09 10909 10|11 )04)]06]|04]08]03]|04]06|05|06]|07|08]|04]05

2 071091108 |06 |06 |06 ]|05]10]04 |07 |06 |05|06]|03]|05]05]05

3 1111611008 05|09 |04 |05|07|03)07]06]|10]07 |07 |07 |04]03

4 0713 [12 07 |05)|]10]04]05]05|07 |08 06 |11|05|06]|13]|04]08

5 04 121006 |06 | 08]03]05]02]07|05]|06|07 |07 |06]|06]|03]04

6 0008 |06 |07 |07 )|05]05]|]06]|04]|06]|06|07|06|06|08]|06]|04]04

7 09 07|04 |08 |03)]03]03]03]05]07 |08 ]05|04|07|08]03]03

8 050707 |05|]09)|03]05]04]03]07 |07 |05|05]|08]|09]01]05

9 08 [ 07 |08 05|06 )|05]04]05]05]|05]|06]|07|06]|06]|08]|10]03]03

10 06 |07 |09 |08 |05)03)]04)]04]04]05]|06]|19 06|07 |06]|07]|02]03

11 071081004 |08 )02]07]05]05]03]|04]02|]06|07|06]|09]04]03

12 14106 109 |13 |06 |04 |06 |03 |04 |03)03]05]|08]05]04]06]|03]06

13 1004109 1405|0304 |04 |03|03)]05]08]07]|04]06]|03]03]07

14 0706|1112 |06 |08)]04]03]03]05]|05|08] ]06|04|06]|09]|03]04

;3 15 08 |04 [10 (1107 ]09]05]06]|03]07|05|06|06|05]|12]|05]|03]04
o | 16 10]05]10| 13|09 |06 |05|]03|04|05)]07]07]07]07]05]02]05]04
17 05105 [07 10|06 |05])]06]|]04]|]06 |06 |06 |07 |08 08|09/ |03]05]03

18 1006|108 |10]00 |04 02|04 |03]03)]05]05]07 |07 [12]09]02]03

19 08 |08 [10 |12 |05)04]05]05]03]03]|06|04 15|06 |05]|01]01]03

20 07121013 |00)04)]05]04]]05|04]06 |13 |07 |05|07|03]|04]02

21 09 |09 |06 |10 |10)]05]04]01]03]|04]05|]08 |07 |05|06]|07]|04]04

22 08 |06 |08 |08 10|04 )07 ]|]03]04]08]|04[07 |08 |07 |05]|06]|03]03

23 08 |06 |17 (10|06 |04 ]|]08]05]03]04]|05|05|]09|08]|07|08]02]03

24 08 07 [10[10[05)|]04]|]04]]07]04]05]|06|04]08] 07|07 ]|05]03]05

25 1006107 10|06 |04 |04 |06 |04 |03]07]04]09]|06]08]06]|02]03

26 06 |06 |08 |10 |08 |05])]03]03]|]04]|06 |07 |10]06]|06]|07|04]|03]07

27 08 |07 |13 00|06 |04 )06]|04]|]04]05]|07|05|]06|04|06]|04]|02]06

28 12108 1200|0406 |06 |03 |03]07)07]05]|05]|06]08] ]02]03]|05

29 11109 ]11]10]05]06 |04 |08 |04 |03)06]03]05]05 03 [ 02 |03

30 11]11]09]10]10]10 05|09 |05|]03)07]08]08]06 03 [ 03 |01
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APPENDIX II: MAXIMUM and MINIMUM VALUES of RAW WQ DATA

Maximum Minimum
Sr.No. | Description Dry Wet Dry Wet
Season Season Season | Season
1 TSS, mg/L 1,587 1,062 5 20
2 T-NH3, pg/L 184,800 83,000 40 400
3 NO;3, ng/L 97,800 12,100 0 0
4 NO2, ng/L 1,700 740 0 0
5 T-N, ng/L 365,000 97,000 0 0
6 T-P, ug/L 30,800 18,400 0 0
7 T-alk.,mg/L 1,221 975 110 7.5
8 TOC, mg/L 135 21.4 0.5 2.1
9 COD, mg/L 1,672.56 1,580 20 25
10 BOD, mg/L 470 720 5 20
11 DO, mg/L 8.6 9.53 0 0
12 | T°,°C 17.0 23.4 8 o8
13 EC, uS/cm 810 5,130 300 300
14 | pH 8.44 8.95 4.5 6.7
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APPENDIX III: PSEUDO-CODE FOR Q2Kw-PIKAIA-GA based WLA MODELING

Step 1 | Declaration of variables

- Public declarations

- Ctrl(14): array but have any type of values

- Default (14): default values for Ctrl(14) array

- n: number of adjustable parameters in the fitness function (42 in this case)
- x: parameter values to the fitness function, ff . x = (x1, X2, ....,Xn)

- f: fitness value from the fitness function at x(f=ff(n,x))

- xtemp: temporary array for x() to build and pass to ff

- xbest: final best value from last generation

- Checking variables

- NMAX: maximum number of adjustable parameters (n<=NMAX) in the rates sheet
(for optimization purpose, it refers to fractional removal from pollution sources)

- PMAX: maximum number of population

- GMAX: maximum number of genes per chromosomes

- Phenotypes

- Phparent
- Phoffspring
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- Pikai declaration

npop: population size

ngen: number of generations

Ip: random phenotype population

np: individual in a population

Fdif: fitness differential individuals
Important declarations

Oldph: place where population are stored
newph: temporary location

ifit: access to the information in terms of rank
oldph(1:n,ifit(np)) represents the fittest
imut= mutation mode

irep= reproduction plans

ielit=elitism

pcross= crossover rate

pmut = initial mutation rate

Fdif: fitness differential

Ifit: ranking array (rank key index)

- Remarks

the fittest phenotype is stored in oldph (1:n, ifit(np))
Jfit: actual ranks of the individuals stored in oldph(1:n,i)
Xnum: rate constant ID number for each x parameter ff

Step 2

Call sectl for Pre-initialization check of the

152




variables

Step 3

Give error message, if there is a problem

Step 4

Check the values of n, npop and ng are in the

acceptable range, if not give an error message.

Step 5

Give the header row and pointer for output
population during each generation in the sheet
“Auto-optimization”. Such as Generation, Rank,
Quantiles, Adjustable parameter headings, User
defined parameters and Fitness.

Step 6

If, Irestart = 0, generate random initial

population

Oldph (k,ipop): xtemp(k) as an input for the

fitness function

- The Pikaia-ff(n,xtemp) will be executed

and the result will be saved in fitns(ipop)

[PIKAIA-ff will: do the fitness function by calling

Pikaia_RunQ2K,

Pikaia_ff=ActiveCell.Value]

Step 7

Else,
Check if there is a file called oldph-file is in the
directory.
- Display an error message, if the file does
not exist

Step 8

If irestart =0 Then

'‘generate random initial population

Sheets("Rates").Select
Range("x8").Select

Fork=1ToN
oldph(k, ipop) = urand()
xtemp(k) = oldph(k, ipop)
ActiveCell.Value = xtemp(k)
ActiveCell.Offset(1, 0).Select

Next k
'fitns(ipop) = ff(n, oldph(1, ipop))
fitns(ipop) = pikaia_ff(N, xtemp())
Range("m8").Select
Next ipop

Sheets("Rates").Select
Range("x8").Select

gp
gp
‘MY
‘MY

gp
gp
gp
‘MY
‘MY

gp
gp

gp
‘MY

‘gp

‘MY
‘MY
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Else,

If irestart is different from zero, open oldph-file.

- Read the value to pmut.

- If pmut <0 or pmut > 1, invalid file
(check all the values are between 0 and
1)
(by reading the values from oldph-file, it
checks the current configuration in
accordance with the oldph-file values of
n, ctrl.

- Write the oldph value from the file

End of population initialization

Step 9

Rank initial population by fitness order using:
Rnkpop-function, after evaluation.

Step 10

Write the output of the ranked population for
each generation in the “Auto-optimization”
sheet including Fitness value.

Fork=1ToN ‘ep

xtemp(k) = oldph(k, i) ‘ep
ActiveCell.Value = xtemp(k) MY
ActiveCell.Offset(1, 0).Select 'MY
Next k ‘ep

Sheets("Rates").Select 'MY
Range("y9").Select MY
ActiveCell.End(xIDown).Select MY
ActiveCell.Offset(1, 0).Select ‘MY

ActiveCell.Value = Sheets("Qual2K").Range("aad40") 'MY

Range("z9").Select MY
ActiveCell.End(xIDown).Select ‘MY
ActiveCell.Offset(1, 0).Select '™MY

ActiveCell.Value = Sheets("Qual2K").Range("h45") 'MY
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Main Generation loop starts here.

Forigen =1 to ngen

Step 11 | Crossover/mutation
For ipop = 1 to npop/2,
- Select mom & dad
- Do encode
- Do crossover
- Do mutate
- Do decode
Step 12
Write the values to the “Auto-optimization”
sheet
- Save best parameters
Step 13
Save the output to the oldph-file
End when the specified number of generations is
complete.

Range("aa9").Select ‘MY
ActiveCell.End(xIDown).Select ‘MY
ActiveCell.Offset(1, 0).Select '™MY

ActiveCell.Value = Sheets("Qual2K").Range("g60") 'MY

Range("x8").Select "MY
Next | gp
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APPENDIX IV: DATA-TABLES FOR WLA

1 |EQuITY |
Bl B2 B3 B4 BS B& B7 B8 B9 B10O B11

Hif¥m 0.05977173| 1.8927730438| 0.70331452 0.970295236| 0.727223| 0.814888607| 1.22134| 1.02408933%| 1.985841| 0516029705 1.08187
CBODs WifWm 0 0] 0559345234 2.215975976| 4.531996 0 0| 247007604 0| 0.838253228| 0.1482( 48.00915455

abs(XifXm-Wi| 0.05977178| 1.882773048| 0.00982228 1.245684524( 3.804773| 0.814888607| 1.22134| 1.445586201| 1.98841| 0.423223523| 0.93257 13.33933395r III.IIIT225?B1|
ON WifWwm 0.04 238 0.45 1.08 2.45 0.34 0.03 0.52 220 0.91 0.50 23,740.43

abs(Xif/Xm-Wi| 001835816 0485288806( 024850108 0.105354413| 1.724923| 0.475259501| 1.19313| 0503750763 0.2159 0.38973209| 04822 E-.S42398[|43r III.1T116259|
op WifWm 0.08 278 0.53 1.24 0.95 0.55 110 0.89 1.14 1.50 0.22 1,125.50

abs(XifXm-Wi| 0.02354248| 0.88453559| 0.17286739 0.274274148( 0.220485| 0.263005142| 0.11847| 0.130852135| 0.8458| 098779856 0.85984 4.TB1GBD4r III.2UE>131E-|
NH4 WifWm 0.02 1.60 1.14 0.82 1.11 0.25 0.46 117 217 1.89 0.37 12,403.07

abs(Xi/Xm-Wi| 004292225 0295825524 044158304 0.151649505| 0.38441| 0.568187407| 0.76066| 0.144895526| 0.18265| 1.377097695| 0.71139 E-.II|512T26IJ4r III.19TE-TSTT|
NO2+NO4 WifWm - 0.02 0.11 3.33 493 0.09 0.30 0.38 172 0.13 - 5 774.45

abs(Xif/Xm-Wi| 0.05977178| 1.870321709| 059452133 2356622848 4.206267 | 0.724447505| 052482 0847552835 0.27037( 0.389172244( 1.08187 13.125??911r 0.0781 SE-BE-l
coD

Wi/Wm 0.1 1.91 0.59 1.78 1.88 0.22 0.61 1.19 1.64 1.02 0.15 | 138.3180073

abs{Xi/Xm-Wi| 0.04831572| 0.015405938[ 0.11751805 0.508060265( 1.1508858| 0.580837228| 0.61085| 017033259 0.34828| 0.50475541| 0.93314 E-.ZBBSBUNTr 018871 B?4|
CBODf WifWwm 0.04 221 0.53 155 0.50 0.3a8 1.24 058 266 1.05 0.15 #REF!

abs(Xi/Xm-Wi| 001582958 0318382654 017422037 0.583392731| 0.12668| 0.433283664| 0.02094| 0.445540735| 067439 0.5337275| 093478 4.2626?49TE-r 0.2345944S|

Where Xi: GA generated fractional WL removal factor for every pollution source

OVERALL EQUITY

1.14962885

OWERALL EQUITY RECIPROCAL

0.869845

Xn: Average fractional WL removal factor for pollution sources in a given population

Wi: WL reduction for a pollution source obtained from a product of Xi by WL of a given WQ parameter

Wn: Pollution sources average WL reduction in a given population
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2|POINT SOURCE

POINT SOURCES
Environmental Standards Control Wasteload LB Wasteload LBEOOs  Tyocieload DN wasteload| Wastelo. ur Wastelo. NH3 Wastelo] MOZHHU3 Tayo ol Lo
e wasteload wasteload after fraction wasteload wasteload wasteload wasteload
Dm_ anng Dom DOs CBODF afrer CBODs afrer ON removal (wi) oF afver NH3 after HO2Z+NO: after CcoD after
® Site Faction Faction fraction Faction Iraction fraction
0.03 23.93 q 0.27v 2188 E.E 0 0.00) 53.250.0 15375 | 4.760.0 1425 | B 426.0 = = a0 2.
0.95 23.61 5 2.70 347.8 330.4 0 0.00) 36.560.0 91,732.0 | 50050 4.754.5 | sl 40,375.0 171.0 162.5 440 4158.00
0.353 22.76 3 106 2239 73.1 133.42 43.22)  49.700.0 17,5441 25725 JO5.1 | g 28,946.0 | 2.230.0 7872 | 36352 125.32
0.487 21.00 1 0.43 476.7 2321 J2z.92 157.26) 852000 41,4324 | 43750 21306 | #HHEHE 20697.5 | HiHs 240724 | 799.82 359.56
0.365 18.53 a 0.00 245.8 3.7 88116 32162 253.150.0 34,589.8 | 4.4450 1E22 4 | #HHEE ZE05.0 | HHHEH 356570 112716 411.H
0.403 15.21 1} 0.00 139.4 57.0 0 0.00 32,0317 13.100.9 | 2.310.0 Sdq.5 | HHERE £.237.3| 1600.0 B5d4.4 120 43.08
0.613 11.54 1] 0.00 302.8 185.6 1] 0.00 1,775.0 10851 3.080.0 1,855.0 [ #HHHEE 1.647.0 | 3.500.0 21455 21516 133.73
0.514 8.86 a 0.00 167.9 86.3 341.04 175.23] 33.050.0 20,0717 | 23750 15237 | e 23,555.0 | 5.300.0 27242 | 505.04 26165
0.938 6.37 0 0.00 398.7 3373 0 0.00) 852000 §5.023.6 | 19600 1.956.1 | kb 54.590.0 | ik 124311 360 353.28
0.253 2.48 a 0.00 E0S.6 156.8 257.36 BE.66| 134,300.0 34,333.1| 3,540.0 25745 | B 47,8632 | 3544.0 917.9| &EB3.36 22361
0.543 0.00 1] 0.00 405 22.0 13.5 10.53)  42.600.0 231318 700.0 3001 | s 9,366.5 - - &0 3258
Average 0.50 14.03 1.73 0.68 287.99 149.41 178.31 70.97| 79946.97 38574.27|3829.32 1711.94 | #HHHER 25282.61 | HHHER 7235.65| 449.20 219.06
3 MONOTORING SITES ON THE RIVER LAR
MONOTORING SITES ON THE RIVER LAR
QUAL2Kw SIMULATION OUTPUTS Measured values at Monitoring Sites
MDI:_::D" ng DOs CBOD] (wi) TN (wi) TP {wi) Dom CBODfm (wi) TNm (wi) TPm (wi)
e
23.93 5.18 146.0 54100 - 5718 145.97 210.00 -
23.61 510 922 2.781.2 - 553 22335 12.300.00 7.500.00
22.76 6.37 219.8 251511 9,533.1 7.94 113.92 56.000.00 6,500.00
21.00 5.23 163.2 91.901.4 6.724.1 3.80 21276 | 85.000.00 4.105.00
18.53 0.76 476.3 34,5091 25009 - 48610 | 123.333.33 6,150.00
15.21 0.33 51T 157,365.8 6,000.9 - 604.08 | 19420000 12,700.00
11.54 049 6899 216,239.1 13,714 .9 - 48866 | 160,000.00 30,800.00
8.86 011 406.6 98.0171 7,890.8 0.09 275.06 42 600.00 6.000.00
6.37 0.06 262.5 78,574 4 10.055.9 - 396.73 | 115.,000.00 8,400.00
2.48 010 2478 110.466.2 18,0087 - 306.79 | 126,500.00 18,650.00
0.00 0.10 2478 110,466.2 18,008.7 - 305.79 | 126,500.00 18,650.00
Ave. conc. 2.166027025 | 214.5394573 84625.59576 8403.461897 | 2.048181818 | 323.3821387 | 9742212121 | 10859.54545
No of viol. T 11 11 9 5 11 10 10
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*Simulation outputs of Q2Kw based WQ data were determined after each run of WL reduction
total magnitude of violations were determined.

. Afterwards, number of violations and
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MAGNITUDE OF STANDARD VIOLATION

DO BOD TN TP
Standa 5.0 5.0 1,000.0 1,000.0
BOD Viol. BOD Viol. TH Wiol. TH Wiol. TP Viol. TP Wiol.
DO Viol. Magnitude DO Viol. Magnitude Magnitude Magnitude Magnitude Magnitude Magnitude Magnitude
(measured) (simulated) (measured) (simulated) (measured) (simulated) | (measured) (simulated)
141.0 141.0 - 44100 -
218.3 87.2 11,300.0 1,781.2 6,500.0 -
108.9 214 8 85,0000 24 1511 5,500.0 8,6331
12 2078 148 2 84,000.0 90,9014 3,105.0 57241
50 42 4811 4713 122 3333 33,5091 5,150.0 1,500.9
5.0 47 5991 512.7 193,200.0 156,365.8 11,700.0 5,000.9
5.0 45 483.7 654.9 159,000.0 215,2391 29,800.0 12,7149
4.9 49 2701 401.6 41,600.0 97,0171 5,000.0 6,890.8
50 49 390.7 2575 114,000.0 77,5744 7,400.0 9,055.9
5.0 49 3008 242 8 125,500.0 1094662 17,650.0 17,0087
50 49 300.8 242 8 125.500.0 109,466.2 17,650.0 17,008.7
oo BOD TH TF
Dom DOs | BODm BODs=s THm THNs TFm TFP=s
Total magnitude of violations JENG[ 33056 3502204 3404934 1061433 91998165] 109455] 23438031
Magnitude of maz. viol. B[ 4937 5990801 694.93585] 193200] 21523943 29800 17003674
Number of Yiolations 4 4 11 11 0 11 0 3
Do BOD N TP
INDEX Dom BODm TNm TPm
Total magnitude of violations, ETS[ 0.083 0.0278 0.1334 0.238
Magnitude of max, viol., EV| 0.013 -0.143 -0.114 0.425
Number of Violations 0 0.00 0.1 0.1
DO BOD ™ TP
| Owerall Separate Performances| 0.0573 -0.12 -0.08 037

|D‘-T.RALL PERFORMANCE MEASURE| 0.67
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