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ABSTRACT

COMPREHENSIVE META ANALYSIS OF WORLDWIDE LANDFILL
LEACHATE

Ergene Sentiirk, Didar
Doctor of Philosophy, Environmental Engineering
Supervisor : Prof. Dr. F. Dilek Sanin
Co-Supervisor: Prof. Dr. Aysegiil Aksoy

June 2022, 257 pages

Landfill leachate data compiled from 220 different landfills from 46 countries in
Europe, Middle East, Asia, Africa, and America were analysed by multivariate
statistical approach for the assessment of main properties as well as variation of
leachate characteristics with respect to landfill age, climate, and development status.
Results showed that inorganic content of leachate has the highest correlations with
each other as well as accounting for the majority of variation in leachate. Changes in
leachate composition were observed in statistically significant manner with respect
to climate, landfill age, and development status only for some parameters including
pH, BOD, COD, and BOD/COD ratio. On the other hand, most of the parameters
particularly inorganics did not show any statistically important difference between
impact groups. Change in leachate quality with time was found significant only in
relatively low precipitation climates. Landfill age effect was observed on the organic
content of leachate while most of the inorganics were not found statistically different
with time. On the contrary, in high precipitation climates, organic content and
biodegradability were found low without any time effect, whereas inorganic content
was found fluctuating in high quantities. In that respect, leachate age definition in
current literature as young, medium, and old needs to be re-evaluated by taking into

consideration the climate impact with particular attention to precipitation rates.



Comprehensive leachate database and results of statistical analyses suggest that
leachate management methods should be evaluated differently for landfills in high

and low rainfall climates as well as in developed and developing countries.

Keywords: Landfill Leachate, Regression Modeling, Multivariate Analysis, PCA,
ANOVA
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0z

DUNYA GENELINDE KATI ATIK DEPOLAMA SAHASI SIZINTI
SUYUNUN KAPSAMLI META ANALIZi

Ergene Sentlirk, Didar
Doktora, Cevre Miihendisligi
Tez Yoneticisi: Prof. Dr. F. Dilek Sanin
Ortak Tez Yoneticisi: Prof. Dr. Aysegiil Aksoy

Haziran 2022, 257 sayfa

Avrupa, Orta Dogu, Asya, Afrika ve Amerika'da yer alan 46 iilkedeki 220 farkli kati
atik depolama sahasindan derlenen si1zint1 suyu verileri, temel 6zelliklerinin yani sira
depolama sahasi yasi, yerel iklim ve iilkenin gelisme durumu faktorlerine gore ¢ok
degiskenli analiz yontemleri ile incelenmistir. Sonuglar, s1zint1 suyunun inorganik
iceriginin birbirleriyle en yiiksek korelasyona sahip oldugunu ve sizinti suyundaki
degisimin ¢ogunlugunu agikladigini gdstermistir. Sadece pH, BOI, KOI ve BOI/KO1
orani gibi bazi parametreler i¢in s1zint1 suyu i¢erigindeki farkliliklar iklim, depolama
yas1 ve gelisme durumu faktorlerine gore istatistiksel olarak anlamli bulunmustur.
Ote yandan, ozellikle inorganik parametrelerin ¢ogu, etki gruplari arasinda
istatistiksel olarak dnemli bir fark gostermemistir. S1zint1 suyu kalitesindeki zamana
gore degisim, yalnizca nispeten diisiik yagish iklimlerde istatistiksel olarak anlamli
bulunmustur. Sizintt suyunun organik igerigi depolama yasina gore degisiklik
gosterirken, inorganiklerin cogu zamana bagl istatistiksel olarak anlamli bir farklilik
gostermemistir. Ancak, yiiksek yagish iklimlerde, organik icerik ve biyo-¢oziiniirlitk
zamana bagli olmaksizin disiik bulunurken, inorganik igerigin yiiksek

konsantrasyonlarda dalgalandigi goriilmiistiir. Bu baglamda, mevcut literatiirde

vil



sizint1 suyunun geng, orta ve yasli olarak taniminin, iklim etkisi ve 6zellikle yagis
oranlar1 dikkate alinarak yeniden degerlendirilmesi gerekmektedir. Kapsamli sizinti
suyu veri tabani ve elde edilen istatistiksel sonuglar, sizint1 suyu yonetiminin, yiiksek
ve diisiik yagish iklimlerde ve gelismis ve gelismekte olan iilkelerde farkli

degerlendirilmesi gerektigini gdstermektedir.

Anahtar Kelimeler: Sizint1 Suyu, Regresyon Modelleme, Cok Degiskenli Analiz,
PCA, ANOVA
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CHAPTER 1

INTRODUCTION

Solid waste disposal in sanitary landfills or uncontrolled dumpsites is a widespread
method in the World due to being an affordable and convenient solution in comparison
to other disposal methods (Luo et al., 2020; Vaccari et al., 2019). This is mainly due
to some problems associated with other waste disposal and management methods,
especially for developing countries (Mmereki et al., 2016). Even in developed
countries, issues related to current and emerging waste management alternatives may
necessitate the continuation of the use of landfills. For example, combustion may
provide significant benefits such as considerable mass and volume reduction, possible
recovery of energy, less retention times, etc. (Robinson et al., 2004). In developing
countries generally organic fraction and moisture content of the waste are high that
results in difficulty in combustion without an external fuel (Nanda and Berruti, 2021;
Yeetal., 2011). For such wastes, composting and digestion methods can be employed.
However, management and implementation may require improved waste collection,
handling, and pre-treatment which may not be applicable in many developing

countries (Mmereki et al., 2016; U.S. EPA, 1995).

In Europe, significant variations are observed in the approaches used for waste
management and disposal. For example, waste incineration and composting rates are
increasing in Denmark, Sweden, France, Germany, Belgium, and Austria. On the other
hand, many other European countries do not have any incineration and composting
facilities at all (EU, 2017; Karak et al., 2012). Therefore, landfilling is still employed.
It was indicated that around 70% of the total municipal waste collected in the world is
landfilled (Ma et al., 2022). In many developing countries, municipal solid waste
(MSW) is disposed mainly in sanitary landfills or uncontrolled dumpsites. Vaccari et

al. (2019) stated that about 40% of the World’s waste goes to the uncontrolled



dumpsites serving around 3-4 billion people. Most of the dumpsites and unsanitary
landfills are located in Africa, Latin America, and Asia. In Turkey, 69% of the
municipal waste goes to sanitary landfills while 17% to uncontrolled dumpsites

(TUIK, 2021).

Leachate production is one of the consequences of waste disposal in
landfills/dumpsites and should be controlled to prevent adverse impacts on the
environment. Leachate is a highly polluted wastewater composed of high
concentrations of organic and inorganic compounds including humic acids,
ammonium nitrogen, heavy metals, and inorganic salts. Many of those are stated as
hazardous for environment and human health (Mukherjee et al., 2015; Oman and
Junestedt, 2008). Leachate characteristics and amount depends mainly on waste
constituents, decomposition activities, moisture content of waste, and percolated
rainwater as well as the detention time of waste in the landfill (Adhikari et al., 2014;

Vaccari et al., 2019).

It is well documented that leachate composition correlates well both with the landfill
age and BOD/COD ratio which have been usually employed by the authors to define
their leachate type for deciding the proper treatment method (Lee et al. 2010; Reinhart
and Grosh 1998). Therefore, leachate classification has been emerged from the
necessity of comparison leachate samples in other studies including mainly the
treatibility investigations. Leachate age/type was an important parameter for the
researchers to plan their study for treatment alternatives and then compare their results
with others studying different or the same type of leachate. In the literature, there are
reference tables for leachate type/age definition purposing the same idea that if the
landfill age is lower than 5 years it is accepted as young, between 5 to 10 years it is
medium, and if it is higher than 10 years it is old (Chian and DeWalle, 1977; Gao et
al., 2015; Luo et al., 2020). However, this classification is very approximate so that it
cannot be applied properly to every landfill. Given proportions for COD and BOD
values according to the current leachate age definition in the literature are not valid in

real life cases. There are many factors affecting the leachate composition such as solid



waste content, income levels of the countries, climatic conditions, operation type of
the landfills (being sanitary or unsanitary), waste pre-treatment, leachate recirculation,
etc. For these reasons, there is a need for a better classification of leachate type where
only landfill age may not be the primary basis. Moreover, if the landfill age will be of
concern for categorization of leachate, then leachate parameter value ranges should be

reevaluated.

As stated by Castrillon et al. (2010), suitability of the treatments for landfill leachate
depends on its composition which is highly related whether the leachate is classified
as “‘young” or ‘‘old”. Therefore, leachate age is an important parameter for providing
guideline to plan and design the treatment alternatives through the landfill life span. In
literature review, it is seen that for young leachate where COD and BOD
concentrations are very high and BOD/COD ratio is high, biological treatment
alternatives are prevailing. For old leachate cases where COD and BOD amount is
relatively low and having mostly refractory compounds, chemical and physical
technologies are preferred. For this reason, estimating the leachate composition
throughout the landfilling time would be very valuable in the planning phase of
leachate management alternatives. Especially COD, BOD and BOD/COD ratio
showing the biodegradability would be important. For this purpose, a high quality
leachate database would be very valuable in order to predict the future composition of
leachate. This prediction is important especially for cases where leachate treatment is

to be designed prior to landfill construction (Lo, 1996).

Literature studies shows that application of multivariate statistical techniques on
landfill leachate is very limited (Mishra et al., 2016). Some applications on landfill
leachate data includes classifying leachate samples or landfill cells, investigating
differences in leachate quality among landfill sites in the same area, searching relations
between leachate parameters and evaluation of toxicological tests in leachate studies
(Modin, 2012; van Praagh, 2007). Principal Component Analysis (PCA) as well as
cluster method are powerful multivariate statistical methods that are commonly used

in many research fields including complex multivariate data (Adelopo et al., 2018; De



et al., 2017; Rinaldi et al., 2014; Talalaj et al., 2016). PCA method has been used in
the literature for some landfill leachate studies as well (Adelopo et al., 2018; Galvez
et al., 2010; Mishra et al., 2016). PCA helps to group variables with similar
characteristics into the same components. Hence, variables within each component are
highly correlated with each other, but slightly correlated with variables in other
components (Liu et al., 2003; Pastore et al., 2018). Large data sets could be simplified
into a few components which hold majority of the information in the original data (Bro

and Smilde, 2014; Pastore et al., 2018; Wuensch, 2016).

With all these evaluations of literature, it is clear that there is a need for landfill and
leachate characteristic analyses over a much larger data set, with the inclusion of major
influencing factors to identify the most prevalent parameters. Additionally, no
previous research has done multivariate statistical analysis using more than one tool
on a big data set obtained from over the Globe. Besides these, existing leachate
classification methods in terms of landfill age, organic content, and biodegradability
criteria need further assessment with a larger data set since the first proposal was done
with limited number of leachate samples in the past. Thefore, the purpose of this study
is to conduct various statistical analyses and modeling for predicting leachate
characteristics based on extensive data collected from landfills around the World.
Correlations between leachate pollution parameters were investigated and analyzed
statistically and variations according to the age of the landfill as well as climate
conditions and development status (income based) were evaluated. In this study, there

are three main research topics for which clarifications were sought:

- Assessment of the main properties of landfill leachate by various multivariate
statistical techniques,

- Variation of leachate characteristics with respect to mainly landfill age,
climate, and development status factors,

- Validity of leachate classification concept in the literature.

For the research topics given above, analyses were conducted in three different

concepts. The first one is correlation analysis and regression modeling. The second



one is grouping of data into clusters and components. The final analysis is the
comparison of leachate composition according to selected factors. Structure of this
dissertation is formed as a collection of articles. There are also other parts including
literature review and methodology. Therefore, inevitable repetitions especially in the
methodology parts of the chapters would be possible. Name of the chapters are
sequenced as follows: Chapter 1 provides introduction about solid waste management
and landfill leachate, and explains the purpose of the study as well. Chapter 2 presents
literature review and Chapter 3 introduces methodology. Chapter 4 provides historical
and current review of the leachate classification practice. Chapter 5 deals with complex
statistical analysis of the leachate data by employing correlation analysis, regression
modeling, cluster and PCA tests. Chapter 6 includes comparison tests for studying the
impact of landfill age, climate, and development status on the leachate characteristics.
Chapter 7 presents the results of all the analyses by discussion of the findings with
relevant literature. Chapter 8 states the main conclusions of the overall study, and final

chapter provides recommendations for future studies.






CHAPTER 2

LITERATURE REVIEW

2.1 From Waste through Leachate: Formation and Composition

2.1.1 How is Leachate Formed?

It is a well presented fact that the most common method for MSW disposal in the
World is still landfilling, being mostly in two forms: (I) unplanned and uncontrolled
open dumpings without any leachate or gas collection and monitoring, (II)
engineered/controlled/sanitary landfills with sophisticated gas and leachate collection
and treatment systems that are planned and controlled from the start-up till the post-
closure period (Vaccari et al., 2019). Regardless of which method is used, leachate

formation is one of the most undesirable consequence of solid waste landfilling.

Leachate is formed by degradation of waste supported by initial moisture content
(inherent water present inside the waste) and to a large extent by percolated rainwater
through the waste storage area. When the field capacity (ability of waste to store water)
is reached, water starts to move down through the waste deposits and organic and
inorganic pollutants formed by various physical, chemical, and microbiological
processes are transferred into the leaching wastewater (Kamaruddin et al., 2017; Lu et

al., 1984) (Figure 2.1).

Leachate quality and quantity in landfills fluctuate significantly due to composition of
waste, disposal techniques, landfill operations, physical properties of the site,
environmental conditions within the storage area (i.e., temperature, moisture, pH),
landfilling time (generally termed as landfill age), climate and rainfall patterns,
hydrogeological conditions and sampling techniques (Adhikari et al., 2014; El-Fadel
et al., 2002; Schiopu and Gavrilescu, 2010; Vaccari et al., 2019). Details of the major



factors affecting leachate quantity and composition are presented in Table 2.1 with

relevant references.
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Figure 2.1. General view of leachate formation and collection in landfills

As seen in Table 2.1, there are many different as well as interrelated factors affecting
leachate properties. Moisture content is known as the most important element in waste
biodegradation process such that in the case of its absence, degradation activities will
stop or be very limited (Adhikari et al., 2014). Initial moisture is important for the
start-up of degradation of the deposited waste. However, water from rainfall, which is
directly related with climatic conditions, is essential for maintaining further activities
and is the principal contributor to the leachate volume (Komilis and Athiniotou, 2014;
Zegzouti et al., 2019). Meanwhile, rainwater infiltration into a landfill depends on
many factors such as precipitation rate, depth of waste, density and compaction of
waste, having a landfill cover or not, landfill cover properties, runoff amount,
evapotranspiration etc. (Yang et al., 2015). Depth of waste is one of the key factors
affecting the leachate quality as it impacts waste amounts and travel times of pollutants
(Zacharof and Butler, 2004). The rate of infiltration affects initial production of
leachate, rate of leachate generated, and the extent of the biodegradation within the

waste ( Armstrong and Rowe, 1999).



Table 2.1 Factors affecting landfill leachate quality and quantity

Factors Description References
composition of the waste ?grlg{a(flﬂlgnat t(zlo 82);1 7)
ave of the waste Reinhart and Grosh (1998);
Waste properties g Vaccari et al. (2019)
density, particle size, and El-Fadel et al. (2002)
permeability
initial moisture content Kamaruddin et al. (2017)
. ine of wast Adhikari et al. (2014);
processing ol waste Reinhart and Grosh (1998)
~ . Adhikari et al. (2014);
Disposal methods ’
P design of a landfill Lema et al. (1988)
cover soil Schiopu and Gavrilescu (2010)

degree of compaction

Scott et al. (2005)

Landfill operations

waste pre-treatment
liquid waste/ sludge co-

disposal
co-disposal with ash

leachate recirculation

depth of waste

Trankler et al. (2005);
Scott et al. (2005)

El-Fadel et al. (2002)
Reinhart and Grosh (1998)

Ozkaya et al. (2006);
Reinhart and Yousfi (1996)

Schiopu and Gavrilescu (2010)

Climate and

climatic and hydrogeological

Lema et al. (1988);

hydrogeology of the  conditions Vaccari et al. (2019)
area site hydrology, infiltration rate ~ Armstrong and Rowe (1999)
Environmental temperature, moisture content, Adhikari et al. (2014);

conditions in waste
piles

pH

decomposition stage

Reinhart and Grosh (1998)

Bhalla et al. (2013);
Schiopu and Gavrilescu (2010)

Sampling/collection

place of sampling (ponds,
pipes, surface flows)

no standard protocols for
leachate

Reinhart and Grosh (1998);
Durmusoglu and Yilmaz
(2006)

Adhikari and Khanal (2015);
Kjeldsen et al. (2002)




Waste properties are among the most important factors as well since they have direct
effect on leachate composition. High organic content, protein rich and more
biodegradable waste means concentrated leachate whereas low organic content waste
leads to low strength and dilute leachate. Age of the waste or landfill is related with
the phases of waste stabilisation process which has great impact on leachate

composition (Adhikari et al., 2014; Reinhart and Grosh, 1998).

Environmental conditions inside the waste piles are important indicators for a balanced
system for stabilisation of the waste. In each decomposition stage, leachate
composition fluctuates due to the changing environment (pH, substrates, nutrients,
etc.). Therefore, in every landfill, and even in different sections of the same landfill,
waste undergoes various biochemical and physical transformations resulting in

different leachate quality (Armstrong and Rowe, 1999; Bhalla et al., 2013).

Impact of leachate collection and sampling methods was not mentioned adequately in
the literature although it is a very important factor in the characterization study. Taking
representative samples from landfills enables the researchers to make healthy
comparisons and evaluations of the leachate quality from different sites. Sampling,
preservation, and analytical methods influence leachate properties (Chian and
DeWalle, 1975; Kjeldsen et al., 2002). For example, it was stated that collected
leachate from ponds or surface flows (open dumpings) can undergo some physical,
chemical, and biological processes upon exposure to the air (i.e., nitrification,
precipitation, etc.) which results in different leachate characteristics from the actual
(Chu et al., 1994). Also, it was stated that leachate collected from landfills without a
liner system can have lower pollutant concentrations due to dilution and sampling

errors (Durmusoglu and Yilmaz, 2006; Reinhart and Grosh, 1998).

2.1.2 Phases of Waste Decomposition in Landfills

Leachate quality and quantity varies considerably with time or more accurately as a

function of stabilisation stages of the waste (Kamaruddin et al., 2017; Reinhart and
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Grosh, 1998). Therefore, it should be explained firstly how waste decomposition
occurs in landfills which produces highly polluted leachate.

When waste is buried in a landfill, decomposition processes start immediately in the
form of various complex biological and chemical reactions. Many field and laboratory-
scale studies show that the stabilization of waste proceeds in five sequential and
distinct stages as depicted in Figure 2.2 through which different characteristics of
leachate is produced (Adhikari et al., 2014; Pohland and Harper, 1985; Reinhart and
Yousfi, 1996). In some studies, initial and transition phases are combined in one stage
(Kjeldsen et al., 2002; Mohammad-pajooh et al., 2017). Characteristics of the five

stages are explained below with focus on produced leachate composition.

Solid waste Leachate
(organic portion)
______________ ! é
| Stage I | Aerobic phase:
! Initial phase | Hydrolysis/aerobic Particulate matters,
' p :
[ ' highly soluble salts
1TT o mmmooes ! -
i Stage 11 i v
1 .. 1
i T;zr;:ltlon i Aerobic => anaerobic Acid phase:
l_I_) ___________ | Hydrogen, dissolved
L metals, volatile
et : . . . organic acids,
1 Stage ITI : Acidogenesis/Acetogenesis ammoiium nitrogen
| Acidphase (anaerobic) sulfate
7 - /
Vo eraen v i :
: i,}aﬁf v : Methanogenesis Methane phase:
1 ethane ! . ‘
| phase ! (anaerobic) Humic and fulvic like
R | v compounds, sulfide,
______________ . L. ammonium nitrogen
VSt ! Aerobic oxidation
! Stage V ! .
! Final phase ! (Maturation)
e e e e e e = = = 1

Figure 2.2. Waste decomposition stages in a landfill and related leachate composition
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Stage I — Initial/Aerobic Phase

This phase involves initial placement of waste and accumulation of moisture. Stage I
and II are both aerobic phases since there is some oxygen present within the deposited
waste. Oxygen is quickly consumed and CO», H>O, and heat are produced (Heyer and
Stegmann, 2001). This phase lasts for less than a month following waste placement
(Lo, 1996) and leachate is just formed from the initial moisture of the waste (Zegzouti
et al., 2019) due to compaction and biological activities. Leachate produced in this
stage is composed of entrapped particulate matters, dissolution of some soluble salts,
and small amounts of organic substances from aerobic decomposition (Adhikari and

Khanal, 2015; Reinhart and Grosh, 1998).
Stage II — Transition Phase

In this phase, interior of waste deposits is slowly transferred from an aerobic to an
anaerobic environment. Reducing conditions are established and electron acceptors
become nitrates and sulfates instead of oxygen. At the end of this phase, considerable
amount of volatile organic acids are formed resulting in high concentrations of COD

and BOD in the leachate (Adhikari et al., 2014; Scott et al., 2005).
Stage III — Acid Phase (Acidogenesis/Acetogenesis)

When all the oxygen is used up, the acid phase starts and anaerobic and facultative
microorganisms (acidogenic/acetogenic bacteria) become dominant in the waste to
hydrolyze and ferment cellulosic and other biodegradable materials and proteins. As
by-products, ammonium nitrogen is produced and concentration of acids increases
which decreases the leachate pH (Figure 2.2). In low pH values, solubility of many
compounds increases and leachate would have the highest BOD, COD, and electrical
conductivity values for the next few years. Leachate also contains high amounts of

calcium, magnesium, iron, zinc, and manganese (Ehrig, 1983; Kjeldsen et al., 2002).
Stage IV - Methane Phase (Methanogenesis)

High quantities of methane and carbon dioxide are produced at this stage which is

released as landfill gas. This phase occurs generally in between 4 to 10 years after
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waste placement and may last for several years. In this stage, methanogenic bacteria
start to consume accumulated acids from continuing acetogenic processes (Figure 2.2)
and reduction of sulfate and nitrate into sulfide and ammonia takes place (Scott et al.,
2005). As a result BOD and COD concentrations start to decrease while leachate pH
increases. Inorganic compounds like chloride, sulfate, sodium, potassium, and iron
continue to leach for many years and ammonium nitrogen concentration remains at
high levels. Some of the organic matters like lignin-type aromatic compounds cannot
be degraded in anaerobic conditions, hence remain in the landfill. These play an
important role in complexation and precipitation of heavy metals (Adhikari et al.,

2014; Reinhart and Grosh, 1998).
Stage V - Final Phase (Maturation)

In the final stage of decomposition process, biological activity weakens due to the
deficiency of nutrients and organics. Leachate strength remains constant at very low
values having mostly recalcitrant compounds. Oxygen could reappear slowly due to
intrusion of air into the decomposed waste and this could help for degradation of

recalcitrant organics producing humic-like substances (Reinhart and Yousfi, 1996).

All of the stages above are distinguished from each other according to the variations
in the concentrations of specific compounds in leachate like nitrogen, organics, and
heavy metals as well as gas quality and quantity (Mohammad-pajooh et al., 2017). It
is a well known subject that landfilling of waste is a long lasting process that could
last for 20-30 years or more so that separate parts of a landfill can be in different phases
of waste decomposition. Therefore, it is emphasized in many sources that landfills
cannot have just a single stage but different phases in various parts of the site and time
required for each stage to be completed can be different depending on the prevailing
physical, chemical, and biological conditions within the waste (Kjeldsen et al., 2002;
Scott et al., 2005). Furthermore, only the most distinct phases, namely stages III and
IV, could be differentiated truly due to specific characteristics of produced leachate
and gas (Adhikari et al., 2014; Pohland and Harper, 1985). For that reason, it is noticed

that in some references leachate is defined as acidogenic/acetogenic or methanogenic
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leachate (Gao et al., 2015; Hussein et al., 2019; Mishra et al., 2016; Wijesekara et al.,
2014).

2.1.3 Leachate Properties and Characteristics

Characteristics of leachate are generally represented by pH, chemical oxygen demand
(COD), biological oxygen demand (BOD), suspended solids (SS), ammonium
nitrogen (NHs-N), total Kjeldahl nitrogen (TKN) and heavy metals (Mukherjee et al.,
2015; Renou et al., 2008). It could be said that main pollutants in leachate are organics
and nitrogen (mostly in the form of NH4-N). Some heavy metals could be slightly
higher in early stages due to dissolution at low pH (Kulikowska and Klimiuk, 2008),
otherwise they are not found in major quantities (Kjeldsen et al., 2002). Main pollutant

groups in leachate are provided in Table 2.2 and explained below in detail.

Table 2.2 Main polutant groups in landfill leachate (Christensen et al. 2001; He et al.,
2009)

Groups Constituents

Dissolved organics measured as COD/TOC including
volatile fatty acids and refractory compounds like fulvic and
humic-like substances.

Organic compounds

Sulfate, phosphate, chloride, nitrogen species, calcium,
Inorganic compounds magnesium, sodium, potassium, carbonate, iron, and

manganese.

Heavy metals Nickel, zinc, copper, lead, cadmium, mercury, arsenic,

chromium.

Xenobiotic Organic Compounds (XOCs) such as aromatic
Specific organic hydrocarbons, phenols, pesticides etc., endocrine disrupting
compounds compounds (EDCs).

Organic compounds

Majority of the biodegradable portion of the waste consists of food, yard and wood

waste, paper, textile, and some inorganics (Bhatt et al., 2016). Organic composition of
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leachate (mostly measured as COD, BODs (simplified as BOD throughout the text),
and TOC) comes from the soluble parts of those wastes and decomposition by-
products. The highest amounts of organic compounds found in leachates are generally
volatile fatty acids like acetic, butyric, valeric, and propionic acids. This composition
could change and shift into other constituents like fulvic and humic-like compounds
with time due to microbial and physical/chemical processes in a landfill (Adhikari and

Khanal, 2015; Chian and DeWalle, 1977).

COD is used for measuring all oxidizable matters in leachate and BOD is for the
biodegradable portions only (Lee and Nikraz, 2014). Therefore, BOD/COD ratio is
related mostly with the organic composition of leachate and it could be a good
indicator for showing the phases of waste stabilisation. It can also be considered as
showing the maturity of leachate since it decreases considerably with time (El-Fadel
etal., 2002). Very low values of BOD/COD ratio mean that most of the biodegradable
waste has been stabilized. Therefore, it is one of the best indicators for understanding
the degree of waste stabilization as well as leachate biodegradability (Bhatt et al.,

2016; Zakaria and Aziz, 2018).
Inorganic compounds

A great variety of inorganic compounds are detected in landfill leachate including
NHs-N, chloride (Cl), sodium (Na), potassium (K), calcium (Ca), magnesium (Mg),
manganese (Mn), iron (Fe), bicarbonate (HCO3), and sulfate (SO4) at considerable
concentrations (Renou et al., 2008). Concentrations depend on the waste stabilization
stages as explained in Section 2.1.2. For example, in the methanogenic stage,
concentrations of calcium, magnesium, iron, and manganese are lower since higher pH
enhances precipitation and sorption activities inside the waste. Similarly, SO4 levels
are low in the methanogenic stage as SO4 concentration can decrease with time due to
the reduction to sulfide (SO2) under anaerobic conditions in landfills (Akyol, 2005;
Renou et al., 2008). The resulting SO ions react with metals to precipitate as metal

sulfides (Kjeldsen et al., 2002; Talalaj et al., 2016).
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Mg and Ca are not major pollutants in leachate. Decay of plant and animal tissues can
contribute to high levels of Ca levels beside some industrial wastes. Therefore, this
sort of waste in landfills can contribute to high concentrations of Ca and Mg in leachate

(Oketola and Akpotu, 2015).

The salt content of leachate is mainly due to Na, K, Cl, SO4, and NH4-N ions. They
mainly come from the degradation of organic matters in waste (Naveen et al., 2014).
Conductivity (EC) of the leachate consists of major ions like Ca, Mg, Cl, Na, and K
and it can be extremely high due to high levels of anions and cations (De et al., 2016;
Naveen et al, 2017). Chloride is a conservative parameter so that its concentration in
leachate does not change notably with time (Reinhart and Grosh, 1998; Tatsi and
Zouboulis, 2002). Its concentration change is mainly related to dilution effect due to
rainfall (Kulikowska and Klimiuk, 2008; Statom et al., 2004). In some studies,
variations were shown to increase with landfilling time (Chu et al., 1994). But, Ehrig
(1983) indicated no significant change in chloride concentrations in acidogenic and

methanogenic stages.

Nitrogen in leachate can be found in many forms like organic nitrogen, NHs-N, nitrite
(NO») and nitrate (NO3) ions. It originates from the biodegradation of proteins and
amino acids in waste and measured mostly as NHs-N and TKN. TKN is the sum of
organic nitrogen and NH4-N while total nitrogen is calculated as the summation of
TKN and nitrite/nitrate concentrations. TKN and NH4-N values are found to have very
similar magnitudes and most leachate samples have no or very low nitrate values
(Statom et al., 2004). Kim and Lee (2009) stated that NH4-N concentration is generally
more than 90% of the total nitrogen (TN) in leachate. NH4-N/TN ratio decreases as
landfill ages, indicating increase in other N species like NO> and NOs (Ziyang et al.,
2009).

NHa4-N is one of the most important polluter in leachate due to its relatively high
concentrations, toxic effect and having no mechanism of removal inside the landfill in
the long term. Since anaerobic hydrolysis of proteins is slower than other compounds,

nitrogen is released gradually as NH4-N. Therefore, its concentration does not decrease
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with time but could increase to very high levels as landfill ages and remains at those

levels for decades (Chu et al., 1994; Kim and Lee, 2009; Kjeldsen et al., 2002).

Alkalinity in leachate is composed of mainly bicarbonate, carbonate and hydroxyl
ions. Total alkalinity (TA) in landfill leachate is generally very high due to microbial
decomposition and dissolution activities in landfills. Biodegradation of organics
generates considerable amounts of carbon dioxide which is also a source of alkalinity

(Naveen et al, 2017).
Heavy metals

Heavy metals originate mainly from ash and construction & demolition wastes
(Durmusoglu and Yilmaz, 2006) as well as from discarded materials like batteries,
bulbs, paints, pipes, chemicals (Mor et al., 2006), electronics, motor oils, inks, foils,
plastics, glass, rubber and other scrap materials (Kjeldsen et al., 2002; Naveen et al.,
2014). Heavy metals can arise as the by-products of corrosion and complexation
activities or dissolved components from waste (Durmusoglu and Yilmaz, 2006). A
wide range of heavy metals can be found in landfill leachate such as nickel (Ni), zinc
(Zn), chromium (Cr), copper (Cu), lead (Pb), aluminium (Al), and cadmium (Cd)
(Kjeldsen et al., 2002; Renou et al., 2008).

Heavy metal release depends mainly on the presence of complexing agents and pH of
the medium. In anaerobic conditions, most heavy metals such as Ni, Zn, Pb, Cu, and
Cd could form insoluble metal sulfides and precipitate. High pH also decreases the
solubility of metals and precipitation of metal hydroxides (i.e., chromium) may occur

(Kjeldsen et al., 2002; Renou et al., 2008).
Specific organic compounds

Xenobiotic organic compounds (XOCs) may be found in leachate at slightly low
concentrations which may originate from industrial and household chemicals.
Aromatic hydrocarbons, phenols, chlorinated aliphatics, pesticides and plastizers like
PCBs, dioxins, and PAHs are common in XOCs compounds. Many XOCs could be

observed in leachate depending on landfill technologies used, waste composition, and
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landfill age. The most frequently seen XOCs are the halogenated hydrocarbons and
monoaromatic hydrocarbons like benzene and toluene (Kjeldsen et al., 2002; Renou et

al., 2008).

Beside XOCs many endocrine disrupting compounds (EDCs) have started to appear
in landfill leachate in very small concentrations (i.e., ppm) as detection is enabled with
the progress in measurement techniques (He et al., 2009). Their sources are mainly
industrial chemicals, pharmaceuticals, and pesticides present in the waste (Scott et al.,

2005).

As explained above, leachate contains many different and complex compounds based
on the type of waste landfilled. There are many other compounds in landfill leachate.
Up to now, more than 200 hazardous compounds have been measured (Khalil et al.,
2018; Luo et al., 2020). For example, sulfide, barium, mercury, borate, arsenate,
lithium, selenate, and cobalt can be found in leachate but in very low quantities so that

could be taken with little importance (Kjeldsen et al., 2002).

2.2 Leachate Characterization Studies

In literature, there are extensive studies on landfill leachate providing valuable
information about the composition, transport, and treatment alternatives. Leachate
characterization data mostly comes from the treatability studies including operating or
closed landfills as well as pilot scale or laboratory lysimeter studies. The main problem
with landfill leachate can be stated as its composition such as strength,
biodegradability, and toxicity changes with time as the waste decomposes in the
landfill. Although leachate content fluctuates considerably between the aerobic,
acetogenic, and methanogenic phases during waste stabilization, according to
literature mainly three categories of leachate have been defined with respect to landfill
age (Baig et al., 1999). Leachate produced in young landfills, generally less than 5
years old, are typically high strength wastewaters characterized by low pH, high
organic content, high BOD/COD ratio (>0.6), and the presence of several hazardous

compounds. Leachates from medium aged landfills, generally 5-10 years, mainly have
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refractory organic compounds, low BOD/COD ratio (<0.3), and high concentration of
NHs-N (Neczaj et al., 2008). On the other hand, in leachates from old landfills (age>10
years) mainly compounds such as humic and fulvic acids were found with low COD

(<5000 mg/L), low BOD/COD ratio (<0.1), and high pH (>7.5) (Ding et al., 2018).

Ehrig (1983) studied quantity and quality of leachate for 3 years at 20 landfills in the
west of Germany. The age of the studied landfills were up to 15 years. It was stated
that concentrations of some parameters were changing with landfill age (i.e., pH, COD,
BOD, Fe and Ca). As the pH was increasing, Fe and Ca were decreasing due to
decreasing solubility. Many of the inorganics were found varying considerably with a
low increase with time (i.e., Cl, NHs4-N, K and Na). Heavy metals were found in low

levels (Pb, Ni, As, Cu, Cr).

Tatsi and Zouboulis (2002) studied the composition of leachates depending on landfill
age and seasonal changes. It was stated that high rainwater percolating through the
waste piles dilutes leachate while extracting several constituents, but during dry
months, concentrations of some parameters would be higher. They studied the main
physico-chemical parameters of leachate samples on a seasonal basis taken from two
different sites (old and fresh part) in the same sanitary landfill. Relationships between

those parameters were investigated and findings are summarized as follows:

e Fresh (young) leachate is generally characterized by higher pollutant
concentrations. The concentration of total dissolved solids (TDS) fluctuates too
much and conductivity is higher showing the high amounts of soluble
inorganics. On the other hand, organic and inorganic contaminants are found
in decreasing levels in older leachate (stabilized). BOD/COD ratio decreases
as well, being 0.5 for a young leachate and 0.2 for an old (more stabilized) one.

e NH4-N concentrations remained high despite decreasing trend of the organic
compounds (as COD and BOD) in leachate with landfill age.

e Chloride concentration in young and old leachate was found to be similar
without any decreasing or increasing trend with landfill age (between 3200 and

4100 mg/1).
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e Total phosphorus (TP) was found in lower concentrations in old leachate
(around 9 mg/1) while relatively higher (around 170 mg/l) in young leachate.

e Due to the anaerobic reactions within the landfill, leachate pH increases in old
leachate (6.2 to 7.9) showing the decrease in the free volatile acids

concentration.

Statom et al. (2004) investigated the leachate chemistry from lysimeter tests and
pilot/full-scale landfills. Concentrations of organic and inorganic parameters were
changing in large ranges. Majority of the parameters were found in decreasing
concentrations in older landfills compared to younger ones. Similarly, Ding et al.
(2018) stated that leachate composition from young landfills (age<5 years) contains
high organic substances (COD>10,000 mg/L) and BOD/COD ratio (>0.3) with low
pH (<6.5).

Calli et al. (2005) presented leachate characteristics of a landfill site in Turkey. It was
shown that BOD/COD ratio is generally above 0.6 indicating high biodegradability.
Close values for TKN and NHs-N concentrations show the absence or very low
amounts of organic nitrogen in young landfill leachate. Heavy metal concentrations
were found very low except for iron. Mertoglu and Calli (2011) performed physical
and chemical analyses of leachate samples for two years obtained from eight landfills
in Turkey. It was stated that BOD/COD ratio is more than 0.5 in active landfills. In
young landfill sites, COD and TKN values were more than 70,000 mg/L. and 5000
mg/L, respectively.

Robinson (2005) presented detailed data for leachate composition from landfills in
different countries and climates. It was found that it takes up to 3 years to achieve
methanogenic leachate composition for landfills in moderate climates, whereas at

warmer climates (tropical sites), very rapid transition occurs in only 12 to 18 months.

Fan et al. (2006) studied three different types of landfills in Taiwan, namely a closed
MSW landfill, an active mixed landfill (co-disposal of MSW with bottom ashes of
MSW incinerators) and an active MSW landfill. Seasonal effects, landfill age, pH,

organic content (BOD, COD, fulvic acid, humic acid, and non-humic substances),
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solids, and metals (Pb, Ca, Cd, Hg, Cr, Cu, Fe, K, Mg, Mn, Na, Ni, and Zn) in leachate
have been analyzed. It was shown that active landfills have considerably higher COD,
total solids (TS), TOC and conductivity values. Furthermore, COD, SS, TS, color,
TOC, BOD and conductivity were found having a decreasing trend with increasing

landfill age.

Jianguo et al. (2007) investigated the impacts of leachate recirculation on waste
stabilization, landfill gas production, and leachate composition. It was stated that
recirculation results in accumulation of ammonium, phosphorus and some persistent
organics in the leachate. Recirculated leachate composition is similar to the old

leachate.

Oman and Junestedt (2008) studied leachates from 12 Swedish municipal landfill sites
and detected in total 140 organic, metal organic and inorganic compounds. Many of
those compounds are stated as hazardous to the environment and human health. Li et
al. (1999) studied leachates from 13 landfills in Hong Kong and very high
concentrations of ammonia, low BOD/COD ratio (0.19), and high conductivity and

alkalinity values were found.

Galvez et al. (2010) studied the leachate from a landfill in Spain for 3 years. The
analyzed parameters were mainly pH, COD, BOD, nitrogen, solids, conductivity,
major anions and cations. The leachate was characterized as partially stabilized
because of existence of both active and closed cells at different decomposition phases
and leachate recirculation at the site. Landfill site accepted waste fractions that cannot
be recycled or recovered in the nearby waste composting and recovery plant
(approximately 59% of the total waste). Therefore, organic content of the waste was
reduced that lowers biodegradable organics in the leachate. They stated that
conductivity values were high in leachate indicating the presence of dissolved
inorganic materials. The highest ion concentrations were chloride, sodium and
potassium which are part of the total dissolved solids. TKN and NH4-N concentrations
were similar while nitrate and nitrite levels were negligible showing that organic

nitrogen was very low and most of the nitrogen (over 90%) was in ammoniacal form.
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Castrillon et al. (2010) analysed the variations in the physico-chemical composition of
the leachate in a landfill with different ages. Organic content of the leachate reached
maximum values during the first year of operation (up to 80,000 mg/L) and gradually
decreased. On the other hand, the concentration of NH4-N has been increased
continuously to around 2000 mg/L. Old landfill leachate was characterized by higher
NH4-N content and lower BOD/COD ratio.

Mohammad-pajooh et al. (2017) studied the leachate composition by a five-year
survey in different states of Germany. Major contaminants were stated as COD, Cl,
Na, K, and NH4-N, but heavy metal concentrations were not found significant. They
also stated that generation of landfill leachate could be reduced to some point by waste
pre-treatment which has been widely applied in developed countries. Pre-treatment of
waste can be done by mechanical biological treatment (MBT) plants where paper,
metals, plastics, etc. are recovered by mechanical processes. Then, biological
processes (composting, digesting, etc.) applied for stabilization of the waste before
landfilling. Those processes affect incredibly the content of the landfilled waste and
hence composition of the leachate. After MBT processes, leachate organics and heavy
metal concentrations are reduced significantly but nitrogen concentrations does not

change too much and remain at high levels.

2.3 Studies Regarding Statistical Analysis and Modeling Approaches for
Landfill Leachate

Due to high number of parameters, sampling, preservation and analysis of leachate
samples is a time consuming and expensive process. Therefore, different statistical
approaches and models can be used to show the significant similarities and differences
between leachate samples from different landfills. Although site specific conditions
have great impact on the leachate composition, common trends and properties can be

found through data analysis.

Usage of simulation programs for design, operation and monitoring of landfills is not

widespread due to difficulty in modeling of landfill processes. Local factors such as
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composition of waste, disposal method as well as several physical and biochemical
factors should be considered such as climate, liquid and gas transfers, biological and
chemical processes etc. (de Cortazar and Monzon, 2007). It is possible to find many
studies about leachate characterization and treatment methods in the literature as well
as modeling of landfills, mass transfer calculations, etc. However, only limited
information was found regarding modeling/statistical analysis of leachate properties.

Some of those studies are provided in this section.

Tatsi and Zouboulis (2002) studied leachate samples taken from two different sites
(old and fresh part) in the same sanitary landfill. Pearson correlation analysis was
performed to show the possible relationships between the parameters. Good

correlation was found between those:

- Conductivity with nitrate, NH4-N, TKN, solids, alkalinity, color;
- pH and solids;

- BOD and COD, TDS, sulfate;

- NH4-N and TKN, solids, alkalinity, color;

- COD and solids.

Fan et al. (2006) conducted Pearson correlation analysis for some leachate parameters
and found that landfill age is inversely correlated with pH, COD, SS, TS, TOC, BOD,
and conductivity (EC). Pearson correlation results are presented for other parameters

as follows:

- pH s correlated with EC, COD, TS, TDS, TOC,;

- SS s positively correlated with COD, TS, TOC, EC, TDS;

- COD is positively correlated with pH, SS, TS, TOC, BOD, EC, TDS;
- TS is positively correlated with pH, COD, TDS, TOC, BOD, EC.

Ziyang et al. (2009) studied leachate samples with different ages by principle
component analysis (PCA). Results indicated that leachate could be categorized
mainly into three phases by degradation in the southern areas of China (humid and

warm climate). Phase I included the first 4 years as fast degradation stage, Phase 11
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was called as transitional stage between 5 to 7 years, and Phase III was accepted as

consolidated stabilization stage after 8 years.

Galvez et al. (2010) studied leachate from a landfill in the proximity of a composting
and recovery plant in Spain for 3 years. Leachate data were evaluated statistically using
various statistical tools. With Pearson analysis, a good correlation was found between
COD and total solids, especially with volatile total solids indicating the contribution
of organic solids into the COD. NHs-N showed significant correlation with BOD.
Correlation between dissolved solids, anions and cations (Cl, Na, K, Mg), and
conductivity shows that these ions are dissolved in the leachate. It also confirms the

well-known relationship between conductivity and dissolved solids.

Wijesekara et al. (2014) stated that pH has an inverse correlation with heavy metals in
leachate like Mn and Cr showing dissolution of these metals at low pH. TDS has a
significant correlation with COD and heavy metals like Pb, Ni, and Cr showing high

mobility of these pollutants in leachate.

Bhatt et al. (2016) studied models to estimate BOD and COD concentrations with time
in MSW landfills depending on the parameters such as precipitation rate, temperature,
and type of waste. The models obtained showed that high rainfall and temperature rates

result in higher BOD and COD concentrations in leachate.

Mishra et al. (2016) stated that some statistical methods have been utilized in the past
for landfill leachate. However, application of multivariate data analysis technique on
leachate data is very limited. For example, PCA was performed by only a few
researchers for leachate data (Adelopo et al., 2018; Boateng et al., 2018). Some
applications of PCA on landfill leachate data includes classifying leachate samples or
landfill cells, investigating differences in leachate quality among landfill sites in the
same area, and searching relations between leachate parameters (Modin, 2012).
Adelopo et al. (2018) analysed leachate data from closed and active landfills and
showed the existence of significant differences between those landfills. These
differences were appearent especially for the concentrations of EC, COD, TKN, solids,

chloride, sodium, potassium, calcium, magnesium, and nickel. No significant
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differences were found between the concentrations of other heavy metals (Cu, Zn, Cr,

Pb, Cd).

Mishra et al. (2016) studied leachate samples from a landfill site in India. They
performed PCA to examine the correlation between large number of leachate
parameters. EC was found positively correlated with Cl, COD, BOD, Mg, and Fe.
COD content of the leachate was correlated positively with SS, BOD, EC, Ca, Fe, Ni,
Mn, and CI. Also, seasonal variations were observed in landfill leachate regarding
COD, BOD, alkalinity, pH and conductivity. Durmusoglu and Yilmaz (2006)
conducted PCA for leachate samples from a landfill in Turkey. It was stated that Cu,
TP, Zn, and COD are the most essential elements in their leachate samples for

explaining the variation in the data set.

Mohammad-pajooh et al. (2017) studied the leachate composition by a five-year
survey in different states of Germany. Major contaminants were stated as COD, CI, N,
K, and NH4-N, but heavy metal concentrations were not found significant. It was found
that COD and NH4-N were highly correlated with EC values. For this reason,
possibility of prediction COD and NH4-N values from EC measurements was
investigated. A linear regression model was used and equations were found highly

significant.
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CHAPTER 3

METHODOLOGY

To achieve the objectives of this study, leachate characterization data belonging to
different landfills in different countries have been collected to conduct various
statistical analyses and regression modeling studies. As a first step, data were collected
from different types of literature including published articles, theses, and available site
data from operating landfills. Collected data includes leachate pollution parameters
(i.e., organic content, inorganics, heavy metals, etc.), landfill properties (operational

years, status, etc.), climate and development status of the landfill location (Figure 3.1).

Investigation of Outlier removal &
Leachate > .
— arameters — applicable —  missing data
P methods completion
) . Standardization &
|| Landfill .| Decision of the || o
properties type of analyses normalization of
the data
Cllnjgte Chec_kmg Grouping of the
— conditions, — assumptions and —
. . : data
income index requirements

Figure 3.1. Main activities conducted for analysis of leachate data

After extensive data collection phase, analysis tools were investigated from current
literature. It was observed that there have been limited studies for some of the complex

statistical methods given in Section 3.2. Those methods were investigated further for

27



their applicability to collected leachate data. The main assumptions and requirements
were studied in order to figure out the data pre-treatment needs. Mainly, outlier and
missing data problems emerged as important factors. Furthermore, standardization and
normalization as well as grouping of the data were arised as the main steps to be taken
prior to the analyses. A simple view of the main activities conducted before any
detailed analysis is presented in Figure 3.1 and explained in detail in the following
sections. Detailed flowcharts are provided in Section 3.1 and Chapters 5 and 6 with

the results of selected analyses.

3.1 Data Collection

Available leachate data were collected from national and international references as
well as from operating landfill sites in Turkey. Leachate composition data were
gathered mostly from treatment and pollution monitoring studies. In most of the
researches, composition of the landfill leachate is presented by some basic parameters
such as pH, COD, BOD, NHs-N, Cl, solids, electrical conductivity (EC) and alkalinity
(as CaCO0y).

Some difficulties were faced during collection of the proper data to be used for
regression modelling and statistical analyses. Some references provided only limited
leachate parameters which caused discontinuity in the data set. For example, TOC,
solids, alkalinity, sulfate, phosphorus, Na, K, and Cl as well as some heavy metal
measurements were absent in some studies. On the other hand, pH, COD, BOD, and

NHa-N parameters were measured in most of the studies.

For the aim of collecting leachate data in relatively similar conditions in terms of
landfill operations, leachate handling methods, etc., references satisfying the below

criteria were selected:

e municipal solid waste is the major waste type landfilled which includes the
commercial waste, yard waste and domestic waste.

e 1o leachate recirculation at the site
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e no pre-processing of the waste before landfilling
¢ no disposal of specific waste like ash, sludge, etc. in considerable amounts

e no mixing of landfill leachate with any other wastewaters

Furthermore, landfill properties like being closed or active (operational) during
sampling period as well as being sanitary (engineered/controlled) or
unsanitary/uncontrolled landfill/dumpsite was indicated in the data matrix

accordingly.

Landfill/leachate age definition was absent in many references. Furthermore, since
landfills operate continuously until the closure, it was difficult to attribute a definite
number for the leachate age. As stated by Ziyang et al. (2009) waste disposal occurs
by multi-layers in most of the landfills in considerable heights. Therefore, it is not
possible to collect leachate samples with a certain disposal time/age. Leachate comes
from older and freshly deposited parts together and generally mixed in collection
ponds. In majority of the references, leachate age is equal to the landfill age. Leachate

age is calculated specifically as explained below.

e Leachate age is calculated as the difference between start date of the landfill
and sampling date of leachate. Sampling time is determined by some
assumptions if not provided clearly in the reference. For example, if sampling
year is absent, 2-3 years back is assumed from the article submission date
(relevancy of this assumption was observed in many articles during data
collection and considered that it is quite acceptable).

e Ifsampling time is given as a time interval, the date corresponding to the mid-
point of the interval is taken as the sampling time in the landfill/leachate age
calculation. For example, if leachate average data is given for 2010-2012
period, then 2011 is taken as the average sampling year.

e [f a landfill name is known but its age is not given in the reference clearly,
extensive web search was done to find out the landfill operation dates
(start/closure). For some cases, search was done for some landfills in Korea,

Spain, Norway, Sweeden, Brazil, France, Russia, etc. in their original language
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and translation programs were used. Some of the absent data about a few
landfills were obtained in this way.

If sampling period is several years and leachate composition is given for each
year separately, then the data corresponding to different years are included in
the data set for different landfill ages of the same landfill. For example, for 3
years of sampling time of a given landfill, 3 data sets were included in the
analyses as 1-year, 2-years, and 3-years old landfill ages. For that reason, the
number of leachate data sets (511) is greater than the number of total landfill

sites (330) in the study.

All relevant data collected from references, including specific information like names

of the landfills, location as province and country, relevant dates (i.e., sampling time,

landfill start year and closure year), being sanitary or unsanitary, closed or active

landfills, etc. were entered into an Excel spreadsheet. Furthermore, countries’

development criteria as income levels (high, lower middle, and upper middle) have

been determined according to the World Bank list of economies (June 2020). Climate

data of landfill locations (annual average temperature and precipitation rates) was

taken from the articles if given, otherwise a web link was used (Climate-data.org).

It is worth to note that below issues were taken into account during data collection:

There were inconsistencies in collected data for some leachate parameters. For
example, if the TKN was lower than NH4-N, if TOC value was higher than
COD, and so on. For those cases, data was considered as incorrect and
eliminated.

If a parameter concentration is given as “under detection limit” in the form of
less than a given number, then half of that number (detection limit) is taken as
the quantity (i.e., if concentration is <0.04 mg/L, in the analysis it was
considered as 0.02 mg/L). This procedure was applied generally for very low
heavy metal concentrations declared as under detection limit.

Mathematical calculations were done to complete missing data during data

collection step. For example, TN was calculated from given TKN and
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nitrate/nitrite values, or TKN from given organic nitrogen and NH4-N values
and vice versa. Similarly, TDS was calculated from given SS and TS or TS
from SS and TDS and so on.

Some leachate parameter values were read from the charts given in relevant
studies if not tabulated (encountered only in a few cases).

If leachate parameters are provided in value ranges, then averages were
calculated. Similarly, if several months of data are given within a given year,
again averages were taken.

Care was given to use leachate data having relatively similar conditions in all
the landfills. For example, leachate data for any indicated specific site
properties like soil cover with moulding sludge, clay layer with high calcium
content etc. were not used. Therefore, landfills where leachate quantity and
quality might have been impacted considerably by site-specific conditions
were eliminated during data collection phase.

In many references landfill names are given, but in many others it is not. In
those cases where the landfill name is absent but the specific data exists (start
date, operation type), then the leachate data were used under the name of
unknown landfill.

Unsanitary landfills are the ones with no gas and leachate collection
mechanisms and generally named as open dumps, uncontrolled landfills,
unengineered or unlined landfills, etc. in different articles (Vaccari et al.,
2018). At those sites, leachate samples are generally collected from surface
flows, seepages, and self-formed small ponds. This individual non-
homogeneous leachate deposits cannot properly reflect the leachate properties
of the whole site. Therefore, their indication was done clearly on the data sheet
as landfill type and not included in the analyses.

For the climate classification, climate data of the nearest location was taken
according to the available information given in the reference such as map of

the site or name of the landfill place.
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e Data sheet has been checked several times. If landfill operational dates and
sampling dates were absent or incorrect dates were given as realized from
cross-checks with other relevant references or web search, they were corrected

as much as possible.

Approximately 850 references constituting published articles, reports, and theses have
been reviewed. A total of 511 leachate data have been generated, 87 of which belongs
to unsanitary landfills and 64 being from closed sites while the remaining ones are still
active, operating sanitary landfills. As a result, an initial raw input leachate data matrix
of 360 rows (landfills/leachate samples) was obtained from different parts of the World
such as countries from Europe, Middle East, Asia, Africa, USA, and Canada
(Appendix A). In some references, it was not possible to obtain or estimate the real
landfill or leachate ages so those data had to be removed from the analysis related with

age.

Main statistical representation of the leachate pollution parameters according to the
collected data were given in Table 3.1. It is seen that there are high variability in
concentrations of many parameters. Beside high concentrations of organics, NH4-N,
chloride and alkalinity, there are much smaller concentrations of heavy metals and

other inorganic compounds in landfill leachate.
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Table 3.1 Descriptive statistics for physico-chemical characteristics of leachate

Parameters* Sample N Minimum Maximum Mean Median De\S/;iion
pH 344 52 10.0 7.6 7.8 0.7
COD 345 117 80750 9535 4800 11780
BOD 300 9 49400 4521 1106 7427
TOC 89 32 19800 2726 1430 3742
BOD/COD 293 0.01 0.94 0.33 0.31 0.22
NH4-N 314 10 5931 1359 1157 1096
TKN 144 75 6335 1769 1556 1397
TN 107 56 6370 1846 1370 1592
TP 156 0.2 149 24 15 25
PO4-P 86 0.0 349 21 9 42
TSS 184 10 21000 1051 530 1854
TDS 92 2000 36222 14098 12812 8308
TS 80 292 43840 15869 13754 9395
Cl 222 3 11443 2808 2331 2195
SO4 152 0 2250 291 88 458
EC 190 0.5 68.1 19.8 17.1 12.7
TA 159 567 23250 7638 7094 4551
Na 121 128 11850 1938 1445 1740
K 106 117 10252 1340 959 1371
Fe 209 0 810 57 11 114
Ca 133 7 7413 477 184 888
Mg 128 2 1963 219 142 278
Ni 158 0.0 9.8 0.7 0.3 1.4
Zn 207 0.0 76.7 32 0.7 8.9
Cu 173 0.0 15.2 0.9 0.1 2.5
Cr 177 0.0 13.8 1.0 0.3 2.0
Pb 175 0.0 56.7 0.8 0.1 4.4
Cd 156 0.0 3.7 0.1 0.0 0.4
Mn 128 0.0 49.0 4.2 0.8 8.6

*Total alkalinity (TA) is in mg/L as CaCOs, EC is in mS/cm, and the other parameters are in mg/L
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Algorithm for the steps taken during the data collection and analysis is presented in
Figure 3.2. The first and substantial step was the data collection. The data on both
leachate parameters and other variables such as landfill properties, socio-economic
conditions of the places (as income index), and climatic conditions were compiled at
this step. After data collection was completed, controls and checks were done for the
missing or insufficient data. As mentioned before some references provide values only
for some of the leachate parameters. For example, organic and ammonia content
measured mostly while some inorganics (phosphorus, sulfate, calcium, and
magnesium) and heavy metals were absent. Therefore, other available references about
the same landfill were searched to have more data or for consistency check.
Furthermore, for the missing information in the references, extensive search was
conducted to complete the required fields in the data sheet. For example, if landfill
operational dates and sampling dates are absent, cross references were checked or web
search was done to be able to calculate landfill/leachate age properly. In the data
analysis part, references were required to be reviewed many times due to outlier or
missing data. If necessary information cannot be found within the article or other cross-

checked references, then data removal was done accordingly.
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Figure 3.2. Algorithm of major data collection and analysis activities
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3.2  Analysis Methods and Assumptions

After extensive data collection phase, various multivariate statistical techniques such
as principle component analysis (PCA), regression analysis, and cluster analysis were
investigated for application to the landfill leachate data set obtained from different
municipal solid waste landfills. For comparison of groups, parametric and non-
parametric statistical methods were selected including analysis of variance (ANOVA),
Kruskal-Wallis and Mann-Whitney U Tests. Objectives of each analysis are presented
in Figure 3.3. Details and assumptions about the applied statistical methods are
explained in the relevant sections below. IBM SPSS software for Windows version 25

was used for all the statistical analyses with the confidence level of 95% (p<0.05).

* For definition of the degree of correlation
between leachate parameters

Correlation Analysis

* For modeling of the leachate data having
Regression Modeling strong correlation with each other
(simple/multiple)

* For classification of leachate parameters
Cluster Analysis into groups according to similarities and
dissimilarities between them

* For explaining much of the variance in
leachate data with relatively few
components

Principal Component
Analysis (PCA)

ANOVA/ Kruskal- * For making comparisons of leachate
Wallis test parameters between groups (more than 2)
and to find out the significant differences

ANOVA Post-Hoc/ * For  making  multiple  (pairwise)
comparisons of leachate parameters in

each pair of groups

Mann-Whitney U test

Figure 3.3. Objective of each multivariate analysis
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3.2.1 Pearson Correlation Analysis

Pearson correlation analysis is used to show the possible relationships between
leachate parameters. Parameters having Pearson Correlation Factor (r)>0.7 are
considered to be strongly correlated and others having r between 0.5 and 0.7 are
accepted as moderately correlated with a significance level of p<0.05 (Adams et al.,
2001; Banar and Ozkan, 2008). On the other hand, Wdowczyk and Pulikowska (2020)
assumed strong correlation if correlation coefficient r is between 0.7 and 0.9 and
moderate correlation if 0.4 <r < 0.7. This means, if r is less than 0.4 there is a weak
correlation and if r is greater than 0.9 there is a very strong correlation with a

significance level of p<0.05.

3.2.2 Regression Data Modeling and Multicollinearity

Regression modelling was conducted for modeling of leachate parameters which have
strong correlation with each other in order to predict some of the missing data in
leachate data matrix. In literature, it is stated that “If a variable has no place in the
theory, it should not be included in the regression analysis” (Schroeder et al., 2018).
To select the variables for the regression modeling, Pearson correlation analysis was
done in the SPSS to see the main relationships between leachate parameters. Only
highly relevant parameters were regressed according to the results of correlation
analysis (r>0.7). Furthermore, scatter plots were checked for the ones having high
correlation. It was clearly observed that linear relationship exists between many
leachate parameters. Therefore, simple/multiple linear regression modeling was

applied to leachate parameters accordingly.

Multiple linear regression analysis is used to estimate the effects of several variables
at the same time. More than two independent variables can be used simultaneously to
test the variations in the dependent parameter. On the other hand, if variation in the
dependent parameter is associated to changes in only one independent variable, then it

is called as bi-variate or simple linear regression (Schroeder et al., 2018). In this study
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both methods were employed depending on the correlation status of leachate

parameters.

The R in the regression analysis is stated as “coefficient of multiple correlation” and
it is similar to r in the coefficient of correlation. Both parameters measure the degree
of association between variables. Similarly, R?> which is the “coefficient of
determination”, measures the percentage of the variation occurs in the dependent
variable due to the variations in the independent variables. Higher R? means that
predicted data will be closer to the observed data. Higher R? values are good, but they
don’t show how far the observed values are from the regression line. It is the standard
error of estimate (S) that shows the distance between the observations and the

regression line (Schroeder et al., 2018).

Another important indicator used to find the best model is checking the residuals. For

that, average and maximum % errors are calculated with below formula:

observed data — predicted value (y)
* 100

e . observed data
Consequently, various regression models with different leachate parameters were
conducted in the SPSS and the best one was selected for predictions of the missing
data according to those conditions of: the lowest S, the highest R?, and the lowest %
error values. Precedency was given to the S and average % error. Generally, if those
are lower, the R? would be sufficiently high too. Another important point in selecting
the best model was the number of missing data that can be calculated from available
data points with the selected model. If only a few number of missing data could be
calculated with the best model, then the other models should be selected which provide

similar or reasonable S, R?, and % error values.

Collinearity is a correlation between two independent variables in a statistical analysis
and multicollinearity is when more than two independent variables are associated

(SPSS guide, 2021). Collinearity or multicollinearity condition should be checked in
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the multiple linear regression analysis. Collinearity was tested in SPSS according to

the below criteria (Regorz, 2020):

1. "VIF" value in the table of "Coefficients" is checked. If it is less than 10 for all

predictors (indepented variables), there is no collinearity problem.

2. If there are only a maximum of two values of the VIF above 10, then it could
be assumed that the collinearity problem exists between these two values and

do not interpret the "collinearity diagnostics" table.

3. If there are more than two variables with a VIF above 10, then collinearity

diagnostics table should be controlled.

4. Ifthe Condition Index is above 15, then on the same lines Variance Proportions
are checked. If there are two or more variables above 0.90 in one line, a

collinearity problem can be assumed between those.

5. However, if only one variable in a line has a value above 0.90, no collinearity

problem is assumed.

3.23 Cluster Analysis

Cluster analysis is a method that classifies variables (cases) into groups (clusters)
according to similarities within a group and dissimilarities between other groups
(Akbal et al., 2011). The degree of relationship is the largest among variables which
are in the same group (Talalaj et al., 2016). In a Dendrogram, the appropriate number

of clusters can be seen clearly (Bhuiyan et al., 2011; Rinaldi et al., 2014).

In this study, cluster analysis was applied to identify the relationship among leachate
pollutants. It helps to visualize possible groupings of leachate parameters according to
the correlation status between each other. The order of magnitudes of the values for
different variables may be different from each other. For example, COD, BOD, and

TDS can be in thousands of mg/L whereas pH and EC are in much lower numbers (i.e.,
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between 1-100 max). Therefore, standardization of the data is very important since
clustering methods are highly influenced by large variances of the data (Li et al., 2012).

This subject is elaborated in the data pre-treatment section.

In this study, hierarchical cluster analysis (HCA) was selected for grouping of leachate
pollutant parameters. HCA uses the distance between samples for the measure of
similarity (Akbal et al., 2011). In HCA, each case is a cluster of its own at the
beginning. Then, the distance between each case is compared with the next one and
the closest cases are clustered together. This continues until all the cases are grouped

into one big cluster (Wuensch, 2016).

For clustering method, Ward linkage was used to link the clusters and Euclidean
distance was used as the interval of clustering (measure of distance) for the leachate
parameters. Ward’s method employs an analysis of variance approach to assess the
distance between clusters and try to minimize the sum of squares of any two clusters
formed at each step (Kim et al., 2005). The Ward’s method with squared Euclidean
distance as a measure of similarity was proven to be very powerful grouping
mechanism which uses more information about cluster contents than other methods
(Akbal et al., 2011). In fact, they are the ones frequently applied in the literature for
leachate as well as other water pollution related studies (Adelopo et al., 2018; De et

al., 2017; Liu et al., 2008; Talalaj et al., 2016).

3.24 Principal Component Analysis (PCA)

Factor analysis, which includes principle component analysis (PCA) as well, is a
multivariate data analysis method used to extract smaller number of factors that
explains most of the variation in the original data (Liu et al., 2003; Pastore et al., 2018).
The aim is to reduce the high number of variables into a smaller number of factors or
components that explain most of the variance in the data. The first factor or component
explains the highest variance, the second one explains the next largest variance, and
so on. In this study, PCA was performed to find out the possible similarities or

differences between high number of leachate samples originated from different aged
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landfills as well as climatic conditions. PCA can also help to distinguish between
leachate samples/landfills for prevalent transport and biodegradation mechanisms for
the tested parameters. PCA was used jointly with cluster analysis to supplement the
results of each other as they both show the possible groupings of leachate samples

depending on the analysed parameters.

Factor analysis and PCA provide similar results. In this study, PCA method was
selected for the analysis of leachate data since it has been used by some researchers in
the past for landfill leachate studies (Adelopo et al., 2018; Galvez et al., 2010; Mishra
et al., 2016). As said, PCA helps to group variables with similar characteristics into
the same components. Hence, variables within each component are highly correlated
with themselves but slightly correlated with variables in other groups. It is stated that
each variable group has a single reason for the related correlations (Akyol, 2005). In
general, the first component is more correlated with the variables than the others. This
is expected since each component is extracted successively accounting for as much of

the remaining variance as possible (Liu et al., 2003).

In this study of PCA, the variables are the leachate parameters and the objects are the
samples from different landfills. In the new system formed by PCA, the coordinates of
the objects are called as scores, and the contribution of each parameter to each
component is named as loadings (Indelicato et al., 2018). Score plots help to identify
groups of objects (i.e., different landfills in this case) or observations (leachate
samples) with similarities. On the other hand, loading plots help to identify leachate
parameters responsible for similarities or differences among the leachate samples (as
given in the score plot). The loading plot also gives information about the correlation
structure of the variables (Andreas et al., 1999). The larger the loading value the more
that variable contributes to that component. In the loading plot, variables highly
contributing to the related component are located far from the origin. Conversely,
variables locating close to the origin do not contribute much to these components.
Furthermore, variables that are located opposite to each other have a negative co-

variance (Modin, 2012).
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There are some output tables/parameters in PCA that require controlling at each run
whether they are within the pre-defined limits or not. The most important parameter
that should be checked is the Kaiser-Meyer-Olkin (KMO) value that shows the sample
number adequacy for PCA. High value of KMO (>0.6) indicates sufficient number of
samples to conduct the PCA (Durmusoglu and Yilmaz, 2006; Zhao and Cui, 2009).

In a PCA, correlations between analysed variables should be checked as well. The
variable having no correlation with any other variable should be removed. Variables
with correlation of 0.9 or above with another variable (multicollinearity) should be
excluded as well. On the other hand, the correlations between variables should be
above 0.3 to avoid weak relationships (Galvez et al., 2010). To confirm the absence of
multicollinearity, Determinant score could be checked (>1.0x107°) in the PCA outputs
(Yong and Pearce, 2013). Since pairs of variables with large partial correlations share
variance with one another but not with the remaining variables, this should be checked
as well by Anti-image Correlation Matrix in PCA outputs. Variables having small
Kaiser's Measures of Sampling Adequacy (MSA<0.5) should be removed from the

parameter list (Durmusoglu and Yilmaz, 2006).

Another item in the PCA outputs is the communalities table showing the amount of
variance in the variables accounted by the extracted components. Variables with low
communalities (<0.2) need to be eliminated from the analysis. Finally, Reproduced
Correlation Matrix should be checked to see if the model is a good fit or not. If the
model is a good fit, percentage of the non-redundant residuals with absolute values

greater than 0.05 would be less than 50% (Yong and Pearce, 2013).

3.2.5 Comparison of Means Tests

Analysis of Variance (ANOVA) was used to find out the differences in the leachate
parameters with respect to different conditions mainly landfill age, climate, and
development status. ANOVA is a parametric test for comparison of sample

(population) means between different groups (Torrance et al., 2009; Treister et al,
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2015). The null hypothesis (HO) is tested in ANOVA against the alternative one (H1)

about the population means as follows:
HO: There is no significant difference between means of the leachate samples
H1: The mean of at least one group is significantly different from others

The logic of the ANOVA is to compare the variances of groups as between-groups and
within-groups. Therefore, total variance between variables is divided into within-
group and between-group variances. If the between-group variance is more than
within-group one, it can be accepted that at least one group mean is different from the
others and HO is rejected. For that, calculated p-value should be lower than the
significance level which is generally accepted as 0.05. If the p-value is found less than
0.05, the null hypothesis of equal population means (HO) is rejected and the alternate
one (HI) for a significant difference (statistically) between the population means is
accepted (Nist, 2022). In this study, significance level was set at 0.05 as well for the
probability of rejecting HO when it is true. Hence, the hypothesis of unequal means
(H1) was accepted at the 95% confidence level for leachate samples in different

groups.

ANOVA results may suggest that group means are significantly different from each
other, but it does not indicate which pair of groups are different. Therefore, ANOVA
Post-Hoc tests were conducted as well for pairwise comparisons. Which Post-Hoc test
should be used is based on the homogeneity or non-homogeneity of variances among
data groups. In this study, Benferroni method was selected for homogeneous variances
and unequal sample sizes and Games-Howell method was used for non-homogeneous
variances and unequal sample sizes for multiple comparison of means (Post-Hoc,
2016). In the non-parametric tests, equivalent methods were used as Kruskal-Wallis
(named as K independent samples test in SPSS) to compare all the groups, and Mann-
Whitney U (named as 2 independent samples test in SPSS) for pairwise comparisons
(Torrance et al., 2009). Therefore, in the non-parametric tests, at first leachate

parameters were compared between all the groups by using Kruskal-Wallis test. If
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significant difference was found (p<0.05), then Mann-Whitney U test was applied for

comparisons between pair of groups one by one (Torrance et al., 2009).

Main effect of factor groups on leachate parameters can be found by one-way
ANOVA. However, there could be interaction effect of different groups on the same
parameter (Yusof et al., 2009). Therefore, it should be investigated that how
precipitation values in the landfill area interacts with the effect of landfill age on the
leachate parameters, or how development status interacts with landfill age and so on.
Interaction effect is mainly the influence of one group on the leachate parameters
depending on the other groups. Two-Way ANOVA (Factorial ANOVA) was used to
find out possible interaction effects of the groups on leachate parameters by employing
SPSS Univariate function and relevant plots. Interaction effect is very important in this
study because leachate samples come from different sites in different ages and
climates. It should be analysed how climate variable interacts with the landfill age
effect. For example, interaction effect could tell that the variation of a leachate
parameter between climate factors is much higher in one or more age categories. It is
relevant for development status and age effects as well. Instead of two as in one-way
ANOVA, there are three hypotheses to be tested (Yusof et al., 2009): the main effects
of two groups (i.e., climate and landfill age) and the interaction effect. Interaction

effect should be tested for significance before the main effects.

There is an important drawback with two-way ANOVA that it is not possible to get
any conclusive finding about the interaction effect. It is not clear between which
groups there is an interaction effect. In that respect, profile plots help to get some
understanding about the trend in parameter values between groups. Profile plots show
how the related parameter changes between different groups. If the gap between lines
is large, it refers to a considerable difference between groups (i.e., climates). If this
gap is bigger in one or more groups it shows that there is an interaction effect.
Furthermore, in two-way ANOVA marginal means are used in some outputs and
results which could create different results than one-way ANOVA. Marginal means
are calculated assuming all groups have an equal number of parameters. But in many

cases, group numbers are not equal resulting in slight differences between the real and
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marginal means. Therefore, according to the results of two-way ANOVA and profile
plots, one-way ANOVA was conducted between individual groups in order to have a
deeper perspective on the findings. This was achieved by isolating the data in SPSS
(by select cases function) for a specific group and then performing the one-way
ANOVA for other groups. Those issues are elaborated accordingly in the results
section of Chapter 6.

There are two major requirements of ANOVA:

1. Leachate data in each group should be normally distributed. Transformation of the
data (by Logl10, Ln etc.) could be done to achieve normal distribution if required.
2. Group variances should be equal. If not Welch’s Test could be used to test the
differences between groups and relevant Post-Hoc multiple comparison test can be

used.

It is highly recommended to check the data for normal distribution before a parametric
test is applied. If the data are not normally distributed, then the parametric test should
not be applied (Treister et al, 2015). It was stated that most of the data sets achieve
normal distribution when data transformation is applied (Akyol, 2005; Brennan et al.,
2016; Kjeldsen and Christophersen, 2001). Therefore, in this study normal distribution
was checked and if violated, transformation of the data was applied. Whether the data
is normal or not was checked by using descriptive statistics/explore function of the
SPSS. The Kolmogorov-Smirnov and Shapiro-Wilk tests were used to assess the
normal distribution of leachate data set (both raw and transformed data). If p>0.05 was
achieved in either of those tests, data was accepted to be normally distributed (Treister

et al, 2015).

If neither the original nor the transformed data (commonly Logl0) have a normal
distribution then other methods that does not require normal distribution of the data
could be applied like non-parametric tests of Kruskal-Wallis and Man Whitney U.
Advantage of the non-parametric tests is small number of samples would be enough
for the required analysis beside being distribution free (Treister et al, 2015; Wdowczyk
and Pulikowska, 2020).
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In some references it is indicated that both parametric tests without normal distribution
of the data and non-parametric tests could provide the same results (Torrance et al.,
2009). However, this could depend on many properties of the analysed data including
complexity of the data, adequecy of the number of samples, and degree of variations
between the data. Therefore, in this study parametric tests were tried to be used as
much as possible if the conditions stated above are met. If not, non-parametric tests

were conducted.

33 Data Pre-treatment and Outlier Handling

For the statistical analysis of data, there are number of methods that may require
different conditions as a pre-requisite for obtaining accurate results. Therefore, it is a
very crucial step to prepare the data set for a proper analysis with the right approach
(van den Berg et al., 2006). Especially, collection of the leachate data had some
restrictions in this study due to availability of data for each pollution parameter. Also,
existence of outlier data due to special characteristics of landfill leachate in its own
merit was an important problem. Outlier data can influence the results considerably so

should be treated properly (Stanimirova et al., 2007; van den Berg et al., 2006).

To overcome those problems about the data structure, outlier and missing data subjects
should be meticulously handled. Unfortunately, it is not possible to complete whole
missing data due to the limitations or to remove all the outliers to prevent the data loss.
For that reason, some relevant parameters in the leachate composition cannot be
included in all of the analyses. This situation is hard to avoid and prevents to unveil
the whole picture with full list of critical leachate parameters in order to be able to

make comparisons with other studies (Galvez et al., 2010; Modin, 2012).

3.3.1 Data Pre-treatment

Data pre-treatment issue for the complex statistical techniques is very important and

this subject was not handled sufficiently in other studies which could prevent to make
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proper comparisons. Therefore, a detailed investigation was done for necessary data
pre-treatment methods and application results are presented accordingly for guidance

to future studies.

Each statistical method can have some pre-conditions before conducting the analysis
to get accurate results. For example, it is stated that parametric tests such as ANOVA
can be assumed only accurate when the data is normally distributed. Therefore, it is
required to check the data for normal distribution before conducting parametric tests

(Treister et al., 2015).

Furthermore, a uniform variance is required in the ANOVA test since it is tried to find
the differences between the groups having more or less similar variances. Only some
leachate parameters follow a normal distribution with uniform variance. Others need
to be transformed by a suitable method. Generally, when the data is transformed and
normal distribution is obtained, the variances become uniform as well (Bland and

Altman, 1996).

Transformation of the data could be done by taking the logarithm, square root, or some
other calculations of the data. After transforming the data, they are analysed instead of
the raw data. The logarithmic (log) transformation is the most common method that
generally makes the data normally distributed (Brennan et al., 2016; Wallace et al.,
2015). By log transformation the most similar variances could be obtained to achieve
the most valid test of significance. Also, log transformation allow interpretable results
after transforming back (antilog) in relation to the original data (Bland and Altman,

1996).

Although it is an accepted approach that large samples will follow a normal
distribution, in this study normal distribution was checked and if violated,
transformation of the data was applied. Whether the data is normal or not was checked
by the statistical assessment tests in SPSS. The Kolmogorov-Smirnov and Shapiro-
Wilk tests were used to assess the normality of leachate data set (both raw data and the
transformed data). If p>0.05 was achieved in either of those tests, data was accepted

to be normally distributed (Treister et al, 2015). If transformation of data results in
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normal distribution in some groups only, then outlier check was done for other
noncomplying groups. Removal of some outliers could help to achieve normality in
those groups as well. If normality of the data cannot be achieved for some parameters

in any condition then non-parametric tests were applied for them.

It is stated by Bland and Altman (1996) that while other transformations (such as
taking square roots or reciprocals) could be used in principle, only the log
transformation permit the results to be interpreted in relation to the original data. If it
is essential to express the results in relation to the actual measurements, then it is better
not to use other transformation methods in this context. Therefore, Logl0O
transformation was used in this study even if it requires some data elimination to

achieve normality.

PCA and cluster analyses are required to be conducted in the proper data format such
as in a standardized format. It is seen that some leachate parameters such as COD,
BOD, and TDS are measured in values that are much higher than pH, EC, Fe, and other
heavy metals. This huge variation in scale should be handled before the PCA and
cluster tests. Therefore, data could be standardized to enable all variables are taken

equally in the model (Bro and Smilde, 2014).

The standardization procedure helps to eliminate the influence of different units of
measurement and makes the data dimensionless so that influence of different units and
order of magnitudes for different parameters would be eliminated (Akbal et al., 2011;
De et al., 2017; Liu et al., 2008). Standardization also helps to increase the influence
of variables having small variance, and decrease the influence of variables having large
variance (Liu et al., 2003). The most common way of standardization is to convert
variables into z-scores. In this method, all data is converted into a distribution with an
arithmetic mean of "0" and a standard deviation of "1". Thus, data in different measures

are brought into the same scale (De et al., 2017; Pastore et al., 2018).

Another important problem in PCA and cluster analysis is the missing values for some
parameters in the analysed data list that could be faced in most of the sample data

(Mishra et al., 2016). There are 29 different leachate parameters in the leachate data
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matrix including conventional leachate parameters (COD, BOD, TOC, BOD/COD,
pH, alkalinity, conductivity, NH4-N, TKN, TN, TSS, TDS, TS, SO4, TP, PO4-P, Cl,
Na, K, Fe, Mn, Ca, Mg) as well as heavy metals (Ni, Zn, Cu, Pb, Cd, Cr). However,
values for all those parameters were not given in all the references. Therefore, there
is a discontinuity problem in the whole data set due to those missing values. When a
number of leachate parameters is selected for the PCA and cluster analyses, cases with
missing data were excluded automatically. Hence, total number of data to be analysed

(sample N) decreases considerably depending on the number of missing data.

Dealing with missing data is a challenging issue in statistical analysis. Many authors
use mean or median replacement for the missing data not to lost the data by elimination
method (Modin 2012; Civan et al., 2015; Stanimirova et al., 2007). It was stated by
Modin (2012) that acceptable amounts (<10%) of missing data were replaced by
parameter mean in their study. Also, exceptionally they accepted 12.5% missing data
substitution for some parameters as required in one of their studies. For the sake of
increasing the data numbers to a satisfactory level in the statistical analyses like
ANOVA, cluster analysis, and PCA, missing data should be completed with sufficient
accuracy. Therefore, regression data modelling was preferred for that in this study as
there is a good correlation between many leachate parameters. As an acceptable limit,
15% missing data completion ratio was accepted reasonable due to the high prediction

levels in many leachate parameters with the regression modeling.

3.3.2 Handling Outlier Data

Leachate data used are contributed from around the World from different types of
climates and landfill ages, therefore many outlier data could be observed. Outliers can
negatively affect regression line, correlation, means, and standard deviations. It was
shown that elimination of the outlier data can improve the prediction performance of
the regression model (Yuzugullu and Aksoy, 2014). The outlying data can easily be
detected on the scatter plots and they can be eliminated from the data set (Stanimirova

et al., 2007). However, not all the outliers have been removed due to possible loss of
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valuable data. Instead, only a few data were removed with the use of Prediction
Intervals (PI) in scatter plots. The Prediction Interval (PI) shows the likelihood of a
future observation being in a given value range for the similar settings of predictors
(Forthofer et al., 2007; Frost, 2021a). A PI of 99% was selected in SPSS to limit the
data loss by outliers. Data that falls out of the PI range was first checked within the
data matrix against the quantities reported in the literature for a given leachate
parameter. Only if it was not in the expected range, and somehow created divergence
from the common pattern, then it was excluded from the regression modeling study as
well as from the data set permanently. The list for removed references is provided in

Appendix B (Table B.1).

General approach used for elimination of outlier data from the relevant regression

models (i.e., Na vs Cl, EC vs alkalinity etc.) can be explained as follows:

e To minimize the data loss only ones that lie behind the 99% prediction interval
of the regression line and that result in low R?(<0.7) were eliminated from the
data set permanently.

e Minimum number of data were eliminated for R? to approach and take a value
around 0.7. Then it was stopped for that case and no more data was eliminated
even if they stand outside the 99% prediction interval (Table 3.2).

e Outliers were checked for other cases as well to decide which parameter is
problematic and should be removed. For example, for the same data points (i.e.,
277 in Figures B.2 and B.3) EC vs Na and EC vs K plots were checked to see
which parameter (Na, K, or EC) is an outlier. If in both cases the same data is
an outlier then common parameter (in that case Na and K) were deleted.
Otherwise, outlier data was deleted accordingly by checking their general
pattern through the data set. For example, it was checked if the data is the
highest or the lowest value amongst data set, or whether it is outside the
observed range when compared with other parameters in similar conditions

(landfill age, climate etc.) and so on.
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Table 3.2 Details of the removed outlier data in the leachate data set

Landfill

Outlier

2 2 * 1 sk
D parameter Regression model R” (new*) Explanation
150, 151, Alkalini EC vs Alkalinity 0.486 (0.605)  Alkalinity is too high with respect
168 ty NH4-N vs Alkalinity  0.565 (0.658) to low EC and NHs-N values
196 Alkalinit EC vs Alkalinity 0.605 (0.752)  Alkalinity is too low with respect
Y NH4-N vs Alkalinity  0.658 (0.686) to high EC and NH4-N values
37 cl Cl vs EC 0.620 (0.709) Cl is too high with respect to low
EC value
EC value is too low with respect
81 EC EC vs NH4-N 0.682 (0.720) to high NHa-N value
277 Na Navs Cl 0.601 (0.821) ' Na is too high with respect to low
Na vs EC 0.489 (0.695) Cland EC values
277 K K vs EC 0.404 (0.726) K is too high with respect to low
EC value
294 Na Na vs TDS 0.609 (0.819) N2 1s very high with respect to

low TDS value

*new R? after removal of outlier(s)
**related scatter plots are given in Appendix B

The only data treatment done for PCA and cluster tests were standardization into Z-

scores in most of the studies (De et al., 2017; Indelicato et al., 2018; Kim et al., 2005;

Liu et al., 2008; Pastore et al., 2018). However, there could be some outliers due to the

nature of data set having leachate data from different landfills. Therefore, outlier check

is required for leachate parameters in Cluster analysis and PCA parts as well. For that

purpose box plots were drawn to see the possible outliers according to the selected

parameters for analysis. There was not any permanent removal of references but only

elimination of some extreme outliers from the data set or removal of parameter itself

from the data list of analysed parameters. The former was applied generally as

presented in Section 5.3.4.
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CHAPTER 4

A REVIEW FOR LANDFILL LEACHATE CLASSIFICATION

4.1 Introduction

Leachate management can be a complicated task due to leachate composition which is
often expressed in terms of its strength, biodegradability, and toxicity which can
change over time as waste decomposes in a landfill (Neczaj et al., 2008). Variations in
the amount of pollutants and specification of leachate are correlated mostly with the
age of the landfill. It was shown in a four-year leachate monitoring study that the age
of a landfill has a significant effect on leachate composition (especially organics and
ammonium nitrogen concentrations). On the other hand, no significant variations were
stated for other parameters like phosphorus, chlorides, magnesium, calcium, sulphates,
dissolved solids, and suspended solids with respect to landfill age (Kulikowska and
Klimiuk, 2008). Conversely, Andreottola and Cannas (1992) indicated that some main
inorganics such as heavy metals, chloride, sulfate, etc. gradually decrease with time
beside the organics. It was also stated that although landfill age affects leachate
characteristics significantly, changes in leachate composition do not only depend on
that but also on the stabilization degree of burried waste and infiltration of water (Lu
et al., 1984). Lu et al. (1984) emphasized that landfill age is just a convenient way of
evaluating removal of pollutants from the waste and related changes in the composition
of produced leachate. Beside the age of the landfill, seasonal factors and waste
management applications, for example previous recycling and separation of waste in
the composting or recovery plants, storage of leachate in ponds and recirculation back
to the landfill, the presence of active and closed cells within the same landfill could

affect the leachate quality and quantity (Galvez et al., 2010).

Leachates generated in new landfills are typically high strength wastewaters

characterized by low pH, high organic content, high BOD/COD ratio, and presence of
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several hazardous compounds. On the other hand, leachates from older landfills mainly
contain refractory organic compounds, have low BOD/COD ratio, and high
concentrations of NH4-N (Adhikari and Khanal, 2015; Neczaj et al., 2008). As a result,
due to high fluctuations in leachate composition, monitoring is required for an
extended period of time for representative results and better characterization that may
aid in proper leachate management. Operation of a leachate treatment plant can be
modified/upgraded based on these variations such that at some times high volumes of
diluted leachate should be treated while in other times only a small amount but high-
strength leachate. Therefore, leachate treatment plants need to be designed and
upgraded accordingly to handle those variations (Galvez et al., 2010). This requires an

estimation about expected variations in leachate quality and quantity.

Leachate classification is important in landfill management, including closure
(Hussein et al., 2019; Kim and Lee, 2009), planning and design of treatment
alternatives through the landfill life span (Lo, 1996). It was observed that for some
type of leachate where COD and BOD concentrations and BOD/COD ratio are
relatively high, biological treatment alternatives are prevailing. For other types of
leachate cases where COD and BOD amount is lower and mostly refractory
compounds exist, chemical and physical treatment technologies are preferred (Renou
et al., 2008). For this reason, estimating the leachate composition according to the
landfill age would be valuable for the planning phase of leachate management.
Especially BOD/COD ratio showing the biodegradability as well as being the indicator
of leachate age would be important (Alvarez-Vazquez et al., 2004).

A matter of debate was raised by Kamaruddin et al. (2017) that it is the decomposition
process of waste that actually affects leachate quality but not the landfill age itself. It
is indicated that many researchers are prone to relate the landfill age with leachate
quality instead of biodegradation of waste. The reason for this conduct is linked to the
fact that it is very hard to estimate leachate quality in relation to the waste stabilisation
stage. Therefore, it is found practical to employ the landfill age based on the operation

time of a landfill for that purpose. Yet, leachate characteristics based on landfill age
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have not been defined precisely in the literature. As is discussed in this chapter, there
are different approaches for the classification of leachate in the general and scientific
literature. Researchers try to identify their studied leachate according to common
understanding and some basic considerations that generally arise from the past
experiences and/or relevant published studies in waste management. It would be
helpful to remark here that landfill or waste age is the principal factor for establishing
leachate age terminology. It means when the leachate is termed as young or old it is
the landfill or waste age. Most of the researchers prefer to use this leachate age term

to define their leachate type.

The main objective of this review is to have a critical look at leachate age/type concept
which has been evaluated differently in the literature. Historical developments are
presented about leachate age classification to emphasize the ambiguity and differences
between approaches and to highlight the need to be cautious for researchers in using
each other’s work. In the following chapters more detailed discussion is presented for
the impact of landfill age on leachate characteristics by evaluating the results of

performed multivariate statistical analyses.

4.2 History of Leachate Studies and Appearance of Leachate Types

Concerns about the leachate dates back to 1940s when the wells in the vicinity of
disposal sites/ponds of both solid and liquid wastes got polluted. As stated by Steiner
et al. (1979), one of the earliest studies on leachate was in 1940 in which boreholes
were drilled throughout a landfill to collect and analyse leachate samples. Later on, in
60s and 70s, adverse effects of leachate on water supplies like surface and
groundwaters were detected. Chian and DeWalle (1977) and Englehardt et al. (2006)
reported that leachate treatment studies started in the early 1970s.

One of the first studies on composition of leachate from sanitary landfills was
conducted in 1954 and after that lysimeter studies for representing landfill conditions

and leachate productions increased accordingly (Chian and DeWalle, 1977; Lu et al.,
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1984). In 1970, three landfills in Northern Illinois were investigated and leachate
characteristics were provided for different years of landfill operation of 0.5, 6, and 17
years which showed a decreasing trend in leachate pollutant concentrations with time

such as organics and solids (Steiner et al., 1979).

As far as seen from the reviewed literature, the first structured classification of landfill
age was done by Chian and DeWalle (1977). They introduced the concept of age such
that if the landfill is less than 5 years old, it is young, if between 5 to 10 years, it is
medium-aged and if higher than 10 years it is an old landfill. Chian and DeWalle are
the first researchers indicating that age of a landfill represents the degree of waste
stabilisation, it affects leachate composition significantly, and it is best measured by
the COD content, BOD/COD and COD/TOC ratios as presented in Table 4.1. It was
emphasized that usage of COD/TOC ratio instead of BOD/COD ratio could be better
since BOD analysis maybe more susceptible to variations and mismeasures than TOC
analysis (Chian and DeWalle, 1977). Similar to BOD/COD ratio, COD/TOC ratio

decreases as well with increasing landfill age.

Table 4.1 Leachate characteristics as defined by Chian and DeWalle (1977)

Age of a landfill BOD/COD COD/TOC COD (mg/L)
<5 years >0.5 >2.8 >10,000
5-10 years 0.1-0. 5 2.0-2.8 500-10,000
> 10 years <0. 1 <2.0 <500

Chian and DeWalle (1977) proposed to use ratios of different parameters instead of
their absolute values (i.e., no COD or BOD but BOD/COD ratio) because
concentrations of those pollutants can vary considerably by time. They stated that
ratios of chemical components like COD/TOC and BOD/COD are the best parameters
for representing the characteristics of leachate and indicating the amount of organic
compounds present in leachate, as well as relating to the age of a landfill. Chian and
DeWalle (1977) selected those leachate parameters to predict the stabilisation status
of a landfill for the purpose of identifying proper leachate treatment options. They
declared at least four parameters: landfill age, BOD/COD and COD/TOC ratios, and
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COD content should be known to determine the most appropriate treatment method.
Chian and DeWalle (1977) also stated that having only a limited number of samples
being investigated, it was difficult to provide corresponding ages for young, medium,
and old landfills. With the available data they assumed that the first 5 years of a landfill
life indicates a young phase, five to ten years corresponds to intermediate phase, and
higher than 10 years indicates an old phase. Yet, they stated that those landfill age
ranges are very tentative and many more leachate samples have to be analysed from
different aged landfills to find out more accurate ranges for a full-classification. They
also recommended further research for correlation of leachate characteristics with
landfill age due to considerable variations observed between samples from different
landfills. The reasons for those variations were connected to different climatic
conditions and specific characteristics of each landfill which complicates further the
correlation of measurements with the age of landfills. Steiner et al. (1979) referenced
Chian and DeWalle in their report as well for bringing an order to the disagreement
found in the literature about the relationship between landfill age and characteristics

of leachate as presented (Table 4.1).

Leachate age classification according to whether being in methanogenic stage (old
field) or acidogenic stage (new field) was done the first time by Cord-Landwher et al.
(1982). After that in a US EPA report prepared by Pohland and Harper (1985), landfill
age was linked directly to the degree of waste stabilisation as well as to the quantity
and quality of leachate and gas productions. Leachate was classified into three
categories for comparison of treatment performances. Influent concentrations as COD

and BOD, and biodegradability ranges as BOD/COD ratio were provided in Table 4.2.

Table 4.2 Leachate categories defined according to Pohland and Harper (1985)

Leachate type COD (mg/L) BOD (mg/L) BOD/COD
Low-strength <1,000 220-750 <0.50
Medium-strength 1,000-10,000 750-1,500 0.50-0.75
High-strength 10,000 1,500-36,000 >0.75
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Jasper et al. (1985) stated leachate organic composition changing according to the time
spent in the landfill, water content, and leachate collection system. They also explained
the status of leachate as “young” and “old” according to the state of methanogenesis.
In old leachate there is an active methanogenesis, hence low COD. In young leachate,
on the other hand, high COD concentrations prevail due to lack of methanogenesis.
Harmsen (1983) confirmed the relationship of leachate organic composition with
methanogenesis conditions but not with the age of a landfill. Similarly, Heyer and
Stegmann (2001) defined three distinct periods for leachate according to the
BOD/COD ratio: (I) acid phase (BOD/COD=0.4), (II) intermediate phase
(0.2<BOD/COD<0.4), and (III) methanogenic phase (BOD/COD=0.2).

Henry et al. (1987) demonstrated general characteristics of leachate with respect to
different landfill ages as given in Table 4.3. Unlike Chian and DeWalle (1977) they
proposed four different landfill ages (young, mature, ageing, and old) without
assigning any specific years. They also named leachate types differently than other
researchers mentioned above. They stated the difficulty of designating meaningful
ages for landfills due to continuous waste disposal activities over a long period of time.
Baccini et al. (1987) remarked the same problem indicating that each part in a landfill
has a different residence time and this temporal diversity makes it complicated to

define a specific age for a landfill.

Table 4.3 Leachate characteristics depending on landfill ages by Henry et al. (1987)

Landfill age Leachate type BOD/COD
Young Raw, undegraded 0.7
Mature Partly degraded 0.5
Ageing Partially stabilized 0.3
Old Well stabilized 0.1

Lema et al. (1988) employed the terminologies young, medium, and old to define a

landfill or waste age and provided leachate characteristics accordingly. However,
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specific operation times to identify a landfill as young, medium, or old were not

provided.

Forgie (1988) stated that due to leachate strength changing with time, it is common to
mention about high, medium, and low strength leachates as well as young-acid-phase
and old-methanogenic leachate. It was also indicated that time required for transition
from young to old leachate would require a time period from 3-5 years to 6-10 years
following landfill start-up. However, it was said that a shorter time period (i.e., 2 years)

would be observed in some specific cases as well.

4.3 Effect of Landfill Age and Other Parameters on Leachate Classification

For the sake of a standard comparison, most of the researchers utilized a common
definition as given in the literature so that leachate is generally classified as one of
those: young/fresh/recent, medium/intermediate, or old/mature/stabilized leachate.
This is done mainly according to the landfill or waste age which is defined as the time
passed between the first placement of waste (landfill start-up date) and leachate
collection (sampling time) (Brennan et al., 2016; Reinhart and Grosh, 1998). Beside
the landfill age, the most commonly used criteria for leachate classification is the
BOD/COD ratio. If the BOD/COD ratio is high, leachate is accepted as young. If it is
very low then leachate is referred to be old or stabilized leachate. However, it was
emphasized by some authors that BOD/COD ratio of an older landfill site (i.e., 18
years) could be higher than a younger site (i.e., 8 years), therefore stabilisation is not
always directly linked with the chronological age of the landfill due to the
complications mentioned in this chapter (Henry et al., 1987; Rowe 1995). Moreover,
if the pH is very low (5-6) then acidogenic conditions (stage III) are foreseen and
leachate is defined as young, if it is higher (8-9) then methanogenic conditions (stage
IV), hence old/stabilized leachate is assumed. This is again not relevant for landfills in
some countries depending on high alkalinity conditions in the waste (i.e., high ash

content) so that even in the initial phases acidic pH may not be observed.
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A number of different ranges of years has been used in classification of
landfill/leachate age. These are presented in Figure 4.1a as collated from 42 studies in
the literature. It is seen that more than half of the reviewed studies (57%) employed
the range band of less than 5 years, 5 to 10 years, and more than 10 years for young,
medium, and old landfill age definition, respectively (Table 4.4, Figure 4.1a). The
ranges for BOD/COD ratio used frequently for classification of leachate type are
provided in Figure 4.1b .

As given in Table 4.4, numerous authors classified leachate according to landfill age
with similar terminology as young, medium, and old; while some others defined a little
bit differently. Especially medium and old leachate were named interchangeably with
other terms such as for medium leachate “intermediate” and for old leachate “mature”
or “stabilised” terms are used frequently. Accepted ranges for parameters like
BOD/COD ratio and pH showed variances between references as well. On the other
hand, age was assumed greatly in the same way in many references as had been first
proposed by Chian and DeWalle (1977) decades ago (i.e., less than 5 years, more than
10 years, and in between); though there are other references as well in which different

values were accepted (Figure 4.1a as compiled from references in Table 4.4).

As aforementioned, many more studies classified leachate type as young,
medium/intermediate, or old/mature/stabilized according to one of the parameters
given in Table 4.4, mostly using BOD/COD ratio (Bakraouy et al., 2017; Berthe et al.,
2008; Chofqi et al., 2004; Comstock et al., 2010; da Costa et al., 2018; El-Fadel et al.,
2002; Filho and Miguel, 2017; Lopez et al., 2004; Ozkaya et al., 2006; Ren et al., 2017,
Zamora et al., 2000), age of the landfill (Calace et al., 2001; Lee et al., 2010; Pereira
et al., 2018; Sruthi et al., 2018), or COD concentration (Chofqi et al., 2004; Lopez et
al., 2018; Zamora et al., 2000). The number of references, as compiled from Table 4.4,
employing different ranges of BOD/COD ratio for classification of leachate is
presented in Figure 4.1b. It is seen that although different ratios are used, leachate
classification has been concentrated mostly on BOD/COD ratio of greater than 0.5 or

0.3 and less than 0.1.
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12%
<Syr
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12%
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Figure 4.1. Distribution of (a) landfill age criteria (b) BOD/COD ratio used for leachate
classification in 42 studies collated from literature
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Table 4.4 Different leachate classification terminologies as given in the literature depending on landfill age and other parameters

Leachate Landfill  pop,  copy Leachate ~ ndfill  pop,  copy
Definition 8¢ cop Toc* PH Referencey Definition ~ “*8° coo Ttoc+ PH References
(years) (years)
<5 >0.3 33 <6.5 Schiopu and Gavrilescu <1 >0.6 Alvarez-
5-10 0.1-0.3 - 7.0 (2010); 1-5 0.3-0.6 NG NG Vazquez et
>10 <0.1 2.5 >7.5 Baig et al. (1999) >5 <0.3 al. (2004)
<5 >0.3 <6.5 . <1 >0.5 <33 <6.5
5-10 0103 NG 6575 Zainoletal (2012); 1-5 0.1-0.5 20-33 6575 ool
~10 <0.1 ~7.5 Zakaria and Aziz (2018) >5 <0.1 >2.0 >75 (2015)
<5 >0.5 <3.3 <6.5 <5 >0.5 >2.7 <6.5 Amokrane et
Young 5-10 0.1-05 2.0-33 6.5-7.5 Talalaj etal. (2019) Young 5-10 0105 2027 6575 TOE
Intermediate 10 <01 20 75 Mediom 10 <01 <20 >7.5
Stabilized <5 >0.5 <6.5 old <5 >0.5 >2.8 Chian and
5-10 0.1:05 6.5-7.5 Ahmed and Lan (2012) 5-10 0.1-0.5 2.0-2.8 NG DeWalle
>10 <0.1 >7.5 >10 <01 <20 (1977)
<5 >0.5 <33 <65 <5 0.4 Corsing ot
5-10 0.1-0.5 2.0-33 6.5-7.5 Foo and Hameed (2009) 5-10 02 NG al. (2020,
>10 <01 20 75 >10 0.1
<1 >0.5 <33 <65 , <5 >0.5
1-5 0.1-05 2033 6.5-7.5 Liu(2013); 5-10 0.1-0.5 Naveen et al.
=5 0.1 -0 ~75 Kurniawan et al. (2006) ~10 <01 NG NG (2014)
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Table 4.4 (continued)

Leachate Landfill  gop,  copy " - Leachate Landfill - gop,  copy u References
Definition Age cop Tocx P Definition 8 cop  Toc*x P
(years) (years)
<s >0.3 6.5 Bhalla etal. (2013); | voyng <s 0.4-0.8 Costa ot al
5-10 0.1-03 . 6575 Mishractal QOIS ) vegium S0 0104 o e ooty
>10 <0.1 75 Yildirimetal. QO18) | gignvare  >10 <0.1
Ngo et al. (2008)
<5 6.5 Young <1 >0.5 .
K f
Young 5-10 NG NG 6.5-7.5  Sil and Kumar (2017) | Medium 1-5 0105 o G tarllmlzpoolf ard
Intermediate >10 >7.5 Mature >5 <0.1 etal. ( )
Old < >0.3 <6.5 <5 >0.5 Luo etal
5-10 0.1-0.3 6575 Azizetal. (2018) 5-10 0.1-0.5 '
>10 <1 NG >7.5 Young 5y <1 N6 NG (2020)
<3 0.7 Etemedlate <3 >0.3 6.5 Adhikari and
ture
5-10 - Brennan et al. (2017) a 5-10 0.1-0.3 6.5-7.5
N N N Khanal (201
>10 <0.2 G G >10 <0.1 G s anal (2015)
< > < - -
Recent 5 0.3 6.5 Early 5 0.5-0.7 6575 g ctal
Intermediate 5-10 0.1-0.3 NG 6.5-7.5 Renou et al. (2008) Medium 5-10 0.3-0.5 NG 7.0-8.0 (2018)
old >10 <0.1 >7.5 old >10 <0.3 7.5-8.5
Young (fresh) <2 0.5 <33 4575 el Fresh <5 >0.5 <6.5
Intermediate  2-10 0.1-0.5 2.0-33 6.5-7.5 (;(‘)T;‘;‘ddm era Intermediate  5-10 0.1:05 . 6575 Yeetal (2020)
Mature >10 <0.1 >2.0 6.6-7.5 Mature >10 <0.1 >T7.5
Y 4-0. .
M(zlltlll;lli <2 8 020_ 6 NG 4.5-7.5 Noerfitriyani et al. Young NG >0.5 NG <6.5 Ghafari et al.
>10 ' 6.67.5 (2017 Old/Stabilized <0.1 >75  (2010)
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Table 4.4 (continued)

Leachate ~ L2ndfill  gop/,  copy - w Leachate ~ Landfill gop,  copy - Rt
Definition Age COoD TOC* p crerences Definition Age COD TOC* p eferences
(years) (years)
<5 04-07 >28 4565 Kumiawan ctal. <5 w o G Robinsonetal
>10 <0.1 <2.0 7.5-9.0  (2010) >5 (2004)
Young NG 0.4-0.5 NG <6.5 <1-2 >0.6 NG 6.0 Deng and
Stabilized - >7.5  Umaretal (2010) 5510 <0.3 6.6.7.5 Englehardt
(2007)
Young
<5 0.4-0.7 <6.5 . <12 >06 4575  Englehardt et al.
o o1 NG Azizetal (2011) | Old 10 03 NG 6615 e
old >10 <01 NG NG  Kulikowskaand <2 206 g NG  Hermosilla et al,
Klimiuk (2008) >10 <0.3 (2009)
<5 >0.5 Bourechech et al. <5 >0.5 Fernandes et al.
Young NG NG >10 <1 ¢ NG

(2018)

(2015)

* In some references TOC/COD ratio was given, so it is reversed accordingly. NG: Not Given



Some of the authors just mention leachate type as young or old according to one of the
parameters given in Table 4.4. For example, if the BOD/COD ratio is greater than 0.3,
leachate is defined as young (Lak et al., 2018). Pereira et al. (2018) stated that if landfill
age is less than 2 years, leachate is young and if it is bigger than 10 years then leachate
is old. Zegzouti et al. (2020) classified their leachate samples as young, intermediate,
and old according to their landfilling period (<5, 5 to 10, and >10 year). Su et al. (2016)
defined their leachate according to landfill ages as young (<3 years), intermediate (3
to 10 years), and old (>10 years). Yong et al. (2018) accepted the leachate as young if
BOD/COD is greater than 0.5 and classified their leachate sample as intermediate since
BOD/COD was around 0.2. Similarly, Yilmaz et al. (2010) defined their leachate as
young considering the high BOD/COD ratio (0.6) and COD value (=40 g/L); Ferraz et
al. (2014) classified the leachate used in their study as old due to very low BOD/COD
ratio (0.1) and high NHs-N concentration; Kheradmand et al. (2010) characterized
their leachate sample taken from a landfill less than 5 years of age as a young leachate

due to high values of COD, BOD, and BOD/COD ratio and so on.

Some authors defined leachate age in their studies as young, medium or old without
specifying the parameter quantities used for the classification such that landfill age or
values of leachate parameters like COD or BOD/COD ratio were not provided
(Kabdasli et al., 2000; Lema et al., 1988; Zhang et al., 2005). Moreover, some authors
employed two terminologies at the same time for the same leachate in their articles,
for instance old and stabilized leachate (Ghafari et al., 2010; Umar et al., 2010); old,
mature, and stabilized leachate (Costa et al., 2019; Karimipourfard et al., 2019);
mature and old leachate (Englehardt et al., 2006).

El-Fadel et al. (2002) and Scott et al. (2005), opposed to the common applications in
the literature, presented leachate types in four landfill age groups such as 0-5 years,
5-10 years, 10-20 years, and >20 years. However, they have not attributed any names
for leachate types corresponding to a specific year. On the other hand, Mukherjee et
al. (2015) used the same four landfil age groups to classify the leachate as young (0-5
years), intermediate (5—10 years), stabilized (10-20 years), and old (>20 years).
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Zakaria and Aziz (2018) categorized their leachate in a different manner based on the
stabilization stages as well as BOD/COD ratio such as young leachate from acid phase,
partially stabilized leachate from intermediate phase and stabilized leachate from
methanogenic phase. Other researchers also mentioned similar terminology for
leachate classification. For example, Adhikari and Khanal (2015) used acid-phase
leachate and methanogenic-phase leachate terms according to organic matter content;
Gao et al. (2015) presented leachate types according to the landfilling phases such as
young leachate for aerobic and acidic phases, old leachate for a methanogenic phase;

Hussein et al. (2019) mentioned acid/acidogenic and methanogenic phase leachates.

4.4  Why Leachate is Classified Differently?

4.4.1 Differences in the Used Criteria

As inferred from the extensive literature survey, although there are few parameters
commonly used to define the leachate age, such as landfill age, BOD/COD ratio, or
pH, there is no standard approach on how to determine it. Parameters that should be
employed and value ranges for those parameters in classifying the leachate into a
leachate age category (i.e., young, old, etc.) were not set yet. Most of the studies
defined leachate type according to the landfill age as first proposed in 70s by Chian
and DeWalle (1977) (i.e., 5 and 10 years). Actually, they have done this specification
(Table 4.1) according to their investigation of various landfills in the USA of different
ages that function in different climates. Although similarities cannot be overlooked,
today there have been many changes from then on and advancements in the solid waste
management area such as disposal techniques, waste compositions, and waste
production capacities of communities, etc. (Modin, 2012). All of those as well as other
factors presented in Table 2.1 have some effects on the leachate quality and quantity.
For instance, Kulikowska and Klimiuk (2008) stated that in recent landfills, leachate
properties become ‘ ‘methanogenic” in a shorter period of time. Therefore, even young

landfill leachates can have low levels of COD and BOD/COD ratio (Chen, 1996; Lo,
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1996; Rivas et al., 2003). Similarly, some authors defined their leachate as young due
to having high COD and BOD values or BOD/COD ratios in spite of landfill age being
greater than 5 or 10 years. Examples from some of the references are provided in Table
4.5 accordingly. Therefore, using the same value ranges for defining a landfill age (i.e.,
5 to 10 years scale) for specification of the leachate as young, medium or old could be

misleading for the conditions of today after almost 50 years from the first proposal.

Table 4.5 Examples for usage of leachate age/type terminology from different aged
landfills

E;l((i}f:;rs) Leachate Type* ]?:%]]))/ ?g(/)l?) pH References

<5 Young 0.4 0.1 5.8 Asibor et al. (2016)

<5 Young - 11 7.5 Corsino et al. (2020)
5-10 Young 0.3 3.6 6.5 Lee et al. (2010)

>10 Young - 2.6 6.6 Kalyuzhnyi et al. (2003)
>10 Young 0.5 19 8 Insel et al. (2013)

>10 Young 0.4 17.2 7.1 Lak et al. (2018)

>10 Young 0.6 20.5 8.0 Kabdasli et al. (2008)
>10 Young 0.7 5.9 7.9 Rani et al. (2020)

5-10 Intermediate 0.4 5.5 8.2 Baettker et al. (2020)
5-10 Medium 0.1 10.4 7.4 Naveen et al. (2014)
5-10 Medium 0.4 14.6 8.1 Zegzouti et al. (2019)
<5 Intermediate/stabilized 0.4 23 83 Rivas et al. (2003)

5-10 Intermediate/Old 0.4 6.7 8.1 Barnes et al. (2007)
5-10 Stabilized/mature 0.1 2.4 8.2 Jiaetal. (2011)

>10 Old/mature 0.1 40.7 9.1 Vakilabadi et al. (2017)
<5 Old 0.2 8.3 8.8 Mishra et al. (2018)
>10 Old 0.2 9.5 9.1 Zegzouti et al. (2019)
5-10 Mature - 5 7.9 Chen et al. (2020)

>10 Mature 0.1 41 9.1 Vakilabadi et al. (2017)
>10 Mature 0.4 2.6 8.0 Karimipourfard et al. (2019)
>10 Mature 0.2 0.9 5.7 Lee et al. (2010)

*Leachate type was defined so by the cited authors as given in the table
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In Table 4.5, some examples from the literature were provided to show the
incompatible uses of leachate age/type terminology. As seen from the table, every
author used their own assessment for the definition of leachate partially according to
the parameters given in Table 4.4. However, it was done in a way that, while the range
of one parameter is obeyed, the others are disregarded or overlooked. For example,
despite the landfill age is more than 10 years old, a leachate was classified as young
according to the pH as being low (Kalyuzhnyi et al., 2003), or although the landfill
age is less than 5 years old, leachate was defined as intermediate or old due to high pH
and lower COD or BOD/COD values (Mishra et al., 2018; Rivas et al., 2003). On the
other hand, leachate was classified according to the landfill age concept, but other
parameters were not within the limits of the commonly defined literature values by
other researchers (i.e., Asibor et al., 2016; Vakilabadi et al., 2017; Zegzouti et al.,
2019).

4.4.2 Leachate Collection and Sampling Methods

Landfilling is a very long lasting process taking about 20 to 30 years. Hence there will
not be a single age of a landfill but combination of different ages related with different
cells or sections (Adhikari and Khanal, 2015; Reinhart and Yousfi, 1996). As the waste
disposal continues, newly deposited wastes will barely produce any leachate while the
older portions will produce stronger leachate and the firstly placed waste piles would
be at the end of their stabilisation period and may no longer produce any leachate at
all. In most of the landfills, leachate is collected and mixed together from all the landfill
units, regardless of the waste age and leachate concentrations. Hence, leachate with
lower concentrations and biodegradability from the landfill sections of older waste age
may be mixed with the leachate from other parts with younger age (Youcai et al.,
2000). For that reason, it becomes very difficult to assign a leachate an exact age due
to this temporal and spatial heterogeneity in most of the landfills (Baccini et al., 1987;
Reinhart and Grosh, 1998). There could be some exclusive ones that leachate produced

from wastes deposited in small sized cells is collected separately, but those are not
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very common. Instead, in majority of the landfills, leachate collection system works
to collect composite samples into a pond or pumped to a point of discharge from

various waste compartments having different ages (Robinson et al., 2004).

In fact, the waste placement method can be an important factor for the leachate quality
(Yildiz et al., 2004). Armstrong and Rowe (1999) stated that when fresh waste is
deposited on older waste lifts, old waste becomes like a bioreactor for the leachate
coming from the fresh parts. Therefore, upper parts of the landfill may show
acidogenic characteristics due to fresh waste layers, while leachate collected from the
bottom layers with older waste may display methanogenic conditions. Furthermore,
when the leachate from the acid phase sections pass through the already decomposed
waste parts, it could present the characteristics of methanogenic leachate due to
consumption of high COD of the acid phase leachate at the carbon deficient medium
below (Kjeldsen et al., 2002). This, hence results in wrong assessment of the landfill

age and related leachate characteristics.

It is also worth to state that before late 1980's, landfills did not have any liner systems.
Therefore, collection of representative leachate samples was not possible and due to
sampling errors and/or groundwater dilution, it was probable to have lower
concentrations (Reinhart and Grosh, 1998). Those factors might have caused the
variability in leachate quality data. Only after the development of lined landfills,
leachate quality data became less variable and so more useful. Furthermore, it is worth
to mention that there are still no standard protocols for sampling, filtration, and storage
of leachate samples (Adhikari and Khanal, 2015; Chian and Dewalle, 1977; Kjeldsen
et al., 2002).

4.4.3 Other Factors
In the past 30 years, significant changes have occurred in solid waste management area

especially in response to EU Landfill (EC, 1999) and Waste (EC, 2008) Directives

impacting the composition, quantity, and treatability of landfill leachate (Brennan et
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al., 2016). For example, the amount of waste going into landfills in Sweden has
decreased significantly from 35 % (in 1995) to 1 % in 15 years. Due to the Landfill
Directive, similar changes are expected in other member countries as well. Also, the
composition of waste has changed in a way that organic matter, water content and
biodegradability of the waste were reduced because of pre-treatment applications
(Modin, 2012). Similarly, it was stated by Lo (1996) that in Hong Kong landfills,
methanogenic conditions are established very quickly and three stages of the waste
decomposition are not very distinctive so that aerobic and acid phases are completed

almost in a year.

Heyer and Stegmann (2001) found significant differences between the studies of Kruse
(1994) and Ehrig (1990) regarding the organic content of leachate. It was stated that
in a ten year period COD, BOD and TOC content of leachate from younger landfills
become lower than those given by Ehrig (1990). This was linked to the improvements
in the landfill technology.

Kjeldsen et al. (2002) pointed out that in arid regions, waste could remain dry due to
low rainfall amount and little infiltration so that landfills would stand in the acid phase
or at the beginning of methane phase for many years. On the contrary, in tropical
regions weather is more favorable for a faster and better decomposition of the waste
(Adhikari and Khanal, 2015; Trankler et al., 2005). According to the analysis of Chen
(1996), the time required for the stabilisation of leachate in Taiwan is much shorter
than 10 to 20 years as given in the literature. Reinhart and Grosh (1998) stated that
Florida climate with heavy rainfalls causes production of dilute leachates what makes

it uncomparable with the literature values.

Finally, landfills being active (operational) or closed affect the leachate quality
regardless of the waste age and it is suggested that those should be evaluated
differently in the leachate classification. In closed landfills there will be no additional
waste input and water content will decrease considerably due to the final cover layer
preventing rainfall intrusion considerably. This issue is consistent with the study of

Yildiz et al. (2004) who stated in their work that when no fresh waste was added into
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the landfill for a long time, leachate BOD values decreased to very low values as
expected, but if new waste piles were placed, BOD values increased sharply. Similarly,
Rowe (1995) stated that the BOD/COD ratio and pH data of an active landfill leachate
after 14 years of operation shows that the leachate mix (which includes leachate from

different parts of the landfill developed at different times) is still acetogenic.

4.5 Conclusions

Historical records show that the need for classifying the leachate has emerged from
the treatability studies of landfill leachate. Most of the researchers in that area tried to
define their leachate type for the purpose of determining proper treatment method as
well as to enable comparison with other treatability studies with different type of
leachates. Many reviews have been done in leachate treatment showing the most
appropriate treatment methods and their efficiencies with respect to the leachate age

category.

The most important problem in classification of leachate is the use of different criteria
as well as varied range of parameters. Some researchers use mostly BOD/COD ratio
while many others still employ landfill age. However, there is not any common
acceptance for the values of those criteria so that every author may employ different
numbers. Especially, leachate classification according to the landfill age has not been
defined in a standard way in the literature, hence it should be used by other reserachers
by caution. This is because, waste is landfilled generally in cells until the cell becomes
full and then a new cell is started. In most of the landfills, leachate is collected in a
combined system constituting of all cells. Therefore, it is very difficult and can be very

deceptive to assign a single age to a landfill or leachate.

On the basis of reviewed literature, it could be remarked that leachate classification is
better to be done according to both organic content (COD, BOD, or TOC) and
stabilisation status (BOD/COD or COD/TOC ratios) of the leachate rather than the

landfill age or pH values which would be misleading in many situations. Most
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importantly, common naming of the leachate as used in the current literature as young,
medium/intermediate, and old/stabilized/mature can be better replaced with more
representative terminologies such as high strength, medium or low strength leachate
which have been already employed by some researchers. Besides, authors could
continue to define their studied site as young or old landfills but it could be better to
provide the age of the landfill as operation years (i.e., 3 years, 8 years, etc.) in order to

make rational comparisons with other studies including different aged landfills.

All of the issues explained in this chapter regarding the classification of leachate are
required to be further analysed with real site data. For example, leachate from landfills
located in different countries with different development status and climates as well as
landfills with different ages and operational conditions (active/closed and
sanitary/open etc.) need to be taken into consideration to clarify the leachate age/type

ambiguity presented here.
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CHAPTER 5

COMPREHENSIVE ANALYSIS AND MODELING OF LANDFILL LEACHATE

5.1 Introduction

Although landfilling is the least preferred alternative in the municipal waste
management hierarchy, it is still used around the World for being a comparatively
convenient and economic solution (Vaccari et al., 2019). Leachate, which is a highly
polluted wastewater composed of high concentrations of organic and inorganic
compounds, is produced as one of the consequences of waste disposal in landfills

(Naveen et al., 2017). Therefore, it should be monitored and treated accordingly.

In literature, there are extensive studies on individual landfills, each providing valuable
information about the specific properties of leachate in terms of its composition,
transport, and treatment alternatives. However, there is an important shortcoming
about the possibility of generalizing those findings for every landfill. In order to come
up with a general model, detailed modeling studies are required. Besides, due to high
number and variety of parameters, analysis of leachate is a time consuming, complex,
and economically intense process. Being able to define leachate with as small number
of parameters as possible is desirable. Understanding relationship between parameters
through statistical analysis can help reduce this burden. Unfortunately, statistical
analysis of leachate characteristics is limited in number, as well as scope. Earlier
studies mainly focused on classifying leachate samples, investigating differences in
leachate quality among few landfills, and evaluating the relationships between leachate
parameters (Indelicato et al., 2018; Pablos et al., 2011). Although site specific
conditions have great impact on the quality and quantity of leachate, common trends
and properties can prevail for the majority of landfills which can be perceived through

data analysis.
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Statistical approaches and models can be used to show the significant similarities and
differences between leachate samples from different landfills provided that critical
data pre-treatment methods are employed. Principal Component Analysis (PCA) and
cluster analysis are among powerful multivariate methods commonly used in many
research fields involving complex multivariate data (Rana et al., 2018; Rinaldi et al.,
2014). PCA helps to express the information given in a data set by grouping the
variables with similar characteristics into specific components. Hence, variables
within each component are highly correlated with each other, but slightly correlated
with variables in other groups (Pastore et al., 2018). PCA was used for a limited
number of leachate studies (Adelopo et al., 2018; Boateng et al., 2018; Mishra et al.,

2016), even though it can provide valuable information.

The purpose of this study is to evaluate the leachate characteristics of a high number
of landfills around the World to uncover possible similarities or differences, conduct
statistical modeling for prediction of leachate characteristics, and contribute to the
limited examples of multivariate analysis particularly on landfill leachate. For this
purpose, leachate data belonging to different landfills from 46 countries were
compiled. Data was analysed by statistical tools following data pre-treatment including
outlier removal, missing data substitution, and data standardization. Correlation
analysis and regression modeling were applied to find out the type and degree of
associations between leachate parameters. PCA and cluster analysis were conducted
to classify leachate data into groups for the assessment of main properties. This is one
of the most comprehensive studies on the statistical analysis of leachate data from

different parts of the World.

5.2 Materials and Methods

5.2.1 Data Collection

Leachate characterization data from many landfills were compiled to conduct the

regression modeling and statistical analyses. During data collection, care was given to
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select active landfills with similar operations and leachate handling methods such as
landfills accepting mainly municipal solid waste (MSW), no leachate recirculation, no
pre-processing of waste (i.e., no shredding or bailing), no considerable disposal of
specific waste like ash or sludge, no mixing of leachate with wastewater from
composting plants or another facility/location. A total of 511 leachate data (some
belonging to given landfills at different operation times/years) were compiled based
on the collected data. Eighty seven of those belonged to unsanitary landfills and 64 to
closed sites. The remaining 360 data sets were for active sanitary landfills, which were
used in the analyses. Related data sheet is provided in Appendix A (Table A.1) with
their references (Table A.2). Some important checks were made to validate the data as

presented in Section 3.1.

The data set for the active landfills constituted leachate parameters including
conventional parameters (COD, BOD, TOC, BOD/COD, pH, alkalinity, conductivity,
NH4-N, TKN, TN, TSS, TDS, TS), inorganics (SO4, TP, PO4-P, Cl, Na, K, Ca, Mg),
and heavy metals (Fe, Mn, Ni, Zn, Cu, Pb, Cd, Cr). Some difficulties were faced during
data collection such that some references provide limited leachate parameters causing
discontinuity in the data set. For example, measurements for TOC, solids, alkalinity,
total phosphorus (TP), Na, K, and majority of heavy metals were absent in many
studies, while quantities for COD, BOD, and NH4-N were reported in most of them.
Nevertheless, leachate data including 29 parameters from 220 different landfills of 46
countries in Europe, Middle East, Asia, Africa, and America were compiled. Some
landfills had temporal observations, therefore more than one data set/point existed for
those in the data matrix. As a result, an initial input leachate data matrix of 360 rows

(landfills or leachate samples) and 29 columns (pollution parameters) were obtained.

5.2.2 Data Pre-treatment

Data pre-treatment was applied to remove outliers and estimate missing data
(Stanimirova et al., 2007). A flowchart showing the phases of data collection, data

treatment, and analyses is presented in Figure 5.1. As elimination of outlier data can
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improve the prediction performance of a regression model (Yuzugullu and Aksoy,
2014), outlier detection and removal were done concurrently with regression analysis.
Correlation analysis was conducted to identify potential relationships between leachate
parameters. Then, data scatter charts were plotted and linear relationships between
parameters were scrutinized. Removal of outliers may also lead to potential loss of
valuable data, so to minimize that, data prediction intervals were used in scatter plots
to detect extreme outliers. The Prediction Interval (PI) shows the likelihood of a future
observation being in a given value range for the similar settings of predictors
(Forthofer et al., 2007; Frost, 2021a). In this study, a PI of 99% was selected in SPSS

to minimize data loss. Ma et al. (2022) selected it as 97.5% for removal of outlier data.

Relationships exhibiting Pearson Correlation Factor (r) values greater than 0.7 were
considered as strongly correlated, while values between 0.5 and 0.7 were accepted as
moderately correlated with a significance level of p<0.05 (Adams et al., 2001).
Excluding exceptional cases, up to 15% of data was completed using the regression
models for given parameters. This value was in accordance with Modin (2012) who

accepted this ratio as high as 12.5%.

As the last step of data pre-treatment prior to PCA and cluster tests, a standardization
procedure was used to eliminate the influence of different measurement units and make
the data dimensionless (Pastore et al., 2018) through conversion into z-scores (Figure

5.1). Detailed information about data pre-treatment is provided in Section 3.3.
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Figure 5.1. Flowchart for data collection, preparation, and analysis steps
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5.2.3 Data Analysis

IBM SPSS software (version 25) was used for statistical analyses. The confidence
level was set at 95%. Both simple and multiple linear regression models were derived
depending on the correlation status of leachate parameters. Automatic Linear
Modeling tool of SPSS was employed to evaluate the importance of a predictor and
find out the independent variables of a regression model having a better fit of the
observation data. The standard error of estimate (S) and coefficient of determination
(R?) were used as indicators of goodness-of-fit. The R? measures the variance in a
dependent variable that can be explained by an independent variable. The S provides
the absolute measure of the average distance of the data points from the regression
line. It shows how precise the model predictions are in the units of the dependent
variable (i.e., error in mg/L for most of the leachate parameters) (Schroeder et al.,
2018; Frost, 2021b). Also, minimum, average, and maximum % errors were

calculated.

In development of the regression models, multicollinearity check was done.
Multicollinearity (also collinearity) is having high correlation between predictor
variables (independent variables) in a regression analysis so that they exhibit a strong
linear relationship among each other. Collinearity condition was checked in multiple
linear regression analysis by selecting “Collinearity Diagnostics” in SPSS. Variance
Inflation Factor (VIF) and tolerance values were checked in the output table
“Coefficients” in which the VIF value is to be less than 10, and the corresponding
tolerance should be above 0.1 for not having collinearity. Detailed information about

regression modeling is provided in Section 3.2.2.

Cluster analysis was used to classify variables into groups (clusters) according to the
similarities within a group and dissimilarities among other groups. Hierarchical cluster
analysis (HCA) was applied for the grouping of leachate parameters. Ward linkage
was used to link clusters and Euclidean distance was used as the interval of clustering
(measure of distance) of leachate data (Rinaldi et al., 2014; Zhao and Cui, 2009).

Detailed information about cluster analysis is provided in Section 3.2.3.

78



Large data sets can be simplified into few components which hold the majority of the
information in original data with PCA (Bro and Smilde, 2014; Wuensch, 2016). In
PCA, each component would represent some feature as a latent variable that explains
why a group of variables is in that component. PCA results were visualized by loading
tables, plots, and score charts. Loading of a variable represents the correlation between
the parameter and the component. Loadings are classified as “strong”, “moderate”,
and “weak” according to absolute values of >0.75, 0.75-0.5, and <0.5 respectively (Liu
et al., 2003; Zhao and Cui, 2009). On the other hand, Boateng et al. (2018) accepted
loadings of <0.5 as poor, 0.5 as moderate, and >0.5 as high loadings. According to the
Rinaldi et al. (2014) loadings greater than 0.6 indicate significant correlations between
the original variables and the related components. Similarly, Durmusoglu and Yilmaz
(2006) selected loadings greater than 0.5 for the PCA interpretation in their study.
Rotation is used to maximize the loading of each parameter on the related component
while minimizing its loading onto others. For a better interpretation of results, Varimax
rotation (Akyol, 2005; Pastore et al., 2018) was selected in this study. Also, to manage
the number of components that will be extracted, eigenvalue greater than or equal to 1
was considered as being statistically significant (Boateng et al., 2018; Yong and

Pearce, 2013). Basic requirements of the PCA are provided in Section 3.2.4.

Apart from the outlier treatment applied to individual leachate parameters for the
whole leachate data set during regression analysis, another outlier removal step was
conducted for the smaller scale data matrix of selected parameters for PCA and cluster
analysis. Outliers have a strong effect on the variance as well as on the correlation
status of the data. Therefore, PCA is strongly affected by the outliers in a way that
extracted components may not be able to represent the dataset very well. For detecting
the outliers, box and whisker plots were applied to the list of parameters used in the

analysis. Only extreme outliers were removed to prevent data loss.
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5.3 Results and Discussion

5.3.1 Handling Outlier Data

Correlation analysis was conducted on raw data without removal of any outliers to
identify potential relationships between leachate parameters (Table B.2 in Appendix
B). Strong correlations were found between several leachate parameters including
organic compounds (BOD, COD, TOC), nitrogen group (TKN, TN, NH4-N), and other
parameters. One can see that COD is highly correlated to BOD and TOC, and then to
TDS and TS, as expected, as organic fraction of leachate originates from dissolved
particles of solid waste as well as by-products of biodegradation processes within a
landfill. Another example for relatively strong correlations is the correlations of Na
and Cl to conductivity (EC). Sum of the concentrations of mainly chloride (Cl), sodium
(Na), alkalinity, and ammonia forms the major portion of the EC (Statom et al., 2004).
Similarly, Indelicato et al. (2018) stated a good correlation of EC with Cl.

For detection and removal of outliers, scatter plots were drawn for correlated
parameters. A sample scatter plot with prediction intervals (PI) is presented in Figure
5.2 to illustrate the approach and the remaining plots are provided in Appendix B. An
example for outlier data is the alkalinity measured in four landfills. As alkalinity is
comprised of three ions, it is expected to correlate with EC to a certain level. This
correlation was nicely observed for the majority of the landfills, except for four
landfills as indicated in Figure 5.2. These four alkalinity values that fall out of the PI
range were first checked within the data matrix against the quantities reported in the
literature. It was observed that three alkalinity values were very high in comparison to
low EC and NH4-N concentrations, while one value was low against very high EC and
NH4-N values. Since they were not in the expected range and somehow created
divergence from the common pattern, they were excluded from the regression study as
well as from the data set. In this manner, a total of nine outlier data were eliminated

permanently from the data matrix: four alkalinity data (Figure 5.2), one Cl data (Figure
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B.1a), one EC data (Figure B.1b), and one Na (Figure B.2) data from different landfills,
and one Na (Figure B.3a) and K (Figure B.3b) data of a landfill.
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Figure 5.2. Example of outlier data (circled) with scatter plots for (a) EC vs Alkalinity
and (b) NH4-N vs Alkalinity (the upper and lower lines show 99% prediction interval;
the numbers within boxes indicate landfill ID)
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5.3.2 Regression Modeling

Discontinuity problem in data set due to missing values in some parameters was
handled by regression data modeling. It emerged as a proper tool due to strong
correlation between many leachate parameters. In addition to simple linear regression,
multiple regression modeling was conducted in a number of cases due to high
correlation of one dependent parameter to more than one independent variable.
Collinearity checks were done and independent parameters exhibiting collinearity

were not included in regression models.

The Automatic Linear Modeling tool of SPSS was used in order to get the predictor
importance for a multiple regression model. Figure 5.3 shows example predictors for
some leachate characteristics. For example, instead of Na and K, interestingly NH4-N
was found the most important predictor in EC modeling. NH4-N was found highly
correlated with EC in other studies as well (Chu et al, 1994; Mohammad-pajooh et al.,
2017). This could stem from very high NH4-N concentrations in leachate that may
constitute a major portion of the conductivity. For prediction of K, Na has the highest
importance as a predictor. Since Na and K are both conservative parameters like Cl,
they are not involved in any precipitation and complexation reactions, therefore their
concentrations show the same trend (Erses et al., 2008). Predictor importance for all

leachate parameters considered in regression modeling is detailed in Table 5.1.
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Table 5.1 Predictor importance of the model variables for highly correlated leachate

parameters
Dependent parameter* The most important Less important predictor(s)
P P predictor(s) P p

BOD COD TOC

COD TOC BOD

TKN N NHs-N

NH4-N TKN TN

NHs-N EC K>Na>CI>TA
TA>Na>Cl or

EC NH4-N
TDS>TA>Cl**
Na>CI>NH4-N>K or

TA EC
NH4-N>Na>ClI***
K>NH4-N>TA>EC or

Na Cl
EC>NH4-N>TA***

K Na EC>NH4-N>Cl

a1 Na EC=K>TA>NHs-N or

TDS K>EC>Na**

EC>K>Na or

TDS Cl
EC>NH4-N>Na***

* Total alkalinity (TA) is in mg/L as CaCOs, EC is in mS/cm, and the other parameters are in mg/L
** Case if TDS inserted into the model (less important variables were excluded to achieve sufficient

data numbers)

*** Case if K is excluded from the model due to low number of observed data for that parameter

Regression models derived are presented in Table 5.2. They were selected among a

number of models based on the lowest S, highest R?, and the lowest average % error

values. As seen, majority of the selected models for missing data prediction have a R?

between 0.80 and 0.99. Kylefors (2003) stated that a good model generally has R>>0.8.

Regression model details are provided in Figure 5.4 and Table 5.3 for relevant

parameters and a brief summary is presented in the following paragraphs.
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Table 5.2 Details of selected regression models for calculation of missing leachate data

Sample % error Limiting
Dependent Model formulation N** ’ (average) *** conditions
variable*
for the model

BOD 0.61[{COD]-1207 294 0.899 22 2380 BOD>3000 mg/L
COD 1.49[BOD]+2741 294 0.899 22 3729 COD>3000 mg/L
COD 3.10[TOC]-552 81 0.933 30 3243  COD>2000 mg/L
TKN 0.99[TN]-16 66 0.998 3.5 78 None
NH4-N 0.83[TKN]-33 133 0.948 16 277  NH4-N>50 mg/L
NH4-N 0.81[TN]-51 96 0.925 20 376  None
TDS 0.94[TS]-161 71 0.969 8 1527 None
TDS 1.54[CI]+326.5[EC]+1618 61 0869 21 2992 None

0.52[CIJ+[NH.-N]+
TA 252[EC]-13 80 0.814 22 2118 TA>2000 mg/L
cl ;;?”EC]’O'”[NH‘*'N]’ 134 0745 25 1092 CI>1500 mg/L
Na 0.40[CI]+48 8[EC]-117 8 0877 20 557  Na>400 mg/L
K 0.52[Nal+0.25[NH+N]-30 92 0789 29 505 K>250 mg/L

10-3[2[CI]+4[NH,-N]+
EC [TA]]+3 80 0.889 15 3.5 EC>3 mS/cm

* Total alkalinity (TA) is in mg/L as CaCOs3, EC is in mS/cm, and the other parameters are in mg/L
** Number of data used for model building
*** Standard error of estimation (S) is in mg/L for all parameters except EC which is mS/cm.
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Figure 5.4. Sample regression plots for (a) BOD vs COD (b) TKN vs NHs-N (¢) TS
vs TDS (d) Cl vs Na (e) TN vs TKN (f) EC vs Alkalinity

Leachate BOD can be predicted based on available COD data with 22% error on
average and R? of 0.90. Yet, there is some limitations of the models. For example, in
the modeling of BOD using COD as the independent variable, the case of BOD<3000

mg/L caused negative and erroneous BOD predictions (Figure 5.5). Similarly, while
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modeling COD with TOC data, COD was predicted mostly negative or lower

compared to the observed COD values when COD is less than 2000 mg/L (Figure C.1).

Therefore, limitations were applied such that, if a predicted parameter value is outside

of a stated limit, then that predicted value was not used in missing data substitution.

Limiting conditions for all regression models are given in Table 5.2 and relevant plots

are provided in Appendix C.

Table 5.3 Details of the multiple regression modeling results (shaded row indicates the
selected best model)

Dependent  Independent (x) Sample N R? S* avg % error
»*
Cl, EC, and NH4-N** 57 0.887 2869 21
TDS EC and CI 61 0.869 2992 21
NH4-N and Cl1 64 0.839 3326 24
EC and NH4-N 66 0.801 3905 25
Cland EC 89 0.877 557 19.8
Na Cl 115 0.821 632 23.7
EC 90 0.797 709 29.6
Na and NH4-N 92 0.789 505 29.3
K EC and Na 76 0.780 555 322
Na 103 0.745 547 32.1
Na*** 115 0.821 939 19.2
Cl TDS*** 69 0.781 1185 20.5
EC and NH4-N 134 0.745 1092 25.0
EC 143 0.705 1214 25.2
NHs4-N, TA, and Na 54 0.901 3.3 17.3
EC NH:-N, Na, and C1 81 0.898 3.8 20.1
NH;4-N and Na 81 0.890 3.9 20.9
NHi-N, TA, and CI 80 0.889 3.5 15.2
EC, NH4-N, and Na 54 0.820 2201 23.6
TA EC, NH4-N, and Cl 80 0.814 2118 21.9
EC and NH4-N 93 0.792 2178 21.1
EC 99 0.752 2347 22.8

* Total alkalinity (TA) is in mg/L as CaCOs3, EC is in mS/cm, and the other parameters are in mg/L
** There is a collinearity problem for the best model (TDS-CI-EC-NH4-N), so the 2" best model was

selected.

*** Due to low number of observed data for Na and TDS, the other best model was selected.
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Figure 5.5. Sample % error chart for BOD-COD regression model

In a number of data prediction cases, multiple linear regression models were used. For
TDS, firstly available TS data was used, as there was perfect linear relationship
between TDS and TS (Figure 5.4c). However, due to lack of sufficient TS data in the
data matrix to calculate all missing TDS data from the TDS-TS model, other regression
models were studied (Table 5.3). A multiple linear regression model of TDS-CI-EC

was deemed as the best option for TDS predictions.

Regarding monovalent ions, Na could be estimated with multiple regression model of
Na-EC-CI with the condition of Na>400 mg/L (Figure C.6). Although K is the most
important predictor after CI for Na estimation, it could not be used due to lack of
observed K values in the data matrix. Similarly, Na and TDS are the most important
predictors for Cl (Table 5.1), but due to the deficiency of observed data for both
parameters, as well as for K, other independent parameters were used in modeling

(Table 5.2).

As mentioned before, numbers of observed data in relevant references were very low

for some parameters like TDS, Na, and K. Yet, the percentage of predicted data was
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targeted to be at most 15% in this study. This target was satisfactorily met for all
parameters, except for TKN and TDS. These in fact have very strong correlation with
TN (TN=TKN+Nitrogen Oxides) and TS (TS=TDS+SS), respectively. Therefore, for
the TDS case, 15% limit was applied only for the second model. A similar approach
was used to complete most of the missing TKN data from available TN values with
high accuracy (Table 5.2). Following data substitution, missing data still existed in the
data matrix (Table 5.4). This problem was handled to some degree by changing the
parameters analysed in the PCA and cluster tests to observe the important features as

much as possible.

Table 5.4 Status of missing data in the data set for modeled leachate parameters

Dependent ~ Number of Total % of  Number of Number of % of missing
(y)* observed number of  missing  predicted  missing data data
data** missing data data data remained substitution
COD 345 15 4% 9 6 3%
BOD 300 60 17% 23 37 7%
NH4-N 314 46 13% 17 29 5%
TKN 144 216 60% 42 174 23%
Cl 221 139 39% 29 110 12%
EC 189 171 48% 24 147 11%
TA 155 205 57% 28 177 15%
Na 119 241 67% 21 220 15%
K 105 255 71% 14 241 12%
TDS 92 268 74% 25%H* 243 219%%**

* Total alkalinity (TA) is in mg/L as CaCOs, EC is in mS/cm, and the other parameters are in mg/L
** In total 360 data points exist in the leachate data matrix
*#%* 9 data from the model TDS-TS and 16 data from the model TDS-CI-EC (15%)

533 Correlation Analysis

Correlation analysis was repeated after the removal of outliers and substitution of
missing data. Results are presented in Table 5.5. Outlier removal and missing data
substitution increased the correlation status of many parameters considerably. For
example, correlations increased between alkalinity and EC (from 0.7 to 0.9), alkalinity

and K (from 0.4 to 0.8), Cl and EC (from 0.8 to 0.9). Regarding heavy metals, only
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moderate correlation was observed between heavy metals and other leachate
parameters, for example between Cr and TP, Na, K, Cu; between Mn and pH, Fe, Zn.
Besides these, only some heavy metals were moderately (0.5<r<0.7) correlated with

each other.

In Table 5.5, it is possible to see the highest correlations belong to organic parameters
(BOD and COD), as well as to TKN and NH4-N. Alkalinity had a strong correlation
with many monovalent ions in the landfill leachate. Furthermore, EC and K emerged
to be correlated very well with NH4-N, TKN, and alkalinity. Similar to this, findings
of multivariate statistical techniques can be used to plan monitoring activities. Some
mostly correlated parameters can be excluded from sampling to minimize the number
of analyses and save considerable cost and time as also suggested by Klylefors (2003),
Galvez et al. (2010), and Modin (2012). For example, TKN analysis would be difficult
and time consuming due to measurement of organic portion, while NHs-N
measurement can be done easily even at site by portable devices. Similarly, TOC
measurement would need high technological equipment with detailed sample
preparation, while COD and BOD would be cheaper and COD measurement even
requires less time and effort. Also, it would be sufficient to measure only one of the

salt parameters as Cl, Na, or K to estimate the others.
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Table 5.5 Pearson correlation coefficients matrix for different leachate parameters

pH COD BOD NH4-N TKN TDS Cl EC TA Na K Fe Ca Mg Ni Zn Cu Cr Pb Cd Mn
pH 1
COD |-045 1 0.96(323) 0.67(116)
BOD |-0.50 0.96(323) 1
NHs-N | 0.30 0.26 017 1 0.97(184) 0.68(240) 0.85(201) 0.84(174) 0.69(132) 0.72(112)
TKN | 0.28 033 0.23 0.97(184) 1 0.72(74) 0.73(128) 0.90(108) 0.84(98) 0.81(65) 0.76(53)
TDS |-0.05 0.67(116) 0.58 064 0.72(74) 1 0.82(95) 0.83(98) 0.70(74) 0.85(61) 0.76(45)
cl 0.26 0.34 0.25 0.68(240) 0.73(128) 0.82(95) 1 0.87(195) 0.76(151) 0.91(136) 0.83(113)
EC 0.18 042 0.32 0.85(201) 0.90(108) 0.83(98) 0.87(195) 1 0.89(150) 0.87(120) 0.86(99)
TA 0.22 0.35 0.27 0.84(174) 0.84(98) 0.70(74) 0.76(151) 0.89(150) 1 0.81(100) 0.78(81)
Na 0.31 0.37 0.22 0.69(132) 0.81(65) 0.85(61) 0.91(136) 0.87(120) 0.81(100) 1 0.87(117)
K 0.34 0.37 047 0.72(112) 0.76(53) 0.76(45) 0.83(113) 0.86(99) 0.78(81) 0.87(117) 1
Fe -0.65 0.46 0.49 017 0.22 0.15 -0.14 -0.09 -0.08 0.14 -0.13 1
Ca -0.49 0.48 0.48 0.1 -0.10 0.25 0.07 0.20 0.09 0.22 020 049 1 0.84(120)
Mg -0.38 0.56 0.59 0.07