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ABSTRACT
Applications of mathematical models to waste management are usually complicated by
the complexities involved in either waste treatment processes or waste management
systems. In this dissertation research, a set of characterization and optimization
methodologies have been developed and applied to waste management. In detail, they
include: (a) a stepwise-cluster microbial biomass inference (SMI) model through
introducing stepwise cluster analysis (SCA) into composting process modeling for
tackling the nonlinear relationships between state variables and microbial activities; (b) a
genetic algorithm (GA) aided stepwise cluster analysis (GASCA) method for describing
the nonlinear relationships between the selected state variables and the C/N ratio in food
waste composting; (c) an inexact piecewise quadratic programming (IPQP) model
through coupling piecewise linear regression with interval-parameter quadratic
programming for handling the nonlinear objective function in waste allocation planning;
(d) an inexact piecewise-linearization-based fuzzy flexible programming (IPFP) model
was developed to tackle nonlinear economies-of-scale (EOS) effects in intervalparameter constraints for a representative waste management problem; and (e) an inexact
joint-probabilistic left-hand-side chance-constrained programming (IJLCP) method for
reflecting the inexact relationships between amounts of waste transported and treated
effectively.

In terms of methodologies, the major contribution of this research includes: the SCA was
for the first time, introduced into mapping the relationships in composting processes; the
GASCA combining GA with SCA would possess abilities in both variable searching and
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nonlinear fitting; the IPQP and IPFP models were designed through introducing concepts
of piecewise linearization to the related inexact programming methods; and a
non-equivalent but sufficient linearization form for the IJLCP model was proposed and
proved straightforwardly. In terms of applications, the major contribution involves: (a)
based on the SCA and GASCA trees, the effects of the state variables on thermophilic
bacteria, mesophilic bacteria, and the C/N ratio were quantified; (b) the applications of
IPQP and IPFP implied that the often ignored EOS effects should be considered in the
real-world waste management system to obtain accurate net system costs; and (c) the
IJLCP’s application indicated that a higher joint probability level would result in a lower
system costs in a waste management system.
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CHAPTER 1 INTRODUCTION
1.1 Background
Waste management is a significant issue for sustainable development that involves the
technical, socioeconomic, and environmental components (Pires et al., 2011). Poor waste
management may lead to contamination of water, soil and atmosphere as well as impacts
on public health (Giusti, 2009). Current waste management has become a very organized,
specialized and complex activity. Statistical data in Canada and many other countries
suggest that efficient and integrated waste management are indispensable. For example,
the municipal waste generated per capita in Canada has kept increasing steadily since
1980 (Statistics Canada, 2010). More than $1.8 billion on waste collection, transport, and
disposal were spent by Canada’s Municipal governments in 2008. Although Canada has
ample space to create landfill sites, many residents oppose the building of landfills close
to their communities. Consequently, waste management has become a principle task for
environmental professionals and regulatory agencies.

Considering the costs involved in conducting appropriate laboratory and pilot scale
investigations, the ability to assess waste management practice through mathematical
modeling becomes welcomed (Mason, 2006). Mathematical modeling has been
developed and applied to the area of waste management in order to improve
understanding of waste treatment process, to predict performance of waste disposal
facilities, and to plan the overall waste management system (Cleary, 2009; Dyson and
Chang, 2005; El-Fadel and Khoury, 2000; ElFadel et al., 1997; Gentil et al., 2010;
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Kjeldsen et al., 2002; Kumar et al., 2004; Lukasheh et al., 2001; Qin et al., 2009a;
Schuhmacher et al., 2001; Sonesson et al., 2000; Vavilin et al., 2004). However, the
model development is usually complicated by the complexities involved in either waste
treatment processes or waste management systems (Wang, 2001). This dissertation
research focuses on development of characterization methods to quantify and help
understand the complicated, dynamic and interactive relationships during food waste
composting processes, and development of inexact optimization methods for
representative problems in municipal solid waste management under multiple
complexities. The following sections detail the potential challenges.

1.2 Challenges in Modeling of Food Waste Composting
Food waste contains high concentrations of easily degradable organic substances with
high moisture content and high density. Composting, one of the promising
biotechnologies for solid waste management, is a process where organisms convert
organic materials into a hygienic and bio-stable humus-like product (Das and Keener,
1997). Composting for food waste in different reactor or non-reactor systems has gained
increased attention in the past decade (Chang et al., 2006; Guo et al., 2008a; Komilis,
2006a; Nakasaki and Ohtaki, 2002; Richard et al., 2002; Richard et al., 2006). However,
physical, chemical and biological processes in food waste composting are complicated,
leading to challenges in managing a composting process.

Understanding interactions among state variables (e.g. surface temperature, ash content,
moisture content, and pH) and specific characteristics (e.g. oxygen uptake rates, maturity
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index, and core temperature) of waste composting process is a key step towards insight of
the composting operation, which lays the basis for realizing sound process control. Some
of the previous work focused on associating final compost quality with initial state
variables, while others linking varying compost characteristics with their parallel
variables (Jatinder et al., 2006). For instance, the relationships between oxygen uptake
rates and variables including temperature and moisture content were analyzed using
environment-controlled biosolid composting (Liang et al., 2003a). Dynamic compost
maturity expressed as germination index was predicted according to pH, NH4+-N
concentration, acid phosphatase activity, and esterase activity of water extracts from
compost (Chikae et al., 2006). A transfer function based on Box–Jenkins analysis was
introduced to predict core temperature of aerated heaps of pig farmyard manure, based on
measurements of surface temperature (Turner et al., 2005).

Mathematical modeling is one of the major approaches to analyze composting processes
(Kaiser, 1996; Mudhoo and Mohee, 2007; Mudhoo and Mohee, 2008a; Seki, 2002;
Stombaugh and Nokes, 1996). Among them, factorial design helped obtain information
regarding whether or not several initial conditions had influences on specific
characteristics of composting (Liang et al., 2003a). Many simulation models were
developed to study composting processes and the associated effects (Hamoda et al., 1998;
Nakasaki et al., 2005; Qin et al., 2007e; Seki, 2000a; Xi et al., 2004; Xi et al., 2005a).
However, these models were not capable when direct mapping between multiple state
variables and target characteristics was desired to be quantified; meanwhile, many model
parameters needed to be calibrated and verified in order to accomplish satisfactory fitting
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(Turner et al., 2005). More recently, a few studies were conducted through developing
statistical tools, such as artificial neural network (Liang et al., 2003a) and multi-linear
regression analysis (Chikae et al., 2006). However, many variables in the composting
system can be either continuous or discrete, and relations among them are inherently
nonlinear, which lead to difficulties in applying these conventional methods.

1.3 Challenges in Optimization of Municipal Waste Management System
Increased waste generation along with economic development and growing population
may lead to a variety of environmental impacts. In a waste management system, a
number of factors need to be addressed by decision makers, such as social, economic,
technical, environmental and policy issues. Therefore, it is inevitable to develop and
apply advanced systems analysis methodologies to tackling the above waste management
system. Over the past several decades, numerous deterministic programming methods
have been developed and applied to waste management planning (Ahluwalia and Nema,
2007; Bazzani, 2000; Galante et al., 2010; Linninger et al., 2000; Ljunggren and
Sundberg, 1996; Minciardi et al., 2008; Wang et al., 2004). These methods include linear
programming (LP), nonlinear programming (NLP), dynamic programming (DP), integer
programming (IP), multi-objective programming (MOP), and decision support system
(DSS).

Meanwhile, uncertainties exist in the components of waste management systems as well
as their interactions, which further complicate a reasonable decision making. Previously,
numerous advanced systems analysis methodologies have been developed and applied to
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tackling the above waste management system under multiple complexities (Hokkanen
and Salminen, 1997; Rosenberg, 2009; Verderame et al., 2010; Yeomans et al., 2003;
Yeomans and Huang, 2003; Zou et al., 2000). The previous systems analysis methods to
deal with uncertainties and nonlinearities include fuzzy-set theory-based fuzzy
mathematical

programming,

probability-theory-based

stochastic

mathematical

programming, interval-analysis-based interval mathematical programming.

However, in practical waste management systems, most relationships among different
system components are nonlinear in nature (Huang et al., 2010), which can be described
accurately only if a nonlinear model is expressed (Wu et al., 2006). For example, effects
of economies-of-scale can often bring about nonlinearities in objective functions or
constraints in waste management planning under uncertainties; some inexact information
expressed as probability density functions is often nonlinear as well. Thus, incorporation
of nonlinearities and uncertainties within a general optimization framework is desired to
comprehend tradeoffs among various waste management practice and policies. Previously,
two types of approaches were employed to deal with the scale effects within an inexact
optimization framework. One approach was to find efficient algorithms to directly solve
the resulting nonlinear models with inexact information. However, this approach needs
much effort of strict mathematical proofs (Sun et al., 2009c). The other type of approach
was to approximate nonlinear expressions so that existing algorithms could be applied.
Nevertheless, simple linear approximation was often employed to substitute nonlinear
expressions previously, which may cause potential calculation errors.
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1.4 Objectives
In this dissertation research, a set of characterization and optimization methodologies will
be developed and applied to waste management problems. Especially, two
characterization methods will be advanced to quantify and help understand the
complicated, dynamic and interactive relationships during processes of food waste
composting; three inexact optimization methods will be proposed for municipal solid
waste management under multiple complexities. In detail, the major objectives of this
research entail:

(1) To develop a stepwise-cluster microbial biomass inference (SMI) model through
introducing SCA into composting process modeling for tackling the nonlinear
relationships among state variables and microbial activities. The stepwise-cluster
inference model will be developed for predicting variations of thermophilic and
mesophilic bacterial biomasses during food waste composting; the proposed modeling
system will be verified based on the data obtained from pilot-scale composting
experiments; the effects of multiple state variables on the succession of two types of
bacteria will be also discussed.

(2) To develop a GA-aided stepwise-cluster analysis model (GASCA) through integrating

GA and SCA within a general framework to quantify the nonlinear relationships between
state variables (time, temperatures, pH, moisture content, ash content, organic content,
NH4+-N concentration, cumulative NH3 emissions and bacterial biomass) and the C/N
ratio in food waste composting. It entails: screening of significant state variables and
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system parameters in virtue of the powerful search ability of GA; development of a
GA-aided stepwise-cluster model for analyzing the effects of multiple state variables on
C/N ratio; and demonstration of the proposed method based on the data from bench-scale
composting experimental systems.

(3) To propose an inexact piecewise quadratic programming method (IPQP) and to apply
it to a waste flow allocation problem. The performance of IPQP will be compared with
that of conventional inexact quadratic programming model (IQP). A representative waste
management planning case will then be employed to test the models in dealing with both
uncertainties in waste management conditions and nonlinearities reflecting effects of
economies-of-scale simultaneously. The effects of different nonlinearity approximation
methods on both transportation and operations costs in IPQP and IQP will be analyzed
and compared.

(4) To develop an inexact piecewise-linearization-based fuzzy flexible programming
(IPFP) model and to apply it to planning of a MSW management system under multiple
complexities (uncertainty and nonlinearity). The formulations and solution algorithm for
IPFP will be presented. Especially, the nonlinear EOS effects will be transferred from the
objective function to the related constraints during the solving process, which leads to
interval-parameter mix-integer quadratic constraints in the finally transformed model. A
representative waste management case will be employed to examine feasibility and
applicability of the IPFP model. To demonstrate the advantages of IPFP, two alternative
models will be designed and compared.
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(5) To develop an inexact joint-probabilistic left-hand-side chance-constrained
programming (IJLCP) method and to apply it to a MSW management problem. A
non-equivalent but sufficient linearization form for IJLCP will be proposed and proved in
a straightforward manner in order to present an efficient solution algorithm to the
left-hand-side CCP problem. The performance of IJLCP will be analyzed under scenarios
at different joint and individual probabilities as well as compared with the corresponding
interval-parameter programming model. A representative MSW management case will
then be employed to facilitate the analysis and the comparison.

1.5 Organization
The structure of this dissertation is shown in Figure 1.1. In Chapter 2, a comprehensive
literature review is provided for the previous studies on the modeling techniques of
composting processes and representative inexact programming methods that are applied
to waste management problems. In Chapter 3, a stepwise-cluster microbial biomass
inference (SMI) model is developed through introducing stepwise cluster analysis into
composting process modeling for tackling the nonlinear relationships among state
variables and microbial activities. In Chapter 4, a GA-aided stepwise-cluster analysis
model (GASCA) is developed through integrating GA and SCA within a general
framework to quantify the nonlinear relationships between state variables and the C/N
ratio in food waste composting. In Chapter 5, an inexact piecewise quadratic
programming method (IPQP) is proposed and applied to a representative municipal solid
waste

(MSW)

management

problem.

In

Chapter

6,

an

inexact

piecewise-

linearization-based fuzzy flexible programming (IPFP) model is developed and compared
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Chapter 1 Introduction
Chapter 2 Literature Review on
Modeling of Composting Processes & Optimization of Waste Management Systems

Chapter 3 A stepwise-cluster
microbial biomass inference
model in food waste composting

Chapter 4 Quantitative effects of
composting state variables on c/n ratio
through GA-aided multivariate analysis

Chapter 5 Inexact Piecewise Quadratic
Programming for Waste Flow Allocation
under Uncertainty and Nonlinearity
Chapter 6 Waste management under multiple
complexities: inexact piecewise-linearizationbased fuzzy flexible programming
Chapter 7 Inexact joint-probabilistic chanceconstrained programming with left-hand-side
randomness: an application to solid waste
management

Chapter 8 Conclusions

Figure 1.1 Roadmap of this dissertation research
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with conventional methods for planning of a MSW management system under multiple
complexities. In Chapter 7, an inexact joint-probabilistic left-hand-side chanceconstrained programming (IJLCP) method for MSW management is advanced and the
corresponding solution algorithm is proved. In Chapter 8, the general conclusions, the
research achievements and the recommendations for future research are summarized.
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CHAPTER 2 LITERATURE REVIEW
One purpose of this chapter is to review the representative modeling methods which have
been developed and applied to composting processes. The other purpose is to review the
representative inexact optimization methods, which have been developed and widely
applied to waste management for supporting long-term planning, evaluating the relevant
policies, and handling multiple uncertainties and complexities.

2.1 Modeling of Composting Processes
The composting process is a multi-component, multi-phase, multi-variable and
heterogeneous one which usually occur in laboratory-, pilot-, and full-scale reactors
(Mason and Milke, 2005a; Mason and Milke, 2005b). The main state variables during the
composting

process

include

substrate

(solids)

concentration,

microorganism

concentration, temperature, moisture content, oxygen concentration, and carbon dioxide
concentration. The modeling methods used for composting processes can be classified as
simulation models, statistical models and artificial-intelligence-based models.

Based on energy and mass balance, various composting simulation models, such as basic
kinetic models, deterministic and inexact numerical models, and system dynamic models,
were previously developed to quantify the complicated composting processes. The
composting simulation models can be divided into two main types, i.e. inductive and
deductive models (Hamelers, V, 2004). In the inductive composting model, the model’s
type is based on the available data. Development of the inductive models is usually
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limited by measurement techniques and the resources needed to conduct the experiments.
In comparison, the starting point for the deductive composting model is the existing
theory used for model development. Development of deductive models is usually
restricted by the non-identifiable parameters. The composting simulation models can also
be classified as distributed and lumped parameter models (Mason, 2006), depending on
whether the spatial factor is considered or not. Among them, the basic functions usually
include first-order, Monod-type and empirical expressions.

Based on multivariate statistics, the statistical models, such as multi-variable linear
regression, and dual response surface model, were developed and applied to composting
processes to analyze the relationships either between state variables and variable of
interest during the dynamic process or between variables of initial state and
characteristics of final compost. Based on artificial-intelligence (AI) theory, the AI-based
models, such as artificial neural networks, were also developed to quantify the two types
of relationships during composting processes.

2.1.1 Basic Kinetic Models
Various basic kinetic models were applied to composting processes in the past few
decades. For example, Stombaugh and Nokes (1996) developed a Monod-type microbial
biomass growth model for aerobic composting, which a function of degradable substrate
concentration, oxygen concentration, moisture content, and temperature. The model was
validated using the data from a laboratory scale composting reactor. VanderGheynst et al.
(1997) developed an energy transport model to quantify the temporal and spatial changes
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in temperature during a high-solids composting process, which considers energy removed
through the bulk flow of air, heat generated from microbial activity, and energy
accumulated in the substrate matrix. Nakasaki and Ohtaki (2002) developed a simple
numerical model of batch and fed-batch composting for dog food, which are based on
three assumptions: 1) a certain quantity of carbon in the dog food was assumed to be
recalcitrant to degradation; 2) the decomposition rate of carbon is proportional to the
quantity of easily degradable carbon; and 3) a certain lag time is assumed to occur before
the start of active decomposition of organic matter. Seki (2002) developed a new
deterministic model to simulate a batch-type unturned composting process, which can
quantify substrate concentration, moisture content, and temperature under the effects of
volume decrease, heat conduction, and liquid water transfer.

Jolanun et al. (2005) developed a first order kinetic model for composting of vegetable
and fruit wastes mixed with sawdust, where the effects of initial moisture content on
organic matter degradation and process performance of fed batch composting were
investigated. Benito et al. (2005) developed a two-phase carbon mineralization model for
pruning waste composting. In the first rapid phase, the decomposition of the most labile
products by microorganisms was fitted to a first-order equation; in the second slower
phase, mineralization of the most resistant organic matters followed a zero-order equation.
Xi et al. (2005) developed two stages microbial kinetics equations for inoculation-based
composting. The model’s results indicated that: in the first stage of inoculation-based
composting, microbial concentration was the main limiting factor of the degradation rate;
in the second stage, the degradation rate was mainly affected by substrate concentration.

13

The comparison between inoculation-based and conventional composting indicated that
the degradation rates were almost the same while inoculation could reduce the half
velocity coefficient K. Paillat et al. (2005) proposed a predictive model for NH3 and CO2
emissions for the thermophilic phase of livestock manure composting. The model well
explained variability in cumulative emissions of CO2 and NH3 by contents of soluble
elements and hemicellulose in the dry matter, and soluble nitrogen.

Cekmecelioglu et al. (2005) developed a simulation model to predict temperature and
inactivation of E. coli O157:H7 and Salmonella during windrow composting, where
temperature change is estimated based on heat generated by biological decomposition
and heat losses by convection, conduction, evaporation, and radiation. Based on the
model, the effects of seasonal variation on compost temperature and pathogen reduction
were investigated. Tremier et al. (2005) developed a oxygen consumption kinetic model
for composting of organic wastes-sludge mixed with pine barks using a respirometric
method, where organic matter composition was characterized as easily-biodegradable,
slowly-biodegradable and non-biodegradable organic matter. Richard et al. (2006)
employed three forms (saturation-type, Monod-type, and exponential) of models to
examined the effect of varying oxygen concentrations (1%, 4%, and 21% O2 (v/v)) on
biodegradation kinetics under different substrate (sewage sludge and synthetic food
waste), temperature (35, 45, 55, and 65 oC), and moisture (36-60% H2O) conditions. The
results indicated that the exponential model performed well at temperatures from 35 to 55
o

C but had problems at 65 oC while the Monod-type models have the best fitting

performance based on the R2 values. Richard and Walker (2006) developed three
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nonlinear temperature kinetic models (Andrews and Kambhu/Haug, Ratkowsky et al.,
and the Cardinal Temperature Model with Inflection) during the composting of synthetic
food waste or sewage-sludge (biosolids) mixed with maple wood chips at different
oxygen concentrations and extents of decomposition. Komilis (2006b) developed a
conceptual model based on the principle that solids hydrolysis is the rate-limiting step
during composting of mixtures of food waste, mixed paper, yard waste, leaves, branches,
grass clippings.

Yamada and Kawase (2006) developed a simple model for composting of waste activated
sludge in a batch reactor, which is based on assumptions that a solid phase of compost
mixture is well mixed, both the oxygen consumption and the microbiological reaction are
Monod-type kinetics equations, and the axial distribution of oxygen concentration in the
composting pile can be described by a plug-flow model. Liang et al. (2006) developed the
nitrogen dynamics in a composting process and validated it with laboratory-scale
composting of wheat straw and dairy manure. Based on the model, the effects of two
carbon amendments (molasses as a readily available form of carbon source and office
paper) and two chemicals forming buffer solutions on ammonia volatilization were
investigated. Sobratee et al. (2008) developed a nonlinear mathematical model to
describe the behavior of faecal bacterial indicators and two decomposition parameters
during broiler litter composting. The state variables include total coliforms (TC), faecal
coliforms (FC), Escherichia coli (EC), faecal enterococci (FE), organic-C and volatile
solids reduction (VSRed). The model’s results indicated that reduction of TC, FC and EC
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was quantified by second-order decay kinetics while the FE reduction followed
first-order decay.

Mason (Mason, 2008a; Mason, 2008b) developed a single exponential model, a double
exponential model and a non-logarithmic Gompertz model to examine substrate
degradation patterns at constant temperature, which are obtained from the composting
literature. The models’ results indicated that their prediction performance is limited and a
standard long-term composting simulation model at constant temperature under
non-limiting moisture and oxygen concentration conditions is desired. Mudhoo and
Mohee (2008) developed four different equations to evaluate the heat transfer coefficients
characterizing the heat flow due to free convection during the self-heating composting of
mixed vegetables and chicken manure. The modeled heat transfer mechanisms include
two conductive heat fluxes across the compost matrix and compost reactor walls, one
heat flux across the film of water condensing on the inner reactor surface, and a
convective heat flux due to free convection on the outside surface of the reactor walls.
Benito et al. (2009) developed a first-order kinetic equation organic matter during
co-composting of pruning waste and horse manure. The results showed that organic
matter loss is significant correlated with CO2 evolution. Mason (2009) developed and
compared single exponential functions, temperature correction functions, double
exponential functions to predict biodegradable volatile solids (BVS) degradation in the
composting process for ostrich feed, shredded paper, finished compost and woodchips.
The model is based on heat balance around a composting system under varying
temperature conditions.
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Luangwilai et al. (2010) formulated a one-dimensional model for self-heating in compost
piles. In the model, mass balance equations for oxygen and energy were incorporated; the
heat release due to oxidation reaction was quantified by Arrhenius kinetics; and
steady-state temperature was quantified as a function of the compost pile size and the air
flow rate through the pile. Zhang et al. (2010a) proposed substrate degradation kinetic
model for the composting of a mixture of sewage sludge and wheat straw in an insulated
reactor. The model simulates variations of biodegradable volatile solids, degradation
process, matrix mass, moisture content, dry matter and volatile solid. Baptista et al. (2010)
developed a first-order kinetic model to describe the composting process in three
full-scale mechanical-biological treatment plants. The model considered changes of
volatile solids (VS) content, temperature, moisture content, oxygen concentration and
total bulk density. Sensitivity analysis showed that the parameters most affecting rate
constant estimation were the initial biodegradable volatile solids content, the maximum
temperature for biodegradation, and the optimum moisture content.

Baptista et al. (2011) developed a first-order kinetic model for composting in full-scale
mechanical-biological treatment (MBT) plant and calibrated it with experimental data to
account for the limitations imposed by less-than-optimal environmental conditions during
operation of the composting process. The results showed that two of the three MBT
plants were poorly operated. Leejarkpai et al. (2011) developed a first-order kinetic
model with a flat lag phase for CO2 evolution during biodegradation of plastic materials
including Polyethylene (PE), PE/starch blend (PE/starch), microcrystalline cellulose
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(MCE), and Polylactic acid (PLA). The results showed that composting of MCE and PLA
produced the highest amounts of CO2 evolution, a lower amount of CO2 evolution was
found in PE/starch composting, and no CO2 evolution was observed during PE
composting.

2.1.2 Multi-substrate / Multi-microbial Kinetic Model
A few composting kinetic models involve terms quantifying multiple substrates or
multiple microbial species during composting processes, where the composting process is
investigated in the viewpoint of ecological system evolution. Kaiser (1996), for the first
time, developed a composting ecosystem model including mass transfer, heat transfer,
and conversion of organic matter into CO2, and humic substances, which quantified
consumption of four substrates (e.g. lignin) by a 4-component microorganism
(coexistence of specialists and generalists). The model can predict state variables,
microbial activity, and matter conversion during the composting process, which is
dependent on conditions like raw material composition, thermal insulation, and aeration.
Liang et al. (2004) developed a three-substrate Monod-type numerical model for the
high-rate stage of composting, which described microbial growth, heat production,
carbon dioxide generation, ammonia volatilization, water loss and temperature change. In
the model, ammonia volatilization is calculated based on the analysis of a CO2-NH3-H2O
multi-solute aqueous system, which linked microbial population dynamics to carbon and
nitrogen transformation.
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Sole-Mauri et al. (2007) developed a integrated composting model and fitted it
satisfactorily with the experimental data, which integrates multiple microbial populations
(mesophilic and thermophilic bacteria, actinomycetes and fungi) and multiple substrates
(carbohydrates, proteins, lipids, hemicellulose, cellulose, lignin, and their hydrolysis
products), and multiple gas phases (nitrogen, oxygen, carbon dioxide, ammonia and
water vapor). The model’s results indicated that, partition of both the composting mass
and the active biomass into different major groups of substrates and specialized microbial
populations, the factors affecting the gas-liquid equilibrium, were important to describe
the composting process accurately. Lin et al. (2008b) developed a multi-component
modeling system to simulate substrate degradation and oxygen consumption during
composting processes. The state variables include levels of soluble substrate, insoluble
substrate, active biomass, inert material, moisture, temperature, and oxygen concentration.
The model’s inputs included temperature, moisture, oxygen concentration, and initial
conditions of the state variables, while the outputs included oxygen uptake accumulation,
oxygen uptake rate, soluble and insoluble substrate, active biomass. The model
considered three conversion reactions, including growth of aerobic biomass, decay of
aerobic biomass, and solubilization of insoluble substrate.

Vlyssides et al. (2009) developed a two-microbial integrated model for the composting
process, which considered mass transfer, heat transfer and biological processes
(hydrolysis of particulate substrates, microbial growth and death). Growth of two
microbial populations (bacteria and fungi) was depicted with the Monod kinetic models
revised by growth limiting functions (inhibitory factors, moisture and dissolved oxygen).
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The model also considered the mass balances of the most important nutrients (nitrogen
and phosphorous). Prats et al. (2010) developed and applied individual-based modeling
(INDISIM) to multi-species composting. The model considered interactions between
each microbe with both the local environment and the significant environmental
processes. Fontenelle et al. (2011) developed a three-microbial simulation model for
composting of a switchgrass and dog food mixture in a static, cylindrical reactor
employing forced aeration. The model integrates empirically derived microbial growth
kinetics, heat and mass transfer phenomena, and substrate degradation kinetics. In the
model, three microbial populations of yeasts, bacteria and fungi were incorporated and
multiple substrates consisting of sugars and starches, cellulose and hemicelluloses were
considered.

2.1.3 Deterministic Numerical Models
Some representative studies on deterministic composting simulation models are reviewed
in detail as follows. For example, Petric et al. (2005) developed a structured dynamic
model to describe the aerobic composting of poultry waste, which can predict organic
matter degradation, soluble gases concentration (oxygen, carbon dioxide, ammonia),
moisture content, gas composition in exhaust air (oxygen, carbon dioxide, ammonia,
nitrogen, water vapour), exhaust air temperature, and composting material temperature.
Keener et al. (2005) developed a multi-parameter kinetic model in conjunction with heat
and mass balance equations to predict and optimize the performance of composting
systems. Based on the model, the effects of airflow and fan cycle times on temperature,
oxygen and moisture during composting of municipal solid waste, biosolids/woodchips,
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and grass/leaves/brush were evaluated. Kovacs et al. (2007) developed an ASM3-based
mathematical model to describe sewage sludge composting. The description of oxygen
mass transfer has been validated through composting experiments with different specific
sludge-air surface areas and with the renewal of the sludge surface. Petric (2008)
developed a simulation model for laboratory-scale aerobic composting of poultry manure
and wheat straw, which consists of a set of differential equations with 12 dynamic state
variables: organic matter mass, oxygen concentration, dissolved CO2 concentration,
dissolved ammonia concentration, water mass in the substrate, molar amount of O2 (gas
phase), molar amount of CO2 (gas phase), molar amount of NH3 (gas phase), molar
amount of H2O vapour (gas phase), molar amount of N2 (gas phase), temperature of gas
phase, temperature of solid-liquid phase. Different simulation scenarios were designed to
study the effects of initial moisture content, airflow rates and air temperature on the
substrate temperature and organic matter conversion.

Bueno et al. (2008b) employed a second-order polynomial model with three selected state
variables to accurately describe thermophilic composting process of trimming residues
under the effects of three parameters [moisture (40-70%), aeration (0.2-0.61 air/kg min)
and particle size (1-5 cm)]. The results indicated that moisture and particle size affects
the composting process positively and negatively, individually; the aeration rate has low
effects. Petric and Selimbasic (2008) developed a dynamic structured model for aerobic
composting process of poultry manure to wheat straw through integrating the reaction
kinetics with the mass and heat transfer. The model, consisting of 12 non-linear
differential equations, can depict the change of temperature of substrate, organic matter
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conversion, carbon dioxide concentration, oxygen concentration, and ammonia
concentration, which was solved by the Runge-Kutta-Fehlberg method. Gomes and
Pereira (2008) developed a parameter aggregation model for composting of a mixture
consisting of rice and rice husks. The model was built based on a set of pseudo-first-order
reactions, which assumes a hydrolysis step is followed by a biochemical oxidative step
with formation of compost, biomass and biological gases. The results indicated that the
slowest hydrolysis step was the overall rate-determining step.

Lin et al. (2008a) developed a simulation-aided 2-level factorial analysis approach to
characterize the interactive effects of initial state variables (i.e. temperature, moisture,
oxygen content and initial biomass concentration) on composting processes. The model’s
results indicated that the initial state variables have different effects on the composting
process in different stages. Tosun et al. (2008) compared first-zero-order, first-first-order,
Chen and Hashimoto's and Levi-Minzi's kinetic models to simulate co-composting of
rose processing waste and organic fraction of municipal solid waste in batch reactors.
Mohajer et al. (2010) developed a microbial model based on the activated sludge process
for composting of 16 sludge and wood residue mixtures. The starting mixtures included a
wide range of moisture content (MC), waste to bulking agent (BA) ratio (W/BA ratio)
and BA particle size. The model adequately reproduced curves of O2 uptake rate (OUR)
over time, except for the lag phase and peak OUR. The kinetics parameters of maximum
growth rate, organic matter hydrolysis rate, and the initial biodegradable organic matter
fractions were estimated. Jeon et al. (2011) developed a simulation model for
thermophilic oxic composting of swine waste and cooking oil. The model considered
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oxygen consumption rate, decomposition rate constant, temperature, and moisture content,
which is constructed on the basis of the carbon, heat, and moisture balance. The model
would help interpret the relationship between the injection calorific value and the process
mechanism.

2.1.4 Two-Dimensional Numerical Models
Since the spatial factor for a composting reactor or a compost bed is a concern, some
two-dimensional numerical models have been developed to predict the temperal and
spatial change of composting processes. Ekinci et al. (2005) developed a five-layer
(two-dimensional) finite difference numerical model of composting based on a
two-component first-order kinetic model and heat and mass balance equations, which is
validated through four different pilot-scale composting systems. The model’s results
indicated that a need to strengthen the model's simulation of boundary condition effects.
Ekinci et al. (2006) developed a two-dimensional finite difference numerical model for
composting of paper mill sludge and biosolids, which incorporated independent
regulation of temperature and oxygen using a closed loop feedback control system with a
two-stage fan setting. Bongochgetsakul and Ishida (2008) developed a numerical
modeling for large-scale composting, which simulates mass/energy transport, degradation
process, and turning/shifting processes based on 3D finite element method. The model
can quantify mass/energy distribution fields affected by biological activities at each
corresponding location and interaction with arbitrary environment. Kuwahara et al. (2009)
proposed a two-dimensional numerical model for open channel-type composting aerated
by forced ventilation, which consists of a set of governing equations to quantify complex
transport phenomena associated with microbe species, substrates, and water in
23

composting operations. Yu et al. (2009) developed a multi-layer numerical model to
quantify the relationships between free airspace and the microbial kinetics in passively
aerated composting of dairy manure and straw. Each layer of the compost bed is
physically and chemically homogeneous, where microbial growth and substrate
consumption were quantified through modified first-order kinetic models with different
microbial kinetic parameters. The model also considered convective transport of air,
moisture, and heat through the layers.

2.1.5 System Dynamic Model
The system dynamic methods were applied to simulating composting processes as well.
Mohee et al. (1998) developed an aerobic composting model using a graphical software
package, Stella II(R) to predict the rate of decomposition of cellulosic materials, which
was validated by laboratory-scale experiments. Ndegwa et al. (2000) proposed a dynamic
simulation model for in-situ composting of caged layer manure in-house , which is based
on solids mass balances, water balances and energy balances and implemented in a
STELLA((R)) modeling environment. The model’s prediction results for temperature
profiles, bulk wet weights, dry weights, and moisture contents were validated based on
pilot experiments. Heinemann et al. (2004) developed a model using the Stella simulation
modeling package to predict mushroom substrate temperature various aeration conditions
during the phase I preparation process. The model is based on energy balance and can be
used to evaluate the effects of various aeration schemes on the substrate temperature. The
good agreement between predicted and observed substrate temperature values showed the
good performance of the developed model.
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2.1.6 Impacts of Composting Process
As global warming has recevied great attention in the last few years, the environmental
impacts of composting process have also been investigated through the life cycle
assessment methods. Diaz and Warith (2006) developed the waste analysis software tool
for environmental decisions (WASTED) model to evaluate environmental impacts of
municipal solid waste management systems. The environmental impacts of not only
composting but also other waste management processes (e.g. waste collection, material
recovery, energy recovery from waste and landfilling) can be evaluated. Cabaraban et al.
(2008) used a life cycle inventory (LCI) tool to evaluate environmental impacts of
aerobic in-vessel composting and bioreactor landfilling. The assessment results indicated
that both air emissions contributed to global warming potential and wastewater discharge
contributing to aquatic toxicity during in-vessel composting is less than bioreactor
landfilling. However, emissions to air and water that contribute to human toxicity during
composting are greater than landfill. Boldrin et al. (2011) introduced a waste-LCA model
EASEWASTE, which can help quantify potential environmental effects from biological
treatment of organic waste, based on mass and energy flows, emissions to air, water, soil
and groundwater as well as effects from upstream and downstream processes. The users
can adjust key parameters for default technologies (e.g. composting, anaerobic digestion
and combinations) in the biological treatment module so that specific local plants and
processes can be modeled in terms of their mass flows, energy consumption, gaseous
emissions, biogas recovery and compost utilization.
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2.1.7 Inexact Simulation Models
Due to the quality and the avaialibity of experimental data, some parameters during the
composting process can be naturaly depicited as fuzzy membership functions or random
variables. Meanwhile, the composting process itself can also be treated as a random
process. Thus, sevearl inexact simulation methods have been developed and applied to
composting modeling. Seki (2000) developed a stochastic model based on Marcovian
process for batch-type composting. In the model, the state variables vary stochastically
with each unit increment of concentration; a balance equation for the probability
distribution of the state variables was derived and converted into the Fokker-Planck
equation; probability densities and standard deviations of the state variables were
calculated according to numerical solutions of the Fokker-Planck equation. Qin et al.
(2007c) developed a fuzzy composting process model (FCPM) for simulating composting
process under uncertainty, which integrated a fractional fuzzy vertex method and a
comprehensive composting model. In the FCPM, six inexact input parameters were
reflected as fuzzy membership functions. The results indicated that the uncertainties
projected in input parameters would result in significant deviations from predictions.

Xi et al. (2008) developed a coupled fuzzy vertex and factorial-analysis approach based
on a comprehensive composting simulation model to systematically characterize the
effects of uncertainties on the composting process of municipal solid waste. The model’s
results indicated that the fuzzy vertex method could effectively communicate implicit
knowledge into dynamic simulations to provide valuable information for enhancing
composting process control under uncertainty while the factorial analysis was effective in
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quantifying the single or interactive effect of the uncertainty degrees in each parameter
on the overall uncertainty of the system outcomes. Giusti and Marsili-Libelli (2010)
developed a linear fuzzy model to describe the temperature profile during a batch-type
composting.
.
2.1.8 Statistical Models for Composting
Statistical models for composting are another main type of modeling methods for
composting processes. Yun et al. (2005) developed a empirical model for indirect
estimation of performance of food waste composting in a slurry bioreactor based on the
correlation between decomposition of carbon and oxygen consumption. The oxygen
consumption can be easily calculated based on monitoring the time variation of dissolved
oxygen. Davis et al. (2005) developed a statistical model to predict the expected trends in
the temperature profiles during open-windrow composting of degradable polyethylene
sack. The investigated factors during the composting include the polyethylene's weight
loss, the polymer residue amount, and the chemical contaminant amount in the compost.
Mohee and Mudhoo (2005) conducted correlation analyses among free airspace, wet bulk
density, dry bulk density and wet moisture content during composting of mixtures of
woodchips, chicken manure and mixed green vegetables in a rotary drum reactor. Chang
et al. (2005) employed a modified Gompertz equation to predict CO2 evolution during
composting of dog food in a laboratory-scale reactor and developed a multivariate
regression model to quantify the effects of operating parameters (aeration rate and
agitation parameter) on CO2 evolution potential.
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Kim et al. (2006) developed a statistical model to predict ammonia emission based on
compost maturity degrees (total Kjeldahl nitrogen and organic matter) during composting
livestock manure. Chang et al. (2006) employed the response surface model to examine
the effects of operating parameters (aeration, seeding, and agitation) on the carbon
conversion during composting of vegetable waste in a laboratory-scale reactor.
Meanwhile, the carbon dioxide evolution and the bacteria growth were quantified through
a modified Gompertz equation. Chikae et al. (2006) developed multiple regression
models to predict the germination index value, as a marker of compost maturity. The
models were calibrated and validated using 159 data samples from composting of food
wastes and tree cuttings in a static aerated reactor and a turning composting pile. Based
on the models, the compost maturity can be predicted only through sensing the water
extract from the compost. Komilis and Ham (2006) developed polynomial equations to
predict CO2 and NH3 concentrations during composting of mixtures of biodegradable
municipal solid waste (i.e. mixed paper waste, yard waste and food waste). The results
indicated that the different ratios of the three types of waste would not affect the yield of
CO2, while the ratio between food waste and mixed paper would significantly affect the
yield of NH3.

Chang and Hsu (2008) applied multi-regression analysis to predicting important
parameters (composting time, highest temperature, final and lowest pH values,
cumulative CO2 evolution, and percentages of material losses) that characterized the
composting process of kitchen waste. Albrecht et al. (2008) developed several partial
least square regression models to quantify the relationships between spectroscopic
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properties (200 wavelengths), the C, N, C:N values and composting time during
composting of sewage sludge and green waste. The model was calibrated and validated
through near infrared reflectance spectroscopy and chemical analysis with 426 samples at
six stages of composting (on days 8, 20, 35, 75, 135 and 180). Yu et al. (2008) proposed a
modified Gompertz function to analyze temperature time series and verified the function
with different sets of temperature data from passively aerated composting. The function
includes the nonlinear and time-correlated characteristics of temperature during
composting processes. Tang et al. (2008) combined a artificial neural network model with
an electrochemical biosensor to determine catechol concentration during composting of
municipal solid waste. The performance of the ANN model was compared with the linear
regression model in terms of simulation accuracy and adaptability to uncertainty. Bueno
et al. (2008a) developed a second-order polynomial model consisting of four independent
state variables (moisture, aeration, particle size and time) to accurately describe their
effects on the properties of products obtained (organic matter, Kjeldahl-N, C/N ratio and
nitrogen losses) during composting of legume trimming residues. Meissl et al. (2008)
combined partial least squares regression (PLSR) models with infrared spectra
measurement techniques to determine humic acids contents in composts.

Lillhonga et al. (2009) used three methods (Scheffe models, principal component analysis,
partial Least squares regression) to analyze the composting process of mixtures of food
waste and yard waste in a laboratory-scale reactor. Vernoux et al. (2009) used principal
component analysis to evaluate the age of compost with the NIR spectra data during
composting of sewage sludge in an industrial composting plant. Carolla et al. (2009)
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developed a response surface model to analyze the effects of waste portions, sawdust
amount, added humidity, and the aeration period on the nitrogen concentration during
composting of dining room waste. Bustamante et al. (2009) employed multivariate
techniques (factorial analysis and linear discriminant analysis) to classify the
physicochemical, chemical and biological parameters for composting of winery and
distillery waste. Bueno et al. (2009a) developed polynomial models to analyze the
relationships between physico-chemical parameters and environmental composting
parameters (time, aeration, moisture and particle size) during trimmings residue
composting.

Wang et al. (2010) developed a regression model with spectral data and a partial least
square regression model with reference data to predict the contents of total nitrogen (TN),
total phosphorus (TP) and total potassium (TK) during composting of chicken manure
with chrysanthemum residue in a plant field. Different data preprocessing methods were
tested and compared, such as smoothing, 1st and 2nd derivative, standard normal variety
and multiplicative scatter correction. Paradelo et al. (2010) developed linear, interaction,
and quadratic models to evaluate the effects of temperature, concentration of vinification
lees, and concentration of CaCO3 on the final properties of the composted Hydrolyzed
grape marc. Kriipsalu and Nammari (2010) created a 3D ordinary kriging spatial model
to describe the dynamic variations of temperature, air distribution, and hydrocarbon
concentration during composting of petroleum hydrocarbons in a large-scale reactor.
Huerta-Pujol et al. (2010) conducted statistical analysis to analyze the relationships
between total organic matter (TOM), moisture content (MC), and bulk density (BD)
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during composting of municipal solid waste. Based on 114 data samples, the results
indicated that TOM has a significant negative relationship with BD.

Hanajima et al. (2010) developed a multiple regression model to determine the odor
index based on concentrations of ammonia, methyl mercaptan and dimethyl sulfide
during composting of swine feces. The model was validated through 64 gas samples
collected at different stages of composting through a gas chromatograph and human panel
test. Kumar et al. (2010) employed the response surface model to determine the optimal
operating conditions over a range of pre-selected moisture contents (45-75%) and C/N
ratios (13.9-19.6) during co-composting of food waste and green waste at low initial C/N
ratios in a in-vessel lab-scale reactor. Tandy et al. (2010) combined partial least-squares
regression models with the Fourier transform mid-infrared spectroscopy technology to
determine concentrations of total C, total N, lignin, and cellulose with the best calibration
performance. Chang and Chen (2010b) employed linear and quadratic models to analyze
the effects of rice husk, sawdust and rice bran on the composting of food waste in a
laboratory reactor. The affecting factors include composting and acidification time, the
lowest and final pH values, the highest temperature, the ratio of water-soluble organic
carbon to water-soluble organic nitrogen, the ratio of water-soluble organic carbon to
total organic nitrogen, the water absorption capacity and free air space. Huang et al.
(2011) developed multiple linear regression equations to determine the nutrients (TN; TP;
TK; Cu and Zn) using physicochemical properties (pH, EC and DM) during composting
of chicken manure.
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2.1.9 Artificial-Intelligence-based Models for Composting
Liang et al. (2003a) developed an artificial neural network (ANN) model to predict
microbial activity based on the relationships among temperature, moisture content, and
microbial activity during biosolids composting. The microbial activity was indicated by
O2 uptake rate and cumulative O2 uptake over time. The model was validated by 2-factor
factorial design with six temperatures and five moisture contents. Different ANN
architectures (standard back-propagation, Jordan, and Ward) and model parameter
settings (data partitioning strategy, number of hidden nodes, learning rate, and
momentum) were testified to obtain the best prediction performance. Tang et al. (2006)
combined an artificial neural network model with an enzyme sensor for simultaneous
determination of lignin peroxidase (LiP) and manganese peroxidase (MnP) activities
secreted by Phanerochaete chrysosporium during composting of municipal solid waste.
The effects of the transfer functions, the number of hidden neurons and the optimization
algorithm on the model’s performance were investigated. Bolf et al. (2007) employed
neural network-based models to estimate conversion rate for composting of tobacco solid
waste in an aerobic and adiabatic batch reactor. The model utilized the nonlinear finite
impulse response and nonlinear autoregressive model with exogenous inputs
identification methods. Zhang et al. (2009) developed an artificial neural network model
combined with a biosensor to realize nonlinear determination of hydroquinone in a
composting system. The model’s performance was compared with a nonlinear regression
model with respect to the simulation accuracy and adaptability to uncertainties. Bueno et
al. (2009b) developed a neural fuzzy system to investigate the effects of environmental
variables (time, aeration, moisture, and particle size) on composting parameters (pH,
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organic matter, nitrogen, ammonium nitrogen [NH4+-N] and nitrate nitrogen [NO3--N]).
This model can be used to determine the best composting conditions to ensure the
maximum quality on the composts obtained with the minimum ammonium losses.
Sidelko et al. (2010) developed an artificial neural network model to predict the compost
ripeness indices during two-phase sludge composting in different conditions.

2.2 Optimization of Waste Management Systems
Optimization methods are useful in decision support for various waste management
problems. During the past several decades, various deterministic programming methods
have been applied to waste management, which mainly include linear programming (LP),
nonlinear programming (NLP), dynamic programming (DP), integer programming (IP),
multi-objective programming (MOP), and combinations of these methods as well as
decision support systems (DSS). These deterministic methods have many different
advantages and disadvantages over each other to address a particular aspect of the waste
management problems (Table 2.1).

Meanwhile, the inexact programming methods applied to waste management mainly
include stochastic mathematical programming (SMP), fuzzy mathematical programming
(FMP), interval-parameter mathematical programming, and combinations of these
methods. These inexact methods can deal with uncertainties expressed in a single form of
interval, probability density function, and fuzzy sets as well as more complex forms of
uncertainties (e.g. multiple uncertainties, hybrid uncertainties).
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Based on probability theory, stochastic mathematical programming (SMP) focuses on
mathematical programming problems where coefficients in constraints or the objective
function are not deterministic but can be quantified as chances or probabilities. Two main
types of SMP are two-stage stochastic programming and chance-constrained
programming. The SMP does not simplify the complexity of the programming problem
but allow the effects of uncertainties as well as the relationships between uncertain inputs
and resulting solutions to be completed reflected. Generally, the SMP models need to be
transformed to equivalent deterministic models to obtain the solutions.

Based on fuzzy set theory, a fuzzy mathematical programming (FMP) model is a
mathematical programming model where the flexibility of the target values of the
objective, the elasticity of the constraints, the parameters in either the objective or the
constraints are quantified as fuzzy numbers. The FMP methods have been classified into
different categories according to different criteria. Among them, three main types of FMP
are fuzzy flexible programming (FFP), fuzzy robust programming (FRP) and fuzzy
possiblilistic programming (FPP). Other typical fuzzy mathematical programming based
on application of fuzzy set theory to deterministic programming would include fuzzy
integer programming, fuzzy dynamic programming, fuzzy multi-objective programming,
and fuzzy nonlinear programming.

Based on interval-number theory, the interval-parameter mathematical programming
(IMP) model can handle the optimization model where all or part of the parameters are
expressed as interval numbers (i.e. a number with an unknown distribution between fixed
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Table 2.1 Abbreviations for mathematical programming and related methods
Abbreviation Full Name
CCP

Chance-constrained Programming

DP

Dynamic Programming

FLP

Fuzzy Flexible Programming

FQP

Fuzzy Quadratic Programming

FRP

Fuzzy Robust Programming

FCCP

Fuzzy Chance-Constrained Programming

GT

Game theory

ILP

Interval-Parameter Programming

IQP

Interval-Parameter Quadratic Programming

ICP

Individual Chance-constrained Programming

MCS

Monte Carlo simulation

MIP

Mixed Integer Programming

MR

Mini-max Regret

RBILP

Random-Boundary-Interval Linear Programming

SMP

Stochastic Mathematical Programming

SI-FMP

Superiority-Inferiority-based Fuzzy Mathematical Programming

SIP

Semi-infinite Programming

SRP

Stochastic Robust Programming

TSP

Two-stage Stochastic Programming

ThSM

Three step methods

VA

Violation Analysis
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lower and upper bounds). The two-step algorithm and the best worst case analysis
represent two mainstream algorithms that are computationally efficient in obtaining
interval solutions for an IMP model. It is much convenient to combine the IMP with other
inexact programming methods to develop hybrid one to tackle the inexact optimization
problems under multiple uncertainties.

2.2.1 Two-stage Stochastic Programming
When the effects of random events on the decision-making process are a concern, the
decision variables, costs and processes can be divided into two sets. The first-stage sets
are those to be decided before the random event occurs, which represent the target plan
under various policy scenarios. In comparison, the second-stage ones are corresponding
to all possibilities of the random event, which can be treated as corrective actions
(recourses) against any infeasibility after actual random events have happened. The
objective function is usually to minimize the sum of both the first-stage costs for the
initial decisions and the expected value of the second-stage costs for the future recourse
actions. To simplify the calculation, the random variables approximate to a set of discrete
values so that the TSP problem can be transformed to a linear programming model. The
main disadvantages of TSP include the following aspects. The TSP cannot be applied
when the quality of uncertain information is not satisfactory enough to be presented as
probabilistic distribution. For large-scale TSP problems in many real-world cases, the
interactions among multiple random parameters and decision variables might lead to
serious complexities. Compared with CCP, the TSP can hardly account for the violating
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Table 2.2 Applications of two-stage stochastic programming to waste management
TSP IMP MIP CCP FMP

Reference

TSP ILP

(Maqsood and Huang, 2003)

TSP ILP

MIP

(Li et al., 2008e; Li and Huang, 2006; Li et al., 2006b;
Maqsood et al., 2004)

TSP ILP

MIP

FLP

TSP ILP

MIP ICP

TSP ILP

MIP ICP

TSP ILP
TSP ILP

(Li et al., 2006a; Su et al., 2009)
FLP

(Li et al., 2008c; Li et al., 2009a)

FLP

(Li et al., 2008d)

ICP

TSP ILP

(Li et al., 2006c)

(Li et al., 2007)
FQP

TSP IQP

(Li and Huang, 2007b)
(Li et al., 2008a)

TSP IQP

ICP

(Sun et al., 2010a)

TSP ILP

MIP

FRP

(Li et al., 2008b)

TSP ILP

MIP

FCCP (Guo and Huang, 2009)
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risk of uncertain system constraints. Compared with FMP, the TSP has difficulties in
tackling uncertainties in fuzzy membership functions.

The TSP has been applied to various environmental management problems. Especially in
the area of waste management (Table 2.2), Maqsood and Huang (2003) for the first time
developed a two-stage interval-stochastic programming (TISP) model and applied it to
solid-waste management under uncertainty (waste-generation rates are random variables).
Following this study, Maqsood et al. (2004) proposed an inexact two-stage mixed integer
linear programming (ITMILP) model through integrating

mixed integer, two-stage

stochastic and interval-parameter programming approaches within a general optimization
framework and applied ITMILP to the planning of regional solid waste management
systems under uncertainty. Li et al. (2006b) presented an interval fuzzy two-stage
stochastic

mixed-integer

linear

programming

(IFTSIP)

method

for

planning

waste-management systems under uncertainty through incorporating two-stage stochastic,
fuzzy flexible, mixed integer, and interval-parameter programming approaches within a
general optimization framework. Li et al. (2006b) presented an interval-parameter
two-stage stochastic mixed integer programming (ITMILP) technique for waste
management under uncertainty, which is a hybrid of interval-parameter programming,
two-stage stochastic programming and mixed integer linear programming methods. Li
and Huang (2006) applied the ITMILP to supporting long-term waste management
activities in Regina, which can help tackle the dynamic, interactive and uncertain
characteristics of waste management, support adjustment or justification of the existing
patterns for waste flow allocation, address long-term planning for cost-effective waste
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diversion and landfill prolongation, and analyse different policies regarding waste
generation and management under different scenarios. Li et al. (2006a) proposed an
internal-parameter two-stage chance-constrained mixed integer linear programming
(ITCILP) method for municipal solid waste management problems, which can directly
handle uncertainties in internals and probability density distributions, assess the
satisfying reliability (or the violating risk) of various constraints, and analyze various
policy scenarios associated with different levels of economic penalties when violating the
promised policy targets.

Recently, Li et al. (2007) constructed an inexact two-stage chance-constrained linear
programming (ITCLP) method for planning waste management systems, which is derived
by incorporating the techniques of two-stage stochastic programming, chance-constrained
programming, and interval-parameter programming. Li and Huang (2007a) developed a
fuzzy two-stage quadratic programming (FTSQP) method for waste-management, which
incorporates both fuzzy quadratic programming and two-stage stochastic programming
within a general optimization framework to quantify uncertainties expressed as
probability-density and fuzzy-membership functions. Li et al. (2008c) developed an
interval fuzzy two-stage chance-constrained linear programming (IFTCP) method for
long-term petroleum waste management planning, where uncertainties presented as
intervals, fuzzy sets, and probability distributions can be effectively incorporated and the
tradeoff between system cost and system-failure risk can be analyzed thoroughly. Li et al.
(2008e) applied an integrated two-stage optimization model (ITOM) to municipal solid
waste management in Regina, which can support adjustment of the existing
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waste-management practices and identification of desired policies regarding waste
generation and management. Li et al. (2008d) proposed an interval-fuzzy two-stage
stochastic linear programming (IFTP) method for waste allocation, which integrates
two-stage stochastic programming, interval-parameter programming, and fuzzy linear
programming within a framework. Li et al (2008b) constructed a two-stage fuzzy robust
integer programming (TFRIP) method, through integration of two-stage stochastic
programming, robust programming, and a mixed integer linear programming, which
facilitates dynamic analysis of capacity-expansion planning for waste management
facilities within a multi-stage context and specifies the possibilistic information through
dimensional enlargement of the original fuzzy constraints.

More recently, Guo and Huang (2009) constructed an inexact fuzzy chance-constrained
two-stage mixed-integer linear programming (IFCTIP) for supporting long-term planning
of waste-management systems in Regina under uncertainties expressed as multiple
uncertainties of intervals and dual probability distributions, which faciliates dynamic
analysis for facility-expansion planning and waste-flow allocation within a multi-facility,
multi-period, multi-level, and multi-option context. Li et al. (2009a) developed an
interval-fuzzy two-stage chance-constrained integer programming (IFTCIP) method,
based on integration of two-stage stochastic programming, fuzzy linear programming,
chance-constrained programming, interval-parameter programming, and mixed integer
linear programming. The IFTCIP has advantages in reflecting uncertainties expressed as
probability distributions, fuzzy sets, and discrete intervals, investigating policy scenarios
associated with different levels of economic penalties once promised policy targets are
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violated, assessing risks of violating system constraints under various significance levels,
and capacity-expansion analysis. Su et al. (2009) developed interval-parameter two-stage
chance-constraint mixed integer linear programming (ITCMILP) for supporting
long-term planning of solid waste management in Foshan, China, based on integration of
interval-parameter, two-stage, mixed integer, and chance-constraint programming
methods into a general framework. In the ITCMILP model, three scenarios are examined
to cover combinations of various system conditions and waste management policies. Sun
et al. (2010a) proposed an inexact chance-constrained quadratic solid waste management
(ICQSWM) model, which integrates two-stage stochastic, chance-constrained, and
interval-parameter quadratic programming together.

2.2.2 Chance-Constrained Programming
When the uncertainties in the constraints' right-hand-side parameters are quantified as
probability distributions, the constraints are not required to be totally satisfied. In this
case, the chance-constrained programming (CCP) method can be used to handle the
reliability of satisfying system constraints or violating system risks. The main
disadvantages of CCP include the following aspects. Compared with FMP and IMP, it is
usually difficult for CCP to tackle independent uncertainties of parameters in the
constraints' left-hand-side and the objective function; compared with the TSP, the CCP is
not designed for analyzing various policy scenarios associated with different economic
penalties when the expected targets are violated; in addition due to the data availability,
when available information is not of high quality enough for establishing PDF for the
right-hand-side parameters, the CCP may not be applicable.
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Actually, the foregoing CCP is usually referred to as the individual probabilistic
constrained programming (ICP). As one main type of CCP, the ICP only requires each
constraint to be satisfied at a probability level. In other words, the relationships between
the individual probabilities for the constraints are not reflected in an ICP model, which
may result in inefficient performance in maintaining prescribed overall system reliability.
In practice, the decision-makers sometimes may require the reliability levels to be
imposed on the entire management system rather than on each constraint separately. Thus,
as the other main type of CCP, Joint-probabilistic constrained programming (JCP) is
capable of dealing with the limitations. In a typical JCP model, all of uncertain
constraints required being satisfied at a joint probability level, which increases robustness
in controlling overall system risk during the optimization process.

The CCP method has wide applications to various environmental management problems
(Table 2.3). Some representative studies on applications of chance-constrained
programming to waste managemnt are as follows. Huang et al. (2001b) developed an
integrated fuzzy-stochastic linear programming model and applied it to municipal solid
waste management, which integrates chance-constrained programming, fuzzy Linear
programming, interval-parameter programming and mixed-integer linear programming
within a general framework. Cai et al. (2007) developed a mixed interval parameter
fuzzy-stochastic robust programming (MIFSRP) model and applied it to solid waste
management, based on chance constraint programming, interval-parameter programming,
and fuzzy robust programming. In the MIFSRP model, fuzziness and randomness for the
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Table 2.3 Applications of chance-constrained programming to waste management
CCP

IMP

SMP

ICP

ILP

ICP

ILP

ICP

ILP

ICP

ILP

TSP

ICP

ILP

SRP

ICP

ILP

JCP

DLP

LICP

RBILP

ICP

ILP

ICP

ILP

SIP

MIP

FMP

Reference

MIP

FLP

(Huang et al., 2001b)

FRP

(Cai et al., 2007)

SIP

MIP

(Guo et al., 2008a)

SIP

MIP

(Guo et al., 2008b)
(Xu et al., 2009)

SIP

(Guo et al., 2009)
MIP

(Liu et al., 2009a)
(Cheng et al., 2009)
SI-FMP

MIP

(Tan et al., 2010a)
(Su et al., 2010b; Xi et al., 2010b)
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lower and upper bounds of interval parameters can be effectively reflected. Guo et al.
(2008b) developed an interval-parameter two-stage stochastic semi-infinite programming
(ITSSIP) method, which integrates chance-constrained programming, two-stage
stochastic programming, interval programming, and semi-infinite programmingwithin a
general optimization framework. The ITSSIP model can help generate optimal solutions
under different waste-generation rates and mutiple constraint-violation probabilities and
tackle variations of the functional interval parameters with time. Guo et al. (2008a)
conducted an inexact stochastic mixed integer linear semi-infinite programming
(ISMISIP) model for municipal solid waste management, which incorporats
chance-constrained programming, integer programming, and interval parameter
programming, and

semi-infinite programming within a general waste management

problem. The ISMISIP model can simultaneously quantify coefficients expressed as
probability distribution functions, intervals and functional intervals without generating
more complicated intermediate models during the solving process.

More recently, Xu et al. (2009) proposed hybrid stochastic robust chance-constraint
programming (SRCCP) for supporting municipal solid waste management, which couples
stochastic robust programming with chance-constraint programming (CCP). In the
SRCCP, the trade-offs among expected value of the objective function, variation in the
value of the objective function and risk of violating constraints can be examined. Guo et
al., (2009) developed an interval-parameter fuzzy-stochastic semi-infinite mixed-integer
linear programming (IFSSIP) method for waste management, which integrates fuzzy
programming,

chance-constrained

programming,
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integer

programming,

interval-

parameter, and semi-infinite programming within a optimization framework. In the
IFSSIP method, both dynamic features of interval-function conditions over the planning
horizon, and stable ranges of solutons under fuzzy satisfaction degrees and different
constraint-violating probabilities can be handled. Guo et al. (2008a) advanced an inexact
stochastic mixed integer linear semi-infinite programming (ISMISIP) model for solid
waste management, which incorporates stochastic programming, integer programming,
and interval-parameter programming and semi-infinite programming within a general
framework. The ISMISIP model can simultaneously tackle a waste managment problem
with coefficients expressed as probability distribution functions (capacities of the landfill,
WTE and composting facilities), intervals and functional intervals , without requiring
more complicated intermediate models.

Liu et al. (2009a) proposed a dual interval probabilistic integer programming (DIPIP)
model for long-term waste management under uncertainty, which integrates joint
probabilistic programming, dual interval programming, and mixed-integer linear
programming. The DIPIP allows generating reasonable facility expansion schemes under
uncertainties expressed as probability distributions as well as single and dual intervals.
Cheng et al. (2009) proposed a random-boundary-interval linear programming (RBILP)
method and applied it to municipal solid waste management under dual uncertainties,
where random boundary intervals (intervals with random lower and upper bounds) in
both left-hand-side and right-hand-side constraints can be handled.
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In 2010, Tan et al. (2010a) developed a superiority-inferiority-based inexact fuzzystochastic chance-constrained programming (SI-IFSCCP) approach for supporting longterm waste management, where multiple uncertainties expressed as intervals, possibilistic
and probabilistic distributions, two-layer randomness (two levels of system-violation
risk), and various subjective judgments of mutiple stakeholders with different interests
and preferences, can be directly quantified. Xi et al. (2010) proposed an inexact
chance-constrained mixed-integer linear programming (ICMILP) model for long-term
solid waste management in Beijing, China, based on intergration of interval-parameter,
mixed-integer, and chance-constrained programming methods. Three waste management
scenarios under lowest, medium, and highest diversion rates in Beijing were designed and
evaluated through a fuzzy MCDA model. Su et al. (2010) developed an inexact
chance-constraint mixed integer linear programming (ICMILP) model for supporting
waste management in Foshan, China. The ICMILP model can tackle uncertainties
presented as intervals and probabilities, facilitate long-term capacity planning for
waste-management facilities, and formulates policies regarding waste generation,
collection, transportation and treatment.

2.2.3 Fuzzy Flexible Programming
When the flexibility in the constraints and fuzziness exist in the objective function, fuzzy
constraints and fuzzy goals are introduced as fuzzy sets to conventional programming
models. Thus, the elasticity of the constraints and the flexibility of the target values in the
objective function can be quantified. Usually, the constraints’ right-hand sides (available
resource) and the target objective function values are presented as vague information.
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Table 2.4 Applications of fuzzy flexible programming to waste management
FMP IMP MIP Other Methods Reference
FLP

ILP

(Huang et al., 1993; Srivastava and Nema, 2011)

FLP

IQP

(Huang et al., 1994b)

FLP

ILP

FLP

ILP

FRP

ILP

VA

FLP

ILP

MIP SIP

FLP

ILP

SIP

FLP

ILP

MIP BIP

MIP MOP

(Chang et al., 1997b)
(Huang et al., 2001b)
(Huang et al., 2002; Li et al., 2009d)
(He et al., 2008b)
(Huang et al., 2008)
(He et al., 2009)
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Through introduction of a fuzzy decision variable, not only the highest membership
degree in the objective function but also a satisfactory degree for each constrained
resource can be quantified as fuzzy membership functions and solved simultaneously.
This type of FMP is the so-called fuzzy flexible programming (FFP). The main
disadvantages of FFP include the following aspects. The membership functions of fuzzy
objective and constraints need to be determined subjectively by the decision makers.
Compared with FRP, the FFP cannot handle the fuzziness of parameters in constraints’
left-hand-sides (Table 2.4). Huang et al. (1993) developed an interval fuzzy linear
programming for waste management under uncertainty, which combines intervalparameter programming with fuzzy flexible linear programming to tackle uncertainties in
both the model coefficients and stipulations. Huang et al. (1994b) proposed an interval
fuzzy quadratic programming (IFQP) approach for optimization analysis of waste
management

problems

under

uncertainty,

which

integrates

interval-parameter

programming, fuzzy linear programming and fuzzy quadratic programming within a
general optimization framework. The IFQP uses multiple control variables for the related
fuzzy constraints instead of single one for all constraints to incorporate the independent
properties of the stipulation uncertainties. Chang et al. (1997b) developed a fuzzy interval
multi-objective mixed integer programming (FIMOMIP) model to evaluate sustainable
management strategies for solid waste management in a metropolitan region. The
application of FIMOMIP demonstrates that not only management cost/benefit but also
environmental impacts (air pollution, traffic flow limitation, and leachate and noise
impacts) can be minimized under uncertainties quantified by either membership functions
or interval numbers. Huang et al. (2001b) proposed a fuzzy-stochastic linear
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programming model and applied it to municipal solid waste management, which
incorporates fuzzy flexible programming, interval-parameter programming, chanceconstrained programming, mixed-integer linear programming, which has advantages in
uncertainty reflection, data availability, and computational requirement. Huang et al.
(2002) proposed a violation analysis-based interval-parameter fuzzy integer programming
(IPFIP) model for regional waste management, where the model's decision space can be
expanded through introduction of violation variables to relax critical constraints. The
solution of IPFIP provides considerable information related to facility expansion and
waste flow allocation under given levels of tolerable violation for system constraints,
which allows for in-depth analyses of tradeoffs between environmental and economic
objectives as well as those between system optimality and reliability.

More recently, He et al. (2008b) proposed a fuzzy inexact mixed-integer semi-infinite
programming (FIMISIP) method for waste management planning, which allows
uncertainties expressed as fuzzy, interval, and functional interval numbers to be directly
communicated into the problem. The FIMISIP model can address dynamic complexity
through introduction of functional-interval parameters and provide a set of flexible
waste-management schemes to the decision makers. Huang et al. (2008) developed a
fuzzy interval semi-infinite programming model for waste management, which can allow
for the existence of tolerance intervals for each of the constraints and address the possible
effects of energy prices on the identified waste management policies. He et al. (2009)
developed a flexible interval mixed-integer bi-infinite programming (FIMIBIP) method,
which can allow parameters in the objective and constraints to be functional intervals,
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support diverting solid waste flow as well as sizing, timing and siting the facilities'
expansion, reflect the level of constraints satisfaction, and quantify fluctuation of gas and
energy prices. Li et al. (2009c) developed a constraint-softened interval-fuzzy linear
programming (CS-IFLP) method for violation analysis of waste management systems,
which can deal with uncertainties presented in terms of fuzzy sets and intervals, allows
fuzzy relaxation levels for system constraints, and help to analyze tradeoffs among
economic objective, satisfaction degree, and constraint-violation risk. Srivastava and
Nema (2011) proposed a fuzzy flexible programming model for selection of the treatment
and disposal facilities, optimum capacity planning and waste allocation under uncertainty
and applied it to waste management in Delhi, India.

2.2.4 Fuzzy Robust Programming
When the fuzziness in parameters is quantified as fuzzy sets, the uncertain parameters are
represented as possibility distributions. The concept of a-level set is introduced to
transform the fuzzy membership functions to fuzzy intervals so that ambiguous
coefficients can be defuzzified. In other words, the decision space is delimited through
dimensional enlargement of the original fuzzy constraints so that the fuzzy problem is
converted to a corresponding deterministic one. This type of FMP is the so-called fuzzy
robust programming (FRP) method. In FRP, both left- and right-hand-side coefficients
represented by possibilistic distributions in the constraints can be effectively handled.
The main disadvantages of FRP include the following aspects. A large number of
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Table 2.5 Application of fuzzy robust programming to waste management
FMP

IMP

Other Methods

Reference

FRP

ILP

FRP

ILP

ICP

(Cai et al., 2007)

FRP

ILP

MIP

(Li et al., 2008b)

FRP

ILP

DP

(Nie et al., 2009b)

FRP

ILP

MOP

(Zhang et al., 2010b)

FRP

ILP

FCCP

(Zhang and Huang, 2010)

FRP

ILP

infinite alpha-cuts

(Wang et al., 2011)

(Nie et al., 2007; Li et al., 2010)
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additional constraints and variables would be generated through the a-cut solution
algorithm, which usually brings about complicated and time-consuming computation
processes. Compared with FFP, the FRP can hardly tackle the elasticity of the constraints
and the flexibility of the target values in the objective function. Table 2.5 lists the
applications of FRP to waste management. Nie et al. (2007) for the first time introduced
fuzzy robust programming to the filed of waste management. He proposed an
interval-parameter fuzzy-robust programming (IFRP) model and applied it to the
planning of solid waste management systems under uncertainty, where the concept of
fuzzy boundary interval was introduced to handle fuzzy information for the lower and
upper bounds of interval parameters. Following this study, Li et al. (2008b) developed a
two-stage fuzzy robust integer programming (TFRIP) method to plan waste management
systems under uncertainty, which integrates fuzzy robust programming, two-stage
stochastic programming, and mixed integer linear programming. The TFRIP method can
delimit fuzzy decision space through dimensional enlargement of the original fuzzy
constraints, which provide desired plans for both waste-flow-allocation and
capacity-expansion with minimized system costs and maximized system feasibility. Nie
et al. (2009b) conducted an interval fuzzy robust dynamic programming (IFRDP) model
for planning of waste-flow allocation and facility expansion, which combines fuzzy
robust programming, interval-parameter programming, and dynamic programming within
a framework. The IFRDP model allows fuzzy boundary interval to be effectively
communicated into the dynamic programming and interval-parameter fuzzy robust
programming to be embedded, which enhances robustness of the optimization process
and the final solutions.
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More recently, Li et al. (2010) introduced an Interval-Fuzzy Possibilistic Programming
(IFPP) to solving solid waste management problems under uncertainties expressed as
interval values and fuzzy sets, which can help analyze tradeoffs among system cost,
possibility degree, and constraint-violation risk. Zhang et al. (2010b) proposed a fuzzyrobust stochastic multi-objective programming

(FRSMOP) model for petroleum waste

management, which integrates fuzzy-robust linear programming, stochastic linear
programming, and multi-objective programming to generate a certain number of
non-inferior solutions to reflect the decision-makers' preferences and subjectivity. The
FRSMOP model can minimize system cost and waste flows directly to landfill
simultaneously. Zhang and Huang (2010) developed a fuzzy robust credibilityconstrained programming (FRCCP) and applied it to planning for waste management
systems, which couples fuzzy robust programming with credibility-based chanceconstrained programming. To solve the FRCCP model, fuzzy credibility constraints are
transformed to the crisp equivalents at credibility levels while the ordinary fuzzy
constraints are replaced by the deterministic constraints at alpha-cut levels. Wang et al.
(2011) developed an interval-valued fuzzy linear programming with infinite alpha-cuts
(IVFLP-I) method and applied it to municipal solid waste management under uncertainty
expressed as intervals and interval-valued fuzzy sets. The IVFLP-I model can deal with
all fuzzy information through delimiting infinite alpha-cut levels to the interval-valued
fuzzy membership function so as to help analyze tradeoffs between system costs and
constraint-violation risks thoroughly.
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2.2.5 Interval-Parameter Programming
When the quality of available data is insufficient for creating a probability density
distribution or fuzzy membership function, the upper and lower bounds (intervals) of
uncertain parameters can usually be easily obtained. Thus, based on interval-number
theory, an interval-parameter mathematical programming (IMP) model can be developed
where all or part of the parameters are expressed as interval numbers (i.e. a number with
an unknown distribution between fixed lower and upper bounds). The two-step algorithm
and the best worst case analysis represent two mainstream algorithms that are
computationally efficient in obtaining interval solutions for an IMP model.

The advantages of the IMP would include the following aspects. The interval information
can be directly communicated into the optimization process and the resulting solution.
The solution algorithms do not generate more complicated intermediate models but
require relatively low computational effort. Compared with SMP and FMP, the
fluctuation interval information for parameters in the IMP is more convenient to obtain
than their distributional function or membership information, which is particularly
meaningful for real-world applications. Thus it is convenient to incorporate the concepts
of IMP and other inexact programming methods within a general framework to tackle
more complicated complex or hybrid uncertainties (Table 2.6).

However, the limitations of IMP include the following aspects. The IMP model may not
have feasible solutions when the right-hand side parameters in constraints are highly
uncertain. When the parameter quality is good enough to be expressed as distributional
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Table 2.6 Applications of interval-parameter programming to waste management
IMP Features

Reference

ILP

Two-step algorithm

(Huang et al., 1992)

ILP

FLP

(Huang et al., 1993)

ILP

DP

(Huang et al., 1994a)

ILP

Rough-interval

(Lu et al., 2008)

ILP

Dual-interval

(Liu et al., 2009b)

ILP

Radius interval

(Tan et al., 2010b)

ILP

Possibilistic interval numbers (Zhang et al., 2010c)

ILP

IFQP

(Sun et al., 2010b)

ILP

FLP, IFQP

(Sun et al., 2011a)

ILP

SRO

(Xu et al., 2010)

ILP

ThSM

(Cao and Huang, 2011; Huang and Cao, 2011)

ILP

MRA

(Cui et al., 2011)

ILP

Reverse logistics

(Zhang et al., 2011)
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function or fuzzy membership function, construction of an IMP model would lose the
detailed information. Compared with TSP, the IMP can hardly quantify economic
consequences of violating system constraints, which are essential for the related policy
analyses (2003). The early applications of IMP to waste management were initialized by
Dr. Huang. For the first time, Huang et al. (1992), introduced an interval linear
programming (ILP) model to the area of waste management. The ILP model is applied to
a hypothetical problem of waste flow allocation planning within a municipal solid waste
management system, which allows interval uncertainties in the model inputs to be
communicated into the optimization process and the output solutions reflecting the
inherent uncertainties can be obtained. Flowing this seed study, Huang et al. (1993)
proposed an interval-fuzzy linear programming for optimization analysis under
uncertainty, which couples interval linear programming with fuzzy flexible linear
programming within a framework. Huang et al. (1994a) developed an interval dynamic
programming (GDP) method for waste management, which couples interval linear
programming with dynamic programming.

Recently, Lu et al. (2008) proposed a greenhouse gas (GHG) mitigation-induced
rough-interval programming model for waste management under dual uncertainties,
which integrated the concepts of rough-interval and GHG mitigation within a general
interval-parameter programming framework. The model provided sustainable strategies
to optimize waste allocation, mitigate GHG emissions, and control environmental
pollution, which can analyze complicated interrelationships among solid waste
management, climate-change impact, and pollution control. Liu et al. (2009b) developed
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a dual-interval parameter linear programming (DILP) model and applied it to the
planning of municipal solid waste management, which introduced the concept of dual
interval (an interval-boundary interval) to the existing interval-parameter linear
programming framework. The DILP model can generate decision alternatives through
analysis of the single-and dual-interval solutions according to projected applicable
conditions. Tan et al. (2010b) developed a radial-interval linear programming (RILP)
approach for supporting waste management under uncertainty, which introduced the
concept of fluctuation radius (uncertain information at the bounds of interval parameters)
to the conventional interval-parameter linear programming

framework. The RILP

approach can provide a series of interval solutions under varied protection levels and help
analyze the interactions among protection level, violation risk, and system cost under
various projected system conditions as well as tolerance levels that decision-makers will
pay and risk. Zhang et al (2010c) proposed a hybrid interval-parameter possibilistic
programming (IPP) approach and applied it to municipal solid waste management under
dual uncertainties, which introduced the concept of possibilistic interval numbers (lower
and upper bounds of interval parameters have possibility distributions) to the objective
fucntion of interval-parameter programming.

More recently, Sun et al. (2010b) developed a fuzzy-queue-based interval linear
programming (FQ-ILP) model for long-term municipal solid waste management planning,
through introducing FQ model into an ILP framework. The FQ-ILP model can help
analyze policy scenarios associated with fuzzy arrival rate, fuzzy service rate, fuzzy
waiting times, and different waiting and operation costs. Xu et al. (2010) proposed a
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stochastic robust interval linear programming model (IPRO) for supporting municipal
solid waste management under uncertainty, which couples stochastic robust optimization
with interval linear programming to analyze trade-offs among expected costs, cost
variability, and risk of violating relax constraints. The IPRO model can help decision
makers to identify desired waste management policies under various environmental,
economic, system-feasibility and system-reliability constraints. Sun et al. (2011a)
developed an inexact fuzzy-queue programming (IFQP) model for solid waste
management under uncertainty, which integrates fuzzy queue model, interval-parameter
programming, and fuzzy flexbxible programming. The IFQP model can help analyze
tradeoffs among system cost, satisfaction degree, and environmental constraint
considering the influence of FQ on decision-making problems.

Especially, Cao and Huang in 2011 developed a three-step method (ThSM) to guarantee
that no infeasible solutions be included in the solutions of an interval-parameter
programming model where all coefficients are assumed to obey normal or uniform
distribution (Cao and Huang, 2011; Huang and Cao, 2011). The ThSM was applied to a
municipal solid waste management problem under twelve scenarios according to the
variations in concerns on objective function (aggressive, conservative, or neutral), the
attitude to the constraints (optimistic or pessimistic), and the preferred types of
constricting ratios (consistent or varied). The ThSM can generate a number of feasible
schemes under twelve scenarios, which allows decision makers to further adjust the
obtained solutions and indentify a desired one based on their experiences, economic
situations, social and cultural conditions. Cui et al. (2011) developed an interval-based
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regret-analysis (IBRA) model for supporting long-term planning of solid waste
management activities in Changchun, China, which incorporates interval parameter
programming, minimax-regret analysis, and mixed integer-programming. The IBRA
model can help analyze economic consequences under different system costs and
system-failure risk levels without assumpting probabilistic distributions for random
variables. Zhang et al. (2011) applied interval-parameter programming to sovling a
reverse logistics model for municipal solid waste management systems (IRWM), where
waste managers, suppliers, industries and distributors were involved in strategic planning
and operational execution. To sovle the IRWM, a piecewise interval programming was
introduced to dealing with the minimization functions in both objectives and constraints.

2.2.6 Inexact Mixed- Integer Programming
Inexact mixed-integer programming has been applied to the area of solid waste
management (Table 2.7). Some representative studies are taken examples as follows.
Huang et al. (1995b) proposed an interval integer programming (GIP) method for facility
expansion planning within a regional solid waste management system, which integrated
interval-parameter programming and mixed integer linear programming within an
optimization framework. The binary variable solutions indicated different development
alternatives within a multi-period, multi-facility and multi-scale context. Huang et al.
(1995a) developed an interval fuzzy integer programming method and applied it to
facility expansion/utilization planning within a regional solid waste management system.
The model integrated interval-parameter programming, fuzzy flexible programming and
mixed integer linear programming within an optimization framework. Huang et al. (1997)
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Table 2.7 Applications of interval mixed-integer programming to waste management
IMIP FLP Features

Reference

IMIP

(Huang et al., 1995b; Huang et al., 1997; Huang et al., 2005a)

IMIP FLP

(Huang et al., 1995a)

IMIP FLP TSP

(Huang et al., 2001a)

IMIP FLP VA

(Huang et al., 2002)

IMIP

MCDA

(Cheng et al., 2003)

IMIP

GT

(Davila and Chang, 2005; Davila et al., 2005)

IMIP

GHG

(Lu et al., 2009)

IMIP

MR

(Li and Huang, 2009a; Li and Huang, 2009b)

IMIP FLP SIP, FCCP (Guo and Huang, 2010)
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applied interval integer programming to the capacity planning of an integrated waste
management system in the Regional Municipality of Hamilton-Wentworth (RMHW),
Ontario, Canada. Huang et al. (2001a) developed an inexact fuzzy-stochastic mixed
integer linear programming (IFSMILP) model and applied it to an integrated solid waste
management system in the City of Regina. Huang et al. (2002) developed a
violation-analysis-based interval-parameter fuzzy integer programming (VA-IPFIP)
model and applied it to planning of regional solid waste management systems. In the
model, the given levels of tolerable violation for several critical constraints are explicitly
expressed. The model can help analyze tradeoffs between environmental and economic
objectives as well as those between system optimality and reliability within a facility
expansion and waste flow allocation problem.

Cheng et al. (2003) developed an integrated approach which combined multi-criteria
decision analysis (MCDA) with an interval mixed integer linear programming model to
support landfill site selection and waste flow allocation in Regina. The MCDA methods
to evaluate the landfill site alternatives include simple weighted addition, weighted
product, co-operative game theory, TOPSIS, and complementary ELECTRE. Davila and
Chang (2005) developed an interval mixed integer programming for optimal shipping
patterns and capacity planning of material recovery facilities in San Antonio, Texas. In
the model, waste generation, incidence of recyclables in the waste stream, routing
distances, recycling participation, and other planning components are quantified as
intervals. The constraints consist of mass balance, capacity limitation, recycling
limitation, scale economy, conditionality, and relevant screening restrictions. Davila et al.
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(2005) proposed an interval integer programming (IIP) model to generate a strategic plan
for optimal solid waste pattern with minimized net costs for cities in the Lower Rio
Grande Valley (LRGV) region in South Texas and developed an IIP-based two-tiered
games analysis for evaluating optimal pricing strategies for tipping fees available to the
most significant regional landfills. Huang et al. (2005a) developed inexact mixed integer
linear programming model for long-term planning of an integrated solid waste
management (ISWM) system in Regina. The model can provide solutions of siting,
timing, and sizing for new and expanded waste management facilities in relation to a
variety of waste-diversion targets.

Lu et al. (2009) developed an inexact dynamic optimization model (IDOM), which
combined the concept of greenhouse gas (GHG) emission mitigation with a
mixed-integer linear programming model. The model can generate waste-flow patterns
with a minimized system cost and GHG-emission amount, which successfully quantify
the impacts of the climate-change on waste management. Li and Huang, (2009a; 2009b)
developed an inexact minimax regret integer programming (IMMRIP) method for the
long-term planning of municipal solid waste management in Regina. The IMMRIP model
integrated minimax regret analysis, interval-parameter programming, and mixed-integer
linear programming within a framework, which can help analyze decisions of
system-capacity expansion and/or development within a multi-facility and multi-period
context. Guo and Huang (2010) developed an interval-parameter semi-infinite
fuzzy-chance-constrained mixed-integer linear programming (ISIFCIP) approach for
supporting long-term waste-management planning in Regina. The model integrated
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mixed-integer linear programming, interval-parameter programming, semi-infinite
programming and fuzzy-chance-constrained programming within a general framework,
which can tackle multiple uncertainties expressed as intervals, functional intervals (dual
uncertainties), probability distributions, fuzzy sets, and their combinations (fuzzy-interval
admissible probability).

2.2.7 Inexact Multiple-Objective Programming
Inexact Multiple-objective Programming (MOP) consists of three main types: fuzzy MOP,
stochastic MOP and interval MOP (Table 2.8). Since the solution algorithm of FFP can
transform multiple objective functions to equivalent constraints, it makes FFP much
convenient to deal with the multiple objectives. Chang and Lu ((1996) and (1997))
developed a fuzzy multi-objective mixed integer programming model and applied it for
long-term solid waste management planning in Kaohsiung, Taiwan. The model
considered socioeconomic and environmental impacts simultaneously and allowed fuzzy
environmental resources to be incorporated into the optimization processes. Chang and
Wang (1997) developed fuzzy goal programming approach for the optimal planning of
solid waste management systems in a metropolitan region. In the model, four objectives
including economic costs, noise control, air pollution control, and traffic congestion
limitations were considered. Chang and Chen (1997) developed an interval fuzzy goal
programming model and applied to waste management under uncertainties. The model’s
results demonstrated how the interval parameter values and fuzzy messages in goals can
be quantified within the framework, which helped interpret the complexity from both
system nature and human aspiration. Chang et a1. (1997b) developed a fuzzy interval
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Table 2.8 Applications of inexact multiple-objective programming to waste management
MOP ILP

FLP

MIP GP Features Reference

MOP

FLP, MIP

MOP

FLP

GP

(Chang and Wang, 1997)

MOP ILP

FLP

GP

(Chang and Chen, 1997)

(Chang and Lu, 1996; Chang and Lu, 1997)

MOP ILP, FLP

MIP

(Chang et al., 1997b)

MOP

MIP GP MCS

(Ahluwalia and Nema, 2006)

MOP ILP
MOP
MOP

FLP
MIP

SIP

(He et al., 2008a)

MCS

(Chaerul et al., 2008)

DSS

(Ahluwalia and Nema, 2011)
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multiobjective mixed integer programming (FIMOMIP) model and applied it to
municipal solid waste planning. The model minimized overall management cost under
the effects of various environmental considerations (air pollution, traffic flow limitation,
and leachate and noise impacts).

Recently, Ahluwalia and Nema (2006) presented an inexact integer linear goal
programming model based on material flow analysis and Monte Carlo simulation for
computer waste management. The economy, health and environmental risks associated
with various computer waste management activities were also evaluated. He et al. (2008a)
developed an interval full-infinite programming (IFIP) method through introduction of
functional intervals into an optimization framework and applied it to waste management
planning with infinite objectives and constraints under uncertainty. The IFIP can help
address the complex relationships between inexact parameters and their external impact
factors within a multi-objective waste manamgent framework. Chaerul et al. (2008)
developed an inexact integer linear programming model based on Monte Carlo
simulation and applied it to computer waste management planning in Delhi, India. The
model can help address the environmental problems associated with exponentially
growing quantities of computer waste. Ahluwalia and Nema (2011) developed a
multi-time-step and multi-objective inexact decision-support model for computer waste
management. The model can address multiple objectives of waste management cost,
environmental risk, and health risk within a management famework for the optimum
configuration of existing and proposed facilities.
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2.2.8 Inexact Nonlinear Programming
Inexact nonlinear programming can be classified as fuzzy nonlinear programming,
stochastic nonlinear programming, and interval nonlinear programming (Table 2.9).
Interval nonlinear programming usually focuses on relative simple nonlinear forms (e.g.
quadratic forms). Huang et al. (1994b) proposed an interval fuzzy quadratic programming
(IFQP)

approach

and

applied

it

to

waste

management,

which

integrated

interval-parameter linear programming and fuzzy quadratic programming within a
general optimization framework. The IFQP model incorporated the independent
properties of the stipulation uncertainties through induction of multiple control variables
for each constraint. Huang and Baetz (1995) developed an interval-parameter quadratic
programming (IQP) method and applied it for waste management, which combined
interval-parameter linear programming with quadratic programming. Based on IQP, the
effects of economies of scale on cost coefficients in the objective function can be
quantified. Chang and Wang (1996a) developed a nonlinear fuzzy goal programming
approach for sovling conflicting solid-waste management goals. The emphasis were put
on complexity of composition, generation, and heat values of the waste streams, waste
reduction and recycling requirements prior to incineration and emission control of trace
organic compounds during incineration in the decision making. Chang et al. (1997a)
developed a nonlinear mixed integer programming to minimize total operational costs for
a large-scale solid-waste collection, recycling, treatment, and disposal system.
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Table 2.9 Application of inexact nonlinear programming to waste management
NP

Features

Reference

FQP

ILP

(Huang et al., 1994b)

IQP

(Huang and Baetz, 1995)

INP

FGP

(Chang and Wang, 1996a)

INP

MIP

(Chang et al., 1997a)

INP

FLP, MOP, GA, MIP

(Chang and Wei, 2000)

IQP

More Efficient Algorithm

(Chen and Huang, 2001a)

INP

Exponential Objective Function

(Wu et al., 2006)

IQP

TSP, FLP

(Li and Huang, 2007b)

IQP

TSP

(Li et al., 2008a)

IQP

CCP

(Guo et al., 2008c)

IQP

FRP

(Sun et al., 2009b)

IQP

TSP,

(Guo and Huang, 2011)
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Chang and Wei (2000) developed a genetic-algorithm-aided fuzzy multi-objective
nonlinear integer programming model to allocate the recycling drop-off stations with
appropriate size in the solid waste collection network to maximize the recycling
achievement with minimum expense in the city of Kaohsiung in Taiwan. Chen and
Huang

(2001a) developed and proved a derivative algorithm for solving the inexact

quadratic programming model (IQP) with much lower computational efforts, which is
especially meaningful for the IQP's application to large-scale problems. Wu et al. (2006)
proposed an interval nonlinear programming model with a exponential objective function
and linear constraints, proved a satisfactory algorithm to solve the model, and applied
them to the planning of waste management activities with economics-of-scale effects on
system costs in the Hamilton-Wentworth Region of Ontario, Canada. Li and Huang
(2007a) developed a fuzzy two-stage quadratic programming (FTSQP) method for
waste-management. The FTSOQP improves upon the existing fuzzy linear programming
through more effectively minimizing the variation of satisfaction degrees among the
objective and constraints, and tackling the trade-off between the system cost and the
constraint-violation risk.

Li et al. (2008a) developed an inexact stochastic quadratic programming model to handle
nonlinear cost objective function reflecting the effects of economies of scale and applied
to a case of long-term waste-management planning. The model integrated
interval-parameter programming, quadratic programming and two-stage stochastic
programming within a general framework. Guo et al. (2008c) developed an interval
stochastic quadratic programming method (ISQP) and applied it to a municipal solid
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waste management system with multiple disposal facilities and multiple cities within
multiple

time

periods,

which

integrated

chance-constrained

interval-parameter programming and quadratic programming

programming,

within a general

framework. Sun et al. (2009b) developed an interval fuzzy robust nonlinear program
(IFRNLP) and applied it to municipal solid waste management, which can reflect system
cost variations more effectively and generate more applicable solutions than other
conventional methods. Guo and Huang (2011) developed an inexact fuzzy-stochastic
quadratic programming (IFSQP) method to allocate waste to available facilities with
minimized total expected system cost over the entire planning horizon. The constraints of
IFSQP include relationships among decision variables, waste generation rates, waste
diversion goals, and facility capacities.

2.3 Summary
Based on the above review, the previous studies on both modeling of composting
processes and optimization methods applied to waste management systems can be
summarized as follows:

(1) The kinetic models and deterministic numerical models are well-developed but more
external affecting factors (e.g. natural ventilation, mechanistically stirring), the related
correction factors and the spatial factor can be further investigated to explore their roles
or be incorporated within the modeling framework for improving the models’
performance; inexact numerical models need much work to be done to depict various
dynamic characteristics of composting processes under uncertainty;
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(2) The statistical models and the AI-based models are still in their infant stages, which
can be advanced and applied to quantify the complicated relationships among the state
variables during composting process. When more extensive substrate degradation data
and advanced monitoring technologies are available, more complicated and
comprehensive statistical models need to be developed to quantify the complicated
composting process and help understand the inherent mechanism.

(3) The development trend of optimization methods for waste management would include:
expansion of conventional concepts to quantify uncertainties, integration of single inexact
programming method with other programming methods to deal with multiple
uncertainties, integration of inexact programming with other nonlinear programming to
handle both uncertainties and nonlinearities, development of more efficient algorithms to
solve the proposed methods, and applications of the developed methods to novel cases in
waste management systems.
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CHAPTER 3 A STEPWISE-CLUSTER MICROBIAL BIOMASS
INFERENCE MODEL IN FOOD WASTE COMPOSTING
3.1 Background
Microbial biomass is a critical characteristic in the composting process which is driven
by reactions between microorganism and organic matter (Hu et al., 2007; Lei and
VanderGheynst, 2000; Nakasaki et al., 2005; Yu et al., 2007; Zeng et al., 2006; Zeng et
al., 2007). Also, microbial properties can be employed as potential indicators for compost
maturity (Benito et al., 2003; Tiquia, 2005). Since conventional culture-dependent
microbial experiments are time-consuming and laborious, prediction of microbial
biomass variations through easy-to-test state variables and analysis of their
interrelationships are important. This will not only be helpful for evaluating population
variations but also be useful for controlling composting processes. Previous studies
indicated that mesophilic and thermophilic bacteria were dominant types of
microorganisms during aerobic composting (Ryckeboer et al., 2003). Thus, inferring the
complicated relationships between state variables and bacterial biomass during food
waste composting is desired.

Stepwise cluster analysis (SCA) is a type of non-parameter regression technology. The
essence of this method is to form a classification tree in the sense of probability, based on
a series of cutting or merging processes according to given statistical criteria. A cluster
(part of the sample dataset) could be cut into two sub-clusters, while two could be merged
into a new cluster during the iterative training process. Step by step, a tree can be shaped
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when no clusters can be cut or merged any more. The SCA method can not only deal with
nonlinear relationships among continuous and/or discrete variables, but also clearly show
the significance levels of different branches. There were a few applications of SCA in
predicting air quality in the urban environment (Huang, 1992) and supporting diagnosis
of lung cancer (Ren et al., 1997). More recently, many works of SCA were found for
mapping the relationships between contaminant concentrations and operating conditions
in groundwater bioremediation processes (He et al., 2008d; Huang et al., 2006; Qin et al.,
2007b; Qin et al., 2007c). However, it was not reported that SCA could help reveal
complicated relationships between state variables and process characteristics of food
waste composting. Thus, the potential application of SCA for tackling discrete and
nonlinear complexities in composting systems is desired.

Therefore, this study aims to develop a stepwise-cluster microbial biomass inference
(SMI) model through introducing SCA into composting process modeling for tackling the
nonlinear relationships among state variables and microbial activities. This objective
entails: (1) development of a stepwise-cluster inference model for predicting variations of
thermophilic and mesophilic bacterial biomasses during food waste composting; (2)
verification of the proposed modeling system based on the data obtained from pilot-scale
composting experiments; and (3) analysis of the effects of multiple state variables on the
succession of two types of bacteria.
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3.2 Materials and Methods
3.2.1 Food Waste Composting
The 24-1 fractional factorial design approach was adopted to represent various factorial
effects on food waste composting from C/N ratio, aeration rate, starting culture amount
(seeding agent), and coal ash amendment (pH control agent). Accordingly, eight runs of
designed experiments (plus one quality control run) through bench-scale reactors in a
laboratory were constructed (Sun, 2006). The synthetic food waste was produced using
potato, carrot, ground pork, steamed rice, cooked soybean and American Elm leaves
(Table 3.1). The food products were obtained from a local grocery store. The materials
were cut into pieces of approximately 5 mm in size and well mixed. The compositions
and physical/chemical characteristics of composting mixtures for the eight experimental
runs are listed in Table 3.1. Ambient temperature was maintained at 20 ± 1 °C. Three
layers of heat-insulating materials were put on the reactor to prevent heat loss. Each
reactor was made from a cylindrical PVC tube (40.64 centimeters high) with an effective
volume of approximately 30 liters. An air inlet and a leachate outlet were installed on the
bottom. Air was blown in by a vacuum pump through a pipe. The inlet air was distributed
flowing upward through a holed vinyl pipe in the aeration distribution chamber near the
bottom of the reactor. The aeration rate was monitored by a flow-meter (0.3 or 0.45
L/min). An air outlet, a thermometer point and a sampling port were distributed on the
top. The exhaust gas was discharged through a vinyl tube. It passed through a wide
mouth flask containing H2SO4 solution to absorb NH3, and then went into a condensation
bottle. The final gas was discharged to the lab ventilation system. A schematic diagram of
the composting system was illustrated in Figure 3.1.
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Table 3.1 Initial state of raw composting mixtures in the eight runs
Run

Unit

1

2

3

4

5

6

7

8

Potato

Kg

2.0

1.3

1.5

1.8

1.7

1.3

1.1

1.5

Steamed Rice

Kg

3.2

2.0

2.3

2.8

2.7

2.1

1.8

2.4

Carrot

Kg

3.1

2.0

2.3

2.8

2.6

2.1

1.7

2.3

American Elm Leaves

Kg

0.7

0.5

0.5

0.6

0.6

0.5

0.4

0.5

Ground Pork

Kg

0.5

0.3

0.4

0.5

0.5

0.4

0.3

0.4

Soy Bean

Kg

0

2.0

0

0

0

2.1

1.7

2.3

Starting Culture

Kg

0.5 (-)

2.0 (+)

2.0 (+)

0.5 (-)

2.0 (+)

0.5 (-)

2.0 (+)

0.5 (-)

Coal Ash Amendment

Kg

0 (-)

0 (-)

1.0 (+)

1.0 (+)

0 (-)

1.0 (+)

1.0 (+)

0 (-)

Total Weight

Kg

10

10

10

10

10

10

10

10

Bulk Density (wet)

Kg/L

0.55

0.56

0.53

0.53

0.50

0.55

0.52

0.52

Aeration rate

L/min

0.3 (-)

0.3 (-)

0.3 (-)

0.45 (+)

0.45 (+)

0.3 (-)

0.45 (+)

0.45 (+)

Chemical

pH

-

5.89

5.87

6.12

6.04

5.95

6.23

6.29

5.76

Composition

Moisture,

%

64.27

57.15

55.42

59.23

64.91

52.65

51.18

63.74

Ash,

%

3.20

6.32

32.95

31.39

7.10

30.80

34.20

5.27

Substrate
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Microorganism

Total C (dry)

%

45.94

46.72

33.16

36.43

41.44

31.23

31.76

47.17

Total N (dry)

%

1.45

2.91

1.04

1.19

1.27

2.076

1.96

2.91

C/N ratio

-

31.80 (+)

16.03 (-)

31.94 (+)

30.55 (+)

32.55 (+)

15.05 (-)

16.23 (-)

16.21 (-)

Thermophilic bacteria

log CFU/g (dry)

6.08

6.85

7.35

5.47

5.96

4.80

5.91

4.44

mesophilic bacteria

log CFU/g (dry

8.45

12.99

14.73

12.39

13.06

8.33

11.31

11.29

Note: The factors with plus or minus marks are main ones for the fractional factorial design, where "-" means low level and "+"
means high level.
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Figure 3.1 Schematic diagram of the composting system
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3.2.2 Physical and Chemical Analyses for State Variables and Microbial Biomass
The composting mixtures were manually turned over with a shovel once a day. Two
thermometers (Traceable 15-077-9E, Control Company, TX, USA) were placed on a
stainless steel rod at different heights, and then inserted to the compost matrix. The lower
thermometer was fixed at a location being 2.54 cm away from the segmentation plate.
The upper thermometer was set in the center of the compost matrix and adjusted
everyday with the change of the compost height; the adjustment ensured the thermometer
to acquire the temperature in the core of the compost matrix. The temperatures from the
two thermometers were recorded every 3 hours. The oxygen concentration was monitored
by a M40 Multi-Gas Monitor (Industrial Scientific Corp., Oakdale, PA, USA) in the air
surrounding and the exhaust gas of the reactor, which were measured once per three
hours. Three samples of approximately 50 g were collected from three locations of each
reactor, which could provide a general representation of the substrate (Sun, 2006). The
samples from the same reactor were mixed for analyses of pH, moisture content, ash
content, NH4+-N, total C, total N, oxygen concentration and bacterial counts. The pH was
measured once per three hours and the two bacteria were counted once every two days;
all of the other variables were measured once a day. The pH was measured in a solution
of compost and water with a weight ratio of 1:2 by a bench-top pH/Temperature meter
(Thermo Orion, 410A Plus; (Thomas, 1996) ). The moisture content was determined by
the weight loss of the compost sample using the gravimetric method (Gardner, 1986).
Ash contents were measured by the ignition method (Nelson and Sommers, 1982). The
NH4+-N concentrations were analyzed using the FIAstar 5000 Analyzer equipped with
5027 Sampler, Method Cassette NO2-/NO3-, interference filters (540 and 720 nm), and
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reduction columns (Foss Analytical AB, 2001). The total C and the total N contents of
the composting sample were determined by the LECO TruSpec CN Determinator (LECO
Corporation, St. Joseph, MI, USA). The number of microorganism colonies was counted
through the spread plate counting method (Germida, 1993; Wollum II, 1982). The culture
medium for total mesophilic and thermophilic bacteria was 10% strength tryptic soy
broth agar. Ten grams (fresh weight) of sample were mixed with 90 ml of 0.85% sterile
sodium chloride solution in a 250 ml Erlenmeyer flask. After the flask was shaken at 200
rpm for 30 minutes, 0.5 ml liquid samples were prepared in a series of sample dilutions
(from 10-1 to 10-9). Aliquots (0.10 ml) of the chosen sample dilutions were extracted to
the required medium. The plate was incubated at 25 °C for 7 days and 55 °C for 48 hours
towards the mesophilic and thermophilic bacteria, respectively. The number of colony
was counted on the plate containing less than 300 colonies. The log colony count (unit:
log10 CFU/g dry compost) could be calculated as follows:

 CFU  Dilution Factor

LogColony Count  log 
 100 
 1  Moisture Content


(3.1)

3.2.3 Data Collection and Analysis
The candidate inputs (independent variables) of the SMI model were state variables,
which had potential effects on the growth of microorganism population; the inputs
included time (X1), pH (X2), moisture content (X3), ash content (X4), total C (X5), total N
(X6), NH4+-N (X7), upper temperature (X8), lower temperature (X9), inlet oxygen (X10)
and outlet oxygen (X11). The colony counts of thermophilic and mesophilic bacteria (Y1
and Y2) were the outputs (dependent variables). Since the monitoring frequency for each
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input was different from that for the output, the input data corresponding to the
measuring time of each output (every two days) were remained while the others were
discarded. A total of 115 samples were obtained. The data were divided into training and
test sets. The training set was used for shaping the SCA trees and the test set for verifying
the developed model. For thermophilic bacteria, data of two runs (22 samples) were
selected as the test set. For mesophilic bacteria, 17 samples (15% of the data) were
randomly selected as the test set. Since the magnitudes of state variables were
significantly different from each other, the pre-/post- treatment methods were employed
to convert all data into a range of [-1, 1] through equation (3.2a) before the SCA process;
the predicted dependent variable values could then be transferred back to the original
values based on equation (3.2b):

qn 

q

2(q  qmin )
1
qmax  qmin

(3.2a)

1
( qn  1)( qmax  qmin )  qmin
2

(3.2b)

where q is the original variable (dependent variable or independent variable), qn is the
normalized variable, and qmin and qmax are the minimum and maximum of q in the
training set, respectively. The correlation coefficient (R) and the root mean squared error
(RMSE) were employed to evaluate the performance of the SCA model. The RMSE has
the following definition:

n

RMSE 

 (v
j 1

j

 y j )2

(3.3)

n 1
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where n is the number of samples in the training or test set, and vj and yj are the predicted
and observed values for the colony counts of thermophilic and mesophilic bacteria in the
jth sample, respectively.

3.2.4 Stepwise Cluster Analysis
In a SCA model (He et al., 2008d; Huang et al., 2006; Qin et al., 2007b; Qin et al.,
2007c), the whole or part of the training set can be treated as one cluster (α), including nα
samples, m independent variables (X), and one dependent variable (Y), shown as equation
(3.4):
 x11 , x12 ,, x1m
 x , x ,, x
21
22
2m
   X 1 , X 2 ,, X m ,Y   



 xn 1 , xn 2 ,, xn m






yn 
y1
y2


(3.4)

Let cluster α be cut into two sub-clusters β and γ (with nβ and nγ samples, respectively).
According to Wilks’ likelihood-ratio criterion, the cutting point is optimal only if the
value of Wilks’ Λ is minimum (Wilks, 1962). According to Rao’s F-approximation, the
statistic R has an approximate F distribution (Rao, 1952):

F ( P ( K  1), zs  P ( K  1) / 2  1) 

1  1/ s zs  P  ( K  1) / 2  1

1/ s
P  ( K  1)

(3.5)

z  n  1  ( P  K ) / 2

(3.6)

P 2  ( K  1) 2  4
P 2  ( K  1) 2  5

(3.7)

s
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W

(3.8)

T

W and T are the within-groups SSCP (sums of squares and cross products ) matrix and the

total-sample SSCP matrix, respectively; |T| and |W| are the determinants of corresponding
matrixes respectively; K is the number of sub-clusters (groups), and P is the number of
dependent variables under consideration. When K = 2 and P = 1, R will reduce to an
exact F variate:

F (1, n  2) 

1 
 (n  2)


(3.9)

According to Wilk’s likelihood-ratio criterion, the smaller the Λ value is, the larger the
difference between the sample means of β and γ is. Since the Λ is directly related to the F
statistic, the sample means of the two sub-clusters can be compared for significant
differences through F test. Therefore, the criteria of cutting (or merging or not) clusters
become to make the F tests (Rao, 1965; Tatsuoka, 1971).

Cutting of Clusters

Firstly, nα samples in cluster α are sequenced in an ascending order according to the
values of Xr. Then the cutting line is set as kr, thus the total-sample SSCP matrix and the
within-groups SSCP matrix of dependant variable Y are calculated for the ordered cluster
(αo) :
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T (n )  t (n )  A( n )  n  B( n ) 

W (k r , n )  w(k r , n )  t (n ) 

B (u ) 

2

(3.10)

n k r   B(k r )  B(n ) 

2

n  k r

1 u
 yk
u k 1

(3.11)

(3.12)

u

A(u )   ( yk ) 2

(3.13)

k 1

where kr = 1, 2, …, (nα-1) and r =1 , 2, …, m. Among all possible combinations of Xr and
kr, a optimal independent variable (Xr*), an index of independent variable (r*) used for
cutting judgments, and a optimal cutting point kr* will be derived, which satisfies:

( na 1)  W (k r , n ) 

 ( X *, k *, na )  min  min


r
r 1
 k 1  T (n ) 

r

r

m

(3.14)

Then the F-test can be undertaken:


1   ( X r *, k r *, na )
p  F (1, na  2) 
(na  2)  F1    cut
r
r
 ( X *, k *, na )



(3.15)

If equation (3.15) is satisfied (p is the probability), cluster αo can be cut into two
sub-clusters. (a) data with Xr* ≤ r* are allocated into sub-cluster β (the left branch at the
specific node in the SCA tree); (b) data with Xr* > r* are allocated into sub-cluster γ (the
right branch at the specific node in the SCA tree). Especially, Xr* is the most important
independent variable which significantly affects the values of dependent variables.
Conversely, if equation (3.15) is not satisfied, cluster αo cannot be cut. Then the other
clusters will be tested to decide whether to cut or not, i.e. to test α =1,2, …θ (θ is the total
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number of clusters at the current step). When no cluster can be cut, then the next step is to
undertake the mergence of clusters.

Mergence of Clusters

To test the mergence of clusters β and γ among the existing θ clusters, the following
total-sample SSCP matrix and within-groups SSCP matrix should be calculated firstly:

 n B(n )  n B(n ) 
T (n , n )  t (n , n )  A(n )  A(n )  
n  n
 B(n )  B (n ) 
W (n , n )  w(n , n )  t ( n , n )  n n 
n  n

2

(3.16)

2

(3.17)

Then the F-test can be undertaken:


1   (n , n )
p  F 1, n  n  2 
(n  n  2)  F2    merge
 (n , n )





 (n , n ) 



W (n , n )

(3.18)

(3.19)

T (n , n )

If equation (19) is satisfied, clusters β and γ can be merged into a new cluster α.
Otherwise, it should be similarly tested whether all other cluster pairs can be merged.

Training and Test

All generated sub-clusters originated from the original dataset will enter a set of iterative
runs of cutting or merging processes (Figure 3.2) until all hypotheses of further cut (or
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mergence) are rejected or the minimum number of samples (Nmin) within every cluster is
reached. After all calculations and tests have been completed, a cluster tree can be
derived which implies the training is done. Let χ (with nχ samples) be one tip cluster (in
the bottom of the SCA tree). Then all the samples dropped into this cluster will have the
same predicted dependent variables vχ:

v  v ,m  Q

v , m

1

n

(3.20)

n

 y
k 1

(3.21)

,k

n
 n

Q  max( y ,k )  min( y ,k )  / 2
k 1
 k 1


(3.22)

where vχ,m is the mean of dependent variables yχ, and Qχ is the radius of yχ in cluster χ.
When a new sample (x1, x2, …, xm, y1; y1 is unknown ) enters the tree at a cutting point,
one of its independent variable value (xr) can be chosen out in accordance with the
corresponding optimal independent variable (Xr*) and further compared with the relevant
index (r*). If xr ≤ r*, then the sample is allocated into the left branch, otherwise it goes
into the right branch. Step by step, the sample will finally enter a tip cluster which cannot
be either cut or merged further. The predicted value of y1 will be the value of vχ in the tip
cluster. Thus, the tree is capable of predicting new dependent variables according to the
routes decided by new independent variables values when new samples enter the tree
from top to bottom.
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3.3 Results Analysis

Two SCA trees were constructed to reflect the relationships between the state variables
and each type of bacterial count. There were several factors affecting the performance of
SCA, including data quality associated with the experimental works, internal
configuration parameters (αcut, αmerge and Nmin), the combination of candidate independent
variables and the data partition strategy. In order to verify the performance of SMI,
different combinations of αcut, αmerge and Nmin were selected first; the value of each
parameter was selected at different points being apart from each other. Then multiple
combinations of inputs were checked by discarding one, two or three independent
variables from all candidate ones. The developed SMI models with representative
configurations are listed in Table 3.2.

When all of the internal parameters and the inputs were kept as the same but the pre/post
treatment was not employed to train the SCA tree, less or equal performance trees (No. 2
vs. No. 1, and No. 6 vs. No. 5 in Table 3.2) were obtained. This showed that pre/post
treatment could enhance the performance of SCA trees. When the inputs were kept as the
same but the internal parameters were adjusted, the performance and structures of the
trees (No. 3 vs. No. 1, and No. 7 vs. No. 5) became significantly different from each other.
This demonstrated that the internal parameters had significant effects in shaping the SCA
trees, since SCA relied on these parameters for cutting and merging exercises as well as
stopping the iterations.

The criteria for cutting and merging clusters were: cut cluster when p ≤ αcut and merge
clusters when p ≥ αmerge, where the p values shown at cutting and merging knots were
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Table 3.2 Performances of different SCA Trees
Dataset
Training
No.

X

Y

α-cut

α-merge

Nmin

Layer

Node

Test

Set

Test

Pre/Post
R2

Processing

RMSE

R2

RMSE

1*

1,2,3,4,5,6,7,9,11

TB

0.05

0.05

10

14

52

Runs 3 & 5

Yes

0.94

0.51

0.95

0.58

2

1,2,3,4,5,6,7,9,11

TB

0.05

0.05

10

14

52

Runs 3 & 5

No

0.94

0.51

0.88

1.10

3

1,2,3,4,5,6,7,9,11

TB

0.02

0.1

6

16

71

Runs 3 & 5

Yes

0.95

0.48

0.91

0.84

4

1,2,3,4,5,6,7,8,9,11

TB

0.05

0.05

10

14

52

Runs 3 & 5

Yes

0.94

0.51

0.95

0.59

5**

1,2,3,5,6,7,8,

MB

0.02

0.1

6

18

61

Random

Yes

0.85

0.89

0.84

0.92

6

1,2,3,5,6,7,8,

MB

0.02

0.1

6

18

61

Random

No

0.85

0.89

0.84

0.92

7

1,2,3,5,6,7,8

MB

0.05

0.05

10

22

91

Random

Yes

0.88

0.80

0.85

0.86

8

1,2,3,4,5,6,7,8,9,11

MB

0.02

0.1

6

18

64

Random

Yes

0.90

0.73

0.55

1.47

Note: * The optimal SCA Tree for thermophilic bacteria (TB); ** The optimal SCA Tree for mesophilic bacteria (MB).
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significance levels of F-test. A default significance level of 0.05 was set for both cutting
and merging processes. As reported by Qin et al. (2007a), different αcut and αmerge
combinations could lead to different cluster trees. Generally, the higher the αcut value, the
lower the F1 level (i.e., a decreased strictness in the cutting which would result in more
cutting operations). Similarly, the higher the αmerge value, the higher the F2 level (i.e.
more merging operations because of reduced strictness of mergence). The Nmin also had
significant effects on the scales of the cluster trees since it was used as one of the end
criteria in training the tree.

When the internal parameters were kept as the same but the inputs were extended in
training the SCA tree, the performance and structures of the trees could become almost
identical (No. 4 vs. No. 1) for thermophilic bacteria. On the contrary, the prediction
performance of the trees (No. 8 vs. No. 5) for mesophilic bacteria would decrease
significantly, while the structures of the trees would merely have slight differences. This
comparison implied that different combinations of input variables could have significant
effects on the performance and structures of the SCA trees. Thus, the SCA’s ability to
screen input variables is limited although it would put low-effect variables to lower layers
in the trees (or exclude them from the trees).

For thermophilic bacteria, the internal configuration parameters (No. 1 in Table 3.2) were:
αcut = 0.05, αmerge = 0.05 and Nmin = 10; the optimal combination of input variables were
X1 (Time), X2 (pH), X3 (Moisture content), X4 (Ash Content), X5 (Total C), X6 (Total N),
X7 (NH4-N), X9 (Lower Temperature), and X11(Outlet Oxygen Concentration). In
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Figure 3.3 SCA Tree for thermophilic bacteria
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Figure 3.4 SCA tree for mesophilic bacteria
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comparison, X8 (Upper Temperature) was correlated to X9; X10 (Inlet Oxygen
Concentration) was kept as a constant. Thus, it was reasonable that these two variables be
excluded. For mesophilic bacteria, the internal configuration parameters (No. 5) αcut is
0.02, αmerge is 0.01 and Nmin is 6; the optimal combination of input variables were X1
(Time), X2 (pH), X3 (Moisture content), X5 (Total C), X6 (Total N), X7 (NH4-N), and X8
(Upper Temperature). In comparison, X9 (Lower Temperature) was correlated to X8 while
X4 (Ash Content) was increased stably with the time. Thus, it was reasonable to have
these two variables be excluded from the second SCA tree. The two SCA trees for
thermophilic and mesophilic bacteria were described in Figures 3.3 and 3.4, which
formed two forecasting systems to reflect microbial biomass variations in food waste
composting. Based on the two trees, the colony counts of thermophilic and mesophilic
bacteria can be predicted. For example, let X1 = 10.00, X2 = 7.28, X3 = 47.56, X4 = 44.78,
X5 = 25.85, X6 = 1.70, X7 = 510.43, X9 = 56.96, and X11 = 15.58 as new inputs. To
predict the biomass of thermophilic bacteria, we have: X1 > 6.00 for the first branch knot
so that the sample enters cluster 3 (Figure 3.3); X3 ≤ 64.86, so that it enters cluster 6; X4
≤ 47.00, so that it enters cluster 10; X9 > 43.21, so that it enters cluster 15 and then
merges into cluster 20; X2 > 7.12, so that it enters cluster 29 and then merges into cluster
41; X4 > 9.24, so that it enters cluster 45; X5 ≤ 46.98; so that it finally enters cluster 47
with a prediction value of 11.6 ± 0.25. Similarly, we can obtain the prediction results for
mesophilic bacteria through the second SCA tree (Figure 3.4).

Figures 3.5 to 3.9 show the results obtained using multiple linear regression (MLR)
models, which have both the same combination of linear functions of inputs and the same
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Figure 3.5 Comparisons of SCA and MLR results for thermophilic bacteria, log
CFU/g (dry)
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datasets as those of the two cluster trees. The reason to choose this type of MLR (only
linear functions of the inputs are incorporated into the objective equations while more
complex nonlinear terms of the inputs are excluded) for comparison is that the current
models used for constructing relationships in composting are mainly based on this
method (Chikae et al., 2006). The R2 for training and test sets of SCA (0.94 and 0.95 for
thermophilic bacteria, 0.85 and 0.84 for mesophilic bacteria) were much higher than
those of MLR (0.74 and 0.80 for thermophilic bacteria, 0.46 and 0.01 for mesophilic
bacteria), whereas the RMSEs of SCA (0.51 and 0.69 for thermophilic bacteria, 0.89 and
0.91 for mesophilic bacteria) were lower than those of MLR (1.05 and 2.79 for
thermophilic bacteria, 1.66 and 2.59 for mesophilic bacteria). Especially for mesophilic
bacteria, MLR had poor correlation coefficient (0.01) for the test set, which implied that
MLR had limited ability to predict the nonlinear relationships. These results also
confirmed the better fitting and predictive ability of SCA relative to traditional MLR
when building nonlinear relationships between state variables and biomasses of two types
of bacteria.

Table 3.3 shows the configuration differences between SCA and MLR. MLR had the
coefficients and the associated statistic information for every independent variable; in
comparison, SCA generated the straightforward tree to describe the links. The tree clearly
showed the role of every independent variable in mapping the relationship. However, the
SCA tree could not directly quantify the effects of independent variables on the
dependent variable. To this end, the effect of input (Xk) on the output (Y) in SCA is
defined.
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Table 3.3 Configuration comparisons of optimal SCA and MLR
X

1

Variables

Time

Thermophilic bacteria

Mesophilic bacteria

Numbers of Patterns

Sum of

(locations in the SCA tree)

Patterns

93(N1), 13(N22), 18(N27),
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MLR Number of patterns (locations in the

0.08

11(N31)

Sum of

MLR

SCA tree)

Patterns

98(N1), 55(N2), 17(N24), 37(N51),

243

0.09

36(N55)

2

pH

23(N7), 22(N20)

45

-0.13 15(N14)

15

0.40

3

Moisture content

71(N3), 12(N16), 11(N25)

94

-0.05 43(N3), 38(N49)

81

0.05

4

Ash Content

16(N5), 48(N6), 13(N41)

77

0.13

-

-

-

5

Total C

12(N45)

12

0.17

27(N12)

27

0.02

6

Total N

16(N14)

16

0.65

10(N22), 30(N23), 10(N36), 40(N45)

90

0.07

7

NH4+-N

16(N11), 10(N49)

26

0

45(N5), 16(N35)

61

0

8

Upper

-

-

-

44(N8), 25(N9), 20(N10), 27(N18),

172

-0.06

-

-

Temperature
9

Lower

26(N29), 6(N39), 24(N57)
22(N2), 32(N10)

54

0.08

98

-

Temperature
10 Inlet Oxygen

-

-

-

-

-

-

11 Outlet Oxygen

17(N13), 10(N34)

27

0.40

-

-

-

-

-

-

-8.84 -

-

4.75

Constant

Note: M(Ni) represents that there are M patterns in node i of the SCA tree, where the corresponding X variable is used as cutting
criteria at node i.
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NN

Effect ( X k , Y )   N X k (i )

(3.23)

i 1

where, NN is the number of total nodes in the SCA tree. NXk(i) is the number of patterns
(samples) at node i of the SCA tree where the corresponding Xk variable is used as the
cutting criteria at node i. Accordingly, NXk(i) represents the number of samples on which
Xk variable has effect at node i. To some degree, the layers (nodes) where Xk is located in
the SCA tree represents the weight effect which Xk has on Y. This is because the higher
the state variables are in the SCA tree, the earlier the classification criteria would depend
on the variable, the more data patterns on which Xk would have effects. Thus, based on
the obtained optimal SCA trees (Table 3.3), the effects of the state variables on
thermophilic bacteria were ranged in a descending order as: Time> Moisture content >
Ash Content > Lower Temperature > pH > NH4+-N > Total N> Total C; the effects on
mesophilic bacteria were ordered as: Time > Upper Temperature > Total N > Water
Content >NH4+-N > Total C > pH.

Run 4 is chosen to further analyze the relationships among dynamic variations of state
variables and the successions of two types of bacteria. From Figure 7, a rapid
heat-generating process is observed, where the temperature of the composting materials
rises from ambient to thermophilic (higher than 45°C) within the first day. This is
resulted from a quick initiation of microbial activities. The results also indicate that the
organic materials in the simulated food waste have relatively high contents, and they
could be easily utilized by microorganisms. The temperature continues to increase (up to
55 °C) and maintains a high level (higher than 55 °C) for more than 6 days. After the
easily-degradable materials are consumed, the rate of heat generation is less than that of
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heat loss. Thus, the composting materials start to cool down after 12 days and finally
reach the ambient temperature after 15 days. The total composting period lasts for 20
days. Similar tendencies of temperature could be found for the carbohydrate-rich food
waste (Chang and Hsu, 2008) and the mixtures of canteen food waste and office waste
papers (Bari et al., 2000).

From Figures 3.8 and 3.9, the counts of thermophilic bacteria (5.47 log CFU/g·dry) of
Run 4 in the raw materials are much less than those of mesophilic bacteria (12.39 log
CFU/g·dry). The thermophilic bacteria starts to grow with the increase of temperature at
the initial stage (Days 1 to 4), keeps increasing during the high temperature stage (Days 6
to 12), and remains fairly stable (13.08 to 13.67) until the end of the process (Days 14 to
20). In comparison, the populations of mesophilic bacteria decrease rapidly during the
first four days, keeps inactive during the middle stage of composting (Days 6 to 12), and
increase slowly when the system starts to cool down (Days 14 to 20). These changes
confirm the main difference of the two bacteria: the mesophilic bacteria are inhibited by
the higher temperature and reactivated when temperature drops; whereas the thermophilic
bacteria keep growing with increasing temperature and becomes inhibited by decreasing
temperature (Gajalakshmi and Abbasi, 2008; Miller, 1996). These phenomena
demonstrate that time and temperature are very important state variables affecting the
growth of mesophilic and thermophilic bacteria during the composting process (Epstein,
1997). Such a conclusion is consistent with the quantified results from the SMI models
(Table 3.3).
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From Figure 3.7, moisture contents decrease slightly (from 59.23% to 57.26%) as the
composting process continues (Days 1 to 4), this is due to the fact that no additional
water was added to the system after the process started. From Day 6 to Day 12, there is a
significant moisture loss (from 60.17% to 40.63%). This may be caused by the high
temperature conditions (above 60 °C) in addition to water consumption during the growth
of microorganisms. After Day 12, moisture content fluctuates within the range of 40.63%
to 47.01%. The two short-time increasing periods around Day 6 and from Days 14 to 18
are observed; this may be derived from water generated by the biochemical reactions.
Generally, the tendency of moisture content is different from that of thermophilic bacteria
or mesophilic bacteria but all these changes in Run 4 have three obvious stages (Days 1
to 4, Days 6 to 12, and Days 14 to 20). These features indicate that moisture content is of
significant impacts on the variations of bacterial biomasses. In SMI models, moisture
content was quantified as the second important variable affecting thermophilic bacteria
and the fourth important variable affecting mesophilic bacteria (Table 3.3). The previous
studies suggested that very low (<30%) or high moisture content (>75%) would inhibit
microbial activities due to early dehydration or anaerobiosis (Gajalakshmi and Abbasi,
2008). The reason could be that a high level of moisture would lead to the plugging of
pores among particles and subsequently limit oxygen transport; whereas less moisture
would restrict the transport of dissolved nutrients required for activities of
microorganisms. It is also indicated that the optimum moisture content for biodegradation
could vary significantly for different compost mixtures and stages in the composting
process (Richard et al., 2002).
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The initial pH of the composting materials is somewhat acidic (6.04 in Figure 7). As the
degradation begins, the pH drops to 5.33 on Day 2. This is due to the generation of large
amounts of organic acids (mainly lactic and acetic acid) when the easily degradable
organic materials are exhausted (Beck-Friis et al., 2001). The pH reaches its minimum of
5.27 on Day 3 and then exceeds 7 after Day 8. The high pH level during the later stage
(Days 10 to 14) may be caused by the depletion of organic acid through volatilization,
mineral decomposition, ammonia production, and organic-nitrogen mineralization
(Finstein and Morris, 1975). The pH fluctuates between 8.56 and 8.82 during Day 14 to
Day 20, implying that the composting is fully developed (Sundberg et al., 2004). Similar
tendencies of pH variation have been also observed in other studies (Beck-Friis et al.,
2001; Chang and Hsu, 2008). Generally, the tendency of pH variations is closely related
to changes of thermophilic bacteria except for the first three days in Run 4. In the SMI
model, pH is the fourth important variable affecting thermophilic bacteria (see Table 3.3).
In comparison, no close relationship is found between pH and mesophilic bacteria. It is
reflected in the SMI model that pH is the least important variable affecting the amount of
mesophilic bacteria (Table 3.3). Such a difference may indicate that there exist
non-acid-tolerant thermophilic bacteria and acid-tolerant mesophilic bacteria.

The ash content keeps increasing while the total C keeps decreasing along with the
composting processes (Figure 3.7). Overall, the varying tendency of ash content is similar
to that of thermophilic bacteria (the third important state variable) and different from that
of mesophilic bacteria (not included in the important state variables). Since ash content
represents the relative mass of conserved mineral constituents (Larney et al., 2005), its
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increase may be owing to the loss of organic matters in the total composting mixtures.
The varying tendency of total C is different from those of the two bacteria. In SMI
models, the total C was the least important variable affecting thermophilic bacteria, and
the second least important variable affecting mesophilic bacteria (see Table 3.3). This
indicates that the total C is abundant and can hardly restrict the growth of the bacteria in
the reactors. As carbon serves primarily as an energy source for the utilization of the
microorganisms (Gajalakshmi and Abbasi, 2008), the continuous decrease of total C
could be owing to both the loss of organic matter through microbial degradation and the
emission of the respiratory CO2 from the cellular growth. The above results demonstrate
that some other nutrients rather than the total C in the organic matters may limit the
growth of thermophilic bacteria.

The total N (%, dry) keeps increasing during the overall composting period (Figure 3.7),
due to the fact that the weight loss of the composting mixtures is greater than that of the
total N. Although the total N has the similar varying tendency to that of the thermophilic
bacteria in Run 4, it is considered as the second least important variable. On the contrary,
the total N is the third important variable affecting the mesophilic bacteria although the
related varying tendencies are different from each other in Run 4. The NH4+-N
concentrations increase rapidly after the pH decreases at the initial stage; it reaches a
peak value due to ammonification and mineralization of organic nitrogen compounds,
and keeps decreasing through ammonia emission when pH is over 7. Based on the sum of
patterns in Table 3.3, the NH4+-N concentrations have the same importance as the total N
in affecting the growth of two bacteria. Similar tendencies of total N and NH4+-N were
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also observed in the mixture composting of sewage sludge and cotton waste
(Sanchez-Monedero et al., 2001).

The outlet oxygen concentration drops down to less than 16% (daily average) after Day 2
and keeps at a low rate (less than 16%) during Day 4 to Day 10 (Figure 7); it means that
the reactions of substrates and microorganism operates at a stable rate. After Day 10, the
outlet oxygen concentration keeps increasing until Day 14, implying that the reaction rate
between substrates and microorganism starts to slow down. The fluctuation of the outlet
oxygen concentrations before Day 14 could be caused by the daily mixture stirring. At
the end of the composting process (Days 14 to 20), the outlet oxygen concentration rises
to almost the same as the inlet; this indicates that the oxygen uptake rate stays at a very
low and stable level, implying the completion of the composting process. The outlet
oxygen concentration is not included in the SMI models (see Table 3.3), indicating that
such a state variable is not a limiting factor to the growth of bacteria during the entire
composting process.

3.4 Discussion

Knowledge of microbial populations and the associated factors is important, since it
could suggest potential methods to modify the composting process that would lead to
more effective decomposition (Epstein, 1997). In real-world composting systems, many
variables could be either continuous or discrete, and relations among them were either
linear or nonlinear. The conventional continuous and linear methods such as MLR could
not efficiently reflect such complicated characteristics and relationships. The SCA
method in this study provided a statistical relationship between state variables and
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microbial biomass under discrete and nonlinear complexities. The SMI model avoided
the complexities of solving the differential equations describing substrate degradation and
bacteria growth under multiple operation conditions; the SMI model also quantified the
effects of state variables on the microorganism variations; in each cutting/merging step of
SCA, a significance level was provided such that the accuracies of the developed
forecasting trees are flexible and adjustable, and thus SMI laid the basis for further
understanding inherent mechanism and predicting critical characters of composting
process. However, the configuration of internal configuration parameters (αcut, αmerge and
Nmin) and the combination of candidate input variables had significant effects on the
performance of SCA. Thus more efficient algorithms would be desired to support SCA
for choosing appropriate combinations of parameters and input variables in order to
optimize SCA’s structure and maximize its capability of fitting and prediction (Qin et al.,
2007a). In addition, the proposed method in this study for quantifying the effects of state
variables on the bacteria was merely a preliminary attempt. More efficient and
straightforward methods are desired to reflect the effect of each input variable on the
output variable.

With the advancement of environmental analysis technology, concentrations of specific
types of microorganism and different target chemical ingredients during composting
could be monitored (Baddi et al., 2004; Castaldi et al., 2005; Gonzalez-Vila et al., 1999;
Ranalli et al., 2001). However, real-time monitoring for many characteristics (e.g.
inactivated pathogen or mature index) is still laborious or time-consuming. Building
SCA-based relationships between the ordinary state variables and these characteristics
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could not only help understand the relevant interactive mechanisms but also infer these
factors in an easier manner, which is beneficial for both knowledge development and
practical applications of composting. SCA also has the potential for constructing the
linkage between initial operation conditions and final compost quality or the connection
between initial remediation conditions and final remediation results (when co-composting
is adopted as a remediation method for soils contaminated with hazardous chemicals).
The linkage is a key step for supporting potential optimization-based process control in
composting practice. Furthermore, although the principles of composting for different
kinds of waste are similar, the individual properties of particular waste materials can have
their unique characteristics. To achieve high quality of compost, it is necessary to
understand the specific mechanisms of various composting processes. The application of
SCA to food waste composting implied that it could be applied for constructing
complicated relationships in many other types of waste composting. It is also expected
that SCA has the potential for mapping various relationships in other environmental
systems.

3.5 Summary

In this chapter, a stepwise-cluster microbial biomass inference model was developed to
analyze the nonlinear relationships among state variables and activities of thermophilic
and mesophilic bacteria in food waste composting. Eight runs of designed experiments
through bench-scale reactors in a laboratory were constructed to demonstrate the
feasibility of the proposed method. The results indicated that SMI could help establish a
statistical relationship between state variables and composting microbial characteristic
where discrete and nonlinear complexities exist. Compared to conventional multiple
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linear regression methods, SMI was more straightforward for describing the nonlinear
links and accurately fitting and predicting the colony counts of bacteria. Significance
levels of cutting/merging were provided such that the accuracies of the developed
forecasting trees were controllable. Through an attempted definition of input effects on
the output in SMI , the effects of state variables on thermophilic bacteria were ranged in a
descending order as: Time> Moisture content > Ash Content > Lower Temperature >
pH > NH4+-N > Total N> Total C. The effects on mesophilic bacteria were ordered as
Time > Upper Temperature > Total N > Moisture content >NH4+-N > Total C > pH. This
study, for the first time, introduced SCA into mapping the relationships involved in
composting processes. It was expected that SCA would have wide potential applications
to other complicated relationships during multiple types of composting processes and in
other environmental systems.
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CHAPTER 4 QUANTITATIVE EFFECTS OF COMPOSTING STATE
VARIABLES ON C/N RATIO THROUGH GA-AIDED
MULTIVARIATE ANALYSIS
4.1 Background

Efficient operations of composting relies on insights of relationships between state
variables (e.g. oxygen concentration, ash content, moisture content, and pH) and specific
characteristics (e.g. microbial activities, maturity, and stability). Previously, many
experimental approaches were developed in analyzing these relationships (Chefetz et al.,
1996; Galvez-Sola et al., 2010; Herrmann and Shann, 1997; Hsu and Lo, 1999; Liang et
al., 2003a; Sanchez-Monedero et al., 2001; Tiquia et al., 1996). However,
experiment-based evaluations could hardly help quantify the interactions among multiple
composting state variables. In comparison, a model-based analysis could help examine
the inherent impacts of various factors on the biological and physiochemical processes
and gain an in-depth insight into the related mechanisms (Chikae et al., 2006; Chikae et
al., 2007; D'Imporzano et al., 2008; Giusti and Marsili-Libelli, 2010b; Hamoda et al.,
1998; Khalil et al., 2008; Lin et al., 2008c; Mason, 2006; Mudhoo and Mohee, 2008b).
Nevertheless, dynamic, nonlinear and interactive features of these physicochemical or
biological properties in composting inherently make the analysis as a challenge.
Conventional continuous and linear methods cannot efficiently reflect such complicated
relationships.
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Stepwise cluster analysis (SCA) is an emerging non-parameter regression technology. It
includes a series of cut or merge operations according to given statistic criteria and finally
generates a cluster tree in the sense of probability. SCA has been applied to predicting air
quality in the urban environment (Huang, 1992) , supporting diagnosis of lung cancer
(Ren et al., 1997), and optimizing groundwater bioremediation processes (Qin et al.,
2007a). However, applications of SCA in approximating the relationships between state
variables and specific characteristics during composting processes were relatively limited.
Nevertheless, one weakness of SCA is that its performance is sensitive to both input
variables and internal parameters. Effective identification of these variables and
parameters will be beneficial for improving the accuracy of SCA predictability. The
identification process essentially involves solution of a nonlinear, discrete optimization
model with the objective function being the performance of SCA; this could hardly be
handled by conventional gradient-based methods. Genetic algorithm (GA) is a powerful
searching technique in seeking optimal solutions in large and complex decision spaces
through imitating the principle of natural evolution. It has been successfully applied to
variable or factor selection in various statistical predictions or machine learning studies
(Cavill et al., 2009; Depczynski et al., 2000), as well as detection of the most relevant
spectral region related to the composting process (Martinez-Sabater et al., 2009).

Therefore, the objective of this study is to develop a GA-aided stepwise-cluster analysis
model (GASCA) through integrating GA and SCA within a general framework to
quantify the nonlinear relationships between state variables (time, temperatures, pH,
moisture content, ash content, organic content, NH4+-N concentration, cumulative NH3

110

emissions and bacterial biomass) and the C/N ratio in food waste composting. It entails:
screening of significant state variables and system parameters in virtue of the powerful
search ability of GA; development of a GA-aided stepwise-cluster model for analyzing
the effects of multiple state variables on C/N ratio; and demonstration of the proposed
method based on the data from bench-scale composting experimental systems.

4.2 Materials and Methods

4.2.1 Feedstock and Reactors
We chose synthetic food waste as the composting feedstock and used six runs of designed
composting experiments (bench-scale reactors) in our laboratory to describe various
representative operation conditions. The synthetic food waste was produced using potato,
carrot, ground pork, steamed rice (food products from a local grocery store) and
American Elm leaves. Cooked soybean was added in Runs 1 and 2 to lower the C/N ratio.
Baking soda (Sodium hydrogen carbonate) was added in Runs 3 and 4 to adjust the pH
value. Coal ash was added in Run 6 as a bulking agent. These materials were cut into
pieces of approximately 5 mm in size and mixed thoroughly. The composting mixtures
were manually turned over with a shovel once a day, and three samples (less than 50 g in
total) from three locations of each reactor were collected for analyzing pH, moisture
content, ash content, organic content, NH4+-N concentrations, bacterial biomass and C/N
ratio. The weights of samples were kept minimal to avoid their effects on the composting
process. The compositions and physiochemical characteristics of initial composting
mixtures for the six runs are listed in Table 4.1.
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Table 4.1 Initial state of raw composting mixtures for six barrels
Barrel

Unit

1

2

3

4

5

6

Potato

kg

2

2

2.2

2.2

2.0

1.7

Steamed Rice

kg

3.1

3.1

3.5

3.5

3.2

2.8

Carrot

kg

3

3

3.4

3.4

3.1

2.7

Leaves

kg

0.7

0.7

0.8

0.8

0.7

0.6

Meat

kg

0.5

0.5

0.6

0.6

0.5

0.5

Soy Bean

kg

3

6

-

-

-

-

Starting Culture

kg

0.5

0.5

0.5

0.5

0.5

0.5

Coal Ash

kg

-

-

-

-

-

4.0

Baking soda

kg

-

-

0.2

0.3

-

-

Total Weight

kg

12.8

15.8

11.2

11.3

12.8

15.8

Chemical

pH

-

5.86

5.96

8.85

8.77

5.89

5.97

Composition

Moisture Content

%

56.98

56.38

62.55

66.65

64.27 50.09

Ash Content

%

1.88

2.08

2.90

2.38

1.48

Substrate
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29.73

Organic Content

%

41.14

41.54

34.55

30.97

34.25 20.18

Carbon (dry)

%

47.93

47.77

43.67

44.37

45.88 19.70

Nitrogen (dry)

%

3.25

3.17

1.34

1.48

1.44

0.56

C/N ratio

-

14.75

15.08

32.63

29.89

31.9

34.99

Microorganism thermophilic bacteria log CFU/g (dry) 4.667

7.146

4.728

4.477

6.080 5.478

mesophilic bacteria

log CFU/g (dry
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12.366 11.341 12.284 11.322 8.447 13.068

Insulator

Water

Composting
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bottle

materials
Water
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(upper)
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Lab ventilation
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O2 analyzer

(lower)
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Leachate overflow

Air flowmeter Vacuum pump

Fresh Air

Figure 4.1 Schematic diagram of the composting system
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Each reactor is a cylindrical PVC tube (40.64 cm high and an effective volume of
approximately 30 liters) with three layers of heat-insulating materials preventing heat loss.
On the bottom, an air inlet and a leachate outlet were connected. The inlet air, blown in
by a vacuum pump, was distributed flowing upward through a holed vinyl pipe in the
aeration distribution chamber near the bottom of the reactor. The aeration rate was
monitored by a flow-meter. On the top, an air outlet, a thermometer point and a sampling
port were distributed. The outlet air was discharged through a vinyl tube into a wide
mouth flask containing H2SO4 solution (100 ml 0.1M) to absorb NH3. The final gas
passing through a condensation bottle was discharged to the lab ventilation system. A
flow diagram of the composting reactor is shown in Figure 4.1.

4.2.2 State Variables and C/N Ratio
With the ambient temperature being maintained at 20 ± 1 °C for all experimental runs, we
placed a stainless steel rod with two thermometers (Traceable 15-077-9E, Control
Company, TX, USA) at different depths of the compost matrix. The lower thermometer
was fixed at a location 2.54 cm away from the segmentation plate to obtain the surface’s
temperature. The upper one was placed in the centre of the compost matrix and adjusted
everyday with the change of compost height to acquire the core’s temperature. The pH in
a solution of compost and water (weight ratio: 1:2) was measured through a bench top
pH/Temperature Meter (Thermo Orion, 410A Plus,). The moisture content by weight loss
of compost sample was determined by the gravimetric method (Gardner, 1986); the ash
content and the organic content were measured by the ignition method (Nelson and
Sommers, 1982). In addition, NH4+-N concentrations (mg /kg, wet Sample) and
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cumulative NH3 emissions (μg/day) were analyzed through the FIAstar 5000 Analyzer
(Foss analytic AB, Sweden) equipped with 5027 Sampler, interference filters (540 and
720 nm), and reduction columns (Foss Analytical AB, 2001). The colony numbers of
thermophilic and mesophilic bacteria were counted by the spread plate counting method
(Germida, 1993; Wollum II, 1982). The oxygen concentrations in the surrounding air and
the exhaust gas of the reactor were monitored every three hours by a M40 Multi-Gas
Monitor (Industrial Scientific Corp., Oakdale, PA, USA), and the C/N ratio (the ratio of
total carbon and total nitrogen) was measured by the LECO TruSpec CN Determinator
(LECO Corporation, St. Joseph, MI, USA). More experimental details can be found in
the work of An (2006).

4.3 Theoretical Models

4.3.1 Framework of GASCA
A GA-aided stepwise cluster analysis for describing the relationship between state
variables and the C/N ratio during food waste composting consists of several major steps
(Figure 4.2). Firstly, all the observed variables during the six runs of composting
experiments are collected as the dataset for the GASCA model, since the sample numbers
from a single experimental run are not enough for constructing GASCA models. Then,
GA searches optimal sets of specified state variables and SCA parameters through a
number of standard procedures such as initiation, crossover, and mutation. An index
based on both the normalized root mean squared error (RMSE) of the training set and the
SCA tree’s size is used as fitness function for evaluating the performance of each
potential set of parameters (i.e. chromosomes). Meanwhile, a proxy table will be
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Figure 4.2 Flow chart of GASCA
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introduced to store the SCA characteristics (the chromosome information and its
corresponding fitness) so as to avoid unnecessary and repetitive training of SCA. GA will
continue searching until the termination criteria are satisfied. Finally, the optimal
combination of parameters is identified and further used in SCA for approximating the
relationship between the selected state variables and the C/N ratio.

4.3.2 Dataset
All the observed data from the six runs of food waste composting were collected (198
samples) and combined to form the whole dataset. Each sample was a combination of
inputs (i.e. state variables and SCA’s inherent parameters) and the C/N ratio. The state
variables had potential effects on C/N ratio variation; they included time (X1), mean
temperature (X2), pH (X3), moisture content (X4), ash content (X5), organic content (X6),
NH4+-N concentration (X7), cumulative NH3 emissions (X8), log colony count of
thermophilic bacteria (X9), log colony count of mesophilic bacteria (X10), upper
temperature (X11), and lower temperature (X12). Although the sum of X4, X5 and X6 is
one, the three state variables are still included since it is difficult to exclude one of them
from the candidates subjectively; The SCA’s inherent parameters were αcut (significance
level for cutting clusters), αmerge(significance level for merging clusters), and Nmin (the
minimum number of samples within tip clusters). The C/N ratio was the concerned output.
The entire dataset was randomly divided into a training set (167 samples, 84%) and a test
set (31 samples, 16%). The training set was used for calibrating the GASCA (or SCA)
forecasting trees and the test one was for verification in independent samples from
different reactors. Since the magnitudes of state variables were significantly different
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from each other, we firstly converted all input datasets into the range of [-1, 1] before the
training process and then transformed the values of the predicted dependent variables
back to their original ranges after the training was completed.

4.3.3 Principle of Stepwise Cluster Analysis (SCA)
SCA is based on the theory of multivariate analysis of variance. Generally, two phases
are involved in its implementation: training and test. In the training phase, the sample
dataset is cut into two subsets (clusters) and then two are merged into one during the
iterative training process. According to Wilks’ likelihood-ratio criterion, the cutting point
is optimal only if the value of Wilks’ Λ is minimum (Wilks, 1962). Since the Λ is
directly related to the F statistic, the sample means of the two sub-clusters can be
compared for significant differences through F test (Rao, 1952). Thus, the criteria of
cutting (or merging or not) clusters rely on a set of F tests (Rao, 1965; Tatsuoka, 1971).
Based on the F tests, a tree is shaped step by step until no subsets could be cut or merged
any more. In the test phase, the values of the new independent variables in the test
samples will be used as references to determine which child cluster a sample in the parent
cluster will enter. Thus, the sample would gradually enter one tip cluster. The mean of
dependent variables from the training set at the tip cluster that the sample finally enters
becomes the predicted value of the sample’s dependent variable. A more detailed
description of SCA can be referred to our previous work (Qin et al., 2008).
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Figure 4.3 Principle of GASCA
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4.3.4 Selection of Process Variables Using GA
An integrated GASCA model combining GA with SCA would possess abilities in both
variable searching and nonlinear fitting. GA transfers chromosome information (certain
independent variables and inherent parameters) to SCA and then SCA returned the fitness
(an index reflecting both structure and performance of the SCA tree) to the corresponding
chromosome in GA. In detail, the chromosome is a 19-bit binary string. The first twelve
binary strings encode all the SCA’s candidate independent variables, where the ‘1’
represents that its corresponding independent variable is selected while the ‘0’ means not.
The last seven binary strings represent inherent parameters of SCA (αcut, αmerge and Nmin).
In order to unify the calculation, we chosen several representative values within the
appropriate ranges of the three parameters respectively and used binary strings to
represent the locations of each value in the ranges. Thus the binary strings are capable of
describing real-number values of SCA’s inherent parameters. The mapping relationships
between the binary string and the variables/parameters are illustrated in Figure 4.3.

An index based on both the SCA’s fitting accuracy and the SCA tree’s complexity was
developed as the fitness function. The accuracy of SCA’s fitting is defined as RMSE of
the training set. The complexity of SCA tree is depicted as the sum of normalized layer
number of the SCA (Ns,layer) , the normalized node number of the SCA (Ns,node) and the
normalized number of independent variables (Ns,x). Four weighting coefficients (µ1, µ2,
µ3, and µ4) were introduced to balance the accuracy and the complexity. Thus the fitness
function has the following definition:
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where RMSEmin and RMSEmax are ideal minimum and maximum values of RMSE,
respectively; n is the number of samples in the training set; yj and ytraining,j are the
predicted and observed values for C/N in the jth sample in the training set, respectively;
Nlayer is the layer number of the SCA tree. Nlayer,min and Nlayer,max are ideal minimum and
maximum values of Nlayer, respectively; Nnode is the node number of the SCA tree;
Nnode,min and Nnode,max are ideal minimum and maximum values of Nnode, respectively; Nx
is the number of independent variables; Nx,min and Nx,max are ideal minimum and
maximum values of Nx, respectively.

Similar to the construction of a single chromosome, a population with a group of
chromosomes in GA would be randomly generated. Parents would be selected based on
individuals’ fitness values using the stochastic uniform method, then further intercrossed
to exchange their genetic information by the scattered crossover method, and mutated
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through changing their information randomly by the Gaussian mutation method (The
MathWorks, 2008). Generation by generation, parents with worse fitness would be
replaced by children with better fitness in the evaluated population. Once the stopping
criterion was satisfied; the chromosome with the lowest fitness value would represent the
information of the final optimal combination of variables/parameters for SCA.

4.3.5 Program Implementation of GASCA
A flow diagram of GASCA is presented in Figure 4.2. All programs were written in
Matlab R2008a (The MathWorks, 2008). The computational procedures for coupling GA
and SCA are clarified as follows:
Step 1: Before SCA training, the entire dataset (the state variables and C/N) is scaled
to fall within the range of –1 to 1;
Step 2: A number (the default is 100) of randomly generated chromosomes (of a bit
length equal to the number of state variables and inherent parameters chosen) form a
population;
Step 3: GA invokes the SCA function to evaluate fitness of every chromosome in the
population:
Step 4: New chromosomes are generated through selection, crossover, and mutation
operations; GA invokes the SCA function to calculate fitness values of new
chromosomes.
Step 5: Replace the old chromosomes with new chromosomes;
Step 6: After all operations, the chromosome with the worst fitness of the entire
population is replaced with the current elitist;
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Step 7: Return to Step 3 to begin the evolution of the next generation; if the
generation number exceeds a certain value (e.g. 25), the program will end.

The computational procedures of the SCA function are described as follows:
Step 1: GA will search the proxy table to find out whether if the same chromosome is
calculated already or not; if yes, the corresponding fitness will be assigned to the
chromosome directly and the program goes to Step 12, and if no, goes to Step 2;
Step 2: GA invokes SCA to evaluate the fitness of every chromosome: the entire
training dataset will be cut into a smaller one based on the independent variable
information embedded in the chromosome; such a dataset is treated as a leaf cluster (i.e. a
cluster without sub-clusters); the parameter information (αcutting, αmerging and Nmin) will be
used in Steps 9, 11 and 12;
Step 3: For every leaf cluster, each state variable Xid (i.e. independent variables, id =
1, 2, …, n) is chosen in the order of X1 to Xm; the samples (including both independent
and dependent variables) in cluster σ (matrix) are sequenced to σ(Xid) in an ascending
order according to the value of Xid;
Step 4: For the matrix σ(Xid), every cutting line nr (between row i to row i + 1, nr = 1,
2, …, n) is chosen in the order from 1 to n - 1; n is the number of samples for cluster
σ(Xi); the cluster σ(Xi) will be divided into two sub Clusters β and γ according to the
cutting line;
Step 5 The Wilks’ Λ based on the dependent variables (Yβ and Yγ) is calculated; by
comparing all m*(n - 1) values of Wilks’ Λ, the minimal value of Λ(id*, nr*) can be
obtained;
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Step 6: Calculate the Fcal value; if Fcal ≥ Fα-cuting, the parent cluster can be cut into
two sub-clusters;
Step 7: The independent variable and the value in the cutting point (xid*, nr*)
becomes a judging criterion; all samples in this cluster with xid*, nr ≤ xid*, nr* are allocated
to one sub-cluster, with the rest to the other;
Step 8: Repeat Steps 3 to 7 until all clusters are tested for possible cutting in the
present layer;
Step 9: When the cutting operation in the present layer is done, the merging
operations begin; if other old leaf clusters exist, these new leaf clusters will be tested
along with all other leaf clusters to demonstrate whether pairs of them could be merged
into one cluster; the Wilks’ Λ and Fcal values will be calculated for each pair clusters; if

Fcal ≥ Fa-merging, the two clusters will be considered having no significant difference and
can be merged;
Step 10: If there are no other old leaf clusters or no merged operations are needed,
the new leaf clusters will be treated as new clusters and tested for further cutting or
merging operations according to Steps 3 to 9;
Step 11: If no leaf cluster can be cut or merged or the number of samples in every
cluster is less than Nmin, the training process is completed with the SCA tree being shaped;
then, the fitness of chromosome is calculated based on Equations 1 to 5;
Step 12: Return to Step 1 for evaluating the next chromosome; if the fitness of each
existing chromosome has been evaluated, return to the main program.
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4.4 Results

4.4.1 Structure of GA
In general, GA’s fitness function and operation (selection, crossover, and mutation)
configurations have significant impacts on its performance. The fitness function is always
problem-oriented; determination of its value (Equations 4.1 to 4.5) depends on the
relevant coefficients selection, according to the datasets of food waste composting.
Through error and test, four weighting coefficients (i.e. µ1, µ2, µ3, and µ4) for balancing
the accuracy and the complexity of SCA were determined as 1.04, 0.35, 0.37 and 0.024.
The coefficients for normalizing SCA’ complexity calculation (i.e. RMSEmin, RMSEmax,
Nlayer,min, Nlayer,max, Nlayer,min, and Nlayer,max) were configured as 0, 10, 3, 150, 3, and 1500,
respectively. GA’s standard operations are controlled by the relevant parameters,
including the population size (PS), the selection rate (SR), the crossover fraction (CF, or
crossover rate), and the mutation rate (MR). Usually, the larger the PS, the higher the CF;
the higher the MR, the more diversified the chromosomes. However, a larger PS and a
higher MR may lead to the requirement of more computational efforts.

To obtain a relative optimal configuration of GA for supporting SCA’s variable selection,
PS and CF (MR= 1 – CF in our GA program) were chosen to examine their effects on
fitness. We changed one of them in its possible range and kept the other at its default
value during each observation. The results indicated that, when the PS increased from 20
to 110 by every 10 units, the obtained optimal fitness value would fluctuate and keep as a
constant after the PS exceeds 100. Similarly, the obtained optimal fitness value will keep
the same when CF is greater than 0.8 (i.e. increase the range from 0 to 1 by every 0.05).
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Thus, the optimal setting of GA for SCA is set as: population size = 100, crossover
fraction = 0.8 and maximum allowable generation = 25. The operation processes of GA
under such a setting are illustrated in Figure 4.4. Over the entire GA iteration, the best,
worse and the average fitness value (the vertical bars in Figure 4.4a) would decrease
gradually with the increase of generation number. There are always significant
differences between the best and the average fitness values at each generation; the
average distance would decrease instantly but automatically keep fluctuating during the
process of GA operation (Figure 4.4b). This demonstrates that the population diversity
could be maintained and the undesired prematurity could be avoided during GA
operations.

4.4.2 Interactions between SCA and GA
Within the GASCA framework, reduction of SCA’s computational efforts is critical for
improving GASCA’s efficiency. This is due to: (i) the SCA’s calculation amount
increases significantly with the increase of dataset volume, and (ii) SCA is frequently
invoked to calculate the fitness function during the GA operation. Thus, effective use of
SCA’s results that have been calculated during the former generations would greatly
improve the entire efficiency of GASCA. To this end, a proxy table will be introduced to
realize this mechanism. During GA operations, when GASCA needs to evaluate the
fitness of a new chromosome, a proxy table would be used to find out whether the same
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Figure 4.4 Representative operation processes of GASCA2

128

chromosome has been calculated in the previous generations. Figure 4.4c shows that the
time to invoke the proxy table gradually increase to its maximum value with the increase
of generation numbers. During the early stage of GASCA, the invoking time is relatively
limited. It implies that most of the SCAs needed to be trained since there are few
chromosome records in the proxy table. At later stages, the invoking time keeps
increasing since more and more chromosome records are saved in the proxy table.
Therefore, the corresponding fitness values of many SCAs could be obtained directly
from the proxy table since these chromosomes and their fitness values have already been
recorded. In Figure 4.4c, the sum of time invoking the proxy table is 1,879 while that
required for calculating the fitness is 2600; about 72% efforts for fitness calculation have
been saved. It thus demonstrates that the introduction of a proxy table could effectively
reduce the chance of repetitive training and thus significantly improve the efficiency of
GASCA iteration.

In addition to efficiency, the accuracy of the final result of GASCA is also critical. The
manner that GA affects the construction of a SCA tree largely determines the
performance of a GASCA tree. The factors for controlling SCA’s performance consist of
dataset quality, dataset partition strategy, SCA’s internal parameters (αcut, αmerge and Nmin),
and the combination of candidate independent variables (Qin et al., 2007a). In this study,
the candidate independent variables and inherent parameters of SCA are considered as
the major factors that GA would affect a SCA tree. In our practice for the current dataset
of food waste composting, it is found that the SCA would tend to be over-fitting (i.e. the
RMSE for the test set is much worse than the one for the training set) in one of following
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settings: 1) when the αcut is less than 0.03 or greater than 0.065; 2) when the αmerge is less
than 0.05 or greater than 0.065; 3) when the αcut is greater than αmerge; 4) and when Nmin is
less than 7 and greater than 10. Thus, the variation range of inherent parameters are set as:
αcut ∈ [0.03, 0.065], αmerge ∈ [0.05, 0.065], and Nmin∈integer in [7, 10]. Since αcut and
αmerge are real numbers, it is difficult to incorporate them into binary-bit chromosomes.
Alternatively, a set of representative values for these inherent parameters are chosen as:
αcut ∈ 0.03, 0.035, 0.04, 0.045, 0.05, 0.055, 0.06, 0.065 , αmerge∈ 0.05, 0.055, 0.06,
0.065 , and Nmin∈ 7,8,9,10
  . Meanwhile, 3, 2 and 2 binary-bits are used to represent

23, 22, and 22 numbers of representative values, respectively. For example, the last seven
bit of chromosome (1010110) includes three parts 101 (No.6 in αcut’s representative
values), 01 (No.2 for αmerge) and 10 (No.3 for Nmin), which means the corresponding
values were chosen as: αcut = 0.055, αmerge= 0.055, and Nmin= 9. In this manner, the values
of chromosomes in GA represent the locations of parameters in the given ranges. Along
with the evolution of GA, the performance of the chromosomes will be improved and the
related parameters will be transferred to SCA.

4.4.3 GASCA vs. SCA
To compare GASCA with SCA, four optional SCA/GASCA models are calculated (Table
4.2). SCA1 has all of the candidate independent variables and uses each internal
parameter at its default value; SCA2 selects these variables/parameters through the trial
and error method; GASCA1 uses GA to select only independent variables for SCA and
employs default SCA’s inherent parameters; GASCA 2 uses GA to select both
independent variables and SCA’s inherent parameters. The results indicated that the R2
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Table 4.2 Performance of different SCA/GASCA trees
SCA1

SCA2

GASCA1

GASCA2

X vars

All Xs

Trial and Error

GA-aided

GA-aided

SCA internal Para

Default

Trial and Error

Default

GA-aided

1,2,3,4,5,6,7,

1,3,4,5,6,

2,4,5,

2,4,5,

8,9,10,11,12

7,9,10,12

7,10,11

7,10

Y

C/N

C/N

C/N

C/N

ácut

0.05

0.04

0.05

0.04

ámerge

0.05

0.06

0.05

0.06

Nmin

10

10

10

9

Layer

25

21

20

17

Node

165

128

123

100

Model
Selctions

X

Training

R2

0.985

0.977

0.991

0.990

Set

RMSE

0.770

0.949

0.582

0.615

Test Set

R2

0.946

0.958

0.946

0.945

131

RMSE
Fitness

1.614

1.454

1.566

1.560

0.19647

0.18920

0.14024

0.12851
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for training sets of GASCA were much higher than those of SCA [R2-train: GASCA2
(0.990) ≈ GASCA1 (0.991) > SCA1(0.985)> SCA2(0.977)]; the R2 for test sets of GASCA
were almost the same as those of SCA1 while SCA2 has the highest value [R2-test: SCA2
(0.958) > GASCA2 (0.945) ≈ GASCA1 (0.946) = SCA1 (0.946)]; the RMSEs for training
sets of GASCA were lower than those of SCA [RMSEs-train: GASCA1 (0.582) <
GASCA2 (0.615) < SCA2(0.949) < SCA1(0.770)]; the RMSEs for test sets of GASCA
were lower than those of SCA1 while SCA2 has the lowest value [RMSEs-test:
SCA2(1.454) < GASCA2 (1.560) < GASCA1 (1.566) < SCA1 (1.614)]. As for the
configuration, the number of independent variables of GASCA were much less than those
of SCA [GASCA2 (5) < GASCA1 (6) < SCA2 (9) < SCA1 (12)]; the layer number of
GASCA were less than those of SCA [GASCA2 (17) <GASCA1 (20) < SCA2 (21) < SCA1
(25)]; and the node number of GASCA were much less than those of SCA [GASCA2 (100)
< GASCA1 (123)< SCA2 (128)< SCA1 (165)]. Thus, the fitness of the four models could
be ranged in a descending order as: GASCA2 (0.12851) < GASCA1 (0.14024) < SCA2
(0.18920) < SCA1 (0.19647).

The results indicated that the predictive capability of SCA2 for the test set was better than
GASCA2 while SCA2’s other performances were worse. This implied that the trial and
error method may improve the SCA’s performance to some degree. The comparison
between GASCA2 and SCA1 was further illustrated in Figures 4.5 to 4.7. It shows that the
size of GASCA2 is much smaller than that of SCA1 while the performance of GASCA2 is
better. Thus, the GASCA trees have better fitting and predictive ability in performance
and higher efficiency in computation than the SCA trees when building nonlinear
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Figure 4.5 GASCA2 tree for the C/N ratio
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Figure 4.6 SCA1 tree for the C/N ratio
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relationships between the state variables and the C/N ratio during food waste composting.
The strength of GASCA is derived from the mutual compensation of GA and SCA. Their
integration brings about not only a better GASCA tree but also intense calculation for
searching the optimal SCA tree in GA’s evolution environment. SCA only needs to
calculate all possible Wilks’ Λ values in the corresponding dataset; in comparison,
GASCA would have to invoke the SCA function to compare all possible Wilks’ Λ values
in the GA-selected dataset when GASCA needs to evaluate fitness. The computational
effort would inevitably increase but the problem could be mitigated by the use of a proxy
table. The final GASCA tree is smaller in size but better in performance, which implied
its excellent ability to avoid over-fitting, since the models with bigger size would often
over-fit the dataset.

The optimal GASCA2 tree was finally generated to reflect the relationships between the
state variables and the C/N ratio (Table 4.3 and Figure 4.5). The optimal combination of
input variables include mean temperature (X2), moisture content (X4), ash content (X5),
NH4+-N concentration (X7), and log colony count of mesophilic bacteria (X10); the
internal configuration parameters are: αcut = 0.04, αmerge = 0.06 and Nmin = 9. The GASCA
tree is a forecasting system flexible to reflect C/N variation during food waste
composting based on the relationship between the C/N ratio and state variables. For
example, let X2 = 47.85, X4 = 0.6554, X5 = 0.0186, X7 = 666.92, and X10 = 8.4627 as a
new sample for the GASCA tree. To predict the C/N ratio, we have: X7 > 87.51 for the
first branch knot so that the sample enters cluster 3 (Figure 4.5); X5 ≤ 0.04, so that it
enters cluster 6 and then merges into cluster 8; X7 >273.78, so that it enters cluster 12; X7
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Table 4.3 Configuration of the optimal GASCA2 tree
X

Variables

Number of patterns

Sum of

(locations in the GASCA tree)

Patterns

1

Time

-

-

2

Mean Temp (°C)

72(N4), 41(N19), 20(N40), 25(N44), 9(N62), 19(N77)

186

3

pH

-

-

4

Moisture content (%)

58(N9), 55(N14), 22(N17), 33(N21), 27(N24), 11(N34),

248

10(N46), 14(N52), 18(N64)
5

Ash Content (%)

77(N2), 90(N3), 11(N28), 26(N39)

204

6

Organic Content (%)

-

-

7

NH4+-N (mg/kg,wet)

167(N1), 76(N8), 14(N10), 57(N12), 22(N31), 11(N32),

431

10(N49), 23(N50), 16(N56), 19(N67), 16(N89)
8

Cumulative NH3 emissions (μg/day)

-

-

9

Thermophilic bacteria (log CFU/g (dry))

-

-

10

Mesophilic bacteria (log CFU/g (dry))

9(N16), 16(N18), 35(N30), 9(N47), 19(N54), 9(N71),
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15(N76), 9(N88), 14(N97)
11

Upper Temperature (°C)

-

-

12

Lower Temperature (°C)

-

-

Note: M(Ni) represents that there are M patterns in node i of the GASCA tree, where the corresponding X variable is used as cutting
criteria.
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>624.22, so that it enters cluster 19; X2 > 28.25, so that it enters cluster 30; X10≤ 8.49 so
that it enters cluster 38 and then merges into cluster 46; X4 >0.63, so that it enters cluster
57 and then finally merges into cluster 68 with a prediction value of 11.11 ± 0.26. Based
on the configuration of the optimal GASCA tree (Table 4.3 and Figure 4.5), the effect of
input (Xk) on the output (Y) in GASCA is quantified using the following equation:
NN

Effect ( X k , Y )   N X k (i )

(4.6)

i 1

where NN is the number of total nodes in the GASCA tree; NXk(i) is the number of
patterns (samples) at node i of the GASCA tree where the corresponding Xk variable is
used as the cutting criteria at node i. NXk(i) represents the number of samples on which Xk
variable has effect at node i. According to our previous work , the effects of the state
variables on the C/N ratio could be ranged in a descending order as: NH4+-N > Moisture
content > Ash Content > Mean Temperature > Mesophilic bacteria biomass. The result
might imply that the variation of NH4+-N concentration, the associated temperature and
moisture conditions, the total loss of both organic matters and available mineral
constituents, and mesophilic bacteria activity, might be the important factors affecting
C/N ratio during the food waste composting.

4.4.4 Effect of State Variables on the C/N Ratio
Dynamic variations of the C/N ratios during the six runs of composting experiments
follow different patterns (Figure 8). In Runs 1 and 2, the initial C/N ratios drop to 14.75
and 15.08 due to the addition of soybean. This is consistent with the conclusion of Wong
et al. (2001) where adding soybean residues could lower the C/N ratio because of its
relatively high nitrogen content (Wong et al., 2001). The C/N ratios in these two runs
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gradually dropped to the minimum (9.57 and 9.38) in Day 28 and Day 30, respectively,
possibly due to the carbon loss by CO2 emission. The two C/N ratios then gradually rise
to 13.70 until Day 37 and to 12.70 until Day 42; then both keep fluctuating or stable,
individually. This is possibly due to the decrease of total nitrogen content caused by NH3
emission. In Runs 3 and 4, the initial C/N ratios are adjusted to about 32.63 and 29.89.
The C/N ratio in Run 3 keeps decreasing to 17.46 until Day 33 and slowly increases to
19.43 until the last day. The C/N ratio in Run 4 keeps decreasing to 19.85 until Day 18,
keeps fluctuating to 20.92 until Day 33, and then slowly drops to 17.15 until Day 43. In
Run 5, the initial C/N ratio of the composting material is 31.9. The C/N ratio keeps
decreasing until Day 35 and become stable (11.79) until Day 39. The decrease of C/N
ratio may be associated with the mass loss of organic materials by CO2 emission
(maturating processes). In Runs 6, the initial C/N ratio is raised to 34.99 after adding coal
ash amendment. The C/N ratio decreases to 11.88 until Day 15 and fluctuates in a small
range between 11.41 and 12.84 in the latter stage. The final composts obtained in all of
the six runs are considered mature, since the C/N ratio should be less than 20 for growing
plant (Lin, 2008). The good agreement between the predicted and the experimental values
of the C/N ratios in Figure 4.8 further verifies the good performance of the GASCA tree.

As the base run (without addition of cooked soybean, baking soda and coal ash), Run 5 is
chosen to further analyze the relationship between state variables and C/N ratio (Figure
4.9). The total composting period in Run 5 lasts for 39 days. A rapid heat-generating
process (less than one day) raises the temperature of the composting materials from
ambient to thermophilic (higher than 45°C). This is because of the quick initiation of
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Figure 4.9 Dynamic variations of state variables for Run 5
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microbial activities through easy utilization of the high contents of organic materials in
the simulated food waste. The mean temperature continues keeping at a high level (higher
than 45 °C) for about 25 days and then rising to a peak (52.7°C) in Day 31. The
composting materials then start to cool down and finally reach the ambient temperature
(21.15°C) until Day 39. This is because the heat generation rate becomes less than heat
loss rate since the easily degradable materials are consumed gradually. Similar tendencies
of temperature could be found in composting processes involving the mixtures of canteen
food waste and office waste papers (Bari et al., 2000) and a standard mixture of food
waste used in Japan (He et al., 2000). From the GASCA tree, the mean temperature is the
fourth important variable affecting the C/N ratio.

With the rapid temperature increasing at the initial stage, the thermophilic bacteria start to
grow and remain a fluctuant increase during thermophilic period (from 6.08 to 11.94 log
CFU/g (dry)). In comparison, the population of mesophilic bacteria decreases gradually
from 8.45 to 5.77 log CFU/g (dry) until Day 9, increase gradually in the middle stage of
composting (between Day 10 and Day 28), reach a peak (14.20 log CFU/g (dry)) in Day
29, and tend to be stable after Day 32 when the system starts to cool down to the ambient
temperature. The mesophilic bacteria are active from Day 10 to Day 28 and are inhibited
by the higher temperature stage (during the first three days and the later stage between
Day 30 and Day 33). The activity could be explained by the fact that the mean
temperature is in the range only slightly higher than 45°C (between 44.8°C and 48.4°C)
during the middle stage (Day 10 to Day 28), which results in that mesophilic bacteria
could become more active than thermophilic bacteria. Stagnation or decline in microbial
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activity in the transition from mesophilic to thermophilic conditions was reported in
laboratory-scale reactors when composting food waste or other acid wastes (Schloss and
Walker, 2000). This is also reflected in the GASCA tree that mesophilic bacteria biomass
is the last important variable affecting the C/N ratio while thermophilic bacteria biomass
is excluded.

The pH drops rapidly on the first day and keeps low at the early stage (between 3.99 and
4.89 before Day 27). This is a result of a balance between the generated short-chain
organic acids and inhibited microbial activities (Sanchez-Monedero et al., 2001). The pH
has a subsequent rapid increase from 4.55 in Day 25 to 7.15 in Day 33, which might be
caused by the generation of ammonia by decomposition of nitrogen-containing organic
matter and the biodegradation of short-chain organic acids. The pH keeps stable (around
7.12) at the later stage (after Day 33), which is due to reduced production and increased
evaporation of the alkaline ammonia (Wong et al., 2001). Similar tendencies of pH could
be found in other composting food wastes (Lin, 2008).

Moisture content is maintained at a level between 62.66% and 75.50%. Its fluctuant
increase reflects that water generated by the metabolism of microorganisms is much more
than that taken away through aeration. The increase could also be explained by that the
decrease rate of compost weight is larger than that of moisture content. The range of
moisture contents in this study is considered suitable since many previous studies suggest
that 50% moisture content is the minimal requirement for obtaining adequate microbial
activities (Liang et al., 2003b) and the optimum moisture content for composting could
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vary significantly for different compost mixtures and stages (Richard et al., 2002). The
tendency of moisture content variations is inversely related to the change of the C/N ratio
in Run 5 (Figures 4 and 5), which supports the fact from the GASCA tree that the
moisture content is the second important variable affecting the C/N ratio. The reason is
that the moisture content could directly affect microbial activities, which further
influence the C/N ratio.

The ash content has a fluctuating increase (from 1.48% to 2.80%) while the organic
content keeps a decreasing tendency (from 34.25% to 21.92%) during the composting
process. This is resulted from both biodegradation of organic matter in the composting
materials and mass loss of the composting bulk materials. In Run 5, the ash content has a
negative relationship with the change of the C/N ratio, which is reflected in its third
important position among all independent variables in the GASCA tree. Since ash content
represents the relative mass of conserved mineral constituents (Larney et al., 2005), the
total loss of both organic matters and available mineral constituents have significant
effects on the C/N ratio variation.

The NH4+-N concentration keeps a very low increasing tendency (from 20.86 to 154.41
mg/kg, wet Sample) before Day 21 and rapidly reaches a peak (828.16 mg/kg, wet
Sample) in Day 33, which indicates a significant biodegradation of organic nitrogen
content (ammonification process) in the latter stage. It is noted that NH4+-N concentration
is the first important variable affecting the C/N ratio in the GASCA tree. This implies that
the variation of NH4+-N concentration plays a major role in the variation of total nitrogen.
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NH3 emission in the outlet gas fluctuates within a very small range (between 52.99 and
99.11 μg/day) before Day 29 and increases rapidly to a peak (5.99 ╳ 104 μg/day) in Day
35. The low pH environment in the initial stage (before Day 27) might inhibit the NH3
release from ammonium. The NH3 emission peak occurs when the pH reaches the highest
level (7.15) in Day 35. The similar tendencies of NH3 emission variation and its close
relationships with compost pH level were observed in other composting food wastes (Lin,
2008).

4.5 Discussion

Quantitative analysis of complicated interactions between state variables and the C/N
ratio during food waste composting is a challenge. Most previous studies focused on the
relationships between initial C/N ratios and final compost quality (Eiland et al., 2001;
Huang et al., 2004; Kumar et al., 2010b; Larsen and McCartney, 2000) or the effects of
initial conditions on the final C/N ratios in compost (Gao et al., 2010). In fact, inherent
composting mechanisms exist in dynamic interactions between state variables and target
characteristics.

The statistical models employed to directly quantify these relationships during
composting processes are mostly multiple linear regression or response surface analysis
(Chang and Chen, 2010a; Khalil et al., 2008). However, the inherently nonlinearity leads
to difficulties in applying these conventional models. Simulation-based models can
explicitly express dynamic composting mechanisms (Sole-Mauri et al., 2007). However,
they are not straightforward to directly interpret such multiple interactions. In comparison,
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the proposed GASCA model can not only establish a nonlinear relationship between state
variables and the C/N ratio but also select more significant state variables and adjust the
related statistical parameters automatically.

To ensure a good performance of GASCA, a careful design of fitness function to balance
the accuracy and the complexity is indispensable since an optimal SCA largely relies on
the expression of fitness function. The convergence efficiency should be further improved
through avoiding unnecessary calculation of SCA. A good solution in this study is
through introducing the proxy table to store the features of already-calculated SCA trees.
Alternatively, more efficient direct-searching algorithms could be introduced in the future
to facilitate variable or parameter selection for SCA.

SCA itself still has some weakness besides its high calculation workload during the
training phase. Although the effects of the GA-selected state variables on the C/N ratio
were quantified in this study, more straightforward methods are required to reflect these
effects and to interpret the embedded mechanism. Also, the new samples dropped in the
tip-cluster of SCA trees have to possess the same values for the predicted independent
variables. If more accuracy of prediction is concerned, other multiple regression models
could be developed among samples in the specific tip-cluster to distinguish the sample’s
difference within the tip-cluster (He et al., 2008c).

In addition, besides the C/N ratio, GASCA can be applied to many other characteristics
of interest in waste composting (Chefetz et al., 1996) or co-composting for remediation
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(Thorn et al., 2002). Especially, some indexes (e.g. mature index, stable index,
inactivated pathogen) are expensive or time-consuming for monitoring. Building
GASCA-based relationships between the ordinary state variables and these indexes
would help identify the most significant relationships, understand the interactive
mechanisms, and infer the hard-to-obtain characteristics in an easier manner, during
composting and many other environmental processes.

4.6 Summary

Through integrating Genetic-Algorithm (GA) with stepwise cluster analysis (SCA), a
GA-aided SCA model (GASCA), was developed to reflect the nonlinear relationships
among state variables and the C/N ratio in food waste composting. Six runs of designed
experiments through bench-scale reactors in a laboratory were constructed to demonstrate
GASCA’s performance. The optimal GASCA’s inherent parameters were configured as:
population size is 100, crossover fraction is 0.8, αcut is 0.055, αmerge is 0.055, and Nmin is 9.
A proxy table was introduced to avoid unnecessary and time-consuming calculation of
the fitness function, which could save around 70% computational efforts. A GASCA tree
with smaller size and better performance than the corresponding SCA tree was obtained.
This demonstrated the enhanced ability of GASCA through integration of both GA’s
variable-screening ability and SCA’s nonlinear mapping advantages.

The results showed that GASCA could successfully establish a statistical relationship
between the selected state variables and the C/N ratio under discrete and nonlinear
complexities. The effects of the GA-selected state variables on the C/N ratio were ranged
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in a descending order as: NH4+-N concentration> Moisture content > Ash content > Mean
Temperature > Mesophilic bacteria biomass. This rank implied that the variation of
ammonium nitrogen concentration, the associated temperature and moisture conditions,
the total loss of both organic matters and available mineral constituents, and mesophilic
bacteria activity, were the important factors affecting C/N ratio during the food waste
composting processes. This study, for the first time, combined GA and SCA within a
framework to map the relationships in composting processes. It is expected that more
direct search algorithms could be coupled with SCA to compensate each other’s ability
forming more powerful methods to analyze other more complicated relationships during
composting.
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CHAPTER 5 INEXACT PIECEWISE QUADRATIC
PROGRAMMING FOR WASTE FLOW ALLOCATION UNDER
UNCERTAINTY AND NONLINEARITY

5.1 Background

Waste flow allocation (WFA) is critical in municipal solid waste management (Everett
and Modak, 1996; Li and Huang, 2007b). To address the WFA problem under
uncertainties, three major types of inexact mathematical programming methods have
been proposed, including stochastic programming, fuzzy programming, and interval
parameter programming (Chang et al., 1997c; Chang and Wang, 1996b; Huang et al.,
2005b; Li and Huang, 2007b; Sahinidis, 2004).These programming methods can tackle
various uncertainties expressed as random variables, fuzzy sets and discrete intervals;
meanwhile; combinations of these methods can address multiple uncertainties (Huang et
al., 1992b; Huang et al., 1996; Huang and Moore, 1993; Li et al., 2006; Xu et al., 2009b).
However, most of these methods are based on an assumption of linear objective function.
In practical waste management systems, most relationships among different system
components are nonlinear in nature, which can be described accurately only if a nonlinear
model is expressed (Wu et al., 2006). Thus, incorporation of nonlinearities and
uncertainties within a general optimization framework is desired to comprehend tradeoffs
among various waste management practice and policies.

Effects of economies-of-scale can often bring about nonlinearities in objective functions
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in a WFA planning under uncertainties. Previously, two types of approaches were
employed to deal with the scale effects within an inexact optimization framework. One
approach was to find efficient algorithms to directly solve the resulting nonlinear
objective functions with inexact information. However, this approach needs much effort
of strict mathematical proofs (Sun et al., 2009c). For instance, a derivative algorithm was
proved for solving the inexact quadratic programming model (IQP) with much lower
computational efforts (Chen and Huang, 2001a). An interval nonlinear programming
model with a satisfactory algorithm was proposed and applied to the planning of waste
management activities in the Hamilton-Wentworth Region of Ontario, Canada (Wu et al.,
2006). The other type of approach was to approximate nonlinear expressions so that
existing algorithms could be applied. A simple linear approximation was often employed
to substitute nonlinear expressions previously. For instance, with the consideration of
data availability and computational efficiency, two IQP methods were proposed through
introduction of intervals and fuzzy numbers within quadratic programming frameworks
(Huang et al., 1994c; Huang and Baetz, 1995). A fuzzy two-stage quadratic programming
method was proposed to better reflect uncertainties expressed as both probability density
and fuzzy membership functions as well as nonlinearity in the form of quadratic terms as
a whole (Li and Huang, 2007b).

In fact, nonlinear systems usually can be approximated more accurately by piecewise
linear functions through splitting the state space into piecewise regions and assuming
sub-system is linear within each region (Croxton et al., 2003; Keha et al., 2004). The
concept of piecewise has many applications in the field of automatic control (Bemporad
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et al., 2000; Bemporad and Morari, 1999; Rantzer and Johansson, 2000). There have been
a few applications of piecewise-linearization-based linear programming to dealing with
filter management in fluid power systems (Nie et al., 2009a; Nie et al., 2010a; Nie et al.,
2010b), coastal subsurface water management problems (Karterakis et al., 2007),
hydroelectric generation resources management (Moraga et al., 2007), reservoir system
scheduling (Pereira and Pinto, 1991), and optimal synthesis of an integrated water system
(Karuppiah and Grossmann, 2006). Notably, piecewise linearization was incorporated for
dealing with interval-fuzzy nonlinear programming models in water quality management
(Qin et al., 2007a; Zhu et al., 2009). However, few application of inexact piecewise
quadratic programming to waste management problems was reported.

Therefore, the objective of this study is to develop an inexact piecewise quadratic
programming method (IPQP) and to apply it to a WFA problem. The performance of
IPQP will be compared with that of conventional inexact quadratic programming model
(IQP). A representative waste management planning case will then be employed to test
the models in dealing with both uncertainties in waste management conditions and
nonlinearities reflecting effects of economies-of-scale simultaneously. The effects of
different nonlinearity approximation methods on both transportation and operations costs
in IPQP and IQP will be analyzed and compared.

5.2 An Interval Piecewise Quadratic Programming

5.2.1 Interval Programming with Nonlinear Objective
Consider an interval nonlinear programming where parameters ( c j ) in the objective
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function are expressed as nonlinear functions ( g j ( x j ) ) of the corresponding decision
variable ( x j ):

Min f   c j x j

(5.1a)

subject to:

c j  g j ( x j ), j  1, 2, , n
n

 aij x j  bi ,

(5.1b)

i  1, 2, , m

(5.1c)

j 1

x j  0,  j

where aij , bi , c j and

(5.1d)

x j are interval parameters or variables. Since it is difficult to

find general arithmetic algorithms to solve the interval nonlinear problem directly, a
straightforward solution is to transfer Model (5.1) into an approximated linear
programming.

5.2.2 Formulation of Interval Piecewise Quadratic Programming
Because g j ( x j ) is only associated with one independent variable ( x j ), a piecewise linear
regression (PLR) model could be fitted to approximate equation (5.1b) as follows:
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 j1 x j   j1

...


 

g j ( x j )   j x j   j   jh x j   jh


 jlP x j   jlP

( PjL1  x j  PjU1 )
( PjhL  x j  PjhU )

(5.2)

( PjlLP  x j  PjlUP )

where  j and  j are the interval slope and the interval intersection in the PLR model
to approximate g j ( x j ) , respectively;

Substitute equations (5.2) into model (5.1) and consider the features of PLR, then we
have the Interval Piecewise Quadratic Programming (IPQP) model:

n

Min f    ( j x j 2   j x j )

(5.3a)

j 1

subject to:

lP

lP

h 1

h 1

 (  jh PjhL )  x j   (  jh PjhU ), j

(5.3b)

l
l

 j   (  jh jh ),  (  jh jh )  , j
h 1
 h 1


(5.3c)

l
l

 j   (  jh jh ),  (  jh jh )  , j
h 1
 h 1


(5.3d)

P

P

P

P
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c j
cj   j xj   j  xj  ( jh jh )   ( jh jh )

 j ,  j
xt, j , xt, j  ft  , f t 




  min  f t,opt
f opt
 , min  f t,opt


Figure 5.1 Framework of inexact piecewise quadratic programming
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lP

  jh  1, jh 0,1,

j  1, 2, , n

(5.3e)

h 1

n

 aij x j  bi ,

i  1, 2, , m

(5.3f)

j 1

x j  0,  j

(5.3g)

where h is piece number in the PLR model for g j ( x j ) ; lP is the max piece number in the
PLR model for g j ( x j ) ; PjhL and PjhU are lower and upper bounds of the range for x j in
piece h, respectively;  jh and  jh are lower and upper bounds of  j in piece h,
respectively;  jh and  jh are lower and upper bounds of  j in piece h, respectively;

 jh is 0 or 1 to indicate if Piece h is selected in the PLR model for g j ( x j ) .

5.2.3 Solution Algorithm
Figure 5.1 shows the general framework of the IPQP model. In nature, the IPQP Model is
an interval-parameter mixed-integer quadratic programming model. Without loss of
generality, the binary decision variable  jh could be firstly determined by the branch
and bound approach. Due to the constraint from Equation (3e), there will be at
most (lP )n combinations of  jh (In real applications, the number of combinations could
be further reduced due to the individual constraints of each x j ). When  jh is searched
and determined in sequence among all combinations, the IPQP model then can be
transformed into two sets of sub-models under two situations by the interactive algorithm
in the previous work (Chen and Huang, 2001b; Huang and Baetz, 1995; Huang and
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Loucks, 2000). The pairwise submodels can be solved since they are deterministic
quadratic programming models.

(i) when the signs of  j and  j are the same (if  j  0 , i.e.  jh  0,  jh  0, h , then

 j should be ≥ 0, i.e.  jh
 0,

corresponding to

f t  and

 jh  0, h ; vice versa), the bounds for  jh ,  jh and xt, j
f t  can be easily defined under each t , jh (t = 1,

2,…, (lP )n ). Then model (5.3) can be formulated as follows:

k

lP

lP

Min f t    [ ( t , jh jh ) xt, j   ( t , jh jh )( xt, j )2 ] 
j 1 h 1

h 1

n



lP

lP

[ ( t , jh jh )xt, j   ( t , jh jh )( xt, j )2 ]

j  k 1 h 1

h 1

(5.4a)

 jh  0, jh  0, j  1,2,, k

(5.4b)

 jh  0, jh  0, j  k  1, k  2,, n

(5.4c)

subject to:

lP

lP

h 1

h 1

lP

lP

h 1

h 1

 ( t , jh PjhL )  xt, j   ( t , jh PjhU ), j  1,2,, k
 ( t , jh PjhL )  xt, j   ( t , jh PjhU ), j  k  1, k  2,, n
lP

 t , jh  1,t , jh 0,1, j  1, 2, , n

(5.4d)

(5.4e)

(5.4f)

h 1
k1

n

j 1

j  k1 1

 | aij | Sign(aij ) xt, j  

| aij | Sign( aij ) xt, j  bi , i

158

(5.4g)

xt, j  0, j  1,2,, k

(5.4h)

xt, j  0, j  k  1, k  2,, n

(5.4i)

The solutions of sub-model (5.4) can be obtained as follows:

t 



f opt
 min  f t,opt


(5.5a)

x j ,opt  xt, j ,opt 

, j  1,2,, k

(5.5b)

x j ,opt  xt, j ,opt 

, j  k  1, k  2,, n

(5.5c)

t 

t 

The solutions of sub-model (5.4) then can be substituted to sub-model (5.6) as constraints.
Thus, we have:

k

lP

lP

Min f t    [ ( t , jh jh )xt, j   ( t , jh jh )( xt, j )2 ] 
j 1 h 1

h 1

n



lP

lP

[ ( t , jh jh )xt, j   ( t , jh jh )( xt, j )2 ]

j  k 1 h 1

h 1

(5.6a)

 jh  0, jh  0, j  1,2,, k

(5.6b)

 jh  0, jh  0, j  k  1, k  2,, n

(5.6c)

subject to:

lP

lP

h 1

h 1

 ( t , jh PjhL )  xt, j   ( t , jh PjhU ), j  1,2,, k
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(5.6d)

lP

lP

h 1

h 1

 ( t , jh PjhL )  xt, j   ( t , jh PjhU ), j  k  1, k  2,, n
lP

 t , jh  1,t , jh 0,1, j  1, 2, , n

(5.6e)

(5.6f)

h 1
k1

 | aij | Sign(aij ) xt, j 
j 1

n



j  k1 1

| aij | Sign( aij ) xt, j  bi , i

(5.6g)

x j  x j ,opt , j  1,2,, k

(5.6h)

0  x j  x j ,opt , j  k  1, k  2,, n

(5.6i)

Solutions of sub-model (5.6) can be obtained as:
t 



f opt
 min  f t,opt


(5.7a)

x j ,opt  xt, j ,opt 

, j  1,2,, k

(5.7b)

x j ,opt  xt, j ,opt 

, j  k  1, k  2,, n

(5.7c)

t 

t 

Combining solutions of sub-models (5.4) and (5.6), the solutions of model (5.3) can be
obtained when the signs of  j and  j are the same as follows:

x j ,opt  [ x j ,opt , x j ,opt ], j

(5.8a)




f opt
 [ f opt
, f opt
]

(5.8b)

(ii) when the signs of  j and  j are different, a two-step process is needed to determine
the corresponding relationships among  jh ,  jh , xt, j and f t  . When t , jh is searched and
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selected by the branch and bound approach ( t  1,2,,(lP )n ), through letting all
leftand/or right-hand-side coefficients of model (5.3) be equal to their mid-values, model
(5.3) then becomes a deterministic quadratic programming (QP) model as follows:

lP
n
 lP

Min f t ,m      t , jh ( jh )m ( xt , j )2m    t , jh ( jh )m ( xt , j )m 
j 1  h 1
h 1


(5.9a)

subject to:

lP

lP

h 1

h 1

 ( t , jh PjhL )  ( xt , j )m   ( t , jh PjhU ), j
lP

 t , jh  1,t , jh 0,1, j  1,

(5.9b)

2, , n

(5.9c)

h 1

n

 (aij )m ( xt , j )m   (bi )m ,i  1, 2, , m

(5.9d)

( xt , j )m  0,  j

(5.9e)

j 1

where (γjh)m, (δjh)m, (aij)m, and (bi)m are mid-values of  jh ,  jh , aij , and bi [e.g.,
( jh ) m  ( jh   jh ) / 2 ]. Through solving model (5.9), we can obtain the optimal solutions
of ( xt , j ) m,opt  [ xt, j ,opt , xt, j ,opt ], j . Thus, the relationships between xt, j and f t  can
be identified according to the following criteria:

lP
 lP

f t , j ( xt, j opt )  f t , j ( xt, j opt ), when 2  ( t , jh jh )  ( xt , j ) m, opt   ( t , jh jh )  0
h 1
 h 1
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(5.10a)

lP
 lP

f t , j ( xt, j opt )  f t , j ( xt, j opt ), when 2  ( t , jh jh )  ( xt , j ) m,opt   ( t , jh jh )  0
h 1
 h 1


(5.10b)

When criterion (5.10a) is satisfied, xt, j corresponds to f t  ; when criterion (5.10b) is
satisfied, xt, j corresponds to f t  . Thus, two sets of sub-models similar to sub-models
(5.4) and (5.6) can be further developed to obtain the interval solutions ( xt, j opt ) and the

). Finally, the corresponding
corresponding interval values of objective functions ( f t,opt

upper or lower bound solutions ( x j opt , x j opt ) will be obtained through searching


min  f t,opt
 or min  f t,opt
 ; the bound solutions will then be combined to form the general

solutions ( x j opt ) for Model (5.3) under this situation (when  j and  j have different
signs).

5.3 Overview of Waste Flow Allocation Problem

5.3.1 General Complexity
Scientifically solving a WFA problem by a regional manager is to allocate reasonable
amounts of waste flows from multiple districts to different waste treatment facilities
(WTFs) over several periods across the region. The WFA problem is multipledimensional in nature (Figure 5.2). The planning time consists of several equally-long
periods. The allocation region is divided into several districts. The WTFs usually include
landfill, incineration, composting, and recycle. Waste flows generated and transferred in
this multiple-dimension system result in interconnections among districts and facilities. A
landfill is the disposal of waste materials by burial, which receives wastes from different
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Figure 5.2 Multiple dimensions of waste flow allocation system
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districts and residues from other facilities. A composting facility turns the organic wastes
into environment-friendly humic matters (Sun et al., 2009a). A recycling facility converts
the wastes into useful products. An incineration facility serves as burning the allocated
wastes. Those interconnections lead to various complexities involving uncertainties in
wastes flow, transportation/operation costs and WTF capacities, constraints in treatment
capacities of different WTFs, balances among waste amounts of generation,
transportation and treatment, as well as nonlinearity existing between the waste flows and
their transportation/operation costs caused by effects of economies-of-scale.

5.3.2 Case Study
Based on representative data from governmental reports and related references, a
hypothetical case is considered. In the case, a regional manager is responsible for
reasonably allocating waste flows over a three-period planning horizon (each period is
5-year) in order to minimize the net system cost. The waste generation rates in district 1
are [125, 185], [165, 215], and [185, 245] t/d in the three periods and those in district 2
are [155, 205], [175, 220], and [195, 245] t/d, individually. Two available WTEs (one
landfill and one incinerator) serve the MSW treatment/disposal needs from the districts.
At least 40% (a diversion rate) of waste flows is forced to be treated by the incinerator
due to the growing opposition from the public with regard to landfill disposal.
Approximately 30% (on a mass basis) residues of the incoming waste flows to the
incinerator are further disposed at the landfill. The incinerator has a capacity of [200, 240]
t/day while the landfill has a capacity of [1.7, 2.1] million tones. Revenue from
incinerator is [15, 20], [20, 25], and [25, 30] $/t in the three periods, individually. The
costs of waste transportation and operation vary from districts to WTFs in the three
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periods. When waste flows are high or transportation distances are long, the effects of
economies-of-scale in terms of waste transportation to or operations in WTFs could be
expressed as a sizing model with a power law (Huang and Baetz, 1995):

TR 

OP 

TRre ( X / X re,tr )m
X

(5.11a)

OPre (Y / Yre,op )n

(5.11b)

Y

where X is a waste flow variable (t/d); Xre,tr is a reference waste flow (t/d); TR is the unit
transportation cost ($/t); TRre is a known transportation cost for reference waste flow Xre,tr
($); Y is a waste treatment amount variable (equals to a sum of waste flow which enters
the WTF, t/d); Yre,op is a reference waste treatment amount (t/d); OP is the unit operation
cost in WTFs ($/t); OPre is a known operation cost for reference waste flow Yre,op in
WTFs ($); and m and n are the corresponding economies-of-scale exponents (0 < m, n <
1). For waste transportation and operation cost, m or n value is approximately 0.8 to 0.9
(Huang and Baetz, 1995).

Assume that there are l pieces within the feasible range of waste flows or waste treatment
amounts. Accordingly, Equation (5.11) can be approximated as PLR models as follows:
1 X  1


TR   i X   i


 l X   l

( P1  X  P2 )
( Pi  X  Pi 1 )

(5.12a)

( Pl 1  X  Pl )
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 1Y  1



OP   jY   j


 lY   l

(Q1  Y  Q2 )

(5.12b)

(Q j  Y  Q j 1 )
(Ql 1  Y  Ql )

where  i , and  i are the slopes and the intercepts for ith PLR model for waste
transportation cost (i = 1, 2, ... , l); the lower and upper bounds for the range of waste
flows are Pi and Pi 1 individually;  j and  j are the slopes and the intercepts for jth
PLR model for waste treatment cost (j = 1, 2, ... , l); The lower and upper bounds for the
range of waste treatment amounts are Q j and Q j 1 individually.

Since effects of economies-of-scale may change due to variations of factors affecting
transportation and operation costs, different levels of scale exponents (m and n) are
assumed. In the meantime, an increasing piecewise level will not only bring about
decreasing approximation errors between the sizing model and the PLR models but also
results in increased numbers of decision variables. Thus, a proper piecewise level of 4 is
chosen for all PLR models in this study.

5.4 Application

The proposed IPQP model is applied to tackle the above planning problem for WFA. The
objective is to minimize the net system cost (i.e. subtracting revenues from transportation
cost and operation costs in WTFs). The decision variables represent waste flows from
district j to WTE i in period k. The constraints involve all relationships among the
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decision variables under representative waste management conditions. Thus, we have:

q
q
u q

u v q





 
Min f  Lk    X ijk TRijk    Yk FTk     Z1k OP1k    Z 2k  OP2k  REk   
k 1
i  2 k 1
k 1

 i 1 j 1 k 1


(5.13a)
 ijk 1 X ijk   ijk 1

...
  

TRijk   ijk X ijk   ijk   ijkh
X ijk   ijkh
...



 ijkl
X ijk   ijkl

 k1Yk   k1
...


 

FTk   k Yk   k   kh Yk   kh
...

 klYk   kl
 ik 1Zik   ik1
...



OPik   ik Z ik   ik   ikh
Zik   ikh
...

 ikl Zik   ikl

( PijkL 1  X ijk  PijkU 1 )
L
U
( Pijkh
)
 X ijk  Pijkh

(5.13b)

L
U
( Pijkl
)
 X ijk  Pijkl

(QkL1  Yk  QkU1 )
U
(QkhL  Yk  Qkh
)

(5.13c)

(QklL  Yk  QklU )
( RikL1  Zik  RikU1 )
L
U
 Z ik  Rikh
( Rikh
)

(5.13d)

U
( RiklL  Z ik  Rikl
)

where: f  is net system cost ($); X ijk , Yk and Zik are decision variables; X ijk is waste
flow from district j to facility i during period k (t/d); Yk is waste residue flow from
incinerator to landfill during period k (t/d); Zik is waste treatment amount in facility i
during period k (t/d); i is type of waste management facility (i = 1 for landfill and 2 for
incinerator); j is name of district (j = 1 and 2); k is planning period (k = 1, 2 and 3); Lk is
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length of period k (day); h is piece number in the PLR models for TRijk , FTk and
OPik (h =1, 2, …, l); TRijk is transportation cost for waste flow from district j to facility i
during period k ($/t);  ijk and  ijk are slope and y-intercept in the PLR model to


and  ijkh
are lower and upper bounds of  ijk in piece h,
approximate TRijk ;  ijkh



and  ijkh
are lower and upper bounds of  ijk in piece h, respectively;
respectively;  ijkh

L
U
Pijkh
and Pijkh
are lower and upper bounds of the range for X ijk in piece h, respectively;

FTk is transportation cost for residue flow from the incinerator to the landfill during
period k ($/t);  k and  k are slope and y-intercept in the PLR model to approximate
FTk ;  kh and  kh are lower and upper bounds of  k in piece h, respectively;  kh and

 kh are lower and upper bounds of  k in piece h, respectively; QkhL and QkhU are lower
and upper bounds of the range for Yk in piece h; OPik is operating cost in facility i for
waste treatment amount during period k ($/t);  ik and  ik are slope and y-intercept in


the PLR model to approximate OPik ;  ikh
and  ikh
are lower and upper bounds of  ik


and  ikh
are lower and upper bounds of  ik in piece h,
in piece h, respectively;  ikh
L
U
respectively; Rikh
and Rikh
are lower and upper bounds of the range for Zik in piece

h; REk is revenue from the incinerator during period k ($/t).

Substitute Equations 5.13b and 5.13d into 5.13a, then we have the IPQP model as
follows:
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u q
2
u v q
2
Min f   Lk    ijk  X ijk    ijk X ijk     k Yk    kYk 

 i  2 k 1 
 i 1 j 1 k 1 
q
q
2
2

   ik  Z1k    ik Z1k     2k  Z 2k    2k Z 2k  REk Z 2k  

 k 1 

k 1

(5.14a)

subject to:
[Piecewise constraints related to transportation cost from districts to WTFs]:
l

l

h 1

h 1

U
), i, j , k
 (ijkh PijkhL )  X ijk   (ijkh Pijkh



l



l



(5.14b)

l



l





 ijk   (ijkh ijkh
),  (ijkh ijkh
)  ,  ijk    (ijkh  ijkh
),  (ijkh  ijkh
)
h 1
h 1
 h 1

 h 1


l

ijkh  1,
h 1

i, j , k

ijkh  0,1,i, j, k

(5.14c)

(5.14d)

[Residue mass balance in WTFs]:
v

Yk    X 2 jk FE  , k

(5.14e)

j 1

[Piecewise constraints related to transportation cost from WTFs to landfill]:
l

l

h 1

h 1

 (khQkhL )  Yk   (khQkhU ), k


l

l



(5.14f)



l

l



 k   (kh kh ),  (kh kh )  , k   (kh kh ),  (kh kh )  ,k
 h 1

 h 1

h 1
h 1
l

kh  1,
h 1

kh  0,1k

(5.14g)

(5.14h)
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[Mass balance for waste treatment]:
v

Z1k    X 1jk   Yk , k

(5.14i)

j 1

v

Z 2k   X 2 jk , k

(5.14j)

j 1

[Piecewise constraints related to operation costs in WTFs]:
l

l

h 1

h 1

 (ikh RikhL )  Zik   (ikh RikhU ),


l

l

i , k





(5.14k)
l

l







 ik   (ikh ikh
),  (ikh ikh
)  ,  ik   (ikh ikh
),  (ikh ikh
)  ,i, k
 h 1

 h 1

h 1
h 1
l

 ikh  1,
h 1

ikh  0,1i, k

(5.14l)

(5.14m)

[Capacity constraints for landfill]:
q

Lk  Z1k  LC 

(5.14n)

k 1

[Capacity constraints for incinerator]:
Z 2k  TCik , k


(5.14o)

[Waste disposal demand constraints]:
u

 X ijk  WG jk ,

j , k

(5.14p)

X ijk  DGik WG jk , j , k ; i  2, 3, , u

(5.14q)

i 1
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[Non-negativity constraints]:
X ijk  0, i , j, k

(5.14r)

where ijkh is 0 or 1 to indicate if piece h is selected in the PLR model for TRijk ; FE  is
residue flow rate from incinerator to landfill (% of incoming mass to incinerator); kh is
0 or 1 to indicate if Piece h is selected in the PLR model for FTk ; ikh is 0 or 1 to
indicate if Piece h is selected in the PLR model for OPik ; LC  is capacity of landfill
(tonne or t); TCik is capacity of WTF i (t/day) in period k; WG jk is amount of waste
generated in district j in period k; DGik is diversion rate of waste flow to facility i
regulated by the authority in period k.

To verify the performance of IPQP, a conventional inexact quadratic programming model
(IQP) is introduced for comparison. The IQP model can be formulated based on Model
(5.14) with removal of piecewise constraints (Equations (5.14b) to (5.14d), (5.14f) to
(5.14h), and (5.14k) to (5.14m)). Accordingly, in IQP model,  ijk and  ijk become
slope and y-intercept in a linear regression (LR) model to approximate TRijk ;  k and

 k change to slope and y-intercept in a LR model to approximate OPik ; and  ik and
 ik are slope and y-intercept in a LR model to approximate OPik . Obviously, IQP could
be considered as the simplest type of IPQP where the max piece number is 1 and the unit
cost functions in the entire feasible region is linear.
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Table 5.1 Optimized waste flows ( X ijk ) from districts to WTFs and the corresponding transportation costs ( TRijk )
Facility

District Period IQP

IPQP

i

j

k

Waste flow (t/d) Transportation cost ($/t) Piece h Waste flow (t/d) Transportation cost ($/t)

Landfill

1

1

[75.0, 111.0]

[14.1, 16.6]

1, 2

[75.0, 106.5]

[14.1, 16.4]

Landfill

1

2

[99.0, 129.0]

[15.0, 18.0]

2, 2

[99.0, 114.0]

[14.8, 18.2]

Landfill

1

3

[111.0, 147.0]

[16.3, 19.2]

2, 3

[102.5, 143.0]

[16.2, 19.1]

Landfill

2

1

[93.0, 123.0]

[11.5, 15.5]

2, 2

[93.0, 123.0]

[11.2, 15.1]

Landfill

2

2

[105.0, 135.0]

[12.4, 15.9]

2, 3

[105.0, 131.5]

[12.0, 15.7]

Landfill

2

3

[117.0, 147.0]

[13.4, 16.8]

2, 3

[117.0, 147.0]

[13.0, 16.6]

Incinerator 1

1

[50.0, 74.0]

[11.8, 15.1]

1, 1

[50.0, 78.5]

[12.2, 14.9]

Incinerator 1

2

[66.0, 86.0]

[12.1, 15.7]

1, 2

[66.0, 101.0]

[12.3, 15.1]

Incinerator 1

3

[74.0, 98.0]

[12.8, 16.3]

2, 2

[82.5, 102.0]

[12.4, 15.9]

Incinerator 2

1

[62.0, 82.0]

[12.3, 15.8]

1, 2

[62.0, 82.0]

[12.4, 15.5]

Incinerator 2

2

[70.0, 90.0]

[12.9, 16.5]

1, 2

[70.0, 93.5]

[12.9, 16.1]

Incinerator 2

3

[78.0, 98.0]

[13.5, 17.6]

2, 2

[78.0, 98.0]

[13.2, 17.1]
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Figure 5.3 Unit costs of waste transportation from district 1 to landfill in Period 1
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Figure 5.4 Unit costs of waste transportation from district 1 to landfill in Period 2
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Figure 5.5 Unit costs of waste transportation from district 1 to landfill in Period 3
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Figure 5.6 Unit costs of waste transportation from district 2 to landfill in Period 1
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Figure 5.7 Unit costs of waste transportation from district 2 to landfill in Period 2

177

22

P1+:TR+123=-0.089X+123+25.32
P2+:TR+123=-0.047X+123+22.61
P3+:TR+123=-0.026X+123+20.49
P4+:TR+123=-0.017X+123+19.04

+

 P1
20
Transportation cost ($/ton)

+

 P2Exponential:TR+ =21.80(X+ /40)-0.21

123
+ 123
+
 Linear:TR123=-0.036X123+22.05

18

+

 P3
16

+
 P4

-

 P1

-

P1- :TR-123=-0.066X-123+18.88
12 P2 :TR123=-0.030X123+16.46
P3- :TR-123=-0.016X-123+14.79
P4- :TR-123=-0.014X-123+14.44
10
40

-0.21

-

=16.29(X123/40)
 Exponential:TR
123
P2

 Linear:TR123=-0.027X123+16.48

14

60

80

-

 P3

100
120
140
Waste flow (ton/d)

160

-

 P4

180

200

Figure 5.8 Unit costs of waste transportation from district 2 to landfill in Period 3
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Figure 5.9 Unit costs of waste transportation from district 1 to incinerator in Period 1
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Figure 5.10 Unit costs of waste transportation from district 1 to incinerator in Period 2
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Figure 5.11 Unit costs of waste transportation from district 1 to incinerator in Period 3
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Figure 5.12 Unit costs of waste transportation from district 2 to incinerator in Period 1
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Figure 5.13 Unit costs of waste transportation from district 2 to incinerator in Period 2
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Figure 5.14 Unit costs of waste transportation from district 2 to incinerator in Period 3
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5.5 Result Analysis

Table 5.1 presents the optimized waste flows and the corresponding unit transportation
costs from the two districts to two WTFs, which are obtained through both IPQP and IQP
models. Since the inexact waste-management conditions vary temporally and spatially,
the patterns of optimized waste flows change accordingly in the multidimensional system.
Figures 5.3 to 5.14 show the lower and upper bound curves of waste transportation cost
from districts to the landfill and to the incinerator, which are based on raw data
(generated by exponential functions), linear regression models and PLR models for all of
the pieces. The bold pieces in these figures indicated those which were optimally selected
in the final solution for IPQP model. Better agreement between raw data and the PLR
models than the LR models indicated that better fitting ability of PLR than LR when
approximating nonlinear scale effects between waste flows and transportation costs. This
implied more accurate transportation costs would be calculated in the PLR-based IPQP
model compared with the LR-based IQP model.

Based on the IPQP model (Table 5.1), for the landfill, the optimized waste flows from
district 1 would be [75.0, 106.5] t/d in period 1, [99.0, 114.0] t/d in period 2, and [102.5,
143.0] t/d in period 3. The corresponding transportation costs related to these waste flows
would be [14.1, 16.4], [14.8, 18.2], and [16.2, 19.1] $/t in periods 1, 2 and 3. The
optimally selected pieces in the IPQP model for calculated lower- and upper- bounds of
these costs would be number 1 and 2, 2 and 2, and 2 and 3 in each PLR model,
respectively (Figures 5.3 to 5.8); similar to district 1, the optimized flows from district 2
to the landfill would be [93.0, 123.0], [105.0, 131.5], and [117.0, 147.0] t/d in periods 1
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Figure 5.16 Unit costs of residue transportation from incinerator to landfill in Period 2
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Figure 5.17 Unit costs of residue transportation from incinerator to landfill in Period 3
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to 3, individually. The associated transportation costs would be [11.2, 15.1], [12.0, 15.7]
and [13.0, 16.6] $/t. The obtained pieces for calculating lower-bound and upper-bound of
these costs would be number 2 and 2, 2 and 3, and 2 and 3 in each PLR model ( ),
respectively. For the incinerator, the optimized flows from district 1 would be [50.0,
78.5], [66.0, 101.0], and [82.5, 102.0] t/d, the related transportation costs would be [12.2,
14.9], [12.3, 15.1] and [12.4, 15.9] $/t in periods 1 to 3, and the matching piece numbers
for lower- and upper- bounds of these costs would be 1 and 1, 1 and 2, and 2 and 2
(Figures 5.9 to 5.14), separately; those from district 2 would be [62.0, 82.0], [70.0, 93.5],
and [78.0, 98.0] t/d which are associated with transportation costs of [12.4,15.5],
[12.9,16.1] and [13.2, 17.1] $/t and piece numbers of 1 and 2, 1 and 2, and 2 and 2, in
periods 1 to 3 (Figures 5.15 to 5.17), respectively.

In comparison, the interval solutions of the IQP are close to those of the IPQP (Table 5.1).
Most lower-bounds of optimized waste flows in IQP are almost the same as those in
IPQP. Only two differences between lower-bounds can be found when waste flows in
Period 3 are allocated from district 1 to the landfill (102.5 vs. 111.0) and from district 1
to the incinerator (82.5 vs. 74.0). Most upper-bounds of optimized waste flows in IQP are
slightly different from those in IPQP while four upper-bounds of waste flows from
district 2 to both landfill and incinerator in Periods 1 and 3 have no differences in both
models (123.0 vs. 123.0 and 147.0 vs. 147.0, 82.0 vs. 82.0 and 98.0 vs. 98.0). Meanwhile,
most of unit transportation cost intervals in IQP are larger than those in IPQP (i.e. both
lower- and upper- bounds are larger or equal) except for four exceptions. The exceptions
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Table 5.2 Optimized residues ( Yk ) from incinerator to landfill and the corresponding
transportation cost ( FTk )
Period IQP
k

IPQP

Waste flow

Transportation cost

Piece

Waste flow

Transportation cost

(t/d)

($/t)

h

(t/d)

($/t)

1

[33.6, 46.8]

[6.6, 8.1]

1, 2

[33.6, 48.1]

[6.5, 7.8]

2

[40.8, 52.8]

[7.0, 8.8]

2, 3

[40.8, 58.4]

[6.8, 8.3]

3

[45.6, 58.8]

[7.4, 9.3]

2, 3

[48.1, 60.0]

[7.2, 9.1]
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are unit transportation cost intervals from district 1 to landfill in period 2 ([14.8, 18.2] vs.
[15.0, 18.0]), from district 1 to incinerator in periods 1 and 2 ([12.2, 14.9] vs. [11.8, 15.1],
and [12.3, 15.1] vs. [12.1, 15.7]), and from district 2 to incinerator in period 1 ([12.4,
15.5] vs. [12.3, 15.8]). The differences for unit transportation cost would be due to the
fitting degrees between raw data and these regression models, which can be obviously
observed in Figures 3 and 4. Since most of selected piece numbers are 2 or 3, the curves
of PLR models are closer to the raw data and thus lower than the curves of LR models.
Therefore, when lower and upper bounds of optimized waste flows in both models are
near to each other, the corresponding unit transportation cost calculated by PLR models
would be less than by LR models. On the contrary, in the four exceptions, when the piece
number is optimally selected as 1 and the corresponding lines for PLR models (related to
the optimized waste) are higher than that for LR models, unit transportation costs based
on PLR models would be larger than LR models.

Similarly, Table 5.2 presents the optimized residue and the corresponding unit
transportation costs from the incinerator to landfill based on IPQP and IQP models.
Figures 5.15 to 5.17 show the lower and upper bound curves of unit transportation costs,
which further confirm that the predictions of the PLR models are much closer to raw data
than that of the LR models. For this reason, even intervals (or only lower-bounds or
upper-bounds) of optimized residue waste flows in IPQP are larger than those in IQP
models ( [33.6, 48.1] > [33.6, 46.8] t/d in period 1, [40.8, 58.4] > [40.8, 52.8] t/d in
period 2, and [48.1, 60.0] > [45.6, 58.8] t/d in period 3), the unit transportation costs for
these waste flows in IPQP model are still less than those in IQP models ([6.5, 7.8] < [6.6,
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Table 5.3 Optimized waste treatment amounts in WTFs ( Zik ) and the corresponding operation costs ( OPik )
Facility

Period

IQP

IPQP

i

k

Waste generation (t/d)

Operation cost ($/t)

Piece h

Waste generation (t/d)

Operation cost ($/t)

Landfill

1

[201.6, 280.8]

[22.5, 30.7]

2, 3

[201.6, 277.7]

[22.2, 30.6]

Landfill

2

[244.8, 316.8]

[25.9, 37.4]

3, 3

[244.8, 303.8]

[25.6, 37.5]

Landfill

3

[273.6, 352.8]

[33.7, 48.1]

3, 4

[267.7, 350.0]

[33.5, 48.7]

Incinerator

1

[112.0, 156.0]

[51.5, 68.7]

2, 3

[112.0, 160.5]

[51.2, 67.4]

Incinerator

2

[136.0, 176.0]

[54.6, 75.9]

2, 3

[136.0, 194.5]

[53.8, 73.9]

Incinerator

3

[152.0, 196.0]

[58.1, 82.9]

3, 3

[160.5, 200.0]

[56.7, 81.2]
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8.1] $/t in period 1, [6.8, 8.3] < [7.0, 8.8] $/t in period 2, and [7.2, 9.1] < [7.4, 9.3] $/t). It
thus would be concluded that the PLR-based IPQP model can be used to calculate unit
transportation costs more accurately compared with the LR-based IQP model.

Besides waste flows and unit transportation costs among districts and WTFs, Table 5.3
further lists optimized waste treatment amounts in WTFs and the corresponding unit
operation costs. The patterns of optimized waste treatment amounts vary in periods in
two WTFs while the differences of waste treatment amounts between two models are not
significant. Figures 5.18 to 5.23 illustrate the lower- and upper- bound curves of unit
operation costs in WTFs in three different forms. Although the slopes of unit operation
cost curves are gentler than those of unit transportation costs, the curves of the PLR
models are still nearer to raw operation cost data than those of the LR models. For
example, the results of IPQP indicate that waste treatment amounts in landfill would be
[201.6, 277.7], [244.8, 303.8], and [267.7, 350.0] t/d in periods 1 to 3; in comparison,
slightly higher waste treatment amounts obtained by IQP would be [201.6, 280.8], [244.8,
316.8], and [273.6, 352.8] t/d in periods 1 to 3. Meanwhile, the corresponding unit
operation costs of IPQP are lower than those of IQP in periods 1 and 2 ([22.2, 30.6] <
[22.5, 30.7] $/t and [25.6, 37.5] < [25.9, 37.4] $/t) while the upper-bound of unit
operation cost of IPQP is slightly larger than that of IQP in period 3 (48.7 > 48.1 $/t).
This exception can be explained by the fact that piece 4 is selected in the IPQP model, the
curves of IPQP are higher than that of IQP in the specific ranges, and the two
corresponding waste treatment amounts are almost the same (350.0 vs. 352.8 t/d).
Different from landfill, the waste treatment amounts in incinerator of IPQP would be
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Figure 5.18 Unit operation costs for landfill in period 1
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Table 5.4 Cost comparison for waste flow allocation between two models
Expense

Specification

IQP ($1×106)

IPQP ($1×106)

Transportation Cost

Districts to WTFs

[24.32, 40.32]

[24.00, 39.59]

Incinerator to Landfill

[1.544, 2.533]

[1.538, 2.569]

Landfill

[40.20, 73.59]

[40.41, 75.63]

Incinerator

[36.67, 68.32]

[35.92, 67.42]

Revenue

Incinerator

[-19.64, -18.62]

[-20.62,-19.08]

Net Cost

System

[84.12, 165.13]

[82.79,164.59]

Operation Cost
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larger than those of IQP in periods 1 to 3 ([112.0, 160.5] > [112.0, 156.0] t/d, [136.0,
194.5] > [136.0, 176.0] t/d, and [160.5, 200.0] > [152.0, 196.0] t/d). Despite this, the unit
operation costs of IPQP would be still lower than those of IQP in periods 1 to 3 ([51.2,
67.4] < [51.5, 68.7] $/t, [53.8, 73.9] < [54.6, 75.9] $/t, [56.7, 81.2] < [58.1, 82.9] $/t),
which would be due to the curves of IPQP are much lower than those of IQP in the range
where the piece number is 2 or 3 (Figures 5.18 to 5.23).

In order to testify how the unit cost differences (transportation and operation costs) in
IPQP and IQP models would affect the net system costs (objective functions), Table 5.4
presents the sum of costs for waste flow allocation. The sum of transportation cost in
IPQP from districts to WTFs in the waste management system is $[24.00, 39.59] ×106,
being lower than that in IQP ($ [24.32, 40.32] × 106). The lower-bound of the sum of
transportation cost from the incinerator to the landfill in IPQP is lower than that in IQP
($1.538 × 106 < 1.544 × 106) whereas upper-bound of residue transportation cost sum in
IPQP is slightly higher than that in IQP ($2.569 × 106 > 2.533 × 106). However, the sum
of residue transportation cost from the incinerator to the landfill is relatively low, which
would have no significant effects on the difference between two models’ objective
function values. Meanwhile, the sum of operations cost in landfill in IPQP is higher than
that in IQP ($[40.41, 75.63] ×106 > [40.20, 73.59] ×106) while the sum of operations
costs in incinerator in IPQP is lower than that in IQP ($[35.92, 67.42] ×106 < [36.67,
68.32] ×106). The incinerator’s revenue in IPQP is also less than that in IQP ($[-20.62,
-19.08] × 106 < [-19.64, -18.62] × 106). Thus, the overall net cost (objective function) for
the entire waste allocation system by IPQP is lower than by IQP ($[82.79, 164.59] ×106 <
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[84.12, 165.13] ×106). The bound difference between two objective function values
would be $1.32 × 106 and $0.54 × 106, respectively. This supports the fact that the
differences of unit transportation and operation costs between two waste flow cost
models (PLR vs. LR) would result in lower net costs in the PLR-based IPQP than the
LR-based IQP. This further implies that the often negligible effects of scale should be
considered accurately in waste flow allocation system.

5.6 Discussion

In general, the IPQP model can not only reflect uncertainties expressed as intervals
among costs, capacities, waste generation rates, waste flows, and waste treatment
amounts and so on, but also provide a more accurate approximation for nonlinearity
existing in the objective function between unit transportation costs and waste flows as
well as between unit operation costs and waste treatment amounts due to the effects of
economic scale. This integration indicates a capability enhancement of the IPQP in
dealing with multiple complexities (i.e. both uncertainties and nonlinearity) so as to
further decrease the net costs for the overall waste management system to some degrees.
In comparison, the conventional IQP model usually handles only uncertainties and
inaccurate approximation for nonlinearity in effects of economies-of-scale.

It is interesting to note that, in the investigated waste allocation system, the optimized
waste flows from the districts to the WTFs and the optimized waste treatment amounts in
WTFs obtained through both the IPQP and IQP models have no significant differences.
This maybe mainly because the added piecewise constraints (Equations 14b to 14d, 14f to
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14h, and 14k to 14m) could not change the feasible region for both models in this study.
Equations 14b, 14f and 14k can not restrict the ranges of waste flows or waste treatment
amounts at all because each piece has the chance to be selected and determined by
restrictions from other constraints. The solution differences between the IPQP and IQP
models would be due to the degrees that objective functions to be approximated as well
as the concomitant change of interactive locations between approximated objective
functions and the same feasible region. Correspondingly, once these optimized waste
flows and waste treatment amounts lie in the ranges where the PLR curves are much
closer to the raw data (usually lower than the LR curves; Piece number equals 2 or 3 in
this study), most of the unit transportation costs or unit operation costs in IPQP model
would be less than those in IQP models. These unit cost differences would finally
contribute to the fewer sums of net costs (objective function values) in IPQP than those in
IQP.

In principle, any smooth nonlinear system can be piecewise approximated to an arbitrary
accuracy. In this sense, the nonlinear curves (waste flow vs. unit transportation cost and
waste treatment amount vs. unit operation cost) in the waste management system can be
further approximated by increasing the max piecewise number in IPQP model to obtain
more accurate and fewer net costs. However, the number of binary variables (ln) would
exponentially increase accordingly in the practical application. Therefore, the max
piecewise number and the number of decision variables with considered scale effects
need appropriate selections through the trial and error method. When the increasing piece
number could not change the feasible region so as the decision variables would not
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change significantly, a reasonable strategy would be: 1) ensure max piece numbers large
enough in a wider feasible region and solve the model; 2) gradually decrease the max
piece numbers but narrow down the feasible region of decision variables to the
neighborhood of solutions obtained in the first step; 3) repeat steps 1 and 2 until the
tradeoff between approximation accuracy and computational complexity is carefully
balanced.

5.7 Summary

An inexact piecewise quadratic programming (IPQP) model has been developed for
municipal solid waste allocation under uncertainty and nonlinearity. In IPQP,
uncertainties expressed as intervals among transportation/operation costs, treatment
capacities, waste generation rates, and waste flows/amounts can be reflected; a more
accurate approximation for nonlinearities reflecting effects of economies-of-scale in the
objective function between unit transportation costs and waste flows as well as between
unit operation costs and waste treatment amounts can be provided. The developed
method has been applied to a hypothesis case of waste allocation planning. An interactive
algorithm is designed for solving the developed IPQP model. A conventional inexact
quadratic programming model (IQP) is chosen to compare its performances with IPQP.
The results indicate that, in the investigated waste allocation system, the optimized waste
flows from the districts to the WTFs and the optimized waste treatment amounts in WTFs
through IPQP and IQP models have no significant differences. However, most of unit
transportation costs or unit operation costs in IPQP would be less than those in IQP.
These unit cost differences would finally contribute to a lower net system costs (objective

204

function values) in IPQP than those in IQP. This further implies that the often ignored
effects of economies-of-scale should be considered accurately in the real-world waste
management system to obtain lower costs. Although this study is the first attempt for
waste management application through developing the IPQP approach, the IPQP is
applicable to other environmental problems under uncertainty and nonlinearity.
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CHAPTER 6 WASTE MANAGEMENT UNDER MULTIPLE
COMPLEXITIES: INEXACT PIECEWISE-LINEARIZATIONBASED FUZZY FLEXIBLE PROGRAMMING

6.1 Background

Waste management problems are full of subjective uncertainties expressed in linguistic
terms (Al-Jarrah and Abu-Qdais, 2006; Chang and Wang, 1996a; Morrissey and Browne,
2004; Oenuet and Soner, 2008; Qin et al., 2011). For example, decision-makers may be
partially satisfied with the net system costs within a certain range or totally satisfied with
the costs lower than a certain level. When only imprecise or vague information is
available in goals and constraints, fuzzy flexible programming (FFP), a main type of
fuzzy mathematical programming, would be applicable. The FFP is able to handle fuzzy
goal and fuzzy constraints without greatly increasing the complexity of the models
(Huang et al., 1993). The FFP also has some limitations. First, FFP has difficulty in
tackling uncertainties expressed as probabilistic distributions or interval numbers in a
non-fuzzy decision space; secondly, it can hardly deal with ambiguous coefficients in the
objective function and constraints; and thirdly, its subsequent solution algorithm would
be complicated if complexities in objective functions are transferred to constraints when
the satisfaction degree for the fuzzy decision is introduced. To maintain FFP’s strength in
tackling fuzzy decisions and overcome its limitations, the FFP has been combined with
internal-parameter linear programming (ILP) to compensate each other. Applications of
the coupled FFP and ILP model to waste management (Cao et al., 2010; He et al., 2008b;
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He et al., 2009; Xu et al., 2009b) and other environmental management problems (Lv et
al., 2010; Qin and Huang, 2009a; Qin et al., 2007b; Qin et al., 2009b) have been widely
reported.

Nonlinearity is another feature involved in waste management problems (Guo and Huang,
2011b; Srivastava and Nema, 2011b; Sun et al., 2009b; Sun et al., 2011b). For instance,
under the effects of economies-of-scale (EOS), the operation costs for waste treatment
facilities (WTFs) may increase disproportionately when the amount of waste disposed
exceeds a certain threshold level due to the scale effects (Defra, 2007); the relationships
between the transportation costs and the amount of waste transported would be nonlinear
when waste flows are high or hauling distances are long in practical cases (Bohm et al.,
2010; Callan and Thomas, 2001; Tickner and Mcdavid, 1986). These relationships cannot
be quantified precisely unless nonlinear equations are employed (Wu et al., 2006).
Although nonlinear programming has been applied to municipal solid waste (MSW)
management (Chang et al., 1997a), few universal solution algorithms can effectively deal
with general nonlinear programming under uncertainties (Sun et al., 2009d; Yang et al.,
1991). The difficulty would be further amplified when nonlinearities and uncertainties
exist

simultaneously

in

constraints

than

in

objective

functions.

Recently,

piecewise-linearization-based programming (PLP) has been introduced to handle
nonlinear objective functions in MSW optimization (Sun and Huang, 2010). The PLP is a
promising method since nonlinear relationships would be approximated accurately by
piecewise linear functions (Chang, 2002; Karterakis et al., 2007; Nie et al., 2009a; Nie et
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al., 2010). However, few applications of PLP to dealing with nonlinear and
interval-parameter constraints in the MSW problems have been reported.

Thus, the major objective of this study is to develop an inexact piecewiselinearization-based fuzzy flexible programming (IPFP) model and apply it to planning of
a MSW management system under multiple complexities. The rest of this paper is
organized as follows. In Section 6.2, the formulations and solution algorithm for IPFP are
presented. Especially, the nonlinear EOS effects will be transferred from the objective
function to the related constraints during the solving process, which leads to
interval-parameter mix-integer quadratic constraints in the finally transformed model. In
section 6.3, a representative waste management case is employed to examine feasibility
and applicability of the IPFP model. To demonstrate the advantages of IPFP, two
alternative models are designed. One is a conventional linear-regression-based
interval-fuzzy flexible programming model (IPFP2) and the other is an IPFP model with
right-hand-sides (stipulations) of fuzzy constraints being the corresponding interval
numbers (IPFP3). In section 6.4, the results of three models in dealing with subjective
uncertainties and EOS nonlinearities as well as evaluating the transportation, operation
and net system costs for the MSW problem are analyzed. Finally, in Section 6.5, the
conclusion is summarised and the directions for future research are discussed.

6.2 Modeling Development

6.2.1 Interval-Fuzzy Programming with Nonlinear Constraints
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Based on the interval-number theory (Huang and Moore, 1993), when all or part of the
parameters in a linear programming model expressed as interval numbers (i.e. a number
with an unknown distribution between fixed lower and upper bounds), an
interval-parameter linear programming (ILP) model can be obtained as follows:
Min f   C  X 

(6.1a)

subject to:
A X   B 

(6.1b)

D X   E 

(6.1c)

X 0

(6.1d)

where A  Rm1 n , B   Rm1 1 , C   R1n , D   R(m m1 )n , E   R(m m1 )1 and X   Rn1
( Rst are s × t interval-parameter matrixes); X  is the interval-parameter decision
variable matrix, and f  is a linear objective function with interval values. Model (6.1)
can be solved through transforming the ILP model into two deterministic sub-models
corresponding to upper and lower bounds of the objective function value (Cao and Huang,
2011; Huang and Cao, 2011).

Based on the fuzzy set theory, both the target objective function value expressed by
decision maker and the solution space defined by constraints can be quantified as fuzzy
sets (Baykasoglu and Gocken, 2008; Zimmermann, 1985).Thus, an interval-fuzzy
flexible programming (IFFP) model with a nonlinear objective function (G(X)) can be
formulated through incorporating fuzzy flexible programming within the ILP framework:
Min f  G ( X  )

(6.2a)
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subject to:
A X   B 

(6.2b)

D  X   E 

(6.2c)

X 0

(6.2d)

To handle both the flexibility of the target values of the objective function and the
elasticity of the constraints in model (6.2), an interval control variable (   ) are
introduced to quantify the degrees of overall satisfaction (membership grade) for the
constraints and the objective function (Huang et al., 1993; Zimmermann, 1985). The  
value closer to 1 represents a high possibility of satisfying the constraints/objective
function under advantageous conditions while a value near 0 corresponds to a low
possibility of satisfying the constraints/objective function under demanding conditions.
The decisions at lower and higher   levels would result in lower and higher risk levels
of violating the constraints, respectively. (Li et al., 2009b). Thus, model (6.2) can be
transformed to an interval-fuzzy programming model with nonlinear constraints:

Max  

(6.3a)

subject to:
G( X  )  f     ( f   f  )

(6.3b)

A X   B     ( B   B  )

(6.3c)

D X   E     (E   E  )

(6.3d)

X 0

(6.3e)
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0   1

(6.3f)

where f  and f  are lower and upper bounds of the objective’s aspiration level; (B-,
B+) and (E-, E+) are tolerance intervals for the corresponding constraints. The aspiration
levels and tolerance intervals proposed by decision makers with different preferences
towards risks (i.e. risk-neutral, risk-averse, or risk-seeking) would finally affect the
optimal values of   (Karmperis et al., 2012; Wu et al., 2010; Yang et al., 2009; Zhao
et al., 2010). Conversely, the risks corresponding to decisions at different   levels
would cause each type of decision maker to have different degrees of satisfaction.

6.2.2 Interval Piecewise-Linearization-based Fuzzy Flexible Programming
Since it is difficult to find general arithmetic algorithms to solve an interval-parameter
nonlinear programming model, a straightforward solution to model (6.3) is to transfer the
left-hand-side of inequality (6.3b) into an approximated linear form (Sun and Huang,
2010). Since G ( X  ) is the sum of g j ( x j ) and each g j ( x j ) corresponds to single
independent variable ( x j ), a piecewise linear regression (PLR) model could be fitted to
approximate g j ( x j ) as follows:
 j1 x j   j1

...

g j ( x j )   jh x j   jh


 jlP x j   jlP

( PjL1  x j  PjU1 )
( PjhL  x j  PjhU )

(6.4)

( PjlLP  x j  PjlUP )
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where h is the piece number and lP is the max piece number in the PLR model for
g j ( x j ) ; PjhL and PjhU are lower and upper bounds of the range for x j in piece h,
respectively;  jh and  jh are the interval slope and the interval intersection of the PLR
model in piece h to approximate g j ( x j ) , respectively.

Substitute equation (6.4) into model (6.3) and consider the features of PLR, then we have
the interval piecewise-linearization-based fuzzy flexible programming (IPFP) model:

Max  

(6.5a)

subject to:
lP
 lP





(


)
x
  jh jh j  (  jh  jh )  f     ( f   f  )
j 1  h 1
h 1

n

lP

lP

h 1

h 1

 ( jh PjhL )  x j   ( jh PjhU ),
lP

  jh  1,
h 1
n

j

(6.5c)

 jh  0,1

 aij x j  bi+    (bi+  bi- )

(6.5b)

(6.5d)

, i  1,2, , m

(6.5e)

j 1

x j  0,  j ,

(6.5f)

0   1

(6.5g)

where  jh and  jh are lower and upper bounds of  j in piece h, respectively;  jh
and  jh are lower and upper bounds of  j in piece h, respectively;  jh is 0 or 1 to
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indicate if piece h is selected in the PLR model for g j ( x j ) . Table 6.1 provides a list of
symbols used in the models of ILP, IFFP, IPFP, and PLR.

6.2.3 Solution Algorithm
In nature, the IPFP Model is an interval-parameter mixed-integer quadratically
constrained programming model. The quadratic constraints include quadratic products of
binary integer and interval-number decision variables (  jh x j ). Without loss of generality,
the binary decision variable  jh could be firstly determined by the branch and bound
approach. There will be (lP ) n combinations of  jh based on equation (6.5d). The
number of combinations could be significantly reduced due to the other constraints
related to each x j in real-world case applications; When  jh is searched and
determined in sequence among all combinations, the IPFP model then becomes a set of
interval-parameter programming models, which can be transformed to two sets of
sub-models (deterministic linear programming model) according to the two-step
algorithm (Huang and Baetz, 1995; Huang and Loucks, 2000). Searching of  jh and
solving the sub-model under a specific  jh condition can be achieved through
commercial software (e.g. Lingo 11.0). Thus, combining solutions of sub-models would
form the solutions for the original IPFP model.
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Table 6.1 List of symbols used in the models of ILP, IFFP, IPFP, PLR, PLRAC and LRAC
Notation

Model

Meaning

ILP*

The linear objective function with interval values

C

ILP

Interval-parameter matrixes in the objective function

X

ILP, IFFP

Interval-parameter decision variable matrix

A , D 

ILP, IFFP

Interval-parameter matrixes in constraints

B , E 

ILP, IFFP

Tolerance intervals for the corresponding constraints

f, f

IFFP, IPFP

Lower and upper bounds of the objective’s aspiration level



IFFP, IPFP

Degrees of overall satisfaction (membership grade) for the constraints and the objective function

g j ( x j )

IFFP, IPFP

Nonlinear function of single independent variable ( x j )

G( X  )

IFFP, IPFP

Nonlinear objective function; G ( X  ) is the sum of g j ( x j )

h

PLR, IPFP

Piece number

lP

PLR, IPFP

Max piece number

f
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PjhL , PjhU

PLR, IPFP

Lower and upper bounds of the range for x j in piece h

 jh ,  jh

PLR, IPFP

Interval slope and interval intersection of the PLR model in piece h to approximate g j ( x j )

 jh ,  jh

PLR, IPFP

Lower and upper bounds of  j in piece h, respectively

 jh ,  jh

PLR, IPFP

Lower and upper bounds of  j in piece h, respectively

 jh

PLR, IPFP

0 or 1 to indicate if piece h is selected in the PLR model for g j ( x j ) .

X

PLRAC

Amount of waste transported from districts to WTFs (t/d)

TR

PLRAC

Unit cost of waste transported ($)

Y

PLRAC

Amount of waste transported from incinerator to landfill (t/d)

FT

PLRAC

Unit cost of residue transported ($)

Z

PLRAC

Amount of waste treated in the WTF (t/d)

OP

PLRAC

Unit operation cost in the WTF ($)

 i , i

PLRAC

Slopes and intercepts for ith PLR model between cost and amount of waste transported

i ,  i

PLRAC

Slopes and intercepts for ith PLR model between cost and amount of residue transported

 i , i

PLRAC

Slopes and intercepts for ith PLR model between cost and amount of waste treated
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Pi , Pi 1 ,

PLRAC

Lower and upper bounds for the range of amount of waste transported,

Qi , Qi 1

PLRAC

Lower and upper bounds for the range of amount of residue transported

Ri , Ri 1

PLRAC

Lower and upper bounds for the range of amount of waste treated

 ,

LRAC

Slopes and intercepts for the LR models between cost and amount of waste transported

 ,

LRAC

Slopes and intercepts for the LR models between cost and amount of residue transported

 ,

LRAC

Slopes and intercepts for the LR models between cost and amount of waste treated

P1 , Pl

LRAC

Lower and upper bounds for the feasible range of amounts of waste transported,

Q1 , Ql ,

LRAC

Lower and upper bounds for the feasible range of amounts of residue transported

R1 , Rl

LRAC

Lower and upper bounds for the feasible range of amounts of waste treated

*ILP:

interval-parameter

linear

programming;

IFFP:

interval-fuzzy

flexible

programming;

IPFP:

Interval

Piecewise-linearization-based Fuzzy Flexible Programming; PLR: piecewise linear regression model; PLRAC: PLR for relationships
between waste amounts and costs; LRAC: linear regression model for relationships between waste amounts and costs.
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In detail, under each t , jh ( t  1, 2, , (lP ) n ), model (6.5) can be transformed to the first
set of sub-model as follows:
Max  

(6.6a)

subject to:
k

lP

 ( t , jh jh xt, j  t , jh  jh ) 
j 1 h 1

n

lP

  ( t , jh jh xt, j  t , jh  jh ) 

f   ( f   f )

(6.6b)

j  k 1 h 1

 jh  0,  jh  0, j  1,2, k ;

(6.6c)

 jh  0,  jh  0, j  k  1, k  2, n;

(6.6d)

lP

lP

h 1

h 1

lP

lP

h 1

h 1

 (t , jh PjhL )  xt, j   (t , jh PjhU ),
 (t , jh PjhL )  xt, j   (t , jh PjhU ),
lP

 t , jh  1,
h 1

k1

j  1, 2, k ;

(6.6e)

j  k  1, k  2, n;

(6.6f)

t , jh  0,1

| a




ij | Sign( aij ) xt , j 

j 1

(6.6g)
n

 |a

ij

| Sign( aij ) xt, j  bi+    (bi+  bi- ), i

(6.6h)

j  k1 1

xt, j  0,

j  1, 2, k ;

(6.6i)

xt, j  0,

j  k  1, k  2, n;

(6.6j)



 max t,opt
The solutions of sub-model (6.6) can be obtained as follows: opt
,t   ,

x j ,opt  xt , j ,opt  (j = 1, 2, ..., k) and x j ,opt  xt , j ,opt  (j = k+1, k+2, ..., n).

The solutions of sub-model (6.6) then can be substituted to the other set of sub-model
(6.7) as constraints. Thus, we have:
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Max  

(6.7a)

subject to:
k

lP

 ( t , jh jh xt, j  t , jh  jh ) 
j 1 h 1

n

lP

  ( t , jh jh xt, j  t , jh  jh ) 

f   ( f   f )

(6.7b)

j  k 1 h 1

 jh  0,  jh  0, j  1,2, k ;

(6.7c)

 jh  0,  jh  0, j  k  1, k  2, n;

(6.7d)

lP

lP

h 1

h 1

lP

lP

h 1

h 1

 ( t , jh PjhL )  xt, j   ( t , jh PjhU ),
 ( t , jh PjhL )  xt, j   ( t , jh PjhU ),
lP

 t , jh  1,
h 1

(6.7e)

j  k  1, k  2, n;

(6.7f)

t , jh  0,1

k1

 | aij | Sign(aij ) xt, j 
j 1

x j  x j ,opt ,

j  1,2, k ;

(6.7g)
n

 |a

ij

| Sign( aij ) xt, j  bi+    (bi+  bi- ), i

j  1, 2, k ;

0  x j  x j ,opt ,

(6.7h)

j  k1 1

(6.7i)

j  k  1, k  2, n;

(6.7j)



 max t,opt
The solutions of sub-model (6.7) can be obtained as follows: opt
,t   ,

x j ,opt  xt , j ,opt  (j = 1, 2, ..., k) and x j ,opt  xt , j ,opt  (j = k+1, k+2, ..., n). Combining
solutions of sub-models (6.6) and (6.7), the solutions of model (6.5) can be obtained:

x j ,opt  [ x j ,opt , x j ,opt ], j

(6.7k)




opt
 [opt
, opt
]

(6.7l)
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Thus, the objective function of the original model (6.2) can be calculated based on the
right hand-side of inequality (6.7b).



f opt
 [ f opt
, f opt
]

(6.7m)

6.3 Overview of Waste Flow Allocation Problem

6.3.1 Problem Statement
Based on technical data from related literatures and government reports (Defra, 2007), a
representative waste management problem is presented for demonstrating the
applicability of the IPFP model. In the problem, a manager is responsible for determining
both the amount of waste transported from two districts to two WTFs (landfill and
incinerator) and the amount of waste treated in the WTFs over the upcoming three 5-year
planning periods. The manager has proposed aspiration levels for the net system cost as
well as tolerable intervals for the capacities of WTFs and waste generation rates (Table
6.2). The local community has the growing opposition to landfill disposal, which leads to
that at least 40% of waste flows are forced to be transported to the incinerator. The
residues of the incinerator (approximately 30% of the incoming waste flows on a mass
basis) are transported to the landfill. Revenue from incinerator is [16, 21] $/t, [21, 26] $/t,
and [26, 31] $/t in the three periods, individually while there is no revenue from landfill.

6.3.2 Application of Regression models
Transportation or operation costs depend on the amounts of waste transported to or
treated in each WTF during the three periods. When waste flows are high or transportation
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Table 6.2 Aspiration levels and tolerance intervals proposed by the manager
Net System Costs (106$) landfill capacity (106 t) Incinerator capacity(t/d)
(70, 165)

(2.25, 2.65)

(215, 235)

Waste Generation (t/d)

Period 1

Period 2

Period 3

District 1

(125, 185)

(155, 205)

(180, 225)

District 2

(150, 200)

(170, 220)

(190, 240)
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distances are long, the effects of economies-of-scale in terms of waste transportation or
treatment may become significant. Thus, within the feasible range of waste (or residue)
amounts, the piecewise linear regression models for the exponential relationships
between waste amounts and costs (PLRAC) can be obtained, respectively, as follows:

1 X  1


X  TR   i X   i


 l X   l
1Y   1


Y  FT   iY   i


 lY   l
 1 Z   1


Z  OP   i Z   i


 l Z   l

( P1  X  P2 )
( Pi  X  Pi 1 )

(6.8a)

( Pl 1  X  Pl )
(Q1  Y  Q2 )
(Qi  Y  Qi 1 )

(6.8b)

(Ql 1  Y  Ql )
( R1  Z  R2 )
( Ri  Z  Ri 1 )

(6.8c)

( Rl 1  Z  Rl )

where X is amount of waste transported from districts to WTFs (t/d); TR is the
corresponding unit cost of waste transported ($); Y is amount of waste transported from
incinerator to landfill (t/d); FT is the corresponding unit cost of residue transported; Z is
amount of waste treated in the WTF (t/d); OP is unit operation cost in the WTF ($);  i ,
and i ,  i and  i , and  i and  i are slopes and intercepts for ith PLR model to fit
the relationships between cost and amount of waste transported, residue transported, and
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waste treated, respectively (i=1,2, ... , l); the lower and upper bounds for the range of
amount of waste transported, residue transported and waste treated are Pi and Pi 1 , Qi
and Qi 1 , and Ri and Ri 1 (i =1,2, ... , l-1) individually (See Table 6.1 for a list of
symbols). Since an increased piecewise level will not only decrease fitting errors but also
increase the number of decision variables, 4-piece-based PLR models are chosen for all
relationships in this study.

In comparison, the linear regression models for the relationships between waste amounts
and costs (LRAC) can be also obtained, respectively, as follows:

X  TR   X   ( P1  X  Pl )

(6.9a)

Y  FT   Y   (Q1  Y  Ql )

(6.9b)

Z  OP   Z   ( R1  Z  Rl )

(6.9c)

where  and  ,  and  , and  and  are slopes and intercepts for the linear
regression models to fit the relationships between waste amounts and costs for waste
transportation, residue transportation, and waste treatment, respectively. The lower and
upper bounds for the feasible range of amounts of waste transported, residue transported
and waste treated are P1 and Pl , Q1 and Ql , and R1 and Rl , individually (See Table 6.1
for a list of symbols).
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6.3.3 Application of the IPFP model
Based on PLR models, the IPFP model is applied to tackling the waste management
problem. The objective is to maximize the membership grade of satisfaction of the
original objective function (net system costs) and constraints. The decision variables
include the control variable, amount of waste transported from district j to WTE i in
period k, amount of residue transported from incinerator to landfill in period k, and
amount of waste treated in WTE i in period k. The constraints involve the net system cost
constraints, capacity constraints, mass balance, waste disposal demand constraints and
non-negativity constraints for decision variables under representative waste management
conditions. Thus, we have:

Max  

(6.10a)

subject to:
q
q
u q
u v q










Lk    X ijk TRijk   Yk FTk   Z ik OPik  Z 2k REk   f     ( f   f  )
k 1
i 1 k 1
k 1

 i 1 j 1 k 1

(6.10b)
[Piecewise constraints related to costs of waste transported]
l

l

h 1

h 1



X ijk TRijk   (ijkh ijkh
)X ijk   (ijkh  ijkh
)

l

l

h 1

h 1

U
),
 (ijkh PijkhL )  X ijk   (ijkh Pijkh

l

ijkh  1,
h 1

(6.10c)

i, j, k

(6.10d)

ijkh  0,1 ,i, j, k

(6.10e)
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[Piecewise constraints related to costs of residue transported]
l

l

h 1

h 1



Yk FTk   (ikh ikh
)Yik   (ikh ikh
)

l

l

h 1

h 1

(6.10f)

 (ikhQikhL )  Yik   (ikhQikhU ), k ;i  2,3,..., u
l

ikh  0,1k

ikh  1,
h 1

(6.10g)

(6.10h)

[Piecewise constraints related to operation costs for WTFs]
l

l

h 1

h 1


Z ik OPik   ( ikh ikh
)Zik   ( ikh1kh ),i , k

l

l

h 1

h 1

(6.10i)

 ( ikh RikhL )  Zik   ( ikh RikhU ), i, k
l

 ikh  1,
h 1

(6.10j)

ikh  0,1i, k

(6.10k)

[Residue mass balance in incinerator]
v

Yk    X 2 jk FE  , k

(6.10l)

j 1

[Mass balance between waste transported and treated]
v

Z1k    X 1jk   Yk , k

(6.10m)

j 1

v

Z 2k   X 2 jk , k

(6.10n)

j 1
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[Capacity constraints for landfill]
q

Lk  Z1k  LC     ( LC   LC  )

(6.10o)

k 1

[Capacity constraints for Incinerator]
Z 2k  TC k    (TC k  TC k ), k






(6.10p)

[Waste disposal demand constraints]
u

 X ijk  WG jk    (WG jk  WG jk ),

j, k

(6.10q)

i 1

X ijk  DGik WG jk    (WG jk  WG jk )  , k ; i  2, 3, , u

(6.10r)

[Non-negativity constraints]
X ijk  0, i, j , k

(6.10s)

0   1

(6.10t)

where λ is membership grade of satisfaction of the original objective and constraints; f 
is aspiration level of net system cost ($); X ijk Yk and Z ik are decision variables; The
nomenclature for variables and parameters used in model (6.10) is provided in Table 6.3.

225

Table 6.3 List of symbols used in the application of IPFP to waste flow allocation
Notation

Meaning



Membership grade of satisfaction of the original objective and constraints

f



Aspiration level of net system cost ($)

X ijk

Amount of waste transported from district j to facility i during period k (t/d)

Yk

Amount of residue transported from incinerator to landfill during period k (t/d)

Z ik

Amount of waste treated in facility i during period k (t/d)

i

Type of waste management facility; i = 1 for landfill and 2 for incinerator

u

Max type number of waste management facility (u =2)

j

Name of district; j = 1 and 2;

v

Max number of district name (v =2)

k

Planning period; k = 1, 2 and 3;

q

Max number of period (q=3)

Lk

Length of period k (day)
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h

Piece number in the PLR models for X ijk TRijk , Yk FTk and Z ik OPik

l

Max Piece number (h=1, 2, …, l)

 ijk , ijk

Slopes and intersections in the PLR models to approximate X ijk TRijk

 k ,  k

Slopes and intersections in the PLR models to approximate, Yk FTk

 ik ,  ik

Slopes and intersections in the PLR models to approximate Z ik OPik



 ijkh
,  ijkh

Lower and upper bounds of  ijk in piece h



,  ijkh
ijkh

Lower and upper bounds of ijk in piece h

 khL ,  khU

Lower and upper bounds of  k in piece h

 khL ,  khU

Lower and upper bounds of  k in piece h

L
U
 ikh
,  ikh

Lower and upper bounds of  ik in piece h

L
U
 ikh
,  ikh

Lower and upper bounds of  ik in piece h

L
U
Pijkh
, Pijkh
,

Lower and upper bounds of the ranges for X ijk in piece h

U
QkhL , Qkh

Lower and upper bounds of the ranges for Yk in piece h
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L
U
Rikh
, Rikh

Lower and upper bounds of the ranges for Z ik in piece h

ijkh ,ikh , ikh

0 or 1 to indicate if piece h is selected in the corresponding PLR model

TRijk

Unit waste transportation cost from district j to facility i during period k ($/t)

FTk

Unit residue transportation cost from incinerator to landfill in period k ($/t)

OPik

Unit operating cost in facility i during period k ($/t)

REk

Unit revenue from incinerator during period k ($/t)

FE 

Residue flow rate from incinerator to landfill (% of incoming mass to incinerator)

LC 

Tolerance interval for capacity of landfill (tonne or t)

TCk

Tolerance interval for capacity of incinerator (t/day) in period k

WG jk

Tolerance interval for waste generation rates in district j in period k (t/day)

DGik

Diversion rate of waste flow to facility i regulated by the authority in period k
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Figure 6.1 Framework of IPFP
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Figure 6.1 shows the framework of the IPFP model. The model integrates methods of
interval-parameter programming, fuzzy flexible programming, piecewise linearization
and mix-integer programming within a general decision-making framework. The
individual method complements each other and enhances the model’s abilities in
handling uncertainties and nonlinearities. The IPFP model can thus tackle uncertainties
described as interval numbers in transportation/operation costs and waste amounts,
aspiration levels for net system costs, and tolerance intervals for both capacities of WTFs
and waste generation rates; moreover, it can deal with interval-parameter nonlinear
constraints under the effects of economies-of-scale.

To compare the effects of linearization on the performance of IPFP, a
linear-regression-based inexact fuzzy flexible programming model (IPFP2) is introduced
through quantifying the nonlinear effects with conventional linear regression models.
Accordingly, the IPFP2 model can be formulated based on Model (6.10) with removal of
piecewise constraints (Inequalities (6.10d) to (6.10e), (6.10g) to (6.10h), and (6.10j) to
(6.10k)). In the IPFP2 model,  ijk and ijk ,  k and  k and  ik and  ik become
slopes and intersections in the linear regression models (model (6.9)) to approximate
X ijk TRijk , Yk FTk and Z ik OPik . Obviously, IPFP2 can be considered as a simple type of

IPFP where the relationship between cost and amount is fitted by one-piece liner models.

To analyze the effects of fuzzy relationships and interval numbers on the IPFP’s
performance, an IPFP3 model is introduced by letting all right-hand-sides (stipulations)
of fuzzy constraints be the corresponding interval numbers (lower and upper bound of the
230

tolerance intervals). In other words, only fuzzy objective function is reserved in IPFP3.
Accordingly, The IPFP3 model can be formulated based on model (6.10) by replacing
Inequalities (6.10o), (6.10p), (6.10q) and (6.10r) with the following inequalities.

q

Lk  Z1k  LC 

(6.11o)

Z 2k  TCik , k

(6.11p)

k 1

u

 X ijk
i 1

 WG jk ,

j, k

(6.11q)

X ijk  DGikWG jk , k ; i  2, 3,  , u

(6.11r)

6.4 Results Analysis

Figures 6.2 to 6.22 show the lower- and upper-bound curves between waste amounts and
costs, which are costs for waste transported from districts to landfill or incinerator
(Figures 6.2 to 6.13), costs for residue transported from incinerator to landfill (Figures
6.14 to 6.16), and operation costs for both landfill and incinerator (Figures 6.17 to 6.22).
Overall, the fitted costs in the PLR models are much closer to raw data than those in the
LR models; the prediction difference between the two regression models is relatively
small since curvature of the exponential EOS relationships is low. However, since most
of selected piece numbers for the IPFP model are 2 or 3, the pieces of PLR models are
closer to the raw data and thus slightly higher than the corresponding parts of LR models.
Therefore, the fitting difference would affect the evaluation of the transportation,
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Figure 6.2 Waste transportation cost from district 1 to landfill in period 1
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Figure 6.3 Waste transportation cost from district 1 to landfill in period 2
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Figure 6.4 Waste transportation cost from district 1 to landfill in period 3
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Figure 6.5 Waste transportation cost from district 2 to landfill in period 1
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Figure 6.6 Waste transportation cost from district 2 to landfill in period 2
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Figure 6.7 Waste transportation cost from district 2 to landfill in period 3
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Figure 6.8 Waste transportation cost from district 1 to incinerator in period 1
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Figure 6.9 Waste transportation cost from district 1 to incinerator in period 2
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Figure 6.10 Waste transportation cost from district 1 to incinerator in period 3
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Figure 6.11 Waste transportation cost from district 2 to incinerator in period 1
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Figure 6.12 Waste transportation cost from district 2 to incinerator in period 2
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Figure 6.13 Waste Transportation cost from district 2 to incinerator in period 3
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Figure 6.14 Residues transportation cost from incinerator to landfill in period 1
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Figure 6.15 Residues transportation cost from incinerator to landfill in period 2
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Figure 6.16 Residues transportation cost from incinerator to landfill in period 3
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Figure 6.17 Operation cost in landfill in period 1
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Figure 6.18 Operation cost in landfill in period 2
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Figure 6.19 Operation cost in landfill in period 3
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operation and net system costs through the IPFP, IPFP2 and IPFP3 models. Figures 6.23
and 6.24 illustrate the optimized waste amounts and the corresponding transportation and
treatment costs. Overall, solutions of IPFP and IPFP2 would have the similar patterns
while those of IPFP and IPFP3 would have significantly different ones.

Figures 6.23a to 6.23c present the optimized patterns for amounts of waste transported to
or treated in WTFs through IPFP, where waste flow patterns vary temporally and
spatially under the inexact waste management conditions. Based on the IPFP model
(Figure 6.23a), the optimized amount of waste transported from district 1 to landfill
would be 115.94 t/d in period 1, 57. 34 t/d in period 2, and 84.89 t/d in period 3; those
from district 1 to the incinerator would be [62.43, 65.33], 142.14, and 135.14 t/d in the
three periods. This pattern indicates that in district 1, more waste would be transported to
landfill in period 1 while more waste would be transported to incinerator in periods 2 and
3. Similarly, the optimized amount of waste transported from district 2 to the landfill
would be 126.41, 139.41, and 152.41 t/d in periods 1 to 3, respectively; those from
district 2 to the incinerator would be [68.07, 75.06], [75.07, 84.06], and [82.07, 93.06] t/d.
This pattern implies that more waste in district 2 would go to landfill although the
diversion rate (at least 35-45%) to incinerator is in effect. Figure 6.23b presents the
optimized amount of residue transported from incinerator to landfill based on the IPFP
model, which are [39.15, 42.12], [65.16, 67.86], and [65.16, 68.46] t/d in the three
periods, respectively. Figure 6.23c further illustrates optimized amounts of waste treated
in landfill and incinerator during periods 1 to 3. The results of IPFP indicate that the
optimized amounts of waste treated in landfill would be [281.51, 284.47], [261.91,
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264.61], and [302.47, 305.76] t/d in periods 1 to 3, respectively; those in incinerator
would be [130.50, 140.49], [217.21, 226.20], and [217.21, 228.20] t/d, respectively. This
pattern indicates that more amounts of waste would be treated in landfill than in
incinerator within the whole region in each period.

In comparison, the solutions of the IPFP2 would be similar to those of the IPFP (Figures
6.23d to 6.23f). Most optimized amounts of waste transported or treated in IPFP2 would
be slightly higher than those in IPFP. For example, the optimized amount of waste
transported from district 2 to incinerator would be slightly higher in IPFP2 than in IPFP
([68.29, 75.36] > [68.07, 75.06] t/d, [75.29, 84.36] > [75.07, 84.06] t/d, [82.29, 93.36] >
[82.07, 93.06] t/d). A few exceptions can be found that waste amounts would be slightly
lower in IPFP2 than in IPFP. For example, the optimized amount of waste transported
from district 1 to incinerator in IPFP2 would be slightly lower in periods 2 and 3 (141.66
< 142.14 t/d, and 134.66 < 135.14 t/d). The similarity of solutions maybe mainly because
the piecewise constraints (Inequalities (6.10d) to (6.10e), (6.10g) to (6.10h), and (6.10j)
to (6.10k)) for EOS approximation in IPFP could not affect the feasible region of the
model. In fact, these constraints are added for not restricting the ranges for amounts of
waste transported or treated but indicating that each piece has a chance to be selected and
determined by restrictions from other constraints. The slight difference between both
models’ solutions would be due to the effects of the EOS approximation degree on the
cost evaluation in the left hand side of Inequality 6.10(b).
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On the contrary, the solutions of the IPFP3 would be significantly different from those of
IPFP (Figures 6.23g to 6.23i). Especially, the IPFP solutions would not always lie within
the ranges of the IPFP3 solutions. For example, the amount of waste transported to
landfill in period 1 in IPFP3 would be lower than those in IPFP ([50.00,101.75] < 115.94
t/d) while those in period 2 in IPFP3 would be higher than in IPFP ([76.65 112.75] >
57.34 t/d). However, the IPFP3’s results also indicate that more waste would be treated in
landfill than in incinerator during the three periods ([165.60, 263.73] > [156.28, 173.25]
t/d, [261.75, 308.35] > [137.85, 191.25] t/d, and [221.52, 316.52] > 212.12 t/d). In terms
of uncertainty degrees, nearly half of the amounts of waste transported or treated are
deterministic values in IPFP while almost all of them are interval numbers in IPFP3. The
difference of system uncertainty degrees would be explained by the following facts: (1)
the fuzzy sets based on membership functions have more certain information than
interval numbers based on unknown distributions; (2) when more certain information is
inputted to the waste management model, more certain solutions with decreased
uncertainty degrees would be obtained. Thus, IPFP would be considered as a more
feasible method than IPFP3 because the IPFP provides more reliable solutions with
decreased uncertain degrees.

Figure 6.24a presents the transportation costs corresponding to optimized amounts of
waste transported in IPFP. The transportation costs from district 1 to landfill would be
[1414, 1775], [931, 1179], and [1362, 1719] $/d in periods 1, 2 and 3. The optimally
selected pieces in the IPQP model for calculated lower-bound and upper-bound of these
costs would be number 2 and 2, 1 and 1, and 2 and 2 in each PLR model, respectively
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(Figures 6.2 to 6.7). The transportation costs from district 2 to landfill would be [1342,
1912], [1585, 2160] and [1874, 2508] $/d, corresponding to number 3 pieces for
calculating all the lower-bound and upper-bound of these costs by each PLR model
(Figures 6.2 to 6.7). The transportation costs from district 1 to incinerator would be [729,
1010], [1493, 2000] and [1518, 2023] $/d with piece numbers of 1 and 1, 3 and 3, and 3
and 3, respectively, in periods 1 to 3; those from district 2 would be [819, 1183], [950,
1377] and [1080, 1610] $/d (Figures 6.8 to 6.13) with piece numbers of 1 and 1, 1 and 2,
and 2 and 2, respectively. In Figure 6.24b, the transportation costs for residues would be
[246, 338], [406, 550] and [439, 605] $/d in the three periods, with the related piece
numbers for lower-bound and upper-bound of these costs being 2 and 2, 3 and 3, and 3
and 3 (Figures 6.14 to 6.16), respectively. In Figure 6.24c, during the three periods, the
operation costs for landfill would be [4924, 7054], [5459, 8254], [8041, 12160] $/d while
those in incinerator would be [5704, 8227], [9135, 13392], [9774, 14808] $/d,
respectively. The corresponding piece numbers for landfill operation costs would be 3
and 3, 3 and 3, and 4 and 4 while those for incinerator operation costs would be 2 and 2,
3 and 3, and 3 and 3, respectively (Figures 6.17 to 6.22).

Similarly, the patterns of transportation and operation costs through IPFP2 would be
similar to those through IPFP. Most of lower- and upper- bounds of these costs in IPFP2
are slightly less than those in IPFP in Figures 6.24d to 6.24f. Only three exceptions can
be found, which are transportation cost from district 1 to landfill in period 2 ([974,
1233] > [931, 1179] $/d), from district 1 to incinerator in period 1 ([744, 1028] > [729,
1010] $/d), and from district 2 to incinerator in period 1 ([822, 1177] ≈ [819, 1183]). The
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slight difference between these costs would be mainly caused by the fitting degrees
between raw data and the regression models. In Figures 6.2 to 6.22, most of selected
pieces of PLR models are closer to the raw data and thus slightly higher than the
corresponding part of LR models; when the optimized amounts of waste transported or
treated in the IPFP and IPFP2 models are near to each other (Figure 6.23), the
corresponding transportation or operation costs calculated by PLR models would be
higher than by LR models. It thus would be concluded that PLR-based IPFP model can
calculate transportation and operation costs more accurately than the LR-based IPFP2
model. In addition, the overall patterns of transportation and operation costs in IPFP3
would be different from those in IPFP (Figures 6.24g to 6.24i). Especially, the
uncertainty degrees of costs in IPFP3 would be higher than those in IPFP. However, the
transportation costs from district 2 to WTFs and the operation costs in WTFs during the
three periods would have similar patterns in the IPFP and IPFP3 models. Since the same
piecewise-linearization formulas are employed in both models, the difference of those
costs would be due to the difference in the optimized amounts of transported or treated,
which are affected by the inputted right-hand-side uncertain information for WTF
capacities and waste generate rates.

To compare the cost difference among IPFP, IPFP2 and IPFP3 models, Table 6.4
presents the sum of transportation and operation costs for the whole region during the
three periods. Most of the sum of costs for the waste management system in IPFP would
be higher than those in IPFP2. For example, the sum of transportation cost in IPFP from
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Table 6.4 Sum of transportation and operation costs (106$)
Transportation Costs

Operation Costs

Revenue

Net Cost

λ±

Districts to WTFs

Residue to Landfill

Landfill

Incinerator

Incinerator

IPFP

[27.55, 37.33]

[1.99, 2.72]

[44.92, 66.48]

[33.62, 50.13]

[-27.60, -23.60]

[80.49, 133.07]

[0.3362, 0.8896]

IPFP2

[27.48, 37.18]

[1.97, 2.70]

[43.97, 65.33]

[33.44, 50.30]

[-27.59, -23.68]

[79.28, 131.83]

[0.3491, 0.9024]

IPFP3

[22.91, 37.71]

[2.13, 2.86]

[41.23, 64.77]

[27.38, 51.85]

[-24.53, -22.45]

[69.12, 134.73]

[0.3186, 1]
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districts to WTFs is $[27.55, 37.33] ×106, being higher than that in IPFP2 ($[27.48, 37.18]
×106). The revenues in incinerator in IPFP and IPFP2 models would be close to each
other ($ [-27.60, -23.60] ×106 ≈$ [-27.59, -23.68] ×106). Thus, the overall net cost
(objective function) through IPFP is slightly higher than through IPFP2 ($[80.49, 133.07]
×106 < $[79.28, 131.83] ×106) with lower satisfaction degrees ([0.3362, 0.8896] <
[0.3491, 0.9024]). The lower- and upper- bounds of objective function values would be
decreased by $1.21×106 and $1.24 × 106, respectively. Since the estimation of
transportation and operation costs is more accurate based on PLR than LR, the difference
implies that the conventional LR-based IPFP2 model would underestimate the net system
costs in waste management system compared with the proposed PLR-based IPFP model.
The cost difference indicates that EOS would not be negligible when the relationships
between waste amounts and costs are nonlinear, which should be accurately quantified in
real-world waste management cases. In addition, most of the sum of costs for the waste
management system in IPFP3 would cover the range of those in IPFP (e.g. $ 22.91×106 <
27.55 ×106 and $ 37.33×106 < 37.71×106), which further demonstrates the effectiveness
of the IPFP model for providing fewer system uncertainties and more satisfactory interval
solutions than IPFP3.

6.5 Summary

An inexact piecewise-linearization-based fuzzy flexible programming (IPFP) model has
been developed and applied to the representative solid waste management problem under
multiple complexities (uncertainty and nonlinearity). An interactive algorithm is
proposed for solving the IPFP model, which in nature is an interval-parameter
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mixed-integer quadratically constrained programming model. In IPFP, interval
parameters for transportation/operation costs and waste amounts can be reflected;
aspiration levels for net system costs as well as tolerance intervals for both capacities of
WTFs and waste generation rates can be quantified; and the nonlinear economies-of-scale
(EOS) effects in constraints can be approximated. To demonstrate the advantages of IPFP,
two alternative models are chosen to compare their performances with IPFP. One is a
conventional linear-regression-based inexact fuzzy programming model (IPFP2) and the
other is an IPFP model with all right-hand-sides (stipulations) of fuzzy constraints being
the corresponding interval numbers (IPFP3).

In the investigated waste management system, the comparison results between IPFP and
IPFP2 indicate that the optimized amounts of waste transported to and treated in WTFs
would have the similar patterns through both models. However, most of transportation or
operation costs in IPFP would be slightly larger than those in IPFP2, leading to higher net
system costs in IPFP than in IPFP2. It implies that, when dealing with EOS effects in
constraints, the linear-regression-based IPFP2 may underestimate the net system costs;
the piecewise-linearization-based IPFP can estimate the costs more accurately. The
comparison results between IPFP and IPFP3 indicate that their solutions would be
significantly different from each other. Especially, nearly half of the amounts of waste
transported or treated are deterministic values in IPFP while almost all of them are
interval numbers in IPFP3. The decreased system uncertainties demonstrate the IPFP’s
effectiveness for providing more satisfactory interval solutions than IPFP3.
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Following its first application to waste management problems, the IPFP can be
potentially applied to other environmental problems under multiple complexities. The
various complexities can be further tackled through coupling piecewise linearization or
the IPFP with other advanced inexact programming methods. When the available data for
uncertain parameters are not compatible with the assumptions in the IPFP model or more
complicated nonlinear relationships need to be addressed due to practical requirements,
more advanced solution algorithms would deserve future research attention.
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CHAPTER 7 INEXACT JOINT-PROBABILISTIC CHANCECONSTRAINED PROGRAMMING WITH LEFT-HAND-SIDE
RANDOMNESS: AN APPLICATION TO SOLID WASTE
MANAGEMENT
7.1 Background

Waste is a by-product of human activity. In municipal solid waste (MSW) management
systems, wastes are generated, collected, transported, treated and disposed (Li et al., 2011;
Lv et al., 2011; Morrissey and Browne, 2004; Sun et al., 2011b; Sun and Huang, 2010;
Thorneloe et al., 2007). Optimization of MSW management systems usually focuses on
searching environment-friendly and economic-efficient manners through systems
analysis methods (Fiorucci et al., 2003; Liu et al., 2010; Lv et al., 2010; Nema and Gupta,
1999; Pires et al., 2011; Schumann and Sumner, 2004; Verderame et al., 2010).
Applications of these methods have been a challenge because of two major complications
(Chang and Wang, 1996b). One is complexities involved in waste management systems
or caused by their impact factors; the other is uncertainties in the related parameters and
decision variables as well as their relationships. Over the past decades, three main types
of mathematical programming methods have been proposed: stochastic mathematical
programming (SMP), fuzzy mathematical programming (FMP), and Interval-parameter
linear programming (ILP). These methods as well as their combinations have been
applied to solving the MSW management problems under uncertainties (Huang et al.,
2010; Xu et al., 2009b).
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In fact, most of previous studies are based on the assumption that the amount of waste
transported to waste treatment facilities (WTFs) is always equal to that of waste treated in
the WTFs on a daily basis. However this is not always the case in the real-world
problems since the amount of waste treated depends on both the contents of waste
transported and the capability provided by WTFs. For example, a landfill site, accepting
only municipal and commercial wastes, may refuse disposal of hazardous and
polychlorinated biphenyl (PCB) wastes transported to the site inadvertently (Pichtel,
2005). This situation would cause that the daily amount of waste treated is less than that
of waste transported; The wastes stored in the storage area of a incinerator may come
from those transported there during the past couples of days (Pichtel, 2005). In this case,
the daily amount of waste treated is greater than that of waste transported. Therefore, a
method capable of both distinguishing the amount of waste transported from that of
treated and reflecting the inexact relationships effectively would be desired. Such a
method requires system constrains involving these two kinds of amounts to be satisfied at
given probability levels.

Chance-constrained programming (CCP) is an effective SMP method to deal with such
uncertainties (Liu et al., 2009a; Lv et al., 2011; Sun et al., 2010c). The conventional CCP
method is based on independent right-hand-side randomness in constraints. In a CCP
model, not all of the constraints must be totally satisfied so that the reliability of
satisfying or the risk of violating individual constraint can be effectively reflected.
However, the CCP can hardly reflect the randomness in the left-hand side of the
constraints due to the difficulty in solving the caused nonlinear forms; the CCP also has
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difficulties in analyzing interactions among multiple constraints, which are required
satisfying at a joint probability level. (Li et al., 2009b; Li and Huang, 2010; Liu et al.,
2009c); in addition, the quality of many parameters is often not good enough to be
presented as probability distributions which may affect the CCP’s practical applicability.
Thus, one potential direction to address these challenges is to develop effective
algorithms, which convert the nonlinear left-hand-side CCP form to a linear one; the
other direction is to integrate the methods of interval programming and joint probabilistic
programming with the CCP, which enhances CCP’s capability for dealing with multiple
types of uncertainties. Nevertheless, few applications of inexact left-hand-side
joint-probabilistic CCP to solid waste management are reported.

Under these considerations, the objective of this study is to develop an inexact
joint-probabilistic left-hand-side chance-constrained programming (IJLCP) method and
to apply it to a MSW management problem. A non-equivalent but sufficient linearization
form for IJLCP will be proposed and proved in a straightforward manner in order to
present an efficient solution algorithm to the left-hand-side CCP problem. The
performance of IJLCP will be analyzed under scenarios at different joint and individual
probabilities as well as compared with the corresponding interval-parameter
programming model. A representative MSW management case will then be employed to
facilitate the analysis and the comparison.
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7.2 Model development

7.2.1 Left-Hand-Side CCP
In a linear programming model, when the left hand side parameters (aij) of the constraints
are expressed as random parameters with normal distributions (μij is expectation and σij is
standard variation), the related constraints are satisfied at a certain probability (1-pi).
Thus, a left-hand-side CCP model can be formulated as follows:
n

Max f   c j x j

(7.1a)

j 1

subject to:

 n

Pr  aij    x j  b j   1  pi ,i  1,2, m
 j 1


(7.1b)

aij     N  ij , ij2 

(7.1c)

x j  0, j  1, 2, n

(7.1d)

where f is a linear objective function, x j is an interval decision variables, b j and
c j are real-number parameters.

7.2.2 Inexact Joint-Probabilistic Left-Hand-Side CCP
Due to the data quality, all or part of the parameters in linear programming can be
expressed as interval numbers (Huang et al., 1992). Meanwhile, the requirement of the
satisfactory level is often imposed on a set of constraints as a whole. Thus, an inexact
joint-probabilistic left-hand-side chance-constrained programming (IJLCP) model can be
formulated as follows:
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n

Max f    c j x j

(7.2a)

j 1

subject to:
 n

Pr  aij   x j  b j   1  pi ,i  1, 2,  m
 j 1

m

p
i 1

i

(7.2b)

p

(7.2c)





(7.2d)

x j  0, j  1,2, n

(7.2e)

aij     N  ij , ij2

where f  is a linear objective function with interval values, x j are interval decision
variables, bj and c j are interval parameters, and 1-p is a prescribed joint probability
level at which the entire set of uncertain constraints are enforced to be satisfied. In nature,
model (7.2) is an interval-parameter nonlinear programming model, which can hardly be
solved through general arithmetic algorithms.

7.2.3 Linearization Form of Left-Hand-Side CCP
An alternative solution method for model (7.2) is to transfer inequality (7.2b) into its
approximated linearization form, which is based on the following three Theorems.

Theorem 1. Equation (7.2b) is equivalent to Equation (7.3a).
n

 ij x j   1 1  pi 
j 1

n

 (
j 1

ij

x j ) 2  b j

(7.3a)
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Proof. Since aij    obeys normal distributions (equation 7.2d), the arbitrary linear
combinations of its elements obey one-dimensional normal distribution. Thus, we have
n

 n


 2


a
x

N
x
,
  ij j  (ij x j ) 

ij   j
j 1
j 1
 j 1

n

(7.3b)

Based on (7.3b), we can construct a standard normal random variable as follows
n

Z

n

 aij    x j    ij x j
j 1

j 1

n

 (
j 1

ij

(7.3c)

 2
j

x )

From inequalities (7.2b) and (7.3c), we have
n


bj    ij x j 



j 1
Pr  Z 
  1  pi ,i  1,2, m
n

2

(ij x j ) 



j 1



(7.3d)

Denote the cumulative distribution function of Z by   x  ，then inequality (7.3d) can
be transformed as follows:
  n
 b j    ij x j
j 1
 
n
  (ij x j )2
 j 1




  1 p
i





(7.3e)

implying that
1  pi     1 1  pi  

(7.3f)

where  1  x  is the inverse function of   x  . As   x  is a monotonically
increasing function, we have:
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n

b j   ij x j
j 1

n

 (
j 1

ij

  1 1  pi 

(7.3g)

 2
j

x )

As (3g) is equivalent to (7.3a), thus Theorem 1 is proved.

Theorem 2. Equation (7.4a) is a sufficient condition for equation (7.3a) when pi  0.5
and x j  0 .
n

n

j 1

j 1

 ij x j   1 1  pi   (ij x j )  bj

(7.4a)

Proof. According to the following inequality,
n

n

j 1

j 1

 (r )2   (r ) r  R,r  0

(7.4b)

when ij x j  R and ij x j  0 , we have
n

n

j 1

j 1

 (ij x j )2   (ij x j )

(7.4c)

Meanwhile, when pi  0.5 , we have
 1 1  pi   0, pi  0.5)

(7.4d)

From inequalities (7.4c) and (7.4d), we have
n


j 1

ij

x j   1 1  pi 

n

 (
j 1

ij

n

n

j 1

j 1

x j ) 2   ij x j   1 1  pi   (ij x j )

(7.4e)

Thus, if (7.4a) holds (sufficient condition), then from inequality (7.4e), we have (7.3a).
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Theorem 3. Based on Theorems 1 and 2, of equation (7.2b) can be transformed to a
linearization form in (7.5a), when pi  0.5 and x j  0 .
n

  x  

j

j 1

ij

 ij  1 1  pi     b j i

(7.5a)

Proof. Inequality (7.5a) is equivalent to (7.4a). Based on Theorem 2, when pi  0.5 and
x j  0 , if inequality (7.4a) holds, then (7.3a) holds. Based on Theorem 1, (7.3a) is

equivalent to (7.2b). Thus, inequality (7.5a) is a sufficient condition for (7.2b) and
therefore Theorem 3 is proved.

7.2.4 Linearization Form of IJLCP
Based on Theorem 3, a sufficient condition for solving model (7.2) is to solve the
following model.
n

Max f    c j x j

(7.6a)

j 1

subject to:
n

  x  

j

j 1
m

p
i 1

i

ij



 ij  1 1  pi    b j i

(7.6b)

p

(7.6c)

x j  0, j  1, 2, n

(7.6d)

7.2.5 Solution Algorithm
The framework of the IJLCP model is presented in Figure 7.1. Based on the interval
number theory, model (7.6) can be solved through transforming into two deterministic
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submodels corresponding to the upper and lower bounds of the objective function value
(Cao and Huang, 2011; Huang and Cao, 2011). The model solution (decision variables
and objective function values) will be presented as discrete intervals at various levels of
constraints satisfaction. The detailed procedure of solution algorithm for the IJLCP
method is summarized as follows:
Step 1: Formulate an IJLCP model;
Step 2: Acquire the model parameters through obtaining their deterministic values,
probabilistic distributions and interval boundaries;
Step 3: Identify the joint probabilities and the combination of individual probabilities for
the chance constraints;
Step 4: Transform the left-hand-side chance constraints to the approximated linear forms;
Step 5: Reformulate the linear forms of IJLCP model to two sub-models through the
two-step algorithm;
Step 6: If the objective function is to be minimized, solve the sub-model corresponding to
f  firstly (Otherwise, solve the sub-model corresponding to f  instead);
Step 7: Solve the other sub-model based on the solutions obtained from Step 6;
Step 8: Combine solutions from Steps 6 and 7 and the final solutions would be obtained






as f opt   f opt , f opt  and xopt   xopt , xopt  .

7.3 Case Study

7.3.1 Problem Statement
Applicability of the proposed IJLCP method is demonstrated with a representative MSW
management problem. In the MSW management system, two WTFs (landfill and
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Figure 7.1 Framework of the IJLCP model
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incinerator) serve the MSW treatment requirements. A local manager is responsible for
allocating waste flows from two districts to the available WTFs. The planning horizon is
15 years, consisting of three 5-year periods. The transportation relationships between
districts and WTFs can be illustrated in a matrix form (Table 7.1). In Table 7.1, the
element of “1” means that the waste flow from the row to the column is transported while
the “0” means not. At least 40% (a diversion rate) of waste flows are forced to be treated
by the incinerator due to the growing public’s opposition with regard to landfill disposal.
The capacities of incinerator and landfill are [248, 270] tonne/day (t/d) and [1.8, 2.1]
million t/d.

Table 7.2 lists the unit revenue from incinerator, unit costs of waste transportation from
districts to WTFs, unit costs of waste treatment in WTFs, as well as the waste generation
rates in districts during the three periods. These parameters are also quantified by interval
numbers due to a variety of uncertainties, which originate from variations of their
external impact factors. For example, waste generation rates are mainly affected by
population variation and economic development within each district (Dai et al., 2011;
Gellynck et al., 2011). The unit waste transportation costs would be affected by gas
prices while the unit waste treatment costs would depend on variations of either fuel
prices or employed technologies’ efficiency (He et al., 2009).

It is assumed that there are sufficient historical records for quantifying the relationship
ratios between amounts of waste transported and treated, as well as those between
amounts of waste treated in incinerator and the residue amount from incinerator to
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Table 7.1 Transportation relationships in the waste management system
District 1

District 2

Landfill

Incinerator

District 1

-

0

1*

1

District 2

0

-

1

1

Landfill

0

0

-

0

Incinerator

0

0

1

-

*“1” means the waste flow from the row to the column is transported while “0” means
not.
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Table 7.2 Main parameters in the IJLCP model
Source

Facility

Period Unit Transportation Costs ($/t) Source

Facility

Period Unit Transportation Costs ($/t)

1

[14.09, 16.59]

Landfill

1

[11.50, 15.53]

2

[15.01, 18.03]

2

[12.36, 15.90]

3

[16.27, 19.24]

3

[13.35, 16.80]

Incinerator 1

[11.76, 15.15]

Incinerator 1

[12.26, 15.76]

2

[12.14, 15.75]

2

[12.93, 16.48]

3

[12.76, 16.32]

3

[13.48, 17.57]

District 1 Landfill

Facility

Period Unit Revenue ($/t)

Incinerator 1

[15, 19]

2
3

District 2

Source

Facility

Incinerator Landfill

Period Unit Transportation Costs ($/t)
1

[6.57, 8.07]

[20, 25]

2

[7.01, 8.76]

[27, 30]

3

[7.44, 9.32]

Facility

Period Unit Treatment Costs ($/t)

Source

Period Waste Generation Rate (t/d)

Landfill

1

[22.47, 30.72]

District 1

1

[125, 180]

2

[25.93, 37.39]

2

[165, 215]
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3

[33.67,48.08]

3

[185, 245]

Incinerator 1

[51.47, 68.71]

1

[155, 200]

2

[54.59, 75.89]

2

[175, 220]

3

[58.14, 82.90]

3

[195, 245]

District 2
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landfill. Thus, the ratio of waste treatment amount in landfill to waste amount transported
to landfill, the ratio of waste treatment amount in incinerator to waste amount transported
to incinerator, and the residue flow ratio from incinerator to landfill (% of treatment
amount in incinerator) are assumed as random variables with normal distributions. In
detail, during the three periods, the residue flow ratios are N(0.3, 0.052), N(0.25, 0.062)
and N(0.2, 0.072), since the incinerator techniques would be improved; the amount ratios
for landfill are N(1, 0.022), N(1, 0.032) and N(1, 0.042) ; and the amount ratios for
incinerator are N(1, 0.022), N(1, 0.032) and N(1, 0.042).

7.3.2 Application of the IJLCP Model
To tackle the above planning problem for the MSW management system, the proposed
IJLCP model is applied. The objective function is to minimize the net system cost while
the decision variables represent waste transportation amounts from district j to WTE i and
waste treatment amounts in WTE i during period k. The constraints involve all
relationships among waste generation, transportation and treatment under representative
management conditions. Thus, we have:
q
q
q
u
 u v q









Min f   Lk      X ijk
TRijk
Y
FT
Z
TM
   k k    ik ik  Z 2k RE k  (7.7a)
k 1
i 1 k 1
k 1

 i 1 j 1 k 1

subject to:
[Mass balance for waste treatment]
P Zik ( )k  Yk   1  pk , k ,i  2

(7.7b)

 k     N   ,k , 2 ,k 

(7.7c)
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  v
P     X 1jk   Yk   ( )k  Z1k   1  pk , k
  j 1





(7.7d)



(7.7e)

v

P   X ijk  ( )ik Z ik   1  pk , k ,i  2
 j 1


(7.7f)

 k     N  ,k , 2 ,k



 k     N   ,k , 2 ,k



(7.7g)

[Capacity constraint for Landfill]
q

Lk  Z1k  LC 

(7.7h)

k 1

[Capacity constraints for other WTFs]
Z ik  TCik , i  2,k


(7.7i)

[Joint-probabilistic constraint]
q

p
k 1

k

p

(7.7j)

[Waste disposal demand constraints]
u

 X ijk
i 1

 WG jk ,

j, k

(7.7k)

X ijk  DGikWG jk , j, k ; i  2

(7.7l)

[Non-negativity constraints]
X ijk  0, i, j , k

(7.7m)

where f  is net system cost ($); X ijk Yk and Z ik are decision variables; X ijk is amount of
waste transported from district j to facility i during period k (t/d); Yk is amount of
residue transported from incinerator to landfill during period k (t/d); Z ik is amount of
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waste treated in facility i during period k (t/d); i is type of waste management facility (i
= 1 for landfill and 2 for incinerator); j is name of district (j = 1 and 2); k is planning
period (k = 1, 2 and 3); Lk is length of period k (day); TRijk is waste transportation cost
from district j to facility i during period k ($/t); FTk is residue transportation cost from
incinerator to landfill during period k ($/t); TM ik is waste treatment cost in facility i
during period k ($/t); REk is revenue from incinerator during period k ($/t); LC  is
capacity of landfill (tonne or t); TCik is capacity of WTF i (t/day) in period k; WG jk is
amount of waste generated in district j in period k; DGik is diversion rate of waste flow to
facility i regulated by the authority in period k.  ( )k is residue flow rate from
incinerator to landfill (% of treatment amount in incinerator);   ,k and 2 ,k are
expectation and standard variation of  ( ) k ;   k is the ratio of waste treatment
amount in landfill to waste amount transported to landfill;  ,k and 2 ,k are expectation
and standard variation of   k ;   k is the ratio of waste treatment amount in
incinerator to waste amount transported to incinerator;   ,k and 2 ,k are expectation and
standard variation of   k .

Based on Theorem 3, Equations (7.7b) to (7.7g) are reformulated to the approximated
linear forms as follows:
Z ik u ,k   i ,k  1 1  pk    Yk , k ,i  2
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(7.8a)

v



1

   X 1 jk   Yk  u ,k    ,k  1  pk    Z1k , k
 j 1

v

 X ijk u ,k    ,k  1 1  pk  Zik ,

k ,i  2

(7.8b)

(7.8c)

j 1

To demonstrate the performance of IJLCP, a corresponding ILP model is introduced for
comparison. The ILP model can be formulated through replacing the random parameters
(αk, βk, and γk) in model (7.7) with their expectations. In other words, the ILP model will
be obtained based on model (7.7) when equations (7.7c), (7.7e) and (7.7g) are removed
and equations (7.7b), (7.7d) and (7.7f) are reformulated as follows.
Z ik k  Yk , k ,i  2

(7.9a)

v




   X 1 jk   Yk   k  Z1k , k
 j 1


(7.9b)

v

 X ijk  ik Zik ,

k ,i  2

(7.9c)

j 1

7.4 Results Analysis

To investigate the risks of violating the constraints and generate a range of decision
alternatives, the results for the IJLCP model under seven scenarios were analyzed and
compared. The first six scenarios were designed at three increasing joint probabilities
(0.01, 0.05 and 0.1, in Table 7.3). At each level of joint probability, there were two sets
of individual probabilities (i.e. scenarios A and B). In scenarios A, individual
probabilities were kept all the same as one third of the joint probability (e.g. 0.0033,
0.0033 and 0.0033 in scenario 1a); in scenarios B, increasing levels of individual
281

Table 7.3 Scenarios at representative joint and individual probabilities
Scenario

p

p1

p2

p3

1A

0.01

0.002

0.003

0.005

1B

0.01

0.0033

0.0033

0.0033

2A

0.05

0.005

0.015

0.03

2B

0.05

0.0166

0.0166

0.0166

3A

0.1

0.02

0.03

0.05

3B

0.1

0.033

0.033

0.033

ILP

0

0

0

0
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probabilities were kept (e.g. 0.002, 0.003 and 0.005 in scenario 1B), which represented
that violation levels for the chance constraints were increasing. In addition, the ILP
model was treated as the seventh scenario. This is because that in the ILP model, the joint
and individual probabilities for violating deterministic constraints could be treated as
zeros while the standard deviations of the deterministic parameters were zeros as well.

Table 7.4 lists optimized waste transportation amounts from the IJLCP model in seven
scenarios. Overall at each scenario, the transportation amounts from districts to WTFs,
especially for the lower bounds, would increase during the three periods. For example in
scenario 1A, the amount transported from district 1 to landfill would be 75.00 t/d in
period 1, 99.00 t/d in period 2, and 111.00 t/d in period 3，respectively; while those to
incinerator would be [50.00, 110.00], [66.00, 111.00] and [74.00, 114.00] t/d in periods 1
to 3, individually; Similarly, the amounts transported from district 2 to landfill would be
[93.00, 119.35], 105.00 and 117 t/d in periods 1 to 3, separately; those from district 2 to
incinerator would be [62.00, 85.65], [70.00, 110.00] and [78.00, 108.00] t/d in periods 1
to 3, respectively. Additionally, a few upper bounds of waste transportation amounts
either from district 2 to incinerator or from incinerator to landfill would reach the highest
values in period 2. Generally, in each scenario, the overall increasing trends of waste
transportation amounts in each scenario were mainly due to the assumed increase of
waste generation rates. However, from scenarios 1A to ILP, the waste transportation
amounts from districts to WTFs would not have significant difference. Especially, those
amounts in scenarios A and B at the same joint probability (e.g. 1A and 1B) would be
almost the same. On the contrary, the residue transportation amounts from incinerator to
landfill would have generally decreasing trends with the increasing of joint probabilities.
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Table 7.4 Optimized waste transportation amounts through the IJLCP model
Source

Facility

Period 1A

1B

2A

2B

3A

3B

ILP

District 1

Landfill

1

75.00

[75.00,

[75.00,

[75.00,

[75.00,

[75.00,

111.00]

111.00]

111.00]

111.00]

111.00]

[99.00,

[99.00,

[99.00,

[99.00,

[99.00,

111.44]

111.93]

126.00]

126.00]

126.00]

111.00

111.00

111.00

[111.00,

[95.00,

112.64]

135.00]

2

3

Incinerator 1

2

3

District 2

Landfill

1

75.00

99.00

111.00

99.00

111.00

[50.00,

[50.00,

[50.00,

[50.00,

[50.00,

[50.00,

[50.00,

110.00]

110.00]

74.00]

74.00]

74.00]

74.00]

74.00]

[66.00,

[66.00,

[66.00,

[66.00,

[66.00,

[66.00,

[66.00,

111.00]

111.00]

98.56]

98.07]

84.00]

84.00]

84.00]

[74.00,

[74.00,

[74.00,

[74.00,

[74.00,

[74.00,

90.00

114.00]

114.00]

114.00]

114.00]

114.00]

112.36]

[93.00,

[93.00,

[93.00,

[93.00,

[93.00,

[93.00,
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[93.00,

2

3

Incinerator 1

2

3

Incinerator Landfill

1

2

119.35]

121.44]

123.00]

123.00]

123.00]

123.00]

123.00]

105.00

105.00

[105.00,

[105.00,

[105.00,

[105.00,

[105.00,

129.00]

129.00]

129.00]

129.00]

129.00]

117.00

117.00

[117.00,

[117.00,

[117.00,

134.07]

135.00]

135.00]

117.00

117.00

[62.00,

[62.00,

[62.00,

[62.00,

[62.00,

[62.00,

[62.00,

85.65]

83.56]

82.00]

82.00]

82.00]

82.00]

82.00]

[70.00,

[70.00,

[70.00,

[70.00,

[70.00,

[70.00,

[70.00,

110.00]

110.00]

86.00]

86.00]

86.00]

86.00]

86.00]

[78.00,

[78.00,

[78.00,

[78.00,

[78.00,

[78.00,

[78.00,

108.00]

108.00]

108.00]

108.00]

90.93]

90.00]

90.00]

[51.46,

[52.58,

[47.47,

[50.50,

[45.51,

[46.95,

[33.60,

89.90]

90.87]

66.11]

70.34]

63.39]

65.40]

46.80]

[60.74,

[61.07,

[54.66,

[55.07,

[51.70,

[52.13,

[34.00,

98.71]

99.24]

74.18]

74.54]

64.63]

65.16]

42.50]

285

3

[65.75,

[63.76,

[57.58,

[54.20,

[53.63,

[51.05,

[33.60,

96.02]

93.13]

84.10]

79.17]

72.31]

67.97]

36.00]
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Table 7.5 Optimized waste treatment amounts through the IJLCP model
Facility

Period 1A

1B

2A

2B

3A

3B

ILP

Landfill

1

[231.39,

[233.28,

[224.64,

[229.75,

[221.36,

[223.78,

[201.60,

299.69]

303.85]

312.90]

320.02]

308.32]

311.70]

280.80]

[286.32,

[286.92,

[275.19,

[275.94,

[269.81,

[270.58,

[238.00,

327.38]

328.24]

334.72]

336.01]

337.26]

338.23]

297.50]

[325.66,

[321.82,

[309.91,

[303.44,

[302.34,

[297.41,

[245.60,

359.23]

354.21]

338.68]

330.28]

340.72]

336.38]

306.00]

[118.08,

[118.45,

[116.77,

[117.77,

[116.12,

[116.60,

[112.00,

206.28]

204.70]

162.64]

164.04]

161.74]

162.41]

156.00]

[147.08,

[147.21,

[144.69,

[144.85,

[143.50,

[143.67,

[136.00,

239.01]

239.22]

196.35]

196.05]

179.38]

179.59]

170.00]

[168.52,

[167.66,

[164.95,

[163.44,

[163.18,

[162.00,

[168.00,

246.12]

244.87]

240.91]

238.70]

220.00]

215.67]

180.00]

2

3

Incinerator 1

2

3
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Table 7.5 lists varied optimized waste treatment amounts through the IJLCP model in
different scenarios. As a whole, the optimized waste treatment amounts in each facility
would also have increasing trends during the three periods at each scenario, For example,
in scenario 1A, the results indicate that waste treatment amounts in landfill would be
[231.39, 299.69], [286.32, 327.38], and [325.66, 359.23] t/d in periods 1 to 3; the
amounts of waste treated in incinerator would be [118.08, 206.28], [147.08, 239.01], and
[168.52, 246.12] t/d during the three periods; In scenario 1B, waste treatment amounts in
both landfill and incinerator would have increasing trends ( [233.28, 303.85] < [286.92,
328.24] < [321.82, 354.21] t/d, and [118.45, 204.70] < [147.21, 239.22] < [167.66,
244.87] t/d) during the three periods . These increasing trends were mainly driven by the
same trends of waste generation rates in the two districts.

In scenarios 1A to ILP (Table 7.5), the lower bounds of treatment amounts in both
facilities would decrease. For example, the lower bound of waste treatment amount in
landfill during period 1 in scenario 1A (231.39 t/d) would be greater than scenario 2A
(224.64 t/d); that in scenario 1B would be greater than scenario 2B (233.28 > 229.75 t/d);
those in scenarios 2A and 2B would be greater than scenarios 3A and 3B, respectively
(224.64> 221.36 t/d and 320.02 > 311.70 t/d). In comparison, the upper bounds of
treatment amounts in landfill would have no significant trends while those in incinerator
would decease from scenarios 1A to 3B. For instance, the upper bounds of treatment
amounts in landfill would be the greatest in period 1 in scenario 2A (312.90 t/d), in
period 2 in scenario 3A (337.26 t/d), and in period 3 in scenario 1A (359.23 t/d).
Meanwhile the upper bounds of treatment amounts in incinerator would always be the
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greatest in the three periods in scenario 1A (206.28 > 162.64 > 161.74 t/d, 239.01 >
196.35 > 179.38 t/d, and 246.12 > 240.91 > 220.00 t/d) among three scenarios A. In
addition, treatment amounts in scenario ILP would be the lowest among all scenarios. In
general, these trends would indicate that an increased level of joint probability
corresponds to a relaxed decision domain, which results in smaller amounts of waste
treated. However, although the parameters in ILP would be treated as at the lowest level
of joint probability, the corresponding standard variation would be zeros as well. Thus,
the left hand side parameters in ILP would become the smallest, which relaxed its
decision domain to the most degree. Thus, it was reasonable that the ILP would have the
lowest waste treatment amounts among all scenarios.

At the same joint probability, the relationship between the optimized waste treatment
amounts at increased level of individual probabilities (scenarios A) and those at equal
individual probabilities (scenarios B) in each facility would become uncertain (Table 7.5).
For example, the optimized waste treatment amounts in landfill in period 1 in scenarios
1A, 2A and 3A would be lower than those in scenarios 1B, 2B, and 3B, respectively
([231.39, 299.69] < [233.28, 303.85] t/d, [224.64, 312.90] < [229.75, 320.02] t/d, [221.36,
308.32] < [223.78, 311.70] t/d). On the contrary, the optimized amounts of waste treated
in scenarios A would be greater than those in scenarios B in landfill in period 3 ([325.66,
359.23] > [321.82, 354.21] t/d, [309.91, 338.68] > [303.44, 330.28] t/d, [302.34,
340.72] > [297.41, 336.38] t/d). This indicated that the effects of individual probability
levels on the IJLCP model results would be uncertain when joint probability levels (i.e.
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ILP

the sum of individual probability levels) were kept as the same. In other words, joint
probability levels would have more impacts on the decision schemes than individual
probability levels within the waste management system.

Figure 7.2 presents the transportation costs from districts to WTFs and from incinerator
to landfill at different probability levels. Since the waste transportation amounts from
districts to WTFs have no significant difference among scenarios, the lower and upper
bounds of the transportation costs would be kept almost the same in different scenarios
(Figure 7.2a). In comparison, since the waste transportation amounts from incinerator to
landfill have significantly decreasing trends along with increasing joint probabilities, the
lower and upper bounds of the residue transportation costs would decrease as well
(Figure 7.2b). Similarly in Figure 7.3, the upper bound of the treatment costs in landfill
have significantly decreasing trends with increasing joint probabilities (1A, 2A and 3A;
or 1B, 2B, and 3B) but slight changes between different individual probabilities when the
joint probabilities are the same (1A and 1B, 2A and 2B, or 3A and 3B). The lower
bounds of the treatment costs in landfill (Figure 7.3a) and the upper bound of the
treatment cost in incinerator (Figure 7.3b) would not change much among scenarios. The
lower bounds of the treatment costs in incinerator would have slightly decreasing trends
(Figure 7.3b).

In Figure 7.4, from scenarios 1A to ILP, the upper bounds of the incinerator revenue
would have significantly decreasing trends while the lower bounds would decrease
slightly with increasing joint probabilities. However, the difference of incinerator
revenues between different individual probabilities at the same joint probabilities (i.e.
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3B

ILP

1A and 1B, 2A and 2B, and 3A and 3B) would be small. In Figure 7.5, the lower and
upper bounds of the net system costs would decease based on collective contributions
from waste transportation costs, waste treatment costs and incinerator revenues. In
general, these trends indicate that a higher joint probability level would result in a lower
system costs corresponding to a higher constraint- violation risk; however, at the same
joint probabilities, the net system costs at equal individual probabilities would be slightly
less than at increasing individual probabilities. In other words, the difference between
individual probability levels would have no significant effects on the system costs as long
as the joint probability level is kept as the same. In addition, the ILP model would have
the lowest waste transportation costs, waste treatment costs, and system costs among all
scenarios since it has the most relaxed decision domain among all scenarios.

7.5 Discussion

In general, the IJLCP model integrates interval-parameter linear programming,
left-hand-side chance-constrained programming, and joint probabilistic programming
within a general waste management framework. Generally, the IJLCP model can reflect
not only uncertainties presented in terms of interval numbers (unit transportation/
treatment costs, WTF capacities, waste generation rates, waste transportation/treatment
amounts and so on) and left-hand-side random variables (relationships between waste
transportation and treatment amounts and those between treatment amounts and residues)
but also the reliability of satisfying (or risk of violating) the entire system constraints.
Thus, the model’s capability is enhanced through dealing with dual uncertainties in
parameters and decision variables as well as robustness in controlling the overall system
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risk. In comparison, the conventional ILP model only handles uncertainties represented in
interval numbers.

It is noted that the basic principle to deal with the left-hand-side chance-constraints in the
IJLCP model is Theorems 1 to 3.These theorems provide the basis to form an effective
solution through transforming the nonlinear equivalent forms of left-hand-side chance
constraints to their substituted linear forms. The transformation from nonlinear forms to
nonequivalent linear ones may narrow down the original feasible region to some degree.
However, in some sense, it would be a novel type of method to deal with general
interval-parameter nonlinear programming. In fact, two other types of methods were
proposed previously to deal with interval-parameter nonlinear programming (Sun et al.,
2012; Sun and Huang, 2010). One was to find efficient algorithms to directly solve the
interval and nonlinear objective functions (Wu et al., 2006); the other was to approximate
nonlinear expressions through linearization, so that existing algorithms could be
applicable (Qin et al., 2007b; Qin et al., 2009b).

In the IJLCP model, random left-hand-side parameters are independent from both interval
decision variables and interval parameters. In other words, randomness and intervals exist
in two independent parameters (or decision variables), which can be entitled as the
Type-II dual uncertainties. The other type of dual uncertainties (Type-I) can be defined as
two kinds of uncertainties (randomness and interval, fuzziness and interval, or
randomness and fuzziness) existing in the same single parameter (or decision variable).
For example, a Type-I dual uncertainties would exist in an interval number, of which the
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lower and upper bounds are two random variables (Figure 7.6a); a Type-II dual
uncertainties would exist in two parameters. One parameter is a random variable and the
other is an interval number (Figure 7.6b). Compared with Type-II, Type-I dual
uncertainties may bring about more difficulties in transforming the inexact forms to the
corresponding deterministic forms. Therefore, more effective solution algorithms need to
be carefully designed to deal with the optimization model under Type-I dual uncertainties.
Instead, inexact optimization models under Type-II dual uncertainties would be solved
straightforwardly, which was also demonstrated in this study.

7.6 Summary

An inexact joint-probabilistic left-hand-side chance-constrained programming (IJLCP)
method was developed and applied to a MSW management problem under dual
uncertainties. A non-equivalent linearization form for IJLCP was proposed and proved in
a straightforward manner, which presented an efficient solution method to this type of
CCP problem. The performance of IJLCP was analyzed in scenarios at different joint and
individual probabilities, which was compared with the corresponding internal-parameter
programming model as well. The results indicated that, the IJLCP model could reflect not
only uncertainties presented in terms of interval parameters (unit transportation/ treatment
costs, WTF capacities, waste generation rates, waste transportation/treatment amounts
and so on) and left-hand-side random variables (the relationship between waste
transportation and treatment amounts) but also the reliability of satisfying (or risk of
violating) the entire system constraints. In the investigated municipal waste management
system, the net system costs would decrease with increasing joint probability levels; at

298

the same joint probabilities, the net system costs at equal individual probabilities would
be slightly less than at increasing individual probabilities. Although this study was the
first application of the model to waste management problems, the IJLCP would be
applicable to other environmental problems under dual uncertainties.

299

CHAPTER 8 CONCLUSIONS
8.1 Summary

In this dissertation research, a set of characterization and optimization methodologies
have been developed and applied to waste management. Especially, two characterization
methods have been advanced to quantify and help understand the complicated, dynamic
and interactive relationships during processes of food waste composting; three inexact
optimization methods have been proposed for municipal solid waste management under
multiple complexities. A brief summary of this research is given as follows:

(1) A stepwise-cluster microbial biomass inference (SMI) model was developed through
introducing stepwise cluster analysis (SCA) into composting process modeling to tackle
the nonlinear relationships among state variables and microbial activities. Eight runs of
designed experiments in bench-scale reactors in a laboratory were constructed to
demonstrate the feasibility of the proposed method. The results indicated that SMI could
help establish a statistical relationship between state variables and composting microbial
characteristics, where discrete and nonlinear complexities exist. Significance levels of
cutting/merging were provided such that the accuracies of the developed forecasting trees
were controllable. Through an attempted definition of input effects on the output in SMI,
the effects of the state variables on thermophilic bacteria were ranged in a descending
order as: Time (day) > Moisture Content (%) > Ash Content (%, dry) > Lower
Temperature (℃) > pH > NH4+-N (mg/Kg, dry) > Total N (%, dry)> Total C (%, dry);
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the effects on mesophilic bacteria were ordered as: Time > Upper Temperature (℃) >
Total N > Moisture Content >NH4+-N > Total C > pH.

(2) A genetic algorithm aided stepwise cluster analysis (GASCA) method was developed
to describe the nonlinear relationships between the selected state variables and the C/N
ratio in food waste composting. The experimental data from six bench-scale composting
reactors were used to demonstrate the applicability of GASCA. Within the GASCA
framework, GA searched optimal sets of both specified state variables and SCA’s internal
parameters; SCA established statistical nonlinear relationships between state variables
and the C/N ratio; to avoid unnecessary and time-consuming calculation, a proxy table
was introduced to save around 70% computational efforts. The obtained GASCA cluster
trees had smaller sizes and higher prediction accuracy than the conventional SCA trees.
Based on the optimal GASCA tree, the effects of the GA-selected state variables on the
C/N ratio were ranged in a descending order as: NH4+-N concentration > Moisture
content > Ash Content > Mean Temperature > Mesophilic bacteria biomass.

(3) An inexact piecewise quadratic programming (IPQP) model was developed through
coupling piecewise linear regression with interval linear programming to handle both
nonlinearity and uncertainty. In IPQP, uncertainties expressed as intervals for
transportation/operation costs, treatment capacities, waste generation rates, waste
flows/amounts were reflected; a more accurate approximation for nonlinearities reflecting
effects of economies-of-scale between unit transportation costs and waste flows as well
as between unit operation costs and waste treatment amounts were provided. An
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interactive algorithm was designed for solving IPQP. IPQP was applied to a hypothesis
case of waste allocation planning and compared with a conventional inexact quadratic
programming model (IQP). The results indicated that, in the investigated waste allocation
system, the optimized waste flows from the districts to the waste treatment facilities
(WTFs) and the optimized waste treatment amounts in WTFs had no significant
differences between both models. However, most of unit transportation costs or unit
operation costs in IPQP were less than those in IQP, which finally contributed to a lower
net system costs in IPQP than IQP. Strategies to balance the tradeoff between
approximation accuracy and computational complexity for IPQP were also discussed.

(4) An inexact piecewise-linearization-based fuzzy flexible programming (IPFP) model
was developed to tackle nonlinear economies-of-scale (EOS) effects in intervalparameter constraints for a representative waste management problem. In IPFP, interval
parameters for waste amounts and transportation/operation costs can be quantified;
aspiration levels for net system costs, as well as tolerance intervals for both capacities of
waste treatment facilities and waste generation rates can be reflected, while the nonlinear
EOS effects transformed from objective function to constraints can be approximated. An
interactive algorithm was proposed for solving the IPFP model, which in nature is an
interval-parameter mixed-integer quadratically constrained programming model. To
demonstrate the IPFP’s advantages, two alternative models were developed to compare
their performances. One is a conventional linear-regression-based inexact fuzzy
programming model (IPFP2) and the other is an IPFP model with all right-hand-sides of
fuzzy constraints being the corresponding interval numbers (IPFP3).
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(5) An inexact joint-probabilistic left-hand-side chance-constrained programming (IJLCP)
method was developed and applied to a MSW management problem under dual
uncertainties. A non-equivalent linearization form for IJLCP was proposed and proved in
a straightforward manner, which presented an efficient solution method to this type of
CCP problem. The performance of IJLCP was analyzed in scenarios at different joint and
individual probabilities, which was compared with the corresponding internal-parameter
programming model as well. The results indicated that, the IJLCP model can reflect not
only uncertainties presented in terms of interval parameters and left-hand-side random
variables but also the reliability of satisfying (or risk of violating) the entire system
constraints. In the investigated municipal waste management system, the net system costs
would decrease with increasing joint probability levels; at the same joint probabilities, the
net system costs at equal individual probabilities would be slightly less than at increasing
individual probabilities.

8.2 Research Achievements

In terms of characterization, the key achievements were advancement of two
characterization methods and their first applications to quantify the complicated, dynamic
and interactive relationships during processes of food waste composting. Among them,
the stepwise cluster analysis (SCA) could help establish a statistical relationship between
state variables and composting microbial characteristics, where discrete and nonlinear
complexities exist. Based on the two obtained SCA trees, the effects of the state variables
on thermophilic bacteria were ranged in a descending order as: Time (day) > Moisture
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Content (%) > Ash Content (%, dry) > Lower Temperature (℃) > pH > NH4+-N (mg/Kg,
dry) > Total N (%, dry)> Total C (%, dry); the effects on mesophilic bacteria were
ordered as: Time > Upper Temperature (℃) > Total N > Moisture Content >NH4+-N >
Total C > pH. Improving upon the SCA method, genetic algorithm aided stepwise cluster
analysis (GASCA) was developed to describe the nonlinear relationships between the
selected state variables and the C/N ratio in food waste composting. Within the GASCA
framework, GA searched optimal sets of both specified state variables and SCA’s internal
parameters; SCA established statistical nonlinear relationships between state variables
and the C/N ratio; and a proxy table was introduced to save around 70% computational
efforts. Based on the obtained GASCA cluster trees with smaller sizes and higher
prediction accuracy, the effects of the GA-selected state variables on the C/N ratio were
ranged in a descending order as: NH4+-N concentration > Moisture content > Ash
Content > Mean Temperature > Mesophilic bacteria biomass. Such a rank implied that
the variation of ammonium nitrogen concentration, the associated temperature and the
moisture conditions, the total loss of both organic matters and available mineral
constituents, and the mesophilic bacteria activity, were critical factors affecting the C/N
ratio during the investigated food waste composting.

In terms of optimization, the key achievements were development of three inexact
optimization methods and their first applications to municipal solid waste management
under multiple complexities. These methods include inexact piecewise quadratic
programming (IPQP), inexact piecewise- linearization-based fuzzy flexible programming
(IPFP), and inexact joint-probabilistic left-hand-side chance-constrained programming
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(IJLCP). When dealing with economies- of-scale (EOS) effects in objective function, the
IPQP can generate more accurate approximation for nonlinearities. Compared with IPQP,
conventional inexact quadratic programming may overestimate the net system costs.
When dealing with EOS effects in constraints, the IPFP can estimate transportation and
operation costs more accurately and provide more satisfactory interval solutions. In
comparison, the conventional inexact fuzzy flexible programming method may
underestimate the net system costs. These applications of IPQP and IPFP to
representative waste management problems implied that the often ignored EOS effects
should be considered in the real-world waste management system to obtain accurate net
system costs. When dealing with the inexact relationships between amounts of waste
transported and treated, the IJLCP can not only reflect uncertainties presented in terms of
interval parameters and left-hand-side random variables, but also examine the reliability
of satisfying (or risk of violating) the entire system constraints. A non-equivalent but
sufficient linearization form for the IJLCP model was proposed to solve this type of
problems and proved in a straightforward manner. The IJLCP’s application indicated that
a higher joint probability level would result in a lower system costs in a waste
management system; meanwhile, joint probability levels would have more impacts on the
net system cost than individual probability levels.

8.3 Recommendations for Future Research

In this dissertation research, a set of characterization and optimization methodologies
have been developed and applied to the area of waste management. Following their first
applications to food waste composting process, SCA and GASCA can be applied to
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mapping the nonlinear and discrete relationships in other environmental processes;
following their first applications to municipal solid waste management problems, the
methods of IPQP, IPFP and IJLCP can be potentially extended to other environmental
systems under multiple complexities or dual uncertainties.

These successful applications of SCA and GASCA to composting processes would
indicate that more multivariate analysis methods can be applied to analyzing complicated
relationships during composting processes. Meanwhile, more direct search algorithms
would be coupled with SCA or other multivariate analysis methods to form more
effective characterization methods, which would help understand the complicated
relationships during composting.

Further research efforts that integrate composting kinetic models and process control
models with the SCA or GASCA methods would also be desired. The SCA or GASCA
methods can be employed as proxies to support simulation or optimization models. Such
integrated simulation-inference or simulation-proxy-optimization modeling systems can
help generate more straightforward decision support for management of composting
processes.

In the applications of both IPQP and IPFP to municipal solid waste management
problems, only effects of economies-of-scale between waste amounts and related costs
are considered. In practical waste management systems, most relationships among
different system components are nonlinear in nature; meanwhile, most of conventional
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optimization models applied to waste management can only handle linear relationships.
Thus, more nonlinear relationships need to be quantified within an inexact waste
management framework.

The piecewise linearization method has been demonstrated its effectiveness to transform
nonlinear objective functions and constraints into the corresponding linear forms.
However, some relationships and interactions in various environmental systems may be
too complicated to be quantified by the piecewise linearization method. Thus,
development of more effective solution algorithms will help broaden the applicability of
nonlinear optimization methodologies under uncertainties.
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