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ABSTRACT 

Energy-related activities are a major contributor of anthropogenic greenhouse gas 

(GHG) emissions. The mitigation of GHG emissions should thus be incorporated within 

the framework of integrated energy-environment systems (IEES) planning. However, 

various uncertainties and dynamics of the systems pose difficulties for IEES planning. As 

well, variations associated with random weather/climatic conditions aggravate planning 

challenges. This dissertation aims to address such complexities through developing a 

series of inexact optimization models. The associated models include: (a) an interval 

multi-stage stochastic programming model (IMSP-IEES), (b) an interval fuzzy multi-

stage stochastic programming model (IFMP-IEES), (c) a dual-interval mixed-integer 

linear programming model (DMLP-IEES), (d) a dual-interval multi-stage stochastic 

programming model (DMSP-IEES), (e) a fuzzy dual-interval multi-stage stochastic 

programming  model (FDMSP-IEES), (f) a joint-probabilistic left-hand-side chance-

constrained programming model (ILJCP-IEES), (g) an interval joint-probabilistic two-

side chance-constrained programming model (IJTCP-IEES), and (h) an interval fuzzy 

two-side chance-constrained programming model (IFTCP-IEES) for energy systems 

planning and GHG-emission mitigation in Alberta. 

The main contribution of this research is the development of a series of innovative 

approaches for supporting robust planning of regional energy systems and scientific 

reduction of GHG emissions under uncertainties. The IMSP-IEES and IFMP-IEES 

improved upon the previous inexact optimization methods by allowing the stochastic 

uncertainties and dynamics within a multi-layer scenario tree to be incorporated within 

the planning systems. The integration of fuzzy programming further enhanced the 
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robustness of IEES optimization through addressing the ambiguous system information. 

The DMLP-IEES, DMSP-IEES and FDMSP-IEES introduced the concept of dual 

interval into IEES planning to address dual uncertainties without distribution information 

but rough estimation of lower and upper bounds. The proposed methods have advantages 

in integrating inherent system uncertainties expressed not only as discrete intervals and 

dual intervals but also as possibility and probability distributions into solution procedures. 

The ILJCP-IEES, IJTCP-IEES and IFTCP-IEES enhanced the capabilities of previous 

inexact stochastic optimization approaches in dealing with left/two-side multi-

randomness issues, especially when a joint-probabilistic requirement is imposed on 

multiple constraints. Through integrating interval and fuzzy programming, the three 

universal types of inexact information could be addressed and thus further enhance the 

robustness of the IFTCP-IEES. The IFTCP-IEES was then applied to GHG-emission 

reduction and energy system planning in Alberta. Results indicated that interactions 

among various system components would be sufficiently reflected in a mixed multi-

uncertain environment.  
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CHAPTER 1. INTRODUCTION 

 

It is widely accepted that human-induced (anthropogenic) greenhouse gas (GHG) 

emissions are the primary cause of global warming (Lin et al., 2009a; Xie et al., 2010), 

among which CO2 Hoeller and Wallin, 

1991

 is considered to be the most important component (

). Each year, about 27 billion tonnes of CO2

IPCC, 2007

 are produced by human activities 

worldwide ( ). With increasing concerns over GHG emission reduction (Bahn 

et al., 2001; Purcell et al., 2000; Vaillancourt et al., 2008b), most countries in the world 

have committed to reduce their GHG emissions within certain levels over a short term 

(e.g., the second stage of Kyoto Protocol 2008-2012) (UNFCCC, 1997). Since energy-

related activities account for most of the increasing atmospheric GHG emissions (EIA, 

2001; USGS, 2009), a reduction in GHG emissions and the associated costs should be 

addressed within the context of energy systems management. This leads to a desire for 

effective energy systems planning tools.  

Previously, a variety of modeling studies were conducted either for individual 

energy sectors, small-scale energy systems (Cai et al., 2009b; Heinrich et al., 2007; Li et 

al., 2010), or larger regional energy-environment systems (Guo et al., 2008; Kagiannas et 

al., 2003; Kanudia and Loulou, 1999; Liang et al., 2007; Lin and Huang, 2008; Lin et al., 

2009b; Terrados et al., 2009). Studies of individual energy sectors with a single or limited 

energy resource (e.g., electrical power) were taken into account within study scopes 

(Becerra-Lopez and Golding, 2008; Daniel et al., 2009; Li et al., 2010; Liu et al., 2009a). 

However, these studies could hardly reflect the complex interactions among energy 
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supply, energy conversion, energy demand and GHG emission reductions of regional 

energy-environment systems. Therefore, they could not provide a sound basis for 

supporting comprehensive energy systems planning and GHG emission mitigation, which 

leads to a requirement of integrated regional energy-environment systems planning 

models. In contrast, studies of regional energy-environment systems management have 

demonstrated capabilities in handling complicated interactions within integrated energy-

environment systems (Cormio et al., 2003; Guo et al., 2008; Kagiannas et al., 2003; 

Kanudia and Loulou, 1999; Liang et al., 2007; Lin and Huang, 2008; Lin et al., 2009b).  

One disadvantage for most of these studies is their inadequacy in reflecting 

uncertain system information associated with various energy/environment activities 

(Kagiannas et al., 2003; Kanudia and Loulou, 1999; Liang et al., 2007; Terrados et al., 

2009; Vaillancourt et al., 2008b). In real-world energy-environment systems, various 

types of uncertainties and complexities are commonly communicated within multiple 

components of regional energy-environment systems. These uncertainties could be 

summarized into three types: probability distributions, possibility distributions and 

discrete single/dual intervals. In order to address these uncertainties, three corresponding 

inexact programming techniques (i.e., stochastic programming, fuzzy programming and 

single/dual interval-parameter programming) have been widely applied in energy-

environment systems planning (Kanudia and Shukla, 1998; Lin and Huang, 2008; Zhang 

et al., 2012). Consequently, a variety of optimization approaches for energy systems 

management have been developed based on these fundamental methodologies or a 

combination thereof (Cai et al., 2008; Groscurth et al., 1993; Guo et al., 2008; Hu et al., 

2011; Iniyan et al., 2000; Kanudia and Shukla, 1998; Lin and Huang, 2011; Lin and 



 

3 
 

Huang, 2008). Through these inexact energy-environment systems models, certain types 

of uncertainty or certain combinations of the uncertainties could be reflected. However, 

due to the complexity of energy-environment systems, some issues associated with 

system uncertainties have not been adequately addressed and are challenging the 

effective management of energy-environment systems and the scientific reduction of 

GHG emissions, leading to a low reliability of the solutions obtained.  

First, stochastic uncertainties and dynamics within sequential-multilayer structures 

of large-scale energy-environment planning systems could not be adequately addressed in 

the previous modeling frameworks of energy-environment systems (Li et al., 2010; Lin 

and Huang, 2010). For example, dynamic and random information expressed as multi-

period probabilistic distributions is often associated with the stochastic nature of 

emission-reduction targets in some energy-environment systems. Moreover, ambiguous 

system information exists in energy-environment systems as well, expressed as fuzzy 

memberships in the objective function and constraints (Dubois and Prade, 1980; 

Zimmermann, 1985). Some of the current approaches over simplified fuzzy membership 

information into intervals hinder in-depth analyses for system cost and satisfaction degree 

(Cai et al., 2009c; Chen et al., 2010; Lin and Huang, 2009a). To effectively incorporate 

such dynamic and uncertain information within energy-environment management 

systems, a series of inexact multi-stage stochastic models based on interval parameter 

programming and fuzzy programming methodologies would thus be desired. 

Secondly, dual interval uncertainties that could not obtain probabilistic distribution 

information but a rough estimation of the lower and upper interval bounds, have not been 

adequately addressed in energy-environment management systems. This type of 
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uncertainty contains more information (showing the possibilities of the values within the 

range) than single intervals that could be addressed by interval parameter programming, 

even though it does not contain as rich information as a probability distribution that could 

be tackled by stochastic programming (e.g., chance-constrained programming). Moreover, 

system dynamics associated with multi-stage decision making frequently confront 

decision makers, which also need to be integrated and addressed in the same modeling 

framework. Such modeling methodologies are more preferable for the sequential-

multilayer structures of large-scale energy-environment management systems, in which 

the recourse issues under multiple policy scenarios need to be tackled when the promised 

targets are violated (Li et al., 2008c). Thus, it is desirable that integrated optimization 

approaches are provided for handling dual-interval uncertainties as well as multi-stage 

stochastic information in energy-environment systems planning under multiple 

uncertainties. 

Thirdly, multi-randomness in left-hand-sides or two-sides of model constraints 

have not been adequately tackled in integrated energy-environment systems management 

under uncertainties. Chance-constrained problems are frequently encountered in energy-

environment systems management. Randomness can be observed in right-hand-sides or 

left-hand-sides of model constraints (Abdelaziz et al., 2007; Arun et al., 2009; Babonneau 

et al., 2012; Baños et al., 2011; Ding et al., 2010; Liu et al., 2009a; Nembou and Murtagh, 

1996; Roy et al., 2010; Zeng et al., 2011). For example, the impacts of varying 

weather/climatic factors on renewable power production and energy demands from 

demanding technologies may show random characteristics. Previously, most chance-

constrained programming (CCP) models have been developed to tackle randomness 
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issues in right-hand-sides of constraints (Dong et al., 2012; Li et al., 2008b; Liu et al., 

2009a; Zeng et al., 2011). Some of the latest methodology studies in other fields have 

also provided effective approaches in dealing with left-hand-side randomness (Cao et al., 

2011; Sun et al., 2012), although such applications have not been reported in energy-

environment systems management. Moreover, current CCP can hardly reflect the multi 

randomness in both sides of the constraints due to the difficulty in solving the caused 

nonlinearity. In addition, CCP also has difficulty analyzing interactions among multiple 

constraints that are required to be satisfied at a joint probability level (Li and Huang, 

2010; Sun et al., 2012), and frequently, the quality of many parameters is not good 

enough to be presented as probability distributions which may affect the practical 

applications of CCP. Therefore, a method capable of both addressing sets of left-hand-

side/two-side multi randomness and reflecting the inexact relationships effectively is 

desired for energy systems management and GHG emissions mitigation.  

The objective of this dissertation research is to develop a series of inexact 

mathematical programming methods for systems optimization under uncertainties and 

apply them to regional energy systems management and GHG emission reduction. This 

objective entails the following tasks:  

(a) Development of an interval multi-stage stochastic programming model (IMSP-IEES) 

for supporting regional energy systems management and greenhouse gas control 

under uncertainties, 

(b) Development of an interval fuzzy multi-stage stochastic programming model 

(IFMP-IEES), by integrating interval-parameter, fuzzy, mixed integer and multi-

stage stochastic programming techniques into regional energy management systems, 
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for the planning of integrated energy-environment systems  under multiple 

uncertainties, 

(c) Development of a dual-interval mixed-integer linear programming model (DMLP-

IEES) to support regional energy systems management and greenhouse gas control 

under uncertainties,  

(d) Development of a dual-interval multi-stage stochastic programming model (DMSP-

IEES) for the planning of integrated energy-environment systems  under 

uncertainties,  

(e) Development of a fuzzy dual-interval multi-stage stochastic programming  model 

(FDMSP-IEES), by integrating interval-parameter, dual-interval, fuzzy and multi-

stage stochastic programming techniques 

(f) Development of a joint-probabilistic left-hand-side chance-constrained 

programming model (ILJCP-IEES) for the planning of integrated energy-

environment systems  under uncertainties,  

into regional energy management systems, 

for the planning of integrated energy-environment systems  in a mixed-uncertainty 

environment,  

(g) Development of an interval joint-probabilistic two-side chance-constrained 

programming model (IJTCP-IEES) for the planning of integrated energy-

environment systems  under uncertainties, and 

(h) Development of an interval fuzzy two-side chance-constrained programming model 

(IFTCP-IEES) based on an integration of interval-parameter, fuzzy, mixed integer 

and joint-probabilistic two-side chance-constrained programming techniques into 

regional energy management systems, and application of the IFTCP-IEES for 
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supporting regional energy systems management and GHG-emission mitigation in 

the province of Alberta, Canada under multiple uncertainties.  
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CHAPTER 2. LITERATURE REVIEW 

 

Energy systems management has been emphasizing more on GHG-emission 

mitigation in the past decade. Such mitigation is normally achieved through improving 

energy efficiency, adoption of cleaner energy resources and efficient management of 

energy-related activities, such as energy production, energy import, electricity conversion, 

energy demand, capacity expansion and emission compensation (Becerra-Lopez and 

Golding, 2008; Cai et al., 2012; Cormio et al., 2003; Kanudia and Loulou, 1999; Li et al., 

2012). Meanwhile, complexities associated with the energy-related activities frequently 

confront decision makes in planning of regional energy systems. Such complexities 

include varying economic, geographic, legislative and political conditions, rising energy 

prices, shrinking energy reserves, increasing environmental concerns, and emerging 

national and international protocols or obligations (Lin and Huang, 2011). Such 

complexities are further compounded by various uncertainties presented in many related 

parameters and decision variables as well as their relationships (Zeng et al., 2011). 

Therefore, systems-analysis approaches are desired to reflect such complexities in energy 

systems management and to provide sound energy plans with the consideration of GHG-

emission control. Previously, a number of optimization models have been proposed and 

applied in energy systems management (Cai et al., 2012; Daniel et al., 2009; Kanudia and 

Loulou, 1999; Li et al., 2012; Lin and Huang, 2011). Most of them could only deal with 

deterministic parameter inputs (Becerra-Lopez and Golding, 2008; Cormio et al., 2003; 

Daniel et al., 2009; Kagiannas et al., 2003; Kanudia and Loulou, 1999; Terrados et al., 
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2009). Some latest studies have also shown capabilities in addressing uncertain system 

information in energy systems management, based on stochastic mathematical 

programming, fuzzy mathematical programming and interval mathematical programming 

or the combinations of these inexact programming methodologies (Babonneau et al., 

2012; Cai et al., 2009a; Guo et al., 2008; Li et al., 2011a; Lin and Huang, 2009a; Zeng et 

al., 2011; Zhang et al., 2012). In this chapter, a systematic review is presented for the 

latest studies on energy systems management, GHG-mitigation constrained energy 

systems management, and inexact energy-environment systems planning methodologies. 

 

2.1 Energy Systems Management 

 

Energy system planning is of raised importance to decision makers in many regions, 

when facing a series of energy-related issues such as depletion of fossil fuel resources, 

exploitation of renewable energy resources, and capacity expansion of relevant 

technologies (Cai et al., 2012; Jaccard et al., 2003; Jebaraj and Iniyan, 2006; Kanudia and 

Loulou, 1999; Pohekar and Ramachandran, 2004). These issues are highly interrelated, 

not only among each other but also with social, economic, political and technical factors 

(Jebaraj and Iniyan, 2006; Pohekar and Ramachandran, 2004). This may lead to a variety 

of complexities associated with relevant decision-making processes. To address such 

complexities, effective energy systems planning tools are desired. 

Previously, a number of systems analysis techniques were employed for assisting 

energy-systems management (Anand et al., 2006; Antunes et al., 2004; Bazmi and Zahedi, 

2011; Birge, 1985; Elkamel et al., 2008; Heinrich et al., 2007; Iniyan et al., 2000; Jebaraj 
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and Iniyan, 2006). Optimization methods were proven to be effective in providing 

desirable decision alternatives under varying system conditions. Among these studies, 

some emphasized the planning of either an individual energy sector or a small-scale 

energy system (Cai et al., 2009b; Li et al., 2010), in which only limited energy resources 

and technologies (e.g. electrical power) were taken into account within study scopes. For 

example, Henning  proposed a Model for Optimization of Dynamic Energy Systems with 

Time-Dependent Components and Boundary Conditions (MODEST), based on linear 

programming, to minimize the capital and operating costs of energy supply and demand 

(Henning, 1997). It was applied to a typical Swedish electricity and district-heating utility, 

and to the country’s national power system. Heinrich et al. proposed a methodology for 

the ranking of power expansion alternatives given multiple objectives and uncertainties, 

and applied it to the South African electricity supply industry (Heinrich et al., 2007). The 

methodology adopted a value function MCDA approach, which was augmented with 

scenario analysis to yield information relating to both the relative performance and 

credibility of power expansion alternatives. A portfolio of preferred alternatives was then 

identified based on performance and confidence criteria. Daniel et al. developed an 

environmental-friendly regional energy planning model for the state of Tamil Nadu in 

India, using an energy flow optimization model (EFOM) (Daniel et al., 2009). The model 

aimed to minimize the cost of electricity generation over a definite time horizon, and to 

investigate the possibility of reducing harmful emissions by optimizing the role of 

conventional fuels, increasing the role of renewable energy sources (RES) and 

implementing energy saving techniques.  Liu et al. developed an inexact coupled coal and 

power management (ICCPM) model for planning coupled coal and power management 
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systems, through integrating chance-constrained programming, interval linear 

programming and mixed integer linear programming techniques (Liu et al., 2009a). The 

model developed was applied to a case of long-term coupled coal and power management 

systems planning in north China, through which the capabilities were demonstrated in 

handling uncertainties presented in terms of probability density functions and intervals, 

and facilitating dynamic analysis of capacity expansions, facility installation and coal 

inventory planning within a multi-period and multi-option context. Li et al. developed 

developed a multistage interval-stochastic model (MIS-REM) for supporting electric 

power system (EPS) planning under uncertainty, based on a multistage interval-stochastic 

integer linear programming method (Li et al., 2010). The MIS-REM developed was 

capable of dealing with uncertainties expressed as both probability distributions and 

interval values existing in power systems planning problems. As well, it demonstrated 

capability in reflecting dynamic decisions for electricity generations and capacity 

expansions over a multi-period context. Gao and Ren developed an optimization model 

based decision support system and relevant software package to provide comprehensive 

analysis of economic, energetic and environmental issues within a distributed energy 

system framework (Gao and Ren, 2011). The optimization problem was formulated as a 

mixed integer linear programming (MILP) model with an objective to minimize overall 

cost of the distributed energy system, including both investment and running ones. 

Unsihuay-Vila et al. proposed a multi-objective, multi-area and multi-stage (MESEDES) 

“bottom-up” model  to long-term expansion planning of integrated generation and 

transmission corridors and sustainable energy development (Unsihuay-Vila et al., 2011). 

Although the models developed was able to provide effective technical decision 
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alternatives, the modeling studies for individual energy sectors or small-scale energy 

systems could hardly reflect the complex interactions among multiple sectors of large 

energy systems. Therefore, they could not provide sound bases for supporting 

comprehensive regional energy systems planning and environmental management.  

In contrast, studies on large-scale energy systems aimed at tackling the complex 

interactions among multiple energy-related activities of large-scale energy systems 

(Cormio et al., 2003; Guo et al., 2008; Kagiannas et al., 2003; Kanudia and Loulou, 1999; 

Liang et al., 2007; Lin and Huang, 2008; Lin et al., 2009b; Terrados et al., 2009). For 

example, Market Allocation Model (MARKAL) was developed for large-scale energy 

systems planning, through which sectors of energy production, energy conversion, energy 

processing, energy transmission and utilization were incorporated within a general 

framework to help formulate cost-effective energy management plans (Kanudia and 

Loulou, 1998; Stocks and Musgrove, 1984; Turton and Barreto, 2006). Energy Flow 

Optimization Model (EFOM) was developed as an engineering-oriented bottom-up 

model for national energy systems planning and was widely used in many countries 

(Cormio et al., 2003; Khella, 1997; Vaillancourt et al., 2008a; Van der Voort, 1982). In 

addition to the above-mentioned models, a number of energy systems planning models 

have been developed based on a variety of optimization methodologies. For instance, 

Kavrakoǧlu developed a dynamic linear programming mini-model for the planning of 

energy systems at a national scale (Kavrakoǧlu, 1980). Four primary energy resources 

and three secondary ones were considered. Economic investments as well as production 

activities for the refining, conversion, and transmission of various energies were deemed 

as typical decision variables. Iniyan et al. developed an Optimal Renewable Energy 
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Model (OREM) for the effective utilization of renewable energy sources in India, with 

the objective of minimizing cost/efficiency ratio based on reliability, social acceptance, 

potential and demand constraints (Iniyan et al., 2000). A variety of renewable energy 

options were incorporated within the OREM modeling system to provide optimized 

allocation schemes for multiple end-uses, such as lighting, cooking, pumping, heating, 

cooling and transportation. Cormio et al. proposed a bottom-up energy system 

optimization model to support planning policies for promoting the use of renewable 

energy sources, and applied to the Apulia region in Southern Italy (Cormio et al., 

2003).  In the model, a linear programming optimization methodology based on energy 

flow optimization model (EFOM) is adopted, detailing the primary energy sources 

exploitation, power and heat generation, emissions and end-use sectors. Becerra-Lopez 

and Golding established a multi-objective programming approach for capacity expansion 

planning of regional power-generation systems of far west Texas (Becerra-Lopez and 

Golding, 2008). Through this paper, the capacity expansion of the regional power 

generation system was formulated as a multi-objective optimization problem (MOOP) to 

determine the supply shares for some chosen technologies based on both renewable and 

non-renewable power conversion. Hiremath et al. proposed a goal programming-based 

bottom-up model for decentralized sustainable energy planning in Tumkur District of 

India (Hiremath et al., 2011), by taking into consideration factors such as population 

growth, economic growth, energy prices, appliance stock, availability of 

indigenous/renewable energy resources, etc. 
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2.2 GHG-mitigation Constrained Energy Systems Management 

 

GHG-emission abatements have raised increasing public concerns in the past 

decades, when facing with disadvantageous changing climate conditions (Cai et al., 2012; 

Kasemir et al., 2000; Li et al., 2011a; Löfstedt, 1991; Messner and Strubegger, 1991; Sun 

and Kuntsi, 2004). Energy consumption activities are believed to be one of the most 

important sources of GHG emissions, and thus are required to be managed systematically 

(Groscurth et al., 1993; Jebaraj and Iniyan, 2006; Lin and Huang, 2009a; Torvanger and 

Meadowcroft, 2011; UNFCCC, 1997). Optimization approaches have been proven to be 

an effective measure in dealing with this issue (Iniyan et al., 2000; Li et al., 2011b; Lin 

and Huang, 2009b; Mirzaesmaeeli et al., 2010; Patt, 2010). By introducing optimization 

methodologies into the management of integrated energy-environment systems (IEES), 

various system interactions and trade-offs among multiple system components could be 

addressed within the modeling framework (Guo et al., 2008; Li et al., 2012; Zhang et al., 

2012) 

Previously, a number of studies were conducted for planning energy systems and 

managing GHG-emission reductions in multiple scales (Carlson et al., 2004; Chen et al., 

2010; Haurie, 2001; Hiremath et al., 2007; Klaassen et al., 2005; Lin and Huang, 2009a, 

2010). These models have demonstrated suitable applications in generating sound plans 

for energy systems management and GHG emission control. For example, Lehtilä and 

Pirilä (1996) presented a bottom-up energy systems optimization model to support policy 

planning for sustainable energy use in Finland. The developed Finnish EFOM model 

integrated the activities of biomass use for energy, power and heat generation, emissions 



 

15 
 

and the end use of energy, and provided useful results for actual policy planning for the 

abatement of CO2

Haurie, 2001

 emissions.  Haurie proposed a reduced version of the energy model 

MARKAL, MARKAL-LITE for regional energy and environmental systems 

management ( ). The model developed could be used in integrated 

assessment approaches where it could be linked with other environmental management 

decision support tools, such as geographical information systems (GIS), and pollution 

dispersion models. Nilsson and Martensson proposed a municipal energy systems 

planning model to study various municipal energy plans in southern Sweden (Nilsson and 

Mårtensson, 2003). Hashim et al. took into account the problem of reducing 

CO2 emissions from a power grid consisting of a variety of power-generating plants, 

developed an optimization model based on a MILP method for energy/CO2

Hashim et al., 2005

-emission 

planning ( ). The optimization problem was formulated as a mixed 

integer linear program (MILP) and implemented in GAMS (General Algebraic Modeling 

System), and was applied to an existing Ontario Power Generation (OPG) fleet analyzed 

under three operating modes. Ordorica-Garcia et al. developed a mixed integer linear 

programming (MILP) model on the GAMS platform for the planning of oil sand industry 

of Canada (Ordorica-Garcia et al., 2008). The study involves minimizing the costs of 

supplying all of the energy required for oil sands operations, subject to given CO2 

emission reductions targets. Through the developed energy optimization model (EOM), 

the optimal combination was obtained for energy production technologies, feedstock, and 

CO2 capture processes to use in the oil sands industry while meeting CO2 reduction 

targets for given bitumen/SCO production levels. Mirzaesmaeeli et al. developed a 

deterministic multi-period mixed-integer linear programming model for electric systems 
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planning (Mirzaesmaeeli et al., 2010).  The model considered multi-period factors and 

CO2 mitigating technologies in order to select the optimal mix of energy supply sources 

that would meet current and future electricity demand and CO2

Moreover, some studies provided some approaches that were capable of dealing 

with uncertainties within energy management systems (

 emission targets, and 

would minimize the overall cost of electricity.  

Kanudia and Loulou, 1998; Li et 

al., 2011a; Lin and Huang, 2009a), for example, Kanudia and Loulou developed an 

advanced bottom-up approach for modeling the energy-environment sector to study 

greenhouse gas abatement (Kanudia and Loulou, 1999). In this model, three new features 

were illustrated by results taken from large-scale extended MARKAL models of Quebec 

and Ontario, Canada, which were: endogenisation of end-use demands, which allowed 

computation of partial equilibria in energy markets; modelling future uncertainties using 

multi-stage stochastic programming; and combining several bottom-up models as a multi-

region model to explore issues of cooperation and burden-sharing. Cai et al. developed a 

large-scale dynamic optimization model (University of Regina Energy Model, 

UREM)   for supporting long-term energy systems planning in the Region of Waterloo, 

Canada (Cai et al., 2008). Through this model, interactions among economic cost, system 

efficiency, emission mitigation and energy-supply security were analyzed. Lin et al. 

developed a series of inexact energy planning models for energy systems management 

and GHG emission control, and applied the models to some cities and regions, for 

example, applied the developed dynamic interval-parameter programming model to the 

City of Waterloo (Lin and Huang, 2009a), applied the interval two-stage stochastic 

programming model to the City of Beijing (Lin and Huang, 2009b), and applied the 
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interval-fuzzy two-stage stochastic optimization model to the Province of Ontario, 

Canada (Lin and Huang, 2011).  

 

2.3 Energy-Environment Systems Planning under Uncertainties 

 

The management of energy-environment systems often involves a variety of system 

complexities and uncertainties. The uncertainties can be related to varying energy 

resources and technologies, as well as social, economic and environmental conditions 

(Kanudia and Shukla, 1998; Lin and Huang, 2008; Zhang et al., 2012). For example, 

availabilities of renewable energy resources (e.g., hydro, wind, solar) are closely related 

to weather variations that demonstrate random characteristics; future demands of certain 

resources may not be determined but be projected within certain ranges and could be 

presented in the formats of possibility distributions; or sometimes certain parameters 

could not be presented in any distributions but in certain discrete ranges. Normally the 

uncertainties in energy-environment systems management could be expressed in three 

types: probability distributions, possibility distributions, or discrete intervals (Cai et al., 

2008; Guo et al., 2008; Lin and Huang, 2008; Lin et al., 2009b). Neglecting such 

uncertainties in an optimization process may lead to non-robust decision support in 

energy-environment systems planning. In order to address these uncertainties, a series of 

optimization approaches have been developed based on the three fundamental inexact 

optimization techniques (i.e., stochastic programming, fuzzy programming and interval-

parameter programming) or their combinations. 
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2.3.1 Stochastic mathematical programming  

Stochastic programming models are similar in style but take advantage of the fact 

that probability distributions governing the data are known or can be estimated (Wiki, 

2013b). The data (parameters) can be observed in the constraint matrix, the right-hand-

side stipulations and/or the objective functions (Li, 2007), and can be presented in 

discrete or continuous distributions, corresponding to different solution methodologies. 

The main advantage of stochastic programming methods is that they do not simply 

reduce the complexity of programming problems; instead, they allow decision makers to 

have a complete view of the effects of uncertainties and the relationships between 

uncertain inputs and the resulting solutions (Huang et al., 1994a; Huang et al., 1994b; 

Huang et al., 1994c). Typically, stochastic programming models can be replaced by 

suitable deterministic equivalents and then solutions of the deterministic models can be 

extended to represent the stochastic solutions (Kall and Walace, 1994). 

Two-stage stochastic programming (TSP) is an effective tool for optimization 

problems where an analysis of policy scenarios is desired and the related data are mostly 

uncertain. The fundamental idea behind stochastic programming is the concept of 

recourse which refers to the ability to take corrective action after a random event has 

taken place (Lin, 2008). The initial decision is called the first-stage decision and the 

corrective action is called the second-stage decision. Previously, TSP has been widely 

explored in systems optimizations by many researchers (Huang and Loucks, 2000; Kall, 

1979; Li et al., 2008a; Lin and Huang, 2010). For example, Kall presented a two-stage 

stochastic linear programming problem with fixed recourses (Kall, 1979). Wang and 

Adams used a two-stage optimization framework for planning optimal reservoir 
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operations where hydrologic uncertainty and the seasonality of reservoir inflows were 

modeled as periodic Markov processes (Wang and Adams, 1986). Cheung and Chen 

developed a two-stage stochastic networking approach for a dynamic empty-container 

allocation problem (Cheung and Chen, 1998). Huang and Loucks proposed an inexact 

two-stage stochastic programming (ITSP) model based on inexact optimization and two-

stage stochastic programming for water resources management under uncertainty (Huang 

and Loucks, 2000). Li developed a series of inexact optimization model for water 

resources and solid waste management (Li, 2007). Besides, some applications were also 

conducted in the area of energy systems management. For example, Chen et al. 

developed a two-stage inexact-stochastic programming model for planning CO2

Chen et al., 2010

 emission 

trading under uncertainty ( ); Lin and Huang developed a interval-fuzzy 

two-stage stochastic model (DIFT-REM) and applied to the planning of energy systems 

in Ontario, Canada (Lin and Huang, 2011).  

Multi-stage stochastic programming (MSP) was developed as an extension of two-

stage stochastic programming method by modeling the uncertainties through a filtration 

process in order to adequately reflect the dynamic variations of system conditions (Li, 

2007). The method was particularly useful for large-scale problems with sequential 

structures. It improved upon TSP method by permitting revised decisions in each time 

stage based on the uncertainty realized. The uncertain information in MSP was often 

addressed through a multi-layer scenario tree (Li et al., 2006). The primary advantage of 

scenario-based stochastic programming is the flexibility it offers in modeling the decision 

process and defining the scenarios, particularly if the state dimension is high (Birge, 1985; 

Li, 2007). Previously, different MSP methods were developed (Birge, 1985; Birge and 
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Louveaux, 1997; Dupačová, 2002; Li et al., 2006; Rockafellar and Wets, 1991; 

Ruszczyński, 1993; Watkins Jr and McKinney, 1998), which could be generally solved 

by nested Benders decomposition or progressive hedging approaches (Birge, 1985; Li, 

2007; Rockafellar and Wets, 1991). In the past decades, the MSP methodologies have 

been applied to the inexact management issues in many areas, for example, Kanudia and 

Loulou developed a multi-stage stochastic programming approach, a stochastic version of 

Extended MARKAL model, for the planning of energy-environment system and 

mitigation of GHG emissions in Québec, Canada (Kanudia and Loulou, 1998). The plan 

incorporated multiple future scenarios and provided for mid-course corrections 

depending upon the actual realizations of future uncertainties. Kouwenberg developed 

and tested scenario generation methods for asset liability management based on multi-

stage stochastic programming (Kouwenberg, 2001), in which both randomly sampled 

event trees and event trees fitting the mean and the covariance of the return distribution 

were used for generating the coefficients of the stochastic program. In order to evaluate 

stochastic programming models, Fleten et al. compared two different approaches (a 

multistage stochastic programming and a static approach) to asset liability management 

over a large number of realistic scenarios created by means of simulation (Fleten et al., 

2002). Li et al. developed an interval-parameter multi-stage stochastic linear 

programming (INISLP) method for water resources decision making (Li et al., 2006), and 

a multistage fuzzy-stochastic programming (MFSP) model for tackling uncertainties 

presented as fuzzy sets and probability distributions in water resources management (Li 

et al., 2009b). Li et al. developed a multistage interval-stochastic regional-scale energy 
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model (MIS-REM) for supporting electric power system (EPS) planning under 

uncertainty (Li et al., 2010).  

Another type of popular stochastic programming methodology is chance-

constrained programming (CCP). CCP approaches are effective in reflecting the 

reliability of satisfying (or risk of violating) system constraints under uncertainty (Loucks 

et al., 1981). Previously, a number of CCP based management models were developed 

for addressing system randomness and uncertainties (Baños et al., 2011; Cai et al., 2009c; 

Charnes et al., 1972; Fortin and McBean, 1983; Nembou and Murtagh, 1996; Roy et al., 

2010; Sun et al., 2012). Most of the CCP studies were focused on dealing with right-

hand-side randomness in constraints (Abdelaziz et al., 2007; Arun et al., 2009; 

Babonneau et al., 2012; Baños et al., 2011; Cai et al., 2011a; Ding et al., 2010; Liu et al., 

2009a; Nembou and Murtagh, 1996; Roy et al., 2010; Zeng et al., 2011). For example, 

Kanudia et al. developed an inexact Indian MARKAL for energy-environment planning 

for India based on stochastic programming method (Kanudia and Shukla, 1998). Liu et al. 

proposed a hybrid chance-constrained mixed-integer linear programming (ICCMILP) 

approach for nonrenewable energy resources management (Liu et al., 2000), and 

developed a hybrid fuzzy-stochastic robust programming (FSRP) method for regional air 

quality management (Liu et al., 2003). Guo et al. developed an inexact chance-

constrained semi-infinite programming (ICCSIP) method for regional energy system 

management under functional interval uncertainties (Guo et al., 2008). Cai et al. 

developed an CCP-based inexact community-scale energy model (ICS-EM) for 

renewable energy systems management (Cai et al., 2009c), and developed an interval 

chance-constrained programming approach for community renewable energy 
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management (Cai et al., 2009d). Huang et al. developed an chance-constraint mixed-

integer programming (ICCP) to tackle highly uncertain problems in energy management 

systems (Huang et al., 2011). Xie et al. developed an interval fixed-mix stochastic 

programming method for GHG-emission mitigation in energy systems (Xie et al., 2010). 

Zhang et al. proposed an integer credibility constrained programming (ICCP) for power 

system management (Zhang et al., 2012). Some latest studies have also provided 

effective methodologies in dealing with left-hand-side randomness, for example, Cao et 

al. developed a left-hand-side chance-constrained programming (LCCP) method for 

regional air quality management (Cao et al., 2010). Sun et al. developed an inexact joint-

probabilistic left-hand-side chance-constrained programming (IJLCP) method and 

applied to a municipal solid waste management problem under dual uncertainties (Sun et 

al., 2013). However, most CCP methods can hardly reflect the multi randomness in both 

sides of the constraints due to the difficulty in solving the caused nonlinearity. In addition, 

CCP also has difficulties in analyzing interactions among multiple constraints that are 

required satisfying at a joint probability level (Li and Huang, 2010; Sun et al., 2012).  

 

2.3.2 Fuzzy mathematical programming 

Fuzzy programming was derived through incorporation of fuzzy set theory within 

conventiaonal mathematical programming frameworks (Li, 2007), in which fuzzy set 

theory was adopted to support subjective estimation of possible effects from given events, 

and to permit the incorporation of vagueness within the conventional set theory to deal 

with uncertainty quantitatively (Aadeh, 1965; Li, 2007). Usually, fuzzy programming 

methods are classified into two major categories: fuzzy flexible programming (FFP) and 
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fuzzy possibilistic programming (FPP) (Inuiguchi et al., 1990). In fuzzy flexible 

programming problems, flexibilities in constraints and fuzziness in the system objective, 

presented by fuzzy sets and denoted as fuzzy constraints and goals, are introduced into 

the conventional optimization models (Tanaka et al., 1973; Zimmermann, 1985); in fuzzy 

possibilistic programming, fuzzy parameters are introduced into mathematical 

programming frameworks, which are then formulate into various intermediate models 

based on the detailed specifications and analyses of the specific problem (Li, 2007; Zadeh, 

1975).  

In the past decades, a number of studies have been conducted to extend the 

methodologies and applications of fuzzy mathematical programming, in which FFP 

or/and FPP have commonly played the fundamental roles (Ben-Tal and Nemirovski, 2002; 

Dubois and Prade, 1978; Guu and Wu, 1997; Huang et al., 1993; Jiménez et al., 2007; Li 

and Huang, 2009; Mulvey et al., 1995; Nie et al., 2007; Sakawa et al., 2000). For 

example, Sobral et al. proposed a fuzzy optimization model with compromising 

alternative solutions to environmental management, based on the investigation of 

different interest groups’ subjective perspectives (Sobral et al., 1981). Fabian and Stoica 

proposed several membership functions and a deterministic formulation for a fuzzy 

integer programming problem, and provided a directed simulation procedure for solving 

the problem (Fabian and Stoica, 1984). Huang et al. developed a grey fuzzy linear 

programming approach through incorporating interval parameters into a fuzzy linear 

programming framework, which enable the method to not only deal with uncertainties 

expressed as fuzzy membership functions but also address uncertainties presented as 

intervals in the model (Huang et al., 1993). Jiménez et al. proposed a method for solving 
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linear programming problems, in which all of the coefficients were fuzzy 

numbers(Jiménez et al., 2007). As to fuzzy possibilistic programming, Mulvey et al. 

developed a robust optimization (RO) that explicitly incorporates the conflicting 

objectives of solution and model robustness, and compared with the traditional 

approaches of sensitivity analysis and stochastic linear programming (Mulvey et al., 

1995). Hosseinzadeh-Lotfi et al. discussed full fuzzy linear programming problems in 

which all of parameters and variables were triangular fuzzy numbers (Hosseinzadeh-Lotfi 

et al., 2009). Ben-Tal and nemirovski illustrated the Robust Optimization methodology, 

and applied it to a variety of real-world linear programming problems and surveyed the 

main results of RO as applied to uncertain linear, conic quadratic and semidefinite 

programming (Ben-Tal and Nemirovski, 2002). Nie et al. developed an interval-

parameter fuzzy-robust programming (IFRP) model, in which highly uncertain 

information for the lower and upper bounds of interval parameters that exist due to the 

complexity of the real world can be effectively handled through introducing the concept 

of fuzzy boundary interval (Nie et al., 2007). Xu et al. proposed a stochastic robust fuzzy 

interval linear programming model (SRFILP) through integrating stochastic robust 

optimization, interval linear programming and fuzzy possibilistic programming 

methodologies (Xu et al., 2009).  

With the various fuzzy programming methodologies developed, the management of 

many resource and environment related problems have been significantly facilitated 

(Esogbue, 1986; Jairaj and Vedula, 2000; Kindler, 1992; Li and Huang, 2009; Lin and 

Huang, 2011; Mavrotas et al., 2003; Muela et al., 2007; Sadeghi and Mirshojaeian 

Hosseini, 2006). For example, Esogbue  developed two fuzzy dynamic programming 
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models and relevant solution algorithms and applied them to non-point source waste 

pollution control planning (Esogbue, 1986). Koo et al. introduced fuzzy set theory to a 

framework of multi-objective planning to deal with waste-treatment facility/resource 

allocation programs, and analyzed the trade-offs among the objectives of economic 

efficiency, environmental quality, and administrative efficiency (Koo et al., 1991). Li et 

al. developed a robust multistage interval-stochastic programming (RISP) method for 

dealing with vague and random information in regional water management systems (Li et 

al., 2011c).  

Many applications were also conducted in the area of energy systems planning. For 

example, Kagan and Adams proposed a fuzzy mathematical model for addressing inexact 

problems in electrical power distribution systems planning (Kagan and Adams, 1994). 

Sadeghi and Mirshojaeian Hosseini studied the energy supply planning in Iran by using 

fuzzy linear programming (FLP) (Sadeghi and Mirshojaeian Hosseini, 2006).  Muela et al. 

proposed a fuzzy possibilistic model for power generation planning, subject to 

environmental criteria (Muela et al., 2007). Lin et al. proposed a hybrid interval-fuzzy 

two-stage stochastic energy systems planning model (IFTEM), for dealing with 

uncertainties expressed as fuzzy numbers, probability distributions and discrete intervals, 

in regional energy systems management (Lin et al., 2009b). Li et al. proposed an 

integrated fuzzy-stochastic optimization model (IFOM) for planning energy systems (Li 

et al., 2011b). Hu et al. developed a feasibility based inexact fuzzy programming 

approach (FBIFP) for planning regional electric power generation systems (Hu et al., 

2011).  
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2.3.3 Interval mathematical programming  

Interval mathematical programming was developed for reflecting inexact modeling 

parameters that do not contain sufficient information to present as distributions or 

membership functions, but only can be expressed by the lower and upper bounds. Based 

on interval concept, Huang et al introduced a interval-parameter linear programming (ILP) 

methodology which allowed interval-parameter uncertainties in the model inputs to be 

communicated into the optimization process and thereby into the solutions (Huang et al., 

1992). A classic two-step solution method was also proposed, and was solved by running 

a simplex program. The two-step solution method was further improved by Fan and 

Huang, and Huang and Cao (Fan and Huang, 2012; Huang and Cao, 2011). Due to the 

low requirement of data quality, the ILP has been widely adopted in a variety of 

management problems (Cai et al., 2011a; Huang et al., 1992; Huang et al., 1993; Li et al., 

2012; Li and Huang, 2009; Li et al., 2009a; Li et al., 2006; Lin and Huang, 2008; Lin et 

al., 2009b; Maqsood et al., 2005; Tan et al., 2011; Wu et al., 2010; Xie et al., 2010; Zeng 

et al., 2011). As extensions of the method, a series of ILP-based inexact programming 

methods were developed. For example, Maqsood et al. developed an interval-parameter 

fuzzy two-stage stochastic programming (IFTSP) method for the planning of water-

resources-management systems under uncertainty, through incorporating the concepts of 

interval-parameter and fuzzy programming techniques within a two-stage stochastic 

optimization framework (Maqsood et al., 2005). Improved upon the ILP framework by 

allowing dual uncertainties (presented as dual intervals) to be incorporated into the 

optimization processes, Liu et al. developed a dual-interval parameter linear 

programming (DILP) model and applied it to the planning of municipal solid waste 
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(MSW) management systems under uncertainty (Liu et al., 2009b). In this approach, one 

or both bounds of an interval could be expressed as interval(s) (being an interval-

boundary interval), and could be communicated into the proposed solution process. 

Applications of the DILP demonstrated suitable application in address dual-uncertain 

issues in long-term municipal solid waste management planning and power generation 

planning (Liu et al., 2008; Liu et al., 2009b).   

Moreover, a series applications were also conducted in energy systems planning. 

For example, Lin and Huang presented an inexact IPEM model for supporting regional 

energy systems planning based on interval-parameter programming (Lin and Huang, 

2008). Cai et al. proposed an interval-parameter superiority-inferiority-based REM model 

to support regional energy system management (Cai et al., 2009a). An interval-parameter 

robust minimax-regret programming method was developed and applied to the planning 

of energy and environmental systems, in which methods of interval-parameter 

programming, robust programming and minimax-regret analysis were incorporated 

within a general optimization framework to enhance the robustness of the optimization 

effort (Li et al., 2009a). In addition, Lin et al. developed a series of inexact energy 

planning models for energy systems management and GHG emission control, such as a 

dynamic interval-parameter programming model (Lin and Huang, 2009a), an interval 

two-stage stochastic programming model (Lin and Huang, 2009b), and an interval-fuzzy 

two-stage stochastic optimization model  (Lin and Huang, 2011). However, most of these 

models proposed were mainly emphasizing on the management of energy-related 

activities instead of the GHG mitigation measures. Certain uncertain/muti-uncertain 

issues could not be addressed by the current inexact planning methodologies.  
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2.4 Literature Review Summary 

 

In this chapter, a systematic literature review was conducted on energy systems 

management, GHG-mitigation constrained energy systems management and energy-

environment systems planning under uncertainties. The review on energy systems 

management introduced the variety of models for different scales of energy systems. It 

showed that optimization methods were widely adopted in energy system management in 

both deterministic and inexact formats, and were effective in providing desirable decision 

alternatives under varying system conditions. Model for individual sectors or small-scale 

energy systems mainly focused on technical factors and could hardly reflect the complex 

interactions among multiple sectors of regional energy systems, and thus were not 

suitable for providing decision bases for comprehensive regional energy systems  

planning and environmental management (of provinces or nations).  

In contrast, studies on large-scale energy systems could tackle the complex 

interactions among multiple energy-related activities of large-scale energy systems. 

Reviews on GHG-mitigation constrained energy systems management indicated that the 

issues of GHG mitigation could be tackled by integrating into the management of 

integrated energy-environment systems (IEES), through which various system 

interactions and trade-offs among multiple system components could be addressed within 

the modeling framework. However, the effective management of energy systems and 

scientific reductions of GHG emissions were frequently confronted by a variety of 

inexact system information. Although some studies have been conducted to address some 

inexact issues in energy management systems, a variety of uncertainties and complexities 
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still exist, related to varying resources and technologies, as well as social, economic and 

environmental conditions. Advanced inexact planning approaches are thus required to 

address such issues in energy systems management and GHG-emission mitigation. 

Reviews on inexact optimization methodologies demonstrated that three types of 

uncertainties are generally existed in energy-environment systems management, 

commonly expressed as probability distributions, possibility distributions, or discrete 

intervals, which could be addressed by stochastic mathematical programming, fuzzy 

mathematical programming and interval mathematical programming methodologies, 

respectively. Previously, various inexact optimization approaches based on the three 

methodologies have been developed and have been applied in a variety of management 

problems. Some of the approaches and concepts could be introduced into energy-

environment systems management. For example, multi-stage stochastic programming are 

suitable for tackling multi-layer scenario-tree dynamic decision problem associated with 

varying GHG mitigation targets; dual interval linear programming can incorporate within 

energy-environment systems the dual-uncertain issues associated with energy demand 

affected by changing environmental conditions; joint-probabilistic chance-constrained 

programming could well address multi-random variations associated with renewable 

energy exploitation. Therefore, a series of inexact optimization approaches can be 

developed for the effective management of energy systems and scientific reduction of 

GHG emissions, based on these methodologies. 
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CHAPTER 3. INEXACT MULTI-STAGE LINEAR 

PROGRAMMING MODELS FOR THE PLANNING OF IEES 

 

3.1 Background 

 

Among the various anthropogenic greenhouse gas (GHG) emissions, carbon 

dioxide generated from energy-related activities is considered to be the largest 

component (Chang and Lin, 1999; Hashim et al., 2005; Jebaraj and Iniyan, 2006; Li et al., 

2011b; UNFCCC, 1997). In dealing with GHG-emission mitigation issues, energy 

systems management has been proven to be an effective measure (Bazmi and Zahedi, 

2011; Cormio et al., 2003; Groscurth et al., 1993; Li et al., 2011a; Lin and Huang, 2009a; 

Mirzaesmaeeli et al., 2010; Ordorica-Garcia et al., 2008). Such management activities are 

usually confronted with a series of difficulties, such as: a) interactions among multiple 

system components (e.g. energy production, electricity conversion, energy consumption, 

capacity expansion and emission control), b) trade-offs between economic benefits and 

environmental requirements, c) dynamics of decisions under multi-stage scenarios, and d) 

uncertainties among a variety of parameters and variables (Cai et al., 2009d; Jaccard et al., 

2003; Jebaraj and Iniyan, 2006). To address such complexities, effective planning for 

energy-environment systems management under various uncertainties and dynamics is 

desired. 

Previously, a number of studies were conducted for planning energy systems and 

managing GHG-emission reduction in multiple scales (Carlson et al., 2004; Chen et al., 
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2010; Haurie, 2001; Hiremath et al., 2007; Klaassen et al., 2005; Lin and Huang, 2009a, 

2010). Most of these studies were deterministic models, for example, Kanudia and 

Loulou developed an advanced bottom-up approach for modeling the energy-

environment sector to study greenhouse gas abatement (Kanudia and Loulou, 1999); 

Haurie proposed an energy model MARKAL-LITE for regional energy and 

environmental system management (Haurie, 2001). Carlson et al. proposed a large-scale 

analytic center cutting plane method based on MARKAL-LITE model and implement in 

the region of Geneva (Carlson et al., 2004); Mirzaesmaeeli et al. developed a 

deterministic multi-period mixed-integer linear programming model for electric systems 

planning to meet CO2 Mirzaesmaeeli et al., 2010 emission targets ( ). Moreover, some 

very recent studies provided a few approaches that are capable of dealing with 

uncertainties within energy systems, for example, Cai et al. developed an interval chance-

constrained programming approach for community renewable energy management (Cai 

et al., 2009d); Chen et al. developed a two-stage inexact-stochastic programming model 

for planning CO2 Chen et al., 2010 emission trading under uncertainty ( ); Xie et al. 

developed an interval fixed-mix stochastic programming method for greenhouse gas 

mitigation in energy systems (Xie et al., 2010). Lin et al. developed a series of inexact 

energy planning models for energy systems management and GHG emission control, and 

applied the them to some cities and regions in the world, such as the application of the 

dynamic interval-parameter programming model to the City of Waterloo (Lin and Huang, 

2009a), the application of the interval two-stage stochastic programming model to the 

City of Beijing (Lin and Huang, 2009b), and the application of the interval-fuzzy two-

stage stochastic optimization model to the Province of Ontario (Lin and Huang, 2011). 
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However, these studies have not provided an effective methodology incorporating 

the multiple uncertainties within integrated energy environment systems (IEES). First, 

discrete interval parameters are commonly existed due to data shortage, measuring error 

or biased human judgment of energy-related activities. Meanwhile, dynamic and random 

information expressed as multi-period probabilistic distributions is often associated with 

the stochastic nature of emission-reduction targets, which has not been adequately 

reflected in previous modeling frameworks of energy-environment systems (Lin et al., 

2009a). Moreover, fuzzy information exists in energy-environment systems as well, 

expressed as fuzzy memberships in the objective function and constraints (Li et al., 2010; 

Lin and Huang, 2010). Some of the current approaches over simplified fuzzy membership 

information into intervals, hindering in-depth analyses for system cost and satisfaction 

degree (Dubois and Prade, 1980; Zimmermann, 1985). To effectively incorporate this 

dynamic and uncertain information within energy-environment systems, a set of interval 

multi-stage stochastic models are desired based on interval-parameter programming (ILP), 

multistage stochastic programming (MSP) and fuzzy programming (FP). This leads to the 

development of an interval multi-stage stochastic programming (IMSP-IEES) and a 

dynamic inexact fuzzy multi-stage stochastic programming model (IFMP-IEES) for 

regional energy systems management and GHG emissions reduction. 
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3.2 An Interval Multi-stage Stochastic Programming Model for the Planning of 

Integrated Energy-Environment Systems  

 

The objective of this study is to develop an interval multi-stage stochastic 

programming (IMSP-IEES) model for supporting energy systems planning and GHG 

emission management at a regional scale. This objective entails: (i) The development of a 

regional energy systems planning model to address interactions among energy supply, 

processing and demand activities, and the associated GHG emissions; (ii) The integration 

of interval-parameter and multi-stage stochastic programming techniques into a general 

planning framework; (iii) The application of the developed IMSP-IEES to a hypothetical 

case to demonstrate its capability in providing decision bases for energy systems planning 

and GHG-emission management under uncertainty.  

 

3.2.1 Modeling formulation  

Consider a typical regional energy system primarily consisting of multiple energy 

sources such as coal, natural gas, diesel, gasoline and electricity. Electricity can be 

converted from both non-renewable (e.g., coal, natural gas) and renewable (e.g. hydro, 

nuclear, wind and solar energies) resources. IMSP-IEES is to cover a time horizon of 

three periods, with each one covering five years. When the existing power-generation 

capacities are insufficient or some of them need to be retired, capacity expansion 

becomes necessary. Each technology has three expansion options in the three periods, 

respectively. In addition, to meet GHG reduction targets, multiple technical, economic 
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and administrative decisions will be made, such as the adoption of low-emission 

technologies, the trade of emission credits and/or the implementation of carbon taxes.  

 

3.2.1.1 Model objective 

The objective function is to minimize the total system costs subject to a set of 

constraints. These constraints reflect the interactions among various economic, energy, 

environmental and technical factors. The total system cost is a function of a linear 

combination of costs associated with various energy-supply options, technology 

alternatives along with energy flows from supply side to demand end and penalties for 

over-limit emission. The decision variables are used to describe key discrete points of the 

management system, representing energy resource allocation, technology utilization, 

capacity expansion, as well as penalties for over-limit GHG emissions. In the IMSP- 

IEES, the decision variables can be classified into two types: continuous and integer. The 

continuous variables represent energy resources allocation, technologies utilization and 

emission compensation; the integer variables stand for the expansion options of small-

scale, middle-scale and large-scale energy processing, conversion and transmission 

facilities. Accordingly, the objective function can be formulated as follows: 

 

 _ _
_ _

Min F ENGSUPP COST ENGCONV COST
CAPEXPN COST EMCRDT COST

= +
+ +

      (3.2.1) 

where 

_ENGSUPP COST  − cost of energy supply activities (million $); 

_ENGCONV COST  − cost of energy conversion activities (million $); 

_CAPEXPN COST  − cost of capacity expansion (million $); 
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_EMCRDT COST  − cost of emission credit trading or emission target violated (million $). 

 

The reduction targets of GHG emissions in future periods can be considered as a 

multi-stage stochastic process. Though such targets for a given country in periods may be 

imperative and be quantified as a deterministic numbers (UNFCCC, 1997), the emission 

target for a specific region of the country would vary and can be considered random 

event at each stage. This leads to a recourse problem. Within a regional energy 

management system, a recourse action could be taken by adopting low-emission 

technologies, trading emission credits and/or implementing a carbon tax. Such a recourse 

issue can be addressed through multi-stage programming (MSP) (Dai et al., 2000; Li et 

al., 2006).  

In MSP, an initial decision is made based on uncertain future events (GHG-

emission reduction target). When the future uncertainties are later resolved (e.g. emission 

target for a region is determined after each period), a recourse (or corrective action) will 

be taken at each stage (with emission-credit trading being considered). The objective 

function for a multi-stage recourse would be to minimize the expected costs of all 

applicable decisions taken over the multiple stages. Thus the total cost associated with 

emission-credit trading or economic penalty under random emission-reduction targets can 

be formulated as follows:  

 

( ) ( ) ( ), , , , , , , , , ,
1 1 1 1 1 1 1

1 1 2 21 2

 
T J T K T K M

t j t j t k t k t k m t k m t k m
t j t k t k m

T Tt t t T

Min f Ces Z Cel X Cex CSopn Y

E Cem Xem E Cem Xem E Cem Xem
= = = = = = =

= = =

= ⋅ + ⋅ + ⋅ ⋅

     + ⋅ + ⋅ + ⋅⋅+ ⋅     

∑∑ ∑∑ ∑∑∑     (3.2.2) 
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The model can be transformed to model 3.2.3 and model 3.2.4: 

 

( ) ( ) ( ), , , , , , , , , ,
1 1 1 1 1 1 1 1

 
T J T K T K M T

t j t j t k t k t k m t k m t k m t t
t j t k t k m t

Min f Ces Z Cel X Cex CSopn Y E Cem Xem
= = = = = = = =

 = ⋅ + ⋅ + ⋅ ⋅ + ⋅ ∑∑ ∑∑ ∑∑∑ ∑     (3.2.3) 

( ) ( ) ( ) ( ), , , , , , , , , , , ,
1 1 1 1 1 1 1 1 1
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t j t j t k t k t k m t k m t k m t t q t q
t j t k t k m t q

Min f Ces Z Cel X Cex CSopn Y Cem p Xem
= = = = = = = = =

= ⋅ + ⋅ + ⋅ ⋅ + ⋅ ⋅∑∑ ∑∑ ∑∑∑ ∑∑  

 (3.2.4) 

In the real world, many problems are uncertain, and could not be reflected with 

determined numbers. For example, in a regional energy management system, a planner 

may know that the industrial demand for natural gas fluctuates within a certain interval, 

but he may find it difficult to state a meaningful probability distribution for the variation. 

This problem could be reflected with an interval number ,DIN DIN DIN± − + =   , where 

DIN +  is the upper limit of the energy demand, and DIN −  is the lower limit of the demand. 

This type of uncertainty could be addressed by interval-parameter programming method 

(Huang and Moore, 1993). Thus, integrating the MSP method within an interval-

parameter programming framework leads to an interval multi-stage stochastic regional 

energy systems planning model (IMSP- IEES).  

 

( ) ( ) ( ) ( )
3 9 3 6 3 6 3 3

, , , , , , , , , , , ,
1 1 1 1 1 1 1 1 1

 
tQ

t j t j t k t k t k m t k m t k m t t q t q
t j t k t k m t q

Min f Ces Z Cel X Cex CSopn Y Cem p Xem± ± ± ± ± ± ± ± ± ±

= = = = = = = = =

= ⋅ + ⋅ + ⋅ ⋅ + ⋅ ⋅∑∑ ∑∑ ∑∑∑ ∑∑   

(3.2.3.0) 

where 

tCem±
 − price of imported emission credit (million$/ktonnes); 

,t kCel  − variable cost for electricity generation technology k in time t (million$/PJ);  
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,t jCes  − cost for energy carriers j supplied in time t (million$/PJ); 

, ,t k mCex±  − capital cost for capacity expansion option (million$/GW); 

, ,t k mCSopn±  − the scale capacity for option m of electricity technology k in period t (GW); 

[ ].E  − expected value of random variable; 

±f  − solution of the system objective function; 

j  − energy carriers, j = 1, 2, …, 9, J=9; 

k  − electricity generation technologies, k = 1, 2, …, 6, K=6; 

m  − electricity generation capacity expansion options, m = 1, 2, 3, M=3; 

,t qp − joint probability of emission target for the region in period t (stage t+1) under 

scenario q; 

q − scenario q at time period t, q=1,2,…, tQ ; 

t  − planning period, t=1,2,3, T=3; 

,t kX ±  − decision variables representing electricity production of technology k in time t (PJ); 

,t qXem±
 − amount of emission credit traded or of reduction target violated in period t 

under scenario q (ktonnes); 

, ,t k mY ±  − decision variables representing capacity expansion options; 

,t jZ ±  − decision variables representing energy carrier j supplied in time t (PJ). 

 

3.2.1.2 Constraints 

The total system cost related to energy supply, conversion and expansion, as well 

as emission reduction, should be minimized subject to a set of constraints that describe 
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various impact factors and their interactions. They include allowance of GHG emission, 

mass-balance of energy carriers, satisfaction of end-user demands, capacity of 

technologies and limitation of resource availability.  

 

(a) Emission constraints 

In a regional energy system, the emission constraints set up limitations for total 

emission amounts in certain periods.  If GHG emission is larger than the emission target, 

the over-limit part should be compensated (a recourse process) through purchasing 

emission credits from other regions or other countries. So that in period t, GHG emission 

amounts should be less than the summation of pre-set GHG target, trade-in credits and 

the surplus credits from previous period (t-1), in which surplus of emission credits are to 

be transferable to a consecutive period. In a regional energy system, GHG emissions are 

mainly generated during utilization of energy carriers such as coal, diesel, gasoline and 

natural gas. Since CO2 emission is the major component of the GHG emissions during 

energy consuming activities, it is adopted as the object in this study. The CO2

 

 emission 

amounts could be determined by the corresponding carbon emission coefficients.  

( )
8

, , 1, 1,
1

, , , 1, 2,...,j t j t h t q t q t
j

Em Z EMTGT s Xem t h q Q± ± ± ±
− −

=

⋅ ≤ + + ∀ =∑    (3.2.3.1a) 

( )
8

, , 1, , ,
1

, 1, 2,...,t q t q t q t h j t j t
j

s Xem s EMTGT Em Z t q Q± ± ± ± ±
−

=

= + + − ⋅ ∀ =∑     (3.2.3.1b)
 

where  

jEm  − emission coefficient of energy carrier j (ktonnes); 

,t hEMTGT ±  − emission target for period t at probability level h (ktonnes); 
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h  − probability level, h=1,2,3;  

,t qs±
− surplus of GHG credit for period t under scenario q (ktonnes). 

 

(b) Mass balance and demand constraints 

The mass balance constrains describe the balance of energy flowing in an entire 

energy system. They are classified into two groups: (1) balance for fossil and renewable 

energy carriers, and (2) balance for electricity. These constraints are established to ensure 

that energy demands for end users (industry, municipality and transportation) and 

conversion activities are less than the supplies through local production and imports. The 

detailed constraints can be expressed in the following equations: 

 

Coal: ,1 ,1 ,2  ,t t t tCONcp X Z Z t± ± ± ±⋅ ≤ + ∀      (3.2.3.2a) 

Diesel: ,3 ,4   ,t t tDTD Z Z t± ± ±≤ + ∀       (3.2.3.2b) 

Gasoline: ,5 ,6   ,t t tDTG Z Z t± ± ±≤ + ∀       (3.2.3.2c)  

Natural gas: ,2 ,7 ,8 ,t t t t t tDIN DMN CONnp X Z Z t± ± ± ± ± ±+ + ⋅ ≤ + ∀   (3.2.3.2d) 

Hydro: t ,3 t,10 ,tCONhp X UP t± ± ±⋅ ≤ ∀      (3.2.3.2e) 

Solar: ,4 ,11 ,t t tCONsp X UP t± ± ±⋅ ≤ ∀      (3.2.3.2f) 

Wind: ,5 ,12 ,t t tCONwp X UP t± ± ±⋅ ≤ ∀        (3.2.3.2g) 

Nuclear: ,6 ,13 ,t t tCONup X UP t± ± ±⋅ ≤ ∀       (3.2.3.2h) 

Electricity: ,1 ,2 ,3 ,4 ,5 ,6 ,9 ,t t t t t t t t tX X X X X X Z DIE DME t± ± ± ± ± ± ± ± ±+ + + + + + ≥ + ∀  (3.2.3.2i) 

where 

tCONcp±
 − conversion factor of coal to coal-fired electricity; 
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tCONhp±  − conversion factor of hydro to hydro-power electricity; 

tCONnp±  − conversion factor of natural gas to gas-fried electricity; 

tCONsp±  − conversion factor of solar to solar-power electricity; 

tCONwp±  − conversion factor of wind to wind-power electricity; 

tCONup±  − conversion factor of nuclear power to nuclear power electricity; 

tDIE±  − allocated amount of electricity for industry (PJ); 

tDIN ±
 

tDME±

− allocated amount of natural gas to industry (PJ); 

 

tDMN ±

− allocated amount of electricity for municipality (PJ); 

 

tDTD±

− allocated amount of natural gas for municipality (PJ); 

 

tDTG±

− allocated amount of diesel for transportation (PJ); 

 − allocated amount of gasoline for transportation (PJ); 

,t jUP±  − 

 

upper bound of the availability of energy carriers j supplied in time t (PJ); 

(c) Capacity constraints 

The capacity constraints are formulated to secure sufficient capacities for satisfying 

production of electricity. Three assumptions are applied to all capacity constraints. 

Firstly, conversion capacity can be existing or newly built as planned at certain stages. 

Secondly, the existing one represents the remaining capacity in service and will be 

continuously active in the future. Thirdly, the decision variables representing capacity-

expansion options are binary. The expanded and existing capacities are considered the 

total in service. For each technology, the amount of its output or production should be 

less than the total installed capacity. If this requirement is violated, additional capacities 
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will be needed. The constraints for electricity-generation technologies are elaborated as 

follows: 

Coal-fired technology:  

( )
3

,1, ,1, ,1, ,1
1 1

,
t

d m d m d m t
m d

Fconv RCC Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.2.3.3a) 

Natural gas-fired technology:  

( )
3

,2, ,2, ,2, ,2
1 1

,
t

d m d m d m t
m d

Fconv RCN Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.2.3.3b) 

Hydro-power technology:  

( )
3

,3, ,3, ,3, ,3
1 1

,
t

d m d m d m t
m d

Fconv RCH Cex CSopn Y X t± ± ± ± ±

= =
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∑ ∑    (3.2.3.3c) 

Solar-power technology: 

( )
3

,4, ,4, ,4, ,4
1 1

,
t

d m d m d m t
m d

Fconv RCS Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.2.3.3d) 

Wind-power technology: 

( )
3

,5, ,5, ,5, ,5
1 1

,
t

d m d m d m t
m d

Fconv RCW Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.2.3.3e) 

Nuclear-power technology:  

( )
3

,6, ,6, ,6, ,6
1 1

,
t

d m d m d m t
m d

Fconv RCU Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.2.3.3f) 

where 

Fconv  − conversion factors; 

RCC±  − residual capacity for coal-fired power technology (GW); 

RCH ±  − residual capacity for hydropower technology (GW); 

RCN ±  − residual capacity for natural-gas power technology (GW); 

RCS ±  − residual capacity for solar power technology (GW); 
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RCW ±  − residual capacity for wind power (GW); 

RCU ±   − residual capacity for nuclear power (GW). 

 

(d)  Energy-source and emission-credit availability constraints 

As the upper bound, these constraints in the model describe the maximum 

availability of various types of energy sources and tradable emission credits for the 

region. 

 

, , , ,t j t jZ UP t j± ±≤ ∀         (3.2.3.4a) 

, , , ,t q t qXem UPcrdt t q± ±≤ ∀        (3.2.3.4b) 

where  

,t qUPcrdt±  − upper bound of the tradable GHG credit for the region in period t under 

scenario q (ktonnes). 

 

(e) Non–negativity constraints 

, , , , , ,, , , , 0, , , , ,t k t j t k m t q t qX Z Y Xem s t k j m q± ± ± ± ± ≥ ∀     (3.2.3.5a) 

, ,0 1t k mY ±≤ ≤  and , ,t k mY ± = integer, , ,t k m∀      (3.2.3.5b) 

      

3.2.2 Solution method 

Model 3.2.3 is an interval-parameter linear programming model (ILP). According 

to (Huang et al., 1993; Li et al., 2008a; Lin and Huang, 2010), it can be solved through 

decomposition into two sets of deterministic sub-models. The resulting solution provides 
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intervals for the objective function and decision variables which can be interpreted for 

generating multiple decision alternatives. According to the ILP solution algorithm, we 

can have the sub-models (model 3.2.4 and model 3.2.5) corresponding to the lower and 

upper system costs as follows: 

 

f − sub model:
 

( ) ( ) ( ) ( )
3 9 3 6 3 6 3 3

, , , , , , , , , , , ,
1 1 1 1 1 1 1 1 1

 
tQ

t j t j t k t k t k m t k m t k m t t q t q
t j t k t k m t q

Min f Ces Z Cel X Cex CSopn Y Cem p Xem− − − − − − − − − −

= = = = = = = = =

= ⋅ + ⋅ + ⋅ ⋅ + ⋅ ⋅∑∑ ∑∑ ∑∑∑ ∑∑   

          (3.2.4.0) 

Constraints: 

( )
8

, , , 1,
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, , 1, 2,3, 1, 2,...,
j t j t q t h t q t

j
Em Z Xem EMTGT s t h q Q− − + +
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=
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( )
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j t j t q t h t q t q t

j
Em Z Xem EMTGT s s t q Q− − + + +

−
=

⋅ − = + − ∀ =∑    (3.2.4.1b)
  

,1 ,1 ,2  0,t t t tCONcp X Z Z t+ − − −⋅ − − ≤ ∀       (3.2.4.2a) 

,3 ,4 ,t t tZ Z DTD t− − −− − ≤ − ∀        (3.2.4.2b) 

,5 ,6 ,t t tZ Z DTG t− − −− − ≤ − ∀        (3.2.4.2c)  

,2 ,7 ,8  ,t t t t t tCONcp X Z Z DIN DMN t+ − − − − −⋅ − − ≤ − − ∀    (3.2.4.2d) 

t ,3 t,10 ,tCONhp X UP t+ − +⋅ ≤ ∀       (3.2.4.2e) 

,4 ,11 ,t t tCONsp X UP t+ − +⋅ ≤ ∀       (3.2.4.2f) 

,5 ,12 ,t t tCONwp X UP t+ − +⋅ ≤ ∀        (3.2.4.2g) 

,6 ,13 ,t t tCONup X UP t+ − +⋅ ≤ ∀        (3.2.4.2h) 

6

, ,9
1

,t k t t t
k

X Z DIE DME t− − − −

=

− − ≤ − − ∀∑      (3.2.4.2i) 
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( )
3

,1 ,1, ,1, ,1,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCC Fconv t− + + − +

= =
− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑ ∑    (3.2.4.3a) 

( )
3

,2 ,2, ,2, ,2,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCN Fconv t− + + − +

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.4.3b) 

( )
3

,3 ,3, ,3, ,3,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCH Fconv t− + + − +

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.4.3c) 

( )
3

,4 ,4, ,4, ,4,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCS Fconv t− + + − +

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.4.3d) 

( )
3

,5 ,5, ,5, ,5,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCW Fconv t− + + − +

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.4.3e) 

( )
3

,6 ,6, ,6, ,6,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCU Fconv t− + + − +

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.4.3f) 

, , , ,t j t jZ UP t j− +≤ ∀         (3.2.4.4a) 

, , ,t h tXem UPcrdt t h− +≤ ∀         (3.2.4.4b) 

, , , , , ,, , , , 0, , , , ,t k t j t k m t q t qX Z Y Xem s t k j m q− − − − − ≥ ∀     (3.2.4.5a) 

, ,0 1t k mY −≤ ≤  and , ,t k mY − = integer, , ,t k m∀      (3.2.4.5b) 

 

f + sub model:
 

( ) ( ) ( ) ( )
3 9 3 6 3 6 3 3

, , , , , , , , , , , ,
1 1 1 1 1 1 1 1 1

 
tQ

t j t j t k t k t k m t k m t k m t t q t q
t j t k t k m t q

Min f Ces Z Cel X Cex CSopn Y Cem p Xem+ + + + + + + + + +

= = = = = = = = =

= ⋅ + ⋅ + ⋅ ⋅ + ⋅ ⋅∑∑ ∑∑ ∑∑∑ ∑∑  

          (3.2.5.0) 

Constraints: 

( )
8

, , , 1,
1

, , 1, 2,3, 1, 2,...,j t j t q t h t q t
j

Em Z Xem EMTGT s t h q Q+ + − −
−

=

⋅ − ≤ + ∀ = =∑    (3.2.5.1a) 

( )
8

, , , 1, ,
1

, 1, 2,...,j t j t q t h t q t q t
j

Em Z Xem EMTGT s s t q Q+ + − − −
−

=

⋅ − = + − ∀ =∑    (3.2.5.1b)
  

,1 ,1 ,2  0,t t t tCONcp X Z Z t− + + +⋅ − − ≤ ∀        (3.2.5.2a) 
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,3 ,4 ,t t tZ Z DTD t+ + +− − ≤ − ∀          (3.2.5.2b) 

+ +
,5 ,6 ,t t tZ Z DTG t+− − ≤ − ∀         (3.2.5.2c)  

+ + +
,2 ,7 ,8  ,t t t t t tCONnp X Z Z DIN DMN t− + +⋅ − − ≤ − − ∀    (3.2.5.2d) 

t ,3 t,10 ,tCONhp X UP t− + −⋅ ≤ ∀       (3.2.5.2e) 

,4 ,11 ,t t tCONsp X UP t− + −⋅ ≤ ∀       (3.2.5.2f) 

,5 ,12 ,t t tCONwp X UP t− + −⋅ ≤ ∀        (3.2.5.2g) 

,6 ,13 ,t t tCONup X UP t− + −⋅ ≤ ∀        (3.2.5.2h) 

6

, ,9
1

,t k t t t
k

X Z DIE DME t+ + + +

=

− − ≤ − − ∀∑       (3.2.5.2i) 

( )
3

,1 ,1, ,1, ,1,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCC Fconv t+ − − + −

= =
− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑ ∑    (3.2.5.3a) 

( )
3

,2 ,2, ,2, ,2,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCN Fconv t+ − − + −

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.5.3b) 

( )
3

,3 ,3, ,3, ,3,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCH Fconv t+ − − + −

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.5.3c) 

( )
3

,4 ,4, ,4, ,4,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCS Fconv t+ − − + −

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.5.3d) 

( )
3

,5 ,5, ,5, ,5,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCW Fconv t+ − − + −

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.5.3e) 

( )
3

,6 ,6, ,6, ,6,
1 1

,
t

t d m d m d m
m d

X Cex CSopn Y Fconv RCU Fconv t+ − − + −

= =

− ⋅ ⋅ ⋅ ≤ ⋅ ∀∑∑    (3.2.5.3f) 

, , , ,t j t jZ UP t j+ −≤ ∀         (3.2.5.4a) 

, , , ,t q t qXem UPcrdt t q+ −≤ ∀        (3.2.5.4b) 

, , , , , ,, , , , 0, , , , ,t k t j t k m t q t qX Z Y Xem s t k j m q+ + + + + ≥ ∀     (3.2.5.5a) 

, ,0 1t k mY +≤ ≤  and , ,t k mY + = integer, , ,t k m∀      (3.2.5.5b) 
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, , , , , , , , , , , ,, , , , , , , ,t k t k t j t j t k m t k m t q t q t q t qX X Z Z Y Y Xem Xem s s t k j m q+ − + − + − + − + −≥ ≥ ≥ ≥ ≥ ∀      (3.2.5.6) 

 

The solution algorithm of the IMSP-IEES model can be presented in a pseudo-code 

format as follows: 

Step 1. Formulate IMSP-IEES model; 

Step 2. Transform IMSP-IEES model into two sub-models; 

Step 3. Formulate f − sub-model; 

Step 4. Solve the f − sub-model, and obtain optf − , , ,t k optX − , , ,t j optZ − , , , ,t k m optY − , and 

, ,t q optXem− ; 

Step 5. Formulate f + sub-model; 

Step 6. Solve the f +  sub-model, and obtain optf + , , ,t k optX + , , ,t j optZ + , , , ,t k m optY + , and 

, ,t q optXem+ ; 

Step 7. The solutions of the IMSP-IEES model are: 

,opt opt optf f f± − + =     

, , , , , ,,t k opt t k opt t k optX X X± − + =     

, , , , , ,,t j opt t j opt t j optZ Z Z± − + =    

, , , , , , , , ,,t k m opt t k m opt t k m optY Y Y± − + =    

, , , , , ,,t q opt t q opt t q optXem Xem Xem± − + =    

Step 8. Stop. 

where , , , , , , ,, , ,opt t k opt t j opt t k m optf X Z Y− − − − and , ,t q optXem−  are the solutions of sub-model 3, 

and , , , , , , ,, , ,opt t k opt t j opt t k m optf X Z Y+ + + + and , ,t q optXem+  are the solutions of sub-model 4. The 



 

47 
 

amounts of GHG emissions for stage t+1 would be 

, , , , , , , ,t q opt t h opt t q opt t q optES EMTGT Xem s± ± ± ±= + − , where , ,t q optES ±  are GHG emissions during 

utilization of re-allocated energies. They are obtained by adding the targeted GHG 

emission amounts ( jEMTGT ± ) and the optimized traded emission-credit ( , ,t q optXem± ), in 

which a surplus of the emission-credit may be reserved for next stages. 

 

3.2.3 Case study 

3.2.3.1 Model inputs  

A typical regional energy system is conceptualized to demonstrate applicability of 

the developed IMSP-IEES. This model is constructed based on representative cost and 

technical data from the energy system planning literature and mathematically presented 

by an interval-parameter multi-stage linear programming model. The modeling system 

includes four main components that reflect energy flows (Figure 3.2.1). The first 

component is about energy supply options that offer various energy sources mainly 

including fossil resources (coal, natural gas, diesel and gasoline), nuclear energy 

resources and renewable energy resources (e.g. solar, wind and hydro). This is assuming 

the studied region is an energy consuming region with no energy resources exported to 

adjacent regions. Energy resources are imported when local resources cannot meet the 

energy demands in the region (Table 3.2.1). The second component represents the 

technologies dealing with the conversion of fossil, nuclear and renewable energy into 

electricity (Table 3.2.2). Within the planning duration, the existing four electricity 

conversion facilities (coal-fired, gas-fired, hydro-power and wind-power facilities) are 

available to serve the local power demand in a competitive way. Solar power and nuclear 
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power are incorporated within the system as an option, although their capital and/or 

operating costs are still high. The third component is about energy demand, which is 

determined by demographic, economic, technological and environmental factors. It 

includes socio-economic activities that consume energy as end users, which can be 

classified into industrial, municipal and transportation sectors (Table 3.2.3). The fourth 

component reflects the energy-related emission management activities for the energy 

system, including charging carbon taxes or trading GHG credits with other regions. GHG 

emission credits such as carbon credits are now tradable around the world under the two 

transaction mechanisms (allowance-based transactions, project-based transactions) 

(UNFCCC, 1997), and  have been implemented for many years due to its feasability and 

applicability. In this case study, CO2

  

 emission credits trading is adopted as the main 

emission management activity. The prices of GHG credits for the future three periods are 

assumed to be around 0.02, 0.025 and 0.03 million$/ktonnes. Since the GHG-emission 

coefficients of the energy resources are different (Table 3.2.4), those of lower values tend 

to be encouraged during the modeling process. 
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Figure 3.2.1. Diagram of regional energy-environment systems 
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Table 3.2.1. Energy carriers and their prices 

j Energy source 
Price of energy source (million$/PJ) 

 Period 1 Period 2 Period 3 

1 Local  coal [2.52, 2.70] [2.72, 3.00] [2.92, 3.30] 

2 Imported coal [3.02, 3.32] [3.32, 3.60] [3.62, 3.90] 

3 Local  diesel [5.47, 6.27] [5.90, 6.80] [6.48, 7.38] 

4 Imported  diesel [5.57, 6.37] [6.00, 6.90] [6.61, 7.51] 

5 Local  gasoline [5.59, 6.39] [6.00, 6.80] [6.58, 7.38] 

6 Imported  gasoline  [5.69, 6.59] [6.10, 7.00] [6.68, 7.58] 

7 Local  natural gas [4.64, 5.54] [6.50, 7.30] [7.40, 8.20] 

8 Imported natural gas [5.80, 6.24] [6.80, 7.60] [8.60, 9.20] 

9 Imported  electricity [26.0, 30.0] [29.0, 33.0] [32.0, 36.0] 
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Table 3.2.2. Electricity conversion technologies of the regional energy system 
Conversion 

technology 

Scale 

option 

Capacity 

(GW) 

Capital cost (million$/GW) Variable cost (Million $/PJ) 

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 

Coal Small 0.100 [  700,   851] [  700,   851] [  700,   851] [0.330, 0.390] [0.380, 0.420] [0.430, 0.450] 

Medium 0.150 [  630,   750] [  630,   750] [  630,   750] [0.330, 0.390] [0.380, 0.420] [0.430, 0.450] 

Large 0.200 [  610,   740] [  610,   740] [  610,   740] [0.330, 0.390] [0.380, 0.420] [0.430, 0.450] 

Natural gas Small 0.063 [  746,   906] [  746,   906] [  746,   906] [0.450, 0.530] [0.500, 0.570] [0.550, 0.610] 

Medium 0.095 [  690,   840] [  690,   840] [  690,   840] [0.450, 0.530] [0.500, 0.570] [0.550, 0.610] 

Large 0.130 [  660,   800] [  660,   800] [  660,   800] [0.450, 0.530] [0.500, 0.570] [0.550, 0.610] 

Hydro Small 0.050 [2040, 2440] [1830, 2230] [1620, 1920] [0.360, 0.440] [0.400, 0.470] [0.450, 0.500] 

Medium 0.400 [1858, 2258] [1708, 2108] [1558, 1858] [0.360, 0.440] [0.400, 0.470] [0.450, 0.500] 

Large 0.500 [1647, 1947] [1580, 1880] [1513, 1813] [0.360, 0.440] [0.400, 0.470] [0.450, 0.500] 

Solar Small 0.020 [4000, 5000] [3300, 4300] [2800, 3500] [0.009, 0.011] [0.010, 0.012] [0.011, 0.013] 

Medium 0.030 [3500, 4400] [3000, 3900] [2500, 3200] [0.009, 0.011] [0.010, 0.012] [0.011, 0.013] 

Large 0.040 [3300, 4200] [2800, 3800] [2500, 3100] [0.009, 0.011] [0.010, 0.012] [0.011, 0.013] 

Wind Small 0.015 [2364, 2664] [1800, 2050] [1736, 2036] [0.740, 0.910] [0.820, 0.980] [0.900, 1.060] 

Medium 0.020 [2289, 2589] [1850, 2050] [1711, 2011] [0.740, 0.910] [0.820, 0.980] [0.900, 1.060] 

Large 0.030 [2278, 2478] [1830, 2030] [1782, 1982] [0.740, 0.910] [0.820, 0.980] [0.900, 1.060] 

Nuclear Small 0.500 [2654, 3054] [2550, 3050] [2546, 3046] [1.300, 1.530] [1.500, 1.700] [1.700, 1.830] 

Medium 0.700 [2467, 2767] [2460, 2760] [2430, 2753] [1.300, 1.530] [1.500, 1.700] [1.700, 1.830] 

Large 0.900 [2245, 2545] [2245, 2540] [2245, 2555] [1.300, 1.530] [1.500, 1.700] [1.700, 1.830] 
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Table 3.2.3. Regional energy demand from each sector  

Sector 
Energy 

source 

Demanding amount (PJ) 

Period 1 Period 2 Period 3 

Industry Natural gas [55.51,60.51] [58.95,63.95] [58.94,63.94] 

  Electricity [22.20,24.20] [30.50,33.50] [32.80,35.80] 

Municipal Natural gas [53.55,57.55] [57.80,62.80] [60.00,65.00] 

  Electricity [20.62,23.62] [22.78,24.78] [24.90,26.90] 

Transportation Diesel [45.31,49.31] [55.20,60.20] [57.50,63.50] 

  Gasoline [52.27,57.27] [55.01,60.01] [58.50,63.50] 

 

Table 3.2.4. Emission coefficients of energy carriers 
Energy source Coal Diesel Gasoline Natural gas 

CO2
94.6 

 emission coefficient  

(ktonnes/PJ) 
74.1 69.2 60.0 
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Table 3.2.5. Solution for energy source planning in three periods 
Energy 

carrier 
Source 

Amount of energy source (PJ) 

Period 1 Period 2 Period 3 

Coal Domestic 1.30 40.88 [  65.45,   73.85] 

 Imported 0 0 0 

 Total 1.30 40.88 [  65.45,   73.85] 

Diesel Domestic 45.00 45.00 45.00 

 Imported [    0.31,     7.31] [  10.20,   22.20] [  12.50,   26.50] 

 Total [  45.31,   52.31] [  55.20,   67.20] [  57.50,   71.50] 

Gasoline Domestic 45.00 45.00 45.00 

 Imported [    7.27,   17.27] [  10.01,   20.01] [  13.50,   23.50] 

 Total [  52.27,   62.27] [  55.01,   65.01] [  58.50,   68.50] 

Natural Domestic 110.00 110.00 110.00 

gas Imported [     0.08,  34.71] [  10.47,   43.40] [    8.94,   46.59] 

 Total [110.08, 144.71] [120.47, 153.40] [118.94, 156.59] 

Electricity Imported [     0     ,    0.85] 0 0 
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The study system covers a time horizon of three periods, with each covering five 

years. Spatially, it covers a region with a relative independent electricity grid, in which 

the imports and exports of power amounts are quantifiable. Planning of energy systems 

involves the allocation of energy resources and the selection of capacity expansion 

schemes. Over the 15-year planning period, once the generated and imported electricity 

cannot meet local demands, additional generation facilities will be needed. There are 

three capacity-expansion options for each technology. For example, the options for hydro 

power are 0.05, 0.4 and 0.5 GW. The smallest refers to mini hydro, while the two larger 

are designed for modeling large-scale hydropower facilities. The facilities can be 

expanded by any of the three options or their combinations in each time period. The 

capital costs relevant to the three options are expressed in net present value with a 

discounted rate of 5%. The dynamics of capacity expansion issues can be addressed 

through a mixed integer linear programming model. 

Through extensive expert interviewing, public surveys, and literature review, the 

GHG emission targets for a specific region in each period could be expressed as 

probability distributions. For instance in this case, the region plans to reduce GHG 

emission by 5, 10 and 15% of the amount of year 2010 in 3 periods respectively. In each 

period, GHG emission reduction targets are in discrete random distribution with known 

probability distribution (Figure 3.2.2).  
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Figure 3.2.2. Scenario structure of the IMSP-IEES 
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Since the reduction targets of each period vary randomly, the recourse of such 

reductions can be formulated as a multi-stage stochastic programming model with the 

objective of minimizing the expected system cost. The interval parameters will be 

handled through the interval-parameter programming technique. Thus, the developed 

IMSP-IEES model is considered to be a suitable approach to reflect these uncertainties 

and complexities. 

 

3.2.3.2 Model results 

Based on the developed IMSP-IEES and its solution algorithm, the above case was 

solved. Table 3.2.5 shows the solutions of energy-resource allocation in three periods. It 

is indicated that coal supply would be mainly from local supply in period 1, and would be 

increasing in periods 2 and 3 respectively. No coal is going to be imported for the 3 

planning periods for two main reasons: the higher price of imported coal than local coal, 

and the more CO2

Table 3.2.5

 emission generated from coal than from other conventional energy 

resources ( ), which result in higher cost of coal utilization. Diesel supply 

would be increasing as well from periods 1 to 3. Similar to diesel, gasoline supply would 

also vary in response to end-user demands, being respectively [52.27, 62.27], [55.01, 

65.01] and [58.5, 68.5] PJ for periods 1 to 3. The interval solutions in three periods imply 

that the energy supply could vary between two levels corresponding to the lower and 

upper bounds of the system cost. Regarding natural-gas, all local supply would be 

consumed in each period. In addition, imported natural gas will increase from period 1 to 

period 2, and then remain at this level in period 3. This increase is attributable to the 

lowest emission coefficient of natural gas among these conventional energy resources 
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(Table 3.2.4). Given that the price of imported electricity is quite expensive compared to 

the other energy resources and local generated electricity, electricity is shown to be 

hardly imported in the 3 periods. 

Table 3.2.6 shows the optimization solutions for electricity generations. It 

demonstrates that electricity generated in three periods would be at the ranges of [42.81, 

50.97], [53.27, 62.28] and [57.69, 71.7] PJ, in an increasing trend. Among all the power-

generation technologies, coal-fired, nuclear-powered and hydro-powered electricity 

production would account for the major contribution in 3 periods. Natural gas-fired 

electricity production would be varying in a certain range [0, 7.57] PJ, restricted by its 

availability. To meet the GHG emission target, coal-fired electricity, due to its highest 

GHG emission, would be significantly reduced in the first period. Then the utilization of 

coal would be gradually increased in period 2 and period 3. This is because emission 

credits could be purchased in advance (e.g. period 1), and then be used to compensate the 

GHG emission in the following periods. In terms of low-carbon-emission technology 

electricity, nuclear-powered and hydro-powered electricity would be the two largest 

proportions in each period without uncertainty, accounting for approximately one half 

and one fourth of the total electricity respectively. While, the contributions of solar power 

and wind power to local electricity supply are insignificant in each period.  
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Table 3.2.6. Solution for electricity production patterns in three periods 
Conversion 

technique 

Electricity production (PJ) 

Period 1 Period 2 Period 3 

Coal-fired [  0.31,   0.37] [  9.73, 11.68] [15.58, 21.10] 

Natural gas-fired [  0.39,   7.57] [  1.43,   7.57] [  0     ,   7.57] 

Hydro power 13.56 13.56 13.56 

Solar power 0 0 0 

Wind power [  0.17,   1.09] [  0.17,   1.09] [  0.17,   1.09] 

Nuclear power 28.38 28.38 28.38 

Total  [42.81, 50.97] [53.27, 62.28] [57.69, 71.70] 
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Table 3.2.7 shows the solutions of capacity expansion in meeting future electricity 

demands. Each conversion technology has three expansion options and competes with 

each other based on the considerations of economic cost, energy efficiency and GHG 

emission. Given the fact that utilization of coal and natural gas would result in high cost 

for emission trading and a consequent extra cost for the entire energy system, no coal-

based and natural gas-based power plant would be built in the planning periods. In 

contrast, some clean technologies would be preferred in future. A large scale nuclear 

power plant would be built and put into operation from period 1 without any uncertainty. 

It would reduce around [1702, 2685] ktonnes of CO2 for the region, about one tenth of 

the regional CO2

 

 emission. Due to the fact that solar power requires large amounts of 

capital investments, solar power electricity would not be generated in the entire planning 

periods. The expansion of wind-power and hydro-power facilities would primarily 

depend on their costs and electricity demands. When the cost is close to the lower limit, 

and the demand is close to the upper limit, the technologies would most likely be 

accepted. For example, to meet the increasing energy and electricity demand, a large 

scale wind-power plant could be built and put into operation in the first period. As well, 

since the available hydropower is fully utilized and additional power could only be 

developed at a higher cost, a small scale hydro-power plant could be built and put into 

operation in the first period under a high energy and electricity consuming scenario. 
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Table 3.2.7. Solution for capacity expansion in three periods 
Conversion 

technology 

Scale 

option 

Capacity expansion (0/1) 

Period 1 Period 2 Period 3 

Coal-fired  Small 0 0 0 

Medium 0 0 0 

Large 0 0 0 

Natural gas-

fired  

Small 0 0 0 

Medium 0 0 0 

Large 0 0 0 

Hydro-powered Small [0, 1] 0 0 

Medium 0 0 0 

Large 0 0 0 

Solar-powered Small 0 0 0 

Medium 0 0 0 

Large 0 0 0 

Wind-powered Small 0 0 0 

Medium 0 0 0 

Large [0, 1] 0 0 

Nuclear-

powered 

Small 0 0 0 

Medium 0 0 0 

Large 1 0 0 
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Table 3.2.8 provides 3 GHG trading plans under 3 different emission target 

scenarios on the second stage (in period 1). For instance, to meet the high emission target 

level whose probability is 25%, [0, 1737] ktonnes of CO2 would be traded in from other 

regions or countries. Thus [22195, 24897] ktonnes of CO2

Table 3.2.9

 credit would be the total 

allowance for this region in period 1. To reach the minimized system cost for the entire 3 

periods, not all the carbon credits would be used in period 1, in which [6941, 9457] 

ktonnes of carbon credits would be reserved for future periods. When emission target 

under this scenario approximate to the lower bound, higher amount of GHG credits 

(upper bound) need to be traded in, while less GHG surplus would be reserved for next 

stage. Compared to high emission target level, more carbon credits should be imported 

under low emission target level, and less carbon credits would be reserved for following 

periods.  

 provides the optimized solutions under 9 scenarios on the 3rd

2,7,optXem±

 stage 

(period 2). Solutions under the scenarios are associated with their previous stage 

conditions (low, middle, high level), having different associated probabilities. For 

instance, the solutions for , 2,8,optXem±  and 2,9,optXem±  show that, if the emission 

target levels are high in the previous period, then there would be [0, 1593], [0, 1434] and 

[0, 1089] ktonnes of GHG credits purchased from other regions under low, middle and 

high GHG emission target level respectively on this stage. And there would be [6339, 

11705], [6525, 12065] and [6525, 12425] ktonnes of GHG credits reserved for the next 

stage. Take the H-H associated emission target branch for example, when emission target 

approximate the lower bound, higher amount of GHG credit (upper bound) need to be 

traded in, while less GHG surplus (lower bound) would be reserved for the 4th stage. 
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Table 3.2.8. Solution of the GHG management plans from IMSP-IEES model (stage 2, 
t=1) 

Emission 

level 

Probability 

 

GHG credit traded 

(ktonnes) 

Surplus of GHG credit 

(ktonnes) 

L 25% a [0, 1800] [6314, 8737] 

M 50% b [0, 1710] [6569, 9097] 

H 25% c [0, 1737] [6941, 9457] 

A - low, b - middle, c - high. 
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Table 3.2.9. Solution of the GHG management plans from IMSP-IEES model (stage 3, 
t=2) 
Emission 

level 

Probability Associated 

emission level 

Associated 

probability 

GHG credit 

traded  (ktonnes) 

Surplus of GHG 

credit (ktonnes) 

L 25% L-L 6.25% [0, 1593] [5712, 10985] 

M 50% L-M 12.5% [0, 1620] [6084, 11345] 

H 25% L-H 6.25% [0, 1647] [6456, 11705] 

L 25% M-L 12.5% [0, 1593] [5967, 11345] 

M 50% M-M 25% [0, 1620] [6339, 11705] 

H 25% M-H 12.5% [0, 1461] [6525, 12065] 

L 25% H-L 6.25% [0, 1593] [6339, 11705] 

M 50% H-M 12.5% [0, 1434] [6525, 12065] 

H 25% H-H 6.25% [0, 1089] [6525, 12425] 
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Table 3.2.10 presents the optimized solutions under 27 scenarios on the fourth 

stage (in period 3). Solutions under these scenarios with different joint probabilities are 

associated with their routes (e.g. L-L-L, H-M-H) which are linked to the conditions (low, 

middle or high level of emission target) of their previous stages (stage 3 and stage 2). For 

instance, the solution 3,1,optXem± , 3,2,optXem±

 and 3,3,optXem±  mean that, if the emission target 

levels are low in stage 2 and low in stage 3, then there would be [0, 1503], [0, 1158] or [0, 

813] ktonnes of GHG credits purchased from other regions under low, middle or high 

GHG emission target level (with joint probabilities of 1.5625%, 3.125% and 1.5625%) 

respectively on the fourth stage. And there would be [0, 9388], [0, 9748] and [0, 10108] 

ktonnes of GHG credits left. Take the L-L-L associated emission target branch for 

example, when emission target approximate to the lower bound, higher amount of GHG 

credit (upper bound) need to be traded in, while less GHG surplus would be left. To reach 

the minimized costs for the regional energy system, the surplus of GHG credit would be 

minimized on the last stage. However, there are certain amounts of GHG credit left on 

the fourth stage in this case study. That is because upper bound of emission target was 

chosen for low energy utilization pattern in the lower-bound optimization sub-model. 

Surplus of GHG credit are mainly come from the unused emission target. GHG credits 

barely need to be imported under this condition.  
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Table 3.2.10. Solution of the GHG management plans from IMSP-IEES model (stage 4, 
t=3) 

Emission 

level 

Probability Associated 

emission level 

Associated 

probability 

GHG credit 

traded  (ktonnes) 

Surplus of GHG 

credit (ktonnes) 

L 25% L-L-L 1.5625% [0, 1503] [0, 9388] 

M 50% L-L-M 3.125% [0, 1158] [0, 9748] 

H 25% L-L-H 1.5625% [0, 813] [0, 10108] 

L 25% L-M-L 3.125% [0, 1131] [0, 9748] 

M 50% L-M-M 6.25% [0, 786] [0, 10108] 

H 25% L-M-H 3.125% [0, 441] [0, 10468] 

L 25% L-H-L 1.5625% [0, 759] [0, 10108] 

M 50% L-H-M 3.125% [0, 414] [0, 10468] 

H 25% L-H-H 1.5625% [0, 69] [0, 10828] 

L 25% M-L-L 3.125% [0, 1248] [0, 9748] 

M 50% M-L-M 6.25% [0, 903] [0, 10108] 

H 25% M-L-H 3.125% [0, 558] [0, 10468] 

L 25% M-M-L 6.25% [0, 876] [0, 10108] 

M 50% M-M-M 12.5% [0, 531] [0, 10468] 

H 25% M-M-H 6.25% [0, 186] [0, 10828] 

L 25% M-H-L 3.125% [0, 690] [0, 10468] 

M 50% M-H-M 6.25% [0, 345] [0, 10828] 

H 25% M-H-H 3.125% 0 [0, 11188] 

L 25% H-L-L 1.5625% [0, 876] [0, 10108] 

M 50% H-L-M 3.125% [0, 531] [0, 10468] 
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H 25% H-L-H 1.5625% [0, 186] [0, 10828] 

L 25% H-M-L 3.125% [0, 690] [0, 10468] 

M 50% H-M-M 6.25% [0, 345] [0, 10828] 

H 25% H-M-H 3.125% 0 [0, 11188] 

L 25% H-H-L 1.5625% [0, 690] [0, 10828] 

M 50% H-H-M 3.125% [0, 345] [0, 11188] 

H 25% H-H-H 1.5625% 0 [0, 11548] 
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A lower bound objective cost and an upper bound objective cost for the regional 

energy system could be calculated: 6622 million dollars and 9134 million dollars, 

corresponding to the two sets of sub-model solutions for the multistage problem. The two 

sets of sub-solutions are two utmost boundary energy allocation plans for the region over 

the entire planning horizon, which are interpreted as the lowest and highest energy 

consumption patterns. As the actual value of each variable varies within its lower and 

upper bounds, the expected system cost would change correspondingly between the two 

boundary objective costs optf −  and optf + . Given the different emission target levels and 

underlying probability distributions in each period, the resulting plans of GHG credit 

trading would also vary between their relevant solution intervals. 

 

3.2.3.3 Discussion 

Through the developed IMSP-IEES, feasible decision alternatives can be generated 

to support regional energy system planning and greenhouse-gas-emission control. The 

outcomes of the model could not only facilitate the determination of optimal supplies of 

energy resources, electricity productions using different technologies and capacity 

expansions for power generation facilities but also provide scientific support for planning 

GHG-emission credits trading under varied multi-period emission control scenarios. 

Consequently, an optimal (minimized) cost for the entire regional energy system could be 

reached.  

Application of the IMSP-IEES demonstrates that the developed model can provide 

an effective measure for reflecting system cost variations, and therefore, generate more 

realistic decision schemes. During the optimization process, high priorities will be 



 

68 
 

intended to be given to those constituents (energy supplies, conversion technologies and 

expending facilities) of low costs. At the same time, environmental aspects, during 

energy utilizations, restrict the employment of these energy resources/technologies. Thus, 

cleaner energies/technologies will be encouraged during the modeling. For instance, coal 

is generally accepted as an economical energy resource in terms of both supply cost and 

conversion cost. Never-the-less, the utilization of coal is significantly constrained by its 

high CO2

 

 emission coefficient. Therefore, the developed IMSP-IEES could gain insight 

into the tradeoffs between environmental and economic objectives.  
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3.3 An Interval-fuzzy Multi-stage Stochastic Programming Model for the 

Planning of Integrated Energy-Environment Systems under Multiple 

Uncertainties 

 

The objective of this study is to develop a dynamic inexact fuzzy multi-stage 

stochastic programming model for the management of integrated energy-environment 

systems. This objective entails: (i) the development of a regional energy system planning 

model to address interactions among energy supply, processing and demand activities, as 

well as the associated GHG emissions, (ii) the integration of interval-parameter, fuzzy 

linear and multi-stage stochastic programming techniques into a general planning 

framework, and (iii) application of the developed IFMP-IEES to a hypothetical case to 

demonstrate its capability in providing decision bases for energy systems planning and 

GHG-emission management under uncertainty. 

 

3.3.1 Modeling formulation  

In a regional energy-environment system, various dynamic and uncertain 

information and policy exist, typically presented as system fuzzy impreciseness, policy 

uncertainty, probability distribution and discrete interval information. Thus, a 

comprehensive approach is required to tackle such a planning problem. IFMP-IEES is 

based on three optimization techniques namely MSP, ILP and FLP. Each technique has a 

unique contribution in enhancing the model’s capability in dealing with uncertainties in 

the system information and the associated policies. For example, the probability 

distributions and dynamic policy implications can be handled though MSP, the 
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uncertainties presented as discrete intervals can be reflected through ILP, and the system 

impreciseness can be addressed through FLP. To formulate an IFMP-IEES model, an 

interval multi-stage stochastic model (IMSP-IEES) should be constructed first. 

 

3.3.1.1 Formulation of an initial IMSP model 

Model objective 

The objective function is to minimize the total system cost which is a linear 

combination of costs associated with various energy-supply options, technology 

alternatives along with energy flows from supply side to demand end and compensations 

for GHG emissions. In the IMSP-IEES, the decision variables can be classified into two 

types: integer and continuous. The integer variables stand for expansion options of small-, 

middle- and large-scale energy conversion facilities; the continuous variables represent 

energy resources allocation, technologies utilization and emission compensation.  

The implementation of GHG reduction targets for a region in future periods can be 

considered as a multi-stage stochastic process. As a country that ratified an international 

environmental treaty (e.g. Kyoto Protocol), it agreed to reduce its GHG emission to a 

deterministic number in certain number of periods (UNFCCC, 1997), while the emission 

target for a specific region of the country would vary and can be considered random 

event at each stage. This leads to a recourse problem for each period. Within an IEES, a 

recourse action could be taken by adopting low-emission technologies, trading emission 

credit and/or implementing a carbon tax. Usually, as shown in Figure 3.3.1, an 

implementation of GHG reduction involves multi-stage sub-targets (each sub-target 
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require a decision), and thereby requires decisions for the multi-period execution. Such a 

recourse issue can be addressed through multi-stage programming.   
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Figure 3.3.1. Scheme of a typical multi-stage planning scenario tree 
  

Stage 1 ……………………………. 

Stage 2 …….. 

Stage 3 ………………… 

Stage T-1 ………………..……… 

Stage T   ……………….….. 

Period 1 

Period 2 

Period T-1 
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The objective function for a multi-stage recourse would be to minimize the 

expected costs of all applicable decisions taken over the multiple stages. In this multi-

stage programming, an initial decision is made based on uncertain future GHG reduction 

targets. When the future uncertainties of emission targets for a region are determined 

after each period, an economic recourse measure (trading GHG-emission credit) will be 

adopted. Thus the total cost associated with emission-credit trading under random 

emission-reduction targets can be formulated as follows:  

 

( ) ( ) ( ), , , , , , , , , ,
1 1 1 1 1 1 1

1 1 2 21 2

 
T J T K T K M

t j t j t k t k t k m t k m t k m
t j t k t k m

T T T Tt t t T t T

Min f Ces Z Cel X Cex CSopn Y

E Cem Xem E Cem Xem E Cem Xem E Cem S
= = = = = = =

= = = =

= ⋅ + ⋅ + ⋅ ⋅

       + ⋅ + ⋅ + ⋅⋅+ ⋅ − ⋅       

∑∑ ∑∑ ∑∑∑ (3.3.1.0a) 

 

Integrating the MSP method within an interval-parameter programming framework 

leads to an interval multi-stage stochastic planning model for integrated energy-

environment systems (IMSP-IEES).  
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= = =

= ⋅ + ⋅ + ⋅ ⋅

+ ⋅ ⋅ − ⋅ ⋅

∑∑ ∑∑ ∑∑∑

∑∑ ∑   
(3.3.1.0b) 

 

Constraints 

The total system cost related to energy supply, conversion, demand and emission 

reduction options, should be minimized subject to a set of constraints that describe 

various impact factors and their interactions, specifically are emission constraints, mass-
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balance and demand constraints, capacity constraints, availability constraints and non-

negativity constraints. The emission constraints set up limitations for the total emission 

amounts under the three emission-reduction options for each period. If the GHG emission 

of the region in a commitment period are less than its assigned amount, this difference ( s ) 

can be added to the assigned amount for the subsequent commitment periods. Since the 

target of GHG emission of a region varies between certain intervals (e.g. GHG emission 

target in the case study is 93.5%-96.5% for period 1, 88.5%-91.5% for period 2, and 

83.5%-86.5% for period 3), deterministic least amount of reduced GHG emission can be 

calculated for each period (3.5% for period 1, 2% for period 2, and 2% for period 3), 

which could ensure that GHG emission be reduced in each period rather than be simply 

compensated through GHG trade. The mass-balance and demand constraints describe the 

balances of energy flows in a regional energy system. They can be classified into balance 

for energy carriers and balance for electricity generation, both of which are established to 

ensure that the input energy is sufficient for output and end-using (industry, municipality 

and transportation). The capacity constraints are formulated to secure sufficient capacities 

for satisfying production of electricity. Six capacity constraints for electricity conversion 

technologies (e.g. Coal-fired, natural gas-fired, hydro-power, solar-power, wind-power 

and nuclear-power technologies) in a region can be established. The resource and credit 

availability constraints describe the upper limits of energy-source availability and GHG 

credit availability in carbon market of each period. The detailed constraints can be 

described as follows: 

 

(a) Emission constraints 
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(b) Mass balance and demand constraints 

Coal: ,1 ,1 ,2  ,t t t tCONcp X Z Z t± ± ± ±⋅ ≤ + ∀       (3.3.1.2a) 

Diesel: ,3 ,4   ,t t tDTD Z Z t± ± ±≤ + ∀       (3.3.1.2b) 

Gasoline: ,5 ,6   ,t t tDTG Z Z t± ± ±≤ + ∀       (3.3.1.2c) 

Natural gas: ,2 ,7 ,8 ,t t t t t tDIN DMN CONnp X Z Z t± ± ± ± ± ±+ + ⋅ ≤ + ∀   (3.3.1.2d) 

Hydro: t ,3 t,10 ,tCONhp X UP t± ± ±⋅ ≤ ∀       (3.3.1.2e) 

Solar: ,4 ,11 ,t t tCONsp X UP t± ± ±⋅ ≤ ∀       (3.3.1.2f) 

Wind: ,5 ,12 ,t t tCONwp X UP t± ± ±⋅ ≤ ∀       (3.3.1.2g) 

Nuclear: ,6 ,13 ,t t tCONup X UP t± ± ±⋅ ≤ ∀       (3.3.1.2h) 

Electricity: ,1 ,2 ,3 ,4 ,5 ,6 ,9 ,t t t t t t t t tX X X X X X Z DIE DME t± ± ± ± ± ± ± ± ±+ + + + + + ≥ + ∀  (3.3.1.2i) 

 

(c) Capacity constraints 

Coal-fired technology:  
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( )
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Natural gas-fired technology:  

( )
3

,2, ,2, ,2, ,2
1 1
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t

d m d m d m t
m d

Fconv RCN Cex CSopn Y X t± ± ± ± ±

= =
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∑ ∑    (3.3.1.3b) 

Hydro-power technology:  

( )
3

,3, ,3, ,3, ,3
1 1

,
t

d m d m d m t
m d

Fconv RCH Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.3.1.3c) 

Solar-power technology: 

( )
3

,4, ,4, ,4, ,4
1 1

,
t

d m d m d m t
m d

Fconv RCS Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.3.1.3d) 

Wind-power technology: 

( )
3

,5, ,5, ,5, ,5
1 1

,
t

d m d m d m t
m d

Fconv RCW Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.3.1.3e) 

Nuclear-power technology:  

( )
3

,6, ,6, ,6, ,6
1 1

,
t

d m d m d m t
m d

Fconv RCU Cex CSopn Y X t± ± ± ± ±

= =

 
⋅ + ⋅ ⋅ ≥ ∀ 
 

∑ ∑    (3.3.1.3f) 

 

(d) Energy resource and GHG-credit availability constraints 

, , , ,t j t jZ UP t j± ±≤ ∀         (3.3.1.4a) 

, , , ,t q t qXem UPcrdt t q± ±≤ ∀         (3.3.1.4b) 

 

(e) Non–negativity constraints 

, , , , , ,, , , , 0, , , , ,t k t j t k m t q t qX Z Y Xem S t k j m q± ± ± ± ± ≥ ∀     (3.3.1.5a) 

, ,0 1t k mY ±≤ ≤  and , ,t k mY ± = integer, , ,t k m∀      (3.3.1.5b) 
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3.3.1.2 Formulation of interval-fuzzy multi-stage stochastic model (IFMP-IEES) 

The above IMSP-IEES could only handle information represented as probability 

distributions and intervals. For many real-world problems, the quality of available 

information is often presented as either vague values and/or intervals. One limitation of 

the IMSP-IEES is the over-simplification of fuzzy membership information into intervals, 

hindering in-depth analyses for system cost and satisfaction degree (Dai et al., 2000; Li et 

al., 2006). 

To deal with the fuzzy membership information of interval parameters of the 

IMSP-IEES, an interval-fuzzy multi-stage stochastic model (IFMP-IEES) need to be 

formulated. According to (Huang et al., 1993), decision makers may establish an 

aspiration level ( f − ) and a tolerable interval ( f + - f − ) for the objective they desire to 

achieve, and each of the constraints can be modeled as a fuzzy set. For example, a 

general interval-fuzzy multi-stage stochastic programming problem: 

1
 

T

t t t
t

Min f D X E F Y± ± ± ± ±

=

 = ⋅ + ⋅ ∑


      (3.3.2.0) 

subject to: 

A X B Y C± ± ± ± ±⋅ + ⋅ <


        (3.3.2.1) 

0, 0X Y± ±≥ ≥
         (3.3.2.2) 

where { }m n
A R

×± ±∈ , { }m g
B R

×± ±∈ , { } 1m
C R

×± ±∈ , { }1 n
D R

×± ±∈ , { }1 g
F R

×± ±∈ , { } 1×±± ∈
nRX , { } 1g

Y R
×± ±∈  

( ±R  denotes a set of interval numbers), symbols =


 and <


 represent fuzzy equality and 

inequality. In the above formulation, the uncertainties in the right-hand side of constraints 

are considered to be fuzzy. According to (Zimmermann, 1976) the general interval-fuzzy 

multi-stage stochastic model could be formulated by introducing λ :  
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 Max λ ±           (3.3.3.0) 

subject to:  

( )( )
1

1
T

t t t
t

D X E F Y f f fλ± ± ± ± − ± + −

=

 ⋅ + ⋅ ≤ + − − ∑      (3.3.3.1) 

( )( )1A X B Y C C Cλ± ± ± ± − ± + −⋅ + ⋅ ≤ + − −       (3.3.3.2) 

0, 0X Y± ±≥ ≥          (3.3.3.3) 

10 ≤≤ ±λ          (3.3.3.4) 

where ±λ  is a control variable corresponding to the satisfaction degree to which the 

model’s solution fulfills the fuzzy goal or constraints. Specifically, flexibility in the 

constraints and fuzziness in the objective are expressed as membership grade ( ±λ ) 

corresponding to the degrees of satisfaction for the constraints and objective. It ranges 

between 0 and 1. A ±λ  level close to 1 would correspond to a solution with a high 

possibility of satisfying the objective/constraints under advantageous conditions; 

conversely, a ±λ  level near 0 would be related to a solution that has a low possibility of 

satisfying the objective/constraints under more demanding conditions (Huang et al., 

1993). +f and −f  are the upper and lower bounds of the system cost respectively, 

denoting the least and the most desirable system objectives, respectively (Li et al., 2008d; 

Lin et al., 2009b; Maqsood et al., 2005). Following the above formulation procedures, the 

IMSP-REGM can be transformed into the following IFMP-IEES problem:  

 

 Max λ ±               (3.3.4.0) 

subject to: 
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,1 ,1 ,2 0,t t t tCONcp X Z Z t± ± ± ±⋅ − − ≤ ∀                 (3.3.4.2a) 

( )( ),3 ,4 1 ,t t t t tZ Z DTD DTD DTD tλ± ± + − +− − ≤ − + − − + ∀           (3.3.4.2b) 

( )( ),5 ,6 1 ,t t t t tZ Z DTG DTG DTG tλ± ± + − +− − ≤ − + − − + ∀           (3.3.4.2c) 

( ) ( )( )
,2 ,7 ,8

1

t t t t

t t t t t t

CONnp X Z Z

DIN DMN DIN DMN DIN DMN tλ

± ± ± ±

+ + − − + +

⋅ − −

≤ − − + − − − + + ∀
 (3.3.4.2d) 

( )( )t ,3 t,10 t,10 t,101 ,tCONhp X UP UP UP tλ± ± − + −⋅ ≤ + − − ∀
         (3.3.4.2e) 

( )( ),4 t,11 t,11 t,111 ,t tCONsp X UP UP UP tλ± ± − + −⋅ ≤ + − − ∀
         (3.3.4.2f) 

( )( ),5 t,12 t,12 t,121 ,t tCONwp X UP UP UP tλ± ± − + −⋅ ≤ + − − ∀
          (3.3.4.2g) 

( )( ),6 t,13 t,13 t,131 ,t tCONup X UP UP UP tλ± ± − + −⋅ ≤ + − − ∀
          (3.3.4.2h) 

( ) ( )( )
,1 ,2 ,3 ,4 ,5 ,6 ,9

1 ,
t t t t t t t

t t t t t t

X X X X X X Z

DIE DME DIE DME DIE DME tλ

± ± ± ± ± ± ±

+ + − − + +

− − − − − − −

≤ − − + − − − + + ∀         (3.3.4.2i) 
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( )
( )( )

3

,1 ,1, ,1, ,1,
1 1

1 ,

t

t d m d m d m
m d

X Cex CSopn Y Fconv

RCC Fconv RCC RCC Fconv tλ

± ± ± ±

= =

− + −

− ⋅ ⋅ ⋅

≤ ⋅ + − − ⋅ ∀

∑ ∑
  
            (3.3.4.3a) 

( )
( )( )

3

,2 ,2, ,2, ,2,
1 1

1 ,

t

t d m d m d m
m d

X Cex CSopn Y Fconv

RCN Fconv RCN RCN Fconv tλ

± ± ± ±

= =

− + −

− ⋅ ⋅ ⋅

≤ ⋅ + − − ⋅ ∀

∑ ∑           (3.3.4.3b) 

( )
( )( )

3

,3 ,3, ,3, ,3,
1 1

1 ,

t

t d m d m d m
m d

X Cex CSopn Y Fconv

RCH Fconv RCH RCH Fconv tλ

± ± ± ±

= =

− + −

− ⋅ ⋅ ⋅

≤ ⋅ + − − ⋅ ∀

∑ ∑           (3.3.4.3c) 

( )
( )( )

3

,4 ,4, ,4, ,4,
1 1

1 ,

t

t d m d m d m
m d

X Cex CSopn Y Fconv

RCS Fconv RCS RCS Fconv tλ

± ± ± ±

= =

− + −

− ⋅ ⋅ ⋅

≤ ⋅ + − − ⋅ ∀

∑ ∑           (3.3.4.3d) 

( )
( )( )

3

,5 ,5, ,5, ,5,
1 1

1 ,

t

t d m d m d m
m d

X Cex CSopn Y Fconv

RCW Fconv RCW RCW Fconv tλ

± ± ± ±

= =

− + −

− ⋅ ⋅ ⋅

≤ ⋅ + − − ⋅ ∀

∑ ∑           (3.3.4.3e) 

( )
( )( )

3

,6 ,6, ,6, ,6,
1 1

1 ,

t

t d m d m d m
m d

X Cex CSopn Y Fconv

RCU Fconv RCU RCU Fconv tλ

± ± ± ±

= =

− + −

− ⋅ ⋅ ⋅

≤ ⋅ + − − ⋅ ∀

∑ ∑

 
          (3.3.4.3f) 

( )( ), , , ,1 , ,t j t j t j t jZ UP UP UP t jλ± − + −≤ + − − ∀            (3.3.4.4a) 

( )( ), , , ,1 , ,t q t q t q t qXem UPcrdt UPcrdt UPcrdt t qλ± − + −≤ + − − ∀             (3.3.4.4b) 

, , , , , ,, , , , 0, , , , ,t k t j t k m t q t qX Z Y Xem S t k j m q± ± ± ± ± ≥ ∀           (3.3.4.5a) 

, ,0 1t k mY ±≤ ≤  and , ,t k mY ± = integer, , ,t k m∀            (3.3.4.5b) 

10 ≤≤ ±λ                (3.3.4.5c) 
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3.3.2 Solution method 

Figure 3.3.2 shows the general solving framework of the IFMP-IEES model, 

through which system impreciseness, policy implications, probability distribution and 

discrete interval information can be reflected through integration of FLP, MSP and ILP 

techniques. To solve the formulated IFMP-IEES, we should first solve the initial IMSP-

IEES (Lin et al., 2009b). As shown in the Figure 3.3.2, the formulated IMSP-IEES could 

be solved through a two-step ILP solving method (Huang and Moore, 1993; Huang et al., 

1993). Then, based on the results from the IMSP-IEES, the IFMP-IEES model can then 

be formulated and converted into two submodels (lower bound submodel and upper 

bound submodel), and then could be solved through another two-step ILP solving method 

(Figure 3.3.2), where the sub-model corresponding to λ +  is formulated and solved first, 

since λ +  corresponds to f −   while the system objective is to minimize the cost. In the 

second step, the sub-model corresponding to λ −  can be formulated and solved on the 

basis of the first sub-model. The solutions of the IFMP-IEES model can then be obtained 

through integration of the solutions from the two IFMP-IEES sub-models. 
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Figure 3.3.2. Solution flow chart of IFMP-IEES 
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3.3.3 Energy systems planning 

3.3.3.1 Overview of the study system 

Consider a case in which an energy-resource management department is 

responsible for coordinating energy resource utilization and implementing GHG 

mitigation target for a region of a country. Typically, the energy system consists of 

energy supply, energy conversion, energy demand and associated pollution control 

sectors. Energy supply sector provides both non-renewable energy sources (e.g. coal, 

natural gas, diesel, gasoline, nuclear) and renewable energy sources (e.g. hydro, wind and 

solar energies).  Electricity can be generated from facilities such as coal-fired, natural 

gas-fired, nuclear, hydro, wind and solar power stations. According to the scales of the 

related facilities in the real-world, we basically classify them into three scales (small, 

medium and large scales) in this case study. Each conversion facility competes with each 

other based on the considerations of economic cost, energy efficiency and GHG emission. 

All these types of energy are provided to meet the demands from industries, 

municipalities and transportations of the region. If the energy demands cannot be met by 

local energy supplies or conversion capacities, additional energy can be imported from 

adjacent regions of higher costs, or by expanding generation capacities. In addition, 

environmental issues are involved during energy conversion and consumption. Since 

traditional pollutants (e.g. SO2, NOx, and TSP etc.) have been given adequate 

consideration with the related emission costs incorporated into the secondary energy 

formats or products, the GHG (mostly CO2) emission is considered as the main 

environmental issue in this energy system management. 
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Figure 3.3.3 shows a typical multi-period planning problem (3 periods, 4 stages), 

consisting of three periods with each one covering five years (period 1- from year 2011 to 

year 2015, period 2 - from year 2016 to year 2020, period 3 - from year 2021 to year 

2025). Decisions are required to be made for the energy allocation, capacity expansion 

and GHG trade on each stage. Through extensive expert interviewing, public survey, and 

literature review, the environmental targets could be expressed as probability 

distributions. Consequently, the GHG-emission reduction targets and their associated 

probabilities of occurrence (as shown in Figure 4, low emission target, 25%; medium 

emission target, 50%; high emission target, 25%) can be determined. Due to the random 

distribution of GHG reduction target for each period, a multi-stage stochastic 

programming model need to be developed to handle such a recourse problem. Moreover, 

both interval and fuzzy imprecise information exist in the energy management system 

and need to be integrated in the model. Thus, the developed IFMP-IEES model is 

considered to be a suitable approach to reflect these multi-period uncertainties and 

complexities. 
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Figure 3.3.3. Scenario structure of the IFMP-IEES 
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3.3.3.2 Results analysis 

Table 3.3.1 shows the solutions for energy supply allocation in three periods. The 

results are expressed as intervals, which correspond to the two bounds of the system 

objective function value. In detail, the lower-bound energy source allocation corresponds 

to a lower system cost, and vice versa. It presents that natural gas, gasoline and diesel 

will provide the major energy supplies for the region, while coal will provide less energy 

for the region than other fossil energy supplies, as much as [31.98, 33.91] PJ in the first 

period, [12.52, 30.52] PJ in the second period and 0 PJ in the third period, in a 

descending trend (Figure 3.3.4). This is because that CO2 emission coefficient of coal 

(coal, 94.6 ktonne CO2 /PJ) is higher than the other three energy carriers (diesel, 74.1 

ktonne CO2/PJ; gasoline, 69.2 ktonne CO2/PJ; natural gas, 60 ktonne CO2

Figure 3.3.4

/PJ), which 

increase the cost for utilizing coal and limit the use of it despite its low price. In 

comparison, the utilization of natural gas, gasoline and diesel are in ascending trend 

( ). Deterministic amount of their local productions are supplied, achieving 

their maximum production capacity.  Meanwhile, increasing amounts of these energy 

sources are imported from adjacent regions. Regarding electricity being imported, 

relative small amount is imported in the three periods (0 PJ in first period, only [0, 2.41] 

PJ in the second period and [4.5, 9.0] PJ in the third period) (Figure 3.3.4), due to its high 

cost (vary from 26 to 36 million$/PJ in the three periods) resulting from high 

transmission expenses. 
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Table 3.3.1 Solution for energy source planning in three periods 
Energy 

carrier 

Source Cost of energy source (million$/PJ) Amount of energy supply (PJ) 

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 

Coal Domestic [2.52, 2.70]  [2.72, 3.00]  [2.92, 3.30]  [  31.98, 33.91] 12.52 0 

 Imported [3.02, 3.32]  [3.32, 3.60]  [3.62, 3.90]  0 [    0     ,   18.00] 0 

 Total    [  31.98, 33.91] [  12.52,   30.52] 0 

Diesel Domestic [5.47, 6.27]  [5.90, 6.80]  [6.48, 7.38]  45.00 45.00 45.00 

 Imported [5.57, 6.37]  [6.00, 6.90]  [6.61, 7.51]  3.81 16.20 [  19.48,   19.50] 

 Total    48.81 61.20 [  64.48,   64.50] 

Gasoline Domestic [5.59, 6.39]  [6.00, 6.80]  [6.58, 7.38]  45.00 45.00 45.00 

 Imported [5.69, 6.59]  [6.10, 7.00]  [6.68, 7.58] 12.27 15.01 18.50 

 Total    57.27 60.01 63.50 

Natural Domestic [4.64, 5.54]  [6.50, 7.30]  [7.40, 8.20]  109.53 110.00 110.00 

gas Imported [5.80, 6.24]  [6.80, 7.60]  [8.60, 9.20]  [    9.03, 41.11] [  13.78,   20.68] [  18.42,   21.30] 

 Total    [118.56, 41.11] [123.78, 130.68] [128.42, 131.30] 

Electricity Imported [26.0, 30.0]  [29.0, 33.0]  [32.0, 36.0]  0 [     0    ,     2.41] [    4.50,     9.00] 
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Figure 3.3.4. Energy source allocation in the three planning periods 
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Table 3.3.2 presents the optimization solutions for electricity production of the 

region. It indicated that electricity generated in three periods would be at the ranges of 

[45.94, 47.31], [56.40, 57.77] and [58.07, 60.20] PJ respectively, in an ascending trend, 

wherein the major fossil energy (coal)-fired electricity production is in a descending trend 

(Figure 3.3.5). Natural gas-fired electricity production is not adopted in the first two 

periods, given the relative higher cost of natural gas. Due to the increasing price of GHG 

credit in the market and the strict emission reduction constraints (1-1c, d and e), natural 

gas-fired electricity starts showing its economical practicability in the third period 

(Figure 3.3.5). Compared to the electricity production with fossil energy, clean energy 

technologies (hydro power, wind power and nuclear power) demonstrate their importance 

when GHG emission control is integrated into energy system management (Figure 3.3.5). 

Among these technologies, nuclear-powered ([26.21, 44.06] PJ) and hydro-powered 

electricity ([11.98, 13.56] PJ) would be the two major proportions in each period, 

accounting for the most of the entire electricity production. The contributions of solar 

power (0 PJ) and wind power ([0.14, 1.73] PJ) to local electricity supply are insignificant 

in each period.  
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Table 3.3.2. Solution for electricity production patterns in three periods 
Conversion 

technology  

Variable cost (Million $/PJ) Electricity production (PJ) 

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 

Coal-fired [0.33  , 0.39  ] [0.36  , 0.43  ] [0.39  , 0.47  ]    [  7.61,   8.98]    [  2.98,   3.33] 0 

Natural gas-fired [0.45  , 0.53  ] [0.49  , 0.58  ] [0.54  , 0.63  ] 0 0    [  0.84,   0.85] 

Hydro power [0.36  , 0.44  ] [0.39  , 0.48  ] [0.43  , 0.52  ]   11.98 11.98    [13.01, 13.56] 

Solar power [0.009, 0.011] [0.010, 0.012] [0.011, 0.013] 0 0 0 

Wind power [0.74  , 0.91  ] [0.81  , 1.00  ] [0.89  , 1.10  ] 0.14    [  0.16,   1.18]    [  0.16,   1.73] 

Nuclear power [1.30  , 1.53  ] [1.42  , 1.70  ] [1.55  , 1.85  ] 26.21 41.28  44.06 

Total  [0.33  , 0.39  ] [0.36  , 0.43  ] [0.39  , 0.47  ] [45.94, 47.31]  [56.40, 57.77]  [58.07, 60.20] 

 

 



 

91 
 

 

 

Figure 3.3.5. Electricity generations in the three planning periods 
  



 

92 
 

Table 3.3.3 provides the solutions of binary variables obtained using the IFMP-

IEES model. The results demonstrate the capacity expansion in meeting future electricity 

demands. Among these six power generation technologies, coal-fired power generation is 

normally considered as the most economical solution. Nevertheless, the expenses on 

GHG credit compensation significantly reduce its competitiveness. Therefore, no coal-

fired facility will be considered in the planning periods. In contrast, nuclear powered and 

wind powered facilities become more feasible options after incorporating the GHG-

related costs: one large scale (0.9 GW) (Table 3.3.3) and one small scale (0.5 GW) 

nuclear-powered facility will be constructed and put into use in the first period; different 

scales of wind powered facilities may be planned in the second and third period with the 

decreasing of cost due to technology development. Regarding hydro power, it is 

considered as a clean and inexpensive electricity generation technology. Currently most 

regions however (especially the regions in developed countries) have exploited most of 

their hydropower. In this planning, the available hydropower has been utilized at a high 

level. The remaining hydropower could only be utilized by developing small scale 

hydropower facilities at a higher cost. Only one small scale hydro powered plant (0.05 

GW) (Table 3.3.3) will be put into operation in the third period when capital cost reduces 

to a certain level. As for natural gas, even it is considered as a relative clean fossil fuel, 

the high expenses in energy supply and compensation for GHG emission prevent it from 

being planned in the three periods. Solar power, due to its large amount of capital 

investment, will not be planned in the entire planning periods. Nevertheless, with the 

technology development and the decreasing of investment cost, solar power will 

eventually become a very competitive solution.  
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Table 3.3.3. Solution for electricity production patterns in three periods 
Conversion 

technology 

Scale 

option 

Capacity 

selection 

(GW) 

Capacity expansion (0,1) Capital cost (million$/GW) 

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 

Coal-fired  Small 0.100 0 0 0 [  700,   851] [  700,   851] [  700,   851] 

Medium 0.150 0 0 0 [  630,   750] [  630,   750] [  630,   750] 

Large 0.200 0 0 0 [  610,   740] [  610,   740] [  610,   740] 

Natural gas-

fired  

Small 0.063 0 0 0 [  746,   906] [  746,   906] [  746,   906] 

Medium 0.095 0 0 0 [  690,   840] [  690,   840] [  690,   840] 

Large 0.130 0 0 0 [  660,   800] [  660,   800] [  660,   800] 

Hydro-

powered 

Small 0.050 0 0 1 [2040, 2440] [1830, 2230] [1620, 1920] 

Medium 0.400 0 0 0 [1858, 2258] [1708, 2108] [1558, 1858] 
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Large 0.500 0 0 0 [1647, 1947] [1580, 1880] [1513, 1813] 

Solar-

powered 

Small 0.020 0 0 0 [4000, 5000] [3300, 4300] [2800, 3500] 

Medium 0.030 0 0 0 [3500, 4400] [3000, 3900] [2500, 3200] 

Large 0.040 0 0 0 [3300, 4200] [2800, 3800] [2500, 3100] 

Wind-

powered 

Small 0.015 0 [0, 1] [0, 1] [2364, 2664] [1800, 2050] [1736, 2036] 

Medium 0.020 0 [0, 1] [0, 1] [2289, 2589] [1850, 2050] [1711, 2011] 

Large 0.030 0 [0, 1] 0 [2278, 2478] [1830, 2030] [1782, 1982] 

Nuclear-

powered 

Small 0.500 1 0 0 [2654, 3054] [2550, 3050] [2546, 3046] 

Medium 0.700 0 0 0 [2467, 2767] [2460, 2760] [2430, 2753] 

Large 0.900 1 0 0 [2245, 2545] [2245, 2540] [2245, 2555] 
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Table 3.3.4 shows the GHG trading plans under three different GHG-emission 

scenarios on the second stage (period 1). Under the low GHG-emission target scenario, 

the emission will be planned to reduce to 93.5% of the 2010 emission level at the 

probability of 25%. About [140.8, 1025] ktonnes of CO2 credits should be traded in from 

other regions or countries. Under the middle GHG-emission scenario, the emission will 

be reduced to 95% of the 2010 emission level at the probability of 50%. About [973.8, 

1041.4] ktonnes of CO2 credits need to be imported into the region. Under the high 

emission scenario (96.5% of the 2010 emission level at the probability of 25%), about 

[989.1, 1057.9] ktonnes of CO2 credits need to be imported to meet the emission target. 

Since GHG credits that purchased or left can be used in the subsequent commitment 

periods, an optimal system cost for the entire planning horizon (3 periods) could be 

reached by integrating the GHG-credit surplus into planning.  Therefore, in each scenario 

of period 1, lower-bound energy consumptions correspond to lower-bound GHG- credit 

trade, and upper-bound GHG-credit surplus. For example, under the low GHG-emission 

target scenario, only 140.8 ktonnes of CO2 need to be imported in the restricted energy 

utilization mode, reserving 2991.9 ktonnes of CO2

  

 credit for following periods. 
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Table 3.3.4. Solution of the GHG management plans from IFMP-IEES model (stage 2, 
t=1) 

Emission 

level 

Probability Trade-in GHG credit  

(ktonnes) 

Surplus of GHG credit   

(ktonnes) 

L 25% [140.8, 1025.0] [  365.7, 2991.9]  

M 50% [973.8, 1041.4] [  689.6, 4154.9]  

H 25% [989.1, 1057.9] [1013.6, 4500.2]  
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Table 3.3.5 lists the solutions of continuous variables, including optimized 

solutions under 9 scenarios for the third-stage (period 2). Solutions under these scenarios 

are associated with their previous stage conditions (low, middle or high emission level), 

having different associated probabilities. For instance, the solution 2,7,optXem± = 907.1, 

2,8,optXem± = 922.5, 2,9,optXem± = [937.9, 1003.1] mean that, if the emission target level is high 

in the previous period (period 1), then there would be 907.1, 922.5 and [937.9, 1003.1] 

ktonnes of GHG-credits purchased from other regions under low, middle and high GHG-

emission target level on this stage, with joint probabilities of 6.25%, 12.5% and 6.25% 

respectively.  And there would be [647.9, 7578.9], [970.8, 7924.3] and [1358.8, 8269.7] 

ktonnes of GHG-credits reserved for the next stage under these three levels of emission 

targets. Take the H-H associated emission target branch for example, when emission 

target approximate to the lower bound, higher amount of GHG credit (1003.1 ktonnes) 

need to be traded in, while less GHG surplus (1358.8 ktonnes) would be reserved for the 

fourth stage.  

Table 3.3.6 shows the optimized solutions under 27 scenarios on the fourth stage 

(in period 3). It is indicated that the solutions for the traded GHG-credit in this period 

( 3, ,q optXem± ) are 0, with varied GHG-credit surplus left under different scenarios. Since 

GHG-credits are transferable between different stages and the credit price is normally 

higher in the later scenarios, more GHG credits would intend to be purchased in early 

periods. The surplus of GHG-credits is to be sold at the last period after compensating the 

excessive regional GHG emission. Therefore, after initial optimization, the calculated 

GHG-credit surplus under different scenarios at this stage ( 3, ,q optS ± ) need to be deducted  
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Table 3.3.5. Solution of the GHG management plans from IFMP-IEES model (stage 3, 
t=2) 

Emission 

level 

Probability Associated 

emission 

level 

Associated 

probability 

Trade-in GHG 

credit (ktonnes) 

Surplus of GHG 

credit (ktonnes) 

L 25% L-L 6.25% 907.1 [      0   , 6070.6] 

M 50% L-M 12.5% 922.5 [  322.9, 6416.0] 

H 25% L-H 6.25% 937.9 [  645.8, 6761.4] 

L 25% M-L 12.5% 907.1 [  323.9, 7233.6] 

M 50% M-M 25% 922.5 [  646.8, 7579.0] 

H 25% M-H 12.5% 937.9 [  969.7, 7924.4] 

L 25% H-L 6.25% 907.1 [  647.9, 7578.9] 

M 50% H-M 12.5% 922.5 [  970.8, 7924.3] 

H 25% H-H 6.25% [937.9, 1003.1] [1358.8, 8269.7] 
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from trade-in GHG-credits ( 3, ,q optXem± ), leading to the results of 0 ktonne of trade-in GHG-

credit. Results also show that the solutions under these scenarios (with different joint 

probabilities) are associated with their routes (e.g. L-L-L, H-M-H) which are linked to the 

conditions (low, middle or high level of GHG emission target) of their previous stages 

(stage 3 and stage 2). For instance, the solution 3,1,optS ± = [65.7, 7562.6], 3,2,optS ± = [373.2, 

7892.6], 3,3,optS ± = [680.7, 8222.6] mean that, if the emission target levels are low in stage 

2 and low in stage 3, then there would be [65.7, 7562.6], [373.2, 7892.6] and [680.7, 

8222.6] ktonnes of GHG-credits left under low, middle or high GHG emission target 

level on the fourth stage with joint probabilities of 1.5625%, 3.125% and 1.5625% 

respectively. Take the L-L-L associated emission target branch for example, when 

emission target is set to the lower bound (17118 ktonnes) in high energy utilization 

pattern, there will be small amount of GHG-credits remained (65.7 ktonnes); when 

emission target is set to the upper bound (18370 ktonnes) in low energy utilization pattern, 

there will be large amount of GHG-credits remained (7562.6 ktonnes). These residual 

GHG-credits will be exported to other regions or countries in this period in order to reach 

the minimized system cost.  
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Table 3.3.6. Solution of the GHG management plans from IFMP-IEES model (stage 4, 
t=3) 

Emission 

level 

Probability Associated 

emission 

level 

Associated 

probability 

Trade-in GHG 

credit (ktonnes) 

Surplus of GHG 

credit (ktonnes) 

L 25% L-L-L 1.5625% 0 [    65.7,   7562.6] 

M 50% L-L-M 3.125  % 0 [  373.2,   7892.6] 

H 25% L-L-H 1.5625% 0 [  680.7,   8222.6] 

L 25% L-M-L 3.125  % 0 [  388.5,   7908.0] 

M 50% L-M-M 6.25    % 0 [  696.0,   8238.0] 

H 25% L-M-H 3.125  % 0 [1003.5,   8568.0] 

L 25% L-H-L 1.5625% 0 [  711.4,   8253.4] 

M 50% L-H-M 3.125  % 0 [1018.9,   8583.4] 

H 25% L-H-H 1.5625% 0 [1326.4,   8913.4] 

L 25% M-L-L 3.125  % 0 [  389.6,   8725.6] 

M 50% M-L-M 6.25    % 0 [  697.1,   9055.6] 

H 25% M-L-H 3.125  % 0 [1004.6,   9385.6] 

L 25% M-M-L 6.25    % 0 [  712.5,   9071.0] 
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M 50% M-M-M  12.5      % 0 [1020.0,   9401.0] 

H 25% M-M-H 6.25    % 0 [1327.5,   9731.0] 

L 25% M-H-L 3.125  % 0 [1035.4,   9416.4] 

M 50% M-H-M 6.25    % 0 [1342.9,   9746.4] 

H 25% M-H-H 3.125  % 0 [1650.4, 10076.4] 

L 25% H-L-L 1.5625% 0 [  713.6,   9070.9] 

M 50% H-L-M 3.125  % 0 [1021.1,   9400.9] 

H 25% H-L-H 1.5625% 0 [1328.6,   9730.9] 

L 25% H-M-L 3.125  % 0 [1036.4,   9416.3] 

M 50% H-M-M 6.25    % 0 [1343.9,   9746.3] 

H 25% H-M-H 3.125  % 0 [1651.4, 10076.3] 

L 25% H-H-L 1.5625% 0 [1424.5,   9761.7] 

M 50% H-H-M 3.125  % 0 [1732.0, 10091.7] 

H 25% H-H-H 1.5625% 0 [2039.5, 10421.7] 
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Table 3.3.7 shows the optimized costs for the entire regional energy system, 

consisting of the costs for energy supply, electricity conversion, capacity expansion and 

GHG-credit trading. The expected system cost is [8044, 10322] million dollars, with the 

degree of overall satisfaction λ ±
 being [0.05, 0.348]. The lower and upper bound 

objective costs correspond to the two sets of sub-model solutions for the IFMP-IEES 

problem, which are two utmost boundary energy allocation plans for the region over the 

entire planning horizon, and are interpreted as the lowest and highest energy consumption 

patterns. As the actual value of each variable varies within its lower and upper bounds, 

the expected system cost would change correspondingly between the two boundary 

objective costs optf −

 and optf +

. The value of λ ±
 represents the possibility of satisfying both 

objective and constraints. It corresponds to the decision-makers’ preference regarding 

economic and environmental trade-offs. In detail, λ −
= 0.05 corresponds to the upper-

bound system cost ( f +
= $10322 million), representing the maximum degree of 

satisfaction under demanding system conditions. In comparison, λ +
= 0.348 is associated 

with the lower-bound system cost ( f −
= $8044 million), representing the maximum 

degree of satisfaction under advantageous conditions. Regarding the different emission 

target levels and underlying probability distributions in each period, the resulting plans of 

energy allocation and GHG-credit trading would vary between their relevant solution 

intervals. 
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Table 3.3.7. Optimized costs for the regional energy system 
Cost types Cost (million $) 

Energy supply [4753.6,   5973.3] 

Energy conversion [  180.0,     218.6] 

Capacity expansion [3347.5,   4116.9] 

Emission trade [    38.5,       44.0] 

Surplus credits at stage 4 [    30.8,     276.9] 

Total costs [8044.0, 10322.0] 

 λ ±  [0.050, 0.348] 
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3.3.4 Discussion 

Through the proposed IFMP-IEES approach, various uncertain information can be 

communicated into the dynamic multi-stage optimization process: uncertainties presented 

as intervals in various coefficients in the constraints and objective function were tackled 

through the interval-parameter linear programming method; those expressed as fuzzy sets 

in the right-hand-side constraints were handled through the fuzzy linear programming 

approach; the dynamics expressed as multi-period probability distributions were 

processed with the multi-stage stochastic programming method; and those related to 

capacity expansions within energy management systems were addressed through the 

integer programming method.  

Even this problem can also be solved through the Model 3.3.1 (IMSP-IEES) by 

expressing uncertainties in the model’s left- and right-hand sides as intervals, the system 

cost of the IMSP-IEES model ($[7373, 10477] million) gets wider compared to that of 

the IFMP-IEES ($[8044, 10322] million). The main limitation of IMSP-IEES is its over-

simplification of the fuzzy membership information into intervals, which leads to a lack 

of system reliability information as defined by λ ±  in the obtained solutions. The model 

developed in this study has advantages over the IMSP-IEES in reflecting the uncertainties 

and tackling the tradeoffs among system criteria and objectives. Despite the advantages 

of the proposed IFMP-IEES approach mentioned above, there are still some limitations 

with it: a) a problem with large number of stages (in discrete random distribution) 

normally would generate tremendous scenarios, leading to large amount of calculations; b) 

there are still some other uncertainties that have not been reflected in the proposed model, 
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such as the those presented as dual interval (Liu et al., 2008), semi-infinite (Lu et al., 

2009a), and random-boundary interval (Cao et al., 2010).   

  



 

106 
 

3.4 Summary 

 

In this chapter, two optimization models were developed for integrated energy-

environment systems planning under uncertainties. The developed IMSP-IEES is a 

hybrid methodology of inexact optimization and multi-stage stochastic programming 

designed for regional energy systems management. It is capable of incorporating more 

uncertain and dynamic information within its modeling framework. On the one hand, it 

can deal with uncertainties that exist in a regional energy system, through generating 

scenarios of its future events corresponding to varying energy allocation plans. On the 

other hand, the IMSP-IEES can effectively reflect dynamics of not only the uncertainties 

but also the relevant decisions. With the developed IMSP-IEES, the dynamics of GHG 

emission target levels (and thus GHG credits trading) of a region can be taken into 

account through generation of multiple representative scenarios. For all the scenarios 

under consideration, a decision is made at each stage in a real-time manner based on 

information about the actual realizations of the random variables and the earlier decisions. 

This allows corrective actions to be taken dynamically for the predefined policies and can 

thus help minimize the penalty. Never-the-less, there are a few limitations with the 

proposed IMSP-REM. Firstly, this model may over-simplify varied distribution (e.g. 

fuzzy membership) into the format of intervals, leading to a loss of system-reliability 

information. This problem could be addressed through integrating other related inexact 

programming methodologies (fuzzy programming). Secondly, this approach is developed 

mainly aiming at tackling discrete stochastic information of a regional energy 

management system. As for continuous random distributions, they could be treated either 
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by transferring into discrete random variations or choosing other corresponding 

methodologies (e.g. chance-constrained linear programming). Furthermore, due to the 

possible existence of multiple forms of uncertainties in a regional energy management 

system, the developed model can also be integrated with other inexact optimization 

methods to enhance their capacities in dealing with these uncertainties. 

In the second part of this chapter, a dynamic interval fuzzy multi-stage stochastic 

programming model (IFMP-IEES) was developed to support regional energy systems 

planning and GHG emission control under uncertainties. The IFMP- IEES improves upon 

the existing multistage stochastic programming methods by allowing uncertainties 

presented as intervals, fuzzy sets and probability density functions to be effectively 

incorporated within the optimization process and solutions. Through a two-step 

interactive algorithm, the IFMP- IEES model can be transformed into two deterministic 

sub-models, from which feasible decision alternatives can be generated. Compared with 

the existing energy system management models, the developed IFMP-IEES can not only 

deal with uncertainties presented as intervals, fuzzy and random distributions, but also 

handle dynamics associated with capacity expansion and multi-period decision making. 

Thus, the uncertainties and the dynamics within the multi-period energy system 

management and GHG emission reduction process could be effectively incorporated into 

the regional energy modeling system. The developed modeling approach was applied to a 

hypothetical regional energy-environment system. The results indicate that the developed 

IFMP- IEES can provide an effective measure for reflecting system cost variations, and 

therefore, generate more realistic decision schemes. For all scenarios under consideration, 

corrective actions are allowed to be taken dynamically in reference to the pre-regulated 
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policies and the realized uncertainties. The results can help quantify the relationships 

among system benefit, satisfaction degree, and constraint-violation risk. The outcomes of 

this study can not only assist managers in planning energy resources allocation and 

capacity expansion, but also gain insight into the tradeoffs between environmental and 

economic objectives. 
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CHAPTER 4. DUAL-INTERVAL DYNAMIC LINEAR 

PROGRAMMING MODELS FOR THE PLANNING OF IEES 

 

4.1 Background 

 

Considerable concern has been expressed during the past decades about greenhouse 

gas (GHG) emission abatements (Ayoub et al., 2007; Bazmi and Zahedi, 2011; Cai et al., 

2012; Huang et al., 1996; Lu et al., 2009b; Messner and Strubegger, 1991).  It is widely 

accepted that the issue should be incorporated within the framework of energy systems 

management (Bakirtzis et al., 2012; Becerra-Lopez and Golding, 2007; Chang and Lin, 

1999; Groscurth et al., 1993; Hong et al., 2012; Jebaraj and Iniyan, 2006; Lehtilä and 

Pirilä, 1996; Mirzaesmaeeli et al., 2010; Pękala et al., 2010). In such an energy 

management system, many activities need to be considered, such as energy production, 

energy import, energy storage, electricity conversion, power transmission, energy 

consumption and capacity expansion. These complexities can be further multiplied by 

varying economic, geographic, legislative and political conditions, such as rising energy 

prices, shrinking energy reserves, increasing environmental concerns, and emerging 

national / international protocols or obligations (Cai et al., 2009a; Nfah et al., 2007). 

Consequently, a systems-analysis approach is desired for comprehensively planning such 

energy systems that are associated with actions for GHG-emission control. 

Previously, numerous optimization methods were developed for supporting 

regional energy systems planning (Anand et al., 2006; Cai et al., 2009c; Cormio et al., 
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2003; Grohnheit, 1993; Groscurth et al., 1993; Hepbasli, 2005; Hiremath et al., 2011). 

For example, Lehtilä and Pirilä presented a bottom-up energy system optimization model 

(Finnish EFOM model) to support policy planning for sustainable energy use in Finland 

(Lehtilä and Pirilä, 1996). Cormio et al. proposed a bottom-up energy system 

optimization model based on the energy flow optimization model (EFOM) for renewable 

energy planning, and applied to the Apulia region in Southern Italy (Cormio et al., 2003). 

Hashim et al. developed an optimization model based on a MILP method for 

energy/CO2

Hashim et al., 2005

-emission planning and applied it to Ontario Power Generation facilities in 

Canada ( ). Becerra-Lopez and Goldingcarried out a capacity 

expansion planning for regional power-generation systems of west Texas with a multi-

objective optimization method (Becerra-Lopez and Golding, 2007). Ordorica-Garcia et al. 

proposed an energy optimization model for the energy industry and government sectors 

of Canada (Ordorica-Garcia et al., 2008). Hiremath et al. proposed a goal programming-

based model for decentralized sustainable energy planning in Tumkur District of India 

(Hiremath et al., 2011). Overall, most of these models are based on deterministic 

methodologies. They may not be able to reflect the uncertainties that are commonly 

existed in many real world cases (Li et al., 2011a; Zeng et al., 2011). For instance, 

electricity demand by municipal users may fluctuate within a range, being affected by 

socio-economic and extreme weather conditions (Liu et al., 2008). Likewise, some 

parameters contain rich information and can be presented as continuous/discrete 

stochastic distributions (Groscurth et al., 1993; Guo et al., 2008; Huang et al., 2011; 

Kanudia and Shukla, 1998; Li et al., 2012; Lin and Huang, 2011) or fuzzy distribution 

(Hu et al., 2011; Li et al., 2011a; Zhang et al., 2012), while some others contain less 
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information and can be presented as interval/dual interval formats (Lin and Huang, 2008; 

Liu et al., 2008).  

To thoroughly reflect these uncertainties and complexities in regional energy 

systems planning, a series of inexact energy system models have been developed 

correspondingly (Zeng et al., 2011). Among these models, some can reflect a single type 

of uncertainty (Groscurth et al., 1993; Kanudia and Shukla, 1998; Lin and Huang, 2008), 

while others may incorporate several types of uncertainties and complexities (Hu et al., 

2011; Li et al., 2012; Lin and Huang, 2011). For example, Kanudia and Shukla developed 

an inexact optimization model (Indian MARKAL) for energy-environment planning for 

India based on stochastic programming methods (Kanudia and Shukla, 1998); Lin and 

Huang presented an interval-parameter energy systems model (IPEM) for supporting 

regional energy systems planning (Lin and Huang, 2008); Hu et al. developed a 

feasibility based inexact fuzzy programming approach (FBIFP) for planning regional 

electric power generation system (Hu et al., 2011); Li et al. proposed an interval multi-

stage stochastic programming model for regional energy systems planning and GHG 

emission control (Li et al., 2012); Lin and Huang developed a interval-fuzzy two-stage 

stochastic model (DIFT-REM) and applied to the planning of energy systems in Ontario, 

Canada (Lin and Huang, 2011). The models developed in these studies have provided 

certain measures for dealing with specific uncertain issues in power or energy systems.  

However, these studies could not effectively handle dual uncertainties (e.g. dual 

interval) and multi-stage dynamic changes of system conditions, especially for temporal 

and/or spatial variations of integrated energy-environment systems (IEES). The IEES are 

composed of various interconnected components that exhibit more complexities than they 
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would individually; this may be beyond the capabilities of the above-mentioned inexact 

programming models because they can hardly characterize the system complexities 

where dual-uncertain information quality exists (Liu et al., 2009b). Moreover, these 

models could not adequately reflect the dynamic variations of energy systems within a 

multistage context, especially for sequential-multilayer structures of large-scale energy-

systems planning problems. They are not capable of dealing with recourse issues under 

multiple policy scenarios when the promised targets are violated (Li et al., 2008c). Thus, 

it is desirable that an integrated optimization method be provided for handling the dual 

uncertainties and multi-stage dynamic complexities in IEES planning. Furthermore, 

multiple uncertainties (e.g., fuzzy, interval, stochastic) may coexist in many real-world 

IEES management problems, and may not be adequately reflected through the current 

approaches. Thus, it brings about the requirement for an optimization approach that can 

directly incorporate system uncertainties expressed as fuzzy membership functions, 

probability density functions, discrete intervals and dual intervals within a multi-stage 

modeling framework.  
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4.2 A Dual-interval Mixed-integer Linear Programming Model for the Planning 

of Integrated Energy-Environment Systems 

 

The objective of this study is to propose a dual-interval mixed-integer linear 

programming model for the planning of integrated energy-environment systems (DMLP-

IEES). This objective entails: (i) the development of an IEES planning model to address 

interactions among energy resources allocation, power conversion, facility expansion and 

GHG-emission control, (ii) the integration of interval linear programming (ILP), dual 

interval linear programming (DILP) and integer programming (IP) techniques into a 

general planning framework, and (iii) application of the developed DMLP-IEES to a 

hypothetical case to demonstrate its capability in providing decision bases for energy 

systems planning and GHG-emission management under dual interval uncertainties.  

 

4.2.1 Model development 

A typical IEES consists of activities such as energy supply, energy conversion, 

energy consumption and GHG emission, each of which also involves multiple 

components. A decision maker is required to allocate various energy resources to 

different energy conversion technologies and demanding sectors within a multi-period 

horizon. The above complexities can be further compounded by the following facts: (a) a 

number of environmental (e.g. GHG emission) and socio-economic (e.g. carbon tax and 

GHG-emission credits trading) issues are embedded within energy management systems; 

(b) technical and economical relationships among different energy sectors (supply, 

conversion and consumption) are complex; (c) dynamic interactions among various 
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energy-related factors exist in a multi-period context; (d) various uncertainties exist in 

processes of energy supply, conversion and consumption, as well as GHG emission. To 

effectively address these complexities and uncertainties, an inexact IEES management 

model is thus desired. 

The management problem could be formulated as minimizing the expected value of 

the system cost with optimal schemes for energy allocation, energy conversion, capacity 

expansion and GHG-emission management. As for energy allocation, it generally 

involves renewable energies (e.g. hydro, wind and solar) and non-renewable energies (e.g. 

coal, natural gas, diesel, gasoline and nuclear) in the integrated energy system (Figure 

4.2.1). Most of these energies come from the local energy market, with a portion of 

energies that transportable or transmittable (e.g. coal, natural gas, diesel, gasoline and 

electricity) may come from adjacent regions. Based on various energy policies, demand 

projections for energy resources in every end-user sector can be acquired. Renewable 

energy resources and some non-renewable ones (e.g. coal and nuclear energy) are mainly 

utilized through converting into electricity. Besides, a portion of electricity can also be 

generated from natural gas-fired power plants. Normally, generation facilities in the 

system have overall-cumulative limits while regional demands are flexible. If the 

demands do not exceed the existing capacity-limits of the corresponding facilities, 

sufficient electricity could be generated based on the available capacities. This will result 

in a regular system cost. Otherwise, if a large gap exists between the existing capacities 

and the regional demand, capacity expansion options need to be considered, resulting in 

extra costs (Cai et al., 2009a).   
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Figure 4.2.1. Diagram of an integrated regional energy-environment system 
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Moreover, GHG emission may also bring a certain amount of cost to the system, 

when economical GHG-emission abatement solutions (e.g. charging carbon tax and/or 

conducting GHG-emission credits trading) are adopted in the system planning. Since 

different types of energy resources may have varied GHG-emission coefficients, energy 

resources with high GHG emissions will be restricted (e.g. coal), leading to a trade-off 

between utilization of low-cost energy resources and high GHG-emission management 

costs. Thus, the decision maker needs to identify desired patterns of energy flow and 

facility expansion with a minimized system cost. 

Therefore, a dynamic IEES management model based on IP approach is developed. 

The objective function is to minimize the total system cost which is a linear combination 

of costs associated with various energy-supply options, technology alternatives along 

with energy flows from supply side to demand end and compensations for GHG 

emissions. The constraints are a series of inequalities that define the relationships among 

various decision variables and system conditions.  

However, this model cannot reflect multiple forms of uncertainties in IEES, such as 

intervals and dual intervals. In many real-world IEES management problems, the 

majority of available information cannot be presented as deterministic values. Decision 

makers might merely be able to estimate the lower and upper bounds of uncertain 

parameters rather than specify their possibilistic and/or probabilistic distributions. These 

uncertain parameters, with known lower and upper bounds but unknown distributions can 

be expressed as interval numbers and can be effectively addressed by using the ILP 

methods (Cai et al., 2009a): 
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As for those highly uncertain parameters, the lower and upper bounds of the 

intervals may not be available as deterministic values, leading to dual interval 

uncertainties which can be appropriately presented as interval-boundary intervals. For 

example, tDME (allocated amount of electricity for municipalities) may roughly be [a, c] 

to [d, b] PJ (Figure 4.2.2), due to the fact that extreme weather condition and/or other 

emergent events may pose additional uncertainty to the energy system. Different from a 

single interval, e.g. [a, b], with deterministic bounds a and b, a dual interval [[a, c], [d, b]] 

carries interval bounds [a, c] and [d, b], representing the uncertainties in the lower and 

upper bounds of a single interval, assuming distributional information is unavailable 

between a and c, between d and b and between [a, c] and [d, b] (Liu et al., 2008; Liu et al., 

2009b). This variable could be presented as tDME
±±   . One potential method for solving 

such complexities is dual interval linear programming (DILP). The latest DILP 

methodology studied by Liu et al. (Liu et al., 2008; Liu et al., 2009b) has provided an 

effective measure for dealing with the dual interval issues in solid waste management and 

power generation systems. It has shown promising potential in tackling the dual uncertain 

problems in IEES. Thus, methods of IP, ILP and DILP will be integrated into IEES 

management, leading to the formulation of the DMLP-IEES model: 
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(a) Environmental Constraints: 
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(GHG emission limits) 
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(GHG emission mitigation constraints) 

,t tXem UPcrdt t
±± ±  ≤ ∀          (4.2.1.1f) 

(GHG emission credits availability) 

 

(b) Energy Systems Constraints: 

6
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(Electricity demand constraints) 

,1 ,1 ,2 ,t t t tCONcp X Z Z t
± ± ±± ± ± ±     ⋅ ≤ + ∀           (4.2.1.2b) 

(Coal demand constraints) 

,3 ,4   ,t t tDTD Z Z t
± ±± ± ±   ≤ + ∀          (4.2.1.2c) 

(Diesel demand constraints) 
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,5 ,6   ,t t tDTG Z Z t
± ±± ± ±   ≤ + ∀          (4.2.1.2d)  

(Gasoline demand constraints) 

,2 ,7 ,8 ,t t t t t tDIN DMN CONnp X Z Z t
± ± ±± ± ± ± ± ±     + + ⋅ ≤ + ∀         (4.2.1.2e) 

(Natural gas demand constraints) 

t ,3 t,10 ,tCONhp X UP t
±± ± ± ⋅ ≤ ∀        (4.2.1.3a) 

(Constraints for hydro energy resource) 

,4 ,11 ,t t tCONsp X UP t
±± ± ± ⋅ ≤ ∀        (4.2.1.3b) 

(Constraints for solar energy resource) 

,5 ,12 ,t t tCONwp X UP t
±± ± ± ⋅ ≤ ∀         (4.2.1.3c) 

(Constraints for wind energy resource) 

,6 ,13 ,t t tCONup X UP t
±± ± ± ⋅ ≤ ∀         (4.2.1.3d) 

(Constraints for nuclear energy resource) 
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(Coal-fired power capacity constraints) 
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(Natural gas-fired power capacity constraints) 
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(Hydro-power capacity constraints) 
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(Solar-power capacity constraints) 
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(Wind-power capacity constraints) 
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     (4.2.1.4f) 

(Nuclear-power capacity constraints) 

, , , 1, 2,...,9;t j t jZ UP j t
±± ±  ≤ = ∀ 

      (4.2.1.5a)  

(Energy resources availability) 

, ,, , 0, , ,t k t j tX Z Xem t k j
± ± ±± ± ±      ≥ ∀           (4.2.1.6a) 

(Technical constraints) 

, ,0 1t k mY ±≤ ≤  and , ,t k mY ± = integer, , ,t k m∀      (4.2.1.6b) 

(Binary constraints) 

where  

f
±±   − solution of the system objective function;  

,t kX
±±   − decision variables representing electricity production of technology k in time t 

(PJ);  

tXem
±±   − amount of emission credits traded (or emission amount violated) in period t 

(ktonnes) , where 0Xem  is that with known value for current stage;  

, ,t k mY ±
− decision variables representing capacity expansion options;  

,t jZ
±±   − decision variables representing energy carrier j supplied in time t (PJ); 
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j − energy carriers, j = 1, 2, …, 9, J=9;  

k − electricity generation technologies, k = 1, 2, …, 6, K=6;  

m − electricity generation capacity expansion options, m = 1, 2, 3, M=3;  

t − planning period, t=1,2,3, T=3;  

tCem± − price of GHG-emission credits (million$/ktonnes);  

,t kCel± − variable cost for electricity generation technology k in time t (million$/PJ);  

,t jCes± − cost for energy carriers j supplied in time t (million$/PJ);  

, ,t k mCex± − capital cost for capacity expansion option million$/GW);  

tCONcp±
− conversion factor of coal to coal-fired electricity;  

tCONnp± − conversion factor of natural gas to gas-fried electricity;  

,t kCONp± − conversion factor for hydro, solar, wind and nuclear power generation; 

, ,t k mCSopn±
− the scale capacity for option m of electricity technology k in period t (GW);  

tDIE± − allocated amount of electricity for industry (PJ);  

tDIN ± − allocated amount of natural gas to industry (PJ);  

tDME
±±   − allocated amount of electricity for municipality (PJ);  

tDMN ± − allocated amount of natural gas for municipality (PJ);  

tDTD± − allocated amount of diesel for transportation (PJ);  

tDTG± − allocated amount of gasoline for transportation (PJ);  

jEm − emission coefficient of energy carrier j (ktonnes);  

tEMTGT ±
− emission target for period t (ktonnes);  
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kFconv − conversion factor,  

kRC ±
− residual capacity for different power generation technology (GW), k = 1, 2, …, 6;  

,t jUP±
− 

tUPcrdt ±

upper bound of the availability of energy carriers j supplied in time t (PJ);  

− upper bound of the tradable GHG-emission credits for the region in period t 

(ktonnes).  
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Figure 4.2.2. Possible intervals derived from 
  

a dual interval value [[a, c], [d, b]] 

A 
B 
C 
D 

a  c                     d    b x 



 

124 
 

In the above model, the objective (4.2.1.0) covers the expenses for energy supply, 

the expenses for electricity generation, the expenses for expanding the existing capacities 

of relevant generation facilities, and the expenses for compensating over-limit GHG 

emission. This objective is subjected to the environmental constraints (4.2.1.1a to 4.2.1.1f) 

and the energy systems constraints (4.2.1.2a to 4.2.1.6b). Constraints (4.2.1.1a) and 

(4.2.1.1b) means the total GHG emission during the consumption of fossil energy 

resources do not exceed the allowable limit in each period. If the GHG emission of the 

region in a commitment period are less than its assigned amount, this difference ( s ) can 

be added to the assigned amount for the subsequent commitment periods. Constraints 

(4.2.1.1c) to (4.2.1.1e) ensure the GHG emission is in declining trend during the planning 

horizon. Constraint (4.2.1.1f) means that traded GHG-emission credits should not exceed 

available credits in the market. Constraints (4.2.1.2a) ensure the sufficient electricity 

supplied by domestic production and external import to meet the regional industrial and 

municipal demands in each planning period. Constraints (4.2.1.2b, c, d and e) ensure 

sufficient supplies of coal, diesel, gasoline and natural gas for the region. Constraints 

(14..3a) to (4.2.1.3d) provide the availability upper limits of corresponding energy 

resources. Constraints (4.2.1.4a) to (4.2.1.4f) denote that electricity generated from 

relevant facilities must not exceed their generation capacity limits (including existing and 

planning capacities) within each period. Constraint (4.2.1.5a) denotes that the supply of 

energy and electricity must not exceed their individual upper bounds. Constraint (4.2.1.6a) 

are technical constraints for the continuous variables ( ,t kX , ,t jZ  and tXem ) denoting the 

amount of electricity generation, energy supply and GHG-emission credits. Constraint 

(4.2.1.6b) defines the binary variables related to facility expansion options. 
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Through the formulated IP-IEES model (4.2.1.0 to 4.2.1.6b), complexities that exist 

within and between individual sectors/processes of an energy-environment system can be 

effectively handled. Specifically, it can effectively help allocate energy resources to 

different demanders and technologies, and help formulate expansion schemes for the 

related facilities. Thus, competitions among energy resources, power-generation 

technologies, and GHG-emission mitigations can be comprehensively reflected.  

 

4.2.2 Method of solution 

To solve a DMLP problem, the dual interval parameters should be firstly 

transformed into an equivalence class of random intervals, based on the decision maker’s 

implicit knowledge of their endpoints (Liu et al., 2009b). For example, an interval 

parameter whose lower and upper bounds are unknown but bounded can be defined as a 

dual interval number: [[a, c], [d, b]], where c< d. The dual interval number could be 

interpreted through an equivalence class of random intervals {A, B, C, D}(see Figure 

4.2.2, where A=[a, d], B=[a, b], C=[c, d], D=[c, b]) stemmed from the dual interval [[a, c], 

[d, b]] (Joslyn, 2003; Liu et al., 2009). Then, according to the procedures proposed by 

Liu et al.(Liu et al., 2009b), the original DMLP model is reconstructed into several ILP 

problems with respect to possible combinations of different random intervals. The 

solution algorithm of the DMLP model can be presented in a pseudo-code format as 

follows: 

Step 1. Formulate DMLP model; 
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Step 2. Transform DMLP model into several sub-models Af  and Bf , 

corresponding to the combinations of intervals {A, B, C, D} (e.g., [[a, c], [d, b]] could be 

presented as the combination of A and D); 

Step 3. Formulate Af − sub-model (when objective is minimizing); 

Step 4. Solve the Af − sub-model, and obtain optf − , optX − , optZ − , optY − , and optXem− ; 

Step 5. Formulate Af + sub-model with additional constraints: opt optX X+ −≥ , opt optZ Z+ −≥ , 

opt optY Y+ −≥ , and opt optXem Xem+ −≥ ; 

Step 6. Solve the Af +  sub-model, and obtain optf + , optX + , optZ + , optY + , and optXem+ ; 

Step 7. Combine the solutions from Af −  and Af +  and obtain the solutions of the Af  

sub-model: [ , ]opt optX X− + , [ , ]opt optZ Z− + , [ , ]opt optY Y− + , [ , ]opt optXem Xem− +  and [ , ]A Af f− + ; 

Step 8. Solve Bf  sub-model through repeating Step 3 to Step 7, and get solutions 

of Bf  sub-model: [ , ]opt optX X− + , [ , ]opt optZ Z− + , [ , ]opt optY Y− + , [ , ]opt optXem Xem− +  and [ , ]B Bf f− + ; 

 Step 9. Combine the solutions of sub-model Af  and Bf , and obtain dual-interval, 

interval and deterministic solutions. 

After solving the sets of ILP sub-models, integrate the solutions from the ILP sub-

models to form dual-interval format solutions (a piecewise possibility distribution is 

generated by overlapping the sub-model intervals which have equal possibilities), interval 

solutions (when the lower and upper bounds of one sub-model are equal to the lower and 

upper bounds of the other sub-models), and deterministic solutions (when the lower 

bounds are equal to the upper bounds of every submodel). And then, uncertain solutions 

presented as dual/single intervals and deterministic numbers can be obtained.  
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To solve a typical ILP model, a two-step ILP solving method (Huang et al., 1992; 

Huang et al., 1995) could be followed. For example, a typical ILP problem:  

 

  Min f C X± ± ±=           (4.2.2.0) 

 

subject to:  

A X B± ± ±≤           (4.2.2.1) 

0X ± ≥           (4.2.2.2) 

where { }m n
A R

×± ±∈ , { } 1m
B R

×± ±∈ , { }1 n
C R

×± ±∈ , { } 1×±± ∈
nRX  ( ±R  denotes a set of interval 

numbers). For n interval coefficients ( 1,  2,  ...,  )jc j n± =  in the objective function, let

10 (  1,  2,  ..., )jc j k± ≥ = 20 (  1,  2,  ...,  )jc j k± ≤ = , where k1 + k2 = n. This model can be 

converted into two deterministic sub-models, the lower bound sub-model f −
( ) and the 

upper-bound sub-model f +
( ), corresponding to lower- and upper-level objectives, 

respectively.  

f −
Lower bound submodel ( )  

1 1 1 11 1 1 1  ... ...k k k k n nMin f c x c x c x c x− − − − − − + − +
+ += + + + + +      (4.2.3.0) 

subject to: 

1 1 1 11 1 1 1... ... ,   i ik k ik k in na x a x a x a x b i+ − + − − + − + +
+ ++ + + + + ≤ ∀                                  (4.2.3.1) 

 10,     1,  2,  . . . , jx j k− ≥ =                                                                                  (4.2.3.2) 

1 10,     1,  2,  . . . , jx j k k n+ ≥ = + +         (4.2.3.3) 
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f +
Upper bound submodel ( )  

1 1 1 11 1 1 1  ... ...k k k k n nMin f c x c x c x c x+ + + + + + − + −
+ += + + + + +    (4.2.4.0) 

subject to:                

1 1 1 11 1 1 1... ... ,   i ik k ik k in na x a x a x a x b i− + − + + − + − −
+ ++ + + + + ≤ ∀    (4.2.4.1) 

10,     1,  2,  . . . , jx j k+ ≥ =        (4.2.4.2) 

1 10,     1,  2,  . . . , jx j k k n− ≥ = + +       (4.2.4.3)  

,     1,  2,  ..., j jx x j n+ −≥ =         (4.2.4.4) 

 

4.2.3 Energy systems planning 

4.2.3.1 Overview of the study system 

The following regional IEES management problem will be used to demonstrate 

applicability of the developed DMLP-IEES model. In the IEES, various energy related 

activities are involved, including energy supply, energy conversion, capacity expansion, 

energy demand and associated pollution control activities. Decisions are required to be 

made for these activities in a three-period (5 years each) 15-year planning horizon. 

Energy supply mainly includes coal, natural gas, diesel, gasoline, nuclear, hydro, wind 

and solar energies, coming from local market or importation. Generally, the prices of 

imported energy carriers are higher than those produced locally. Owing to the market 

fluctuations, the cost related parameters are basically expressed as intervals without 

distribution information. All these types of energy resources are provided to meet the 

demands from industries, municipalities and transportations of the region. In detail, diesel 
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and gasoline are mainly used for transportation; natural gas is used for municipal, 

industrial and power generation needs; coal, nuclear and renewable energies (hydro, wind, 

solar) are mostly employed for power generation.  

Electricity, as an important form of energy, can be supplied from adjacent regions 

or from local generation facilities such as coal, natural gas, nuclear, hydro, wind and solar 

power stations. Different variable costs for power generations may apply to different 

conversion technologies, which leads to the competences in selecting expansion plans 

among these technologies. In terms of facility expansion, each conversion facility has 

three expansion options (small, medium and large scales) and competes with each other 

based on the considerations of economic cost, energy efficiency and GHG emission. If 

the regional power demands cannot be met by local conversion capacities, additional 

electricity can be obtained by importing from adjacent regions with higher costs, or by 

expanding generation capacities.  

Regional GHG emission is significantly associated with the energy utilization in 

the region. The GHG-emission (mostly CO2) mitigation problem is incorporated into the 

framework of regional energy system management. A series of regional GHG-emission 

targets are set for the planning periods (e.g. 93.5% - 96.5%, 88.5% - 91.5% and 83.5% - 

86.5% for period 1, 2 and 3, respectively). If the targets cannot be met in certain period, 

extra carbon credits could be purchased from national or international carbon markets. 

Carbon credits could be passed to the subsequent period by the request of the decision 

maker. To ensure that GHG emission is reduced in each period rather than be simply 

compensated through carbon credits trading, imperative constraints are thus formulated. 

Since the mitigation targets of GHG emission in the studied region vary between certain 
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intervals. Therefore, deterministic least amount of reduced GHG emission can be 

calculated for each period as 3.5% for period 1, 2% for period 2, and 2% for period 3 

(formula 1.1c, 1.1d, 1.1e), respectively. 

Among the various parameters/variables, some would be highly uncertain and thus 

may demonstrate dual interval uncertainties. For example, the municipal electricity 

demands can be described as interval values, due to socio-economic development and 

population growth. Moreover, abnormal weather conditions may cause added power 

demand fluctuations, posing additional uncertainty to the IEES. In this case, the demand 

for electricity tDME
±±   would be [21.2, 23.6] PJ in period 1, [23.4, 26.0] and [[24.3, 

25.6], [28.2, 29.5]] PJ in periods 2 and 3, respectively (Figure 4.2.3). There is no further 

information available to the four endpoints other than their differences. In such an IEES, 

dynamic and interval/dual-interval imprecise information coexist and need to be 

integrated in the same model. Thus, the developed DMLP-IEES model is considered to 

be a suitable approach to reflect these dynamics and dual interval uncertainties. 
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Figure 4.2.3. Municipal electricity demands of the IEES 
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4.2.3.2 Results analysis 

Following the solution algorithm, the DMLP-IEES model was discomposed into 

two sub-model scenarios. Assume that there is unknown information for the power 

demand parameter ( 3DME
±±   ) with its lower bound being between 24.3 PJ and 25.6 PJ, 

and upper bound between 28.2 PJ and 29.5 PJ. Interval [25.6, 28.2] PJ is taken into 

account for scenario 1, and interval [24.3, 29.5] PJ is considered for scenario 2. Each of 

the scenarios occurs with a probability of 0.5. After integrating the solutions from the two 

scenarios, a series of dual-interval piecewise possibility distribution are generated by 

overlapping the sub-model intervals of equal possibilities (Liu et al., 2009b). The results 

indicate that any changes in municipal power demands (for the third period) would result 

in varied energy/power allocation patterns; the related energy/power allocations are 

mostly valued as single or dual intervals. This implies that dual uncertainties (not only 

randomness but also imprecision) have been communicated into the DMLP processes.  

Table 4.2.1 shows the solutions of energy-resource allocation in the three planning 

periods. It indicated that natural gas, gasoline and diesel will provide the major supplies 

of fossil fuels to the region, comparing to a less important role of coal. The consumption 

of coal is in a descending trend in the planning horizon, with no coal imported. In period 

1 and 2, solutions for coal are presented as dual intervals (Figure 4.2.4a, b), reflecting 

potential system-condition variations caused by dual interval uncertainties in power 

demands. The optimal amount of energy supply of domestic coal in Period 1 should be 

[[29.67, 33.12], [41.19, 41.36]] PJ. The possibility distribution of the value as shown in 

Figure 4.2.4a indicates that the interval range [33.12, 41.19] PJ has higher possibility 

level (2 times) than the ranges [29.67, 33.12] PJ and [41.19, 41.36] PJ. Thus the interval 
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range [33.12, 41.19] PJ (of twice possibility) would be given more consideration when 

decision maker is planning domestic coal productions. Depending on decision maker’s 

anticipation or preference, it is still possible to plan the coal production at the range of 

[29.67, 33.12] PJ under low electricity demand (corresponding to low system costs) or at 

the range of [41.19, 41.36] PJ under high electricity demand (corresponding to high 

system costs) in the third planning period. Constrained by the GHG-emission mitigation 

targets, coal is nearly eliminated in the third period due to its high CO2 emission. In 

contrast, the consumption of natural gas demonstrates an ascending trend, due to its 

relative low CO2

Figure 4.2.4

 emission. The increasing demand for natural gas will lead to the full 

utilization of local production capability. Thus, the solutions for local production of 

natural gas are generally presented as deterministic values. In addition to the local 

production, extra natural gas is imported from adjacent regions. These solutions are 

generally presented as intervals. Attributable to the variations caused by dual interval 

uncertainties in power demands, the solution for imported natural gas in period 3 is 

presented as a dual interval ( c). The solutions for local produced diesel and 

gasoline, similar to natural gas (lower CO2

  

 emission coefficients than coal), are presented 

as deterministic form. Merely small amount of electricity is imported in the third period. 

In general, due to their high cost in transmission/transportation, planned energy resources 

are mainly supplied from domestic market. 
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Table 4.2.1. Solutions of energy resources planning  
Energy 

carrier 

Source Amount of energy supply (PJ) 

Period 1 Period 2 Period 3 

Coal Domestic [[29.67, 33.12], [41.19, 41.36]] [[10.39, 13.85], [17.68, 17.85]] 0 

 Imported 0 0 0 

 Total [[29.67, 33.12], [41.19, 41.36]] [[10.39, 13.85], [17.68, 17.85]] 0 

Diesel Domestic 45.00 45.00 45.00 

 Imported [    0.31,     7.31] [  10.20,   22.20] [12.50, 26.50] 

 Total [  45.31,   52.31] [  55.20,   67.20] [57.50, 71.50] 

Gasoline Domestic 45.00 45.00 45.00 

 Imported [    7.27,   17.27] [  10.01,   20.01] [13.50, 23.50] 

 Total [  52.27,   62.27] [  55.01,   65.01] [58.50, 68.50] 

Natural Domestic [109.06, 110.00] 110.00 110.00 

gas Imported [    0     ,   18.06] [    6.75,   26.75] [[    8.94,   14.38], [  38.45,   38.72]] 

 Total [109.06, 128.06] [116.75, 136.75] [[118.94, 124.38], [148.45, 148.72]] 

Electricity Imported 0 0 [   0    ,   9.00] 
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a. Local-produced coal 1,1Z ±

 (PJ)           b. Local-produced coal 
1,2Z ±

 (PJ) 

 

c. Imported natural gas 8,3Z ±

 (PJ) 

Figure 4.2.4. Possibility distributions of energy supplies 
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Table 4.2.2 presents the optimization solutions of electricity productions of the 

region. It shows that solutions for coal-fired, natural gas-fired, wind-powered and 

nuclear-powered generations are presented as dual interval format. According to their 

possibility distributions, these dual-interval values are highly desired in the ranges [7.89, 

11.77] PJ,   [3.30, 5.05] PJ, [2.09, 3.87] PJ, [0.17, 0.77] PJ, [0.17, 1.72] PJ, [24.21, 26.86] 

PJ and [39.27, 43.17] PJ, respectively (Figure 4.2.5). It is implied that the bounds of these 

dual intervals are sensitive to the dual-interval modeling inputs under disadvantageous 

conditions (e.g. electricity demands of dual interval uncertainties). In general, electricity 

generated with most technologies would be in ascending trends in three planning periods, 

except for coal-fired technology showing a descending trend due to its high CO2 

emission coefficients. As for natural gas-based technology, it is not adopted until the 

third period, demonstrating the trade-off between increasing cost of energy supply and 

strengthening requirement for GHG-emission control. Similarly, clean energy 

technologies (hydro power, wind power and nuclear power) show their appropriateness 

when GHG-emission mitigation requirements get stringent

  

. However, solar power is not 

adopted in large scale due to its large investment requirements. 



 

137 
 

Table 4.2.2. Solutions of electricity productions 
Conversion 

technology  

Electricity production (PJ) 

Period 1 Period 2 Period 3 

Coal [[7.07, 7.89], [11.77, 11.82]] [[2.47, 3.30], [5.05, 5.10]] 0 

Natural gas 0 0 [[0, 2.09], [3.87, 3.90]] 

Hydro  11.98 11.98 [11.98, 13.56] 

Solar  0 0 0 

Wind  0.14 [0.17, [0.77, 1.25]] [0.17, [1.72, 1.88]] 

Nuclear  [[23.39, 24.21], [26.86, 26.91]] [[38.45, 39.27], [43.17, 43.70]] [43.37, 44.15] 
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a. Coal-fired technology in period 1      b. Coal-fired technology in period 2

 
c. Natural gas-fired technology in period 3   d. Wind-powered technology in period 2 

 
e. Wind-powered technology in period 3 f. Nuclear-powered technology in period 1 

 
g. Nuclear-powered technology in period 2 

 
Figure 4.2.5. Possibility distributions of electricity productions 

 

  



 

139 
 

Table 4.2.3 provides solutions for supporting power generation capacity expansions. 

These decision variables are in binary formats, representing whether or not expanding the 

relevant generation facilities. Solutions demonstrated that fossil fuel-based generation 

capacities will not be expanded due to the added cost posed by GHG-emission mitigation 

measures. In contrast, capacities of clean technology-based generation capacities (e.g. 

hydro, wind, nuclear) will be expanded (e.g. small-scale nuclear power plant in period 1 

and period 2) or may be expanded (e.g. hydro power station: small scale in period 3; wind 

power station: small scale in period 2, medium scale in period 2 and period3, large scale 

in period 3). Even though it is considered as an ideal clean energy resource, solar power 

facilities will not be planned in any of the three scales in the entire planning horizon, due 

to its large amount of capital investments. However, with the development in technology 

and cost control, solar power will eventually become a competitive option. 
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Table 4.2.3. Solutions of power generation capacity expansion 
Conversion 

technology 

Scale 

option 

Capacity  

(GW) 

Capacity expansion (0,1) 

Period 1 Period 2 Period 3 

Coal  Small 0.100 0 0 0 

Medium 0.150 0 0 0 

Large 0.200 0 0 0 

Natural gas  Small 0.063 0 0 0 

Medium 0.095 0 0 0 

Large 0.130 0 0 0 

Hydro Small 0.050 0 0 [0, 1] 

Medium 0.400 0 0 0 

Large 0.500 0 0 0 

Solar Small 0.020 0 0 0 

Medium 0.030 0 0 0 

Large 0.040 0 0 0 

Wind Small 0.015 0 [0, 1] 0 

Medium 0.020 0 [0, 1] [0, 1] 

Large 0.030 0 0 [0, 1] 

Nuclear Small 0.500 1 1 0 

Medium 0.700 0 0 0 

Large 0.900 0 0 0 

Note: the dual interval solutions in this table are binary values. 
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The solutions of carbon-credits trading in the three planning periods are [0, 973.8] 

and [0, 922.5] and [0, [820.7, 867.9]] ktonnes. Solutions for imported carbon credits in 

period 1 and period 2 are presented as typical intervals, while that of period 3 is presented 

as a dual interval. The interval solutions [0, 973.8] and [0, 922.5] ktonnes reflect the 

system responses to multiple interval-parameter inputs; the dual interval solution [0, 

[820.7, 867.9]] ktonnes reflects potential system-condition variations caused by dual 

interval uncertainties in electricity demands. Decision makers prior to choosing traded 

credits amount between 0 and 820.7 ktonnes, depending on the electricity demands 

(Figure 4.2.6). When electricity is in high demand (e.g. tDME
±±   is as large as 28.2 or 

29.5 PJ), larger amount of credits will be purchased from carbon market (e.g. 820.7 or 

867.9 ktonnes of carbon credits accordingly).  In general, lower-bound energy 

consumptions and lower-bound electricity consumptions correspond to lower-bound 

traded carbon credits. 
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Traded carbon credits (ktonnes) 

 

Figure 4.2.6. Possibility distribution of traded carbon credits in period 3 
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Table 4.2.4 shows the optimized system costs over the planning horizon, consisting 

of four parts: expenses for energy supplies, operation costs of conversion technologies, 

investments for capacity expansion and costs for GHG-emission mitigations. These 

solutions are mainly in dual interval formats (Figure 4.2.7), representing the interactions 

between the IEES and electricity demanding activities. The expense for energy supplies 

is the sum of costs for all domestic and imported energy resources. The conversion 

expense includes operation costs related to all technological activities. The capital cost is 

the sum of capacity-expansion investments among all technologies. The GHG-emission 

mitigation cost is mainly the compensation expenses through conducting carbon credits 

trading. Overall, the cost for the entire IEES over the planning horizon would be [[7688, 

7753], [10375, 10455]] million dollars. The lower-bound cost would be [7688, 7753] 

million dollars; the upper-bound cost would be [10375, 10455] million dollars. In most of 

the cases, the system cost would lay within the range of 7753 to 10375 million dollars. 
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Table 4.2.4. Optimized costs for different activities in the entire planning horizon 
Activity Cost (million $) 

Energy supply [[4220, 4285], [6149, 6152]] 

Energy conversion [173, [   226, 227]] 

Capacity expansion [3296, [3927, 4012]] 

Emission credits trade [0, [67, 69]] 

Total costs [[7688, 7753], [10375, 10455]] 
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a. Total energy-supply cost   b. Total energy-conversion cost 

 

c. Total cost for expending generation capacities   d. Total cost for carbon credits trading 

 

e. IEES cost 

 

Figure 4.2.7. Possibility distributions of activity costs over the entire planning horizon 
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4.2.4 Discussion 

Through the above application, the DMLP methodology is integrated into the IEES 

planning problem. It reflects the capability of DMLP-IEES model in addressing 

uncertainties presented as intervals and dual intervals, and dynamics associated with 

capacity expansions. The proposed case study demonstrated that the DMLP-IEES model 

can quantify impacts of dual uncertainties (represented as dual intervals) in electricity 

demands, due to dynamic variations caused by extreme weather conditions and/or other 

emergent events. Likewise, it could also be adopted to address similar dual-uncertain 

characteristic of other single/multiple parameters in IEES planning. Compared to 

deterministic programming, the single/dual interval programming could tackle the 

situations when system parameters are uncertain and could not be addressed by 

traditional deterministic approach. Compared to stochastic programming, the single/dual 

interval programming method may require less parameter information. Inputs of the 

uncertain parameters may have equal possibility distribution and does not need to acquire 

the probabilistic distribution information.  Through introducing the dual-interval concept 

into the optimization framework, the DMLP method could deal with the dual-uncertainty 

problems when the boundaries of intervals are highly uncertain and presented as intervals 

of certain known possibility levels. Compared to robust programming that is also adopted 

to tackle uncertain parameter issues, the single/dual interval programming could reflect 

all the uncertain factors in not only constraints but also in objective function. In addition, 

the results of interval/dual interval formats may provide decision makers with robustness 

and more decision flexibility. 
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4.3 A Dual-interval Multi-stage Stochastic Programming Model for the Planning 

of Integrated Energy-Environment Systems 

 

The objective of this study is to propose a dual-interval multi-stage stochastic 

programming model for the planning of integrated energy-environment systems (DMSP-

IEES). Methodologies of interval linear programming (ILP), dual-interval programming 

(DILP) and integer linear programming (IP) were incorporated within a multi-stage 

stochastic programming (MSP) context. Uncertainties expressed as dual-intervals, 

discrete intervals and probability distributions were effectively handled. A case study was 

then be provided for demonstrating the applicability of the DMSP-IEES model in 

supporting energy systems planning and GHG-emission management under dual 

uncertainties, based on a multilayered scenario tree with a finite group of scenarios.  

 

4.3.1 Model development 

4.3.1.1 Formulation of DMSP model 

Consider a problem wherein decision makers are responsible for allocating energy 

resources to multiple departments, planning facility expansions and GHG-emission 

mitigations over a multi-period planning horizon. The decision makers can formulate the 

problem as minimizing the expected costs of energy/environment-related activities in the 

region over the planning horizon. If a limited GHG-emission target could be set for the 

region, and the target is met, it will not affect the energy utilization pattern or the local 

economy. However, if the promised target is not met, either the fossil fuel must be 

replaced by alternative cleaner but more expensive energy resources (e.g. wind, solar etc.) 



 

148 
 

or the additional GHG-emission credits must be purchased from national and/or 

international carbon markets, resulting in penalties on the IEES system. In a multi-level 

energy management framework, a country ratified an international environmental treaty 

(e.g. Kyoto Protocol) (UNFCCC, 1997), and agreed to reduce its GHG emission to a 

specified amount in certain number of periods (Cai et al., 2009c; Lin and Huang, 2009a), 

although the emission target for a specific region of the country would vary and can be 

considered as a random event at each stage. This leads to a recourse problem for the 

regions in the planning periods (Li et al., 2011a). Thus, the planning of GHG-emission 

reduction would present a dynamic feature. As shown in Figure 3.3.1, it would require 

decisions at discrete points in time and discrete probability levels for uncertain variables 

(Li et al., 2006; Li et al., 2008c). Such a recourse issue in IEES management can be 

addressed through a scenario-based multi-stage programming model (Li et al., 2012).  

Figure 3.3.1 shows a T-stage scenario tree, in which the nodes represent decisions, 

while the line segments in-between are for realizations of the uncertain variables. 

Typically, the underlying probability distribution is sampled (i.e., scenarios are generated) 

prior to the solution procedure. The first-stage decisions have to be made before further 

information of initial system uncertainties is revealed, whereas the following-stage ones 

are allowed to adapt to this information and take relevant recourse actions 

correspondingly (Dupačová, 2002; Li et al., 2008c). Thus, a general T-stage stochastic 

programming model with consideration of random variations of GHG-emission targets 

(for each stage) can be formulated as follows: 

 

[ ] [ ] [ ]1 2
 ...t t t t t tt t t T

Min f D X E F Y E F Y E F Y
= = =

= ⋅ + ⋅ + ⋅ + + ⋅
   (4.3.1.0) 
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subject to: 

A X B Y C⋅ + ⋅ ≤
        (4.3.1.1) 

0,  0X Y≥ ≥
         (4.3.1.2) 

where { }m nA R ×∈ , { }m TB R ×∈ , { }1 nD R ×∈ , { }m TF R ×∈ , { } 1nX R ×∈ , { } 1TY R ×∈  ( R  denotes a set of 

deterministic numbers); t is the planning time period; [ ]E ⋅  is the expected value of a 

random variable during period t; C  denotes a set of random variables that are associated 

with Y  during period t; Y  is a set of decision variables that are reflected in the objective 

function and determined by the constraints of random GHG-emission targets.  

To solve such a problem, the distribution of C  could be approximated by a discrete 

distribution. Let C  take values of ,t qC  with probability levels of ,t qp for tQ  scenarios at 

each time stage (t) ( ,t qp  is the probability of occurrence for scenario q in period t, with 

, 0t qp >  and ,
1

1
tQ

t q
q

p
=

=∑ ; tQ is the number of scenarios for period t) (Birge and Louveaux, 

1997; Li et al., 2008c). Since decisions must be made in each forthcoming stage without 

knowledge of the realizations of random variables, and the underlying probability 

distribution of C could be sampled prior to the solution procedures, the above problem 

can be reformulated as follows: 

 

( ), ,
1 1

 
tQT

t t q t q
t q

Min f D X F p Y
= =

= ⋅ + ⋅ ⋅∑∑    (4.3.2.0) 

subject to: 

A X B Y C⋅ + ⋅ ≤
        (4.3.2.1) 
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0,  0X Y≥ ≥
         (4.3.2.2) 

 

With the above formulated model, the uncertainties in GHG-emission targets ( C ) 

that presented as random variables could be addressed. Nonetheless, various coefficients 

in IEES systems may vary and show some uncertainties that the information quality is not 

good enough to be presented as probabilistic distributions or fuzzy membership function 

(Lin and Huang, 2008). These uncertain parameters, with known lower and upper bounds 

but unknown distributions can be expressed as interval numbers and can be effectively 

addressed through interval linear programming (ILP) method. Thus the above model 

could be formulated as:  

 

( ), ,
1 1

  
tQT

t t q t q
t q

Min f D X F p Y± ± ± ± ±

= =

= ⋅ + ⋅ ⋅∑∑         (4.3.3.0) 

subject to:  

A X B Y C± ± ± ± ±⋅ + ⋅ ≤
        (4.3.3.1) 

0,  0X Y± ±≥ ≥
         (4.3.3.2) 

where, { }m n
A R

×± ±∈ , { }m T
B R

×± ±∈ , { } 1n
C R

×± ±∈ , { }1 n
D R

×± ±∈ , { }m T
F R

×± ±∈ , { } 1×±± ∈
nRX , 

{ } 1T
Y R

×± ±∈  ( ±R  denotes a set of interval numbers).   

In many cases, the lower and upper bounds of the intervals may not be available as 

deterministic values, resulting in the presence of dual uncertainties. One potential method 

for solving such complexities is dual interval linear programming (DILP) (Liu et al., 

2009), in which the dual uncertainties can be appropriately presented as interval-
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boundary intervals. For example, 
tDME (allocated amount of electricity to 

municipalities) may roughly be [a, c] to [d, b] PJ, due to the fact that extreme weather 

condition and/or other emergent events may pose additional uncertainties to the energy 

system. Different from a single interval (e.g. [a, b] with deterministic bounds a and b), a 

dual interval number [[a, c], [d, b]] carries interval bounds [a, c] and [d, b], representing 

the uncertainties in the lower and upper bounds of a single interval, assuming 

distributional information is unavailable between a and c, between d and b and between 

[a, c] and [d, b] (Liu et al., 2009b). This variable could be presented as tDME
±±   . Thus, to 

account for such uncertainties, incorporation of the concepts of DILP, ILP and MSP 

within a general framework is desired. This leads to a hybrid inexact dual-interval multi-

stage stochastic programming (DMSP) model that can be formulated as follows: 

 

( ), ,
1 1

  
tQT

t t q t q
t q

Min f D X F p Y
± ± ±± ± ± ± ±

= =

     = ⋅ + ⋅ ⋅      ∑∑      (4.3.4.0) 

subject to:  

A X B Y C
± ± ±± ± ± ± ±     ⋅ + ⋅ ≤             (4.3.4.1) 

0,  0X Y
±± ±  ≥ ≥          (4.3.4.2) 

where { }m n

A R
×± ±± ±   ∈    , { } 1n

C R
×± ±± ±   ∈    , { }1 n

D R
×± ±± ±   ∈    and { } 1n

X R
×± ±± ±   ∈     

( R
±±    denotes a set of dual interval numbers).  These dual-interval values could be 

expressed as dual intervals individually or simultaneously. When each dual interval 

equals one of the possible single intervals (Liu et al., 2009), the above model will become 

an interval-parameter multi-stage stochastic programming (IMSP) problem. 
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4.3.1.2 Formulation of DMSP-IEES model 

By introducing the DMSP approach into IEES management, a DMSP-IEES model 

could be developed. In such a model, the objective function is to minimize the total 

system cost which is a linear combination of costs associated with various energy-supply 

options, environmental protection measures and technology alternatives along with 

energy flows from supply side to demand end. In detail, it covers the expenses for energy 

supply, electricity generation, capacity expansion and over-limit GHG-emission 

compensation. This objective is constrained by a series of inequalities that define the 

relationships among various decision variables and system conditions. Electricity demand 

constraints ensure the sufficient electricity supplied by domestic production and external 

import to meet the industrial and municipal demands in each planning period. Energy 

supply constraints ensure the sufficient supplies of coal, diesel, gasoline and natural gas 

for the region. Resources availability constraints provide the availability upper limits of 

corresponding energy resources. Power generation capacity constraints ensure the 

sufficient generation capacity (existing and planning capacities) for the power generation 

in each period. GHG-emission limits constraints set the allowable limits for GHG 

emission in each period. GHG-emission mitigation constraints ensure the GHG emission 

is declining in each planning period. GHG-emission credits availability constraints reflect 

the supply-demand limits in carbon markets. Resources availability constraints set the 

upper bounds for energy-resource supplies in each period. Technical constraints and 

binary constraints define the relevant technical characteristics for the decision variables. 

Thus, the detailed DMSP-IEES model could be formulated as follows: 
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( ) ( )
( ) ( )

, , , ,
1 1 1 1

3

1, , , , , , , ,
1 1 1 1 1

 

t

T J T K

t j t j t k t k
t j t k

QT K M

t k m t k m t k m t t q t q
t k m t q

Min f Ces Z Cel X

Cex CSopn Y Cem p Xem

± ± ±± ± ± ± ±

= = = =

±± ± ± ± ±
−

= = = = =

     = ⋅ + ⋅     

 + ⋅ ⋅ + ⋅ ⋅  

∑∑ ∑∑

∑∑∑ ∑∑
          (4.3.5.0) 

subject to: 

6

, ,9
1

,t k t t t
k

X Z DIE DME t
± ± ±± ± ± ±

=

     + ≥ + ∀     ∑
      (4.3.5.1a) 

(Electricity demand constraints) 

,1 ,1 ,2 ,t t t tCONcp X Z Z t
± ± ±± ± ± ±     ⋅ ≤ + ∀           (4.3.5.1b) 

(Coal demand constraints) 

,3 ,4   ,t t tDTD Z Z t
± ±± ± ±   ≤ + ∀                  (4.3.5.1c) 

(Diesel demand constraints) 

,5 ,6   ,t t tDTG Z Z t
± ±± ± ±   ≤ + ∀          (4.3.5.1d) 

(Gasoline demand constraints) 

,2 ,7 ,8 ,t t t t t tDIN DMN CONnp X Z Z t
± ± ±± ± ± ± ± ±     + + ⋅ ≤ + ∀         (4.3.5.1e) 

(Natural gas demand constraints) 

t , t,j ,  3, 4,5,6;  10,11,12,13;  t kCONp X UP k j t
±± ± ± ⋅ ≤ = = ∀ 

   (4.3.5.2) 

(Resources availability constraints) 

( ), , , , , , ,
0 1

,  ,
t M

k k d k m d k m d k m t k
d m

Fconv RC Cex CSopn Y X t k
±± ± ± ± ±

= =

   ⋅ + ⋅ ⋅ ≥ ∀    
∑ ∑    (4.3.5.3) 

(Power generation capacity constraints) 

( )8

, , 1, 1,
1

, , ,j t j t h t q t q
j

Em Z EMTGT S Xem t h q
± ±± ± ± ±

− −
=

   ⋅ ≤ + + ∀   ∑    (4.3.5.4a) 
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( )8

, , 1, , ,
1

, ,t q t q t q t h j t j
j

S Xem S EMTGT Em Z t q
± ±± ± ± ± ±

−
=

   = + + − ⋅ ∀   ∑
   (4.3.5.4b)  

(GHG emission limits constraints) 

( ) ( ) ( )8 8 8

0, 1, 0,
1 1 1

0.035j j j j j j
j j j

Em Z Em Z Em Z
± ± ±± ± ±

= = =

     ⋅ − ⋅ ≥ ⋅ ⋅     ∑ ∑ ∑    (4.3.5.4c) 

( ) ( ) ( )8 8 8

1, 2, 0,
1 1 1

0.02j j j j j j
j j j

Em Z Em Z Em Z
± ± ±± ± ±

= = =

     ⋅ − ⋅ ≥ ⋅ ⋅     ∑ ∑ ∑    (4.3.5.4d) 

( ) ( ) ( )8 8 8

2, 3, 0,
1 1 1

0.02j j j j j j
j j j

Em Z Em Z Em Z
± ± ±± ± ±

= = =

     ⋅ − ⋅ ≥ ⋅ ⋅     ∑ ∑ ∑    (4.3.5.4e) 

(GHG-emission mitigation constraints) 

, , , ,t q t qXem UPcrdt t q
±± ±  ≤ ∀         (4.3.5.5a) 

(GHG-emission credits availability constraints) 

, , , 1, 2,...,9;t j t jZ UP j t
±± ±  ≤ = ∀ 

      (4.3.5.5b)  

(Resources availability constraints) 

, , ,, , 0, , , ,t k t j t qX Z Xem t k j q
± ± ±± ± ±      ≥ ∀           (4.3.5.6a) 

(Technical constraints) 

, ,0 1t k mY ±≤ ≤  and , ,t k mY ± = integer, , ,t k m∀      (4.3.5.6b) 

(Binary constraints) 

where  

,t qXem
±±   − amount of emission credits traded (or emission amount violated) in period t 

under scenario q (ktonnes);  

h − probability level, h=1,2,3;   
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,t qp − joint probability of emission target for the region in period t (stage t+1) under 

scenario q;  

q − scenario q at time period t, q=1,2,…, tQ ;  

[ ].E − expected value of random variable;  

,t hEMTGT ± − emission target for period t at probability level h (ktonnes);  

,t qS ±
− surplus of GHG-emission credits for period t under scenario q (ktonnes);  

,t qUPcrdt±
− upper bound of the tradable GHG-emission credits for the region in period t 

under scenario q (ktonnes). 

 

4.3.2 Solution method 

To solve a DMSP-IEES model, two assumptions need to be met: a) there is no 

overlap between the lower and upper (interval) bounds of each dual interval; b) the 

distributional information of the interval numbers is unavailable, and the interval 

boundaries are independent to each other (Liu et al., 2009b). Based on the above 

assumptions, the solution process (as shown in Figure 4.3.1) will begin with the 

transformation of dual interval parameters into an equivalence class of random intervals 

according to the decision maker's implicit knowledge of their end points (Liu et al., 

2009b). Then, the original DMSP-IEES model is reconstructed into several IMSP-IEES 

problems with respect to possible combinations of different random intervals. 
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Figure 4.3.1. Flow chart of duaI-interval multi-stage stochastic programming 
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The generated individual IMSP-IEES models can be solved with a two-step ILP 

solving method (Huang et al., 1992; Li et al., 2008a; Li et al., 2006), through which each 

model is converted into two deterministic sub-models: the lower bound 

submodel f −
( ) and the upper-bound submodel f +

( )

Step 1: Integrate MSP, DLP, ILP and IP, formulate a DMSP-IEES model. 

 (Li et al., 2006). Solutions for each 

IMSP-IEES model could be obtained by integrating the submodel solutions. Then, 

solutions from the IMSP models are integrated to elicit piecewise possibility distributions 

of the final solutions. Thus, uncertain solutions that presented as single/dual intervals can 

be obtained (Liu et al., 2009b). In detail, the solution algorithm of the DMSP model with 

the objective being minimized is presented in a pseudo-code format as follows:  

Step 2: Transform each dual interval parameter into an equivalence class of random 

intervals. 

Step 3: Rearrange the random interval-parameters into n possible combinations of 

intervals. 

Step 4: Formulate IMSP-IEES model 1, 2, … , n, based on the n possible 

combinations.  

Step 5: Transform each IMSP-IEES model into two IMSP-IEES submodels, 

respectively.  

Step 6: Formulate lower-bound IMSP submodel corresponding to nf
− . 

Step 7: Solve the lower-bound IMSP submodel. 

Step 8: Incorporate the solutions from lower-bound submodel and formulate upper-

bound IMSP submodel corresponding to nf
+ . 

Step 9: Solve upper-bound IMSP submodel. 
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Step 10: Incorporate the solutions from lower- and upper-bound submodels, obtain 

solutions of each IMSP model. 

Step 11: Integrate solutions from the n IMSP models to elicit piecewise possibility 

distributions of the final solutions. 

Step 12: Stop. 

 

4.3.3 Energy systems planning 

4.3.3.1 Overview of the study system 

The following regional IEES management problem will be used to demonstrate 

applicability of the developed DMSP-IEES model. In the IEES system, various energy 

related activities are involved, including energy supply, energy conversion, capacity 

expansion, energy demand and associated pollution control activities. Decisions are 

required to be made for these activities in a three-period (5 years each) 15-year planning 

horizon. Energy supply mainly includes coal, natural gas, diesel, gasoline, nuclear, hydro, 

wind and solar energies. Table 4.3.1 shows the costs of various types of energy carriers. 

Generally, the prices of imported energy carriers are higher than those produced locally. 

Owing to the market fluctuations, the cost related parameters are basically expressed as 

intervals without distribution information.  

All these types of energy resources are provided to meet the demands from 

industries, municipalities and transportations of the region. In detail, diesel and gasoline 

are mainly used for transportation; natural gas is used for municipal, industrial and power 

generation needs; coal, nuclear and renewable energies (hydro, wind, solar) are mostly 

employed for power generation. Electricity, as an important form of energy, can be 
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supplied from adjacent regions or from local generation facilities such as coal, natural gas, 

nuclear, hydro, wind and solar power stations. Table 4.3.2 shows the variable costs for 

power generations with different conversion technologies. 

In terms of facility expansion, each conversion facility (Table 4.3.3) has three 

expansion options (small, medium and large scales) and competes with each other based 

on the considerations of economic cost, energy efficiency and GHG emission. If the 

regional power demands cannot be met by local conversion capacities, additional 

electricity can be obtained by importing from adjacent regions with higher costs, or by 

expanding generation capacities.  

GHG emissions in the region are closely associated with energy consumption 

activities. Thus, GHG-emission (mostly CO2

Figure 3.3.3

) mitigation problem could be incorporated 

within the framework of regional energy system management. Through extensive expert 

interviewing, public surveys, and literature review, the GHG emission targets for a 

specific region in each period could be expressed as probability distributions. For 

instance in this case, the region plans to reduce GHG emission by 5, 10 and 15% of the 

amount of year 2010 in 3 periods respectively. In each period, GHG-emission reduction 

targets are in discrete random distributions with known probabilities ( ). If the 

targets cannot be met in certain period, extra carbon credits need to be purchased from 

national or international carbon markets. Carbon credits could be passed to the 

subsequent period by the request of the decision makers.  
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Table 4.3.1. Costs of energy carriers 
Energy 

carrier 

Source Cost of energy carriers (million$/PJ) 

Period 1 Period 2 Period 3 

Coal Domestic [2.52, 2.70] [2.72, 3.00] [2.92, 3.30] 

 Imported [3.02, 3.32] [3.32, 3.60] [3.62, 3.90] 

Diesel Domestic [5.47, 6.27] [5.90, 6.80] [6.48, 7.38] 

 Imported [5.57, 6.37] [6.00, 6.90] [6.61, 7.51] 

Gasoline Domestic [5.59, 6.39] [6.00, 6.80] [6.58, 7.38] 

 Imported [5.69, 6.59] [6.10, 7.00] [6.68, 7.58] 

Natural Domestic [4.64, 5.54] [6.50, 7.30] [7.40, 8.20] 

gas Imported [5.80, 6.24] [6.80, 7.60] [8.60, 9.20] 

Electricity Imported [26.0, 30.0] [29.0, 33.0] [32.0, 36.0] 

 

  



 

161 
 

Table 4.3.2. Variable costs for power generation with different conversion technologies 
Conversion 

technology  

Variable cost (Million $/PJ) 

Period 1 Period 2 Period 3 

Coal [0.330, 0.390] [0.360, 0.430] [0.390, 0.470] 

Natural gas [0.450, 0.530] [0.490, 0.580] [0.540, 0.630] 

Hydro  [0.360, 0.440] [0.390, 0.480] [0.430, 0.520] 

Solar  [0.009, 0.011] [0.010, 0.012] [0.011, 0.013] 

Wind  [0.740, 0.910] [0.810, 1.000] [0.890, 1.100] 

Nuclear  [1.300, 1.530] [1.420, 1.700] [1.550, 1.850] 
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Table 4.3.3. Capital costs of conversion facilities with different technologies 
Conversion 

technology 

Scale 

option 

Capacity  

(GW) 

Capital cost (million$/GW) 

Period 1 Period 2 Period 3 

Coal  Small 0.100 [  700,   851] [  700,   851] [  700,   851] 

Medium 0.150 [  630,   750] [  630,   750] [  630,   750] 

Large 0.200 [  610,   740] [  610,   740] [  610,   740] 

Natural gas  Small 0.063 [  746,   906] [  746,   906] [  746,   906] 

Medium 0.095 [  690,   840] [  690,   840] [  690,   840] 

Large 0.130 [  660,   800] [  660,   800] [  660,   800] 

Hydro Small 0.050 [2040, 2440] [1830, 2230] [1620, 1920] 

Medium 0.400 [1858, 2258] [1708, 2108] [1558, 1858] 

Large 0.500 [1647, 1947] [1580, 1880] [1513, 1813] 

Solar Small 0.020 [4000, 5000] [3300, 4300] [2800, 3500] 

Medium 0.030 [3500, 4400] [3000, 3900] [2500, 3200] 

Large 0.040 [3300, 4200] [2800, 3800] [2500, 3100] 

Wind Small 0.015 [2364, 2664] [1800, 2050] [1736, 2036] 

Medium 0.020 [2289, 2589] [1850, 2050] [1711, 2011] 

Large 0.030 [2278, 2478] [1830, 2030] [1782, 1982] 

Nuclear Small 0.500 [2654, 3054] [2550, 3050] [2546, 3046] 

Medium 0.700 [2467, 2767] [2460, 2760] [2430, 2753] 

Large 0.900 [2245, 2545] [2245, 2540] [2245, 2555] 
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Since the reduction targets of each period vary randomly, the recourse of such 

reductions can be formulated as a multi-stage stochastic programming model with the 

objective of minimizing the expected system cost. Furthermore, to ensure that GHG 

emission is reduced in each period rather than be simply compensated through carbon 

credits trading, imperative constraints are thus formulated. As shown in Figure 3.3.3, the 

mitigation targets of GHG emission in the studied region vary between certain intervals. 

Therefore, deterministic least amount of reduced GHG emission can be calculated for 

each period as 3.5% for period 1, 2% for period 2, and 2% for period 3, respectively. 

Among the various parameters/variables, some would be highly uncertain and thus 

may demonstrate dual uncertainties. For example, the municipal electricity demands can 

be described as interval values, due to socio-economic development and population 

growth. Moreover, abnormal weather conditions may cause added power demand 

fluctuations, posing additional uncertainty to the IEES. In this case, the demand for 

electricity tDME
±±   would be [21.2, 23.6] PJ in period 1, [23.4, 26.0] and [[24.3, 25.6], 

[28.2, 29.5]] PJ in periods 2 and 3, respectively. There is no further information available 

to the four endpoints other than their differences.  

In such an IEES management problem, interval/dual-interval, dynamic and multi-

period stochastic information coexist and need to be reflected in the same model. The 

developed DMSP-IEES model is thus considered to be a suitable approach to reflect 

these multiple uncertainties and dynamics. 
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4.3.3.2 Results analysis 

Decision alternatives are obtained by solving the DMSP-IEES model. Figure 4.3.2 

shows the solutions for energy resources planning in three periods, including not only the 

fossil fuels produced locally, but also the fuels and electricity that need to be imported 

from adjacent regions. These results are presented in deterministic, interval and dual-

interval formats. The alternatives in intervals include imported diesel and gasoline in 

three periods, local-produced natural gas in period 1, imported natural gas in period 1 and 

2, and imported electricity in period 3. The interval-format solutions denote possible 

amounts between the lower bounds and the upper bounds, which could be interpreted as 

consisting of a minimum required amount and a possible maximum amount. For example, 

the imported diesel in period 3, [12.5, 26.5] PJ, represents a minimum required amount of 

12.5 PJ diesel and a possible maximum amount of 26.5 PJ diesel that needs to be 

imported. Within these intervals, all random values have equal possibilities. Results 

demonstrated that planned energy resources would be mainly supplied by local 

production capacities, owing to the high transmission/transportation costs for energy 

resources importation. The consumption of coal is in a descending trend in the planning 

horizon due to its high CO2 emission. In contrast, the consumptions of natural gas, 

gasoline and diesel demonstrate ascending trends, and will be playing more important 

roles over the planning horizon due to their relative low CO2

 

 emission. The increasing 

demand for these relative cleaner energy resources (especially natural gas) will lead to 

the full utilization of local production capability. In addition to the local production, extra 

energy resources are imported from adjacent regions.  
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Figure 4.3.2. Solutions of energy resources planning 
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Figure 4.3.3. Possibility distributions of energy supplies 
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Figure 4.3.3 shows the dual-interval-format results with possibility distributions, 

reflecting potential system-condition variations caused by dual uncertainties in power 

demands. These dual intervals could be interpreted as intervals with interval lower 

bounds and interval upper bounds. For example, as for the local-produced coal in period 

1 ([[29.67, 30.52], [38.06, 38.11]] PJ), the minimum required amount would be [29.67, 

30.52] PJ, the maximum allocated amount would be [38.06, 38.11] PJ, and the most 

possible amount would be between 30.52 and 38.06 PJ. Since most of coal and part of 

natural gas are used for power generation, the dual uncertainties in electricity demand 

incline to bring dual uncertainties to these parameters.  

Figure 4.3.4 illustrates the solutions of electricity production in the three planning 

periods. Most of the resulting alternatives are expressed as interval/dual-intervals, 

demonstrating that the related decisions would be sensitive to the uncertain modeling 

inputs. The electricity productions through coal-fired and natural gas-fired technologies 

show the similar trends as the relevant energy resources planning results, demonstrating 

the interactions between different system components. It shows that coal-powered 

electricity decreases steadily in the planning horizon to meet the GHG-emission targets 

when no other technical/economical constraints need to be considered. As for natural gas-

based technology, it is not adopted until the third period, demonstrating the trade-offs 

between increasing costs of energy supply and strengthening requirements for GHG-

emission control. Stimulated by the GHG-emission mitigation constraints, utilizations of 

hydro, wind and nuclear power are in ascending trends, while that of solar power would 

not be employed merely owing to its high capital cost. As to the dual-interval results, 

decisions could be made within the dual interval ranges while taking account of their 
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possibility distributions (Figure 4.3.5). For example, as to the nuclear-powered 

technology in period 1 and 2 (
1,6X ± = [[24.01, 24.21], [27.79, 27.80]] PJ and 

2,6X ± = [[36.49, 

39.07], [43.00, 43.64]] PJ), these dual-interval-format results are highly desired in the 

ranges [24.21, 27.79] PJ and [39.07, 43.00] PJ, according to their possibility distributions 

in Figure 7f-g. The bounds of these dual intervals are sensitive to the dual-interval 

modeling inputs of electricity demands. 
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Figure 4.3.4. Solutions of electricity production 
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Figure 4.3.5. Possibility distributions of electricity productions 
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Table 4.3.4 presents the solutions of generation capacity expansion in the three 

planning periods, which provides the basis for decision makers in choosing expansion 

plans in different scales. These decision variables are in binary formats, representing 

whether or not expanding the relevant generation facilities. The deterministic-format 

solutions indicate the number of facilities that need to be built and put into service in the 

related periods. The interval-format results ([0, 1]) imply that 0 or 1 facility of that scale 

might be built and put into service in those planning periods. For example in period 2, 

one small-scale nuclear power plant is planning to be built and put into service; one 

small-scale hydro-powered facility, one medium-scale and one large-scale wind-powered 

facility might need to be built, depending on power demand in the period. In accordance 

with the electricity production results, coal-fired and natural gas-fired power plant will 

not be considered expanding in the entire planning horizon for the GHG-emission 

mitigation concern. The possible incremental electricity generation by natural gas-fired 

technology will be mainly realized by existing generation facilities. As to clean- (less 

GHG emission) technology-based generation facilities (e.g. hydro, wind, nuclear), certain 

scales of capacities will be considered. In accordance with the electricity productions, the 

capacity of solar power facilities will not be expanded in any of the three scales within 

the entire planning horizon due to its large amount of capital investments, despite of its 

clean and sustainable features.  

 

  



 

172 
 

Table 4.3.4. Solutions of generation capacity expansion 
Conversion 

technology 

Scale 

option 

Capacity 

(GW) 

Capital cost (million$/GW) Capacity expansion (0/1)a 

Period 1 Period 2 Period 3 Period 1 Period 2 Period 3 

Coal  Small 0.1 [  700,   851] [  700,   851] [  700,   851] 0 0 0 

Medium 0.15 [  630,   750] [  630,   750] [  630,   750] 0 0 0 

Large 0.2 [  610,   740] [  610,   740] [  610,   740] 0 0 0 

Natural gas  Small 0.063 [  746,   906] [  746,   906] [  746,   906] 0 0 0 

Medium 0.095 [  690,   840] [  690,   840] [  690,   840] 0 0 0 

Large 0.13 [  660,   800] [  660,   800] [  660,   800] 0 0 0 

Hydro Small 0.05 [2040, 2440] [1830, 2230] [1620, 1920] 0 [0, 1] [0, 1] 

Medium 0.4 [1858, 2258] [1708, 2108] [1558, 1858] 0 0 0 

Large 0.5 [1647, 1947] [1580, 1880] [1513, 1813] 0 0 0 

Solar Small 0.02 [4000, 5000] [3300, 4300] [2800, 3500] 0 0 0 

Medium 0.03 [3500, 4400] [3000, 3900] [2500, 3200] 0 0 0 

Large 0.04 [3300, 4200] [2800, 3800] [2500, 3100] 0 0 0 
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Wind Small 0.015 [2364, 2664] [1800, 2050] [1736, 2036] 0 0 0 

Medium 0.02 [2289, 2589] [1850, 2050] [1711, 2011] 0 [0, 1] [0, 1] 

Large 0.03 [2278, 2478] [1830, 2030] [1782, 1982] 0 [0, 1] [0, 1] 

Nuclear Small 0.5 [2654, 3054] [2550, 3050] [2546, 3046] 0 1 0 

Medium 0.7 [2467, 2767] [2460, 2760] [2430, 2753] 0 0 0 

Large 0.9 [2245, 2545] [2245, 2540] [2245, 2555] 1 0 0 

Note: a - the interval solutions in this table are binary values. 
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Figure 4.3.6 provides the optimized solutions of GHG-emission credits trading 

under 39 scenarios in the three stages. It indicates that these solutions are basically in 

deterministic, interval and dual-interval formats with their values or lower-bound 

values/intervals being 0 ktonne. It implies that traded carbon credits would be 0 ktonnes 

or certain amounts within these ranges, depending on the system energy demands and 

mitigation target scenarios. Recourse decision alternatives (traded carbon credits) could 

be generated based on the results under specific scenarios. Take the scenario H on second 

stage for example, [0, 989] ktonnes of carbon credits would be traded in from carbon 

markets, in order to meet the high emission target level (0.965·E10) whose probability is 

25%. When emission target under this scenario approximate to 19783 ktonnes (the lower 

bound target), larger amount of carbon credits (989 ktonnes) need to be traded in. When 

emission target approximate to the upper bound (21230 ktonnes), smaller amount of 

carbon credits (0 ktonnes) need to be traded in. Thus [20772, 21230] ktonnes of carbon 

credits would be the total allowance under scenario H in period 1. Column T2-LL to T2-

HH in Figure 4.3.6 presents the recourse actions under these scenarios on the third stage. 

Solutions under these scenarios are associated with their previous stage conditions (low, 

middle or high level of emission target), having different associated probabilities. Take 

the HM scenario for example, the scenario branch could be described as H scenario on 

stage 2(emission target [19783, 21230] ktonnes) - M scenario on stage 3 (emission target 

[18450, 19800] ktonnes), with joint probability being 12.5%. Under this scenario, [0, 

[223, 239]] ktonnes of carbon credits need to be traded in to compensate the over-limit 

CO2

tDME
±±  

 emission. The dual-interval format demonstrates the influence by dual-uncertain 

input of electricity demand ( ), with large amount of traded credits (e.g. 223 or 
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239 ktonnes) corresponding to high power demand (e.g. 28.2 or 29.5 PJ).  Column T3-

LLL to T3-HHH in Figure 4.3.6 shows the recourse actions under scenarios from LLL to 

HHH on the fourth stage. Solutions under these scenarios with different joint 

probabilities are associated with their routes which are linked to the conditions (low, 

middle or high level of emission target) of their previous stages (stage 3 and stage 2). For 

instance, the solution under scenario HHM ( 3,27,optXem
±± 

  = [0, [223, 239]] ktonnes) 

means that, if the emission target level is high ([19783, 21230] ktonnes) in stage 2 and 

high ([18758, 20130] ktonnes) in stage 3, then there would be [0, [223, 239]] ktonnes of 

carbon credits purchased under middle CO2

, ,t q optXem
±± 

 

-emission-target level ([17425, 18700] 

ktonnes) on the fourth stage. The solutions of under the given targets reflect 

the variations of system conditions caused by interval/dual-interval and stochastic inputs. 
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Figure 4.3.6. Solutions of GHG-emission credits trading under different scenarios 
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Table 4.3.5 presents the optimized system activity costs over the entire planning 

horizon. It indicates that the most of the activity costs are in dual-interval format, 

representing the interactions between the system components and the varying electricity 

demanding activities. The lower-bound objective cost ([7687, 7706] million dollars) and 

upper-bound objective cost ([10429, 10521] million dollars) for the regional IEES system 

correspond to the lower-bound interval ([24.3, 25.6] PJ) and upper-bound interval ([28.2, 

29.5] PJ) of electricity demands, respectively. For these dual-interval results, system 

costs could be obtained within the dual-interval ranges while taking account of their 

possibility distributions (Figure 4.3.7). In most of the cases, the activity costs would lay 

within the range of [4236, 6086], [174, 228], [3296, 4073], [0, 42] and [7706, 10429] 

million dollars for energy supply, energy conversion, capacity expansion, emission 

credits trade and entire system, respectively. Generally, lower-bound energy supplies, 

electricity generations and capacity expansions correspond to lower-bound traded carbon-

credits and lower-bound total system cost. Besides, higher emission target levels would 

lead to lower carbon-credits trading costs, but higher risks of violating system mitigation 

targets, and vice versa. 
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Table 4.3.5. Optimized costs for different activities over the entire planning horizon 
Cost types Cost (million $) 

Energy supply [[4220, 4236], [  6086, 6087]] 

Energy conversion [[171, 174], 228] 

Capacity expansion [ 3296, [4073, 4164]] 

Emission credits trade [0, [42, 43]] 

Total costs [[7687, 7706], [10429, 10521]] 
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Figure 4.3.7. Possibility distributions of activity costs over the entire planning horizon 
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4.3.4 Discussion 

The application of the DMSP-IEES model demonstrates that the developed model 

can reflect the interactions among multiple system components and the associated trade-

offs. Solutions of this model can provide an effective linkage between the pre-regulated 

policies and the associated economic implications (e.g. penalty costs caused by varied 

mitigation policy) under dual uncertainties. The DMSP-IEES model improves upon the 

conventional MSP approaches by introducing dual-interval linear programming into 

integrated energy-environment systems management. Through integrating these 

methodologies, the DMSP-IEES model is capable of dealing with more uncertain and 

dynamic information within its modeling framework, including interval/dual interval, 

integer and multi-period stochastic information. Compared to dual-interval mix-integer 

linear-programming (DMLP) based IEES model, the developed DMSP-IEES model 

could address the multi-stage dynamics of GHG-emission mitigation target levels (and 

thus GHG-credits trading) through generation of multiple representative scenarios. For 

these scenarios, a decision is made at each stage in a real-time manner based on both the 

progressively acquired information about the actual realizations of the random variables 

and the decisions in the previous stages (Li et al., 2008c); this allows corrective actions to 

be taken dynamically in reference to the predefined policies, and can thus help minimize 

the penalties and/or costs.  
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4.4 An Inexact Optimization Model for Energy-Environment Systems 

Management in the Mixed Fuzzy, Dual-interval and Stochastic Environment 

 

The objective of this study is to propose a fuzzy dual-interval multi-stage stochastic 

programming (FDMSP) approach for the planning of integrated energy-environment 

systems. Methodologies of interval-parameter programming (ILP), dual-interval 

programming (DILP) and fuzzy programming (FP) were incorporated within a multi-

stage stochastic programming (MSP) context. Uncertainties expressed as discrete 

intervals, dual-intervals, possibility and probability distributions will be effectively 

handled. A case study was then be provided for demonstrating the applicability of the 

FDMSP-IEES model in supporting energy systems planning and GHG-emission 

management under multiple uncertainties.  

 

4.4.1 Model development 

4.4.1.1 Formulation of IEES model 

In energy-environment management systems, decision makers are responsible for 

allocating energy resources to multiple departments, planning facility expansions and 

mitigating GHG emissions over a multi-period planning horizon. This problem can be 

addressed through formulating an optimization model with the minimized system costs of 

various energy/environment-related activities. In detail, it covers the expenses for energy-

resource allocation, electricity generation, capacity expansion and GHG-emission 

mitigation. These activities are constrained by a series of economic, technical, and policy 

requirements. The constraints for GHG-emission mitigations set the allowable limits of 
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GHG emission in each planning period; ensure the declining trend of GHG emission; and 

keep the supply-demand balance of GHG-emission credits in carbon market. Energy-

resource demand constraints ensure the sufficient electricity supplies by domestic 

productions and external importations to meet the industrial and municipal demands; 

ensure the sufficient supplies of coal, diesel, gasoline and natural gas to meet the regional 

demands. Generation capacity constraints ensure the sufficient capacities (including 

existing and planning capacities) for power generation in the region. Resources 

availability constraints ensure the relevant energy resources (hydro, wind, solar, nuclear) 

meet power-generation demands; set the upper bounds for energy-resource supplies (e.g. 

produced and imported coal, natural gas, diesel and gasoline). Technical constraints 

define the relevant technical requirements for the decision variables. Thus, the detailed 

IEES model can be formulated as model 4.2.1.0-4.2.1.6b. 

 

4.4.1.2 Formulation of FDMSP-IEES model 

Under emerging national/international protocols or obligations, many countries set 

their GHG-mitigation targets to specified amounts in foreseeable planning periods. 

Nevertheless, the emission targets for a specific region within the country may vary and 

can be considered as a random event at each stage (Li et al., 2011a). When the promised 

target cannot be met, relevant adaptation measures will be taken automatically such as 

replacing fossil fuel with alternative cleaner energy resources (e.g. wind, solar etc.) or 

purchasing GHG-emission credits from national /international carbon markets, although 

it may lead to cost penalties on the IEES. Thereby, the planning of GHG-emission 

mitigation may present dynamic features, and would lead to a recourse issue for the IEES 
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planning over the planning periods. Such a recourse issue can be addressed through a 

scenario-based multi-stage stochastic programming (MSP) approach (Dupačová, 2002; Li 

et al., 2008d).  

Moreover, in many real-world cases, various coefficients in IEES may vary and 

show uncertainties (Lin and Huang, 2008). Some uncertain parameters have known lower 

and upper bounds but unknown distributions within the range, which can be expressed as 

interval numbers. For example, carbon-credit prices may be uncertain and vary within a 

certain range (e.g. tCem± = [a, b]) due to market fluctuations. Such uncertainty can be 

effectively reflected through ILP method (Huang and Moore, 1993). Furthermore, in 

some cases, the lower and/or upper bounds of the intervals may not be available as 

deterministic values, but can be presented as intervals (e.g. X
±±   = [[a, c], [d, b]]). This 

lead to the presence of dual intervals (Liu et al., 2009b). For example, municipal 

electricity demands are usually presented as interval values tDME± . While taking into 

consideration the additional impacts from extreme weather conditions caused by climate 

change, the parameter may show certain degrees of dual uncertainties. It thus can be 

illustrated as a dual-interval number tDME
±±   . To account for such uncertainties, 

integration of the ILP and DILP concepts into MSP framework is desired. This leads to a 

dual-interval multi-stage stochastic programming (DMSP) problem that can be 

formulated as follows: 

 

( ), ,
1 1

  
tQT

t t q t q
t q

Min f D X Cem p Xem
± ± ±± ± ± ± ±

= =

     = ⋅ + ⋅ ⋅     ∑∑      (4.4.1.0) 

subject to:  
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, ,  s s t q sA X B Xem C s r
± ± ± ± ±± ± ± ± ±         ⋅ + ⋅ ≤ ≠              (4.4.1.1) 

,  r rA X C r s
±± ± ± ⋅ ≤ ≠          (4.4.1.2) 

,0,  0t qX Xem
± ±± ±   ≥ ≥           (4.4.1.3) 

where sA
±±   , sB

±±   , sC
±±   ,

 D
±±    

and X
±±    denote dual interval parameters and 

variables; rA±  and rC±  denote interval parameters; Cs

,t qXem
±±  

 denotes a set of random variables 

that are associated with  during period t; pt,q is the probability of occurrence for 

scenario q in period t (pt,q ,
1

1
tQ

t q
q

p
=

=∑> 0, ); tQ is the number of scenarios for period t.  

The main limitation of the above DMSP model remains in its over-simplification of 

fuzzy membership information into intervals, resulting in reduced system reliability. For 

example, energy-resource availability level may be presented as discrete intervals; at the 

same time, the fuzzy membership information between the lower and upper bounds could 

be obtained. To deal with such fuzzy membership information of interval parameters of 

the DMSP, a fuzzy dual-interval multi-stage stochastic programming (FDMSP) model 

needs to be formulated. According to (Zimmermann, 1985), decision makers may 

establish an aspiration level ( f − ) and a tolerable interval ( f + - f − ) for the objective they 

desire to achieve, and the constraints can be modeled as a fuzzy set (Huang et al., 1993; 

Maqsood et al., 2005). Thus, to better communicate fuzzy objective and constraints, as 

well as the flow uncertainties, model (3) can be converted into the following FDMSP 

problem: 
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 Max λ ±           (4.4.2.0) 

subject to:  

( ) ( )( ), ,
1 1

1
tQT

t t q t q
t q

D X Cem p Xem f f fλ
± ± ±± ± ± ± − ± + −

= =

     ⋅ + ⋅ ⋅ ≤ + − −     ∑∑    (4.4.2.1) 

, ,  s s t q sA X B Xem C s r
± ± ± ± ±± ± ± ± ±         ⋅ + ⋅ ≤ ≠              (4.4.2.2) 

( )( )1 ,  r r r rA X C C C r sλ
±± ± − ± + − ⋅ ≤ + − − ≠       (4.4.2.3) 

,0,  0t qX Xem
± ±± ±   ≥ ≥           (4.4.2.4a) 

10 ≤≤ ±λ          (4.4.2.4b) 

where ±λ  is a control variable corresponding to the satisfaction degree to which the 

model’s solution fulfills the fuzzy goal or constraints. Specifically, flexibility in the 

constraints and fuzziness in the objective are expressed as membership grade ( ±λ ) 

corresponding to the degrees of satisfaction for the constraints and objective. It ranges 

between 0 and 1. A ±λ  level close to 1 would correspond to a solution with a high 

possibility of satisfying the objective/constraints under advantageous conditions; 

conversely, a ±λ  level near 0 would be related to a solution that has a low possibility of 

satisfying the objective/constraints under more demanding conditions (Huang et al., 

1993). Following the above formulation procedures, the FDMSP-IEES model can be 

formulated as follows:  

 

 Max λ ±

          

(4.4.3.0) 

subject to: 
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( ) ( ) ( )

( ) ( )( )

, , , , 1, , , , , ,
1 1 1 1 1 1 1

3

, ,
1 1

1
t

T J T K T K M

t j t j t k t k t k m t k m t k m
t j t k t k m

Q

t t q t q
t q

Ces Z Cel X Cex CSopn Y

Cem p Xem f f fλ

± ±± ± ± ± ± ± ±
−

= = = = = = =

±± ± − + −

= =

   ⋅ + ⋅ + ⋅ ⋅   

 + ⋅ ⋅ ≤ + − − 

∑∑ ∑∑ ∑∑∑

∑∑
   

 

(4.4.3.1) 

( ) ( )( )
8

, , 1, , , , ,
1

1 ,

, , 1, 2,...,

j t j t q t q t q t h t h t h
j

t

Em Z Xem S S EMTGT EMTGT EMTGT

t h q Q

λ
± ±± ± ± ± − + −

−
=

   ⋅ − − + = + − −   

∀ =

∑

  

           (4.4.3.2a)  

( ) ( )8 8

1, ,
1 1

0,j t j j t j
j j

Em Z Em Z t
± ±± ±

+
= =

   ⋅ − ⋅ ≤ ∀   ∑ ∑         (4.4.3.2b) 

( )( ), , , ,1 , ,t q t q t q t qXem UPcrdt UPcrdt UPcrdt t qλ
±± − + −  ≤ + − − ∀      (4.4.3.2c) 

6

, ,9
1

,t k t t t
k

X Z DIE DME t
± ± ±± ± ± ±

=

     + ≥ + ∀     ∑
     (4.4.3.3a) 

,1 ,1 ,2  0,t t t tCONcp X Z Z t
± ± ±± ± ± ±     ⋅ − − ≤ ∀          (4.4.3.3b) 

( )( ),3 ,4 1 ,t t t t tZ Z DTD DTD DTD tλ
± ±± ± + − +   − − ≤ − + − − + ∀         (4.4.3.3c) 

( )( ),5 ,6 1 ,t t t t tZ Z DTG DTG DTG tλ
± ±± ± + − +   − − ≤ − + − − + ∀         (4.4.3.3d)  

( ) ( )( )
,2 ,7 ,8

1

t t t t

t t t t t t

CONnp X Z Z

DIN DMN DIN DMN DIN DMN tλ

± ± ±± ± ± ±

+ + − − + +

     ⋅ − −     

≤ − − + − − − + + ∀
  (4.4.3.3e) 

( )
( )( )

3

, , , , , , ,
1 1

1 , ,

t

t k d k m d k m d k m k
m d

k k k k k

X Cex CSopn Y Fconv

RC Fconv RC RC Fconv t kλ

±± ± ± ±

= =

− + −

  − ⋅ ⋅ ⋅ 

≤ ⋅ + − − ⋅ ∀

∑ ∑
    (4.4.3.4) 

( )( )t , t,j t,j t,j1 ,  3, 4,5,6;  10,11,12,13;  t kCONp X UP UP UP k j tλ
±± ± − + − ⋅ ≤ + − − = = ∀ 

   

          (4.4.3.5a) 
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( )( ), , , ,1 , 1, 2,...,9;t j t j t j t jZ UP UP UP j tλ
±± − + −  ≤ + − − = ∀ 

    (4.4.3.5b)  

, , ,, , 0, , , ,t k t j t qX Z Xem t k j q
± ± ±± ± ±      ≥ ∀            (4.4.3.6a) 

, ,0 1t k mY ±≤ ≤  and 
, ,t k mY ± = integer, , ,t k m∀       (4.4.3.6b) 

10 ≤≤ ±λ          (4.4.3.6c) 

 

4.4.2 Solution method 

Figure 4.4.1 shows the general framework of the FDMSP model. It is based on four 

optimization techniques namely MSP, DILP, ILP and FP. Each technique has a unique 

contribution in enhancing the model’s capability in dealing with uncertainties in the 

system information and the associated policies. In detail, the probability distributions and 

policy implications are handled through MSP, the dual uncertainties expressed as dual 

intervals are tackled through DILP, the uncertainties presented as discrete intervals are 

reflected through ILP, and the system impreciseness is addressed through FP. The 

solution process will begin with the transformation of dual interval parameters into an 

equivalence class of random intervals according to the decision maker's implicit 

knowledge of their end points (Liu et al., 2009b). Then, the original FDMSP-IEES model 

is reconstructed into several fuzzy interval multi-stage stochastic programming (FIMSP) 

problems with respect to possible combinations of different random intervals. The 

generated FIMSP-IEES models can then be solved with a two-step ILP solving method 

(Huang et al., 1992; Li et al., 2008a; Li et al., 2006). The solution algorithm of the DMSP 

model with the objective being minimized is presented in a pseudo-code format as 

follows: 
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Figure 4.4.1. Schematic of the FDMSP 
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Step 1: Formulate FDMSP-IEES model. 

Step 2: Transform dual interval parameters into equivalence classes of random 

intervals. 

Step 3: Regroup the generated classes of intervals into n possible combinations. 

Step 4: Formulate FIMSP-IEES model 1, 2, … , n.  

Step 5: Transform each FIMSP-IEES model into two FIMSP-IEES submodels.  

Step 6: Solve the lower-bound FIMSP submodel n. 

Step 7: Incorporate the obtained solutions within upper-bound FIMSP submodel n. 

Step 8: Solve upper-bound FIMSP submodel n. 

Step 9: Incorporate solutions from the two submodels, obtain solutions of FIMSP 

model n. 

Step 10: Integrate solutions from the n FIMSP models to elicit piecewise possibility 

distributions of the final solutions. 

Step 11: Stop. 

Solutions from the FIMSP models are integrated to elicit piecewise possibility 

distributions of the final solutions (Liu et al., 2009b). Thus, solutions in deterministic, 

interval and dual interval formats can be obtained. These modeling outputs provide 

solutions under different mitigation-target scenarios, which are helpful for generating 

decision alternatives within a multi-stage planning context. 
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4.4.3 Energy systems planning 

4.4.3.1 Overview of the study system 

The following regional IEES management problem will be used to demonstrate 

applicability of the developed FDMSP-IEES model. In the IEES system, various energy 

related activities are involved, including energy supply, energy conversion, capacity 

expansion, energy demand and associated pollution control activities. Decisions are 

required to be made for these activities in a three-period (5 years each) 15-year planning 

horizon. Energy supply mainly includes coal, natural gas, diesel, gasoline, nuclear, hydro, 

wind and solar energies. Table 4.4.1 shows the costs of various types of energy carriers. 

Generally, the prices of imported energy carriers are higher than those produced locally. 

Owing to the market fluctuations, the cost related parameters are basically expressed as 

intervals without distribution information.  

All these types of energy resources are provided to meet the demands from 

industries, municipalities and transportations of the region. In detail, diesel and gasoline 

are mainly used for transportation; natural gas is used for municipal, industrial and power 

generation needs; coal, nuclear and renewable energies (hydro, wind, solar) are mostly 

employed for power generation. Electricity, as an important form of energy, can be 

supplied from adjacent regions or from local generation facilities such as coal, natural gas, 

nuclear, hydro, wind and solar power stations. Table 4.4.2 shows the variable costs for 

power generations with different conversion technologies. 
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Table 4.4.1. Energy carriers of the IEES 
Energy 

carrier 

Source Cost of energy carriers (million$/PJ) 

Period 1 Period 2 Period 3 

Coal Domestic [2.52, 2.70] [2.72, 3.00] [2.92, 3.30] 

 Imported [3.02, 3.32] [3.32, 3.60] [3.62, 3.90] 

Diesel Domestic [5.47, 6.27] [5.90, 6.80] [6.48, 7.38] 

 Imported [5.57, 6.37] [6.00, 6.90] [6.61, 7.51] 

Gasoline Domestic [5.59, 6.39] [6.00, 6.80] [6.58, 7.38] 

 Imported [5.69, 6.59] [6.10, 7.00] [6.68, 7.58] 

Natural Domestic [4.64, 5.54] [6.50, 7.30] [7.40, 8.20] 

gas Imported [5.80, 6.24] [6.80, 7.60] [8.60, 9.20] 

Electricity Imported [26.0, 30.0] [29.0, 33.0] [32.0, 36.0] 
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Table 4.4.2. Power generation technologies of the IEES 
Conversion 

technology  

Variable cost (Million $/PJ) 

Period 1 Period 2 Period 3 

Coal [0.330, 0.390] [0.360, 0.430] [0.390, 0.470] 

Natural gas [0.450, 0.530] [0.490, 0.580] [0.540, 0.630] 

Hydro  [0.360, 0.440] [0.390, 0.480] [0.430, 0.520] 

Solar  [0.009, 0.011] [0.010, 0.012] [0.011, 0.013] 

Wind  [0.740, 0.910] [0.810, 1.000] [0.890, 1.100] 

Nuclear  [1.300, 1.530] [1.420, 1.700] [1.550, 1.850] 
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In terms of facility expansion, each conversion facility (Table 4.4.3) has three 

expansion options (small, medium and large scales) and competes with each other based 

on the considerations of economic cost, energy efficiency and GHG emission. If the 

regional power demands cannot be met by local conversion capacities, additional 

electricity can be obtained by importing from adjacent regions with higher costs, or by 

expanding generation capacities.  

GHG emissions in the region are closely associated with energy consumption 

activities. Thus, GHG-emission (mostly CO2

  

) mitigation problem could be incorporated 

within the framework of regional energy system management. Through extensive expert 

interviewing, public surveys, and literature review, the GHG emission targets for a 

specific region in each period could be expressed as probability distributions. For 

instance in this case, the region plans to reduce GHG emission by 5, 10 and 15% of the 

amount of year 2010 in 3 periods respectively. In each period, GHG-emission reduction 

targets are in discrete random distributions with known probabilities. If the targets cannot 

be met in certain period, extra carbon credits need to be purchased from national or 

international carbon markets. Carbon credits could be passed to the subsequent period by 

the request of the decision makers. In such an IEES management problem, multiple 

formats of uncertainties (e.g. single/dual interval, fuzzy and stochastic information) 

coexist and need to be reflected in the same model. Thus, the developed FDMSP-IEES 

model is considered to be a suitable approach for addressing these issues. 
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Table 4.4.3. Capital costs of conversion facilities with different technologies 
Conversion 

technology 

Scale 

option 

Capacity  

(GW) 

Capital cost (million$/GW) 

Period 1 Period 2 Period 3 

Coal  Small 0.100 [  700,   851] [  700,   851] [  700,   851] 

Medium 0.150 [  630,   750] [  630,   750] [  630,   750] 

Large 0.200 [  610,   740] [  610,   740] [  610,   740] 

Natural gas  Small 0.063 [  746,   906] [  746,   906] [  746,   906] 

Medium 0.095 [  690,   840] [  690,   840] [  690,   840] 

Large 0.130 [  660,   800] [  660,   800] [  660,   800] 

Hydro Small 0.050 [2040, 2440] [1830, 2230] [1620, 1920] 

Medium 0.400 [1858, 2258] [1708, 2108] [1558, 1858] 

Large 0.500 [1647, 1947] [1580, 1880] [1513, 1813] 

Solar Small 0.020 [4000, 5000] [3300, 4300] [2800, 3500] 

Medium 0.030 [3500, 4400] [3000, 3900] [2500, 3200] 

Large 0.040 [3300, 4200] [2800, 3800] [2500, 3100] 

Wind Small 0.015 [2364, 2664] [1800, 2050] [1736, 2036] 

Medium 0.020 [2289, 2589] [1850, 2050] [1711, 2011] 

Large 0.030 [2278, 2478] [1830, 2030] [1782, 1982] 

Nuclear Small 0.500 [2654, 3054] [2550, 3050] [2546, 3046] 

Medium 0.700 [2467, 2767] [2460, 2760] [2430, 2753] 

Large 0.900 [2245, 2545] [2245, 2540] [2245, 2555] 
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4.4.3.2 Results analysis 

Figure 4.4.2 shows the results obtained through the FDMSP-IEES model. It is 

indicated that the solutions are presented in deterministic and dual-interval formats. The 

alternatives in dual intervals include local-supplied coal in period 1 and 2, and local-

produced natural gas in period 3. As shown in Figure 4.4.3, these dual interval values 

have interval boundaries (lower bounds are deterministic in this case) with even 

possibility distributions within the interval ranges, demonstrating potential system-

condition variations caused by dual uncertain inputs of electricity demands. Take the 

local produced coal in period 1 ([33.89, [34.19, 35.75]] PJ) for example, the minimum 

required amount would be 33.89 PJ, the maximum allocated amount would be [34.19, 

35.75] PJ. The possibility distributions would be higher (p = 1) between 33.89 and 34.19 

PJ than that (p = 0.5) between 34.19 and 35.75 PJ, implying [33.89, 34.19] PJ of local-

produced coal would inclined to be desired in period 1. The energy resources planning 

results in Figure 4.4.2 demonstrate that the allocated energy resources would be mainly 

supplied from the local region. This is because importation activities would bring about 

additional transmission/transportation costs and make them less competitive compared to 

the local produced energy resources. Results also demonstrated that coal consumption 

would be in a descending trend over the planning horizon due to its high CO2 emission. 

In contrast, the increasing demand for the other relative cleaner energy resources (low 

CO2-emission coefficients) will lead to the full occupations of local production capability. 

In addition to the local supplies, extra energy resources are imported from adjacent 

regions. Therefore, the consumptions of natural gas, gasoline and diesel, owing to their 

relative low CO2 emission, demonstrate ascending trends and would play more important 



 

196 
 

roles during the planning periods. Compared to the results from DMSP-IEES model 

(Figure 4.4.2), the uncertainty degrees (Huang et al., 1993) are generally lower, 

demonstrating the influences by less-uncertain inputs (fuzzy information within the 

intervals). 

Figure 4.4.4 presents the solutions of electricity production by FDMSP-IEES model. 

It indicated that most of the solutions are in dual-interval formats, demonstrating that the 

related decisions would be sensitive to the dual-uncertain modeling inputs. Compared to 

the results from DMSP-IEES model, uncertainty degrees of most solutions are in relative 

lower level, demonstrating the significance and effectiveness of integrating fuzzy 

information into the IEES modeling framework. Solutions suggest that electricity 

production through coal-fired technology is in declining trend which is the same as that 

of coal supply, due to the fact that most of the coal supply is utilized for power generation. 

Similarly, power generation through natural gas-fired technology is in an increasing trend 

due to its relative lower CO2

Figure 4.4.5

 emission. Constrained by the GHG-emission mitigation 

requirements, utilizations of hydro, wind and nuclear power would be encouraged to 

different extents during the planning periods. Solar power would not be employed due to 

its high capital cost, demonstrating the trade-offs between economic and environmental 

aspects of the IEES.  

 shows the possibility distributions of the dual-interval-format solutions 

for power generations. Decisions could be made within the dual interval ranges while 

taking account of their possibility distributions. For example, as to the coal-fired power 

generation in period 1 ( 1,1X
±±   = [8.07, [9.77, 10.21]] PJ), the decision alternative is highly  
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Figure 4.4.2. Solutions of energy resources planning from FDMSP-IEES model 
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a. Local-produced coal 1,1Z ±

 (PJ)           b. Local-produced coal 
1,2Z ±

 (PJ) 

 

c. Local-produced natural gas 
7,3Z ±  (PJ) 

 

Figure 4.4.3. Solutions of energy supplies from FDMSP-IEES model 
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Figure 4.4.4. Solutions of electricity production from FDMSP-IEES model 
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a. Coal-fired technology in period 1  b. Coal-fired technology in period 2 

 
c. Natural gas-fired technology in period 1 d. Natural gas-fired technology in period 2 

 
e. Natural gas-fired technology in period 3 f. Hydro-powered technology in period 1 

 
g. Hydro-powered technology in period 2 h. Hydro-powered technology in period 3

 
i. Wind-powered technology in period 2 

 
Figure 4.4.5. Solutions of electricity productions from FDMSP-IEES model 
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desired in the range [8.07, 9.77] PJ, according to their possibility distributions in Figure 

4.4.5a. 

Table 4.4.4 provides the decision alternatives for making capacity expansion plans 

in each scale. These decision variables are in binary formats (1 or 0), representing 

whether or not expanding current generation capacities of different technologies. The 

deterministic-format solutions indicate the number of facilities that need to be built and 

put into service in the related periods. The interval-format results ([0, 1]) imply that 0 or 

1 facility of that scale could be considered for expansion in the related periods. For 

example in period 1, one large-scale nuclear power plant is planning to be built and put 

into service. In addition, one small-scale nuclear power plant is provided as an optional 

alternative, depending on power demand from the IEES in the period. The launch of the 

nuclear power plants would be adopted mainly to replace the capacity that was occupied 

by coal-fired power technology. In response to GHG-emission mitigation requirements, 

coal-fired and natural gas-fired power plant will not be expanded during the planning 

periods. Furthermore, other generation facilities that based on renewable energy 

resources, such as hydro and wind, will be considered for expansion in different scales. 

However, the capacity of solar power facilities will not be expanded in any of the three 

scales within the planning periods due to its large amount of capital investments, despite 

of its clean and sustainable features. However, with the advance in technology 

development and cost control, this clean energy resource would be playing a more and 

more important role in energy systems.  
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Table 4.4.4. Solutions of generation capacity expansion by FDMSP-IEES model 
Conversion 
technology 

Scale 
option 

Capacity expansion (0/1) 

Period 1 Period 2 Period 3 

Coal  Small 0 0 0 

Medium 0 0 0 

Large 0 0 0 

Natural gas  Small 0 0 0 

Medium 0 0 0 

Large 0 0 0 

Hydro Small 0 [0, 1] [0, 1] 

Medium 0 0 0 

Large 0 0 0 

Solar Small 0 0 0 

Medium 0 0 0 

Large 0 0 0 

Wind Small 0 0 0 

Medium 0 [0, 1] [0, 1] 

Large 0 [0, 1] [0, 1] 

Nuclear Small [0, 1] [0, 1] 0 

Medium 0 0 0 

Large 1 0 0 
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Figure 4.4.6 shows the optimized solutions of carbon-credits trading under 39 

scenarios of three planning stages. These solutions are mainly presented in deterministic 

format. Based on these solutions, traded carbon-credits amounts under specific scenarios 

could be suggested. For stage 2, three scenarios could be generated, namely scenario L 

(low), M (middle) and H (high) respectively. Take the scenario L for example, 513 

ktonnes of carbon credits would be traded in from carbon markets, to meet the low 

emission target (0.965·E10) with probability of 25%. Thus, the total allowance amount of 

carbon emission in period 1 would be [20382, 20768] ktonnes. Solutions under scenario 

T2-LL to T2-HH provides the decision alternatives for stage 3, which are related to their 

previous emission-target levels and have different associated probabilities. For example, 

the scenario T2-LL could be described as a branch that meets the low mitigation target 

(low CO2 emission level) on stage 2 and low mitigation target on stage 3, with joint 

probability of 6.25%. Under this scenario, 454 ktonnes of carbon credits need to be 

traded in to compensate the over-limit CO2 emission. Solutions under scenario T3-LLL 

to T3-HHH in the Figure indicate the recourse actions that could be taken on the fourth 

stage. Solutions under these scenarios with different joint probabilities are associated 

with their routes that are linked to the mitigation target levels of their previous stages 

(stage 3 and stage 2). For instance, the solution under scenario LLL implies that, if the 

emission target level is low on stage 2 and low on stage 3, 417 ktonnes of carbon credits 

would need to be purchased from the carbon market under low CO2-emission-target level 

on the fourth stage. Compared to the solutions from DMSP-IEES model, the results 

generated by this model are generally presented as deterministic format whose 

uncertainty degrees are obviously lower. Decision alternatives generated by this model 
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Figure 4.4.6. Solutions of GHG-emission credits trading from FDMSP-IEES model 
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demonstrate high applicability through incorporating fuzzy information within the IEES 

management. 

Table 4.4.5 shows the optimized costs for multiple system activities over the entire 

planning horizon. It demonstrates that the most of the activity costs are presented as dual 

intervals, showing that dual-interval inputs in electricity demand in this study could bring 

about the dual uncertainties in activities of energy supply, energy conversion, capacity 

expansion and GHG-emission control. It reflects the interactive relation among these 

multiple system components. In detail, lower-bound interval of electricity demands ([24.3, 

25.6] PJ) correspond to lower-bound energy-supply cost (4803 million $), lower-bound 

energy-conversion cost ([177, 178] million $), lower-bound capacity expansion cost 

([3296, 3348] million $) and lower-bound IEES objective cost ([8298, 8349] million $); 

and vice versa. For these dual-interval results, system costs could be achieved within the 

dual-interval ranges while taking account of their possibility distributions (Figure 4.4.7). 

In most of the cases, the activity costs would incline to be laid within the ranges of [4803, 

5445], [178, 224], [3348, 4164] and [8349, 9857] million $ for energy supply, energy 

conversion, capacity expansion and entire IEES, respectively. Overall, the DMSP-IEES 

model provides a total system cost of [[7687, 7706], [10429, 10521]] million $, whereas 

the FDMSP-IEES model leads to a total system cost of [[8298, 8349], [9857, 9884]] 

million $ with the possibility of satisfying the system constraints and aspiration level 

being λ
±±   = [[0.22, 0.24], 0.50]. The lower-bound system cost corresponds to a higher 

possibility in satisfying the constraints and aspiration. As the actual value of each 

variable or parameter varies within its two bounds, the system cost may change 

correspondingly between [8298, 8349] and [9857, 9884] million $. Results show that the 
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FDMSP-IEES model leads to smaller intervals than the DMSP-IEES, demonstrating 

increased system certainty which is based on a reduced certainty on the possibility of 

satisfying the constraints and aspiration (Maqsood et al., 2005). Thus, the developed 

FDMSP approach provides more information regarding tradeoffs between system costs 

and certainty.  
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Table 4.4.5. Optimized costs for different activities by FDMSP-IEES model 

Cost types 
Cost result from DMSP 

(million $) 

Cost result from FDMSP 

(million $) 

Energy supply [[4220, 4236], [6086, 6087]] [4803 , [5445, 5474]] 

Energy conversion [[171, 174], 228] [[177, 178], [224, 225]] 

Capacity expansion [3296, [4073, 4164]] [[3296, 3348], [4164, 4167]] 

Emission credits trade [0 , [42, 43]] 21 

Total costs [[7687, 7706], [10429, 10521]] [[8298, 8349], [9857, 9884]] 
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a. Total energy-supply cost   b. Total energy-conversion cost 

 

   c. Total cost for expending generation capacities               d. IEES cost 

 

e. λ
±±    [[0.22, 0.24], 0.5] 

 

Figure 4.4.7. Solutions of activity costs of the IEES 
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4.4.4 Discussion 

The formulation and application demonstrate that the developed FDMSP approach 

has advantages in a) addressing the multiple uncertain information that exist among a 

variety of system components; b) providing an effective linkage between the pre-defined 

energy/ environment policies and the associated economic implications; c) reflecting the 

system interactions among various IEES sub-components and the associated trade-offs. 

By integrating methodologies of MSP, FP, ILP and DILP into IEES management, the 

FDMSP-IEES model can directly incorporate uncertainties within its optimization 

framework, and thus can handle various uncertainties described as probability and 

possibility distributions, as well as discrete intervals/dual intervals. The FDMSP 

improves upon the conventional MSP approaches which enable the method to address 

multi-stage dynamics among GHG-emission mitigation and other system activities. 

Outputs of the FDMSP-IEES model can reflect fluctuations in system cost due to 

implementing different GHG-emission mitigation policies. Moreover, solutions generated 

from the model are generally presented by combinations of deterministic, interval, dual 

interval and distribution information, showing the interactions among various parameters 

and multiple components of the IEES. These solutions can provide practical bases for 

selecting desired IEES management plans with reasonable system costs. 

 

4.5 Summary 

 

In this chapter, three inexact IEES optimization models were developed based on 

dual-interval linear programming and multi-stage stochastic programming under dual and 
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mixed uncertain environments. Firstly, a dual-interval mixed-integer linear programming 

(DMLP-IEES) model was developed to support planning of integrated regional energy-

environment systems. Issues of GHG-emission mitigation can be reflected throughout the 

process of energy systems planning. By integrating interval linear programming, dual 

interval programming and mixed-integer programming within a general setting, the 

DMLP-IEES model is capable of dealing with parameters represented as intervals, dual 

intervals and binary values. Highly uncertain information for lower and upper bounds of 

input intervals can be reflected through introducing the concept of dual intervals. System 

dynamics analysis that associated with capacity expansions can be facilitated by 

integrating the mixed-integer programming methodology. Thus, the DMLP-IEES 

provides a promising approach for dealing with dual interval uncertainties and dynamics 

within an IEES. The developed modeling approach was applied to a hypothetical IEES, 

in which energy-flow allocation, power-plant expansion and GHG-emission reduction are 

comprehensively considered. The results demonstrated that reasonable solutions can be 

generated for both continuous and binary variables. Thus it may provide essential 

references for decision makers in planning various energy-related activities and GHG-

emission mitigations within IEES. 

By integrating methodologies of dual-interval programming, interval linear 

programming and multi-stage stochastic programming, a dual-interval multi-stage 

stochastic programming (DMSP) approach was developed, through which uncertainties 

expressed as dual-intervals, discrete intervals and probability distributions are tackled 

through a multilayer scenario tree. The approach was applied to the planning of 

integrated energy-environment systems under dual uncertainties. Issues of GHG-emission 
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mitigation can be reflected throughout the process of energy systems planning. Decision 

alternatives can be generated through analysis of the single and dual-interval solutions 

according to projected applicable conditions. Moreover, the model can reflect the 

dynamic complexities in the energy-environment management systems, through 

transactions at discrete points of a complete scenario set over a multistage context. A case 

study was provided for demonstrating applicability of the DMSP-IEES. The results 

indicated that reasonable solutions could be generated for both binary and continuous 

variables, based on which optimized decision alternatives could thus be created. It also 

demonstrated that the DMSP-IEES model can reflect the interactions and the associated 

trade-offs among energy-flow allocation, power-plant expansion and GHG-emission 

reduction within a multistage dynamic context under dual uncertainties.  

Then, a more comprehensive FDMSP method was developed for the management 

of integrated energy-environment systems in mixed uncertain environment. The method 

improves upon the existing fuzzy, interval, dual interval and multi-stage stochastic 

programming techniques by allowing uncertainties presented as vague values, single/dual 

intervals and random distributions to be effectively incorporated within the multi-stage 

optimization framework. The solution process is based on an interactive algorithm that 

started by discomposing FDMSP into a series of derived FIMSP models and followed by 

transformations into two series of deterministic submodels. Interval and dual-interval 

solutions can be obtained consequently. The FDMSP approach could provide more 

information regarding trade-offs among system costs, certainty and reliability. Through 

the developed FDMSP-IEES model, issues of GHG-emission mitigation could be 

reflected throughout the process of energy systems planning; dynamic complexities in the 
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IEES management could be addressed through transactions at discrete points of a 

multistage scenario set. Results analysis showed that reasonable solutions could be 

generated for both binary and continuous variables, based on which optimized decision 

alternatives could be created. The application of the FDMSP-IEES model also 

demonstrated that interactions among multiple energy-environment related activities 

could be reflected in a mixed uncertain environment.  
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CHAPTER 5. JOINT-PROBABILISTIC CHANCE-

CONSTRAINED PROGRAMMING MODELS FOR THE PLANNING 

OF IEES 

 

5.1 Background 

 

Recently, many regional governments have released their GHG mitigation and/or 

adaptation plans in response to climatic change (Alberta, 2008a; CCES, 2012; EEA, 

2012). Meanwhile, some attempts have been conducted through incorporating GHG 

mitigation within integrated energy-environment systems (IEES) management (Groscurth 

et al., 1993; Jebaraj and Iniyan, 2006; Li et al., 2011a; Mirzaesmaeeli et al., 2010; Pękala 

et al., 2010), in which combinations of management, economic and technical measures 

are systematically adopted. Correspondingly, the mitigation missions could be realized 

through efficient management of energy-related activities, such as energy production, 

energy import, energy storage, electricity conversion, power transmission, energy 

consumption, capacity expansion and carbon storage/trade (Bazmi and Zahedi, 2011; Lin 

and Huang, 2009b; Mirzaesmaeeli et al., 2010). Renewable energy utilizations, as one of 

the most effective measures, have been playing significant roles in mitigating GHG 

emissions (Cai et al., 2012; Kammen, 2006; Promjiraprawat and Limmeechokchai, 2012; 

Wang et al., 2012).  However, uncertain system information that associated with 

renewable energy utilization is frequently confronting decision makers from getting 
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satisfactory decision schemes for IEES management (Iniyan et al., 2000; Kanudia and 

Shukla, 1998; Zeng et al., 2011; Zhang et al., 2012).  

One typical uncertainty, chance-constrained problems are frequently encountered in 

IEES optimizations. The randomness may be observed in right-hand sides or left-hand-

sides (LHS) of model constraints in most cases (Abdelaziz et al., 2007; Arun et al., 2009; 

Babonneau et al., 2012; Baños et al., 2011; Ding et al., 2010; Liu et al., 2009a; Nembou 

and Murtagh, 1996; Roy et al., 2010; Zeng et al., 2011). Previously, a series of chance-

constrained programming (CCP) models have been developed to tackle such randomness 

in right-hand-sides of constraints (Dong et al., 2012; Li et al., 2008b; Liu et al., 2009a; 

Zeng et al., 2011). For example, Liu et al. proposed a hybrid chance-constrained mixed-

integer linear programming (ICCMILP) approach for nonrenewable energy resources 

management (Liu et al., 2000). Guo et al. developed a chance-constrained semi-infinite 

programming (ICCSIP) model for regional energy system management (Guo et al., 2008); 

Cai et al. developed an CCP-based inexact community-scale energy model (ICS-EM) for 

renewable energy systems management (Cai et al., 2009c);  Huang et al. developed an 

interval chance-constrained mixed-integer programming (ICCP) for tackling highly 

uncertain problems in regional energy management systems (Huang et al., 2011).  

However, few studies have been conducted to address the random issues in the left-

hand-sides of the constraints (Cao et al., 2011; Sun et al., 2012). For instance, the impacts 

of varying weather/climate factors on renewable energy utilizations (e.g., solar, wind and 

hydro power technologies) commonly show random characteristics (Nembou and 

Murtagh, 1996), which could be reflected in the left-hand-sides of model constraints. 

Moreover, the set of constraints are often required to meet a joint satisfactory level in 
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order to control the integrated risk for the whole system. Thus, a LHS joint-probabilistic 

CCP model for IEES planning is desired. And frequently, the quality of many parameters 

is not good enough to be presented as probability distributions which may affect the 

CCP’s practical applicability. In many situations, such inexact information could be 

presented as discrete-interval format (Li et al., 2012; Lin et al., 2009b; Liu et al., 2009a; 

Zeng et al., 2011). For example, energy resource prices and energy resource demands are 

usually uncertain and could be simply expressed as interval values. This brings about the 

requirement for an inexact LHS joint-probabilistic CCP model for IEES planning.  

Frequently, multiple random factors may coexist and could be reflected in both 

sides of constraints of IEES planning models. For example, in additions to the variations 

associated with renewable energy utilizations, electricity demands (e.g., from municipal 

and commercial departments) may demonstrated random varying characteristics. Most of 

the current CCP approaches can hardly address the multi randomness in both sides of the 

constraints due to the difficulty in solving the caused nonlinearity. Besides, these 

approaches also has difficulties in analyzing interactions among multiple constraints that 

are required satisfying at a joint probability level (Li and Huang, 2010; Sun et al., 2012); 

Thus, few studies have been reported to tackle the both-side multi variations in IEES 

management, especially when an overall satisfactory level is imposed on multiple chance 

constraints under uncertainties. Therefore, a method capable of both addressing sets of 

two-side multi randomness and reflecting the inexact relationships effectively would be 

desired.  
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5.2 A Joint-probabilistic Left-hand-side Chance-constrained Programming Model 

for the Planning of Integrated Energy-Environment Systems in the Mixed 

Uncertainty Environment  

 

The objective of this study is to develop an inexact left-hand-side joint-probabilistic 

chance-constrained programming model for the planning of integrated energy-

environment systems (ILJCP-IEES). This objective entails: (i) developing an IEES 

planning model to address interactions among energy resources allocation, renewable 

energy utilization, facility expansion and GHG-emission control, (ii) integrating interval 

linear programming (ILP), left-hand-side chance-constrained programming (LCP) and 

joint-probabilistic programming (JP) techniques into a general IEES planning framework, 

and (iii) applying the developed ILJCP-IEES to a hypothetical case to demonstrate its 

capability in providing decision bases for IEES planning and GHG-emission mitigation 

under dual uncertainties.  

 

5.2.1 Model Development  

5.2.1.1 Inexact left-hand-side joint-probabilistic CCP model (ILJCP) 

In many linear optimization problems, multiple LHS factors (aij) of the constraints 

are expressed as random parameters with normal distributions. The related constraints are 

only satisfied at certain probability levels (1-pi). Sometimes, the requirement of the 

satisfactory level is imposed on a set of constraints as a whole. This leads to a LHS joint-

probabilistic CCP problem. Moreover, due to the fact that some of the parameters in 

IEES may not be obtained as deterministic numbers but can be expressed as interval 
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values (Huang et al., 1992), an inexact joint-probabilistic LHS chance-constrained 

programming (ILJCP) model can thus be formulated as follows: 
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Min f c x± ± ±

=

= ∑                     (5.2.1.0) 
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ω ≤ ≥ −   = 

 
∑       (5.2.1.1) 

1

m

i
i

p p
=

≤∑          (5.2.1.2) 

( ) ( )2,ij ij ija Nω µ σ         (5.2.1.3) 

0, 1,2,jx j n± ≥    =                      (5.2.1.3) 

where ±f  is a linear objective function with interval values, jx±  is an interval decision 

variable, jb±  
jc±and  are interval parameters, 1-pi is probability level for an independent 

chance-constrained constraint, μij is expectation, σij

 

 is standard variation and 1-p is a 

prescribed joint probability level at which the entire set of inexact constraints are 

enforced to be satisfied.  

5.2.1.2 Inexact left-hand-side joint-probabilistic CCP model for IEES planning 

(ILJCP-IEES) 

In IEES planning, decision makers are responsible for mitigating GHG emissions 

while planning regional energy systems. This problem can be addressed through 

formulating an optimization model with the integration of various energy/environment 
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related activities. Frequently, LHS joint-probabilistic chance-constrained issues can be 

observed in model formulation process. Take renewable energy resources for example, 

electricity generations from solar, wind and hydro power technologies are highly 

associated with weather conditions. Due to the fact that weather factors (e.g., solar 

radiation, wind force and precipitation) commonly demonstrate random variations, the 

generation capacities from these technologies may also demonstrate random 

characteristics. Correspondingly, the constraints for generation capacities (e.g., each 

technology is able to provide sufficient amount of electricity) are formulated as LHS 

chance-constrained inequalities when constructing the optimization model. In addition, 

the requirement of the satisfactory level is usually imposed on a set of such constraints 

(inequalities) as a whole (e.g., control system risk level for renewable energy utilizations), 

according to decision makers. A LHS joint-probabilistic CCP for IEES planning (LJCP-

IEES) is thus desired. Moreover, taking account of the inexact information that widely 

exists in IEES (e.g., one common format: discrete interval), an inexact LJCP-IEES 

(ILJCP-IEES) model could be formulated as follows: 
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subject to: 

GHG-emission mitigation constraints: 

, , ,g t s g t t
s g

Em XS EMTGT Xem t± ± ± ±⋅ ≤ + ∀∑∑       (5.2.2.1) 

1, , , , ,g t s g g t s g
s g s g

Em XS Em XS t± ± ± ±
+⋅ ≤ ⋅ ∀∑∑ ∑∑       (5.2.2.2) 

,t tXem UPcrdt t± ±≤ ∀         (5.2.2.3) 
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Capacity constraints of technologies: 

( ){ }, , ,Pr 1 , , 1, 2,3c t c t c t c cCAPUNI AF Xcap XE p t cω± ± ±⋅ ⋅ ≥ ≥ − ∀ =
  

 (5.2.2.7) 
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p p

=

≤∑
          

(5.2.2.8)
 

, , , , , 4,...,c t c t c t cCAPUNI AF Xcap XE t c C± ± ±⋅ ⋅ ≥ ∀ =      (5.2.2.9) 

, , , , ,t r t r t rCF Xcap XP t r± ± ±⋅ ≥ ∀         (5.2.2.10) 

, , , , ,t h t h t hAF Xcap XH t h± ± ±⋅ ≥ ∀         (5.2.2.11) 

, , , , ,t d d t d t dOUT CF Xcap XP t d± ± ±⋅ ⋅ ≥ ∀       (5.2.2.12) 

 

Demand constraints: 

, , , ,t d t dXP DM t d± ±≥ ∀         (5.2.2.13) 

, ,0.02 ,t bdsl t bdslXS XS t± ±≥ ∀        (5.2.2.14) 

, ,0.1 ,t etnl t etnlXS XS t± ±≥ ∀        (5.2.2.15) 

 

 Lower- and upper-bound constraints: 

 , , , , , , ,t s e t s eXS UB t s e± ±≤ ∀          (5.2.2.16) 

, , , , , , ,t s e t s eXS LB t s e± ±≥ ∀          (5.2.2.17) 

, , , ,t a t aXcap LB t a± ±≥ ∀         (5.2.2.18 

, , , ,t a t aXcap UB t a± ±≤ ∀        (5.2.2.19 

, 1, , ,t a t aXcap Xcap t a± ±
+≤ ∀          (5.2.2.20) 

,t aXcap± , , ,t s eXS ± , ,t rXP± , ,t dXP± , ,t cXE± , ,t hXH ± , tXEI ±  and tXEE± 0≥    (5.2.2.21) 
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where 

 ,t aXcap± − decision variables representing annual capacity of technology a in time t (PJ);  

,t cXE± − decision variables representing annual electricity from technology c in time t (PJ);  

tXEE± − decision variables representing annual electricity export in time t (PJ);  

tXEI ± − decision variables representing annual electricity import in time t (PJ);  

tXem± − amount of emission credits traded (or emission amount violated) in period t 

(ktonnes);  

,t hXH ±  − decision variables representing annual heat from technology h in time t (PJ);  

,t dXP±  − decision variables representing annual activity of demand sector d in time t (PJ);  

,t rXP±  − decision variables representing annual activity of processes r in time t (PJ);  

, ,t s eXS ±  − decision variables representing supply of energy carriers e in time t by source s 

(PJ);  

a − set of all technologies;  

c − set of conversion technologies;  

d − set of energy demand technologies;  

e − all energy carriers but district heat;  

g − all energy carriers but electricity and district heat;  

h − set of heating plants technologies;  

r − set of process technologies;  

s − resource supply option; 

 t − time period;  

‘ele’− electricity;  
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‘thz’− district heat;  

‘bdsl’− biodiesel;  

‘etnl’− ethanol;  

,t cAF ± − available factor of technology capacities;  

( ),t cAF ω± − available factor of hydro, solar and wind power generation capacities;  

cCAPUNI  − unit conversion factor;  

, ,t d eCdlv± −  delivery cost of carriers e for demand sector d in time t (million $/PJ);  

, ,t h gCdlv± −  delivery cost of carriers g for heating technology h in time t (million $/PJ);  

, ,t c gCdlv± − delivery cost of carriers g for electricity technology c in time t (million $/PJ);  

, ,t r eCdlv± − delivery cost of carriers e for processing activities r in time t (million $/PJ);  

,t hCdstr± − distribution cost of heat in time t (million$/PJ);  

,t cCdstr± − distribution cost of electricity in time t (million$/PJ);  

tCE± − electricity export cost in time t (million$/PJ);  

tCem± − price of GHG-emission credits in time t (million$/ktonnes);  

, ,t s eCes± − cost of energy carriers e by source s in time t (million $/ PJ);  

CF − conversion factor of technologies;  

,t aCfix± − fixed cost of capacity utilization of technology a in time t (PJ);  

tCimp±  − electricity import cost in time t (million$/PJ);  

,t aCinvst±  − investment cost of technology a in time t ($/PJ);  

,t cCtrnsm± − transmission cost of electricity generation technology c in time t (million$/PJ);  
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,t hCvr±  − variable cost of heating technology h in time t ($/PJ);  

,t cCvr± − variable cost of electricity conversion technology c in time t ($/PJ);  

,t rCvr±  − variable cost of processing technology r in time t ($/PJ);  

,t dDM ± − energy demand meeting energy demand category d in time t (PJ);  

gEm±
 − emission coefficient of energy carrier g (ktonnes);  

tEMTGT ± − emission target for period t (ktonnes);  

cFe − generation factor of renewable technology c;  

, ,t d eINP± − input of energy carriers e for demand sector d in time t (PJ);  

, ,t h gINP± − input of energy carriers g for heat conversion technologies h in time t (PJ);  

, ,t c gINP± − input of energy carriers g for electricity conversion technologies c in time t (PJ);  

, ,t r eINP± − input of energy carriers e for processing activities r in time t (PJ);  

LB± − low bound of energy resources (PJ);  

, ,t a eOUT ± − output coefficient of energy technologies a for energy carrier e in time t (PJ);  

sSIGN − indictor of energy source s (1 = import and mining, -1 = export, 0 = renewable);  

UB± − up bound of energy resources(PJ);  

tUPcrdt± − up bound of the tradable GHG-emission credits for the region in time t 

(ktonnes). 

 

The objective of the ILJCP-IEES model is a linear combination of costs associated 

with various energy/environment related activities: energy supply, energy processing, 

electricity conversion, heat production, energy demand, capacity expansion and GHG-
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emission mitigation. These activities are constrained by a series of economic, technical, 

and policy requirements. GHG-emission mitigation constraints (5.2.2.1-5.2.2.3) set the 

allowable total GHG emission for energy consumption activities (5.2.2.1); ensure the 

declining trend of GHG emission (5.2.2.2); and keep the supply-demand balance of 

carbon credits in carbon markets during each planning period (5.2.2.3). The mass balance 

constraints (5.2.2.4-2g) describe the balances of energy flows in IEES. They can be 

classified into three groups: balance for energy carriers (5.2.2.4), balance for electricity 

conversion (5.2.2.5), and balance for heat generation (5.2.2.6). These constraints are 

established to ensure the sufficient energy supplies. Capacity constraints of technologies 

(5.2.2.7-5.2.2.12) are introduced to ensure installed capacity of each technology can 

provide sufficient output/production to meet the demanding requirement s. Constraints 

(5.2.2.7) and (5.2.2.8) ensure that renewable energy utilizations (i.e., hydro, solar, wind) 

could meet a joint satisfactory level; constraint (5.2.2.9) presents the capacity 

requirements for other conversion capacities; constraint (5.2.2.10) shows the capacity 

requirements for energy processing technologies (i.e., refinery, ethanol, biodiesel); 

constraint (5.5.5.11) indicates the capacity requirements for heating technologies (i.e., 

coal heating and natural gas heating); constraint (5.2.2.12) shows the capacity 

requirements for demanding technologies. For each individual technology, investments 

will be made for additional capacities when the related requirement (e.g., electricity, 

refinery products and heat) cannot be satisfied. Demand constraints (5.2.2.13-5.2.2.15) 

ensure the outputs from the demanding technologies are greater than or equal to the end-

use demands, among which constraints (5.2.2.14) and (5.2.2.15) are set to ensure the 

biofuel productions can meet the fuel blending demands. In addition, lower and upper-
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bound constraints (5.2.2.16-5.2.2.21) are formulated to describe the availability 

requirements for the various resources and capacities in each planning period. As shown 

in the model, a variety of system parameters that presented in interval formats can be 

incorporated within the modeling framework. 

 

5.2.2 Solution method 

In nature, the formulated ILJCP-IEES is an interval-parameter nonlinear 

programming model, which can hardly be solved through general arithmetic algorithms. 

Take Model 5.2.1 for example, an alternative solution method is to transfer inequality 

(5.2.1.1) into its approximated linearization form (Sun et al., 2012). A sufficient 

condition for solving Model 5.2.1 is to solve the following model: 
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Model 5.2.3 can be solved through the two-step algorithm (Huang et al., 1992), by 

which the model is transformed into two deterministic sub-models corresponding to the 

lower and upper bounds of the objective function value. The lower-bound submodel is 

solved first, whose solutions are then incorporated into the solution process of the upper-
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bound submodel. The obtained solutions from the two submodels are then integrated 

together to generate the inexact solutions. These solution are generally presented as 

discrete intervals (e.g. ,opt opt optf f f± − + =   , ,opt opt optx x x± − + =   ) at various levels of constraint 

satisfaction. 

 

5.2.3 Energy systems planning 

5.2.3.1 Overview of the study system 

A hypothetical IEES planning problem is constructed to demonstrate applicability 

of the developed ILJCP-IEES. In such a planning problem, decision schemes are required 

for a five-period (5 years each) planning horizon for energy/environment related 

activities, including energy supply, energy processing, electricity conversion, heat 

generation, energy demand, capacity expansion and GHG-emission mitigation. As shown 

in Figure 5.2.1, energy resources supply includes renewable energy resources (i.e., wind, 

solar, hydro and biomass) and non-renewable energy resources (i.e., coal, oil, natural gas 

and nuclear). Energy processing facilities provide sufficient capacities in oil refining, and 

ethanol and biodiesel productions. Central heating facilities are adopted for heat 

generations through coal and natural gas-fired technologies. All these energy supplies, 

electricity and heat are supplied to demanding technologies and end users. Energy 

demands can be classified into residential, commercial, industrial, agricultural and 

transportation uses. The demand from each sector can be represented by fixed inputs of 

fuel and electricity. When mined resources cannot meet demands, imports become 

necessary. When the production of the mined energy or the refined fuel is greater than 

domestic demands and the export price is attractive, exports become possible. When the 
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demands for generation, processing, heating and/or demanding capacities cannot be met 

by the residual facilities, facility expansions are required. Meanwhile, fuel consumptions 

inevitably result in an environmental problem, generation of GHG emissions (mainly 

CO2

Chan et al., 2012

), which can be mitigated through a series of management and technology measures 

( ; Farrell et al., 2006; Webster et al., 2010). These measures include a) 

encouraging utilization of renewable energy resources; b) introducing CO2

Among the variety of energy resources, coal accounts for a significant portion, 

although it is relatively "dirty” compared to other resources. Coal reserves in the region 

are able to provide stable coal supply for more than five planning periods. Most of the 

production would be used for electricity generation and heat generation, while the 

surpluses are exported to adjacent regions. Coal importation is also allowable under 

certain planning conditions (i.e., temporary large amount of consumption). Another 

significant energy resource, crude oil is utilized after being refined into energy products 

such as gasoline, diesel and natural gas. The maximum oil production is assumed to 

remain stable in periods 1 to 5. The major portion of natural gas is used for electricity 

generation and heating. The generated electricity is cleaner than coal in terms of the 

generation of GHG and air pollutants in spite of its higher cost. It can be classified into  

 capture-

storage technologies and facilities; c) implementing carbon trade in regional and/or 

international carbon markets.  
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Figure 5.2.1. Schematic diagram of IEES 
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non-associated natural gas and associated gas. Non-associated gas comes directly from 

natural gas wells, and its cost is only incurred in exploration, processing, transportation 

and distribution. Associated gas, a by-product of oil production, is accounted for in the 

crude oil sector. Nuclear electricity is also produced at a high cost, partly due to safety 

concerns.  

Renewable energy resources such as hydro, wind, solar and biomass (i.e., wheat, 

canola seed) are mostly utilized to produce electricity, ethanol and biodiesel. Hydropower 

is a major source of electricity that has lower cost compared to other renewable resources. 

Wind power is produced at a considerably higher cost than being produced from fossil-

fuel resources. Solar power is another option that can be used to meet power demands 

despite its higher cost. Refinery technologies are used to separate crude oil components. 

The input streams are crude oil and electricity. The output streams include refined 

petroleum products, such as gasoline, diesel and methane. Biomass processing 

technologies are included in the IEES as well. Biomass 1, wheat is processed to produce 

ethanol by relevant facilities. Generated ethanol is mainly used for gasoline blending in 

the region, where a mandatory blend ratio (≥ 10 %) is applied for all gasoline sold in the 

regional markets. Another type of biomass, canola seed is used for biodiesel production. 

A mandatory blend ratio (≥ 2%) is applied for all diesel sold in the regional markets.  

However, the high production costs of ethanol and biodiesel limit their uses. To promote 

production and utilization of biomass products, subsidy measures were formulated.  

Utilizations of hydro, wind and solar resources are highly associated with weather 

conditions, which demonstrate random variations over a multi-year horizon. It is assumed 

that there are sufficient historical records for quantifying the distributions of available 



 

230 
 

resources for each technology. Thus the available factor ( ),t cAF ω± (ratio of actual capacity 

to average annual capacity) could be assumed as random variables with normal 

distributions (e.g., μij = 1, σij

Table 5.2.1

 = 1). The restrictions that ensure the capacity utilization can 

be formulated as a group of LHS chance-constrained constraints (Constraint 2h). The 

overall requirement of system safety level may impose a joint-probabilistic level over 

these constraints (Constraint 2i). As shown in , four representative scenarios 

(i.e., A, B, C and D) are set in this study. Scenarios A, B and C were designed at three 

increasing joint probabilities (0.03, 0.15 and 0.3, in Table 5.2.1). At each level of joint 

probability, individual probabilities were set at the same level (one third of the joint 

probability: 0.01, 0.05 and 0.10 in scenario A, B and C, respectively). In addition, an 

ILP-based IEES model was treated as the fourth scenario (i.e., scenario D), whose 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. 

Moreover, the prices of energy resources, costs of capacity expansions, amounts of 

energy demands and many other parameters of the IEES are uncertain and can be 

expressed as interval values. Therefore, the ILJCP-IEES model is introduced into the 

IEES to tackle LHS joint-probabilistic chance-constrained problems under uncertainty.  
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Table 5.2.1. Scenarios at representative joint and individual probabilities 
Probability A B C Da 

p 0.03 0.15 0.3 0 

p 0.01 1 0.05 0.1 0 

p 0.01 2 0.05 0.1 0 

p 0.01 3 0.05 0.1 0 

a: scenario D is a non-stochastic (ILP) scenario. 
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5.2.3.2 Results analysis 

To investigate the risks of violating the constraints and generate a range of decision 

alternatives, the results for the ILJCP-IEES model under four scenarios were analyzed 

and compared. Figure 5.2.2 presents the optimized solutions for energy resources 

allocation. These solutions are generally presented in deterministic and interval formats, 

demonstrating the impacts by the uncertain inputs (inexact parameters). Overall from 

scenarios A to D, the allocation plans for each type of energy carrier does not show 

significant difference. Results indicate that the energy carriers would be mainly supplied 

by domestic productions. Imports are only active when the local productions cannot meet 

demanding requirements. Among these energy carriers, coal would contribute the largest 

portion of energy in general, followed by natural gas and crude oil. The consumption of 

coal would be in a declining trend, along with decreasing domestic production and 

increasing exportation in the five planning periods. Similarly, the consumption of crude 

oil would also decrease (decreasing domestic production and increasing exportation). 

These trends are mainly attributable to the GHG mitigation measures which may increase 

system costs.  

In contrast, natural gas is considered as a relative clean energy resource. Its 

consumption, as shown in Figure 5.2.2, would be increasing over the planning horizon, 

with exportation decreasing (in 5 periods) and importation increasing (in the 5th

  

 period). 

The importations of refining products (i.e., gasoline and diesel) would become more 

active in the latter planning periods despite their higher costs than being produced 

domestically, since out-region refining may bring less GHG emissions to the region.  
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Figure 5.2.2. Solutions of energy-supplying activities in 5 planning periods 
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Regarding electricity, the region would become an import-dominant region (in 

period 4 and 5) from an export-dominant region (in period 1, 2 and 3). The consumptions 

of wheat (for ethanol production) and canola seed (for biodiesel production) would be in 

ascending trends in general. These variations in the latter planning periods are mainly 

attributable to the stronger GHG-mitigation constraints: (1) lower regional GHG-

emission targets; (2) less available carbon credits in carbon markets; (3) higher costs for 

compensating GHG emissions. 

Table 5.2.2 lists the solutions of electricity productions under different joint-

probability levels. It is indicated that the electricity generation are generally in 

deterministic format except for nuclear power generation. The electricity generated by 

coal and natural gas-powered technologies does not show obvious difference among the 

four predefined scenarios. Coal-powered electricity would be generally decreasing in the 

5 planning periods, corresponding to the declining trend of coal supply. Till the 5th period, 

the coal power production would be significantly low. In contrast, electricity productions 

by natural gas, hydro, solar, wind and nuclear-powered technologies would be in 

ascending trends overall. Compared to electricity productions in the 1st period, the 

increasing electricity demand in the 2nd

Table 5.2.2

 period would be mainly met by expanding hydro 

and nuclear power productions (  and Table 5.2.3). In the 3rd

Table 5.2.2

 period, the 

increasing electricity productions would be mainly realized by expanding renewable 

power productions (i.e., hydro, solar and wind) (  and Table 5.2.3). Meanwhile 

the power generation by coal-fired technology would be reduced from 37.84 to 30.30 PJ, 

constrained by GHG mitigation requirements. In the 4th period, no additional hydro-

power resource would be exploitable, and the expensive conversion technologies (e.g., 
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solar, wind and natural gas) would be expanded. With the strengthening of the GHG-

mitigation constraints and the increasing demand for electricity in the 5th

Table 5.2.2

 period, natural 

gas-power production would be expanded significantly through capacity expanding 

(  and Table 5.2.3); solar and wind power would still be increasing (smaller 

amounts compared to natural gas power). Meanwhile, natural gas exportation would be 

ceased, and importation would be initiated (Figure 5.2.2). Similar trends could also be 

found for capacity expansion planning of renewable power facilities (Table 5.2.3). In 

contrast, coal power production would be decreasing to fairly low level (i.e., 0.10 PJ) in 

order to meet the low GHG-emission target. 

Certain differences are demonstrated for the power generations and capacity 

expansions for renewable and nuclear power technologies under the 4 scenarios (Table 

5.2.2 and Table 5.2.3). With the decrease of satisfactory level from scenario A (p ≤ 0.03) 

to scenario C (p ≤ 0.30) and scenario D (ILP), the electricity generations by renewable 

technologies would be increasing in general, while that for nuclear power generation 

(lower bound and upper bound of interval) would be decreasing. For example, hydro-

power production in period 1 would be 13.93, 14.47, 14.76 and 15.77 PJ in scenario A, B, 

C and D; nuclear-power production in period 1 would be [43.41, 45.82], [42.84, 45.25], 

[42.53, 44.96] and [41.45, 43.86] PJ in scenario A, B, C and D, respectively. The 

renewable power generation in scenario D would be generally the highest among the 4 

scenarios, while nuclear power in the same scenario would be the lowest in general. 

Meanwhile, the solutions of capacity expansions for renewable power technologies 

demonstrate opposite variations (Table 5.2.3), decreasing from scenario A to scenario D 

in period 2, 3, 4 and 5. For example, the generation capacity for hydro power would be  
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Table 5.2.2. Solutions of electricity productions under different joint-probability levels 
Conversion 

technology 

Planning 

period 

Electricity production (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal 

1 37.84 37.84 37.84 37.84 

2 37.84 37.84 37.84 37.84 

3 30.30 30.30 30.30 30.30 

4 20.55 20.55 20.55 20.55 

5 0.10 0.10 0.10 0.10 

Natural gas 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.83 0.83 0.83 0.83 

5 29.96 29.96 29.96 29.96 

Hydro 

1 13.93 14.47 14.76 15.77 

2 16.11 16.08 16.06 15.98 

3 22.50 22.50 22.50 22.50 

4 22.50 22.50 22.50 22.50 

5 22.50 22.50 22.50 22.50 

Solar 

1 0.56 0.58 0.59 0.63 

2 0.56 0.58 0.59 0.63 

3 5.10 5.10 5.10 5.10 

4 5.43 5.43 5.43 5.43 

5 5.81 5.81 5.81 5.81 
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Wind 

1 0.42 0.43 0.44 0.47 

2 0.42 0.43 0.44 0.47 

3 4.84 4.84 4.84 4.84 

4 5.17 5.17 5.17 5.17 

5 5.56 5.56 5.56 5.56 

Nuclear 

1 [43.41, 45.82] [42.84, 45.25] [42.53, 44.96] [41.45, 43.86] 

2 [50.00, 52.71] [50.00, 52.71] [50.00, 52.71] [50.00, 52.71] 

3 [50.00, 53.01] [50.00, 53.01] [50.00, 53.01] [50.00, 53.01] 

4 [50.00, 53.31] [50.00, 53.31] [50.00, 53.31] [50.00, 53.31] 

5 [50.00, 53.31] [50.00, 53.31] [50.00, 53.31] [50.00, 53.31] 
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Table 5.2.3. Solutions of conversion capacities under different joint-probability levels 

Technology 
Planning 

period 

Power generation capacity (GW) 

Scenario A Scenario B Scenario C Scenario D 

Coal 

0 1.20 1.20 1.20 1.20 

1 1.20 1.20 1.20 1.20 

2 1.20 1.20 1.20 1.20 

3 1.20 1.20 1.20 1.20 

4 1.20 1.20 1.20 1.20 

5 1.20 1.20 1.20 1.20 

Natural gas 

0 0.60 0.60 0.60 0.60 

1 0.60 0.60 0.60 0.60 

2 0.60 0.60 0.60 0.60 

3 0.60 0.60 0.60 0.60 

4 0.60 0.60 0.60 0.60 

5 0.95 0.95 0.95 0.95 

Hydro 

0 0.50 0.50 0.50 0.50 

1 0.50 0.50 0.50 0.50 

2 0.58 0.56 0.54 0.51 

3 0.81 0.78 0.76 0.71 

4 0.81 0.78 0.76 0.71 

5 0.81 0.78 0.76 0.71 

Solar 
0 0.020 0.020 0.020 0.020 

1 0.020 0.020 0.020 0.020 
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2 0.020 0.020 0.020 0.020 

3 0.183 0.176 0.173 0.162 

4 0.195 0.188 0.184 0.172 

5 0.209 0.201 0.197 0.184 

Wind 

0 0.015 0.015 0.015 0.015 

1 0.015 0.015 0.015 0.015 

2 0.015 0.015 0.015 0.015 

3 0.174 0.167 0.164 0.153 

4 0.186 0.179 0.175 0.164 

5 0.199 0.192 0.188 0.176 

Nuclear 

0 0.70 0.70 0.70 0.70 

1 [1.38, 1.45] [1.36, 1.43] [1.35, 1.43] [1.31, 1.39] 

2 [1.59, 1.67] [1.59, 1.67] [1.59, 1.67] [1.59, 1.67] 

3 [1.59, 1.68] [1.59, 1.68] [1.59, 1.68] [1.59, 1.68] 

4 [1.59, 1.69] [1.59, 1.69] [1.59, 1.69] [1.59, 1.69] 

5 [1.59, 1.69] [1.59, 1.69] [1.59, 1.69] [1.59, 1.69] 
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0.58, 0.56, 0.54 and 0.51 GW in period 2 under scenarios A, B, C and D, respectively. It 

shows that more electricity could be generated by unit conversion capacity of these 

technologies with the increase of joint probability. These variation trends for the 

predefined scenarios are mainly attributable to varying weather conditions that are 

associated with different system safety levels. These trends would indicate that an 

increased level of joint probability corresponds to a relaxed decision domain, which 

results in larger available factor ( ,t cAF ) (Figure 5.2.3). However, although the parameters 

in scenario D (an ILP model) would be treated as at the lowest level of joint probability, 

the corresponding standard variation would be zeros as well. Thus, the LHS parameters 

in ILP would become the largest ( , 1t cAF = ), which relaxed its decision domain to the 

most degree. Thus, it was reasonable that the ILP would have the lowest generation 

capacities but the highest electricity productions among all scenarios. As to nuclear 

power technology, it would not be affected by regular weather variations. However, its 

production would be lower in high-p-level scenarios, since the increased electricity by 

renewable technologies needs to be deducted in order to meet the unchanged electricity 

demand. Correspondingly, the capacity expansion would demonstrate the similar 

variation (smaller capacity in high-p-level scenarios) as electricity production.  
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Figure 5.2.3. Probability distribution and cumulative density distribution of an available 
factor 
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Figure 5.2.4 presents the solutions for processing technologies in the 5 planning 

periods. The decision schemes for the processing technologies would not show obvious 

difference among the four scenarios. Since the processing technologies for refining, 

ethanol production and biodiesel production are exclusively employing feedstock of 

crude oil, wheat and canola seed, the energy processing in the planning periods would 

demonstrate the similar trends as the resources allocation plans: refining would be 

decreasing; ethanol and biodiesel processing would be generally increasing. The 

increasing demands for refining products (e.g., gasoline and diesel) would be met mainly 

through increasing importation (Figure 5.2.2). As to capacity expansions, similar trends 

would be demonstrated. No added refining capacity is planned since the refining 

production would be decreasing. In contrast, the capacities for ethanol and biodiesel 

productions would be increased in order to meet the increasing ethanol and biodiesel 

demands (Table 5.2.4). The ethanol production would remain stable in the first 4 periods, 

since the incremental gasoline demand would be mainly satisfied through importation 

(already blended with certain percent of ethanol). With the continuous increase of 

gasoline price in the market, local ethanol production would be triggered in the latter 

period (when the high capacity-expansion cost is relative acceptable), leading to a 

significant increase of ethanol production and an increased blending ratio in the last 

period (Figure 5.2.4).  
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Figure 5.2.4. Solutions of energy-processing activities in 5 planning periods 
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Table 5.2.4. Solutions of processing capacities under different joint-probability levels 

 

  

Conversion 

technology 

Planning 

period 

Capacity of conversion technology (GW) 

Scenario A Scenario B Scenario C Scenario D 

Refinery 

0 25.00 25.00 25.00 25.00 

1 25.00 25.00 25.00 25.00 

2 25.00 25.00 25.00 25.00 

3 25.00 25.00 25.00 25.00 

4 25.00 25.00 25.00 25.00 

5 25.00 25.00 25.00 25.00 

Ethanol 

0 0.10 0.10 0.10 0.10 

1 0.19 0.19 0.19 0.19 

2 0.19 0.19 0.19 0.19 

3 0.19 0.19 0.19 0.19 

4 0.19 0.19 0.19 0.19 

5 [0.44, 0.46] [0.44, 0.46] [0.44, 0.46] [0.44, 0.46] 

Biodiesel 

0 0.02 0.02 0.02 0.02 

1 [0.53, 0.57] [0.53, 0.57] [0.53, 0.57] [0.53, 0.57] 

2 [0.59, 0.63] [0.59, 0.63] [0.59, 0.63] [0.59, 0.63] 

3 [0.64, 0.68] [0.64, 0.68] [0.64, 0.68] [0.64, 0.68] 

4 [0.69, 0.73] [0.69, 0.73] [0.69, 0.73] [0.69, 0.73] 

5 [0.75, 0.79] [0.75, 0.79] [0.75, 0.79] [0.75, 0.79] 
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Figure 5.2.5 and Table 5.2.5 illustrate the solutions of heat generations and heating 

capacity expansions. It is demonstrated that the results are generally in deterministic 

format, owing to the deterministic input of heating demands. The production plans for 

each heating technology do not shown obvious difference in the 4 scenarios. It is also 

shown that the total heat production would increase in the 5 planning periods. The 

increasing heating demands from period 1 to 2 would be satisfied by both coal and 

natural gas-fired heating technologies. From period 2 to 3, the incremental heating 

demand would be mainly attributable to coal heating technology. From period 3 to 5, the 

increased heat would be mainly contributed by natural gas heating technology, due to the 

strengthening of GHG-mitigation constraints (Figure 5.2.5). As to heating capacity 

expansion, the incremental heat production by coal heating technology would be mainly 

carried out through expanding current heating capacity (Table 5.2.5). In contrast, the 

production by natural gas heating technology would be based on existing heating capacity 

in the first 4 periods. In the 5th

  

 period, new heating capacity would be expanded, since the 

residual heating capacity would not be able to provide sufficient heat.  
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Figure 5.2.5. Solutions of heat productions in 5 planning periods 
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Table 5.2.5. Solutions of heating capacities under different joint-probability levels 

Heating 

technology 

Planning 

period 

Capacity of heating technology (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal 

0 40.00 40.00 40.00 40.00 

1 40.00 40.00 40.00 40.00 

2 44.20 44.20 44.20 44.20 

3 59.35 59.35 59.35 59.35 

4 59.35 59.35 59.35 59.35 

5 59.35 59.35 59.35 59.35 

Natural gas 

0 35.00 35.00 35.00 35.00 

1 35.00 35.00 35.00 35.00 

2 35.00 35.00 35.00 35.00 

3 35.00 35.00 35.00 35.00 

4 35.65 35.65 35.65 35.65 

5 50.65 50.65 50.65 50.65 
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Figure 5.2.6 and Table 5.2.6 illustrate the solutions for demanding activities in the 5 

planning periods. These results are basically presented in deterministic format, being 

affected by pre-set deterministic demands from these sectors. Under scenarios from A to 

D, the energy demand and demanding capacity of each sector would not show obvious 

difference. Figure 5.2.6 indicates that energy demands from the 5 demanding sectors (i.e., 

industrial, commercial, residential, agricultural and transportation sectors) would be 

basically in ascending trends. The demanded energy would be mainly consumed by the 

relevant demanding technologies, which would be expanded (Table 5.2.6) when the 

demanding requirements cannot be met by the residual capacities in the relevant sectors. 

For example, the energy demands from commercial sector would be in a steady 

increasing trend (from around 60 PJ to 100 PJ) in the 5 planning periods (Figure 5.2.6). 

The relevant energy would be mainly consumed by the residual demanding technology in 

the first 2 periods. From the 3rd

  

 period, the incremental energy demand would be 

consumed by expanded demanding capacity. In general, the expansions of demanding 

technology capacities would be mainly determined by the energy demands and 

availability of current residual capacity. 
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Figure 5.2.6. Solutions of energy demands from different sectors 
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Table 5.2.6. Solutions of demand-technology capacities under different joint-probability 
levels 

Technology 
Planning 

period 

Capacity of demanding technology (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Industrial 

0 120.00 120.00 120.00 120.00 

1 120.00 120.00 120.00 120.00 

2 120.00 120.00 120.00 120.00 

3 120.00 120.00 120.00 120.00 

4 120.00 120.00 120.00 120.00 

5 130.00 130.00 130.00 130.00 

Commercial 

0 75.00 75.00 75.00 75.00 

1 75.00 75.00 75.00 75.00 

2 75.00 75.00 75.00 75.00 

3 80.00 80.00 80.00 80.00 

4 90.00 90.00 90.00 90.00 

5 100.00 100.00 100.00 100.00 

Residential 

0 70.00 70.00 70.00 70.00 

1 75.00 75.00 75.00 75.00 

2 85.00 85.00 85.00 85.00 

3 95.00 95.00 95.00 95.00 

4 105.00 105.00 105.00 105.00 

5 115.00 115.00 115.00 115.00 

Agricultural 
0 25.00 25.00 25.00 25.00 

1 25.00 25.00 25.00 25.00 
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2 25.00 25.00 25.00 25.00 

3 25.00 25.00 25.00 25.00 

4 25.00 25.00 25.00 25.00 

5 25.00 25.00 25.00 25.00 

Transportation 

0 95.00 95.00 95.00 95.00 

1 95.00 95.00 95.00 95.00 

2 95.00 95.00 95.00 95.00 

3 95.00 95.00 95.00 95.00 

4 100.00 100.00 100.00 100.00 

5 110.00 110.00 110.00 110.00 
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Table 5.2.7 shows the solutions of GHG-emission compensations in the 5 planning 

periods. The compensations would be realized mainly through conducting carbon 

capture-storage and implementing carbon trade in regional and/or international carbon 

markets. Results demonstrate no significant difference among the 4 scenarios. The 

compensation amounts would be increasing in the planning horizon. The emission 

compensation amount would vary from 0 ktonne in period 1 and 2 to [2100.00, 2300.00] 

ktonnes in period 5, indicating that the GHG-mitigation constraints are relative slack in 

the first two planning periods, and become gradually strengthened in the latter periods. 

The strengthening of GHG-mitigation constraints would result in reducing supply of 

high-CO2

Table 5.2.8

-emission energy resources and increasing supply of relative clean energy 

resources in the planning periods. The results of GHG-emission compensations are 

mostly in interval formats. The lower bounds of the interval solutions (i.e., 0, 1000 and 

2100 ktonnes for period 3, 4 and 5, respectively) would be inclined to be adopted when 

the energy allocation plans are in low demand/consumption patterns, and vice versa. 

 presents the expected system costs for the system activities over the 

entire planning horizon. It is shown that the costs for power generations and related 

capacity expansions would demonstrate decreasing trends from scenario A to D, 

corresponding to their possibility levels that associated with renewable energy utilizations. 

These variations account for over 10 percent of the related renewable energy-activities, 

although they seem relative low compared with other energy-activities. The results for 

other activities would not demonstrate noticeable differences among the 4 scenarios. It is 

shown that the results are generally in interval formats, indicating the interactive impacts 

by the uncertain system inputs. The lower-bound of the system cost interval could be   
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Table 5.2.7. Solutions of GHG-emission compensations under different joint-probability 
levels 

Planning 

period 

Compensated GHG-emission (ktonnes) 

Scenario A Scenario B Scenario C Scenario D 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 [0.00, 575.90] [0.00, 575.92] [0.00, 575.90] [0.00, 575.92] 

4 [1000.00, 1550.50] [1000.00, 1550.51] [1000.00, 1550.50] [1000.00, 1550.51] 

5 [2100.00, 2300.00] [2100.00, 2300.00] [2100.00, 2300.00] [2100.00, 2300.00] 
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Table 5.2.8. Costs of system activities over the entire planning horizon under different joint-probability levels 

System activity 
Activity cost (million $) 

Scenario A Scenario B Scenario C Scenario D 

Energy supply [17806.54, 22145.78] [17806.54, 22145.78] [17806.54, 22145.78] [17806.54, 22145.78] 

Energy processing [1217.13, 1352.26] [1217.13, 1352.26] [1217.13, 1352.26] [1217.13, 1352.26] 

Power generation [243.84, 296.20] [243.72, 296.08] [243.65, 296.01] [243.43, 295.78] 

Heat production [160.65, 216.19] [160.65, 216.19] [160.65, 216.19] [160.65, 216.19] 

Energy demand [61.21, 71.49] a [61.21, 71.49] [61.21, 71.49] [61.21, 71.49] 

Capacity expansion [9214.40, 9904.02] [9148.13, 9831.71] [9114.75, 9795.30] [9006.62, 9677.35] 

GHG mitigation  [233.90, 342.09] [233.90, 342.09] [233.90, 342.09] [233.90, 342.09] 

Entire system [28937.67, 34328.03] [28871.27, 34255.61] [28837.83, 34219.13] [28729.47, 34100.94] 

a: Energy demand costs are the costs for delivering/transmitting energy carriers to different demanding sectors. 
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achieved when the energy-activity costs are approaching their lower-bound values, and 

vice versa. For example, the system cost in scenario A could be obtained as 228937.67 

million $ when the costs for energy supply, energy processing, power generation, heat 

production, energy demand, capacity expansion and GHG mitigation activities are 

approaching 17806.54, 1217.13, 243.84, 160.65, 61.21, 9214.40 and 233.90 million $, 

respectively.  

 

5.2.4 Discussion 

In IEES management problems, uncertainties commonly exist in many energy-

related parameters and processes. Some uncertainties can be quantified as interval values 

(e.g., energy resource costs, conversion/processing capacities, energy demands) or 

stochastic distributions (availability factors associated with renewable energy utilization), 

and could not be satisfactorily addressed by deterministic programming methodologies. 

Through integrating methodologies of ILP, LHSCCP and JPP into the IEES management 

framework, uncertainties presented as not only interval numbers and LHS random 

variables but also the reliability of satisfying (or risk of violating) the entire system 

constraints could be effectively addressed. Relevant complexities could be interactively 

reflected in the system results under different scenarios, based on which sets of decision 

schemes could be generated correspondingly.  

Compared with the conventional ILP-based IEES model, ILJCP-IEES model has an 

advantage in dealing with dual uncertainties in parameters and decision variables as well 

as robustness in controlling the overall system risk. It not only enables addressing random 

variation in LHS of system constraints, but also facilitates the management of the 



 

256 
 

associated risk of the entire system. This study is the first attempt in planning an IEES 

through the ILJCP approach. The results suggest that this hybrid technique is applicable 

and can effectively deal with LHS joint-probabilistic chance-constrained decision 

problems within IEES under dual uncertainties. Particularly, it showed the suitable 

application in renewable energy resources management and the relevant system risks 

control. The successful development and application of the ILJCP-IEES model 

demonstrated that the approach has the potential in integrating and tackling multiple 

uncertainties in not only IEES but also other environmental management problems.  
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5.3 Interval Joint-probabilistic Chance-constrained Programming with Two-side 

Multi-randomness: An Application to Energy-Environment Systems 

Management 

 

The objective of this study is to develop an interval joint-probabilistic two-side 

chance-constrained programming (IJTCP) model for the planning of IEES. This objective 

entails: (i) developing an IJTCP approach through integrating interval linear 

programming, chance-constrained programming and joint-probabilistic programming 

techniques into a general IEES planning framework; (ii) proposing a non-equivalent but 

sufficient linearization form for IJTCP in order to present an efficient solution algorithm 

to the inexact two-side CCP problem; and (iii) applying the developed IJTCP approach to 

a hypothetical case to demonstrate its capability in providing decision bases for IEES 

planning and GHG-emission mitigation under dual uncertainties.  

 

5.3.1 Model development  

5.3.1.1 Two-side chance-constrained programming model (TCP) 

In many linear optimization problems, multiple left-hand-side parameters (ai,j) and 

right-hand-side parameters (bi,k) of the constraints could be expressed as random 

parameters with normal distributions. The related constraints are satisfied at certain 

probabilities (1-pi

 

). A corresponding tow-side chance-constrained programming model 

can be formulated as follows: 

1
 

J

j j
j

Max f c x
=

= ∑           (5.3.1.0) 
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subject to: 

( ) ( ), ,
1 1

Pr 1
J K

i j j i k i
j k

a x b pω ω
= =

 
≤ ≥ − 

 
∑ ∑ , for i = 1, 2, …, I    (5.3.1.1) 

ai,j(ω) ~ N(μai,j, σai,j
2) where σai,j ≥ 0, for i = 1, 2, …, I and j = 1, 2, …, J    

bik(ω) ~ N(μbi, σbi
2) where σbi ≥ 0, for i = 1, 2, …, I     (5.3.1.2) 

xj ≥ 0, for j = 1, 2, …, J           (5.3.1.3) 

where f  is a linear objective function, jx  is an decision variable, jb  
jcand  are real-

number parameters.   

 

5.3.1.2 Interval Joint-probabilistic TCP (IJTCP) 

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 (Sun et al., 2012). 

Thus, an interval joint-probabilistic TCP (IJTCP) model can be formulated as follows: 

 

1
 

J

j j
j

Max f c x± ± ±

=

= ∑             (5.3.2.0) 

subject to: 

( ) ( ), ,
1 1

Pr  1
J K

i j j i k i
j k

a x b pω ω±

= =

 
≤ ≥ − 

 
∑ ∑ , for i = 1, 2, …, I     (5.3.2.1) 

ai,j(ω) ~ N (μai,j, σai,j
2

b

), for i = 1, 2, …, I and j = 1, 2, …, J          (5.3.2.2) 

i(ω) ~ N (μbi, σbi
2

1

m

i
j

p p
=

≤∑

), for i = 1, 2, …, I        (5.3.2.3) 

                    (5.3.2.4) 
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0jx± ≥ , for j = 1, 2, …, I                                                (5.3.2.5) 

where ±f  is a linear objective function with interval values, jx±  is an interval decision 

variable, jb±  
jc±and  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.  

 

5.3.1.3 Linearization of inexact two-side chance constraints 

In nature, model (5.3.2) is an interval-parameter nonlinear programming model, 

which can hardly be solved through general arithmetic algorithms. Thus, an 

approximated linearization form of IJTCP is desired in order to address the nonlinear and 

interval-parameter problem. Since ( ),
1

K

i k
k

b ω
=

∑ ~ 2
, ,

1 1
,

K K

bi k bi k
k k

N µ σ
= =

 
 
 
∑ ∑ , the right-hand-side 

parameter ( ),
1

K

i k
k

b ω
=

∑  could be treated as a new random parameter ( )ib ω with ,
1

K

bi bi k
k

µ µ
=

= ∑  and 

2
,

1

K

bi bi k
k

σ σ
=

= ∑ , constraint (5.3.2.1) is equivalent to 

 

( ) ( ),
1

Pr 0 1
J

i j j i i
j

a x b pω ω±

=

 
− ≤ ≥ − 

 
∑ , for j = 1, 2, …, J     (5.3.3.1) 

 

Constraint left-hand side, 

( ) ( ),
1

J

i j j i
j

a x bω ω±

=

−∑  ~ N 2 2 2
, ,

1 1
,

J J

ai j j bi ai j j bi
j j
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∑ ∑            (5.3.3.2)  

ai,j(ω) ~ N (μai,j, σai,j
2

b

), for i = 1, 2, …, I and j = 1, 2, …, J     

i(ω) ~ N (μbi, σbi
2), for i = 1, 2, …, I          
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Thus, we have  

( ) ( ), ,
1 1

2 2 2
,

1
 

J J
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j j

J
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±
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+

∑ ∑

∑
 ~ N (0, 1)               (5.3.3.3) 

 

Based on (5.3.3.3), the inequation (5.3.3.1) could be converted into 

( ) ( ), , ,
1 1 1

2 2 2 2 2 2
, ,

1 1

Pr 1
  

J J J
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iJ J
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σ σ σ σ
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= = =

± ±
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− − − −    

     ≤ ≥ − 
 + + 
 

∑ ∑ ∑

∑ ∑
     (5.3.3.4) 

 

Denote the cumulative distribution function (CDF) of a standard normally distributed 

random variable d(ω) (i.e., d(ω) ~ N(0, 1)) as Φ(x). It can be formulated as 

( ) ( ){ } ( )2t /21Pr e  d
2

x
x d x tω

π
−

−∞
Φ = ≤ = ∫                         (5.3.3.5) 

 

As for the inequation (5.3.3.4), we can have 
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(5.3.3.6) 

and 
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Let the inverse function of Φ(x) be denoted as Φ-1(x). The CDF Φ(x) is a monotonic 

increasing function, so is Φ-1

 

(x). Thus, the inequation (5.3.3.7) is equivalent to 

( )
,

11 1

2 2 2
,

1

1
 

J

bi ai j j
j

iJ

ai j j bi
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x
p

x
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=

  
 − 
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  +    

∑

∑
             (5.3.3.8) 

i.e., ( )
,

1 1

2 2 2
,

1

1
 

J

bi ai j j
j
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ai j j bi
j

x
p

x

µ µ

σ σ

±

= −

±
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−
≥ Φ −

+

∑

∑
              (5.3.3.9) 

where ( )1 1 ip−Φ − could be approximated from the numerical integration of equation 

(5.3.3.5) given the values of pi

 

. For any i ϵ {1, 2, …, I}, the constraint (5.3.2.2) would be 

equivalent to 

( )1 2 2 2
, ,

1 1
1  

J J

ai j j i ai j j bi bi
j j

x p xµ σ σ µ± − ±

= =

+ Φ − ⋅ + ≤∑ ∑              (5.3.3.10) 

 

Inequation (5.3.3.10) is a nonlinear function, which is caused by the nonlinearity of 

2 2 2
,

1
 

J

ai j j bi
j

xσ σ±

=

+∑ . When σai,j ≥ 0, σbi ≥ 0, xj ≥ 0, i ϵ {1, 2, …, I} and j ϵ {1, 2, …, J}, we 

have 

2 2 2
, ,

1 1
 

J J

ai j j bi ai j j bi
j j

x xσ σ σ σ± ±

= =

+ ≤ +∑ ∑                     (5.3.3.11) 

Meanwhile, when 0.5ip ≤ , we have ( )1 1 0, 0.5)i ip p−Φ − ≥   ( ≤ . Thus, a sufficient 

condition for inequation (5.3.3.10) would be 
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( )1
, ,

1 1
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J J

ai j j i ai j j bi bi
j j

x p xµ σ σ µ± − ±
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∑ ∑                   (5.3.3.12) 

 

which is equivalent to the following linear inequation 
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Furthermore, since
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σ σ
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= ∑ , constraint (5.3.3.13) is equivalent 
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5.3.1.4 Linearization form of IJTCP 

Therefore, the IJTCP model (Model 2) would be transformed into an inexact linear 

programming model that could be formulated as follows: 
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j j
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0jx± ≥ , for j = 1, 2, …, J            (5.3.4.3) 

 

5.3.2 Solution method 

Figure 5.3.1 shows the general framework of the IJTCP model whose objective is 

to be minimized. It is based on two optimization techniques namely ILP and CCP. Each 

technique has a unique contribution in enhancing the model’s capability in dealing with 

system uncertainties. In detail, the probability distributions are addressed through CCP, 

and the uncertainties presented as discrete intervals are reflected through ILP. The 

solution process will begin with the transformation of IJTCP model (2) into its 

approximated linear form model (4). Then, model (4) can be solved through transforming 

into two deterministic sub-models corresponding to the lower and upper bounds of the 

objective function (Huang et al., 1992; Sun et al., 2012). The model solution (decision 

variables and objective function values) will be presented as deterministic numbers and 

discrete intervals at various levels of constraint satisfaction. The detailed solution 

algorithm of the IJTCP model with the objective being minimized is presented in a 

pseudo-code format as follows: 

Step 1: Formulate an IJTCP 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 chance constraints to their approximated linear forms. 
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Step 5: Reformulate the linear form of IJTCP model into two IJTCP sub-models 

through the two-step algorithm. 

Step 6: Solve the lower bound sub-model corresponding to f −  firstly, if the 

objective function is to be minimized; or solve the upper bound sub-model corresponding 

to f +
 firstly, if the objective function is to be maximized. 

Step 7: Incorporate the solutions from the lower bound (first) sub-model (Step 6) 

into the upper bound (second) sub-model, and solve the second sub-model. 

Step 8: Integrate solutions from the lower bound and upper bound sub-models in 

Steps 6 and 7, and the final solutions would be obtained as  and 

. 

Step 9: Stop. 

 

5.3.3 Case study 

5.3.3.1 Overview of the study system 

A hypothetical IEES planning problem is constructed to demonstrate applicability 

of the developed IJTCP model. In such a planning problem, decision schemes are 

required for a five-period (5 years each) planning horizon for energy/environment related 

activities, including energy supply, energy processing, electricity conversion, heat 

generation, energy demand, capacity expansion and GHG-emission mitigation. As shown 

in Figure 5.2.1, energy resources supply includes renewable energy resources (i.e., wind, 

solar, hydro and biomass) and non-renewable energy resources (i.e., coal, oil, natural gas 

and nuclear). Energy processing facilities provide sufficient capacities in oil refining, and  

,opt opt optf f f± − + =  

,opt opt optx x x± − + =  
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Figure 5.3.1. Schematic of the IJTCP   

Interval-parameter 
programming  

 

Chance-constrained 
programming  

 

Discrete 
intervals 

 

Probability 
distributions 

 

Optimal solutions  
 

IJTCP lower bound 
sub-model 

IJTCP upper bound 
sub-model 

Solutions of lower 
bound sub-model 

 

Solutions of upper 
bound sub-model 

 

Linearization of IJTCP Model 
 

IJTCP Model 

Joint probability 
information 

 

Uncertain information 



 

266 
 

ethanol and biodiesel productions. Central heating facilities are adopted for heat 

generations through coal and natural gas-fired technologies All these energy supplies, 

electricity and heat are supplied to demanding technologies and end users. Energy 

demands can be classified into residential, commercial, industrial, agricultural and 

transportation uses. When mined resources cannot meet demands, imports become 

necessary. When the production of the mined energy or the refined fuel is greater than 

domestic demands and the export price is attractive, exports become possible. When the 

demands for generation, processing, heating and/or demanding capacities cannot be met 

by the residual facilities, facility expansions are required. Meanwhile, fuel consumptions 

inevitably result in an environmental problem, generation of GHG emissions (mainly 

CO2

Chan et al., 2012

), which can be mitigated through a series of management and technology measures 

( ; Farrell et al., 2006; Webster et al., 2010). These measures include a) 

encouraging utilization of renewable energy resources; b) introducing CO2

Among the variety of energy resources, coal accounts for a significant portion, 

although it is relatively "dirty” compared to other resources. Coal reserves in the region 

are able to provide stable coal supply for more than five planning periods. Most of the 

production would be used for electricity generation and heat generation, while the 

surpluses are exported to adjacent regions. Coal importation is also allowable under 

certain planning conditions (i.e., temporary large amount of consumption). Another 

significant energy resource, crude oil is utilized after being refined into energy products 

such as gasoline, diesel and natural gas. The maximum oil production is assumed to 

 capture-

storage technologies and facilities; c) implementing carbon trade in regional and/or 

international carbon markets. 
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remain stable in periods 1 to 5. The major portion of natural gas is used for electricity 

generation and heating. The generated electricity is cleaner than coal in terms of the 

generation of GHG and air pollutants in spite of its higher cost. It can be classified into 

non-associated natural gas and associated gas. Non-associated gas comes directly from 

natural gas wells, and its cost is only incurred in exploration, processing, transportation 

and distribution. Associated gas, a by-product of oil production, is accounted for in the 

crude oil sector. Nuclear electricity is also produced at a high cost, partly due to safety 

concerns.  

Renewable energy resources such as hydro, wind, solar and biomass (e.g., wheat, 

canola seed) are mostly utilized to produce electricity, ethanol and biodiesel. Hydropower 

is a major source of electricity that has lower cost compared to other renewable resources. 

Wind power is produced at a considerably higher cost than being produced from fossil-

fuel resources. Solar power is another option that can be used to meet power demands 

despite its higher cost. Refinery technologies are used to separate crude oil components. 

The input streams are crude oil and electricity. The output streams include refined 

petroleum products, such as gasoline, diesel and methane. Biomass processing 

technologies are included in the IEES as well. Biomass 1, wheat is processed to produce 

ethanol by relevant facilities. Generated ethanol is mainly used for gasoline blending in 

the region, where a mandatory blend ratio ( ≥ 10%) is applied for all gasoline sold in the 

regional markets. Another type of biomass, canola seed is used for biodiesel production. 

A mandatory blend ratio ( ≥ 2%) is applied for all diesel sold in the regional markets. 

However, the high production costs of ethanol and biodiesel limit their uses. To promote 

production and utilization of biomass products, subsidy measures are provided.  
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Utilizations of hydro, wind and solar resources are highly associated with 

weather/climatic conditions, which may demonstrate random variations over a multi-year 

horizon. It is assumed that there are sufficient historical records for quantifying the 

distributions of available resources for each technology. Thus the conversion factor could 

be assumed as random variables with normal distributions, which we assume μij = 1, 1, 1 

and σij

Table 5.3.1

 = 0.12, 0.02, 0.05 for the electricity productions by the hydro, wind and solar 

power technologies, respectively. Meanwhile, power demands from commercial and 

residential sectors are assumed as random variables with normal distributions, due to 

their sensitivity to weather/climatic variations. The electricity productions that associated 

with such variations are generally formulated on the left-hand-side of constraints. The 

power demands are normally formulated on the right-hand sides of the constraints. The 

overall requirement of system safety level may impose a joint-probabilistic level over 

these constraints ( ). Moreover, many parameters of the IEES such as the 

prices of energy resources, costs for capacity expansions, amounts of energy demands are 

uncertain and can be expressed as interval values. Therefore, the IJTCP model is 

introduced into the IEES to tackle the joint-probabilistic two-side chance-constrained 

problems under uncertainties.  
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Table 5.3.1. Scenarios at representative joint and individual probabilities 
Probability A B C Da 

p 0.04 0.20 0.40 0 

p 0.01 1 0.05 0.10 0 

p 0.01 2 0.05 0.10 0 

p 0.01 3 0.05 0.10 0 

P 0.01 4 0.05 0.10 0 

a: scenario D is a non-stochastic (ILP) scenario. 
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5.3.3.2 Application of the IJTCP model 

To tackle the above IEES planning problem, the proposed IJTCP model is applied. 

The objective function is to minimize the net system cost while the decision variables 

represent action plans in energy supply, energy processing, electricity conversion, heat 

production, capacity expansion and GHG-emission mitigation. These activities are 

subject to a series of economic, technical, and policy constraints. GHG mitigation 

constraints (5.3.5.1 to 5.3.5.3) set the allowable total GHG emission for energy 

consumption activities, ensuring the declining trend of GHG emission, and keep the 

supply-demand balance of carbon trading in the 5 periods. The mass balance constraints 

(5.3.5.4 to 5.3.5.5) ensure the balances of energy (energy carriers and electricity) flows in 

the IEES. Capacity constraints (5.3.5.6 to 5.3.5.10) ensure the installed capacity can 

provide sufficient output/production to meet the increasing demands for electricity (i.e., 

renewable and traditional power conversion technologies), refining/biofuel products (i.e., 

gasoline, diesel, ethanol and biodiesel) and heat (i.e., coal heating and natural gas 

heating). Decision variables for capacity expansions are presented in both continuous and 

integer formats, reflecting the dynamic system variations. Demand constraints (5.3.5.11 

to 5.3.5.13) ensure the heat and biofuel production can meet the end-use and fuel 

blending (i.e., ethanol and biodiesel) demands, respectively. In addition, lower and upper-

bound constraints (5.3.5.14 to 5.3.5.19) describe the availabilities of the various resources 

and capacities in each planning period.  

Energy resources allocations and demands of the IEES are susceptible to multiple 

factors (e.g., weather, technical, economic and policy). Variations associated with 

weather/climate change are mainly discussed in this study. Due to the random 
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weather/climatic (e.g., solar radiation, wind force, precipitation and temperature) 

variations in future, the power generations by solar, wind and hydro technologies would 

generally demonstrate normal distributions. To reflect such variations in the model, 

conversion factors ( ( )cCF ω ) that are associated with random weather/climate variations, 

are introduced into the left-hand-sides of model constraints (5.3.5.5 and 5.3.5.6). 

Meanwhile, the electricity demands from residential and commercial sectors are 

also susceptible 

, ,' ' ( )t d eleDM ω

to weather/climatic (i.e., temperature) variations (e.g., electricity 

consumption associated with air conditioning utilization). Such electricity demands 

( ) are assumed to be in normal distributions, and could be reflected on the 

right-hand-sides of model constraints (5.3.5.5).  
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(5.3.5.0) 

subject to: 

 

(a) GHG-emission mitigation constraints 

, , ,g t s g t t
s g

Em XS EMTGT Xem t± ± ± ±⋅ ≤ + ∀∑∑       (5.3.5.1) 
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1, , , , ,g t s g g t s g
s g s g

Em XS Em XS t± ± ± ±
+⋅ ≤ ⋅ ∀∑∑ ∑∑       (5.3.5.2) 

,t tXem UPcrdt t± ±≤ ∀          (5.3.5.3) 

 

(b) Mass balance constraints 
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(c) Capacity constraints of technologies 
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(d) Demand constraints 

, , ," " 0,t h t d th z
h d

XH DM t± ±− ≥ ∀∑ ∑       (5.3.5.11) 

, ,0.02 ,t bdsl t bdslXS XS t± ±≥ ∀        (5.3.5.12) 

, ,0.1 ,t etnl t etnlXS XS t± ±≥ ∀        (5.3.5.13) 

 

(e) Lower- and upper-bound constraints 
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 (f) Technical constraints 

, ,t s eXS ± , ,t rXP± , ,t cXE± , ,t hXH ± , tXEI ± , tXEE± and , 0t lY ± ≥     (5.3.5.20) 

, ,t k mYI ± = integer, , ,t k m∀        (5.3.5.21) 

where  

, ,i k mYI ± − integer decision variables representing capacity expansion options;  

,i lY ± − non-integer decision variables representing capacity expansion options;  
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ci − set of conversion technologies of integer expansion options;  

k − set of technologies with integer expansion options;  

l − set of technologies with non-integer expansion options; m − capacity scales of 

technologies;  

a − set of all technologies;  

( )cCF ω − conversion factor of renewable power technology c;  

, ,' ' ( )t d eleDM ω  − electricity demand from sector d in time t (PJ). 

 

5.3.4 Results analysis 

To investigate the risks of violating the constraints and generate a range of decision 

alternatives, the results under 4 typical scenarios (i.e., A, B, C and D) were analyzed and 

compared. Scenarios A, B and C were designed at three increasing joint probabilities 

(0.04, 0.20 and 0.40) as shown in Table 5.3.1. At each level of joint probability, 

individual probabilities were kept all the same as 1/4 of the joint probability (i.e., 0.01, 

0.05 and 0.10 in scenario A, B and C, respectively). In addition, an ILP-based IEES 

model was designed as the fourth scenario (i.e., scenario D), whose 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 5.3.2 presents the optimized solutions for energy supplying activities under 

different joint-probability levels. These solutions are generally presented in deterministic 

and interval formats, showing the impacts by the interval-parameter inputs. Among these 

energy carriers, coal, natural gas and oil would contribute the largest portion of energy 

supply, followed by imported gasoline, biomass 2 (i.e., canola seed), imported diesel and 
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biomass 1 (i.e., wheat). Coal consumption would be in a declining trend during the 5 

planning periods, with domestic production decreasing and exportation increasing 

(increasing lower-bound values and upper-bound values of the interval numbers). The 

coal exportations would be generally in interval formats, being [31.26, 38.66], [47.71, 

55.00], [48.44, 55.00], [49.74, 55.00] and [50.88, 55.00] PJ in period 1 to 5 that show the 

possible ranges of the exported amounts in the planning periods. In contrast, consumption 

of natural gas would be increasing over the planning horizon, with exportation decreasing 

(in the 5 periods) and importation increasing (in the 5th period). Till the 5th

Table 5.3.2

 period, the 

region would cease the natural gas exportation and start the importation instead. The 

consumption of oil would demonstrate the similar trend as coal, with domestic production 

decreasing and exportation increasing. The results of the oil production and 

gasoline/diesel importation ( ), and refining product and ethanol/biodiesel 

production (Figure 5.3.2) implicated that the increasing demand for gasoline and diesel in 

the planning period would be mainly met through increasing energy importation. The 

requirements for biomass 1(wheat) would remain at the current level, while that for 

biomass 2 (canola seed) would increase steadily over the planning horizon. As to 

electricity, exportation would gradually reduce to 0 in the first 4 periods, followed by the 

start of importation in the 4th period. Results indicate that the energy carriers would be 

mainly supplied by domestic productions. Importation would not be initiated until the 

latter periods when the local production (contribute to regional GHG emission) become 

less competitive, constrained by the decreasing regional GHG emission targets, the 

reducing carbon credits available in the markets and the increasing costs for 

compensating GHG emissions.  
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Overall in scenarios A to D, no significant difference has been shown for the 

allocation plans of most energy carriers (Table 5.3.2), except for mined coal, exported 

coal, imported natural gas, imported electricity and exported electricity. With the 

decrease of system satisfactory level from scenario A (p ≤ 0.04) to scenario C (p ≤ 0.40) 

and scenario D (ILP), the amount of mined coal, imported natural gas and imported 

electricity would be basically in descending trends (e.g., imported electricity: 4.68, 2.22, 

0.90 and 0.00 PJ in scenario A, B, C and D), while those of exported coal and exported 

electricity would be slightly increased (e.g., coal export: [31.26, 38.66], [39.71, 46.64], 

[41.64, 48.46] and [47.12, 52.90] PJ in scenario A, B, C and D). The variations under 

these scenarios are mainly attributable to the varying system safety levels that are 

associated with changing weather/climatic conditions. High level of joint probability (low  
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Table 5.3.2. Solutions of energy supplying activities under different joint-probability 
levels 

Energy 

carrier 

Planning 

period 

Energy resources supply (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal 

-Mined 

1 220.00 220.00 220.00 220.00 

2 216.22 208.24 206.42 206.42 

3 196.10 188.12 186.30 186.30 

4 166.18 166.18 166.18 166.18 

5 139.04 144.87 143.11 140.03 

Coal 

-Import 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 

Coal 

-Export 

1 [31.26, 38.66] [39.71, 46.64] [41.64, 48.46] [47.12, 52.90] 

2 [47.71, 55.00] [48.18, 55.00] [48.28, 55.00] [49.70, 55.00] 

3 [48.44, 55.00] [48.90, 55.00] [49.01, 55.00] [50.42, 55.00] 

4 [49.74, 55.00] [49.74, 55.00] [49.74, 55.00] [51.15, 55.00] 

5 [50.88, 55.00] [50.54, 55.00] [50.63, 55.00] [52.24, 55.00] 

Natural 

Gas 

-Mined 

1 161.50 161.50 161.50 161.50 

2 180.00 180.00 180.00 180.00 

3 180.00 180.00 180.00 180.00 

4 170.00 170.00 170.00 170.00 

5 [160.00, 163.01] [160.00, 163.01] [160.00, 163.01] [160.00, 163.01] 
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Natural 

Gas 

-Import 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 29.84 20.65 18.90 18.90 

Natural 

Gas 

-Export 

1 [71.66, 74.00] [71.66, 74.00] [71.66, 74.00] [71.66, 74.00] 

2 [66.90, 69.41] [66.90, 69.41] [66.90, 69.41] [66.90, 69.41] 

3 [43.86, 46.53] [43.86, 46.53] [43.86, 46.53] [43.86, 46.53] 

4 [10.94, 13.78] [10.94, 13.78] [10.94, 13.78] [10.94, 13.78] 

5 0.00 0.00 0.00 0.00 

Oil 

-Mined 

1 156.67 156.67 156.67 156.67 

2 135.33 135.33 135.33 135.33 

3 121.11 121.11 121.11 121.11 

4 110.95 110.95 110.95 110.95 

5 103.33 103.33 103.33 103.33 

Oil 

-Import 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 

Oil 

-Export 

1 [39.33, 50.00] [39.33, 50.00] [39.33, 50.00] [39.33, 50.00] 

2 [41.47, 50.00] [41.47, 50.00] [41.47, 50.00] [41.47, 50.00] 

3 [42.89, 50.00] [42.89, 50.00] [42.89, 50.00] [42.89, 50.00] 
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4 [43.90, 50.00] [43.90, 50.00] [43.90, 50.00] [43.90, 50.00] 

5 [44.67, 50.00] [44.67, 50.00] [44.67, 50.00] [44.67, 50.00] 

Gasoline 

-Import 

1 23.80 23.80 23.80 23.80 

2 38.17 38.17 38.17 38.17 

3 49.34 49.34 49.34 49.34 

4 58.68 58.68 58.68 58.68 

5 66.88 66.88 66.88 66.88 

Gasoline 

-Export 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 

Diesel 

-Import 

1 14.85 14.85 14.85 20.51 

2 26.44 26.44 26.44 26.44 

3 35.18 35.18 35.18 35.18 

4 42.29 42.29 42.29 42.29 

5 48.50 48.50 48.50 48.50 

Diesel 

-Export 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 

Electricity 1 0.00 0.00 0.00 0.00 
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-Import 2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 4.68 2.22 0.90 0.00 

5 11.70 11.70 11.70 11.70 

Electricity 

-Export 

1 [7.93, 8.10] [7.93, 8.10] [7.93, 8.10] 8.10 

2 8.55 8.55 8.55 8.55 

3 7.89 8.00 8.78 9.45 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 

Biomass 1 

1 18.00 18.00 18.00 18.00 

2 18.00 18.00 18.00 18.00 

3 18.00 18.00 18.00 18.00 

4 18.00 18.00 18.00 18.00 

5 18.00 18.00 18.00 18.00 

Biomass 2 

1 40.00 40.00 40.00 [40.00, 43.00] 

2 44.00 44.00 44.00 44.00 

3 48.00 48.00 48.00 48.00 

4 52.00 52.00 52.00 52.00 

5 55.69 55.69 55.69 55.69 
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Figure 5.3.2. Solutions of energy-processing activities in scenarios A, B and C 
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system satisfactory level) corresponds to a relaxed decision domain which relieves the 

supply-demand restrictions and leads to a smaller system cost.Thus, the domestic energy 

production and importation would generally demonstrate descending trends, and 

exportation would demonstrate ascending trends, being constrained by the GHG-

mitigation constraints which may lead to high system costs. However, although the 

parameters in scenario D (an ILP model) would be treated as at the lowest level of joint 

probability, the corresponding standard variation would be zeros as well. Thus, the 

relevant parameters in ILP would become the largest/smallest (e.g., 1cCF = ), which 

relaxed its decision domain to the most degree (Sun et al., 2012). Thus, it is reasonable 

that the ILP would have the utmost energy resource supply among all scenarios. 

Table 5.3.3 lists the solutions of electricity productions under different joint-

probability levels, presented in both deterministic and interval formats. It is shown that 

electricity generated by coal-fired technology would be in a descending trend over the 

planning horizon, while that by natural gas, solar and wind powered technologies would 

be increasing in general. The electricity generations by nuclear and hydro power 

technologies would remain the same levels during the 5 periods. Similar to the coal-

supply results (Table 5.3.2), the coal-fired power generation would be substantially 

reduced, being [33.22, 33.44], [27.16, 27.68], [21.10, 21.75], [12.15, 12.94] and [4.03, 

4.94] PJ in period 1, 2, 3, 4 and 5, respectively. This is mainly owing to its high-CO2 

emission parameter and correspondingly high GHG-emission compensation cost. As a 

result, the coal-power generation capacity would not be expanded during the planning 

periods. Due to the high cost of natural gas, the related electricity generation would not 

be started until the last period when tight GHG-emission constraints significantly 
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increase system cost and encourage the utilization of low-CO2

Table 5.3.4

-emission energy resources. 

This power generation would be mainly based on existing facilities ( ). Nuclear 

and hydro power capacity would be merely expanded in the first period by 0.9 and [0.152, 

0.164] GW from the current 0.7 and 0.5 GW, respectively (in ILP scenario). The 

electricity generation would remain at the same levels in the following periods. Solar 

power generation capacity would be mainly expanded in the 3rd

Table 5.3.4

 period. Correspondingly, 

the electricity generation would demonstrate a significant increase in that period. Wind 

power capacity would be mainly expanded in the first three periods, accompanying with 

increased electricity generation in the corresponding periods. It is demonstrated that the 

capacity expansions for coal, natural gas and nuclear power technologies among the four 

scenarios would not show obvious difference ( ), while that for renewable 

technologies would show certain impacts. Similar to energy supply results (Table 5.3.2), 

the electricity generations by coal and natural gas power technologies would demonstrate 

descending trends from scenario A to scenario D (Table 5.3.3). No difference would be 

shown for nuclear power generation in the 5 planning periods. The renewable power 

generations ( ,t cXE± ) would also show some variations among the 4 scenarios, being 

affected by the changing system satisfactory levels.  
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Table 5.3.3. Solutions of electricity productions under different joint-probability levels 
Generation 

technology 

Planning 

period 

Electricity generation (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal 

1 [33.22, 33.44] [30.87, 31.09] [30.33, 30.55] 29.03 

2 [27.16, 27.68] [24.81, 25.33] [24.27, 24.80] [24.27, 24.40] 

3 [21.10, 21.75] [18.75, 19.40] [18.21, 18.87] [18.21, 18.47] 

4 [12.15, 12.94] [12.15, 12.94] [12.15, 12.94] [12.15, 12.54] 

5 [4.03, 4.94] [5.75, 6.66] [5.23, 6.14] [4.32, 4.84] 

Natural 

Gas 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 4.97 0.79 0.00 0.00 

Nuclear 

1 [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] 

2 [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] 

3 [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] 

4 [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] 

5 [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] [50.00, 50.46] 

Hydro 

1 22.50 22.50 22.50 [20.55, 20.94] 

2 22.50 22.50 22.50 [22.50, 22.89] 

3 22.50 22.50 22.50 [22.50, 22.89] 

4 22.50 22.50 22.50 [22.50, 22.89] 

5 22.50 22.50 22.50 [22.50, 22.89] 
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Solar 

1 0.60 0.61 0.61 0.63 

2 0.60 0.61 0.61 0.63 

3 9.64 9.64 9.64 5.67 

4 9.64 9.64 9.64 5.91 

5 9.64 9.64 9.64 5.91 

Wind 

1 1.80 2.18 1.60 0.47 

2 12.00 12.00 11.23 6.87 

3 12.00 12.00 12.00 12.00 

4 12.00 12.00 12.00 12.00 

5 12.00 12.00 12.00 12.00 
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Table 5.3.4. Solutions of conversion capacity expansions under different joint-probability 
levels 

Conversion 

technology 

Planning 

period 

Expanded conversion capacity 

Scenario A Scenario B Scenario C Scenario D 

Coal

0 

a 

Residual capacity: 1.20 (GW) 

1 0 0 0 0 

2 0 0 0 0 

3 0 0 0 0 

4 0 0 0 0 

5 0 0 0 0 

Natural gas 

0 Residual capacity: 0.60 (GW) 

1 0 0 0 0 

2 0 0 0 0 

3 0 0 0 0 

4 0 0 0 0 

5 0 0 0 0 

Nuclear 

0 Residual capacity: 0.70 (GW) 

1 1Lb 1L×0.90 ×0.90 1L×0.90 1L×0.90 

2 0 0 0 0 

3 0 0 0 0 

4 0 0 0 0 

5 0 0 0 0 

Hydro 
0 Residual capacity: 0.50 (GW) 

1 0.41 0.35 0.32 [0.15, 0.16] 
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a: Solutions for coal, natural gas and nuclear power generation facilities are in integer 

format; b: Integer solution - 1 large size generation facility. 

 

  

2 0.00 0.00 0.00 0.06 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 

Solar 

0 Residual capacity: 0.02 (GW) 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.30 0.30 0.29 0.16 

4 0.00 0.00 0.00 0.01 

5 0.00 0.00 0.00 0.00 

Wind 

0 Residual capacity: 0.015 (GW) 

1 0.05 0.06 0.04 0.00 

2 0.36 0.34 0.33 0.20 

3 0.00 0.00 0.02 0.16 

4 0.00 0.00 0.00 0.00 

5 0.00 0.00 0.00 0.00 
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Table 5.3.5 presents the solutions of processing capacity expansions under different 

joint-probability levels. It is indicated that no refining facility would be planned during 

the entire planning horizon, which is consist with the relevant energy processing results 

(Figure 5.3.2). As to ethanol and biodiesel productions, they would also demonstrate the 

similar trends as their energy supply results: ethanol production remain the same level 

and biodiesel production increase during the 5 periods, given that the processing 

technologies for ethanol production and biodiesel production are exclusively employing 

feedstock of wheat and canola seed. One mid-size ethanol processing facility would be 

planned in the 1st

Figure 5.3.2

 period only. Together with the residual facilities, a total capacity of 

0.204 GW would be provided for ethanol production ( ). As to biodiesel 

production, two large-size facilities would be expanded in scenarios A, B, C, and one 

large-size facilities in scenarios D in the first period (Table 5.3.5). In addition, one large-

size facility would be expanded in scenario D in period 2. One small-size processing 

facility would be planned for both period 3 and 4 in the 4 scenarios. Based on the residual 

and expanded facilities, the biodiesel production would be increasing steadily throughout 

the planning period (Figure 5.3.2). 
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Table 5.3.5. Integer solutions of processing capacity expansions under different joint-
probability levels 

a – mid-size processing facility;  

b – large-size processing facility; c – small-size processing facility.  

 

Processing 

technology 

Planning 

period 

Expanded processing facility 

Scenario A Scenario B Scenario C Scenario D 

Refinery 

0 Residual capacity: 25.000 (GW) 

1 0 0 0 0 

2 0 0 0 0 

3 0 0 0 0 

4 0 0 0 0 

5 0 0 0 0 

Ethanol 

0 Residual capacity: 0.100 (GW) 

1 1Ma 1M×0.104 ×0.104 1M×0.104 1M×0.104 

2 0 0 0 0 

3 0 0 0 0 

4 0 0 0 0 

5 0 0 0 0 

Biodiesel 

0 Residual capacity: 0.020 (GW) 

1 2Lb 2L×0.290 ×0.290 2L×0.290 1L×0.290 

2 0 0 0 1L×0.290 

3 1Sc 1S×0.072 ×0.072 1S×0.072 1S×0.072 

4 1S×0.072 1S×0.072 1S×0.072 1S×0.072 

5 0 0 0 0 
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Figure 5.3.3 and Table 5.3.6 illustrate the solutions of heat productions and relevant 

capacity expansions in the 5 planning periods. The results are generally in deterministic 

format, reflecting the deterministic modeling inputs of heat demands. From scenario A to 

D, no obvious difference has been shown for the heating production and expansion plans. 

It is indicated that the coal heating production would remain the same level over the 

entire planning horizon. The incremental heating demands would be mainly satisfied by 

natural gas heating technologies due to its lower CO2

 

 emission compared to coal-fired 

technology, despite its higher energy supply cost. Corresponding to the heat productions, 

the coal heating capacity would not be expanded in the 5 periods. The natural gas heating 

capacity would be expanded in period 3, 4 and 5, while the increasing natural gas heat 

production in period 1 and 2 would be based on existing heating facilities. 
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Figure 5.3.3. Solutions of heat productions in 5 planning periods 
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Table 5.3.6. Solutions of heating capacities in the 5 planning periods 
Heating 

technology 

Planning 

period 

Capacity of heating technology (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal 

0 40.00 40.00 40.00 40.00 

1 40.00 40.00 40.00 40.00 

2 40.00 40.00 40.00 40.00 

3 40.00 40.00 40.00 40.00 

4 40.00 40.00 40.00 40.00 

5 40.00 40.00 40.00 40.00 

Natural gas 

0 35.00 35.00 35.00 35.00 

1 35.00 35.00 35.00 35.00 

2 35.00 35.00 35.00 35.00 

3 40.00 40.00 40.00 40.00 

4 55.00 55.00 55.00 55.00 

5 70.00 70.00 70.00 70.00 
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Table 5.3.7 presents the solutions of GHG-emission compensations under different 

joint-probability levels. Measures such as CO2 capture-storage and carbon trading would 

be adopted to compensate the over-limit GHG emissions. It is indicated that the traded 

carbon credits would remain at 0 ktonne in the first 4 periods when the GHG mitigation 

constraints are relative slack. The mitigation target in the 4 periods would be mainly 

realized through adjusting energy structures, such as promoting renewable energy, 

increasing energy importation and substituting fossil fuels with low-carbon emission 

energy resources (e.g., natural gas). In the latter planning periods, GHG mitigation 

constraints would gradually become tight. Till the 5th

  

 period, energy structure adjustment 

would not be competitive anymore in order to meet the mitigation requirements. 

Therefore, certain amounts of carbon credits would be purchased from regional and/or 

international carbon markets. According to the solution, 1000 ktonnes of carbon credits 

would be purchased in scenario A and B, and around 728 and 437 ktonnes would be 

purchased in scenario C and D, respectively.  
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Table 5.3.7. Solutions of GHG-emission compensations under different joint-probability 
levels 

Planning 

period 

Compensated GHG-emission (ktonnes) 

Scenario A Scenario B Scenario C Scenario D 

1 0.00 0.00 0.00 0.00 

2 0.00 0.00 0.00 0.00 

3 0.00 0.00 0.00 0.00 

4 0.00 0.00 0.00 0.00 

5 1000.00 1000.00 728.05 437.27 
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Table 5.3.8 lists the expected system costs for the system activities over the entire 

planning horizon under different joint-probability levels. These results are generally in 

interval formats, indicating the interactive impacts by the uncertain system inputs. The 

lower-bounds of the system costs could be achieved when the decision alternatives are 

approaching a set of conservative schemes. For example, the system cost in scenario A 

could be obtained as 22549.24 million $ when the costs for energy supply, energy 

processing, power generation, heat production, capacity expansion and GHG mitigation 

activities are approaching 15406.94, 1194.36, 208.67, 151.00, 5509.27 and 79.00 million 

$, respectively. Each activity cost corresponds to a set of conservative decision 

alternatives as presented above. Scenario analysis indicates that the activity costs for 

energy supply, power generation, capacity expansion, GHG mitigation and the entire 

system would generally demonstrate decreasing trends from scenario A to D, 

corresponding to their joint probability levels (system satisfactory levels) affected by the 

varying weather/climatic conditions. The declining trend of GHG-emission compensation 

from scenario A to D implicates that the decreasing system satisfactory level 

corresponding to relaxed decision domains would lead to more optimal decision schemes. 
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Table 5.3.8. Costs of system activities over the entire planning horizon under different joint-probability levels 

System activity 
Activity cost (million $) 

Scenario A Scenario B Scenario C Scenario D 

Energy supply [15406.94, 19206.97] [15195.95, 18975.70] [15114.98, 18886.79] [15116.43, 18873.54] 

Energy processing [1194.36, 1294.77] [1194.36, 1294.77] [1194.36, 1294.77] [1162.38, 1259.99] 

Power generation [208.67, 246.78] [200.41, 236.38] [197.73, 232.96] [194.18, 227.43] 

Heat production [151.00, 225.80] [151.00, 225.80] [151.00, 225.80] [151.00, 225.80] 

Capacity expansion [5509.27, 5978.77] [5401.32, 5861.56] [5334.60, 5789.90] [4836.76, 5268.99] 

GHG mitigation  [79.00, 84.00] [79.00, 84.00] [57.52, 61.16] [34.54, 36.73] 

Total cost [22549.24, 27037.08] [22222.04, 26678.20] [22050.19, 26491.37] [21439.23, 25828.23] 
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5.3.5 Discussion 

The IJTCP approach is developed based on interval linear programming, chance-

constrained programming, and joint probabilistic programming. Through introducing the 

IJTCP approach into IEES management framework, the IJTCP-IEES model can reflect 

not only uncertainties presented as interval numbers (e.g., energy resource availability, 

conversion/processing capacities, energy demands) and random distributions (e.g., 

conversion factors, electricity demands) within IEES but also the reliability of satisfying 

the entire system constraints. Particularly, the random variation issues associated with 

renewable energy utilization and weather/climate change in both left and right-hand-side 

of model constraints are tackled under uncertain environment. The nonlinear forms of 

two-side chance constraints could be effectively transformed to their substituted linear 

forms through the developed inexact solution method, although the transformation from 

nonlinear forms to nonequivalent linear ones may narrow down the original feasible 

region to some degree (Sun et al., 2012). However, in some sense, it would be a novel 

method to deal with general inexact chance-constrained programming problems.  

Compared with ILP model, the IJTCP model can address random variables in not 

only right-hand-side but also left-hand-side parameters of multiple constraints. It 

enhances ILP by avoiding over-simplification of random distribution information into 

discrete intervals; it also improves upon CCP by allowing parameters of the objective 

function and constraints to be expressed as interval numbers. 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 risk. This study is the first attempt 

in planning an IEES through the IJTCP approach. The results demonstrated that this 
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hybrid technique can effectively deal with joint-probabilistic two-side chance-constrained 

optimization problems within IEES under dual uncertainties. Particularly, it showed the 

suitable application in addressing trade-offs between renewable energy utilization and 

power demands and controlling the overall system risks.  

 

5.4 Summary 

 

This chapter presented two optimization approaches for integrated energy-

environment systems planning based on interval linear programming and joint-

probabilistic chance-constrained programming. First of all, an interval left-hand-side 

joint-probabilistic chance-constrained programming model (ILJCP-IEES) was developed. 

Through integrating interval linear programming and left-hand-side joint-probabilistic 

chance-constrained programming techniques into a general framework, the ILJCP-IEES 

could not only deal with interval numbers and LHS random variables but also effectively 

address the reliability of satisfying (or risk of violating) the entire system constraints. 

Particularly, the ILJCP approach demonstrated a suitable application in renewable energy 

resources management and the relevant system risks control. The impacts of left-hand-

side system chance constraints imposed by changing weather/climatic conditions could 

be effectively reflected. Relevant variations could be communicated and reflected in 

renewable energy utilizations (e.g., electricity production, generation capacity 

expansions).  

In addition, a new attempt was conducted to develop an IJTCP approach in order to 

address two-hand-side joint-probabilistic chance-constrained programming problems 
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uncertainties. An adequate but non-equivalent linearization form of model was proposed 

for solving the non-linear IJTCP model, which was further solved through a two-step 

interactive solution method. The proposed IJTCP model was further applied to an 

integrated energy-environment management system under dual uncertainties. Results 

indicated that the uncertainties presented as not only interval numbers and two-side 

random variables but also the reliability of satisfying the entire system constraints could 

be effectively addressed. Interaction among multiple system components could be 

effectively reflected as well. The successful development and application of the IJTCP 

model implicate that the approach has the potential in tackling multiple uncertainties in 

not only IEES but also other environmental management problems. 
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CHAPTER 6. DEVELOPMENT OF AN INTEGRATED ENERGY-

ENVIRONMENT SYSTEMS PLANNING MODEL FOR ALBERTA 

UNDER MULTIPLE UNCERTAINTIES 

 

6.1 Background 

 

Currently, both the Federal Government of Canada and the Provincial Government 

of Alberta are committed to reduce or control their GHG emissions within certain targets. 

Among the provinces and territories of the country, Alberta contributed the largest 

amount of GHG emissions. With the rapid economic development, the GHG emissions in 

the province have been steadily increasing in the past decades, comparing to the relative 

stable emission in most provinces. Therefore, the realization of the national GHG 

mitigation target largely primarily depends on how efficient Alberta could control and 

reduce its emissions. In the province, the majority of anthropogenic GHG emissions are 

generated from energy-related activities, such as exploitations of crude oil, natural gas 

and bitumen, refining and upgrading of crude oil/bitumen, generations of electricity and 

various activities of energy consumptions. Thus it is of great significance to 

systematically manage the energy-related activities in order to control the GHG 

emissions in the province.  

So far, the province has taken the lead in making a series of mitigation strategies, 

acts, regulations and guidelines for a variety of emitting facilities, industries and 

consumers. However, whether these objectives are achievable, and whether the current 
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measures are effective and economical, are the problems need to be assessed and 

instructed. An integrated energy-environment systems planning model is thus required. 

Given the fact that various types of inexact information (commonly three types: fuzzy, 

interval, stochastic) are contained in the IEES, multiple inexact optimization 

methodologies could be adopted to address such complexities. In this study, an interval 

fuzzy two-hand-side chance-constrained programming model (IFTCP-IEES) is proposed 

for the planning of integrated energy-environment systems. Methodologies of interval-

parameter programming (ILP), integer programming (IP), fuzzy programming (FP) and 

joint-probabilistic two-hand-side chance-constrained programming (IJTCP) are 

incorporated within a multi-period programming context. Uncertainties expressed as 

discrete intervals, possibility and probability distributions could be effectively addressed. 

The model is then applied to the planning of integrated energy-environment systems in 

Alberta to support the energy systems planning and GHG-emission management under 

multiple uncertainties.  

 

6.2 Overview of the Alberta IEES  

 

Alberta produces and consumes the largest amount of fossil fuels among the 

provinces/territories in Canada, and is acting as an economic growth engine for the 

country. It is anticipated that Alberta’s economic outlook continues to be strong (TCBC, 

2009). The annual economic growth (GDP) will remain at the rate of 3.2% (AESO, 2010). 

As well, estimates of investment and growth in the oil sands sector will continue to power 

Alberta’s economy in the next 15 years (CAPP, 2009). 
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As to the fossil fuels, Alberta produces about five trillion cubic feet of natural gas, 

250 million barrels of conventional oil, 500 million barrels of bitumen and, from 11 

different mines, and more than 30 million tonnes (Mt) of coal each year (Alberta, 2008c). 

Alberta has a large natural gas resource base, with remaining estimated established 

reserves of 36 trillion cubic feet. Alberta is the world’s second largest exporter of natural 

gas and its fourth largest producer. Disposition of Alberta’s natural gas production in 

2011 was approximately 42% to the United States, 31% within Alberta, and 27% to rest 

of Canada (Alberta, 2012). Conventional remaining established oil reserves are estimated 

to be approximately 1.5 billion barrels (Alberta, 2012). Currently, only about 27% of 

light oil is recovered, and only 15% of heavy oil is currently being recovered in Alberta. 

Alberta’s oil sands reserve is considered to be one of the largest in the world; about 168.7 

billion barrels are considered to be remaining established reserves, recoverable using 

current technology and under present anticipated economic conditions. To date, about 4.4% 

of the initial established resource has been produced (Alberta, 2012). Disposition of 

Alberta’s total crude oil and equivalent production in 2011 was approximately 60% to the 

United States, 22% within Alberta, and 16% to the rest (Alberta, 2012). Besides, 

Alberta’s coal reserves contain more than twice the energy of all the province’s other 

non-renewable energy resources. Remaining established reserves of all types of coal in 

Alberta as of December 31, 2011, was 33,300 Mt. Of this amount, 22,700 Mt (or about 

68%) is considered recoverable by underground mining methods and 10,500 Mt is 

recoverable by surface mining methods. (Alberta, 2012). About a third of Alberta’s 

usable coal is bituminous coal, normally used as coking feedstock and thus shipped to 
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areas of concentrated heavy industries in Asia and elsewhere. Thermal coal is consumed 

mainly for electricity generation.  

It is forecasted that electricity consumption is expected to grow by 3.2 per cent per 

year for the period from 2009 to 2029 (AESO, 2010). Total installed capacity reached 

12,834 megawatts in 2009. Although 5,700 megawatts of new generation was added and 

1,470 of old plants were retired between 1998 and 2009, coal still accounted for 73.8% of 

utility-generated power in 2007, followed by natural gas, with 20.6% (Wiki, 2013a). 

Compared to traditional natural gas-powered generation technology, cogeneration makes 

more efficient use of the input fuel by creating both electricity and steam/heat for 

industrial process (Alberta, 2012). Despite tougher new emission measures announced by 

the federal government in June 2010, industry officials believe the province will continue 

using coal to generate electricity into 2050. Nuclear energy is one alternative to fossil 

fuels with less GHG emissions. Alberta is currently examining the merits and challenges 

of nuclear power. Some synergistic applications involving bitumen processing may be 

available in the planning periods. In terms of renewable power technology, recent 

additions to the grid have increased wind capacity to 657 MW (Alberta, 2010). Alberta 

currently has over 500 MW of wind power capacity connected to the grid, accounting 4% 

of the total installed capacity. Currently, Alberta is one of the leading provinces in 

Canada in the development of wind power. There is also more than 11,000 MW of wind 

generation projects that have applied for connection to the transmission system. Hydro 

power contributed 2,036 GWh (as of 2011) to the grid, accounting 3% of the total 

electricity generation. Current hydroelectric capacity stands at 900 MW. New capacities 

has recently been approved for a 100 MW low head run of river development in the 
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Dunvegan site. It is anticipated that major projects in the northern basins and smaller 

projects in the southern basins may be developed in the next 30 years. Total development 

in this period might be as high as 20% of the province's ultimate potential of 53,000 GWh 

per year. To realize this capacity, 2 major projects would likely have to be constructed 

(HATCH, 2010). Solar power, as a cleaner power source, has been challenged by its 

higher capital cost. The large-scale installation will significantly depend on new 

incentives or technology improvements. However, the utilizations of the above-

mentioned renewable energy sources (i.e., wind, hydro, solar) sometimes are limited by 

their natural resources availabilities which normally demonstrate random variations. For 

example, hydro power relies greatly on water resource availability in a 

watershed/reservoir. Wind farms are variable, due to the natural variability of the wind. 

Solar energy is variable because of the cloud cover and climatic changes. Thus, the 

capacity factors for these renewable generation technologies commonly demonstrate 

random variations. 

Various petroleum- and bio- refined products are obtained through a series of 

energy processing technologies. Typical refined products, such as gasoline, diesel, LPG, 

fuel oil, aviation turbo fuel are generated from oil refineries. Bitumen is upgraded 

through hydro cracking, after which synthetic crude oil is generated after mixing the 

generated products. Current upgrading capacity in Alberta is approximately 1.3 million 

bbl/d of bitumen. Approximately 57% of oil sands production is currently upgraded to 

synthetic crude oil within Alberta (Alberta, 2012). In 2011, synthetic crude oil production 

reached about 863,000 bbl/d. Driven by the Renewable Fuel Standard, the in-market 

gasoline and diesel needs to be blended with 5% of ethanol and 2% of biodiesel, 



 

305 
 

respectively. Due to the lack of refining capacities, large portions of ethanol and biodiesel 

are imported from other regions. However, several new bio-fuel plants are being planned 

in the region, in order that could make use of the abundant agricultural products produced 

in the province, such as wheat and canola.  

In accordance with Canadian Federal Government on GHG reduction Alberta has 

committed to control its GHG emissions within certain levels in its Climate Change 

Strategy: reduce emissions by 50 Mt by 2020, and reduce emissions by 200 Mt by 2050, 

compared to its business as usual levels (Alberta, 2008b). To accomplish such targets, the 

province has released a series of measures in new climate change regulations, effective 

July 1, 2007, Alberta facilities that emit more than 100 Kt of GHG a year are required to 

reduce emissions intensity by 12%. Companies have three ways to meet their reductions. 

They can make operating improvements, buy Alberta-based credits or contribute to the 

Climate Change and Emissions Management Fund ($15/tonne CO2 Alberta, 2008ce) ( ). 

Offset credits are tradable within the province (may extend to entire country and North 

America in future), as a means of expanding the reach of the regulatory framework by 

incenting emissions reductions outside of the regulated facilities. In addition, special 

industrial regulation is applied to coal-powered generation plants.  Companies would also 

have to close plants built before 1975 by the year 2020, and any plant built after 1975 

would have to close by 2030, unless it is equipped with carbon-capture and storage (CCS) 

technology that would bring greenhouse gas emissions (GHG) down to a level of high-

efficiency gas plants. Alberta has made a move into CCS with projected three to five 

projects expected to store about five million tonnes of CO2

 

 a year by 2015.  
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6.3 Formulation of the IFTCP-IEES model 

 

The planning of Alberta IEES could be supported by an IFTCP-IEES model. In 

such a planning problem, decision schemes are required for a five-period planning 

horizon with 5 years in each period: 2003 – 2007, 2008 – 2012, 2013 – 2017, 2018 – 

2022, and 2023 – 2027. The parameters for the midyear of the 5 periods (i.e., 2005, 2010, 

2015, 2020 and 2025) are selected to represent those of each period. Mainly six types of 

energy/environment related activities (e.g., energy supply, energy processing, electricity 

conversion, energy demand, capacity expansion and GHG-emission mitigation) are taken 

into consideration. As shown in Figure 6.3.1, energy resources supply includes renewable 

energy resources (e.g., wind, solar, hydro, landfill gas and biomasses) and non-renewable 

energy resources (e.g., coal, crude oil, bitumen, natural gas, nuclear and petroleum 

products). Energy demands can be classified into industrial (i.e., construction, pulp, iron 

&steel, cement, chemical, other manufactures), mining (i.e., coal mine, crude oil 

extraction, bitumen extraction and natural gas extraction), agricultural & forestry, 

commercial & institutional, residential, and transportation (i.e., light vehicles, light trucks, 

heavy trucks, motorcycles, natural gas & propane vehicles, aviation, railway, off road and 

pipeline) uses. Energy processing facilities provide sufficient capacities in oil refining, 

bitumen upgrading, and ethanol and biodiesel productions. Electricity conversion 

technologies (i.e., coal-fired, natural gas-fired, cogeneration, fuel oil-powered, hydro-

powered, wind-powered, solar-powered, landfill gas-powered, biomass-powered 

technologies) provide sufficient electricity to energy demanding sectors through a variety 

of generation technologies. All these energy supplies and electricity are supplied to the 
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various demanding technologies and end users. When local produced energy resources 

(e.g., ethanol, biodiesel, electricity) cannot meet demands, imports become necessary. 

When the production of the mined energy (i.e., coal-therm, coal-met, natural gas, crude 

oil/synthetic crude oil) or the refined fuel (i.e., gasoline, diesel, fuel oil, liquefied 

petroleum gas and aviation fuel) is greater than domestic demands and the export price is 

attractive, exports become possible. When the demands for generation, processing, 

heating and/or demanding capacities cannot be met by the residual facilities, facility 

expansions are required. Meanwhile, energy mining, production and consumptions 

inevitably result in an environmental problem, generation of GHG emissions (mainly 

CO2 CH4, N2

To tackle the above IEES planning problem, the IFTCP-IEES model is applied. 

The objective is to minimize the net system cost while the decision variables represent 

action plans in energy supply, energy processing, electricity conversion, capacity 

expansion, energy demanding and GHG-emission mitigation. This objective is a linear 

combination of costs associated with these action plans, as well as activities related to 

various technologies that move energy carriers from the supply side to the demand side. 

In detail, the objective function consists of costs related to resource supply options, 

energy processing, electricity generation, capacity expansion and emission reduction. The 

objective function can be formulated as follows: 

O), which can be mitigated through a series of management and technology 

measures. These measures include a) encouraging utilization of renewable energy 

resources; b) reducing energy density; c) introducing GHG sinks (e.g., capture-storage, 

new farming technologies); d) implementing carbon trade in the province and/or 

international carbon markets. 
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Figure 6.3.1. Schematic diagram of Alberta IEES 
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Max λ±          (6.3.1.0) 
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(6.3.1.0a)  

 

The minimized system costs would be subject to a variety of constraints. They can 

be classified into: GHG-emission mitigation constraints, mass-balance constraints, 

capacity constraints, demand constraints, and bound constraints.  

 

(a) GHG-emission mitigation constraints 

According to Alberta’s GHG reduction regulation, the emission level in year 2005 

is set as the emission baseline which is the same emission level as first planning period in 

this study. It is required that, effective July 1, 2007, Alberta facilities that emit more than 

100,000 tonnes of greenhouse gases a year are to reduce emissions intensity by 12 per 
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cent of the baseline level. After taking into account of the grace period for new facilities, 

it is calculated that the emission limits (i.e., CO2

 

e emission - purchased offset credits) are 

constrained within 1, 0.88, 0.88, 0.88 and 0.88 times of the baseline emission for the 5 

planning periods for old facilities, and 1, 0.94, 0.88, 0.88 and 0.88 times of the baseline 

emission (first business running year) for the periods t+1, t+2, t+3 for new facilities. In 

addition, the total emission amount of the province will be limited within an annual target 

that was defined in the climate change adaptation strategy. Since the GHG emissions are 

determined by each technology according to its emission rate, the technologies or energy 

alternatives with low emission levels will incline to be selected when the system is 

limited by the various emission reduction constraints. The constraints reflecting such 

limitations can be formulated as follows:  
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          (6.3.1.1b) 

, , , , , , , , , ,0.88 , , ,t r u t r u t r u u r u u r uXP Em XGHG XP Em t r u± ± ± ± ±⋅ + ≤ ⋅ ⋅ ∀ , when u<1  

          (6.3.1.1c) 

1, , 1, , 1, , , , , ,0.94 , , ,u r u u r u u r u u r u u r uXP Em XGHG XP Em t r u± ± ± ± ±
+ + +⋅ + ≤ ⋅ ⋅ ∀ , when u ≥ 1  

          (6.3.1.1d) 



 

311 
 

, , , , , , , , , ,0.88 , , ,t r u t r u t r u u r u u r uXP Em XGHG XP Em t r u± ± ± ± ±⋅ + ≤ ⋅ ⋅ ∀ , when t ≥ u+2   

          (6.3.1.1e) 

, , , , , , , , , ,0.88 , , ,t p u t p u t p u u p u u p uXE Em XGHG XE Em t p u± ± ± ± ±⋅ + ≤ ⋅ ⋅ ∀ , when u<1  

          (6.3.1.1f) 

1, , 1, , 1, , , , , ,0.94 , , ,u p u u p u u p u u p u u p uXE Em XGHG XE Em t p u± ± ± ± ±
+ + +⋅ + ≤ ⋅ ⋅ ∀ , when u ≥ 1  

          (6.3.1.1g) 

, , , , , , , , , ,0.88 , , ,t p u t p u t p u u p u u p uXE Em XGHG XE Em t p u± ± ± ± ±⋅ + ≤ ⋅ ⋅ ∀ , when t ≥ u+2   

          (6.3.1.1h) 

, , , , , , , , , , , , , , , , , , , ,0.88 , , , , ,t d m n u t d m n u t d m n u u d m n u u d m n uXD Em XGHG XD Em t d m n u± ± ± ± ±⋅ + ≤ ⋅ ⋅ ∀ , 

when u<1         (6.3.1.1i) 

1, , , , 1, , , , 1, , , , , , , , , , , ,0.94 , , , , , ,u d m n u u d m n u u d m n u u d m n u u d m n uXD Em XGHG XD Em t d m n u± ± ± ± ±
+ + +⋅ + ≤ ⋅ ⋅ ∀

when u ≥ 1         (6.3.1.1j) 

, , , , , , , , , , , , , , , , , , , ,0.88 , , , , ,t d m n u t d m n u t d m n u u d m n u u d m n uXE Em XGHG XE Em t d m n u± ± ± ± ±⋅ + ≤ ⋅ ⋅ ∀ , 

when t ≥ u+2         (6.3.1.1k) 

 

(b) Mass balance constraints 

The mass balance constrains describe the balance of energy flowing in an entire 

energy system. They are classified into two groups: (1) balance for primary and 

secondary energy resources (excluding electricity), and (2) balance for electricity. These 

constraints are established to ensure that energy demands by end users (industry, 

agriculture & forestry, commercial & institution, residential, transportation and off road) 

and conversion activities are sufficiently satisfied by the supplies. The detailed 

constraints can be expressed in the following equations:  
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(6.3.1.2b) 

 

(c) Capacity constraints 

This group of constraints is set to ensure the capacity for an individual technology 

(processing, generation and demanding) is able to generate the necessary output. When 

the existing capacity could not meet the production requirement, further investments will 

be needed for acquiring additional capacities of different scales. Five groups of 

constraints are formulated to represent the characteristics of different technologies. They 

are (1) electricity conversion technologies, (2) renewable (hydro, wind, solar) power 

conversion technologies, (3) processing and transforming technologies, (4) heat 

generation technologies, (5) demanding technologies. The detailed constraints can be 

described as follows: 

 

, , , , , , , , ,( )t p t p o t p o t p t p o u
t u

CRD YCB CEB CF XE± ± ± ±+ ⋅ ⋅ ≥∑ ∑     (6.3.1.3a) 

, , , , , ,, , , ,t p o u t p o u t p o uYCB CF XE± ± ±⋅ ≥        (6.3.1.3b) 

, , , , , , ,Pr ( ) ( ) 1 , ,t c t c o t c o t c t c c
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, ( )t cCF w±  ~ N (μc, σc
2);       

 (6.3.1.3d) 
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, , , , , , , , ,( )t r t r o t r o t r t r o u
t u

CRD YCB CB CF XP± ± ± ±+ ⋅ ⋅ ≥∑ ∑      (6.3.1.3f) 

, , , , , , , , ,t r o u t r o u t r o uYCB CF XP± ± ±⋅ ≥        (6.3.1.3g) 

, , , , , , ,( )t h t h o t h o t h t h
t

CRD XCH CHB AF XH± ± ± ±+ ⋅ ⋅ ≥∑      (6.3.1.3h) 
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t

CRD XCA AF XD± ± ± ±+ ⋅ ≥∑      (6.3.1.3i) 

, , , , , , , , , , , ,

t

t d m n u t d m n u t d m n u
u

XCA AF XD± ± ±⋅ ≥∑       (6.3.1.3j) 

 

(d) Demand constraints 

The demand constraints are yielded for each sector to ensure the energy outputs 

from the demand technologies are greater than or equal to the end-use demands: 

 

, , , , , , ,t I m n t I m t I m
n

XD AF DM± ± ±⋅ ≥∑  <industrial sector>    (6.3.1.4a) 

, , , , , , ,t M m n t M m t M m
n

XD AF DM± ± ±⋅ ≥∑  <mining sector>    (6.3.1.4b) 

, , , , , , ,t A m n t A m t A m
n

XD AF DM± ± ±⋅ ≥∑  <agricualtural/forestry sector>  (6.3.1.4c) 

, , , , , , ,t C m n t C m t C m
n

XD AF DM± ± ±⋅ ≥∑  <commercial/institutional sector>  (6.3.1.4d) 

, , , , , , ,t R m n t R m t R m
n

XD AF DM± ± ±⋅ ≥∑  <residential sector>    (6.3.1.4e) 

, , , , , , ,t T m n t T m t T m
n

XD AF DM± ± ±⋅ ≥∑  <transportation sector>   (6.3.1.4f) 

, , , , , , ,t O m n t O m t O m
n

XD AF DM± ± ±⋅ ≥∑  <off-road transportation sector>  (6.3.1.4g) 
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(e) Bound and technical constraints 

Lower and upper-bound constraints (1 - 2) describe the availabilities of the various 

resources and capacities in each planning period. The energy resource bounds are 

primarily imposed by resource availability, exploitation capability, transportation 

capacities and provincial development plans. In addition, capacity expansions of 

technologies are also restricted by environmental, social, economic, technical and 

management conditions and strategies. In addition, all decision variables are considered 

to be positive, and those representing capacity-expansion options are restricted as integer 

numbers. The constraints reflecting these considerations can be formulated as follows: 

t tX UB± ±≤            (6.3.1.5a) 

t tX LB± ±≥          (6.3.1.5b) 

0tX ± ≥          (6.3.1.5c) 

0 1 and = integert tYC YC± ±≤ ≤        (6.3.1.5d) 

 

Subscripts: 

a − set of conversion technologies with capacity expanded continuously; 

b − set of conversion technologies with capacity expanded discretely; 

c − set of renewable power generation technologies with capacity expanded discretely; 

d − set of demand sectors; 

e − set of energy carriers; 

ee − set of energy carriers excluding electricity and heat; 

k − set of raw energy carriers; 
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l − level of GHG-emission reduction target; 

m − set of energy demand types; 

n − technology or device for energy demand; 

o − capacity expansion option; 

P − set of electricity generation technologies; 

pc

r − set of energy processing technologies; 

 − probability of emission reduction target; 

s − sources of energy supplies; 

t − time period; 

u − activities in period t for the facilities that are expanded in period u (u ≤ t); 

I − industrial sector; 

M − mining sector; 

A − agricultural/forestry sector; 

C − commercial/institutional sector; 

R − residential sector; 

T − transportation sector; 

O − off−road transportation sector. 

 

Decision variables: 

,t aXCA±  − expanded capacity of conversion and mining technologies (PJ); 

, , , ,t d m n uXD − amount of energy demanded in period t from demanding technology m that 

are expanded in period u (PJ);  
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, ,t p uXE±  − amount of generated electricity in period t from power generation facilities 

expanded in period u (PJ);  

,t sXEE  − amount of electricity exported to destination s (PJ);  

, ,t e sXES − amount of energy resources exported (PJ); 

, ,t p uXGHG±  − amount of offset credit adopted by technology p for facilities expanded in 

period u (Ktonnes); 

,t hXH ±  − amount of generated heat in period t (PJ);  

,t sXIE  − amount of electricity imported from source s (PJ); 

, ,t e sXIS  − amount of energy resources imported from source s (PJ); 

, ,t k sXMS  − domestic production of energy carrier (PJ); 

, ,t r uXP±  − amount of processed energy in period t from processing facilities expanded in 

period u (PJ); 

, ,t b oYCB  − capacity expansion option for conversion technologies (GWe); 

, ,t h oYCH − capacity expansion option for heating technologies (GWe); 

 

Parameters: 

,t dAF ±  − available factor for technology d in period t; 

,t pCF ± − capacity factor for technology p in period t; 

, ( )t PCF w± − capacity factor for technology P in period t, , ( )t PCF w±  ~ N(μP, σP
2

1, ,t b oCB±
−

);  

 − scale capacity of expansion option for conversion technology (GWe); 
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, ,t p oCEB±  − scale capacity of expansion option o for power generation technology p 

(GWe); 

tCGI ±  − price of offset credit (million$/ktonnes); 

, ,t h oCHB± − scale capacity of expansion option o for heating technology p (GWe); 

, , ,t d m nCRD±  − residual capacity of demand technology (PJ); 

,t bCRD±  − residual capacity of conversion and mining technology (GWe); 

,t aCRD±  − residual capacity of conversion technology (GWe); 

, , ,t k s eDEL± − delivery cost of energy carrier for energy mining (million$/PJ); 

, ,t r eDEL±  − delivery cost of energy carrier for energy processing (million$/PJ); 

, ,t p eeDEL±  − delivery cost of energy carrier for electricity generation (million$/PJ); 

tEMTGT ± − annual emission target for period t (ktonnes);  

, ,t ee sEP  − price of exported energy carrier (million$/PJ); 

,t sEPE  − price of exported electricity (million$/PJ); 

,t bFIX ±  − fixed cost of conversion technology (million$/PJ); 

, , ,t d m nFIX ±  − fixed cost of demand technology (million$/PJ); 

, , ,t d m nINC±  − capital cost of demand technology (million$/PJ); 

1, ,t b oINC±
−  − capital cost of conversion expansion discretely (million$/PJ); 

, ,t p eeINP±  − inputs of energy carriers for electricity conversion technologies; 

, , ,t k s eINP±  − inputs of energy carriers for mining technologies; 

, ,t r eINP±  − inputs of energy carriers for energy processing technologies; 



 

318 
 

, , , ,t d m n eINP±  − input of energy carrier of demand technology; 

, ,t ee sIP  − price of imported energy carrier (million$/PJ); 

,t sIPE  − price of imported electricity (million$/PJ); 

, ,t k sNSP± − price of local produced energy carrier (million$/PJ); 

tUPcrdt± − up bound of the available offset credits for the province in period t (ktonnes); 

,t rVRC±  − variable cost of energy processing technology (million$/PJ); 

,t pVRE±  − variable cost of electricity generation technology (million$/PJ). 

 

6.4 Solution method 

 

The IFTCP-IEES model is based on three optimization techniques namely ILP, FP 

and CCP. Each technique has a unique contribution in enhancing the model’s capability 

in dealing with system uncertainties. In detail, the uncertainties presented as discrete 

intervals are reflected through ILP, the system impreciseness is addressed through FP, 

and the probability distributions are addressed through CCP. The solution process will 

begin with the transformation of IFTCP model into its approximated linear form model. 

Then, model can be solved through transforming into two deterministic sub-models 

corresponding to the lower and upper bounds of the objective function (Huang et al., 

1992; Sun et al., 2012). The model solution (decision variables and objective function 

values) will be presented as deterministic numbers and discrete intervals at various levels 

of constraint satisfaction. The detailed solution algorithm of the IFTCP model with the 

objective being minimized is presented in a pseudo-code format as follows: 
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Step 1: Formulate an IFTCP 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 chance constraints to their approximated linear forms. 

Step 5: Reformulate the linear form of IFTCP model into two IFTCP sub-models 

through the two-step algorithm. 

Step 6: Solve the lower bound sub-model corresponding to f − and λ + firstly.  

Step 7: Then solve the upper bound sub-model corresponding to f + and λ − , with 

the inputs from lower bound sub-model. 

Step 8: Integrate solutions from the lower bound and upper bound sub-models in 

Steps 6 and 7, and the final solutions would be obtained as  and 

,opt opt optX X X± − + =   , ,opt opt optY Y Y± − + =    

Step 9: Stop. 

 

6.5 Results analysis 

 

The results under four scenarios (i.e., A, B, C and D) were analyzed and compared. 

Scenarios B, C and D were designed at three increasing joint probabilities (0.03, 0.15 and 

0.30). At each level of joint probability, individual probabilities were kept all the same as 

1/3 of the joint probability (i.e., 0.01, 0.05 and 0.10 in scenario B, C and D, respectively). 

In addition, an interval fuzzy linear programming (IFLP) based IEES model was 

,opt opt optf f f± − + =  
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designed as the fourth scenario (i.e., scenario A), whose 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. The results are presented in 

five periods, of which the results of the first two periods (2003-2007 and 2008-2012) can 

be used as baseline level (SC, 2005, 2009, 2011).  

Through the proposed solving algorithm, solutions under the four scenarios could 

be obtained. Table 6.5.1 presents the solutions for energy resources allocations in the 

planning periods. These results are generally presented in deterministic and interval 

formats. The deterministic numbers suggest the precise modeling results of energy 

supplies. The interval values provide the ranges, showing the impacts by the interval-

parameter inputs. Results show that the exploitations of major energy resources (e.g., coal, 

natural gas, bitumen) are generally in ascending trends. Exports of related resources are 

also increasing (e.g., coal, natural gas, crude oil/SCO). As to coal, the mining activity 

would remain at a relative stable rate, while increasing amount of coal would be exported, 

indicating a descending trend of coal consumptions in the region. Extraction of natural 

gas would be steadily increasing (increasing lower-bound and upper-bound values of the 

interval numbers) in the future 3 periods with the values of [5384.3, 5429.1] PJ, [6873.7, 

7057.8] PJ and [8692.2, 9175.1] PJ. As the increase of mining is much lower than 

exploitation, most of the increased natural gas would be consumed in the province. 

Alberta produces the largest portion of crude oil in Canada. Although the production of 

conventional oil is anticipated to be declining in the future, export of crude oil would be 

dominated by the promising SCO which is upgraded from bitumen. The exploitation of 

bitumen would also demonstrate significant increases during the 3 planning periods. 
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Besides the raw fossil fuels, Alberta also exports large amounts of refined petroleum 

products. With the anticipated increasing demands for these products by the adjacent 

regions, the exports of gasoline, diesel and fuel oil would be increasing. Utilizations of 

biomass resources have gained more attention than before; especially when the 

mandatory blending requirements are imposed for gasoline and diesel. Several ethanol 

and biodiesel plant have been approved up to now. Thus in the planning periods, more 

ethanol and biodiesel would be produced within Alberta, resulting in increasing demands 

for biomasses, such as wheat (and/or other grains) and canola. As to electricity, more 

electricity would be imported from adjacent regions (British Columbia, Saskatchewan 

and United States). Meanwhile, certain amounts of electricity would be continuously 

supplied to some areas of the three regions, however, may in a declining trend. Under 

scenarios B to D, no significant difference has been shown for the allocation plans of 

most energy carriers. However, certain differences have been shown for the activities of 

coal exploitation and electricity imports when taking into account the system risks in the 

planning periods. Since these system risks are highly associated with changing 

weather/climatic conditions, it is indicated that the varying weather/climatic condition 

would pose certain impacts on Alberta’s energy-environment system. Such impacts need 

to be reflected during the system planning.  
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Table 6.5.1. Allocation of energy resources in Alberta in the planning periods 
Energy 

sources 

Period Annual amount of energy sources (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal -min. T1 565.0 565.0 565.0 565.0 

 T2 641.0 641.0 641.0 641.0 

 T3 [747.8, 784.2] [747.9, 784.2] [747.9, 784.2] [747.9, 784.2] 

 T4 [711.7, 716.2] [763.1, 799.4] [763.1, 799.4] [763.1, 799.4] 

 T5 [781.4, 787.0] [710.1, 715.5] [709.9, 717.4] [712.2, 717.4] 

Coal -exp. T1 60.3 60.3 60.3 60.3 

 T2 161.0 161.0 161.0 161.0 

 T3 [198.0, 208.3] [198.0, 208.3] [198.0, 208.3] [198.0, 208.3] 

 T4 [233.9, 243.0] [233.9, 245.1] [233.9, 245.1] [233.9, 245.1] 

 T5 [271.5, 282.3] [271.5, 272.9] [271.5, 272.9] [271.5, 272.9] 

Natural gas -min. T1 5468.7 5468.7 5468.7 5468.7 

 T2 4396.0 4396.0 4396.0 4396.0 

 T3 [5384.3, 5429.1] [5383.9, 5429.1] [5383.9, 5429.1] [5383.9, 5429.1] 

 T4 [6873.7, 7057.8] [6903.8, 7057.8] [6904.2, 7057.8] [6904.4, 7057.8] 

 T5 [8692.2, 9175.1] [8692.2, 9175.1] [8692.2, 9175.1] [8692.2, 9175.1] 

Natural gas -exp. T1 3949.0 3949.0 3949.0 3949.0 

 T2 2886.0 2886.0 2886.0 2886.0 

 T3 3522.4 3522.0 3522.0 3522.0 

 T4 4193.0 4193.0 4193.0 4193.0 

 T5 [4932.2, 5167.1] [4932.2, 5167.1] [4932.2, 5167.1] [4932.2, 5167.1] 
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Bitumen -min. T1 4200.0 4200.0 4200.0 4200.0 

 T2 6030.0 6030.0 6030.0 6030.0 

 T3 [7597.8, 8019.9] [7597.8, 8019.9] [7597.8, 8019.9] [7597.8, 8019.9] 

 T4 [10636.9, 11227.9] [10636.9, 11227.9] [10636.9, 11227.9] [10636.9, 11227.9] 

 T5 [14891.7, 15719.0] [14891.7, 15719.0] [14891.7, 15719.0] [14891.7, 15719.0] 

Crude oil -min. T1 1378.0 1378.0 1378.0 1378.0 

 T2 1063.0 1063.0 1063.0 1063.0 

 T3 [1143.2, 1172.0] [1143.2, 1172.0] [1143.2, 1172.0] [1143.2, 1172.0] 

 T4 [805.5, 818.0] [805.5, 818.0] [805.5, 818.0] [805.5, 818.0] 

 T5 [781.1, 819.4] [781.1, 819.4] [781.1, 819.4] [781.1, 819.4] 

Crude oil -exp. T1 1921.0 1921.0 1921.0 1921.0 

 T2 3510.0 3510.0 3510.0 3510.0 

 T3 4334.9 4334.9 4334.9 4334.9 

 T4 7033.1 7033.1 7033.1 7033.1 

 T5 7325.9 7325.9 7325.9 7325.9 

Gasoline -exp. T1 134.0 134.0 134.0 134.0 

 T2 96.0 96.0 96.0 96.0 

 T3 [108.1, 109.7] [108.9, 110.0] [108.7, 110.9] [108.7, 110.9] 

 T4 [122.0, 124.8] [122.0, 124.2] [122.0, 124.8] [122.0, 124.8] 

 T5 [134.2, 140.6] [134.2, 140.6] [134.2, 140.6] [134.2, 140.6] 

Diesel -exp. T1 153.0 153.0 153.0 153.0 

 T2 119.0 119.0 119.0 119.0 

 T3 [79.1, 85.0] [79.1, 85.0] [79.1, 85.0] [79.1, 85.0] 
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 T4 [98.5, 103.7] [98.5, 103.7] [98.5, 103.7] [98.5, 103.7] 

 T5 [158.2, 161.0] [158.2, 161.0] [158.2, 161.0] [158.9, 163.7] 

Fuel oil -exp. T1 31.5 31.5 31.5 31.5 

 T2 25.0 25.0 25.0 25.0 

 T3 [28.9, 29.8] [28.9, 29.8] [28.9, 29.8] [28.9, 29.8] 

 T4 [31.8, 33.3] 31.8 [31.8, 31.9] [31.8, 31.9] 

 T5 [34.9, 36.6] [34.9, 36.6] [34.9, 36.6] [34.9, 36.6] 

LPG -exp. T1 0.1 0.1 0.1 0.1 

 T2 0.8 0.8 0.8 0.8 

 T3 [0.9, 1.0] [0.9, 1.0] [0.9, 1.0] [0.9, 1.0] 

 T4 [0.4, 0.8] [0.4, 0.8] [0.4, 0.8] [0.4, 0.8] 

 T5 [0.3, 0.7] [0.3, 0.7] [0.3, 0.7] [0.3, 0.7] 

Aviation fuel-exp. T1 21.0 21.0 21.0 21.0 

 T2 15.0 15.0 15.0 15.0 

 T3 16.0 16.0 16.0 16.0 

 T4 15.8 15.8 15.8 15.8 

 T5 [16.8, 16.9] [16.8, 16.9] [16.8, 16.9] [16.8, 16.9] 

Biomass -wheat T1 2.4 2.4 2.4 2.4 

 T2 2.4 2.4 2.4 2.4 

 T3 [3.1, 3.2] [3.1, 3.2] [3.1, 3.2] [3.1, 3.2] 

 T4 [4.3, 4.5] 4.5 [4.3, 4.5] [4.3, 4.5] 

 T5 [6.0, 6.3] [6.0, 6.3] [6.0, 6.3] [6.0, 6.3] 

Biomass -canola T1 0.0 0.0 0.0 0.0 
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 T2 1.5 1.5 1.5 1.5 

 T3 [1.9, 2.0] [1.9, 2.0] [1.9, 2.0] [1.9, 2.0] 

 T4 [2.6, 2.8] [2.6, 2.8] [2.6, 2.8] [2.6, 2.8] 

 T5 [3.7, 3.9] [3.7, 3.9] [3.7, 3.9] [3.7, 3.9] 

Landfill gas -min. T1 4.7 4.7 4.7 4.7 

 T2 9.5 9.5 9.5 9.5 

 T3 13.0 13.0 13.0 13.0 

 T4 13.0 [16.2, 16.9] 15.5 15.5 

 T5 13.0 [16.2, 16.9] 15.5 15.5 

Electricity -imp. T1 5.3 5.3 5.3 5.3 

 T2 9.1 9.1 9.1 9.1 

 T3 14.3 14.3 14.3 14.3 

 T4 [11.3, 11.9] 21.4 21.4 21.4 

 T5 [31.0, 32.0] [32.0, 32.1] [31.2, 32.1] 31.9 

Electricity -exp. T1 3.5 3.5 3.5 3.5 

 T2 1.5 1.5 1.5 1.5 

 T3 0.7 0.7 0.7 0.7 

 T4 0.4 0.4 0.4 0.4 

 T5 0.2 0.2 0.2 0.2 
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Table 6.5.2 shows the solutions of electricity productions under different joint-

probability levels in the 3 planning periods. Results are generally presented in both 

deterministic and interval formats. It is shown that electricity generated by coal-fired 

technology and natural gas-fired technology would be dominating over the planning 

horizon. Although coal-powered technology would lead to high amount of GHG emission, 

it plays an important role in power structure due to its lower cost compared to other 

power sources. The high emission could be alleviated through implementing clean-coal 

power technology or carbon capture and storage (CCS) technologies. Nevertheless, coal 

power would be in a descending trend over the planning horizon. In contrast, electricity 

from natural gas powered technologies (including natural gas power and cogeneration) 

would be increasing significantly. Fuel oil-based power would be generally used in small 

scale to meet certain power requirements. Renewable energy such as hydro, wind, solar 

and biomass based power would be steadily increased in the 3 planning periods, 

constrained by GHG mitigation requirement of the energy-environment system. Among 

them, wind power would contribute the largest portion of the renewable energy, from 

current 7.55 PJ to 50.7 PJ in the 5th period. Solar power, limited by its capacity cost 

would not be adopted in large scale. The 0.18 PJ would be mainly generated from the 

facilities that are planned in the 4th period. Hydro power would increase as well. Since 

most of the remaining hydropower reserves are at far north region, the exploitation of 

these resources would highly relies on the construction of a new transmission system in 

the area. Nuclear power, due to its high investment and operation requirement, would not 

be considered in the planning horizon based on the model results. Results under the four 

scenarios demonstrate that the electricity generation by renewable technologies (i.e., 
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hydro, wind and solar) would be affected relative seriously, especially those by wind and 

solar technologies. The three different levels of system risks (under scenario B, C and D) 

would generally result in lower power generation compared to no-risk scenario A. In 

contrast, the electricity generations by coal, natural gas and other power technologies 

would demonstrate different impact, with higher power generations compared to the no-

risk scenario. The variations of electricity by these technologies would compensate the 

decreased amount through renewable technologies, in order to meet the total system 

power demands.  

Results of generation capacity expansions (Table 6.5.3) generally demonstrate the 

samilar variations as electricity generations. Except for one large scale coal power plant 

is built in period 3 as planned, no new coal power plant would be needed in future. The 

remaining facility would be supply the required electricity by such technology. As to 

natural gas power, the increased amount would be realized through expanding new 

facilities. According to the optimization results, wind power facility would be 

significantly expanded in the 3rd period, accounting for the largest portion of the 

expanded renewable power generation capacity. Only 0.02 GW of solar power panels 

would be expanded as previously planned. It is demonstrated that the possible 

weather/climatic variations in future would affect the capacity expansions for renewable 

power generation. Higher capacity (around 0.6 GW) would be expanded for wind power 

generation capacity. Same as renewable power technologies, higher power generation 

capacities by fossil fuel technologies (e.g., coal, natural gas, fuel oil and landfill gas) 

would be expanded under scenario B, C and D. No facilities would be planned for 

nuclear power generation over the planning horizon.  
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Table 6.5.2. Electricity production in Alberta in the planning periods 
Generation 

technology 

Period Annual electricity production (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Coal T1 158.4 158.4 158.4 158.4 

 T2 148.0 148.0 148.0 148.0 

 T3 [132.8, 145.1] [132.8, 145.1] [132.8, 145.1] [132.8, 145.1] 

 T4 [107.7, 110.0] [122.3, 134.5] [122.3, 134.5] [122.3, 134.5] 

 T5 [111.7, 114.6] [93.4, 93.5] [93.4, 94.0] 94.0 

Natural gas T1 37.8 37.8 37.8 37.8 

 T2 69.4 69.4 69.4 69.4 

 T3 112.9 112.9 112.9 112.9 

 T4 [168.9, 179.5] 183.8 183.8 183.8 

 T5 [168.9, 179.5] [227.5, 240.4] [227.5, 238.8] [225.4, 238.1] 

Fuel oil T1 0.53 0.53 0.53 0.53 

 T2 0.86 0.86 0.86 0.86 

 T3 1.54 [1.53, 1.54] [1.53, 1.54] [1.53, 1.54] 

 T4 1.55 [2.61, 2.74] [2.43, 2.74] [2.41, 2.74] 

 T5 1.55 [2.65, 2.76] [2.43, 2.76] [2.43, 2.76] 

Hydro T1 8.54 8.54 8.54 8.54 

 T2 5.83 5.83 5.83 5.83 

 T3 6.79 6.79 6.79 6.79 

 T4 7.92 7.20 7.92 7.92 

 T5 9.23 6.53 8.20 9.09 

Wind T1 4.09 4.09 4.09 4.09 

 T2 7.55 7.55 7.55 7.55 

 T3 19.8 19.8 19.8 19.8 
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 T4 50.7 [8.53, 9.47] [8.48, 9.43] [8.54, 9.43] 

 T5 50.7 [9.47, 10.56] [9.21, 10.56] [9.07, 10.53] 

Solar T1 0.00 0.00 0.00 0.00 

 T2 0.00 0.00 0.00 0.00 

 T3 0.00 0.00 0.00 0.00 

 T4 0.18 0.13 0.13 0.13 

 T5 0.18 0.00 0.00 0.00 

Landfill gas T1 2.03 2.03 2.03 2.03 

 T2 4.13 4.13 4.13 4.13 

 T3 5.63 5.64 5.64 5.64 

 T4 5.63 [7.03, 7.33] 6.72 6.72 

 T5 5.63 [7.03, 7.35] 6.72 6.72 

Biomass T1 4.40 4.40 4.40 4.40 

 T2 2.34 2.34 2.34 2.34 

 T3 3.93 3.93 3.93 3.93 

 T4 6.60 6.60 6.60 6.60 

 T5 8.27 8.27 8.27 8.27 

Nuclear T1 0.00 0.00 0.00 0.00 

 T2 0.00 0.00 0.00 0.00 

 T3 0.00 0.00 0.00 0.00 

 T4 0.00 0.00 0.00 0.00 

 T5 0.00 0.00 0.00 0.00 

 

  



 

330 
 

Table 6.5.3. Capacity expansion of electricity generation facilities in Alberta 
Generation 

technology 

Period Expanded capacity in each period (GW) 

Scenario A Scenario B Scenario C Scenario D 

Coal T1 0.53 0.53 0.53 0.53 

 

T2 0.53 0.53 0.53 0.53 

 

T3 [0.95, 1.56] [0.95, 1.56] [0.95, 1.56] [0.95, 1.56] 

 

T4 0.00 0.00 0.00 0.00 

 

T5 0.00 0.00 0.00 0.00 

Natural gas T1 1.06 1.06 1.06 1.06 

 

T2 1.45 1.45 1.45 1.45 

 

T3 [0.38, 0.76] 0.76 0.76 0.76 

 

T4 [1.64, 1.74] 2.06 2.06 2.06 

 

T5 0.00 [1.82, 2.39] [1.82, 2.32] [1.72, 2.29] 

Fuel Oil T1 0.00 0.00 0.00 0.00 

 

T2 0.00 0.00 0.00 0.00 

 

T3 0.04 0.05 0.05 0.05 

 

T4 0.00 0.05 [0.04, 0.05] [0.04, 0.05] 

 

T5 0.00 0.00 0.00 0.00 

Hydro T1 0.04 0.04 0.04 0.04 

 

T2 0.00 0.00 0.00 0.00 

 

T3 0.10 0.10 0.10 0.10 

 

T4 0.00 0.03 0.00 0.00 

 

T5 0.00 0.00 0.00 0.00 

Wind T1 0.44 0.44 0.44 0.44 

 

T2 0.60 0.60 0.60 0.60 
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T3 3.39 3.39 3.39 3.39 

 

T4 0.00 [0.60, 0.68] [0.62, 0.69] [0.63, 0.71] 

 

T5 0.00 [0.68, 0.76] [0.68, 0.79] [0.68, 0.80] 

Solar T1 0.00 0.00 0.00 0.00 

 

T2 0.00 0.00 0.00 0.00 

 

T3 0.00 0.00 0.00 0.00 

 

T4 0.02 0.02 0.02 0.02 

 

T5 0.00 0.00 0.00 0.00 

Landfill gas T1 0.00 0.00 0.00 0.00 

 

T2 0.03 0.03 0.03 0.03 

 

T3 0.21 0.22 0.22 0.22 

 

T4 0.00 [0.08, 0.10] 0.06 0.06 

 

T5 0.00 0.00 0.00 0.00 

Biomass T1 0.10 0.10 0.10 0.10 

 

T2 0.11 0.11 0.11 0.11 

 

T3 0.05 0.05 0.05 0.05 

 

T4 0.00 0.00 0.00 0.00 

 

T5 0.00 0.00 0.00 0.00 

Nuclear T1 0.00 0.00 0.00 0.00 

 

T2 0.00 0.00 0.00 0.00 

 

T3 0.00 0.00 0.00 0.00 

 

T4 0.00 0.00 0.00 0.00 

 

T5 0.00 0.00 0.00 0.00 
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Table 6.5.4 shows the solutions for energy processing activities in Alberta under 

the four scenarios. It shows that the processing capacities for refining, bitumen upgrading, 

ethanol and biodiesel productions would be generally increasing in the 3 planning periods. 

In accordance with the projected economic growth in Alberta, the crude oil refining 

facilities would provide increasing amounts of refined petroleum products for domestic 

consumption and exports. Related facilities would be expanded by 24.71 GWe in period 

3 in order to support the increasing refining production (Table 6.5.5). Bitumen upgrading 

capacities would need to be expanded by 28 GWe in period 3 (Table 6.5.5) in order to 

support the SCO production from 6427 PJ to 10667 PJ in period 3 and 5 (Table 6.5.4). In 

accordance with biomass processing in Alberta (Table 6.5.1), ethanol production would 

increase from current 0.94 PJ (period 2) to [8.23, 9.00] PJ in period 5 with support from 

expanded capacity of ethanol processing (mainly 0.28 GWe in period 3). Biodiesel 

production would increase from current 0.66 PJ to [45.85, 47.90] PJ in period 5, with 

support from expanded capacity of crushing and refining (mainly 0.28 GWe in period 3). 

Comparison among the four scenarios indicates that only slight differences in biofuel 

productions and facility expansions are observed. The risk levels affected by varying 

climatic conditions would not affect refining and bitumen upgrading activities noticeably.  
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Table 6.5.4. Energy processing in Alberta in the planning periods 
Processing 

technology 

Period Annual energy production (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Refinery T1 807.0 807.0 807.0 807.0 

 T2 838.0 838.0 838.0 838.0 

 T3 [921.7, 950.5] [921.7, 950.5] [921.7, 950.5] [921.7, 950.5] 

 T4 [1005.5, 1039.0] [1005.5, 1039.0] [1005.5, 1039.0] [1005.5, 1039.0] 

 T5 [1136.0, 1174.4] [1136.0, 1174.3] [1136.0, 1174.3] [1136.0, 1174.3] 

Bitumen T1 2430.0 2430.0 2430.0 2430.0 

upgrade T2 3437.0 3437.0 3437.0 3437.0 

 T3 6427.2 6427.2 6427.2 6427.2 

 T4 [10636.9, 10667.8] [10636.9, 10667.8] [10636.9, 10667.8] [10636.9, 10667.8] 

 T5 10667.8 10667.8 10667.8 10667.8 

Ethanol T1 0.94 0.94 0.94 0.94 

 T2 0.94 0.94 0.94 0.94 

 T3 [2.10, 2.74] 3.47 3.31 3.31 

 T4 5.68 [5.14, 5.68] 5.68 5.68 

 T5 [8.23, 9.00] [8.23, 9.00] [8.23, 9.00] [8.23, 9.00] 

BioDiesel T1 0.00 0.00 0.00 0.00 

 T2 0.66 0.66 0.66 0.66 

 T3 2.76 2.76 2.76 2.76 

 T4 11.57 11.57 11.57 11.57 

 T5 [45.85, 47.90] [45.85, 47.90] [45.85, 47.90] 48.60 
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Table 6.5.5. Energy processing capacity expansion in Alberta in the planning periods 
Processing 

technology 

Period Annual energy production (GWe) 

Scenario A Scenario B Scenario C Scenario D 

Refinery T1 0.00 0.00 0.00 0.00 

 T2 0.00 0.00 0.00 0.00 

 T3 24.71 24.71 24.71 24.71 

 T4 0.00 0.00 0.00 0.00 

 T5 0.00 0.00 0.00 0.00 

Bitumen T1 0.00 0.00 0.00 0.00 

upgrade T2 0.00 0.00 0.00 0.00 

 T3 28.00 28.00 28.00 28.00 

 T4 0.00 0.00 0.00 0.00 

 T5 0.00 0.00 0.00 0.00 

Ethanol T1 0.00 0.00 0.00 0.00 

 T2 0.00 0.00 0.00 0.00 

 T3 0.28 0.28 0.28 0.28 

 T4 0.00 0.00 0.00 0.00 

 T5 [0, 0.03] [0, 0.03] [0, 0.03] [0, 0.03] 

BioDiesel T1 0.00 0.00 0.00 0.00 

 T2 0.02 0.02 0.02 0.02 

 T3 0.14 0.14 0.14 0.29 

 T4 0.29 0.29 0.29 0.29 

 T5 [1.16, 1.23] [1.16, 1.23] [1.16, 1.23] 1.16 



 

335 
 

Sector energy demands are the combined results of economic development, resources 

exploitation and GHG reductions. Table 6.5.6 presents the solutions of energy demands 

by different sectors in Alberta. These results are generally presented in interval formats, 

showing the impacts by the interval-parameter inputs (e.g., uncertain energy resource 

availability and consumption). Generally the demands for energy are in ascending trend 

in the 3 planning periods, except for coal mining and conventional oil exploitation due to 

their high GHG emissions and limited resource/capacity availability, respectively. Under 

the four system satisfactory levels, the energy demands by all the sectors would not 

demonstrate obvious differences. It indicates that the varying climatic conditions (random 

variation) would not affect the most demanding sectors, when unclear future climate 

conditions (such as temperature, precipitation, generated from climatic change simulation 

model) are not incorporated into the model.  
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Table 6.5.6. Energy demands by sectors in Alberta 
Sectors Period Amount of annual energy demand (PJ) 

Scenario A Scenario B Scenario C Scenario D 

Construction T1 16.2 16.2 16.2 16.2 

 T2 15.6 15.6 15.6 15.6 

 T3 [16.4, 17.2] [16.4, 17.2] [16.4, 17.2] [16.4, 17.2] 

 T4 [18.1, 19.0] [18.1, 19.0] [18.1, 19.0] [18.1, 19.0] 

 T5 [19.9, 21.0] [19.9, 21.0] [19.9, 21.0] [19.9, 21.0] 

Pulp T1 22.4 22.4 22.4 22.4 

 T2 19.7 19.7 19.7 19.7 

 T3 [20.6, 21.7] [20.6, 21.7] [20.6, 21.7] [20.6, 21.7] 

 T4 [22.8, 24.0] [22.8, 24.0] [22.8, 24.0] [22.8, 24.0] 

 T5 [25.1, 26.4] [25.1, 26.4] [25.1, 26.4] [25.1, 26.4] 

Iron & Steel T1 10.4 10.4 10.4 10.4 

 T2 11.0 11.0 11.0 11.0 

 T3 [11.5, 12.1] [11.5, 12.1] [11.5, 12.1] [11.5, 12.1] 

 T4 [12.7, 15.1] [12.7, 13.4] [12.7, 13.4] [12.7, 13.4] 

 T5 [14.0, 14.8] [14.0, 14.8] [14.0, 18.4] [14.0, 14.8] 

Cement T1 52.7 52.7 52.7 52.7 

 T2 45.9 45.9 45.9 45.9 

 T3 [48.1, 50.6] [48.1, 50.6] [48.1, 50.6] [48.1, 50.6] 

 T4 [53.0, 55.8] [53.0, 55.8] [53.0, 55.8] [53.0, 55.8] 

 T5 [58.5, 61.6] [58.5, 61.6] [58.5, 61.6] [58.5, 61.6] 
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Chemical T1 138.9 138.9 138.9 138.9 

 T2 156.7 156.7 156.7 156.7 

 T3 [164.2, 172.8] [164.2, 172.8] [164.2, 172.8] [164.2, 172.8] 

 T4 [181.1, 190.7] [181.1, 190.7] [181.1, 190.7] [181.1, 190.7] 

 T5 [199.8, 210.3] [199.8, 210.3] [199.8, 210.3] [199.8, 210.3] 

Other T1 40.4 40.4 40.4 40.4 

manufacturing T2 57.3 57.3 57.3 57.3 

 T3 [60.0, 63.2] [60.0, 63.2] [60.0, 63.2] [60.0, 63.2] 

 T4 [66.2, 69.7] [66.2, 69.7] [66.2, 69.7] [66.2, 69.7] 

 T5 [73.0, 76.8] [73.0, 76.8] [73.0, 76.8] [73.0, 76.8] 

Coal mine T1 23.5 23.5 23.5 23.5 

 T2 22.9 22.9 22.9 22.9 

 T3 [20.4, 21.5] [20.4, 21.5] [20.4, 21.5] [20.4, 21.5] 

 T4 [19.2, 20.2] [19.2, 20.2] [19.2, 20.2] [19.2, 20.2] 

 T5 [18.0, 18.9] [18.0, 18.9] [18.0, 18.9] [18.0, 18.9] 

Crude oil T1 54.5 54.5 54.5 54.5 

extraction T2 58.0 58.0 58.0 58.0 

 T3 [46.5, 49.0] [46.5, 49.0] [46.5, 49.0] [47.7, 49.0] 

 T4 [39.3, 41.3] [39.3, 41.3] [39.3, 41.3] [39.3, 41.3] 

 T5 [33.2, 34.9] [33.2, 34.9] [33.2, 34.9] [33.2, 34.9] 

Bitumen T1 215.6 215.6 215.6 215.6 

extraction T2 478.4 478.4 478.4 478.4 

 T3 [531.7, 559.7] [531.7, 559.7] [531.7, 559.7] [531.7, 559.7] 
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 T4 [622.1, 654.9] [622.1, 654.9] [622.1, 654.9] [622.1, 654.9] 

 T5 [727.9, 766.2] [727.9, 766.2] [727.9, 766.2] [727.9, 766.2] 

Natural gas T1 28.5 28.5 28.5 28.5 

extraction T2 30.2 30.2 30.2 30.2 

 T3 [32.3, 34.0] [32.3, 34.0] [32.3, 34.0] [32.3, 34.0] 

 T4 [36.3, 38.3] [36.3, 38.3] [36.3, 38.3] [36.3, 38.3] 

 T5 [40.9, 43.1] [40.9, 43.1] [40.9, 43.1] [40.9, 43.1] 

Agriculture T1 70.0 70.0 70.0 70.0 

& Forestry T2 57.1 57.1 57.1 57.1 

 T3 [51.5, 54.2] [51.5, 54.2] [51.5, 54.2] [51.5, 54.2] 

 T4 [49.0, 51.5] [49.0, 51.5] [49.0, 51.5] [49.0, 51.5] 

 T5 [46.5, 49.0] [46.5, 49.0] [46.5, 49.0] [46.5, 49.0] 

Commericial T1 183.9 183.9 183.9 183.9 

& Institutional T2 191.7 191.7 191.7 191.7 

 T3 [201.0, 211.6] [201.0, 211.6] [201.0, 211.6] [201.0, 211.6] 

 T4 [221.8, 233.5] [221.8, 233.5] [221.8, 233.5] [221.8, 233.5] 

 T5 [244.7, 257.6] [244.7, 257.6] [244.7, 257.6] [244.7, 257.6] 

Residential T1 173.6 173.6 173.6 173.6 

 T2 190.0 190.0 190.0 190.0 

 T3 [195.8, 206.1] [195.8, 206.1] [195.8, 206.1] [195.8, 206.1] 

 T4 [218.3, 229.8] [218.3, 229.8] [218.3, 229.8] [218.3, 229.8] 

 T5 [256.8, 270.3] [256.8, 270.3] [256.8, 270.3] [256.8, 270.3] 

Light vehicle T1 52.0 52.0 52.0 52.0 



 

339 
 

- gasoline T2 55.7 55.7 55.7 55.7 

 T3 [59.6, 62.7] [59.6, 62.7] [59.6, 62.7] [59.6, 62.7] 

 T4 [64.0, 67.3] [64.0, 67.3] [64.0, 67.3] [64.0, 67.3] 

 T5 [72.8, 76.6] [72.8, 76.6] [72.8, 76.6] [72.8, 76.6] 

Light vehicle T1 0.4 0.4 0.4 0.4 

- diesel T2 0.6 0.6 0.6 0.6 

 T3 0.6 0.6 0.6 0.6 

 T4 0.6 0.6 0.6 0.6 

 T5 0.6 0.6 0.6 0.6 

Light truck T1 97.2 97.2 97.2 97.2 

- gasoline T2 103.7 103.7 103.7 103.7 

 T3 [111.0, 116.9] [111.0, 116.9] [111.0, 116.9] [111.0, 116.9] 

 T4 [119.4, 125.6] [119.4, 125.6] [119.4, 125.6] [119.4, 125.6] 

 T5 [136.0, 143.2] [136.0, 143.2] [136.0, 143.2] [136.0, 143.2] 

Light truck T1 8.8 8.8 8.8 8.8 

- diesel T2 9.4 9.4 9.4 9.4 

 T3 [10.0, 10.6] [10.0, 10.6] [10.0, 10.6] [10.0, 10.6] 

 T4 [10.8, 11.4] [10.8, 11.4] [10.8, 11.4] [10.8, 11.4] 

 T5 [12.3, 12.9] [12.3, 12.9] [12.3, 12.9] [12.3, 12.9] 

Heavy truck T1 24.5 24.5 24.5 24.5 

- gasoline T2 27.7 27.7 27.7 27.7 

 T3 [29.0, 30.5] [29.0, 30.5] [29.0, 30.5] [29.0, 30.5] 

 T4 [30.7, 32.3] [30.7, 32.3] [30.7, 32.3] [30.7, 32.3] 
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 T5 [34.2, 36.0] [34.2, 36.0] [34.2, 36.0] [34.2, 36.0] 

Heavy truck T1 98.3 98.3 98.3 98.3 

- diesel T2 117.9 117.9 117.9 117.9 

 T3 [120.5, 126.9] [120.5, 126.9] [120.5, 126.9] [120.5, 126.9] 

 T4 [126.2, 132.8] [126.2, 132.8] [126.2, 132.8] [126.2, 132.8] 

 T5 [137.5, 144.7] [137.5, 144.7] [137.5, 144.7] [137.5, 144.7] 

      Motocycle T1 0.55 0.55 0.55 0.55 

 T2 0.62 0.62 0.62 0.62 

 T3 [0.69, 0.73] [0.69, 0.73] [0.69, 0.73] [0.69, 0.73] 

 T4 [0.81, 0.86] [0.81, 0.86] [0.81, 0.86] [0.81, 0.86] 

 T5 [0.96, 1.01] [0.96, 1.01] [0.96, 1.01] [0.96, 1.01] 

Vehicle T1 2.30 2.30 2.30 2.30 

-natural gas T2 1.59 1.59 1.59 1.59 

& propane T3 [1.78, 1.91] [1.78, 1.91] [1.78, 1.91] [1.78, 1.87] 

 T4 [2.09, 2.20] [2.09, 2.20] [2.09, 2.20] [2.09, 2.20] 

 T5 [2.46, 2.59] [2.46, 2.59] [2.46, 2.59] [2.46, 2.59] 

Aviation T1 17.2 17.2 17.2 17.2 

 T2 17.3 17.3 17.3 17.3 

 T3 [19.3, 20.4] [19.3, 20.4] [19.3, 20.4] [19.3, 20.4] 

 T4 [22.7, 23.9] [22.7, 23.9] [22.7, 23.9] [22.7, 23.9] 

 T5 [26.8, 28.2] [26.8, 28.2] [26.8, 28.2] [26.8, 28.2] 

Railway T1 28.0 28.0 28.0 28.0 

 T2 28.0 28.0 28.0 28.0 
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 T3 [31.3, 33.0] [31.3, 33.0] [31.3, 33.0] [31.3, 33.0] 

 T4 [36.9, 38.8] [36.9, 38.8] [36.9, 38.8] [36.9, 38.8] 

 T5 [43.3, 45.6] [43.3, 45.6] [43.3, 45.6] [43.3, 45.6] 

Off road - T1 14.8 14.8 14.8 14.8 

gasoline T2 7.3 7.3 7.3 7.3 

 T3 [7.6, 8.0] [7.6, 8.0] [7.6, 8.0] [7.6, 8.0] 

 T4 [8.4, 8.9] [8.4, 8.9] [8.4, 8.9] [8.4, 8.9] 

 T5 [9.3, 9.8] [9.3, 9.8] [9.3, 9.8] [9.3, 9.8] 

Off road - T1 75.3 75.3 75.3 75.3 

diesel T2 138.0 138.0 138.0 138.0 

 T3 [144.7, 152.3] [144.7, 152.3] [144.7, 152.3] [144.7, 152.3] 

 T4 [159.6, 168.0] [159.6, 168.0] [159.6, 168.0] [159.6, 168.0] 

 T5 [176.2, 185.4] [176.2, 185.4] [176.2, 185.4] [176.2, 185.4] 

Pipeline T1 64.0 64.0 64.0 64.0 

 T2 34.2 34.2 34.2 34.2 

 T3 [35.8, 37.7] [35.8, 37.7] [35.8, 37.7] [35.8, 37.7] 

 T4 [39.5, 41.6] [39.5, 41.6] [39.5, 41.6] [39.5, 41.6] 

 T5 [43.6, 45.9] [43.6, 45.9] [43.6, 45.9] [43.6, 45.9] 
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Table 6.5.7 shows GHG emissions from all the system activities in the 5 planning 

periods in Alberta. It is indicated that largest amounts GHG would be from sectors of 

coal/natural gas power generation, bitumen extraction and upgrading, and transportation. 

In accordance with the results of power generation, emissions from coal power 

generation would be decreased in the planning periods (50120, [44978, 49140], [36471, 

37245] and [37815, 38790] ktonnes in period 2, 3, 4 and 5 under scenario A, 

respectively), while those of natural gas would be increased (7918, 12886, [19317, 20501] 

and [19317, 20501] ktonnes in period 2, 3, 4 and 5 under scenario A, respectively). 

Emissions from other generation technologies would be quite limited due to their low 

GHG emission density. Same as electricity generation activities, GHG emissions from 

power generations under the three levels of system risks (under scenario B, C and D) 

would generally be higher than that under scenario A. As to GHG emissions from 

processing technologies, it shows the similar increasing trends as processing activities  in 

the 3 planning periods (Table 6.5.3). Among the processing activities, bitumen upgrading 

would contribute the largest GHG emissions (9246, 17289, [28613, 28696] and 28696 

ktonnes in period 2, 3, 4 and 5 under scenario A, respectively). Emissions from crude oil 

refining would contributes the second largest portion in processing sector, with 3943, 

[4337, 4472], [4731, 4889] and [5345, 5526] ktonnes in period 2, 3, 4 and 5 under 

scenario A, respectively. In contrast, GHG emissions from ethanol and biodiesel refining 

would contribute very limited portion. As to demanding sectors, GHG emissions in most 

sectors are also in ascending trend in the 3 planning periods as the energy demanding 

activities. Emissions from coal mining and conventional oil exploitation, however, would 

be in descending trend due to their declining exploitation activities. Results under the   
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Table 6.5.7. Annual GHG emissions by sectors in Alberta 
Sectors Period Amount of GHG emissions (ktonnes) 

Scenario A Scenario B Scenario C Scenario D 

GHG emissions from power generation technologies 

Coal power T1 53622 53622 53622 53622 

 

T2 50120 50120 50120 50120 

 

T3 [44978, 49140] [44978, 49140] [44978, 49140] [44978, 49140] 

 

T4 [36471, 37245] [41397, 45559] [41397, 45559] [41397, 45559] 

 

T5 [37815, 38790] [31635, 31649] [31614, 31840] [31844, 31846] 

Natural gas T1 4314 4314 4314 4314 

 

T2 7918 7918 7918 7918 

 

T3 12886 12886 12886 12886 

 

T4 [19317, 20501] 20972 20972 20972 

 

T5 [19317, 20501] [26154, 27594] [26154, 27419] [25918, 27339] 

Fuel Oil T1 80 80 80 80 

 

T2 130 130 130 130 

 

T3 231 231 231 231 

 

T4 233 [393, 413] [366, 413] [364, 413] 

 

T5 233 [399, 416] [366, 416] [366, 416] 

Landfill gas T1 140 140 140 140 

 

T2 285 285 285 285 

 

T3 389 389 389 389 

 

T4 389 [485, 506] 464 464 
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T5 389 [485, 507] 464 464 

Biomass T1 48 48 48 48 

 

T2 26 26 26 26 

 

T3 43 43 43 43 

 

T4 73 73 73 73 

 

T5 91 91 91 91 

Hydro T1 47 47 47 47 

 

T2 32 32 32 32 

 

T3 38 38 38 38 

 

T4 44 40 44 44 

 

T5 51 36 46 51 

Wind T1 9 9 9 9 

 

T2 17 17 17 17 

 

T3 45 45 45 45 

 

T4 116 [19, 22] [19, 21] [19, 21] 

 

T5 116 [22, 24] [21, 24] [21, 24] 

Solar T1 0 0 0 0 

 

T2 0 0 0 0 

 

T3 0 0 0 0 

 

T4 2 1 1 1 

 

T5 2 0 0 0 

Nuclear T1 0 0 0 0 

 

T2 0 0 0 0 
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T3 0 0 0 0 

 

T4 0 0 0 0 

 

T5 0 0 0 0 

GHG emissions from energy processing technologies 

Refinery/Bio T1 3797 3797 3797 3797 

fuel T2 3943 3943 3943 3943 

 

T3 [4337, 4472] [4337, 4472] [4337, 4472] [4337, 4472] 

 

T4 [4731, 4889] [4731, 4889] [4731, 4889] [4731, 4889] 

 

T5 [5345, 5526] [5345, 5526] [5345, 5526] [5345, 5526] 

Bitumin  T1 6537 6537 6537 6537 

Upgrade T2 9246 9246 9246 9246 

 

T3 17289 17289 17289 17289 

 

T4 [28613, 28696] [28613, 28696] [28613, 28696] [28613, 28696] 

 

T5 28696 28696 28696 28696 

Ethanol T1 18 18 18 18 

 

T2 18 18 18 18 

 

T3 [40, 52] 66 63 63 

 

T4 108 [97, 108] 108 108 

 

T5 [156, 171] [156, 171] [156, 171] [156, 171] 

BioDiesel T1 0 0 0 0 

 

T2 2 2 2 2 

 

T3 8 8 8 8 
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T4 33 33 33 33 

 

T5 [129, 135] [129, 135] [129, 135] 137 

GHG emissions from energy demanding technologies 

Construction T1 922 922 922 922 

 T2 947 947 947 947 

 T3 [992, 1044] [992, 1044] [992, 1044] [992, 1044] 

 T4 [1094, 1152] [1094, 1152] [1094, 1152] [1094, 1152] 

 T5 [1207, 1270] [1207, 1270] [1207, 1270] [1207, 1270] 

Pulp T1 464 464 464 464 

 T2 408 408 408 408 

 T3 [430, 452] [430, 452] [430, 452] [430, 452] 

 T4 [473, 497] [477, 501] [477, 501] [477, 501] 

 T5 [527, 555] [527, 555] [527, 555] [527, 555] 

Iron & Steel T1 756 756 756 756 

 T2 797 797 797 797 

 T3 [838, 882] [838, 882] [838, 882] [838, 882] 

 T4 [928, 976] [915, 962] [924, 963] [925, 973] 

 T5 [1030, 1078] [1018, 1062] [1027, 1051] [1028, 1081] 

Cement T1 2572 2572 2572 2572 

 T2 2279 2279 2279 2279 

 T3 [2359, 2495] [2359, 2495] [2359, 2495] [2359, 2495] 

 T4 [2627, 2773] [2627, 2774] [2627, 2774] [2627, 2773] 

 T5 [2939, 3096] [2939, 3096] [2939, 3096] [2939, 3096] 
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Chemical T1 4355 4355 4355 4355 

 T2 4908 4908 4908 4908 

 T3 [5076, 5351] [5076, 5351] [5076, 5351] [5076, 5351] 

 T4 [5670, 5970] [5615, 5912] [5615, 5912] [5615, 5909] 

 T5 [6296, 6621] [6294, 6621] [6294, 6621] [6294, 6621] 

Other  T1 1395 1395 1395 1395 

Manufactur. T2 2034 2034 2034 2034 

 T3 [2112, 2230] [2114, 2232] [2114, 2232] [2114, 2232] 

 T4 [2312, 2442] [2313, 2442] [2313, 2442] [2313, 2442] 

 T5 [2530, 2674] [2531, 2674] [2531, 2674] [2531, 2674] 

Coal mine T1 533 533 533 533 

 T2 557 557 557 557 

 T3 [492, 519] [492, 519] [492, 519] [492, 519] 

 T4 [460, 486] [458, 484] [460, 484] [460, 484] 

 T5 [431, 456] [431, 456] [431, 456] [431, 456] 

Crude oil  T1 1661 1661 1661 1661 

extraction T2 1757 1757 1757 1757 

 T3 [1396, 1474] [1396, 1474] [1396, 1474] [1396, 1474] 

 T4 [1179, 1245] [1179, 1245] [1179, 1245] [1179, 1245] 

 T5 [1002, 1057] [1002, 1057] [1002, 1057] [1002, 1057] 

Bitumen T1 9805 9805 9805 9805 

extraction T2 21753 21753 21753 21753 

 T3 [24398, 25643] [24398, 25643] [24398, 25643] [24398, 25643] 
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 T4 [28749, 30222] [28751, 30223] [28758, 30226] [28758, 30226] 

 T5 [33858, 35596] [33858, 35596] [33858, 35596] [33858, 35596] 

Natural gas  T1 305 305 305 305 

extraction T2 323 323 323 323 

 T3 [347, 365] [344, 362] [344, 362] [344, 363] 

 T4 [398, 417] [394, 414] [395, 415] [395, 415] 

 T5 [453, 476] [450, 473] [450, 474] [450, 474] 

Agriculture  T1 3817 3817 3817 3817 

& Forestry   T2 3113 3113 3113 3113 

 T3 [2775, 2933] [2775, 2933] [2775, 2933] [2775, 2933] 

 T4 [2607, 2761] [2607, 2761] [2607, 2761] [2607, 2761] 

 T5 [2469, 2604] [2469, 2604] [2469, 2604] [2469, 2604] 

Commer. & T1 7787 7787 7787 7787 

Institutional T2 8116 8116 8116 8116 

 T3 [8473, 8913] [8473, 8913] [8473, 8913] [8473, 8913] 

 T4 [9383, 9873] [9383, 9869] [9383, 9869] [9383, 9869] 

 T5 [10415, 10952] [10415, 10952] [10415, 10952] [10415, 10952] 

Residential T1 7497 7497 7497 7497 

 T2 8205 8205 8205 8205 

 T3 [8390, 8837] [8390, 8854] [8390, 8851] [8390, 8848] 

 T4 [9355, 9848] [9327, 9844] [9339, 9848] [9348, 9848] 

 T5 [10949, 11533] [10949, 11533] [10949, 11533] [10949, 11533] 

Light vehicle  T1 3573 3573 3573 3573 
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- gasoline T2 3826 3826 3826 3826 

 T3 [3885, 4089] [3885, 4089] [3885, 4089] [3885, 4089] 

 T4 [4173, 4393] [4173, 4393] [4173, 4393] [4173, 4393] 

 T5 [4749, 4999] [4749, 4999] [4749, 4999] [4749, 4999] 

Light vehicle  T1 30 30 30 30 

- diesel T2 39 39 39 39 

 T3 [38, 40] [38, 40] [38, 40] [38, 40] 

 T4 [39, 41] [39, 41] [39, 41] [39, 41] 

 T5 [42, 44] [42, 44] [42, 44] [42, 44] 

Light truck  T1 6692 6692 6692 6692 

- gasoline T2 7138 7138 7138 7138 

 T3 [7259, 7642] [7259, 7642] [7259, 7642] [7259, 7642] 

 T4 [7805, 8215] [7805, 8215] [7805, 8215] [7805, 8215] 

 T5 [8895, 9363] [8895, 9363] [8895, 9363] [8895, 9363] 

Light truck  T1 617 617 617 617 

- diesel T2 662 662 662 662 

 T3 [693, 729] [693, 729] [693, 729] [693, 729] 

 T4 [744, 783] [744, 783] [744, 783] [744, 783] 

 T5 [846, 890] [846, 890] [846, 890] [846, 890] 

Heavy truck  T1 1643 1643 1643 1643 

- gasoline T2 1861 1861 1861 1861 

 T3 [1848, 1945] [1848, 1945] [1848, 1945] [1848, 1945] 

 T4 [1960, 2063] [1960, 2063] [1960, 2063] [1960, 2063] 
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 T5 [2184, 2299] [2184, 2299] [2184, 2299] [2184, 2299] 

Heavy truck  T1 4907 4907 4907 4907 

- diesel T2 5890 5890 5890 5890 

 T3 [5898, 6209] [5898, 6209] [5898, 6209] [5898, 6209] 

 T4 [6175, 6500] [6175, 6500] [6175, 6500] [6175, 6500] 

 T5 [6728, 7082] [6728, 7082] [6728, 7082] [6728, 7082] 

Motocycle T1 37 37 37 37 

 T2 42 42 42 42 

 T3 [47, 49] [47, 49] [47, 49] [47, 49] 

 T4 [55, 58] [55, 58] [55, 58] [55, 58] 

 T5 [65, 68] [65, 68] [65, 68] [65, 68] 

Vehicle T1 128 128 128 128 

-natural gas  T2 88 88 88 88 

& propane T3 [99, 106] [99, 106] [99, 106] [99, 104] 

 T4 [116, 122] [116, 122] [116, 122] [116, 122] 

 T5 [136, 144] [136, 144] [136, 144] [136, 144] 

Aviation T1 1226 1226 1226 1226 

 T2 1231 1231 1231 1231 

 T3 [1375, 1447] [1375, 1447] [1375, 1447] [1375, 1447] 

 T4 [1618, 1703] [1618, 1703] [1618, 1703] [1618, 1703] 

 T5 [1903, 2003] [1903, 2003] [1903, 2003] [1903, 2003] 

Railway T1 2170 2170 2170 2170 

 T2 2170 2170 2170 2170 
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 T3 [2425, 2553] [2425, 2553] [2425, 2553] [2425, 2553] 

 T4 [2853, 3003] [2853, 3003] [2853, 3003] [2853, 3003] 

 T5 [3355, 3532] [3355, 3532] [3355, 3532] [3355, 3532] 

Off road - T1 970 970 970 970 

gasoline T2 475 475 475 475 

 T3 [498, 524] [498, 524] [498, 524] [498, 524] 

 T4 [550, 579] [550, 579] [550, 579] [550, 579] 

 T5 [607, 638] [607, 638] [607, 638] [607, 638] 

Off road - T1 5468 5468 5468 5468 

diesel T2 10026 10026 10026 10026 

 T3 [10510, 11063] [10787, 11063] [10680, 11063] [10510, 11063] 

 T4 [11598, 12208] [11598, 12208] [11598, 12208] [11598, 12208] 

 T5 [12798, 13471] [12798, 13471] [12798, 13471] [12798, 13471] 

Pipeline T1 3460 3460 3460 3460 

 T2 1847 1847 1847 1847 

 T3 [1937, 2038] [1937, 2038] [1937, 2038] [1937, 2038] 

 T4 [2137, 2249] [2137, 2249] [2137, 2249] [2137, 2249] 

 T5 [2358, 2482] [2358, 2482] [2358, 2482] [2358, 2482] 
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four system satisfactory levels (Scenario A, B, C and D) also indicate that the GHG 

emission from the various processing and demanding technologies would not 

demonstrate significant differences.  

Table 6.5.8 lists the total GHG emission and the total offset credits adopted in each 

period under the four scenarios. It demonstrates that the GHG emissions would be 

generally increasing from current 195416 to [214493, 224246], [241787, 250709] and 

[268665, 280416] ktonnes in period 3, 4 and 5 under scenario A. The stage targets of 

237416, 272416, 280416 ktonnes in period 3, 4 and 5 could be met with the optimized 

system solutions for a variety of energy and environment related activities. However, 

large GHG emitters would only comply with the related regulations/constraints through 

adopting offset credits in each period, which could be provided by a variety of reduction 

activities such as improved tillage, renewable energy development and carbon capture 

and storage activities. The adopted offset credits would be increased from current 5240 

(in period 1 and 2) to [9000, 9640] ktonnes in the 5th

  

 period, depending on the availability 

of the credits in the province. Among the four scenarios, higher amount of GHG 

emissions would be resulted when being exposed to varying weather/climatic conditions, 

due to the low renewable power generations under these scenarios. However, the 

adoption of offset credits by large emitters would not be significantly affected. 



 

353 
 

Table 6.5.8. GHG emissions and offset credits in each period 
Type Period Annual GHG emissions/Offset credits (ktonnes) 

Scenario A Scenario B Scenario C Scenario D 

GHG  T1 183155 183155 183155 183155 

emission T2 195416 195416 195416 195416 

 T3 [214493, 224246] [214516, 224275] [214513, 224271] [214513, 224266] 

 T4 [241787, 250709] [248523, 259523] [248542, 259536] [248551, 259541] 

 T5 [268665, 280416] [269337, 280401] [269301, 280416] [269308, 280378] 

Offset  T1+T2 5240 5240 5240 5240 

credits T3 [5800, 6187] [5800, 6187] [5800, 6187] [5800, 6187] 

 T4 [7400, 7978] [7400, 7969] [7325, 7934] [7325, 7976] 

 T5 [9000, 9645] [8999, 9646] [8999, 9646] [8999, 9646] 
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Table 6.5.9 presents the expected system costs for the system activities under 

different joint-probability levels over the entire planning horizon. These results are all in 

interval formats, indicating the interactive impacts by the uncertain system inputs (such 

as the uncertain resources availability, energy demands, market fluctuation and offset 

credits availability). The lower-bounds of the system costs could be achieved when the 

decision alternatives are approaching a set of conservative schemes. For example, the 

system cost in scenario A could be obtained as 3482218 million $ when the costs for 

energy supply, electricity production, generation capacity expansion, petro/bio fuel 

processing,  processing capacity expansion and demanding activities are approaching 

1764586, 9614, 103457, 151.00, 38061, 957368 and 581268 million $, respectively; and 

vise versa. Scenario analysis indicates that the activity costs for electricity generation and 

the entire system would generally be higher when being exposed to varying 

weather/climatic conditions.  
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Table 6.5.9. Total system costs for the 5 planning periods under different probability levels 
Activity Total system costs under different probability level (million $) 

Scenario A Scenario B Scenario C Scenario D 

Energy supply  [1764586, 1916935] [1766933, 1918569] [1766703, 1918575] [1766643, 1918490] 

Electricity production [9614, 10352] [10090, 10819] [10078, 10799] [10070, 10795] 

Generation cap. expansion [103457, 117467] [126487, 144012] [126008, 143441] [125849, 143571] 

Petro/Bio fuel production [38061, 39855] [38068, 39861] [38071, 39860] [38097, 39867] 

Processing cap. expansion [957368, 1209685] [957368, 1176592] [957368, 1177069] [957560, 1207408] 

Demand technologies [581268, 625214] [581695, 625497] [581698, 625496] [581672, 625458] 

Total [3482218, 3739498] [3508506, 3768434] [3507785, 3767843] [3507749, 3767914] 
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6.6 Discussion 

 

The IFTCP approach is developed based on interval linear programming, fuzzy 

programming, integer programming and joint probabilistic chance-constrained 

programming. By introducing the IFTCP approach into an IEES management framework, 

the IFTCP-IEES model can reflect not only uncertainties presented as interval numbers 

(e.g., uncertain resources availability, energy demands and market fluctuation) and 

possibility distribution (e.g., uncertain offset credits availability), but also random 

distributions (e.g., generation capacity factors associated with varying weather/climatic 

conditions) and the reliability of satisfying constraints upon the entire system.  

In this study, an integrated energy-environment system in Alberta has been planned 

through the IFTCP-IEES model developed. Thus issues related to energy systems 

planning and GHG-emission mitigation could be effectively tackled in the province. 

Through the application of the model, feasible solutions could be obtained in both integer 

and continuous formats. Based on these results, a portfolio of energy resources provision, 

energy conversion, as well as facility expansion and utilization is proposed for the 

province of Alberta to deal with the required control of GHG emissions associated with 

energy-related activities. The portfolio designed can be used for instructing energy 

resources exploitation and allocation, facility expansion and the implementation of 

[carbon?] offset credit trading. The Alberta energy-environment system is planned based 

on historical data inputs (from 2003 to 2012) and economic projections and assumptions. 

When more historic and updated data and predictions are available, the generated plans 

would be able to provide more accurate portfolios for IEES development.  
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6.7 Summary 

 

In this chapter, an interval fuzzy two-hand-side joint probabilistic chance-

constrained programming model (IFTCP-IEES) was developed through integrating 

interval parameter programming, fuzzy programming, mixed-integer linear programming 

and two-hand-side joint-probabilistic chance-constrained programming techniques. 

Through the incorporation of integer linear programming within the IEES model, system 

dynamics associated with capacity expansions could also be effectively reflected. 

Through integrating the two-hand-side joint-probabilistic chance-constrained 

programming method, the impacts of varying weather/climatic conditions on renewable 

energy use could be sufficiently communicated into multiple components of the IEES. 

Through integrating fuzzy programming, ambiguous system information associated with 

GHG reductions (e.g., offset credit availability) could also be well addressed. The 

IFTCP-IEES model developed was then applied to the planning of Alberta’s energy-

environment system in four typical scenarios with different joint and individual 

probabilities. The application demonstrated that the three types of common system 

uncertainties (interval parameters, fuzzy information and stochastic variations) associated 

with various energy-related activities could be well reflected. Useful solutions in both 

integer and continuous formats could be generated for supporting Alberta IEES 

management. Results indicated that the series of federal and provincial mitigation 

policies and measures could be effectively communicated into the multiple system 

activities of the Alberta IEES. Although the IFTCP-IEES model is based on Alberta IEES, 
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the methodology developed and the model structure for GHG reductions could be 

extended to other regions as well. 
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CHAPTER 7. CONCLUSIONS AND RECOMMENDATIONS 

 

7.1 Conclusions 

 

In this dissertation research, three sets of modeling methodologies were developed 

for supporting regional energy systems management and GHG emissions mitigation 

under uncertainties. The methodologies developed were applied to a number of 

hypothetical and real-world cases of energy-environment systems planning, in which 

multiple types of system uncertainties/dynamics could be effectively addressed. A brief 

summary of this dissertation research is presented as follows: 

In Chapter 3, two inexact programming models were developed through integrating 

multi-stage stochastic programming into energy-environment systems planning under 

dual and multiple uncertainties. These models include interval multi-stage stochastic 

programming (IMSP-IEES) and interval fuzzy multi-stage stochastic programming 

(IFMP-IEES) approaches. The IMSP-IEES model developed is a hybrid methodology of 

interval parameter programming and multi-stage stochastic programming for the 

management of regional energy systems and reduction of GHG emissions. It can deal 

with uncertainties that exist in a regional energy system, through generating scenarios of 

future events corresponding to varying energy allocation plans. IMSP-IEES can also 

effectively reflect dynamics of not only uncertainties but also relevant decisions. Through 

integrating fuzzy programming into the inexact multi-layer scenario tree optimization 

process, IFMP-IEES was developed to support regional energy systems planning and 
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GHG emission control under multiple uncertainties. The IFMP-IEES model developed 

can not only deal with uncertainties presented as intervals, fuzzy and random 

distributions, but also handle dynamics associated with capacity expansion and multi-

period decision making. For all scenarios under consideration, corrective actions are 

allowed to be taken dynamically in reference to pre-regulated policies and realized 

uncertainties. The solutions obtained can not only assist managers in planning energy 

resources allocation and capacity expansion, but also gain insight into the tradeoffs 

between environmental and economic objectives. 

In Chapter 4, three inexact optimization models were developed through 

introducing the concept of dual interval programming into IEES planning in order to 

address dual uncertainties without distribution information but rough estimation of the 

interval lower and upper bounds. The developed models include dual-interval mixed-

integer linear programming (DMLP-IEES), dual-interval multi-stage stochastic 

programming (DMSP-IEES) and fuzzy dual-interval multi-stage stochastic programming 

(FDMSP-IEES) approaches. First, the DMLP-IEES model was developed based on 

interval linear programming, dual interval programming and mixed-integer programming 

techniques. Highly uncertain information for lower and upper bounds of input intervals 

can be reflected through introducing the concept of dual intervals. System dynamics 

associated with capacity expansions can be addressed by integrating the mixed-integer 

programming methodology. By integrating methodologies of multi-stage stochastic 

programming into the above dual-uncertain DMLP framework, the DMSP approach was 

developed, through which uncertainties expressed as dual-intervals, discrete intervals and 

probability distributions could be tackled within a multi-layer scenario tree. This model 
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could reflect the dynamic complexities in energy-environment management systems, 

through transactions at discrete points of a complete scenario set over a multistage 

context. Then, the comprehensive FDMSP method was developed for the management of 

integrated energy-environment systems in a mixed uncertain environment. The method 

improves upon the existing fuzzy, interval, dual interval and multi-stage stochastic 

programming techniques by allowing uncertainties presented as vague values, single/dual 

intervals and random distributions to be effectively incorporated within the multi-stage 

optimization framework. Through the developed FDMSP-IEES model, interactions 

among multiple energy-environment related activities could be reflected in a mixed 

uncertain environment, and issues of GHG-emission mitigation could be tackled 

throughout the process of energy systems planning. 

In Chapter 5, two inexact joint-probabilistic chance-constrained programming 

approaches were developed for integrated energy-environment systems planning under 

uncertainties, including interval joint-probabilistic left-hand-side chance-constrained 

programming approach (ILJCP-IEES) and interval joint-probabilistic two-side chance-

constrained programming approach (IJTCP-IEES). The ILJCP-IEES approach was 

developed, through integrating interval linear programming and left-hand-side joint-

probabilistic chance-constrained programming techniques into a general IEES planning 

framework. The ILJCP-IEES could not only deal with interval numbers and LHS random 

variables but also effectively address the reliability of satisfying (or risk violating) the 

constraints of the entire system. Through the ILJCP-IEES, impacts of left-hand-side 

system chance constraints imposed by changing weather/climatic conditions could be 

effectively reflected. The IJTCP-IEES was developed to address two-hand-side joint-
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probabilistic chance-constrained programming problems under uncertainties. An 

adequate but non-equivalent linearization model was proposed for solving the non-linear 

IJTCP model. Through the proposed IJTCP model, uncertainties presented as not only 

interval numbers and two-side random variables but also the reliability of satisfying the 

entire system of constraints could be effectively addressed. As well, the IJTCP-IEES 

demonstrated a suitable application in renewable energy resources management and 

relevant system risk control. 

In Chapter 6, an interval fuzzy two-hand-side joint probabilistic chance-constrained 

programming model (IFTCP-IEES) was developed through integrating interval parameter 

programming, fuzzy programming, mixed-integer linear programming and two-hand-side 

joint-probabilistic chance-constrained programming techniques. The developed IFTCP-

IEES was then applied to the planning of Alberta’s energy-environment system. The 

application demonstrated that the three types of known system uncertainties (interval 

parameters, fuzzy information and stochastic variations) associated with various energy-

related activities could be effectively addressed. Through the proposed IFTCP-IEES 

model, impacts of varying weather/climatic conditions could be sufficiently reflected and 

communicated into multiple components of the IEES; ambiguous system information 

associated with GHG mitigation could also be well addressed. Related federal and 

provincial GHG mitigation policies and measures could also be effectively 

communicated into multiple system activities. The developed methodology and the 

model structure for GHG reductions could be extended to other regions as well. 
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7.2 Research Achievements 

 

The main contribution of this research was the development of three sets of 

innovative modeling approaches for supporting robust planning of regional energy 

systems and scientific reduction of GHG emissions under uncertainties. The first set of 

inexact planning approaches (IMSP-IEES and IFMP-IEES) was improved upon multi-

stage stochastic programming, interval parameter programming and fuzzy programming, 

through which stochastic uncertainties and dynamics within a multi-layer scenario tree 

could be incorporated within the IEES planning systems. The integration of fuzzy 

programming into IFMP-IEES addressed the ambiguous information and further 

enhanced the robustness of IMSP-IEES optimization. The second set of inexact IEES 

planning approaches includes DMLP-IEES, DMSP-IEES and FDMSP-IEES models. 

These models were improved upon the methodology of dual interval programming by 

allowing various uncertainties expressed as single/dual intervals, multi-stage random 

distributions, fuzzy membership functions, as well as their combinations to be effectively 

incorporated within a general framework. Through these models, interactions among 

multiple energy-environment related activities could be reflected in a mixed uncertain 

environment, and regional GHG emissions could be mitigated throughout the process of 

IEES management. The third set of inexact planning models (ILJCP-IEES, IJTCP-IEES 

and IFTCP-IEES) enhanced the capabilities of chance-constrained stochastic 

programming methodologies in dealing with multi-randomness issues on left/two-side of 

model constraints under dual uncertainties, especially when a joint-probabilistic 

requirement is imposed on multiple constraints. The capabilities of the joint-probabilistic 



 

364 
 

left/two-side chance-constrained programming were further enhanced by incorporating 

interval parameter programming and fuzzy programming, through which all three 

universal types of uncertainties could be reflected and addressed by the IFTCP-IEES. The 

IFTCP-IEES model developed was then applied to the GHG emission reduction and 

energy system planning in Alberta under multiple uncertainties. It demonstrated that the 

IFTCP-IEES was suitable, reflecting the series of federal and provincial mitigation 

policies and measures, addressing the multi variations associated with renewable energy 

use, and incorporating ambiguous system information associated with GHG mitigation. 

Through the solution procedures, multiple uncertainties could be effectively 

communicated into the various system activities of the Alberta IEES.  

 

7.3 Recommendations for Future Research 

 

Based on the dissertation research, here are six recommendations for future 

research as follows: 

 (1) In this dissertation research, the three sets of inexact IEES planning models 

were developed mainly for tackling linear relationships of decision variables in the 

objective functions and constraints. However, in real-world IEES management some 

problems/relations might be represented by nonlinear relationships. Such non-linear 

relationships can usually be integrated into models through transforming the relationships 

into equivalent linear forms. Therefore, it is important to develop more effective inexact 

optimization methodologies for approximating nonlinear relations and developing 

optimized solution algorithms. 
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(2) Currently, IEES planning models are generally developed at the regional, 

municipal, community and industrial scales. Linkages between these scales of models are 

very limited. Frequently, some inter-system activities (decision variables) need to be 

incorporated into the IEES planning in order to realize optimal system management. Such 

activities may refer, but are not limited, to linkages between national strategies and 

community and industrial measures, linkages between provincial energy-related activities 

and realization of national GHG reduction targets, and linkages between provincial GHG 

reduction and offset credit trading within Canada or North America. Therefore, 

addressing such linkages (through developing multi-level IEES management models) 

would help generate reliable solutions that reflect requirements from multiple levels of 

systems.  

(3) The reliability of IEES solutions is highly associated with the accuracy of 

modeling inputs. Currently, most of the technical inputs were obtained from relevant 

government authorities, which mostly relied on statistical models or were based on a 

series of assumptions. Therefore, the development of related simulation models will 

certainly improve the quality of input data and thus enhance the validity of the results 

generated. Relevant simulation work could be conducted for simulating energy resources 

demands by sector, and power generation and consumption affected by a changing 

climate. 

(4) One fundamental procedure before modeling reduction of GHG emissions is to 

accurately calculate emissions following certain guidelines. However, various calculation 

and reporting methodologies and classifications are available for different purposes, 

which may affect the accuracy of the amounts of emissions and thus the reliability of 
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IEES model outputs. Therefore, necessary calibration work needs to be conducted in 

order to be consistent with federal GHG emission statistics and reduction measures.  

 (5) The Alberta energy-environment system was planned based on historical data 

inputs (from 2003 to 2012) and some necessary economic projections and system 

assumptions. Although most of the acquired data were relatively precise, being 

deterministic numbers or interval numbers with narrow ranges, some of them were highly 

uncertain. Therefore, improving the quality of input data through further investigation 

and verification would help enhance the reliability of the solutions generated.  

 (6) The successful development and application of the inexact models imply that 

the developed inexact approaches have the potential to tackle multiple uncertainties in not 

only IEES but also other environmental management problems.  
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