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Abstract  

 
Issues such as high fossil-fuel price fluctuations, considerable air pollution, and the 
realization that fossil sources are not unlimited threaten the global economy. Hence, 
researchers have been attracted by biomass, especially sugarcane, as a source of renewable 
energy to produce bioethanol and other biofuels. This research proposes a three-phase 
robust supply chain network design optimization model to produce bioethanol from 
sugarcane. Fuzzy integrated data envelopment analysis method is employed to select 
suitable cultivation lands as supply potential points. The model considers sustainability in 
its implementation so that the objectives are to maximize the profit, minimize 
environmental effects, and maximize social performance. Since some parameters are 
naturally uncertain, a robust possibilistic programming model is proposed, considering the 
possibility of transportation disruptions. The model performance has been illustrated 
through a case study in Iran. Finally, the results of the mathematical model have shown that 
the recommended supply chain design is justifiable. Practical strategic insights include 
recommendations for locating refineries in seven provinces (Gilan, Kermanshah, Hamedan, 
Semnan, Khorasan Razavi, Khouzestan, Kihkooliye). These results have been validated 
using a simulation-based approach, which demonstrates that the proposed model 
recommends decisions that more suitable than the deterministic model in terms of average 
and standard deviation of objective values.  

  
Keywords: Sustainable Supply Chain; Sugarcane-to-Bioethanol Supply Chain Network; Data 

Envelopment Analysis; Disruption; Robust Possibilistic Programming    
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1. Introduction 

In recent years, the growing trend of energy consumption has led to a global energy crisis. Although 

the ever-increasing consumption of energy obtained from fossil fuels has led to the rapid economic 

growth in various segments of society, it has caused threatening changes due to the increased emission 

of CO2
 and other polluting agents in the atmosphere as a consequence of the intensive combustion of 

fossil fuels. As the pressure for cleaner and more sustainable energy generation increases, policymakers 

and companies are giving priority to greener fuels, renewable energy sources, and cleaner technologies. 

As a renewable energy source, biomass is advantageous because of its extensive range of primary 

resources and low production costs. In recent years, the design, execution, and management of the 

renewable energy supply chains (SC) have had growing importance [1]. All the activities of the SC that 

converts the biomass to bioenergy should be designed to ensure the efficient flow of materials, 

information, and finance.  

Renewable energy resources can be restricted into two forms: (1) fixed renewable energy and (2) 

biofuels. Fixed resources like wind, solar, geothermal heat, tides, and waves must be utilized 

immediately after generation since it cannot be stored in its raw form. In contrast, biofuels such as 

bioethanol can be transported to use in far districts for consumption as raw material or in fluid fuel 

form. Consequently, biofuels have demonstrated great potential as a rising alternative for fluid fossil 

fuel consumption and can diminish both fossil fuel dependency and greenhouse gas (GHG) emissions.  

Bioethanol, as an alternative to fossil fuels, is a 2-carbon alcohol with chemical formula C2H5OH. The 

bioethanol is, unlike most other alcohols, produced mainly from bio raw materials with sugar, starch, 

or cellulosic origin. Producing ethanol from petrochemical raw materials as ethylene or syngas is also 

possible (synthetic ethanol), but nowadays a very small percentage (less than 5% with a reducing trend) 

of the global ethanol production is from non-biological raw materials. 

Bioethanol is the most prominently developed renewable fuel when compared to other biofuels. 

Following this tendency, Iran has pursued the National Act 26093, which was laid out to elevate the 

production of bioethanol for fuel blending. This is precisely what motivates this research, in which we 

investigate the employment of a mathematical programming-based approach to support the 

developments required in terms of expanding national raw material supply and production of 

bioethanol, in light of this new legislation. Nevertheless, it is worth mentioning that the expansion of 

bioethanol production is not only constrained to Iran, but is a global development instead, with countries 

such as Brazil, United States, China and India, all intensively pursuing similar objectives. Therefore, 

the developments arising from this research would also benefit the design of efficient bioethanol supply 

chains. 

Sugarcane has been one of the main sources of the bioethanol production in Brazil and the United States, 

accounting for almost 23.9% of the energy matrix of the major bioethanol producer countries in 2017 

[2]. Sugarcane juice, bagasse (stem fibers remaining after squeezing sugarcane for juice), and sugarcane 

leaves (straw or sugarcane residues) have almost an equal share, equivalent to one-third of the sugarcane 

energy content [3, 4]. About 40% of the fuel used in low-consumption vehicles in Brazil and the United 

States comes from the sugarcane juice, which is the most obvious part of sugarcane that can be used for 

energy production [4, 5]. Bagasse and residues are most prominently used as feed at refineries to 

produce energy through various technologies or burning; the lingo-cellulosic part of the sugarcane (stem 

and leaves) on the other hand is not typically used as feed. 

Bagasse and residues have almost identical properties that make them more appropriate to be converted 

to bioethanol and produce energy [6] through thermochemical (traditional) and biochemical processes 

[7-11], both of which still require extensive economic, environmental, and social studies to develop 

their performance in different contexts. Although using sugarcane to produce biofuel is advantageous, 

the worldwide concern regarding the food security is also important because converting the sugarcane 
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seed as a food grain into energy has always been a threat for its adequate supply in the global food 

basket [10-14]. 

This study considers both the thermochemical and biochemical sugarcane-to-bioethanol conversion 

technologies, being the latter more efficient as it uses both bagasse and residues, besides the juice, as 

feed to produce bioethanol. It is worth noting that since 65% of the sugarcane seeds are formed by 

bagasse and residues, the advanced second-generation bioethanol production technology is 

considerably more efficient than the traditional one [15]. Figures 1 and 2 show a schematic view of the 

traditional and biochemical sugarcane-to-bioethanol conversion technologies, respectively [16]. 

 

Figure 1- Schematic of the conventional technology of converting sugarcane to bioethanol  

 

Figure 2- Schematic of the biochemical conversion of converting sugarcane to bioethanol  

One major difficulty with the integrated SCs, especially  SCs with wide geographical extension, is 

finding appropriate sites for establishing facilities. This  concern is more critical for sugarcane to 

bioethanol supply chain (SBSC)  since the suitability of sites for locating supply area is  highly dependent 

on a set of technical, geographical and social criteria. It is therefore  imperative to take into account 

various factors when selecting the locations for sugarcane supply area. 

Another domain issue with SBSC management is the exceedingly dynamic and uncertain decision 

environment. In other words, the amount of bioethanol production inherently depends on aspects such 

as supply area, the demand for fuel and sale price that contribute to a high degree of uncertainty. 

Considering possible variations existing in parameters over a long-term horizon is crucial to provide a 
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more stable SC structure. This leads to the need to find a robust SBSC, which can recommend optimal 

solutions with performance guarantees against a range of plausible futures. 

A global movement towards the generation of sustainable renewable energy is underway. One of the 

more promising renewable energy alternatives is the use of sugarcane as a biomass source that 

considerably helps the appropriate sugarcane management to have more sustainable societies. 

Designing a supply chain for converting sugarcane to bioenergy is a challenging issue that has attracted 

the attention of academic and industrial research. Accordingly, bioethanol production from sugarcane 

to produce liquid biofuel for transportation will inevitably affect the environmental aspect of sustainable 

development. Thus, there is a need to focus on the sustainable supply chain (SC) of biofuels produced 

from sugarcane, which is precisely the key motivation for this study. 

In specific, this study addresses the sugarcane cultivation sourcing using a fuzzy data envelopment 

analysis (FDEA) model to find a limited and more efficient set of candidate cultivation locations to be 

used as potential locations in a network design model. A robust mixed-integer linear programming 

(MILP) model is then presented to maximize the profit, minimize the environmental impacts, and 

maximize the employment generated by the bioethanol SC that uses sugarcane juice, bagasse, and 

residues. Using the information from a case study developed in Iran, the model considers different 

production/storage capacities, production technologies and transportation modes, to specify optimum 

production technology, capacity, transportation mode in each route, and capacity development plans. 

The time horizon for this model is one year (with monthly periods). Since this is the first time that a 

sugarcane-to-bioethanol SC is considered in the region under study, a reliable database does not exist, 

and thus prices, demands, and sugarcane cultivation rates from each location are highly uncertain. To 

address this challenge, the uncertainties have been incorporated in the modeling approach through a 

robust possibilistic programming optimization model. The model has important features such as being 

less sensitive to parameter values while presenting a balance between feasibility and optimality and 

being thus less affected by the changes in the uncertain parameters. However, this robustness 

requirement had a higher observed cost in comparison to its deterministic model, a cost that has to be 

paid for robustness requirements solution. The robust multi-objective model has been solved using a 

fuzzy decision making-based approach presented in [71] and fully described in Section 4. Next, we 

formulate the SBSC network design as a robust programming model considering the economic, 

environmental, and social objective functions, as detailed in Figure 3. The last step consists of assessing 

the performance of implementing the suggested supply chain network design.  

 

Figure 3- development steps of the study 
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This paper is structured as follows. A review of the existing literature on the FDEA, bioethanol 

production, and biomass supply chain is provided in Section 2. The problem is discussed in detail in 

Section 3, while the robust possibilistic programming model formulation is given in Section 4. Lastly, 

we examine the model efficiency through a case study in Section 5 and provide conclusions and 

directions for further developments in Section 6. 

 

2. Literature Review 

This research addresses the bioethanol SC network design and its optimal design in three stages. In the 

first stage, we employ the fuzzy data envelopment analysis (FDEA) to rank the number of sugarcane 

cultivable locations. It is worth highlighting that earlier studies have also used data envelopment 

analysis (DEA) for this purpose for Jatropha seeds [17]. Nevertheless, the distinguishing aspect of the 

present study is the employment of the FDEA for sugarcane cultivation, coordinating the criteria for 

considering this as the feedstock of choice for the bioethanol production, and also considering 

uncertainties in determining efficient arable lands for sugarcane production. 

 

2.1. Data envelopment analysis (DEA) 

Optimization methods are paramount for deploying renewable energy resources in the best possible 

way such that  generation is maximized and costs are minimized [18]. Accordingly, different 

optimization  techniques have been addressed in the literature to reach these two objectives. In this 

regard,  several studies have proposed employing DEA for source planning. Nikolaus [19] used DEA 

to evaluate the efficiency of the wind farms' operational costs while Ren et al. [20] employed DEA to 

determine the life cycle energy efficiency of six types of biofuel systems in China. Houshyar et al. [21] 

used a hybrid DEA-multi fuzzy model to evaluate the corn production sustainability/efficiency in the 

Fars province, Iran, in terms of energy consumption. The efficiency of the CO2 utilization technologies 

has been evaluated with the DEA approach by Liu et al. [22]. The third generation of wind energy 

production systems has been studied by Azadeh et al [23] using a hierarchical fuzzy DEA approach. 

The results of a study by Fallahzadeh [24] to rank Iran's provinces for producing ethanol show that Fars 

is a better province in this regard. In a feasibility study, Kim et al. [25] showed that it was possible to 

produce ethanol from food waste materials. Sadeghi [24] used the DEA approach to rank the cities in 

East Azarbayjan province, Iran, to set up wind power stations. Finally, Babazadeh et al. [17] made use 

of a hybrid approach based on the non-axial DEA model in their study to determine the Jatropha 

sources in biofuel network design problem. 

As can be seen from the literature surveyed, DEA is a suitable method, particularly in analyzing feeds 

for SCs that rely on the biological raw material. However, all of these models have two main 

shortcomings that prevent them to be immediately employed to the present study: 1) disregarding 

sugarcane as the main feedstock for the bioethanol producer and 2) considering exact values for 

indicators in the candidate lands.  

Hence, the present study analyzes the land suitability for sugarcane cultivation using FDEA and proper 

fuzzy social and climate criteria to analyze the suitability of lands for sugarcane cultivation. The sites 

proposed by the fuzzy unified data envelopment analysis (FUDEA) model will serve as the candidate 

locations for the SBSC model, in which rates of biofuel production and other optimal operational 

decisions will be determined. 

 



 6 

2.2. The biomass-to-bioenergy SC network design 

Research on biomass and its conversion to biofuel is abundant in the literature. Many researchers have 

investigated different network structures, long- and short-term decisions, and uncertainty 

considerations. Marvin et al. [27] presented a mixed-integer linear programming (MILP) model for net-

profit optimization in a biomass-to-ethanol conversion SC model for nine regions in South America. 

They considered several alternative technologies to convert five types of agricultural residues and 

performed a sensitivity analysis for assessing the influence of price uncertainty. Corsano et al. [28] 

addressed a single-objective MILP optimization model to produce ethanol from sugar, produce pulp, 

and recycle residues to assess the environmental impacts. Osmani and Zhang [29] formulated a 

stochastic multi-feed SC model for obtaining bioethanol from lignocellulosic feeds that maximized the 

expected profit by optimizing the strategic and operational decisions considering uncertainties in 

switchgrass lands, residue purchase prices, bioethanol demand and sales prices. Mele et al. [30] 

proposed an SC planning model for converting sugarcane to bioethanol in Argentina that dealt only 

with the environmental and economic aspects. Two years later, they implemented the model in the same 

country, but without considering social dimensions. Kostina et al. [31] studied the role of the time 

horizon in the SC model for converting sugarcane to bioethanol and considered the chain-related profit 

as the objective function in a case study in Argentina. Jonker et al. [32] proposed an SC planning model 

for converting sugarcane to bioethanol in Brazil, considering the economic and environmental 

dimensions, and calculated the effects of the chain-caused greenhouse gases; they, too, did not consider 

the supply chain's social dimensions. Contrarily, the present study emphasizes the social dimensions of 

this supply chain as regards employment where the case study takes place, in this case, Iran, as well as 

the use of the product life cycle to determine social and environmental impacts. 

Gonela et al. [33] proposed a MILP stochastic model based on sustainability standards for a case study 

in North Dakota and showed, through a sensitivity analysis, that some factors may change its stability. 

The proposed model was scenario-based, dealt with uncertain price, demand, and biomass lands, and 

aimed at maximizing the profit under green constraints (i.e., green production requirements). Kastin et 

al. [34] proposed an integrated, scenario-based MILP model for planning sugarcane-to-bioethanol 

conversion under uncertain demand that could not only decide on the development of the production/ 

maintenance capacity of the network facilities during overtime but could also address financial risks. 

Their two-stage model that was solved using the sample average approximated (SAA) method for a 

case study also in Argentina. Zhang et al. [35] presented an integrated model to make optimal decisions 

for the SC of producing bioethanol from lignocellulosic feeds (switchgrass) and minimize the costs 

considering constraints. They proposed an MILP model aimed at using the borderlands through several 

switchgrass harvesting methods considering exact demand and climate effects on the cultivation method 

as well as using trucks and tankers for transportation. Instead of using agricultural products (due to food 

problems) and lignocellulosic feeds (due to less access), Ahn et al. [36] made use of the microalgae as 

feed for fuel production. They developed a deterministic SC network design model for converting the 

marine algae to biodiesel aiming at making strategic decisions to reduce the overall costs. To 

demonstrate its feasibility, a case study was conducted in South Korea. Dal-Mas et al. [37] presented a 

multi-level MILP model to facilitate decision-making and assess the risk and economic performance in 

the bioethanol SC. To show the proposed model's efficiency, they conducted a case study on the corn-

to-bioethanol conversion in the north of Italy and presented a model with uncertain biomass production 

costs and product sales prices for a planning horizon of 10 years. Chen and Fun [38] presented an integer 

probabilistic programming model for the strategic planning of the biofuel SC and allocating feeds 

resources in an uncertain environment. The proposed a probabilistic two-stage model that was coupled 

with a Lagrangian relaxation method and was implemented in a real case study in California for 

production of bioethanol from bio-wastes. Ghaderi et al. [39] made use of an MILP model for designing 

the SC network for producing bioethanol from switchgrass in which the demand was forecasted using 

a moving average time series model. To demonstrate the model applicability, a case study was 

conducted in Northern Dakota, US, for a 7-year time horizon aiming at minimizing the system's total 
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cost. Akgol et al. [40] presented an MILP model for the SBSC design aiming at minimizing the SC's 

total cost and determining the optimal locations/production rates of the plants, optimal biomass/biofuel 

flow between different regions, number of vehicles required for product transportation between regions, 

and biomass production/cultivation rate. To illustrate the model applicability, a case study was 

conducted in Northern Italy. In their paper on factory location planning, Bai et al. [41] minimized the 

total system costs (investment, feeds, transportation, and others) and optimized the routing for carrying 

feeds and products to avoid congestion. They obtained a feasible near-optimal solution using a heuristic 

method based on the Lagrangian relaxation, improved this solution using the branch and bound method, 

and illustrated the model efficiency by several examples. 

On the other hand, there are only a few studies on the biofuel production from sugarcane feedstock in 

the literature. Rendon-Sagardi et al. [42] have presented a model explores five possible scenarios and 

evaluates the availability of area for the sowing of sugarcane and grain sorghum crops, the production 

capacity for ethanol and fuel, as well as the possible reduction of CO2 emissions. Their model considers 

the trends and parameters of the agricultural and energy industries and produced valuable information 

about future conditions of the Mexican biofuel and fossil fuel production and supply. In a similar vein, 

Jonker et al. [43] and Khatiwada et al. [44], have suggested an optimization model for converting 

sugarcane to bioethanol in Brazil. In contrast to the model proposed in this paper, the models proposed 

in [43] and [44] lack consideration in the uncertainty of input parameters, sourcing for cultivation and 

periodical modeling. 

From this revision of the literature on bioethanol SC optimization and related uncertainties, it can be 

concluded that most researchers have suggested that stochastic programming should be employed to 

address the inherent uncertainty of this SC. Nevertheless, this suggestion has several fundamental 

drawbacks, among which the challenging computational nature and lack of reliable uncertainty 

characterization are worth mentioning [45]. Few studies have considered fuzzy possibilistic 

programming [46] and robust optimization [47] as a means to avoid these drawbacks in the bioethanol 

SC, which is also a motivating factor for this study. Table 1 summarizes the features that the surveyed 

papers presented and their differences with the present study. 

  



 8 

Table 1- Results of the literature review 
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Marvin et al. [27] 
   

P/Y Residual agriculture SA * 

Osmani and Zhang [29]    P/D/Y Sugarcane SP  

Mele et al. [30]    P/D/Y 
Grass switch, corn shell, 

wheat straw 
SP  

Kostina et al. [31] 
   

P/D/Y Switchgrass, corn SP 
 

Jonker et al. [32] * 
   

Corn, soybean 
  

Gonela et al. [33] 
   

P/D/Y Switchgrass, corn SP 
 

Kostin et al. [34] 
   

D Sugarcane SP 
 

Zhang et al. [35] 
    Grass switch, corn shell, 

wheat straw 

 
* 

Dalmas et al. [37] * 
  

P Corn SP 
 

Chen and Fun. [38] 
   

D/Y Bio-waste SP 
 

Ghaderi et al. [39] 
   

D Switchgrass SA 
 

Bai et al. [41] 
   

P 
Grass switch, corn shell, 

wheat straw 
SA 

 

Bairamzadeh et al. [45] *   D/P 
Residual agriculture and 

Jungle, Switchgrass 
RPP  

Proposed model * * * P/D/Y Sugarcane RPP * 

Uncertain Parameters: P= price / EP= Export price / D=demand / Y= Yield 

Modelling approach : SP= Stochastic Programming / SA=Sensitivity Analysis / RPP=Robust Possibilistic 

Programming 
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The main contribution of this study is the development of a multi-objective robust possibilistic 

programming (RPP) model with uncertain parameters in the objective function and the employment of 

a multi-objective approach considering the decision maker's preferences. Finally, the proposed model 

is applied to a case study of producing bioethanol from sugarcane in Iran. 

In short, the following aspects distinguish this research from the existing literature: 

1. Using the RPP approach to address the uncertainties in the SBSC management; 

2. Considering the sustainable performance in the SC design of producing bioethanol from 

sugarcane; 

3. Combining the RPP with fuzzy multi-objective programming to study the decision maker's 

preferences;  

4. Using the FDEA for sourcing of the sugarcane feeds in Iran; 

5. Considering disruption in the transportation routes of the sugarcane and fuel in the RPP model. 

 

3. Problem Statement 

The problem discussed in this research is analyzed in three distinct parts to ease the explanation of the 

development process that was undertaken. The fuzzy integrated data envelopment analysis model is 

explained first. 

3.1. Fuzzy-integrated data envelopment analysis (FDEA) model  

DEA has proved to be a powerful tool to measure the efficiency of a decision-making unit (DMU) when 

no judgment can be made on the weights of the evaluation indices [49], nor it needs to normalize the 

values of indices with different dimensions and measurements. A DMU is a producer with several inputs 

and outputs. In this study, it refers to places for the sugarcane cultivation. 

In DEA models, efficiency is measured by either radial or non-radial models; the former address the 

input reduction, output addition (with similar percentage), and part ranking, and most DMUs earn 

similar efficiency scores, while the latter are used more frequently for different and inappropriate 

settings of inputs and outputs, and have more and stronger discriminatory capability than the former 

[50]. 

There are different non-radial models in the DEA literature among which the one in [51] was selected 

to be used in this research to rank the arable sugarcane lands. In this model, the outputs are either 

classified as either desirable or undesirable; as an example, the human development index for the 

biomass cultivation is considered an undesirable output. 

The selected model is a linear non-radial model that has eliminated many of the obstacles of the earlier 

studies such as the model nonlinearity in [52] and the radial model assumptions that have made the 

DEA models applicable to practical problems [53]. In specific, it combines the desirable and undesirable 

outputs in one model and is easier to rescale compared with alternative models [54]. 

One of the key developments in this study, when compared to the original approach presented in [51], 

is the model fuzzification for more adherent to real-world problems because a practical index-value 

determination cannot be expected to be feasible. Since previous year information is accessible in a 

complete historical database, a suitable way to represent uncertainties is the use of a fuzzy approach. 

Here, the initial model has been presented with uncertain parameters and to then be defuzzified. 

In the proposed FDEA model, 𝑗 is the potential lands (DMUs) for sugarcane cultivation with non-

deterministic desirable and undesirable outputs and with fuzzy value 𝑔 and 𝑏, respectively. Therefore, 

(𝑔1𝑗 , 𝑔2𝑗 , … , 𝑔𝑠𝑗)
𝑇and (𝑏1𝑗 , 𝑏2𝑗 ,… , 𝑏ℎ𝑗)

𝑇are the vectors of outputs, where 𝑠 and ℎ refer to the number 

of these outputs, and it is assumed that all outputs have positive values. In this UDEA model, 𝜆𝑗
𝑔

 and 
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𝜆𝑗
𝑏 are the intensity variables for the desirable and undesirable outputs. These variables are used to relate 

the vectors of outputs by a convex combination. The variables 𝑑𝑟
𝑔

 and 𝑑𝑓
𝑏 are the surplus and shortage 

variables associated with the 𝑟th desirable and 𝑓th undesirable outputs, respectively. Hence, the model 

for the 𝑘th DMU can be stated as follows. 

max 𝑧 =  ∑𝑅𝑟
𝑔𝑑𝑟

𝑔

𝑟

+∑𝑅𝑓
𝑏𝑑𝑓

𝑏

𝑓

  (1) 

∑𝑔𝑟𝑗𝜆𝑗
𝑔

𝑗

− 𝑑𝑟
𝑔 = 𝑔𝑟𝑘  ∀𝑟 (2) 

∑𝜆𝑗
𝑔 = 1

𝑗

  (3) 

∑�̃�𝑓𝑗𝜆𝑗
𝑏 + 𝑑𝑓

𝑏 = �̃�𝑓𝑘
𝑗

 ∀𝑓 (4) 

∑𝜆𝑗
𝑏 = 1

𝑗

  (5) 

𝜆𝑗
𝑔 , 𝜆𝑗

𝑏 , 𝑑𝑟
𝑔 , 𝑑𝑓

𝑏 ≥ 0.  (6) 

Equations (2) and (3) are convex combinations of undesirable outputs and Eqs (4) and (5) are those of 

desirable ones. In (1), 𝑅𝑟
𝑔

 and 𝑅𝑓
𝑏 are the ranges for the desirable and undesirable outputs in the UDEA 

model, defined by 

𝑅𝑟
𝑔 =

1

(𝑚 + 𝑠 + ℎ) [max
𝑗
{𝑔𝑟𝑗} −min

𝑗
{𝑔𝑟𝑗}]

  
(7) 

𝑅𝑓
𝑏 =

1

(𝑚 + 𝑠 + ℎ) [max
𝑗
{�̃�𝑓𝑗} −min

𝑗
{�̃�𝑓𝑗}]

 , 
(8) 

where 𝑚 is the number of inputs to generate desirable and undesirable outputs, and since each output 

must be identified with an input, an artificial input (𝑚 =  1) has been considered to create a range for 

the objective function. 

For the calculation of the ranges in Eqs (7) and (8), it is necessary to rank the fuzzy number. Therefore, 

one needs a method to find the maximum and minimum fuzzy number in desirable and undesirable 

outputs for each DMU. There are many approaches for ranking fuzzy numbers in the literature. This 

study uses the method of Chang and Lee [55] for the ranking of fuzzy sets based on the concept of 

existence. The fuzzy numbers are ranked with the OERI index in this approach, that is, numbers with 

higher index have a higher rank in our list number. The OERI index is defined in Eq (9), where 𝜒1 and  

𝜒2 are the weights of the inverse right (𝜇𝐴𝑅
−1) and left (𝜇𝐴𝑙

−1) membership function, respectively, and λ is 

confidence level from membership function. 

𝑂𝐸𝑅𝐼(�̃�) = ∫ λ(q) (𝜒1(𝑞)𝜇𝐴𝑙
−1(𝑞) + 𝜒2(𝑞)𝜇𝐴𝑅

−1(𝑞)) 𝑑𝑞.
1

0

 
(9) 

The proposed UDEA model is based on the shortage variables and thus may require the definition of 

ranges [38], as defined in Eqs (7) and (8). Therefore, to calculate the efficiency of the 𝑘th unit we employ 
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𝜃 = 1 − ∑𝑅𝑟
𝑔𝑑𝑟

𝑔∗

𝑟

+∑𝑅𝑓
𝑏𝑑𝑓

𝑏∗ .

𝑓

 (10) 

To cultivate sugarcane, the efficiency of the arable lands is determined using social and climatic criteria 

after considering the compensatory criteria. We have characterized two categories of climatic, social 

and economic criteria for evaluating the suitability of different locations in Iran: (1) critical and (2) non-

critical criteria. Three critical criteria including long frost period, water logging condition, and low soil 

pH (lower than 6) are considered as non-compensatory factors and used to filter the primary locations. 

It is noteworthy that the sugarcane cannot tolerate the conditions describing these critical criteria. The 

locations that satisfy the critical criteria are then estimated under the second category of measures by 

the proposed FUDEA model, including the following climatic, social and economic aspects: 

• Human development index (HDI): to foster a fair and balanced development, provinces with 

lower HDI have higher priority for sugarcane cultivation 

• Annual precipitation: although most of the Northern provinces of Iran have a desirable amount 

of annual rainfall, we have not considered these provinces due to waterlogging condition and 

low soil pH. Indeed, these provinces have good conditions for other crops such as rice. 

Locations with higher amount of annual rainfall have higher priority for sugarcane cultivation. 

• The annual average of mean daily temperature: since sugarcane cannot withstand frost 

condition for long period, provinces with long frost period have been eliminated from the 

evaluation process. 

• Amount of water resources: besides the annual rainfall, the amount of water stored in dams has 

a useful impact on sugarcane viability 

• Area of arid and semi-arid lands: we have only considered the area of arid and semi-arid lands 

for sugarcane cultivation. Indeed, we have assumed that suitable and fertile lands should be 

assigned for nutritional needs 

• Population: population factor is important from the viewpoint of providing workers and 

increasing the opportunity for employment 

The criteria for assessing the arable area are summarized in Table 2. 

Table 2- The list of indicators for assessing the efficiency of arable areas 

 

Output type 
 

 
The organization responsible for publishing data 

 

 
Social or Climatic Indicators 

Undesirable  
National Statistical Center of Iran 

(http://www.amar.org.ir) 

 
 Human Development Index 

Desirable  

Iran Meteorological Organization 

(http://www.weather.ir) 

 
 Annual precipitation 

Desirable  
Iran Meteorological Organization 

(http://www.weather.ir) 

 
 Average annual temperature 

Desirable  

National Water & Wastewater Engineering 

Company of Iran (http://www.nww.ir) 

 
 Amount of water resources 

Desirable  

Ministry of Agriculture Jihad 

(http://www.maj.ir) 

 
 The range of semi-arid lands 

Desirable  
National Statistical Center of Iran 

(http://www.amar.org.ir) 

 
 Population 
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3.1.1 Linear programming with fuzzy parameters for FUDEA model 

According to the above model and the output of desirable and undesirable fuzzy values, the terms 𝑏 and 

𝑔 of each criterion for each arable land are trapezoidal, i.e., �̃� = (𝑏1, 𝑏2, 𝑏3, 𝑏4) and 𝑔 =

(𝑔1, 𝑔2, 𝑔3, 𝑔4), causing (2) and (4) to be nondeterministic with fuzzy numbers. To address this 

shortcoming, we employ the minimum membership degree defuzzification in the Jimenez [59] using 

the expected interval for the crisp model equality constraints, so that each one may exist with a 

probability of at least 𝜎 ≥  0.5.  

The defuzzification methodology can be described as follows. According to Zadeh [56], if �̃� is a fuzzy 

number in fuzzy set 𝐴, its membership degree 𝑟 = 𝜇�̃�(𝑥): 𝑥 ∈ Ω is defined as 

𝑟 = 𝜇𝑎(𝑥) =

{
 
 

 
 
0       ∀𝑥 ∈ (−∞, 𝑎1)

𝑓𝑎(𝑥)           [𝑎1, 𝑎2]

1             ∀𝑥 ∈ [𝑎2, 𝑎3) 

𝑔𝑎(𝑥)          [𝑎3, 𝑎2]

0         ∀𝑥 ∈ [𝑎3, ∞).

 (a-1) 

An 𝑟-cut for a fuzzy number �̃� is defined as 𝑎𝑟 = {𝑥 ∈ Ω ∶ 𝜇�̃�(𝑥) ≥ 𝑟}, which is closed and limited in 

the 𝑎𝑟 = [𝑓𝑎
−1(𝑟), 𝑔𝑎

−1(𝑟)] interval. According to this feature, Heilpern [57] defined an expected 

interval 𝐸𝐼(�̃�) for a fuzzy number �̃� as  

𝐸𝐼(�̃�) = [𝐸1
𝑎 , 𝐸2

𝑎] = [∫ 𝑓𝑎
−1(𝑟)𝑑𝑟

1

0

, ∫ 𝑔𝑎
−1(𝑟)𝑑𝑟

1

0

. (a-2) 

Then, considering the expected interval obtained for each fuzzy number, Jimenez [58] presented a 

membership degree for each pair of fuzzy numbers �̃� and �̃� as follows, where �̃� is greater than �̃�. 

μ𝑀(𝑎, 𝑏) =

{
 
 

 
 0                        𝑖𝑓 𝐸2

𝑎 − 𝐸1
𝑏 < 0,

𝐸2
𝑎 − 𝐸1

𝑏

𝐸2
𝑎 − 𝐸1

𝑏 − (𝐸1
𝑎 − 𝐸2

𝑏)
      𝑖𝑓 0 ∈ [𝐸1

𝑎 − 𝐸2
𝑏 ,

1                       𝑖𝑓 𝐸1
𝑎 − 𝐸2

𝑏 > 0.

𝐸2
𝑎 − 𝐸1

𝑏], (a-3) 

Given the above model, considering Jimenez’s defuzzification model [59], and assuming μ𝑀(𝑎, 𝑏) ≥

σ, each equality constraint �̃�𝑖𝑥 = �̃�𝑖 with a reliability level 𝜎 can be modeled as �̃�𝑥 ≥ �̃� and  �̃�𝑥 ≤ �̃� ,  

each with a reliability level 𝜎/2, as follows 

�̃�𝑖𝑥 = �̃�𝑖 ⟶{

(1 −
𝜎

2
)𝐸2

𝑎𝑖 + (
𝜎

2
)𝐸1

𝑎𝑖   if 𝑥 ≥ (
𝜎

2
)𝐸2

𝑏𝑖 + (1 −
𝜎

2
 )𝐸1

𝑏𝑖 ,

(
𝜎

2
) 𝐸2

𝑎𝑖 + (1 −
𝜎

2
)𝐸1

𝑎𝑖    if 𝑥 ≤  (
𝜎

2
)𝐸2

𝑏𝑖 + (1 −
𝜎

2
 )𝐸1

𝑏𝑖 .
  

 (a-4) 

Nondeterministic (2) and (4) with fuzzy numbers are now turned into crisp equations resulting in a 

linear model that can be easily solved with off-the-shelf linear solvers. 

 

3.2. The robust SB-SCN design model  

This paper examines the SC in Figure 4, which consists of three tiers: 1) sugarcane cultivation lands 

introduced as efficient places by the unified data envelopment analysis (UDEA) model output where 

the cultivated sugarcane is cultivated, 2) bioethanol fuel production factories, and 3) demand centers. 

The collected sugarcane is shipped to conversion plants as feeds by different modes. At the conversion 

plants, the sugarcane is converted to bioethanol that is then shipped to demand centers. As illustrated in 

Figure 4, the preprocessing stage of sugarcane is done in cultivation lands by farmers. Then, the 
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harvested sugarcane is prepared for loading and transported whole to biorefineries. This decision 

reduces transportation costs and increases flow materials. Next, the sugarcane is separated into the 

previously mentioned parts (i.e., juice, bagasse and leaves). It is worth mentioning, that all separation 

activities are performed at the biorefineries, which eliminates potential outsourcing costs. At the 

factories, the inventory is in two forms: 1) raw materials (sugarcane) and 2) ethanol fuels; inventory 

maintenance costs, shortages, and lost sales are added to the production costs. 

The problem objectives are maximizing profit social impacts (employment) and minimizing 

environmental impacts. The problem also determines: 1) locations to build biorefineries, 2) their 

capacities, 3) sugar produced in each period, 4) bioethanol produced in each period, 5) sugar delivered 

to each factory in each period, 6) fuel delivered to each city in each period, and 7) bioethanol 

inventory/shortage at the demand centers. The mathematical programming model is a MILP and takes 

into account a possible disruption in each route. 

 

Figure 4- Supply Chain Structure 

 

3.2.1. Mathematical modeling 

Before describing the model, the notation to describe parameters, variables, and indices are presented. 

 

Index    

𝐽 Set of sugarcane fields 𝑥𝑗𝑓𝑠   Binary parameter which is equal to 1 if link 

between sugarcane field j to refinery in 

location f be usable in scenario s, 0 if link be 

unusable under disruptions 

𝐹 Set of potential locations for refineries 

𝑅 Set of technology type 

𝐿 Set of transportation modes 𝑤𝑓𝑚𝑠 Binary parameter which is equal to 1 if link 

between refinery in location 𝑓 to city 𝑚 is 

usable in scenario 𝑠; 0 if link be unusable 

under disruptions in scenario 𝑠 

𝐾 Set of capacity for refineries  

𝑀 Set of consumption markets  

𝑆 Set of scenarios  

𝑇 Set of time stages 𝑃𝑚
𝑡  Price of bioethanol in city 𝑚 at time phase 𝑡  

Parameters   
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pr Procurement cost of harvesting sugarcane 

($/dry ton) 

Parameters of environmental impacts and social 

impacts 

𝐶𝑟 Production cost of biofuels with technology 

of type 𝑟 ($/gallon) 

ey Environmental impact of harvesting tons of 

sugarcane, mp/ton 

𝑉𝐿 Truck average travel speed via 

transportation mod 𝑙 (mile/h) 

 
𝑒𝑢 Environmental impact of bioethanol 

production at biorefinery from sugarcane, 

mp/ton 𝑓𝑓𝑟𝑘
𝐹  The annualized fixed set-up capital cost of 

the refinery at location f with technology of 

type r with capacity level 𝑘 

 

𝐸𝑇𝑙  Environmental impact of transportation of 

sugarcane via transportation mod 𝑙, 
mp/ton×mile 𝑓𝑓𝑟

𝑣  The annualized unit capital cost per 

refinery size 𝑣 at location 𝑓 with 

technology of type 𝑟 for biofuel 

 

𝐸𝐽𝑙  Environmental impact of transportation each 

gallon of bioethanol via transportation mod 𝑙, 
mp/gallon×mile 𝑑𝑥𝑦 Distance between node x and y (x and y are 

the symbols of nodes [sugarcane fields, 

potential locations for refineries]) 

 

𝑡𝑏𝐿
𝑑  Distance-dependent transportation cost 

($/mile/truckload) of bulk solids via 

transportation mod 𝑙, i.e., the cost of 

traveling one mile per truckload, including 

expenses of truck fuel, insurance, 

maintenance and permitting 

𝐸𝐼𝑚 Environmental Impact of Inventory 

Maintenance per gallon of bioethanol in 𝑚 

city 

 

𝑠𝑡𝑛𝑑𝑊𝐶 Standard of emission of environmental 

impact caused by the production process 

 

𝑐𝑎𝑝𝑖𝑚 Capacity of bioethanol storage in city m 𝑡𝑙𝑞𝐿
𝑑  Travel time dependent transportation cost 

($/h/truckload) of liquid via transportation 

mod 𝑙, i.e., the cost of traveling 1 h per 

truckload, including labor and capital costs 

 

𝑐𝑎𝑝𝑟𝑓𝑟𝑘 The maximum allowable refinery capacity 

in refinery at location 𝑓 (gallon) with 

technology of type 𝑟 for bioethanol with 

capacity level 𝑘 

 

𝑡𝑏𝐿
𝑡  Distance-dependent transportation cost 

($/mile/truckload) of bulk solids via 

transportation mod 𝑙 𝑎𝑗
𝑡 Maximum available sugarcane at field 𝑗 at 

time phase 𝑡 (dry ton) 

 

𝐷𝑚
𝑡  Demand at city 𝑚 at time phase 𝑡 for 

bioethanol  
𝑡𝑙𝑞𝐿
𝑡  Travel time dependent transportation cost 

($/h/truckload) of  liquid via transportation 

mod 𝑙 

𝑙𝑢𝑏𝐿  Truck loading and unloading cost of bulk 

solids ($/wet ton) via transportation mod 𝑙 

 

Decision variables 

𝑙𝑢𝑙𝑞𝐿  Truck loading and unloading cost of liquid 

($/gallon) via transportation mod 𝑙 

 

𝑍𝑓𝑟𝑘 Equal to 1 if refinery 𝑓 with technology of 

type 𝑟 with capacity level 𝑘 is opened; 0 

otherwise 

𝛼𝑚 The inventory holding cost for bioethanol in 

city 𝑚 ($/gallon) 
𝑋𝑗𝑓𝑙𝑠
𝑡  The amount (dry ton) of sugarcane 

transported from field 𝑗 to refinery 𝑓 via 

transportation mod 𝑙 at time phase 𝑡 in 

scenario 𝑠 

𝛽𝑚 The penalty cost of shortage for bioethanol 

in city 𝑚 ($/gallon) 
𝑦𝑗𝑠
𝑡  The amount (dry ton) of sugarcane procured 

at field 𝑗 at time phase 𝑡 in scenario 𝑠 

𝑐𝑎𝑝𝑏𝐿 Truck bulk solids capacity (dry ton) via 

transportation mod 𝑙 
𝑌𝑓𝑚𝑙𝑠
𝑡  The amount (gallon) of bioethanol 

transported from refinery 𝑓 to city 𝑚 via 
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𝑐𝑎𝑝𝑙𝑞𝐿  Truck liquid capacity (gallon) via 

transportation mod 𝑙 
 

transportation mod 𝑙 at time phase 𝑡 in 

scenario 𝑠 

𝑚𝑐 Moisture content of sugarcane 𝐼𝑚𝑠
𝑡  The inventory of bioethanol(gallon) in city 

𝑚 at time phase 𝑡 in scenario 𝑠 
𝐶𝐶𝑗𝑓𝑙

1  Cost coefficient of sugarcane transportation 

from sugarcane fields 𝑗 to biorefinery at 

location f via transportation mod 𝑙 

 

𝑞𝑚𝑠
𝑡  The shortage of bioethanol demand (gallon) 

from city 𝑚 at time phase 𝑡 in scenario 𝑠 

𝐶𝐶𝑓𝑚𝑙
2  Cost coefficient of bioethanol 

transportation from biorefinery at location 

𝑓 to market in city 𝑚 via transportation 

mod 𝑙 

𝑝𝑟𝑜𝑑𝑓𝑟𝑠
𝑡  Bioethanol production (gallon) at refinery 𝑓 

with technology of type r at time phase 𝑡 in 

scenario 𝑠 

𝜂𝑟 Refinery conversion rate (gallon/dry ton), 

measuring how much bioethanol can be 

produced by one dry ton of sugarcane with 

technology of type 𝑟 

𝑐𝑎𝑝𝑓𝑟𝑠
𝑡  The designed refinery capacity (gallon) of 

refinery 𝑓 with technology type of 𝑟 at time 

phase 𝑡 for in scenario s 

𝑐𝑏 Cost per unit exceeds the environmental 

standard for bioethanol production 

𝑠𝑖 Number of local jobs generated pear year 

due to the unit inventory of bioethanol 

production, job/gallon 

s Number of local jobs generated pear year 

due to the unit production of sugarcane 

production, job/ton 

𝑝𝑟𝑜𝑏𝑠 Probability of occurrence of scenario 𝑠 

𝑠𝑡𝑙
𝑏 Number of local jobs generated pear year 

due to the unit harvested sugarcane shipped 

from supply zone to biorefinery via 

transportation mode 𝑙, job/ton 

𝑐𝑎𝑝𝐸𝑓𝑟
𝑡  Amount of capacity expansion at bio-

refinery 𝑓 with technology of type 𝑟 at time 

phase 𝑡  

𝑠𝑡𝑙
𝑢 Number of local jobs generated per year 

due to the unit bioethanol shipped from 

biorefinery to demand zone via 

transportation mode 𝑙, job/gallon 

𝑠𝑠𝑓𝑠
𝑡  Production exceeds the environmental 

standard 

𝑠𝑝𝑟 Number of local jobs generated per year 

due to the unit processing of bioethanol in 

biorefinery with technology 𝑟, job/gallon 

  

All variables are continuous and non-negative and 𝑍𝑓𝑟𝑘 is the only binary variable. The values of 𝐶𝐶𝑗𝑓𝑙
1  

and 𝐶𝐶𝑓𝑚𝑙
2   are given by 

𝐶𝐶𝑗𝑓𝑙
1 = ((𝑡𝑏𝐿

𝑑 +
𝑡𝑏𝐿
𝑣𝑙
  )

𝑑𝑗𝑓
𝑐𝑎𝑝𝑏𝐿

+ 𝑙𝑢𝑏𝐿)
1

(1 − 𝑚𝑐)
 (11-a) 

𝐶𝐶𝑓𝑚𝑙
2 = (𝑡𝑙𝑞𝐿

𝑑 +
 𝑡𝑙𝑞𝐿
𝑡

𝑣𝐿
)
𝑑𝑓𝑚
𝑐𝑎𝑝𝑙𝑞𝐿

+ 𝑙𝑢𝑙𝑞𝐿 . (11-b) 

As mentioned earlier, the proposed mathematical model has three objective functions among which the 

first is to maximize profit, as stated in (12): 

max𝑍1 =∑

{
 
 
 
 

 
 
 
 
−∑𝑓𝑓𝑟𝑘

𝑓 𝑍𝑓𝑟𝑘
𝑓𝑘𝑟

+ 𝑝𝑟𝑜𝑏𝑠( ∑ 𝑃𝑚
𝑡𝑌𝑓𝑚𝑙𝑠

𝑡

𝑓,𝑚,𝑙,𝑠

−∑𝑓𝑓𝑟
𝑉 𝑐𝑎𝑝𝑓𝑟𝑠

𝑡

𝑓𝑟

−∑𝑝𝑟 𝑦𝑗𝑠
𝑡

𝑗𝑠

−∑𝐶𝑟𝑝𝑟𝑜𝑑𝑓𝑠
𝑡

𝑟𝑗𝑠

−∑𝐶𝐶𝑗𝑓𝑙
1 𝑋𝑗𝑓𝑙𝑠

𝑡

𝑗𝑓𝑙𝑠

 

− ∑ 𝐶𝐶𝑓𝑚𝑙
2 𝑌𝑓𝑚𝑙𝑠

𝑡

𝑓𝑚𝑙𝑠

−∑(𝛼𝑚𝐼𝑚𝑠
𝑡 + 𝛽𝑚𝑞𝑚𝑠

𝑡 )

𝑚𝑠

−∑𝑠𝑠𝑓𝑠
𝑡 𝑐𝑏

𝑓𝑠𝑡𝑠

)

}
 
 
 
 

 
 
 
 

𝑡

. (12) 
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The objective function has nine terms, namely the bioethanol sale revenue, set-up fixed costs, set-up 

variable costs, sugarcane harvesting-related costs, production-related costs, sugarcane-to-factory 

delivery costs, bioethanol-to-city transportation costs, and inventory-/shortage-related costs; the fine 

for violating the standard norms of the production-related environmental impacts is dealt with in the 

last term. 

The second objective function minimizes the SC environmental impacts and is presented in (13) 

min𝑍2 =∑𝑝𝑟𝑜𝑏𝑠 {∑𝑒𝑦 𝑡𝑗𝑠
𝑡

𝑗

+∑𝑒𝑢 𝑝𝑟𝑜𝑑𝑓𝑠
𝑡

𝑓𝑟

+∑𝐸𝑇𝑙𝑋𝑗𝑙𝑓𝑠
𝑡

𝑗𝑓𝑙𝑠

+ ∑ 𝐸𝐽𝑙𝑌𝑓𝑚𝑙𝑠
𝑡

𝑓𝑚𝑙𝑠

+∑𝐸𝐼𝑚𝐼𝑚𝑠
𝑡

𝑚

} .
𝑡𝑠

 (13) 

Equation (13) has five terms representing impacts related to sugarcane harvesting, ethanol production, 

sugarcane-to-factory delivery, ethanol-to-city delivery, and in-city environmental ethanol storage, 

respectively. 

The third objective function focuses on the SC social dimension considering the created employment 

max𝑍3 =∑𝑝𝑟𝑜𝑏𝑠 {∑𝑆 𝑦𝑗𝑠
𝑡

𝑗

+∑𝑆𝑇𝐿
𝑏  𝑋𝑗𝑓𝑙𝑠

𝑡

𝑗𝑓𝑙𝑠

+ ∑ 𝑆𝑇𝐿
𝑢𝑌𝑓𝑚𝑙𝑠

𝑡

𝑓𝑚𝑙𝑠

+∑𝑆𝑃𝑟  𝑝𝑟𝑜𝑑𝑓𝑠
𝑡

𝑓𝑟

+∑𝑆𝐼 𝐼𝑚𝑠
𝑡

𝑚

}
𝑡

. (14) 

Equation (14) has five terms, where the sugarcane cultivation-created employment, sugarcane-to-

factory delivery, ethanol-to-city delivery, production-related employment, and in-city ethanol storage-

related employment are shown, respectively. 

The model constraints are shown in Eqs (15) - (27): 

𝑐𝑎𝑝𝑓𝑟𝑠
𝑡 ≤∑𝑐𝑎𝑝𝑟𝑓𝑟𝑘  𝑍𝑓𝑟𝑘

𝑘

 ∀𝑓, 𝑟, 𝑡, 𝑠 (15) 

𝑝𝑟𝑜𝑑𝑓𝑠
𝑡 ≤∑𝑐𝑎𝑝𝑓𝑟𝑠

𝑡

𝑟

 ∀𝑓, 𝑡, 𝑠 (16) 

𝐼𝑚𝑠
𝑡 ≤ 𝑐𝑎𝑝𝑖𝑚𝑠 ∀𝑚, 𝑡, 𝑠 (17) 

∑𝑍𝑓𝑟𝑘 ≤ 1

𝑟𝑘

 ∀𝑓 (18) 

∑𝑋𝑗𝑓𝑙𝑠
𝑡  𝜂𝑟

𝑗𝑟𝑙

= 𝑝𝑟𝑜𝑑𝑓𝑠
𝑡  ∀𝑓, 𝑠, 𝑡 (19) 

𝑦𝑗𝑠
𝑡 ≤ 𝑎𝑗

𝑡 ∀𝑗, 𝑡, 𝑠 (20) 

∑𝑌𝑓𝑚𝑙𝑠
𝑡 = 𝑝𝑟𝑜𝑑𝑓𝑠

𝑡

𝑙𝑚

 ∀𝑓, 𝑠, 𝑡 (21) 

𝑦𝑗𝑠
𝑡 =∑𝑋𝑗𝑓𝑙𝑠

𝑡

𝑓𝑙

 ∀𝑗, 𝑠, 𝑡 (22) 

∑𝑌𝑓𝑚𝑙𝑠
𝑡

𝑓𝑙

+ 𝑞𝑚𝑠
𝑡 + 𝐼𝑚𝑠

𝑡−1 − 𝐼𝑚𝑠
𝑡 ≥ 𝐷𝑚

𝑡  ∀𝑚, 𝑠, 𝑡 (23) 

∑𝑌𝑓𝑚𝑙𝑠
𝑡

𝑙

≤ 𝑊𝑓𝑚𝑠 𝑀∑𝑍𝑓𝑟𝑘
𝑟𝑘

≤ 1 ∀𝑓,𝑚, 𝑠, 𝑡 (24) 

∑𝑋𝑗𝑓𝑙𝑠
𝑡 ≤ 𝑥𝑗𝑓𝑠 𝑀∑𝑋𝑗𝑓𝑙𝑠

𝑡  𝜂𝑟 = 𝑝𝑟𝑜𝑑𝑓𝑠
𝑡

𝑗𝑟𝑙𝑙

 ∀𝑗, 𝑓, 𝑠, 𝑡 (25) 

𝐶𝑎𝑝𝑓𝑟𝑠
𝑡 = 𝐶𝑎𝑝𝑓𝑟𝑠

𝑡−1 + 𝐶𝑎𝑝𝐸𝑓𝑟𝑠
𝑡 𝑦𝑗𝑠

𝑡 ≤ 𝑎𝑗
𝑡      ∀𝑓, 𝑟, 𝑗, 𝑡, 𝑠 (26) 

𝑒𝑢𝑟  𝑝𝑟𝑜𝑑𝑓𝑟𝑠
𝑡 − 𝑠𝑠𝑓𝑠

𝑡 ≤ 𝑠𝑡𝑛𝑑𝑊𝐶 ∀𝑓, 𝑟, 𝑠, 𝑡 (27) 
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𝑋𝑗𝑓𝑙𝑠
𝑡 , 𝑌𝑓𝑚𝑙𝑠

𝑡 , 𝑝𝑟𝑜𝑑𝑓𝑟𝑠
𝑡 , 𝑐𝑎𝑝𝑓𝑟𝑠

𝑡 , 𝐶𝑎𝑝𝐸𝑓𝑟𝑠
𝑡 , 𝑠𝑠𝑓𝑠

𝑡 , 𝐼𝑚𝑠
𝑡 , 𝑞𝑚𝑠

𝑡 ≥ 0 ∀𝑗, 𝑓, 𝑙, 𝑟, 𝑠, 𝑡, 𝑚  

𝑍𝑓𝑟𝑘 ∈ {0,1} ∀𝑓, 𝑟, 𝑘.  

Constraint (15) ensures that the design capacity may not exceed the maximum capacity of the plant, 

while (16) ensures that the production in factories may not exceed the design capacity. Constraint (17) 

ensures that the ethanol inventory in each city may not exceed that city's maximum storage capacity. 

Constraint (18) ensures that at any potential location, only one plant with one production technology 

may be set up. Constraint (19) establishes the balance between the harvested sugarcane and the 

produced ethanol. Constraint (20) ensures that the cultivated sugarcane may not exceed the maximum 

amount available. Constraint (21) establishes that the amount of ethanol produced in factories equals 

that sent to cities and (22) establishes the balance between the cultivated sugarcane with that delivered 

to factories. Constraint (23) shows the inventory balance. Constraints (24) and (25) ensure the lack of 

flow if there is a disruption. Constraint (26) calculates the developed capacity of each plant and 

constraint (27) ensures the allowable production-related pollution. 

 

4. The Proposed Robust Possibilistic Programming Approach 

If an optimization problem solution presents feasibility robustness (i.e., it is feasible for nearly all values 

of uncertain parameters) and optimality robustness (i.e., its objective function remains close to or has a 

minimal deviation from the optimal value for nearly all values of uncertain parameters), then it is robust. 

The “hard worst-case”, “soft worst-case” and “realistic” are the three paradigms of robust programming 

[60-69]. In the first, the maximum safety is provided against uncertainty, i.e., the solution is immunized 

against infeasibility for all possible values of uncertain parameters. For optimality robustness, since the 

worst possible value of the objective function is minimized (in a min–max sense), this approach ensures 

that the optimal value is never violated by the objective function. In the second, the worst value of the 

objective function is minimized, but the constraints are not satisfied in their limits. And in the third, a 

reasonable explicit/implicit trade-off is established between robustness, cost, and other objectives (e.g., 

improving the average system performance). 

To take advantage of the merits and capabilities of both the possibilistic programming and robustness 

standpoints, a robust possibilistic programming (RPP) model is proposed, inspired by [70]. The first 

part of this section proposed a symbol of the main model presented in section 3.2.1. The variables 

symbol model converted to a simple symbol to better understand the approach used. The symbolic 

model has presented in this part as a simplified view of the main model that implemented robust 

possibilistic programming on its for considering uncertainty parameters. 

The following modeling consists of a compact representation of our model Eqs (12-27). 

max 𝑧 = 𝑝𝑥2 − 𝑓𝑦 − 𝑞𝑥1 (28) 

subject to   

𝐴𝑥2 ≥ �̃� (29) 

𝑥3 ≤ �̃� (30) 

𝐶𝑥2 ≤ 𝑒𝑥1 (31) 

𝑠𝑥2 ≤ 𝑀𝑦 (32) 

𝑇𝑦 ≤ 1 (33) 

𝑦 ∈ {0,1}, 𝑥 ≥ 0. (34) 

In the RPP model, 𝑝, 𝑞, and 𝑓 are respectively the sales price, biomass-related variable costs, and fixed 

set-up costs of conversion plant; In this study, 𝑝 (sales price bioethanol in objective function), 𝐷 
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(demand of bioethanol in  Eq (23)), and 𝑎𝑗
𝑡 (maximum available sugarcane in Eq. (20)) are uncertain. 

The basic possibilistic chance-constrained programming (BPCCP) model under study [70] is as follows: 

(𝐵𝑝𝑐𝑐𝑝 𝑚𝑜𝑑𝑒𝑙) 

max 𝐸[𝑧] = 𝐸[𝑝 𝑥2] + 𝐸[−𝑓𝑦 − 𝑞𝑥1] 

𝑁𝑒𝑐{𝐴𝑥2 ≥ �̃�} ≥ 𝛼1 

𝑁𝑒𝑐{𝑥𝑒 ≤ �̃�} ≥ 𝛼2 

𝑐𝑥2 ≤ 𝑒𝑥2 

𝑠𝑥2 ≤ 𝑀𝑦 

𝑇𝑦 ≤ 1 

𝑦 ∈ {0,1}, 𝑥2 ≥ 0. 

 

(35) 

(36) 

(37) 

(38) 

(39) 

(40) 

(41) 

The expected value operator (Eq 35) and the fuzzy measure (Eqs 36 and 37) have been used to model 

the objective function and deal with chance constraints involving imprecise parameters. In this study, 

the uncertain parameters are modeled as fuzzy trapezoidal  probability distribution determined by four 

points, e.g., 𝜉 = (𝜉1, 𝜉2, 𝜉3, 𝜉4). One of the reasons for using trapezoidal fuzzy numbers is its better 

adaptability to the problem parameters. Before explaining the uncertain equivalent BPCCP model, it is 

worth mentioning the necessity of a measure to cope with chance constraints, which is discussed in 

Appendix A. The uncertain equivalent BPCCP model can be modeled as follows. 

 

max 𝐸[𝑧] = (
𝑃(1) + 𝑃(2) + 𝑃(3) + 𝑃(4)

4
) 𝑥2 − 𝑓𝑦 − 𝑞𝑥1 

𝐴𝑥2 ≥ (1 − 𝛼1)𝐷(3) + 𝛼1𝐷(4) 

𝑥3 ≤ (1 − 𝛼2)𝑎(2) + 𝛼2𝑎(1) 

𝑐𝑥2 ≤ 𝑒𝑥1 

𝑠𝑥2 ≤ 𝑀𝑦 

𝑇𝑦 ≤ 1 

𝑦 ∈ {0,1}, 𝑥2 ≥ 0. 

 

(42) 

(43) 

(44) 

(45) 

(46) 

(47) 

(48) 
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Fig. 5- The trapezoidal probability distribution of fuzzy parameter ξ 

It is assumed, as illustrated in Figure 5, that in dealing with a trapezoidal fuzzy number, the constraint 

must be satisfied with confidence level α (usually greater than 0.5), which is determined by solving the 

model. 

Based on the BCCP model, the RPP-1 model is posed as follows. 

As in the BPCCP model, 𝐸[𝑧] refers to the expected value of 𝑧 (objective) that, in this section, 

maximizes the system's average performance. Term (𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛) represents the difference between 

possible 𝑍 values and 𝛾 is the significance weight of the second term. 𝑍𝑚𝑎𝑥 and 𝑍𝑚𝑖𝑛 are defined in 

Eqs (56 - 57): 

𝑧𝑚𝑎𝑥 = 𝑃(4)𝑥2 − 𝑓𝑦 − 𝑞𝑥1 

𝑧𝑚𝑖𝑛 = 𝑃(1)𝑥2 − 𝑓𝑦 − 𝑞𝑥1. 

  (56) 

(57) 

As a result, the second term minimizes the maximum deviation from optimum Z which is the optimality 

robustness in the solution vector. Terms 𝛿1[𝐷(4) − (1 − 𝛼1)𝐷(3)] and 𝛿2[𝑎(1) + (1 − 𝛼2)𝑎(2) −

𝛼2𝑎(1)] determine the confidence level of the chance constraints, while the feasibility robustness is 

ensured by using these terms in the solution vector. These terms also show the difference between the 

worst values of the uncertain and value parameters used in the analogous constraint. It should be noted 

that 𝛿 is not simply a theoretical parameter and can be imposed as a fine for violating the demand 

satisfaction constraint. 

Since the model presented in this study also has profit as an objective function with uncertain 

parameters, 𝑍𝑚𝑎𝑥  can be replaced with the value of 𝐸[𝑧], because the decision-maker favors the 

objective function profit increase and the fine imposable here is only the downward deviation from the 

mean. The final multi-objective model is as follows. It should be noted that parameters of environmental 

and social impacts are summarized with the symbol h and (Sc, k). 

Obj1 = max𝐸[𝑧] − 𝛾(𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛) − 𝛿1[𝐷(4) − (1 − 𝛼1)𝐷(3)] − 𝛿2[ 𝑎(1) + (1 − 𝛼2)𝑎(2)
− 𝛼2𝑎(1)] 

𝑧2 = minℎ𝑥 

𝑧3 = max𝑆𝑐. 𝑥 + 𝑘𝑦 

𝑠𝑡: 

(58) 

(59) 

(60) 

 

(61) 

(𝑅𝑃𝑃 − 1) 

max𝐸[𝑧] − 𝛾(𝑍𝑚𝑎𝑥 − 𝑍𝑚𝑖𝑛) − 𝛿1[𝐷(4) − (1− 𝛼1)𝐷(3)] − 𝛿2[ 𝑎(1) + (1 − 𝛼2)𝑎(2) − 𝛼2𝑎(1)] 

𝐴𝑥2 ≥ (1− 𝛼1)𝐷(3) + 𝛼1𝐷(4) 

𝑥3 ≤ (1 − 𝛼2)𝑎(2) + 𝛼2𝑎(1) 

𝑐𝑥2 ≤ 𝑒𝑥1 

𝑠𝑥2 ≤ 𝑀𝑦 

𝑇𝑦 ≤ 1 

𝑦 ∈ {0,1}, 𝑥1, 𝑥2 ≥ 0,   0.5 ≤ 𝛼 ≤ 1. 

 

 

(49) 

(50) 

(51) 

(52) 

(53) 

(54) 

 (55) 
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𝐴𝑥2 ≥ (1 − 𝛼1)𝐷(3) + 𝛼1𝐷(4) 

𝑥3 ≤ (1 − 𝛼2)𝑎(2) + 𝛼2𝑎(1) 

𝑐𝑥2 ≤ 𝑒𝑥1 

𝑠𝑥2 ≤ 𝑀𝑦 

𝑇𝑦 ≤ 1 

𝑦 ∈ {0,1}, 𝑥1, 𝑥2 ≥ 0,   0.5 ≤ 𝛼 ≤ 1. 

(62) 

(63) 

(64) 

(65) 

(66) 

4.1. Using the fuzzy multi-objective method to solve a multi-objective RPP model 

There are several methods proposed in the literature to solve the multi-objective linear programming 

(MOLP) models, among which fuzzy programming has been favored in this research due to its potential 

to determine the membership degree of each objective. This can help the decision-makers to make their 

final decisions by analyzing the membership degree and their preferences for each objective. In that 

sense, we have employed the methodology described in [71], which is briefly summarized in Figure 6). 

 

As previously mentioned, implementing a fuzzy multi-objective model requires the conversion of 

problem objective functions to membership functions. In this section, the mechanism for creating 

membership functions according to the maximization or minimization objectives is provided, assuming 

a triangular membership function for these numbers. For maximization functions (Figure 7a) we have 

employed 

𝜇(𝜗)

=

{
 
 

 
 1                        𝑖𝑓 𝑧 > 𝑧𝑃𝐼𝑆

𝑍 − 𝑍𝑁𝐼𝑆

𝑍𝑃𝐼𝑆 − 𝑍𝑁𝐼𝑆
      𝑖𝑓 𝑍𝑁𝐼𝑆 ≤ 𝑍 ≤ 𝑍𝑃𝐼𝑆

0                       𝑖𝑓 𝑍 < 𝑍𝑁𝐼𝑆,

 

 (67) 

 

while for minimization functions (Figure 7b), we used 

Figure 6- Template of the fuzzy multi-objective method   
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𝜇(𝜗)

=

{
 
 

 
 1                        𝑖𝑓 𝑧 < 𝑧𝑃𝐼𝑆

𝑍𝑁𝐼𝑆 − 𝑍

𝑍𝑁𝐼𝑆 − 𝑍𝑃𝐼𝑆
      𝑖𝑓 𝑍𝑃𝐼𝑆 ≤ 𝑍 ≤ 𝑍𝑁𝐼𝑆

0                       𝑖𝑓 𝑍 > 𝑍𝑁𝐼𝑆.

 

 (68) 

 After writing the purpose membership functions and implementing the other clauses of the proposed 

model, the fuzzy multi-objective optimization model is formulated as follows: 

 

  

  

Equation (69) has two terms, where 𝜇(𝜗)ℎ  is the membership degree of the ℎth objective function and 

𝜆0  is the minimum membership degree of the objective functions (𝜆0 = 𝑚𝑖𝑛ℎ{𝜇(𝜗)ℎ}). This relation is 

a convex combination of the lower bound (𝜆0) and the weighted sum of the membership degree of the 

objective functions. Also, 𝜙 and 𝜃ℎ refer to the importance factor of the ℎth objective function; 𝜃ℎ is 

determined by the decision-makers according to their preferences (∑ 𝜃ℎℎ = 1 , 𝜃ℎ > 0) and 𝜙 controls 

the minimum satisfaction level of the objectives. The model objective is to create balance/imbalance in 

the problem solution and decision-makers’ preferences by setting the parameter φ; A high value for 𝜙 

means willing to find a high-value lower bound for the membership degree of the objective. 

Analogously, a low-value of 𝜙 means that the decision-maker wants to find a high membership-degree 

solution for several objectives with higher importance degrees regardless of the membership degree of 

other objectives. The aforementioned developments then render a crisp single-objective model that can 

be iteratively solved by a MILP solver (such as CPLEX) to adjust the parameter 𝜙 according to the 

decision-makers' expectations.  

 

5. Case Study 

The performance of the proposed model is evaluated considering a real case study in Iran that analyzes 

the cultivation potential of sugarcane. As a vast Middle Eastern country with a population of more than 

80 million, 31 provinces, multiple energy resources, and enormous natural gas and crude oil reserves, 

Iran is not only experiencing increased energy consumption due to urbanization, economic growth, and 

population increase [72], but is also economically dependent on the related revenues. Iran’s exportations 

mainly include crude oil and fossil fuels, which constitute more than 95% of its household energy 

𝑍𝑍 = max𝜙𝜆0 + (1 − 𝜙)∑𝜃ℎ𝜇(𝜗)ℎ

3

ℎ=1

 

(69) 

𝑠𝑡: 𝜆0 ≤ 𝜇(𝜗)ℎ     ℎ = 1,2,3  (70) 

ϑ ∈ 𝐹(𝜗), 𝜆0 𝑎𝑛𝑑 𝜙 ∈ [0, 1]. (71 

Figure 7a- linear membership function for 

maximization objective 

Figure 7b-linear membership function 

for minimization objective 
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consumption [73]. Since fossil-fuel resources are limited and not renewable, they have negative effects 

on different dimensions of a lasting stable development: high greenhouse gas concentration, air 

pollution and related health hazards such as cancers, breathing diseases, and dangerous acidic rains, to 

name only a few. Therefore, moving towards other sources of energy is imperative.  

Preservation of existing resources and discover new resources are very important, so in the case studied 

laws to use the new resources can be found. In the past decade, laws have been put in place to replace 

20% of fossil fuels with biofuels in the transportation system [74][17]. 

Being a vast country with distinctly marked four seasons, Iran is has a remarkable potential for 

sugarcane production in more than half of its territory, has the potential for various agricultural 

activities, and is capable of extracting huge amounts of biomass and sugar beet; however, despite 

enjoying hectares of arid, semi-arid, arable, and borderlands, some areas are subject to soil erosion and 

dust storms.  

If an appropriate decision is made to harvest and turn sugarcane into bioethanol in Iran, the dependence 

on fossil fuels could be reduced resulting in sustainable development with social, environmental, and 

economic benefits. 

 

5.1. Data gathering 

The Ministry of Road and Urban Development [75] and Asia Seir Aras Co. [76] have been the sources 

for the inter-city road and rail distance data, respectively, and the calculated inputs include prices, 

penalties, and  costs (except transportation). Since the latter is a function of the vehicle capacity and 

shipment distance, it was calculated as discussed in Section 3.2.1 (eq 11-a, 11-b). 

For estimating a BSCN’s greenhouse gas emissions, we used the ECO-it and SimaPro 8 Software (a 

tool with which environmental effects can be evaluated) and the data provided by the Ministry of 

Industry, Mine and Trade and Department of Environment. In their research paper, Bairamzadeh et al. 

[48] have pointed out that a fraction of the total gas emission caused by the transportation between 

facilities is due to the loading and unloading activities and some are because of the distance covered.  

In the present study, in addition to the issues discussed above, the effects of biofuel production and 

harvesting crops are emphasized. Conversion rates are given to convert sugarcane-to-bioethanol by 

technology plants from [15, 16, 48]. Thus, the thermochemical and biochemical technology respectively 

have a conversion rate equal to 0.6974 and 0.7185. 

The disruption scenarios were created by road organization information and using historical data. Road 

disruption was affected in this organization by geographical and climatic and critical issues. The almost 

of road disruption in the study case is due to seasonal climate change. Seasonal changes are mainly 

indicative of climate change. The seasonal changes cause changes in road access in Iran. In this study, 

considering four scenarios for different seasons of the year, a decision has been made on how to transfer 

the flow of goods. The probability of occurrence of each scenario is considered equal to the repetition 

of the seasons of the year. This approach empowers the mathematical model to the optimization of 

biofuel production due to changes in road access. 

 

5.2. FUDEA Model results 

In this section, we first evaluate the efficiency of the arable lands in Iran using the integrated FDEA 

model presented earlier. Considering the amount of rainfall, soil moisture, and PH < 6.5 required for 

sugarcane cultivation, 23 Iranian provinces, out of 30, have been selected in this study to be applied as 

inputs to the DEA model (Table 3), and lands with efficiencies equaling 0.85 (and higher) have been 

selected as potential cultivation plots for the robust SCD model. All computations related to each of the 
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DMUs in the FUDEA model have been modeled with GAMS (version 24.1.2) and solved using CPLEX 

solver. 

Table 2- FUDEA model results 

Rank 𝜽∗ 𝒁∗ Cities DMUs 

20 0.681 0.319 Isfahan 1 

7 0.892 0.108 Ilam 2 

12 0.805 0.195 Bushehr 3 

9 0.858 0.142 Tehran 4 

8 0.863 0.137 Chahar Mahaal and Bakhtiari 5 

19 0.687 0.313 Khorasan J . 6 

6 0.900 0.100 Khorasan R . 7 

23 0.669 0.331 Khorasan Sh. 8 

5 0.902 0.098 Khuzestan 9 

18 0.696 0.304 Semnan 10 

10 0.836 0.164 Sistan va Balochestan 11 

4 0.910 0.090 Fars 12 

21 0.680 0.320 Gazvin 13 

17 0.705 0.295 Gom 14 

3 0.925 0.075 Kerman 15 

14 0.793 0.207 Kermanshah 16 

1 1 0 
Kohgiluyeh and Boyer-

Ahmad 
17 

11 0.821 0.179 Golestan 18 

13 0.798 0.202 Lorestan 19 

15 0.765 0.235 Markazi 20 

2 0.950 0.050 Hormozgan 21 

22 0.679 0.321 Hamadan 22 

16 0.741 0.259 Yazd 23 

 

Considering the condition set for efficiency, DMU2, DMU4, DMU5, DMU7, DMU9, DMU15, DMU17, 

and DMU21 are the potential efficient lands for sugarcane cultivation that will be considered in the 

robust model of the bioethanol SCD. 

 

5.3. Results of the robust network design 

To evaluate the potential locations for factories and demand centers, all 23 provinces have been 

considered. The fuel consumption-related information for each region has been obtained from the 

"National Iranian Oil Product Distribution Company". Capacity levels considered for bioethanol 

production factories are 400,000, 600,000, and 800,000 (Gallon per year), and the related technologies 



 24 

are "thermochemical" and "biochemical". The time horizon for this model is 1 year (with monthly 

periods). The model was implemented using GAMS (version 24.1.2) and solved using CPLEX. 

The worst and best results for each objective are shown in Table. 4: 

Table 4- The worst and best results for each objective 

Negative ideal 

solution (NIS) 
Positive ideal 

solution (PIS) 
Objective 

function 

9,458,860 1,930,536,608.87 Obj1 

2,904,666,827 2,166,706.80 𝑍2 

217,467.55 1,576,973.07 𝑍3 

 

It's explicit that the final objective function has some adjustment parameters according to the distinct 

preferences of the decision-makers. Table 5 has presented the results of the robust and deterministic 

models with the difference value of these parameters. In Table 5, it is shown the membership degree of 

each objective determined based on the values of γ and 𝜃𝑖; in other words, the results have been 

presented through a sensitivity analysis on the values of γ and 𝜃𝑖. It is obvious that when 𝜙 increases, 

the focus on the least membership degree becomes more prominent, but the focus on the weight 

combination of the membership degree of the objective functions lessens. On the other hand, when the 

weights of the membership degrees of the objective functions vary, the decision-makers can decide on 

the importance of the objectives according to their preferences. 

When comparing the solutions obtained from the deterministic and MORP models, it is clear that the 

deterministic model provides solutions that, at first, seem better than those obtained from the MORP 

model, as can be seen from comparing the objective function values. This can lead to a misleading 

conclusion, as the deterministic solutions are more strongly dependent on the exact value of the input 

parameters. That is, fluctuations as small as 5% on the uncertain parameters can strongly influence the 

deterministic solution performance while, on the other hand, the MORP model is more stable, showing 

smaller performance deterioration in face of uncertainty. This effect will be further illustrated next in 

Section 4.5.  
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Table 5- Results of network design 

Deterministic Model MORP Model     

𝒁𝟑 𝒁𝟐 Obj1 𝒛𝒛∗ 𝒁𝟑 𝒁𝟐 Obj1 𝒛𝒛∗ 𝜽𝟑 𝜽𝟐 𝜽𝟏 ∅ 

1,366,458.5 151,189,800 2,101,115,000 0.482 1,358,793.02 15,916,300 509,538,600 0.466 0.2 0.4 0.4 

0.2 
1,361,261.1 32,567,280 3,151,118,000 0.493 1,358,793.02 15,916,300 509,538,600 0.441 0.4 0.2 0.4 

1,361,265.2 32,595,940 3,136,714,000 0.436 1,358,711.2 15,347,380 417,702,700 0.373 0.3 0.2 0.5 

1,360,369.9 31,010,730 853,709,900 0.392 1,358,711.2 15,347,380 417,733,700 0.386 0.2 0.3 0.5 

1,368,921.6 97,758,800 14,396,000,000 0.703 1,358,711.2 15,347,380 417,733,700 0.353 0.2 0.4 0.4 

0.4 
1,365,667.23 85,445,090 9,627,075,000 0.548 1,358,793 15,916,300 511,280,000 0.337 0.4 0.2 0.4 

1,360,154.3 24,870,730 1,322,191,000 0.307 1,358,711.2 15,347,380 417,702,700 0.285 0.3 0.2 0.5 

1,361,521.8 34,376,400 3,560,340,000 0.371 1,358,711.2 15,347,380 417,702,700 0.294 0.2 0.3 0.5 

1,366,133.8 79,769,230 10,727,600,000 0.580 1,358,711.2 15,347,380 417,733,700 0.297 0.2 0.4 0.4 

0.5 
1,364,464.8 65,572,690 10,491,100,000 0.561 1,358,406.3 13,237,170 28,787,910 0.268 0.4 0.2 0.4 

1,363,728.1 49,705,600 7,154,870,000 0.424 1,358,711.2 15,347,380 417,702,700 0.241 0.3 0.2 0.5 

1,365,719.3 71,287,750 9,285,929,000 0.489 1,358,711.2 15,347,380 417,702,700 0.249 0.2 0.3 0.5 

1,368,666.5 280,266,400 1,275,544,000 0.250 1,358,711.2 15,347,380 417,702,700 0.227 0.2 0.4 0.4 

0.6 
1,373,098.6 194,966,700 14,423,700,000 0.669 1,371,099.1 146,966,100 938,139,500 0.580 0.4 0.2 0.4 

1,368,321.9 96,332,710 12,976,500,000 0.595 1,358,391.4 13,127,860 32,170,550 0.181 0.3 0.2 0.5 

1,368,251.1 100,054,400 12,466,200,000 0.583 1,358,711.2 15,347,380 417,702,700 0.203 0.2 0.3 0.5 

1,371,262.1 158,295,600 29,328,700,000 0.893 1,373,966.8 121,429,800 18,114,300,000 0.886 0.2 0.4 0.4 

0.8 
1,363,754.8 52,521,270 7,453,758,000 0.370 1,358,504.8 13,916,780 157,168,700 0.114 0.4 0.2 0.4 

1,372,873.9 178,821,400 18,555,800,000 0.759 1,366,835.08 236,374,800 2,143,855,000 0.668 0.3 0.2 0.5 

1,366,487.5 172,262,800 17,604,200,000 0.726 1,373,101.3 135,619,900 13,413,700,000 0.677 0.2 0.3 0.5 
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One of the more important parameters in the final objective function is 𝜙, which represents the amount of 

importance of minimum membership function objectives. To show the sensitivity of this parameter to the 

decision maker's needs, a sensitivity analysis was conducted.  In Figure 8, the values of the objective 

function have been specified for different values of 𝜙; as can be seen, up to 𝜙 = 0.4, the obtained results 

are close to the exact values. However, for larger values of 𝜙, the exact and inexact solutions differ; the 

closest answer to the exact model is obtained for 𝜙 = 0.4 and the largest difference is at 𝜙 = 0.6, which can 

be attributed to the difference between the smallest value of the membership degree and that of other 

objective functions. For larger values of 𝜙, the inexact and exact models approach become closer again; 

this process can be justified by both the inexact data as well as the importance given to the least value of 

the membership degree of the objective functions. 

 

Fig. 8. The resulted objective function under deterministic and robust conditions 

 

Another dimension of analysis of the parameter 𝜙 is the sensitivity analysis in various solutions. With the 

value fluctuation of 𝜙, the final objective has shown in Figure 9 in each of the solutions. The meaning of a 

solution in this analysis is each of the different categories has a 𝜃𝑖 value. Figure 9 shows the 𝑧𝑧 variations 

for different values of 𝜙; each solution (different category values 𝜃𝑖  in table 5) shows different 𝜃𝑖  values. 

For 𝜙 = 0.2, the solutions are more stable, meaning that 𝜙 = 0.2 is more reliable than other values. The 

highest and the lowest values of the objective function have been found at 𝜙 = 0.8 in the first and second 

solutions, respectively. At this value, solutions are far better compared to other values except in the second 

solution. 
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Fig 9. the 𝑧𝑧 variations for different values of ∅ 

 

In what follows, the analyses are based on a solution obtained considering 𝜙 = 0.5 and 𝜃𝑖 = 0.2, 0.3, and 

0.5. To provide a detailed view of the aspects driving the SBSC network design, we present a cost 

breakdown analysis of each of the objective functions. Figures 10-12 show the shares of profit, production, 

and employment in the cost, environmental, and social objective functions. According to the profit objective 

function (Figure 10), a major part of the cost is due to the production and variable costs. Figure 11 shows 

that the maximum environmental effects are related to production, due to the wastes produced by the 

bioethanol production plants; however, the sugarcane harvesting and soil erosion effects are not negligible. 

Figure 12 shows that the production and harvesting sectors create the maximum employment, which can 

be explained since many people work for sugarcane planting/harvesting and in the bioethanol production 

plants. 
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 The average production, inventory, and bioethanol deficiency for the production plants in the disruption 

scenarios over the planning horizon are shown in Figure 13. As can be seen, in the optimal solution, the 

inventory is small in the end period, but it is the highest in the sixth period, which can be attributed to higher 

production in earlier periods. It should be noted, however, that the system has always reacted to part of the 

unmet demand as a deficiency, which can be attributed to the system stability. The lack of high fluctuations 

in deficiencies is due to the production-related limited environmental impacts considered in the model 

because the latter tries not to exceed the ceiling of production-related impacts that also affects the 

production volume. 

 

Figure 10- Share cost of all sectors in the first objective function Figure 11- All sectors performance in the 2nd objective function 

Figure 12- All sectors performance in the 3rd objective function 
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As previously discussed, one of the key insights sought from this study is related to the estimation of the 

sourcing needs and estimated required cultivation surface, which is an important decision aspect for both 

governments and farmers. In Figures 14 and15, two graphs are presented in succession; the first one shows 

the average sugarcane harvested in the disruption scenarios at each time period. As can be seen, harvesting 

in arable lands is the highest in the ninth period, which can be explained by the lesser disruption in routes 

that limit the access to the harvesting lands and more of the demand is met in the end periods. Since 

harvesting in the eleventh period is sufficient to meet the demand, harvesting in the twelfth period is not 

considered economical by the model because the accessibility to arable lands is highly limited and 

transportation costs are high. The second diagram shows, for different cities, the average harvesting in 

different disruption scenarios; as shown, Khuzestan is leading with the highest harvesting rate, and since 

the DEA model has introduced it as a high potential region, it is sensible that it has the highest rank in the 

optimal solution. 

 

Fig. 13 - The average production, inventory, and bioethanol deficiency in the production plants in disruption 
scenarios 
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Fig. 14. the average sugarcane harvested in disruption scenarios at each time period 

 

 

Fig. 15- Average sugarcane harvested in disruption scenarios for different cities  

 

The important advantage of mathematical modeling in this study determines the location of plants as 

strategic variables. Optimal locations in network design for plants can help to reduce costs and improve 

sustainability. On the other hand, determining plant technology for construction is critical for appropriately 

assessing alternatives SBSC network designs. Figure 16 depicts the results of the MORP model results. 

This figure shows a complete diagram of the optimal network model wherein the green parts are the 

potential sugarcane cultivation areas determined by the DEA model; locations of the factories (with their 

capacities and technologies) as well as the demand points in the case study are also shown in the map. As 
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can be seen, refineries, each with specific capacity and technology, have been built in seven provinces 

(Gilan, Kermanshah, Hamedan, Semnan, Khorasan Razavi, Khouzestan, Kihkooliye). 

 

 

Fig. 16-The illustration of Sugarcane bioethanol supply chain (SBSC) network nodes for robust model 

 

One critical aspect relating to the capacity sizing of the refineries is related to the reliability of the 

distribution channels. Figure 17 shows additional capacity expansion plan in each period of the planning 

horizon for different disruption scenarios. In effect, these represent amounts of capacity shortage incurred 

due to transportation issues, As shown, the allocated capacity is higher in Scenario 4 since in this scenario 

more routes are blocked, causing the factories in the relevant scenario to be forced to produce beyond their 

nominal capacity. Another noticeable point in Figure 17 is the higher capacity at the beginning of the time 

horizon, justified by aiming at increasing the inventory costs to prevent shortages in the future periods. 
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Fig. 17-The value of capacity expansion for a biorefinery in the planning horizon 

 

 

5.4. Realization 

To validate the proposed model under an uncertain data setting, we formulated a deterministic linear 

programming model called “realization model” which, in practice, consists of a Monte Carlo simulation. In 

the realization model, values of the uncertain parameters are randomly sampled from the corresponding 

variation interval. The realization model is solved for the solutions (i.e., the location, technology and 

processing capacities) obtained from the deterministic and MORP models. As mentioned before, all the 

uncertain parameters are represented by trapezoidal possibility distribution functions. To generate samples, 

we sampled 𝐷(𝑟𝑒𝑎𝑙) (and calculate the respective 𝛼(𝑟𝑒𝑎𝑙)) from a uniform distribution that has its lower and 

upper limits defined by the extreme points the uncertain parameters trapezoidal function. A compact 

representation of the realization model can be stated as follows: 

For the maximization functions we have: 

(72) 𝑂𝑏𝑗𝑗 = 𝑜𝑏𝑗
∗ − 𝜔(𝑅1 + 𝑅2) 

For the minimization functions we have: 

(73) 𝑂𝑏𝑗𝑗 = 𝑜𝑏𝑗
∗ + 𝜔(𝑅1 + 𝑅2), 

where 𝜔 is an infeasibility penalty and 𝑅 is calculated in uncertain constraints as follows: 

𝐴𝑥2 + 𝑅1 ≥ 𝐷(𝑟𝑒𝑎𝑙) 

𝑥3 − 𝑅2 ≤ 𝑎(𝑟𝑒𝑎𝑙). 

(74) 

(75) 
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Table 6 summarizes the results obtained for 10 distinct samples. The standard deviation and the mean are 

used to compare the two approaches. As can be observed, the MORP model has more robust behavior 

against the uncertainty related with the input parameter when compared to the deterministic model, 

especially in terms of the standard deviation values.  

 

 

  

Table 6 - Realized values 

 Deterministic    MORP   Realization 

Obj3 Obj2 Obj1  Obj3 Obj2 Obj1  Nominal data 

286,150.7 13,927,216.8 457,833,732  179,739.7 14,884,246.8 351,381,976  1 

374,260.3 14,117,208.7 373,525,260  234,896.9 16367374 262,917,630  2 

385,331.8 14,248,812.4 371,537,040  234,997.6 17,773,996 264,854,760  3 

304,522.6 15,699,663.1 421,197,720  221,761.1 18,994,528 322,245,117  4 

331,455.4 14,430,564.2 408,445,690  235,737.6 17,281,448.4 357,678,080  5 

309,254.2 26,249,250 371,236,880  235,552.5 16,510,498.8 306,767,630  6 

314,605 16,363,736 363,276,450  235,597.1 18,140,843 307,313,300  7 

376,847.5 14,975,300.5 261,637,500  206,231.1 16,362,670 180,636,450  8 

309,141.4 16,102,214.8 206,554,800  194,411.2 21,036,154 272,328,360  9 

322508.2 17,297,441.5 208,547,310  235,663 20,294,785 277,439,790  10 

331,407.7 16,341,140.8 344,379,238.2  221,458.8 17,764,654.4 290,356,309  Average 

33,057.5 3,467,287 83,567,379.7  19,677.5 1,810,512.6 48,747,944.5  
Standard 

deviation 
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6. Conclusions  

This research proposes a multi-objective MILP model for the design and planning of the sugarcane supply 

chain that considers supply areas and candidate locations for factories and demand centers (sugarcane 

harvesting, and demand quantities are uncertain). By optimizing the model, the sugarcane supply sources, 

location/allocation, and production capacity/technologies in factories are selected, and inventory level and 

rate of production/shipment in the network are determined. Such input data as the final price of the produced 

bioethanol, bioethanol demand, and the sugarcane harvesting from potential lands are uncertain which are 

modeled as fuzzy numbers using a robust possibilistic programming (RPP) approach. In other words, the 

main contributions of this study are (i) the consideration of robust possibilistic programming (RPP) to 

address the uncertainties in the sugarcane-to-bioethanol supply chain, (ii) considering sustainability 

performance in the supply chain design, (iii) combining RPP with fuzzy multi-objective programming to 

consider preferences, (iv)) the employment of FDEA for ranking the sourcing candidates of sugarcane feeds 

in Iran and (v) the consideration of disruption in the transportation routes of the sugarcane and fuel in the 

RPP model. 

According to the results presented, it is clear that the proposed model is less sensitive to the specific value 

of the uncertain parameters, while in the deterministic model, variations a more harming consequence. In 

specific, the proposed model accommodates the deviations in the uncertain values tangibly, which is 

demonstrated by the lower variability observed in the objective function values. This effect is most 

prominently due to the parametrization of the changes in the uncertain parameters developed and 

subsequent incorporation of such parametrization in the model, which is a merit of the proposed model. 

Given the exposed, it is clear that the proposed robust possibilistic programming model better suits the case 

study, since it is less sensitive to uncertain parameters, and hence the risk that it may show results far from 

the reality is mitigated, which is a desirable characteristic to expect from the findings of the developed case 

study. 

The main innovation of this study is the development of a multi-objective robust possibilistic programming 

(MORPP) model and a conceptual approach to addressing the nature of multi-objective problems. To the 

best of our knowledge, this is the first time a model considers parameters uncertainties in both the objective 

function and constraints and combines them through a multi-objective solution approach that considers the 

decision maker's preferences in this setting. Multiple functions of this model address sustainability issues 

including economic, environmental, and social considerations. 

For directions of further investigation could include addressing various types of uncertainties in the input 

data, considering the time value of money and entering it in financial calculations that would make the 

model more realistic under an economical perspective, considering import/export for both bioethanol and 

consumable feeds for biofuel-producing plants, and considering the international logistics in the 

mathematical model. Moreover, it would be valuable to increase the level of detail in the production chain 

modeling, incorporating more detailed refinery plants and its production units and alternative ethanol 

markets (e.g., gas stations and chemical plants). 
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Appendix A 

Let 𝑚 be a real number. According to [94,95], the necessity (Nec) of 𝜉 ≤ 𝑚 can be defined as follows: 

  1 ( ),sup
x m

Nec m x


 


 = −

 

(76) 

 

If 𝜉 be a trapezoidal fuzzy number, the necessity of 𝜉 ≤ 𝑚 can then be written as follow: 

 Nec m 
=

{
 
 

 
 

1                        𝑖𝑓 𝜉(4) ≤ 𝑚

𝑚 − 𝜉(4)

𝜉(4) − 𝜉(3)
      𝑖𝑓 𝜉(3) ≤ 𝑚 ≤ 𝜉(4)

0                       𝑖𝑓 𝑚 < 𝜉(3)

 

(77) 

 

Consequently, based on (94), it can be shown that if 𝛼 ≥ 0.5 then be written as follow: 

  (3) (4)(1 ) .Nec m m        − +
 

(78) 

 

Eq. (94) can be applied directly to convert the fuzzy chance constraints into their equivalent crisp ones. For 

further reading, please refer to article [38]. 
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