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Abstract. Biomass can be converted to transportation fuels through gasifica-

tion. However, commercialization of biomass gasification has been hampered 

by its high capital and operating costs, in addition to the difficulties of trans-

porting bulky solid biomass over a long distance. A novel approach is to con-

vert biomass to bio-oil at widely distributed small-scale fast pyrolysis plants, 

transport the bio-oil to a centralized location, gasify the bio-oil to syngas, and 

upgrade the syngas to transportation fuels. In this paper, a two-stage stochas-

tic programming is formulated. The first-stage makes the capital investment 

decisions including the locations and capacities of the bio-facilities (fast pyroly-

sis and refining facility) while the second-stage determines the biomass and 

biofuels flows. This paper aims to find the optimal design of the supply chain 

for this certain path considering uncertainties in biomass yield, biofuel price 

and transportation costs.  
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1 Introduction 

Second generation biofuel is a potential substitute for petroleum-based fuel 

in the perspectives of environmental, economic, and social benefits. [1]. Ac-

cording to the revised Renewable Fuel Standard (RFS2), at least 36 billion 

gallons per year of renewable fuels will be produced by 2022, of which at 

least 16 billion gallons per year will be from cellulosic biofuels [2]. However, 

the cellulosic biofuel volume standard for 2012 is only 10.45 million gallons 

per year according U.S. Environmental Protection Agency (EPA) in 2011 [3].  

Biomass can be converted to transportation fuels by various methods. Fast 

pyrolysis and gasification are two of the most prominent technologies for 

thermochemical conversion of biomass. Fast pyrolysis produces bio-oil, bio-

char and non-condensable gases [4]. However, commercialization of the bi-



omass gasification has been hampered by its high capital and operating costs 

due to the challenge of transporting bulky solid biomass over a long distance, 

processing the solid feedstock at high pressure, and removing contaminants 

from gas stream. Feedstock production and logistics constitute 35% or more 

of the total production costs of advanced biofuel [5]. And logistics associated 

with moving biomass from land to bio-refinery can make up 50–75% of the 

feedstock costs [6]. A novel approach for reducing these costs is to convert 

biomass to bio-oil at distributed small-scale fast pyrolysis processing plants, 

transport the bio-oil to a centralized location, gasify the bio-oil to syngas, and 

upgrade the syngas to transportation fuels. There is a rich literature on sup-

ply chain network design. Shah [7] reviewed the precious studies in modeling, 

planning, and scheduling with some real world examples. An et al. [8] com-

pared the supply chain research on petroleum based fuel and biofuel. How-

ever, only a few literature concerns the uncertainty. Kim et al. [9] considered 

a two-stage stochastic model to determine the capacities and location of the 

bio-refineries. Marvin et al. [10] gave a mixed integer linear programming to 

determine optimal locations and capacities of bio-refineries. As a result, it is 

of importance to build an optimization model to deal with the uncertainties 

such as biomass supply, shipping cost and biofuel demands. 

The rest of the paper is organized as follows: in Section 2, the problem 

statement and assumptions is presented. Then, we discuss the deterministic 

linear programming model and the two-stage stochastic programming mod-

els for this problem in Section 3. Section 4 gives a brief discussion of settings 

and result of a toy case study. Finally, we conclude the paper in Section 5 

with summary and future research directions. 

2 Problem statement and Assumptions 

The biofuel industry is highly affected by the uncertainties among the supply 

chain such as biomass supply, shipping cost and biofuel demands. Stochastic 

programming is one of the most widely used methods to consider the im-

pacts of decision making under uncertainties. This paper aims to provide a 

mathematical programming framework with a two-stage stochastic pro-

gramming approach to deal with the uncertainties among the biofuel indus-



try. The optimality model provides suggestions about the capital investment 

decisions and logistic decisions of this pathway. 

In this model, several assumptions are made. Biomass supply is assumed 

from the county level. Candidate fast pyrolysis and the refining facilities are 

assumed at the county centroid. Only one centralized refining facility is being 

planned and the decentralized fast pyrolysis facilities can be of several capac-

ity levels (low, medium and high levels). It is assumed that the unit collection 

cost of biomass includes the feedstock inventory cost.  

3 Model Formulation 

In this section, we introduce both the deterministic and stochastic model for 

this biofuel supply chain design problem. The deterministic mixed integer 

linear programming model is first introduced as a baseline model and then a 

two-stage stochastic model is discussed to address the uncertainties in the 

supply chain design problem.  

3.1 Deterministic Mixed Integer Linear Programming Model 

In the deterministic mixed integer linear programming model, all the data 

and modeling parameters are assumed to known with certainty. The nota-

tions used in this model are listed in Table 1. 

Table 1. Notations for Deterministic Linear Programming Model 

Subscripts 

  Biomass supply locations 

  Candidate fast pyrolysis facility locations 

  Gasoline and diesel fuel demand locations 

  Allowed fast pyrolysis capacity levels 

  Candidate refining facility locations 

Decision Variables 

 
Amount of biomass transported from supply location  to candidate 

fast pyrolysis facility location  

 
Amount of bio-oil transported from candidate fast pyrolysis facility 

location  to candidate refining facility location  

 Amount of gasoline and diesel fuels transported from refining facility 



location  to demand location  

 
Whether a fast pyrolysis facility of capacity level  is planned at the 

candidate facility location  (binary variable) 

 
Whether a refining facility exists in candidate refining facility location 

 (binary variable) 

Parameters 

B Total budget 

 Capital cost of the centralized refining facility 

 Capital cost of the decentralized fast pyrolysis facility at level  

 Gasoline and diesel fuels price at demand location  

 Gasoline and diesel fuels demand at demand location  

 Penalty for not meeting the demand at demand location  

 Penalty for exceeding the demand at demand location  

 Unit biomass collecting cost at supply location  

 Unit conversion cost from dry biomass to bio-oil 

 Unit conversion cost from bio-oil to biofuels 

 
Unit biomass shipping cost from supply location  to candidate fast 

pyrolysis facility location  

 
Unit bio-oil shipping cost from candidate fast pyrolysis facility location 

to candidate refining facility location  

 
Unit biofuel shipping cost from candidate refining facility location  

to demand location  

 Capacity of fast pyrolysis facility at level  

 Capacity of refining facility  

 Available biomass feedstock at location  

 Sustainability factor 

 Conversion factor from wet biomass to dry biomass 

 The loss factor of biomass during collection and transportation 

 Conversion ratio, ton of bio-oil per ton of dry biomass 

 Conversion ratio, ton of gasoline per ton of bio-oil 

3.1.1. Objective Function 

The objective of this model is to maximize the total profit, which can be de-

fined as the income from selling the biofuel subtracted by the penalty and 

the total cost. There is a penalty on not meeting the demand and an addi-

tional storage penalty for any surplus production. Different types of costs are 

considered in this model including the capital investment, collection cost, 



conversion cost, and shipping cost [11]. The shipping cost includes the trans-

portation costs for biomass feedstock, intermediate bio-oil, and upgrading 

transportation fuels.  

3.1.2. Constraints in the Model 

The following constraint is used to ensure that the total capital cost does not 

exceed the budget. 

                                                                       (1)   

The total amount of biomass transported from supply location  to candidate 

fast pyrolysis facility locations should not exceed the available feedstock at 

each supply location where  is the sustainability factor. 

                                                                               (2) 

The capacity constraints are used in the model. The loss factor  is 

the fraction weight loss of biomass during the collection and transportation 

and  is the conversion factor from wet biomass to dry biomass. 

       (3) 

                                                                                (4) 

There should be no more than one fast pyrolysis facility exists in each candi-

date facility location. And only one centralized refining facility is built. 

                                                                                          (5) 

                                                                                            (6) 

We assume that biomass is converted to bio-oil with a conversion ratio  

and bio-oil is converted to biofuel with a conversion ratio . Thus, we have 

the following conversion balance constraints: 

(7)  

 (8)  



3.1.3. Summary of the Deterministic Model 

The deterministic linear programming model is formulated as follows: 

  

This mixed integer linear programming model maximizes the total profit by 

giving capital investment and logistics decisions at the same time in deter-

ministic case. It’s the baseline model for next step. 

3.2 Two-stage Stochastic Programming Model 

In this paper, we consider the uncertainties of the shipping cost, available 

biomass feedstock and gasoline and diesel fuels prices. The stochastic pa-

rameters in this study are assumed to be discretely distributed. We use sub-

script s to represent scenario with probability  and add this subscript to 

some decision variables and parameters.  is percentage change of the 

shipping cost in scenario s comparing to the base scenario. The two-stage 

stochastic programming model is formulated as follows: 

  

.

               (9)                                                                         

      (10)                                                                      

                                          (11)                                            



                            (12)                                               

                                                (13)                

 

In this model, the first-stage decision variables are , which make 

the capital investment decisions including the locations and capacities for the 

conversion facilities. While the second-stage decision variables 

determine the biomass and biofuels flows. Constraints (1), (5), and 

(6) are the first-stage constraints, these constraints remain the same. The 

rest of the constraints will change accordingly to the set of scenarios.  

4 Case Study  

A case study based on state of Iowa has been carried out to illustrate the 

modeling framework. Historical data from EIA, USDA, and Census Bureau 

supplemented by the literatures have been employed in the case study. 

Three levels of uncertainties for each parameter have been considered. The 

27 scenarios are assumed to have equal probability. The results show that in 

the deterministic case, we should build 51 distributed fast pyrolysis plants 

(one low-capacity facility, no medium-capacity facility and 50 high-capacity 

facilities). The yearly profit is about 886 million dollars. The capital invest-

ment could be recovered in 6 years with the interest rate of 10%. While in 

the stochastic case, 63 distributed fast pyrolysis plants (one low-capacity 

facility, 14 medium-capacity facilities and 48 high-capacity facilities). It is 

observed that the stochastic programming modeling framework demon-

strates superior economic outcome than the deterministic case and the val-

ue of the stochastic solution (VSS) is about 65 million dollars per year.  

5 Conclusion  

This paper provides a mathematical programming framework with a two-

stage stochastic programming approach to deal with the uncertainties in the 

supply chain design among the biofuel industry. The optimality model pro-

vides suggestions for the decision makers on the capital investment decisions 



and logistic decisions of the thermochemical conversion pathway based on 

bio-oil gasification. A case study has been carried out to illustrate and vali-

date the modeling framework. This paper provides a preliminary framework 

and initiates a future research direction for uncertainty analysis in biofuel 

supply chain design. Additional constraints on the detailed process design 

can be incorporated to the modeling framework. It should also be noted that 

additional uncertainties can be considered and more realistic criterion to 

generate scenarios for the stochastic programming can be investigated. 
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