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ABSTRACT 

 

To enhance the discriminating power of data envelopment analysis (DEA), this study proposes an 

innovative procedure of applying the multiple criteria DEA (MCDEA) method with three objective 

functions, integrated with the goal programming (GP) model and cross efficiency (CE) method. 

The proposed procedure would help the decision-makers to rank the efficient decision-making 

units (DMUs).  We use the biomass-biofuel logistics network (BBLN) design problem to 

demonstrate the applicability of the proposed procedure. We observe that the procedure performs 

well in terms of identifying the efficient and robust BBLN schemes and that the procedure would 

be applied to design various supply chain networks.   
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INTRODUCTION 

 

DEA has been accepted as an effective technique.  The main reason might be that DEA models 

need not recourse to the exact behavior function of those organizations regarding the 

transformation of multiple inputs to outputs.  DEA was proposed by Charnes et al. [7] who 

demonstrate how to change a fractional linear measure of efficiency into a linear programming 

(LP) format. DEA defines relative efficiency as the ratio of the sum of weighted outputs to the sum 

of weighted inputs. The non-parametric approach solves an LP formulation for each DMU, and 

the weights assigned to each linear aggregation are the results of the corresponding LP. 

DEA allows each DMU to be evaluated with its most favorable weights due to its nature of the 

self-evaluation. Thus, to maximize the self-efficiency, the DEA model may even ignore 

unfavorable inputs/output.  To remedy this deficiency, the DEA cross-efficiency method (CEM) 

was suggested by Sexton et al. [26] as a DEA extension to rank DMUs with the main idea being 

to use DEA to do peer evaluation, rather than in DMU’s usual DEA efficiency, pure self-evaluation. 

Sexton et al. [26] construct a CE matrix that consists of two evaluation results, the self-evaluation 

and the peer-evaluation.   It can usually provide a full ranking for the DMUs to be evaluated and 

eliminates unrealistic weight schemes without requiring the elicitation of weight restrictions from 

application area experts (Anderson et al. [3]).  Due to its enhanced discriminating power, the CE 

evaluation has found a significant number of applications in the DEA literature (Wang and Chin 

[31]). But, there are three issues for applying the CE method to compensate for the inherent 

weakness of the DEA method.  
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The first issue is the proportion/percentage of self-evaluation in computing the CE score (ES).  The 

critical point is that, as Doyle and Green [9] note in their paper, the non-uniqueness of CE scores 

due to the often-present multiple optimal DEA weights.  They [9] suggest that secondary goals 

such as aggressive and benevolent models be introduced in CE evaluation.  The third issue is 

critical for applying the CE method, since the CE method frequently ranks DMUs, which are not 

fully efficient, ahead of the full efficient DMUs.   

To improve the discriminating power of DEA methods,  Li and Reeves [18] propose a multiple 

criteria DEA (MCDEA) model under the framework of multiple objective linear programming.  

The MCDEA model involves a broader definition of relative efficiency that the classical one 

introduced by Charnes et al. [7].  In other words, several different efficiency measures are defined 

under the same constraints.  Each measure serves as a criterion to be optimized.  But, they [18] do 

not explain how to rank DMUs but merely show which DMUs are more efficient than other DMUs 

by solving the MCDEA sequentially with one objective out of three objective functions.  

To enhance the discriminating power of data envelopment analysis (DEA), this study proposes an 

innovative procedure of applying the multiple criteria DEA (MCDEA) method, integrated with the 

goal programming (GP) model and cross efficiency (CE) method. The proposed procedure would 

help the decision-makers to rank the efficient decision-making units (DMUs).  We use the 

biomass-biofuel logistics network (BBLN) design problem to demonstrate the applicability of the 

proposed procedure.    

    

BIOMASS-BIOFUEL LOGISTICS NETWORK 

 

Biofuel production from biomass has been recognized as an important alternative that will reduce 

the nation’s dependency on the limited fossil fuel source and have a positive impact on the 

economy, environment, and society.  In this vein, Balaman and Selim [5] emphasize that design, 

operation, and management issues in renewable energy supply chains are increasingly gaining 

importance in recent years in parallel with the rising interest in renewable energy sources.  

Atashbar et al. [4] survey modeling and optimization on biomass-to-biofuel supply chains and aim 

to give a comprehensive overview of the research with a focus on the optimization modeling issues 

and solution approach.    

Hong et al. [15] consider the effect of the uncertainty in biomass yield and propose a simulation-

based robust biofuel facility location model for solving a bio-energy logistics network problem 

with the objective of minimizing the total logistics cost.  Poudel et al. [23] present a pre-disaster 

planning model for designing a reliable biofuel supply chain network considering link failure 

probabilities.  Maheshwari et al. [19] develop a supply chain design optimization model that 

incorporates the possibility of disruptions at the design stage to minimize the sum of the total cost 

incurred during the non-disruption and disruption scenarios weighted by their respective 

probability of occurrence.   

Following some issues of Gold & Seuring [13] and Maheshwari et al. [19], this paper uses the 

models of Hong et al. [15] and Poudel et al. [23].  We investigate the integrated biomass-biofuel 

logistics network (BBLN) under the risk of facility disruptions and present an innovative approach 

to evaluating a pre-disruption planning model for designing efficient supply chain schemes.  The 

model in this study consists of four different types of facilities: a supply point - farm or harvest 

site (HS), a storage point – storage facility (SF), and a production point - biorefinery (BRF), and a 

demand point – blending station (BS).  We assume that the locations of HSs and BSs are fixed, 



and the demand for each BS is constant throughout the planning period.  The BBLN structure is 

considered in [10] and is depicted in Figure 1.  

In this logistics network, determining the locations of BRFs and SFs will be the most important 

decision, since a BRF usually requires several million dollars for the annualized construction and 

operation costs.  Also, the use of SFs would affect the quality of biofuel that primarily depends on 

the moisture content in the biomass, as described before.  Not only the facility location problems 

for SFs and BRFs, but also the node routing problems between HSs and SFs and between BRFs 

and BSs are considered.     

 

Figure 1.  Schematic of the biofuel supply chain. 

 

 
 

The scenario of vehicle routing is that a fleet of vehicles will travel to the designated HSs to collect 

biomass feedstocks and deliver the collected biomass to the SF that covers those designated HSs. 

The collected biomass stocks will be transported from SFs or HSs to the BRFs.  Similarly, a fleet 

of vehicles, which are assigned to the BRF, will travel to the designated BSs to deliver biofuels. 

We also assume that the two facilities in the inbound flows, SF and BRF, are under the risk of 

disruptions.  Cui et al. [8] define that the risk of disruptions implies that some of the constructed 

facilities may become unavailable due to disruptions caused by a disaster or any other emergency 

events. Thus, assuming that if a facility is disrupted, biomass would not be used to produce biofuel, 

we consider four goals as the major performance measures in this paper.  The first goal is to 

minimize the total relevant cost (TRC) for SFs and BRFs. The second goal is to minimize the total 

routing distance (TRD) for the entire supply chain system.  The third goal is to maximize the 

expected amount of biomass feedstock (EABF) flowing into BRFs, whereas the fourth goal is to 

maximize the expected production amount of biofuels (EPAB) by BRFs. To accommodate these 

four goals in one objective function, we first use the goal programming (GP) approach as a tool 

for designing effective BBLN schemes.  The typical GP model allows the decision-maker to assign 

weights to the deviational variables in the objective function to better reflect the importance and 

desirability of deviations from the various goals.  For a given set of weighting factors, we solve 



GP model to generate various supply chain network schemes which represent Decision-Making 

Units (DMUs), which are commonly used for applying Data Envelopment Analysis (DEA) 

technique. We apply MCDEA to identify efficient supply chain network schemes among the 

alternatives generated by GP.     

 

CASE STUDY 

 

Based on EPA tracked sites in South Carolina (SC) with biorefinery facility siting potential [11] 

as shown in the upper map of Figure 2, sixteen (16) counties, whose biomass resources are 

classified ‘good’ or better, are selected as the harvesting sites (HSs).  Then, we choose one city 

from each county using a centroid approach and consider it as a storage facility (SF) location 

potential.  We consider five (5) locations and ten locations (10) throughout SC as candidate sites 

for BRFs and BSs, respectively, as shown in the bottom map of Figure 3. The potential locations 

for BRFs are selected based upon low population density, easy access to interstate highways, etc. 

Although not shown in Figure 2, the actual distances among cities are found and used for the case 

study.   

We solve the GP model for various values of the weights. There are fifty-six (56) configurations 

arising out of the combinations of the setting of α.  After we solve the model, we classify 56 

configurations into 36 consolidated schemes, based upon the values of the four performance 

measures.  With two inputs of TFC and TRD and two outputs of EABF and EPAB, we apply DEA 

method.  These 18 DMUs possessing a perfect ES of 1.000 are called a “best-practice frontier.”  

For the 18 efficient DMUs, we solve MCDEA by the GP model using the performance metrics. 

Then, we obtain CES for each of the 21 solved MCDEA models.  For comparison, we also compute 

the regular CES and the corresponding rankings without considering MCDEA.   

The scheme, which is ranked #1 based on the average rankings, yields the highest CES of 0.9915.  

We depict the most efficient BBLN in Figure 3(a), where a solid black line represents a routing 

sequence among HSs for the shipments of biomass stocks to an SF, and a green arrow line a 

shipment through SFs to a BRF, and a dotted arrow line indicates a routing sequence for the 

shipments of produced biofuels from a BRF to BSs.  This scheme selects {Hampton, Horry, 

Orangeburg} and {Branchville, Lake City} as the optimal locations of SFs and BRFs, respectively. 

Two SF locations, {Hampton, Orangeburg}, ship collected biomass stocks to BRF {Branchville}, 

whereas the other SF {Horry} ships to BRF {Lake City}.  

The optimal routing sequences are as follows: The routing sequences for biomass feedstocks are 

{Hampton (SF)― Allendale― Greenwood― Newberry― Hampton (SF)}, {Orangeburg(SF)― 

Dorchester― Colleton― York― Chester― Richland―Orangeburg (SF)}, {Horry (SF) ― 

Darlington― Lexington― Monks Corner― Georgetown― Horry (SF)}, and for the produced 

biofuel, the routing sequences are {Branchville (BRF)― Aiken―  Clinton― Greenville― 

Spartanburg― Lancaster― Bishopville― Branchville (BRF)} and {Lake City (BRF)― Dillon― 

Manning― Santee― Summerville― Lake City (BRF)}.  Due to the assumption of symmetric 

distances between any two points, the routing sequences could be reversible.   

BRF {Branchville} would supply produced biofuels to six BSs with the total demand of 1400 Tgal.  

If the total demand exceeds the capacity of the vehicle, an additional vehicle would be assigned to 

BRF {Branchville}. SFs {Orangeburg, Horry} plan to collect biomass stocks from HSs through 

long distances; an additional vehicle could be assigned to each SF. 

  

 



Figure 2.  EPA Tracked Sites and Candidate Sites for Biofuel Facilities. 

 

 

SUMMARY AND CONCLUSIONS 
 

The contribution of this paper is to propose a new procedure of improving the discrimination power 

to rank efficient DMUs explicitly by integrating the MCDEA method with CE method through GP 

model formulation. In the first step, the traditional DEA is applied to identify efficient DMUs.  In 

the second step, a GP method is applied for each efficient DMU to solve the MCDEA model for 

various values of the weights assigned to the three criteria.  In the third step, for each solved 

MCDEA model, considering the first criterion, the efficiency score, as an output and the other two 

criteria as inputs, the CE DEA method is applied to obtain the CES for each efficient DMU and 

each solved MCDEA model.  Fourthly, we rank the efficient DMUs based on the CESs obtained 

in the third step.         

To demonstrate the integrated procedure, this paper uses the biofuel logistics network design 

problem to find the locations, allocations and routing for biofuel supply chain facilities.  Contrary 

to the traditional logistics network models focusing primarily on cost-efficiency, this paper 

considers four (4) performance measures simultaneously to design more balanced biofuel logistics 

networks under the risk of facility disruptions.  These four performance measures are the TRC for 

the relevant costs, TRD for collecting the biomass feedstocks, shipping to biorefineries, and 

distributing produced biofuels to the blending stations,  EABF for biomass stocks,  and EPAB for 

biofuels. We apply an innovative procedure for designing efficient and robust biofuel supply chain 

networks (BSCN) regarding those four performance measures.  Identifying the efficient and robust 

BSCN schemes through the proposed procedure would attract potential investors who might be 

interested in investing in the biofuel industry. We observe that the proposed procedure performs 

well and can help the decision-makers identify the robust locations of biorefinery requiring huge 

investments and the efficient BSCN flows.   
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Figure 3.   Most efficient biofuel supply chain network scheme 

 

 
 


