
 

Abstract—This study considers a dynamic lot-sizing problem for 

remanufacturing systems that consists of a single disassembly, parallel 

reprocessing and a single reassembly workstations. The problem is to 

determine the disassembly, reprocessing and reassembly lot-sizes that 

satisfy the remanufactured product demands while satisfying the 

capacity of each facility over a planning horizon for the objective of 

minimizing the sum of setup, operation and inventory holding costs. A 

mixed integer programming model is developed to represent the 

problem mathematically. Then, three heuristics are proposed that fixes 

a portion of binary variables and solves the resulting problems 

iteratively. Computational experiments were done on various test 

instances and the test results are reported.  

 
Index Terms—remanufacturing, lot-sizing, fix-and-optimize.  

I. INTRODUCTION 

Remanufacturing is defined as recycling by manufacturing 

new products from end-of-use/life products, i.e. reprocessing 

end-of-use/life products in such a way that their qualities are as 

good as new in the aspects of appearance, reliability and 

performance. As explained in Steinhilper [1], remanufacturing 

is different from repair in that it is an industrialized process, not 

a simple mechanical work, with an overall restoration to likely 

new conditions after products are disassembled completely.  

A typical remanufacturing system consists of three dependent 

processes, i.e. disassembly, reprocessing and reassembly. An 

end-of-use/life product is separated into its components in the 

disassembly process, and then, the usable ones are cleaned, 

reconditioned and tested in the reprocessing process. Finally, in 

the reassembly process, reprocessed and new components, if 

required, are assembled into the remanufactured product fully 

equivalent in performance and ready for use by customers. 

As various decision problems in remanufacturing systems, 

we focus on the planning problem that determines the lot-sizes 

that satisfy the demands of remanufactured products, i.e. how 

much and when to disassemble end-of-life products, reprocess 

their components and reassemble remanufactured products. See 

Guide [2] for the importance of planning in remanufacturing 

systems. 
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The previous studies on lot-sizing in remanufacturing 

systems can be classified into single-stage and multi-stage ones. 

Richter and Sombrutzki [3] define a dynamic lot-sizing problem 

for single-stage remanufacturing systems with return flows and 

suggest the optimal algorithms that modify the well-known 

Wagner/Whitin algorithm. Later, it is extended by Richter and 

Weber [4], Piñeyro and Viera [5] and Cunha and Melo [6]. The 

single-stage models have a critical limitation in that the detailed 

material flows through the three processes are not considered. 

To overcome the limitation, others suggest multi-stage models. 

Clegg et al. [7] suggest a linear programming model for the 

problem that determines disassembly and reassembly lot-sizes 

for a manufacturing system with remanufacturing capability for 

the objective of maximizing the total profit. Jayaraman [8] 

suggest another linear programming model for the problem that 

determines the amounts of disassembling, remanufacturing, 

disposing, acquiring end-of-use/life products with probabilistic 

quality levels over a planning horizon. Doh and Lee [9] propose 

linear programming relaxation heuristics for the problem of 

determining the number of end-of-use/life products to be 

disassembled and disposed of, the number of components to be 

reprocessed, disposed of and newly purchased, and the number 

of remanufactured products to be reassembled over a planning 

horizon for the objective of maximizing the total profit. Also, 

Ahn et al. [10] develop a dynamic lot-sizing algorithm that 

minimizes the sum of setup and inventory holding costs for a 

remanufacturing system with a single disassembly facility, 

parallel reprocessing facilities and a single reassembly facility. 

In this study, we consider a multi-stage dynamic lot-sizing 

problem for a remanufacturing system with a single disassembly 

facility, parallel reprocessing facilities and a single reassembly 

facility. The problem is to determine disassembly, reprocessing 

and reassembly lot-sizes for the objective of minimizing the sum 

of setup, operation and inventory holding costs over a planning 

horizon. The problem is an extension of Ahn et al. [10] in that 

the capacity of each facility is explicitly considered. As in other 

lot-sizing problems, the capacity constraint must be considered, 

so that the resulting solutions are more realistic and applicable 

to real remanufacturing systems. A mixed integer programming 

model is developed to represent the problem mathematically. 

Then, due to the complexity of the problem, we propose the 

fix-and-optimize based heuristic algorithms that fix a portion of 

binary variables with a certain method and solve the resulting 

problems iteratively. Computational experiments were done on 

various test instances, and the results are reported. 
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II. SYSTEM AND PROBLEM DESCRIPTIONS  

A. System Description  

As explained earlier, the remanufacturing system considered 

in this study consists of a single disassembly facility, parallel 

reprocessing facilities and a single reassembly facility. Fig. 1 

shows the system configuration and its material flow.  

 

 
Fig. 1. Remanufacturing system configuration. 

 

As can be seen in the figure, end-of-use/life products are 

separated into their components at the single disassembly 

facility, and then each component is reprocessed at one of the 

dedicated parallel reprocessing facilities, i.e. each component 

can be reprocessed at its pre-specified reprocessing facility. 

Finally, the reprocessed components are reassembled into 

remanufactured products at the single reassembly facility.  

B. Problem description  

The problem considered in this study can be briefly described 

as follows. For the remanufacturing system with a single 

disassembly facility, parallel reprocessing facilities and a single 

reassembly facility, the problem is to determine disassembly, 

reprocessing and reassembly lot-sizes that satisfy the processing 

time capacity of each facility and the dynamic remanufactured 

product demands over a given planning horizon with discrete 

time periods for the objective of minimizing the sum of setup, 

operation and inventory holding costs.   

In the problem, the lot-sizes imply the quantity of the product 

to be disassembled at the disassembly facility, the quantity of 

the components to be reprocessed at each reprocessing facility 

and the quantity of remanufactured product to be reassembled at 

the reassembly facility in each period of the planning horizon. 

The objective is to minimize the sum of setup, operation and 

inventory holding costs over the planning horizon. The setup 

costs are those required for preparing disassembly, reprocessing 

and reassembly operations. As in other lot-sizing models, the 

setup costs occur in a period if any operation is performed in 

that period. Also, the operation costs are required to perform the 

disassembly, reprocessing or reassembly operations. Finally, 

the inventory holding costs, computed by the end-of-period 

inventory levels, are incurred to store disassembled components, 

reprocessed components and remanufactured products over the 

planning horizon. It is assumed that the operation and inventory 

holding costs are linear in the amounts of operations and 

inventory levels, respectively. The problem has two constraints. 

First, the demand constraint is that the dynamic demands of 

remanufactured product must be satisfied over the planning 

horizon. It is assumed that the demands are deterministic and 

given in advance and shortages are not allowed. Also, the 

capacity constraints imply that there are upper limits on the 

available times to perform setup and operation at each of 

disassembly, reprocessing and reassembly facilities. 

In this study, we consider the deterministic version of the 

problem, i.e. all parameters are deterministic and given in 

advance. The other assumptions made for the problem are: (a) 

end-of-use/life products can be supplied whenever ordered; (b) 

disassembly, reprocessing and reassembly operations can be 

carried out within a single time period; and (c) there are no 

defectives. 

To represent the problem mathematically, a mixed integer 

programming model developed. Before describing the model, 

the notations used are summarized below. 
 

Indices 

i  components (reprocessing facilities), i = 1, 2 … I 

t  periods, t = 1, 2, … T 

 
Parameters 

st
d setup cost to disassemble end-of-use/life products in 

period t ($) 

sit
p setup cost to reprocess component i in period t ($) 

st
r setup cost to reassemble remanufactured products in 

period t ($) 

ot
d operation cost to disassemble one unit of the 

end-of-use/life product in period t ($/unit) 

oit
p operation cost to reprocess one unit of component i in 

period t ($/unit) 

ot
r operation cost to reassemble one unit of remanufactured 

product in period t ($/unit) 

hit
d inventory holding cost of disassembled component i in 

period t ($/unitperiod) 

hit
p inventory holding cost of reprocessed component i in 

period t ($/unitperiod) 

ht
r inventory holding cost of remanufactured products in 

period t ($/unitperiod) 

dt demand of remanufactured product in period t 

πi units of component i obtained from disassembling one unit 

of the end-of-use/life product 

ut
d setup time to disassemble end-of-use/life products in 

period t (hours) 

uii
p setup time to reprocess component i in period t (hours) 

ut
r setup time to reassemble remanufactured products in 

period t (hours) 

pt
d operation time to disassemble one unit of the 

end-of-use/life product in period t (hours) 

pii
p operation time to reprocess one unit of component i in 

period t (hours) 

pt
r   operation time to reassemble one unit of remanufactured 

product in period t (hours) 

Ct
d available capacity at disassembly facility in period t 

(hours) 

Cit
p available capacity at reprocessing facility i in period t 

(hours) 

Ct
r available capacity at reassembly facility in period t (hours) 

Ii0
d initial inventory level of disassembled component i 

Ii0
p initial inventory level of reprocessed component i 

I0
r initial inventory level of remanufactured product 

M large number 
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Decision variables  

yt
d = 1 if setup is done to disassemble end-of-use/life product 

in period t, and 0 otherwise 

yit
p = 1 if setup is done to reprocess component i in period t, 

and 0 otherwise 

yt
r = 1 if setup is done to reassemble remanufactured product 

in period t, and 0 otherwise 

xt
d disassembly lot-size in period t 

xit
p reprocessing lot-size of component i in period t 

xt
r reassembly lot-size in period t 

Iit
d inventory level of disassembled component i at the end of 

period t 

Iit
p inventory level of reprocessed component i at the end of 

period t 

It
r inventory level of remanufactured product at the end of 

period t 

 

The mixed integer programming model is given below.  
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The objective represents the sum of setup, operation and 

inventory holding costs over the planning horizon. Constraints 

(1), (2) and (3) represent the inventory balances of disassembled 

components, reprocessed components and remanufactured 

products, respectively. For example, constraint (1) implies that 

the inventory level of a disassembled component at the end of a 

period is the inventory in a period before, increased by the 

amount of the component obtained from disassembling the 

products in that period and decreased by the amount 

reprocessed in that period. Also, the demand requirements are 

represented by constraint (3). Constraints (4), (5) and (6) ensure 

that a setup in a period occurs whenever at least one disassembly, 

reprocessing or reassembly operation is performed in that 

period. Constraints (7), (8) and (9) represent the capacity 

constraints. Finally, constraints (10), (11) and (12) represent the 

conditions of decision variables.  

The problem can be solved using a commercial software 

package. However, this requires an excessive amount of time. In 

fact, we can easily see that the problem is NP-hard since the 

formulation has the knapsack constraints and binary decision 

variables. 

III. SOLUTION APPROACH  

To solve the problem, this study adopts the fix-and-optimize 

approach since it gives good solutions for various lot-sizing 

problems. See Helber and Sahling [11] and Helber et al. [12] for 

successful applications of the fix-and-optimize approach to 

other lot-sizing problems. 

The fix-and-optimize solution approach proposed in this 

study works as follows. First, an initial solution is obtained by 

solving the model [P] after fixing all the binary setup variables 

to 1, i.e.  yt
d
, yit

p
 and yt

r
 = 1 for all i and t. Second, some of the 

setup variables are selected using a variable selection method 

and then, they are freed to binary variables. For this purpose, we 

propose three methods to select the setup variables to be freed 

because the performance of the fix-and-optimize heuristic 

highly depends on the method to select the binary variables to be 

freed. Third, the selected setup variables are freed to binary 

ones and an incumbent solution is obtained by solving the 

resulting problem with fixed and freed variables optimally. Here, 

the unnecessary positive setup variables are set to 0 to reduce 

unnecessary setup costs, i.e. set y
d
t (y

p
it, y

r
t) = 0 if x

d
t (x

p
it, x

r
t) = 0, 

and the solution is updated if the incumbent solution improves 

the current one. Finally, the algorithm is stopped if there is no 

improvement for certain consecutive iterations. 

This study proposes three variable selection methods based 

on the characteristics of the remanufacturing system considered 

in this study. The variable selection methods are explained 

below. Recall that I and T denote the numbers of reprocessing 

facilities and periods, respectively. 

Partial-period method: From disassembly to reassembly 

facility, ⌈𝑇/2⌉ binary setup variables are selected for each 

facility in the non-increasing order of setup costs over the 

planning horizon, where ⌈⌉ is the smallest integer larger than or 

equal to . Then, in the next iteration, T – ⌈𝑇/2⌉ setup variables 

are selected and hence variable selections are done two times for 

each facility. For example if there are 8 reprocessing facilities 

and 8 periods, i.e. I = 8 and T = 8, 4 binary setup variables are 

freed at each iteration, i.e. ⌈𝑇/2⌉ = ⌈8/2⌉ = 4, which results in 20 

iterations in maximum. 

Full-period method: From disassembly to reassembly facility, 

all the binary setup variables are selected for each facility over 

the planning horizon, and hence variable selection is done one 

time for each facility. In the same example with 8 reprocessing 

facilities and 8 periods, there exist 10 iterations in maximum. 

Overlapped-period method: From facility combination 1 to I, u 

consecutive setup variables are selected from the first period of 

the planning horizon while overlapping the last v variables in 
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the next iteration. Here, facility combination i is defined as the 

set of disassembly facility, reprocessing facility i, reassembly 

facility.  

The detailed procedure of the fix-and-optimize solution 

approach is given below. Recall that three fix-and-optimize 

heuristics are proposed according to the three methods to select 

the setup variables to be freed. 

 

Procedure 1. (Fix-and-optimize solution approach) 

Step 1. (Initialization) Obtain an initial solution by solving the 

problem [P] after fixing all the binary setup variables to 

1, i.e. yt
d
, yit

p
 and yt

r
 = 1 for all i and t.  

Step 2. (Selecting free setup variables) Select the binary setup 

variables to be freed using one of the variable selection 

methods explained earlier.  

Step 3. (Obtaining an incumbent solution) Obtain an incumbent 

solution by solving the problem obtained after freeing 

the selected setup variables optimally and set the 

unnecessary positive setup variables to 0. Maintain the 

best setup patterns at the next iteration. 

Step 4. (Updating the solution and terminating the algorithm) 

Update the solution if the incumbent solution improves 

the current one. Stop the algorithm if there is no 

improvement for a certain consecutive number of 

iterations. Otherwise, go to Step 2. 

IV. COMPUTATIONAL RESULTS  

To test the three variants of the fix-and-optimize heuristic, 

computational experiments were done on various test instances 

and the results are reported in this section. The heuristics were 

coded in C++ with CPLEX 12.5 solver and the tests were done 

on a personal computer with an Intel Core i5 processor 

operating at 2.8 GHz clock speed and 4 GB of main memory. 

In this test, we use two performance measures: (a) percentage 

deviations from optimal solution values or lower bounds; and 

(b) CPU seconds. Here, lower bounds were used when CPLEX 

could not give the optimal solutions within 3600 seconds. More 

formally, the percentage deviation from optimal solution value 

or lower bound for an instance is calculated as 

100/)(  bbh CCC  

where Ch is the solution value obtained from heuristic h and Cb 

is the optimal solution value or lower bounds obtained by 

solving the integer programming model using the CPLEX. 

For the test, 10 instances were generated randomly for some 

combinations of 7 levels of the number of components (5, 10, 15, 

20, 30, 40 and 50), 6 levels of the number of periods (5, 10, 15, 

20, 30 and 40) and 3 levels of capacity tightness (loose, regular 

and tight). Here, the test instances were classified into the 

small-sized ones when the optimal solutions could be obtained 

using CPLEX within 3600 seconds and the large-sized ones 

when the optimal solutions could not be obtained. The detailed 

data were generated based on those of Jayaraman [8]. Also, the 

algorithms were terminated when there is no improvement for 

10 (20, 30, 40 and 50) consecutive iterations for the instances 

with 5 and 10 (15/20, 30, 40 and 50) components. Also, in the 

overlapped-period method, parameters u and v were set to ⌈𝑇/2⌉ 
and 2 using the results of preliminary experiments. 

Test results for the small-sized instances are summarized in 

Table I that shows the aggregated percentage deviations from 

the optimal solution values. It can be seen from the table that the 

fix-and-optimize heuristics give near optimal solutions. Among 

the three variable selection methods, the overlapped-period 

method outperforms the others since it explores the larger 

solution spaces in a broader way. In fact, the overall average 

percentage gaps of the best fix-and-optimize heuristic were 

1.69%, 1.54% and 1.13% for the test instances with regular, 

loose and tight capacities, respectively. Also, the best heuristic 

gave smaller range between the maximum and the minimum 

percentage gaps than the others, which shows the stability of the 

overlapped-period based heuristic algorithm. Also, interestingly, 

the performances of the fix-and-optimize heuristics get better as 

the capacity tightness increases. 

 
TABLE I: TEST RESULTS FOR SMALL-SIZED INSTANCES  

 
Variable selection methods 

Partial-period  Full-period Overlapped-period  

Regular  

capacities 

  2.78  

(0.26, 6.07) * 

2.44  

(0.25, 5.37) 

1.69  

(0.10, 4.24) 

Loose  

capacities  

3.94  

(0.62, 8.00) 

3.60  

(0.59, 8.00) 

1.54  

(0.10, 4.64) 

Tight  

capacities  

2.67  

(0.22, 6.50) 

2.35  

(0.18, 6.32) 

1.13  

(0.06, 2.83) 

* Average percentage deviation from the optimal solution values out of all test instances  

 (minimum and maximum deviations in parenthesis) 

 

Table II shows the test results for the large-sized instances. 

As can be seen in the table, the test results are similar to those 

for small-sized ones. In other words, the overlapped-period 

based fix-and-optimize heuristic gave better solutions than the 

others, and its overall average percentage gaps from the lower 

bounds were 3.39%, 3.64% and 3.03% for the test instances 

with regular, loose and tight capacities, respectively. Also, it 

gave smaller range between the maximum and the minimum 

percentage gaps than the others. 
 

TABLE II: TEST RESULTS FOR LARGE-SIZED INSTANCES  

 
Variable selection methods 

Partial-period  Full-period Overlapped-period  

Regular  

capacities 

5.48  

(3.55, 8.00) 

5.35  

(3.27, 7.61) 

3.39  

(2.21, 4.65) 

Loose  

capacities  

7.04  

(4.68, 9.36) 

6.79  

(4.61, 9.23) 

3.64  

(2.15, 4.81) 

Tight  

capacities  

4.52  

(2.60, 6.70) 

4.58  

(2.90, 6.33) 

3.03 

(1.75, 4.82) 

 

Finally, the overlapped-period based fix-and-optimize 

heuristic required longer CPU seconds than the others due to its 

larger search space. Nevertheless, it gave the solutions within 

385 seconds for the largest test instances with 50 components 

and 40 periods. In summary, it can be concluded from the test 

results that the fix-and-optimize approach, especially with the 

overlapped-period variable selection method, is effective in 

terms of solution quality and computation time for capacitated 

dynamic lot-sizing for remanufacturing systems with a single 

5th International Conference of “Advances in Engineering and Technology” (AET-17) 

https://doi.org/10.17758/EAP.EAP317012 96



disassembly facility, parallel reprocessing facilities and a single 

reassembly facility. 

V. CONCLUSION 

We considered the capacitated dynamic lot-sizing problem 

for a remanufacturing system with a single disassembly facility, 

parallel reprocessing facilities and a single reassembly facility. 

The problem is to determine disassembly, reprocessing and 

reassembly lot-sizes for the objective of minimizing the sum of 

setup, operation and inventory holding costs while satisfying the 

remanufactured product demands over a planning horizon. IN 

articular, the capacity of each facility was explicitly considered. 

A mixed integer programming model was developed to describe 

the problem mathematically, and then three variants of the 

fix-and-optimize solution approach were proposed in which the 

solutions are obtained by fixing a portion of binary setup 

variables and solving the resulting reduced problems in an 

iterative manner. Computational experiments were done on 

various test instances and the test results showed that the 

overlapped-period based heuristic gives near optimal solutions 

within a reasonable amount of computation time. 

This study can be extended in several ways. First, it is needed 

to develop an optimal algorithm after characterizing the optimal 

solution properties. Second, the model can be extended to the 

one with multiple product types. Third, the uncertainty, such as 

defectives components, safety stocks and other parameters, is an 

important consideration in remanufacturing systems. Finally, 

case studies are needed to show the applicability of the model 

and solution algorithms. 

ACKNOWLEDGMENT 

This study was partially supported by the research fund of 

Hanyang University. 

REFERENCES 

[1] R. Steinhilper, Remanufacturing: the Ultimate Form of Recycling, 

Fraunhofer IRB Verlag, 1998. 

[2] V. D. R. Guide, Jr., “Production planning and control for 

remanufacturing: industry practice and research needs,” Journal of 

Operations Management, vol. 18, pp. 467-483, 2000. 

https://doi.org/10.1016/S0272-6963(00)00034-6 

[3] K. Richter and M. Sombrutzki, “Remanufacturing planning for the 

reverse Wagner/Whitin models,” European Journal of Operational 

Research, vol. 121, pp. 304-315, 2000. 

https://doi.org/10.1016/S0377-2217(99)00219-2 

[4] K. Richter and J. Weber, “The reverse Wagner/Whitin model with 

variable manufacturing and remanufacturing cost,” International 

Journal of Production Economics, vol. 71, pp. 447-456, 2001. 

https://doi.org/10.1016/S0925-5273(00)00142-0 

[5] P. Piñeyro and O. Viera, “The economic lot-sizing problem with 

remanufacturing: analysis and an improved algorithm,” Journal of 

Remanufacturing, vol. 5, pp. 1-13, 2015. 

[6] J. Cunha and R. Melo, “A computational comparison of formulations for 

the economic lot-sizing with remanufacturing,” Computers & Industrial 

Engineering, vol. 92, pp. 72-81, 2016. 

https://doi.org/10.1016/j.cie.2015.11.024 

[7] A. J. Clegg, D. J. Williams and R. Uzsoy, “Production planning for 

companies with remanufacturing capability,” in Proceedings of the IEEE 

international Symposium on Electronics and the Environment, 1995, pp. 

186-191. 

https://doi.org/10.1109/isee.1995.514973 

[8] V. Jayaraman, “Production planning for closed-loop supply chains with 

recovery and reuse: an analytical approach,” International Journal of 

Production Research, vol. 44, pp. 981-998, 2006. 

https://doi.org/10.1080/00207540500250507 

[9] H.-H. Doh and D.-H. Lee, “Generic production planning model for 

remanufacturing systems,” Proceedings of the Institution of Mechanical 

Engineers - Part B: Journal of Engineering Manufacture, vol. 224, pp. 

159-168, 2010. 

https://doi.org/10.1243/09544054JEM1543 

[10] H.-D. Ahn, D.-H. Lee, and H.-J. Kim, “Solution algorithms for dynamic 

lot-sizing in remanufacturing systems,” International Journal of 

Production Research, vol. 49, pp. 6729-6748, 2011. 

https://doi.org/10.1080/00207543.2010.535038 

[11] S. Helber and F. Sahling, “A fix-and-optimize approach for the 

multi-level capacitated lot sizing problem,” International Journal of 

Production Economics, vol. 123, pp. 247-256, 2010. 

https://doi.org/10.1016/j.ijpe.2009.08.022 

[12] S. Helber, F. Sahling, and K. Schimmelpfeng, “Dynamic capacitated lot 

sizing with random demand and dynamic safety stocks,” OR Spectrum, 

vol. 35, pp. 75-105, 2013. 

https://doi.org/10.1007/s00291-012-0283-6 

 

 

Young-Hye Cho is researcher at the Department of 

Industrial Engineering, Hanyang University, Seoul, 

South Korea. She received her BS degree from 

Sungkyul University, Anyang, South Korea and MS 

degree from Hanyang University both in Industrial 

Engineering. Her research areas are environmentally 

conscious design and manufacturing, design and 

operation of manufacturing and remanufacturing 

systems, and so on. 

 

Hyoung-Ho Doh is a Ph.D. student at the Department 

of Industrial Engineering, Hanyang University, Seoul, 

South Korea. He received a BS degree from Hannan 

University, Daejeon, South Korea and an MS degree 

from Hanyang University in Industrial Engineering. 

His research areas are environmentally conscious 

design and manufacturing, design and operation of 

remanufacturing systems, produciton planning and 

scheduling, and so on 

 

Dong-Ho Lee in a professor at the Department of 

Industrial Engineering, Hanyang University, Seoul, 

South Korea. He received a BS degree from Seoul 

National University, Seoul, South Korea, an MS and 

a Ph.D. degrees from Korea Advanced Institute of 

Science and Technology (KAIST) all in Industrial 

Engineering. His research areas include design and 

operation of manufacturing systems, 

environmentally conscious design and 

manufacturing, produciton planning and 

scheduling, reverse logisrics, and so on.   

 

 

 

 

 

 

  

 

 

 
 

 

 

 

 

 

 

 

5th International Conference of “Advances in Engineering and Technology” (AET-17) 

https://doi.org/10.17758/EAP.EAP317012 97

https://doi.org/10.1016/S0272-6963(00)00034-6
https://doi.org/10.1016/S0272-6963(00)00034-6
https://doi.org/10.1016/S0272-6963(00)00034-6
https://doi.org/10.1016/S0272-6963(00)00034-6
https://doi.org/10.1016/S0377-2217(99)00219-2
https://doi.org/10.1016/S0377-2217(99)00219-2
https://doi.org/10.1016/S0377-2217(99)00219-2
https://doi.org/10.1016/S0377-2217(99)00219-2
https://doi.org/10.1016/S0925-5273(00)00142-0
https://doi.org/10.1016/S0925-5273(00)00142-0
https://doi.org/10.1016/S0925-5273(00)00142-0
https://doi.org/10.1016/S0925-5273(00)00142-0
https://doi.org/10.1016/j.cie.2015.11.024
https://doi.org/10.1016/j.cie.2015.11.024
https://doi.org/10.1016/j.cie.2015.11.024
https://doi.org/10.1016/j.cie.2015.11.024
https://doi.org/10.1109/isee.1995.514973
https://doi.org/10.1109/isee.1995.514973
https://doi.org/10.1109/isee.1995.514973
https://doi.org/10.1109/isee.1995.514973
https://doi.org/10.1109/isee.1995.514973
https://doi.org/10.1080/00207540500250507
https://doi.org/10.1080/00207540500250507
https://doi.org/10.1080/00207540500250507
https://doi.org/10.1080/00207540500250507
https://doi.org/10.1243/09544054JEM1543
https://doi.org/10.1243/09544054JEM1543
https://doi.org/10.1243/09544054JEM1543
https://doi.org/10.1243/09544054JEM1543
https://doi.org/10.1243/09544054JEM1543
https://doi.org/10.1080/00207543.2010.535038
https://doi.org/10.1080/00207543.2010.535038
https://doi.org/10.1080/00207543.2010.535038
https://doi.org/10.1080/00207543.2010.535038
https://doi.org/10.1016/j.ijpe.2009.08.022
https://doi.org/10.1016/j.ijpe.2009.08.022
https://doi.org/10.1016/j.ijpe.2009.08.022
https://doi.org/10.1016/j.ijpe.2009.08.022
https://doi.org/10.1007/s00291-012-0283-6
https://doi.org/10.1007/s00291-012-0283-6
https://doi.org/10.1007/s00291-012-0283-6
https://doi.org/10.1007/s00291-012-0283-6



