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ABSTRACT
The disassembly line is the best choice for automated
disassembly of returned products. However, finding the
optimal balance for a disassembly line is computationally
intensive with exhaustive search quickly becoming
prohibitively large. Metaheuristic techniques provide a
general algorithmic framework that can be applied to this
optimization problem. Although metaheuristics show
promise in solving this complex problem, challenges exist in
the variety of evaluation criteria available, a lack of
disassembly-specific data sets for metaheuristic testing and
a lack of performance analysis tools. In this paper, a balance
performance measure is reviewed along with a sizeindependent a priori data set and graphical analysis tools.
INTRODUCTION
One of the first steps in product recovery is disassembly.
After disassembly, reusable parts/subassemblies are
cleaned, refurbished, tested and directed to the
remanufacturing operations. The recyclable materials can be
sold to raw-material suppliers, while the residuals are sent to
landfills.
Many papers have discussed the different aspects of
product recovery. Brennan et al. [2], and Gupta and Taleb [6]
investigated the problems associated with disassembly
planning and scheduling. Gungor and Gupta [4], [5]
presented the first introduction to the disassembly line
balancing problem (DLBP) by developing an algorithm for
solving it with the goal of assigning tasks to workstations to
probabilistically minimize the cycle time. For a review of
environmentally conscious manufacturing and product
recovery, see Gungor and Gupta [3].
While a disassembly line is the best choice for automated
disassembly of end-of-life products, finding its optimal
balance is computationally intensive with exhaustive search
quickly becoming prohibitively large. Recently developed
metaheuristic techniques provide algorithmic frameworks
that hold promise for application to the DLBP. Typical
metaheuristic techniques include simulated annealing, tabu
search, iterated local search, evolutionary algorithms, and
ant colony optimization. Because they are often near-optimal
techniques, before applying metaheuristics to the DLBP,
several items need to be addressed including the
determination of a balance measure, generation of a specific
data set for metaheuristic testing and finally, definition of
performance analysis tools. In this paper, a balance
performance measure is presented – which lends itself to

metaheuristic applications due to its non-linear nature –
along with an a priori data set and graphical analysis tools.
DISASSEMLBY LINE MEASURE OF BALANCE
Following notation are used in the remainder of the paper:
CT
cycle time; time available at each workstation
F
M c Govern-Gupta balance measure for a solution
Imax
maximum possible total idle time
Imin
minimum possible total idle time
j
workstation count (1,…, NWS)
k
part identification (1,…, n)
n
number of parts for removal
NWS
number of workstations required for a solution
NWS max maximum possible number of workstations
NWS min minimum possible number of workstations
PRTk
part removal time required for kth part
WSj
elapsed time in workstation j
Line balancing seeks to achieve Perfect Balance (all idle
times equal to zero). When this is not achievable, either Line
Efficiency (IE) or the Smoothness Index (SI) is commonly
used as a performance evaluation tool [1]. We use a measure
of balance that combines the two, is easier to calculate, and
lends itself to ready evaluation by metaheuristics. SI rewards
similar idle times at each workstation, but at the expense of
allowing for a large (sub-optimal) number of workstations.
This is because SI compares workstation elapsed times to
the largest WSj instead of the CT. IE rewards the minimum
number of workstations, but allows unlimited variance in idle
times between workstations because no comparison is made
between WSjs. This paper makes use of the balancing
method developed by M c Govern and Gupta [7]. The
M c Govern-Gupta measure of balance simultaneously
minimizes the number of workstations while ensuring that
idle times at each workstation are similar, though at the
expense of the generation of a non-linear objective function.
The method is computed based on the minimum number of
workstations required as well as the sum of the square of the
idle times for all the workstations. This penalizes solutions
where, even though the number of workstations may be
minimized, one or more have an exorbitant amount of idle
time when compared to the other workstations. It provides
for leveling the workload between different workstations on
the disassembly line. Therefore, a resulting minimum
performance value is the more desirable solution, indicating
both a minimum number of workstations and similar idle
times across all workstations. The M c Govern-Gupta
balancing measure is represented as:

NWS

F=

∑

(CT − WS j ) 2

(1)

j =1

A PRIORI KNOWN OPTIMAL BENCHMARK SET
Any developed DLBP metaheuristics will first be used on a
collection of test cases to demonstrate their performance as
well as their limitations. Benchmark data sets are common for
many NP-complete problems, such as Oliver30 and RY48P
for application to the Traveling Salesman Problem (TSP) and
Nugent15/20/30, Elshafei19 and Krarup30 for the Quadratic
Assignment Problem (QAP). Unfortunately, because of their
size and their design, most of these existing data sets have
no known optimal answer and new solutions are not
compared to the optimal solution, but rather the best-known
solution to date. In addition, since DLBP is a recently
defined problem, no benchmark data sets exist. It was
therefore necessary to develop a set of instances for the
DLBP in order to evaluate DLBP metaheuristics. We propose
an a priori known optimal solution benchmark line balance
data set to determine its efficacy.
This size-independent a priori benchmark data set was
generated based on the following. Since, in general,
solutions to larger and larger instances cannot be verified as
optimal (due to the time complexity of exhaustive search), it
is proposed that instances be generated in such a way to
always provide a known solution. This was done by using
part times consisting exclusively of prime numbers. They
were further selected to ensure that no combinations of
these part removal times allowed for any equal summations
in order to reduce the number of possible optimal solutions.
For example, part removal times 1, 3, 5 and 7 and CT = 16
would have minimum idle time solutions of not only one 1,
one 3, one 5 and one 7 at each workstation, but various
additional combinations of these as well since 1 + 7 = 3 + 5 =
½ CT. Subsequently, the chosen instances are made up of
parts with removal times of 3, 5, 7 and 11 and CT = 26. As a
result, the optimal balance for all subsequent instances will
consist of a perfect balance of combinations of 3, 5, 7 and 11
at each workstation with idle times of 0. To further
complicate the data (i.e., provide a large, feasible search
space), only one part is listed as hazardous and this would
be one of the parts with the largest part removal time. This is
done so that only the hazardous sequencing will be
demonstrated, while providing no solution sequence
advantage to any greedy-based methods since it does not
allude to the fact that each of the three smaller part removal
time tasks needs to be placed in the first workstation for
Perfect Balance. In addition, one part (a middle listed, second
smallest part removal time component) is listed as being
demanded. The demand is also made equal for all parts
except for one in order to demonstrate demand sequencing,

again while providing no advantage for any greedy-based
methods. Furthermore, no precedence constraints are placed
on the sequence, a deletion that further challenges a
metaheuristics methods’ ability to attain an optimal solution
(precedence constraints can significantly shrink the search
space).
For this data set, it was desired not only that the optimal
solution be known but also that by varying size, known
solution instances be generated. In this developed data set,
the smallest practical problem instance is n = 8 (the first data
set size that is larger than the trivial n = 4 and NWS = 1
example). There is no design limit to the largest instance to
be generated. This benchmark set provides a variety of data
not easily solved by general-purpose metaheuristics. The
developed benchmark has instance size evenly distributed in
steps of PRTU (i.e., 4). This provides numerous instances
of predetermined, calculable solutions of various sizes. Small
n decreases the NWS and tends to exaggerate less than
optimal performance while large n demonstrates time
complexity growth and efficacy changes. To summarize, the
a priori known optimal solution benchmark line balance data
set consists of n parts with 4 unique part removal times of 3,
5, 7 and 11. The disassembly line is operated at a speed that
allows 26 seconds (CT = 26) for each workstation. In general,
for any n parts consisting of this type of data:
NWS max = n
(2)

NWS min =

I max =

n
PRTU

(3)

nCT ( PRTU − 1)
PRTU

(4)

I min = 0
(5)
Since PRTU = 4 , each part removal time is generated by:
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DLBP DATA ANALYSIS
The proposed data analysis of the results consists of a
numerical or graphical comp arison of known best and worst
case results with the metaheuristic-generated results. These
may include: number of workstations, total idle time, balance
measure, and time complexity. Although the a priori
benchmark has an intuitive, perfect balance solution,
experience has shown that it is very unusual for a
metaheuristic technique to find the optimal solution, even for

consistently within a few percent of optimal solution
regardless of n.
The number of workstations required by DLBP Greedy
went from 17.4 percent of optimal (minimum) balance (at n =
8) to 0.4 percent (at n = 80). In terms of balance, DLBP
Greedy/2-Opt went from generating the optimal balance
initially (i.e., balance value of 0) to being within 0.1 percent
of optimal at n = 80, while DLBP Greedy/AEHC improved
from 9.2 to 0.2 percent of the optimal balance. Finally, a
comparison of calculated NWS with NWS max and NWS min
shows that these DLBP methods improved from 11.1 percent
of optimal NWS at n = 12, to 1.7 percent at n = 80.
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sets as small as n = 12. These near-optimal metaheuristicgenerated solutions coupled with the known optimal and
worst case solutions for all problem sizes under study,
provides a method for not only comparing the metaheuristic
to the best and worst cases, but to other metaheuristics as
well.
An example using DLBP-specific greedy, 2-Opt and hill
climbing (AEHC) techniques was selected to demonstrate
the solution challenges with the a priori benchmark data and
use of the data analysis tools to measure efficacy. Various
performance measures are demonstrated with the analysis of
the a priori benchmark data sets of 8 < n < 80. The
benchmark data set regularly resulted in the DLBP greedy
algorithm obtaining the near-optimal solution of NWS =
NWS min + 1 workstations (figures 1 and 2).

Data Sets (8 < n < 80)

Data Sets (8 < n < 80)

Fig. 1: Data analysis of workstation calculation.

Fig. 3: Data analysis of balance performance.

1800
10.00
9.00

Worst Case
1400

8.00

DLBP Greedy Calculated
1200

Time (seconds)

Excess Idle Time (seconds)
Optimum Value at 0

1600

1000
800
600

7.00

Greedy

6.00

2-Opt

5.00

AEHC

4.00
3.00
2.00

400

1.00

200

0.00
1

0
1

2

3

4

5

6

7

8

9

10 11

12

13

14

15

16

17

18

Data Sets (8 < n < 80)

Fig. 2: Data analysis of excess idle time at all workstations.
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Fig. 4: Data analysis of time complexity.
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