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Many assembly line balancing algorithms consider only task precedence and duration when minimizing cycle time. However,
disregarding the physical demands of these tasks may contribute to the development of work-related musculoskeletal disorders in
the assembly line workers. Three line balancing heuristics that incorporate physical demand criteria were developed to solve the
problem of finding assembly line balances that consider both the time and physical demands of the assembly tasks: a ranking
heuristic, a combinatorial genetic algorithm, and a problem space genetic algorithm. Each heuristic was tested using 100 assembly
line balancing problems. Incorporating physical demands using these algorithms does impact the assembly line configuration.
Results indicated that the problem space genetic algorithm was the most adept at finding line balances that minimized cycle time
and physical workload placed upon participants. Benefits of using this approach in manufacturing environments are discussed.

1. Introduction

In facility layout design, an area of major concern for the
industrial engineer is the implementation of assembly lines
for manufacturing. Assembly lines can be defined as a series
of manual or automated assembly workstations through
which one or multiple product(s) are sequentially assem-
bled. An example of an assembly line is shown in Fig. 1.
Figure 1 represents a balance for an I-shaped assembly
line configuration. In an I-shaped line, the material flows
via a conveyor or an other material handling system in a
single direction. In this arrangement, a task, shown as a
box with solid lines, can only be assigned to a worksta-
tion, shown as a box with broken lines, if all the prede-
cessors of the task have been assigned to this workstation
or to other workstations occurring earlier in the assembly
line. Each task requires a fixed amount of processing
time. The challenge of the Type-2 simple (i.e., one prod-
uct) assembly line balancing problem (SALBP-2) (Salve-
son, 1955) is to make task assignments to a fixed number
of workstations in such a way as to minimize the cycle
time of the assembly operation. Cycle time, which is the
inverse of the line speed, refers to the time between two
consecutive products coming off the assembly line and is
equal to the maximum of the workstation times. The task
assignment decisions must not violate the precedence
relationships that exist between the task elements.
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A potential consequence of establishing a balanced
assembly line operation based on task time alone is that a
worker will be physically overloaded, leading to potential
musculoskeletal disorders (Hagberg et al., 1995). This
term is used as an overall descriptor for diseases and
disorders affecting the joints, muscles, tendons, ligaments,
cartilage, nerves, and blood vessels of the neck and upper
extremities. Work-related musculoskeletal disorders can
be attributed, at least partially, to the demands of work.
In regard to line balancing, the allocation of tasks to
workstations may have a substantial impact on the
prevalence and severity of work-related musculoskeletal
disorders for the people assigned to the workstations.

The purpose of this research is to explore the incor-
poration of physical demand criteria in line balancing.
The goal is to develop methods of assembly layout that
minimize the following criteria: (i) the maximum manual
gripping demands (in terms of applied force and dura-
tion) required of any worker assigned to a workstation in
the assembly line; (ii) the cycle time for the assembly line
operations. Three line balancing heuristics are investi-
gated: (i) a ranking heuristic; (ii) a combinatorial genetic
algorithm; (iii) and a problem space genetic algorithm.
Each heuristic was designed to search for solutions that
minimize both criteria simultaneously (i.e., Pareto opti-
mization). Since the two objectives conflict with each
other, it was necessary to determine relative weights for
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Fig. 1. Example of an I-shaped assembly line configuration.

each objective. For the purposes of this initial research,
these criteria are weighted equally in each heuristic. The
results of each method are contrasted.

2. The assembly line balancing problem

We now consider some of the previous research that has
been conducted on assembly line balancing. First, the
Type-1 assembly line balancing problem (SALBP-1) is
considered. For SALBP-1, the output rate is known and
the objective is to minimize the number of workstations
required in order to achieve that output rate. Methods
developed for SALBP-1 often serve as the basis for
methods that are developed for the Type-2 problem.
Following this discussion, literature pertaining to the
SALBP-2 problem is considered.

2.1. SALBP-1

According to Scholl (1999) exact methods for solving
SALBP-1 are typically variations of branch-and-bound
methods and dynamic programming. Patterson and
Albracht (1975) presented a 0-1 integer programming
formulation of SALBP-1. The authors used a binary
search procedure to identify the number of workstations
that minimized the objective function. Kim and Park
(1995) utilized a similar 0-1 formulation to solve an
SALBP-1 in which the workstations were manned by
robots. They tested their formulation on a set of problems
possessing different cycle times and capacity limits. Re-
sults indicated that their approach found the optimal
solution in 146 out of the 220 problems tested. Additional
branch and bound methods for solving SALBP-1 include
FABLE (Johnson, 1988) and EUREKA (Hoffmann,
1992). According to Scholl (1999) both methods utilize a
depth first search strategy; however, EUREKA builds
groups of tasks (i.e., work packages for assignment) for
assignment to a single station while FABLE assigns a
single task to the earliest feasible workstation in the
assembly line. Scholl and Klein (1999) developed SAL-
OME-1 which is another branch-and-bound method.
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SALOME-1 combines aspects of EUREKA and FABLE
and adds further enhancements in order to produce an
algorithm that finds better solutions than either method.
In terms of dynamic programming Jackson (1956) and
Held et al. (1963) have used this method to obtain exact
solutions to relatively small problems. However, as
suggested by Baybars (1986), the DP computational
requirements grow exponentially with increasing prob-
lem size due to the non-polynomial complexity that is
characteristic of the assembly line balancing problem.
Therefore, researchers have developed heuristic ap-
proaches as a way of obtaining optimal (or near optimal)
solutions. Various heuristic decision rules for solving
SALBP-1 have been described by Talbot et al. (1986).
Tabu search has also been used to solve SALBP-1 (Scholl
and Vo0, 1996).

2.2. SALBP-2

One approach to solving SALBP-2 (minimizing the cycle
time for a fixed number of workstations) has been the
iterative application of SALBP-1 heuristic algorithms.
Hackman et al. (1989) outlined two main methods in
which SALBP-1 approaches are used to solve SALBP-2.
The first is the lower bound method which iteratively
increases cycle time from its theoretical minimum until
the SALBP-1 heuristic discovers a solution whose num-
ber of workstations is equal to the fixed number of sta-
tions in SALBP-2. The second approach is the upper
bound method that iteratively decreases cycle time from
its theoretical maximum until the SALBP-1 heuristic
discovers a solution whose number of workstations is
equal to the fixed number of stations in SALBP-2. A
limitation to these approaches is that the analyst must
know the upper and lower cycle time limits in advance.
Klein and Scholl (1996) have applied a branch-and-
bound procedure to obtain solutions to SALBP-2. The
authors maintain that the majority of prior research was
focused on SALBP-1 and better solution procedures
should be developed for SALBP-2. Identified as Simple
Assembly Line Balancing Optimization Method for Type
2 (SALOME-2), this branch-and-bound procedure uses
an enumeration technique in order to minimize cycle
time. Coupled with the branch-and-bound procedure,
SALOME-2 also uses limit rules to restrict the size of the
enumeration tree to be searched. The local lower bound
method of Klein and Scholl (1996) was compared to
depth first search coupled with binary search, Fibonacci
and binary search, and the binary search with pre-speci-
fied entry point (i.e., binary search in which the initial
cycle time is set equal to the theoretical minimum). All
methods were tested against 302 problem instances with
the number of tasks ranging from 25 to 297. The lower
bound method and the Fibonacci/binary search proce-
dure found more optimal solutions and required less it-
erations than the other search techniques. However, both
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of these methods found it increasingly difficult to improve
on the initial feasible solution as the number of tasks
increased.

Anderson and Ferris (1994) developed a Genetic Al-
gorithm (GA) to solve an SALBP-2. The objective was to
minimize the time required to complete the tasks assigned
to the slowest workstation. Anderson and Ferris (1994)
tested their GA against a neighborhood search scheme
for problems with 50 tasks to be assigned to five work-
stations. The authors concluded that their GA invariably
found smaller cycle times than the neighborhood search
scheme. It should be noted however that the problems
used by Anderson and Ferris (1994) were generated
randomly, thereby preventing any meaningful compari-
son of their method with other heuristic approaches
noted in the literature. Rubinovitz and Levitin (1995)
used a GA to obtain good solutions to SALBP-2 in which
the processing time for a task element was dependent
upon work station assignment. The authors compared
their GA to the MUItiple Solutions Technique (MUST)
algorithm developed by Dar-El and Rubinovitch (1979).
Both algorithms were given the problem of assigning 107
task elements to 10, 15, 20, 25, 30, and 35 workstations.
For both algorithms, the average run times were recorded
on each of the six problems. The GA solved the problems
much faster than the MUST algorithm when the number
of workstations was greater than 20. Rubinovitz and
Levitin (1995) concluded that their GA approach to
SALBP-2 achieved its greatest advantage when the pre-
cedence constraints were least restrictive. Fewer prece-
dence restrictions resulted in a larger feasible region that
placed exhaustive enumeration procedures, such as
MUST, under computer resource limitations.

Tabu search has also been used to solve SALBP-2. In
Scholl and VoB (1996) a tabu search is developed where
the neighborhood consists of making swap and shift im-
proving moves. These moves are designed to move tasks
between stations in order to reduce the cycle time or if no
reduction in cycle time is possible, to increase the cycle
time as little as possible. A tabu list strategy is employed
to prevent cycling and to drive the search away from
locally optimal solutions and into unexplored regions of
the search space. For further information concerning
solution methods for both SALBP-1 and SALBP-2 (sce
Scholl, 1999).

Although various exact and heuristic approaches have
been applied to the assembly line balancing problem,
none of these methods have considered the physical de-
mands placed on the workers when assigning tasks to
workstations. The overriding concerns have been either:
(1) minimize the number of required workstations given
the cycle time; or (ii) minimize the cycle time for a given
number of workstations. This disregard can lead to the
development of assembly lines whose design contributes
to accidents and injuries experienced by the work force.
The purpose of this current research was to develop line
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balancing algorithms that can incorporate physical de-
mand criteria into the task allocation process, required
for solving SALBP-2.

3. Problem description

A distinctive feature of this research is that it considers
worker fatigue in the assignment of tasks to assembly line
workstations. To model the fatigue aspect of the problem,
a physical demand component was added to each of the
100 ALB problems that were tested. The physical mea-
sure used in this study is grip strength capacity, although
the proposed methodologies could also be applied to
other physical measures. Grip strength capacity repre-
sents the maximum finger flexor strength generated by the
worker using a semi-pronated power grip. As defined by
Kroemer (1986), a power grip requires the palmer surface
of the hand be in contact with the handle while enclosed
by the four fingers and opposed by the thumb. To use this
measure, the first step was to assign a grip strength ca-
pacity to the workers assigned to each workstation in the
problem. The range of grip strength capacities ranged
from 30 to 39 kg. This range is representative of the
general female population and was within the limits of the
female population used by Woods et al. (1997) to develop
their grip strength fatigue model. The Woods et al. (1997)
model will be used to evaluate the quality of proposed
assembly line balances with regard to fatigue. To ensure
that the full range of grip strength capacity was assigned
to the workstations, the difference between the maximum
and minimum grip strength (9 kg) was divided by the
number of workstations (m). Starting with 30 kg, this
value (V) was randomly assigned to one of the worksta-
tions and became its grip strength capacity. Once it was
assigned, V was increased by [9/(m — 1)] and was again
randomly assigned to a workstation which did not cur-
rently have a grip strength capacity. This process was
repeated until all workstations had a grip strength ca-
pacity. A range of grip strength capacities are assigned to
the workstations prior to assigning tasks. This is done to
ensure that the line balancing algorithms used in this
paper assign work packages (i.e., groups of tasks) that do
not physically overload the worker. If tasks were assigned
to workstations prior to worker assignment, the possi-
bility exists that a line balancing algorithm would form
work packages whose demands would exceed even the
strongest of workers.

The second step was to specify the grip strength de-
mands for each of the tasks in each of the test problems.
The grip strength demands of a task vary depending on
the profile of the task, the percentage of the task time
spent gripping, and the force required in the gripping
task. Each task possessed one of the four grip strength
demand profiles illustrated in Fig. 2 where load time
represents the portion of the task that requires gripping
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Fig. 2. Grip strength load profiles for assembly line balancing problems.

and unload time represents the task time that does not
have a significant gripping component. Profile 1 repre-
sents a task that requires gripping throughout the entire
task — such as using a pneumatic wrench to tighten sev-
eral nuts. Profile 3 represents a task with no gripping,
such as an inspection task. Profiles 2 and 4 represent tasks
with both a gripping and non-gripping component.

The percentage of time spent gripping was based on
industrial field studies conducted by Fransson-Hall et al.
(1996) which found that approximately 29 to 63% of the
total task time (of an assembly operation) was spent in a
right-handed grip. This activity corresponds to the load
time (L) in each of the profiles. An algorithm was con-
structed to assign one of these profiles to each task in the
ALB problem. First, the percentage of each task’s total
processing time spent in a right-handed grip (load period,
L) was determined. The load period for task i (L;) was
calculated using the following formula:

L; = (processing time for task i) x [0.29 + (0.34 x R;)],
Si

)
Smax

R =

where S; is the number of successors of task i and
Smax = max{Si,Ss,...S,}. Thus, for each task, the pro-
portion of processing time spent in a right-handed grip
was proportional to the task’s number of successors in the
precedence graph. This proportionality was established to
create test problems whose most manually intensive tasks
(e.g., grinding) occur ‘“‘early on” in the assembly/manu-
facturing process. Consequently, those tasks that have
few successors and occur relatively late in the assembly
manufacturing process (e.g., inspection) would be less
manually intensive. Note that if the load period for a task
was less than 2 seconds, its load period was set equal to
zero, corresponding to grip strength load profile 3. Oth-
erwise, the task was randomly assigned grip strength
profile 1, 2, or 4.

Once the load period had been established, the grip
force demand for each task (G;) was also determined. The
grip force demand for each task was established using
the formula:

G = 6.24 + (8.76 X R;).

The grip strength demand for a task ranged from 6.24 to
15 kg. Given the range of grip strength capacities pos-
sessed by the workers, a task required 16 to 50% of a
worker’s maximum grip strength capacity. This same
percentage range was used to establish the grip strength
fatigue equations of Woods et al. (1997). The approach
used for assigning the L; and G; values assigns the largest
grip strength demands to those tasks performed in the
beginning of the assembly operation and assigns smaller
grip strength demands to those tasks completed near the
end of the assembly process. This approach was used to
develop a problem set whose assembly operations re-
semble (in terms of manual force required) those tasks
found in industry.

Three measures were selected as dependent variables
for the experiments constructed in this research: (i) cycle
time; (ii) fatigue (as measured by the Woods et al. (1997)
model); and (iii) a composite measure of both cycle time
and fatigue. Recall that the cycle time is equal to the
maximum completion time that any one of the worksta-
tions requires to finish all its assigned tasks. To normalize
this value, this variable was measured as the percent de-
viation from the theoretical minimum cycle time for a
given problem (Scholl and Klein, 2000a).

Fatigue is defined as the decrease in an individual’s
capacity to do manual work. For the purposes of this
research, fatigue will be measured as the percentage of
grip strength retained after performing one’s assigned
tasks across a 4-hour shift. The grip strength fatigue
model provided by Woods et al. (1997) was used to cal-
culate this measure. This model is described below.

GE(i) = GS(i)(670'65(LT)) [(%MVC)5'75

+ (%MVC —0.22)]  (grip strength lost),
GSi1) = GE(j) + (MAXG — GE;)) (1 — e O-085(RT))
(grip strength recovered),
where: GS(;) = grip strength at the start of gripping

interval i (kg);

GE; = grip strength at the end of gripping
interval i (kg);
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LT = duration of the gripping (load) interval
(seconds);
%MVC = percentage of individual maximum grip
strength capacity required;
MAXG = individual maximum grip strength ca-
pacity (kg);
RT = duration of the rest interval (seconds).

The first equation models the loss of grip strength that
occurs during a gripping interval. The second equation
models the amount of grip strength recovered at the end
of a rest interval. During this interval, the worker is not
exerting a grip force. A sequence of gripping tasks can be
evaluated by using these two equations in a cyclic fashion.
Specifically, the grip strength at the end of a rest interval
would also act as the grip strength at the start of the next
gripping interval and so on. If one performs a series of
gripping tasks, and the duration of rest time is inade-
quate, the grip strength of the individual at the end of a
recovery period will decrease over a series of work cycles.
An example of this decrease is illustrated in Fig. 3. In this
figure, the grip strength at the start of the work is 38 kg.
Using the two equations, the decrease in grip strength
is modeled over a series of task cycles. The asymptote
occurs at 31.6 kg. Using this asymptote, the percentage of
grip strength retained is calculated to be 31.6/38 =0.83.
The percentage of grip strength retained is used as the
measure of fatigue and the goal is to attain a value of one.
A value of one would correspond to a situation in which
there was no loss of grip strength across a series of work
cycles. However, reducing the amount of grip strength
lost across cycles within a workstation, as predicted by
the Woods et al. (1997) equation, requires that: (i) the
required manual force (in %MVC) be reduced; (ii) the
duration of static grip be reduced during the work cycle;
the ratio of load time to unload time is decreased; and (iii)
the placement of forceful gripping tasks back to back in a
sequence be avoided. Research by Silverstein et al. (1987)
and Viikari-Juntura et al. (1991) has identified forceful
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Fig. 3. The change in grip strength across task cycles.
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manual exertions as a risk factor for work related mus-
culoskeletal disorders. In addition, Rodgers (1987) has
indicated that appropriate design for repetitive work re-
quires the ratio of unload time to load time to be at a level
low enough to provide adequate recovery time to the
worker (given the level of manual force required). Bird
and Hill (1992) who discovered a loss in grip strength for
conveyor belt workers performing repetitive work sup-
port these findings in their research. The authors identi-
fied grip weakness as a factor associated with the onset of
musculoskeletal disorders within this group. In terms of
the current study, the grip strength loss prediction
equation is utilized as a design criterion. This criterion
encourages the formation and assignment of work
packages along the assembly line that limit the magnitude
and duration of manual force required by workers. As
seen in the literature, it is these risk factors that are as-
sociated with the development of work-related musculo-
skeletal disorders.

The cycle time and fatigue measures can be combined
into a single composite measure. The sum of the scaled
cycle time and fatigue measures represents the composite
score as shown in the following formula:

—1

C>+(l—},)(1—MinG) ,

min

Composite Score = [ﬂ(

where: C = cycle time for the assembly operation;
Tmin = theoretical minimum cycle time;
Min G = minimum grip strength retained across
workstations;
/A= relative weighting of the cycle time objec-
tive, 1 — 4 is the relative weighting of the
grip strength objective.

The composite score is scaled between zero and one, with
the value one corresponding to the “optimal condition”
(the line speed is at the theoretical maximum and the
maximum percentage decrease in grip strength is zero). In
this study, 4=0.5 was used in all of the test problems.

4. Solution methodologies

We propose three solution methodologies for solving this
problem. The first is a multiple ranking heuristic proce-
dure which extends methods that have been applied to the
traditional assembly line balancing problem. The second
and third approaches utilize genetic algorithms to find
good assembly line configurations. The two methods
differ in their representation of the problem.

4.1. Multiple ranking heuristic

The Multiple Ranking Heuristic (MRH) is a combination
of 81 separate heuristics, which utilize a composite
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decision rule when determining which tasks to assign to
which workstations. Each separate heuristic represents a
combination of four factors: (i) method of search (lower
bound, upper bound, binary); (ii) task ranking criteria
(positional weight, number of successors, number of
paths), (iii)) composite decision rule (0.75/0.25, 0.5/0.5,
0.25/0.75); and (iv) method of assignment (forward,
backward, bidirectional).

The method of search (Hackman ef al., 1989) manip-
ulates the cycle time constraint that is enforced when
tasks are assigned to workstations. The cycle time can be
set initially to its theoretical minimum and increased one
unit at a time until a feasible solution is found (lower
bound search), set to its theoretical maximum and
reduced one unit at a time until an infeasible solution
is found (upper bound search), or the interval between the
theoretical minimum and maximum can be searched
using a binary search.

At any stage of the assembly line balancing procedure,
more than one task may be a candidate for assignment to
the current workstation. The purpose of the task ranking
criteria is to prioritize this set of feasible candidate tasks
with respect to either their positional weight, number of
successor tasks, or number of successor paths. Based
upon the criteria, a task candidate is given a task rank.
The higher the task rank the more desirable the task is for
assignment.

The composite decision rule is a convex combination of
the task rank and the grip strength rank of each candidate
task. Each task that is a candidate for assignment to a
workstation has its own grip strength rank. To determine
a task’s grip strength rank, the multiple ranking heuristic
iteratively assigns the candidate task to all feasible posi-
tions along the sequence of tasks already assigned to the
workstation. For each assigned position, the percentage
loss in grip strength capacity for the workstation is re-
corded. The algorithm records the assignment position
that represents the minimal loss in grip strength. Among
the task candidates, the one with the lowest minimal loss
in grip strength receives the highest grip strength rank. If
this task is assigned to the current workstation, it is in-
serted into the task sequence corresponding to its previ-
ously determined best position. As with the task rank, ties
between tasks are arbitrarily broken. The candidate’s
composite rank is a linear combination of its task rank
and its grip strength rank based on the composite deci-
sion rule selected. Ties between candidate tasks in regard
to composite rank are arbitrarily broken. The task with
the highest composite rank is assigned to the workstation.

The method of assignment component (Hackman
et al., 1989) of the MRH determines in which direction
tasks are assigned to a workstation. Tasks may be as-
signed starting with the first workstation and ending with
the last workstation (forward assignment), in a reverse
order (backward assignment), or tasks can be assigned to
the first and last workstation simultaneously (bidirec-
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tional assignment). The bidirectional assignment method
was introduced in Scholl and VoB (1996).

This heuristic generates 81 solutions based upon un-
ique combinations of method of search, task ranking
criteria, composite decision rule, and assignment method.
For every solution generated, each workstation assign-
ment is examined to determine if slack time is present. If
slack exists then the total slack time is treated as an ad-
ditional task that is assigned to the workstation. Enu-
merative search is used to determine where this “‘slack”™
task should be placed within the workstation’s task se-
quence so that the resulting decrease in grip strength is
minimized. Once all 81 solutions have been established,
the heuristic selects the solution(s) with the highest
composite score.

4.2. Combinatorial genetic algorithm

The Combinatorial Genetic Algorithm (CGA) utilizes the
Darwinian principle of natural selection to “evolve” the
task allocation and task sequence of a solution to an
SALBP-2. The CGA is described in terms of: (i) solution
representation; (ii) fitness measure and selection scheme;
and (iii) crossover and mutation mechanisms.

Each solution in the CGA is represented by an array of
characters and a real number called the cycle time pa-
rameter. The array represents a First In First Out (FIFO)
queue of tasks to be assigned to the workstations. The
cycle time parameter represents the cycle time constraint
for the assembly operation. Tasks in the queue are as-
signed starting with the first workstation and ending with
the last workstation. If a task cannot be assigned due to
the cycle time constraints or precedence restrictions, the
next task in the queue is tested for feasibility of assign-
ment. Once a task has been assigned, it is removed from
the queue. This process continues until no tasks are un-
assigned. Once all tasks have been assigned, the cycle time
is calculated and this becomes the new cycle time pa-
rameter of the solution. An example of this representa-
tion is shown in Fig. 4.

The example shown in Fig. 4 is based on the prece-
dence graph described by Bowman (1960). The letters in
the graph correspond to assembly task elements while the
numbers in the graph represent the processing time for
each task element. The number “28” found in the solu-
tion representation is the cycle time constraint for the
assembly operation, the representation letter sequence
corresponds to the order in which the tasks are assigned
to the workstations. The cycle time constraint is not
strictly enforced when assigning tasks to the last work-
station because all of the remaining tasks are assigned to
the last workstation and the total processing time of these
tasks may exceed the cycle time. If the cycle time is ex-
ceeded, then the cycle time of the solution is set equal to
the total time for the last workstation in order to ensure
that a feasible solution is found. The total slack time for a
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Solution
Representation

alblc|dlf|e hl g

Cycle Time: 28 scconds

Solution
Translation

Workstation 1: performs tasks a and b
Workstation 2:  performs tasks ¢, d, and {
Workstation 3: performs tasks ¢, h, and g

Fig. 4. Solution representation and translation for the combinatorial GA.

workstation is treated as a single slack task and the best
location in the workstation task sequence is determined
by enumeration as in the case of the multiple ranking
heuristic.

The fitness measure for the CGA is the composite
score. Under this measure of fitness, the algorithm will
search for assembly line balance solutions that possess
cycle times close to the theoretical minimum cycle time
and have a small maximum decrease in grip strength
across the workstations. When a solution found by the
CGA approaches the theoretical minimum cycle time and
little or no fatigue is incurred across the workstations, its
fitness measure will have a value close to one. The CGA
initially generates a random population of 60 solutions.
In the initial population, every solution consists of a
random sequence of tasks and a uniformly distributed
random number chosen between the theoretical maxi-
mum and minimum cycle times. The composite score of
each solution is calculated and represents its fitness. So-
lutions are selected for survival using stochastic selection
with replacement (Goldberg, 1989). Those solutions with
higher fitness values have a greater chance of contributing
one or more copies of themselves to the next generation.
Roulette wheel selection is used to generate 59 of the 60
solutions needed for the next generation. The most fit
solution in the current population is automatically chosen
for survival and a copy of it is automatically placed in the
next generation.

Fragment Reordering Crossover (FRG), as described
by Rubinovitz and Levitin (1995), was selected as the
crossover mechanism for the task sequences of the CGA.

Parent 2
@abdcfheg

Parent |: Tasks
Workstation | —a, b, d
Workstation 2 - ¢, f, h
Workstation 3 —e, g

Parent |
a bcdfehg
Parent |: Tasks
Workstation 1 —a, b

Workstation 2 — ¢, d, f
Workstation 3 —e¢, h, g

—>

(* result of a convex combination, A = 0.2)

Fig. 5. An example of FRG crossover.

FRG crossover allows the GA to produce offspring so-
lutions that respect the precedence constraints of the ALB
problem. An example of the FRG crossover operator is
shown in Fig. 5.

Under this form of crossover, a fragment (i.e., a sub-
sequence of tasks) of random length is selected from one of
the parent solutions. The tasks within this fragment are
then rearranged into the relative order in which they occur
in the other solution. The offspring solutions have a
combination of task allocations and sequences found in
both parent solutions. In Fig. 5, the fragment consists of
alleles 3, 4, and 5 from Parent 1. The order of these three
alleles is changed so that they match the order found in
Parent 2. Because the relative order of the alleles in the
fragment comes directly from Parent 2 it must represent a
feasible sequence for the fragment with respect to task
precedence. Crossover is also carried out between the cycle
times of the two parent solutions using arithmetical
crossover (Michalewicz, 1994). The resulting offspring
solutions possess attributes of both parents. Sixty percent
of the selected solutions undergo crossover as seen in
Suresh et al. (1996). The offspring solutions generated by
crossover replace their parents in the surviving population.
Ten percent of the selected solutions also undergo muta-
tion. For mutation, a parent undergoes Fragment Reor-
dering Crossover with a randomly generated sequence of
tasks. In addition, the parent’s cycle time parameter is also
changed by means of uniform mutation (Michalewicz,
1994). The new parameter value represents the solution’s
new cycle time. Following mutation, the solution is rein-
serted back into the survivor population. The selected

CROSSOVER Offspring

abdcfehg
Offspring: Tasks
Workstation | —a, b
Workstation 2 —d, c, f, h
Workstation 3 — ¢, g

—

33 abdcfheg
28 abjcdf|ehg

(28x0.2) +(33x0.8)=32*
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population in turn then replaces the original population to
complete one generation cycle. This evolutionary process
continues until there has not been an improvement in the
most fit solution for at least 30 generations.

4.3. The problem space genetic algorithm

The Problem space GA (PGA) utilizes the Darwinian
principle of natural selection to “evolve” a perturbation
vector. As defined by Storer et al. (1992), a perturbation
vector represents an alteration in the problem data used
by a heuristic designed to solve a problem. By perturbing
the original problem data, a given heuristic can find dif-
ferent solutions to the same problem. The PGA is de-
scribed in terms of: (i) solution representation; (ii) fitness
measure and selection scheme; and (iii) crossover and
mutation mechanisms.

Each PGA solution is represented by an array of in-
tegers with values ranging from 0 to 2 and an array of
random real numbers ranging from 1 to —1. These two
arrays represent a single pass decision rule algorithm. The
first array represents a strategy vector used by a ranking
heuristic. The value in the first dimension of the array
determines which search method is used by the algorithm
(O=lower bound, 1=upper bound, 2=binary). The
value in the second dimension in the array specifies the
assignment direction (0 =forward, 1 =backward, 2 = bi-
directional). The third and final dimension of this array
selects the ranking criteria used by the algorithm (0=
positional weight, 1 =number of successors, 2 =number
of paths). The second array represents the perturbation
vector. Each number in this array corresponds to an al-
teration in the ranking criteria of a single task in the
assembly operation. The perturbation vector alters the
ranking criteria used by the ranking heuristic. This

Strategy Vector

Perturbation Vector
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alteration increases or decreases the rank for a particular
task. An example of the solution representation is shown
in Fig. 6.

As shown in Fig. 6, the single pass decision rule algo-
rithm will use binary search coupled with a forward as-
signment direction. The ranks (positional weights) will be
altered by way of the perturbation vector. For example,
consider task b. The original positional weight is 64 but
because the perturbation vector has a value of —0.25 for
task b the original value is reduced by —0.25 x [75 (the
maximum positional weight value) — 3 (the minimum
positional weight value)] to determine the perturbed val-
ue. The perturbed value is used to construct the assembly
line configuration. This configuration is then evaluated
using the original task data to determine its quality. If a
workstation has any slack time this slack is treated as a
single slack task and the best location in the workstation
task sequence is determined by enumeration as in the case
of the multiple ranking heuristic.

The population size and selection mechanisms are the
same as those used for the CGA. Recombination of the
strategy vector entails simple swapping of values between
the search, assignment direction, or ranking criteria val-
ues of two solutions. Crossover between two perturbation
vector solutions is carried out using an arithmetical
crossover operator as described by Michalewicz (1994).
An example of crossover for a six-task SALBP-2 is pre-
sented in Fig. 7.

The mating template determines the combinations of
parent solutions used to yield the offspring solutions. At
the start of crossover, as shown in Fig. 7, one parent is
randomly chosen to be the dominant parent (P1). The
crossover mechanism moves along the mating template.
When a template value of ““1” is encountered, the per-
turbation value of the P1 parent is altered through convex

nn Bidirectional Search, Forward Assignment, Rank Positional Weight

a b Cc d e f g h
0.42 -0.25 -0.1 -0.5 0.6 0.7 -0.68 0.83
Task Posil.ional Pcrlgrbed For Task a:
Element Weight Weight
a 5 1052 75 +[0.42 x (75-3)] = 105.2
b 64 46.0
¢ 42 34.8 For Task h:
d 20 -16.0
e 15 58.2 10 + [0.83 x (75-3)] = 69.7
f 18 68.4
g 3 -46.0
h 10 69.7

Fig. 6. Solution representation for the problem space GA.
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OFFSPRING

[P1 Jo31 Jo3s5

[-0.10 T0.03 Jo61 Jo03s |

[032 T035 J-010 J004 [059 [ 038 ]

1 0 0 1 1 0

[P2 Jo042 J-025 JT-016 J009 045 [083 |

[042 T029 T-0.11 J009 045 [ 043 |

A=0.90

Fig. 7. Arithmetical crossover between two perturbation vectors.

combination with the corresponding perturbation values
of the P2 parent. Conversely, when a template value of
“0” is encountered, the perturbation value of the P2
parent is altered through convex combination with the
corresponding perturbation values of the P1 parent.

For the convex combination, the perturbation value of
the dominant parent is multiplied by A (randomly set
between 0.5 and 0.95), and the perturbation value of the
non-dominant parent is multiplied by (1 — A). The two
offspring generated by the mating template show attri-
butes of both parents. The number of selected solutions
that undergo crossover for the problem space GA is de-
termined in the same manner as that used in the combi-
natorial GA.

After selection and crossover, 10% of the survivor
population undergoes mutation. The mutation operator
affects both the strategy vector and the perturbation
vector. For the strategy vector, the parameters affecting
method of search, assignment, direction, and ranking
criteria all have a 50% probability of being assigned a
random value between 0 and 2. The perturbation vector is
altered by arithmetic mutation (Michalewicz, 1994). Each
perturbation value within the vector has a 50% proba-
bility of undergoing arithmetic mutation. Arithmetic
mutation produces offspring by randomly increasing or
decreasing the perturbation value. This form of mutation
guarantees that all possible gene values that may have
been lost in previous generations can still enter the
current population to maintain solution diversity and
promote search of the solution space. Once mutation is
complete, the altered solution is reinserted back into the
survivor population. This population in turn then re-
places the original population to complete one generation
cycle. This evolutionary process continues until there has
not been an improvement in the most fit solution for at
least 30 generations.

5. Line balancing heuristic testing and results

The three line balancing heuristics described in Section 4
(multiple ranking heuristic, combinatorial genetic algo-
rithm, problem space genetic algorithm) were tested to
determine their relative effectiveness for solving this de-
sign problem. A set of 100 Type-2 ALB problems were
studied. The number of tasks in the problem set ranged

from 29 to 148 (mean = 66). The number of workstations
varied from 3 to 51 (mean=17.4). The minimum cycle
time (i.e., optimum) for each problem was known and
ranged from 19 to 119.7 seconds (mean =61.2 seconds).
The set of 100 problems comes from Scholl (1999) and
can be downloaded from Scholl and Klein (2000b). As
described in Section 3, a grip strength demand compo-
nent was added to the tasks in each of the 100 Type-2
ALB problems. This problem set was chosen so that it
would be possible to accurately evaluate each search
method’s ability to solve a diverse group of line balancing
problems.

To assess the impact of these line balancing heuristics
on cycle time, fatigue, and composite score (i.e., solution
fitness), a two factor (heuristic) x (ALB problem) Anal-
ysis Of Variance (ANOVA) model was selected. Each cell
within the model contained four replications. Each rep-
lication corresponded to an individual run of a particular
search method on an ALB problem. The random number
seeds were used as blocks. For each replication, all three
heuristics (MRH, CGA, PGA) used the same random
number seed. The random number seeds were different
across replications.

5.1. Fitness evaluation across generations

Both the CGA and PGA discover increasingly fit solu-
tions across successive generations during a single run.

Most Fit Individual in Population

0.79 Average Fitness of Population

Assembly Line Balancing Problem

Assembly Line: |-shaped
0.63 No. of Tasks: 35
No. of Workstations: 6

1 8 15 22 29 36 43 50 57 64 71

Generation

Fig. 8. Maximum and average fitness as a function of genera-
tion using the CGA.
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0.87

0.83 1

Fitness

0.79 4

Assembly Line: |-shaped
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|
)
/
{’ Assembly Line Balancing Problem
|
!
|
!

0.75

0.71 ,

0.67 +r— T+ T T —r
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Fig. 9. Maximum and average fitness as a function of genera-

tion using the PGA.

Figures 8 and 9 plot the maximum and average fitness of
the population across generations for the CGA and PGA.
The average and maximum fitness values increased within
the populations of solutions across generations. Both
algorithms discover line balances that have shorter cycle
times and are less fatiguing as the solution generations
proceed.

5.2. Differences between heuristics in terms of solution
fitness

A summary of the test problem results is provided in
Table 1. Twelve different precedence graphs were studied
and for each precedence graph multiple problems were
developed by changing the total number of workstations
that were available. Table 1 shows the average perfor-
mance of each method with regard to fitness, the cycle
time deviation from the lower bound (C), and the fatigue,
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across the different precedence graphs. The data shows
that the PGA found better solutions on average than
both of the other methods across all 12 of the precedence
graphs.

Results from the analysis of variance revealed that in
terms of fitness, the main effect of the heuristic was sta-
tistically significant with a p-value <0.001. The Tukey
post-hoc analysis test revealed that the difference in fit-
ness between the PGA solutions and the MRH solutions
was statistically significant with a p-value <0.001. The
difference in fitness between the PGA solutions and the
CGA solutions was also statistically significant with a
p-value <0.001. The mean fitness values for solutions
found by the CGA and the MRH were not significantly
different (p-value =0.635).

Results from the analysis of variance indicated that in
terms of cycle time, the main effect of the heuristic was
statistically significant with a p-value <0.001. The Tukey
post-hoc analysis test revealed that the differences in av-
erage cycle time between the PGA solutions and the
MRH solutions and between the PGA solutions and the
CGA solutions were statistically significant (p-value
<0.001). The difference in cycle times between the CGA
solutions and the MRH solutions was also statistically
significant (p-value = 0.008).

Results from the analysis of variance revealed that in
terms of fatigue, the main effect of the heuristic was also
statistically significant (p-value <0.001). The Tukey post-
hoc test revealed that the MRH found solutions with
minimum grip strength retained values which were sig-
nificantly less than the minimum grip strengths found in
the solutions discovered by either the CGA or the PGA
(p-value <0.001 for both). Thus, both the CGA and PGA
produced assembly line configurations with less fatigue
than did the MRH. Differences in minimum grip
strengths between solutions found by the CGA and the
PGA were not statistically significant (p-value =0.974).

Table 1. Mean values of the MRH, CGA, and PGA with respect to fitness, cycle time, and fatigue

Precedence

Number of  Number of  Multiple ranking heuristic

Combinatorial GA Problem space GA

graph tasks problems
Fitness C Fatigue  Fitness C Fatigue  Fitness C Fatigue

Buxey 29 8 0.811 0.089 0.846 0.840 0.086 0.892 0.855 0.072  0.899
Sawyer 30 8 0.828 0.088 0.876 0.850 0.077 0.897 0.856  0.064  0.892
Gunther 35 10 0.858 0.067 0.900 0.860 0.070 0.905 0.880  0.056 0918
Kilbrid 45 7 0.956 0.022 0.975 0.958 0.020 0.976 0.964 0.013 0975
Hahn 53 7 0.925 0.053 0.969 0.922 0.064 0.976 0.927  0.057 0.975
Warnecke 58 14 0.846 0.097 0.912 0.846 0.126 0.941 0.870  0.078  0.926
Wee-Mag 75 12 0.901 0.098 0.984 0.904 0.095 0.986 0.918  0.077  0.985
Arcus 83 5 0.865 0.048 0.890 0.862 0.053 0.891 0.872  0.037  0.889
Lutz 2 89 8 0.810 0.082 0.845 0.820 0.081 0.858 0.833  0.063  0.860
Lutz 3 89 9 0.846 0.065 0.881 0.834 0.089 0.887 0.860  0.066  0.902
Mukherjee 94 6 0.889 0.054 0.925 0.887 0.049 0.918 0.893  0.045 0921
Bartholdi 2 148 6 0.892 0.052 0.930 0.879 0.117 0.979 0.912  0.050 0.953
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Table 2. Tukey test results for the MRH, CGA, and PGA with
respect to fitness, cycle time, and fatigue

Fitness Cycle time Fatigue

MRH CGA PGA MRH CGA PGA MRH CGA PGA

Table 2 summarizes these results where a solid line under
two treatment levels indicates that the difference in the
means between the two treatment levels is not significant
at the 0.01 level.

Additional evidence advocating the use of genetic al-
gorithms in assembly line balancing can be found when
comparing the most fit ALB solutions found by the PGA
and the MRH. The PGA-based solutions possessed
higher fitness, shorter cycle times, and retained a higher
minimum grip strength than those ALB solutions dis-
covered by the MRH. Table 3 illustrates these differences.

Within Table 3, three SALBPs of increasing size, in
terms of tasks and workstations, are presented. For all
three problems, the most fit solution discovered by the
PGA exceeded the most fit solution discovered by the
MRH. The examples documented in Table 3 illustrate
how a GA can be hybridized with more traditional search
methods. The hybrid genetic algorithm (PGA) discovered

Table 3. Three examples comparing the ALB solutions found
by the MRH and PGA

Solution Tasks Work  Fitness Cycle time'  Fatigue’
example stations

MRH PGA MRH PGA MRH PGA
1 29 8 0.869 0922 6.17 123 91 93
2 83 22 0.856 0.898 0.84 0.51 84 89
3 148 45 0.894 0.920 6.01 393 94 95

! Refers to the percent deviation from the theoretical minimum cycle
time.

2Refers to the minimum retained grip strength (in %MVC) found
across workstations.
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ALB solutions that possessed fitness values that were
significantly greater than those solutions discovered by
the pure GA search (CGA) or the more traditional search
(MRH). The PGA-based solutions had shorter cycle
times than the MRH-based solutions and the CGA-based
solutions. The PGA-based solutions were also less fa-
tiguing than the MRH-based solutions.

5.3. Differences between heuristics in terms of solution
fitness

The solutions generated by using the dual objectives of
cycle time and grip strength loss are different than those
developed by solely considering cycle time. In some of the
problems it was possible to find solutions with the same
cycle time that had significantly different performance
concerning grip strength loss. For example, Table 4
shows results for five problems of different sizes. Each
problem was solved once using an objective function of
cycle time alone and then using an objective function that
combined cycle time and the grip strength criterion. For
these problems, both methods found solutions with the
optimal cycle time, however the grip strength loss differs
significantly. In many of the other problems, the dual
criteria methods sacrificed cycle time slightly in order to
improve the grip strength loss performance. These results
indicate the importance of considering both objectives in
determining an appropriate line balance.

6. Conclusions and directions for future research

Future experiments may be designed which can further
extend the current research. Given the multi-faceted na-
ture of the problem, these research extensions could be in
terms of ergonomics, safety, operations research, or
manufacturing. In the current research, the weighting
factors for both fatigue and cycle time were equivalent.
Future projects could observe and record the differences
in the solutions developed when one factor is weighted
over another. From an ergonomics perspective, future

Table 4. Comparison of solutions based on using cycle time alone versus cycle time combined with grip strength loss

SALBP Number Number of Cycle time Solution set A Solution set B
problem of tasks workstations minimum minimum
grip strength grip strength
Buxey 29 8 41 0.786 (21.4%) 0.928 (7.20%)
Gunther 35 6 84 0.894 (10.6%) 0.987 (1.30%)
Kilbrid 45 11 55 0.909 (9.10%) 0.983 (1.70%)
Wee-Mag 75 30 56 0.882 (11.8%) 0.957 (4.30%)
Lutz 2 89 11 45 0.843 (15.7%) 0.923 (7.70%)

Solution set A — Ergonomics criteria not used in genetic search of SALBP-2 solution.
Solution set B — Ergonomics criteria used in genetic search of SALBP-2 solution.
Minimum Grip Strength — Minimum grip strength retained across workstations (percentage of grip strength lost).
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work may focus on incorporating other ergonomics cri-
teria (e.g., awkward posture, vibration) into assembly line
balancing problems. Extensions of this research could
also improve industrial safety in the workplace. Future
line balancing heuristics could be encoded with general or
specific safety guidelines. These guidelines would prevent
the heuristics from assigning potentially hazardous com-
binations of tasks (e.g., painting and welding) to the same
worker.

Future controlled experimental designs might focus on
optimizing the operating parameters (i.e., population size,
the number of generations, the method of selection, types
or rates of crossover, and types or rates of mutation) of
the PGA and CGA. Other extensions of the current study
into operations research might also focus on developing
additional hybrid search algorithms to solve SALBP-2.
For example, a heuristic (such as the MRH) could be
used to generate the initial population of the GA (Len
et al., 1993). The heuristic would seed the population
with initial solutions, then the GA would use evolution-
ary computation to continue the search. Expanding the
current research to other assembly line balancing prob-
lems would also seem prudent. For example, the objective
of SALBP-1 is to minimize the number of workstations
for a fixed cycle time. Similar concerns, regarding worker
safety, could also be the focus in SALBP-E. In this case,
minimizing the product of cycle time and number of
workstations could increase the number of tasks a worker
must perform.

In summary, the results of the current research strongly
suggest that it is possible to create assembly lines that
incorporate both production concerns and physical de-
mand criteria. Furthermore, heuristics can be constructed
which systematically discover these potential ALB design
solutions. The production planner can review the collec-
tion of solutions and identify those ALB designs that are
best suited for a particular manufacturing operation in
terms of productivity and safety.
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