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Abstract

Ant Colony Optimization is a relatively new meta-heuristic that
has proven its quality and versatility on various combinatorial optimization problems such as the traveling salesman problem, the vehicle
routing problem and the job shop scheduling problem. The paper introduces an Ant Colony Optimization approach to solve the problem
of determining a job-sequence that minimizes the overall tardiness for
a given set of jobs to be processed on a single, continuously available
machine, the Single Machine Total Tardiness Problem. We experiment
with various heuristic information as well as with variants for local
search. Experiments with 250 benchmark problems with 50 and 100
jobs illustrate that Ant Colony Optimization is an adequate method
to tackle the SMTTP.
Keywords:
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1 Introduction
Ant Colony Optimization (ACO) is a meta-heuristic that dates back to
the early nineties and was rst introduced by Dorigo et al. (cf. [8, 9, 14,
18]). Since then ACO has been applied to a variety of classic combinatorial
1

optimization problems and has generated very good results (cf. e.g. [5, 6,
10, 11, 19, 24, 29, 38]). In recent work simpli cations and generalizations of
the original approach are performed [15, 16].
Ant Colony Optimization models a nature-based, multi-agent process in
order to solve hard combinatorial optimization problems. Real ants searching for food are capable to nd the shortest path between their nest and a
food source without strength of vision but by exchanging information via
pheromones. Varying quantities of pheromone which are laid down by each
ant on the path taken indicate the distance and quality of the food source.
As other ants observe the pheromone trail and are attracted to follow it, the
path is marked again, reinforced and will attract even more ants to follow
the trail. Roughly speaking, pheromone trails leading to nearby, rich food
sources will be more frequented and therefore grow faster than trails leading
to remote low-quality food sources.
The above described behavioural pattern of real ant colonies was the
inspiration for this solution procedure for combinatorial optimization problems and was the impetus to create arti cial ants for simulation purposes.
ACO is based on the following analogies: arti cial ants scan the solution
space while real ants search their natural environment for food; the objective function values represent a mapping of the food source's quality and
an adaptive memory is the equivalent of the pheromone trails. Arti cial
ants are equiped with a heuristic function in order to support their search
through the set of feasible solutions. (For a more detailed introduction of the
Ant Colony Optimization Meta-Heuristic the reader is referred to [15, 19].)
Gutjahr [25] and more recently Dorigo [15] developed a general and formal representation of the ant algorithm: the generalization of ants are agents
who perform random walks in a construction graph. Each random walk represents a feasible solution of the given combinatorial optimization problem.
A walk is a chain of concatenated "node-to-node" moves, and each move is
performed on the basis of transition probabilities. Gutjahr [25] shows that
the solutions of this generalized Ant System converge to the optimal solution of the given problem instance with a probability that can be made
arbitrarily close to one.
In this paper we apply ACO to the Single Machine Total Tardiness Problem (SMTTP). This well-known problem is NP-hard [20] and has been tackled by several exact solution processes (cf. [13, 22, 27, 32, 37, 40]) as well as
heuristics (cf. [23, 26, 31, 34, 41]).
The study presented shows that ACO can solve SMTTPs satisfactorily
and the solution quality can compete with that of other leading heuristics.
Testing various heuristic information such as Earliest Due Date (EDD),
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Modi ed Due Date (MDD), Look-ahead-MDD (L-MDD) and Shortest Processing Time (SPT), we found MDD to be the most ecient one. The
choice of an appropriate local search procedure was based on tests with
various interchange variants: pairwise swaps of adjacent jobs and pairwise
swaps of any two jobs, so-called transpositions. Further tests focused on
the sequence on which the local search should be applied. These mentioned
design alternatives were rst tested on an example with 10 jobs from literature [26] before the most promising variant was chosen and test runs with
250 problem instances with 50 and 100 jobs were performed and evaluated.
The remainder of this paper is organized as follows: In Section 2 we
outline the problem and relevant literature. In Section 3 we present an
exact as well as a simpli ed construction graph for solving the Single Machine Total Tardiness Problem using arti cial ants. Section 4 describes in
detail the adaption of the ACO algorithm: various alternatives of heuristic
information, trail up-date and local search are outlined. Furthermore, computational results are presented and compared with other leading heuristics.
Finally we give an outlook on ongoing research. We conclude with a brief
summary in Section 5.

2 The Single Machine Total Tardiness Problem
Machine scheduling is a central task in operations and production planning.
The main focus is on the ecient allocation of resources to activities over
time. In this paper we consider scheduling job operations for sequential
processing on a single, continuously available machine such that the total
tardiness of all jobs is minimized.

2.1 The Problem

The machine scheduling problem we consider in the following, can be described as follows. There is one single machine, which is used to process n
jobs. Scheduling a set of n jobs that are to be processed on a single machine minimizing total tardiness is known as the Single Machine Total Tardiness Problem (SMTTP). A schedule speci es for each job j a time interval
throughout which processing is performed on job j . A feasible schedule minimizing the total tardiness for n given jobs is subject to the constraints that
no pre-emption of jobs is allowed. The machine can only handle one job at
a time, and every job j (j = 1; : : : ; n) is available for processing at time zero
and requires a positive processing time pj . Further problem relevant data
associated with each job j is the job's due date dj . The job's completion
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time Cj and the job's tardiness Tj , where Tj = maxf0; Cj ? dj g are a result
of sequencing the jobs. The objective of the SMTTP is to nd a feasible
processing sequence (out of all possible permutations of n jobs)Pthat includes
all jobs exactly once and that minimizes the total tardiness nj=1 Tj . The
SMTTP represents a special case of the generalized total weighted tardiness
problem [34] where positive weights are speci ed for each job. For related
problems see [1].

2.2 Solution Methods

The complexity of the Single Machine Total Tardiness Problem remained
open for a long time. In 1977 Lawler [27] showed that the SMTTP is pseudopolynomially solvable by an algorithm that is based on decomposition.
Only in 1990 Du et al. [20] showed that the problem is NP-hard, which
suggests that it is impossible to nd an optimal solution without the use
of an essentially enumerative algorithm, for which computation times will
increase exponentially with problem size.
Optimization techniques, like branch and bound approaches as well as
dynamic programming algorithms, were applied to the SMTTP, whereas
enumerative algorithms were applied to the general total weighted tardiness
problem. Emmons [21] developed several theorems and dominance rules
that can be used to restrict the search e ort of a branch and bound algorithm. Based on Emmons dominance rules Fisher developed a dual variable
Lagrangian problem [22]. Schrage and Baker [37], and Lawler [27] applied a
dynamic programming approach to the SMTTP, whereas Potts and Van
Wassenhove [32] combined Lawlers decomposition theorem with the approach of Schrage and Baker to implement an ecient algorithm. More
recently, Szwarc and Mukhopadhyay [40], and Della Croce et al. [13] presented branch and bound procedures, that are based on ndings of Emmons
and Lawler.
In practice it may be acceptable - if not necessary - to use a heuristic method incorporating structural problem-speci c properties to nd an
approximate solution for the NP-hard SMTTP. Clearly there is a trade-o
between the computational e ort in order to obtain a feasible solution and
the quality of that solution in terms of objective function value. Wilkerson
and Irwin [41] use transposition to improve a feasible basic solution and
use the so-called adjacent pair interchange (API) as a core mechanism of
their WI heuristic. Fry et al. [23] developed an enhanced WI heuristic by
selecting the best out of nine adjacent pair interchange strategies. Applying
a neighborhood strategy that is not limited to pairwise swaps Holsenback
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and Russell [26] developed a heuristic that uses the net bene t of relocation
(NBR) as heuristic criterion which is based on Emmons dominance theorems
as well. Panwalkar et al. [31] developed the PSK heuristic that seems to be
inferior to the NBR heuristic (cf. [36], p. 543).

3 Graphical Representation of the SMTTP
To apply Ant Colony Optimization a graphical representation of the problem, the so-called construction graph mentioned above, is needed. The
construction graph for the SMTTP consists of nodes representing di erent states, and arcs representing transitions. Ants move from one node
(state) to another using the connecting arcs (transitions) and laying down
their pheromone trails on these arcs. For some combinatorial optimization
problems, like e.g., the traveling salesman problem (TSP), this construction
graph is obviously corresponding or even identical to the underlying graph.
This is not the case for the SMTTP.

3.1 Exact Construction Graph

The SMTTP may be represented by an acyclic, directed graph with exactly
one source node and exactly one sink node. It is sucient to have only one
node representing an unordered subset of jobs already processed because the
tardiness of the job scheduled next is independent of their speci c sequence.
Through each directed arc another job (to be processed next) is added to
the list of jobs. In short, nodes are representing a set of jobs, while arcs are
the representation of adding a speci c job to this set.
The source node is on the rst level and represents the beginning of
the sequence where no job has been processed yet; the corresponding set is
empty. Given the total amount of n jobs the source node has n outgoing
arcs, each arc describing the completion of the job it represents.
On the second level each of the n nodes has one incoming and n ? 1
outgoing arcs. On the third level each node has two incoming and n ? 2
outgoing arcs, and so on. The sink node represents the set of all jobs. It
has n incoming nodes and no outgoing nodes. So the graph consists of n + 1
levels with n transitions. In each transition exactly one job is added. Any
path from the source node to the sink node represents a feasible solution;
the optimal sequence of jobs is the path that minimizes the total tardiness
of all jobs. Figure 1 shows examplarily an exact graphical representation of
a problem with three jobs to be scheduled.
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Figure 1: Exact Construction Graph (3 jobs)
In general terms a construction graph with
n jobs consists of n +1 levels.
?n
On level i (where i = 0; : : : ; n? )there exist i nodes. The transition from
level i to level i +1 consists of ni  (n ? i) arcs. Figure 2 shows the generalized
version of an exact graph with n jobs.
P ?1 ?n
For a problem with n jobsP
the number
of arcs is in=0
[ i  (n ? i)] = 2n  n2
?

n
n
n
and the number of nodes is i=0 i = 2 . A simpli ed representation is
used in the following because of the exponential relationship between the
number of jobs and the number of arcs.

3.2 Simpli ed Construction Graph

As the exact representation of the SMTTP implies a construction graph of
high complexity (each transition is represented by a unique arc) a simpli ed
construction graph with a reduced complexity would be helpful. To reduce
the complexity of the construction graph some (historical) information is
neglected, and a move represents the decision to schedule job j as i-th job
in the sequence, no matter which jobs have been scheduled previously. Thus,
we use only two dimensional matrices to represent the desirability to choose
job j to be processed as the i-th job, and to store the pheromone trails.
6

Figure 2: Exact Construction Graph (n jobs)
Thus, in the simpli ed graph each step looks like the rst step in the exact
representation (cf. Figure 3).
The simpli ed representation is of quadratic complexity only. Because
of this simpli cation the position of a job in the sequence is considered to be
independent of the sequence of jobs already scheduled. Some information
is neglected because the tardiness of a job does not depend on the number
of predecessors but on their total processing time. In this simpli ed version
there are arcs which are not permitted: although a job is to be processed
exactly once, in each step there is an arc leading to each job (n arcs). That
is the reason why ants need to memorize the jobs already scheduled. The
exact representation would not require such memory as this information is
inherent in the graph itself.
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Figure 3: Simpli ed Representation

4 ACO solving the SMTTP
As the Ant Colony Optimization Meta-Heuristic has proven good solution
quality for NP-hard combinatorial optimization problems, the application to
the SMTTP seemed reasonable and promising. In a feasible solution each job
appears exactly once in the processing sequence, in an optimal solution the
total tardiness is minimal. In the following we will rst describe the process
of solution generation, followed by a description of di erent strategies to
update pheromone trails, and nally adequate local search strategies are
discussed.
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4.1 Heuristic Information

Each arti cial ant iteratively and independently decides which job to append to the sub-sequence generated so far until all jobs are scheduled. Each
ant generates a complete solution by selecting a job j to be on the i-th position of the sequence. This selection process is in uenced through problemspeci c heuristic information, called visibility and denoted by ij , as well as
pheromone trails, denoted by ij . The former is an indicator of how good the
choice of that job seems to be, and the latter indicates how good the choice
of that job was in former runs. Both matrices are only two dimensional as
a consequence of the reduction in complexity described in Section 3.2. The
transition probability Pij that job j be selected to be processed on position
i in the sequence is formally given by:
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(1)

0
otherwise
where is the set of non-scheduled jobs, determines the relative inuence of the pheromone trails and regulates the relative in uence of the
visibility.
The most obvious heuristic information to be used is based on the Earliest Due Date (EDD) heuristic, which sorts and schedules jobs according to
ascending due dates. If EDD is applied the visibility would read as follows:
(2)
EDD  = 1
ij

dj

The so-called Modi ed Due Date (MDD) heuristic represents an enhancement of the EDD and is based on Theorem 1 by Emmons [21]. In
this case, the jobs are scheduled iteratively. After a job is scheduled, all
remaining non-scheduled jobs are again sorted in ascending order, but according to modi ed due dates. The job yielding the lowest modi ed due
date is appended to the sub-sequence generated so far. Modi ed due dates
are given by maxfT + pj ; dj g, where T is the total processing time of all
jobs already scheduled. Thus, for an ant colony optimization approach, this
MDD heuristic value can formally be written as:
1
(3)
MDD ij = maxfT +
p j ; dj g
Furthermore, MDD may be enhanced to Look-ahead MDD (L-MDD).
This heuristic is more complex than EDD and MDD. Again, for each not
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yet scheduled job j , the total tardines Tardj is calculated, assuming that all
remaining non-scheduled jobs are scheduled according to MDD. Then, the
job with the lowest total tardiness is chosen. The corresponding expression
for the heuristic information in an ACO algorithm is:
L-MDD  = 1
(4)
ij

Tardj

Obviously, using L-MDD as the heuristic information is computationally
more expensive than EDD or MDD.
Another alternative incorporating heuristic information is the Shortest
Processing Time (SPT) rule which schedules jobs according to ascending
processing times. In formal terms the corresponding expression reads:
(5)
SPT  = 1
ij

pj

SPT generates good solutions in the event that most of the jobs are
delayed and even optimal solutions if all jobs are delayed.

4.2 Trail update

After each ant has performed the selection process according to the procedure described above and each ant has generated a feasible sequence, the
pheromone trails are globally updated. Good solutions are characterized
by relatively low total tardiness and emphasize those sub-sequences which
are part of a good solution; whereas those sub-sequences that are part of
poor solutions will be only slightly marked. At the same time, evaporation
reduces the pheromone trails evenly. The global trail update may formally
be written as follows:

ij (t + 1) = (1 ? )  ij (t) +   ij (t)
(6)
where the parameter  2 [0; 1] controls the pheromone decay, and ij
is the amount of pheromone trail added to ij by the ants. Analogous to

the heuristic information, there are various possibilities of pheromone decay
ij in ACO algorithms. In early versions [19], each ant contributed to the
trail update, whereas later versions suggested a ranking of solutions concerning their quality and let only some best ants contribute to the pheromone
trails [7]. Other approaches restricted the update to the best ant [17], possibly combined with an upper and lower bound for the trail levels [39]. In this
paper we follow the ant colony system (ACS) idea, i.e., only the best solution
contributes to the pheromone trail update. Thus, we have ij (t) = 1=T 
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for all edges (i; j ) belonging to the best solution found so far, where T  is
the total tardiness of that best solution.
Besides the global update described above, also a local trail update is
performed in ACS. After an arti cial ant has selected a job to be appended
to the existing sub-sequence, the corresponding pheromone trail is updated
as follows:

ij (t + 1) = (1 ? )  ij (t) +   0

(7)

with the initial trail intensity

0 = n  T1

EDD

where TEDD is the total tardiness for a processing sequence generated according to the EDD rule.

4.3 Local Search

In several other applications ACO algorithms have worked very well if a local
search procedure is integrated [5, 6, 17, 39]. Such a local search procedure is
applied to the solutions generated by the arti cial ants before updating the
pheromone trails. We considered pairwise swapping and transposition as two
local search alternatives to be part of the ACO-approach for the SMTTP1 .
Both strategies are similar to a 2-opt strategy. Transposition means swapping two adjacent jobs having a predecessor-successor-relation whereas pairwise swapping may be applied to any two jobs in the set of scheduled jobs.
Transposition is based on the Adjacent Pairwise Interchange Strategy (API)
of Wilkerson and Irwin [41] and is less costly regarding computational e ort
than swapping.
One of the two strategies described above may be applied either to all
sequences generated during an iteration or to the best sequence of the current
iteration (iteration-best-method). The former alternative seems to be more
promising but represents also the more expensive alternative in terms of
computation time. We will address this topic in the next section, when we
present our computational results.
1 Further

possible local search procedures to improve a schedule that was constructed
by the arti cial ants would be NBR and PSK.
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4.4 Computational Results

The computational results we present in this section were generated using
250 benchmark problems [34]: 125 instances contain 50 jobs and 125 instances contain 100 jobs2 from Potts and Van Wassenhove. These problems
were generated as follows: for each job j (j = 1; : : : ; n) an integer processing
time pj from the uniform distribution [1, 100] and an integer due date dj
from the uniform distribution

X
n
n
X
RDD
RDD
pj  (1 ? TF + 2 )
pj  (1 ? TF ? 2 );
j =1
j =1
are generated. The hardness of a problem depends on the tardiness factor,
denoted by TF and the relative range of due dates, denoted by RDD. Both,
the values for TF and RDD are taken from the set f0.2, 0.4, 0.6, 0.8, 1.0g.
The problem set contains ve instances of size n = 50 and ve instances of
size n = 100 for each combination of TF and RDD, i.e., 125 instances for
50-jobs-problems and 125 instances for 100-jobs-problems in total.
As mentioned in Section 4.2 we implemented ACS, a more recent ACO
algorithm that uses a slightly altered transition rule as opposed to the general one presented in equation (1) in Section 4.1. Here an arti cial ant selects
job j to be processed on position i as follows:
(

n

o

if q  q0
(8)
J
if q > q0
where q0 2 [0; 1] is a tunable parameter, q is a random variable, uniformly
distributed over [0,1], and J is a job selected according to (1). In other words,
for q  q0 the "best" job in terms of trail and visibility is exploited, whereas
for q > q0 , a "good" job is explored.
In our tests we used MDD for the heuristic information ij although
tests with problem size n = 50 showed that L-MDD yields slightly better.
As a very modest improvement of the results caused an increase of the run
times by a factor of approximately 30, we refrained from applying L-MDD.
Furthermore, we used 20 arti cial ants and the following parameter settings:
= 1, = 2, q0 = 0:9 and  = 0:1. Preliminary tests showed that applying
swaps as local search procedure to each solution generated by an ant yields
the best results, but is computationally very expensive. For that reason we
used the less costly iteration-best variant, i.e., the local search procedure was

j=

arg maxh2 [ih ] [ih ]

2 We would like to thank H.A.J. Crauwels for providing the benchmark problems as
well as their optimal solutions.
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applied only to the best solution of each iteration. In Table 1 we compare
the results of the ACO approach with two other heuristic approaches and
show in detail results obtained applying NBR and PSK to problems of size
n = 50 ([36], pp. 541). We report the best solution found as well as the
result obtained for ve ACO test runs for each instance, leading to 625
runs in total. Our ant algorithm generated optimal solutions for 124 out
of 125 problem instances. The 609 optimal solutions (out of 625) and the
low average deviation of 0.0060% may be interpreted as an indicator of the
robustness of the approach.
TF
0.2
0.2
0.2
0.2
0.2
0.4
0.4
0.4
0.4
0.4
0.6
0.6
0.6
0.6
0.6
0.8
0.8
0.8
0.8
0.8
1.0
1.0
1.0
1.0
1.0

NBR (100)
RDD opt. dev.(%)
0.2
5
0.00
0.4
5
0.00
0.6
5
0.00
0.8
5
0.00
1.0
5
0.00
0.2
1
2.10
0.4
0
2.12
0.6
1
0.72
0.8
4
1.58
1.0
5
0.00
0.2
1
0.69
0.4
1
1.75
0.6
0
2.00
0.8
1
1.20
1.0
1
2.83
0.2
0
0.26
0.4
1
0.12
0.6
1
0.30
0.8
1
0.91
1.0
1
0.70
0.2 n/a
n/a
0.4 n/a
n/a
0.6 n/a
n/a
0.8 n/a
n/a
1.0 n/a
n/a

44/100 0.86

PSK (100)
ACO (125)
ACO (625)
opt. dev.(%) opt. dev.(%) opt. dev.(%)
3
3.48
5
0.00
21
0.0590
5
0.00
5
0.00
25
0.0000
5
0.00
5
0.00
21
0.0090
5
0.00
5
0.00
25
0.0000
5
0.00
5
0.00
25
0.0000
0
5.11
5
0.00
25
0.0000
0
2.12
4
0.01
20
0.0802
1
1.36
5
0.00
25
0.0000
3
1.58
5
0.00
25
0.0000
5
0.00
5
0.00
25
0.0000
0
4.26
5
0.00
25
0.0000
0
2.84
5
0.00
25
0.0000
0
3.62
5
0.00
25
0.0000
1
1.64
5
0.00
25
0.0000
0
1.88
5
0.00
25
0.0000
0
3.83
5
0.00
25
0.0000
0
0.46
5
0.00
25
0.0000
2
0.19
5
0.00
25
0.0000
2
0.08
5
0.00
22
0.0019
3
0.01
5
0.00
25
0.0000
n/a
n/a
5
0.00
25
0.0000
n/a
n/a
5
0.00
25
0.0000
n/a
n/a
5
0.00
25
0.0000
n/a
n/a
5
0.00
25
0.0000
n/a
n/a
5
0.00
25
0.0000
40/100 1.62 124/125 0.0004 609/625 0.0060

Table 1: Detailed comparison of ACO with NBR and PKS (n = 50)
Table 2 shows a comparison on the basis of problem size n = 100. Aggregated results of ACO are compared with reported results in literature
generated by 13 di erent leading heuristics. All problem instances were
generated using the method by Potts and Van Wassenhove [34] described
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above but the problem instances were not identical. From [34] we took the
results of the following procedures: Wilkerson-Irwin (WI), four decomposition heuristics (DEC/EDD, DEC/WI/S, DEC/WI/D, DEC/RS500), two
descent methods (DES and DESO), and two simulated annealing approaches
(SALM and SAPW). Furthermore, we took the results for NBR, modi ed
NBR (M-NBR), PSK and composite M-NBR/PSK from [35]3 . We characterize the results for each procedure by the size of the data set, the number of
optimal solutions found and the mean relative deviation from the optimum4 .
Russell and Holsenback [35] performed their experiments on a reduced set
of 85 instances5 containing 100 jobs each.
Only our ACO algorithm was able to solve all 125 test instances optimally. The M-NBR/PSK composite heuristic, which applies M-NBR as
well as PSK and selects the better of the two solutions obtained, performs
well in terms of deviation, but solves only 31 out of 85 instances optimally.
Regarding the other criteria, the number of optimal solutions, DEC/WI/D
comes closest (98 out of 125), but is still outperformed by our ant algorithm.
A simulated annealing approach, developed by Ben-Daya and Al-Fawzan
[4] was applied to selected problem instances (100 jobs) with a tardiness
factor TF=0.6 and a range of due dates RDD 2 f0:4; 0:8g. Their approach
yielded an average deviation of 0.75% only (cf. [4], p. 65) whereas ACO has
an average deviation of 0.00%.

4.5 Possible Extensions

As mentioned in Section 2.2 the generalization of the SMTTP is the Single
Machine Weighted Total Tardiness Problem [34].
The goal is to nd a proP
cessing order of the given jobs that minimizes nj=1 wj Tj , i.e. with minimum
total weighted tardiness, where wj is the weight of job j . Lawler [27] and
Lenstra et al. [28] showed that the generalization of the SMTTP, the Single
Machine Weighted Total Tardiness Problem, is strongly NP-hard. Potts and
Van Wassenhove [33] use a branch and bound algorithm, and Aktuerk and
Yildirim [2] present a lower bounding scheme whereas Crauwels et al. [12]
propose several local search procedures to solve this problem. Matsuo et
3 See [34, 35] for details concerning these procedures.
4 We do not report actual computation times as our implementation was not meant for

high-speed computing but for maximum exibility. Based on our experience we estimate
computation times of 10 seconds for an ecient PC-implementation. This means that
our ACO algorithm is not as fast as the other heuristics, but this drawback is more than
compensated by the better results.
5 For TF=1.0 no instances at all, and for TF=0.2 only 10 instances with RDD
2 f0 2 0 4g were generated.
: ;

:
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Data Number Mean
set of optimal relative
size solutions deviation
WIa
125
54 1.28%
DEC/EDDa
125
44 4.03%
DEC/WI/Sa 125
61 0.59%
DEC/WI/Da 125
98 0.16%
DEC/RS500a 125
78 0.15%
DESa
125
43 0.19%
DESOa
125
80 0.20%
SALMa
125
23 0.84%
SAPWa
125
37 0.73%
NBRb
85
16 1.91%
M-NBRb
85
24 1.21%
PSKb
85
22 2.04%
M-NBR/PSKb 85
31 0.0075%
ACO
125
125 0.0000%
Procedure

a Potts and Van Wassenhove (1991)
b Russel and Holsenback (1997a)

Table 2: Comparison of ACO with leading heuristics (n = 100)
al. [30] use Simulated Annealing to solve the weighted SMTTP and nd
that a systematic search of the neighborhood outperforms a random search.
In current research we apply ACO to the Single Machine Weighted Total
Tardiness Problem. The weights are incorporated into the visibility function,
e.g., if the EDD rule is applied the weighted problem would formally read
as: ijw = wdjj . We expect results of comparable quality like we obtained for
the SMTTP.
In a further research focus in the eld of machine scheduling we apply
ACO to problems where a set of jobs with sequence dependent setup times
has to be processed on parallel machines. The aim is to nd a schedule with
minimal makespan.

5 Conclusion
Ant Colony Optimization (ACO) is a novel meta-heuristic and multi-agent
approach that has shown good results in various combinatorial optimization applications, such as traveling salesman, vehicle routing, graph coloring, quadratic assignment, ow and job shop scheduling. In this paper we
present a further ACO application and adapt ACO to solve a well-known
machine scheduling problem: the Single Machine Total Tardiness Problem.
15

We integrated Modi ed Due Date (MDD), a problem-speci c procedure, as
the heuristic criteria and performed a pairwise swap as a local search procedure on an iteration-best basis. Our adaptation of the ACO algorithm
yielded very good results for large problem sizes and outperformed all leading heuristics.
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