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Abstract

Many recent algorithmic approaches suffer from their limited appli-
cability to dynamic scheduling scenarios. Genetic Algorithms have been
shown to overcome this problem at the expense of searching less efficient.
We propose a flexible dispatching procedure which is controlled by a Ge-
netic Algorithm. For this algorithm we investigate the impact of scaling
the search space heuristically. Then we apply a temporal decomposi-
tion to the dynamic scheduling problem and discuss efficiency issues of
the resulting adaptive algorithm. Finally we compare the outcome with
priority-rule based dispatching and with other adaptive approaches re-
ported in literature.

Keywords: Dynamic Job Shop Scheduling, Genetic Algorithm, Priority Rules,
Tunable Dispatching, Search Space Decomposition

1 Introduction

Within the last two decades an enormous progress in scheduling research is
observed. Attracted by the difficulty of NP-hardness, academic research has
predominantly focused on standard optimisation models. For these models,
very efficient heuristics, often based on local-search, have been developed [6].
Their success can be explained by the simplicity of the objective and constraints
which allow the formulation of sophisticated neighbourhood definitions. Unfor-
tunately, the efficiency of such neighbourhoods gets easily lost if real-world
constraints stemming from specific production requirements and additional job
data are involved in the optimisation.

Also research on job shop scheduling has concentrated on a standard model
which permits to take advantage from a sophisticated schedule representation
know as the disjunctive graph formulation [1]. For this model local-search algo-
rithms like Simulated Annealing and Tabu Search have been applied with great
success [2]. Unfortunately this formulation restricts application to makespan
minimisation problems. While these developments have not found their way
into practise, todays management of scheduling systems still relies on priority
rule based dispatching.

Priority rules have been studied intensively already in the early days of
scheduling research. Different to recent work, rather complex simulation models
have been used to verify the value of a rule under specific conditions. However,



the relation between applying a certain rule and pursuing a certain objective
is not always clear. At the extreme, the control of the dispatcher may even
contradict the scheduling objective. Therefore it is desirable to integrate the
dispatching activity into an optimisation framework which allows to adapt the
decision making process.

A flexible framework for adaptive search is provided by the Genetic Algo-
rithm (GA) paradigm. Its basic idea is to search an encoded solution space by
performing syntactical operations on a population of candidate solutions. Since
this framework is problem independent to a large extent, is has been applied in
almost all fields of optimisation. For many problems GAs have proven powerful,
although for job shop scheduling GAs turned out less efficient. For real-world
scheduling scenarios however, their universal applicability may warrant GAs to
become a serious alternative to priority rule based dispatching [19].

In this paper we propose a pretty standard GA utilised for dynamic job shop
scheduling. The GA evolves encoded priorities for operations which then con-
trol the dispatching activity. We address the issue of GA weakness by proposing
two passable ways of cutting down the search space of a scheduling problem.
Although a decrease of the search space may exclude optima from being con-
sidered, the GA can benefit from searching a smaller space.

A benchmark set of dynamic job shop scenarios is available from [24]. Release
dates, due dates and job weights are considered which allows to pursue flow-time
as well as tardiness related objectives. Since neither optima nor adequate lower
bounds are known for these problems, one may suspect that a GA is the first
choice only because of the absence of other rivals. Fortunately the benchmarks
have already been tackled by two other approaches [16, 21] which provide a
basis for comparison.

In Section 2 we introduce the dynamic job shop model before we present the
benchmark set in detail. In Section 3 we discuss priority rules and present results
obtained for the benchmark set. Next we describe the GA in Section 4 before we
list results obtained with two different dispatching procedures. In Section 5 we
describe a tunable dispatcher introduced in [29] and already used within a GA in
[8]. This dispatcher is capable of scaling the search space through a continuous
parameter and can produce schedules in the range of non-delay to active ones.
By means of this instrument we reveal a GA weakness and propose a remedy. In
Section 6 we engage a temporal decomposition for dynamic scheduling problems,
compare [27], to further reduce the search space. Again we exclude parts of the
search space by enhancing the GA capabilities at the same time. In Section 7
we compare the results obtained with other approaches before we conclude.

2 Dynamic Job Shop Scheduling Problems

Practical scheduling problems tend to be of dynamic rather than of static na-
ture. In industrial production jobs are released for being processed with respect
to capacity constraints, material supplies and costumer demands. Usually a
release-date is announced for a job which denotes the earliest possible starting
time of processing the first operation of that job. A due-date is assigned to the
job indicating a point in time at which a job should be completed in order to
keep the projected date of delivery. The planning further considers priorities
among the jobs. Such priorities indicate the effort which has to be spent on



completing a job on time with respect to the importance of a certain customer.

In this context, makespan minimisation is no adequate measure of schedule
performance, because the makespan crucially depends on the job with the latest
release-date. A flow-time dependent criterion can be used instead for schedule
evaluation. This makes sense if a moderate work-in-process is pursued for rea-
sons of shop floor flexibility or inventory-holding costs. Furthermore due-date
oriented criteria are considered which stems from the desire to improve costumer
service or to avoid penalties for late deliveries.

2.1 Modelling Dynamic Job Shops

The standard job shop model considers n jobs to be processed on m machines
[14]. The processing of a job on a certain machine is referred to as operation.
The operation processing times are fixed and known in advance. Every job is
processed in a prescribed technological order, called its machine routing. In the
standard model every job passes every machine exactly once resulting in a total
of nxm operations. In this research we modify the standard job shop model
towards dynamic scheduling scenarios by considering

e non zero release-dates r; of jobs,
e prescribed job due-dates d;, and
e priorities among the jobs, expressed by weights w; > 0.

Thus, no job can start before its release-date r; and its processing should not
exceed its due-date d;. In the scenarios considered a job does not necessarily
passes every machine, moreover it may pass some machines more than once.

Among a variety of criteria for schedule optimisation, the following objectives
are treated in this study

e the minimisation of the weighted mean flow-time of jobs F,
e the minimisation of the weighted mean tardiness of jobs T,
e the minimisation of the maximum tardiness of jobs Tiax, and
e the minimisation of the weighted number of tardy jobs Th.

A definition of the weighted mean flow-time refers to the completion time
¢; of jobs, which is determined by the starting time of the final operation of
a job plus the associated operation processing time. This figure is used in the
well-known measure

F =

S|+

sz’(ci — T'z'). (1)

The tardiness of a job indicates the time span the completion time overshoots
the projected due-date. Let T; = max(c; —d;,0) denote the tardiness of a job.
Based on this measure, the weighted mean tardiness is defined as

i=1



Table 1: A benchmark set of heterogeneous scheduling scenarios.

no. m m ops A U o0, oy
1 30 3 67 14 0.7 0.1 0.5
2 30 3 60 15 09 04 0.6
3 30 3 126 1.1 0.7 02 0.5
4 30 6 216 16 1.0 03 0.5
5 30 6 292 08 0.2 0.1 0.5
6 30 6 196 10 04 02 0.5
7 50 5 193 15 0.8 0.2 0.3
8 50 5 466 10 0.5 0.1 0.3
9 50 5 211 15 1.0 03 0.5
10 50 8 250 1.5 0.7 0.1 0.6
11 50 8 318 00 04 02 0.3
12 50 & 230 15 09 03 04

A related criteria measures the worst violation of the due-dates
Thax = max{T; | 1 <i <n}. (3)

To define a further measure, let tardy(i) indicate whether job i is tardy or not,
i.e. tardy(i) =1 means job i is tardy (T3 > 0) while tardy(i) = 0 means it is
completed in time. The weighted number of tardy jobs is simply given by

Tn = Zwi tardy(i). (4)

i=1

As it can be recorded easily, this measure is frequently met in practise because
it has a direct relation to the logistical § service-level which designates the
percentage of on-time deliveries.

2.2 Dynamic Scheduling Scenarios

For a computational study we rely on twelve benchmark problems provided with
the “Parsifal” software package in [24]. It can be taken from Table 1 that the
problems no. 1-6 consist of thirty jobs each, to be scheduled on three and six
machines respectively. The larger problems no. 7-12 consist of fifty jobs and five
to eight machines. These problems contain about three times the operations
of the smaller ones. The total number of operations ops is within the range of
nxm. A smaller value of ops (e.g. problem no. 1) indicates that not every job
passes every machine while a larger value of ops (e.g. scenario no. 3) indicates
that some jobs pass a machine at least twice.

The time span between the release-date and the due-date of a job is called
its allowance. Let P; denote the total processing time of a job, i.e. the sum of
its operation processing times. The allowance can be given in percent of the

total processing time

_di—rj
- )

Aj 2 (5)



expressing the tightness of a job’s due-date. Obviously, if A; < 1 a job will
always be tardy. However, completing a job in time is not very likely as well if
Aj; is close to 1. An allowance up to 1.5 indicates a rather tight due-date.

Considering job due-dates alone does not sufficiently reflect the complexity
of a dynamic scheduling scenario. Also the setting of release-dates influences the
problem difficulty. Frequent job releases lead to a high workload, because many
jobs concurrently await processing at a certain point in time. Jobs awaiting
processing at the same machine are conflicting. The more such conflicts occur,
the more interdependent the consecutive dispatching decisions get. This of
course has a strong impact on the difficulty of a scheduling problem.

The observed workload is caused by two independent forces, the arrival pro-
cess of jobs and the scheduling process itself. The former force is described by
the mean inter-arrival-time of jobs

1 n—1
A= 3 Z(WH =) (6)
j=1
Due to the a priori unknown quality of scheduling, the machine utilisation rate
is used to approximate a certain workload situation. Let P denote the average
total processing time of all jobs belonging to a scenario, i.e. P=3_ i b /n. Since

at most m machines are busy in parallel, the utilisation rate is given by

P
U= — (7
A value U > 1 leads to a continuous increase of the workload over time. For
a utilisation ranging from 0.7 to 1.0, challenging scenarios can be expected in
general.

Another typical issue of scheduling scenarios is implemented in the bench-
mark set by the distribution of operation processing times. They do not occupy
the machine capacities uniformly as in most of the standard benchmarks [30].
This is shown by the deviation o, of utilising the machines. An above average
utilised machine will probably turn out as a bottleneck during the scheduling
process. The last column of the table refers to the deviation of job-weights
oy indicating a different distribution of job priorities in the problems. All this
verifies a strong heterogeneity of the scenarios of the benchmark set.

3 Priority Rule Based Dispatching

Recent scheduling systems predominantly rely on priority rules which are found
to work favourable by experience. These components of shop-floor control have
been intensively studied over the last decades. Roughly spoken, each time a
machine gets idle, a dispatcher selects a job among those awaiting processing.
This decisions is taken according to a priority rule.

3.1 Priority Rules

Among the large number of rules proposed [25, 4], we concentrate on three rules
which are known to reduce job flow-times and job tardiness effectively [20]. The
FCFS rule is considered for reasons of comparison.



Table 2: Average performance of probabilistic dispatching for different objec-
tives. The relative improvements obtained against deterministic FCFS dispatch-
ing are shown. Superior measures appear in grey shade.

rule F T Tn Tmax
FCFS 0.000 0.000 0.000 0.000
FCFS, 0.046 0.099 0.097  0.135
S/OPN, 0.023 0.170 0.013 0.327
SPT, 0.083 0.198 0.205 0.075

COVERT, 0.051 0.217  0.129  0.269

FCFS. The first-come, first-serve rule attempts to implement a fair conflict
solver. The outcome of this rule is close to what can be expected from reasonable
decisions while neglecting any particular properties of jobs.

SPT. The shortest processing time gives priority to that operation with the
shortest imminent processing time. Jobs waiting in a queue may cause that their
dedicated successor machine runs idle. SPT alleviates this risk by reducing the
length of the queue in the fastest possible way.

S/OPN. Theslack of a job is defined as the time span left within its allowance,
assuming that the remaining operations are performed without any delay. Since
jobs may wait in front of each machine the rule “slack per number of operations
remaining” gives priority to the job with the minimum ratio of slack and the
number of remaining operations.

COVERT. The cost-over-time rule combines ideas of SPT and S/OPN. It
prioritises jobs according to the largest ratio of the expected job tardiness and
the required operation processing time. In this way it retains SPT performance
but seeks to respect the due dates if jobs are late, compare [28].

Simple modifications of the above rules enable the explicit consideration of
job-weights [31].

3.2 Probabilistic Dispatching

A dispatcher produces a single schedule on the basis of a certain priority rule.
According to [3], a more balanced assessment of a rule results from applying
it in a probabilistic fashion. For this end the priorities assigned to conflicting
operations are used for stochastic sampling. While doing so, multiple schedules
can be produced from one rule by retaining its original character.

To reach first insight into the difficulty of the scenarios the above described
rules are applied probabilistically to every instance for 1,000 times. In order to
report aggregate measures for the entire benchmark set, the best result gained
from the 1,000 runs for a certain problem is set in relation to the outcome
of the deterministic version of FCFS rule. These values, averaged over the



twelve problems, are shown in Table 2 with respect to the four criteria under
consideration.

The results shown for FCFS verify that a probabilistic dispatcher can pro-
duce considerable improvements. We further confirm that SPT is the dominat-
ing rule if the minimisation of F is pursued. This rule also works quite well for
reducing Ty. However, for the other due-date oriented criteria SPT performs
rather weak because it tends to delay those jobs badly which require comparably
large processing times on at least one machine. S/OPN works favourable for
minimising Ti,,«. Here, SPT fails completely and is even outperformed by prob-
abilistic FCFS. In order to minimise 7 the COVERT rule is most suitable. In
summary we can state that probabilistic dispatching improves the performance
of a rule significantly. Nevertheless a general purpose rule is not available which
motivates further research concerning adaptive scheduling techniques.

4 Adaptive Scheduling Algorithm

In this section we subsequently describe GA components, all of them already
known from previous research in Operations Research and Evolutionary Com-
putation. First, the encoding and decoding of schedules is sketched before the
genetic operators are briefly described. Afterwards, the resulting algorithm is
applied to the benchmark set and its performance is compared with the outcome
of probabilistic dispatching.

4.1 The Genetic Algorithm

Literature reports many GA approaches to scheduling, for an overview compare
[10, 11, 22, 26]. An intensive discussion has comprised the design of problem
representations and search operators. Since job shop scheduling is actually a
constrained multi-sequencing problem, a lot of research has concentrated on the
encoding of operation sequences of machines. As a drawback, difficult crossover
operators have to be used in order to enforce the feasibility while recombining
the operation sequences.

Schedule Encoding and Decoding. Instead of operation sequences we en-
code a schedule through priorities of operations. The control of the dispatcher
is driven by priorities among operations which are represented as a permuta-
tion of the operations involved in a problem. Whenever two or more operations
compete for an idle machine, the one is given priority which occurs leftmost in
the permutation. In this way a permutation is used like a complex priority rule.

Like with rule based dispatching, machine schedules are generated such that
no machine is kept idle when it could start processing some operation. Therefore
these schedules are referred to as non-delay schedules. Unfortunately, there are
not necessarily optimal schedules in the set of non-delay schedules regarding
a regular measure of performance. In general, a measure is defined regular if
the objective function value is non-decreasing in the job completion times [14].
Suppose two schedules where the jobs complete no later in the first schedule
than in the second schedule. Then, under a regular measure of performance,
the first schedule is as least as good as the second.
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Figure 1: Precedence Preservative Crossover for a problem consisting of six
operations A-F.

Since F, T, Tpax and Ty are all regular measures of performance, optimal
schedules can always be found in the set of active schedules. In active schedules,
no operation can be started earlier without delaying some other operation or
violating the machine routings. Active schedules are achieved by a slightly
modified dispatching procedure which incorporates the classical algorithm of
Giffler and Thompson [17].

Crossover. Since many sequencing and assignment problems can be encoded
by permutations various permutation crossover operators have been developed [13].
Depending on the particular type of problem, the preservation of absolute or
relative order appears advantageous. For problems which combine sequencing
and assignment tasks, like vehicle routing, the preservation of precedence rela-
tions is assumed favourable [5]. This idea is adopted for scheduling problems
leading to the precedence preservative crossover operator (PPX) [7].

This operator is used in our GA and is therefore described in detail, cf.
Figure 1. A binary vector of equal length as the permutation is filled at random.
This vector defines the order in which the operations are successively drawn from
parent 1 and parent 2. We now consider the parent and offspring permutations
and the binary vector as lists. We start by initialising an empty offspring. Then
the leftmost operation in one of the two parents is selected in accordance to the
leftmost entry in the binary vector. After an operation is selected it is deleted
in both parents and appended to the offspring. Finally the leftmost entry of the
binary vector is also deleted. This procedure is repeated until the parent lists
are empty and the offspring list contains all operations involved.

4.2 GA Based Scheduling

Note that the PPX operator passes on precedences among operations given
in two parental permutations to one offspring at the same rate, while no new
precedences between operations are introduced.

Mutation. In our GA we alter a permutation by first picking (and deleting)
an operation before reinserting this operation at a randomly chosen position of
the permutation. At the extreme, the precedence relations of one operation to
all other operations are affected, but typically a mutation has a much smaller
effect.

The components described above are embedded into the framework of a
simple GA [18]. The measures of schedule performance considered in this paper
refer to the minimisation criteria (1)-(4). Therefore the selection mechanism of



Table 3: Comparison of performance between probabilistic dispatching and two
variants of adaptive scheduling.

schedule quality F T Tn Tax
best probabilistic rule  0.083 0.217 0.205 0.327
mean GA (non-delay) 0.095 0.279  0.259  0.314
mean GA (active) 0.089 0.294 0.295 0.322
standard deviation

best probabilistic rule 0.02 0.07 0.06 0.11
mean GA (non-delay) 0.01 0.02 0.02 0.03

mean GA (active) 0.02 0.04 0.04 0.05
average runtime (sec.)

GA (non-delay) 14 15 7 9
GA (active) 30 30 9 14

our GA is based on inverse proportional fitness. The PPX operator is applied
with probability 0.6, whereas the mutation operator is applied with probability
0.01. A fixed population size of 100 individuals is used.

After a permutation has been decoded, the permutation is rewritten with
the sequence of operations as it has been actually dispatched. In doing so a
faster convergence is enforced. In order to take advantage from a fast conver-
gence, a flexible termination criterion is used. The algorithm terminates after
T generations carried out without gaining further improvements. We confine T'
to one half of the number of operations contained in a scenario. In this way the
algorithm is given a reasonable longer time to converge for larger problems.

The GA is run in two variants, using a non-delay and an active dispatcher.
Both algorithms are run for 50 times for every benchmark problem and every
objective considered. The results obtained are aggregated like already described
in Section 3. Table 3 shows the mean quality, deviation, and runtime of these
computations (measured on a Pentium/200 Mhz). The mean quality is shown
together with the results obtained by the best performing rule, which is taken
from Table 2.

In can be seen that both GAs adapt towards requirements of the different
objectives. With the only exception of T ax, they outperform the most suitable
priority rule in every case. Improvements range up to 7.5% for T and to 9%
for Tn. However, the improvement for F is not remarkable, since already SPT
performs excellent for this objective. Regarding Tmax neither the non-delay GA
nor the active GA is able to produce a schedule comparably good as S/OPN. In
summary, for two out of the four objectives a simple GA can hardly outperform
a priority rule.

Comparing both GA variants, the active GA turns out superior merely for
three criteria. In minimising F the non-delay GA is clearly advantageous. This
finding strikes because non-delay schedules form a true subset of the active
schedules. Conversely, there may exist active schedules of better quality than
the best non-delay schedules. Although within the scope of search, solutions
found by the active GA for F are worse than those found by the non-delay GA.
Here adaptation fails to explore the larger space of active schedules.
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Figure 2: Dispatching interval on machine M’ with § = 2/3.

The standard deviation of the GA results is pleasantly small if compared with
probabilistic scheduling. A small deviation is considered advantageous because
an adaptive search method, different than a priority rule, will be applied only
once under realistic conditions. We have reflected this handicap by reporting the
mean schedule quality achieved. The observed standard deviation consistently
duplicates when switching from non-delay to active dispatching.

Due to the flexible termination criterion used, the active GA is more time
consuming on average than its non-delay counterpart. This is explained by the
larger search space, explored under an active dispatcher. The increase of compu-
tation time corresponds to the increase of the standard deviation observed. The
computation time of the probabilistic dispatcher is of course much shorter. It
solely depends on the number of iterations carried out. By increasing this num-
ber we can approximate the GA runtime, but we will hardly produce significant
improvements anymore.

The robustness of adaptive scheduling concerning the different measures of
performance appears highly attractive. Although quite successful if compared
with priority rule based dispatching, it must be doubted whether the GA results
justify the effort spent so far. Improving the GA capabilities while keeping the
flexibility and broad applicability of the algorithm is the subject of the reminder
of this article.

5 Scaling the Search Space

The common way to improve GA performance focuses on tuning its parame-
ters, i.e. to enlarge the population size, to alter the selection pressure, etc. If
all the parameters are already within useful bounds, the expected improvement
usually does not justify the costs of finding an even more appropriate fine tun-
ing. More universal approaches address the population management, i.e. using
elitist strategies, structured populations etc. Although coming along with some
improvements, such techniques are certainly not able to eliminate the problem
immanent weakness of adaptation. More substantial improvements require an
adjustment of the scope of search, by e.g. modifying the encoding or by inten-
sifying the decoding procedure.

5.1 A Tunable Dispatcher

Following the latter direction it has been noticed in [12] that a non-delay dis-
patcher sometimes produces much better results than an active one. In Table 3
we have made a similar observation for F. This discovery motivates the idea
to vary the scope of search by means of a tunable dispatcher which scales the
range between non-delay and active schedules.

10



Table 4: GA performance using a tunable dispatcher.

) F T Tn  Tmax
0.0 0.095 0.279 0259 0.314
0.2 0104 0319 0276 0.345
0.4 0.111 0.335 0.291  0.356
0.6 0113 0.349 0314 0.372
0.8 0106 0.334 0308 0.353
1.0 0.089 0294 0.295 0.322

Let #' denote the earliest possible starting time of an operation on machine
M'" and ¢' the earliest possible completion time of an operation on that machine.
In the Giffler and Thompson algorithm the set from which an operation is
selected for dispatching (critical set) is defined by those operations which can
start at time ¢t € [t',c¢']. Dispatching operations from the critical set always
lead to an active schedule. By reducing the time span from [t',c'] to [t',c"]
with ¢ < ¢, the set of addressable schedules decreases towards the non-delay
schedules.

In order to control the dispatcher, we introduce a parameter § € [0, 1] which
defines a bound on the time span a machine is allowed to remain idle. At the
extremes § = 0 produces a non-delay schedule, while § =1 produces an active
schedule. Now, the critical set of operations refers to those which can start at
time ¢t € [t' — 6(¢' — t')] as illustrated in Figure 2. For details of an efficient
implementation of this algorithm in order O(n?) see [29]. The appropriate
setting of the dispatching parameter § within our GA remains as an open issue.

5.2 Computational Study

In order to evaluate the tunable dispatcher we use the same experimental setup
as described in Section 4. The GA employs the dispatcher where ¢ is taken from
[0,1] in steps of 0.2. The corresponding results are shown in Table 4. Notice
that the first and the last line (non-delay schedules with § = 0.0 and active
schedules with § = 1.0) already appear in Table 3.

The most striking result is that solutions, much better than those obtained
from non-delay and active scheduling, are found in every case. Regardless of the
particular objective pursued, a value of § =0.6 yields the best mean performance
for the entire benchmark set. Notice that even the maximal tardiness criterion
where S/OPN has produced the best result thus far (The. =3.27), is improved
clearly by 4.5%. SPT, so powerful concerning the mean flow-time criterion
(F = 0.83) is outperformed by at least 3%.

With respect to the heterogeneity of the benchmark set, it can be conjec-
tured that for some problems parameters different than § = 0.6 work best. To
investigate this issue we take a closer look at problems no. 7, 10 and 12 while
varying § for the mean tardiness criterion. In order to achieve comparability
for the three problems, the measure is normalised in the following way. The
worst average performance, produced in 50 GA runs under a particular dis-
patching parameter, is assigned a normalised measure of 0.0. Accordingly, the

11
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Figure 3: GA performance, depending on 4, for three selected scenarios.

best average performance is assigned a normalised measure of 1.0. The further
results obtained by varying d are linearly scaled. This leads to the plot shown
in Figure 3.

The figure confirms the conjecture that the reliability of the GA reduces with
an increasing search space. Starting from non-delay dispatching with § = 0, the
increase of § improves the quality for all three problems. Previously excluded
solutions are now included into the scope of the search while the GA still works
sufficiently well. Beyond a certain value of §, a further increase of the search
space leads to a deterioration of the solution quality.

The above finding strikes because increasing § potentially introduces solu-
tions of better quality into the search space. However, increasing d incorporates
a few solutions of superior quality at the expense of including a vast majority
of inferior solutions into the scope of search. If § comes close to 1 the GA nei-
ther finds newly included solutions of superior quality nor is it able to identify
solutions which have already been found with smaller values of §.

We find different values of § to be most suitable for the three scheduling
scenarios under consideration. These critical values, where the capabilities of the
GA are exhausted, indicate the specific intractability of a scenario. The more
difficult a problem is, the smaller the critical value of § gets. Unfortunately,
the difficulty of a problem is unknown in advance. Therefore the choice of an
appropriate dispatching parameter remains as a matter of experience [23].

The computational demand of the GA also depends on the parameterisation
of the dispatcher. Using §=1 yields the largest search space which requires the
longest computation time. Accordingly, § = 0 leads to a significantly shorter
computation time. The average runtime needed for a particular objective under
a varying 6 can be taken from Table 3 by a linear interpolation of the values
shown in the two bottom lines.

To summarise, we have seen that decoding active schedules within an adap-
tive framework does not always yield superior results. The reliability of adap-
tation obviously depends on the complexity of the space to be searched. Fortu-
nately, the scope of this space can be scaled continuously. This feature enables
the GA to find schedules of satisfying quality at reasonable computational costs
even for complex scheduling scenarios.

12



6 Temporal Problem Decomposition

In practise, another way of pruning the search space is known since long. Opti-
misation of management tasks often involve complex models and large data sets
which cannot be solved adequately. Therefore decomposition approaches are
acquired which divide an overall planning problem into solvable optimisation
problems. A temporal decomposition into planning periods is an appropriate
way to treat large scheduling problems. Jobs are grouped according to their
release-dates into daily, weekly or monthly planning periods. Then the various
subproblems, each comprising a certain period, are solved consecutively on a
rolling time basis. In the following we apply this decomposition technique to
the scheduling scenarios to gain a further reduction of the search space.

6.1 Generating Subproblems

In order to achieve a temporal decomposition for a dynamic scheduling prob-
lem the jobs are enumerated according to their release dates. This sequence is
divided into € periods (degree of decomposition) such that all periods contain
approximately the same number of jobs. The jobs of the first period belong to
the first subproblem of the overall scheduling problem. Solving the first sub-
problem leads to a table of starting times for the operations involved. The
second subproblem consists of all jobs which are released in the second period.
Additionally, it comprises those operations of the first subproblem which have
starting times larger than the release date of the first job in the second sub-
problem.

The detailed steps of generating a sequence of subproblems over time are
summarised below. Here ¢ denotes the earliest release date of a job in a planning
period.

1. Remove all operations started before ¢ from being considered.
2. Remove a job if all of its operations have been removed already.
Adjust the release-dates of jobs begun but not completed.

Adjust the earliest time of availability for machines busy at ¢.

A

Add all jobs released in the current period to the problem data.

The control structure of GAs as depicted in Figure 4 allows a straight-
forward integration of the above procedure [9]. The production process is viewed
as being loosely coupled with the adaptive search process performed by the GA.
This search is suspended after the GA has met the flexible termination criterion.
The best solution of the population is used as a schedule for the period. After
its implementation the GA population is adjusted according to the requirements
of the subproblem of the next period. This procedure requires two simple steps.

1. Operations which are no longer part of the current subproblem are deleted
in all permutations of the GA population.

2. Operations of jobs released in the next period are randomly inserted in all
permutations with respect to their machine routing.
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Figure 4: The GA control structure for dynamic production scheduling.

The population of schedules serves as a memory for the production process.
Different to other algorithms which might be used for solving the subproblems
consecutively, the GA starts searching from the scratch in the first period only.
In later stages, the already scheduled backlog of a period is used to bias the
adaptation process for the next period.

6.2 Computational Study

For a computational study the scenarios presented in Table 1 are stressed again.
The decomposition degree €, used to solve a scenario, affects the size of the
space that has to be searched in the consecutive subproblems. Obviously, the
larger € is, the smaller the search spaces get. Using a very large decomposition
degree leads to tiny subproblems which can be solved effectively. At the same
time this large decomposition degree reduces the horizon of planning which can
deteriorate the overall schedule quality again. In order to discover a reasonable
trade-off between the size of the subproblems and the planning horizon, we vary
the degree of decomposition by e=1,2, 3,6 for the scenarios.

Like before the dispatcher is parameterised from non-delay scheduling (§= 0)
to active scheduling (§= 1) by steps of 0.2. Again, the GA is run for 50 times on
the twelve scenarios and the four different objectives each. As in the previous
computations a value of § =0.6 works best on average. The aggregated results
obtained for this setting are shown in Table 5 with respect to a variable degree
of problem decomposition.

Under € =1 the test problems are solved at a whole. The corresponding
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Table 5: GA performance using a variable degree of problem decomposition.
The dispatcher is parameterized with § = 0.6.

F T Tn  Tmax
0.113 0349 0314 0.372
0.115 0.348 0.319 0.382
0.115 0.345 0313 0.384
0.114 0340 0300 0.381

D W NN~ m

results in the first line of Table 5 are already known from the line shown for
6 =0.6 in Table 4. It strikes that a larger € hardly effects the solution quality.
In some cases a higher degree of problem decomposition even increases the
quality, although the increase is not significant. The loss of quality caused by
decomposing a scenario and the gain reached by supporting the GA capabilities
are almost balanced. The adequate tuning of the dispatcher has already pruned
the search space such that a benefit due to an additional decrease of the search
space is limited.

Also a loss of quality which is caused by the problem decomposition appears
to be limited. The amount of backlog passed from subproblem to subproblem
can be taken as a clue on the potential losses. The backlog rate is high in con-
gested shop floors, a situation which is modelled via a high utilisation rate. For
the scenarios considered, the mean utilisation rate U = 0.83 is rather moderate,
cf. Table 1. Even under ¢ = 6 the average backlog rate observed comprises
about 10% of the operations belonging to a subproblem. This pleasantly low
percentage explains the results obtained.

Let us now have a look at the computation times needed to solve the sce-
narios under a variable degree of problem decomposition. We have already seen
that computation times increase approximately linear with an increase of the
parameter §. Recall that increasing § leads to an enlargement of the search
space. Increasing € will have an opposite effect as it actually reduces the scope
of search with a higher degree of problem decomposition. Thus one can expect
savings of runtime by increasing the parameter €.

The above conjecture is confirmed by Figure 5 which shows the average GA
runtime for the scenarios with respect to the different combinations of § and e.
The figure presents the measures taken for 7. The relation between the individ-
ual measures are transferable also to the three other objectives considered. We
already know from Table 3, that F requires more or less identical computation
times. The measures for the remaining objectives T and Thax approximately
halve the height of the columns.

The computation takes about thirty seconds for € and § both set to one.
A decrease of § as well as an increase of € shorten the computation time to
a fraction of the original amount. Cutting a problem into two subproblems
already effects a gain larger than the one obtained by changing from an active
dispatcher to a non-delay one. The issue of computation times by far justifies
the temporal problem decomposition.

Summarising, we end up with an adaptive algorithmic setting, which is much
more efficient compared to the original GA approaches. Against a simple GA

15



SpUDIss

Figure 5: Average GA computation time (sec.) needed under different param-

eterisations to solve a single scenario. Results are shown exemplary for the T'
objective.

a strong improvement of quality is observed in all cases while cutting down the
computation time considerably. Although setting the parameters appropriately
remains as a matter of experience, we have shown that the algorithm is robust
concerning the parameterisations of ¢ and e.

7 Relation to Previous Approaches

In order to assess the improvements gained so far we compare the performance of
our GA with other evolutionary approaches to dynamic job shop scheduling. In
two recent papers [16, 21] six of the twelve scenarios have been tackled. There-
fore we are able to compare the best results found over the entire computational
study with results published in literature.

7.1 Discussion of Approaches

Beside priority rule based dispatching, Fang et al. have applied two different
adaptive approaches to the scenarios. The first method is a stochastic hill-
climbing algorithm which works quite similar to an Evolutionary Strategy with
one parent and one offspring. This algorithm performs 35,000 schedule eval-
uations. As a second method, a GA previously described in [15] is used. To
provide a universally applicable algorithm, tailored operators are omitted in this
approach in favour of standard techniques such as a permutation representation
of machine sequences and the uniform crossover operator. The GA also uses a
flexible termination criterion, nevertheless the GA effort is limited to 100,000
evaluation performed.

In contrast to Fang et al., Lin et al. have designed a highly sophisticated GA.
This algorithm takes advantage from a whole bunch of evolutionary computation
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techniques, such as a direct problem representation which encodes the operation
starting times, tailored genetic operators, and a structured population model.
To cope with the high computational demand of 1.125 million evaluations, the
algorithm is parallelised.

7.2 Comparison of Results

Since both previous studies present results merely for six out of the twelve
scenarios, we confine ourselves in the same way (the scenarios not listed here
process two or more operations of the same job on a certain machine). For the
reminder it is important to recall that scenario 1 and 2 consist of less than one
third of the operations to be scheduled in the other four scenarios 7, 9, 10 and
12, see Table 1. We therefore distinguish between “small” and “large” problems.

According to the computation time reported in Table 3 we can divide the
objectives into two groups, namely the mean-objectives {F, T} and {Tn, Tinax }-
As mentioned before, the computation time of the former group is about twice as
long as the one observed for the latter group. In other words, the GA generates
about twice the number of improvements for the former group. This indicate
the particular difficulty of pursuing the {F,T} objectives.

Table 6 reports the best solutions found by Fang, Corne and Ross (FCR),
Lin, Goodman and Punch (LGP), and Mattfeld and Bierwirth (MB). We also
list the best outcome of probabilistic priority rule dispatching (RULE).

Let us first have a look at the results achieved by FCR. Regarding {Th, Tmax }
FCR outperforms the best performing rule for every scenario. When pursuing
{F,T} only the small problems can be improved. For all large problems FCR,
is inferior to the best performing rule, which again indicates that pursuing a
mean-criterion in job shop scheduling is a much more difficult optimisation task
compared to one of {Th,Tmax}. For the small problems the best schedules of
mean-criteria have been obtained by the stochastic hill-climbing algorithm.

Summarising, there is a strong indication that FCR is not able to cope
with difficult dynamic scheduling problems. Although we disagree concerning
certain GA components used by Fang et al., we must admit that their approach
is quite similar to our simple GA. Recall from Table 3, that also our GA has
not outperformed the best performing rule in every case. Thus, we state that
simple adaptation is a weak schedule optimisation technique which requires a
substantial support.

Lin et al. report that the small scenarios are solved by LGP at almost the
same level of solution quality which has been already achieved by FCR. Thus
we suppose that the small scenarios are solved to near-optimality by all GA
approaches under consideration. The large scenarios are improved significantly
by LGP in every case. Hence, using advanced evolutionary techniques appears
worth the higher computation times spent.

The GA approach proposed in this paper does not improve any of the small
problems. Probably large populations and sophisticated operators are needed
in order gain further improvements whenever a near-optimal level of quality has
been reached. Turning to the large problems it is verified that a substantial
progress is still possible. For both objectives of the {Th, Timax} group three out
of four scenarios are improved by MB.

scheduling scenarios are improved significantly. We conclude that a scaling of
the search space can be much more beneficial for GA search than a sophisticated
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Table 6: Performance of different approaches for a subset of the benchmarks pre-
sented in Table 1. The best found schedules, given in terms of the improvement-
rate against deterministic FCFS dispatching, are listed for the various objec-
tives.

criterion problem no. RULE FCR LGP MB
1 0029 0.099 0.099 0.099
2 0.156 0.182 0.182  0.182

F 7 0.088 0.075 0.120 0.131
9 0179 0.166 0.229 0.254

10 0.095 0.084 0.107 0.140

12 0.117 0.109 0.145 0.182

1 0.08 038 0.388 0.379

0.442 0.475 0491 0.484

T 7 0451 0404 0670 0.688
9 0334 0.272 0486 0.499

10 0.308 0.352 0.374 0.428

12 0.393 0361 0.473 0.568

1 0167 0.334 0428 0.423

2 0451 0.550 0.551  0.545

Tn 7 0334 0429 0.627 0.618
9 0.413 0591  0.688  0.750

10 0.154 0300 0.319 0.315

12 0.358 0.609 0.615 0.638

1 0383 059 0.585 0.596

2 0591 0.666 0.666 0.665

Tnax 7 0478 0500 0.646 0.736

9 0383 0455 0574 0.543
10 0442 0455 0.526 0.539
12 0.660 0656 0.685 0.713

outline of the algorithm. Furthermore, take into consideration that the number
of evaluations performed by LGP are on average thirty times the costs of MB.
Considering this enormous gap, it strikes that our GA can produce superior
schedules at all. We take this as a strong indication that even simple adaptation
can succeed if applied adequately.

Definite statements about the efficacy of the compared approaches cannot
be drawn. The three studies are devoted to completely different research goals.
Moreover, the number of the scenarios considered is very small and the number
of runs performed are not comparable, neither mean results nor deviations are
presented in the cited papers. However, the figures presented in this paper
provide a basis of comparison for further research on the benchmarks and may
shed some light on the potentials of the approach presented.
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8 Conclusions

In this paper we have dealt with some aspects of realistic scheduling scenar-
ios and with related performance criteria. We assume that similar scheduling
scenarios occur in shop floors. The heterogeneity of data, constraints and ob-
jectives have so far at least hindered the implementation of recent algorithmic
approaches. GAs offer the opportunity to combine them with traditional dis-
patching procedures resulting in efficient optimisation techniques.

We have shown that the capabilities of GAs to conduct a proper search vanish
with an increasing problem size. This inherent weakness can be alleviated by
a tunable dispatching procedure which proportions the size of a search space
within useful bounds. Although this technique may exclude near optimal and
even optimal solutions from being considered, the positive effects of reducing
the search space do prevail.

A reliable GA-based scheduling system may accept the exclusion of optima
in order to keep the GA working properly on an adequately sized search space.
Whenever the search space exceeds a certain size, the level of solution quality
achieved does not only stagnate but tend to decrease drastically with a growing
scope of search. It remains questionable if computation power and algorithmic
sophistication can make up for the weakness of adaptation. On the other hand,
if adequately tuned even simple genetic search can proceed.

In practice scheduling of activities are performed periodically on a rolling
time basis. This temporal decomposition of a scheduling problem can be ex-
ploited by a GA to decrease the computation time without significant loss of
solution quality. If a production environment changes frequently, unforeseen
events can prevent to execute a schedule any further. From this point of view
the construction of a long term schedule hardly makes sense. Instead treating a
problem in shorter terms by problem decomposition leads to reactive scheduling
system.
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