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Jobs and tool sequencing in an automated manufacturing
environment

P. CHANDRA, S. LI and M. STAN

A practical approach is presented for determining the sequence of jobs and toolsin the
magazine that would be required to process the jobs in an automated manufacturing
environment. Each job hasto be completed before a given due date. The magazine has a
limited capacity necessitating setups which increase the lead times. Processing jobs also
requires an appropriate fixture. Setting up afixture also contributes to the setup times. A
heuristic procedure is developed which determines the above sequences while minimizing
the total setup and processing times. The performance of the heuristic is checked against
optimal solutions for small-size problems while bounds are obtained (based on statistical
lower bounding procedures) on the optimal solution for large-size problems. Computational
results are provided for 155 test problems.

1. Introduction

Issues related to tool management are often ignored while making design and control related
decisions on shop floors. By integrating decisions related to tool inventory, sequencing,
monitoring, etc., with those concerning machines and parts scheduling, firms can reduce lead
times and corresponding costs. Gray et al. (1992) present a taxonomy of such decisionsin an
automated manufacturing environment. In this paper we address the issue of simultaneous
determination of job and tool sequences in an automated manufacturing facility.

The scenario under consideration in this paper can occur in several industrial settings.
Specifically, we have studied a particular configuration at alocal plant which machines wings
and other jobs for different aerospace firms. Each job arrives at this plant with a due date and
requires one or more operations on one or more machines for completion. Each operation
requires a set of cutting tools. Each machine has alocal tool magazine with a capacity ranging
from five to 30 tools. There also exists a central tool storage area on the shop floor which
replenishes the local tool magazines on the machines. Both automatic and manual tool change
systems exist on different machines. Jobs do not carry their own fixtures from one machineto
another; instead, fixtures are located next to each machine. We address the problem of
sequencing toolsin the local tool magazine and jobs that need machining, simultaneously, so
asto minimize the total time to set up the jobs on the fixture, load the tools on to the machine
from the magazine and replace tools from the central tool storage areato the local magazine.
Tool management issues at a machine level have started to attract more attention in recent
years. Operations managers and researchers have now recognized that tool

management affects the productivity of facilities, especially in automated manufacturing
environments (Kiran and Krason 1988, Rhodes 1988, Martin 1989 and Gruver and Senniger
1990). The current research on tool management at the machine level focuses on four issues:
(1) selection of tool equipment (e.g. tool magazines and automatic tool changers); (2)
selection and placement of toolsin a magazine; (3) tool replacement; and (4) tool sequencing
on aflexible machine (Gray et at. 1992).

Thisresearch is related to tool sequencing. Research in tool and job sequencing on aflexible
machine is quite recent and relatively sparse. Tang and Denardo (19883, b) examined a
single-machine problem with limited-size (i.e. capacity) tool magazine. They assumed that
there exists a set of jobs each of which requires a specific set of tools for processing. The
objectiveis to sequence the jobs and tools with a minimum number of tool switches. Bard and
Feo (1989) studied arelated problem of minimizing the total time for setups, tool replacement
and machining for individual batches subject to a constraint on the capacity of the tool
magazine. Their optimization algorithm requires the enumeration of all feasible solutions.
Silver (1990) considered a problem of sequencing afamily of parts on asingle machine where
the production rate for each part is taken as a control variable. Potential cost savings are
identified by slowing down production rate of akey part in the family. Mittal and Lewis
(1989) developed a mixed- integer programming model to minimize the total machine time,
the tool change time, and the tool travel time. The problem is constrained by the tool-life
economics and tool changes due to wear. De Werra and Widmer ( 1990) provided models for
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atool-loading problem in a FM S where tools can be replaced only at the end of agiven
period. Different objectives are discussed but no computational results are provided. Widmer
(1991) used tabu search for solving scheduling problems with tool restrictionsin a FMS.
Veeramani (1992) examined the need for tool rationalization and describes the steps that are
needed for integrating it in a concurrent engineering environment. He provides a new graph-
theoretic method for clustering tools in order to facilitate the standardization of tool
inventory. F or a comprehensive survey of the tool management issues, the reader is also
referred to Veeramani et al. (1992).

In this paper a problem is considered that is similar to Tang and Denardo (19883, b) but
incorporates two additional restrictions. First, each job to be processed may require adifferent
fixture. For example, in machining operations, jobs of different shapes cannot be processed
unless specialized fixtures are used to hold them. Second, each job has agiven due date. It is
interesting to note that few papers on tool sequencing incorporate due dates. It is known that
the tool sequencing problem is an NP complete problem. The addition of due dates makesthis
problem extremely difficult to solve.

In the next section the proposed model is described in detail. In § 3 two different solution
procedures for solving the job and tool sequencing problem are outlined. Section 3.1
describes a dynamic programming based procedure for solving small-size problems while a
randomization heuristic, for solving large-size problemsisgivenin § 3.2. An exampleis
provided in § 4 and computational results are discussed in § 5.

2. Problem description

In this section, a single-machine job and tool sequencing problem is described. Consider a set
OQ obs each of which requires one operation on the machine and which must be processed
beforeits due date. In order to é)erform the operation on each H]ob, the machine requires a
specific tool for processing and a specialized fixture to hold the job. Different jobs may
require the same tool or the same fixture. This assumption is reasonable and intuitive since
operations on some jobs or the job f%eometry may be similar. Also, different jobs may have
the same due date. For example, different jobs may form subcomponents of an assembly. The
magazine in the machine has alimited capacity to store tools. In this paper, it is assumed that
each tool requires the same amount of space in the magazine so that its capacity can be
defined by the maximum number of tools that the magazine can hold. Hence, the tool change
time has two components: (1) time required to replace the tool on the machine from the
magazine if the next job requires a different tool from the job that is being processed
currently; and (2) time required to bring atool from the tool room (i.e. the central tool storage
area) if the tool required for the next operation is not in the magazine. Intuitively, the tool
change time can be reduced by sequencing those jobs that require the same tools adjacent to
each other if the required fixtures and the due dates are not considered.

The problem becomes complicated when the fixture change time isincluded. As mentioned
earlier, different jobs may need different specialized fixtures. Thus, a certain amount of time
iswasted in changing fixtures. Similarly, if only the fixture change timeis considered, we can
reduce it by sequencing the jobs that require the same fixture adjacent to each other.

The issue is made more complex when the tool change time, the fixture change time and the
due dates are considered simultaneously. The objective of the problem isto find an optimal
sequence of jobs that minimizes the total time of changing tools and fixtures and guarantees
that jobs will be processed before their due dates.

Next, we introduce the notation and provide a nonlinear programming model for this problem.

Parameters
N = number of different jobs that need to be processed
M = number of different tools that are required to process the N jobs

L = number of different types of fixtures that are required to hold the N jobs C=maximum
number of tools that the local tool magazine can hold
I ,j=index forjobs, i=lI,...,N; j=1,....N
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r=index for tools, r=1,...,.M

s=index for fixtures, s=1,...,.L

di=due date of job i

Pi=processing time of job i

S=time required to bring atool from the tool room to the tool magazine U=time required to
replace the tool on the machine from the magazine V = time required to change a fixture on
the machine

b;. = 1if jobi requirestool r
{ o otherwise

fis

1lif jobi requiresfixtures.
{o otherwise

e 1 x M matrix with element 1

H = avery large positive number

Variables

Zi= ; lif jobj precedesjobi
{ 0 otherwise

Y = {1 if atool is brought from the tool room to processjob i
0 otherwise

Ti= { 1if the current tool on the machine is replaced with another in the magazine to process
jobi

0 Otherwise
F= { If afixture changeisrequired when jobi is processed

0 otherwise

Xi = start timeto processjob i

TP, = total processing and set up timefor job i

M; =M x 1 matrix indicating the status of the tool magazine (i.e. which tools arein the
magazine) when job i is processed. The value of an element in the matrix is either | or O
depending on whether the tool isin the magazine or not when job i is processed.

Hence, we can define;

1 ifr#k
Wa= h"_;‘; Zibn _{l.'l otherwise
: I ifss#i
E"T‘r"_lg. Zal -_{[I otherwise

2.1. The model

The job and tool sequencing problem can be formulated as follows:
(Pl) min 3 (SY;+ UTi+ VFi)
[

subject to

eM;<C i=1,...N (1a)
WjiSTi izl,...,N;jzl,...,N (1b)
jSSFi i:l,...,N;jzl,...,N (lC)
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Mi- T ZiM)+<CYi =N (1d)
&
SY,+UT,+VR+P=TP  i=1..N 23a)
X; +TP < d i=1,...N 2h)
Xi —X; = TR, — H(1-Z;) i=1.. N:j=1,..N 20
X, TP =20
Wii, Qii, Zji, Yi, Ti, R O0{0,1} 3

The constraints fall into two categories: the first group (1 a-d) is concerned with the capacity
of the magazine and the tool and fixture changes while the second group (i.e. 2 a--c) satisfies
the due dates and establishes the precedence rel ationships.

Constraint (1 @) is the magazine capacity constraint where M i indicates the tools in the
magazine when job i is processed. The product of eM; represents the total number of toolsin
the magazine. This number cannot exceed the magazine capacity, c. In constraints (1 b) and
(1 c), respectively, the integer variable T ; or F ; isforced to be 1 if atool switch or afixture
changeisrequired elseitisset to 0. 1'; in constraint (1 d) becomes 1 if the tool needed to
process job i isto be brought from the tool room and is O otherwise. Note that M ; indicates
the tools in the magazine when job j is processed and M; indicates the tools in the magazine
when jobi is processed. Constraint (1 d) also ensures that the number of tools that can be
replaced in the magazine at atime does not exceed the magazine capacity, c. In the second
group, constraint (2 a) sums up the total time required to processjob i. Constraint (2 b)
ensures that job i is completed before its due date while constraint (2 ¢) enforces the
precedence relationship. The non-negativity requirements are given in constraint (3).

The objective function minimizes the total time for tool replacement from the central tool
storage, tool change on the machine and fixture change. Notice that P1 is anonlinear integer
problem. There exist computational difficultiesin solving Pl directly given that a number of
variables are implicit (e.9. M; and M ;; Q; and Wji. However, when the number of jobsis
small (say, < 10), we can solve Pl using dynamic programming, which is discussed in § 3.
Large-size problems are solved using heuristics that are also described in the next section.

3. Solution procedures:
In this section, two solution procedures that are devel oped to solve different size problems are
discussed. For small-size problems, a dynamic programming procedure is used to obtain
B’[I mal solutions. For large-size problems a'randomization heuristic' has been devel oped to
tain bounds on the optimal solution. In 8 3.1, the dynamm programml ng procedureis
discussed and in § 3.2 the 'randomization heuristic' is presented

3.1. Dynamic programming procedure
The following additional notation isintroduced:

Ci: completiontimeof jobi,i=12,...,N

{1,2,3,...,N}: set of N jobsto be processed

(1,2,3, ..., N): optimal sequencefor jobs1,2,3, ..., N

Q = set of jobs containing job i

0(Q)=minimum time sequence which starts with a dummy job O and ends at job i.

Thus for any set Q, the objective isto choose ajob i that will minimize the total tool and
fixture change time for the set Q. The total time is the sum of processing and set up time
required by job i plus the minimum time of an optimal sequence of jobsin Q without job i.
The recursive expression is given as follows:

{Q) = min {[XQ- {i})+ TPi}
i0Q
Cédi
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Notice that ((Q- {i}) is the minimum time found by optimally sequencing jobsin set Q
(without job i). Animplied restriction is that for a sequence of (I, 2,3, ..., N), due dates of all
the jobs should be satisfied. It is easy to verify that the dynamic programming approach can
only be used to solve small-size problems since the complexity of a problem with N jobsis
O(N?2Y). However, the optimal solutions obtained from the dynamic programming solution
procedures can be used to examine the quality of our heuristic solutions for small-size
problems. The results are discussed in 8 5.

3.2. Randomization heuristic

In this section an approximate procedure for solving the job and tool sequencing problemis
outlined. Statistical lower bounds are determined, based on the ordered sequence of the

sol utions obtained from the randomization process. The randomization heuristic takes the due
dates, time to process the jobs and their tool and fixture requirements as given. It
simultaneously determines the sequence of jobs for processing and the sequence of tools that
are needed for processing so as to minimize the completion time (total setup times for
changing tools and fixtures).

A 'period' is defined as the time slot between two consecutive due dates. Let t = index for a
period which ends on the t th due date, i.e.

t = 1 represents the time interval between zero and the first due date
t = 2 represents the interval between the first and second due date; etc. The randomization
heuristic can be described as follows:

Sep 1. Find an initial feasible solution
» .Schedulejobs according to the earliest due date rule.

* Perform local improvement: find the optimal sequence within each period by switching
jobsif it leads to reduction in the completion time. We define Toest and Zbest to be the best
solution obtained by our heuristic and the corresponding objective function value
respectively. These areinitialized as follows:

T best = best initial feasible schedule

Zbest = objective function value (i.e., completion time) for Tbest

Als0, let Znextbet=OO and the iteration counter, iter, be set to 1.

Sep 2. Improvement of theinitial solution by a semi-greedy heuristic.
» Initialize the iteration parameters
0 Let liter and Ziter be the selected schedule and the corresponding objective
function value found in the previous iteration of step 2. When iter = 1, Zitee=Zbest
ia%(ejrz Thest
»  Generate new solutions

0 Foreverytandt wheretandt aretwo periodssuchthatt <t’, insert every job |
currently scheduled int’ before every job i currently scheduled in't.

o Determine the slack time (due date-completion time) for the last job currently
scheduled in period t.

o |Ifthe(slack time< Erocess time for job j) then the insertion is 'definitely'
infeasible else check for feasibility (which is described later).

0 Storefeasible insertions and the accompanying objective function values.

» Partition the new feasible solutions (obtained via the insertion process as shown above)
into two sets, S and Sz where

S1 = set of all new feasible solutions whose obj ective function value is < Ziter. S2 = set of all

new feasible solutions whose objective function valueis = Ziter.

Also, let Ziowest = the solution with the lowest objective function value found in
the current iteration (i.e. ZiowestJ{ SUS2}).
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* Neighborhood selection process
0 If S1# ® then create a'neighborhood' that contains al the feasible new solutions
(belonging to S1) whose objective function value is within P% of Z,yyeq.
o If S1 =& then the neighborhood contains the new feasible solutions (belonging to
S2) which are within P% of Zgyes (i.€. > Zjowes Dy @ most p%o).
» .Update solution .
0 Increasetheiteration count, iter, by I.
0 Choose one solution randomly from the selected neighborhood. L et
Tier = New randomly selected solution
Zi = new objective function value for the selected solution .
0 1t ( Ziowes < Znes)then Z next best = Zpey |; and Zpey = Ziowes
lf (Zlowst > Zbeﬂ and Zlowst <Zn®<tbeﬂ then Zne)(tbeﬂ = Ziowest
»  Check for the prescribed stopping limit (number of iterations).
If the iteration count, iter < prescribed stopping limit, repeat step 2, else go to step 3.

Step 3. Calculate lower bounds UsiNg Zye and Zpexpes
If LB = UB, stop else repeat step 2 for a prescribed additional number of iterations
and stop.

The randomization heuristic tries to overcome the disadvantages of a greedy heuristic that
often pushes the solution in a corner from which it is unable to get out. Since the starting
solution for the next iteration is not necessarily the lowest solution of the last iteration, the
heuristic will quite often take the solution process out of alocal minima.

3.3. Lower bounding procedure

The heuristic provides us with an upper bound on the optimal solution value of the jobs and
tool sequencing problem. A deterministic data dependent lower bound is extremely difficult
to obtain. In order to get some sense of the solution quality and to measure how close the
heuristic solution isto the optimal value, statistical methods were used to obtain lower
confidence limits at a given significance level.

For any given instance of the problem, let z be the value of the objective function obtained by
the randomization heuristic (i.e. Zbest Once the procedure is terminated). Let z* be the lower
confidence limit on the unknown optimal solution z*. The aimisto calculate the value of z*
such that

Pr(zx22*)=(l-q)

2 * isthe statistical lower bound at significance level 1-a. Each update of Z, at any iteration
of the randomization heuristic is added to a set of solutions obtained viathe local
improvement process. L et there be n such sol utions when the procedure terminates. Following
Derigs (1985) notation, let the n solutionsbe S, S, ..., Sy and their respective objective
function values (i.e. completion times) be z, 2»,...,zn. S2), S2), --.» Sy aNd Zw), Z(2), ... Z(n)
denote the ordered sequence such that Z) < Z+ 1) for 1< i < n-1. Using n sampleswe
construct 2100 (| - a )% lower confidence limit, Z ** ,on the unknown optimal solution to the
overall sequencing problem, z*. The confidence level a may be interpreted as meaning that
Z* will fail to be the correct lower bound only 1000% of the time.

Several different confidence limit procedures have been developed in literature (see Monroe
1982). We employ the 'limiting distribution approach' to calculate 2* whereby

=2 — Cllzgy— 2y

Such that
Pz — Gz — e =1-a

This approach is based on order statistic rather than on a distribution assumption of the
solution domain. For purposes of illustration, two procedures based on the 'limiting
distribution approach’ are employed for obtaining z*. Robson and Whitlock (1964) and
Boender et at. (1982), have given the following approaches for cal culating the 100(1- [1)%
lower confidence limit for z* that differ in the choice of values for k and C:
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Robson and Whitlock (LB1)

(i) k=2; and (ii) Co=(I-0)/0
Boender et d. (LB2)

(i) k=2; and (ii) Co =(U/((1-0)>1))

Both the above formulae are based on the 'best' and the 'next best' upper bound value
obtained from the randomization procedure. Consequently, our heuristic stores only these two
variables and updates them at each iteration. Finally, upon termination of the procedure, the
lower bound estimate, 2*, is calculated and compared with the upper bound obtained through
the heuristic. In 8 5 we explain the application of these procedures for obtaining statistical
lower bounds.

3.4. Check for feasibility and complexity

At any instant, the state of the system is characterized by the following parameters: the
fixture, the tools in the magazine, and the tool in the machine. Each time ajob is processed
the state of the system is updated in terms of the fixture on the machine, the tool in the
machine and the tool mix in the magazine.

Every time two consecutive jobs require different tools and the tool needed for the incumbent
jobis not in the magazine, we face an optimization problem: which tools to remove from the
magazine and which tools to bring from the tool room in order to minimize the number of tool
changesin future (and consequently the objective function value). We remove the tools which
are least needed and bring those which are most needed. To obtain the number of occurrences
for each tool, we scan the solution from the point when a needed tool is not found in the
magazine until the last job and determine the future need for this tool. These computations are
performed with aworst case complexity of O(N).

Once anew solution is obtained, we verify whether each of the characteristics of the state of
the system are compatible with the job being inserted. If anyone of these requirements for
processing (i.e. the availability of the required tool in the machine/magazine or the fixture on
the machine) is not satisfied then we change the state by bringing the tool to the magazine
and/or exchanging the fixture and/or the tool. These modifications may increase the
completion time of jobsin the period in which anew job isinserted and hence the lateness of
one of the jobs in this period may become positive. Thisiswhy the slack time (due date of
last job in a period -completion time of the last job in that period) gives only the necessary
condition for feasibility.

Asthe jobs are checked one at atime, the overall complexity of checking the feasibility and
computing the objective function value of a solution is no more than O(N?) (or O(N) if the
exchange of toolsis not required). The complexity of the algorithm also depends on the
number of solutions considered. This number is given by

{ Emr.m.J < .r-.ri}

g

where R and R, are the cardinality of the set of jobs currently scheduled in periodst and t’
respectively. This gives an overall complexity of O(N4) for our heuristic.

4. A numerical example

In this section, an example is provided to show the implementation of the heuristics
developed in this paper. The data of this example are as follows:

Number of jobs: 8

Number of tools: 5

Number of fixtures: 4

Paper 365 http://www.decisioncraft.com



A

Capacity of the magazine: 3

Initial tool status of the magazine: (1, 2, 5)
Initial fixture on the machine: 3

Initial tool in the machine: 1

For every problem adummy job is created (whose processing time and due date are set to
zero) to initialize the tool and fixture status. In this example, it is assumed that at the
beginning the toolsin the magazine are 1, 2, and 5; the tool and fixture on the machine are 1
and 3, respectively. This means that the dummy job requires tool and fixture 3. Table 1
provides the tool and fixture requirements and the processing time for this example.

Note that the first job is the dummy job. The three different due dates represent the three
periods. The first period (t = 1) contains the dummy job with due date of zero. The second
period (t = 2) contains four jobs (2-5) with a due date of 60. The third period (t = 3) has four
jobs (6-9) with a due date of 112. In this example, the tool change time in the machineis 4;
tool replacement time to the tool room is 8 and fixture change timeis 5.

Following the EDD rule and local improvement, the initial solution is obtained as follows:

Initial solution: Tret =(1,3,2,5,4,9,7,6, 8)
Objective function value of theinitial solution: Zpeg =101
Job

1 2 3 4 5 6 7 8 9
Tool requirement 1 1 4 5 6 7 8 9 5
Fixture requirement 3 2 4 4 2 1 4 1 3
Processing time 0 2 2 6 3 5 4 7 2
Due date 0 60 60 60 60 112 112 112 112
Period (t) 1 2 2 2 2 3 3 3 3

Table 1. Datafor the eight-job example.

Thetotal time required to complete the eight jobsis 101. Note that, in this heuristic, every
time the tool room is visited two tools are replaced at atime in the magazine. The two tools
brought in are the ones which will be used most recently and frequently. Like any other
replacement rule, this could sometimes lead to an inferior starting solution.

Next, efforts are made to improve the initial solution by looking to insert jobs from each
period (t'>2) before another job in an earlier period (t> 1). Tier= Thest @NA Zjter=2 1eq fOr iter=
1. Since it might not be feasible to insert ajob from alater period to an earlier, the feasibility
isexamined. Thisisdone in two stages. First, calculation of dack time provides away of
evaluating the necessary condition for any feasible insertion. The slack time is the difference
between the due date and the completion time of the last job in that period. If the slack timeis
greater than the processing time of the job to be inserted then the job could be possibly
shifted, and then the feasibility is checked by considering the tool and fixture changesin all
subsequent periods.

Suppose, in the current iteration, we want to insert job 9 from period 3 before job 3 in period
2. Hence, slack time = the due date for job 4 (i.e. the last job currently scheduled in period 2)
-the completion time for job 4. The completion time of job 4 is 52 (which can be obtained by
adding the time spent in one tool room visit, four tool changes, three fixture changes and the
total processing time of jobs 3,2,5, and 4). Since due date for period 2 is 60, the slack timeis
8 (= 60- 52) which is greater than the processing time of job 9 (i.e. 2). Hence, we conclude
that the insertion of job 9 before job 3 may be feasible (the same is true for inserting job 9
before jobs 2, 4 or 5). Now the feasibility of this possible new solution (i.e., 1,9, 3,2, 5, 4, 7,
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6, 8) is checked by determining the additional time required for tool and fixture changes and
by checking if thereis aviolation of any due date. This sequenceisfound to be feasible so job
9isinserted before job 3 and this new solution generates an objective function value of 95
(setup time = 64 and processing time = 31). Since the new solution is better than Z, (i.e. 101)
itisstored in the set S (which contains those new solutions from the current iteration that are
found to be better than the current solution).

In thisiteration (i.e. iter = 1) two other solutions from other insertions whose objective
function values are better than Z;,. are found. These values were 96 and 100. Both these
solutions are added to the set § whose cardinality, now, becomes three. Next, a neighborhood
of the current best solution in § (i.e. Zjowest =95) is created which consists of al the solutions
which are within 15% (our p%value) of 95, i.e. any solution whose objective function valueis
~109.25. In this example, al the three solutionsin S 1 fall in this neighborhood. One solution
is chosen randomly for this neighborhood which forms the starting solution for the next
iteration. In this example, the solution associated with the objective function value of 96 was
chosen randomly. Consequently, for iter= 2, Z,=96. In this case, Z,ey (Which has a value of
101) is updated by the value of Zgueq i.€. 95. Zpesnext IS Updated correspondingly.

The randomization heuristic is repeated for a number of iterations and several new solutions
are generated. The final solution obtained is (1,9,4,7,3,5,2,8,6) with an objective value (or
Zpes Of 70. The dynamic programming procedure also gave the same solution (with the same
objective function value) as the one obtained above by the randomization heuristic.

5. Computational experiments

In this section the results of computational experiments performed to solve the jobs and tool
seguencing problem and to evaluate the performance of the heuristic described in § 3 are
reported.

5.1. Characteristics of problem parameters

Since the task of deciding whether aproblem isfeasibleis as hard as solving it, only feasible
test problems were generated. Three types of test problems were defined: loose, medium and
tight. The difference in the three types of problemsis primarily the difficulty in improving the
initial solution obtained from the EDD rule. The loose, medium, and tight type problems
consist of up to 7, 5 and 3 jobs, respectively, within each due date. The due dates are
generated as tightly as possible within each category.

The test problem sizes range from small to large. Problems with less than 10 jobs are
considered as small-size problems which are solved by both the dynamic programming and
the randomization heuristic procedure. The solutions obtained by the heuristic were compared
with the optimal solutions obtained through the dynamic programming procedure. The
number of jobs in the large-size problems, that were solved by the heuristic, are set at
10,20,50 and 60. The magazine capacity varies with the number of toolsit can hold. Different
capacities (3, 7 and 10 tools) of the magazine were considered in the test problems. Similarly,
different number of available tools (5, 10 and 25) and available fixtures (4, 5 and 10) were
used in the computational experiments.
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5.2. Description of the data sets
For different test problems, the various setup and process times were generated as follows:

(1) The processing time is generated from N(2,8) which is a truncated normal
distribution ranging from 2 to 8.

Dynamic
No. of No. of Magazine No. of Type of programming
jobs tools capacity fixtures problem LB1 LB2 uB solution

66 66 66* 66

25 25 25* 25

6 5 3 4 Medium 47 47 47* 47
28 28 28* 28

43 43 43* 43

47 47 47* 47

35 35 35* 35

7 5 3 4 Medium 51 51 51* 51
38 38 38* 38

46 46 46* 46

47 47 47* 47

44 44 44* 44

8 5 3 4 Medium 55 55 55* 55
52 52 52 48

66 66 66 49

59 59 59* 59

39 39 39* 39

9 5 3 4 Medium 63 63 63* 63
56 56 56* 56

49

49 49 49*
* Denotes optimal solution obtained through the heuristics.

Table 2. Computational results from small-sized problem.

(2) The time to change atool on the machine from the magazine is generated from U(l, 5) whichisa
discrete uniform distribution ranging from 1 to 5.

(3) Thetimeto bring atool from the tool room and place it in the magazine is generated from
u(, 10).

(4) Thetimeto change afixture is generated from U(5, 15).

(5) The value of p, the parameter used to define the neighborhood, was set to 15%.

5.3. Experimental results

The randomization heuristic has been implemented such that adummy job isintroduced (as
thefirst job of any schedule) with processing times and due dates equal to zero. This allows
each job to bethefirst job (in areal schedule) corresponding to the depot in atransportation
problem. This dummy job can represent the initial step or the state of system from an earlier
period.

A total of 155 problems has been tested using the data sets generated as above. Computations
were performed on a SPARC station 2. Twenty small-size problems were solved by both the
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dynamic programming and the heuristic procedures. These results are reported in Table 2. It
should be noted that for 18 of 20 problems, the optimal solution was obtained by the
randomization heuristic. Tables 3-5 report the results for the large-size problems. In each
table the number of the test cases whose upper bounds were found to be equal to their lower
boundsis provided. Note that the sum of those numbers account for 80% of the total test
problems. The two statistical

No. of
cases Deviation from Mean
_ LB =UB the best LB Cotm:(tgg
pr,;lgiec::]s ,\jlgt'Js? f '\(A:gg;z:litnye ,;lc?(')lgf f,i\>l<(t)l'1r0(:s LB1 LB2 Mean Min Max

5 10 3 5 4 5 5 0 0 0 0.58
5 3 5 4 5 5 0 0 0 6.1
5 20 7 10 5 4 4 0.012 0 0.06 5.6
5 3 5 4 4 4 0.058 0 0.29 118.64
5 50 7 10 5 5 5 0 0 0 119.86
5 16 25 10 3 3 0.028 0 0.094 155.18
5 3 5 4 4 4 0.024 0 0.12 361.16
5 60 7 10 5 2 2 0.085 0 0.24 332.44
5 16 25 10 5 5 0.029 0 0.078 338.4

'Mean deviation from the best LB’ means the mean of the deviations of five test problems
between the upper and the best lower bound

(%[ 3 (UB,—max(LBI, LBE.JJD

where UB), LBIj, and LB2; are upperbound and the two lower bounds respectively for problemi).
‘Min deviation' means the minimum deviation between the upper and the best lower
bound among five test problems

(=min [UB;- max(LBL;, LB2;)]).

'‘Max deviation' means the maximum deviation between the upper and the best lower bound among

five test problems
(=max [UB;- max(LBli, LB2;)]).
I
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Table 3. Computational results on tight-type problems.

No. of
cases Deviation from Mean
LB =UB the best LB cor_npu('ur)]g
No. of No. of Magazine No.of No. of . time(s
problems jobs cagacity tools  fixtures LB1 LB2 Mean Min Max
5 10 3 5 4 4 4 0.048 O 0.24 0.46
5 3 5 4 5 5 0 0 0 4.28
5 20 7 10 5 3 3 0.1212 O 0.35 5.2
5 3 5 4 5 5 0 0 0 134.2
5 50 7 10 5 4 4 0.042 O 0.21 131.5
5 16 25 10 5 5 0 0 0 154.84
5 3 5 4 3 3 0.063 O 0.282 341.26
5 60 7 10 5 4 4 0.028 O 0.14 279.54
5 16 25 10 4 4 0.014 O 0.069 301.14

'Mean deviation from the best LB' means the mean of the deviations of the five test
problems between the upper and the best lower bound

1 ]
(‘E[,Zgwﬂf“m”*w' N LEZ,}}D

wh%rle UB)I LBIi, and LB2i are upperbound and the two lower bounds respectively for
problemi

'‘Min deviation' means the minimum deviation between the upper and the best lower bound among
flve test robl ems

mln - max(LB1;, LB2]).

'Max deviation' means the maximum deviation between the upper and the best lower
bound among five test problems
( m|n [UB; - max(LB1;, LB2]).

Table 4. Computational results on medium-type problems.

lower bounds, i.e. LB1 and LB2 are derived using the lower bounding procedure discussed in
the earlier section. While the mean deviations vary among test problems, the maximum mean
deviation is about 10% between the upper and lower bounds. It should be noted that the two
lower bounding formulae that have been used for the purposes of illustration are sensitive to
the uniqueness of optimal solution. They provide arelatively accurate picture of the gap
between the two bounds when multiple optima exist, especially when the value of the solution
isnot very large. The problems that have been solved have multiple optima. In case there
exists a unigque optimal solution then several other procedures can be used for determining the
statistical lower bounds, which are discussed in Derigs (1985), and include those based on
‘extreme- value theory' (e.g. the 'Weibull approach’ of Golden and Alt 1979) or the 'goodness-
of - fit' approach (e.g. Liau et at. 1973). The computational time of the heuristic increases as
the number of jobs increase in the test problems. For the test problems with 10 jobs, the
computational timeis< 1 s. When the number of jobs increasesto 20, the computational time
isabout 4-5 s. The 60 jobs test problems require about 5 min to solve. As a comparison, the
dynamic programming procedure takes around 2 h for solving a 10- job problem.

In conclusion, arather difficult problem often encountered in industry, and which has
implications on the competitiveness of afirm in terms of cost and delivery times is addressed.
Results show the effectiveness of the randomization heuristic for solving large-problems. The
heuristic solution is aso benchmarked against the optimal

Paper 365 http://www.decisioncraft.com 12



A

No. of
cases Deviation from Mean
LB =UB the best LB cor_npu(tw;g
No. of No. of Magazine No. of No. of . time(s
problems jobs cagacity tools fixtures LB1 LB2 ~ Mean Min Max
5 10 3 5 4 5 5 0 0 0 0.46
5 3 5 4 5 5 0 0 0 4.4
5 20 7 10 5 4 4 0.033 O 0.165 5.9
5 3 5 4 3 3 0.10 0 0.457 131.6
5 50 7 10 5 3 3 0.049 0 0.144 119.1
5 16 25 10 4 4 0.014 O 0.071 192.4
5 3 5 4 4 4 0129 O 0.64 345.28
5 60 7 10 5 2 2 0.06 0 0.159 287.9
5 16 25 10 5 5 0 0 0 315.6

'Mean deviation from the best LB' means the mean of the deviations of five test problems
between the upper and the best lower bound

(: .*li[.-i (U B, —max{LBI, Lﬂz.nJ)

yslhere UBI, LBI; and LB2; are upperbound and the two lower bounds respectively for problem
i).

‘Min deviation' means the minimum deviation between the upper and the best lower bound
among five test problems

(=min [UB; - max(LBl;, LB2;)]).
i

'Max deviation' means the maximum deviation between the upper and the best lower bound
among five test problems

(=min [UB; - max(LBl;, LB2;;)]).
|

Table 5. Computational results on loose-type problems.

solution for small size problems. We fedl that tool management is a critical area since firms
spend large sums of money on tool management (e.g. annual tool-related expenses at alocal
firmisaround $ 5 million). Hence, good practices could lead to considerable reduction in
costs associated with tooling. The next phase of this research is to incorporate the above
model in alarger tool inventory management framework where the tool availahility is limited
by its need at multiple workstations.
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