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ABSTRACT

Four heuristic algorithms are developed for solving the generalized version of tardiness flow
shop problems. We consider the generalized tardiness flow shop model with minimization of
the total tardiness as its performance measure. We modify the concept of cost over time
(COVERT) for the generalized version of the flow shop tardiness model and employ this
concept for developing four algorithms. The efficiency of the developed algorithms is then
tested through extensive computational experiments and the results will be presented.

Keywords: Sequencing and scheduling, Flow shop, Generalized flow shop, Intermediate due
date, Tardiness, COVERT index.

1. INTRODUCTION

This paper considers the generalized tardiness flow shop scheduling model with the total tardiness
as its measure of performance (Ghassemi-Tari and Olfat, 2007). In traditional flow shop models the
work in a job is broken down into separate tasks called operations, while each operation of a job is
performed on different machine in a unidirectional precedence structure. By unidirectional
structure we mean that for each operation after the first there is exactly one direct predecessor and
for each operation before the last there is exactly one direct successor. The shop contains m
different machines and each job consists of m operations each of which requires a different
machine. The machines in a flow shop can thus be numbered 1, 2... m; and the operations of job j
numbered (1, j), (2, j)... (m, j), so that they correspond to the machine required. For the traditional
models with the total tardiness minimization objective, there is a given due date for completion of
each job (last operation of each job), and the tardiness of a job is defined as the amount of time by
which the completion of the last operation of a job exceeds its associated due date. In the
generalized version for every operation of a job there is an associated due date, and the tardiness of
each operation of a job is defined as the amount of time by which the completion of each operation
of a job exceeds its associated due date.

In the flow shop problem, there are n! job sequences, possible for each machine, and as many as
(n")™ schedules. Among these schedules if we consider those by which the same job sequence
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occurs on each machine we will have the case of the permutation scheduling. In case of the
permutation scheduling our effort for finding the best schedule is limited to the search for only n!
schedules. In this paper, the developed algorithms consider the case of the permutation scheduling
of tardiness flow shop problems.

There are a number of research attempts considering traditional tardiness scheduling problems. The
early research efforts are traced back to late 1970’s as shown in the literature survey of Baker and
Scudder (1990). Many other tardiness scheduling problems have considered tardiness criteria under
common due date circumstances. Common due date scheduling problems, were fist introduced by
Kanet (1981a, 1981b). Sundararaghavan and Ahmed (1984) have shown that the optimal schedule
generated by Kanet's algorithm can break the zero-ready-time assumption rules if its given due date
is restrictively urgent. Hall et al. (1991) have further characterized the optimal schedule properties
for the problem of Kanet and have proved that his problem is NP-complete. Some other tardiness
scheduling problems have considered batch processing of jobs. Among those, Ahmadi et al. (1992)
have investigated a class of flow shop scheduling problems with at least one batch per machine.
However, they have done the complexity analysis for two problem instances with make span and
mean flow time measures while not considering the tardiness criterion. Later, Mosheiov (2003)
extended the problem to a situation in which two elements of “job identical processing time” and
“job-dependent weights” were combined and an m-machine flow shop scheduling problem with a
given common due date was defined. He considered the (just in time) objective of minimizing the
maximum earliness/tardiness cost. He then introduced a polynomial time solution approach for the
proposed problem.

Some exact solution algorithms have also been reported for the traditional flow shop scheduling
problems (Yeh and Allahverdi, 2004). Karimi (1992) proposed an integer nonlinear programming
formulation of multi-stage serial production systems under constant demand and infinite horizon, in
which production stages operate with periodic shut-downs and startups. He then showed that the
branch and bound algorithm to be the best approach for solving the proposed problem. Faaland and
Schmitt (1987) developed an approximate approach for scheduling tasks to minimize lateness
penalties in fabrication and assembly processes. They have evaluated their proposed approach
through a simulation experiment, in which various fabrication/assembly processes were involved
and as the result they indicated that cost improvements occur as the complexity of the scheduling
procedure increases.

Currently available heuristic approaches for sequencing jobs in a shop may be classified as either
constructive or improvement. A constructive heuristic approach builds a sequence of jobs so that
once a schedule is constructed it cannot be reversed. On the other hand, an improvement heuristic
approach starts with any sequence of jobs and then attempts to improve the solution by modifying
the sequence iteratively. The latter approach has shown to be superior in terms of performance.
Several constructive heuristic approaches for the sequencing problem have been proposed by
Armentano and Ronconi (1999), and Etiler, Toklu, and Atak (2004).

In this paper we develop four algorithms which are based on the COVERT concept. This concept
has been proposed in several studies for single machine and job shop scheduling problems. Among
these studies is the earlier work of Carroll (1965) who presented a dynamic rule called COVERT
for a single machine and job shop sequencing problems for minimizing the total weighted tardiness
of jobs. Under this rule the degree of criticality of jobs were determined by COVERT factor and
used for determining jobs sequence. Rachamaduagu and Morton (1982) introduced a rule called
apparent tardiness cost (ATC) for single machine sequencing with the total weighted tardiness
criteria. Later, Rachamadugu (1984) conducted an experiment for comparing the ATC rule with
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COVERT. In his experiment both rules are applied to the single machine, parallel machine and job
shop sequencing problems. The experiments demonstrate some circumstances in which ATC
provides a better schedule than COVERT.

Vepsalainen and Morton (1987) reached the same conclusion when they compared several
sequencing rules consisting of ATC and COVERT rules in solving job shop sequencing problems.
They considered job shop problems with tight due dates, lose due dates, and different workloads
and concluded that ATC performed better in all of these cases and COVERT had the second best
performance among all other rules considered in their experiment. However the power of COVERT
in finding a schedule for flow shop problems was not considered in both of studies. Baker (1984,
1987) conducted research studies to evaluate different sequencing rules in job shop scheduling
problems. He classified several rules in three groups, namely, slack based, operation-oriented rules
and job-oriented rules. He then evaluated different rules of each group and concluded a low
performance for the slack based rules, and best performance for the job-oriented rules. The
preliminary experiments conducted by Ghassemi-Tari and Olfat (2004) have suggested that
COVERT s potentially a promising concept for developing effective heuristic algorithms for
solving tardiness scheduling problems.

Sapar and Henry (1996) evaluated six scheduling rules in two machine flow shop problems with the
average tardiness criterion. Among these rules, the modified due date rule has been reported to be
superior under all variants of the experimental conditions. There are some other classes of heuristic
approaches such as CDS algorithms, Tabu search (Bilge, Kirac, Kurtulan, and Pekgun 2004, and
Glover 1994), neighboring search (Kim, 1993), and artificial intelligence search method (Lee,
2001).

Review of the existing literature reveals that no unified heuristic algorithm is proposed to perform
effectively in solving even the traditional version of tardiness flow shop scheduling problems
(Suliman, 2000, and Hall, 2001).

In this paper four heuristic algorithms are developed for solving the generalized version of tardiness
flow shop problems. We are considering a generalized tardiness flow shop problem characterized
by the following conditions:

¢ A set of n independent, multiple-operation jobs is available for processing at time zero.

e Each job requires m operations and operation j is performed on machine j and there is a due date
associated with the completion of each operation.

o Setup times for the operations are sequence independent and included in processing times.
¢ The processing times of each operation are known in advance.

¢ All machines are continuously available.

¢ Once an operation begins, it proceeds without interruption.

Based on these assumptions four algorithmic procedures are developed and their efficiencies are
tested via a set of randomly generated test problems.
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2. NOMENCLATURE

The following notations are used throughout this manuscript:

pij: Processing time for operation j of job i.

dij; Due date for operation j of job i.

rij: The total processing time of job i on machine 1,2,...,j-1.

tij: The completion time of the j™ operation of the job which is sequenced directly before job i
on machine j.

Ci: Completion time of job i on machine j.

Xik: Starting time of the K operation of job i.

Yiji: A zero-one variable, which takes 1 if job j precedes job i and takes zero otherwise.

Tik:  Tardiness of the k™ operation of job i.

Vi- The expected tardiness of job i.

Sij: The slack time of job i on machine j.

TT: Total tardiness of a schedule.

TT(S;): Total tardiness of schedule S;

TT;:  Total tardiness of a schedule of all jobs on machine j.
T«(S): Tardiness of job k in schedule S

Ay An ordered set of partially scheduled jobs on machine j.
B: A set of unscheduled jobs (complement of A;).
S; A permutation schedule, in which jobs are sequenced according to the order of jobs

determined on machine j.
3. MATHEMATICAL FORMULATION OF THE PROBLEM

To present a mathematical programming formulation for the proposed problem, we consider a set of
n jobs, each having m operations to be processed on m different machines with a unidirectional
precedence structure. In this case we can number machines according to the operation humber of
each job. Then we will have a one to one correspondence in operation numbers and machine
numbers. Therefore as in the case of "pure’ flow shop model, the j"" operation of each job is
performed on the j machine for all the values of j=1, 2...m. In practical situations however, some
jobs may require fewer than m operations, but with the same processing sequence. In such cases for
converting the problem to the pure flow shop model, we add some dummy operations for such a job
in order to have exactly m operations for each job, while we assign zero value for the processing
time of dummy operations.

In the generalized tardiness flow shop model, the shop contains m different machines, and n jobs
each consisting of m operations, for each of which there is a due date, called intermediate due date.
The problem is considered under the following conditions:

ClL A set of n multiple-operation jobs is available for processing at time zero.
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C2. Setup times for the operations are sequence independent and are included in processing
times.

Cs. Job processing times are known and are deterministic.

C4. All machines are continuously available.

C5. No preemption is allowed for individual operations.

Under these conditions we have the basic flow shop model (Baker 1974). The objective is to find a
schedule which minimizes the total tardiness. In the generalized tardiness flow shop model, the total
tardiness of a schedule is defined by the summation of the individual tardiness of each job when the
tardiness of each job is defined by the summation of the tardiness of the individual operation of that
job. Let Ty denote the tardiness of the k™ operation (machine) of job i. The value of Tj is
determined as follow:

T, = max{0,(x, + p, —d,)}Vi=12,...n,k =1,2,...m.

The mathematical programming model for finding the optimal solution of the problem is presented
as follows:

n m

minTT =max ) > T,

j=1 k=1
Xy + Py —di =T, 1<i<nl<k<m
=My + Xy + Py £ X 1<i,j<n
~MQA-y) + X+ P <Xy 1<i,j<n
—My; + X + Py < X 1<i,j<n,2<k<m
— My + X0 P S X 1<i,j<n,2<k<m
~M@=y;) + X+ Py < X 1<i,j<n,2<k<m
~MQ@=Y) + X+ P < X 1<i,j<n,2<k<m
y; =0orl 1<i,j<n
X; 20 1<i,j<n
T, >0 1<i<nl<k<m

Where M is a very large number.

This mathematical programming model is a combinatorial optimization model. In combinatorial
optimization the computational time for obtaining the optimal solution increases exponentially as
the number of the decision variables is increased. Since the real-world flow shop problems are
formulated as a large scale combinatorial optimization model, the only applicable approach for
obtaining a solution is a heuristic approach (Lauff, and Werner, 2004). In this research, the
development of such heuristic approaches is considered.
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4. PROPOSED ALGORITHMS

Thorough analysis of the generalized tardiness flow shop problem indicates that, the most
appropriate indices for sequencing jobs is the use of an index consisting of job processing times and
their associated due dates. Therefore, we modify the COVERT index for implementing into our
proposed algorithms.

COVERT has been reported as an efficient index for determining the degree of criticality of jobs in
increasing the total tardiness of a sequence. Hence it can be used as a measure for finding job
sequences where the total tardiness of jobs is used as the measure of performance of a schedule. The
effectiveness of this index has been evaluated in a variety of scheduling problems, such as single
machine, multiple-machine, flow shop, and job shop scheduling problems. Although this index has
been used as a basis for determining a sequence for jobs but no one has used this index for
development of an algorithmic procedure for determining the best schedule of the jobs. Further-
more the effectiveness of this index has not yet been evaluated for the generalized tardiness flow
shop problems.

The original COVERT priority index represents the expected tardiness cost per unit of imminent
processing time, or cost over time (Baker 1984, 1987). Job i sequencing for operation j with zero or
negative slack is projected to be tardy by completion with an expected tardiness of v; and priority
index vi/p;. If, on the other hand, the slack exceeds some generous “worst case” estimate of the
waiting time, the expected tardiness cost is set to zero. The worst case waiting time serves as a
reference for a piecewise-linear “look ahead”, for a mapping of the expected tardiness cost over the
slack Sj;:

M
KD Wi —(5;)"1"
COVERT, (t) = ;—ix o=

! KD Wi

Where Wjq is the expected waiting time for remaining operation ¢, and k is a multiplier adjusting the
expected waiting time to the worst case, say the 99% limiting cumulative probability distribution.
The value of k is usually determined through experimental analysis. In most of the research efforts
reported in the literature the value of k is set equal to 2.

We employed the structure of the COVERT index and employed the concurrent effect of the job
processing time and its due date. We developed several COVERT indices through different
relations of job processing times and job due dates, and conducted some preliminary analysis to find
the most appropriate mathematical relation for the case of generalized tardiness flow shop problem.
We finally chose four mathematical relations which were then incorporated into our proposed
algorithms. The modified versions of the COVERT indices are denoted by CVTI, CVTII, CVIII, and
CVTIV which are defined as follows:

Kop; —(d; —t:)* 1"
CVTlij(tij)=ix[ pij —(djj —t;;) 7]
Pij kbp;;
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1 X[kbpij —(dj -ty 1"

p;d kbp;;

ij

kbp;: —(d;i —max{t;;, ; P+
CVTIIIij(tij):ix[ Py —(dj {tij, D71
Pj kbpj;

1 [kbp;; —(dj; —max{t;;, r;}) 1"

U]

ij “ij

Through our literature survey we found that the best value for b and k is suggested to be 2 (Baker
1984, 1987). We therefore choose b=2 and k=2, and based on the modifications of the COVERT
index we develop four algorithmic procedures for solving the generalized flow shop tardiness
problems. We name these algorithms as CO1, ... , CO4 in which the COVERT indices of CVTI
through CVTIV are employed respectively.

In development of the proposed algorithms, we consider the case of finding permutation schedules.
All four algorithms follow a common procedure for finding a permutation schedule. In each
algorithm we employ its associate COVERT index and we determine an order of the jobs on
machine 1. We then consider machines 2 through m and by using the same COVERT index we
determine an order for each individual machine. Through this procedure we identify m different
orders of the jobs. We now employ each individual order to determine a permutation schedule of n
jobs on m machine. Through this procedure we obtain m different permutation schedules. For each
permutation schedule we determine the value of the total tardiness and among these m schedules,
the one with smallest total tardiness is selected as the final schedule.

Besides using the different COVERT indices in each algorithm, there is a distinct difference
between the first two algorithms, namely CO1 and CO2, and the other tow algorithms, namely CO3
and CO4. In CO1 and CO2, for determining an order for the jobs, we assume that the k™ operation
of a job can be started on machine k by the completion of the k™ operation of the preceding job on
the same machine. In CO3 and CO4, however, we consider a more realistic assumption. That is, the
process of the k™ operation of a job can not be started on machine k before the completion of k-
loperation on machine k-1 and before the completion of the k™ operation of its preceding job.
Therefore, the starting time for the operation k of a job on machine k is the maximum of the total
processing times of its predecessor operations on machine 1 through k-1 and the completion of
operation k of its preceding jobs on machine k.

Based on the above concepts, the algorithmic steps of the proposed algorithms can be presented as
follows:

Algorithm CO1

Step 1. Letj=1.
Step 2. Let tij:0, TTJ'ZO, CiJ':O, Aj:¢, and B={1,2,...,n}.

Step 3. Calculate COZ1; as follow:
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Step 4. Let i be the associated job of CO1; remove i form B and place it in the last position of A;.

Step 5. LetCy=t; + p;,andTT; =TT; +max{0,C;; —d;). If B is empty, go to 6, otherwise let

tj =Cj, and go to step 3.

Step 6. Define the permutation schedule S;, by sequencing jobs according to the jobs’ order of A;.

Step 7. Let TT(S;) be defined as the total tardiness of schedule S; calculate the value of TT(S;). If
j=m, let TT(S,)=min{TT(S;)}. Select schedule Sy as the final schedule, and then stop.
J

Otherwise let j=j+1, and go to step 2.

Algorithm CO2

Step 1. Letj=1.
Step 2. Let ti,-=0, TTjZO, Cij=0, Aj=¢, and B={1,2,...,n}.
Step 3. Calculate CO2; as follow:

le

Step 4. Let i be the associated job of CO2; remove i form B and place it in the last position of A;.

Step 5. LetCy=t; + p;j,andTT; =TT; +max{0,C;; —d;;). If B is empty, go to 6, otherwise let
t; =C;;, and go to step 3.

Step 6. Define the permutation schedule S;, by sequencing jobs according to the jobs’ order of A;.

Step 7. Let TT(S;) be defined as the total tardiness of schedule S; calculate the value of TT(S;). If
j=m, let TT(S,) =min{TT (S;)}. Select schedule S as the final schedule, and then stop.
J

Otherwise let j=j+1, and go to step 2.

Algorithm CO3

Step 1. Letj=1, and ry =0 fori=12,.--,n.andfor j=12,---,m

Step 2. Let TTJ'ZO, tiJ:O, Cij:O, Aj:¢, and B={1,2,...,n}.
Step 3. Calculate COg3; as follow:

ieB

Step 4. Let i be the associated job of CO3; remove i form B and place it in the last position of A;.
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Step 5. LetC=max{t;,r;}+ p;,andTT; =TT, + max{0,C;; —d;). If B is empty, go to 6,

otherwise let t; =C;;, and go to step 3.

ij
Step 6. Define the permutation schedule S;, by sequencing jobs according to the jobs’ order of A;.

Step 7. Let TT(S;) be defined as the total tardiness of schedule S; calculate the value of TT(S)). If
j=m, let TT(Sy)=min{TT(S;)}. Select schedule S as the final schedule, and then stop.
J

i1
Otherwise, let j=j+1, and r; =Z p, for i=12,---,n, then go to step 2.
k=1

Algorithm CO4

Step 1. Letj=1,and r; =0 fori=12,---,n.andfor j=12,---,m.

Step 2. Let TT;=0, t;=0, C;=0, Aj=¢, and B={1,2,...,n}.
Step 3. Calculate CO4; as follow:

ieRB

Step 4. Let i be the associated job of CO4;, remove i form B and place it in the last position of A;.

Step 5. LetCy=max{t;, r;}+ p;;,andTT; =TT; + max{0,C;; —d;;) . If B is empty, go to 6, otherwise,
let t; =Cj;, and go to step 3.

Step 6. Define the permutation schedule S;, by sequencing jobs according to the jobs’ order of A;.

Step 7. Let TT(S;) be defined as the total tardiness of schedule S; calculate the value of TT(S)). If
j=m, let TT(Sy)=min{TT(S;)}. Select schedule S as the final schedule, and then stop.
]

j-1
Otherwise, let j=j+1, and r; =Z pi for i=12,---,n, then go to step 2.
k=1

5. COMPUTATIONAL EXPERIMENTS

We conducted an extensive numerical experiment to evaluate the effectiveness of the proposed
heuristic algorithms. To show the effectiveness of the proposed algorithms in obtaining the optimal
solution as well as comparing their relative effectiveness, computational experiments are conducted
with a variety of randomly generated test problems. In section 5.1 we describe the mechanism of
generating the test problems, and then in section 5.2 we present the experimental results.

5.1 Generation of the Test Problems

We applied the same concepts for generating the test problems which was employed by Ghassemi-
Tari and Olfat (2004). For each test problem with the size of n jobs and m operations, we utilized a
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uniform distribution with the rage of [1-10] for generating the values of pj's. The operations due
dates are generated in two steps. In the first step the due date of the last operation (din) is generated
using the following uniform distribution:

din~ U[(1-TF-RE/2)xC, (1-TF+RE/2)xC]

Where TF is the due date tightness parameter, RE is the range adjusting parameter, and C is defined
as follows:

m-1 n
C=min{} p}+2 P
j=1 i=1
Then we use din, to generate all other dj; 's as follows:

dij =di¢j.a) — i Pigj+).
Where Qi= dim/TPi.

We then let R=0.02, and we generated 36 mid-size scenarios through the combinations of two
different values of m (m=5 and m=8), six different values of n (n=5, 6, 7, 8, 9 and 10), and three
different values of TF (TF=0.10, 0.20 and 0.40). By using different random number seeds we
generated 40 test problems for each of 36 scenarios. In each scenario, all 40 test-problems are
solved via total enumeration and the proposed algorithms and total tardiness of each problem is
determined by both methods. We then defined the measure of effectiveness of each algorithm in
each scenario, as the percentage deviation of its average solution from average of the optimal
solution.

Similarly we generated 96 larger -size scenarios through the combinations of four different values
of m (m=5, 10, 15, 20), eight different values of n, (n=5, 10, 15, 20, 25, 30, 35, 40) and three
different values of TF (TF=0.10, 0.20, 0.40). Again we generate 40 test problems for each of the 96
scenarios for evaluating the relative effectiveness of the proposed algorithms.

In each scenario, all 40 test-problems are solved by the proposed algorithms and the average of total
tardiness obtained by of 40 test-problems is determined. We then used the minimum average
solution as the index and we defined the relative measure of effectiveness of each algorithm as the
deviation of its average solution from this index. These deviations are calculated and the results are
presented in the next section.

5.2. Computational Results

Figure 1 through Figure 6 summarize the computational results for the 1440 test problems,
differentiated according to the m and TF values. Figure 1 depicts the curves representing the
variation of the percentage of average deviation error of four algorithms, namely CO1 through CO4,
from the optimal solution for the values of m=5 and TF=0.1 and according to the variation of
number of the job (n=5 through 10). Figure 2 through Figure 6 depict similar type of curves for the
given pair values of (m=5 and TF=0.2), (m=5 and TF=0.4), (m=8 and TF-0.1), (m=8 and TF=0.2),
and (m=8 and TF=0.4) respectively. These figures reveal that in most cases, algorithm CO3
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performs better than other three algorithms, while algorithm CO4 performs almost as well as
algorithm CO3.

For evaluating the relative effectiveness of the developed algorithms, we generated 4060 larger
sized test problems. For a scenario defined by any given values of m, n, and TF, we generated 40
different test problems. In each scenario, all 40 test-problems are solved by four developed
algorithms and their associated total tardiness values are determined. Then we calculated the
average of the total tardiness for 40 test problems of each scenario. To define the relative
effectiveness, we designated the index solution by selecting the minimum total tardiness which is
obtained by one of the developed algorithms, and determined the relative effectiveness of each
algorithm through the following formula.

ATT, —min{ATT, }

RAD, = -
mi n{ATT,}

x100

Where ATT; is the average total tardiness of the 40 test problems (in one scenario) solved by the i*"
algorithm, mkin{ATTk} is the value of the index solution, and RAD; is the percentage of the average

deviation of the i" algorithm. We then defined 96 different scenarios by assigning eight different
values to n (n=5, n=10, n=15, n=20, n=25, n=30, n=35, n=40), four different values to m (m=5,
m=10, m=15, m=20), and three different values to TF (TF=0.1, TF=0.2, TF=0.4). For each
scenario 40 test problems are generated and solved by the developed algorithms and their relative
average deviations are calculated. Table 1 demonstrates the values of the percentage average
deviation of each scenario obtained by each algorithm. This table reveals that algorithm CO3
performs better than others for smaller sized problems and algorithm CO4 performs better than
others for larger sized problems.

6. CONCLUSION

In this paper we considered the generalized tardiness flow shop scheduling model with the total
tardiness as its measure of performance. We modified the COVERT index, and employed this index
as a sequencing rule for developing four algorithms.

To evaluate the effectiveness of the algorithms, we used the concept of pseudo random number
generation for generating a set of test problems. For different values of the input parameters, such as
the number of jobs, the number of machines, and the values of due date tightness parameter, we
defined a set of scenarios for generating the test problems. For each scenario, 40 randomly
generated test problems were generated and solved to determine the effectiveness of the proposed
algorithms in obtaining the optimal solution. As the result, it was shown that both CO3 and CO4
algorithms can provide solutions with the average deviation of less than 8% from the optimal
solutions with very little computational effort. This is due to the fact that each algorithm enumerates
only m different schedules for providing the final solution. The result of the computational
experiments, for evaluating the relative effectiveness of the algorithms, revealed that both CO3 and
CO4 had better performance compared to the other two. It was also revealed that, CO3 performed
better for smaller sized problem, while CO4 performed better as the problem size becames larger.
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Figure 1. Deviation of the total tardiness obtained by algorithms from the optimal solution (m=5, TF=0.1)
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Figure 2. Deviation of the total tardiness obtained by algorithms from the optimal solution (m=5, TF=0.2)
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Figure 3. Deviation of the total tardiness obtained by algorithms from the optimal solution (m=5, TF=0.4)
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Figure 4. Deviation of the total tardiness obtained by algorithms from the optimal solution (m=8, TF=0.1)
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Figure 5. Deviation of the total tardiness obtained by algorithms from the optimal solution (m=8, TF=0.2)
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Figure 6. Deviation of the total tardiness obtained by algorithms from the optimal solution (m=8, TF=0.4)
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Table 1. Relative deviation (%) of the TT obtained by each algorithm from the best among them.

m TF Value  Algorithms n=5 n=10 n=15 n=20 n=25 n=30 n=35 n=40

co1 105 197 0.59 0.84 0.18 0 0003 015
01 co2 159 271 1.66 2.4 2.36 1.02 1.87 2.03
co3 0 0 0 0 0 0.01 0 0
CO4 002 07 0.98 1.36 1.99 17 1.79 16
co1 153 084 0.17 0.46 0.04 0.11 0.29 0.29
c 02 co2 298 157 0.99 1.38 1.47 23 2.2 1.99
co3 0 0 0 0 0 0 0 0
Co4 048 083 0.69 0.81 1.15 1.81 1.79 1.63
co1 097 123 0.79 0.37 0.17 0.21 0.12 0.3
04 co2 152 199 2.76 173 1.9 1.79 16 2.54
co3 0 0 0 0 0 0 0 0
CO4 082 049 1.72 1.24 1.59 1.58 1.16 1.77
co1 265 154 1.99 1.53 1.38 0.79 1.15 0.84
01 co2 302 104 1.52 075 0.93 0.87 0.83 0.56
co3 011 074 0.4 0.87 0.56 0 0.42 0.16
CO4 0 0 0 0 0 0.21 0 0
co1 177 144 173 0.34 1.81 0.58 0.67 08
10 02 co2 25 191 17 1.09 1.08 1.07 0.69 0.6
co3 0 0 0 17 0.82 0 0 0.34
CO4 028 097 0.07 0 0 0.07 0.06 0
co1 2.8 4 1.76 2.04 1.36 0.48 0.71 0.61
04 co2 268 317 2.25 157 0.76 0.94 0.46 0.59
co3 0.22 0 0.13 0.43 0.52 0 0.21 0
CO4 0 0.95 0 0 0 0.47 0 0.17
co1 064 344 1.05 1.85 1.68 11 0.91 1.49
01 co2 008 285 1.21 1.32 111 0.55 0.69 0.61
co3 032 064 0 0 0.6 0.65 0.49 075
CO4 0 0 0.05 0.12 0 0 0 0
co1 236 23 1.55 2.27 1.35 0.59 1.94 151
15 02 co2 186 232 08 1.67 0.46 0.68 0.98 0.86
co3 0 0 0 0.48 0.21 0 0.76 0.68
CO4 024 011  0.005 0 0 0.07 0 0
co1 113 2.94 1.67 1.46 153 1.45 1.85 1.39
04 co2 085 299 1.55 1.14 0.94 0.58 0.97 0.89
co3 0 0 0 0.03 0.58 0 0.08 0.36
CO4 014 002 0.02 0 0 0.03 0 0
co1 141 246 1.81 1.59 1.81 1.29 1.62 173
01 co2 205 263 1.61 117 157 1.35 1.03 0.97
co3 015 051 0 0.62 051 0.24 0.92 0.64
CO4 0 0 0.03 0 0 0 0 0
co1 118 288 1.88 1.39 1.99 1.32 1.53 1.39
20 02 co2 056  3.29 1.63 1.41 1.38 0.93 0.9 0.9
co3 0 0 0.19 0.11 0.68 0.29 0.33 051
Co4 006 027 0 0 0 0 0 0
co1 141 3.01 2.83 3.13 1.98 1.22 1.84 1.64
04 co2 112 328 2.28 2.4 18 0.76 1.26 0.97
co3 0.01 0 0 0.31 0.46 0.23 0.22 0.77

CO4 0 0.44 0.17 0 0 0 0 0
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