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Abstract - This paper presents a multi-objective mathematical model of unrelated parallel machine, earliness-tardiness, non-
common due date scheduling problem, for jobs with varying processing times, where the objective is to minimize the sum of 
the absolute deviations of job completion times from their corresponding due dates for the different weighted earliness and 
tardiness combinations. An enhanced Genetic Release Control procedure identifies the best sequences for the different 
weighted combinations of earliness and tardiness measures for efficient loading of trucks in a supply chain environment. The 
effects of one objective over the other have also been analyzed.  
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I. INTRODUCTION 
 
This research addresses the unrelated parallel 
machine earliness-tardiness non-common due date 
scheduling problem for sequence dependent jobs with 
varying processing times. This type of problem is 
common in a supply chain manufacturing and 
distribution environment where more than one type of 
the same machine is used.   For example different 
jobs are to be completed on different machines before 
being loaded to the trucks. When certain types of job 
require more processing time and if the batch quantity 
of that particular jobs is higher, then it is required to 
provide more than one machine of similar or 
dissimilar type, so as to complete the jobs in time for 
loading on to the trucks. This problem is common in 
all manufacturing and distribution environment. The 
parallel machines employed in all these cases may be 
identical or non-identical. Due to the huge 
investments involved in employing new technology 
machines, older technology machines are also 
employed in parallel, thus leading to unrelated 
parallel machine scheduling (UPMS) environment. 
The arrival time of the trucks also vary due to change 
in priorities or due to road conditions.  The model 
described in this research combines two features that 
create a complex scheduling environment. One is the 
concept of unrelated parallel processing that gives 
rise to an issue of resource allocation and the second 
is the timeliness of the schedule measured by 
earliness and tardiness penalties for loading the jobs 
on to the trucks.  These two basic features are the 
fundamental elements of many scheduling problems 
in practice. 
 
II. LITERATURE REVIEW 
 
Edis and Oguz (2011) have studied a simplified 
version of the UPMS in which the number of 
resources needed to process a job does not depend on 
the machine on which the job is to be processed. The 

aim is to minimise the total completion time of the 
jobs and the authors applied a Lanrangian-based 
constraint programming approach. Edis & Ozkarahan 
(2011) proposed an integer programming model, a 
constraint programming model and a combined IP/CP 
model for a UPMS problem with machine eligibility 
constraints. These models are later applied to a real 
instance by the same authors (Edis & Ozkarahan 
2012) in which two different resources are present: 
machine operators and a certain tool to process jobs. 
Edis, Oguz and Ozkarahan (2013) present a more 
generalisation of the resource constrained parallel 
machine scheduling. For the problem of minimising 
the makespan, Cheng et al. (2013) provided a Mixed 
Integer Programming model and proposed an Ant 
Colony Optimisation (ACO) algorithm. Jia and 
Leung (2015) developed a Max-Min Ant System 
heuristic for reducing the completion time. To the 
best of our knowledge, only two papers have studied 
batch scheduling problem considering unrelated 
parallel batch processing machines. Li et al. (2013) 
and Arroyo and Leung (2017) have considered 
scheduling unrelated parallel batch processing 
machines with identical capacities and non-identical 
job sizes to minimise the completion time. Li et al. 
(2013) considered equal job ready times and 
proposed two groups of deterministic heuristics. In 
both groups, the rules of Best fit and Longest 
Processing time were used to form batches. Arroyo 
and Leung (2017) considered unequal job ready times 
and proposed three deterministic heuristics based on 
the rules of Earliness Ready Time, Earliest 
completion time, First fit and best fit.  Lin and Ying 
(2014) have presented a hybrid artificial bee colony 
algorithm to solve the unrelated parallel machine with 
machine dependent and job sequence dependent set 
up time problem with the objective of minimising the 
makespan. Lin and Hsieh (2014) state that unlike 
other parallel machine problems, the unrelated 
parallel machine scheduling problems with sequence 
dependent set up times appears to be understudied in 
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the available literature. Recently, Cheng and Huang 
(2017) addressed an unrelated parallel machine 
scheduling with the objective of minimising the total 
earliness and tardiness using distributed release time 
control. Even though the processing times are 
different, however the jobs considered are 
independent. This study seeks to reduce the weighted 
earliness and tardiness measures for unrelated parallel 
machine scheduling problem involving sequence 
dependent jobs with varying process times for 
loading of trucks.             
 
III. MATHEMATICAL FORMULATIONS 
 
The non-linear model for solving unrelated parallel 
machine scheduling problems with sequence 
dependent jobs can be formulated as follows. Let di 
and pi be the due date and processing time of job i, 
respectively. Let W be a large positive number. Let 
the real variables ci, ei & ti denote the completion 
time, earliness and the tardiness of job i respectively. 
The variables xijk and yik are defined as follows. 
 
1 if job i is immediately                                           
followed by job j in sequence on machine k, 
                             0     otherwise, 
 
 1 if job i is assigned to machine k 
 0 otherwise. 
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ci,ti,ei 0,    i= 1,2…N                         (8) 
Xijk , yijk  {0,1},    
 k=1,2,…k1,k1+1,k1+2,…..k1+k2,  
i= 1,2…N,  
j= 1,2,…N,i j                               (9)    
  
 
The objective function is the minimisation of total 
weighted earliness and tardiness measures. A dummy 
job 0 is introduced on each machine, in order to take 
care of the set-up time for the real job assigned to the 
first position in the sequence on each machine. The 
objective function of the above formulation is to 
minimise the weighted sum of the earliness and 
tardiness for all N jobs. Constraint set (1) assures that 
the dummy job 0 is positioned at the beginning of the 
sequence before all the real jobs on each machine. 
The completion time of a real job assigned to the first 
position in the sequence on any machine should be 
greater than or equal to the sum of its initial set-up 
time and its processing time. This condition is 
represented by constraint set (2). If a real job is 
assigned to a machine, then it will be immediately 
preceded by one job (the real job in sequence position 
one will be preceded by the dummy job 0). Constraint 
set 3 depicts this situation. Similarly, if a real job is 
assigned to a machine then it can be succeeded by at 
most one job. The job in the last position of the 
sequence on a machine will not have a succeeding 
job. Constraint set (4) portrays this scenario. 
Constraint sets (3) and (4) together affirm that N real 
jobs are assigned over M machines. They also ensure 
that if job i immediately precedes job j on machine k, 
then both jobs i and j belong to machine k. Constraint 
set (5) ensures that the completion time of a real job 
in sequence on a machine will be at least equal to the 
sum of the completion time of the preceding job, the 
sequence-dependent set-up time and the processing 
time of the present job. Constraint set (6) relates the 
completion time of each real job to its due date and 
the earliness and tardiness variables. Constraint set 
(7) confirms that a real job is assigned to exactly one 
machine. 
 
IV. SOLUTION METHODOLOGIES 
 
This problem of scheduling N jobs with non-common 
due dates, varying processing times and unrelated 
parallel machines is NP-hard since optimal solutions 
cannot be obtained even for problems of reasonable 
size. Hence heuristics have to be developed to obtain 
near optimal solutions. Genetic Release Control 
algorithm is an advanced heuristic technique that has 
been applied to difficult combinatorial problems in 

xijk   = 

yijk   = 
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recent years to obtain good solutions (Cheng and 
Huang 2017).  
 
4.1 Genetic Release Control Algorithm 
Reproduction, crossover and mutation are the three 
major steps in genetic algorithm. The procedural 
steps have been listed below. 
1. Choose a coding to represent the problem 
parameters. Choose a selection operator, a crossover 
operator and a mutation operator. Choose population 
size p, crossover probability pc, and mutation 
probability pm. Initialize a random population of 
strings of length l. Choose a maximum allowable 
generation number tmax. Set t = 0. 
2. Evaluate each string in the population. 
3. If t > tmax or other termination criteria are 
satisfied, terminate. 
4. Perform reproduction on the population. 
5. Perform crossover on pair of strings with 
probability pc 
6. Perform mutation on strings with probability 
pm. 
7. Release control: A release control 
mechanism proposed by Prabhu & Duffie (1995) and 
extended by Wang, Chen & Lin (2013) has been 
incorporated in the proposed algorithm for this 
research. 
  
a. ang = an(g-1) + K (dn - cn(g-1))  
b. cng = ang + pn   
                
ang represents the release time of job n for the gth 
generation, K denotes the fixed convergence value 
which controls the degree of convergence of 
iterations, dn is the due date of job n, pn   is the 
processing time of job n and cn(g-1) represents the 
completion time of job n for the previous generation. 
The deviation between the predicted completion time 
and the due date determines the release time for each 
job n. Each job can be associated with a closed-loop 
release time controller that iteratively adjusts the 
tentative release time to improve sequence 
performance.      
8. Evaluate strings in the new population. Set t 
= t+1 and go to step 3. 
 
4.2 Genetic Algorithm Parameters 
The crossover and mutation probability used are 
pc=0.80 and pm=0.80 respectively and the method of 
selection parameter used for multiobjective fitness 
function is rank order selection. These genetic 
parameters are adopted in this research work. 
  
Length of chromosomes:  l = number of jobs (N) 
Selection operator: Rank order 
Crossover operator: Single point operator 
Crossover probability: 0.80 
Mutation probability: 0.80 
Fitness parameter: Combined Objective Function of   
tardiness and earliness. 

4.3 Representation and Evaluation 
The authors have considered the job sequences as the 
primary parameters for the scheduling function. The 
jobs varying from 10 to 100 are represented as real 
integer numbers from 1 to 100. The length of the 
spring is equal to the number of jobs N. To optimize 
multiple objectives, the combined objective function 
proposed by Jerald et al. (2005) for machining 
process has been considered here as the fitness 
function for the scheduling process and is presented 
as follows. 
COF = We (Te / Ae) + Wt (Tt / At) 
COF  : Combined objective      function 
We  : Weight of earliness 
Wt  : Weight of tardiness 
Te : Total earliness of the sequence 
Ae : Average earliness of the Population 
Tt : Total tardiness of the sequence 
At : Average tardiness of the Population 
 
 
4.4 Selection and Reproduction 
Rank order selection method has been employed in 
reproduction. A lower ranked string will have a lower 
fitness value or a higher objective function and vice 
versa. The expected value of probability for selection 
of each string and the maximum and the minimum 
values for the expected value of probability has been 
calculated as suggested by Saravanan, Asokan & 
Vijayakumar (2003). Expected value of probability = 
min + [(max-min) (rank (i, t) – 1)] / (P – 1). 
 
4.5 Crossover and Mutation 
The order crossover operator is applied. This selects 
items randomly from one parent, finds their places in 
the other parent and copies the remaining items into 
the second parent in the same order as they appear in 
the first parent. This preserves some of the sub-
orderings in the original parents while creating some 
new sub-orderings. Mutation is done with a mutation 
probability of 0.80. 
 
V. COMPUTATIONAL RESULTS 
 
A program for the optimization procedure based on 
Genetic Algorithm has been developed using Visual 
Basic. The input data for the 10 scheduling problems 
has been generated using uniform distribution with 
time units in seconds. The total number of unrelated 
parallel machines considered is 5 and the jobs 
considered ranges from 10 to 100. For a given set of 
problem the weights of the earliness and the tardiness 
for the combined objective function are varied from 0 
to 1 with 0.1 as the increment. Genetic algorithm 
solution history for 70-job problem has been shown 
in Fig. 1. 
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Fig. 1 GA Solution history of 70 jobs 

 
For each test problem, the weights of earliness and 
tardiness have been varied. For 10-job problem the 10 
jobs could be processed on the 5 machines without 
any lateness and hence the tardiness is 0 and only the 
earliness could be reduced. In 20-job problem, 20 
jobs could be processed on 5 machines without any 
delay and hence importance needs to be given only to 
the earliness. When the jobs are ranging from 30 to 
100, both the earliness and tardiness have to be given 
higher weights. This is because when jobs are more, 
the earliness and the tardiness values are high and 
both have to be reduced simultaneously. This is 
possible only when both the earliness and the 
tardiness are given high weights. The earliness and 
tardiness values for all job sets when the weights of 
earliness are 0.25, 0.5 and 1 are presented in Table 1, 
Table 2 & Table 3 respectively.  
 

Jobs Earliness Tardiness 
10 23523 0 
20 65295 0 
30 75372 3953 
40 82560 11752 
50 83053 47380 
60 84051 108372 
70 85082 111873 
80 104937 219832 
90 107331 329837 
100 122536 409871 

 
Table: 1 Weight of Earliness as 0.25 

 
Jobs Earliness Tardiness 
10 23405 0 
20 64892 0 
30 73653 6327 
40 77319 19376 
50 81079 62789 
60 82737 125381 
70 83732 136867 
80 100031 252983 
90 105256 346539 
100 120721 423936 

 
Table: 2 Weight of Earliness as 0.5 

Jobs Earliness Tardiness 
10 23405 0 
20 64215 0 
30 70532 24398 
40 73526 31589 
50 79532 71587 
60 80326 205326 
70 81537 216978 
80 98372 317567 
90 102973 389372 
100 115392 459737 

 
Table. 3 Weight of Earliness as 1 

 
The effect of one objective over the other due to the 
variation in the weights are analyzed. In 100 job 
problem when all weights are given to earliness and 
no weight to tardiness, the earliness value in initial 
iterations are found to be 125398 time units and has 
been found reduced to 115392 time units during the 
final iterations. The tardiness value initially is found 
to be 539821 time units and finally reduced to 
459737 time units. When all weights are given to 
tardiness and no weight to earliness, the earliness 
started with 132983 time units and ended with 
125372 time units. Tardiness started with 449382 and 
ended with 397637 time units. When earliness and 
tardiness are given equal weights of 0.5 each, 
earliness is reduced to 120721 time units and 
tardiness is reduced to 423936 time units. Hence the 
minimum value of earliness value 115392 is recorded 
when earliness is given the highest weights. 
Similarly, the minimum value of tardiness value 
397637 is recorded when tardiness is given the 
highest weights. These results indicate that when the 
jobs incur high late penalty, higher weights to 
tardiness provides the optimal results. When the jobs 
incur high storage penalty, high weights to earliness 
yields optimal results. However weights in the range 
of 0.3 to 0.7 yields optimal results for all problem 
sets, when the jobs incur both earliness and tardiness 
penalties.   
  
CONCLUSIONS 
 
This research work addresses the unrelated parallel 
machine earliness-tardiness non-common due date 
with varying processing time scheduling problem 
with the multiple objectives of minimizing the total 
earliness and the total tardiness for loading of trucks. 
It is observed that the conventional methods such as 
Shortest Processing Time (SPT), Largest Processing 
Time (LPT), Early Due Date (EDD) are not robust 
and not efficient in handling multi-objective 
functions. A new enhanced Genetic Release control 
technique has been proposed where the algorithm has 
been applied to the given set of problems for 
generating optimum schedules, for the different 
weighted combinations of earliness and tardiness. It 
has been observed that when the numbers of jobs is 
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more, the optimal weighted combination of earliness 
and tardiness lies in the range of 0.3 to 0.7 for all 
problem sets. Scope for future research allows this 
procedure to be tested for large scheduling problems 
with more number of objectives such as effective 
machine utilization, minimizing the completion time 
and minimizing the number of early and tardy jobs.  
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