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A R T I C L E   I N F O A B S T R A C T 

The present master thesis was developed within the Industrial Engineering and Management program at the 

Instituto Superior Técnico, Universidade de Lisboa. The case study explores a Portuguese Multinational in the 

plastics production segment, namely the Logoplaste Group, which is the leader in the Portuguese market. With the 

increasing pressure of the markets and low profit margins, companies must deal with several challenges to remain 

competitive triggering the development and implementation of innovative approaches to react with accurate 

information and faster. Logoplaste Santa Iria, a Logoplaste Group subsidiary factory, is a factory that produces 

containers for FIMA and for Lactogal, Portuguese producers of spreads and dairy products, respectively. Currently 

the production planning of LSI is done manually by a group of employees and then validated  by the factory 

manager without the support of any IT tool.  An IT software in the factory to help the production planning can have 

major improvements in terms of total profit and expenses. The goal of this master thesis is to develop an algorithm 

that will help the company to improve its production scheduling stage. To this end, a mono-objective algorithm 

minimizing the tardiness and a bi-objective algorithm minimizing both tardiness and makespan are developed for 

a flexible job shop scheduling problem. The algorithms consist an enhanced genetic algorithm with a local search 

feature to solve the problem under two different production strategies, make-to-order and make-to-stock. 
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1. Introduction 

1.1. Problem Contextualization 

Recently, a great amount of new companies has been 
trying to penetrate the market and with this competitive 
growth, new approaches need to be taken so that the 
companies remain profitable. Currently it is possible to 
use IT solutions to enhance company’s efficiency by 
tracking operations in the factories, make a better 
product’s quality control and optimize scheduling 
operations. This work will focus on this last topic which 
is related with operations research. 
In particular, Logoplaste is part of the plastic packaging 
industry and the market is currently very saturated. 
Due to high competitiveness, the final prices that are 
applied to the consumer are the key factor for 
measuring companies’ success. The market is also 
defined by having low unitary margins, so the total 
volume that a company sells will dictate the results. 
Because of this, Logoplaste is interested in being 
informed about all new technological advances in 
order to improve its potential. 
Logoplaste has been trying to implement new software 
tools in factories to have a better control and planning 
methodologies. The most recent example of that is the 
implementation of the SAP management software that 

the company is using currently but it still does not 
support production planning at some factories. 
The goal of this master thesis is to develop an 
algorithm that will help the company to improve its 
production scheduling stage. Two production 
strategies will be performed, one considering the 
inventory (make-to-stock) and one disregarding the 
inventory (make-to-order). This algorithm will take into 
account both theoretical concepts and actual practices 
in the factory. This way, it is guaranteed that the 
mechanism will include an optimization model for the 
scheduling of production tasks based on the 
company’s modus operandi and portfolio of orders. 
This thesis uses Logoplaste Santa Iria factory (LSI) as 
case study, which is located inside Unilever’s 
headquarters at Póvoa de Santa Iria, Portugal. 

1.2. Methodology 

The methodology adopted in the master thesis is 
presented as follows: 

1. Problem description: This stage describes the 
problem. The core production process (plastic injection 
method) and the production planning at LSI are 
detailed. 

2. State of the art: In this stage, a state of the art 
review on scheduling concepts is performed. Starting 
with a description of a job shop problem and the ideas 
behind exact and approximate algorithms followed by 
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meta-heuristic approaches (simulated annealing, tabu 
search, genetic algorithm and particle swarm 
optimization) for scheduling that can be adapted to the 
problem under consideration. 

3. Data gathering: In the third stage, the 
processes of the factory are documented in order to 
better design and validate the algorithm that will be 
developed. The processes will be used to generate the 
model inputs. 

4. Algorithm development: The algorithm will be 
developed using Excel’s Visual Basic tool and 
considers as input the factory data which includes the 
machines info, product details, orders’ data and for 
some cases the stock levels. 

5. Algorithm testing with case study: This stage 
consists on doing several analysis in order to validate 
the algorithm results using the case study input and a 
tuning process is done to select the parameters’ values 
showing better results. 

6. Algorithm testing with fictitious instances: The 
sixth stage tests the algorithm with fictitious instances 
in order to analyze how it reacts under situations with 
different complexities. 

 

2. Case Study 

LSI is a factory that produces PP (polypropylene) 
plastic containers for consumable products. Currently 
it operates for FIMA which is part of the Unilever 
Jerónimo Martins Group. The production process is 
characterized by using an injection method. Every 
plastic product produced is composed by a bottom part 
and a cover one. Both of them are made of PP and 
produced at LSI. The process requires three different 
inputs: PP, dye and printed label. All raw materials are 
kept in the factory’s warehouse and the labels are 
maintained under special climate conditions in order 
not to suffer any damages. 
In LSI there are a total number of 30 products that are 
produced for FIMA, in which 15 are bottoms and 15 are 
covers. Every product is distinguished by its mold type, 
dye color and label. Although all products have 
different labels, they may have same mold type and 
color.  
The total productive force dedicated to FIMA is only 8 
machines that operate with 11 different types of molds. 
The covers can only be produced by 5 machines while 
the bottoms can only be produced by 3 machines. No 
machines are prepared to produce bottoms and 
covers. 
Regarding products’ production, there are two 
important variables to take into consideration: 
processing times and changeover times. Processing 
time consist in the necessary time to produce a certain 
product in a certain machine. Changeover time refers 
to the time needed to prepare a certain machine in 
order to produce a different product. It not only 

depends in the machine itself but also in products that 
make part of the transition. The three types of 
changeovers are: molds, dye and label change (the 
total operation time decreases in this order). Mold 
change happens when products have different shapes, 
taking up to several hours. Dye swap occurs when 
products have different colors and the same shape, 
taking half an hour. Label change refers to the change 
when products have the same shape and color but 
different label, requiring a few minutes. As a final 
remark, all changeover times depend on machine’s 
complexities and sizes.  
The production scheduling is performed by a team of 
workers with no support tools and confirmed by the 
factory manager. The information needed are stock 
levels at LSI and FIMA, a weekly delivery plan, 
demand forecasts and warehouse capacity limits. An 
IT software in the factory to help the production 
planning can have major improvements in terms of 
total profit and expenses and this thesis aims to fill this 
gap. 
 

3. State of the Art 

The Job Shop Scheduling Problem (JSSP) is a NP-
hard combinatorial optimization problem (Lageweg et 
al. 1977) and can be described (Arisha et al. 2001) as 
the following: 

• To create a single product in a factory, it is 
necessary to execute several operations. 

• A job is a set of operations required to produce a 
product.  

• An operation can only be executed by a certain 
machine from the set of all machines in the factory.  

• The duration of a task/operation depends on the 
machine that is executing it.  

• The JSSP consists on finding the operation 
sequence for each machine so that it is possible to 
minimize one or more objective functions.  

The flexible JSSP (FJSSP) is a class of the JSSP 
group of problems. While the JSSP assumes that only 
one machine is able to run a particular operation, the 
FJSSP considers a more flexible set up in which an 
operation can be executed by a set of different 
machines. The case study of this dissertation fits on a 
FJSSP because from the 8 available machines in the 
factory, covers can be produced by any of the 5 first 
machines and bottoms can be produced by any of the 
3 last machines. 
Literature refers that there are two means to solve a 
scheduling problem: using exact and approximate 
algorithms (Y. B. Yang 1977).  
Johnson’s algorithm and branch and bound techniques 
are examples of exact algorithms that guarantee that 
they will find the optimal solution for the problem. 
(Hariri & Pons 1991). However, as the problem gets 
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more and more complex, it may take a huge amount of 
time to complete the algorithm.  
Approximate algorithms find solutions that may not 
correspond to the global optimum but it guarantees 
that is reasonably good solution. (Glover & Greenberg 
1989) referred that a metaheuristic is the best way to 
improve schedule optimization algorithms because 
they stablish an appropriate bilateral linkage between 
operations research and artificial intelligence. 
Metaheuristics are generic strategies that define 
algorithmic procedures to efficiently find solutions that 
satisfy combinatorial optimization problem (Sörensen 
et al. 2017).  
Metaheuristics are clearly the best way to solve NP-
hard problems and it matches the ideas behind 
industry 4.0, which is a concept based on improving 
mass production in minimum needed time, idealized by 
(Schwab 2016). Trigged by industry 4.0 context and 
the need of getting fast answers, the rest of this 
chapter will focus on metaheuristics. 
There are two families of metaheuristics: trajectory 
based or local search (LS) and population based or 
evolutionary approach (EA). LS family works with one 
solution in each iteration. Simulated annealing and 
tabu search are examples of LS metaheuristics. EA 
family uses several individuals in each iteration. 
Genetic algorithm (GA) and particle swarm 
optimization are examples of EA metaheuristics. 
Hybridization consist of mixing two or more different 
approaches in the same problem, aiming to get better 
results. Usually, local search heuristics are joint with 
population-based algorithms. This new school of 
metaheuristics often outperform the usage of single 
algorithms (Genova et al. 2015). 
(Murata & Ishibuchi 1995) proposed a framework for 
GA with a weighted sum using randomly specified 
weights for each selection. It was already applied to 
several multi-objective optimization problems but 
never to a FJSSP. It would be relevant to the current 
dissertation and for the scientific community to know 
what kind of solutions would this approach lead to. 
Finally, GA mixed with a LS approach will result on a 
more satisfactory solution because it would create a 
key balance between GA’s diversification (exploring 
solutions in different areas) and LS’s intensification 
(focusing on one specific area and trying to improve 
solutions’ quality). 
 

4. Algorithm Characterization 

4.1. Mono-objective Genetic Algorithm (MOBGA) 
 
The mono-objective approach is based on a classic GA 
to fit into a production scheduling problem. The 
objective function that will be taken into consideration 
is the minimization of the tardiness. Tardiness and 
other notations are represented below: 

 Number of jobs: n  

 
Completion time of job i,   𝐶𝑖 (finishing time 

of an order) 
 

(1) 
Lateness of job i: 𝐿𝑖 = 𝐶𝑖 − 𝑑𝑖 ,   𝑑𝑖  as due 

date 
 

(2) Tardiness of job i: 𝑇𝑖 = max{0, 𝐿𝑖} ,   𝐿𝑖 > 0  

(3) Earliness of job i: 𝐸𝑖 = max {0, −𝐿𝑖}  

(4) Total Tardiness: 𝑇 = ∑ 𝑇𝑖
𝑛
𝑖=1   

(5) Makespan: 𝐶𝑚𝑎𝑥 = max {𝐶1, 𝐶2, 𝐶3, … , 𝐶𝑛}  

 
The parameters inherent to the GA mechanism are 
population size (N) that represents the fixed number of 
chromosomes in each generation, generations number 
(G) which is the total number of new generations 
created and the mutation rate (MR) that consists in the 
probability of applying the mutation operator in each 
chromosome. The main components of the proposed 
MOBGA are summarized as follows. 
 
4.1.1. Representation 
 
In the population, a multi-string encoding rule is used 
for each chromosome containing the necessary 
information about the machine selection and the order 
of the operations. Each chromosome is composed of 
two strings, Figure 1. The first one represents the 
machine gene-string (C1) and the second one 
indicates an operation gene-string (C2). The total 
length (L) of each chromosome equals two times the 
total number of orders and both C1 and C2 operation 
gene-string have a size of L/2 (Figure 1). 
Figure 1 characterize five orders {O1, O2, O3, O4, O5} 
that need to be produced, using one of three different 
machines {M1, M2, M3}, so  𝐿 = 2 × 5 = 10. In C1, the 
value of each gene represents the corresponding 
machine and in C2 each gene refers the order that will 
be produced as well as the index of the C1 machine 
associated. For example: 

• The 1st position “4” of C2 represents the fourth 
index of C1, “1”, showing that O4 will be produced 
by M1.  

• The 2nd position “3” of C2 represents the third 
position of C1, “3”, showing that O3 is assigned to 
M3.  

• The 3rd position “1” of C2 (meaning the third 
operation to be executed) denotes the first index 
of C1, “2”, and this way O1 is produced by M2.  

Similarly, regarding the rest of C2, the encoding and 
decoding operations can be also obtained. Therefore, 
the final sequence of operations with the assigned 
machines can be drawn: O4(M1) - O3(M3) - O1(M2) - 
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O5(M3) - O2(M2).  

 

Figure 1: Chromosome representation. 

 

4.1.2. Crossover Operator 

The procedure of crossover operator for the machine 
gene-string is described as follows, and a crossover 
operator instance is shown in Figure 2 (a). 

• Step 1: Establish two parent individuals (P1, P2) 
for the machine gene-string in terms of 
chromosomes. 

• Step 2: Randomly select L/4 (half the size of 
machine gene-string corresponds to 2.5 so the 
value 3 were considered) integer gene positions in 
P1 to generate a position set A. 

• Step 3: Append the corresponding gene elements 
of the position set A in P1 to a new individual O. 
Check the remaining empty positions in O and 
copy those positions of P2 into O to obtain the final 
offspring individual. 

The procedure of crossover operator for the operation 
gene-string is described below, and a crossover 
operator instance is shown in Figure 2 (b). 

• Step 1: Determine two parent individuals (P1, P2) 
for the machine gene-string in terms of 
chromosomes. 

• Step 2: Select randomly L/4 (half the size of 
machine gene-string corresponds to 2.5 so the 
value 3 were considered) integer gene positions 
in P1 to generate a position set A. 

• Step 3: Append the corresponding gene elements 
of the position set A in P1 to a new individual O in 
order to generate a child chromosome. 

• Step 4: Check the genes in P2 that are not already 
in O, and orderly copy them to the empty positions 
of O. 

 

 
 

Figure 2: Crossover operator: machine gene-string (a) and 
operation gene-string (b). 

 
 
4.1.3. Mutation Operator 

Figure 3 demonstrates an individual being mutated. 
For the machine gene-string, the new individual is 
created following these steps: 

• Step 1: Randomly select one position in the parent 
individual. 

• Step 2: Change that value for another machine 
number. 

For the operation gene-string, the new individual is 
generated as: 

a 

b 
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• Step 1: Select two positions from the parent 
chromosome. 

• Step 2: Swap the genes in the selected positions. 

 
 

Figure 3: Chromosome representation. 

 

4.1.4. Local Search Feature 

The local search (LS) feature in the GA intensifies the 
algorithm. One of the most simple ways to proceed in 
a local search is using the Hill Climbing (HC) algorithm 
introduced by (Greiner 1992). The analogy for HC 
behavior is a climber that seeks to climb the summit of 
a mountain.  However, the fog just allows the climber 
to see if the immediate surface to him is ascending or 
descending (Jaime et al. 2019). The HC will be the 
basis of LS in MOBGA and it has 4 execution steps, 
clarified below. 

• Step 1: Select the best chromosome (B) from the 
population. 

• Step 2: Generate N new chromosomes using B as 
parent and applying mutation. 

• Step 3: Evaluate the fitness (tardiness, OF value) 
of each new individual. The fitness calculation is 
done the same way as in procedure II. 

• Step 4: If any new chromosome has better fitness 
than the parent, replace it. Otherwise, the 
population that entered this procedure stays the 
same and the LS ends up having no influence in 
the population. 

4.1.5. MOBGA Procedure 
 
The proposed algorithm can be summarized with the 
pseudo-code in Algorithm 1. The “Evaluate population” 
procedure is done using Eq. (4). 
 

 
 

Algorithm 1: MOBGA pseudocode. 

4.2. Bi-objective Genetic Algorithm (BOBGA) 

 
The bi-objective algorithm (BOBGA) is an extension of 
mono-objective algorithm. In this case, two objective 
functions are explored: the makespan and tardiness. 
Despite dealing with two objectives, tardiness is clearly 
the main one since it has a high impact in the service 
level, by delivering every order in the right time to 
client. Alternatively, makespan quantifies the 
performance impact, not affecting the client directly. 
Therefore, the algorithm must give more importance to 
the tardiness until it finds the optimal and then stop 
prioritizing the tardiness and minimize the makespan. 
An approach suggested by (Murata & Ishibuchi 1995) 
is a weighted sum, that we adopted in this work. This 
approach applies random weights to objective 
functions every iteration. 
The of BOBGA works the same way as in section 4.1.5 
except for the “Evaluate population” procedure. This 
procedure starts with the calculation of the weight for 
tardiness (Wt) and for makespan (Wm). If in any 
previous iteration of the algorithm the zero tardiness 
was achieved, then the tardiness will not be prioritized 
meaning no rules about random weights generation 
will be imposed. This case follows the original idea of 
(Murata & Ishibuchi 1995). However, in order to 
enhance the tardiness importance, a new parameter is 
defined the lower bound (L). The lower bound will be 
used to control the minimum weight the tardiness can 
have. If the optimal tardiness was not achieved yet, 
then the minimum weight it can have corresponds to 
the value of lower bound parameter. Consequently, the 
search will first focus on finding the optimal tardiness 
OF, which has more impact to the consumer.  
After calculating Wt and Wm (the sum of the weights 
must be equal to 1), the fitness is assigned to every 
chromosome. The total tardiness and makespan are 
calculated using Eq. (4) and Eq. (5), respectively. 
Finally, the Eq. (6) is used to determine the fitness. 

(6) 𝐹𝑖𝑡𝑛𝑒𝑠𝑠 = 𝑊𝑡 × 𝑇𝑎𝑟𝑑𝑖𝑛𝑒𝑠𝑠 + 𝑊𝑚 × 𝑀𝑎𝑘𝑒𝑠𝑝𝑎𝑛 
 

 

5. The Algorithm Tuning 

In order to tune the algorithm parameters, a sensitivity 
analysis was performed using the case study data. It 
characterizes the manufacturing environment of the 
factory in order to produce a schedule for 30 products, 
40 orders and using 8 machines. Within the products, 
15 are bottoms, that are produced in machines 1 to 5, 
and 15 are covers which are produced in machines 6 
to 8. The products have different labels, colors and 
shapes. Every product switch has a setup time and 
every machine has a processing time.  
Mono-objective and bi-objective approaches were 
tested under two different production strategies, make-
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to-order (MTO) and make-to-stock (MTS). In MTO, no 
stock values were taken into consideration and orders 
were treated independently. In MTS, the orders of the 
same product are aggregated and finished products in 
the warehouse are considered. If there are enough 
stock in the inventory to satisfy the product’s demand, 
no production is required. 
Several generations number, populations number, 
mutation rates and lower bound values (for the 
BOBGA) were combined and the set of parameters 
leading to better results were: 

• MOBGA MTO: G = 1000, N = 50 and MR = 0.5 

• MOBGA MTS: G = 1000, N = 50 and MR = 0.5 

• BOBGA MTO: G = 1000, N = 50, MR = 0.5 and L = 
0.6 

• BOBGA MTS: G = 1000, N = 50, MR = 0.5 and L = 
0.2 

The results of the previous four approaches after 50 
executions with random seed are shown in Table 1 (for 
mono-objective) and Table 2 (for bi-objective). OF1 
and OF2 correspond to the value of tardiness and 
makespan, respectively. 
 

Table 1: Statistical analysis for MOBGA. 

G=100, N=50, MR=0.5 MOBGA MTO MOBGA MTS 

OF1 
(min) 

Optimal 
solution 

0 0 

Average 29,1 17,4 

Maximum 430 250 

Standard 
Deviation 

92,5 59,9 

% Optimal 
solutions 

86% 92% 

CPU 
time (s) 

Minimum 22,8 7,2 

Average 25,4 8,6 

Maximum 34,8 13 

Standard 
Deviation 

3,1 1,6 

Iteration 
of best 

OF1 

found 

Minimum 85 22 

Average 245,2 98,9 

Maximum 969 415 

Standard 
Deviation 

183,2 107,9 

 

After the analysis done to the algorithm in order to tune 
parameters, the results obtained produced quality and 
reliable schedules and guaranteeing no production 
delays at least in 80% of the cases. Due to the fact the 
MTS aggregates orders, the problem complexity 
reduces significantly, and it achieves a higher 

percentage of optimal tardiness solutions in less CPU 
time. The MTS analysis suggests that the factory 
keeps unnecessary stock levels because the orders do 
not trigger enough production orders to enable 
exploring the full potential of the algorithm. 
Nevertheless, the algorithm is a great value-added to 
the factory’s operations. 
 

Table 2: Statistical analysis for BOBGA. 

G=100, N=50, MR=0.5 

BOBGA 

MTO 
(L=0.6) 

BOBGA MTS 

(L=0.2) 

OF1 
(min) 

Optimal 
solution 

0 0 

Average 8,6 12,4 

Maximum 160 220 

Standard 

Deviation 
28,2 49,6 

% Optimal 
solutions 

84% 94% 

OF2 
(min) 

Minimum 1320 1520 

Average 1510,2 1939 

Maximum 1800 13560 

Standard 
Deviation 

112,8 1681,1 

Iteration 
of best 

OF1 

found 

Minimum 61 20 

Average 161,9 70,9 

Maximum 742 305 

Standard 
Deviation 

132 70,8 

Iteration 

of best 
OF2 

found 

Minimum 54 23 

Average 403,5 382,9 

Maximum 944 980 

Standard 
Deviation 

262,1 300,1 

 
 
Figure 4 shows the production plan that achieved the 
0 tardiness and the lowest makespan (1320 minutes) 
for the BOBGA MTO. Each machine has their own 
sequence of orders to produce resulting in different 
completion times of the last order and total setup times. 
This production plan produces a total of 2850 minutes 
(approx. 48 hours) of setup time that is shared between 
8 machines. Since reduced setup times help to 
minimize OF2, the algorithm tries to sequence orders 
of the same product one after the other (see products 
5, 12, 14 and 20) if the corresponding due dates allow. 
These situations lead to a 0 setup time and are 
highlighted in Figure 4 with a blue fill.  
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Machine 

Mi 

(i=1,…8) 

Operations sequence Completion 

time of the 

last order of 

Mi 

Total 

setup 

times 

of Mi 
1 2 3 4 5 6 7 

M1 O19, P11 O21, P13 O24, P12 O16, P12    1320 20 

M2 O14, P10 O11, P7 O15, P10     1180 20 

M3 O8, P6 O12, P8 O13, P9 O2, P3    1315 610 

M4 O9, P2 O4, P1 O1, P2 O3, P4 O10, P5 O5, P5 O7, P4 1170 340 

M5 O18, P14 O22, P14 O20, P15 O17, P13 O25, P15 O6, P3  1305 330 

M6 O30, P20 O29, P20 O38, P21 O28, P19 O37, P27   1180 210 

M7 O31, P22 O35, P25 O40, P24 O36, P26 O39, P23   995 800 

M8 O34, P28 O33, P29 O32, P30 O23, P16 O26, P17 O27, P18  1215 520 

OF1 0         

OF2 1320         

 
Figure 4: The most satisfying production schedule for the case study for MOBGA MTO. 

 

  

6. Comprehensive Analysis 

 
This chapter aims to stress the developed algorithm, 
BOBGA, with instances of different characteristics and 
problem sizes. This set of instances will allow to verify 
how versatile the algorithm is under severe situations. 
Thus, section 6.1 characterize five instances based on 
the real case study, and real input data. In section 6.2, 
randomly generated instances are proposed and 
tested with several machines and orders to analyze the 
algorithm performance. 
 
 
6.1. Based on Real Instances 
 
Five instances were created in order to analyze its 
performance with increase complexity. These 
instances vary in terms of orders quantity, due dates, 
number of machines and setup times. The same five 
instances were tested with a symmetric setup time 
matrix (SM) like the one used in the case study and 
with an asymmetric setup time matrix (AM). Instances 
are described in Table 3: 
 
 
 
 
 
 
 
 

 
Table 3: Instances characteristics. 

Instance 1 Instance 2 

Same 8 machines of the case 

study and orders data with the 

following characteristics: 

 

 -    Number of orders: 70 

 - Orders quantities: vary 

between 500 and 4000 

 -  Orders due dates: vary 

between 500 and 3000 

minutes 

 

Compared to the real case 

data, 30 more orders are 

received with lower quantities 

and keeping the same range of 

due date values. 

Same 8 machines of the case 

study and orders data with the 

following characteristics: 

 

 -    Number of orders: 30 

 - Orders quantities: vary 

between 1000 and 20000 

 - Orders due dates: vary 

between 300 and 1500 

minutes 

 

Five orders of this instance 

have a due date of 300 

minutes. Compared to the real 

case data, this one has 10 

fewer orders but with tighter 

due dates. 

Instance 3 Instance 4 

Same 8 machines of the case 

study and orders data with the 

following characteristics: 

 

 -   Number of orders: 40 

 -  Orders quantities: 5000 to all 

 - Orders due dates: vary 

between 500 and 1500 

minutes 

 

Compared to the real case 

data, here all orders demand 

the same quantity. 

In this instance one machine 

from the factory breaks down. 

Same data of the case study is 

used except that machine M5 

cannot be used. 
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Instance 5  

Same 8 machines of the case 

study and orders data with the 

following characteristics: 

 

 -   Number of orders: 100 
 - Orders quantities: vary 
between 1000 and 15000 

 - Orders due dates: vary 
between 500 and 4000 
minutes 

 

Compared to the real case 

data, 60 more orders are 

received leading to a much 

higher complexity. 

 

 
 
In order to analyze the behavior of the algorithm, 50 
runs with random seed of the same instance were 
performed, and the results are shown in Table 4 for 
MTS and in Table 5 for MTS. 
 
Table 4: Statistical analysis of the five instances for MTS. 

 
 

Regarding the MTS strategy, the second instance was 
the only one failing to achieve satisfactory results, 
meaning no solutions with optimal tardiness were 
found. This second instance was characterized by 
having 30 orders with very tight due dates. It was 
possible to conclude that aggregating the orders of the 
same product can be an advantage and a 
disadvantage at the same time. On one hand, 
aggregating orders allows to reduce production setup 
times and actual orders are turned into a smaller 
number of production orders and hence, lower 
complexity. On the other hand, when due dates are 
tight it may be impossible to deliver everything on time 
because the algorithm needs to produce the all amount 
of the same product in one sitting. This is the situation 
that happened with the second instance with MTO. No 
optimum tardiness was attained because it was 
impossible. 
 

Table 5: Statistical analysis of the five instances for MTO. 

 
 

Concerning the MTO results, the first two instances 
were solved efficiently with at least 78% of the results 
with an optimum tardiness found for both symmetric 
and asymmetric setup time matrix. The last three 
instances largely depend on the setup matrix used. 
While the third and fifth instance showed better results 
with an asymmetric setup time, the fourth instance had 
a superior performance with a symmetric matrix. 
Finally, dealing with a machine breakdown or 100 
orders, instance 4 and 5 respectively, were the most 
challenging ones for the algorithm. 
 
 
6.2. Randomly Generated Instances 
 
This section analyzed how the algorithm behaved 
when different complexities data were considered. In 
order to achieve different complexities, several sets of 
orders and machines were defined. The goal was to 
identify until which point the algorithm performs 
consistently presenting satisfactory results. Based on 
the nowadays trend, mass customization, and the 
MTO production strategy following higher complexity 
and challenges, this section will cope only with the 
MTO. 
During all executions the number of available products 
is 30. Therefore, an order was randomly generated 
under the following criteria: 

• The product ∈ ℕ, [1, 30]; 

• The quantity ∈ ℕ, [500, 20000]; 

• The due date ∈ ℕ, [500, 4000]; 

For four different machines’ number, 2, 5, 8 and 11, a 
different amount of orders was tested. For each O x M 
(Order x Machine), 50 executions with a random seed 
and a new set of random generated orders were done. 
This analysis allowed to identify critical instances. A 
critical instance can be defined as the moment until the 
algorithm performs consistently and from this point on, 
the percentage of optimal values of tardiness, the 
average tardiness and the average makespan suffer a 
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sudden exponential growth. The 4 critical instances 
identified are presented in the chart of Figure 5. 

 
 

Figure 5: Critical values for Machine-Orders instances. 

 
The results achieved in this section (Figure 5) help to 
define the productive capacity (maximum possible 
output) of the factory under consideration. The random 
orders were generated with ranges of values based in 
real situations and machines had the same 
characteristics of the case study’s machines. 
Therefore, it is easy to calculate the productive 
capacity of the factory since it corresponds to the 
critical instances identified previously. For a certain of 
number machines, the trendline of Figure 5 (dotted line 
in the graph) shows the maximum number of orders 
that the factory can satisfy consistently. If that 
maximum number is surpassed, the factory’s 
performance may be jeopardized. 
 

7. Conclusions and Future Work 

This dissertation is about Logoplaste Santa Iria, which 
is a factory that produces plastic containers and 
operates for FIMA. The market of the plastic industry 
is now very saturated and due to high competitiveness, 
the final prices that are applied to the consumer are the 
key factor for measuring companies’ success. 
Currently, the production scheduling in LSI is done 
manually by a group of employees and the factory 
manager without the support of any IT software. LSI 
needs to have a reliable and fast production 
scheduling tool, and this is the motivation behind this 
work.  
The goal of this master thesis was to develop an 
algorithm that would help the company to improve its 
production scheduling stage. The algorithm was based 
on a genetic algorithm with two approaches, mono-
objective and bi-objective. The mono-objective 
approach minimizes the tardiness while the bi-
objective approach seeks to minimize the tardiness 
and makespan (giving more importance to the 
tardiness).  Each approach was tested for two different 
production strategies, make-to-order (MTO) and 
make-to-stock (MTS). MTO considers no inventory 

while MTS deals with stock levels of finished products. 
When orders arrive, the MTS production strategy 
analyzes the stocks and decides which quantity of 
each product needs to be produced. 
The case study data was used to tune the algorithm 
parameters and after a sensitivity analysis, the best 
algorithm results were achieved. The mono and bi-
objective approaches using both production strategies 
showed at least 84% of the solutions achieving the 
optimal tardiness and no more than 29,1 minutes of 
average delay. Despite the good performance for both 
MTO and MTS, the MTS production strategy 
presented better results due to its reduced complexity. 
In MTO, not only the orders are aggregated by product, 
but it also deals with stock levels meaning that 
sometimes there is enough quantity in the inventory to 
fulfil an order, requiring no production.  
Five additional instances were created to stress the 
algorithm and investigate how it reacts in different 
situations. The results concluded that for very tight due 
dates the MTS may not be the best option since it 
aggregates all orders of the same product. Also, the 
results of the algorithms largely depend on the setup 
time matrix used (symmetric or asymmetric). 
From the end-user’s perspective, this dissertation 
produces the planned results since the developed 
algorithms for the production planning simplify the 
methodologies currently used at the factory. The 
factory has now a new tool available to support its 
scheduling tasks. After investigating the developed 
work, the following conclusions were drawn: 

• Metaheuristic approaches are well suited to 
solve scheduling problems with the same 
complexity as the case study in short time. 

• Make-To-Stock production strategy is the one 
that best fits the case study. Although MTS 
has the handicap of having high inventory 
costs, it reduces the problem complexity 
significantly and allows to handle the 
uncertainty of the market properly. 

• The parameters of each algorithm largely 
depend on the complexity of the input data. 

The idea of efficiency and productivity can be found in 
all industry sectors. Scheduling decisions have a huge 
impact in these concepts and are increasingly 
important for companies. Although the work developed 
in this master thesis aimed to solve a specific case 
study, it can be easily adapted to fit different kinds of 
optimization problems. 
The future work would involve the development of a 
new methodology to solve the same case study to 
serve as a benchmark for comparison. It should also 
perform a comparative analysis with the metaheuristic 
developed in this dissertation. Hence, more accurate 
results would be provided, and the importance and 
applicability of metaheuristics would be highlighted. 
 

y = 22x - 17,5
R² = 0,9979

0

20

40

60

80

100

2 5 8 11

O
rd

e
rs

Machines



10  

 

Acknowledgements 

I would like to thank Prof. Tânia Pinto Varela and Prof. 
Nelson Chibelles for their guidance during the 
development of this work. I am grateful for their 
availability and valuable support. 
 

References 

• Arisha, A., Young, P., & El Baradie, M. (2001). Job 
Shop Scheduling Problem: an Overview. In 
International Conference for Flexible Automation 
and Intelligent Manufacturing (FAIM 01).  

• Genova, K., Kirilov, L., & Guliashki, V. (2015). A 
Survey of Solving Approaches for Multiple 
Objective Flexible Job Shop Scheduling Problems. 
Cybernetics and Information Technologies, 15(2), 
3–22.  

• Glover, F., & Greenberg, H. J. (1989). New 
approaches for heuristic search: A bilateral linkage 
with artificial intelligence. European Journal of 
Operational Research, 39(2), 119–130.  

• Greiner, R. (1992). Probabilistic Hill-Climbing: 
Theory and Applications. In Proceedings of the 
Ninth Canadian Conference on Artificial 

Intelligence. 

• Hariri, A. M. A., & Pons, C. N. (1991). A Branch 
and Bound Algorithm for Job-Shop Scheduling. 
3(1), 201–209. 

• Jaime, J., Hernández-Wong, J., Nogal, U., Rojas, 
A., Calderón, A., Rojas-Trigos, J. B., … Marin, E. 
(2019). Phase resolved method using the Hill-
Climbing Metaheuristic Algorithm applied for the 
spectral separation from photoacoustic spectra of 
chilli pepper skin and yellow corn pericarp. 
Measurement, 138, 143–148.  

• Lageweg, B. J., Lenstra, J. K. K., & Rinnnooy-Kan, 
A. H. G. H. G. (1977). Job-shop scheduling by 
implicit enumeration. Management Science.  

• Murata, T., & Ishibuchi, H. (1995). MOGA: Multi-
objective genetic algorithms. Proceedings of 1995 
IEEE International Conference on Evolutionary 
Computation, 1, 289-.  

• Schwab, K. (2016). The Fourth Industrial 
Revolution. Currency. 

• Sörensen, K., Sevaux, M., & Glover, F. (2017). A 
History of Metaheuristics. In Handbook of 
Heuristics (pp. 1–27). Springer US. 

• Yang, Y. B. (1977). Methods and Techniques 
Used for Job Shop Scheduling. 

 
 


