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ABSTRACT 

The increasing interest in using quantitative methods for production planning and 

scheduling has clearly emerged in all commodity production and service facilities. These 

methods should have good capabilities in analysis, decision making and can be modelled 

to be computerized. Moreover, computer simulation of such methods is essential in the 

design the problems solving that help to get the optimal solutions in taking the right 

decisions at the productive operational services. In this regard, the petroleum refineries 

and the refining processes are one of the most significant areas where the products are the 

basic catalyst for diversified economic activities and other manufacturing. The production 

planning in these systems is a fundamental issue to achieve the optimum operation in the 

quantitative and qualitative productive lines wherein artificial intelligence and hybrid 

technologies play a vital role. Furthermore, to deal efficiently with issues such as large 

input sizes especially related to the difficulty in NP-Hard, the hybrid technologies are 

advantageous in terms of the improved performance. 

Based on these factors, this study propose a mathematical model to plan the major 

product schedules called (Master Production Schedule in short MPS) of the Kalak refinery 

system (KRS, Kurdistan). The proposed model used the multi-objective mathematical 

programs including three objectives in terms of the level of the final storage (EL), gross 

needs unavailable (RNM) and quantity below the safety level (BSS). The exactness of the 

designed model was verified by estimating theoretically the crude oil amount produced 

and comparing it with the real quantity produced by the refinery. A memetic algorithm 

was used for validating the proposed MPS model for KRS. Furthermore, the efficiency of 

the model was tested throughout the product planning stage and compared with the actual 

product planning in the refinery to evaluate the performance of the model. Computer 

simulation based on MATLAB programming was conducted to validate the model. 

Having, validated model, next, the model was applied to the outlining of energy available 

per plant using the calculation of availability and gross needs. The products demand was 

well-predicted using the neural networks. The hybrid algorithms were obtained by 

combining the competitive imperial and genetic algorithms to solve the proposed MPS-
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KRS model. Besides, the performance of the hybrid algorithms was compared with the 

NSGAII and MOPSO in terms of solving issues of multi-purpose product schedule 

wherein five scenarios of different products and three comparative standards were 

considered. 

 In light of the obtained numerical results it was concluded that the used hybrid 

algorithms can solve the issues of multi-objective MPS better compared to the existing 

multi-objective developmental algorithms. Also, it is considered necessary that the 

adoption of a master production schedule (MPS) in the industrial facilities has a major 

impact on balancing demand and supply. 
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INTRODUCTION 

1.1 Overview 

The optimization of different system parameters and conditions across various 

scientific disciplines can never be overemphasized. Its ever-increasing role can be seen 

in dealing with real-world optimization problems including the planning of spaces and 

networks, management of logistics and risk factors, and finances. Generally, these are 

called NP-hard problems in which it is often intricate to find an optimal solution. Thus, 

extremely efficient and smart techniques are needed to overcome such difficulties. 

Despite recent advances in computer technology, finding exact solutions for these 

problems remains a major challenge (Ali et al., 2015).  

Up to year study, several metaheuristics have been developed to attain the 

practical preferred solutions with less time complexity. The underlying intrinsic 

complexities and dynamical aspects of the nature inspire the human to surmount several 

complex issues in the scientific and technological fields. The other source of motivation 

comes from the metaheuristics, operational research, computer intelligence, 

optimization methods, etc. to cite a few.  In recent times, such optimization techniques 

have fruitfully been applied to solve varieties of real life problems faced by the 

industries. Interestingly, one of such industrial optimization problem has been found in 

the petroleum refining industries worldwide due to an ever-growing demand of 

petroleum products. Such demand coupled with the continual price fluctuation posed 

numerous challenges need careful scientific approach in order to keep on the trend and 

to tackle the ongoing problems of fuel crises (Ibrahim et al., 2014).  
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The derivation of the optimal solutions has become vital to the enterprises 

because of the rising interests in the implementation of the quantitative techniques for 

the management of production processes and service delivery. This can be clearly 

demonstrated by acquiring good potential for analysing decision problems, designing 

models for these problems, and solving them with mathematical methods. The main aim 

is to reach the optimal solutions through the development of productive plans that help 

the management to make the right decisions, thereby serving the production process 

optimally. With the optimal production lines, the largest amount of the petroleum 

products can be achieved within the schedule with better insights toward the future 

development of enterprises because these products are the primary engine of many daily 

activities and other industries. These companies worldwide want to reach in the optimal 

operational conditions for their production lines (Liu et al., 2012; Wedelin & Adawi, 

2014).  

Based on these significant facts and other literary findings, it has been realized 

that multi-objective programming approaches can be adopted by the Kalak oil refinery 

industry (Kurdistan) to plan the production capacities and identify future growth based 

on the changes in the petroleum production rates at the refinery. In order to overcome 

the rate of petroleum storage below the safety level and meet the market demands a 

hybrid technique based on artificial intelligence (AI) has been proposed. This 

mathematical model could optimize the Master Production Scheduling (MPS) of the 

Kalak Refinery System (KRS) and improve the model performance related to production 

management and services compared to existing art-of-the techniques.  

1.2 Background of the Study 

For a specific problem, the parameters optimization becomes essential when 

increases number of parameters and the computational time needs to test all their 

combinations. The modern way to solve this problem is to use the heuristic methods for 

removing the ineffective test cases or highlighting the superior test cases. Consequently, 

the computation time can remarkably be shortened but at the cost of reduced certainty 



3 

 

of the outcomes. In this regard, evolutionary algorithms being the heuristic methods 

were used to emulate the biological evolution in the area of computer science. Test cases 

with results that fit a certain goal can be reproduced and mutated while the other test 

cases can be removed. Eventually, these algorithms allow the test cases to move closer 

to the optimum solution. However, these algorithms are limited to optimize the problems 

that have multiple objectives because a single optimal solution cannot be obtained 

without reducing the number of objectives. Thus, for the problems having multiple 

objectives the algorithms need to produce several outcomes that fit to the goals in the 

best possible way so called optimum solutions (Damay, 2015; Vachhani & Prajapati, 

2015).  

In the recent globalization of economic growth, any successful manufacturing 

company always plans to be competitive and stay relevant by satisfying the timely need 

of customers with high-quality products and services. For these industries, the optimum 

schedule and quality are the main watchword to remain unbeaten by others. In the 

exceedingly dynamic business environment, this is really a challenge for the decision 

makers to maintain the name and fame of the company.  In fact, the short lifecycles of 

products, substantial varieties of products customization, unpredicted patterns of 

demands and short times of leading customers are some of the factors for such dynamic 

change in the market environment. On top, the uncertainty related to the business settings 

make it more difficult to gain the competitive advantages from the customers. Thus, 

efficient communication and synchronization among the departments of marketing, 

selling and manufacturing in the company are essential to guarantee the fulfilment of the 

fluctuating or unpredictable customers demand by the available resources(Supriyanto & 

Noche, 2011; Trivedi et al., 2017) .  

Production Schedule (PS) is the function of the manufacturing management 

system to provide a mechanism for the dynamical interactions among the marketing, 

selling and production. In the context of Kurdistan (Iraq), the issues related to the 

petroleum products planning are significant because of the growing demand of various 

petroleum-based merchandises such as gasoline, kerosene, jet fuel, etc. In the coming 
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years it will require a substantial expansion and enhancement in the capacity of large 

petroleum refineries in order to avoid the deficit resulting from the future increase in 

demand of such petroleum products. To surmount these unexpected setbacks in the 

future, multi-decision making became one of the most important topics in the industries 

and productive companies wherein businessmen and leaders are paying attention. 

Undoubtedly, it emerged as an important tool that contributes to business planning and 

decision-making (Supriyanto & Noche, 2011)  

The multi-objective programming, mathematical modelling and simulation 

approaches have been strategized to optimize the advanced petroleum products so that 

the optimum solution or solutions can be attained. The main purpose is to achieve several 

specific objectives for the establishment of the companies or industries so that the 

investment costs can be reduced and production capacities can be enhanced, so called 

optimum production scheduling and service offering. Consequently, the researchers 

became interested to use the multi-objective decision-making techniques to achieve the 

optimum quantities of production. This in turn can meet the ever-growing customers 

demand and simultaneously remain compatible with the oil refinery’s production 

capacity. To resolve such issues, this work adopted a multi-objective programming 

approach by constructing a numerical model for the master production scheduling in 

Kalak Refinery System (MPS -KRS). The model solution was based on the Matlab 

programming. The artificial intelligence  technique was used to incorporate the 

characteristics of intelligence and acquisition from the general environment. Four types 

of intelligent algorithms including the evolutionary algorithm (EA), neural network 

(NN), fuzzy logic (FL), and the hybrid techniques were used (Jiao et al., 2011)  

The idea of combining two or more different techniques to achieve a hybrid 

technology is primarily inspired by its better performance ability than any of the isolated 

technology. Therefore, the results obtained from the developed mathematical model 

simulation are the new class of technologies under the umbrella of hybrid techniques. 

The hybrid technologies indeed combined the strengths of single technology so that the 

resulting technologies offered a range of features such as improving the performance of 
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single technology, producing good quality solutions, and the ability to handle large input 

volumes effectively, especially in the difficult situations called NP-Hard problems.  

Owing to several merits, the hybrid technologies can provide optimum solution for the 

master production scheduling in Kalak refinery system (MPS-KRS). 

1.3 Problem Statement  

Optimum operation plan in general is at the heart of oil refining industries and 

remains a significant concern that need to be improved especially at the Kalak petroleum 

refinery located in Kurdistan (Iraq). The dynamical economic setting is the main factor 

behind unpredictable market and oil price fluctuations worldwide. Thus, oil refinery 

industries must evaluate the possible impact of significant transforms including the 

demands for the compositions of the crude oil, specifications of ultimate products, and 

outlays (Magalhães et al., 1998). Coxhead (1994) identified some applications of the 

operational planning models for multiple oil industries and refineries such as the crude 

oil selection and allocation as well as the partnership to negotiate the supply of raw 

materials and planning. In the oil refinery, usually many fuel streams are generated and 

blended together to obtain the final products, wherein these products are assigned with 

diverse grades for satisfying the demands in the marketplace. Despite of many dedicated 

efforts an accurate and efficient accurate mathematical hybrid model to achieve the 

optimum solution for the master production scheduling in a petroleum refinery system 

has been deficient. 

 A close observation at the KRS revealed two main issues related to the oil 

production planning. First, a capacity feasible (PS) in Material Requirements Planning 

(MRP) systems for KRS has not been identified. The developed PS model of the refinery 

should consider the differing objectives including the services level maximization, 

inventories stage minimization, and effective usage of the resources. Second, in the 

KRS, the MPS is produced manually. Therefore, factors such as capacity, constraints, 

time horizons, many resources and products with different specifications, production 
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rates, product sequencing, and production priorities must be planned as well as 

scheduled using optimization model called Mixed Integer Programming (MIP). The 

implemented mathematical model must be optimized using various optimization 

techniques. The existing multi-objective optimization techniques need the weighting 

approaches and thereby limit their applications unless enhanced. Moreover, the setup of 

the optimum parameters for the existing optimization techniques is complicated, which 

require the implementation of Genetic Algorithm (GA). Conversely, the 

implementations of GA including NSGAII with several design/planning variables or 

parameters make it extremely tricky to attain the optimum solutions. Therefore, to 

overcome these problems a hybrid evolutionary model founded on imperialist 

competitive algorithm and GA is mandatory to solve the multi-objective MPS problems 

for KRS. 

1.4 Research Questions 

Based on the aforesaid background of the study and the problem statement 

(Section 1.2 and 1.3) three research questions were raised: 

(a) How to devise an efficient, enhanced and accurate multi-objective 

mathematical model targeted to the optimization of MPS in KRS using 

operation research? 

(b) What type of algorithm is used to validate and evaluate the accuracy of the 

proposed model upon implementation in the KRS? 

(c) How to evaluate the GA and ICA (hybrid technique) to solve the multi-

objective MPS problems in the context of KRS? 

(d) Can one determine the performance effectiveness of the applied hybrid 

algorithms by optimizing the multi-objective MPS problems designed for 

KRS? 
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1.5 Aims and Objectives of the Study 

The primary aim of the present study is to formulate an intelligent scheduling 

algorithm for MPS to meet the multi-objective tasks in the Kalak Refinery System 

(Kurdistan). In order to obtain the answers to the research question. The objectives of 

this thesis have been identified as: 

(a) To propose multi-objective mathematical model representing the Master 

Production Schedule for Kalak Refinery System. 

(b) To apply a memetic algorithm for validating the proposed MPS model for 

Kalak Refinery System. 

(c) To evaluate the performance of the hybrid multi-objective evolutionary 

imperialist competitive algorithm and genetic algorithm for the optimum 

solution of MPS model when implemented to KRS. 

1.6 Scope of the Study 

This study is carried out in the context of the environment of Kalak petroleum 

refinery industry located in the Kurdistan region (Iraq) as follows: 

(a) The initial investigation was conducted and data was collected through on 

site observation and interviewing the responsible experts employed in the 

kalak refinery system.  

(b) The algorithm development involved three levels including the fraction, 

treatment, and storage. 

(c) The important process considered in fraction level was the distillation 

procedure. 
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(d) In the treatment level seven processes were considered including naphtha 

hydro treating, isomer, catalytic reforming, gas plant, merox1, merox2, and 

the mixing unit. 

(e) In the storage level the saving process was considered which can be 

categorized to the reserved storages and non-reserved storages.  

(f) In the model optimization seven products were considered such as the 

naphtha in the intermediate category as well as a total of six products in the 

final-product category such as the liquid petroleum gas (LPG), gasoline, 

kerosene, jet oil, diesel, and petroleum oil. 

(g) Performance evaluation was based on the product quantity unit in the barrel 

per day (cubic meter per day). 

(h) The MATLAB code was used for testing and implementation of the 

proposed algorithm. 

 

1.7 Contributions to Knowledge 

For the first time this study used a hybrid multi-objective evolutionary 

imperialist competitive algorithm to optimize the facilities of the varieties of merchandise 

manufacturing and services for the petroleum production in KRS (Kurdistan). The proposed 

multi-objective mathematical model representing the MPS for KRS was found to 

produce more accurate optimum solutions than those obtained by the existing hybrid 

techniques. The used memetic algorithm can validate the developed MPS model for 

Kalak Refinery System and thus indicated its effectiveness towards performance 

optimization. The evaluation of such hybrid multi-objective evolutionary imperialist 

competitive algorithm (ICA) and genetic algorithm (GA) for the optimum solution of 

MPS model in the context of KRS was conducted for the first time. This study generated 

the new knowledge and better understanding of the operational productivity and its 

fulfilment in the demand supply chains across the market. Thus, it may encourage the 
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refinery industry administrator and researchers to implement artificial intelligence based 

hybrid multi-objective model for product optimization efficiently. This disclosure may 

assist the refinery system especially KRS to optimize the master production schedule, 

thereby reducing the cost and time complexity with efficient use of resources (materials 

and man power). Furthermore, this thesis devised an AI technique called GA-ICA 

representing an enhanced, accurate and efficient mathematical model of MPS useful for 

the refinery system across the globe. The present optimization of petroleum refinery 

product empowered by the computer simulation of mathematical model programs will 

not only be economic but also lead to environmental mitigation, a contribution towards 

sustainable development and growth. 

1.8 Thesis Organization 

The current thesis is organized into seven chapters as follows: 

 Chapter 1 presents a brief background of the study with an overview of this 

research where the rationale is elucidated.  Based on the back ground the problem 

statement emerged called research gaps, which allowed asking the appropriate research 

questions, set the objectives, scopes and significance. Finally, the thesis outline is 

provided.  

Chapter 2 provides background theory and critical review of relevant literatures 

related to optimization and scheduling in the studied petroleum refinery industry and 

finally a short summary with discussion.  

Chapter 3 describes the research methodology in details where the operational 

framework regarding the conducted study, data collection procedure, simulation, 

formulation of the model, and methods of data analysis are highlighted.  
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Chapter 4 emphasizes results on the developed the mathematical model for 

Master Production Scheduling of KRS.  

Chapter 5 explains the results on the verification and validation of the multi-

objective model proposed for the optimization.  

Chapter 6 describes the formulation of the applied hybrid multi-objective 

evolutionary algorithm (MOEICA) and the re-optimization the multi-objective 

mathematical model for KRS. 

Chapter 7 concludes the thesis with many new research directions called future 

works that are opened up through this study. 
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BACKGROUND THEORY AND LITERATUER REVIEW 

2.1 Introduction  

Generally, reviews are meant to look at previous studies theoretically and 

applicably so as to: firstly, evaluate the various methodologies implemented in this area 

to determine the appropriate method for addressing research questions. Secondly, to 

assess the relevance of the current study and what separates it from the related studies in 

order to identify a research gap that could lead to a new contribution.  

Optimization in KRS is all about maximizing of service levels, efficient using of 

resources, and minimizing inventory levels; which are considered as conflicting 

objectives in the MPS model of KRS. Other factors to be covered by the model include 

capacity, constraints, time horizons, a large number of resources and products with 

different specifications, production rates, product sequencing, and production priorities. 

Moreover, these objectives are impossible to minimize at a time and the complexity of 

the solution space for this combinatorial problem is high. Therefore, the model needs 

using multi-objective optimization method. Nonetheless, based on the existing literature, 

multi-objective optimization basically involves two methods; weighting method and the 

constraint method. However, it is difficult for these two methods to set up optimal 

parameters, so it preferred to use EA. In general, the main advantages of Evolutionary 

algorithms are they do not require the objective function to be differentiable or 

continuous, they do not require the evaluation of gradients and they can escape from 

local minima. On the other hand, by applying EA such as NSGAII with too many design 

variables, it is difficult to obtain optimal solutions. Therefore, in order to resolve these 

difficulties, a hybrid evolutionary algorithm is proposed. 
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This chapter is ordered into eight sections. Section 2.2 introduces the multi 

objective optimization and evolutionary algorithm also presents their techniques. 

Section 2.3 and 2.4 provides the fundamentals of master production schedule and some 

optimization techniques that used for handling MPS (i.e. linear programing, simulated 

annealing, genetic algorithm, artificial neural network and imperialist competitive 

algorithm). Section 2.5 and 2.6 present the background and fundamental of mathematical 

model and model validation and verification. Section 2.7 introduce the background on 

MA. finally, Section 2.8 provides the review of the techniques used for solving MPS 

optimization problem. 

2.2 Optimization Approach  

Optimization requires defining the values of decision variables that produce one 

or more goals maximum or minimum. Single-objective optimization defines the best 

possible solution for a single value calculation. Decision-makers are faced with a choice 

to either accept or reject this single solution before knowing how the solution fits with 

other possible solutions. This is particularly true in the context of public decision-

making, where more than one goal is often desired to be optimized. Such multiple often 

conflicting goals are often not only incommensurate but can also have different effects 

on the outcomes that exist. (Wu, 2008). 

 Optimization of Multi-Objectives  

In contrast to the single-objective optimization problem, The Multi-Objective 

Optimization (MOO) problem involves finding a decision vector that meets constraints 

and optimizes various objective functions this constitutes a mathematical description of 

performance criteria that generally conflict with one another. It is generally true that 

what is optimal in terms of one of the objectives is usually not optimal for the remaining 
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objectives for multi-objective optimization problems. The main concept in the definition 

of such an optimal solution is that of Pareto optimality (Pareto, 1906), according to 

which a feasible solution to a multi-objective optimization problem is Pareto optimal if 

there is no other feasible solution that will result in an improvement in one objective 

without at least one other objective being detrimental. Hence, the term "optimizing" 

means finding such a solution that would analyse the trade-offs and give the values of 

all the objective functions acceptable to the decision maker (Osyczka 1985; Wu, 2008). 

When the problem has conflicting objectives, there is hardly a point that 

minimizes (or maximizes when it is the goal) all the objective functions at the same time. 

(Pareto, 1906) defined the predominant concept of the optimal point, known as the 

Pareto optimal point. 

In short, one point is Pareto optimum if there is no other feasible point that 

improves the solution on at least one of the objectives, without harming any of the others. 

For a given problem there may not be a single Pareto optimal point, but a set of Pareto 

points. Figure 2.1 shows an example of a set of optimal Pareto points, where Z is the 

solution space. Because the example is composed of only two objective functions, the 

visualization is simpler: it is not possible to improve one of the objective functions of 

one Pareto optimal point without harming the other.  

Over the years, a considerable number of researchers have developed several 

techniques to solve the optimization problem, however, it has been almost recently that 

the potential of Evolutionary Algorithms in this area has been realized. This work began 

with Rosenberg in the late 1960s (Rosenberg, 1970), where he considered the possibility 

of applying a genetic search to deal with multiple purposes, but the first practical 

implementation came with (Schaffer, 1984). Since then this new area (now called multi-

objective evolutionary optimization) has grown significantly, leading to a large increase 

in the number of publications on the subject.  
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Figure 2.1 Graphical representation of a set of pareto optimal in a 

minimization problem (Ribas, 2003) 

 

 

 Evolutionary algorithms for multi-objective optimization problems 

EA is a generic term used to denote several metaheuristics inspired on the 

“survival of the fittest” principle from Darwin’s evolutionary theory. Their origins can 

be traced back to the 1960s (Holland ,1962; Fogel, 1994), and have been found to be 

quite effective in solving a wide variety of complex search, classification and 

optimization problems (Eiben et al., 2003). For the following reasons, EAs are especially 

suited for addressing multi-objective optimization problems: (ii) they are 

implementable, (ii) Multi-objective evolutionary algorithms (MOEAs) return more than 

one optimal solution, (iii) the algorithm is less likely to be stuck in local minima, (iv) 

MOEAs are adaptable and robust, (v) MOEAs do not necessitate any previous 

knowledge of the problem. (Coello et al., 2007). 

In MOEAs, if crossover or mutation results for offspring that are weaker than 

their parents, most times successful solutions get missed. Such lost developments are 

often rediscovered by the MOEAs in future generations, but there is still no guarantee. 

Practitioners use a mechanism called elitism to solve this issue (Guliashki et al., 2009). 

It is possible to classify the MOEAs into elitist and non-elitist algorithms. Elitist MOEAs 

have a mechanism at every level to maintain good solutions whereas non-elitist MOEAs 
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have no such mechanism. Therefore, non-elitist algorithms do the worst monotonically 

(Vachhani et.al., 2015). 

 

 

 

 

 

 

In MOEAs, a solution x is considered a non-dominated solution if in all 

objectives it is better than the solution y and solution x in at least one objective is strictly 

better than the solution y. Dominated solutions are the solutions that do not follow the 

above two conditions. There is a set of non-dominated solutions in MOEAs at the end 

of each generation. Such graph is called Pareto front (as shown in Figure 2.2) when 

plotting these non-dominated solutions on a graph, and solutions on the Pareto front are 

called Pareto set (solutions). At the termination of MOEA, we have a set of non-

dominated solutions. We obtained optimal Pareto front at the end of termination of 

MOEA and solutions on it are called optimal Pareto solutions (Guliashki et al., 2009). 

There are two main goals as shown in Figure 2.2 in every multi-objective evolutionary 

algorithm (i) convergence towards optimal Pareto front: how to guide the population 

towards the optimal Pareto front? (ii) diversity: how to maintain diverse solutions in the 

Pareto set? A good diversity mechanism gives well-distributed solutions in optimal 

Pareto front and also truncate the size of Pareto set (Vachhani & Prajapati, 2015). 

Figure 2.2 Goals of MOEA and pareto optimal front where z1 and 

z2 are conflicting objectives (Vachhani et.al., 2015) 
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It is worth indicating that traditional EAs require some modifications in order to 

deal with multi-objective optimization problems. The main two modifications are the 

following: 

(a) The selection mechanism would regard all the non-denominated solutions as 

equally good. This means that a different fitness concept is needed to address 

multi-objective optimization problems. The most popular mechanism to deal with 

this problem is called Pareto ranking which was introduced by Goldberg (Goldberg 

and  Holland, 1988). This approach assigns a rank to each solution based on its 

Pareto dominance, such that no dominated solutions are all sampled at the same 

rate. 

(b) Due to stochastic noise, EAs prefer to converge to a single solution if they run long 

enough (Goldberg and Holland, 1988). It is therefore important to have a process 

to ensure diversity. This component is called the estimator of density. Fitness 

sharing (Goldberg and Richardson, 1987) was the earliest density estimator, but 

many others have been proposed over time, including clusters (Zitzler and Thiele, 

1999),entropy (Farhang-Mehr and Azarm, 2002), adaptive grids (Knowles and 

Corne, 2003) and crowding (Deb et al., 2002), among others.  

Evolutionary Algorithms have become the main method available to explore 

Pareto optimal set solutions in multi-objective optimization problems, and the EAs are 

too difficult to be solved using particular methods like linear programming and gradient 

search. This is because EAs are able to exploit a large search spaces, but due to their 

inherent parallel processing and their ability to explore the similarities of recombination 

solutions, they can reach the optimal Pareto front in only one run. 
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 Evaluation of multi-objective optimization algorithms 

The first practical implementation of evolutionary algorithms in multi-objective 

optimization problems adopted by(Schaffer, 1984). After that, the most important 

publication was written by (Holland and Goldberg, 1989), where he put in a few lines a 

proposal that would revolutionize the area. An excerpt from his book brought the 

concept of non-domination, an idea for building an efficient multi-objective 

optimization technique that inspired many successful works in the years to come. 

Although the most efficient methods of evolutionary multi-objective optimization are 

based on this concept, recent studies show this type of algorithm still poses some 

problems. This subsection presents some of the most important techniques for evaluating 

algorithms for multi-objective optimization problems. 

 Methods of aggregation of functions 

Understanding that an evolutionary algorithm requires scalar knowledge about 

the fitness of individuals, suggesting a combination of all the goals in one, using 

addition, multiplication, or any other combination, is almost normal. This is the 

suggestion of methods for function aggregation. This has been tried several times in 

relatively successful research, in problems with more or less well-known behaviour of 

objective functions. such as sum with weights, goal programming and the – constraint 

method these  approaches were suggested by (Charnes & Cooper, 1961; Ijiri, 1965; 

Ritzel et al., 1994) 

 Approaches not based on the Pareto Optimum notion 

To overcome the difficulties of the methods of function aggregation, a great deal 

of research has been conducted to develop alternative techniques based on population 

control or specific goal handling. 
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i. VEGA 

This technique developed by (Schaffer, 1984, 1985) uses what he calls the Vector 

Evaluated Genetic Algorithm (VEGA) and was an extension of the (Grefenstette, 1984). 

This method varies in the way selection is performed from a standard genetic algorithm. 

This operator has been updated so that by applying a proportional selection according to 

each objective variable, a number of subpopulations are generated with each generation. 

ii. Min-Max Strategy with Weight 

Clear understanding of objective functions that can be determined by 

individually optimizing the criterion, the optimal solution offers the least value for the 

relative rises of all objective functions. This idea was initially proposed by (Jutler, 1967)  

and (Solich, 1969), and later developed by other researchers. 

iii. Use of the Contact Theorem to identify optimal solutions for Pareto 

Proposed by (Osyczka and Kundu, 1995) This algorithm uses the contact 

theorem to evaluate a solution vector's relative distance to the Pareto set. This approach 

is quite similar to the strategy of Min-Max, however in this situation, weights are not 

necessary for the objectives, nor a function of comparison to maintaining diversity. 

 Approaches Based on the Notion of Pareto Optimum 

This idea was initially proposed by (Holland and Goldberg, 1989), where he 

suggested a ranking of non-dominated solutions. In the first position of the ranking, the 

solutions that are not dominated by any other of the population, are placed. Then these 

solutions are deleted, and a new comparison is made. The non-dominated ones are placed 

in second place in the ranking. This process is repeated until all the solutions are 

classified, and the position in the ranking defines the fitness measure of the solution. 

Goldberg also suggested the use of niches, to maintain the diversity of the population. 
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This idea of Goldberg was the inspiration for the creation of several successful 

techniques of multi-objective optimization. The main ones are presented below:  

i. Multiple Objective Genetic Algorithm  

MOGAs are an extension of the traditional GAs. Instead of measuring the fitness 

function with a single objective, several kinds of mechanisms are used to aggregate 

several ’objectives’ or ’fitness function’. The main difference appears in the selection 

operator (Damay, 2015). This algorithm uses the notion of ranking, where all non-

dominated individuals are placed in the first position and those dominated are penalized. 

The idea of a niche was also implemented to distribute the population over the Pareto 

optimal region. This technique was proposed by (Fonesca and Fleming,1993). 

ii. Non-Dominated Sorting Genetic Algorithm 

This algorithm is suggested by (Srinivas and Deb, 1994), and it is known as Non-

dominated Sorting Genetic Algorithm (NSGA). The algorithm is based on several layers 

of classification of individuals as suggested by Goldberg (Goldberg, 1989). Prior to the 

selection, the whole population is placed in a ranking, where all unmanned individuals 

are classified into a category and each receives a fitness value. These classified 

individuals are ignored, and the process continues until the entire population is 

classified. In the selection, the individuals with greater fitness value, the first ones to be 

classified, will reproduce more than the others. The algorithm of the NSGA is not very 

efficient, because Pareto ranking has to be repeated over and over again (Guliashki et 

al., 2009). 

iii. NSGAII 

NSGA-II is introduced by (Deb et al., 2002) as an improved version of the NSGA 

(Sarker et al., 2002). NSGA-II estimates successive generations of non-dominated 

fronts' population of solutions. The non-dominated set is identified and represents the 
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non-dominated front of level 1 or front 1. The solutions of front 1 are temporarily 

discounted in order to find the individuals in the next non-dominated front and the above 

process is repeated. The process continues until the recognition of all fronts. The 

crowding distance is used to ensure diversity in the population.  

iv. Multi-Objective Particle Swarm Optimization  

Multi-Objective PSO (MOPSO) established in 2002, has become an emerging 

field for solving multi-objective optimization problems. With a large number of 

extensive literatures, software, variants, codes, and applications. 

MOPSO is a population-based Multi-Objective Meta-Heuristic that has been 

used to solve several Multi-Objective Optimization Problems (MOP) (Jakob et al., 

1992). MOPs include simultaneous optimization of functions that are subjected to 

certain constraints for two or more opposing goals. MOPSO algorithms are specifically 

designed for reliable and scalable solutions. Each component, called particle, uses 

simple local rules to control its behaviour in these algorithms, and the swarm achieves 

its objectives through the interactions of the entire group. 

2.3  Master Production Scheduling  

The MPS is an operational plan, a component of the larger plan of production. It 

is a statement of what the company expects to produce. It should take into account the 

demand, pending orders, availability of resources, expected ending levels of inventory, 

availability of capacity, management policies and objectives.  

According to the APICS (American Production and Inventory Control Society, 

(Cox III & Blackstone Jr, 1998) the master production schedule define as “The 

anticipated build schedule of those items assigned to the scheduler. The scheduler 

maintains this schedule and in turn, it becomes a set of planning numbers that drives 
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material requirement planning. It represents what the company plans to produce 

expressed in specific configurations, quantities, and dates.  

According to (Proud, n.d.), MPS development's real challenge is to balance 

consumer supply effectively with product demand (Figure 2.3). The demand may consist 

of a forecast, customer orders (which may or may not be part of that forecast), contracts 

or long-term agreements, technology projects, branch warehouse requirements (i.e. 

replenishment of a distribution centre) or orders within the organization from another 

division if the product involved is, in effect, a portion of the product of that division. 

Demand can also originate in the need for specials (industry shows, sample), service 

parts or spares, increase in safety stock requirements, or lot sizes. All those demands 

commonly refer to “Gross Requirement”. To satisfy these demands, the scheduler needs 

to consider the availability of materials and capacity resources. 

 

Figure 2.3  Balancing supply and demand (Proud, n.d.) 

Below are the specific parameters according to (Vieira & Ribas 2004) which 

categorize these parameters into two classes that are parameters of input (updatable) and 

output (non-updatable) in MPS processes. Most output parameters result from the 

calculation of input parameters, and therefore, are non-updatable.  
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 Main Input Parameters  

The main input parameters include of the following: 

• Horizon planning: usually from one week to a few months  

• Resources and products (SKUs)  

• Gross requirement: primarily forecasts of demand or production and orders 

from customers. Initial periods (time buckets) are usually more dependent on 

orders while additional periods are more dependent on forecasts.  

• Subcontracted: volume to be produced at a certain time by third-party firms.  

• Standard lot size: multiple of the standard lot size should be the quantity to be 

generated. Costs, pallet sizes, minimum raw material (or components) order 

volume, number of parts per box can be estimated.  

• Minimum lot size: minimum amount to be scheduled. 

• On-hand inventory: represents the planning horizon at the start of the SKU 

inventory. It is sometimes confused with the starting inventory.  

• Safety (or minimum) inventory: inventory quantity remained unpredictable, 

typically if demand exceeds the estimate.  

• Maximum inventory: the organization should hold the maximum quantity 

over a period of time. This is especially necessary for perishable products, 

where a significant issue is maximum shelf-life. It can also be provided in 

terms of maximum inventory coverage, which means that inventory should 

not cover more than a specific period.  

• Production rate: how much a resource can manufacture a product per time 

unit. The reciprocal would be how much time the production of one unit 
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consumes of capacity. (A value equal to zero means that a product cannot be 

made at the resource).  

• Changeover (or setup) time: time needed to prepare a production resource (it 

is usually assumed that this time consumes capacity from the resource, also 

known as internal setup). It can depend on the product type sequence 

(sequence dependent setup) or not (sequence independent setup).  

• Backlogging: maximum quantity of a product (derived from customer orders) 

that cannot be made at the desired time bucket but can be manufactured in 

future periods.  

• Capacity: regular capacity available from a resource. Usually a number of 

hours or days.  

• Overtime: maximum number of hours (or days) that can be used as overtime 

per time period per resource.  

 Major Output Parameters  

The major output parameter are as follows: 

• Beginning inventory: represents the amount of manufactured goods at the 

end of the time duration. It is equivalent to the convenient inventory in the 

first-time bucket. For the left over periods, it is equal to the end inventory of 

the previous duration.  

• Ending inventory: it presents the amount of products accessible at the end of 

the time duration.  

• Net requirement: it measures the good that need to be produced provided 

there is sufficient capacity. It can be calculated directly from the gross 
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requirements, initial levels of the inventory, maximum stocks, subcontracts, 

minimum lot sizes, and standard lot sizes.  

•  Master production schedule (MPS) solution: it includes the ultimate 

outcomes with the amounts of the products to be produced via the planning 

prospect using the available resources.  

• Requirement not met: it represents the quantities of the gross requirement 

that will not be met by the master planning schedule. This number can be 

backlogged and passed to the future durations provided the schedulers 

permit.  

• Service Level: a proportion of the total requirement (demands and orders) 

that the MPS must meet.  

Vieira & Ribas (2004) explained the intricacy of creating the MPS using an easy 

example and outlined in Table 2.1. It identified the master planning of single 

manufactured goods without considering the detail available capacity of the resources 1 

and 2. The entire MPS value may not be suitable for the net requirement because of the 

restrictions of the finite capacities (not illustrated here). Furthermore, the key inputs of 

the MPS were the convenient inventory, levels of safety stocks, regular lot sizes, and 

gross or total requirement. Definitely, the manufacturing levels or capability per product 

per asset is the other form of inputs (not displayed in this example). The net requirement 

showed the possible achievement provided sufficient capacities exist wherein it is 

determines by taking into account the gross requirement, stocks level and lot sizes of the 

production. The last row in the table displays the amount below the security expectation 

level. Obviously, the MPS cannot be designed easily for several products, proficient 

resources, capability usage, and rates of consumptions, and extra planning periods. 
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Table 2.1 A simple example of the MPS (Vieira & Ribas 2004) 

 Period 1 Period 2 Period 3 Period 4 

On hand inventory 100    

Initial inventory  100 75 125 0 

Standard for size 50 50 50 50 

Safety inventory level 100 100 100 100 

Available resource capacity 30 40 50 40 

Resource 1(hours)      

Available resource capacity 30 40 0 35 

Resource 2(hours)     

Gross requirements  225 250 350 200 

Net requirements 300 300 400 200 

MPS resource 1 150 150 200 150 

MPS resource 2 50 150 0 100 

Total MPS 200 300 200 250 

Ending inventory  75 125 0 50 

Met requirement  225 250 325 200 

Requirement not met  0 0 25 0 

Service level 1.0 1.0 0.93 1.00 

Below safety stock 25 0 100 50 

 The Mathematical Model of Master Production Scheduling  

Numerous scheduling systems have been developed and applied for various 

industrial areas. Lately, there has been a great demand for master production scheduling 

systems that use numerical tables in order to reduce scheduling costs. In general, 

industries have varieties of near-conflicting objectives to fulfil including the deadlines 

for maintaining the minimum levels of the inventory. With increasing numbers of the 
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products, resources, and time durations (production cells, assembly and manufacturing 

lines, and machineries), the MPS eventually becomes a very complex problem to tackle 

(Rizam et al., 2017). 

According  to Ribas (2003), the MPS problem can mathematically be modelled 

as assorted numeral schemes via the relations:  

𝑀𝑖𝑛 𝐸𝐼 =
∑ ∑ 𝐸𝐼𝑘𝑝

𝑃
𝑝=1

𝐾
𝑘=1

𝑇𝐻
                                                                                                                 (2.1) 

𝑀𝑖𝑛 𝑅𝑁𝑀 =
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𝑃
𝑝=1

𝐾
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                                                                                                      (2.2) 

𝑀𝑖𝑛 𝐵𝑆𝑆 =
∑ ∑ 𝐵𝑆𝑆𝑘𝑝

𝑃
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                                                                                                           (2.3) 

𝑀𝑖𝑛 𝑂𝐶 = ∑ ∑ 𝑂𝐶𝑟𝑝

𝑃

𝑝=1

𝑅

𝑟=1

                                                                                                                                       (2.4) 

Subject to the following conditions: 

𝐵𝐼𝑘𝑝 = {
𝑂𝐻𝑘                                     𝑖𝑓(𝑝 = 1)
𝐸𝐼𝑘(𝑝−1)                             𝑖𝑓(𝑝 > 1)

                                                                                  (2.5) 

𝐸𝐼𝑘𝑝 = 𝑚𝑎𝑥 [0, ((𝑀𝑃𝑆𝑇𝑘𝑝 + 𝐵𝐼𝑘𝑝) − 𝐺𝑅𝑘𝑝)]                                                                             (2.6) 

𝑀𝑃𝑆𝑇𝑘𝑝 = ∑ 𝑀𝑃𝑆𝑘𝑝𝑟

𝑅

𝑟=1

                                                                                                                       (2.7) 

𝑀𝑃𝑆𝑘𝑝𝑟 = 𝐵𝑁𝑘𝑝𝑟 ∗ 𝐵𝑆𝑘𝑝𝑟                                                                                                                   (2.8) 

𝑅𝑁𝑀𝑘𝑃 = 𝑚𝑎𝑥 [0, (𝐺𝑅𝑘𝑝 − (𝑀𝑃𝑆𝑇𝑘𝑝 + 𝐵𝐼𝑘𝑝))]                                                                       (2.9) 
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𝐵𝑆𝑆𝑘𝑝 = max[0, (𝑆𝑆𝑘𝑝 − 𝐸𝐼𝑘𝑝)]                                                                                                    (2.10) 

𝐶𝑈𝐻𝑟𝑝 = ∑
(𝑀𝑃𝑆𝑘𝑟𝑝)

𝑈𝑅𝑘𝑟

𝐾

𝑘=1

                                                                                                                   (2.11) 

𝐶𝑈𝐻𝑟𝑝 ≤ 𝐴𝐶𝑟𝑝                                                                                                                                    (2.12) 

𝑂𝐶𝑟𝑝 = 𝑚𝑎𝑥[0, (𝐶𝑈𝐻𝑟𝑝 − 𝐴𝐶𝑟𝑝)]                                                                                                 (2.13) 

Each character expresses the meaning in this formulation as follows. K: total amount 

of dissimilar products, R: total amount of dissimilar productive resources, P: total 

number of plan durations, TH: total plan horizons, EIkp: end inventory level generated 

for the product k at a period p, RNMkp: requirement not meet for the product k at period 

p, BSSkp: amount less than the safety inventory level for the merchandise k at a period 

p, OCrp: over-capacity needed at resource r at the period p, BIkp: start inventory level of 

the product k at the period p,  OHk: start available inventory (on-hand) at the initial 

schedule period, GRkp: gross requirements for the manufactured good k at the period 

p, BSkp: standard lot sizes for the product k at period p, NRkp: net requirements for the 

product k at period p by taking the infinite capacity, SSkp: safety inventory level for the 

good k at the period p, URkr : production rate of the product k at the resource r (per 

hour), ACrp: available capacities (in hours) at the resource p at period p, BNkpr: amount 

of standard lot size required for making the good k at resource r at the period p (number 

of lots), MPSkpr: total quantity to be good k at the resource  r at period p, MPSTkp: total 

amount to be produced for the good k at period p (taking all the available resources), 

CUHrp: capacity used from the resource  r at period p, CUPrp: percent rate acquired from 

the correlation of the number of hours used from the resource  r at the duration p, and 

the accessible number of hours to the same resource and duration (Vieira & Ribas, 2004). 
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2.4 Optimization Techniques for Handling MPS Problems 

Two approaches can be used to solve scheduling issues, either MPS or shop floor 

scheduling which are the optimum and approximate schemes (heuristics and meta-

heuristics). The optimum solutions can be used for problems of smaller sizes whereas 

the heuristics and meta-heuristics approaches produce excellent outcomes with 

appropriate computer time for larger problems. Several approximate approaches known 

as the optimization algorithms also provide excellent outcomes despite their uncertainty 

related to the optimum results. The meta-heuristics are not specifically designed for a 

specific issue but are considered general solutions that can be modified for any (Radhika 

et al., 2016). It is now customary to provide a critical overview of the meta-heuristic 

evolutionary optimization algorithms (MHEOAs) for the MPS problems that are proven 

to be NP difficult (Garey & Johnson, 1979). 

 Linear Programming  

Linear programming is a computational method that is generally used in 

circumstances where several options are subject to restrictions or regulations to find 

maximum or minimum benefit. The problem's mathematical representation involves the 

objective function, constraints, and variables of decision. In reality, linear programming 

has been implemented in a number of problems solving such as the transport routes, 

production planning and scheduling, forestry, farming, the factory designs (Herrmann, 

2006) The main limitations of this technique are related to the consumption of computer 

times through the solution search because of the inevitable combinatorial explosions 

(Tsang, 1995). 

 Simulated Annealing  

Simulated Annealing (SA) was introduced by (Kirkpatrick et al., 1983), it is a 

simple and robust optimization method inspired by the annealing process of physical 
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systems. When a solid is heated, there will be disorderliness in the state of particles as 

the temperature and internal energy increases. As the cooling process is applied, the 

particles tends to be ordered back to the solid state and internal energy is minimized as 

the temperature reached the room state. The simulated annealing algorithm is obtained 

by using the internal energy as the objective function and temperature evolution as the 

control parameter(Strobl & Barker, 2016). The SA procedure begin with an initial 

solution X and created an updated solution X in the neighbourhood of the current solution 

X. The neighbourhood solution is accepted if the fitness value F (X∗) is lower than F (X). 

Moreover, SA accept poor neighbour solutions using an acceptance probability Pr as 

defined in Equation 2.14.  

𝑝𝑟 = exp(𝑇)
−(𝑓(𝑋∗)−𝑓(𝑋)

𝑇
      (2.14) 

Where F(X∗) and F(X) are the fitness evaluation functions of neighbor and 

current solutions respectively; and T is the temperature known as the control parameter. 

In each iteration, the possibility of accepting poor solutions are higher at the early stage 

of the search process but reduces at the later stage of the search process. This strategy 

enables the search procedure to avoid entrapment in local optima. The algorithm perform 

such series of moves in order to attain equilibrium state. The temperature parameter is 

determined according to cooling rate as defined in Equation 2.15. 

T = δi ∗ To + Tf        (2.15) 

where δi is the temperature descending rate, 0 < δ < 1, i is the number of times 

neighbor solutions have been generated so far; To is the initial temperature; Tf is the final 

temperature. The algorithm terminates if there is no further improvement after series of 

decrease in temperature. The temperature mainly affects the global search performance 

of SA algorithm. At high initial value of temperature, the SA have a high chance of 

locating global optimal solution which in consequence increases the computation time. 

Conversely, when the value of initial temperature is low, the chance of algorithm 
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locating global optimal solution is limited though the computation time of the algorithm 

will be shorter 

 Genetic Algorithms  

These algorithms are the expert systems search tools that are based on the natural 

evolution. The GAs produce a populace of feasible solutions (individuals) consistent 

with the probability operators generated from the metaphors. This populace of solutions 

are found in the biological processes such as the genetic fusion, mutation, and survival 

of the fittest. During the progression of the evolutionary process, the fittest individual 

survives (representing a superior solution to a given problem) whereas the least fit 

individual vanishes (Tanomaru, 1995). In the vector or object termed as the 

chromosome, the coding of the optimum decision variables are needed. Every 

chromosome is comprised of a definite number of genes symbolized using binary 

alphabets or more cardinal alphabets. The operators for the selection, crossover, and 

mutations are used to a populace of individuals, imitating the natural processes and by 

assuring the survival of the best individual in the consecutive generations (Brochonski, 

1999). Typically, GAs are characterized by the following salient features: 

(a) Operate (set) of points in a population and not at the isolated point. 

(b) Does not operate directly in the search space but operate in the coded 

solutions space. 

(c) The knowledge of an objective function value of every individual is only 

required and not the values of derivatives. 

(d) The transitions probabilities are needed only and not the rules for 

determinism (Tanomaru, 1995). 

Compared to other search algorithms such as HC, usually the GAs can find the 

solution closer to the optimum one with higher chance due to narrow search space. 
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Nonetheless, the cost related to the improved efficiency is because of the less time 

requirement for the processing (Tsang, 1995). Figure 2.4 shows the flowchart of the GA 

execution scheme (Wall, 1996) where it generates an initial populace of the individuals 

using some excellent heuristics 

 

 

 

 

 

 

 

 

 

 

 A fitness function determines the goodness or fitness of an individual solution 

or survival. The procedure for simulating the natural selection begins with every 

individual having measured their fitness factor. At this stage, the individuals with low 

Figure 2.4 The flowchart of GA (Wall 1996) 
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fitness are eliminated and substituted by those with higher fitness, keeping the size of 

the population constant at all times. The next stage involves the matching between these 

individuals. It is significant to emphasize that the individuals having higher fitness are 

more probabilistic for the selection in the crossover (Figure 2.5) thereby have more 

tendency for the gene propagation in the next generations so called mutation (Figure 

2.6). 

 

Figure 2.5 The representation of crossover operation (Ribas, 2003) 

 

 

Figure 2.6 The representation of mutation operation (Ribas, 2003) 

 

According to some probability the mutation operations (Figure 2.6) in the 

chromosomes occur after the crossover (Figure 2.5). Mutation involves the random 

change of the genes from an individual in the populations to the values that can be 

initiated. Only two values (1 and 2) are possible as shown in Figure 2.6. Similar to the 

natural gene mutations, it has a very low likelihood of occurrences and can influence 

only a fewer individual, modifying a minimal amount of genes. Thus, the processes of 

selections form a population with most suitability, imitating the natural process of 

selection. The crossover combines genetic material from two individuals with better 

genetic characteristics than the parents in the search for individuals. 



33 

 

The behaviour of GAs is analogous to that of random search algorithm if choices 

are not applied. The combinations of mutation, convergence and selection include the 

choice of the local search in the neighbourhood of the fittest populations. In the absence 

of mutation, the search is limited by the information from a single population wherein 

the genes that ultimately get lost in the selection processes never gets recovered  

(Tanomaru, 1995).  

Soares & Vieira (2008) developed a novel structure for the GA with the use of 

multi-objectives fitness functions, sets of probable individual selection methods, and the 

modification in the operator values related to the crossover and mutation processes. Such 

algorithm has been implemented on different production situations to define the vital 

parameters for the GA configurations. The present study demonstrates the application 

feasibility of the GAs strategy for the MPS problem solving, but its utility depends 

primarily on the scale of the production scenarios. 

 Artificial Neural Networks  

The ANNs are the kind of statistical modelling designed basically to act as a 

human brain in its ability to arbitrate inputs and finally reach to the conclusion(s). These 

networks are designed to learn from the provided data “exemplars” and then estimate 

the parameters of some populations. Applications of neural networks can be found in 

data modelling, system optimization, and statistical analysis. Fields like econometrics, 

engineering, psychology, and physics use neural networks as statistical tools (Bryman 

et al., 2004).  The NNs are structured from the simplistic units known as the neurons and 

represent cells by analogy to the human brain. In a network, neurons are connected 

through weighted connections. Throughout adjusting these weights, the learning process 

inside the network is achieved (Afaghi et al., 2001). The back-propagation is one of the 

most commonly used algorithms due to its high performance in lowering the generated 

error. In a feed forward interlayer network when the set of input data introduced to the 

network, the back-propagation algorithm generates the output and calculates the 
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difference between the actual and the simulated values “error”. Then the network starts 

going back to adjust layers’ weights. By the time all the weights have been updated, the 

network returns the forward propagation to predict the output for the same set of input 

data. Also, this time the error in predicting the output is calculated and the same process 

of output prediction, error calculation, and weight adjustment continues until the 

generated error reaches a minimum (Baughman & Liu, 2014). 

 Imperialist Competitive Algorithm 

Like other evolutionary algorithms, the ICA is becoming an effective tool for 

optimizing and addressing other complex issues. It is a smart computing methodology 

for the global minimum and maximum number of multimodal functions. The ICA has a 

general concept that can be used conveniently in a wide range of fields (Hosseini & 

Khaled 2014). The ICA is a novel socio-politics stimulated evolutionary optimizations 

strategy for the global search to tackle various optimization problems (Atashpaz-Gargari 

& Lucas, 2007). Such strategy reveals excellent performance to achieve both the 

excellent rate of convergence and global optimum solutions (Atashpaz-Gargari & Lucas 

2007; Rajabioun et al. 2008; Biabangard-Oskouyi et al. 2009; Rad & Lucas 2008 ; 

Atashpaz Gargari et al. 2008; Ramin Rajabioun et al. 2008). However, there is currently 

extensive investigation into its efficacy, limitations and applicability in various fields. 

The algorithm begins with countries considered an initial randomized populace. 

Many from these populations (best nations) were selected as the imperialists and the rest 

were treated as the colonies. In the optimization problems of dimension 𝑁𝑣𝑎𝑟, a nation 

(country) is regarded as the 1 ∗ 𝑁𝑣𝑎𝑟 array expressed as: 

Country = [p1, p2, p3, … , pNvar
]                                                                         (2.16) 
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The cost of a country is obtained by evaluating the cost functions (f) at the 

variables  (p1, p2, p3, … , pNvar
)  to get: 

Cost = f(country) = f(p1, p2, p3, … , pNvar
)                                                    (2.17) 

The algorithm started with 𝑁𝑝𝑜𝑝 initial countries and the 𝑁𝑖𝑚𝑝 top of these 

countries with lowest cost are selected to be the imperialists. The rest are the colonies 

where each of them belonged to an empire. In the interest of their powers the first 

colonies belonged to the imperialists. To allocate the colonies proportionately among 

the imperialists, the normalized costs of an imperialist were defined via the relation: 

𝐶𝑛 = max{𝑐𝑖} − 𝑐𝑛                                                                                                 (2.18) 

where 𝑐𝑛 defines the costs of nth imperialist and 𝐶𝑛 signifies the corresponding 

normalized costs. Any imperialist with a higher cost has a lower normalized cost. 

Depending on the distribution of the colonies among the imperialists, the power of every 

imperialist with the normalized cost can be written as: 

𝑝𝑛 = |
𝐶𝑛

∑ 𝐶𝑖
𝑁𝑖𝑚𝑝

𝑖=1

|                                                                                                                   (2.19) 

Alternatively, the normalized power of an imperialist can be evaluated by the 

colonies. Thus, the initial numbers of colonies of an empire takes the form: 

𝑁. 𝐶𝑛 = 𝑟𝑜𝑢𝑛𝑑{𝑝𝑛 ∗ 𝑁𝑐𝑜𝑙}                                                                                                 (2.20) 

where 𝑁. 𝐶𝑛 signifies the initial number of colonies belong to the nth empire and 

𝑁𝑐𝑜𝑙 is the total number of the initial colonies. 
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These colonies among the imperialist were divided by randomly selecting the 

𝑁. 𝐶𝑛 colonies and assigning them to their corresponding imperialists. These imperialist 

countries absorbed the colonies towards them via the absorption or inclusion strategies 

or policies. It made the core part of the designed algorithm and caused the countries to 

shift towards their best minima. The total power of every imperialist was evaluated via 

the power of the empire and the mean power of its colonies. The power dependent 

absorption of the colonies by these imperialists towards them can be defined as: 

𝑇. 𝐶𝑛 = 𝑐𝑜𝑠𝑡(𝑖𝑚𝑝𝑒𝑟𝑖𝑎𝑙𝑖𝑠𝑡) + 𝜀 ∗ 𝑚𝑒𝑎𝑛{ 𝑐𝑜𝑠𝑡(𝑐𝑜𝑙𝑜𝑛𝑖𝑒𝑠 𝑜𝑓 𝑒𝑚𝑝𝑖𝑟𝑒)}    (2.21) 

Where  𝑇. 𝐶𝑛 defines the total cost of the nth empire and 𝜀 is a positive number 

with value below one. 

In the absorption or assimilation policies, each colony was assumed to move 

towards its imperialist by an amount of x wherein the movement being a vector quantity 

is directed from the colony to the imperialist (Figure 2.3), where 𝑑 is the separation 

between the imperialist and colony and x is the random variables having uniform 

distribution given by: 

𝑥~𝑈(0, 𝛽 ∗ 𝑑)                                                                                                          (2.22) 

Where  𝛽 is above 1 and is closer to 2 more accurately 𝛽 = 2.  The random changes can 

be used to the directions of movements for improving the search capacity over wider 

area about the imperialists’ countries. The angle of deflection (𝜃) is selected randomly 

and are uniformly distributed following: 

𝜃~𝑈(−𝛾, 𝛾)                                                                                                               (2.23) 

Where 𝛾 is an adjustable parameter to identify the departure from the original 

path and in the present study is is taken as 𝜋/4 radians. 
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Figure 2.7 Movements of the colonies towards their relevant imperialists 

(Vachhani et.al., 2015) 

After the process of assimilations an operator for revolution is required, where 

the revolution is known to occur in some countries. Thus, the revolutions are 

probabilistic in the ICA and the make the abrupt changes in various parameters related 

to the problems under study. Generally, the rate of the revolution is 0.3, meaning that 

about 30% of the colonies belonging to the empire randomly alters their locations. After 

the revolutions and assimilations, a colony might arrive to a superior position compared 

to its imperialists thereby the locations of the colonies are exchanged with their 

imperialists. 

The competitions among the imperialists are the main strategies used in the ICA 

methods where all the empires try to take the hold or control the colonies belong to the 

other empires. Eventually, the rivalries of the imperialists reduce the effects of the 

weaker empires and increase the power of the stronger one. The imperialist competitions 
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colonies. Depending on the total power, every empire can take the opportunity to control 

the colonies through these competitions. These competitions can be modelled by first 
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measuring the probability that each empire will own all the colonies and considering the 

total costs of the empire via: 

𝑁. 𝑇. 𝐶𝑛 = 𝑇. 𝐶𝑛 − 𝑚𝑎 𝑥{𝑇. 𝐶𝑛}                                                                            (2.24) 

Where symbols have their usual meaning . After normalization of the total costs, 

the control probability of every empire is estimated using the relation: 

𝑝𝑝𝑛
= |

𝑁. 𝑇. 𝐶𝑛

∑ 𝑁. 𝑇. 𝐶𝑛
𝑁𝑖𝑚𝑝

𝑖=1

|                                                                                             (2.25) 

The competitions of the imperialists gradually enhance the power of the strong 

empires, leading to a declination of the power of weak empires. Eventually, the weak 

empires lose their powers and collapse. The movements of the colonies into their 

corresponding imperialists along with the competition among the empires as well as the 

processes of collapsing results in all the countries to convert into a system where only 

one empire exist in the world, transforming all other countries as its colonies. In such 

idealized new-fangled world, the positions of the colonies and the imperialists’ power 

remain unchanged. The pseudo-code of the ICA is presented as Algorithm 1. 

Algorithm 1: the pseudo-code of the ICA 

1. Initialize parameter; 

2. Generate the population randomly;  

3. Initialize the empire; 

For i=1 to Npop  (Npop - population size) 

Compute the evaluation cost Ci; 

Sort the computed cost Ci  in descending order for the entire population; 

Select Nimp(number of imperialist countries ) out of Npop; 

Normalize the cost of each imperialist Cn; 
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Compute the normalized power of each imperialist Pn; 

Assign Ncol remained countries to the imperialists; 

End loop 

4. Assimilation, revolution, Imperialist competition processes 

For j=to Nimp  

Move the colony toward the relevant imperialist (Assimilation); 

 Compute the cost of assimilated countries;  

 Perform the revolution on new colony; 

 If the cost of new colony is less than cost of imperialist; 

     Then exchange of the position of colony and imperialist;  

Pick the weakest colony (colonies) from the weakest empire and assign it 

(them) to the empire that has the most likelihood to possess it; 

End loop 

5. Elimination process; 

                   If there is imperialist with no colonies 

                     eliminate the imperialist; 

Until stopping condition is reached. 

2.5 Mathematical Modeling Approaches 

Different mathematical models were developed to depict the MPS issue. (Hill et 

al., 2000) introduced a system in the process industry called a two-level master 

development schedule and integrated a scheduling heuristic that takes into account the 

sequence dependent modifications and capacity restrictions. (Chung & Lee, 1989) 

studied the flexible manufacturing systems (FMSs) related to MPS issues, where a 

heuristic algorithm was used in the make-to-stock factories to build an MPS for FMS. 

(Vargas & Metters, 2011)examined issues involving one product and incapacitated the 

MPS by making the decision under rolling plan prospects where the demands were 

treated as stochastic as well as time varying and the outputs were estimated by the cost 

of keeping inventories, setting up development, and backorder. Usually, the stochastic 
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complexity was modelled in an ad hoc manner in both research literature and business 

practice. Normally, the problems related to the stochastic MMPS are tackled using the 

safety inventory to the production amounts achieved from the deterministic algorithm of 

the lot size. The stochastic characteristics of these problems were regarded and an 

optimum algorithm was adapted to the roll plan prospects to solve the dynamic 

probability of the lot size problems. It was found that the resulting algorithm over-

dominates the conventional techniques over a broad range of experimental factors by 

decreasing them. 

Wattanapornprom & Li (2013) demonstrated a newly designed paradigm to 

improve the production plan in the semi-order driven industries. The outcomes provided 

a clear description of the related plan of activities such as the orders acceptance and the 

MPS because their complex interactions were important. The analyses of the decision 

conditions between various semi-MTO driven plan environments allowed to provide a 

structure that comprised of the isolated interlinked quantitative models for the 

acceptance of orders in the MPS. The ATP and CTP were used to evaluate the 

circumstances in a dynamical set-up. The performance of the current approach was 

assessed via the simulative analyses, where empirical data from the parasol industries 

were utilized on the web-based ERP interfaced in a Linux based operating system 

Lalami, Frein, & Gayon ( 2015) presented a mathematical model to help the 

process of master output scheduling in the power-train factory that produces engine, 

gearbox and part of the frame to supply in the assemblage plant and centre for the spare 

parts. The developed model enabled to settle the amounts of each product to be 

manufactured on a scheduling period of several weeks each week for each production 

line. The model was a mixed integer linear system for the optimization of the four 

objectives such as the fulfilment of the customers predicted demands, hitting the safe 

stock level, matching the stock levels among items, and levelling the production 

percentage of each product over time. Further, this model considered the explicit 

constraints for every manufacture line. The contribution of this paper was to provide an 

overview of a production planning issue from a real case study that described the model 
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designed according to the plant planning team's needs. The obtained results were 

presented in terms of the relevance of the solution and calculation time. 

2.6 Modeling Verification and Validation  

A model is a reality abstraction and provides the mechanism of transforming the 

inputs (x) into effective outputs (y) via a set of relations that may be in the form of 

algebraic, differential, partial differential and integral equations. When these inputs are 

directly transformed into outputs, the model is called a transfer function or conversely 

the structure of the model is the transfer function. Classic models, also known as 

mechanics, physical, transparent or white boxes that use definite laws and natural 

relations to encapsulate some processes. They also enclose specific state variables that 

contain the essential information to depict the system and serve as intermediary between 

the input and output. The physical relations of the model that is considered in this study 

can be grouped into two broad categories including the basic or fundamental laws and 

conservation principles and the auxiliary one to describe the further expression. These 

groupings of the physical laws and relations render the tools to develop a mathematical 

model (Iglesias, 2004). 

In the mathematical modelling different entities are constructed mathematically 

to correspond their actions or attributes to the real world systems in some form for 

mimicking. These objects of mathematics can be the system of equations, some 

stochastic processes, geometric or algebraic structures, algorithms, or even number 

sequences. The word real world refers to the specific physical, financial, social, or any 

other system whose behavioural patterns can be examined. For foreseeing or simulating 

the specific real world system the direct experimentations are often expensive or 

difficult, impracticable or unfeasible. Such examples are the design of the nuclear 

reactor, space flights, extinction of natural species, weather forecasting, drug delivery 

and its efficiency in the humans body etc. to cite a few (Obeng-Denteh, 2011). 
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Over the years, diverse mathematical models were used and still in recent history 

have received a tremendous conceptualization. Mathematical models can be defined as 

simply expressing a real-world system in terms of math symbols, numbers and relations 

forming a functional mathematical equation. The equations representing a system come 

in different forms – algebraic, fractional quadratics and linear or non-linear systems 

depending much on the phenomena being modeled. Real world system comprises of 

different, unrelated phenomena hence numerous representations or formulation of each 

phenomenon. Basically, the derived equation for a particular phenomenon holds less but 

relevant information and system dynamics needed to be acknowledged henceforth dealt 

with (Mapoka et al., 2013).  

According to (Mityushev et al., 2018) mathematical modelling describes a 

process and an object by use of the mathematical language. A process or an object is 

presented in a “pure form” in mathematical modelling when external perturbations 

disturbing the study are absent. Computer simulation is a natural continuation of 

mathematical modelling. Computer simulation can be considered as a computer 

experiment which corresponds to an experiment in the real world. Modelling is 

significant for the process simulation in the industries. In fact, it is impossible to develop 

a specific algorithm for a mathematical model that shows excelled performance in every 

situation. Thus, the mathematical models can be viewed as the state of the art techniques 

to predict some processes or mechanisms accurately. The model construction requires 

the detail knowledge of the mathematical systems.  In fact, varieties of models can 

correspond to a single system and the optimal or best nature of a specific model is still 

debatable. At the outset, it is significant to comprehend that for a real world system no 

accurate models exist. In other words, all the mathematical models are based on the 

practical conjectures. In short, the process of mathematical modelling of a system 

enhances the understanding about the system and can predict its behavioural pattern in 

the future. This requires technical and qualitative understanding as well as quantitative 

computation for the control designs to optimize the system performances. The following 

steps are involved to develop the dynamical model of a real world system: 
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Step 1: Defining the boundaries of the system 

Step 2: Making the assumptions simpler 

Step 3: Formulating the equations for the balance 

Step 4: Drawing a block diagram that contains all the parameters, inputs, and 

outputs.  

Step 5: Presenting the state space model or the form of transfer function  

Figure 2.8 depicts the processes of modelling as a flow diagram. Real world data 

reflects the interest system's quantitative measurements where such data were processed 

to gather the real information. On the basis of the collected data information the 

mathematical models were developed. Later, the constructed models were simulated and 

the results were analysed for the validation and comparison with other state of the art 

methods. The obtained results were interpreted and the correlation between the inputs 

and outputs behaviour of the system were established. Finally, the achieved results 

produced from the proposed models were tested using the real world data to see their 

legitimacy.  

 

 

 

 

 

 

Figure 2.8 Flowchart for the processes of mathematical modelling (Dym, 2004) 

Successful applications of mathematical models are essential for several 

purposes that provide reliability and guidance to the problems solving, allow a detailed 

understanding of modelling processes, paving the way for designing better systems or 
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field of anthropology, archaeology,  artificial intelligence , arts, biology, chemical 

engineering, chemistry, computer science, economics, finance, fluid mechanics for 

wind, linguistics for automatic translation, materials sciences, mechanical engineering, 

medicine, meteorology for weather prediction, climate, music for analysis, neuroscience 

for neural networks, pharmacology, political science for the analyses of election, space 

science, transportations for scheduling the air traffics, taxi services for the handicapped 

persons and cars with automatic pilots, aeroplanes and so on. This coverage in the 

diverse applied fields clearly indicated the significance and usefulness of mathematical 

models for mimicking and predicting the behaviours of the real world systems.Currently, 

verification and validation (VV) is known as the main approach to evaluate the 

confidence levels or performances of the simulations based on the mathematical models 

using computers (Oberkampf et al., 2004). Dedicated researcher efforts has recently 

been made to identify the design of the instructions and processes for implementing the 

models VV programs (Thacker et al., 2004).  

According to (Sargent, 2012), the models’ verifications can be described as the 

assurance of the computer programs for the designed models and their accurate 

implementations. In addition, the models’ validations can be delineated as the 

substantiation of these models within the domains of applications procedures where the 

acceptable ranges of accuracies are consistent with the intended applications of these 

models. For the definite purposes (or applications) these models must be created and 

their validity should be defined for those purposes. If the aim of a model is to answer 

varieties of questions, the model validity for every question must be determined. To 

describe the scopes of the intended applications of the model, sequences of experimental 

situations are generally necessary. It often happens that the model is valid for a particular 

set of experimental parameters but invalid for the other sets. For a specified set of 

experimental situations if the accuracy of the model follows the recommended limit then 

the model is regarded as valid. Generally, this needs the identifications of the model’s 

output variables and specifications of the acceptable ranges of accuracy needed for every 

variable or parameter. The appropriate accuracy limit is typically defined for every 
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variable of the model one is interested in wherein the variance (range of values of 

tolerance) between the variable of the model and the variable of resultant system may 

be accurate (Sargent, 2012).  Figure 2.9 show the simple pictorial way to see various 

processes involved in the model verification and validation. This graphical presentation 

(Figure 2.9) was adapted from the Society for Computer Simulation (SCS) and is called 

the Sargent Circle (Schlesinger, 1979). This is the simplified way to model and simulate 

various activities (black lines) and assess them (red dashed lines) via model validation 

and verification schemes. 

 

 

 

Figure 2.9 Simplifies view of the model verification and validation process 

(Schlesinger, 1979) 
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boundary conditions to depict the related sciences. The computer simulation models 

require numerical discretization’s, algorithms in the form of pseudo-codes, assorted 

parameters related to the approximations and convergence conditions. Such numerical 

model consists of codes, different assumptions, input variables, grids or meshes, options 

of the solutions, and tolerance limits. In addition, these models enclose various 

performance (or failure) criteria and the methods for uncertainty analyses, solutions 

option, and range of tolerances or variances. 

The process of selecting important characteristics and related mathematical 

approximations required to reflect the mathematical model's reality of interest is called 

modelling. Confirmation is called the assessment of the exactness of the model. The 

verification activities focus on identifying and eliminating mistakes or errors in the 

mathematical models software implementations. The verification is classified in two 

separate actions including the codes and calculations. The verification of codes deals 

with the detection and reduction of mistakes in the codes. The verification of the 

calculation focuses on the applied errors quantification when the codes are implemented 

to the specific simulation. It is probably the most important activity to carry out the grids 

or times convergences (Thacker et al., 2004). 

In the ultimate stage of the model development process, the validation is 

considered as an important task (Castillo-castillo & Mahalec, 2016; Pace, 2004; 

Robinson, 2004) The process of validation ensures the sufficient accuracy of the 

designed numerical model suitable for computer simulation in the context of a real 

system under investigation (Robinson, 1997). The objective is also to evaluate the 

correctness of the developed model via the comparison of the experimental findings with 

the one obtained from model simulations. Validation is a continuous practice with 

enhanced experiments and/or expanded parameters range. Strictly, it is not possible to 

validate the complete models. However, a part of the model calculations or ranges of it 

obtained using the pseudo-codes for an explicit set of problems can be validated.  
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2.7 Memetic Algorithm  

Constant research efforts during the 1960 and early 1970 allowed the 

development of the evolutionary algorithms (EAs). The main objectives of these 

research were to over search or optimize the applied and theoretical viewpoint for 

accepting the effectiveness of these techniques. Same situation was occurred for the 

other techniques including the SA, TS, etc. For collectively define these strategies, the 

term metaheuristics is used. It was in the late 1980 the word memetic algorithm was 

coined to describe the meta-heuristics community, attempting to combine multiple ideas 

from isolated families like EAs and SA. The adjectives of the memetic are derived from 

the word 'meme' which was first coined by (Dawkins, 2016) in the context of cultural 

evolution to denote an analogous gene (Moscato et al., 2004).  

MA was the term given to a group of stochastic global search methods (Moscato, 

1989) which, combines the benefits of the problems specific local search heuristics and 

system of multi-agents within the context of Evolutionary Algorithms(Alba & Martí, 

2006). Several names have been given in research papers to cyberize EAs with local 

search. Most of these MAs are the blends of GAs with local search heuristics and these 

methods are also called genetic local search, hybrid genetic algorithms (HGAs), hybrid 

evolutionary algorithms (HEAs), and other names. This sort of hybrid approach has been 

implemented with considerable success to a high number of optimization problems 

(Burke & Silva, n.d.). In comparison to traditional methods of evolutionary 

computations (ECs), the MAs are primarily deals with the use of all accessible 

knowledge related to the topic of interest. The integration of the problem domains 

knowledge is compulsory and fundamental mechanism to characterize the MAs 

(Moscato & Cotta, 2003).  

The MAs are similar to the EAs populations based on meta-heuristics, meaning 

that these algorithms maintain a population of solutions for the problem to be solved. 

Every solution is called the individual in EA, following the nature motivated of this 

technique, where both terminologies are utilized in an interchangeable way. Every 
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individual or agent can represent a provisional solution for the problem at hand, where 

such solutions are subjected to the competition and cooperation processes analogous to 

the behavioural patterns of the living systems from the same species. This can be 

explained using the high level templates related to the fundamental population events so 

called a generation as indicated by the pseudo-codes in Figure 2.10. Every generation 

consists of the updating of a population of individuals, hopefully leading to better and 

better solutions for the problem being tackled. There are three main components in this 

generational step: selection, reproduction, and replacement. 

 

Process Do-Generation (           POP:individual[ ]) 

Variables 

Breeders, newpop:individual[ ]; 

begin  

 Breeders Select-From          Population(POP); 

    Newpop           Generat-New-Population (breeders); 

    POP            Update-Population(POP,newpop); 

End 

 

Figure 2.10 The pseudo-codes representing the basic generational steps 

 

The first component (selection) is responsible for the competition features of the 

individual in the populace. Using the information obtained from the ad hoc guiding 

function called fitness function, the righteousness of these individuals in the pop was 

evaluated. Then, a set of individuals were selected for the reproduction following the 

goodness measures. The selection was performed in various ways wherein the fitness 

proportionate approach is the popular most ranks based methods. In the tournament 

based methods the individuals were chosen depending on the direct competitions within 

the small sub groups of the individuals in which the substitution was strongly linked to 

these competitions facet. These methods ensured the maintenance of the constant 
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population size. To achieve this, the individuals in the older population were replaced 

by the newly constructed ones acquired from the reproduction step through pre-

determined criterion. Normally, it can be performed by considering the optimum 

individuals (following the guiding functions) where both the pop and new pop (known 

as the “plus” substitution strategy) can be taken or by just considering the finest 

individuals from the new pop. Later, they can be inserted in the pop via the replacement 

of the worst ones (the “comma” strategy).  

2.8 Literature Review 

In a competitive environment, an industry’s success is directly related to the level 

of optimization of its processes, how production is planned and developed. In this area, 

the master production scheduling (MPS) is the key action for success(Lorente-Leyva et 

al., 2019). The object of study arises from the need to optimize the production planning 

system in KRS. This section attempts to provide a general overview of the work that has 

been done in MOE. As in line with Master Production Scheduling problems. 

Simulated annealing technique was used by (Vieira & Ribas, 2004) . The work 

considered four objectives, minimization of inventory costs, costs for not meeting 

requirements, overtime costs and costs for operating below recommended safety stock 

levels (all taken to the common scale by normalization). The main advantage of SA is 

that, unlike the other artificial intelligence techniques which have many parameters to 

be set; SA has only one influencing parameter i.e., temperature. If this parameter is 

correctly set, results will likely be good. The limitation of the work was overcoming the 

local optimum. (Ernani Vieira & Ribas, 2004) have concluded that future should 

consider an objective function with actual cost instead of relative values like production 

inventory and overtime cost and losses for not meeting demand. 
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GA was used in the work of (Soares & Vieira, 2008). A new GA structure for 

MPS was developed and software based on C++ programming language and objective 

oriented modelling was also tested. Although the work could not guarantee optimality, 

the proposed GA presented low levels of ending inventory efficiently met and had a very 

little need for overtime. Soares and Vieira have suggested the implementation of other 

adaptive techniques for the determination of convergence points. 

Ant colony optimization (ACO) algorithm which shows its good performance in 

combinatorial optimization solution was used by (Zhengjia Wu et al., 2012). The 

objectives considered are the maximization of equipment utilization inventory and the 

minimization of tardiness penalties. The authors showed that, being the most important 

input, in the process of formulation of MPS, demand forecast has played a great role. By 

the influence of the diversity and randomness of demand and hysteresis nature compared 

with production, demand forecast is particularly important in the process of enterprise 

formulate MPS. MPS Scheduling problems contain numerous constraints, difficult to 

solve non-polynomial complex optimization problems. The results in the work assured 

production highly efficient, playing important guide role in practice. 

Wu et al. (2012) (Ahmadi et al., 2013) proposed BP NN algorithm to optimize 

the MPS problems. They determined the optimum nodes of the hidden layers and 

optimum network structures by the repetitive experimental learning to achieve higher 

predicted values based on the defined demands precision predicted values. The authors 

also introduced a very useful numerical algorithm called the bi-objective model to 

optimize the MPS problem, thereby fulfilling the demands for the production 

equilibrium and product due dates(Ahmadi et al., 2013). The performance evaluation 

results revealed that via the highest utilizations of the equipment’s a lowest value of the 

tardiness penalties for the product inventories can be achieved. 

Differential evolution (DE) for solving MPS problems was first used by the 

author herself, in (Radhika et al., 2013). DE does not require more control parameters 
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compared to other evolutionary algorithms. The work presented solution for Multi 

Objective MPS problem using DE (MOMDE) by proposing a three-dimensional 

chromosome representation (which was first of its kind). The results demonstrated that 

the MOMDE have produced more optimal values compared to GA. It was found that 

there was nearly 22% improvement in fitness value when compared to the one done with 

GA. 

Sultan et al. (2016)  used an Improved Genetic Algorithm (IGA) to solve the 

fuzzy multi-objectives MPS (FMOMPS) problems where the GA was combined with 

the local search operators. Then, the developed FMOMPS was applied in the Cotton and 

medical gauzes plant in Mosul city. The application involved the determination of the 

gross requirement by the demands forecast via ANNs. This IGA was shown to be 

efficient for solving the MPS problems than the GA for both the fuzzy and non-fuzzy 

models. The outcomes demonstrated the intelligent evaluation capacity of IGA to in case 

extra facilities (overtime) are needed to reduce the inventories without impacting the 

level of customer service. The evaluation of the gross requirements (demands) in the 

formulation of the MPS is the significant input. The forecast of demands plays a vital 

role in the development of the MPS. The BP NN models show excellent performance 

against the fault tolerance, learning, self-adaption and ability for nonlinear mapping. It 

is well-adaptive for solving many problems involving the non-determinant inferences of 

complex causal relations, judgments, recognitions, classifications and so forth (Brifcani 

Adnan, Mohsin, Mohammed Ramadan, 2005) (Ahmadi et al., 2013).  

Radhika et al., (2016) proposed a study on the design and use of Jaya's MPS 

problem algorithm (MPS Jaya). This Jaya algorithm (JA) was not previously used by 

any of the researchers to solve MPS problems. The JA was founded on the idea that the 

solutions attained for the problem at hand must move towards the optimum one to evade 

the worst solutions. It was shown that the JA is a feasible technique to build an effective 

MPS because it achieved superior outcomes compared to the other state of the art 

methods including the GA and differential evolution (DE) involving the fitness values 

with the high rate of convergence. 
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Bakar et al. (2017) introduced a solution on the basis of the swarm intelligence 

algorithms (SIAs) for the MOOM development scheduling problems. These included 

the PSO, bat algorithm (BA) and gravitational search algorithm (GSA). It mainly 

contributed to arrange and integrate several ideas from the isolated works in the areas of 

GSA and BAT which were added to the MPS problem. It exhibited the innovative 

outcomes with singular features and presented that the production planning optimization 

problems via GSABAT is an effective and feasible strategy. 

Lorente-Leyva et al., (2019) have started with the analysis of the constraints, 

mainly determined by the installed capacity and the number of workers. The aggregate 

production planning is carried out for the T-shirts families. Due to such complexity, the 

application of bioinspired optimization techniques demonstrated their best performance, 

before industries that normally employed exact and simple methods that provided an 

empirical MPS but can compromise efficiency and costs. The products were 

disaggregated for each of the items in which the MPS is determined, based on the 

analysis of the demand forecast, and the orders made by customers. From this, with the 

use of genetic algorithms, the MPS is optimized to carry out production planning, with 

an improvement of up to 96% of the level of service provided. 

Sajja et al., (2020) have considered a real-world case of a large-scale steel 

manufacturing industry and an evolutionary based meta-heuristic paradigm viz Teaching 

Learning Based Optimization method (TLBO) has used for creation of an effective 

Master Production Schedule (MPS) by the selection of optimum process parameters. 

The investigation on various data sets proved that the suggested algorithm is robust, 

automatic and efficient in finding an optimal master production schedule when 

compared to the currently followed conventional approach. 

Scheller et al., (2020) have focused on the interactions between recycler and 

manufacturer as two of the major actors of each supply chain. It has been formulated as 

an optimization model for the master recycling scheduling and the master production 

schedule. To analyze the decentralized decisions of the recycler and remanufacturer, the 
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study has further formulated an integrated master production and recycling scheduling 

model. The study has examined five different scenarios. It finds that for all scenarios, 

manufacturer and recycler achieve positive contribution margins. However, 

inefficiencies always occur due to opportunistic behavior. As a result, reuse is performed 

only in case of centralized planning. Hence, coordination has needed between the 

forward and reverse supply chain to achieve the maximal contribution. 

(Martín et al., 2020) have considered a real-world automobile second-tier 

supplier that manufactures decorative surface finishing’s of injected parts provided by 

several suppliers, and which devises its master production schedule by a manual 

spreadsheet-based procedure. The imprecise production time in this manufacturer’s 

production process was incorporated into a deterministic mathematical programming 

model to address this problem by two robust optimization approaches. The proposed 

model and the corresponding robust solution methodology improve production plans by 

optimizing the production, inventory and backlogging costs, and demonstrate their 

feasibility for a realistic MPS problem that outperforms the heuristic decision-making 

procedure  

Based on the literature review the approach proposed in this study has never been 

applied earlier elsewhere by any of reviewed research in the petroleum industry. So far, 

for solving MPS problems, the existing techniques of MOO required the weighing and 

constraints methods. Nonetheless, it is hard for these techniques to set up the optimum 

parameters, so it is preferred to use Genetic Algorithm. On the other hand, by applying 

GA such as NSGAII with large number of design parameters, it is complicated to obtain 

optimum solutions. Therefore, to overcome these limitations, the researcher used a 

hybrid EAs founded on the ICAs and GAs to solve the multi-objective MPS problems. 
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RESEARCH METHODOLOGY  

3.1 Introduction   

The Present chapter describes the detail methodology used as the primary 

research framework to accomplish the proposed objectives. It focuses solely on 

addressing the development of the MPS using a hybrid multi-objective evolutionary 

method that combined with GA and ICA. It presents an innovative meta-heuristic 

algorithm to solve mathematical model of MPS at KRS and enhance its accuracy. This 

remaining part of the chapter is arranged as follows. The research framework is 

presented in Section 3.2. The problem definition and data collection procedures are 

presented in Section 3.3 and 3.4. Section 3.5 and 3.6 explained the developed 

mathematical model and the validation of the model using memetic algorithm. The 

development of the MOEICA optimization model is highlighted in Section 3.7. Section 

3.8 describes the implementation of the proposed MPS-KRS model. Section 3.9 

discusses the evolution and analysis of MOEICA, NSGAII and MOPSO algorithms. 

Finally, a comparison was made among the three algorithms and discussed. 

3.2 Research Framework 

The overall research framework of the present investigation consisted of eight 

phases starting from the problem definition to the data collection, analyses, 

implementation, validation and comparison. The problem definition phase reviewed the 

optimization techniques especially for multi-objectives problems. This allowed the 

authors understanding the current issues related to the industrial based problems 

optimization and a comparison with the previous literary works reported by other 
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researchers. Subsequently, the issues identified during the problem definition phase were 

translated into problem statements, research questions and ultimately the research 

objectives. 

As mentioned in the previous chapters, the KRS located in Kurdistan (Iraq) was 

chosen for the case study. A multi-objectives decision model based on MPS was 

developed for the KRS by appropriately defining the variables, assumptions, block 

diagram, constraints and objective functions. The proposed multi-objectives master 

production schedule (MOMPS) model considered the contradictory objectives including 

the maximization of the services, proficient uses of resources, and minimization of the 

inventory items. To test the accuracy and performance of the MOMPS model devised 

for KRS, verification and validation of the model was conducted. The verification 

process was based on the comparison between the actual crude oil (industrially 

produced) and estimated crude oil obtained using proposed model. Conversely, the 

model validation was carried out through the proposed memetic algorithm where the 

MOMPS model was solved in the context of Kalak refinery system (Erbil, Iraq).   

Three objectives were used to minimise the inventory levels, maximise the 

service levels and minimise the inventory levels under the limit of safety stocks. First, 

this MOMPS model was solved using minimisation-maximisation (extremisation) 

normalization approach to convert the objective functions into the unique function. Next, 

the memetic algorithms were utilized to work out the objectives’ function. The results 

obtained from the memetic algorithms were compared with the actual production plan 

to determine the effectiveness of the developed model. After the verification and 

validation of the studied model, the MOEICA was utilized to optimize the multi-

objectives mathematical model designed to solve the issues of KRS. 

The optimization of MOMPS model was conducted to determine the MPS 

parameters of KRS, the gross requisites by the forecasted demands via artificial neural 

networks (NNs), and the production rates. The model was simulated to identify the 

random machine failure following a certain probabilistic distribution. The MPS model 



56 

 

was further used to solve the multi-objectives via MOEICA algorithm. Finally, the 

obtained solutions were verified by comparing the outcomes of MOEICA, NSGAII, and 

MOPSO. The comparative evaluation was based on five scenarios taken from different 

papers that dependent on three measurements including the mean ideal distance (MID), 

quality metric (QM) and rate of achievement to the objectives simultaneously (RAS). 

Figure 3.1 describes the basic architecture of the study. The sections below explain 

different phases of the model development including the problem definition, data 

collection, optimization, implementation, performance evaluation, comparison, and 

validation procedures. 
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Figure 3.1 Data flow diagram of the research framework 
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3.3 Problem Definition Phase 

The problem definition phase attempts to identify the current issues to be 

resolved in the KRS. This phase is consists of three steps. The first step involves an 

extensive and comprehensive review of the literature for understanding the working 

mechanism of KRS and the basics of the MPS in this industry. The second step deals 

with the aims, objectives and scopes of the problem. The last step focuses on the 

optimization techniques used for MPS in the context of industrial problems. 

Subsequently, the problem statements are formulated depending on the outcome of the 

earlier stages, thereby leading to the definition of the KRS problem.  

3.4 Data Collection and Definition Phase 

As a case study of this research, interview sessions were conducted to understand 

the basic processes of Kalak refinery (Erbil, Iraq). The primary data were collected via 

personal (face to face) interviews which represented one of the most significant and 

valuable resources of the information. This survey was executed at the central company 

named KAR group which operate the five units of Kalak refinery. The key interviews 

were held with Mr. Bzhar M. Ali (the process and site manager at Kalak refinery) and 

two other responsible engineers. The supporting data were gathered by interviewing 

several other experts working in the KAR group such as the Mr. Najem Hadi Oil 

Refining and Gas. The data collected from the face to face interview were only taken 

into consideration for further analysis and interpretations. 

The causes from observations were also considered to fulfil the requirement of 

data.  The data obtained was also supported by several experts and the interview was 

recorded using a voice recorder as well as written notes.  Even though the technique of 

taking notes was very important which might have disturbed the respondents, but it was 

useful for the information backup. The voice recorder was used after taking the 
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permission from the respondents.  In this process it was ensured that the respondents 

were not distressed while explaining during the interview. Interviews were carried out 

and the data consisted of the input, process and output were acquired to design the flow 

of KRS. As for the input data, the system used one type of crude oil and for the output 

data seven different products were utilized. Total two kinds of products were utilized. 

First, the intermediate products that needed further processing to improve their qualities 

and the feature to adjust with the market conditions. These products include the fresh 

kerosene, fresh diesel, AGO and RCR except naphtha that could be sold into market 

directly with less price. Second, the final products were named as gasoline, LPG, 

kerosene, diesel, jet fuel and fuel oil. In addition, to simplify the understanding of the 

operational process in the Kalak refinery the refinery flow processes was categorized 

into three levels as indicated in previous chapter (Figure 4.1). The distillation process in 

the first level was named as fraction level. The other processes were naphtha hydro 

treating, isomer, catalytic reformet, gas plant, merox1, merox2, and the mixing in the 

treatment level. Finally, the saving products in the storage tanks were termed as storage 

level. The performance measurements were based on the product quantity unit in barrel 

per day or meter cubic per day (m3 /day). 

3.5 Proposed MPS-KRS Mathematic Model 

The MPS problem of KRS was mathematically modelled as a mixed integer 

program. Meanwhile, the associated assumptions, variables and constraints were 

identified for the formulation of the KRS. These factors were based on the observation, 

interviews and critical literature reviews related to the optimization techniques and 

scheduling issues that have been used particularly in Midland Refineries Company in 

Iraq. Total three objectives were considered to resolve the KRS problem and the MPS-

KRS mathematical model was developed. First, the minimization in the inventory level, 

minimization of the requirements (demand) that were not met, and minimization of the 

inventory below the safety stock level.  
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3.6 Applied Memetic for Validation Model    

This phase verified the accuracy of model equations by estimating the quantity 

of crude oil and then comparing with the actual production amounts. After completing 

the verification process, the proposed mathematical model was validated using memetic 

algorithm. The MOMPS model developed for KRS was validated using three objectives 

including the minimization of the inventory levels, maximization of the services level 

and minimization of the inventory levels below the safety stocks. The results obtained 

by simulation the algorithm was then compared with the actual results acquired by 

implementing in the KRS production line. The actual crude oil (in m3) amount used in 

the KRS was compared with the results yielded from the algorithm written via Matlab 

programming and the difference was shown using boxplot. 

3.7 Applied Multi-objective Evolutionary Imperialist Competitive Algorithm 

(MOEICA) 

This phase involves the design of the proposed MOEICA hybrid algorithm and 

its implementation to resolve the issues identified in the problem definition phase 

respecting KRS. It is worth noting that the hybrid algorithms are prospective for getting 

the realistic solutions of a problem but might be inappropriate in achieving the optimum 

solutions (Rossi-Doria et al., 2002).  It is known that such metaheuristic algorithms are 

effective because of their robust performance to solve various problems with changing 

degree of successes especially in fulfilling the hard and soft constraints.  

 

3.8 Implementation of MPS-KRS Model 

The processes of creating the MPS model involved the determination of various 

parameters as indicated in Figure 3.2. These parameters were further used as initial 
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inputs of the proposed algorithm. Four sub-steps were involved to cover all the processes 

for establishing the MPS model. First step dealt with the parameters determination that 

was required to create the MPS problem of refinery system. In the second step, the gross 

requirements (demand forecast) were determined using an artificial neural network 

(ANN). The third step determined the production rates using the availability. In the last 

step, after determining the MPS parameters, the gross requirements and production rates 

the MPS model was created by substituting these parameter values into the multi-

objectives model for the MPS problem.  

 

 

3.9 Evolution and Analysis of MOEICA, NSGAII and MOPSO Algorithms 

Figure 3.3 compares the results obtained from the proposed algorithm with those 

achieved in the previous studies. The computer simulations of the algorithms such as 

MOEICA, NSGAII, MOPSO on some implemented MOMPS model were performed 

and the results were presented. The first test function utilized a production scenario for 

MPS-KRS model following three objective functions, minimization of the end inventory 

levels (EI), maximization of the service levels, minimization of the requirements that 

were not met (RNM) and minimization of the inventory level below the safety stocks 

(BSS). The second test used five production scenarios from the previous study. The MPS 

models used four objective functions to minimize the average of end inventory levels 

(EI), the requirements that were not met (RNM), the inventory below the safety stocks 

1- Determine MPS parameters 

2- Gross requirement  

3- Determine production availability rates 

4- Create MPS-KRS 

Apply 

 ANN 

Figure 3.2 Implementation steps of the MPS-KRS model 
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(BSS) and the overcapacity (OC). Finally, the simulation results obtained from the 

proposed MPEICA, NSGAII and MOPSO algorithms were analysed.  

 

 

 

 

 

 

 

To evaluate the performance efficacy of the hybrid algorithms the comparison 

between the following performance measures were made:  

a) Quality Metric (QM)  

The dormant solutions emerged from the proposed algorithms were first 

integrated collectively. Next, these non-dominating solutions obtained from the 

collective integration were determined. Later, the percentage of these non-dominating 

solutions corresponding to every algorithm was computed as the QM (Nabipoor Afruzi 

et al., 2014). The higher values of QM represented the better performance of the 

proposed algorithm. 

Figure 3.3 Comparison of the Results from the MOEICA Algorithm with those 

obtained in the Previous Studies 
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b) Mean Ideal Distance (MID)  

Using the MID metric, the proximity among the Pareto solutions and the ideal 

points was calculated via the Equation (3.1) given by: 

𝑀𝐼𝐷= 
∑  𝐶𝑖

𝑛
𝑖=1

𝑛
       (3.1) 

where n is the number of non-dominating set and Ci = √f1i
2 +  f2i

2  . The lower 

values of MID signified the better performance of the proposed algorithm.  

c) Rate of Achievement to the Objectives Simultaneously (RAS)  

The ideal points were considered and the values of RAS were computed via the 

Equation (3.2) written as: 

𝑅𝐴𝑆 =
∑ (

(|f1i−f1
best|)

(f1,total
max −f1,total

min )
+

(|f2i−f2
best|)

(f2,total
max −f2,total

min )
+

(|f3i−f3
best|)

(f3,total
max −f3,total

min )
+

(|f4i−f4
best|)

(f4,total
max −f4,total

min )
)𝑛

𝑖=1

𝑛
  (3.2) 

where 𝑓1
𝑏𝑒𝑠𝑡, 𝑓2

𝑏𝑒𝑠𝑡, 𝑓3
𝑏𝑒𝑠𝑡𝑎𝑛𝑑 𝑓4

𝑏𝑒𝑠𝑡 are the ideal points consistent with the 

objective functions.The values of the objective functions for the ith solution are 𝑓1𝑖, 𝑓2𝑖, 

𝑓3𝑖 and 𝑓4𝑖. The maximum and minimum value of the 1st objective function among all 

the solutions are 𝑓1,𝑡𝑜𝑡𝑎𝑙
𝑚𝑎𝑥  and 𝑓1,𝑡𝑜𝑡𝑎𝑙

𝑚𝑖𝑛 , respectively  likewise, for all other higher order 

objective functions. Here, n is the number of total Pareto solutions. 

The Matlab R2017a code was developed for the implementation of the memetic 

validation algorithm and optimization algorithm (MOEICA) to solve the MPS-KRS 

model. The computer simulations (experiments) were executed on a personal laptop 

(3.40 GHz Core i7 processor with 4GB Random Access Memory, RAM) interfaced with 

Windows 10 as the Operating System (OS). The results were analysed using Microsoft 

Excel 2016. The next chapter presents the obtained experimental results, analyses, 

validation and comparison. 
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MATHEMATICAL MODEL OF MASTER PRODUCTION SCHEDULING 

FOR KALAK REFINERY SYSTEM 

4.1 Introduction  

Mathematical models are important for the explanation and in-depth 

understanding of a system under investigation. The effects of different components of 

the studied system allow the implementation of the mathematical model in the form of 

proposed algorithms. Consequently, the success of the proposed algorithms must be 

tested and validated via performance evaluations to make further contact with the real 

system.to resolve some issues related to Kalak Refinery System (Kurdistan, Iraq), this 

thesis developed a mathematical model to plan the major product schedules (called 

Master Production Schedule in short MPS) of the KRS. The proposed model used the 

multi-objectives mathematical programs such as the average level of the final storage 

(EL), gross needs unavailable (RNM) and quantity below the safety level (BSS). A 

hybrid algorithm was achieved by combining the competitive imperial and genetic 

algorithms to solve the proposed MPS-KRS model. The correctness of the developed 

model was validated by estimating theoretically the crude oil amount produced and 

comparing it with the real quantity manufactured by the Kalak refinery. The multi-

objectives decision making model for KRS was based on MPS. Consequently, the multi-

objectives master production schedule (MOMPS) model considered contradictory 

objectives including the maximization of the service levels, proficient use of the refinery 

resources, and minimization of the inventory levels. 

This Chapter is structured in five broad sections. Section 4.2 presents the 

architecture of KRS. Section 4.3 describes the type of variables used in proposed MPS-

KRS and the block diagram of the proposed MPS-KRS model. Finally, Section 4.4. 



65 

 

explains the related assumptions of the process as well as the various constraints to 

formulate the proposed MPS-KRS mathematical model.  

4.2 Architecture of Kalak Refinery System 

Kalak refinery is located in Erbil, Kurdistan region of Iraq. The crude oil is 

supplied by the Khurmala dome oil field with 34 API. The Kalak Refinery operated by 

Kar group, erection of the Erbil Refinery started in the year 2005 and the refinery’s 

capacity reached 5.0 million tons/year and 100,000 bbl./day in the year 2011. These 

refining units are considered as one of the main units in the production process. It is 

categorized as the major element which is the main provider of the whole company with 

the oil derivations. The KRS include five distillation units which produces (10.000, 

10.000, 20.000, 50.000, and 70.000) barrel per day consequently. Thus, the total 

production of the refinery is 160.000 barrel per-day. 

Generally, different petroleum refineries have different configurations of their 

plant although most of the units processing are common in spite of such differences. 

These units include the crude distillation (CD), vacuum distillation (VD), fluid catalytic 

cracking (FCC), Naphtha hydro-treating (NH), catalytic reforming (CR), gas treatment 

and alkylation and isomerization processing (Hamisu, 2013). The KRS is a medium-

sized refinery made from modular components refining Units, Atmospheric Distillation, 

naphtha hydrotreaters, catalytic reformer, isomerization units as shown in Figure 4.1. 

The productive units are divided into two types: 

a) Final units: are units in which units in the form of the final product delivered to 

distribution centers and usually these units give its outcomes to preceded units in 

the production operation sequence. An example of these units is (LPG) unit and 

improving gasoline unit (isomer and reformer unit). 

http://abarrelfull.wikidot.com/atmospheric-distillation
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b) Medial units: They are units that receive their inputs from previous units and 

give their outputs to the followed units, an example of these units, Naphtha 

Hydrotreating unit and refining unit. Two kinds of products are available: 

• Final products:  products which are ready for marketing produced by final 

units. 

• Intermediate products: they are products produced by means of medial 

units and usually they are the primary form of the final products, often 

they are inputs to the other units to be subjected or perform many chemical 

and physical operations. 

 Fraction Level  

Refinery units receive crude oil from the storage existed in the company, for the 

purpose of performing several physical operations in the Distillation tower depending 

on degree of boiling point to produce five primary products, these products out of 

refining tower from the top to the bottom of the tower. Such as volatile gases from the 

top of the tower (GAS), Naphtha (N) combination, Untreated Kerosene (FK), Untreated 

Diesel oil (FD), Atmosphere Gas Oil (AGO) and Reduced Crude Oil (RCR)). In addition 

to wasting gases that are uncontrollably going out from the top of the tower in the form 

of flame besides, some waste materials such as water, mud blocks and some impurities, 

out of the bottom of the tower. All these products go to other units to perform other 

operations on them except for raw naphtha, that’s heading straight into a special tank 

specified for raw naphtha before transferred to other units. Figure 4.1 shows the process 

flow diagram of the KRS showing all the units with connectivity from the crude oil 

feeding to the ultimate products.  
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Figure 4.1 The architecture of the KRS 
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 Treating Level 

Treating level include the following units 

A. Liquefied Petroleum Gas (LPG) Unit 

 This unit produces liquid gas for domestic use and other uses. The unit 

products first oil products which are classified within the framework of the 

research to receive the volatile gases from other units continue to be converted 

to liquid gas for use. 

B. Naphtha Hydrotreating Unit 

In this unit, naphtha is processed from the naphtha storage tank (which 

located between refining and hydrogenation unit) by means of hydrogen 

received from Catalytic unit, the estimated capacity of this unit (60 m3/day). 

It worth mentioning that the work of this unit is correlated to catalytic 

Reforming unit, the reason behind that naphtha hydrotreating unit receives the 

needed hydrogen gas in the process of hydrolysis of that unit thus, and the 

Reformer stop will lead to stop the naphtha Hydro-treating unit. 

C. Catalytic Reforming Unit 

It is the most broadly utilized upgradation process. Reforming unit 

received heavy treated naphtha from naphtha hydrotreating (NHT) unit which 

is considered as the main substance of the pure and excellent gasoline. 

Reformers carry out many catalytic reactions on the naphtha stream that 

considerably enhance the octane of this stream (in some cases by as much as 

50 octane numbers). The reformer outputs (called reformates) is the premium 

and high octane gasoline blend-stock. The maximum production of this unit 

(40 m3/day). It is worthy mentioned that this unit is attached to NHT unit in 

terms of programmed and compulsory, because of that the inputs of catalytic 

reforming (CR) unit is a part of outputs of NHT therefore, in case of any stop 

in the later unit there will not be outputs and as a result there will be no inputs 
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as well to the catalytic reforming unit ( CR) . Here, we can see the importance 

of the later unit, if there was storage in the middle of the two units there would 

have been an extra quantity for the catalytic reforming unit (CR) to be separate 

and independent of NHT unit (International Council on Clean Transportion, 

2011). 

D. Isomerization unit 

 Isomerization rearranges the low-octane in light naphtha to create the 

equivalent higher octane called iso-paraffin, thus appreciably enhancing the 

octane of the resultant naphtha stream (isomerate) and enabling it excellent 

pure gasoline. The suggested production of this unit is (15 m3/day).  

E. Merox-1 Treatment 

 Merox (a catalytic mercaptan oxidation method) treatment used to convert 

the corrosive mercaptans to non-corrosive disulfides. However, it does not 

remove the sulfur initially exists in the fresh kerosene and fresh diesel rather 

leads to the development of sulfur dioxide during the combustion. Since the 

emission of sulfur dioxide is forbidden by the environmental protection 

regulations the mercaptans and other sulfur compounds are mostly eliminated 

(Chaudhuri, 2011).Merox1 receives fresh kerosene from the Distillation Unit 

to produce treated kerosene oil (TK), the work of this unit is linked to the unity 

of the Crude Distillation (CD) unit, to produce aircraft’s fuel by adding 

chemicals substances to convert treated kerosene (TK) into benzene of aircraft 

(Jet fuel). 

F. Merox-2 Treatment 

 The process of this unit similar to merox-1 which remove the emission 

present in the fresh diesel to produce treated diesel.  

G. The Mixing (Blinding) Unit 
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 It is a physical process where various liquid hydrocarbons are blended or 

mixed to create a refined product with certain desirable properties. In the 

synthesis technology of commodities, the gasoline might use the notions of the 

research octane number (RON) and motor octane number (MON) of the 

mixing or blending of the gasoline components. The computations of the 

blending octane number depend on the laboratory data involving the octane 

number of a component of gasoline fractions. Thus, the mixing unit is not a 

production unit in the proper sense. Since its job does not aim to real 

production, where the process of mixing (Gaso.ISO) with (Gaso.CR) through 

In-line blending to produce gasoline with an octane number which is proper to 

be sold in the market. Furthermore, the in-line blending used for mixing 

Atmospheric Gas Oil (AGO) with Reduced Crude Oil (RCR) for producing 

fuel oil. 

 Storages Level  

These storages are classified into two types: 

(a) Reserve storage: storage mediates the production units and the reason for 

the designation as “Reserve tanks “is that the contents of these storages 

consider as a stockpile to the rest units in case of a stop of the followed 

units, therefore, determining certain limits inside these storages 

undoubtedly is something necessary issue. Examples of these storages are: 

• Two tanks of (Naphtha) mediates the distillation and hydrotreating of 

naphtha unit (NHT), the absorptive capacity of each tank is 3390 

cubic meters. 

• Sweet naphtha tank with the capacity of 2053 cubic meters which is 

used in restarting the reformer unit in the case of a stop. 

• Four tanks of crude oil preceded the Distillation unit as a reserve unit 

the capacity of each tank is 12,000 cubic meters which are used in the 

case of the stop of supplying of crude oil from the Khormala fields. 
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(b) The non-reserve storages:  they are all remaining storages located inside 

the facility, which is not significantly affecting the work of the production 

units. 

 KRS Products 

The larger number of procedures, the more advanced is the refinery and thus higher 

the end-product quality they generate. The main products categories in ascending orders 

of the molecular weights are the Naphtha (in intermediate category), LPG, Gasoline, 

Kerosene, Jet fuel, Diesel, and Fuel oil (seven products in the final category). Each of 

these products are described briefly hereunder: 

A. Naphtha 

Naphtha can be used as a feed for naphtha hydrotreating unit (NHT) or sell 

it in market. Also, it can be used as feed for the gas plant to produce LPG. 

B. Liquefied petroleum gas (LPG) 

In the lightest end of the distillation process, the liquefied petroleum gas 

(LPG) as the petrochemical feedstock is the output of ultimate products and 

can differ greatly depending on the sophistication of the refinery. Both propane 

and butane are known as LPG and can also be manufactured through 

reformation. Upon distillation, it can be used as the cooking fuel where LPGs 

are liquefied and sold in bottles. 

C. Gasoline 

Gasoline is a major part of the profit of an oil refinery(Li & Karimi, 2011; 

Mendez et al., 2006). It is therefore an important task to determine the best 

possible way to mix the intermediate products of the refinery (blend 

components) in order to produce the different grades of gasoline. The 

important qualities for gasoline are octane number (antiknock), volatility 
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(starting and vapor lock), and vapor pressure (environmental control). 

Gasoline is the final refinery product, which formed by blending of different 

two streams. Gasoline is classified by octane ratings (conventional, 

oxygenated and reformulated) into three grades: Regular, Midgrade, and 

Premium. 

• Regular gasoline: Gasoline having an anti-knock index, i.e. octane 

rating, greater than or equal to 85 and less than 88. 

• Mid-grade gasoline: Gasoline having octane rating, greater than or 

equal to 88 and less than or equal to 90. 

• Premium gasoline: Gasoline having octane rating greater than 90 

Premium and regular grade motor gasoline are used depending on 

the octane rating. In addition, aviation gasoline, which is a complex 

mixture of relatively volatile hydrocarbons, is blended with 

additives to form suitable fuel for aviation engines (Fahim et al., 

2010). 

D.  Kerosene 

Kerosene is a refined mid-distillate petroleum product that finds significant 

use in cooking and space heating as jet fuel and around the world. Kerosene 

is used for lighting, heating, solvents and mixing in diesel fuel with less 

critical specifications.  

E. Jet Fuel 

To use Kerosene as jet fuel in KRS depending on the demand, refinery  use 

some common refinery chemicals such as Caustics by injecting proportionate 

amounts of chemicals into tanker during the loading time to use it as jet fuel. 

Some of the critical qualities of jet fuel are freeze point, flash point, and smoke 

point.  
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F. Diesel 

As diesel fuel serves mainly diesel engines, the initial motivation of 

research on diesel fuel properties is to ensure that diesel engines operate in a 

safe and efficient manner. On the other hand, if not produced or used properly, 

diesel as a petroleum product, could cause many environmental problems.  

The quality of diesel fuels can be expressed as a cetane number or cetane 

index, flash point, freezing point, Sulphur content, and viscosity (Sciences et 

al., 2016). 

G. Fuel Oil 

The products fresh naphtha, fresh kerosene, and fresh diesel are obtained 

directly from CDU, therefore, they are called straight-run product. While fuel 

oil comes from mixing straight run AGO and RCR these products are too 

heavy to vaporize under atmospheric distillation and because of lack of the 

vacuum distillation process in KRS the fuel oil cannot be fractionated further 

to produce other products such as asphalt. Therefore, the fuel oil sold in the 

market with less price. 

4.3 Mathematical Model for MPS-KRS  

Generally, the petroleum refineries produce numerous streams which are mixed 

together to obtain the final products. In addition, these  products with various grades 

should meet the  market requirements (Moro ’ et al., 1998). Observation at KRS shows 

two main problems faced in production planning of the product. First, in identifying a 

capacity feasible production schedule (PS) in material requirements planning (MRP) 

systems for KRS, the PS model of the refinery should consider the contradictory 

objectives including the service levels’ maximization, usage of refinery resources with 

efficiency, and inventory levels’ minimization. Second, the KRS-MPS must be produced 

manually whereas different factors such as capacity, constraints, time horizons, large 
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number of resources and products with different specifications, production rates, product 

sequencing and production priorities should be planned and scheduled using the 

optimization model (e.g. MIP model). 

 The Variables 

In the development of the MPS-KRS model, four types of the variables were 

considered involving the process, input and output, storage, and decision. These variables 

were based on the data collection for real production line in the KRS and literature review 

related to the oil refinery systems. The notations and descriptions of these selected 

variables are enlisted in Tables 4.1 to 4.4. 

Table 4.1 The process variables 

Notation Description 

NHT Naphtha hydro-treating division 

ISO Isomeration unit 

CR Catalytic reforming unit 

GP Gas plant 

M1, M2 Merox division 

Mix1 Blending Gaso.ISO with Gaso.CR for Gasoline 

Mix2 Blending AGO with RCR for Fuel oil (Fo) 

AddCh Adding chemical to treated kerosene (TK) 
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Table 4.2 The storage variables 

Notation Description 

Na Naphtha (in intermediate category) 

Gaso Gasoline 

Lp Liquefied petroleum gas 

Kr Kerosene 

Jf Jet fuel 

Di Diesel 

Fo Fuel oil (six products in final-product category) 

 

Table 4.3 The decision variables 

Notation Description 

𝑀𝑃𝑆𝑇𝑘𝑝 Total amount of the product 𝑘 to be manufactured at the period 𝑝 

𝐸𝐼𝑘𝑝 End inventory level generated for the product 𝑘 at period 𝑝 

𝑅𝑁𝑀𝑘𝑝 Requirements not met for the product 𝑘 at period 𝑝 

𝐵𝑆𝑆𝑘𝑝 Amount less than safety inventory level for the product 𝑘 at period 𝑝 

𝐵𝐼𝑘𝑝 Initial inventory level of the product 𝑘 at period 𝑝 

 

Table 4.4 The input and output variables 

Notation Description 

P Total periods of planning 

𝐾 Overall quantity of different products 

𝑇𝐻 Entire planning prospect 

𝑂𝐻𝑘 On-hand (initial) obtainable inventory at the start of the schedule 
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𝐼𝑘 The inventory capacity of product k 

𝐺𝑅𝑘𝑝 Gross requirements of product 𝑘 at the period  𝑝 

𝑆𝑆𝑘𝑝 Safety inventory level of product 𝑘 at the period 𝑝 

GZ.DS Gas from distillation (m3) 

GZ.Na Gas from FN (m3) 

GZ.ISO Gas from ISO (m3) 

GZ.CR Gas from RC (m3) 

FN Fresh Naphtha. 

HN.NHT Heavy Naphtha from NHT process (m3) 

LN.NHT light Naphtha from NHT process (m3) 

Gaso.ISO Gasoline from ISO (m3) 

Gaso.CR Gasoline from CR (m3) 

FK Fresh Kerosene (m3). 

TK Treated Kerosene (m3). 

TKJ Jet fuel from Addch 

FD Fresh diesel 

TD Treated Diesel. 

AGO Atmosphere gas oil 

RCR Reduced crude oil 

 

 Block Diagram of KRS 

Before assuming and defining all the related variables in the MPS-KRS model, it 

is customary to present the block diagram of KRS that can be used further for the 

explanation (Section 4.5).  It is known that the refinery units receive crude oil from the 
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storage existed in the company to perform three processes namely the fraction level (DS), 

treatment level and storage level. In the fraction level, there are five primary products out 

of refining tower depending on the degree of the boiling point from the top to the bottom 

of the tower. These five products are the fresh naphtha (FN), fresh kerosene (FK), fresh 

diesel (FD), atmosphere gas oil (AGO), and reduced crude oil (RCR). Treatment level 

consists of six processes such as the naphtha hydro-treating (NHT), isomeration (ISO), 

catalytic reformet (CR), gas plant (GZP), merox1 (M1) and merox2 (M2). Figure 4.1 

shows the block diagram of KRS revealing different processes flow, levels and products, 

where AddCh is a process called add chemical not considered here in the model. The 

storage level involved seven products that are classified into two types such as the reserved 

and non-reserved. In the Figure 4.1, the dotted line in blue indicated the gas, the red one 

indicated the flow of hydrogen, and the black line specified the flow process of the by-

products. 
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Figure 4.2 KRS block diagram 
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4.4 Formulation of the Proposed Mathematical Model 

This section describes the fifteen assumptions and five types of constraints that 

were created after conducting the scheduled operations in KRS and interviewing the 

production operators in the refinery. 

 Assumptions of the Productive Process 

Total fifteen assumptions were used to simplify the mathematical model derivation 

for KRS. Table 4.5 summarizes these assumptions used in the production process based 

on the presented block diagram (Figure 4.1). 

Table 4.5 Various assumptions used for the productive processes in KRS 

Assumptions 

a) Each productive unit has inputs and outputs that control several factors wherein 

the most important one is the energy and maximum productivity that cannot be 

exceeded. 

b) All units work 24 hours a day in the whole year except the determined days of 

maintenance. 

c) All units are liable to emergency stop because of the sudden breakdown that 

happens during the work. 

d) The amount of inserted oil must be equal to the quantity of the produced one plus 

the waste materials which is either in the form of the litter or gases. 

e) Each product comes out of any unit with the relative ratio according to the 

operational conditions of that unit. The relative ratio is the rate of production 

compared to the for example, if we suppose that the productive unit produces 

three products are x1, x2, and x3 with respective proportion of 60%, 30%, and 

10%. The amount of the inserted quantity is 100 cubic meters thus x1 is equal to 

60 cubic meters and this is the case with the rest of the products. 

f) Any increase in the produced quantity of any unit leads to a deficiency of the other 

products. For example, if one takes the same example in the previous item, the 

increase rates of the x1 will lead to a deficiency proportion of both products x2, 
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and x3 by any means of manner. Thus, the total percentages must be equal to 

100% compared to the inserted rate to the unit. 

g) Most of the units work depending on each other so some of their outputs are 

considered as inputs to the following one. 

h) Each storage inside the company has limited capacity that cannot be exceeded. 

i) Each two successive units do not have a storage tanks in between that is why all 

units are independent of all the time except one tank mediates the distillation and 

the naphtha treating unit. 

j) The main sole engine of the production demanding from the final unit usually 

issue orders to the following unit to issue orders to the preceding unit. Thus, until 

it gets to the primary units or more exact the production process is moving in 

reverse order or what is called backward, start from the final unit to the primary 

unit via orders. 

k) To make the accurate operation of the naphtha hydro treating unit (NHT) the 

catalytic reformation should also work in the frame. Thus, the NHT unit must 

depend on the operating (CR) unit due to the mentioned reason. 

l) Obtainment of the jet fuel depends on the operational “Merox-1” unit. 

m) Operating gasoline reforming units (CR and ISO) depend on the operating 

naphtha hydro treating unit (NHT). 

n) Primary storage size of the crude oil is relatively big in order to be able to save 

the crude oil to the refining units (distillation) in case of there is a blackout from 

the main resource for several days (such as 4 days or more). 

o) There are some products that come out of the refining units (such as RCR and 

AGO) and goes directly to the final reservoirs after mixing them. 

 

 Production Constraints 

The identified six set of constraints that limit the production process can be 

represented mathematically in the form of equations containing four types of variables 
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(Section 3). In the present work, these constraints were classified based on the sequence 

of the production processes. 

 Specific Constraints of Input Quantities 

The Kalak refinery production system consisted of five constraints related to the 

input quantity. Since the production process has been going backwards, therefore, for the 

specific constraints of input quantities the variables of the required output quantities of 

each production unit is limited. On this basis, input quantities are variables to those units’ 

belonging to the amounts of output variables. Assuming that the input and output variables 

are Y and X, respectively the relationship between these variables can be expressed using 

Equation (4.1):  

Y =
1

s
∗ X                                                                                                 (4.1) 

where s represents the volumetric ratio of the variable X for Y, since these range 

are from a certain up and down value. 

More explicitly, the Equation (4.1) can be written in the following form of 

Equation 4.2:   

1

𝑠𝑖𝑗
+ ∗ 𝑋𝑖𝑗  ≤ 𝑌𝑖 ≤

1

𝑠𝑖𝑗
− ∗ 𝑋𝑖𝑗                                                                                                        (4.2) 

where Yi  represents the variable of quantity entered into unit i,  Xij  denotes the variable 

j representing the output from the unit i,  sij
+ is the highest expected volume percentage 

of the variable j out of the unit i, and  sij
− is the lowest expected volume percentage of 

the variable j out of the unit i. 

Note that the volumetric ratio ranging among them the amount of product 

reformate between 0.86086 and 0.86088 of the amounts of the Naphtha entered. The 
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specific constraints on the inputs quantity to the catalytic reforming (CR) process are 

shown in Equation (4.3) as:  

1

0.86088
∗ 𝐶𝑅 ≤ 𝐻𝑁. 𝑁𝐻𝑇 ≤

1

0.86086
∗ 𝐶𝑅                                 (4.3) 

 
The gasoline improvement in the isomeration unit restrictions is given by Equation 

(4.4):  

1

0.76783
∗ 𝐼𝑆𝑂 ≤ 𝐿𝑁. 𝑁𝐻𝑇 ≤

1

0.76781
∗ 𝐼𝑆𝑂                                                                               (4.4) 

The merox (M1) constraints for the fresh kerosene (FK) shall be somewhat 

different from its predecessors, where the amount of Fresh kerosene undrawn will depend 

on the total amount of demand for the treated kerosene (TK) and TKJ is given by Equation 

(4.5):  

1

0.999
(𝑇𝐾 + 𝑇𝐾𝐽) ≤ 𝐹𝐾 ≤

1

0.998
(𝑇𝐾 + 𝑇𝐾𝐽)                                                                           (4.5) 

The merox (M2) constraints for the fresh diesel (FD) as given by Equation (4.6) 

where TD is treated diesel (TD) after processed. 

1

0.999
(𝑇𝐷) ≤ 𝐹𝐷 ≤

1

0.998
(𝑇𝐷)                                                                                                             (4.6) 

The constraints of the naphtha hydro-treating unit are written as Equation (4.7) 

with FN as the fresh naphtha. 



83 

 

1

0.94002
(𝐻𝑁. 𝑁𝐻𝑇 +  𝐿𝑁. 𝑁𝐻𝑇) ≤ 𝐹𝑁 ≥

1

0.95996
(𝐻𝑁. 𝑁𝐻𝑇 +

 𝐿𝑁. 𝑁𝐻𝑇)                               

     

(4.7) 

The constraints associated to the distillation units is a special case, since the control 

of the amount of crude oil can lead to five products such as the FN, FK, FD, AGO, RCR. 

Table 4.6 shows the upper and lower volumetric ratios of the products in the distillation 

units. 

Table 4.6 Lower and upper volumetric ratio of products of distillation units 

Products Lower volumetric ratio Upper volumetric ratio 

FN 0.2826 0.2879 

FK 0.04004 0.04255 

FD 0.1554 0.1574 

AGO 0.031 0.035 

RCR 0.461 0.467 

 Sum = 0.97004 Sum = 0.98985 

 

The amount of the upper and lower required crude oil to be inverted to total 

minimum and maximum ratios for each volumetric products of crude oil can be related 

through the Equation (4.8) given by: 

1

0.98985
∗ (𝐹𝑁 + 𝐹𝐾 + 𝐹𝐷 + 𝐴𝐺𝑂 + 𝑅𝐶𝑅) ≤ 𝐶𝑟𝑢𝑑𝑒𝑂𝑖𝑙

≤
1

0.97004
∗ (𝐹𝑁 + 𝐹𝐾 + 𝐹𝐷 + 𝐴𝐺𝑂 + 𝑅𝐶𝑅) 

(4.8) 
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 Constraints of the Production Capacity 

The constraints associated to the production capacity are very significant because 

they set limits on unit inputs according to their available production capacities. The 

general form of these constraints is given by Equation (4.9) as: 

𝑌𝑖 ≤ 𝑏𝑖 (4.9) 

where  𝑌𝑖   represents the amount entered in the unit i and 𝑏  is the largest available 

production capacity that can be reached by the unit i. 

Therefore, the specific restrictions on the quantities of the inputs for units can be 

given by Equation (4.10) to Equation (4.16): 

 

𝐶𝑟𝑢𝑑𝑒 𝑂𝑖𝑙 ≤ 4769.619      (4.10) 

𝐺𝑍. 𝐷𝑆 ≤ 46.734  (4.11) 

𝐹𝑁 ≤ 1373.173  (4.12) 

𝐹𝐾 ≤ 202.947   (4.13) 

𝐹𝐷 ≤ 750.738   (4.14) 

𝐴𝐺𝑂 ≤ 166.937  (4.15) 

RCR ≤ 2227.412     (4.16) 
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 Specific Constraints of the Output Quantities 

In each of the output unit, the quantity of outputs cannot exceed the quantity of the 

inputs for that unit. The general form for these constraints can be represented by Equation 

(4.17): 

∑ 𝑥𝑖𝑗
𝑘
𝑗=1 ≤ ∑ 𝑦𝑖𝑞

𝐿
𝑞=1                                                                                                                         (4.17) 

where  xij  denotes the quantity of the output product j in the unit i, and  yiq is the quantity 

of the input product q in the unit i. 

The specific constraint for the output quantities of the naphtha hydro-treating 

process can be written as Equation (4.18): 

𝑁𝑎 + 𝐺𝑍. 𝐹𝑁 + 𝐺𝑍. 𝑁𝐻𝑇 + 𝐿𝑁. 𝑁𝐻𝑇 + 𝐻𝑁. 𝑁𝐻𝑇 ≤ 𝐹𝑁 (4.18) 

The specific constraint for the output quantity of the catalytic reforming process 

can be written using Equation (4.19): 

𝐻2. 𝑅𝐶 + 𝐺𝑎𝑠𝑜. 𝐶𝑅 ≤ 𝐻𝑁. 𝑁𝐻𝑇  (4.19) 

The specific constraint for the output quantity of the isomeration unit can be 

written by Equation (4.20). 

𝐺𝑍. 𝐼𝑆𝑂 + 𝐺𝑎𝑠𝑜. 𝐼𝑆𝑂 ≤ 𝐿𝑁. 𝑁𝐻𝑇 + 𝐻2. 𝐶𝑅 (4.20) 

The specific constraint for the output quantity of the Merox1 (M1) and Merox2 

(M2) can be given by Equation (4.21) and Equation (4.22), respectively: 
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𝑇𝐾 + 𝑇𝐾𝐽 ≤ 𝐹𝐾 (4.21) 

𝑇𝐷 ≤ 𝐹𝐷 (4.22) 

The specific constraint for the output quantity of the gas plant unit is as shown in 

Equation (4.23).  

𝐿𝑃 ≤ 𝐺𝑍. 𝑁𝐻𝑇 + 𝐺𝑍. 𝑅𝐶 + 𝐺𝑍. 𝐼𝑆𝑂 + 𝐺𝑍. 𝐹𝑁 (4.23) 

 Constraints of the Volumetric Ratios 

Generally, the specific constraint of the volumetric ratios of the products can be 

given by Equation (4.24). 

𝑠𝑖𝑗
−𝑌𝑖  ≤ 𝑋𝑖𝑗 ≤ 𝑠𝑖𝑗

+𝑌𝑖 (4.24) 

where Yi  represents the variable of quantity entered in the unit i,  Xij  is the variable j 

represents the output from the unit i,  sij
+ is the highest expected volume percentage of 

the variable j out of the unit i, and sij
− denotes the lowest expected volume ratio of the 

variable j out of the unit i. 

The special constraint for the products of the distillation units can be expressed as 

Equation (4.25): 

0.0091 ∗ 𝐶𝑟𝑢𝑑𝑒 𝑂𝑖𝑙 ≤  𝐺𝑍. 𝐹𝑁 ≤ 0.01091 ∗ 𝐶𝑟𝑢𝑑𝑒 𝑂𝑖𝑙 (4.25) 

The constraint of Naphtha hydro-treating unit is shown in Equation (4.26). 
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0.0199 ∗ 𝐹𝑁 ≤ 𝐺𝑍. 𝑁𝐻𝑇 ≤ 0.02999 ∗ 𝐹𝑁 (4.26) 

The constraints of Catalytic Reforming unit are shown in Equation (4.27) and 

Equation (4.28). 

0.0188 ∗ 𝐻𝑁. 𝑁𝐻𝑇 ≤ 𝐺𝑍. 𝐶𝑅 ≤ 0.0199 ∗ 𝐻𝑁. 𝑁𝐻𝑇 (4.27) 

0.045 ∗ 𝐻𝑁. 𝑁𝐻𝑇 ≤ 𝐻2. 𝐶𝑅 ≤ 0.046 ∗ 𝐻𝑁. 𝑁𝐻𝑇 (4.28) 

The constraint of Isomeration process is as shown in Equation (4.29). 

0.0125 ∗ 𝐿𝑁. 𝑁𝐻𝑇 ≤ 𝐺𝑍. 𝐼𝑆𝑂 ≤ 0.085 ∗ 𝐿𝑁. 𝑁𝐻𝑇                      (4.29) 

 Constraints of the Inventory Capacity  

The specific constraint of the inventory (storages) for the products can be written 

by Equation (4.30). 

𝐼𝑘 ≤ 𝐼+   (4.30) 

where  𝐼𝑘 is the inventory capacity of the product k, and 𝐼+ is the highest expected 

volume for the storages of the products as shown in table 4.7. 

Table 4.7 Constraint of the inventory 

products Volume for the storages m3 

Na 5830.8 

Gaso  11673.64 

Kr  6268.368 

Jf  2274.184 

Di  13572.52 

Fo  34623.6 

Lp  1548 
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 Constraints of the Variable Values 

General constraints applied to all variables of the proposed model are the non-

negative constraints given by Equation (4.31): 

0 ≤ 𝑋𝑖𝑗 ≤ 𝑀 (4.31) 

where M is a value that represents the highest bound that the decision variable can 

reach. 

 Objectives and Constraints of MPS Model 

After defining all the related variables, assumptions and constraints in the previous 

sections, the final mathematical model of KRS with three objectives and its general 

constraints were developed. The following three objectives were considered in the 

scheduling for refinery process creation (MPS).  

i. First objective 

The overall end Inventory level of the entire planning horizon (EI) can 

be given by Equation (4.39): 

𝐸𝐼 =
∑ ∑ 𝐸𝐼𝑘𝑝

𝑃
𝑝=1

𝐾
𝑘=1

𝑇𝐻
          

(4.32) 

ii. Second objective 

The average demands that were not fulfilled for all the products and 

periods (RNM) can be given by Equation (4.40): 
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𝑅𝑁𝑀 =
∑ ∑ 𝑅𝑁𝑀𝑘𝑝

𝑃
𝑝=1

𝐾
𝑘=1

𝑇𝐻
                              

(4.33) 

iii. Third objective 

 The mean quantities that were below the safety stock level (BSS) can 

be given by Equation (4.41): 

𝐵𝑆𝑆 =
∑ ∑ 𝐵𝑆𝑆𝑘𝑝

𝑃
𝑝=1

𝐾
𝑘=1

𝑇𝐻
                                              

(4.34) 

Depended on the following relations: 

BIkp = {
OHk                                    if(p = 1)

EIk(p−1)                             if(p > 1)
         

(4.35) 

𝐸𝐼𝑘𝑝 = 𝑚𝑎𝑥 [0, ((𝑀𝑃𝑆𝑇𝑘𝑝 + 𝐵𝐼𝑘𝑝) − 𝐺𝑅𝑘𝑝)]      (4.36) 

𝑅𝑁𝑀𝑘𝑃 = 𝑚𝑎𝑥 [0, (𝐺𝑅𝑘𝑝 − (𝑀𝑃𝑆𝑇𝑘𝑝 + 𝐵𝐼𝑘𝑝))] (4.37) 

𝐵𝑆𝑆𝑘𝑝 = 𝑚𝑎𝑥[0, (𝑆𝑆𝑘𝑝 − 𝐸𝐼𝑘𝑝)]                           (4.38) 

  𝑀𝑃𝑆𝑇1𝑝 = 𝑁𝑎𝑝 , 𝑀𝑃𝑆𝑇2𝑝 = 𝐾𝑟𝑝 , 𝑀𝑃𝑆𝑇3𝑝 = 𝐷𝑖𝑝 , 𝑀𝑃𝑆𝑇4𝑝 = 𝐹𝑜𝑝 , 𝑀𝑃𝑆𝑇5𝑝

= 𝐽𝐹𝑝   , 𝑀𝑃𝑆𝑇6𝑝 = 𝐺𝑎𝑠𝑜𝑝 , 𝑀𝑃𝑆𝑇7𝑝 = 𝐿𝑃𝑝         

(4.39) 

.    
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VERIFICATION AND VALIDATION OF MPS-KRS MODEL 

5.1 Introduction 

For the optimization of any mathematical model that is developed for solving the 

industrial problems, the legitimacy of the model must be validated and its performance 

must be evaluated to compare with the reported state of the art works. Memetic algorithm 

is one of the approaches to validate and simulate a mathematical model. In a system of 

integrated production planning the role of master production schedule (MPS) is greatly 

significant. Actually, MPS transforms the strategic plans associated to some production 

plans into the tactical operational executions. Chapter 4 presented the formulation of the 

MPS-KRS mathematical model. Now, to test the accuracy of the proposed MPS-KRS 

model it must be compared with the real situation in the KRS that can be achieved by 

verifying and validating the memetic model. 

This chapter used a memetic algorithm (MA) to validate and simulate the proposed 

MPS model of KRS. This validation via simulation of MPS-KRS model was prerequisite 

to ensure its optimization. The memetic algorithm was developed to validate and simulate 

the mathematical programming model in solving the multi-objectives master production 

schedule (MOMPS) for KRS (Erbil, Iraq). The model was consisted of three objectives 

the minimization of the inventory levels, maximization of service levels and minimization 

of the inventory levels under safety stocks. The developed MOMPS model was solved 

using min-max normalization procedure that converted the objective functions into the 

unique function before the memetic algorithm was employed for solving the objective 

functions. Two results were used for the comparison the amount of actual crude oil and 

the outcome of the MPS validation. The comparison based on these two results affirmed 

the effectiveness of the MPS-KRS model at the level of building production plans. 
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Besides, the developed MOMPS model achieved similar production schedule for the case 

of the oil refinery studied compared to those obtained from the reported works. The 

simulation results showed that the model produce comparable outcomes to that of the 

actual production. In short, the memetic model verified and validated the proposed 

MOMPS mathematical model designed for KRS. 

This chapter is arranged in four broad sections. Section 5.2 introduced the 

approach used to verify the mathematical model by estimating the crude oil and the actual 

produced quantities. The model simulation results were graphically presented. Section 5.3 

explained the salient features of the algorithm that was used to solve the MPS-KRS. The 

validation of the model and comparison of the simulated MPS with actual MPS was 

underscored. The detail analyses of the simulation results were emphasized in Section 5.4. 

5.2 Verification of Mathematical Model  

The objective functions, constraints, and variables associated with a developed 

mathematical model must be verified to guarantee its proper performance in the 

optimization process of an industrial problem. Generally, the procedure through which a 

model is tested to enhance its legitimacy is referred to as model validation. Based on the 

theoretical formalism, the design capacity of the maximum output of the unit production 

rate or working time during a specified period under ideal conditions can be optimized. 

The design capacity of the KRS is shown in table 5.1, which comprised of seven products 

and the percentage in the respective product reflected the quantity of each barrel. These 

percentages were obtained from the actual operation in the KRS which may be different 

in the other refineries depending on the design of distillation and various constraints such 

as the age of distillation machine and type of crude possessed. The percentage of LPG and 

gasoline that were obtained from the proportion of naphtha, kerosene and jet fuel may 

have different percentages, however the total amount must not exceed 4.12% even if one 

of them is zero. Therefore, the verification was carried out in the two stages. First, the 

estimated crude oil and Xmodel was calculated. The production data (NA, Kr, Di, Fo, Jf, 
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Gaso and Lpg) for the three months (90 days in the year 2017) were used as inputs and 

applied to the Equation (5.1). 

Table 5.1 The design capacity of the KRS 

No. Product Percentage 

1 Naphtha (Na) 29% 

2 LPG (Lp) 4% from treated Na 

3 Gasoline (Gaso) 89% from treated Na 

4 Kerosene (Kr) + Jet fuel (Jf) 4.12% 

5 Diesel (Di) 15.6% 

6 Fuel Oil (Fo) 50.1% 

The actual amount of the crude oil, products and simulated quantity of the crude 

oil are presented in Table 5.1.  Table 5.2 emphasizes the productions for 10 days. 

𝑋𝑚𝑜𝑑𝑒𝑙(𝑖) = ((𝑁𝑎(𝑖) + ((𝐿𝑃𝐺(𝑖)

+ 𝐺𝑎𝑠𝑜(𝑖))/0.89))/0.29 + (𝐾𝑟(𝑖)

+ 𝐽𝐹(𝑖))/0.0412 + 𝐷𝑖(𝑖)/0.15459 

+ 𝐹𝑜(𝑖)/0.5008))/4  

 

(5.1) 

where i represents the day. 

The estimated crude oil production for three months was compared with the real 

crude oil manufacturing. The estimated and actual crude oil production analyses enabled 

to calculate of design capacity of KRS for verifying the Equation (5.1) and validating it 

for further simulation of the MOMPS model. First, the simulated amount of crude oil was 

obtained and then it was compared with the actual crude oil output. Figure 5.1 and 5.2 
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compare the simulated crude oil output with the actual output using time series plot and 

box plot, respectively.  

Table 5.2 The actual amount and estimated amount of crude oil for 10 days in the KRS 

 

 

Figure 5.1 Comparison between the actual and model simulated amounts of the 

crude oil in the KRS 
 

D
a

y
s Actual 

Crude 

oil 

Product 
Estimated 

crude oil 
Na Kr Di Fo Jf Gaso Lp 

1 4484.93 321.00 122.79 686.10 2259.66 61.98 832.69 39.19 4480.01 

2 4412.83 470.30 165.16 683.22 2173.61 16.65 688.01 32.38 4396.37 

3 2539.84 236.79 89.91 384.06 1272.14 14.74 424.80 19.99 2526.11 

4 2724.02 65.87 28.08 431.46 1371.83 84.17 615.48 28.96 2744.57 

5 3029.35 276.18 70.72 473.10 1525.29 54.09 511.99 24.09 3041.21 

6 3578.83 263.86 30.48 542.96 1810.55 116.97 657.90 30.96 3571.30 

7 3255.42 84.94 29.07 496.02 1650.16 105.05 730.26 34.37 3253.62 

8 4222.02 308.45 141.49 649.48 2141.52 32.46 778.54 36.64 4230.38 

9 3169.59 112.03 62.53 505.90 1587.73 68.06 686.08 32.29 3195.53 

10 3684.94 31.16 72.76 584.57 1818.14 79.06 881.85 41.50 3695.46 
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In the first phase, the quantity of the crude oil obtained via the model simulation 

was compared with the actual amount of the crude oil (historical data). The data was 

further analysed by paired samples T-test using SPSS package (Table 5.3). The results did 

not reveal any differences of statistical significance between the actual data (historical) 

and model predicted (simulated) results because the P value of the total score was 0.963 

(which is bigger than the significance level of 0.5).  This outcome clearly approved the 

effectiveness of the equation developed to verify the design capacity of KRS. 

Table 5.3 Paired samples statistics between actual and model simulated amounts of the 

crude oil in the KRS 

 

Type Mean N Std. t df Sig 

Actual  3316.0493 90 901.27269 

0.046 89 0.963 

Model 3316.1395 90 900.66106 

Figure 5.2 Box plot between historical and model predicted results of the crude 

oil quantities in the KRS 
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In the second stage, the model constraints were used to estimate the crude oil 

product amount for comparing with the real crude oil quantity (actual refinery production). 

This enabled to verify the accuracy of the developed model design capacity equations for 

KRS. Table 5.4 presents the differences between the real product quantities and estimated 

amounts using mean square error measures. Once the crude oil production model was 

verified, a simulation model was developed to determine the optimum products 

combination. 

Table 5.4 Differences between real and estimated products quantities using MSE 

 

5.3 Validation of Mathematical Model 

The memetic algorithm was used to validate and simulate the developed MOMPS 

model for KRS. Because this algorithm combines the evolutionary operations of MA 

(such as mutation and Crossover) with local search operators (swap operator and inverse 

movement operator) to improve the solutions of MA and increase the diversity of the 

population. Figure 5.3 shows the flowchart of the memetic algorithm which consisted of 

ten steps as explained below. 

Period Actual Estimated Square of error 

1 4484.93 4480.01 24.2064 

2 4412.83 4396.37 270.9316 

3 2539.84 2526.11 188.5129 

4 2724.02 2744.57 422.3025 

5 3029.35 3041.21 140.6596 

6 3578.83 3571.3 56.7009 

7 3255.42 3253.62 3.24 

8 4222.02 4230.38 69.8896 

9 3169.59 3195.53 672.8836 

10 3684.94 3695.46 110.6704 

Mean of square error (MSE) 195.9998 
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Step 1: Defining the MPS parameters 

For the MPS, the implemented software considered the parameters 

including K, P, TH, 𝑂𝐻𝑘, 𝐺𝑅𝑘𝑝,  and 𝑆𝑆𝑘. 

Step 2: Defining the objective function  

Using the min-max normalization approach, the MPS objective function 

can be defined as: 

𝑀𝑖𝑛 𝑍 = 𝑐1 ∗
𝐸𝐼

𝐸𝐼𝑚𝑎𝑥
+ 𝑐2 ∗

𝑅𝑁𝑀

𝑅𝑁𝑀𝑚𝑎𝑥
+ 𝑐3 ∗

𝐵𝑆𝑆

𝐵𝑆𝑆𝑚𝑎𝑥
                                  (5.2) 

where the coefficients 𝑐1, 𝑐2  and 𝑐3  were used to show the significance 

of each MPS performance measurement. The parameters 

𝐸𝐼𝑚𝑎𝑥, 𝑅𝑁𝑀𝑚𝑎𝑥and 𝐵𝑆𝑆𝑚𝑎𝑥  represented the maximum values of the 

objectives calculated from the pre-processing phase (warm up period) in 

the suggested algorithm runs. Since the goal values have entirely different 

ranges, the memetic algorithm was organized to set them at the intervals 

of (0, 1). 

Step 3: Creating the initial population 

Four function were created in this step. 

Step 3.1 Randomly generated a population (Pop) of Np individuals and 

implemented it following the uniform distribution.  

Step 3.2 Generated a random value of crude oil quantity (CRp) for each 

period p from the uniform distribution U [1758, 4769.619].  

Step 3.3 Calculated the quantity of each product in every period 

according to the crude oil quantity using the model.  

Step 3.4 Generated the initial population to evaluate Z (x) for each 

individual x in Pop, then calculated the values of EImax, 

RNMmax and BSSmax; 
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Step 4: Stopping conditions 

Go to Step 10 after a given number of iterations (Niter).  

Step 5: Selection of Pc and PL  

In this step, the solutions were selected following the values of their 

objective functions. A highest rank selection was used to select Pc and PL from 

Pop. The first individual that has greatest fitness (minimum Z) was chosen, while 

the other was selected randomly. This method allowed improving the individuals 

to carry some good properties from the individual, which had the highest fitness. 

Step 6: Applying the arithmetic crossover to Pc 

• Output: The crossover produced the new offspring individuals from 

the individual parents.  

• Creation of two new individuals’ crossovers via the exchange of some 

genes of the two individual parents. 

• Production of two new offspring by combining the two linear 

crossovers with two individual parent vectors based on the 

following equation: 

offspring 1= a  Parent 1+ (1-a)  Parent 2                  (5.3)  

offspring 2= (1-a)  Parent 1+ a  Parent 2                  (5.4)  

 where a is a random weighting factor (chosen before each 

crossover operation). 

Step 7: Apply the local search operators to PL 

The operators were the local search's building blocks which were used 

to travel from the solution to solution. The choice of the operators was 

subjected to the control of the richness of a solution neighbourhood. Using 

a large variety of the operators, the size of the solution space was enhanced 
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that can be reached during each iteration. This algorithm used the swap 

operators and inverse movement operators to improve the solutions of PL. 

Step 8: Evaluation of Z (x) for PC and PL  

After applying the arithmetic crossover to PC and local search 

operators to PL, each individual x in PC and PL was evaluated.  

Step 9: Selection of the new population from (Pop, PC, PL) 

The individuals in PC and PL were merged with the Pop and the 

individuals for the next generation were chosen. By combining all the 

preceding and present best individuals in the population, the selectiveness 

was assured. Thus, the population was identified depending on the 

objective functions. The latest generation was filled from the best 

solutions until the population extent exceeded the present size and the 

directed to go to Step 4. 

Step 10: Comparing 

The objectives of the model production (EI, RNM, and BSS) were 

compared with actual manufacturing over the planning prospect and the 

data was utilized for testing the model. 
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Figure 5.3 The memetic algorithm flowchart 

Start 

Satisfy stop 

Criterion? 

Select the new population from (Pop, PC, PL) 

 

Using Memetic Algorithm to define MPS objective functions 

 

Select Pc and PL from the population (Pop) using roulette wheel selection 

 

Apply arithmetic crossover to Pc 

 

Evaluate Z (x) of each individual x in PC and PL 

 

 Generate initial random population with size Npop then evaluate Z(x) of 

each individual x in Pop 

Compare the results with 

the actual production 

 

Yes 

Apply local search operators to PL 

 

End 

Define the parameters of MPS problem 

No 
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5.4 Model Validation via Simulation on Actual Data 

To confirm the realism of the developed MOMPS-KRS model simulated data on 

the production amounts, its objectives were compared with the actual production over the 

planning prospect so that the wide applicability of the model can be tested. First, the actual 

production data was procured in the month of April, May, June and July of 2017. Next, 

the historical data was used for the reconstruction of the past. Such reconstruction enabled 

determining the accuracy and effectiveness of the proposed model to generate the 

optimum solutions for KRS. Besides, the obtained efficiency based on such hypothetical 

performances was compared with the actual working of KRS to indicate the achievements 

related to considerable improvement of the model (Reynisd & Engineering, 2012). As 

aforesaid, the defined decision variables could describe the starting inventory levels at the 

Kalak Refinery.  

Table 5.5 summarizes the product quantities in the beginning of April, 2017 

(closing inventories at the end of March, 2017). The results indicated that the developed 

MOMPS model very closely reflected the actual production plan for April in the year 

2017. The production of most of the actual manufactured goods was similar to those 

obtained by simulating the proposed model. 

Table 5.5 Initial inventory details at the beginning of April, 2017 

Product Beginning inventory (m3) 

Na 122.86 

Kr 56.26 

Di 346.27 

Fo 1144.76 

JF 57.65 

Gaso 457.17 

LPG 21.51 

 



101 

 

Table 5.6 compares the results obtained by simulating the MOMPS model with 

the actual production in KRS. The ending inventory levels and the requirements not met 

were compared.  The simulated model results showed lower inventory level (EI) and lower 

requirements not met (RNM) compared to the actual production level. This enabled to 

maintain the minimum level of storages and provide the market with the demand as much 

as possible. The zero values of RNM indicated that all the requirements have met and so 

on for the rest three months. The disclosure of the lower inventory levels could 

simultaneously keep the customer satisfaction high. Conversely, the recorded BSS 

exhibited fluctuation in some period. Therefore, the solution of the memetic algorithm 

produced the lower inventory levels, lower requirements not met and almost lower 

inventory levels below the safety stocks as shown in Figure 5.5. 

Table 5.6 The MPS comparison between the model solution and actual production 

 

MPS objectives 

Month         Type EI RNM BSS 

M1 

Simulation Model 1993.928 0 11533.40 

Actual   5601.669 2413.6 10053.53 

M2 

Simulation Model 1248.494 0 1038.836 

Actual  4314.357 50.14677 10006.260 

M3 

Simulation Model 5293.927 0 8233.403 

Actual  14797.55 1608.352 2793.137 

M4 

Simulation Model 2785.750 0 10741.580 

Actual  8682.994 861.745 6969.334 
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Figure 5.4 The MPS comparison between model and actual 

5.5 Analysis and Discussions 

Based on the excellent results on the performance obtained by simulating the 

proposed MOMPS-KRS model and memetic algorithm, the following observations were 

made upon careful analyses. To assist the everyday decision making for the production 

plan, the mathematical models and programs are prospective in transforming the data into 

useful information. Based on these factors, the multi-objectives mathematical model was 

developed and applied on KRS to create MPS. The proposed MOMPS-KRS model and 

the associated memetic algorithms allowed determining the optimum production plan for 

the Kalak petroleum refinery.  This in turn, enabled the minimization of the inventory 

levels, maximization of the service levels (minimized the requirements not met) and 

minimization of the inventory levels below safety stocks. This generic model was affirmed 

to be implementable under any conditions with proper parameterizations and constraints. 

The designed MOMPS model acted as a decision tool for the optimum production 

of KRS that can be used on daily, weekly or monthly basis.  Besides, the model considered 

the most recent obtainable information to make a state-of-the-art production planning with 
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optimum solution in terms of resource managements. The studied mathematical model 

provided a definite time schedule for the manufacturing of every product, thereby, keeping 

the inventories and the production levels up to a desired planning horizon in a more 

customized fashion. A comparison  of the model simulated results with the actual 

production of KRS revealed the efficiency and accuracy of the model performance. It was 

found that the proposed MOMPS model and memetic algorithm could fit excellently to 

the production scheduling and master planning problem of KRS. In brief, the model 

outperformed the existing state of the art models, enabling the production planner to 

include the essential information into the model system and algorithm as desired for 

forecasting the demands and available inputs together with the multiple request and 

variable constraint. 
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KRS MODEL OPTIMIZATION USING INTELLIGENT ALGORITHM 

6.1 Introduction 

This chapter applied a hybrid multi-objective evolutionary imperialist competitive 

algorithm (MOEICA) as an intelligent algorithm for optimising the proposed MPS-KRS 

model. The verification and validation of the developed MOMPS model was performed 

in Chapter 5.  This chapter is composed of six broad sections. Section 6.2 depicts the 

flowchart of the MOEICA and the details of the pseudo-codes. While Section 6.3 explains 

the implementation of the MPS-KRS model. Section 6.4 describes the implementation of 

MOEICA and the developed pseudo-codes. The performance comparison among 

MOEICA, NSGAII, and MOPSO models are discussed in Section 6.5. Finaly Section 6.6 

Analysis the computational result.  

6.2  Multi-objective Evolutionary Imperialist Competitive Algorithm  

 Basic Architecture of the MOEICA Algorithm 

The flowchart of the MOEICA is illustrated in figure 6.1   
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Figure 6.1 Flowchart of MOEICA   
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 Pseudo-code of the Hybrid Algorithm  

Two different algorithms were combined to obtain a hybrid algorithm. The pseudo-

code of the hybrid algorithm consisted of six major steps as presented below. 

Step 1: Initializing the parameters of the ICA-GA algorithm.  

Step 2: 

2.1: Defining the parameters of MPS problem. 

2.2: Generating randomly some countries to calculate EImax , RNMmax, 

BSSmax 

2.3: Selecting the most powerful countries as empires. 

2.4: Randomly allocating the remain countries to different empires equality. 

Step 3: Decade loop Nd = Nd+1 

Step 4: For 𝑖 = 1,2, … … , 𝑁𝑖𝑚𝑝  do; %Genetic Algorithm Procedures%  

4.1: Selection. 

4.2: Crossover.  

4.3: Mutation. 

Step 5: Imperialist Competitive Algorithm Procedures 

5.1: Assimilating the colonies towards their imperialist.  

5.2: Countries of revolution. 

5.3: Exchanging the imperialist with the best colony if necessary. 

5.4: Calculating the total cost of the empires.  

5.5: Imperialistic competition. 

5.6: Eliminating the powerless empires.  

Step 6: Terminating the criteria control; Repeat the Steps 3 to 6 until the terminating 

criteria are fulfilled. 
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 Procedures of MOEICA 

Before solving the multi-objective master production scheduling (MOMPS) 

problems of the MPS model developed for KRS, it is customary to provide a step-wise 

explanation of the studied algorithm together with the information of the inputs, encoding 

and generation of the solutions. Besides, the concepts behind various operators related to 

the crossover, mutation, assimilation, revolution and imperialist competition were 

discussed. To implement the MPS-KRS model for optimizing the refinery problems, the 

proposed algorithm (comprised of 9 major steps) was devised and its detail description is 

given hereunder: 

Step 1: Inputs information 

For the MPS-KRS model, the implemented software programs considered majority 

of the relevant parameters related to the real environments of the industries like: 

Step 1.1: Number and description of the products. 

Step 1.2: The number and description of time periods and their duration (periods 

with different durations are allowed). 

Step 1.3: The initial (on-hand) inventories, such as the product quantities in the 

beginning of the planning horizon.  

Step 1.4: The gross requirements i.e. the required quantities per product per period, 

estimated from the orders of forecasting and customers. 

Step 1.5: The safety inventory levels per product per period. 

Step 1.6: The production rate implying the quantities of a resource that can 

manufacture a product per time unit.  

Step 1.7: The accessible capability per resource per period. 

Step 2: The objective function  

The MPS objective functions for the KRS consisted of three objectives that can be 

defined as follows: 
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𝑀𝑖𝑛 𝑍 = 𝑀𝑖𝑛[ 𝐸𝐼,   𝑅𝑁𝑀,   𝐵𝑆𝑆]      (6.1) 

Where Z is the objective functions are meant for minimization of the average end 

inventory levels (EI), the requirements that are not met (RNM) and the inventory levels 

below the safety stocks (BSS). 

Step 3: Encoding  

This program started by creating a set of random solution of the candidate within 

the search space related to the problem to be optimized. The random points those were 

generated as the initial population are consisted of countries. There generated countries in 

this code acted as the counterparts of the GA’s chromosomes and PSO’s particles that are 

the arrays of the candidate solutions. The algorithm initially began with a country 

randomly. The composition and shape of these countries in the MPS problems were 

represented by a single vector structure. These countries were represented by a set of 

positive numbers whereas every number symbolized the distribution of the amounts of a 

definite product to be produced in a certain period of time. Figure 6.2 shows the encoding 

procedure of the MPS model for the four time periods, revealing the quantity of naphtha 

to be manufactured at period 1 in the first position, while the quantity of kerosene to be 

manufactured at period 1 in the second place, etc. Consequently, the opening outcome was 

obtained after performing the encoding and generating the initial solution.  

 

 

Figure 6.2 Representation of the MPS problem for 4 time periods 

 

Step 4: Creating the initial population 

The MOEICA code produced enhanced results in less computational time and 

achieved excellent initial solution due to fewer possibilities for time wastage in the far 

lying optimum solutions search. The proposed algorithm created the initial population 

using the uniform random integer numbers. First, a random value of the crude oil quantity 

(CRp) for each period (p, consisting of n days) was generated from the uniform distribution 
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U [n*3927, n*4769.619], where 3927 and 4769.619 are the corresponding minimum and 

maximum daily amount of the crude oil that can be withdrawn. Then, the quantity of each 

product in every period was calculated randomly according to the crude oil quantity and 

the ratios of each product in the model. The program started initially at random with a 

country of size 𝑁𝑝𝑜𝑝. In the initial population (𝑁𝑖𝑚𝑝) of the best countries was selected 

according to the non-dominance technique to determine the Pareto fronts. Figure 6.3 shows 

the steps involved in the crowding distance calculation for each country in every front 

within the imperialists’ populations. The remaining countries (𝑁𝑐𝑜𝑙) were randomly 

allocated to different empires equality as the colonies. 

 

Figure 6.3 Schematic diagram showing the working principle of crowding 

distance technique 

 

Step 5: Searching through the solution space  

For each empire, the genetic and imperialist competitive operators of the crossover, 

mutation, assimilation and revolution were exerted on colonies to diversify the population 

of imperialists. 
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Step 5.1: Crossover 

The arithmetic crossover was implemented to create two offspring, where 

two linear crossovers with two parent country vectors were combined.  

Step 5.2: Mutation  

The mutation included two operations as indicated in the equations below. 

By adding and subtracting a random amount between the quantities of naphtha and 

treated naphtha (Gasoline and LPG) in the first operation these relations were 

achieved. The second operation was performed by adding and subtracting a random 

amount between the quantities of Kr and JF.  The function of mutation could 

maintain the diversity of the population in order to prevent too fast convergence of 

the algorithm.   

𝑁𝑎𝑝
𝑛𝑒𝑤 = 𝑁𝑎𝑝

𝑜𝑙𝑑 ± 𝑘,  𝐺𝑎𝑠𝑜𝑝
𝑛𝑒𝑤 = 𝐺𝑎𝑠𝑜𝑝

𝑜𝑙𝑑 ∓ 0.85 ∗ 𝑘, 𝐿𝑃𝐺𝑝
𝑛𝑒𝑤 = 𝐿𝑃𝐺𝑝

𝑜𝑙𝑑 ∓

0.04 ∗ 𝑘, 𝐾𝑟𝑝
𝑛𝑒𝑤 = 𝐾𝑟𝑝

𝑜𝑙𝑑 ± 𝑘, 𝐽𝐹𝑝
𝑛𝑒𝑤 = 𝐽𝐹𝑝

𝑜𝑙𝑑 ∓ 𝑘    (6.2) 

Step 5.3: Assimilation 

The starting of the imperialists’ countries to improve their colonies was 

modelled via the movement of every colony towards the imperialist. Such 

movements could make some portion of the structure of a colony comparable to 

the configuration of empire. The assimilation operators were modelled as: 

{𝑥}𝑛𝑒𝑤 = {𝑥}𝑜𝑙𝑑 + 𝑟𝑜𝑢𝑛𝑑(𝛽 ∗ 𝑑 ∗ 𝑟𝑎𝑛𝑑⨂{𝑉1} + 𝑈(−1,1) ∗ 𝑑 ∗ {𝑉2})    (6.3) 

where {𝑥}𝑛𝑒𝑤 is a new position of colony, {𝑥}𝑜𝑙𝑑 is a previous position of 

colony, 𝛽 is assimilation parameter, and 𝑑 is the separation between the colony 

and the imperialist, 𝜃 is a random quantity of the departure added to the movement 

direction, {𝑟𝑎𝑛𝑑} is a random vector, {𝑉1} is the base vector began in the previous 

location of the colony and directed towards the imperialist. The length of this 

vector was set to unity, {𝑉2}  is orthogonal vector on colony-imperialist 
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({𝑉1}. {𝑉2} = 0). Figure 6.4 displays the movements of the colonies towards their 

new positions in the M algorithm obtained using various random values. 

 

 

Figure 6.4 Motion of the colonies towards their new position in MOEICA 

(Khabbazi et al., 2009) 

 

Step 5.4: Revolution operator 

In every decade/generation definite number of nations goes through abrupt 

changes termed as revolutions. In the present implementation of the algorithm a 

random period (p) was chosen and a random value of crude oil quantity (CRp) for 

the period p from uniform distribution U [n*3927, n*4769.619] was generated. 

Then, the quantity of every product in this period was calculated randomly 

according to the crude oil amount and using the ratios of each product in the model. 

Step 5.5: Colonies updating 

In every empire, the all the initial colonies and the populations acquired 

from the crossover, mutation, assimilation and revolution were combined, where 

the non-dominating solutions were inserted into the archives. Next, the best 

colonies of size NC(i) were selected in accordance with the non-dominant and 

crowded distance techniques, in which the other members were deleted. When the 

numbers of non-dominating solution were above the archive size (Narch) their 
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crowded distance was calculated and the solutions with higher crowded distance 

was selected and the others were neglected. 

Step 5.6: Archive updating 

After updating the colonies, the non-dominating solutions were inserted 

into the archives. The members of the archives were graded using the non-

dominant and crowded distance methods. Consequently, the solutions of the 

primary fronts were preserved and the others were neglected. 

Step 5.7: Merging of colonies and sorting of non-dominating solutions 

After revolution process, the newly obtained populations were united and 

the optimum colonies were chosen as preliminary population via the archives 

update. In the archive adaptation, these populations were graded and chosen using 

the non-dominant method and crowding distance to select the optimum ones as 

the imperialists and the rest were regarded as the colonies. Obviously, a nation 

with higher rank was extra dominant compared to the strongest in a lower grade. 

Moreover, the nations with a similar rank were compared with the metric of 

crowding distance. 

Step 5.8: Exchanging positions of the imperialist and a colony 

Due to the movement of colonies towards the imperialist and revolution 

occurrence in some nations, the feasibility of some colonies to reach into a superior 

place compared to their respective imperialists becomes significant. Consequently, 

these colonies and their pertinent imperialists alter their places, thus, algorithm 

continues with the new nation as the imperialists. 

Step 6: Total power of an empire 

The total supremacy of an empire is mainly affected by the influence of the 

imperialist country, although the authority of the colonies belong to an empire has a 

negligible effect on the total power of that empire. Consequently, the equation of the 

overall cost can be written as: 
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𝑇. 𝐶𝑛 = 𝑇. 𝐶(𝑖𝑚𝑝𝑖) + 𝜀 ∗ 𝑠𝑢𝑚{ 𝑇. 𝐶(𝑐𝑜𝑙𝑜𝑛𝑖𝑒𝑠 𝑜𝑓 𝑒𝑚𝑝𝑖𝑟𝑒𝑛)}                                        (6.4) 

where 𝑇. 𝐶𝑛 is the overall cost of the nth empire and 𝜀 is a positive number that is 

considered below 1. 𝑇. 𝐶(𝑖𝑛𝑑𝑖𝑣𝑖𝑑𝑢𝑎𝑙) is the total cost of the individual (imperialist or 

colony) which can be obtained using the equations: 

 

𝑇. 𝐶𝑛 = ∑ 𝐶𝑜𝑠 𝑡𝑘,𝑛
𝐾
𝑘=1         (6.5) 

𝐶𝑜𝑠 𝑡𝑘,𝑛 =
|𝑓𝑘,𝑛−𝑓𝑘

𝑚𝑎𝑥|

|𝑓𝑘
𝑚𝑎𝑥−𝑓𝑘

𝑚𝑖𝑛|
       (6.6) 

where 𝑓𝑘,𝑛 is the value of the kth objective function for the empire n; and 𝑓𝑘
𝑚𝑎𝑥 and 

𝑓𝑘
𝑚𝑖𝑛 are the corresponding maximum and minimum value of the kth objective function in 

every iteration. 

Step 7: Imperialistic Competition Algorithm (ICA) 

The most significant process in ICA is the imperialistic competitions while a 

powerful empire attempts to capture the colony belong to the other less powerful one. 

Progressively, weaker empire loses its colony to the stronger one. This process can be 

modelled by selecting the weakest colony belong to the weakest empire and transferring it 

to the suitable strongest empire depending on their competitions. Figure 6.5 schematically 

depicts such imperialistic competitive processes where the empire 1 is taken as the weakest 

one of its colonies undergoing the competitions. Conversely, the empires 2 to n are chosen 

as the competitors for undertaking its possession. First, the possession probability was 

calculated based on the empire total power to start the competition. After estimating the 

possession possibility of every empire the Roulette Wheel mechanism was applied to 

provide the chosen colony to one of the empires based on the proportional probability. 
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Step 8: Eliminating the powerless empires 

In the competitive processes of imperialists all the weak/powerless empires were 

collapsed and their colonies were distributed among other powerful empires. The 

collapsing mechanisms associated to a powerless empire were modelled as separate factors 

wherein it was assumed that an empire could collapse only by losing all its colonies. 

Step 9: Stopping criteria  

Basically, the competitions among the imperialists were persisted until only one 

imperialist was existed in the search space. Nevertheless, different condition was set for 

the stop/termination criteria such as attainment of the highest number of iterations or 

having insignificant enhancement in objective functions. 

 
Imperialist 1
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Imperialist 3

Imperialist N

Empire 1
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Empire 3
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.   .  
 .   . 

  .

Figure 6.5 Schematic diagram of imperialistic competition processes (Khabbazi 

et al., 2009) 

  .  
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6.3 Implementation of MPS-KRS model 

The MPS-KRS model served as the input parameter for the proposed MOEICA . 

The implementation of the MPS-KRS model required the steps explained below. 

 MPS parameters determination 

Table 6.1 enlists the details of the parameters required to create the MPS problem 

of Kalak petroleum refinery plant. The primary production rates before calculating the 

availability are outlined in Table 6.2.  

Table 6.1 The input parameters of MPS 

 

Table 6.2 The production rates (m3/hour) 

 Gross requirements determination 

In the formulation of the MPS model, the forecast of the gross requirements or 

demand as input was significant. The BPNN model is strong against performance of fault 

Parameters Values 

K 7(Na, Kr, Di, FO, JF, Gaso, LPG) 

P 8 weeks 

𝑈𝑅𝑘 Table 6.2 

𝑂𝐻𝑘 (196.576, 90.016, 554.032, 1831.616, 92.24, 731.47, 34.416) 

𝑆𝑆𝑘𝑝 (1017, 1093.32, 2367.3, 6039, 396.66, 2344.05, 270) 

Product Quantity (m3/hour) 

Na 55 

Kr /Jf 9 

Di 31 

FO 87 

Gaso 52.8 

LPG 2 
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tolerance, learning, self-adaptation and non-linear mapping capacity. It is adaptive to 

resolve some problems including the non-determinant inferences of the complex causal 

relations, judgments, recognitions, classifications, etc. to cite a few. Thus, the BPNN 

algorithm was implemented in the MPS model of gross requirements forecast. The weekly 

demand data were used for each product. The data was collected from a total of 260 

observations during January 1 (2013) to December 31 (2017) and divided into the training, 

validation and testing sets for performing the experiments to determine the optimum ANN 

structure. The feed-forward ANN model (three-layer) was utilized as depicted in Figure 

6.6.  

 

Figure 6.6 The architecture of the feed-forward ANN model (p, q, 1) 

 

The logistic and identity functions were utilized for activating the corresponding 

hidden layer and output node. Only one output node was used because of the multi-step 

forecast via iterative procedures. Thus, the uncertainty of the model was related only to 

the numbers of the input nodes (p, which was the lagging observations) and the hidden 

layer nodes (q). Experiments were conducted to determine the numbers of the input nodes 
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and hidden nodes. The numbers of input nodes that were changed from 1 to 10 indeed 

played a vital role in the mapping of the autocorrelation structures. Conversely, the 

numbers of hidden layer nodes were altered from 4 to 10 with an incremental step of 2. 

Accordingly, a total of 40 NN models for each product were attempted before attaining 

the ultimate model structure. On top, the Levenberg Marquardt algorithm was used to 

achieve the second order training speed without the computation of the Hessian matrix. It 

was demonstrated that proposed algorithm provided the fastest convergence for moderate 

size feed-forward NN utilized for the problems involving functional approximation 

(Zhang, 2003). Table 3 furnishes the optimal NN structure and the gross requirements for 

every product in KRS. 

Table 6.3 The best ANN structures and gross requirements for each product in KRS 

* Str.= (input layer, hedin layer, output layer) 

 

 Production rates determination 

The random machine failures using a specific probability distribution were 

simulated to determine the production rates, whereas the failures were applied on the units 

of active works. A total of six failure controls including the STO_1, STO_2, STO_3, 

Prod. Str.* 

Week 

1st 2nd 3rd 4th 5th 6th 7th  8th  

Na 4,4,1 1606.83 2131.23 5137.17 2103.36 2131.23 1497.80 2131.23 1834.29 

Kr 2,6,1 823.24 641.39 641.40 641.37 641.37 641.37 641.37 641.37 

Di 2,6,1 4515.18 3951.38 4514.35 4215.19 4512.42 4447.62 4507.16 4499.41 

Fo 2,4,1 14224.66 10899.63 15734.49 16231.74 14506.88 15160.65 14339.80 14521.74 

JF 2,4,1 759.76 647.53 797.1039 796.63 790.00 790.39 790.83 790.79 

Gaso 4,4,1 5386.78 5974.22 5876.39 5889.54 5923.58 6008.18 5991.96 5997.70 

LPG 3,4,1 250.14 248.47 248.47 248.47 248.47 248.47 248.47 248.47 
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STO_4, STO_5, and STO_6 were used to activate the random failures in the work units of 

DS, GZP, Mix1, M1, M2 and Mix2, respectively.  Table 6.4 summarizes the values of all 

parameters for the failure controls. Table 6.5 represents the production rates depending on 

the available ratios.   

Table 6.4 The values of parameters for the failure controls. 

Fail. Res. 
Probabilistic 

Distribution 

Availability 
MTTF MTBF 

STO_1 Ds Normal 90.37% 21.68 2.31 

STO_2 GZP Normal 91.12% 21.86 2.13 

STO_3 Mix1 Normal 88.37% 21.20 2.79 

STO_4 M1 Normal 94.96% 22.78 1.21 

STO_5 M2 Normal 85.95% 20.62 3.37 

STO_6 Mix2 Normal 92.00% 22.07 1.92 

 

Table 6.5 The production rates (m3/hour) in the refinery 

 

 Creation of the MPS model 

After substituting (input parameter, grouses requirement, production rate from 

three previous steps 6.3.1,6.3.2,6.3.3) parameters into following equations, the multi-

Product Quantity 

Na 49.7 

Kr /Jf 8.2 

Di 27.4 

FO 82.6 

Gaso 45.4 

LPG 1.8 
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objective model of the MPS problem (6.7 to 6.14) and production units can be written as 

(6.15-6.45): 

Min EI =
∑ ∑ EIkp

8
p=1

7
k=1

8
                                                                 (6.7) 

Min RNM =
∑ ∑ RNMkp

8
p=1

7
k=1

8
                                          (6.8) 

Min BSS =
∑ ∑ BSSkp

8
p=1

7
k=1

8
                                               (6.9) 

Subject To 

BIkp = {
OHk                                    if(p = 1)

EIk(p−1)                             if(p > 1)
      (6.10) 

𝐸𝐼𝑘𝑝 = 𝑚𝑎𝑥 [0, ((𝑀𝑃𝑆𝑇𝑘𝑝 + 𝐵𝐼𝑘𝑝) − 𝐺𝑅𝑘𝑝)]     (6.11) 

𝑅𝑁𝑀𝑘𝑃 = 𝑚𝑎𝑥 [0, (𝐺𝑅𝑘𝑝 − (𝑀𝑃𝑆𝑇𝑘𝑝 + 𝐵𝐼𝑘𝑝))]          (6.12) 

𝐵𝑆𝑆𝑘𝑝 = 𝑚𝑎𝑥[0, (𝑆𝑆𝑘𝑝 − 𝐸𝐼𝑘𝑝)]                     (6.13) 

𝑀𝑃𝑆𝑇1𝑝 = 𝑁𝑎𝑝, 𝑀𝑃𝑆𝑇2𝑝 = 𝐾𝑟𝑝, 𝑀𝑃𝑆𝑇3𝑝 = 𝐷𝑖𝑝, 𝑀𝑃𝑆𝑇4𝑝 = 𝐹𝑜𝑝 , 𝑀𝑃𝑆𝑇5𝑝 =

             𝐽𝐹𝑝 , 𝑀𝑃𝑆𝑇6𝑝𝐺𝑎𝑠𝑜𝑝, 𝑀𝑃𝑆𝑇7𝑝 = 𝐿𝑃𝑝       (6.14) 

Where 𝑀𝑃𝑆𝑇𝑘𝑝 ≥ 0 ; 𝑘 = 1 … 7; 𝑝 = 1. . .8 

The constraints of the units are as follows: 
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• Distillation unit 

1

0.98985
∗ (FN + FK + FD + AGO + RCR) ≤ CrudeOil ≤

1

0.97004
∗ (FN + FK +

          FD + AGO + RCR)        (6.15) 

𝐶𝑟𝑢𝑑𝑒𝑂𝑖𝑙 ≤ 4769.619        (6.16) 

• NHT unit  

1

0.94002
(𝐻𝑁. 𝑁𝐻𝑇 +  𝐿𝑁. 𝑁𝐻𝑇) ≤ 𝐹𝑁 ≥

1

0.95996
(𝐻𝑁. 𝑁𝐻𝑇 +  𝐿𝑁. 𝑁𝐻𝑇)   (6.17) 

𝐹𝑁 ≤ 1373.173        (6.18) 

0.01788 ∗ 𝐹𝑁 ≤  𝐺𝑍. 𝐹𝑁 ≤ 0.01858 ∗ 𝐹𝑁     (6.19) 

0.0199 ∗ (𝐹𝑁 − 𝑁𝑎) ≤ 𝐺𝑍. 𝑁𝐻𝑇 ≤ 0.0233 ∗ (𝐹𝑁 − 𝑁𝑎)    (6.20) 

Na + GZ. FN + GZ. NHT + LN. NHT + HN. NHT ≤ FN   (6.21) 

𝐼𝑁𝑎 ≤ 5830.8         (6.22) 

• ISO unit  

1

0.76783
∗ 𝐼𝑆𝑂 ≤ 𝐿𝑁. 𝑁𝐻𝑇 ≤

1

0.76781
∗ 𝐼𝑆𝑂     (6.23) 

𝐺𝑍. 𝐼𝑆𝑂 + 𝐺𝑎𝑠𝑜. 𝐼𝑆𝑂 ≤ 𝐿𝑁. 𝑁𝐻𝑇 + 𝐻2. 𝑅𝐶     (6.24) 

0.0125 ∗ 𝐿𝑁. 𝑁𝐻𝑇 ≤ 𝐺𝑍. 𝐼𝑆𝑂 ≤ 0.085 ∗ 𝐿𝑁. 𝑁𝐻𝑇    (6.25) 
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• CR unit  

1

0.86088
∗ 𝐶𝑅 ≤ 𝐻𝑁. 𝑁𝐻𝑇 ≤

1

0.86086
∗ 𝐶𝑅      (6.26) 

𝐻2. 𝐶𝑅 + 𝐺𝑎𝑠𝑜. 𝐶𝑅 ≤ 𝐻𝑁. 𝑁𝐻𝑇      (6.27) 

0.0188 ∗ 𝐻𝑁. 𝑁𝐻𝑇 ≤ 𝐺𝑍. 𝐶𝑅 ≤ 0.0199 ∗ 𝐻𝑁. 𝑁𝐻𝑇   (6.28) 

0.0455 ∗ 𝐻𝑁. 𝑁𝐻𝑇 ≤ 𝐻2. 𝐶𝑅 ≤ 0.046 ∗ 𝐻𝑁. 𝑁𝐻𝑇    (6.29) 

• Merox1 (M1) unit 

1

0.999
(𝑇𝐾 + 𝑇𝐾𝐽) ≤ 𝐹𝐾 ≤

1

0.998
(𝑇𝐾 + 𝑇𝐾𝐽)      (6.30) 

𝐹𝐾 ≤ n ∗ 202.947         (6.31) 

𝑇𝐾 + 𝑇𝐾𝐽 ≤ 𝐹𝐾        (6.32) 

𝐼𝐾𝑟 ≤ 6268.368        (6.33) 

𝐼𝐽𝐹 ≤ 2274.184        (6.34) 

• Merox2 (M2) unit 

1

0.9317
(𝑇𝐷) ≤ 𝐹𝐷 ≤

1

0.945
(𝑇𝐷)      (6.35) 

𝐹𝐷 ≤ n ∗ 750.738           (6.36) 
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𝐼𝐷𝑖 ≤ 13572.52        (6.37) 

• Mix 1 unit 

𝐺𝑎𝑠𝑜. 𝐼𝑆𝑂 + 𝐺𝑎𝑠𝑜. 𝐶𝑅 ≥ 𝐺𝑎𝑠𝑜      (6.38) 

𝐼𝐺𝑎𝑠𝑜 ≤ 11673.64        (6.39) 

• Mix 2 unit 

0.96572 ∗ (𝐴𝐺𝑂 + 𝐶𝑅𝐶 ) ≥ Fo      (6.40) 

𝐴𝐺𝑂 ≤ n ∗ 166.937        (6.41) 

𝑅𝐶𝑅 ≤ n ∗ 2227.412        (6.42) 

𝐼𝐹𝑜 ≤ 34623.6        (6.43) 

• GZP unit 

𝐿𝑃 ≤ 𝐺𝑍. 𝑁𝐻𝑇 + 𝐺𝑍. 𝑅𝐶 + 𝐺𝑍. 𝐼𝑆𝑂 + 𝐺𝑍. 𝐹𝑁    (6.44) 

𝐼𝐿𝑃 ≤ 1548          (6.45) 

6.4 Implementation of the MOEICA algorithm 

Table 6.6 demonstrates the solution of the set objectives of the MPS-KRS problem 

using MOEICA. The achieved objectives and crowding distance for some optimum 

solutions in Pareto front that had the first rank are shown. The parameters of the ICA-GA 
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were the following: crossover rate of 0.7, mutation rate of 0.4, assimilation coefficients of 

0.01, revolutionary rates of 0.05, Nimp of 10, and maximum number of iterations of 500 

(generations were not improved). Table 6.6 furnishes the 10 optimum MPS solutions for 

the individual. Tables 6.7 to 6.14 present the optimum MPS results for each unit in the 

KRS.   

Table 6.6 Some solutions and their crowding distance from the Pareto front 

No. EI REN BSS Crowding 

Distance 

1 9512.192 108.835 635.307 0.001 

2 11013.749 75.132 291.577 0.001 

3 10559.847 161.597 247.410 0.000 

4 11523.503 74.537 219.230 0.000 

5 12804.735 43.129 155.818 0.000 

6 12287.584 55.331 175.274 0.000 

7 10062.554 88.165 476.196 0.000 

8 11829.042 58.090 225.395 0.000 

9 5392.080 288.798 2677.755 0.000 

10 10786.800 62.268 361.084 0.000 

 

Table 6.7 The optimum MPS solutions obtained using the ICA-GA for MPS-KRS  

Prod. 
Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

Na 2407.64 2562.79 2786.84 2325.33 2231.40 2024.78 2179.20 2288.60 

Kr 626.09 823.89 776.17 553.40 707.30 882.99 684.04 762.01 

Di 4303.92 4681.00 4761.33 5043.88 3869.38 4535.55 4849.65 4484.29 

FO 14176.16 15418.18 15682.9 16613.5 12744.90 14939.12 15973.68 14770.26 

JF 780.67 706.13 780.11 1095.23 557.44 599.49 901.10 703.71 

Gaso 4900.08 5374.83 5320.44 6146.65 4350.93 5581.09 5956.02 5284.53 

LP 229.94 252.21 249.66 288.43 204.17 261.89 279.49 247.98 
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Table 6.8 The results of the distillation unit (DS) in KRS 

 

Table 6.9 The results of the naphtha hydrotreating unit (NHT )in KRS 

Table 6.10 The result of the isomeration unit (ISO)) in KRS 

Table 6.11 The results of the catalytic reformet unit (CR) in KRS 

In\Out 
Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

HN.NHT 2945.44 3230.81 3198.12 3694.75 2615.35 3354.79 3580.17 3176.54 

Gaso.CR 2535.64 2781.31 2753.17 3180.7 2251.47 2888.04 3082.06 2734.58 

H2 134.017 147.002 145.514 168.111 118.998 152.643 162.898 144.532 

 

In\Out 
Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

Crude 29536 32123.7 32675 34614 26553.9 31125.6 33281.1 30773.8 

FN 8425.13 9163.29 9320.55 9873.65 7574.51 8878.57 9493.43 8778.22 

FK 1420.97 1545.47 1572 1665.28 1277.51 1497.45 1601.15 1480.53 

FD 4619.42 5024.15 5110.37 5413.64 4153.04 4868.04 5205.16 4813.02 

AGO 974.686 1060.08 1078.28 1142.26 876.28 1027.14 1098.28 1015.53 

RCR 13704.7 14905.4 15161.2 16060.9 12321 14442.3 15442.4 14279 

In\ 

Out 

Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

FN 8425.13 9163.29 9320.55 9873.65 7574.51 8878.57 9493.43 8778.22 

H2 134.017 147.002 145.514 168.111 118.998 152.643 162.898 144.532 

LN.HNT 2945.44 3230.81 3198.12 3694.75 2615.35 3354.79 3580.17 3176.54 

HN.NHT 2945.44 3230.81 3198.12 3694.75 2615.35 3354.79 3580.17 3176.54 

In\Out 

Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

LN.NTH 2945.44 3230.81 3198.12 3694.75 2615.35 3354.79 3580.17 3176.54 

Gaso.ISO 2364.44 2593.52 2567.28 2965.95 2099.46 2693.04 2873.96 2549.95 
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Table 6.12 The results of Merox1 (M1) 

In\Out 
Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

FK 1420.97 1545.47 1572.00 1665.28 1277.51 1497.45 1601.15 1480.53 

TK 626.09 823.89 776.17 553.40 707.30 882.99 684.04 762.01 

TKJ 780.67 706.13 780.11 1095.23 557.44 599.49 901.10 703.71 

 

Table 6.13 The results of Merox2 (M2) 

In\Out 
Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

FD 4619.42 5024.15 5110.37 5413.64 4153.04 4868.04 5205.16 4813.02 

TD 4303.92 4681.00 4761.33 5043.88 3869.38 4535.55 4849.65 4484.29 

 

Table 6.14 The results of Gas Plant (GZP) 

In\Out 

Weeks 

1st 2nd 3rd 4th 5th 6th 7th  8th  

LP 229.94 252.21 249.66 288.43 204.17 261.89 279.49 247.98 

GZ. FN 150.63 163.83 166.64 176.53 135.43 158.74 169.73 156.95 

GZ.NHT 119.75 131.35 130.02 150.21 106.33 136.39 145.55 129.14 

GZ.ISO 54.81 60.13 59.52 68.76 48.67 62.43 66.63 59.12 

G.CR 55.37 60.74 60.12 69.46 49.17 63.07 67.31 59.72 

6.5 Performance Comparison among MOEICA, NSGAII, and MOPSO 

To possibility of the developed algorithm for solving the MOMPS problems were 

verified and a comparative evaluation was made in two stages as follows: 
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i. First stage 

The MOEICA and the two other well-known algorithms such as the NSGAII and 

MOPSO were implemented on the MPS-KRS model. The KRS scenario consisted of a 

planning scope of 8 periods, 1 production resource and 7 types of products. The MPS-KRS 

model was used to minimize three objectives including the inventory levels (EI), 

requirements that were not met (RNM) and inventory levels below the safety stocks (BSS). 

ii. Second stage 

Again, the MOEICA, NSGAII and MOPSO algorithms were applied on the MPS 

problem with varying scenarios selected from the earlier research used in different 

industrial area. All scenarios were based on the same MPS model as mentioned in Chapter 

2 (Section 2.3.3). The MPS model considered 4 objective functions as measures to 

minimize the inventory levels (EI), requirements not met (RNM), inventory levels below 

the safety stocks (BSS) and overtime (OC). Table 6.15 shows the details of the 5 

production scenarios used in the simulation. These algorithms were written in Mtlab 8.1 

programming language and executed in the Intel Core 2 Duo 2.20 GHz laptop. The results 

obtained for solving MPS problem were compared. 

Table 6.15 Production scenarios (S1-S5) used for the experiments 

Production 

Scenario 

Products, 

resource, period 

(K, R, P) 

Number of 

variables 

 

Source 

S1 (2,9,6) 108 (J.A. Sultan, 2013) 

S2 (4,4,7) 112 (Ribas, 2003) 

S3 (4,4,10) 160 (Supriyanto & Noche, 2011) 

S4 (4,4,20) 320 (Supriyanto & Noche, 2011) 

S5 (20,4,13) 1040 (Ribas, 2003) 
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The parameters of the developed MOEICA were set as follows: crossover rate of 

0.9, mutation rate of 0.7, assimilation coefficients of 0.1, 𝜃 = 45°, revolutionary rates of 

0.1, 𝑁𝑖𝑚𝑝 = 0.1 of the population size. In addition, the population size of 100, Narch = 50 

and maximum number of iterations of 100 generations without any improvement was used. 

The parameters for NSGAII and MOPSO are described in Table 6.16. 

Table 6.16 The values of parameters used in NSGAII and MOPSO algorithms 

Algorithm Parameter Value Parameter Value 

NSGAII 

Npop 100 Ngen 150 

Pc 0.7 Pm 0.4 

MOPSO 

Npop 100 Ngen 150 

C1 1 C2 2 

W 0.5 Wdamp  

Alpha 0.1 Beta 2 

Gamma 2 Pm 0.1 

NGrid 5 NRep  

 

6.6 Computational Results and Analysis  

Based on the defined three measures (Chapter 3), the performance of each 

algorithm was evaluated in terms of the mean ideal distance (MID), quality metric (QM) 

and rate of achievement to the objectives simultaneity (RAS). In case of MPS-KRS model, 

the performances of the 3 algorithms are outlined in Table 6.17. Clearly, the MOEICA 

performed better compared to the other algorithms. Thus, the MOEICA was asserted to be 

the optimum algorithm based on the values of QM = 1, MID = 813466.35 and RAS= 

396.66. It also outperformed the existing state-of-the-art algorithms MOPSO and NSGAII. 
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Based on the excellent features of the simulation results, it was claimed that the MOEICA 

is more suitable than other methods in terms of the abovementioned measured metrics. 

Table 6.17 Comparative results of MOEICA, NSGAII and MOPSO 

Algorithm QM MID RAS 

MOEICA 1 813466.35 396.66 

NSGAII 0.34 1441226.77 962.50 

MOPSO 0.4 3185308.06 856.98 

 

In case of MPS model related to previous study, the results in table 6.18 shows that 

the MOEICA performed better than other algorithms in terms of the metrics. The obtained 

result of five scenarios reveals that the MOEICA is the optimum algorithm with QM=1 

(the higher the QM the better the algorithm) and MID= 2916.94 (the lower is the better). 

In addition, the MOEICA showed the lowest rate of achievement to the RAS = 0.02 (the 

lower is the better).  

Table 6.18 Computational results of the algorithms for three criteria 

  

Production 

Scenario 

Criteria / Algorithms 

QM MID RAS 

MOEICA NSGAII MOPSO MOEICA NSGAII MOPSO MOEICA NSGAII MOPSO 

S1 1 0.46 0.84 29559.88 30778.00 10598336.0 0.86 0.85 1.19 

S2 1 0 0 22915.80 58026.84 87373.36 0.32 1.05 1.56 

S3 1 0 0 2916.94 14049.20 23170.83 0.29 0.79 1.87 

S4 1 0 0.58 103083.6 142096.24 101802.11 0.06 1.96 1.82 

S5 0.50 0 0 344291.9 370080.84 473063.37 0.02 0.14 1.18 



129 

 

  

 

 

CONCLUSION AND FUTURE WORKS 

7.1 Conclusions   

Many conclusions which have been reached are compatible with sought objective 

of the thesis title choice. These conclusions are summarized as follows: 

1. The use of mathematical programming techniques to build a mathematical model 

for the master production schedule of kalak refinery has demonstrated its ability to 

model the quantity activities that take place in the refinery using mathematical 

equations, Where the mathematical model proved its efficiency and accuracy 

through the verification procedure similar to the performance of the real refinery 

system, as in the comparison between real crude oil and estimated crude oil. Where 

the statistical analysis showed that there were no significant differences between 

the actual quantities of oil and the estimated quantities using the model, this is 

proof of the validity of the model. 

2. Using the proposed mathematic model of multi-objective production scheduling 

leads to achieving the balance between the product supply and demand, where the 

results reached via the solution of the proposed model by using memetic algorithm 

showed the efficiency of the proposed model and its convenience to the product 

planning in refinery throughout the comparison of the resultant solution of the 

memetic algorithm with real planning of refinery for four months. 

3. Using the hybrid evolutionary algorithms contributed to the improvement of the 

performance of single algorithms by increasing the ability of convergence 
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meanwhile leads to the betterment of the quality of the resultant solutions by 

increasing their exploratory and exploitative capacities, where the numerical 

results showed the hybrid algorithms capacity of solving the optimization issues of 

master product schedule in comparison with the rest of the other EA’s. 

4. The use of intelligent and statistical techniques in the construction stages of the 

kalak refinery's master manufacturing schedule has a major impact on the refinery's 

product planning and reduces time and effort; where the use of artificial neural 

networks predicts the quantity of the gross needs of the products and calculates the 

availability measurements of the production lines for the purpose of calculating the 

available productive energy per product. 

5. In general, it can be said that the issue of adopting a master production scheduling 

(MPS) in the industrial field is very important in keeping the balance between 

demand and supply regarding the industrial projects. Thus, setting the main product 

table arbitrarily without taking into account all the criteria will result in misuse of 

the available resources and may result in a service deficit or an increase in the 

inventory cost resulting in the loss of the business or manufacturing facility. 

7.2 Future Works and Recommendations  

In the light of conclusions reached in the previous paragraph the researcher 

recommends as follows: 

1. Proposing other hybrid algorithms as hybridization of algorithms like Artificial 

Bee Colony (ABC) and Imperial Competitive Algorithm (ICA) and its comparison 

with its proposed algorithms in the thesis. 
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2.  Generally, it is considered necessary that the adoption of a master production  

scheduling (MPS) in our industrial facilities has a major impact in establishing a 

balance between demand and supply, in relation to its contribution in reducing 

planning costs where its implementation does not require much effort due to the 

availability of computers in all industrial facilities in Kurdistan-Iraq.  

3. In case that satisfaction is available in this plant or that one regarding the adoption 

of a Master Production scheduling (MPS), researcher recommend to be careful and 

accurate in recording information which is used in the MPS, the impact of which 

reflects negatively or positively in the calculation of the performance 

measurement. 

4.  Adding other manufacturing constraints such as supply time, product follow-up 

and considering priorities and accumulative product to the mathematical model of 

Master Production Scheduling (MPS) along with taking into account multi-

products of varying significance. 

5. Further study may consider objective functions with actual cost rather than quantity 

units, such as cost of production, cost of inventory and failure to meet demand. 

6. Installing a master production scheduling (MPS) of other refineries in Iraq as 

Aldora refinery and Alqayara refinery taking into consideration the issue of design 

differences in those refineries. 
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Appendix 

Appendix A  Pseudo Code 

 

 

Algorithm 1: NSGAII  

Step 1: Initializing parameters of ICA-GA algorithm;  

Step 2: Initialization 

2.1: Define the parameters of MPS problem; 

2.2: Generate some random countries then calculate  𝐸𝐼𝑚𝑎𝑥 , 𝑅𝑁𝑀𝑚𝑎𝑥 , 𝐵𝑆𝑆𝑚𝑎𝑥 

2.3: Create the initial population 𝑃 of size 𝑛 

2.4: Evaluate the 𝑛 solutions using simulation 

2.5: Sort 𝑃 by non domination 

2.6: Compute the crowding distance of each solution 

Step 3: Decade loop Nd=Nd+1 

Create and add 𝑛 children to 𝑃 (using genetic operators: selection, crossover and 

mutation of two parents) 

Sort 𝑃 by non domination 

Compute the crowding distance of each solution 

𝑛𝑒𝑤𝑃 = ∅ 

𝑖 = 1 

while |𝑛𝑒𝑤𝑃|  +  |𝑓𝑟𝑜𝑛𝑡(i)|  ≤  n do 

Add front(i) to newP 

𝑖 = 𝑖 +  1 

end while 

𝑚𝑖𝑠𝑠𝑖𝑛𝑔 = 𝑛 −  |𝑛𝑒𝑤𝑃| 

if 𝑚𝑖𝑠𝑠𝑖𝑛𝑔 ≠  0 then 

  Sort the solutions by descending order of the crowding distance 

     for j =1 to missing do 

      Add the jth solution of front(i) to newP 



 

 

     end for 

   𝑃 =  𝑛𝑒𝑤𝑃 

end if 

end while  

Step 4: Terminating Criterion Control; Repeat Steps 3-4 until a terminating 

criterion is satisfied; 

Algorithm 2: MOPSO  

 

Step 1: Set w, c1,c2, max num of iterations (gmax). 

Step 2: Initialization 

2.1: Define the parameters of MPS problem; 

2.2: Generate some random countries then calculate  𝐸𝐼𝑚𝑎𝑥 , 𝑅𝑁𝑀𝑚𝑎𝑥 , 𝐵𝑆𝑆𝑚𝑎𝑥 

2.3: Create the initial Swarm population 𝑃 of size 𝑛 

2.4: Evaluate the 𝑛 solutions using simulation 

Step 3: Decade loop Nd=Nd+1 

For each particle 

Select global leaders from Archive 

Select personal best 

Update velocity and position. (FLIGHT) 

Mutation/Perturbation 

Evaluation. 

Update pbest 

End For 

Update External Archive 

Step 4: Terminating Criterion Control; Repeat Steps 3-4 until a terminating 

criterion is satisfied then Report solutions in Archive; 
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