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Resumen 
 

Los problemas de optimización de procesos industriales atrajeron muchas investigaciones desde principios de los 

90 del siglo pasado. El aumento del volumen de producción, vida útil de los productos se acortan y los avances 

tecnológicos empujó las industrias a buscar soluciones de implementación rápida y de bajo costo. Uno de los 

procesos que se convirtieron en el núcleo para aumentar este volumen y la velocidad era de tecnología de montaje 

en la superficie. Compuesto por la impresión, el montaje de chips automatizada y refluir este proceso se llevó a 

cabo de la tecnología de proceso de antigüedad. El montaje automatizado se convirtió en uno de los objetos de 

interés para la optimización de procesos ya que la automatización en sí es un problema difícil NP y la heurística 

para encontrar la mejor solución puede cambiar. En este trabajo se formuló un nuevo punto de vista para 

montadores de chips modulares basados en el problema de asignación de alimentación ya conocido y la cabeza 

problema de movimiento aplicando la optimización global mediante el dominio de clasificación algoritmo 

genético no la NSGAII. La modelización de las funciones de fitness se presentaron y la herramienta de 

optimización de múltiples criterios se describió utilizando las funciones de la máquina y sus limitaciones. El 

mismo método podría ser aplicado para describir otro tipo de máquinas para apoyar trabajos de investigación 

futuras cambiantes funciones de aptitud de acuerdo con el tipo montador chip y operación.  

Palabras clave: Metodologia, NSGA II, Optimización, SMT, Chip Mount. 

 
 

Abstract  
The optimization problems of industrial process attracted many researches since the early 90's of the last century. 

The production volume increase, lifespan shorten of the products and technological advances pushed the industries 

to seek for low cost and quick implementation solutions.  One of the processes that became the core for increasing 

this volumes and speed was the surface mount technology. Composed by printing, automated chip mounting and 

reflow this process took place of old process technology. The automated mounting became one of the objects of 

interests for process optimization because the automation itself is a hard NP problem and the heuristic used to find 

the best solution can change. This paper formulated a new point of view for modular chip mounters based on the 

already known feeder assignment problem and head motion problem applying the global optimization using the 

non sorting dominance genetic algorithm the NSGAII. The modeling of the fitness functions were presented and 

the multi criteria optimization tool was described using the machine functions and constraints.  The same method 

could be applied to describe other type of machines to support future research works changing fitness functions 

according to the chip mounter type and operation. 

Keywords: Metodologia, NSGA II, Optimization, SMT, Chip Mounter.  

 
1. Introduction 

Nowadays the technology speed and the customer needs like portability and connectivity are reasons why the 

electronic devices manufactories need to invest in automated process. The surface mount technology (SMT) is the 

one process most used to withstand the market demand. It took place from the trough-hole technology (THT) 

which used bigger components and holes on the printed circuit board (PCB) to assembly these components. The 

advantages of the SMT over the THT are the high speed and high density which allow the devices to be reduced in 
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size and be produced in higher quantities [1]. Even though the SMT process increased the production volume the 

market demand still keep on increasing and saturates the production volumes from it and enhancing solutions are 

necessary to follow  these numbers. The automated assembly machines (chip mounters) are the core of the surface 

mounting and the responsible to mount the right component at the right place. Since the beginning the biggest 

challenge is to achieve the best performance of these mounters to increase the production of the PCB. This paper 

proposes a new point of view to improve the chip mounter performance by integrating the known approaches to 

minimize the assembly time. 

First of all to understand how the optimization works is necessary understand how the chip mounter works. 

The assembly machines are composed by a rotary type head that moves in XY direction or gantry type head with 

multiple head actuator (nozzle) for picking and placing the component, moving or fixed conveyor and moving or 

fixed feeder lanes. For each one of the conditions the functions that describe it changes. The modular type or cell 

type machines add more modules based on the previous ones and add another problem that is to balance the heads 

and the modules to achieve global performance. 

For many literatures the optimization problem of the chip mounters can be described in two separated 

problems: the feeder arrangement and the head routing problem. The search engines algorithms such as genetic 

algorithm (GA), hybrid algorithm (HA) and evolutionary algorithm (EA) have been applied to solve such 

problems. The research in [2] treats these two problems as an integrated scheduling problem and then makes the 

mathematical modeling of a Pick and Place (PAP) machine. In [3] the problem is divided in two parts: the feeder 

arrangement problem (FAP) and the mounting sequence problem (MSP). The FAP is solved by a branch-and-

bound solution and the MSP is solved by a traveler salesman problem (TSP) solution. The GA applied for feeder 

assignment by [4] considers the pick and place route already known and treats only the feeder assignment to 

optimize the overall production time. In the research proposed by [5] treated the cycle time reduction not only by 

applying the GA for feeder assignment and head motion but also included the greedy algorithm making the hybrid 

algorithm capable of analyzing work cycle performance. The work in [6] shows the use of the artificial bee colony 

(ABC) algorithm to improve the search space for feasible route solutions and comparing the results with the 

simulated annealing heuristics introducing the sequence dependant traveler salesman problem (SDTSP) to describe 

the head routing depending on the feeder assignment. 

The environment of the research took place in an industrial plant that desires to optimize a chip mounter 

machine that is applied at 40% of the installed machines at their SMT process. This machine is composed by a 

nom moving single conveyor, dual gantry heads with maximum of 12 nozzles and two modules. The target of this 

paper is to propose a new approach of the feeder arrangement problem (FAP), the movement routing problem 

(MRP) and the component routing problem based on the traveler salesman problem with constraints by applying 

the multi objective optimization of non dominance sorting genetic algorithm (NSGA). 

The next steps of this paper are organized as follows: The section II describes the SMT process, the concepts of 

optimization and its types. The section III describes the object of this research, describing the machine 

composition, working process and optimization applied by the machine manufacturer. The section IV shows the 

company profile, actual results of the machine performance at the process of the company and the mathematical 

formulation of the optimization problem of the machine to be applied at the NSGAII. Finally the section V gives a 

brief conclusion of the paper suggesting possible future works to be done. 

 

2. Literature  review 

 

A. Surface mount technology (SMT) 

The surface mount technology (SMT) systems are fully automated lines to assemble the electronic components 

with the printed circuit boards (PCBs). In most parts of the electronic industry, SMT methodology has replaced the 

older through-hole methodology but due high power dissipation some boards still apply the THT methodology. 

The SMT systems are divided into several stages, which include the screen printer, chip mounter, reflow, and 

inspection machine [7]. 

The production process start with the screen printing operation where the soldering past is dispensed at metal 

mask that match with the PCB leads. After this the PCB is led to the placement operation to start the placement of 

the components. Next, a ‘‘fiducial marks’’ operation is performed to identify the exact position and orientation of 

the PCB inside the SMD placement machine. The ‘‘fiducial marks’’ are special points (typically 2–4 points) that 

are usually located at the corners of the board [8]. Then, the components are assembled onto the PCBs guided by 

the optimisation software that has been installed in the SMD placement machine. Finally, once completed (or 

partially completed, e.g. due to component runs out or job completion), the PCB is transferred out of the SMD 

placement machine. Before undergoing a solder reflow operation, the components are secured onto the PCB by 

using adhesive or solder paste [6]. 



 
 
 
 
 
 
 

B. Optimization definition 

During the past three decades, global optimization problems have been intensively studied not only in 

Computer Science, but also in Engineering [9]. 

The optimization is an act done to improve a problem that can be nature based or daily common tasks. The 

definition in [10] says that the optimization problem is one in which some function is either maximized or 

minimized relative to a given set of alternatives. The function to be minimized or maximized is called the 

objective function and the set of alternatives is called the feasible region (or constraint region). So, the feasible 

region is always taken to be a subset of (real n-dimensional space) and the objective function is a function 

from  to . We further restrict the class of optimization problems that we consider to linear programming 

problems (or LPs). An LP is an optimization problem over  wherein the objective function (1) is a linear 

function which objective has the form: 

                                                                                                            (1) 

For some , and the feasible region is the set of solutions to a finite number of linear 

inequality (2) and equality constraints (3), of the form: 

                               (2) 

 

                               (3) 

Linear programming is an extremely powerful tool for addressing a wide range of applied optimization 

problems. A short list of application areas is resource allocation, production scheduling, warehousing, layout, 

transportation scheduling, facility location, light crew scheduling, portfolio optimization and parameter estimation. 
 

C. Types of multi criteria optimization 

Bellow some modern methods of optimization were listed based on the optimum Pareto concept: 

1. “Niched Pareto Genetic Algorithm (NPGA)”. The NPGA was first proposed by [11] differentiating itself from 

previous approaches essentially the kind of selection mechanism that is used. Unlike other approaches (VEGA, 

NSGA and MOGA) that applied the proportional fitness selection, the NPGA combines the technique of sharing 

fitness value with a selection mechanism by tournament. The algorithms mentioned in this section do not use any 

strategy for maintaining the population of the best individuals found in the search. However, there are various 

mechanisms to preserve these solutions, used in approaches classified as elitist. 

2. Weight-based Genetic Algorithm (WBGA). The WBGA was introduced by [12]. As the name suggests, in this 

algorithm each objective function fm(x) is multiplied by a weight wm (m=1, …, M). Each individual represents not 

only the decision variables, but also their associated weights. The evaluation values of the population individuals 

are determined using a weighted sum method, in which each individual in the population is associated with a 

combination of usually different weights. Thus, not only provides a solution not dominated corresponding to a 

combination of specific weights in each iteration of the AG, but several non dominated solutions simultaneously, 

corresponding to a various weights combinations. 

3. “Vector Evaluated Genetic Algorithm (VEGA)”. Was the first to implement a GA for the calculation of non- 

dominated solutions of a multi objective optimization problem, to which was given the name VEGA [13]. Later 

this method was compared by the author with an adaptive random search technique, having seen a better 

performance by using the VEGA algorithm [14]. 

      Despite its limitations, because each solution is evaluated only for one of the objective functions and during 

the process of solutions selection  the chosen ones are nearby the "individual optimum" solution of each objective 

function, not reaching the convergence for good Pareto solutions when the crossover of the "individual optimum" 

solution is done, this algorithm is a reference point in the AEMO area, for its simplicity and because it was the 

first one to attempt the implementation of a GA to handle multi objective problems o [14][15][16]. 

4. “Non-dominated Sorting Genetic Algorithm (NSGA)” [15]. Explains the procedure to rank the solutions by 

dominance level system. It was fully implemented and is known as NSGA [17][18]. 

      Like the MOGA, this algorithm also uses the selection based on dominance concept to rank the solutions. 

There is a mechanism to distribute the solutions by dominance levels and another to preserve the diversity among 

each non dominated front solution. The other genetic operators like the crossover and the mutation are applied by 

the same way into the whole population. 

5. “Strength Pareto Evolutionary Algorithm (SPEA)”. The elitist AEMO proposed by [19] named SPEA keeps an 

external population of fixed size that stores the non dominated solutions. In each generation the new non 

dominated solutions found are compared with the previous ones stored at this external population and the results 

are stored at the same population. Like the external population size is limited the SPEA applies a grouping 

technique (clustering) that preserves the most scattered solutions. The elite (best optimum solutions) also take part 



 
 
 
 
 
 
 
during the current external population comparison using the genetic operators hopping to conduct the population 

into more interesting regions at the search space. Few years later after SPEA was first introduced, [20] presented 

an improved version of this algorithm, which was known as SPEA II. The main differences in the 2001 version 

are: 

 To determine the fitness value of a solution, the calculation method is based on the number of solutions that 

dominate it and the number of solutions that are dominated by it; 

 If necessary to classify the solutions with identical dominance features this calculation method of the fitness 

value uses an additional technique to estimate a density of solutions at that region of the search space; 

 As the size of the external population is Constant, if there is not enough non-dominated solutions, it can also 

contain dominated solutions, and; 

 Only the external population participates at the selection process. 
 

3.Materials and methods 

Enhancing industrial application orientated for surface mounting machines is a field of interest of the electronic 

manufacturing corporations. Especially the high speed mounting machine. To explore the opportunities of 

performance improvement it is necessary to know how this machine operates. The GXH-3 machine is basically 

composed by: 

 Feeder racks: there are a total of 4 racks. One frontal and rear rack for the input module and another frontal 

and rear rack for the output module. 

 Feeders: Are fixed and lie in the slots of the both sides of the machine, which have 50 slots on every side. 

Each feeder that only owns the same components must be assigned to exactly one slot. 

 Rotating turret: Has 12 heads which can move in X, Y and Z simultaneously. 

 Heads and nozzles: Are located on the rotating turret. Each head has a nozzle that grips and holds a 

component until it is placed on the PCB. Nozzles of different diameters are used depending on the size of the 

component to be retrieved. The nozzles can be automatically changed during assembly. 

 PCB: Cannot move during assembly. 

The figure 1 shows the mounting procedure adopted by the GXH-3 - Modular Chip Mounting Machine. 

 
Figure 1. Flowchart of the assemble process of GXH-3. 



 
 
 
 
 
 
 

As the figure 1 show that during the transfer of the PCB the mounting head make the image recognition of the 

component and if any pickup error occur during this phase the same component is picked again until the 

component recognition pass. With the head already loaded the camera on the head make reference mark 

recognition where the fiducial mark in each PCB is compared with the standard image saved previously. If the 

image fails the machine stops requiring maintenance. Right before the placement routine start the pattern program 

make the judgment of the mounted component with the ones that still missing to finish the list on the placement 

data. After the placement routine finishes the PCB is released. As the GXH-3 mounter has 2 modules the same 

procedure described above applies to the second module (output). 

The most challenge thing at SMT process is to keep it balanced in order to achieve the highest performance at 

the environment where the mounting machines are employed. 

Optimizing the mounting process is the method to decrease the assembly time in order to increase the 

production of the assembled PCB.  

The figure 2. shows the result of the optimization algorithm. applying the meta heuristic method of the GXH-3 

to find the optimum solutions to enhance pick and place sequence searches to reduce the head movement. 

 

 

                                                 Figure 2. Optimization of the GHX-3 MOUNTER. 

4. Results and Discussion 

COMPANY PROFILE 

The research took place in a company of the electronic device manufacturing located at the industrial park of 

Manaus in Brazil. In order to reduce the costs of the production the company started a program to motivate 

researches to find operations weak points and provide solutions for it. The main goal of the factory is to increase 

the revenue reducing operational costs. 

Optimization of Pattern Program 

Before the production process starts the hole information about the PCB to be produced must be gathered. The 

files to be received to start the machine programming are: bill of material (BOM), drawing (cad file) and the 

coordinates (gerber file). 

      The BOM is the table containing the list of components necessary to assembly one product. This file describes 

the component type and component size. The drawing is necessary to provide the length versus width of the PCB, 

the location and shape of the mounting reference mark (fiducial). The coordinate file contains the xy coordinate of 

each component to be mounted using the reference mark as reference value. 

      After holding the files above the pattern program can be made and it does not follow any rule just the feeling 

of the machine technician that is in charge of the machine programming. 

To improve the pattern program the following tool is embedded at the main operation program of the chip 

mounter. 

The figure 3 presents the optimization tool of the GHX-3. This tool uses 2 step optimization in order to reduce 

the mounting time. The first step uses the free option in order to apply the sequence optimization without 

restrictions or the placement data where the component type, component size and coordinate are stored and uses it 

as restrictions. The second step uses the nozzle (actuator that uses vacuum to pick components) arrangement 

reference to shorten the head movement. The arrangement stocker + head uses the attached nozzles on the head 

and at the housing of the spare nozzles to create the best route (change of nozzles during the mounting process is 

performed). The head arrangement consider only the nozzles on the head to create the best route. The pattern 



 
 
 
 
 
 
 
program arrangement considers the nozzle assignment for each component type to create the best route. The 

nozzle free arrangement considers all the nozzles on the component library to create the best route. 

 

 

                                            Figure 3.  "Make Placement/Handling Data" Dialog Box. 

Problem Definition 

After analyzing the performance of the planned production versus the real result of the hole mounting machines 

of the process analyzed it was found a serious performance issue that is displayed at the figure 4. The chart of the 

figure 4 displays that although the machines optimization were made the performance could not reflect the 

expected result. 

 
                             Figure 4. Planed production versus real achievement of GXH3 modular chip mount from Jan. to Jun. of 2014. 

 
The figure 5 shows the result by month of the total loss in millions of dollars. This cost reduction is the main 

goal of  the factory.  

 

 
                                                                                    Figure 5. Loss Cost By Month in 2014.  

C. Route optimization, layout andpick and place 

After analyzing the machine operation and the optimizing method it is proven that the current scenario can be 

improved. The feeder arrangement in order to reduce the head movement is not considered by the optimization 



 
 
 
 
 
 
 
tool of the GHX-3 machine. Route issue and component pick and place also can be improved by employing the 

multi-criteria algorithm the NSGAII that explains how to achieve the optimum result matching the best results out 

of many objective functions. 

D. Improvement solutions – multiobjective optimization –NSGAII 

In multi-objective optimization the notion of optimal solution is replaced by the notion of solution non 

dominated or optimal Pareto. A non dominated solution is an admissible solution for which it is not possible to 

simultaneously improve all objective functions; ie, an objective function improvement can be achieved only by 

degrading at least one of the other [21]. In other words, an acceptable solution is dominated by another when 

passing from the first to the second there is an improvement in at least one objective function while the rest of the 

solutions remain unchanged [22]. 

Elitist Non-Dominated Sorting Genetic Algorithm (NSGA–II). Developed an algorithm, NSGA–II, that uses a 

mechanism of preservation and diversification of solutions [23]. Than identify a number of non-dominated fronts, 

classifying the population into different levels of dominance. There are many particular concepts and definitions in 

multi-objective optimization. As it works with problems where the goals are in conflict, it is not possible to obtain 

an optimal solution, but a set of solutions that are optimal Pareto front. In these circumstances, having as the 

solution of a problem a set of "optimal" solutions can be understood in the way of not being able to say that, in this 

set, one solution is better than another. (i.e., the concept of non-dominance is the key concept in multi-objective 

optimization, but it is a "poor" concept that do not allow discrimination between these solutions) [24][25]23]. 

The algorithm starts at the interaction (t = 0) with the random generation of a population P0, of size N. In this 

population several non dominated fronts are identified, sorting solutions at different levels of non dominance 

“rank”. Each solution is assigned a fitness value equal to its level of dominance, starting with 1 for the solutions of 

the first front (which are the non dominated solution of the population). This procedure is known as non-

dominated system “non-dominated sorting”. 

After this initialization phase of the algorithm begins a stage common to all generations (iterations) comprising 

the following steps in the iteration t: 

1) A mechanism of selection by a tournament is applied based on the fitness value and on the crowds distance in 

order to preserve the diversity of the population. The solution i wins the tournament if: it has better classification 

(in terms of ordering the non-dominated fronts) than the solution j or both has the same classification and the 

solution i has a crowd distance bigger than the solution  j. The crowd distance is used to estimate the density of 

solutions in the neighborhood of a solution i; 

2) The genetic operators crossover and mutation are applied to construct a population of descendants, Qt, of size 

N which is combined with the population Pt to form a third population  Rt composed of parents and children; 

3) The solutions of the resulting population Rt (with size 2N), are classified by level of dominance for 

identification of different non-dominated fronts, and; 

4) A new population Pt +1 is taken from the population of Rt solutions (see Figure 6). As the size of Pt +1 is the 

half of Rt, not all fronts can be added to the new population. This implies that the worst fronts will be rejected and 

when adding the last possible front to the new population the number of solutions become bigger than the 

remaining space in Pt+1. If there is no possibility to add all possible solutions from the last front when these 

solutions are added instead of simply ignoring the excess of elements is used a strategy based on distance of 

crowds.  

 
Figure 6. Obtaining the Pt+1 population. 

Source: Pereira, (2011). 

 

5) If the current iteration is less than the pre-defined number of generations there is an incremented t = t + 1 



 
 
 
 
 
 
 
and the process return to step 1, otherwise the algorithm ends. [24] introduced the source code of the algorithm in 

Matlab for NSGA-II which is used in developing the software to optimize this search. Some features of this 

implementation of NSGA-II are the following: 

5.1) The algorithm is coded directly into real numbers "real-coded GA", so the chromosome is represented by 

an array of real numbers, and; 

5.2) The crossover genetic operator employs the technique of "Binary Crossover Simultated SBX" which 

simulates the binary intersection that exists in nature. The intersection of the j element of two parents and p1j 

and p2j is done by the following procedure: 

a. A random number is generated uj and uniformly distributed between 0 and 1. 

b. The coefficient βj is calculated, according to (4). 

                                                            (4) 

   

Where µ is the index of selected crossover (µ=20) according to [24]. 

  c. The c1j e c2j of the feeders arrangement of the  j elements are calculated like in (5)(6). 

 

                                               (5) 

                                                  (6) 

 

The mutation genetic operator follows a technique such as the crossover. The mutation of the j element of the pro-

genitor pj is made by the following procedure: 

d. A random number is generated rj and uniformly distributed between 0 and 1. 

e. The coefficient δj is calculated in (7). 

                                        (7) 

 

Where µm is teh mutation index selected (µm=20) [22]. 

 

To use the code of Sheshadri was necessary to develop certain modifications that are described as follows 

[26]: 

1) Once the genetic operator crossover is done, the results c1j and c2j of the j elements that are integers are 

approximate to the nearest integer value. 

2) After the mutation genetic operator is done, the results cj of the j elements that are integers are approximate 

to the nearest integer value. If the result cj<xminj, is evaluated cj = xmaxj, on the contrary, if the result 

cj>xmaxj, is evaluated cj = xminj. 

3) Besides, the limits xminj and xmaxj are considered to obtain the available solution.  

 

D1. Objective function evaluation  

 Like any genetic algorithm, the NSGA-II uses a function to evaluate four stated objectives f1, f2 , f3 and f4 

starting from the arrangement x of independent variables of the problem (chromosome).This function was 

developed on Matlab as shown in (8): 

 

function [f, data] = evaluate_objectives(x,data)                                                   (8) 

 

Where the parameter data represents all the data added to evaluate the operation of the system for a particular 

solution (chromosome x), and f receives the calculated results of the objective function. 

 

D2. Main algorithm 

The main optimization algorithm can be summarized as:  

1) Analyze the base case of the industrial system (evaluates the initial cost); 

2) Find the Pareto optimal solutions by the NSGA-II algorithm; 



 
 
 
 
 
 
 

3) Select a solution of the final population of NSGA-II.. 

 

The optimization is performed from the Matlab workspace by invoking the developed function nsga2opt.mcom 

by the following syntax: 

                                          function nsga2opt(@filename, popsize, generations)                                                     (9) 

  

Where filename is the file name (*.m) that describes the problem  data to be optimized, popsize is the size of the 

population and generations is the quantity of generations to be evaluated. 

In each generation, the algorithm prints the minimum values of each objective function and additional 

parameters. In addition, each ten generations save a file (results##.mat) that contains all the results of the current 

generation. 

Obtained the results file for the specified number of generations, it is examined by the function developed 

dispresults.m with the following sintax: 

 

             functiondispresults(resultfile)                                              (10) 

 

Where result file is the file result##.mat of the last generations. 

The function dispresults shows the results and selects the variants to be used in accordance with the following 

algorithm: 

1) Possible variants are selected (f4 = 0) out of the final population; 

2) From these variants, we obtain feasible solutions; 

3) The result is graphically presented (objective functions) for different variants, ordered, and; 

4) The desired option is chosen. 

 

D3. Strength analysis of the solution 

After determining the feasible solutions of the problem, it is necessary to choose a variant to use, according to 

the discretion of the expert (determined by the engineer) implying to determine the priority order for the 

optimization goals that can be variable depending on the applied case study and standards.  

Moreover, although the responses of the optimization program are the best, the optimization algorithm does not 

examine all possible conditions of the mounting system and, in particular, the pattern program performance 

against the variations of its parameters (feeder condition). 

To evaluate the performance of the solution affected by the variations in these parameters and for all feeder 

conditions considered, one can use the following procedures: 

1) Perform multiple runs of the program to evaluate the pickup errors due feeder misalignments; 

2) Evaluate the condition of the nozzles if the vibration is affecting or not the pick and place reliability. 

 

D4. The objective function applied for the suggested solution 

The forward arc is defined as the path from the pickup location to the mount  location, and the backward arc is 

defined as the path from the mount location to the pickup location. The head assemblesthe PCB by repeating the 

cycle of forward arc and  backward arc. 

For a line with M n modular mounters, we define the sets of modules (M ), feeder lanes (L) , mount locations (P) , 

and component types (C) as: 

 

                                                                                                                                (11) 

 

                                                                                                             (12) 

  

                                                                                                                              (13) 

 

                                                               (14) 

 

The set of feeder lanes belong to module m ∈ M is denoted as  L
m
, than we have: 

 

 

 

The total cycle time is denoted by T
m
, which is therequired time of module m∈M to finish the assembly ofboard. 

We can represent the total cycle time by incorporating with the variables as: 

(15) 



 
 
 
 
 
 
 
 

 
    

Now we define the PCB assembly optimization problem as the following integer programming problem. 

 

 

 

 
 

 
 

 
 

 
 

 
 

The optimization criterion is minimizing the assembly time of the line. Since several modules works concurrently, 

the maximum total cycle time of module should be minimized as in (17). The constraint in (18) means that each 

feeder lane can arrange at most one feeder, and the constraint in (19) means that each component type has just one 

feeder. The constraint in (20) means that each module has at most m L feeder lanes, where  L
m
 is the number of 

elements of the set  L
m
 in (15). 

The equation (21) means that the number of backward arcs started from a mount location should be one. The 

equation (22) means that the number of backward arcs arrived to a feeder lane should be same with the number of 

component type supplied from the feeder. Finally, the inequality (23) means that all of forward arcs and backward 

arcs should be connected in the module, where S
m
 is the subset of the mount locations assigned to the module m. 

The solution  determines the feeder lane for each component type, which allocates the 

components to each module and determines the forward arcs from the feeder. 

The mount sequence problem (MSP) is to find the optimal mount sequence variables such that the total backward 

time is minimized. Let be the total backward time of the module m and then it can be represented by the 

mount sequence variable as: 

 
 

Then the MSP is formulated as the following integer programming problem.  
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Even after the feeder arrangement problem and the mounting sequence problem we still have to consider the route 

made by the twelve nozzle that compound the head robot. In order to cover this machine condition we can define 

the assembly route problem (ARP) by a genetic algorithm applied to solve the traveler salesman problem (TSP). 

The task of TSP basically consists of finding the shortest tour through a number of mounting coordinates, visiting 

everyone exactly once 

 The TSP can be formulated as follows. Given the matrix  and the set  of permutations 

of integers from 1 to n, find a permutation  that minimizes the following 

objective function: 

 

 

 

Where: 

n = is the number of components to be mounted. 

D = is the matrix of the distances between all the pairs of the mounting coordinates. 

π = is the route taken from coordinate a to coordinate b. 

Moreover, to ensure that the optimization program obtain viable solutions to the problem, we define a fourth 

objective function to minimize that represents the quadratic sum of all violations of the constraints of the problem 

as shown in (30): 
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Where vi and li represent the calculated value and the limit value of the parameter i limited by the corresponding 

restrictions. 

After evaluated all the constraints of the problem, f4 is the value of the quadratic sum of all violations of such 

restrictions. If f4 is 0, the solution x will be viable, otherwise (f4 ≠ 0) the solution is not being efficient with the 

characteristics adopted for one or more restrictions. 

 

Then the global optimization problem is defined as shown in (31): 
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 There are different ways to manipulate the constraints in an optimization problem. However, since 0 is the lowest 

possible value of f4 and has become a method for multiobjective optimization the problem can be formulated as 

shown in (32): 

 

 )(),(),(),(min 4321 xfxfxfxf  

 

By minimizing f4, the algorithm comes to a 0 value of this function, in other words, seeking viable solutions to the 

problem. Thus, we obtain not only feasible solutions but also almost viable (f4 ≈ 0), which may be an advantage in 

solving difficult problems. 

 

5. CONCLUSION 

This paper proposes a new optimization method by treating the combinational and the scheduling problems 

already mentioned in previous literatures by uniting then in a single computational multi criteria tool the NSGAII 

targeting the global optimization. For future works is possible to make the modeling of other machines considering 

their characteristics and constraints for single or multi PCB assembly. Another constraints like component 

polarity, rotation for pick and place the component and the modular balance can be added as constraints as well.  
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