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Introduction 

Manufacturing quality control and quality inspection need to apply more and more sophisticated 

procedures to meet today’s elevated quality requirements regarding automated production 

systems. Many different strategies are used for quality control, of which continuous quality 

measurement techniques, where each product is examined by an automated system integrated 

onto the manufacturing line, have one of the most significant role. Inline quality measurement 

may ensure that all manufacturing steps of a complex product are under control, which means all 

errors can be detected and repaired immediately right after they have been spotted. As a 

consequence the cost of corrections is minimized. This guarantees (at least theoretically) that the 

factory only manufactures products with excellent quality which is usually an essential 

requirement. 

Continuous inline quality inspection, however, poses a serious challenge for both the 

developers and the engineers operating them. The reason for that is the fact that inline quality 

inspection processes have a complexity level comparable to the manufacturing processes, as 

modern inspection devices are equipped with complicated mechanic and electronic systems, just 

like manufacturing devices. This inevitably raises the question best described by the ancient Latin 

phrase “Quis custodiet ipsos custodes?” which is literally translated as “Who will guard the 

guards themselves?”. Similarly how a faulty product may be created during the manufacturing 

process, the quality inspection system might also make mistakes. But while manufacturing errors 

are supervised by inline quality inspection processes, the inspection of quality inspection seems 

controversial. 

To resolve this problem, human experts are often employed on manufacturing lines in 

quality inspection processes directly. This strategy, however, is contrary to the concept of a fully-

autonomous production line and results in additional difficulties. Because of these reasons 

reducing or completely eliminating human factor from quality inspection systems has high 

significance in the future development of manufacturing. 

During the research described in my dissertation this self-inspection problem was analysed 

and novel solutions were proposed to assist the development of manufacture without human 

supervision by means of fully-autonomous quality inspection systems. 

Research objectives 

The dissertation deals with a special issue of inline quality inspection system, which is the 

parameter optimisation problem of inspection equipments. In the course of my work I aimed to 

solve the following tasks: 

 Development of a novel process model based on continuous optimisation for inline 

quality inspection systems. The classification accuracy of quality inspection systems 

deteriorates over time. But the parameters of inspection equipments are adapted to the 

altered conditions only when an unmanageable level of inaccuracy is reached. This concept 

implies the presence of human operators on the manufacturing line causing several additional 

difficulties. To address this problem I decided to develop a new optimisation strategy which 

significantly reduces human presence in the inline quality inspection process. 
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 Development of novel methodology to determine the optimal values of the quality 

inspection systems’ parameters. Modern production systems require algorithms to tune 

the quality inspection equipments’ parameters automatically and very frequently. The 

introduction of the novel continuous optimisation strategy increases this effect further. To 

solve this problem, however, a fully satisfactory method has not yet been proposed. My 

second objective was to develop a new methodology to automate the parameter optimisation 

procedure presuming that the internal working processes of the inspection system are 

unknown. 

 Development of a novel image database filtering method. The automatic parameter 

optimisation method mentioned in the previous point can be applied perfectly, inter alia, in 

automated optical inspection systems. The compilation of appropriate training databases, 

however, is required to store measurement results created in the past. That is to say, images 

containing components with different quality classes can be mixed because of certain 

conditions occurring in real environments. Filtering the image databases to remove outliers is 

a very demanding problem, but definitely necessary to execute parameter tuning processes 

based on training samples. My purpose was to develop a novel similarity degree that could be 

used to filter the outlier images based on widespread clustering techniques, to be assigned to 

the elements of the image database. 

Research methodology and techniques 

The new optimisation strategy and the manufacturing process model were created using general 

design methods and notation systems. During my research I had a chance to work with real 

production systems. 

The automated optimisation method and the image database filtering algorithm were 

developed in MATLAB® simulation environment, where the Global Optimization Toolbox and 

the Image Processing Toolbox were used in addition to standard built-in functions. In some 

special cases, fast algorithms were essential due to run time concerns and so particular image 

processing algorithms were written in the .NET environment. This resulted in run times several 

orders of magnitude faster compared to the simulation methods. 

To demonstrate the working principle of developed algorithms, research results were applied 

and tested in automated optical inspection (AOI) systems [10] of electronic manufacturing. I used 

more than 50.000 samples collected from real quality inspection systems during development and 

testing. 

During the research, I had the privilege to conduct my research in cooperation with the 

Robert Bosch Elektronika Kft. in Hatvan, which is one of the most modern electronic factories 

in Hungary. Hence the research results were developed according to industrial requirements and 

experiments. 
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Contributions of the thesis 

Thesis 1: Novel optimisation process model of quality inspection systems 

Motivation 

The complex equipment on modern production lines manufactures and inspects complicated 

products with high quality and reliability. Manufacturing, however, is not a static process, but it 

changes constantly. The ageing of technological devices modifies the appearance (and after a 

while, the quality) of products, the change of state in inspection system affects the accuracy of 

quality measurement. Due to these two factors some products with otherwise perfect quality 

might be filtered out (figure 1). To solve this problem a revision system for the quality inspection 

was introduced that is often executed by human operators based on their intelligence and 

flexibility [8]. 

 

 

Figure 1 – Process of change of state in manufacturing and inspection 

While the number of incorrect classifications remains within manageable level, the human 

supervisory system is an effective solution. Frequently occurring mistakes caused by the 

inspection equipment, however, make the work of human operators impossible. Therefore 

process engineers periodically check the inspection devices. During the process the optimal 

values of equipments’ working parameters are determined according to the actual state of 

manufacturing to keep quality inspection of products at its best (parameter optimisation). 

A commonly used strategy is that engineers perform parameter optimisation only when the 

increased number of false rejects necessitates it (post-optimisation). This approach provides a high 

level of accuracy for the inspection equipment only for a shorter time, therefore the system of 

human supervision is necessary in any case. This strategy is built on the fact that the quality is 

determined on complicated measurement points by human operators until they are not 

overworked. 

The main disadvantage of this optimisation method is that it requires human presence on the 

production lines. This approach, however, contradicts the concept of a fully-autonomous 

production line, where repetitive tasks are carried out by automated machines. But if a post-

optimization strategy is used, this is absolutely unavoidable, because the high accuracy level of 

quality inspection can be guaranteed only by continuous human supervison. 

Perfect 

quality inspection 

Phase 1 – Minimal 

change of state 

Still perfect quality inspection 

Phase 2 – Starts to get out 

of tune 

A few of bad classifications 

Phase 3 – Out of tune 

A lot of bad classifications 

Human supervision! 

Post-optimisation 
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Contributions 

Thesis 1 

a.) By using a parameter tuning model based on continuous optimization strategy, human 

presence in inline quality inspection might be decreased or totally eliminated without having to 

use higher reliability quality inspection equipment. 

b.) In the model of closed-loop manufacturing control based on state observer and state 

feedback, the continuous optimisation strategy realizes a cascade feedback loop making a 

direct connection between the processes of manufacturing and quality inspection. 

 

Figure 2 – Pre- and immediate optimisation strategy 

The new optimisation process model is based on the fact that both in the 1st and 2nd phases the 

quality inspection system will have to be optimized again, but the number of false classifications 

still remains significantly below the acceptable level. Therefore the developed optimization 

strategy does not allow the process to switch to the 3rd phase, necessitating human supervision 

because of the high number of false rejects, but a previously executed optimization step restores 

the optimal quality inspection. Two return points were determined: either a pre-optimisation step 

can be executed in the 1st phase, or an immediate optimisation process might adjust the inspection 

system after the occurrence of the first couple of false rejects. 

 

Table 1 – Comparison of Optimization Strategies 
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replacement Immediately (by human operators) Later (after the supervision) 
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change of state 
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Phase 3 – Out of tune 
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Human supervision! 
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Immediate 
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The process model based on continuous optimisation decreases or totally eliminates the need for 

human presence in inline quality inspection process. The basic principle of this strategy is that the 

results of the quality inspection are constantly monitored, and the parameter optimisation process 

is performed before the number of false rejects would considerably increase. Since fewer 

products will be misclassified, it is not necessary to maintain supervision on the production line 

during manufacturing, but it can be executed later on and moved from the line. This solution is 

an important step in the direction of fully-autonomous production line in cases where the applied 

quality inspection system can be unreliable in the long term. The differences between commonly 

used methods and this novel continuous optimisation strategy are shown in table 1. 

The question arises how can the continuous optimisation be connected with the processes of 

manufacturing control? To answer it, I designed a novel model of quality feedback process based 

on state space representation [12] (figure 3). The model is new in the sense that both quality 

inspection and its supervisory process are represented as state observer and feedback loops (or a 

part of a loop). This principle connects the sub-segments of a manufacturing process directly 

allowing us to draw several important conclusions.  

Quality Inspection Supervisor

 𝒒𝒑  𝑡   𝜺𝒒𝒑
 𝑡   𝜺𝑸 𝑡  

Analysis of quality

Manufacturing Process

 𝑑𝒙𝒎

𝑑𝑡
  𝒙𝒎 𝑡  

 𝒙𝒎 0  

∫
 𝛿𝑚 𝒑𝒎, 𝒆𝒎, 𝒙𝒎   𝜋 𝒙𝒎  

Quality Inspection 
Control

Quality Inspection Process

∫
 

𝛿𝑞 𝒑𝒒, 𝒆𝒒, 𝒙𝒒  
 
𝜔 𝒇𝒑, 𝒙𝒒  

 𝒙𝒒 0  
 𝒙𝒒 𝑡  

 𝑑𝒙𝒒

𝑑𝑡
 

 𝒆𝒒 𝑡  

∫
 𝒒𝒎 𝑡  

 𝒔𝒑 𝑡   𝒇𝒑 𝑡  

 𝒆𝒎 𝑡  

 𝒒𝒑 𝑡  

 𝒑𝒎 𝑡  

Manufacturing Control

 𝒑𝒒 𝑡  

 
𝜎𝑚  𝒔𝒑, 𝜅 𝒒𝒎, 𝒑𝒎   

 

 
𝜓 𝒑𝒒, 𝜺𝑸  

∫

 
𝜎𝑞 𝒔𝒑, 𝒙𝒒   

 𝒙𝒒  𝑡  

 
𝜚 𝒇𝒑  ∆t

 

Figure 3 – Model of a manufacturing system 

Figure 3 shows that the two feedback loops – quality inspection and supervision – are in 

hierarchical relation: the supervisory and optimisation process is a cascade state observer and feedback 

loop. This fact influences the delay and aggregation time of supervision significantly. It is also 

shown that the supervisory system which is mostly based on human resources is moved from the 

primary feedback loop to the secondary cascade loop. Namely, the concept of fully-autonomous 

production line aims to automatically tune the manufacturing equipment based on quality 

information to increase product quality. This system requires a fully-automatic quality inspection 

process on the level of the production line. 
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Application of the results 

This thesis describes a novel optimisation strategy of quality inspection systems which makes the 

inspection more reliable and accurate using the same equipment. According to this strategy, the 

human factor on production line can be significantly decreased moving towards a fully-

autonomous manufacturing process. 

In the dissertation I defined the special conditions and requirements that are essential to 

introduce the continuous optimisation. Thus, by using these research results, a new control 

structure can be developed in a real industrial environment which makes the existing quality 

inspection system more efficient at a low cost. 

The novel manufacturing process model of based on state observer and feedback provides 

the opportunity to examine the critical points of quality feedback and manufacturing control in 

one common system. The model sheds light on several properties of the process that are implicit 

to the system, however they remain hidden without the understanding provided by the model. 

Publications related to the topic of this thesis 

Introduction of the novel process model based on continuous optimisation 

[Takacs2012b] 

 

State observer and feedback process model of manufacturing systems: 

[Takacs2012c] 
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Thesis 2: Automatic parameter-optimisation of quality inspection 
systems 

Motivation 

One of the most import results of thesis 1 is that the continuous optimisation strategy increases 

significantly the reliability of quality inspection reducing the human factor on the production line. 

This method, however, also increases the frequency of the optimisation process giving serious 

additional workload for engineers. Therefore an algorithm that tunes the inspection equipment’s 

parameters automatically would have obvious benefits. 

Basically, the automatic optimisation process can be executed according to two different 

principles. According to the first concept, the internal structure, working mechanism and the 

meaning of the parameters is entirely known by the optimisation algorithm (white box model 

[14]). Although the approach offers a very efficient optimisation process, intricate knowledge of 

the system is seldom available. 

Therefore I aimed to develop a procedure which considers the system to optimise as a black 

box [14], and calculates the optimal value of parameters only by observing the inputs and the 

respective outputs. This approach forces some limitations on the algorithm (inspection cases to 

store, offline inspection, only the subset of parameters can be optimised etc.), but it yields a 

system that is more useful and easier to realise in practice.  

Parameter optimisation of inspection systems based on a black box model is a very difficult 

task: a multi-objective global search with several contradictions in a nonlinear environment needs 

to be executed. However, because of discrete and finite domain values of parameters, it is 

possible that some widespread solutions developed for combinatorial optimisation problems [11] 

could be applied in some way. This is, however, very challenging, since the industrial parameter 

tuning needs to be reduced to a mathematical optimisation problem. So, the aim of the research 

was the development of special methodology that assists in the reduction of the optimal 

parameter-values calculation of the inspection equipment to a combinatorial optimisation task. 

To realise it, the following formal definition of the combinatorial optimisation was used [11]:  

 
A combinatorial optimisation problem          can be defined by: 

 a set of variables               ; 

 variable domains        ; 

 constraints among variables; 

 an objective function   to be minimized, where                 
 , 

 the set of all possible feasible assignments 
                                     𝑡           𝑡       𝑡    𝑡    

  is usually called a search (or solution) space, as each element of the set can be seen as a 
candidate solution. To solve a combinatorial optimization problem one has to find a solution 
     with minimum objective function value, that is,                 .    is called a globally 
optimal solution. 
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Contributions 

Thesis 2 

The parameter tuning task of quality inspection systems based on a black box model can be 

reduced to a combinatorial optimisation problem where global search methods using 

metaheuristics might be used successfully to determine the optimal settings of the given quality 

inspection equipment. 

 

The optimisation problem is defined by the following formula: 

      
𝒙𝒑   

    𝒙𝒑     𝒙𝒑     𝛿  𝑞   𝑞 𝑚    𝒙𝒑     𝑚     

  

   

 

   

   

where 

𝒙𝒑: it is a possible setting of the quality inspection system, 

 : it is the set of all possible settings of the quality inspection system, 

 : the number of quality classes, i.e. the number of inspection outputs, 

  : the number of stored inspection training cases for quality class  , 

𝑚   : the inspection case   in training set of quality class  , 

𝑞  : the sign of quality class  , 

𝑞 𝑚 𝒙𝒑 : it represents the quality inspection algorithm to optimise, it determines the estimated 

quality class of inspection case 𝑚 by using parameters 𝒙𝒑, 

𝛿  𝑞  𝑞  : it compares the estimated and the real quality class, its output is always a real value, 

   𝑚 : the importance weight is inspection case 𝑚, for example, based on the creation time. 

Based on this novel methodology, a special system can be developed which performs the 

parameter optimisation task of quality inspection equipment by effective searching methods used 

in general combinatorial optimisation. This procedure defines direct connections between the 

points of formal definition of combinatorial optimisation and the steps of industrial parameter 

tuning process in the following way: 

Variables. Certainly, the variable set of a combinatorial optimisation problem inherits from the 

equipment parameters to optimise. However, the important question arises: which parameters 

can be, and which parameters have to be optimised? In general, the subset of equipment 

parameters should be selected which is used after sampling process (i.e. during processing of 

samples taken of the product). The appropriate selection of parameters is a very sensitive and 

important topic: in case of superfluous parameters the optimisation process can be significantly 

slower, on the other hand if some important parameters are omitted, it is possible that the 

optimisation process never finishes. 

Parameter domains. The domains of equipment parameters are usually much larger than the 

optimisation need to consider. Since the parameters have physical or mathematical meaning, 

arbitrary values of variables would violate the principle of quality control. The exact definition of 

variable domains is therefore necessary. 
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Constraints. There are cross dependencies between equipment parameters, so the change of a 

parameter value effects the possible domains of another variable. This results in special 

constraints which need to be considered during optimisation. Only those parameter values are 

accepted which satisfy all the constraints. 

Objective function. The goal of the optimisation process is to find those settings which the 

inspection equipment works properly with, i.e. the classification of products is accurate again. To 

define the accuracy of  a quality inspection system and to find the related conditions were the main 

tasks of my research. Thus, the aim was to define the function 

     𝒙𝒑    
 

  

where 𝒙𝒑 means the vector of parameters to optimise. This means that the objective function 

   𝒙𝒑  assigns a positive or null real value to each distinct setting of the inspection equipment 

depending on the classification accuracy. This function should satisfy the following important 

property: 

     𝒙𝒑 
     𝒙𝒑 

   

when in case of parameter values 𝒙𝒑 
 the classification of products is more accurate, than in case of 𝒙𝒑 

. 

Another important requirement is that the objective function must not contain abrupt jumps. 

To realize this objective function, my method requires the following a priori conditions: 

previous test cases need to be stored, offline inspection possibility, fast inspection algorithms, 

robust classification methods. If these requirements are met, the objective function of 

combinatorial optimisation, that makes a quantitative connection between equipment settings and 

accuracy of quality inspection, can be defined by the following formal expression: 

   𝒙𝒑     𝛿  𝑞   𝑞 𝑚    𝒙𝒑     𝑚     

  

   

 

   

 

the meaning of the letters were explained at the wording of thesis 2. The objective function 

assigns to each parameter vector (to each settings of equipment) the weighted sum of quality 

inspection errors. The goal of the optimisation process is to find that parameter vector where this 

cumulated error is the smallest: 

      
𝒙𝒑   

    𝒙𝒑   

Minimum search. To determine the optimal equipment settings, the location of global 

minimum of the previously defined objective function needs to be found as fast and accurate as 

possible. Because of the complexity of this problem, only estimation methods can be used which 

do not guarantee to find the global optimum, but they require much less time to find a near 

optimal solution. Based on this novel methodology, global optimisation methods using 

metaheuristics [6] can be generally applied to tune the parameters of a quality inspection system. 

Metaheuristics are high-level strategies which scan the parameter space and determine the 

(near) optimal solution using different estimation and approximation techniques (i.e. heuristics) 

[3]. Accordingly, the process of parameter tuning based on metaheuristics and defined objective 

function is the following (figure 4). Using a set of parameter value vectors, the accuracy of quality 

inspection can be measured with the help of stored test cases. Based on these measurements, the 
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search space (i.e. the parameter value vector – accuracy function) can be estimated. Using this 

estimation, further parameter value vectors are determined which are closer to the optimal 

solution. 

Inspection algorithm

Comparement

Product feature Quality class

Parameter value vector(s)

Error of quality inspection

Determination of new 
set of parameter value 

vectors
Heuristic estimation

Training 
samples

Calculation of 
accuracy

(fa(xp) function)

Optimal 
solution

 

Figure 4 – Optimisation process based on metaheuristics 

Application of the results 

Based on this methodology, I implemented a novel procedure to optimise the parameter values 

of automated optical inspection equipment used for electronics manufacturing automatically. As 

metaheuristics, genetic algorithms [5] were chosen. 

An individual in a genetic population is a possible parameter value vector. The initial 

population was created with uniform distribution in search space. I chose a relatively high 

mutation factor to avoid the trap of local minimums. Several methods of recombination and 

selection were examined; finally general arithmetical crossing and a highly elitist strategy offered 

the best solutions. The fitness of individuals was the previously presented objective function in 

the following, simpler form: 

   𝒙𝒑              𝑞 𝑚       𝒙𝒑   

     

   

                 𝑞 𝑚      𝒙𝒑   

    

   

 

It is clear that two quality classes were differentiated, and a slip causes       higher error in fitness 

value than a false reject. This is because it is more important to filter out all the faulty products 

than the occurrence of some false rejects. In the implementation this factor was chosen to 10. 

To test the implemented procedure and to verify the principle of the novel methodology I 

executed the optimisation method on several real industrial inspection algorithms, designed for 

different components. In every case, the 10 parameters were chosen which are mainly used by 

process engineers during manual optimisation. My experiences showed clearly that the developed 

method is able to find the (near) global optimum, i.e. the parameter values for perfect quality 

measurement, in a reasonable amount of time (figure 5). 
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Figure 5 – Result of optimisation with genetic algorithm 

Publications related to the topic of this thesis 

Introduction of automated parameter tuning methodology 

[Takacs2012b] 

 

Automated parameter optimisation method based on genetic algorithms for AOI systems 

[Takacs2012b] [Takacs2012c] 

 

Optimisation problems of quality inspection systems 

[Janoczki2012] [Janoczki2010] 

 

MELF imagebase (diode) 

 No. of good images:  129 

 No. of outlier im.:  59 

 No. of individuals:  20 

 Run time:  5 min 

 

Golden template 
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Thesis 3: Coherence analysis of image databases based on intensity  

Motivation 

A parameter optimisation process based on a black box model requires perfect training sets. 

However, in practice some of the stored inspection cases are classified in a false subset of the 

training database. The number of these outlier elements [7] is, however, relatively low, but these 

cases decrease the usability of the full database significantly, because training with false inspection 

cases obviously yields bad quality inspection. 

This effect occurs also in case of an automated optical inspection system because of, for 

example the human presence on the manufacturing line. Therefore the training image databases 

need to be maintained to find and remove the badly classified outlier images. To achieve high 

efficiency, this process needs to execute automatically, too. 

However, to apply this filter method also in real industrial environments, the following 

serious requirements need to be satisfied: 

 Independence from filtered image database. 

 Eliminating external parameters. 

 Unknown semantic and coherence model. 

 Exclusion of reference (training) image set. 

These requirements would define an unsolvable problem because of inconsistent and generalizing 

factors. However, there are more a priori assumptions which can be used by the filtering 

algorithm: 

 Significant difference in the number of image types. 

 Similarity between images can be interpreted by intensity function of images. 

 Well classified images are more similar to each other than to outlier images. 

The survey of scientific literature belonging to this topic shows that although the problem of 

image database filtering appeared in several scientific works, the existing methods have limited 

use for this special problem. Conventional inspection techniques (for example [13]) are 

developed for a specific problem, and their application would cause paradoxical situations. The 

method which are based on different intelligent structures (for example [1][2]) are more generally 

useable, but they usually require reference databases. Other possible solutions can be offered by 

content based image retrieval (CBIR) system, but these algorithms are mostly based on semantic 

similarity measurement which should be avoided in this context, to keep the generality. 

Therefore I aimed to develop a novel algorithm which solves the problem of optical 

inspection image database filtering based on the previously mentioned a priori condition system 

taking the special industrial requirements into account. 
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Contributions 

Thesis 3 

To represent pixel level fitting into the image set, a low dimensional feature metric might be 

assigned to images, its value might be calculated only based on information inherited from the 

same image set. 

 

The similarity degree assigned to images is calculated by the following formula: 

 𝑑     

   
            

 𝛿    
       

   
            

 𝛿    
        

  

which is a two-dimensional metric derived from the difference profile with size     of image  . 

The 1st dimension is the maximal value, the 2nd dimension is the standard deviation of the 

difference profile. The value       of the difference profile is calculated by the following formula: 

𝛿    
            𝑡      𝑞       

    𝑞  
 

 𝜎      𝑞     
                  

 𝜎         

   
                  

 𝜎             
                  

 𝜎         
 

         

        

 

where 

 𝑡      𝑞 : the       subimage of the golden template (  and 𝑞 are pixel indices), 

 𝑡   𝑞           , 

     
    𝑞 : the subimage       of image    (  and 𝑞 are pixel indices), 

         : the size of       subimage. 

The basic idea is that an image database is considered as a random variable matrix, and the 

images are its samples: 

                       

where   and 𝑞 are the pixel indices,      is the random variable belonging to the specified pixel,   

is the event space of possible gray scale values. So, a random variable is assigned to each pixel 

and its distribution shows the probability of gray scale values at a specified position of the image 

in the database. 

As a first step, an ideal image (golden template) is determined which represents the ideal 

occurrence of well-classified images. All the pictures in the database are compared with this 

golden template representing their fitting into the database. This ideal image is estimated by the 

expected value of the random matrix variable of image set: 

  𝑡   𝑞             

The widespread distance metrics, however, have more limits. In some cases, the difference 

between well and badly classified images is marginal and hard to detect. Using general techniques, 

where by comparison all the pixels on whole image plane are used at the same time, these tiny but 

very important dissimilarities can get lost. Therefore my specialized technique splits the images 

into several small subimages and the comparison method is executed on them separately and 
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independently. This results the difference profile of the image which contains the distances between 

subimages and corresponding areas of golden template. 

During my research, one of the main tasks was to develop the appropriate distance function. 

After examination of several metrics [15], I chose Euclidean distance with special weighting 

introduced in theses 3. This formula shows exactly that the greater the standard deviation of a 

pixel’s gray scale values is, the smaller its weight is considered during distance calculation. This 

technique decreases the significance of pixels where the well-classified images are also varied to 

make the distance calculations more accurate and robust. 

 

Figure 6 – Difference profiles 

Figure 6 shows the difference profile of a well-classified and an outlier image. The pictures 

illustrate that the difference profile distinguishes the outliers from normal images; however, it 

cannot be used directly because of the high number of elements. Therefore, as last step, a so-

called similarity degree is calculated from the difference profile to represent the fitting into the 

database with a low dimensional metric. Following the distance metric presented above, the 

farthest subimage represents excellently the similarity to the golden template, so, as a primary 

metric the maximal value of the difference profile is chosen. To realise a more robust and 

accurate algorithm, a secondary dimension of the similarity degree is also proposed. Among 

several possibilities, the standard deviation of the difference profile was preferred. 

Figure 7 presents the feature space (similarity field) in which the images are placed according to 

their similarity degree. It can be seen that well-classified and outlier images are separated 

excellently making it possible to split the image database into two desired subsets. 

 
Figure 7 – Similarity field 

Well-classified images 

Outlier images 

a.) Difference profile of a well-classified image 

 

b.) Difference profile of an outlier 
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Application of the results 

Table 2 – Result of filtering algorithm based on k-means clustering 

Image database Filtering results 

C0805 

 

Number of images: 

1342 

No. of well-classified images: 

1221 (90.98%) 

No. of outlier images: 

121 (9.02%) 
 

Found outliers: 

121 (100%) 

Well-classified images in good cluster: 

1218 (99.75%) 

Well-classified images in outlier cluster: 

3 (0.25%) 

C1210 

 

Number of images: 

1405 

No. of well-classified images: 

1306 (92.95%) 

No. of outlier images: 

99 (7.05%) 
 

Found outliers: 

99 (100%) 

Well-classified images in good cluster: 

1302 (99.69%) 

Well-classified images in outlier cluster: 

4 (0.31%) 

MELF 

 

Number of images: 

1576 

No. of well-classified images: 

1451 (92.07%) 

No. of outlier images: 

125 (7.93%) 
 

Found outliers: 

121 (96.80%) 

Well-classified images in good cluster: 

1441 (99.31%) 

Well-classified images in outlier cluster: 

10 (0.69%) 

R0805 

 

Number of images: 

1086 

No. of well-classified images: 

1011 (93.09%) 

No. of outlier images: 

75 (6.91%) 
 

Found outliers: 

75 (100%) 

Well-classified images in good cluster: 

914 (90.40%) 

Well-classified images in outlier cluster: 

97 (9.60%) 

SMCTAB 

 

Number of images: 

1174 

No. of well-classified images: 

1119 (95.32%) 

No. of outlier images: 

55 (4.68%) 
 

Found outliers: 

55 (100%) 

Well-classified images in good cluster: 

1097 (98.03%) 

Well-classified images in outlier cluster: 

22 (1.97%) 

SMCTAC 

 

Number of images: 

1384 

No. of well-classified images: 

1274 (92.05%) 

No. of outlier images: 

110 (7.95%) 
 

Found outliers: 

106 (96.36%) 

Well-classified images in good cluster: 

1263 (99.14%) 

Well-classified images in outlier cluster: 

11 (0.86%) 

SOIC 

 

Number of images: 

1329 

No. of well-classified images: 

1221 (91.87%) 

No. of outlier images: 

108 (8.13%) 
 

Found outliers: 

108 (100%) 

Well-classified images in good cluster: 

1214 (99.43%) 

Well-classified images in outlier cluster: 

7 (0.57%) 

 

My goal when creating this special feature space was to provide a convenient area for well-known 

and widespread clustering methods to separate well-classified and outlier images. Based on the 

similarity field generating algorithm, special filtering methods can be developed which can filter 

the outliers without using any training samples nor other additional a priori information. 

To demonstrate the exceptional capabilities of this method, I implemented an algorithm 

which filters the outlier images using the k-means clustering algorithm [9] based on the generated 

similarity field. 
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The filtering procedure was verified on 7 different image databases which were created by 

real industrial quality inspection systems in electronics manufacturing. Every database contains 

1200-1500 images where the rate of outlier images was about 5-10%. It is important to note that 

on every image database the same algorithm was executed using the same parameters, there were 

no special settings or adjustments for single image sets. 

The results are shown in table 2. It can be seen that the classification method was able to 

identify the outlier images with a very small error rate. The average outlier detection rate is 

greater than 99%. In five cases, all outliers were found, in the remaining two imagebases the 

classification rates were above 96%. Moreover, the false positive rates – the number of well-

classified images, which were categorized in the outlier group – were also smaller than 1%. 

These results show that the similarity field is really able to separate the well-classified and 

outlier images. However, it is also important to note that this special feature space can be applied 

also on other topics. For example, in [Takacs2010a] I presented an expert system to support the 

works of human operators. In this case, a support system determines the similarity degree of each 

image classified by optical inspection into an “error” group to estimate the real quality class of 

them. This estimation can help the human operator to work faster and more accurately. 

This principle can also be used in case of continuous optimisation. In this system, the images 

classified into the “error” group are re-inspected by automated software based on their similarity 

degree. If the quality inspection equipment and this re-inspection software calculate different 

quality classes  too often then the conclusion can be drawn that the number of false rejects is 

increased. This information can be used excellently in the continuous optimisation strategy (thesis 

1), for example as a trigger to start the optimisation process. 

Related publications 

Presenting the similarity degree and the filtering method 

[Takacs2012a]  

 

Alternative usage of similarity field 

[Takacs2010a]  
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