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IntroductionIntroductionIntroductionIntroduction    

The development of computer technology has brought change in our lives in several 
areas. Neumann computers have become part of our everyday lives. Advanced image 
processing algorithms have also appeared in the software used every day, such as: face 
recognition, the so-called OCR, or optical character recognition, allows a computer to 
interpret photographed text as text. Pattern recognition algorithms are widely used in 
medicine for computer image analysis of tissue images. The advent of high-resolution 
and fast imaging devices has made it possible to create computer vision, where 
computers process the perceived image and, as a result, interfere with the observed 
processes. In material engineering practice, we can encounter computer image analysis 
during metallographic examinations. One of the classic methods of material 
classification is metallographic examination, in which the microstructure of metals is 
examined using an optical microscope. The microstructure of materials significantly 
affects their properties. Therefore, microstructure testing has become an effective tool 
for material qualification procedures. When examining the microstructure, a variety of 
questions can arise: What phases can be seen in the image? What is their area fraction? 
What is their shape? What is their distribution in the microstructure? etc These 
questions have previously been answered by comparison with reference images and / 
or by performing simple measurements. However, for these measurements, respectively 
the comparison required experienced professionals and the outcome of the evaluation 
depended heavily on their professional qualifications and experience. The use of 
computer image analysis systems for today's evaluation largely eliminates these 
problems, but it is still necessary to employ professionals with both IT and 
metallographic knowledge to properly evaluate the images. The person performing the 
evaluation must be familiar with the steps and possibilities of computer image analysis 
and be able to evaluate the results obtained. 

Today, we have reached another turning point in the history of industrial revolutions. 

The previous one was the advent of computers and automation, the current one is the 
advent of smart factories. Smart devices mean that artificial intelligence is already 
working in the applied algorithms, and the devices are also able to communicate with 
their environment, i.e. human intervention is displaced.  



Automatic computer image analAutomatic computer image analAutomatic computer image analAutomatic computer image analyyyyssssiiiissss    

Implementing automated computer image analysis requires methods that can 
completely eliminate the need for human intervention. In order to evaluate a large 
number of samples in the right quality, it is inevitable to use automatic computer image 
analysis. However, for this to be effectively accomplished, an algorithm must be 
developed whose only condition is that the input image be a microscopic image of 
eutectic sample. 

In computer image analysis, the cell automaton is not unknown, as we encounter it in 
many solutions, although it is not always presented in this way. The convolutional 
operations used in image analysis are total cellular automata. The digital grayscale 
image can be considered of as a universe of cells with a square geometry. The cells are 
the pixels. The size of the universe is equal to the size of the image. Cell states can be an 
integer in the range 0 3 255 for an 8-bit image. Similar to grayscale morphological 
transformations, binary morphological transformations are also deterministic cellular 
automata. However, in this case, the automaton has only two states. Performing the 
transformation once corresponds to a cellular step in every case. Nowadays, a stochastic 
cellular automaton is used in computer image analysis, although it is not widely used. As 
can be seen, the representation of the image itself makes the application of the cellular 
automata efficient, so in my development I tried to answer the questions raised only by 
using a cellular automaton. 

Automatic correction of unevenAutomatic correction of unevenAutomatic correction of unevenAutomatic correction of uneven    backgroundbackgroundbackgroundbackground    illuminationilluminationilluminationillumination    

Uneven backlighting significantly hinders measurements on images, as this error 
complicates the segmentation operation. On images with such an error, automatic 
segmentation algorithms without arguments do not work properly. All this means that 
human intervention is required during segmentation, which would interrupt the process 
of automatic image analysis. Therefore, it is necessary to correct this error. The method I 
chose to correct the backlight is based on the Lava-flow algorithm, which is used to 
predict the direction of lava flows, and is still in the development stage. Another image 
does not need to use this procedure, just need the existing one to fix it. It is also based on 
a cellular automaton, just in this case - since we are still working with a grey image - it 
means an automaton with 256 states. After scanning the image, the position and value of 
the maximum brightness area are determined, and then the cellular automata start 
working. When defining the area, the image is first quartered, then the brightest is 
selected, and the brightest is quartered again and the brightest is selected. This will 
continue until the area is 34 pixels in size. The boundary conditions are then defined, 
which in this case means that the two sides rows of pixels in the image are made equal 
to each other. This is followed by a grey closure on the side two pixels rows, and then I 
replace the image within the border pixel rows with the maximum brightness pixel 
value. In each step, the cellular automaton performed an operation that can be written 
with the following formula: 

@AB,C = @AB,C + A ; (@ABHI,C + @ABJI,C + @AB,CJI + @AB,CHI 2 4 ; @AB,C) 

This formula can also be derived from the explicit finite difference method, just in this 
case the states can be integers between 0 3 255. This operation can actually be 
considered as an analogy to river lava, where lava fills the trenches represented by 
objects and spreads out in the image. This is only true if the objects are dark in the 
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SummarySummarySummarySummary    

In addition to today's IT, imaging and manufacturing technology, it has been possible to 
take microscopic images of a very large number of samples in foundry material testing 
laboratories. Classical computer image analysis methods require expertise in several 
disciplines and are not fully automated. Persons performing measurement and / or 
evaluation need metallographic, materials engineering and in-depth IT skills. There is 
also the possibility of a human measurement error for manual measurement tasks. So 
far, only morphology-specific measurement algorithms have existed for eutectic 
structures with different morphologies. In my thesis I was looking for a solution to 
automate the process of image analysis, to minimize the need for human intervention, to 
develop a uniform procedure for every eutectic structure. The first task is to make the 
images suitable for automatic computer image analysis. The second task is to determine 
the morphology of the eutectic structure. The third task is to measure the area and 
perimeter of individual objects, as well as to measure the distance between adjacent 
objects, and to characterize the arrangement of the objects. 

There are also image transformation operations based on cellular automation in 
classical computer image analysis. Both binary and grey images are suitable for use as a 
cellular automata universe. A common error in the imaging process of an optical 
microscope is the unevenness of the backlight. It can be corrected with a Lava-flow 
algorithm-based cellular automaton so that there is no need to use another image. With 
the help of a deterministic erosion cellular automaton, it is possible to generate a data 
set, which can then be used to determine the shape of the objects in the image using time 
series analysis. With the help of a stochastic dilatation cellular automaton, a data set can 
be extracted from the image, which can be used for hierarchical cluster analysis. From 
this, the arrangement of the objects can be determined. The distance between adjacent 
objects can also be extracted from the data of the cellular automaton. These algorithms 
can be used in both optical and scanning electron microscopy images. The minimum 
object size required for the method to be applicable is such that the object disappears 
from the image only after five erosion steps. In the case of smaller objects, its shape can 
only be determined with great uncertainty. This limitation is also true for classical image 
analysis methods due to the pixel nature of the image. The methods were validated on 
SEM images, lamellar Al 3 Cu, spherical Al 3 Ni images. Optical microscopic images were 
used for spherical, compact, <snake-like=, lamellar cast irons and refined and unrefined 
Al 3 Si eutectics. The shape recognition algorithm was applied to each structure and the 
manual area and perimeter were checked. The result of the shape recognition was 
checked visually. Using a cellular automation algorithm based on stochastic dilatation, 
the distance between adjacent objects was measured. Using the data, a hierarchical 
cluster analysis was carried out. With the help of the methods presented here, the 
personnel performing image analysis need less IT expertise, and human intervention can 
be minimized. This speeds up the image analysis process, making it possible to analyse a 
large number of samples as the measurement accuracy increases. Furthermore, 
automation allows the image analysis system to be integrated into industry 4.0 
technologies. Taken together, this can enable a plant to produce cost-effectively, 
efficiently and with high quality. 



 


