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Abstract
Metallic eutectics play an important role in casting technology and properties. For this reason, the study of eutectics micro-
structure is indispensable in the casting qualification. Eutectics have many similar characteristics, including the morphol-
ogy, size and spatial arrangement of eutectic phases. This makes it possible to develop a method of general use based on 
analyzing eutectic microscopy images. The method presented in this article performs a posteriori background correction for 
OM images. The shape and size of phases are determined using cellular automata and machine learning. Another cellular 
automaton and cluster analysis characterizes the spatial arrangement of eutectic phases. It can also be used to determine the 
distance between objects both locally and within a given object group. The algorithm is suitable for exploring and examin-
ing the spatial clustering of objects. The methods can be included in an algorithm, so a detailed examination of the eutectic 
microstructure can be carried out. The method was tested on micrographs of Al-Cu, Al-Ni, Al-Si and cast irons.
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Introduction

Eutectics are encountered in a wide range of material sys-
tems [1–3], but metallic eutectics have industrial importance 
[4, 5]. Casting exploits their low melting point and favorable 
properties for mass production [6]. Aluminum and its alloys 
are being increasingly studied for industrial applications [7, 
8], and aluminum castings play a major role in this field [9, 
10]. In addition, cast irons are produced in large quantities 
as high-performance castings [11, 12]. The properties of the 
eutectic microstructures, and thus the properties of the cast-
ings, are largely influenced by eutectic crystallization and 
its structure [13, 14]. Eutectics can be grouped according to 
the phase shape, such as plate, rod and vermicular [15]. The 

degree of regularity of the phase arrangement can be deter-
mined by the regularity or irregularity of the eutectic [16]. 
In addition, the size and arrangement of the phases are also 
determined by the crystallization parameters [17]. In other 
words, describing the eutectic microstructure is a complex 
task. Stereology has long been concerned with describing 
the arrangement and average geometric properties of regular 
or irregular, rod-like or lamellar structures [18]. Based on 
the stereological context, various elaborate image analysis 
procedures were developed to provide solutions to a given 
testing problem of a given eutectic. The description of a 
regular lamellar structure is a well-defined problem [19]. 
However, in the case of irregular plates, the problem is not 
as clear, and therefore, several solutions have been devel-
oped [20–22]. The driving force for this is the investigation 
and characterization of aluminum-silicon eutectics. Another 
frequently studied problem is the investigation of cast irons, 
including gray and CGI (compacted graphite iron) castings 
[23–26]. Separating spheroidal and nonspheroidal graphite 
grains by shape is also necessary, especially for CGI cast-
ings, for which several solutions have been proposed [27, 
28]. Characterizing regular rod-like eutectics can also be 
considered a simple task if we do not consider eutectic cells 
and degenerated parts [29, 30]. We also encounter sev-
eral issues if we consider this task in terms of complexity. 
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Almost all eutectic characterizations raise the issue of phase 
arrangement, which is the exploration of eutectic cell struc-
tures [31]. Numerous tasks have initiated several solutions 
that share common stereological principles but are neverthe-
less distinguished by the procedures and evaluation methods 
used. In all mentioned cases, for eutectic structures, it is 
useful to develop a method that can be applied in almost all 
cases, for all morphologies, either for examining castings 
with hypo- or hypereutectic compositions or for the exami-
nation of castings with hypoeutectic or hypereutectic com-
positions, and to provide qualified results. Today's digital 
tools provide a wide range of possibilities in image process-
ing and analysis tasks [32]. Digital image analysis is, there-
fore, currently used in almost every aspect of life [33]. Many 
computational methods have been applied that would not 
have been conceivable without the spread of digital comput-
ers [34]. One of these old and well-developed computational 
methods is cellular automata, which can be found in many 
cases in digital image processing methods [35, 36]. Cellular 
automata are discrete dynamic systems which consist of a 
regular grid of cells. Each cell has one of a finite number of 
predefined states. The automata compute the evolution of 
states based on the local interactions between the neighbor-
ing cells in the grid. A great advantage of cellular autom-
ata is that both the digital representation of the image and 
the imaging devices fit well with the basis of the method, 
which provides the aforementioned applications [37]. Cel-
lular automata were chosen as the basis of the developed 
method for analyzing eutectic micrographs because of the 
computational advantage it provides [38]. Of course, this 
is true for image processing, i.e., the description of visual 
information with numerical data. However, evaluating these 
data requires other state-of-the-art solutions. Cluster analysis 
[39] and machine learning algorithms [27] are widely used 
in image processing and analysis. Cluster analysis provides 
several possibilities and algorithms for classifying similar or 
close objects in each manifold into groups [40]. Of course, 
when analyzing eutectic structures, the spatial arrangement 
of the eutectic phases is the main issue where these meth-
ods can be applied. Machine learning algorithms are also 
preferentially used in image analysis, for example, shape 
classification [41] and, thus, for shape characterization [42]. 
The role of shape description is twofold in the analysis of 
eutectic structures. The morphology of the eutectic phases 
must be recognized. For a known morphology, the stereo-
logical relations already define the linear dimensions, such 
as distances. However, as mentioned in the case of cast irons, 
the individual shapes must also be recognized to qualify the 
cast iron. Several possibilities for classification exist. We 
have chosen the support vector machine (SVM) algorithm 
for its simplicity and robustness [43]. Although it is basically 
a binary classifier, it can be easily used to create a multiclass 
classifier. Cellular automata, cluster analysis and SVM have 

the advantage of allowing microscopy images to be analyzed 
without user intervention. However, this requires images of 
a quality that can be processed by the algorithms in all cases 
and the correct result obtained. This requires an analysis of 
the characteristics of microscopy images [44, 45]. Images 
of eutectic specimens need to be segmented before analysis, 
and segmentation requires images with good contrast ratios 
[46]. This can be easily achieved for both OM and SEM 
images, considering that the algorithms chosen should not 
involve user intervention. Choosing an algorithm that is not 
parameterizable is recommended so that it can be applied 
to most images [47]. A method that does not require set-
ting parameters from image to image ensures that it can 
be applied to all planned photo recordings without user 
intervention. A common problem in OM images is uneven 
background illumination, which can be easily addressed by 
a priori correction [48]. However, it should also be prepared 
for the case where background correction must be performed 
a posteriori [49]. The conditions for applying such an algo-
rithm are either defined or designed such that it does not 
cause adverse changes in the corresponding background 
illumination image. For example, a grayscale image can be 
seen as a terrain, where height is represented by the intensity 
values of the pixels. Lighter areas of the image are higher 
in this relief, while dark areas lie lower. Uneven illumina-
tion appears as an image-sized terrain element, while details 
in the image are displayed in smaller elevations and val-
leys. Accordingly, we can develop an efficient computation 
procedure for correcting the illumination of the image. The 
lava-flow automaton, a cellular automata method, has also 
provided inspiration [50, 51] for this purpose. Segmentation 
can now be solved using a histogram analysis-based method 
[52]. A method is presented in this paper that can numeri-
cally analyze OM or SEM images taken from eutectic micro-
structures by characterizing the main geometric properties 
of the eutectic with minimal user intervention. Advanced 
algorithms provide a detailed picture of the eutectic under 
investigation. User intervention is increased during the eval-
uation phase when the classification criteria and acceptance 
criteria are defined. Their fulfillment is verified.

Materials and Methods

Our aim was to develop an automatable method requiring 
minimal user intervention, which can be generally applied to 
the analysis and classification of eutectics of multiple mor-
phologies, even in hypo- or hypereutectic alloys. In addition, 
another aim was to develop a method suitable for the analy-
sis of OM and SEM images. The automatic image analysis 
algorithm can extract the following data from microscopy 
images of the eutectic microstructures under investigation: 
(i) the morphology of the eutectic phases (plate, spherical/
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rod, compact, vermicular), (ii) the characteristic linear size 
of the phase corresponding to the morphologies and (iii) the 
distances between objects and the fact of clustering. When 
clusters are defined, the size of the clusters can also be inves-
tigated. The first step in the computation is to determine the 
morphology of the second phase since this is the basis for 
interpreting its characteristic linear size (Fig. 1). For this 
purpose, a cellular automaton implementing deterministic 
ultimate erosion was used. In each step, each pixel of the 
contours of the second phase (i.e., objects) is removed. In 
each cellular automata step, the perimeter (P) and area (A) 
of the objects are recorded in a database. The area is deter-
mined by counting the pixels belonging to the object, and the 
perimeter is determined by counting the pixels that make up 
the contour, as shown in Fig. 2. Several other geometrically 
more accurate approximations of the digital perimeter are 
also used, but they represent more detailed calculations than 
simple counting. In our effort to be as close as possible to 
cellular automata applications, counting is technically the 
appropriate estimation method. However, it follows from the 
method that this approximation also provides adequate accu-
racy for the goal. The cellular automaton, which performs 
an ultimate erosion, runs until all pixels associated with all 
objects have disappeared from the image. Once the database 
has been built, the relation (1), which approximates the com-
pactness of the objects, is used. The compactness value (R) 
of each object is calculated at each cellular automata step. 
This dataset serves as input to a support vector machine-
based classification procedure, which performs the classi-
fication as follows.

For each cellular automata time step, the compactness of 
each object is classified. Since the SVM is a binary classi-
fier, the procedure separates objects with a plate morphology 
from those with a nonplate morphology in the first step. 
Then, it separates the vermicular from the non-vermicular 
objects, which excludes plate-like objects. It then separates 
the compact objects from the spherical objects in the same 
way. Three SVMs classify the objects one after the other 
in the order described. In each automata step, the object is 
assigned to one of the classes. At the end of the process, 
the object is assigned to the class that has received the most 
votes until the last step. In training the SVM, we used all the 
eutectic objects under consideration and all the morpholo-
gies of the objects that occurred to make the classification 
as broad as possible. The training dataset consisted of 40 
elements. Testing showed 94.4% accuracy. The SVM param-
eters are as follows: Cost = 1.00 (penalty term for loss in 
SVM method); ε = 0.10 (distance from true values within 
which no penalty is associated with predicted values in SVM 
method); kernel function: tanh(gx·y + c) where g = 0.02; and 
c = 10. At the end of the classification process, information 
on the morphology of all objects is available, allowing the 
size to be interpreted. The size is interpreted by class, as 

(1)R =
P2

A

Fig. 1   Determining dimension on typical morphologies of eutectics. 
Thickness of a lamellar object shown on (a). Thickness of a vermicu-
lar object shown on (b). Bounding circle's diameter of compact object 
shown on (c). Diameter of spheroidal/rod shown on (d)

Fig.  2   Measuring method of an object's perimeter. The measured 
perimeter are those of the pixel sides of the pixel whose Moore's 
neighbor is the background. The green color indicates the boundaries 
of the pixels—for ease of understanding, the pixels of the object are 
white and the background is black. The counted pixels are along the 
red line
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shown in Fig. 1. The size of the objects is d = tn*sf/2, where 
d is the characteristic linear size, tn is the cellular automata 
step needed to make the object disappear, and sf is the scal-
ing factor (µm/pix), which is the real size of a pixel. Infor-
mation on both shape class and linear size is available for 
each object. Thus, both individual and average evaluations 
can be performed based on the given parameters. How-
ever, for the characterization of eutectic structures, this is 
not enough data. An analysis of the spatial distribution of 
phases is also necessary. The task of the second measuring 
cellular automaton is to determine the distances between 
objects. In this case, each object is given a unique iden-
tifier (labels) before the computation. During the cellular 
automaton operation, the objects undergo stochastic dilata-
tion at each cellular automaton time step. When the objects 
are merged, the number of dilatation steps and the identi-
fiers of the merged objects are recorded in a database. A 
dendrogram can be subsequently generated, from which the 
distance between the objects can be read and the cluster-
ing can be displayed after the operation of the mentioned 

automaton. Images taken with a Zeiss Axio Imager M1m 
optical microscope at different magnifications were used 
to study the materials under investigation. In addition, to 
ensure the fineness of the microstructure, images were taken 
with a Zeiss EVO MA10 scanning electron microscope. The 
materials investigated are Al-Cu, Al-Ni, graphite cast iron 
and Al-Si eutectics. The selected material samples from 
various research projects were provided by the Laboratory 
of Metallography of the Faculty of Materials and Chemical 
Engineering at the University of Miskolc [2, 3, 29–31]. For 
optical microscopes in brightfield mode, uneven background 
illumination can prevent automatic segmentation of images 
based on histogram analysis. A lava-flow automata-inspired 
algorithm was developed to overcome this error that can be 
applied to all types of images. Images that have this error are 
corrected, but images without the error are left unchanged. 
Therefore, automatic measurement algorithms can process 
images with uniform intensity ratios. The algorithm also 
has the advantage of performing a true a posteriori cor-
rection so that no image other than the original image is 

Fig. 3   The workflow of the 
automatic image analysis. In the 
first step, input image is con-
verted to YCC (luma, blue- and 
red-difference chroma) color 
encoding, only the intensity 
value remains. The next step is 
lava-flow background correc-
tion. The following stage is the 
ITER autosegment algorithm. In 
the fourth point, the first cellular 
automaton collects the data of 
objects by erosion. Black is the 
background, the brighter parts 
of objects are the more eroded 
parts. In the following step, 
the morphology of objects can 
be determined by SVM. In the 
next stage, the second cellular 
automaton collects the data 
between objects. In this case, 
the background is white, the 
initial state of objects is black, 
and during the dilatation, the 
brighter parts are more dilated. 
Using these data, the clustering 
can be visualized in eight and 
ninth steps
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needed. The introduced parts of the analysis algorithm used 
are shown in Fig. 3. First, the color images are converted 
to grayscale. Background correction is then applied to the 
resulting image. Then, the method segments the images 
using the ITER (iterative selection method) procedure [53, 
54]. The matrix phase and the second phase are selected 
(the largest area of the matrix phase is bounded by the edge 
of the image). The objects are labeled, and the method ulti-
mately results in erosion. Moreover, classification is also 
performed. Then, stochastic dilation of the segmented and 
labeled images is performed. The dendrogram is built from 
the registered merging of the objects. The evaluation of the 
dendrogram can be performed manually, but our method 
proposes an automatic solution. From the dendrogram, the 
number of merges associated with each cellular automata 
step can be derived by counting. When there is a sudden 
jump in the number of merges, the method proposes a clus-
tering option. Of course, when the groups are also grouped, 
the procedure provides several suggestions, from which the 
user only needs to choose the group to use for evaluation 
and qualification. However, this is no longer the result of 
the image analysis but part of the dendrogram analysis, from 
which more detailed information can be extracted (distance 
within groups, distance between groups, etc.).

Results and discussion

Several methods have been proposed and used to correct 
a posteriori data for uneven background illumination. The 
reason for developing a new method is to ensure a good 
fit with the other methods of the whole procedure, i.e., to 
allow as much of the workflow as possible to be performed 
without changing the architecture. Uneven backlight illu-
mination significantly affects the measurements of OM 
images because it complicates the segmentation operation. 
Automatic segmentation algorithms without arguments 
do not work properly on images with this error (Fig. 4). 
This issue has been addressed in the literature [48, 49], but 
microscope manufacturers also include background correc-
tion algorithms in their own software. A common feature of 
these methods is that the correction requires another image. 
This image contains only a well-illuminated background. 
However, these images are not always available, which is 
why it is necessary to perform a posteriori correction. A 
method is needed that eliminates this major drawback when 
segmenting. In fact, the developed method is used to pro-
duce missing images for background correction. The method 
chosen to correct the background illumination is based on 
the lava-flow algorithm, which is used to predict the direc-
tion of lava flows. Using this method does not require even 
a preprocessed image of the background; only the existing 
micrograph is needed for the correction. For the analysis, 

the color images are also converted to grayscale images, so 
the algorithm is based on a 256-state cellular automaton. In 
the first step, the position of the area of maximum brightness 
and its value are determined in the image. This is, in fact, 
the location of the lava eruption. In determining the area, the 
image is first cropped to four equal pieces, then the brightest 
area is selected, and the brightest area is cropped again in the 
same way; then, the brightest area is selected. This process 
continues until the area is no larger than ~ 3x4 pixels. The 
boundary conditions are then defined. In the present case, 
this means that the two adjacent edge pixel rows at the edges 
of the image are made equal regarding the intensities. Then, 
a gray linear close morphological operation is performed 
on these pixel rows and columns. Along each border, the 
intensity value is changed by the maximum intensity value 
of that pixel row or column. This operation creates a barrier 
that then controls the flow of lava off the image, i.e., the lava 
does not flow off the image abruptly. In the case of flowing 
lava, the density of the lava is assumed to be constant, i.e., 
the flow velocity in all directions is determined only by the 
intensity gradient, and we obtain Equation (2). The relief 
that determines the lava flow is the surface built up from 
the intensity values of the pixels in the image. This formula 
can, in fact, be derived from the finite difference method; 
only in this case can the states be integer values between 
0 and 255. This operation can be interpreted as a flowing 
lava analogy, in which case the lava has a lower viscosity 
and does not contain solids or erodes the surface. The lack 
of erosion affects the character of the original image only in 
that the lava fills the trenches and holes represented by the 
dark objects and spreads out across the image to the extent 
defined by the barrier at the edges of the image. During cel-
lular automaton operation, the lava spreads out, as shown 
in Fig. 4. At each step, the cellular automaton performs the 
operation described by the following formula:

where P is the intensity value of a given pixel, n is the cur-
rent step of the automaton calculating the dilatation, i,j is the 
coordinate of the pixel in the image, and A is the flow con-
stant. The convergence condition of the finite difference 
method holds for its value, and the proposed value is 0.1. 
The process described thus far works correctly only if the 
objects in the image are dark; otherwise, the image must be 
inverted pixelwise. The matrix phase and the objects can be 
determined by their intensity values and the fact that the 
matrix phase is the object with the largest area in the image 
that is in contact with the boundary of the image. The 
automaton operation continuously fills the trenches and 
holes provided by the dark objects. The termination condi-
tion is when there is no longer a change in the intensity 

(2)
P(n + 1)i,j = P(n)i,j

+ A
(

P(n)i+1,j + P(n)i−1,j + P(n)i,j−1 + P(n)i,j+1 − 4P(n)i,j
)
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surface of the image due to lava flow. Of course, if images 
to be inverted are known and similar, a fixed automatic step 
can be defined as a termination condition. If the automaton 
stops, then this correction image will return the illumination 
error. After running the cellular automaton, the corrected 
image is subtracted from the original image and inverted if 
necessary, and an autocontrast operation is performed. The 
image no longer shows the error caused by the uneven back-
ground (Fig. 4). The autocontrast algorithm searches the 
image for the exact minimum and maximum intensity values 
and then provides the current pixel intensity value for the 
full range of values. Two cellular automata have been devel-
oped to perform measurements on images. One method is 
based on continuous stochastic dilatation of objects, and the 
other method is based on ultimate erosion. The first is suit-
able for analyzing the shape and size of objects, while the 
second provides a method for analyzing the arrangement of 

objects and clustering. The shape recognition algorithm is 
also based on a cellular automaton that generates data to 
analyze the shape and size of objects. In this cellular autom-
aton, the first step in the segmented image is to label the 
objects. The image is also the cellular automata universe 
using neutral boundary conditions. An ultimate erosion of 
the objects occurs. In other words, the automaton erodes the 
binary image until the objects disappear completely. At each 
cellular automata step, the area and perimeter of the objects 
are registered. When determining the perimeter, pixels that 
belong to an object and have neighbors that belong to the 
matrix phase are counted. When the area of an object is 
defined, the number of object pixels is counted. Both tasks 
can thus be performed by simple pixel counting. From the 
area and perimeter data of the objects, the compactness 
value is calculated in each cellular automata step. Compact-
ness is one of the most widely used basic features. We make 

Fig. 4   Automatic background 
correction using modified lava-
flow algorithm. Input image 
of correction algorithm, with 
incorrect background. Red line 
indicates the cross section. a 
Corrected gray image after 
autocontrast applied. Red line 
indicates the cross section. 
b Intensity values along the 
marked cross section on the 
input image. The slope can be 
observed which is caused by 
uneven background illumina-
tion. c Intensity values along 
the marked cross section on the 
output image. The slope was 
eliminated. d Segmented image 
by ITER algorithm. The uneven 
background prevents automatic 
segmentation algorithms from 
working correctly. e Segmented 
image by ITER algorithm. 
Using the corrected image as 
input of autosegment algorithm. 
The result is a usable binary 
image by CA algorithms (f)
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it much more specific by giving compactness values as a 
function of cellular automata steps. Microscopy images of 
the eutectic phases revealed four basic groups of shapes: (i) 
lamellar, (ii) vermicular, (iii) compact and (iv) spherical. It 
is necessary to mention that evaluating rod-like eutectics 
requires care due to the specific rod sections. Shape classi-
fication cannot be resolved by a single shape attribute, but 
the number of shape attributes that can be derived from a 
simple count of pixels is limited. For this reason, following 
the change in compactness throughout erosion is necessary. 
The resulting automaton step–compactness function will 
more clearly separate these mentioned groups. Considering 
the shape functions given by discrete points, the classifica-
tion can be solved efficiently using an SVM. The SVM is a 
binary classifier, but four groups must be distinguished from 
each other. Here, the advantage of the compactness interpre-
tation is taken. Looking at the functions, Fig. 5 shows that 
the plate morphology can be separated from the other three 

subsets in the first step. The full automaton step–compact-
ness function can be evaluated using SVM by performing 
the classification at each step so that for each step, whether 
the SVM considers the object to be plate-like is obtained. 
The decisions as votes are analyzed rather than for the entire 
function. If most of the votes consider the object to be a 
plate, then the object is lamellar; if not, then it is put into a 
set to be reclassified. If the object is lamellar, then the num-
ber of steps for total erosion is half the thickness of the plate 
in terms of the pixel values, as shown in Fig. 1. The nonplate 
residual object set is classified by another SVM, which sepa-
rates vermicular objects from compact and spherical objects. 
The classification operation is fully equivalent to the plate 
case. The basic parameters of the SVM are identical. Clas-
sification is performed at each erosion step. During complete 
erosion, the object is classified by the SVM into the ver-
micular class most of the time, and then the object is con-
sidered vermicular. Additionally, in this case, the thickness 

Fig. 5   Input data of SVM classifiers. Typical data-points of different 
morphologies' circularity values. Each morphology has different cir-
cularity values during erosion. This phenomenon can be utilized by 
SVM classifiers in order to determine the type of morphology. a In 
each CA time step, the votes are counted. Type of morphology was 
determined by sum of total votes. Blue field indicates data-points 

which belong to the determined class. In the first step, SVM classifies 
the lamellar and non-lamellar objects. b In the second step, another 
SVM classifies the vermicular and non-vermicular objects. c In the 
following step, third SVM classifies the compact and spheroidal 
objects (d)
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of the object will be two times the number of steps for the 
total erosion. The last step is to separate the compact and the 
spherical classes. In this case, the algorithm proceeds in the 
same way as for the previous two shapes. A third SVM clas-
sifies the objects in the erosion steps. In this case, a truly 
binary classification is implemented, i.e., the SVM classifies 
the eroded versions of the object into either a compact or a 
spherical class. Regardless of which subclass receives the 
most votes, the classifier assigns the object to it. In either 
case, the longest string that can be drawn into the object, i.e., 
the diameter, can be calculated from the number of steps for 
the total erosion as described above. A classifier is a multi-
class method that uses three SVMs to perform classification. 
In addition, SVMs of the same structure operate in the algo-
rithm, which performs the classification at each erosion step. 
The classification results can be determined simply by 
counting the votes as describedabove. In each case, we can 
calculate the characteristic linear size of the object from the 
steps required for ultimate erosion, which is either the sheet 
thickness or diameter, depending on the shape. Of course, 
during evaluations, the main issue is not the individual size 
of individual objects but the average values projected over 
the eutectic as a whole or, in the case of clustering, over the 
whole of the objects constituting the group. Classification 
accuracy is important for value correctness. This is also 
important for individual SVMs, but how the entire classifica-
tion algorithm works is much more important. In the case of 
machine learning algorithms, classification accuracy 
depends on the training, especially on the quality of the 
learning dataset. During training, we ensured that all the 
classes were adequately represented in the learning database. 
In addition, we ensured that various eutectics were also suf-
ficiently represented. The training was carried out by taking 
pictures of 40 objects. This is why we obtained 94.4% accu-
racy (95.6% sensitivity and 98.8% specificity) for classifica-
tion when testing the method (Fig. 6). We also examined the 
size determination in the case of the test data series. Here, 
we used classic manual measurements to estimate the thick-
ness and diameter of the test objects. With the presented 
procedure, the measured dimensions were obtained with an 
accuracy of + /- 2%. Both the shape classification and size 
determination are significantly influenced by the image reso-
lution, i.e., the magnification of the microscopy image. The 
specified precision values are available for objects greater 
than 10 pixels, which gives the minimum magnification 
given the resolution of the imaging device. The method 
developed for analyzing the spatial arrangement of objects 
is based on stochastic cellular automaton. After labeling the 
objects in the original binary image, boundary conditions 
are set. The neutral boundary condition used in the cellular 
automaton procedure is applied. The automaton performs 
stochastic dilation of objects at each step. In stochastic dila-
tion, the displacement of the contour depends on the value 

of a probability variable Pg. The occurrence of dilation 
interpreted for individual contour points is controlled by a 
random number generator. The relation between the proba-
bility determined by the random number generator and Pg 
determines whether the dilation of individual contour points 
occurs. The disadvantage of deterministic, i.e., classically 
applied, binary dilatation is that during the contour propaga-
tion steps, the shape of the dilated object is distorted depend-
ing on the shape of the applied kernel. This distortion can 
be reduced by using a properly selected Pg value. In this 
method, the recommended value is Pg = 0.5. The dilatation 
of objects continues until the objects touch. When two or 
more objects come together, the dilatation step of the merge 
and the label values of the two objects are stored in a data-
base. Merged objects are treated as one object and are identi-
fied as the lowest label value of the merged objects. Thus, 
during the process, fewer and fewer objects will form the 
image and occupy an ever-larger area. Finally, only one large 
object remains in the image. At this step, the continuous 
dilation stops. The spatial arrangement of objects and the 
distance between the objects, and in the case of clustering, 
the groups and the number of groups can be obtained by 
analyzing the database that registers these merging events. 
The easiest way to do this is to construct a dendrogram used 
in agglomerative clustering procedures. This can be done 
clearly and automatically from the database (Fig. 7b). The 
literature on cluster analysis also provides many possibilities 
for the analysis of dendrograms [55]. The first important 
question is whether clustering can be detected in the image 
(Fig. 7a). The recommended method for this purpose is to 
plot the number of branches of the dendrogram as a function 
of the dilation steps. This is actually the number of merges 
created in a given step. When there is no clustering in the 
microstructure and the location of the objects in the image 
is random, we obtain a steadily decreasing trend as a func-
tion of the dilatation steps. However, if in the trend, i.e., in 
the differential of the resulting discrete function, a value 
suddenly increases at a given step, then object clustering can 
be identified. With this analysis method, all typical cluster-
ing options can be filtered. If more than one cluster configu-
ration can be identified, the user can choose which one is 
appropriate for analysis. Of course, analyzing the same func-
tion can also provide information about the regularity of the 
arrangement. Clustering knowledge is important when deter-
mining the distance between objects. After all, two times the 
number of dilatation steps associated with the merging, in 
this case, is the shortest distance between the contours of 
objects. This value is important when analyzing or estimat-
ing the mechanical properties of eutectics. Of course, in this 
step, the linear characteristic size of the objects is known, 
which makes it possible to calculate distances according to 
other distance definitions. In the current solution, the short-
est distance between the described contours is measured as 
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Fig. 6   Classified objects by 
morphology. Legend (a). 
Graphite particles in compact 
graphite cast iron. Each color 
represents a type of morphol-
ogy. b Graphite particles in 
lamellar graphite cast iron. c Si 
phases in Al-Si alloy (d), Al3Ni 
phases in Al-Ni alloy (e), Al2Cu 
phases in Al-Cu alloy (f)

Fig. 7   Clusters in spheroidal graphite cast iron. Objects with the 
same color belong to the same group. This state is the 53th step of 
CA. Each color represents a separate cluster. Object identifiers are 

indicated in order to better understand the dendrogram. a The den-
drogram drawn by data of the second CA. Colored rectangles indicate 
different clusters in CA step 53 (b)
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the distance. This calculation was also verified by comparing 
it with manual measurements in similarly processed images. 
In this case, the results of the manual measurements were 
also obtained with an accuracy of + /− 2%. The same can be 
said about the resolution and magnification of the images as 
for the method used for shape and characteristic linear size 
analysis. Of course, the distance between two selected 
objects is not relevant for describing the eutectic microstruc-
ture. In addition to determining the average for the total 
measures, determining the average characteristic of the clus-
ters and determining the distances between the clusters may 
be important in clustering. These values can also be easily 
extracted both from the dendrograms and from the underly-
ing database. For this analysis, it is important that the user 
is interested in the eutectic microstructure.

As shown in the workflow in Fig. 3, the first is an image 
processing step, in which the uneven backlight is corrected, 
and then the eutectic phases are segmented by the algorithm. 
The first cellular automaton determines the characteristic 
size of the phases and prepares the phase measurement data 
for classification. The trained SVM classifies the dataset and 
determines the class of shape for each object, which can 
be: spherical, compact, vermicular, lamellar. Knowing the 
shape, the characteristic dimension can now be assigned to 
the given phases. This dimension is the diameter in the case 
of sphere and compact, and the thickness of the lamellae 
in the case of vermicular and lamellar. The other cellular 
automaton then determines the distance between the phases, 
which in this case is the smallest distance that can be meas-
ured between the contours of adjacent phases. This value is 
used to construct a dendrogram. So far, the operation is auto-
matic, requiring no user intervention. In the evaluation of 
the dendrogram, the algorithm also makes a suggestion, but 
here the user can re-analyze this to examine the clustering 
in detail. Of course, the dendrogram not only gives average 
distances but also distances within groups. Several eutec-
tic microstructures are shown in Fig. 6, where the phases 
are classified by shape. While the analysis of Al-Ni eutec-
tic yields mostly rod (sphere) objects, in the case of Al-Cu 
eutectic almost all phases are lamellar. In the other cases, it 
is also possible to see the class into which the algorithm has 
classified the objects. For example, for Al-Ni eutectic the 
diameter of the rods is 0.47 µm, while the lamellae thick-
ness for Al-Cu eutectic is 0.335 µm. In the case where both 
spherical and vermicular phases are present in the image, 
using an average value can only be evaluated by knowing 
the shape of the phases. This is because the average 21.5 
µm for spherical phases is the diameter, while for vermicular 
phases, it is the thickness. Of course, knowing the shape, it is 
also possible to specify that the average diameter of spheri-
cal graphite phases is 23.2 µm, while the average thickness 
of vermicular phases is 15.5 µm. When defining distances, 
only the definition of the distance should be kept in mind, 

because it is not the distance between characteristic points, 
such as the centroid, but the minimum distance between con-
tours. This value is preferably used in mechanical models. 
For example, for Al-Ni eutectic structure 1.22 µm, while for 
Al-Cu 0.24 µm. In an ordered structure, this result is easy 
to interpret, but to interpret 86.6 µm in a lamellar graph-
ite structure, the morphology and the arrangement must 
be taken into account. In addition to the microscope image 
itself, the dendrogram is a great help here. Of course, the 
values provided by the method need to be validated, which 
can be done on the basis of the above values and classical 
metallographic measurements on microscopic images in spe-
cific cases, with a proper understanding of the dimensions 
and shape. The method measures linear dimensions in two 
cases. To determine the shape, the contour is measured and 
the specified distance is determined. However, by validat-
ing these two dimensions, the algorithm can be verified in 
general. For the dataset used for shape classification, the 
contour of the phases and the distance between phases were 
measured using ImageJ open source software. The relation-
ship between the automata and the data provided by ImageJ 
is shown in Fig. 8. It can be seen that a linear relationship 
as a function of size is obtained, showing a strong correla-
tion between the linear size measured in both ways for both 
contour lengths and distances. However, the size measured 
in the two ways is systematically different because the slopes 
of the lines are 1.13 in case of distance measurement and 
1.21 in case of perimeter measurement. This difference is 
due to the difference in the interpretation of distance in the 

Fig. 8   Calibration diagrams of the cellular automaton. The distance 
correlation shown on diagram (a), the perimeter correlation shown on 
diagram (b). In both cases, the verifying measures made with Image J 
open source general purpose image analysis application
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two methods. For this reason, Fig. 2 records how linear size 
is defined in the automata which is slightly different from the 
interpretation of ImageJ. This difference is not a problem in 
a qualification procedure given the strong correlation, and 
in the case of comparing different measurements, the recal-
culation based on this analysis is straightforward. The pre-
sented method is suitable for the characterization of eutectics 
with the above morphology, which means the determination 
of the size, shape arrangement and spacing of the eutectic 
phases. The method can do this without user intervention 
for OM and SEM images, as intended. User intervention is 
only required for the analysis of clustering. The method has 
been tested on microscopic images of aluminum alloys and 
graphite cast irons, where the analyses have been success-
fully performed.

Conclusions

The eutectic microstructure is substantially similar in terms 
of the analysis of microscopy images, regardless of the 
morphology of the phases, the structure of the eutectic, or 
whether it is examined in hypo- or hypereutectic alloys. 
This provides an opportunity to develop a generally usable 
method for the analysis of microscopy images of eutectic 
microstructures. There are many possible solutions to this 
problem. Our motivation in the development was to use and 
create procedures and algorithms as close as possible to the 
possibilities of the digital electronic tools used in imaging. 
The digital image provides an opportunity to use the cellular 
automata method, which is a frequently and effectively used 
method in several areas of image analysis. A workflow for the 
analysis of eutectic microstructures was built so that cellular 
automata can be used in most cases. The necessary measure-
ment and analysis procedures should also fit the possibilities 
of the tools used. With this, we should develop an effective 
method that can be used as widely as possible and provides 
as much detail as possible. An algorithm is useful for per-
forming a posteriori background correction while process-
ing OM images. A modified lava-flow automaton is applied, 
the results of which can also be derived from a numerical 
procedure used in other flow problems. The automaton can 
estimate the background image that can be used to make 
the correction. Among automatic segmentation procedures, 
solutions without parameters can be successfully applied to 
corrected images. The ITER algorithm proved to be the best 
for determining binary images of eutectic microstructures. 
With a process based on ultimate erosion, the phases in the 
image can be divided into four predefined shape classes. 
If the shape is known, the characteristic linear size of the 
objects is two times the number of erosion steps required 
for the disappearance of the objects in pixel units. A method 
based on stochastic dilation was developed to investigate and 

determine the clustering of eutectic microstructure phases. 
Depending on the dilatation steps, the merging of the objects 
is recorded. From this, a dendrogram can be derived. Dendro-
gram analysis provides the average distance, possible clusters 
and distances within these clusters. The method was tested 
for regular and irregular, plate, rod, spherical (and rod-like) 
and vermicular eutectics. OM and SEM images of the micro-
structures of Al-Cu, Al-Ni, Al-Si and cast irons were used for 
testing. In each case, the algorithm was useful for describing 
the eutectic microstructure.
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