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A B S T R A C T

The mechanical properties of modern multi-phase materials significantly depend on the distribution, the shape
and the size of the microstructural constituents. Thus, quantification and classification of the microstructure are
decisive in identifying the underlying structure-property relationship of a specific material. Due to the com-
plexity of the microstructure in modern materials, a reliable classification of microstructural constituents re-
mains one of the biggest challenges in metallography.

The present study demonstrates how data mining methods can be used to determine varying steel structures
of two-phase steels by evaluating their morphological parameters.

A data mining process was developed by using a support vector machine as classifier to build a model that is
able to distinguish between different microstructures of the two-phase steels. The impact of preprocessing and
feature selection methods on the classification result was tested.

1. Introduction

The microstructure of advanced steels is usually controlled by so-
phisticated thermo-mechanical processing or heat treatments post hot
rolling [1]. Depending on chemical composition and process control,
the microstructure of such steels may consist of a range of different
phases. If the microstructure consists of more than one phase, the
properties of the material strongly depend on the type and distribution
of the respective phases [2]. Therefore, it is crucial to determine the
type and amount of the different phases in order to assess the under-
lying structure-property relationship. Traditionally, microstructures of
steels are characterized by using standard metallographic procedures
based on chemical etching and light optical microscopy (LOM) and they
are classified by comparing the microscopy images with reference
series.

Especially for steel and its complex microstructures the comparison
with reference series is strongly dependent on the expert’s subjective
opinion. Nonetheless, steel is still one of the most widely used materials
because of its excellent mechanical properties and the huge variety of
applications [3]. Therefore, there is significant interest in the de-
volvement of objective quantification techniques for steels.

In order to characterize steel, the microstructures can be etched for
example with a structure etching such as Nital [4] or color etching

techniques like Beraha‘s etchant [5]. Due to different contrasts obtained
by etching the ferritic matrix can be distinguished from a pearlitic,
bainitic or martensitic second phase. However, these etchings are lim-
ited to empirical approaches and quickly reach their limits, especially
for the discrimination of different phase constituents in steels that ex-
hibit more than two phases. Furthermore, the microstructures of com-
plex multi-phase steels are usually too fine to be resolved by light op-
tical microscopy. A proper characterization requires modern
metallographic techniques such as high resolution scanning electron
microscopy (SEM) or electron back-scatter diffraction (EBSD) [6,7].
Therefore, any approach aiming at identifying the phase constituents of
multi-phase steels has to rely on morphological or crystallographic
parameters accessible by these techniques [8–13].

Recently, several studies have focused on EBSD for the micro-
structural characterization of steels, as this technique can provide direct
information on the phase composition [6,7,8,14]. For example, in Ref.
[14] a multitude of steel grades from different manufactures has been
studied and an EBSD-based classification model was proposed. It was
shown that the kernel average misorientation (KAM) deduced from
EBSD measurements can be used to distinguish between ferrite, bainitic
ferrite and martensite. Although those EBSD-based approaches have
proven to work out for some steels, the phase separation by means of
EBSD is very subjective as it strongly depends on a proper selection of
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the preparation, measurement and evaluation parameters [14].
A completely new approach for the classification of microstructures

using data mining methods was presented by Velichko et al. [15]. Data
mining is the process of knowledge discovery in datasets [16]. It sum-
marizes all analysis procedures required in order to identify interesting
trends and patterns within data and includes data preparation and data
modeling. Various models can be constructed, depending on the re-
search goal. In order to properly interpret the models, standard eva-
luation and statistical procedures are needed [16]. In their study, Ve-
lichko and coworkers have used data mining methods to classify the
different graphite morphologies in cast iron by using a support vector
machine (SVM) as a classifier. A SVM is a binary classification method
that takes labeled data from different classes as input and outputs a
model for classifying new unlabeled/labeled data into different classes.
Basically, Velichko et al. have deduced morphological parameters from
optical micrographs of several reference samples and analyzed the large
quantity of data with a data mining tool. This enabled them to find
trends, clusters or anomalies as well as relations between the mor-
phological parameters in the data which were characteristic for the
graphite morphologies and could be used to derive a classification
model. This model was tested on independent samples and showed a
classification accuracy of about 95% for most of the different graphite
morphologies. Unlike classic metallographic procedures, the data
mining approach has the advantage of not having a scope for a sub-
jective interpretation of the microstructure. A similar data mining-
based approach was used by Liu et al. for the classification of complex
steel structures [17]. In their study, workflows were developed using a
nearest neighbors (kNN) classifier and pixel-based parameters to clas-
sify steels using light microscopy images of single-phase pearlitic
samples and samples with a mixed microstructure. For steel with two
classes they found good agreement in terms of the phase fraction in
comparison to manual classification results. For pearlite the classifica-
tion workflow could not be used, so in a first approach artificially
created structures were tested, which reached 93.8% accuracy. DeCost
and Holm showed that a classification of 7 different materials (ductile
cast iron, gray cast iron, malleable cast iron, annealing twins, brass
hypereutectoid steel and superalloy) with visual features can be per-
formed by using one SVM model for each image class. Their classifier
system reached a cross-validation accuracy of 83% [18].

Besides data mining, deep learning methods can be applied for the
classification of microstructures. For example, Chowdhury et al.
showed in a case study that pre-trained neuronal networks could be
used for feature extraction from images of alloys of varying Sn–Ag–Cu
compositions showing dendritic structures. With these features they
reached maximum classification accuracies of 97% by using linear SVM
as a classifier in order to distinguish between microstructural images in
terms of the presence of dendrites [19]. Although deep learning
methods have recently received considerable interest and might be used
for microstructure classification [20,21], with convolutional neural
networks (CNNs) the features of the classification can no longer be
accessed and thus the material-based background is no longer given.

The aim of this work is to prove that a data mining process in
combination with traditional microstructural parameters can be used as
a means to objectively classify the microstructure of two- phase steels
with a ferritic matrix using the SVM as a classifier. The structure of the
data mining process is described and different preprocessing and data

split options are discussed. In contrast to the graphite morphologies in
cast iron, typical microstructures of steels are more complex because of
the substructure. Therefore, the classification is based on morphological
parameters extracted from light optical microscopy and electron mi-
croscopy images. In order to reach a high degree of generalization a
large amount of data is used to train the model. In a first step, a da-
tabase is generated that contains a considerable variety of structures
and objects representing the different classes of microstructures, which
are then used to train the model.

2. Experimental

The principal approach of the data mining-based classification de-
veloped in this study is illustrated in Fig. 1. The different steps of
sample preparation, etching and microscopy have to be performed to
get an image of the microstructure. Next the image has to be converted
to a binary image and the parameters to build the data mining model
have to be measured. The data were preprocessed and the number of
parameters was reduced by feature selection methods. With the final
model microstructures can be classified by their parameters.

2.1. Material

In order to obtain a representative amount of data for the training
and testing of the classification model a large number of samples with
well-defined microstructures is required. For this purpose, samples from
thermo-mechanically rolled steel plates with a carbon content of ap-
proximately 0.06 wt-% and two-phase microstructures consisting of a
ferritic matrix and either a pearlitic, martensitic or bainitic second
phase were used. In total, 2586 s phase grains – hereafter called objects
– with a martensitic, 564 with a pearlitic and 1326 objects with a
bainitic second phase were investigated on the basis of different sam-
ples.

2.2. Sample preparation

For the microstructural characterization, cross-sectional samples
were taken from the as-received material with the plane of view parallel
to the rolling direction. The specimen were ground with 400–2500 grit
SiC abrasive paper and then polished successively using 9, 6 and 3 µm
diamond suspension. Subsequently, a 120 s OP-S polish was used to
obtain the final surface finish.

2.3. Etching

The samples were etched with a modified Beraha etching solution
consisting of 3 g of potassium metabisulphite and 100ml of water to
contrast the second phase in the ferrite matrix. The etching was applied
for an etching time of 35–50 s depending on the type of the second
phase. The relatively short exposure time in combination with the
Beraha etching had the advantage that no structural etching appeared
on the matrix while the second phase objects were nicely visualized and
appeared dark in the light microscope [22]. Furthermore, the sub-
structure of the second phase was also accessible at higher magnifica-
tions in the SEM, which was crucial in order to distinguish the different
types of second phase.

Fig. 1. Steps of the different methods used to get the
data for the data mining classification.
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