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A STUDY OF METHODS FOR TEXTURE CLASSIFICATION OF SEM IMAGES
OF MICRO-SURFACES OF OBJECTS AND THEIR SEGMENTATION

Purpose. The goal of this work was to develop and study the methods of texture classification of SEM images of
micro surfaces of objects based on the statistical and spectral characteristics of texture fragments, as well as a
comparative analysis of segmentation methods of SEM images. Methods. The determination of the texture
characteristics was based on statistical moments computed by the brightness histogram of a SEM- image or its region.
The spectral measures of texture of SEM image were based on properties of the Fourier spectrum. To determine the
spectral texture characteristics, the parameters of the amplitude and axial functions were chosen. SEM images were
segmented using four methods, namely: the global thresholding; the region growing; the region splitting and merging;
and the watershed using markers. Results. The experiments on texture classification of the SEM series of soils and
metals images showed the best result of texture classification by the feature of homogeneity compared to other
statistical characteristics. Calculation of the spectral characteristics was used to detect the directionality of periodic or
almost periodic texture elements in the SEM images of metals. Classification results using spectral properties and
homogeneity values made it possible to obtain generalized texture characteristics of SEM images of metals. A
comparative analysis of the four segmentation methods showed that the best result of finding the boundaries of
objects in the SEM image was obtained by the watershed method using markers. Software implementation of texture
classification and image segmentation methods were performed in the MatLab system. Scientific novelty. The
authors proposed a method for classifying SEM-images based on spectral texture characteristics using the parameters
of the amplitude and axial functions. It is shown that the segmentation by the splitting and merging method allows
you to set the conditions for selecting regions with certain texture characteristics in the SEM-image. The practical
significance. A generalized characteristic of SEM-image texture, determined by statistical and spectral
measurements, is that it would be useful for automatic texture recognition and SEM-images analysis. The selection of
regions with certain texture characteristics is the preprocessing step for finding points of interest suitable for the
SEM-image matching and objects recognition.

Key words: scanning electron microscope (SEM), statistical and spectral texture features of the SEM image,
classification, segmentation.

By texture we mean a region of an image that has
uniform statistical characteristics which can be

Introduction
Texture is an important source of image in-

formation. Automatic texture analysis is widely used in
the study of metallographic and fractographic SEM
images, micro images of biological structures, and
soil samples. Texture features play an important
role in the analysis of medical images [Rangayyan,
2005; Melnik, 2012], images of semiconductor
heterostructures [Noman, et al., 2014], to detect
surface defects (steel, textile, tile, wood, etc.)
[Tsapaev, et al., 2012; Neogi et al., 2014], and for
assessing food quality [Gonzales-Barron et al.,
2006; Przybyl et al., 2019]. Texture is the basis for
creating digital textured microrelief models
[Khokhlov, et al., 2012].

described using some features. Characteristic features
are usually understood as characteristic properties
common to all textures of a given class [Haralick,
1979]. Features of textures are used for their
classification and when subdividing the image into its
constituent parts it is termed texture segmentation
[Zavalishin, 1975; Polyakova et al., 2008]. Statistical,
structural, spectral and fractal approaches are used to
describe textures [Haralick, 1979; Potapov, 2003;
Rangayyan, 2005; Fisenko, et al., 2008; Melnik &
Shostak, 2009; Hu, 2017]. Among the statistical
characteristics (moments) of texture fragments, and
more informative, are considered the measures of
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entropy, homogeneity, and brightness [Shapiro, et al.,
2001; Forsyth, et al., 2004].

A brief review of related studies

A review of image texture analysis methods
from 2001 to 2014 was given by Bagalkote &
Vibhute, 2015. Various aspects and methods of
texture analysis have also been proposed [Bavrina,
et al., 2002; Gray, et al.,, 2006; Gulakov, et al.,
2011; Visilter, et al.,, 2011; Bogucharsky, et al.,
2014;]. Over the past years, approaches to the
analysis of image textures can be found in the
reviews [Tuceryan, M., 1998] for 1962-1993,
[Materka, et al., 1998] for 1965-1998.

Reviews of classification methods were presented
in [Lu, 2007; Jing, et al., 2009; Cord, et al., 2010;
Asatryan, et al., 2014; Cavalin, et al., 2017]. The
texture features for image classification were
described in a review [Kolodnikova, 2004].

Methods of image analysis based on segmentation
were given in [Manjunath, et al. 2005; Liu, et al.,
2006; Szumilas, et al., 2006; Madasu, et al., 2007;
Kupriyanov, 2008; Sizov, et al., 2011; Bhosle, et al.,
2013; Goldueva, et al., 2015; Sparavigna, 2016].

Other related studies included an influence of
various types of noise on the process of images
segmentation [Lee, et al., 2008; Al-Janabi Akil
Bahr Tarkhan, et al., 2014] and an analysis of the
types noise arising in SEM images [Ivanchuk,
Tumska, 2017]. In [Haindl, et al., 2016], an adaptive
strategy is proposed for selecting more interest
points in textured areas to find the corresponding
points in a pair of images.

The theoretical basis of all aspects of image
processing was considered in the works of scientists:
Shapiro and Stockman, 2001, Forsyth and Pons,
2004, Gonzalez and Woods, 2005. The theory and
examples of solving specific image processing
problems using the MatLab and Image Processing
Toolbox (IPT) functions can be found in [Gonzalez,
Woods and Eddins, 2006].

This study will propose the methods of
classification of SEM-images based on statistical
and spectral texture characteristics and the comparison
of the various methods segmentation.

Classification of SEM-images of soil samples by
statistical texture measures

The studies were based on the processing of a
series of SEM-images of the samples soils, metals,
and erythrocytes obtained from SEM “Hitachi S-8007,

SEM JCM (JEOL, Japan) and SEM “Stereoscan
S4-10” in the range of magnifications from 1,000x
to 3,000x; the frame sizes were 4749 mm (metal),
55x60 mm (erythrocytes) and 54.6x62.4 mm (soil).
The images (film) were scanned at the resolution of
300 dpi and stored in JPEG format with image sizes
on the order of 554x576 pixels (metal), 650x710
pixels (erythrocytes) and 645%737 mm (soil).

The determination of the statistical characteristics
of the texture of SEM images was based on
statistical moments calculated from histograms of
texture measures: brightness, homogeneity, and
entropy [Gonzalez, 2005]. Image soils belong to a
mixed type of texture, consisting of fragments of
various types. In this case, it is not possible to
separate objects from the background. To classify
and recognize such a type of image, we selected
fragments of textures of different types in the
image (see Figures in Table 1) [Smelyakov, 2008].
To improve the original images the histogram-
equalization technique was applied. The classification
of image fragments by soil type is based on
histograms of distributions of statistical characteristics
of textures before and after equalization of histograms.
Compared to the original image, the average values
of brightness, contrast, and homogeneity properties
have changed significantly in the equalized image.
However, after the equalization procedure, these
characteristics became more similar for different
SEM images of the same soil type. Figure 1 shows
histograms of the distribution of texture measures
by the values homogeneity and contrast. The
homogeneity distribution histogram shows a
smooth change in function for values 0.007 to
0.010 and a sharper change for values 0.011 and
greater (Fig. la).The histogram of the contrast
distribution shows a smooth growth of the
function, which makes it difficult to select the
boundaries of the classes (Fig. 1b). Table 1 shows
the results of the classification of fragments of
SEM images soil based on the histogram of
homogeneity. In addition, Table 1 shows ranges of
contrast and entropy values, which correspond to
classes homogeneity. As you can see, fragments
with visually similar texture characteristics belong
to the same class.
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Fig. 1. Histograms of the distribution of texture measures of fragments SEM images
of soil samples (x-number of fragment): a — as average homogeneity (v); b — as average contrast (y)

Table 1
Classification of SEM-images of soil samples by homogeneity texture measures
Statistical Class 1 Class 2 Class 3 Class 4
measures BEr
Rough 1 Rough 2 Rough 3 Smooth

Homogeneity 0.75-0.87 0.88-0.99 1.00-1.19 1.20-1.66

Contrast 60.53-74.32 64.15-70.21 70.21-72.99 54.83-57.03

Entropy 7.28-6.99 7.01-6.71 6.67-6.59 6.59-6.13

From an analysis of Table 1, it follows that
when classifying according to contrast, Class 1
contains Class 2. The ranges of the classes of
entropy correspond to the ranges of the classes of
homogeneity in descending order. Note that the
measure of entropy characterizes the uneven
distribution of the brightness properties of image
elements. Note: for convenience of perception, in
Tables 1 and 2, the values of the homogeneity
measure are increased 100 times.

Classification of SEM images of samples of the
micro surfaces of metals by statistical texture
measures

As in the previous case, the classification is
performed for fragments of the SEM images of
metals samples with different types of textures.
Figure 2a shows the histogram of the distribution

of texture measures by homogeneity values for
images fragments of various types of metals
samples. The nature of the distribution of homo-
geneity values (Fig, 2a) shows the presence of five
classes (Table 2).

The histogram of the distribution of contrast

values, as in the case of soils, shows a smooth
growth of the function, which complicates the
choice of class boundaries.

Classification of SEM-images of samples micro
surfaces of metals by spectral texture measures

The spectral measures of the texture were
calculated from the Fourier spectrum for the same
images of metals samples as the statistical measures.
Spectral measures of texture make it possible to
identify the directivity of periodic and quasiperiodic
structures in the image [Hu, 2017]. The parameters
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of the amplitude and axial functions, such as maximum
value, maximum location, average value, standard
deviation and the difference between maximum and
average values, were chosen as the spectral texture
features of the SEM images [Gonzalez, 2006]. To
determine the spectral measures of the textures of
SEM images of metals, graphs of spectral functions
were constructed. The experiment showed that the
parameters of the amplitude and axial functions differ
for images of various types of metals and, thus, are
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applicable for their classification. The amplitude
function characterizes the behavior of the spectrum
(the presence of peaks) in the direction of the radius
from the origin. The axial function gives a picture
of the behavior of the spectrum in a circle with the
center at the origin. Classification was carried out
taking into account the location of the maximum of
the axial function and visually according to the
graphs of the amplitude and axial function (sees
Figures in Table 3).

Fig. 2. Histograms of the distribution of texture measures of SEM images of metals samples (x-number of fragment):
a — as average homogeneity (v); b — as average contrast (y)

Table 2
Classification of SEM-images of samples micro surfaces of metals by homogeneity texture measures
Class 1 Class 2 Class 4 Class 5
[T o caa g -
[ Ryl - -
r r"r 2
. 7 _
T C e
Rough 1 Rough 2 Rough 3 Smooth 1 Smooth 2
0.70-1.19 1.20-1.59 1.60-2.29 2.302-2.79 2.80-4.10

The last row of the Table shows the ranges of
classes by values of homogeneity.

The location of the maximum values of the
axial function is from 0° to 180°.

The Ist class is intended for chaotic textures of
a rough surface. In this case, in the vicinity of the
coordinate origin of the amplitude function, there is
only one peak corresponding to the constant
component of the transformation. At the same time,
the graph of the axial function is characterized by
the variability of the spectrum curve in the ranges
from 0° to 90° and from 90° to 180°, which
corresponds to a frequent change in the orientation

of texture elements. The 2nd class is intended for
samples with periodic (quasiperiodic) horizontal or
vertical texture. Such an amplitude function has
another peak in the vicinity of the origin. The axial
function graph is characterized by an almost
smooth spectrum curve in the ranges from 0° to 90°
and from 90° to 180°. The 3rd class includes
quasiperiodic textures in which the axial function
of the spectrum has significant peaks in the range
from 0° to 90° and is almost smooth from 90° to
180°. Such a texture is characterized by periodicity
and the preferred orientation of the texture in the
direction northwest — southeast.
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Table 3
The distribution of the texture classes of SEM images
of micro surfaces of metals for spectral measures
Sample Original Fourier Graph of Graph Of .Locatlon .
Class . amplitude axial function | maximum function
No. image spectrum i
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Texture elements have a direction perpendicular
to the direction of the spectrum lines. The 4th class
contains a quasiperiodic texture, in which, in
contrast to the 3rd class, the preferred orientation
of the texture in the direction southwest —
northeast. The 5th class contains a more complex
texture, the elements of which can be oriented in
both directions (Table. 3).

So, the graphs of the spectral functions of SEM
images of metal surfaces allow us to identify the
periodicity and direction of texture elements
present in the image, and together with the results
of classification by homogeneity measures give a
generalized characteristic of the texture image.

Segmentation of SEM images
of micro surfaces of objects

SEM images of the samples were segmented by
four methods, namely: the global thresholding
(selecting a threshold using the Otsu method), the
region growing by pixel aggregation, the region
splitting and merging and the watershed with a
selection of markers [Gonzalez, 2005]. To compare
the segmentation methods, SEM images of samples of
each type were selected, namely, erythrocytes soil
and metal (Table 4). Segmentation with automatic
threshold selection by the Otsu method [Otsu, 1979]

is most effective in the case of a bimodal histogram
(Table 4, image erythrocytes). Automatic technique to
determine the threshold of unimodal distributions led
to the selection of an excessive amount of small
fragments in the SEM images of samples of the soil
and metal surface (Table 4). The result of the
segmentation by the method of growing regions
depends on the selection of starting point that
properly represent regions of interest and the selection
of the similarity criterion for including points in the
various regions during the growing process [Sizov,
2011]. Selecting a starting point and the similarity
criterion for a region growing method were based on
the analysis a brightness histogram and texture
properties of the SEM-image. To include a pixel in
either region is that the absolute difference between
the brightness value of that pixel and the brightness
value of the starting pixel be less than a threshold 7.
The results of images segmentation by the region
growing obtained using S = 45, T = 25 for image
erythrocytes; S = 175, T = 50 for image soil; S = 170,
T'= 50 for image metal are shown in Table 4. Here S is
the value of the brightness of the starting point; 7 — a
given threshold. For the given parameters .S and 7, the
results of soil and metal images in region growing
segmentation are similar to the results of thresholding
by the Otsu method (see Table 4).

Table 4

SEM-images segmentation results

Sample /
Image size

(pixels)

Otsu
thresholding

Original
SEM-image

Region growing

Split and merge Watershed

Erythro-

cytes
650x710

Soil
645x737

Metal
554x576
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A comparison of Table 4 columns 3 and 4 for
image of erythrocytes shows that by changing the
parameters S and 7, additional details can be
obtained as a result of segmentation by the region
growing method.

In table 4, columns 3—-5 show binary masks,
where white regions correspond to the objects and
black regions correspond to the background. Column
6 shows the boundaries of the watersheds plotted
on the original image.

A split and merge procedure is initially intended
to subdivide an image into a set of arbitrary,
disjointed regions and then merge the adjacent
regions that satisfy the given conditions. [Gonzalez,
2005, Haindl, 2016]. To define conditions splitting
and merging regions were used statistical texture
measures, namely: average brightness, average
contrast, uniformity, entropy, and combinations
thereof. The experiment confirmed that the split
and merge procedure is suitable for the selection
of image regions with the specified texture
characteristics. Table 4, column 5 shows the results
of image segmentation by the region splitting and
merging method with the conditions

(t» >50) or (t,>15) and (#,<130) for image of

erythrocytes;
(t>34) and (t,>0) and (¢,<175) for image of soil;
(tz>13) or (,>70) and (#,<140) for image of metal,
where ¢, is the mean brightness value, #, is the
average contrast value. The minimum block size
was 4x4 pixels after which the subdivision of the
image ended.

The experiment confirmed that the split and
merge procedure is suitable for the selection of image
regions with the specified texture characteristics.

The application of the watershed method with
markers makes it possible to most clearly detect on
SEM images the boundaries of erythrocytes and dark
fragments of the metal surface (Table 4, column 6, top
and bottom rows). As a result of applying the above
method to an SEM-image of a soil sample with a
complex surface structure, excessive segmentation has
occurred (Table 4, column 6, middle row).

Publication is funded by the Polish National
Agency for Academic Exchange under the
International Academic Partnerships Programme
from the project , Organization of the 9th
International Scientific and Technical Conference

entitled Environmental Engineering, Photogrammetry,
Geoinformatics — Modern Technologies and
Development Perspectives”.

Conclusions

The possibility of classifying SEM images of
micro surfaces of objects by their texture characteristics
using statistical and spectral measures has been
established. The calculation of the spectral
characteristics of SEM images of metals revealed the
periodicity and directionality of texture elements
present in the image.

Classification results according to homogeneity
measure and spectral measures allow obtaining a
generalized characteristic of the image texture,
which contributes to solving problems of recognition
and automation of image analysis.

A comparative analysis of four segmentation
methods showed that the best result of determining
the boundaries of objects in a SEM image was
obtained by the watershed method using markers. It
is shown that the segmentation of SEM images
using splitting and merging method allows you to
select regions with specified texture characteristics.

Selection of interest points in areas with
specified texture characteristics is a promising area
of study for recognizing identical points in paired
SEM images.
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JOCJIPKEHHSA METOMIB KJIACU®IKAILIIT TEKCTYP
PEM-30BPAXXEHb MIKPOITOBEPXOHb OF'€KTIB TA IX CETMEHTALILA

MeTta. Meroro gaHoi pobotu Oya0 po3poOiieHHs 1 OCIiIKeHHsI MEeTONIB Kiacudikamii Tekctyp PEM-300pakennb
MIKpOIIOBEPXOHb 00'€KTIB Ha OCHOBI CTaTUCTHYHHMX Ta CIIEKTPAILHHX XapaKTEPUCTUK TEKCTYPHHX (parMeHTiB, a
TaKOX TMOPIBHUIBHOTO aHamizy MertofiB cermenranii PEM-300paxkenb. Metoan. Bu3HaueHHs XapakTepUCTHK
Tekctypu PEM-300pakeHb IpyHTYBaJOCh HAa CTaTHCTHYHUX MOMEHTaX, PO3PaxOBaHHX 3a TiCTOIPaMOI0 SCKPABOCTI.
CriekTpaiibHi Mipu TEKCTYpU OO4MCIIOBANIUCH 3a crekrpoM @Dyp’e. Jlns BU3HAYEHHS CHEKTPAIBHHX TEKCTYPHHX
XapaKTepUCTUK Oylo BUOpaHO MapaMeTpH aMIUTiTynHoi Ta ocboBoi ¢yHkmii. Cermenrauiss PEM-300paxkennb
MIKPOIOBEPXOHb 00'€KTIB BUKOHYBAJIACs YOTHPMa CIIOCO0aMH, a caMe: METOOM II00aJIbHOI IIOPOroBOi CETMEHTAllIT,
METOZIOM HAapOIIyBaHHs OOJNACTi, METOIOM IOALIY Ta 3JIUTTA i METOIOM BONOALTY 3 BHKOPHCTAaHHSM MapKepiB.
PesyansraTu. OnpairoBanss cepii PEM-300paxeHb IpyHTIB [M0Ka3aja0 HalKpalui pe3ynsraT Kiacudikaiii TeKcTyp
3a MIpOI0 ONHOPIMHOCTI, HDK 3a IHIIMMHU CTAaTHCTHYHUMH XapakrepucTUKaMu. OOYHCIEHHS CHEeKTPaJbHUX
xapakrepucTik PEM-300paxkeHb MeTaliB BHUSBHWIO TEPIOAUYHICT a0 Maibke MepioJUYHICTh 1 CHpPSIMOBAaHICTH

MIPUCYTHIX Yy 300pakeHHi €JIEMEHTIB TEKCTYp 1 pa3oM 3 pe3ylibTraraMu Kiaacudikailii 3a Mipoo OHOPIHOCTI JO3BOJISIE



50 Geodesy, cartography and aerial photography. Issue 91, 2020

OTpUMATH Y3arajbHEHY XapaKTepUCTUKY TEKCTYpH 300pakeHHS. [lOpIBHIBHUI aHai3 YOTUPHOX METOIB
CerMeHTalii moka3as, 10 HAWKpalMii pe3ysTar BU3HaYeHHs Mex 00'exTiB Ha PEM-300pakeHHI OTprMaHO METOJOM
BOIOATY 3 BUKOPHCTaHHSIM MapkepiB. [Iporpamua peamizaiisi MeToMiB Kiacuikamii TEKCTyp Ta iX CerMeHTallis
BUKOHYBajack B cucremi MatLab. HaykoBa HoBM3HA. ABTOpamH 3alpolioHOBaHO MeTon Kiacudikanii PEM-
300pakeHb Ha OCHOBI CIIEKTPAIbHUX TEKCTYPHHUX XapaKTEPUCTUK 33 MapaMeTpaMH aMIUTITYIHOI Ta OCbOBOI (DYHKIIIH.
[NokazaHo, mo cermenTaniss PEM-300pakeHb METOIOM TMOALTY 1 3JUTTA J03BOJISIE 3a]]aTH YMOBH JIJIsl BUIICGHHS Ha
300paxkeHHI oOyacTeil 3 TEBHUMHM XapaKTepuUCTHKaMu TekcTypu. IlpakThyHe 3Ha4YeHHsl. Y3arajbHeHa
xapakrepucTika Tekctypu PEM-300pakeHHs, 10 BU3HAYA€ThCS 332 CTATUCTUYHUMHU 1 CIEKTPAIBHUMHU MipamH,
KOpHCHA JUIsi aBTOMaTW30BAaHOTO PO3Mi3HaBaHHS TeKcTyp 1 aHanizy PEM-300paxkeHb. BuOip AiISHOK 3 NMEBHUMHU
XapaKTepUCTUKAMHU TEKCTYPH € BaXKJIMBUM E€TaIrloM IOIepeaHb0i 00poOKH 300paXkeHb MiJl 4ac 3HAXOIKEHHS TOUYOK
iHTEpecy, o NpuaaTHi s 3icraBineHHs PEM-300pakeHb i po3Ii3HaBaHHS 00'€KTiB.

Kniouosi cnosa: pacrpoBuii enexrponHuii Mikpockon (PEM), craTucTuuHi Ta CHeKTpajbHI XapaKTepPUCTUKU
texctypu PEM 300paskeHHs!, Kiacu]ikalisi, CeCrMEeHTaIlisl.
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