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A new method is proposed for estimating the quantitative analysis of the composition of two-component
composites from an image. This method does not rely on a binarization threshold and offers greater accuracy
compared to traditional methods that do. It is robust to contrast changes and performs well across a wide range of

image contrasts.
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Introduction

In modern materials science, the analysis of material
composition is crucial for understanding their properties
and potential applications. When studying two-component
materials such as  matrix-inclusions, accurately
determining the quantitative content of each phase is
paramount. Various physical methods are available for
this purpose, including chemical analysis, X-ray
diffraction, X-ray spectroscopy, scanning electron
microscopy, and optical microscopy image analysis.

Recently, image analysis methods using optical or
electron microscopy have emerged as valuable tools for
quantitatively assessing two-component materials [1-7].
This approach offers several key advantages over other
analytical methods, making it particularly effective in
materials science practice. Microscopy can discern even
the smallest material details and phases, enabling precise
content determination. Moreover, it often eliminates the
need for complex sample preparation, thus accelerating
analysis and broadening accessibility to researchers.
Image acquisition is rapid, facilitating analysis of large
sample sets in short timeframes. Thus, the development of
methods to quantitatively analyze material composition
from images using computational capabilities is an urgent
and practically significant task.

This paper focuses on two-component materials,
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known as "matrix-inclusions," where components do not
dissolve or interact to form a third component and have
distinct colors or brightness in microscopy images.

The method for assessing composite compaosition is
based on mathematical fact that the ratio of areas occupied
by components in a two-dimensional cross-sectional
image correlates with their volumetric ratio (and
consequently their mass ratio, given their densities).

Traditionally, this problem is tackled by determining
the number of pixels corresponding to each phase. Each
pixel's assignment is determined by various thresholding
methods [8, 9], also referred to as segmentation, where
pixel brightness is compared against a threshold value.
Thresholds can be global [10], calculated for the entire
image, or local [11], based on neighboring pixel values,
useful for images with varying brightness. These methods
are widely employed in software like ImageJ [12], SIAMS
[13], and AMIS [14], particularly in metallography.
However, these thresholding methods analyze images
without considering the features of the underlying
physical system.

Under ideal conditions, where each component of a
two-component composite exhibits homogeneous optical
properties and imaging conditions do not introduce
distortions (such as variations in illumination nature or
angle), the intensity histogram of the composite's image
would display two distinct peaks at specific intensity
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values. In such cases, the quantity of each component is
directly proportional to the height of its corresponding
peak in the histogram, providing a comprehensive
description of the composite's composition. However, due
to numerous independent factors, physical quantities often
exhibit a normal (Gaussian) distribution, as described by
the central limit theorem. To address this variability
without relying on a fixed threshold value, this study
employs mathematical statistical methods that treat
histogram peaks as discrete values “blurred” by normal
distribution. This approach forms the foundation of the
proposed method for estimating the composition of two-
component materials, which does not use a threshold value
at all.

I. Methods

The algorithms developed for this method utilize
principles from probability theory, mathematical statistics
(including normal distribution formulas), and numerical
methods for solving nonlinear equations. Implementation
was carried out in C++ using freely available tools: the
Visual C++ 2022 compiler, wxWidgets for image
processing, and ALGLIB for solving least-squares
approximation problems via gradient descent.

For image preprocessing tasks, such as selecting
specific areas of interest, IrfanView was employed.

The study utilized photographs of a matrix with the
chemical composition Al-6.0Cu-0.4Mn (wt.%), chosen
for its significant practical relevance, in particular high
ductility, strength, heat resistance, and corrosion
resistance. The matrix alloy powders were produced
through argon melt spraying, while SiC powders with an

average particle size of 14 pm served as reinforcing
particles in the alumina-matrix composite. Experimental
materials were obtained via hot extrusion of pressed
billets, and their structures were analyzed using optical
microscopy with a MIM-9 microscope [15].

To compare the results obtained using the developed
method with existing threshold methods, we utilized the
Otsu method [16, 17], gradient method [18], Bradley
method [19], and Sauvola method [20].

Il. Results

The method is predicated on the typical histogram
character of image data from matrix-composite systems,
which often exhibits two distinct peaks (as depicted in
Fig. 1). It is assumed that these histogram peaks follow a
Gaussian distribution, a hypothesis supported by
experimental evidence—approximate curves of normal
distribution (shown in magenta) were obtained via least
squares fitting.

Thus, we can treat the histogram peaks as two normal
distributions of pixel brightnesses — for dark and light
areas — and instead of counting absolute numbers of
pixels estimate the ratio of the "dark™ and "light” pixels,
which we assume to be equal to the ratio of the areas under
the Gaussian curves. The pixels these two curves are
ignored; we treat them as a kind of "transient noise".

The algorithm processes images with clearly
distinguishable peaks by first constructing a standard
brightness histogram and smoothing it with 3-5 points to
reduce noise. Next, it identifies two maxima on the
histogram as points where adjacent points to the left and
right have lower values.

Image Al-5Cr-5Fe+SiC_10vol%.jpg
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Fig. 1. Histogram of brightness for an image depicting the Al-6Cu-0.4Mn matrix with 10 vol.% SiC
inclusions.
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Two approximations of the Gaussian curve are
constructed based on the peak maxima
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while the area under the curve, which participates in the
calculation of the quantitative composition of the
composite, is equal to

_(x—cp)?

3 dx = cq4/TC3

Figure 2 shows histograms and calculation results for
the Al-6Cu-0.4Mn matrix with SiC inclusions at 5, 10, 15,
and 20 vol%, respectively. Table 1 presents results
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comparison, common binarization methods (Otsu,
gradient, Bradley, and Sauvola). As shown in the table, the
proposed method yields results closest to experimental
values across all samples. This trend persists even for the
last image, where Fig. 2 indicates a poorly defined and
noisy “dark” peak, necessitating increased smoothing
point counts.

It's noteworthy that changes in image contrast
theoretically constitute an affine transformation of the
histogram, ideally preserving the calculated ratio under
the curves. Observed deviations primarily stem from the
histogram's discrete nature and slight alterations in
maximum peak heights due to applied smoothing during
peak identification.

Table 2 displays the results of composition
calculations using different methods for the original image
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Fig. 2. Histograms, image examples, and calculation results for the composition of the Al-6Cu-0.4Mn
composite with varying amounts of SiC inclusions using the proposed method and standard binarization methods.
Amount of SiC, vol.%:a —5,b—10,c— 15, d — 20.

Table 1.

SiC contents in the Al-6Cu-0.4Mn composite with different volumes of SiC inclusions by the proposed
method and standard binarization methods

SiC content, vol.%. | Gaussian  curve  (this | Otsu Gradient Bradley | Sauvola
work)

5% 5.2 6.2 15.0 6.8 6.1

10% 12.0 14.2 17.6 14.7 14.0

15% 15.7 19.0 214 19.4 18.5

20% 27.8 31.8 33.7 30.7 29.8
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Table 2.
Impact of contrast reduction on composition calculation results for the Al-6Cu-0.4Mn composite with 10%
SiC inclusions
Contrast reduction, units. Gaussian curve (this work) Otsu Gradient | Bradley | Sauvola
0 12.0 14.2 17.6 14.7 14.0
25 12.2 14.3 19.3 14.6 13.8
75 11.8 14.5 27.1 14.1 11.8
100 11.2 14.6 33.3 12.8 —

and images with reduced contrast (achieved by reducing
contrast in the IrfanView program by 25, 75, and 100
units). This demonstrates that the method not only exhibits
the highest accuracy but also maintains stability in the face
of contrast variations, performing well across a wide range
of image contrasts.

These comparative results demonstrate that for the
non-universal cases of image analysis, such as
determination of composition, taking into account the

assessing material composition from images, which
entirely avoids the use of threshold values, demonstrates
superior accuracy compared to traditional binarization
methods.

This method is particularly suitable for determining
the quantitative composition of two-component
composites due to its enhanced accuracy and stability,
providing consistent results across varying image
contrasts.

specifics of the physical system underlying the image pays
off by increased accuracy of the analysis.

Krasikova I.Y. — cand. of phys. and math.sci, researcher;
Krasikov 1.V. — cand. of tech.sci, senior researcher;
Kuprin V.V. — researcher;

Vasiliev O.0. — cand. of chem.sci, Associate Professor.

Conclusions

The proposed novel method for quantitatively

[1] V.A. Komarov, A.A. Pavlov, Determination of fibers volume fraction in layered composite materials by optical
methods. Computer Optics, 46(3), 473 (2022); http://doi.org/10.18287/2412-6179-CO-1068.

[2] C.V. Litovchenko, T.V. Malykhina, L.O. Shpahina, V.O. Shpahina, Automation of the analysis of metallographic
structures. Bulletin of Kharkiv National University, 960, 215 (2011).

[3] A.F. Tarasov, L.V. Vasilyeva, M.A. Efremov, Automation of processing of microstructures of metals based on
contour and texture analysis of images. Scientific works of DonNTU, 2(25), 109 (2017), Series “Informatics,

Cybernetics and Computer Science” http://doi.org/10.31474/1996-1588-2017-2-25-109-117.

[4] O.M. Gorbenko, M.L. Felshtyn, D.Yu. Usachev, P.G. Ulyanov, B.V. Senkovsky, V.K. Adamchuk, A.O. Golubok.
Automatic recognition of the structures of ferrite-pearlite steels from images obtained by atomic force microscopy,
Scientific Instrumentation, 22(4), 62 (2012).

[5] Zuodong Niu, Handong Li, Research and analysis of threshold segmentation algorithms in image processing,
Journal of Physics: Conf. Series, 1237(2), 1 (2019); http://doi.org/10.1088/1742-6596/1237/2/022122.

[6] Asad Ullah, Guoquan Liu, Hao Wang, Dil Faraz Khan, Matiullah Khan A framework for image processin,
analysis and visualization of materials microstructures using ImageJ package. Chinese journal of stereology and
image analysis, 17(4), 301 (2012).

[7] M.J. Demkowicz , M. Liu, 1.D. McCue, M. Seita, J. Stuckner, K. Xie. Quantitative multi-image analysis in metals
research. MRS Communications. Computational Approaches for Materials Discovery and Development
Prospective, 12(6), 1030 (2022); https://doi.org/10.1557/s43579-022-00265-7.

[8] V. Hrytsyk, M. Petryk. Image segmentation in computer vision diagnostic systems. System technologies, 6 (113),
92 (2017).

[9]1 W. Zhou, X. Ma, Y. Zhang. Research on image preprocessing algorithm and deep learning of iris recognition.
Journal of Physics: Conference Series, 1621 (1), 1 (2020); http://doi.org/10.1088/1742-6596/1621/1/012008.

[10] Amer Tahseen Abu-Jassar, Svitlana Sotnik, Tetiana Sinelnikova, Vyacheslav Lyashenko. Binarization Methods
in Multimedia Systems when Recognizing License Plates of Cars. International Journal of Academic Engineering
Research (IJAER), 7(2), 1 (2023); www.ijeais.org/ijaer.

[11] James F. Peters. Foundations of Computer Vision (Springer, Canada, 2017); http://doi.org/10.1007/978-3-319-
52483-2.

[12] Jurjen Broeke, Jose Maria Mateos-Perez, Javier Pascau. Image Processing with ImageJ (Packt Publishing, 2015).

[13] SIAMS Industrial Processing and Analysis System. http://siams.com.

[14] A.l. Khomenko, E.V. Khomenko. Program for automation of microstructural analysis of materials. Powder
Metallurgy, 1/2, 122 (2007).

[15] A. Slipenyuk, V. Kuprin, Yu. Milman, V. Goncharuk, J. Eckert. Properties of P/M processed particle reinforced
metal matrix composites specified by reinforcement concentration and matrix-to-reinforcement particle size ratio.
Acta Materialia, 54(1), 157(2006); http://doi.org/10.1016/j.actamat.2005.08.036.

149


http://doi.org/10.18287/2412-6179-CO-1068
http://doi.org/10.31474/1996-1588-2017-2-25-109-117
http://doi.org/10.1088/1742-6596/1237/2/022122
https://doi.org/10.1557/s43579-022-00265-7
http://dx.doi.org/10.1088/1742-6596/1621/1/012008
http://www.ijeais.org/ijaer
http://doi.org/10.1007/978-3-319-52483-2
http://doi.org/10.1007/978-3-319-52483-2
http://siams.com/
http://doi.org/10.1016/j.actamat.2005.08.036

I.E. Krasikova, I.V. Krasikov, V.V. Kuprin, 0.0. Vasiliev

[16] C. Rasche. Computer Vision (Bucharest, Polytechnic University of Bucharest, 2019).

[17] N. Otsu A thresholding selection method from graylevel histogram. IEEE Trans. on Systems, Man and
Cybernetics, 9, 62 (1979); http://doi.org/10.1109/TSMC.1979.4310076.

[18] E. Polak. Numerical methods of optimization. A unified approach. (1976).

[19] D. Bradley, G. Roth. Adaptive thresholding using the integral image. Journal of graphics tools, 12(2), 13(2007);
http://doi.org/10.1080/2151237X.2007.10129236.

[20] J. Sauvola, M. Pietikainen. Adaptive Document Binarization. Pattern Recognition, 33, 225 (2000);
http://doi.org/10.1016/S0031-3203(99)00055-2.

I.€. Kpacikona, 1.B. Kpacikos, B.B. Kynpin, O.0. Bacinbes

Bbe3noporoBuii MeTo BU3HAYEHHS CKJIAAYy ABO(a3HOr0 KOMIIO3UTY 32
MIKPOCKONIYHUMH 300paKeHHAMHU

Incmumym npobaem mamepianosnaecmea im. I M. @panyesuua HAH Vipainu, m.Kuis, Yipaina, i.krasikova@ipms.kyiv.ua

3anporOHOBAaHO HOBHII METOJ OIIIHKM KUIBKICHOTO aHalli3y CKJIaJy JBOKOMIIOHEHTHHX KOMIIO3HTIB 3a
300pakeHHsIM, 10 HEe BHKOPHCTOBYE IIOPOTOBOIO 3HA4eHHs OiHapizalii i Mae OUIbLIy TOYHICTH IOPIBHSHO 3
TpaguIIHHUMH MeTonaMu OiHapu3allii 3 BHKOPHCTaHHSAM [OPOTOBOTO 3HAUYSHHs. MeTox € CTIMKMM 1100 3MiHU
KOHTpACTY 1 100pe Mpaiioe B MIUPOKOMY Jiana3oHi KOHTPACTHOCTI 300pakeHb.

KiwouoBi cjaoBa: KOMNO3WIIMHUIA MaTepian, aHali3 MaTepialy, KOMIT'IOTEpHE MOMETIOBAHHS,
00YHCITIOBaIBHI METOIH, aHANI3 300paKEeHb.
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