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Chapter One

Chapter 1 Introduction

1.1 Background

1.1.1 History of material microstructure analysis

The progress of material science is the basis of progress of human civilization and the
material microstructure analysis has been a concerned subject ever since the first usage
of optical microscope to metal materials. P. P. Anosove® was reported to be the first
scientist who applied microscope to study the metal microstructure in 1841. He
observed the microstructure of the ancient knives and found that the microstructure in
the knives was similar to that of steel. A typical steel microstructure is shown in Fig. 1.1.
Afterwards, the microscopic method was widely used to investigate material
microstructure in other fields® . The correlation between 2 dimensional optical images
and 3 dimensional microstructures has been paid attention®®. R. T. Dehoff’ et al.
reported the quantitative microscopy of materials according to the microscopic images
achieved by optical microscopes. Material microstructure parameters such as volume

fraction, grain size and grain shape are discussed with geometrical probability® ° .
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Fig. 1.1 Optical microscopic image of stee

In the recent years, the microstructure analysis method ushered significant progress
with the fast development of microscope. Electron back scatter diffraction (EBSD)™ is a
microstructural-crystallographic characterization technique to study crystalline or
polycrystalline material. This technique involves the understanding the structure, crystal
orientation and phase of materials. Scanning electron microscope(SEM)* is a
microscope which can achieve the surface topology of a material. In contrast to the 2
dimensional image obtained in the observation using optical microscope, the image
obtained with SEM method is a 3 dimensional image. In addition, the resolution of
SEM is much finer than that of the optical microscopes. Atomic force microscope
(AFM)®, transmission electron microscope (TEM)**, scanning tunnel microscope
(STM)™ are also the new techniques to obtain better images than the optical

microscope.

Although the microstructure observing techniques have been dramatically improved,
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the optical microscopy still plays an essential role in material microstructure analysis.
This is because of the convenience, low time cost and low equipment cost of optical

microscopy™. It is important for the practical industries.

1.1.2 Material microstructure analysis and material property prediction

Material microstructure always has significant influence on the properties. Usually,
people pursue desired performance of a material by altering its microstructure. For
instance, heterogeneous nucleating agent is mixed into the liquid aluminum alloys to
promote the nucleation during the solidification process and thus achieve fine
microstructure. Such kind of material is expected to outcome better mechanical
performances. It has long been an issue to obtain information from material
microstructure so that people can make an evaluation on the subsequent performance of

the material.

e e

Fig. 1.2 The material science paradigm illustrating the relationship among material

structure, processing and properties.

As is illustrated in Fig.1.2, structure determines material properties and the
processing can alter the material structures. In material science, there is a hierarchy of

structures, such as nuclear structure, atomic structure, molecular structure, crystal



structure, electronic structure, defect structure, microstructure, macrostructure, etc. They
each have dramatic correlation to the nuclear properties, chemical properties, electrical
and electromagnetic properties, mechanical properties, etc*’. Microstructure has the
correlation to almost all of the properties'®. Among all the structures, evaluation of
microstructure is one of the most key methods to evaluate the possible performances of

a material "8,

People sought to evaluate the mechanical performance of a component by analyzing

h19, 20

its microstructure. According to the Hall-Petc relation shown in Eq.1.1, the yield

stress for a polycrystalline metal material is proportional to its grain size in
microstructure’’. For decades, people have carried out massive research on the

appropriate evaluation of material microstructure.
o, =0, +kd*? (1.1)

According to the percolation theory?2!, the electrical conductivity of a compound

correlated with the volume fraction of the conductive particles in the compound®?*, Eq,.

1.2 shows the correlation, where ¢, is the conductivity of the compound, ¢, is the
conductivity of the pure conductive material, p is the volume fraction, p, is the
critical percolation fraction and t is a parameter correlating to material. p_ correlated

to the particle aspect ratio®. Large particle aspect ratio tells small P, .

b=t (p-p,) (1.2)

In a bi-phase material, such as AI-Si alloys, the mechanical properties have
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significant correlation to the dendrite cell size®. Carlos H. Céaceres®” et al. reported that
the elongation to fracture of A356-T62 alloy negatively correlated to the dendrite cell
size. Fig. 1.3 shows the correlation between the ductility of Al-Si alloy and dendrite cell
size.

azawgu
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Figure 1.3 Elongation to fracture as a function of the dendrite cell size for alloy A356
(after Spear and Gardner®® ). The different symbols represent different heats in the

original data.

1.1.3 Conventional material microstructure analysis methods

Conventional material microstructure analysis involves of volume fraction, grain size,

grain shape and grain orientation analysis’.

1.1.3.1 Manual measurement

Volume fraction is the key parameter to characterize how much percentage of volume

the concerned phase takes up in the material. The exact volume fraction should be



evaluated from the 3 dimensional structures. However, it is difficult to achieve the 3
dimensional microstructure of a material. Usually, the volume fraction can be evaluated
from area fraction, line intercept fraction or point possibility from a 2-dimensional

optical image’. For a binary-phase material shown in Fig. 1.4, the volume fraction of o

phase (blue pixels) V,/V,,, can be estimated with area fraction S,/S_ .. It is

depicted in Eq. 1.3, where V is the volume, S is the area and

S,=S,+S,,+S,;+S,,.

@ _ o (1.3)
B :

Fig. 1.4 Schematic for the microstructure of a binary-phase material. Blue phase is

the concerned phase.

The manual measurement of a grain could be done with digitizing tablet method on

an optical image. The number of grid every grain takes up will be counted and be used
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to calculate the grain area. Fig. 1.5 illustrates the methodology of grain size measuring

with digitizing tablet.

The procedure of grain size measuring with digitizing tablet is tedious and
labor-intensive®. Many assistive software of microscope provide fit polygon method to
approximate the grain area, as shown in Fig. 1.6. In comparison with digitizing tablet
method, the fit polygon method reduced the labor-intensity. However, it still calls for

high workload.

Fig. 1.5 Digitizing tablet to measure grain area.
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A

Fig. 1.6 Illustration of fit polygon method to approximate grain size.

The grain size means the area of a grain®®. Usually, we use the equivalent diameter®

instead of grain area to characterize grain size in a microstructure. Eq. 1.4 shows how to
calculate grain size from grain area, where d .., 1S the equivalent diameter and A

is the grain area. As is illustrated in Fig. 1.7, the equivalent diameter is the diameter of a

circle with same area to the grain.

d 2 (1.4)

ST

equivalent —
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Fig. 1.7 Schematic of parameters characterizing grain size.

Another parameter is Feret diameter®®. In general, it can be defined as the distance
between the two parallel planes restricting the grain perpendicular to a certain direction.

An example of Feret diameter has been shown in Fig. 1.7.

Grain or particle shape is essential for evaluating potential performance of a material.
Granular morphology in a steel material usually promises better performance than those
non-granular ones. In contrast, a ceramic-matrixed compound with long-striped metal
particles usually has better electrical conductivity than those with round-like particles.
Aspect ratio®! and shape factor are the two commonly used parameters to characterize

particle shape.

Eqg. 1.5 shows the equation to calculate aspect ratio. Here, a is the major axis length
andb is the minor axis length. a and b are illustrated in Fig. 1.7. Aspect ratio is a

parameter to characterize particle elongation rate of particle shape.

a
AR =— 15
0 (1.5)



Aspect ratio cannot reflect the shape complexity of a particle. Usually, shape factor is
used to do so. It is depicted by Eq. 1.6, where P and A are the perimeter and area of a

grain, respectively.

(1.6)

1.1.3.2 Image processing method

Image processing’ method is used to improve the efficiency of microstructure
evaluation. Fig. 1.7 shows a typical procedure in image processing®> method. The object
in image processing is optical image obtained from samples with optical microscope. In
the image pre-processing stage, the image will be processed to eliminate noise or make
binary image. Then, the grains will be segmented in the image segmentation procedure.
Individual grains will be extracted and the boundaries that cannot be seen on the
original image will be re-constructed. Finally, the desired data can be achieved from the

segmentation result.

[Image Acquisition ] —> Emage Pre-processing} ﬁ[mage Segmentation ]

[Data output ]

Fig. 1.7 Typical procedures in image processing method.

In the early stage, Image pre-processing and segmentation stages were conducted at

the same time. J. Prewitt® et al. used binarization method® to segment cells from the

10
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neighboring environment. Usually, the two phases has different grayscale values. Fig.
1.8 shows the result of cell segmentation with binarization method. It can be seen that
the cells are black pixels and the fluid around them is white. The problem of

binarization method is that the congregated grains could not be segmented.

R. T. Dehoff’ applied clustering analysis®® to segment congregated grains after
binarization. However, the clustering analysis method calls for large computation

resources. Fig. 1.9 shows the result of clustering analysis by R. T. Dehoff.

Another grain segmentation method is edge detection®. Fig. 1.10 shows an
application example of Canny edge detection algorithm on spinal image. Obviously, the
edges of different regions have been detected. The problem of this method is that it

cannot detect edges for those congregated regions.

Fig. 1.8 Cell segmentation using binarization method” **.

11
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@) (b)

Fig. 1.9 Grain segmentation with clustering method’. a) original and b) segmented

image.

(a) (b)

Fig. 1.10 Image segmentation with edge detection method®.



Chapter One

1.2 Mathematical morphology

1.2.1 History of mathematical morphology

Mathematical morphology was firstly proposed by J. Serra and G. Matheron®” in
1960s when they were dealing with research in mining. Porous media are binary in the
sense that a point of a porous medium either belongs to a pore or to the matrix
surrounding the pores. This led them to introduce a set formalism for analyzing binary
images. Mathematical morphology can be defined as a theory for the analysis of spatial
structures. It is called morphology because it aims at analyzing the shape and form of
the objects. It is mathematical in the sense that the analysis is based on set theory,
integral geometry and lattice algebra. Fig. 1.11 illustrates the cross-fertilization between
applications, methodologies, theories and algorithms. Mathematical morphology has a
wide application in science and engineering. Based on the applications, certain
algorithms have been developed to solve the problems. The advance of the algorithms
richened the methods and theories in mathematical morphology. Finally, the detailed

methods and theory helped to solve different problems in actual applications.

In the early stage of mathematical morphology, the algorithms mainly involved of
binary signal processing. In the following decades, the algorithm and theory have been
developed to process grayscale images®. In the recent years, mathematical morphology
algorithms for color images have been developed™. P. Soille™ categorized mathematical
morphology applications into mainly three aspects of applications, which are image
filtering, image segmentation and image measurement. He defined image filtering in
mathematical morphology as performing a wide variety of tasks such as noise reduction,

edge detection, compensation for incorrect focusing. Fig. 1.12 shows the application

13



example of filtering small blobs in a binary image with opening algorithm. Fig. 1.13

shows an example to eliminate the unevenness of light.

® Visual inspection and quality control ® Queue-based implementations

® OCR and document processing ® Recursive implementations

® Materials science ® Graph implementations

® Geosciences ® Pipeline and parallel architectures

® Life sciences ® Application specific integrated circuits

Application -—

Image analysis with
Mathematical
Morphology

Image filtering

Image segmentation

Image measurement

Pattern recognition

Texture analysis and synthesis

Fig. 1.11 The development of mathematical morphology is characterized by a

cross-fertilization between applications, theory & methods, and algorithms®.

Fig. 1.12 Application of mathematical morphology to filter small blobs in a binary

14
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Fig. 1.13 Light unevenness elimination for document**.

The image segmentation algorithm in mathematical morphology is watershed
transformation. It firstly proposed in 1978 by D. Digabel and C. Lantuejoul****. L.
Vincent and P. Soille* proposed an immersion model in 1991. In this model, the
grayscale image was taken as a relief in which the surface height was equal to the
grayscale of in-situ pixel. Water came into the basins from the minimum grayscales.

Watershed line were built and when the water from different basins met. Fig. 1.15

shows the application of watershed transformation to spine segmentation.

15
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Watershed Line

Catchment Basins

s 4 Grey level
= elevation

Spatial
dimension

\J Minima

Spatial dimension

Fig. 1.14 lllustration of immersion model to calculate the watershed lines*.

Fig. 1.15 Spine segmentation result with watershed transformation®.
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Fig. 1.16 Illustration of marker-controlled watershed.

The immersion model of watershed transformation is prone to generate
over-segmentation. Marker-controlled watershed*’ (MCW) transformation is used to
solve such a problem. As is depicted in Fig. 1.16, three markers were specified for
watershed algorithm in case A. Therefore, the final segmentation result on the right had
three parts. When only two markers were given in case B, the number of parts in the
final result was two. Therefore, the number of regions achieved from the watershed

transformation was decided by the number of markers.

Recently, many attempts have been done to solve complex situations in images. F. J.
Chang et al. developed a marker-image preparation method for the segmentation of
gravels in sediment images. Fig. 1.17 shows the image segmentation procedure in his
method. The original sediment image was processed with certain image techniques and
then yielded a marker image shown in Fig. 1.17 (b). The final segmentation result is

shown in Fig. 1.17 (c). It shows a good segmentation of gravels. J. Cousty* et al. used a

17
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manually drawn markers to segment apple from the background, which is shown in Fig.
1.18. As can be seen in Fig. 1.18 (a), two markers were drawn manually. One is drawn

to indicate the apple and the other is used to specify background.

(@) Original gravel image
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(b) markers prepared for gravels
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(c) MCW result

Fig. 1.17 Gravel segmentation in a sediment image.

(a) Manually drawn markers to indicate apple and background

19



(b) final MCW result

Fig. 1.18 Apple segmentation result using manually drawn markers.

Image measurement with mathematical morphology involved the measurement of

granulometry, directions and texture analysis.

1.2.2 Application of mathematical morphology in material microstructure

analysis

S. Eddins® applied the watershed transformation to segment the steel optical image.
It can be seen in Fig. 1.19 that the original immersion model generated so much
over-segmentation. The application of marker-controlled watershed greatly improved

the segmentation result.

20
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(a) Original optical image

(b) Over-segmentation

21



(c) Improved segmentation

Fig. 1.19 Steel microstructure with watershed transformation. a) original optical
image, b) over-segmentation result with immersion model and c) improved

segmentation with marker-controlled watershed (MCW).

The application of watershed transformation on the granular grains in steel presented
good segmentation results. However, the shape of grains in material microstructure has
many varieties. For instance, most of the primary a-Al phases in semi solid Al alloys
are non-granular. Metal particles in ceramic matrix also appear sophisticated
morphology. The conventional segmentation with watershed transformation is not
enough to properly separate these phases or particles. A more difficult situation can be

observed in the dendritic microstructures.

22
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(c) dendrite

Fig. 1.20 Morphologies that difficult to segment with conventional watershed

transformation .
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1.3 Objectives and Outlines

As been addressed in the previous section, the current image processing method has
problems in dealing with sophisticated grain shapes in material microstructure.

Therefore, the objective of this thesis is as follows.

1. To develop an image processing method for segmenting non-granular primary o-Al

phase and measure the size distribution for semi-solid Al alloy slurry.

2. To develop an image processing method for segmenting long-strip metal particles

in compound and characterize its shape.

3. To develop an image processing method for secondary arm extraction in Al-Si

alloy and measure the SDAS and DCS.

The structure of this thesis is as follows.

In chapter one, the main parameters to characterize material microstructure have been
discussed and the conventional measuring methods of these parameters have been
discussed. The progress of image segmentation method has been reviewed. Finally, the

objective of this thesis has been explained.

In chapter two, the image segmentation method for non-granular primary a-Al phase

has been developed and the primary a-Al phase size distribution has been measured.

In chapter three, the image segmentation method for long-strip metal particle in
compound has been developed and the aspect ratio characterization method has been

improved.

24
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In chapter four, the image analysis method for secondary dendrite arm extraction has
been developed and the dendritic morphology parameters, such as SDAS and DCS, are

measured.

In chapter five, the main contents in every chapter will be summarized. The

conclusions concluded from each chapter will also be shown.
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Chapter Two

Chapter 2. Primary o-Al grain size distribution
measurement for semi-solid AC4CH slurry using

mathematical morphology algorithms

2.1 Introduction

Aluminum die casting with semi-solid slurry is drawing attention due to its
outstanding performance’. Usually, the homogeneous distribution of primary o-Al grain
size in the semi-solid slurry is desirable. Varieties of semi-solid slurry preparation
method®® were proposed to achieve homogeneous morphology in the slurry. Usually,
homogeneous primary grain size distribution in the semi-solid slurry is desirable for
many products®. In the practice, primary grain size is measured from an optical image
instead of a SEM image or EBSD image due to its convenient acquisition and low
equipment-cost. A human subjective measurement can assure the accuracy and
effectiveness of the measurement, whereas it is a tedious and labor-intensive process.

Therefore, an image processing technique has been applied to improve the measurement

31



efficiency and to relieve the labor intensity. In the standard measurement method’ with
image processing technology suggested by ASTM international, a grain size in a
bi-phase microstructure could be estimated with the ratio between total area and the
total number of grain interested so as to avoid the troubles brought by the noises.
However, this estimation method found difficulties for semi-solid Al slurry
microstructures in which eutectic o-Al phase shared same color to primary o-Al phase.
The volume fraction of primary and eutectic Al phase was much larger than the real
fraction. P. Das® et al. conducted a detection of the edges of the primary a-Al and
calculated fractal dimension® based on the edge detecting result. They found that the
fractal dimension decreased when the average primary phase size upgraded. They
attempt to generate a global factor to characterize the primary phase size. However, the
homogeneity of the primary o-Al grain morphology could not be reflected from the
mean grain size. A distribution histogram of the primary o-Al grain size will be more
dedicated. B. Dutta'® et al. reported that the interception method was capable of yielding
a complete size distribution of chord length in primary and eutectic Al phase for an as
cast microstructure of Al alloy after simple processing with mathematical morphology
algorithms. They split the mean chord length in primary and eutectic Al with a statistical
analysis manner. A systematic error must be removed for the calculation of mean chord
length in primary o-Al. This method still yielded an estimation of mean value and could

not directly tell the homogeneity of the primary o-Al grain.

The conventional primary o-Al grain size measurement measured the primary o-Al
grain size averagely or indirectly. The difficulty in properly segmenting individual
primary a-Al grains led to such a problem. Recently, mathematical morphology'" *? has

been widely developed*® and applied in many fields**’ to segment the overlapped cells
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or congregated grains on the image with noises or unclear grain edges. Watershed
algorithm'? is one of the most frequently used image segmentation algorithms in
mathematical morphology. However, the early local minima model (also can be called
immersion model) of watershed algorithm®® was prone to be influenced by the noises
and sensitive to the grayscale variations in an image and hence resulted in much
over-segmentation. S. Eddins®® applied h-minima method to remove the minima that
were too shallow and successfully suppressed the over-segmentation when he tried to
make a proper segmentation for steel microstructure. This method worked well for the
micrographs in which the individual grains had clear dividing lines. However, there are
no such clear boundaries between the primary and eutectic Al phases in semi-solid Al-Si
alloy slurry. A marker-image method®® was reported to be capable of suppressing
over-segmentation. L. Wojnar®* used ultimate eroding method'® to prepare the
marker-images. He compared the segmentation result with conventional image
processing techniques and concluded that watershed algorithm with markers yielded
better segmentation result. R. Al-Raoush®? prepared the ultimate eroding point markers
by calculating the local maxima of Euclidean distance in the interested grains. He
subsequently used the marker image to segment the granular particles in a bi-phase
image and achieved good segmentation result. The results showed that the watershed
algorithm vyielded the best segmentation for congregated grains. One problem of the
ultimate eroding point method is that it works well for granular-shaped grains®*?2 but
produced much over-segmentation when the grain shape is non-granular. J. Cheng?® et
al. reported that shape markers prepared by thresholding Euclidean distance map greatly
improved the image segmentation for the congregated objects. L. V. Valdés® et al. also

reported that different shape markers by altering the threshold would yield different

33



segmentation quality. This provided a feasible candidate to facilitate the primary o-Al
segmentation. However, there are still several problems that are hindering the
application of watershed algorithm to the segmentation of primary o-Al in semi-solid
slurries of Al alloys. Firstly, the semi-solid slurries of Al alloys mainly contain primary
o-Al and eutectic phase. The eutectic phase is a mixture of secondary Al and Si phase.
A contamination by the eutectic Al must be eliminated for accurate measurement of
primary o-Al grain size. Secondly, the morphology of in semi-solid slurry is complex
and non-granular. The present work describes a proposed image processing method for
the semi-solid Al slurry microstructures based on the mathematical morphology to make
an appropriate segmentation for primary o-Al grains and then to yield accurate primary
phase grain size distribution histogram . Attention is given to discuss the advantages and

disadvantages of the image processing methods.

2.2 Image analysis method for primary grain size

measurement

A basic primary grain size measurement procedure with image processing is shown in
Fig.2.1. It includes four steps in sequence. Firstly, optical images should be taken from
the specimens and be converted into proper format. Secondly, primary grain edges
should be identified in the pre-processing procedure to eliminate its influence on the
final result. In the next step, the primary grains would be segmented into optically
separated grains and identified with image segmentation algorithms. The objective in

this step is to achieve separated individual primary grains. Finally, individual primary
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grain size could be measured with certain method. The desired result was the primary

grain size distribution histograms.
2.2.1 Original image acquisition

The original optical image was taken from an AC4CH alloy with 450 X
magnification. The image size was 1600 X 1200 (pixel X pixel). The pixel length was
0.356um. The optical image was converted into grayscale image for the reason that it is
not necessary to perform image analysis on color images. Firstly, the optical images of
aluminum alloys were not colorful. And secondly, segmenting color images usually
consumed much longer time and higher computation resources than segmenting

grayscale images. An original image of AC4CH alloy is shown in Fig. 2.2

Original image

2

Image pre-
processing

v

Image
segmentation

v

Primary phase size
measurement

Fig.2.1 Flowchart of the image processing procedure.

2.2.2 Image pre-processing

After the etching during sample preparation, Al grain and Si grain appeared two
different grayscale in the optics. The Al grains were bright and Si grains were dark. We

could easily identify the Si grains by implementing binarization?® on the original
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Fig. 2.2 Optical image of AC4CH alloy.

Fig.2.3 illustrates the method to select a threshold for binarization in this study and its
result. Firstly, the grayscale at central line of the original image was extracted and listed
in a chart. Secondly, the grayscale variation at the borders between Al grains and Si
grains was observed and then a threshold higher than the grayscale of Si grains but
lower than the grayscale of Al grains was selected. We selected 194 as the threshold in
this case and produced the result. It is shown in Fig. 2.3 (b) that this threshold well

accomplished the task to identify Al grains and Si grains.
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Fig.2.3 Grayscale values at the central line of original image and the binarization
result. a) Original grayscale image and the grayscale at its central line; and Db)
binarization result using threshold T = 194, the white object is Al grains and the black
background is Si grain.

2.2.3 Image segmentation

Watershed transformation (WST) was the most commonly used mathematical
morphology algorithm to segment congregated grains in an image. In the early models
of WST®, over-segmentation was very common due to the sensitiveness to the
grayscale variation. A marker-controlled watershed®® (MCW) algorithm well solved
such a problem. It employed a marker image to specify the location of the grain nuclei.
The quality of the prepared marker-image determined the results of segmentation. In the
frequently used image analysis software ImageJ, the marker image is prepared with
ultimate eroding points (UEP) method®. However, the UEP method would generate

several markers for one primary grain if the grain was not equiaxed.
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Fig. 2.4 Image segmentation result for a semi-solid slurry structure with watershed

function in imageJ.

Fig. 2.4 shows an example of over-segmentation with marker-image prepared with
UEP method. It was implemented on the binary image in Fig. 2.3(b) with ImageJ
analysis software. It can be seen that many false boundaries were constructed. The large,
unequiaxed primary grains had been mistakenly split into small regions. The anisotropy

of the primary grains caused the multi-existence of UEP for one grain and thus resulted
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in the numerous over-segmentations.

2.2.4 Primary grain size measurement

We can measure the individual grain area after the image segmentation. Usually,
equivalent diameter is used to characterize grain size. Fig. 2.5 illustrates the calculation
mechanism of equivalent diameter for one grain. The equivalent diameter of a grain is
the diameter of a circle with same area to the grain. The algorithm is depicted by Eq.

2.1.

d 2. = (2.1)

equivalent —

Fig. 2.5 Hllustration of equivalent diameter.

Fig. 2.6 shows the manual measurement for one primary grain cell. The red line is the
manually drawn polygon. The area of the polygon will be used as the area of the
primary grain, which is 3381.82um? for this primary grain cell. This method is accurate
to yield a distribution of primary grain size, but the efficiency is low and requires large

labor-intensity.
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Fig. 2.7 Primary grain size measurement result with manual method and UEP

method.

Fig. 2.7 shows the measurement result of primary grain size distribution with manual
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method and conventional image processing method. The image processing method is
carried out with ImageJ software. The maximum primary o-Al grain size with manual
measurement is 155um, whereas that of the image analysis method with UEP method is
only 65um. This is caused by the over-segmentation of excess markers generated by
UEP method. In contrast, the number of those larger than 10um and smaller than 40um
Is over-estimated. Apparently, the image analysis method using UEP markers failed to

yield close result to the manual result. The image analysis method has to be improved.

2.3 Improvement of the image segmentation

2.3.1 Image segmentation with shape markers prepared by Euclidean

distance map method

Shape markers® prepared with Euclidean distance map is reported to be able to
reduce over-segmentation. The preparation of marker-image with EDM method (see in
Appendix 1.6) is as follows. In the first step, the Euclidean distance from white pixels to
the closest black pixels was calculated pixel wise to obtain the Euclidean distance map.
In the second step, the Euclidean distance map was binarized to remove white pixels
which were close to black pixels. An example of shape markers prepared for primary
o-Al grain is shown in Fig. 2.8(a). The red shape is the marker prepared. Obviously, the
shape markers well preserved the integrality of primary o-Al grain. Fig. 2.8(b) shows
the markers prepared with EDM method for the actual grayscale original image.
Obviously, the shape markers prepared with EDM method preserves the integrality of a

primary Al grain and generated separated markers for congregated grains.
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(b) Actual original grayscale image and markers prepared with EDM method

e

Fig. 2.8 Example of shape marker prepared with EDM method.

The threshold used to binarizing Euclidean distance is important. This is because
large threshold will produce excess markers while small threshold will fail to generate
separated markers for congregated primary o-Al grains. In general, the Euclidean
distance will be normalized. After normalization, the maximum Euclidean distance
became 1 and the minimum distance became 0. The other Euclidean distance will be
calculated proportionally.

When we mention distance threshold in this chapter, we mean the threshold for the

normalized value. Image segmentation using EDM marker-image is shown in Fig. 2.9
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(@). The Si phase has been removed and the result is shown in Fig. 2.9 (b). The distance
threshold is 0.2. The black pixels are the silicon grain identified in Fig. 2.3 (b). Different
primary o-Al grains are painted with different colors. It can be seen that the integrality
of the primary grains has been well preserved. One problem is that the a-Al grains in
eutectic grains have been classified into the neighboring primary o-Al grains. This

deteriorates the final primary grain size measurement result.

(a) Watershed transformation result with EDM markers
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(b) Primary phase segmentation result after filtering Si phase

Fig. 2.9 Image segmentation result of the Euclidean distance map method

Fig. 2.10 shows the primary a-Al grain size distribution measured from the image
segmentation result of Fig. 2.9. The maximum primary o-Al grain was over-estimated.
This is because that the eutectic Al grains were identified as part of the primary a-Al
grains. Another problem is that the number of grains within [10um, 40um] was
under-estimated. It can be seen that the measurement result was still far away from the

manual result. Therefore, the influence of eutectic Al grains has to be eliminated.
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Fig. 2.10 Primary grain size distribution measured by EDM method.

2.3.2 ldentification of the primary o-Al grain

Opening (see in Appendix 1.3) algorithm is a mathematical morphology
transformation used to eliminate the small blobs. Fig. 2.11(a) and Fig. 2.11(b) shows an
application example of opening to eliminate the small white particles. Obviously, the
small white particles have been eliminated while the shape of the large white particles
preserved their shapes. The size of particles it can remove depends on the kernel size
and shape of structuring element in the opening algorithm. Fig. 2.11(c) shows an
application of opening operation. In the microstructure of semi-solid slurry of AC4CH

alloy, mainly four types of grains exist. They are large size primary o-Al grain, small
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size primary o-Al grain, eutectic Al grain and Si grain, respectively. The kernel size of
the opening operation should be carefully selected so that the opening operation could
remove all the eutectic Al grains and preserve every primary o-Al grain. Therefore, we
selected 3 candidate kernel sizes for the opening operation. They are 4, 7 and 12 pixels.
It can be seen that some eutectic Al grain was not removed when the kernel size is small.
When the kernel size is too large, some small primary a-Al grains were removed and
the other small primary o-Al grains became rectangle shape. In comparison, when the
kernel size is 7, the small primary a-Al grains were preserved while the eutectic Al

grains were removed.

46



Chapter Two
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Fig. 2.11 Example of opening operation. (a) Sample image with small white noises
before opening, (b) Result image after opening operation, (c) open result of Fig. 2.3(b)
with kernel size 4 pixels, (d) open result of Fig. 2.3(b) with kernel size 7 pixels and (e)

open result of Fig. 2.3(b) with kernel size 12 pixels.
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(c) Structuring element kernel size is 12 pixels

Fig. 2.12 Opening result of Fig. 2.9. Structuring element shape is a square and the
kernel size is 12 pixels. (a) Structuring element kernel size is 4 pixels, (b) Structuring

element kernel size is 7 pixels and (c) Structuring element kernel size is 12 pixels.

The primary grain size measurement results are shown in Fig. 2.13. All the kernel
size yielded much better result than the conventional method. A further observation into
the results of the three kernel size shows that kernel size 4 over-estimated the small size
primary grain. This is because the mall kernel size cannot remove all the eutectic grains.
In fact, kernel size 12 will also remove some small primary grains. However, there is
over-segmentation brought by porosities. The kernel size 7 gives the best elimination
result of eutectic grains. There is still a little over-estimation of large size primary o-Al
grains. This is resulted from the under-segmentation of small primary a-Al grains.

When we prepare the shape markers by binarizing Euclidean distance map, the
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maximum distance within some small primary grains were smaller than the threshold.
Thus, there were no markers generated for the small size primary a-Al grains. These
grains were not eliminated by opening, either. They were classified into their
neighboring large a-Al grains. Then, the size of the maximum primary o-Al grain was
over-estimated and the number of the large primary o-Al grains was also

over-estimated.
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Fig. 2.13 The comparison of primary grain size distribution result with different

kernel size of structuring element in opening.

2.3.3 ldentification of small primary grains

Some primary grains are very small. The EDM method failed to prepare a marker
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for such small primary grains. Meanwhile, they were not eliminated by the opening
algorithm. Thus, they will be takes as part of their neighboring primary grains. Fig. 2.14
shows the failures of identification for some small primary o-Al grains. This leads to
over-estimation of large primary grains and under-estimation of small primary grains. In
this section, we applied watershed transformation for the second time to segment this
kind of small primary grains. The marker-image in the second watershed transformation
is prepared from the result of opening. The objects in the opening result have been

eroded with a rectangle structuring element whose size is 1 pixel.

Fig. 2.14 Illustration of the failure for small primary o-Al grains.
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(b) Primary phase identification after filtering eutectic phase.
Fig. 2.15 Final image segmentation result for primary grains. The segmentation

results have been combined with original image.
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Fig. 2.15(a) shows the second watershed transformation result. The eutectic phase has
been removed and segmentation result is shown in Fig. 2.15(b). Original grayscale
image was also added into the segmentation result to demonstrate the segmentation
effectiveness. The structuring element for opening was a rectangle which kernel size
was 7 pixels. It can be seen visually that the primary grains have been well segmented.
The primary grain size distribution result is shown in Fig. 2.16. It can be seen from the

data that the proposed method yielded a close result to the manual measurement.
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Fig. 2. 16 Final primary grain size distribution result.

2.3.4 The influence of Euclidean distance threshold

Besides the structuring element kernel size, the distance threshold for preparing

53



marker image from EDM image also influences the measurement result. In this step, the
Euclidean distance of each pixel was normalized. i.e. the maximum Euclidean distance
was set to 1 and the minimum distance was 0. Fig. 2.17 shows the markers prepared
with EDM by different threshold. The gray shapes are the markers. It can be seen that
congregated grains share one marker when the threshold is small (0.10) and one primary
Al grain has two markers when the threshold is large (0.25). A marker prepared with
intermediate threshold (0.20) will yield a proper marker which separates the

congregated grains while preserves integrality of the other grains.

Fig. 2.17 Influence of Euclidean distance threshold for preparing markers (gray
objects). (a) Original grayscale image, (b) markers prepared with distance threshold of
0.1 times of maximum distance, (c) markers prepared with distance threshold 0.2 times

of maximum distance and (d) markers prepared with distance threshold 0.25 times of

maximum distance.
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(b) Euclidean distance threshold = 0.15
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(d) Euclidean distance threshold = 0.25

Fig. 2.18 Image segmentation result using different Euclidean distance threshold. (a)
Euclidean distance threshold = 0.10, (b) Euclidean distance threshold = 0.15, (c)

Euclidean distance threshold = 0.20 and (d) Euclidean distance threshold = 0.25.
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Fig. 2.18 shows the segmentation results using distance threshold 0.1, 0.15, 0.20 and
0.25 to prepare marker images. It can be seen that the congregated primary a-Al grains
cannot be segmented when the distance threshold was small. In contrast, some large

primary o-Al grains were over-segmented when the distance threshold was large.

Fig. 2.19 shows the measurement result of primary a-Al grain size distribution with
different Euclidean distance threshold. Apparently, the small Euclidean distance
threshold over-estimated the number of large primary o-Al grains and under-estimated
those of the small ones. In contrast, large distance enlarged the measured number of
small o-Al grains and under-estimated those of the large ones. When Euclidean distance

threshold is 0.2, the result has best coincidence with manual result.
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Fig. 2.19 Comparison of primary a-Al grain size distribution with different Euclidean

distance threshold.
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2.3.5 Image analysis procedures

The flow chart of the image pre-processing and image segmentation in the proposed
method is shown in Fig. 2.20. Original image was firstly pre-preprocessed with
binarization algorithm and then used to prepare another two images. One was an opening
image in which eutectic grains were eliminated and the other one was an EDM image.
The EMD image was subsequently used to prepare a marker-image for WST. An
intersection between the result of first WST and closing image resulted in the
segmentation result on the first ground. We successively implemented a second WST for
the purpose of identifying small isolated primary grains. Finally, the opening image,
which was used in the first WST, was utilized to intersect the result of second WST. The
intersection result was the final image segmentation result. OpenCV plugged in Visual

studio 2012 was used to compose the program.
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Image pre-processing

1st segmentation

Original image
(Fig.2.2)
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Fig. 2.20 Image analysis procedures.
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2.4 Image segmentation for bad quality image and results

Image shade and artifacts are the major factors impacting image quality?’. Fig.
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2.21(a) shows an image with bad image quality taken by optical microscope. The left
part of the image is much brighter than the right part. Also, noises by insufficient
polishing generated during sample preparation procedure are very common on the
image. When we perform binarization with a constant threshold value (T = 193) on the
original image, the problem of image shade can be very clearly seen in Fig. 2.21 (b).
This image shade is brought by the uneven illumination intensity. Image shade causes
many details of primary grain borders disappears in the binary image. This will decrease

measurement accuracy of the image analysis. Thus, we must eliminate it.

BTH, =4, () f (2.2)
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a) Original image
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b) binarized image of a using threshold T = 193.

Fig. 2.21 Optical image of bad image quality and the binary result.

We apply Black top hat* (BTH) transformation to reduce image shade. BTH

algorithm for a grayscale image is depicted in Eq. 2.2, where f denotes the image and

2 (f) indicates the closing™ result of image f with structural element B. The deviation
between the closing result and the image is defined as BTH result. In this study, the
structuring element for closing was a flat square with a kernel size of 17. Too large
kernel size would consume too much computation time and resource while too small
size would not give pleasant result of image shade extraction. Fig. 2.22 (a) shows the
BTH transformation result of Fig. 2.21 (a). To assure that the primary grains were
brighter than the eutectic grains, we used a pure white image to subtract the BTH result
image. Subsequently, the image contrast was enhanced by stretching®. Fig. 2.22 (b)

shows the result after contrast enhancement. The grayscale values at the central line
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were extracted and shown in the figure below. It can be observed that most of the
grayscale values at the borders of the primary grains are smaller than 40. The grayscale
values within primary grains distributed from 40 to 256. Thus, we manually selected T=
40 as the threshold to make binary image. Fig. 2.23 is the binarization result of Fig. 2.22
(b). There is almost no influence of image shade and there are clear borders between
primary grains and eutectic grains. Moreover, the artifact noises observed in Fig. 22 (b)

are also eliminated.
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Fig.2.22 BTH transformation result and contrast enhanced result of bad quality image.
The result has been inversed to make primary grains brighter than eutectic grains. a)
BTH transformation result; and b) contrast enhanced result of image a, grayscale at the
central line of the contrast reinforced image is shown, a threshold T= 40 has been

selected to make binary image.
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Fig. 2.23 Binarization result of Fig. 2.22 (b) with threshold T=40.

We performed both the conventional and proposed methods on Fig. 2.21(a) and Fig.
2.22 (a). Hence, we obtained four types of image analysis results, which are
conventional method, proposed method, BTH + conventional method and BTH +
proposed method. The image segmentation results of proposed method and BTH +
proposed method are shown in Fig. 2.24. The proposed method without BTH made a
good segmentation on the left part of the image. However, it failed to produce proper
image analysis result for the right part owing to the severe image shade. A pleasant
result has been observed from the result of BTH + proposed method. Most of the
primary grains have been identified and there is nearly no volume contamination from
the eutectic grains.

Primary grain size measurement results are shown in Fig. 2.25. The result of the
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proposed method without BTH coincides with that of the manual measurement within
[Oum, 30um]. It declines largely after 30um. The proposed method with BTH presents
extremely good coincidence with the manual result. Moreover, the maximum primary
grain size was successfully measured by the proposed method, no matter with or
without BTH. In contrast, the implementation of conventional method, no matter on
normal image or on BTH image, appears much larger difference with manual result.
Still, the maximum grain size is much smaller than that in manual result. Therefore, the
fusing application of proposed method highly improved the measurement accuracy and,

certainly, enhanced the robustness of the proposed method.

(a) Segmentation result before BTH.
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(b) Segmentation result after BTH

Fig. 2.24 Image segmentation results of bad quality image without and with shade
elimination using BTH transformation. a) Proposed method, without image shade

elimination, and b) proposed method, with image shade elimination.
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Fig.2.25 Comparison of measurement result of primary grain size with different

methods on bad quality image.

2.5 Image analysis for different resolution images

Very fine primary grains may exist on the optical images. As is shown in Fig. 2.26 (a),
there are many small primary grains dispersed in the intermediate region among large
primary grains. This image was taken under the lens magnification of 450 <. The small
primary grains were so blurred and numerous that it is difficult to manually draw
approximate polygons for all of them. Fig. 2.26 (b) is the region marked by red
rectangle in Fig. 2.26 (a) under the lens magnification of 1000 <. The small primary
grains became clearer. Image segmentation with conventional and proposed methods

had been performed on the area in red rectangle of Fig. 2.26 (a) as low resolution target,
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and magnified image of Fig. 2.26 (b) as high resolution target to investigate the

influence of lens magnification. Same to the previous section, segmented regions

smaller than the minimum manual result will be deleted.
X450

(a) Sleeve slurry microstructure at magnification of 450X

(b) sleeve slurry microstructure at magnification of 2000X

Fig. 2.26 Specimens used to investigate the influence of magnification.
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Fig. 2.27 Primary grain size distribution measurement results for different image
resolutions. a) image with 450 X lens magnification, b) image with 1000 X lens

magnification.
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Fig. 2.27 shows the primary grain size measurement results by different methods. The
primary o-Al grain size measurement results for the two resolution images are different.
This is because the fine primary grains are too small to distinguish in Fig. 2.26 (a). Thus
the total number of primary grains counted by manual method differs for the two images.
We can see from the measurement results that BTH fusing proposed method gives the
best results. All of the image analysis methods produced better measurement results for

high resolution image than those for low resolution image.

2.6 Summary

An image analysis method for automatic primary grain size measurement of
aluminum alloys. At the first step, eutectic grains were identified with opening
algorithm. Next, an image segmentation using marker-image prepared with EDM
method was implemented to separate individual primary grains. Eutectic grains were
eliminated by intersect the image segmentation result with opening result. Finally, a
second implementation of watershed transformation was conducted to segment small
isolated primary grains dispersed in the eutectic grains. The results showed that the
proposed method well reduced the over-segmentation, which was very common in the
conventional method using UEP method to prepare marker-image. As a result, the
proposed method presented much better coincidence with the manual result.
Subsequently, influence of image quality was investigated using bad quality image. The
results showed that the combining application of BTH transformation and proposed
method generated the most decent result to the manual method. The application of

proposed method without BTH on bad quality image still produced better result than the
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conventional method and the conventional method with BTH transformation. Generally,

the proposed method greatly improved the measuring accuracy for primary grain size in

aluminum alloys. And, the fusing operation with BTH transformation improved the

robustness of the proposed method to different image quality.
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Chapter Three

Chapter 3. Image analysis for bended long-striped bi-phase
microstructure based on mathematical morphology and its

application on metal-ceramic composite

3.1 Introduction

Composites were reported to oppose high mechanical performance® ?. Metal-ceramic
composite was one of such a compound which appeared high mechanical performance
and comparable electrical performance with metals®. The metal-ceramic composite
possesses excellent mechanical properties in contrast to the mono metal or ceramic
materials, which either have relatively low strength and low wear resistance or are
brittle. Recently, a composite composed of long-stripped metal particles in glass matrix
has been reported®. It performed excellent mechanical performance under high
temperature and showed comparable electrical resistivity to metal materials. Usually,

the volume fraction is the commonly used factor to evaluate the potential electrical

73



performance® °. Recent research showed that metal particle shape also had significant
impact® ®®. Aspect ratio is a commonly used parameter to characterize particle shape in
composite’. Fig. 3.1 shows the mechanism of measuring particle aspect ratio. It is the
ratio of major and minor axis of a particle. It was reported that metal-ceramic composite

with high metal particle aspect ratio performed high electrical conductivity®.

<>

Fig. 3.1 Hlustration of metal particle aspect ratio.

The evaluation of aspect ratio is important for evaluation of metal particle elongation
during the milling procedure. The elongation of metal particle enhanced the
conductivity of the composite®. The aspect ratio could be manually measured by
measuring major axis length and minor axis length, respectively. It yielded accurate
result of aspect ratio. However, it is tedious and labor-intensive to repeatedly measure

major and minor axis for every metal particles.

Image processing techniques have been applied to improve the evaluation efficiency.
The metal particles were firstly automatically segmented from the matrix and
neighboring metal particles and then ware fitted with ellipses®. The major and minor
axis of the metal particles were approximated with those of the fit ellipse®®. The
accuracy of the image processing method greatly relied on the image segmentation
result. The conventional image segmentation method in imageJ software produced too

much over-segmentation. The metal particles were mistakenly over-segmented into
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many small regions. This made the segmented result of metal particles smaller than the
actual particles. As a result, the aspect ratio of metal particles was under-estimated. In
addition, the fit ellipse method found difficulties in yielding good evaluation of aspect
ratio for bended shapes. It would under-estimate the major axis length and over-estimate

the minor axis length for the bended metal particles.

Watershed transformation with manually drawn markers is reported to be able to
segment complex situations in an image™’. In this chapter, we applied manually drawn
markers to indicate the individual metal particles so as to reduce over-segmentation of
metal particles by conventional image segmentation method. In addition, the evaluation
method for aspect ratio by image analysis has also been improved to yield good result

for both straight and bended metal particles.

3.2 Specimen preparation

In this study, soda-lime glass powder (average particle radius is 14um) is used as the
matrix while the mixed Ni-Cr particle (Ni 77.5%, Cr 20%, Si 1%, Mn 0.8%, Fe 0.5%, C
0.2%) is used as the conductive filler. Firstly, a mixture of the two powders, weighted
509, was obtained with the volume fraction of Ni-Cr powder is 30%. Secondly, the
mixture was milled with 500g Si3N4 balls and 150ml ethanol in a planetary ball mill
machine. Different milling time (2h~10h) is applied in order to get samples filled by
metal particles of different aspect ratio. After ball milling, the ethanol was eliminated in
an evaporator so as to obtain the dry mixture which was electrically sintered

subsequently (sintering circumstance, pressure 38MPa, temperature 700 °C, time 5min).
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Two samples (size, 10¢x1.5mm) were sintered, one of which was used to test the
electric resistance and the other one was used to investigate the microstructure. The
samples were cut off, embedded in resin and grinded to take the microscopic images of

the microstructure.

3.3 Conventional aspect ratio evaluation methods

3.3.1 Manual method

Manual measurement is the commonly used method to measure metal particle aspect
ratio. As is illustrated in Fig. 3.2, there are two kinds of metal particles in a
metal-ceramic composite micrograph. The first one is straight strip and the other one is
bended strip. A straight line connecting the farthest two pixels in the former strip (upper
figure in Fig. 3.2) and a polyline fitting farthest routine in the latter strip (downer figure
in Fig. 3.2) were used to measure major axis. The minor axis length was the largest
thickness of the strips. In this chapter, manual measurement is taken as the most
accurate result. The merit of manual method is that it could yield accurate result of the
metal particle aspect ratio. However, it calls for high labor-intensity and large

time-consumption.
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TN p—

Major Minor
axis axis

Fig. 3.2 Schematic for manual measurement of metal particle aspect ratio.

3.3.2 Image processing method

A typical image processing procedure comprises of four steps, which are image
acquisition, image pre-processing, image segmentation and data measurement. Image
acquisition has already been shown in section 3.2. The image pre-processing for the
aspect ratio measurement of metal particles is simple. The metal particles are white and
the glass matrix is black in the optical image of metal-ceramic composite microstructure.
It can be seen in Fig. 3.3(a). A simple binarization operation will identified the metal
particles from the matrix. Fig. 3.3(b) shows the binary result of a micrograph. This
method fulfilled the identification of metal particles and the glass matrix. However, the
congregated particles had not been separated. This will lead to the mistakes in the aspect
ratio estimation of metal particles. The next steps are to segment individual
metal-particle and to evaluate the major and minor axis. The conventional methods of

the two steps are as follows.
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(b) binary image

Fig. 3.3 Image binarization result. a) original image and b) binary image.



Chapter Three

(c) segmentation result using shape marker from EDM.

Fig. 3.4 Image segmentation for part of original image in Fig. 3.3. a) original image,
b) result of WST with UEP markers and ¢) image segmentation result using markers

prepared by thresholding Euclidean distance map.
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3.3.2.1 Image segmentation

Watershed transformation is the most commonly used algorithm to segment
congregated grains or particles in an image*?. Usually, the marker-controlled watershed
is used to suppress the generation of over-segmentation. Local Euclidean distance
maxima (same to Ultimate eroding point (UEP)) method and shape marker (by
thresholding Euclidean distance map, shorten as EDM method) method are the two
commonly used methods to automatically or semi-automatically prepare markers for
watershed transformation. Fig. 3.4 shows the implementation results of the two methods
on part of Fig. 3.3 image. Watershed transformation results with local Euclidean
distance maxima (same to UEP) markers and with markers prepared by thresholding
Euclidean distance map are shown in Fig. 3.4(b) and Fig. 3.4(c), respectively.
Unfortunately, the metal particles were over-segmented into small regions in Fig. 3.4 (b)

and under-segmented (metal particles were not segmented) in Fig. 3.4(c).

3.3.2.2 Fit ellipse method

Major and minor axis of a metal particle should be estimated after the individual
metal particles have been segmented. Fit ellipse is one of the most commonly used

methods. Fig. 3.5 shows the fit ellipse'® **

method for straight and bended stripped
particles. An ellipse is used to fit the contour of the metal particle. The major axis and
minor axis of the ellipse are taken as the major axis and minor axis of the particle. One

of the disadvantages of this method is that the major axis length of the fit ellipse for
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bended-stripped particles becomes smaller than the real major axis and the minor axis
length becomes larger. As a result, the aspect ratio of the bended stripped particles will

be under-estimated. It can be seen in the right image of Fig. 3.5.

Fit ellipse method

o a
p\n |

Fig. 3.5 Schematic for metal particle aspect ratio with fit ellipse method.

(a) Fit ellipses for binarization result
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(b) Fit ellipse for WST result with UEP method

Fig. 3.6 Conventional metal particle aspect ratio measurement with fit ellipse method

in ImageJ.

Fit ellipse method had been implemented on the results of binaryzation result and the
UEP+WST method. Fig. 3.6 shows the implementation of fit ellipse method on the
result of binaryzation result and the watershed transformation (WST) with UEP method.
The border particles have been eliminated. It can be seen that before the WST, many
particles congregated and were not segmented. The fit ellipses were calculated
according to the region of congregated particles. The watershed transformation with
UEP method made the situation worse. Congregated particles were over-segmented into
many small regions. This situation was reflected in the final aspect ratio measurement

results, which were shown in Tab. 3.1. Obviously, the aspect ratio of fit ellipse method
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directly on binarization image has been under-estimated in contrast to manual result.
However, the watershed transformation with UEP markers achieved an even smaller
aspect ratio owing to the severe over-segmentation. The fit ellipse method was also
implemented on the result of watershed transformation with markers by thresholding

EDM.

Table 3.1 Aspect ratio evaluation result with different methods.

Binaryzation+ UEP+WST+ EDM+WST+
Methods Manual
Fit Ellipse Fit Ellipse Fit Ellipse
Aspect
13.41 8.28 2.23 7.92
ratio

3.4 Improvement of the image segmentation

Generally, the conventional image processing methods failed to give an accurate
evaluation of the aspect ratio. A better image processing method is desirable. It involves
of two aspects of improvement. Firstly, the image segmentation method should be
improved so that the image would not be over-segmented or under-segmented. Secondly,

particle major and minor axis estimation method should also be improved.

The automatic preparation of marker image with UEP method leads to
over-segmentation for metal-ceramic micrographs and that with EDM method leads to

under-estimation. Thus, a manual marker™ preparation method was used in this chapter.
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Fig. 3.7(a) shows the manual preparation of marker-image for Fig. 3.4 (a). Markers are
used to indicate both metal particles and glass matrix. Fig. 3.7 (b) shows the
segmentation results. Those glass matrix regions were deleted from the final
segmentation results. It can be seen that this segmentation result is much better than the

automatic preparation marker methods in Fig. 3.4.

(a) manually drawn marker-image.

/

(b) WST result with manually drawn marker-image.

Fig. 3.7 Metal particle segmentation with watershed transformation. a) manually

drawn marker-image, b) WST result with manually drawn marker-image.
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Fig. 3.8 (a) shows the metal particle segmentation results for the whole original
metal-ceramic micrograph. The edge particles had been removed from the segmentation
result to reduce their influence on the evaluation result. Apparently, the segmentation
result has no over-segmentation and no under-estimation. Fig. 3.8 (b) shows the fit
ellipse result of the individual metal particles. The green boxes are the convex
rectangles of the particles. The yellow curves are the metal particle boundaries. The
pink ellipses are the calculated fit ellipses for the metal particles. The aspect ratio result
evaluated with fit ellipse method on the individual metal particle image is 8.29. It still
has large error with manual result. Thus, we must improve the aspect ratio evaluation

method.

(@) Image segmentation result with manual marker-image.
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(b) Fit ellipse result of the segmentation result.

Fig. 3.8 Image segmentation result of Fig. 3.3 (a) with hand drawn markers and (b) fit

ellipse of the individual metal particles.

3.5 Improvement of the aspect ratio evaluation method

In order to improve the aspect ratio evaluation method, we proposed two kinds of

methods to overcome the shorthand of fit ellipse method.

3.5.1 Maximum inscribed circle method

Fig. 3.9 illustrates the aspect ratio of a metal particle s. Here, | isthe major axis of
this particle. Suppose the | is equally divided into N parts (N — ), then | can

be calculated using:
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N

1=>, (3.1)

i=0
The thickness of the metal particle at i th part is defined as d,. The area of the metal

particle can be depicted as
N
Sg =2 kLd, =Id,,, (3.2)
i=0

Here, d .., is the mean thickness of the metal particle along the major axis. ¢ is

the maximum inscribed circle (MIC) in the metal particle and its diameter is d .

Fig. 3.9 Schematic of aspect ratio measurement.

If we define the aspect ratio is the ratio between major axis length and minor axis
length and the minor axis length is the maximum inscribed circle diameter, we can

derive Eqg. 3.3.

I 7ldy,e _ 7ld e _ 7y S (3.3)

AR = = >
dye  7dyc ASuc  4d e Swic

. 4d :
For a long strip shape, —™ ~1, then the ratio between the two areas can be
ZTUwmic
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assumed as the aspect ratio.

3.5.1.1 Verification with manually drawn images

Fig. 3. 10 shows 4 types of shapes to testify the accuracy of maximum inscribed
circle method. The maximum inscribed circle results is shown in Fig. 3.11. Fig. 3.12
shows the calculation result of aspect ratio by maximum inscribed circle method, fit
ellipse method and manual method. It can be seen that both the maximum inscribed
circle method and fit ellipse method yielded exact result with manual result for ellipses.
For rectangle shapes, both of the two methods show error with manual result. However,
the maximum inscribed circle method is more accurate. In fact, there is a systematic

error for maximum inscribed circle method when evaluating the aspect ratio of

rectangles. As the average thickness of rectangles are equal to d,,., which means

4d 4 . . . .
— ~ — . i.e. Aspect ratio evaluated with MIC method for rectangles is always 30%

wdye 7

larger than the real value. For the straight strips, the both of the two methods yielded
accurate result to the manual result. However, the maximum inscribed circle method
appeared larger error for NO. 7 and No. 8 particles. This is because the thickness of the
two particles is homogeneous. Thus, they are more rectangle-like than the other
particles. As is depicted, the MIC method has systematic error for rectangle-like shapes.
The fit ellipse method shows very good accuracy for straight stripped particles. For the
bended strips, the maximum inscribed circle method produced very close result to the
manual result. In contrast, the fit ellipse method showed very large error. Generally, the
MIC method works well for different shapes while the fit ellipse method confronts

limitation for the bended stripped particles. Although there is systematic error for
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rectangle-like shapes, the MIC method still shows better effectiveness for different

shapes.

(a) Ellipse

“~

—

\

(b) Rectangle
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(d) Bended strips

Fig. 3.10 Hand-drawn shapes to verify maximum inscribed circle area method.
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(b) Rectangle
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(c) Strips

(d) Bended strips

Fig. 3.11 Maximum inscribed circle calculation results.

92




Chapter Three

6 X Minimum Convex
Oval
5 - _ O Maximum Inscribed
() .
< Circle
O Manual
v 4
=)
§ X
3 4
- K
g
t2 = 2 ®
X X
14 K & X X
0 T T T T T 1
0 2 6 8 10 12 14
Particle No., -
(a) Ellipse
60 - X Fit ellipse
50 - X CJMaximum Inscribed
. Circle
S 40 - O Manual
e
©
@30 -
(&]
a5 @) ]
%20 . O
< S
10 - O
J B X X
0 T T T @ 1
0 2 4 6 8 10
Partiicle No., -

(b) Rectangle

93



94

45 1 | xFitellipse
40 - . ) .
35 [JMaximum Inscribed Circle []
9 30 - O Manual X
825 o
520 - g
2 “ x
o 15 - 8]
< o
5 - & %
0 T T T T 1
0 2 4 6 8 10
Partiicle No., -
(c) Strips
X Fit ellipse
OMaximum Inscribed Circle
14 -
o O Manual
12 - O
o}
' 10 - []
= o)
g 8- O L o [
o []
S 6 -
2 &
< 4 - X
i X
2 > X < %
o T T T 1
0 2 4 6 8
Partiicle No., -

(d) Bended strips

Fig. 3.12 Comparison of aspect ratio result with fit ellipse method and MIC method.
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3.5.1.2 Application of maximum inscribed circle method to actual image

The maximum inscribed circle method has been applied to the actual images. The
original images are taken from samples manufactured under same rotation speed but
different milling time. Fig. 3.13 (a), Fig. 3.14 (a) and Fig. 3.15 (a) show the original
image obtained by milling time 2h, 4.5h and 10h, respectively. Apparently, the aspect
ratio became larger when the milling time grew up. Fig. 3.13 (b), Fig. 3.14 (b) and Fig.
3.15 (b) show the image segmentation result with manually drawn markers. The metal
particles were well segmented. Fig. 3.13 (c), Fig. 3.14 (c) and Fig. 3.15 (c) are the fit
ellipse calculation results, in which the green, yellow and pink curves or shapes are the
metal particle boundaries, convex rectangle and fit ellipses, respectively. Fig. 3.13 (d),
Fig. 3.14 (d) and Fig. 3.15 (d) are the maximum inscribed circle calculation results. In
fact, we also measured the aspect ratio by calculating the fit ellipses on the binary image
using ImageJ. The comparison of aspect ratio by different methods is shown in Fig. 3.
16. The aspect ratio of the metal particles increases with the milling time. The
maximum inscribed circle method yielded close result to fit ellipse method when the
milling time is short, but became much larger than the fit ellipse method when the
milling time grew up. The fit ellipse result that produced by the program in this chapter
is larger than that produced by ImageJ software. There are two reasons contributed to
this difference. Firstly, the binary image used to calculate fit ellipses with imageJ
contains many tiny metal particles. These particles are not considered in the fit ellipse
calculation in the program of this study, but are calculated by imageJ. Secondly, the

metal particles are not well segmented in the binary image.
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Fig. 3.13 Aspect ratio measurement with maximum inscribed circle method for the

sample achieved under condition: milling time 2h, rotation speed 309rpm. (a) original
image, (b) metal particle segmentation result, (c) Fit ellipse calculation and (d)

maximum inscribed circle result.
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Fig. 3.14 Aspect ratio measurement with maximum inscribed circle method for the

sample achieved under condition: milling time 4.5h, rotation speed 309rpm. (a) original
image, (b) metal particle segmentation result, (c) Fit ellipse calculation and (d)

maximum inscribed circle result.
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Fig. 3.15 Aspect ratio measurement with maximum inscribed circle method for the

sample achieved under condition: milling time 10h, rotation speed 309rpm. (a) original
image, (b) metal particle segmentation result, (c) Fit ellipse calculation and (d)

maximum inscribed circle result.
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Fig. 3.16 Comparison of aspect ratio result with different methods for the samples

under different conditions.

3.5.2 Major axis finding method

Although the maximum inscribed circle method yielded better result than the
conventional fit ellipse method, it still had symmetric error when the particle shape is
rectangle. Thus, we proposed another method to improve the evaluation of aspect ratio.

As is shown in Fig. 3.9, the aspect ratio is:

Ima'or I
AR = 13 _ (3.4)

dMIC

minor

Then we can directly calculate aspect ratio of a particle if we can measure the major

axis length and the minor axis length.
3.5.2.1 Major axis extraction
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As been stated previously, the major axis of a metal particle should be the curve that
connecting the two ends of the particle. The thinning algorithm, which extracts the
skeleton of a shape, is an appropriate method to calculate the major axis. Fig. 3.17
shows an example of skeleton extraction in a binary image, in which 0 pixels represent
background and 1 pixels stand for the particle pixels. The right image is the skeleton
achieved from the left image with thinning. The application results of thinning on the
real image have been shown in Fig. 3.18 (a). The pink curves are the metal particle
boundaries and the black curves are the skeletons. The skeletons have been numbered
for better observation. One problem of this method is that there are many short branches,
as shown in Fig. 3.18 (b). This will enlarge the skeleton length of the metal particles.
Usually, the major axis length contains three parts, which are skeleton length and the
distance from the endpoint to the particle boundaries. The over-estimation of skeleton
length will make the evaluated major axis length large. Thus, the evaluated aspect ratio
result, which is 23.82, was over-estimated. It is so large that the short branches must be

eliminated.
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Fig. 3.17 Example of thinning (skeleton extraction).
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Fig. 3.19 shows the illustration of the proposed method to eliminate the short
branches. Red circles construct a skeleton obtained from thinning operation and we
must extract the skeleton of the particle from them. Usually, short branches and loops
are common in a skeleton from thinning operation. Assume the skeleton obtained from
thinning is a pipe and water can flow through. When we pour water from one of the
endpoints, the water will finally arrive in the other endpoints and immerse all the circles
in the skeleton. As is illustrated, the first pixel immersed will be marked as 1. Its
neighbors will be looked up and then be immersed and marked as 2. Similarly, the
neighbors of circle 2 will be found and checked whether they have been immerses. The
frontier moves to those circles not immersed. When the frontier meets bifurcation, the
frontier divided and moves synchronously. When the frontier meets a loop, frontier will
vanish if it meets with another frontier. Finally, only one skeleton from the endpoint to
another endpoint is recorded. Only the skeleton with longest length will be used as the

major axis length of the metal particle.
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(b) Short branches in the skeleton extraction result with thinning operation.

Fig. 3.18 Skeleton extraction result of metal particles with thinning operation.

Fig. 3.20 shows the short branch elimination result for Fig. 3.18 (b). The purple
curves are the metal particle boundaries and the black curves are the extracted major
axis from the thinning result. Obviously, all of the short branches have been eliminated

and the major axis was properly extracted. The final major axis extraction results for the
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overall metal-ceramic image are shown in Fig. 3.21. In contrast to the results in Fig.
3.18(a), all the skeletons of the metal particles have no short branches. Thus, the
proposed method yielded much better major axis length estimation result than the

conventional thinning operation.

1415 16 17

Fig. 3.19 llustration of moving frontier method to achieve major axis.

Ry

M

Fig.3.20 Short branches elimination result after the moving frontier method for Fig.

3.18 (b).
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Fig. 3.21 Major axis extraction result for the whole image.

3.5.2.2 Minor axis estimation

Minor axis of the metal particles is evaluated by calculating the diameter of the
maximum inscribed circles. Fig. 3.22 (a) is the maximum inscribed circle calculation
results for the whole image. A zoomed-in image for No. 65 particle is shown below in
Fig. 3.21 (b). Usually, the minor axis length is the maximum thickness of the metal
particles if the curvature near minor axis is gentle. However, the minor axis length will

be larger when the curvature near minor axis is dramatic.
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(b) No. 65 particle.

Fig. 3.22 Result of maximum inscribed circle calculation . (a) the whole image, (b)

No. 65 particle.

3.5.2.3 Image analysis procedures

Fig. 3.23 shows the image analysis procedures in this chapter. Firstly, we achieved

the micrographs of the metal-particle composite. A watershed transformation with hand
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drawn markers was performed to acquire separated individual metal particles. The
moving frontier method was proposed to find major axis from skeleton extraction result
by thinning algorithm. Meanwhile, the minor axis was estimated by calculating the
diameter of maximum inscribed circles. Finally, the aspect ratio was calculated by

dividing major axis length with minor axis length.

Original image

v

Individual metal particle
separation

. N

Major axis estimation Minor axis estimation

N

Aspect ratio calculation

Fig. 3.23 Image analysis procedures in this chapter.

3.5.2.4 Aspect ratio measurement results by major axis finding method

Fig. 3.24 shows the comparison of aspect ratio measurement result with proposed
method and conventional methods for individual metal particles segmented with
watershed transformation using manually drawn markers. The relative error (Eq. 3.1)

was used to compare the accuracy of different methods. The results show that the fit
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ellipse method produced accurate results for the straight striped metal particles, however,
had great error when the metal particle shape is bended striped. The maximum relative
error of proposed method is under 30% in comparison of 100% for conventional method.
This means that the proposed method produced more accurate results than the

conventional method

. AR — ARmanuaI |
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90% —«— Cahventional method
80% - ﬁj
70%
5 60%
&
g 50%
= 40%
&
30% ?
R " i X
20% - e 1 T 1 P i i K
IIII |I II| || " IIII P k || I|I 4 , II| 1’ / 4 || || I|I|
( i e VD G i1
10% Ei g/ L{clll | ||'I|I'| (Illl l'. u .||| \l/ \ \ '. f'\ . \ ||||I |I
! D \ [ bt P | |
oo JVE 1S Saldp b &l ed L d
0 20 40 60 80
Metal Particle No., -

Fig. 3.24 Comparison of results with proposed frontier moving method and fit ellipse

method.
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Fig. 3.25 Samples used to testify the aspect ratio measurement for mean aspect ratio. a)
sample No. 1, b) sample No. 2, ¢) sample No. 3, d) sample No. 4, e) sample No. 5 and f)

sample No. 6.
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Fig. 3.26 Metal-particle segmentation result for the samples in Fig. 3.17. a) sample No.
1, b) sample No. 2, ¢) sample No. 3, d) sample No. 4, e) sample No. 5 and f) sample No.

6.
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Fig. 3.27 Major axis finding result of the samples in Fig. 3.17. a) sample No. 1, b)

sample No. 2, ¢) sample No. 3, d) sample No. 4, e) sample No. 5 and f) sample No. 6.
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s =
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Fig. 3.28 Minor axis calculation with maximum inscribed circles for samples in Fig.
3.17. a) sample No. 1, b) sample No. 2, c) sample No. 3, d) sample No. 4, ) sample No.

5 and f) sample No. 6.
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The measurement of mean aspect ratio value for all the metal particles in an
microscopic image is also conducted and compared. Fig. 3.25 shows six original images
used to measure aspect ratio of metal particles. Fig. 3.26, Fig. 3.27 and Fig. 3.28 show
the results of metal particle segmentation, the major axis extraction and minor axis
calculation. The mean value of the individual metal particles was used as the aspect
ratio of the whole image. Fig. 3.29 is the result of mean aspect ratio measurement. It can
be seen from the figure that the proposed method in this chapter gives much closer
result to the manual result than the conventional evaluating method. The average
manual result is a little larger than the proposed method because of the inherent problem
of manual measurement. As is known, the major axis in manual measurement is a
polyline which certainly is larger than the skeleton length of metal particles.

16 -
15 -
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N W D
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1

Aspect ratio, -
[EY
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N 00 ©o
1

1 2 3 4 5 6
Sample No., -
—<— Conventional method —=—Proposed method —&— Manual

Fig. 3.29 Comparison of mean aspect ratio results with proposed method and fit ellipse

method.
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3.6 Summary

An image analysis method for metal particle aspect ratio measurement has been
proposed in this chapter. The improvement comprises of two parts. The first one is the
image segmentation method for metal particles and the second one is the aspect ratio
evaluating method. Conventionally image segmentation method for aspect ratio is based
on watershed transformation using automatic marker-image preparation method. It
either over-segmented or under-segmented the metal particles in glass matrix. Thus, we
used manual method to prepare the marker-image. The results showed that the manual
method produced much better result in contrast to the watershed with UEP method and
the method in chapter 2. The conventional aspect ratio evaluating method is fit ellipse
method. It worked well for the straight striped metal particles, however, under-estimated
those with bended strip shapes. In this chapter, a new image analysis method for aspect
ratio evaluation has been proposed. Firstly, the major axis is estimated using skeletons
extracted by thinning method. A further processing with proposed moving frontier
method is used. Secondly, the minor axis length is estimated using the diameter of the

maximum inscribed circle.

The comparison result of aspect ratio for individual metal particles shows that the
proposed method produced much more accurate result than the conventional method, no
matter the metal particle shape is straight strip or bended strip. The mean value for the
individual metal particles in several images also proved that the proposed method

produced closer result to the manual result than the conventional method.
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Chapter 4. Image segmentation for dendritic microstructure
and its application on SDAS and DCS measurement for Al-Si

alloy based on mathematical morphology

The dendritic morphology has long been a topic for microstructure evaluation in
alloys. However, the image analysis methods found difficulties in automatically or
semi-automatically produce desirable SDAS and DCS measurement results. In this
chapter, we proposed an image analysis method for semi-automatically achieve the

SDAS and DCS results for different dendritic morphology.

4.1 Introduction

Secondary dendrite arm spacing (SDAS) has significant correlation to the local
solidification time or cooling rate in the solidification process of aluminum alloys® 2.
Massive research has been conducted to reveal the quantitative correlation between

them?®. As is shown in Eq. 4.1 and Eq. 4.2, the SDAS positively correlate with the local
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solidification time®. Here, ¢ and n are the constant co-efficient. Usually, n is a
value between 0.22 and 0.33 for aluminum alloys. t is the local solidification time, R

Is the cooling rate and AT, is the non-equilibrium temperature.
SDAS=ct" (4.1)

t="os (4.2)

Dendrite cell size (DCS) is another concerned dendritic morphology parameter.
According to Spears® and Caceres’, the ductility of the aluminum alloy has significant

correlation to the DCS. Usually, fine DCS promises good ductility of the casting.

Fig. 4.1 illustrates the main parameters concerned in the dendritic structure analysis,
which are SDAS and dendritic cell size (DCS), respectively. The former is the distance
between the center lines of adjacent secondary dendrite arms (SDA) and the later one is

the thickness of SDA.

Fig. 4.1 Schematic for SDAS and DCS in a dendritic structure.
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Traditionally, SDAS and DCS were measured manually by subjectively estimating
SDA center lines. The results depend on the individual experience of the inspector. It

must be measured several times to assure the objectivity. It would be labor-intensive.

Conventional SDAS measurement with image processing techniques tried to
calculate the distance between adjacent center lines of eutectic phase in the space of two
adjacent dendritic arms. Kalka® et al. used thinning algorithm to extract centerlines of
inter-dendritic phase and then manually drew an intercept to measure the SDAS. He
compared the samples from two component using statistic method and concluded that
the similarity of two dendrite morphologies can be estimated by comparing SDAS
distribution. The problem is the effectiveness. The SDAS measurement highly relies on
the recognition of SDA edges with eutectic phase. If the edge of SDA is not clear, the
measurement results of SDAS will be mistakenly estimated. In addition, the distance
between center lines of inter-dendritic phases are not the SDAS. It is an indirect manner

to evaluate the SDAS. Thus, it could not accurately reflect the dendrite morphology.

So far as the author knows, there is no reported image processing method to measure
the DCS of the dendrite. In this study, measurement of DCS with image processing

method will also be conducted.

In this chapter, the conventional SDAS measurement methods were discussed and a
morphological method is proposed to semi-automatically extract SDA and to effectively
measure the SDAS. In addition, the measurement of DCS has also been a task of the
method. The measurement results with the traditional image processing method and the

proposed image analysis method were also compared.
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4.2 Conventional measurement methods

Usually, there are three types of methods in conventional measurement, which are
manual method®, intercept method® and mean intercept method’. These methods are
illustrated in Fig. 4.2. Manual method is to judge the center lines of SDAs by human
eyes and measure the distance between adjacent center lines by hand. Intercept method
Is to estimate center lines of eutectic phase and use a manually drawn intercept to
determine intersection points with the center lines. The distance between adjacent
intersection points is taken as SDAS. The mean intercept method is to manually draw a
line on the optical microscopic image of dendrites. The number of SDA that the line
covers will be counted by human. The average SDAS will be estimated by dividing line
length with SDA number. The intercept method is to calculate the distance between
center lines of inter-dendritic phases. The center lines were achieved by thinning
eutectic grains. Mean intercept method is to measure the mean distance between n
dendrite arms. The manual method and mean intercept method are conducted by human

and the intercept method is conducted by image processing method.
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SDAS

SDAS

Fig. 4.2 Schematic of different SDAS measurement methods. a) manual method?®, b)

Intercept method® and c) mean intercept method®
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(a) (b) (© (d)

Fig. 4.3 Example of conventional measurement for SDAS. a) original image, b) manual

measurement, ¢) intercept method and d) mean intercept method.

Tab. 4.1 Mean SDAS results with different methods.

Methods SDAS(pum)
Intercept 32.8
Mean intercept 35.2
Manual 33.7

Fig. 4.3 shows the implementation example of the conventional methods on the
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practical dendritic structure shown in Fig. 4.3 (a). Fig. 4.3(b) shows the measurement of
manual method. Center lines of the SDAs were estimated by human eyes. An intercept
line was drawn manually to intersect with the center lines. The distance between
adjacent intersection points was measured by hand and taken as SDAS. Fig. 4.3(c)
shows the measurement of intercept method. Eutectic phase between adjacent SDAs
will be thinned with thinning algorithm to extract center lines of the eutectic phase.
These center lines will be used to approximate the SDA center lines. The program was
coded in the environment of OpenCV (C++) plugged in Visual studio 2012. Fig. 4.3(d)
shows the measurement of mean intercept method, the length of the intercept line
covering n SDAs was measured and divided by n. The measured results were shown
in Tab. 4.1. The manual measurement was conducted 10 times for one dendrite and
calculated the mean result of the 10 times' measurement to improve the accuracy of
manual measurement. Obviously, the intercept method yielded a relatively smaller

SDAS mean value and the mean intercept method yielded a relatively larger SDAS.

4.3 SDAS measurement with mathematical morphology

The dendrite morphology in aluminum alloys is complex. In this study, we firstly
conducted the SDAS measurement on the hand-drawn image. An automatic
identification method for primary dendrite arm (PDA) and SDA was proposed.

Subsequently, the measurement for SDAS in actual images was also presented.

4.3.1 SDA measurement in a hand-drawn dendrite
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Hand-drawn dendrite is used in this section. Fig. 4.4 shows a hand-drawn dendrite. In
this image, a complete dendrite structure (primary dendrite arms and secondary dendrite
arms) is presented. This is an ideal case of dendrite in aluminum alloy microstructure.
The automatic identification of PDA and SDA and automatic calculation of SDAS is

useful for the potential application in actual dendrite structure.

In order to automatically measure the SDAS of this dendrite, the center lines of the
primary and secondary dendrite arms must be identified automatically. In this section,
we propose a method to identify the center lines of both primary and secondary dendrite
arms in this study. It contains three steps. Firstly, skeleton of the dendrite is analyzed to
identify PDA and SDA center curves. Next, fit lines of the center curves are obtained
with least square method. Finally, PDA center lines are removed with Grubb's test

method.

4.3.1.1 Skeleton extraction

Thinning® operation was used to extract skeletons for both PDA and SDA.. Fig. 4.5
shows the extracted skeleton using thinning algorithm. It can be seen that every dendrite
arm has an endpoint in the skeleton and connected with a node. Therefore, the primary
and secondary dendrite arms can be identified by counting pixels from endpoints to the
nodes. The result of counting pixels from endpoints to nodes contains the center curves

of SDASs and two PDA center curves.

123



&
=
i

124

Fig. 4. 4 Hand-drawn dendrite.

Nodes

Endpoints

Fig. 4.5 Extracted skeleton of the manually-drawn dendrite.
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4.3.1.2 Least square fitting to find center lines

The center curves of PDA and SDAs were extracted by counting pixels from endpoint
to the nodes. The extracted dendrite arms were center curves of each dendrite arms.
Least square method'® was used to calculate the fit lines for the center curves. The

algorithm of least square fitting is as follows.

The pixels in a center curve can be seen as a point set P ={p(x, y)Ip(x, y)ec},

here c is the center curve. Suppose line I:y=a-+bx is the fit line we want.

Coefficient a and b can be calculated with:

=il (4.3)

b — i=1 i=1 i=1 (44)

4.3.1.3 Grubb's test to identify PDA and SDA

Among the center lines calculated in the previous section, there are two PDA center
lines. We must pick them out before calculating SDAS. Grubbs' test™ was used to do
this task. Generally, the slopes of PDA and SDA are different. In the ideal case, the
center lines of SDAs are parallel to each other and those of PDAs are perpendicular to
them. Therefore, the ideal correlation of PDA center line slope and SDA center line

slope should match the following equation:

1
b, =———_ 45
PDA b ( )

SDA
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Here, b,,, and by, are the slopes of PDA and SDA, respectively.

The calculation in the previous section yielded a series of surface slopes in sequence

{b,b,,....by}, N is the total number of primary and secondary dendrite arms. Grubb's

test is a calculation to this sequence to determine an outlier. This outlier would be a
value obviously different with the majority of the sequence. Apparently, it should be the

slope of PDA. The algorithm of Grubb's test is as follows.

G=itanll (4.6)

Here, G isthe Grubb's test statistic, b is the average of the sequenceand S is

the standard deviation of the data in sequence.

The Grubb's test was carried out twice to identify the two PDA center lines. Fig. 4.6
shows the result of PDA and SDA center line identification result. The fit lines achieved
with least square method are taken as the center lines of primary and secondary dendrite
arms. After the removal of PDA center lines with Grubb's test, we obtained the sequence

of SDA center lines.
4.3.1.4 Measurement of SDAS

The center lines of SDAs have same start and end abscissa to those of center curves.
In this study, they are actually fragments. Thus, the SDAS is actually the distance
between two adjacent fragments. The average distance from one fragment to its adjacent
fragment is taken as the SDAS. The final measurement result of SDAS is shown in Fig.

4.7.
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Fit line of
Primary Dendrite Arm

Fit lines of Secondary
Dendrite Arm

Fig. 4. 6 Identification of PDA and SDA.
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Fig. 4.7 Automatically calculated SDAS.

Although the automatic measurement from a complete dendrite structure is feasible
for the hand-drawn image, the practical dendrite structure is much more complex.

Therefore, a more efficient and effective method is required.

4.3.2 SDAS measurement for dendrite in actual images

Although the proposed method worked well for hand-drawn images, it has to be
noted that the dendritic morphology is very complex. The automatic measurement calls
for high requirement on the quality of actual images. This seriously restricted the

effectiveness of dendrite arm spacing measurement.

An image segmentation method only extracting secondary dendrite arms was used to
find concerned secondary dendrite arms. This method well solved the problem that
some primary dendrite arms were under the polishing surface of samples or the

secondary dendrite arms had already detached away from the primary dendrite arms*2.

Conventional image processing” method could not get the center lines of SDAs. It
used the center lines of inter-dendritic phase to replace the center lines of SDAs. Thus, it
could not directly and accurately measure the SDAS. Obviously, it failed to yield
accurate result. In order to directly and accurately measure SDAS, center lines of the
SDAs in dendrite must be extracted. Fig. 4.8 (a) shows a dendritic structure with
coarsened inter-dendritic phases. An automatic segmentation using image analysis
method in chapter 2 has been conducted and the result is shown in Fig. 4.8 (b). It shows

that the primary a-Al grains were successfully segmented from the eutectic grains,
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however, the procedure could not automatically tell which primary a-Al grain was
dendrite. Moreover, the primary a-Al grains were over-segmented owing to the noises

in the original image.

In this chapter, a semi-automatic extraction of secondary dendrite was used to
segment the SDA from the adjacent grains. Firstly, a marker-image was prepared
manually by drawing markers (red lines on Fig. 4.8 (c)) to indicate individual SDA and
the background. Subsequently, the marker-image was applied to the watershed

transformation and yielded an extraction result shown in Fig. 4.8 (d). Obviously, only

the SDAs in one dendrite were segmented.

Fig. 4.8 SDA segmentation results using watershed transformation. a) original image, b)
segmentation method in chapter 2, ¢) manual marker-image used in this chapter and d)

SDA extraction result in this chapter.
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4.3.2 Estimation of SDA center line

In the manual measurement, the center lines of SDA are estimated subjectively.
Inspectors have to evaluate the location of SDA center lines depending on their
individual experience. An objective estimation is needed. Thus, such an objective SDA
center line estimating method was proposed in this section. Firstly, the skeletons of the
individual SDAs were achieved with thinning algorithm, as shown in Fig. 4.9 (b). One
problem of the skeleton extracted is that there are too many endpoints, which will
influence the accuracy of SDAS measurement. Moving frontier method proposed in
Chapter 3 was used to eliminate the excess endpoints. The result is shown in Fig. 4.9 (c).

It can be seen that all the skeletons became a curve with only two endpoints.

Fig. 4.9 SDA center curve extraction result. a) SDA, b) thinning result and c) center
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curve result with moving frontier method.

The moving frontier method had improved the results of skeleton extraction. We got
the center curves of the SDAs. Center lines of the SDAs were calculated using least
square method. Blue lines in Fig. 4.10shows the line fit result with least square method.

Apparently, the fit lines well reflected the location and direction of the skeleton.

ipmag iR

Fig. 4.10 Fit line of the skeleton with least square method.
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Fig. 4.11 Intercept line calculated according to the center lines in SDAS.

After the calculation of SDA center lines, a subsequent calculation of individual SDAS
was performed. As shown in Fig. 4. 11 the slope of ith center line, a;, was calculated. An
intercept line was calculated according to the slopes of all the center lines, as depicted in

Eq. 4.3 and Eq. 4.4, where a is the mean slope of center lines, N is the total center

line number and &, 1S the slope of intercept line.
2.4
= 4.7)

a (4.8)
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We suppose that the intercept line passes the point (x,,y,) S0 as to intercept all

lines. In this case, it is the center point of center line 1. As can be seen in Fig. 4.11, the
intercept line will intercept with all the center lines and yield a series of intercept points.

We saved the points in sequence and then calculated the individual SDAS.

Original image

SDA extraction

L

[ Determination of SDA center line ]

|

[ Intercept line acquisition ]

J

[ SDAS measurement ]

Fig. 4. 12 Image analysis procedures of SDAS measurement for dendrite in the

proposed method.

4.3.3 Image analysis procedures

The programs of intercept method and the method proposed were coded with OpenCV
(C++) plugged in Visual Studio 2012. Fig. 4.12 shows the flow chart of image analysis

procedures in the proposed method for the SDAS measurement in Al-Si alloys
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microscopic images. Firstly, the secondary dendrite arms were extracted from the
original image with watershed transformation. A semi-automatic segmentation with
manually drawn marker-image was used. Secondly, moving frontier method was used to
extract the center curves of SDA. Thirdly, the least square method was used to get the fit
lines of center curves. Finally, an intercept line was calculated depending on the average
slope of center lines of SDAs and the center point of first center line. The SDAS was
calculated by calculating the distance between adjacent intercept points. The DCS was

the fragment length on the intercept line cut by the contours of SDA.

4.4 SDAS and DCS measurement results

4.4.1 Individual measurement of SDAS

Individual measurements for the SDAS in Fig. 4.8 (a) with intercept method, manual
method and proposed method are shown in Fig. 4.13. The manual result was an average
result of 10 times' measurement. The intercept method presents large difference with the
manual result. This is because the intercept method used the distance between center
lines of inter-dendritic phase as the SDAS while the real SDAS is the spacing between
adjacent center lines of dendrite arms. In contrast, the proposed method yields a much
closer result to the intercept method. A comparison of mean SDAS results with different
methods is shown in Tab. 4.2. The results show that the intercept method gives an
under-estimated result of SDAS and the mean intercept method produces an
over-estimated result of SDAS. The proposed method produced a much closer result to

the manual result in contrast to the other two methods. It can be seen from Fig. 4.13 and
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Tab. 4.2 that the proposed method yielded much better result than the conventional

methods.
Tab. 4.2 Mean SDAS results with different methods.
Methods SDAS(um)
Proposed 34.0
Manual 33.7
-=Manual
70 - -+ Proposed method
-<-conventional intercept method
60 -
350
<
A 40 -
(@p)]
30 -
20 [ [ [ |
0 5 10 15 20
SDAS No., -

Fig. 4.13 Comparison of individual measurement results for the original image.

4.4.2 Individual measurement of DCS

Dendritic cell size has significant correlation to the aluminum alloy ductility”, the
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measurement of DCS is important to evaluate the mechanical performance of the alloys.
The conventional intercept method with image processing cannot measure DCS of the
dendrite. In contrast, the proposed method can also semi-automatically measure the
DCS. Fig. 4.14 shows the result of DCS measurement results with manual method and
proposed method. The manual result was also an average measurement of 5 times. It can

be seen that the proposed method yielded a very close result to the manual method..

40 - -~-Manual
=-In this study

e 30 -
3
%)
@)
020 -

10 [ [ [ |

0 5 10 15 20

Dendrite arm No., -

Fig. 4.14 DCS measurement result.

4.4.3 The influence of different dendritic morphology

There are many types of dendrite morphology in the micrograph of Al-Si alloy. Fig.
4.15 shows several types of the morphology. Fig. 4.15 (a) and (b) are the morphology in
which the eutectic grains coarsened. In most cases like Fig. 4.10 (c) and Fig. 4.10 (d)

only secondary dendrite arms can be observed. The inter-dendritic phase has not been
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coarsened. Morphology shown in Fig. 4.15 (e), Fig. 4.15 (f) and Fig. 4.15 (g) is that the
growing of dendritic arms is not adequate. In other words, the ripening rate is low and
some dendritic arms are very short in contrast to the other arms. The last morphology
investigated in this chapter is the morphology in which dendrite arm edges is not clear.
This will influence the result of intercept method severely as there will be no center

lines of the inter-dendritic phase when the edges are not clear.
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Fig. 4.15 Different dendritic morphology used to testify the effectiveness of the

proposed method. a) and b) coarsened inter-dendritic phase, c) and d) SDA without
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PDA, e) and f) Low ripening rate, g) and h) unclear dendrite arm edges.

Fig. 4.16 SDA extraction result and center line extraction result. a) and b) coarsened
inter-dendritic phase, ¢) and d) SDA without PDA, e) and f) Low ripening rate, g) and h)

unclear dendrite arm edges.
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Fig. 4. 17 Mean SDAS measurement result for different dendritic morphology.

Fig. 4.16 shows the results of SDA extraction and center line estimation for different
types of morphology. The mean SDAS results for the eight dendrite morphology with
conventional intercept method and proposed method were measured and shown in Fig.
4.17. It can be seen that the proposed method yield more accurate result than the
conventional intercept method for those dendrite morphology with coarsened
inter-dendritic phase (Sample No. 1 and No. 2). For those in which inter-dendritic phase
have not been coarsened, the proposed method still gives much more accurate results
(Sample No. 3 and No. 4). However, when the ripening rate is low, the accuracy of the
proposed method is unsteady. E.g. the proposed method yields close results to the
manual result for No. 5 and No. 6 samples, but presents large error for Sample No. 7. It
can be seen that most of the dendrite arms are short and "fat" and thus the center lines

have been biasedly estimated. In contrast, when the dendrite arm shape is long-strip, the
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measuring accuracy becomes much better. The application of the proposed method to
the morphology with unclear edges (Sample No. 8) shows that the proposed method

yields much better result than the conventional intercept method.

4.5 Summary

In this chapter, we proposed an image analysis method for semi-automatic
measurement of secondary dendrite arm space (SDAS) and dendritic cell size (DCS)
based on mathematical morphology. Firstly, a human subjective preparation of
marker-image was conducted and used in watershed transformation. The segmentation
result showed that the semi-automatic segmentation well achieved individual secondary
dendrite arms. Secondly, the center lines of the secondary dendrite arms were estimated
with moving frontier method and least square method. As the center lines were the fit
lines of the dendrite arm skeletons, the program in this chapter could help to improve

the objectivity of center lines.

The comparison of individual SDAS result with conventional intercept method,
proposed method and manual method shows that the proposed method yielded closer
result to the manual result. The mean SDAS result also proves that the proposed method

could give better result.

DCS of the dendrite was also measured with proposed method in this chapter. The
conventional method cannot measure the DCS. Therefore, only the results of proposed
method and manual method were compared. It showed that the proposed method

produced accurate DCS result.
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Dendrite morphology affects the accuracy of SDAS measurement. In this chapter, we
selected 8 samples containing different types of dendrite morphology. The results
showed that the proposed method could give very close result to the manual result for
dendrite morphology with inter-dendritic phase either coarsened or not coarsened.
However, when the dendrite arm shape is round-like, the result of the proposed method
appeared unsteady accuracy. When the dendrite arm edge is not clear, the proposed
method still yielded good result while the conventional intercept method presented large

r variation.
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Chapter 5

Chapter 5 Conclusions

Image processing technique has been widely used in material structure analysis.
However, the conventional image analysis methods find difficulties in yielding desirable
structure analysis for materials. Thus, mathematical morphology algorithms have been

applied in this thesis to achieve

The results achieved in this thesis are depicted as follows.

In chapter one, we reviewed the past research of material structure analysis. The
merits and de-merits of applying the image processing techniques in material structure
analysis has been discussed. The motivation of using mathematical morphology to
improve image analysis for material structure has been explained. The objective in this

thesis has also been written.

In chapter two, an image analysis method for automatic primary grain size
measurement of aluminum alloys. At the first step, eutectic grains were identified with

opening algorithm. Next, an image segmentation using marker-image prepared with
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EDM method was implemented to separate individual primary grains. Eutectic grains
were eliminated by intersect the image segmentation result with opening result. Finally,
a second implementation of watershed transformation was conducted to segment small
isolated primary grains dispersed in the eutectic grains. The results showed that the
proposed method well reduced the over-segmentation, which was very common in the
conventional method using UEP method to prepare marker-image. As a result, the
proposed method presented much better coincidence with the manual result.
Subsequently, influence of image quality was investigated using bad quality image. The
results showed that the combining application of BTH transformation and proposed
method generated the most decent result to the manual method. The application of
proposed method without BTH on bad quality image still produced better result than the
conventional method and the conventional method with BTH transformation. Generally,
the proposed method greatly improved the measuring accuracy for primary grain size in
aluminum alloys. And, the fusing operation with BTH transformation improved the

robustness of the proposed method to different image quality.

In chapter three, an image analysis method for metal particle aspect ratio
measurement has been proposed in this chapter. The improvement comprises of two
parts. The first one is the image segmentation method for metal particles and the second
one is the aspect ratio evaluating method. Conventionally image segmentation method
for aspect ratio is based on watershed transformation using automatic marker-image
preparation method. It either over-segmented or under-segmented the metal particles in
glass matrix. Thus, we used manual method to prepare the marker-image. The results
showed that the manual method produced much better result in contrast to the watershed

with UEP method and the method in chapter 2. The conventional aspect ratio evaluating
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method is fit ellipse method. It worked well for the straight striped metal particles,
however, under-estimated those with bended strip shapes. In this chapter, a new image
analysis method for aspect ratio evaluation has been proposed. Firstly, the major axis is
estimated using skeletons extracted by thinning method. A further processing with
proposed moving frontier method is used. Secondly, the minor axis length is estimated

using the diameter of the maximum inscribed circle.

The comparison result of aspect ratio for individual metal particles shows that the
proposed method produced much more accurate result than the conventional method, no
matter the metal particle shape is straight strip or bended strip. The mean value for the
individual metal particles in several images also proved that the proposed method

produced closer result to the manual result than the conventional method.

In chapter four, we proposed an image analysis method for semi-automatic
measurement of secondary dendrite arm space (SDAS) and dendritic cell size (DCS)
based on mathematical morphology. Firstly, a human subjective preparation of
marker-image was conducted and used in watershed transformation. The segmentation
result showed that the semi-automatic segmentation well achieved individual secondary
dendrite arms. Secondly, the center lines of the secondary dendrite arms were estimated
with moving frontier method and least square method. As the center lines were the fit
lines of the dendrite arm skeletons, the program in this chapter could help to improve

the objectivity of center lines.

The comparison of individual SDAS result with conventional intercept method,
proposed method and manual method shows that the proposed method yielded closer

result to the manual result. The mean SDAS result also proves that the proposed method
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could give better result.

DCS of the dendrite was also measured with proposed method in this chapter. The
conventional method cannot measure the DCS. Therefore, only the results of proposed
method and manual method were compared. It showed that the proposed method

produced accurate DCS result.

Dendrite morphology affects the accuracy of SDAS measurement. In this chapter, we
selected 8 samples containing different types of dendrite morphology. The results
showed that the proposed method could give very close result to the manual result for
dendrite morphology with inter-dendritic grains either coarsened or not coarsened.
However, when the dendrite arm shape is round-like, the result of the proposed method
appeared unsteady accuracy. When the dendrite arm edge is not clear, the proposed
method still yielded good result while the conventional intercept method presented large

r variation.

In chapter Five, conclusions of the integral thesis have been summarized.
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Appendix

1. Mathematical Morphological Algorithms on Binary Image

Binary morphological operations will be performed on example binary image shown

in Fig. A.1.
Fig. A.1 Original binary image.
Fig. A.2 Erosion result.
Fig. A.3 Dilation result.
1.1 Erosion
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For a binary image, the erosion of a set X by a structuring element B is denoted by

SB(X) and is defined as the locus of points x such that B is included in X when its
origin is placed at x. The implementation result of erosion on Fig. Al is shown in Fig.

A2
8B(X)={X|BXQX}.

1.2 Dilation
The dilation of a set X in binary image by a structuring element B is denoted by

5B(X) and is defined as the locus of point x such that B hits X when its origin

coincides with x. The implementation result of dilation on Fig. Al is shown in Fig. A3.
5B(X):{x| B,nX ;t@}.

1.3 Opening and Closing

The combined operation of erosion and dilation generates two more operations.
Depending on the sequence of erosion and dilation, they are denoted as opening
(perform dilation on the result of erosion) and closing (perform erosion on the result of
dilation, respectively. As can be seen in Fig. A4, opening prunes small objects while

closing fills the small holes.

72(F) =64 (24 (1)) and Ay(1)=4(5,(1)).
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Fig. A.4. Opening and closing results. a) Opening result; and b) closing result.

1.4 Ultimate Eroding Points

Erosion Erosion Erosion Erosion

7~ N 7 N, N 7N

Reconstruction by

dilation

Sum of residues

Fig. A.5 lllustration of ultimate eroding points acquisition.

Eqg.1 shows the algorithm of ultimate eroding, where, U (X) donates the ultimate

0

eroding results, g"i( ) is one step in the successive erosion and 5"i indicates the

reconstruction based on image gm(x) with a restriction by g"i(x). Fig. A5
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illustrates an example of UEP image acquisition process. In the first row A, a binary

image is eroded successively by a structural element with kernel size 1 and thus we

have the results Ai, A?, etc. In the second row B, we have the successive

reconstructions of A in Ai. B, is the result of Ay in A?.The third row C shows

the results of A B, Finally, the ultimate erosion is the union UC‘ . The ultimate
erosion of each component is the last step before its disappearance by successive

erosions.
UOO=UU) U () =e, (V6 [, (X)]

ieN

1.5 Euclidean Distance Map

The calculation of Euclidean distance is as follows. Consider a set E = 7" (in most of

the examples, n=2), Euclidean distance between two points can be denoted as:

Where, X and Y indicate the related two pixels for Euclidean distance calculation.

When we mention the distance from a pixel to a pixel set, we means the distance

between the pixel and the closest pixel in the set, as Eq.3 shows.
d(xY)=min{d(x,y)|yeY}

Here, X specifies one pixel, Y is a pixel in pixel set Y .
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Assume set X (a strict subset of E) is the object in a binary image, X is the

background. The distance map of X is the application D, fromEto R* defined by:

VXeX,DX(x):d<x,X)

]

Fig. A.6. Example of Euclidean distance map and marker-preparation. a) Binary
image; b) Euclidean distance map; c) binary image of b, T = 0.15; and d) marker-image,

the gray areas are the objects in c.

Fig. A6 shows an example of Euclidean distance map (EDM) of a binary image. The
distance had been normalized and the brightest pixel in Fig. A6 (b) has the largest
distance to the background. Subsequently, the normalized EDM had been binarized with
a threshold in Fig. A6 (c). In this case, it is 0.15 to preserve markers for all of the

objects. The gray areas in Fig. A6 (d) indicate the markers.
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2. Mathematical Morphological Algorithms on Grayscale Image

2.1 Grayscale Erosion

Flat structural element —— Original Signal

--------- Erosion Result
----------- Dilation Result

Intensity, -

Fig. A.8. Grayscale erosion and opening on a 1 dimensional signal with a flat

structural element of size 3.

Grayscale erosion with a flat disk shaped structuring element will generally darken
the image. Bright regions surrounded by dark regions shrink in size, and dark regions
surrounded by bright regions grow in size. As depicted in the following equation, the
process of grayscale erosion is to find local infimum within the region defined by

structural element. As can be seen in Fig. A7, the grayscale erosion makes the "bright"

regions thinner.
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2.2 Grayscale Dilation

Grayscale dilation with a flat disk shaped structuring element will brighten the image.
Bright regions surrounded by dark regions grow in size and dark regions surrounded by
bright regions shrink in size. As is shown in Fig. A7, the dilation result of a
1-dimensional signal with a flat structural element is the process of finding local
supreme within the region defined by structural element, as is depicted in the following
equation. Thus, small "dark" regions disappeared after the dilation and the signal was

"brightened".

2.3 Grayscale Opening and Closing

Similar to the opening and closing in binary image, the grayscale opening and closing
operations are also the combination of grayscale erosion and grayscale dilation. As the
following equation denotes, grayscale opening is the grayscale dilation on the result of

grayscale erosion, while grayscale closing is inverse.
yB(f):é‘B(gB(f)) and ﬂB(f)ZSB(da(f))'

2.4 Top Hat Transformation

Top hat transformation is an efficient algorithm in mathematical morphology to solve
such a problem. The absolute difference between original image and grayscale opening
or closing image is defined as white top hat (WTH) or black top hat (BTH)

transformation, depicted in Eq.6. Here, B is the structuring element, and f indicates the

original image, and gB(X) denotes the grayscale opening and 5B(X) specifies the
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grayscale closing (See in Appendix).

WTH, = f -, (f)
BTH, = A5 (f)— f
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