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Abstract: It is important for researchers in material domain to reconstruct and visualize the
microstructure of alloy, which helps discover morphologies and properties that can only be
found in three dimensional and microscopic space. However, because of the limitation of
state-of-the-art sensors, the internal microstructure of the material is not easy to obtain. In
this paper, a novel automatic 3D reconstruction method is proposed using diffraction contrast
tomography technology to capture the 3D microstructure of Al — La alloy. The pipeline of
the proposed method starts from the imaging of Al — La alloy with the LabDCT technique
from Carl Zeiss AG, which produces a sequence of 2D microstructure sections. Then, a
segmentation algorithm based on superpixel and lifted multicut is proposed to extract the
2D microstructure in an image section. Finally, 2D segmentations are joined together to
reconstruct and visulize the 3D microstructure. As a result, a novel morphology of Al — La
alloy is recovered with both dendrite and lamellar morphologies. The proposed method has

the advantage of the ability to losslessly recover the internal microstructure.

Keywords: diffraction contrast tomography; Al — La dendrite; lamellar eutectic; lifted
multicut

1. Introduction

It 1s important for researchers in materials domain to analyze the the microstructures, which play
an important role in the properties and performance of materials [1]. This analysis includes not only
visualization but also quantitative evaluation of varying microstructures of materials. As a result,
many researchers have discussed related topics in this area. For example, Rowenhorst and Spanos [2]
focused on grain topology and interface curvature in a S-titanium alloy, as well as the related grain
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Figure 1. Examples of scratches produced by the serial sectioning technique.

coarsening theories. They used serial sectioning techniques and the full 3-D morphology to recover the
3D microstructure. Wang et al. [3] performed Monte Carlo Potts model simulation based on S-titanium
grains to describe the Topology-dependent description. Wang et al. [3,4] also investigated the topological
correlations of grains by using the Monte Carlo-Potts model simulation.

However there are two limitations in most of above stuties. First, the 3D data of grains are often
captured using the serial sectioning technique, which suffers from information lost. Since the serial
sectioning technique obtains images in an interval of approximate tens of micrometers, and hardly keeps
parallel between two layers, much information is lost. Moreover, with the mechanical polishing working
on each layer, it is unavoidable to produce scratches, which leads to confusion with grain boundaries,
c.f. Fig. 1.

Therefore, scientists have been always looking forward to a technique that is able to extract the
complete microstructrue of grains losslessly. Actually, diffraction contrast tomography has been applied
in material domain. Marrow et al. [5] used DCT to map the three-dimensional microstructure of a
ceramic. McDonald et al. [6] made use of DCT to help understand how the densification of a powder
body was affected by various factors, such as particle rearrangement, rotation, local deformation and
diffusion, and grain growth. However, this technique has not been widely employed in material domain
due to limitation of accuracy and inconvenience. Moreover, lack of automatic segmentation algorithm
also hinders the development of microstructure analysis. Generally, the microstructures of most grains
are in a scale of micrometer, while a thousandfold microscope produces large and high-resolution images
in a scale of millimeter. As a result, microscopic images often contain tens of thousands of grains,
which is infeasible for manual labeling. Therefore, it increases the demand for efficient segmentation
algorithms.

To alleviate this problem, many algorithms have been proposed to segment grain images with
computer. Ullah et al. [7,8] introduced a computer-aided method to accelerate the manual procedure.
They designed a pipeline to segment the grain images with help of the software “imageJ". First, all
images were aligned using the a “Align3_TP", one of the ImageJ plugins, to avoid tanslation and
rotational displacements between consecutive sections. Then, pre-processing of images was conducted

to select region of interest, correct uneven illuminated background, and remove the small spots. It
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Figure 2. The phase diagram of Al — La alloy

was followed by a watershed algorithm and Geodesic transformation to obtain the 3D segmentation.
Later, Waggoner et al. [9] presented an interactive propagating method to improve the segmenting
quality. Their idea is to partition an image with help of the prior of the previous segmentation result,
namely “information propagation”. As a result, a sequence of images can be segmented by repeatedly
propagating this kind of segmentation from one slice to another. Hence, an interactive graphcut algorithm
was introduced. However, human labeling was still necessary.

In this paper, the 3D microstructure of the Al— La dendrite is investigated. Actually, many researchers
have paid much attention to the microstructure of dendrites in Al — La alloy. The basic idea is to model
the relationship between the microstructure and the properties of Al — La alloys. Zheng and Wang [10]
reported a novel microstructure, periodic diphase dendrite in Al — 35% La binary alloy. They found that
there is a discontinuous microstructure in Al — 35% La, which appears as a section plan crossed over
some branches of tree-like structure. Then, Zheng et al. [11] experimentally studied the microstructure
evolution of Al — La alloys with varying La contents. By ways of X-ray diffraction, field-emission
scanning electron microscope, energy dispersive spectrometer and tensile test, the variation of 2D
microstructure of Aly;Las under different temperatures are discovered. Yang et al. [12] has reported
that the appropriate addition of La had an advantages in refining grain size, removing harmful impurity,
improving tensile strength and elongation rate of aluminum alloys. Then, He et al. [13] looked into the
progress of microstructure evolution of Al — La alloys with varying La contents. They found that the
Alqq Laz phase has an obvious influence on tensile strength, and La content has a greater effect on the
plasticity of Al — La alloy. Therefore, the dendrites microstructure has important effect on the properties
of Al — La alloys. However, all above studies focused on the 2D image rather than the 3D microstructure
of the Aly; Las phase.
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Figure 3. Xradia 510 Versa

For the purpose of analyzing microstructures of Aly;Las, the DCT technology is introduced in
company with a lifted multicut segmentation algorithm. As a result, a complete 3D Aly; Las grain is, for
the first time, reconstructed non-destructively. With help of the visualization of the reconstructed grain
we find that the dendrite structure, different from common dendrite of single phase, possess a novel 3D
morphology. This is the reason why the chemical composition crossing the arms of the diphase dendrite
changes in discontinuous and periodic oscillatory, which is consistent with the conclusion drawn by
[10,11].

The remaining of the paper is organized as following. Section 2 describes experiments conducted
with DCT, as well as the resulted dataset. It is followed by introduction of the segmentation algorithm
in section 3. Subsequently, analysis of the segmentation algorithm and the resulted 3D microstructures
are presented in section 4. Conclusions are drawn in the final section 5.

2. Experimental Methods and Results

Experimental materials are high-purity metals; the purities of Al and La are 99.99% and 99.9%. The
content of the solute La is 35wt%. The base metal is placed in a black-lead crucible and the black-lead
crucible is placed in a vacuum inductance furnace in advance [10]. The vacuum of this furnace is heat
up to 980 °C, and then La is added. After that, the black-lead crucible, which has the melt AlLa alloy
is taken out and the melt alloy is poured into a graphite mold. Hence a casting sample after cooling is

manufactured.
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Figure 4. Images captured by optical microscopy at a magnification of 500 x

Subsequently, the surfice of the sample is polished with a grinder polisher, providing a smooth 2D
plain. Then, an optical microscopy at a magnification of 500 is utilized to capture the microstructure
of the sample.

To capture the material structure non-destructively, this paper makes use of the diffraction contrast
tomography (DCT) technique. The LabDCT technique from Carl Zeiss AG, Xradia 510 Versa (c.f. 3), is
utilized to perform non-destructive detection in three-dimensions. It enables us to non-destructively
quantify, map, and visualize numerous small grains, as well as interrelationship between grains in
three-dimensional microcosmic space.

Fig. 4 shows the images captured by a optical microscopy. These figures demonstrate the 2D
microstructure of dendrite, which consists of light and dark regions, distributing in a uniform matrix
of the alloy of Al — 35%La. It indicates that the composition of Al and La in the dendrites is under
a periodic variation along with its growth directions. So this kind of solidification structure in 2D was
named as the periodic diphase dendrite [10]. It is well known that the microstructure of eutectic AlLa
alloy at room temperature is composed of Al and Al;; Las eutectic and first phase Aly; Las according to
the phase diagram, which is shown in Fig. 2. Actually, Zheng and Wang [10] looked into the change of
chemical composition in the dendritic arm and proved that the dendrites are composed of two phases, i.e.,
Al and Alyy Lag. Later, Zheng et al. [11] further discussed the formation mechanism of this two-phase
pattern. However, their discussion has not been supported by experimental results.

In constrast, diffraction contrast tomography technique is able to capture the 3D microstructure of the
Aly1 Las alloy. A series of DCT section images of the Al — La alloy are exhibited in Fig. 5. Fig. 6
shows the surface of this cubic alloy in two different views. According to the mechanism of diffraction
contrast tomography technique, different colors qualitatively indicate densities of different phases. In
another word, the brighter the color, the greater the density. After measurement of the two phases in
Fig. 6, their densities are listed in table 1. It indicates that the bright dendrite in Fig. 6 is Aly; Las.
From these two figures it can be observed that the diffraction contrast tomography technique is able to
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Figure 5. Image sections of 3d Al — La alloy.

Figure 6. Two views of the surface of 3d Al — La alloy
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Table 1. Densities of the two phases, Al and Al}; Las. (g/cm?)

Al Alll La3
Density 2.792 3.837

(e)

3D Reconstruction

€)
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(c)
Segmentation based
on Lifted Multicut

Boundary
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(d)
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Figure 7. Illustration of the pipeline of the Lifted Multicut segmentation and reconstruction

capture the shapes of dendrites according to the contrast of densities between the two phases, i.e., Al

and Aly; Las. Therefore, it also allows us to recover the microstructure of Al;; Laz phase using image

analysis techniques.

3. Segmentation based on Lifted Multicut

From the DCT image sequences of Fig. 5 we find that the 2D grains in a section appears like long

strips crossing each other. Moreover, there is remarkable interval between two grains. Therefore, it is

reasonable to employ segmentation algorithms in computer vision domain to separate different grains.

In this paper, we formulate the segmentation of microstructure as a lifted multicut problem.

3.1. Segmentation as LMP
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The minimum cost multicut problem (MP) is often used in image decomposition problem and it is
equivalent to the graph decomposition problem. However, it models only pairs of neighboring nodes in
the graph, which has difficulty in case of ambiguous boundaries. As an extension of MP, minimum cost
lifted multicut problem (LMP) [14] explicitly involves relation between nodes that are not adjacent to
each other. This distinct makes feasible the segmentation of images with vague edges.

Before the introduction of LMP, we first give some parameters of LMP as follows.

e a connected graph ( = (V, F) with V' the set of vertices, and F the set of edges associating with

two neighbor vertices in V.

e a graph (' = (V, E’), which is called the lifted graph of (, satisfies that ¥ C E’,and D = F'\E
contains edges associating only with vertices that are not neighboring. It is remarkable that the
graph ¢’ is an extension of (. In fact, when ('\( = 0, there is no edge associating with vertices
that are not neighboring. The LMP is reduced to MP problem. On the other hand when ¢'\( # 0,
LMP is not equivalent to MP. In this case, however, the solutions of MP and LMP are one-to-one

corresponding.

e a cost ¢, is assigned to every edge e € E’, where e = wv connects two nodes u and v that are

belong to distinct components.

Subsequently, the minimum cost lifted multicut problem is defined as [14]

bglél;/ EGZE/ Cob, (D)
st. VO € cycles(G),Vee C : b, < Z be )
geC\{e}
Vuv € E'\E,VP € uv — paths({) : b < Z be (3)
weP
Yuv € E'\E,YC € uwv — cuts(() : 1 — b, < Z 1—b,, 4)
wweC

where b € B is a configuration of all the edge labeling in E’ that b, € {0,1}, and B C {0, 1}*" is the
feasible set of the labeling configurations. In this optimization problem, the constrant (2) guarantees that
the solution is feasible. It means that any solution set {e € E|b. = 1} of (1) corresponds to a multicut
or decomposition of G. While the constraints (3) and (4) ensure that for any edge ¢ € E’, b, = 0 if and
only there is a path in ¢ with all edges labeled O; b, = 1 if and only if there is a cut in ¢ with all edges
labeled 1.

3.2. Implementation

The pipeline of the segmentation and reconstruction is shown in Fig. 7.

1. Superpixel. To avoid the heavy computational cost, this paper constructs the lifted graph based on
the super-pixel algorithm. As suggested by Stutz et al. [15] and Wang et al. [16], the super-pixel
algorithms over-segments the image meshes into much smaller graphs, which greatly reduces the
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complexity of the following segmentation procedure. As images captured from DCT are always
of high resolution, super-pixel algorithms improves the feasibility of the multicut problem. Based

on the super-pixel algorithm, an image is decomposed into a graph (.

2. Boundary Detection. It helps LMP determine the feature of an edge. Given {d,},i = 1,...,n
the set of detected boundaries between v and v, with d; the strength of the ¢-th boundary point.
The boundary feature can be determined by

Z?:l di

n

fuv = (5)

3. Construction of Lifted Graph. Moreover, a feature vector f is calculated for each node in ¢, which
consists of the size, the gray histogram, skewness, kurtosis, maximum, minimum, sum, variance,
etc.

According to the Bayesian Network, the cost ¢, depends on the conditional probability of y &€
{0, 1}*" with respect to the feature vector z of an edge that [14]

1— py|$(1’ ZL‘)

6
pye(L2) (©

ce = log

in which p,|, can be estimated by logistic regression. However, there are two cases to consider
the feature vector x. For the first case, an edge e € I connects two neighboring nodes u and v of
two different components. The feature vector of an edge is constructed by concatenating feature
vectors of two nodes and the boundary feature between them.

As a result, the feature vector of an edge connecting v and v is constructed as =, = [fu, fo, fuv)-
Then, logistic regression is conducted based on x,,, which outputs the probability p,, that

1

1+ expf{ﬁoﬁﬁ’w} )

Dy|lz =

where [y and (; can be learnt from the training set.
For the other case, the two nodes of an edge ¢’ are not neighbors. It is equivalent to find a path
that “best" connects these two nodes. Howeyver, it is different from and more difficult than the first
case that it has to enumerate all paths connecting the two nodes. In this paper, the DijkstradAZs
algorithm is used to find this path. After the path is obtained, its probability can be determined by
Pyl (0, 1) = max © pr‘x(O, x). ®)
eeP

Pcuv—paths

4. 3D Reconstruction. To construct the 3D microstructure of Al — La dendrite, it is necessary to join
together all the 2D segmentation results. For this purpose, a 3D graph is introduced as following.
Given two neighboring graphs ¢! = (V! E') and ¢'*! = (V!*1 E'*1) of the [-th layer and the
| + 1-th layer respectively, the cross-layer edge set can be defined as F' = {e,,|u € V! andv €
V11, Moreover, the 3D graph can be defined as

r'=(7,2)
where Vcr, ==FUF. 9)
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Figure 8. Qualitative evaluation of superpixel algorithms on the DCT image dataset.

As far as the authors know, there have been many algorithms to obtain the solution of 3D graph
[14,17]. In the situation of DCT sequential images of Al — La dendrite, however, due to the
tiny interval between two neighbor layers, the movement of a dendrite is always so slow that it
is easy to interrelate two cross-layer dendrite according to the euclidean distance. Therefore, the

cross-layer edge set is constructed as

1
F = {ew|ZU¢ >euc Viandv € V) (10)
ool
uUv

where € denotes the threshold that can be determined by experiments.

4. Segmentation Results

4.1. Dataset

To capture the microstructure of the alloy, this paper conducts diffraction constrast tomography
experiments for Al — La alloy described in Section 2. The Xradia 510 Versa from Carl Zeiss AG is
used in this test. As a result, a total number of 400 DCT sections are captured with interval of 2 microns
between adjacent layers. The size of each section is 800 x 800 and each pixel has a resolution of 2 x 2
square microns. Example sections are shown in Fig. 5. To reduce the computational cost, each section
is cropped into 4 images of 200 x 200. Therefore, a dataset of 6400 images is constructed for evaluation.
For each image, the Al;; Laz phase is manually labeled. Furthermore for all experiments in this section,

the leave-one-out strategy is used and the dataset is split into 10 subsets.

4.2. Evaluation of Superpixel

To evaluate the superpixel algorithms, we make use of the measurement of undersegmentation

error (UE) [18] and Boundary Recall (Rec) [19] to evaluate. Suppose a region from the ground truth
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segmentation is G; and from the superpixel algorithm is S;. Then, the “leakage" is used here to describe
the overlap of superpixels with multiple, nearby ground truth segments. It can be evaluated by

1 (stma;é@ 15;1) — |Gl
UE = — L (11)
P> e

where the normalized AAlJleakageAAl of superpixel S; with respect to G; is denoted by

(Xs;na; 20 191D =Gl
Gl

result. Rec evaluates the boundary with repect to the ground truth that

. A high value of UFE means that the superpixels do not tightly fit the ground truth

B TP(G,S)
RecG.5) = 756G 5+ FN(G.9) (12)

where T'P((G, S) means the number of true positive boundary pixels F'N (G, S) denotes the number of
false negative boundary pixels. Therefore, a high Rec indicates better boundary detection.

We compare three superpixel algorithms, i.e., NC[20], Reg [21], and SLIC [18]. The evaluation
results of these algorithms are shown in Fig. 8, from which we can draw three conclusions. Firstly, with
the increase of number of superpixels, Rec results of the three algorithms are improved consistently.
This is in tune with intuition that more superpixels lead to a less 4AIJleakagedAl and a better AAIIfitAAIL
Secondly, SLIC obtains the best results over the other two algorithms. Finally and most importantly, the
cut-off number of superpixel, with satisfied performance, can be determined to be 1000. Actually, the
Rec result of SLIC tends to be 1 when the number superpixels is more than 1000. NC get a similar Rec
with SLIC when the number of superpixels is more than 1300. In contrast, Reg obtains the worst result.
Similarly, the UE curve of SLIC decreases nearly to the minimum, 0.72, after the number superpixels
reaches 1000. While the best UE results of Reg and NC are 0.105 and 0.13 respectively.

4.3. Evaluation of Boundary Detection

Similar to superpixel, boundary also plays an important role in the cost of LMP (7). This section
evaluates and chooses the most appropriate boundary detector for DCT images. Three boundary
detectors are involved for comparison, i.e., DeepContour (DC) [22], Structure Forest (SF) [23]) and
RCF[24]. The precision-recall curve is introduced to evaluate the performance of the three algorithms.
Precision/recall curves are shown in Fig. 9. It indicates that the SF outperforms all the other two methods.
In fact, SF obtains an F-score approximate to 0.69, while the F-scores of DC and RCF are 0.62 and 0.66
respectively.

It should be noted that Fig. 9 does not mean disappointed performance of DeepContour and RCF.
On other dataset, BSDS500 for example, we also obtain different results which support RCE. However,
comprehensive evaluation of these algorithms is beyond the scope of this paper. Therefore, the objective

conclusion is that the Structure Forest algorithm performs the best on our DCT dataset.

4.4. Performance of Segmentation

This section evaluates the performance of LMP based segmentation with different superpixel and

boundary detection algorithms. We evaluate the influence of the two procedures, superpixel and edge
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Figure 9. Precision-recall curve.

detection, to the segmentation. The idea is to evaluate one procedure by fixing the other. Particularly,
we choose structure forest as boundary detection method when assessing superpixel algorithms, because
structure forest obtains the best performance in section 4.3. Similarly, SLIC is employed as superpixel
method when assessing boundary detection algorithms. As a result, a total of five combinations are
compared: 1) NC[20] + SF [23], 2) Reg [21] + SF [23], 3) SLIC [18] + SF [23], 4) SLIC [18] + DC [22],
5) SLIC [18] + RCF[24]. The number of superpixels is fixed to be 1000 due to the best performance in
Fig. 8. All above combinations are followed by the logistic regression and the lifted multicut algorithm.

We introduce three indicators [25] in this evaluation, i.e., the segmentation covering (SC), the
probabilistic Rand index (RI), and the variation of information (VI).

e SC measures averaged matching between proposed segments with a ground truth labeling, defined

Z |Sz Sz ﬂg] (13)
‘G’ gJEG Si Ugj

as

e RI evaluates the labeling distance between two regions, which is defined as

Sy, ( el ) 14

1<J

where

1 if there exist k and &’ such that both z; and z; are in both s;, and g;

~J 1 ifthere exist k and &’ such that both x; is in both s, and gy, (15)
s and z; is in neither s, nor gy

0 otherwise
e VI measures the relative entropy between two segmentation sets, S and G, and is defined as
VI(S,G)=H(S|G)+ H(G|S) (16)

where H(S|G) and H(G|S) are conditional image entropies that can be defined as

P(y)

ls€{0,1} l;e{0,1}


http://dx.doi.org/10.20944/preprints201807.0487.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 25 July 2018 d0i:10.20944/preprints201807.0487.v1

13

Table 2. Comparison of segmentation results

Method SC RI VI
NCJ[20] + SF [23] 0.612 0.704 1.798
Reg [21] + SF [23] 0.651 0.761 1.515

SLIC [18] + SF [23] 0.792 0.923 1.056
SLIC [18] +DC [22] 0.776 0.897 1.140
SLIC [18] + RCF[24] 0.790 0.915 1.013

o
©

0.75 |

Accuracy
I
3
T

o©
o)
a
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0.55

0.7 0.75 0.8 0.85 0.9 0.95
Threshold

Figure 10. Accuracy of cross-layer construction along with variation of the threshold.

where [, and [, are labels in .S and G respectively. H(G|S) can be defined similarly.

The segmentation results using these three indicators are shown in table 2. We can draw two
conclusions. Firstly, the influence of superpixel is greater than that of boundary detector. The max
deviation of SC is 0.18 (NC+SF) when alternating superpixel algorithms and 0.26 (SLIC+RCF) when
alternating boundary detectors. Similar results can also be found in RI (0.219 vs 0.008) and VI (0.742
vs 0.043). This is reasonable because the accuracy of superpixel is the precondition of segmentation.
Secondly, SLC + SF obtains the best performance in both SC and RI, and a similar performance with the
best one (SLC + RCF). Therefore, this paper considers the combination SLC + SF as the best pipeline.

Subsequently, this paper analyzes the construction of the 3D graph. The only parameter in this
procedure to be considered is the threshold € in 10. For this evaluation, the cross-layer correspondences
are manually labeled to construct the cross-layer edge set F,. Given the cross-layer edge set I from the

segmentation algorithm, the accuracy can be evaluated by
acc=TP/GT (18)

where T'P denotes the number of edges in F; N F, and GT denotes the number of edges in . The
results are shown in Fig. 10. It indicates that the accuracy keeps higher than 0.98 until € > 0.8. Therefore
in this paper, the threshold is set to be 0.8.

Finally, based on the 3D visualization, it allows us to investigate the microstructure of this dendrite in
any view angle. This is illustrated in Fig. 11 where two observations are shown. This morphology has
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Figure 11. Different views of the dendrite of the phase Al;;Laz in Al — La alloy. Different
colors denote different connected components.

two features. First, the whole microstructure is well developed in the form of dendrite. For example in
the left of Fig. 11, the dendrite structure appears as the base of the whole microstructure. On the other
hand, the dendrite arm acts as lamellar eutectic morphology.

The reconstructed three-dimentional microstructure in Fig. 11 is novel and different from the
tree-structure described in [11]. Through 2D imaging methods of X-ray diffraction and SEM, Zheng
et al. [10,11] found the diphase morphology in 2D images, which is predicted to produced by
cross-sectioning the alloy vertical to dendrite arms (c.f. Fig. 4 in [11]). However, they did not verify
this prediction without the complete three-dimentional microstructure. With help of the reconstructed
three-dimentional microstructure in this paper, nevertheless, the 2D "diphase" dendrites named by [11]
are formulated by cross-sectioning the dendrites arms in lamellar eutectic microstructure.

5. Conclusion

While many researches focused on the variation of microstructure evolution [13] and properties of
the alloy [12,26] according to varying components, there has been little experimental verification of
these microstructures in three dimension. For the Al — 35La alloy prepared by free solidification
experiment, the 3D dendritic microstructure of Aly; Las phase has been captured and analyzed based
on the diffraction contrast tomography (DCT) technique and the lifted multicut algorithm.

The pipeline of the segmentation of DCT images consists of four procedures. The first one is
the superpixel method, which greatly reduces the burden of segmentation. Then, the lifted graph is
constructed based on the superpixels and boundary detection algorithms. It is followed by the lifted
multicut algorithm which solves the image segmentation problem. After the experimental evaluation,
the combination of SLIC [18] and SF [23] is selected to obtain the best segmenting accuracy. Finally,
with help of the cross-layer correspondence and 3D visualization, the whole microstructure of Aly; Lag
is reconstructed from the DCT image sequence. As a consequence, a novel morphology of the Al Lag
phase is observed through the visualization of the 3D microstructure.

The value of this work is reflected in that, for the first time, the 3D microstructure is exhibited in
the material domain. Moreover, compared to traditional mechanical cross-sectioning methods, the DCT
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technique as well as the LMP segmentation algorithm is able to recover the microstructure losslessly.

Therefore, it is our future work to study the 3D microstructures of other kinds of alloys as well as their

relationship to mechanical properties [13].
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