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ABSTRACT

Artificial intelligence with a sufficient amount of realistic big data in certain applications has been demonstrated to play an

important role in designing new materials or in manufacturing high-quality products. To reduce cracks in ceramic products using

machine learning, it is desirable to utilize big data in recently developed data-driven optimization schemes. However, there is

insufficient big data for ceramic processes. Therefore, we developed a numerical algorithm to make “virtual” manufacturing data

sets using indirect methods such as computer simulations and image processing. In this study, a numerical algorithm based on

the random walk was demonstrated to generate images of cracks by adjusting the conditions of the random walk process such as

the number of steps, changes in direction, and the number of cracks.
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1. Introduction

n this era of the fourth industrial revolution,1) numerous

attempts have been made to apply data-driven optimiza-

tion schemes to manufacturing processes in materials sci-

ence and various industries. Because of recent developments

in information technology, it is now possible to achieve fast

and reliable optimization of various manufacturing pro-

cesses, even for highly complicated interconnected pro-

cesses. However, gathering a sufficient number of reliable

data sets related to the targeted manufacturing processes

remains a critical issue for successful optimization. Once

the required amount of big data for a manufacturing pro-

cess has been collected, it can be applied machine learning

algorithms2) to analyze and optimize the parameters being

considered. Artificial intelligence (AI) is a smart algorithm

for performing certain kinds of complex jobs by utilizing big

data and fast computers to mimic human intelligence. After

a primitive concept of artificial intelligence was proposed by

Samuel in 1959, various evolutionary algorithms were

developed, including recently proposed deep learning algo-

rithms based on neural networks.3) Once a sufficient amount

of big data is collected, the fastest and most reliable optimi-

zation method now seems to be available for a wide range of

industrial applications.

In the manufacturing process in the ceramics industries,

various individual manufacturing steps such as material

synthesis, mixing, forming, drying, and sintering must be

optimized. To apply the optimization scheme using a machine

learning algorithm, a sufficient amount of data for the indi-

vidual processes must be provided. It is, however, difficult to

collect enough data for the actual manufacturing process.

Thus, some alternative approaches have been developed to

generate “virtual data,” such as analytic formulas, computer

simulations, image processing, and artificial intelligence. In

material science, it is becoming commonplace to employ the

big data approach to new material design using computer

simulations, e.g. density functional theory.4)

In this study, we used a stochastic mathematical model to

generate a virtual image set of two-dimensional cracks cre-

ated in ceramics manufacturing processes, and the similar-

ity of the images was quantitatively determined by using a

simple cosine similarity factor. Although additional geomet-

ric parameters for the generation and comparison of crack

patterns are available, in this work, to demonstrate how to

generate big data sets of crack images, we focused on a few

geometrical parameters to demonstrate the algorithm.

Other parameters are left to be addressed in future studies.

2. Cracks Patterns of Ceramics

One of the most widely applicable ways to analyze the

generation mechanism of faults in ceramic forming pro-

cesses is to use artificial vision data.5) It is difficult to

achieve faultless ceramic products due to fault generation,

especially thermomechanical deformation, which is inevita-

ble in ceramic forming processes. Major faults of ceramic

products are various types of cracks generated on the sur-

faces.6) 

To apply machine learning to optimize these forming pro-
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cesses, it is necessary to first have a sufficient number of

images with faults. In this study, we generated virtual data

for the optimization process, which is the first step in cate-

gorizing the patterns of cracks in terms of geometric param-

eters, i.e., length, thickness, and depth. It is noted that the

individual images were still highly diverse, even with the

same geometric parameters.

Cracks on the surfaces of ceramic products are qualita-

tively and quantitatively diverse. Fig. 1 shows cracks on the

surfaces of a polycrystalline ZnO ceramic, along with some

impurities and voids.7,8) Fig. 1(a) shows a few simple types of

cracks and Fig. 1(b) shows more complicated types of cracks,

such as Y-shaped cracks where two simple cracks meet.

Cracks with larger widths are usually deeper. In Fig. 1(b),

crack A stays inside the grain and crack B meets the grain

boundaries; this may occur because of the thermal stress

that arises from polishing. Crack C forms near or on the

grain boundaries. The cracks show diverse formation accord-

ing to the average grain size and the microstructure, which

are highly dependent on the manufacturing process param-

eters, such as the sintering temperature profile. 

The production of ceramics usually includes sintering and

pressing, during which temperature can control the average

grain size and microstructure and also generate cracks. Pol-

ishing can also cause thermomechanical deformation, and

the chemical etching process may produce cracks on the sur-

faces induced by thermal expansion and chemical reactions,

as shown in Fig. 1. Therefore, a variety of crack patterns

originate from many different processes, and these patterns

need to be well categorized to be analyzed in machine learn-

ing. Then, the AI algorithm enables us to efficiently deter-

mine the optimal conditions for manufacturing processes to

minimize cracks.

By imposing some conditions or constraints on the algo-

rithm, such as uniform step length or directional angle, we

may produce more or less predictable crack paths. However,

realistic cracks on the surfaces of ceramic products exhibit

unpredictable paths (caused by unidentified hidden vari-

ables), and therefore a stochastic model is needed to make

the realistic “virtual” cracks normally observed in the man-

ufacturing process.

The generation model is set up for a specifically targeted

process. Big data for ceramic crack patterns may include a

large amount of categorized data according to predefined

aspects, i.e., the number of cracks, the length of each crack,

a total length of the cracks, and whether a crack meets the

edges. By varying the random seeds of the random walk

algorithm, we produced a large amount of virtual vision

data for the analysis. To control the uncertainty of the sto-

chastic approach, the limits of certain parameters were con-

trolled. In this study, we categorized a big data set for

cracks on ceramics according to the above aspects and gen-

erated the “virtual” cracks using the random walk algorithm.

3. Random Walk Algorithm

In statistical mechanics, there are a few path-finding

problems. The traveling salesman problem, Brownian motion,

and the random walk belong to this category. The well-

known traveling salesman problem is to simply find the

shortest path visiting all interconnected cities only once.

Brownian motion describes the motion of gas molecules by

the diffusion process.9) The random walk is a sequence of

steps in a stochastic pattern according to a time variable

either in a lattice or in a continuous space. Brownian motion

is a special case of the random walk with a continuous time

limit.10)

To generate virtual data for the ceramic forming process,

a mathematical model, i.e., the random walk algorithm, was

employed in this work. This stochastic model is a reliable

way to describe complicated patterns of cracks in ceramic

surfaces with various faults, similar to that shown in Fig. 1.

In statistical mechanics, the random walk algorithm pro-

duces an arbitrary path, such as Brownian motion describ-

ing the dynamic motion of free atoms. In this random walk

Fig. 1. Cracks on the surfaces of ceramics: (a) simple type
and (b) various types. The grain boundary lines and
the crack paths are not always coincident.
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algorithm, to describe the motion of a free atom, the moving

distance and the change of the moving direction are rather

randomly selected with few constraints at each time step.

The resulting crack patterns after some amount of time are

similar to cracks under certain constraints.

In some previous work, a few attempts have been made to

introduce a self-affine fractal model11,12) to describe patterns

of crack initiation and creation and the Voronoi tessellation

model13,14) for polycrystalline microstructures. They are not

quite efficient enough to obtain realistic images of crack pat-

terns. In this work, however, we focused on simple one-

dimensional crack patterns by using the random walk algo-

rithm.

To generate virtual images of cracks on the surfaces of

ceramics, we adopted the random walk process with dis-

crete time steps in a continuous two-dimensional space. In

general, the step length and the direction of each step can

be arbitrary. However, we needed to impose some con-

straints on the process in order to produce certain regulari-

ties to imitate real cracks, as shown in Fig. 1. Fig. 2 shows

the generating process of the random walk algorithm

adopted in this work.15) The length of each step, denoted as

l, was uniform and the change in direction was confined to

within a specific angle. That is, the change in direction was

set to be . Then, we made crack images of ceramics

by continuing these steps, with the following criteria to stop

the process. One criterion was the number of maximum

steps Nmax, which confined the length of the crack. When the

number of steps reached this number, the random walk pro-

cess ended. Another criterion was the meeting of one crack

to another crack or to an edge of the boundary. In these

cases, the random walk process also ended. Using these rel-

atively simple constraints in this numerical model, we gen-

erated a variety of realistic cracks on the surfaces of

ceramics by varying the parameters, such as  and Nmax,

in a stochastic manner.

4. Results and Discussion

Using the random walk algorithm to generate cracks in a

two-dimensional ceramic model produced various types of

cracks, which are shown in Fig. 3. In Fig. 1, there are a few

single cracks, some meeting the edges of the model while

others did not. Some cracks are Y-shaped and composed of

two cracks. The rectangular domain size of the ceramic

model Lx × Ly was 640 × 480 and the number of cracks was

five. The number of steps, Nmax, was 250, and the length of

each step l was 1; hence, the length of each crack was 250 or

less. In order to smooth the curves of the cracks, we set the

maximum change of direction to be rather small, = 10o.

For each crack, the position of the beginning point was ran-

domly selected, and the random walk process continued to

make the steps until it reached the specified criteria, i.e.,

where the number of steps N = Nmax and the cracks met

other cracks or the edges of the model. In Fig. 3, crack A has

a length of 250, crack B is shorter than A, and crack C is the

shortest. Crack D is composed of two cracks, which is shown

in Fig. 1(b). The cracks produced by the random walk pro-

cess, shown in Fig. 3, closely resemble real cracks on the

surfaces of ceramics, shown in Fig. 1. By adjusting the

parameters of the algorithm, one can make cracks more

realistic. 

The virtual data sets for generating images of cracks on

the surfaces of ceramics can be ordered in a systematic

manner. For example, suppose we have up to five cracks on

the model; then we can categorize the data simply by three

parameters, i.e., the number of cracks, the length of each

crack, and a total length of the cracks. This data format is

shown in Table 1, along with the model number. Even

though we considered three parameters in this work, our

model can be generalized to include more quantitative and

qualitative properties, such as the thickness of each crack,

whether a crack touches the edges of the model, or whether

it is an isolated single crack or two or more cracks combined.

The resulting crack images were plotted on a continuous

 < max

max
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Fig. 2. Random walks with uniform step lengths and angle
confinement.

Fig. 3. Various types of virtual cracks on the two-dimen-
sional model.

Table 1. Example of Data Set for Cracks on the Ceramic
Surfaces

Model 
number

Number 
of cracks

L1 L2 L3 L4 L5 Ltotal

1 1 50 0 0 0 0 50

2 1 50 0 0 0 0 50

… … … … … … … …

248 5 182 81 250 250 118 881

249 5 250 250 87 94 63 744

250 5 64 250 250 250 159 973
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map, and we simply converted the results to images on a

digital map with a size of 640 × 480. Usually, the big image

data obtained for the ceramic products had quality and

quantity information on the cracks with the image files. An

image file is digitized by converting it to a large number of

pixels. That is, each pixel is assigned an RGB value for a

color image or a grayscale value for a black and white

image, with the value ranging between 0 and 255. For our

case, for simplicity, we assigned a value of 0 or 255 to each

pixel, and hence we had 640 × 480 data points that were

either 0 or 255.

It is necessary to check whether the cracks produced by

the random walk process are realistic and whether the simi-

larities of cracks can be determined by the algorithm. For

this, we produced simple cracks on a two-dimensional

model, as shown in Fig. 4(a). Two cracks meet each other to

form a Y-shaped crack. These cracks were produced by the

random walk algorithm with 130–150 steps starting from

the initial point in the middle of the rectangular domain.

One of the cracks ended at the edge and the other ended

when it met the previously generated one. Fig. 4(b) shows

changes made from the last 50 steps, where two cracks do

not meet and both end at the edge. Figs. 4(c) and (d) show

changes made from the last 100 steps and 150 steps, respec-

tively. In Fig. 4(c), two cracks again form a Y-shaped crack

and the two cracks in Fig. 4(d) do not meet each other. How-

ever, it is not straightforward to quantify how much they

are similar, and therefore we need a quantitative assess-

ment method for determining their similarities.

For describing similarities of images, there are a few

quantities, and among these, the “cosine similarity” quan-

tity is one of the simplest quantities for comparing two vec-

tor images. The image data for the cracks in this work were

composed of values of 0 or 255 for all pixels and were consid-

ered as the vector images to be compared. The cosine simi-

larity factor is defined as follows:

(1)

Here,  and  are the respective sizes of each image

vector and A·B is the dot product of the two image vectors.

Each pixel of the vector images of A and B is defined as Uij

and Vij, respectively. Following the definition of the two vec-

tor images, we calculated the cosine similarity factor for the

simple virtual crack images described in Fig. 4. For the cal-

culations, one of two vector images was the original one

shown in Fig. 4(a) and the other was the image made from

the last step changes, as shown in Figs. 4(b), (c), and (d). 

Figure 5 shows the cosine similarity factor of the images

shown in Fig. 4. The horizontal axis represents the number

of last steps of the change from the original image and the

vertical axis represents the calculated value of the cosine

similarity factor according to Eq. (1). The value 1 means

that the two images are the same and the value 0 means

that the images are completely different. As the number of

the last steps of the changes increases, the value of cosine

similarity decreases downward from 1. The change is nearly

linear, and it is shown to approach 0 at step changes of

around 130–150. After that, the value continually fluctu-

ates, which is thought to be due to the accidental coinci-

dence of the images during the additional changes after 150

steps. Although the cosine similarity factor is limited to

assessing all possible similarities such as translational or

cos   = 
A B
A B
---------------- = 

i 1=

640
j 1=

480
UijVij

i 1=

640
j 1=

480
UijUij i 1=

640
j 1=

480
VijVij

--------------------------------------------------------------------------------

A B

Fig. 4. Two cracks generated by 150 random walk steps are
compared by the cosine similarity factor. (a) the orig-
inal figure of two crack paths. The others figures
present changes in the patterns made by (b) the last
50 steps, (c) the last 100 steps, and (d) the last 150
steps.

Fig. 5. The cosine similarity factor of crack patterns obtained
from the images in Fig. 4.
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rotational variations of the images, it can be still considered

a simple and clear way to determine the similarities of vir-

tual cracks generated by the controllable algorithm used in

the current study.

5. Conclusions

In this study, we used a mathematical algorithm to gener-

ate big data sets for the virtual image patterns of cracks on

the surfaces of ceramic products. This stochastic algorithm

based on the random walk process was demonstrated to

generate realistic images by imposing some constraints,

such as uniform step length and limited direction changes.

The uncertainty of the virtual data, even under the same

process conditions, was shown to be controlled by limiting

the maximum variations. Because the optimization by

machine learning was performed by the stochastic approach

rather than by the deterministic approach, we considered it

reasonable to utilize the stochastic approach in the genera-

tion of virtual data. Besides these constraints, additional

constraints were imposed to mimic the production of ceram-

ics cracks by the various thermomechanical forming pro-

cesses. For example, crack propagation was finished when it

reached an edge of the domain or met other cracks already

generated. A variety of different crack patterns could be

generated by varying some controlling parameters. By using

this algorithm, we generated a large number of vision data

sets, so that machine learning could be applied to the gener-

ated big data sets to determine optimal conditions on ceram-

ics manufacturing processes, which is the next topic to be

addressed in this type of data-based optimization scheme. 

Here, we also discuss the validity of the pattern-genera-

tion algorithm by checking the similarity of the generated

images. The calculated results of the cosine similarity factor

according to the step changes presented a reliable relation-

ship between the coincidence of the random walk steps and

the similarity of the crack images. It is suggested many dif-

ferent types of geometric parameters (width, depth, and cur-

vature of cracks) can be used to improve the quality control

of the realistic images. One example would be another sto-

chastic mathematical model such as fractals. Also, a deter-

ministic Voronoi tessellation model could be introduced to

depict various grain-based crack patterns of polycrystalline

ceramics such as intergranular, intragranular, and trans-

granular crack propagations.5) Many other realistic cracks

such as those caused by thickness, impurities, or void defects

in the ceramics manufacturing process will be addressed in

the future.
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