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Abstract. Ceramics have gradually occupied a more significant proportion in the art market and daily life
in recent years. Therefore, the identification and anti-counterfeiting of ceramics have become more import-
ant with the continuous improvement of counterfeit ceramics. However, it is difficult for traditional ceramic
identification and anti-counterfeiting technology to make instant, accurate and efficient identifications. Hence,
based on the speed-ed up robust feature (SURF) algorithm, this paper proposes to take the microscopic sur-
face features of ceramic images as the unique identifier for ceramic. In addition, blockchain was combined
with distributed storage to ensure the security and reliability of these micro-characteristic data. At any time,
ceramic images to be identified can be compared and verified with these images stored on the blockchain,
and hence to determine the authenticity of the ceramics. Experimental results show that the proposed method
has a high recognition rate and good robustness to problems. Compared with the traditional feature extraction
methods, the efficiency and accuracy of proposed algorithm have been improved. The matching similarity rate
between most imitations and genuine products using the proposed algorithm will not exceed 15%, thus accu-
rately identifying imitations to achieve the anti-counterfeiting of ceramics.
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1 Introduction

Nowadays, ceramics have gradually become popular because of their outstanding artistry and collection value.
Besides the artistic ceramics which are worth collecting, daily ceramics produced by high-end ceramic brands
have also occupied a large proportion of the art market. With the continuous development of the market and the
continuous improvement of counterfeiting, more highly-imitated counterfeit ceramic art products continue to be
made, which disrupts the normal art ceramic market and seriously threatens the sustainable development of the
art ceramic market.

In the past, macro parameters such as shape, size, and weight were used to determine the “identification” of
ceramics. However, it is increasingly challenging for traditional identification methods to identify ceramic fakes
which have been constantly refined. Therefore, it is significant to find a more convenient and efficient method of
ceramic identification and comparative traceability to examine the art ceramics.

At present, the traditional method of identifying ceramics can be roughly divided into two types. The first
type is the visual identification method, in which the ceramics type, tire glaze, ornamentation, style recognition,
craftsmanship [1], and other aspects have been used for the identification. Nevertheless, only a few experienced
experts can provide identification and conclusions through visual and tactile sense and combine the authenti-
cation with their own experience in ceramic identification. Moreover, due to the high value of some art porce-
lains, manual identification does not have such credibility that everyone can believe in. The second type is the
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technological identification methods combined with computer science [2]. With the advancement of science and
technology, combining computers with ceramic identification is more reliable and reasonable for the business
environment. In the past, people commonly used labels to store ceramic information for identification. For exam-
ple, bar codes technology and QR codes technology are common ways to identify products in life. However, it is
not so difficult to make such codes that there is an excellent possibility of replicability. Therefore, more and more
application scenarios are now considering using radio frequency identification (RFID) tags [3] for identification.
For example, Babar and others have presented a small and flexible metal mountable UHF RFID tag antenna [4].
However, whether bar code or electronic label may leave traces on the surface of ceramics. These traces not only
destroy its integrity and affect its beauty but also greatly damage its artistic value and collection value for pre-
cious ceramic art.

Therefore, image processing technology has been used more frequently to analyze and understand ceramic
images to assist in ceramic identification and anti-counterfeiting. For example, Wang and others [5] have found
that embedding watermarks in the design stage of flower paper has a certain anti-counterfeiting effect on ceram-
ics. In the application of anti-counterfeiting technology to art ceramics, Yuan and others [6] have summarized the
feasibility of nondestructive testing techniques such as optical microscopy imaging and CT scanning. With the
rapid development of artificial intelligence technology, many scholars have started to combine artificial intelli-
gence and image processing technology with ceramic recognition and anti-counterfeiting. For instance, Mu [7]
and others have studied Al-aided recognition of ancient ceramics, consequently, machines instead of experts, can
intuitively recognize ancient ceramics. Yang [8] has proposed a feature extraction and classification algorithm
for ceramic surface images based on artificial neural networks and extracted shape features for separated surface
defects.

Based on the above analysis, combining image processing algorithms and artificial neural networks for ce-
ramic identification is feasible both in theory and in practice. However, most image processing algorithms are
aimed at macroscopic parameters such as the shape, size of ceramics, and patterns to determine the “identity
identification” of art ceramics. It becomes more and more difficult for these methods to deal with the continuous
refinement of imitation art ceramics counterfeits on the market. In addition, these methods generally require par-
ticular devices to collect required ceramic information, such as infrared spectrometer [9], X-CT [10] and so on.
However, these devices are usually large, complex, expensive, and cumbersome to be applied on a large scale.
Therefore, it is vital to find a new method to identify ceramics. The firing process of ceramics is physical and
chemical. Even if the raw materials are the same, the firing conditions will change slightly [11]. For instance,
the type of the vessel, the holding time, and other factors will lead to changes in the microstructure of the art
ceramics in a specific region, such as the formation of microcracks, bubbles, and characteristic crystals. In such
a region, the combination of random structural features is difficult to repeat during the preparation process.
Furthermore, these structural features are unaffected by corrosion and wear. Therefore, this paper proposes to se-
lected the unique microstructure feature to carry out testing and comparative tracing due to its non-repeatability
and good stability. However, compared with the general images, the microscopic images have a large number of
irregular features which have increased the difficulty of feature extraction, and thus it is more difficult to collect
samples. Although deep learning has already been widely used in image matching [12]. It is difficult to apply the
deep learning methods to identify ceramic microcosmic images because of the above problems. On the contrary,
due to high robustness and the need for a small number of data samples, SURF and other traditional algorithms
based on the manual is more suitable for processing these images in practical applications. Especially in detect-
ing the feature points, the traditional detection methods can detect very stable and consistent feature points under
different lighting, scale, and rotation changes [13].

In this paper, the several common feature extraction algorithms have been compared.These are scale invari-
ant feature transform (SIFT) algorithm [14], speed-ed up robust features (SURF) algorithm [15], oriented FAST
and rotated BRIEF (ORB) algorithm [16], and binary robust invariant scalable keypoints (BRISK) algorithm
[17]. Due to higher accuracy requirements, the SURF algorithm has been adopted to extract irregular features of
ceramic local microscopic images [18]. The random sample consensus (RANSAC) method has been simultane-
ously used to remove unreliable matching point pairs [19]. The SURF features obtained by the above algorithms
are used as the unique identification of the ceramic and then stored in the unique identification database. The
traditional centralized storage is not so safe and reliable. Because of the immutability of blockchain technology,
storing images and extracted features on the blockchain have greater credibility.

However, the capacity and rate of data storage in traditional blockchain systems are so low that they cannot
store large-scale data. Based on this consideration, the “blockchain + distributed storage” is used to solve the
problem of large-scale data storage. Firstly, the interplanetary file system (IPFS) [20] has distributed storage of
photographed ceramic microscopic image features and generated the unique corresponding hash as the unique
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identifier for this ceramic, then establishing a database to store hash data on the blockchain. Hyperledger Fabric
[21] as open-source blockchain technology can be used to store these data. At the same time, the circulation re-
cord and comparison record of the ceramic can be queried to judge the degree of concern about the ceramic. At
any time, the authenticity of the art ceramic can be determined by comparing images with the feature point sets
of those images stored on the blockchain, thus achieving the anti-counterfeiting of modern art ceramics in tech-
nology.

The method proposed in this paper can replace experienced experts and particular expensive devices. The
cost of the required device for the proposed method is about 10% price of those particular expensive devices.
The speed of obtaining identification results is also greatly improved compared to the previous methods. It does
not need to add any information labels to ceramics. In addition, the unrepeatable microscopic characteristics
of ceramics are used as the only identification of ceramics. The microscopic features are extracted using the
SURF+RANSAC “ algorithm. These features are stored on the blockchain to ensure the unforgeability of ceram-
ics and reliability of identification results.

2 Proposed Recognition Method of Ceramic Microcosmic Images

2.1 SURF Feature Extraction

The Speeded-up Robust Feature (SURF) is a Robust local feature point detection and description algorithm. The
SURF algorithm can be seen as the improved algorithm of the SIFT algorithm. The SURF operator maintains
the excellent performance characteristics of SIFT operator. It also offsets the disadvantages of SIFT, such as high
computational complexity and time-consuming performance. In addition, it improves the computational speed
and the execution efficiency, making it more conducive to extracting features and descriptions of ceramic micro-
cosmic images efficiently in the general computer.

(1) Constructing scale-space

Firstly, the scale-space needs to be divided into several groups. Each group, in turn, consists of several fixed
layers. The same set of images with different layers uses the same size filter, but the filter’s scale-space factor
(the Gaussian blur coefficient ¢) gradually increases. When constructing a scale-space, for an image (X, y), its
Hessian matrix is calculated based on (1).
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However, Gaussian filtering is required for the image before constructing the Hessian matrix. After filtering,
the Hessian matrix of a certain point F in the image f on the scale of 6 can be expressed as (2).
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n these equations, L, (F, o), L (F, 6), L (F, o) respectively represents gaussian second-order partial derivative
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local maximum, the current point can be considered as a point that is brighter or darker than other points in the
surrounding neighborhood, thus determining this point as the key point and locating its position.

Since the Gaussian kernel is normally distributed, the coefficient becomes lower and lower from the center
point outward. In order to improve the operation speed of the Gaussian convolution, SURF uses a box filter to
approximate the Gaussian filter. The result of convolution between the box filter and the image is represented
by D,,, D,, D,,, which are used to replace L,,, L, L,, in order to get an approximation of the Hessian matrix H
whose row column is as shown in equation (3). Multiply D,, by a weighting factor of 0.9 to balance the error

caused by the use of a box filter approximation: 153
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det(H)=D,, *D,, —(0.9%D,,)*. A3)

Fig. 1 below shows the box filter that transforms the image filtering into the calculation of the addition and
subtraction of pixels between different regions of the image, which is the strong point of the integral graph. All
they need to do is to search the integral graph simply a few times, then the speed of constructing scale-space will
be greatly increased.

Fig. 1. The box filter

(The upper three figures are the corresponding second derivatives values of the 9*9 Gaussian filter template in the vertical
direction of the image respectively. The lower three figures are approximated by the cassette filter. The pixel value of the gray
part is 0, the black is -2, and the white is 1.)

(2) Filtering and positioning feature points

Find the local maximum of the scale-space, then filter out the key points with a weak response or the ones
with error location, and finally screen out the final stable feature points.

(3) Confirming feature points direction

In the circular neighborhood of the feature points, count the sum of the horizontal and vertical Haar wavelet
features of all points in the 60-degree sector. Then the sector should be separated by 0.2 radians after performing
a rotation and counting the harr wavelet eigenvalues in the area again. Finally, the direction of the sector with the
largest value will be taken as the main direction of the feature point.

(4) Generating feature point description vectors

In this part, a 4*4 rectangular area block around the feature point is set along the main direction of the feature
point. Each sub-region counts the Haar wavelet characteristics of 25 pixels in both the horizontal and vertical
directions, where both the horizontal and vertical directions are relative to the main direction. The Haar wavelets
are characterized by the sum of the horizontal values, the vertical values, the horizontal absolutes, and the sum
of the absolute vertical values. This process is as shown in Fig. 2. In this way, SURF extracts a 4*4*4 64-dimen-
sional feature vector.

Main direction

Fig. 2. Schematic diagram of feature vectors extraction with SURF
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2.2 RANSAC Feature Filtering

The random sample consensus (RANSAC) algorithm is an indeterminate algorithm. By improving the iteration
times of the algorithm, there is a certain probability of obtaining a more reasonable result. It can iteratively esti-
mate the parameters of a mathematical model from a set of observations containing the “outlier point™.

RANSAC algorithm assumes that the data consist of “interior-points”, and the distribution of the data can be
explained by some model parameters [22]. The extreme values of noise, incorrect measurement methods, and in-
correct assumptions about the data may produce “outlier-points”. The “outlier-points™ are the data that cannot fit
the model. The remain data points other than “outlier-point” and “interior-points” will be considered noise. This
model can interpret or apply to the “interior-points”. The matching relationship between the query image and the
target image in the image matching process can be described by a basic matrix that can represent the correspon-
dence between points and points, as shown in (4) and (5).
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where (x,, y,) represents the point of the query image, and (x,, y,) represents the point of the target image. In this
paper, the main process of the RANSAC algorithm in the proposed method is as follows:

Step I: Select a random RANSAC sample from the microscopic ceramic image sample set.

Step II: Calculate the transformation matrix M based on these matching point pairs.

Step III: Calculate the consistent set satisfying the current transformation matrix according to the sample set,
transformation matrix M, and error measure function, and return the number of elements in the consistent set.

Step IV: Determine whether it is the optimal or maximum consistent set according to the number of elements
in the current consistent set. If it is, the current optimal consistent set is updated.

Step V: Update the current error probability P. If P is greater than the minimum allowable error probability, re-
peat step I to step IV to continue the iteration until the current error probability P is less than the minimum error
probability.

2.3 Data Storage Based on Blockchain

Data storage plays a key role in the traceability chain of ceramic identification. The combination of distributed
storage and blockchain can not only ensure the security of data but also ensure the file storage capacity of large-
scale data.

The interplanetary file system (IPFS) aims to create a persistent and distributed network transport protocol for
storing and sharing files. It is a content-addressable peer-to-peer hypermedia distribution protocol [23]. Nodes
in an IPFS network will form a distributed file system. IPFS combines multiple technologies such as Distributed
Hash Tables (DHT) system [24], BitTorrent, Git, Self-Certified Filesystems (SFS), and content distribution net-
work protocol with blockchain. It successfully simplifies and combines proven techniques into a single cohesive
system greater than the sum of its parts [25]. IPFS can trace the content by generating independent hash values
through file content to identify files. The file modification history can also be traced. IPFS should be the most ba-
sic architecture system to realize the circulation identification of high-end ceramic art products with blockchain
technology. The IPFS system uses a hashing algorithm to ensure that the data cannot be tampered with and to
keep the data intact and valid. Meanwhile, it generates a separate ID for each data in the IPFS network. Ceramic
identification can rely on the ID to determine the authenticity and validity of data, thus significantly improving
the security of this ceramic identification traceability chain.

Hyperledger project founded by Linux Foundation [26] is an open-source, distributed ledger. This project is
divided into five subprojects, and the Fabric project is one of them. Hyperledger Fabric is a licensed, distributed
ledger platform that is widely used in multiple domains. It uses ledgers, and smart-contracts like other blockchain
technologies. Hyperledger Fabric allows participants in alliances to develop and deploy applications by using
blockchain. It records all interactions between parties as transactions [27]. All transactions on the network have
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to be endorsed. Only the endorsed transactions can be committed to the blockchain and update the global state
[28]. However, Hyperledger Fabric is difficult to store large-scale data due to the constraints of storage, com-
putation, and other resources. Therefore, this paper uses blockchain combined with distributed storage to solve
the problem of storing large-scale data on the chain [29]. The original data is stored in IPFS first, and the hash
addresses of these data are stored on Hyperledger Fabric for permanent preservation. Data can be queried at any
time by hash address information stored on the Hyperledger Fabric.

It is of top priority to store numerous microscopic images obtained previously and feature point sets of these
images on IPFS and obtain unique hash addresses, and store these hash addresses on Hyperledger Fabric. Query
can always be made about these data through the hash address of the file on the blockchain, thus ensuring the se-
curity of the data and the reliability of the identification and traceability work. The Fig. 3 shows the main process
for storing and querying the feature point sets of ceramic microscopic images. The reason why the feature point
sets are also stored is that the subsequent matching process does not necessarily use the complete microscopic
images, and using the feature point sets for storage can speed up the time to obtain the feature point pairs.

>

Ceramic microcosmic
images

Extract SURF

feature vector

Send data

-
_I Upload Store hash data / <
Q—| = | 1|/
Get dat — <
et data Download Search data use hash
The feature IPFS Hyperledger
point set falyric
Query

Fig. 3. Store and query the feature point set of ceramic microscopic images

2.4 The Criteria of Matching Evaluation

Since the logarithm of feature points in different pictures is different, it is impossible to judge whether the match-
ing is successful or not simply by judging the logarithms of feature points. Therefore, it is necessary to introduce
a matching similarity rate (MSR) as an important indicator to estimate image matching performance. It can be
calculated according to (6).

N
MSR =—F—.
N_+N, ©)

N, represents the correct number of matching points, N, represents the number of incorrect matching points,
and P represents the percentage of the correct number of matching point pairs in the number of all matching point
pairs.

2.5 Identification Workflow of the Proposed Method

The full algorithm flow of proposed ceramics recognition processs is as shown in Fig. 4.
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Fig. 4. Flow graph of ceramic identification system

In the matching process, the image is the first input to be matched. And the feature points are extracted quick-
ly by the SURF. Then the SURF feature vector set of the image can be compared with the SURF feature vector
set of the registered ceramic microcosmic image stored on the blockchain. In order to improve the matching
effort rate, the FLANN algorithm is applied to find the matching point pairs with the nearest distance between
the ceramic micro-image to be matched and the approximate ceramic image in the database. Euclidean distance
is used to find the nearest neighbor distance. For each feature point in the query image, it is necessary to find the
two points closest to the point in the target image. If the ratio of the closest distance to the second distance is less
than a certain ratio, the point is considered to be a correct match. Otherwise, it is a falsely matched point, and it
should be eliminated. The ratio value generally ranges from 0.6 to 0.8, and 0.8 is used in this paper.

After the initial filtering of feature pairs by the FLANN algorithm, there may still be many incorrect matching
points- pairs. These incorrect matches can be extremely disruptive to the final match result. In order to ensure
the accuracy of the experimental results, the RANSAC algorithm is used to filter again and eliminate incorrect
matches. After obtaining relatively pure feature point pairs, the feature point matching will be done, and the log-
arithm will be used to sort the resulting set of matching points. The matching similarity rate of the most matching
point pairs can be calculated. If the obtained matching similarity rate is greater than the set threshold, it can be
considered genuine. Finally, the comparison record should have been stored on the Hyperledger Fabric.

3 Experiments and Analysis

The experimental platform used in this paper is a personal computer with a Windows 10 operating system, con-
figured as an Intel Core i5-1135G CPU, with 16GB of memory. In this paper, it is proposed to select the match-
ing accuracy rate and the running time of the algorithm in the matching process as the evaluation indicators to
analyze and evaluate the algorithm.
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3.1 Comparison Experiment of Four Algorithms

The matching of feature points is a critical step in image matching. Whether the feature points can be accurately
matched has a direct effect on the final image matching. During the firing process, ceramics have physical and
chemical properties which are unrepeatable and likely to produce random distribution characteristics like bub-
bles, as shown in Fig. 5.

Fig. 5. Irregular bubble characteristics and extracted feature points in ceramic microscopic images

The irregular bubble characteristics of ceramic microscopic images have been used to compare the four com-
monly used traditional feature selection algorithms: SIRF, SURF, BRISK, and ORB. Several groups of randomly
intercepted images of ceramic samples have been selected as the control group to compare the matching effects
of the four algorithms. The comparison results are shown in Table 1. It can be seen that the average calculation
speed of BRISK is the fastest. And the average calculation speed of ORB is also faster than that of SURF and
SIFT. The average calculation speed of SURF is almost the same as that of SIFT. The time gap of these algo-
rithms is not large for the actual identification process. However, the difference in the number of feature points
is very obvious in the accuracy of the final result. It is obvious that the number of feature points obtained by
SUREF is much greater than that of the other three. Because ceramic identification depends on high accuracy, the
requirements for real-time performance are not very high. Moreover, the average time taken to obtain the results
by SUREF is also far less than the manual identification or other identification methods. In addition, rotation, flip,
blur, and illumination comparison experiments have been conducted on the four algorithms to simulate various
situations that may be encountered during the process of shooting and sampling. It can be seen from the Fig.
6 that in the simulation experiments with rotation, flip, and blur, both SIFT and SURF perform slightly better
than BRISK, but far better than ORB. In the experiment of adjusting the brightness, neither BRISK nor ORB
performs well. No matter which kind of experiment, the average matching similarity rate of SURF and SIFT are
both much higher than that of the other two algorithms. And although SURF is slightly inferior to SIFT in terms
of time performance, the robustness performance of SURF is the best among the four algorithms under all the
experiments. Therefore, it is concluded that if the real-time requirements of the calculation are very high, the
BRISK algorithm can be selected; if the requirements for practicability are slightly higher, and the requirements
for accuracy are relatively high, then SURF is a better choice.

Table 1. Comparison of four traditional feature extraction algorithms

Average time

Algorithm Average matches (in sec)
SIFT 380 0.883
SURF 707 0.964
ORB 297 0.324
BRISK 162 0.248
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Fig. 6. Matching similarity rate of different algorithms in different conditions

After having compared the four commonly used feature extraction algorithms of SIFT, SURF, ORB, and
BRISK. SURF has been finally chosen to extract the irregular features of the ceramic local microscopic image
due to the higher accuracy requirements. And it will constitute the local feature vector set of the image. These
local feature vector sets are considered unique features of the ceramic. Even if for the modification of rotation,
brightness and illumination in the process of taking ceramic microscopic images. Local features can still be cor-
rectly extracted so that the authenticity of the ceramics can be effectively discriminated. After the feature selec-
tion algorithm has been determined, the selection of different Hessian matrix thresholds will affect the effect of
the algorithm. After having compared, this paper chooses 550 as the minimum Hessian matrix threshold.

In the process of SURF feature point matching SURF, there will be many incorrect matching point pairs
which usually look like some staggered lines in the matching results. When these mismatched point pairs account
for a high proportion of the obtained matching point set. Not only will the running time slow down, but also the
final matching result will be greatly impacted. Therefore, a better method is needed to eliminate these incorrect
matching points. RANSAC algorithm can calculate the model parameters according to a set of correct data. It
is undoubtedly suitable for filtering incorrect points. Therefore, RANSAC is used to eliminate incorrect match-
ing points to obtain a better matching effect. Although SURF can filter some incorrect matching points through
FLANN filtering, there are still some incorrect matching items according to the comparison. The higher the error
rate for matching, the more intersections will be formed.

Although pure SURF can also complete target matching, when the number of incorrect matching points in-
creases, the matching accuracy will be very low or be failed. The combination of SURF+RANSAC has been
adopted, which can effectively eliminate the incorrect matching points on the basis of ensuring the number of
matching feature points. The Fig. 7 shows that the matching results between different feature points of the same
image use SURF and SURF + RANSAC respectively. It is obvious that the introduction of the RANSAC algo-
rithm can obviously filter some wrong matching points, such as the matching item with a large deviation at the
bottom of the image (a).
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(a) SURF (b) SURF+RANSAC

Fig. 7. The feature matching of an image with its sheared image using

As shown in Table 2, the introduction of the RANSAC algorithm can improve the matching similarity rate
of the overall feature points almost by 8%. An appropriate distance has been selected for the SURF + RANSAC
algorithm. Through the setting of distance, the number of matching point pairs has been reduced. But the cor-
rect matching similarity rate has been improved after filtering out the wrong matching point pairs. The proposed
algorithm makes the overall correct matching similarity rate to be the highest. Since the anti-counterfeiting and
traceability of ceramics stress more on accuracy rather than timeliness, it is very worthwhile to sacrifice a little
time cost to obtain higher accuracy. Although its matching time would increase compared with the pure surf
algorithm, its matching accuracy is improved, the stability of the algorithm is improved, and the real-time per-
formance of the algorithm will not be affected so much. Experimental results show that the proposed algorithm
can not only improve the quality of matching point pairs and the matching accuracy but also generate excellent
robustness under a variety of image changes. Although there may still be some wrong matching points after fil-
tering by RANSAC, it still plays an important role in eliminating the robustness and optimizing the algorithm to
improve the matching accuracy and makes the matching of ceramic microcosmic images more stable and more
possible to succeed.

Table 2. Comparison by different methods

Algorithm Total matches Right matches Error matches MSR (%) Time (in sec)
SIFT 383 315 68 82.24 0.883
SURF 423 487 64 86.85 0.964

SIFT+RANSAC 157 142 15 90.44 1.236

Proposed 138 129 9 93.47 1.437

3.2 Experiments on Ceramic Microscopic Image Datasets

In order to verify the efficiency of the proposed algorithm more intuitively, 20 sample sets of ceramic microscop-
ic image dataset have been selected. Each group has 100 different microscopic images of the same ceramic. The
100 images in each set have different rotation angles and sizes for the simulation of the possible position offset,
and the angle changes during the multiple microscopic images shot of the same position. Many experiments have
also been carried out on matching similar images randomly. The Fig. 8 shows the results of one experiment that
the highest matching similarity rate of these samples can reach 90%, while the second-highest matching similar-
ity rate reaches only 12.02%. The lowest matching similarity rate is only 1.92%. It is fully proved that the pro-
posed algorithm can find the ceramic corresponding to the image to be compared in many microcosmic images
with similar structural characteristics.
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Fig. 8. Random choose 1 image from 20 groups of similar microscopic images for comparison

In addition, more data samples have been used for testing to verify the authenticity and reliability of this con-
clusion. Ten groups of samples have been randomly selected, and ten microscopic images have been randomly
selected with different positions and different angles in each group as the matching group of the experiment. At
the same time, ten images that did not belong to the original sample have been selected for multiple experiments
so as to simulate the process of matching the newly captured microscopic ceramic image with the stored mi-
croscopic ceramic image in practical application. It is likely to test whether the proposed algorithm can be used
to select the correct matching image in the matching. Although some of the images represent a high similarity
to the naked eye, this algorithm can calculate their similarity very well. As shown in Table 3, in addition to the
similarity of the correctly matched group that reaches more than 90%, the similarity of other comparison groups
reaches less than 15%, and the difference is very obvious. The average matching similarity of each group of sim-
ilar images is maintained at about 1% to 15%, which is far from the standard threshold of correct matching. The
results of many other experiments are similar to this conclusion, so it is concluded that the proposed method can
correctly find the expected microscopic image of the ceramic in many similar images.

Table 3. Matching result of 10 images with 10 templates

MSR (%) T, T, T, T, T, T, T, T, T, T
i, 88.92 6.52 1.92 0 317 754 0 238 452 1232
i, 121 91.54 0 317 764 276 152 405 986  6.18
i, 2.66 3.19 87.63 132 413 225 173 3.63 .18 470
i, 3.56 852 7.4 8607 848 578 489 982 118 3.03
i 0 757 833 255 9058 7.4 363 268 1111 1.0
i 13.76 712 1250 455 458  81.81 555 294 312 0
i, 2.17 1.78 .72 400 8.8 455  86.00 0 6.81 1.69
i 5.41 556 1257 427 446 347 267  93.63 0 1.52
i, 6.73 185 815 585 134 263 1.33 0 8317  6.89
i, 1.81 1165 625 684 715 520 356 446 1052  85.75
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Experimental results show that, by comparing between the image to be compared and the image dataset of ex-
isting ceramic microscopic, it can be accurately judged whether the ceramic is fake or not. The contrast between
most fakes and genuine products will not exceed 15%. Even if it exceeded 15%, it would be so difficult for it to
exceed 60% that the ceramics can be identified as imitations. Thus it can be concluded that the ceramic image
can be identified quickly and efficiently by the proposed algorithm.

3.3 Experiments on Similar Image Datasets

The proposed method has a good performance on ceramic microscopic image datasets through previous experi-
ments. Although ceramic microscopic images have their own uniqueness due to the randomness of bubbles, there
are still some similar microscopic images that are more difficult to distinguish with the naked eye. For example,
The Fig. 9 shows an example of the ceramic microscopic image used in this paper and the high-resolution trans-
mission electron micrographs of the dual drug [30]. Both them were found to have several spherical shapes, and
some of the small black dots on Fig. 9(b) are more likely to be mistaken for bubbles. These similarities have the
potential to influence the final identification results.

(a) An example of ceramic microscopic images (b) Dual drug loaded PEGylated liposomes

Fig. 9. Similar images

In order to verify the reliability of the proposed algorithm, 20 groups of similar microscopic image sets were
selected to experiment. These images have similar microscopic features with our samples. Each image was se-
lected from these 20 groups to match with all the ceramic microscopic images set. The Fig. 10 shows the results
on experimental results for three of the samples. The results shows that the average matching similarity rate
between sample images and microscopic image sets is around 2%-12%, and the highest matching similarity
rate will not be higher than 15%. In addition, the overall experimental results are generally consistent with this
conclusion. The above experiments prove that the proposed algorithm can distinguish these microscopic feature
images that look very similar to ceramic microscopic images effectively.

Matching performance

MSR(%)

S T - S S S R R
sample

Fig. 10. Results obtained by randomly selecting 3 sample images to match with 20 sets of similar microscopic images
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4 Conclusion

Given that there are still some problems in existing traditional methods for the identification and anti-counterfeit-
ing of high-value artistic ceramics, such as time-consuming identification and unguaranteed reliability. In order to
solve the above problems, a more rapid and efficient identification method has been proposed without destroying
the integrity of ceramics by using the random features of ceramic microscopic images combined with computer
vision. Experimental results show that by comparing the captured image features with the preserved microscop-
ic image features, the authenticity and identity of the ceramic can be quickly judged. The proposed method can
be used for the identification and anti-counterfeiting of ceramics and can be applied to the identification work
in other industries. For example, it can be used to examine the microscopic characteristics of the cap mouth of
expensive alcoholic beverages to see if there are traces of secondary packaging, thus avoiding “the useless refor-
mation of the old suffusing old bottles for the new wine.” Due to the higher value of art ceramics, the distributed
storage combined with blockchain technology can make the identification more secure and reliable than the tradi-
tional form of storing ceramic image data. However, the proposed method still needs some improvements. Since
ceramic microscopic images have certain requirements on sampling positions. The accuracy of anchoring points
is required when taking sampling images. Future work will focus on how to improve the accuracy and efficiency
of anchoring, and try to combine deep learning algorithms to identify bubble characteristics to make the system
adaptable to more complex recognition environments. In conclusion, the SURF algorithm combined with block-
chain technology for ceramic microscopic image identification is a promising method for the anti-counterfeiting
traceability of ceramics.
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