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Abstract

In this paper, the Isometric Mapping (ISOMAP) algorithm is applied to rec-
ognize oracle bone inscription images. First, the sample set undergoes de-
noising and size normalization as preprocessing steps. Subsequently, a gray-
value matrix is extracted from the images as their feature representation. The
ISOMAP algorithm is then implemented to obtain a low-dimensional embed-
ding of the sample set. Following this, the classification is performed by select-
ing the label corresponding to the nearest neighbor category with the highest
frequency around the test sample. By optimizing the parameters of the ¢ -
neighborhood and N, the recognition accuracy reaches 93.3%. Finally, the
performance of ISOMAP is compared with other manifold learning algo-
rithms. Experimental results demonstrate that ISOMAP achieves a higher av-
erage recognition rate and lower computational time compared to its counter-
parts. Therefore, ISOMAP algorithm proves to be an effective tool for oracle
bone inscription recognition.
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1. Introduction

Oracle bone inscription is the earliest pictographic script in China, which possess
a significant historical and cultural value [1]. This ancient Chinese script of an-
cient originated in Shang Dynasty [2] acted as a medium for divination and event
documentation. It etched onto turtle shells or animal bones [3]. Hence, it serves
as an invaluable resource for studying the history of the Shang Dynasty. It also
plays a pivotal role in researching the genesis and evolution of Chinese charac-

ters, aiding the understanding of ancient Chinese history. The majority of these
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inscriptions were unearthed at Yinxu in Anyang, located in Henan province. So
far, there are about 154,000 pieces of bone and turtle fragments have been exca-
vated, and about 4500 single characters have been discovered on them [4]. They
are characterized by many irregular characters and complex structures. These in-

scriptions are carved on tortoise shells as shown in Figure 1 [5].

Figure 1. A tortoise shell with tortoise bone scripts unearthed in the Yinxu of Anyang,
Henan Province.

Due to the specialties of oracle bone inscriptions as carriers, the existing textual
information on bones may gradually disappear over time. However, it is pleasant
that with the development of computer technology becoming increasingly ma-
ture, this information has been digitally preserved. This also provides a basic con-
dition for computer recognition of inscriptions [6]. Nowadays, technology of im-
age recognition has been widely used in various fields, and image recognition of
the inscription has become an important research field.

Figure 2 [5] shows another form of preservation of inscriptions in the form of
rubbings.

From the above, although it can be seen that the processed topology retains the
information of inscriptions, a certain amount of noise is brought. Due to the ad-
dition of noise, it causes a certain impact on computer recognition and brings
great challenges to computer recognition of images. A few decades ago, a graph
theory of oracle identification method was used in [7] [8]. In recent years, re-
searchers have proposed some methods to recognize oracle bone inscription. A

complex Convolutional Neural Networks (CNN [9]) model was used to recognize
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it by Liu et al in [10]. The method of Deep Learning was used by Meng ef a/ in
[11]. A coding recognition technique based it was proposed by Chen et a/ in [12].
A kind-based SVM recognition technique was used by Liu ef al. in [13]. The da-
tabase of OBC306 was set up by Huang et al. in [3], which has brought great con-
venience to recognize it. However, the previous several methods require to expend
great resources, and the over-generalization of images leads to the final recogni-
tion accuracy which is not particularly high. So, we need to find more efficient
identification technology and accelerate the development to recognize it. The ISO-
MAP algorithm in manifold learning can keep the Euclidean distance of sample
points in high-dimensional space well after dimensionality reduction. So we’re
going to introduce how to use ISOMAP algorithm to recognize images of oracle

bone inscription.

Figure 2. An oracle bone inscription preserved in the form of a rubbing.

2. Feature Extraction and Dimensionality Reduction

In Figure 3, it displays that the entire process of recognition, where I stands for
preprocessed image, II represents low-dimensional representation of sample set,
IIT refers to result of recognition. The process can be divided into five steps, the
specific steps are (1)-(5).

(1) Selection of sample set. The sample set is selected from dataset.

(2) Image preprocessing. We apply the technology of image processing to de-
noise and normalize the size of each image.

(3) Classification of images. The sample set of denoised was divided into train-
ing set and test set. Some images in the sample set are randomly selected as test

set, and the remaining images are used as train set.
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(4) Dimensionality reduction. The training set and test set are vectorized, then
they are formed into a new matrix. Next, this matrix is centralized, and finally
entered into the ISOMAP algorithm, a matrix of low dimension was obtained.

(5) Recognition. The label corresponding to the minimum distance from the

maximum number of the same category near the measured point is selected as the

[
(3) (4)

C 5 ©)

final recognition result.

Dataset

Figure 3. Recognition process of using ISOMAP algorithm.

2.1. Dataset Process

1) Dataset Preprocessing: Since there are different kinds of noises in the images
in the sample set, if they are not removed, the recognition results of this experi-
ment will be greatly affected. Each image is denoised by the method of gray value
adjustment. It refers to gray value less than a value ax255 as noise, and changes
their values to 0, greater than another value bx255 as script information of im-
ages, and changes them to 255, where a and b a value between 0 and 1. After
the images were denoised, we do size normalization of these images. Finally, all of
images were saved in size of nxn.

2) Feature Extraction: A very important step of image recognition is how to
extract the features of the image in recognition. In computer vision, the gray value
of an image is a basic and key feature. Gray value is a way to strip away the color
information and only retain and process the brightness information. In a grayscale
image, each pixel has a value between 0 and 255. The gray value of the image can
describe the contour information of the object in the image, and the gray value
around different objects in the image will have a significant difference. Therefore,
the gray value of the image can be used as the feature of the image.

As all of images have been denoised and size normalized after preprocessing,
the gray values of an image form a matrix. In this paper, the gray value matrix of
each image is used as characters for recognition. The gray value of each image is
splintered into a column vector, every image can be regarded as a vector with a

dimension of nxn.

2.2. Dimensionality Reduction

1) Background of ISOMAP Algorithm: ISOMAP algorithm is one of manifold
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learning algorithms, which is a nonlinear data dimensionality reduction method
that has developed in recent years. Its main idea is to find low-dimensional man-
ifold structures from high-dimensional data, that is to find low-dimensional man-
ifolds in high-dimensional space, in order to achieve dimensionality reduction or
data visualization.

ISOMAP was first proposed by Tenenbaum et a/. in the famous Science journal
[14], which is a global property preserving manifold learning algorithm, and its
low dimensional embedding results can reflect the geodesic distance on the man-
ifold where the high dimensional observation samples are located [15]. So far,
ISOMAP algorithm has been applied in many fields. For example, the algorithm
has been applied to facial expression recognition in [16], as well as to face recog-
nition in [17] or classification in [18] or wireless sensor network positioning in
[19], which reflects the practicability of the algorithm.

2) ISOMAP Algorithm: As mentioned earlier, after the features of an image are
extracted, we obtain a column vector. The dimension of this column vector is de-
termined by the dimension of the gray value matrix of the image. Assume that we
have completed the feature extraction of the data set, and the extracted features
are formed into a matrix X = {x1 Xy, o, xN} . The dimensionality of any X, is
D . Note that X, is a point to be identified. The specific steps for recognizing
oracle bone script with ISOMAP algorithm are listed here.

« Neighborhood definition. The neighborhood of X; in dataset can be con-
structed by either its k-neighborhood or ¢ -neighborhood [20].
o Compute the Euclidean distance matrix D . The matrix can be calculated by

D:[d(xi,xj )] (1)

di = (% -, )’(Xi _Xj)' 2)

o Calculate geodesic distance matrix G. The matrix of geodesic distance G
can be calculated by the shortest path distance between any two sample points,
that is

G :[g(xi,xj )} 3)
g(x.x;)=min(d;,d +dy). (4)

« Computes low-dimensional embedding Y ={y,,y,,--, Yy, } . After calculating
the matrix G, low-dimensional embedding is obtained by inputting G to
MDS algorithm.

2.3. Method of Recognition

In this paper, in order to solve the problem of edge points which close to other
species, we select the result of decision recognition according to the number of
points of the nearest category. The label corresponding to N points is classified

into C,C,,---,C,,, and find the maximum of them by

C, =max{C,,C,,---,Cy }. (5)
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Finally, we take the label corresponding to the minimum value in C; as the
final identification result. In other words, if the number of points of the some
types closest to the test point to be measured is the largest, the point of the type
closest to the test point to be measured is selected as the final recognition result.
If the closest points are multiple, they are C,,C,,---, Cp . Then the minimum Eu-

clidean distance of every category d,,d,,---,d ~correspondenceto C,,C,,---,C

p p
needs to be found, where p isthe number of maximum types of points nearest

to test point. Finally, the final recognition result is

&m:min{&l,éz,---,&p}. 6)
The Corresponding label of &m is judged to be the closest image.
From the previous description, the method for recognizing the image of oracle
bone script can be written as

o Identify the point X;. Calculate Euclidean distance d,

. between every X

and X, by

dZ =d?(vi,¥o) = (¥ = Yo ) (¥ = Yo )- )

We take the first N minimum &i , and the labels corresponding to y; in d,
are divided into M categories. The maximum number of labels C,,C,,--,C,,
corresponding to each category is calculated separately. Finally, we calculate C;
by

C, =max{C,,C,,---,Cy }, (8)
where C,; isa type of sample points which closest to X, . We take the label cor-
responding to the minimum d o, valuein C; as the final recognition result.

3. Simulation Experiments
3.1. Experimental Condition
1) Selection of Samples: In this paper, the opening dataset of OBC306 is selected

as dataset. There are 6 kinds of images which selected from the dataset, as shown

in Figure 4.

Label=A Label=B Label=C Label=D Label=E Label=F

Figure 4. Partial images from the dataset, and corresponding labels to them.

Although only one image from each category is shown here, in fact, each cate-
gory is made up of 20 identical type images. A sample set composed of 120 images

was obtained.
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Algorithm 1 ISOMAP algorithm

Input : A matrix of sample data: (x1,Xz,....,xy) C X C
RD ><N.

: If dij > €

: There exist edge connection.

Else

There is no edge connection, and dj; = 400.
End if

While dij > €

Compute D by using Eq.2.

. End while

9. Compute G by using Eq.4.

10. Enter G into MDS algorithm.

11. Calculate d; and Cj by using Eq.5 and Eq.6.
12. Find the label corresponding to Elp in C;j.
13.End

Output : A label corresponding to minimum. &p

O NP

2) Sample Set Preprocesing: After the sample set is determined, we denoise the
image by means of gray value adjustment, and then carry out size normalization.

In Figure 5, the image was normalized the size as 128 x 128 and saved in BMP

format on computer.

N/
A

Denoise

Resize

Original image

128x128

Figure 5. Preprocessing of a certain image.

Therefore, the dimension of the gray value matrix of every image is 128 x 128,
and finally we concatenate the gray value matrix columns into a column vector,
the dimension is 128 x 128.

3) Parameter Setting: The value of ¢ -neighborhood is obtained through the
Euclidean distance matrix calculated by Equation (2) The distance in the distance
matrix of all sample sets ranges from 21,000 to 31,000. To make sure that the ad-
jacency graph is connected, the first small value of ¢ -neighbor should be deter-
mined through adding 20%¢J to the minimum distance, where
0 =31000-21000 . Similarly, the n-th small value of ¢ -neighbor is determined
through adding 20%né (n=2,---,5) to the minimum distance. We set 23,000,
25,000, 27,000, 29,000, and 31,000 as the value of different e -neighborhood, re-
spectively. To visualize high-dimensional data, the value of embedding dimension

d issetto 3. To evaluate the impact of dimensionality, the d is set to 15, 35, 55,
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75, and 95 in this study, respectively. The number of the nearest neighbors of the
test pointis setto N =1,3,7,13,19 for the 6 different sample sets, respectively.
3.2. Experiment Results

The low-embedding of dimensional reduction is obtained by using ISOMAP al-
gorithm on sample set. Then the low-dimension vector is displayed in a 3-dimen-

sional coordinate system, which is shown as follows.

%104

v
v
v
v

Figure 6. Sample set visualized by using ISOMAP algorithm.

In Figure 6, the parameter of e -neighborhood is 29,000. The different colored
points represent different categories, and deepened points represent to be identi-
fied.

Through many trials, the average accuracy rate was obtained when the e
neighborhoods and the N were set in different values. The experimental results

are shown in Table 1.

Table 1. The average accuracy of different values of ¢ -neighborhood under various values
of N,where N refersto the number of the nearest neighbors of the test point.

€ =23000 € =25000 €=27000 € =29000 €=31000

N=1 62.5% 60.8% 72.5% 88.3% 77.6%

N=3 66.7% 67.5% 70.8% 85.8% 85.0%

N=7 66.7% 66.7% 78.3% 93.3% 90.0%

N =13 60.8% 69.2% 72.5% 91.7% 87.5%

N =19 60.8% 62.5% 69.1% 89.1% 92.5%
DOI: 10.4236/am.2025.164016 328 Applied Mathematics
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From the table, we can observe that when the neighborhood is taken as
€=29000 and N =7, the recognition accuracy reaches 93.3%, which is the best
recognition rate under these parameters. In order to observe the impact of changes
in N on the average accuracy, a line graph was plotted to show the effect of var-

ying values of N on the recognition rate, as illustrated in Figure 7.

100 T T T T T ] T T T T T
90
80
70t
60
R
T 50 )
(0]
s
40t §
30 .
—e— (23000
20 L — A= =25000 |
€=27000
10k — = ¢=29000 |
—— =31000
O | | 1 1 B I | 1 1 L 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19

N

Figure 7. The average accuracy of different values of ¢ -neighborhood under various val-
uesof N,where N refersto the number of the nearest neighbors of the test point.

It can be observed that as N increases, the accuracy shows an increasing
trend. When N reaches a certain value, the recognition rate reaches its optimum
and gradually begins to decline. As we can intuitively see in the figure, when the
value of N =7 and €=29000, the optimal recognition rate under this param-
eter can be achieved. This experiment indicates that selecting larger neighbors in
the algorithm can achieve a better recognition rate. This is because choosing larger
neighboring points can capture the features at sample points and also reduce the
introduction of noise.

A large number of experiments are conducted with study, the impact of the
embedding dimension and the ¢ -neighbor on the average recognition rate, as
shown in Figure 8.

It can be observed that a large value of ¢ -neighborhood consistently achieves
superior recognition rate compared to the small values. This is because a large
value of € -neighborhood can capture more discriminative structural features
than a small value. It can also be seen that the average accuracy rate tends to de-
cline gradually as the dimension increases. This can be attributed to the introduction
of noise components in high-dimensional manifolds, which induces erroneous clas-

sifications. Notably, when the embedding dimension exceeds a critical threshold
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(approximately when d> 55 in this study), the mean recognition accuracy demon-
strates asymptotic stabilization. This result reveals that with the increase in di-
mension, the average recognition rate tends to be stablized and exhibits better ro-

bustness under higher embedding dimensions.

100
90
80
70
__ 60
X
8 50F ]
Q]
x
40 - .
30 F .
—0— =23000
20 = A= =25000 |
= 0= = ¢=27000
10 1 = = ¢=29000 |
—— =31000
0 1 1 1 i 1 1 1
15 25 35 45 55 65 75 85 95

Dimension

Figure 8. The average accuracy of different values of ¢ -neighborhood under various val-
ues of embedding dimension.

10 T T T

Score
(@)]
T
1

1 1 1

2.3 25 2.7 2.9 3.1
e-Neighborhood «10%

Figure 9. Robustness scores under different ¢ -neighborhoods.
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To evaluate the parametric robustness of the algorithm through adjusting the
value of neighborhood, we formulate a stability metric which refers to the robust-
ness score. It is obtained through formulating the ratio of the average recognition
rate to the standard deviation. The results of extensive experiments are presented
in Figure 9.

It can be observed that the curve shows a trend of rising first and then falling
with the increase of ¢ -neighbor. Notably, the results indicate that when
€ = 27000, the experimental results exhibit the best robustness. This is because a
small value of e -neighbors cannot remain the local structures of the algorithm.
While a large value of neighbors leads to the introduction of noise. So it is very
important to find a suitable value to maintain the balance between local structure
and global structure.

Usually, the efficiency of one algorithm can be reflected by its time cost. To
demonstrate the efficiency of this algorithm in recognizing oracle bone inscrip-
tions images, we recorded the running time of tests with different numbers of
samples n, and n=100,200,400,600,800. The recorded results are illustrated
in Figure 10.

100 T T T T T T

T
|

90

80 [

70

60 [

50 |-

40

Time Consuming(s)

30 [

20

10

—
0 | 1 1 | | 1
100 200 300 400 500 600 700 800

Number of Samples

Figure 10. Time consumption for different numbers of samples.

It can be observed that as the sample size increases, the time shows an expo-
nential growth trend. The time cost is 5 seconds when we have 100 samples, while
it is 86 seconds when we have 800 samples. The results indicate that the algorithm
can be directly executed on small-scale datasets. While dealing with large-scale
data, it is necessary to introduce approximate computation strategies that reduce

the number of shortest paths to reduce time consumption.
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3.3. Comparison with Other Algorithms

In order to compare the advantages of this algorithm, we apply several other al-
gorithms of manifold learning algorithm as a comparison reference in the paper.
We also obtain the low dimensional embedding of different algorithms at same

sample set, which are shown in Figures 11-13.

5000

-5000

10000

Y) -5000 X

Figure 11. Sample sets visualized by using MDS algorithm.

0.2

Figure 12. Sample sets visualized by using LLE algorithm.
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%108

Figure 13. Sample sets visualized by using PCA algorithm.

Similarly, we get the average accuracy rate of the responding algorithm in Fig-

ure 14 and Figure 15.

100 T T T T T T T T T

90 |

Rate(%)

—e— k=20
20 — A= k=40 |-
= 0= = k=60
10 F = #= k=80 |-
—t— k=100
O | | | | | | | | | | | 1 | L | | |

172 3 4 65 6 7 8 9 10

N

11 12 13 14 15 16 17 18

19

Figure 14. The average accuracy of different numbers of A-nearest neighbors under various values
of N,where N refersto the number of the nearest neighbors of the test point.

DOI: 10.4236/am.2025.164016 333

Applied Mathematics


https://doi.org/10.4236/am.2025.164016

P. Xie, H. Xu

100 T T T T T T T T T T T T T T T T T

90 | - :r
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Figure 15. The average accuracy of different algorithms under various values of N, where
N refers to the number of the nearest neighbors of the test point.

According to the experimental data, we obtain the optimal accuracy rate and
time-consuming of all manifold learning algorithms to recognize the images,

which are shown as follows.

100
90
80
70
60

50

Rate(%)

40

30

20

10

ISOMAP MDS PCA LLE
Algorithm

Figure 16. The mean average accuracy of different algorithms.
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Time Consuming(s)

ISOMAP MDS PCA LLE
Algorithm

Figure 17. The time-consuming of different algorithms.

In Figure 16, it can be observed that the ISOMAP dimensionality reduction
algorithm has a significant advantage in the average recognition rate. This is be-
cause the method effectively maintains the geodesic distances of the sampling
points in high-dimensional space after dimensionality reduction, thereby preserv-
ing the nonlinear characteristics of the data. From Figure 17, it can be concluded
that the time taken by the ISOMAP algorithm is relatively slow, being only faster
than the LLE algorithm. This is due to the high computational complexity of ISO-
MAP algorithm, which requires more time and resources. We can conclude that
although the ISOMAP algorithm has certain disadvantages in terms of time con-
sumption, its performance advantages allow it to recognize images more accu-
rately, which is exactly what we expect.

In the experiment, the low-dimensional embeddings of the sample set were first
calculated using the ISOMAP algorithm. Subsequently, the results of the low-di-
mensional embeddings were visualized and analyzed for the effects of dimension-
ality, indicating that the algorithm demonstrates a better recognition rate at lower
dimensions. Next, we investigated the impact of parameter N on recognition ac-
curacy under different neighbors, obtaining the average recognition rates under
various parameters after multiple experiments, and compared these results with
those of the PCA, MDS, and LLE algorithms. Finally, we analyzed and compared
the experimental results, where the ISOMAP algorithm achieved the best recog-
nition rate of 93.3%. Although the ISOMAP algorithm has certain disadvantages
in terms of running time, its performance advantage in recognition accuracy al-

lows it to effectively complete the recognition task.
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4. Conclusion

This paper employs the ISOMAP algorithm to identify oracle bone inscription

images. The recognition process includes five steps: sample set selection, image

preprocessing, feature extraction, dimensionality reduction, and classification.

Experimental results indicate that, compared to MDS, PCA, and LLE algorithms,

ISOMAP exhibits better performance in terms of average recognition rate and

computational efficiency. Therefore, ISOMAP can be considered an effective

method for accurately identifying oracle bone inscription images. However, the

algorithm remains highly sensitive to noise and currently cannot handle incom-

plete images. Future work will focus on enhancing its noise resistance and robust-

ness to achieve broader applicability.
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