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Abstract: Oracle bone inscriptions, engraved on tortoise shells and animal bones throughout the
Yin and Shang dynasties, hold immense importance in refining Chinese cultural history and
examining the development and progression of Chinese characters. Image segmentation and
detection of authentic oracle bone inscriptions are frequently hindered by three types of
interference elements present on the original rubbings: point noise, fake texture, and intrinsic
texture. In order to tackle this issue, this research presents a methodology for recognizing oracle
bones. Initially, the image undergoes preprocessing by computing customized eigenvalues derived
from the writing attributes of oracle bones represented as hieroglyphics. Subsequently, the
processed image is sent into the YOLOVS network for automated identification and categorization.
The experimental results demonstrate that the proposed Oracle bone character recognition method
in this study achieves a recognition accuracy of 95.31% on the selected dataset of the Oracle Bone

Character Collection, indicating excellent recognition outcomes.
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1 Introduction

Oracle bone inscriptions mostly pertain to the Yinxu Oracle bone inscriptions, which were engraved on tortoise
shells and animal bones during the Yin and Shang Dynasties. These inscriptions, found in China, are the oldest and
most comprehensive system of ancient Chinese writing. They hold immense importance in understanding the
development of Chinese culture and the evolution of Chinese characters!'. Due to the prolonged burial and erosion
of oracle bones and animal bones, the acquired topographic images of the oracle bones suffer from significant
noise, image distortion, and other issues. This poses substantial challenges in the field of oracle bone recognition
research?l. The original topographic image of the oracle bone refers to the initial image acquired from the
topography of the excavated tortoise shell, animal bone, and other text-bearing materials by specialists. Oracle
single character segmentation and recognition technology involves identifying and extracting the text from the

oracle bone topography imagel®l. Nevertheless, the process of segmenting and recognizing topographic images on



oracle bones is frequently hindered by three types of interference elements in the original topography: point noise,
artificial texture, and intrinsic texture. These factors contribute to inadequate segmentation of individual words and
ultimately lead to low classification accuracy.

Early methods of recognizing oracle bones focused on feature extraction techniquesll. These approaches
involved manually extracting and analyzing the shape, structure, and other characteristics of the oracle bones. The
bones were then identified and interpreted by comparing them to known oracle bone libraries. Machine learning
algorithms, such as support vector™ machines and fractal geometry®®, have been used in oracle bone glyph
detection due to their significant achievements in computer vision. These approaches exhibit both low recognition
accuracy and limited effectiveness in recognizing unknown oracle bone pictures.

Recently, there has been a growing body of research focusing on the utilization of deep convolutional neural
networks for recognizing topographic oracle bone features!”-'?. Some notable examples of this study include: Hao-
Bin Wang!["3! addressed the issue of uneven distribution of sample data resulting from the challenge of feature
extraction by introducing a recurrent generative adversarial network algorithm that enables the network to
independently learn the styles of oracle bone characters and generate character images with a wide range of
diversity. Zhang Yikang!'¥ developed a metric learning approach with a ternary loss and adversarial training to
align the distribution of different oracle bone characters in a common feature space, addressing the imbalance in
their recognition. Liu Fangl'¥ utilized Mask R-CNN to enhance the accuracy of oracle bone topography
recognition to 95%. Yan Sheng ['9) further enhanced Mask R-CNN by integrating class masking and automatic
identification, achieving the first-ever integration of oracle bone character detection and recognition in topography
images.

The YOLO algorithm integrates the responsibilities of detection and classification for processing, utilizing a
straightforward model structure and achieving great real-time performancel!”). It has the capability to accomplish
both the segmentation of individual words and the recognition of text on oracle bones. YOLOVS is a target
recognition network within the YOLO series introduced in 2023. Compared to prior models in the YOLO series
such as YOLOVS and YOLOv7, YOLOVS is a superior network model that offers improved detection accuracy
and faster detection speed. In recent years, the YOLOv8 network has been used in various target detection and
classification efforts: Zhang!'"®! proposed an improved YOLOv8 model for student behaviour detection in
classroom videos. Sumit Pandey!'”! combines the YOLOvS8 model, the Segment Anything Model (SAM) and the
High Quality (HQ) SAM to segment regions of interest (ROIs) in different medical imaging datasets for fully
automated and accurate segmentation. Arshleen Kaur?”l presented an improved YOLOv8-based traffic sign
recognition model for accurate detection of traffic signs in adverse conditions such as snowy days.

Oracle recognition has been affected by the large amount of noise on the original image. To solve the above
problems, this paper proposes to pre-process the image according to the eigenvalues before inputting the original
topographic image into the network. This paper introduces four image features for the oracle bone: Equivalent
Diameter of Connected Domains (EDCD), Minimum Distance of Connected Domains (MDCD), Point Feature
Analysis Matrix (PFAM), and Point Eigenvalue (PE). By comparing and analyzing these four features, the oracle
bone image is preprocessed, which leads to the exclusion of interfering elements. Ultimately, the preprocessed
image is fed into the YOLOVS neural network to accomplish the task of segmenting and classifying individual

characters.



2 Methodology

This paper presents a method for preprocessing the original topography based on eigenvalues to enhance the
accuracy of future single-character segmentation and recognition. Oracle is an archaic Chinese pictograph
characterized by a consistent stroke pattern and a meaningful relationship between strokes!?!l. Broken or missing
strokes could be identified as being a component of the oracle by looking at a binary map of the original terrain.
First, the oracle bone strokes are large and close to each other, while most of the noise is small and far away from
other connected domains. Concurrently, after the refinement of the strokes in the binarized picture of the oracle
topography, the oracle bone strokes create connections and intersections, and point noise, layered textures, and
fake textures are transformed into isolated points. This paper introduces four image features for oracle bone
characters: Equivalent Diameter of Connecting Domain (EDCD), Minimum Distance of Connecting Domain
(MDCD), Point Feature Analysis Matrix (PFAM), and Point Eigenvalues (PE). In a binarized picture, these
characteristics are utilized to identify if a white connecting domain corresponds to an oracle bone character. A
connected domain is blacked out if its pertinent qualities don't match the grading criteria. In the end, the processed

picture is sent to the YOLOVS network for classification and identification.

Fig. 1 Original oracle bone topographies filled with dot noise, layered textures and artificial textures

2.1 Image pre-processing

Calculation of image features. This paper proposes four distinct characteristics: The Equivalent Diameter of
the Connected Domain (EDCD), the Minimum Distance of the Connected Domain (MDCD), the Point Feature
Analysis Matrix (PFAM) and Point Eigenvalues (PE):

Equivalent Diameter of the Connected Domain In the binarised oracle bone topography image, each white

area is defined as a connectivity domain. The area of each connected domain is denoted as . To account for the



intricate and adaptable nature of the oracle bone, the Equivalent Diameter of the Connected Domain (EDCD) is

established. This metric is calculated in the following manner::

_ jZ 0

This article stipulates that a connected domain is classified as a Valid Connected Domain (VCD) if its equivalent

radius exceeds the threshold value of .

The Minimum Distance of the Connected Domain. The proximity of connected domains can serve as an
indication of the oracle's continuity. The Distance between Connected Domains (DCD) is defined as the measure

of distance between the average coordinates of all pixel points within the connected domains:
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where N and M represent the number of pixels in the two connected domains. n represents the number of
connected domains.
The minimal Distance of the Connected Domain (MDCD) is defined as the minimal distance from other Valid

Connected Domains for a certain Connected Domain:

=min( 1, 2. ) (€)

Extraction of point eigenmatrix and point eigenvalues. Figure 2 (a) displays the outcome of refining the
binarized original topography image. In oracle bone stroke refined pictures, the Point Feature Analysis Matrix
(PFAM) is represented as a 3 X3 matrix. The focal point of the matrix is the specific location under analysis, while
the adjacent 8 points represent the surrounding pixels. In the stroke-refined image, a multi-pixel point is assigned a
value of 1 in the point feature analysis matrix of the store if it is white, and a value of 0 if it is black.

Point eigenvalues (PE) refer to the eigenvalues of the point feature analysis matrix:

= “

Determination of connected domain characteristics. Based on the characteristics of the oracle bones, two
judgments of the connectivity domain are proposed in the binary image of the original oracle topography.

Judgment 1: In the binarised image, most of the point noise, layered texture and artificial texture are located in the
connectivity domain with a small area and generally isolated by the connectivity domain where the oracle is
located. Therefore, in this paper, when the equivalent radius of the connectivity domain (DCD) is less than the
threshold and the minimum distance of the connectivity domain (MDCD) is greater than the threshold (the size

of the threshold is determined by the resolution of the image), then the connectivity domain is blackened.
< > (%)

Judgment 2: The pixel points in the refined image are categorized based on their connection with the neighboring

points, such as isolated points, end points, bifurcation points, and so on. The value of PE determines the correlation



between that point and its neighboring pixels. For instance, an isolated point refers to a pixel point that is not
connected to any other points, and its eigenvalue is lower than that of other types of pixel points, which are all
greater than 1. The refined oracle bone stroke is a segment of pixelated lines with continuity!”). If the total sum of
the PE of all the pixels within a connectivity domain is less than 1, the connectivity domain will become an

isolated point after refinement and it is judged as noise.

( ) <1 (6)
=1

If the above judgments are satisfied at the same time, it can be judged that the connected domain does not belong
to a part of the oracle script, and it will be blackened in the binarised image of the oracle topography, thus

eliminating its influence on the oracle script recognition. The processing effect is shown in Figure 2.
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Fig. 2 Pre-processing of oracle according to customised feature values. (a) Stroke refinement and PFAM
extraction;(b) Extraction of connected domain area and DCD;(c)Calculation of PE,;MDCD,EDCD;(d) Two

judgments of the connectivity domain;(e) Processing operation

2.2 YOLOVS network

Its network structure is partitioned into three components: Backbone, Neck, and Head, as illustrated in Figure 3.

The Backbone component utilizes an enhanced CSPDarknet53 network. The YOLOvV8 network undergoes a
substitution of all CSP (Cross Stage Partial) modules in YOLOvVS with the C2f (Cross Stage Partial Network
Fusion) module. The C2f module is the primary module responsible for residual feature learning. It incorporates
more jump-layer connections and more splitting manipulations in comparison to the CSP module®??l. The CBS
module, consisting of convolution, batch normalization, and SiLU activation, processes the input data by applying
convolution operations, normalizing the batches, and activating the information stream using the Sigmoid Linear
Unit (SiLU) function to provide the output results. Spatial Pyramid Pooling Fast (SPPF) pools the input feature
mapping into a fixed size mapping, resulting in an adaptive size output.

The Neck component utilizes the Path Aggregation Network with Feature Pyramid Network (PAN-FPN)
architecture. Compared with the Neck structure of YOLOvS and YOLOvV7 models,
YOLOVS eliminates the convolution process after upsampling in the Path Aggregation Network (PAN) structure.
This modification allows YOLOVS to be a lightweight model without compromising its original performance.

PAN-FPN utilizes a network architecture that combines top-down and bottom-up approaches. It effectively



combines basic positional information with deep semantic information through feature fusion, resulting in diverse
and comprehensive features.

The Head component utilizes a decoupled structure, which is an enhancement over the prior anchor-based
approach to anchor-free. The Anchor Free approach primarily utilizes several key or center points and boundary

information to depict the object.
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Fig. 3 Network of YOLOVS

3  Expriment

To validate the efficacy and progress of the novel research described in this paper, two experiments were primarily
conducted.

(1) Validate the efficacy of the oracle bone automatic recognition and classification model provided in this
research work;

(2) Validate the superiority of the improved oracle recognition method by comparison experiments between the
method proposed here and two existing methods that currently have high recognition performance.

3.1 Dataset Selection

The main source of the dataset selected for the training of this paper is The Oracle Bone Collection!?’l. The

Collection of Oracle Bones contains 39,476 topographies unearthed in Yinxu selected from more than 150,000



oracle bones at home and abroad. A team of professionals meticulously annotated the rubbings to ensure the
accuracy and reliability of the experimental data, including both the rubbing data and the interpretation data. The
dataset utilized in this work contains images with varying resolutions as a result of segmentation. To enhance the
dependability of the data, the photos are consistently resized to a resolution of 1024x1024. During the experiment,
the dataset was partitioned into a training set and a test set using a random division at a ratio of 4:1. The training
dataset has 31,581 photos, whereas the test dataset comprises 7,895 images.

3.2  Experimental Setting

The experiments were performed on a computer equipped with an NVIDIA RTX A6000 GPU, which has 48GB of
video memory. The computer runs on the Windows operating system and utilizes the Pytorch deep learning
framework. The training batch size was set to 20A. The training process consisted of 50 epochs, and it took a total
of 20 hours. Simultaneously, to enable the model to continually experiment with data during the learning process,

this work opted for the Adam optimizer, which dynamically adjusts the learning rate.
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where the iterative gradient  and the custom decay rate 1 which is set at 0.33. The value of , referred to as the
initial learning rate, is set to 0.001 in this paper. The symbol represents a minute constant that is used to ensure
numerical stability. The term  refers to the exponentially weighted average.

3.3  Model validity and analysis

To validate the efficacy of the oracle bone inscription recognition method proposed in this paper, a comparison
and analysis are conducted between the accuracy of the recognition method that implements the preprocessing
operation proposed in this paper and the accuracy of the method that directly inputs the oracle bone inscription
image into the YOLOv8 network. This comparison aims to ascertain the effectiveness of the preprocessing method

proposed in this paper. The evaluation metric employed in this study is the model's accuracy.
—_ =1 (10)

where M is the total number of images in the test set, N denotes the number of categories of images in the test set,
and  denotes the number of photos of the kth category that the model accurately identifies in the test set. As the
value increases, the model's recognition effect improves. Table 1 displays the model's accuracy when subjected to
various sizes of the thresholds of EDCD (Equivalent Diameter of the Connected Domain) and DCD (Distance
between Connected Domains), denoted as y and o respectively. Additionally, the table also showcases the

recognition accuracy of the model without the preprocessing method proposed in this paper.



Table 1. Model performance analysis

Accuracy

40 10 90.92%
35 30 93.82%

30 50 95.31%

20 60 92.42%

No pre-processing 88.34%

Table 1 shows that when compared to the YOLOV8 recognition technique without preprocessing, the model with
preprocessing obtained a better accuracy. At various thresholds, the accuracy increase varied from 2.58% to
6.97%. Peak accuracy of 95.31% was attained by the model with \gamma and \delta set to 30 and 50, respectively.
Nevertheless, the accuracy of the model declines when parameter \delta is too big and parameter \gamma is too
little. This might be as a result of the deletion of essential information about the features of the oracle bone seen in
the picture due to the values of delta and gamma being excessively tiny and big, respectively. In the end, this
results in a decrease in the model's recognition accuracy. The link between the number of iterations and the

model's accuracy is shown in Figure 4. A few of the Oracle recognition findings are shown in Figure 5.
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Fig. 4 The accuracy curve of the model varies with the amount of iterations.



Fig. 5 Partial Oracle Segmentation Recognition Results

Furthermore, to validate the sophistication of the enhanced algorithm presented in this research, a comparative
experiment was performed, comparing it with the four most recent algorithms that exhibit superior overall

recognition performance. The comparison results with other methods are displayed in Table 2.

Table 2. Comparison results with other methods

Number of

Model Accuracy character

categories
[24] 93.51% 277
[25] 86.70% 241
[26] 91.53% 247
[27] 87.43% 300
Our method 95.31% 277

Table 2 shows that the minimum number of recognition categories identified by the various comparison algorithms
on oracle recognition categories is 241 and the maximum is 300. A total of 277 recognition categories were
selected in this study, which is second only to the references[24]. In terms of recognition effectiveness, the highest
recognition accuracy of the various compared algorithms is 95.31% and the lowest is 86.70%. The method
proposed in this paper achieves a higher recognition rate. Compared to the method with the highest number of
identified categories, the proposed method achieves 7.88% improvement in recognition accuracy.

In summary, the simulation experiments in two aspects prove that the improved model proposed in this paper is

effective and advanced



4  Conclusion

This paper suggested a preprocessing technique for enhancing the accuracy of recognizing oracle bone writings on
rubbings. The method is based on eigenvalue calculation and establishes judgment conditions for preprocessing by
considering the properties of oracle bone inscriptions as pictographic characters. Next, the preprocessed image is
fed into the YOLOvVS8 network for object recognition. Furthermore, to validate the efficacy of the oracle bone
inscription recognition method proposed in this paper, the paper gathered a dataset consisting of 277 original
rubbings from The Oracle Bone Collection. The model was then trained and tested using the Adam optimizer. The
model described in this study attained a precision of 95.31% after undergoing testing. Ultimately, this paper
evaluated this model against the existing model that demonstrates superior performance, hence substantiating the
advanced characteristics of this model. Nevertheless, despite the advancements made in this research on oracle
bone inscription recognition, there remain unresolved issues. For instance, several kinds of oracle bone inscriptions
contain limited data, making them susceptible to overfitting and significant classification errors. A method for
recognizing oracle text with very little sample data needs to be investigated. Future work will involve conducting

research on all of these difficulties.
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