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Abstract: As there is a lack of public mark samples of Tibetan historical document image characters
at present, this paper proposes an unsupervised Tibetan historical document character recognition
method based on deep learning (UD-CNN). Firstly, using the Tibetan historical document character
component, the Tibetan historical document character sample data set is constructed for model-aided
training. Then, the character baseline information is introduced, and a fine-grained feature learning
strategy is proposed. For the samples above and below the baseline, the Up-CNN recognition model
and Down-CNN recognition model are established. The convolution neural network model is trained
and optimized for the samples above and below the baseline, respectively, to improve the recognition
accuracy. The experimental results show that the proposed method obviously affects the unmarked
character classification and recognition of real Tibetan historical document images. The recognition
rate of Top5 can reach 92.94%, and the recognition rate of Top1 can be increased from 82.25% to
87.27% using the CNN model only.

Keywords: character images of Tibetan historical document; character parts; character baseline;
CNN; unsupervised

1. Introduction

In China, the number of Tibetan classics is second only to Chinese classics, and now,
there are more than one million volumes of various Tibetan classics existing in Tibetan areas
alone. Starting from the creation of the Tibetan script by Tunya Sambuzha in the 7th century
AD, Tibetan historical and cultural documents have been recorded in Tibetan for more
than a thousand years without interruption. They rank China’s ethnic minority ancient
literature for its abundance, depth of content, and breadth of coverage. It is an organic part
of Chinese culture and a valuable cultural heritage shared by all human beings [1].

The research on text recognition technology of Tibetan historical documents is of great
practical significance to inherit and promote the outstanding culture of the nation, enhance
cultural exchanges, serve the national cultural strategies and promote the social, economic,
educational and cultural development of Tibetan areas in China. The digital preservation
and use of ancient Tibetan literature resources is a hot research topic in the field of literature
digitization at home and abroad. However, due to the immaturity of text detection and text
recognition technologies, many precious documents and easily damaged paper documents
cannot be digitized. The data from digitized Tibetan antiquarian literature resources are
mainly image information, which leads to a lack of data support for document content
mining, knowledge base construction and retrieval technology development. In addition,
the ancient texts preserved in image form are not easy to retrieve and re-learn at a later
stage, so the images need to be converted into textual internal codes for preservation.
The vast majority of digitized Tibetan texts are currently available for full-text searching,
which are entered manually, and this process is costly in terms of time and labor. For
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the preservation of ancient Tibetan texts, it is now the trend to analyze and recognize the
images and convert them into internal codes in an automated way.

Deep learning techniques have been successfully used in various text recognition [2,3],
essentially revolutionizing research in the field of Tibetan character recognition [4-7]. In
recent years, these methods have been initially used with some success in Tibetan online
handwritten character recognition, Tibetan printed character recognition, Tibetan offline
handwritten character recognition and Tibetan character recognition in natural scenes.
However, existing deep learning recognition techniques rely on a large amount of annotated
data, and it is very easy to overfit the deep model by using a small number of annotated
samples directly. Moreover, it requires a huge annotation cost to obtain a large number of
annotated images, and it is currently impossible to obtain many annotated images of the
characters in Tibetan documents. Therefore, it is an important research problem to study
how to use a small amount of annotated data or for zero-sample character recognition of
ancient Tibetan documents.

To address the above problems, this paper proposed a deep learning-based unsuper-
vised recognition method for Tibetan ancient text character images. Firstly, a sample of
Tibetan historical document character images is synthesized based on Tibetan character
parts, and the synthesized sample assists in training a CNN classifier model; secondly,
character baseline information is introduced to extract fine-grained features of the character
images; then, the recognition process is optimized based on proportional and probability
thresholds. The proposed method has significantly improved the recognition rate of unla-
beled samples of Tibetan ancient Ugandan script character images. The specific work and
innovation points are as follows:

(1) At present, there is no publicly available sample set of ancient Tibetan Chinese
characters in the Ugandan script. For commonly used Tibetan ancient Chinese characters,
a sample set of Tibetan ancient Chinese character images is synthesized using Tibetan
character components, and the sample set is divided into 519 categories, with 1000 of each
category and a total of 519,000.

(2) With the introduction of character baseline information, this paper synthesizes the
image samples above the baseline and below the baseline of ancient Tibetan characters.
There are 13 categories of synthesized samples above the baseline, 70 of each category,
totaling 910; 273 categories of synthesized samples below the baseline, 300 of each category,
totaling 81,900.

(3) This paper proposed a deep learning-based unsupervised recognition algorithm for
ancient Tibetan text character images, and this method is effective in recognizing unlabeled
samples of ancient Tibetan Chinese characters in Ugandan script. The recognition rate is
significantly improved after the introduction of the baseline feature optimization model.

2. Related Work

Research on the identification of Tibetan documents began in the 1980s when Masami
Kojima at Tohoku University of Technology in Japan began his research on the identification
of woodcut Tibetan documents in 1991. A method based on logical inference is proposed for
slicing and recognizing characters in documents [8], and research is carried out on feature
extraction [9] and recognition of similar characters in documents [10]. In 2011, Hedayati
at the University of California, Berkeley, proposed a complete scheme for recognizing
engraved Tibetan texts, addressing the baseline detection, line character slicing and various
problems faced in the recognition process [11]. Since 2017, Wang Weilan’s team from
Northwest University for Nationalities and Duan Lijuan’s team from Beijing University of
Technology have been studying the recognition of Tibetan characters in Tibetan historical
documents with the woodcut version of the Ugandan script Tibetan characters, and have
made some research results in image pre-processing [12], layout analysis [13,14], text line
slicing [15-18], character slicing [19] and data set construction [20] for the characters of
Tibetan historical documents.
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Deep learning-based recognition of Tibetan characters has been rapidly developed in
recent years and is superior to traditional recognition methods, with significant recognition
results. The authors of [21] carried out a study on the recognition of Tibetan handwritten
digits based on convolutional neural networks, using CNN models for training Tibetan
handwritten digit samples. One study [7] carried out a study on the design and analysis
of a Tibetan recognition system based on an improved algorithm of convolutional neural
network and proposed a handwritten Tibetan recognition method based on an improved
convolutional neural network. This paper integrated the functions of feature extraction
and classifier and reduced the uncertainty factors influenced by the outside world in the
feature extraction process.

In [22], a deep neural network based on residual network and bi-directional long-
and short-term memory recurrent neural network was constructed, and a deep neural
network-based recognition method was proposed for image text recognition of Tibetan
ancient woodcuts; those solved the problem of poor image quality, serious adhesion of
adjacent text and large overlap of upper and lower lines in the recognition of ancient texts.
In [23], a convolutional neural network CovNet was constructed for recognition, and a
recognition algorithm based on the baseline features of the Ugandan script and migration
learning was proposed. In order to enhance the expressiveness of the features and reduce
the resolution loss during pooling, the convolutional network contained six convolutional
layers, and a pooling layer was added after every two convolutional layers to improve the
recognition accuracy. However, the quality and size of samples in deep learning methods
have a great impact on recognition results. In Tibetan recognition, constructing a data
set with complete categories and sufficient samples is a priority. There are no publicly
available marked samples for images of ancient Tibetan characters, and the above methods
for Tibetan character recognition all require marked samples.

To address the above problems, this paper uses a component-based sample construc-
tion method to synthesize Tibetan ancient text character image samples using Tibetan
character components. It also constructs a Tibetan antique character image dataset contain-
ing 519 categories of Tibetan characters, with 1000 samples for each category. It introduces
character baseline information and synthesis image samples of the part of Tibetan antique
characters above the baseline and image samples below the baseline. There are 910 samples
above the baseline and 81,900 samples below the baseline. The proposed deep learning-
based unsupervised recognition method for Tibetan historical document character images
by training CNN classifier models with the aid of synthetic samples is effective in classifying
and recognizing unmarked characters in real Tibetan historical document images.

3. The Proposed Method

A deep learning-based unsupervised recognition method for Tibetan historical docu-
ment character images is proposed. Using Tibetan character components, a sample data
set of Tibetan historical document character images is constructed. The sample data set
is first processed, then a 15-layer convolutional neural network model is constructed for
feature extraction. The feature extraction recognition process introduced character base-
line information, proposed a fine-grained feature learning strategy, and built Up-CNN
recognition models and Down-CNN recognition models for samples above the baseline
and samples below the baseline, respectively, to achieve the classification and recognition
of unmarked characters in the images of ancient Tibetan documents. Figure 1 shows the
general framework of the proposed method.

The model can obtain a higher recognition rate through a relatively simple network
structure. According to the particularity of Tibetan characters, the model is improved
based on the simple structure of LeNet5. Specifically, the feature acquisition structure in
the network is improved. The number of network layers is deepened, and the number of
convolution cores is increased while the batch standardization layer is also added. The
number of layers in the network and the number of convolutional nuclei were determined
by several experiments. The purpose of deepening the number of network layers and
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increasing the number of convolution cores is to accurately extract the features of Tibetan
characters and obtain details to distinguish more similar characters. Batch-standardized
layers accelerate convergence and prevent overfitting.
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Figure 1. A general framework for identification.

3.1. Component-Based Character Image Composition

The “Tibetan-Sanskrit” large character set contains 7238 categories of characters, and
they are split into parts. Each Tibetan character may consist of one or more components
superimposed above and below each other, and each character must contain a base character
component, which consists of the Tibetan consonant characters. Zero, one or more upper
vowel parts and upper word parts can be superimposed on top of the base character parts,
while zero, one or more lower vowel parts and lower word parts can be superimposed
below the base character parts, as shown in Figure 2.

Upper vowels

baseli
o i upper word part;l Semne

Figure 2. A diagram of the rules for the construction of Tibetan characters.

—— base character

lower word parts

A sample of some of the components constructed based on the rules for constructing
Tibetan characters is shown in Table 1. The number in the first column of Table 1 represents
the starting number of the Tibetan character part in the row, and the number of each part is
the sum of the starting number and the column number.

Table 1. Sample list of selected components.
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At present, there is no publicly available sample set of Tibetan ancient Chinese charac-
ters in Ugandan script images. In this paper, we use the image samples synthesized from
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Tibetan historical document characters to assist in training the model and use the obtained
model to perform unsupervised recognition of unmarked real Tibetan historical document
images. The main idea of the sample synthesis is, firstly, the components in the above
table are manually selected from the images of the Tibetan antique documents and saved.
Each component is saved as an image file, and each image file can be used as a character
component sample. In practice, the number of character parts is unevenly distributed, with
some parts appearing extremely frequently, and it is very easy to obtain a sufficient number
of character part images, while others appear very infrequently and a small number of parts
require data augmentation by randomly rotating the character part images by an angle of
less than 10 degrees. In addition, there were a few parts that did not appear in the selected
Tibetan document images, and in this case, they were copied by hand by copying and
drawing the character parts in the drawing software. Secondly, the components obtained
in the first step were stacked in the desired order to obtain a composite sample image of
the Tibetan characters. In order to make the composite characters more closely resemble
the characters of the Tibetan document image, we also extracted the location information
of each Tibetan character component from the printed Tibetan character images, which
are the coordinates of the upper left and lower right corners of the character component
in the overall character image. Finally, according to the number of synthesized samples
required, all characters in the “Tibetan-Sanskrit” large character set are loaded with in-
formation on the split structure and position of the components, and the corresponding
character components are selected, randomly rotated by less than 5 degrees and output to
a rectangular area in the corresponding position of the character component image. This
character synthesis method was successfully applied in the literature [23,24]. In this paper,
519 types of samples were synthesized, 1000 for each type. A partial demonstration of the
synthesis sample is shown in Figure 3.

-

Figure 3. Selected synthetic samples.
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For example, the first character image 8 in Figure 3 is stacked from top to bottom

with three component images od RWZ &Y in accordance with the position information of

each component. Compared with real character images m and g“l—’rhey are basically the
same. This also shows that our synthesis method is correct.

3.2. Baseline-Based Image Sample Composition

If the top of the base character of a Tibetan character without a superscript is called
the head, while for cases with a superscript, the head of the character is the top of the
superscript. The ancient Tibetan characters are written horizontally with the heads of each
line of characters aligned in the vertical direction, which is shown by the fact that the head
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of each character is almost always aligned in a straight line, calling this straight line the
baseline, as shown in Figure 4.
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Figure 4. Images and baseline illustrations of some of the ancient Tibetan documents.

Considering that the baseline is a distinctive feature of the characters, the synthesis of
characters was done by dividing the characters above and below the baseline. There are
13 categories of samples above the synthetic baseline, with 70 samples in each category;
some samples are shown in Figure 5; there are 273 categories of samples below the synthetic
baseline, with 300 samples in each category; some samples are shown in Figure 6.

N o T ©

Figure 5. Selected samples synthesized above baseline.

TEA o by
S ']a}

Figure 6. Selected samples were synthesized below the baseline.

3.3. True Markerless Image Sample Processing

The images of ancient Tibetan documents are binarized, line-sliced and word-sliced to
obtain character images. Then, the character image is normalized by optimizing the ratio
of the upper vowel. The processing flow is shown in Figure 7.

Sample images of authentic ancient Tibetan characters used are from the Beijing edition
of The Tripitaka-Kanjur, which contains 106 letters. The project team randomly selected 212
of the pre-processed document images and obtained a total of 1696 lines of text through
image pre-processing and line-slicing algorithms. The text line images were then cut to
remove special characters such as syllables, full stops and paragraph marks, which are
obvious and easy to recognize, and a total of 111,932 correctly cut characters were selected.
The images of some of the ancient Tibetan characters after the slice and dice process are
shown in Figure 8.
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Figure 7. Sample processing process for Tibetan antiquarian documents.
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Figure 8. Sliced images of ancient Tibetan characters.

3.4. Character Image Feature Recognition Methods

In a convolutional neural network, the extraction of features from the data relies
heavily on a convolutional layer, and it is the key layer in the overall CNN network structure.
The pre-processed character image data is convolved with the input data using a two-
dimensional convolution layer and a pooling layer to convolve the convolution kernel. The
character images are processed by the convolutional layer with the convolution formula:

S(i,j) = (I=K)(i,j) = }_ ) I(m,n)K(i —m, j—n) (1)

where S(i, j) is the character feature after convolution, and K is the sequence of convolution
kernel functions. The process of CNN processing character images is mainly as follows:
input normalized Tibetan character image I can extract the feature sequence of different
Tibetan characters, using the kernel function sequence K to do convolution operation with
I. The pooling layer reduces the dimensionality of the data, and the fully-connected layer
prevents the loss of feature information after data training. The classification layer, on
the other hand, classifies the feature data into categories. Using the Relu function as the
excitation function, the expression is:

y = max(0, x) )
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The computational process for the classification layer uses the Softmax layer and is
computed as follows:
exp(a;

softmax(a;) = ——=———
Z’;:Zl(“k) exp

where k is the number of types classified. The output of the classification layer indicates the
probability of the character being classified to the corresponding type. Stochastic Gradient
Descent (SGD) is used as the training method for CNN.

In this paper, we use a 15-layer CNN structure: the first layer is the image input layer
(32 x 64 x 1), the second layer is the convolutional layer (16 3 x 3 convolutional kernels),
the third layer is the batch normalization layer, the fourth layer is the ReLU layer, the
fifth layer is the maximum pooling layer (2 X 2), the sixth layer is the convolutional layer
(32 3 x 3 convolutional kernels), the seventh layer is the batch normalization layer, the
eighth layer is the ReLU layer, the ninth layer is the maximum pooling layer (2 x 2), the
tenth layer is a convolutional layer (64 3 x 3 convolutional kernels), the eleventh layer is a
batch normalization layer, the twelfth layer is a ReLU layer, the thirteenth layer is a fully
connected layer, the fourteenth layer is a Softmax layer, and the fifteenth layer is the output
layer of classification results. The classified samples are sorted from largest to smallest
according to the probability of the classified Softmax layer.

By processing the sample dataset and convolutional neural network model for feature
extraction, Up-CNN and Down-CNN recognition models are built for above-baseline
samples and below-baseline samples and trained and optimized for above-baseline samples
and below-baseline samples, respectively, to achieve classification and recognition of
unmarked characters in images of Tibetan ancient documents. The input layer of the Up-
CNN is 64 x 32 x 1. The output of the thirteenth to fifteenth layers are all 13-dimensional,
corresponding to the 13 classes of the upper vowel category, and the rest of the layer
structure is similar to the aforementioned 15-layer CNN structure; The output of the
thirteenth to fifteenth layers of the Down-CNN are all 273-dimensional, corresponding to
the 273 classes of the below-baseline category, and the rest of the layer structure is the same
as the aforementioned 15-layer CNN structure.

4. Experiments
4.1. Experimental Data Set and Experimental Environment

The experimental data set includes two parts: a synthetic image sample data set
obtained through component synthesis and a real sample data set obtained by segment-
ing Tibetan ancient manuscript document images. For commonly used Tibetan ancient
manuscript characters, a Tibetan character component synthesis data set was created. The
sample set consists of 519 classes, with 1000 samples per class, totaling 519,000 synthetic
samples. Based on the character baseline information, synthetic image samples were gener-
ated for the parts above and below the baseline of Tibetan ancient manuscript characters.
Above the baseline, there are 13 classes of synthetic samples, with 70 samples per class,
totaling 910 samples. Below the baseline, there are 273 classes of synthetic samples, with
300 samples per class, totaling 81,900 samples.

Additionally, 111,932 real-character image samples were obtained through segmenta-
tion. In the training process, only synthetic samples are used to train the model parameters,
and real unlabeled samples are used to test the final model performance. Among these
samples, the 519-class samples are used for training the whole-word CNN model. The
13-class samples are used for training the Up-CNN model, and the 273-class samples are
used for training the Down-CNN model. These three models are employed for classifying
and recognizing the real image samples.

All experiments were conducted in the following software and hardware environment:
The CPU used was Intel(R) i9-10885H, with 32 GB of RAM, and the graphics card was
NVIDIA GeForce GTX 1650. The operating system was Windows 10 Professional Edition
and the software used was MATLAB 2020b.
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4.2. Synthetic Sample Identification Performance Analysis

The data set includes real samples obtained from ancient documents and synthesized
samples based on components. These two types of samples have similar glyphs but
exhibit differences. The real samples have highly imbalanced categories, with significant
variations in sample numbers across different categories. In contrast, the synthesized
samples have balanced categories with consistent sample numbers. The model is trained
using synthetic samples. The trained model is then used to identify unlabeled real samples,
obtaining category information for classifying labeled samples. Introducing baseline
information effectively improves the accuracy of real sample identification. In order to
train the optimized model as well as analyze the sample data for performance, training,
experiments and analysis are performed for the synthetic sample set, the above-baseline
sample set and the below-baseline sample set. The parameter setting in the experiment
is to select an initial value based on the team’s previous research and get it after several
parameter adjustment experiments. Under the final parameters, the network convergence
is faster, and the recognition rate of Tibetan characters is higher.

(1) A total of 519 classes of labeled synthetic samples with a high frequency of occur-
rence are selected. There are 1000 samples in each class. These labeled synthetic samples
are used to train the CNN model. The training samples are randomly divided into training,
validation, and test sets. The proportions for the division are 70%, 10% and 20% respec-
tively. The following parameter settings were experimentally obtained for better model
performance. The optimizer adopts the stochastic gradient descent method. The number of
training samples per batch is 800. The initial learning rate is 0.1. The maximum number of
training rounds is 10 rounds. In order for the model to converge better to the minimal value
point, the dynamic learning rate change method is used. After every two training rounds,
the learning rate is adjusted as follows: the learning rate for the current round equals the
learning rate from the previous round multiplied by 0.1. The training took 22 min and 22 s;
the experimental results are shown in Figure 9.

100 T T

g TrainingAccuracy
80 - ValidationAccuracy | -|
9
X 60 i
[9)
e
3
g 40 i
<
20 B
0 1 1 L 1 L 1 1 1 1
0 100 200 300 400 500 600 700 800 900 1000
Iteration
8 T T T T T T
TrainingLoss
ValidationLoss
6 i
(2]
S 4 4
4
2 i
O S o ‘o 1 1 L ‘s
0 100 200 300 400 500 600 700 800 900 1000

Iteration

Figure 9. CNN model training process.

It can be seen from Figure 9 that the proposed model performs well on the synthetic
sample set. It reaches stability at about 500 iterations, and the accuracy of the training set is
99.375%. The accuracy of the validation set is 99.458% at the 500th iteration, with a loss of
0.0210 for the training set and 0.0207 for the validation set. The accuracy of the validation
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set is 99.84%, the accuracy of the test set is 99.80%, and the overall recognition rate of the
synthetic data set is 99.93%.

(2) There are 13 classes of above-baseline synthetic samples, 70 of each class, totaling
910, and the recognition model of above-baseline characters (Up-CNN) is trained by the
synthetic above-baseline samples. The samples were randomly divided into training,
validation and test sets with the proportions of 70%, 10% and 20%, respectively. The
experimental parameters are set as follows: random gradient descent, the number of
samples per batch is 1000, the initial learning rate is 0.1, the maximum number of rounds is
1000, and the learning rate changes with the number of iterations in segments. The specific
variation rule is used for every 150 rounds of training, and the learning rate = learning rate
of the previous round * 0.1. The training took 3 min and 15 s, and the experimental results
are shown in Figure 10.
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Figure 10. Up-CNN model training process.

It can be seen from Figure 10 that it stabilizes at about 24 iterations, the recognition
accuracy of the training set of the 24th iteration is 100%, the recognition rate of the validation
set is 100%, the loss of the training set is 0.0021, and the loss of the validation set is 0.0032.
For synthetic samples above baseline, the validation set recognition accuracy of the Up-
CNN model was 100%, and the recognition rate of the test set was 98.43%. The overall
recognition rate of synthetic datasets above baseline was 99.69%.

(3) There are 273 classes of synthetic samples below baseline, 300 of each class, a total
of 81,900, and the recognition model of characters below baseline (Down-CNN model) is
trained by the synthesized below-baseline samples. The samples were randomly divided
into a training, validation and test sets with proportions of 70%, 10% and 20%, respectively.
The experimental parameters are set to: stochastic gradient descent, the number of samples
per batch is 800, the initial learning rate is 0.1, the maximum number of rounds is 10 rounds,
and after each two rounds of training, the learning rate = the previous round of learning
rate * 0.1. The training took 5 min and 31 s, and the experimental results are shown in
Figure 11.

It can be seen in Figure 1 that the stability is reached at about 300 iterations, the
recognition accuracy of the training set is 99.875%, and the recognition accuracy of the
validation set is 99.3773% at the 300th iteration. The loss in the training set is 0.0073, and
the loss in the validation set is 0.0217. The recognition accuracy of the Down-CNN model
is 99.48% in the validation set and 99.45% in the test set. The overall recognition accuracy
of the synthetic dataset below the baseline is 99.77%.
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Figure 11. Down-CNN model training process.

4.3. Effect and Analysis of Character Vowel Size

In the process of writing a Tibetan historical document, it is not completely written
by a single person but by multiple people working together. Everyone’s writing style is
different, and there are a large number of Tibetan characters whose upper vowel part of
the image is wider than the part below the baseline. Experiments show that, in this case,
the recognition rate is not high because the samples are directly fed into the model for
recognition, and it is necessary to normalize the upper vowel (as shown in Figure 12) to
improve the recognition rate.

[

-
@ (b)

Figure 12. & diagram of comparison before and after vowel normalization on character samples.
(a) Before normalization. (b) After normalization.

When size normalization is performed for upper vowels, the proportion of upper
vowels significantly affects the recognition rate. We first performed an experimental

I

analysis for the ‘&’ character sample in Figure 12; the results are shown in Table 2.

157

Table 2. Comparison of recognition before and after normalization of vowels on ‘2" characters.

Identification Probability of Information
Results Top1l Entropy
Before vowel normalization E 84.60% 0.71

After vowel normalization g 87.49% 0.93
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From Table 2, we can see that the vowel of the ‘2" character sample was incorrectly
identified as ‘£” before normalization with a Topl probability of 84.6%, and correctly
identified after normalization with a Topl probability of 87.49% were identified as ‘&".
The information entropy of the image before normalization is 0.71, and the information
entropy of the image after normalization is increased to 0.93. Since the character images
used are white as the foreground color and black as the background color, the information
of the characters is expressed as white pixels, and for the images without upper vowel
normalization, there is a larger part of the area that is background color, and this area does
not carry the information features of the characters. This part of the image, through the
convolutional neural network when training recognition, consumes more operations and
storage. However, this part of the calculation and the results do not obtain the character
feature information. Through the normalization of the upper vowel size, it can reduce the
background information in the image, representing the character white detail information
amplified. In this way, the calculation can obtain more information related to the character
features. The experiment shows that the recognition accuracy will be higher if the ratio of
upper vowels is reduced and the information entropy of the image is increased.

In order to determine under what conditions the normalization of the upper vowel
leads to the highest recognition rate of the recognition system, experiments were performed
with different upper vowel proportions. For all character sample data sets, the upper
vowel normalization experiment was carried out on the character images with the upper
vowel above and below the baseline. In order to obtain the character upper and lower
ratio thresholds that make the best recognition rate, this paper selects different proportion
threshold values for normalization training recognition and analyzes the recognition rate.
The results are shown in Table 3.

Table 3. Recognition rates correspond to different proportional thresholds.

Proportional Threshold Recognition Rate
1.0 84.88%
1.1 84.32%
12 83.86%
1.3 82.29%
1.4 83.34%
1.5 83.22%
1.6 83.15%
1.7 83.08%

As can be seen from Table 3, with the increase of the selected proportion threshold,
the recognition rate decreases gradually. When the selected proportion threshold is 1,
the recognition rate is the highest. The overall recognition rate is 84.88%, 2.63% higher
than the original CNN network. It is analyzed that the normalization of the upper vowel
can increase the entropy of character information on the image. It helps to improve the
recognition rate. On the other hand, in the synthesis process, the position coordinates and
component sizes of the synthesized samples as training sets refer to the printed character
images. The size of each part of the printed image is more uniform, and the upper vowel
will not be too large. Through the reduction and normalization of the vowel part on the
real Tibetan historical document character image, the real character image is more like
the synthetic character image. Specifically, it is to make the real character image closer to
the composite character image from the internal component structure characteristics. The
classification results are closer to the correct classification, thus improving the recognition
rate of unlabeled real samples.
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4.4. Overall Performance Analysis

There are two factors that affect the overall performance of the model. On the one hand,
although the synthetic and real samples are similar, they are not completely consistent.
Because the synthesis process of the synthetic sample itself is the result of the stacking of
the images of the upper and lower parts, the location information of each part of the real
sample is not completely consistent with the location information of the synthetic sample.
In order to reduce this inconsistency, the character image can be divided into the upper
and lower parts and identified separately. On the other hand, there are great similarities
between different Tibetan characters, which also poses challenges for recognition models.
The model determines the classification according to the calculated probability. If the
probability corresponding to the preferred character is close to the probability of the second-
selected character, it indicates that the characteristics of the preferred character and the
second-selected character are close and the font is similar. If the identification result is
based on the preferred character, it will likely be wrong. At this time, fine-grained features
need to be further extracted before recognition; that is, the characters are divided into upper
and lower parts for feature extraction.

However, the experiment also shows that the recognition rate is not the highest when
all the character images are recognized by splitting up and down. To determine when
to split a character image, we use a probability threshold to control whether to split or
not. The probability threshold is defined as the ratio of the probability corresponding
to the preferred character (denoted as Max1) to the probability corresponding to the
second selected character (denoted as Max2). In order to improve the overall recognition
performance, the influence of proportional threshold parameters on the recognition rate
is analyzed in the experiment. In order to obtain a suitable probability threshold, we first
roughly selected probability thresholds of different orders of magnitude for the experiment.
Initially, the threshold range is determined. Then, this threshold range is subdivided to
finally determine the appropriate threshold. The initial selection of probability thresholds
includes 2, 10, 50, 100, 200, 500 and 1000. The results are shown in Table 4.

Table 4. Top1 recognition rates corresponding to different proportional thresholds and probability
thresholds.

Probability Proportional Threshold
Threshold 1 1.1 1.4 1.7
2 86.15% 85.75% 85.09% 84.93%
10 87.16% 86.96% 86.71% 86.67%
50 87.17% 87.07% 86.94% 86.91%
100 86.84% 86.92% 86.83% 86.81%
200 86.86% 86.80% 86.72% 86.70%
500 86.66% 86.62% 86.57% 86.53%
1000 86.56% 86.52% 86.48% 86.44%

As can be seen from Table 4, the recognition rate is higher for different probability
threshold cases with upper vowel ratio thresholds of 1 and 1.1. The recognition rate is
higher for probability thresholds between 10 and 100 under different upper vowel propor-
tion thresholds. This determines the range in which the optimal threshold is located. In
order to get the accurate optimal threshold, the experiment is carried out after further sub-
dividing the threshold range. Further experimental calculations lead to optimal probability
thresholds: First, the proportional thresholds are fixed to the two values that make the
preferred accuracy higher, i.e., an upper vowel proportional threshold of 1.0 and an upper
vowel proportional of 1.1. Then, eight values are selected between 10 and 100, which are 10,
15, 18, 20, 30, 40, 50 and 60 in order. Finally, the model was used to identify and compare
the preferred recognition rate of 11,1932 real Tibetan historical document character image
sample sets under the corresponding proportional threshold and probability threshold.
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Through the experimental analysis, it can be seen from Table 5 that the Top1 accu-
racy reaches the highest value of 87.27% when the proportional threshold is 1.0 and the
probability threshold takes the value of 20.

Table 5. Topl recognition rates corresponding to probability thresholds 10-60 for proportional
thresholds of 1.0 and 1.1.

Probability Threshold Proportional Threshold 1.1 Proportional Threshold 1.0
10 86.96% 87.16%
15 87.04% 87.22%
18 87.07% 87.24%
20 87.10% 87.27%
30 87.09% 87.23%
40 87.07% 87.19%
50 87.07% 87.17%
60 87.01% 87.11%

To further illustrate the performance of the method in this paper, we compared it with
SVM and single CNN methods and analyzed the performance of the method in this paper
under different parameter environments. In the experiment, the model cross-validation
method is the method of sample random division. The samples are randomly divided into
training, verification and test sets. The comparison results of the three methods are shown
in Table 6.

Table 6. The recognition accuracy of different methods.

Topl Top5 Top10

SVM 80.25% 86.76% 91.87%

Single CNN 82.88% 90.81% 92.86%

Model of this paper (UD-CNN) 87.27% 92.94% 94.12%

As can be seen from Table 6, the Top1, Top5 and Top10 recognition rates of the model
method (UD-CNN) in this paper are higher than those of other methods. The method
introduces a proportional threshold and probability threshold in the recognition process.
This enables the extraction of features from the Tibetan character images as a whole, above
the baseline and part of the images below the baseline. It improves the recognition rate of
the sample set of authentic Tibetan ancient character images.

In order to show the recognition effect of the proposed model, the recognition results
of three-character images by different algorithms are given, as shown in Table 7.

Table 7. Identification results of different methods.

SVM
Single CNN
Model of this paper (UD-CNN)

el it
w o | PSR
&
[\

XX X

As can be seen from Table 7, the recognition results of the proposed model for the
three character images are correct, while the recognition results of the SVM and Single
CNN models are wrong. The wrong result is similar to the correct result font. The proposed
algorithm can obtain finer-grained distinguishing features of character images by splitting
them up and down so that the final recognition result is correct.

In addition, the real images of Tibetan characters are segmented from the images of
historical documents. Due to the influence of noise and binarization algorithm, the real
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Tibetan character image itself contains noise information, including the edge of the stroke
is not smooth, some strokes are missing, redundant strokes, etc., and some characters and
images are mixed in a variety of situations, as shown in Figure 13.

N o

(a) (b) (c)

Figure 13. Some Tibetan character images contain noise. (a) The edges of the strokes are not smooth.
(b) some strokes are missing. (c) the strokes are redundant.

This noise phenomenon is inevitable. The above recognition rate of the model is
obtained on the real images containing noise, which also shows that our proposed model
has strong anti-noise ability. In order to further illustrate the anti-noise ability of the
proposed algorithm, we added Gaussian noise (mean 0, variance 0.01) to the real images,
and the recognition rate of the proposed model for the character images with the new
noise only decreased a little, and the Top1l only decreased by 0.25%. This shows that our
algorithm has good anti-noise ability.

The above experiments show that for Tibetan characters that can be split up and down,
the recognition rate will be improved if some characters are divided above and below the
baseline. Although the UD-CNN network is proposed for the special properties of Tibetan
characters, we also believe that it can be enlightening for other recognition methods that
can be separated up and down or left and right of the characters.

5. Summary and Outlook

At present, there are no public, marked samples of images of Tibetan historical doc-
ument characters. This paper proposed an unsupervised recognition method of Tibetan
historical document character images based on deep learning. Based on the Tibetan his-
torical document character components, the sample data of Tibetan historical document
character images are constructed. The character baseline information is introduced so
as to propose a fine-grained feature learning strategy. Up-CNN recognition models and
Down-CNN recognition models are built for above-baseline samples and below-baseline
samples. Both models converge well on the experimental data set. The network model
parameters are obtained by training the network with multiple auxiliary sample sets. In the
absence of real labeled samples, the preferred recognition accuracy of the proposed method
reaches 87.27%, which can meet the practical application requirements. Using this model,
the classification tagging of real character images cut from ancient Tibetan documents was
completed, and a dataset containing a total of 111,932 real character images of 409 classes of
ancient Tibetan documents was built. These works provide the data basis for improving the
recognition rate by building a supervised model at a later stage. There are a large number
of similar characters in the Tibetan historical document, which will affect the recognition
effect. It is necessary to study the feature extraction and recognition methods of Tibetan
similar characters in the later stage. This can further improve the recognition rate of Tibetan
historical document character images.
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