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Abstract: This article introduces optical character recognition, and systematically 

summarizes the methods used in character detection and recognition. Some methods 

involved in the two stages of detection and recognition are introduced, and the 

structural characteristics, advantages and disadvantages of these methods are 

summarized. At the same time, some text data sets commonly used in the research 

stage are introduced. 
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1. Introduction 

The full name of OCR is Optical Character Recognition. It uses optical techno-logy and 

computer technology to read the text printed or written on paper and convert it into 

a format that the computer can accept and understand. Text recognition is one of the 

branches of computer vision research. OCR can be divided into handwriting recognition 

and printed recognition by subject. Most of the printed fonts are regular fonts. The 

technical difficulty is that the fonts are likely to become broken or ink sticks during the 

printing process, making OCR identification extremely difficult. Handwriting 

recognition has always been a difficulty that the OCR industry has always wanted to 

overcome, but until today, recognition is still very difficult. Because human handwritten 

characters often have personal characteristics, everyone's writing style is basically 

different. Although humans can read the words you write, it is difficult for machines. 

The OCR process is as follows: 

Layout analysis->preprocessing->row and column cutting->character recognition 

->post-processing recognition and correction 

 

2. Introduction to text detection phase method 

Text detection is a very important link in the process of text recognition. The main 
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goal of text detection is to detect the position of the text area in the picture to facilitate 

subsequent text recognition. Only when the text area is found can it be recognized.  

2.1 General Object Detection 

2.1.1 RCNN 

 

 

Fig. 1 The structure of RCNN 

RCNN is the originator algorithm for object detection using deep learning. It is a simple 

and scalable object detection method that uses the RegionProposal+CNN[2] 

framework. However, RCNN has shortcomings such as repeated calculation, high cost 

of training in time and space, slow target detection, and multi-step training. Its 

structure is shown in Fig. 1 

2.1.2 Fast-RCNN 

 

Fig. 2 Fast-RCNN network structure 

Fast-RCNN[3] is an improvement on the basis of RCNN. It integrates many steps of 

RCNN, and the general framework is the same. Fast-RCNN has the advantages of 

higher target detection accuracy than RCNN, single-stage training using multi-task loss, 

training can update all network layer parameters, and no need for disk space cache 

features. Its structure is shown in Fig. 2. 
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2.1.3 YOLO 

 

Fig. 3 The network structure of YOLOv1 

The starting point of the design of YOLOv1[4] is based on the fast and accurate human 

perception of the picture itself: it only needs to scan the entire picture once to quickly 

obtain the category and location information of the object. Its structure is shown in 

Fig. 3 YOLOv1 is very fast, makes predictions based on the entire picture, and has 

good generalization performance. However, it does not perform well in detecting 

objects that are close to each other and small groups. It has a partial generalization 

performance for targets at unusual angles. weak. Later, on this basis, algorithms such 

as YOLOv2[5], YOLOv3[6], and YOLOv4[7] were proposed. 

2.2 Text detection 

The general target detection method is not effective for text detection, because the 

text has its own unique characteristics. This general text detection cannot solve these 

characteristics of the text well: 

1. Most of the text exists in the form of long rectangles; 

2. Ordinary objects have obvious closed edge contours, but text does not; 

3 The text contains multiple texts, and there are spaces between the texts. If the test 

is not done well, we will box each word as a text line instead of the entire line as a 

text box. And this is not the same as our expectations; 

For the above reasons, we must improve the general target detection method to make 

it better for text detection. 

2.2.1 CTPN 

 

Fig. 4 The network structure of CTPN 

CTPN[8] proposes a vertical anchor point mechanism, which divides the image into 

rectangular boxes with the same width and variable height, detects small boxes, and 

finally merges them together through detection. The network structure diagram is 
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shown in Fig. 4 CTPN has the following advantages: it can detect text boxes of variable 

length; the detection accuracy is improved. However, it also has the following problem: 

the detection effect for non-horizontal text is not good. 

2.2.2 EAST 

 

Fig. 5 The network structure of EAST 

EAST[9] proposed a two-stage text detection method: Full Convolutional Network 

(FCN)[10] and Non-Maximum Suppression (NMS)[11], which have greatly improved 

accuracy and speed. The predicted geometric shape can be a rotating box or 

Horizontal box. But this method is not very effective in detecting longer text lines and 

slanted text lines. The network structure diagram is shown in Fig. 5 

2.2.3 SegLink 

 

Fig. 6 The network structure of SegLink 

SegLink[12] not only integrates the idea of CTPN small-scale candidate frame, but also 

adds the idea of SSD[13] algorithm. Firstly, it detects and generates one by one 

segment, and then connects the segments belonging to the same text line through 

link to obtain the final text line. Its structure is shown in the fig. 6 shown. SegLink has 

the following advantages: it can detect text lines in any direction; however, this 

method has the following disadvantages: it cannot detect text with a large interval; it 

cannot detect deformed or curved text. 
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2.2.4 PAN 

 

Fig. 7 The network structure of PAN 

PAN[14] mainly includes low-cost segmentation modules and learnable post-

processing methods. The segmentation module is composed of Feature Pyramid 

Enhance Module (PFEM) and Feature Fusion Module (FFM), and its structure is shown 

in Fig. 7 It considers the trade-off between speed and accuracy in the process of 

arbitrary text recognition, which greatly improves the recognition performance while 

also significantly reducing the amount of calculation. 

 

3. Introduction to text recognition phase method 

3.1 CRNN:CNN+RNN+CTC 

 

 

Fig. 8 The network structure of CRNN 

The entire CRNN[15] network structure as shown in Fig. 8 consists of three parts, 

from bottom to top: 

1) CNN (convolutional layer), using deep CNN to extract features from the input image 

to obtain a feature map; 
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2) RNN (recurrent layer), using bidirectional RNN (BLSTM) to predict the feature 

sequence, learn each feature vector in the sequence, and output the predicted label 

(true value) distribution; 

3) CTC loss (transcription layer), using CTC loss to convert a series of label distributions 

obtained from the cyclic layer into the final label sequence. 

The CRNN network can recognize text sequences of variable length, using fewer 

parameters and taking up less memory. 

3.2 Seq2Seq+Attention 

 

Fig. 9 The network structure of Seq2Seq+Attention 

Since the Seq2Seq[16] model is always connected by an invariable semantic vector C 

during the encoding and decoding stages, the encoder should compress the 

information of the entire sequence into a fixed-length vector, and this causes the latter 

sequence in the long sequence to overwrite the previous sequence, leading to the loss 

of information.  

After adding the attention mechanism[17], the model is shown in Fig. 9 The biggest 

difference from the previous one is that it does not require the encoder to encode all 

input information into a fixed-length vector. This avoids the problem of missing 

information in long sequences. 

 

4. Introduction to the data set 

4.1 SynthText 

The most widely used text detection data set is SynthText, which was developed by 

Gupta, A. and Vedaldi, A. and Zisserman, A. of the Visual Geometry Group of the 

Department of Engineering Science, Oxford University in 2016 at the IEEE Computer 

Vision and Pattern Recognition Conference (CVPR). The data set is generated in a 

synthetic way, and 8 million texts are manually added to 800,000 pictures. 
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4.2 COCO-Text 

The data set of ICDAR2017 Robust Reading Challenge is a real-time collection of 

pictures, and the scale is relatively large, with 63,686 samples. 

4.3 CTW data (Chinese Text in the Wild) 

CTW is a large Chinese text data set of street view pictures, which lays the foundation 

for training advanced deep learning models. Currently, the data set contains 32,285 

images and 1,018,402 Chinese characters, which is much larger than previous similar 

data sets. 

 

5. Summary 

This article introduces optical character recognition, and systematically summarizes 

the methods used in character detection and recognition. Some methods involved in 

the two stages of detection and recognition are introduced, and the structural 

characteristics, advantages and disadvantages of these methods are summarized. At 

the same time, some text data sets commonly used in the research stage are 

introduced. At present, OCR recognition technology is mainly divided into document 

recognition, bank card recognition, license plate recognition, business card recognition 

and bill recognition. 

Although there are still many problems in text recognition technology, with the in-

depth research on text recognition technology and the progress of deep learning 

technology, it will definitely be solved in the future. 
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