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[bookmark: _Toc87659747][bookmark: _GoBack]Abstract
Scene text detection and recognition is an important task in the field of computer vision. The goal of scene text detection is to locate text instances in natural scene images. The goal of scene text recognition is to convert a natural scene image containing only a single text instance into a character string that the computer can understand. Compared with traditional optical character recognition, scene text detection and recognition faces many challenges such as complex image background, changeable text styles, and poor image quality. In order to solve the above problems, this paper is mainly based on the natural scene text detection method of deep learning, and designs the natural scene text detection algorithm based on Mask R-CNN, which is mainly used to detect and recognize the English and numbers in the image. The main work of this paper is as follows: 
(1) Research the status quo of text recognition in natural scenes, and introduce three versions of Mask TextSpotter algorithm in detail.
(2) Based on Mask R-CNN, we solve the problem of text detection through instance segmentation, so that text of any shape can be detected. 
(3) This paper designs and proves that the use of pyramid attention network as the new backbone network of Mask R-CNN significantly enhances the feature expression ability of Mask R-CNN. (4) This paper verifies the proposed method on a variety of data sets to prove its robustness. The results show that the text detection and text detection on these data sets have reached more advanced performance.
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[bookmark: _Toc87659748]1. Introduction
[bookmark: _Toc87659749]1.1 Research Background and Significance

Since the undergraduate level, I have been interested in image processing, especially after deep learning has been widely used in various scenarios, I have become more interested in image processing based on deep learning. My undergraduate graduation project is handwritten digit recognition. Although the handwritten digit recognition technology is very mature now, at that time, due to my lack of relevant knowledge and experience, I still took many detours. After I kept checking the information, I finally met the requirements. More interested in text recognition. 

There is no doubt that writing is one of the most brilliant and influential creations of mankind. As a written form of human language, text makes it possible to reliably and effectively disseminate or obtain information in time and space. In this sense, the text constitutes the cornerstone of human civilization.

On the one hand, as an important tool for communication and collaboration, text plays an increasingly important role in modern society than ever before. On the other hand, the rich and precise high-level semantics contained in the text may help to understand the world around us. For example, text information can be used in various real-world applications, such as image search, instant translation, robotic navigation, and industrial automation. Therefore, automatic reading of text from the natural environment (as shown in Figure 1-1 for a schematic diagram), also known as scene text detection and recognition or PhotoOCR, has become an increasingly popular and important research topic in computer vision.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\X_CTK}HDK516(R}8%TU$V$N.png]
Figure 1-1

However, despite years of research, there may still be a series of severe challenges when detecting and recognizing text in the field. Difficulties mainly come from three aspects: First, the diversity and variability of texts in natural scenes, texts in natural environments have higher diversity and variability. Such as different languages, colors, fonts, sizes, directions and shapes. At the same time, the layout of the text may vary greatly. The second is the complexity and interference of the background: the background of the natural environment is almost unpredictable, and there may also be patterns similar to the text, such as leaves, traffic signs, fences, etc. If the text is obscured by foreign objects, it may also cause confusion and errors in detection and recognition. Finally, the imaging conditions are imperfect: when taking pictures, the text may be poorly detected and recognized due to various shooting problems such as camera shake, low resolution, overexposure, or poor angle, resulting in poor image and video quality.

Text detection refers to the process of judging the position of text and detecting characters through algorithms. Unlike traditional OCR, natural scenes are more cluttered, OCR is more regular, and there is variety of text types, formats, colors, etc.The specific challenges are divided into three categories: 1.Different sizes, languages, formats, etc.2.Disturbances, symbols, traffic lights and other structures in the background have local similarities. 3.During the imaging process, noise blurs and occludes shadows and so on. 

[bookmark: _Toc87659750]1.2 Research Status

Progress made in recent years: First of all, the latest methods are almost all based on deep learning models. Deep learning frees researchers from the tedious work of repeatedly designing and testing hand-made functions, and promotes the birth of new discoveries. Promoted the birth of new discoveries. Deep learning greatly simplifies the research process. Second, the researchers collected relevant and representative data sets for specific goals. For these data sets, researchers have built specific models to solve related problems. For example, some models are models for detecting directed text, and some are models for detecting fuzzy text. Combine these models to build a more general model. Advances in assistive technologies, such as synthetic data and boot programs, that cannot directly solve tasks, have also provided some help in text recognition.

Before the era of deep learning, most text detection methods used "connected component analysis" (CCA) or classification-based sliding window (SW). The CCA-based method first extracts candidate components through various methods (such as color clustering or extreme region extraction), and then uses manually designed rules or a classifier that automatically trains manual features to filter out non-text components (see Figure 1-2) . In the sliding window classification method, windows of different sizes slide on the input image, and whether each window is classified as a text segment/region. Those words that are classified as positive are divided into text areas through morphological operations, conditional random field (CRF) and other graph-based methods.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\N@O$1(_)S@AAP@EZQGV0O49.png]
Figure 1-2

The text detection and recognition methods before the deep learning era mainly extract low-level or intermediate-level manual image features, which require harsh and repetitive pre-processing and post-processing steps. Limited by the limited representation capabilities of hand-made functions and the complexity of the pipeline, these methods can hardly handle complex situations, such as blurred images in the ICDAR2015 data set.
The methods in recent years have the following two differences: (1) Most methods are based on deep learning models; (2) Most researchers are solving this problem from multiple angles. Deep learning-driven methods have the following advantages: Automatic feature learning can save us from designing and testing a large number of potential manual features. At the same time, researchers from different perspectives are enriching and promoting the community to carry out more in-depth work, targeting different goals, such as faster and simpler pipelines, texts with different aspect ratios, and integrated data. As we will see in this section, the combination of deep learning has completely changed the way researchers deal with tasks and has expanded the scope of research so far. The specific development trend is shown in Figure 1-3 below.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\~S$M$Z]4%P_RX22EFD2{{NA.png]
Figure 1-3

Scene text detection can be classified as general object detection. The object detection is divided into two-stage methods: a one-stage method and a two-stage method. However, the detection of scene text has different characteristics and challenges, and requires unique methods and solutions. Therefore, it is more suitable to classify these algorithms based on their characteristics, rather than using the above-mentioned dichotomy in general target detection. There are three main trends in text detection: (1) pipeline simplification, (2) predicting unit changes, and (3) specifying targets.

Pipeline simplification: Early methods have multiple pipelines. Now the process is simplified, the pipeline is shortened, the propagation of errors is reduced, and the training is simplified.
[image: C:\Users\86186\AppData\Local\Temp\1620353651(1).png]
Figure 1-4: Typical pipeline for scene text detection and recognition
(a) and (b) are representative multi-step methods. (c) and (d) are simplified pipelines. (c) Only the detection branch is included, so it is used with a separate recognition model. (d) The detection model and the recognition model are jointly trained.

The past multi-step detection transforms the text detection task into a multi-step process, such as using a convolutional neural network to predict whether each pixel in the input image (1) belongs to a character, (2) whether it is in the text area, and (3) The direction of the text around the pixel. The simplified pipeline follows a two-step pipeline, including an end-to-end trainable neural network model and a post-processing step, which is much simpler than the previous method. Inspired by object detection technology, this method modifies the region proposal and bounding box regression modules to directly locate text instances.

The main difference between text detection and conventional object detection is that the text is homogeneous as a whole and the display is partial, while conventional object detection is not. We don't have to see the entire text instance to know that it belongs to some text. So we can predict the sub-text components and then combine them into text instances. From the perspective of the granularity of text detection, there are two main levels of prediction granularity, the text instance level and the subtext level.

The text instance-level method follows the standard routines of conventional object detection. The sub-text level detection method only predicts the sub-text and merges it into the part of the text instance. This sub-text mainly includes pixel level and component level. In the pixel-level method, a dense prediction map is generated through end-to-end full convolutional neural network learning to determine whether each pixel belongs to any text instance. Then, the post-processing method groups the pixels together according to the pixels belonging to the same text instance. Component-level methods usually make predictions at medium granularity. The component refers to the actual area of ​​the text instance, sometimes containing one or more characters. The sub-text level method is more robust to the size, aspect ratio and shape of different text instances. However, in some cases, post-processing may be too cumbersome and slow. The lack of optimization steps may also hurt performance.

Most of the current models are designed for a specific purpose and used to solve specific problems. There are several aspects: Long text: Text usually has a different aspect ratio. Multi-directional text: Text detection is sensitive to rotation, skewed text is very common in the real world, and the use of traditional axis-aligned prediction boxes will contain noisy backgrounds, which will affect the performance of subsequent text recognition modules. Irregularly shaped text: The text can have a variety of shapes, such as curved text. Curved text brings new challenges, because the regular rectangular bounding box will contain a large proportion of the background and even other text instances, so it is difficult to recognize.

The input of the text recognition task is the text box picture obtained in the detection phase. It is often a word or a line of text. The traditional method divides the text recognition task into three parts: image preprocessing, character segmentation and character recognition. The second character segmentation is the most difficult. There are currently two techniques to avoid character segmentation: Connectionist Temporal Classification (CTC) and Attention mechanism.
CTC solves the problem of loss function construction for indefinite long-term sequences by calculating the conditional probability P (L∣Y), where Y=,…，, which represents the prediction of each frame of the RNN, and L is the label sequence. The attention mechanism was first proposed to improve the performance of neural machine translation systems, and it has been developed in many machine learning application fields including scene text recognition.

In the past, text detection and recognition were usually converted into two separate sub-problems, which were combined to perform the operation of reading text from an image. Recently, many end-to-end text detection and recognition systems (also called text discovery systems) have been proposed. A major disadvantage of the two-step method is that error propagation between the detection model and the recognition model can lead to unsatisfactory performance. Recently, end-to-end training of the network can solve this problem.

Assistive technology also played an important role in solving the task. (1) Synthetic data. Most deep learning models require sufficient data. Only when sufficient data is available can its performance be guaranteed. Data labeling is time-consuming and laborious work, so data generation becomes very meaningful. There have been works that have produced relatively high-quality data, and it has been widely used in pre-training models to improve performance. (2) Bootstrapping. Weakly supervised learning, when the amount of labeled data is small, the labeled data set is expanded through the unlabeled data set. Weakly supervised labels are divided into word-box level and character level. (3) Deblurring of text. In essence, text detection and recognition are more sensitive to blur than conventional object detection. (4) Context information. Another way to make more accurate predictions is to consider contextual information. Intuitively, we know that text only appears on certain surfaces, such as billboards, books, etc. The text is unlikely to appear on the faces of people or animals.

[bookmark: _Toc87659751]1.3 Main Research Content

Based on the natural scene reading method of deep learning, this paper designs an end-to-end natural scene text recognition algorithm, which is mainly used to detect and recognize English and numbers in images. The main work of this paper is as follows: 
1. Based on Mask R-CNN, we solve the problem of text detection through instance segmentation, so that text of any shape can be detected. 
2. This paper designs and proves that the use of Pyramid Attention Network (PAN) as the new backbone network of Mask R-CNN significantly enhances the feature expression ability of Mask R-CNN. 
3. Mask Reader is the first text framework that can be fully end-to-end training. It has a simple and smooth training scheme, so its detection model and recognition model fully benefit from feature sharing and joint optimization. Different from the previous positioning method that only deals with horizontal or directional text, this method can position text of any shape, including horizontal, directional and curved text. 
4. In addition, this paper also proposes a spatial attention module to improve the performance and versatility of the system. Since the proposed two-dimensional representation is used in both detection and recognition, it can conveniently handle irregularly shaped text instances, such as curved text. 
5. This paper verifies the proposed method on a variety of data sets to prove its robustness. The results show that the text detection and text detection on these data sets have reached more advanced performance.

[bookmark: _Toc87659752]2. Literature Review
[bookmark: _Toc87659753]2.1 Scene Text Detection

The more classic methods for text detection in natural scenes are: texture-based methods, component-based methods, and hybrid methods.

Texture-based approach: The process of using computer vision technology to process images can essentially be regarded as a pattern recognition of images, and the processing of text is no exception. Therefore, the computer can find the special texture of processing text through design rules. However, this method requires an exhaustive list of regions in the image, so a large number of regions overlap, and the calculation cost is relatively high. At the same time, due to the pertinence of the design of the rules, the texture-based method [3-5] is not ideal in generalization performance.

Method based on unicom component: As shown in Figure 1-5, there are two classic algorithms based on the Unicom component method: SWT[6] and MSER[7]. This method uses artificial design rules or automatically trained classifiers to filter non-text areas. Due to the exclusion of a large number of non-text areas.
[image: ]
Figure 1-5 Classic algorithm based on unicom components
Hybrid approach: The texture-based algorithm has good stability but high computational cost, while the China Unicom component-based algorithm has good performance but poor robustness. Therefore, the basic idea of the hybrid method is to combine the advantages of the above two algorithms to obtain higher algorithm performance. The basic algorithm flow is to first use the idea of Unicom-based components to generate candidate text areas, and then use texture-based methods to remove non-text areas. Among them, the method of obtaining candidate text regions can choose to use edge detection extraction or multi-scale probability map, etc., and the texture method of removing non-text regions is based on conditional random field models. Although the hybrid method combines the advantages of the two algorithms, it still cannot detect non-horizontal text.

[bookmark: _Toc87659754]2.2 Scene Text Recognition

Scene text recognition is also the same as scene text detection, which is affected by the complex background, text shape, text color and text font in the scene picture. Text recognition is a sequence recognition task, not a classification task. The input of text recognition is a picture that only contains text, and the output is a line of text or a word, and the length of the output is not fixed. In recent years, many methods of scene text have been proposed. These methods can be roughly divided into two categories: methods based on character recognition and methods based on whole word recognition.

(1) Method based on character recognition  
The core of the character-based recognition method is character recognition, which recognizes each character in an image by using a character classifier, and after stitching the obtained characters, the characters contained in the image are obtained. Wang and others refer to the target detection algorithm and combine the confidence and spatial constraints to perform character detection and recognition. However, this method is limited to text images in the horizontal direction. Yao adopted a clustering method to cluster similar image blocks to learn middle-level stroke features, and then use the Hough voting method for character detection. Alsharif and Bissacco et al. used character classifiers, unsupervised binary classification algorithms or supervised classification algorithms to divide text images into candidate character regions. Among them, Alsharif [15] proposed a multi-task convolutional neural network, which includes character segmentation, character adjustment and character recognition tasks, and combined with the hidden Markov model to obtain the text in the picture. Bissacco proposed a classifier based on Hough features. This method first calculates the scores of the segmentation results, then uses the Beam search algorithm based on the N-gram language model to obtain the character set, and finally uses the text language model and text shape model. The two models rearrange the resulting character combinations to generate the final result. Jaderberg combined three different classifiers, including three classifiers that distinguish between text and background, a character classifier and a binary language model classifier. The pictures to be recognized are scanned to recognize characters, and finally based on The own dictionary analyzes the text in the picture.

(2) Method based on whole word recognition 
Mishra and Novikova also adopted character classifiers, the difference is that they used a graph model to model words, and then derive complete words based on this model. Goel first generates feature maps of all words in the range of a fixed dictionary, then extracts features from the images to be processed to obtain their feature maps, and finally compares the feature maps of the pictures with the feature maps of the words, and then uses the dynamic k-nearest neighbor algorithm to select the closest word feature map to find the word that matches the picture. Rodriguez-Serrano combines the integrated Fisher vector and support vector machine framework to recognize words by constructing the relationship between pictures and words. Almazdn made an in-depth study on word encoding based on the method proposed by Godo. The main core idea of ​​this method is to construct a coding space for pictures and words. Godfelllow et al. used deep neural networks to extract features from the images to be processed, and then used several position-sensitive character-level classifiers to recognize the features. Jaderberg made slight changes to the above model, canceled the classifier that predicts the length of the character, and introduced a terminator to indicate the end of the text.

[bookmark: _Toc87659755]3. Research Methods
[bookmark: _Toc87659756]3.1 Mask TextSpotter v1

The whole consists of two parts: a detection part based on instance segmentation and a recognition part based on character segmentation. The Backbone part is ResNet-50+FPN. First, the RPN gets the proposals, and then the RoIAlign features are sent to the fast rcnn branch and the mask branch respectively. The former gets the precise text box, and the latter gets the text instance segmentation map and the character instance segmentation map, and then These two segmentation maps are used to recognize text.

[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\G8VX5V5LMZ%1)EX3]]Z`CTC.png]
Figure 3-1 Overall structure of Mask TextSpotter v1

Mask branch, as shown in the figure 3-2, this branch includes four convolutional layers and one deconvolutional layer. The input size is fixed to the RoI feature of 16×64, and 38 maps (32×128 in size) are predicted, including the global text instance map, 36 character map and character background map. The global text instance map can accurately locate the text area, regardless of the shape of the text instance. 36-character map, including 26 letters and 10 Arabic numerals. The post-processing also requires a character background map that does not include the character area.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\`EZ{U$[C2L4J9CYS56WXA]L.png]
Figure 3-2 Mask branch

For the detection branch: first convert the polygon into a horizontal rectangle and cover the polygon with the smallest area. Then generate targets for RPN and Fast R-CNN according to [fast r-cnn, fpn, faster r-cnn]. For the mask branch, there are two types of target maps that need to be generated, namely, a global map for text instance segmentation and a character map for character semantic segmentation (may not be, and it cannot be generated if the data set is not provided). Given a positive proposal-r, first use the matching mechanism of [[fast r-cnn, fpn, faster r-cnn] to obtain the best matching horizontal rectangle. You can further get the corresponding polygons and characters (if any). Next, move and resize the matching polygon and character frame to align the proposal with the target map of size H×W, as shown in the following formula:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\_CZJ565KSWXNF6TIKAXKGCK.png]
Among them, (,) and (,) are the updated vertices and original vertices of the polygon and all character frames,（，）is the vertex of proposal-r. Then, draw a normalized polygon on the mask initialized to zero and fill the polygon area with a value of 1, to generate a target global map. For generating the target character map, firstly, by fixing the center point of the character bounding box and shortening the edge to a quarter of the original edge, all the character bounding boxes are reduced. Then, the pixel value in the bounding box of the contracted character is set to the corresponding category index, and the pixel value outside the bounding box of the contracted character is set to 0. If there is no character bounding box annotation, all values are set to -1.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\I}E6[V20YXP$UDCW`~62]8S.png]
Figure 3-3 Label Generation

The picture is input into the basic network to extract features, and then sent to fast r-cnn to get the text prediction box, and then after NMS, the remaining boxes are sent to the mask branch to generate global mapping and character mapping; finally, by calculating the outline of the text area on the global map, The predicted polygon is directly obtained, and the character sequence is generated using the character map pixel voting algorithm proposed in this paper.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\H5]%W[H$J)YNV2TKJ8CAH$2.png]
Figure 3-4 Pixel voting algorithm
Left: predicted character mapping; right: for each connected area, the score of each character is calculated by averaging the probability value in the corresponding area.

[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\XFU%T0B%4DM(U@J)0%6((HD.png]
Specifically, first, the background image B is binarized, the value of which is from 0 to 255, and the threshold is 192. Then get all the character areas according to the connection area R in the binarization map. Then calculate the average value of each connected region of all character maps C. These average values can be regarded as the character class probability of the region. The character class with the largest average value will be assigned to this area. Then, according to English writing habits, group all the characters from left to right.

The edit distance can be used to find the best matching word of the predicted sequence in a given lexicon. However, at the same time, there may be multiple words that match the minimum edit distance, and the algorithm cannot determine which one is the best. The main reason for the above problem is that the cost of all operations (delete, insert, and replace) in the original edit distance algorithm is the same, which is actually meaningless.

[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\I{AAU7{25[5R55EE5B0D6%M.png]
Figure 3-5 Weighted distance algorithm
This method proposes a weighted edit distance algorithm. As shown in the figure above, unlike the edit distance that assigns the same cost to different operations, the cost of the weighted edit distance proposed by this method depends on the character probability  generated by pixel voting. Mathematically, the weighted edit distance between two strings a and b with lengths |a| and |b| can be described as  (|a|,|b|), where:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\TNQ1ADU}`Y}@933Y$5G89{O.png]
In the formula, ​ is the indicator function, when  is equal to 0, otherwise equal to 1;  is the distance between the first i characters of a and the first j characters of b;  and  and  is the cost of deletion, insertion, and replacement, respectively.

Data set: SynthText, ICDAR2013, ICDAR2015, Total-Text. The entire training consists of two steps: first perform pre-training on SynthText, and then perform finetune on the real data set. In the pre-training phase: batch_size is 8, the short sides of all training images are scaled to 800 while maintaining the aspect ratio of the original image . The batch_size of RPN is 256, and the batch_size of Fast RCNN is 512. Both inputs maintain a 1:3 ratio of positive and negative samples. The batch_size of the Mask branch is 16. In the finetune stage, data augmentation and multi-scale training will be used (shorten the short side of the picture to 600, 800, 1000). The batch_size of RPN and Fast RCNN is the same as that of the pre-training phase, and the batch_size of the mask branch is set to 64. SGD optimizer is used (decay is 0.0001, moment is 0.9). In the pre-training stage, the initial learning rate of the first 170 iterations is 0.005, and the learning rate is reduced by 10 times after the 120k iteration; in the fine-tuning stage, the initial learning rate is 0.001, and the learning rate is 0.0001 after the 40k iteration. The training is terminated after the 80k iteration. The source code of the whole experiment is caffe2, GPU model is Titan Xp, parallel training, single GPU for testing. For a 720P input picture, the detection speed is 6.9FPS.

Recognition results on ICDAR2013:
[image: preview]

Recognition results on ICDAR2015:
[image: preview]




Test results on ICDAR2013 and ICDAR2015:
[image: https://pic2.zhimg.com/80/v2-f94d9895ea69f1c36855046b3ea8e359_720w.jpg]

The detection result of the curve text in TotalText:
[image: https://pic2.zhimg.com/80/v2-5d1252fe23a6025c6659b7dea9832559_720w.jpg]

[bookmark: _Toc87659757]3.2 Mask TextSpotter v2

The main contribution of the version2 is to apply spatial attention to the recognition part, so the spatial attention part is mainly introduced. Character segmentation has some limitations: First, character segmentation requires character-level annotations to supervise training. Secondly, a specially designed post-processing algorithm is needed to generate text sequences from the segmentation map. Third, the order of characters cannot be obtained from the segmentation map.

Although characters can be combined into text sequences through some rules, the versatility is still limited. To overcome these limitations, this version introduces a spatial attention module (SAM) to decode text sequences from feature maps in an end-to-end manner. Different from the previous method, the former first encodes the feature map into a one-dimensional feature sequence and then decodes it. SAM directly decodes the two-dimensional feature map to better represent various shapes.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\S%[}`GX57K]9W[(D])S)]4A.png]
Figure 3-6 SAM
The two modules (character segmentation and spatial attention) in the figure can both provide recognition results and their confidence, and then dynamically select the higher confidence as the final recognition result. The solid arrows represent the steps in the training and inference phase; the dotted arrows only represent the steps in the inference phase. The entire process of SAM is shown in Figure 3-6 above. First, the given feature map is adjusted to a fixed shape through bilinear interpolation. The feature map can be the RoI feature in Mask TextSpotter or the backbone feature map in the independent recognition model. Then, the convolutional layer, the maximum pooling layer, and the convolutional layer are sequentially executed. Finally, the spatial attention of RNNs is used to generate text sequences.

Since the transform operator of SAM is not sensitive to position, position embedding is adopted, and position embedding is added to the last convolutional layer. The shape of the location embedding feature map  is , and, and are set to 32 and 8, the position embedding feature map calculation method is:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\YLR{XT(KAF`[%)A1GP8S(U8.png]
Where onehot(i,K) represents a vector V of length K, where the value of the element with index i is set to 1, and the remaining values are set to 0. Concat the location embedding feature map with the original input feature map. The shape of the stitched feature map F is (C+,,), C is the number of channels of the original input feature map (256).
The attention mechanism extends it to a more general form, which is to learn attention weights in a two-dimensional space. Suppose it iterates T steps to predict a character sequence . In step t, there are three inputs: (1) The aforementioned input feature mapping-F (2) The last hidden state  (3) The last predicted character class .
First, extend the vector  to the feature map  of shape (V,,) by copying, V is the hidden size of the RNN, set to 256:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\3Z%{O3UJEJ0A]$J]N`I1%9C.png]
Then calculate the attention weight  as follows:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\ZC[}%]`HPVG})8)66ECEKQE.png]
In the formula, the shape of  and  is (,),、、 and b is the trainable weight and bias.
Next, the glimpse  of the t-th step can be obtained by applying the attention weight to the original feature map F:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\KLQ8%~{%B]JXA@3_]XE3QQY.png]
The input  of RNN is embedded and spliced by glimpse ​ and the last predicted character class :
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\3RR0[W799]ZNGFMIOEA9QB7.png]
Where  and  are the trainable weights and biases of the linear transformation.  is the number of classes in the sequence decoder, set to 37, including 36 alphanumeric characters and 1 sequence end symbol. Then the input  of the RNN and the last hidden state  of the RNN are sent to the RNN unit:
Finally, calculate the conditional probability of step t through a linear transformation and a softmax function:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\2XC6FI_YNOF@$N@H4MYI[7N.png]

[bookmark: _Toc87659758]3.3 Mask TextSpotter v3
The main work of V3 is to propose the SPN module to replace RPN to generate proposals. SPN is not based on Anchor, but based on segmentation mask, so it is more accurate and can handle extreme aspect ratio and irregular text instances. The precise proposal can use the mask ROI feature to separate adjacent text instances, so that the recognition accuracy is not affected by nearby text or noise. So here is the SPN.

[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\6EVEFE%4_T[JU0E]K](HRK4.png]
Figure 3-7 SPN structure
SPN uses U-Net network structure (robust to scale) to extract features, and then combines features of different levels to obtain F, then generates proposals, then uses Hard RoI masking to extract proposal features, and finally sends them to the recognition network for recognition.


In order to separate adjacent text instances, the Vatti cropping algorithm is used to reduce the text area by cropping pixel d. The offset of pixel d is defined as, A and L respectively represent the area and perimeter of the text area, and r is the shrinkage rate. Here is an example:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\990_7N5V_9EUY9]5AB)(2CA.png]
Figure 3-8 Example
Left: The red and green polygons are the original annotation and the contracted area, respectively. Right: Segment labels; black and white represent the values of 0 and 1, respectively.

Proposal generation：Given a text segmentation graph S, the value range is between [0,1], and then first binarize S into a binary graph B:
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\)ZP(EC@[`T3]RIJB%FX70(P.png]
i and j are the index of the graph, t is set to 0.5, and the obtained B is the same size as S.

Then group the connection areas in B. These connected areas can be regarded as shrinking text areas, because the text segment labels are contracted, and then the Vatti clipping algorithm is used to expand them to the area before the contraction by canceling the clipping pixels.

Hard RoI masking：Since the custom RoI Align operator only supports axis-aligned rectangular bounding boxes, this method uses the smallest, axis-aligned rectangular bounding box of the polygon proposal to generate RoI features to maintain the simplicity of the RoI Align operation.
Qin et al. multiply the mask probability map with the RoI feature to obtain the RoI mask, but its mask probability map is generated by mask rcnn, which is not accurate enough. A proposal may contain multiple text instances. The proposal in this article is an accurate polygon, so RoI features can be extracted from the proposal through Hard RoI masking. Hard RoI masking multiplies the binary polygon mask with the RoI feature to suppress background noise or adjacent text instances. The polygon mask M represents an axis-aligned rectangular binary image, where all values in the polygon area are 1, outside the polygon area All values of is 0.
Assuming that  is a RoI feature and M is a polygonal mask with a size of 32×32, the masked RoI feature R can be calculated as, where ∗ represents element-wise multiplication. By filling 1 in the polygon proposal area and setting the value outside the polygon to 0, M can be easily generated. The use of masked RoI features suppresses background areas or adjacent text instances, reducing detection and recognition errors.
SPN uses DICE Loss，assuming that S and G are the segmentation graph and the target graph, the segmentation loss  can be calculated as :
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\67R}3`34NH%YRV6R5SHC8_5.png]
Among them, I and U represent the intersection and union of the two mappings, and * represents element-wise multiplication.


























[bookmark: _Toc87659759]4. Design and Implementation
Based on the natural scene reading method of deep learning, this paper designs an end-to-end natural scene text recognition algorithm, which is mainly used to detect and recognize English and numbers in images. This chapter introduces the related algorithms of Mask R-CNN.

[bookmark: _Toc87659760]4.1 Deep residual network
Since the deeper the neural network, the more difficult it is to train, He et al. proposed a residual learning framework to simplify network training that is deeper than the previously used network. Resnet won the 2015 Imagenet competition champion. The main innovation lies in the design of a residual structure using skip connections, which enables the network to reach a deeper level and improve performance.

As the number of layers increases, the neural network exhibits degradation problems, as shown in Figure 2-1. That is, the performance of the deep network is not as good as that of the shallow network, which is not caused by overfitting. Traditional convolutional networks or fully connected networks will have problems such as information loss when transmitting information. At the same time, it will cause the gradient to disappear or explode, making the deep network unable to train. Therefore, if the neural network can easily realize the equivalent mapping between layers, that is, the input of a block is equal to the output of this block, then the deeper network should not have more serious degradation problems than the shallower network. Therefore, He et al. designed a jump-connect structure to make the network have stronger feature mapping capabilities, thereby expanding the depth of the network and improving the performance of the network.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\JV)]I9LP8EU}[6K})JKMJOA.png]
Figure 4-1 The error of the 20-layer and 56-layer network on CIFAR-10
The residual module solves the above-mentioned problems to a certain extent by bypassing the input information directly to the output, and protects the integrity of the information. The entire network only needs to learn the difference between input and output, which can simplify learning goals and difficulties.

The residual learning module passes the input directly to the output. The input is used as part of the unit mapping, and the learnable convolutional neural network is used as the other part, as shown in Figure 3-2 below. The input data passes through two paths, one is a direct connection path to achieve unit mapping, this path is called Shortcut, and the other is similar to a normal network through two convolutional layers and then passed to the output. The advantage of this approach is that if the previous layer has reached a good data level, the shortcut method can be used to retain the input information to a certain extent when constructing the basic components.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\8`{CYF83T@]WV[8AHU}%@YY.png]
Figure 4-3 Residual learning unit
Experiments show that the residual module solves the problem of network degradation well and allows the number of effectively trained network layers to be further increased. If the input and output mappings of the modules in the network are regarded as y=F(x), then directly calculating F(x) through the gradient method will face the problem of network performance degradation. By using this method of accessing shortcuts, the optimization goal of the variable parameter part is no longer F (x). As shown in Figure 4-2, use R (x) to represent the part that needs to be optimized, then F(x)=R(x)+x, R(x)=F(x)-x. In the unit mapping assumption, y=x is equivalent to the observed value, so R (x) corresponds to the residual, so it is called the residual network. As shown in Figure 4-3, the residual network has a different depth structure.
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Figure 4-3 Residual networks of different depths
[bookmark: _Toc87659761]4.2 Feature Pyramid Network
The feature pyramid network is a method that uses conventional CNN models to effectively extract features of various sizes in images, and it can be said to be an enhanced version of CNN. By taking enlarged or reduced images of different dimensions as input, multi-dimensional object detection can always generate feature combinations that reflect information of different dimensions. FPN can effectively express different size features on images. However, FPN cannot be widely used, but can only be used in limited areas. The main reason is that FPN has very high requirements for the processing speed of software and hardware and the size of the memory.

FPN is a bottom-up method to generate multi-dimensional feature representations of images of different scales based on the traditional CNN model. It can effectively improve the traditional CNN model and generate more expressive feature maps for computer vision tasks such as target detection and semantic segmentation in the next stage. FPN is a method to enhance the feature expression of the backbone network CNN. FPN uses the information of each layer of the CNN network to generate the final expression feature combination. Figure 4-4 is the basic architecture of FPN. We can see that FPN processes the feature output of each CNN layer of the network model to generate features that reflect dimensional information. There is also a correlation between the features generated by top-down processing, and the upper-level features will affect the lower-level feature representation. Finally, in the next step, all the work is used as input for tasks such as object detection or category analysis.
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Figure 4-4 FPN structure diagram
FPN has three basic processes: the bottom-up path is the bottom-up dimension generation; the top-down path is the top-down function enhancement; the correlation between the CNN network layer function and the final output dimension function expression. When processing each layer of information, the upper layer of the high-level information is called its input, and you only need to enlarge the upper layer feature map, and then wisely add elements to the feature map of that layer. The feature elements of the CNN network layer are related to the expression between each output layer. Using 1X1 convolution can produce better output characteristics, and it can also reduce the number of channels in the middle layer. Finally, these 1X1 convolutions allow us to output the same number of channels for each feature map of different dimensions. Different from traditional feature fusion, the FPN algorithm can simultaneously use the high-level semantics of low-level features and the high-level semantics of high-level features to achieve prediction effects by mixing features of different levels, and predict each fusion feature layer separately.
[bookmark: _Toc87659762]4.3 Region Proposal Network
The RPN takes a picture of any scale as input and outputs a series of rectangular candidate targets, each with an objectness score. In order to generate candidate regions, slide a mini network on the feature map obtained by convolution, such as As shown in Figure 4-5, this feature map is the output of the last shared convolutional layer. This mini network needs to use an n*n window for the input feature map. Each sliding window is mapped to a low-dimensional feature, which is input to two parallel fully connected layers, one is the box-regression layer and the other is the box-classification layer. Note that since the mini network operates in a sliding window mode, the fully connected layer is shared in all spatial locations. This architecture is implemented with an n*n convolutional layer, followed by two 1*1 parallel convolutional layers (reg and cls respectively).
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Figure 4-5 RPN principle diagram
At each sliding window position, RPN predicts multiple candidate regions at the same time, where the maximum possible number of candidates at each position is denoted as k. So the reg layer has 4k outputs to encode the coordinates of k boxes, and the cls layer outputs 2k scores to evaluate the probability of each candidate area being the target or not. These k candidate regions are the parameterization of k reference frames, and these are called anchors. Anchors are located in a sliding window and are associated with scale and aspect ratio. By default, 3 scales and 3 aspect ratios are used, and k=9 anchors are generated at each sliding position. For a W*H size convolution characteristic map (usually 2400), there is a total of W*H*k Anchors.

[bookmark: _Toc87659763]4.4 Natural Scene Text Detection and Recognition Algorithm Based on Mask R-CNN
Through the study of the above theories and related methods, this paper proposes an end-to-end trainable text reading method Mask Reader. Mask Reader: The overall structure is shown in Figure 4-8. Functionally, the framework includes four components: a feature pyramid network as the backbone, a candidate area network for generating text proposals, Fast R-CNN for bounding box regression, and text instance segmentation, character segmentation, and text Mask branch of sequence recognition.

The specific process is that for the input image, we first use FPN to extract the features of the image, and then generate the candidate region from the RPN, and then input the RoI feature of the candidate region into the Fast R-CNN branch and the Mask branch to generate accurate text candidates Boxes, text instance segmentation diagrams, character segmentation diagrams and text sequences. The text in natural images varies in size. In order to construct high-level semantic feature maps of various scales, this design uses an FPN backbone with ResNet50.
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Figure 4-8 The overall structure of the algorithm
RPN is used to generate text candidate regions for the subsequent Fast R-CNN and Mask branches. RPN can handle text of various sizes and aspect ratios. After FPN, we allocate anchors in different stages according to the size of the anchors. Specifically, in the five stages {P2, P3, P4, P5, P6}, the area of ​​the anchors is set to[image: https://img-blog.csdnimg.cn/20190314190215275.png]pixels, respectively. As in Faster R-CNN, each stage also uses a different aspect ratio {0.5,1,2}. In this way, RPN can handle text of various sizes and aspect ratios. RoI Align is suitable for extracting the regional features of the proposal. Compared with RoI Pooling, RoI Align retains more accurate positioning information, which is very beneficial for segmentation tasks in the Mask branch.

The Fast R-CNN branch includes a classification task and a regression task. The main function of this branch is to provide an accurate bounding box for detection. The input of Fast R-CNN is 7x7 resolution, which is generated by RoI Align according to the candidate area of ​​RPN. The Mask branch plays a role in detecting and recognizing text of arbitrary shape. There are three tasks in the Mask branch, including text instance segmentation task, character segmentation task and text sequence recognition task.

As shown in Figure 4-8, in the Mask branch, through four convolutional layers with 3X3 filters and a deconvolution layer with 2X2 filters and strides, an input RoI feature with a fixed size of 16X64 is given. , These features are input into two modules. The convolutional layer generates a single-channel text instance segmentation map. Regardless of the shape of the text instance, the convolutional layer can give precise positioning of the text area. In the character segmentation module, the character segmentation map is directly generated from the shared feature map. The shape of the output character map is Ns×32×128, where Ns represents the number of classes, set to 37, including 36 alphabetic and numeric characters and 1 background character.

Next, use PAN to replace FPN on this basis. As shown in Figure 4-9, the improved Mask R-CNN text detection network consists of 4 parts.
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Figure 4-9 Text detector architecture based on Mask R-CNN
The text detection network based on Mask R-CNN consists of four modules: PAN feature pyramid backbone The network is responsible for calculating multi-scale convolutional feature pyramids on the entire image; the network that generates rectangular text candidate regions; the Faster R-CNN detector, which classifies the extracted candidate boxes and outputs the corresponding quadrilateral bounding boxes; Mask prediction network, uses The text mask used to predict the input candidate area.

Li et al. proposed a pyramid attention network, which combines attention mechanism and spatial pyramid to extract precise dense features for semantic segmentation tasks. It is mainly composed of two modules: feature pyramid attention module and global attention upsampling module. The FPA module performs spatial pyramid attention on high-level features and combines with global pools to learn better high-level feature representations. The GAU module is attached to each decoder layer to provide a global context as a guide for low-level functions to select category localization details. Thanks to these ingenious designs, PAN has achieved the most advanced segmentation performance in the VOC2012 and Cityscapes benchmark tasks. Inspired by this, we use PAN as a new backbone network to improve the feature expression learning ability of the Mask R-CNN-based text detection model.

In this article, we will build PAN on top of ResNet50 and ResNeXt50. As shown in Figure 4-10, the FPA module we use takes the output features of the Res-4 layer in ResNet50 or ResNeXt50 as input, and performs 3X3 dilated convolution with sampling rates of 3, 6, and 12 on it, for better To extract contextual information. Then connect these three feature maps and reduce the size through a 1X1 convolutional layer. After that, FPA further performs 1×1 convolution on the features of the input Res-4, and its output is multiplied by the above-mentioned context features in a pixel manner. The extracted features are added together with the output features of the global pool branch to obtain the final pyramid attention feature.
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Figure 4-10 FPA module of PAN
As shown in Figure 4-11, the GAU module performs 3X3 convolution on low-level features to reduce the channels of feature maps from CNN. Through the above FPA and GAU modules, a powerful function pyramid with three levels has been constructed, namely P2, P3 and P4, with strides of 4, 8 and 16, respectively. The overall PAN architecture is shown in Figure 4-12.
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Figure 4-11 GAU module of PAN
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Figure 4-12 PAN architecture
Three RPNs are connected to P2, P3, and P4, and each RPN densely slides a small network on the corresponding pyramid level to perform text/non-text classification and bounding box regression. The small network is implemented as a 3X3 convolutional layer, followed by two 1X1 convolutional layers, which are used to predict the text score and the position of the rectangular bounding box. Since the size and aspect ratio variability of the scene text instance is wider than the general object, a set of complex anchors are designed later.

By using 6 vertical and horizontal L daggers {0.2,0.5,1.0,2.0,4.0,8.0} and one of {32,64,128}, each slide on each pyramid level in {P2,P3,P4} The location is designed with 6 anchors. Aggregate the detection results of all three RPNs to construct a set of candidate regions {D}. Then, use the standard non-maximum suppression algorithm with an IoU threshold of 0.7, which is used to delete redundant candidate boxes in {D}, and select the first N candidates for the subsequent Fast R-CNN and mask prediction network Regional score. N is set to 20000 in both training and testing phases.

After the candidate region generation step, efficiently extracting effective features for each candidate region is a critical step for the performance of Fast R-CNN and Mask prediction network. In the original Fast R-CNN, all candidate features are extracted from the last convolutional layer of the backbone network, which will lead to insufficient functions of small proposals. In recent FPN, candidate features are extracted from different pyramid levels according to their sizes, that is, features of small proposals are extracted from low-level pyramid levels, and large proposals are extracted from high-level pyramid levels. Although more effective, there is still room for further improvement. Since the functions of the P2 and P3 levels have higher resolution and contain more detailed information, this information is complementary to the more abstract but low-resolution functions of the P4 level, so these three pyramid levels can be directly combined to improve Functional representation ability.

In order to achieve this goal, the idea of ION is borrowed and a Skip-RoI Align method is proposed to merge P2, P3 and P4 levels. Specifically, for each candidate frame, apply ROI Align on the P2, P3 and P4 pyramid levels respectively, and extract three feature descriptors with a fixed space size of 7×7, which are connected and used 1×1 convolutional layer Reduce the size to obtain the ultimate return on investment function. These ROI features are then fed into the web header for text/non-text classification, quadrilateral bounding box regression and mask prediction. The details of the network header are shown in Figure 4-13. The head includes the 5th level of ResNet50 or ResNeXt50, which is shared by Fast R-CNN and Mask prediction network.

The ROI function is first fed into the 5th stage of ResNet50 or ResneXt50, and its output function is shared by Fast R-CNN and Mask prediction network. Then, for Fast R-CNN, the output features are globally averaged and merged before the final text/non-text classification and quadrilateral bounding box regression layer, while for the Mask prediction network, the output features are followed by four consecutive 3X3 convolutions. Before the final Mask prediction layer, it is then upsampled. The numbers indicate spatial resolution and channels.
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Figure 4-13 The architecture of Fast R-CNN and Mask prediction network

[bookmark: _Toc87659764]4.5 implement
The input RoIs of the Mask branch is different from the training process of RPN. In the test phase, since the output of Fast R-CNN is more accurate, this article uses the output of Fast R-CNN as a candidate box to generate predicted text instance images, character images and text sequence.

More specifically, the test process is as follows: First, input a test image to get the output image of Fast R-CNN, and then NMS filters out the redundant candidate frames; then, feed back the reserved scheme to the Mask branch to generate text instance diagrams , Character map and text sequence; finally, by calculating the contour of the text area on the text instance map, the predicted polygon can be directly obtained. In addition, the text sequence can be obtained by decoding the character segmentation map and the output of the SAM. In addition, when testing with a dictionary, a weighted edit distance algorithm is proposed to get the best matching words.

In order to decode the predicted character image into a character sequence, this paper uses a pixel voting algorithm. First, the background image is binarized, the value is from 0 to 1, and the threshold is 0.75; then all the character areas are obtained according to the connection area in the binarization image; the average value of each area of all the character images is calculated; the average value can be seen The character classification probability of the region is the character classification probability, which can be regarded as the confidence level of the character, and the character class with the largest average value will be assigned to the region. The specific process is shown in Algorithm 1. Then, group all characters from left to right according to English writing habits. The visualization pipeline of the pixel voting algorithm is shown in Figure 4-14, using the original image cropping to represent the corresponding RoI features for better visualization.

There are two decoding schemes for SAM to produce the final text sequence. One is the greedy decoding strategy, which selects the category with the highest probability in each step. The other is the beam search scheme, which maintains the first k probabilities in each step. According to the foregoing, this article adopts the beam search scheme and sets k to 6. Since there are two recognition results, we can combine them to improve accuracy. The confidence score of the character segmentation module is the average of the confidence scores of all characters mentioned in Algorithm 1, and the confidence of the SAM is the average of the character probabilities. Obviously, we dynamically select the recognition results with higher confidence.
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Figure 4-14 Schematic diagram of pixel voting algorithm
Comprehensive data set: SynthText is a comprehensive data set containing approximately 800,000 images. There are a large number of multi-directional text examples, which use character-level rotating bounding boxes and text sequences for annotation. All samples in this data set are used to train Mask Reader and independent recognition models. For an independent recognition model, the training samples are obtained by cropping the text area of the entire image. Synth90k is a synthetic data set for scene text recognition. It consists of 9 million pictures and covers 90,000 ordinary English words. Each image is marked with a basic ground truth, without character-level annotations.

Data set for detection and end-to-end recognition: ICDAR2013 is a data set proposed in the challenge of the ICDAR 2013 reading competition, which focuses on horizontal text detection and recognition in natural images. There are 229 images in the training set and 233 images in the test set. In addition, borders and transcriptions are provided for each word-level and character-level text instance. ICDAR2015 was proposed in the reading competition. Compared with ICDAR2013, which focuses on "focusing on text" under certain circumstances, ICDAR2015 pays more attention to the detection and recognition of occasional scene text. It contains 1000 training samples and 500 test images. All training images are annotated with word-level quadrilaterals and corresponding transcriptions. Total-Text is a comprehensive scene text data set. In addition to horizontal text and directional text, Total-Text also contains many curved texts. The entire text contains 1255 training images and 300 test images. All images are annotated with polygons and transcriptions at the word level. MLT is a multilingual scene text data set proposed in ICDAR 2017. It consists of 7200 training images, 1800 verification images and 9000 test images.

The whole training process consists of two stages: pre-training on SynthText and fine-tuning on real data. Set the mini-batch of all experiments to 8. The batch size of RPN and Fast R-CNN is set to 256 and 512 per image, and the positive/negative sampling ratio is 1:3. The batch size of the Mask branch is 64. In the precise adjustment stage, due to the lack of real samples, data enhancement and multi-scale training are used. Specifically, in order to increase the amount of data, the input picture is randomly rotated within a certain angle range.

In each training iteration of RPN, we sample a batch of 128 positive anchors and 128 negative anchors for each RPN. If the anchor has the highest IoU for a given ground truth bounding box or for any ground truth bounding box with an IoU greater than 0.7, assign a positive label to the anchor; if for all ground truth, its IoU overlap is less than 0.3, then it is It assigns a negative label ground truth bounding box.

For Fast R-CNN, we sample a small batch of 64 positive text and 192 negative text candidate regions in each iteration. If the IoU of the candidate region exceeds 0.5 and has any ground truth bounding box, then it is assigned a positive label, otherwise it is assigned a negative label. In order to improve efficiency, IoU overlaps between the candidate area and the ground truth box, using their axisymmetric rectangular bounding box to calculate. Only the candidate regions with positive labels are used to train the Mask prediction network.

We evaluate our proposed method on several standard benchmark tasks, including ICDAR-2015 and ICDAR2017 ML,T 2017 for multi-directional text detection, and SCUT-CTW 1500 for curved text detection. The text instance is marked with the quadrilateral bounding box in the first two data sets at the character level and 14 coordinate points in SCUT-CTW 1500 at the text line level.

ICDAR2017 MLT is designed for the multilingual scene text detection and script recognition challenges in the ICDAR-2017 Robust Reading Competition, including 9 languages: Chinese, Japanese, Korean, English, French, Arabic, Italian, German and Indian Arts. It contains 7,200, 1,800 and 9,000 images, which are used for training, verification, and testing, respectively.

ICDAR-2015 is specially created for the occasional scene text challenge in the ICD AR-2015 Robust Reading Competition, which contains 1,000 and 500 images for training and testing. SCUT-CTW 1500 is a curved text detection data set, including 1,000 training images and 500 test images.

By using the pre-trained model in the ImageNet classification task, the weights of the relevant layers of the PAN backbone network ResNet50 or ResNeXtS are initialized. Have a mean by using. The weights of the new layer of PAN, RPN, Fast R-CNN and Mask prediction network are initialized with random weights of Gaussian distribution with standard deviation of 0.01. The text detection model based on Mask R-CNN is trained in an end-to-end manner and optimized by the standard SGD algorithm, with a momentum of 0.9 and a weight attenuation of 0.0005. For ICDAR-2017 MLT, training and validation data are used, that is, a total of 9000 images are used for training, while for ICDAR-2015 and SCUT-CTW 1500, we only use the provided training images for training.
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Figure 4-15 Detection results of Mask R-CNN using FPN (first row) and Mask R-CNN using PAN (second row)
In the testing phase, we retain the first 2000 scoring candidate regions generated by the RPN for the subsequent Fast R-CNN. After the Fast R-CNN step, the Skewed NMS algorithm is used to predict and suppress the quadrilateral bounding box of the detected text instance, and its IoU threshold is 0.3. Finally, the ROI features in the axis-aligned rectangular bounding box of each remaining text instance are fed to the Mask prediction network to obtain the text mask. For the ICDAR-2017 MLT and ICDAR-2015 data sets, we directly use the quadrilateral bounding box predicted by the Fast R-CNN module as the final detection result, and for the curved text detection data set SCUTCTW 1500, use the Mask prediction network as the final detection result comparison .





















[bookmark: _Toc87659765]5. Results and Evaluation
[bookmark: _Toc87659766]5.1 evaluation standard
As the text detection and recognition methods are different, the evaluation criteria used to evaluate the performance of the model are also different. Wolf et al. proposed a method to evaluate the performance of target detection algorithms. The method uses three parameters: accuracy, recall, and average performance to express the performance of the algorithm. This method was later improved in the International Pattern Recognition Conference.

The final detection result of target detection is usually marked with a rectangular box. Use G to indicate the total number of detected targets, D to indicate the total number of detected targets, and c to indicate the set of correctly detected targets. Then the accuracy, recall, and F-score of the algorithm are defined as:
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The recall rate is related to the missed detection of the target detection, and the accuracy rate is related to the false detection. The more false detections, the lower the accuracy rate; the more missed detections, the lower the recall rate. F-score is the weighted average of the two parameters of precision and recall, and represents the overall performance of the algorithm. When its value is higher, it indicates that the algorithm has a better detection effect.

In subsequent international conferences, many detection methods based on different data sets were proposed. For example, Det Eval based on ICDAR2013 conference proposed different recall rate matching methods. The evaluation method used in this article is based on the data set. When comparing the performance of the model with other methods, we will compare it under different data sets, which can improve the authenticity of the comparison.

The methods of ICDAR-2017MLT, ICDAR-2015 and SCUT-CTW 1500 text detection benchmark datasets are compared with other most competitive results. Among them, MASK-PAN represents the method of this design. Among them, R, P and F represent recall rate, accuracy rate and F measured value respectively. As shown in Table 5-3, this method can achieve the best performance on these three data sets only by using single-scale and single-model tests. Specifically, as shown in Table 5-1, our method increases the F measurement value from 0.707 to 0.725 on the challenging ICDAR-2017 MLT data set. In the ICDAR-2015 data set, as shown in Table 5-2, although some other methods use additional training data, our method still achieves the highest levels of 0.811, 0.901, and 0.843 in recall, accuracy, and F-measure. Good results. On the SCUT-CTW 1500 data set, this method has achieved new and latest results, that is, recall, accuracy and F measurement are 0.822, 0.823 and 0.833 respectively, as shown in Table 5-3, which is significantly better than other methods. Therefore, it can be seen that the algorithm designed this time is relatively successful.
Table 5-1 Test results in ICDAR-2017 MLT
	Method
	P
	R
	F

	MASK-PAN
	0.694
	0.803
	0.725

	FOTS
	0.623
	0.818
	0.707

	SCUT DLVClabl
	0.545
	0.802
	0.649



Table 5-2 Test results on ICDAR-2015
	Method
	P
	R
	F

	MASK-PAN
	0.811
	0.901
	0.843

	IncepText
	0.806
	0.905
	0.853

	EAST
	0.783
	0.832
	0.832



Table 5-3 Test results on SCUT-CTW 1500
	Method
	P
	R
	F

	MASK-PAN
	0.822
	0.823
	0.833

	CTD+TLOC
	0.698
	0.774
	0.734

	EAST
	0.491
	0.787
	0.604



As shown in Figure 5-1 and Figure 5-2, the PAN-based Mask R-CNN scene detection technology has achieved excellent detection results in scene images in different data sets.
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\L%S20{9Z9O3(8B1~ARHX9~N.png]
Figure 5-1 Test results on ICDAR-2017 MLT
[image: D:\QQ\记录\874884066\FileRecv\MobileFile\Image\3X@FZR5(19}@OX92IDZDS8J.png]
Figure 5-2 Test results on SCUT-CTW 1500

This chapter proposes a new text detection method based on Mask R-CNN. Due to the flexibility of Mask R-CNN, this method can robustly detect multi-directional and curved text from natural scene images in a uniform manner. In addition, we prove that using the pyramid attention network as the new backbone network of Mask R-CNN can significantly enhance the feature representation ability of Mask R-CNN, which can more effectively suppress false alarms caused by text-like backgrounds. This method can achieve excellent performance on multi-directional (ICDAR-2015, ICDAR-2017MLT) and curved (SCUT-CTW 1500) text detection benchmark tasks through single-scale and single-model testing.

However, the method in this chapter still has some limitations. First, due to the computationally intensive PAN backbone network and Mask R-CNN framework, our method is not fast enough. Moreover, due to the limitations of the rectangular proposal generated by RPN, this method has a deviation in processing long text lines. Therefore, we still need to conduct more research to solve these more difficult problems.































[bookmark: _Toc87659767]6. Conclusions and Recommendations
This paper proposes a natural scene text detection algorithm based on Mask R-CNN, which is a novel framework for end-to-end text recognition in natural scenes. Unlike previous text detection methods that regard learning-based text recognition as a one-dimensional sequence prediction problem, this method is very easy to train and can read irregular books. Starting from its two-dimensional representation, it can be detected and recognized.

Experimental results show that compared with other methods, this method not only achieves better performance, but is also more independent of character-level annotations in real values, which strongly proves the effectiveness of SAM. And this article has achieved the optimal performance of detection and recognition, and fully utilized the highly correlated and complementary relationship between the two; on the one hand, the quality of detection largely determines the accuracy of recognition; on the other hand, the results of recognition can provide feedback , Which helps to reduce the false detection rate in the detection phase.

Use PAN as a new backbone network to improve the feature expression learning ability of the Mask R-CNN-based text detection model. Experimental results show that the improved Mask R-CNN detection model achieves excellent performance on three challenging text detection benchmarks, which proves the advantages of our method and the use of pyramid attention network as Mask R-CNN The new backbone network can significantly enhance the feature representation ability of Mask R-CNN, which can more effectively suppress false positives caused by text-like backgrounds. In the natural scene detection stage, the backbone network FPN in Mask R-CNN is an enhancement of the traditional CNN network for expressing and outputting image information. Its purpose is to improve the feature extraction method of the CNN network so that the final output feature can better represent the information of each dimension of the input image. However, because FPN is not the best for enhancing image information, the feature representation ability of Mask R-CNN in the system needs to be improved. Even using PAN instead of FPN to improve the feature expression learning ability of the Mask R-CNN detection model, and achieve extremely high detection accuracy; but also, due to the computationally intensive PAN backbone network and the Mask R-CNN framework, our method is The running speed is not fast enough. Moreover, due to the limitations of the rectangular area generated by RPN, our method has a deviation in processing long text lines. . In the future, we want to improve the efficiency of the algorithm, especially to explore replacing the detection stage with a more efficient detection method, which is the most time-consuming part of the proposed method.

In the natural scene recognition stage, the method proposed in this paper can only be applied to the recognition of characters with fewer types of English and numbers. If you want to recognize Chinese, you need to modify the output of the Mask branch. There are at least 5000 commonly used Chinese characters, and the final output of the Mask branch is at least 5038 feature maps; and when labeling data, you need to generate bbox annotations for each Chinese. . This will greatly expand the network architecture of the model, resulting in a huge amount of training engineering, a large amount of time, and a large amount of disk usage. Therefore, the method proposed in this paper is difficult to realize in Chinese recognition. In summary, how to build a text recognition system for natural scenes that can accurately and quickly detect and recognize multiple languages is still a topic worthy of research.




















[bookmark: _Toc87659768]7.Future technology and development trend
High-quality big data
[image: C:\Users\86186\AppData\Local\Temp\1620388209(1).png]
Better Fundamental Theory & Methodology
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From perception to cognition 
Detection and Recognition                  Semantic understanding 
Document structure analysis and information extraction 

End-to-end learnable 
Scene text detection + end-to-end recognition
Handwriting layout understanding + text line recognition end-to-end
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Recognition of text page with complex layout
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Scene Text Detection & Recognition 
Rectangle             Multi-directional rectangle            Any quadrilateral               Polygon            Any complex shape 
Regular text              Irregular text
End-to-end trainable solution

Multi-language, large categories (esp. Chinese scene text recognition)

Higher performance, better confidence, trustable results

Where are the challenges of scene text detection? First, its direction is changeable, and the second has a lot of irregular text. For example, the advertisements seen on the street have a lot of twists and turns. Secondly, the scale of the text in a picture is varied, such as some The characters are very large, and some characters are very small. At the same time, it is difficult for an algorithm to solve these problems at the same time. In addition, there are problems of labeling ambiguity, completeness of detection, and so on. Some problems have been solved well, such as multi-directional and arbitrary-direction text detection is possible, and some problems have not been completely solved, such as scale problems and irregular text problems have not been well solved.

What are the main challenges of scene text recognition? For example, deformed text, irregular text, curved text, diversity of fonts, diversity of shapes, photos taken in natural scenes have various background interference, focus, image blur, occlusion, etc. There are still many problems at present It has not been resolved very well. If you do research in this field, you can analyze the challenges and difficulties in this field, which can actually inspire us to do research ideas. If you can think of some methods to solve the current problems and challenges, just Can bring some good research results.

For example, for example, the recognition of irregular text, which has been one of the more concerned issues in the academic circles in the past two years, refers to how to effectively recognize irregular text shapes (such as crooked advertising text)? Many scholars thought of different tricks. The most direct idea at the beginning was to correct the text. For example, in the early CVPR 2016, it was corrected by the STN method, and then it was developed to the TPS transformation to find some control points, and after the control points were regressed and learned. Correcting the text, including correction at the pixel level, etc., can solve this problem to a certain extent. This is the idea of ​​correction. Some scholars have solved this problem from the perspective of two-dimensional attention, and they have also proposed many methods. Some scholars have solved it from a character-level perspective. For example, no matter how the text line is deformed, the character-level rotation is limited and it is relatively easy to recognize. If a good detector and classifier can be designed at the character level, we will It can solve the problem of irregular text recognition.

There are many languages ​​in the world, and most of the current algorithms and data sets are mainly focused on English text. The appearance of some languages ​​is much more complex, so they are more sensitive to conditions such as image quality. The unified detection and recognition system of multiple languages ​​has important academic value and application prospects. Robustness: One speculation is that the robustness of the model is related to the internal operating mechanism of the deep neural network. Generalization ability: Generalization ability is very important because some application scenarios need to adapt to changing environments. Whether it is sufficient to simply merge all existing data sets, especially when the target domain is completely unknown, is still unknown. Synthetic data: It is still a challenge to synthesize various realistic images to train the model. Evaluation: The existing detection and evaluation indicators are derived from the evaluation indicators of general object detection. Matching and recall based on IoU scores or pixel-level accuracy ignore the fact that missing parts and redundant background may impair the performance of the subsequent recognition process. Efficiency: Most current systems cannot run in real time when deployed on computers without GPUs or mobile devices. Bigger and better data: Most existing data sets are much smaller in size than data sets for other tasks.
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