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[bookmark: _Toc113465154]Abstract
This paper introduces the application background and research status of text detection and recognition. The focus of this paper is on traditional text detection and recognition algorithms and deep learning-based text detection and recognition methods. To introduce in detail the fundamental components and development process of the detection algorithms and recognition algorithms of this group of methods, we will use a specific set of methods. On significant public datasets, the effectiveness, benefits, and drawbacks of certain widely used approaches are contrasted and analyzed.
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[bookmark: _Toc113477298]1 Introduction
Writing is the primary means of exchanging knowledge and one of the primary ways that people observe and document their surroundings. Multimedia information based on pictures has progressively taken over as the primary method of information distribution as a result of the advancement of Internet technology and the popularity of mobile devices in the new era. Images of natural scenes and the text that appears alongside them can convey a wealth of media information, including details about human social interaction, industrial production, emotional expression, and other topics. These details are the main sources from which humans derive their understanding of natural scene information. At the same time, we cannot just rely on human resources to perform effective processing given the current large scene picture text data. Through automatic text information extraction technology, it is often anticipated to achieve automatic detection and recognition of scene picture text. Text detection is an essential step before text recognition in the automatic text information extraction process, and its accuracy will have a direct impact on the result of the following recognition. For semantic parsing of scene photos, automated and precise text identification technology is therefore crucial. In areas like automated driving, language translation, industrial automation, and other areas, text detection technology has significant application value. As an illustration, autonomous driving technology need a high level of independence in making decisions in a busy traffic scenario. The text content of traffic signs, road signs, license plate information, and other traffic data may be obtained using the natural scene text detection technology in order to deliver complete traffic data to the autonomous vehicle system to help with vehicle operation decisions. Instant language translation may be provided through multilingual picture translation systems, which can assist travelers rapidly comprehend local customs and way of life. One of them, natural scene text detection technology, may actualize content translation by accurately locating text and providing text region information for later text recognition activities. The assembly line production must be carried out as part of the industrial production automation process in accordance with the text logo on the product, and the technology for detecting text in natural scenes is essential for this. There are numerous domestic service companies that offer natural scene image text detection services in real life. These companies include well-known ones like Alibaba, Tencent, and Bytes to Beat, as well as traditional service-oriented ones like e-commerce, logistics, express, video broadcast, and security prevention and control. This type of business is capable of providing a natural scene text detection API service directly, as well as combining it with custom data sets supplied by the user training a particular task scenario text detection model. Examples of these scenarios include resident identity card testing reality demand scenarios and transportation license plate detection. In a nutshell, the technology for detecting text in natural scenes is a necessity for modern civilization. Natural scene text detection refers to the process of identifying each occurrence of text in the scene image and characterizing the text region with a rectangular or polygonal bounding box. It is a crucial component of natural scene parsing. In the area of computer vision, it has been a popular study subject. Despite the fact that typical OCR (Optical Character Recognition) technology is quite advanced, it is only capable of detecting text in horizontal papers with a clear backdrop and cannot handle text in more challenging natural scenes.
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Figure 1.1: Text on a photograph of a natural landscape.
As seen in figure 1.1, scene text has richer presentation forms than document text, which poses a number of difficulties for natural scene text identification:
The scene text may include a variety of different types of language texts, and there are significant structural differences between texts written in different languages. Additionally, the scene text may have a variety of different styles, such as horizontal, vertical, and arbitrary shapes, which makes it challenging to define a single, universal geometric expression. The scene text is disturbed by complex and varied background textures, and there are significant information differences between the various backgrounds, which puts the robustness of the text detection system to the test. Due to various imaging conditions, such as illumination intensity, blurring of image focus, and occlusion of external objects, scene text has a lot of image noise. Massive natural scene photos cannot be used effectively without annotation since image data annotation and scene text identification demand a lot of labor and material resources. The current work of detecting text in natural scenes is still extremely challenging and complex due to a number of issues. 
The text in a picture of a natural scene has more varied font, shape, color, aspect ratio, and other features than text in a typical document, while the image background includes more complicated texture interference.


[bookmark: _Toc113465155][bookmark: _Toc113477299]2 Literature Review
[bookmark: _Toc113465156][bookmark: _Toc113477300]2.1 Text detection and recognition based on traditional image processing
[bookmark: _Toc113465157][bookmark: _Toc113477301]2.1.1 Traditional text detection methods
By utilizing conventional computer vision technologies, researchers have made significant strides in tackling various issues with natural scene text identification since the 1990s. The following three techniques are among the most well-known: Method for classifying regional features based on sliding windows, maximally stable extremal regions (MSER) [1], and the linked domain-based Stroke Width Transform (SWT) [2] algorithm. The linked domain identification technique primarily extracts the texture and color characteristics of each region in the image before gathering comparable pixels to the connected domain to obtain the text region. This computation approach has the benefit of not being sensitive to changes in font features, but it also has the drawback of having weak enough identification of character features, which makes it susceptible to false detection and unsuitable for use in more complicated situations. The method finds it challenging to properly collect the connection region information of text under the impact of lighting, occlusion, background texture, and other variables, which will interfere with detection performance. The MSER concept is comparable to the watershed algorithm. All gray pixels can be binarized using it. The linked domain's fluctuation range is narrow when parameters are regulated, making it the region with the most stable extreme values. An edge enhanced MSER was created by Chen et al. [4] to boost the identification of tiny characters by utilizing the complimentary traits of MSER and Canny edge detection [18]. Ye et al. [5] performed text region screening and integration based on the retrieved features after using MSER for several channels of the picture to get potential text information on multiple channels. With the aid of random forests return device, Tang et al[6] .'s application of MSER RGB three-channel and hue, saturation, and color space to obtain candidate text areas classifies the characteristics that can be character area, large area, it merged into words, and similar feature extraction and classification, and then obtains the final text detection results. Similar stroke widths are used by SWT to identify text sections. Based on the Canny detection method to process the image edge information, it is possible to obtain the corresponding pixel direction gradient, set a threshold value, along the vertical direction of the pixel threshold comparison, find the feature point, and the stroke width is determined by the Euclidean distance between two points. A linked domain is created simultaneously using cluster analysis based on stroke width. By using a novel image transformation SWT, Epshtein et al. [7] were able to determine the stroke length value for each graphic pixel. Stroke traits, like other text backdrop aspects, can be attributed to the text's unique qualities but are also present in text written in other languages. From more complicated text backgrounds, horizontal text candidates of different widths and orientations may be recovered using stroke width transformation. To finish the text detection portion, however, requires the application of certain fake defining specifications, leaving just horizontal text in the output. Color characteristics were added to the creation of candidate text areas by Huang et al. [8] using the feature extraction approach based on SWT, and random forest was employed for classification. The findings indicate that this approach outperforms the SWT method in terms of detection performance. A two-level classification mechanism was proposed by Yao et al. [9] that first obtained candidate regions using the SWT method, then determined text regions using random forest, and finally used global information to turn strings into words by using character similarity, and then screened the words. Based on the sliding window technique, several Windows of various sizes are used to move over the same picture in accordance with a certain step to get the window region's image attributes, and then using the classifier's classification, find the text region in the image. The quality of the features acquired will directly affect how well the detection performs. The features generated by utilizing this approach are mostly edge gradient histograms and texture features that were carefully created in accordance with the properties of the detection target. This approach also calls for a higher number of tagged samples, which increases the computing effort and decreases detection effectiveness. Texture is one of the fundamental components of a picture, and it often differs between backdrop and text. Ye et al. [12] segmented the text line using the projection approach after connecting the text region with morphological operations and extracting the text region's edge characteristics using the Canny operator. In order to address the text adhesion problem, Zhang et al. [13] devised an approach that used the Sobel operator to get the edge properties of the text region and created the zero-crossing technique. A corner identification technique that combines Harris and SUSAN was proposed by Tian et al. [14]. The inner corners of characters were first detected using the Harris method, and then the corners were filtered using the SUSAN algorithm.
[bookmark: _Toc113465158][bookmark: _Toc113477302]2.1.2 Traditional text recognition methods
The steps that make up the traditional text recognition technique of identification procedure are: The text is first subjected to pretreatment (such as image binarization processing, smoothing and denoising, normalization, etc.), after which the text classifier is trained using the internal characteristics of the text (such as edge characters, stroke features, and shape features). The sliding window method is then used to determine the text's content. However, traditional approaches' recognition accuracy is typically unsatisfactory for the following reasons: first, it takes a lot of time to extract manually created features by sliding windows; second, the manually defined features are relatively basic, which prevents the model from being generalizable. The investigation of single character cutting based on sliding Windows was initially done by Neumann et al. [3]. Later, they manually developed characteristics, including relatively simple data like the ratio of the picture's length to breadth and the ratio of the area of its holes. The Support Vector Machine, SVM) [19] classifier for single character recognition is the last step. To assess whether each region was a letter, Wang et al. [15] processed photos from left to right using a sliding window. They then established a threshold to discern the letter's peak location on the probability curve, identified it as the letter position, and went on to classify the letters based on that position. A text recognition approach based on a single character was developed by Bai et al. [16]. This method employed cluster analysis to determine the text's strokes, Histogram of Oriented Gradient (HOG) of text construction to determine character locations, and integrated the two characteristics. By using a random forest classifier, single character type analysis is accomplished. A approach based on color channel selection for word identification from scene photos and video frames was proposed by Bhunia et al. [17]. The text recognition system collects pyramid histograms of directional gradient features from chosen color channels and evaluates picture characteristics from sliding Windows based on Hidden Markov Model (HMM) [20]. To choose the color channel sliding window that would produce the best recognition result, a multi-label SVM classifier is then used.
[bookmark: _Toc113465159][bookmark: _Toc113477303]2.2 Text detection and recognition algorithm based on deep learning
With the continuous progress of deep learning [21] technology in recent years and the popularity of hardware with high computing power, more and more scholars have studied text detection and recognition algorithms based on deep learning technology, and many valuable research results have been achieved. Deep neural networks are more reliable than standard algorithms in processing information in complicated settings because of their strong capacity to suit complex functions. Currently, text detection and identification applications commonly employ two types of deep neural networks: The first is a Convolution Neural Network (CNN), which extracts features only from local areas each time using a Convolution kernel with shared parameters, hence reducing the number of parameters. It is the Neural Network that is now being utilized the most in image processing research. Recurrent Neural Network is the second (RNN). In RNN, the current output of a sequence is tied to both the input and the information from the previous instant of the sequence, allowing RNN to more effectively learn the properties of time-dependent data. As a result, text recognition uses it extensively. Long-short Term Memory (LSTM) [22] and the Gated Recurrent Unit (GRU[23]), which is generated by simplifying the structure of LSTM, are now the Recurrent neural network that is frequently utilized. By merging the two LSTMS in the opposite sequence, bi-directional long short-term memory (BiLSTM) is created [24].
[bookmark: _Toc113465160][bookmark: _Toc113477304]2.2.1 Text detection algorithm based on deep learning
The field of object detection technologies has advanced significantly in recent years. Many academics take cues from the concept of object detection technology and then provide various text detection algorithms in accordance with the peculiarities of text detection area. These algorithms may be categorized into three categories based on the concepts they have taken from and the technical details of how they were implemented:
(1) Text detection algorithm based on regional proposal. 
These region-based techniques are frequently presented by making references to traditional object detection algorithms. RCNN[25], Fast-RCNN[26], Faster-RCNN[27], SSD[28], R-FCN[29], and YOLO[30] are examples of popular classical object detection methods. The fundamental goal of this sort of algorithm is to utilize the Region Proposal Network (RPN) to create dense preset boxes spanning the whole picture with manually adjustable settings, identify which preset boxes contain text using features from CNN, and then combine the preset boxes that do. Finally, these algorithms fix the candidate box using boundary regression to precisely find the text region. The Gupta A et al. [31] full convolutional regression network algorithm first extracts image features to create feature maps using the full convolutional network, and then performs convolutional operations on the feature maps to produce position and size information for each text box via regression prediction. Additionally, a way to manually create text data from natural scenes is suggested in this work. The labeled data may be swiftly and efficiently synthesized, and the text is seamlessly integrated into the natural scene picture, effectively replacing the genuine picture in training. The TextBoxes method by Liao M et al. [32] was built on the SSD technique, and Figure 1-1 depicts the algorithm's network topology. On feature maps of various sizes, the algorithm prepares 6 candidate boxes with aspect ratio to identify, and while training, scales the pictures in various proportions. Finally, the algorithm's ability to recognize text with varying sizes and dimensions has been enhanced, although it is still limited in that it can only produce horizontal text boxes. Ma J et al. [33] suggested the technique of rotating candidate boxes, pooling rotated proposal areas, and computing Intersection over Union (IoU) for slanted text boxes with reference to the process of generating candidate boxes via RPN in Faster-RCNN. The detecting impact of the method for slanted text area is enhanced by the addition of the rotation Angle parameter to the candidate box. The TextBoxes++ technique was proposed by Liao M et al. [14] based on research [32]. The fraction of candidate boxes was altered in comparison to the TextBoxes algorithm to better match the contours of the text area. Also included in the regression of candidate boxes was Angle data. enables the detection of non-horizontal text regions. According to Liao M. et al. [11], although establishing the boundary of the text area should take into consideration the rotation Angle information, separating background from text does not. It is unrealistic to tackle these two jobs using the same extracted characteristics. In order to locate the characteristics most closely associated to the rotation Angle and increase the precision of text box prediction, they presented a rotation-sensitive regression identification approach that actively rotated the features in the task phase of the border regression. An approach was put out by Deng L. et al. [34] to determine the quadrilateral's prediction box by anticipating the data from its four corners. The prediction box was then fine-tuned using the regression approach.
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Figure 1-1 Network structure of the TextBoxes algorithm
By utilizing the concept of differentiation, Tian Z et alConnectionist .'s Text Proposal Network (CTPN) method [35] saw the Text region as a series made up of several Text region patches. Candidate boxes in this method were defined as tiny boxes with the same width and various heights. The post-processing technique is then used to link all of the little boxes that make up a text area to construct the entire text box. The object detection algorithm is used to identify the small boxes carrying text content, which are recognized as sequences and brought into RNN for detection. One benefit of the CTPN method is that it can recognize text chunks of any length, but only those that are horizontal or slightly inclined. Furthermore, the added RNN significantly raises the amount of parameters that must be estimated. Shi B et al. [36] suggested a SegLink method based on the CTPN technique that could link text segments in any orientation. This approach abandoned the technique of utilizing RNN to detect text components in the CTPN algorithm and separated text detection into two steps: text segment detection and text segment link. High- and low-level features are extracted using the VGG16 network [37], and text chunks of various lengths are simultaneously detected using high- and low-level features. A text segment's eight directions may be used to determine if it is related to other text segments, and the detection of texts with large scale alterations has strong resilience. A text box may be created by joining these text fragments in any way. The above natural scene text detection algorithms based on regional proposal use candidate boxes to fit the shape of the text region or use small candidate boxes to combine into the shape of the text region. Compared to the CTPN algorithm, it can detect text areas with larger oblique angles and reduce the number of parameters. The general structure of these algorithms is rather complicated as a result of the addition of candidate box proposal, candidate box screening, candidate box combination, and other phases. The border after the regression step is very small for candidates box optimization, which makes the algorithm of text in natural scene image obtained when the test result is not satisfactory, in the face of natural scene images in shapes and sizes for a variety of text area, set in advance and proportion to the size of the box is difficult to be well matched.
(2) Text detection algorithm based on semantic segmentation.
General object detection includes a class of semantic segmentation methods. The following are the traditional semantic segmentation algorithms: Feature pyramid networks, fully convolutional networks, fully convolutional instance-aware semantic segmentation, etc. The main body of this kind of algorithm thought is convolution, which is used to extract the characteristics of the various scale figures, and then to get these features figure a characteristic figure, which contains rich information according to the characteristics of the figure to classify each pixel. This paper proposes a text detection algorithm based on semantic segmentation of natural scene. Finally, the text box is shown using the text-related pixels. Upsampling is used in the EAST technique by Zhou X et al. [38] to combine information from several levels. Small receptive fields in the bottom layer and big receptive fields in the higher layer can be utilized to distinguish between small and large text boxes, respectively. It can recognize quadrilateral text sections with any oblique angle and has a straightforward structure. The approach suggested by Song Y et al. [39] improves detection accuracy by incorporating attention mechanism. It transmits the text region produced by boundary regression to the detection module of attention mechanism to confirm if it still includes text. Without creating false candidate boxes, Zhong Z et alapproach .'s [40] can conduct boundary regression directly. It is a type of network that proposes areas without anchors and predicts text regions on feature maps made up of many layers. By utilizing the pixel classification prediction technique based on semantic segmentation, Zhang Z et al. [41] suggested a text identification approach based on a complete convolutional network. The method initially extracted feature maps of various levels using FCN, fused those feature maps, then utilized the resulting features to partition the text region. Following the usage of the MSERs method to identify the characters in the segmented region, the characters are connected using the post-processing technique to produce the text box. FCN greatly decreases noise interference and increases detection accuracy when compared to the earlier approach of directly recognizing characters with MSERs on text pictures. The pixels in the picture are separated into three categories by the technique given by Wu Y et al. [42]: text, non-text, and border. Features are extracted using FCN, and they are gradually combined using upsampling. Each pixel is categorized using the fusion-obtained characteristics, and then the pixels from the same class are combined to create the text area. The PixelLink method was introduced by Dan D et al. [43] on the basis that text pixels are related to one another. The linked domain approach is then used to determine the minimal enclosing rectangle box of the aggregated text pixels by predicting the category of pixels and whether they are together with eight surrounding pixels. A text area may be created by the algorithm from text lines that have close spacing between them. An approach to representing the characteristics of a text region using a "direction field" was put out by Xu Y et al. in [44]. While the background area is the zero vector, the "direction field" of each pixel in the text region is the unit vector pointed to by the closest border point. They developed the TextField algorithm based on this idea, and Figure 1-2 depicts the program's detection procedure.
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Figure 1-2 Flowchart of TextField algorithm text detection
The EAST algorithm's main structure is quite straightforward, and its performance is good. It can recognize quadrilateral text regions with any tilt Angle. It's a top-notch algorithm. As a result, the EAST method is used in this article as the benchmark technique for text detection. Currently, several academics have suggested various enhanced algorithms and conducted practical studies based on the EAST algorithm. Li Yue [45] incorporated LSTM to the feature fusion component to correlate features and immediately replaced the feature extraction trunk with the Resnet (Residual network)50 with increased depth. Despite the fact that this technique enhanced the model's performance, However, altering the deeper feature extraction backbone network and using LSTM both add a lot of parameters, increasing the algorithm's computational complexity and making it difficult to use. In the study of coal train number localization, Cheng Gongli [46] suggested to employ residual Networks in the EAST method to improve network depth while adding RefineNet (Refinement Networks) to integrate multi-scale information to improve detection accuracy. The complexity of the algorithm as a whole is increased by altering the core of feature extraction in this way, therefore adding all processing modules after many feature maps at various sizes may not be the best approach. To ascertain the impact of processing modules on feature layers of various sizes, more experiments are required. Although other techniques need pixel aggregation, unique representation characteristics, and other processes, the natural scene text identification approach based on semantic segmentation has a good overall impact and a succinct structure.
(3) Based on the combination of region proposal and semantic segmentation algorithm.
A Deep Scene Text Detection (DSTD) technique that combines regional proposal and semantic segmentation was suggested by Fan J et al. [47]. The two branches each anticipated the information in the Text box and communicated the features that were taken from the backbone network. The final prediction results are then produced by combining the predictions from the two branches. Fused Fused Text Segmentation Networks (FTSN), which retrieved Text classification features and boundary regression features from Text area proposal network, were proposed by Dai Y et al. [48] by combining Segmentation technique with Text detection. The boundary regression and pixel-level classification tasks are then carried out using these characteristics. Finally, the anticipated text box is generated using the combined information from the two jobs. The regional proposal and semantic segmentation methods are combined into one framework by the algorithm based on their combination. This method builds numerous classifiers based on semantic segmentation and geographical proposals, and then fuses the outputs of each classifier to get the final result. Even if the two concepts work together to produce superior performance, the algorithm's structure becomes much more complicated, which makes it difficult to use. As a result, the current research focus is not primarily on this kind of algorithm.
[bookmark: _Toc113465161][bookmark: _Toc113477305]2.2.2 Text recognition algorithm based on deep learning
A text recognition technique that employs convolutional neural networks to extract the characteristics of the entire image and then uses the features of the entire image to predict the words in the image was proposed by Jaderberg M et al. in 2014 [49]. Three coding techniques were suggested in this literature: text sequence coding, 90K dictionary coding, and N-gram language model coding. The network is to realize the characteristics to the mapping of the coding for the 90 000 words in the dictionary. However, while this method can identify the words in the dictionary, the problem of the recognition of image text content is actually transformed into a multi-type classification problem. Text sequence encoding divides the picture into regions, determines the characters that belong in each area, judges the characters that belong in each region, and then combines the results of each region to produce the word. Beyond the predetermined duration, this approach is unable to identify the text. The idea of the N-gram language model coding, which is used to anticipate each character and subsequently combine the characters into words, is that there is a definite link between the characters in a word. However, a substantial amount of words must be statistically evaluated in order to uncover the link between the characters. Despite the algorithm's shortcomings in comparison to more conventional image processing-based approaches, it considerably increases the accuracy of recognition. The widely used deep learning methods for natural scene text recognition may be broadly categorized into two groups: algorithms based on decoder and encoder [53–54] and algorithms based on temporal feature categorization [50–52]. Shi B et alConvolutional .'s Recurrent Neural Networks (CRNN) technique [50] initially extracts features from pictures using convolution before transforming the information into feature sequences. The likelihood that a feature sequence corresponds to a potential character sequence is then output during prediction once BiLSTM has learned the relationship between the feature sequences. A series of probability sequences are transformed into character sequences using the CTC algorithm by the transcription layer in accordance with predetermined rules. The text recognition performance of BiLSTM is significantly better than that of the prior approaches because it can learn the link between contexts in character sequence feature information and the relationship between characters. An integrated deep network technique was introduced by Yang C et al. [51] that adaptively merges the models produced with various training times. This technique can provide an integrated model more rapidly than other approaches that need training several distinct models and then fusing the results. Using both spatial and sequential data, Wojna Z et al. [52] established the attention mechanism in text recognition. The present output, which obtained high accuracy on the open dataset, is connected to various characteristics in the space in addition to the prior sequence features. The Lee C et al. [53] technique combines attention model with RNN, learning visual characteristics first using convolutional network, then decoding them with two-layer RNN. The drawback of this technique is that only one convolutional layer makes it challenging to understand the long-term dependency connection between pixels. The attention model is also introduced in the algorithm suggested by Shi B et al. [54]. This technique, in contrast to literature [53], use multi-layer perceptrons to learn the attention weight, causing the decoder to pay more attention to the pertinent region being decoded. It also includes the STN module to adjust the picture, enhancing the detection impact of curved text. There are fewer varieties of algorithms in the field of text recognition than there are in the field of text detection, and their rate of development is slower. The two well-known algorithms both have benefits and drawbacks. In contrast to the decoder and encoder-based method, which performs somewhat better but has a more complex structure, the algorithm based on temporal feature classification offers the advantages of a simple structure and high performance.
[bookmark: _Toc113465162][bookmark: _Toc113477306]2.2.3 End-to-end text recognition algorithm based on deep learning
Deep learning-based end-to-end text recognition algorithms currently come in two main flavors: two-section [55–57] and one-section [58–60]. An end-to-end text recognition technique that combines detection and recognition was proposed by Wang T et al. in 2012 [55]. An end-to-end digital recognition method was suggested by Goodfellow I et al. [56] that first extracts features from pictures using convolution, then classifies those features using fully connected layers, and then generates predictions. On the basis of the literature [50], Yang X et al. [55] suggested an end-to-end library book recognition method. The text on the spine was first located using a conventional image processing approach, and after that, CRNN was used to identify the characters in the text region. A one-segment end-to-end Deep TextSpotter method for text recognition was proposed by Busta M et al. [58], and its structure is depicted in Figure 1-3. In order to train detection and recognition modules, the method employs the same CNN to extract features.
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Figure 1-3 Structure of Deep TextSpotter algorithm
A quick end-to-end integrated detection and identification technique is the Fast Oriented Text Spotting (FOTS) algorithm suggested by Liu X et al. Figure 1-4 illustrates its structure. The algorithm's suggested RoIRoate is one of its key contributions. By using this technique, it is possible to pool the feature map region that corresponds to non-horizontal text, which makes it easier to combine text detection with text recognition. An bidirectional LSTM+CTC technique is used in this algorithm's text recognition section.
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Figure 1-4 FOTS algorithm structure
The majority of the currently available algorithms concentrate on English detection and identification, despite the fact that several sophisticated natural scene text detection and recognition algorithms have evolved in recent years. The method can theoretically be used to Chinese literature, but there is currently no way to determine how it will perform because there are a lot more Chinese texts than English texts. On the other hand, it is challenging to use the algorithm and transfer learning since there is no Chinese pre-training model. An algorithm that is universal in both Chinese and English was suggested in 2019 by Zhang J et al. [60] from Beijing University of Aeronautics and Astronautics and Institute of Automation, Chinese Academy of Sciences. Cascade Mask RCNN and Attention LSTM were employed in the algorithm's detection and recognition sections, respectively. The issue of the candidate box threshold being too high or too low, which has an impact on the algorithm's performance, is resolved by Cascade Mask RCNN. Sequence alignment problems are easily solved with LSTM, which is also frequently employed in seq-to-seq models as an encoding and decoding mechanism. When decoding a particular text, the attention mechanism aids the model in concentrating on the pixel position in the image that corresponds to the text, which can greatly increase algorithmic accuracy. The technique is more intricate, and the text detection and text recognition models are trained independently. The two-segment approach has the benefit of making it simple to study the text detection and text recognition portions, respectively, and of lowering the hardware requirements. One segment algorithms have the benefit of sharing a feature extraction network and having fewer parameters. Additionally, it is possible to train the detection and recognition components together to achieve superior training outcomes, although the hardware requirements are considerable.


[bookmark: _Toc113465163][bookmark: _Toc113477307]3 Research and Development Methodology
[bookmark: _Toc113465164][bookmark: _Toc113477308]3.1 Text detection method
Deep learning-based text identification algorithms have started to appear one by one in recent years. These techniques may basically be classified into two groups:
1. Regression-based text detection technique
2. A segmentation-based technique for text detection
This section summarizes the advantages and disadvantages of common text detection methods from 2017 to 2022
[bookmark: _Toc113465165][bookmark: _Toc113477309]3.1.1 Text detection based on regression
The object detection methodology is comparable to the regression-based text detection method. There are just two categories in the text detection approach. The remainder of the image is considered the backdrop, and the text is thought of as the target that has to be identified.
(1) Horizontal text detection
The object detection approach, which allows horizontal text detection, is enhanced by the early text detection algorithm based on deep learning. For instance, the Textbox method is enhanced using the SSD algorithm, while the CTPN technique is improved using the Fast-RCNN two-stage target detection algorithm.
The default text box in the TextBoxes[61] methodology is converted into a quadrilateral that ADAPTS to the text orientation and aspect ratio according to the modification of the one-stage target detector SSD, providing an end-to-end training text detection approach without complicated post-processing.
• Pick an enclosure from the list with a higher aspect ratio.
• The convolution kernel was altered from 3x3 to 1x5, making it better suited for detecting lengthy texts.
• Multiple scale input
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Figure 5 Frame diagram of Textbox
To enable the whole network to recognize text sequences using convolutional features, CTPN[63] enhances the RPN module based on the Fast-RCNN algorithm and designs a module based on CRNN. Through ROI Pooling, the two-stage technique achieves more precise feature localisation. But only horizontal text can be detected by TextBoxes and CTPNS.
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FIG. 6 CTPN frame diagram
(2) Arbitrary Angle text detection
Textbox ++[62] enhances TextBoxes by allowing text to be detected from any angle. TextBoxes++ recognizes multi-angle text, unlike TextBoxes in terms of structure. First, the pre-selected box's aspect ratio is changed, and the aspect ratio is set to 1, 2, 3, 5, 1/2, 1/3, and 1/5. Second, to more effectively learn the characteristics of slanted text, the convolution kernel of 151*515 is altered to 353*535. The rotating box's representation is finally produced by Textbox ++.
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Figure 7. The framework of TextBox ++
To address the localization issue of slanted text, EAST[64] suggested a two-stage text identification approach that included FCN feature extraction and NMS. A novel PIpline structure for text identification that was proposed by EAST can be trained from beginning to end, can identify text in any direction, and has the qualities of a simple structure and good performance. You may select the output format with FCN; it offers output in both horizontal and slanted rectangular boxes.
• The Box rotation Angle and the AABB text shape information are output if the output detection shape is RBox. The offset to the left and right borders above and below the text Box is represented by the letters AABB. RBox rotates a rectangle's text.
• If the output detection box is a four-point box, the output's final dimension will be 8 integers, which will reflect the offset from the quadrilateral's four corner vertices. The output can forecast text with irregular quadrilateral shapes.
EAST proposed merging the prediction boxes by line first, and then using the original NMS to screen the remaining quadrilateral because the text boxes output by FCN are relatively redundant, for instance, the boxes generated by adjacent pixels of a text area have a high degree of coincidence, but the detection boxes generated by different text have a small degree of coincidence.
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FIG. 8 EAST frame diagram
According to MOST[75], PA-NMS should integrate trustworthy detection and prediction results based on location information, and TFAM module should dynamically alter the receptive field of coarse-grained detection results. In addition, the training for balancing training to handle text instances of various scales also proposes the instance-wise IoU loss function. This approach, which has a stronger detection impact and performance in identifying texts with extreme aspect ratios and varied scales, may be used with the EAST method.
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FIG. 9 MOST frame diagram
(3) Curved text detection
It is a straightforward concept to define the border polygon of curved text using multi-point coordinates and then forecast the vertex coordinates of the polygon in order to address the problem of curved text recognition via regression approach.
A boundary polygon suggested by CTD[66] accurately predicts 14 curved text vertices. In order to improve the predicted vertices' coordinates and provide curved text identification using the regression approach, the network employs a bi-lstm [73] layer.[image: Diagram

Description automatically generated]
FIG. 10 CTD frame diagram
In order to achieve finer text localization for the issue of lengthy text and curved text, LOMO[79] advocated iterative optimization of text localization characteristics. The coordinate regression module (DR), iterative optimization module (IRM), and arbitrary shape expression module (SEM) are the three components of this technique. In addition to predicting the text region, the text center line, and the text boundary, it is used to construct the general text region and iteratively enhance the text localization characteristics. Long text localization is a challenge that can be more effectively solved and improved with iterative text feature optimization.
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FIG. 11 LOMO frame diagram
To create curved text detection boxes, Contournet[78] suggested modeling text contour points. A local orthogonal texture sensing LOTM module was created in this technique to learn the horizontal and vertical texture characteristics, which were represented by contour points. Adaptive-RPN was initially utilized to collect proposed features of text areas. Point re-scoring technique can efficiently filter the prediction of strong unidirectional or weak orthogonal activation by taking into account the feature responses in both orthogonal directions at once, and the final text contour may be represented by a collection of high-quality contour points.
[image: Diagram
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FIG. 12 Contournet frame diagram
The challenge of curved text identification, which is often broken down into three steps, is addressed by PCR[74] by proposing a progressive coordinate regression. First, text areas and text boxes are approximately identified. Additionally, the created Contour Localization Mechanism predicts the corner positions of text minimum bounding boxes. Then, by superimposing several CLM modules and RCLM modules, the curved text is anticipated. This technique can more precisely find the text region while simultaneously reducing the impact of duplicated noise points on coordinate regression.
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FIG. 13 PCR frame diagram
[bookmark: _Toc113465166][bookmark: _Toc113477310]3.1.2 Text detection based on segmentation
Although the regression-based approach to text identification has shown positive results, it is frequently challenging to handle curved text with a smooth text boundary curve, and the model is highly sophisticated and does not offer performance benefits. Researchers therefore suggested a text segmentation technique based on picture segmentation. First, it categorizes every pixel at the pixel level, decides whether or not each pixel is a text target, receives the probability map of the text region, and then, through post-processing, produces the bounding curve of the text segmentation region.
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FIG. 14 Schematic diagram of text segmentation algorithm
This type of approach often relies on segmentation to perform text detection, and segmentation naturally has an advantage for text identification of irregular shapes. The primary concept behind the segmentation-based text recognition approach is to first isolate the text region of the picture using segmentation, and then, using OpenCV and Polygon in post-processing, to determine the text region's minimal bounding curve.
The segmentation approach is used by Pixellink[67] to address the issue of text detection. The text area serves as the segmentation object, and to segment the text, pixels from the same text line (word) are connected together. Without position regression, the impact of text identification based on regression may be accomplished since the text bounding box is simply taken from the segmentation result. The segmentation-based approach, however, has a drawback. Text segmentation areas are vulnerable to the "adhesion" issue for texts with comparable positions. To effectively identify text sections, Wu, Yue et al. [68] suggested that the border location of text should be learnt concurrently with text segmentation. Furthermore, Tian et al[69] .'s proposal suggested mapping the pixels of a single text to the mapping space, where the mapping vectors of the unified text have comparable distances while the mapping vectors of distinct texts have greater distances.
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FIG. 15 PixelLink frame diagram
MSR [80] for text detection of multiscale problems proposes to extract the properties of the multiple scale is the same, followed by feature fusion and the sample to the original size, network finally forecast central region, text, the text area of each point to the nearest boundary point coordinates x and y coordinates displacement, finally can get the outline of the text area coordinate set.[image: A picture containing application
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FIG. 16 MSR frame diagram
Based on text segmentation algorithms that are difficult to distinguish between, adjacent PSENet [70] proposed a gradual expansion of the scale of the network learning text segmentation region, to predict different shrinkage ratios of the text area, and expands the detected by text area. This method is essentially a boundary the variations of the learning method, and it can successfully solve the arbitrary shape adjacent text detection problem.[image: Graphical user interface, application
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FIG. 17 PSENet frame diagram
As demonstrated in Figures S1, S2, and S3, let's assume that three kernels with various scales are utilized for post-processing using PSENet. First, the connected domain of the text segmentation region is determined and (B) is derived beginning with the minimal kernel S1. The pixels in the extended region that belong to S2 but not S1 are then categorised after the linked domain has been scaled up, down, and left and right. The notion of "first come, first served" is used to repeat the scale expansion process when conflict spots are found. Finally, it is possible to acquire distinct segmentation zones for various text lines.
Seglink++[77] developed a minimum spanning tree algorithm to combine the text block units in order to create the final text detection box, with the goal of addressing the issues of curved text and dense text. Seglink++[77] also proposed a representation of the attractive and repulsive relations between text block units. It is suggested to use the instance-aware loss function to enable end-to-end Seglink++ training.
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FIG. 18 block diagram of Seglink++
Although the curved text identification issue is resolved by the segmentation approach, the sophisticated post-processing logic and prediction speed are other objectives that need to be enhanced.
PAN[71] increased the algorithm's performance from the viewpoints of network architecture and post-processing in order to address the issue of sluggish text identification and prediction speed. First, PAN employs ResNet18, a lightweight backbone. In order to improve the features extracted by Backbone, it also creates the lightweight feature enhancement module FPEM and the feature fusion module FFM. In the post-processing phase, the pixel clustering approach is utilized to combine pixels in the estimated text center that are closer to the kernel than the threshold value (d) (kernel). High accuracy and quick prediction speeds are guaranteed by PAN.
[image: Diagram

Description automatically generated]
Figure 19 PAN frame diagram
To address the issue that thresholding based on segmentation needs to be employed for binarization, which results in time-consuming post-processing, DBNet[72] suggests a learnable threshold and smartly develops a binarization function resembling a step function. In this method, during training, the segmentation network may learn the threshold of end-to-end text segmentation. Automatic threshold modification enhances text identification performance while simultaneously increasing accuracy and streamlining post-processing.
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FIG. 20 DB frame diagram
With the help of the Fourier transform's parameters, FCENet [76] encircled the text and projected a curve around it. The Fourier coefficient, according to this study, can theoretically fit any closed curve. With the right model prediction setup based on the Fourier transform text boxes, any shape can be realized to accurately capture natural scenes, such as highly curved text.
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FIG. 21 FCENet frame diagram
[bookmark: _Toc113465167][bookmark: _Toc113477311]3.2 Text recognition algorithm classification
Character recognition, character segmentation, and picture preprocessing are the three phases that make up classic text recognition algorithms. A specific scenario must be modeled, and when the scenario changes, the model is no longer viable. The deep learning-based approach performs better when dealing with complicated text backgrounds and scene changes.
The following unified framework may be used to describe the majority of existing recognition algorithms, and it divides the algorithm development process into four stages:[image: Diagram, logo, company name
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[bookmark: _Toc113465168][bookmark: _Toc113477312]3.2.1 Rule text recognition
Conectionist Temporal Classification (CTC) and Sequence2Sequence are the foundations of the two basic text recognition algorithms. The decoding phase is when the difference mostly exists.
The encoded sequences are connected to the CTC for decoding using the CTC-based method. Connecting the sequence to the Recurrent Neural Network (RNN) module for cyclic decoding is the Sequence2Sequence-based technique. Both strategies are widely used and have been shown to be successful.
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CTC-based approach on the left, Sequece2Sequence-based method on the right.
(1) CTC-based algorithms
The feature extraction portion of the most prevalent CTCS-based technique, the CRNN (Convolutional Recurrent Neural Network)[81], employs the widely used Convolutional structure, including ResNet, MobileNet, VGG, etc. The input data contains a significant quantity of background information since text recognition is a unique task. Convolutional neural networks are more attentive to local input because of their convolution kernel characteristic, which prevents them from simulating long-term reliance. As a result, mining the context connections between texts using solely convolutional neural networks is challenging. The CRNN text recognition method includes bidirectional LSTM (Long Short-Term Memory) to improve the context modeling in order to address this issue. The experiment demonstrates that the bidirectional LSTM module can successfully extract the picture's context information. The output feature sequence is then sent into the CTC module, where it is immediately decoded. The suggested structure has been examined and is frequently employed in text recognition tasks. FaceBook has put out Rosetta[82], a recognition network that combines CTC with a complete convolutional model. In order to substitute LSTM with fewer parameters and equivalent performance improved accuracy, Gao Y[83] et al. employed CNN convolution.
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CRNN architecture
(2) Sequence2Sequence algorithm
The Sequence2Sequence method encrypts each input sequence into a single semantic vector, which is subsequently decrypted by the Decoder. The output of one moment is continually utilized as the input of the next moment in the Decoder decoding process, and the loop decoding is continued until the output stop character. An RNN serves as the default encoder. The encoder generates a vector and a hidden state for each input word, using the hidden state for the subsequent input word to produce the semantic vector. The decoder, which is another RNN, uses the encoder's output vector to produce a transformation by outputting a string of words. Shi[84] put out a framework for text recognition using attention-based encoding and decoding that was inspired by Sequence2Sequence in the field of translation. In this method, character-level language models buried in strings may be discovered by RNNS using training data.
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Sequence2Sequence organization
The aforementioned two algorithms have good results on normal text, however due to the restriction of network architecture, both approaches are difficult to fulfill the problem of irregular text recognition of curved and rotated. Some algorithm researchers proposed a number of enhanced algorithms based on the aforementioned two types of algorithms to address this type of problem.

[bookmark: _Toc113465169][bookmark: _Toc113477313]3.2.2 Irregular text recognition
There are four types of irregular text recognition algorithms: correction-based techniques, attention-based methods, segmentation-based methods, and transformer-based approaches.
(1) Correction based method
The correction-based approach use visual transformation modules to change irregular text into regular text to the greatest extent feasible before employing traditional methods for recognition.

The whole network was split into two major parts: a Spatial Transformer Network (STN) and a recognition Network based on Sequence2Sequence. RARE[84] was the first to offer a repair technique for irregular text. When the erratic text image reaches the STN, TPS converts it into a horizontal picture (Thin-plate-spline). To a certain extent, the transformation can rectify the text that has been bent and sent, and the restored text is then delivered to the sequence recognition network for decoding.
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The efficiency of the correction module is demonstrated by the fact that the suggested technique outperforms CRNN by more than 5 percentage points on irregular text datasets, particularly the CUTE80 and SVTP datasets. Based on this [6], the text recognition system additionally incorporates attention-based sequence recognition network (ABSRN) and spatial transformation network (STN).
Methods based on correction offer high mobility. In addition to attention-based techniques like RARE, Star-Net [85] also uses CTC-based algorithms, which have a significant improvement above conventional CRNN.
(2) Method based on Attention
The connection between the components of a sequence is the major emphasis of the attention-based technique. This approach was initially put out in the context of machine translation since it is thought that a small number of words have a significant impact on the outcomes of text translation, making it necessary to give those words more weight. In the area of text recognition, the same is true. The right context is chosen at each stage of the decoding process to produce the subsequent state, which helps to produce more accurate findings.
The first time Attention was used in text recognition was by R2AM [87]. In this model, character level language statistics implicitly learnt were utilized to decode the output characters using the recursive neural network after the input picture was first extracted with the recursive convolutional layer to extract the encoded image characteristics. In order to realize soft feature selection and make better use of picture characteristics, the Attention mechanism is added throughout the decoding process. This type of selective processing is more in accordance with intuitive human behavior.
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R^2AM structure
The subject of attention was subsequently studied, and several algorithms were upgraded. For instance, RARE stated in the correction module was also based on the technique of Attention, and SAR[88] enlarged 1D Attention to 2D Attention. According to experimental findings, the attention-based strategy improves accuracy more effectively than the CTC method.
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(3) Segmentation based methods
The segmentation-based approach involves treating each text character on a line as a separate entity. It is simpler to recognize a segmented single character than it is to recognize the entire text line after rectification. It attempts to determine where each character is located in the input text picture and utilizes the character classifier to acquire these recognition results. This method simplifies the challenging global problem in order to address the local issue, and it works well in the case of an irregular text scene. However, this approach needs character-level annotation, and data might be hard to come by. In their instance segmentation model for word recognition, Lyu[89] et al. applied the FCN(Fully Convolutional Network)-based technique for the recognition portion of the model. [90] A character attentiveness FCN is created to address the issue of text recognition by looking at it from a two-dimensional perspective. This approach produces superior localization results for both regular and irregular text when the text is curved or significantly deformed.
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Schematic for Mask TextSpotter
(4) Method based on Transformer
Transformer's quick development has allowed categorization and detection fields to confirm its efficacy in visual tasks. As was noted in the rule text recognition section, CNNS have issues with extended dependency modeling. The Transformer structure fixes this by replacing the additional context modeling module in the feature extractor with an emphasis on global information (LSTM).
To extract sequence information, several text recognition algorithms use Transformer convolution and encoder structure. A block called an encoder is made up of many Positionwise Feedforward Layers and multiHeadAttentionLayers. Self-attention in MultiHeadAttention simulates the timing computation of RNN via matrix multiplication, breaking the barrier of lengthy timing dependency in RNN. Some algorithms additionally employ the Transformer's Decoder module to decode, which has superior parallel processing performance and can acquire stronger semantic information than typical RNN.
To improve the 2D visual aspects, the Transformer's Encoder module is connected to ResNet50 using the SRN[91] method. A parallel attention module that outputs the aligned visual characteristics of all time steps simultaneously is provided. This module employs the read order as a query to make the computation independent of time. Additionally, SRN leverages the Transformer's Eecoder as a semantic module to combine visual and semantic data from images, which has significant advantages for texts with occlusion, blur, and other irregularities.
NRTR[92] evaluates the efficacy of the Transformer structure in text recognition by using the whole Transformer structure to encode and decode the input pictures and only a few basic convolutional layers for high-level feature extraction.
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NRTR structure
SRACN[93] replaces LSTM with a Transformer decoder, demonstrating once more the efficiency and accuracy benefits of parallel training.


[bookmark: _Toc113465170][bookmark: _Toc113477314]4 Design and Implementation
After comparing various algorithms and combining the usage scenarios of text detection and recognition, I choose to build the text detection method with three algorithms and the text recognition method with three algorithms. As an illustration, I'll create a detection and recognition model using DB+CRNN.
[bookmark: _Toc113465171][bookmark: _Toc113477315]4.1Detection
[bookmark: _Toc113465172][bookmark: _Toc113477316]4.1.1 Principle of DB text detection algorithm
DB is a segmentation-based text detection technique. The text detection module (DB Module) that employs dynamic threshold to separate the text region from the background is proposed to use a differentiable threshold.
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Figure 1 Difference between DB model and other methods
The blue arrow in the aforementioned graphic depicts the segmentation-based common text detection method in action. This approach uses a predetermined threshold value to produce the binarized segmentation graph once segmentation results are obtained, and then a heuristic procedure such pixel clustering to retrieve the text region.
The red arrow in the illustration depicts the direction of the DB algorithm. The greatest distinction is that DB uses a threshold graph instead of a set value to forecast the threshold value at each place of the image. This allows for a better separation of the text's background and foreground.
The benefits of the DB algorithm are as follows:
1. The algorithm's structure is straightforward, and no time-consuming post-processing is needed.
2. Strong performance and accuracy using open source data
The Standard Binarize technique is used to process the probability map in the conventional image segmentation algorithm once it has been acquired. Pixels are set to 0, and 1, respectively, for those below and over the threshold. The equation reads as follows:

The network cannot be trained end-to-end using the conventional binarization approach since it is not differentiable. The DB method suggests Differentiable Binarization as a solution to this issue (DB). Standard binarization utilizes the following formula, however differentiable binarization uses an approximation of the step function:

Where K is the gain factor, which is set at 50 based on experiment experience, and P is the probability graph produced above, T is the threshold graph obtained above, and Figure 3 (a) below compares differentiable binarization to ordinary binarization.
The loss of positive and negative samples when using cross-entropy loss is  and :


By taking the partial derivative of input x, we can obtain:


It is discovered that the enhancement factor amplifies the incorrect gradient, improving the model's performance. Positive samples are anticipated to be negative samples when x is smaller than 0. It is obvious that the gradient is amplified by the gain factor k. When x is larger than 0 and the negative sample is expected to be positive, the gradient is likewise accentuated.
The diagram below depicts the general architecture of the DB algorithm:
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Fig.2 Schematic diagram of DB model network structure
Network Backbone and FPN extract the features from the input images, and the extracted features are then cascaded together to produce the quarter-size features of the original image. Then, using a convolutional layer, the threshold map and text region prediction probability map are created, and the text bounding curve is obtained using DB post-processing.
[bookmark: _Toc113465173][bookmark: _Toc113477317]4.1.2 Construction of DB text detection mode
Three sections make up the DB text detection model:
• Backbone network collects features from images.
• To improve features, the FPN network uses a feature pyramid structure.
• Text area probability map with head network
In this part, PaddlePaddle is utilized to implement the three network modules mentioned previously and finish network development.
(1) Backbone network
The image classification network is used as the text detection network's backbone. This study makes use of ResNet50. In this experiment, the MobileNetV3 Large structure is employed as the backbone to expedite training.
We can choose the Backbone model from PaddleClas or ResNet in the PaddleOCR code if you want to utilize ResNet for Backbone training.
The following code demonstrates how to extract multi-scale characteristics from photos using the DB's backbone. The output of the backbone network comprises four features, each with a shape of [1, 16, 160, 160], [1, 24, 80, 80], or [640, 640] depending on the assumption that the input shape is [640, 640]. [1, 56, 40, 40], [1, 480, 20, 20]. These features will be sent into the FPN network's feature pyramid to be further improved.
(2) FPN network
Features of the pyramid Convolutional networks frequently use FPN to effectively extract the characteristics of each dimension in an image.
Backbone is the output from the FPN network's input. The output feature map is one-fourth the size of the original image in both height and breadth. Assume that the input image's form is [1, 3, 640, 640] and that the FPN output feature's height and breadth are [160, 160].
(3) Head network
Make the text region binary map, text region threshold map, and text region probability map calculations.
The FPN features will be upsampled and mapped from the quarter-scale of the original picture to the original image size using the DB Head network.
[bookmark: _Toc113465174][bookmark: _Toc113477318]4.2 Recognition
Below is a diagram of the convolutional, recursive, and transcription layers that make up the CRNN's network structure:
[bookmark: _Toc113465175][bookmark: _Toc113477319]4.2.1 backbone：
Convolutional network is used to extract feature sequences from input images as the underlying backbone network. Translation invariance is shared by the CONV, max-pooling, Elementwise, and activation functions since they all operate on local areas. As a result, each column on the feature map represents a rectangle area of the original picture (referred to as the receptive field), and these rectangular areas are arranged from left to right in the same order as the columns to which they correspond. The CNN is not appropriate for sequence objects with a wide range in length as it must scale the input picture to a fixed size to fit its fixed input dimension. The RNN layer receives the feature vectors generated by the final layer of the Backbone and transforms them into sequence features in order to better accommodate variable length sequences.
[bookmark: _Toc113465176][bookmark: _Toc113477320]4.2.2 neck:
The convolutional network-based recursive network is built at the recursion layer to transform image features into sequence features and forecast the label distribution of each frame. RNN excels at extracting sequence context information. Process each pixel independently instead of using context clues for image-based sequence identification. In the case of scene text recognition, broad characters may take multiple successive frames to accurately depict. Additionally, by examining their context, certain confusing characters are simpler to discern. In order to train the network consistently, RNN can backpropagate the error difference to the convolutional layer. Thirdly, the problem of text images growing longer is resolved by RNN, which can work on sequences of any length. To address the issue of gradient disappearance and gradient explosion during lengthy sequence training, CRNN employs a double layer LSTM as a recursive layer.
[bookmark: _Toc113465177][bookmark: _Toc113477321]4.2.3 head:
The transcriptional layer transforms each frame's predictions into the final tag sequence using the fully connected network and Softmax activation function. The combined training of CNN and RNN is then finished without sequence alignment using CTC Loss. To integrate sequences, CTC uses a unique technique. To obtain prediction results, the LSTM must categorize the output sequences into time series. The same results must be combined since different time steps could relate to the same category. CTC provides a blank character that is put between duplicate characters to prevent merging of those characters.


[bookmark: _Toc113465178][bookmark: _Toc113477322]5 Results and Discussion
(1) demo
[image: Text, letter
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detection demo
All text regions have been recognized and are clearly indicated with blue box lines, as can be seen. The box lines don't have a lot of non-text sections or a wide range of overlapping coverage. The recognition model will then get the detection results.
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recognition demo
We can clearly see that the text in each text box in Figure 6.1 has been recognized in a ‘sentence’ as a line, and the decimal following it denotes the confidence in the recognition outcome.


[bookmark: _Hlk113459195](2) compare different kinds of model in the same dataset
I choose MobileNetV3 as backbone and test the performance on part of ICDAR2015.
Table 6.1 detection performance
	model
	precision
	recall
	Hmean

	EAST
	74.2%
	76.1%
	75.14%

	DB
	73.29%
	70.08%
	71.65%

	PSE
	78.20%
	67.48%
	72.45%


The PSE model is the most accurate of the three. The EAST model suggests a straightforward and very effective pipeline structure that can allow end-to-end training, however it can only recognize text on a straight line, which is bad for curved text. DB offers inherent benefits for texts with irregular forms because it is a segmentation-based approach, however the detection outcomes are post-processing-dependent. Better post-processing can enhance the DB algorithm's detection performance. The PSE model has the greatest detection efficiency of the three, but because of its intricate post-processing logic, it can predict outcomes considerably faster than the other two models.
Table 6.2 recognition performance
	model
	accuracy

	CRNN
	74.45%

	StarNet
	75.58%

	RARE
	77.86%


CRNN algorithm introduce LSTM to enhance the context modeling which solves the problem that the convolution kernel of convolutional neural network pays more attention to local information to some extent, but it only has a good recognition effect on the rule text. The RARE model introduces the STN correction module, which can transform irregular text into regular text as far as possible, and has a better performance on the data of irregular text. The performance of StarNet is based on the two, and the correction module is transplanted to the CTC-based algorithm, which can solve the problem of text bending to a certain extent.

(3) Subjective comparison
a)detection
EAST
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DB
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PSE
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(b) recognition
	example
	outcome
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[bookmark: _Toc113465179][bookmark: _Toc113477323]6 Conclusions and Recommendations
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Figure 2: Traditional pipeline (blue flow) and our pipeline
(red flow). Dashed arrows are the inference only operators;
solid arrows indicate differentiable operators in both training
and inference.
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